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Abstract

This paper shows that self-employment shapes labor market power in low-income countries, with
implications for industrial development. Using Peruvian data, we show that wage-setting power
increases with concentration, but less so where self-employment is more prevalent. We build a
general equilibrium model of oligopsony with worker sorting between wage work and self-
employment. Concentration depresses wages, but self-employment increases workers’ sensitivity
to wage changes, curbing labor market power. Policies to create salaried jobs make self-
employment less attractive, reducing labor supply elasticity and increasing markdowns.
Counterfactual analyses show that eliminating labor market power can boost industrial policy
effectiveness by up to 60%.
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1 Introduction

Millions of people in low- and middle-income countries rely on subsistence labor for their
livelihoods. Still, the role of informal self-employment in economic development remains a
contentious issue. The traditional view is that economic development comes from modern
industrial firms and that informal self-employment will eventually disappear as the industrial
sector expands (Lewis, 1954; Harris and Todaro, 1970; Rauch, 1991). As a result, the creation
of manufacturing salaried jobs has been a cornerstone of industrial development policy (UN
General Assembly, 2015). Despite these efforts, self-employment remains high in emerging
countries (La Porta and Shleifer, 2014; Gollin, 2008; Poschke, 2022) and employment at larger
firms stagnates (Hsieh and Olken, 2014; Diao et al., 2021; McMillan and Zeufack, 2022), even
as GDP per capita increases. Understanding why self-employment persists and why manu-
facturing firms cannot absorb more workers is crucial in determining the future development
trajectory of these countries and the scope for policy intervention.

Labor market structure is a potentially important but often overlooked factor influencing
these outcomes. Multiple barriers to firm growth, such as high entry costs, a shortage of skilled
labor, and inadequate infrastructure, result in the concentration of employment among a few
firms (Djankov et al., 2002; Hsieh and Klenow, 2010; Rud and Trapeznikova, 2021; Hjort,
Malmberg and Schoellman, 2022). These firms may internalize their impact on local labor
market conditions, reducing job opportunities and wages to increase profits. However, self-
employment represents a valuable outside option for workers. Within a local labor market,
workers can easily switch between self-employment and wage work (Donovan, Lu and Schoell-
man, 2023), and they can opt for self-employment when posted wages are too low (Blattman
and Dercon, 2018; Breza, Kaur and Shamdasani, 2021).

This paper argues that understanding the interplay between labor market power and self-
employment is crucial to explain the persistently high rates of self-employment in emerging
economies and why development policies aimed at boosting industrial wage employment often
fall short of their objectives.1 To support these arguments, we present new evidence from Peru,
an original theoretical framework, and counterfactual policy experiments. The case of Peru is
meaningful because its economy, with its high concentration and self-employment rates and
extensive worker mobility, is representative of many other low- and middle-income countries.

We begin by showing that labor market power is substantial in Peru. Its extent varies across
local labor markets depending on employer concentration and self-employment opportunities,
with the latter acting as a constraint on employers’ wage-setting power.2 We measure labor
market power as the inverse elasticity of the labor supply curve faced by individual firms, a
direct measure of their ability to set wages (Manning, 2003). For estimation, we use an in-
strumental variable strategy that constructs firm-level labor demand shifters from the staggered

1See McKenzie (2017) and Bandiera et al. (2022) for a review. See also OECD (2006); World Bank (2012).
2We define a local labor market as the combination of a 2-digit industry and a commuting zone, similar to

Berger, Herkenhoff and Mongey (2022). See Section 2 for further details and motivation for this definition.
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implementation of a rural electrification program across provinces and its differential impact
on firms with high vs. low ex-ante constraints in accessing electricity.

We find that the average firm-level inverse labor supply elasticity across local labor markets
is positive and significant, indicating substantial wage-setting power. The implied average wage
markdown is 1.43, meaning that manufacturing workers receive about 70 cents as a wage for
every additional dollar they produce. The markdown widens with market concentration, sug-
gesting oligopsony power among employers (Berger, Herkenhoff and Mongey, 2022). How-
ever, this positive relationship weakens in markets where self-employment is more prevalent.
We find the widest markdowns in markets with high concentration and low self-employment
rates, where workers receive only 57 cents for the marginal dollar they produce. Conversely,
the labor supply is relatively more elastic in markets with a large self-employment sector.3

Motivated by the empirical evidence, we build a general equilibrium model where Peru is
treated as a collection of segmented local labor markets. Within each labor market, workers can
work for a firm or be self-employed. The model’s first key feature is oligopsony. There exists an
endogenous finite number of heterogeneous firms in each local labor market, which internalize
their impact on market-level wages and make strategic decisions accordingly. The model’s
second key feature is Roy’s (1951) structure of self-selection of heterogeneous workers across
wage work and self-employment based on comparative advantage and unit wages. Within-
market worker heterogeneity is defined in terms of sector-specific skills or efficiency labor
units; it is governed by a joint ability distribution, which we allow to be labor market-specific.

The theory sheds light on the structural determinants of labor market power. In equilib-
rium, the (payroll-weighted) average markdown in a local labor market is an exact function of
two endogenous variables. The first one is the payroll Herfindahl-Hirschman Index (HHI), a
standard measure of employer concentration. Concentration positively affects the markdown
and captures the demand-side determinants of labor market power, specifically the employers’
oligopsony power (Berger, Herkenhoff and Mongey, 2022; Felix, 2022). The second variable
is the aggregate supply elasticity of wage work, which has a negative effect. This term reflects
supply-side forces, notably how wage changes affect the sorting of workers across wage work
and self-employment. As the relative unit wage falls, more workers choose self-employment.
Falling wages make it easier to push workers out of wage employment, resulting in an increase
in the overall supply elasticity of wage work and a decline in the average markdown.4 Similar
forces can also increase labor market power when wage employment becomes more attractive,
for instance as a result of policy interventions.

Our framework captures the dual role played by self-employment in the presence of labor
market power. It can shield workers from the wage-setting power of firms by providing a liveli-
hood when wage opportunities are scarce. However, it can also increase labor market power

3In Brazil, Felix (2022) also found that firms in local labor markets where self-employment is more prevalent
face more elastic labor supply curves.

4In Appendix B, we discuss conditions on the workers’ ability distribution for the supply elasticity of wage
employment to always decrease as relative unit earnings increase.
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when wage employment becomes more attractive, making it difficult for industrial policies to
boost wage employment and wages and potentially hindering the growth prospect of countries.
Through counterfactual analysis, we show that the variable elasticity channel is quantitatively
essential to understand the limited impact of industrial policies in emerging economies.

We use the model to decompose the response of sectoral average earnings to economic
shocks. The average wage response reflects two components: a direct effect of the shock on the
efficiency unit wage and a compositional effect on the average worker ability. The change in
the unit wage can be further decomposed into the change in workers’ marginal revenue product
(MRPL) and the change in markdown. In turn, the first effect is the sum of a misallocation

channel and a general equilibrium channel. Misallocation arises because the larger and more
productive firms have wider markdowns. A shock that reduces the average markdown reallo-
cates market shares towards the most productive firms, increasing market-level MRPL and unit
wages. Moreover, markdowns and misallocation induce aggregate output losses that negatively
affect all economic outcomes through general equilibrium forces.5

We refer to the compositional effect on workers’ ability as the selection channel. This effect
reflects the difference in efficiency between sector-switchers and sector-stayers. The strength
and direction of this channel depends on the schedules of workers’ comparative and absolute
advantage in the two sectors and their correlation (Adão, 2015; Alvarez-Cuadrado, Amodio and
Poschke, 2020). We estimate that the workers’ abilities in the two sectors are positively cor-
related and slightly more dispersed in the self-employment sector. For estimation, we impose
that ability endowments are jointly log-normally distributed, allowing us to estimate the rele-
vant ability parameters from cross-sectional data on earnings and employment shares (Heck-
man and Sedlacek, 1985; Heckman and Honoré, 1990). Our results imply a weak negative
correlation between absolute and comparative advantage in wage work, resulting in positive
selection in self-employment and weak negative selection in wage work. As a consequence,
when the size of the wage employment sector decreases (increases), average labor productivity
decreases (increases) in both sectors, reducing (increasing) average wages.

Given the ability distribution parameters, we rely on a Method of Simulated Moments
(MSM) strategy to estimate the remaining model’s parameters. We discipline the model by
matching moments derived from our stylized facts on cross-sectional dispersion of concen-
tration and self-employment. We test the model by showing that it quantitatively replicates
the reduced-form patterns of labor market power across local labor markets, which were not
targeted for estimation.

Armed with the estimated model, we perform two counterfactual experiments. First, we
evaluate the effect of labor market power on labor market outcomes in Peru by comparing our
baseline economy with one where employers act as wage-takers. Our estimates imply that elim-
inating labor market power would raise the average share of wage employment across markets

5In the self-employment sector, the markdown is always constant and equal to one, while the MRPL is only
affected by general equilibrium forces.

3



by over ten percentage points, from 60% to 71%. Furthermore, average earnings would in-
crease by 31% in the wage employment sector and 27% in the self-employment sector. These
effects occur through selection, markdown, misallocation, and general equilibrium channels.
Worker self-selection stands out as a crucial margin through which labor market power de-
creases worker earnings in the self-employment sector.

The second objective is to investigate the role of labor market power in limiting the impact
of industrial development policies. We examine three categories of policies aimed at promoting
manufacturing wage employment: (i) enhancing firm productivity through market integration
or infrastructure improvement policies (Volpe Martincus, Carballo and Cusolito, 2017; McCaig
and Pavcnik, 2018; Fiorini, Sanfilippo and Sundaram, 2021); (ii) reducing fixed entry costs for
employers by simplifying business registration regulations (Kaplan, Piedra and Seira, 2011;
Bruhn, 2011) or alleviating financial constraints for firms (Buera, Kaboski and Shin, 2011);
(iii) improving workers’ skills through off and on-the-job training programs (McKenzie, 2017;
Alfonsi et al., 2020). We estimate the impact of these policies on labor market outcomes in
both our baseline economy and in the counterfactual scenario where firms are wage-takers, and
identify the effect of labor market power using a difference-in-differences approach. To inform
the size of the policy shocks, we analyze actual policies implemented in Peru and Mexico and
their reduced-form estimated effects.

Our findings indicate that industrial policies can boost labor income only when they substan-
tially decrease wage markdowns, which is rare. In most cases, a policy-induced expansion of
the wage employment sector reduces the wage work supply elasticity. This may increase labor
market power, even if concentration decreases. Through the variable elasticity channel, labor
market power significantly reduces the impact of policies. Our estimates show that policies
aimed at raising firm productivity or improving worker skills could increase labor income by
64% and 40% more without labor market power, respectively.

Related Literature This paper contributes to several strands of the literature. Firstly, we
contribute to the literature on informal self-employment in low-income countries. The tradi-
tional “dual” view suggests that medium and large formal firms and informal micro-enterprises
are fundamentally different and operate in entirely different economic spheres.6 This view has
been challenged by Maloney (1999), Ulyssea (2018), and Donovan, Lu and Schoellman (2023),
among others, who demonstrate that formal and informal firms coexist in the same local labor
markets, characterized by frequent worker transitions between the two sectors. Our analysis
belongs to this second view in that it emphasizes the importance of worker sorting across the
two sectors for understanding labor market outcomes in emerging countries in the presence of
labor market power, as well as the high persistence of self-employment in these contexts, even
as GDP per capita increases.

6Early contributors to this literature include Lewis (1954), Harris and Todaro (1970), and Rauch (1991). See
also La Porta and Shleifer (2014) for a review article.
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Second, our paper contributes to the growing literature on labor market power. Recent ev-
idence shows that U.S. employers enjoy some degree of market power in the labor market
(Azar, Berry and Marinescu, 2022; Berger, Herkenhoff and Mongey, 2022). Several studies
use employer concentration as a proxy for labor market power showing that it correlates neg-
atively with wages (Azar, Marinescu and Steinbaum, 2022; Benmelech, Bergman and Kim,
2022). Yet, using matched employer-employee data from Oregon, Bassier, Dube and Naidu
(2022) find no evidence that labor supply elasticities decrease with concentration. Similarly, in
U.S. manufacturing data, Yeh, Macaluso and Hershbein (2022) find that aggregate wage mark-
downs and employer concentration moved along different trends over the last two decades. We
introduce an original micro-foundation for the firm-level labor supply curve based on the self-
selection of heterogeneous workers between wage work and self-employment.7 We therefore
consider both demand- and supply-side determinants of labor market power to show that, with
sorting, employer concentration can have a non-linear relationship with labor market power,
providing a rationale for the mixed findings in the literature.

The literature on labor market power in lower-income countries is more limited. Amodio
and De Roux (2022) use plant and customs data from Colombia to estimate firms’ wage-setting
power, concluding that workers produce 40% more than their wage level. Felix (2022) studies
the impact of trade liberalization on concentration and wages in Brazil, estimating high levels
of labor market power before the 1990s liberalization, but minor labor market power effects
of trade.8 Méndez-Chacón and Van Patten (2022) document the critical role of labor mobility
and workers’ outside option on determining the degree of monopsony power of private compa-
nies and their investment in local amenities in Costa Rica. Still in Costa Rica, Alfaro-Ureña,
Manelici and Vasquez (2021) find minor wage effects following multinational companies’ ex-
pansion, indicating low labor market power.9 We add to this literature by presenting new
evidence on the interplay between labor market power, concentration, and self-employment
rates. We propose and estimate a novel general equilibrium model to demonstrate that self-
employment acts as a check on employers’ market power while, at the same time, undermining
development policies in low-income countries.

Finally, our work speaks to the extensive literature on informality in low-income countries
(Ulyssea, 2020). Both Dix-Carneiro and Kovak (2019) and Ponczek and Ulyssea (2021) argue
that informality acts as an “unemployment buffer” by reducing trade-induced adjustment costs
in the labor market. Yet, Dix-Carneiro et al. (2021) show that unemployment buffer does not

7Kahn and Tracy (2019) study how local monopsony power affects the cross-sectional spatial distribution of
wages and rents across cities incorporating as an extension worker sorting across sectors à la Roy.

8See also Pham (2019) and MacKenzie (2019) on the interactions between trade and labor market distortions
in China and India, respectively.

9Outside Latin America, Brooks et al. (2021b,a) combine theory and data to show evidence of labor market
power in China and India. Muralidharan, Niehaus and Sukhtankar (2017) show through experimental evidence
that the labor market effects of public employment programs in rural India are consistent with monopsony power
in private-sector employment. In South Africa, Bassier (2023) uses a variety of worker separation designs to
estimate firm-level labor supply elasticities and finds high levels of monopsony.
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necessarily imply “welfare buffer” meaning that, in the event of a negative economic shock,
welfare declines by less when informality rates are modest.10 Our analysis adopts the notion of
informal self-employment as a potential outside option for workers, and shows it has a similar
dual role in the presence of labor market power: it shields workers against the wage-setting
power of employers when wages are too low, but also makes it more difficult for policies that
seek to boost wage employment and wages to succeed.

The remainder of the paper is organized as follows. Section 2 introduces the data sources and
definitions. Section 3 presents the empirical facts. The model and its properties are presented
in Section 4, while Section 5 discusses the model estimation procedure and results. Section 6
presents the counterfactual policy analyses. Section 7 concludes.

2 Data and Definitions

The empirical analysis draws from two main datasets with information on firms and workers.
The first data source is the Peruvian Annual Economic Survey (Encuesta Económica Anual,
EEA), a national firm-level survey administered yearly by the national statistical agency (Insti-

tuto Nacional de Estadística e Informática, INEI) to characterize the structural composition of
the economy at the national and sub-national level.

The dataset includes standard balance sheet information, such as revenues, labor and ma-
terial expenditures, and plant location. The survey questionnaire is filed electronically and
required for all firms with net sales above a given known threshold. As a result, the EEA pro-
vides information on the universe of medium and large firms. To ensure consistency across
years, we focus on all firms surveyed from 2004 to 2011 operating in the manufacturing indus-
try and reporting net sales per year above 2 million Peruvian Soles (PEN) – equal to around
700K USD in 2010. Our final dataset counts 2,473 firms and 8,138 firms × year observations.
As explained below, we validate our EEA sample by comparing it with the 2007 Peruvian Eco-
nomic Census of all establishments in the manufacturing sector. We derive summary statistics
at the local labor market level and find them remarkably close in the two cases.

The second data source is the Peruvian National Household Survey (Encuesta Nacional de

Hogares, ENAHO), which is carried out by the INEI every year to measure households’ living
conditions and the impact of social programs. The survey covers urban and rural areas across
the 24 Peruvian departments and the constitutional province of Callao; it is representative at
the national and regional levels. The data provide information on all household members’
demographics, education, and other individual characteristics. Respondents aged 14 or older
fill out a specific module that includes questions on employment status, pay, occupation, and
industry of employment. To be consistent with the firm-level data, we focus on 2004 to 2011

10However, Meghir, Narita and Robin (2015) show that, with search frictions and firms posting wages in both
the formal and informal sector, increasing enforcement against informality does not increase unemployment and
increases wages and welfare.
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and restrict the sample to working-age individuals aged 25 to 65 who have completed their
education and are not yet retired. ENAHO has several panel versions available where the same
subset of households is interviewed every year for five consecutive years. We use the 2007-
2011 panel to document workers’ transitions across employment states.

The survey classifies workers as own-account workers, employers, auxiliary family work-
ers, or employees. We label the first two categories as self-employed and the latter as wage

workers. We exclude auxiliary family workers from our classification as they do not report
monetary compensation. The information contained in ENAHO also allows identifying infor-
mal workers. A worker is labeled as informal if s/he (i) is a paid worker but reports not having
health insurance,11 or (ii) is self-employed, but s/he is not registered or follows the procedures
demanded by the national tax authority and has five or fewer employees.

We define a local labor market as a 2-digit industry within a geographical area.12 Our focus
on industries rather than occupations is similar to Berger, Herkenhoff and Mongey (2022) and
motivated by the fact that 86% of (self-employed or wage) workers are observed in the same 2-
digit industry for two consecutive years. This probability declines at about 60% when looking
at 3-digit occupational codes. Moreover, information on the worker’s industry of employment
is available much more frequently than information on occupation in ENAHO. This increases
the size of our worker-level sample by 17%.

The geographical areas are primarily informed by Peruvian province boundaries. These are
level 2 administrative units (the homolog of counties in the US), and sub-divisions of depart-
ments. Excluding Metropolitan Lima – the province that includes the capital city of Lima – the
average province has a population of approximately 114,000. Metropolitan Lima is an outlier,
with a population of 10 million. We thus follow Piselli (2013) and define separate local labor
markets within the Lima province. The Survey of Transport, Labor, and Technology Use as-
sembled by the Peruvian Studies Institute (IEP) identifies five distinct zones in which people
do most of their activities: Lima Center, Lima North, Lima South, Lima East, and Lima West.
In total, we have information on 199 geographical units and 23 manufacturing industries.

3 Facts

We begin by documenting several facts about Peruvian manufacturing labor markets. We find
a systematic correlation across local labor markets between concentration and self-employment
prevalence and between concentration and earnings from both wage work and self-employment.
Workers frequently switch between sectors, and transitions are correlated with earnings. We
then estimate that labor market power is widespread and positively associated with employer

11Employers in Peru are required by law to provide health insurance to their employees.
12We consider 2-digit CIIU Rev. 4 code industries in the manufacturing sector. Examples of adjacent 2-digit

industry codes are 10 - Manufacture of Food Products, 11 - Manufacture of Beverages 12 - Manufacture of Tobacco
Products and 13 - Manufacture of Textile Products.
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concentration, but less so in markets with high self-employment rates.

3.1 Employer Concentration

Our baseline measure of concentration is the Herfindahl-Herschman index (HHI) for payroll.
Let wikt and nikt denote wage and employment, respectively, of firm i in local labor market k
in year t. The payroll or wage-bill HHI is defined as HHIwnkt =

∑
i∈k(s

wn
ikt)

2, where swnikt =

wiktnikt/
∑

i∈k wiktnikt is firm i’s payroll share in the local labor market. Values of the HHI
close to one indicate that a few firms account for a large share of payroll in the market.13

Across Peruvian local labor markets, employment and wages are concentrated in a few
medium and large firms.14 As reported in Panel A of Table 1, the average local labor market
counts about six firms. The unweighted and payroll-weighted average HHI for wages are 0.65
and 0.37, respectively, revealing that more concentrated markets account for a smaller share of
nationwide payroll.15 Still, the 39% of local labor markets with only one medium-to-large firm
account for around 8% of total employment and payroll.

Location is more important than industry in explaining concentration. 43% of the variation
in wage-bill HHI across markets is between locations. Variation between 2-digit industries
accounts for another 14% of the total.

3.2 Self-Employment and Flows Into and From Wage Work

In Peruvian manufacturing, like in other low- and middle-income countries, self-employment
is widespread and predominantly informal (Gollin, 2008; La Porta and Shleifer, 2014). Panel
B of Table 1 reports that wage workers account for 56% of the manufacturing workforce, while
40% are self-employed, and the remaining 4% are auxiliary family workers. Over 90% of self-
employment is informal across all industries and within manufacturing. In contrast, about half
the wage workers are informal, with numbers declining over time.16

Informality is a crucial factor determining the prevalence of self-employment as it lowers
the costs associated with starting and operating a business by reducing the need to comply

13As alternative measures of concentration, we consider (i) employment HHI, HHInkt =
∑
i∈k(snikt)

2 with
snikt = nikt/

∑
i∈k nikt, and (ii) the number of firms in the local labor market. Online Appendix Figure A.1 plots

the distributions of the three concentration measures. Figure A.2 shows the three concentration measures correlate
strongly. Our findings are robust to using these alternative measures.

14The medium and large firms in the EEA account for the vast majority of wage employment in their local labor
markets. In Online Appendix Figure A.3, we show that the concentration measures obtained using the EEA data
align closely with those obtained from the 2007 Peruvian Economic Census.

15The numbers for Peru are more significant than the corresponding ones for the United States, for which
Berger, Herkenhoff and Mongey (2022) report 0.48 and 0.17, respectively, as unweighted and payroll-weighted
average wage-bill HHI across local labor markets in 2014.

16Informal workers account for 73% of the workforce in our data. This number is close to that reported by
the INEI in 2007 (80%), which estimates that the informal sector accounts for about a fifth of aggregate GDP.
The high rate of informal self-employment is in stark contrast with the tiny unemployment numbers. In our data,
the national unemployment rate is about 3%, very close to the 3.2 to 3.6% reported by the International Labor
Organization for Peru over the same period (International Labour Organization, 2020).

8



Table 1: Summary Statistics

Mean St. Dev.

A. Manufacturing Local Labor Markets

Number of Firms 6.39 10.37
Wage-bill HHI 0.65 0.33
Wage-bill HHI (Weighted by LLM payroll share) 0.37 0.03
Employment HHI 0.63 0.35
Employment HHI (Weighted by LLM empl. share) 0.31 0.02
Percent of LLMs with 1 firm 38.78 2.27
Payroll Share of LLMs with 1 firm 7.94 1.79
Employment Share of LLMs with 1 firm 7.80 1.23

B. Manufacturing Workers

Wage Worker 0.56 0.50
Self-Employed 0.40 0.49
W-S Transition 0.08 0.27
S-W Transition 0.09 0.28

Notes. This table reports summary statistics from EEA firm-level data across Peruvian local labor markets (Panel
A) and from ENAHO worker-level data (Panel B), averaging across all years from 2004 to 2011. Local labor mar-
kets are defined as 2-digit industries within locations, corresponding to Peruvian provinces or commuting zones.
Worker-level statistics are for dummy variables indicating wage work, self-employment, and annual transitions
from the wage- to self-employment sector (W-S) and vice versa (S-W).

with tax and labor regulations. The variation in the rate of self-employment across different
industries reflects these costs. In labor-intensive industries, the initial investment required for
physical capital is low, credit constraints are less severe, and the scope for informality is larger.
As a result, self-employment rates are higher in these industries, which account for most of
the Peruvian manufacturing GDP. For instance, clothing and furniture manufacturing have self-
employment rates that exceeds 50%. On the contrary, self-employment is comparatively lower
in more capital-intensive sectors such as pharmaceuticals or metals and essentially absent in oil
and petroleum manufacturing.

A crucial aspect of the Peruvian labor market is the ease of moving from wage work to
self-employment and vice versa. Panel B of Table 1 shows that around 8% of self-employed
manufacturing workers in a given year become wage workers the following year. Similarly,
9% of all manufacturing wage workers in a given year transition to self-employment in the
next year. These numbers resonate with the evidence in Maloney (1999) and Donovan, Lu and
Schoellman (2023) for Mexico, Peru and other low- and middle-income countries.17

Worker transitions within a local labor market are systematically related to earnings. The
left panel of Figure 1 plots the average yearly probability of transitioning to or from wage work

17As explained above, the vast majority of worker transitions within manufacturing (86%) occur within the
same 2-digit industry. Additionally, there is limited evidence of substantial annual migration flows, indicating that
worker mobility appears confined within local labor markets.
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Figure 1: Transitions Probabilities Across the Earnings Distribution
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Notes. The figures illustrate the relationship between the likelihood of transitioning across sectors and earnings. The left panel plots
average yearly transition probabilities into and from self-employment across the wage work earnings distribution deciles. Similarly,
the right panel plots average yearly transition probabilities into and from wage work across deciles of the self-employment earnings
distribution.

across deciles of the self-employment earnings distribution. These moves are concentrated at
the bottom of the distribution, meaning that workers who have just transitioned from wage work
or will become wage workers in the next period are more likely to be among the lowest-earning
self-employed. Similarly, the right panel of Figure 1 plots the likelihood of transitions into and
from self-employment across deciles of wage work earnings distribution. Future transitions
to self-employment are evenly spread across the distribution. In contrast, those who have just
transitioned to wage work from self-employment are among the highest-earning wage workers.

These patterns show that sector movers earn systematically less than self-employment sector
stayers but (weakly) more than the wage employment sector stayers. Interpreted through the
lens of a model of worker sorting, they suggest positive selection in self-employment and (mild)
negative selection in wage work. We will return to this point below.

3.3 Concentration, Self-Employment Rates, and Earnings

Across local labor markets, concentration correlates strongly with self-employment rates. The
left panel of Figure 2 presents the proportion of self-employed workers in each local labor mar-
ket across the wage-bill HHI distribution. Higher concentration is consistently associated with
higher self-employment and lower wage employment shares. Regression analysis confirms
this relationship. We implement a worker-level regression where a dummy indicating self-
employment is regressed over the log of wage-bill HHI in the local labor market in the same
year. The results, presented in Columns 1 to 3 of Online Appendix Table A.2, demonstrate that
the relationship between concentration and self-employment is positive and significant, even
after controlling for individual factors, industry, and location fixed effects.18

The right panel of Figure 2 shows the correlation between concentration and earnings from

18Online Appendix Tables A.3 and A.4 report the coefficient estimates obtained using employment HHI and
the number of firms, respectively, as alternative concentration measures, showing similar results.
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Figure 2: Concentration, Self-employment Rate, and Earnings
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Notes. The figures illustrate the relationship between employer concentration, rate of self-employment (left), and earnings from both
wage work and self-employment (right) across local labor markets. The left panel plots the share of self-employed workers in each local
labor market across the wage-bill HHI distribution deciles. The right panel does the same but plots the average log of daily earnings
separately for wage and self-employed workers.

the two sectors.19 In local labor markets where concentration is high, wages are lower, and
self-employment—while more common—is less lucrative. The regression results, presented in
Columns 4 to 9 of Online Appendix Table A.2, lend additional support to these patterns.

These findings support the sorting story proposed earlier: where concentration is high, wages
are lower and more workers choose self-employment. These workers would have been among
the highest earners as wage workers, but as self-employed individuals, they earn less than their
peers. This ultimately leads to lower average earnings in both sectors.

3.4 Labor Market Power

The correlation between concentration, self-employment, and earnings in the data raises the
question about labor market power in this association. While employer concentration is strongly
negatively associated with wages, this correlation alone is not evidence of labor market power
as both concentration and wages are endogenously determined by supply and demand factors
in the market.

To estimate labor market power, we leverage the rollout of a nationwide electrification pro-
gram to estimate the inverse elasticity of labor supply faced by individual firms. This inverse
elasticity is a direct measure of wage-setting power.20 By examining how this elasticity varies
across local labor markets with different levels of concentration and self-employment rates, we

19On average, self-employed workers earn considerably less than wage workers. Across all industries and
within manufacturing, the average wage worker earns about 50% more than the average self-employed worker.
These gaps are even higher (∼150%) when comparing formal wage workers with informal self-employed workers.

20Following Manning (2003), consider a firm that produces output Y using labor N as input, i.e. Y = Y (N)
with Y ′(N) > 0 and Y ′′(N) < 0. The firm chooses the amount of labor that maximizes Y (N)− w(N)N which
leads to the first order condition ∂Y (N)

∂N = w(N)
[
1 + ∂w(N)

∂N
N

w(N)

]
. The wage is below the marginal revenue

product of labor, and the markdown is exactly equal to 1 plus the inverse elasticity of firm-level labor supply
ε−1 = ∂w(N)

∂N
N

w(N) .
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can better understand the role of labor market power in this relationship.

3.4.1 Empirical Strategy

To estimate the inverse elasticity of the firm-level labor supply curve, we implement the fol-
lowing regression specification:

lnwi(j,g)t = β ln li(j,g)t + αi + η(j,g)t + ui(j,g)t, (1)

where wi(j,g)t is the wage paid by firm i in year t in its local labor market as defined by a
manufacturing industry j within a province or commuting zone g, and li(j,g)t is employment at
the same firm. αi is a firm-specific constant that captures differences across firms that do not
change over time. η(j,g)t is a local labor market × year fixed effect that accounts for aggregate
yearly shocks at the local labor market level. This allows β to measure the firm-specific inverse
labor supply elasticity of wage work while holding the aggregate labor supply constant.

Estimating the parameters in equation (1) using Ordinary Least Squares (OLS) can yield
biased and inconsistent results due to the interdependence of wages and employment. To de-
termine the slope of the firm-level labor supply curve, we need a labor demand shifter at the
firm level. To this end, we rely on an electrification program for identification. The Rural
Electrification Program (Programa de Electrificación Rural, PER) was introduced by the Pe-
ruvian Ministry of Energy and Mining in 1993 to promote economic and social growth in rural
areas (Dasso and Fernandez, 2015). The program was implemented from 1994 to 2012 and
involved 628 electrification projects across rural Peru, with a total cost of USD 657.5 million.
The Ministry prioritized districts with high poverty rates, low electricity coverage, low cost per
connection, and a high potential for renewable energy use (Dasso, Fernandez and Nopo, 2015).

Our approach is based on the idea that electrification through the program had a positive
effect on firms’ marginal revenue product and labor demand. This was especially true for
firms previously facing more severe constraints in accessing electricity (Abeberese, Ackah and
Asuming, 2019). To operationalize this, we create a variable, PERgt, counting the total number
of completed PER projects in location g up to year t. We then follow Bau and Matray (2023)
to identify firms in each industry that face constraints in accessing electricity.

Consider firm i in local labor market (j, g) that produces output yi(j,g)t at time t. The output
market is imperfectly competitive, and output is sold at a unit price pi(j,g)t, which is a markup
µi(j,g)t over marginal cost. The firm produces using a Cobb-Douglas production function with
industry j-specific input elasticities. Inputs include labor, electricity, and others. Electricity’s
output elasticity is denoted by θej . Its shadow cost varies across firms and industries and is cap-
tured by τ ei(j,g)t. Finally, we denote by ei(j,g)t the firm’s total electricity bill. Profit maximization
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implies
θej
pi(j,g)tyi(j,g)t
ei(j,g)t

= µi(j,g)t(1 + τ ei(j,g)t),

ln

(
pi(j,g)tyi(j,g)t
ei(j,g)t

)
= ln(µi(j,g)t) + ln(1 + τ ei(j,g)t)− ln θej .

(2)

This equation shows that one can retrieve firm-level estimates of the wedge τ ei(j,g)t from the
residuals of a regression of the (log of) inverse electricity share on industry fixed effects and
firm-level markups. To account for the standard technology within industries, we include fixed
effects at the 4-digit CIIU Rev. 4 code level, effectively comparing electricity expenditure
across firms within the same narrowly defined industry. To account flexibly for firm-level
markups, we include second-degree polynomials of output market shares in both the local labor
market and economywide.21 Finally, to minimize the impact of outliers and partially address
possible measurement error, we create a dummy variable, ECi(j,g), equal to one for firms with
an estimated wedge τ̂ ei(j,g)t above the median value at baseline (i.e., in the first year they are
observed in the data), indicating tighter constraints to accessing electricity.22

The interaction PERgt × ECi(j,g) is our Instrumental Variable (IV). It combines variation
in program rollout across geography and over time with variation across firms within industries
in access to electricity at baseline. The first-stage regression specification is

ln li(j,g)t = γPERgt × ECi(j,g) + φi + δ(j,g)t + vi(j,g)t, (3)

with φi and δ(j,g)t capturing firm fixed effects and local labor market × year fixed effects,
respectively, following the second-stage regression specification in equation (1).

The validity of this IV approach rests upon three assumptions. First, the instrument must be
strongly positively correlated with employment. This is achieved if electrification through the
program raises labor demand and employment, more so for firms that had limited access to elec-
tricity at baseline. Second, the instrument must be independent of firm-level outcomes. Specif-
ically, it must be orthogonal to the wage and employment trajectories of electricity-constrained
firms within each local labor market. This is likely the case since the Ministry did not consider
local firms or industries when rolling out the program. Finally, the instrument must satisfy the
exclusion restriction, meaning that electrification must not differentially affect labor supply to
electricity-constrained firms, aside from increasing wages. This concern is mostly addressed
by the inclusion of local labor market× year fixed effects, which can capture the overall impact
of electrification on aggregate labor supply, even if it varies across industries.23

21This approach is motivated by our theoretical model in Section 4, where the firm-level markup is an exact
function of the firm’s output market share. The results are robust to (i) not controlling for output market shares
(thus implicitly assuming that the firm has no output market power), (ii), controlling for local labor market shares
only, and (iii) controlling for national shares only.

22Online Appendix Figure A.4 shows the distribution of these wedges and the median value used as a cutoff.
23Berger, Herkenhoff and Mongey (2022) show that the reduced-form firm-level elasticity estimated using firm-

level shocks overestimates the structural elasticity so that our IV estimate is a lower bound of the inverse structural
elasticity.
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One potential concern with the exclusion restriction is that if workers had bargaining power,
they would receive a share of any rent generated at the firm level due to increased access to
electricity.24 In this case, the labor demand shock could affect wages also through this alterna-
tive channel. However, this scenario is unlikely in the Peruvian manufacturing industry since
workers have very little bargaining power. Peru has consistently low levels of union density,
ranging between 1.9% and 3.2% during the analysis period, placing it among the bottom 5% of
the 121 countries with available data from International Labour Organization (2020).25

3.4.2 Results

Table 2 shows the inverse elasticity IV estimates and standard errors. We report for each es-
timate the F-statistic associated with the Sanderson-Windmeijer multivariate test of excluded
instruments, showing that the instrument carries meaningful identifying variation throughout.26

The results from using the total sample of manufacturing firms are reported in Column 1. The
firm-level inverse labor supply elasticity is estimated to be 0.43, which corresponds to a labor
supply elasticity of 2.33, statistically significant at the 1% level. This implies that the difference
between wages and the marginal revenue product of labor is 1.43, meaning that workers gen-
erate 43% more than what they earn in wages, taking home approximately 70 cents for every
marginal dollar produced. These numbers are close to those reported by Amodio and De Roux
(2022) for Colombian manufacturing plants (inverse elasticity of 0.4) and by Deb et al. (2022)
and Yeh, Macaluso and Hershbein (2022) for US manufacturing (0.37 to 0.4 and 0.53, respec-
tively). They are slightly lower than those found by Felix (2022) in Brazil prior to the 1990s
trade liberalization (wage take-home share of 50%).

Columns 2 to 4 focus on different subsamples. We obtain these estimates by implementing
more flexible second and first-stage specifications where we interact both the log of firm-level
employment ln li(j,g)t and the instrument PERgt×ECi(j,g) with dummy variables that identify
the different subsamples. In Column 2, we estimate labor market power separately for markets
featuring different levels of labor market concentration as measured by wage-bill HHI. For
firms operating in the least concentrated labor markets (HHI ≤ 0.15), we estimate an inverse
labor supply elasticity that is both statistically and economically insignificant. As concentration
increases, labor market power increases. In markets with a moderate level of concentration
(0.15 < HHI ≤ 0.25), workers take home almost 80 cents for every marginal dollar they
generate. In highly concentrated markets (HHI > 0.25), the wage take-home share is 63%.

The relationship between labor market power and concentration is mediated by the presence
of self-employment opportunities. We divide the markets into two groups based on whether
the self-employment rate is lower or higher than the average across markets. The results are

24See Wong (2023) for a detailed explanation of the firm first-order condition in this case, which describes
the relationship between the wage markdown, firm rents, worker bargaining power, and firm-level labor supply
elasticity.

25Collective bargaining agreement coverage is similarly low, ranging between 1.8% and 2.6%.
26Online Appendix Table A.5 reports all first-stage regression results.
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Table 2: Estimates of Labor Market Power

Self-Employment Rate
Low High

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

All Markets 0.427***
(0.052)

HHIwn ∈ (0, 0.15] 0.004
(0.138)

HHIwn ∈ (0.15, 0.25] 0.270**
(0.097)

HHIwn ∈ (0, 0.25] -0.113 -0.066
(0.091) (0.133)

HHIwn ∈ (0.25, 1] 0.603*** 0.750*** 0.104
(0.148) (0.113) (0.069)

SW F-statistics 181.60 223.51 232.84 124.58
145.35 669.67 628.07

3177.18

Observations 6,191 6,191 3,907 2,204

Notes. * p-value< 0.1; ** p-value<0.05; *** p-value<0.01. The unit of observation is a medium to a large firm in
EEA. The table reports 2SLS estimates of the firm-level inverse elasticity of supply of wage work as captured by β
in equation (1). The instrumental variable is the interaction of the cumulative number of PER projects completed in
each location g up to year t (PERgt) and a dummy equal to one for firms with higher than median constraints to
accessing electricity at baseline (ECi(j,g)). Estimates in Columns 2 to 4 are obtained by interacting both the log
of firm-level employment ln li(j,g)t and the instrument PERgt × ECi(j,g) with dummy variables that identify
the different subsamples as discussed in the text. Low and high self-employment rates are defined as below and
above the average self-employment rate across local labor markets, respectively. We report the F-statistic associated
with the Sanderson-Windmeijer multivariate test of excluded instruments for each estimate. Following equation (1),
firm fixed effects and local labor market × year fixed effects are included in all specifications. Standard errors are
clustered at the level of location g, i.e., province or commuting zone.

in Columns 3 and 4. In less concentrated markets, labor market power is insignificant, regard-
less of the self-employment rate. In highly concentrated markets, the extent of labor market
power varies according to the prevalence of self-employment. We estimate the highest level of
wage markdown for firms operating in highly concentrated markets with low self-employment
rates. The estimated firm-level inverse labor supply elasticity is 0.75 and statistically signif-
icant at the 1% level, indicating that workers in these markets take home only 57 cents for
every marginal dollar they generate. In highly concentrated markets where self-employment
is prevalent, labor market power is positive, but lower in magnitude and insignificant at stan-
dard levels. It is, however, statistically different at the 5% level from its homolog in less
concentrated markets. Among highly concentrated markets, the difference between those with
high vs. low self-employment rates is statistically significant at the 1% level, and so is the
difference-in-differences between markets that are highly concentrated vs. not with high vs.
low self-employment rates.

How does self-employment limit firms’ wage-setting power? The evidence from worker
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transitions between sectors shows that workers actively switch between wage work and self-
employment based on their earnings. When concentration is high, wage jobs are scarce and
unappealing, and more workers opt for self-employment. Falling wages might make it easier
to push workers out of wage employment, leading to an increase in the supply elasticity of
wage work and a decrease in employers’ labor market power. The following section presents a
general equilibrium model that formalizes these thoughts.

4 Model

We propose a model of the Peruvian economy where employer concentration, self-employment
rates, and labor market power are jointly determined in general equilibrium. The model yields
insights into demand and supply determinants of labor market power, specifically the role of
concentration and self-employment. We use the estimated model to reconcile the empirical ev-
idence and conduct counterfactual policy experiments, with a particular emphasis on industrial
development policies.

4.1 Environment

We model Peru as a continuum of segmented local labor markets of measure K, each indexed
by k. In each market, there is a finite and endogenous number of heterogeneous firmsMk ∈ Z+

and a fixed measure Lk ∈ R+ of heterogeneous workers with identical homothetic preferences.
These workers self-select into wage work (sector F ) or self-employment (sector S). They
consume a final good C consisting of a bundle of market-level goods {Ck}k∈(0,1). They own
shares in local firms, so that their income consists of labor earnings and firm profits.

4.1.1 Demand

The representative agent in local labor market k has Cobb-Douglas preferences over the con-
sumption of market-level output {Ck}k∈(0,1) with expenditure shares equal to {θk}k∈(0,1), with∫ 1

0
θkdk = 1. Each good Ck comes in two varieties, CF,k and CS,k, produced by firms and

self-employed workers, respectively. Each firm i in sector F produces a differentiated variety
of the good CF,k, which we denote by ciF,k. Consumers’ preferences can be written as follows:

Ck =

[
βC

ρ−1
ρ

F,k + C
ρ−1
ρ

S,k

] ρ
ρ−1

, (4)

CF,k =

(
Mk∑
i=1

c
η−1
η

iF,k

) η
η−1

. (5)

Consumers substitute across CF,k and CS,k with a constant elasticity ρ > 1; they substitute
across firm-level varieties {ciF,k}i∈Mk

with a constant elasticity η > 1. We maintain the as-
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sumption that η > ρ, which means that the consumers substitute more within than across

sector goods. Lastly, β > 0 denotes a preference shifter for good CF,k.
We choose the final good C as the numeraire, and denote as Y = C the aggregate ex-

penditure in the economy. The price indices associated with equations (4) and (5) are Pk =[
βρP 1−ρ

F,k + P 1−ρ
S,k

] 1
1−ρ and PF,k =

(∑Mk

i=1 p
1−η
iF,k

) 1
1−η

, respectively. With the above demand struc-
ture, the representative consumer expenditure on the market k goods can be written as:

PF,kCF,k = αF,kθkY and PS,kCS,k = (1− αF,k)θkY, with αF,k = β

(
PF,k
βPk

)1−ρ

(6)

riF,k ≡ piF,kciF,k = siF,kαF,kθkY with siF,k =

(
piF,k
PF,k

)1−η

, (7)

where αF,k ≡ PF,kCF,k
PkCk

in equation (6) is the expenditure share of variety F of good k over total
expenditure on market k, and siF,k ≡ riF,k∑

i∈Mk
riF,k

in equation (7) is the expenditure share on
firm i′s variety in sector F over total expenditure on sector F in market k.

4.1.2 Labor Supply

Workers in each local labor market k are heterogeneous in their sector-specific abilities, deter-
mined by their endowment of efficiency units of labor a ≡ (aF , aS) ∈ R+2. These are i.i.d.
draws from a joint distribution Gk(aF , aS) specific to each market.

We denote by Ws,k the wage per efficiency unit in sector s of market k, with s = {F, S}. In
turn, Ihs,k = Ws,ka

h
s denotes the sector S-earnings of worker h with ability draw (ahF , a

h
S). We

assume that all firms in sector F pay the same wage WF,k per efficiency unit. Workers take the
sector wages as given and self-select into wage work or self-employment so to maximize their
earnings. This means that worker h will self-select into wage work if:

Ŵk ≥ A(h)−1, (8)

where Ŵk ≡ WF,k

WS,k
is the relative efficiency unit wage in sector F, andA(h) ≡ ahF

ahS
is the worker’s

comparative advantage in the wage sector. This means that workers with higher A(h) have a
lower reservation wage for choosing sector F over sector S.

The sorting rule in equation (8) implies that labor supply in the wage employment sector is
an increasing function of the relative unit wage Ŵk:

NF,k ≡ NF (Ŵk) = Lk

∫ ∞
0

∫ aF Ŵk

0

aF gk(aF , aS)daFdaS, with N ′F,k > 0. (9)

Intuitively, the higher Ŵk, the more workers sort into the wage employment sector.27 We denote

27Similarly, the labor supply function in sector S is a decreasing function of the relative wage Ŵk.
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the labor supply elasticity associated with equation (9) as:

εF (Ŵk) ≡
∂ lnNF,k

∂ ln Ŵk

> 0. (10)

In principle, the labor supply elasticity can either increase or decrease with the relative unit
wage Ŵk. However, Appendix B shows that under some regularity conditions on Gk(aF , aS),
the elasticity in equation (10) is a decreasing function of the relative wage Ŵk. This means that
wage workers become more sensitive to a unit wage increase or decrease as the relative wage
in the sector decreases. We will discuss below how this property of the labor supply function is
critical to understanding labor market power in the economy.

4.1.3 Technology and Market Structure

We assume that goods in sector S and F are produced using a technology that is linear in
efficiency units of labor. Total output in sector S is given by

YS,k = NS,k, (11)

where NS,k denotes total efficiency units of labor in sector S. There is perfect competition in
sector S, such that goods are sold at marginal cost, i.e., PS,k = WS,k.

We let niF,k and yiF,k denote the labor demand and output of firm i in market k, respectively.
Firm i’s production function for its final-good variety is given by:

yiF,k = TkziF,kniF,k, (12)

where Tk is a market-specific productivity shifter specific to sector F and ziF,k is a firm-specific
productivity term, both exogenous.

Labor market clearing at the local labor market level requires that aggregate labor demand
equals aggregate labor supply, hence, NF,k =

∑Mk

i=1 niF,k, where NF,k is as in equation (9).
Combining the previous expression with equation (12) yields the following equilibrium relation
for aggregate output in sector F :

YF,k = TkZF,kNF,k, (13)

where ZF,k ≡
(∑Mk

i=1 s
y
iF,k(ziF,k)

−1
)−1

is a productivity index of market k, defined as the
harmonic average of firm-level productivities with weights equal to the output share of firm i

syiF,k ≡
yiF,k
YF,k

= s
η
η−1

iF,k ∈ (0, 1), where siF,k is defined in equation (7).
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4.1.4 Market Structure and Firm-Level Equilibrium

The firms engage in Nash-Cournot competition in both the product and labor markets. In the
product market, firms produce different varieties, which results in oligopolistic competition in
the final goods market. On the other hand, in the labor market, firms are identical and pay
the same unit wage WF,k. As a result, workers view them as perfect substitutes, creating an
oligopsonistic labor market structure.

The problem of each firm is to choose labor to maximize total variable profits, namely:

max
niF,k

riF,k −WF,kniF,k

subject to equations (7), (12), and (9). Firms take as given the aggregate prices P, Pk, and PS ,
but they internalize the effect of their output and labor demand affect the aggregate price PF,k
and aggregate wage WF,k.

Solving for the firm-level equilibrium yields the following first-order condition:

MRPLiF,k = WF,kψiF,k, (14)

=⇒ piF,k = µiF,k
WF,kψiF,k
TkziF,k

, ∀i ∈Mk (15)

where the second line follows from the definition ofMRPLiF,k. The term µiF,k is the firm-level

markup over marginal cost, defined as µiF,k =
εiF,k
εiF,k−1

where εiF,k =
[

1
η
(1− siF,k) + 1

ρ
siF,k

]−1

is the demand elasticity, which takes the standard Cournot formulation.
Equation (14) writes the unit efficiency wage in sector F as markdown ψiF,k ≥ 1 below

the marginal revenue product of workers at firm i. Because firms are heterogeneous in their
productivity ziF,k, they have different MRPLiF,k, which yields heterogeneous markdown even
if they pay the same wage. In turn, more productive firms have higher MRPLiF,k and thus
higher markdowns in equilibrium, leading to equilibrium misallocation of employment (Berger,
Herkenhoff and Mongey, 2022).

In equilibrium, the markdown ψiF,k is given by:

ψiF,k = 1 +
sNiF,k

εF,k(Ŵk)
, (16)

where sNiF,k ≡
niF,K
NF,k

is firm i’s employment share in sector F , and εF,k(Ŵk) is the labor supply
elasticity defined in equation (10). We take this markdown is our measure of the labor market
power of employers. When ψiF,k → 1, the wage equals the marginal revenue product of labor,
as in a competitive equilibrium. On the contrary, when ψiF,k > 1, employer i pays their workers
less than their MRPLiF,k, i.e., they have labor market power. We will return to the markdown
properties in Section 4.3.
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4.2 Closing the Model

We now close the model in general equilibrium. The numerical implementation of the equilib-
rium solution is described in detail in Appendix D.

Market Equilibrium We first assume that the set of employers {Mk}k∈(0,1), exogenous pro-
ductivity vectors {Tk, {ziF,k}i∈Mk

}k∈(0,1), and aggregate variables (Y ), are known. Given the
vector of relative wages Ŵ ≡ {Ŵk}k∈(0,1), equations (7), (15), and (16) define a fixed point
problem that can be solved for market shares in the output and labor markets, markups, and
markdowns: Λ ≡ {{siF,k, sNiF,k, µiF,k, ψiF,k}i∈Mk

}k∈(0,1). In turn, given the matrix Λ, the rel-
ative wage vector Ŵ solves labor and output market clearing conditions, from equations (6),
(11), and (13). The resulting fixed point (Ŵ,Λ) is the vector of market equilibria.

Entry To enter a given market, firms have to pay a fixed cost f ek in units of the final good.
We consider a sequential entry game where firms with higher productivity move first. The
equilibrium number of entrants can be solved with the following iterative procedure. Given
a guess for the number of entrants {Mk}k, we find the market equilibrium (Ŵ,Λ) using the
procedure outlined above and compute the profits of the marginal entrant. An equilibrium of
the entry game is achieved when, for a subset of firms i ∈Mk, equilibrium profits given by

πiF,k(Mk;Y ) ≡ siF,kαF,kθkY

(
1− 1

µiF,k(Mk)ψiF,k(Mk)

)
− f ek (17)

are non-negative, while for any additional entrant j /∈ Mk, profits upon entry would be nega-
tive.28 With sequential entry, this entry game has a unique cutoff equilibrium so only firms with
productivity above some cutoff enter the market.

General Equilibrium The general equilibrium in the economy is given by a vector of prices
and income X = (P, Y ), such that aggregate income equals aggregate expenditure (C) and
product markets clear. The former condition is given by:

C =

∫
k

[E(WS,k,WF,k) + ΠF,k + PMkf
e
k ] dk, (18)

where the three terms on the right-hand side correspond to (i) labor income in market k as
given byE(WS,k,WF,k) ≡ WS,kNS(Ŵk)+WF,kNF (Ŵk), (ii) aggregate profits of firms ΠF,k =∑

i∈Mk
πiF,k(Mk;Y ) which are distributed to consumers, and (iii) entry of firms into the pro-

duction stage. Product market clearing requires that the total demand of the final good equals
the total value of production, i.e.,

Y = PC, (19)
28Ignoring the integer problem that arises when the number of employers is finite, equation (17) is equivalent

to a zero profit condition determining the equilibrium number of employers in each market.
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with P = 1 by normalization. Conditional on the market equilibrium K =
{

M,Ŵ,Λ
}

, the
general equilibrium X solves equations (18)-(19). Conditional on the general equilibrium X,
the solutions to the market equilibrium and entry game described above yield the manufacturing
equilibrium K. The resulting fixed point (X; K) is the equilibrium in the economy.

4.3 Properties of the Model

4.3.1 Labor Market Power, Concentration, and Self-Employment

The reduced-form evidence in Table 2 of Section 3 demonstrates that labor market power in-
creases with employer concentration, but self-employment moderates this correlation. Consis-
tent with this evidence, our theory suggests that, by representing a readily available outside
option for workers, self-employment acts as a check on the wage-setting power of employers.

Let ψ̄F,k ≡
∑

i∈Mk
sNi ψiF,k denote the weighted average of firm-level markdowns in market

k, with employment shares as weights. From equation (16), we can write:

ψ̄F,k = 1 +
HHIwbF,k

εF (Ŵk)
, (20)

where HHIwbF,k is the wage-bill HHI in sector F of market k, which in our model coincides
with the employment-based HHI.

Equation (20) shows that the relationship between wage markdowns and concentration is
mediated by the aggregate supply elasticity of wage work, εF (Ŵk). In Appendix C.2, we show
that, when worker abilities are drawn from a joint log-normal distribution, one could express
this elasticity as an increasing function of the self-employment share in market k, i.e.,

εF ( Ŵk︸︷︷︸
−

) = ε̃F (self ratek︸ ︷︷ ︸
+

), with self ratek ≡
LS,k

LF,k + LS,k
(21)

where Ls,k ∈ (0, Lk) denotes total employment in sector s = {F, S}.
Equations (20) and (21) summarize the role of concentration and self-employment in de-

termining labor market power. On the one hand, concentration has a direct positive effect on
the average markdown through standard oligopsony forces. On the other hand, when employer
concentration is high and the relative wage is low, more workers opt for self-employment.
Under the regularity conditions on the workers ability distribution discussed in Appendix B,
the changing comparative advantage of the marginal worker increases the sensitivity of wage
workers to unit wage changes. The associated increase in the elasticity εF (Ŵk) reduces the
aggregate markdown.29

29While the relative impact of these opposing forces is an empirical question, this variable elasticity channel
can reconcile the conflicting evidence in the literature on the relationship between employer concentration and
labor market power. See for instance Bassier, Dube and Naidu (2022); Berger, Herkenhoff and Mongey (2022);
Yeh, Macaluso and Hershbein (2022).
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4.3.2 Sectoral Shocks and Changes in Average Earnings

We now examine how labor market outcomes adjust in response to changes in sectoral wages
per efficiency unit driven by either demand or supply factors. Our objective is twofold: first,
to clarify the roles of comparative and absolute advantage in determining the distributional
consequences of sectoral shocks; and second, to provide a framework for interpreting the results
of our counterfactual experiments in Section 6.

Average Earnings from Wage Work Let the log change in the average earnings in the wage
employment sector be denoted by:

d ln ĒF,k = d lnWF,k + d ln ĀF,k,

where ĀF,k ≡ NF,k
LF,k

is average worker ability in sector F . From equation (14), we can write:

d lnWF,k = d lnMRPLF,k − d ln ψ̄F,k,

where MRPLF,k and ψ̄F,k denote the payroll-weighted average MRPL and markdown of firms
in market k, respectively, where the latter is defined in equation (20).

In turn, we can decompose the log change in the average market MRPL as:

d lnMRPLF,k = d lnZF,k + d lnPF,k − d ln ΞF,k.

The first term captures changes in the productivity index defined in equation (13). The second
and last term capture changes in the sectoral price index and in an average markup index,
respectively, where the latter is defined as ΞF,k ≡ (

∑
i siF,k · (µiF,k)−1)

−1
.

Putting pieces together, we can decompose the change in average sector F earnings as:

d ln ĒF,k = − d ln ψ̄F,k︸ ︷︷ ︸
markdown

+ d lnZF,k︸ ︷︷ ︸
misallocation

+ d lnPF,k − d ln ΞF,k.︸ ︷︷ ︸
general equilibrium

+ d ln ĀF,k︸ ︷︷ ︸
selection

(22)

Equation (22) demonstrates how a shock to the economic environment can affect the average
earnings in the wage employment sector, ĒF,k. There are two broad channels through which
this can happen. The first is a direct effect on the wage per efficiency unitWF,k, captured by the
first three terms in the right-hand side. The second is the indirect effect on the average ability
of wage workers. We refer to it as the selection channel since it occurs through worker self-
selection across sectors. The latter channel depends critically on the parameters of the workers’
ability distribution, as we explain below.

The direct effect on the unit efficiency wage can be further decomposed into several chan-
nels. The first one is a markdown channel, which captures how the average markdown in the
labor market respond to the shock. The second one is a misallocation channel, which material-
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izes through market share reallocation in the labor market. Due to equilibrium misallocation in
the labor market, the productivity index ZF,k is below efficient levels. As the shock reallocates
market shares towards (or away from) the most productive firms, aggregate productivity and
wages increase (decrease). Lastly, the unit wage are also affected by changes in the aggregate
price index and average markups. We define this channel the general equilibrium channel.30

Average Earnings from Self-Employment Similar forces also determine how earnings from
self-employment are affected by shocks. In the self-employment sector, the markdown is al-
ways equal to one and self-employed workers have the same productivity. Hence, equation (22)
can be simplified as:

d ln ĒS,k = d lnPS,k︸ ︷︷ ︸
general equilibrium

+ d lnAS,k︸ ︷︷ ︸
selection

.

Hence, only the selection and general equilibrium channel affect the earnings response of the
self-employment sector.

The Selection Channel The selection channel determines how the average ability in the two
sectors respond to demand or supply shocks, namely, d lnAF,k and d lnAS,k. These effects
depend on the parameters of the workers’ ability skill distribution, particularly on the correla-
tion of workers’ abilities across wage work and self-employment and their relative dispersion
(Adão, 2015; Alvarez-Cuadrado, Amodio and Poschke, 2020). If the two abilities are strongly
positively correlated and more dispersed in self-employment than in wage work, mean ability
will decrease in both sectors when the relative wage Ŵk falls and the wage employment sec-
tor shrinks.31 This is because absolute and comparative advantage are negatively correlated in
wage work but positively correlated in self-employment. The more skilled wage workers are
better off as self-employed, implying negative selection in wage work and positive selection
in self-employment. Vice versa, if abilities are negatively correlated or if the correlation is
positive but low, the mean ability of wage workers will increase, and the one of self-employed
workers will decrease when Ŵk is lower. In Appendix C.1, we formalize these insights for
abilities drawn from a joint log-normal distribution.

5 Model Estimation

This section details how we estimate the theoretical model using the Peruvian data. First, we
parameterize the model to make it tractable for empirical analysis. Second, we leverage the
data to pin down the parameters of the joint ability distribution using direct inference. Third,
we use the structure of the model to estimate all the remaining parameters.

30While the markup term may also reflect misallocation in the output market, our analysis focuses on labor
market channels, and so we bulk them in the residual “general equilibrium” term.

31See also Heckman and Sedlacek (1985); Heckman and Honoré (1990); Young (2014).
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5.1 Parameterization and Calibration Strategy

We consider a parameterization of the model that allows for heterogeneity across local labor
markets in the fundamental forces affecting firms’ and workers’ decisions: market-level pro-
ductivity Tk, fixed costs f ek , and the joint ability distribution Gk. Within each market, firm
behavior is also contingent upon its productivity ziF,k. We view each local labor market as a
(multi-dimensional) observation from the structural data-generating process described by the
model, with common parameters that need to be estimated.

To accurately capture the empirical properties of the firm sales distribution within each local
labor market, we assume that ziF,k are drawn from a Pareto distribution with shape parameter
Zθ, while market productivities Tk are parameterized as draws from a log-normal distribution
with parameters µT and σT :

T ∼ logN(µT , σT ).

The fixed entry cost f ek is specified as follows. We first let the market-level fixed cost f ek be a
draw from a Weibull distribution with scale parameter Fλ and shape parameter Fk:

f e ∼Weibull(Fλ, Fk).

Letting f e,(n)
k denote the fixed cost incurred by the nth entrant in market k, we then impose:

f
e,(n)
k =

0 if n = 1

f ek if n > 1
,

where f ek > 0 is the Weibull draw of market k. This formulation guarantees that at least one
entrant exists in each local labor market, a necessary condition to hold fixed the number of
"active" local labor markets.

Lastly, we assume that the endowment of efficiency units of labor in the two sectors a =

(aF , aS) is a draw from the following joint log-normal distribution:

log a ∼ N(µk,Σ), where µk =

(
µF,k

µS,k

)
, and Σk =

(
σ2
F,k %kσF,kσS,k

%kσF,kσS,k σ2
S,k

)
, (23)

where µk determines the vector of mean absolute advantage in wage work and self-employment,
%k captures the correlation between the two, and Σk is the variance-covariance matrix govern-
ing comparative advantage.

We impose the following restrictions on equation (23) to simplify the estimation procedure.
First, we restrict the variance-covariance matrix Σk to be constant across local labor markets,
i.e. Σk = Σ. As explained in Section 5.2, this assumption allows us to recover the matrix Σ

from the available data using direct inference methods.
In contrast, we explain in Appendix C.3 that the absolute advantage moments cannot be
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easily recovered from cross-sectional data on worker earnings across the two sectors. Hence,
we make progress as follows. We first normalize the mean comparative advantage in the two
employment sectors to zero: µ̂k ≡ µF,k − µS,k = 0 ∀k. To allow for heterogeneity in worker
ability across local labor markets, we then assume that mean absolute advantage in market k,
µk = µF,k = µS,k is itself a draw from a log-normal distribution with common parameters µµ
and σµ as given by

µ ∼ logN(µµ, σµ).

With these parametric assumptions, we estimate the model in three steps. In the first step,
we calibrate market-level Cobb-Douglas expenditure shares {θk}k from the data as equal to
the income share of each local labor market. We also calibrate the percentage of population
in each market {Lk}k to match the relative size of the workforce in market k. We report the
histogram of the resulting {θk, Lk} in Online Appendix Figure A.5. The histograms show an
unequal distribution of expenditure and population across local labor markets: the 90-10 ratio
for expenditure shares lies above 700; the one for population is around 40.

In the second step, which we describe in Section 5.2, we use the observed employment
shares and their variances to recover the (common) parameters of the variance-covariance ma-
trix of the workers’ ability distributions Θ ≡ {σF , σS, %}. In the third step, described in Section
5.3, we implement a method of simulated moments (MSM) procedure to estimate the remaining
parameters (Zθ, µT , σT , Fλ, Fk, µµ, σµ, η, ρ, β).

5.2 Inferring Ability Distribution Moments

We estimate the variance-covariance matrix Σ by leveraging the properties of the joint log-
normal distribution in equation (23). We provide a detailed description of the procedure in
Appendix C.3, which we summarize here.

Let σ∗ = (σ2
F + σ2

S − 2%σFσS)
− 1

2 . The (observed) probability that a given worker operates
in sector F is equal to

Pr (h ∈ wage sector) = Φ(cF ), (24)

where cF,k ≡
(

ln Ŵk+µ̂k
σ∗

)
is a market-level term and Φ(·) is the cumulative distribution function

of a standard normal random variable. The probability of operating in sector S is Φ(cS,k) =

Φ(−cF,k).
When the abilities a = (aF , aS) follow the distribution in equation (23) and Σk = Σ, the

observed variance of log earnings in the two sectors can be written as:

V ar
(

ln aFWF,k|aF Ŵk > aS

)
= σ2

F +

(
σ2
F − %σFσS

σ∗

)2 [
λ(cF,k)cF,k − λ2(cF,k)

]
V ar

(
ln aSWS,k|aF Ŵk ≤ aS

)
= σ2

S +

(
σ2
S − %σFσS

σ∗

)2 [
λ(cS,k)cS,k − λ2(cS,k)

] , (25)
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where λ(x) ≡ φ(x)
Φ(x)
≥ 0 is the inverse Mills ratio.

The left-hand side of equation (25) is observed, given cross sectional data on workers’ earn-
ings across the two sectors. Similarly, one can easily recover the terms cF,k and cS,k from simple
inversion of the observed employment shares in the two sectors, from which we can also get
λ(cF,k), λ(cS,k). This reduces the system in equation (25) to a system of 2 ×K equations in a
vector of 3 unknowns, namely, Θ = (σF , σS, %). We recover the vector Θ from a Minimum
Distance Estimation (MDE) procedure with non-negativity constraints on the parameters.

Table 3 reports the estimates of the variance-covariance matrix Σ. The two abilities strongly
correlate, with %̂ = 0.93, and the ability for self-employment is more dispersed than the abil-
ity for wage work, i.e., σ̂S > σ̂F . These parameters are precisely estimated, with bootstrap
standard errors between 0.02 and 0.07. As explained in Section 4.3, this means that we find a
(small) negative correlation between the workers’ comparative and absolute advantage in wage
employment, and positive correlation of advantages in self-employment. As a result, mean
ability increases in both sectors when the wage employment sector expands. These estimates
are consistent with the evidence presented in Figure 1 showing that transitions into and from
wage employment are systematically more common among low-earning self-employed, while
transitions to self-employment are more prevalent among high-earning wage workers. These
parameter values also indicate that at least part of the negative correlation between concentra-
tion and earnings (from self-employment in particular) documented in the right panel of Figure
2 and Online Appendix Table A.2 is driven by worker sorting, as average skills decrease in both
sectors when employer concentration is high and the wage employment sector is small.

5.3 Moments and Identification of Remaining Parameters

We now describe the Method of Simulated Moments (MSM) procedure we employ to esti-
mate the remaining parameter vector Φ = (Zθ, µT , σT , Fλ, Fk, µµ, σµ, η, ρ, β). The full MSM
procedure is described in Appendix D.

We target 20 empirical moments corresponding to local labor market outcomes, informed
by our empirical facts in Section 3. We focus on moments that are informative about the cross-
sectional features of concentration, self-employment, and their relationships. While variation in
any parameter tends to affect all moments simultaneously, certain parameters are more likely to
affect specific moments. We now provide a discussion of the key factors ensuring identification.

First, we target cross-sectional moments related to concentration and firm performance
across local labor markets. We target the mean and standard deviation of the (log of the)
number of firms across local labor markets, the employment-based Herfindahl-Hirschman In-
dex (HHI), both weighted and unweighted, and the concentration ratios CR1 and CR3. We also
target the share of local labor markets with only one employer and the associated percentage
of total wage employment. These moments are crucial for identifying productivity parameters
and fixed cost distribution. Intuitively, the fixed cost parameters (Fλ and Fk) determine the
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Table 3: Summary of Model Parameters

Parameter Description Value

A. Externally Fixed

1. µ̂k Mean comparative advantage 0
2. η Substitution elasticity within wage sector 6
3. β Sector F demand shifter 1.5

B. Externally Estimated

4. σF St. dev. of log ability as a wage worker 0.959
5. σS St. dev. of log ability as a self-employed 1.025
6. % (Roy) Correlation of log abilities 0.935

C. Estimated via MSM

7. µT Mean of market-level productivity 0.195
8. σT St. Dev. Of market-level productivity 0.553
9. F (scale) (*106) Fixed entry cost (Location) 2.05

10. F (shape) Fixed entry cost (Shape) 0.342
11. θ Firm-level productivity dispersion parameter 4.566
12. µµ Mean of market-level abs. adv. of workers’ abilities -0.2
13. σµ St. Dev. of market-level abs. adv. workers’ abilities 0.353
14. ρ Substitution elasticity across sectors 3.468

Notes. This table reports the parameter values for the quantitative model. See Section 5 for details on parameter estimation.

average number of firms in each market, market concentration, and the share of markets with
only one firm. At the same time, the standard deviation of concentration measures and the
employment share of markets with only one firm are mostly informative about µT and σT . To
capture the parameters of the productivity distribution both across labor markets (µT and σT )
and across firms within a market (Zθ), we also target the interquartile range (IQR) of log sales
across markets.

Next, we target the wage employment share and the relative (log) worker earnings between
wage and self-employed workers. Given the variance matrix (Σ), the number of entrants Mk,
and market-level productivity Tk, these moments depend on the mean absolute advantage across
markets, hence on (µµ, σµ), and the across-sector elasticity ρ. Finally, we target the correla-
tions between the employment-based HHI and several labor market outcomes, including (log)
earnings in both sectors, (log) education of wage and self-employed workers, the share of wage
workers within a labor market, and (log) sales. The sensitivity of earnings and abilities of wage
and self-employed workers to the number of firms depends on the across-sector elasticity (ρ)
and the absolute advantage of workers, hence (µµ, σµ).

We look for the set of parameters Φ that solves Φ̂ = arg minΦ f̂(Φ)′Wf̂(Φ), where f̂i(Φ) ≡
[mi(Φ)− m̂i], mi(Φ) is the value of moment i in our model given the parameter vector Φ, and
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m̂i is the properly normalized corresponding moment computed in the data. Finally, W is the
weighting matrix, which we chose to be diagonal and inversely proportional to m̂. We give
more weight to the means than the standard deviations of the variables and reduce the weights
in the regression coefficients to account for estimation error. We also choose not to target the
regression standard errors. The estimated parameters are reported in Table 3.

Normalizations To improve estimation precision, we adopt the following strategies. In our
estimation, we find that the elasticity of substitution η and productivity parameterZθ are weakly
separately identified. The moments tend to be sensitive to the ratio κ = Zθ/(η − 1), which
approximately corresponds to the Pareto tail of the sales distribution across firms (Gaubert and
Itskhoki, 2021). To address this, we fix η to 6 and estimate Zθ in the MSM routine.

Moreover, we fix the demand shifter for sector F good β to β=1.5 since it is not well iden-
tified by any of the moments that we have available. This reduces the parameter vector to
Φ = (Zθ, µT , σT , Fλ, Fk, µµ, σµ, ρ), thereby improving the precision of estimation.

5.4 Model Fit

Table 4 compares the model-based values of the 20 moments targeted in estimation with their
empirical counterparts. The ability of the model to closely replicate the distribution of the
number of firms and self-employment is essential for the quantitative analysis of labor market
power. Despite its parsimony, the model provides a good fit for the data overall.

The model effectively captures the different measures of concentration across local labor
markets, such as the mean (log) number of medium-to-large firms in the average labor market,
the unweighted and weighted mean employment-based HHI across local labor markets, and the
high concentration ratios. While the model reasonably matches the high share of monopson-
istic labor markets, which is 39% in the data but 48% in the model, the match is not perfect.
However, the observed 8% payroll share of these markets is exactly replicated by our model.

The model also provides a satisfactory fit of the share of wage workers across markets. The
model predicts that about 60% of workers are wage workers, while the data shows that around
70% of workers are in wage employment.32 The earnings of wage workers are about 0.23 log
points higher than that of self-employed workers, both in the model and the data.

Lastly, the model accurately replicates the cross-sectional correlation of earnings, ability,
wage employment rates, and total sales with the payroll HHI. All coefficients are estimated to
be economically and statistically significant, even though the standard errors were not targeted
in estimation. The magnitudes are broadly similar between the model and the data, with the
exception of those related to the correlation of mean wage sector earnings and total firm sales
with HHI, which the model overshoots and undershoots, respectively.

32Table 3 shows that the wage-employment share in manufacturing is 60%, which is what our model predicts.
The 70% number used in estimation comes from a different dataset merging information about firms and workers
to ensure consistency with the model, while the 60% in Table 3 comes from the full sample of worker data.
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Table 4: Targeted Moments and Model Fit

Moment Model Data

1 Log Number of Firms (Mean) 1.35 1.22
2 Log Number of Firms (St. Dev.) 1.61 1.17
3 HHIek (Mean, Unweighted) 0.58 0.59
4 HHIek (St. Dev.) 0.42 0.35
5 HHIek (Mean, Weighted) 0.24 0.31
6 CR1 (Mean) 0.63 0.69
7 CR1 (St. Dev.) 0.37 0.29
8 CR3 (Mean) 0.79 0.88
9 CR3 (St. Dev.) 0.28 0.18

10 % Markets w/ 1 firm 0.48 0.39
11 Wagebill Share of Markets w/ 1 firm 0.08 0.08
12 (Log) Sales IQR 3.52 2.92
13 % Workers in Wage Employment (Mean) 0.6 0.71
14 % Workers in Wage Employment (St. Dev.) 0.21 0.32
15 (Log) (EarningsF /EarningsS) (Mean) 0.23 0.23
16 (Log) (EarningsF /EarningsS) (St. Dev.) 1.13 1.04

Coefficients and Std. Errors from Regression of:

17 Mean wage sector earnings on (log) HHIwbk -0.67 -0.14
0.1 0.02

18 Mean self-employment earnings on (log) HHIwbk -0.11 -0.18
0.11 0.06

19 % Workers in Wage Employment on (log) HHIwbk -0.1 -0.04
0.01 0.01

20 (Log) Total Sales on (Log) HHInk -0.52 -1.38
0.1 0.07

Notes. This table reports the moments used in the estimation and compares them with those calculated from
the estimated model. The data moments are computed in the sample of local labor markets where at least one
formal firm is active and the share of self-employed workers and wage workers is strictly between 0 and 1. See
Section 5 for more details on the moments’ construction.

Untargeted Moments We now examine the model’s fit for moments not targeted during es-
timation. In particular, we evaluate the model’s ability to replicate the reduced-form patterns
of labor market power across local labor markets. Like Table 2, Table 5 displays the heteroge-
neous patterns of labor market power across different subsets of local labor markets. For each
group, we report the mean of ψ̄k − 1 across all markets, where ψ̄k is the average markdown in
local labor market k defined in equation (20).

A direct comparison of the magnitude of the coefficients is not feasible as the results from
Table 2 correspond only to local average treatment effect (LATE) estimates, and they only
incorporate the response of a particular firm to its own MRPL shock, holding its competitors’
employment fixed; i.e., they do not take into account cross-firm general equilibrium effects.
However, these estimates, and the patterns they imply, are still informative as they represent a
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Table 5: Model Estimates of Labor Market Power

Self-Empl. Rate
Low High

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

All Markets 0.36

HHIwn ∈ (0, 0.15] 0.12

HHIwn ∈ (0.15, 0.25] 0.27

HHIwn ∈ (0, 0.25] 0.18 0.06

HHIwn ∈ (0.25, 1] 0.48 0.72 0.35

Notes. This table shows the mean markdown ψ̄k−1 across all markets (Column 1) and in different
subsets of markets (Columns 2 to 4) in the estimated model to compare with the reduced-form
markdown estimates in Table 2. As in the latter, low and high self-employment rates are defined as
below and above the average self-employment rate across local labor markets, respectively.

lower bound of the model estimates (Berger, Herkenhoff and Mongey (2022)).
The parameters in Table 5 corroborate this hypothesis as they are all larger than those found

in Table 2, albeit close and in the same order of magnitude. Moreover, the model performs
well in reproducing the observed patterns. The average markdown across local labor markets
is 0.36 in the model and 0.43 in the data. The model matches the correlation between av-
erage markdown and concentration for low and medium-concentrated markets. However, it
somewhat understates the average markdown in highly-concentrated markets, which is 0.48 in
the model and 0.60 in the data. Furthermore, the model reflects the mitigating role of self-
employment. As in the data, labor market power is highest in markets with high employer
concentration and low self-employment rates, the average markdown being 0.72 in the model
and 0.75 in the data. Labor market power is much lower in markets with a higher than average
self-employment share, consistent with the evidence in Table 2.

6 Counterfactual Policy Analysis

Armed with the estimated model, we provide two sets of counterfactual experiments. First,
we assess quantitatively the role of labor market power in explaining Peruvian labor market
outcomes. Second, we consider three policies promoting industrialization and increasing wage
employment by targeting firms or workers. We quantify their aggregate and distributional im-
pact, and the role of labor market power in shaping their effectiveness.
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6.1 Impact of Labor Market Power

To investigate the consequences of labor market power on labor market outcomes, we introduce
an indicator, ι ≡ dNF,k

dniF,k
= {0, 1}, in our general equilibrium model. This indicator captures

strategic interactions among firms in the labor market. When ι = 1, firms fully internalize
the impact of their labor demand on aggregate labor demand and wages. Conversely, when
ι = 0, firms do not consider such consequences and act as wage-takers in the labor market. Our
baseline model assumes ι = 1 as firms compete for workers à la Cournot.

Under more general assumptions on the market structure, the wage markdown of firm i in
market k can be expressed as:

ψiF,k = 1 + ι
siF,n

ε(Ŵk)
, (26)

which is a generalization of equation (16).33 This expression highlights that when employers
act as wage-takers, the markdown always equals one. We can therefore gauge the role of labor
market power in equilibrium by comparing the baseline economy with one that sets ι = 0.

Figure 3 presents the first set of results. Panel (a) compares the distribution of the share of
wage employment across markets in the baseline and in the counterfactual economy with no
labor market power. It shows that labor market power significantly restricts wage employment
in Peru. Specifically, if labor markets were perfectly competitive, the average share of wage
employment would rise by more than ten percentage points, from 60 to 71%, and the number
of markets where wage employment accounts for over 80% of jobs would double.

Panel (b) focuses on employer concentration and reveals that, despite increased market entry,
high concentration persists and even increases in an economy without labor market power. This
result is due to market share reallocation. In the baseline economy, the most productive firms
have higher markdowns and thus are the most distorted ones.34 However, in the absence of
labor market power, this source of misallocation disappears, resulting in an increase in market
share for the most productive firms and, ultimately, higher concentration.

Panels (c) and (d) show that labor market power depresses average earnings from both wage
work and self-employment. Without labor market power, average earnings would increase by
31% in the wage employment sector, and by 27% in the self-employment sector.

Next, we leverage the insights from Section 4.3.2 to decompose the change in average earn-
ings in both sectors into their different components. Equations (27) and (28) summarize the
results, where the operator ∆ι for a given outcome variable X is defined as the average log

33To arrive at this equation, notice that the wage markdown of firm i in market k can be represented as:

ψiF,k = 1 +
d lnWF,k

d lnniF,k
= 1 +

d lnWF,k

d lnNF,k
· dNF,k
dniF,k

· niF,k
NF,k

= 1 + ι
siF,n

ε(Ŵk)
.

In the baseline economy ι = 1 such that the markdown converges to equation (16).
34For a more detailed analysis of a similar misallocation effect, see Berger, Herkenhoff and Mongey (2022).

For empirical evidence of this chanel see also Eslava, Haltiwanger and Urdaneta (2023).
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Figure 3: Effects of Labor Market Power
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Notes. The three panels show the distribution of key labor market outcomes across markets in the baseline (blue) and in the
counterfactual economy (red) with no labor market power.

difference in outcome X across local labor markets between the counterfactual and baseline
economy, i.e., ∆ι lnX ≡ K−1

∑K
k=1 ( lnXk|ι=1 − lnXk|ι=0).

∆ι ln ĒF,k
0.3126

=

markdown(
−̂̂Φ∆ι ln ψ̄F,k

̂̂
Φ
)

0.2862

+

misallocation̂̂
Φ∆ι lnZF,k

̂̂
Φ

0.0653

+

general equilibrium(̂̂
Φ∆ι lnGEF,k

̂̂
Φ
)

−0.0386

+

selection̂̂
Φ∆ι lnAF,k

̂̂
Φ

−0.0003

(27)

∆ι ln ĒS,k
0.2725

=

general equilibrium(̂̂
Φ∆ι lnPS,k

̂̂
Φ
)

0.1794

+

selection(̂̂
Φ∆ι lnAS,k

̂̂
Φ
)

0.0931

(28)

In the wage sector, the change in average worker earnings can be attributed entirely to the
change in earnings per efficiency units, captured by the first three terms in equation (27). The
absence of markdowns in the economy without labor market power explains most of the unit
(and average) earnings differential, increasing wages by about 28.62%. The reduction in misal-
location further increases average earnings by about 6.5% in the economy without labor market
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power, while general equilibrium effects slightly offset these effects, reducing average wages
by 3.9%. The latter effect is due to an increase in the average markup in the economy without
labor market power, which results from the reallocation of market shares towards more pro-
ductive (and high-markup) firms. The selection channel plays virtually no role, consistent with
there being only mild negative selection in wage employment.

Equation (28) shows that average earnings also increase in the self-employment sector.
About two-thirds of this effect is explained by an increase in unit earnings per efficiency
unit, fully attributable to general equilibrium effects on output prices. Unlike the wage sec-
tor, the selection channel plays here a crucial role in determining the change in earnings in self-
employment. The average ability in self-employment is 9.3% higher in the counterfactual econ-
omy, as more workers opt for wage work. The positive worker selection in self-employment
explains the increase in average ability as the self-employment share decreases.

Overall, the results in this section demonstrate that labor market power has a strong hold on
the Peruvian economy. It contributes to the scarcity of wage jobs and the stagnation of firms’
size and reduces worker earnings in the wage and self-employment sector through markdowns,
selection, misallocation, and general equilibrium effects. In addition, our findings highlight
the critical role of worker self-selection as a crucial margin through which labor market power
decreases worker earnings in the self-employment sector.

These results have important implications for scholars and policymakers interested in under-
standing the factors that shape labor market outcomes and designing effective interventions to
promote inclusive economic growth and development. In the next section, we explore this idea
further by simulating policy interventions in our economy and examining the impact of labor
market power.

6.2 Industrial Policy

Despite the long-standing focus on increasing wage employment to promote inclusive growth,
policy interventions in this direction have often had limited impact (Bandiera et al., 2022).
This section seeks to investigate whether the interplay between labor market power and self-
employment can help explain the limited impact of these policies.

In the model, the decisions of heterogeneous firms and workers across local labor markets
depend on the following market-level fundamentals: (i) firm productivity shifters Tk, (ii) fixed
firm entry cost f ek , and (iii) the workers’ joint ability distribution Gk. Governments around
the developing world have implemented numerous policies to create more job opportunities
by targeting these underlying factors. We examine three of these policies and their estimated
effects, then simulate and evaluate their impact within our model to evaluate the contribution
of labor market power, both qualitatively and quantitatively.
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6.2.1 Firm Productivity

To increase firms’ productivity, policies have often focused on increasing market integration
(McCaig and Pavcnik, 2018), primarily through improving infrastructure (Fiorini, Sanfilippo
and Sundaram, 2021). The objective is to increase market access, which increases productivity
by reducing information frictions and shipping costs on both the input and output sides.

To evaluate this kind of intervention, we use a road infrastructure project in Peru as a case
study. Between 2003 and 2010, Peru invested an average of approximately 895 million USD
per year in constructing over 5,000 kilometers of new roads, which expanded the leading road
network by over 10%. Using a reduced-form analysis, Volpe Martincus, Carballo and Cusolito
(2017) find that firm exports increased by 3.7% on average due to the new road construction.
Building on this evidence, we calibrate a shock to market-level productivity (Tk) in our model to
achieve an average 3.7% increase in firm sales across local labor markets to assess the potential
impact of a comparable infrastructure development program in our model.

The experiment shows a productivity shock of 2.7% in Tk is needed to achieve the targeted
sales increase. Despite the uniform shock, its effect varies significantly across local labor
markets. Panel (a) of Figure 4 reports the estimated impact of the policy across local labor
markets, which we group in six bins according to the policy-induced change in labor market
power. The number on top of each blue bar reports the total payroll share of markets in that
bin. The Figure shows a substantial increase in wage employment shares and average wages
in some markets but only marginal changes in most markets. Changes in markdown appear
to account for the observed patterns, as labor market power declines significantly in markets
where the policy is most effective but only moderately changes (increases) everywhere else.

The heterogeneity in markdown changes results from the different impacts of the policy on
two underlying factors: labor market concentration and labor supply elasticity. While concen-
tration mostly decreases with increased productivity, the average labor supply elasticity also
decreases due to more worker selection into wage work. In most markets, the latter suppresses
any policy effect on labor market power, and markdowns increase slightly due to the policy. Our
findings suggest that, on average, a 2.7% increase in productivity in local labor markets leads
to a 0.8% increase in the average wage markdown, a 0.8% increase in the wage employment
share, and a 1.5% increase in the average wage.35

We now ask how much the same infrastructure project would impact labor markets if those
were perfectly competitive. We compare the policy effects predicted by the baseline model
with those estimated in the counterfactual economy where strategic interactions among firms
are eliminated, as in Section 6.1. Table 6 shows the results. For each policy exercise, it shows
the average effects across markets in the baseline economy (∆Ȳι=1), in the counterfactual econ-
omy with no labor market power (∆Ȳι=0), and the percent difference between the two, which
is, therefore, a difference-in-differences (% DID) estimate. Columns 1 to 3 focus on the pro-

35The numbers are similar when markets are weighted by their nationwide payroll share.
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Figure 4: Effects of Policy Shocks Across Markets

(a) Firm Productivity

<0.01

<0.01

<0.01
<0.01

0.11 0.88

-0.25 -0.05 -0.02 0 0.02 0.05

-0.3

-0.2

-0.1

0

0.1

0.2

0.3

(b) Firm Entry

<0.01

<0.01

0.07

0.13

0.29

0.51

-0.7 -0.5 -0.25 -.15 -.005 0

-0.7

-0.6

-0.5

-0.4

-0.3

-0.2

-0.1

0

0.1

0.2

0.3

(c) Worker Skills

<0.01

0.02

0.04
0.06

0.13

0.74

-0.25 -0.10 -0.05 -.025 0 0.05
-0.4

-0.3

-0.2

-0.1

0

0.1

0.2

0.3

Notes. The three panels illustrate the estimated change in wage markdown, wage employment share, and average wage
across local labor markets resulting from the three policy experiments. It does so for separate bins determined by the size of
the markdown change. The numbers next to each set of bars indicate the payroll share of local labor markets in that bin.

ductivity shock, showing that the presence of labor market power affects the pass-through of
productivity shock to wages. In the baseline economy with labor market power, the average
markdown increase illustrated in Panel (a) of Figure 4 reduces the wage take-home share de-
spite increasing worker productivity. This results in a lower pass-through of productivity shock
to wages (56%) and a minor increase in wages (1.5%) compared to the scenario without labor
market power, where the pass-through is higher (81%) and the wage increase is almost 50%
higher.

Table 6 also shows that labor market power affects earnings from self-employment, with
a smaller increase (1.2%) in the baseline economy compared to the scenario without labor
market power (1.9%). This result is due to two underlying mechanisms: the improvement
in the selection and average ability when the self-employment sector shrinks and the demand
shock in both sectors through general equilibrium forces. In the aggregate, the effect of the
policy on aggregate labor income is 64% higher in the presence of perfectly competitive labor
markets relative to the baseline economy with labor market power.
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Table 6: Average Effect of Policy Shocks: Difference-In-Differences

Firm Productivity ∆Tk Firm Entry ∆fek Worker Skills ∆µ̂k

∆Ȳι=1 ∆Ȳι=0 % DID ∆Ȳι=1 ∆Ȳι=0 % DID ∆Ȳι=1 ∆Ȳι=0 % DID
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Wage Employment Share 0.008 0.009 0.125 0.012 0.005 -0.583 0.035 0.029 -0.171

Log Avg. Wage āFWF 0.015 0.022 0.467 -0.026 -0.019 -0.269 0.065 0.079 0.215

Log Avg. Self-Empl. earnings āSWS 0.012 0.019 0.583 -0.03 -0.021 -0.3 0.051 0.068 0.333

Log Labor Income 0.011 0.018 0.636 -0.031 -0.021 -0.323 0.047 0.066 0.404

Notes. This table reports, for the main outcomes and the three policy experiments, the average effect of the policy change across markets in the baseline
economy (∆Ȳι=1), in the counterfactual economy with no labor market power (∆Ȳι=0), and the percent difference between the two (% DID).

6.2.2 Firm Entry Cost

Policies to reduce entry costs typically involve government programs that simplify entry regu-
lation. A case in point is the Mexican Rapid Business Opening System (SARE), which aimed
to simplify local business registration procedures across different Mexican municipalities at
various times starting in May 2002. Both Kaplan, Piedra and Seira (2011) and Bruhn (2011)
evaluate the impact of the reform on several economic outcomes at the municipality level.36

Bruhn (2011) finds that the reform increased the number of registered businesses by 5% and
the fraction of wage earners in eligible industries by 2.2%. Similarly to what we have done
for productivity, we can target a similar wage employment increase, back up the underlying
decrease in f ek , and evaluate the effects of such policy change within the estimated model.

We find that reducing fixed costs by 41.5% across local labor markets is required to achieve
an average increase in wage employment of 2.2%. Despite the notable decline in entry costs,
Panel (b) in Figure 4 shows that the labor market impact of this policy would be minor in most
markets, and that labor market power is once again responsible for the muted effects. Wage
employment and average wages increase the most in those markets where labor market power
decreases substantially, but these markets account for a small fraction of nationwide payroll.

In more than half of the local labor markets, the policy does not change wage markdowns nor
wage employment shares and lowers labor income. Two mechanisms are responsible for this
result. First, the increase in wage work supply elasticity offsets the negative effect of decreasing
concentration on markdowns. Second, the entry of inefficient firms leads to a decline in the
workers’ marginal revenue product and wages. Remarkably, Bruhn (2011) also finds that the
income of incumbent businesses decreases by 3%, which is consistent with the adverse effects
on wages and income due to increased entry that we estimate within the model.

Columns 4 to 6 of Table 6 show the impact of labor market power on policies aimed at

36The main difference between the two is that Bruhn (2011) uses household data from the labor market survey.
In contrast, Kaplan, Piedra and Seira (2011) use social security data.

36



promoting business entry. The increase in wage employment is 58% higher in the baseline
economy than in the counterfactual one, but the effect is small (1.2%) and does not come close
to filling the initial 11 percentage point gap. Notably, while the earnings of both wage workers
and self-employed always decrease when entry costs decline, the reduction is more significant
in the economy with labor market power, with the decrease in labor earnings being about 32%
lower in the absence of labor market power.

Decomposing the changes in average wages reveals that the observed results are due to
differential changes in the workers’ marginal revenue product of labor. The reduction in the
average MRPL due to the policy is twice as large in our baseline economy (4%) than in the
economy with no labor market power (2%). This result is attributed to labor misallocation
in the baseline economy, where the most productive firms are also the most distorted ones.
Their payroll share is lower than optimal, resulting in a more substantial reduction in average
productivity following the entry of low-productivity firms. The reduction in productivity more
than offsets the reduction in markdowns due to increased employer competition, leading to a
decrease in average wages. Even in self-employment, where average ability increases due to
favorable worker selection, earnings decrease due to general equilibrium demand effects.

6.2.3 Worker Skills

The policies discussed so far have focused on firms and labor demand. We now consider a
distinct set of policies to enhance the supply of wage work by supporting workers, such as skill
training and apprenticeship programs. These programs operate under the assumption that a
lack of specific technical skills is responsible for the lack of employment and that these skills
can be acquired through short-term training (McKenzie, 2017).

Several programs of this kind have been implemented in Latin America, including the Peru-
vian Job Youth Training Program, also known as Projoven. The program was created in 1996
and ran until 2010, aiming to provide young people with limited resources with short-term
training and labor market experience related to the needs of the productive sector, thus oriented
towards meeting employers’ demand.37 An experimental evaluation of Projoven by Díaz and
Rosas-Shady (2016) found that around two years after the program’s completion, randomly
selected participants had a 3.6 percentage point higher chance of finding wage employment
compared to the control group, although the effect was not statistically significant.38

To simulate a similar training program in our model, we consider a shock to the workers’
mean comparative advantage in wage work µ̂k = µF,k − µS,k. In order to increase wage em-
ployment by 3.6%, mean comparative advantage µ̂k needs to rise from 0 to 0.12. Similarly to
firm productivity and entry policies, Panel (c) of Figure 4 shows that the effect of the train-
ing program would be highly heterogeneous across markets and would mostly depend on the

37The program cost per beneficiary (including operating costs and a stipend) was around 420 USD.
38However, they did find significant positive effects on the probability of having formal employment, such as

jobs with health insurance and pensions.
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changes in labor market power. The average markdowns can either increase or decrease. On the
one hand, the higher availability of skilled wage work encourages firm entry, which leads to a
rise in the share of wage employment and a decrease in market concentration and wage-setting
power. On the other hand, as workers’ comparative advantage in wage work increases and more
workers sort into wage work, the supply elasticity of the latter decreases, which increases labor
market power. As with the previous two policy exercises, in the average local labor market,
these two effects compensate each other, and the average markdown is almost unchanged.

Columns 7 to 9 of Table 6 show how the effect of policies targeting worker skills would
change in the absence of labor market power. The average ability of wage workers increases
by 12% in both scenarios by construction. However, wages only increase by 6.5 and 8% in
the baseline and counterfactual economy, respectively. This is because the policy reduces unit
wages, with a greater reduction occurring when firms have labor market power. Interestingly,
and consistent with Panel (c) of Figure 4, the policy’s effect on unit wages is not due to in-
creased labor market power. Instead, unit wages decline because the entry of inefficient firms
affects the workers’ marginal revenue product of labor. The latter effect is more pronounced
in the presence of labor market power due to a misallocation effect, whereby low-productivity
firms hold a huge share of payroll.

As more workers sort into wage work, selection improves in self-employment and average
ability and wages increase. However, the latter increase differentially more in the absence of
labor market power due to more substantial general equilibrium effects on sectoral demand
and unit wages. Taken together, labor income increases by 40% more in the economy without
labor market power. Labor market power significantly lowers the impact of policies aimed at
improving worker skills, primarily through misallocation and general equilibrium effects.

6.2.4 Summary

This section shows that our framework provides a useful lens for understanding the effects
of industrialization policies aimed at increasing wage employment and wages, which depend
on their impact on labor market power. These policies are most effective when they reduce
wage markdowns substantially, but this is rare. In most cases, worker sorting and its effect
on aggregate labor supply elasticity fully offset the policy’s negative effects on labor market
power via concentration, reducing policy impact on labor market outcomes. Generally, these
policies would be more effective in the absence of labor market power because of the selection,
misallocation, and general equilibrium effects described above.

7 Conclusions

Understanding the persistently high self-employment rates in many emerging economies, de-
spite substantial policy efforts to reduce them, is a pressing question for development economists.
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This paper argues that understanding labor market power and its interplay with self-employment
is essential to addressing this issue. To support our argument, we present new evidence on labor
market power in Peru, a new general equilibrium model, and counterfactual policy experiments.
Our model replicates key features of labor markets in low- and middle-income countries. Us-
ing the model, we demonstrate that labor market power depends on both traditional demand-
side determinants, namely, employer concentration and oligopsony power, and less traditional
supply-side determinants, and in particular the variable labor supply elasticity generated by the
sorting of heterogeneous workers across wage work and self-employment.

We demonstrate that self-employment has a dual role in the presence of labor market power.
While it can safeguard workers against the dominance of large firms, by offering a livelihood
when wage employment opportunities are scarce, it can also hamper the effectiveness of indus-
trial policies designed to make wage employment more attractive. This is due to the variable
supply elasticity of wage work. This elasticity increases when concentration is high and wages
are low, yet decreases when the wage employment sector expands.

These findings shed light on the role of self-employment in development. On the one hand,
they challenge the traditional view of the self-employment sector as a source of inelastic labor
supply to the industrial sector, as in Lewis (1954) and Rauch (1991). On the other hand, they
suggest that labor market power may prevent the “capitalist” sector from absorbing an efficient
share of workers, leading to an overreliance on self-employment and potentially hindering the
development process. Therefore, the design of development policies must acknowledge the
complex interplay between labor market power, self-employment, and industrial development.

The findings in this paper have implications beyond the context of low-income countries. In
high-income countries, the advent of the digital economy, though still recent (Farrell and Greig,
2016), has fundamentally changed the nature of firms and work, leading to increased availabil-
ity of self-employment and flexible work arrangements and a decline in traditional employment
relationships. At the same time, there is growing evidence that firms hold a substantial degree
of labor market power over wages. Understanding the interplay between the rise of the digital
economy and labor market power of more traditional employers is a promising direction for
future work.
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Appendix for Online Publication

A Additional Tables and Figures

Table A.1: Employer Concentration Across Local Labor Markets

Full Sample Merged Sample
Mean St. Dev. Mean St. Dev.

Number of Firms 6.39 10.37 7.25 11.19

Wage-bill HHI 0.65 0.33 0.61 0.34
Wage-bill HHI (Weighted by LLM payroll share) 0.37 0.03 0.37 0.03
Wage-bill HHI (Weighted by LLM employment share) 0.34 0.03 0.34 0.03

Employment HHI 0.63 0.35 0.59 0.35
Employment HHI (Weighted by LLM payroll share) 0.33 0.03 0.33 0.03
Employment HHI (Weighted by LLM employment share) 0.31 0.02 0.31 0.02

Percent of LLMs with 1 firm 38.78 2.27 38.78 2.29
Payroll Share of LLMs with 1 firm 7.94 1.79 7.96 1.81
Employment Share of LLMs with 1 firm 7.80 1.23 7.81 1.25

Number of Local Labor Markets 280 228
Number of Locations 61 48
Industries 23 22

Notes. This table reports summary statistics and employer concentration measures from firm-level data from EEA across
Peruvian local labor markets, averaging across 2004-2011. It shows them separately for the entire sample and for the one
merged with worker-level data from ENAHO. Local labor markets are defined by 2-digit industries within locations, the latter
corresponding to Peruvian provinces or commuting zones.
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Figure A.1: Employer Concentration Across Local Labor Markets
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Notes. The figure plots the distribution of the three employer concentration measures – wage-bill HHI (top left panel), employment
HHI (top right panel), and number of firms (bottom center panel) – across local labor markets. The blue lines represent the unweighted
measures, whereas the orange lines plot the share of payroll accounted by those local labor markets. The blue solid line corresponds to
the unweighted average, while the dashed line corresponds to the weighted average, where weights are given by the local labor market’s
share of nation-wide payroll.
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Figure A.2: Correlation Between Employer Concentration Measures
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Notes. The figure plots the raw correlation of the three employer concentration measures – wage-bill HHI, employment HHI, and number
of firms (bottom center panel) – one against the other across all local labor market-level observations. Wage-bill and employment HHI are
strongly positively correlated and they are both strongly negatively correlated to the number of firms.

Figure A.3: Employer Concentration Across Local Labor Markets - Census Data vs EEA Data

(a) 2007 Census Data (b) 2007 EEA dataset
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Notes. The figure plots the distribution of wage-bill HHI computed from the 2007 Peruvian Economic Census (left panel) and the same
distribution computed from 2007 EEA dataset (right panel) across local labor markets in the manufacturing sector. The blue solid line in
both panels corresponds to the unweighted average, while the dashed line corresponds to the weighted average, where weights are given
by the local labor market’s share of nation-wide payroll.
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Figure A.4: Distribution of the Estimated Electricity Wedge
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Notes. The figure plots the distribution of the estimated electricity wedges ̂ln(1 + τeij) obtained
following equation (1) as the estimated residuals from the regression of the (log of) inverse elec-
tricity expenditure share ln (pijyij/eij) over the full set of 4-digit industry fixed effects and
second-degree polynomials of output market shares in both the local labor market and economy-
wide. The vertical bar indicates the value of the median across firms at baseline, i.e. as observed
in the first year in which they appear in the data.
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Figure A.5: Cobb-Douglas and Population Shares in the Data
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Notes. Xk = NkX̃k so that EXk = 1 for X = {θ, L}. Summary statistics are as follows. For the θ̃k: mean is 0.85%. The largest
Cobb-Douglas share is 11.7%, the 90th percentile is 2.2%, the median is 0.03% and the 10th percentile is 0.003%. For the L̃k: mean is
0.85%. The largest population share is 6%, the 90th percentile is 2.5%, the median is 0.35% and the 10th percentile is 0.06%. The correlation
coefficient from a regression of expenditure shares on population shares is 1.18, with standard error 0.14.
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B Aggregate Supply Elasticity of Wage Work

In this section, we discuss conditions under which the aggregate supply elasticity of wage work
decreases with the relative unit wage. For expositional clarity, we omit the local labor market
subscript, and we write the labor supply elasticity in the wage employment sector as:

N(x) =

∫ ∞
0

∫ aF ·x

0

aF g(aF , aS)daFdaS,

where x denotes the relative wage per efficiency unit in the wage employment sector. The
previous function corresponds to equation (9) in the main text.

The first and second derivatives of N(x) can be found as:

N ′(x) =

∫ ∞
0

a2
Fg(aF , aFx)daF > 0

and
N ′′(x) =

∫ ∞
0

a3
FgaS(aF , aS)daF .

The aggregate elasticity of wage work supply is thus given by:

ε(x) ≡ N ′(x)
x

N(x)
=

x
∫∞

0
a2
Fg(aF , aFx)daF∫∞

0

∫ aF ·x
0

aF g(aF , aS)daFdaS
> 0. (1)

To determine when ε(x) is decreasing in x, we need to examine the sign of its derivative
with respect to x:

ε′(x) = N ′′(x)
x

N(x)
+N ′(x)

N(x)−N ′(x)x

N2(x)
.

We find:

ε′(x) < 0

N ′′(x)

N ′(x)
x

(
N ′(x)

N(x)

)
<

(
N ′(x)

N(x)

)2

x− N ′(x)

N(x)

⇐⇒ N ′′(x)

N ′(x)
x <

N ′(x)

N(x)
x− 1

⇐⇒ ρ(x) < ε(x)− 1

where ρ(x) ≡ N ′′(x)
N ′(x)

x is the super-elasticity of labor supply, measuring the percentage change
in the aggregate supply elasticity following a one percent increase in the relative wage. The
latter inequality says that, for the elasticity to be decreasing in x, the super-elasticity of labor
supply must be sufficiently lower than the labor supply elasticity ε(x). We verify numerically
that this condition is always satisfied when the distribution g(aF , aS) is joint log-normal.
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C Sorting and Joint Log Normality

C.1 Ability Distribution and Sectoral Earnings

In Section 4.3.2 we argued that the scope and sign of the selection channel depend on the
parameters of the workers’ ability distribution, and in particular on the schedules of abso-
lute and comparative advantage. This section illustrates this point under a standard functional
form restriction for the joint ability distribution Gk(aF , aS), namely, joint log-normality. For
simplicity, we focus the discussion on a single market k and drop the market-level subscript
hereafter.

Let the abilities a = (aF , aS) be drawn from the following joint log-normal distribution:

log a ∼ N(µ,Σ), where µ =

(
µF

µS

)
, and Σ =

(
σ2
F %σFσS

%σFσS σ2
S

)
(A.2)

where µ governs the absolute advantage of workers Σ governs the extent of comparative ad-
vantage, and % captures the correlation between aF and aS .

Following Heckman and Sedlacek (1985), let us define the term σ∗ =
√
σ2
F + σ2

S − 2%σFσS .
The probability that a given worker operates in sector F is equal to

Pr (h ∈ wage sector) = Φ(cF ), cF ≡
ln Ŵ + µ̂

σ∗
(A.3)

where Φ(·) is the cumulative distribution function of a normal standard variable, Ŵ ≡ WF

WS
is

the relative wage per efficiency unit of labor in the wage employment sector, and µ̂ ≡ µF − µS
is mean comparative advantage. The probability of operating in sector S is instead equal to
Φ(cS) = 1− Φ(cF ) = Φ(−cF ).

The mean average ability in each sector, which is defined as the log endowment of efficiency
units of labor, is given by

AF ≡ E
(

ln aF |aF Ŵ > aS

)
= µF +

(
σ2
F − %σFσS

σ∗

)
λ(cF )

AS ≡ E
(

ln aS|aF Ŵ < aS

)
= µS +

(
σ2
S − %σFσS

σ∗

)
λ(cS)

(A.4)

where λ(x) ≡ φ(x)
Φ(x)

≥ 0 is the inverse Mills ratio, which is a convex monotone decreasing
function of x.

Consider now a shock ϑ to the economic environment that lowers the relative wage per
efficiency unit Ŵ , and therefore shrinks the wage employment sector. Given the system in
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(A.4), we can write the response of average ability in the two sectors as:

dAF
dϑ

=

(
σ2
F − %σFσS

σ∗

)
· dλ(cF )

dcF
· dcF
dϑ

dAS
dϑ

=

(
σ2
S − %σFσS

σ∗

)
· dλ(cS)

dcS
· dcS
dϑ

.

(A.5)

We know that dcF
dϑ

< 0 and dcS
dϑ

> 0 by construction. We also know that dλ(cF )
dcF

< 0 and
dλ(cS)
dcS

< 0. This implies that the signs of dAF
dϑ

and dAS
dϑ

are uniquely determined by the the two

terms
(
σ2
F−%σF σS

σ∗

)
and

(
σ2
S−%σF σS

σ∗

)
.

If the two abilities are uncorrelated (% = 0) or negatively correlated (% < 0), the numerators
of both terms are strictly positive, implying that dAF

dϑ
> 0 and dAS

dϑ
< 0. In this case, average

ability will increase in the wage employment sector and decrease in self-employment.
If instead % > 0 and σ2

F < %σFσS < σ2
S , then

(
σ2
F−%σF σS

σ∗

)
< 0 and

(
σ2
S−%σF σS

σ∗

)
> 0,

from which it follows dAF
dϑ

< 0 and dAS
dϑ

< 0. This means that if the correlation between
abilities is positive and high enough, and if abilities are more dispersed in the self-employment
sector compared to the wage employment sector, average ability will decrease in both the wage
employment and the self-employment sector.

C.2 Self-Employment and Relative Wage

The assumption of jointl log-normality on the sectoral abilities implies a tractable characteri-
zation of the aggregate supply elasticity of wage work.

Let us define the self-employment share in a generic local labor market as

self rate =
LS

LF + LS
.

From equation (A.3), we can write:

self rate = 1− Φ

(
ln Ŵ + µ̂

σ∗

)
(A.6)

Equation (A.6) shows that there exists a one-to-one negative relationship between the equilib-
rium self-employment share, and the market-level relative wage per efficiency unit Ŵ .

Because the cdf function Φ (·) is monotone and increasing, it is also invertible. By simple
algebra, we could further rearrange equation (A.6) to write:

Ŵ = exp
(
−µ̂+ σ∗Φ−1 (1− self rate)

)
, (A.7)

where Φ−1(x) is the quantile function or the inverse normal distribution function, which is a
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Figure A.6: Relative Wage Per Efficiency Unit and Self-Employment
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monotone increasing function of x.
Figure A.6 uses equation (A.7) to plot the relative wage Ŵ as a function of the self-employment

rate, showing a monotone negative relationship between the two. We thus write the latter in
compact form as Ŵ = h(self rate︸ ︷︷ ︸

−

). Given that the aggregate supply elasticity of wage work is

a function of Ŵ , it follows that we can also express it as:

εF

(
Ŵ
)

= εF

h(self rate︸ ︷︷ ︸
−

)


︸ ︷︷ ︸

−

= ε̃F

self rate︸ ︷︷ ︸
+

 .

C.3 Inferring Ability Distribution Moments

We now show that the assumption of joint log-normality also facilitates the estimation of the
ability parameters, and in particular of the variance matrix Σ.

When the abilities a = (aF , aS) follow the distribution in equation (A.2), the observed
variance of log earnings is equal to

V ar
(

ln aFWF,k|aF Ŵk > aS

)
= σ2

F +

(
σ2
F − %σFσS

σ∗

)2 [
λ(cF,k)cF,k − λ2(cF,k)

]
V ar

(
ln aSWS,k|aF Ŵk ≤ aS

)
= σ2

S +

(
σ2
S − %σFσS

σ∗

)2 [
λ(cS,k)cS,k − λ2(cS,k)

] , (A.8)

where
cF,k = Φ−1(wage share) and cS,k = −cF,k, (A.9)
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and where λ(c) is the inverse Mills ratio defined as above.
The left-hand side of equation (A.8) is observed in a cross section of workers’ earnings

across the two sectors. Similarly, equation (A.9) shows that we can easily recover the terms
cF,k and cS,k from simple inversion of the observed employment shares in the two sectors, from
which we can also get λ(cF,k), λ(cS,k).

Hence, under the assumption of common variance matrix across local labor markets, i.e.,
Σk = Σ for all k, the system in equation (A.8) is a system of 2×K equations in a vector of 3
unknowns, namely, Θ = (σF , σS, %).

We recover the vector Θ from a Minimum Distance Estimation (MDE) procedure with non-
negativity constraints on the parameters. Let hj,k(Θ) denote the RHS of equation (A.8). The
constrained minimum distance estimator of Θ is given by:

Θ̂ : arg min fk(Θ)′Wfk(Θ),

subject to σj > 0, and % ∈ (−1, 1),
(A.10)

where fk(Θ) ≡ V ar (ln as,kWs,k|as,kWs,k > a−s,kW−s,k)− hs,k(Θ) for s = {F, S} with W =

I. To obtain standard errors, we iterate the minimum distance estimation procedure 1000 times
using bootstrapped samples of local labor markets with replacement, thus keeping the sample
size equal to the original one.

Identification of Mean Absolute Advantage Terms Given the system of abilities in equa-
tion (A.4), one could also write the mean of log earnings in each sector in market k as:

E
(

ln aFWF,k|aF Ŵk > aS

)
= lnWF,k + µF,k +

(
σ2
F − %σFσS

σ∗

)
λ(cF,k)

E
(

ln aSWS,k|aF Ŵk ≤ aS

)
= lnWS,k + µS,k +

(
σ2
S − %σFσS

σ∗

)
λ(cS,k)

, (A.11)

which implies the following expression for the difference across sectors in the mean of log
earnings:

E
(

ln aF,kWF,k|aF Ŵk > aS

)
− E

(
ln aS,kWS,k|aF Ŵk ≤ aS

)
=

ln Ŵk + µ̂k +

(
σ2
F − %σFσS

σ∗

)
λ(cF,k)−

(
σ2
S − %σFσS

σ∗

)
λ(cS,k),

(A.12)

Equations (A.11) and (A.12) show that the absolute advantage terms µs for s = {F, S},
and the mean absolute advantage µ̂k, are not identified given cross-sectional data on mean
earnings. Even if the left-hand side in both equations is observed and the last (two) terms in
the right-hand side are known given the estimated Θ = (σF , σS, %) and {cF,k, cS,k}, the relative
unit wage (ln Ŵk) is unobserved and related to µ̂k via the joint ability distribution, hampering
identification.
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D Estimation Appendix

1. For given parameter values of (µT , σT ), (Fλ, Fk), and (µµ, σµ), we draw K local labor
market productivities Tk from the log-normal distribution with parameters (µT , σT ), K

local labor market fixed entry costs f ek from the Weibull distribution with parameters
(Fλ, Fk) and location parameter 0, and K mean absolute advantage parameters µk from
the log-normal distribution with parameters (µµ, σµ). We keep the seed of all random
draws constant throughout estimation.39

2. For given values of parameter Zθ and realization of Tk in each market k = 1, .., K,
we draw productivities of potential entrants {ziF,k}M̄i=1 as follows. We follow Eaton,
Kortum and Sotelo (2012) and draw the productivity of the most productive firm, which
follows a Frechet(Zθ, Tk) distribution, and each firm thereafter, with spacings following
an exponential distribution. Specifically, denote U (n)

k ≡ Tkz
(n)−Zθ
F,k , where n is the rank of

the firm in market k. Eaton and Kortum (2010) show thatU (1)
k , (U

(2)
k −U

(1)
k ), (U

(3)
k −U

(2)
k ),

etc., are i.i.d. exponential with cdfGU(u) = 1−e−u.We use the transformation to convert
the exponential draws into productivity draws {ziF,k}M̄i=1. We cap the number of shadow
firms M̄ at 85, which is the maximum number of firms observed in the data.

3. With the calibrated value of local labor market shares and populations {θk, Lk}Kk=1, the
normalization P = 1, and given the estimates of the variance matrix of ability distribution
Σ, the draws of {Tk, f ek , µk, {ziF,k}M̄i=1}Kk=1, and the remaining model parameters (ρ), we
implement the following fixed point procedure:

(a) Take an initial guess for aggregate income Y0, which completes the general equilib-
rium vector X = (Y, P ).

(b) Given X, we solve for the market equilibrium K = {M,Ŵ,Λ}, as described in
Section 4.2 in the main text and detailed in Section D.1 below. Because entry is
a computationally complex problem, we consider a simplified entry game, while
verifying that the approximation error is negligible.

(c) Given K, use the general equilibrium conditions (18) and (19) to solve for the new
values of Y .

(d) Update the initial values of Y0 taking the midpoint between the initial vector from
step (a) and the new vector from step (c), and loop over until convergence.

(e) Upon convergence of the equilibrium vector (X,K), simulate the model and calcu-
late the moment vector {mk(Φ)}Kk=1 for all markets k = 1, .., K, corresponding to
parameter vector Φ = (Zθ, µT , σT , Fλ, Fk, µµ, σµ, ρ).

39To avoid mechanical correlations between the draws from different distribution, we consider three different
(random) seed values for the three distributions. The correlation matrix is:

T
µ
fe

 1 . .
−.0037 1 .
−.1132 .0459 1


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4. On a grid for parameters Φ with 10,000 points, evaluate the moment function mk(Φ),
with moments described in Table 4, and the associated MSM loss function:

L(Φ) = f̂(Φ)′Wf̂(Φ),

where f̂(Φ) ≡ f(mk(Φ))− f(m̃k)

and where m̃k are the values of the moments in our empirical dataset, the function f(·)
is the simple average: f(xk) = K−1

∑
k xk, and W is the weighting matrix, which we

chose to be diagonal and inversely proportional to m̃.We use a Halton sequence to define
the grid points, so that it covers the whole parameter space more efficiently than if points
were regularly spaced.

5. With the results from the first Halton grid, we recompute a second finer Halton grid
of 10,000 points. We restrict this grid to be wide enough to encompass the 50 best
fitting parameter values of the previous grid, but exclude the regions with the highest loss
function. We iterate this procedure several times, until convergence to a narrow region of
the parameter space.

6. We take as our estimate (the global minimizer) the point of local convergence with the
lowest loss function, Φ̂ = arg minΦ L(Φ).

D.1 Solving for the Market Equilibrium

We now describe in details step 3(b), which solves for the market equilibrium. We first derive
the key equilibrium expression needed to solve for the relative wage in each market, and then
detail the algorithm.

D.1.1 Main Equilibrium Equation

The price of each firm i in market k is:

piF,k = µiF,k
WF,kψiF,k
ziF,kTk

,

with associated price index:

PF,k ≡
(∑

(piF,k)
1−σ
) 1

1−σ
=

WF,k

TkΦF,k

,

where ΦF,k ≡

([∑
i

(
ziF,k

µiF,kψiF,k

)σ−1
] 1
σ−1

)
is a market-level index of aggregate productivity,

which reflects both true productivity and misallocation effects. The self-employment sector is
competitive, such that aggregate prices reflect marginal cost: PS = WS.
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Given equation (6), we write:

PF,kYF,k
PS,kYS,k

= βρ
(
PF,k
PS,k

)1−ρ

=⇒ YF,k
YS,k

= βρ
(
PF,k
PS,k

)−ρ
.

Substituting for YF,k and YS,k using (11) and (13), using the equations above to substitute for
prices, and rearranging terms, we obtain:

Ŵk
ρ
N̂
(
Ŵk

)
= βρT ρ−1

k Φρ
F,kZ̃

−1
F,k, (A.13)

where N̂(Ŵk) ≡ NF (Ŵk)

NS(Ŵk)
is the relative labor supply (in efficiency units of labor) in sector F.

Equation (A.13) gives a vector of K equilibrium conditions in K unknowns {Ŵk}.
The profit of firm i are:

πiF,k = siF,kαF,kθkY

(
1− 1

µiF,kψiF,k

)
− f e,

where the sector market share αF,k, solves:(
αF,k

1− αF,k

)
= βρ

(
Ŵk

)1−ρ
T ρ−1
k Φρ−1

F,k .

D.1.2 Solution Algorithm (for given Mk)

With equilibrium condition (A.13), we can now lay out an algebraic algorithm to solve for
the market equilibrium {Ŵ,Λ}, given general equilibrium variables (Y, 1) and the number of
entrants {Mk}k. We will solve for the number of entrants next.

1. Given the GE vector X = (Y, 1), we first compute expenditures on each sector using the
Cobb-Douglas formula:

Yk = θkY. (A.14)

2. Given Yk and the set of entrants {Mk}, and market-level draws {Tk, f ek , µk, {ziF,k}
Mk
i=1}Kk=1,

the equilibrium in each LLM is a relative efficiency wage Ŵ = {Ŵk}, and vector
Λ = {{siF,k, sNiF,k, µiF,k, ψiF,k}i∈Mk

}k∈(0,1), such that:
(a) Given Ŵk, the vector Λ solves the following fixed point problem:

si =

(
µi

ψi
zi

)1−σ

∑Mk

i=1

(
µi

ψi
zi

)1−σ ,
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where the markup is

µiF,S =
εiF,k

εiF,k − 1
, with εiF,k=

[
1

σ
(1− siF,k) +

1

ρ
siF,k

]−1

,

and the markdown is

ψiF,k =

(
sNiF,k

εF,k(Ŵk)
+ 1

)
, with sNiF,k =

s
σ
σ−1

iF,k (ziF,k)
−1∑Mk

i=1 s
σ
σ−1

iF,k (ziF,k)−1
.

(b) Given Λ, the wage Ŵk solves (A.13).
3. We solve for {Ŵ,Λ} using an iterative fixed point procedure.

D.1.3 Entry (Solving for Mk)

Solving for exact equilibrium values of Mk is computationally costly, therefore, we adopt the
following approximation procedure. We assume that upon entry, firms consider a simplified
problem by expecting that they will charge the minimum markup and markdown. That is, we
assume that µ = σ

σ−1
and ψ = 1. The profits are:

πiF,k = siF,kαF,k
θkY

σ
− f e. (A.15)

With constant markups, the firm’s market share is only a function of productivity:

si =
(zi)

σ−1∑Mk

i=1 (zi)
σ−1

= sNi .

So to solve for profits above we have everything but the shares α. However, notice that un-
der the assumption of constant markups and markdowns, the index Φ(Ŵk) becomes: ΦF,k ≡([∑

i

(
ziF,k

µiF,kψiF,k

)σ−1
] 1
σ−1

)
=
(

σ
σ−1

)−1
Z̃F,k, where Z̃F,k ≡

([∑
i (ziF,k)

σ−1] 1
σ−1

)
, such that

equilibrium equation (A.13) becomes:

Ŵ ρ
k N̂k =

(
σ

σ − 1

)−ρ
βρ (TkZF,k)

ρ−1 , (A.16)

which means that Ŵk can be solved as only a function of known variables, for given Mk. With
Ŵk, the sector market share αF,k, solves:(

αF,k
1− αF,k

)
=

σ

σ − 1
ŴkN̂k, (A.17)

which allows to compute the profits of all entrants given equation (A.15). Hence, the number
of entrants can be solved as follows:
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1. For each value of M = 1, ..., M̄ and each k = 1, .., K, compute the relative wage, sector
market share, and profits of marginal entrants from equations (A.15), (A.16), and (A.17).

2. An equilibrium of the entry game is achieved when, for a given number of entrantsM, the
profits of the marginal entrant are non-negative, while for any additional entrant M + 1,

profits upon entry would be negative.

D.1.4 Solution Algorithm (General)

We can finally put pieces together and describe the algorithm that solves for the market equi-
librium K = {M,Ŵ,Λ}.

1. First, given the general equilibrium vector (Y, 1), solve for the number of entrants in each
market {Mk}Kk=1 following the simplified entry game described in D.1.3.

2. Given the general equilibrium vector (Y, 1) and the number of entrants {Mk}Kk=1, solve
for the vectors {Ŵ,Λ} following the procedure described in D.1.2.

D.1.5 Approximation Error

To assess the approximation error of adopting the simplified entry procedure instead of the
full procedure, we proceed as follows. With the estimated model parameters that we obtain
following the procedure in Section 5, we compute the equilibrium in the simplified entry world
as well as in the full entry model. We check numerically that our procedure recovers a Mk

which differs from the exact solution by at most one firm. This differences does not affect the
main results in the paper, neither qualitatively nor quantitatively. For this reason, we view this
approximation error as small, and adopt the simplified entry assumption throughout.
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