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ABSTRACT 

This study estimates the effects of urban agglomerations on the wages of formal Brazilian 

workers from 2010 to 2018, simultaneously controlling the effects of the spatial sorting of 

workers and firms and the worker-firm match. To the best of our knowledge, this study is the 

first to conduct an analysis that simultaneously controls for these effects to Brazil. The study 

uses a panel of paired worker-firm data from RAIS (2010–2018), estimated by multiple fixed 

effects, to perform this analysis. Even after this analysis, there may be endogeneity between 

employment density and wages. To address this issue, the model is estimated using instrumental 

variables. The results found in the main model of this study show that there is a net effect of 

agglomerations on wages of 1.69%, which is a coefficient well below those found in most 

studies. Furthermore, the results point to the importance of the spatial sorting of workers and 

firms and the little contribution of the worker-firm match in determining the wages of the 

Brazilian local labor market areas. 

Keywords: Agglomeration economies. Wages. Sorting. Worker-firm match. 

 

 

RESUMO 

Este artigo mensura os efeitos das aglomerações urbanas sobre os salários dos trabalhadores 

formais brasileiros no período de 2010 a 2018, controlando, simultaneamente, os efeitos do 

sorting espacial dos trabalhadores, das firmas e do match trabalhador-firma. Este estudo é, até 

então, o primeiro a fazer uma análise que controla, de maneira simultânea, esses efeitos para o 

Brasil. Para realizar essa análise, utiliza-se um painel de dados pareado trabalhador-firma, 

oriundos da RAIS (2010-2018), e estima-se por múltiplos efeitos fixos. Mesmo após as 

estimações por múltiplos efeitos fixos, é possível que estimativas estejam enviesadas devido a 

possível endogeneidade entre a densidade do emprego e os salários. Para lidar com esse 

problema, estima-se por variáveis instrumentais. Os resultados encontrados no modelo 

principal deste estudo mostram que existe um efeito líquido das aglomerações sobre os salários 

de 1, 69%, o que é um coeficiente bem abaixo dos encontrados na maioria dos estudos. Além 

disso, os resultados apontam para importância do sorting espacial dos trabalhadores e firmas e 

para pouca relevância do match trabalhador-firma na determinação dos salários das áreas de 

mercado de trabalho local do Brasil. 

Palavras-chave: Economias de aglomeração. Salários. Sorting. Match trabalhador-firma. 

JEL Classification: R23; E24; J31; C23; C26  
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1 INTRODUCTION 

 The relationship between urban density and productivity is understood as the main 

reason for the existence of cities; therefore, understanding this relationship is fundamental in 

studies on agglomeration (GLAESER; RESSEGER, 2010). The large regional disparities 

(growth, wages, per capita income, for example) observed in different territories or often within 

the same territory are the basis for studies on agglomeration economies. 

 These disparities can be observed in developed and developing countries. Despite 

occupying only 2.2% of the total area of France, the Paris metropolitan area has 18.9% of the 

country’s total population and produces 30% of French GDP (FUJITA; THISSE, 2002). In 

Brazil, according to the Brazilian Institute of Geography and Statistics (IBGE), in 2017, the 

municipality of São Paulo accounted for 5.8% of the population. It occupied 0.018% of the 

Brazilian territory, accounting for 10.6% of the national GDP. These results indicate the 

importance of spatial components in determining local productivity. 

The agglomeration of population and economic activity in large urban centers may be 

due to the attractiveness of these places in producing, by the large local market, and the 

availability of goods and services produced in them (KRUGMAN, 1991). In this sense, there is 

greater interaction between agents in more concentrated places, resulting in productivity 

increases for firms and workers (ROSENTHAL; STRANGE, 2004). 

Since Mincer’s seminal work (1974), many studies have addressed wage differentials, 

especially in the labor economy. A regularity of these studies is that even controlling for 

observable and unobservable characteristics of workers, wage differences persist in favor of 

large urban centers. This has motivated several studies within the scope of regional and urban 

economics to investigate the role of agglomeration in the analysis of wage differentials. The 

inclusion of agglomeration as a wage determinant is the point of integration between the labor 

economy and the regional and urban economy, which has led to a new strand of studies on the 

labor market, known as agglomeration economies. 

The current classification of the mechanisms behind the agglomeration economies 

(sharing, matching, and learning) was formalized by Duranton and Puga (2004), based on 

Marshall (1890). The prediction that productivity increases with the scale of activity in one 

location makes it difficult to measure the individual impact of each of these mechanisms on 

productivity (PUGA, 2010). To overcome this difficulty, many studies have sought to quantify 

the overall effect of agglomeration economies on productivity through different scopes.3 

Using employment density as a measure of agglomeration and wages as a way to 

measure productivity, Glaeser and Maré (2001) found a salary premium of 33% in favor of the 

US metropolitan areas when compared to non-metropolitan areas. In this study, many others 

sought to investigate the effects of agglomeration on wages, but with a focus on the United 

States and European countries (WHEATON; LEWIS, 2002; FINGLETON, 2003; COMBES; 

DURANTON; GOBILLON, 2008; KLAESSON; LARSSON, 2009; GROOT; GROOT; SMIT, 

2014).4 

 Recently, some studies have sought to analyze the relationship between urban 

agglomerations and wages in developing countries (DURANTON, 2016; CHAUVIN et al., 

2017). Chauvin et al. (2017) draw attention to the wage premium resulting from agglomerations 

in developing countries, as is the case in Brazil, which may be different from that found in 

developed countries, considering the different urbanization processes of these two types of 

 
3 Rosenthal and Strange (2004) provide rich detail on the scopes of agglomeration economies. 
4 This approach is based on the assumption that, in competitive markets, labor receives the value of its marginal 

product. Even without perfect competition, wages will therefore be higher in more productive places (Rosenthal; 

Strange, 2004). 



 

 

countries. For this reason, it is not possible, a priori, to extend evidence often documented in 

the literature on agglomeration gains to developing countries since this conclusion is based on 

studies in developed countries. 

 Research has advanced methodologically to avoid overestimating the effects of 

agglomeration economies on wages. Studies have sought to control the sorting of workers 

(GLAESER; MARÉ, 2001; COMBES; DURANTON; GOBILLON, 2008; MATANO; 

NATICCHIONI, 2016), firms (MION; NATICCHIONI, 2009; SILVA, 2017; CAMPOS, 2018; 

NEVES JÚNIOR, 2018) and the worker-firm match (WOODCOCK, 2008, 2015; CAMPOS, 

2018; NEVES JÚNIOR, 2018) to obtain more robust estimates of the agglomeration effect on 

wages.  

 However, the Brazilian literature on agglomeration reveals a positive salary premium 

favoring large urban centers (ROCHA; NETO; GOMES, 2011; BARURUFI; HADDAD; 

NIJKAMP, 2016; SILVA; SANTOS; FREGUGLIA, 2016). The study on the effects of 

agglomeration on wage determination in Brazil was conducted by Silva (2017). The author 

simultaneously controls for the effects of the spatial sorting of workers and firms on wages. 

The results showed that 4.9% of the individual salary difference observed was due to pure 

agglomeration effects. 

Considering the scarcity of studies for developing countries and, mainly, the limited 

literature on Brazil, this article aims to measure the effects of agglomeration on the wages of 

formal Brazilian workers in the period from 2010 to 2018. This study presents advances in the 

empirical approach because from a large base, longitudinal microdata controls, simultaneously, 

the effects of spatial sorting of workers, firms, and the worker-firm match. This approach is 

until the moment of writing this article, unpublished for Brazil. In addition, it is noteworthy that 

the spatial unit of analysis used in this study, the local labor market areas, is constructed from 

the definitions of population arrangements and urban concentrations, regions of influence of 

cities, and isolated municipalities proposed by IBGE. 

It is also important to highlight that this study uses a database that considers an 

unprecedented and more recent time interval than those used in the literature on agglomeration 

economies in Brazil. From 2010 to 2018, the country experienced significant economic 

changes. According to IBGE, in this period, the Brazilian annual GDP grew, on average, 1.67%, 

having experienced a growth of 7.5% in 2010, and falls of 3.5% and 3.3% in 2015 and 2016, 

respectively. This oscillation of economic growth can influence the composition of the 

Brazilian formal labor market, which may affect estimates of the effect of agglomeration on the 

wages of formal workers in Brazil.  

 The remainder of this paper proceeds as follows. Section 2 describes the data and 

variables considered in this study. Section 3 describes the study’s methodology. Section 4 

presents the results and a discussion of the estimates. Section 5 presents the final considerations 

of the study. 

2 DATA AND VARIABLES 

 This section presents the database, divided into three subsections. Subsection 2.1 

provides information about the database used in this study. Subsection 2.2 presents the 

definition of labor market areas and the spatial unit of analysis in this study. The last subsection, 

2.3, makes a description of the variables considered for the analyses proposed here. 



 

 

2.1 Database 

 The main data used in this study come from the annual identified social information 

report (RAIS) of the Ministry of Economy (ME)5. RAIS is a database managed by the federal 

government, which collects information compulsorily and annually from all establishments in 

the Brazilian formal labor market, covering approximately 97% of the economy’s formal sector. 

The main advantage of RAIS is that its longitudinal format allows the building of panel data 

for formal workers tracking their geographical, occupational, and sectoral trajectories over time 

and tracking selected characteristics of the employer’s establishment through identification 

codes.6 

 Based on RAIS data, a worker-firm data panel was generated with 31,308,255 

observations relating to 3,478,695 individuals and 858,953 establishments, covering 2010 to 

2018. A random sample of 5% of observations was extracted from this data panel, maintaining 

the representativeness of the variables and the structure of the panel; thus, the final sample 

contains 11,585,637 observations, corresponding to 520,455 firms and 1,287,293 individuals 

and 2,232,883 unique combinations of individuals and firms.  

2.2 Definition of local Labor Market Areas (LMA)   

 Following the literature of agglomeration economies (GLAESER; MARÉ, 2001; 

GROOT; GROOT; SMIT, 2014; BARUFI, 2015; NEVES JÚNIOR, 2018), this study adopts 

as a spatial unit of analysis the areas of the local labor market, hereinafter LMA. To define the 

LMA used in this study, the most recent versions of the studies on population arrangements and 

urban concentrations were used (IBGE, 2016) and on the regions of influence of cities - REGIC 

(IBGE, 2018). From these two studies, LMA was delimited following the methodology adopted 

by Neves Júnior (2018).  

 In total, 371 LMA were defined, composed of 1,991 municipalities, classified according 

to their population as small (population with up to 100,000 inhabitants), average (population 

greater than 100,000 inhabitants and less than or equal to 750,000 inhabitants), and large 

(population greater than 750,000 inhabitants).  

 The LMA defined in this study comprised 35.8% of Brazilian municipalities. However, 

despite the small number of municipalities, these areas totaled 153,961,441 people, 

corresponding to 73.8% of the Brazilian population in 2018.  

2.3 Description of variables 

 This subsection presents the variables used in this research, referring to workers, firms, 

and the employment location, that is, the LMA. The dependent variable used in the models 

estimated in this study is the natural logarithm of the worker’s real hourly wage in December 

of each year, deflated by the Broad Consumer Price Index (IPCA) calculated by IBGE, with 

2018 as the base year7. The natural logarithm of the real hourly wage is expressed as  

 

𝐿𝑛𝑆𝑎𝑙á𝑟𝑖𝑜ℎ𝑜𝑟𝑎−𝑟𝑒𝑎𝑙

= 𝑙𝑛 (
𝑆𝑎𝑙á𝑟𝑖𝑜 𝑟𝑒𝑎𝑙𝑑𝑒𝑧𝑒𝑚𝑏𝑟𝑜

(5 ×  𝑄𝑢𝑎𝑛𝑡𝑖𝑑𝑎𝑑𝑒 𝑑𝑒 ℎ𝑜𝑟𝑎𝑠 𝑠𝑒𝑚𝑎𝑛𝑎𝑖𝑠 𝑐𝑜𝑛𝑡𝑟𝑎𝑡𝑎𝑑𝑎𝑠)
) 

(1) 

 
5 This data was acquired upon request from the Ministry of Economy. It is reiterated that all confidentiality 

protocols agreed with the ME are being complied with by these authors.  
6 The RAIS was instituted by Decree No. 76,900 of 12/23/75. 
7 The IPCA is calculated for the following metropolitan regions: Belém, Fortaleza, Recife, Salvador, Belo 

Horizonte, Vitória (since December 2013), Rio de Janeiro, São Paulo, Curitiba, Porto Alegre and Brasília, and for 

the following municipalities: Goiânia, Campo Grande (since December 2013), Rio Branco, São Luís and Aracaju 

(the latter three since March 2018). 



 

 

 Regarding worker information, the variables used were age (age 18–65 years old), 

squared age, experience (time of employment, in months, in the same bond), squared 

experience, gender, race (race/color), education, and occupational group.8  

 Regarding firms, the variables considered in this study are two: sector of economic 

activity of the firm and size of the firm: microenterprises, small companies, medium companies, 

and large companies.9 10 

 Regarding the LMA, the variables are the natural logarithm of the employment density, 

which is calculated from the logarithm of the ratio between the total number of jobs and the 

area in square kilometers (km2) of the LMA; natural logarithm of the area, in km2, of the LMA; 

the size of the LMA, classified into small, medium, and large and macro-regions in which the 

LMA is located:  southeast, northeast, north, south, and midwest.  

3 METHODOLOGY 

 This subsection addresses the methodology used in this study and is divided into three 

subsections. Subsection 3.1 presents the theoretical model on which the analysis of this study 

is based. Subsection 3.2 brings the econometric specification adopted in this study. Finally, 

subsection 3.3 presents the identification and estimation strategies adopted in this study.  

3.1 Theoretical model 

 This study uses the spatial sorting model proposed by Combes, Duranton and Gobillon 

(2008) as a reference to capture the effects of agglomeration on the workers’ wages in the 

Brazilian formal labor market from 2010 to 2018.  

In the urban economy, the association between increased productivity in denser labor 

markets and more skilled workers is known as spatial sorting by skills (COMBES; 

DURANTON; GOBILLON, 2008). This phenomenon is often associated with various spatial 

configurations in the distribution of skills by region. Therefore, it is a fundamental element for 

understanding regional productivity disparities.  

Combes, Duranton and Gobillon (2008) consider at least three main factors to explain 

the existence of large spatial disparities in wages: i) spatial differences in the composition of 

workforce skills, ii) differences in non-human spatial endowments, such as geographic and 

productive factors, and iii) interactions between workers or between companies that occur 

locally and may result in productivity gains.  

The model proposed by Combes, Duranton and Gobillon (2008) innovates in putting 

these three factors in a single wage determination structure:   

 
8 Group 1 (Business leaders, managers, here excluded the categories of the public sector); Group 2 (Science and 

arts professionals); Group 3 (Mid-level technicians); Group 4 (Administrative service workers); Group 5 (Service 

workers, sellers of commerce in stores and market); Group 6 (Agricultural, forestry and fisheries workers); Group 

7 (Industrial goods and services production workers 1); Group 8 (Industrial goods and services production workers 

2); Group 9 (Workers in repair and maintenance services). 
9 The firm's sector was defined from IBGE's National Classification of Economic Activities 2.0 (CNAE 2.0), the 

sectors are: Sector 1 (Agriculture, livestock, forestry, fishing and aquaculture); Sector 2 (Extractive Industries); 

Sector 3 (Manufacturing Industries); Sector 4 (Electricity and Gas); Sector 5 (Water, sewage, waste management 

and decontamination activities); Sector 6 (Construction); Sector 7 (Trade; repair of motor vehicles and 

motorcycles); Sector 8 (Transportation, storage and mail); Sector 9 (Accommodation and food); Sector 10 

(Information and Communication); Sector 11 (Financial, insurance and related services activities); Sector 12 (Real 

estate activities); Sector 13 (Professional, scientific and technical activities) and Sector 14 (Administrative 

activities and complementary services). 
10 The size of the firm is determined from the number of active workers that the establishment has and its sector 

of operation according to the study Yearbook of Work in Micro and Small Enterprise, organized by the Support 

Service for Micro and Small Enterprises (SEBRAE), and prepared by the Interunion Department of Statistics and 

Socioeconomic Studies (DIEESE). 



 

 

 𝑤𝑖 = 𝐴(𝐸𝑎(𝑖), 𝐼𝑎(𝑖), 𝐼𝑎(𝑖),𝑘(𝑖))𝑠𝑖. (2) 

where 𝑤𝑖 is the wage of worker 𝑖, which is determined by the skills, 𝑠𝑖, and by the productivity, 

𝐴, of this worker, depending on the non-human endowments of  region 𝑎, 𝐸𝑎(𝑖) and on 

interactions between workers or between firms, 𝐼𝑎(𝑖), 𝐼𝑎(𝑖),𝑘(𝑖).  

 The benefits generated by such interactions reflect urbanization economies and 

localization effects, and the sectoral concentration of firms, which support important sources of 

agglomeration economies, such as matching workers or regional sharing. Thus, the impact of 

agglomeration on wages are captured in aggregate in Equation (2). The microeconomic model 

developed by Combes, Duranton, and Gobillon (2008) assumes a representative competitive 

firm, with a Cobb-Douglas function operating in an area 𝑎,  industry 𝑘 and period 𝑡, whose 

profit function is:  

 𝜋𝑎,𝑘,𝑡 =  𝑝𝑎,𝑘,𝑡𝑦𝑎,𝑘,𝑡 −  ∑ 𝑤𝑖,𝑡

𝑖 ∈(𝑎,𝑘,𝑡)

𝑙𝑖,𝑡 − 𝑟𝑎,𝑘,𝑡 𝑧𝑎,𝑘,𝑡 , (3) 

where 𝑝𝑎,𝑘,𝑡 is the price of production 𝑦𝑎,𝑘,𝑡. For any worker 𝑖 employed at this firm in year 𝑡, 

𝑤𝑖,𝑡 is the daily wage, and 𝑙𝑖,𝑡 is the number of days worked. The other production factors are 

represented by 𝑧𝑎,𝑘,𝑡, and 𝑟𝑎,𝑘,𝑡 are the prices of these factors.  

 The production function of the model is a Cobb-Douglas function in effective work and 

other production factors, such as the following: 

 

𝑦𝑎,𝑘,𝑡 =  𝐴𝑎,𝑘,𝑡  ( ∑ 𝑠𝑖,𝑡

𝑖 ∈(𝑎,𝑘,𝑡)

𝑙𝑖,𝑡)

𝑏

(𝑧𝑎,𝑘,𝑡)
1−𝑏

  (4) 

Function (4) has constant scale returns, 0 < 𝑏 ≤ 1; 𝑠𝑖,𝑡 are the skills of worker 𝑖 in period 𝑡 and 

𝐴𝑎,𝑘,𝑡 is the total productivity of the factors in (𝑎, 𝑘, 𝑡). In competitive balance, worker 𝑖, 

employed in the employment area 𝑎(𝑖, 𝑡), in industry 𝑘(𝑖, 𝑡) and in year 𝑡, receives a wage equal 

to its marginal product: 

 
𝑤𝑖,𝑡 = 𝑏𝑝𝑎 (𝑖,𝑡),𝑘(𝑖,𝑡),𝑡 𝐴𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡  (

𝑧𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡

∑ 𝑠𝑖,𝑡 𝑙𝑖,𝑡𝑖 ∈(𝑎,𝑘,𝑡)
)

1−𝑏

𝑠𝑖,𝑡 (5) 

Combes et al. (2008) use the first-order condition to maximize profit from other factors 

(𝑧𝑎,𝑘,𝑡 ) and replace it in Equation (5): 

 

𝑤𝑖,𝑡 = 𝑏(1 − 𝑏)
(1−𝑏)

𝑏  (𝑝𝑎 (𝑖,𝑡),𝑘(𝑖,𝑡),𝑡  
𝐴𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡

(𝑟𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡)
1−𝑏)

1

𝑏

𝑠𝑖,𝑡 = 𝐵𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡𝑠𝑖,𝑡 (6) 

Where, 𝐵𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡 ≡  𝑏(1 − 𝑏)
(1−𝑏)

𝑏  (𝑝𝑎 (𝑖,𝑡),𝑘(𝑖,𝑡),𝑡  
𝐴𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡

(𝑟𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡)
1−𝑏)

1

𝑏

.  

On the one hand, through the expression for 𝑤𝑖,𝑡, the wage differences between the areas 

may reflect differences in individual skills, 𝑠𝑖,𝑡, or, may also reflect the real productivity 

differences caused by local endowments and interactions, 𝐵𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡. On the other hand, the 

productivity differential between regions may be associated with the productivity of (𝐴𝑎,𝑘,𝑡), 

the price ratio of the products (𝑝𝑎,𝑘,𝑡), or even to the price of non-labor inputs (𝑟𝑎,𝑘,𝑡).  

In this context, the authors suggest that local characteristics, such as employment 

density, may affect productivity (𝐵𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡), both positive (agglomeration economies) and 

negative (congestion), and cannot be identified separately. Although it does not allow us to 

identify the effects of price and technology separately on wages, the model of Combes et al. 



 

 

(2008) is a sophisticated tool for identifying wage differentials by skills, especially from a 

spatial perspective.  

3.2 Econometric specification 

To be able to empirically test Equation (6), Combes, Duranton and Gobillon (2008) 

adopt a two-stage specification for both the workers’ skills term, 𝑠𝑖,𝑡, and the productivity terms 

caused by local endowments and interactions, 𝐵𝑎(𝑖,𝑡),𝑘(𝑖,𝑡),𝑡. The final econometric specification 

of the first stage corresponds to the inverse demand for work: 

 log 𝑤𝑖,𝑡 =  𝛽𝑎 (𝑖,𝑡),𝑡 + 𝜇𝑘 (𝑖,𝑡),𝑡 + 𝐼𝑎 (𝑖,𝑡),𝑘(𝑖,𝑡),,𝑡𝛾𝑘 (𝑖,𝑡) +  �̃�𝑖,𝑡𝜑 + 𝛿𝑖 +  𝜖𝑖,𝑡 ,  (7) 

In which 𝛽𝑎 (𝑖,𝑡),𝑡 represents the fixed area-year effect (pure area effect); 𝜇𝑘 (𝑖,𝑡),𝑡 denotes the 

sector-year fixed effect (pure effect of the industry); 𝐼𝑎 (𝑖,𝑡),𝑘(𝑖,𝑡),,𝑡 is the vector of variables of 

intraindustry interactions for each area-industry-year; �̃�𝑖,𝑡 is a vector of worker characteristics 

variable in time; 𝛿𝑖 are the fixed effects of the worker and 𝜖𝑖,𝑡 is the error term. 

 This estimation of the first stage allows the separate identification of the explanatory 

power of worker effects, based on their skills (�̃�𝑖,𝑡𝜑 + 𝛿𝑖); intra-sectoral interactions (𝐼𝑎,𝑘,𝑡𝛾𝑘 ) 

and the set of endowments and interactions between the sectors (𝛽𝑎,𝑡), considering the fixed 

effects of individuals, sectors, and areas.  

From Equation (5), it was possible to evaluate the relative importance of people’s verus  

space to explain the spatial disparities of wages (COMBES; DURANTON; GOBILLON, 

2008). To evaluate the determinants of wage differences between areas, the authors estimated 

the relative importance of inter-industrial endowments and interactions in explaining the fixed 

effects of area-year. Thus, the econometric specification of the second stage is given as follows: 

 𝛽𝑎,𝑡 =  𝜔0 +  𝜃𝑡 +  𝐼𝑎,𝑡𝛾 + 𝐸𝑎,𝑡𝛼 + 𝑣𝑎,𝑡 ,  (8) 

where 𝜃𝑡 represents the fixed effects of time, 𝛼 is a vector of coefficients associated with the 

variables of site appropriations, 𝐸𝑎,𝑡; 𝛾 is a vector of coefficients linked to local inter-sectoral 

interactions; 𝐼𝑎,𝑡 and 𝑣𝑎,𝑡 are the error terms that reflect the local technology shocks distributed 

between areas and periods, assumed to be independent and identically distributed. Finally, the 

authors set out 𝜔0 to zero, which is the coefficient of the period, that is, the reference year. The 

estimation of the model of Combes, Duranton, and Gobillon (2008) is made in two stages from 

equations (7) and (8). 

According to Combes et al. (2008), the results of the wage equation can be seen if there 

is spatial or industry sorting based on errors. However, they will not be biased if sorting is based 

on explanatory variables, including the fixed effects of individuals, area, and sector, as these 

effects are controlled in the final specification. 

However, the model developed by the authors does not control for the fixed effect of 

firms, only that of the industry. This limitation can be overcome if the firm fixed effect is added 

to the model to control the spatial sorting of firms. This approach is based on Abowd et al. 

(1999), who developed a seminal wage decomposition model to verify the industry wage gap 

in France. The model is based on the heterogeneous results of the French labor market perceived 

in the differences in wages and employment history that individuals notably equivalent have. 

According to the authors, this heterogeneity may be related to permanent and unobservable 

differences between individuals, that is, the effect of the individual and the permanent 

differences between employers, that is, the firm effect.11 

Even when controlling the sorting of firms, the specification based on the Combes, 

Duranton, and Gobillon model (2008) can be biased if it does not consider the simultaneous 

 
11 For more details on the model see Abowd, Kramarz and Margolis (1999). 



 

 

interactions of the characteristics of workers and firms in the space. The omission of the worker-

firm match may bias wage premium estimates (WOODCOCK, 2008, 2015). With the inclusion 

of this control, the objective is to obtain less biased estimates of the effect of urban 

agglomerations on wages. The simultaneous control of the spatial sorting of workers and firms 

and the worker-firm match has been present in a few studies, as Neves Júnior (2018) mentions, 

since the data that allow such control, until recently, were not available to the researchers. 

 Therefore, the main econometric specification used in this study is an expanded version 

of the model proposed by Combes, Duranton and Gobillon (2008), including the fixed effects 

of firm, and the fixed effects of the worker-firm match in addition to the fixed effects of 

individuals. Furthermore, in contrast to the sorting model presented in this section, this 

specification is estimated in a single stage, as in Rosenthal and Strange (2008) and Campos 

(2018). Therefore, the main econometric specifications of this study are as follows: 

 
ln(𝑊𝑖𝑡) =  𝛽1ln (𝐸𝑚𝑝𝐷𝑒𝑛𝑠)𝑎𝑡 + 𝛽2𝑋𝑖𝑡 +  𝛽3𝐹𝑗𝑡 +  𝛽4𝐿𝑀𝐴𝑎𝑡 +  𝛽5𝑇𝑡 +  𝛿𝑖

+  𝜑𝑗 +  𝜗𝑖𝑗 +  휀𝑖𝑡 
(9) 

In which ln(𝑊𝑖𝑡) is the dependent variable, the natural logarithm of the individual’s real hourly 

wage 𝑖, in time 𝑡 = {2010, … , 2018}; ln (𝐸𝑚𝑝𝐷𝑒𝑛𝑠)𝑎𝑡 represents the natural logarithm of the 

density of the LMA 𝑎 = {1, … , 370}, in time 𝑡, which is used as a proxy for capturing the 

overall effect of agglomeration on wages; 𝑋𝑖𝑡 is a vector of worker-related variables 𝑖 (age, 

age2, experience, experience2, gender, race, education and occupation), in time 𝑡; 𝐹𝑗𝑡 is a vector 

of characteristics related to firm 𝑗 (size of the firm and sector of the firm) in time 𝑡; 𝐿𝑀𝐴𝑎𝑡 is a 

vector of variables that concerns to the LMA 𝑎 (logarithm of the LMA area, in km2, size of the 

LMA and macro-region) in time 𝑡; 𝑇𝑡 represent time dummies; 𝛿𝑖 represents the fixed effect of 

individual; 𝜑𝑗 captures the spatial sorting  of firms; 𝜗𝑖𝑗 captures the fixed effect of the worker-

firm match and 휀𝑖𝑡 is the random error. 

3.3 Identification and estimation strategies 

 The literature has advanced in identifying the effects of agglomeration on wages. 

However, as discussed in the previous subsection, the self-selection (sorting) of individuals and 

firms for more productive labor markets can affect wages, bias estimates, and the worker-firm 

match. Another problem is the possible endogeneity of the employment density variable. The 

reverse causality between employment density and wages may be based on estimates of 

agglomerations. 

 With the greater availability of data on the labor market, it became possible to control 

the effect of unobserved variables of workers and firms by including fixed effects in the models. 

With this inclusion, studies have sought to control the unobserved heterogeneity of individuals 

(GLAESER; MARÉ, 2001; COMBES; DURANTON; GOBILLON, 2008; MION; 

NATICCHIONI, 2009; MATANO; NATICCHIONI, 2016), firms (GROOT; GROOT; SMIT, 

2014; SILVA, 2017; CAMPOS, 2018; NEVES JÙNIOR, 2018), and the worker-firm match 

(WOODCOCK, 2008, 2015; CAMPOS, 2018; NEVES JÚNIOR, 2018). The inclusion of the 

fixed effects of individuals and firms also allows controlling the self-selection of individuals 

and firms to denser and more productive urban centers. 

 Identification of the fixed effects of workers requires mobility between firms and 

between the local labor market areas. Similarly, the identification of the fixed effects of firms 

requires mobility between the LMA. According to Woodcock (2015), the assumptions of the 

mobility of workers and firms are sufficient to identify the fixed effect of the worker-firm 

match. Table 1 shows the mobility of workers and firms. It shows that 1.15% of the firms 

present in the sample performed mobility between the LMA; they entered or left some local 

labor market area from 2010 to 2018. The mobility of workers between firms is 44.28%, and 

that between LMA is 10.67%. These percentages show the mobility of workers between firms 



 

 

and LMA and firms between LMA during the period analyzed. Thus, it is possible to identify 

the fixed effects of workers and firms and their interactions, that is, their match. 

Table 1: Mobility of firms and workers between 2010 and 2018 
Mobility Quantity Frequency (%) 

Firms between LMA 5,999 1.15% 

Total of firms in the sample 520,455 100% 

Workers between firms  569,958 44.28% 

Workers between LMA 142,353 10.67% 

Total of workers in the sample 1,287,293 100% 

Source: Elaborated by the authors themselves from the microdata identified from RAIS, 2010–2018. 

Note: The total sample contains 11,585,637 observations. 

 To measure the effect of agglomeration economies on individual wages in the Brazilian 

formal labor market, controlling for the effect of spatial sorting of workers and firms and 

matching these effects, it is necessary to adopt a method that controls for the fixed effects. The 

panel database built for this study allows the use of different estimation methods, such as pooled 

ordinary least squares (POLS), random effects (RE), and fixed effects (FE). However, this 

subsection will address only the method of FE12, because, considering the objectives of this 

study and the results of the Hausman test, it is the most appropriate13. 

 The FF estimator is the most appropriate method for specifications that deal with FE not 

observed. This is because similar to the RE method, it ensures the validity of the hypothesis of 

strict exogeneity between the term of error and the explanatory variables conditioned to the 

effects not observed (E(휀𝑖𝑡|𝐱𝒊, 𝑐𝑖) = 0, 𝑡 = 1,2, … , 𝑇). It also allows the unobserved constant 

effects to be correlated with the explanatory variables observed (E(𝑐𝑖|𝐱𝒊) = E(𝑐𝑖) ≠ 0, 𝑡 =
1,2, … , 𝑇), without compromising the consistency of the estimates found (WOOLDRIDGE, 

2010). Therefore, the FE analysis is more robust than the POLS or RE analysis.  

 As already presented throughout this study, the main specification of the model requires 

the simultaneous estimation of more than one fixed effect. As a result, it is necessary to estimate 

from a methodology that captures these multiple fixed effects.  

 To address this issue, Correia (2014) developed an algorithm that implements the 

iterative approach proposed by Guimarães and Portugal (2010) to allow estimation by multiple 

fixed effects. Considering the matrix form of the main model adopted in this study and specified 

in Equation (9), the OLS solution for the model is the resolution of the system of normal 

equations below14:  

 𝛽 =  (X′X)−1X′(W −  𝛿A −  𝜑B −  𝜗C ) (10) 

 𝛿 =  (A′A)−1A′(W − 𝛽X −  𝜑B −  𝜗C ) (11) 

 𝜑 =  (B′B)−1B′(W − 𝛽X −  𝛿A −  𝜗C ) (12) 

 𝜗 =  (C′C)−1C′(W − 𝛽X −  𝛿A −  𝜑B) (13) 

where W is a vector 𝑁∗𝑥1 representing the dependent variable, the natural logarithm of the real 

hourly wage; X is a matrix 𝑁∗𝑥𝑘 that represents all the explanatory variables of the model 

(density of employment, characteristics of workers, firms, LMA, and time dummies), and A, 

B, and C represent matrices with indicator variables of individual, firm, and individual firms, 

respectively. 𝛽 is a vector 𝑘𝑥1 parameters to be estimated for explanatory variables, including 

the employment density variable, 𝛿, 𝜑 e 𝜗 are vectors of fixed effects of workers, firms and 

 
12 For more details on the POLS and RE methods see Wooldridge (2010). 
13 For more details of the Hausman test see Gujarati and Porter (2011). 
14 For more details on the algorithm see Correia (2014). 



 

 

match worker-firm, respectively. The iteration between these sets of equations provides the 

exact solution of the OLS estimator (GUIMARÃES; PORTUGAL, 2010). 

 Simultaneously controlling all these fixed effects alone does not guarantee that the 

estimates are possible. This is because, as documented in the literature, there is a possibility of 

reverse causality between employment density and wages. For Ciccone and Hall (1996), this 

causality may exist if the worker’s choice of employment is not exogenous. If this occurs, the 

hypothesis of exogeneity (𝐶𝑜𝑣 (𝐸𝑚𝑝𝐷𝑒𝑛𝑠𝑎𝑡, 휀𝑎𝑡)=0), which guarantees unseen estimates, is 

not sustained. With this, the OLS estimator becomes inconsistent (WOOLDRIDGE, 2010). 

 To avoid the endogeneity bias of the density of use, the recurrent technique in the 

literature has been to adopt the method of estimation by instrumental variables (IV) that 

provides a general solution to the problem of an endogenous explanatory variable 

(WOOLDRIDGE, 2010), as is the case. The IV method adopts an instrument or proxy for the 

endogenous variable (density of employment) that is not correlated with the dependent variable 

(salary) but is correlated with the endogenous variable. 

 The studies used different instruments to treat the endogeneity present in the analyses 

of agglomeration and productivity. The most common instruments in the literature are the log 

of the lags of endogenous variables, such as population and density of employment (CICCONE; 

HALL, 1996; COMBES; DURANTON; GOBILLON, 2008; MION; NATTICHIONI, 2009; 

GROOT; GROOT; SMIT, 2014; BARUFI, 2015) and geographical variables (CICCONE, 

2002; Rosenthal; STRANGE, 2008; BARUFI, 2015).  

 This study uses the logarithm of the lagged density of the LMA population as an 

instrument for the density of employment. We use the population and territory data provided 

by the IBGE from 1920, 1940, and 1950. Two criteria must be met to ensure that the lagged 

density is a good instrument: 

 𝐶𝑜𝑣 (𝑍𝑎𝑡 , 휀𝑎𝑡) = 0 (14) 

 𝐶𝑜𝑣 (𝑍𝑎𝑡, 𝐸𝑚𝑝𝐷𝑒𝑛𝑠𝑎𝑡 ) ≠ 0 (15) 

Condition (14) requires that the density of the lagging population is not correlated with the error 

term; that is, it is necessary to guarantee the exogeneity of the instrument, since it cannot be 

tested (CAMERON; TRIVEDI, 2009), because the error is not observed.  Condition (15), which 

can be tested, requires that the lagged population density be strongly correlated with the density 

of the current employment. 

 Once the instrument was defined, the estimation was carried out using the two-stage 

least squares method (2SLS). As the name implies, this procedure is performed in two stages 

and consists of two successive applications of OLS (GUJARATI; PORTER, 2011). In the first 

stage, the endogenous explanatory variable is readjusted for all predetermined variables in the 

system, as defined below: 

 𝐸𝑚𝑝𝐷𝑒𝑛𝑠𝑎,𝑡 = 𝛽𝑖𝑙𝑛𝑃𝑜𝑝𝐷𝑒𝑛𝑠𝑎,𝑡 +  ∅𝑖X𝑎,𝑡  +  𝜖𝑎,𝑡  (16) 

In which 𝑙𝑛𝐷𝑒𝑛𝑠𝑃𝑜𝑝𝑎,𝑡 is the logarithm of lagged population density in the LMA 𝑎, in time 𝑡, 

that explains part of the density of contemporary employment in this LMA, 𝐸𝑚𝑝𝐷𝑒𝑛𝑠𝑎,𝑡; X is 

a matrix of all the exogenous explanatory variables of the, and 𝜖𝑎,𝑡 is the residue of the first 

stage. According to Gujarati and Porter (2011), the correlation between the density of 

employment and the term of stochastic error, resulting from the endogeneity between the 

density of employment and wages, ceases to exist at the end of the first stage. 

 In the second stage of the procedure, the predicted value of employment density 

𝐸𝑚𝑝𝐷𝑒𝑛𝑠̂
𝑎,𝑡, is included in the regression instead of the endogenous variable of the model, 

𝐸𝑚𝑝𝐷𝑒𝑛𝑠𝑎,𝑡, such that 

 ln(𝑊𝑖𝑡) =  𝛽1𝐸𝑚𝑝𝐷𝑒𝑛𝑠̂
𝑎,𝑡 +  𝜏𝑖X𝑎,𝑡 +  𝜈𝑖𝑡 (17) 



 

 

After this procedure, consistent estimates of the effect of employment density on wage 

differentials (GUJARATI; PORTER, 2011) were obtained.  

 This subsection shows the main methods and identification strategies adopted for 

adequate estimation of the effects of agglomerations on wages. Regarding the two main sources 

of bias discussed here, Combes, Duranton and Gobillon (2011) highlight that spatial sorting 

strongly affects estimates between agglomerations and salaries, while endogeneity affects 

results to a lesser extent. 

4 RESULTS AND DISCUSSIONS 

 This section presents the results and is divided into two subsections. Subsection 4.1 

shows the descriptive statistics of the sample and subsection 4.2 presents and discusses the 

results obtained from panel estimates. 

4.1 Descriptive statistics  

 The descriptive statistics presented in this subsection refer to the sample of data 

extracted from the microdata identified from RAIS (2010–2018), which has 11,585,637 

observations of 1,287,293 individuals and 520,455 firms. This subsection aims to present how 

the information being manipulated behaves. 

 Table 2 shows that the average real hourly wage of the workers present in the sample is 

R$ 19.054. The average density of employment in the LMA is 30,223 inhabitants/km2, and the 

standard deviation is 39,174 inhabitants/km2. This high deviation may reflect the workforce 

composition in the LMA, reinforcing or dispersing the agglomeration forces, which can 

influence the local wage determination. The average age of the sample workers is 38 years, and 

the average experience, that is, the average time of employment in the same firm, is 83 months. 

Moreover, Table 2 shows that the average area of the LMA is 10,566.1 km2. 

Table 2: Descriptive statistics of continuous variables 

Variables Mean 
Standard 

deviation 
Min. Max. 

Ln (real hourly wage) 2.611 0.752 1.285 6.108 

Real hourly wage 19.054 20.836 3.616 449.469 

Real wage 4,042.148 4,305.611 369.555 50000 

Ln (employment density) 2.086  2.091  -9.468  4.798 

Employment density 30.223 39.174 0.0001 121.3225 

Ln (lagged population 

density) 
3.971 1.593 -3.575 6.053 

Age 38.434 9.444 18 65 

Age² 1,566.327 761.429 324 4225 

Experience 83.886 72.731 0.1 597.9 

Experience² 12,326.671 21,592.149 0.01 357,484.41 

Ln (Area of the LMA in km2) 17.848 2.181 5.545 20.773 

Area da LMA (in km2) 10,566.1 52,259.15 7.224 564,667.5 

Source: Elaborated by the authors themselves from the microdata identified from RAIS, 2010–2018. 

Note: The total sample contains 11,585,637 observations. 

Table 3 shows the wage distribution according to the variables directly linked to each 

individual. Regarding gender, the sample is composed mostly of male workers (approximately 

70%), who receive the highest wages (R$ 20.09) compared to females (R$ 16.69). White 

workers, with an average hourly wage of R$ 22.36, represent the majority of observations in 

the sample, 52.3%. By contrast, black workers, with the lowest average wage (R$ 14.27), 

represent 3.2% of the sample, and pardos workers, with the second-lowest average wage (R$ 

14.37), add up to 18.5% of the observations. 



 

 

Table 3 also shows that 53.3%, that is, most of the Brazilian formal labor market, is 

composed of workers with medium education level followed by workers with basic level 2 

(23.2%), higher education (18.6%), and basic level 1 (4.8%). When it comes to the highest 

wages, workers with a higher level of education are those who hold them, receiving R$ 42.30. 

This amount is almost three times higher than the average of the second-highest wage (R$ 

15.07), received by workers at the medium level, and more than four times higher than the 

lowest wages (R$ 10.42), which basic level 1 individuals earn. 

Table 3: Average income and distribution of workers according to their characteristics  

Variables Mean 
Standard 

deviation 
Observations Frequency (%) 

Gender      

Female 16.686 18.692 3,527,982 30.50% 

Male 20.092 21.627 8,057,655 69.50% 

Race/Color     

White 22.359 23.703 6,064,812 52.30% 

Indigenous 17.580 20.214 7,839 0.10% 

Black 14.269 12.969 372,132 3.20% 

Yellow 32.628 32.806 51,417 0.40% 

Pardo 14.371 14.688 2,147,139 18.50% 

Not identified 18.253 19.217 149,256 1.30% 

Multiracial 15.914 17.177 2,793,042 24.10% 

Education     

Basic 1 10.418 67.185 561,54 4.80% 

Basic 2 11.398 80.780 2,692,346 23.20% 

Medium 15.072 13.192 6,178,358 53.30% 

Higher 42.304 32.624 2,153,393 18.60% 

Occupation     

Worker of industrial 

production of goods and 

services 1 

13.820 96.689 2,751,977 23.80% 

Directors of companies and 

managers 
43.249 39.604 833,193 7.20% 

Professionals of science and 

arts 
41.193 29.840 927,179 8% 

Mid-level technician 25.121 19.926 1,188,434 10.30% 

Worker of administrative 

services 
14.214 12.798 2,102,842 18.20% 

Workers of services and 

sellers of commerce in shops 

and 

10.962 10.527 2,482,553 21.40% 

Agricultural, forestry and 

fishing worker 
10.617 73.889 121,763 1.10% 

Worker of industrial 

production of goods and 

services 2 

15.903 14.480 706,904 6.10% 

Worker in services of repair 

and maintenance 
19.125 14.939 470,792 4.10% 

Source: Elaborated by the authors themselves from the microdata identified from RAIS, 2010–2018. 

Note: The totality of each categorical variable totals 11,585,637, which is the total number of observations of the 

sample. 

Finally, Table 3 shows that in terms of occupation, most workers are from the production 

of industrial goods and services 1 (23.8%), services and sellers of commerce in stores and the 

market (21.4%), and administrative services (18.2%). As regards wages, the directors of 

companies and managers receive the highest average real hourly wage (R$ 43.25), followed by 

professionals in the sciences and arts (R$ 41.19). By contrast, agricultural, forestry, and fishing 



 

 

workers receive the lowest wages (R$ 10.62), followed by workers of services and sellers of 

commerce in shops and markets (R$ 10.96) compared to workers in other occupations.  

Table 4 presents an analysis of the wage structure based on the variables related to firms. 

Most workers are in firms operating in the manufacturing industry (32.4%) and the industry of 

trade; repair of motor vehicles and motorcycles (26.4%). In terms of real hourly wages, the 

workers of firms operating in the industries of electricity and gas (R$ 36.19), financial, 

insurance, and related services (R$ 35.70), and extractive industry (R$ 34.99) activities are well 

paid compared to other sectors. Meanwhile, workers in the housing and food industries (R$ 

9.67), water, sewage, waste, management and decontamination activities (R$ 13.20), and 

administrative activities and complementary services (R$ 14.29) earn the lowest wages, 

respectively. 

Moreover, according to Table 4, most workers are employed in large firms (41.9%), 

followed by workers in small firms (25.1%), medium firms (17.9%), and microenterprises 

(15.1%). As regards wages, workers from larger firms receive the highest average remuneration 

(R$ 22.69), followed by employees of medium firms (R$ 20.81), small firms (R$ 16.21), and 

microenterprises (R$ 11.63). 

Table 4: Average income and distribution of workers according to firm characteristics  

Variables Mean 
Standard 

deviation 
Observations Frequency (%) 

Industry     

Manufacturing industry 21.544 21.125 3,759,070 32.40% 

Extractive industry 34.988 34.412 88,84 0.80% 

Agriculture, livestock, forestry, 

fishing, and aquaculture 
15.137 17.209 93,784 0.80% 

Electricity and gas 36.186 27.240 86,188 0.70% 

Water, sewage, waste, activities 

of management and 

decontamination  

13.200 13.373 68,192 0.60% 

Building 16.975 16.278 419,738 3.60% 

Industry of trade; repair of 

motor vehicles and motorcycles 
14.345 16.273 3,057,088 26.40% 

Transport, storage, and post 

offices 
17.257 19.243 1,094,664 9.40% 

Housing and food 9.671 7.804 417,342 3.60% 

Information and 

communication 
32.987 29.350 410,987 3.50% 

Financial and insurance 

activities and related services 
35.696 28.460 507,203 4.40% 

Real estate activities 16.023 17.851 52,515 0.50% 

Professional, scientific and 

technical activities 
22.969 24.436 339,398 2.90% 

Administrative activities and 

complementary services 
14.294 17.624 1,190,628 10.30% 

Size of firm     

Microenterprises 11.627 11.614 1,752,862 15.10% 

Small 16.208 16.564 2,906,567 25.10% 

Medium 20.814 21.235 2,077,515 17.90% 

Large 22.695 24.323 4,848,693 41.90% 

Source: Elaborated by the authors themselves from the microdata identified from RAIS, 2010–2018. 

Note: The totality of each categorical variable totals 11,585,637, which is the total number of observations of the 

sample. 

 Table 5 analyzes the wage distribution according to the variables directly linked to the 

LMA. Most workers were employed in large-sized LMA (69.1%). Individuals from large LMA 



 

 

earn the highest average wages (R$ 20.53), followed by workers from the LMA averages (R$ 

15.96) and small LMA (R$ 14.4). 

Table 5: Average income and distribution of workers according to LMA characteristics 

Variables Mean 
Standard 

deviation 
Observations Frequency (%) 

Size of LMA     

Small 14.395 13.761 463,818 4% 

Medium 15.955 15.413 3,113,342 26.90% 

Large 20.529 22.751 8,008,477 69.10% 

Region     

Southeast 21.418 21.525 7,065,328 61% 

Northeast 12.359 14.485 1,476,682 12.70% 

North 14.989 15.957 313,926 2.70% 

South 17.420 16.447 2,127,456 18.40% 

Midwest 15.635 15.982 602,245 5.20% 

Source: Elaborated by the authors themselves from the microdata identified from RAIS, 2010–2018. 

Note: The totality of each categorical variable totals 11,585,637, which is the total number of observations of the 

sample.  

Finally, Table 5 also shows that 61% of workers are employed in LMA in the Southeast 

region, followed by LMA in the South and northeast regions with 18.4% and 12.7% of workers, 

respectively. The North and Midwest regions have the LMA with the lowest share of workers 

(2.7% and 5.2%, respectively). Analyzing wages, LMA located in the Southeast and South 

regions have the highest average real hourly wage, R$ 21.42, and R$ 17.42, thus ordered. The 

northeast region has the lowest average (R$ 12.36), followed closely by the North (R$ 14.99) 

and Midwest (R$ 15.64). 

4.2 Panel estimates results 

 Table 6 presents the results of the POLS model (Column 1), which considers the 

observable characteristics of workers, firms, and LMA, besides including time dummies in the 

estimation. The results show that a change of 1% in employment density levels in LMA results 

in a 4.07% change in local wages in a directly proportional manner. This variation is close to 

the 4% found by Groot, Groot and Smit (2014) for the Netherlands, above the 3.22% found by 

Combes, Gobillon and Duranton (2008) for France and within the 3–8% range, the consensus 

in the literature on agglomeration economies (ROSENTHAL; STRANGE, 2004). 

 As already discussed in section 3, the results of the POLS model present biased 

estimates of the relationship between agglomeration and wage because it does not consider the 

heterogeneities not observed in the analysis. To deal with the sorting that results from these 

heterogeneities were estimated models that aim to analyze, separately and simultaneously, the 

fixed effects of workers, firms, and the worker-firm match. 

 As presented in Table 6, when controlling only by the fixed effect of workers (Column 

2), the elasticity of the density of employment is reduced by 6.7 times compared to the POLS 

model, reducing to 0.61%. If only the fixed effect of firms is controlled (Column 3), the wage 

premium associated with the density of employment is 2.16%, higher than that estimated by the 

FE of individuals but lower than the coefficient of the POLS model. The wage premium 

associated with a 1% change in employment density is 1.91% when controlling for the fixed 

effects of individuals and firms (Column 4). Column 4 of Table 6 shows the model’s results in 

which the effects of workers, firms, and the worker-firm match are simultaneously considered. 

In this case, the wage premium of 1.9% presents only a marginal change from the model in 

Column 4. Therefore, this indicates that the effect of the worker-firm match is not the main 

source of bias in estimates of employment density on wages. 



 

 

 Table 6: Effects of agglomeration economies on individual wages in the LMA 

(2010–2018) 

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

Variables 

POLS FE-ID FE-Firm 
FE-ID and 

Firm 

FE-ID, 

Firm, and 

ID-Firm 

IV-FE-ID, 

Firm, and 

ID-Firm 

Ln Employment 

density 
0.0407*** 0.0061*** 0.0216*** 0.0191*** 0.0190*** 0.0169*** 

 (0.0003) (0.0014) (0.0084) (0.0072) (0.0019) (0.0013) 

Characteristics of 

workers 
Yes Yes Yes Yes Yes Yes 

Characteristics of 

firms 
Yes Yes Yes Yes Yes Yes 

Characteristics of 

LMA 
Yes Yes Yes Yes Yes Yes 

Year Yes Yes Yes Yes Yes Yes 

Fixed effect ID No Yes No Yes Yes Yes 

Fixed effect of firm No No Yes Yes Yes Yes 

Fixed effect of ID x 

Firm 
No No No No Yes Yes 

F 1º estage      370,985 

Prob> F 1º estage      0 

R2 0.5668 0.9301 0.7826 0.9431 0.9501 0.2259 

R2 ajusted 0.567 0.921 0.774 0.933 0.941 0.0761 

R2 Within - 0.258 0.365 0.223 0.228 - 

Observations 11,585,637 11,585,637 11,516,579 11,516,578 11,160,443 10,933,643 

F 268,604 27,540 3,393 58,930 22,028 58,214 

Prob>F 0 0 0 0 0 0 

Source: Elaborated by the authors themselves from the microdata identified from RAIS, 2010–2018. 

Note: Robust standard errors are shown in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 The estimates for the model estimated for multiple fixed effects (Column 5 of Table 6) 

are certainly more robust than those whose effects were not considered. However, the causal 

effect between agglomeration economies and wages may be compromised because of the 

possible endogeneity between employment density and wages. To address this, the complete 

model was estimated by Instrumental Variables. 

 Column 6 of Table 6 presents the estimates of the second stage of the estimates by VI. 

The logarithm of the population density of the LMA for the years 1920, 1940, and 1950 is the 

instrument for the density of employment. As already documented in the literature discussed in 

this article, past population density should not impact contemporary wages but should maintain 

important relationships with the density of current employment, which is desirable for this 

variable to be a good instrument. Additionally, the F test of the first stage, for the model 

estimated by VI, shows that the weak instrument bias is small, indicating that the results are the 

least biased. 

According to the results of the main estimate of this study, arranged in Column 6 of 

Table 6, when considering the multiple fixed effects (worker, firm, match worker-firm) and 

treating the endogeneity, simultaneously, the wage premium to agglomerations is 1.69%. This 

premium is 11.1% lower than that of the Column 5 model, which does not treat endogeneity, 

indicating that it overestimates the effect of employment density on wages. 

 When comparing the main result of this study, it is observed that the wage premium for 

agglomerations of 1.69% is lower than those found in the studies mentioned in this paper and 

lower than the scale proposed in the literature (3-8%). The wage premiums of 3.02% found by 

Combes, Duranton, and Gobillon (2008) for France, 4.8% estimated by Groot, Groot, and Smit 

(2014) for Holland, and 4.31% found by Chauvin et al. (2017) for the US show that 



 

 

agglomeration gains in Brazil follow the same direction as developed countries, but with a 

considerably lower magnitude.  

 In developing countries, this difference in magnitude is even more pronounced. The 

return to wages found by Duranton (2016) for Colombia is 5.4%. That found for India and 

China, estimated by Chauvin et al. (2017), is 8.28% and 16.9%, respectively. 

 Regarding studies carried out on Brazil, the magnitude of the wage premium estimated 

here is also lower. Chauvin et al. (2017) found an elasticity of 2.6% for the country. Silva (2017) 

found a salary premium of 4.9%, similar to the results found for developed countries and 

Colombia. 

 As can be observed, the wage premium resulting from the agglomerations found in this 

study is substantially lower than those found in studies on Brazil. This result may be related to 

the five main factors. The first concerns the period considered; none of the studies for Brazil 

analyzed the wage differentials between 2010 and 2018, a period of great economic change in 

the country. The second factor may be linked to the quality of the microdata provided by RAIS, 

and the information provided has presented a greater accuracy than in previous periods.  

 The third factor may be related to the spatial sorting of workers and firms, and the 

worker-firm match controlled simultaneously, in contrast to the other factors discussed in this 

study. A narrower specification may reduce the net effect of agglomeration on wages, as part 

of that effect is captured by fixed effects. The fourth fact may be linked to the construction 

process of LMA, which differs from the processes adopted in the studies for Brazil presented 

here. 

  Finally, the last factor and perhaps one of the most important concerns is that this 

estimate (1.69%) possibly reflects the results of territorial policies implemented in Brazil during 

the analyzed period, which were not captured in the other studies for the country. Possibly, 

these policies do not favor agglomeration, which can affect the productivity of LMA and, 

consequently, the wages of their workers. However, this hypothesis should be investigated 

further, which is not the objective of this study.  

 The wage premium measured in this study (1.69%) is close to the premium of 1.78% 

found in the metropolitan region of São Paulo by Campos (2018). The author also used a more 

restricted specification similar to that adopted in this study in his approach. Considering that 

Campos’s study (2018) was conducted for a metropolitan region of a single state, this study 

considers the whole country. It is reasonable to point out as one of the possible justifications 

for results so close the adoption of a specification more restricted compared to those adopted in 

the other studies mentioned in this study.    

 In summary, the wage premium resulting from agglomeration savings decreases from 

4.07% in the POLS model, without any control of fixed effects and the treatment of 

endogeneity, to 1.9%, when controlled by multiple fixed effects, and to 1.69% when 

considering the treatment of endogeneity via IV-2SLS. In general, the results show the 

importance of controlling the spatial sorting of workers, mainly and firms, in estimating the 

effects of agglomerations on wages to the detriment of the worker-firm match. In addition, these 

results point to the need to adequately address the endogeneity between employment density 

and wages to avoid overestimated estimates of agglomeration on wages. 

 5 FINAL CONSIDERATIONS 

 This study measures the magnitude of agglomeration that explains the wage gap in 

Brazil. The analysis is carried out through an approach that has never been adopted in studies 

on agglomeration economies for the country, simultaneously controlling the effects of spatial 

sorting of workers and firms and the worker-firm match.   



 

 

 The literature review shows a positive relationship between agglomerations and wages; 

however, the magnitude of this relationship may be different between developed and 

developing countries, as is the case in Brazil. There is consensus in these studies that the self-

selection of workers and firms for more productive LMA may bias estimates of employment 

density on wages (GLAESER; MARÉ, 2001; COMBES; DURANTON; GOBILLON, 2008; 

MION; NATICCHIONI, 2009; GROOT; GROOT; SMIT, 2014; MATANO; NATICCHIONI, 

2016; SILVA, 2017; CAMPOS, 2018; NEVES JÚNIOR, 2018). In this sense, this study deals 

with these sources of bias through estimates of multiple fixed effects.   

 The literature also points to a possible endogeneity between employment density and 

wages. This study adopted the IV method via 2SLS to address this problem. Following the 

literature, this study used lagged population density as an instrument of current employment 

density. Although the hypothesis of exogeneity between the instrument and the error term 

cannot be tested, the statistics show that the hypothesis of a weak instrument is discarded. Based 

on this and the widely available literature, lagged population density proved a good instrument 

for current employment density. 

 The main specification adopted in this study was based on the sorting model developed 

by Combes, Duranton and Gobillon (2008). To this specification, the control of the spatial 

sorting of firms was added based on the model developed by Abowd, Kramrz and Margolis 

(1999), and the control of the worker-firm match, as recommended by Woodcock (2008, 2015), 

which highlights the possible bias of estimates if this match is not considered in the analyses. 

Therefore, the main specification of this research, which simultaneously controls for multiple 

fixed effects and is estimated by IV-2SLS, considers the contributions of these three studies. 

 This study’s findings show that the gross effect of agglomeration economies on the 

wages of Brazilian LMA workers, from 2010 to 2018, is 4.07%, within the range proposed in 

the literature, which is between 3% and 8%. However, when multiple fixed effects are included 

in the estimates, it drops to 1.9%, a value very close to that found in the main model, estimated 

by IV-2SLS, which was 1.69%.  

The wage premium for the agglomerations of the reference model (1.69%) is lower than 

the range proposed in the literature, and that found in studies of developed and developing 

countries and studies conducted in Brazil. The difference in the magnitude of this premium may 

be the result, among other things, of better accuracy of the data analyzed here, the period chosen 

for analysis, the process of construction of the AML, a more restrictive econometric 

specification, and changes in Brazilian territorial policies.  

In summary, the results of this study highlight the importance of spatial sorting of 

workers and firms and the little relevance of the worker-firm match in determining the salaries 

of LMA in Brazil. Moreover, it is observed that the economies of agglomeration, even after 

controlling for the biases that could harm their estimates, present a positive net wage premium. 

Research on this subject is required. What can explain the magnitude of the wage 

premium resulting from agglomerations that are lower than those observed in the literature as 

a whole? Differences in the agglomeration pattern, better quality of data, and territorial policies 

in the opposite direction to agglomeration can justify the low magnitude of the agglomeration 

effects on wages in Brazilian LMA? 
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