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only when, they are created by everybody. 
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ABSTRACT 

 

Agglomeration economies have a relevant impact on local labour markets. The interaction of 

workers and firms in dense urban areas may generate productivity advantages that result in 

higher wages. They may be accompanied by an increase in local costs, but the existence of 

cities that continue to grow is a sign by itself that these gains supersede higher costs. 

Therefore, large urban areas have an expected positive impact on wages. However, not only the 

size of the city but also the sectoral composition is relevant to understand locational choices of 

firms of a specific sector. The industrial scope of agglomeration economies is investigated in 

the first chapter of this dissertation, and the main results indicate that there is not a unique 

optimal local industrial mix to foster productivity in different technological sectors. 

Furthermore, high-tech and low-tech manufacturing sectors benefit more from urban scale in 

Brazil, followed by services associated with higher knowledge intensity. These sectors are 

supposed to locate relatively more in large urban areas in order to profit from these advantages. 

Agglomeration economies may have static and dynamic effects for individuals. These effects 

are reinforced by a process of sorting of skilled workers into large urban areas. In fact, initial 

and return migration are mechanisms that select more skilled and more productive workers into 

large urban areas. Then, cities with a higher percentage of skilled workers attract more of these 

highly-qualified individuals. Second migration seems to reinforce these relations. 

The estimation of static agglomeration economies indicate that the inclusion of individual fixed 

effects decreases density coefficient significantly. Then, dynamic agglomeration economies are 

estimated considering previous work experience in cities. In this case, static agglomeration 

advantages become insignificant and whenever years of previous experience are combined with 

the current place of work, individuals working in less dense cities who had previous experience 

in denser areas will benefit the most from these gains. Finally, controlling for worker 

heterogeneity previous experience has a relevant and positive impact on wage growth only in 

cities with at least the same density level of the current place of work.  

Finally, city size has an important impact on the relative bargaining power of workers and firms 

in the labour market. When analysing the relationship of local wages and the business cycle, 

wage flexibility, measured by the wage curve, is higher in informal sectors in less dense areas. 

Therefore, large agglomerations are supposed to provide a higher bargaining power for workers, 

as they have further job opportunities.  

All these results indicate that agglomeration economies in Brazil are likely to stimulate spatial 

concentration and increase regional inequalities. Workers and firms self-select themselves into 

agglomerated urban areas, in which they find a more diversified environment and a larger share 

of high-skilled individuals. Bigger centres also provide the conditions for workers to bargain 

for higher wages, even if they are in the informal sector.  
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RESUMO 

 

Economias de aglomeração possuem um impacto importante sobre o mercado de trabalho. A 

interação entre trabalhadores e firmas em áreas de elevada densidade pode gerar ganhos de 

produtividade que resultam em salários mais elevados. Tais áreas também podem possuir 

custos de vida mais elevados, mas o crescimento recente das cidades parece indicar que os 

ganhos se sobrepõem aos custos. 

Portanto, grandes áreas urbanas têm um impacto esperado positivo sobre os salários. No 

entanto, não só o tamanho da cidade, mas também a composição setorial é relevante para 

entender as escolhas de localização das empresas de um sector específico. O escopo industrial 

de economias de aglomeração é investigado no primeiro capítulo desta tese, e os principais 

resultados indicam que não há um único mix setorial local ótimo para fomentar a produtividade 

em diferentes setores tecnológicos. Além disso, setores de alta tecnologia e setores industriais 

de baixa tecnologia se beneficiam mais da escala urbana no Brasil, seguidos de setores de 

serviços associados a intensidade de conhecimento mais elevado.  

As economias de aglomeração podem ter efeitos estáticos e dinâmicos. Eles são reforçados por 

um processo de seleção de trabalhadores qualificados para grandes áreas urbanas. As 

migrações inicial e de retorno constituem mecanismos essencial para a auto-seleção de 

trabalhadores mais qualificados e mais produtivos para grandes áreas urbanas. Assim, cidades 

com maior percentual de trabalhadores mais habilidosos deverão atrais mais indivíduos 

qualificados. 

A estimação de economias de aglomeração estáticas indica que a inclusão do efeito fixo 

individual reduz o coeficiente da densidade de maneira significante. Quando economias de 

aglomeração dinâmica são estimadas tendo por base a experiência prévia de trabalho em 

cidades, as vantagens estáticas se tornam não-significantes. Conforme esses anos de 

experiência são iterados com a densidade do local de trabalho atual, indivíduos trabalhando 

em cidades menos densas com experiência em cidades mais densas serão os maiores 

beneficiados. Por fim, a experiência prévia de trabalho tem um efeito positivo sobre o 

crescimento do salário somente no caso da experiência em cidades com ao menos a mesma 

densidade da cidade atual.  

Finalmente, o tamanho da cidade tem um impacto importante sobre o poder de barganha 

relativo dos trabalhadores e das empresas no mercado de trabalho. Ao analisar a relação dos 

salários locais e do ciclo de negócios, a flexibilidade salarial, medida pela curva de salário, é 

maior em setores informais em áreas menos densas. Portanto, as grandes aglomerações 

supostamente oferecem maior poder de barganha dos trabalhadores, pois eles têm mais 

oportunidades de emprego.  

Esses resultados indicam que as economias de aglomeração no Brasil parecem estimular a 

concentração espacial e ampliar as desigualdades regionais. Trabalhadores e firmas se auto-

selecionam para grandes áreas urbanas, nas quais encontram um ambiente mais diversificado 

e outros trabalhadores altamente qualificados. Adicionalmente, grandes centros proporcionam 

maior poder de barganha aos trabalhadores em negociações salariais, mesmo que estejam no 

setor informal.  



xiv 

 

 

 

 



1 
 

 

 

TABLE OF CONTENTS 

 

 

INTRODUCTION ...................................................................................................................... 9 

1. AGGLOMERATION ECONOMIES ................................................................................... 15 

1.1 Micro-foundations of agglomeration economies ............................................................ 16 

1.2 Industrial scope of agglomeration economies ................................................................ 18 

1.3 Knowledge externalities, proximity and new technologies ............................................ 20 

1.4 Static and dynamic agglomeration externalities ............................................................. 22 

2. INDUSTRIAL SCOPE OF AGGLOMERATION ECONOMIES IN BRAZIL.................. 25 

2.1 Introduction ................................................................................................................ 25 

2.2 Urban wage premium and increasing returns ............................................................ 26 

2.2.1 Principles of agglomeration economies .............................................................. 27 

2.2.2 Empirical studies on agglomeration externalities ............................................... 29 

2.3 Analytical Framework ............................................................................................... 32 

2.4 Data ............................................................................................................................ 35 

2.5 Results ........................................................................................................................ 39 

2.6 Conclusion ................................................................................................................. 51 

3. SHOULD I STAY OR SHOULD I GO? SELECTION ON MIGRATION AND 

LEARNING IN CITIES IN BRAZIL ...................................................................................... 53 

3.1 Introduction ................................................................................................................ 53 

3.2 Literature review ........................................................................................................ 54 

3.2.1 Static versus dynamic externalities..................................................................... 55 

3.2.2 Migration and selection bias ............................................................................... 56 

3.2.3 Learning in cities ................................................................................................ 58 

3.3 Theoretical frameworks and empirical strategies ...................................................... 61 

3.3.1 Selection in initial and return migration ............................................................. 61 

3.3.2 Dynamic advantages from agglomeration economies ........................................ 63 

3.4 Data ............................................................................................................................ 67 

3.5 Descriptive statistics .................................................................................................. 69 

3.5.1 Migration decision .............................................................................................. 69 

3.5.2 Dynamic agglomeration economies ................................................................... 72 

3.6 Results ........................................................................................................................ 73 

3.6.1 Migration ............................................................................................................ 74 

3.6.2 Dynamic agglomeration economies ................................................................... 81 



2 

 

3.7 Conclusion ................................................................................................................. 86 

4. A COMPREHENSIVE ANALYSIS OF THE WAGE CURVE IN BRAZIL: NON-

LINEARITIES, URBAN SIZE, AND THE SPATIAL DIMENSION ................................... 89 

4.1 Introduction ............................................................................................................... 89 

4.2 The wage curve ......................................................................................................... 90 

4.3 Empirical literature .................................................................................................... 92 

4.4 Labour market dualism in Brazil and a theoretical framework ................................. 96 

4.4.1 Theoretical framework: institutional costs, bargaining power and efficiency 

wages 100 

4.5 Empirical strategy.................................................................................................... 103 

4.5.1 Extensions ........................................................................................................ 104 

4.6 Empirical analysis ................................................................................................... 108 

4.6.1 The wage curve in a more aggregated context: a comparison between the formal 

and the informal sectors .................................................................................................. 109 

4.6.2 Rural and urban areas and the wage curve ....................................................... 116 

4.6.3 City size, spatial dependence, and the wage curve .......................................... 124 

4.7 Conclusion ............................................................................................................... 135 

5. CONCLUSION .................................................................................................................. 137 

5.1 Specific results ........................................................................................................ 139 

5.2 Future research ........................................................................................................ 141 

REFERENCES....................................................................................................................... 143 

APPENDIX A1 – ADDITIONAL TABLES FOR THE INTRODUCTION ........................ 155 

APPENDIX A2 – ADDITIONAL TABLES FOR CHAPTER 2 .......................................... 156 

APPENDIX A3 – ADDITIONAL TABLES FOR CHAPTER 3 .......................................... 163 

APPENDIX A4 – ADDITIONAL TABLES FOR CHAPTER 4 .......................................... 164 

 

  



3 
 

 

 

LIST OF TABLES 

 

Table 2.1 - The effect of agglomeration externalities on employment and productivity 28 

Table 2.2 - Descriptive statistics of the main variables of the first stage of the model, 

2012 (for the database containing individuals present in the whole period, 2004-

2008-2012) 

38 

Table 2.3 - Descriptive statistics of the main variables for the second stage of the 

model for 2012 (database 2004-2008-2012) 

40 

Table 2.4 - Second-stage OLS regressions for the spatial wage, with and without 

individual fixed effects in the first stage 

46 

Table 2.5 - Second-stage regressions for the spatial wage, with and without 

individual fixed effects on the first stage, and with instrumental variables for 

ln(density) 

49 

Table 3.1 – Descriptive statistics of individuals according to their migration status 

over the period 1995–2008. 

70 

Table 3.2 – Descriptive statistics of the employment density at the origin and 

destination. 

72 

Table 3.3 – Descriptive statistics of the main variables for the regressions of dynamic 

agglomeration externalities. 

73 

Table 3.4 – Logit models for the probability of first-time migration, 1995 to 2007. 74 

Table 3.5 – Logit models for the probability of first-time migration towards a REGIC 

area with a density higher than 10 workers/km2 and with an increase in density, 1995 

to 2007. 

77 

Table 3.6 – Multinomial logit models for the determinants of second-time migration 

(for individuals who have already migrated once), 1996 to 2007. 

79 

Table 3.7 – Partial correlation of the ln of hourly wages in t-1 and migration 

decisions in t, 1996 to 2007. 

80 

Table 3.8 – Estimation of the dynamic and static city-size earnings premia 

(dependent variable is the logarithm of the hourly wage), 2000 to 2008. 

82 

Table 3.9 – Regression for the urban wage growth premium (dependent variable is 

the individual wage growth in one year), 2001 to 2008. 

84 

Table 3.10 – Regression for the urban wage growth premium with previous 

experience and current workplace (dependent variable is the individual wage growth 

in one year), 2001 to 2008. 

85 

Table 4.1 – Average unemployment rates and hourly wages (both sectors) by 

metropolitan region, 2003-2015. 

112 

Table 4.2 – Descriptive statistics of the PME database. 112 

Table 4.3 – Elasticity of wages in relation to the unemployment rate for different 

estimation strategies and sectors. 

114 



4 

 

Table 4.4 – Elasticity of wages in relation to their time lags for different estimation 

strategies and sectors. 

115 

Table 4.5 – Descriptive statistics of the PNAD database. 119 

Table 4.6 – Elasticity of individual wages in relation to the state-level unemployment 

rate, for the whole country, urban and rural areas, and for the whole labour force, 

formal and informal sectors, 1996 to 2013. 

121 

Table 4.7 – Elasticity of individual wages in relation to the state-level unemployment 

rate, for the whole country, urban and rural areas, and for the whole labour force, 

formal and informal sectors, 2002 to 2009. 

122 

Table 4.8 – Second-stage results of the IV estimation of the elasticity of individual 

wages in relation to the state-level unemployment rate with a Heckman selection 

model in the first stage. 

123 

Table 4.9 – Descriptive statistics of the variables in the first stage (individual level). 127 

Table 4.10. Descriptive statistics of the second stage – spatial wage. 128 

Table 4.11 – Regression of the spatial wage against local characteristics, OLS and 

IV, 2000 and 2010. 

129 

Table 4.12 – Regressions for the spatial wage with MCAs fixed effects. 130 

Table 4.13 – Regression of the spatial wage against local characteristics, OLS, FE 

and SAR, 2000 and 2010. 

133 

Table 4.14 – Regression of the spatial wage against local characteristics and the 

iteration of density groups and the local unemployment rate, OLS, FE and SAR, 

2000 and 2010. 

134 

 

 

 

  



5 
 

 

 

LIST OF FIGURES 

 

Figure 2.1 - Regional distribution of the mean logarithm of the hourly wage and the 

spatial wage (for OLS and FE in the first stage), by sector in 2012 (database 2004-

2008-2012) 

42 

Figure 4.1 – Average hourly wage in the formal and the informal sectors and 

unemployment rate, 2003-2015. 

111 

Figure 4.2 – Coefficients and confidence intervals for OLS regressions, with the 

sample comprising individuals in 12-month periods ending in each month. 

115 

Figure 4.3 – Logarithm of the average hourly wage for the sample and logarithm of 

the unemployment rate at the state level, formal and informal sectors, 1996 and 2013. 

120 

  

  

  

  



6 

 

  



7 
 

 

 

LIST OF ACRONYMS 

 

2SLS – Two-Stages Least Squares 

CAPES – Coordenação de Aperfeiçoamento Pessoal de Nível Superior – Coordination for the 

Improvement of Higher Education Personnel 

CBO – Classificação Brasileira de Ocupações – Brazilian Classification of Occupations 

CLT – Consolidação das Leis do Trabalho – Labour Law Consolidation 

CNAE – Classificação Nacional de Atividades Econömicas – National Classification of 

Economic Activities 

CNPq – Conselho Nacional de Desenvolvimento Científico e Tecnológico – National Counsel 

of Technological and Scientific Development 

F2F – Face-to-face 

FE – Fixed Effects 

FE-2SLS – Fixed Effects – Two-Stages Least Squares 

FIPE – Fundação Instituto de Pesquisas Econômicas – The Institute of Economic Research 

Foundation 

GDP – Gross Domestic Product 

IBGE – Instituto Brasileiro de Geografia e Estatística – Brazilian Institute of Geography and 

Statistics 

ILO – International Labour Organisation 

INPC – Índice Nacional de Preços ao Consumidor – National Consumer Price Index 

IPEADATA – Instituto de Pesquisas Econômica Aplicada DATA – Institute for Applied 

Economic Research DATA 

IV – Instrumental Variables 

LM – Lagrange Multiplier 

MAR – Marshall-Arrow-Romer 

MCA – Minimum Comparable Area 

MTE – Ministério do Trabalho e Emprego – Ministry of Labour  

NEG – New Economic Geography 

NEREUS – Núcleo de Economia Regional e Urbana da USP – The University of São Paulo 

Regional and Urban Economics Lab  

NUTS – Nomenclature of Territorial Units for Statistics 

OLS – Ordinary Least Squares 

PME – Pesquisa Mensal de Emprego – Monthly Employment Survey 

PNAD – Pesquisa Nacional por Amostra de Domicílios – National Household Sample Survey 

RAIS – Relatório Anual de Informações Sociais – Annual Report of Social Information 



8 

 

RAIS-MIGRA – Relatório Anual de Informações Sociais – Migração – Annual Report of 

Social Information - Migration 

REGIC – Regiões de Influência de Cidades – Regions of Influence of Cities 

SAR – Spatial Auto-Regressive 

 

  



9 
 

 

 

INTRODUCTION 

 

The general pattern of growing cities around the world is a sign of their success as ways to 

organize economic production in space. Apart from a few exceptions (‘shrinking cities’, ‘cities 

in decline’), the global map shows an increasing urbanization, especially in the developing 

world. Clearly, cities may turn into diffuse urban agglomerations (including suburban urban 

areas, poly-nuclear satellites), but the trend is undeniably towards a rise in urbanized settlement 

patterns. It is noticeable that not only there is a trend towards mega-cities, but there are also 

many movements directed to smaller agglomerations (with less than 500,000 inhabitants), 

which may also act as relevant drivers of urban growth (UNFPA, 2007). 

The process of accelerated urbanisation is characterized by migratory inflows and population 

growth, with relevant impacts on the competition for scarce local resources. Consequently, 

there may be agglomeration disadvantages, which are better expressed by the concept of rising 

congestion costs. They appear through the cost of land use, of housing, of transportation and of 

the labour force (VAN OORT; LAMBOOY, 2014). Pollution, crime and congestion are non-

market public bads that can reduce the quality of life in big cities (KAHN, 2010).  

Despite all these difficulties, the city has triumphed (GLAESER, 2011). In fact, the 

impracticability of big cities is debatable, as size is a relative concept to the available technology 

in a certain moment of time (JACOBS, 1969, p. 103–104): 

A city that is large for its time is always an impractical settlement because size greatly 

intensifies whatever serious practical problems exist in an economy at a given time. 

[…] Cities magnify an economy’s practical problems, but they can also solve them by 

means of new technology. 

In addition, the upward trend in urbanisation is associated with the fact that urban areas may be 

characterized as powerhouses with unprecedented agglomeration benefits of all kinds (see, for 

example, COMBES et al., 2012). Cities increase the proximity between economic agents and 

allow the exchange of information, goods and ideas at a lower cost. Therefore, returns to urban 

concentration measure the reduction of transportation costs (GLAESER; GOTTLIEB, 2009). 

The conceptualization and measurement of agglomeration (dis)advantages has prompted a 

wealth of urban-economic research (see, for example, DURANTON; PUGA, 2014; GLAESER, 

1998; HENDERSON, 2010). 
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Urban success is usually inferred in the urban economics literature through the analysis of 

population growth, real estate prices and local wages (GLAESER, 2010; ROSENTHAL; 

STRANGE, 2004). The latter is most commonly used due to data availability and its linkage 

with local productivity. Therefore, agglomeration externalities are supposed to affect local 

labour markets, creating distinct conditions for knowledge creation and for the reduction of 

production costs. 

In the developing world, the pace of change towards the concentration of people in cities has 

been even faster, with a more recent displacement of large population groups from rural to 

urban areas and the exponential growth in world population (KOURTIT; NIJKAMP, 2013). In 

Latin America, the rate of urbanisation is already reaching similar figures to the developed 

world, close to 80% in 2015 (UNITED NATIONS, 2015). Brazil is one of the main drivers of 

this process in the region, with a steady growth of its urbanization rate from 77.6% to 85.7% 

between 1995 and 2015.  

The urbanisation process in Brazil generated a highly concentrated spatial distribution of the 

population. Consequently, the sixteen largest cities – with one million inhabitants or more –

held 21.5% of the population in 2012, according to estimates from IBGE.  The GDP per capita 

in these cities was more than two times higher than the GDP per capita observed in 

municipalities with population up to 50,000. This pronounced disparity is directly related to 

wage and productivity differentials according to city size.  

Moreover, rural-urban migration and flows from lagging to leading regions are largely 

associated to the spatial concentration of the population observed in the past few decades. In 

this context, the population of the eleven biggest cities in 1970 grew at rates above the average 

until 1980, with a significant slowdown afterwards. On the other hand, the period from 1980 to 

2010 was characterized by a raise in the population share of cities sized 100,000 to 1,000,000 

from 23.5% to 33.7%. While this is an indication of a positive trade-off related to life quality 

in cities and of a tendency towards medium-sized urban centres, the main factors driving 

migration decisions may vary significantly according to the schooling or skill level of the 

individuals (LALL; TIMMINS; YU, 2009). The aforementioned slowdown in population 

growth for the biggest cities can be related to increasing life costs and congestion caused by a 

higher demand for public services, land, and transportation, among other factors.  

Consequently, the combination of push factors with heterogeneous effects over different groups 

and high congestion levels in large cities seems to be driving migration flows in the recent 

period. Saturated cities in terms of the access to public services are attractive for individuals 
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who can profit the most from their advantages. At the same time, medium-sized cities may 

become the destination for less-skilled individuals, looking for a lower life-cost.  

In this context, agglomeration economies may provide an explanation for the attracting power 

large cities still exert over a handful of individuals, with a clear positive selection of high-skilled 

workers, despite congestion. Workers and firms interact in the city, generating productivity 

gains not fully internalized by a few economic agents. These positive externalities may benefit 

workers and firms heterogeneously, according to their skill level and sector, among other 

characteristics. Consequently, city size will influence labour market relations, productivity 

levels, and wage-setting processes. 

Thus, this dissertation intends to measure agglomeration economies in Brazil through the 

analysis of local labour markets. A special focus is given to the relationship between city size 

and workers’ productivity in a certain moment of time. Moreover, over time, a learning process 

can lead to a boost in productivity, generating dynamic agglomeration externalities. Finally, the 

fact that firms and workers are located in a specific place with a relevant relocation cost implies 

that city size can affect their relative bargaining power over wage determination. Therefore, 

smaller places with a lower level of accessibility to job opportunities may result in a higher 

wage flexibility in economic downturns, as firms can easily adjust wages in real terms in case 

there is a rise in the local unemployment rate. 

Based on these topics, the following questions are addressed: 

A. Industrial scope of agglomeration economies in Brazil: 

a) What is the size of urban agglomeration economies in Brazil? 

b) To what extent does the sorting of workers affect the measurement of static 

agglomeration externalities? 

c) What is the relative importance of urbanisation and localisation economies and local 

competition to foster productivity in different sectors of the Brazilian economy? 

B. Selection of workers and dynamic agglomeration economies: 

a) Labour supply 

i. How does the sorting process of highly skilled workers into large cities 

happen in Brazil? 

ii. Which characteristics indicate that a worker will be more prone to migrate 

and decide to stay in the destination? 
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iii. Which are the main implications of this sorting process to the spatial 

distribution of different types of workers? 

iv. What is the relevance of the sorting of workers to the urban wage premium? 

b) Labour demand 

i. What is the effect of the inclusion of dynamic gains over the static 

agglomerations estimator? 

ii. Who benefits the most from dynamic agglomeration gains? 

C. Wage flexibility in local labour markets – the wage curve: 

a) What is the difference between the formal and the informal sectors in relation to 

wage flexibility? 

b) How does market size affect the elasticity of local unemployment in relation to 

wages? 

c) How relevant are neighbourhood effects in the context of the wage curve in Brazil? 

The answers to these questions not only contribute to the debate of the importance of 

agglomeration economies in Brazil, but also involve considering the best theoretical 

frameworks for each case and the main strategies to avoid data limitations, which are common 

in developing economies. The conclusions obtained are expected to provide a better 

understanding of the functioning of local labour markets in Brazil, with a special focus on how 

city size can affect labour productivity. 

An additional contribution of this work involves the investigation of how local wage 

determination may be affected by city size. As the probability of obtaining a matching in the 

labour market is higher in large urban areas, the wage bargaining power of workers and firms 

can be influenced by local conditions. In this context, the estimation of the wage curve provides 

an insight on the way agglomeration economies may affect local labour markets. 

In addition to multiple methods of analysis, the study of agglomeration economies in Brazil 

developed here is based on many databases, briefly summarised in Table A.1 of the Appendix. 

Tables, figures and equations are identified with two digits, the first referring to the chapter and 

the second to the ordination along the chapter. In the Appendix, a letter A precedes the 

numbering of tables. 

The remaining of this dissertation is organised as follows. Chapter 1 reviews the literature on 

agglomeration economies, identifying their main micro-foundations, and distinguishing 

between static and dynamic agglomeration externalities. Even though the empirical literature 

has been extensively developed in the last decades, there are some limitations in the main 
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theoretical approaches underlying agglomeration economies. There is not yet a comprehensive 

framework to generate empirical predictions to be tested (COMBES; GOBILLON, 2015).   

Then, Chapter 2 investigates the industrial scope of agglomeration economies in Brazil, with a 

special focus on the combination of diversity, specialisation and competition in the generation 

of local advantages for different sectors. In a sense, this framework provides an indirect 

evaluation of the way agglomeration economies may affect location decision of firms (demand 

of workers).  

Based on the worker’s perspective, Chapter 3 explores the main factors that induce the sorting 

of highly skilled individuals into larger cities through selection in initial and return migration. 

After that, static and dynamic agglomeration advantages are estimated for different types of 

workers, aiming to understand who benefits the most from large cities. Therefore, the main 

factors underlying the location decision of workers are explored in this empirical exercise 

(supply of workers), among which there are agglomeration economies. 

Chapter 4 explores the relationship between the wage curve and urban size in Brazil. A special 

focus is given to the differences in wage determination in the formal and informal sectors. To 

achieve this, an analytical framework that embodies different levels of bargaining power for 

workers in each sector is proposed to generate the wage curve in the context of a developing 

economy. City size is supposed to enhance the likelihood of a matching in the labour market, 

raising the bargaining power of workers and decreasing wage flexibility. In this context, 

agglomeration economies are supposed to affect the equilibrium in local labour markets that 

results from the combination of the supply and demand of workers. 

Finally, Chapter 5 concludes, summarizing the main findings of the previous chapters and 

providing some guidance for future research on agglomeration economies, with a special focus 

on developing countries. In fact, apart from estimating the urban wage premium, the main 

consequences of these agglomeration advantages over economic relations established in urban 

areas should be understood. Furthermore, this research area still lacks a well-defined theoretical 

framework, covering all relevant dimensions of the supply and demand sides of local labour 

markets. 
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1. AGGLOMERATION ECONOMIES1 

 

The determination of wages at the regional level is a combination of two mechanisms that may 

have distinct effects. On the one hand, there is the concept of spatial equilibrium, in which, 

under free mobility of individuals, wages are supposed to equalize the utility obtained in all 

regions. Therefore, people should be indifferent between distinct regions, and high wages 

would be accompanied by low amenities and/or high prices.  

The other mechanism is related to the concept of labour market equilibrium, through which 

local labour demand and supply produce an equilibrium wage in a certain region. This wage 

may reflect some positive local characteristic, which could be the reason why firms would 

prefer to remain in that place and accept a higher labour cost. If wages reflect the marginal 

productivity of labour (for instance, under a standard Cobb-Douglas production function), they 

will be a signal of the local productivity level (GLAESER, 2010). Consequently, local labour 

markets outcomes should be understood as a result of the inclusion of the spatial dimension in 

the labour market. 

The spatial distribution of economic activities determines the existence of cities and trade flows 

between them. However, the importance of the spatial dimension is not identified by the 

competitive paradigm of the neoclassical economic theory (exemplified by ARROW; 

DEBREU, 1954). In fact, these type of models could not properly include space and increasing 

returns as additional dimensions of economic modelling (FUJITA; THISSE, 2012). 

In more detail, even if spatial interdependencies are considered in the neoclassical model as 

additional characteristics of the choice of place to work and consume, space is still taken as 

homogeneous (it does not affect the utility of consumers and the production set of firms, and 

consumers do not have any a priori preference for a specific location). As shown by Starrett 

(1978), under a homogeneous space with a finite number of locations, transportation frictions 

and locally non-satiated preferences, there is no competitive equilibrium with goods transported 

between locations (the ‘spatial impossibility theorem’). In these models, trade is substituted for 

the mobility of production factors and all local consumption is satisfied by local production. 

                                                           
1 Part of this chapter will be published in: BARUFI, A.M.B.; KOURTIT, K. Agglomeration economies and smart 

cities. In: KOURTIT, K.; NIJKAMP, P.; STOUGH, R. (Eds.) The Rise of the City, Edward Elgar, Cheltenham, 

pp. 33-54, 2015 (forthcoming). 
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Relaxing the assumptions of the neoclassical model, one of the possibilities to help understand 

the existence of cities and their trade flows is to allow for spatial heterogeneity. Nevertheless, 

this factor has less variation within countries, making it more appropriate for modern urban 

economic theory to consider increasing returns to scale as an explanation for the existence of 

cities (BRAKMAN; GARRETSEN; VAN MARREWIJK, 2009). In addition, such 

agglomeration forces are generated by non-market interactions between economic agents. 

Another possibility is that under imperfect competition, firms are price-makers (by product 

differentiation or oligopolistic strategies), meaning that their spatial distribution, along with 

consumers, will determine regional prices and may generate spatial agglomerations (COMBES; 

MAYER; THISSE, 2008b).  

The focus here will be on the latter mechanism (based on urban-economic theories), as interest 

lies in the urban level of analysis. In this context, agglomeration economies are defined as 

external economies of scale generated by the spatial concentration of economic agents. 

Therefore, individuals and firms may benefit from being concentrated in cities by obtaining 

higher wages and higher productivity levels, respectively. In addition, space becomes an 

essential dimension in the generation of equilibrium outcomes in local labour markets. 

The remaining of this chapter aims to discuss relevant topics for the empirical exercises 

provided in Chapters 2, 3 and 4. The next section will discuss the micro-foundations of 

agglomeration economies. Then, Section 1.2 will present concurrent theoretical perspectives 

for the industrial scope of agglomeration economies, while Section 1.3 will explore the concept 

of knowledge externalities and how new technologies can change their formation. Finally, 

Section 1.4 will provide an overview of the main differences between static and dynamic 

agglomeration externalities. 

 

1.1 Micro-foundations of agglomeration economies 

The concept of agglomeration economies is strongly tied to the idea of proximity, as they result 

from the “interaction (often involuntary) among economic agents made possible by the lesser 

amount of spatial friction that occurs in concentrated locations” (CAPELLO, 2014, p. 163). 

They are of particular interest due to their positive effect on the productivity of firms and the 

utility of individuals. Among other advantages, they present a hedge against uncertainty in 

economic relations (GORDON; MCCANN, 2000). Models of economic growth have been 

focusing mostly on the gains generated by knowledge externalities and innovations, which are 
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classified as dynamic externalities, as they increase the innovative capacity of firms and aim to 

explain not only how cities form, but also why they grow (GLAESER et al., 1992; PESSOA, 

2014). 

It is noteworthy that static externalities are associated with an increase in the efficiency of 

technologies that are already in use, explaining the existing distribution of economic activity, 

productivity and amenities, but not their growth. Among these, there are urbanization and 

localization externalities, which refer to the co-localization with firms from different sectors or 

with firms of the same sector, respectively. In the case of urbanization economies, an increase 

in urban scale or population density may allow firms to increase their production without 

improving productivity or efficiency (DE GROOT; POOT; SMIT, 2009). 

On the other hand, spatial equilibrium models applied to an urban context are usually concerned 

with the effect dynamic externalities may have over the economic activity distribution and the 

interactions between economic agents. Glaeser and Gottlieb (2009) develop a basic framework 

to understand the effects of agglomerations on productivity and income, which should 

encompass the production side, individual utilities and the housing market (the Rosen-Roback 

tradition). Departing from a basic production function with an explicit term related to the 

productivity level, the labour demand function derived from the optimization process of the 

firm will present a positive relationship between wages and productivity. In a dynamic setting, 

the model includes urban changes and an adjustment of the local economy caused by migration 

and changes in the housing market. In this setting, agglomeration economies are multipliers of 

the exogenous factors that affect productivity, population, wages and prices, amplifying the 

relationship between amenities, housing supply and economic agents. 

The measurement of agglomeration economies requires a better understanding of the 

mechanisms that generate them. In this context, there has been a large discussion in the literature 

on the micro-foundations of agglomeration externalities. Marshall (1890) identifies three main 

channels through which proximity can lead to extraordinary gains: it makes possible the 

exchange of information and knowledge; there are potential benefits from labour market 

pooling; and firms may share inputs, specialized or not. These interactions are stronger between 

firms belonging to the same sector and they happen outside traditional market mechanisms, 

without prices. 

Duranton and Puga (2004) and Puga (2010) review these mechanisms and present some more 

specific concepts driving the productive interaction between economic agents: (i) sharing 
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(facilities, gains from individual specialization and variety, labour pooling and risk); (ii) 

matching (higher matching quality and quantity among workers and firms); and (iii) learning 

(knowledge generation, diffusion and accumulation). Complementarily, Rosenthal and Strange 

(2004) consider additional elements that generate agglomeration economies, such as local 

natural advantages, home market effects, consumption externalities, and rent seeking. 

These mechanisms can be embodied in a broader perspective of transportation costs. Glaeser 

and Gottlieb (2009) argue that proximity reduces transportation costs of goods (supply and 

demand of intermediate goods are closer by), people (labour markets are more efficient in urban 

areas and service providers have greater access to their clients), and ideas (stronger knowledge 

exchange between people and firms). 

It is worth mentioning that there may be agglomeration diseconomies in bigger cities associated 

with pollution, congestion and higher costs (of land, labour force and transportation), which 

can lead to negative externalities for firms and individuals (GLAESER; MARÉ, 2001). 

Moreover, the cost-benefit functions faced by different economic actors in large urban areas are 

expected to present a certain degree of heterogeneity, determining distinct locational choices 

(FUJITA; THISSE, 2012). Consequently, there will be push and pull factors related to 

agglomeration (dis)economies shaping the spatial distribution of firms and workers.  

 

1.2 Industrial scope of agglomeration economies 

The previous section emphasized the main mechanisms that generate agglomeration economies. 

Firms in a city may find the economic environment more or less suitable for fruitful interactions 

with other firms. Their location decision can be studied with analytical elements provided by 

the literature related to the industrial scope of agglomeration economies. In general terms, 

different sectors may benefit or not from local competition, specialisation and/or diversity.  

The exchange of knowledge and ideas is a common element of the different mechanisms 

underlying agglomeration externalities, being related to the productivity shifts discussed above 

through the creation and adoption of new products and processes. This concept is central to 

studies investigating the industrial scope of agglomeration economies (Rosenthal and Strange, 

2004), especially for the comparison between specialized, diversified and competitive urban 

structures. In this context, the MAR model2 advocates that industrial specialization fosters the 

                                                           
2 Marshall-Arrow-Romer, referring to the Marshallian externalities discussed above, combined with more recent 

advances in economic growth theory. 
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generation of knowledge spillovers, as the similarities between firms facilitate their interactions 

through the circulation of workers, imitation and business relations (GLAESER et al., 1992). 

Furthermore, a certain monopolistic power can be more suitable for innovation, as it increases 

the capacity of firms to internalize knowledge externalities (CAPELLO, 2014). 

Alternatively, according to Jacobs (1969), the source of knowledge externalities is external to 

the industry, being related to industrial diversity. A higher variety of industries can generate 

more opportunities to create, share and combine ideas and practices, as well as to exchange 

skills. In this case, competition is viewed as an incentive for firms to innovate and to adopt new 

ideas, and usually industries that share a common science base can profit further from a diverse 

environment. 

The third main theoretical perspective concerning the generation of knowledge externalities is 

based on Porter (1990). In his view, a competitive environment fosters economic growth, as it 

gives incentives for firms to innovate and to promote technical progress. This process is 

stronger in a specialized economy, as knowledge spillovers occur mainly within vertically 

integrated industries. 

These different perspectives can be harmonized by considering that the maturity and the 

technological content of a certain industry can affect the way it benefits from the different types 

of agglomeration economies. Standardized manufacturing with well-established firms may 

derive higher benefits from the agglomeration of their own industry (specialisation), while 

innovative and high-technology industries will tend to locate in larger and more diverse urban 

areas (BEAUDRY; SCHIFFAUEROVA, 2009; HENDERSON, 2010). 

With all these considerations in mind, it is important not only to understand how productivity 

is affected by city size, but also to what extent the industrial composition of an urban area may 

be more or less beneficial to firms in specific industries. In other words, agglomeration 

economies can be studied simultaneously by their direct effect on productivity and by their 

industrial scope. Nonetheless, the current empirical literature is still facing difficulties in finding 

consistent results, requiring a careful re-evaluation of concepts and methodologies (VAN 

OORT; LAMBOOY, 2014).  

An additional aspect to be mentioned is that geographical proximity is a key concept for the 

generation of agglomeration economies (CAPELLO, 2014). However, there are different 

dimensions through which individuals and firms can interact, especially in relation to dynamic 

externalities and knowledge exchange. Section 1.3 will present a contribution to this issue and 



20 

 

consider how new technologies can change the role of space for the generation of these 

externalities. 

 

1.3 Knowledge externalities, proximity and new technologies 

Previously, Section 1.1 provided an initial discussion on the importance of knowledge creation 

and exchange to increase local productivity. In spite of the clear relevance these elements have 

for local competitive advantages (BEAUDRY; SCHIFFAUEROVA, 2009), there are a few 

issues regarding knowledge externalities that require further investigation. Among these, it is 

possible to highlight the reach of spatial spillovers (KRUGMAN, 2009) and the relative 

importance of different types of proximity (BOSCHMA, 2005). Therefore, it is not clear 

whether knowledge externalities really depend upon geographical proximity or if technological 

changes have already provided a solution to overcome this obstacle. 

Firstly, there is a distinction to be made between different types of knowledge, namely tacit and 

codified knowledge. While the former refers to a person-specific knowledge, requiring direct 

contact between individuals to be transmitted, the latter can be transacted in markets and easily 

transferred between individuals (VAN OORT; LAMBOOY, 2014). Furthermore, tacit 

knowledge is acquired through learning-by-doing or learning-by-using, and its transmission 

requires proximity in different dimensions, such as spatial, cultural and social (BOSCHMA, 

2005). 

In this context, face-to-face (F2F) contact is usually associated with the transmission of tacit 

knowledge and is related to the different mechanisms of generation of knowledge externalities. 

The main advantages associated with F2F contact involve allowing the communication between 

different agents even with non-codifiable information, reducing the problems with incentives 

and lack of trust, the evaluation of potential partners and socialization, and improving 

performance by giving incentives for greater effort and motivating individuals (STORPER; 

VENABLES, 2004). Therefore, the spatial dimension has a crucial role in the exchange of 

knowledge, especially in its tacit version. The exchange of codified knowledge may also require 

spatial proximity, because the interpretation and assimilation of this kind of information can 

depend on tacit knowledge (HOWELLS, 2002). 

The literature on spatial spillovers and agglomeration economies has focused on space as the 

main dimension to investigate the interaction between firms and workers. In recent years, 

however, there has been a shift in the perception of the types of proximity that are essential to 
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the promotion of knowledge spillovers and innovation. For instance, the endogenous growth 

literature highlights that innovations are determined by increasing returns, which are associated 

with spatial, relational and institutional proximity (CAPELLO; NIJKAMP, 2009). In this sense, 

there are different factors in motion to promote innovation, with proximity being considered a 

transitional concept between socio-economic and spatial interactions (STIMSON, 2014). 

Therefore, proximity is no longer exclusively a geographical concept, being accompanied by 

other relevant dimensions (cognitive, organizational, social and institutional). In this sense, 

there is a high degree of complementarity between these different relevant dimensions, but even 

if geographical proximity can be substituted by a combination of other types of proximity in 

the learning process (BOSCHMA, 2005; TORRE; RALLET, 2005), there is still a great deal of 

knowledge exchange associated with space (CAMAGNI; CAPELLO, 2009). Combining 

different perspectives seems to be the most interesting way to proceed in order to model and 

estimate innovation and knowledge generation (CAPELLO, 2014). 

Another relevant discussion in this subject relates to the role of geography in innovation systems 

under the rise of information and communication technologies (ICTs), that have emerged in the 

past few decades, accompanied by an increase in the globalization of economic activity (for 

example, CAIRNCROSS, 2001). These transformations are said to be changing the requirement 

of proximity in space by altering the way knowledge and information are produced and 

exchanged, based on the concepts of tradability and codification. The codification of 

information and meanings allows the transformation of complex and unfamiliar coordination 

tasks into routine activities, which can be placed in cheaper and remote locations. This 

reinforces the tendency towards de-agglomeration of activities with codified knowledge. 

On the other hand, new activities are created through innovation, and usually the tasks related 

to them are complex and unfamiliar, requiring F2F contact and geographical proximity in 

general terms. Tacit knowledge will permeate these new activities, meaning that the knowledge 

required to conduct them is usually embodied in high-skilled workers (STORPER; 

VENABLES, 2004). Moreover, the quality of F2F interactions is higher than that of electronic 

ones, and they intersect in a complementary manner to lead to knowledge and information 

creation and diffusion. In this sense, digital technologies are usually able to maintain but not to 

create communities, while information may be easily diffused, but not necessarily understood 

(MORGAN, 2004).  
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Therefore, the production and exchange of knowledge and the process of innovation still rely 

significantly on spatial proximity. Technology has created new ways of promoting the 

interaction of individuals in a virtual manner, but the existence of tacit knowledge and trust 

issues make physical contact still important, at least for some of the interactions. Space, then, 

still seems to be relevant in the context of knowledge generation. 

 

1.4 Static and dynamic agglomeration externalities 

In addition to proximity, agglomeration economies also have a time dimension. Therefore, they 

can be classified into static and dynamic advantages, being ultimately defined in space and 

time. The previous sections highlighted the importance of space to produce agglomeration 

externalities in general, while time is key to define whether these externalities are static or 

dynamic.  

In this context, static agglomeration economies are associated to an increase in productivity due 

to urban size in a specific moment of time, affecting the observed distribution of economic 

activity and the efficiency of already existing technologies (DE GROOT; POOT; SMIT, 2009). 

Furthermore, geography, infrastructure and population size are supposed to generate these static 

agglomeration advantages. They are enjoyed while workers are living in a big cities but are lost 

upon moving away (DE LA ROCA; PUGA; 2014).  

However, agglomerations may have long-lasting effects, affecting the trajectory of productivity 

growth for each city and economic agent over time (COMBES; GOBILLON, 2015; 

CAMAGNI; CAPELLO; CARAGLIU, 2015). In this context, dynamic agglomeration 

economies are related to interactions between economic agents that change the path of growth 

of their productive capacity. 

In general, knowledge externalities are supposed to generate these special conditions for 

productivity growth, being directly associated to dynamic agglomeration externalities. They 

help explain how cities change and generate location advantages over time for firms and 

workers, with a special focus on specialisation, competition and diversity at the local level. On 

the other hand, urbanisation and localisation economies refer to once-and-for-all static 

advantages (DE GROOT; POOT; SMIT, 2009). 

Furthermore, dynamic advantages and knowledge externalities are also related to 

experimentation and learning in cities. They can be transformed into higher human capital, 

benefiting a worker even if he or she relocates (DE LA ROCA; PUGA, 2014).  
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The remaining of this dissertation will explore different aspects of agglomeration economies in 

Brazil. Chapter 2 presents an analysis of dynamic gains with a special focus on their industrial 

scope, in which specialisation, competition and diversity at the industry level generate these 

advantages. Then, Chapter 3 provides a comparison of static and dynamic advantages for 

workers in cities with different sizes. Finally, in Chapter 4, city size is supposed to generate 

unique local conditions for different levels of bargaining power of workers and firms, affecting 

local wage determination. 

As mentioned at the beginning of this chapter, two concepts will be essential to understand the 

outcomes analysed in the empirical studies: spatial equilibrium and labour market equilibrium. 

In fact, they are completely interrelated and cannot be dissociated, as cities may compete among 

each other to attract workers and firms, aiming to provide the best environment for flourishing 

a productive labour market. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



24 

 

 

 

 

 

 

 

 

 

  

  



25 
 

 

 

2. INDUSTRIAL SCOPE OF AGGLOMERATION ECONOMIES IN BRAZIL 

 

2.1 Introduction 

Brazil has recently shown an important decrease in personal and regional inequality. 

Nevertheless, its income inequality is still one of the highest worldwide (it has the 16th highest 

Gini index among 141 countries3), reaching 0.523 in 2013 down from 0.603 in 1995. Regional 

income disparities are also considerably high, demonstrated by the fact that average personal 

income was 1.78 times higher in the South-South-east than in the North-North-east in 2013. 

Following the tendency towards urbanisation observed all over the world (GLAESER, 2011; 

UNFPA, 2007), there is a significant spatial concentration of population and economic activity 

in Brazil. In 2010, 84.4 per cent of the population lived in urban areas, occupying 1.07 per cent 

of the national territory4. Regarding economic concentration, in 2012, cities with more than 

500,000 inhabitants held a 40.8 per cent share of total GDP, while housing 29.3 per cent of the 

total population5. Also, the correlation between the logarithm of wages and the logarithm of 

population density at the municipal level reached 0.06 in 2010 for the whole labour market, and 

0.05 for the formal sector.  

Moreover, as mentioned in the previous chapter, it is widely acknowledged that living costs are 

significantly higher in bigger cities, meaning that only with a positive relationship between 

wages and the city size is it possible to explain the existence of cities (DURANTON; PUGA, 

2014; VAN OORT; LAMBOOY, 2014). In this context, the proximity of economic agents 

generates agglomeration economies by reducing transportation costs. Different theoretical 

approaches analyse these costs reductions under different perspectives – of goods, people, and 

ideas (GLAESER; GOTTLIEB, 2009). 

Following the substantial empirical literature on agglomeration economies, this chapter aims to 

understand the nature and magnitude of regional disparities in Brazil by exploring the industrial 

scope of the extraordinary gains obtained in big cities. The strategy followed here presupposes 

that salaries are directly related to productivity, and investigates whether competition, 

                                                           
3 Considering the Brazilian Gini Index of 2012 and the most recent information for other countries, available at 
https://www.cia.gov/library/publications/the-world-factbook/rankorder/2172rank.html, accessed on 27/06/2014. 
4 Based on data from the Demographic Census of 2010, IBGE (2013). 
5 With information from the Municipal GDP, provided by IBGE. 

https://www.cia.gov/library/publications/the-world-factbook/rankorder/2172rank.html
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specialisation, and/or diversity are more or less relevant to explain the regional residual 

variation in salaries in different sectors (which is not related to individual characteristics). 

In comparison with the previous literature, different estimation strategies are provided here, 

controlling or not for individual unobserved characteristics constant in time (COMBES; 

DURANTON; GOBILLON, 2008a; COMBES et al., 2010; GLAESER and MARÉ, 2001; 

GROOT; DE GROOT; SMIT, 2014a). Moreover, a two-stage estimation on two different levels 

is considered (the first stage is at the individual level, while the second stage is at the sector-

region-year level).  

Concerning the empirical literature on agglomeration economies in Brazil, an analysis at the 

micro-level is provided, controlling for individual characteristics. In addition, the analysis 

presented here compares the potential effects of specific sources of externalities related to the 

industrial scope of agglomeration economies (diversity, specialisation, and competition) over 

sectors with different levels of technology and knowledge intensity. Finally, it is also possible 

to discuss how the formalisation of the Brazilian labour market may have affected all these 

relationships by analysing the formal sector in two different separate periods. 

This chapter aims to contribute to the literature of static and dynamic agglomeration effects, by 

controlling for individual skills and comparing different estimation strategies. The focus is on 

the industrial scope of agglomeration economies, a strand of the literature that has recently 

attracted more attention because individual-level longitudinal data have become more easily 

available. Moreover, so far most empirical studies have focused on developed countries, but 

here instead an evaluation of the relative importance of the local industrial mix for different 

sectors in the context of a developing economy is provided (that of Brazil), which is another 

important contribution. 

The next sections are organised as follows: Section 2.2 contains a review of the related 

literature; Section 2.3 discusses the methodological approach; Section 2.4 describes the data; 

and then, Section 2.5 presents the results. Finally, Section 2.6 draws the main conclusions from 

the analysis. 

 

2.2 Urban wage premium and increasing returns 

The relationship between city size and the returns of firms and workers has been examined 

based on the assumption that urbanisation reflects the gains from agglomeration. The next 
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subsections will briefly review the main issues investigated in the literature, and explore the 

advances of the empirical studies in this area. 

 

2.2.1 Principles of agglomeration economies 

As discussed in Chapter 1, the urban wage premium has been the subject of analysis of several 

studies aiming to identify how the density of economic activity affects the productivity of 

workers (HEUERMAN; HALFDANARSON; SUEDEKUM, 2010). There is usually a positive 

association between city size and salaries (Combes et al., 2010). However, cities present a trade-

off between costs and benefits, which are directly related to dispersion and agglomeration forces 

(COMBES; DURANTON; GOBILLON, 2011; DURANTON; PUGA, 2014; GLAESER, 

1998). The challenge is to isolate these effects from other explanatory factors of productivity 

differentials in space, while investigating the possibility of convergence and divergence 

between regions, sectors, educational levels, among other dimensions (LINDLEY; MACHIN, 

2014). 

Spatial wage differentials can be explained by three main sets of variables (COMBES; 

DURANTON; GOBILLON, 2008a): the skill composition of the local labour force; 

geographical characteristics and local factors of production; and interactions between firms or 

workers. The latter set is related to the generation of agglomeration economies.  

In fact, under the conditions defined by the Spatial Impossibility Theorem (STARRET, 1978), 

increasing returns constitute one of the possible explanations for the existence of cities with 

trade flows between them. When there are positive externalities to the urban size, the 

competitive paradigm in space is no longer valid (COMBES; MAYER; THISSE, 2008b), thus 

creating incentives for the agglomeration of economic agents (FUJITA; THISSE, 2012; 

GLAESER, 1998).  

Agglomeration economies are generated by the interactions between firms and individuals. 

Synthesising different contributions, Duranton and Puga (2004) and Puga (2010) identify three 

main micro-foundations: (i) the sharing of facilities and gains from individual specialisation 

and variety, and risk sharing, through labour pooling; (ii) the higher probability of a matching, 

with higher quality; and (iii) learning, related to knowledge generation, diffusion, and 

accumulation. These externalities are static when they explain the cross-sectional distribution 

of economic activity, and dynamic when related to productivity growth and knowledge 

spillovers (DE GROOT; POOT; SMIT, 2009; PESSOA, 2014). In fact, as mentioned in the 
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previous chapter, dynamic externalities are generated by the profitable interaction of workers 

and firms, which provide them the elements to increase their productivity in a long-lasting 

manner. According to Rosenthal and Strange (2004), they may be related to the city size 

(urbanisation economies, associated with Jacobian economies) or to the size of the particular 

economic sector (localisation economies, linked to Marshallian economies). 

The micro-foundations discussed above come from a reinterpretation of Marshall (1890), who 

pointed out that proximity gains could be stronger between firms and workers within the same 

industry (labour market pooling, input sharing and knowledge exchange). Glaeser et al. (1992) 

summarised further developments in this direction with the MAR model (Marshall-Arrow-

Romer), in which industrial specialisation could promote knowledge spillovers by favouring 

the interaction between firms with a similar structure. Moreover, it may be easier for firms to 

internalise innovation gains when they have a higher local monopolistic power (CAPELLO, 

2014). Another perspective is brought by Jacobs (1969), according to whom knowledge 

externalities are fostered by the interaction between economic actors of different sectors. 

Therefore, the source of agglomeration economies is external to the industry, allowing the 

exchange of complementary knowledge, thus generating urbanisation economies. In this 

setting, competition is seen as an incentive for firms to innovate. Porter (1990) also defends this 

last aspect, but his theoretical framework advocates that a higher level of specialisation 

reinforces those gains (knowledge exchange is stronger in vertically-integrated industries). 

Depending on the development stage of each industry in a certain country, they will benefit 

from different industrial structures in their locality. For instance, new sectors with a strong 

focus on innovation efforts may be located in larger and diversified urban areas where they can 

profit from a wide range of experiences and ideas (HENDERSON, 2010). Following De Groot, 

Poot and Smit (2009), it is possible to organise the sources of externalities and their expected 

effects over employment and productivity according to each theoretical view discussed above 

(see Table 2.1): 

Table 2.1 - The effect of agglomeration externalities on employment and productivity. 

 
Source: De Groot, Poot and Smit. (2009). 
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This strand of the literature was initially synthesised during the 1960s and the 1970s 

(CAPELLO, 2014). However, more recently there has been a new wave of theoretical and 

empirical studies covering the relationship of productivity, geographical proximity and local 

industrial composition. From the perspective of the empirical literature, detailed databases 

based on micro-data at the individual level have allowed the brand new theoretical models to 

be tested by controlling for individual heterogeneity in order to assess regional-level 

relationships (ROSENTHAL; STRANGE, 2004). In the Brazilian context, the empirical 

literature using this recent approach is still very limited, as is discussed in the next subsection. 

Therefore, the industrial scope of agglomeration economies can be further investigated by 

controlling for individual characteristics and other confounding factors. This strategy allows 

the identification of a proper local sector mix, the optimum city size, and an adequate degree of 

competition for different industries. This framework is now considered in the case of Brazil, a 

developing economy with a continental dimension and huge regional disparities. 

 

2.2.2 Empirical studies on agglomeration externalities 

The literature that relates productivity and different measures of agglomeration externalities has 

been reviewed elsewhere (BEAUDRY; SCHIFFAUEROVA, 2009; MELO; GRAHAM; 

NOLAND, 2009). In general, results are significantly heterogeneous, and one of the 

explanations for this is that the outcome related to productivity can vary. It can be either directly 

derived from the production function or indirectly derived (from salaries, rents, job creation, 

new establishments, among others), according to data availability. Rosenthal and Strange 

(2004) highlight the main difficulties embodied in the direct estimation of a productivity 

measure (capital and land may be hard to measure). On the other hand, rents are not observed 

for most of the countries in their whole extent.  

Finally, salaries are easily observed at the individual level, with a significant periodicity. The 

main underlying assumption is that they equalise the marginal productivity of labour (under 

perfect competition), or that at least they are higher in places that are more productive 

(ROSENTHAL; STRANGE, 2004). An important drawback of this strategy is that elasticities 

in the labour market will determine the extent to which wages capture local productivity 

(MORETTI, 2011). 

Apart from that, the heterogeneous results found in the literature can be associated with 

different measures for competition, diversity and specialisation (BEAUDRY; 
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SCHIFFAUEROVA, 2009). Melo, Graham and Noland (2009) also remark that the estimates 

of the elasticity of urbanisation economies vary among countries, data structure, geographical 

aggregation, and economic sector, in the range from 3 to 8 per cent (an increase of 1 per cent 

in urban density, for instance, is expected to increase wages from 3 to 8 per cent).  

The theoretical framework most commonly applied to this sort of analysis is based on the wage 

equation of the urban economics literature (COMBES; MAYER; THISSE., 2008b). Glaeser 

and Maré (2001) conducted one of the first studies aimed at measuring the urban wage 

premium, while controlling for individual heterogeneity. They consider longitudinal individual 

data for the United States, and find evidence that there is an urban premium even when observed 

and unobserved individual characteristics are taken into account. In a similar setting, Mion and 

Naticchioni (2009) show that individual abilities and firm size explain a large share of the 

spatial heterogeneity of wages in Italy. 

Combes, Duranton and Gobillon (2008a) find that controlling for the sorting of individuals 

(with individual fixed effects) reduces the estimated coefficient of urbanisation externalities by 

40 to 50 per cent. However, apart from creating a black box for the sorting process, the inclusion 

of individual fixed effects may introduce a selection bias, as only those individuals who have 

migrated will provide the variation to estimate the agglomeration coefficient. Furthermore, 

pooled cross-sections will provide an upper bound for the estimates, while the panel estimation 

will generate a lower bound (GROOT; DE GROOT; SMIT, 2014a).  

There is a strong concern for the potential endogeneity of urban size measures (endogenous 

quantity of labour), such as population density (COMBES et al., 2011). This is so because cities 

with higher wages may attract more individuals, leading to an increase in population and 

consequently, in city size. The approach proposed by Ciccone and Hall (1996) and adopted by 

Combes, Duranton and Gobillon. (2008a), Groot, De Groot and Smit. (2014a), and Graham et 

al. (2010), among others, is based on long time lags of the endogenous variable, while Combes 

et al. (2010) also suggest the inclusion of geographical characteristics as instruments. On the 

other hand, the individual fixed effects mentioned above aim to control for the endogenous 

quality of labour, namely, the sorting process of the labour force (COMBES; DURANTON; 

GOBILLON, 2008a; GLAESER; MARÉ, 2001). 

As previously suggested, the industrial scope of agglomeration externalities can be evaluated 

in order to assess which theoretical framework seems more suitable to explain regional wage 

disparities. Glaeser et al. (1992) explore city-level data in the United States, finding results 

consistent with the framework presented by Jacobs (1969) – employment growth is encouraged 
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by urban diversity and local competition. Groot, De Groot and Smit (2014a) estimate a two-

stage regression, explaining the spatial residual of a mincerian regression. The authors find an 

employment density elasticity of 4.8 per cent for NUTS-3 areas in the Netherlands, with a 

stronger indication of MAR externalities and small negative effects from competition and 

diversity measures. 

Longitudinal data on the labour market in Brazil has become available only recently, and access 

is still very limited. Therefore, a large part of the empirical literature is based on individual-

level cross-sections, or aggregated data at the area level. In an attempt to measure agglomeration 

externalities for the country, Henderson’s (1986) estimates indicate that localisation economies 

seemed more important than urbanisation economies in the 1970s, meaning that manufacturing 

activities might be less productive in larger urban areas. Moreover, the mean of the coefficients 

estimated for different sectors is 0.046, ranging from 0.003 to 0.18. 

Amaral et al. (2010) estimate a New Economic Geography (NEG) wage equation, and find a 

positive relationship between wages and market potential. Also based on an NEG model, Fally, 

Paillacar and Terra (2010) find that market potential and supply access (intermediary goods) 

are positively related to individual wages. Silva and Silveira-Neto (2009) explore the 

determinants of manufacturing employment growth at the state-sector level in Brazil between 

1994 and 2004.  Among the explanatory variables, there are: the average wage; average firm 

size; connections (a concentration index based on backward and forward linkages); a proxy for 

transportation costs; and dynamic externalities (specialisation and diversity). They find an 

indication that competition is relevant for employment growth (Jacobs’s and Porter’s theoretical 

arguments), as well as diversity (Jacobs). 

Hierarchical wage equations are applied by Fontes, Simões and Oliveira (2010) to control for 

variables at different levels (individual and territorial unit of analysis). Based on Census data 

for 1991 and 2000 (cross-sections), the authors evaluate municipalities with at least 50,000 

inhabitants, and find significant regional disparities even after controlling for observed 

individual heterogeneity. There is evidence of a positive effect of urban scale on wages, as well 

as of a positive relationship between the industrial concentration and the density of modern 

productive services with wage levels. 

With an urban economics wage equation, Simões and Freitas (2014) apply municipal data to 

find that urbanisation economies are more relevant for sectors with high technological intensity, 

while sectors with low and medium technological intensity benefit more from medium sized 
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urban centres, which are relatively less diversified. Considering data from RAIS (Annual 

Report of Social Information, from the Ministry of Labour), Freguglia and Menezes-Filho 

(2012) find that, when controlling for individual heterogeneity, almost 63 per cent of the total 

spatial differential disappears, meaning that local policies should focus on human capital 

development in order to promote regional development.  

The investigation of the industrial scope of agglomeration economies, while controlling for 

individual heterogeneity, has become the subject of analysis of recent studies, owing to an 

increase in the number of available longitudinal individual-level databases. There is scene to 

contribute to this literature, especially in the context of a developing country such as Brazil, 

where empirical studies have only recently started to cover these possibilities.  

When compared to the literature, at least to what is the knowledge of the author, this is the first 

study to compare different theoretical perspectives regarding the industrial scope of 

agglomeration economies in Brazil while controlling for the longitudinal structure of the 

database at the individual level. 

 

2.3 Analytical Framework 

The theoretical framework adopted here is based on the wage equation developed by the urban 

economics literature. This approach is not new, especially in its aggregated regional version, 

which has been presented in a variety of studies ever since the 1970s. However, the recent wave 

of newly available individual-level longitudinal databases have allowed a proper control of 

individual heterogeneity. Following Combes, Mayer and Thisse (2008b), profit optimisation by 

a price-taking firm j may generate the following equilibrium wage: 

 

𝑤𝑗 = 𝜇(1 − 𝜇)(1−𝜇) 𝜇⁄ 𝑠𝑗 (
𝑝𝑗𝐴𝑗

𝑟𝑗
1−𝜇)

1
𝜇⁄

= 𝑓(𝑠𝑗 , 𝐴𝑗 , 𝑝𝑗, 𝑟𝑗) . (2.1) 

In this case, the estimation can be conducted for individual i working in firm j, which requires 

detailed information at the individual level, while 𝑝𝑗 and 𝑟𝑗 capture, respectively, agglomeration 

and dispersion forces. The average unit value 𝑝𝑗 of the good produced by firms can be raised 

by higher demand, weaker competition, or cheaper intermediate goods, leading to more 

agglomeration. On the other hand, 𝑟𝑗 measures the effects of the prices of other production 

inputs, which can increase with congestion, and may provide a dispersion force. The term 𝐴𝑗 is 

related to technological externalities (among others, knowledge and learning spillovers, and 
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existing technology associated with workers’ abilities). Finally, it is necessary to control for 

individual skills 𝑠𝑗 in order to capture the correct effect of local characteristics over salaries.  

Within this context, when wages are regressed against a measure of city size, such as population 

density, the main underlying assumption is that this relationship happens through the elements 

discussed above. It is also important to control for all possible confounding variables. 

Moreover, the industrial mix must also be taken into consideration, especially because local 

wages can vary between sectors, which are heterogeneously affected by the degree of diversity, 

specialisation and concentration. These last factors are embedded in the term measuring 

technological externalities, namely 𝐴𝑗. 

Combining all these elements, the next sections will discuss the estimation of the equation 

presented above in two stages. In the first stage (Equation 2.2), individual-level data is used to 

explain wages with individual characteristics and a dummy for each combination of region-

sector-year, the spatial residual (GROOT; DE GROOT; SMIT, 2014a) – henceforth referred to 

as the spatial wage. This relationship can be written as: 

 ln(𝑤𝑖,𝑟,𝑠,𝑡) = 𝛽0 + 𝛽1𝑎𝑔𝑒𝑖,𝑟,𝑠,𝑡 + 𝛽2𝑎𝑔𝑒𝑖,𝑟,𝑠,𝑡
2 + ∑ 𝛽4𝐷𝑖,𝑟,𝑠

𝑒𝑑𝑢
𝑒𝑑𝑢 +

∑ 휃𝑓𝑎𝑐𝑡𝑜𝑟𝑓𝑎𝑐𝑡𝑜𝑟 𝑆𝑘𝑖𝑙𝑙𝑖,𝑟,𝑠,𝑡
𝑓𝑎𝑐𝑡𝑜𝑟

+ ∑ 𝛽5𝐷𝑖,𝑟,𝑠,𝑡
𝑓𝑖𝑟𝑚_𝑠𝑖𝑧𝑒

𝑓𝑖𝑟𝑚_𝑠𝑖𝑧𝑒 + ∑ ∑ ∑ 𝜆𝑟,𝑠,𝑡𝑡𝑠𝑟 + 휀𝑖,𝑡 . 
(2.2) 

Then this estimated spatial wage �̂�𝑟,𝑠,𝑡 will be used as the dependent variable in the second stage 

(Equation 2.3), as it is associated with measures of agglomeration externalities and geographical 

characteristics. 

 �̂�𝑟,𝑠,𝑡 = 𝛿0 + 𝛿1ln(𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑟,𝑡) + 𝛿2 𝑎𝑟𝑒𝑎𝑟,𝑡 + 𝛿3𝑠𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑟,𝑠,𝑡 +

𝛿4𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦𝑟,𝑡 + 𝛿5𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑟,𝑠,𝑡 + ∑ 𝛿𝑔𝑒𝑜𝑔𝑔𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑦𝑟,𝑡𝑔𝑒𝑜𝑔 + ∑ 𝛿6𝑠 𝐷𝑠
𝑠𝑒𝑐𝑡𝑜𝑟 +

∑ 𝛿7𝑡 𝐷𝑡
𝑦𝑒𝑎𝑟

+ ∑ 𝛿8𝑚𝑎𝑐𝑟𝑜−𝑟𝑒𝑔𝑖𝑜𝑛 𝐷𝑚𝑟
𝑚𝑎𝑐𝑟𝑜−𝑟𝑒𝑔𝑖𝑜𝑛

+ 𝜉𝑟,𝑠,𝑡 . 

(2.3) 

Such a strategy in two stages is based on the argument that individuals residing in the same 

labour market and working in the same sector may share some specific characteristics that are 

not entirely captured by the controls included in Equation 2.2 and Equation 2.3. In this case, 

the error term of a single-stage estimation will be positively correlated across individuals from 

the same sector-region, generating downwardly-biased standard errors for the regional and 

sectoral level variables, which produce higher t statistics (COMBES; DURANTON; 

GOBILLON, 2008a; MOULTON, 1990, and BELL; NICKELL; QUINTINI., 2002, CARD, 

1995 in a different context). A two-stage estimation procedure aims to overcome this issue. 
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A descriptive analysis of all variables included in the model will be presented in the next 

section. Among the individual characteristics considered in Equation 2.2: 𝑤𝑖,𝑟,𝑠,𝑡 is the hourly 

wage; 𝑎𝑔𝑒𝑖,𝑟,𝑠,𝑡 is measured in years; and 𝐷𝑖,𝑟,𝑠
𝑒𝑑𝑢 assumes value 1 when the individual has attained 

a certain educational level (edu = {illiterate, incomplete primary school, complete primary 

school to incomplete high school, complete high school to incomplete college, college degree 

or more}), or 0 otherwise. Moreover, 𝑆𝑘𝑖𝑙𝑙𝑖,𝑟,𝑠,𝑡
𝑓𝑎𝑐𝑡𝑜𝑟

 measures the degree of certain skills that are 

required for the job, following Maciente (2013)6. Finally, 𝐷𝑖,𝑟,𝑠,𝑡
𝑓𝑖𝑟𝑚_𝑠𝑖𝑧𝑒

 represents a group of 

dummies for each firm size in which the individual works (aiming to control for technological 

patterns and competition differences between firms, GLAESER et al., 1992); and 𝜆𝑟,𝑠,𝑡 is the 

sector-spatial wage. 

Equation 2.3 presents a set of independent variables that aim to measure how city size and the 

industrial mix affect spatial wages. Urbanisation externalities are measured by the logarithm of 

employment density, and the area of the region7 is included to control for the scale effect 

(CICCONE; HALL, 1996, and COMBES et al., 2010). In addition, different measures of 

specialisation, diversity, and competition are considered in alternative specifications (see Table 

A.3 in the Appendix). Other controls include two-digit-sector dummies, year and macro-region 

dummies, as well as geographical characteristics (altitude and distance to the Equator line). 

The estimation strategies have the following variations: in the first stage, an individual fixed 

effect may be included to control for the unobserved individual heterogeneity constant in time. 

Furthermore, in the second stage, the potential endogeneity of employment density is taken into 

account with instrumental variables (IV) techniques. The instruments considered here are the 

following: population density in 1940; distance to the coast; and dummies for sugar cane and 

coffee production, and gold exploration during the colonial period8. Table A.4 in the Appendix 

                                                           
6 See Table A.2 in the Appendix. 
7 Regions are labour market areas (REGIC areas), which aggregate the municipalities in each region (482 regions 

containing all 5,565 municipalities), as defined by the Brazilian Institute of Geography and Statistics for 2007 

(IBGE, 2013), taking into account all daily commuting and transportation connections among the municipalities. 

Taking labour market areas as the spatial unit of analysis is a standard procedure in the literature (see for instance 

GROOT; DE GROOT; SMIT, 2014a, and GLAESER; MARÉ, 2001). 
8 These last three variables were generated and kindly provided by Naritomi et al. (2012). In the 1940s, the 

Brazilian economy was much less industrialised and productivity differentials were more related to agriculture. 

Therefore, population density in that decade is expected to be exogenous in relation to wages in the 21st century. 

Concerning distance to the coast, the colonisation process in Brazil was mostly concentrated on the coast, and a 

simple analysis of the distribution of cities in Brazil shows that there is still a high population concentration in that 

part of the country. Finally, the main economic activities developed during the colonial period helped to define the 

location of many urban centres, but are not necessarily related to the determinants of productivity nowadays. 
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provides a detailed description of all the variables considered, including methods of calculation 

and data sources.  

The last methodological issue to be highlighted is that the regressions presented in Equations 

2.2 and 2.3 are estimated separately for five aggregated sectors, defined in the Appendix (see 

Table A.5 for the aggregation criteria). The reason of for doing this is that it is possible to 

compare the effect of agglomeration externalities and the industrial mix over different 

development stages of manufacture and service industries, based on their technological and 

knowledge intensity. It also reduces the computational complexity of the estimation of the 

spatial wage9. The major drawback here is that the balanced panels consider only those 

individuals who do not move between these five aggregated sectors over time, but only within 

the industries belonging to each of them. Therefore, part of the individuals who move between 

sectors is not observed. As the group that moves is usually associated with a higher productivity, 

it is possible that the estimations will be downwardly-biased. 

 

2.4 Data 

The estimation of the wage equation discussed above is based on data of the formal Brazilian 

labour market. For this purpose, the main database considered here is the Identified RAIS 

(Annual Report of Social Information, from the Ministry of Labour), which consists of 

identified registration data of all formal firms and their employees, which focuses on the 

characteristics of the work contract. It provides annual information on all formally employed 

individuals in the private sector (or part of the public sector, depending on the type of contract), 

with a significant regional disaggregation (municipal level).10 

Among the main advantages of this database, is that it has a longitudinal structure at both the 

firm and the individual level. Moreover, as it is a mandatory report, all firms are obliged to fill 

in the required information, covering the entire formal sector. This is also the reason why, 

differently from individual self-reporting surveys, there is a lower risk of wage under-reporting. 

However, a potential drawback of using this database is that it covers only the formal sector, 

and it does not include entrepreneurs (who are self-employed) or individuals in managerial 

positions. Another relevant detail is that the reporting process is more accurate for bigger firms, 

                                                           
9 In the case when the combination region-sector-year is considered for all industries simultaneously, the limit of 

Stata MP and R in a computer with RAM of 64G is reached. 
10 The author is grateful to FIPE (The Economic Research Foundation Institute), Prof. Helio Zylberstajn and 

Eduardo Zylberstajn for allowing access to the database. All confidentiality requirements were respected. 
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which are usually located in larger urban areas, and sometimes firms with multiple branches 

may report incorrectly the municipality of each employee. Therefore, an analysis covering only 

the formal sector, with a better reporting for larger firms, may overestimate the urbanisation 

effect, as these bigger firms are usually more productive and located in large cities.  

Following the process of formalisation of the labour market, the size of RAIS has increased 

significantly in the past decade. In 2004, 30.3 per cent of total jobs11 were formal, while in 2012 

this percentage increased to 39.3 per cent. It is also important to note that there is a significant 

regional heterogeneity in this process. In 2004, only 17.5 per cent of total jobs were formal in 

the North region of the country and 17.1 per cent in the North-east, while 39.4 per cent were 

formal in the South-east, 35.1 per cent in the South, and 28.6 per cent in the Centre-West. Then, 

in 2012, these percentages went up to 23.6 per cent in the North and 25.4 per cent in the North-

east, while reaching 48.2 per cent in the South-east, 44.9 per cent in the South, and 40.2 per 

cent in the Centre-West.12  

This issue is taken into account by comparing the relationships studied here over time (2004, 

2008, and 2012). In order to explore the longitudinal structure of the database, a few steps were 

taken to generate a balanced panel for each period (2004-2008; 2008-2012; 2004-2008-2012), 

and the comparison between the first two data sets allows the discussion of the potential effect 

of formalisation on the characteristics of the labour force.13 Finally, database tractability was 

obtained by generating 20 per cent random samples for each of the five technological sectors.14  

                                                           
11 Total jobs include public sector and military, formal and informal employees, self-employment, entrepreneurs, 

and unpaid work. The percentages discussed here refer to the representativeness of RAIS in the labour market. 
12 Information obtained from the National Household Sample Survey (PNAD), from the Brazilian Institute of 

Geography and Statistics (IBGE). 
13 The original database contains individual information for each contract, meaning that individuals can appear 

more than once if they work for more than one firm. A few steps were taken in order to select the desired 

observations (ending up with only one contract per worker). Firstly, a filter selected only active contracts in 

December of each year for individuals working for private companies in permanent jobs. Then, contracts with 

missing individual IDs, wages equal to zero, or with less than 20 weekly hours were excluded. The next steps for 

individuals with multiple contracts included: keeping those with five or less contracts; dropping those with a 

different gender in each contract, and keeping the contracts with the highest number of weekly hours and with the 

oldest hiring date. Finally, for the remaining cases of multiple contracts, only one of them was randomly selected, 

leading to one contract per individual for the whole database. After all these procedures, and keeping only the 

manufacturing and service sectors, the database size ranged from 8.9 to 12.6 million between 2004 and 2012 (the 

increase is related to the expansion of the formal sector previously mentioned). Only those individuals who were 

observed in each period (2004 and 2008; 2008 and 2012; and 2004, 2008 and 2012 – depending on the model 

considered) were kept, with the same gender and birth date in every year. Finally, following a common practice in 

the related literature, the analysis was conducted for men who were 18 to 56 years old in 2004. 
14 These samples are representative for the following characteristics: age group (less than 30 years old, 30 to 45 

years old, 46 or more); population size (less than 100 thousand, 100 thousand to less than 500 thousand, 500 

thousand to less than 1 million, 1 million or more); firm size (up to 4 employees, 5 to 9, 10 to 19, 20 to 49, 50 to 

99, 100 to 249, 250 to 499, 500 to 999, 1,000 employees or more); macro-region; educational level (illiterate, 
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The descriptive statistics of the main variables of the first stage for the sample based on the 

period 2004-2008-2012 in 2012 are presented in Table 2.2, at the individual level. The average 

wage increases for sectors with higher technological or knowledge intensities. While 

Manufacturing high-tech (S3) and Services high-knowledge (S5) have relatively more workers 

with higher-education, Manufacturing medium-tech (S2) workers are more present in the 

groups with incomplete and complete middle school education. As expected, Manufacturing 

low-tech (S1) and Services less-knowledge (S4) are characterised by less qualified workers (up 

to incomplete primary school education). 

In terms of the skills required for the job, Cognitive skills are more relevant for sectors with a 

higher intensity of knowledge or technology (S3 and S5). The same pattern is observed for 

Telecommunication, Attention, On-the-job experience, and Team-work skills. In the case of the 

service sectors (S4 and S5), they have more Assistance, Transportation, Artistic, Conflict 

management, Sales and Monitoring skills, while the manufacturing sectors (S1, S2 and S3) are 

associated with Maintenance and operation, Design and engineering, Accuracy and automation, 

and Independence skills. Age does not seem to change significantly among these groups of 

sectors, except for S4, which seems slightly higher. 

In relation to their regional distribution, both service sectors (S4 and S5) have a similar 

distribution of workers in the sample in all regions, and the biggest disparities in this distribution 

are observed for the manufacturing sectors. S3 and S2 are relatively more concentrated in the 

South-east of the country (the richest region in terms of GDP), while S1 is more present in the 

North-east. Comparing the regional distribution of services and manufacturing, the South has a 

greater concentration of workers for S1, S2 and S3, while the Centre-West is relatively less 

important for S2 and S3.  

Firm size also varies among sectors, as there seems to be a larger share of workers in bigger 

firms in S3 and S5, which indicates the need for scale to develop productive activities in these 

sectors, at least in 2012. Furthermore, the panel structure is extremely relevant to understand 

the results found in the next section. The share of individuals who do not change industry15 or 

REGIC area is very high, over 80 per cent for most sectors (except S5, in which it is slightly 

lower than 70 per cent). This indicates that the sample size necessary to obtain the variation to 

identify the spatial wage when individual fixed effects are included will be relatively small.  

                                                           
incomplete primary school, complete primary school to incomplete high school, complete high school to 

incomplete college, college degree or more); and technological sector. 
15 Within the same technological sector. 
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Table 2.2 - Descriptive statistics of the main variables of the first stage of the model, 2012 (for the database 

containing individuals present in the whole period, 2004-2008-2012). 

 
     Source: Authors’ own calculations. 

mean s.d. mean s.d. mean s.d. mean s.d. mean s.d.

ln(real hourly wage) 2.36 0.66 2.67 0.69 3.08 0.73 2.24 0.58 2.60 0.92

age 40.26 8.93 41.03 8.63 40.86 8.49 43.36 9.17 41.38 8.72

Factor 1 - Cognitive skills -0.63 0.74 -0.59 0.67 -0.34 0.77 -0.81 0.70 -0.23 0.98

Factor 2 - Maintenance and operation skills 0.47 0.93 0.69 0.87 0.48 0.95 -0.11 0.91 -0.51 0.77

Factor 3 - Assistance skills -0.43 0.45 -0.47 0.44 -0.45 0.55 0.21 0.66 0.08 0.74

Factor 4 - Management skills -0.16 0.90 -0.24 0.83 -0.21 0.96 -0.28 0.96 -0.05 1.17

Factor 5 - Design and engineering skills 0.03 0.69 0.20 0.75 0.39 0.93 -0.50 0.57 -0.42 1.06

Factor 6 - Transportation skills -0.17 1.11 -0.17 1.00 -0.38 0.78 1.08 1.84 0.33 1.08

Factor 7 - Artistic skills -0.32 0.68 -0.38 0.66 -0.40 0.67 -0.21 0.65 -0.16 0.83

Factor 8 - Accuracy and automation skills 0.05 0.72 0.12 0.69 0.02 0.73 -0.13 0.61 -0.05 0.86

Factor 9 - Supervised work skills 0.00 0.89 0.31 0.83 0.40 0.80 0.03 0.91 0.26 0.86

Factor 10 - Teaching and social science skills -0.23 0.48 -0.18 0.44 -0.25 0.47 -0.20 0.50 -0.33 0.77

Factor 11 - Physical strength 0.15 0.80 0.16 0.82 -0.07 0.79 0.35 0.91 0.05 0.86

Factor 12 - Telecommunication skills -0.29 0.86 -0.25 0.90 -0.02 0.94 -0.19 0.72 0.08 1.07

Factor 13 - Independence skills -0.10 1.01 0.12 0.90 0.19 0.84 -0.62 1.22 -0.52 1.41

Factor 14 - Natural science skills -0.16 0.81 -0.08 0.80 -0.15 0.79 -0.29 0.57 -0.12 0.87

Factor 15 - Attention skills -0.19 0.81 -0.16 0.82 -0.06 0.89 -0.30 0.77 -0.04 0.91

Factor 16 - On-the-job experience -0.32 0.90 -0.19 0.92 -0.11 0.89 -0.44 0.72 -0.10 0.84

Factor 17 - Conflict management skills -0.30 0.83 -0.29 0.76 -0.26 0.75 0.28 0.76 0.50 1.04

Factor 18 - Team-work skills -0.22 0.91 -0.13 0.85 0.00 0.74 -0.13 0.90 0.17 0.68

Factor 19 - Sales skills -0.51 0.89 -0.58 0.82 -0.40 0.86 0.15 0.77 0.01 0.90

Factor 20 - Monitoring and compliance skills -0.22 0.95 -0.11 0.82 -0.24 0.83 -0.08 1.21 -0.25 0.86

Factor 21 - Clerical skills -0.38 1.13 -0.49 1.12 -0.17 1.04 -0.02 0.90 0.22 1.01

Education attainment

Illiterate

Incomplete primary school

Complete primary school - incompl. middle school

Complete middle school - incomplete college

College degree or more

Firm size

Up to 4 employees

5 to 9

10 to 19

20 to 49

50 to 99

100 to 249

250 to 499

500 to 999

1,000 or more employees

Macro-region

North

Northeast

Southeast

South

Center-West

Variation in the panel structure

Individuals in the same industry and Area REGIC

Individuals in different industries

Individuals in different Areas REGIC

Individuals in different industries and Areas REGIC

Percentage of areas REGIC (total = 482)

Number of observations 45,902 34,487 37,840 72,014 58,350

S1 S2 S3 S4 S5

3.7% 2.5% 3.2% 5.4% 6.3%

89.2% 81.1% 56.0% 94.0% 88.4%

5.5% 4.1% 4.3% 7.2% 13.4%

5.4% 6.9% 8.9% 6.7% 11.2%

85.4% 86.5% 83.7% 80.7% 69.1%

29.6% 20.0% 18.9% 12.8% 11.1%

4.4% 1.5% 0.7% 4.4% 5.4%

14.7% 7.0% 2.8% 13.9% 13.2%

49.6% 70.2% 76.0% 66.8% 67.7%

1.7% 1.3% 1.6% 2.1% 2.6%

12.7% 13.8% 13.6% 8.4% 12.8%

25.0% 17.3% 35.8% 9.6% 35.1%

14.8% 15.7% 14.9% 11.1% 11.3%

14.2% 15.3% 14.9% 8.8% 11.8%

10.6% 12.4% 6.8% 14.8% 9.6%

9.4% 12.1% 8.2% 9.6% 7.5%

4.0% 3.7% 1.4% 15.8% 3.8%

6.6% 7.6% 3.6% 10.9% 5.7%

2.7% 2.0% 0.8% 11.2% 2.5%

39.2% 46.2% 50.2% 33.0% 41.3%

6.6% 8.8% 20.5% 4.7% 28.8%

27.8% 21.1% 10.9% 31.3% 11.7%

26.0% 23.7% 18.4% 30.7% 18.1%

0.5% 0.3% 0.1% 0.4% 0.2%

S1 S2 S3 S4 S5

Manufacturing 

low-tech

Manufacturing 

medium-tech

Manufacturing 

high-tech

Services 

less-

knowledge

Services 

more-

knowledge
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Table A.6 in the Appendix provides a comparison of additional descriptive statistics for the first 

stage. Apart from the fact that individuals who change industry (within the same technological 

sector) and/or REGIC area are more educated, their mean salaries can be smaller than the full 

sample. This last element goes against the literature, which states that workers who move are 

positively selected and should be more productive. 

Finally, it is not possible to observe individuals in the sample for all 482 REGIC areas of the 

country, because the 20 per cent sample restricts the analysis and the formal sector is not 

necessarily present in all areas of the country (especially when public administration is 

excluded). The share of observed areas is even smaller for S3, an indication that the high-

technology manufacturing industries are more concentrated in specific parts of the country.  

 

2.5 Results 

In the previous section, it was mentioned that three different data sets would be analysed. Here 

the main results will be discussed in the case in which there are individuals present in the 

database for the years 2004, 2008 and 2012. At a certain point though, there will be a 

comparison using data for 2004-2008 and 2008-2012.  

The first set of results refers to the first stage of the model (Equation 2.2), at the individual level 

(Table A.7). As mentioned in Section 2.3, there are two main alternatives considered here, a 

simple OLS estimation and a regression including individual fixed effects. When analysing the 

OLS estimation version, it is noticeable that most coefficients are statistically significant for all 

sectors, with the relative importance of age increasing with technology and knowledge intensity 

(when comparing the five sets of regressions, higher coefficients for age are found for S3 and 

S5). For each sector, age is also increasing at decreasing rates. 

In the case of education, all coefficients are positive and increase in value with higher levels of 

educational attainment. In fact, individuals with a graduate or post-graduate degree obtain 

higher salaries than illiterate individuals (this difference ranges from 67 per cent to 83 per cent, 

depending on the sector). Only for the service sectors, are the two lowest educational levels 

non-significant. The estimated coefficients for each skill seem to follow the expected signs. For 

instance, Cognitive skills are positively associated with wages in all sectors, while 

Transportation skills are positive only for S4 and S5 (services). On the opposite side, the 

Physical strength coefficient has a negative sign for most sectors (non-significant only for S1), 
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which is in accordance with the literature. In the case of firm size, it is positively correlated to 

the individual wage, which means that bigger firms are supposedly more productive. 

When individual fixed effects are considered (the last five columns of Table A.7), education 

variables are omitted, as they do not offer sufficient variation over time for each individual. 

Another relevant result is that many variables lose significance (i.e., age and some skills), as 

they are also captured by fixed effects. However, some elements are still present, such as the 

positive and significant coefficients for Cognitive skills, and increasing values with firm size. 

Both groups of regressions also include interaction dummies between REGIC areas, industries 

and years (as expressed in Equation 2.2). As mentioned in Section 2.3, the estimated 

coefficients of these dummies are directly used as dependent variables in the second stage, and 

are referred to as the spatial wage. 

While the first stage aimed to control for individual heterogeneity, the second stage explores 

the relationship between the spatial wage and different measures of diversity, specialisation and 

competition, as well as of urban size. Therefore, it will be possible to investigate the industrial 

scope of agglomeration economies. Table 2.3 presents a brief descriptive analysis of the main 

variables included in the second stage, at the REGIC area-industry level for 2012. 

Table 2.3 - Descriptive statistics of the main variables for the second stage of the model for 2012 (database 

2004-2008-2012). 

 
Note 1: The spatial wage presented here refers to the regression with an OLS estimation in the first stage. 

Note 2: The unit of analysis is the combination REGIC area – industry. 

Source: Authors’ own calculations. 

The urbanisation measure indicates that S3, S5 and S2, in that order, are associated with denser 

areas. The mean of diversity increases with technology intensity for the manufacturing sectors, 

and with knowledge level for the service sectors. This pattern is observed even for the diversity 

measure related to the share of the five biggest industries, because it is inversely related to 

diversity (a higher percentage indicates low diversity). In the case of specialisation measures, 

mean s.d. mean s.d. mean s.d. mean s.d. mean s.d.

Spatial wage (1st stage with OLS) -0.154 0.426 0.438 0.837 -0.295 0.549 0.454 0.430 0.572 0.614

Urbanisation Density (1,000 inhabitants / km
2) 27.5 68.4 31.4 72.3 48.1 94.6 27.2 67.3 32.2 77.1

Inverse of Herfindhal Index 10.76 3.88 11.41 3.73 13.00 3.29 10.49 3.87 10.62 3.94

Shannon entropy 2.77 0.35 2.83 0.30 2.96 0.22 2.74 0.35 2.76 0.36

Share 5 biggest industries (except the 

own industry)

0.58 0.11 0.57 0.10 0.53 0.08 0.60 0.11 0.59 0.11

Location quotient 3.24 9.51 2.09 3.08 2.48 4.36 0.94 0.93 0.94 1.39

Specialization degree 0.039 0.039 0.035 0.033 0.027 0.022 0.038 0.039 0.037 0.041

Competition Competition degree 1.55 1.35 1.60 1.43 1.98 2.53 1.68 0.97 1.85 1.25

Dimensions Variables
Manufacturing 

low-tech

Manufacturing 

medium-tech

Manufacturing 

high-tech

Services less-

knowledge

Services high-

knowledge

S1 S2 S3 S4 S5

Diversity

Specialisation
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notably for the degree of specialisation, this relationship is exactly the opposite (higher 

specialisation is more relevant for the lower technological and knowledge intensity sectors). 

The location quotient achieves a much lower value for the service sectors, probably indicating 

that services are more homogeneously spread across the country. The degree of competition 

shows a very similar pattern to that of the diversity measures. Finally, the mean spatial wage 

seems higher in S5, S4 and S2, but there is no clear pattern16. The maps below show its regional 

distribution in detail. 

The set of maps presented below allows a number of different analyses. First, for each sector, 

the comparison of the first map on the left with the two others17 shows that when individual 

characteristics are taken into account, at least part of the regional distribution changes 

significantly. This is evidence that controlling for individual characteristics in this matter is 

essential for the analysis in the regional context. For instance, for S1 to S4, comparing the left 

and the centre maps, the Northern region of the country shows darker areas for the individual 

wage than for the spatial wage. For all sectors, the South-South-east of the country remains 

relevant in terms of having higher levels of the spatial wage (after controlling for individual 

characteristics). With regard to S3, there is a significant share of areas without information (44 

per cent), due to a high regional concentration.  

The inclusion of individual fixed effects in the first stage significantly changes the regional 

distribution of the spatial wage. As previously mentioned, in this case the spatial wage is 

calculated only for those individuals who moved between industries (inside the technological 

sector) and/or REGIC area over time (between 2004, 2008 and 2012). All maps are based on 

the 2012 data, which are associated with the last place in which these workers are observed. 

The fact that just a selected part of the sample of the workers who moved has been used to build 

the third column of maps explains why certain counterintuitive patterns emerge (such as darker 

areas in the countryside of the North-east, far from the coast) for most sectors. 

  

                                                           
16 The spatial wage can have negative values, as it is a deviation of the omitted coefficient of the combination 

REGIC area-industry-year. 
17 The map in the centre refers to the spatial wage for the model with a pooled OLS estimation in the first stage, 

while the map on the right is related to the spatial wage obtained from the estimation with individual fixed effects 

in the first stage. 
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Sector 1 – Manufacturing: low-tech 

 

 

 

 

 

 

 

Sector 2 – Manufacturing: medium-tech 

 

 

 

 

 

 

 

Figure 2.1 - Regional distribution of the mean logarithm of the hourly wage and the spatial wage (for OLS and FE in the first stage), by sector in 2012 

(database 2004-2008-2012). (continues) 

Sector 3 – Manufacturing: high-tech 
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Sector 4 – Services: less-knowledge 

 

 

 

 

 

 

 

Figure 2.1 - Regional distribution of the mean logarithm of the hourly wage and the spatial wage (for OLS and FE in the first stage), by sector in 2012 

(database 2004-2008-2012). (continues) 
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Sector 5 – Services: high-knowledge 

 

 

 

 

 

 

 

Figure 2.1 - Regional distribution of the mean logarithm of the hourly wage and the spatial wage (for OLS and FE in the first stage), by sector in 2012 

(database 2004-2008-2012). (end) 

Note 1: All maps refer to 2012, and, in the case of spatial wages, they are calculated as a simple average of each industry in the REGIC area inside the sector. In 

the case of the mean logarithm of the hourly wage, it is calculated as a simple average of the individual wages in the REGIC area-industry. 

Note 2: The classes of each map are based on the division of quintiles of each variable. 

Note 3: REGIC areas in white do not present any data in the sample and sector. 

Source: Authors’ own calculations. 
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Even if there is an indication of a possible spatial pattern in the data, for a number of reasons the 

possibility of estimating a spatial model was excluded. Firstly, the dependent variable in the second 

stage is not available for all REGIC areas. Moreover, by taking into account REGIC areas, many 

possible neighbourhood effects will be lost. This is because these areas are defined by daily 

commuting patterns, which already measure most of the relevant relations in the local labour 

market. If spatial effects were included here, they would possibly be capturing spurious 

relationships, which are absent in the specified model. These spatial effects could also capture part 

of the effects of local industrial composition. The main conclusion in this respect is that the spatial 

scale considered here minimises the need for spatial dependence analysis, which would be more 

justified on a smaller scale. 

The dependent variable of the second stage is similar to the spatial wage depicted in the middle 

and right-hand maps (except that the maps show the average of the spatial wage over the various 

industries). Following Equation 2.3, a set of controls in the industry and area levels are included as 

explanatory factors, in addition to different combinations of measures for the degree of 

urbanisation, specialisation, diversity and competition. These different combinations, called 

Compositions, aim to identify a robust pattern in the results from the analysis of the industrial scope 

of agglomeration economies, even when the explanatory variables are changed. 

Focusing initially on the five first columns of Table 2.4, which present the results for the second 

stage when there was OLS estimation in the first stage, there is a very robust indication for the 

urbanisation measure. Its coefficients are positive and statistically significant for all sectors, 

ranging from 0.0511 to 0.0940 in different Compositions. In all cases, the effects are ordered from 

the highest to the lowest as S3, S1, S5, S4 and S2. This can be considered as evidence that high-

tech and low-tech manufacturing benefit more from urban scale. Another robust result is found for 

the diversity measures: there is a positive relationship for all sectors between more diverse areas 

and higher productivity (measured by spatial wages). The highest coefficients are observed for the 

manufacturing sectors, especially S3 (except in Composition 4, in which S1 and S2 have higher 

values).  
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Table 2.4 - Second-stage OLS regressions for the spatial wage, with and without individual fixed effects in the first stage. 

 

*: α = 0.10; **: α = 0.05; ***: α = 0.01 
Note 1: Additional controls are ln(area in square kilometres), ln(distance to the equator), ln(altitude), year dummies (2004 omitted), sector dummies, macro-region 

dummies (North omitted), constant. 

Source: Authors’ own calculations. 
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The specialisation measure considered in the first specification (location quotient), is non-

significant for all sectors (and negative for most of them). However, all other Compositions include 

the degree of specialisation for this dimension, with positive coefficients (which are non-significant 

only for S5). Therefore, the location quotient seems unsuitable for the problem concerned, while 

the degree of specialisation is more suitable to capture the importance of this dimension for local 

productivity. Finally, the estimated coefficients of the degree of competition are negative in all 

cases. High significance is found only for S2 and S4, and S1 is slightly significant in most 

specifications. Therefore, spatial wages in S3 and S5 seem to be unaffected by local competition, 

while sectors with lower technological or knowledge intensity are negatively affected. 

It is possible to compare the results presented in Table 2.4 with the theoretical frameworks 

summarised in Table 2.1. The MAR approach is associated with (+) specialisation, (-) diversity 

and (-) competition, while that of Jacobs is related to (-) specialisation, (+) diversity and (+) 

competition, and that of Porter is synthesised by (+) specialisation, (-) diversity and (+) 

competition. Hence, there is no clear pattern to indicate the more appropriate theoretical framework 

for each sector. In fact, for S5, it seems that only diversity is significant (and positive), suggesting 

at least partially that Jacobs’s perspective is more adequate. For S1, S2 and S4, even if diversity is 

positive and significant, the combination of positive specialisation and negative competition 

coefficients indicate that Marshall could be more adequate to explain their patterns. In the case of 

S3, there are elements from both Marshall and Jacobs’s perspectives. The result to be highlighted 

here is that the best possible industrial mix to foster productivity can vary for each sector, as it is 

associated with their technological intensity. 

The last five columns of Table 2.4 depict the results for the spatial wage regression when individual 

fixed effects are included in the first stage. Therefore, only workers who have moved (between 

different REGIC areas and/or industries inside a technological sector) measure the spatial wage. 

Even if many of the coefficients change significantly from the previous analysis, in the case of 

density they are still positive and significant for all sectors. It is noteworthy that for S2 there is an 

important increase in the size of the elasticity (which was around 0.05 and went up to something 

around 0.16 and 0.19), but for the other sectors these elasticities assume a very similar value to the 

previous case. In the literature, most studies find that, when controlling for sorting (by including 

individual fixed effects), the estimated coefficient for urbanisation decreases significantly 
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(COMBES; DURANTON; GOBILLON, 2008a). Following Groot, De Groot and Smit (2014a), 

there is no consensus on whether the inclusion of individual fixed effects is the best strategy, 

because it may create a selection bias as the spatial wage will be measured only by migrants (who 

should be more associated with risk-taking, entrepreneurship, and adaptation, among other 

characteristics, which can be positively related to productivity).  

In relation to the other variables that capture industrial composition, the signs are similar, but there 

are important changes in significance. Diversity measures are still positive, but non-significant for 

S3 and less significant for S4 in all specifications. The degree of specialisation becomes non-

significant or slightly significant for S2, S3, and S5 in the different specifications. In the case of 

the degree of competition, elastiticies are still negative but lose significance for S1, S3, and S5. 

Then, S4 gets closer to Marshall’s explanation, while S1 and S5 spatial wages will be positively 

associated with diversity (Jacobs’s perspective). Finally, the explanatory power of each set of 

models varies significantly. When the first stage is based on OLS, second stage variables are more 

relevant to explain the spatial wage, with an R2 ranging from 0.28 to 0.44. On the other hand, the 

last five columns show a more heterogeneous pattern for this measure of fit: while the R2 of S2 

ranges around 0.49, the one for S3 is much lower (around 0.06). The fit of the model is also 

relatively high for S5, an indication that, for the remaining sectors (S1, S3, and S4), after controlling 

for individual heterogeneity, spatial wage variation is less associated with the local industrial 

composition. 

The second issue explored here involves the potential endogeneity of the urbanisation measure 

(density). As discussed in Section 2.3, the inclusion of individual fixed effects aims to control for 

a sorting process, meaning that more productive individuals will migrate to bigger cities where 

they can find higher salaries, reinforcing city size and local productivity. However, it is also 

important to tackle the potential endogeneity of the quantity of labour (COMBES; DURANTON; 

GOBILLON, 2011). Table 2.5 presents a similar set of results as to those in Table 2.4, but with IV 

estimations. Once again, Composition 1 seems less adequate, especially for the regressions with 

OLS in the first stage. The main conclusions seem to hold, especially for the density coefficients, 

which are still positive and significant. Focusing on the first five columns, once again (with OLS 

in the first stage), diversity seems to be positively associated with the spatial wage, even if for S5 

in some specifications this coefficient is non-significant.  
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Table 2.5 - Second-stage regressions for the spatial wage, with and without individual fixed effects on the first stage, and with instrumental variables for 

ln(density). 

 

*: α = 0.10; **: α = 0.05; ***: α = 0.01; 
Note 1: Additional controls are ln(area in square kilometres), ln(distance to the equator), ln(altitude), year dummies (2004 omitted), sector dummies, macro-region 

dummies (North omitted), constant. 

Note 2: Instruments for ln(density) are ln(density in 1940), ln(distance to the coast), dummy of sugar cane production in colonial times, dummy of gold prospection 

in colonial times, dummy of coffee production in colonial and imperial times. 

Source: Authors’ own calculations. 
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There is no clear order of effects among sectors, except to highlight the fact that S3 has the 

highest elasticities. For competition, the coefficient of S5 is non-significant and the one for S1 

becomes less significant. These results also indicate that specialisation is relatively more 

important for S1 and then S3, while the elasticities of competition show a stronger negative 

effect for S2 and S4. Therefore, the inclusion of instrumental variables does not change, in a 

relevant way, the main conclusions drawn from Table 2.4, which is evidence of robust results. 

Another robustness check involves comparing these models for different time periods. Instead 

of analysing all years simultaneously (2004-2008-2012), it is possible to break them down into 

two groups: individuals who are observed in 2004-2008, and individuals present in 2008-2012. 

The sample will not necessarily be composed by the same individuals as in the previous case, 

because now the requirement is that the individual is observed in the database in only two 

instead of three years.  

Brazil has seen a significant formalisation process over the last decade, leading to an increase 

in the original database of this study (see Section 2.4). It is not possible to analyse the whole 

labour market simultaneously, owing to the lack of identified information at the individual level 

for the informal sector. However, it is necessary to investigate whether and how this 

formalisation may have changed productivity determinants over the country. The 

aforementioned comparison of two periods provides elements to address this issue at least 

partially, and, at least indirectly, controls for the regional heterogeneity in the formalisation 

process identified in Section 2.4. Table A.8 in the Appendix provides the main results for the 

models with IV in the second stage and OLS in the first. This set of results can be compared 

with the first five columns of Table 2.5. 

In fact, significance does not seem to be affected in a relevant way by the split of the database, 

meaning that the relationships explored here are present during the whole period. The main 

change refers to the size of the main elasticities, which decrease from 2004-2008 to 2008-2012. 

This is especially true in the case of the urbanisation measure, with the highest decreases 

happening for S2, S4 and S1. A possible explanation for this result is that this formalisation 

process was stronger in more remote areas, places in which initial informality was higher. It is 

expected that the urban size will be smaller for these new areas with incoming workers, 

reducing density elasticities in relation to the spatial wage. For the other variables there is no 

clear pattern, with increasing or decreasing coefficients, depending on the sector. However, the 

fact that signs, significance, and relative size do not change significantly is another indication 

of the robustness of the results. 
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In summary, the main results found here seem to be reasonably robust to different specifications 

and time spans. The most suitable industrial mix for each sector can vary, meaning that not 

necessarily only one theoretical framework can explain the economy as a whole. There seems 

to be a heterogeneous effect for different sectors, a fact that must be taken into account when 

proposing public policies aiming to foster productivity. Moreover, private sector agents should 

balance the most relevant factors for their industry when choosing its location. 

 

2.6 Conclusion 

This chapter has aimed to contribute to the literature on static and dynamic agglomeration 

effects, controlling for individual skills, and comparing different estimation strategies. Focusing 

on the industrial scope of agglomeration economies in Brazil, a large set of results covering 

different concerns usually present in this literature is provided.  

The analysis was based on identified registration data covering all formal firms and their 

employees in Brazil in three particular years (2004, 2008 and 2012). After all proper cleaning 

procedures, a sample was selected, with information for almost the whole country. Then the 

two-stage estimation procedure allowed the following variations: a first stage for the logarithm 

of the hourly wage at the individual level, with and without individual fixed effects; and a 

second stage for the spatial wage (obtained as the estimated interaction dummies area-sector-

year in the first stage), with and without instrumental variables for employment density. In 

addition, the analysis was divided in two time periods, 2004-2008 and 2008-2012, in order to 

assess whether the formalisation process seen in Brazil in this period could have affected the 

results.  

With a separate analysis for each of the five broad sectors (S1 – Manufacturing low-tech; S2 – 

Manufacturing medium-tech; S3 – Manufacturing high-tech; S4 – Services less-knowledge; 

and S5 – Services high-knowledge), the main conclusion is that the best possible industrial mix 

to foster productivity can vary for each sector, being associated with their technological 

intensity. An unambiguous and universally valid theoretical framework can apparently not 

explain the results found for the different sectors. 

Synthesising the theoretical alternatives, the MAR approach is associated with (+) 

specialisation, (-) diversity, and (-) competition; Jacobs’s approach is related to (-) 

specialisation, (+) diversity, and (+) competition; and Porter’s approach is summarized by (+) 

specialisation, (-) diversity, and (+) competition. In the simplest estimation (with OLS in the 
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first and second stages), for S5 it seems that only diversity is significant (and positive), 

suggesting that the Jacobian perspective is more appropriate. For S1, S2, and S4, even if 

diversity is positive and significant, the combination of positive specialisation and negative 

competition coefficients indicates that the MAR framework could be more adequate to explain 

these patterns. In the case of S3, there are elements from both Marshall’s and Jacobs’s 

perspectives. These results seem to be robust to different specifications and estimation 

strategies.  

Another important aspect to be highlighted is that, when splitting the database into two periods 

(2004-2008 and 2008-2012), even if the main conclusions remain unchanged, the size of the 

elasticities for urbanisation economies is much smaller in the second period, for all sectors. This 

can be evidence of the fact that the recent formalisation process was more concentrated in the 

remote areas of the country (with higher initial informality). Therefore, the urban size in these 

new areas is expected to be smaller, reducing density elasticities in relation to the spatial wage 

for the newcomers in the formal labour market. 

Finally, the urbanisation economies coefficient (the logarithm of employment density) is 

positive and significant for all sectors, ranging from 0.0511 to 0.0940 in different specifications, 

under the simplest estimation (using OLS in the first and the second stages). Ordering the effects 

between the sectors from the highest to the lowest, we find the following sequence: S3, S1, S5, 

S4 and S2. This can be considered as evidence that the high-tech and the low-tech 

manufacturing sectors benefit more from urban scale in Brazil, followed by services associated 

with higher knowledge.  

Consequently, different city sizes can be more appropriate for different industries. The local 

industry mix can also vary for each type of activity, which means that sometimes diversity is 

more relevant, while on another occasion specialisation can be more important, as well as 

competition. This implies that both public policy and private sector actions must consider this 

heterogeneity when searching for the most appropriate incentives and locational strategies to 

increase productivity in a certain region or specific production unit. 
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3. SHOULD I STAY OR SHOULD I GO? SELECTION ON MIGRATION AND 

LEARNING IN CITIES IN BRAZIL 

 

3.1 Introduction 

Cities are more important than ever for economic growth and life in society. As discussed 

before, people living, working, and thinking together in dense areas is a sign of the success of 

urban agglomerations (GLAESER, 2011). In the United States, Glaeser and Maré (2001) find 

that in metropolitan areas, workers earn 25% more than their non-urban counterparts do. From 

this perspective, increasing urbanisation is interpreted as a sign of gains from agglomeration 

(net from costs). In other words, the trade-off between agglomeration economies and congestion 

costs generates cities (BEHRENS; DURANTON; NICOUD, 2014).  

As discussed in the previous chapters, there are three main sources of regional wage disparities 

in any given moment of time (COMBES; DURANTON; GOBILLON, 2008a): (i) the 

composition of the local labour market; (ii) the availability of local non-human endowments 

that can increase productivity; and (iii) agglomeration economies. The third item is related to 

wage differences that follow from close proximity between firms and workers/consumers, thick 

labour markets and knowledge spillovers (DURANTON; PUGA, 2004). Contributing to this 

discussion, Behrens, Duranton and Nicoud (2014) divide (i) into two different mechanisms that 

take place in large cities: a sorting process of more talented individuals, and the selection of the 

most profitable firms, due to tougher competition. According to them, natural advantages 

become less important in the modern world.  

Most of the literature has been focusing on the static effects of agglomeration economies. In 

general, the urban wage premium can range from 1% to 11% depending on the sample and the 

country. The mechanism behind the positive relationship of urban size and wages relies heavily 

on the assumption that wages, under imperfect competition, are supposed to be higher in places 

that are more productive (DURANTON, 2014a). Thus, agglomerations may generate economic 

advantages that are not completely internalized by firms and workers (as discussed in Chapter 

1), which may be reflected in higher productivity in larger urban areas. 

In addition to their static and instantaneous effect, agglomeration economies can have a long-

lasting dynamic impact on productivity (COMBES; GOBILLON, 2015). Different processes 

may take place over time: people can learn from each other (DE LA ROCA; PUGA, 2014), or 

they can migrate in search of better opportunities, and return to the original city due to 
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unmatched expectations (DE LA ROCA, 2015; BEHRENS; DURANTON; NICOUD, 2014; 

PAPAGEORGIOU, 2014). These two last processes are confounding factors to the 

measurement of the dynamic effects of agglomeration economies. They are related to the 

aforementioned sorting and selection processes and affect the supply of different skills and 

qualifications in each local labour market over time. On the other hand, learning can influence 

the way individuals benefit from agglomeration over time.  

The empirical literature of agglomeration economies in a developing economy such as Brazil 

is still very limited, based on estimations at the regional level or with individual cross-sections. 

As far as the author is aware, there is no study covering dynamic agglomeration economies in 

the Brazilian context, or for developing countries (DURANTON, 2014b). Therefore, this 

chapter aims to fill this gap in the empirical research in Brazil, as well as to contribute to the 

methodological discussion of the literature. This is done by first providing conclusions on the 

way individuals make their locational choices. Then, a second investigation aims to explore 

how they benefit over time from agglomeration advantages. Two different models developed 

elsewhere will provide the basic reduced-form equations to explore these issues. 

The first set of results covers an evaluation of the main factors that affect initial and return 

migration. This is important because it provides a better understanding of the sorting process 

that may be a confounding factor for the correct measurement of the urban wage premium. 

Then, the second set of results aims to understand how agglomeration gains vary over time for 

workers in different-sized cities. A large longitudinal database of administrative reports 

covering the period from 1995 to 2008 is employed (RAIS-MIGRA), following individuals in 

their jobs over time, in different firms and cities.  

The next sections are organised as follows: Section 3.2 contains a literature review on static and 

dynamic externalities, selection in initial and return migration and on the process of learning in 

cities. Then, Section 3.3 discusses the theoretical frameworks; Section 3.4 presents the data; 

Section 3.5 provides the main descriptive statistics, Section 3.6 explores the results; and, finally, 

Section 3.7 draws the main conclusions from this analysis. 

 

3.2 Literature review 

Agglomeration economies may appear in diversified and/or specialised labour markets, with 

different degrees of interaction between workers and firms (see Chapter 1). Over time, they can 

be strengthened by knowledge spillovers, which increase the productive capacity of a certain 
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area. It is in this context that dynamic agglomeration externalities should be understood, as they 

represent changes over time in local productivity, derived from this increasing capacity for 

innovation, creating new ways of production, and reducing costs. 

In addition to dynamic agglomeration economies, the process of sorting of more productive 

workers into larger cities can also foster local productivity over time. This means that sorting 

can be a confounding factor of the advantages derived from agglomerations over time. The next 

subsections will briefly discuss the main aspects investigated by the literature regarding 

selection in initial and return migration, and dynamic agglomeration externalities.  

 

3.2.1 Static versus dynamic externalities 

As mentioned in Chapter 1, static agglomeration economies are defined as once-and-for-all 

effects of urban size on productivity, with no further impacts in the following periods. 

Nonetheless, it is also possible that the benefits of agglomeration last longer than one period, 

with a nonlinear effect on wages and heterogeneous impacts on individuals with different 

observed and unobserved characteristics. In this context, dynamic agglomeration economies 

aim to measure the long-lasting effect or permanent impact of urban density on productivity 

(COMBES; GOBILLON, 2015). In other words, static advantages relate to the idea that large 

cities are more productive than smaller ones in a specific moment of time, while dynamic 

advantages are associated with different trajectories of productivity for each city size over time 

(CAMAGNI; CAPELLO; CARAGLIU, 2015). 

As discussed in Chapter 2, the urban economics literature provides strong evidence of the 

existence of an urban wage premium. This type of analysis can be found, for example, in 

Combes, Duranton and Gobillon (2008a), Glaeser and Maré (2001), Melo and Graham (2009), 

Mion and Naticchioni (2009), Ciccone and Hall (1996), Combes et al. (2010), Groot, De Groot 

and Smit (2014a), Andersson, Klaesson and Larsson (2014), and Groot and De Groot (2014b). 

Literature reviews are provided elsewhere (PUGA, 2010, and ROSENTHAL; STRANGE, 

2004). The elasticity of wages with respect to population density can range from 1% to 11% 

depending on the sample and the country.  

Many studies were recently conducted in different countries because longitudinal individual 

data on labour market outcomes was made available. However, as discussed in Chapter 2, the 

literature of agglomeration economies in Brazil is still very restricted, usually based on cross-

sectional analysis or aggregated data at the regional level. So far, there has been no study 
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covering dynamic agglomeration economies considering wage evolution over time in the 

Brazilian context or for an emerging economy, at least according to the author’s knowledge. 

Among the possible channels that generate permanent or long-term impacts of agglomeration 

economies, local productivity growth can be driven by technological spillovers, and individuals 

may learn more and faster in bigger cities (LUCAS, 1988). With regard to the latter aspect, 

working in bigger cities increases the opportunities of learning (DE LA ROCA; PUGA, 2014). 

Glaeser (1999) argues that the rate of interaction between people is accelerated by urban 

density, leading to an increase in human capital accumulation. This effect is particularly 

significant for high-skilled people, usually more concentrated in big cities. Yankow (2006) 

points out that this learning hypothesis requires that individuals stay for a while in the city, 

meaning that there is no expectation of immediate wage gains when moving to a bigger urban 

concentration or any sudden wage loss when workers move to smaller cities. 

Regarding the empirical estimation of dynamic agglomeration economies, it is still not clear 

which is the best strategy to analyse and separate them from static effects, due to data 

limitations. Subsection 3.2.3 will detail these issues and present the most recent empirical 

studies. 

 

3.2.2 Migration and selection bias 

Migration is very relevant to the spatial redistribution of workers and helps to explain the skill 

composition of cities over time. Even though migration is expected to equalise real regional 

wage differentials, it can actually reinforce regional disparities, as migrants are usually more 

skilled and less risk-averse than stayers are (GREENWOOD, 1997). For developing countries, 

special attention has been given to rural–urban movements and to the interaction of migration 

and formal and informal sector outcomes (LUCAS, 1997).  

In Brazil, numerous studies have investigated the relationship between internal migration and 

regional inequality by comparing the wages of migrants and stayers, or of return and permanent 

migrants. Santos Junior, Menezes Filho and Ferreira (2005) suggest that migrants seem to form 

a positively selected group, with higher earnings in the destination than individuals both at the 

origin and at the destination. On the other hand, Ramalho and Queiroz (2011) find that return 

migrants are negatively selected in relation to permanent migrants, but those more qualified 

obtain wage increases by returning (probably because they find a more suitable occupation for 

their qualification). Both these studies are based on individual cross-sections. 
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The proper study of migration should include controls for unobserved and observed individual 

characteristics, as well as the comparison of individual outcomes over time, and this requires 

longitudinal databases. In Brazil, the main source for this type of data is RAIS-MIGRA.18 Based 

on a sample of individuals from this database, Taveira and Almeida (2014) show that migration 

flows of qualified migrants between municipalities in Brazil are mostly driven by higher 

expected income in the destination, population, GDP per capita, the degree of industrialisation 

and better amenities. Furthermore, a spatial panel technique indicates that the characteristics of 

neighbouring areas are also relevant in this migration decision. Freguglia, Gonçalves and Silva 

(2014) note that after controlling for individual fixed effects, wage differentials between origin 

and destination states are very relevant in determining the migration of skilled workers. In 

addition, these migrants look for states with higher prosperity, higher population density, better 

urban amenities and higher dynamism.  

The results found by Freguglia and Procópio (2013) indicate that after controlling for individual 

unobserved characteristics, changing jobs and interstate migration are the most important 

factors in determining regional wage differentials. Furthermore, the effect on wages of changing 

firms is lower than the effect of moving to a different municipality. 

However, these studies do not necessarily focus on the relationship between migration and the 

sorting process that runs parallel to the extraordinary gains derived from large agglomerations. 

Papageorgeou (2014) and De La Roca (2015) attempt to develop dynamic models of 

occupational choice that are associated with the different experiences migration can provide to 

workers. They show that the first decision to migrate differs between skill levels and can be 

related to the size of the city in both the origin and the destination.  

More specifically, Papageorgeou (2014) finds that individuals who have migrated to bigger 

cities in the United States are more likely to change jobs with a higher frequency, but over time 

this difference disappears. Furthermore, workers in big cities have a lower propensity to 

migrate. The positive effect on wages of moving to another city and switching occupation is 

higher than the one obtained from changing city and staying in the same 3-digit occupation.  

According to De La Roca (2015), the sorting of more productive workers into bigger cities in 

Spain may be related to higher earnings in these areas. Their findings suggest that there is a 

selection by observable characteristics in initial migration, resulting from the fact that the 

                                                           
18 This database is provided by the Ministry of Labour as a derived product from the identified RAIS (which was 

used in Chapter 2), and will be described in Section 3.4, and has limited access due to confidentiality issues.  
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probability of migration is positively associated with initially more productive workers (with 

higher education attainment and higher occupational skills before moving). The second round 

of sorting (return migration) is associated with low realized earnings in the first destination (in 

the case where the first destination is a big city), while high-skilled workers and individuals 

with high educational attainment are less likely to return. 

Therefore, within the context of agglomeration economies, it is important to investigate not 

only the decision to migrate, but also who benefits the most from agglomeration, and who 

manages to stay in the destination or has to return. This is crucial in characterising the 

composition of local labour markets. Berry and Glaeser (2005) show that there is an increasing 

clustering of skilled workers in cities with originally high skill levels. In the same vein, Elvery 

(2010) finds that the skill mix employed by firms in smaller cities is lower than the one observed 

in larger cities. Therefore, large urban areas seem to concentrate a relatively higher percentage 

of skilled workers, partially because of this migration process.  

In summary, larger cities seem to attract and select more skilled individuals. The cost–benefit 

analysis of living in a big city, with all the costs involved, may not prove positive for low-

skilled individuals or for those who are negatively surprised by the income obtained in the 

destination. Therefore, not only is city size related to the attraction of more qualified workers, 

but it can also induce less-skilled individuals to leave large agglomerations.  

 

3.2.3 Learning in cities 

The last subsection emphasised the importance of investigating selection in initial and return 

migration. These phenomena are very relevant to understanding the changing skill composition 

of cities. According to Glaeser and Resseger (2010), agglomeration effects are stronger in cities 

with higher skills. They speculate that the link between human capital and agglomeration 

economies appears because workers learn more and acquire more skills in big and high-skilled 

cities, or because technological change can be faster in these places. These perspectives raise 

the question of how knowledge externalities evolve, and who benefits the most from these gains 

over time. 

The literature on the static urban wage premium has explored at length the main estimation 

issues and strategies to identify agglomeration economies. As discussed before, there is a fairly 

well-developed empirical literature on this matter, even though it is still difficult to give a clear 

interpretation of the results, due to weak links between estimated specifications and theoretical 



59 

 

 

 

models (COMBES; GOBILLON, 2015). On the other hand, only recently dynamic 

agglomeration economies have started to be investigated, requiring longitudinal individual data 

and representing a further development from static agglomeration estimates.  

De La Roca and Puga (2014) conducted one of the most complete empirical studies in dynamic 

agglomeration economies so far. Their main goal was to separate the possible reasons why 

firms would pay higher salaries in bigger cities: (i) static advantages; (ii) sorting of more 

productive workers; (iii) dynamic advantages (cities facilitate learning and experimentation). 

Therefore, they estimated a Mincerian wage equation, including individual fixed effects to 

capture the sorting process and the number of years of experience each individual has of 

working in different city sizes. This model was estimated using a very large Spanish panel data 

(the whole dataset comprises the period from 1981 to 2009, and the authors evaluate workers’ 

wages from 2004 to 2009). Two restrictions applied to the model discussed in the previous 

sections are that the authors consider only a few groups of city sizes (instead of allowing a 

continuous range of city sizes) and that the individual heterogeneity effect is the same in the 

dynamic and the static contexts.  

Carlsen, Rattso and Stokke (2013) adopt a similar strategy. Firstly, they focus on the size of the 

static urban wage premium across education groups, finding increasing elasticities according to 

educational attainment. However, when unobserved fixed effects are controlled for, these 

differences disappear, and the common agglomeration elasticity for static effects is around 0.03 

(half of the elasticity obtained without controlling for unobserved characteristics). Their data 

for Norway also allow the estimation of dynamic agglomeration economies, following the 

strategy of De La Roca and Puga (2014). They separate the effect of experience obtained in 

large cities from experience obtained elsewhere, and calculate different coefficients for the 

years worked in the top-ten high wage sectors in comparison to other sectors. Their conclusions 

are that the aggregated wage premium is not affected by the inclusion of worker experience 

history. However, the medium-term premium for highly educated workers in high wage sectors 

is positively affected. 

Using a different approach, D’Costa and Overman (2014) consider a large panel (1998–2008) 

of British workers, aiming to evaluate whether the sorting of high-ability workers can explain 

urban wage premiums and whether this wage premium is immediately given to workers or it is 

payed over time through faster wage growth. Their conclusion is that both learning and sorting 

matter in understanding the effects of cities on wage growth. The main restriction imposed by 
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these authors is that even if they estimate the specification with first differences, allowing for a 

distinct heterogeneous effect in the static and the dynamic cases, they have to exclude movers 

from the analysis (therefore, this study does not measure between-city dynamic effects). 

A few years earlier, Wheeler (2006) estimated the impact of density on annual wage growth, 

calculating the within-job and between-job components of this growth, with data for young 

male workers in the United States. The author’s main finding is that there is a positive 

relationship between wage growth and city size. However, when they control for individual 

fixed effects, there is no evidence of this urban premium on wage growth.  

Dynamic agglomeration gains can be perceived as a reflection of occupational progression. 

Gordon (2015) shows that the high living costs in large metropolitan areas can only be met by 

more ambitious individuals. Furthermore, occupational advancement usually results from a 

combination of the exposure to learning opportunities and the capacity to profit from them 

(experience and dynamic human capital, respectively). In this context, ambition is supposed to 

be a key factor, and among the migrants’ group, the share of more ambitious individuals seems 

to be higher. These individuals will seek and enjoy learning and escalating opportunities, which 

are more likely to appear in the diversified environment of a large urban centre. 

The strategy followed by Rattso and Stokke (2011) is slightly different. They look for regional 

income divergence that could have been caused by migratory movements from the periphery to 

cities over more than three decades in Norway. The comparison of regional income distribution 

over time indicates that what actually happened was a process of convergence, contradicting 

the hypothesis of agglomeration economies generated by migration. 

Finally, Yankow (2006) regresses the wage growth against changes in the location of work, 

separating the mobility effect from the growth effect. The author’s conclusions regarding male 

young workers in the United States is that when they move into cities, they experience a 

significant wage growth (6 percentage points) in comparison to individuals that stayed in a rural 

area (with a symmetric effect for out-of-the-city migrants). The main drawback in this author’s 

strategy is that it is not possible to control for sorting on unobservable variables, a limitation 

that D’Costa and Overman (2014) try to overcome. 

In summary, there are different possibilities to estimate dynamic gains from agglomeration 

economies, but none of them covers all the relevant issues simultaneously. On the one hand, it 

is possible to identify this effect on the level of wages with movers (DE LA ROCA; PUGA, 

2014) or with stayers (D’COSTA; OVERMAN, 2014), over wage growth (YANKOW, 2006; 
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WHEELER, 2006), controlling or not for individual unobserved characteristics (sorting). Here, 

different strategies will be compared in order to provide as complete an analysis as possible. It 

is clear, however, that this literature still has to overcome some important limitations. 

 

3.3 Theoretical frameworks and empirical strategies 

The literature on agglomeration economies has been mostly focused on partial equilibrium 

relationships in the labour market. From this perspective, the interactions between workers and 

firms can be analysed with a focus on the supply or on the demand side of the labour market. 

Section 3.2 discussed the main contributions in the literature to the analysis of selection in 

migration and of dynamic agglomeration advantages. Now, this section will briefly describe 

the models that will inspire the empirical analysis of these two subjects in the Brazilian formal 

labour market. 

Here, the sorting process will be studied through the analysis of the migration decision and the 

importance of individual self-selection in this process. In this context, individuals decide to 

supply their work in different-sized cities. Such an analysis will provide elements to understand 

which type of worker is attracted to larger agglomerations. Next, these same workers are faced 

with the decision of whether or not to stay in the destination. Return migration becomes an 

additional element to define the sorting of workers. It may determine their resilient behaviour 

when facing adversities and higher life costs in these larger urban areas, as well as identify who 

benefits the most from bigger agglomerations. 

After that, from the perspective of the demand side of the labour market, wages are evaluated 

as a reflection of the productivity achieved by firms and how much they are willing to pay to 

workers of a certain type.  Embodying the possibility of learning in bigger cities, these wages 

may follow a path that will depend on the qualification of the worker, their previous experience 

in different city sizes and their own unobserved characteristics.  

 

3.3.1 Selection in initial and return migration 

The conceptual framework presented here presupposes that there is a pool of heterogeneous 

workers initially located in low-density cities 𝐿 (see DE LA ROCA, 2015). Workers differ only 

by their skill level 𝑠𝑖. Each worker rents a house of standard quality and spends the remaining 
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income on a numeraire good. In 𝐿, housing costs are normalized to zero and the utility of 

individual 𝑖 is: 

 𝑈𝑖
𝐿 = 𝑠𝑖 (3.1) 

When workers move to a city of type 𝐻 (high density), they pay 𝑅 for rent, receive a skill shock 

of 𝛿𝑖~𝑈[0,2𝛿] and have a productivity gain of 𝛼 from working there. 

 𝑈𝑖
𝐻 = 𝛼(𝑠𝑖 + 𝛿𝑖) − 𝑅 (3.2) 

Given that there is a moving cost 𝐶, worker 𝑖 migrates from 𝐿 to 𝐻 if and only if 

𝛼(𝑠𝑖 + 𝛿𝑖) − 𝑅 − 𝐶 > 𝑠𝑖. Thus, workers with low skills will stay in 𝐿 in equilibrium if: 

 
𝑠𝑖 ≤

𝑅 + 𝐶 − 𝛼𝛿𝑖
𝛼 − 1

 
(3.3) 

On the other hand, initial migration from 𝐻 to 𝐿 will be pursued by workers with skill levels 

respecting: 

 
𝑠𝑖 ≤

𝑅 − 𝐶 − 𝛼𝛿𝑖
𝛼 − 1

 
(3.4) 

Then, De La Roca (2015) computes the aggregated effects given the uncertainty of 𝛿𝑖 and the 

possibility of returning to the initial location by paying an additional moving cost 𝐶. The main 

predictions of the model regarding the selection in initial and return migration from 𝐿 to 𝐻 are 

the following: 

 Workers with low 𝑠𝑖 do not migrate from 𝐿 to 𝐻; 

 Workers with intermediate 𝑠𝑖 may migrate from 𝐿 to 𝐻, and depending on the realisation 

of 𝛿𝑖, they stay in 𝐻 or return to 𝐿 in a second period; 

 Workers with high 𝑠𝑖 migrate to 𝐻 and do not return. 

Furthermore, workers that are initially in 𝐻 will observe their realisation of 𝛿𝑖 and decide 

whether or not to move to 𝐿. Then, selection in initial migration from 𝐻 to 𝐿 will respect the 

following conditions: 

 Workers with low 𝑠𝑖 migrate from 𝐻 to 𝐿 and do not return; 

 Workers with intermediate 𝑠𝑖 migrate from 𝐻 to L only if they get a bad outcome of 𝛿𝑖 

in 𝐻; 

 Workers with high 𝑠𝑖 do not migrate to 𝐿. 
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This simple framework provides the main expected migration movements between low-density 

(𝐿) and high-density cities (𝐻). With these elements, it is possible to investigate the main factors 

that affect workers’ decision to supply their labour in cities of different sizes. 

Therefore, following De La Roca (2015), it is possible to specify a single-exit discrete duration 

model, defined for the population that may migrate for the first time in each period. Whenever 

an individual migrates, he or she will be dropped from the population of interest. Each unit of 

analysis will be considered over time, with a different number of observed characteristics of the 

individual himself and the place he or she lives. The model to be estimated is based on the 

probability of migrating at time 𝑡, conditional on the fact that the individual has not migrated 

before 𝑡: 

 ℎ(𝑡) = 𝑃[𝑇 = 𝑡|𝑇 ≥ 𝑡] = 𝐹[𝛽0(𝑡) + 𝛽′1𝑥(𝑡)] (3.5) 

In this specification, 𝑇 is the year of migration, 𝐹 is a logistic cumulative probability function, 

𝑥(𝑡) is the vector of observed characteristics, 𝛽′1 is a vector of parameters and 𝛽0(𝑡) is a 

duration parameter. The log-likelihood function of a logit model aggregates over time the exit 

probabilities in each 𝑡, with a migration indicator 𝑌𝑡 = 𝟏(𝑇𝑖 ≥ 𝑡 ≥ 𝑒𝑖) that equals 0 in every 

year except the one prior to migration, in which it equals 1, and it is given by: 

 

𝐿(𝛽) =∑{∑𝟏(𝑇𝑖 ≥ 𝑡 ≥ 𝑒𝑖)

𝑁

𝑖=1

[𝑚𝑖𝑌𝑡𝑖 log ℎ𝑖(𝑡) + (1 −𝑚𝑖𝑌𝑡𝑖) log(1 − ℎ𝑖(𝑡))]}

𝑇𝑖

𝑡=1

 (3.6) 

where 𝑚𝑖 equals 1 when a migration movement is observed and 0 otherwise, 𝑒𝑖 is the year of 

entry in the sample (which will be the same for the whole sample here), and 𝑇𝑖 is the number 

of years until first migration happens. Then, �̂� will be the maximum likelihood estimator of 

𝐿(𝛽). 

Apart from the direct estimation of the first migration decision, this strategy will be the basis 

for the analysis of the return migration. In this case, the sample will be comprised of individuals 

who have already migrated once.  

 

3.3.2 Dynamic advantages from agglomeration economies 

In Chapter 2, the framework adopted by the urban economics literature was responsible for 

generating the basic productivity specifications that later resulted in the reduced form models 
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estimated there (COMBES; MAYER; THISSE, 2008b). It is possible to depart from that model 

to obtain dynamic effects in the following way.  

Firstly, Equation 2.1 from Chapter 2 can be rewritten to encompass the association of individual 

wages with a composite effect of local productivity, 𝐵𝑟,𝑡 and the skill level of individuals, 𝑠𝑖,𝑡. 

The components of 𝐵𝑟,𝑡 are the following: pecuniary externalities that appear through local 

markets (𝑝𝑗 and 𝑟𝑗, referring to agglomeration and dispersion forces respectively), and pure 

local externalities (that do not appear through a market mechanism and include 𝐴𝑗, a measure 

of technological externalities) .19 

 𝑤𝑖,𝑡 = 𝐵𝑟,𝑡𝑠𝑖,𝑡 (3.7) 

The inclusion of skills is essential to capture productivity, which is supposed to be directly 

associated to wages. Although a component of local labour skills could represent the fact that 

high skills are overrepresented in large cities, it would capture part of the agglomeration effect. 

Therefore, individual skills seem to be more appropriate, as they are not determined by 

agglomeration economies. In addition, due to the great difficulty of estimating the effects 

embedded in 𝐵𝑟,𝑡 separately, most studies in the literature quantify the overall effect of local 

productivity on wages (COMBES et al., 2011). Furthermore, the relationship between local 

characteristics and nominal wages is enough to capture the net effect of agglomeration on 

productivity.  

In addition to static effects, in which agglomeration economies have a once-and-for-all impact 

on productivity, they may also have a long-lasting or even permanent effect. One of the 

possibilities to evaluate this hypothesis is based on the inclusion of the previous experience of 

workers in the same region or in other places. This term can account for all the elements 

included in 𝐵𝑟,𝑡−𝑘, with 𝑘 > 0,  and internalised by the worker. 

Departing from Equation 3.7, Combes and Gobillon (2015) show how dynamic agglomeration 

effects can be included in the model. Following De La Roca and Puga (2014), it is possible to 

assume that the log hourly wage of worker 𝑖 in region 𝑟 at time 𝑡 depends on: 

 

𝑤𝑖,𝑟,𝑡 = 휃𝑟 + 𝜇𝑖 +∑𝛿𝑗,𝑟𝑒𝑥𝑝𝑒𝑟𝑖,𝑗,𝑡

𝑅

𝑗=1

+ 𝑋𝑖,𝑡
′ 𝜷 + 휀𝑖,𝑟,𝑡 (3.8) 

                                                           
19 Scitovsky (1954). 



65 

 

 

 

where 휃𝑟 is a region fixed effect (which later on will be related to a measure of agglomeration20), 

𝜇𝑖 is a worker fixed effect, 𝑒𝑥𝑝𝑒𝑟𝑖,𝑗,𝑡 represents the experience acquired in region 𝑟 up until 

time 𝑡, 𝑋𝑖,𝑡 is a vector of time-varying individual and job characteristics (which include a skill 

measure), 𝜷 is a vector of parameters and 휀𝑖,𝑟,𝑡 is the error term. An initial estimation static 

agglomeration effect could be based on the following: 

 𝑤𝑖,𝑟,𝑡 = 휃𝑟 + 𝑋𝑖,𝑡
′ 𝜷 + 휂𝑖,𝑟,𝑡 (3.9) 

where individual fixed effects and the term related to previous experience are omitted, and 휂𝑖,𝑟,𝑡 

is the error term. A pooled OLS estimation of the static urban wage premium embedded in 휃𝑟,𝑡 

in this restricted model is likely to be biased upwards if individuals with high unobserved ability 

sort themselves into bigger cities, or if individuals with more valuable previous experience work 

in bigger cities. From Equation 3.9, a strategy to address the problem of the sorting of workers 

is to include individual fixed effects (COMBES et al., 2011; COMBES; DURANTON; 

GOBILLON, 2008a; COMBES; GOBILLON, 2015; GLAESER; MARÉ, 2001).  

 𝑤𝑖,𝑟,𝑡 = 휃𝑟 + 𝜇𝑖 + 𝑋𝑖,𝑡
′ 𝜷 + 휁𝑖,𝑟,𝑡 (3.10) 

As mentioned before, the static fixed-effects structure of Equation 3.10 may still generate an 

upward-biased estimation of the static urban wage premium, because the term related to 

experience is still omitted. Therefore, dynamic effects derived from previous experience in the 

same region or in other places should be included, if the formulation presented in Equation 3.8 

is correct.  

When dynamic agglomeration economies are taken into account, Equation 3.8 will be the basic 

model to be estimated. However, it is possible to consider variations that will provide a better 

understanding of who actually profits the most from an additional year of life in each type of 

city. In this sense, the term related to the experience in region 𝑟 will interact with a measure of 

the individual skill level.  

In addition to static individual fixed effects, it is possible that unobserved worker characteristics 

influence wage growth. Thus, Equation 3.8 is transformed to include an interaction of an 

individual fixed effect with experience: 

                                                           
20 The relationship of density and the spatial wage 휃𝑟will be measured as an average value over the whole period 

of analysis (following DE LA ROCA; PUGA, 2014). This simplification is necessary because time effects are 

partially captured by experience (which increases over time at the same speed years pass by. 



66 

 

 

𝑤𝑖,𝑟,𝑡 = 휃𝑟 + 𝜇𝑖 +∑𝛿𝑗,𝑟𝑒𝑥𝑝𝑒𝑟𝑖,𝑗,𝑡

𝑅

𝑗=1

+ 𝛿𝑖𝑒𝑥𝑝𝑒𝑟𝑖,𝑗,𝑡 + 𝑋𝑖,𝑡
′ 𝜷+ 휀𝑖,𝑟,𝑡 (3.11) 

In summary, many different alternative models are estimated in this context of dynamic 

agglomeration economies. Firstly, Equations 3.9 and 3.10 provide an initial evaluation of static 

agglomeration effects, controlling or not for the process of sorting of workers. Then, Equation 

3.11 assesses the importance of dynamic agglomeration effects. These three models generate 

an estimative of 휃̂𝑟, the region fixed effect that can be defined as a spatial wage (which 

synthesizes all local characteristics that are relevant for the individual wage). So, this spatial 

wage is the dependent variable of a second stage,21 in which a vector of local characteristics 𝐺𝑟, 

a time dummy, local area and density22 are the independent variables:  

 휃̂𝑟 = 𝜆𝑡 + 𝜑 log 𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑟 + log 𝑎𝑟𝑒𝑎𝑟 + 𝐺𝑟𝜏 + 𝜉𝑟 (3.12) 

This formulation is more similar to the one proposed by D’Costa and Overman (2014). They 

state that De La Roca and Puga (2014) assume that 𝜇𝑖 = 𝛿𝑖 to estimate Equation 3.11 directly 

with an iterative process. Even though De La Roca and Puga (2014) follow the two-stage 

procedure described above that results in the estimation of Equation 3.12, over here the 

estimation will be based in only one stage, in order to compare the results directly with the 

approach described by D’Costa and Overman (2014). Another advantage of this strategy is that 

it will be possible to measure static and dynamic agglomeration effects at the same level 

(individual). To do so, Equation 3.12 is substituted into Equations 3.8, 3.9 and 3.11. In the case 

of Equation 3.11, it becomes the following: 

 

𝑤𝑖,𝑟,𝑡 = 𝜑 log 𝑑𝑒𝑛𝑠𝑖𝑡𝑦𝑟,𝑡 + log 𝑎𝑟𝑒𝑎𝑟 + 𝜇𝑖 +∑𝛿𝑗,𝑟𝑒𝑥𝑝𝑒𝑟𝑖,𝑗,𝑡

𝑅

𝑗=1

+ 𝑋𝑖,𝑡
′ 𝜷 + 휀𝑖,𝑟,𝑡 (3.13) 

Alternatively, D’Costa and Overman (2014) obtain an estimation of the urban wage premium 

by evaluating the effect of agglomeration on wage growth. Before presenting their alternative 

for Equation 3.11, static effects based on the wage growth are obtained by first-differencing 

Equation 3.8: 

                                                           
21 This approach deals with the problem of bias in standard errors discussed in Chapter 2 and presented by Moulton 

(1990). 
22 Most empirical studies consider employment instead of population as a measure of the agglomeration because 

it is a better measure of local economic activity and is easily available for many years (COMBES; GOBILLON, 

2015). Ciccone and Hall (1996) defend that density should be included in the place of total employment in this 

regression, because it deals better with the heterogeneity of the spatial size of the geographical units considered.  
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Δ𝑤𝑖,𝑟,𝑡 = Δ휃𝑟,𝑡 +∑𝛿𝑗,𝑟𝑒𝑥𝑝𝑒𝑟𝑖,𝑗,𝑡

𝑅

𝑗=1

−∑𝛿𝑗,𝑟,𝑡−1𝑒𝑥𝑝𝑒𝑟𝑖,𝑗,𝑡−1

𝑅

𝑗=1

+ Δ𝑋𝑖,𝑡
′ 𝜷 + Δ휀𝑖,𝑟,𝑡 (3.14) 

When the worker does not move, this equation becomes: 

 Δ𝑤𝑖,𝑟,𝑡 = 𝛿𝑟,𝑟 + Δ𝑋𝑖,𝑡
′ 𝜷+ Δ휀𝑖,𝑟,𝑡 (3.15) 

On the other hand, for a worker who moves, the expression becomes much more complicated, 

mixing static and dynamic effects. Equation 3.15 provides an estimation of 𝛿𝑟,𝑟 (being in 𝑟 and 

staying in 𝑟), which represents the value of one additional year spent at 𝑟. This approach is not 

superior to the direct estimation of Equation 3.8. However, if unobserved workers fixed effects 

are allowed to affect wage growth, it is possible to estimate them in a way that 𝜇𝑖 ≠ 𝛿𝑖 (static 

individual fixed effects are different from dynamic individual fixed effects). In this case, 

Equation 3.15 becomes: 

 Δ𝑤𝑖,𝑟,𝑡 = 𝛿𝑖 + 𝛿𝑟,𝑟 + Δ𝑋𝑖,𝑡
′ 𝜷 + Δ휀𝑖,𝑟,𝑡 (3.16) 

It is worth noting that D’Costa and Overman (2014) only exclude from the sample the 

observations that refer to the exact year the individual has moved. Therefore, by keeping 

movers, they are still able to identify city effects for them. 

Consequently, when there are dynamic agglomeration effects and the individual unobserved 

heterogeneity can affect the wage growth path, the preferred strategy will be the one adopted 

by D’Costa and Overman (2014), which is expressed in Equation 3.16. These results will be 

compared to Equation 3.13, a restricted version that does not include the possibility of 

interaction of individual fixed effects with the wage growth path. 

 

3.4 Data 

The main database considered here is RAIS-MIGRA (Annual Report of Social Information – 

Migration, from the Ministry of Labour), which consists of identified registration data of all 

formal firms and their employees in the Brazilian labour market, focusing on the characteristics 

of the contract. This database provides longitudinal data for all formally employed individuals 

in the private sector (or part of the public sector, depending on the type of contract), with a 
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significant regional disaggregation (municipal level), from 1995 to 2008. The RAIS-MIGRA 

is comparable to the identified RAIS used in Chapter 223. 

One of the main advantages of this database is that it is a mandatory report, covering the entire 

formal sector. Because of this, unlike individual self-reporting surveys, there is a smaller risk 

of wage under-reporting. Nonetheless, the fact that it only covers the formal sector generates a 

potential drawback in the analysis, as the informal sector in Brazil is very relevant (RAIS 

represents less than 30% of the workforce in the initial years of the period analysed, reaching 

around 35% in 2008). Moreover, the reporting process is supposed to be more accurate in the 

case of bigger firms, which are usually located in larger cities. 

The regional unit of analysis is the REGIC area (Area of Influence of Cities),24 which is a better 

measure of a labour market area. In fact, this level of analysis is more suitable for the empirical 

analysis of agglomeration economies, as the estimation is not supposed to be affected by daily 

commuting (which is very different from moving permanently to another area to look for a job). 

A few steps were conducted25 in order to achieve a database representing the dynamics of a 

competitive labour market, in the manufacturing and service sectors. The total number of 

observations from 1995 to 2008 before balancing the panel is 43,874,819. The balanced panel, 

excluding individuals with inconsistent age over time, will be composed of 6,749,778 

observations (482,127 individuals in 14 years). Due to limitations of computer processing, a 

sample of 10%26 of this database was generated (48,000 individuals observed over 14 years). 

                                                           
23 The main difference between these two databases is that the process of selecting valid observations is done bythe 

Ministry of Labour in the case of RAIS-MIGRA, and with steps defined by the author in the case of the identified 

RAIS. 
24 REGIC areas (482) aggregate municipalities based on their interaction, mostly associated with daily commuting 

flows, transportation links and interconnectedness in general terms (IBGE, 2013). From 1995 to 2008 some new 

municipalities appeared, requiring an adaptation of the original REGIC areas to encompass these new 

municipalities according to the municipalities they were originated from. The author can provide details of this 

aggregation process on demand. 
25 There was an initial selection of active contracts in December of each year for male individuals working for 

private companies in permanent jobs. Then contracts with wages equal to zero, or with less than 20 weekly hours 

were excluded, as well as contracts with missing information on educational level and occupation. The next step 

conducted was the selection of individuals aged 18 to 36 years in 1995, with no contradictory age information over 

time. Finally, only individuals working in the manufacturing and service sectors were kept in the database (sectors 

15 to 36, 55 to 74 and 76 to 99, at the 2 digits-CNAE – National Classification of Economic Activities 1.0 

classification). 
26 These samples are representative for the following characteristics in the initial year of each database: age group 

(less than 25 years old, 25 to 29 years old, 30 to 36); density of employment in the REGIC area (less than 1, 1 to 

less than 2, 2 to less than 5, 5 to less than 10, 10 to less than 20, 20 to less than 50, 50 or more workers per km2); 

firm size (up to 4 employees, 5 to 9, 10 to 19, 20 to 49, 50 to 99, 100 to 249, 250 to 499, 500 to 999, 1,000 

employees or more); educational level (illiterate, incomplete primary school, complete primary school to 

incomplete high school, complete high school to incomplete college, college degree or more); and sector (CNAE 

1.0 at the 2 digits level). 
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One important drawback of the RAIS-MIGRA database is that the classification of occupations 

is constant over time, and it is not sufficiently disaggregated to be harmonised. Therefore, skills 

that were considered in Chapter 2 will not be available here, and education attainment will be 

the only variable capturing the qualification of workers and the complexity of their jobs. In 

addition, sectors were classified into eight large groups: manufacture; food and 

accommodation; transport and communication; finance, insurance, pensions and other services; 

real estate, rents and services to companies; education; health and social services; personal 

services and other sectors. 

Finally, the period of analysis considered for migration models runs from 1995 to 2007 (2008 

is omitted as it is just used to define whether the individual has moved to another REGIC area 

from 2007 to that year). On the other hand, all the estimations regarding static and dynamic 

agglomeration externalities will be based on the period from 2000 to 2008, and the information 

from 1995 to 1999 will be used to construct the variable of previous work experience. Table 

A.9 in the Appendix provides a detailed description of all the variables considered, including 

methods of calculation and data sources.  

 

3.5 Descriptive statistics 

This section will present a basic analysis of the main descriptive statistics of the variables that 

are relevant for the study of the determinants of a migration decision and for the analysis of 

static and dynamic agglomeration economies. 

 

3.5.1 Migration decision 

The first aspect to be highlighted here is that this analysis will be limited by the fact that the 

sample covers only individuals who are working in the formal sector. It is not possible to know 

what happens to an individual if he or she is not reported in the database in a certain year (they 

can either be unemployed, out of the labour force, working in the public sector or in the informal 

sector, or may even be employers). It is also not possible to determine the REGIC area in which 

the individual is living; only the place he or she is working. Therefore, migration decisions 

covered here will most likely be the ones in which the individual already has a job offer in 

another location, and they may represent a selected sample of all migratory movements. 
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Table 3.1 – Descriptive statistics of individuals according to their migration status over the period 1995–

2008. 

  
    Source: RAIS-MIGRA. 

Following the literature27 and the information available in the database, there is a set of variables 

that can be considered as explanatory factors for the decision to migrate (initial or return). They 

are the following: age group, the size of the firm in which the worker is employed in 𝑡 − 1, 

education attainment,28 employment density at the origin, sector of employment in 𝑡 − 1, 

macroregion of work in 𝑡 − 1, and number of years living in the origin from 1995 onwards. In 

                                                           
27 De La Roca (2015), Papageorgeou (2014), Freguglia (2014). 
28 It would be interesting to include a variable measuring the occupation the individual had in 𝑡 − 1, but the 

database presents a limitation: from 1995 to 2002, occupations were classified according to the CBO 1994 (Código 

Brasileiro de Ocupações – Brazilian Code of Occupations), and from 2003 to 2008 they were based on the CBO 

2002. Furthermore, it is not possible to make them compatible because codes are disaggregated only at the three-

digit level until 2002, and at the four-digit level from 2003 onwards. 

Non-

migrants

1st 

migration

2nd migration 

non-return

2nd migration 

return

ln(hourly wage) - origin 2.64 2.77 3.08 2.74

ln(hourly wage) - destination 2.83 3.14 2.76

Income quantile (origin)

p25 25.1% 21.0% 19.3% 24.3%

p50 25.0% 21.0% 14.8% 22.1%

p75 25.0% 23.9% 18.5% 23.1%

p100 24.8% 34.0% 47.5% 30.5%

Age 34.2 32.2 34.5 33.6

Tenure in the job (years) 8.4 6.8 5.3 5.8

Education attainment

Less than 8 years of schooling 34.6% 28.5% 17.3% 29.8%

8 to 10 years of schooling 26.2% 22.9% 17.7% 24.1%

11 to 14 years of schooling 29.5% 32.8% 35.4% 32.7%

15 years of schooling or more 9.7% 15.8% 29.6% 13.5%

Macroregion

North 1.6% 1.1% 1.8% 1.3%

North-east 9.7% 9.7% 10.2% 10.1%

South-east 65.2% 63.0% 60.7% 67.3%

South 20.3% 22.4% 20.5% 16.3%

Centre-west 3.2% 3.7% 6.8% 5.1%

Sector of activity

Manufacturing 57.9% 49.0% 34.2% 44.4%

Food and acommodation 2.7% 1.8% 1.5% 2.0%

Transport and communication 10.0% 11.0% 12.6% 11.2%

Finance, insurance, pensions and other services 6.1% 13.9% 21.7% 12.3%

Real estate, rents and services to companies 14.2% 18.4% 25.6% 22.1%

Education 2.0% 1.3% 0.9% 0.5%

Health and social services 3.0% 1.2% 0.9% 1.4%

Personal services and other sectors 4.3% 3.3% 2.6% 6.0%

Firm size

Up to 4 employees 2.8% 2.0% 2.1% 1.8%

5 to 9 4.8% 3.7% 6.5% 2.7%

10 to 19 5.5% 5.7% 9.7% 4.6%

20 to 49 8.7% 10.3% 13.6% 8.0%

50 to 99 8.4% 9.3% 9.4% 8.0%

100 to 249 14.4% 16.4% 17.3% 15.9%

250 to 499 15.1% 15.4% 13.3% 15.1%

500 to 999 14.9% 15.6% 12.7% 16.8%

1,000 or more employees 25.6% 21.7% 15.5% 27.2%

N 611,693 7,741 1,171 3,389
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addition, wage in 𝑡 − 1 and the quartile of the annual wage distribution in which the individual 

was positioned in 𝑡 − 1 will be considered as alternatives to education attainment.  

As mentioned in the previous section, the REGIC area will be the spatial unit of analysis. In 

relation to migration, this means that to start working in another REGIC area, the worker has 

to pay a significant cost. The reason for this is that these areas are supposed to encompass most 

daily commuting displacements from the municipality of residence to the municipality of work. 

Therefore, migration is defined by working in a different REGIC area than in the previous year. 

The main descriptive statistics of the database regarding migration decisions are presented in 

Table 3.1. 

In general terms, first-time migrants receive a higher salary in the origin than non-migrants, are 

more qualified, more concentrated in the sectors of finance and real estate, and working 

originally in medium-sized firms. Then, comparing second-time migrants, those who return to 

their original REGIC area receive a lower salary in the first location (the location after the first 

movement, 2.74), and end up receiving a lower salary in the destination than second-time 

migrants that move to a different REGIC area (2.76 against 3.14). Furthermore, the latter are 

more qualified (almost 30% of individuals with 15 years of schooling or more, while among 

migrants who return this group represents only 13.5%). Second-time migrants who return 

usually worked in bigger firms, and were relatively more concentrated in the South-east (as the 

first place they have moved into). They are also relatively more concentrated in the 

manufacturing sector. 

In addition, following Table 3.2, the distribution of workers according to employment density 

in the origin and in the destination does not change significantly, except for a decrease in the 

concentration of workers who live in REGIC areas with a density of 50 or more after they 

migrate for the first time (from 49.3% to 40.4%). In the opposite direction, second-time 

migration returning to the original place of work increases the concentration of workers in more 

dense REGIC areas (from 41.5% to 50.4%). On average, first-time migration takes 4.28 years 

to happen, while second-time migration happens after 2.53 years for workers who move to a 

second destination and 1.02 years for those who return to the origin. The average distance 

travelled to migrate does not change much between each group. 
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3.5.2 Dynamic agglomeration economies 

The estimation of dynamic agglomeration economies will be conducted in one stage, and the 

main descriptive statistics at the individual level are presented in Table 3.3. In general, average 

wages and density at the place of work increased in real terms over time. Consequently, wage 

growth was positive for most of the years analysed. Furthermore, individuals in the sample 

became more educated over time, almost doubling the percentage of individuals with College 

degree or more between 2000 and 2008. This sample also concentrates relatively more 

individuals working in manufacturing, in big firms and in the South-east.  

Table 3.2 – Descriptive statistics of the employment density at the origin and destination (1995-2007 when 

applicable). 

 
   Density is measured in workers/km2. 

   Source: RAIS-MIGRA. 

The experience in each city size is calculated in the following way: from 1995 on, every time 

the individual is observed in a certain city size group, he or she will get one more year of 

experience in this city group in the following year. As the database is restricted to evaluate 

individuals between 2000 and 2008, they are supposed to have at the first year a sum of 5 years 

of experience in different city sizes. The average experience in each city size will grow every 

year because of the way this variable is calculated. 

Furthermore, as the sample is balanced at the individual level, people will get older over time 

(there are no new individuals entering the database). After some time, the age group comprising 

18 to 24 years old loses its share in the sample. 

Non-

migrants

1st 

migration

2nd migration 

non-return

2nd migration 

return

Density in the origin (employees per km
2
)

Less than 1 1.8% 3.7% 3.3% 2.5%

1 to less than 2 1.6% 2.5% 4.1% 6.0%

2 to less than 5 5.1% 5.7% 8.9% 7.4%

5 to less than 10 8.9% 10.8% 9.6% 9.1%

10 to less than 20 11.7% 9.8% 14.2% 8.9%

20 to less than 50 21.7% 23.1% 20.1% 24.7%

50 or more 49.3% 44.4% 39.9% 41.4%

Density in the destination (employees per km
2
)

Less than 1 3.0% 4.2% 1.8%

1 to less than 2 4.4% 4.3% 1.8%

2 to less than 5 7.5% 8.5% 3.8%

5 to less than 10 9.0% 11.1% 11.0%

10 to less than 20 11.3% 15.0% 10.9%

20 to less than 50 23.8% 22.3% 21.3%

50 or more 41.0% 34.7% 49.4%

Average distance for the migration (in km) 435.7 462.0 456.4

Years before the 1st migration (from 1995 on) 4.29

Years after the 1st and before the 2nd migration 2.49 0.92

N 611,693 7,741 1,171 3,389
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Table 3.3 – Descriptive statistics of the main variables for the regressions of dynamic agglomeration 

externalities. 

 
Source: RAIS-MIGRA. 

 

3.6 Results 

This section will discuss the main determinants of the migration decision and the effects of 

static and dynamic agglomeration economies over individual wages.  

 

 

2000 2001 2002 2003 2004 2005 2006 2007 2008

ln(hourly wage) 2.64 2.64 2.63 2.67 2.72 2.75 2.80 2.84 2.87

Wage growth          . 0.00 -0.01 0.04 0.05 0.03 0.05 0.04 0.03

ln(density) 3.90 3.94 3.99 4.01 4.07 4.12 4.18 4.24 4.29

Experience in cities with density < 5 (in years) 0.53 0.62 0.70 0.78 0.85 0.92 0.99 1.05 1.12

Experience in cities with 5 <= density < 20 (in years) 1.05 1.26 1.47 1.67 1.88 2.08 2.28 2.48 2.67

Experience in cities with density >= 20 (in years) 3.43 4.12 4.83 5.55 6.27 7.00 7.73 8.47 9.21

Education attainment

Incomplete primary school 35.9% 34.1% 32.7% 31.2% 29.9% 28.5% 27.3% 26.2% 25.0%

Comp. primary school - incompl. middle school 27.1% 26.8% 26.2% 25.6% 25.1% 24.2% 23.8% 23.2% 22.8%

Complete middle school - incomplete college 28.7% 29.9% 31.0% 31.3% 32.5% 33.9% 34.7% 35.4% 36.1%

College degree or more 8.3% 9.2% 10.1% 11.9% 12.6% 13.5% 14.2% 15.2% 16.1%

Age group

18 to 24 3.6% 1.3% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

25 to 29 21.6% 18.4% 14.6% 10.5% 6.7% 3.6% 1.3% 0.0% 0.0%

30 to 34 32.0% 31.0% 29.2% 26.7% 24.4% 21.5% 18.3% 14.5% 10.3%

35 or more 42.7% 49.3% 56.1% 62.7% 69.0% 74.9% 80.4% 85.4% 89.7%

Firm size

Up to 4 employees 2.7% 2.7% 2.7% 2.7% 2.8% 2.7% 2.7% 2.6% 2.7%

5 to 9 4.7% 4.8% 4.8% 4.9% 4.8% 4.9% 4.8% 4.8% 4.7%

10 to 19 5.5% 5.5% 5.6% 5.6% 5.5% 5.4% 5.4% 5.5% 5.4%

20 to 49 8.8% 8.7% 8.7% 8.7% 8.5% 8.5% 8.4% 8.2% 8.2%

50 to 99 8.5% 8.8% 8.6% 8.6% 8.4% 8.2% 8.2% 8.0% 7.9%

100 to 249 15.0% 14.8% 14.9% 14.5% 14.0% 13.9% 13.8% 13.5% 13.4%

250 to 499 15.3% 14.9% 14.8% 15.1% 15.0% 14.8% 14.7% 14.2% 14.1%

500 to 999 15.0% 15.9% 15.5% 15.2% 14.9% 15.0% 14.6% 14.3% 14.3%

1,000 or more employees 24.6% 24.0% 24.5% 24.7% 26.2% 26.6% 27.4% 28.8% 29.2%

Sector of activity

Manufacturing 57.3% 57.2% 57.1% 57.1% 57.4% 57.5% 57.9% 58.1% 57.8%

Food and acommodation 2.7% 2.6% 2.6% 2.6% 2.6% 2.6% 2.6% 2.6% 2.6%

Transport and communication 10.1% 10.1% 10.1% 10.0% 10.1% 10.1% 10.2% 10.2% 10.2%

Finance, insurance, pensions and other services 6.3% 6.3% 6.2% 6.2% 6.2% 6.2% 6.1% 6.3% 6.2%

Real estate, rents and services to companies 14.5% 14.6% 14.8% 14.9% 14.5% 14.5% 14.0% 13.9% 14.0%

Education 1.9% 1.9% 1.9% 2.0% 2.0% 2.0% 2.1% 2.0% 2.1%

Health and social services 3.0% 3.0% 2.9% 2.9% 2.9% 3.0% 3.0% 2.9% 3.0%

Personal services and other sectors 4.3% 4.3% 4.3% 4.3% 4.3% 4.2% 4.2% 4.1% 4.1%

Macro-region

North 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6%

North-east 9.7% 9.8% 9.7% 9.7% 9.7% 9.8% 9.8% 9.8% 9.7%

South-east 65.2% 65.2% 65.3% 65.2% 65.2% 65.1% 65.1% 65.0% 65.0%

South 20.2% 20.1% 20.2% 20.3% 20.3% 20.3% 20.3% 20.4% 20.4%

Centre-West 3.3% 3.3% 3.2% 3.2% 3.2% 3.2% 3.2% 3.3% 3.3%

N 48,000 48,000 48,000 48,000 48,000 48,000 48,000 48,000 48,000
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3.6.1 Migration 

This subsection will discuss the main results found in the analysis of selection in initial and 

return migration and in the measurement of dynamic agglomeration economies. The first set of 

results refers to the estimation of the determinants of first time migration. As noted previously, 

the database is composed only of employed individuals, which means that migrants will 

necessarily have to find a job at the destination. In addition, the variable of first-time migration 

is defined as follows: equals 0 if the individual has never moved; equals 1 in the year the 

individual moves. After this first move, the individual is dropped from the database.  

Table 3.4 – Logit models for the probability of first-time migration, 1995 to 2007. 

 

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

Logit Logit Logit Logit Logit Logit

ln(density in the origin) 0.844*** 0.834*** 0.826***

(0.011) (0.011) (0.011)
Density in the origin (employees per km

2
) - omitted less than 1

1 to less than 2 0.605*** 0.597*** 0.589***

(0.061) (0.060) (0.059)

2 to less than 5 0.369*** 0.372*** 0.364***

(0.032) (0.032) (0.032)

5 to less than 10 0.430*** 0.443*** 0.430***

(0.034) (0.035) (0.034)

10 to less than 20 0.325*** 0.330*** 0.318***

(0.027) (0.028) (0.027)

20 to less than 50 0.358*** 0.354*** 0.343***

(0.030) (0.029) (0.028)

50 or more 0.307*** 0.299*** 0.286***

(0.027) (0.027) (0.026)

Education attainment - omitted less than 8 years of schooling

8 to 10 years of schooling 1.164*** 1.170***

(0.038) (0.038)

11 to 14 years of schooling 1.589*** 1.596***

(0.050) (0.050)

15 years of schooling or more 2.622*** 2.603***

(0.106) (0.105)

ln(hourly wage) - origin 1.523*** 1.507***

(0.026) (0.025)

Income quantile (origin) - omitted p25

p50 1.087** 1.085**

(0.040) (0.040)

p75 1.386*** 1.378***

(0.052) (0.052)

p100 2.219*** 2.180***

(0.086) (0.085)

Age 1.053*** 1.037** 1.030* 1.053*** 1.038** 1.031*

(0.019) (0.018) (0.018) (0.019) (0.018) (0.018)

Age squared 0.999*** 0.999*** 0.999** 0.999*** 0.999*** 0.999**

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Tenure in the job 0.969*** 0.960*** 0.960*** 0.970*** 0.961*** 0.961***

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Macroregion - omitted North

North-east 2.597*** 2.840*** 3.103*** 3.082*** 3.305*** 3.593***

(0.317) (0.348) (0.381) (0.389) (0.419) (0.456)

South-east 2.832*** 2.910*** 2.975*** 3.306*** 3.316*** 3.378***

(0.336) (0.346) (0.354) (0.406) (0.408) (0.417)

South 2.703*** 2.885*** 2.915*** 3.539*** 3.704*** 3.742***

(0.320) (0.342) (0.346) (0.447) (0.469) (0.475)

Centre-west 1.946*** 1.929*** 1.966*** 2.403*** 2.333*** 2.379***
(0.249) (0.247) (0.252) (0.319) (0.310) (0.317)
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*Odds ratios (exponentiated coefficients) are reported for each model. Additional controls: constant, percentage 

of workers in each of the economic sectors in the whole labour market of each REGIC area. The reference category 

is stayers, and once individuals move they are dropped from the sample. Density is measured as the number of 

workers per km2. Standard errors are presented in parentheses. Significance levels:* p<0.10, ** p<0.05, *** 

p<0.01. 

Source: Author’s own calculations. 

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

Logit Logit Logit Logit Logit Logit

Sector of activity - omitted Manufacturing

Food and acommodation 1.090 1.240** 1.345*** 1.075 1.215** 1.312***

(0.098) (0.113) (0.122) (0.097) (0.110) (0.119)

Transport and communication 1.510*** 1.585*** 1.564*** 1.507*** 1.576*** 1.554***

(0.061) (0.065) (0.063) (0.061) (0.064) (0.063)

Finance, insurance, pensions and other services 2.946*** 3.175*** 3.058*** 2.879*** 3.115*** 3.005***

(0.122) (0.130) (0.126) (0.119) (0.127) (0.124)

Real estate, rents and services to companies 2.121*** 2.353*** 2.364*** 2.105*** 2.328*** 2.335***

(0.076) (0.086) (0.086) (0.076) (0.085) (0.085)

Education 0.702*** 0.850 0.847 0.702*** 0.847 0.845*

(0.072) (0.086) (0.086) (0.072) (0.086) (0.086)

Health and social services 0.471*** 0.566*** 0.565*** 0.463*** 0.557*** 0.556***

(0.049) (0.059) (0.059) (0.048) (0.058) (0.058)

Personal services and other sectors 1.004 1.106 1.105 0.987 1.087 1.087

(0.068) (0.074) (0.074) (0.066) (0.073) (0.073)

Firm size - omitted up to 4 employees

5 to 9 1.048 1.025 1.004 1.048 1.025 1.002

(0.106) (0.104) (0.102) (0.106) (0.104) (0.102)

10 to 19 1.370*** 1.363*** 1.319*** 1.385*** 1.382*** 1.339***

(0.132) (0.131) (0.127) (0.133) (0.133) (0.129)

20 to 49 1.655*** 1.648*** 1.575*** 1.672*** 1.670*** 1.597***

(0.150) (0.150) (0.143) (0.152) (0.152) (0.145)

50 to 99 1.824*** 1.810*** 1.713*** 1.840*** 1.833*** 1.737***

(0.167) (0.166) (0.157) (0.168) (0.168) (0.159)

100 to 249 1.925*** 1.911*** 1.784*** 1.938*** 1.931*** 1.806***

(0.170) (0.169) (0.158) (0.171) (0.171) (0.160)

250 to 499 1.762*** 1.740*** 1.618*** 1.782*** 1.765*** 1.645***

(0.156) (0.155) (0.144) (0.158) (0.157) (0.147)

500 to 999 1.852*** 1.824*** 1.698*** 1.855*** 1.835*** 1.712***

(0.164) (0.162) (0.151) (0.165) (0.163) (0.153)

1,000 or more employees 0 1.470*** 1.378*** 1.548*** 1.478*** 1.387***

(0.136) (0.130) (0.122) (0.136) (0.130) (0.123)

Years without migrating (from 1995 on) - omitted 0

1 year 0.774*** 0.795*** 0.764*** 0.765*** 0.783*** 0.752***

(0.032) (0.032) (0.031) (0.031) (0.032) (0.031)

2 years 0.569*** 0.599*** 0.559*** 0.557*** 0.584*** 0.545***

(0.026) (0.028) (0.026) (0.026) (0.027) (0.025)

3 years 0.456*** 0.491*** 0.458*** 0.441*** 0.472*** 0.441***

(0.023) (0.025) (0.024) (0.023) (0.024) (0.023)

4 years 0.475*** 0.527*** 0.496*** 0.464*** 0.511*** 0.481***

(0.025) (0.028) (0.026) (0.025) (0.027) (0.026)

5 years 0.410*** 0.467*** 0.430*** 0.411*** 0.464*** 0.428***

(0.023) (0.026) (0.024) (0.023) (0.027) (0.025)

6 years 0.410*** 0.477*** 0.441*** 0.404*** 0.466*** 0.431***

(0.024) (0.028) (0.025) (0.024) (0.027) (0.025)

7 years 0.294*** 0.353*** 0.328*** 0.288*** 0.342*** 0.318***

(0.019) (0.023) (0.022) (0.019) (0.023) (0.021)

8 years 0.286*** 0.354*** 0.324*** 0.279*** 0.342*** 0.314***

(0.020) (0.024) (0.022) (0.019) (0.024) (0.022)

9 years 0.279*** 0.353*** 0.318*** 0.271*** 0.340*** 0.306***

(0.020) (0.025) (0.022) (0.019) (0.024) (0.022)

10 years 0.450*** 0.584*** 0.521*** 0.435*** 0.559*** 0.498***

(0.028) (0.037) (0.033) (0.028) (0.036) (0.032)

11 years 0.419*** 0.557*** 0.488*** 0.404*** 0.531*** 0.465***

(0.028) (0.037) (0.032) (0.027) (0.036) (0.031)

12 years 0.352*** 0.480*** 0.414*** 0.344*** 0.464*** 0.401***

(0.025) (0.035) (0.030) (0.025) (0.034) (0.029)

Pseudo R
2

0.0537 0.0530 0.0539 0.0541 0.0532 0.0540

N 564,306 564,306 564,306 564,306 564,306 564,306
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The logit models in column 1 of Table 3.4 indicate that workers with 15 years of schooling or 

more are 1.62 times more likely to migrate than workers with less than 8 years of schooling. In 

addition, a 10% increase in the logarithm of density in the origin reduces the probability of 

outmigration by 0.5%.29 Furthermore, individuals in the South-east are 1.83 times more likely 

to outmigrate from their original REGIC area than workers in the Northern region of the 

country. Each additional year of age increases slightly the probability of outmigration (5.3%), 

while an additional year of tenure at the job decreases this probability by 3.1%. Moreover, 

workers in the financial and real estate sectors are much more likely to migrate than workers in 

other sectors.  

One final result shown in column 1 of Table 3.4 is that if workers stay in a certain place for 

longer, the probability that they will outmigrate becomes even lower. Therefore, the chance that 

a worker who is being observed in a specific REGIC area will migrate after 5 years is 59.0% 

lower than the chance of a worker who has just arrived deciding to migrate. This finding is also 

driven by the fact that workers are observed for the first time in 1995 (but they could have been 

working before that). As time passes by, the remaining individuals in the sample (those who 

have not migrated yet) will become more and more selected with characteristics of stayers. 

In column 2, education attainment is substituted by the position the worker occupied in the 

distribution of wages of the sample in the previous year. Thus, workers who were in the second 

quartile had a chance of migration that was 8.7% higher than workers in the lower quartile. 

Moreover, workers in the upper quartile present a chance of migrating that is 122% higher than 

workers in the lower quartile. When the individual wage is considered in the place of education 

attainment (column 3), a very similar result is found – individuals with higher wages will be 

more likely to outmigrate (a 10% increase in the logarithm of the hourly wage increases the 

probability of migration in 1.9%).  Finally, columns 4 to 6 show that when different density 

groups are considered (instead of the observed local density), the probability of outmigration 

decreases for denser cities. The other main results remain unchanged.  

Therefore, workers who migrate for the first time seem to be positively selected (higher 

education attainment, higher initial wage, working in sectors with higher knowledge intensity), 

but the size of the local labour market decreases the probability of migration, as expected. This 

means that migration movements in the country are expected to happen from smaller to larger 

cities, where job opportunities are easier to find and wages are supposedly higher. 

                                                           
29 This value is calculated as 10% ∗ (0.844 − 1)/e. 
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The results presented in Table 3.4 referred to all possible migration movements. However, in 

Table 3.5 the estimations are measuring the probability that a worker will move to a REGIC 

area with a density of at least 10 workers per squared kilometre, with an increase in local density 

from the previous location. This set of models aims to investigate the main factors that increase 

the chance that a worker will move to a denser urban area.  

Table 3.5 – Logit models for the probability of first-time migration towards a REGIC area with a density 

higher than 10 workers/km2 and with an increase in density, 1995 to 2007. 

 

*Odd ratios (exponentiated coefficients) are reported for each model. Additional controls: constant, percentage of 

workers in each of the economic sectors in the whole labour market of each REGIC area, firm size, macroregion, 

years before migration, sector of activity, age, age squared and tenure at the job, years before migration since 1995. 

The reference category is stayers, and once individuals move they are dropped from the sample. Individuals who 

move at any moment to another REGIC area with a density lower than 10 or who move to a REGIC area with a 

lower density than the previous place of work are excluded from the sample. Density is measured as the number 

of workers per km2. Standard errors are presented in parentheses. Significance levels:* p<0.10, ** p<0.05, *** 

p<0.01. 

Source: Author’s own calculations. 

Comparing these results, it is noticeable that local density in the origin becomes even more 

important as a barrier to new migration movements (now a 10% increase in the logarithm of 

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Logit Logit Logit Logit Logit Logit

ln(density in the origin) 0.580*** 0.570*** 0.563***

(0.011) (0.011) (0.011)

Density in the origin (employees per km
2
) - omitted Less than 1

1 to less than 2 0.453*** 0.437*** 0.429***

(0.057) (0.055) (0.054)

2 to less than 5 0.300*** 0.300*** 0.291***

(0.032) (0.032) (0.031)

5 to less than 10 0.335*** 0.342*** 0.330***

(0.033) (0.034) (0.033)

10 to less than 20 0.286*** 0.284*** 0.274***

(0.029) (0.029) (0.028)

20 to less than 50 0.283*** 0.270*** 0.260***

(0.029) (0.028) (0.027)

50 or more 0.122*** 0.115*** 0.109***

(0.014) (0.014) (0.013)

Education attainment - omitted Less than 8 years of schooling

8 to 10 years of schooling 1.233*** 1.229***

(0.060) (0.060)

11 to 14 years of schooling 1.690*** 1.677***

(0.080) (0.079)

15 years of schooling or more 3.514*** 3.415***

(0.214) (0.207)

ln(hourly wage) - origin 1.874*** 1.831***

(0.047) (0.046)

Income quantile (origin) - omitted p25

p50 1.312*** 1.278***

(0.073) (0.071)

p75 1.973*** 1.903***

(0.112) (0.108)

p100 3.449*** 3.292***

(0.201) (0.193)

Pseudo R2 0.0906 0.0929 0.0952 0.0819 0.0837 0.0857

N 559,925 559,925 559,925 559,925 559,925 559,925
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employment density will decrease the probability of migration to a large city in 1.5% - which 

is compared to a decrease of 0.5% in the previous table). This is explained by the fact that 

workers who are already in large urban areas have a lower incentive to move to a similar REGIC 

area in terms of the complexity of the local labour market.  

Furthermore, the average income in the origin becomes an even more important factor: workers 

in the upper quartile are 2.45 times more likely to migrate to a dense REGIC area than workers 

in the lower quartile (column 2). The results presented in column 1 indicate that more educated 

workers are relatively more likely to migrate to large urban areas, especially when compared to 

all possible initial migration movements. Noteworthy, more educated workers have a higher 

propensity to migrate to larger cities than to migrate to any city (their coefficients in Table 3.5 

are higher than the ones observed in Table 3.4).  

Tables 3.4 and 3.5 provide the conclusion that there is a relevant process of self-selection in 

first-time migration in the formal labour market in Brazil. This selection becomes even more 

important when only migration to denser urban areas is taken into account. Therefore, the way 

incentives are distributed in space makes it more likely that regional inequalities will increase, 

as cities with a higher percentage of skilled workers will attract more of these high-qualified 

individuals. 

In addition to that, it is noticeable that, in general, migrants are more skilled and have higher 

wages in the origin than stayers. Therefore, even if a worker is moving to a less dense city, he 

or she is more likely to be more productive than a similar worker who stayed in the original 

REGIC area. Migration is a relevant instrument of selection of risk-takers, entrepreneurs, young 

and skilled workers.  

After analysing the determinants of first-time migration, it is possible to identify which are the 

main characteristics of workers who decide to migrate for a second time. These migrants have 

the option of returning to the original REGIC area (“return”) or of going to another place 

(“move on”). Consequently, it is necessary to estimate a multinomial logit with three options: 

staying in the second place of work, moving to a third place, or returning to the original place 

of work. Table 3.5 presents a comparison of these events for workers who have already 

migrated once. Therefore, workers who have moved to a REGIC area during the previous years 

and decided to stay there afterwards compose the base group. 
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Table 3.6 – Multinomial logit models for the determinants of second-time migration (for individuals who 

have already migrated once), 1996 to 2007. 

 

*Relative risk ratios (exponentiated coefficients) are reported for each model. Additional controls: constant, 

percentage of workers in each of the economic sectors in the whole labour market of each REGIC area, firm size, 

macrorregion, years before migration, sector of activity, age, age squared and tenure at the job, years before 

migration since 1995. The reference category is first-time migrants who become stayers, and once individuals 

move for the second time, they are dropped from the sample. Individuals who move at any moment to another 

REGIC area with density lower than 10 or who move to a REGIC area with lower density than the previous place 

of work are excluded from the sample. Density is measured as the number of workers per km2. Standard errors are 

presented in parentheses. Significance levels:* p<0.10, ** p<0.05, *** p<0.01. 

Source: Author’s own calculations. 

The main results of Table 3.6 are the following: workers who decide to return to their original 

REGIC areas are less educated than those who decide to stay or to move to another REGIC area 

(having 15 years of schooling or more decreases the probability of returning in 48.3%). 

Furthermore, wages in the second location (after the first migration) are negatively associated 

to the probability of moving again, but less so for moves in direction to a third location. Local 

density is negatively associated to the probability of leaving a certain REGIC area, 

Return Move on Return Move on Return Move on Return Move on

ln(density in the origin) 0.744*** 0.916** 0.746*** 0.928**

(0.014) (0.033) (0.015) (0.033)

Density in the origin (employees per km
2
) - omitted less than 1

1 to less than 2 2.270*** 0.908 2.178*** 0.898

(0.364) (0.216) (0.353) (0.214)

2 to less than 5 0.981 0.996 0.956 0.992

(0.155) (0.218) (0.152) (0.219)

5 to less than 10 0.753* 0.787 0.738* 0.787

(0.118) (0.173) (0.116) (0.174)

10 to less than 20 0.419*** 0.748 0.404*** 0.738

(0.068) (0.167) (0.066) (0.166)

20 to less than 50 0.566*** 0.727 0.534*** 0.691

(0.092) (0.171) (0.088) (0.163)

50 or more 0.285*** 0.670* 0.280*** 0.680

(0.047) (0.163) (0.047) (0.166)

Education attainment - omitted less than 8 years of schooling

8 to 10 years of schooling 0.878** 1.159 0.897** 1.167

(0.046) (0.118) (0.047) (0.119)

11 to 14 years of schooling 0.685*** 1.357*** 0.699*** 1.361***

(0.035) (0.126) (0.036) (0.126)

15 years of schooling or more 0.517*** 1.941*** 0.509*** 1.940***

(0.034) (0.197) (0.034) (0.196)

ln(hourly wage)t at the 2nd location 0.490*** 0.870** 0.492*** 0.866**

(0.019) (0.055) (0.019) (0.055)

ln(hourly wage) at the 1st location 1.813*** 1.712*** 1.793*** 1.722***

(0.072) (0.111) (0.071) (0.111)

ln(distance in the first migration) 1.070*** 1.087** 1.059*** 1.090**

(0.022) (0.038) (0.022) (0.038)

Adjusted R
2

N

Model 1

0.0527

31,403 31,353

0.0629 0.0658

31,353

Model 4Model 3Model 2

0.0560

31,403
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independently of the direction of this movement. Finally, the larger the distance the worker had 

to cover in the first migration, the higher the probability he or she will move to another place.  

Therefore, second migration seems to reinforce the effects of first-time migration. Workers are 

positively selected to migrate to a third place, but those who decide to return to the original 

REGIC area are less qualified, with lower salaries in the place they were living after the first 

migration. A final aspect to be studied regarding selection in initial and return migration refers 

to the correlation between wages in the origin and migration decisions. It is not possible to 

discuss causality here, because wages in 𝑡 − 1 are correlated to migration movements in 𝑡. 

Table 3.7 presents these correlations. In relation to first-time migration (Model 1), workers who 

have decided to migrate to a dense city (10 or more workers per squared kilometres) used to 

receive a higher wage in the origin. Even workers who have migrated to a less dense city (less 

than 10 workers per squared kilometres) received in average a higher wage than stayers. In 

Model 2, the wage two years before migrating is included, and the coefficients are now 

supposed to capture the correlation between migration and wage growth. In fact, workers who 

have decided to migrate to a less dense city had seen a decrease in wages prior to taking this 

decision, while those who have migrated to a dense city had seen an increase in their wages.  

Table 3.7 – Partial correlation of the ln of hourly wages in t-1 and migration decisions in t, 1996 to 2007. 

 
* Additional controls: constant, percentage of workers in each of the economic sectors in the whole labour market 

of each REGIC area, firm size, macrorregion, years before migration, sector of activity, age, age squared and 

tenure at the job, years before migration since 1995. Individuals who move at any moment to another REGIC area 

are excluded from the sample. Density is measured as the number of workers per km2. Standard errors are presented 

in parentheses. Significance levels:* p<0.10, ** p<0.05, *** p<0.01. 

Source: Author’s own calculations. 

Model 1 Model 2 Model 3 Model 4

Migration towards a dense city 0.151*** 0.009*

(0.010) (0.005)

Migration towards a less dense city 0.037*** -0.008*

 (0.008) (0.005)

Migration towards a dense city - return 0.031*** 0.007

(0.016) (0.011)

Migration towards a less dense city - return -0.196*** -0.029**

(0.016) (0.011)

Migration towards a dense city - no return 0.169*** 0.017

(0.028) (0.015)

Migration towards a less dense city - no return 0.017*** 0.005

(0.024) (0.013)

ln(hourly wage)t-2 0.869*** 0.885***

(0.001) (0.003)

Adjusted R
2

0.5361 0.8869 0.5647 0.9106

N 564,306 516,306 31,403 23,999

1st migration 2nd migration
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Regarding the second migration, the decision to migrate to a dense city is related to higher 

wages in the previous period, even if workers are returning to their original REGIC area. 

Furthermore, in the case workers decide to migrate to a third place, their wages in the previous 

period were higher, and those who decide to go to a dense city were supposed to have the higher 

original wages. 

Even if these results are not indicating any causality, they seem to show that workers who 

migrate were originally better off in their first location than stayers, and workers who migrate 

for the second time to a different location are positively selected once again. Migration in the 

formal labour market in Brazil seems to have a very important role in the sorting of more skilled 

individuals in large urban areas.30 

 

3.6.2 Dynamic agglomeration economies 

The literature review presented in Section 3.2.2 indicates that there is not a well defined strategy 

to measure dynamic agglomeration economies. Here, two different possibilities will be tested. 

The first is based on the estimation of Equation 3.13, with a special focus on the effects of work 

experience in cities over the level of wages. On the other hand, the second approach is based 

on the investigation of the main factors that affect the wage growth (Equation 3.16).  

A first aspect to be highlighted in Table 3.8 is that the process of sorting seems to be extremely 

relevant to explain what would be otherwise accredited to the urban wage premium. The 

elasticity of employment density in relation to individual wages decreased from 0.091 to 0.006 

when individual fixed effects were taken into account (Models 1 and 2). This is an indication 

that a significant share of the positive relationship between wages and local density can actually 

be explained by the migration of self-selected workers to large urban areas, as discussed in the 

previous subsection. 

Moreover, years of experience in each type of city are included in Model 3. It is possible to find 

positive and significant coefficients for all of them, with a higher coefficient for the years 

worked in less dense cities (density < 5). When these years of previous experience are combined 

with the present place of work (Model 4), individuals working in less dense cities who had 

previous experience in denser areas will benefit the most from these gains.  

                                                           
30 This result indicates that the sorting process should be taken into account whenever individual wages are 

evaluated to measure agglomeration economies. In Chapter 2, controlling for individual characteristics seems to 

suffice this requirement. 
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Table 3.8 – Estimation of the dynamic and static city-size earnings premia (dependent variable is the 

logarithm of the hourly wage), 2000 to 2008. 

 
* All models include a constant term. Density is measured as the number of workers per km2. Standard errors are 

presented in parentheses. Significance levels:* p<0.10, ** p<0.05, *** p<0.01. 

Source: Author’s own calculations. 

In other words, workers that are now in cities with density lower than 5 and have worked in 

cities with density higher than 5 and lower than 20 are likely to obtain an average wage increase 

of 1.8% for each additional year of previous experience. In the same way, if previous experience 

OLS FE FE FE

Model 1 Model 2 Model 3 Model 4

ln(density) 0.091*** 0.006*** 0.005*** 0.009***

(0.001) (0.001) (0.001) (0.002)

ln(area) 0.027*** 0.006*** 0.006*** 0.004*

(0.001) (0.002) (0.002) (0.002)

Experience in cities with density < 5 (in years) 0.034*** 0.039***

(0.001) (0.003)

Experience in cities with density < 5 (in years)
 2 0.000*

(0.000)

Experience in cities with 5 <= density < 20 (in years) 0.031*** 0.028***

(0.000) (0.001)

Experience in cities with 5 <= density < 20 (in years) 
2 0.000***

(0.000)

Experience in cities with density >= 20 (in years) 0.026*** 0.029***

(0.000) (0.001)

Experience in cities with density >= 20 (in years) 
2 0.000***

(0.000)

Experience in cities with 5 <= density < 20 (in years)*Now in city with density < 5 0.018***

(0.002)

Experience in cities with 5 <= density < 20 (in years)*Now in city with density >= 20 0.001**

(0.000)

Experience in cities with density >= 20 (in years)*Now in city with density < 5 0.008***

(0.002)

Experience in cities with density >= 20 (in years)*Now in city with 5 <= density < 20 0.000

(0.001)

Education attainment - omitted less than 8 years of schooling

8 to 10 years of schooling 0.198***

(0.002)

11 to 14 years of schooling 0.595***

(0.002)

15 years of schooling or more 1.313***

(0.003)

Region dummies Yes Yes Yes Yes

Age group dummies Yes No No No

Firm size dummies Yes Yes Yes Yes

Sector dummies Yes Yes Yes Yes

Worker fixed effects No Yes Yes Yes

R
2

0.5207

R
2
 within 0.1375 0.1382 0.1386

R
2
 between 0.1773 0.1102 0.1474

N 432,000 432,000 432,000 432,000
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was obtained in areas with density higher than 20, one additional year of experience increases 

wages in cities with density lower than 5 in 0.8%. In conclusion, previous work experience is 

more valuable in less dense cities, with a higher effect for the years worked in cities with 

medium density level.  

The second set of results regarding the estimation of dynamic agglomeration advantages 

comprises regression models inspired in Equation 3.16, with the individual wage growth 

between 𝑡 and 𝑡 − 1 as the dependent variable and a set of individual characteristics in 𝑡 as 

explanatory variables. In this specification, it is possible to control for unobserved worker 

heterogeneity in relation to dynamic city-size earnings premium (Models 7 and 8 of Table 3.9).  

The urban wage growth premium is defined as the relation between local density and individual 

wage growth. From Model 1 in Table 3.9, there is an indication of convergence of wages 

between cities according to their density. In fact, as aforementioned, wages are higher in denser 

cities. Therefore, a negative coefficient for higher density cities in relation to wage growth 

represents the fact that wages grow faster in less dense cities. The inclusion of additional 

observed controls at the individual level strengthens this effect (Model 2). However, the 

estimation with workers fixed effects (Model 3) reduces the significance of the coefficients 

related to density. Model 4 has the same specification as Model 3, but now the years in which 

workers have moved are excluded from the sample. Therefore, migrants stay in the sample, but 

their wage growth is calculated only between years in which they stay in the same place. The 

main results do not change significantly from Model 3 to Model 4. 

Models 5 to 8 follow the same specifications of Models 1 to 4, but they also include previous 

work experience by city density levels. Focusing the analysis in Model 8, the dynamic wage 

growth premium obtained from working in other cities is positive and significant, and it is also 

higher for the experience obtained in denser cities. In this case, the static wage growth premium 

becomes non-significant. One additional year working in cities with density higher than 20 

generates a variation of 0.7% in individual wage growth, while the experience accumulated in 

cities with density lower than 5 results in a variation of 0.4% in individual wage growth. 

This analysis can be complemented by the evaluation of how this previous experience may have 

heterogeneous effects over wage growth according to the place the individual is currently 

working. Therefore, in Table 3.10, following the same preferred specification as before (Model 

4 of Table 3.9, with workers fixed effects and excluding moving years), previous experience 

accumulated in cities with density lower than 5 have a positive and significant effect only in 
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cities with similar density level or cities with high density level (20 or more). In addition, the 

experience accumulated in cities with medium density level is relevant to explain wage growth 

only in cities with the same or higher density levels. Finally, the experience accumulated in 

denser cities has a positive and significant effect over wage growth only in high-density cities. 

Once again, static agglomeration effects over wage growth become non-significant. 

Table 3.9 – Regression for the urban wage growth premium (dependent variable is the individual wage 

growth in one year), 2001 to 2008. 

 
* All models include a constant term. Wage growth is calculated as ln𝑤𝑡 − ln𝑤𝑡−1. Density is measured as the 

number of workers per km2. Standard errors are presented in parentheses. Significance levels:* p<0.10, ** p<0.05, 

*** p<0.01. 

Source: Author’s own calculations. 

These results indicate that previous experience has a relevant impact on wage growth only in 

cities with at least the same density level. Therefore, dynamic advantages are expected to be 

more relevant for migrants who move to denser cities. It is noteworthy that Model 4 of Table 

3.10 excludes individual unobserved characteristics that may affect wage growth. Therefore, 

the process of sorting of high-skilled workers into denser cities is not affecting these results. 

OLS OLS FE FE OLS OLS FE FE

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

Density >= 5 & density < 20 -0.003* -0.006*** -0.011* -0.014** -0.011*** -0.012*** -0.008 -0.010

(0.002) (0.002) (0.006) (0.007) (0.003) (0.003) (0.006) (0.007)

Density >= 20 -0.008*** -0.011*** -0.004 -0.002 -0.010*** -0.012*** -0.002 0.003

(0.002) (0.002) (0.007) (0.008) (0.003) (0.004) (0.007) (0.009)

Experience in cities with density < 5 (in years) -0.027 -0.036 0.001 0.004***

(0.038) (0.038) (0.001) (0.001)

Experience in cities with 5 <= density < 20 (in years) -0.026 -0.036 0.004*** 0.006***

(0.038) (0.038) (0.001) (0.001)

Experience in cities with density >= 20 (in years) -0.027 -0.036 0.004*** 0.007***

(0.038) (0.038) (0.000) (0.000)

Education attainment (incomplete primary school omitted)

Comp. primary school - incompl. middle school 0.002 -0.006** -0.010*** 0.002 -0.006** -0.010***

(0.001) (0.003) (0.004) (0.001) (0.003) (0.004)

Complete middle school - incomplete college 0.006*** -0.006* -0.010** 0.006*** -0.006* -0.010**

(0.001) (0.004) (0.004) (0.001) (0.004) (0.004)

College degree or more 0.020*** 0.006 0.004 0.020*** 0.006 0.004

(0.002) (0.005) (0.006) (0.002) (0.005) (0.006)

Age group (18 to 24 omitted)

25 to 29 -0.039*** -0.035*** -0.039*** -0.039*** -0.035*** -0.040***

(0.010) (0.012) (0.012) (0.010) (0.012) (0.012)

30 to 34 -0.056*** -0.043*** -0.047*** -0.056*** -0.043*** -0.047***

(0.010) (0.012) (0.012) (0.010) (0.012) (0.012)

35 or more -0.070*** -0.044*** -0.047*** -0.070*** -0.044*** -0.047***

(0.010) (0.012) (0.013) (0.010) (0.012) (0.013)

Firm size dummies No Yes Yes Yes No Yes Yes Yes

Region dummies No Yes Yes Yes No Yes Yes Yes

Sector dummies No Yes Yes Yes No Yes Yes Yes

Year dummies Yes Yes Yes Yes Yes Yes Yes Yes

Worker fixed effects No No Yes Yes No No Yes Yes

R
2

0.006 0.009 0.007 0.008 0.006 0.009 0.007 0.008

N 384,000 384,000 384,000 329,250 384,000 384,000 384,000 329,250
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Finally, there is no evidence of a pure wage growth effect once controls for previous experience 

are included in the specification (coefficients for the local density level are not significant in 

Model 4). This result is in accordance to D’Costa and Overman (2014). 

Table 3.10 – Regression for the urban wage growth premium with previous experience and current 

workplace (dependent variable is the individual wage growth in one year), 2001 to 2008. 

 
* All models include a constant term. Wage growth is calculated as ln𝑤𝑡 − ln𝑤𝑡−1. Density is measured as the 

number of workers per km2. Standard errors are presented in parentheses. Significance levels:* p<0.10, ** p<0.05, 

*** p<0.01. 

Source: Author’s own calculations. 

OLS OLS FE FE

Model 1 Model 2 Model 3 Model 4

Density >= 5 & density < 20 -0.025*** -0.028*** 0.007 -0.044

(0.008) (0.008) (0.033) (0.050)

Density >= 20 -0.029*** -0.030*** -0.011 -0.059

(0.007) (0.007) (0.035) (0.057)

Experience in cities with density < 5 (in years)*Now in city with density < 5 -0.029 -0.039 0.001 0.004***

(0.038) (0.038) (0.001) (0.001)

Exp. in cities with density < 5 (in years)*Now in city with 5 <= density < 20 -0.026 -0.036 0.000 0.008

(0.038) (0.038) (0.003) (0.005)

Exp. in cities with density < 5 (in years)*Now in city with density >= 20 -0.025 -0.034 0.008** 0.014**

(0.038) (0.038) (0.004) (0.006)

Exp. in cities with 5 <= density < 20 (in years)*Now in city with density < 5 -0.022 -0.032 0.013*** 0.009

(0.038) (0.038) (0.004) (0.006)

Exp. in cities with 5 <= density < 20 (in years)*Now in city with 5 <= density < 20 -0.026 -0.036 0.004*** 0.006***

(0.038) (0.038) (0.001) (0.001)

Exp. in cities with 5 <= density < 20 (in years)*Now in city with density >= 20 -0.025 -0.036 0.006*** 0.009**

(0.038) (0.038) (0.002) (0.003)

Exp. in cities with density >= 20 (in years)*Now in city with density < 5 -0.027 -0.037 0.006 0.005

(0.038) (0.038) (0.004) (0.006)

Exp. in cities with density >= 20 (in years)*Now in city with 5 <= density < 20 -0.027 -0.037 0.002 0.003

(0.038) (0.038) (0.002) (0.004)

Exp. in cities with density >= 20 (in years)*Now in city with density >= 20 -0.026 -0.037 0.004*** 0.007***

(0.038) (0.038) (0.000) (0.000)

Education attainment (incomplete primary school omitted)

Comp. primary school - incompl. middle school 0.002 -0.006** -0.010***

(0.001) (0.003) (0.004)

Complete middle school - incomplete college 0.006*** -0.006* -0.010**

(0.001) (0.004) (0.004)

College degree or more 0.020*** 0.005 0.004

(0.002) (0.005) (0.006)

Age group No Yes Yes Yes

Firm size dummies No Yes Yes Yes

Region dummies No Yes Yes Yes

Sector dummies No Yes Yes Yes

Year dummies Yes Yes Yes Yes

Worker fixed effects No No Yes Yes

R
2

0.0063 0.0089

R
2
 within 0.0073 0.0082

R
2
 between 0.0055 0.0013

N 384,000 384,000 384,000 329,250
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In conclusion, individual wage level is expected to be more affected by previous work 

experience in less dense cities. However, future wage growth will be higher for individuals who 

migrate to higher density cities or for those who stay in cities of at least the same density group. 

This result indicates that apart from the sorting process, workers who move to bigger cities are 

expected to obtain higher salaries in the future.  

  

3.7 Conclusion 

This chapter has aimed to investigate static and dynamic advantages of working in 

agglomerated areas. The literature on agglomeration economies highlight the importance of the 

process of sorting of high-skilled workers into larger cities, which is usually captured by the 

inclusion of individual fixed effects. There are two main problems with this strategy (GROOT; 

DE GROOT; SMIT, 2014a): this sorting process becomes a black box (it is not actually 

explained or understood), and the variation to estimate agglomeration effects will come solely 

from migrants.  

Therefore, following the most recent literature, a migration model was estimated for Brazil with 

data from RAIS-MIGRA. The main conclusions from this analysis were that high-educated 

workers are more likely to migrate to work in another place, as well as individuals living in less 

dense cities. Furthermore, tenure at work and the time working in a certain REGIC area reduce 

the probability of outmigration. Therefore, the way incentives are distributed in space makes it 

more likely that regional inequalities will increase, as cities with a higher percentage of skilled 

workers will attract more of these high-qualified individuals. In addition, second migration 

seems to reinforce the effects of first-time migration. Workers are positively selected to migrate 

to a third place, but those who decide to return to the original REGIC area are less qualified, 

with lower salaries before the second migration in comparison to individuals who decide to 

stay).  

Finally, the analysis of the correlations of wages in the origin in 𝑡 − 1 with the migration 

decision in 𝑡 indicate that workers who have decided to migrate to a dense city in first-time 

migration (10 or more workers per squared kilometres) used to receive a higher wage in the 

origin. Even workers who have migrated to a less dense city (less than 10 workers per squared 

kilometres) received in average a higher wage than stayers did.  

These results provide a sign that workers self-select into more agglomerated areas, and this 

process happens both in first as well as second-time migration decisions. In addition to that, the 
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estimation of static agglomeration economies indicate that the inclusion of workers fixed effects 

capture most of the effect of local density over wages. Therefore, the sorting process explains 

a large share of the urban wage premium. 

The inclusion of previous work experience in different cities aims to capture dynamic 

agglomeration advantages. In this setting, static agglomeration advantages are no longer 

significant. The main conclusion is that when years of previous experience are combined with 

the current place of work, individuals working in less dense cities who had previous experience 

in denser areas will benefit the most from these gains.  

Moreover, the estimation of dynamic agglomeration advantages controlling for the possible 

worker heterogeneity in these gains indicates that previous experience has a relevant impact on 

wage growth only in cities with at least the same density level of the current place of work. 

Therefore, dynamic advantages are expected to be more relevant for migrants who move to 

denser cities. 

In conclusion, workers who move to bigger cities are expected to obtain higher salaries in the 

future. This effect is supposedly net of the sorting process, as individuals fixed effects are 

controlled for. Combining these results with the conclusions from migration models, large cities 

attract high-skilled workers and provide them the conditions to obtain higher wage growth over 

time. Consequently, urban agglomeration economies are likely to increase wage inequality 

between cities. This process reinforces the attraction of more qualified workers to large urban 

areas, which will increase local productivity in these places.  

Even though this movement towards spatial concentration of skilled workers could be expected 

to increase congestion costs in big cities, two other processes are supposed to happen at the 

same time. First, as noted in the main migration results, less skilled workers are more likely to 

return to their original REGIC areas, creating an outmigration flow. Furthermore, cities are 

reinventing themselves to bear with a higher demand for public services and land. Cities can 

become more productive, as it has already happened over time. Maybe new ways of organising 

work relations in space and provide public services with higher productivity could be possible 

solutions to face the increasing human flows to large cities.  

However, despite all these factors, raising life cost and congestion still seems to be an issue in 

large cities. Therefore, public policy should aim to make cities smarter, reorganizing incentives 

for the locational choice of firms and workers, and adopting new technologies to increase 

sustainability of the urban life in different dimensions.  
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4. A COMPREHENSIVE ANALYSIS OF THE WAGE CURVE IN BRAZIL: NON-

LINEARITIES, URBAN SIZE, AND THE SPATIAL DIMENSION 

 

4.1 Introduction 

The wage curve represents an empirical negative relation between wages and local 

unemployment rates at the regional level (BLANCHFLOWER; OSWALD, 1994). This result 

is expected, as wage flexibility plays a relevant role in adjusting local economies to adverse 

shocks. Moreover, causality is expected to flow from unemployment size to the level of wages 

(BLANCHFLOWER; OSWALD, 1995). Many empirical studies have corroborated the 

original formulation of the wage curve by finding negative and significant relationships in 

different environments.  

Within the context of a developing country, with an expressive informal sector and significant 

heterogeneity in terms of population density, the wage curve can be an expression of the degree 

of flexibility in the labour market, given the relative bargaining power of workers and firms and 

the different costs faced by firms in each sector. City size is one additional factor in this 

equation, by increasing the number of opportunities for a matching between firms and workers. 

The investigation of this subject provides an opportunity to further understand how urbanisation 

economies affect local labour markets, as different city sizes can imply that firms and workers 

may have more or less precautionary behaviour.  

The higher sectorial diversity usually found in bigger cities is one of the factors that contributes 

to these special conditions, by accommodating uncorrelated random sector-specific shocks and 

reducing uncertainty (GORDON; MCCANN, 2000). Furthermore, urban areas concentrate 

diverse and complementary economic activities under intense competition (GLAESER, 2011). 

In this setting, the interaction of economic agents provides different locational advantages, 

among which it is possible to highlight the higher probability of a successful matching in the 

labour market (MARSHALL, 1890). Therefore, not only is the local economic environment 

supposed to be more resilient to economic shocks, but there is also a broader range of 

opportunities for firms and workers to become adjusted to adverse economic situations. 

Moreover, in the context of developing countries, an additional element becomes relevant, 

namely the existence of an informal sector and its consequences in labour market outcomes 

(FIELDS, 2005). In this sense, exploring different aspects of the wage curve for a developing 

country such as Brazil would provide the opportunity to understand additional effects of 
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agglomeration economies in the labour market and their impacts on different labour market 

arrangements. 

This analysis contributes to the discussion developed in the previous chapters by providing a 

comparison of the formal and the informal sectors in Brazil, and how their interaction is affected 

by the intensity of agglomeration. Furthermore, different aspects of the wage curve in Brazil 

are investigated, with varying databases, regional aggregation, time periods, and data structure. 

Finally, an analytical framework based on different bargaining power levels for workers in the 

formal and the informal sector is proposed, with a direct implication of urban size over the 

relative power of workers and firms. 

This chapter is organised as follows: Section 4.2 presents a literature review on the wage curve, 

Section 4.3 explores the empirical literature of the wage curve in different countries and in 

Brazil in particular, and Section 4.4 discusses the literature on labour market segmentation and 

proposes a theoretical framework of analysis. Furthermore, the empirical strategy is presented 

in Section 4.5, Section 4.6 provides a description of the databases and the main results, and 

Section 4.7 presents the main conclusions of the chapter. 

 

4.2 The wage curve  

The wage curve represents an empirical relation between the level of wages and the 

unemployment rate in different regions. Considering unemployment on the x-axis and wages 

on the y-axis, this relation is characterised by a downward sloping curve (BLANCHFLOWER; 

OSWALD, 1995, 2005).  A similar concept but with relevant differences is the Phillips curve, 

which is concerned with the relationship between the level of unemployment and wage growth. 

Moreover, while the former has microeconomic foundations and can be discussed in a regional 

context, the latter is usually considered within a macroeconomic perspective. 

A theoretical challenge associated with the wage curve is its regularity between countries and 

periods, despite the significant institutional differences among them. The wage curve can be 

interpreted as a measure of the flexibility of the labour market (BLANCHFLOWER; 

OSWALD, 1995), and several mechanisms have been proposed to explain it, based on 

imperfect competitive structures: 

 Bargaining power: a higher unemployment rate can reduce the bargaining power of 

workers, as it may be harder for them to find another job in a depressed economic 

environment. On the other hand, a lower unemployment rate means that firms will have more 
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difficulty finding a replacement that matches their needs. In the first case, workers may lose 

their ability to demand a higher share of the surplus, while just the opposite occurs in the 

second case, resulting in higher wages; 

 Efficiency wage: firms pay a certain wage aiming to increase labour productivity and 

workers choose the effort expended at work. In this context, wages influence productivity, 

but when the unemployment rate is higher, shirking may have a greater penalty if it takes a 

long time to find a job; consequently, workers will put more effort in the job, even if the 

payment is low. Then, according to Card (1995), group-specific unemployment rates should 

be more relevant (for instance, for individuals with different skill levels). Moreover, high 

and low-amenity regions will be located in different parts of the wage curve; 

 Labour contracts: considering the maximisation of the joint welfare of employers and 

employees, unemployed workers contribute less to the surplus of this combination. 

Therefore, with a higher wage, it will be interesting to have more individuals employed 

(leading to a lower unemployment rate); 

 Turnover costs: labour markets are perceived as ‘thin’ by workers and the wage curve 

represents the degree of monopsonistic power of firms, which is generated either by turnover 

costs or horizontal job differentiation based on geographic location. Then, instead of the 

perfectly elastic supply curve of the competitive model, firms face an upward-sloping supply 

curve in the local labour market (MANNING, 2003). 

Some of these mechanisms have not necessarily become structured theoretical models, and 

most importantly, they have not been empirically validated (NIJKAMP; POOT, 2005). An 

exception to this pattern is the model by Campbell and Orszag (1998) based on the 

monopsonistic competition structure generated by turnover costs, further confirmed empirically 

by Morrison, Papps and Poot (2006). Alternatively, Sato (2000) provided a simple search and 

matching framework combined with local productivity differentials. Their main conclusion was 

that regions with higher productivity would have higher wages and lower unemployment rates 

in equilibrium. These regions also present a higher concentration of people, and consequently, 

significant congestion costs that ensure the persistence of spatial inequalities. 

The wage curve is observed by comparing local labour markets. In this respect, there are two 

possible ways to see the interaction of spatial units and urban size: on the one hand, 

neighbouring areas can increase accessibility to job offers; on the other hand, agglomeration 

size may increase local opportunities and influence the relationship of wages and the 

unemployment rate. Accessibility to jobs can affect the balance of the bargaining power of 
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workers and employers (LONGHI; NIJKAMP; POOT, 2006), generating a positive effect over 

the local wage level (wages offered in regions with higher accessibility to jobs should be 

higher). In addition, the unemployment elasticity to pay is expected to be negatively affected 

by a higher level of accessibility, meaning that more integrated regions are supposed to show a 

lower elasticity.  

Furthermore, as discussed in the previous chapters, agglomeration economies may increase 

local productivity, leading to higher wages and lower unemployment rates (Sato, 2000). 

Therefore, they may be essential to determine the location of different local labour markets in 

the wage curve. It is also possible that local labour markets are subject to common shocks, with 

spatially autocorrelated residuals, and spatial proximity can lead to a direct negative effect of 

unemployment in the neighbouring areas over local wages (LONGHI, NIJKAMP; POOT, 

2006). 

With these considerations in mind, space and agglomeration size are essential elements in the 

analysis of the wage curve. The effects of agglomeration are not restricted to the size of the 

labour market, but also to higher local productivity, which result from the different mechanisms 

discussed in the introductory chapter. These effects can be heterogeneous depending on the 

degree of formalisation of work relationships. Therefore, formal and informal workers may 

have their bargaining power affected by local market size and higher local productivity to a 

different extent. This issue will be further explored in the following sections. 

 

4.3 Empirical literature 

The wage curve has been investigated in the literature as a measure of the flexibility of the 

labour market in relation to economic downturns, with the unemployment rate synthetizing the 

business cycle. As mentioned before, many studies have found a significant and negative 

relationship between wages and the unemployment rate, which is usually explained by market 

imperfections in the labour market. However, in developing countries there is an additional 

dimension to be taken into account: the labour market is partially comprised by an informal 

sector, with more flexible work arrangements.  

The empirical literature has focused on the analysis of this relationship in a comparison between 

countries or regions, controlling for individual characteristics and other microeconomic aspects. 

Nijkamp and Poot (2005) provided a meta-analysis of the coefficients estimated in more than 

200 empirical studies, finding that there is a recurrent negative relationship between wages and 
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the local unemployment rate. Correcting for publication and aggregation bias, this elasticity is 

estimated to be around -0.07. 

The most recent advances in the empirical literature have involved a stronger effort to control 

for worker heterogeneity based on observed and unobserved characteristics. This was made 

possible by the recent spur of surveys with a longitudinal structure at the individual level, as in 

Baltagi, Blien and Wolf (2009, 2012) for Germany, and Turunen (1998) for the United States. 

The latter disaggregated the wage curve by year and worker characteristics, finding very 

different coefficients depending on the group analysed. In addition, there has been an effort in 

the literature to control for the possible endogeneity of the unemployment rate (instrumented 

by its time lag).  

The inclusion of agglomeration effects and an explicit spatial dimension has followed the most 

recent advances in spatial econometrics techniques (BALTAGI; BLIEN; WOLF, 2012; 

BALTAGI; ROKICKI, 2014b; ELHORST; BLIEN; WOLF, 2007; LONGHI; NIJKAMP; 

POOT, 2006). Most studies have found that unemployment in surrounding areas also affects 

the equilibrium in the local labour market, as workers are supposedly aware of job opportunities 

in these areas. In the absence of spatial spillovers, the local unemployment elasticity is likely 

to be overestimated (BALTAGI; ROCICKI, 2014b). Longhi, Nijkamp and Poot (2006) noted 

that the unemployment elasticity is lower in regions that interact more with other regions, 

meaning that more isolated areas have a less flexible labour market. Similar studies were 

conducted by Ramos, Nicodemo and Sanromá. (2015) for Spain, Fingleton and Palombi (2013) 

in the UK, Baltagi and Rokicki (2014b) for Poland, among others.  

As mentioned above, in the context of developing countries, usually a large share of the labour 

market is unregulated, based on informal relations and does not follow the legislation on the 

matter. This has important implications for the bargaining relationships in the labour market, 

as the informal sector represents an additional status apart from formal jobs and unemployment. 

Therefore, economic shocks may be absorbed in this intermediate sector, with wages varying 

significantly given a change in the local unemployment rate. In Colombia, Ramos, Duque and 

Surinach (2010) found that the elasticity of individual wages to the unemployment rate is much 

higher in the case of informal workers. Baltagi, Baskaya and Hulagu (2013), who estimated 

different wage curves for the formal and the informal sectors in Turkey, provided a similar 

result. When controlling for the potential endogeneity of unemployment (FE-2SLS with the 

lagged value of the unemployment rate as an instrument), they found a coefficient of -0.071 for 
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the formal sector and -0.263 for the informal sector (and -0.107 when both were considered 

together). Higher wage flexibility was also found for women, young individuals, with low 

tenure and low education. 

Labour market dualism and wage differentials between workers in the formal and informal 

sectors are very relevant for the degree of wage flexibility in these sectors. However, Menezes-

Filho, Mendes and Almeida (2004) showed that when individual observed and unobserved 

characteristics are taken into account, most of the differences between wages in the formal and 

the informal sectors in the Brazilian labour market disappear. Controlling for these 

determinants, the wage level in the informal sector is actually higher than the one in the formal 

sector (probably as a compensation for providing less benefits). Therefore, there is an indication 

of a self-selection process of more qualified workers in the formal sector, and any analysis 

trying to assess labour market outcomes under the perspective of sector dualism should control 

for it. 

Regarding the interaction of the formal and informal sectors, many empirical and theoretical 

studies have discussed the existence of market segmentation, which can be defined as the 

existence of a wage gap between jobs in these two sectors. In this sense, controlling for worker, 

sector and firm observed heterogeneity, a job in the formal sector is supposed to pay a higher 

salary. With PME data on a more recent period (2003-2008), Corseuil and Foguel (2012) 

estimated a model for the Brazilian labour market with a similar structure to a wage curve 

(controlling for individual fixed effects), but included an interaction of the unemployment rate 

with a dummy variable identifying whether the job is formal or informal. Their interpretation 

for this result was that the unemployment rate controls for the business cycle and its effect over 

individual wages varies according to the moment of the economy (expansion or retraction). In 

an expansion, they find that the formality rate goes up and the wage gap between formal and 

informal workers increases. Botelho and Ponczek (2011) interpreted this wage gap as a 

segmentation phenomenon, strongly associated with the strict regulation over certain aspects of 

labour contracts in Brazil. 

Focusing again on the wage curve, most studies in Brazil have focused on a comparison of the 

level of wage flexibility in the formal and the informal sectors, as well as between rural and 

urban areas. Barros and Mendonça (1997) applied this methodology to a pseudo-panel 

combining gender, age groups, educational levels, and metropolitan regions with data from the 

Monthly Employment Survey (PME-IBGE), from 1982 to 1994. Their conclusion was that the 

degree of wage flexibility in Brazil was considerably high during that period (a slope of -5), 
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similar to the one observed in industrialised economies, but varied significantly over time 

(affected by the economic instability). They also found that a lower wage flexibility for more 

qualified workers, a similar result found by Reis (2006) – who considered state-level data from 

1990 to 1999 from the National Household Survey (PNAD). For a similar period (1989-1993), 

with data from PNAD, but evaluating the wage curve on macroeconomic terms (the ratio 

between the growth of real wages and the growth of the unemployment rate), Amadeo and 

Camargo (1997) found a slope of -10. When adding informal employment variation to 

unemployment variation, this slope fell to -4.5.  

Wage determination in Brazil has changed significantly over the past few decades. According 

to Carneiro and Henley (1998), at the beginning of the 1980s, the State provided a centralised 

wage indexation, weakening labour unions. Between the mid-1980s and the beginning of the 

1990s, in spite of an increasing spur on the role of unions, extremely high inflation rates led the 

State to keep pursuing significant control over wage indexation. Finally, in the mid-1990s 

unions were able to bargain for higher real wages, developing a collective bargaining structure 

more similar to the one observed in Western Europe. These developments had important 

implications on the flexibility of wages to economic downturns over time. 

Still in the Brazilian context, Souza and Machado (2004) used PNAD data from 1981 to 1999, 

following a two-stage estimation strategy (individual data in the first stage and macroregion-

year data in the second). Their findings suggested that labour markets in urban areas (-0.23) are 

much more flexible than those in rural areas (-0.06). Silva and Monsueto (2012) considered a 

similar framework for the period 2002-2009, also with PNAD data. They found an elasticity of 

wages to unemployment of -0.0474, with an indication that low-education segments are more 

flexible. 

Santolin and Antigo (2009) provided an evaluation of a dynamic wage curve considering 

averages among wage groups, gender, race, and schooling years, in six metropolitan regions 

from 1997 to 2005 (with PNAD data). According to them, wage flexibility appeared to be 

higher for the whole group of workers (-0.15) than for only formal workers (-0.05). 

Furthermore, the coefficient of the lagged wage was close to zero, indicating that 

unemployment rates seem to be more related to the level of wages than to their change over 

time.  

A more recent piece of evidence on the wage curve relation in Brazil was presented by Baltagi 

Rokicki and Souza (2014a), analysing PNAD data from 2002 to 2009. Their estimations 
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controlled for individual observed heterogeneity and state-level fixed effects, instrumenting the 

unemployment rate by its lag. When the formal and the informal sectors were considered 

separately, only the latter presented significant results (-0.251, while the coefficient was -0.08 

when both sectors were considered together). The authors also compared workers in the formal 

and the informal sectors with similar probabilities of being formal (below the median), finding 

that the elasticity of unemployment reached -0.129 and -0.305 respectively. Furthermore, they 

also found that men were more responsive to the unemployment rate (-0.13), while in the case 

of women the coefficient was not significant (women were more risk-averse, looking for more 

stable jobs). 

Summing up the results found in the literature, there is an indication of the existence of a wage 

curve in Brazil, with different degrees of wage flexibility according to educational level, age, 

gender, size of the labour market and formalisation of the job. Furthermore, over time wage 

flexibility has decreased, accompanied by an increase in economic predictability and 

macroeconomic stability of the country, the formalisation of the labour market and an increase 

of the educational level of the labour force. However, there is room to explore further aspects 

of the wage curve, in special spatial dependence and agglomeration economies, the control of 

individual unobserved heterogeneity, and controlling for a possible selection bias of the 

participation in the labour market.  

 

4.4 Labour market dualism in Brazil and a theoretical framework 

There are sharp differences in the way individuals interact in the labour market of developing 

economies according to sector, location, firm size, educational level, among other 

characteristics. In this context, the literature on wage dualism has investigated whether similar 

workers in different sectors (formal and informal) receive different payments (SOARES, 2004). 

Labour market segmentation can be generated by different mechanisms, among which there 

are: i) firms’ heterogeneity (technology, market power, size, sector), and ii) institutional aspects 

(unions and/or labour legislation). The latter may lead to segmentation if it imposes effective 

restrictions on the labour market and if there is an inefficient structure of enforcement to follow 

these rules, applied only to a share of the agents (PERO, 1992; ULYSSEA, 2006).  

According to Estevão and Carvalho Filho (2012), the main characteristics of the formal sector 

in Brazil were originally established by the Labour Law Consolidation (Consolidação das Leis 

do Trabalho – CLT), a set of labour laws from 1943. Over the years, some changes have been 
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made to this legislation, especially with the new Constitution, in 1988. A job according to these 

regulations is characterised in the following way: every worker has a booklet (work card) 

recording his or her work history; workers and firms must contribute to the social security 

system and respect certain working conditions related to minimum wages, maximum hours of 

work and payment for overtime work, pre-paid vacations, pre-paid maternity leave, pre-

notification of firing, costs to unjustified demission. Public servants and military are not usually 

hired under the CLT, but their working relations are based on a contract signed with the 

government that guarantees similar rights, with more stability.  

On the opposite side, informal jobs do not have the benefits and guarantees mentioned above, 

and can be defined as legal but unregulated activities (ULYSSEA, 2010). Their existence is 

explained by the significant cost of hiring a formal worker (mostly related to social security 

contributions) and for the relevant costs of formalising an enterprise. There are different types 

of informal jobs: high-skilled and low-skilled self-employment (for example, consultants in the 

first case, and street hawkers in the second case), and individuals hired under informal relations 

by regulated or unregulated firms. When there is no information on contracts, social security 

status can be an indicator of informality (HENLEY; REZA ARABSHEIBANI; CARNEIRO, 

2009). Another possible characterisation is that it is more difficult to achieve a matching 

between firms and workers in the informal sector due to the lack of a clear channel to exchange 

information between economic agents and due to high search costs (EL BADAOUI; STROBL; 

WALSH, 2010). 

Agénor (2007) identified three main segments that characterise labour markets in developing 

countries: rural sector (self-employed individuals and unpaid family workers), informal urban 

sector (low-skilled self-employed persons and small enterprises, mainly providers of services 

and other non-tradable goods, with limited access to credit), and formal urban sector (medium 

and large enterprises producing tradable and non-tradable goods, employing workers with 

different skills). The informal sector can involve paid labour without a formal contract, subject 

to high job insecurity, underemployment and low productivity, a few benefits, and high 

flexibility. On the other hand, employers in the formal sector must provide a number of benefits, 

and wages can be highly affected by the minimum wage legislation, unions and productivity 

considerations. 
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The author continued describing the main institutions and regulations in the labour market of 

developing countries, which are usually relevant in the differentiation between the formal and 

the informal sectors. Among these, it is possible to highlight (AGÉNOR, 2007): 

 Minimum wage laws: their effects on the labour market will depend on the degree of 

law enforcement and the frequency of adjustment (encompassing real gains or losses in 

an inflationary context). Minimum wages may represent a lower bound for wages in the 

formal sector, mostly affecting payments of unskilled workers.  

 Hiring and firing regulations: this sort of legislation aims to protect workers hired in the 

formal sector, including restrictions for firms to fire workers without a ‘proper reason’, 

the requirement of a notification period before dismissal, large severance arrangements, 

and complicated administrative procedures that increase the cost of layoffs and plant 

closures. 

 Nonwage costs and unemployment benefits: the former includes social security 

contributions and nonwage benefits (housing, health care, pensions, subsidised 

transportation, subsidised meals, and family allowances), whose cost is partially shared 

by firms with workers through lower wages. The cost of unemployment benefits is also 

shared, and may lead to an increase in the level and the duration of unemployment, apart 

from discouraging human capital accumulation. 

 Indexation practices: may induce a high degree of real wage rigidity, combined with a 

reduction of the effect of monetary shocks over output and employment. They may also 

distort the expected effect of policy-induced changes in relative prices. Finally, indexed 

wages can lead to inflation persistence. Wage rigidity in one sector may coexist with 

full wage flexibility in another sector – leading to market segmentation. 

 Bargaining structures and trade unions: wage bargaining arrangements can be related to 

centralised collective bargaining, with significant government intervention, possibly 

resulting in wage segmentation. Trade unions are usually tied with political parties and 

the state to obtain legislative protection and redistributive policies. If the collective 

bargaining process is less concentrated, the local labour market will be more flexible.   

Therefore, firms aiming to hire a worker respecting labour regulation face a higher cost, in 

terms of contributions as well as the cost of dismissal. Their adjustment capacity is reduced 

under adverse economic situations, implying that wage sensitivity to a higher unemployment 

rate will be lower. Being in the informal sector has the advantages of lowering hiring costs. 

However, there are some drawbacks related to the risk of being caught, especially for firms that 
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are not respecting labour legislation and self-employed individuals who are not paying the 

appropriate taxes. Informal labour relations may also lead to difficulties in obtaining credit and 

participating in certain governmental programmes. Large firms are more likely to get caught 

for not paying taxes, which implies that the formal sector will usually be associated with large 

firms (EL BADAOUI; STROBL; WALSH, 2010).  

In relation to the empirical literature investigating labour market dualism, earlier findings did 

not include all relevant observed and unobserved heterogeneity and possible selection biases in 

an appropriate manner (SOARES, 2004). Controlling for worker heterogeneity and firm size 

seems to tackle most of the formal sector net wage premium in relation to the informal sector 

(EL BADAOUI; STROBL; WALSH, 2010; MENEZES-FILHO; MENDES; ALMEIDA, 

2004). Therefore, whenever possible it is important to deploy methods involving selection 

models, longitudinal databases and instrumental variables, in addition to other techniques that 

may enhance the control for endogeneity issues and confounding factors. 

The characteristics of the Brazilian labour market are typical of a developing country, with 

significant unemployment and wage dualism (FIELDS, 2005). These two features are essential 

when modelling the economic relations in the labour market. There is also a certain degree of 

heterogeneity between jobs in the informal sector, with a special distinction for jobs based on 

self-employment and wage employment (FIELDS, 1990, 2005). Furthermore, self-employed 

workers can be divided between low and high-skilled, and it can be hard to distinguish them in 

the labour market, as both usually provide services in various activity sectors. Depending on 

the self-employment category, it may even be preferred to a formal job. As a conclusion, the 

focus here will be on salaried workers31, and the main difference between formal and informal 

workers will rely on the existence or not of a contract between workers and firms. While the 

self-employment category is not considered here, this is not a relevant drawback of this study, 

as the informal sector can be viewed also as an unregulated microentrepreneurial sector 

associated with voluntary self-employment (MALONEY, 2004). 

The fact that labour markets in developing economies are supposedly segmented, with 

particular characteristics, imply that their relationships of employment and unemployment are 

not necessarily the same as the ones observed in advanced economies (AGÉNOR, 2007). 

                                                           
31 Another specificity of self-employed individuals is that they possibly have a stronger entrepreneurial spirit, 

something which could differentiate them from wage employees. 
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Hence, the wage curve relationship may not be similar to what has been found in previous 

studies for developed economies. 

The model discussed in the following section aims to represent the relationships in local labour 

markets that generate the wage curve under potential labour market dualism. It allows for 

distinct flexibility degrees observed in different sectors in a dual economy of a developing 

country. This is achieved by combining turnover costs in an efficiency wage model and a 

varying bargaining degree. These two mechanisms have an impact in the observed relationship 

between wages, productivity and unemployment (BOOTH, 2014). 

 

4.4.1 Theoretical framework: institutional costs, bargaining power and efficiency wages 

The previous subsection showed that firms in the formal sector may be subject to “labour codes” 

that regulate hiring and firing, and impose higher costs to them in terms of higher taxes and 

benefits that must be payed to workers (FIELDS, 2005). Under these conditions, wages may 

not adjust completely to the business cycle. The main characteristics of dual labour markets 

indicate that bargaining power can vary significantly between these sectors. This may be 

generated by a higher presence of unions in the formal sector, as well as higher turnover costs 

that can be found in this sector. There is also the risk of a shortage of high-skilled workers 

necessary for specific tasks in the formal jobs sector, which decrease the propensity of dismissal 

by firms in this sector. Therefore, one possible way of modelling these differences is to consider 

that workers in the informal sector have less bargaining power than workers in the formal sector 

(BLIEN et al., 2013, consider differences in the bargaining power as the key to explain the 

wage curve observed for different regimes of collective bargaining). 

The model developed by Barth et al. (2002) is adapted here to the context of a developing 

country with a formal and an informal sector. This model combines two mechanisms that 

generate the relationship of the wage curve: efficiency wage and wage bargaining. The 

efficiency wage model encompass endogenous turnover costs (CAMPBELL; ORSZAG, 1998), 

depicted in Equation 4.1, which are dependent on the probability that the worker quits 

(negatively related to the unemployment rate). Therefore, under higher unemployment rates, 

turnover costs are supposed to be lower. Replacement costs per worker (𝐶) are given by the 

multiplication of hiring costs (𝐻) and the probability that the worker quits (𝑞): 

𝐶𝑟 = 𝐻𝑟𝑞𝑟 (4.1) 
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Extending the model proposed by Barth et al. (2002) from a single point economy to a spatial 

setting, migration is possible and quitting is affected by wages in other local labour markets 

(MORRISON; PAPPS; POOT, 2006). The elasticity of quits to the expected relative pay is – 휂 

in the local labour market and −𝜇 in neighbouring areas. Wages and the unemployment rate of 

other local labour markets can be approximated by the economy-wide values, and they are 

weighted by an average migration cost between region 𝑟 and other regions 𝑟′, 𝛾(𝑐𝑟′𝑟)), where 

𝛾′ < 0 and 𝛾′′ > 0. 

𝑞𝑟 = (
𝑤𝑟

(1 − 𝑢𝑟)�̅�𝑟
)
−𝜂

(
𝑤𝑟

𝛾(𝑐𝑟′𝑟)(1 − 𝑢𝑟′)�̅�𝑟′
)
−𝜇

 (4.2) 

Firm’s profits are given by 𝜋𝑟 = 𝑅𝑟(𝐿𝑟) − 𝐶𝑟𝐿𝑟 −𝑤𝑟𝐿𝑟. In this equation, 𝑅𝑟(𝐿𝑟) is the revenue 

received by firms, 𝐶𝑟 is the replacement cost defined in Equation 4.1. Workers can go on a 

strike in a bargaining process. In this case, firms receive 0 payoff, while workers may receive 

a fraction 𝜑 ∈ [0,1] of the expected local alternative wage or a fraction of the alternative wage 

in neighbouring areas (휃 ∈ [0,1]), with 휃 + 𝜑 < 1. Then, the equilibrium is achieved through 

a Nash bargaining framework, which involves the optimisation of the weighted combination of 

gains of workers and firms: 

max𝑁 = max(𝑤𝑟 − 𝜑(1 − 𝑢𝑟)�̅�𝑟 − 휃𝛾(𝑐𝑟′𝑟)(1 − 𝑢𝑟′)�̅�𝑟′)
𝛽𝑟 𝜋𝑟

1−𝛽𝑟 (4.3) 

In this setting, 𝛽 is the bargaining power of workers. In equilibrium, 𝑤𝑟 = �̅�𝑟 = �̅�𝑟′, and all 

firms are assumed to be identical. Then, following Manning (2011), the equilibrium wage will 

be given by: 

𝑤𝑟 = 𝑏𝑟 (
𝑅𝑟
𝐿𝑟

− 𝐶𝑟) + (1 − 𝑏𝑟)(휂 + 𝜇)𝐶𝑟 (4.4) 

Where: 

0 ≤ 𝑏𝑟 =
𝛽𝑟

1 − (1 − 𝛽𝑟)(𝜑(1 − 𝑢𝑟) + 휃𝛾(𝑐𝑟′𝑟)(1 − 𝑢𝑟′))
 (4.5) 

When 𝛽 = 0, the model becomes solely based on the efficiency wage mechanism, with 𝑤𝑟
∗ =

(휂 + 𝜇)𝐶𝑟, and in this case the elasticity of wages to the unemployment rate is given by: 

𝜆𝑟
∗ =

𝜕𝑤𝑟
∗

𝜕𝑢𝑟

𝑢𝑟
𝑤𝑟

∗
= −휂

𝑢𝑟
1 − 𝑢𝑟

< 0 (4.6) 

On the other hand, if 휂 = 𝜇 = 0 and turnover costs are taken as exogenous, 𝑤𝑟
𝐵 =

𝑏𝑟 (
𝑅𝑟

𝐿𝑟
− 𝐻𝑟), the elasticity of wage to unemployment will be: 
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𝜆𝑟
𝐵 =

𝜕𝑤𝑟
𝐵

𝜕𝑢𝑟

𝑢𝑟
𝑤𝑟

= −
(1 − 𝛽𝑟)𝜑𝑢𝑟

1 − (1 − 𝛽𝑟)𝜑(1 − 𝑢𝑟)
≤ 0 (4.7) 

However, the combination of efficiency wage and wage bargaining mechanisms generate a rent 

effect of the unemployment rate on bargained wages, whose elasticity is given by: 

𝜆𝑟
𝑅 =

𝜕 (
𝑅𝑟
𝐿𝑟

− 𝐶𝑟)

𝜕𝑢𝑟

𝑢𝑟

(
𝑅𝑟
𝐿𝑟

− 𝐶𝑟)
= 휂

𝑢𝑟
1 − 𝑢𝑟

(
𝐶𝑟

𝑅𝑟
𝐿𝑟

− 𝐶𝑟

) > 0 (4.8) 

Then, the total elasticity of wages in relation to unemployment will be: 

𝜆𝑟 =
𝑤𝑟

∗

𝑤𝑟
𝜆𝑟

∗ + (1 −
𝑤𝑟

∗

𝑤𝑟
) 𝜆𝑟

𝐵 +
𝑏𝑟(1 + 휂) (

𝑅𝑟
𝐿𝑟

− 𝐶𝑟)

𝑤𝑟
𝜆𝑟

𝑅
 

(4.9) 

where 
𝑤𝑟

∗

𝑤𝑟
≤ 1. Taking the derivative of Equation 4.9 with respect to 𝛽𝑟 generates the following 

relationship: 

𝜕𝜆𝑟
𝜕𝛽𝑟

= −(𝜆𝑟
𝐵 − 𝜆𝑟

∗)
𝜕 (

𝑤𝑟
∗

𝑤𝑟
)

𝜕𝛽𝑟
+ (1 −

𝑤𝑟
∗

𝑤𝑟
)
𝜕𝜆𝑟

𝐵

𝜕𝛽𝑟
+ (1 + 휂) (

𝑅𝑟
𝐿𝑟

− 𝐶𝑟) 𝜆𝑟
𝑅
𝜕
𝑏
𝑤𝑟

𝜕𝛽𝑟
 

                                           ( - )                        ( + )                                   ( + )  ( + ) 

(4.10) 

According to Barth et al. (2002), this result can be interpreted in the following way. Under a 

pure efficiency wage setting, the introduction of a bargaining mechanism may lead to a higher 

sensitivity in relation to unemployment, if the efficiency wage effect is small and 𝜑 is high. 

However, as 𝛽𝑟 increases, the alternative wage effect embedded in the turnover costs term 

diminishes, and the rent-sharing goes up, leading 𝜆𝑟, which is negative, to values closer to zero. 

Then, if two different groups of workers with distinct levels of bargaining power are compared, 

those with a higher level of 𝛽𝑟 will face less wage flexibility in the labour market in comparison 

with the other group.  

In addition, the unemployment rate in neighbouring areas is inversely related to turnover costs 

(a higher unemployment rate in neighbouring areas reduces the expected wage associated with 

a migration decision of the worker, decreasing turnover costs). This term is included in the rent 

effect, and a higher 𝑢𝑟′ will decrease wage flexibility to the local unemployment rate. On the 

other hand, the larger the commuting distance to other regions, the lower the turnover costs, 

indicating that the unemployment elasticity of pay will be greater in regions that are more 

isolated (LONGHI; NIJKAMP; POOT, 2006). 
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Agglomeration economies are also relevant in the context of the wage curve, as they are related 

to higher productivity and higher wages, accompanied by lower unemployment rates (SATO, 

2000). This is an additional mechanism to generate the wage curve. Therefore, regions with 

higher urban concentration are expected to be in the left-upper side of the wage curve, while 

less-agglomerated areas are on the lower-right side. On the other hand, the efficiency wage 

model presupposes that regional amenities generate spatial differences in the equilibrium of 

wages and unemployment (CARD, 1995; ELHORST; BLIEN; WOLF, 2007). Then, high-

amenity regions are supposed to present lower wages and higher unemployment rates, while 

low-amenity regions will be in the opposite location of the wage curve (high wages, low 

unemployment). This issue requires further investigation, but the agglomeration degree is an 

essential element to generate the wage curve. 

In summary, the model developed here indicates that if the main differences between the formal 

and the informal sectors can be summarised by distinct degrees of bargaining power, where the 

former is supposed to present a lower wage flexibility to the business cycle than the latter. 

Accessibility to jobs can also affect the local wage, meaning that local density and the proximity 

to job opportunities in neighbouring areas may affect the observed wage curve. The next 

sections will investigate how these elements interact in the Brazilian labour market. 

 

4.5 Empirical strategy 

The model discussed in the previous section indicates that there is a negative relationship 

between wages and the local level of the unemployment rate. A reduced form of this model can 

be represented by: 

𝑤𝑟,𝑡 = 𝛾1𝑢𝑟,𝑡 +∑𝑋𝑟,𝑡,𝑘𝛽𝑘
𝑘

+ 휃𝑟 + 𝛿𝑡 + 𝜖𝑟,𝑡 

𝑟 = {1,… , 𝑅}, 𝑡 = {1,… , 𝑇} 

(4.11) 

However, as discussed in Section 4.3, the empirical literature has started to control for 

individual heterogeneity in order to obtain a coefficient that actually captures this relationship. 

Therefore, individual wages at the individual level are related to the unemployment rate at the 

local level, controlling for observed and unobserved characteristics at both levels whenever 

possible.  
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𝑤𝑖,𝑟,𝑡 = 𝛾1𝑢𝑟,𝑡 +∑𝑋𝑖,𝑟,𝑡,𝑘𝛽𝑘
𝑘

+ 휃𝑟 + 𝛿𝑡 + 휀𝑖,𝑟,𝑡 

𝑖 = {1,… ,𝑁}, 𝑟 = {1,… , 𝑅}, 𝑡 = {1,… , 𝑇} 

(4.12) 

In this initial formulation, 𝑤𝑖,𝑟,𝑡 is the logarithm of the individual hourly wage and 𝑢𝑟,𝑡 is the 

logarithm of the unemployment rate in region 𝑟. Moreover, 휃𝑟 is the region effect, 𝛿𝑡 is a time 

effect and 𝑋𝑖,𝑟,𝑡 is a set of observed characteristics of individual 𝑖 (age, age2, education, sector, 

occupation, etc.). Whenever there is longitudinal data available at the individual level, an 

additional term 𝛼𝑖 representing the individual fixed effect can be included to control for 

unobserved individual characteristics fixed in time. The parameter of interest in the equation 

above will be 𝛾1, representing the elasticity of wages against the level of the unemployment 

rate. 

According to the main elements of the theoretical framework discussed before, these models 

will be estimated for different population groups. Namely, whenever possible, the estimation 

of the wage curve will be conducted for the formal and informal sectors separately and for 

different degrees of urban agglomeration. Furthermore, following the argument of Meghir and 

Whitehouse (1996), the analysis is restricted only to men, as they will most likely stay in the 

labour market even when facing adverse conditions (low wages, high unemployment, 

inadequate work conditions). 

 

4.5.1 Extensions 

A few other issues must be investigated in detail to assess the consistency and robustness of the 

main results. The next subsections will briefly discuss these problems and the strategies 

developed to avoid them. 

 

4.5.1.1 Multi-level analysis 

The wage curve with controls for individual heterogeneity is characterised by variables in 

different aggregation levels. If this multilevel nature of the data is not taken into account, there 

may be a miscalculation of the significance of the effect of aggregated variables over micro-

units. Considering the discussion developed by Moulton (1990), individuals in the same labour 

market may share some components of the variance that are not entirely explained by their 

observed characteristics, unobserved heterogeneity (constant in time) or by more aggregated 
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variables, such as the unemployment rate (at the area level). In this case, the error term in the 

equation associated with individual wages, 𝑋𝑖𝑟𝑡 and 𝑢𝑟𝑡 will be positively correlated across 

individuals in the same local market and as a consequence the standard error of the 

unemployment effect will be downwardly biased, generating higher t-statistics (CARD, 1995). 

A solution proposed in some studies involves calculating averaged values of all individual-level 

variables at the area level. Then, the wage curve would be estimated directly at this aggregated 

level (BALTAGI; BLIEN; WOLF, 2000; BLANCHFLOWER; OSWALD, 1994; SANTOLIN; 

ANTIGO, 2009). Another possibility is to estimate the wage curve in two stages (BELL; 

NICKELL; QUINTINI, 2002). In the first stage, the logarithms of individual hourly wages are 

regressed against individual characteristics and a region-year dummy, which will synthetize the 

regional characteristics that explain wage differences over time. This first stage can be 

estimated either with repeated cross-sections or with a panel of individuals (with the control of 

the unobserved individual heterogeneity constant in time), depending on data availability.   

𝑤𝑖,𝑟,𝑡 = 𝜆𝑟,𝑡 + 𝛿𝑡 +∑𝑋𝑖,𝑟,𝑡,𝑘𝛽𝑘
𝑘

+ 휂𝑖,𝑟,𝑡 (4.13) 

Then, the estimated region-year dummy �̂�𝑟,𝑡 is used in the second stage as a dependent variable, 

which will be explained by regional characteristics, including the unemployment rate. 

�̂�𝑟,𝑡 = 𝜇𝑟 + 𝛿𝑡 + 𝛾2𝑢𝑟,𝑡 + 𝜈𝑟,𝑡 (4.14) 

In this case, the parameter of interest in the estimation will be 𝛾2, while 𝜇𝑟 and 𝛿𝑡 represent 

region fixed effects and time dummies.  

 

4.5.1.2 Endogeneity of the unemployment rate 

One of the main concerns of the empirical literature examining the wage curve regards the 

potential endogeneity of the unemployment rate due to simultaneity. The most common strategy 

is to consider time lags of this variable as instruments, with the underlying hypothesis that 

wages in the present do not affect the unemployment rate in the past nor do they share a common 

causing factor. 
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4.5.1.3 Selection bias 

Most labour market analyses may be subject to the problem of selection bias, especially when 

the idea is to obtain estimates that are representative for the whole population and not only for 

a specific group with available information. In the case of the wage curve, the equation is 

supposed to represent the whole population of a working age, while data is observed only for 

employed individuals (a case of incidental truncation – WOOLDRIDGE, 2002, p. 560). 

Within this context, the sample of employed individuals for whom wages are observed may not 

be randomly selected from the whole population. Card (1995) pointed out that Blanchflower 

and Oswald (1994) failed to discuss any potential effect of selection bias in the case of the wage 

curve, but composition bias can affect the elasticity of wages with respect to local 

unemployment rates. The selection model developed by Heckman (1979) aims to deal with this 

issue.  

It is possible to revise Equation 4.12, rewriting it in a simplified version: 

𝑤 = 𝛾1𝑢 + 𝑋𝛽 + 휀 (4.15) 

But the wage is observed only if the person works (𝐿 = 1). The estimation of the parameters of 

interest must take into account this additional information in order to correct the limiting 

distribution of the estimator. The probability of being an employee is given by: 

𝐿 = 1[𝑍𝛿 + 𝜉 > 0] (4.16) 

in which 𝐿 represents the condition of being an employee, while 𝑍 is a vector of variables 

associated with this probability. The main assumptions underlying this method are the 

following: (i) 𝐿 and 𝑍 are always observed for all individuals; (ii) (휀, 𝜉) is independent of 𝑍 

with 0 mean; (iii) 𝜉~𝑁(0,1); (iv) 𝐸(휀|𝜉) = 휃𝜉 (linear relationship between the error terms). 

Then, the estimating equation can be derived by considering that the element to be estimated is 

actually 𝐸(𝑤|𝑢, 𝑋, 𝐿 = 1). Combining the assumptions above with this statement generates the 

final model: 

𝐸(𝑤|𝑢, 𝑋, 𝐿 = 1) = 𝛾1𝑢 + 𝑋𝛽 + 휁𝜆(𝑍𝛿) (4.17) 

where 𝜆(∙) ≡
𝜙(∙)

Φ(∙)⁄  is the inverse Mills ratio, which represents 𝐸(𝐿 = 1|𝑍) =

𝐸(𝜉|𝜉 > −𝑍𝛿) = 𝜆(𝑍𝛿). A consistent estimator of 𝛿 is obtained with a first-stage probit 

estimation of the selection equation for the whole population. After that, it is possible to 
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consistently estimate 𝛾1 and 𝛽 by regressing 𝑤 against 𝑢, 𝑋 and 𝜆(𝑍𝛿) using the selected 

sample. 

 

4.5.1.4 Spatial dependence and neighbouring effects 

The model presented in Section 4.4 highlighted the possibility that the unemployment rate in 

neighbouring areas could affect wages directly (with a negative relationship) or indirectly, by 

increasing local wage flexibility. The subject of spatial effects in the wage curve has been 

significantly explored in the literature, sometimes including the spatial lag of the unemployment 

rate (LONGHI; NIJKAMP; POOT, 2006) or spatial autocorrelation in the error and in the 

dependent variable (BALTAGI; BLIEN; WOLF, 2012; FINGLETON; PALOMBI, 2013; 

RAMOS; NICODEMO; SANROMÁ, 2015; ELHORST; BLIEN; WOLF, 2007; BUETTNER, 

1999).  

This issue can be investigated in the following way. Departing from Equation 4.14, which is 

already at the region level, the error term can present spatial autocorrelation, which is tested 

using LM test statistics discussed by Elhorst (2014). Then, according to these tests results, two 

main options are available to account for spatial dependence. The spatial lag model can be 

specified as: 

�̂�𝑟,𝑡 = 𝜇𝑟 + 𝛿𝑡 + 𝜌𝑊�̂�𝑟,𝑡 + 𝛾2𝑢𝑟,𝑡 + 𝜈𝑟,𝑡 (4.18) 

While the spatial error model is written as: 

�̂�𝑟,𝑡 = 𝜇𝑟 + 𝛿𝑡 + 𝛾2𝑢𝑟,𝑡 + 𝜖𝑟,𝑡 (4.19) 

𝜖𝑟,𝑡 = 𝜑𝑊𝜖𝑟,𝑡 + 𝜈𝑟,𝑡 (4.20) 

where 𝑊 is the spatial weights matrix based on inverse distances and common local labour 

market areas (see subsection 6.3.1 for further details), constant in time. The error terms 𝜈𝑟,𝑡 are 

supposed to be independently and identically distributed for all 𝑟, with zero mean and variance 

𝜎2. The estimation of these different models follow Elhorst (2014), based on MATLAB 

routines available online32. 

 

 

                                                           
32 Available at http://www.regroningen.nl/elhorst/software.shtml and accessed on September 10, 2015. 

http://www.regroningen.nl/elhorst/software.shtml
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4.5.1.5 Dynamic wage curve 

Another possible extension to the basic wage curve model consists of including time-lagged 

wages in the original regression, obtaining a dynamic wage curve (BALTAGI; BLIEN; WOLF, 

2009, 2012). The Phillips curve can be an alternative explanation to the relationship between 

wages and the unemployment rate (BLANCHARD; KATZ, 1997). In the literature, the 

estimation of a dynamic wage setting equation aims to test which relationship is more prone to 

be happening in a certain country. For instance, considering data aggregated at the regional 

level over time, the wage curve to be estimated can be the following (BELL; NICKELL; 

QUINTINI, 2002): 

𝑤𝑟,𝑡 = 𝑎𝑟 + (1 − 𝜆)𝑤𝑟,𝑡−1 + 𝛽𝑢𝑟,𝑡 + 𝑑𝑡 + 휀𝑟,𝑡 (4.21) 

In this case, there are three possible outcomes: 

 If (1 − 𝜆) = 0, then 𝜆 = 1, and the wage curve explanation dominates; 

 If (1 − 𝜆) = 1, 𝜆 = 0, and the Phillips curve seems to be more adequate; 

 If 0 < 𝜆 < 1, there is a dynamic wage curve, in which the impact of past regional 

changes is prolonged over more than one time period, and the long run elasticity of 

unemployment can be represented by 
𝛽
𝜆
⁄ . 

 

4.6 Empirical analysis 

The empirical analysis of the wage curve in Brazil is still limited by data availability. 

Differently from other case studies mentioned in Section 4.3, in Brazil there is still no 

longitudinal database with national coverage applied over a long period comparing the formal 

and the informal sectors. The main databases associated with labour market outcomes are 

provided by the Brazilian Institute of Geography and Statistics (Instituto Brasileiro de 

Geografia e Estatística – IBGE) with publicly available microdata: 

 Monthly Employment Survey (Pesquisa Mensal de Emprego – PME) – with a moving 

panel of individuals (who are interviewed over sixteen months), for the period of March 

2002 to June 2015, covering only six metropolitan regions (Recife, Salvador, Belo 

Horizonte, Rio de Janeiro, São Paulo, and Porto Alegre); 

 National Household Sample Survey (Pesquisa Nacional por Amostra de Domicílios –

PNAD), with repeated cross-sections for the period 1995-2013, with national coverage 

and state-level regional disaggregation; 
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 Demographic Census, a decennial survey consisting of repeated cross sections, for the 

whole country, allowing for municipal disaggregation.  

This basic description shows that each of these databases covers a particular aspect of the labour 

market. Therefore, the next subsections will develop separate analyses of the wage curve with 

each of them, namely:  

 Subsection 4.6.1  presents the results of the wage curve in a more aggregated 

perspective, with the PME database, in which individual heterogeneity is controlled for 

with the introduction of individual fixed effects and it is also possible to understand the 

relationship between wage flexibility and the business cycle; furthermore, results 

regarding the dynamic wage curve are provided; 

 In Subsection 4.6.2, conclusions are drawn from the PNAD database, covering the 

whole country for a long period, controlling for state-level unobserved heterogeneity. It 

also provides a comparison between wage flexibility for different degrees of 

urbanisation (rural, urban, and metropolitan areas); 

 Finally, Subsection 4.6.3 explores Census data, including Minimum Comparable Areas 

(MCAs) controls33, neighbourhood effects and the effect of different urban scales over 

wage flexibility. 

All these elements, even if investigated separately, provide a deep understanding of the wage 

curve in Brazil, with an important contribution to the literature given by the application of 

different methods to one specific case study. Table A.10 in the Appendix provides a detailed 

description of all the variables considered, including methods of calculation and data sources.  

 

4.6.1 The wage curve in a more aggregated context: a comparison between the formal 

and the informal sectors 

The first set of results presented here aim to measure wage flexibility in a more aggregated 

context, with monthly data, controlling for individual heterogeneity constant over time. Due to 

data availability, the wage curve is measured only for six metropolitan regions, which account 

for almost 25% of the population of the country. The next subsection will discuss the main 

characteristics of this database, while subsection 4.6.1.2 presents descriptive statistics. Then, 

subsection 4.6.1.3 discusses the main results and conclusions of this group of models. 

                                                           
33 See Subsection 4.3 for a longer explanation. 
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4.6.1.1 Description of the database – Monthly Employment Survey 

The Monthly Employment Survey (Pesquisa Mensal de Emprego – PME) is conducted by the 

Brazilian Institute of Geography and Statistics (Instituto Brasileiro de Geografia e Estatística – 

IBGE) providing monthly indicators about demographic, social and economic characteristics 

of the labour market in six metropolitan regions (Recife, Salvador, Belo Horizonte, Rio de 

Janeiro, São Paulo, and Porto Alegre). The survey underwent a deep methodology review in 

2001, adopting the international patterns recommended by the International Labour 

Organization (ILO). This restriction implies that the period covered here will range from March 

2002 to June 2015. However, all regressions will consider information from March 2003 on, in 

order to allow one-year lag of the unemployment rate to be considered as an instrumental 

variable. 

The surveyed information is restricted to data on the labour market, and it can be analysed with 

its cross-section dimension or with a moving panel structure (this is the only IBGE survey in 

longitudinal format). Households are visited for two periods of four consecutive months, eight 

months apart from each other. Ribas and Soares (2010) provided a methodology and a Stata 

routine to reduce attrition in the PME panel, identifying individuals within the household and 

excluding those who have moved or who present inconsistent information over time34. 

A few steps were conducted to obtain the final database. Only male individuals aged 15 to 59 

years old, working as employees in the formal or the informal sector were kept (excluding 

unemployed and out-of-the economically active population individuals, self-employed 

individuals, public sector employees, military, employers, and workers in the production for 

self-consumption). Formality status was defined by the existence or not of a contract under the 

CLT regulation (see Section 4.3). Furthermore, individuals employed in the public 

administration sector were also excluded, as well as those with wages equal to zero or with 

missing information, or with less than 20 or more than 60 working hours per week. Only 

individuals observed in the second and in the sixth interviews (twelve months apart from each 

other) were selected to be in the database.  

The final database comprised 193,934 observations (96,967 surveyed individuals, observed in 

two moments in time, representing more than 49 million individuals over the period of more 

                                                           
34 The Data Zoom website (http://www.econ.puc-rio.br/datazoom/english/) provides packages including these 

algorithms to assess the longitudinal nature of the survey. We are thankful to Data Zoom, developed by the 

Department of Economics at PUC-Rio, for providing the codes for accessing IBGE microdata. 

http://www.econ.puc-rio.br/datazoom/english/
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than 12 years when the sampling scheme was taken into account). The distribution of these 

observations over the years and months is presented in Table A.11 in the Appendix. 

The aggregate unemployment rate was calculated for each metropolitan region for each month. 

In addition, wages were deflated by local inflation indexes (National Consumer Price Index – 

Índice Nacional de Preços ao Consumidor – INPC – in each metropolitan region). This 

correction with local inflation indexes aimed to at least partially control for the variation in 

local living costs over time. The initial differences between each metropolitan region were taken 

into account by the inclusion of local dummies. 

 

4.6.1.2 Descriptive statistics 

The average unemployment rate for the six metropolitan regions surveyed by PME decreased 

steadily from 2003 to 2014 and increased in the last few months of the period analysed. On the 

other hand, wages for the formal and the informal sector presented an upward trend in the 

period, with the important remark that the formal sector paid higher salaries on average than 

the informal sector.  

 

Figure 4.1 – Average hourly wage in the formal and the informal sectors and unemployment rate, 2003-

2015. 

* For 2015, the average was calculated only until June. 

Obs.: Unemployment rate was calculated for the whole population, while average hourly wages were calculated 

only for the sample analysed. 

Source: PME-IBGE. 

Table 4.1 shows that this general trend for wages and unemployment can also be found when 

each metropolitan region is analysed separately. However, the timing of adjustment may vary 

between them. Furthermore, in 2015 wages were higher in Rio de Janeiro, São Paulo, Porto 
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Alegre and Belo Horizonte, while higher unemployment rates could be found in Salvador, 

Recife and São Paulo.  

Table 4.1 – Average unemployment rates and hourly wages (both sectors) by metropolitan region, 2003-

2015. 

 
Obs.: Unemployment rate was calculated for the whole population, while average hourly wages were calculated 

only for the sample analysed. 

* For 2003, the average was calculated only from March on, while in 2015, it was calculated only until June. 

Source: PME-IBGE. 

Table 4.2 – Descriptive statistics of the PME database. 

 
* For 2003, the average was calculated only from March on, while in 2015, it was calculated only until June. 

Source: PME-IBGE. 

Recife Salvador
Belo 

Horizonte

Rio de 

Janeiro
São Paulo

Porto 

Alegre
Recife Salvador

Belo 

Horizonte

Rio de 

Janeiro

São 

Paulo

Porto 

Alegre

2003* 14.3% 17.0% 11.0% 9.6% 14.4% 9.7% R$ 5.32 R$ 6.99 R$ 7.98 R$ 8.74 R$ 10.74 R$ 7.95

2004 13.2% 16.4% 10.9% 9.5% 12.9% 8.9% R$ 5.41 R$ 7.26 R$ 7.68 R$ 8.13 R$ 11.04 R$ 7.86

2005 13.7% 15.9% 9.0% 8.0% 10.5% 7.6% R$ 5.36 R$ 7.35 R$ 8.04 R$ 7.87 R$ 11.31 R$ 8.17

2006 15.1% 14.0% 8.7% 8.3% 10.8% 8.3% R$ 5.50 R$ 7.55 R$ 8.28 R$ 8.59 R$ 11.80 R$ 8.49

2007 12.4% 14.1% 7.8% 7.5% 10.4% 7.5% R$ 5.77 R$ 7.22 R$ 8.31 R$ 8.90 R$ 11.60 R$ 8.48

2008 9.6% 11.8% 6.7% 7.1% 8.7% 6.1% R$ 5.67 R$ 7.73 R$ 8.90 R$ 8.91 R$ 11.44 R$ 8.55

2009 10.2% 11.7% 6.6% 6.4% 9.5% 5.8% R$ 6.51 R$ 8.19 R$ 9.12 R$ 9.29 R$ 11.58 R$ 8.78

2010 9.0% 11.3% 5.7% 5.9% 7.3% 4.7% R$ 6.48 R$ 8.00 R$ 9.68 R$ 9.80 R$ 12.47 R$ 9.42

2011 6.8% 10.0% 5.1% 5.5% 6.4% 4.7% R$ 6.95 R$ 8.32 R$ 10.11 R$ 10.26 R$ 12.48 R$ 9.89

2012 6.3% 7.5% 4.6% 5.3% 6.2% 4.2% R$ 7.64 R$ 8.67 R$ 10.82 R$ 10.93 R$ 13.05 R$ 10.05

2013 6.7% 8.3% 4.3% 4.8% 6.2% 3.7% R$ 7.37 R$ 8.45 R$ 10.62 R$ 11.41 R$ 13.03 R$ 10.54

2014 6.8% 9.4% 3.9% 3.8% 5.2% 3.9% R$ 7.77 R$ 8.87 R$ 10.64 R$ 11.95 R$ 12.39 R$ 10.65

2015* 8.3% 11.6% 5.3% 5.0% 6.7% 5.3% R$ 8.09 R$ 8.12 R$ 10.50 R$ 12.63 R$ 11.56 R$ 10.55

Unemployment rate Average hourly wage

2003* 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015*

Age 34.3 34.6 34.6 34.6 34.8 35.1 35.5 35.7 35.7 35.9 36.2 36.5 36.8

Metropolitan region

Recife 4.4% 4.6% 4.5% 4.0% 3.8% 3.4% 3.2% 3.4% 3.8% 3.9% 3.9% 3.8% 4.0%

Salvador 5.3% 5.4% 5.1% 5.1% 5.1% 4.8% 5.2% 4.7% 4.1% 4.5% 4.9% 4.8% 4.4%

Belo Horizonte 10.0% 9.9% 9.2% 9.2% 9.6% 10.1% 10.4% 10.9% 11.0% 10.9% 10.7% 10.1% 9.9%

Rio de Janeiro 24.8% 28.3% 30.0% 30.2% 30.8% 30.2% 28.5% 26.8% 26.3% 26.6% 25.6% 23.2% 21.8%

São Paulo 47.3% 44.0% 43.8% 44.5% 43.5% 43.6% 44.7% 46.2% 46.8% 46.0% 47.4% 50.9% 52.9%

Porto Alegre 8.2% 7.8% 7.4% 7.1% 7.3% 7.8% 7.9% 8.0% 7.9% 8.1% 7.5% 7.3% 7.0%

Student 10.8% 9.9% 9.9% 10.0% 9.9% 9.4% 9.1% 8.4% 8.3% 8.8% 8.4% 7.4% 6.1%

Education level

Less than 1 year of schooling 2.1% 1.9% 1.7% 1.5% 1.2% 1.2% 1.2% 1.0% 1.2% 1.3% 1.1% 0.8% 0.6%

1 to 3 years of schooling 5.3% 5.3% 4.9% 4.7% 4.6% 4.3% 3.8% 3.2% 2.9% 2.6% 2.2% 2.0% 2.1%

4 to 7 years of schooling 25.1% 25.3% 23.6% 21.8% 21.2% 20.3% 19.9% 18.6% 17.0% 16.4% 15.3% 14.2% 13.3%

8 to 10 years of schooling 22.5% 21.4% 21.4% 21.2% 21.3% 21.3% 20.0% 20.4% 19.9% 18.9% 18.2% 18.7% 16.8%

11 years of schooling or more 45.0% 46.1% 48.3% 50.8% 51.7% 52.8% 55.1% 56.8% 59.0% 60.8% 63.2% 64.3% 67.2%

% of self-reported black or brown 40.3% 43.2% 44.9% 44.1% 45.7% 45.7% 46.2% 46.2% 47.5% 47.7% 47.6% 47.2% 47.2%

% of employees in the formal sector 84.1% 82.6% 82.9% 84.1% 85.0% 85.4% 86.0% 88.0% 88.6% 89.4% 91.1% 92.4% 93.7%

Sector of activity

Industry 33.5% 32.2% 32.1% 31.5% 30.3% 30.3% 30.6% 30.6% 29.4% 29.0% 28.1% 28.1% 28.6%

Construction 7.0% 7.1% 7.3% 7.4% 7.7% 8.4% 8.6% 8.7% 9.6% 9.4% 9.5% 8.7% 8.3%

Commerce and repair 20.8% 20.9% 20.5% 20.2% 20.7% 20.6% 20.7% 19.7% 19.6% 19.9% 19.7% 19.8% 19.8%

Finance, real estate, serv. to companies 19.6% 19.9% 20.5% 21.2% 21.3% 20.7% 20.0% 20.8% 21.4% 21.4% 21.8% 21.7% 22.1%

Other services 18.6% 19.2% 18.9% 19.1% 19.4% 19.6% 19.6% 19.8% 19.5% 19.9% 20.4% 21.3% 20.7%

Other activities 0.7% 0.6% 0.6% 0.6% 0.6% 0.4% 0.5% 0.4% 0.5% 0.4% 0.5% 0.3% 0.4%
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Considering the composition of the database over time (Table 4.2), it is possible to note an 

increase in the average age from 2003 to 2015. São Paulo gained importance in the database, 

as well as higher education levels (especially 11 years of schooling or more, which passed from 

45.0% to 67.2% of the population in the period). More importantly, the share of workers in the 

formal sector35 rose from 84.1% to 93.7%. Jobs in the industrial sector lost importance in the 

total, while the share of workers in the construction and the financial sectors increased over 

time. 

This preliminary analysis indicated that, at least in aggregated terms, there seemed to be a 

relationship between wages and the local unemployment rate, even if there were only six areas 

in the database. The following subsection aim to assess whether this relationship still remains 

after including controls at the individual, time and regional levels. 

 

4.6.1.3 Results and preliminary conclusions 

The first set of results attempted to control for the issues discussed in subsections 5.1.2 and 

5.1.5 (namely, endogeneity of the unemployment rate and the estimation of a dynamic wage 

curve). This was possible because of the longitudinal nature of the database, with high-

frequency information. Other issues such as the selection bias were not treated here because 

PME focuses mostly on labour market outcomes, and does not detail other dimensions of the 

individual’s life. Spatial dependence was not investigated because the regions available here 

are disconnected and cover only a very small part of the country. The low number of regions 

was also the reason why the estimation here was conducted in only one stage (otherwise, the 

second stage would be based on a very small number of units). 

Some controls were included in the estimated models, following the empirical literature. In the 

case of the models with individual fixed effects (two time periods for each individual separated 

by one year), controls that did not vary over time for the same individual or at least over a year 

were dropped (education level, age, month, among others). 

The results presented in Table 4.3 indicated that for the basic model (OLS estimation), a wage 

curve could be observed only for the informal sector, while the coefficient for the formal sector 

was not significant. When these two sectors were aggregated, once again it was not possible to 

obtain a significant effect. However, Model 1 controlled only for observed individual 

                                                           
35 Defined as employees in the private sector with a labour contract following the CLT, in opposition to informal 

workers who do not have this type of contract in their jobs. 
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characteristics. When individual fixed effects were included (Model 2), all effects disappeared. 

Model 3 considered the same estimation as Model 1, but now unemployment rates were 

instrumented by their time lag. Then, once again, there was an indication of a wage curve 

relationship only for the informal sector. In Model 4, individual fixed effects were added to the 

regression, and this generated non-significant coefficients. All these results indicated that the 

wage curve could be observed only in the case of the informal sector in Brazil, but this result 

may be generated by the fact that observed individual characteristics were not enough to control 

for all relevant variability. 

Table 4.3 – Elasticity of wages in relation to the unemployment rate for different estimation strategies and 

sectors. 

 
Controls: (i) Cross-sectional models: age, age2, education attainment, metropolitan region, sector of activity, self-

reported black or brown, student, year, month; (ii) Longitudinal models: sector of activity, student, year. 

Instrument: unemployment rate one year before in the metropolitan region. Dynamic models: the wage of the 

individual in the previous month was included as an explanatory variable. Numbers in parentheses represent 

standard errors. All models were estimated with pweight in Stata to account for the proportional weight of each 

observation in the whole population. Standard errors are presented in parentheses. Significance levels:* p<0.10, 

** p<0.05, *** p<0.01. Complete estimation results are presented in Tables A.12 and A.13 in the Appendix. 

Source: Author’s own calculations. 

Models 5 to 8 allowed for the possibility of the existence of a dynamic wage curve. When 

individual fixed effects were included (Models 6 and 8), it was not possible to find any 

significant results. On the other hand, when only the cross-sectional dimension was taken into 

account (Models 5 and 7), including the time lag of wages generated coefficients that were half 

of the size of Models 1 and 3 (in absolute terms) for the informal sector, while there was no 

significant relationship for the formal sector.  

Models Total Informal Formal

1) OLS -0.012 -0.102** -0.007

(0.016) (0.045) (0.017)

2) FE -0.001 0.055 -0.001

(0.010) (0.039) (0.010)

3) 2SLS -0.012 -0.161*** -0.003

(0.021) (0.062) (0.023)

4) FE 2SLS -0.004 0.037 0.003

(0.013) (0.053) (0.013)

5) Dynamic OLS -0.008 -0.058** -0.003

(0.007) (0.023) (0.007)

6) Dynamic FE -0.002 0.021 -0.003

(0.009) (0.035) (0.009)

7) Dynamic 2SLS -0.007 -0.078** 0.000

(0.010) (0.032) (0.010)

8) Dynamic FE 2SLS -0.001 -0.005 0.005

(0.012) (0.047) (0.012)
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The estimation of dynamic models also allowed for testing whether the relationship between 

wages and the unemployment rate could be better explained by a Phillips curve. Following the 

strategy mentioned in subsection 4.5.1.5, the results presented in Table 4.4 indicated that when 

only observed characteristics of the individuals were taken into account, the coefficient of the 

lagged wage was close to 1 (meaning that the Phillips curve could be a better analytical 

framework). However, the inclusion of individual fixed effects led to a division by half of these 

coefficients, signalling that a dynamic wage curve was the more appropriate explanation. The 

complete regression results can be found in the Appendix (Tables A.12 and A.13). 

Table 4.4 – Elasticity of wages in relation to their time lags for different estimation strategies and sectors. 

 
Standard errors are presented in parentheses. Significance levels:* p<0.10, ** p<0.05, *** p<0.01. 

Source: Author’s own calculations. 

 

 

Figure 4.2 – Coefficients and confidence intervals for OLS regressions, with the sample comprising 

individuals in 12-month periods ending in each month. 

Source: Author’s own calculations. 

Models Total Informal Formal

5) Dynamic OLS 0.875*** 0.840*** 0.877***

(0.002) (0.006) (0.002)

6) Dynamic FE 0.422*** 0.447*** 0.399***

(0.003) (0.010) (0.003)

7) Dynamic 2SLS 0.875*** 0.840*** 0.877***

(0.002) (0.006) (0.002)

8) Dynamic FE 2SLS 0.422*** 0.447*** 0.399***

(0.003) (0.010) (0.003)
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One interesting extension for the models presented in Table 4.3 is to check how estimations 

may vary over time. Figure 4.2 shows the evolution of the coefficients for the formal and the 

informal sectors (and their confidence intervals) based on the estimation of Model 1. Each 

observation on the x-axis was obtained by estimating the model for the previous twelve months 

(moving sample). The confidence intervals showed that elasticities were significantly different 

from zero only in specific moments for the informal sector. In the case of the formal sector, the 

coefficient was not different from zero in a consistent way. These results indicated that even 

when a wage curve was found in aggregated terms, it will not necessarily be constant over time.  

In summary, the coefficients for the informal sector seem to match the main results found in 

the literature for developed economies. A few aspects of this estimation must be highlighted. 

Firstly, metropolitan regions in a developing country such as Brazil do not necessarily represent 

the whole country – in general, they are much more diversified than other less dense areas, with 

better jobs and a labour market with particular characteristics. Moreover, all models including 

individual fixed effects will compare individuals in only two points in time, reducing within 

variation, which may explain why no effect was found in these models. These individuals were 

observed more than once in the database only if they stayed in the same metropolitan region 

(there were no individuals in the panel who moved during year they are interviewed). Finally, 

unemployment rates were observed only for six regions, meaning that this variable does not 

present very much variation between individuals.  

 

4.6.2 Rural and urban areas and the wage curve 

The second set of results discussed here involve the estimation of the wage curve with repeated 

cross-sections that allow for the control of individual observed characteristics and state-level 

data. This database presents the advantages of having national coverage, characterising rural 

and urban areas, and a long time series.  

 

4.6.2.1 Description of the database – National Household Sample Survey 

The National Household Sample Survey (Pesquisa Nacional por Amostra de Domicílios –

PNAD), conducted by IBGE, investigates, on a yearly basis, demographic and socioeconomic 

characteristics of the household. Among these characteristics, it provides details about labour 

supply decisions, education level and income of all sources for the sample of individuals. PNAD 

is a cross-section survey with state-level representativeness, and has been conducted with a 
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relatively fixed structure ever since the beginning of the 1990s. Every ten years the sampling 

design is adjusted to the reality presented by the most recent demographic census. In this 

respect, the survey is not applied during Census years. 

PNAD data was analysed for the period from 1996 to 2013 (leaving 1995 as a base year to 

provide the one-year lag of the unemployment rate as an instrument), after the macroeconomic 

normalisation and the implementation of the Real as the currency of the country. There are two 

years in this period in which the survey was not conducted, 2000 and 2010 (Census years). 

However, the fact that the time lag of the unemployment rate was considered as an instrumental 

variable requires the calculation of this rate for these missing years. This was done by obtaining 

the average of the rates observed in the previous and posterior years. Due to this restriction, two 

different periods of analysis were compared, 1996 to 2013 and 2002 to 2009. The former did 

not require this imputed unemployment rate, and its results served as a baseline for the main 

results. Furthermore, rural areas of the Northern states of Rondônia, Acre, Amazonas, Roraima, 

Pará and Amapá were excluded from the analysis, as they were not surveyed before 2004.  

Following the same procedures of subsection 4.6.1, only male individuals aged 15 to 59 years 

old were kept in the database. The population of interest comprised employees with positive 

wages working in the private sector with or without a contract under the CLT regulation. The 

unemployment rate was calculated for each state considering all economically active 

individuals (unemployed and employed), and wages were deflated by the average inflation 

index of the whole country (National Consumer Price Index – Índice Nacional de Preços ao 

Consumidor – INPC). It was not possible to correct wages for local components of this index 

because they were available only for some states. 

The results in this subsection sought to understand how the urbanisation level and different 

sectors of the labour market affect the level of wage flexibility. Furthermore, there was an effort 

to assess the impact of a possible selection bias in the final results by estimating a Heckman 

selection model. These selection models were estimated in a specific way for each case. When 

formal and informal employees in the private sector were considered, the Heckman selection 

model aimed to control for the probability of being an employee among all male individuals 

aged 15 to 59 years old. On the other hand, when the model considered only formal or informal 

workers, the probit model calculated the probability of working in this specific sector. 
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4.6.2.2 Descriptive statistics 

The analysis must consider not only the characteristics of individuals in the formal and the 

informal sectors, but also how they compare with individuals outside of these groups (workers 

in other occupations – domestic workers, self-employed, public employees, employers – 

unemployed individuals, people out of the labour force). The reason to follow this procedure is 

that these other groups were part of the comparison group in the Heckman selection model. 

Table 4.5 presents the main characteristics of the database. The first aspect to be highlighted is 

the fact that the formal sector presented a much higher wage than the informal sector. For the 

labour force ex-formal and informal, this average was calculated only for those who work. The 

average age in the informal sector was lower, as well as their tenure at the same company. In 

the formal sector it was possible to observe higher values of per capital income ex-wages, 

meaning that these families had a more stable financial condition. In terms of their regional 

distribution, workers in the informal sector were relatively more concentrated in the Northeast 

and in the North, while workers in the formal sector were more present in the Southeast and the 

South. 

The education level of workers in the formal sector was higher (2013, 9% of them had 15 years 

of schooling or more, while only 3.8% of workers in the informal sector had achieved that 

level). It is noteworthy that between 1996 and 2013, real wages and the educational level of the 

population increased significantly, while the participation of informal workers in the labour 

force went down. 

Informal jobs were relatively more concentrated in agriculture, construction and services in 

2013. At the same time, the formal sector was relatively more present in manufacture, transport 

and communication, and commerce. A similar pattern was observed for occupational groups: 

those requiring administrative, technical, artistic, scientific and transportation skills were 

relatively more frequent amongst jobs in the formal sector. In the informal sector, agriculture, 

livestock and extractive occupations showed a much higher participation in 2013.  
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Table 4.5 – Descriptive statistics of the PNAD database. 

 

* All calculations were based on a weighted average of the observations (using pweight in Stata). 

Source: PNAD-IBGE. 

Labour force 

ex-formal and 

informal

Formal or 

informal
Formal Informal

Labour force 

ex-formal and 

informal

Formal or 

informal
Formal Informal

ln(hourly wage) 1.74 1.40 1.68 0.95 2.05 1.79 1.92 1.39

Age 37.27 30.39 31.85 28.11 39.79 33.57 34.25 31.60

Tenure 9.44 4.40 4.78 3.81 10.52 4.83 4.89 4.63

ln(per capita income ex-wage) 4.43 4.42 4.56 4.21 5.87 5.84 5.94 5.56

Region

North 5.2% 3.7% 2.7% 5.3% 7.3% 5.6% 4.9% 7.8%

Northeast 30.9% 21.4% 14.6% 32.6% 31.1% 22.4% 17.7% 36.6%

Southeast 41.1% 52.4% 59.2% 41.1% 39.9% 47.7% 51.6% 35.8%

South 15.6% 15.8% 18.2% 11.9% 14.0% 15.9% 17.4% 11.6%

Centre-West 7.1% 6.8% 5.3% 9.2% 7.6% 8.3% 8.4% 8.2%

Education level

Less than 1 year of schooling 14.1% 12.5% 7.0% 21.7% 8.3% 5.7% 4.0% 11.1%

1 to 3 years of schooling 16.1% 15.6% 12.7% 20.5% 7.2% 5.6% 4.0% 10.3%

4 to 7 years of schooling 33.4% 36.5% 36.3% 36.9% 23.2% 20.1% 17.2% 29.2%

8 to 10 years of schooling 16.6% 17.8% 20.9% 12.6% 22.0% 21.3% 20.5% 23.8%

11 to 14 years of schooling 14.2% 14.0% 18.3% 6.9% 29.2% 39.5% 45.3% 21.9%

15 years of schooling or more 5.6% 3.6% 4.9% 1.4% 10.1% 7.7% 9.0% 3.8%

% of self-reported black or brown 44.1% 44.4% 37.8% 55.3% 54.1% 54.5% 51.5% 63.6%

Student 18.0% 11.6% 10.0% 14.2% 19.6% 9.6% 8.4% 13.2%

Sector of activity

Agriculture 20.3% 18.5% 9.0% 34.1% 11.9% 10.8% 6.2% 24.9%

Manufacture 4.0% 26.5% 34.3% 13.8% 3.4% 22.2% 26.1% 10.3%

Construction 7.3% 11.2% 8.3% 16.1% 10.9% 15.1% 12.8% 22.5%

Other industrial activities 1.4% 1.3% 1.5% 0.8% 0.7% 1.8% 2.2% 0.7%

Commerce 9.1% 14.7% 15.8% 12.8% 7.4% 16.4% 17.5% 13.0%

Services 9.1% 11.9% 12.1% 11.6% 7.9% 9.9% 8.5% 14.2%

Auxiliary services 2.7% 4.0% 4.5% 3.2% 2.7% 7.6% 8.9% 4.0%

Transport and communication 4.0% 6.4% 8.0% 3.7% 4.9% 9.9% 11.0% 6.5%

Social 3.4% 3.2% 3.7% 2.4% 4.2% 3.0% 3.2% 2.4%

Public administration 7.2% 0.0% 0.0% 0.0% 8.5% 0.0% 0.0% 0.0%

Other activities 1.4% 2.2% 2.7% 1.4% 1.1% 3.2% 3.7% 1.6%

Unemployed or out of the labour force 30.1% 0.0% 0.0% 0.0% 36.3% 0.0% 0.0% 0.0%

Occupation group

Technical, scientific, artistic or similar 4.4% 3.8% 4.7% 2.3% 5.8% 5.1% 5.5% 3.8%

Administrative 8.7% 11.6% 16.0% 4.5% 8.6% 13.8% 16.3% 6.1%

Agriculture, livestock, extractive activities 19.3% 17.7% 8.3% 33.1% 12.0% 10.4% 5.7% 24.8%

Manufacture 13.6% 32.8% 33.3% 32.0% 14.6% 32.7% 32.9% 32.1%

Commerce and auxiliary activities 9.3% 9.5% 9.0% 10.2% 7.2% 13.6% 13.6% 13.3%

Transport, communication, services and other 14.5% 24.6% 28.7% 17.9% 15.5% 24.5% 26.0% 19.8%

Head of the household 56.2% 58.8% 65.0% 48.6% 47.7% 51.4% 53.9% 43.9%

% of people who have children under 15 45.4% 48.5% 53.6% 40.1% 27.9% 35.3% 36.8% 30.6%

Number of observations (unweighted) 59,606 36,862 22,873 13,989 39,752 47,038 35,305 11,733

Number of observations (weighted) 27,544,714 17,499,508 10,895,624 6,603,884 34,974,593 26,908,249 20,270,411 6,637,838

1996 2013
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Figure 4.3 – Logarithm of the average hourly wage for the sample and logarithm of the unemployment 

rate at the state level, formal and informal sectors, 1996 and 2013. 

Source: Author’s own calculations. 

Finally, salaries and the unemployment rate should be compared in each state over time. It is 

possible to note from Figure 4.3 that in 1996 the aggregated relationship between wages and 

the local unemployment rate for the formal and the informal sectors seemed to have a positive 

sign, while in 2013 their correlation seemed negative (more negative for the informal sector). 

In fact, Morrison and Poot (1998) identified that aggregated data may not provide any 

convincing evidence of the wage curve. However, when individual and local characteristics 

were controlled for, this pattern may change. The next subsection will discuss how wage 

flexibility varies according to the sector and the local characteristics of the labour market. 

 

4.6.2.3 Results 

The first set of results of the wage curve estimated with PNAD data was based on Equation 

4.12, (one-stage regression), with individual and regional-level data. This strategy was adopted 

here due to the limited number of regions (27 states), which could limit large-sample 

assumptions for a possible two-stage estimation as proposed in subsection 5.1.1. Furthermore, 

as discussed in subsection 6.2.1, two different time periods were analysed (1996 to 2013 and 

2002 to 2009), to assess the possible varying effects over time, as well as how the results may 

be possibly affected by the instruments based on an imputation for 2000 and 2010 

unemployment rates. 

In Table 4.6, the first three columns present the results for pooled cross-sections OLS estimates 

of individual wages for the period from 1996 to 2013, controlling for state fixed effects. For the 

whole country (rural and urban), all coefficients were positive, with a lower value for the 

informal sector (Models 1a, 2a and 3a). However, then the model was estimated specifically 
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for rural areas (Models 1b, 2b and 3b), only the elasticity of unemployment of the informal 

sector was significant, and with the expected negative sign. On the other side, for urban areas 

(Models 1c, 2c and 3c), all elasticities were positive and significant, counteracting the expected 

result of the wage curve. 

Table 4.6 – Elasticity of individual wages in relation to the state-level unemployment rate, for the whole 

country, urban and rural areas, and for the whole labour force, formal and informal sectors, 1996 to 2013. 

 

Controls at the individual level: age, age2, tenure, tenure2, education level, sector of activity, occupational group, 

head of the household, has children under 15, self-reported black or brown. Complete tables for the period from 

1996 to 2013 are presented in the Appendix. All models were estimated with pweight in Stata to account for the 

proportional weight of each observation in the whole population. Standard errors are presented in parentheses. 

Significance levels:* p<0.10, ** p<0.05, *** p<0.01. Complete estimation results are presented in Table A.14 of 

the Appendix. 

Source: Author’s own calculations. 

 

Finally, the last three columns in the right hand side considered an IV estimation, with a one-

year lag of the unemployment rate as an instrument for the actual unemployment rate in each 

state. Now, the coefficient for the unemployment rate over wages in the informal sector in the 

whole country was no longer significant, even though the coefficients for the formal sector and 

the whole economy were positive (and larger than the ones observed in the OLS estimations). 

Models Total Informal Formal Total Informal Formal

Model 1a  Model 2a Model 3a Model 4a Model 5a Model 6a

ln(unemployment rate) 0.198*** 0.052*** 0.174*** 0.266*** 0.025 0.249***

(0.006) (0.010) (0.007) (0.010) (0.017) (0.011)

F test instrument 164,515 50,967 106,030

Adjusted R
2 0.564 0.470 0.526 0.564 0.470 0.526

Model 1b  Model 2b Model 3b Model 4b Model 5b Model 6b

ln(unemployment rate) -0.005 -0.049** -0.013 -0.051** -0.134*** -0.054*

(0.015) (0.021) (0.019) (0.025) (0.037) (0.030)

F test instrument 23,161 9,690 11,538

Adjusted R
2 0.443 0.298 0.432 0.442 0.297 0.432

Model 1c  Model 2c Model 3c Model 4c Model 5c Model 6c

ln(unemployment rate) 0.200*** 0.062*** 0.182*** 0.274*** 0.034* 0.266***

(0.006) (0.012) (0.007) (0.011) (0.020) (0.012)

F test instrument 136,989 38,618 94,736

Adjusted R
2 0.545 0.460 0.523 0.545 0.460 0.522

Urban

1996 to 2013

OLS IV

Total

Rural
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When only individuals living in rural areas were taken into account, the elasticity of the 

unemployment rate with both sectors analysed simultaneously was negative and slightly 

significant, while the elasticity of the unemployment rate for wages in the informal sector 

increased in comparison to the OLS estimation and reached -0.134. Finally, the IV estimation 

for the urban sector indicated that the elasticity for the informal sector was not significant, while 

it was positive and significant for the formal sector and for the whole urban labour market. For 

all models, the F statistic indicated that the lag of the unemployment rate was a relevant 

instrument for the unemployment rate in 𝑡. 

Table 4.7 – Elasticity of individual wages in relation to the state-level unemployment rate, for the whole 

country, urban and rural areas, and for the whole labour force, formal and informal sectors, 2002 to 2009. 

 

Controls at the individual level: age, age2, tenure, tenure2, education level, sector of activity, occupational group, 

head of the household, has children under 15, self-reported black or brown. Instrument for the unemployment rate 

at the state level was the local unemployment rate one year before. All models were estimated with pweight in 

Stata to account for the proportional weight of each observation in the whole population. Standard errors are 

presented in parentheses. Significance levels:* p<0.10, ** p<0.05, *** p<0.01. Complete estimation results can 

be provided by the author under demand. 

Source: Author’s own calculations. 

When the period of analysis was restricted to 2002 to 2009, there seemed to be more indication 

of the presence of a wage curve in the relationships of the labour market. In general, elasticities 

Models Total Informal Formal Total Informal Formal

Model 1a  Model 2a Model 3a Model 4a Model 5a Model 6a

ln(unemployment rate) 0.106*** 0.040** 0.098*** 0.106 -0.680*** 0.232***

(0.011) (0.020) (0.013) (0.077) (0.182) (0.079)

F test instrument 4,594 1,022 3,271

R
2
 2nd stage 0.558 0.456 0.529 0.558 0.450 0.528

Model 1b  Model 2b Model 3b Model 4b Model 5b Model 6b

ln(unemployment rate) 0.021 0.038 -0.021 -1.500*** -4.661*** -0.499*

(0.030) (0.040) (0.036) (0.473) (1.781) (0.296)

F test instrument 135 16 163

R
2
 2nd stage 0.403 0.267 0.397 0.365 . 0.390

Model 1c  Model 2c Model 3c Model 4c Model 5c Model 6c

ln(unemployment rate) 0.103*** 0.039* 0.095*** 0.185** -0.447** 0.253***

(0.012) (0.022) (0.013) (0.079) (0.178) (0.083)

F test instrument 4,302 1,055 3,008

R
2
 2nd stage 0.541 0.450 0.526 0.541 0.447 0.526

2002 to 2009

OLS IV

Urban

Rural

Rural and Urban
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were lower or even became negative, a sign that the wage curve seemed to better express this 

specific period. This regression covered the same period studied by Baltagi, Rokicki and Souza 

(2014a). Even though their results seemed to better confirm the expected shape of the wage 

curve, the main conclusions were very similar to the ones found here. Wage flexibility seemed 

to be higher in rural areas and in the informal sector. This result was in accordance with the 

model discussed in Section 4.4 and added some conclusions to the conclusions obtained in 

subsection 6.1.  

The last set of results in this block refer to the estimation of the wage curve accounting for a 

possible selection bias. As mentioned before, each model had a different first stage estimation. 

All of them were based on probit models, but the dependent variable in the selection regression 

was specific for each case.  

Table 4.8 – Second-stage results of the IV estimation of the elasticity of individual wages in relation to the 

state-level unemployment rate with a Heckman selection model in the first stage. 

 

Controls at the individual level: age, age2, tenure, tenure2, education level, sector of activity, occupational group, 

head of the household, has children under 15, self-reported black or brown. Instrument for the unemployment rate 

at the state level was the local unemployment rate one year before. All models were estimated with pweight in 

Stata to account for the proportional weight of each observation in the whole population. Standard errors are 

presented in parentheses. Significance levels:* p<0.10, ** p<0.05, *** p<0.01. The complete estimation for 1996-

2013 is provided in Table A.15 in the Appendix. 

Source: Author’s own calculations. 

Models Total Informal Formal Total Informal Formal

Model 1a  Model 2a Model 3a Model 4a Model 5a Model 6a

ln(unemployment rate) 0.296*** -0.010 0.390*** 0.227*** -0.763*** 0.547***

(0.011) (0.019) (0.013) (0.087) (0.205) (0.090)

F test instrument 128,480 138,479 86,812 3,472 1,978 2,682

Adjusted R
2 0.586 0.500 0.533 0.580 0.479 0.537

N 560543 198023 362520 306648 111572 195076

Model 1b  Model 2b Model 3b Model 4b Model 5b Model 6b

ln(unemployment rate) -0.076*** -0.147*** -0.098*** -1.738*** -5.258* -0.419

(0.029) (0.041) (0.035) (0.660) (2.869) (0.349)

F test instrument 17,728 31,384 9,856 75 0 125

Adjusted R
2 0.451 0.321 0.443 0.353 . 0.405

N 58774 37626 21148 32069 21039 11030

Model 1c  Model 2c Model 3c Model 4c Model 5c Model 6c

ln(unemployment rate) 0.295*** 0.010 0.362*** 0.241*** -0.567*** 0.466***

(0.012) (0.022) (0.013) (0.087) (0.196) (0.092)

F test instrument 106,826 100,940 78,588 3,305 2,185 2,511

Adjusted R
2 0.572 0.493 0.541 0.568 0.479 0.545

N 501769 160397 341372 274579 90533 184046

Urban

Rural

Total

1996 to 2013 2002 to 2009
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For instance, in the case of the model for the formal sector in rural areas, the selection equation 

compared individuals in the formal sector against all other workers (including those in the 

informal sector) and people out of the labour force. Furthermore, in the second stage, all models 

were estimated with IV (and the instrument was the logarithm of the time lag of the 

unemployment rate). 

The results of Table 4.8 indicated that wage flexibility in the rural sector seemed to be even 

stronger when selection bias over observable characteristics was taken into account. In the case 

of Model 5b, the instrument did not explain much of the unemployment rate, generating 

problems for the estimation of the second stage of the IV model. 

In summary, the analysis of the wage curve with state-level data provided some insights into 

the differences of wage flexibility between urban and rural areas. In fact, more accessibility to 

alternative jobs in agglomerated urban areas seemed to reduce the bargaining power of firms, 

decreasing their capacity to change offered wages according to the business cycle. There was 

also indication of labour market dualism and a much higher wage flexibility could be found in 

the informal sector, in accordance with the literature and with previous results discussed here 

(Section 4.3).  

 

4.6.3 City size, spatial dependence, and the wage curve 

There is a strong concern of whether state-level regional aggregation is satisfactory for the 

estimation of the wage curve. It is not clear if the unemployment rate in such large areas can 

substantially affect the decisions of economic agents at a more disaggregated local level. 

Furthermore, the state-level unemployment rate does not vary much between individuals, 

decreasing its explanatory power over the variation of wages. These issues may affect the 

estimation results. This subsection will be based on a multi-level analysis (see subsection 

4.5.1.1) and will explore the wage curve in a more disaggregated context (municipalities), 

controlling for urban size, proximity, spatial dependence, and a possible endogeneity of the 

unemployment rate. 

 

4.6.3.1 Description of the database – Demographic Census 

Every 10 years the Brazilian Institute of Geography and Statistics (Instituto Brasileiro de 

Geografia e Estatística – IBGE) conducts the Demographic Census, which covers the whole 
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country with regional disaggregation at the municipal level (or at the neighbourhood level for 

bigger municipalities). The Demographic Census investigates the main characteristics of 

individuals and households (education, migration, labour market supply aspects, family 

composition, living conditions, among others), providing details on the life conditions of the 

population in each municipality, and serving as a very relevant policy instrument in a country 

with continental measures such as Brazil. 

There is a shorter questionnaire applied to the whole population, while specific individual 

characteristics are investigated in a longer set of questions applied to a sample. Microdata at 

the individual level is available for this sample, which can range from 5 to 50 percent of the 

population depending on the size of each municipality (for instance, the sample size 

corresponds to 5% of the total population of municipalities with more than 500,000 inhabitants). 

Even if there are some changes over the years in this survey, the main structure and most 

methodological aspects have been kept constant over time, mainly in the last three censuses.  

The analysis that follows was based on information obtained from the demographic censuses 

of 1991, 2000 and 2010. Over this period, there has been a significant change in the number of 

municipalities in Brazil, with the emancipation and consequent foundation of new local 

administrations. In 1991, there were 4,491 municipalities; in 2000, 5,507; and in 2010, 5,565 

municipalities. Any analysis involving data over this time period should take into consideration 

the fact that the borders of municipalities have been changing, due to merging or splitting 

processes to create new municipalities (Reis et al., 2011). Therefore, 4,258 Minimum 

Comparable Areas (MCAs) for the period 1991-2010 were defined keeping constant the borders 

and areas of each regional unit of analysis. An important detail is that the municipality of 

reference was based on the place the individual worked (in order to avoid wage sub-estimation 

in municipalities that aggregate jobs and wage super-estimation in dormitory towns). 

A second and bigger level of regional aggregation based on Census data is the Immediate 

Region of Urban Articulation (Regiões de Influência de Cidades – REGIC areas henceforth), a 

compound of municipalities that constitutes a labour market area. The criteria to set these local 

regions were defined by IBGE based on the flow of goods and services (IBGE, 2007) for the 

2010 municipal configuration. Their configuration was harmonised with the 1991-2010 MCAs 

previously defined, obtaining 478 REGIC areas (from originally 482).36 Here, they were 

                                                           
36 The definition of the 1991-2010 MCAs and respective REGIC areas can be made available by the author upon 

request. 
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included in the concept of neighbourhood. Therefore, MCAs were considered neighbours if 

they belonged to the same REGIC area, and the strength of this neighbourhood was based on 

the inverse distance between the centroids of each MCA). For the cases in which only one MCA 

formed a REGIC area, the neighbourhood comprised the closest MCA, even if it belonged to 

another REGIC area. 

Similarly to the previous procedures to generate the final database, only male individuals aged 

15 to 59 years old were kept, employed with or without a formal contract (excluding self-

employment, domestic work, workers in the public administration sector, employers, 

unemployed and individuals out of the economically active population), working from 20 to 60 

hours per week. Furthermore, individuals working in the public sector or public administration 

were also excluded, in addition to those without information about the location of their jobs. 

Wages in 2000 were deflated to real values of August 2010 by the national INPC index of the 

period. In addition, a sampling procedure was adopted to generate a computationally 

manageable database. The original sample in 2000 comprised 2,237,102 interviews, 

representing 19,381,332 individuals in the population. In 2010, these numbers were 2,706,474 

and 26,290,915, respectively. 

Finally, the results that follow were based in two-stage regressions (see subsection 4.5.1.1), 

with the spatial wage obtained in the first stage being considered as the dependent variable in 

the second stage. However, there is not enough information to obtain estimates for all MCAs, 

because the sample does not cover the whole country. Then, when spatial dependence was 

explicitly considered in the second stage, it was necessary to input values for the missing data, 

and this was done by calculating the average of the spatial wage among the neighbours37.  

 

4.6.3.2 Descriptive statistics 

The main descriptive statistics of the Census database are presented in two parts. Table 4.9 

depicts the distribution of some variables over the sample of individuals for the estimation of 

the first stage of the wage curve. In general, real wages increased between 2000 and 2010. Over 

this period, education attainment of the population also went up, and workers were dislocated 

                                                           
37 This procedure was adopted for 18 MCAs in 2000 and 3 MCAs in 2010 for the whole labour market (formal 

and informal), 454 MCAs in 2000 and 170 MCAs in 2010 for the formal sector, and 63 in 2000 and 29 in 2010 

for the informal sector. 
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from agriculture to commerce and services. Manufacture had a relevant participation in the total 

employment analysed in this database, followed by occupations in commerce and service.  

Table 4.9 – Descriptive statistics of the variables in the first stage (individual level). 

 
           Source: Demographic Census. 

The first stage estimation generates a spatial wage at the MCA-year level, which then is used 

in the second stage as the dependent variable.  

The upper part of Table 4.10 shows the mean spatial wages in 2000 for each group of MCAs, 

classified according to their density. It is noticeable that the spatial wage is higher for denser 

MCAs, in which it is also possible to find higher unemployment rates. However, the comparison 

of the estimated spatial wages for different sectors because they result from different 

regressions. 

2000 2010

ln(hourly wage) 2.78 2.98

Age 32.01 33.71

Student 14.0% 12.0%

Self-reported black or brown 44.4% 51.2%

Head of the household 59.6% 50.6%

Education level

Less than 7 years of schooling 53.6% 37.5%

8 to 10 years of schooling 19.7% 20.7%

11 to 14 years of schooling 21.1% 33.0%

15 years of schooling or more 5.6% 8.7%

Sector of activity

Agriculture 14.9% 10.9%

Manufacture and construction 34.7% 33.2%

Other industrial activities 2.8% 2.7%

Commerce 18.3% 19.3%

Services 5.4% 6.1%

Auxiliary services 5.9% 7.4%

Transport and communication 7.9% 7.9%

Social services 2.0% 1.9%

Education 3.5% 2.5%

Other activities 4.7% 8.0%

Occupation group

Leaders 3.8% 3.5%

Scientific, artistic or similar 4.6% 6.3%

Technical level 7.4% 7.2%

Administrative service 8.9% 9.1%

Commerce and service 20.1% 21.7%

Agriculture, livestock, extractive activities 13.6% 9.5%

Manufacture 41.6% 42.7%
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The section in the middle of Table 4.10 presents the same variables for 2010. Comparing these 

two years, the spatial wage increased for the formal sector and decreased for the informal sector, 

while the unemployment rate went down. Finally, the lower part of Table 4.10 presents the 

same variables averaged over all MCAs, corroborating the main findings of the two other parts. 

Table 4.10. Descriptive statistics of the second stage – spatial wage. 

 
                         Source: Author’s elaboration. 

 

4.6.3.3 Results 

The main focus of this subsection is in the relationship between the spatial wage and the local 

unemployment rate. This spatial wage is obtained as the MCA-year effect net of observed 

individual characteristics. Complete tables with first-stage results are provided in Table A.16 

in the Appendix. 

  

Spatial wage 

- total

Spatial wage 

- formal

Spatial wage 

- informal

ln(unemployment 

rate)

Density of the MCA

Less than 1 -0.191 -0.219 -0.017 -2.249

1 to less than 2 -0.303 -0.289 -0.144 -2.360

2 to less than 5 -0.376 -0.351 -0.215 -2.274

5 to less than 10 -0.397 -0.376 -0.238 -2.415

10 to less than 20 -0.331 -0.342 -0.188 -2.482

20 to less than 50 -0.271 -0.303 -0.152 -2.228

50 or more -0.009 -0.107 0.103 -1.860

Spatial wage 

- total

Spatial wage 

- formal

Spatial wage 

- informal

ln(unemployment 

rate)

Density of the MCA

Less than 1 0.052 0.052 0.172 -2.666

1 to less than 2 -0.070 -0.049 0.055 -2.731

2 to less than 5 -0.119 -0.110 0.005 -2.738

5 to less than 10 -0.145 -0.132 -0.006 -2.859

10 to less than 20 -0.120 -0.134 0.034 -2.942

20 to less than 50 -0.078 -0.126 0.060 -2.811

50 or more 0.094 -0.023 0.246 -2.617

Spatial wage 

- total

Spatial wage 

- formal

Spatial wage 

- informal

ln(unemployment 

rate)

2000 -0.302 -0.310 -0.157 -2.310

2010 -0.082 -0.104 0.058 -2.809

2000

2010
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Table 4.11 – Regression of the spatial wage against local characteristics, OLS and IV, 2000 and 2010. 

 
*Additional controls: constant, percentage of individuals aged 25 or more who completed at least secondary school. Dependent variable is the spatial wage that results from the 

first stage regression of the logarithm of the individual hourly wage controlled by education attainment, sector of activity, occupation, age, age squared, if the individual is a 

student, the head of the household, or self-reported black or brown. The local unemployment rate is instrumented by its 10-year time lag. First-stage estimation results are 

presented in Table A.16 in the Appendix. 

Source: Author’s elaboration.  

Total Informal Formal Total Informal Formal Total Informal Formal Total Informal Formal

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11 Model 12

ln(unemployment rate) 0.007 -0.028*** -0.006 0.002 -0.021 -0.047*

(0.005) (0.006) (0.006) (0.020) (0.023) (0.027)

ln(unemployment rate) * density < 1 -0.052*** -0.084*** -0.060*** -0.098*** -0.122*** -0.141***

(0.008) (0.009) (0.010) (0.023) (0.027) (0.031)

ln(unemployment rate) * 1 <= density < 2 -0.011* -0.041*** -0.029*** -0.052** -0.080*** -0.095***

(0.007) (0.008) (0.009) (0.022) (0.026) (0.030)

ln(unemployment rate) * 2 <= density < 5 0.010* -0.023*** -0.011 -0.021 -0.047* -0.083***

(0.006) (0.007) (0.007) (0.022) (0.025) (0.030)

ln(unemployment rate) * 5 <= density < 10 0.018*** -0.018*** -0.001 -0.011 -0.037 -0.065**

(0.005) (0.006) (0.007) (0.021) (0.024) (0.028)

ln(unemployment rate) * 10 <= density < 20 0.011** -0.026*** -0.002 -0.027 -0.049** -0.071***

(0.005) (0.006) (0.006) (0.020) (0.023) (0.027)

ln(unemployment rate) * 20 <= density < 50 -0.009* -0.043*** -0.011* -0.061*** -0.074*** -0.095***

(0.005) (0.007) (0.007) (0.021) (0.024) (0.028)

ln(unemployment rate) * density >= 50 -0.036*** -0.081*** -0.037*** -0.133*** -0.154*** -0.167***

(0.007) (0.008) (0.008) (0.024) (0.027) (0.032)

Region Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Adjusted R
2 0.515 0.440 0.217 0.531 0.455 0.228 0.465 0.381 0.147 0.435 0.354 0.135

F test - instument: ln(unemployment rate)t-1 700.4 699.6 682.1

Minimum eigenvalue 91.1 90.1 88.7

N 8,487 8,416 7,885 8,487 8,416 7,885 4,148 4,109 3,726 4,148 4,109 3,726

OLS IV
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The initial results of the second stage are presented in Table 4.11. First of all, the spatial wage 

of the informal sector is negatively correlated with the local unemployment rate, while for the 

total and the formal sectors the results are not significant (Models 1 to 3). When these results 

are disaggregated by different density levels, the wage elasticity to the local unemployment rate 

is negative for all density classes in the informal sector, while for the formal sector, whenever 

this elasticity is negative, it is significant. There is a U shape relationship between wages and 

the unemployment rate according to density levels. This elasticity is higher in absolute terms 

for low and high-density MCAs, while it is lower for medium-density MCAs. 

As mentioned in Section 4.5, the local unemployment rate may be endogenous to the wage 

level. Therefore, Models 7 to 12 provide a tentative instrumental variables estimation, with the 

10-year lag of the unemployment rate as an instrument (and the lagged unemployment rate 

iterated with density groups). Now, all significant coefficients are negative, corroborating the 

expected shape of the wage curve, but the formal sector is the only one that presents a significant 

elasticity for all MCAs (Models 7 to 9).  

Table 4.12 – Regressions for the spatial wage with MCAs fixed effects. 

 
*Additional controls: constant, percentage of individuals aged 25 or more who completed at least secondary 

school. Dependent variable is the spatial wage that results from the first stage regression of the logarithm of the 

individual hourly wage controlled by education attainment, sector of activity, occupation, age, age squared, if the 

individual is a student, the head of the household, or self-reported black or brown. The local unemployment rate 

is instrumented by its 10-year time lag. First-stage estimation results are presented in Table A.16 in the Appendix. 

Source: Author’s elaboration. 

Total Informal Formal Total Informal Formal

ln(unemployment rate) -0.022*** -0.047*** -0.002

(0.008) (0.011) (0.012)

ln(unemployment rate) * density < 1 -0.029* -0.056** -0.001

(0.017) (0.022) (0.025)

ln(unemployment rate) * 1 <= density < 2 -0.032** -0.038** -0.019

(0.013) (0.017) (0.020)

ln(unemployment rate) * 2 <= density < 5 -0.036*** -0.048*** -0.040***

(0.011) (0.014) (0.015)

ln(unemployment rate) * 5 <= density < 10 -0.039*** -0.061*** -0.014

(0.009) (0.012) (0.014)

ln(unemployment rate) * 10 <= density < 20 -0.022** -0.049*** -0.008

(0.009) (0.012) (0.013)

ln(unemployment rate) * 20 <= density < 50 -0.008 -0.033** 0.015

(0.010) (0.013) (0.014)

ln(unemployment rate) * density >= 50 0.037*** -0.023 0.063***

(0.013) (0.017) (0.018)

MCA fixed effects Yes Yes Yes Yes Yes Yes

Year Yes Yes Yes Yes Yes Yes

R
2
 between 0.300 0.058 0.007 0.244 0.059 0.022

R
2
 within 0.319 0.214 0.303 0.389 0.219 0.307

N 8487 8416 7885 8487 8416 7885

FE
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However, there is a potential problem here. Local unobserved characteristics of the labour 

markets may be affecting the results. Therefore, in Table 4.12, fixed effects for MCAs are 

included. These results are very different from the main conclusions obtained from Table 4.11. 

In fact, areas with higher population density will show a lower level of wage flexibility, as 

expected from the model formulated in Section 4.4. Therefore, the main conclusions obtained 

from Table 4.11 were being driven by unobserved local effects. 

Finally, the last set of results allows for the existence of neighbourhood effects. As mentioned 

previously, the empirical literature has started to include not only the spatial lag of the 

unemployment rate as an explanatory variable, but also to control for spatial dependence. 

Models 1, 6 and 11 in Table 4.13 present the basic specification: the spatial wage is explained 

by local characteristics and the local unemployment rate. In this first estimation, LM tests 

indicated that the spatial autoregressive model (SAR) seemed to be the most appropriate spatial 

specification. 

Then, the spatial lag of the unemployment rate was included in Models 2, 7 and 12. These 

results show that the informal sector not only had a higher elasticity for the local unemployment 

rate, but also for the unemployment rate in the neighbouring areas. Nonetheless, this 

formulation does not tackle the spatial dependence, which is once again found by LM tests. One 

last try before estimating the SAR model is to control for unobserved local characteristics, 

including MCA fixed effects. As expected, the elasticity of wages in relation to local 

unemployment rates has decreased, but the informal sector still showed the highest coefficients 

(Models 3, 8 and 13).  

Moving to Models 4, 9 and 14, the estimation of a SAR model without local fixed effects 

indicates that the lag of the dependent variable is significant, and that the unemployment 

elasticity becomes non-significant (at least for the total labour market). However, the coefficient 

for the spatial lag of the unemployment rate is still negative and significant. Finally, the last 

three models (5, 10 and 15) indicate that whenever a SAR model with spatial fixed effects is 

estimated, the elasticity of the spatial wage to the local unemployment rate is very similar in 

the local level for the informal and the formal sectors (-0.023 and -0.024, respectively). 

However, the elasticity for the unemployment rate in the neighbours is much higher for the 

informal sector (-0.117, against -0.038 in the formal sector). 

In sum, the estimation of the wage curve with disaggregated data shows that it is important to 

include spatial effects in the estimated model. In fact, the theoretical framework discussed in 
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Section 4.4 had already indicated that whenever another local labour market is sufficiently close 

to the region analysed, it is possible that workers look for opportunities in these neighbouring 

areas. This effect is supposed to be even more important here because REGIC areas (local 

labour markets) are composed by MCAs (the spatial unit of analysis). Therefore, a common 

shock inside the REGIC area is supposed to affect all MCAs that compose it, with spillover 

effects between them. This result indicates that there are relevant spatial effects inside a 

common labour market area. In addition, workers in the informal sector seem to be more 

affected by these neighbourhood effects. 

This analysis is complemented by the results presented in Table 4.14. In that case, all models 

include the iteration between the local unemployment rate and the density group of the MCA. 

Furthermore, the inclusion of spatial effects is done through the iteration of the spatial lag of 

the unemployment rate and density groups.  

The comparison of Models 1, 6 and 11 of Table 4.14 indicate that there is a higher wage 

flexibility in the informal sector. The elasticity of the spatial wage in relation to the local 

unemployment rate follows a U-shaped curve according to the local density. These results 

corroborate the initial conclusions obtained in Tables 4.12 and 4.13. Furthermore, spillover 

effects seemed to be more relevant for the informal sector, especially when fixed effects at the 

MCA level are taken into account (Models 3, 8 and 13). A great share of the difference in the 

wage flexibility between the formal and the informal sectors is captured by the spatial lag of 

the unemployment rate. This is an indication that the whole labour market area (REGIC area) 

seems to be more relevant for workers in the informal sector, while workers in the formal sector 

are usually more influenced by the unemployment rate at the MCA in which they are currently 

working. 

Once again, LM tests indicated that a spatial autoregressive model would be more adequate to 

deal with spatial dependence. Combining the spatial lag of the dependent variable (spatial wage) 

with density groups and controlling for local fixed effects, Models 5, 10 and 15 showed that the 

wage flexibility in relation to the business cycle is much higher in absolute values in the 

informal sector, for low-density MCAs. In fact, these conclusions meet the predictions of the 

model discussed in Section 4.4, in which a worker employed in a less dense labour market has 

a lower bargaining power. Being surrounded by fewer job opportunities (higher unemployment 

rates in the neighbouring areas) reduces once again workers’ bargaining power, and allow firms 

to adjust real wages according to the moment of the economy.  
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Table 4.13 – Regression of the spatial wage against local characteristics, OLS, FE and SAR, 2000 and 2010. 

 
*Dependent variable is the spatial wage that results from the first stage regression of the logarithm of the individual hourly wage controlled by education attainment, sector of 

activity, occupation, age, age squared, if the individual is a student, the head of the household, or self-reported black or brown. First-stage estimation results are presented in 

Table A.16 in the Appendix. 

Source: Author’s elaboration. 

 

 

 

 

 

OLS OLS FE SAR SAR - FE OLS OLS FE SAR SAR - FE OLS OLS FE SAR SAR - FE

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11 Model 12 Model 13 Model 14 Model 15

ln(unemployment rate) -0.035*** -0.024*** -0.018*** 0.005 -0.016* -0.051*** -0.034*** -0.025*** -0.018*** -0.024** -0.068*** -0.044*** -0.026*** -0.021*** -0.023**

W*ln(unemployment rate) -0.026*** -0.102*** -0.033*** -0.074*** -0.039*** -0.059*** -0.024*** -0.038** -0.052*** -0.149*** -0.032*** -0.117***

Density >= 1 and density < 2 -0.096*** -0.096*** -0.063*** -0.063*** -0.102*** -0.102***

Density >= 2 and density < 5 -0.154*** -0.154*** -0.123*** -0.122*** -0.155*** -0.155***

Density >= 5 and density < 10 -0.178*** -0.179*** -0.150*** -0.150*** -0.172*** -0.173***

Density >= 10 and density < 20 -0.166*** -0.167*** -0.156*** -0.157*** -0.160*** -0.162***

Density >= 20 and density < 50 -0.111*** -0.111*** -0.142*** -0.143*** -0.115*** -0.116***

Density >= 50 -0.062*** -0.059*** -0.096*** -0.090*** -0.046** -0.039*

W*Dependent variable 0.617*** 0.303*** 0.431*** 0.359*** 0.549*** 0.193***

Constant Yes Yes Yes Yes Yes Yes Yes Yes Yes

% people completed at least middle school Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Region Yes Yes Yes Yes Yes Yes

MCA fixed effects Yes Yes Yes Yes Yes Yes

LM lag 1918.3*** 1930.9*** 481.9*** 1040.5*** 1033.9*** 746.6*** 1093.3*** 1079.6*** 159.9***

LM error 494.6*** 489.7*** 325.0*** 317.9*** 304.5*** 242.2*** 338.2*** 312.1*** 112.8***

LM lag robust 1426.0*** 1443.6*** 336.8*** 775.7*** 783.1*** 622.8*** 785.0*** 795.0*** 120.3***

LM error robust 2.3 2.3 179.9*** 53.1*** 53.7*** 118.4*** 29.9*** 27.5*** 73.2***

R
2

0.523 0.523 0.318 0.592 0.836 0.221 0.222 0.200 0.300 0.682 0.451 0.453 0.247 0.487 0.784

N 8,516 8,516 8,516 8,516 8,516 8,516 8,516 8,516 8,516 8,516 8,516 8,516 8,516 8,516 8,516

Total Formal Informal
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Table 4.14 – Regression of the spatial wage against local characteristics and the iteration of density groups and the local unemployment rate, OLS, FE and SAR, 

2000 and 2010. 

 
*Dependent variable is the spatial wage that results from the first stage regression of the logarithm of the individual hourly wage controlled by education attainment, sector of 

activity, occupation, age, age squared, if the individual is a student, the head of the household, or self-reported black or brown. First-stage estimation results are presented in 

Table A.16 in the Appendix. 

Source: Author’s elaboration. 

  

OLS OLS FE SAR SAR - FE OLS OLS FE SAR SAR - FE OLS OLS FE SAR SAR - FE

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11 Model 12 Model 13 Model 14 Model 15

ln(unemployment)*Density < 1 -0.092*** -0.085*** -0.058** -0.093*** -0.060* -0.103*** -0.041 -0.027 -0.045 -0.032 -0.121*** -0.113*** -0.079*** -0.129*** -0.081*

ln(unemployment)*Density >= 1 and density < 2 -0.051*** -0.013 0.033 -0.012 0.033 -0.076*** -0.007 -0.030 -0.016 -0.035 -0.079*** -0.026 0.046* -0.020 0.047

ln(unemployment)*Density >= 2 and density < 5 -0.028*** -0.017 -0.031** -0.001 -0.027 -0.055*** -0.057*** -0.094*** -0.050*** -0.089*** -0.059*** -0.045*** -0.050*** -0.034** -0.047**

ln(unemployment)*Density >= 5 and density < 10 -0.018*** -0.007 -0.038*** 0.002 -0.039** -0.043*** -0.013 -0.014 -0.010 -0.020 -0.052*** -0.020 -0.038*** -0.011 -0.039**

ln(unemployment)*Density >= 10 and density < 20 -0.023*** -0.004 -0.012 0.017* -0.005 -0.042*** -0.025** -0.027 -0.045 -0.032 -0.058*** -0.023* -0.024* -0.010 -0.018

ln(unemployment)*Density >= 20 and density < 50 -0.041*** -0.049*** -0.046*** -0.001 -0.038* -0.047*** -0.057*** -0.030 -0.016 -0.035 -0.073*** -0.070*** -0.035* -0.031** -0.026

ln(unemployment)*Density >= 50 -0.057*** -0.070*** 0.110*** 0.011 0.099** -0.059*** -0.042 -0.094*** -0.050*** -0.089*** -0.102*** -0.124*** 0.088** -0.051* 0.090*

W*ln(unemployment)*Density < 1 -0.020 -0.093*** 0.014 -0.057 -0.087*** -0.014 -0.010 -0.020 -0.035 -0.123*** 0.015 -0.083

W*ln(unemployment)*Density >= 1 and density < 2 -0.052** -0.170*** -0.038* -0.139*** -0.094*** 0.000 -0.011 0.009 -0.082*** -0.218*** -0.061** -0.185***

W*ln(unemployment)*Density >= 2 and density < 5 -0.024 -0.113*** -0.037*** -0.083*** -0.018 -0.060*** -0.030** -0.056** -0.041** -0.130*** -0.033* -0.097***

W*ln(unemployment)*Density >= 5 and density < 10 -0.024* -0.106*** -0.031*** -0.073*** -0.051*** 0.094** 0.007 0.083 -0.059*** -0.155*** -0.047*** -0.118***

W*ln(unemployment)*Density >= 10 and density < 20 -0.031** -0.113*** -0.050*** -0.091*** -0.036** -0.032 -0.053* -0.006 -0.062*** -0.158*** -0.052*** -0.129***

W*ln(unemployment)*Density >= 20 and density < 50 -0.004 -0.057*** -0.041*** -0.040* -0.009 -0.066** -0.057** -0.034 -0.028* -0.126*** -0.036** -0.102***

W*ln(unemployment)*Density >= 50 -0.001 -0.130*** -0.063*** -0.111*** -0.039 -0.020 -0.005 -0.001 -0.008 -0.209*** -0.037 -0.185***

W*Dependent variable 0.610*** 0.280*** -0.036*** -0.058** 0.528*** 0.187***

Constant Yes Yes Yes Yes Yes Yes Yes Yes Yes

% people completed at least middle school Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Region Yes Yes Yes Yes Yes Yes

MCA fixed effects Yes Yes Yes Yes Yes Yes

LM lag 1,936.1 1,948.5 389.0 1,045.2 1,025.5 667.4 800.1 1,086.9 145.9

LM error 474.3 470.5 396.2 305.6 294.0 255.2 1,100.9 298.2 134.0

LM lag robust 1,462.8 1,479.7 224.9 786.9 782.6 525.6 25.8 812.6 101.7

LM error robust 1.0 1.7 232.1 47.3 51.1 113.4 326.6 24.0 89.8

R
2

0.521 0.522 0.335 0.598 0.838 1045.227 1025.513 667.443 0.000 0.000 0.450 0.453 0.253 0.492 0.785

Total Formal Informal
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The preferred estimates are Models 5, 10 and 15 of Tables 4.13 and 4.14. They provide 

comparisons between the formal and the informal sectors and the whole labour market, control for 

unobserved local characteristics and try to deal with spatial dependence.  From Table 4.13, the 

estimated wage elasticity in relation to the unemployment rate is very similar for the formal and 

the informal sectors (-0.024 and -0.023, respectively), but its spatial lag has a much larger 

coefficient in the case of the informal sector (-0.117, against -0.038 for the formal sector). 

The main conclusions of these results are the following: (i) wage flexibility is higher in less dense 

local labour markets; (ii) wages in the informal sector are more flexible than in the formal sector; 

(iii) it is essential to control for unobserved local characteristics in order to obtain the true elasticity 

of wages to local unemployment rates; (iv) it is important to control for spatial effects when the 

unit of analysis is sufficiently small; (v) a significant part of the difference between the formal and 

the informal sectors rely on spatial effects. 

 

4.7 Conclusion 

This chapter aimed to provide a comprehensive analysis of the wage curve in Brazil, exploring 

different databases in order to obtain a deep understanding of the mechanisms that are behind the 

process of wage bargaining. In order to do that, a theoretical framework combining wage 

bargaining, institutional costs and efficiency wages is provided, distinguishing the formal and the 

informal sectors by the relative level of bargaining power of workers employed in each of them. 

Many empirical issues are investigated, aiming to understand their influence over the relationship 

of wages and local unemployment rates. Among them, it is possible to highlight multilevel analysis, 

endogeneity of the unemployment rate, selection bias, spatial dependence, and the degree to which 

the wage curve is dynamic or not. 

The first set of results examined the wage curve in a more aggregated context, for six metropolitan 

regions. The informal sector seems be more flexible to economic downturns. This result seems to 

corroborate other findings in the literature for the wage curve in developing economies.  However, 

the analysis of just a few metropolitan regions of the country is not enough to get a deep 

understanding of the whole underlying processes. Another conclusion of this set of results is that 

individual fixed effects should be controlled for whenever possible, as they explain a large share 
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of wage differentials. However, in the particular case of PME, their inclusion do not leave enough 

variation to capture the wage curve relationship. 

Then, the analysis of the wage curve with state-level data from PNAD provided some insights into 

the differences of wage flexibility between urban and rural areas. In fact, higher accessibility to 

alternative jobs in agglomerated urban areas seemed to reduce the bargaining power of firms, 

decreasing their capacity to change offered wages according to the business cycle. There was also 

an indication of labour market dualism and a much higher wage flexibility could be found in the 

informal sector, following the literature (Section 4.3).  

Finally, Census data seems to provide the best regional disaggregation to study the wage curve in 

Brazil. In fact, when local characteristics were adequately controlled for, the findings suggested 

that wage flexibility was higher in less dense local labour markets and wages in the informal sector 

were much more adjustable than those in the formal sector. Furthermore, spatial dependence is a 

relevant issue to account for all possible effects related to the accessibility of jobs to neighbouring 

areas and for common shocks at the local labour market level. In this sense, a large part of the 

difference between the formal and the informal sector is due to the spatial lag of the unemployment 

rate. 

All these results corroborate the main predictions from the model discussed in Section 4.4. In fact, 

labour market dualism is an essential ingredient in the evaluation of the wage curve in developing 

economies. However, this type of analysis should be conducted in the adequate regional level 

(labour market areas). When this step is followed, it is possible to find a relevant impact of city 

size on the relative bargaining power of workers and firms.  
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5. CONCLUSION 

 

This final chapter summarizes the main findings of this dissertation and discusses possible 

opportunities for future research on agglomeration economies in Brazil.  

Cities seem to have triumphed, despite all possible negative consequences of urban concentration. 

The increasing agglomeration of workers and firms may generate congestion costs, and even 

though large cities present higher prices (transportation, land, work, life cost), there is still an 

ongoing trend of economic agents being attracted towards urban centres.  

In Brazil, the urbanisation rate went from 77.6% to 85.7% between 1995 and 2015. During the past 

decades, these changes were fuelled by migration flows from rural to urban areas and from lagging 

to leading regions. Despite this trend towards urban concentration, there is still a pronounced 

disparity in wage and productivity levels according to the city size. For instance, GDP per capita 

in the sixteen largest urban centres in 2012 (with one million inhabitants or more) was more than 

twice the GDP per capita observed in municipalities with population up to 50,000. Such resilient 

differential indicates that productivity seems to be higher in large urban centres, but congestion 

and life costs can also present this pattern. Saturated cities in terms of access to public services 

may be attractive for individuals who can profit the most from their advantages. At the same time, 

medium-sized cities become the destination for less-skilled individuals, looking for a lower life-

cost. Thus, understanding the main consequences of this process is of keen importance for Brazil.  

Agglomeration economies constitute one of the possible explanations for the success of cities, 

being associated to an increasing productivity in large urban areas. They can be investigated in the 

context of local labour markets, whose outcomes result from a combination of spatial and labour 

market equilibriums. This dissertation aims to bring new elements to the discussion of the 

relationship between urban size and local labour markets outcomes in a developing economy. 

Each empirical exercise developed here presents a different perspective over the location decisions 

of firms and workers, the resulting mix of sectors and skills, and the relative bargaining power that 

sets wages at the local level. According to the results obtained in Chapter 2, the location of firms 

in large cities is more profitable for technology and knowledge-intensive sectors. At the same time, 
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highly educated individuals are more likely to benefit from working in large cities. They are also 

more prone to migrate to denser areas and to stay there afterwards, as discussed in Chapter 3. 

In a sense, these two main results complement each other: large cities become topmost centres of 

high-complexity economic sectors, with self-selected high-skilled individuals. Firms in these 

sectors are more likely to demand labour with higher qualification, and high-qualified workers are 

able to find better jobs. Matchings in the labour market will be more frequent and will have a higher 

quality. This type of environment stimulates knowledge exchange and innovation, increasing local 

productivity. 

Economic interactions in large cities have additional effects over bargaining schemes and 

equilibrium outcomes of local labour markets. In this context, wage flexibility estimated by the 

wage curve is lower in large urban areas, indicating that a high matching probability in the labour 

market decreases firms’ capacity to adjust wages (Chapter 4). The higher sector diversity usually 

found in bigger cities is one additional factor to reduce local wage sensitivity to economic 

downturns, as this industrial composition is able to accommodate uncorrelated random sector-

specific shocks and reduce uncertainty.  

Therefore, agglomeration economies seem to reinforce the main mechanisms that generate spatial 

concentration and regional inequality. Large urban centres become even more productive, with a 

larger share of high-skilled workers and an economic composition concentrated in high-complexity 

sectors. Furthermore, firms in these centres will have a lower capacity of adjusting wages according 

to economic fluctuations, resulting in a higher wage level.  

Contributions of this work to the literature are manifold. Firstly, it provides variations of the 

estimation of agglomeration economies in Brazil, controlling for individual unobserved 

characteristics and exploring sector specificities. Secondly, it aims to understand the importance of 

city size to migration decisions, providing a deep understanding of the sorting process of workers. 

A special focus is given to the relevance of city size in migration decision. Furthermore, workers 

who migrate are more or less benefited from agglomeration economies depending on their 

qualification and their previous work experience. This is the first study aiming to measure dynamic 

agglomeration economies and the learning process that takes place in cities of a developing 

country, according to the knowledge of the author.  
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The final contribution relates to the estimation of the wage curve. A theoretical framework 

encompassing the main specificities of the labour market in a developing economy is proposed, 

with a large informal sector and potential spatial spillovers. This model adapts union bargaining 

and efficiency wage elements into a unique model, with an explicit regional dimension. The main 

predictions of this model are tested with three databases, covering different issues that are relevant 

in this literature. This investigation indicates that formal jobs in large urban areas will be less 

flexible to economic downturns. Such study is an effort to understand the implications of 

agglomeration economies in a more practical way. 

 

5.1 Specific results 

The main specific results found in each chapter can be summarised in the following way. Chapter 

1 has presented a brief literature review on static and dynamic agglomeration economies, with a 

discussion of the main mechanisms that generate them. This discussion indicates that local 

characteristics may have a once-and-for-all positive effect over productivity (static advantages). 

Moreover, interactions between economic agents may imply in a specific path for local productivity 

growth, generating dynamic agglomeration externalities. In this sense, agglomerations may have 

long-lasting benefits, affecting the productivity growth trend for each city and economic agent over 

time. 

Then, Chapter 2 provides the estimation of agglomeration economies with a clear focus on their 

industrial scope. Five broad sectors are defined (S1 – Manufacturing low-tech; S2 – Manufacturing 

medium-tech; S3 – Manufacturing high-tech; S4 – Services less-knowledge; and S5 – Services 

high-knowledge), and the main conclusion is that the best possible industrial mix to foster 

productivity may vary according to the sector technological intensity. In the case of S5, it seems 

that only diversity has a positive and significant relationship with local wages, suggesting that the 

Jacobian perspective is more appropriate. For S1, S2, and S4, even if diversity is positive and 

significantly related to wages, the combination of positive specialisation and negative competition 

coefficients indicates that the MAR framework could be more adequate to explain these patterns. 

For S3, both Marshall’s and Jacobs’s perspectives seem to be relevant. These results are robust to 

different specifications and estimation strategies.  
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Chapter 3 presents two main sets of results. The first of them aims to understand selection in initial 

and return migration of workers. Among the main conclusions, highly-educated individuals are 

more likely to migrate to work in a different place. In addition, the way incentives are laid down in 

space makes it more likely for regional inequalities to increase, as cities with a higher percentage 

of skilled workers attract more highly-qualified individuals.  

Furthermore, second migration seems to reinforce the effects of first-time migration, because 

workers who decide to return to their city of origin are usually less qualified than those who stay 

in the first destination, and individuals who decide to move to a third place are positively selected 

once again. Initial productivity of workers who later decided to migrate to a dense city is higher 

than that of those who move to less dense cities. However, the lowest initial wage level is found 

for workers who have not migrated in any time. These results are in accordance to previous studies 

estimating migration models for workers in the formal sector in Brazil. 

The second set of results of Chapter 3 concerns the estimation of the urban wage premium 

highlighting the differences between static and dynamic agglomeration externalities. Whenever 

workers’ fixed effects are taken into account, they capture most of the effect of local density over 

wages. The inclusion of previous work experiences in different cities aims to capture dynamic 

agglomeration advantages. In this case, static agglomeration advantages become insignificant and 

whenever years of previous experience are combined with the current place of work, individuals 

working in less dense cities who had previous experience in denser areas will benefit the most from 

these gains. Finally, the inclusion of worker characteristics in these dynamic advantages settings 

shows that previous experience has a relevant impact on wage growth only in cities with at least 

the same density level of the current place of work. Therefore, dynamic advantages are expected 

to be more relevant for migrants who move to denser cities. 

Finally, Chapter 4 provides different estimations of the wage curve in Brazil, based on a model that 

predicts that the informal sector in rural areas will be the most flexible segment in terms of wage 

adjustment to economic downturns. The empirical analysis corroborates these predictions, 

especially when the most appropriated regional disaggregation is considered (MCA level). The 

inclusion of spatial spillovers indicates that the accessibility to jobs in neighbouring areas and 

common shocks at the local labour market level (REGIC area) are both relevant. According to these 

results, a large share of the difference between the formal and the informal sectors is explained by 
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the spatial lag of the unemployment rate. Therefore, workers in the informal sector seem to be more 

mobile as they pursue better opportunities in neighbouring labour markets. As a result, the 

unemployment rate in the neighbouring areas will be more relevant for workers in the informal 

sector. 

 

5.2 Future research 

All these results indicate that agglomeration economies in Brazil are likely to stimulate spatial 

concentration and increase regional inequalities. This concentration process still seems to be in 

motion, indicating that congestion costs are not high enough to supersede agglomeration 

advantages. Workers and firms self-select themselves into agglomerated urban areas, in which they 

find a more diversified environment and a larger share of high-skilled individuals. Bigger centres 

also provide the conditions for workers to bargain for higher wages. This is the reason why certain 

firms prefer to locate in medium-sized cities, where they may have more bargaining power in the 

labour market. Furthermore, this effect increases hiring costs for firms in big cities.  

Large cities are successful because they generate opportunities for more productive and risk-taking 

individuals to look for a job and interact with other firms and workers. In this environment, workers 

are more likely to find a better matching for their qualifications. However, whenever the trade-off 

defined by higher wages and high living costs is not perceived as positive, some individuals may 

decide to move to less dense urban centres. 

The analysis of the existing literature and the contributions provided by this dissertation indicate a 

non-exhaustive list of topics that future research on agglomeration economies should focus: 

 Generate complete theoretical models covering all relevant dimensions to workers and 

firms’ location decisions and their consequences for local labour markets; 

 Include the housing market in the model to account for local costs and to provide a complete 

estimation of workers’ decisions; 

 Provide a unified framework to understand dynamic agglomeration economies related to 

the learning process in cities; 

 Bring agglomeration economies to a closer relation with economic theory; 
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 Include other types of proximity to improve the analysis of the interactions between 

workers and firms; 

 Find alternatives to data limitations in the estimation of the wage curve in developing 

countries; and 

 Further develop the analytical framework to investigate the wage curve, allowing for 

additional channels of interaction in space. 
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APPENDIX A1 – ADDITIONAL TABLES FOR THE INTRODUCTION 

 

Table A.1 – Description of the main databases considered in the dissertation. 

 
Source: Author’s elaboration. 

 

 

 

  

Database Period Regional coverage Design Information Database structure

RAIS-MIGRA annual, 1995-2008
Municipalities - 

whole country

Longitudinal - 

individual level

Formal sector, employed 

individuals, registration data
Population

Identified RAIS
annual, 2004, 2008, and 

2012

Municipalities - 

whole country

Longitudinal - 

individual level

Formal sector, employed 

individuals, registration data
Population

Demographic 

Census

every 10 years, 1991-2000-

2010

Municipalities, 

neighborhoods - 

whole country

Repeated cross 

sections - individual 

level

Education, work, migration, 

income, household 

characteristics, 

formal/informal sector, all 

income sources, 

unemployment

Sample

PNAD - National 

Household Sample 

Survey

annual, 1995-2013 (not 

conducted in 2000 and 

2010)

State level, excluding 

rural North before 

2004

Repeated cross 

sections - individual 

level

Education, work, migration, 

income, household 

characteristics, 

formal/informal sector, all 

income sources, 

unemployment

Sample

PME - Monthly 

Employment 

Survey

monthly - 2002-2014

6 metropolitan 

regions (São Paulo, 

Rio de Janeiro, Porto 

Alegre, Belo 

Horizonte, Recife 

and Salvador)

Individual - moving 

panel (individuals are 

interviewed for 4 

months, stay out of 

the sample for 8 

months and are 

interviewed for 4 

months again, if they 

don't move)

Education, work, labor 

income, formal/informal 

sector, unemployment

Sample
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APPENDIX A2 – ADDITIONAL TABLES FOR CHAPTER 2 

 

 

Table A.2 - Description of the factors defined by Maciente (2012)38 which aggregates the skill requirements of 

each occupation in Brazil. 

 
    Source: Maciente (2012). 

 

                                                           
38 Maciente (2012) has developed a matching among the occupational classification in Brazil and the profile of skills 

based on ONET (Occupational Information Network). Using that, the author finds a weighting system for each ability 

required for the job, based on the worker qualification and the job complexity. Then, with a factor analysis it is possible 

to calculate the skill requirement of each occupation. 

Factor Description

1 Cognitive skills

2 Maintenance and operation skills

3 Assistance skills

4 Management skills

5 Design and engineering skills

6 Transportation skills

7 Artistic skills

8 Accuracy and automation skills

9 Supervised work skills

10 Teaching and social science skills

11 Physical strength

12 Telecommunication skills

13 Independence skills

14 Natural science skills

15 Attention skills

16 On-the-job experience

17 Conflict management skills

18 Team-work skills

19 Sales skills

20 Monitoring and compliance skills

21 Clerical skills
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Table A.3 - Indicators and measures of the industrial scope of agglomeration economies. 

 
Note 1: Region is area REGIC in the empirical analysis. 

Source: Authors’ own calculations. 
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Table A.4 - Definition and description of the main variables considered in the model of Chapter 2. 

 
      Source: Authors’ own calculations. 
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Table A.5 - Aggregations of manufacturing and service industries according to technological knowledge 

intensity.39 

 
    Source: Authors’ own calculations. 

 

 

 

  

                                                           
39 This classification is based on the one proposed by Eurostat: http://ec.europa.eu/eurostat/statistics-

explained/index.php/Glossary:High-tech (last accessed on 15/01/2915). 

http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:High-tech
http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:High-tech
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Table A.6 - Comparison of selected descriptive statistics of the full sample and the individuals with panel 

variation, 2012 (for the database 2004-2008-2012). 

 
Source: Authors’ own calculations. 

full 

sample
panel

full 

sample
panel

full 

sample
panel

full 

sample
panel

full 

sample
panel

ln(real hourly wage) 2.36 2.34 2.67 2.65 3.08 3.01 2.24 2.20 2.60 2.61

age 40.26 37.98 41.03 39.12 40.86 38.50 43.36 41.43 41.38 39.55

Education attainment

Illiterate 0.5% 0.3% 0.3% 0.1% 0.1% 0.0% 0.4% 0.2% 0.2% 0.1%

Incomplete primary school 27.8% 20.8% 21.1% 13.4% 10.9% 5.4% 31.3% 19.9% 11.7% 8.1%

Comp. primary school - incompl. middle school 26.0% 23.7% 23.7% 20.6% 18.4% 12.3% 30.7% 28.9% 18.1% 14.5%

Complete middle school - incomplete college 39.2% 45.1% 46.2% 53.8% 50.2% 56.3% 33.0% 45.0% 41.3% 44.0%

College degree or more 6.6% 10.1% 8.8% 12.1% 20.5% 26.0% 4.7% 6.0% 28.8% 33.3%

Firm size

Up to 4 employees 2.7% 3.1% 2.0% 2.5% 0.8% 1.2% 11.2% 8.6% 2.5% 2.5%

5 to 9 4.0% 4.9% 3.7% 4.2% 1.4% 1.7% 15.8% 10.8% 3.8% 4.2%

10 to 19 6.6% 7.4% 7.6% 7.8% 3.6% 4.2% 10.9% 10.9% 5.7% 6.1%

20 to 49 10.6% 12.0% 12.4% 13.2% 6.8% 8.7% 14.8% 16.7% 9.6% 9.8%

50 to 99 9.4% 10.5% 12.1% 13.9% 8.2% 10.2% 9.6% 12.0% 7.5% 7.9%

100 to 249 14.8% 16.1% 15.7% 19.1% 14.9% 16.2% 11.1% 14.3% 11.3% 12.4%

250 to 499 14.2% 15.2% 15.3% 15.6% 14.9% 15.2% 8.8% 10.4% 11.8% 12.4%

500 to 999 12.7% 13.9% 13.8% 11.7% 13.6% 14.9% 8.4% 8.1% 12.8% 12.7%

1,000 or more employees 25.0% 17.0% 17.3% 12.0% 35.8% 27.6% 9.6% 8.3% 35.1% 32.1%

Macro-region

North 1.7% 2.5% 1.3% 1.8% 1.6% 2.4% 2.1% 2.7% 2.6% 2.4%

North-east 14.7% 13.7% 7.0% 7.5% 2.8% 2.8% 13.9% 13.9% 13.2% 11.1%

South-east 49.6% 41.0% 70.2% 68.7% 76.0% 74.4% 66.8% 62.5% 67.7% 68.5%

South 29.6% 36.1% 20.0% 19.9% 18.9% 19.4% 12.8% 15.2% 11.1% 13.0%

Centre-West 4.4% 6.7% 1.5% 2.1% 0.7% 1.0% 4.4% 5.7% 5.4% 5.0%

Number of observations 45,902 6,722 34,487 4,645 37,840 6,179 72,014 13,890 58,350 18,032

S1 S2 S3 S4 S5

Manufacturing 

low-tech

Manufacturing 

medium-tech

Manufacturing 

high-tech

Services less-

knowledge

Services high-

knowledge
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Table A.7 - Results for the first-stage regressions, with and without individual fixed effects. 

 
*: α = 0.10; **: α = 0.05; ***: α = 0.01; 
Note 1: Additional controls are dummies for the iteration of REGIC area, year and industry, and a constant term. 

Source: Authors’ own calculations. 
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Table A.8 - Second-stage regression results for the spatial wage, with instrumental variables for ln(density) and OLS estimation in the first stage, 2004-

2008 and 2008-2012. 

 

*: α = 0.10; **: α = 0.05; ***: α = 0.01; 
Note 1: Additional controls are ln(area in square kilometres), ln(distance to the equator), ln(altitude), year dummies (2004 omitted), sector dummies, macro-region 

dummies (North omitted), constant. 

Note 2: Instruments for ln(density) are ln(density in 1940), ln(distance to the coast), dummy of sugar cane production in colonial times, dummy of gold prospection 

in colonial times, dummy of coffee production in colonial and imperial times. 

Source: Authors’ own calculations. 
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APPENDIX A3 – ADDITIONAL TABLES FOR CHAPTER 3 

 

Table A.9 - Definition and source of the main variables considered in the model. 

 
Source: Authors’ own calculations.

Variables Definition Level Data source

Hourly wage Monthly wage received in December divided by 4.3 times the number 

of weekly hours in the contract.

Individual RAISMIGRA  microdata

Age Age at the end of the year. Individual RAISMIGRA  microdata

Tenure Number of years working in the same firm Individual RAISMIGRA  microdata

Education 

attainment

Less than 8 years of schooling, 8 to 10 years of schooling, 11 to 14 

years of schooling, 15 years of schooling or more

Individual RAISMIGRA  microdata

Firm size Size of the firm in which the individual is working: up to 4 employees, 

5 to 9, 10 to 19, 20 to 49, 50 to 99, 100 to 249, 250 to 499, 500 to 999, 

1,000 employees or more.

Individual RAISMIGRA  microdata

Labour density in 

the formal sector
Total employment divided by the area (in km

2
). REGIC RAIS - aggregated data

Area Area in km
2
. REGIC IPEADATA

Sector manufacture; food and accommodation; transport and 

communication; finance, insurance, pensions and other services; real 

estate, rents and services to companies; education; health and social 

services; personal services and other sectors.

Individual RAISMIGRA  microdata

Macroregion North, North-east, South-east, South, Centre-West REGIC

1st time migration Dummy that equals one in the year the individual has moved for the 

first time since 1995

Individual RAISMIGRA  microdata

2nd time migration Dummy that equals one in the year the individual has moved for the 

second time since 1995, provided he moved once.

Individual RAISMIGRA  microdata
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APPENDIX A4 – ADDITIONAL TABLES FOR CHAPTER 4 

 

Table A.10 – Definition and source of the main variables considered in the model of the wage curve, PME, 

PNAD and Census. 

 

 

PME (continues)

Variables Definition Level Data source

Hourly wage Monthly wage received in each month divided by 4.3 times the 

number of weekly hours in the contract, deflated by the local INPC.

Individual PME panel

Unemployment rate Individuals without a job who actively looked for a new position in 

the previous month over the economically active population.

Metropolitan 

region

PME

Age Age at the month of the interview. Individual PME panel

Student Dummy variable that equals one if the individual is currently studying 

and zero otherwise.

Individual PME panel

Education 

attainment

Less than 1 year of schooling, 1 to 3 years of schooling, 4 to 7 years 

of schooling, 8 to 10 years of schooling and 11 years of schooling or 

more.

Individual PME panel

Self reported black 

or brown

Individuals who identified themselves as black or brown. Individual PME panel

Sector of activity Manufacture, construction, commerce and repair, financial services 

and real estate, other services, other sectors.

Individual PME panel

Metropolitan 

region

Place in which the individual lives: Recife, Salvador, Belo Horizonte, 

Rio de Janeiro, São Paulo and Porto Alegre.

Individual PME panel

Month Month in which the interview was done. Individual PME panel

Year Year in which the interview was done. Individual PME panel

PNAD

Variables Definition Level Data source

Hourly wage
Monthly wage received in October divided by 4.3 times the number of 

weekly hours in the contract, deflated by the national INPC.

Individual PNAD microdata

Unemployment rate Individuals without a job who actively looked for a new position in 

the previous month over the economically active population.

State PNAD

Age Age in October of each year. Individual PNAD microdata

Tenure Number of years in the same job. Individual PNAD microdata

Per capita income 

ex-wage

Household per capita income ex-wage obtained by any household 

member.

Individual PNAD microdata

Education 

attainment

Less than 1 year of schooling, 1 to 3 years of schooling, 4 to 7 years 

of schooling, 8 to 10 years of schooling, 11 to 14 years of schooling, 

and 15 years of schooling or more.

Individual PNAD microdata

Student Dummy variable that equals one if the individual is currently studying 

and zero otherwise.

Individual PNAD microdata

Self reported black 

or brown

Individuals who identified themselves as black or brown. Individual PNAD microdata

Sector of activity Agriculture, manufacture, construction, other industrial activities, 

commerce, services, auxiliary services, transport and communication, 

social services, other activities.

Individual PNAD microdata

Occupation group Technical, scientific, artistic or similar; administrative; agriculture, 

livestock, extractive activities; manufacture; commerce and auxiliary 

activities; transport, communication, services and others.

Individual PNAD microdata

Head of the 

household

Dummy variable that equals one if the individual is the head of the 

household and zero otherwise.

Individual PNAD microdata

People who have 

children under 15

Dummy variable that equals one if the individual has children under 

15 and zero otherwise.

Individual PNAD microdata
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Source: Author’s own calculations. 

 

 

 

  

Demographic Census (ends)

Variables Definition Level Data source

Hourly wage
Monthly wage received in July divided by 4.3 times the number of 

weekly hours in the contract, deflated by the national INPC.

Individual Census microdata

Unemployment rate Individuals without a job who actively looked for a new position in 

the previous month over the economically active population.

MCA Census

Density Total population divided by the area (in km
2
). MCA Census

Area Area in km
2
. MCA Census

Self reported black 

or brown

Individuals who identified themselves as black or brown. Individual Census microdata

Age Age in July of each year. Individual Census microdata

Education 

attainment

Less than 7 years of schooling, 8 to 10 years of schooling, 11 to 14 

years of schooling and 15 years of schooling or more.

Individual Census microdata

Student Dummy variable that equals one if the individual is currently studying 

and zero otherwise.

Individual Census microdata

Sector of activity Agriculture, manufacture, construction, other industrial activities, 

commerce, services, auxiliary services, transport and communication, 

social services, other activities.

Individual Census microdata

Occupation group Leaders; scientific, artistic or similar; technical level; administrative 

service; commerce and service; agriculture, livestock, extractive 

activities; manufacture.

Individual Census microdata
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Table A.11 – Number of observations in each month and year of the PME panel database. 

 

Source: PME panel. 

  

January February March April May June July August September October November December

2003 607 1,038 1,050 1,061 1,146 1,097 1,135 1,086 1,228 1,152

2004 1,185 1,104 1,296 1,228 1,280 1,206 1,309 1,152 1,204 1,175 1,336 1,299

2005 1,286 1,137 1,424 1,269 1,339 1,226 1,349 1,276 1,308 1,272 1,359 1,398

2006 1,339 1,190 1,433 1,322 1,377 1,260 1,442 1,407 1,430 1,360 1,443 1,412

2007 1,322 1,246 1,413 1,370 1,367 1,401 1,476 1,430 1,417 1,384 1,551 1,456

2008 1,348 1,289 1,461 1,468 1,326 1,497 1,479 1,396 1,422 1,377 1,529 1,514

2009 1,454 1,365 1,392 1,513 1,430 1,413 1,552 1,382 1,439 1,407 1,472 1,418

2010 1,399 1,325 1,353 1,474 1,454 1,353 1,494 1,353 1,407 1,406 1,542 1,352

2011 1,315 1,267 1,415 1,424 1,393 1,355 1,462 1,357 1,462 1,368 1,590 1,441

2012 1,293 1,285 1,423 1,381 1,401 1,335 1,422 1,314 1,487 1,337 1,487 1,447

2013 1,330 1,289 1,497 1,474 1,515 1,320 1,497 1,436 1,563 1,402 1,523 1,496

2014 1,454 1,306 1,568 1,553 1,456 1,245 828 807 824 744 801 802

2015 757 662 786 770 655 593
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Table A.12 – Complete estimation results of Models 1, 2, 5 and 6 of Tables 4.3 and 4.4. 

 
  Source: Author’s own elaboration. 

Total Informal Formal Total Informal Formal Total Informal Formal Total Informal Formal

ln(unemployment rate) -0.012 -0.102** -0.007 -0.001 0.055 -0.001 -0.008 -0.058** -0.003 -0.002 0.021 -0.003

(0.016) (0.045) (0.017) (0.010) (0.039) (0.010) (0.007) (0.023) (0.007) (0.009) (0.035) (0.009)

ln(hourly wage)t-1 0.875*** 0.840*** 0.877*** 0.422*** 0.447*** 0.399***

(0.002) (0.006) (0.002) (0.003) (0.010) (0.003)

Student 0.120*** 0.077*** 0.134*** 0.003 -0.007 0.012** 0.017*** 0.018*** 0.018*** 0.006 -0.002 0.011**

(0.005) (0.011) (0.005) (0.005) (0.016) (0.005) (0.003) (0.007) (0.003) (0.004) (0.015) (0.005)

Age 0.075*** 0.063*** 0.072*** 0.008*** 0.009*** 0.007***

(0.001) (0.002) (0.001) (0.000) (0.001) (0.000)

Age
2 -0.001*** -0.001*** -0.001*** -0.000*** -0.000*** -0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Self-reported black or brown -0.228*** -0.194*** -0.232*** -0.024*** -0.025*** -0.024***

(0.003) (0.008) (0.003) (0.001) (0.004) (0.002)

Education level (less than 1 year of schooling omitted)

1 to 3 years of schooling 0.061*** 0.052* 0.063*** 0.008 0.021 0.005

(0.011) (0.029) (0.012) (0.005) (0.014) (0.006)

4 to 7 years of schooling 0.181*** 0.158*** 0.182*** 0.021*** 0.028** 0.019***

(0.010) (0.027) (0.011) (0.005) (0.012) (0.005)

8 to 10 years of schooling 0.327*** 0.272*** 0.330*** 0.043*** 0.040*** 0.042***

(0.010) (0.027) (0.011) (0.005) (0.013) (0.005)

11 years of schooling or more 0.753*** 0.618*** 0.759*** 0.094*** 0.096*** 0.092***

(0.010) (0.028) (0.011) (0.005) (0.013) (0.005)

Sector of activity (industry omitted)

Construction -0.061*** -0.135*** -0.009 -0.029*** -0.073*** -0.009 -0.011*** -0.028*** -0.003 -0.016*** -0.044** -0.004

(0.006) (0.014) (0.006) (0.006) (0.023) (0.007) (0.002) (0.007) (0.003) (0.005) (0.020) (0.006)

Commerce and repair -0.221*** -0.166*** -0.216*** -0.055*** -0.052*** -0.043*** -0.033*** -0.027*** -0.032*** -0.041*** -0.020 -0.035***

(0.004) (0.012) (0.004) (0.004) (0.017) (0.005) (0.002) (0.006) (0.002) (0.004) (0.015) (0.004)

Finance, real estate, serv. to companies -0.046*** 0.130*** -0.059*** -0.022*** 0.015 -0.026*** -0.008*** 0.017** -0.009*** -0.017*** 0.018 -0.022***

(0.005) (0.016) (0.005) (0.005) (0.023) (0.005) (0.002) (0.008) (0.002) (0.005) (0.020) (0.005)

Other services -0.108*** -0.069*** -0.101*** -0.010** 0.010 -0.008 -0.015*** -0.014** -0.013*** -0.005 0.016 -0.005

(0.004) (0.013) (0.005) (0.005) (0.022) (0.006) (0.002) (0.006) (0.002) (0.005) (0.020) (0.005)

Other activities -0.274*** -0.285*** -0.232*** -0.067*** -0.088 -0.048** -0.036*** -0.052** -0.026** -0.050*** -0.051 -0.040**

(0.018) (0.034) (0.021) (0.017) (0.054) (0.019) (0.009) (0.022) (0.010) (0.015) (0.048) (0.018)

Metropolitan region Yes Yes Yes Yes Yes Yes

Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Month Yes Yes Yes Yes Yes Yes

Individual fixed effects Yes Yes Yes Yes Yes Yes

N 193,934 23,553 170,381 193,934 23,553 170,381 193,934 23,553 170,381 193,934 23,553 170,381

Adjusted R
2 0.355 0.386 0.335 0.858 0.832 0.856

R
2
 within 0.0221 0.0255 0.0192 0.2002 0.2347 0.1793

R
2
 between 0.046 0.0824 0.0357 0.8116 0.7522 0.8017

1) OLS 2) FE 5) DYNAMIC OLS 6) DYNAMIC FE
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Table A.13 – Complete estimation results of Models 3, 4, 7 and 8 of Tables 4.3 and 4.4. 

 
Source: Author’s own elaboration. 

 

Total Informal Formal Total Informal Formal Total Informal Formal Total Informal Formal

ln(unemployment rate) -0.012 -0.161*** -0.003 -0.004 0.037 0.003 -0.007 -0.078** 0.000 -0.001 -0.005 0.005

(0.021) (0.062) (0.023) (0.013) (0.053) (0.013) (0.010) (0.032) (0.010) (0.012) (0.047) (0.012)

ln(hourly wage)t-1 0.875*** 0.840*** 0.877*** 0.422*** 0.447*** 0.399***

(0.002) (0.006) (0.002) (0.003) (0.010) (0.003)

Student 0.120*** 0.077*** 0.134*** 0.003 -0.007 0.012** 0.017*** 0.018*** 0.018*** 0.006 -0.002 0.011**

(0.005) (0.011) (0.005) (0.005) (0.016) (0.005) (0.003) (0.007) (0.003) (0.004) (0.015) (0.005)

Age 0.075*** 0.063*** 0.072*** 0.008*** 0.009*** 0.007***

(0.001) (0.002) (0.001) (0.000) (0.001) (0.000)

Age
2 -0.001*** -0.001*** -0.001*** -0.000*** -0.000*** -0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Self-reported black or brown -0.228*** -0.194*** -0.232*** -0.024*** -0.025*** -0.024***

(0.003) (0.008) (0.003) (0.001) (0.004) (0.002)

Education level (less than 1 year of schooling omitted)

1 to 3 years of schooling 0.061*** 0.052* 0.063*** 0.008 0.021 0.005

(0.011) (0.029) (0.012) (0.005) (0.014) (0.006)

4 to 7 years of schooling 0.181*** 0.158*** 0.182*** 0.021*** 0.027** 0.019***

(0.010) (0.027) (0.011) (0.005) (0.012) (0.005)

8 to 10 years of schooling 0.327*** 0.272*** 0.330*** 0.043*** 0.040*** 0.042***

(0.010) (0.027) (0.011) (0.005) (0.013) (0.005)

11 years of schooling or more 0.753*** 0.617*** 0.759*** 0.094*** 0.096*** 0.092***

(0.010) (0.028) (0.011) (0.005) (0.013) (0.005)

Sector of activity Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Metropolitan region Yes Yes Yes Yes Yes Yes

Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Month Yes Yes Yes Yes Yes Yes

Individual fixed effects Yes Yes Yes Yes Yes Yes

F test instrument (ln(unemp. rate)t-12) 199,736 23,828 175,604 199,735 23,817 175,601

R
2
 within  - 1st stage 0.766 0.762 0.765 0.766 0.762 0.765

R
2
 between  - 1st stage 0.951 0.947 0.950 0.951 0.946 0.950

N 193,934 23,553 170,381 193,934 23,553 170,381 193,934 23,553 170,381 193,934 23,553 170,381

Adjusted R
2 0.355 0.386 0.335 0.858 0.832 0.856

R
2
 within 0.022 0.026 0.019 0.200 0.235 0.179

R
2
 between 0.046 0.084 0.036 0.812 0.753 0.802

3) 2SLS 4) FE-2SLS 7) 2SLS DYNAMIC 8) FE-2SLS DYNAMIC
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Table A.14 – Complete estimation results of Table 4.6. 

 
    Source: Author’s own elaboration. 

1a) Total 2a) 3a) Informal 1b) Total 2b) Formal 2c) Informal 3a) Total 3b) Formal 3c) Informal

ln(unemployment rate) 0.296*** -0.010 0.390*** -0.076*** -0.147*** -0.098*** 0.295*** 0.010 0.362***

Student -0.786*** -0.661*** -0.726*** 0.684*** -1.584*** 0.369*** -0.613*** -0.583*** -0.598***

Age 0.180*** 0.014*** 0.312*** 0.004 -0.009*** -0.043*** 0.167*** 0.013*** 0.274***

Age
2 -0.003*** -0.001*** -0.004*** 0.000*** -0.001*** 0.001*** -0.003*** -0.000*** -0.004***

Tenure 0.022*** 0.013*** 0.020*** -0.001 -0.004*** 0.008*** 0.024*** 0.018*** 0.021***

Tenure
2 -0.000*** -0.000*** -0.000*** -0.000*** 0.000 -0.000*** -0.000*** -0.001*** -0.000***

Self-reported black or brown 0.063*** 0.035*** 0.046*** -0.358*** 0.577*** -0.188*** 0.001 -0.008** -0.007***

Education level (less than 1 year of schooling omitted)

1 to 3 years of schooling 0.165*** -0.087*** 0.458*** 0.261*** -0.605*** -0.007 0.196*** -0.003 0.349***

4 to 7 years of schooling 0.287*** -0.242*** 0.905*** 0.493*** -1.054*** 0.024** 0.333*** -0.114*** 0.695***

8 to 10 years of schooling 0.543*** -0.344*** 1.473*** 0.558*** -1.277*** -0.070*** 0.551*** -0.208*** 1.140***

11 to 14 years of schooling 0.877*** -0.587*** 2.080*** 0.819*** -2.574*** -0.125*** 0.859*** -0.404*** 1.663***

15 years of schooling or more 1.003*** -0.180*** 1.993*** 1.764*** -2.661*** 0.817*** 1.063*** 0.007 1.697***

Sector of activity (Other activities omitted)

Agriculture -0.234*** -0.267*** -0.181*** 0.133*** 0.096*** 0.065*** -0.192*** -0.228*** -0.127***

Manufacture -0.039*** -0.122*** -0.050*** 0.158*** 0.216*** 0.129*** -0.032*** -0.107*** -0.041***

Construction -0.108*** -0.156*** -0.035*** 0.170*** 0.093*** 0.189*** -0.107*** -0.159*** -0.027***

Other industrial activities 0.075*** -0.121*** 0.081*** 0.046*** 0.059** -0.019 0.089*** -0.089*** 0.090***

Commerce -0.176*** -0.201*** -0.184*** 0.016 0.033 0.014 -0.170*** -0.193*** -0.178***

Services -0.187*** -0.249*** -0.129*** 0.177*** 0.162*** 0.070*** -0.181*** -0.242*** -0.125***

Auxiliary services -0.114*** -0.134*** -0.105*** 0.200*** 0.176*** 0.218*** -0.111*** -0.129*** -0.101***

Transport and communication -0.005 -0.099*** 0.023*** 0.100** 0.055 0.064 -0.003 -0.095*** 0.023***

Social -0.188*** -0.202*** -0.179*** 0.133*** 0.193*** 0.054 -0.186*** -0.196*** -0.178***

Occupation group (Transport, communication, services and others omitted)

Technical, scientific, artistic or similar 0.390*** 0.296*** 0.455*** -0.121** -0.104 -0.189*** 0.382*** 0.287*** 0.438***

Administrative 0.182*** 0.111*** 0.203*** -0.540*** -0.388*** -0.462*** 0.176*** 0.109*** 0.194***

Agriculture, livestock, extractive activities -0.156*** -0.181*** -0.046*** -0.343*** -0.289*** -0.340*** -0.155*** -0.202*** -0.061***

Manufacture 0.040*** -0.025*** 0.081*** -0.367*** -0.309*** -0.344*** 0.041*** -0.024*** 0.081***

Commerce and auxiliary activities 0.040*** -0.033*** 0.097*** -0.349*** -0.233*** -0.393*** 0.041*** -0.033*** 0.094***

Head of the household 0.286*** -0.025*** 0.461*** 0.011 -0.321*** -0.208*** 0.248*** -0.033*** 0.386***

People who have children under 15 0.036*** 0.027*** 0.023*** -0.152*** 0.284*** -0.076*** 0.015*** -0.001 0.011***

Lambda 2.619*** 2.363*** 3.233*** -2.185*** 4.823*** -1.408*** 2.161*** 2.273*** 2.721***

State Yes Yes Yes Yes Yes Yes Yes Yes Yes

Year Yes Yes Yes Yes Yes Yes Yes Yes Yes

Adjusted R
2 0.586 0.500 0.533 0.451 0.321 0.443 0.572 0.493 0.541

N (unweighted) 560,543 198,023 362,520 58,774 37,626 21,148 501,769 160,397 341,372

Total Rural Urban
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Table A.15 – First stage estimation results of Table 4.7. 

 
           Source: Author’s own elaboration. 

 

 

 

 

 

 

Total Formal Informal Total Formal Informal Total Formal Informal

Student -0.435*** -0.303*** -0.337*** -0.500*** -0.415*** -0.361*** -0.421*** -0.273*** -0.337***

Age 0.068*** -0.017*** 0.110*** 0.022*** -0.011*** 0.066*** 0.072*** -0.022*** 0.112***

Age
2 -0.001*** 0.000** -0.002*** -0.001*** -0.000*** -0.001*** -0.001*** 0.000*** -0.002***

Self-reported black or brown 0.075*** 0.046*** 0.055*** 0.213*** 0.169*** 0.134*** 0.049*** 0.027*** 0.036***

Education level (less than 1 year of schooling omitted)

1 to 3 years of schooling 0.042*** -0.083*** 0.160*** -0.119*** -0.182*** 0.091*** 0.088*** -0.034*** 0.152***

4 to 7 years of schooling 0.045*** -0.215*** 0.295*** -0.220*** -0.322*** 0.127*** 0.102*** -0.151*** 0.266***

8 to 10 years of schooling 0.127*** -0.317*** 0.491*** -0.205*** -0.399*** 0.280*** 0.173*** -0.256*** 0.441***

11 to 14 years of schooling 0.220*** -0.523*** 0.679*** -0.291*** -0.760*** 0.427*** 0.266*** -0.444*** 0.624***

15 years of schooling or more -0.048*** -0.588*** 0.358*** -0.607*** -0.859*** -0.016 0.003 -0.502*** 0.317***

Head of the household 0.060*** -0.123*** 0.141*** 0.095*** -0.127*** 0.308*** 0.047*** -0.135*** 0.125***

People who have children under 15 -0.035*** -0.049*** -0.013*** 0.107*** 0.058*** 0.104*** -0.064*** -0.069*** -0.038***

State Yes Yes Yes Yes Yes Yes Yes Yes Yes

Year Yes Yes Yes Yes Yes Yes Yes Yes Yes

Pseudo R
2 0.062 0.054 0.104 0.072 0.064 0.132 0.063 0.051 0.092

N (unweighted) 1,493,518 1,493,518 1,493,518 172,320 172,320 172,320 1,303,187 1,303,187 1,303,187

Total (rural and urban) Rural Urban
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Table A.16 – First stage estimation results of Table 4.11. 

 
 Source: Author’s own elaboration. 

 

 

Total Formal Informal

Student 0.016*** 0.065*** -0.073***

(0.003) (0.004) (0.006)

Age 0.055*** 0.049*** 0.051***

(0.001) (0.001) (0.001)

Age
2 -0.001*** -0.000*** -0.001***

(0.000) (0.000) (0.000)

Self-reported black or brown -0.100*** -0.105*** -0.084***

(0.002) (0.002) (0.004)

Education level (less than 7 years of schooling omitted)

8 to 10 years of schooling 0.187*** 0.174*** 0.162***

(0.002) (0.003) (0.005)

11 to 14 years of schooling 0.395*** 0.371*** 0.370***

(0.003) (0.003) (0.006)

15 years of schooling or more 0.990*** 0.974*** 0.919***

(0.006) (0.007) (0.016)

Head of the household 0.167*** 0.152*** 0.167***

(0.002) (0.002) (0.004)

Occupational group Yes Yes Yes

Sector of activity Yes Yes Yes

MCA-year dummy Yes Yes Yes

Adjusted R
2 0.572 0.547 0.490

N (unweighted) 459,441 300,280 159,161




