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Resumo

The urban wage premium (UWP) is a positive wage differential of individuals working in dense
areas. Few studies identify and compare the UWP between genders or analyze the female UWP.
It is precisely because there is different behavior between genders that the inclusion of women
becomes relevant. The female UWP investigation seeks to understand whether (i) agglomeration
economies in denser areas benefit men and women differently; (ii) the skill level of the occupa-
tion in the labor market influences the magnitude of the UWP between genders; (iii) the female
and male UWP change across the wage distribution. Thus, this paper aims to evaluate the UWP
for women in Brazil from 2012 to 2019 using the Continuous National Household Sample Survey
(PNADC/IBGE). These data allow the analysis of several characteristics of individuals, occupati-
ons, firms, and households, with national coverage and representativeness. The paper’s main result
shows that female UWP is almost double the male one, reaching 11.3% versus 5.7%. We also find
a higher UWP for women in subgroups based on the formality status in the labor market and
the agglomeration levels. Quantile regressions reveal different magnitude for the UWP throughout
the wage distribution and different trajectories between men and women. High-skill occupations
provide higher premiums in denser areas meaning that the labor market occupation also matters
for the female UWP magnitude. The main conclusion is that the UWP may be underestimated in
most studies that consider only men. Besides, the UWP can be overestimated not examining the
wage distribution. Therefore, this paper contributes to the UWP literature, by including women
and highlighting differences between genders beyond participation and wage level.
Keywords: Female labor market, urban wage premium, agglomeration levels, gender gap.
JEL classification: R23, J16, J21, J31
General Theme: Área 3: Economia do Trabalho, Economia Social e Demografia

Resumo

O prêmio salarial urbano (UWP) é um diferencial salarial positivo dos indivíduos que trabalham
em áreas densas. Poucos estudos identificam e comparam o UWP entre os gêneros ou analisam o
UWP das mulheres. É justamente por haver diferenças de comportamento entre os gêneros que
a inclusão feminina se torna relevante. A investigação do UWP das mulheres busca entender se
(i) as economias de aglomeração em áreas mais densas beneficiam homens e mulheres de maneira
diferente; (ii) o nível de qualificação da ocupação no mercado de trabalho influencia a magnitude
do UWP entre os gêneros; (iii) se existe diferença no UWP entre gêneros ao longo da distribuição
salarial. Assim, este artigo tem como objetivo avaliar a UWP para mulheres no Brasil no período de
2012 a 2019 por meio da Pesquisa Nacional Contínua por Amostra de Domicílios (PNADC/IBGE).
Esses dados permitem a análise de diversas características de indivíduos, ocupações, empresas e
famílias, com abrangência e representatividade nacional. O principal resultado do artigo mostra que
a UWP feminina é quase o dobro da masculina, atingindo 11.3% contra 5.7%. Também encontramos
um UWP mais alto para mulheres em subgrupos com base na situação de formalidade no mercado
de trabalho e nos níveis de aglomeração. As regressões quantílicas revelam diferentes magnitudes
para o UWP ao longo da distribuição de salários e diferentes trajetórias entre homens e mulheres.
As ocupações de alta qualificação oferecem prêmios mais elevados em áreas mais densas, o que
significa que a ocupação do mercado de trabalho também é importante para a magnitude do UWP
das mulheres. A principal conclusão é que o UWP pode estar subestimado na maioria dos estudos
que consideram apenas homens. Além disso, o UWP pode ser superestimado sem o exame da
distribuição salarial. Portanto, este artigo contribui para a literatura UWP, incluindo mulheres e
destacando as diferenças entre os gêneros além da participação e nível de salário.
Palavras-chave: Participação feminina no mercado de trabalho. Prêmio salarial urbano. Níveis
de aglomeração. Diferenciais de salário entre gêneros.
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1 Introduction

The urban wage premium (UWP) is the positive wage differential in dense geographical areas compa-
red to less dense regions. Several national and international studies have confirmed this differential’s
existence even after controlling for characteristics of individuals, occupations, and firms1. Agglomera-
tion economies2 and human capital are the main traditional mechanisms that can explain the existence
of the UWP3. However, a more recent line of investigation regarding the effects of specific individual
characteristics, such as the level of education or skill, experience, and age group4 and, especially in
developing countries, the role of the heterogeneity of workers in the labor market5 has added new
elements to the discussion.

Despite all the methodological advances in estimating the UWP, most studies focus on men, and
few studies analyze and identify the female UWP. The fewer existing empirical studies reported con-
troversial results. Meekes and Hassink (2018) find no relevant difference in the UWP between men and
women in the Netherlands between 2006 and 2014, whereas Jones, D’Aoust and Bernard (2017) iden-
tifies an UWP only for men in three African labor markets (Nigeria, Tanzania, and Uganda) between
2010 and 20136. On the other hand, Nisic (2017), Duranton (2016), and Phimister (2005) find a higher
UWP for women, that varies in magnitude depending on the country and the subsample of male and
female workers analized7.

The choice of the UWP literature to focus on men seeks to eliminate possible sources of selection
bias due to discrimination and other unobservable factors that affect women differently than men.
Also, the male workforce has more stable behavior, whereas women face adverse conditions such as low
wages, high unemployment, and poor working conditions (MENEZES-FILHO; MENDES; ALMEIDA,
2004). However, precisely because the level of participation, wages, and decisions of both genders are
distinct in the labor market, the inclusion of women in UWP analysis becomes relevant.

Thus, this paper aims to investigate the female urban wage premium, using a rich Brazilian labor
market database, which allows us to investigate female workers in both the formal and informal labor
markets. We will focus on estimating and identifying the female UWP, revealing the possible advantages
and disadvantages for women working in denser regions. We also compare female and male UWP. The
female UWP investigation seeks to understand whether (i) agglomeration economies in denser areas
benefit men and women differently; (ii) the skill level of the occupation in the labor market influences
the magnitude of the wage premium between genders; (iii) the female and male UWP change along
with the wage distribution.

A variety of channels may be behind the existence of differences between the male and female
UWP. Firstly, the decision to participate in the labor market8 also considers family coordination in the
decision-making process9 and the location of families. Thick labor markets are large enough to offer
suitable professional matches for both partners (MORETTI, 2012). Also, the existence of infrastructure

1Some examples of studies on developed countries are Combes, Duranton and Gobillon (2008), D’Costa and Overman
(2014), and Glaeser and Mare (2001). In Brazil, we have Chauvin et al. (2017), Silva, Santos and Freguglia (2016), and
Barufi (2015).

2Duranton and Puga (2004) conceptualizes the agglomeration economies, decomposing them into sharing, matching,
and learning.

3The studies by Moretti (2011, 2013), Behrens, Duranton and Robert-Nicoud (2014), and Roca and Puga (2017) deal
with the role of human capital, including the sorting process of more qualified individuals in dense areas.

4Examples are Moretti (2004), Gould (2007), Bacolod, Blum and Strange (2009), Andersson and Thulin (2013), Silva,
Santos and Freguglia (2016), and Carlsen, Rattsø and Stokke (2016).

5Such as studies like Duranton (2016), Matano, Obaco and Royuela (2020), and García (2019).
6The same result is reported by Krug and Nisic (2011) for urban areas in Germany between 1995 and 2007.
7Nisic (2017) estimates an UWP of 3.0% for married women and 1.4% for married men, in Germany between 1992

and 2012; Duranton (2016) reports an UWP of 6.3% for women and 4.9% for men in Colombia between 1996 and 2012;
Phimister (2005), for the United Kingdom from 1991 to 1998, with a 6.4% UWP for women and a 3.8% UWP for men.

8This topic is well-documented and examples of studies include those by Mincer (1978), Phimister (2005), Klasen
(2019), Passos and Guedes (2018).

9Mincer (1978) is seminal work in this area and, recently, the studies of Chiappori, Dias and Meghir (2018) and
Rendon, García-Pérez et al. (2018) explore the household model of marriage and labor decisions.
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and public services in cities, such as childcare, is an example of a policy that can incentivize women
in the labor market (PHIMISTER, 2005).

First, despite having mobility restrictions in the search for jobs related to time, distance, or fi-
nance, in metropolitan areas (MAs) women may benefit from the greater diversity and the broader
labor market, which facilitates and provides better matching between firms and workers (NISIC, 2017;
MADDEN; CHIU, 1990; MEEKES; HASSINK, 2018). Additionally, women may experience higher
career interruption, labor turnover, and job-to-job transition levels, and fewer working hours than
men. These facts can have positive or negative effects on their earnings throughout their career, affect
their accumulation of human capital, and imply earnings losses that may be greater in MAs due to the
agglomeration effects promoted by the learning process (PHIMISTER, 2005). By contrast, frequent
career changes and interruptions could mean that women benefit more from job matching in urban
areas; therefore, the adverse effects from the breaks itself should be lower in denser areas. Thus, the
agglomeration economies of dense areas may benefit men and women differently.

Second, factors related to the composition and allocation of women in the labor market can also
refer to differences in the magnitude of male and female UWP. The concentration of women in service
occupations – that can enable the combination of paid work and domestic activities – can generate
positive effects in urban areas, as they can promote access to positions with higher wages (YAHMED,
2018). Additionally, women in MAs are more frequently in white-collar occupations and large compa-
nies with a higher level of productivity and wages. In contrast, outside dense areas, they often work in
smaller companies and occupations linked to manufacturing or personal services that pay less (KRUG;
NISIC, 2011).

We collaborate with the scarce literature that estimates the UWP, focusing on women and compa-
ring it with the male estimates. Also, we show that studies focusing on men samples can underestimate
the general urban wage premium. The analysis concentrates on Brazilian Metropolitan Areas and uses
data from the Continuous Brazilian National Household Sample Survey (PNADC) for the period
between 2012 and 2019. The PNADC is a longitudinal database that provides rich individual infor-
mation about labor market transitions and the characteristics of the occupations and firms in which
workers are employed. An essential advantage of this database and one of the foremost innovative
aspects of our paper is that it allows us to investigate workers in both the formal and informal labor
markets10. Brazil presents an informal labor sector that employs more than 39% of the male and
female labor force in 2019. Thus, to the best of our knowledge, our paper is the first study estimating
the female UWP for a developing country with such a large informal sector.

Our third contribution to the empirical UWP literature is to use quantile regressions, an innovative
way to explore whether the agglomeration effects benefit both genders differently. Quantile regressi-
ons have rarely been applied in UWP studies11, and none analyze the premium of women. Female
workers are concentrated in unskilled and low-wage occupations, so the investigation throughout the
distribution of wages allow a better interpretation of the UWP. Additionally, we estimate and correct
the sample selection bias related to participation in the labor market, which is particularly relevant in
the case of female workers12.

The main result of this paper is that male UWP reaches 5.76%, while female UWP is double
that with 11.3%. This result is robust to several heterogeneity and robustness tests. The higher
UWP for women is not a recent evidence, as historic data show it in the last thirty years. We also
find a higher UWP for women in subgroups based on the formality status in the labor market and the
agglomeration levels. The quantile regressions show that the UWP has different magnitudes throughout
the distribution, and it has different trajectories between men and women, mainly in medium, large
and, extra-large MAs. The female UWP is lower at the beginning of the distribution, starting close

10Administrative registers in Brazil – as the Annual Social Information Report (RAIS), frequently used to estimate
the UWP – only cover the formal labor market.

11Matano and Naticchioni (2016) observes a higher UWP in the top quantiles for different groups of individuals across
migration patterns to less or highly dense areas. For Brazil, the only relevant study is that of Cruz and Naticchioni
(2012), who found a UWP that is 3.1 p.p. higher in the 90th quantile compared to the 10th quantile in 2002 and 2009.

12As pointed by Dalberto and Cirino (2018) and Chen and Hamori (2013).
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to the male UWP -– at around 7% — but it increases and exceeds 12% in the groups with higher
salaries (90th and 95th quantiles). High-skill occupations provide higher premiums in denser areas
— at medium, large, and especially at extra-large MAs — meaning that the occupation in the labor
market also matters in the female UWP magnitude. It seems that denser MAs provide an environment
where women in high-skilled occupations can benefit more from the agglomeration effects than women
in low-productive ones.

Therefore, the main conclusion of this paper is that the previous UWP results are underestimated
since female workers are neglected in most traditional UWP literature. Moreover, the UWP could
be over or underestimated for women and men if wage distribution is disregarded. We find strong
evidence that agglomeration effects do not benefit workers equally, and a higher female UWP can
also be attributed to changes in the female labor market composition. Denser areas tend to be more
favorable to women, as these areas have a higher share of women in high-skill occupations. This scenario
is consistent across different subgroups, which indicates that agglomeration effects have overcome
possible constraints, pointed out by the literature, as women’s low spatial mobility.

This paper has five sections in addition to this introduction. Section 2 examines the Brazilian
female labor participation, while Section 3 describes the database and sample used in this paper, and
also presents the econometric model and estimation methods. Section 4 shows the main estimation
results and robustness tests using different specifications and methods. Finally, Section 5 summarizes
the main conclusions of the paper.

2 Brazilian female labor market

Brazil is a middle-income developing country with a GDP of 1.87 trillion dollars (WORLDBANK,
2019) and 210 million inhabitants in 2019, 55.0% of which are of working age (18-55 years). Brazil has
a highly concentrated urban hierarchy and continental dimensions, and 41.1% of its population lives
in MAs, 19 of which have more than one million inhabitants, and two of which have more than ten
million inhabitants (i.e., São Paulo and Rio de Janeiro). As discussed in the previous section, denser
areas are expected to pay higher salaries, and we observe this relationship in Brazil (Figure 1) for both
genders. The average hourly wages are increasing with the MAs population, an indication that an
UWP exists to some degree in those areas.

Women represent 51.4% of the working-age population (18-55 years) in Brazil. On average, female
wages are 30% lower than the male ones, and the gender gap is higher in MAs, reaching R$ 2.4 per
hour. Men and women in this age group are very heterogeneous in terms of individual characteristics,
family composition, and labor market participation. Working-age women typically belong to families
with more members and a larger number of children. Besides, women in this age group are less likely
to be the head of the household, work fewer hours per week, and have less tenure in their current job.

Women also present a lower employment and formality rate, have lower participation in the labor
market, even though they have a higher level of schooling (10.6 years for women versus 9.9 years for
men). Between 2012 and 2019, the participation of women in the Brazilian labor market reached 59%,
whereas the labor participation of men reached 81% in the same period. Besides, 41% of women are
in MAs, while the figure for men is 39%. For women, we observed a more significant regional disparity
in terms of labor market participation, as shown in Figure 2, varying between 36% and 71%, with the
largest share of workers in the MAs, and the Southern and Southeast Regions.

Women concentrated are in services, sales, and elementary occupations13 (Figure 3), which accounts
for 52% of women employed in non-MAs and 45% in MAs. Such occupations are among those that pay
the lowest wages in the labor market. For men, these two occupations – services, sales, and elementary
activities – also represent a large share of workers but reach at most 33% and 30% in non-MAs and

13These occupations involve domestic workers in general; interior cleaning workers in buildings, offices, hotels, and other
establishments; laundries for clothes and handrails; vehicle washers; window cleaners; other cleaning workers; elementary
workers in agriculture, fishing and forestry, and those in mining, construction, manufacturing and transportation (IBGE,
2019b).
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Figura 1: Hourly wages by population levels
Source: Elaborated by the authors based on PNADC (IBGE, 2020a) from 2012 to 2019, with individual sample weights. Notes:
We only include data from the first interview of individuals between 18 and 55 years.

MAs, respectively. The largest share of male workers is in skilled construction occupations in both
areas, which represents 21% and 19%, respectively. Even though wages are slightly higher for women
in elementary occupations, they are higher for men in all other occupations, independently of the area.

Despite this, non-MAs concentrate a higher percentage of workers from both genders in occupati-
ons with lower wage levels (Figure 4), and in MAs, we observe the opposite, with a larger group of
workers receiving a higher wage. Even so, women are more concentrated in occupations with lower
wages, as their distribution curve is left-shifted. Thus, the description of the Brazilian female labor
market presented in this section confirm the facts found by the literature for developing, but also for
many developed countries. These facts may be preliminary evidence that women are more present
in occupations with lower wage levels, and the agglomeration effects may impact workers differently,
according to their gender.

(a) Women (b) Men

Figura 2: Female and male labor market participation in Brazil
Source: Created by the authors based on data from the PNADC (IBGE, 2020a) from 2012 to 2019 with individual sample weights;
the Territorial Brazilian Division (DTB) (IBGE, 2018b), and municipalities shape file in 2010 from IBGE (2019a). Notes: The
map plots the state frontiers and the respective capitals and MAs. Only workers aged between 18 and 55 years.
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(a) Women (b) Men

Figura 3: Share of workers and hourly wage by occupation and gender
Source: Elaborated by the authors based on PNADC (IBGE, 2020a) from 2012 to 2019, with individual sample weights. Notes:
We consider data from the first interview of individuals between 18 to 55 years. Hourly wages in R$. Occupation levels: 1-Directors
and managers; 2-Science and intellectuals; 3-Mid-level professionals and technicians; 4-Administrative support workers; 5-Service
workers and salespeople; 6-Skilled farming forestry, hunting and fishing workers; 7-Skilled construction workers; 8-Mechanical
workers, plant and machinery operators; 9-Elementary occupations; and 10-Members of the army forces, police and military
firefighters.

Figura 4: Hourly wage distribution by area and gender
Source: Created by the authors based on PNADC (IBGE, 2020a) from 2012 to 2019, with individual sample weights. Notes:
We consider data from the first interview of individuals aged between 18 to 55 years. The average natural logarithm of the hourly
wage is 2.36 (R$ 13.73) for women and 2.44 (R$ 15.33) for men.

3 Empirical strategy

3.1 Database and Sample

The database used for the empirical analysis is the PNADC, collected and released by the Brazilian
Institute of Geography and Statistics (IBGE). PNADC is representative of the Brazilian population,
has a broad geographic scope, and covers the entire Brazilian territory. It is a quarterly longitudinal
data survey based on a rotating panel in which a household is surveyed one month and then excluded
from the sampling process for the following two months, before returning for the next interview. The
process is repeated until five complete interviews on each household have been carried out, once every
quarter. Thus, the database presents approximately 211,000 interviews by quarter. The analyzed
period comprises the period of 2012 to 2019, totaling more than 17.0 million observations (IBGE,
2020a).
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The PNADC records a variety of information on individuals, households, their occupations, and
the firms in which they work, which makes it possible to investigate the socioeconomic conditions
of different members of a household14. It is also possible to observe the statuses and transitions
of individuals in the labor market, including those of unemployed workers. The sample comprises
employed and in-paid-work individuals15, aged between 18 and 55 years, except public sector workers,
the military, and family workers16. We also exclude individuals positioned at the 1st and 99th percentile
of wages distribution in each year, as well those with only one interview17.

Following the literature, as working in large firms implies wage gains, and as large firms are located
disproportionately in MAs, their size could affect the UWP estimated for denser areas18. Therefore,
we exclude three quarters, from 2015 Q4 to 2016 Q2, from the sample due to the lack of information
about firm size. The individual makes known the size of the firm for which he or she works. It is
reported discretely with four ranges according to the number of workers: from 1 to 5, from 6 to 10,
from 11 to 50, and above 50 workers19.

The final sample is comprised of more than 3.76 million observations, of which 1.46 million are
women, and 2.30 million are men. Since PNADC is a household survey, we can use general information
about the household to study each member. This fact is particularly relevant to the objective of this
paper, as these characteristics may differently influence the participation of men and women in the
labor market and their respective wage premiums. Thus, we create variables for each individual based
on their household composition.

The wages of individuals in the PNADC are self-reported20 and, therefore, are not initially corrected
for price variation across time and area. Since wages are our primary dependent variable, it is necessary
to deflate it for proper identification21. We deflate wages to the prices of the 4th quarter of 2019 using
an index based on the Extended National Consumer Price Index (IPCA), released by IBGE (2018a).
When considering the IPCA, we are also partially correcting regional inequalities since it covers states
by quarter and year22.

PNADC provides a representative sample for capitals, MAs, and states. Each MA corresponds to
the state capital and the respective MA, if any, or otherwise only to the state capital, totaling 27 MAs
that cover 41.1% of the Brazilian population23. Regions outside MAs are called non-MAs. MAs are

14PNADC microdata present a household identifier, as a combination of the primary sampling unit (UPA), the hou-
sehold number (V1008), and the panel identifier (V1014), allowing us to follow families through the panel, but there is
no individual longitudinal identifier. Thus, we create an identifier using the household identifier, the gender, and the
date of birth of each individual.

15Before the exclusion of unemployed and inactive individuals, we performed a correction of the sample selection bias
related to the probability of being employed.

16Such workers do not have earnings, although they report helping a family member in some economic activity.
17As household survey, PNADC data shows attrition caused by two types of missing data: (i) Individuals who change

homes are missing after they move, which implies that PNADC does not include migrations between areas (individuals
are in the same place throughout the survey); (ii) Due to the non-response of individuals at some point between the
five quarters. The data loss is approximately 14% between the first and second interview, reaching 39% by the fifth
interview. Correction for attrition was not applied, but we try to deal with this possible bias looking at different sample
cohorts as robustness tests.

18As in studies like Yankow (2006), Badaoui, Strobl and Walsh (2010) and Andersson and Thulin (2013).
19Domestic workers are not asked about this, however, given the relevance of this employment category among the

group of women (13% of women), we perform an input procedure, determining their firm size range as from 1 to 5
employees. Only 0.18% of the Brazilian households have a domestic worker, no more than 0.01% have more than one,
and three is the maximum number.

20There is a possible bias due to declaration errors. Although the question about wages specifies gross values, indivi-
duals can interpret the question as net values or can be unaware of the exact gross amount. This fact, however, is not
exclusive to this paper and will not be subject to analysis or correction.

21Such correction, however, is ignored in several studies on UWP in Brazil and other countries, given the lack of a
price index at a specific geographical scale. Exceptions are the works of Yankow (2006), Baum-Snow and Pavan (2011)
and Chauvin et al. (2017) that correct the wages from price variation across time and area. Cruz and Naticchioni (2012),
Barufi (2015) and Matano, Obaco and Royuela (2020) are examples of studies that only time-corrected wages.

22In an attempt to account for price variation across areas, robustness tests were carried out considering regional
consumption baskets. The details and results are available upon request.

23Disregarding the MAs not linked to a capital city means the exclusion of the MAs located in the countryside, which

8



classified into four groups according to their population size, small, medium, large, and extra-large
(as shown in Table 1). This classification is justified by the heterogeneity of MAs in terms of the
population size. Finally, we account for the sample design of PNADC and the individual weights24.

Tabela 1: Agglomeration levels definition

MA State Macro-Region Population Agglomeration Levels
São Paulo São Paulo Southeast 21,734,682

Extra-large MARio de Janeiro Rio de Janeiro Southeast 12,763,459
Belo Horizonte Minas Gerais Southeast 5,961,895

Large MA

Porto Alegre Rio Grande do Sul South 4,340,733
Fortaleza Ceará Northeast 4,106,245
Recife Pernambuco Northeast 3,999,817
Salvador Bahia Northeast 3,929,209
Curitiba Paraná South 3,654,960
Distrito Federal Distrito Federal Midwest 3,015,268
Manaus Amazonas North 2,676,936
Goiânia Goiás Midwest 2,606,931
Belém Pará North 2,510,274
Vitória Espírito Santo Southeast 1,979,337

Medium MA

São Luís Maranhão Northeast 1,633,117
Natal Rio Grande do Norte Northeast 1,604,067
Maceió Alagoas Northeast 1,338,756
João Pessoa Paraíba Northeast 1,278,401
Florianópolis Santa Catarina South 1,209,818
Cuiabá Mato Grosso Midwest 1,041,307
Aracaju Sergipe Northeast 961,120

Small MA

Campo Grande* Mato Grosso do Sul Midwest 895,982
Teresina* Piauí Northeast 864,845
Macapá Amapá North 646,323
Porto Velho* Rondônia North 529,544
Rio Branco* Acre North 407,319
Boa Vista* Roraima North 399,213
Palmas* Tocantins North 299,127

Subtotal Share
MA 86,388,685 41.1%
Non-MA 123,758,440 58.9%

Source: The four groups are defined by the estimated population for 2019 (IBGE, 2020a). Notes: * Only state’s capital.

3.2 Econometric model

3.2.1 Benchmark framework and the sample selection

The first step of the econometric strategy is evaluating the sample selection bias related to the pro-
bability of working that can be distinct for women and men. The estimation of the UWP requires us
to estimate a regression in which wages (W ) are the dependent variable. However, a positive value
for wages is only observed if the individual is employed, generating an issue of sample selection since
employed and unemployed workers can be different in observable and unobservable characteristics25.

accounts for approximately 4.6% of the total population, concentrated in four states (São Paulo, Santa Catarina, Paraná
and Minas Gerais) from South and Southeast macro-regions. To test the possibility that these areas could drive the
overall results of this paper, we also estimate our primary specification for a sub-sample without the four states. The
results are very similar and are available upon request.

24PNADC contemplates a probabilistic sample, extracted from a master sample of sectors based on the Census (IBGE),
which is representative at different geographic levels. In each quarter, the interviewed individuals receive a sample weight,
with a correction for non-interview events, and with post-stratification by population projection. However, there is no
longitudinal weight that considers individuals’ representativeness throughout the panel. We also test the weight of the
first observation, but the time variation of weights is too small, and the changes in results are negligible.

25One of the advantages of the PNADC is the availability of information for both employed and unemployed
individuals—including unemployed and inactive individuals—which allows us to estimate and correct the sample se-
lection bias. Most studies on the UWP do not perform this type of correction. According to Dalberto and Cirino (2018),
this question becomes irrelevant in the case of men, since most of them are in the labor market. As women experience
higher unemployment and inactive rates, this fact needs to be considered.
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Following Wooldridge (2010), we use the model below for a random sample from the population:

W = βX + u (1)

LMP = 1[δX + υ > 0] (2)

where LMP is a binary Labor Market Participation indicator, the wages W are only observed when
LPM = 1. The estimation of this model incorporates the following assumptions: (a) exogeneity of X:
(u, υ) are independent of X with a zero mean; (b) conditional expectations given the selected sample:
υ ∼ Normal (0,1), and (c) linearity in the population regression: E(u|υ) = γυ.

The identification and correction of the sample selection bias, according to Heckman (1979), is
based on using information about the individual’s decision to participate in the labor market and
be employed. It is possible through a two-step procedure: (i) the estimation of the probability of
being employed through the selection equation, which is estimated by considering employed and non-
employed individuals, and (ii) the use of this predicted probability in the estimation of the equation
for wages. The first stage is given by P (LMP = 1|X) = Φ(δX).

Thus, we estimate the probability of being employed for the entire population aged between 18
and 55, excluding workers in the public sector, the military, and family workers, and we also carry out
estimates separately for men and women26. We chose a non-linear Probit model with the following
specification:

Pit = α+ ωXit + eit (3)

In equation 3, Pit is the probability of being employed and receiving a nonzero wage. The vector
of independent variables Xit includes the individual characteristics that affect this probability, such as
the age and the age squared27, race, marital status, household position, schooling level, the presence of
a child, region, quarter, and year. Besides, we include some household variables, such as the number
of children up to six years old, the number of children between seven and fourteen years old, the
family size, the employment status of the spouse or household head, the number of sons or daughters
of working-age, a dummy for at least one married son or daughter in the household, the labor income
for the spouse, of the son or daughter, or other household members excluding the wages of individual
i, a dummy for the presence of a grandfather or grandmother, and a dummy for the presence of a
domestic worker at the household28. This variable inclusion is motivated by the theoretical discussion
about the factors that differently influence the participation of women and men in the labor market.
These factors are intrinsically related to the family composition and the household position of women.
Finally, the variable eit is the error term.

From the first step, we recover the inverse of the Mills ratio (IMR) as λ̂i = λ(xiδ̂), in which
λ(.) ≡ φ(.)

Φ(.) is the ratio between the probability density function and the cumulative distribution
function. This ratio is included in the second step as an independent variable capturing the sample
selection bias. The second step consists of estimating Mincer’s equation using the Pooled OLS (POLS)
method, which can allow parameters to change over time, even if some variables are not time-varying.
According to Wooldridge (2010), with a large number of observations (N ) and few periods (T )—as in
our case—POLS estimations allow for aggregate time effects that have the same influence on W for all
i. We estimate the following specification:

Wit = a + βXit + θMAi + γλ̂it + uit (4)

in which W is the logarithm of the hourly wage (lnhwage) of the worker i in the period t. The
vector of independent variables Xit presents three groups of observable characteristics: i) individual
characteristics: gender, age, age squared, race, marital status, household position, schooling level, year,
quarter, and region; ii) occupational factors: industry, occupation, firm size, tenure, and formality

26We started from the database available in step 4 of the sample construction, totaling 7.2 million observations,
constituting of 3.6 million women, and 3.5 million men.

27The quadratic form for ages is necessary to capture the different returns of wages throughout the life cycle.
28Considering a domestic worker that lives in the household, not daily workers.
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status; and, iii) household characteristics: the presence and number of children under six years old or
between seven and fourteen years old. The variable uit is the error term, and the variable λ̂ is the
predicted IMR.

The UWP is captured by the coefficient θ that indicates the wage premium associated with being
in a MA. Additionally, for some estimations, the MA can be categorical, and we consider four groups
of MAs: small, medium, large, and extra-large, with non-MA as the omitted category. The estimations
separated by gender allow the identification of the UWP magnitude within each group. Robustness
tests are applied to verify whether the results obtained are consistent with different sample cohorts.
Additionally, to qualify the results considering the individuals’ characteristics, we estimate Equation 4,
including the interaction of the agglomeration levels with some variables such as gender, marital status,
the presence of children, and household position. By doing this, we identify the UWP by the sum of
the θ coefficient and the β from the interaction term. As heterogeneity exercises, we also estimate the
UWP separately for formal and informal workers, for different sub-samples according to the marital
status, the household position, and the presence of children.

The estimation via POLS allows us to identify the average UWP level for each specification and
sample considering the observable characteristics of individuals. The UWP literature traditionally
estimates UWP first by using the OLS method and then by using the FE, then controlling for observable
and non-observable characteristics that are fixed in time29. However, the application of this method
requires following individuals even under housing and or region changes over time, allowing them
to isolate the exact premium associated with being in a specific area. Even though PNADC is a
longitudinal database, when housing and or region change occurs, the household leaves the sample,
which makes it impossible to identify the UWP using FE.

3.2.2 Quantile regressions

POLS estimation allow us to identify the UWP for women, men, or for the full sample. In section 2,
we argue that one of the characteristics of the female labor market is the concentration of workers in
occupations that pay lower salaries, regardless of the area they live in. This fact raises an essential
hypothesis in the UWP study: how different is the urban wage premium over the distribution of wages?
That is, is the urban wage premium in an occupation that pays low wages higher or lower than the
urban wage premium in an occupation with a higher salary? The estimation of quantile regressions
can indicate whether the UWP has a different magnitude based on the quantile of the distribution of
wages.

According to Cameron and Trivedi (2005), quantile regressions provide the interpretation of effects
along with the wage distribution. They are an alternative to OLS estimations as they use an asymmetric
absolute loss or check function – that assigns different weights to the negative and positive residues
among the distribution – instead of minimizing squared errors. The estimation of quantile regression
performed in this paper follows the specification of Koenker and Jr (1978) and Wooldridge (2010). Our
objective is to identify the UWP in each quantile of the conditional distribution and the explanatory
variables X, assuming linearity of the parameters:

Quantτ (Yi|Xi) = ϕ0(τ) + βXi(τ) + θMAi(τ) (5)

where the τ coefficient represent the chosen quantile between 0 and 1. Under these conditions, the
error minimization solution is given by ρτ (u) = (τ − 1[u < 0]), thus the consistent estimator for each
β̂τ (or for θ̂τ ) will be given by:

β̂τ = argminβ
1

N

N∑
i=1

(Yi − ϕ0 − βXi − θMAi)[(τ − 1){Yi − ϕ0 − βXi − θMAi ≥ 0}] (6)

29Examples of this are found in studies carried out by Glaeser and Mare (2001), Baum-Snow and Pavan (2011), D’Costa
and Overman (2014), Barufi (2015), and Chauvin et al. (2017).
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Each β̂τ will capture the heterogeneity of returns obtained by individuals for the characteristics
observable (X ) throughout the wage distribution. The coefficient θ̂τ captures the heterogeneity of
the UWP conditional on the characteristics observed (X) throughout the wage distribution in each
chosen quantile. The vector X includes the same group of variables as estimated by POLS. For this
estimation, we use only the first interview of each individual in a cross-sectional approach30 by gender
and for the full sample, in seven quantiles31 – 5th, 10th, 25th, 50th, 75th, 90th, and 95th.

4 Results

4.1 Descriptive analysis

This session initially provides an analysis of women profiles in MAs and non-MAs by areas (Table 2).
Regarding the educational profile, women have more schooling years in MAs, 10.5 and 11.6, and reach
11.9 in extra-large MAs. In non-MAs, they have a family with more members, with a higher presence
and number of children, and present a lower household labor income level. Women are more often the
head of the household in MAs than in non-MAs – 36% versus 32%.

Concerning occupational and firm characteristics, formality is higher in MAs, reaching 65% for
women, while in non-MAs, 58% of the total number of female workers is formal. The average female
wage is lower in non-MAs – less R$2.6 per hour – with a lower tenure and working hours in these areas.

Analyzing agglomeration levels (columns 4 to 7), we verify that the years of schooling increases
as the area becomes denser. Again, we see smaller families in denser areas, with fewer married but
older individuals. The average hourly wage increases with the agglomeration levels. In small MAs, the
wages are near the non-MAs level, while in extra-large MAs, it is 39% higher – R$13.5 versus R$9.7
per hour. The reasons for this behavior can be related to better labor market conditions for women in
larger cities as the formality rate increases according to the agglomeration level since extra-large MAs
have 68% of women in formal jobs versus 57% in small MAs.

4.2 Labor market participation

The first step of the estimation to identify female UWP is to investigate the existence of sample selection
bias. For this, we apply the (HECKMAN, 1979) procedure in two stages, as detailed in section 3.2.
We estimate the probability of being employed for the sample as a whole, and separately for men and
women, to identify whether individual or household characteristics affect genders differently. Table 3
shows the results for each group. For the individual characteristics, we identify that age, household
head status, and schooling level above one year of schooling (the omitted category) positively influence
the participation of men and women. However, the opposite occurs for women in terms of racial and
married status, with a negative effect on female labor market participation.

Although the presence of children increases the probability of being employed for both men and
women, a more in-depth analysis of the number of children per age group reveals a different scenario
between genders. Female participation is negatively influenced by the presence of children, indepen-
dently of the age group, and even for a working-age son or daughter. This result can be explained by
the intensity of female dedication to childcare activities. In addition, a recent piece of literature shows
that mothers and working-age children living in the same household can be substitutes in the labor
market. On the other hand, having a married son or daughter at home has a positive influence on
women’s participation and a negative impact on men32. Men are negatively affected by the number of

30Although it is possible to estimate quantile regressions for panel data, their use considers FE, which is not possible
with our database, as previously explained. For more details, see Machado and Silva (2019).

31An issue involving quantile regressions is their estimation in the context of a sample with selection bias. An alternative
to correct the sample selection bias in quantile regressions is to correct it in a semi non-parametric (SNP) way. This
method follows the specification of Buchinsky (2002). The compared results of the two correction methods are available
under request.

32This situation denotes a different family composition with two arrangements at the same household. This covers
1.1% of the total households in the sample, with a similar share independent of the gender of the head of the household.
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Tabela 2: Female workers’ profile by area

MA
Total Non-MA MA Small Medium Large Extra-large

Avg/Share (1) (2) (3) (4) (5) (6) (7)
Individual characteristics
Age 35.9 35.6 36.2 35.6 35.9 36.1 36.5
Schooling level (years) 11.0 10.5 11.6 11.2 11.3 11.3 11.9
Race (white) 49.0% 51.0% 45.0% 27.0% 39.0% 41.0% 53.0%
Marital status (married) 54.0% 57.0% 51.0% 51.0% 52.0% 51.0% 50.0%
Household head 34.0% 32.0% 36.0% 40.0% 37.0% 37.0% 35.0%
Household composition
With child 41.0% 43.0% 38.0% 42.0% 39.0% 39.0% 37.0%
Child 0-6 0.22 0.24 0.21 0.24 0.22 0.21 0.20
Child 7-14 0.37 0.39 0.33 0.39 0.34 0.34 0.32
Household incomea 2068.06 1866.83 2316.15 1922.86 1926.57 2141.99 2621.11
Family size 3.53 3.56 3.51 3.76 3.55 3.53 3.44
Head/spouse employed 62.0% 65.0% 60.0% 59.0% 59.0% 60.0% 60.0%
Labor Market
Formal worker 61.0% 58.0% 65.0% 57.0% 62.0% 63.0% 68.0%
Weekly worked hours 38.2 37.6 39.0 37.8 37.9 38.7 39.7
Average hourly wagea 10.6 9.4 12.0 9.7 10.6 11.2 13.5
Tenure (months) 60.3 61.9 58.3 54.2 57.7 56.6 60.7
N 283,578 162,936 120,642 15,859 20,542 55,464 28,777
Share of workers 38.9% 35.6% 44.5% 43.2% 43.8% 44.9% 44.9%

Source: Created by the authors based on PNADC (IBGE, 2020a) from 2012 to 2019, with individual sample weights. Notes: a

Values in R$. We only consider data from the first interview for individuals in the sample.

children between seven and fourteen years old.
The size of the family negatively influences the participation of both genders, as well as having a

grandparent in the household, although the last one is not statistically significant for women. This
result is particularly interesting because the direction of the coefficient for the presence of a grandparent
on the participation of other members of the household in the labor market is not well investigated and
can be controversial. Such influence can be positive if the grandparent supports domestic activities
and is involved in the childcare needs of the grandchildren, mainly for women. However, it can have a
negative influence if this grandparent demands special care, preventing the man or woman from having
a paid occupation, or if the grandparent provides additional income that adds to the family budget,
therefore reducing the labor supply of other members of the household.

Still, having a domestic employee at home positively affects the participation of men and women.
Additionally, male participation is positively related to having an employed spouse, but it is not
significant for women. We see similar impacts between genders concerning household wages. The
wages of the spouse, son or daughter, and other members positively affect individual participation for
both genders but remain positive for the full sample only for son/daughter wages.

These results indicate the existence of differences in the effects of individual and household charac-
teristics on the participation of men and women in the labor market. Being married or have children—
young or working-age children—negatively affect the participation of women in the labor market. Men,
on the other hand, participate less in the labor market if they have a child between 7 and 14 years
old, or if they have a married son or daughter at home. We find a similar influence for factors such as
having children (+), having a domestic employee at home (+), having a grandparent (-), and family
size (-).
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Tabela 3: Estimation for the labor market participation

Women Men Full Sample
Dep.Var.: Be employed (1) (2) (3)
Age (ln) 5.402*** 5.352*** 4.468***

(0.0275) (0.0280) (0.0186)
Age2 (ln) -2.205*** -2.205*** -1.798***

(0.0116) (0.0119) (0.00791)
Race -0.00385* 0.0163*** 0.0518***

(0.00222) (0.00258) (0.00155)
Marital status -0.239*** 0.430*** 0.297***

(0.00408) (0.00374) (0.00219)
Household head 0.243*** 0.242*** 0.527***

(0.00266) (0.00302) (0.00165)
Incomplete Elementary 0.413*** 0.453*** 0.368***

(0.00580) (0.00478) (0.00356)
Elementary school 0.581*** 0.576*** 0.502***

(0.00606) (0.00528) (0.00378)
High school 0.762*** 0.619*** 0.628***

(0.00586) (0.00505) (0.00366)
College or higher 1.036*** 0.815*** 1.035***

(0.00652) (0.00664) (0.00443)
With child 0.0989*** 0.153*** 0.0172***

(0.00433) (0.00542) (0.00269)
Child 0-6 (ln) -0.312*** 0.0803*** -0.171***

(0.00478) (0.00581) (0.00274)
Child 7-14 (ln) -0.0268*** -0.0162*** -0.0478***

(0.00466) (0.00563) (0.00265)
Family size (ln) -0.333*** -0.218*** -0.0322***

(0.00338) (0.00338) (0.00185)
Head/spouse employed -0.000486 0.113*** 0.267***

(0.00492) (0.00404) (0.00224)
Working-age son/daughter -0.0179*** 0.0587*** -0.104***

(0.00374) (0.00441) (0.00218)
Married son/daughter 0.0442*** -0.0213** 0.0582***

(0.00815) (0.0107) (0.00505)
Spouse wage (ln) 0.0269*** 0.00337*** -0.0642***

(0.000867) (0.000741) (0.000382)
Son/daughter wage (ln) 0.0306*** 0.0267*** 0.0138***

(0.000419) (0.000463) (0.000241)
Other members wage (ln) 0.0183*** 0.00407*** -0.0145***

(0.000619) (0.000588) (0.000310)
Grandparents -0.0421 -0.132*** -0.104***

(0.0296) (0.0381) (0.0174)
Domestic worker 0.885*** 0.0817** 0.293***

(0.0276) (0.0399) (0.0169)
Year/quarter Yes Yes Yes
Macro-region Yes Yes Yes
Observations 3,275,058 3,238,093 6,513,151

Notes: Estimates for the PNADC population between 18 and 55 years old, employed and non-employed from 2012 to 2019. All
models include a constant term, robust errors and individual sample weights. Omitted categories: non-MA, less than one year of
schooling, the year 2012, 1st quarter, southeast region. The significance levels are: *** p <0.01, ** p <0.05, * p <0.1.

4.3 Urban wage premium

We describe the results of the selection equation in a previous section, analyzing the probability of
being employed. This procedure allows us to estimate the IMR, which is applied to the wage equation.
We test the existence of the selection bias by applying a t-test to the coefficient associated with the IMR
(λ̂) under the null hypothesis of no selection bias (H0 : γ = 0). For the three groups (women, men, and
full sample), this test shows that such a hypothesis should be rejected, indicating the existence of bias
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and the need for correction33. Table 4 shows the results after including the Heckman correction. The
coefficient associated with MAs and which represents the UWP magnitude (2) suffers a reduction in
the three groups, but as expected, the reduction after sample selection correction is higher for women,
from 22.5% to 15.4%, while it is 21.8% to 20.2% for men.

Considering selection bias correction, we follow with the inclusion of control variables for time
and macro-regions (3), firm and occupation (4), individual characteristics (5) and finally, the variables
concerning children (6), thus completing the specification of Equation 4 by the POLS method, our base
model. For the full sample, the UWP is 7.94%, and we observe relevant differences between genders.
The female UWP reaches 11.3%, while the male UWP is about half of that, reaching 5.76%.

The difference in favor of the female UWP is in line with the results found in the few existing
empirical studies. However, such magnitude—the double of male UWP—is new evidence, as those
studies report close UWP by gender. The study of Duranton (2016) estimate a 6.3% female UWP
women and a 4.9% male UWP in Colombia between 1996 and 201234, and the study of Phimister
(2005) found that a UWP of 6.4% and 3.8%, respectively for women and men in the United Kingdom
from 1991-1998.

To illustrate the superiority of the female UWP, we can assess its additional effect on the average
wage of the sample. In non-MAs, men have an average hourly wage of R$ 11.1, while women earn an
average of R$ 9.4 per hour, with the wage gap being 15.3% in favor of men. Adding the respective
UWPs in each group, men have their average wage raised to R$ 12.7, and women reach R$ 12.1 per
hour, reducing the wage gap to 5.1%. Although the wages levels still favorable to men, such a reduction
may indicate the UWP as a mechanism to reduce the gender wage gap.

One can ask if the female UWP superiority is due to the recent period. To test this possibility, we
estimate the same UWP specification using the database from the PNAD, a previous and discontinued
version of the Brazilian National Household Sample Survey (IBGE, 2020b), for selected years from 1992
to 2011. Figure 5 shows a consistent higher UWP for women in Brazil, even twenty years before our
primary analysis. These results are in line with the theory that suggests that women benefit more from
the agglomeration effects of MAs than men, given their greater diversity and the broader labor market,
which facilitates and provides better matching between firms and workers, especially for women who
concentrate their job search near home.

Given the heterogeneity of Brazilian MAs, Equation 4 was also estimated, considering the agglome-
ration levels – the four groups of MAs – and Table 5 shows the results of the three sample groups. The
female UWP ranges between 10.3% and 13.7%, and is higher in the two extremes, in small and extra-
large MAs. Men have an UWP that varies between 4.66% and 11.1%, decreasing as the area becomes
denser. The main results remain, with the female UWP surpassing that of men in all agglomeration
levels.

4.4 Robustness tests

4.4.1 Different samples

The sample construction is based on some selections from the PNADC database. Thus, we apply some
tests to verify the robustness of the results in the context of a less restricted set of choices. The sample
of women and men used in POLS estimates is an unbalanced panel, which includes only individuals with
at least two interviews, among the five possible. The first robustness check consists of an estimation
of the first observation of each individual. This test intends to analyze whether individuals who were
interviewed only once – and, consequently, are out of the sample – have a different UWP in comparison
to the primary sample.

33The test is applied to the coefficient associated with the IMR corresponding to column (2) of Table 4. For the group
of women with 1,468,775 observations, the t test is equal to 3.4e+03, for the group of men with 2,296,206 observations,
the t test is equal to 2.5e+03 and, for the complete sample with 3,764,982 observations, the t test is equal to 4.7e+03.

34The higher UWP for women in Duranton (2016) is very sensitive to different specifications, which is another contrast
compared to our results.

15



Tabela 4: Urban wage premium: POLS regressions for MAs

Dep.Var.: lnhwage (1) (2) (3) (4) (5) (6)
(a) Women
MA 0.225*** 0.154*** 0.165*** 0.111*** 0.113*** 0.113***

(0.0155) (0.00259) (0.00190) (0.00113) (0.00109) (0.00109)
Observations 1,468,775 1,468,775 1,468,775 1,468,775 1,468,775 1,468,775
R-squared 0.034 0.215 0.234 0.393 0.433 0.435
(b) Men
MA 0.218*** 0.202*** 0.193*** 0.0695*** 0.0576*** 0.0576***

(0.00119) (0.00110) (0.00108) (0.000980) (0.000942) (0.000942)
Observations 2,296,206 2,296,206 2,296,206 2,296,206 2,296,206 2,296,206
R-squared 0.028 0.157 0.219 0.418 0.459 0.459
(c) Full sample
MA 0.207*** 0.181*** 0.182*** 0.0874*** 0.0798*** 0.0794***

(0.000901) (0.000817) (0.000810) (0.000743) (0.000712) (0.000712)
Observations 3,764,982 3,764,981 3,764,981 3,764,981 3,764,981 3,764,981
R-squared 0.027 0.181 0.222 0.396 0.445 0.446
Household children No No No No No Yes
Worker controls No No No No Yes Yes
Industry (6) No No No Yes Yes Yes
Firm size (4) No No No Yes Yes Yes
Occupation (10) No No No Yes Yes Yes
Year/quarter No No Yes Yes Yes Yes
Macro-region No No Yes Yes Yes Yes
Heckman’s correction No Yes Yes Yes Yes Yes

Notes: All models include a constant term, robust errors and individual sample weights. Controls and errors are omitted due to
space restrictions and are available upon request. The significance levels are: *** p <0.01, ** p <0.05, * p <0.1.

Tabela 5: Urban wage premium: POLS regression for agglomeration levels

Women Men Full sample
Dep.Var.: lnhwage (1) (2) (3)
Small MA 0.137*** 0.111*** 0.121***

(0.00216) (0.00185) (0.00141)
Medium MA 0.111*** 0.0664*** 0.0838***

(0.00184) (0.00153) (0.00117)
Large MA 0.103*** 0.0590*** 0.0767***

(0.00125) (0.00110) (0.000825)
Extra-large MA 0.121*** 0.0466*** 0.0761***

(0.00182) (0.00160) (0.00120)
Gender -0.161***

(0.000782)
Observations 1,468,775 2,296,206 3,764,981
R-squared 0.435 0.459 0.446

Notes: All models include a constant term, robust errors and individual sample weights. Omitted categories: non-MA, less than
one year of schooling, the year 2012, first quarter, southeast region, agricultural industry, firm size from one to five employees, and
occupations in the service sector and salespeople. Controls and errors are omitted due to space restrictions and are available upon
request. The significance levels are: *** p <0.01, ** p <0.05, * p <0.1.

The second test, in turn, considers the individuals who answered all five interviews. In this case,
the tested hypothesis examines if different UWP results for men and women would be found with
a balanced panel. A third robustness check is the estimation of the UWP considering individuals
employed in the public sector, armed forces, and in the military—groups that we exclude from the
primary sample35. Although ruled by specific labor laws, the motivation for this test attempt to verify

35For this exercise we disregard Firm Size variable as public sector workers did not report it. We also include, statutory
and auxiliary family workers.
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Figura 5: Historic UWP by gender

Notes: Estimated UWP using PNAD database (IBGE, 2020b). Reported only UWP coefficients for each year in a cross-section
approach for Equation 4. All models include a constant term, robust errors and individual sample weights. Omitted categories:
non-MA, southeast region, agricultural industry, and occupations in the service sector and salespeople. Schooling levels not available
but using a continuous variable for schooling years. Without variables for firm size, married son/daughter, and grandparents at
the household. Considering wages time-correct at price levels of 2012. Complete results available upon request. The significance
levels are: *** p <0.01, ** p <0.05, * p <0.1.

whether the significant differences in the UWP between genders is related to the exclusion of those
occupations that have a male predominance among its employees and a higher relevance in non-MAs.

For each of the three tests, we perform the same selection bias correction procedures and estimate
the UWP with the same base model specification. Table 6 shows the results of these tests, where we
observe very similar coefficients in comparison to the base model, the same pattern of agglomeration
levels, and the highest values of the female UWP.

Tabela 6: Robustness: POLS regressions with different samples

Women Men
Base 1st Balanced With Public Base 1st Balanced With Public
Model interview Panel Sectora Model interview Panel Sectora
(1) (2) (3) (4) (5) (6) (7) (8)

Small MA 0.140*** 0.131*** 0.146*** 0.181*** 0.113*** 0.119*** 0.126*** 0.150***
(0.00316) (0.00520) (0.00428) (0.00324) (0.00284) (0.00446) (0.00388) (0.00283)

Medium MA 0.113*** 0.121*** 0.112*** 0.130*** 0.0669*** 0.0713*** 0.0683*** 0.0945***
(0.00260) (0.00437) (0.00363) (0.00269) (0.00232) (0.00372) (0.00328) (0.00238)

Large MA 0.105*** 0.108*** 0.106*** 0.138*** 0.0595*** 0.0614*** 0.0635*** 0.0895***
(0.00186) (0.00298) (0.00248) (0.00190) (0.00170) (0.00260) (0.00229) (0.00171)

Extra-large MA 0.120*** 0.123*** 0.119*** 0.143*** 0.0465*** 0.0463*** 0.0487*** 0.0596***
(0.00291) (0.00426) (0.00384) (0.00303) (0.00263) (0.00374) (0.00345) (0.00266)

Observations 1,404,056 269,563 888,658 1,870,589 2,199,215 423,711 1,394,276 2,494,106
R-squared 0.422 0.409 0.418 0.491 0.460 0.452 0.462 0.493

Notes: Dependent variable = lnhwage. All models include a constant term, robust errors and individual sample weights. All models
follow the base model specification with controls for household children, worker’s characteristics, industry, firm size, occupation,
year or quarter, macro-region, and IMR. Omitted categories: non-MA, less than one year of schooling, the year 2012, first quarter,
southeast region, agricultural industry, firm size from one to five employees, and occupations in the service sector and salespeople.
Controls and errors are omitted due to space restrictions and are available upon request. The significance levels are: *** p <0.01,
** p <0.05, * p <0.1. a Disregarding firm size variable as public sector workers did not report it.

4.4.2 Aggregated UWP by specific characteristics

We evaluate the aggregate UWP by interacting with the agglomeration level, the marital status,
household position, and the presence of children. Table 8 below shows the coefficients obtained from
these interactions for each MA level and both genders. In all the cases, the results show the same
pattern observed previously. Women have a higher UWP regardless of the MA level, and it is higher at
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the extremes (small and extra-Large MAs), while men have a smaller and decreasing UWP according
to the agglomeration level.

Tabela 7: Aggregated effects by specific characteristics

Agglomeration levels
Small MA Medium MA Large MA Extra-large MA

(1) (2) (3) (4)
(a) Base Model Women 0.137*** 0.111*** 0.103*** 0.121***

Men 0.111*** 0.0664*** 0.0590*** 0.0466***
(b) Household head Women 0.132*** 0.111*** 0.103*** 0.126***

Men 0.116*** 0.065*** 0.0593*** 0.054***
(c) Spouse Women 0.144*** 0.105*** 0.101*** 0.117***

Men 0.095*** 0.052*** 0.043*** 0.029***
(d) Other position Women 0.142*** 0.123*** 0.111*** 0.121***

Men 0.107*** 0.073*** 0.064*** 0.039***
(e) Marrieda Women 0.134*** 0.103*** 0.097*** 0.116***

Men 0.114*** 0.064*** 0.058*** 0.048***
(f) Not marrieda Women 0.142*** 0.121*** 0.111*** 0.126***

Men 0.107*** 0.0702*** 0.0601*** 0.044***
(g) With child 0-14 Women 0.143*** 0.111*** 0.099*** 0.1101***

Men 0.114*** 0.067*** 0.058*** 0.039***
(h) Without child Women 0.133*** 0.112*** 0.106*** 0.127***

Men 0.1086*** 0.066*** 0.0598*** 0.051***

Notes: Linear combination of the θ coefficient and the β related to the interaction term between the chosen variables and the
Agglomeration levels. All models include a constant term, robust errors and individual sample weights, and they all follow the base
model specification with controls for household children, worker’s characteristics, industry, firm size, occupation, year or quarter,
macro-region, and IMR. The omitted categories are non-MA, less than one year of schooling, the year 2012, the first quarter,
the southeast region, the agricultural industry, firm size from one to five employees, and occupations in the service sector and
salespeople. Controls and errors are omitted due to space restrictions and are available upon request. The significance levels are:
*** p <0.01, ** p <0.05, * p <0.1. a Only for individuals that are household head or spouse.

4.4.3 Aggregated UWP by gender

We now evaluate the UWP by interacting with the agglomeration level, the gender dummy variable
in the full sample. This exercise replicates the decreasing pattern for the UWP according to the
agglomeration levels, as already shown in previous results, ranging between 4.87% to 10.7%. However,
when the coefficients obtained from the interactions with each MA level are taking to account the
UWP pattern change, with a higher magnitude at the extreme (small and extra-large MAs) and more
equal between MAs, ranging from 9.9% to 14.1%36.

Looking at the gender return on wages, we see that women present a wage penalty of 18.3%. Taking
to account again the coefficients obtained from the interactions with each MA level, this penalty can
be lower depending on the area. In small MAs the wage penalty is reduced to -14.9% (-18.3% plus
3.37%), whereas in extra-large MAs it reaches only -12.1% (-18.3% plus 6.19%). A deeper investigation
is needed, but denser areas may provide a less unequal environment for women, with a higher wage
premium as a mechanism to reduce the wage gap.

4.5 UWP quantile analysis

POLS estimation allows us to identify the average level of the UWP of women, men, and for the full
sample. However, the estimation of quantile regressions can indicate whether the UWP has a different
magnitude throughout the wage distribution, and in the agglomeration levels. Thus, we estimate

36Given by the some of the UWP coefficient and the interaction term for each MA, as form example 14.1% for small
MAs (10.7% plus 3.37%).
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Tabela 8: Aggregated effects by gender

Coeff. SE
Dep.Var. lnhwage (1) (2)
Small MA 0.107*** (0.00182)
Medium MA 0.0664*** (0.00152)
Large MA 0.0598*** (0.00109)
Extra-large MA 0.0484*** (0.00152)
Gender (Female) -0.183*** (0.000970)
Interactions

Small MA × Gender 0.0337*** (0.00266)
Medium MA × Gender 0.0406*** (0.00230)

Large MA × Gender 0.0389*** (0.00161)
Extra-large MA × Gender 0.0619*** (0.00213)
Observations 3,764,981
R-squared 0.446

Notes: Include a constant term, robust errors and individual sample weights. Following the base model specification with controls
for household children, worker’s characteristics, industry, firm size, occupation, year or quarter, macro-region, and IMR. Omitted
categories: non-MA, less than one year of schooling, the year 2012, 1st quarter, southeast region, agricultural industry, firm size from
1 to 5 employees, and occupations in the service sector and salespeople. Controls and errors are omitted due to space restrictions
and are available upon request. The significance levels are: *** p <0.01, ** p <0.05, * p <0.1.

quantile regressions using the first interview37, in a cross-section approach for separate groups of men
and women. We estimate the coefficients of seven quantiles (5th, 10th, 25th, 50th, 75th, 90th, and
95th), considering robust errors and individual sample weights.

Quantile regressions are first estimated with a dummy for MA and then for the agglomeration
levels. Figure 6 presents the UWP coefficients on graphs to facilitate results visualization38, for which
we have two different UWP estimates for each gender: (i) the result obtained by POLS for the base
model – which remains fixed over the quantiles (BM) – and, (ii) the quantile regression result (Q).

The result of the quantile regression by gender is different (panel (a)). The male UWP at the
beginning of the wage distribution is close to the regression by POLS, but it becomes lower after the
10th quantile. For women, the opposite occurs, the UWP is lower at the beginning of the distribution,
starting close to male UWP. Still, it increases and exceeds 12% in the groups with higher salaries —
the 95th quantile. In both cases, the UWP obtained by POLS overcomes the quantile UWP for most
of the wage distribution, the exception occurs for women around 75%, which have a lower UWP under
POLS.

Although there is a non-negligible female UWP at any point of the wage distribution – from 6.92%
to 12.1% – the higher UWP at top salaries means that more productive occupations (which pay higher
wages) also provide higher premiums in MAs for women. Meanwhile, the male UWP varies less – from
4.52% to 6.17%, being similar for occupations at the bottom of the wage distribution. This scenario
corroborates with both motivations for UWP differentials by gender: the agglomeration effects benefit
women differently, and their occupation in the labor market could generate different premiums.

In turn, graphs (b) to (e) show the UWP for each MA level and the coefficient associated with
each quantile by gender. Again, we compare the results of quantile regressions with those obtained by
POLS. In small MAs (b), the UWP for men and women is similar, as well as the behavior throughout
the distribution. However, men have a higher UWP at the bottom 10% wages, being surpassed by the
female UWP in the rest of the distribution. Both genders present a lower quantile UWP compared to
POLS from the top 50% of higher wages. Thus, it seems that in small MAs, the position in the wage
distribution matters more than the gender as a determinant of a higher/lower UWP.

37The option to use only the first interview of each individual for quantile regressions maximizes the number of indi-
viduals, and also allows for a higher rate of assertiveness of the responses with the engagement of research participation.
In section 4.4, the first robustness test showed that POLS estimation results using only the first observation of each
individual are similar to those obtained for the primary sample.

38These graphs are based on estimation results, available upon request.
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Denser areas, besides small MAs, show different results by gender, as the gap between their UWP
increases with wage distribution. Medium (c) and large MAs (d) show a similar scenario: both start
with an UWP at the same level – around 8% in medium and 6% in large MAs –, but it increases
throughout the distribution for women and decreases for men. In extra-large MAs, men show a constant
UWP, with the result for each quantile practically equal to the average UWP by POLS regressions.
Women, on the other hand, show higher premiums than men throughout the entire distribution.

An interesting duality occurs in quantile results, that is not observable with POLS estimations.
Male UWP at high-skill occupations – 90th and 95th quantiles – reach around 5% from medium to
extra-large MAs and almost 6% in small MAs, one percentage point higher. Conversely, the UWP
difference at occupations with lower productive levels reaches seven and ten percentage points, com-
paring quantiles 5th and 10th across agglomeration levels. This scenario can indicate that the driver
for the higher UWP at small MAs is the lower-productive occupations. Considering that this kind
of occupation concentrates low-skilled and less-educated workers, their higher UWP can be a result
of what Moretti (2011) attributes to an inverse effect of the higher competition in urban areas labor
markets. Although human capital spillovers may increase the wages of both educated and uneducated
workers, the imperfect substitution between these two types of workers means that an increase in the
number of educated workers lowers their wages, as a result of a decrease in the private returns to
education, but raises the wages of uneducated workers (MORETTI, 2011).

However, it seems that this approach is not valid for women, as their UWP presents an opposite
behavior across areas by quantile analysis. High-skill occupations provide higher premiums in denser
areas – at medium, large, and especially at extra-large MAs – meaning that occupation in the labor
market also matters in the female UWP magnitude. It seems that denser MAs do provide an envi-
ronment where women in high-skill occupations can benefit more from the agglomeration effects than
when they are in low-productive ones.

4.6 Heterogeneity: Formality status

The existence of a large informal sector is a factor to be considered when analyzing wages in the urban
areas of developing countries. In Brazil, being an informal worker means not having access to benefits
provided by law, such as unemployment insurance, an additional salary in December, paid leave due
to illness, maternity leave, and accidents at work, in addition to not having access to public retirement
benefits. Therefore, the formality status in the Brazilian labor market is not a choice for many unskilled
workers and can have different impacts on men and women.

We perform a heterogeneity exercise based on the formality status of occupations. The motivation
for this test is the wage differentials between formal and informal workers may present different mag-
nitudes for men and women. Yahmed (2018) highlights three explanations for this difference. The first
one concerns the possibility that women value more, the benefits coming from formal jobs than men,
accepting lower wages in this type of occupation. The second is the flexible nature of some informal
occupations, which may be more attractive to women since it allows them to combine paid work and
domestic activities. Finally, on the demand side, there is the possibility of statistical discrimination,
in which the employer, based on information about career breaks and the labor turnover of women,
offers a lower wage for this group of workers.

The results show that the UWP is higher for informal workers, both men, and women, except in
extra-large MAs, where formal jobs have the highest UWP for men (Table 9). We identify different
patterns for men and women. Although the overall results for women show a higher UWP at both
extreme MA levels (small and extra-large MAs), the formal female UWP increases according to agglo-
meration levels – from 6.01% to 11.9%, whereas the informal UWP decreases according to scale – from
20.6% to 12.8%. We see the same pattern for men by formality status, but the overall result for them
follows the decreasing behavior of the informal UWP. We now observe that including informal workers
influences the female UWP. Disregarding female informal workers leads to an underestimated UWP
and to an increasing pattern according to agglomeration levels – from medium to extra-large MAs –,
that is not the pattern for the whole group.
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Figura 6: Urban wage premium: quantile regressions for agglomeration levels

(a) MAs

(b) Small MAs (c) Medium MAs

(d) Large MAs (e) Extra-large MAs

Source: Elaborated by the authors based on estimation results, available upon request. Notes: Vertical axis denotes
the UWP magnitude. Gray lines indicate a 95% confidence interval. Base Model considering only the first interview for
each individual in the sample.

5 Final remarks

This paper sought to evaluate the urban wage premium of women in Brazilian MAs for various sub-
groups of individuals, in terms of occupational, firm, and household characteristics, using different
estimation methods. The use of the PNADC allows us to correct the sample selection bias of the
probability of labor market participation while ensuring national coverage and representativeness. The
female UWP investigation seeks to understand whether (i) agglomeration economies in denser areas
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Tabela 9: POLS regressions: formality status

Formal Informal Both
Dep.var.: lnhwage (1) (2) (3)
(a) Women
Small MA 0.0643*** 0.206*** 0.137***

(0.00238) (0.00379) (0.00216)
Medium MA 0.0601*** 0.167*** 0.111***

(0.00196) (0.00341) (0.00184)
Large MA 0.0656*** 0.149*** 0.103***

(0.00135) (0.00236) (0.00125)
Extra-large MA 0.119*** 0.128*** 0.121***

(0.00196) (0.00384) (0.00182)
Observations 841,439 627,336 1,468,775
R-squared 0.469 0.324 0.435
(b) Men
Small MA 0.0488*** 0.168*** 0.111***

(0.00224) (0.00310) (0.00185)
Medium MA 0.0268*** 0.114*** 0.0664***

(0.00177) (0.00291) (0.00153)
Large MA 0.0330*** 0.0873*** 0.0590***

(0.00126) (0.00207) (0.00110)
Extra-large MA 0.0543*** 0.0367*** 0.0466***

(0.00182) (0.00323) (0.00160)
Observations 1,301,839 994,367 2,296,206
R-squared 0.435 0.371 0.459
(c) Full sample
Small MA 0.0530*** 0.182*** 0.121***

(0.00167) (0.00243) (0.00141)
Medium MA 0.0400*** 0.136*** 0.0838***

(0.00134) (0.00222) (0.00117)
Large MA 0.0460*** 0.111*** 0.0767***

(0.000941) (0.00157) (0.000825)
Extra-large MA 0.0834*** 0.0776*** 0.0761***

(0.00135) (0.00250) (0.00120)
Observations 2,143,276 1,621,705 3,764,981
R-squared 0.438 0.334 0.446

Notes: Dependent variable: lnhwage. All models include a constant term, robust errors and individual sample weights. All models
follow the base model specification with controls for household children, worker’s characteristics, industry, firm size, occupation,
year or quarter, macro-region, and IMR. Omitted categories: non-MA, less than one year of schooling, the year 2012, first quarter,
southeast region, agricultural industry, firm size from one to five employees, and occupations in the service sector and salespeople.
Controls and errors are omitted due to space restrictions and are available upon request. The significance levels are: *** p <0.01,
** p <0.05, * p <0.1.

benefit men and women differently; (ii) the skill level of the occupation in the labor market influences
the magnitude of the wage premium between genders; (iii) the female and male UWP change along
with the wage distribution.

The strategy applied comprised an in-depth analysis separately for men and women, being able to
compare them, taking advantage of the rich database, and exploring the differentials between household
composition and formality status. Additionally, we also used a quantiles regressions approach to
assessing heterogeneity across the wage distribution. The main result of the paper is that women have
a higher UWP than men, and this result is robust to several specifications and estimation methods.
For the POLS estimation, women have an 11.3% UWP, whereas men have only a 5.76% UWP. This
finding holds even in all heterogeneity exercises.

Quantile regressions reveal that the UWP has a different magnitude throughout the wage distri-
bution and that it has different trajectories between men and women, mainly in medium, large, and
extra-large MAs. The female UWP is lower at the beginning of the distribution, starting close to
the male UWP – at around 7% – but increases and exceeds 12% in the groups with higher salaries
(90th and 95th quantiles). High-skill occupations provide higher premiums in denser areas – at me-
dium, large, and especially at extra-large MAs – meaning that occupation in the labor market also
matters in the female UWP magnitude. It seems that denser MAs do provide an environment where
women in high-skill occupations can benefit more from the agglomeration effects than when they are
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in low-productive ones.
Additionally, the results show different determinants for the participation of men and women in

the labor market. The participation of women is negatively affected by their marital status and the
presence of children, irrespective of whether these children are young or of working age. Men, on the
other hand, participate less in the labor market if they have a child between 7 and 14 years old, or if
there is a married child at home.

The results of this paper are relevant to the study of the UWP in Brazil, including women as
the interest group of analysis, and contribute to the fledgling female UWP literature by highlighting
the differences between genders, using different estimation methods and tests. The main conclusion
indicates that the previous UWP results are underestimated since female workers are neglected in most
of the traditional UWP literature, and they could be over or underestimated for women and men if
wage distribution is disregarded. The higher UWP for women is not a recent evidence, as historic data
show it in the last thirty years. Additionally, including informal workers influences the female UWP
and disregarding this group leads to an underestimated UWP and a different understand about its
pattern according to agglomeration levels.

The results show that the UWP is higher for informal workers, both men, and women, except in
extra-large MAs, where formal jobs have the highest UWP for men (Table 9). We identify different
patterns for men and women. Although the overall results for women show a higher UWP at both
extreme MA levels (small and extra-large MAs), the formal female UWP increases according to ag-
glomeration levels – from 6.01% to 11.9%, whereas the informal UWP decreases according to scale –
from 20.6% to 12.8%. We see the same pattern for men by formality status, but the overall result for
them follows the decreasing behavior of the informal UWP. We now observe that including informal
workers influences the female UWP. Disregarding female informal workers leads to an underestimated
UWP and an increasing pattern according to agglomeration levels.

We find strong evidence that agglomeration effects do not benefit workers equally, and a higher
female UWP can also be attributable to the changes in female labor market composition. It seems that
denser areas tend to be more favorable to women, as they have a higher share of women in high-skill
occupations. This scenario is indeed consistent across different subgroups, which indicates that the
agglomeration effects have overcome possible constraints, pointed out by the literature, as women’s
low spatial mobility.

The results also indicate a relevant perspective in the gender wage differentials discussion. First,
denser areas appear to enjoy a greater awareness of the gender gap; therefore, a higher female UWP
can contribute to closing it. However, the higher female UWP can increase the inequality between
women from MAs and those from non-MAs, harming their group as a whole. From a policy point of
view, this represents a challenge, demanding different and coordinated actions across agglomeration
levels. This fact is particularly important for non-MAs, as their lack of agglomeration effects leads to
worse opportunities in the labor market, compared to MAs, especially for women.

The mechanisms behind the UWP differentials by gender should be the focus of future research.
The analysis of the effects of local infrastructures – such as the higher availability of housekeepers
and childcare facilities in denser areas – on UWP, could be very important as they provide better
conditions for the improvement of the careers of women. Similarly, weddings, cultural issues, intra-
household bargaining, and knowledge externalities are factors that can influence not only an individual’s
behavior in the labor market, but also have different degrees of relevance across agglomeration levels.

The remaining issues involve exploring the features associated with women’s participation in the
labor market with the application of multinomial estimates, in addition to investigating whether besides
the UWP, the wage returns to worker characteristics are different throughout the wage distribution by
gender.
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