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Abstract
This paper aims to revisit the relationship between the UWP and the agglomeration levels considering a source of heterogeneity not yet
investigated: workers’ subgroups from different labor market sector - Formal or Informal - and, and treating wage earners differently
from self-employed. We explore the Brazilian labor market using a longitudinal database that covers the whole country for the period
from 2012 to 2019, that reflect the entire labor market, while almost all previous studies use administrative records of employers, thus
restricting the UWP evidence to Formal workers. Our results reveal a new perspective for the UWP analysis in Brazil for elucidating the
following points: (i) The UWP previously reported in the literature underestimate the real UWP when the role labor market is analyzed Formal and Informal workers. Formal workers present half of the UWP of Informal workers; (ii) Both sectors show a non-homogeneous
UWP according to agglomeration levels but with different patterns within MAs. As the area becomes denser, the Formal workers UWP
increases while Informal workers UWP decreases; (iii) The intra-groups heterogeneity analysis shows that only Formal wage earners
have behavior in line with the literature, while other subgroups show a decreasing pattern with agglomeration levels. Again, evidence
that disregarding these groups of workers hides the complexity inherent of their insertion in the large urban labor markets and; (iv) The
characteristics related to occupational skill, workers schooling level, and tenure show UWP differentials according to the agglomeration
level and also between the subgroups of workers.
Keywords: urban wage premium, agglomeration levels, informality.
JEL classification: R23, J46, J31
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Introduction
Urban Wage Premium (UWP) studies evidence a positive wage1 differential in urban areas even after control for

observable and unobservable workers’ and firms’ characteristics2 . They rely on individual micro-data and differ in scope,
sample choice, and data availability, pointing results in different directions demanding further research. Meanwhile, informal
gap studies are focused on the identification and explanation of wage differentials between sectors3 . Despite a large number
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Throughout this paper, wages, salaries, and earnings are treated as synonymous being equivalent to labor income.
Some of these studies report a UWP in order of 4.5% in the US (GLAESER; MARE, 2001), 5.1% in Norway (CARLSEN; RATTSØ; STOKKE,
2016), 3.0% in France (COMBES; DURANTON; GOBILLON, 2008), between 1.4% and 7.1% in England according to the Metropolitan Area size
(D’COSTA; OVERMAN, 2014), 0.2% in Italy (BELLOC; NATICCHIONI; VITTORI, 2018), between 2.0% and 4.9% in Germany (BERLINGIERI,
2017; DAUTH et al., 2016), between 0.3% e 1.4% in Netherlands depending of the local employment density (MEEKES; HASSINK, 2018).
3
Samples of studies for developing countries are Tannuri-Pianto and Pianto (2002), Menezes-Filho, Mendes and Almeida (2004), Ulyssea (2006),
Badaoui, Strobl and Walsh (2010), Tansel and Kan (2012), Chen and Hamori (2013), Kahyalar et al. (2018), and Yahmed (2018).
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of studies, it is not common to connect this two distinct literature.
Considering these aspects, the main objective of this paper is to revisit the relationship between the UWP and the
agglomeration levels, focusing on the local labor market heterogeneity concerning the formality status of workers’ occupation.
The analysis seeks to clarify the following questions: i) Do the UWP results reported in the literature change when we
consider Informal labor markets? ii) How the heterogeneity of formality status affects the UWP results by agglomeration
level? iii) Are there different wage premiums for distinct workers’ subgroups - wage earner or self-employed from Formal or
Informal sector - by metropolitan areas size? and, iv) How are the personal and occupational characteristics associated with
this premium?
We address these questions analyzing Brazilian labor market using a longitudinal database that covers the whole
country for the period from 2012 to 2019, as best as we know never used to estimate the UWP, which allows the analysis of the
heterogeneity of formality status and many other intra-groups characteristics. Brazil is a country with a highly concentrated
urban hierarchy and continental dimensions: 208 million inhabitants, 41.1% of them in metropolitan areas, 19 metropolitan
areas with more than one million inhabitants, two of which have more than ten million (São Paulo and Rio). Furthermore,
being a developing country, Brazil has a non-negligible Informal sector which corresponds to 38.4% of the employees4 , which
justify an in-depth analysis of the UWP by formality status.
Our results reveal a new perspective for the UWP analysis in Brazil. Formal workers UWP is half of the Informal
workers UWP - 4.83% vs 9.67% - which highlight that disregard this sector could underestimate the real UWP. With a
decomposition by agglomeration levels (from Small to Extra-large MAs), it turns out that both sectors show a non-homogeneous
UWP according to agglomeration levels but with different patterns within MAs. Formal workers UWP vary between 3,77%
and 5,85%, a magnitude quite lower than found in studies for (only) Formal Brazilian workers. In its turn, Informal workers
UWP varies in a wide range, between 4.47% and 19.2% and have a strong decreasing pattern with agglomeration levels.
The intra-groups heterogeneity analysis shows that only Formal wage earners have behavior in line with the literature,
that is an increasing UWP according to the agglomeration level. Extra-large MAs are the most disadvantaged area for Informal
self-employed. Again, evidence that disregarding these groups of workers hides the complexity inherent of their insertion in
the large urban labor markets. Finally, characteristics related to occupational skill and workers schooling level drive the UWP
differentials according to the agglomeration level and also between the formality status.
By relating the literature for UWP and Informal gap, our main contribution relies on an in-depth analysis of the UWP
considering a source of heterogeneity not yet investigated: workers’ subgroups from different labor market sector - Formal or
Informal - and, we treat wage earners differently from self-employed. We explore longitudinal data that reflect the whole
labor market, while almost all previous studies use administrative records of employers, thus restricting the UWP evidence
to Formal workers5 . Another contribution to the literature is to explore the heterogeneity of these subgroups of workers,
regarding the agglomeration level in the urban hierarchy. Last but not least, we analyze the UWP after correct for the sample
selection bias related to different probabilities on labor market participation. That is, we applied the Heckman’s procedure
when estimating Mincer’s equation, something that previous studies about UWP do not do, mostly due to the lack of data for
non-employment.
This paper is composed of 5 sections, besides this introduction: section 2 describes the Brazilian metropolitan labor
market; section 3 presents data, descriptive analysis, and empirical strategy; section 4 shows the estimation results based on
different econometric models and methods, as well as robustness tests; and finally, section 5 presents the final remarks.
4
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Employees aged 18-65 between 2012 and 2019-Q1. Even Metropolitan Areas presents a high share of informal workers with 32.0%.
Previous studies of UWP in Brazil are Rocha, Neto and Gomes (2011), Barufi (2015), Silva, Santos and Freguglia (2016), Chauvin et al. (2017). The
only study that included Informal workers in UWP analysis for Brazil is Cruz and Naticchioni (2012), which found evidence of it for MAs (17%)
and Formal workers (23%), but without sample selection correction and not controlling for individuals’ unobservable characteristics, given database
limitations.
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Background and motivation
Brazil is a middle-income developing country with a GDP of 1.87 trillion dollars6 and 208 million inhabitants, which

69.4% of them are in the working-age (15-65 years). A significant share of the workforce is allocated in the Informal sector,
which corresponds approximately to 40% and that is quite stable in the country during the last decade, despite fluctuations
due to the business cycles (Figure 1).
Figure 1: Composition of the labor market

Source: Elaborated by the authors based on PNAD (IBGE, 2018b) from 2001 to 2015 and estimated for the period from 2016 to 2018 using PNADC
(IBGE, 2018a) behavior. Working-age population (18-65 years).

The existence of the Informal sector in developing countries is often related to the option to avoid higher costs
associated with a formal contract, compliance with labor regulations and social benefits, evading taxes, and other fees. To
be succeeded this strategy depends on the level control and inspection of Labor authorities that, according to Almeida et al.
(2018), tends to be higher in larger and denser cities, since they are submitted more frequently to the enforcement of labor
regulations. So, Informal self-employed in denser areas faces barriers, as firms will be less open to contract their services due
to legal accountability. On the other hand, by the offer side, according to Henley, Arabsheibani and Carneiro (2009), urban
workers may have a lower reservation wage and less likely to have social protection because denser areas provide a broader
range of public services and offer more opportunities. Besides that, Informal firms face deep restrictions on location as they
cannot participate in urban land markets through regular (Formal) profit-maximizing decisions due to price constraints or due
to lack of official legitimacy. Thus, although there are important agglomeration economies, those benefits are curtailed due to
restrictions of informality on firms, especially location constraints in urban space (HARRIS, 2014).
So, it is straightforward that informality should reduce from Small to Larger MAs. As can be seen in Table 2,
Non-MAs have a higher share of Informal workers that accounts for 42.8% of employees, and in MAs, this share is 32.0%.
Besides, the informality rate decreases from Small - 37.9% - to Extra-large MAs - 28.5%. This difference goes beyond the
simple share of employees but is related to structural differences in the labor markets, reflected on wages.
Informal workers earn on average 38.6% less than Formal workers in Brazil (hourly wage of 10.5 vs 17.1) which is
in line with the traditional segmented markets theory. By this theory, for a part of the working force, the last resort is the
acceptance of lower-wage levels in informal jobs (TANSEL; KAN, 2012; YAHMED, 2018) and the differences between
Formal and Informal workers are not explained by their attributes, on the contrary, they are observed between individuals with
similar profiles, being the result of the markets’ structure and institutional aspects (DALBERTO; CIRINO, 2018). [Table 1
about here.]
Additionally, not only the formality status explains the wages differentials. The UWP theory points out to a wage
premium across the urban levels due to gains in labor productivity related to i) the sorting of high-skilled workers in denser
6

According to WorldBank (2019).
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areas (BEHRENS; DURANTON; ROBERT-NICOUD, 2014; COMBES et al., 2012); ii) the agglomerations externalities
that allows better worker-firm matches (STORPER; VENABLES, 2004; BAUM-SNOW; PAVAN, 2011a; MORETTI, 2011)
and human capital accumulation, with knowledge spillovers and gains from experience (ROSENTHAL; STRANGE, 2008;
MORETTI, 2011; ANDERSSON; THULIN, 2013; MORETTI, 2013; BEHRENS; DURANTON; ROBERT-NICOUD, 2014;
ROCA; PUGA, 2017). Indeed, workers in the same formality status in MAs earn more than those in Non-MAs, and the wages
increase from Small to Extra-large MAs in Brazil.
Another point regarding the segmented markets theory is that workers profiles are distinct. When we compare workers
from both sectors in Table 1, Formal workers have almost three schooling years above Informal workers, although they are
slightly younger. This group also have a lower household structure with fewer children and members and mostly in high or
medium-skilled occupations and with at least High School level while Informal workers work fewer hours per week and have
lower job tenure. [Table 2 about here.]
Competitive markets approach provides another explanation for wage differentials. Be an Informal worker is a
voluntary choice based on personal decisions after considering all costs and benefits (TANSEL; KAN, 2012), and the
lower-wage level is an only temporary loss between job transitions. But, it is hard to accept a single explanation because
Informal workers are very heterogeneous. There is an upper-tier set of workers with high-skills in specialized services and a
lower-tier usually in low-skilled occupations more prone to unemployment and that face strong entry barriers on the Formal
sector (GÜNTHER; LAUNOV, 2012).
With this outlook, we could expect a non-homogeneous intra-groups wages differentials. We analyze the wage
distribution by workers’ subgroups (Figure 2), and the heterogeneity of them emerges with different position of the
distributions, skewness, and kurtosis. Informal workers are more concentrated in the lower wage levels while Formal
workers are more concentrated in the higher ones, primarily the formal self-employed. These differences justify our option to
analyze subgroups of workers, something that previous studies for the Brazilian labor market does not take into account.
Figure 2: Average hourly wages(ln) distribution by workers’ subgroups

Source: Elaborated by the authors based on PNADC (IBGE, 2018a) from 2012 to 2018. Only employed individuals between 18 and 65 years, referring
to the first interview and excluding top and bottom 1% wages.
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3.1

Data and empirical strategy
Data and sample
The database that we use is the Continuous National Household Sample Survey (PNADC) from Brazilian Institute of

Geography and Statistics (IBGE) which is currently the primary survey and the best source for micro-data about the Brazilian
labor market, however still little used for panel data analysis. It is a household survey with national coverage and a quarterly
frequency for approximately 211,000 interviews in a rotating scheme, for five consecutive quarters per household (IBGE,
2018c). Further than employment status and wages, PNADC allows workers’ analysis according to their location, formality
status, job categories, individuals’ (age, gender, race, marital status, home position, and schooling level), occupations’ (tenure
and skill level) and firms’ characteristics (number of employees and industry). Also, as a longitudinal database, it is possible
to follow the same individual over time, although for a maximum of five quarters.
The PNADC covers the period from 2012 to 2019, with more than 16 million observations. Following the literature,
the sample contemplates only employed men aged 18-657 , excluding the military and public sector workers, due to their
specific labor laws, and family workers. The sample consists of workers with a single job and with at least 20 hours a week
avoiding that individuals with more than one simultaneous job may present different behavior over time with job transitions
and eliminating situations in which paid work does not represent a minimum dedication. We also withdrew workers with
wages in the top or bottom 1%. In order to analyze the role of firm size in the UWP our sample covers only the period when
the variable is available in our database (from 2012Q1 to 2015Q3 and from 2016Q3 to 2019Q1), totaling almost 506.000
workers and 2.9 million observations (see Appendix A for a comparison between the sample and full database).
As the last section showed, the analysis considering the workers’ Formality status is essential, and the identification
considers if the worker has or not a formal work contract or if he contributes to the Social Security Institute8 . In turn, the
job category is obtained by the answer to one of five possible options: private employee, domestic employee, employer, or
self-employed9 . We choose to create four subgroups by merging their formality status (Formal or Informal) and job category
(wage earner or self-employed). As wage-earners, we considered private and domestic employees, while self-employed are
those with self-employed occupations and employers. This approach follows the studies of Dalberto and Cirino (2018) and
Tansel and Kan (2012).
As a household survey, the data interpretation should consider some particularities. Workers that change their homes
during the survey are missing after they move, which implies that it does not cover migration between regions; all the workers
are in the same place throughout the research10 . The second case of attrition in this database emerges from workers that did
not answer the survey at some moment in the five quarters. Correction for attrition was not applied in this paper, but we try to
deal with this possible bias looking at different sample cohorts as robustness check - section 4.3. Besides, the values reported
as wages are self-declared, which may be biased for declaration errors11 .
To analyze the agglomeration levels, we made a distinction between MAs - that correspond to 27 State Capitals,
which are the biggest cities in each State in Brazil, and its’ respective other MAs municipalities when exists - and Non-MA12 .
7

The choice of men eliminates possible variations susceptible to discrimination, and the male workforce has a more stable behavior despite adverse
conditions such as low wages, high unemployment, and poor working conditions, according to Menezes-Filho, Mendes and Almeida (2004).
8
There are different definitions for informal workers, see Corseuil, Reis and Brito (2013) and Slonimczyk (2014). Our approach starts from the premise
that a worker is informal if he does not have access to several benefits provided by labor laws, such as unemployment benefits, job severance payments
(for maternity leaves, death, illnesses, occupational accidents) and retirement pension.
9
Other three options are also possible (military, public sector workers, or family workers) but we did not mention here because they were excluded from
the sample.
10
PNADC have a household identifier - that comprises the variables: Primary Sampling Unit (UPA), household number (V1008) and panel
identification(V1014) - but does not present a longitudinal identifier for individuals at the household. To be able to evaluate individuals over
time, we construct an identifier based on the household and the date of the birth of each member. Besides that, all descriptive analysis and estimations
make use of individual sample weight available on PNADC (IBGE, 2018a)
11
Although the survey question specifies gross values is expected that the interviewees could interpret it as net taxes amounts. In this sense, Corseuil and
Santos (2002) estimate that PNADC wages are 10% lower than the existing administrative records, comparing only Formal workers.
12
PNADC only identifies the MAs linked to the State Capital (covering 41.1% of the Brazilian population), so it is not possible to identify the MAs
located in inland areas. However, these unidentified MAs correspond to only 4.6% of the population.
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We classified the MAs according to their population into four groups: Small, Medium, Large, and Extra-Large, as shown in
Table 3. [Table 3 about here.]
The wage differentials between MAs and Non-MAs are relevant (about 20% higher in MAs, 13.2 vs 10.6) and within
the agglomeration levels it is also meaningful (about 23% higher of Extra-large MAs compared to Small MAs, 14.6 vs 11.2).
Table 4 shows the average hourly wage by different workers’ and occupation characteristics. Following the literature, wages
are higher among high-educated workers, with a higher job tenure, married or whites. Workers in high-skilled occupations
overcome medium and low-skilled ones in 122% and 183% respectively, with similar differentials in all areas (24.5 vs 11.0 in
medium-skilled and vs 8.6 in low-skilled occupations).
Wages are also higher in MAs for both sectors - Formal and Informal. The heterogeneity of workers’ Formality status
can be seen in the wage-levels between the subgroups. Although wages are higher for formal workers independently if wage
earner or self-employed, Informal self-employed are the subgroups with the higher differential between MAs and Non-MAs,
with 33% - followed by Informal wage earners, that earn 25% more in the MAs compared to Non-MAs. [Table 4 about here.]

3.2

Empirical strategy
The methodology traditionally used in UWP studies, and adopted here for different agglomeration levels, is a

panel data approach with Ordinary Least Squares Pooled (POLS) and Fixed-Effects estimates controlling for individuals’,
occupations’, and firms’ characteristics. However, considering that the dynamic of employment and unemployment are
different, both due to individuals’ profiles and to the local labor market scenario, it is necessary to investigate the existence of
sample selection bias adopting the correction procedure in two steps, following the steps predicted by Heckman (1979). The
first one is an estimation for the probability of being employed. For this estimation, we consider a dataset with employed,
non-employed, or inactive men aged 18-65, with the following specification:
Pi = α1 + α2 M Ai + α3 Agei + α4 Age2i + α5 Racei + α6 M aritalstatusi + α7 SchLeveli
+α8 U nemployment + α9 HHheadi + α10 N oChildi + α11 Child6i + α12 Child14i
+α13 HHwagei + α14 HHpeoplei + α15 P osHSi + M acroRegioni + Ti + νi

(1)

In equation 1 Pi represents the probability of being employed. Besides the variables that represent the individual
characteristics (Appendix B) six variables denote explicitly the probability of being employed: N oChild is a dummy for not
having a child under 14 years in the household, Child6 is the number of children up to 6 years old at the household, Child14
is the number of children between 7 and 14 years old at household, HHwage is the sum of the wages of the household, not
including worker i wage, HHpeople is the number of household members and, P osHS is a dummy for the household head
or spouse occupation status. The Ti variable represents the set of dummies for year and quarters, while νit is the error term.
In this first step, the Inverse Mills’ Ratio (IMR) will indicate the existence of sample selection bias and then the
second step consists in an estimation of the equation for wages considering the IMR as one of the independent variables,
obtaining consistent parameters estimations. This estimation presents the following Mincer’s form, applied to POLS:
lnhwageit = β1 + β2 M Ait + β3 Ageit + β4 Age2it + β5 Raceit + β6 M aritalstatusit
+β7 HHheadit + β8 OccSkillit + β9 F ormalityit + β10 T enureit + β11 SchLevelit +
β12 U nemployment + β13 λ + β14 F irmsize + Industryit + M acroRegionit + Tt + it

(2)

where the dependent variable lnhwage is the logarithm form of the deflated hourly wage of worker i at time t, λ is the Inverse
Mills’ Ratio, Industryit represents the set of dummies for industries type, and it is the error term. The analysis will focus
on the coefficient β2 that will show how much the agglomeration is determinant for the UWP. Following the literature, to
capture the demand-side effects of the local labor markets, we include the variable U nemployment in the same schooling
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level of the worker in which area.
We first show the results for all MAs together, without agglomeration levels, followed by the results with the
subdivision between Small, Medium, Large, and Extra-large MA. Besides that, to deepen the analysis about the role of
individuals’ characteristics, we interact the variable M Ait with Occupational skill (Occskillit ), Schooling level (SchLevelit ),
and Tenure (T enureit ) to identify their relation to the UWP by agglomeration level. Considering the differences between
sectors - Formal and Informal - and workers’ subgroups, we perform separated POLS estimations. We also do some robustness
checks, including different samples and alternative agglomeration levels definitions (section 4.3).
Results presented in the first part of the analysis consider the Heckman’s correction in POLS estimates, but they can
not be regarded as definitive since for a precise UWP identification it is necessary to control the individuals’ unobservable
characteristics using Fixed-Effects method. However, the available data do not identify workers that move, making it
impossible to estimate the coefficients for the MAs dummies. Although we can not precisely identify the UWP by fixed
effects, we perform a procedure inspired by Combes, Duranton and Gobillon (2008) and Meekes and Hassink (2018). It
consists of an estimation of fixed effects and a regression on it by the time-fixed variables, obtaining an indication of how
much of the fixed-effects are associated with characteristics of the individuals’ location. The intention of doing this is to
isolate the individuals’ effects and evaluate the role of the agglomerations.
Finally, we applied the Oaxaca-Blinder method13 to understand how the wages differences can be explained by the
individuals’ attributes or by the remuneration dynamic. This method offered additional evidence for the role of sorting and
was performed comparing MAs versus Non-MAs and Formal versus Informal workers. The hourly wage differential between
the two groups can be expressed as:
lnD = [E(X̄1 ) − E(X̄2 )]0 β̂1 + E(X̄1 )0 (β̂1 − β̂2 ) + [E(X̄1 ) − E(X̄2 )]0 (β̂1 − β̂2 ) + ĉ1 λ̄1 − ĉ2 λ̄2

(3)

Equation 3 indicates that the hourly wage differential between two groups (1 and 2) comes from the following three
parts: the first is owing to the differences in the average characteristics of the groups (endowments, individuals’ attributes),
the second is due to the differences in the parameters of the wage function (coefficients, remuneration dynamic), and the third
is an interaction term accounting for the fact that differences in endowments and coefficients exist simultaneously between
the two groups. The last part of equation 3 is owing to the differences in the sample selection bias variable.

4
4.1

Results
Observing the UWP in agglomerations
Results reported below always refer to estimates corrected by the Heckman’s procedure since the existence of

selection bias was verified independently of the subdivision adopted between MAs (Appendix C reported the results for each
stage of the correction process). Table 5 presents estimates of different specifications for equation 2, starting with a simplified
version (1) to the full model (5). The first two regressions only with the MA dummy show the raw effect of sample selection
correction, then controls are added gradually: dummies for time, industry, formality, and Macro-region (3), then workers’
observable characteristics and unemployment rates (4) and, finally, occupations’ characteristics (5), tenure and skill levels.
However, as the focus of this paper is deepen the analysis by the agglomeration levels, the most interesting specification is
regression 10 with dummies for four MA agglomeration levels (Small, Medium, Large and Extra-large), being this model our
reference. Estimates 6 to 9 repeated the addition of the controls described earlier but with the four dummies for MAs. This
regressions for the agglomeration levels show relevant changes with sample selection correction (models 6 and 7). [Table 5
about here.]
All models confirm the existence of a UWP in Brazil. The effect of MAs on wages is initially 21.2% in the most basic
13

For more details see Oaxaca (1973), Blinder (1973), Fortin, Lemieux and Firpo (2011), Firpo (2017) and Jann et al. (2008).
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model (1) and reduces to 6.85% in model 5 with all controls. The coefficients in the model 10 indicate a non-homogeneous
UWP according to agglomeration levels. Although always positive, while Extra-large MAs have a premium of 4.62%, other
MAs showed a higher premium with 7.92%, 8.01%, and 12.6% respectively for Large, Medium and Small MAs.
In general, other variables coefficients are in line with the literature. Workers’ characteristics as schooling level, race,
marital status, and household head present a wage premium as expected, as well as unemployment rates that imply a negative
effect on the hourly wages. Concerning occupations’ characteristics, high and medium-skilled receive a wage premium of
39.70% and 9.08% compared to the low-skilled ones. Meanwhile, workers with less than eight years have a wage penalty,
compared to those with eight years or more, which is decreasing (from -16.70% to -5.90%) as the experience in the same job
consolidates. These two variables (occupational skill and tenure), plus schooling level, will be explored in details in the next
section.
As Yankow (2006), Badaoui, Strobl and Walsh (2010), Andersson and Thulin (2013), Dauth et al. (2016) and Silva
and Santos (2018) pointed out, working in large firms implies wage gains, and as large firms are located disproportionately
in MAs, it could affect UWP estimated for denser areas. We evidence the role of firm size in the UWP with a positive
and increasing effect on wages, reaching 7.03% in firms with more than 50 employees. The workers’ formality status also
positively impact wages, in line with the study of Cruz and Naticchioni (2012). Compared to Informal, Formal workers benefit
from a 14.2% premium.
Still analyzing the coefficients for Agglomerations, the decreasing behavior is not in line with some studies in the
literature, that point an increasing UWP with agglomeration levels. Indeed, this interpretation is in line with descriptive
statistics and with model 8 results, which indicate increasing UWP with agglomeration levels. However, controlling for
workers’, occupations’, and firms’ characteristics in models 9 and 10, this pattern is inverted. Thus, one can interpret that part
of the general evidence can be related to the sorting of the most qualified workers to denser areas.
Formality status. Considering the scenario of high informality rates and the differences between Formal and Informal workers,
we argue that the UWP may also be different. Table 6 shows the POLS estimations separated for the two groups and the
reference model. To simplify the presentation, are provided only the coefficients for the variables of interest. Comparing
against the Non-MA, MAs’ Formal workers have a 4.83% UWP, half of the premium of Informal workers, with 9.67%.
The UWP results are very different by Agglomeration level. Both sectors show a non-homogeneous UWP according to
agglomeration levels, but for Formal workers, they vary between 3,77% and 5,85%, while for Informal workers varies in
a wide range, between 4.47% and 19.2%. Informal workers UWP drives the overall results, that replicates the decreasing
pattern as the agglomeration level become denser. It was never elucidated in previous UWP studies that there is a distinct
pattern between the formality status according to the agglomeration level.
The estimations for both sectors consider wage earners as the base level, and the coefficient for the Self-employed
dummy shows that those in the Formal sector have a premium of 22.6% versus 4.48% of the Informal ones. With this
specification, the UWP for the full sample continues to be decreasing with little differences from those in Table 5. These
results indicate that the analysis focused on Formal workers could underestimate the real UWP and overestimate the premium
associated with being self-employed in MAs.
The reasons behind the decreasing pattern for Informal UWP across the agglomerations levels are uncertain as little
evidence on agglomeration economies in the informal sector is available. Even so, according to Annez and Buckley (2009)
and Duranton (2009), one can suggest that agglomeration effects are generated in both sectors - as linkages between them are
often intense - and informal workers generally have a positive impact on their formal sector counterparts. Some studies try to
disentangle this question leaning on three possibilities: the enforcement of labor regulations, the reservation wages, and the
location constraint for the informal sector. Denser areas are submitted more frequently to enforcement of labor regulations
in Brazil (given its proximity to labor inspectors bases cities and because they concentrate Formal workers and firms), so
Informal workers in denser areas face barriers, as firms will be less open to contract their services due to legal accountability
(ALMEIDA; CARNEIRO, 2012).
8

On the other hand, by the offer side, urban workers may have a lower reservation wage and less likely to have social
protection because denser areas provide a broader range of public services and offer more opportunities to insure oneself the
risks related to been unemployed (HENLEY; ARABSHEIBANI; CARNEIRO, 2009). Finally, as a necessary condition to
foster agglomeration effects is the level of firm proximity and as Informal firms cannot participate in urban land markets
through normal (formal) profit-maximizing decisions due to price constraints or due to lack of official legitimacy, they face
deep restrictions on location. Conceptually, the more restrictions firms face, the less likely they will be able to locate near
suppliers, markets, competitors, or generally at areas where agglomeration economies are most likely. Thus, although there
are important agglomeration economies, those benefits are curtailed due to constraints of informality on firms, especially
location constraints in urban space (HARRIS, 2014). [Table 6 about here.]
Workers’ subgroups. In a more in-depth analysis, we separately estimate the UWP for four subgroups of workers merging
their formality status and job category. The reference model has now four dummies for each subgroup (Formal wage earners,
Formal self-employed, Informal wage earners and Informal self-employed) as shown in Table 7 as Full sample. The UWP
coefficient presents little changes but not a different pattern across agglomeration levels.
This specification enables the analysis of the difference returns of each subgroup of workers. Formal self-employed
have the have premium in MAs with 29.1%, while Formal wage-earners have a premium of 4.56%. This result differs
considerably from Tansel and Kan (2012) who found a higher premium for Formal wage earners - 54.7% - followed by
Formal self-employed with a premium of 32.1% for male workers in Turkey from 2006 to 2009. The similarity between with
our results is due to Informal self-employed that have the lowest premium of all subgroups, with 2.73% and 6.33% in Tansel
and Kan (2012) which evidence a little difference within informal workers - wage earners versus self-employed - premium in
MAs.
An intra-groups heterogeneity analysis shows that UWP differs substantially within the groups of workers across
the agglomeration levels, as can be seen in the estimations for each subgroup. Formal wage earners show the smaller UWP
(3.83%) compared to other groups, and this result has a magnitude quite lower than found in studies for (only) Formal
Brazilian workers, as Chauvin et al. (2017) with a 5.2% UWP and Barufi (2015) with a 9.1% UWP. This studies also report
an increasing UWP with agglomeration levels for formal wage earners, as observed in our results with a UWP of 4.28% in
Extra-large MAs. However, the other subgroups of workers did not follow these results. Formal self-employed, for instance,
have the higher UWP of all subgroups with 11.2%, that is even higher in Small MAs with 17.9% but diminishes across the
agglomeration level.
The same pattern is observed for Informal subgroups throughout the agglomeration levels. Although their similar
coefficients for the MAs (9.47% and 9.66% respectively) both Informal wage earners and self-employed show a decreasing
UWP according to the agglomeration levels but this pattern is softer in wage earners group (from 14.4% in Small MAs to
6.83% in Extra-large MAs) while for Informal self-employed is steeper, ranging from 21.2% to 3.09% (respectively on Small
and Extra-large MAs). The Informal self-employed are the most disadvantaged group in extra-large MAs with a UWP below
3.0%.
This analysis evidence that disregarding intra-groups heterogeneity hides the complexity inherent in their insertion in
the large urban labor markets, which corroborates with the competitive markets approach. By this theory be a informal worker
is either a voluntary choice based on personal decision (TANSEL; KAN, 2012) or due to the strong entry barriers on the
Formal sector faced by low-skilled workers - as the last resort against unemployment (GÜNTHER; LAUNOV, 2012), thus,
the UWP can be different according to the workers profiles. [Table 7 about here.]

4.2

Differences in UWP by specific characteristics
In the recent period, studies have shed light on how the UWP changes according to the agglomeration level and

the characteristics of individuals, occupations, and firms, instead of considering the UWP as fixed and homogeneous. After
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examine the raw UWP by subgroups of workers highlighting the heterogeneous results between them, we re-estimate the
model for each one separately including the interaction term of MAs level and some chosen characteristics - occupational
skill, schooling level and tenure - allowing the UWP of workers with the same characteristics, firm, and match to vary across
the urban hierarchy. For the sake of simplicity and to ease results interpretation of net effects, we summarized the UWP of
each interaction on each group and reported below in graphs for each category14 .
Occupational Skills. The interaction between workers’ occupational skill levels and agglomeration levels (Figure 3), as
expected, workers in high and middle-skilled occupations in all MA levels present a wage premium compared to low-skilled
ones. For the full sample UWP range from 4 to 12% for medium-skilled and from 11 to 16% to high-skilled occupations
(Figure 3a) and it is always higher for high-skilled workers than the medium-skilled ones in each agglomeration level.
Furthermore, the decreasing premium, according to agglomeration levels for Medium-OS workers, turns into a stable pattern
for those with High-OS. So, workers in medium-skilled occupations are benefited in Smaller MAs.
These results are in line with previous achievements in the literature, as Gould (2007) found a premium in urban
areas for white-collar workers and not for blue-collar and as Bacolod, Blum and Strange (2009) that report 12.25% UWP for
cognitive-skill, 2.94% UWP for people-skills and a penalty of 10.36% for motor-skilled intensive occupations as the area
becomes denser. Although with different skills specification, both studies suggest that there are agglomeration economies
motivated by skill and learning in denser areas, which its also consistent with our finding.
As pointed out in the previous section, once again, we evidence that the analysis focused on Formal workers hide the
real pattern of UWP in Brazil. There are different patterns across the subgroups of workers and some similarities (Figure
3b-e). For High-OS the premium is slightly increasing according to the agglomeration level for both Formal subgroups, stable
for Informal wage earners and decreasing for Informal self-employed. For Formal workers being in a High-skilled occupation
means a higher premium independently of the MA level, which is not the truth for all Informal workers, only for those wage
earners in Small MAs or as self-employed - except if in Medium MAs.
In its turn, Medium-skilled occupations have a decreasing premium according to the agglomeration level, except in
Formal wage earners where the premium is just slightly increased. Again, the results for Formal wage earners are in line with
the expected in the literature, with higher premiums in denser areas. Informal Self-employed showed the higher proportional
variation between agglomeration areas, range from 21% to 3% (17pp) while Formal self-employed and Informal wage earner
varies between 8 and 9pp. These results evidence that workers in medium-skilled occupations benefits of a greater UWP
when located at Small MAs.
Schooling levels. Equally educated workers always have a higher premium than similar ones in Non-MAs with only one little
exception: workers with Elementary School in Extra-large MAs. The UWP by schooling levels shows the same pattern to
occupational skills (Figure 4a) with workers with lower schooling levels (until High School) presenting a wage premium in
MAs, but it is lower in denser areas, while college-educated workers have a more constant premium across MA levels.
Again, we can observe differences and similarities across workers’ subgroups (Figure 4b-e). Although Formal wage
earners with a College degree show an increasing UWP with the agglomeration level, for lower schooling levels (until high
school), the premium is consistently low - or is even a little penalty. The other subgroups present a very similar pattern for the
lower schooling levels: the UWP is decreasing as the MA becomes denser. So, less dense areas are an advantage for workers
at these schooling levels. The premium for college-educated are constant across MA levels in both Formal Self-employed
and Informal wage earners, and it is only decreasing for the Informal Self-employed. For wage earners, the premium in the
Informal sector is always higher than in the Formal ones, independently of the MA or schooling levels. This result is not the
truth for the self-employed, that present closer premiums between sectors, but also show the highest premiums of the series.
Informal self-employed have a UWP from 17 and 24% while Formal self-employed range 13 and 20% in Small MAs.
14

Regressions results are reported in Appendix D.1-3.
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Figure 3: Interactions with Agglomeration levels: UWP by Occupational Skill

Source: Organized by the authors based on Appendix D.1 results.
Notes: Controls for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’ Ratio. Base levels: Non-MA,
Schooling Level = less than one year, Low occupation skill level, tenure of 8 or more years, agriculture, Southeast Region. All models were estimated
with individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors clustered by individuals.

Other studies also reported a higher UWP for high-educated workers in denser areas. Glaeser and Mare (2001) find
a UWP from 2.3 to 13.1% for workers above ten years of schooling in MAs in the US (equivalent to college-educated in
Brazil) and also evidence a higher UWP for less-educated - 3.7% for those between 0 to 9 years. Still, in the United States,
Baum-Snow and Pavan (2011b) found a 29% UWP for college-educated workers in Larger areas compared to Small are. For
Brazilian labor markets Silva, Santos and Freguglia (2016) evidence approximately 13.2% UWP um Extra-large MAs for
College-educated Formal workers and a non-homogeneous premium across schooling and MAs levels.
Tenure. Figure 5 shows the UWP for Tenure levels, with the reference group being workers with more than eight years of
experience in the same job. Result for the full sample (Figure 5a) shows a decreasing pattern as the MA becomes denser, but
higher premiums as the experience consolidates at all MAs levels. This result is driven by the Informal sector, that present the
same decreasing pattern in all dimensions, while Formal workers have distinct behavior. Formal wage earners present a little
and slightly increasing UWP across MA and Tenure levels, reaching a maximum of 6%. In its turn, Formal Self-employed
show higher UWP that is only decreasing after the first we of experience. Before that, the UWP varies across MAs level
without a clear pattern (Figure 5b-e).
Even though our analyses in this stage do not evaluate time trends, these results suggest an acceptance at the beginning
of employment lower wages in all subgroups of workers which, for those workers who entry in the Formal Sector may be
motivated by: the foresee of a more significant gains over time with wage increases or promotions for wage earners as they; or
by prospect of new contracts or increased working hours possibilities for self-employed. For those workers who entry in the
Informal sector, the same reason does not apply albeit the can benefit by not paying taxes and the flexibility of work fewer
hours - provided by this sector.
The higher premium as experience consolidates can be related to what Carlsen, Rattsø and Stokke (2016) calls
dynamic effects. In his study, he reported an overall UWP of 5.1% in Norway but after controlling for workers’ unobserved
abilities notice that there were gains from firm-specific tenure in cities, especially for low-educated workers. However, in our
results, even without considering the level of education, in all subgroups there is a premium until reach eight years of tenure except for Informal Self-employed in Extra-large MAs where the UWP is near zero.
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Figure 4: Interactions with Agglomeration levels: UWP by Schooling levels

Source: Organized by the authors based on Appendix D.2 results.
Notes: Controls for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’ Ratio. Base levels: Non-MA,
Schooling Level = less than one year, Low occupation skill level, tenure of 8 or more years, agriculture, Southeast Region. All models were estimated
with individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors clustered by individuals.

Figure 5: Interactions with Agglomeration levels: UWP by Tenure

Source: Organized by the authors based on Appendix D.3 results.
Notes: Controls for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’ Ratio. Base levels: Non-MA,
Schooling Level = less than one year, Low occupation skill level, tenure of 8 or more years, agriculture, Southeast Region. All models were estimated
with individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors clustered by individuals.

4.3

Robustness checks
This section is dedicated to robustness exercises, including different samples and alternative agglomeration levels

definitions. In general, the UWP primarily results for agglomerations levels hold on each exercise, and only a few
considerations are necessary (Tables 8 to 10).
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Attrition and panel tests. The two first tests are related to the fact that the database consists of an unbalanced panel. Since,
as explained in section 3, we have some missing observations. The first test (A) comprises only the observation of the first
interview followed by the second test (B) that contains only individuals with at least two interviews or any combination of two
between the five quarters. Both tests show similar results compared to the benchmark model, evidence that attrition should not
be a problem to our results.
Weekly worked hours. The primary sample comprises only workers with a minimum of 20 weekly worked hours, that is,
workers who report weekly hours between 1 and 19 were dropped. Exercise C took into account all workers without worked
hours restriction and was inspired by the possibility that Informal workers are more likely to work fewer hours comparing to
Formal workers (in the full database 11% of the Informal workers’ report between 1 and 19 hours worker against only 1.1%
of the Formal worker). Apply some restriction to worked hours it is not an exclusivity of this paper, similar thing was done by
Glaeser and Mare (2001), Gould (2007), Elvery (2010), Cruz and Naticchioni (2012), Dauth et al. (2016), Carlsen, Rattsø and
Stokke (2016), Berlingieri (2017) and Meekes and Hassink (2018) motivated by the analysis of workers in full-time jobs. The
UWP in this exercise also showed similar coefficients for Agglomeration levels compared to the benchmark model.
Sample without employers. As described in section 3, we choose to consider employers as self-employed but there no
consensus in the literature about this classification. One part of the UWP studies ignored or excluded - when available self-employed workers not limited to workers who provide specialized services but also owners of firms - employers from any
size - as Combes, Duranton and Gobillon (2008), Elvery (2010), Tansel and Kan (2012), Andersson, Klaesson and Larsson
(2014), D’Costa and Overman (2014), Carlsen, Rattsø and Stokke (2016), Dauth et al. (2016) and Roca and Puga (2017). The
motivation for this restriction is due to the interest to analyze workers with the most similar profile as possible. In our case,
the interest is to analyze exactly the heterogeneity within workers and is sustained by their same motivation - to be their one
boss. To stress this debate, we perform an exercise dropping the employers from the sample (exercise D), and doing this did
not change the overall results for the agglomeration level.
The coefficients that change compared to the benchmark model were those associated with Formal and Informal
self-employed. For Formal self-employed, the premium decreases from 29.1 to 20.7 but remains highly statistically significant
and positive. For Informal self-employed, the premium in this exercise is negative by 1.67% versus a positive effect of 2.73%
in the benchmark model and against the base level Informal wage earners. The pattern of workers’ subgroups did not change,
but the fact that now the Informal self-employed faced a wage penalty in MAs indicate that employers in this sector have a
wage level above the mean generating different results when analyzing together with self-employers.
Alternative Agglomeration levels definitions. Another point with different approaches in the literature is how to identify
agglomerations. It is possible to find several applications, such as the classification between urban and rural areas (YANKOW,
2006; GOULD, 2007; CARLSEN; RATTSØ; STOKKE, 2016); the approach by city or Metropolitan Areas (MA) (ELVERY,
2010; D’COSTA; OVERMAN, 2014; SILVA; SANTOS; FREGUGLIA, 2016; SILVA; SANTOS, 2018; CUNNINGHAM;
PATTON; REED, 2016); the approach by the number of inhabitants or demographic density (BACOLOD; BLUM; STRANGE,
2009; GLAESER; RESSEGER, 2010; DAUTH et al., 2016; BELLOC; NATICCHIONI; VITTORI, 2018; CHAUVIN et
al., 2017); based on the employment density (COMBES; DURANTON; GOBILLON, 2008; BERLINGIERI, 2017); based
on commuting flow (O’CLERY; GOMEZ-LIEVANO; LORA, 2016); and, by specific classifications created by authors
(ANDERSSON; KLAESSON; LARSSON, 2014; ROCA; PUGA, 2017; MEEKES; HASSINK, 2018).
The approach by Agglomeration level used until now condenses two applications found in the literature (by MA
and by the number of inhabitants) and is the most suitable approach possible with this database. However, concerning
the possibilities of our database, we performed three final robustness checks. The first (exercise E) reclassifies the MAs
according to their demographic density - inhabitants per km2 . Comparing to the original subdivision, as showed in Table 9,
the Extra-large MAs group is composed of two more MAs besides São Paulo and Rio - Recife, and Aracaju - and the other
groups are mixed.
The following specification (exercise F) takes the Cities’ Influence Regions (Região de Influência das Cidades) from
13

IBGE (2008), that classifies the urban centers according to the intensity of the links between them15 . This specification,
comparing to the original one, showed small differences in the groups Extra-large and Medium MAs. Both of these exercises
showed similar coefficients for Agglomeration levels compared to the benchmark both for MAs levels and subgroups of
workers. [Table 8 and 9 about here.]
Finally, the last exercise deals with the agglomeration specification, but instead of using groups, it takes the MA
population logarithm as the area identifier (Table 10). The effect of population logarithm on hourly wages is small (0,27%)
but positive and statistically significant. The results of the workers’ subgroups are different, again reinforcing the importance
of analyzing the heterogeneity within workers. Formal workers have a little premium in both groups (1.60% for the wage
earners and 0.99% for the self-employed) that although lower than previous studies that use the same definition16 . In its turn,
Informal workers present a different result: for both subgroups population logarithm negatively affect hourly wages. This
result is consistent with the findings in section 4.5 that report the decreasing pattern of Informal workers UWP. For Informal
wage earners, the coefficient is not statistical significant - 0,45% wage penalty - but Informal self-employed presents a wage
penalty of 2.27%. [Table 10 about here.]

4.4

Controlling the unobserved characteristics
In an attempt to control the unobserved characteristics of individuals, even with the limitations of the database

(described in section 3.2), we made two estimations with the following results17 . The first one is the estimation by Fixed Effects
for both sectors separately and for the full sample, as shown in Table 11, and comparing the coefficients with POLS estimates.
As expected, the coefficients are smaller but indicate that there are wage differentials according to specific characteristics.
Workers in High and Medium-OS enjoy higher returns than those with Low-OS (6.34% and 1.80% respectively) with High-OS
Informal workers overcoming Formal ones with 6.19 versus 5.66%, and the opposite scenario for the Medium-OS, with 1.79
against 1.41% for Formal and Informal workers respectively.
Formal self-employed present a premium 10.5% compared to wage earners in these sectors. In its turn, Informal
self-employed are worse paid compared to wage earners in a 0,70%. This penalty is consistent with previous results for
Informal workers even though we do not precisely measure the UWP in this stage. The results for the full sample replicates
the pattern observed until previously with the higher returns presented by Formal Self-employed, followed by the Formal
wage earners and finally, Informal self-employed.
Other characteristics also present results in line with the expected by the literature. The coefficient related to schooling
levels dropped reaching 12.2% for college-educated workers (against 73% in POLS estimation) but did not lose significance.
Formal workers only overcome Informal workers returns at the College level - 11.0% versus 9.01%. For less-educated workers,
the returns by schooling levels are higher in the Informal sector. Concerning the job tenure, workers between four and eight
years showed only a small penalty with fixed effects (-0,59%) while those below four years report a penalty that reaches
4.67%. Again, better returns, or lower penalties, are found in the Informal sector.
The second estimation corresponds to regress the individuals’ fixed effects, previously estimated, as the dependent
variable. In this case, the control variables are only those that do not vary on time: individuals’ location (agglomeration levels
and Macro-Region), age, and race. The results (Table 12) show that being in an MA explains between 14.4% and 25.0% of
the individuals’ fixed effects in the full sample. Once again, we evidence a decreasing pattern as the MA becomes denser and
the distinction between sectors. For formal workers being in an MA correspond to a premium between 9.79 and 12.6%, with
the higher premium occurring in Extra-large MAs, while for Informal workers the most advantage areas are the Small ones
that present a 31.1% premium against the 17.7% premium in Extra-large MAs. [Table 11 and 12 about here.]
15

Given their definition the Cities’ Influence Regions overlaps the administrative boundaries of Metropolitan Areas, being a good option to overcome the
Modifiable Areal Unit Problem. For details, see Openshaw and Taylor (1979) and Openshaw (1984).
16
As Chauvin et al. (2017) that report a 5.2% UWP for Formal workers in Brazil. For other countries, some of the studies report 2.4% UWP in Germany
(DAUTH et al., 2016), 7.2% in the US (CUNNINGHAM; PATTON; REED, 2016) and 4.6% in Italy (BELLOC; NATICCHIONI; VITTORI, 2018)
and that report 2.4%.
17
In this section, we do not perform the Heckman’s correction.
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4.5

Oaxaca-Blinder Decomposition
The last set of estimates comprises the application of the decomposition method as an attempt to understand the

factors associated with the wage differentials between the MAs and sectors. In general, all pairs compared show that most
of the wage differentials can be explained by individuals’ attributes - the endowments - and not by the difference in the
remuneration dynamic of the local labor market - the coefficients (Table 13).
The comparison between MAs and Non-MAs show that 70.9% of the wage differential is mainly due to the individuals’
attributes, while the rest is explained by the dynamic of the metropolitan labor market. When comparing between sector - and
between sector in MAs and Non-MAs separately - the individuals’ attributes corresponds from 46.7 to 53.7% of the wages
differentials. In these specifications, the interaction term has higher participation in the wage differentials explanation and
accounts for the fact that differences in endowments and coefficients exist simultaneously between the two groups compared.
Even so, individuals’ attributes play a significant role in each comparison. Although the main objective of this paper is not to
analyze the sorting process in agglomeration economies the evidence on this section could indicate that the concentration of
workers with specific characteristics in MAs may be a source of wage differentials and consequently in the UWP of those
areas. [Tables 13 about here.]

5

Final remarks
In this paper, we revisit the relationship between the UWP and the agglomeration levels, considering the heterogeneity

of workers’ formality status in the local labor market. Using a large and recent longitudinal panel with information for Brazilian
workers, based on a household survey (PNADC), it was possible to correct for the sample selection bias with Heckman’s
procedure and estimate the UWP by MAs, formality status, workers’ subgroups, and other intra-groups characteristics.
Our results reveal a new perspective for the UWP analysis in Brazil. First, the UWP results previously reported in
the literature underestimate the real UWP when the role labor market is analyzed - Formal and Informal workers. Formal
workers UWP is half of the Informal ones - 4.83% vs 9.67%. Second, both sectors show a non-homogeneous UWP according
to agglomeration levels but with different patterns within MAs. Formal workers UWP vary between 3,77% and 5,85%, a
magnitude quite lower than found in studies for (only) Formal Brazilian workers. In its turn, Informal workers UWP varies in
a wide range, between 4.47% and 19.2% and is strongly decreasing pattern with agglomeration levels. Thus, the premium in
each MA level is affected by the formality status.
Third, the intra-groups heterogeneity analysis shows that only Formal wage earners have behavior in line with the
literature, that is an increasing UWP according to the agglomeration level, while other subgroups show a decreasing pattern
with agglomeration levels. Again, evidence that disregarding these groups of workers hides the complexity inherent of their
insertion in the large urban labor markets. Finally, characteristics related to occupational skill, workers schooling level, and
tenure show UWP differentials according to the agglomeration level and also between the subgroups of workers.
Robustness tests confirm the UWP results even when including different samples, alternative agglomeration levels
definitions, or using the population logarithm as the area specification. Even with data limitations, a non-negligible part of
individuals’ fixed effects can be explained by being located in agglomerated areas (between 14.4% and 25,0%) for to full
sample and an even higher part for Informal workers (between 17.7% and 31.1%). And lest but not least, it was possible to
identify that most of the wage differentials can be explained by individuals’ attributes - the endowments - and not by the
difference in the remuneration dynamic of the local labor market - the coefficients, both between MAs and Non-MAs or
between Formal and Informal workers.
By considering a source of heterogeneity not yet investigated: workers’ subgroups from different labor market sector
- Formal or Informal - and, treating wage earners differently from self-employed, the results show a distinct pattern according
to the agglomeration level, something that was never elucidated in previous UWP studies that use administrative records of
employers, thus restricting the UWP evidence to Formal workers.
15

These results add new insights for UWP explanation in Brazil, especially related to the importance of the analysis
for the role labor market. However, further research must take into account a precise identification of Fixed Effects (like
the majority of UWP studies) even with the data limitations. It is also important to consider a correction to properly deal
with attrition, caused by the loss of information for the individuals who change their location or do not answer any interview
during the survey.
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Tables
Table 1: Share of employees and wages

Source: Elaborated by the authors based on PNADC (IBGE, 2018a) from 2012 to 2019-Q1. Only employed individuals, between 18 and 65 years, referring to the first
interview. Agglomeration levels definition in Table 3.
Notes: Appendix B shows the definition of the variables

Table 2: Working-age population characteristics

Source: Elaborated by the authors based on PNADC (IBGE, 2018a) from 2012 to 2019-Q1. Working-age population (18-65 years), referring to the first interview.
Notes: Appendix B shows the definition of the variables
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Table 3: Agglomeration levels definition

Source: Organized by the authors. Estimated population for 2018 (IBGE, 2018a).
Notes: Small MAs are those with less than 1 million inhabitants, Medium between 1 and 2 million, Large between 2 and 10 million and Extra-Large - only São Paulo and
Rio - with more than 10 million. *Only State’s Capital.
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Table 4: Sample descriptive analysis for Average Hourly Wages

Source: Elaborated by the authors based on PNADC (IBGE, 2018a). Appendix B shows the definition of the variables
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Table 5: POLS Ln(Hourly Wage) Regressions

Notes: Base levels: Non-MA, Schooling Level = less than one year, Occupational skill level = low, tenure of eight or more years, Informal workers, agriculture, Southeast
Region. All models were estimated with individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors in parentheses clustered by individuals.
Significance levels: *** p<0.01, ** p<0.05, * p<0.1.
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Table 6: POLS Ln(Hourly Wage) Regressions by Formality status

Notes: Omitted controls for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’ Ratio. Base levels: Non-MA, Schooling Level
= less than one year, Occupational skill level = low, tenure of eight or more years, wage earners, Informal workers (for the full sample), agriculture, Southeast Region. All
models were estimated with individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors in parentheses clustered by individuals. Significance
levels: *** p<0.01, ** p<0.05, * p<0.1.

Table 7: POLS Ln(Hourly Wage) Regressions by workers’ subgroups

Notes: Omitted controls for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’ Ratio. Base levels: Non-MA, Schooling Level
= less than one year, Occupational skill level = low, tenure of eight or more years, Informal wage earners (for the full sample), agriculture, Southeast Region. All models
were estimated with individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors in parentheses clustered by individuals. Significance levels:
*** p<0.01, ** p<0.05, * p<0.1.
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Table 8: Robustness checks

Notes: Models A to F are benchmark estimations with different specifications and samples:
(A) Only the observation of the first interview for each worker;
(B) Only workers with at least two interviews - any combination between the five quarters;
(C) Considering also workers who report weekly hours between 1 and 19;
(D) Sample excluding employers;
(E) With agglomeration level specification, according to demographic density (see details in Table 9); and,
(F) With agglomeration level specification according to Cities’ Influence Regions (Região de Influência das Cidades) from IBGE (2008), (see details in Table 9).
Omitted controls for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’ Ratio. Base levels: Non-MA, Schooling Level =
less than one year, Occupational skill level = low, tenure of eight or more years, Informal wage earners, agriculture, Southeast Region. All models were estimated with
individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors in parentheses clustered by individuals. Significance levels: *** p<0.01, **
p<0.05, * p<0.1.
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Table 9: Alternative Agglomeration Levels definitions

Source: Organized by the authors. Estimated population for 2018 (IBGE, 2018a). *Only State’s Capital.
Notes: MA Density consider as Small MAs the ones’ with less than 100, Medium MAs between 100 and 417 (median level), Large MAs between 417 and 1.000 and
Extra-large MAs above 1.000. REGIC definition takes the Cities’ Influence Regions (Região de Influência das Cidades) from IBGE (2008), that classifies the urban
centers according to the intensity of the links between them.

Table 10: Robustness checks - MAs Population Log

Notes: MAs’ Population log as an area identifier. Omitted controls for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’
Ratio. Base levels: Schooling Level = less than one year, Occupational skill level = low, tenure of eight or more years, Informal workers (for the full sample), agriculture,
Southeast Region. Estimated with individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors in parentheses clustered by individuals.
Significance levels: *** p<0.01, ** p<0.05, * p<0.1.
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Table 11: Controlling the unobservable characteristics: Fixed-Effects

Notes: Reported only common variables between methods. For Formal and Informal estimations, the base level is wage earners, and for the Full Sample is Informal wage
earners. Others base levels are Schooling Level = less than one year, Occupational skill level = low, tenure of eight or more years, agriculture, Southeast Region. All
models were estimated with individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors in parentheses clustered by individuals. Significance
levels: *** p<0.01, ** p<0.05, * p<0.1.
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Table 12: Individuals’ Fixed Effects explained by time-fixed variables

Notes: All models were estimated with individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors in parentheses clustered by individuals.
Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

Table 13: Oaxaca-Blinder Decomposition

Notes: Omitted differentials for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’ Ratio. All models were estimated with
individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors in parentheses clustered by individuals.

26

Appendix
A. Sample and Full Database

Source: Elaborated by the authors based on PNADC (IBGE, 2018a) from 2012 to 2019-Q1, referring to the first interview.
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B. Variables Definition
Variable name

Definition

lnhwage

Is the logarithm form of the hourly wage of worker i at time t temporally deflated using the INPC deflator (Índice Nacional de Preços
ao Consumidor) available at IBGE (2019).
1 if Metropolitan Area or four dummies according to the number of inhabitants. The base level is Non-MA: below 1 million=Small
MA, from 1 to 2 million=Medium MA, from 2 to 10 million=Large MA and above 10 million=Extra-large MA
The worker age measured in decades
1 if white
1 if married
1 if the Household head
Years of schooling or five levels dummies as SL1: Less than one year (base level), SL2: Incomplete elementary school, SL3:
Elementary school, SL4: High School and SL5: College or more
Occupational skill in 3 levels according to groups available on PNADC (VD4011 - Grupamentos ocupacionais do trabalho principal
da semana de referência para pessoas de 14 anos ou mais de idade, following Gonçalves and Menezes-Filho (2015): Low OS:
service workers and salespeople or elementary and ill-defined occupations (as base level), Medium OS: mid-level professionals and
technicians, administrative support workers, skilled farming, forestry, hunting and fishing workers, skilled construction and mechanical
workers, plant and machinery operators, High OS: directors and managers, science and intellectuals professionals.
Number of years the worker has been employed at her current workplace or four dummies as follow: T1=less than one year, T2=from
1 to 3 years and 11 months, T3=from 4 to 7 years and 11 months and T4= 8 years or more (base level)
Unemployment rate according to Macro-Region, MA, Year, Quarter and Schooling level
1 if Formal, corresponding to workers legally contracted or self-employed which contributes to Social Security Institute, or four
dummies according to the workers’ formality subgroups as Formal wage earners, Formal self-employed, Informal wage earners (base
level) and Informal self-employed
1 if Self-employed (wage earners as base level)
22 dummies according to the firm main activity: 1-Agriculture, 2-Extractive industries, 3-Manufacture, 4-Electricity and gas, 5-Water,
sewage, waste management and decontamination activities, 6-Construction, 7-Trade, repair of motor vehicles and motorcycles,
8-Transportation, storage and mail, 9-Accommodation and food, 10-Information and communication, 11-Financial activities,
insurance and related services, 12-Real estate activities, 13-Professional, scientific and technical activities, 14-Administrative activities
and complementary services, 15-Public administration, defense and social security, 16-Education, 17-Human health and social
services, 18-Arts, culture, sports and recreation, 19-Other service activities, 20-Domestic services, 21-International organizations
and other extraterritorial institutions, 22-Activities not defined
4 levels dummies according to the number of members: F1: 1 to 5 (base level), F2: 6 to 10, F3: 11 to 50 and F4: above 50
5 dummies: North, Northeast, Midwest, Southeast (base level), and South

MA
Age
Race
M aritalstatus
Hhead
SchLevel
OccSkill

T enure
U nemployment
F ormality

Self employed
Industry

F irmsize
M acroRegion
N oChild
Child6
Child14
HHwage
HHpeople
P osHS

Selection Equation variables
1 if there is not a child under 14 years at the household
Number of children up to 6 years old at the household
Number of children between 7 and 14 years old at household
Total household wages, not including worker i wage
Number of household members
1 if household head or spouse are occupied (if worker i is the household head this variable report the spouse position - if married - and
if worker i is the spouse or other positions at the household is reported the household head position).
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C. Heckman’s correction detail

Notes: Results based on estimations for the full PNADC data set with men aged 18-65, employed and unemployed from 2012 to 2018. All models were estimated with
individuals’ sample weight available on PNADC (IBGE, 2018a). Robust standard errors in parentheses clustered by individuals. Significance levels: *** p<0.01, **
p<0.05, * p<0.1.
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D.1. Interactions with Agglomeration Levels: Occupational Skill

Notes: Omitted controls for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’ Ratio. Base levels: Non-MA, Schooling Level
= less than one year, Occupational skill level = low, tenure of eight or more years, Informal wage earners, agriculture, Southeast Region. All models were estimated
with individuals’ sample weight available on PNADC (IBGE, 2018a) and including the constant term. Robust standard errors in parentheses clustered by individuals.
Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

D.2. Interactions with Agglomeration Levels: Schooling Levels

Notes: Omitted controls for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’ Ratio. Base levels: Non-MA, Schooling Level
= less than one year, Occupational skill level = low, tenure of eight or more years, Informal wage earners, agriculture, Southeast Region. All models were estimated
with individuals’ sample weight available on PNADC (IBGE, 2018a) and including the constant term. Robust standard errors in parentheses clustered by individuals.
Significance levels: *** p<0.01, ** p<0.05, * p<0.1.
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D.3. Interactions with Agglomeration Levels: Tenure

Notes: Omitted controls for individual characteristics, occupation, industry, year, quarter, Macro-Region and Inverse Mills’ Ratio. Base levels: Non-MA, Schooling Level
= less than one year, Occupational skill level = low, tenure of eight or more years, Informal wage earners, agriculture, Southeast Region. All models were estimated
with individuals’ sample weight available on PNADC (IBGE, 2018a) and including the constant term. Robust standard errors in parentheses clustered by individuals.
Significance levels: *** p<0.01, ** p<0.05, * p<0.1.
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