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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.
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1 Introduction

Urban Wage Premium (UWP) studies evidence a positive wag differential in urban areas even after control for
observable and unobservable workers’ and firms’ characteristicﬂ 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 sectorﬂ Despite a large number
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!"Throughout this paper, wages, salaries, and earnings are treated as synonymous being equivalent to labor income.
2Some of these studies report a UWP in order of 4.5% in the US (GLAESER; MARE, 2001), 5.1% in Norway (CARLSEN; RATTS@; 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; OVERMANL|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)).

3Samples 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)).



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 (Sao Paulo and Rio). Furthermore,
being a developing country, Brazil has a non-negligible Informal sector which corresponds to 38.4% of the employeeﬂ 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 M As), 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 workersﬂ 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 @] shows the estimation results based on

different econometric models and methods, as well as robustness tests; and finally, section E] presents the final remarks.

“Employees aged 18-65 between 2012 and 2019-Q1. Even Metropolitan Areas presents a high share of informal workers with 32.0%.

SPrevious studies of UWP in Brazil are Rocha, Neto and Gomes| (201 1), Barufi (2015), |Silva, Santos and Freguglial (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.



2 Background and motivation

Brazil is a middle-income developing country with a GDP of 1.87 trillion dollarf] 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|[T)).

Figure 1: Composition of the labor market
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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
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

6According to|WorldBank! (2019).



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, 201 1]
and human capital accumulation, with knowledge spillovers and gains from experience (ROSENTHAL; STRANGE! 2008;
MORETTIL 20115 ANDERSSON; THULIN}, 2013; MORETTL 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[I| 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 (GUNTHER; 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(In) distribution by workers’ subgroups
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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.



3 Data and empirical strategy

3.1 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—65]2], 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 Institut In turn, the
job category is obtained by the answer to one of five possible options: private employee, domestic employee, employer, or
self—employe(ﬂ 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 researclﬂ 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 - section4.3] Besides, the values reported

as wages are self-declared, which may be biased for declaration error

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—MAH

"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 toMenezes-Filho, Mendes and Almeida (2004).

8There 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.

°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.

'"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)

1 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.

ZPNADC 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.



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:

P, =a1 4+ asMA; + agAge; + a4Age? + asRace; + agMaritalstatus; + a7SchLevel;
+agUnemployment + agH Hhead; + a1gNoChild; + a11Child6; + a12Child14;
+a13H Hwage; + a14H Hpeople; + a15PosHS; + MacroRegion; + T; + v; (1)

In equation (1| P; 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: NoChild 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, H Hwage is the sum of the wages of the household, not
including worker ¢ wage, H Hpeople is the number of household members and, PosH S is a dummy for the household head

or spouse occupation status. The T; variable represents the set of dummies for year and quarters, while v;; 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:

Inhwagey, = B1 + BoM Ay + BsAgeq + BiAgey, + BsRacey + BsMaritalstatus
+B7H Hhead;; + BsOceSkillyy + BoFormality; + BroTenure; + B11.SchLevel+
BiaUnemployment + Bis\ + BraFirmsize + Industry; + MacroRegion; + Ty + € 2)

where the dependent variable Inhwage is the logarithm form of the deflated hourly wage of worker ¢ at time ¢, \ is the Inverse
Mills’ Ratio, Industry;; represents the set of dummies for industries type, and €;; is the error term. The analysis will focus
on the coefficient 5, 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 Unemployment in the same schooling



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 A;; with Occupational skill (Occskill;;), Schooling level (SchLevel;),
and Tenure (T'enure;) 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 §.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 methocE] 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:
InD = [E(X1) — E(X)]'B1 + E(X1) (B1 — Ba) + [E(X1) — E(X2)](B1 — B2) + é11 — éaXs 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 Results

4.1 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 3]

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

BFor more details see|Oaxacal (1973), Blinder| (1973), [Fortin, Lemieux and Firpo|(2011), Firpo|(2017) and Jann et al. (2008).



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).



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 E] 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[/|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
MA:s.

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 (GUNTHER; LAUNOV, 2012), thus,
the UWP can be different according to the workers profiles. [Table [/|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



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 categorym

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 [3) 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
Bp-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 @) 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 @p-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.

14Regressions results are reported in Appendix D.1-3.
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Figure 3: Interactions with Agglomeration levels: UWP by Occupational Skill

(a) Full Sample (b) Formal Wage Earner (c) Formal Self-Employed
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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 O 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 Freguglial (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 [Sh) 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 [Sb-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, Rattsg 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
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Figure 5: Interactions with Agglomeration levels: UWP by Tenure
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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 [§]to[T0).
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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, Rattsg 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, Rattsg 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; RATTS®; 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; NATICCHIONTI; 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; PUGAL 2017; MEEKES; HASSINKI 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 km?. Comparing to the original subdivision, as showed in Table @
the Extra-large MAs group is composed of two more MAs besides Sao Paulo and Rio - Recife, and Aracaju - and the other

groups are mixed.

The following specification (exercise F) takes the Cities’ Influence Regions (Regido de Influéncia das Cidades) from
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IBGE (2008)), that classifies the urban centers according to the intensity of the links between thenEl 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[I0). 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 deﬁnitionﬁ 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[I0]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 , we made two estimations with the following result The first one is the estimation by Fixed Effects
for both sectors separately and for the full sample, as shown in Table [IT] 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[I2)) 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[TT]and[I2] about here.]

'SGiven 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; VITTORIL 2018)
and that report 2.4%.

'"In this section, we do not perform the Heckman’s correction.

14



4.5 Qaxaca-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[T3).

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[I3|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.
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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

Share of employees Hourly wage
Formal  Informal Formal Informal Total
Total 651,6% 38,4% 171 10,5 14,7
Non-MA 57,2% 42,8% 14,6 8,9 12,3
MA &8,0% 32,0% 20,2 13,5 18,1
Small 62,1% 37.9% 13,4 11,5 15,8
Medium 65,6% 34,4% 17.8 11,5 15,7
MA Large 66,1% 33,9% 19.5 12,4 17,1
Extra-large 71,5% 28,5% 21,7 15,7 20,0

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

Formal Informal

Avg/Share Avg/Share ttest
Individuals' characteristics
Age 38.3 38.8 -0.04
Years of Schooling 11.4 8.8 0.70
Gender (men) 57.3% 55.2% 0.04
Race (whites) 53.1% 38.6% 0.29
Marital status (married) 61.3% 57.9% 0.07
Household head 49.0% 47.6% 0.03
Household Composition
No Child 62.2% 61.4% 0.02
Children under 7 0.23 0.24 -0.02
Children between 7 and 14 0.30 0.37 -0.11
Total Household wage (RS month) 2,101.2 1,458.8 0.17
Total Household members 3.4 3.6 -0.16
Household head/spouse occupied 56.9% 53.1% 0.08
Job-related characteristics
Tenure (months) 90.5 85.2 0.05
Weekly worked hours 43.0 36.5 0.65
Average Hourly wage 17.1 10.5 0.26
High School and above 67.1% 39.2% 0.59
Medium or High Occupational Skill 67.3% 50.7% 0.36
Tenure below 8 years 65.6% 68.6% -0.06
In Metropolitan Areas 44.9% 33.9% 0.22
Share in the working-age population 40.7% 25.3% 0.31

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

MA State Macro-Region | Populaci Aggl ion Levels
Sdo Paulo S&o Paulo Southeast 21,571,281
. . . N Extra-Large MA

Rio de Janeiro Rio de Janeira Southeast 12,699,743

Belo Horizonte Minas Gerais Southeast 5,916,189

Porto Alegre Rio Grande do Sul South 4,317,508

Fortaleza Ceard Northeast 4,074,730

Recife Pernambucao Northeast 3,975,411

Salvador Bahia Mortheast 3,899,533

. . Large MA

Curitiba Parana South 3,615,027

Distrito Federal Distrito Federal Midwest 2,974,703

Manaus Amazonas North 2,631,239

Goidnia Goids Midwest 2,564,755

Belém Para MNorth 2,491,052

Grande Vitaria Espirito Santo Southeast 1,951,673

Grande S8o Luis Maranhido MNortheast 1,621,102

MNatal Rio Grande do Norte Mortheast 1,587,055

Maceid Alagoas Northeast 1,330,291 Medium MA
Jodo Pessoa Paraiba Northeast 1,266,463

Floriandpolis Santa Catarina South 1,189,947

Vale do Rio Cuiabd Matao Grossa Midwest 1,032,714

Aracaju Sergipe MNortheast 949,342

Campo Grande® Mato Grosso do Sul Midwest 885,711

Teresina® Piaui Northeast 861,442

Macapa Amapa MNorth 634,450

P Small MA

porto Velho* Ronddnia MNorth 519,531

Rio Branco* Acre MNorth 401,155

Boa Vista® Roraima MNorth 375,374

Palmas® Tocantins MNorth 291,855

[ma 85,629,276 411% |
[Non-ma 122,865,624 58.9% |

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 Sao 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

MA
Small Medium Large Extra-large
Avg  sD  Avg 5D Avg D Avg D Avg  SD  Avg D Avg sD

Total MA Non-MA

Hourly wage 116 100 13.2 11.2 10.6 9.0 12 as 118 100 12.5 10.7 146 12.0
Idade
From 181024 7.8 49 8.6 55 74 45 7.6 4.8 7.8 49 82 51 9.4 6.0
From 25to34 114 12.9 104 10.4 83 10.8 85 11.4 5.2 12.2 5.9 14.3 113
From 35to44  12.6 14.3 119 11.4 85 12.3 102 12.7 106 13.6 113 15.8 127
From45to54 12.9 14.7 123 i1.8 103 12.7 o9 13.0 11.2 13.9 118 16.1 129
From 35to 65  12.6 14.9 130 11.2 105 13.0 12.2 13.5 122 14.1 128 16.0 134
Schooling level
Less than 1year 5.8 48 76 58 54 44 6.9 45 6.8 53 71 5. 8.0 61
incompiete Elementary 8.3 61 9.0 58 8.0 61 8.5 57 84 59 87 57 8.9 60
Elementary 9.7 68 99 65 96 69 9.1 63 9.6 67 9.7 67 104 65
High school 12,2 88 126 21 118 & 11.5 &9 11.9 88 123 91 13.1 92
College ormore 25,6 162 27.3 16.8 236 154 23.5 155 24.5 161 26.6 1657 284 1689
Non-whites 9.6 78 10.9 85 8.6 7.0 10.2 83 10.2 83 10.6 8.6 11.8 85
Whites 14.1 117 16.3 133 12.8 104 142 121 145 120 15.3 127 17.4 14.0
Married 125 108 14.4 12.0 114 9.8 122 102 128 108 13.7 115 15.8 128
Not-Married 100 83 115 95 8.9 74 9.6 8.0 100 82 106 88 128 104
Household head 126 108 146 121 114 9.8 126 107 13.0 110 13.8 116 16.0 129
Spouse 119 102 13.1 113 10.9 91 107 87 116 9.9 125 110 146 122
Others 9.3 72 10.6 8.2 8.3 6.2 8.8 6.9 9.2 6.9 9.9 77 118 8.9
Tenure
Lessthanlyear 8.6 6.5 926 75 8.0 8.3 5.7 8.7 6.6 9.1 6.8 10.7 85
From 1to 3yearsand 11 months  10.8 86 i2.0 86 29 10.5 &3 10.5 81 11.5 8.4 13.0 103
From 4 to 7years and 11 months  12.6 10.3 14.3 11.5 11.4 12.4 10.0 13.3 11.2 13.6 11.0 15.4 121
8yearsormore  13.8 121 16.3 133 123 139 120 14.4 122 154 128 17.8 138
Informal 8.9 8.1 11.0 9.5 7.8 7.2 8.9 85 9.9 8.6 103 9.0 122 10.2

Formal 133 w6 143 117 125 97 122 101 127 106 186 112 155 125
Occupational skill
High  24.5 162 26.6 169 221 15.1 23.0
Medium  11.0 81 121 85 10.4 7.8 10.5
Low 8.6 7.1 8.6 77 8.0 66

24.0 161 256 185 281 173
11.0 79 11.6 83 13.0 87
89 73 8.2 74 104 80

Worker's subgroup

Formal wage earner 12,0 5.3 12.9 104 113 82 10.7 81 11.2 88 121 8.6 14.3 14
Formalself-employed 17,7 1358 204 151 16.2 127 194 146 19.0 145 20.1 150 211 153
informal wage earner 8.0 7.2 10.3 5.4 6.9 5.8 8.6 75 9.1 84 9.4 83 12.0 107

Informal seif-employed 9.5 8.6 11.3 9.5 85 8.0 10.5 89 10.3 8.6 10.8 9.4 12.4 5.9

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

Dep-Var=Inhwage (1] (2] (3] (4] (5] (6] (7] i8] i8] i10)
Agglomeration Levels
MA 0.212%*= 0.201%%* 0.0900%** 00723%** (DO0OGB5¥**
(0.00177) (0.00169) (0.00168) (0.00188) (0.00179)
Small MA 0.0736%** 0D.0B03%** (00174%+= 0.125%** 0.125%%*
(0.00314) (0.00301) (0.00294) (0.00293) (0.00278)
Medivm MA 0.0983%+ 0.109%** 0.0210%** (0.0825%** (0.0801%+*+
(0.00268) (0.00258) (0.00248) (0.00239) (0.00227)
Large MA 0.160%** 0.155%%* 0.0593%* 0Q.0811%* (Q.0792%+
(0.00200) (0.00191) (0.001320) (0.00202) (0.00191)
Extro-large MA 0.305%** 0.283%%* 0.147%*=* 0.0527%%*  D.0452%+*
(0.00297) (0.00284) (0.00270) (0.00285) (0.00270)
Formality 0.283%%= 0.165%%* 0.143%*=* 0.283%*=* 0.163%%* 0.147%%=*
(0.00174) (0.00154) {0.00150) (0.00173) (0.00154) (0.00150)
5L2: Incomplete Elementary 0.134%%% 0.125%%* 0.133%%* 0.124%%*
(0.00348) (0.00340) (0.00349) (0.00340)
5L3: Elementary 0.268%%* 0.248%%* 0.267 %% 0.245%%*
(0.00430) (0.00415) (0.00430) (0.00418)
5L4: High 0.399%** 0.362%%* 0.398%%* 0.361%%*
(0.00430) (0.00418) (0.00431) (0.00417)
5L5: College or more 0.873%%= 0.694%%* D.873%*=* 0.693%%*
(0.00541) (0.00533) (0.00541) (0.00534)
Age (In) 0.187%** 0.0925%% 0.193%*=* 0.0993 ¥+
(0.0371) [0.0355) (0.0371) (0.0355)
.&gez {In) 0.0552%**  D.0O507%%* 0.0525%%*F Q0477
(0.0154) (0.0148) (0.0154) (0.0148)
Race 0.107*** 0.0914%%=* 0.107*** 0.0914%%=*
(0.00139)  (0.00132) (0.00139)  (0.00132)
Maritalstatus 0.0395%** (0.0328%*+ 0.0401%**  (0.0334%+
(0.00262) (0.00250) (0.00262) (0.00250)
Hhead 0.0558%**  0.0490%** 0.0562%*F  (0.0495%+F
(0.00194) (0.00185) (0.00194) (0.00185)
Unemployment rate -0.412%%= -0.365%% -0.415%%% -0.367**F
(0.0408) {0.0386) (0.0407) [0.0387)
High 05 0.3g7%*=* 0.397%*=*
(0.00291) (0.00291)
Medium OS5 0.0909%+* 0.0905%**
(0.00123) (0.00123)
T1: Less than 1 year -0.166%%* -0.167%%*
(0.00167) (0.00167)
TZ:»=1to<4 -0.120%%* -0.120%%*
(0.00169) (0.00169)
T3:>=4to<8 -0.0588%%* -0.0590%**
(0.00183) (0.00183)
F2:6to 10 -0.0184%** (Q0266%*F (0.0404%%% -0.0189%** (00266%%* (0.0405%*
(0.00239) (0.00205) (0.00196) (0.00237) (0.00206)  (0.00197)
F3:11to 50 -0.0177%¥F 0D.0299%** (D.0508%** -0.0183%¥*F 0.0298%** D.0508%**
(0.00243) (0.00205) (0.00195) (0.00241) (0.00205) (0.00195)
F4: Above 50 -0.0103%¥*F D.0363%** 0.0700%** -0.0118%%*F D.0365%*F D.0703%%*
(0.00214) (0.00184) (0.00179) (0.00213) (0.00185) (0.00179)
Industry dummies Mo Mo Yes Yes Yes Mo Mo Yes Yes Yes
Year/Quarter dummies Mo Mo Yes Yes Yes Mo Mo Yes Yes Yes
Macro-Region dummies Mo Mo Yes Yes Yes Mo Mo Yes Yes Yes
Heckman's Correction Mo Yes Yes Yes Yes Mo Yes Yes Yes Yes
Constant 2331%%= 2 547**= 1.994%*= 1.320%** 1.474%%= 223 %% 2. 544%%= 1.995%== 1.325%%= 1.481%%=*
(0.00103) (D.00180) (0.00272) (0.0285) [0.0273) (0.00103) (0.00179) (0.00271) (0.0285) (0.0273)
Ohbservations 2,577,366 2,577,366 2,548,079 2,548,078 2,548,078 2,577,366 2,577,366 2,548,079 2,543,078 2,548,078
R-squared 0.027 0.114 0.253 0.414 0.445 0.034 0.119 0.255 0.414 0.445

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

A | Agglomeration Levels
Dep Var =Inhwage Formal Informal Full Sample Formal Informal  Full Sample
A 0.0483%%% 0.0967 *** 0.0650%**
{0.00212)  (0.00280) (0.00178)
Small MA 0.0585%%* 0.192%%= 0.122%%=
(0.00325) (0.00428) (D.00275)
Medium MA 0.0377%** 0.127***  p.0753%*=
(0.00260) (0.00378) (D.00225)
Large MA 0.0491 *** 0.109%**  0.0753%%*
(0.00222)  (0.00309) (0.00190)
Extra-large MA 0.0497 %%+ 0.0448%%%  D.0434%%=
(0.00307)  (D.0D465) (0.0D26E)
Formality 0.153%*= 0.152%%=
(0.00151) (0.00151)
Self-employed 0.226%%= 0.0448%%* 0.121%=*= 0.226%%= 0.0446%** p121%*=
(0.00290) (0.00207) (0.00178) (0.00290) (0.00206) [D.00178)
Observations 1,463,056 1,085,022 2,548,078 1,463,056 1,085,022 2,548,078
R-squared 0.418 0.376 0.449 0.418 0377 0.449

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

MA | Agglomeration Levels
Dep Var.=inhwage F;’:;‘: Formal Self- Mfwo;?:ll informal Self- Full sSampie Fl:’r;zzll Formal Self- mb{::;:ll informal Self- Full sSample
employed employved employed employved
Eamers Eamers eamers £amers
4 0.0383%%* 0.112%*%* 0.0947%%* 0.0966%%* 0.0664***
(0.00223)  (0D.0OS32)  (0.00383)  (D.0D369)  (0.00177)
Small MA 0.0381%%* 0.179%%* 0.144%%% 0.212%%* 0.125%%*
(0.00325)  (D.OOS35)  (0.00556)  (D.0OSS6)  (0.00272)
Medium MA 0.0248%%% 0.116%** 0.115%*%* 0.130%** 0.0780%%*
(0.00262)  (D.OO730)  (0.00513)  (D.0D4B6)  (0.00223)
Large MA 0.0369%** 0.110%** 0.101*** 0.112%%* 0.0761%%*
(0.00227) (D.0OS89)  (0.00414)  (D.00D409)  (0.00139)
Extra-large MA 0.0428%** 0.107*** 0.0683%** 0.0309%** 0.0451%%*
(0.00321) (0.00797) (0.00653) (D.0DS09)  (0.00267)
Farmal Wage earners 0.0471%%* 0.0456%%*
(0.00175) (0.00175)
Farmal self-employed 0.292%*% 0.291%%*
(0.00255) (0.00255)
Infarmal Self-employed 0.0276%%* 0.0273%%%
(0.00190) {0.00189)
Observations 1,137,937 335,119 401,733 683,289 2,548,078 1,127,937 335,119 401,733 683,289 2,548,078
R-squared 0.454 0.328 0.428 0.365 0.454 0.454 0328 0.428 0.367 0.454

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 (IBGEI [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

Benchmark
Dep.Var.=inhwage Model A B ¢ D E F
Agpglomeration Levels
Small MA 0.125%%% 0.133%* 0.128%%% 0.124%%% 0.124%%% 0.0974%%% 0.166%**
(0.00272) (0.0D427) (0.00291) (0.00273) (0.00267) (0.00308) (0.00388)
Medium A4 0.0780%* 0.0841%*%  Q.O778%** 0.0798%*F Q.0788¥** 0.0673%** (0.0B3%**
(0.00223)  (0.00353) (0.00238) (D.OD225) (0.00218) (0.00221)  (D.00Z05)
Large MA 0.0761%%* Q.O0778%*%  Q.0772%%  00763%*F 0.0749%%*F D.0768%** (0.0794%*
(0.00189) (0.002833) (0.00200) (D.OD190) (0.00187) (0.00201)  (D.00194)
Extro Large MA 0.0451 %% 0.0508%*% 0.0461%%% 0Q.0443%%F Q.0431%%F  D.0564%%F  (.0454%%%
(0.00267) (0.00387) (0.00282) (D.OD269) (0.00266) (0.00245)  (D.00251)
Formal Wage earners 0.0456%%% 0.0431%*% 0.0460%*%  00326%*F  0.06836%%F 0.0466%%% (0.0454%%%
(0.00175)  (0.00297) (0.00186) (D.OD17E) (0.00175) (0.O017S)  (D.00175S)
Formal Self-employed 0.291%*% 0.291 %% 0.291 %% 0.2B7**% 0. 207 %% 0.292%%% 0.291 %%
(0.00255)  (0.00413) (0.00267) (D.OD258) (0.00266) (D.O0255)  (D.00255)
Informal Self-employed 0.0273%%% 0.0263%*% 0Q.0276%%% 0.0385%*F -0.0167*¥F Q0.0276%%F 0.0274%%
(0.00189) (0.00328) (0.00200) (D.OD188) (0.00186) (0.O0189)  (D.00189)
Constant 1.384%%% 1.357%%% 1.34p%%% 1.405%%% 1.368%%% 1.382%%% 1.385%%%
(0.0270) (D.04185) (D.0282) (0.0271) (D.0267) (0.0270) (D.0270)
Observations 2,548 078 499 784 2,368,755 2,644 317 2413374 2548078 2,548 078
R-zquared 0.454 0.453 0.456 0442 0.449 0.454 0.454

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 TableEI); and,

(F) With agglomeration level specification according to Cities’ Influence Regions (Regido de Influéncia das Cidades) from , (see details in Table E}
Onmitted 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 [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

. . MA | Agglomeration Levels
MA State Macro-Region | Population . REGIC -
Density | Benchmark r MA Density ‘ REGIC
S0 Paulo SHo Paulo Southeast 21,571,281 183.5 1A Extra-Large MA  Extra-Large MA  Extra-Large MA
Rio de Janeiro Rio de Janeiro Southeast 12,699,743 3920 1B Extra-Large MA  Exira-large MA  Extra-Large MA
Belo Horizonte Minas Gerais Southeast 5,916,189  35.9 1ic  [DEEEMAN  Medium MA
Porto Alegre Rio Grande do Sul South 4,317,508 42.2 1IC | largeMA | largeMA
Fortaleza Ceard Northesst 4,074,730  60.9 1IC | largeMA | largeMA
Recife Pernambuco Northesst 3,975,411  96.8 1c  [iEEE AN Extra-Large MA
salvador Bahia Northesst 3,899,533 26.2 1C | largeMA | largeMA
Curitiba parana South 3,615,027  56.9 1ic  [GEEEMANY  Medium MA
Distrito Federal Distrito Federal Midwest 2,974,703 5140 15 [ iErze A INEEEMAN cxira-Large MA
Manaus Amazonas North 2,631,239 26 ic | lagema | smallma
Gaidnia Goids Midwest 2,564,755 204 1c [iEge AN  Medium MA
Belém pari North 2,491,052 6.8 1€ lageMA | lageMA
Grande Vitéria Espirito Santo southeast 1,951,673  86.2 2 Medium M [UNISEEMAL  Medium MA
Grande 530 Luis Maranh3o Northeast 1,621,102 21.2 24 Medium MA Medium MA Medium MA
Natal RioGrande doMNorte  Northeast 1,587,055  65.9 28 mediumma  [INEEEMANN  Medium MA
Maceid Alagoas Northeast 1,330,291  119.6 28 MediumMa  [IEEEMAN  Medium MA
1030 Pessoa paraiba Northeast 1,266,463  70.8 28 Medium MA  [IMISEEMAL  Medium MA
Floriandpolis Santa Catarina South 1,189,947 73.9 2A Medium MA Medium MA Medium MA
Vale do Rio Cuiabd Mato Grosso Midwest 1,032,714 3.8 28 Mediumma | SmallMA | Medium MA
Aracaju sergipe Northeast 949,342 1039 2a [ SmallMA | Extra-largeMA  Medium MA
Campo Grande*® Mato Grosso do Sul Midwest 885,711 7.7 24 _ Medium MA Medium MA
Teresina* Piaui Northeast 851,492 13.0 2a | smaliva  DDEEERANN  vedium ma
Macapa Amaps North 634,450 5.8 2 smallmA  SmallMA
Porto Velho® Rondénia North 519,531 7.4 % SmallMA  SmallMA
Rio Branco® Acre North 401,155 5.3 2 SmallMA  SmallMA
Boa Vista® Roraima North 375,374 26 2 SmallMA  SmallMA
Palmas™ Tocantins North 291,855 5.6 2B Medium MA

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 (Regido de Influéncia das Cidades) from (2008), that classifies the urban

centers according to the intensity of the links between them.

Table 10: Robustness checks - MAs Population Log

Formal Infarmal Infarmal
Formal Self-
Waoge Waoge Self- Full sample
employed
Dep Var=Inhwage eamers EOmers employed
logpoprm 0.0160%** 0.00994%*% -0.00456 -0.0227*** (0.00278%*
(0.00158) (D.00473) (0.00333) (0.00304) (0.00138)
Formality 0.118%%*
(0.00214)
Constant 1.472%%=% 1.843%*=* 1.840%** 2 25gF=® 1.665%**
{0.0704) {0.213) {0.139) {0.134) (0.0592)
Observations 498,114 104,440 108,963 204,432 915,949
R-squared 0477 0.299 0411 0.293 0429

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 [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

Formal Informal Full sample
Benchmark Fixed Benchmark Fixed Benchmark Fixed
Dep Var.=inhwage wy/o Heck Effects wy/o Heck Effects w/o Heck Effects
High 0% D.377%** 0.0566%%* 0.345%** 0.0619%%* 0.367*** 0.0634%%*
(D.0D529)  (0.00296)  (D.ODSS1)  (0.00S79)  (D.OD2B8)  (0.00259)
Medium OS5 0.0948%** 0.0179%*= 0.0785%** 0.0141%%= 0.0903%=** 0.0150%**
(0.00155)  (0.00163)  (D.OD183)  (0.00218)  (D.OD122)  (0.00128)
Formal Wage earners 0.0461%%% 0.0365%%%
(0.00175)  (0.00192)
Formal Self-employed 0.225%** 0.105%** 0.292%** 0.0796%%*
(D.00290)  (0.00541) (0.00255)  (0.00270)
Informal Self-employed 0.0449%**  -DO00707%%* 0.0280%** 0.00604%**
(D.00207) (0.00253) (D.0OD1S0)  (0.00210)
SL2: Incomplete elementary school 0.102%** 0.00491 0.145%** 0.0140%%% 0.157%*=* 0.0129%%%
(0.00423) [D.00480) (0.00333) (D.00402) (D.00270) [0.00293)
S5L3: Elementary school 0.222%** 0.0208%++ 0.284%%* 0.0369%+* 0.285%** 0.0336%+*
(D.0D466)  (0.00519)  (0.0D451)  (0.00542)  (D.O0D327)  (0.00344)
SL4: High school D.343%*= 0.0449%=*= D.387%*= 0.0597%*= 0.398%** 0.0558%**
(D.0D454)  (0D.00549)  (D.0D445)  (0.00639)  (D.OD318)  (0.00371)
5L5: College or more 0.688%** 0.110%** 0.693%** 0.0901%%% D.737%%* 0.122%*=
(D.00S55)  (0.00744)  (D.00746) (0.0132) {0.00425)  (0.DD566)
T1: Less than 1 year -0.1p4*** -0.0554%%* -0.140%** -0.0364%% -0.150%** -0.0457 %+
(D.00222)  (0.00287)  (D.0D243)  (0.00288)  (D.OD169)  (0.00191)
TZ2:>=1to«q -0.122%%*  -00389%*F -0.0692%*F -0.0148%%* -D.0093%¥* -0.0279%*
(D.00213)  (0.00255)  (D.OD259)  (0.00277)  (D.ODIGS)  (0.00175)
T3:>=4to< 8 -0.0659%*%  -0.0124%%F -D0152%%% -0.00166 -0.0444%%% .0 00591%%*
(D.00227) (0.00236)  (D.OD281)  (0.00275)  (D.OD1BZ)  (0.00170)
Maritalstatus 0.0711%+# 0.00597 0.0649%%* -0.0159%* 0.0694%%* -0.00253
(0.00191)  (0.00471)  (D.00D225)  (0.00622)  (D.OD152)  (0.00355)
Hhead 0.0665%*% 0.0187%%* 0.0704%%% 0.0356%%% 0.0654%%% 0.0279%*%
(D.0D1B0)  (0.00314)  (0.00221)  (0.00S05)  (0.00146)  (D.00267)
Unemployment rate -0.418%%* -0.087 4% -0.489%%* -0.296%%* -0.370%%* -0.202%%*
{D.0463) (0.0428) {0.0597) {D.0642) {D.0383) {D.0347)
F2:6to 10 0.103%** 0.0202%+ 0.134%** 0.0483%++ 0.115%** 0.0378%+
(D.0D268)  (0.00234)  (D.0OD305)  (0.00313)  (D.OD205)  (0.00177)
F3:11to 50 D.137%*= 0.0385%*% 0.188%** 0.0700%** D.151%** 0.0588%*%
(D.0D255)  (0.00244)  (0.00381)  (0.00424)  (0.00207)  (0.00191)
F4: Above 50 0.177%*=* 0.0458%%% 0.194%** 0.0589%%% 0.18g%** 0.0679%*%
(0.00231) (0.00243) (0D.0D430)  (0.00468) (D.ODIS1)  (0.00191)
Aglomeration Scale Yes No Yes No Yes No
Industry (dummies/FE) Yes Yes Yes Yes Yes Yes
Year/Quarter dummies Yes No Yes Mo Yes No
Macro-Region dummies Yes No Yes No Yes No
Heckman's Correction No No No No No No
Constant 1.138%*= 2 37+ 0932**= 1.948%*=* 0.944%*=* 2.143%*=
(0.0111) {D.00835) (0.0124) (0.00834)  (0.008B43)  (0.00557)
Observations 1,463,056 1,463,057 1,085,022 1,085,022 2,548,078 2,548,079
R-squared 0.418 0.008 0.376 0.009 0.454 0.012
Number of Individuals 610,276 530,504 987,741

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

Formal Informal Full Sample
. POLS POLS POLS
Dep Vor.= Fixed Effects
Small MA 0.125%+=* 0.311%+* 0.250%*=*
{0.00358) {D.00418) (0.00289)
Medium M4 0.0979%+=* 0. 2a4%%=* 0.1BB***
(0.00280) {D.00379) (0.00237)
Large MA 0.119%** 0.224%** 0.187***
(0.00210) [0.00272) (0.00177)
Extro-large MA 0.12p%** 0.177%** 0.144%**
(0.00339) {0.00482) (0.00292)
Age 0.00622%*%* 0.00376%** 0.00507***
(7.82e-05) {B.22e-05) {6.00e-05)
Race 0.191 %% 0.170%*=* D.10g%*=*
(0.00192) (0.00233) (0.00157)
Year/Quarter dummies Yes Yes Yes
Heckman's Correcticn No Mo Mo
Macro-Region dummies Yes Yes Yes
Constant -0.380%%* -0.179%%= -0.301%%*
{0.00382) {D.00456) (0.00310)
Ohservations 1,463,056 1,085,022 2,548,078
R-zquared 0118 0213 0191

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

Wage differentiols between

{1} Non-ha (1)} Informal Non-MAs Mas
(2) Ma (2) Formal (1} Informal (1} informal
(2} Farmal (2} Farmal
Dep. Var Inhwage SE Inhwage SE Inhwage SE Inhwage SE
Group 1 2233 (0.00102) 2060 (0.00118) 1956 (0.00136) 2.267  (0.00216)
Group 2 2.446 (0.00139) 2472 (0.00104) 2.429 (0.00131) 2.527 (0.00166)
Total Estimated differential -0.213 (0.00173) -0412 (0.00153) -0473 (0.00185) -0.261  (0D.00262)
Endowment differences -0.151 (0.00195) -0.218 (0.00152) -0.254 (0.00188) -0.122 (0.00258)
Coefficients differences -0.0582 (0.00171) -0.0638 (0.00235) -0.0863 (0.00288) -0.0339 (0.00382)
Interaction term -0.00287 (0.00184) -0.130 (0.00228) -0.133 (0.00284) -0D.105 (0.00354)
Percentage differential:
Owing to Endowments 70,9% 52,9% 53.7% 46,7%
Owing to Coefficients 27,3% 15,5% 18,2% 13.0%
Interaction term 1,3% 31,6% 28,1% 40,2%

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.
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Appendix

A. Sample and Full Database

Sample Full PNADC
Avg SD Avg 5D t test
Age 38.2 12.2 39.1 13.2 -0.07
From 18 to 24 15.2% 0.26 17.0% 0.28 -0.05
From 2510 34 27.5% 0.45 24.3% 0.43 0.07
From 35to 44 25.5% 0.44 22.8% 0.42 0.06
From 45to 54 13.9% 0.40 13.6% 0.40 0.01
From 55io 65 11.9% 0.32 16.3% 0.37 -0.14
Schooling level 9.5 4.1 9.8 4.4 -0.08
Less than 1 year 3.2% 0.18 4.0% 0.20 -0.04
Incomplete elementary school 31.9% 0.47 28.9% 0.45 0.06
Elementary school 18.4% 0.23 16.1% 0.37 0.06
High school 36.8% 0.48 36.6% 0.48 0.00
College or more 5.8% 0.30 14.4% 0.35 -0.15
Race (whites) 45.6% 0.50 45.7% 0.50 0.00
Marital status (married) 63.4% 0.48 57.8% 0.49 0.12
Household head 58.5% 0.49 43.3% 0.50 0.31
Spouse 15.6% 0.36 29.3% 0.46 -0.38
Tenure (months) 88.8 107.9 88.5 106.0 0.00
Less than 1 year 22.0% 0.41 14.0% 0.35 0.19
From 1to 3 years and 11 months 27.2% 0.44 18.2% 0.329 0.20
From 4 to 7 years and 11 months 17.7% 0.38 11.9% 0.32 0.15
8 years or more 33.2% 0.47 56.0% 0.50 -0.48
Formality (formal) 0.63 0.48 0.62 0.49 0.02
Occupational Skill
High 10.2% 0.20 16.7% 0.37 -0.22
Medium 57.6% 0.49 44.2% 0.50 0.27
Low 32.2% 0.47 39.1% 0.49 -0.15
Total of workers 505,706 1,879,971

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

Variable name

Definition

Inhwage Is the logarithm form of the hourly wage of worker 7 at time ¢ temporally deflated using the INPC deflator (Indice Nacional de Pregos
ao Consumidor) available at/IBGE (2019).

MA 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

Age The worker age measured in decades

Race 1 if white

Maritalstatus 1 if married

Hhead 1 if the Household head

SchLevel 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

OccSkill Occupational skill in 3 levels according to groups available on PNADC (VD4011 - Grupamentos ocupacionais do trabalho principal
da semana de referéncia para pessoas de 14 anos ou mais de idade, following |Gongalves 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.

Tenure 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 Unemployment rate according to Macro-Region, MA, Year, Quarter and Schooling level

Formality 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

Sel femployed 1 if Self-employed (wage earners as base level)

Industry 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

Firmsize 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

MacroRegion 5 dummies: North, Northeast, Midwest, Southeast (base level), and South
Selection Equation variables

NoChild 1 if there is not a child under 14 years at the household

Child6 Number of children up to 6 years old at the household

Childl4 Number of children between 7 and 14 years old at household

HHwage Total household wages, not including worker ¢ wage

H Hpeople Number of household members

PosHS 1 if household head or spouse are occupied (if worker 7 is the household head this variable report the spouse position - if married - and

if worker ¢ is the spouse or other positions at the household is reported the household head position).
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C. Heckman’s correction detail

Agglomeration Levels

POLS Probit POLS-Heck
Dep. Var. Inhwage employed Inhwage
Small MA 0.184%*= 0.182%*=
{0.00305) {0.00305)
Medium MA 0.134%*= 0.133%*=
(D.00251) (D.00250)
Large MA 0.142%*= 0.141%**
{0.00218) {0.00218)
Extro-large AMA 0.107%** 0.106%**
(0.00323) (D.00323)
Age (ln) 0.609%** £.ABS*EE . 147%%
(0.0160) (0.0342) (0.0412)
Age2 (In) -0.154%%% -2.701%%* 0.161%**
{0.00657)  (0.0137) (0.0172)
Race 0.105%*= 0.01p2%*== 0.103%*=
(0.00145)  (0.00348)  (0.00145)
Maritalstatus 0.0819%** 0.358%* 0.0367%*
{0.00174)  (0.00445)  (0.00285)
Hhead 0.0679%%* 0.258%*= 0.0433%%*
(D.00167) (D.00416) (0.00210)
5L2: Incomplete Elementary 0.223%*= 0.351%* 0.173%*=
{0.00295)  (0.00595)  (0.00375)
5L3: Elementary school 0.395%** 0.454%** 0.333%**
(D.00364) (D.00680) (D.00452)
5L4: High schoaol 0.533%*= 0.478%*= 0.468%**
(0.00351)  (0.00665)  (0.00461)
5L5: College or more 0.995%** 0.639%** 0.916%**
{0.00477) (0.00834)  (0D.00600)
Unemployment rate -0.388%% -D.33%%%
(0.0458) (0.0458)
High 0% 0.533%*= 0.532%%%
{0.00343) {0.00343)
Medium OS5 0.118%*= 0.118%**
(D.00126) (D.00126)
Formality 0.170%** 0.170%**
{0.00139) {0.00139)
T1: Less than 1 year -0.140%** -0.139%*=
(D.00182) (D.00182)
T2:>=1to<4 -0.105%%= -D.103%%=
(0.00188) (0.00188)
T3:>=4to<8 -0.0508%** -0.0506%**
{0.00208) {0.00208)
NoChild -0.17 3%
{0.00759)
Childg (In) 0.00713
{0.00796)
Child14 (In) -0.0645%%*
(D.00767)
HHpeople (In) -0.114%%=
{0.00427)
HHwage (In) 0.00742%%*
(D.0006EE)
PosHS 0.152%*=
(0.00435)
Inverse Mill's Ratio -0.256%%%
(0.0124)
Industry dummies No No No
Year/Quarter dummies Yes Yes Yes
State/Urban dummies Yes Yes Yes
Heckman's Correction No No Yes
Constant 1.131%=*= -3.274%%= 1.735%*=
(D.00960) (D.0230) (D.0314)
Observations 2,810,253 4 133,990 2,810,253
R-squared 0.440 0.441

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

Formal Wage earners | Formal Self-employed | Informal Wage earners | Informal Self-employed | Full 5ample
Dep. Variable Inhwage SE Inhwage SE Inhwage SE Inhwage SE Inhwage SE
Agglomeration Levels
Small MA 0.0463***  (0.00430) 0.207%%= (0.0164) 0.130%** (0.00720) 0.208%** (0.00879) 0.119%*= (0.00350)
Medium Ma 0.0252***  (0.00344) 0.132%** (0.0120) 0.111%** (0.00656) 0.127%* (0.00736)  0.0734***  (0.00309)
Large MA 0.0187***  (0.00286)  0.108%** (0.0100)  0.0976%***  (0.00509) 0.0992%**  (0.00626] 0.0542**  (0.00259)
Extra-large MA 0.0162***  (0.00408) 0.120%%= (0.0140)  0.0496***  (0.00850) 0.00647 (0.00938)  0.0132***  (0.00374)
Occupational skill
High 05 0.385%% (0.00535) 0.160%+* (0.00745) 0.375%% (0.0109) 0.272%%% (0.00906) 0.325%% (0.00370)
Medium 05 0.120%== (0.00196)  0.0645***  (0.00626) 0.112%== (0.00265) 0.0883***  (0.00310)  0.0837***  (0.00148)
Schooling level
512 Incomplete elementary school 0.0614***  (0.00493) 0.215%%= (0.0140)  0.0621***  (0.00577) 0.110%** (0.00557) 0.120%*= (0.00337)
5L3: Elementary school 0.158%** (0.00564) 0.382%** (0.0160) 0.155%** (0.00755) 0.249%** 10.00779) 0.236%** (0.00411)
5L4: High school 0.279***  (0.00565)  0.500%* (0.0159) 0232***  (0D.00774)  0.366%*  (0.00791)  0.349**  (0.00412)
515: College or more 0.644%= (0.00718) 0.697%%= (0.0180) 0543 (0.0120) 0.623%%= (0.0118) 0.680%*= (0.00528)
Tenure
T1: Less than 1 year -0.173%%* (0.00237) -0.173%** (0.00747) -0.109%%* (0.00375) -0.177%F* (0.00338) -0.150%%* (0.00169)
T2:>=1to<4 -0.134%***  (0.00232) -0.0845%***  (0.00534) -0.0507*** (0.00421) -0.0838*** (0.00330) -0.100***  (0.00168)
T3 >=dto<d -00812***  (0.00249) -0.0385%** (0.00502) -0.00537  (0.00483) -0.0281%%% (0.00338] -0.0446***  (0.00181)
Small MA x High 05 0.0135 (0.0125) 00118 (0.0212) 0.0213 (0.0251) 00148 (0.0202) 0.0419%**  (0.00904)
Small MA x Medium 05 -0.0225%** (0.00408) -0.0772%** (0.0140) 0.0234%** (0.00860) 0.00344 (0.00973) -0.00142 (0.00451)
Medium MA x High 05 00321%**  (0.0108) 0.0141 (0.0166) 0.0407 (0.0252) -0.0105 (0.0196)  0.0350%**  (0.00789)
Medium MA x Medium 05 -0.0106%* (0.00414) -0.0505%*% (0.0143) 8.12e-05 (0.00846) 0.00598 (0.00854) -0.00230 (0.00365)
Large MA x High 05  0.114%%* (0.00783) 0.0429%***  (0.0126)  0.0517%** (0.0172) 0.0396%**  (0.0147) 0.0933***  (0.00577)
Large MA x Medium 05 0.00708%* (0.00321) -0.0286%* (0.0111) -0.00251 (0.00594) 0.0162%* (0.00662) 0.0156%%* (0.00273)
Extra-large MA x High OS 0.0957***  (0.00974) 0.0307* (0.0178) 0.100%*= (0.0232) 0.0654***  (0.0200) 0.104%*= (0.00750)
Extra-large MA x Medium 05 0.0216%*%  (0.00457) -0.0772%%*  (0.0157) 0.0145 (0.0108] 00283*%%  (00101)  0.0270°*%  (0.00410)
Observations 1,137,937 335,118 401,733 683,289 2,548,078
R-squared 0.455 0.329 0.428 0.367 0.455

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 ) 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

Formal Wage earners | Formal Self-employed | Informal Wage earners | Iinformal Self-employed | Full Sample
Dep. Variable Inhwage SE Inhwage SE Inhwage SE Inhwage SE Inhwage SE
Agplomeration Levels
Small MA 0.0185 (0.0145) 0.310%** (0.0568) 0147+ (0.0268) 0.236%** (0.0180) 0.178%** (0.0118)
Medium Ma 0.0216%**  (0.00964)  0.166%** (0.0403)  0.0929***  (0.0176) 0.188%** (0.0162) 0.140%***  (0.00895)
Large MA 0.0623%*  (0.0110) 0.168%+* (0.0396) 0.0766%**  (0.0149) 0.133%** (0.0137) 0.123***  (0.00825)
Extra-large MA 0.103%* (0.0173) 0.326%+* (0.04532) 0.0210 (0.0322) 00871***  (0.0272) 0.140%** (0.0141)
Occupational skill
High 05 0.429%%* (0.00394) 0.174%%* (0.00619) 0.406%** (0.00875) 0.290%** (0.00719) 0.364%%* (0.00288)
Medium 05 0.124%**  (0.00153) 0.0442%*  (0.00539) 0.114%*  (0.00239) O0.0936%* (0.00271) 0.0899%F  (0.00122)
Schooling level
SL2: Incomplete elementary school 0.0766%** (0.00543) 0.260%** (0.0153) 0.0583%** (0.00593) 0.116%** (0.00609) 0.134%%* (0.00356)
5L3: Elementary school 0.178**  (0.00614)  0.430%* (0.0173) 0.154%*  (000778) 0.266%**  (0.00811) 0.261%***  (0.00434)
5L4: High school 0.287***  (D.0D617)  0.524%*= (0.0173) 0.213***  (D.0DB08)  0.371%***  (0.00841) 0.360***  (0.00439)
SL5: College or more 0.611%%* (0.00847) 0.708%** (0.0195) 0.498%** (0.0149) 0.608%** (0.0141) 0.652%** (0.00614)
Tenure
Ti: Less than 1 year -0.173%***  (0.00237) -0.173**  (0.00747) -0.110***  (0D.00375) -0.177***  (0.00338) -0.150***  (0.00169)
T2:>=1to=<4 -0.135%+* (0.00232) -0.0855*** (0.00534) -0.0509%** (0.00421) -0.0838*** (0.00329) -0.100%** (0.00168)
T3:>=4to<d -0.0814*** (0.00249) -D.0387*** (0.00502) -000546  (0.00482) -D.0281*** (0.00338) -0.0449*** |0.00181)
small MA x5L2  0.0236 (0.0150) -0.178***  (D.0586) 0.00540 (0.0278) -0.00718 (0.0188) -0.0373**  (0.0122)
Small MA x 5.3 0.00747 (0.0153) -0.164%%* (0.0605) -0.0148 (0.0281) -0.0644%%* (0.0200) -0.0816%** (0.0125)
Small MA x 514 0.00786 (0.0150) -0.109* (0.0583) 000714 (0.0280) -0.0347* (0.0201) -D.0713%**  (0.0123)
Small MA x 515 0.0338% (0.0195) -0.132%* (0.0595) -0.00645 (0.0367) 0.000268  (0.0295) -0.0351%  (0.0152)
Medium MA x 5.2 -D.00715 (0.0101) -0.108** (0.0420) 0.0108 (0.0187) -D.OS60***  (D.0170) -D.0629***  (0.00931)
Medium MA x 513 -0.0165 (0.0104)  -D.0926**  (0.0435) -0.00441 (0.0193)  -0.0914%*  (0.0182) -0.0941%**  (0.00963)
Medium MA x 514 -0.00445 (0.0102) 00371 (0.0415) 0.0377%* (0.0192) -0.0549%**  (0.0183) -0.0716%%*  (0.00942)
Medium MA x 515 0.0424%**  (0.0141) -0.0157 (0.0429) 0.0639% (0.0335) -0.0530% (0.0279) -0.0223* (0.0122)
Large MA x 512 -00560%** (00111}  -0.120%**  (0.0401) 0.00810 (0.0154) -0.0262* (0.0140) -D.0G57***  (0.00838)
Laorge MA x 513 -D.0681%**  (0.0113)  -0.137***  (0.0408) -0.00797 (0.0158)  -D.0S65%**  (0.0148) -D.0975%**  (0.00858)
large MA x 514 -0.0331***  (0.0112) -0.0509 (0.0401)  0.0440%**  (0.0158) -0.00722 (D.0149) -D.0513**=  |(0.00850)
Large MA x 515 0.0774%**  (0.0135) 0.0121 (0.0411)  0.0713*=  (0.0240) 0.0167 (0.0215)  0.0415***  (0.0103)
Extra-lorge MA x 512 -D.0810%**  (0.0176)  -D.258%**  (0.0466) 0.0171 (0.0331) -0.0496* (0.0276)  -D.106%**  (0.0143)
Extra-large MA x 5L3 -0.109%***  (0.0176) -0.288%**  (0.0459) -0.00203 (0.0330) -0.0853***  (0.0284) -0.148%**  (0.0144)
Extra-large MA x 514 -0.0753***  (0.0174]  -0.231%***  (0.0463) 0.0551* (0.0332) -0.0707*  (0.0282)  -0.114%**  (0.0143)
Extra-lorge MA x 515 00267 (00194)  -0.169%**  (0.0470) 0.161%** (0.0387) 0000141  (0.0341) -0.00619 (0.0157)
Observations 1,127,937 335,119 401,733 683,289 2,548,078
R-squared 0.455 0.329 0.429 0.367 0.455

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 ) 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

Formal Wage earners | Formal Self-employed ‘ Informal Wage earners | Informal Self-employed | Full sample
Dep. Variable Inhwage SE Inhwage SE Inhwage SE Inhwage SE Inhwage SE
Agglomeration Levels
Small MA 0.0437%%* (0.00761) 0.186%** (0.0123) 0.263%%* (0.0148) 0.235%% (0.00748) 0.1B6%** (0.00503)
Medium MA 0.0258***  (0.00572)  0.0995***  (0.00931) 0.187%%= (0.0123) 0.152%%= (0.00653) 0.118%== (0.00400)
Large MA 0.0617***  (0.00444)  0.109***  (0.00703) 0.206%**  (0.00942) 0.140%** (0.00532) 0.129%** (0.00311)
Extra-large MA 0.0761%%* (0.00590) 0.104%%* (0.00954) 0.179%%* (0.0177) 0.0633%+* (0.00826) 0.104%%* (0.00437)
Occupational Skill
High 05 0.434%%* (0.00395)  0175**  (0.00619) 0.406%**  (0.00873) 0.290%** (0.00720) 0.367%** (0.00288)
Medium 05 0.124%%% (0.00153) 0.0446%** (0.00539) 0.114%%* (0.00238) 0.0943%+* (0.00271) 0.0916%%* (0.00121)
Schooling level
5L2: Incomplete elementary school 0.0618%%*  (0.00491)  0.218%** (0.0140)  0.0588*=  (0.00576)  0109%*  (0.00597) 0.119**=  (0.00337)
513- Elementary school 0.161%=* (0.00564)  0.388%** (0.0160) 0150***  (0.00756) 0.247%*= (0.00780) D.237%== (0.00411)
514- High school 0.281%== (0.00564)  0.504%=*= (0.0160) 0.228***  (0.00771) 0.365%= (0.00751) 0.34g%== (0.00412)
5L5: College or more 0.642**  (D00718)  0.696%F (0.0181) 0.537%** (0.0120) 0.624%*= (0.0118) 0.677***  (0.00529)
Tenure
Ti: less than 1 year -0.149%***  (0.00302) -0.170%***  (0.00868) -D.0689*** (0.00386) -0.152**=  (0.00392) -0.111%***  (0.00197)
TZx=1tocd 0.118%**  (0.00301) -0.0849*** (000656) -0.0192*** (0.00440) -D0646%**  (0.00400) -0.0677***  (0.00205)
T3:>=dto<8 -0.0744*** (0D.00328) -0.0455*** (0.00620) 000976* (0.00507) -DD162*** (0.00408) -0.0254***  [0.00225)
Small MA xT1  -0.0171**  (0.00835)  -0.120%** (0.0273) -0.161%** (0.0156)  -0D.0596%**  (0.0127) -0.112***  (0.00593)
SmallMAxT2 -D00381  (0.00836) 0.0124 (0.0203) 0116  (0.0167) -D.0348%**  (0.0112) -0.0779**  (0.00601)
Smaoll MAxT3 -1.46e-05  (0.00S12)  -D.00516 (0.0200)  -D.0987%*=  (0.0203)  -D.0365***  (0.0124] -0.0626***  (0.00681)
Medium MA x TI  -D.00818 (0.00638) 0.0419* (0.0228) -0.108%** (0.0138)  -0.0589***  (0.0103)  -D.0740%**  (0.00476)
Medium MA x T2 -D.00385  (0.00636) 0.0220 (0.0163)  -D.0689***  (0.0152) -0.0405%***  (0.0110) -0.0620%**  (0.00487)
Medium MA x T3 00116 (0.00751)  0.0491%** (0.0157) -0.0318* (0.0171) -0.0174 (0.0115)  -0.0305***  (0.00571)
large MA XTI -0.0501***  (0.00494)  -0.0326% (0.0173) -0.146%*%  (0.00970) -0.0648%**  (0.00820) -0.0988***  (0.00365)
Large MA x T2 -D.0288%**  (0.00491)  -0.00498 (0.0124) -0.110%**  (0.0106) -D.0528%**  (0.00766) -0.0751%***  (0.00366)
large MA x T3 -0.0145%**  (D.00550)  0.0230%* (0.0114)  -0.0701%**=  (0.0125) -0.0320%** (0.00808) -0.0478***  (0.00412)
Extro-large MA x T1  -0.0665%***  (0.00685) 0.0236 (0.0281) -0.160%*= (0.0187)  -0.0766%**  (0.0131) -0.112%**  (0.00540)
Extro-large MA x T2 -0.0478%%% (0.00649) 0.000379 (0.0166) -0.129%%= (0.0196) -0.0579%%* (0.0114) -0.0905%** (0.00509)
Extro-large MA x T3 -0.0192%***  (0.00737) 0.00897 (0.0168)  -0.0593***  (0.0224) -D.0441%**  (0.0127) -0.0569***  (0.00588)
Ohbservations 1,127,937 335,118 401,733 683,289 2,548,078
R-squared 0.455 0.328 0.430 0.367 0.455

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 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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