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ers in Roraima rose by approximately two percent. This effect is concentrated
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“complementarity effects,” where the firm premium is conditional on worker
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CHAPTER I

LABOR MARKET EFFECTS OF
AN ENVIRONMENTAL
DI1SASTER: EVIDENCE FROM
THE 201§ MARIANA DAM
FAILURE

1.1 Introduction

In the recent past, economies across the globe have witnessed severe disrup-
tion due to environmental disasters of both natural and anthropogenic origin.
These calamities often cause widespread, long-term changes in the affected re-
gions, leaving indelible marks on their landscapes, altering spatial equilibrium,
and impacting various economic dimensions, from local labor markets to in-
ternational trade. Disentangling the multifaceted effects of such incidents is
challenging, especially given the vast heterogeneity across such disasters and
their consequences.

This study exploits the unique circumstances surrounding the Mariana
Dam disaster in Brazil to understand these interconnected effects. A key aspect
setting apart the Mariana disaster from other similar incidents is its geographi-
cally concentrated impact but extensive spillover. The disaster’s epicenter was
Bento Rodrigues, a small district in the municipality of Mariana, Minas Gerais,
Brazil, with a population of 600 inhabitants. The impending dam rupture
prompted a swift relocation of these residents, averting a potential human catas-
trophe on a larger scale. Therefore, only 19 fatalities occurred despite the total

submersion of Bento Rodrigues. Nevertheless, the aftermath of the Mariana



Dam rupture saw the severe contamination of the Doce River, a vital water
source and livelihood provider for approximately two million individuals in
Minas Gerais and Espirito Santo states. By December 2015, around 55 million
cubic meters of toxic iron tailing waste had flowed downstream in a 663.2 km
course, contaminating the river ecosystem and its 8o km radius surroundings be-
fore reaching the Atlantic Ocean in Espirito Santo. This ecological disaster has
been tagged the worst in Brazilian history and the most severe globally involv-
ing mining operations. The peculiar nature of the Mariana disaster - immense
environmental devastation alongside minimal human capital loss - provides an
exceptional lens for examining the economic repercussions of such events.

Central to this investigation is an exploration of the labor market implica-
tions of this disaster. Specifically, this research aims to answer how the labor
market responds to drastic environmental or climate changes in the face of min-
imal human capital losses and how individuals adapt to such significant shifts
in their environment. Because of the very limited physical destruction of prop-
erty and human life, I can separate the heterogeneous nature of the disaster and
understand how the labor market responds to such changes.

This research is guided by two major schools of thought that appear to pro-
vide contrasting views. The first perspective draws on the principles of classical
microeconomics, which conceptualizes the environment as a natural resource
integrated into the production function as a form of capital. Consequently,
negative shocks to such “natural capital” would be expected to drive wages and
employment downward due to the quasi-complementarity of human and phys-
ical production components.

In contrast, the second perspective emerges from urban economics theory,
particularly the Rosen-Roback model of urban spatial equilibrium. This model
postulates that natural resources, such as a river, serve as amenities, enriching
the quality of life and increasing utility generated by the inhabitants of the
region. An exogenous negative shock to such an amenity, such as severe con-
tamination, reduces individual utility levels. Consequently, firms may need to
offset this decrease in utility by offering higher wages to retain their workers.
Workers may consider relocating to regions offering better living conditions if
the compensation is insufficient.

The Mariana disaster presents a unique opportunity to untangle these ef-
fects. The unique subtlety of the catastrophe lies in the toxic tailings’” dual
potential: on the one hand, they could impair the production function of in-
dustries relying on the river’s resources, and on the other hand, they could

pressure firms to increase wages as compensation for the depreciated amenity



value of the region. The balance of these dynamics and their impacts on the
labor market forms the core of this study.

This study employs a difference-in-differences model using a rich admin-
istrative panel dataset on the universe of formal workers in Brazil to quantify
these effects. The approach compares municipalities directly impacted by the
disaster with sufficiently similar yet unaftected ones. The primary focus is on
the Mariana municipality itself as the treatment sample and the neighboring
municipalities unaffected by the disaster serving as controls. The findings in-
dicate a roughly 5.5 percent decrease in aggregate wages, a result that survives
across all model variations. Interestingly, this wage reduction trend mirrors the
heterogeneous effects observed in the agriculture and mining industries, which
generally rely heavily on rivers and water, albeit at a lesser magnitude.

The observed effects extend to other regions significantly impacted by the
disaster, namely municipalities through which the Doce River passes and mu-
nicipalities in Espirito Santo’s coastal area, although the impact varies in mag-
nitude.

The study also investigates job retention and the probability of relocation by
incorporating these aspects into a linear probability outcome in the DID model.
The findings here offer limited insights, yet the overarching implications suggest
that drastic environmental or climatic changes that do not directly threaten
human life can still detrimentally impact the market’s production function
and reduce the population’s overall wealth.

Nonetheless, the study also points out the presence of Rosen-Roback ef-
fects, that is, compensatory wage increases, particularly among worker groups
whose roles are not directly dependent on water as a production component,
such as those in office occupations. While these effects are indeed presentamong
the potential market responses in the wake of the disaster, they appear neither
strong nor representative enough to influence the aggregate level significantly.

My study contributes to the literature on the effects of disasters on labor
market outcomes and urban spatial equilibrium. A good example of a disaster
being studied is Hurricane Katrina, that devasted New Orleans in 200s. Groen
and Polivka (2008) compares evacuees and individuals unaffected by the hurri-
cane to find thatinitially, those affected suffered adverse labor market conditions
but recovered quickly in the following months, especially if the individual de-
cided to return to the region where the disaster occurred. Other studies also
point out room for a limited recovery of some sectors in the affected regions
and a “bounce back” behavior of labor market experiences of individuals (Vig-
dor, 2008; Zissimopoulos and Karoly, 2010). McIntosh (2008) finds that the



migration from New Orleans to Houston negatively affected the labor market
outcomes of Houstonians.

Other studies have explored the effects of droughts on the labor market,
finding severe adverse effects on women’s workdays and mobility (Efobi, 2022;
Afridi, Mahajan, and Sangwan, 2022).

On the other way, Kirchberger (2017) explores an earthquake that devasted
the coastal region of Indonesia to find a resilient job market with positive wage
growth driven by a limitation in labor supply in rural areas.

From the urban economics perspective, studies such as Frame (1998), Or-
tega and Taspinar (2018), and Boustan, et al. (2020) explore variations in the
environment, such as rising sea levels and flooding, to suggest the adverse effects
of disasters on spatial equilibrium outcomes.

I fill the gap in the literature by exploring the interplay between capital
shocks and spatial equilibrium dynamics, leveraging the unique nature of the
Mariana Disaster. For instance, as a natural occurrence, the Katrina hurricane
did not transform the environment to adverse potential toxic conditions. More-
over, the scale of the hurricane effectively destroyed a major city in the U.S.,
irrevocably mixing severe human capital shocks with changes in amenities. A
recent accident that draws an interesting parallel to the Mariana Disaster is the
East Palestine train derailment in Ohio, which in February 2023 released an
enormous amount of toxic fumes into the atmosphere, particularly vinyl chlo-
ride, a substance supposedly carcinogenic to humans (Schnoke, et al., 2023).
Moreover, to the best of my knowledge, this is the first study of the Mariana
Disaster that employs rigorous econometric models to capture its causal effects
on the labor market using heavily detailed data.

The remainder of the paper is organized as follows: Section 3.2 provides
the background and reports on the government and other agents’ reactions
to the incident. Section 3.3 describes and explores the data used in my study.
Section 1.4 is reserved for the identification strategy of the research and spatial
data exploration. Section 3.4 provides the empirical framework. Section 3.5
and Section 3.6 present the main result together with its robustness checks and
discusses the underlying mechanisms. Finally, Sector 3.7 concludes. I reserve
Appendix Section A.1 to present the theoretical framework of Rosen-Roback
spatial equilibrium and Factor of Productivity models.

1.2 Background

The Mariana disaster, which took place on November s, 2015, is widely recog-

nized as one of the most devastating environmental catastrophes in Brazilian



and world history. Triggered by the collapse of the Fundio tailings dam, owned
by Samarco (a joint venture between Vale S.A. and BHP Billiton), the disas-
ter released an estimated 45 to 6o million cubic meters of iron ore extraction
waste. Among other residues present, high mercury and other toxic heavy metal
concentrations were found, generally used for mining operations (Hatje, et al.,
2017). The ensuing massive mudflow obliterated the small district of Bento
Rodrigues, part of Mariana municipality in Minas Gerais.

The disaster’s impacts extended far beyond the immediate vicinity of the
dam. The mudflow traveled approximately 650 kilometers along the Doce
River, reaching the Atlantic Ocean 17 days after the dam collapse (Hatje, et
al., 2017). This had significant implications for the coastal environment and ma-
rine life (Gabriel, et al., 2020). In particular, the Espirito Santo region, known
forits coastal fishery activities, was severely affected. The influx of iron ore waste
led to a dramatic increase in water turbidity and heavy metal presence in marine
life, which disrupted the photosynthesis process for aquatic plants and corals,
ultimately reaching fish populations.

The Brazilian government’s response to the disaster was multifaceted. In-
stants right before the disaster, it was issued an evacuation order for Bento Ro-
drigues’ 600 inhabitants, effectively saving all but 19 lives. As the mud flowed,
water distribution had to be interrupted, with the municipalities diverting wa-
ter from other areas to supply their inhabitants. The government also issued
a ban on fishing near the Doce River estuary and along the affected Atlantic
Coast, potentially disrupting several markets.

Initially, Samarco, the company responsible for the incident, was fined ap-
proximately 66 million 2015 dollars. In March 2016, a settlement was reached in
which Samarco, Vale, and BHP agreed to pay s.3 billion dollars over 15 years to
restore the environment and communities affected by the disaster completely.
Recovery is estimated to take several decades (Fernandes, et al., 2016).

Despite its catastrophic scale, the disaster resulted in a surprisingly minimal
loss of human life. The municipality of Mariana, which served as the epicen-
ter of the disaster, is home to approximately 50,000 inhabitants. Remarkably,
the majority of this population was spared, preserving a significant portion of
the region’s human capital. However, the environmental devastation inflicted
upon the area was profoundly severe and, arguably, irrecoverable.

The disaster in Mariana provides a unique opportunity to investigate the
interaction between a shift in the spatial equilibrium and labor market dynam-
ics within the same market. Specifically, how external environmental shocks
influence employment, wages, and worker mobility patterns. This insight is



crucial for informing policymakers and preparing for future environmental dis-
ruptions.

1.3 Data

The data used for this study is the Annual Registry of Social Information (R AIS),
an administrative panel data maintained by the Brazilian Ministry of Labor,
containing information on the universe of the Brazilian formal labor market. I
focus on the period from 2008 to 2018. Because the disaster occurred right at
the end of the year of 2015, I consider, for the sake of simplicity, the year 2016
to be the first treatment year of my analysis.

The dataset provides a detailed description of its worker base. For instance,
it identifies the individual through the Brazilian equivalent of a social security
number, called PIS (Social Integration Program in Portuguese). Several labor
market outcome determinants are present: gender, race, age, tenure in months,
individual’s education level, and nationality. Moreover, I observe the worker’s
occupation according to the Brazilian Occupation Code.

Other variables of interest are the type of work, which tells the employer-
employee contract nature (if it is temporary or not). Workers in Brazil can have
part-time or full-time jobs, expressed in the variable working hours per week.
There is also the worker’s hiring date, separation date, separation cause, and if
the worker was present on December 31st of the observed year, the main variable
that tells if a worker lost their job or not.

One of the key variables in my research is the employee’s municipality of
work, a strong indicator of their residency. The R AIS dataset also provides the
worker’s firm’s identification code, CNPJ (National Registry of Legal Person,
in Portuguese). CNP]J is strongly correlated with the municipality. A company
with two branches in different locations appears as two separate CNPJs in the
dataset.

Another crucial variable in R AIS is the economic activity code, CNAE (Na-
tional Registry of Economic Activities, in Portuguese). CNAE code is a highly
detailed categorization of the firm’s main economic activity. Therefore, I can
discriminate firms and groups of workers based on their ultimate production
function’s output. The code comprises seven numbers, each increasing a de-
gree of detail. Forinstance, “o1” represents agriculture activities, while “or1s5505”

represents agriculture activities related to poultry, egg production.



3.1 Generating Outcome Variables in RAIS

The richness of RAIS allows for a comprehensive exploration of labor market
dynamics in the aftermath of the disaster. To guide this investigation, I focus on
three primary labor market outcome variables: average monthly wage, a “mover”
indicator, and a dismissal indicator.

The core variable in this study, “average monthly wage”, measures the typ-
ical monthly earnings a worker garners in a year. As is common with wage
data, outliers may skew the analysis, and imputation errors may be present. To
counteract these concerns, I narrow the scope to include only full-time workers
working more than or equal to 20 hours weekly. Further, I apply a winsoriza-
tion technique at the 2.5 and 97.5 percentiles to mitigate the impact of potential
wage distortions. This method replaces the extremes of wage distribution with
the nearest values within the defined percentiles, thereby reducing the influence
of wage extremities or imputation errors on the final results.

Given the prevalence of multi-job holding among Brazilians, particularly
those earning low or minimal wages, I ensure that the analysis pertains solely
to primary jobs. I define the primary job as the one with the earliest hire date
for an individual, as indicated in the dataset. In rare instances where multiple
jobs share the same hire date, I default to the job with the highest pay. This data
preparation procedure ultimately creates roughly individual-year-municipality
spells.

The “dismissal” variable is a binary indicator tracking whether a worker
maintained employment with the same firm until December 31st of a particular
year. The variable assumes a value of one if the worker separates from the firm
before the year-end; otherwise, it is zero.

The “mover” variable, developed by longitudinally tracking workers using
their PIS, identifies individuals who change their work municipality across two
consecutive years. Constructing this variable entails three steps. First, I identify
individuals present in the research’s region of interest in 2008. Then, I trace
these individuals across all subsequent years, irrespective of their location in
Brazil. This process repeats annually until 2018.

The second step involves examining individuals annually and noting any
changes in their municipality of work. For each PIS, I compare the current
municipality with the municipality in the following year, sorted by year and
hire date. A change in municipality code leads to the assignment of a value of
one to this new variable, while a lack of change results in zero.

The final step involves pruning observations not situated within the region
of interest. As such, the effects quantified in this research should be understood

as “local market effects.” This approach prioritizes the original location over



individual identifiers, thereby ensuring that the analysis faithfully reflects the
local labor market’s dynamism.

My sample must also provide a basis for comparison across control and
treatment groups. This implies ensuring a balance in all labor market outcome
determinants employed in my study. In other words, I only consider instances
where I observe at least one corresponding element in both cohorts. Such an
approach is crucial for mitigating bias and ensuring the reliability of my analysis.
I further elaborate on the nature of such determinants and how I deal with panel
data imbalance in the sections dedicated to the identification and empirical
strategy.

1.4 Identification Strategy

To estimate the causal effect of the Mariana disaster on labor market outcomes,
I employ a difference-in-differences (DID) approach, which levers the variation
in treatment status across time and between affected and non-affected munici-
palities.

The main area of interest is the region called Quadrildtero Ferrifero (roughly
translated as Iron Square). The Mariana municipality, where the disaster took
place, belongs to this region characterized by mining operations and its histori-
cal importance.

I exploit the fact that Doce River starts from Mariana and outflows the
region, as shown in Figure 1.1. The brighter area corresponds to the Mariana
Municipality, while the darker areas are the other municipalities belonging to
the Quadrilétero Ferrifero region, which I use as the control group. The dark
thicker line going outward from Mariana is the affected river. Given the event
happened in November 2015, I consider 2015 the reference and 2016 until 2018
the post-treatment period. I also employ data from 2008 until 2014 as additional
pre-treatment periods. It is possible to measure the causal effects using this
method because the municipality where the individual is located is observed,
together with the individual identifier. However, there are some concerns that
arise with this identification strategy.

Although not as urban as the state capital metropolitan region, the region
itself is sufficiently integrated to generate spillover effects due to individuals
moving across municipalities. After the disaster, affected workers may have
decided to move to locations and jobs that I use as the control, potentially dis-
torting any measurement when employing the two groups. I address this issue
with fixed effects interactions between social identifiers and the location of the

individual. When spells related to the individual-municipality relationship are



included in the model, the parameters absorb any effect related to geographical
movement. Additional details are provided in Section 3.4.

Moreover, two effects may be at play when measuring the Mariana Disaster.
The disasteritself, in other words, the dam rupture and the water contamination
that eventually took over the Doce River. Separating these effects in this context
is challenging, particularly when I ultimately intend to disentangle TFP and
Rosen-Roback effects. I address this issue by employing the empirical analysis
in two other regions affected by the disaster: the continuation of the Doce River
until the Minas Gerais border and the river estuary region in the Espirito Santo
state. Further explanation is provided in Section 3.6.

Lastly, the dataset employed is highly unbalanced by nature, given that in-
dividuals may leave the labor market at any moment during the studied period,
creating potential overlapping issues between treatment and control individu-
als. To counter this issue, I employ a doubly-robust regression where propensity
score weights are used to balance both groups. I discuss this method in Section
3.4.

For a summary statistics of the region, refer to Appendix Section A.2

NN

P

DR

Areas . Control Municipalities . Treatment Group

Figure 1.1: Overview of the Iron Square Region and the Doce River



" This is a rough translation
from Quadrildtero Ferrifero
in Portuguese

L5 Empirical Strategy

The empirical strategy used in this paper exploits the quasi-random nature of
the disaster to design a natural experiment setting. My identification strategy
relies on the assumption that conditional on the control variables, the disaster
is as good as randomly assigned across municipalities and individuals within the
municipalities. I use a difference-in-differences approach to estimate the causal
effect of the disaster, comparing the changes in labor market outcomes in the
affected municipalities before and after the disaster to the changes in a control
group of municipalities over the same period.

My main setting compares Mariana, the municipality where the disaster
occurred, with municipalities from the same region of Minas Gerais, called the
Iron Square Region'. Later, I further explore the disaster by analyzing addi-

tional regions in the Discussion Section.

1.5.x Fixed Effects Models

Here I present the specification for the fixed effects models. The basic version
uses a two-way fixed effect regression using social identification and year fixed
effects. I also present an alternative design of the baseline model to address

potential spillover effects.

Baseline Model

The baseline specification is a fixed effects model that utilizes the individual
social identification and year dummies. This model is outlined as follows:

Yimt = BDimt + i + M + €ime (r.1)

where ¥;,,; is the labor market outcome of individual 7 at time ¢ and munic-
ipality m, D)y, is a treatment indicator that equals 1 if individual ¢ is located in
a disaster-affected municipality m at time ¢ and o otherwise. The parameters
ft; and \; capture time-invariant individual effects and yearly fixed effects, re-
spectively. Lastly, €;,,,; represents the error term that accounts for unobserved
model characteristics. The key parameter of interest here is 3, which quantifies
the causal effect of the disaster.

The study covers the years from 2008 to 2018. As the disaster occurred in
November 2015, and it took approximately one month for the waste to reach the
ocean, 2016 is considered the first year of treatment for any region specification.
The labor market outcomes for individual analysis are logarithmic wages and

linear probabilities of being dismissed and moving from a municipality.
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Alternative Baseline Model: Interaction Model

There are some potential challenges with the baseline model. Given the geo-
graphical proximity of the sampled municipalities and the intricate nature of
the local economy, it’s possible for individuals to relocate from the control to
the treated region and vice versa. Such movement could introduce bias into
the baseline model results. I propose an interaction model allowing individual
interactions with their municipality to address this issue. This approach should
capture the effects driven by changes in location, thereby allowing us to isolate
the impact of the disaster on the local labor market. It is based on previous
studies such as SanC’Anna and Shrestha (2023) and Foged and Peri (2016). The
new model is specified as follows:

Yimt = BDzmt + 23 + Hm + ¢zm + )\t + €imt (1'2')

where the municipality fixed effects is ft,,,, similarly to the secondary model.
The interaction term is ¢;,,,, where I create individual-municipality spells based
on individual ¢ social identifier (pis) and the municipality geographical code
from the Brazilian Institute of Geography and Statistics (IBGE).

r5.2 Augmented Inverse Propensity Score Weighting (Dou-
bly Robust) Models

I also implemented an augmented propensity score weighting procedure to in-
crease the robustness of the fixed effects models. This procedure, also known as
the Doubly-Robust approach, combines ordinary fixed effects regression with
inverse propensity score weighting. This method addresses potential selection
bias stemming from differences in the groups’ support of covariates. The advan-
tage of this method is the need for only one procedure to be correctly specified,
the fixed-effects regression or the propensity score weighting, to prevent mis-
specification (Chernozhukov, et al., 2017; Robins, Rotnitzky, and Zhao, 1994).

My approach is similar to Strittmatter and Wunsch (2021), adapted to a
difference-in-differences design. The first step involves estimating the propen-
sity score of each individual to belong to the treatment group. This is achieved
using a logistic regression model with individual characteristics as the indepen-
dent variables:

o0 X

E— J— JR— / JR—
p(Xi) = Pr(Di = 1|X;) = F(0'X)) = T (13)
where X, denotes a vector of time-invariant covariates for individual 7 and
D; = 1 signifies that the individual belongs to the treatment group, namely
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the disaster-affected municipalities. The parameter ¢ establishes the logistic re-
lationship between the covariates and which group the individual belongs to.
In the next step, I predict p(ki), the estimated propensity score, for all obser-
vations within the sample. The controls used are age, gender, race, education
level, tenure, job occupation, and the firm’s economic activity. Weights are then

constructed by the following equation:

- (1= Di)p(X) /o= (1 Di)p(X,)
=S S .

Ideally, the weights assigned to individuals would remain unchanged across

different years. However, given the potential for changes in the treatment and
control sample over time, due to movement across municipalities and labor
market leavers, I compute a set of weights for each year in the sample.

The final step minimizes the weighted sum of squares. Let M = {1, 2}
represent the two models specified in Subsection 1.5.1, i.c., the baseline and the
municipality-individual spell model, respectively. Let aeas represent the corre-
sponding fixed-effect set used for each specification. Therefore, the minimiza-
tion problem is framed as follows:

ACJX{ = arggnin Z Wit (Yime — BDimt — fanr))? (r:s)
N

where w;; = W is calculated using Equation 4. IV is the number of obser-
vations in the sample, 7" is the number of time periods. The function f(coar)

represents a linear function wrapping the fixed-effects set:

f(al) =, + oy (16)
flaz) = a; + gy + iy + (.7)

As customary with difference-in-differences approaches (MacKinnon, Nielsen,
and Webb, 2023), I cluster my standard errors at the municipality level, which
is the dimension in the data that best represents the disaster’s geographical level
of impact.

1.6 Main Results

In this section, I present the main results using the Mariana municipality as the

treatment group, comparing similar municipalities in the “Iron Square” region.
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Table r.i: Main Results for Mariana Region Analysis

Fixed Effects Models Doubly Robust
(1) (2) () (4)

Log Wage: Treatx Post  —0.066"* —0.052** —0.054"* —0.055"*"
(0.016) (0.010) (0.013) (0.009)

Dismissed: Treat x Post ~ —0.003 —0.005 0.041 0.010
(0.036) (0.021) (0.026) (0.021)

Individual FE X X X X
Municipality FE X X
Ind. x Municipality FE X X
Year FE X X X X

N Clusters 12 12 12 12

N 1567721 1567721 1567721 1567721

' Standard-errors are clustered by municipality.
2 % *x *xk
p<o.5™p<o0.05,**p<o.or
3 Covariates used for propensity score estimation in DR models are age, tenure, education
level, gender, race, worker’s occupation, and the firm’s main economic activity.

Table 2.3 provides the regression results for the baseline and alternative base-
line fixed effects models in Columns (1) and (2), respectively, and their Doubly
Robust versions in Columns (3) and (4).

In terms of the Fixed Effects model, all specifications provide significant
results at the 1% level or lower for the effect of the disaster on wages (Log Wage:
Treat x Post). The coefficient estimate values at -0.066 for the baseline in Col-
umn (1) and -o.052 when adding the interactive individual-municipality fixed
effects parameter in Column (2), suggesting a notable decrease in wages after
the disaster in the treated areas.

The results’ significance and direction are insensitive to the DR regression
set, with -0.054 in Column (3), representing the doubly robust version of the
baseline model, and -0.055 for the DR version of the interacted fixed effects
model, all at the 1% significance level.

Even though the log-wage study provided significant evidence of negative
effects, the effect on dismissals (Dismissed: Treat x Post), however, appears in-
significant in all model specifications, with most magnitudes being negligible
except for the doubly robust baseline in Column (3), indicating that the disaster
did not significantly alter the dismissal rate in the treated municipality of Mari-
ana, at least when comparing to the neighboring, non-affected, municipalities.

These results provide strong initial evidence of a substantial negative impact
on wages due to the Mariana Dam disaster in its own municipality. One could

be inclined to affirm that, given the negative nature of wage effects, it was, in
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the first place, a capital shock in accordance with the Factor of Production hy-
pothesis. Nevertheless, these results are not sufficient to disentangle the Factor
of Production and Rosen-Roback effects. There is concern about the disaster
taking place in the region, creating massive destruction of capital when the dam
was destroyed, and potentially devastating mining operations or economic ac-
tivities surrounding the incident area. Therefore, these results capture not only
the total contamination of the river but also the disaster itself.

1.6.1 Robustness Checks

Before proceeding with the mechanisms and heterogeneous eftects underlying
the results, I discuss the survivability of my procedure when applying typical
robustness checks used in difference-in-differences designs. In this section, I
investigate whether the results yielded by the previous log-wage regressions are

due to randomness in the control municipalities.

Event Studies

The event study methodology serves to validate the common trends assumption,
a fundamental prerequisite for employing the Difference-in-Differences (DID)
identification strategy (Callaway and Sant’Anna, 2021b; Goodman-Bacon, 2021).
In essence, this assumption states that, in the hypothetical scenario where no
treatment was administered, both the control and treated groups would exhibit
parallel trends over time. However, the challenge arises when examining post-
treatment periods, as the counterfactual outcome is unobservable. Nevertheless,
I test the pre-treatment trends to make sure the null hypothesis, that the control
and treated groups exhibit the same estimate trend, is not rejected.

Transforming the event study method into a regression model allows us to
dissect the treatment effect parameter across distinct time periods. This strategy
requires the identification of a reference period, ideally just before treatment, to
compare the dynamic estimates. In this study, I choose 2015 as the pre-disaster
reference year, primarily due to the timing of the event. The disaster unfolded
in November, taking less than a month to reach the ocean, which suggests that
the bulk of 2015 remained unaftected by the dam rupture. Consequently, 2015
is regarded as the reference year.

If the impact took some time to manifest in the labor market, we would ex-
pect it to become apparent in the subsequent year, afhirming my specification’s
validity. On the other hand, if the shock was immediate, my choice could be seen

as a conservative’ approach. This method would likely result in estimates bi-
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ased towards zero, as we are potentially incorporating part of the post-treatment
period into our pre-treatment reference period.
The empirical specification is as follows:

2018

Yimt = 3 BeDimi + fang) for #2015 (1.8)

t=2008

where [, is the decomposed estimate parameter of interest. f(a ) repre-
sents a linear function with the corresponding fixed-effects model from equa-
tions 1.6 and 1.7. T also present event study versions for the doubly robust along-
side the two baseline models, further reinforcing my robustness checks.

Figure 1.2 presents the plot panel of all models. The first column repre-
sents the baseline version, while the second column shows regressions from the
doubly robust specification. The first row is the simplest model where only
individual fixed effects are included to control for time-invariant characteristics.
The second row represents the model with the individual and municipality in-
teraction terms.

In general, all results are robust with different degrees of success. The trends
do not change dramatically with different settings. Notably, in any model, there
is no difference between the reference year and the estimate in 2016. There are
possible explanations behind this phenomenon. The immediate effect could
have taken some time to appear in the aggregate market. There could also be
conflicting heterogeneous effects between two industries that would absorb
the shock differently, such as healthcare and the mining industry. Nevertheless,
the result that appears in the following years indicates the lasting effects in the
aggregate market are related to capital shocks, in accordance with the Factor of
Production hypothesis.

Placebo Tests

The effects observed in the regressions could be driven by random variations in
the control group. Given Mariana is the sole treated region in the main setting,
with another eleven municipalities serving as control, it is a natural assumption
that perhaps the observed estimates are generated by some municipalities having
disturbances after the disaster.

To address this issue, I elaborate a permutation test where I eliminate Mar-
iana from the sample and permute each municipality as if they were treated
instead. This is similar to the robustness approaches proposed in synthetic
control methods, such as Abadie, Diamond, and Hainmueller (2015), Abadie,
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Figure 1.2: Event Studies for Log Wage Regression Models
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Diamond, and Hainmueller (2010), and Abadie and Gardeazabal (2003). Figure
1.3 shows the placebo test result.

The horizontal axis represents the municipality code used as the placebo
treatment for my most “robust” model, corresponding to the DR design with
municipality-individual spells in the fixed effects parameters. The dashed ver-
tical line represents Mariana’s estimate, the original treated group. When per-
forming the placebo tests, I remove Mariana from the sample and test the se-
lected placebo with the remaining municipalities. Ideally, all other municipal-
ities” results would be centered at zero, with Mariana being by far the most
affected and isolated. However, the result reveals that seven out of eleven mu-
nicipalities reject the null hypothesis. Even though it has some degree of undesir-
ability, looking carefully at the estimates, Mariana still has the largest magnitude,
in accordance with the factitis where the disaster occurred. Moreover, the place-
bos are, in the majority, negatively biased, meaning that my original main result
is potentially biased toward zero.

The most problematic municipalities are 310230 and 314480, Alvinépolis,
and Nova Lima, with positive estimates that could negatively drive the main
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Figure 1.3: Permutation Tests for Ind. x Municipality FE in a Doubly Robust Design

results even further. However, the two municipalities do not have sufficient
representatives in the sample to drastically change the effect.

The placebo analysis allows the conclusion that a considerable proportion
of the effects measured by the main regressions are driven by the Mariana disas-

ter, not some randomness happening in the control municipalities.

1.7 Discussion

This section discusses the mechanisms underpinning the principal findings of
this study. Initially, I explore the Factor of Productivity hypothesis through a
heterogenous effect approach, specifically focusing on industries strongly con-
nected to water usage and dam operations. Moreover, I also test the healthcare
labor market, as it serves as an illustrative case to ascertain a positive labor de-
mand alteration after the accident that is unrelated to Rosen-Roback effects.
There is some evidence that individuals related to clinics and hospitals regis-
tered a positive change in wages, presumably due to the surge in labor demand
triggered by health-related contingencies in the local populace.

The subsequent segment investigates the influence on the extended region.
Using spatial data obtained from the Institute of Brazilian Geography and Statis-
tics, the state of Minas Gerais is partitioned into its respective water basins. This
allows fora comparative analysis between municipalities in the Doce River water
basin directly impacted by the catastrophe and those in unrelated water basins,
with particular care taken to exclude Mariana or the municipalities in the Iron

Square from the sample. The main objective of this secondary study is to dis-
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entangle the effects of the dam rupture itself from the consequences of water
pollution. This distinction serves to highlight the dynamics between Factor
Productivity and Rosen-Roback models in the context of severe environmental
perturbations.

In the final portion of this section, I focus on “pure Rosen-Roback effects”
observed in certain occupations and economic activities. While these effects are
discernible at the micro level, there is no evidence of it at the aggregate market
level, aligning with the insights thus far learned from previous results, where
individuals, on the aggregate market, absorb negative shocks in wages when

facing a dismal change in environment.

1.7.1 Verifying the Factor of Production Hypothesis

The Factor of Production Hypothesis states that water is a component of the
production function of Mariana and, therefore, when the dam rupture contam-
inated the river, it disrupted several economic activities in the region that use
water in their framework. The main industries with potential affected outcomes
are mining, agriculture, forestry, and fishing.

To measure the heterogeneous eftect of these industries, I interact the treat-
ment indicator function with another dummy variable that values one when the
individual works in the aforementioned industry. I show the modified baseline

models in the following equation:

Yimt = BDime X Liy + fonr) + €ime (1.9)

where I; 7 is the new indicator function for when firm f of worker 7 belongs
to the industry of interest. I use the economic activity code variable in RAIS to
identify iron mining, agriculture, forestry, and fishing. Thelatter three activities,
however, are not sufficient for testing on their own, and therefore I aggregate
them into “rural activities”. Iron mining operations correspond to the 07 code,
while agriculture, forestry, and fishing correspond to o1, 02, and 03, respectively.

I also provide an additional test where I measure the impact of the disaster
on healthcare workers. This is another robustness check to see if the results
follow the main intuition. Even though the disaster was minimal in direct hu-
man capital loss, the environmental destruction and water contamination are
catalysts for negative mental health and well-being shocks. Therefore, health-
care workers are expected to experience an increase in wages or negative effects
on dismissals, driven by the sharp increase in the market’s labor demand. The

corresponding code for healthcare firms is 86, 87, and 88.
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Water as capital: Rural and Mining Activities

Table 1.2 presents the results of the heterogeneous effects by economic activi-
ties, particularly focusing on iron mining, rural activities (agriculture, forestry,
and fishing), and the healthcare industry, which are likely the most affected by
the event. I provide the fixed-effect baseline models in the first two columns,
while in the last batch, I incorporate propensity score weights, as before, for
the doubly robust framework. Each column represents a different fixed-effect
approach in the same fashion as the main results model. Each row represents a
heterogeneous effect based on the specified industries.

Table 1.2: Heterogeneous Effect Analysis by Economic Activities for Mariana Region

Log Wage
Fixed Effects Models ~ Doubly Robust Models
(1) (2) () (4)

Iron Mining: Treat x Post —0.196*  —0.297**  —0.240** —0.294***

(0.017) (0.009) (0.028) (0.005)
Rural Activities: Treatx Post  —0.063**  —0.055"**  —0.025 —0.025

(0.023) (0.011) (0.023) (0.020)
Healthcare: Treat x Post 0.080*** 0.074** 0.090*** 0.085***

(0.015) (0.012) (0.019) (0.023)
Linear Probability of Moving

Iron Mining: Treat x Post 0.081 0.075** 0.141*** 0.122***
(0.052) (0.024) (0.017) (0.021)
Rural Activities: Treat x Post —0.011 —0.028 0.018 —0.001
(0.031) (0.022) (0.014) (0.016)
Healthcare: Treat x Post —0.082*  —0.086"** —0.046** —0.064***
(0.041) (0.022) (0.013) (0.015)
Individual FE X X X X
Individual x Municipality FE X X
Municipality FE X X
Year FE X X X X
N Clusters 12 12 12 12
N 1567721 1567721 1567721 1567721
N (Mover) 1348847 1348847 1348847 1348847

' Standard-errors are clustered by municipality.

**p<ong™p<o.05 " p<o.or

3 Covariates used for propensity score estimation in DR models are age, tenure, education
level, gender, race, worker’s occupation, and the firm’s main economic activity.

+ Iron Mining activity code is 07. Rural Activities correspond to agriculture (o1), forestry (02),
and fishing (03). Healthcare code is 86, 87, and 88.
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Iron mining, being the primary industry directly linked to the disaster,
shows a strong, negative wage effect across all models. Notably, the baseline
models in Columns (1) and (2) reveal a negative, statistically significant effect
of the treatment after the disaster, ranging from -0.196 to -0.297. These figures
indicate a substantial reduction in wages in the post-disaster period, potentially
reflecting the direct impacts of the disaster on this industry, including the sus-
pension of operations, workforce reduction, lowered productivity, and the loss
of the dam itself.

This observation is mirrored in the doubly robust models in Columns (3)
and (4). In this case, the estimated wage effects are slightly more pronounced,
ranging from -0.240 (Column 3) to -0.294 (Column 4). In other words, there
was at least a 20 percent decrease in wages in the mining industry in the disaster
aftermath, with a considerable amount of this magnitude directly related to it.

In contrast, rural activities exhibit another, albeit similar, pattern. While
the wage effect remains negative, the magnitude is markedly smaller compared
to that of the iron mining industry. The fixed effects models suggest an effect
ranging from -0.063 (Column 1) to -0.055 (Column 2), while the doubly robust
models give an estimate of -0.025 (Columns 4 and 6). However, the DR specifi-
cation does not yield statistical significance. Given that the accident happened
in a small specific region (the district of Bento Rodrigues), and I measured the
entire municipality, not only the mentioned district, these results are the first
evidence of a negative capital shock related to the pollution, not the dam destruc-
tion. Still, the significance level reveals that the results yielded may be driven
mainly by outcome determinants imbalance between control and treatment

groups.

The disaster as a catalyst for labor demand: The healthcare service

Table 1.2 also provides results related to healthcare sector wage variations, show-
ing a significant increase in wages post-treatment periods across both the fixed
effects and doubly robust models. This is likely due to the surge in demand for
healthcare services following the disaster, requiring a bolstering of the health-
care workforce in the region and consequently leading to wage increases.
Nevertheless, the possibility exists that these positive outcomes are reflec-
tions of "Rosen-Roback" effects, propelled by compensatory wage adjustments
in response to shocks to local amenities. This hypothesis can be examined more
closely by assessing the probability of migration. By tracking the same individ-
ual across time periods or even within the same time period but in distinct jobs,
we can determine if their subsequent location differs from their current one.

If a change in location is identified, a value of one is assigned to this dummy
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variable; if not, it is assigned a zero. This approach provides insight into the
mobility patterns of individuals in the wake of such environmental disasters
and helps discern if the wage increases are indeed an outcome of Rosen-Roback
effects.

The regression models are the same as those used for log-wage outcomes.
The outcome of interest, in this case, is the dummy variable representing whether
the individual moved in a linear probability model fashion. Results are pre-
sented in the second set of regressions in Table 1.2. Results for the mining indus-
try suggest the probability of an individual leaving Mariana after the disaster
increased from 7.5 to 14.1 percent, in accordance with the economic intuition of
individuals leaving due to severe disruption in production. The precision of the
results increases when employing the doubly robust procedure. For agriculture,
estimates did not yield any significant measurement across all models.

For the healthcare industry, all results are negative, with varying degrees of
significance, revealing that the probability of moving for a healthcare worker
decreased after the disaster. The negative direction of these estimates shows the
ambiguity of the effects. It could be influenced by a surge in labor demand due
to the health shock caused by the disaster or as a consequence of the compen-

satory wages at play

r.7.2 Extended Regions Analysis

The Mariana region sample inherently intertwines the immediate disaster and
its ensuing environmental pollution. As such, the results derived so far can be
regarded as a composite of capital destruction and subsequent environmental
fallout at best. To scrutinize human behavior in the face of disruptive environ-
mental changes with minimal direct human capital loss, I turn my attention
to regions solely affected by the pollution of the Doce River and the Atlantic
Ocean. If these regions exhibit findings akin to those of the Mariana region,
it will serve as further evidence supporting the proposition that the overall be-
havior of the Factor of Productivity hypothesis tends to eclipse Rosen-Roback
effects in such circumstances. Figure shows the new regions explored.

The empirical strategy applied is the same as before, fixed effect models aug-
mented with propensity score weights. However, due to the different geograph-
ical locations, I propose an alternative version of the identification strategy for
the two additional samples, albeit still maintaining the difference-in-differences

approach.
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Identification Strategy for the extended region within Minas Gerais

The firstextended region under study encompasses municipalities situated along
the Doce River but external to the Quadrildtero Ferrifero region. This is visu-
ally depicted in Figure 1.4a, wherein the brighter highlighted municipalities
represent the treatment group adjacent to the polluted river.

I exploit the fact that the Doce River serves as the primary water body of
its water basin to select the control group. Using spatial data from the Minas
Gerais government for the municipality and water basin borders, I am able to
identify municipalities with their water system unrelated to the disaster area.
Specifically, I choose the Paranaiba River and Grande River water basins. They
are situated diametrically opposite the Doce River and are not directly con-
nected, ensuring that there is a sufficient sample of individuals comparable to
the treatment group and a similar climatic backdrop conducive to analogous
economic activities in both groups, but also making sure these municipalities

will not suffer from spillover effects due to the Mariana Disaster.

Identification Strategy for the Espirito Santo State

The disaster’s final region of impact was Espirito Santo state, the convergence
point of the Doce River and the Atlantic. By December 2015, pollution had nav-
igated the river’s course, culminating in the contamination of the ocean. This
event resulted in a government-imposed prohibition on local fishing activities,
a considerable repercussion given the substantial number of coastal fishermen
in the area.

Based on the government’s disaster impact reports, which state the contam-
inated ocean water went northwards towards Bahia, my analysis distinguishes
this region into a northern and southern coast. Consequently, the treated units
comprise individuals in municipalities crossed by the river or those residing
in the northern coastal municipalities identified by the government as having
contaminated seawater, as shown in Figure 1.4b.

The control group consists of the southern coastal municipalities unaftected
by the pollution and located south of the state capital, Vitdria.

My ultimate objective is to extract the effect of the disaster in these regions
without the unintended effects of capital disruption of the Iron Square sam-
ple. Summary statistics tables for both settings are displayed in the Appendix
Section.
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(a) Extended Region of Doce River in Minas Gerais.
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(b) Espirito Santo State and Affected Regions Near the Atlantic Ocean.
Figure 1.4: Additional regions analyzed. The darkened areas are control municipali-

ties.



Extended Regions Results

Table 1.3 presents the results using log-wage as the outcome variable. The first
row shows the results for the aggregate market in the extended region of Mi-
nas Gerais. The four columns stand for the same models used in the previous
analyses. In the extended Minas Gerais sample, I find that the Mariana disaster
significantly negatively impacted wages, as indicated across all models, ranging
from approximately 3.8 to 5.8 percent. This trend is followed, to some degree,
by the rural activities sector, shown in the second row. However, the effects lose
significance when accounting for the balance between control and treatment
groups, which means most of these effects, at least for this specific sector, appear
due to alack of counterfactual among the two tested groups. Still, the sign of all
estimates is negative, in a similar magnitude range from the aggregate market.

Even though the rural market shows weak evidence of an effect, the same
directions of both aggregate and rural markets suggest the environment, repre-
sented here by Doce River, plays much more the role of a productivity compo-
nent in the labor market than an amenity, per Mariana’s main results.

Moving onto the Espirito Santo sample, shown in the second part of Table
1.3, while the aggregate effect on log wages presented in the third estimate row
is negligible for all models, the sector-specific analysis reveals a different picture.
The rural activities in the treated municipalities from Espirito Santo suffered
significant negative wage effects across all models, with at least ten percent of
statistical significance. When I focus on fishing activity firms only, as shown
in the sixth estimate row, the magnitude increases, ranging from around 6.6
and 7.0 percent decrease for the basic fixed effects models to 11.3 and 12.5 for the
doubly robust models. Not surprisingly, these wage results suggest that after
the river and now the ocean were spoiled, the market’s production function
had a negative capital shock, pushing wages downwards.

I also further investigate the extended region by providing estimates when
using the dismissal and the moving variable in Table 1.4. The first four columns
(1-4) are for the linear probability of being dismissed from one’s current job,
while the last set (5-8) shows the linear probability of moving out from a munic-
ipality results. Accordingly, I explore the two additional regions, the extended
Minas Gerais and the Espirito Santo coastal region.

For dismissals, the vast majority of the results are insignificant, except for
the extended Minas Gerais aggregate market, where it shows a positive change
in dismissal probability ranging from 1.9 to 2.3 percent. Even though the magni-
tude and direction of the estimates can be explained by the productivity shock
hypothesis, they do not survive my most robust model of fixed effect interaction
and inverse propensity score weighting in Column (4).
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Table 1.3: Extended Regions Results

Log Wage
Fixed Effects Models Doubly Robust Models
(1) (2) () (4)

Extended Minas Gerais Sample

Aggregate: Treat x Post —0.038*  —0.035** —0.058***  —0.056**
(0.014) (0.015) (0.021) (0.023)
Rural Activities: Treat x Post —0.061**  —0.045***  —0.047* —0.038
(0.012) (0.010) (0.027) (0.029)
N Clusters 323 323 323 323
N 19334590 19334590 19334590 19334590
Espirito Santo Sample
Aggregate: Treat x Post 0.013 0.003 0.015 0.003
(0.009) (0.012) (0.013) (0.017)
Rural Activities: Treat x Post —0.035**  —0.027*  —0.033*** —0.024*
(0.008) (0.010) (0.010) (0.012)
Fishing: Treat x Post —0.066*** —0.070*** —0.113** —0.125***
(0.010) (0.009) (0.019) (0.016)
N Clusters 16 16 16 16
N 5100644 5100644 5100644 5100644
Individual FE X X X X
Municipality FE X X
Individual x Municipality FE X X
Year FE X X X X

' Standard-errors are clustered by municipality.

**p<or™p<o.05,™ p<o.or

' Standard-errors are clustered by municipality.
2 % *ox *xk
p<o.,*™p<o.05 " p<o.or
3 Covariates used for propensity score estimation in DR models are age, tenure, education
level, gender, race, worker’s occupation, and the firm’s main economic activity.
+ Rural Activities correspond to agriculture (o1), forestry (02), and fishing (03).

In a similar fashion, the rural activity analysis for the extended Minas area
yielded a negative 7.9 percent chance, statistically significant at 5 percent, when
using a doubly robust procedure. However, the eftect disappears when account-
ing for interactions between individual and municipality fixed eftects. For Es-
pirito Santo, no estimates yielded statistically significant results for the aggregate
market and for rural activities. For rural activities, results are negligibly close to
zero in magnitude.

Casting our attention to the probability of moving analysis for the extended

Minas area, results are inconclusive, with the aggregate market and rural activi-
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ties both displaying meaningful effects in Column (7) but not surviving inter-
actions between individuals and municipalities, which suggests the calculated
causal effects are driven by changes in the treatment and control composition
when individuals move from one place to another.

In contrast, in the Espirito Santo sample, I find a positive effect on moving
out probabilities, even with inconclusive results in the dismissal analysis. One
explanation could be that the moving-out probability appears conditional on
already dismissed individuals. In other words, a worker’s position in the fishing
firm may not be affected by the disaster, only through wages. However, in the
case of a dismissal, this individual is more likely to find another job in a firm
outside of the original municipality.

The adverse effects on job security and population stability appear to be less
meaningful than the direct productivity losses from capital destruction. Still,
it points towards a critical interaction between the environment (as a form of
capital component) and local economic conditions. In other words, in a disaster
like Mariana’s, where the environment is severely spoiled, but human capital
is preserved, which is a reflection of drastic environmental changes potentially
already occurring due to massive human intervention everywhere, it should
be expected an overall impoverishment of the market instead of a search for
reallocation.

Nevertheless, given the size and complexity of the studied markets, there
are potentially ignored underlying effects when observing specific occupations
or using other dimensions in the regressions. Even though, on the aggregate, it
seems individuals absorb the shock through wages, there is still the possibility
of “Rosen-Roback” effects when accounting for specific demographics or types
of firms.
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* The codes I use for the
regressions are 410, 411, 412,
413, 414, and 415. These
represent clerks, secretaries,
and office administrators,
generally responsible for
the day-to-day routine op-
erations of offices but not
necessarily high-specialized
functions such as accoun-
tants, lawyers, or bankers.

1.7.3 Office Occupations Analysis

Even though the measurements indicate that the effects surfacing on the aggre-
gate marketare related to capital shocks, there is a possibility that other heteroge-
neous effects are at play, which I did not capture in my previous regressions. To
understand better the Mariana disaster’s implications on the equilibrium rela-
tionship between wages and amenities, I perform an occupation-based analysis
of workers in the sampled areas.

In accordance with the theoretical framework shown in Section A.1, I choose
occupations as the key variable for the analysis due to, in this case, the individual
making the decision to stay or move from the affected regions. The challenge
of using a firm’s economic activities is that, within the same firm, there will
be too heterogeneous cohorts of workers at different education levels, types of
occupations, and tenure duration. Therefore, a more correct approach is to
perform the study taking into account the worker’s occupation types across
firms.

Itis possible to identify the type of occupation through R AIS. T use Brazil’s
Ministry of Labor’s Brazilian Classification of Occupations, CBO in Portuguese,
to classify the worker-wise type of activity. The code can be granulated up until
six digits, each subsequent digit representing a more specific set of tasks. For
instance, the code “21” represents STEM professionals, while “214” represents
engineers and architects. A final specification example for this code sequence is
“2142-10”, representing airport engineers.

Potentially, there are two main types of occupations. Occupations directly
and indirectly related to water as a component of labor. For example, farmers
primarily rely on water to perform their activities and ultimately provide labor
output. On the other hand, office workers, such as accountants and clerks, may
only take the water contamination as an amenity nuisance if, for the sake of
simplification, we ignore the costs of acquiring freshwater.

This class of occupations *, which is less directly linked to the local environ-
ment in its day-to-day operations compared to the rural activities and fishing
sectors, offers a suitable case study of potential Rosen-Roback effects.

Office occupations are primarily influenced by factors such as technology
availability, human capital, and infrastructure rather than local natural resources.
Therefore, we would typically expect this sector to be less sensitive to environ-
mental disruptions. However, if the Rosen-R oback framework holds, we would
anticipate some level of impact from the Mariana disaster, primarily through
indirect channels such as reduced local consumption or changes in local labor

supply dynamics. Moreover, firms may increase their wages specifically for these
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occupations to compensate for the negative shock on surrounding amenities,
which is the key measurement of my study.

My empirical framework, structured similarly to previous sections, utilizes
occupation code dummies as interaction terms with the treatment variable. The
four columns in Table 1.5 represent the two baseline models and two doubly
robust models. Each pair includes an individual fixed effect term and an inter-
action term between municipality and individual identifiers.

The analysis is carried out across the three key regions, each yielding distinc-
tive insights about the labor market outcomes post-disaster.

The first region of focus is the Iron Square region, where proper Mariana
is located and where the disaster took place. Here, the data indicate a shift in
spatial equilibrium, as office workers’ wages show an increase of approximately
5 percent in the more robust models. Further evidence supporting this equilib-
rium shift is the 3-6 percent decrease in the likelihood of office workers moving
or being dismissed from their jobs when compared to unaffected municipalities
in the region.

The subsequent region, the extended region of Minas, displays distinct pat-
terns. While wage change remains neutral, we observe a one percent increase in
the likelihood of dismissal. This trend is consistent across all model specifica-
tions and aligns with a similar pattern in the probability of moving.

Lastly, the Espirito Santo state analysis offers weak evidence with a slight
two percent wage increase at the ten percent significance level. The changes in
the likelihood of dismissal and migration out of the region are negligible and
statistically insignificant when compared with the control groups.

Despite the variations across regions, these results provide compelling evi-
dence that spatial equilibrium dynamics significantly shape labor market out-
comes after environmental shocks, at least for specific categories indirectly re-
lated to the environment per se. However, it is crucial to understand these
findings in context. As established in the main results, the aggregate market
tends to respond to such shocks as capital shocks above all else.
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Table 1.5: Office Occupation Analysis

Fixed Effects Models DR Models
] (2) () (4)
Mariana Municipality Region
Log Wage: Treat x Post 0.014 0.020 0.052** 0.051**
(0.018) (0.011) (0.023) (0.023)
Dismissal: Treat x Post —0.042 —0.048*  —0.037*  —0.054**
(0.029) (0.018) (0.014) (0.010)
Mover: Treat x Post —0.059 —0.062** —0.033**  —0.052***
(0.042) (0.021) (0.013) (0.014)
N Clusters 12 12 12 12
N 1567721 1567721 1567721 1567721
N (mover) 1348847 1348847 1348847 1348847
Extended Minas Gerais Region
Log Wage: Treat x Post 0.001 0.004 0.008 0.013
(0.011) (0.010) (0.010) (0.009)
Dismissal: Treat x Post 0.012** 0.012 0.012** 0.011
(0.003) (0.008) (0.003) (0.008)
Mover: Treat x Post 0.014** 0.012* 0.012** 0.011**
(0.004) (0.006) (0.003) (0.005)
N Clusters 323 323 323 323
N 19334590 19334590 19334590 19334590
N (mover) 16541725 16541725 16541725 16541725
Espirito Santo Region
Log Wage: Treat x Post 0.023~ 0.022~ 0.025* 0.022
(0.012) (0.012) (0.013) (0.014)
Dismissal: Log Wage: Treat x Post —0.012 —0.017* —0.021 —0.018
(0.016) (0.009) (0.023) (0.012)
Mover: Treat x Post 0.007 0.002 —0.004 0.000
(0.017) (0.006) (0.026) (0.007)
N Clusters 16 16 16 16
N 5100644 5100644 5100644 5100644
N (mover) 4351754 4351754 4351754 4351754
Individual FE X X X X
Individual x Municipality FE X X
Municipality FE X X
Year FE X X X X

' Standard-errors are clustered by municipality.
2 % *x Hoxk
p<o.,*p<o0.05 ™ p<o.o1
3 Covariates used for propensity score estimation in DR models are age, tenure, education
level, gender, race, worker’s occupation, and the firm’s main economic activity.
* The codes I use for the regressions are 410, 411, 412, 413, 414, and 41s.
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1.8 Conclusion

This study offers a comprehensive analysis of the Mariana disaster’s impact on
labor market outcomes, juxtaposing two theoretical models in economics: the
productivity factor model and the Rosen-Roback spatial equilibrium model.
The former posits that the disaster, through water contamination, negatively
shocks physical capital levels, thereby driving down wage levels. Conversely, the
latter model suggests that the river, as an amenity, should prompt an increase in
wages to maintain workers’ utility levels in the wake of its destruction; otherwise,
workers may relocate to more desirable areas.

Employing a rich administrative dataset encompassing all formal workers
and utilizing a difference-in-differences design, the findings indicate significant
negative effects on wages in two out of the three studied regions. This suggests
that the river primarily functions as capital in the market’s aggregate production
function. These results persist across alternative fixed effect specifications and
“doubly” robust regressions using inverse propensity score weights for estimate
calculation.

The results of examining heterogeneous effects across specific industries
align with economic intuition. For sectors such as mining, agriculture, and
fisheries, where water is integral to operations, the impact on workers’ wages
was also negative, with varying degrees of robustness. This indicates that the
aggregate results mirror underlying disruptive capital shocks closely tied to these
economic activities. However, the linear probability models for job movement
and dismissal in the aggregate and aforementioned specific markets did notyield
strong enough results to establish a conclusive scenario.

Interestingly, when focusing on individuals working in occupations not
directly related to water, specifically office workers such as clerks and secretaries,
positive pressure on wages and a higher propensity to leave the affected area
were observed, aligning with the urban spatial equilibrium proposal.

These findings suggest that, on aggregate, individuals experiencing drastic
environmental changes with negligible alterations in human capital, such as
potential scenarios of climate change effects, may absorb the shock through the
market’s production function, leading to wage losses and overall impoverish-
ment. However, the effects of spatial equilibrium should not be underestimated.
Policymakers must consider a given region’s workforce composition and key
characteristics when formulating responses to such environmental disasters.

There is considerable room for more studies regarding the Mariana Disas-
ter. Due to its massive disruption and the complexity of the region, the labor
market itself represents one of many aspects potentially affected by the incident.
For instance, when analyzing spatial equilibrium, one should also consider the
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influence of housing costs and the real estate market. However, I was unable to
acquire related data.

In conclusion, this study provides an effort to understand the relationship
between environmental disasters, labor market outcomes, and spatial equilibria,
highlighting the need for further research to disentangle these effects and inform
policy decisions. As climate change continues to pose significant threats to our
environment, understanding these dynamics will be crucial for mitigating the

economic impacts and fostering resilience in affected communities.
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CHAPTER 2

LABOR MARKET EFFECTS OF
THE VENEZUELAN REFUGEE
CRISISIN BrAZIL

2.1 Introduction

Forced displacement has become an escalating global crisis, with an unprece-
dented number of individuals compelled to flee their homes in search of safety
and stability. According to the UNHCR, 2023, at the end of July 2023, there
were a staggering 110 million people forcibly displaced worldwide, among whom
more than 36 million were classified as refugees. Significant attention has there-
fore been drawn to the potential impacts of refugees on host communities.
Extensive research on the labor market effects of refugees largely centers on de-
veloped nations, leaving a critical gap in understanding the effects in developing
regions, where data scarcity exacerbates the challenge.

We focus on the Venezuelan humanitarian and migration crisis that started
in the early 2010s. The drop in global oil prices, Venezuela’s largest export,
coupled with government mismanagement led to hyperinflation, a shortage of
basic commodities such as food and medicine, and an upsurge in crime. As
a result, more than five million Venezuelans were forced to flee the country.
UNHCR estimated that by 2022, more than four million Venezuelans lived as
refugees, mostly in neighboring South American countries. Brazil, in particular,
had received approximately a quarter million Venezuelan refugees (UNHCR,
2022), who crossed the border every year exponentially since 2013. Virtually all
Venezuelans entered Brazil by land, using the only highway that connects the
two countries through the Brazilian state of Roraima.
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3 In the period of our study,
the Venezuelans displaced
by the crisis were virtually
the only non-Brazilian
population in the state

of Roraima. Therefore,
specifically for this paper, we
refer to Venezuelan refugees
as immigrants or foreigners,

interchangeably.

This study seeks to investigate the causal relationship between the Venezue-
lan refugee crisis and the labor marketin Roraima, the Brazilian border state that
directly experienced the influx of Venezuelans. Roraima’s geographic isolation
from the rest of Brazil provides a unique natural experiment. Using compre-
hensive administrative panel data on the universe of Brazilian formal workers
and utilizing a difference-in-differences approach, we analyze the labor market
effects of the refugee crisis in the Roraima labor market in comparison to similar
states in north Brazil unaffected by the crisis.

Our main findings show a small but significant positive impact, of around
2 percent, on the average monthly wages of formal Brazilians who lived in Ro-
raima. We show that this increase was not driven by an exit of low-wage Brazil-
ian formal workers from the market as we find no significant effects on job
displacement. We show, however, that this effect was primarily driven by com-
plementary dynamics between the formal and informal sectors, and, to a lesser
extent, by the fact that the presence of immigrants in the formal market allowed
natives to move occupations experiencing a higher wage increase.

Nevertheless, workers in industries and occupations with a higher share of
refugees did not experience any significant change in wages during the crisis,
potentially due to the substitution effect of immigrants working in the same
industry-occupation cells. These findings suggest that when not directly com-
peting with native workers, Venezuelans acted as complements, increasing for-
mal labor market wages. We also conduct analysis using nationally representa-
tive survey data and show a pronounced negative wage impact in the informal
sector, more evident for individuals involved in industries with a higher immi-
grant involvement observed in our main administrative dataset. These results
are in line with Peri and Sparber, 2009; Manacorda, Manning, and Wadsworth,
2012; Dustmann, Frattini, and Preston, 2013; Foged and Peri, 2016, who argue
thatimmigrants are imperfect substitutes for natives, have a potentially different
skill set, and specialize in positive efficiency.

Refugees comprise a distinct subset of immigrants due to their more vul-
nerable societal position.’> Unlike other immigrant groups, their displacement
is mainly involuntary. A majority of the economic studies on the labor market
impacts of refugees focus on developed countries in Europe and North Amer-
ica. These studies revolve around refugee shocks due to a political crisis and
utilize natural experiments to analyze the labor market effects of the shock, an
approach similar to ours. However, the results from these studies have little
overall consensus. While some studies find no adverse effects on native employ-
ment and wages (e.g., Card, 1990, Hunt, 1992, Friedberg, 2001), others find
large adverse effects (e.g., Glitz, 2012, Dustmann, Fasani, et al., 2017).
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A small but growing subset of economic literature explores this question
from the developing country perspective (Maystadtand Verwimp, 2014; Calderdn-
Mejia and Ibdfez, 2016; Ruiz and Vargas-Silva, 2016; Taylor, et al., 2016; Alix-
Garcia, et al., 2018; Maystadt and Duranton, 2019). The more recent wave of
this literature revolves around the Syrian and Latin American crises. Studies on
the Syrian refugee crisis have yielded varied findings that range from no effects
on employment and wages Fallah, Krafft, and Wahba, 2019 to moderate employ-
ment losses among natives Tumen, 2016. Results for Aksu, Erzan, and Kirdar,
2022 are the most similar to ours in that the study finds adverse effects on com-
peting natives in the informal market but positive employment and wage effects
for complementary workers in the formal market.

The literature on the labor market effects of Venezuelan immigrants in host
countries focuses mostly on Colombia, and, to a smaller extent, on Peru and
Ecuador. In Colombia, various studies reveal adverse eftects on native employ-
ment within the formal labor market and reductions in wages and income in
the informal sector (Caruso, Canon, and Mueller, 20215 Delgado-Prieto, n.d.;
Lebow, 2022).

Conversely, the labor market analysis in Peru presents a contrasting per-
spective. In line with our results, Groeger, Leén-Ciliotta, and Stillman, 2024
indicates that the influx of Venezuelans to specific locations in Peru has resulted
in an upswing in both employment and income among the local population.
Morales and Pierola, 2020 finds that an increase in the share of Venezuelan mi-
grants in Peru is associated with an increase in the probability of being employed
for Peruvians in the non-service sector although accompanied by a decrease in
the probability of having an informal job.

Bahar, Ibdfiez, and Rozo, 2021 studies the labor market impacts of an ex-
tensive migratory amnesty program that granted work permits to nearly half a
million undocumented Venezuelan migrants in Colombia in 2018. Their anal-
ysis indicates no significant impact of the program on hours worked, wages, or
labor force participation of Colombian workers. Nonetheless, they study only
the immediate effects of the amnesty program without considering its potential
dynamic effects in the years following the treatment.

Ryu and Paudel, 2022 addresses this question on the labor market effects
of Venezuelan immigrants from the Brazilian perspective. Using a national
quarterly household survey, Ryu and Paudel, 2022 uses the synthetic control
method to study the labor market impacts of the Venezuelan refugee crisis in
Roraima, the affected state. The study finds that the crisis lowered labor force
participation and employment rate in Roraima and did not find any effects on
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wages. However, the dataset did not distinguish Brazilians and Venezuelans,
which can underestimate the effects of refugees.

We build upon these studies by employing a rigorous administrative panel
dataset of the universe of formal workers in Brazil that has two crucial advan-
tages over Ryu and Paudel, 2022. First, our data allows us to distinguish the
nationality of individuals and isolate our sample to Brazilians. Second, because
of its panel nature, it allows us to track individuals over time, irrespective of
their mobility between states.

We organize the remainder of the paper as follows. Section 3.2 provides
the background. Section 2.3 discusses our identification strategy and empirical
methodology. Section 3.3 describes the data. Section 21 presents the results and
robustness checks of our model. Section 2.6 discusses the mechanisms through

which immigrants affect native wages before Section 3.7 concludes.

2.2 Background

This section is divided into two parts. In the first part, we briefly overview the
Venezuelan crisis. In the second, we explain the interaction between Venezuelan
refugees and the Brazilian labor market, highlighting the distinctions between
formality and informality.

2.2.1 The Venezuelan Political and Refugee Crisis

Until the early 2000s, Venezuela had one of the highest GDP per capita in Latin
America. With whatis considered thelargest oil reserves in the world, their GDP
was tied to oil exports (EIA, 2019; Haider, 2020). However, the drop in oil prices
in the early 2010s severely hit the Venezuelan economy. Coupled with govern-
ment mismanagement, it led to an unprecedented humanitarian crisis in the
country with hyperinflation, a shortage of basic goods and services such as food
and medicine, and a rise in crime. Although Venezuelans had already started
to leave for other countries in 2011 as a result of the political crisis, the exodus
skyrocketed in 2013. The United Nations High Commissioner for Refugees
(UNHCR) estimated that by 2022, more than four million Venezuelans lived
as refugees, mostly in neighboring South American countries. At the end of
2021, Brazil hosted 260,000 Venezuelan refugees. Due to their geographical
proximity, most of the refugees in Brazil were concentrated in the state of Ro-
raima. The Brazilian Federal Police border patrol reported that the number of
Venezuelans who entered Roraima in 2017 and stayed in Brazil numbered more
than so thousand (Lopes, 2018). This number corresponds to 8 percent of the
total population of Roraima.
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In 2019, the International Migration Organization (IOM) and the Migra-
tion Policy Institute (MPI) surveyed thousands of Venezuelan refugees living in
11 Latin American and Caribbean countries (Echeverria-Estrada, 2020). The re-
port found that among the Venezuelan refugees in Brazil, almost 60 percent of
the refugees were women, s5 percent were between 25-45 years, and 60 percent
had secondary education. The entirety of the sampled individuals had come
to Brazil by land, entering through the state of Roraima. Before migrating to
Brazil, 65 percent were employed, of which 32 percent were self-employed. 26
percent were unemployed and only 5 percent were students. After immigration,
only 40 percent were employed in 2019, of which 29 percent were self-employed,
and 58 percent were unemployed.

Due to the only land border crossing between Venezuela and Brazil located
in the Brazilian state of Roraima, the state hosted most Venezuelan refugees.
Nevertheless, the insufficient public infrastructure and limited job opportuni-
ties in Roraima put a strain on the state’s health, safety, and education systems
(Oliveira, 2019). The increasing number of refugees prompted the federal gov-
ernment to intervene and temporarily suspend the state’s autonomy within the
federation in December 2018.

The Brazilian federal government adopted a notably generous stance to-
wards accommodating Venezuelan migrants. For instance, it established nine
shelters, eight in Boa Vista. Additionally, the Brazilian government enabled
Venezuelan migrants to seek employment by granting them work permits, al-
lowing them to function as regular employees in Brazil for up to two years un-
der temporary residency (Ramsey and Sdnchez-Garzoli, 2018; Ryu and Paudel,
2022). Furthermore, there are policies aimed at dispersing migrants from Ro-
raima to other states, such as Rio de Janeiro or Sao Paulo, starting in 2018, al-
though this effort did not significantly impact the relocation of migrants during
the periods examined in this paper.

2.2.2 Brazilian Labor Market

Mercosul (or Mercosur in Spanish) is an economic block comprised of South
American countries, including Venezuela and Brazil. Members of the block are
entitled to free entry, residency rights, and the ability to work in the host coun-
try’s formal labor market, subject to government authorization. Recently, the
Brazilian government has offered Venezuelan refugees a special status that accel-
erates their permission to work in the formal labor market. Venezuelan refugees
must undergo a specific process and submit certain paperwork to obtain this
status, which takes at least several months.
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In Brazil, any organization must have a National Legal Persons Registry
number (CNPJ) to operate legally. The entity’s owners must declare its purpose
and intended activity to the government. If an entity is not registered, it is
considered informal. The costs associated with registering a company can be
relatively high, leading to a higher prevalence of informality in poorer regions.

Legal firms are only permitted to hire workers formally, a requirement of-
ten disregarded in impoverished areas such as Roraima. Formality in the hiring
sense means that employees are entitled to social security and certain rights that
the employer must guarantee. Generally, workers in the formal market earn
more due to these social benefits than their informal counterparts. However,
employers may be at risk of labor litigation if they are caught hiring informal
workers. For example, informality in northern Brazil, where we base our study,
around the period of our research, corresponded to 45 percent of its total labor
market (Azeredo, 2019). Time was likely the main cost of entry for Venezue-
lans to find regular employment. As more immigrants arrived and application
lines increased exponentially, we posit that a fraction of these refugees procured

economic activities outside formality.

2.3 Methods

In this section, we discuss the identification strategy and the empirical strategy
used to analyze the labor market impacts of the Venezuelan refugee crisis in
Roraima, Brazil. The identification strategy section highlights the geographical
setting of the natural experiment, while the empirical strategy section explains
the econometric models used to estimate the causal effects.

2.3.1 Identification Strategy

Geography is crucial for our identification strategy. As shown in Figure 2.1,
Venezuela borders the Brazilian states of Amazonas and Roraima, but the Ama-
zon rainforest makes it highly unfeasible to enter Brazil through Amazonas. In-
stead, people can enter Brazil from Venezuela through the state of Roraima. The
BR-174 highway, represented by the solid vertical line that traverses Roraima
and Amazonas in Figure 2.1, is the only land transportation route between the
two countries, which runs through Roraima from the Venezuelan border. This
makes Roraima a key transit point in Brazil, but once refugees are in Roraima,
they can only practically go as far as Amazonas by land. To reach larger coastal
cities, they would need to use air routes. Therefore, Roraima is isolated from
the rest of the northern states, which leads many refugees to choose to enter
and stay there.
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This setting provides a natural experiment in which Roraima acts as the
treated group. For our control group, we use states that share similar sociogeo-
graphical characteristics and are located on the Brazilian border: Acre borders
Peru and Bolivia, while Amap4 borders Suriname and French Guiana. Like
Roraima, these states also have a large portion of their population concentrated
in their respective capital cities and are relatively isolated. In particular, Amapd
does not have an inland connection to the rest of Brazil and can only be reached
by airplane or boat crossing the Amazon hydrographic basin to reach its capital,

Macapd.

Figure 2.1: Map of Venezuela and Brazil’s North Region

WS \/enezuela
;

Roraima

According to Borjas, et al., 1997; Borjas, 2003; Borjas, 2006, it may be dif-
ficult to accurately assess the impacts of immigration on the labor market by
considering geography alone due to the potential for spillover effects across re-
gions. However, in our case, Roraima is isolated with high transportation costs,
which limits mobility between states or even within municipalities in the same

state.
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Foreign Presence in RAIS

Akey assumption of our paper is that refugees were notattracted to high-growth
regions, but ended up in Roraima due to its geographical isolation and high
transportation costs to move to cities farther from the border. To verify, we
can use our administrative data to check the location of Venezuelan refugees
in our sample. We can also examine wage trends before the crisis to confirm
that Roraima’s growth trend was not significantly different from the control
regions, which we explore in the next subsection. Figure 2.2a shows the an-
nual percentage of Venezuelans in the labor market, grouped by treatment and
control states. In 2017, Venezuelans represented about 2 percent of Roraima’s
formal labor market, while none were observed in Amapa or Acre. Figure 2.2a
supports our assumption by demonstrating that Venezuelans largely remained
in Roraima.
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Figure 2.2: Proportion of non-Brazilians in the formal labor market for Roraima and
the control states

It would be problematic for our experiment setting if any other nationality
besides Venezuelans had a substantial growth in population, either in Roraima
or the control states. To ensure that the exponential growth of foreigners we
observe is due to Venezuelan refugees, we construct Figure 2.2b by aggregating
data on all immigrant nationalities other than Venezuelans and plotting their
proportion in the formal labor market. As the figure shows, there is negligible
growth in the control states and no significant growth in Roraima following
2014. The non-zero values we observe for non-Venezuelan immigrant national-
ities can be attributed to several factors. First, there is a significant presence of
Haitian immigrants in control states due to United Nations peace operations
in Haiti that began in the 2000s and remained constant over the study years.

Second, there are observations of other Latin American and Bolivian nationals
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in the data in control states due to the proximity of Acre to Bolivia and the
resulting natural population exchange. Finally, some of these foreigners may
be Venezuelans with dual citizenship, as they only appeared in Roraima after
the crisis began, as Figure 2.2b shows. Since there is marginal change in these
populations in either treatment or control groups, the non-zero values should
not pose a threat to our identification strategy.

Although the administrative data provides a good overview of Venezuelans
entering Brazil and remaining in the state of Roraima, it only includes those in
the formal labor market. It could compromise our identification strategy if the
control states also had many Venezuelan refugees outside the formal labor mar-
ket. In Appendix B.1, we use refugee application data to demonstrate that this is
not the case. We show that only Roraima, not the control states, experienced a
significant increase in the number of Venezuelan citizens seeking refugee status

applications.

2.3.2  Empirical Strategy

To empirically assess the effects of the refugee crisis in Roraima labor market,

we estimate equation (2.1).
bi
Yimt = i + ay + " Dignt + €ime (2.1)

In this model, ¥+ denotes the logarithm of the average monthly wage for
individual ¢ working in municipality m during year ¢. The term 6; captures
time-invariant characteristics unique to each worker, which in our dataset are
represented by a series of social identifier dummies. The o term represents year
fixed effects, accounting for broader temporal trends and seasonality that could
affect wages across all states.

Our primary focus is on the parameter Bb" which quantifies the returns
of being exposed to Venezuelan immigration after 2013. This exposure is en-
capsulated in the binary treatment variable D;;,,;, which takes a value of 1 for
individuals in the municipality that belongs to Roraima post-2013 and zero
otherwise. The term €;,,,; denotes the idiosyncratic error term, capturing un-
observed influences on wages. Since our observed treatment heterogeneity can
occur across regions within each state, we cluster at the municipality level, as
discussed in Abadie, Athey, etal., 2023.

To further refine our analysis, we introduce an alternative specification
where the treatment effect is modeled as a continuous variable, following Call-
away and Sant’Anna, 2021a. This approach uses the ratio of Venezuelan refugees

per municipality as a proxy for exposure to the immigration shift, as stated in
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equation (2.2). Here, I2;,,,+ represents the ratio of immigrants per municipality
m where individual 7 is located at a given year .

Yist = 0; + a4+ B Ryt + €ist (2.2)

Both approaches exploit the within-individual variation in the exposure to
whether the state experienced the refugee crisis. Our identifying assumption is

that the time-varying shocks are orthogonal to the treated state.

Doubly-Robust Estimator

To strengthen the credibility of our causal inference, we employ a doubly ro-
bust estimation framework, balancing observable characteristics of workers in
our data through propensity scores and applying the inverse of these scores
as weights in our regressions. This approach ensures that particular features
across control and treatment groups will not bias our results. Moreover, it
has the advantage that our results are consistently estimated even if one of
the difference-in-differences or the propensity score specifications is not (Uysal,
20155 Sant’Anna and Zhao, 2020).

In the first step of the doubly robust framework, we use the following logis-
tic regression:

o0 Xi
p(Xi) = Pr(Z; = 1|X;) = F(0'X;) = W (2.3)

In this regression, P(Z; = 1|X;) represents the probability of being in the
treatment group given the vector X; of time-invariant covariates for individual ¢
and Z; represents treatment group membership, which is working in Roraima.
The parameter 6 establishes the logistic relationship between the covariates and
the group membership.

The second step is to construct the inverted propensity scores based on
control and treatment group.

1
1-p(X;)’

w; = (2’-4)

_1

p(X5)?

We also impose trimming rules to avoid propensity score values that are
too extreme, avoiding weights above the 99.75 percent quantile (Lechner and

Strittmatter, 2019). The final step minimizes the weighted sum of squares in

the two-way fixed effects framework. For instance, in our binary treatment case,
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* Throughout this paper,
we use the term ‘economic
sector’, ‘industry’, or ‘eco-
nomic activity’ to refer to
the industry in which a firm
operates, such as retail, con-
struction, or restaurants. We
use the term ‘occupation’ to
describe the specific job title
or role of the worker within
that sector, such as janitor,
accountant, or waiter.

we have:

N
;;ii:z = arggnin Z Wi (Yimt = BDimt — i — wi)’ (2.5)
i=1

Where w; is calculated using Equation (2.4). IV is the number of observa-
tions in the sample. The analogous approach is employed for the continuous
treatment, in which we replace Dyt to R

2.4 Data

Our primary dataset is the Annual Social Information Survey (R AIS) main-
tained by the Brazilian Ministry of Labor and Employment. RAIS contains the
universe of the Brazilian formal labor market, comprising panel information
on individual workers and establishments, including employment status, oc-
cupation, industry*, and wages. We focus on observations from 2008 to 2018.
Our pre-treatment years are 2008-13, and the post-treatment period includes
2014-18. We use this cutoft since the refugee crisis intensified in 2014 based on
the data and journalistic accounts (see the identification strategy section for
more details).

The Brazilian equivalent of a Social Security Number, PIS (Social Integra-
tion Program), identifies unique persons and is present in the data. Along with
information on the labor market at the individual level, the data also provides
sociodemographic information, including nationality. For occupation, we use
the first three digits of the Brazilian Occupation Code (CBO) to categorize,
while for the economic sector, we use the first 2 digits of the National Registry
of Economic Activities (CNAE).

The dataset is constructed based on the contract generated between the em-
ployee and the firm. Therefore, the base observation is contract-year. To convert
the cells to individual-year observations, we restricted the data to Braziliansin a
given year employed in the private sector with more than or equal to 30 weekly
hours of labor. If there are multiple observations for the same individual, we use
the contract with the oldest tenure and the highest pay (Lavetti and Schmutte,
2023).

In our dataset, payments are recorded as the average monthly compensation
each individual receives according to their contract. To construct our primary
outcome variable, we exclude individuals with recorded payments of zero. Fur-
thermore, we apply censoring to this variable at both tails of the distribution:
at the 99.75th percentile from the upper end and the o0.25th percentile from the
lower end. This measure mitigates the influence of extreme outliers. Finally, we
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transform the variable into an hourly wage measure by integrating it with the
recorded weekly hours worked times four.

2.4.1 Summary Statistics

By restricting our sample to Brazilian workers who were employed in the private
sector with at least 30 weekly hours of labor, we retain the sample size of 58,379
individuals, of whom 12,581 are from Roraima and 45,798 from control states.
Table 2.1 summarizes the socioeconomic and demographic characteristics of
Brazilians in our treatment state, Roraima, and our control states in the R AIS
datasets in 2013, the year right at the start of the refugee crisis. The average
monthly wages for Roraima and control states were comparable at R$ 1,916 and
R$ 1,841 respectively. These wages are reported in local currency adjusted to 2018
R$. In 2018, the national minimum wage was around R$ 1,000. The average
earnings in these states were, on average, twice this value. Other variables such
as average age, experience, fraction of female workers, racial composition, and
workers by economic sector and occuption type were all comparable between
Roraima and the control states.
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Table 2.x: Descriptive Statistics of Natives from Roraima and Control States

(1) (2)

Roraima Control States

Mean monthly wage 1916.07 1841.05
Mean age 36.92 37.85
Mean experience 60.75 63.70
Fraction of females 0.36 0.32
Race by fraction:
White 0.22 0.17
Black 0.02 0.03
Mixed 0.63 0.65
Color not declared 0.12 0.15
Education by fraction:
High school dropouts 0.24 0.32
High school graduates 0.64 0.58
College graduates 0.12 0.10
Economic activities by fraction:
Commerce 0.41 0.38
Construction 0.08 0.09
Extraction industries 0.03 0.05
Hotels and restaurants 0.04 0.03
Manufacturing and utilities 0.10 0.10
Other services 0.35 0.35
Job occupations by fraction:
High school level technicians 0.07 0.08
Factory occupations 0.22 0.27
Services 0.43 0.41
Retail and wholesale 0.14 0.11
Rural occupations 0.02 0.03
Scientific and liberal arts 0.07 0.05
N 12581 45798

Note: Observations represent full-time workers working in 2013 for both
Roraima and the Control States (Amapd and Acre). Mean experience
in months. Economic activities are classified by the first two digits from

their respective code. Occupations are likewise classified by the first three
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Figures B.6 and B.7 illustrate Venezuelan formal workers by economic sec-
tors and occupations respectively in Roraima using 2018 R AIS data, the final
year in our data and the year with the largest number of Venezuelans observed
in the data. Figure B.6 shows that most of the Venezuelans in Roraima were
in the retail commerce sector, followed by restaurants, construction, wholesale
commerce, and gardening and landscaping. Figure B.7 shows that most of them
worked as general service employees, salespersons, machine operators, and office
clerks, which are semi-skilled or low-skilled.

Table 2.2 compares Brazilians with Venezuelans in the formal labor market
in Roraima in 2018, the year with the most Venezuelans in our sample period.
While the reported race is comparable between the two groups, a much higher
percentage of Venezuelans reported to be of mixed race. While men and women
were almost equally represented among Brazilians in the Roraima formal labor
market, it was much more dominated by men for Venezuelans, at around 76
percent. This comes in stark contrast to the fact that around 6o percent of
the Venezuelan refugee population in Roraima was female (Echeverria-Estrada,
2020), highlighting that male Venezuelans were more active in the formal labor
market.

Venezuelans tend to have a higher proportion of individuals with only high
school education and a markedly lower percentage of college graduates com-
pared to their Brazilian counterparts. Table 2.2 also highlights the top five eco-
nomic activities and occupations with the highest Venezuelan representation.
This was determined by calculating the ratio of Venezuelans to total workers in
each category, using the top 2 digits of both to allow for a broader categorization.
Pictures B.6 and B.7 were generated using the same procedure.

The educational profiles of the two groups are mirrored in the sectors they
predominantly engage in. Immigrants are primarily employed in industries like
commerce, restaurants, and construction, which typically require less special-
ized education. They are mostly found in industries such as restaurants, retail,
and construction, encompassing auxiliary jobs across these various industries
through the “General Service” category in occupation. In contrast, Brazilians
exhibit a more diverse industrial distribution, notably in sectors we categorize
as “Other Industries”, which includes professions in teaching, banking, legal
services, healthcare, and more. Additionally, a significant portion of Brazilians
occupy mid-level office positions, classified as ’Office Clerks’.

Finally, the data also reveal a stark contrast in earnings between natives and
immigrants. On average, Venezuelans are younger and earn significantly lower
wages than Brazilians. This wage disparity may reflect differences in job types,
experience levels, or the indirect costs of immigration.
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Table 2.2: Statistics of Natives and Venezuelans in 2018

(1) (2)

Percentage of Brazilian Venezuelan
Race

White 6.18 5.85
Black 1.07 .76
Indigenous 0.33 0.03
Mixed 34.04 52.94
Not Declared 58.38 39.43
Gender

Female 48.68 23.96
Male SL.32 76.04
Education

No High School 16.97 16.29
High School 54.97 76.02
College 28.05 7.69

Industry by Economic Activities'

Retail Commerce 16.98 38.01
Restaurants 2.74 15.90
Construction 2.56 6.59
Wholesale Commerce 3.11 5.68
Gardening and Landscaping 3.59 1.70
Other Industries 71.03 32.13
Occupations'

General Service Employees 17.37 34.69
Retail and Wholesale Salesperson 8.65 14.42
General Construction Workers 2.93 10.76
Machine Operators 4.23 6.19
Office Clerks 28.80 5.59
Other Occupations 38.03 28.36
Mean Age 36.86 31.67
Mean Wage 2857.94 1198.41
Total Observations 128 389 3523

' See text. Occupation and industry identifiers from the data are pro-
vided by the Registry of Brazilian Occupations and Registry of Eco-
nomic Activities. For both variables, we use the code top 2 digits to
generate the tabjl_eg However, for our regressions, we allow occupations

to be detailed by their top 3 digits.



2.5 Results

In this section, we present the main results of our analysis. In the first set of re-
gressions, we explore the effects of Venezuelan immigration on the logarithmic
average monthly wage of natives using a difference-in-differences strategy.

2.5.1 Main Results

Columns (1) and (2) in Table 2.3 report our coefficients of interest, 5" and
[3°™ respectively, representing the returns on wages by being in Roraima after
the Venezuelan crisis. On average, Roraima experienced a slight positive wage
increase after the influx. The interpretation of the continuous approach is that
for every 1 percent increase in the presence of Venezuelans in the formal labor
market, the wage increased by 2 percent, also consistent with the 2.2 percent

increase in the binary treatment variable regression.

Table 2.3: Main Results - Roraima x Amapd and Acre

Log Wage Job Retainment
(1) (2) (3) (4)
Treat: Binary 0.022*** —0.010
(0.006) (0.010)
Treat: VZ Ratio x 100 0.021*** 0.001
(0.003) (0.005)
Individual FE X X X X
Year FE X X X X
R2 Adj. 0.875 0.875 0.150 0.150
RMSE 0.245 0.245 0.370 0.370
N Clusters 53 53 53 53
N 577552 577552 577552 577552

' Standard-errors are clustered by municipality.

* Propensity score explanatory variables are gender and race indicators, age, age-
squared, tenure, tenure-squared and education level.

3*p < 0.1, p <0.05***p <0.01

To address the possibility that our observed wage eftects are influenced by

low-wage earners exiting the labor market due to immigrant replacement, we

employ a linear probability model in line with equations (2.1) and (2.2). Our
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focus is to evaluate the likelihood of a worker departing from their job within
a given year, a key concern in the context of immigrant labor dynamics. This
aspect of our analysis helps determine whether wage increases could be falsely
appearing as a result of lower-paid workers being replaced by immigrants. We
identify job departures in our dataset through a specific dummy variable, which
indicates whether a worker remained with the same firm until the end of the
year.

The results are detailed in columns (3) and (4) of Table 2.3. Notably, we
cannot statistically reject the null hypothesis of the immigrant crisis affecting job
retention in Roraima. These findings provide strong evidence that the observed
positive wage effects are not merely a consequence of lower-wage earners exiting
the labor market post-immigration. This stability is the first step to indicate
that the wage increase is not artificially inflated by a reduction in the number
of low-wage positions but rather reflects a genuine enhancement in wage levels.
Such a scenario aligns with economic theories that posit immigration can have
a complementary effect on the native workforce, potentially due to increased
labor demand and productivity. Moreover, it could also be the complementarity
effect of informal and formal sectors due to a larger concentration of immigrants
outside the formal market. We will discuss these mechanisms in more detail in
the following sections.

Ryu and Paudel, 2022 finds that while labor force participation decreased
among working-age individuals in Roraima, there were no significant impacts
on hourly wages in Roraima. Their use of the cross-sectional PNAD-C data
drives the differences in the results as PNAD-C cannot distinguish the national-
ity of individuals in the sample, therefore including recently arrived Venezuelan
migrants in the analysis, who were either searching for jobs or were involved
in transitory low-wage jobs. This inherently overestimates the impacts on la-
bor force participation and underestimates the impacts on wages. Our results
come from the longitudinal individual-level data distinguishing Brazilians and
non-Brazilians, eliminating this issue, and ultimately illustrating positive wage
effects in Roraima and the absence of job loss among formal workers.

The key assumption of our strategy is that in the absence of the treatment,
our outcome variable will exhibit identical trends in treatment and control
states. While we cannot test the counterfactual in post-treatment years, the
pre-treatment trends between the treated and control for the outcome variable
should be parallel over time.

To test this assumption of parallel trends, we employ an event study method
using the binary treatment variable where JEAUE disaggregated for every year
present in the data. The reference year for comparison is 2013, the year before
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the Venezuelan crisis and the refugee influx gained momentum. The estimation
procedure is shown in Equation (2.6), where the indicator function Dj,,,; now
takes a separate value for each year within the summation. 3" explains the aver-
age difference between treatment and control groups for each year ¢ compared

to the reference year of 2013.

2018

Yimt = Z @hDimt +0; + o + €y (2.6)

£=2008
#2013

If control and treated groups are comparable before treatment, then, on
average, f; = 0 fort € {2008,...,2012}. In other words, there should
be no difference in trends between treatment and control groups before the
treatment. Assuming the only disturbance in Roraima’s job market after 2013
is the immigration flow, any variation in the post-treatment period estimates in
Roraima must be associated with the refugee crisis. If the refugee crisis affects
wages, then the effects should be increasing over time due to the increase in
the total refugee numbers. Figure 2.3 shows the event study estimates, which
precisely illustrate this pattern.
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Figure 2.3: Log Monthly Wages Effects Event Study

The results reveal a parallel trend in earlier years right before treatment.
They yield pre-treatment estimates not statistically different from zero, with
an increasingly upward trend in post-treatment periods. This suggests the
difference-in-differences model captured the positive effect of Venezuelans in

the formal market, allowing Brazilians, on aggregate, to increase their wages.
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2.5.2  Synthetic Control Method

Concerns may arise in our estimation strategy of using the doubly robust difference-
in-differences method given the nature of our natural experiment with only one
treatment state (Roraima) if the control group is chosen incorrectly. In the main
analysis, we compare the treatment state with carefully chosen control states
in Brazil with states with socioeconomic and sociodemographic characteristics
comparable to those of the treatment state. We also showed pre-treatment par-
allel trends in our outcome variable. However, it may lead to biased estimates
if the control groups are characteristically different from the treatment state.
A popular way of estimating the causal effects of the treatment in the case
of asingular or a few treatment states is by using the Synthetic Control Method
(SCM). Using SCM with the northern Brazilian states as our donor pool for the
synthetic Roraima, we confirm the validity of our choice of control states in the
main analysis. We present the details in Section B.2, but from Fig B.3, we observe
perfect parallel trends between Roraima and synthetic Roraima until 2013 and
a few years following. The trends started to diverge in 2016 where the wages for
synthetic Roraima have a reduction in slope but Roraima’s slope reduction is
less steep. In the year 2018, we see an almost 0.20 percentage point difference be-
tween Roraima and synthetic Roraima. This exercise confirms the results from
our primary analysis using difference-in-differences. We also provide results
from the Synthetic Difference-in-Differences model (SDID) (Arkhangelsky, et
al., 2021) in Section B.3 where the outcomes closely mirror our primary results

showing an upward wage trend in Roraima compared to synthetic Roraima.

2.6 Mechanisms

In this section, we explore the mechanisms through which Venezuelan immi-
gration might be elevating overall wages in Roraima’s formal labor market. We
identify three primary mechanisms through which this impact could manifest:

1. Immigrants in the formal labor market can affect wages by increasing
worker efliciency and offsetting any substitution effects, resulting in an

overall positive change.

2. The informal sector, presumably with a larger concentration of immi-
grants, can increase overall wages in the formal sector through comple-

mentarity.

3. The presence of the immigrant population as a whole, which by 2018

corresponded to 10 percent of Roraima’s population, can increase native
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wages by boosting consumption and ultimately labor demand. However,
we cannot currently test for this with our labor market data.

2.6.1  Effects Due To Presence of Immigrants in the Formal
Sector

Economists often consider thatimmigration is not evenly balanced across groups
of workers. For example, if high school graduates are the majority of Venezue-
lan immigrants, they potentially compete with native high school graduates,
but not necessarily with individuals holding a college degree (Card, 2005; Card,
2009; Borjas, 2017; Llull, 2018). Another dimension is occupation, wherein im-
migrants tend to occupy manual-intensive or low-skilled jobs (Foged and Peri,
2016), which could increase the efficiency of the market and allow the overall
average wages to grow. We test for treatment heterogeneity by education and
by industry and occupation with immigrant presence.

Treatment Heterogeneity by Education

We now explore potential treatment heterogeneity by education. We categorize
our data into three groups: individuals with a college education, individuals
with a high school education but no higher degree, and individuals with less
than a high school education. Given that most of the observed Venezuelan
immigrants in RAIS are high school graduates, we anticipate distinct effects
within this cohort.

Table 2.4 presents the results of our difference-in-differences analysis, con-
sidering the heterogeneous effects by education level. Concurrently, the corre-
sponding event studies are depicted in Figure 2.4. The two rows of the table
delineate the results using the binary treatment variable and the continuous
variable respectively. Columns (1) and (2) use a sample of Brazilians with at least
a college education. Results indicate approximately a 3.7 percent wage decrease
under the binary treatment variable and a 1.3 percent decrease per 1 percent in-
crease in the presence of Venezuelans in Roraima. While college-educated indi-
viduals in Roraima appear to be the most adversely affected by immigration, the
downward trend in college graduate wages, as illustrated in Figure 2.4¢, suggests
that this negative impact is compounded by pre-immigration variations.

Columns (3) and (4) use a sample of individuals with a high school educa-
tion or more. Results show a wage increase of around 1.5-1.7 percent for both
types of treatment variables. These figures are markedly lower in magnitude
compared to their counterparts with less than high school education, as shown

in columns (s5) and (6), with wage increases as high as 4.1-4.2 percent. With high
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school graduates constituting 7o percent of the Venezuelan population in Ro-
raima’s formal labor market, the event studies reveal that these effects emerge
post-immigration. This weaker impact for high schoolers might be attributable
to the Venezuelan presence in the formal market generating a substitution effect,
hampering any external wage growth factors. Yet, the presence of significant
positive outcomes suggests that any substitution effects are still likely coun-
terbalanced by other factors. This finding is consistent with Card, 1990 and
Clemens and Hunt, 2019, observing no substitution effects on the labor market
when analyzing wage level changes due to immigrant influx in lower education
individuals. Furthermore, the overall wage increase in the aggregate market im-
plies that immigrants in general primarily serve as a complementary effect more
than a substitution effect.
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Table 2.4: Heterogeneous Treatment Effects by Education Cohorts

College Education High School Education

Low Education

(1) (2) (3) (4) (s) (6)
Treat: Binary —0.037*** 0.015* 0.041***
(0.006) (0.004) (0.012)
Treat: VZ Ratio x 100 —0.013*** 0.017*** 0.042***
(0.003) (0.003) (0.007)
Individual FE X X X X X X
Year FE X X X X X X
R2 Adj. 0.886 0.886 0.845 0.845 0.857 0.857
RMSE 0.272 0.272 0.236 0.236 0.181 0.181
N Clusters 53.000 53.000 53.000 53.000 53.000  53.000
N 60575 60575 335147 335147 176071 176071

' Standard-errors are clustered by municipality.

* Propensity score explanatory variables are gender and race indicators, age, age-squared, tenure, and tenure-squared.

34 p < 0.1,* p < 0.05,* p < 0.01
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Figure 2.4: Event Studies for Heterogeneous Treatment Effects by Education Cohorts

Heterogeneity by Industry and Occupation

To investigate further whether immigrants in the formal labor market affected
wages, we now focus on the channels of occupation and economic sectors. We
create a variable to measure the Venezuelan-to-Brazilian ratio in Roraima across
various top 2-digit economic activities in our data. We then divided native work-
ers into two groups: those in sectors with no Venezuelan presence (zero ratio)
and those in sectors with Venezuelan presence (positive ratio).

Our preliminary observations indicated that immigrants in R AIS were pri-
marily employed in sectors requiring manual labor, such as retail and wholesale,
restaurants, construction, and gardening. Conversely, sectors like finance, in-
surance, telecommunications, research, pharmaceutics, and entertainment saw
little immigrant participation. We applied a similar methodology for occupa-
tion analysis, using more detailed 3-digit codes from our dataset. The results of
these analyses are presented in Table 2.5.

Columns (1) and (2) of the table display the outcomes for economic activi-
ties and occupations with positive immigrant presence, analyzed using binary
and continuous treatment variables. In both cases, we observe an average of
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around 2 percent wage increase in Roraima post-treatment when a Venezuelan
was working in similar occupations or industries. Columns (3) and (4) show re-
sults for industries and occupations without any Venezuelan workers recorded
in our data. Here, the wage effects were slightly higher for economic activities
using the binary treatment version and lower (though less precise) in the contin-
uous treatment version. For occupations, the results showed almost a 3 percent
average wage increase.

These findings suggest that the positive effects observed in the aggregate
market are mirrored in our economic sector analysis. Specifically, sectors and
occupations with a high concentration of immigrants saw a marginally lower
average wage increase compared to those without immigrants.

In summary, the entry of immigrants into Roraima appears to have gener-
ally driven up wages, likely due to increased labor demand and increased pres-
ence of Venezuelan workers in informality. However, those immigrants who
integrated into the formal labor market exerted a slight downward pressure on
native wages. This effect was not solely based on education levels but also the
types of occupations and economic sectors, as evidenced by the immigrants’

sorting patterns in the labor market.
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Table 2.5: Heterogeneous Treatment Effects by Activity and Occupation

Any Immigrants

No Immigrants

(1) ()

Economic Activity

(3) (4)

Treat: Binary 0.019*** 0.023***
(0.005) (0.007)
Treat: VZ Ratio x 100 0.019*** 0.014**
(0.002) (0.005)
Occupation
Treat: Binary 0.022*** 0.027***
(0.005) (0.009)
Treat: VZ Ratio x 100 0.021*** 0.030**
(0.003) (0.005)
Individual FE X X X X
Year FE X X X X
R2 Adj. 0.855 0.855 0.931 0.931
RMSE 0.241 0.241 0.200 0.200
N Clusters 53 53 53 53
N 534212 534212 34093 34093

' Standard-errors are clustered by municipality.

* Propensity score explanatory variables are gender and race indicators, age, age-
squared, tenure, tenure-squared and education level.

3 *p < 0.1, p < 0.05,* p < 0.01

Substitution through Occupation Changes of Brazilian Workers

To establish more robustness to our assumption of small but significant substi-
tution effects happening in the formal sector, we can examine the job changes of
native workers in response to immigrant sorting. This is similar to the approach
taken in Foged and Peri, 2016, which assumes that refugees entering the labor
market took on manual-intensive jobs, potentially allowing native workers to
shift into other occupations.

To analyze the effects of immigration on native workers’ job choices, we
create a binary variable to indicate whether an individual in occupations where
immigrants are observed ever changed their occupation to a position where we
do not observe Venezuelans. Similar to previous frameworks, we compare these

occupational changes across the control and treatment groups.
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We use this variable as the dependent variable in Equation (2.1) and (2.2),
presenting the regression results in Table 2.6. They correspond to a linear prob-
ability measurement of an individual being a “mover” from immigrant occupa-

tions to non-immigrant ones.

Table 2.6: Movement from Occupations with Any Immigrants to Occupations with
No Immigrants

Movement Movement

(1) (2)

Treat: Binary 0.002***

(0.000)
Treat: VZ Ratio x 100 0.001***

(0.000)

Individual FE X X
Year FE X X
R Adj. 0.008 0.008
RMSE 0.072 0.072
N Clusters 53.000 53.000
N 576 800 576 800

! Standard-errors are clustered by municipality.
* Propensity score explanatory variables are gender and race
indicators, age, age-squared, tenure, tenure-squared and

education level.
3 *p < 0.1, p < 0.05,*p <0.01

The results indicate that, overall, there was a small but significant change
of occupation for Brazilians conditional on the presence of Venezuelans. This
implies that even though the substitution effect is measurable, it should be
considered too small to provide any significant overall effect in the market.

2.6.2 Relationship between Formal Sector Effects and In-
formal Sector Effects

So far, our analysis has demonstrated the positive labor market effects of the
Venezuelan immigration crisis. We also showed that individuals not involved in
occupations or economic sectors and occupations with a sizeable Venezuelan
presence experienced more prominent wage increases compared to their coun-
terparts. Moreover, we did not observe any negative wage effects for Brazilians

in manual labor occupations where immigrants were mostly concentrated.
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One way to interpret these results is to consider the role of Venezuelan immi-
grants who are not part of the formal market. We showed that many Venezuelan
immigrants in the region had sought refugee status, but only a small percentage
entered the formal market. This potentially implies that many of them worked
informally or were in seek of employment. Informal workers tend to have lower
levels of education and they specialize in manual tasks, while those in the formal
labor market often hold cognitive or technical jobs, with some overlap.

In Roraima, about 45 percent of the workforce is involved in the informal
labor market. To analyze whether there are negative impacts on wages in the
informal labor market, we use the PNAD-C dataset from 2012-19. PNAD-C
is a representative household survey conducted by the Brazilian Institute of
Geography and Statistics (IBGE) every quarter that includes a variety of socioe-
conomic information, such as employment status, income, race, gender, and
education level among others. However, a major limitation of the dataset is
that, unlike R AIS, social identification of firms and persons, and nationality,
are not observable. Therefore, we cannot directly analyze the impacts on Brazil-
ian citizens or use individual fixed effects to control for time-invariant individual
characteristics. Moreover, unlike RAIS, we cannot observe the municipality
of individuals. As a result, estimates from PNAD-C are potentially downward
biased. The adapted model is specified as follows:

Yist = BDg + f(Xit) + 05 + ar + €t (2.7)

where y; represents the logarithmic average wage that individual ¢ earned in
quarter ¢ in state 5. D; is the indicator function that becomes one if individual
i is from the state of Roraima after 2013. f(X};) is the covariate matrix linear
function, including education, race, gender, age, and age-squared. State fixed
effects and year fixed effects are represented by 6, and oy, respectively. The term
3 estimates the effects of the Venezuelan refugee crisis in Roraima on logged
wages. The error term €, is clustered at the state level, given we cannot observe
municipality in the PNAD-C data.
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Table 2.7: Log Wage Effects in the Informal Sector

Informal Log Wages

(1) (2) (3)

Treat —0.018 —0.022  0.012
(0.029) (0.027)  (0.029)

Immigrant Occupations 0.077**
(0.016)
Treat x Immigrant Occupations 0.011
(0.019)
Immigrant Activities 0.140***
(0.012)
Treat x Immigrant Activities —0.085***
(0.017)
N 67894 67894 67 894
Year FE X X X
State FE X X X

' Standard-errors are clustered by state.

* Propensity score explanatory variables and covariates in the main spacification
are gender and race indicators, age, age-squared, tenure, tenure-squared and edu-
cation level.

3% p < 0.1, p < 0.05, p < 0.01

Table 2.7 presents the outcomes of our analysis using equation (2.7). Col-
umn (1) shows the aggregate treatment effect result, at around -1.8 percent,
which is not statistically significant. Despite the inherent coarseness of the
PNAD-C survey data, it still provides limited evidence of a substitution effect
in the informal market due to the increased labor supply in Roraima.

Moreover, PNAD-C includes data on economic activities and worker occu-
pations, albeit at a lower level of detail. To assess the impact of immigrant expo-
sure on specific industries or job occupations more accurately, we link sectors
with a higher immigrant presence in both variables in RAIS to corresponding
categories in PNAD-C. We assume that Venezuelan immigrants have similar
preferences regarding economic activities and occupations in both informal and
formal sectors. The categories used for the indicator function are general ser-
vice, crafting, and construction helpers for job occupations, and construction,

restaurants, and commerce for economic activities.
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The model, similar to Equation (2.7), differs by allowing the heterogeneity
dummy to interact with the treatment indicator. Columns (2) and (3) in Ta-
ble 2.7 show results for the informal sector; specifically, the interactions with
occupations and economic activities, respectively.

In the informal sector, the data indicate that both occupations and firm
activities were associated with higher wages compared to other categories. How-
ever, with the treatment interaction, the results become statistically insignificant
for occupations and show a significant 8.5 percent decrease for firm activities.
This suggests that immigrants may have adversely affected the earnings of indi-
viduals in these categories in Roraima post-crisis.

The results indicate a significant impact of immigration on the informal
sector, highlighting a substitution effect that adversely influences wages. Con-
versely, in the formal sector, the analysis suggests a potential benefit for workers,
attributable to the complementarity effect that the informal sector provides
to formal employment and a possible increase in efficiency within the formal
market.

2.7 Conclusion

In this paper, we conducted a comprehensive analysis of the labor market im-
pacts of the Venezuelan crisis in Brazil, focusing on the state of Roraima, where
the crisis had a direct impact. The state’s geographical isolation helps us use the
immigration shock as a natural experiment, allowing us to measure its effects on
the local labor market. Using a difference-in-differences model, we explored the
potential differences in effects based on market diversity in terms of economic
sector and worker occupation.

Our findings reveal that the average monthly wages in Roraima increased
by approximately 2 percent in the early stages of the crisis. By analyzing the pres-
ence of Venezuelan formal workers by firm’s economic sectors and occupation
type, we found that Brazilian workers involved in economic sectors and occu-
pations that had a presence of Venezuelan immigrants experienced a slightly
lower wage increase than those involved in sectors and occupations without
any Venezuelan presence. We also observed no significant changes in formal
employment displacement of Brazilians but did find evidence of them moving
from high-immigrant occupations to low-immigrant occupations in the post-
treatment years.

Furthermore, using nationally representative survey data, our analysis of
the informal labor market revealed that while Brazilian informal workers did

not experience a significant drop in wages on aggregate, those involved in sec-
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tors with the presence of Venezuelan immigrants experienced a significant wage
drop. We can conclude that immigrants in the informal labor market acted as
complements to the formal labor market, allowing the overall formal wage to
increase and offsetting any substitution effect of foreign workers within formal-
ity.

In summary, our study emphasized the need to consider the various fac-
tors that can influence the impacts of refugees on the labor market. While
our research suggested that refugees can bring benefits, it also highlighted the
potential drawbacks of large-scale immigration in regions with a significant in-
formal economy. Moving forward, policymakers should prioritize policies that
improve the welfare of refugees and promote their active participation in the
economy while also being mindful of the potential negative effects on those
working informally. Future research should further explore the impacts of the
population boom in Roraima, including improving the understanding of the
effects on consumption, health, and public safety outcomes.
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CHAPTER 3

ASSORTATIVE MATCHING
AND THE GENDER WAGE GAP

3.1 Introduction

Human capital has been a crucial component in narrowing wage disparities be-
tween men and women. In the United States and similar developed and emerg-
ing markets, women are more likely than men to hold college degrees (OECD,
2024). However, there is still substantial gap, and several studies attempted to
tackle the issue under different perspectives. Differences in productivity has
been argued by Mulligan and Rubinstein (2008). There is also evidence that
non-monetary factors, such as preferences for flexible hours, play a major role
in generating the gap (Goldin, 2014).

A recent strand of the literature focus primarily on the contribution of
firm-specific pay policies that would be important in creating differences across
genders. Building on a simple rent-sharing model, these papers break down
the wage into two main components: a worker component, solely generated by
human capital levels and other worker characteristics, and a firm component,
arising from firm heterogeneity such as economic activity, market power, and
size. Leveraging from administrative data, Card, Cardoso, and Kline (2016)
(CCK) introduced a Kitagawa-Oaxaca-Blinder (KOB) decomposition (Kita-
gawa, 1955; Oaxaca, 1973; Blinder, 1973) to measure the contribution of firm
effects on the gender wage gap, finding that around a fifth of the gap arises from
firm premiums. Even though analyses based on rent-sharing models are effective
in providing a comprehensive overview of the impact of firm-specific pay pre-
miums on the gender wage gap, these models typically assume that the value of
worker characteristics remains constant across firms and vice-versa. Therefore,

this “additive separability” assumption is restrictive as it constrains the ability to
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capture particular worker-firm interactions due to the rank condition. This pre-
cludes scenarios where comparative advantages® arise from specific worker-firm
matches. These models may fail to account for an important source of wage
variation when different classes of firms perceive similar workers differently, or
when particular matches in the labor market are advantageous to certain work-
ers, which could significantly contribute to explaining gender wage disparities.

In this paper, I provide the first comprehensive analysis of worker-firm in-
teraction effects on the gender wage gap, explicitly accounting for assortative
matching in the labor market. Extending the two-step distributional framework
of Bonhomme, Lamadon, and Manresa (2019), I apply k-means clustering and
a Gaussian mixture model to the log-hourly wage distribution from massive
linked employer-employee data in Brazil. The data provides the universe of for-
mal workers and firms, with a rich set of variables, such as extremely detailed
economic activity and occupation codes, gender, race, education level, firm
location and more.

My innovative approach groups workers and firms into “types” and “classes”
respectively, reducing dimensionality to satisfy the rank condition necessary to
explore worker-firm match effects in the wage structure. The model assumes
that each group represents categories of workers and firms that are comparable
and, when interacted, generate wages by drawing from a Gaussian distribu-
tion where parameters are specific to that match. This methodology allows for
a wage generation process that deviate from the restrictive additive separable
framework, enabling the identification of wage effects that arise solely from
specific worker-firm interactions.

For firms, I employ k-means clustering to group them under similar pay-
ment distributions. To determine the optimal number of clusters, I utilize a
gap statistics analysis (Tibshirani, Walther, and Hastie, 2001), which identifies
the point at which within-cluster variance is minimized. For workers, I model
the probability density function (PDF) of wages within each firm class as a mix-
ture of log-normal distributions. I demonstrate the robustness of my results
across alternative specifications of these combinations. Furthermore, I provide
evidence that estimated clusters can be mapped to observable characteristics,
validating their economic significance. Since the identification of my model
relies on job movers, I test the exogenous mobility assumption by showing job
movement is not related to unobservables.

My model is flexible enough to allow for the identification of differential
firm valuations of workers with similar unobserved characteristics. Through
Monte Carlo simulations, I identify three distinct channels that contribute to
gender wage disparities.

6s

> In this paper I use “compar-
ative advantage” effects and
“complementarity effects”
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© For this paper, I follow
(Becker, 1973) to consider
assortative matching as the
propensity of high quality
firms to match with high
quality workers.

My key contribution is the identification of a “match effect”. This com-
ponent captures the wage effect of specific worker-firm interactions, revealing
complementarities that arise when particular worker types are matched with cer-
tain firm classes. I simulate a labor market with no complementarity, therefore
absent of match effects, and compare it with baseline estimates. While typical
separable models struggle to identify this component, I find that women are
less likely to benefit from positive complementarity effects in wages. Quantita-
tively, in a counterfactual world without complementarities, women’s average
log hourly wages increase by one log point (from 2.10 to 2.11), while men’s de-
crease by three log points (from 2.33 to 2.30). Hence, transitioning from the
observed labor market with complementarities to a simulated market without
reduces the gender wage gap in log hourly wages from 0.24 to 0.20, a decrease
of approximately 17 percent. This result suggests that female workers are more
likely to be found in disadvantageous worker-firm interactions that yield nega-
tive complementarities in wages and even when they are present in interactions
that yield positive complementarities, women tend to benefit less than men.

My results also indicate that the complementarity effect grows with higher
levels of human capital and the complexity of occupations. These contributions
increase with both education and age. Notably, workers in occupations typically
associated with the hospitality industry, such as cleaners and waiters, show no
evidence of complementarity effects. However, for individuals in occupations
requiring STEM degrees, such as engineers and economists, complementarity
contribution becomes positive. For managers, it accounts for as much as one-
third of the gender wage gap.

In the spirit of Card, Cardoso, and Kline (2016), I also explore the overall
contribution of firms to the gender wage gap by assuming the labor market is
under assortative matching® and firms evaluate worker characteristics on top of
offering premiums. To perform this analysis, I hold constant the distribution
of worker clusters across men and women, measuring the counterfactual wage
difference when the distributions of firms and their expected payments vary.
This approach reveals two components, in addition to the match component,
that mirror the established literature: sorting (women’s under-representation
at higher-paying firms) and bargaining (equally productive women receiving
a smaller share of payments). Additive separable models potentially underesti-
mate these effects since they assume the value of worker characteristics is con-
stant across the labor market, thereby imposing a downward bias to the impact
of assortative matching in generating the gender wage gap.

The sorting component, representing the contribution of differences in
firm allocations in the labor market, accounts for approximately 37.5 percent of
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the 24 log point gender wage gap in Brazil. This sorting effect is substantially
larger than estimates obtained from additive separable models, about 9 percent.
The enhanced magnitude stems from my model’s ability to capture heteroge-
neous firm-specific returns to worker characteristics. Specifically, it reveals that
women are disproportionately concentrated in labor market segments where
firms offer lower returns to worker and firm characteristics for all workers, re-
gardless of gender. This component is less relevant for young individuals, but
increases considerably for older and highly educated individuals, reaching about
40 percent to college graduates.

The final component, representing the contribution of differential pay-
ments to similarly productive men and women, accounts for approximately
8.3 percent of the gender wage gap. This “bargaining” effect suggests that even
when women overcome sorting barriers, they still face wage disadvantages within
firms. Collectively, the “match,” “sorting,” and “bargaining” components ex-
plain more than sixty percent of the observed gap, suggesting that understand-
ing assortative matching in the labor market is essential to mitigate wage dispar-
ities.

This paper belongs to the applied literature investigating the channels gen-
erating the gender wage gap. While the gap narrowed in recent decades (Blau
and Kahn, 2008) due to increases in female human capital (Goldin, Katz, and
Kuziemko, 2006; Black, et al., 2008; Ceci, et al., 2014), Goldin (2014) finds that
women’s preference for flexible hours over monetary compensation is a relevant
factor to narrow the remaining gap. Bertrand, Black, et al. (2019) shows that
women are disproportionately underrepresented in jobs with high returns on
human capital investment.

The more recent strand in the literature investigates the contribution of
firms to the gender wage gap. These papers belong to the applied literature
that employs the AKM model (Abowd, Kramarz, and Margolis, 1999; Card,
Schmutte, and Vilhuber, 2023), specifically focusing on firm eftects on the gap.
Generally, these studies use linked employer-employee data in a two-sided sep-
arable model with worker and firm identifiers as “plugin” estimators in a log
wage linear regression. Card, Heining, and Kline (2013) showed wage dispersion
could be largely attributed to these firm components using West Germany data
and Card, Cardoso, and Kline (2016) proposed a KOB decomposition using
Portuguese data, finding that firms contribute around 20 percent to the gender
wage gap 7.

Nevertheless, the AKM-KOB analysis assumes human capital returns for
specific workers are constant across the labor market. Italso requires special data

manipulation to extract a dual connected set of firms through male and female
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8 Some earlier examples of
biased effects are Barth and
Dale-Olsen (2003) using
Norse data and Gruetter
and Lalive (2009) using
French data, where they
found negative covariance
estimates in joint worker-
firm effects.

? Studies that explore high
paying firms and top earners
are, for example, Bertrand,
Goldin, and Katz (2010) and
Bertrand, Black, et al. (2019),
demonstrating the existence
of a “glass ceiling” eftect.

workers changing jobs (Abowd, Creecy, and Kramarz, 2002; Card, Cardoso,
and Kline, 2016). I show in my supplementary material that this data restriction
may not be innocuous, since the trimming procedure may disproportionately
preserve larger firms, which typically exhibit higher wage dispersion. Moreover,
wage variance analysis in AKM can be biased by underestimating the role of
worker-firm interactions®. It was first assumed to be an economic phenomenon;
however, Andrews, et al. (2008) showed that this was, in fact, an econometric
issue related to small sample bias. The proposed straightforward correction to
this “limited mobility bias” can be computationally prohibitive (Gaure, 2014;
Azkarate-Askasua and Zerecero, 2023). Kline, Saggio, and Selvsten (2020) in-
troduced a Leave-One-Out methodology to fix it.

My paper goes in line with alternative approaches that moves away from
AKM’s additive separable assumption to avoid biased results and capture match
effects. Woodcock (2008) proposed a random effects approach to satisfy the
rank condition. More recently, Bonhomme, Lamadon, and Manresa (2019)
(BLM) proposed a novel approach that involves clustering both firms and work-
ers into broader categories. This method offers two key advantages. First, re-
ducing the worker firm dimensions is computationally tractable and allows for
turther exploration of worker-firm match effects. Second, its non-separable
nature gives a unique opportunity to observe how firms valuate workers difter-
ently under similar circumstances but differing only by gender. Bonhomme,
Holzheu, et al. (2023) demonstrated that random effect models such as the
BLM are particularly effective in circumventing the AKM limitations, even in
short time panels.

I contribute to the literature in many ways. First, to my knowledge, this
study is the first to implement the methodology of Bonhomme, Lamadon, and
Manresa (2019) in the context of analyzing wage disparities between two groups.
Secondly, I empirically show that separable models underestimate the role of
firms in generating the gap. More importantly, I find that some interactions in
the labor market exhibit comparative advantage effects, generating wage levels
that substantially exceed predictions from the traditional models, but with less
intensity when these interactions occur with female workers. These matches
contribute significantly to wage disparities but are often smoothed out under
the separability assumption. Additionally, I find these interactions exist par-
ticularly in high-paying, larger firms and they are particularly strong in highly
educated workers®.

My findings have meaningful policy implications. They show that closing
the gender wage gap requires improving pay practices in key roles where highly
skilled women are employed, particularly in leadership positions. Equally im-
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portant are efforts to break down barriers in the labor market that push women
into lower-paying firms. These firms not only offer smaller wage premiums
but also limit the returns on women’s skills and education, deepening income
inequality over time.

The remainder of the paper is organized as follows: Section 3.2 provides
an explanation of what is a complementarity effect and why additive separable
models cannot capture it under typical settings. Section 3.3 provides an overview
of the Brazilian data used in this study. Section 3.4 explains the BLM clustering
method in two-steps. In Section 3.5, I provide the clustering results. In Section
3.6, I construct the Monte Carlo simulation counterfactuals. I conclude the
paper in Section 3.7.

3.2 Additive Separable Models and Complemen-
tarity

Researchers are often interested in identifying the returns to unobserved het-
erogeneity of both workers and firms in labor markets, particularly when ad-
ministrative data with social identifiers are available. In many empirical studies,
these social identifiers are utilized as “plug-in estimators,” commonly modeled
as fixed effects in a linear equation where the outcome is the wage in logs.

For instance, consider a labor market consisting of N workers and J firms,
where workers and firms interact over 7" periods. Under the assumption of
additive separability, the log wage w of worker ¢ at time ¢, net time varying

effects, can be modeled as:

log wy; = a; + ¢@j+ey (3.1)
s.t. j = J(i,1) (3.2)

where «; represents the fixed effect associated with worker ¢ (capturing un-
observed worker-specific characteristics such as skills or human capital), and ¢;
denotes the firm-specific premium associated with firm j (the wage component
determined by firm characteristics, independent of worker-specific attributes).
The error term € captures idiosyncratic shocks. Firm assignment is indicated
by the function J (i, t), which tracks the firm employing worker i at time ¢.

In this framework, the additive separable model assumes constant returns
for both workers and firms. That is, the firm-specific premium ¢, is unaffected
by the characteristics of the worker employed by the firm, and vice versa. This
implies that reshuffling workers across firms does not alter the firm component
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of wages. Such an assumption is particularly strong and potentially unreal-
istic in labor markets where comparative advantage is thought to play a role
in worker-firm interactions (Shimer and Smith, 2000; Eeckhout and Kircher,
2018).

To allow for complementarity between workers and firms, one could extend
the model to include interaction effects. Specifically, the wage equation can be
rewritten as:

IOg Wi = Q; + (bj + Mij + €i (33)
st.j = J(i,t) (3-4)

where M;; represents the interaction effect between worker ¢ and firm j.
This term captures the potential complementarity effect that only arises when
worker 7 is employed at firm j. It reflects the idea that certain worker-firm pair-
ings generate higher (or lower) wages than what would be predicted based solely
on the worker’s fixed effect o; and the firm’s premium ¢;. However, estimating
this interaction term in practice is infeasible due to the large dimensionality of
the model. The matrix M;; would have NV x J terms, which quickly becomes
computationally intractable given that linked employer-employee data typically
contain millions of workers and thousands of firms.

Moreover, these models are prone to bias in settings with short panel datasets,
where estimating the worker and firm fixed effects becomes difficult. Build-
ing on the approach of Bonhomme, Lamadon, and Manresa, 2019, I employ a
methodology that reduces the dimensionality of workers and firms by cluster-
ing them into latent groups. This allows for the estimation of complementar-
ity effects while avoiding the rank deficiency problem inherent in models with
such high-dimensional interactions. Specifically, workers and firms are grouped
based on their interactions in the labor market. I assume each worker-firm in-
teraction draws wages from log-normal distributions, meaning I can relax the
linear assumption and the additive separability.

The wage generation function now can be expressed as:

logw; = f(aru) | drej)) (35)

where L(7) denotes the assignment function of worker ’s type, and K (3, j)
denotes the assignment function of firm j’s class. f(or) | #x(.j)) denotesa
probabilistic function that draws wages from a log-normal distribution that is
specific related to the match of worker type [ and firm class k. Since wages are
assumed to be derived specifically from worker-firm interactions, some matches
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are allowed to yield comparative (dis)advantage effects on wages, given that
returns to firm and worker characteristics, under this model, are not necessarily
constant across the labor market.

Therefore, recovering these latent types can be done by exploring the surface
of observed wages. The idea behind the model is to recover Gaussian distribu-
tions that are “combined” in the full distribution, derived from all the matches
occurring from the labor market. Thus the Gaussian mixture model applica-
tion.

A key assumption for this model is the exogenous mobility assumption,
meaning job mobility depend on the type of the worker and the classes of the
firms, butnotdirectly on earnings. I discuss the exogenous mobility assumption
in my model in Section ??.

In the context of wage differences due to gender, my approach is to estimate
the Gaussian mixture parameters in a pooled dataset, meaning the model does
not observe gender at first. The reasoning is to facilitate the comparability of
individuals under the same umbrella of unobserved heterogeneity. I discuss
further the model in Section 3.4.

3.3 Data

In this section, I provide an overview of the Brazilian administrative data used
for the study and the preparatory cleaning for the analysis, followed by a de-
scriptive statistics of the cleaned sample.

3.3.1 Data Overview and Institutional Background

I use the Relagdo Anual de Informagoes Sociais (RAIS), an extensive linked
employer-employee dataset (LEED) from Brazil spanning from 2010 to 2017.
RIS is mandated and maintained by the Brazilian Ministry of Labor and Em-
ployment, serving as a source for the administration of tax and social programs.
The dataset offers an universal representation of the formal labor market in
Brazil and is characterized by its richness in variables.

A key advantage of using the RALS dataset for this analysis is the relative
homogeneity of job-related amenities across firms due to Brazil’s robust labor
regulations. The Brazilian labor laws, known as the Labor Laws Consolidation
(Consolidagdo das Leis do Trabalbho (CLT), in Portuguese), mandates a broad
range of standardized benefits and protections for all formal workers, regardless
of industry or firm size. This regulatory framework significantly reduces vari-

ation in non-wage compensation, allowing the analysis to focus more cleanly
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' Roughly translated as
Severance Indemnity Fund
for Length of Service

on wage differentials without the confounding effects of divergent job-related
amenities.

For example, Brazilian law requires all formal employees to receive the 13th
salary, which is essentially a mandatory annual bonus equivalent to one month’s
wage, usually paid during Christmas time. Additionally, firms are obligated to
provide meal vouchers or food stipends, as well as transportation subsidies for
commuting. These benefits are non-negotiable and standardized across the for-
mal labor market. Moreover, formal workers are entitled to thirty days of paid
vacation, overtime pay, and severance protections via the Fundo de Garantia por
Tempo de Servigo™ (FGTS), which further ensures that variations in non-wage
job characteristics can be minimized.

In Brazil, maternity leave is a legally guaranteed right under the CLT. Fe-
male employees are entitled to 120 days of paid maternity leave, funded by the
Brazilian Social Security system. In some cases, companies can extend this leave
to 180 days through the Empresa Cidada program, which offers tax incentives
to employers. During maternity leave, the employee’s job is protected, and she
is guaranteed to return to her position or a similar one without loss of salary or
benefits. Additionally, Brazilian law prohibits the dismissal of pregnant workers
from the moment pregnancy is confirmed until five months after childbirth,
with some exceptions under fair cause.

This regulatory uniformity is particularly beneficial for my analysis, as it
mitigates concerns that differences in firm payment patterns are due to job
amenities that could ultimately explain wage differentials between male and
female workers. In contrast, in countries where non-wage compensation varies
significantly across firms or sectors, disentangling wage difterences from benefit-
driven compensation can complicate the analysis of wage gaps.

In my study I focus on Sdo Paulo state, which represents the most eco-
nomically dynamic region in Brazil, making sure my results are not driven by
geographical heterogeneity. For example, a male worker in manufacturing and a
female worker in retail, though in distinct sectors, would both receive a standard-
ized package of legal protections and benefits coming not only from federal law,
but also from local state law, ensuring that wage comparisons are not distorted
by differences in state policies.

Regarding gender dynamics in Sio Paulo’s labor market, it is important to
note that, similar to other countries analyzed in the literature, approximately
more than 5o percent of the Brazilian women there participate in the labor force,
with 71 percent of these women employed full-time. This proportion rises to
90 percent when considering only those employed in the private sector. Fur-
thermore, the gender wage gap in Brazil mirrors those observed in more devel-
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oped economies, offering additional comparative insights. In 2016, the median
earnings gap between male and female full-time workers was approximately
14.3 percent in Brazil, closely aligned with the average of 13.4 percent observed
across OECD countries, and slightly better than the 18.1 percent reported for
the United States (OECD, 2024).

3.3.2 Data Preparation

The R AIS database records each formal employment contractas a separate entry,
meaning that for any given year, a worker with multiple contracts, whether with
the same employer or different firms, will appear multiple times. To address
this, and following the methodologies of Gerard, et al. (2021) and Lavetti and
Schmutte (2023), I refine the dataset by retaining only the longest-duration and
highest-paid contract for each individual per year. This adjustment shifts the
data from a contract-year structure to an individual-year framework, ensuring
that the analysis focuses on each worker’s primary employment.

To align with a long-run perspective, the sample is further restricted to a
quasi-full-time workers, defined as those working a minimum of 30 hours per
week, and limited exclusively to the private sector. I allow this flexibility to cap-
ture a certain degree of non-monetary preference particularly found in female
cohorts (Goldin, 2014). This exclusion criteria eliminates part-time employees,
public sector workers, and the self-employed from the analysis, thereby focusing

on a more homogeneous labor market.

Biennial Grouping and Panel Balancing

The organization of the data for my analysis involves grouping the dataset into
jumping biennials. Specifically, the years 2010 and 2012 are paired, 2011 and
2013, and so forth. This method skips intermediate years to avoid transitional
anomalies that may occur in short periods, such as firm mergers or changes
in identifiers. This “jumping” approach closely mirrors the sample selection
method employed by Bonhomme, Lamadon, and Manresa (2019).

In my analysis, it comprises of six sets of balanced panel data spanning from
2010 and 2012 to 2015 and 2017. Each biennial set is balanced and analyzed to
estimate worker and firm clusters, with final estimates related to wages presented
as a weighted average of these samples. This “rolling” approach has been used to
some extent in Card, Cardoso, and Kline (2016) and Lachowska, et al. (2023).

Each biennial panel is balanced, ensuring that the same set of workers and
firms are observed consistently within each two-periods. In addition, firms

with pronounced gender preferences are excluded from the analysis. Only firms
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exhibiting a gender ratio of 1 to 4 are included, which helps mitigating any
potential bias that could arise from firm gender imbalance.

3.3.3 Summary Statistics

Table 3.1 reports descriptive statistics by gender cohorts for the aggregated cleaned
data, representing the first year of each biennial sample. Columns (1) and (2)
represent the statistics for female and male workers, respectively.

The datasetencompasses a total of 346,617 unique firms. Of these, a substan-
tial portion is relatively large; approximately 204,994 firms employ 10 or more
workers, and 58,866 firms have at least so workers. The average firm size across
the sample is 57 employees, but the median firm size is considerably smaller, at
13 employees, indicating a skewed distribution.

Gender related educational attainment confirms that women are generally
more educated than their male counterparts. The data show a higher preva-
lence of men without high school diplomas, while women are more likely to
have completed high school or pursued some college education. As stated pre-
viously, this educational dynamic is consistent with recent trends observed in
both developed and developing nations, such as the United States and other
OECD countries.

Approximately 40 percent of the female sample is under 30 years old, with
another so percent aged between 31 and so. In contrast, 37 percent of the male
sample is under 30, with 49 percent in the 31 to 5o age bracket. Moreover, men
are slightly more represented in the over-so cohort, constituting 12 percent com-
pared to 8 percent of women. Hence, the average experience in the labor market
is 4.6 years for males and 4.0 years for females.

Industry distribution varies significantly between genders. Men dominate
in sectors such as manufacturing, agriculture, and trade, whereas women are
predominantly engaged in services, an umbrella term that includes sectors such
as healthcare, education, hospitality, and financial services.

The occupational distribution also highlights a notable gender sorting: women
are almost twice as likely as men to hold administrative positions, representing
34 percent of women compared to 18 almost of men. Men are more frequently
employed in manual labor-intensive roles such as in agricultural settings and
factories.

Despite these occupational disparities and the educational advantages ob-
served for women, the unweighted gender wage gap remains substantial at ap-
proximately 23 log-points. This gap persists even though women are, for in-
stance, equally likely as men to occupy scientific roles, which typically require

higher educational qualifications.
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Note: 'Descriptive statistics calculated from the first year of each biennial sample (2010-
2015). * Percentages may not sum to 100% due to rounding. >*The number of firms is
the same for both genders since every firm in the cleaned sample employs both male
and female workers.

Female Workers Male Workers

Features (1) (2)
Firm Characteristics
Number of Firms 346 617 346 617
Firms with > 10 Workers 204 994 204 994
Firms with > so Workers 58 866 58 866
Mean Firm Size 57 57
Median Firm Size 13 3
Worker Characteristics
Education (%)
Dropout 22 28
High School Graduates 48 45
Some College 30 27
Age (%)
<30 40 37
31-50 50 49
> 51 10 14
Sector of Employment (%)
Primary 2 2
Manufacturing 19 26
Construction I 2
Trade 24 25
Services 54 45
Occupation (%)
Scientific and Liberal Arts ot 11
Technicians )¢ 11
Administrative 34 18
Managers 5 7
Traders 25 22
Rural I 2
Factory 13 29
Labor Market Outcomes
Mean Tenure (years) 4.04 4.63
Mean Log-Wage 2.06 2.29
Variance of Log-Wage 0.52 0.65
Worker-Year Observations 9503233 10283471
Unique Number of Workers 3497651 3725990
Gender Fraction (%) 48 52
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3.3.4 Extended Mincer Equation

As a first step to analyze the gender wage gap, I provide a classical Kitagawa-
Oaxaca-Blinder (Kitagawa, 1955; Oaxaca, 1973; Blinder, 1973) decomposition of
an extended Mincer equation and an AKM equation, assuming the gap is a
mean difference of female and male wages. A “Mincer wage function” can be

specified as:

Wi = ﬁo+51Ageit+52Age?t+/6’3Educationit+B4Occupationit+55Activityz.t+5it
(3.6)

where wj; is the natural logarithm of hourly wages for individual  in time period
t, regressed on the worker’s age and their squared age, their education level,
the firm’s industry, the worker’s occupation, and a idiosyncratic error term.
For the Oaxaca decomposition, I run this regression for the male and female
observations separately, for each biennial sample.

Assume the matrix of explanatory observables can be expressed as X 9, where
g represents the gender sample used in the regression. Also assume f3 is the vec-
tor of estimates. The KOB decomposition can be expressed as:

0" — ! = (X" - %) B+ X7 (- ) (37)
Ex})Tgned Une;pLined

where (X,,, — Xy) (3 represents the “explained” component of the decompo-
sition. In simpler terms, this term represents a counterfactual scenario where
men and women possess the same returns to covariates, however, they differ in
these covariates’ distribution. The unexplained component, on the other hand,
captures differences in the returns to these characteristics. This is expressed as
X ¥ (Bm — B f> , where the difference in coefficients (Bm — B +) measures a sce-
nario where men and women have the same observable characteristics, however,
the market values differently each gender. The unexplained portion is often in-
terpreted as the part of the wage gap that cannot be accounted for by observable
factors alone, potentially indicating discrimination or other structural labor
market imbalances.

Table 3.2 presents the overall log hourly wage gap in means, the explained,
and the unexplained portion of the gender wage gap across the six biennial sam-
ples, along with the number of observations for each sample. The overall wage
gap remains consistent at 24 log-points for the first three samples. However, the
gap slightly decreases in the subsequent samples, with the smallest gap observed

in 2015-2017 at 22 log-points.
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Table 3.2: Extended Mincer Equation KOB Decomposition For Each Biennial Sample

Sample Overall Gap Explained Gap Unexplained Gap N
2010—2012 -0.244 -0.0651 -0.179 5946 240
2011-2.013 -0.244 -0.0637 -0.180 6145676
2012—2014 -0.244 -0.0642 -0.180 6534 444
2013—2015 -0.241 -0.0621 -0.179 6 787446
2014-2016 -0.230 -0.0571 -0.173 7086 062
2015—2017 -0.221 -0.0542 -0.167 7073540
Weighted Avg® -0.237 -0.0611 -0.176 39573408

Note: *Weighted average calculated using sample sizes as weights and the gap as female —
male. ® Total number of observations across all samples. 'Extended Mincer equation defined
aslog(y;) = Bo+ P1Age, + ,BgAge? + B3Education; + 84Occupation, + 35 Activity, +&;.
*Explained gap represents differences in distribution of characteristics. Unexplained gap
represents differences in estimated returns to characteristics.

In this setting, the explained portion of the Oaxaca decomposition accounts
for approximately 6.11 log-points, or roughly one-quarter of the total gender
wage gap. This indicates that observable factors, such as the allocation of work-
ers across different occupations or sectors, explain about 25 percent of the wage
differential in an additively separable labor market.

In Section 3.6, I extend the analysis by introducing firm identifiers as fixed
effects under an AKM framework following Card, Cardoso, and Kline (2016).
Under this specification, firm effects explain about 9 percent of the gender wage
gap.

The issue with separable models is the assumption that these components
should not vary depending on the association happening. Under AKM, these
firm effects will occur in any worker reshuffling instance of the labor market.

In the next sections, I propose the distributional framework of Bonhomme,
Lamadon, and Manresa (2019) to capture particular interactions in the labor

market that does not necessarily follow an additive separable assumption.

3.4 Empirical Framework: The BLM Model

Estimating the Gaussian mixture requires two main parts. Following Bon-
homme, Lamadon, and Manresa (2019), I assume cluster membership of firms
is exogenous to the model, allowing their estimation by employing straightfor-
ward clustering methods from features observed from the data. Still following
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BLM, I choose to cluster firms based on their wage cumulative distribution
function using k-means clustering (MacQueen, 1967).

In the second part, I take the estimated firm clusters, called “firm classes”,
to assume that they are Gaussian mixtures of latent worker types in log wages.
In the spirit of AKM settings, I leverage individuals changing jobs to identify
the Gaussian parameters.

Finally, I use a maximum a posteriors estimation to find the most likely
worker type for each worker observation. After the classification, I split the

data into male and female cohorts.

3.4.X Recovering Firm Classes

The first objective is to recover firm clusters, or “firm classes”, which are initially

unobserved in the data. The approach relies on two key assumptions. First, the

mapping of firms to clusters is exogenous to labor market dynamics.
Formally, let £(j) denote cluster assignment of firm j. The exogeneity as-

sumption can be expressed as:

P(E(G)IX) = P(k())) (3-8)

where X represents labor market conditions and worker characteristics. In
plain language, this condition ensures that the probability of a firm belonging
to a firm class is unconditional to these labor market features, which allows a
direct estimation of firm classes using the clustering method.

Secondly, the wage distribution in the data follows a log-normal shape for
workers, conditional on these firm clusters. Consequently, each firm class rep-
resents a Gaussian mixture of log-wages. Within these mixtures, each com-
ponent corresponds to a log-normal distribution arising from the unobserved
heterogeneity of worker groups, which is termed “worker types” in this study,
following BLM’s terminology.

Formally, the assumption states that for a firm j in class £, the log-wage
distribution, for a given time period, can be expressed as:

L
fr(wi) = ]1{]%(2) =k} ZQk(L(i))N(ekl) (3.9)
=1
where, fj,(log(w;)) is the log hourly wage mixture of firm class k£, when observ-
ing worker 7. With some abuse of notation, L denotes the number of worker
types, qx(L (7)) represents the proportion of workers of type L(i) in class ,
and \V (0y;) is the Gaussian probability density function for type [ workers in
class k, with 8 representing the parameters of this distribution. The indicator
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function {k(i) = k} ensures that we consider only the wage distributions of
workers assigned to the specific firm class &.

My approach leverages firm clustering to address the dimensionality chal-
lenge inherent in firm heterogeneity analyses. By aggregating individual firms
into a more manageable set of “firm classes”, I circumvent the need to restrict
the dataset to a set of connected firms through workers. However, the iden-
tification strategy of this methodology still relies on job movements. It shifts,
however, the focus from tracking movements between individual firms to ob-
serving transitions across firm classes. Therefore, while this mixture model still
fundamentally relies on job mobility, it does so at a more aggregated level. In
the supplementary material, I perform a clustered AKM regression to show
that on average, the residual change in wages for these movers is close to zero,
suggesting the movement pattern is not related to the labor market structure
itself.

A crucial assumption of this approach is that each worker type, to be esti-
mated in the second step, exhibits a unique pattern in their “cycling” through
firm classes as they navigate job changes. These transitional pathways must be
sufficiently distinct to allow for clear identification of worker type parameters
(Bonhomme, Lamadon, and Manresa, 2019). The robustness of this assump-
tion in my context is based on the substantial number of observations in the
dataset, which provides the statistical power necessary to discern these distinct
mobility patterns between worker types and firm classes.

The k-means algorithm aims to group firms with similar payment schedules.
Formally:

arg min z;nj /(F](w) — Hk(j)(w))Qdu(w) (3.10)

k(1) k(). Haseo Hie 5

where Fj represents the empirical CDF of the log-weekly wages w of firm j, it
is a discrete measurement, supported by a finite grid of ventiles from the popu-
lation. K, the number of firm classes, is known, while the array k(1), ..., k(J)
represents the partitioning for each firm. Hj, represents cluster k£’s CDF. Fi-
nally, n; is the firm’s corresponding workforce size. I perform 1000 repetitions
to ensure a global minimum distance estimation.

In simple terms, this procedure minimizes the distance between firms and
unobserved classes using as measurements each firm’s empirical CDF generated
from the ventiles of the observed population log hourly wage distribution. It
imposes a weighting parameter to ensure different minimization process for
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larger firms. For each biennial sample, I assume that the firm class classification
is time-invariant.

I choose K = 10 as the baseline number of groups since it minimizes
the wage variance within each group. I follow Bonhomme and Manresa (2015)
and Bonhomme, Lamadon, and Manresa (2019), where the estimation of firm
classes does not affect parameter estimation in the Gaussian mixture step. Nev-
ertheless, in the Appendix , I provide a comprehensive cluster choice analysis
using gap statistics to find optimal K-Means clustering estimation. I also pro-

vide alternative cluster settings as robustness checks in the discussion section.

3.4.2 Gaussian Mixture Estimation

I assume that observed wages follow a mixture of log-normal distributions,
where every “latent” probability distribution represents an interaction of a la-
tent worker “type” with the respective firm class. This approach enables me
to reduce the high-dimensional unobserved heterogeneity among individual
workers into a manageable set of Gaussian distributions.

I estimate the parameters with the pooled dataset, not observing gender at
first. By not accounting for gender at the outset, I ensure that male and female
workers assigned to the same distribution are as similar as possible in terms of
unobserved characteristics. The idea is that the algorithm will approximate
individuals with sufficiently similar unobserved characteristics that spawn the
same distribution of wages, regardless of gender. It allows for a more precise
comparison of how these latent worker types interact with firm classes without
biasing the results by preemptively imposing gender differences.

This approach allows for a more flexible examination of the wage structure
assumption in the labor market. By constructing and comparing expected pay-
ment levels for each worker type and firm class interaction, I can empirically
assess at which extent the additive separability assumption hold, and capture
interactions in the market that deviates from this condition. Finally, I can disag-
gregate these payment levels by gender to measure the differential complemen-
tarity effects on wages, providing insights into how worker-firm interactions
contribute to gender wage disparities, especially at matches where the separable
form is not observed.

Recovering Worker Types

To identify latent worker types, I posit that the wage distribution for each type
depends on their associated firm class and follows a log-normal distribution.

This approach incorporates potential complementarities characteristic of spe-
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cific worker-firm matches. I first, estimate the densities for job movers, and
subsequently, I estimate the proportions of stayers using the job mover distri-
butions from the initial period.

I formulate this as a maximum likelihood problem, closely following Bon-

homme, Lamadon, and Manresa (2019):
Nn K K

Op.01,02 51 =1 =1

(3.11)

where IV,,, denotes the number of job movers, K the number of firm classes,
and L the number of worker types (set to 10 for interpretability). The indicator
functions 1{k;; = k}and 1{k;» = k'} capture the transition of worker 7 from
firm class & to k' between periods 1 and 2. py (; 6,,) represents the proportion
of type | workers moving from class k to class &/, while f}; and f7, are log-
normal wage distributions for type [ workers in classes k£ and £’ in periods 1 and
2, respectively.

Therefore, Equation 3.11 captures the parameters of the conditional distri-
butions of the worker types leveraging the job movers.

For job stayers, I estimate:

arg maxz Z 1{kil = k} log (Z qi(1; 0,) f (wir; 91)> (3.12)

Oq i=1 k=1

where Nj is the number of stayers, and g ({; 8,) is the proportion of type
stayers in class k. I leverage the first year parameters for job movers. I employ
the Expectation-Maximization (EM) algorithm with so repetitions to estimate
these parameters.

To recover the most likely worker type for each observation, I utilize the
Maximum A Posteriori (MAP) estimation. Formally, for a worker ¢ in firm
class k& with wage w;, the probability of belonging to type [ is given by:

i (1;0q) fra (wi; 0)

P(l|lw, k) = - - (3.3)
Sy @kl 0) fr (wis 6)
The worker type is then assigned as:
l; = argmax P(I|w;, k) (3.14)
!
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" For a full descriptive
statistics of firm classes, see
Table C.5.2and C.5.3

3.5 Estimated Parameters

In this section, I present the estimated parameters for the mixtures, beginning
with firm class estimates, followed by the mixture proportions, and concluding
with a detailed analysis of the estimated moments disaggregated by gender.

3.5.0 Cluster eCDFs

The effectiveness of the algorithm in segregating firms into distinct clusters is
evaluated by visualizing the empirical cumulative distribution function of the
generated clusters. They are illustrated in Figure 3.1a.

As depicted, the algorithm managed to delineate mostly clear firm classes,
grouping firms with similar pay policy, evidenced by the “clear cuts” of each
cluster’s CDFs, with the exception being firm class 4.

Figure 3.1b provides the moments of theirlog hourly wage distribution, with
the means as the bars and the first standard deviation as the error-bars. For each
estimated cluster, not only expected payment increase but also their dispersion
when going upward in the firm class ranking. For example, the lowest firm class
pays, on average, 1.45 in log hourly wages, with a variance of 0.09, while the
highest pays 3.67 with 0.47 in variance.

Figure 3.1c reveals the gender wage gap in means (expressed as E[w,| k] —
E[w}}|k]) as the line plot (the right y axis), and the average size per firm as the
bar plot (the left y axis). The expected gender wage gap in means has a tendency
to increase when going up in firm class ranking. The lowest paying firms are the
most equitable firms in the labor market, with the lowest difference between
genders at 11 log-points. The plot also reveals highest-paying firms, which tend
to be larger firms", exhibiting the largest gender wage disparities, reaching 25 log
points. This finding is not entirely unexpected given the substantial variance in
wages within firm class 9 or 10. This pattern suggests potential overestimation
of the magnitude of firm effects contribution to the gender gap under additive
separable models. This overestimation likely stems from the necessary practice
of focusing on large firms to ensure sufficient worker mobility within a con-
nected set, while addressing the “double-coincidence” problem of observing
both male and female job transitions. However, this approach inadvertently
oversamples precisely those firms where gender wage disparities are most pro-

nounced, potentially skewing overall estimates of firm effects on the wage gap.
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Figure 3.1: (a) Firm Class ECDFs, (b) Firm Class Mean and Variance, and (c) Firm
Class Size and Gender Wage Gap Statistics

Note: 'Firm classes estimated by a k-means clustering algorithm using as measurement their
empirical cumulative distribution function supported by the ventiles of the population. *The
Gender wage gap in means (line in Panel C) is calculated as the female minus male: E[wlf75 |k] —

E[wg |k].

3.5.2 Assortative Matching of Estimated Parameters

Figure 3.2 displays the unconditional distribution of workers across firm classes
(top row) and worker types (bottom row) for each gender. Both male and fe-
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male workers exhibit a concentration of employment in firm class 6, but the
proportion is slightly higher for men, with 15 percent of the male workforce in
this class compared to 13 percent for women. Additionally, the distribution for
men shows a more noticeable skew towards higher-productivity firms. Specif-
ically, 17 percent of men are employed in the top two firm classes (9 and 10),
whereas about 14 percent of women are employed in these high-productivity
firms. This suggests that men are more likely to be employed in firms that ofter
higher wage premiums, which may contribute to the observed gender wage gap
through the sorting channel.

The differences in distribution become more pronounced when examin-
ing worker types. The female distribution is heavily skewed to the left, with
nearly 24 percent of women concentrated in worker type 3 versus 17 percent
among male workers. In contrast, the male distribution is more evenly spread
across worker types, exhibiting a more balanced, albeit still slightly left-skewed,
pattern.

In this paper, worker types represent comparable unobserved heterogeneity.
Meaning female and male type 3 are individuals where their wages are likely
drawn from the same set of Gaussian distributions. The firm class distribu-
tion has a more straightforward interpretation, as the proportion of firms with
similar payment policies, mirroring patterns of productivity and industry.

When I discuss the gender wage gap decomposition, T hold the distribution
of worker types constant since channels of worker type heterogeneity may arise
from a multitude of mechanisms in the labor market, such as non-monetary
preferences or human capital levels.

Figure 3.3 displays firm classes along the horizontal axis against the stacked
conditional proportions of corresponding worker types, separately for female
and male workers. These proportions are recovered by grouping types for each
male and female sample conditional on each firm class after the maximum a
priore classification.

Worker types and firm classes are numbered according to expected payment.
Therefore, type 10 represents on average the highest paid worker in the data, a
proxy for individuals that overall possess high human capital value. The visual
representation clearly illustrates an assortative matching pattern, revealing that
higher-paying firms predominantly employ higher types of workers for both
genders. However, there are notable differences between male and female sort-
ing patterns.

For female workers, there is a strong concentration of lower-type workers in
lower-class firms. For instance, in firm class 1, 29 and 23 percent of the workforce

comprise of type 1 and type 2 workers, with another 36 percent being type 3 and
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4 together. Moving to higher firm classes, this composition shifts dramatically:
in class 10, less than 5 percent are type 1 workers, while 15 and 26 percent belongs
to type 10 and 9 workers.

On the other hand, male workers shows a slightly different trend. Type 1
and 2 workers comprise together 44 percent of firm class 1 workforce, slightly
less concentrated than for females. In the highest firm class, while also present-
ing negligible proportions of the lowest type, st percent of the workforce is
comprised of type 10 and 9 workers.

Therefore, while assortative matching is evident for both genders, the pat-
terns reveal some disparity in how men and women with sufficiently similar
unobserved heterogeneity are sorted across firm classes. Women appear to face
some friction in ascending the firm classification hierarchy, resulting in a more
pronounced concentration in lower-tier firms even when their latent produc-
tivity (as captured by worker types) is comparable to that of their male counter-
parts.

Theil Index

To quantitatively assess whether the male distribution in the labor market is
slightly more symmetrical compared to the female, I perform a Theil Index cal-
culation to measure the inequality, where the metric is the number of workers
per match. I'separate the firm classes into low and high classes, where low com-
prises of firm class 1 to firm class 5, while high comprises of firm class 6 to firm
class 10.

The simple Theil Index formula is:

M
1 &N, (N
T=—3 g " .
M 2N, (Nm) (.5)

where m is each match in the labor market, M the total number of matches, in
this case, 100. N,,, is the total number of workers for each match, while IV,,, is
the average number of workers per match in the labor market.

The Theil index for the male distribution is 0.43. For the female distribution
is 0.48, slightly larger, suggesting that the female distribution of workers in the
labor market is more sorted towards the left, concentrated in overall less paying

matches.

3.5.3 Payment Schedules

The BLM method not only demonstrates the flexibility to capture assortative
matching but also enables researchers to discern the underlying wage structure
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Figure 3.2: Worker Type and Firm Class Unconditional Probabilities per Gender

Note: ' Firm class estimated using k-means clustering of the cumulative distribution
function of payments. Worker types estimated using a Gaussian mixture model where
I assume each latent worker type interact with firm classes by drawing wages from a
log-normal distribution.
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Figure 3.3: Proportion of Estimated Worker Types and Firm Classes
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Note: 'Proportions of worker types recovered using a finite Gaussian mixture of log
hourly wages conditional on observed firm classes. Firm classes recovered using k-means
clustering algorithm on firm’s log hourly wage’s CDFs. *Worker type membership
assigned using a maximum a priori estimation. >Types and classes ordering based on
expected log hourly hours.
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' Figure 3.3 reveals that
“extreme complementarity”
matches are approximately s
percent of the total.

arising from firm-worker interactions by assessing whether certain compensa-
tion patterns result in wage levels that surpass predictions from additive separa-
ble models.

Figure 3.4 presents the payment schedules by firm class and worker type.
Panel (a) represents estimated average payments directly under the Gaussian
mixture model. Panel (b), on the other hand, is a counterfactual scenario where
worker and firms do not yield complementary wage effects in their interactions.
I construct this counterfactual by performing an “AKM” two-way fixed effect

model such as:

Wit = 05%(1-) + %U?((i,t) + Eit (3.16)

where w;; is the log hourly wage of worker 7 in time period ¢, v, ;) is the fixed
effect of worker 4’s type [, represented under the assignment function L(¢) = ,
w%(h  is the fixed effect of firm class £, also represented under an assignment
function K (i,t). € is the idiosyncratic error term. To make sure I preserve
gender disparities, I regress twice for each gender sample.

Iintroduce a weighting parameter to mitigate the influence of extreme val-
ues on my estimation. It leverages the fact that common interactions in the
labor market tend to possess small complementarity effects™. Consequently,

the objective function for this minimization problem can be expressed as:

min Z Nt () (Wit — O‘%(i) + @/)i/{(i’t))? (3.17)
it
where n/(x,1) represents firm class k& and worker type [ match’s proportion of
the number of workers.

Each panel in Figure 3.4 shows each line representing an expected payment
“path” of each worker type when hired by a particular firm class.

The Gaussian mixture model is able to capture different wage levels that do
not necessarily follow a linear trend, as shown in Figure 3.4a.Top firm classes
tend to offer substantially higher wage levels to individuals, with particularly
pronounced effects for workers in the lower to middle range of the skill distri-
bution. High-earning individuals exhibit remarkable wage stability across firm
classes, maintaining their elevated earnings even when matched with low firm
classes, with a slight decrease. There is also severe wage compression at the left
tail of the distribution. In particular, “worker type 8” experiences severe wage
compression if matched with extreme low firm classes such as 1 or 2.

When worker-firm interactions are assumed to be “additive separable”, par-
ticular interactions are smoothed out as shown by Figure 3.4b, the lines become
parallel, which is the quintessential feature of the additive separability assump-

88



tion: workers and firms contribute to the wage generation function by adding
their respective “values”. That means worker type 10, for example, if transferred
from firm class 10 to 1, should not lose the part of their wage that belongs purely

to their components.
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(a) Gaussian Mixture Estimated Wages per Match
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(b) Additive Separable Prediction of Wages per Match

Figure 3.4: Payment Schedules of worker-firm interactions under Gaussian mixture
estimates and predicted linear model.

Note: Panel (a) generated by using estimated means and variances of each Gaussian
component of the mixture. Panel (b) generated by running a two-way fixed effect esti-
mation with firm classes and worker types as fixed effects, weighted by the number of

workers per each match.
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Figure 3.5: Pay Schedules by Gender, Firm Class, and Worker Type

Note: 'Each panel represents a worker type payment schedule for each firm class, in log
hourly wages, grouped by gender. *Points indicate the mean log hourly wage, and error
bars represent one standard deviation of the estimated wage distribution.

Gender-wise Payment Schedules

A natural question that arises is to what extent these particularities matter for
the creation of pay differentials between male and female workers. I construct
Figure 3.5 by expanding Figure 3.4a, separating each worker type into a male
and a female components.

Complementarity effect arising from those matches implies significantly
higher wages for men as compared to women, in particular for the worker types
3, 4, and 8, for which the deviation from a “separable setting” is most extreme.
For example, type 3 matched with firm class 10 yields almost 1 log hourly wage
gap. Type 4 under the same match yields about so log-points in gap.
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Type 8, and to a lesser extent type 6, exhibit negative deviations as they
approach the lower extreme of firm productivity. When these worker types,
characterized by moderate-to-high human capital accumulation, are found in
low-productivity firms, a compression effect on wages emerges. In these cases,
the expected wage falls below the sum of the expected firm and worker effects.
Female workers are more susceptible to these unfavorable matches compared
to their male counterparts.

Workers Under Comparative Advantage

To understand better the differences being undera comparative advantage match
and otherwise in the labor market, I compare individuals with sufficiently close
payments but differing in matches. Specifically, I compare the type 3 and type
10 male and female workers when hired by the class of firm 10. Table 3.3 provide
a descriptive statistics of these workers.

The table highlights distinct differences in education, age distribution, and
occupations between both types of workers when under firm class 10, male
and female. Both groups, regardless of gender, possess a high concentration of
college degree individuals, with “type 10 workers” having slightly more. Age is
also similar, whereas less than 30 years old female workers are more likely to be
found under type 3, while 31-s0 are marginally more likely to be found under
type I0.

For occupation, while both types display a higher concentration of scientific
and liberal arts , there is a much higher concentration of managers.

Even with similarities, there is some evidence that individuals in comple-
mentarity effect matches might have leading positions and are particularly valu-
able for firms to employ. Such individuals would be suffering more extreme
wage compressions if hired elsewhere, while worker type 10 experiences a more

predictable wage path along firm classes.

3.6 Discussions: Monte Carlo Simulation and

Variance Decomposition

In this section, I introduce a novel decomposition of the gender wage gap that
accounts for complementarity effects in the labor market. I decompose the
gender wage gap into three distinct components. The first component captures
the contribution of complementarity effects, which I isolate by constructing a

counterfactual labor market without comparative (dis)advantage matches.
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Table 3.3: Workers Under Complementarity and Non-complementarity
Matches in Firm Class 1o

Type 3 Workers ~ Type 10 Workers

Female Male Female Male
(1) (2) (3) (4)

Education And Age

Dropout 0.04 0.01 0.00 0.01
High School Graduates 0.12 0.06 0.03 0.04
College 0.84 0.92 0.97 0.95
Age (<30) 0.15 0.06 0.10 0.09
Age 31-50 0.69 0.66 0.74 0.70
Age (>s51) 0.13 0.24 0.14 0.18
Occupation Statistics

Scientific and Liberal Arts ~ 0.20 0.25 0.36 0.37
Technicians 0.04 0.03 0.08 0.11
Administrative 0.18 0.07 0.19 0.13
Managers 0.52 0.62 0.35 0.36
Traders 0.05 0.01 0.02 0.02
Rural 0.00 0.00 0.00 0.00
Factory 0.01 0.01 0.01 0.01
Mean experience (years) 6.375 7.302 8.417 8.288
Mean Log-Wage 4.308 4.866 4.204 4.270
Variance of Log-Wage 1.836 0.715 0.094 0.116
Worker-years observations 5718 18401 73869 157282
Number of Workers 4895 15542 44309 93073
Fraction of Women 0.24 0.76 0.32 0.68

Notes: "Under complementarity matches are type 3 and type 4. Without
complementarity is type 10 match, which in wage levels is comparable
to matches under complementarity. * Education, age, and occupation
statistics are fractions that may not necessarily add to one due to round-

ing.
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The remaining two components are inspired by Card, Cardoso, and Kline
(2016). The second component, referred to as the “sorting” component, reflects
the impact of firm allocation on the wage gap. I calculate this by simulating
male and female labor markets where all factors are held constant except for the
distribution of firms.

The final component, the “bargaining” component, represents the wage
gap contribution arising when equally productive individuals are employed by
firms of the same class, but a gender-based differential persists. I isolate this
effect through a simulation in which male and female labor markets share iden-
tical distributions of workers and firms, while the means and variances of each
gender-wise Gaussian distribution remains as observed in the original data.

The “bargaining” and “complementarity” components share certain simi-
larities in nature. The complementarity effect can be viewed as a subset of the
bargaining effect in the context of a CCK framework, as both reflect differences
in returns for similar individuals within the same firm. However, the Gaussian
mixture model allows me to distinguish between these two components, as it
identifies labor market matches where wages deviate from the assumption of
additive separability. As a result, complementarity effects emerge only in these
specific labor market settings, whereas bargaining is more applicable in contexts
where the additive separability condition holds.

3.6.1 Monte Carlo Simulations

To setup the Monte Carlo Simulations, I first calculate the realized moments
of every worker type and firm class match in the labor market for the male and
the female sample. Then I calculate the unconditional probabilities of worker
types and firm classes for male and female'

To create a separable market, I match workers following a “diagonal pattern
in matches” in Figure 3.4a. That means type worker 10 is guaranteed to work
in firm class 10 as long as there is a spot available. When firm class 10 job slots
are filled, firm class 9 starts hiring the best available, until all jobs are filled with
workers. Figure 3.6 shows the resulting conditional probabilities of worker types
given firm classes and gender under a separable market.

In a labor market characterized by strictly additive separability, reshuffling
matches is expected to have negligible effects on overall wage levels (Graham,
Imbens, and Ridder, 2014). Therefore, I leverage this fact, and the fact that
“diagonal” matches do not yield large complementarity effects, to construct a
labor market that behaves under the additive separability assumption. As a
robustness check, I also perform my analysis using the weighted linear regression
predicted fixed effects shown in Figure 3.4b.
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Figure 3.6: Conditional Probabilities of Worker Types Given Firm Classes and Gender,
Under a Separable Market
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Note: Probabilities calculated by generating a labor market where “top workers” are
guaranteed to match with “top firms”, until all positions are filled, following Becker
(1973)’s principle of assortative matching.

The difference in the gender wage gap between the separable labor market
and the original setting reflects the contribution of complementarity effects that
are not captured in the separable model. For CCK’s “bargaining” and “sorting”
components, I conduct simulations within the separable labor market to ensure
that these components remain distinct and do not overlap.

Simulation Results

Table 3.4 presents the results of the simulations. The first row displays the
observed mean log hourly wages for female and male workers, along with the
difference in log points, for the overall dataset, as well as broken down by edu-
cation cohort and age group. The first column reports the difference in means
calculated using the Gaussian distribution, which closely mirrors the observed
gender wage gap. The second column reflects the gender wage gap in the coun-
terfactual world where the labor market is additively separable.

The next three columns represent the contributions of the three proposed
components. The first column shows the difference between the baseline and
the separable market, indicating the contribution of complementarity effects
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to the gender wage gap. The “sorting” component reflects the contribution
of firm allocation to the wage gap, holding all else constant in the separable
market except the distribution of firms. Lastly, the “bargaining” component
captures the contribution to the wage gap when all else is held constant in the
separable market, except for the observed moments (means and variances) of

each Gaussian distribution.

Table 3.4: Gaussian Mixture Decomposition of Gender Wage Gaps

Contribution to Gender Wage Gap

Baseline Separable  Complementarity Sorting Bargaining
Group Market Gap  Market Gap Contribution Contribution Contribution
(1) (2) () (4) (s)

All -0.2.4 -0.20 -0.04 -0.09 -0.02
(16.7%) (37.5%) (8.3%)

Education

No high-school -0.30 -0.27 -0.03 -0.13 -0.03
(10.0%) (43.3%) (10.0%)

High-school -0.23 -0.22 -0.0I -0.08 -0.02
(4.3%) (34.7%) (8.7%)

College -0.35 -0.30 -0.05 -0.16 -0.04
(14.3%) (45-7%) (11.4%)

Age

<30 -0.09 -0.08 -0.01 -0.03 -0.02
(11.1%) (33-3%) (22.2%)

31-50 -0.30 -0.26 -0.04 -0.13 -0.03
(13.3%) (43.3%) (10.0%)

S1> -0.33 -0.28 -0.05 -0.13 -0.03
(15.2%) (39.4%) (9.1%)

Notes: ' All values represent log wage gaps (female - male). Baseline Gap is the observed gap. *Separable
Market Gap assumes interactions do not yield complementarity effects. *Complementarity Contribution is
the difference between Baseline and Separable Market gaps. #Sorting Contribution is the reduction in gap
after equalizing means and variances of worker-firm interactions. SBargaining Contribution is the reduction
in the gap after equalizing firm probabilities. 7Both sorting and bargaining are calculated under a separable
market. °Numbers in parentheses show the percentage of the Baseline Gap explained by each component.

Opverall, the complementarity effect contributes approximately 16 to 17 per-
cent to the gender wage gap, indicating that disparities arising from compar-
ative advantage matches play a significant role in generating wage differences
between male and female workers. Labor market allocation accounts for about
37.5 percent, while differences in bargaining without considering complemen-
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tarities contribute roughly 8.3 percent. Together, these components explain
nearly two-thirds of the gender wage gap. These findings demonstrate that
non-separable, two-sided heterogeneity models, such as the Gaussian mixture
approach of BLM, more eftectively capture the substantial role that firms play
in contributing to the gender wage gap, both horizontally as vertically.

The gender wage gap is smaller among individuals with a high school ed-
ucation but reaches its peak among those with college degrees. Furthermore,
changes in the gender wage gap are not primarily driven by firm allocations;
instead, they are largely explained by complementarity effects, especially for in-
dividuals with college degrees. This suggests that women with high levels of
human capital, who are in positions of comparative advantage, are particularly
susceptible to wage disparities arising from these effects.

Another evidence of the human capital accumulation and complementarity
effect positive correlation is the age analysis. While sorting increases its role in
wage differentials for individuals older than 30 years, it stabilizes for older than
s1, while complementarity effect contribution keeps increasing slightly.

To further expand my study, I present Table 3.5 which shows the results of
simulations based on samples of different firm sizes and occupations particularly
relevant to this study. I focus on three categories of occupations. The first,
"Hotels and Restaurants," includes workers directly involved in the hospitality
sector, such as waiters, kitchen staff, and cleaners.

The second category, “economists and engineers”, is self-explanatory. The
rationale for selecting these professions lies in the fact that, in Brazil, these fields
are highly regulated, meaning that only individuals with the appropriate college
degree are legally permitted to practice. This choice offers two key advantages:
it controls for college diplomas that are more uniform in their practice than,
for instance, medical doctors, but also focusing on degrees that typically lead
to higher compensation in the labor market.

Finally, the "Managers" category includes workers in leadership positions.
These workers are likely to possess high levels of firm-specific human capital,
giving them a strong comparative advantage in the labor market.

If comparative advantage drives complementarity effects on the gender wage
gap, then strategic positions in the labor market, those involving valuable hu-
man capital accumulation and leadership roles, and the size of the firm, asso-
ciated with bargaining power, should reveal particularly high levels of these
effects.

The firm size panel of Table 3.5 reveals that the gender wage gap increases
with firm size, particularly due to the complementarity and the sorting effect,
meaning women not only are more likely to be found in low-paying firms when
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Table 3.5: Gaussian Mixture Decomposition of Gender Wage Gaps - Firm sizes and occupations

Contribution to Gender Wage Gap

Baseline Separable ~ Complementarity Sorting Bargaining
Group Market Gap  Market Gap Contribution Contribution Contribution
(1) (2) (3) (4) (s)

All -0.24 -0.20 -0.04 -0.09 -0.02
(16.7%) (37.5%) (8.3%)

Firm Size

Firms <10 -0.12 -0.12 0.00 -0.02 -0.03
(0.0%) (16.7%) (25.0%)

Firms 10-s0 -0.14 -0.13 -0.01 -0.03 -0.01
(7.1%) (21.4%) (7.1%)

Firms s> -0.21 -0.17 -0.04 -0.08 -0.02
(19.0%) (38.1%) (9:5%)

Occupations

Hotel and -0.12 -0.12 0.00 -0.04 -0.03

Restaurants (0.0%) (33.3%) (25.0%)

Economists -0.39 -0.35 -0.04 -0.16 -0.05

and Engineers (10.3%) (41.0%) (12.8%)

Managers -0.33 -0.22 -0.11 -0.08 -0.03
(33.3%) (24.2%) (9.1%)

Notes: ' All values represent log wage gaps (female - male). Baseline Gap is the observed gap. *Separable
Market Gap assumes interactions do not yield complementarity effects. *Complementarity Contribution is
the difference between Baseline and Separable Market gaps. #Sorting Contribution is the reduction in gap
after equalizing means and variances of worker-firm interactions. SBargaining Contribution is the reduction
in the gap after equalizing firm probabilities. 7Both sorting and bargaining are calculated under a separable
market. “Numbers in parentheses show the percentage of the Baseline Gap explained by each component.
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' Tn another example,
Card, Cardoso, and Kline
(2016) found that firm-
related factors contributed
approximately 4 percent to
the gender wage gap after

controlling for managers.

controlling for larger firms, but also in positions where men are receiving much
higher complementarity compensations.

The last three rows of Table 3.5 represent the results of the simulation of
different occupations. Hotel and restaurants are typically occupations assumed
in the literature to possess high turnover rate and zero firm premium in wages
Card, Cardoso, and Kline (2016) and Casarico and Lattanzio (2024). Therefore,
these occupations are expected to have negligible comparative advantage effects.
Accordingly, my results suggest that the hotel and restaurants labor market is
mostly governed by the additive separable assumption, given that the simulated
separable market yielded the exact same wage differentials as the baseline mar-
ket gap®, confirming that there is no complementarity effect. However, as the
expected human capital accumulation is increased, the gap increases. While a
considerable portion of the gap is due to firm allocations for economists and en-
gineers, the complementarity contribution represents 10 percent of the gender
wage gap.

For managers, the distance in wage differentials between the baseline market
and the separable market is the largest, with the complementarity contribution
accounting for about 33 percent of the gap. Moreover, the sorting contribution
drastically reduces, from 16 to 8 log-points, falling from 41 percent in contribu-
tion to 24 percent.

Under an additive separable model, such as linear regression, the results
would suggest thatlabor market allocations are the primary drivers of the gender
wage gap among managerslé. However, in a non-separable model, I can identify
that a substantial portion of the previously unexplained differential is due to
specific labor market matches that generate complementarity effects. Because
additive separable models assume constant returns to unobserved heterogeneity

of workers and firms, these contributions are difficult to capture accurately.

3.6.2 Robustness Checks

I perform a series of exercises to show my results are not sensitive to particular
choice of parameters. While keeping the optimal number of firm classes accord-
ing to the gap statistics (K = 10), I vary the number of worker types, which
are the number of Gaussians observed in each firm class. I test with L = 6,
L = 10,and L = 12. I also provide an alternative simulation of the separa-
ble market where I use a weighted ordinary least squares with firm classes and
worker types as fixed effects. Following Equation 3.17, the weighted parameter is
the fraction of workers of each worker type-firm class match. For the weighted
OLS, I maintain L = 10.
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For the alternative number of worker types, results were consistent across
all specifications, with the exception of L = 12, that seemed to underestimate
complementarity effects, putting slightly more contributions to the sorting
and the bargaining contribution. The alternative separable market simulation
yielded virtually the same estimates as the original, with a more conservative
estimation of the complementarity effects contribution to the gender wage gap.

Despite some differences in estimation, overall, the results indicate that
my measurements are not driven by errors arising from the Gaussian mixture
estimation, local maxima, or a particular setting.

z

3.6.3 Variance Decomposition

A variance decomposition of log wages in works related to Abowd, Kramarz,
and Margolis (1999) (AKM models). It decomposes the variance of log wages
into five distinct components: (1) the contribution of worker fixed effects, (2)
the contribution of firm fixed effects, (3) twice the covariance between worker
and firm effects, (4) the variance of time-varying covariates and their associated
covariances, typically captured by period dummies interacted with time-varying
human capital indicators, and (5) the residual variance.

The AKM model, however, tends to negatively correlate worker and firm
effects (Andrews, et al., 2008), implying a downward bias estimate for assor-
tative matching. Bonhomme, Lamadon, and Manresa (2019) proposed using
the dimension reduction technique relying in the Gaussian mixture model to
mitigate the bias.

Card, Cardoso, and Kline (2016) found that approximately 1o percent of
wage variance can be attributed to assortative matching for both male and fe-
male workers. In this section, I apply the framework of Bonhomme, Lamadon,
and Manresa (2019) to examine the extent to which assortative matching may
be underestimated in the wage variance decomposition used in AKM gender
analysis.

I compare three models. The first specification uses clustered firm and indi-
vidual worker identifiers, related to Bonhomme and Manresa (2015), this clus-

7 See Appendix Section C 3

tering approach allows the researcher to maintain the linear assumption but 4 ¢, for discussions on

reduces the negative bias in assortative matching. I name this model “clustered  the bias (also often dubbed
AKM?”, or C-AKM, in which fixed effects for firms are now the firm classes””. In “limited mobility bias” in

the literature) and using the
clustered AKM method to
perform a KOB decompo-

the second setting I employ the full BLM approach by leveraging both worker
types and firm classes.

Finally, I test the variance decomposition analysis under a classical CCK' 01 on the gender wage
approach which uses individual firm and worker identifiers as fixed effects. Itre- gap.
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quires the largest dual connected set of firms and bias correction. In this study, I
use the bootstrapping approximation of Azkarate-Askasua and Zerecero (2023)
to correct the assortative matching bias.

Formally, the regression setting is:
Wi = q)g((m) + A%(i) + x;tﬁ + Eit (3.18)

And the variance decomposition can be formally stated as:

_ g g
Var(w;;) = Var(®%, )+ Var(AZ;) + Var(ey) (3.19)
N . N ~~ N ~~ 4 H/—/
Log Hourly Wage Variance Firm Class Variance ~ Worker Type Variance Residual Variance

+ Var(;,5) +2- Cov(AL ), 73,5) +2 - Cov(Pi; ), 7)

J/

Vv
Time-Varying Covariates Variance and Associated Covariances

+ 2 Cov(@%(m‘/), A%(i))

S/

~
Worker Type and Firm Class Covariance

where w;; represents the logarithmic hourly wage of worker 7 in period ¢, de-
composed as follows: (I)i((i, ;) fepresents the firm effects, where K (i, ) is the
assignment function. Here, K can denote either firm classes or individual firm
identifiers. The term A%(i) represents individual worker or worker type effects,
where L(7) can refer to either a worker type or an individual identifier. Time-
varying covariates are represented by x7, 3, while gender heterogeneity is ac-
counted for by the superscript g. Finally, €;; denotes the idiosyncratic error
term.

The covariance between worker and firm effects is of particular interest in
understanding the dynamics of assortative matching and its impact on the gen-
der wage gap. This component can be potentially underestimated due to the
limited mobility bias. I test three variance decompositions from three different
settings. The C-AKM model, by clustering firms, potentially reduces the noise
in firm effect estimates, allowing for a more stable estimation of the worker-
firm covariance, however, it still relies on individual fixed effects. The CCK
model under the bootstrapping correction provides a “lower bound” of these
estimates, given that the bootstrapping correction is an approximation, not a
total mitigation. The BLM model, employing both worker and firm clusters,
provides a framework that effectively circumvents the limited mobility bias by
coarsening job movements in the dataset at the cost of noisier results.

Table 3.6 presents the variance decomposition results. The first two columns
show the results for the BLM decomposition, columns (3) and (4), the clustered
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firm AKM methodology. Finally, columns (5) and (6) represents the results for
the classical AKM approach from CCK.

Table 3.6: Variance Decomposition of log hourly Wages

BLM Clustered AKM CCK

Female Male Female Male Female Male
(1) (2) (3) (4) (s) (6)

Var(log hourly wage) 0.529 0.650 0529 0.650 0.642 0.797

Panel A: Variance Estimates

Firm effects 0.046 0.066 0.020 0.023 0.042 0.044
Worker effects 0367 0357 0.377 0467  0.479 0.626
Time-varying covariates 0.008 0.0 0.009 0.011 0.006  0.008
Cov(Worker, Firm) 0.37  0.22  O.I4 0.36  0.06  0.108
Residual 0.062  0.094  0.0I0 0.012  0.009  0.0II

Panel B: Share of Total Variance (%)

Firm effects 8.8 10.2 3.7 3.6 6.6 5.5
Worker effects 55.2 54.9 712 71.9 74.6 78.5
Time-varying covariates 1.6 1.6 1.6 L7 1.0 LI
Cov(Worker, Firm) 26.0 18.8 215 21.0 16.5 13.6
Residual 1.6 14.5 L9 .8 L4 L3

Notes:"AKM, BLM, and CCK stand for Abowd, Kramarz, and Margolis (1999),
Bonhomme, Lamadon, and Manresa (2019), and Card, Cardoso, and Kline (2016),
respectively. *Clustered AKM represents firm clustered using a kmeans algorithm
and individual worker identifiers as parameters. 3Panel A showcases the magni-
tude of estimated variance components, while Panel B presents these components
as percentages of the total log hourly wage variance. “Results are a weighted aver-
age based on the six biennial samples’ number of observations.

The first row presents the total variance of log hourly wages by gender. Both
the C-AKM and BLM models yield similar magnitudes, as they utilize the full
set of worker observations. In contrast, the CCK model relies on the connected
set of firms through job movers, which tends to overrepresent larger firms, re-
sulting in higher wage variance estimates.

Male firm effect contribution to the wage variance ranges from s percent
in the male sample under CCK, to 10 percent under BLM. On the other hand,
female firm effect contribution ranges from 3.6 in the clustered AKM model,
to 8.8 percent under BLM.

Although AKM models attribute the largest portion of wage variance to
worker effects (over 70 percent) for both genders, in the BLM approach worker
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effects account for a smaller, though still significant, share of wage variance: 41.3
percent for women and 32.1 percent for men.

The reduction in worker effect contribution can be explained by the larger
worker-firm covariance contribution, at 26.0 and 18.8 percent of the total vari-
ance for women and men. Compared to the “AKM” model, the BLM and the
C-AKM model were more effective in capturing assortative matching effects.

Worker-firm covariance is consistently higher for women across all specifica-
tions, suggesting that assortative matching is indeed a meaningful contributor
to wage dispersion in the labor market, especially for female workers. My results
are particularly relevant in the context of recent discussions on the rise of assor-
tativity in labor markets, as highlighted by Song, et al. (2019), who documented
the increasing trend of assortative matching in the United States. If men are sys-
tematically more likely to find high-paying matches in the labor market, while
women are concentrated in lower-paying positions, this could exacerbate the

gender wage gap.

3.7 Conclusion

Additive separable models are unable to capture labor market interactions that
generate wages based on comparative advantage, where the match between firms
and workers results in compensation that exceeds (or are less than) the simple
sum of individual worker and firm contributions.

In this paper, I deviate from linear additive models. I use a linked employer-
employee dataset covering all firms and workers from Sio Paulo, Brazil (2010-
2017), to apply the two-sided unobserved heterogeneity framework introduced
by Bonhomme, Lamadon, and Manresa (2019). This approach allows me to
investigate the contribution of specific worker-firm interactions to the gender
wage gap, assuming each interaction generates wages drawn from log-normal
distributions. This method allows me to capture the complementarity effects
arising from particular worker-firm assortative matching.

Employing Monte Carlo Simulations, I propose a novel decomposition of
the gender wage gap into three components. Following Card, Cardoso, and
Kline (2016), the sorting component, representing labor market allocations,
and bargaining component, representing differences in negotiation of equally
productive workers under the same firm. The third component, the comple-
mentarity component, is a special case of “bargaining”, however, under these
matches wage levels do not correspond to the predicted from additive separable
model.
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I find a positive relationship between human capital and these complemen-
tarity effects. They are more pronounced for male workers compared to female
workers, accounting for approximately 17 percent of the overall gender wage gap.
This contribution go as far as a third of the gender wage gap for individuals in
leadership positions. Controlling for occupations that generally require lower
levels of human capital, such as occupations related to the hospitality sector,
yielded negligible results.

I also find that these interactions are more present at the tails of the wage
distribution where larger firms operate and wage dispersion is higher. For firms
larger than so employees, about a fourth of the gender wage gap is explained by
these complementarity effects.

My study demonstrates that firms and the broader labor market structure
play a more significant role in shaping the gender wage gap than previously rec-
ognized. I demonstrate that firms not only provide varying wage premiums but
also evaluate human capital and other worker characteristics in heterogeneous
ways. This differential valuation of worker attributes across firms contributes
substantially to gender-based wage disparities.

The pronounced complementarity effects observed in managerial positions
suggest that policies aimed at increasing transparency in the labor market and
promoting key leadership roles among female workers are essential for reducing
gender wage disparities.

Future research could leverage on the increased availability of linked employer-
employee data and computational power. They could extend the analysis by
providing a dynamic framework and exploring how worker-firm interactions
evolve over time in response to earnings shocks and their influence on mobility
decisions. Incorporating collective bargaining data would further enhance our
understanding of the non-monetary factors that shape gender-specific sorting
patterns. Expanding this methodological approach to different countries could
provide valuable cross-national insights into the extent to which gender wage
gaps are driven by universal factors or are shaped by specific institutional and
cultural contexts.
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APPENDIX A

ADDITIONAL CONTENT FOR
CHAPTER I

A.x1 Theoretical Framework

The core of this analysis rests on two established frameworks of economics,
namely the productivity framework and the Rosen-Roback model. These two
perspectives allow us to explore the multi-faceted impact of the Mariana disaster,
from productivity shocks to spatial equilibrium, and provide us with an under-
standing of the economic implications of the event. Through these lenses, I can
illustrate how similar environmental catastrophes affect the economy through

individual firms’ decision-making and individual decision-making processes.

A.ax Productivity Framework

The productivity framework forms the foundation of our understanding of a
firm’s decision-making process, which in turn impacts overall economic output.
A widely utilized tool in this context is the Cobb-Douglas production function,
which allows us to model the relationship between capital, labor, and output. In
its most basic form, a firm’s optimization problem can be expressed as follows:

max Y —rK —wL st. Y =AK“L'™ (A.)

Here, Y represents total output, A is the Total Factor of Production (TEP),

K stands for the capital stock, L denotes the labor force, and « is the output

elasticity of capital. The price of labor, or wages (w), is determined by the firm’s

optimization of resource allocation. By solving the maximization problem, we
get the following First Order Condition:
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(0%
w=(1-a)A (5) (A2)
L

From this, we can observe that the wage level is directly proportional to
the level of capital, given o > 0. Within the scope of this research, water is
treated as a component of productivity, in other words, capital. Consequently,
the exogenous shock caused by the dam rupture, which resulted in a decrease
in available fresh water and related resources, is expected to exert downward

pressure on wages.

A.1.2 Rosen-Roback Model

The Rosen-Roback model is instrumental in understanding the spatial equilib-
rium across regions or cities, achieved when workers and firms are indifferent
between locations. This balance comes from the interplay between wages, rents,
amenities, and transportation costs. Specifically, individuals maximize their util-
ity derived from these factors when considering differentlocations. For example,
an individual ¢ will prefer to stay in location @ rather than moving to location b

if:

Ui(Wa) +Ui(Aa) = Ui(Ro) > Ui(Wy) + Ui(Ap) — Ui(Ry) —U(Twp) (A3)

In this equation, Wy, R,, and A, represent the wage, rental cost, and per-
ceived level of amenities, respectively, at location a, and similarly, W, R;, and
Ay for location b. Ty, stands for the transportation cost of moving from a to b,
and Uj is a quasi-concave and monotonic utility function. This model predicts
that a decrease in perceived amenities could lead individuals to bear transporta-
tion costs to move away, prompting firms and landlords to react by increasing
wages or decreasing rents, respectively, to retain the population and achieve a
new equilibrium.

In the aftermath of the Mariana disaster, it can be hypothesized that office
workers and other individuals who do not rely on water for their productivity
but perceive the river as an amenity might choose to relocate unless compen-
sated through increased wages or decreased housing costs.

By applying these two theoretical frameworks, I can capture both the direct
and indirect impacts of the Mariana disaster on local productivity and spatial
equilibrium, providing a comprehensive picture of the economic consequences

of such environmental shocks.
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A.2  Samples’ Summary Statistics Tables

Tables A.1, A.2, and A.3 present summary statistics for the three samples used
in this study: the Mariana region sample, known as the Quadrildtero Ferrifero,
the extended Minas Gerais sample, which is the Water Basin’s analysis sample,
and the Espirito Santo sample, used for measuring the impacts on the coastal
region. These statistics provide a snapshot of the demographic and economic
characteristics of the control and treatment groups in each sample in 2015, right
before the disaster.

Table A.1 provides summary statistics for the Mariana region sample. The
mean age and wage in the treatment group were slightly lower than in the con-
trol group. The treatment group also had a higher percentage of Black, Other,
and Pardo individuals and a lower percentage of White individuals. The gender
distribution was more balanced in the treatment group, and the education level
was slightly lower. Notably, it shows the presence of mining operations in the
area, with at least 12 percent of the labor market being composed of mining
firms.

Table A.2 presents summary statistics for the extended Minas Gerais sample.
The mean age was slightly lower in the treatment group, while the mean wage
was slightly higher. The treatment group had a higher percentage of Pardo indi-
viduals and a lower percentage of White individuals. The gender distribution
was almost identical in the control and treatment groups.

Table A.3 provides summary statistics for the Espirito Santo sample. The
mean age and wage were slightly higher in the treatment group. The treatment
group also had a higher percentage of Black, Other, and Pardo individuals, and
a lower percentage of White individuals. The gender distribution was more
skewed towards males in the treatment group, and the education level was
slightly lower.

In both the extended Minas Gerais and Espirito Santo samples, the data
reveals that mining operations are virtually non-existent. This observation is
crucial for disentangling the effects of the dam rupture from the impacts of the
ensuing contamination. The evidence strongly suggests that the negative eftects
observed in the extended Minas Gerais sample are attributable to contamination
rather than disruption of mining operations.
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Table A.x: Mariana Region Sample Summary Statistics

Control Treatment

Age Mean 34.80 34.52
Wage Mean 2135.30 1845.28
Race Black Percent 7.80 10.44
Other Percent 10.11 14.48
Pardo Percent 46.05 44.81
White Percent 36.05 30.27
Gender Female Percent 33.97 38.81
Male Percent 66.03 61.19
Education College Education Percent 9.62 7.96
High School Education Percent 57.55 54.40
No High School Diploma  Percent 32.83 37.65
Industry Construction Percent 18.95 13.14
Financial Services Percent 0.94 0.82
Mining Percent 17.59 12.33
Public Administration Percent 1.38 0.91
Rural Activities Percent 1.46 1.93
Tourism Percent 5.79 6.76
All N 146719 12 3R89
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Table A.2: Extended Minas Gerais Sample Summary Statistics

Control Treatment

Age Mean 35.13 34.83

Wage Mean 1518.98 1523.94

Race Black Percent 7.02 5.97
Other Percent 8.20 6.10

Pardo Percent 20.58 40.59

White Percent 64.20 47.35

Gender Female Percent 37.78 37.67
Male Percent 62.22 62.33

Education  College Education Percent 7.55 7.12
High School Education Percent 47 .48 57.96

No High School Diploma  Percent 44.97 34.93

Industry Construction Percent 7.09 10.32
Financial Services Percent 1.27 1.54

Mining Percent 0.24 0.00

Public Administration Percent 0.74 0.03

Rural Activities Percent 16.17 4.35

Tourism Percent 4.79 5.42

All N 1586451 235242
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Table A.3: Espirito Santo Sample Summary Statistics

Control Treatment

Age Mean 34.81 34.97

Wage Mean 1503.01 1769.79

Race Black Percent 6.66 7.57
Other Percent 4.57 5.08

Pardo Percent 47.74 56.19

White Percent 41.03 31.16

Gender Female Percent 43.35 33.99
Male Percent 56.65 66.01

Education College Education Percent 7.34 6.86
High School Education Percent 59.38 54.62

No High School Diploma  Percent 33.28 38.52

Industry Construction Percent 8.98 12.30
Financial Services Percent 0.88 0.77

Mining Percent 0.76 0.00

Public Administration Percent 0.46 0.43

Rural Activities Percent 1.49 6.31

Tourism Percent 7.48 4.64

All N 169 768 329 146
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APPENDIX B

ADDITIONAL CONTENT FOR
CHAPTER 2

B.1  Foreign Presence Outside RAIS

Even though RAIS provides a good picture of Venezuelans entering Brazil and
exclusively staying in Roraima, it only counts Venezuelans in the formal labor
market. Venezuelans may be crossing the border and going through, staying
in other states outside the formal labor market, in refugee camps, or working
informally. The Federal Police data shows that around 41 thousand individuals
crossed Roraima and did not return to Venezuela. However, we do not observe
either in RAIS or the Federal Police data whether they stayed in Roraima or
moved around.

It would jeopardize our identification strategy if the control states hosted
many Venezuelan refugees outside the formal labor market. To show that it is
not the case, we rely on the refugee application data from the Brazilian National
Committee for Refugees (CONARE).

Foreigners in Brazil can be registered as refugees to get benefits such as ob-
taining the individual taxpayer registration number (CPF), accessing health
and education services, and opening a bank account, among others. A poten-
tial refugee must submit its recognition to, and then analyzed by, CONARE.
The committee then decides whether they are recognized as a refugee. If re-
jected, they can appeal. Since refugee applications only exist conditional on the
presence of a forcibly displaced population, we believe the data is an adequate
proxy for Venezuelans not observed in the formal labor market.

Variables included in CONARE are the nationality of the applicants, the
reason for leaving their country, the date when the application was submitted,
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the municipality and the state where the application was submitted, and the
date when CONARE made the decision.

Table B.1 shows the cumulative number of refugee applications by treat-
ment status and year between 2011 and 2020. There were 56,984 refugee re-
quests in Roraima in 10 years, with the first application submitted in 2015. If we
consider our period of interest, 2014-2017, more than 10 thousand individuals
requested refugee status, with virtually zero applications found in control states.
If immigrants are moving across treated and control states, the likelihood of a
Venezuelan applying for refugee status in another location rather than Roraima
would significantly increase. Accordingly, we do not see this behavior in the
data.

Group —e— Control —— Treated

40000

20000

0 & & & & —o

Cumulative Refugee Status Applications

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Year

Figure B.1: Cumulative refugee requests by year and treatment status

Another consideration is that only a quarter of those who entered Roraima
and stayed in 2017 applied for refugee status. If we combine RAIS, around ten
percent of these applicants found a job in the formal labor market. Suppose we
assume an individual seeks refugee status to apply for employment and proper
residence. In that case, it is a safe inference that a significant fraction of Venezue-
lans were actively in seek of employment, not necessarily in the formal labor

market, with some of these accepting offers in the informal labor market.
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B.2 Synthetic Control Methods Results

Concerns may arise in our estimation strategy of using the doubly robust difference-
in-differences method given the nature of our natural experiment with only one
treatmentstate (Roraima) if the control group is chosen incorrectly. In the main
analysis, we compare the treatment state with carefully chosen control states
in Brazil with states with socioeconomic and sociodemographic characteristics
comparable to those of the treatment state. We also showed pre-treatment par-
allel trends in our outcome variable. However, it may lead to endogeneity bias
if the control groups are characteristically different from the treatment state.

A popular way of estimating the causal effects of the treatment in the case
of asingular or a few treatment states is by using the Synthetic Control Method
(SCM). Using SCM with the northern Brazilian states as our donor pool for
the synthetic Roraima, we reconfirm the validity of our choice of control states
in the main analysis.

Consider the case with j + 1 states where j = 0, ..., J where j = 0 is the
only treatment unit, in our case, the state of Roraima. W is the j x 1 vector
of non-negative weights for the donor states that comprise synthetic Roraima
such that Zb w; = land 0 < w; < 1. Xjisa K x 1 vector of matching
variables used to construct our synthetic control group. In our case, our main
primary outcome variables, the wages, act as the only matching variable. X is
a K x J matrix for all control states ] with the same predictors as Roraima’s
pretreatment wage trends. The SCM selects the vector of weights W that
minimizes the difference between X; and XoW such that:

W™ = arg min(X1 - XQW)/(Xl - XUW) (BI)
j—1
sty wj=1,0<w; <1 (B.2)
J

The optimal W is chosen by an optimization process that minimizes the
mean-squared prediction error (MSPE) in the pre-treatment period. Follow-
ing the construction of weights, we estimate the effects of the wage effects of
the Venezuelan refugee crisis in Roraima, Brazil using the formula: (Y2, —
YA — (YEER — YRR where YA and YA, are the average logged wage
in Roraima in pre- and post-treatment periods, and Y527 and Y31 are the
average logged wage in synthetic Roraima in pre- and post-treatment periods
respectively.

Due to the geographical proximity and sociodemographic similarities with

Roraima, our donor pool consists of northern Brazilian states. Figure B.2 il-
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lustrates the weights we received from the optimization procedure. The entire
weight is shared between Acre (0.80) and Amapa (0.20), which confirms our
initial decision to use these states as the control states in our main analysis.
Figure B.3 shows the wage results from the SCM analysis. The figure shows
perfect parallel trends between Roraima and synthetic Roraima until 2013 and
a few years following. The trends start to diverge in 2016 where the wages for
synthetic Roraima have a reduction in slope but Roraima’s slope reduction is
less steep. In the year 2018, we see an almost 0.20 percentage point difference
between Roraima and synthetic Roraima. This exercise confirms the results

from our primary analysis using difference-in-differences.
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Figure B.2: Weights for Donor States in the Northern Brazilian Region in the Syn-
thetic Control Method
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Figure B.3: Effects of the Venezuelan Refugee Crisis in the Brazilian Labor Market
using the Synthetic Control Methods
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B.3 Synthetic Difference-in-Differences

In this section, we provide results using the Synthetic Difference-in-differences
(SDID), approach from Arkhangelsky, et al., 2021, a twist from the classical
SCM that relaxes its restrictions by imposing only slope-fitting of the synthetic
control and the treatment group.

Figure B.5 shows the optimal donors for the SDID algorithm. It confirms
that Amapd and Acre are the most suitable donors for the experiment, with a
combined weight value of approximately 65 percent.

States

Q Q g Q7 Q
Weights

Figure B.4: Weights for Donor States in the Northern Brazilian Region in the Syn-
thetic Difference-in-Differences Method

Figure B.s shows the treatment group and synthetic Roraima trends using
the SDID framework. After 2013, Roraima was able to maintain higher wage
levels compared to the generated synthetic Roraima, confirming our main re-
sults using a straightforward difference-in-differences approach.
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Figure B.s: Effects of the Venezuelan Refugee Crisis in the Brazilian Labor Market
using the Synthetic Difference-in-Differences Methods
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B.4 Other Figures

Figure B.6: Industries where Venezuelan migrants worked in 2018 (as a percentage of
total Venezuelans in R AIS)
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Figure B.7: Occupations of Venezuelans in 2018 (as a percentage of total Venezuelans

in RAIS)
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Figure B.8: Covariate Balance for Propensity Score Analysis for College Graduate
RAIS Sample
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Figure B.ro: Covariate Balance for Propensity Score Analysis for High School Gradu-
ate RAIS Sample
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Figure B.ix: Covariate Balance for Propensity Score Analysis for RAIS Sample with
Less Than High School Education
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APPENDIX C

ADDITIONAL CONTENT FOR
CHAPTER 3

C.x  Cluster Choice Analysis

A common drawback of clustering methods is the optimal number of clusters.
To increase the robustness of my analysis, I employ the gap statistic method,
a widely used technique in cluster analysis (Tibshirani, Walther, and Hastie,
2001), to explore the within variance of clusters and therefore, choose the right
number.

The gap statistic compares the total within-cluster variation for different
values of k with their expected values under a null reference distribution of the

data. I calculate it through the following steps:

1. For each number of clusters K, I compute the within-cluster sum of
K _ . .

squares Wy, = > ) >, (w; — @) where k is given cluster, w; is the

observed worker ¢ log-weekly wage, 1wy, the empirical mean of cluster &

(centroid).

2. I generate B reference datasets by sampling uniformly from the range
of my observed data. For each reference dataset, I compute Wy, the
within-cluster sum of squares when clustering the reference data into &

clusters.

3. Ithen compute the gap statistic as:

Gap(k) = 3. > 108(1Wig) ~ log(Ii)
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4. T use the bootstrapped standard deviation as the standard error across
the B reference datasets. I implement this procedure with B = 500 to

ensure stable estimates.

5. Finally, I choose the optimal number of clusters as the smallest £ such
that:
Gap(k) > Gap(k + 1) — sg41

where s 1 is the standard deviation for k& + 1 clusters.

Figure C.1.1 presents the gap statistic values for different numbers of clus-
ters, ranging from 4 to 2. The green dashed line at 10 clusters represents what
my analysis suggests as the optimal number of clusters based on the gap statis-
tic. Due to the large number of observations, standard errors were negligible,
barely noticeable in the plot. Nevertheless, there is a notable elbow in the curve,
indicating diminishing returns to increasing the number of clusters beyond the
value of 10, implying that the benefit of additional clusters in explaining data

variability becomes less substantial.
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Figure C.1.1: Point Estimate Gap Statistic by Number of Clusters

Note: ' Vertical line indicates the number of clusters of choice (10). * Firm classes estimated by
a k-means clustering algorithm using as measurement their empirical cumulative distribution
function supported by the ventiles of the population, over six biennials (from 2010-12 to 2015-
17). ? Bootstrapped standard errors were negligible due to the number of observations, with
p < 0.01.
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C.2  Worker Mobility in Firm Clusters

In this subsection, I explore the exogenous mobility assumption of the Gaussian
mixture model. This assumption states that the movement of workers should be
related to worker types and firm classes, but not directly on earnings. Therefore,
the expected wage on unobservables should be zero for job movers.

To test this assumption, first I observe job movers within and across clusters.
Movements are considered as long as for each gender workers are changing firms
from the first period to the second period. I separate these movements into three
categories. Upward movements represent when the worker moves from a lower
cluster to an upper cluster. Downward is otherwise. Lateral movements are
within cluster job changes.

Figure C.2.11s constructed by first running a regression following Equation
C.12. Than I plot the difference in residuals for every transfer, gender, and data
sample cell, discriminated by the movement type. Each dot represents a transfer
cell observed in the labor market. The size of the dot indicates how common
this particular transfer is.

The figure serves two purposes. First, it addresses obvious trends in job
changes, which could indicate that unobservable factors not captured in my
model are influencing mobility decisions. A lack of symmetry in the figure
would suggest that certain labor market transitions are driven by such unob-
servables. Second, and equally important, I differentiate these movements by
gender to identify any discrepancies that may be endogenous to my model but
related to gender differences.

The symmetry plot provides robust evidence supporting the exogenous
mobility assumption, which is fundamental to the proper identification of my
model. It shows that every movement type possess examples of positive and neg-
ative difference in residuals, strongly strongly indicating that job transitions in
the labor market are primarily governed by stable firm wage policies and worker
characteristics, rather than by time-varying, unobserved factors correlated with
wages. Last but not least, the analysis also reveals no apparent gender-specific
patterns that would undermine the exogenous mobility assumption for male

or female worker samples separately.
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Figure C.2.1: Symmetry plot of job movers’ difference in residuals from first to second

period.

Note: 'Dots represent across and within cluster-gender-sample cell movements. *Dot
size represents each cell’s number of observed movements.
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C.3 AKM and the Limited Mobility Bias

Here I briefly explain the presence of bias in the AKM estimator of Abowd,
Kramarz, and Margolis (1999).

C.3ax The AKM Model
The AKM is formally written as:

wy = X0+ a; + G + €a (Cy)

where w;; are the log earnings of worker 7 in time ¢, X/, 3 are exogenous co-
variates such as age or time period, «; is the unobserved worker heterogene-
ity, J(4,t) is an assignment function representing the firm where ¢ works at
t, meaning ¢ ;(; 1) represents the unobserved firm heterogeneity, and € is the
error term.

Following Bonhomme, Holzheu, et al. (2023), assume /N is the number of
workers, JJ the number of firms. For convenience, assume 7T’ = 2 is the number

of time periods. The following assumption must hold:

Elew| X1, -, Xy, (1, 1), ..., J(N, T), 00, ...y an, @1, oo, 05] =0
(C.2)
It is possible, without loss of generality, to rewrite Equation C.1 partialing
out X /3 and in vector form. Still following Bonhomme, Holzheu, et al. (2023),
I have:

W =Avy+¢ (C3)

without loss of generality, assume W is subtracted from X /3 and A represents
the column-space of worker and firm identifiers.

C.3.2 Connected Set

In matched employer-employee data, the matrix A A’ is typically singular, neces-
sitating an additional data cleaning step to ensure a sample of workers and firms
that renders AA’ non-singular. This step is crucial for the identification of firm
and worker effects in additive wage models. For instance, Card, Cardoso, and
Kline (2016) estimates gender-specific firm wage effects by isolating the largest
dual connected set from the main sample.

This concept of connectivity in the labor market is illustrated in Figure

C.3.1, which provides a simplified representation of worker movements across
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8 Fora comprehensive
explanation of connected
sets and their extraction
from data, see Abowd,
Creecy, and Kramarz (2002).

Firm Worker

N

Figure C.3.x: Firm-worker pairs. Firms 1, 2, and 3 are in the largest connected set
through workers 1, 2, 3, and 4. Firms 4 and 5 are connected through worker 5 but
disjoint from the rest.

firms™. It depicts a labor market with five firms and five workers over two time
periods. Worker 1 moves from Firm 1 to Firm 2, thereby connecting these two
firms. Firm 2 is further connected to Firm 3 through the movement of Worker
3. Firms 4 and 5, while isolated from the first three firms, are connected to each
other through Worker s.

In studies employing matched employer-employee data under additive sep-
arability models relying on firm and worker identifiers, researchers typically
sample the largest connected set of firms. However, when investigating worker
heterogeneity between genders, it is necessary to use the dual connected set,
defined as the intersection of the largest connected sets for male and female
samples. This approach ensures that firm effects are identified and comparable
between both gender groups.

C.3.3 Limited Mobility Bias

Thelimited mobility bias is a significant concern in the estimation of firm effects,
arising from the relative scarcity of job movers in the labor market (Andrews,
et al., 2008; Bonhomme, Holzheu, et al., 2023). While this bias does not di-
rectly appear in the firm effects estimates from Equation C.1, it manifests in the
variance analyses that are commonly employed in the literature to decompose
wage inequality.
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The sample variances or covariances of interest can be expressed in matrix
notation as:

o’ =7'Qy (C.4)

where () is a matrix that depends on the design matrix A.
Andrews, et al. (2008) demonstrated the existence of this bias by decom-

posing the estimator 62

E[6°A] = 7'Qy + trace(A(A'A) 7' Q(A'A) T A'V[e|A]) = 0* + € (Cos)

where  represents the bias term.

Directly correcting for this bias is computationally challenging, as it requires
inverting a large matrix, often of dimensions in the hundreds of thousands for
firms and millions for workers in typical matched employer-employee datasets.
Bonhomme, Holzheu, et al. (2023) have shown that common approximations
used in the literature may be insufficient, particularly when relying on fixed
effects derived from identifiers. This insufficiency stems from the fact that these
approximations often fail to fully account for the complex network structure
of worker mobility across firms.

To address these challenges, Bonhomme, Lamadon, and Manresa (2019)
proposed a dimension reduction framework. This approach groups firms and
workers into a smaller number of classes, thereby increasing the relative proba-
bility of observed job changes between groups. While this method effectively
mitigates the limited mobility bias, it comes at the cost of imposing additional

structure on the estimation model.

C.3.4 Firm Size and Connectivity

Not only does the largest connected set requirement impose a bias due to the
rarity of mobility, butitalso alters the overall wage distribution of the data. This
alteration stems from the fact that the largest connected set tends to include
larger firms more frequently than smaller ones. If larger firms differ significantly
in their payment schedules and behavior compared to their smaller counterparts,
the results derived from such analyses may have limited external validity.

In this section, I provide a formal proof that larger firms are more likely
to be included in a connected set of a matched employer-employee dataset. I
begin by defining the probability of worker mobility between firms and then
demonstrate how this probability scales with firm size.

Without loss of generality, assume 7' = 2. Let J = {1,. .., J} be the set
of all firms in the economy, and let NV; denote the number of workers in firm j.
Define p;;: as the probability that a given worker moves from firm j to another
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firm j'. For simplicity, assume that this probability is the same across all workers
in the labor market.

Definition 1 (Connected Set) A connected set C C F is a subset of firms such
that for any two firms j, j' € C, there exists a sequence of firms ji, . .., jo € C
with j1 = j, jo = j' and for each connection c € {1,...,C — 1}, thereis at
least one worker who has been employed in both i, and i 1.

Lemma 1 (Probability of Observed Mobility) The probability of observing
at least one worker moving from firm j to firm j' is:

P(j—=j)=1—1—p;)™ (C.6)

Proof. The probability of a single worker not moving from j to 5" is (1 — pj;/).
Assume that for all N; workers not to move, this must occur independently for
each worker. Thus, the probability that no workers are moving is (1 — p;;/)™7,
and the probability that at least one worker is moving is the complement of this

event. B

Theorem x The probability of a firm being part of the connected set is increasing

in firm size.

Proof. For firm j to be part of the connected set, it must have at least one
worker moving to or from another firm in the set. The probability of firm j
being connected is:

PGeC)=1-J[0-PG—i))-[[a-PG" —35) (C7)

37 J"#i
Substituting the result from Lemma 1:
J'#j J"#j
To show that this probability increases with firm size, take the derivative with

respect to [V;:
Taking the derivative with respect to V;:

—apg&f 9__ (H(l =)™ [ (- Pj“j)Nj"> 2 _log(1=piy)

i oy i
(C.9)
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OP(j€C)

N, >0. m

Since 0 < pjj < 1, we have log(1 — p;;/) < 0, and thus

Corollary 1 As firm size approaches infinity, the probability of being in the con-

nected set approaches 1:

lim P(jeC)=1 (C.10)
Nj-)OO
Proof. As N; — 00, (1 — p;;/)™ — Osince 0 < p;; < 1. Therefore, the
product [T, .,/ (1 — p;j»)™ — 0,and consequently, P(j € C) — 1. m

Other firms approaching infinity Another consequence of this proof is
when the size of any other firm N, approaches infinity while N; remains finite,
P(j € C) also approaches 1, but at a slower rate. This is because:

lim P(jeC)=1-][(1=p;)™-0- [ (=py)™ =1 (Cm)

jo T L L S L
J'#] J"#3,3" #3o
However, this convergence is slower than when N; — oo because only one
term in the product approaches zero, rather than all terms involving [V;.

Empirical Evidence

The theoretical framework is substantiated by empirical evidence presented in
Figures C.3.2 and C.3.3, which illustrate the differences between the full sam-
ple and the largest dual connected set (LDCS) in terms of firm size and wage
distributions.

Figure C.3.2 reveals a stark contrast in the distribution of workforce size
between the full sample and the LDCS. The LDCS exhibits a symmetrical
distribution shifted significantly to the right, with a mean firm size of approx-
imately 194 workers, compared to the full sample’s mean of 27 workers. This
rightward shift is accompanied by increased variability, with the standard devi-
ation in the LDCS being almost four times higher than in the original sample.
The median firm size in the LDCS is also notably higher, underscoring the
overrepresentation of larger firms in the connected set.

The wage distribution, as depicted in Figure C.3.3, further emphasizes the
discrepancies between the full sample and the LDCS. The mean log wage in the
tull sample is 1.87, with a standard deviation of 0.446, while the LDCS shows
a substantially higher mean log wage of 2.32 and a larger standard deviation of
0.656. This upward shiftin both moments indicates a clear upward bias in wage
levels within the connected set. The increased standard deviation in the LDCS
also points to greater wage dispersion among the firms included in this subset.
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Largest Dual Connected Set: u= 194.3, 0 = 586.3, n = 68.0
All Firms: u=27.2,0=163.8,1=9.0
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[ Al Firms [[] Largest Dual Connected Set

Figure C.3.2: All Firms and The LDCS Number of Workers Distributions

Note: 'Distributions generated from the six biennial samples, using the full firm set, and the
largest dual connected set of firms. *14 is the mean of the distribution, o represents the standard
deviation, 7 represents the median number of workers per firm.

These findings have some implications for the estimation and interpreta-
tion of gender wage gaps. LDCS exhibits a larger gender wage gap (0 = -0.317)
compared to the entire sample (6 = -0.237), suggesting that studies using the
connected set may overestimate the overall wage disparity. This overestima-
tion likely stems from the LDCS that captures wage dynamics primarily in
larger, more established firms where gender wage differences might be more
pronounced. The exclusion of smaller, potentially lower-paying firms that do
not meet the connectivity requirements for AKM-style fixed effects estimation
contributes to this bias.

Researchers should exercise caution when generalizing results from the con-
nected set to the broader labor market. The LDCS, while providing the neces-
sary conditions for certain econometric techniques, may not fully represent the
wage structures and gender dynamics present in smaller or less connected firms.
This limitation is particularly important when studying labor markets with a
significant proportion of small enterprises or sectors with limited inter-firm

mobility.
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é Largest Dual Connected Set: u=2.32, 0=0.66, 5=-0.32

a

All Firms: pu=1.87, 0=0.45, 5=-0.24
1.0
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Figure C.3.3: All Firms and The LDCS Log-Weekly Wage Distributions

Note: 'Distributions generated from the six biennial samples, using the full firm set, and the
largest dual connected set of firms. *14 is the mean of the distribution, o represents the standard

deviation, d represents the average female-male wage gap.
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C.4 Applying Estimated Clusters in a Linear Frame-

work

Here I provide two exercises to show the mixture model can be used as a plugin
estimator of unobserved heterogeneity in a linear regression setting.

First, I employ the estimated firm clusters to estimate firm heterogeneity
contribution to the gender wage gap in a classical AKM-KOB from Card, Car-
doso, and Kline (2016). The novelty is that T keep social identifiers as the worker
plugin estimators, however, I leverage the k-means clusters of firms to avoid
data trimming.

Second, I provide a variance decomposition analysis, comparing classical
AKM decomposition with the clustered AKM provided previously and the
BLM decomposition, where I replace worker social identifiers with their respec-

tive mixture membership.

C.4a Estimating Firm Contribution to the Gender Wage
Gap

Here, I employ the estimated firm clusters in an AKM-KOB classical linear
framework to examine their contribution to the gender wage gap. The advan-
tage of this approach is that by grouping firms with similar wage structures, I
am not required to filter the dual connected set from the data.

The model I employ has strong similarities to the typical AKM framework.
A key distinction lies in the treatment of firm heterogeneity. Instead of utilizing
the standard firm assignment function J (%, t), which maps each worker-year
observation to a specific firm, I introduce cluster assignment function K (3, t).
This function maps worker-year observations to firm clusters, thereby reducing
the dimensionality of the firm entities.

Formally, the wage equation can be expressed as:
Wy = o + w%(“) + X908 + ei (Cr2)

where w;, is the log wage of worker ¢ in year ¢, cv; is the worker fixed effect, ¢ ; 1)
is the effect of the firm cluster to which worker i’s employer belongs in year ¢,
X is a vector of time-varying covariates, and ¢;; is the error term. Superscript
g indicates that I apply the regression to both the male and female samples.

In particular, the key parameter of interest in this analysis is the difference
in firm endowment between male and female workers, derived from the KOB
decomposition. This parameter represents the differential distribution of work-

ers across firm clusters by gender, serving as a preliminary measure of gender-
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specific assortative matching patterns in the labor market, although focusing
solely on firm heterogeneity.

Specifically, I adapt the KOB decomposition to the context of firm cluster
effects, formalizing it as:

ElWl | female] — E[YR; olmale] = (C.13)

J/

VvV
Firm Cluster
Contribution to the
Gender Wage Gap

1
Bargaining: 3 Z (Eican — Yiunlg = ) (Ca4)

zeF,M

N

TV
Unexplained Portion

(Difference in Returns)

1
Sorting: + 7 > (ElYkanlg = F) = Eldfeunlg = M) (Cas)

zeF,M

N J/
-

Explained Portion
(Difference in Distributions)

where the left-hand side of the equation represents the total contribution of
firm cluster effects to the gender wage gap. This contribution is decomposed
into two components: the bargaining effect and the sorting eftect.

The bargaining effect, following the terminology of Card, Cardoso, and
Kline (2016), captures the portion of the gap attributable to differences in the
estimated firm premia between men and women, holding the distribution of
firms constant. This effect is computed as the average of two counterfactuals:
one using the observed female distribution of firms and another using the ob-
served male distribution.

The sorting effect, conversely, measures the portion of the gap that arises
from differences in the distribution of men and women across firm clusters,
assuming gender-neutral firm effects. This is the difference in endowments
of the Oaxaca decomposition. This effect is also computed as the average of
two counterfactuals: one using the estimated male returns to firm clusters and
another using the estimated female returns.

By averaging these counterfactuals for each component, as suggested by
Casarico and Lattanzio (2024), I obtain robust estimates that account for po-
tential sensitivity to the choice of reference group. Unless otherwise specified,
the reported bargaining and sorting effects refer to these averaged estimates.
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' Examples are Cruz and
Rau (2022) and Casarico
and Lattanzio (2024)

*® See Figure C.s.1 for the
estimated premia and the
proportion of hotels and
restaurants per firm class

Normalizing Firm Effects

There is established practice in the AKM literature on gender wage gaps in using
the hotel and restaurant industry as a reference®. This sector is often chosen
due to its typical low wage premia and high turnover rates, suggesting minimal
rents (Card, Cardoso, and Kline, 2016; Coudin, Maillard, and T9, 2018).
Although class 2 firms have a slightly higher proportion of hotels and restau-
rants (1 percent against 0.6 percent in class 1)*°, I argue that class 1 is the most
appropriate reference for several reasons. First, conditional average wages on
firm fluster are fairly linear, with class 1 exhibiting the lowest average wage pre-
mium in my pooled regression, aligning with the theoretical expectation that
the reference group should represent firms offering minimal rents. When em-
ploying the AKM regression with class 1 as the reference, resulting fixed effects

preserve the linear behavior, with no class exhibiting negative estimates.

Oaxaca Decomposition of Firm Cluster Effects

The main findings derived from the estimation of Equation C.12 are summa-
rized in Table C.4.1. These results represent weighted average firm cluster effects
estimates obtained from the six separate biennial samples.

First, considering the overall sample, there is a substantial gender wage gap
of 23.7 log points. Firm-specific factors, in Column (2), are estimated around 3.1
log points. As explained by Card, Cardoso, and Kline (2016), this component
can be interpreted as the difference in rent payment relative to firm class 1. The
component accounts for 13 percent of this total gap.

This contribution can be further decomposed into the sorting component,
the difference in male and female worker distributions considering a gender-
neutral relative rent. In this case, the total difference is evaluated at 2.1log points,
corresponding to approximately 9 percent of the total gender wage gap. Like-
wise, the bargaining channel is the average difference in the estimated premium,
assuming both genders possess the same firm share. This channel is measured
at 1 log point, about 4 percent of the overall gender wage gap.

Following the literature, the lower rows of Table C.4.1 show that the gen-
der wage gap increases dramatically with age, with firms playing a role in this
increase, since for individuals older than so, 23 percent of the 32.6 wage gap
is due to estimated firm class effects. Notably, while the sorting component
remains relatively stable across age groups (ranging from 0.8 to 2.7 log points),
the Bargaining component increases substantially, from o.7 log points for the
youngest group to 4.7 log points for the oldest. This pattern suggests that as
workers age, differences in how firms compensate men and women in similar

positions become increasingly important in explaining the gender wage gap.
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Table C.4.x: Firm Decomposition of the Gender Wage Gap: Overall and by Subgroups

Contribution to Gender Wage Gap

Group Total Gap Firm Sorting Bargaining
Components Components Components
(1) (2) (3) (4)

All —0.237 —0.033 —0.022 —0.01
(0.14) (0.09) (0.04)

By age group:

Up to age 30 —0.092 —0.014 —0.009 —0.005
(0.16) (0.1) (0.06)

Ages 31-50 —0.305 —0.041 —0.029 —0.012
(0.14) (0.09) (0.04)

Over age so —0.326 —0.076 —0.028 —0.048
(0.23) (0.09) (0.15)

By education group:

No High school ~ —0.297 —0.046 —0.035 —0.011
(0.15) (0.12) (0.04)

High school —0.233 —0.021 —0.025 0.004
(0.09) (0.11) (—0.02)

College —0.348 —0.075 —0.03 —0.046
(0.22) (0.08) (0.13)

Notes: " This table presents the decomposition of the gender wage gap into compo-
nents attributable to clustered firm-specific factors, using Equation C.12. Column
(1) shows the total female-male wage gap in means. Column (2) presents the total
contribution of firm-specific factors. Columns (3) and (4) further decompose the
firm premium contribution into a sorting (explained) and a bargaining (unexplained)
components, respectively. *Numbers in parenthesis represent the fraction of the
overall gender wage gap that is attributed to the source described in column heading.
3Results are an weighted average of the six biennial samples.
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*! T reserve the appendix for
a comprehensive analysis
of the AKM model and the
dual connected set require-
ment. See Section C.3.

The analysis by education level reveals a pattern that aligns with findings
from the U.S. labor markets, given the wage gap is more prominent among
college-educated workers (34.8 log points), albeit the smallest among those
with a high school education (23.3 log points). Workers without a high school
diploma fall in between, with a gap of 29.7 log points. Interestingly, the con-
tribution of firm-specific factors to the gap follows a similar pattern, being the
highest for college-educated workers (5.6 log points) and the lowest for high
school graduates (2.8 log points).

For workers without a high school education and those with a high school
diploma, the sorting component dominates the bargaining component. This
suggests that for these groups, the allocation of women across firms plays a
more significant role in the gender wage gap than within-firm differences in
compensation. However, the picture changes for college-educated workers. In
this group, the bargaining component (3.0 log points) marginally exceeds the
sorting component (2.6 log points), indicating that within-firm differences in
compensation between men and women become more pronounced as individ-
uals accumulate human capital. Individuals with higher levels of human capital
tend to be allocated to more specialized occupations, often within larger firms.
However, women may be concentrated at lower paying occupations compared
to male counterparts, resulting in workers with greater human capital accumula-
tion securing positions that ultimately translates into heterogeneous bargaining

effects within large firms.

Other Cluster Choices and Classical AKM

Table C.4.2 presents the robustness analysis of the model, allowing different
cluster choices in the clustered AKM (C-AKM), which is the empirical specifi-
cation of my study, and, for comparison, the classical AKM model. The results
span different levels of firm clustering (K = 4, 6, 8, and 10) in my grouped fixed
effects approach, as well as the traditional AKM and the baseline clustering
under the largest dual connected set.

Under the clustered AKM approach, trimming the data is not required.
However, for traditional AKM settings, it is required to extract the largest dual
connected set for correct identification. This is reflected by the larger total gap
at 31.7 log points, contrasted with the full data 23.7 log points™.

There is a modest but consistent increase in firm components when moving
from K = 4 to K = 6, increasing from 2.4 to 3.1 log points. This trend suggests
that finer firm classifications capture additional nuances in firm-specific contri-
butions to the gender wage gap.
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Bargaining Sensitivity to Cluster Normalization

The bargaining channel, however, is the most sensitive to variations in cluster
choice, becoming the almost sole driving force of my robustness analysis, with
the sorting component practically stable across results. However, it seems that
bargaining estimates stabilize between K = 8 and K = 10, indicating that beyond
a certain point, further granularity in firm classification yields diminishing re-
turns in terms of explanatory power. Interestingly, K = 10 represents the
optimal cluster choice in the gap statistics evaluation® (Tibshirani, Walther,
and Hastie, 2001).

The bargaining channel sensitivity could be attributed to the normaliza-
tion procedure. Slicing firms in the data based on wage distribution similarities
may keep the sorting of male and female workers in the labor market almost
intact, given that women are more concentrated in low-paying firms. However,
it may potentially underestimate rents coming from firms grouped at the low-
est class that are, in fact, different enough to be categorized separately in more
granulated settings. This is confirmed by the striking different estimate com-
ing from running a C-AKM on the LDCS sample. The largest dual connect
set is overrepresented by larger firms, therefore, it is possible that only larger
firms with strong positive rent sharing for men were kept in the sample, severely
underestimating the male worker’s firm component returns.

Therefore, if the researcher desires to commit to the linearity assumption
of AKM leveraging from the benefits of clustering firms, the best practice is
to employ several number of cluster choices to determine the most appropri-
ate configuration. Ideally, it should minimize within-cluster variance, ensuring
that firms within each group are sufficiently homogeneous in their payment
behavior, minimizing the normalization cost. Moreover, it should maintain
enough heterogeneity between clusters to capture meaningful differences be-

tween clusters and provide better economic intuition.
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Table C.4.2: Firm Decomposition: Different Model Specifications

Contribution to Gender Wage Gap

Group Total Gap Firm Sorting Bargaining
Components Components Components

(1) (2) (3) (4)

K=4 -0.237 -0.024 -0.019 -0.005
(0.10) (0.08) (0.02)
K=6 -0.237 -0.031 -0.021 -0.010
(0.13) (0.09) (0.04)
K=8 -0.237 -0.034 -0.022 -0.013
(0.15) (0.09) (0.06)
K = 10 (Baseline) -0.237 -0.033 -0.022. -0.010
(0.14) (0.09) (0.04)
AKM -0.317 -0.046 -0.026 -0.020
(0.14) (0.08) (0.06)
K =10 0nLDCS -0.317 -0.025 -0.027 0.002
(0.07) (0.08) (-o.01)

Notes: 'K represents the number of firm clusters in the grouped fixed eftects models.
*AKM refers to the traditional Abowd, Kramarz, and Margolis (1999) specification
under the largest dual connected set sample. *Numbers in parenthesis represent the
fraction of the overall gender wage gap that is attributed to the source described in
column heading. *Column (1) shows the total female-male wage gap in means. Col-
umn (2) presents the total contribution of firm-specific factors. Columns (3) and (4)
further decompose the firm premium contribution into a sorting (explained) and a
bargaining (unexplained) components, respectively.
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Figure C.s.x: Estimated Effects and Hospitality Industry Proportions Per Firm Class

Note: 'Firm classes estimated through a kmeans clustering algorithm based on the dis-
tribution of logarithmic wages. *Hotels and restaurants extracted from code 55 and 56
of the Brazilian CNAE code of economic activities.
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Note: ' Descriptive statistics calculated from the first year of each biennial sample’s
largest dual connected set (2010-2015). * Percentages may not sum to 100% due to
rounding. > The number of firms is the same for each gender since every firm in the
cleaned sample employs both male and female workers.

Features Female Workers Male Workers

Firm Characteristics

Number of Firms 24 500 24 500
Firms with > 10 Workers 21873 21873
Firms with > so Workers 12835 12835
Mean Firm Size 365 365
Median Firm Size 55 55
Worker Characteristics
Education (%)
Dropout 19 22
High School Graduates 46 41
Some College 35 37
Age (%)
<30 41 38
31-50 51 50
> 51 7 10
Sector of Employment (%)
Primary I 2
Manufacturing 19 28
Construction I 2
Trade 15 Is
Services 65 54
Occupation (%)
Scientific and Liberal Arts Is 16
Technicians 14 14
Administrative 32 19
Managers S 8
Traders 22 19
Rural I 2
Factory 18 23
Labor Market Outcomes
Mean Experience (years) 4.56 5.2.4
Mean log hourly Wage 2.199 2.516
Variance of log hourly Wage 0.639 0.802
Worker-Year Observations 4464 653 4469 690
Number of Workers 1831797 1812494
Gender Fraction (%) 50 50




Table C.s.2: Descriptive Statistics of Lower Firm Classes

class 1 class 2 class 3 class 4 class s
Female Male Female Male Female Male Female Male Female Male

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Number of Firms 74865 74865 101454 101454 83715 83715 79165 79165 80060 80060
Firms with >10 Workers 21976 21976 35851 35851 32126 32126 28479 28479 37413 37413
Firms with >50 Workers 2382 2382 5259 5259 6176 6176 5284 5284 8437 8437
Mean Firm Size 18 18 18 18 22 22 23 23 31 31
Median Firm Size 5 5 6 6 7 7 6 6 9 9
Dropout 0.54 0.52 0.36 0.44 0.28 0.40 0.31 0.40 0.27 0.39
High School Graduates 0.41 0.43 0.57 0.51 0.64 0.54 0.55 0.49 0.60 0.52
Some College 0.05 0.05 0.07 0.05 0.08 0.06 0.14 0.11 0.13 0.09
Age (<30) 0.33 0.40 0.43 0.42 0.45 0.44 0.41 0.39 0.43 0.40
Age 31-50 0.52 0.42 0.46 0.42 0.47 0.42 0.48 0.44 0.48 0.46
Age (>51) 0.13 0.17 0.09 0.14 0.07 0.12 0.09 0.15 0.08 0.13
Primary Sector 0.05 0.09 0.03 0.05 0.02 0.04 0.03 0.05 0.02 0.03
Manufacturing 0.11 0.11 0.16 0.15 0.17 0.18 0.17 0.20 0.27 0.30
Construction 0.01 0.01 0.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01
Trade 0.15 0.22 0.32 0.35 0.51 0.50 0.25 0.29 0.36 0.36
Services 0.68 0.57 0.49 0.44 0.29 0.27 0.54 0.44 0.35 0.31
Scientific and Liberal Arts 0.02 0.02 0.02 0.02 0.02 0.02 0.05 0.04 0.04 0.03
Technicians 0.03 0.05 0.04 0.05 0.04 0.05 0.06 0.08 0.08 0.07
Administrative 0.20 0.14 0.34 0.15 0.39 0.17 0.36 0.19 0.36 0.16
Managers 0.02 0.03 0.03 0.05 0.04 0.06 0.04 0.05 0.03 0.05
Traders 0.56 0.44 0.39 0.40 0.33 0.36 0.32 0.29 0.27 0.29
Rural 0.04 0.10 0.03 0.05 0.02 0.03 0.02 0.05 0.01 0.02
Factory 0.13 0.22 0.15 0.28 0.16 0.32 0.15 0.30 0.21 0.38
Mean experience (years) 2.789 3.031 2.818 3.136 3.238 3.521 3.405 3.959 3.635 4.033
Mean Log-Wage 1.358 1.466 1.514 1.624 1.660 1.775 1.667 1.860 1.806 1.949
Variance of Log-Wage 0.061 0.101 0.058 0.087 0.074 0.117 0.156 0.206 0.113 0.155
Worker-years observations 775686 540010 973659 888531 953073 921694 942303 881295 1143801 1317477
Number of Workers 437700 311953 604485 544422 607113 593804 626618 583517 667466 757214
Fraction of Women 0.59 0.41 0.52 0.48 0.51 0.49 0.52 0.48 0.46 0.54

Table C.s.3: Descriptive Statistics of Upper Firm Classes

class 6 class 7 class 8 class 9 class 10
Female Male Female Male Female Male Female Male Female Male

(] () () (4) (s) (6) (7) (8) (9) (10)
Number of Firms 70196 70196 46 157 46157 25680 25680 17077 17077 7762 7762
Firms with >10 Workers 35405 35405 24479 24479 14465 14465 11627 11627 5347 5347
Firms with >50 Workers 8915 8915 7124 7124 4946 4946 4855 4855 2448 2448
Mean Firm Size 40 40 55 55 81 81 110 110 148 148
Median Firm Size 10 10 10 10 12 12 20 20 20 20
Dropout 0.19 0.31 0.12 0.23 0.07 0.12 0.02 0.05 0.01 0.02
High School Graduates 0.57 0.53 0.52 0.51 0.40 0.43 0.15 0.23 0.08 0.11
Some College 0.24 0.16 0.36 0.26 0.54 0.44 0.83 0.73 0.91 0.87
Age (<30) 0.41 0.37 0.39 0.36 0.39 0.35 0.40 0.33 0.31 0.25
Age 3150 0.50 0.49 0.52 0.51 0.53 0.53 0.52 0.54 0.58 0.60
Age (>s1) 0.08 0.12 0.08 0.11 0.07 0.10 0.06 0.11 0.09 0.13
Primary Sector 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01
Manufacturing 0.29 0.36 0.21 0.34 0.14 0.29 0.12 0.19 0.22 0.27
Construction 0.01 0.02 0.01 0.02 0.01 0.02 0.02 0.02 0.01 0.02
Trade 0.23 0.25 0.16 0.21 0.12 0.15 0.08 0.08 0.13 0.13
Services 0.47 0.36 0.61 0.43 0.72 0.53 0.78 0.70 0.63 0.58
Scientific and Liberal Arts 0.09 0.06 0.14 0.10 0.23 0.17 0.32 0.31 0.36 0.36
Technicians 0.13 0.12 0.19 0.15 0.23 0.20 0.13 0.17 0.14 0.17
Administrative 0.34 0.18 0.34 0.19 0.33 0.21 0.36 0.23 0.29 0.19
Managers 0.04 0.05 0.04 0.05 0.06 0.08 0.11 0.14 0.16 0.21
Traders 0.21 0.20 0.16 0.16 0.10 0.11 0.06 0.06 0.04 0.04
Rural 0.00 0.01 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00
Factory 0.19 0.39 0.12 0.34 0.06 0.23 0.02 0.09 0.01 0.03
Mean experience (years) 4.264 4.687 4.664 5.089 5.049 5.567 5.367 6.218 5.889  6.418
Mean Log-Wage 1.990 2.162 2.258 2.399 2.575 2.729 2.986 3.201 3.497  3.749
Variance of Log-Wage 0.210 0.253 0.302 0.340 0.377 0.463 0.374 0.470 0.416 0.479
Worker-years observations 1263982 1561044 1168436 1361439 990776 1080347 819258 1051482 472259 680152
Number of Workers 675731 823446 587173 686629 449740 499661 334985 427467 179633 251992
Fraction of Women 0.45 0.55 0.46 0.54 0.48 0.52 0.44 0.56 0.41 0.59
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Table C.s.4: Descriptive Statistics of Lower Worker Types

type1 type2 type3 type 4 typess
Female Male Female Male Female Male Female Male Female Male

(1) (=) () (4) (5) (6) (7) (8) (9) (10)

Number of Firms 142765 115262 195800 167929 244655 237647 160499 173160 170689 213850
Firms with >10 Workers 18551 18551 37529 37529 73454 73454 33732 33732 54100 54100
Firms with >50 Workers 2262 2262 5428 5428 12445 12445 5354 5354 9744 9744
Mean Firm Size 7 7 9 9 14 14 9 9 13 13
Median Firm Size 2 2 3 3 4 4 3 3 3 3
Dropout 0.44 0.46 0.35 0.41 0.30 0.38 0.28 0.35 0.16 0.33
High School Graduates 0.51 0.49 0.57 0.52 0.61 0.54 0.57 0.51 0.58 0.53
Some College 0.05 0.05 0.08 0.07 0.09 0.07 0.15 0.14 0.26 0.13
Age (<30) 0.40 0.52 0.46 0.55 0.45 0.49 0.41 0.41 0.44 0.39
Age 31-s0 0.47 0.33 0.44 0.33 0.46 0.38 0.48 0.44 0.48 0.48
Age (>s1) 0.11 0.13 0.08 0.11 0.08 0.12 0.09 0.13 0.07 0.12
Primary Sector 0.04 0.06 0.02 0.04 0.02 0.03 0.02 0.04 0.01 0.03
Manufacturing 0.17 0.17 0.20 0.20 0.23 0.24 0.20 0.24 0.21 0.27
Construction 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.02
Trade 0.21 0.29 0.29 0.34 0.33 0.34 0.26 0.29 0.26 0.28
Services 0.57 0.47 0.47 0.41 0.42 0.38 0.51 0.42 0.52 0.41
Scientific and Liberal Arts 0.01 0.01 0.02 0.02 0.02 0.02 0.04 0.04 0.07 0.04
Technicians 0.04 0.05 0.04 0.06 0.05 0.06 0.08 0.07 0.14 0.11
Administrative 0.27 0.21 0.34 0.22 0.36 0.19 0.37 0.18 0.42 0.19
Managers 0.01 0.01 0.01 0.02 0.02 0.03 0.03 0.05 0.04 0.03
Traders 0.47 0.38 0.38 0.36 0.33 0.34 0.31 0.28 0.18 0.23
Rural 0.04 0.07 0.02 0.04 0.02 0.04 0.02 0.04 0.00 0.02
Factory 0.16 0.26 0.18 0.29 0.20 0.32 0.16 0.34 0.14 0.37
Mean experience (years) 2.552 2.510 2.645 2.530 3.034 2.993 3.517 3.765 4.190 4.230
Mean Log-Wage 1.395 1.433 1.519 1.550 1.624 1.692 1.770 1.955 2.016 2.028
Variance of Log-Wage 0.032 0.037 0.052 0.062 0.061 0.174 0.248 0.463 0.057 0.054
Worker-years observations 742040 429828 1233122 834399 2216912 1829454 951776 999212 1378256 1865438
Number of Workers 634290 383994 1006451 710878 1517927 1330372 808545 854727 990969 1316173
Fraction of Women 0.63 0.37 0.60 0.40 0.55 0.45 0.49 0.51 0.42 0.58

Table C.s.s5: Descriptive Statistics of Upper Worker Types
type 6 type7 type 8 type 9 type 10
Female Male Female Male Female  Male  Female  Male  Female  Male

@) (2) () (4) (5) (6) (7) (8) (9) (10)

Number of Firms 132151 167588 87574 115373 51576 62286 29157 39610 14021 21175
Firms with >10 Workers 40967 40967 32009 32009 15816 15816 11785 11785 6470 6470
Firms with >s0 Workers 7489 7489 6674 6674 3481 3481 2998 2998 1676 1676
Mean Firm Size 13 13 15 15 15 15 21 21 22 22
Median Firm Size 3 3 3 3 2 2 3 3 3 3
Dropout 0.12 0.26 0.05 0.18 0.03 0.08 0.01 0.04 0.00 0.01
High School Graduates 0.43 0.48 0.28 0.40 0.14 0.25 0.07 0.15 0.04 0.07
Some College 0.45 0.26 0.67 0.42 0.83 0.67 0.92 0.82 0.96 0.92
Age (<30) 0.38 0.32 0.35 0.29 0.28 0.24 0.19 0.17 0.08 0.08
Age 3150 0.53 0.54 0.56 0.57 0.62 0.61 0.68 0.66 0.73 0.69
Age (>s1) 0.07 0.13 0.07 0.12 0.09 0.13 0.11 0.15 0.16 0.21
Primary Sector 0.01 0.02 0.00 0.01 0.01 0.01 0.00 0.01 0.00 0.01
Manufacturing 0.16 0.28 0.15 0.29 0.16 0.28 0.18 0.29 0.18 0.26
Construction 0.01 0.02 0.01 0.02 0.01 0.02 0.02 0.02 0.01 0.02
Trade 0.19 0.23 0.14 0.18 0.12 0.14 0.11 0.13 0.12 0.13
Services 0.64 0.45 0.69 0.50 0.71 0.55 0.69 0.56 0.67 0.58
Scientific and Liberal Arts 0.17 0.09 0.31 0.18 0.42 0.31 0.44 0.38 0.38 0.36
Technicians 0.22 0.15 0.22 0.20 0.15 0.19 0.11 0.17 0.07 0.09
Administrative 0.35 0.19 0.29 0.19 0.22 0.15 0.19 0.13 0.15 0.10
Managers 0.06 0.06 0.08 0.08 0.12 0.13 0.20 0.20 0.38 0.41
Traders 0.13 0.16 0.07 0.11 0.08 0.08 0.05 0.05 0.02 0.03
Rural 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Factory 0.07 0.33 0.03 0.24 0.01 0.12 0.01 0.06 0.00 0.02
Mean experience (years) 4.943 5.413 5.684 6.145 6.201 6.661 7.124 7.294 8.331 8.247
Mean Log-Wage 2.347 2.400 2.789 2.765 3.196 3.272 3.624 3.662 4.157 4.226
Variance of Log-Wage 0.200 0.202 0.074 0.080 0.232 0.213 0.080 0.085 0.103 0.131
Worker-years observations 1058198 1467569 901644 1216454 486706 666147 373527 612301 161052 362669
Number of Workers 724998 996335 529627 728982 315684 437215 216089 351364 91719 200886
Fraction of Women 0.42 0.58 0.43 0.57 0.42 0.58 0.38 0.62 0.31 0.69
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Table C.5.6: Wage Levels for Males and Females under Different Scenarios

Baseline Separable Constant Constant Firm
Market Returns Allocation
Group Female Male Female Male Female Male Female Male
(1) ) G @ 6 (6 @) (8

All 2.10 2.33 2.11 2.30 2.16 2.25 2.19 2.22
FEducation
No HS 1.62 1.92 1.65 1.92 172 1.84 .77 1.80
HS 1.90 2.14 1.92 2.13 1.97 2.07 2.01 2.04
College 2.92 3.27 2.87 3.17 2.94 3.10 3.00 3.03
Age
<30 .97 2.06 1.98 2.06 2.01 2.03 2.01 2.03
31-50 2.18 2.49 2.18 2.44 2.25 2.38 2.30 2.33
50> 2.09 2.42  2.08 2.36 2.15 2.29 2.21 2.24
Firm Size
Firms <10 1.66 1.78 1.65 .77 1.70 L72 1.70 173
Firms 10-50 .77 1.90 .77 1.90 1.82 1.85 1.83 1.84
Firms s1> 1.78 1.99 1.79 1.96 1.83 L.9I 1.86 1.88
Occupations

Hotel and Restaurants 1.62 1.74 1.62 1.74 1.71 1.67 1.67 1.70
Engineers & Economists 2.91 3.30 2.88 3.23 2.98 3.13 3.03 3.08
Managers 3.03 3.35 2.90 3.12 2.96 3.05 2.99 3.02

Notes: 'All values represent base wages in log scale. *Baseline is observed wages. 3Separable Market
assumes no complementarity in worker-firm interactions. *Constant Returns equalizes means and
variances of realized worker-firm interactions. >Constant Firm Allocation equalizes firm-specific proba-
bilities.
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