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Abstract
This paper studies the long run effects of trade liberalizations on income volatility and occupational mobility. In order to so, first we estimate time-varying measures of regional income
volatility using longitudinal data for workers’ earnings. Second, we use the Brazilian occupation’s classification system (coupled with machine learning text analysis) to create an aggregate
measure of regional occupational mobility. The latter not only measures the extensive margin
(% of workers switching occupation) but also takes into account the skill distance between occupation switches. Due to its unique set of features, we focus our attention on the Brazilian trade
liberalization of the beginning of the 1990s. We use data on regional tariffs reductions to study
the long terms effects of a greater exposure to the trade shock on regional income volatility and
occupational mobility.
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1. Introduction
In the past decades, trade and capital liberalizations have made the world more commercially and
financially integrated than ever before. Since David Ricardo, economists have often pointed out
the benefits of greater trade openness- namely efficiency gains, increased productivity and higher
consumer surplus- but, more recently though, have also started studying the social costs of such
policies and their impact on local labor markets. The empirical analyses have mostly focused
on the effects of trade liberalizations on average earnings, obtaining mixed results. For some
trade liberalizations in countries with an adequate institutional quality, average earnings increased,
but for others not meeting those requirements, specially in the developing world in general and
Latin America in particular, average earnings actually decreased (Dix-Carneiro and Kovak (2017)).
Significant attention has also been placed in studying the effects of trade openings on income
inequality. In contrast, however, little is known about the effects of tariff reductions on income
volatility or occupational mobility. Moreover, to the extent of our knowledge, an analysis on the
long-run effects of a higher exposure to trade on these two outcomes is still pending. This is the
specific empirical question this paper aims to answer.
Income volatility and occupational mobility are very important adjustment costs that the local
economy incurs while adapting to the trade shock. Understanding them better, specifically knowing
if these costs persist over time or fade away after the trade reform, would greatly help in the
formulation of trade policy. Following the literature, we define income volatility (also referred to as
income risk by some authors) as the variance of the unpredictable component of my income (Krebs
et al. (2010)). It is well known that for risk-averse agents higher uncertainty on their income stream,
ceteris paribus, results in a higher welfare loss.
So far, the empirical literature has focused on analyzing the contemporaneous effects of tariff
reductions on income volatility. Such analyses have been conducted for Mexico (Krebs et al. (2010))
and the US (Krishna and Senses (2014)) and both have detected that a higher exposure to trade
in a particular year (i.e. a smaller tariff) is associated with greater income volatility in that same
year. This negative association coincides with the predictions of theoretical models on the topic
such as Rodrik (1998). Besides the clear short-term reallocational effects that the trade reform
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introduces into the regional economy, which translate into higher income volatility, Rodrik (1998)
additionally argues that increased foreign competition increases the elasticity of goods and labor
demand. The latter could potentially translate into permanently higher income volatility and
occupational mobility.
The almost unique features of the Brazilian trade liberalization in the early 1990s make it
ideal to study the long term effects of trade liberalization on local labor markets. First, the
trade liberalization was unilateral and unexpected. It effectively began on March 1990, when the
newly elected administration of President Collor suddenly removed nearly all of the special customs
regimes. A subsequent process of “tariffication” followed, as the special custom regimes and the list
of suspended import licenses were replaced by a set of import tariffs, providing the same protective
structure (de Carvalho (1992)). This has the advantage that tariffs were the sole instrument of trade
policy and thus accurately reflect the degree of protection faced by Brazilian producers. Second, it
involved large declines in trade barriers -average tariffs fell from 30.5% at the beginning of 1990 to
12.8% after 1995- and there was also significant inter-industry heterogeneity in the cuts (Kume and
de Souza (2003)). Third, and perhaps one of the most important characteristics to study long-term
effects on local labor markets, there was relative steadiness in the tariffs post 1995. This proofs very
useful and it is not the case in many studies of trade. For instance, Autor et al. (2014), who study
the effects of growing trade between China and the US, continuously emphasize that the evolving
nature of Chinese trade acts as a confounder and precludes studying the dynamic response to a
trade shock.
The rest of this paper is organized as follows. Section 2 presents the two main data sources
used in this paper. Sections 3, 4 and 5 explain the methodologies to measure regional tariff reduction, regional income volatility and regional occupational mobility, respectively. Section 6 presents
the main econometric specification and the assumptions for identification. Section 7 contains the
empirical results and finally Section 8 concludes.
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2. Data
2.1. Definition of Regions in Brazil:

To identify local labour markets in our analyses, we

follow the definition of micro-regions (referred to as “regions” herein thereafter) of the Brazilian
Statistical Agency (IBGE in Portuguese). This definition groups contiguous economically integrated
municipalities with similar geographic and productive characteristics into 475 regions in our period
of study. Municipalities can be viewed as the Brazilian equivalent of US counties. This definition
performs well based on Brazilian commuting patterns, as only 3.4 and 4.6 percent of individuals
lived and worked in different markets in 2000 and 2010, respectively.

2.2. Relação Anual de Informações Sociais (RAIS) Our data for the regional labor market outcomes required for measuring both regional income volatility and occupational mobility
comes from the Relação Anual de Informações Sociais (RAIS). This dataset is an administrative
census conducted on a yearly basis by the Brazilian Ministry of Labor (Ministério do Trabalho in
Portuguese), spanning the period 1986-2018. The data is composed of job records that include:
worker, firm and establishment identifiers (which allows tracking them through time); worker- level
information such as age, education (discretized into 9 categories), and December earnings; and
establishment-level information including municipality (the Brazilian equivalent of a US county),
number of employees and industry.
Precisely submitting information to the RAIS is strongly enforced by the Brazilian government.
For workers to receive payments from several government benefits programs, their respective employers need to duly submit their information. Moreover, failure to report results in fines for firms
so there are strong incentives for both agents to provide accurate information. Nearly all formally
employed workers are included in the RAIS, i.e. those with a signed work card granting them access
to the benefits and labor protections of the legal employment system. This gives the RAIS representativeness at very fine geographic levels. This feature, coupled with the long period spanned by
RAIS, makes it ideal to study the dynamics of adjustment to the trade liberalization shock. Not
surprisingly, this data has been used by several papers studying the Brazilian labor market, such
as Dix-Carneiro and Kovak (2017); Dix-Carneiro and Kovak (2015); Dix-Carneiro (2014); Helpman
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et al. (2017); Krishna et al. (2014); Lopes de Melo (2018); and Menezes-Filho and Muendler (2011),
though these papers utilize shorter panels than us.
Despite its advantages, the data has the limitation that it does not contain information on
workers who are not formally employed, a common problem in most official administrative data
in developing countries. This means that the self-employed, domestic workers, interns and other
minor employment categories are omitted, along with those without signed work cards. Thus, it is
impossible to tell whether a worker who is missing in the RAIS is currently out of the labor force,
unemployed, informally employed, or self- employed. This is a limitation in the Latin American
context in general and in the Brazilian one particular, where informality rates often exceed 50%
percent of all employed workers according to the Brazilian Demographic Census. In the light of
this, our result should not be interpreted as representative of the whole Brazilian labor force but
only of its portion that works in the formal sector.

2.3. Classificação Brasileira de Ocupações (CBO):

Our data on the skill content of the

different occupations found in RAIS comes from Brazil’s occupational classification system, the
Classificação Brasileira de Ocupações (CBO), assembled and updated by the Brazilian ministry of
labor. This classification groups occupations into classes by analogue of their content, describing
in detail the tasks generally required in the occupation and the essential conditions for competent
performance. There are three editions of it: 1994, 2002 and 2010. We utilize the first one since it
is the closest one to the trade liberalization at the beginning of the decade of 1990. In particular,
we make use of the mapping in Muendler et al. (2004) from CBO to the international standard
classification ISCO-88 (International Standard Classification of Occupations).
Specifically, the CBO provides for each occupation (up to a 4-digit CIIU level of disaggregation):
a detailed list of the activities performed in it; the skills and educational level required for minimal
proficiency; the resources, equipment, and utensils employed; and the 6-digit CIIU code of the
occupations that compose it. We present below an illustrative example for a typical occupation in
the CBO.
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2.3.1. Example: Electrical/Electronic Engineers: CIIU Code: 2143. Description: Execute
electrical, electronic and telecommunications services; Install, administer and inspect systems and
equipment; Study electrical, electronic and telecommunication processes... Formation and Experience: Formation in Electric, electronic or telecommunications engineering; on average, 4 years of
experience for engineers... Resources: Internet access, e-mail...Occupations: 2143-05 Electrical
engineer; 2143-10 Electronic Engineer...

3. Regional Tariff Reduction
We follow the literature that analyzes the regional effects of trade by comparing the trends of
labor market outcomes -income volatility and occupational mobility specifically- across regions
facing heterogeneous tariff declines. Even though sectorial tariff declines were fixed at a national
level for the Brazilian trade liberalization (as they typically are in most of these trade reforms),
differences in the sectorial compositions of regional employment will cause the trade shock to
transmit heterogeneously to local labor markets.
To operationalize this regional shock measure, we use the concept of “Regional Tariff Reduction”
introduced by Dix-Carneiro and Kovak (2017) and based on the specific-factors model of regional
economies in Kovak (2013):
RT Rr = −

X

βr,k [ln(1 + τk,1995 ) − ln(1 + τk,1990 )]

k

where τk,t is the tariff in industry k in year t, calculated each by Kume (1998). Figure 1, from the
same authors, shows the heterogeneous reductions in aggregate tariffs across different industries.
The coefficients βr,k =

λr,k · φ1
k
P
1
i λr,i · φ

are composed of: first, λr,k , industry k’s pre-liberalization share

i

of regional labor (obtained from the 1991 Demographic Census), and second, φk , industry k’s preliberalizalization cost share of non-labor factors. The latter is obtained from the 1990 National
Accounts (assembled by the IBGE institute). To simplify the interpretation of our results, by
construction the RT Rr is more positive in regions facing larger tariff reductions, as was the case for
most regions during the liberalization. Figure 2, from Dix-Carneiro and Kovak (2017), illustrates
the geographic variation of the RT Rr and its substantial intra-state variation (states are in bold
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black). As will be seen below, this intra-state variation provides the identifying power in our
empirical analyses.
Figure 1: Aggregate Tariff Reductions per Industry

4. Regional Income Volatility
Our data data provides us with December earnings of individuals. As in previous empirical work on
measuring income volatility, we assume that the log of this labor income of individual i, employed
in firm j, located in region r, during period t, is given by the following Mincer equation:
0
log yi,j,r,t = αj,t + βt,r
· xi,j,t + ui,j,r,t
0 is a vector of time-varying regionWhere xi,j,t is a vector of worker observable characteristics, βt,r

varying returns to those characteristics, αj,t is a firm time-varying fixed effect, and ui,j,r,t is a
stochastic error term. The latter captures individual income changes not explained by variations in
observable worker characteristics or their market returns and thus measures the unpredictable part
of changes in individual labor income. The vector of returns is assumed constant between firms
7

Figure 2: Geographic Variation of the RT Rr

of the same region to ensure that the number of observations is large compared to the number of
parameters to be estimated. This is a necessary condition required for identification.
Following the literature on the modelling of labor income processes (see Guvenen (2007) for
further reference) and the prior literature on measuring income volatility and risk (Krebs et al.
(2010), Storesletten et al. (2004), Gottschalk et al. (1994), and Carroll and Samwick (1997) among
others), the stochastic term is further decomposed into a permanent component ωi,j,r,t and a fully
transitory one ηi,j,r,t :
ui,j,r,t = ωi,j,r,t + ηi,j,r,t
The permanent component is modelled as fully persistent and thus assumed to follow a random
walk:
ωi,j,r,t = ωi,j,r,t−1 + εi,j,r,t
where the innovation terms are assumed to be serially independent and following normal marginal
2 ). In line with the literature, the variance of the
distributions of the form: εi,j,r,t ∼ N (0, σr,t
2 , is the measure of income volatility in region r at time t.
permanent components, σr,t
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On the other hand, the transitory component has no serial persistence and is consequently
2 ).
modelled as serially independent normally distributed random variables, i.e.: ηi,j,r,t ∼ N (0, σ̃r,t

The inclusion of this component is very important in the measurement of income volatility as it
isolates temporal income shocks and measurement error. Not doing so, would lead to upward bias
in the estimation of income volatility for the region.
2 is based on the GMM estimator proposed by
4.0.1. Estimation: The estimation procedure of σr,t

Krebs et al. (2010). To derive the moment conditions of the estimator, first consider the change in
the stochastic component of income for individual i between periods t and t + s:
∆s ui,j,r,t = ui,j,r,t+s − ui,j,r,t = εi,j,r,t+1 + εi,j,r,t+2 + · · · εi,j,r,t+s + ηi,j,r,t+s − ηi,j,r,t
Under the distributional assumptions imposed on the innovation terms, we obtain the following
expression for the variance of these income changes:
2
2
2
2
2
Var[∆s ui,j,r,t ] = σr,t+1
+ σr,t+2
+ · · · + σr,t+s
+ σ̃r,t
+ σ̃r,t+s
2 and σ̃ 2 , using as
We use these expressions as moment restrictions to estimate the parameters σr,t
r,t

sample analogs the moment conditions that are formed by using the estimates of ui,j,r,t obtained as
residuals from the Mincer equation specified above, as suggested by Meghir and Pistaferri (2004).
As we can choose the range of s freely, the system will be typically overidentified. In line with the
literature, we utilize as weighting matrix in the GMM specification the identity matrix1 because,
as shown by Altonji and Segal (1996), this estimator has a better small sample performance than
the typical two-stage optimal weighting matrix GMM estimator. Thus the GMM estimator is
equivalent to minimizing:
X

2 X
2
2
2
2
2
Var[∆s ui,j,r,t ] − (σr,t+1
+ σr,t+2
+ · · · + σr,t+s
+ σ̃r,t
+ σ̃r,t+s
) ≡

t,s

The corresponding first order conditions are thus given by:
P
∂
2 = 0,
∂σr,t
1

P
∂
2 = 0 ∀t
∂ σ̃r,t

Commonly known as the Equally Weighted Minimum Distance estimator (EWMD).
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Our objective function is quadratic and this implies that the first order conditions associated with
2 and σ̃ 2 . As a consequence, the system
the minimization problem are linear in the parameters σr,t
r,t

of equations can be organized into a linear equation system of the form:
Aσ = b,
where σ = (σ22 , σ32 · · · σT2 , σ̃22 · · · σ̃T2 ) is a (2T − 1)-vector of parameters, A is a matrix of dimensions
(2T − 1) × (2T − 1) with entries 0 and 1 (entry (i, j) indicating if parameter σi2 is in the FOC of σj2 ),
and finally b is (2T − 1)-vector which can be expressed as sums of the variances of income changes.
Thus, a solution can be easily be obtained through matrix inversion: σ = A−1 b.

5. Regional Occupational Mobility
We focus our measurment of regional occupational mobility in two indicators. First, a purely
extensive one, sr,t , defined as the % of workers changing occupation in region r at time t. The
second one tries to account for the skill distance between the occupations adapting the methodology
in Gathmann and Schönberg (2010). In the latter, the authors argue that not all occupational
switches are equivalent since some involve a greater loss in previous human capital accumulated as
the new tasks required are very different from the ones previously performed. A simple example
illustrates this point: a worker switching from a baker to a chef will not incur in a human capital
loss as large as a worker switching from being a banker to a construction worker.
To formalize the notion of skill distance let occupation O be characterized by vector:
qO = (qO,1 ; qO,2 ; · · · qO,T )
where qO,i is the intensity of task i in occupation O and T the total number of tasks considered.
Gathmann and Schönberg (2010) define this intensity as the % of workers in occupation O performing task i. They obtain this data from the German Qualification and Career Survey (GQCS)
as illustrated by Figure 3 (from Gathmann and Schönberg (2010)). Subsequently, they define the
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distance between occupations O and O0 as 1 minus the angle between vectors qO and qO0 :
P

i qO,i qO0 ,i
P 2 1/2
2
j qO,j ×
k qO,k

DistO,O0 = 1 − AngO,O0 = 1 − P

Unfortunately, such information on the % of workers perfoming a particular occupation cannot be
found in the Brazilian CBO. However, thanks to the rich description of the activities composing an
occupation found in the CBO, we can still adapt this methodology.
Figure 3: Example of the German Qualification and Career Survey

First, we begin by classifying each activity into one of the T tasks defined via text analysis, as
done by Mihaylov and Tijdens (2019) for the ISCO data. Second, we redefine intensities, q̃O,i , as
the % of activities in task i for occupation O. Third and finally, we adjust distances accordingly:
P

i q̃O,i q̃O0 ,i
P 2 1/2
2
j q̃O,j ×
k q̃O,k

g O,O0 = 1 −
Dist
P

g O,O0 and DistO,O0 are close to one another in the GQCS
As a robustness check, we can verify if Dist
data.
g O,O0 travelled by all
Our aggregate measure of regional occupational mobility is the average Dist
workers in region r at time t.
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6. Main Econometric Specifications
We estimate the following impulse response functions (IRFs) to compare the evolution of a local labor market outcome ωr,t , specifically income volatility or occupational mobility, to different
exposure levels to the trade shock. I.e.:
ω̂r,t − ω̂r,1991 = θt RT Rr + Γ0 Zr,t + γt · (ω̂r,1990 − ω̂r,1986 ) + αs,t + εr,t

(6.1)

where each IRF is sperately estimated for each t ∈ {1992, 1993 · · · 2017}. The local labor market
2 for income volatility, s
outcome ωr,t is either σ̂r,t
r,t for the purely extensive margin of occupational

mobility, or mr,t for occupational mobility taking into account skill distance between occupations.
On the right hand side, RT Rr is the regional tariff reduction between the years 1990-95, Zr,t is a
vector of regional controls, and αs,t are state time-varying fixed effects.
The coefficients θt are our parameters of interest. For each of our local labor market outcomes,
θt quantifies the cumulative local effect of the reduction in tariffs for every year after the beginning
of the trade liberalization. This sets apart our analysis from the previous literature that has
focused its attention on the contemporaneous effect of trade liberalizations on income volatility
and occupational mobility.

6.0.1. Tariff cuts’ exogeneity: To consistently estimate θt by OLS, the unobserved error term
εr,t in (1) must be uncorrelated with RT Rr conditional on the state time-varying fixed effects and
the pre-trend control. A violation of this identification assumption would imply the omission of
a confounding variable that (i) affects income volatility or occupational mobility across regions
within a state, and (ii) is correlated with the tariff reduction, but (iii) is not captured by the preliberalization outcome trend. We argue that, due to the nature of the Brazilian trade liberalization,
this variable is unlikely to exist.
First of all, tariff reductions are almost perfectly negatively correlated (-0.9) with the preliberalization tariff levels beacuse, as shown in Figure 4 (from Chandra (2009)), tariff reductions
were mainly aimed to equalize tariff levels across sectors. Taking into account that, as argued by
Kume and de Souza (2003), these tariff levels date back to 1957 is hard to belief that endogeneity
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in RT Rr could come from the tariffs. Second, if there was any confounding variable influencing
both the tariff reduction and the the dynamic of income volatility or occupational mobility it would
almost surely be captured by the pre-liberalization outcome trend. We nonetheless conduct several
robustness checks to a wide variety of potential confounders and alternative specifications.
Figure 4: Average Tariffs in Brazil by Sector

7. Results
[In progress]
We apologize for being unable to present the empirical results. RAIS has been extremely difficult
to handle (500 GBs!) even with the Bluehive. We’ll provide results as soon as we have them and
hopefully before the end of the summer.

8. Conclusions and Steps to Follow
The features of the Brazilian trade liberalization, such as (i) its unexpected nature, (ii) its clean
start and ending, (iii) its exogeneity, (iv) its previous “tarification”, and (v) the fact that it was
unilateral, make it ideal to study the long-run effects of tariff reductions on labor market outcomes.
This paper focuses on two typically overseen measures of the local economy’s adjustment to the
trade shock: Income volatility and occupational mobility.
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Up to now, the empirical literature has focused on the contemporaneous effects of tariff reductions on income volatility and occupational mobility but the long-run effects are yet to be
understood. Since both of these outcomes can be seen as adjustment costs of the local economy,
in terms of welfare loss due to higher income risk or human capital loss derived from more occupational switches, then it is very important to understand if they fade away after the liberalization
or they persist over time. It is, in our opinion, a fundamental question to guide trade policy.
As for the steps to follow, we would like to first obtain the empirical results. Second, study
potential mechanisms through which tariff reductions affect our chosen outcome variables. Third
2 and m
and finally, try to monetize σ̂r,t
r,t to help make their units more easy to interpret.
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