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Abstract

This dissertation examines the dynamics of structural transformation and employment

structure in developing countries, the impact of trade liberalization on these dynamics, and,

finally, the empirical methods used to estimate this impact. In the first chapter, I document

that while structural transformation out of agriculture has historically entailed a transition

from self-employment to wage employment, sub-Saharan Africa has diverged from this

pattern in having a particularly high level of self-employment. I provide some evidence

that this could be due to variation in the drivers of structural transformation across regions,

namely an increase in agricultural productivity or natural resource export earnings, rather

than an increase in non-agricultural productivity. In the second chapter, I study the impact

of trade liberalization on regional structural transformation and industrialization in Brazil. I

show that Brazil’s import tariff reductions in the early 1990s actually had a positive impact

on manufacturing labor demand, accelerating the transition out of informal agriculture, and

reallocating employment towards manufacturing and formal services rather than informal

services. In the final chapter of the dissertation, I apply a critical lens to Bartik-style regional

trade shocks, the empirical method used to estimate the regional effects of trade policy. To

ensure that the interpretation of the results are consistent with the underlying theory, I

propose a simple test that checks for consistency between industry-level and regional-level

outcomes. I then demonstrate the application of the test in the context of trade liberalization

in Brazil.
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Introduction

Structural transformation away from agriculture is a universal feature of economic devel-

opment, and one that is uniquely vast in scope and comprehensive in its implications.

Centuries after it first started to accelerate, there is still much that we do not know about this

process, including why it has been unfolding so differently in sub-Saharan Africa and other

regions compared to the historical experience of now-developed countries. My dissertation

seeks to understand the different causes of structural transformation, as well as how those

causes ultimately affect the types of employment that are available in the non-agricultural

sector. In addition to contributing to the relatively limited empirical literature on this subject,

I also suggest improvements to the very empirical methods that are commonly used for

studying the impact of of policies on regional outcomes such as structural transformation.

In the first chapter of the dissertation, I examine the relationship between structural

transformation and employment structure in a cross-country setting. The transition out of

agriculture has historically entailed a transition from self-employment to wage employment

within the non-agricultural sector. I assemble a dataset of cross-sectional data from 79

countries and longitudinal data from 54 countries, however, that indicates marked regional

heterogeneity in this pattern. In particular, structural transformation has resulted in a

very high level of self-employment in sub-Saharan Africa relative to Southeast Asia. In a

two-sector general equilibrium model, I show how this disparity can arise from variation

in the drivers of structural transformation across regions. When structural transformation

is caused by an increase in agricultural productivity or an income endowment such as

natural resource export earnings, rather than an increase in non-agricultural productivity,
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non-agricultural wage employment may stagnate or even decline. A panel analysis using

data on sectoral productivity and natural resource rents, while far from conclusive, lends

some support to these mechanisms.

In the second chapter of the dissertation, I delve into the dynamics of structural transfor-

mation in Brazil in order to shed greater light on the factors that shape the transition out of

agriculture, and particularly those that foster industrialization. I study the impact of trade

liberalization, an exogenous shock to manufacturing labor demand, on regional structural

transformation. I show three things: first, in contrast to other recent work, Brazil’s import

tariff reductions actually had a positive impact on manufacturing labor demand. Secondly,

this shock accelerated the pace of structural transformation, particularly out of informal

agriculture. Finally, it had an even more profound influence on the type of structural trans-

formation that a region undergoes, with labor reallocating more towards manufacturing and

formal services than informal services. In sum, these patterns are characteristic of the labor

"pull" mechanism of industrialization-led structural transformation, which has historically

played an important role in economic development, but which has arguably grown weaker

in certain developing regions in recent decades.

In the final chapter of the dissertation, I scrutinize the empirical methods I use in the

second chapter. Bartik-style regional trade shocks are used in a highly influential literature

to estimate the exogenous impact of trade openness on regional labor market outcomes.

These measures of regional trade exposure are intuitively constructed as weighted averages

of industry-level trade shocks, such as tariff changes, with regional industry employment

shares as the weights. I show that the trade model that motivates this approach also implies

that within each region, the industry-level trade shocks should have a proportional effect

on industry-level labor demand. To ensure that the interpretation of the regional-level

results is consistent with the underlying theory, I propose an industry-level mechanism

test, which compares the results of the industry-level and regional-level regressions. If they

are not consistent, it is likely that either the proposed mechanism of transmission from

the industry-level shocks to regional labor demand is incorrect, or that the regional-level

2



regression is econometrically misspecified. I demonstrate the application of the test in the

context of trade liberalization in Brazil.

3



Chapter 1

Structural Transformation and

Heterogeneity in the Rise of

Non-Agricultural Wage Employment

1.1 Introduction

Structural transformation, the reallocation of economic activity out of agriculture, is re-

gaining its former prominence in development economics (Lewis, 1954; McMillan et al.,

2014; Bustos et al., 2016). In this paper I explore its relationship to another major feature of

economic development: the shift from self-employment to wage employment within the

non-agricultural sector.

Self-employment is a pervasive, historically persistent phenomenon in developing coun-

tries. Lewis (1954) observed the ubiquitous presence of “petty retail trading” and “the young

men who rush forward asking to carry your bag as you appear”, to which one could also

add the legions of tailors, scrap metal workers, street food vendors, and taxi drivers. Only a

small proportion of these self-employed workers have employees; most are own-account

self-employed, which is consistent with the observation in De Mel et al. (2016) that the

modal firm in a developing country is a microenterprise consisting of one self-employed
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worker.

In contrast, the vast majority of workers in developed countries work for a wage or a

salary, typically in organizations with more than one employee. Structural transformation

via industrialization created mass employment in factories, although the majority of non-

agricultural workers, then as now, work in the services sector, in restaurants, grocery chains,

auto repair shops, construction companies, hospitals, schools, or government. Relatively

few workers in developed countries are classified as own-account self-employed.1

But is this the fate of all countries as agriculture shrinks? To answer this question,

I collect cross-sectional data from 79 countries and longitudinal data from 54 countries

spanning almost all developed and developing regions. To my knowledge, this is the only

dataset of this kind that tracks wage employment over time. To start, I confirm that as

of the 2000s, there was in fact a strong cross-sectional correlation between the level of

structural transformation, as measured by the share of non-agricultural employment, and

the proportion of wage workers in the non-agricultural sector.

However, there is a substantial degree of regional heterogeneity in this trajectory over

time. In most regions, the proportion of wage workers in the non-agricultural sector has

generally increased as structural transformation progresses. But sub-Saharan African coun-

tries in particular appear to deviate from the historical norm of rising wage employment

in the non-agricultural sector. Employment in agriculture is giving way to own-account

self-employment in manufacturing and services, rather than wage employment. This is a

clear contrast to countries in Southeast Asia, which have a similar share of employment in

agriculture, but higher rates of wage employment in non-agriculture. The wage employ-

ment rate also appears to be flattening or declining in Latin America, even as structural

transformation has yet to run its course.

I propose an explanation for how structural transformation can occur with and without

1The trend may now be reversing with the rise of the gig economy, contractual work, and other alternative
work arrangements in the U.S. and other high-income countries. In the U.S., Katz and Krueger (2017) document
an increase in the share of workers with alternative work arrangements from 10.7 percent in 2005 to 15.8 percent
in 2015, a large proportion (but not all) of whom would likely be categorized as self-employed.
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the rise of wage employment, as illustrated by a simple two-sector general equilibrium model.

The most important features of the model are non-homothetic preferences over agricultural

and non-agricultural goods, and a correlation between non-agricultural productivity and

the non-agricultural wage employment rate. Its key prediction is that any cause of structural

transformation not derived from increases in non-agricultural productivity, such as an

increase in non-agricultural productivity or an exogenous shock to income, can result in

structural transformation with a lower level of wage employment, all else being equal. Only

when structural transformation is caused by an increase in non-agricultural productivity, as

with industrialization, will it be accompanied by the rise of wage employment.

I then attempt to assess the plausibility of this explanation using data on sectoral

productivity from the Groningen Growth and Development Center (GGDC) and natural

resource rents from the World Development Indicators. Given both the data limitations of

constructing a large, balanced cross-country panel and the lack of econometric identification,

the results are necessarily speculative, but they lend some support to these mechanisms.

In developing regions, all else being equal, an increase in agricultural labor productivity

is associated with a decrease in the non-agricultural wage employment proportion, while

an increase in non-agricultural labor productivity is positively associated with the non-

agricultural wage employment proportion. (Resource rents appear to have ambiguous

effects.) The results also indicate that structural transformation has been driven more by

agricultural labor productivity increases in sub-Saharan Africa and by non-agricultural

labor productivity increases in Southeast Asia, which is consistent with the lower level of

non-agricultural wage employment observed in sub-Saharan Africa.

The model bears a great deal of similarity to the one proposed by Diao et al. (2017),

who also hypothesize that structural change in sub-Saharan Africa originated not from

positive supply-side shocks to the “modern” sectors of the economy—i.e., industrialization—

but from demand-side shocks such as external transfers and an increase in agricultural

income. This explains the declining non-agricultural labor productivity growth observed in

Africa, which I suggest is correlated with the non-agricultural wage employment rate. Their
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work and mine also complement the findings from Rodrik (2016), which documents how

developing countries have begun to prematurely deindustrialize at lower levels of income.

This would be consistent with movement out of agriculture and into self-employment in

services, rather than into wage employment in manufacturing.

My work also complements Gollin et al. (2016), who explore the phenomenon of “ur-

banization with and without industrialization”, and also propose a very similar model

that explains why countries that urbanize due to income from natural resource exports, as

opposed to industrialization, experience divergent outcomes. I similarly attribute hetero-

geneity in the rise of wage employment to “structural transformation with and without

industrialization.”

Finally, this research draws on and contributes to the vast literature on self-employment

and entrepreneurship in developing countries, much of which also explores the connection

between self-employment and informality (Hart, 1973; La Porta and Shleifer, 2014). The two

papers that are perhaps the closest in spirit to mine, and which also document cross-country

stylized facts on the prevalence of self-employment versus wage employment, are Jensen

(2016) and Gindling and Newhouse (2014).2 Gindling and Newhouse (2014) focus on

characterizing workers in different employment categories, and distinguishing between

successful and unsuccessful entrepreneurs, while Jensen (2016) analyzes the relationship

between wage employment share and the income tax exemption threshold. My work differs

in that it focuses specifically on documenting and explaining the relationship between

structural transformation and the evolution of employment structure in the non-agricultural

sector. To this end, a unique feature of the dataset that I assemble and of my analysis is that

it is both cross-country and longitudinal, which allows me to explore changes over time

across a broad set of countries.

The implications of low levels of wage employment in the non-agricultural sector in

sub-Saharan Africa, and potentially declining levels elsewhere in the developing world, are

2Also see Margolis (2014) for a discussion of the comparability of cross-country data on self employment, as
well as a broader discussion of self-employment and entrepreneurship.
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still uncertain. Low levels of wage employment could threaten economic development, since

microenterprises tend to have low productivity and the self-employed earn less income

(Margolis, 2014). Jensen (2016) shows that the historical transition from self-employment to

wage employment has been an important determinant of where the income tax exemption

threshold is set, which in turn affects the size of the tax base and income tax revenue. Rodrik

(2016) has also observed that industrialization gave rise to the organized labor movement,

which enabled the creation of the welfare state and strengthened liberal democracy. It is

possible that low levels of wage employment could thus alter both the political and economic

trajectories in these countries.

In the next section, I discuss the concept of wage employment at greater length, describe

the construction of the dataset, and present the stylized facts on structural transformation

and wage employment. I describe the model and its predictions in Section 3. I present the

empirical analysis in Section 4, and conclude in Section 5.

1.2 Cross-country patterns of structural transformation and wage

employment

In this section, I present descriptive evidence on the relationship between structural trans-

formation and wage employment in the non-agricultural sector across 79 countries. I first

discuss at greater length why “status in employment”, the widely used categorical descriptor

for this dimension of work, is an important one to investigate, on an individual level as

well as a societal level. I then describe the construction of the cross-country dataset, before

presenting the stylized facts and their interpretation.

1.2.1 Why wage employment?

Why does status in employment matter for development, and why should we track the

growth of wage employment in particular? Wage employment has long occupied a signifi-

cant and complex place in the history of economic thought, and has been closely linked with
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the historical process of industrialization. Karl Marx regarded wage labor as “wage slavery.”

On the other hand, the 20th century British left-wing economist Joan Robinson, who traveled

widely in what was then being newly referred to as the Third World, is supposed to have

said, “The misery of being exploited by capitalists is nothing compared to the misery of not

being exploited at all.”

Meanwhile in the 20th century, efforts were also underway to gather more data on a

category which would became known as “status in employment”, and to offer a conceptual

justification for categorizing this dimension of work. The International Classification of

Status in Employment (ICSE) reporting standard, now widely used in surveys, was first

approved by the United Nations Statistical Commission in 1958. It was subsequently revised

in 1993, with the following criteria underlying the distinction among workers who are

wage-employed, self-employed, or unpaid:

1. The types of economic risk the individual faces in their work, one element of which is

the strength of institutional attachment between the person and the job;

2. The type of authority over establishments and other workers that the individual has

or will have as an explicit or implicit result of the employment contract (ICSE, 1993).

The International Labour Organization (ILO), which uses the ICSE standard, has fur-

ther grouped together the own-account self-employed and unpaid workers into a status

called “vulnerable employment”, with the wage-employed and employers constituting

“non-vulnerable employment” (International Labour Organization, 2016). Those who are

vulnerably employed are less likely to have formal employment arrangements, and therefore

have less access to social protection and less of a voice at work. These issues reflect the

element of economic risk referred to in the ICSE criteria, as well as the employer-based

structure of social protection in most countries. Although some self-employed workers

cite benefits such as flexibility of their work arrangements and the ability to be their own

boss, they tend to have less schooling, and their income tends to be lower than that of wage

workers (Gindling and Newhouse, 2014; Margolis, 2014). In addition, many are engaged in
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subsistence entrepreneurship and would likely prefer to transition into wage work, rather

than grow their business and become employers (De Mel et al., 2010).

In all, this is why the “urban sub-proletariat”, as Hart (1973) referred to informal workers,

the majority of whom are self-employed, is often considered to be even more dispossessed

than wage workers. It is therefore important to document the share of the workforce that is

vulnerably employed, and the mechanisms driving this growth, so that the needs of these

workers can be identified and addressed.

Beyond the immediate impacts on individual welfare, there are aggregate economic

effects to take into consideration as well. The share of self-employment, in particular, is also

a reflection of the firm size distribution. Smaller firms tend to be less productive, which

is reflected in the wages received by the self-employed, and which also limits the income

available for redistribution and investment. The prevalence of self-employment can thus

affect overall economic development as well (Margolis, 2014).3

Finally, there are the potential ramifications for the state and for politics. Jensen (2016)

shows that the transition from self-employment to wage employment coincides with the

lowering of the income tax threshold, both historically in the U.S. and around the world.

The more wage employment there is, the more income tax can be collected, which would,

among other things, likely improve the provision of public goods and strengthen state

capacity. Along the political dimension, Rodrik (2016) notes that it is harder for workers

outside of traditional wage employment arrangements to collectively bargain, stymying the

growth of the organized labor movements which have had such a profound effect on the

political economy of industrialized societies.4

Indeed, wage employment has historically risen with industrialization and the structural

transformation of the economy away from agriculture. The ILO notes that one would expect

large shifts in status in employment, as well as the distribution of sectoral employment, to

3In Section 4, I present some suggestive evidence linking wage employment with GDP per capita.

4A similar argument has been made regarding the difficulty of collective bargaining among workers in the
digital economy, who also lack a physical hub and the communal ties that contribute to successful unionization
(Artecona and Chau, 2017).
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accompany economic growth (International Labour Organization, 2016). The goal of the

first part of this paper is to document the extent to which the rise of wage employment is

indeed still going hand in hand with structural transformation.

1.2.2 Constructing the dataset

My data comes primarily from the Integrated Public Use Microdata (IPUMS) International

database, which is a collection of nationally representative household surveys typically

consisting of five or 10 percent samples from each country census. IPUMS contains a

host of standardized demographic and economic variables, including employment. I have

cross-sectional data on 72 countries, with the last year of data usually between 2000 and

2010. I also have data for an additional seven countries from nationally representative

Living Standards Measurement Studies (LSMS) surveys, making 79 countries altogether.

With regard to longitudinal data, I have collected repeated cross-sections for 54 countries.

The longest series is for the U.S., for which I have data spanning 1910 through 2010. Table

(1.1) shows the regional distribution of this cross-sectional and longitudinal data.

Table 1.1: Regional distribution of cross-country data

Sample OECD Latin
America

Sub-
Saharan
Africa

Southeast
Asia

Other* Total

Cross-section 13 19 19 7 21 79
(% of total) 16% 24% 24% 9% 27% 100%

Longitudinal 12 16 11 4 11 54
(% of total) 22% 30% 20% 7% 20% 100%

*Includes Middle East and North Africa, South Asia, Central Asia, Eastern Europe, and Oceania.

There were three key considerations I took into account in compiling this dataset. One

was access to individual-level microdata, which allowed me to perform cross-tabulations

of these two variables. Databases containing aggregate indicators of status in employment,

such as those provided by the ILO or the World Development Indicators, have much

more comprehensive country coverage, but unfortunately do not break down status in
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employment statistics by sector.5 I also needed to be able to collect longitudinal data on both

variables, which is generally not a feature of such databases, or the datasets assembled by

similar studies on status in employment, such as Jensen (2016) and Gindling and Newhouse

(2014). Finally, as in these other studies, it was important that the survey was representative

of the entire universe of individuals in the labor force, which is why population census data

and representative population surveys such as the LSMS were appropriate. I excluded any

surveys with a limited geographical focus (such as only urban areas) or that would bias

data collection in terms of sector of employment or status in employment.

Two sets of issues arose in the course of cleaning and standardizing the data. The first set

of issues relates to how to define the labor force and handle inconsistencies in measurement

across countries. For all countries, I include all persons classified as employed, which, in

IPUMS, coincides with the universe of respondents who are asked questions regarding both

sector of employment and status in employment. This excludes unemployed persons, those

who are considered economically inactive, and those whose employment status is unknown

or missing. However, there is also inconsistency across countries in the universe of who

is asked employment questions. Most countries impose a minimum age limit, which is

often significantly lower in developing countries than developed countries. In the evidence I

discuss in this section, I take the universe of workers as given, and do not make any attempt

to standardize the workforce by age across countries. In the Appendix, however, I show

patterns with the labor force restricted to individuals aged 15 to 65, which are similar to the

unrestricted results.6

5The ILO publishes statistics on status in employment in its “Key Indicators of the Labour Market” (KILM)
database (International Labour Organization, 2016). It gathers data on status in employment from other major
statistical databases, such as the Statistical Office of the European Union (EUROSTAT) and the Latin America
and Caribbean Labour Information System (QUIPUSTAT), as well as from the websites of national statistical
offices. In Appendix A, I use data from 160 countries in the KILM to show that the cross-sectional relationship
between overall wage employment and structural transformation looks very similar to the results I present in
this section on non-agricultural wage employment and structural transformation.

6While all of the surveys ask questions of respondents regardless of gender, I also show the different
patterns for males and females in the Appendix. This is because employment for prime age males is often used
to assess labor market performance, as women may be more marginally attached to the labor force. The patterns
are qualitatively similar, although the divergence between regions narrows when the workforce is restricted
to men. However, since female labor force participation—as well as the prevalence of child labor—is likely to
be jointly determined by the same factors that affect structural transformation and shifts in the share of wage
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Another important measurement issue that arises in defining the universe of workers

is inconsistency in the reference period for determining employment status. This can vary

from as short as a week to as long as a year, which could bias the collection of data on

seasonal workers or others who are more intermittently attached to the labor force. In the

Appendix, I also show that this does not have a major impact on the overall patterns.

The second set of issues relates to classifying sector of employment and status in

employment, the latter of which exhibits many country-level idiosyncrasies. For status

in employment, I classify day laborers and other types of casual workers who work for

a wage as wage workers, although they may be more similar to the self-employed in

certain dimensions. Self-employment in some countries also includes categories such as

cooperatives.

For sector of employment, I exclude mining from the analysis, as it is treated ambiguously

in the structural transformation literature. On the one hand, mining is a primary, extractive

sector, but it also shares elements in common with manufacturing. Given that it is often

not labor intensive, however, it is also typically a tiny share of national employment, even

in countries where it is an economically significant industry, and this share shrinks as

structural transformation progresses. In the Appendix, I show that the overall patterns are

not affected by the inclusion of mining.

Finally, there is the question of what to do with missing data. I drop all country-year

observations in which more than 10 percent of either the sector or status in employment

data is recorded as unknown.

1.2.3 Cross-country stylized facts

There are two main sets of observations that emerge from the data. First, I confirm that

there exists a strong positive correlation between structural transformation, as measured by

the share of non-agricultural employment, and non-agricultural wage employment across

countries. Second, however, I show that not all countries are following the same historical

employment, I also do not exclude women from the main results I present.
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trajectory.

Fact #1: There is a positive cross-country correlation between structural transformation

and the non-agricultural wage employment rate.

Figure (1.1) illustrates the cross-country relationship between structural transformation (x-

axis) and the wage employment rate (y-axis) in the overall economy, i.e., both the agricultural

and non-agricultural sectors. There is a strong positive correlation.

Figure 1.1: Structural Transformation and Wage Employment: All Sectors

Figures (1.2) and (1.3) show how the wage employment rate changes in the non-

agricultural and agricultural sectors, respectively, as structural transformation advances

across countries. There are two important observations to draw from these charts. The

first is that the pattern in Figure (1.1) is driven by strong positive relationships in both the

agricultural and the non-agricultural sector, although the correlations in each sector are not
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Figure 1.2: Structural Transformation and Wage Employment: Non-Agriculture

quite as tight as in Figure (1.1).

The second observation is that at every stage of structural transformation the wage

employment rate is higher in the non-agricultural sector than the agricultural sector. Both

of these observations are consistent with the idea that economic activity is being reallo-

cated from low-productivity to high-productivity sectors during structural transformation,

assuming that wage employment corresponds to higher-productivity activities.

Indeed, the most common account of structural transformation, from the Industrial Rev-

olution to the East Asian growth miracles, is that it is a process of reallocating employment

from subsistence agriculture to wage employment in the non-agricultural sector. A closer

look at both the cross-sectional and the time series data, however, shows that this story may

be weakening in some regions. For this reason, in the remainder of this paper I will focus

on the behavior of the wage employment rate in the non-agricultural sector.
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Figure 1.3: Structural Transformation and Wage Employment: Agriculture
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Fact #2: Fact #1 disguises substantial regional heterogeneity in the rise of wage employ-

ment in the non-agricultural sector.

While the share of employment in agriculture continues to shrink everywhere, there is now

substantial regional heterogeneity in the rise of wage employment in the non-agricultural

sector. I will show this by taking a closer look at the cross-sectional patterns, as well as the

longitudinal data.

Figure (1.4) replicates the cross-country relationship between structural transformation

and the non-agricultural wage employment rate that was illustrated in Figure (1.2), but

with four groups of countries highlighted: OECD (North America and Western Europe),

Latin America, Southeast Asia, and Sub-Saharan Africa. The OECD countries are clustered

in the top right corner, with a high share of non-agricultural wage employment. Latin

American countries span a range just to the left and below. Southeast Asian countries are to

the left of Latin American countries, as they tend to be more agricultural but have a similar

non-agricultural wage employment rate. On the other hand, sub-Saharan African countries

are just as agricultural as Southeast Asian countries, but on average, their wage employment

rates are substantially lower.

Already, the regional variation in the cross-sectional results suggest that not all countries

may be following the same “path” to the non-agricultural, high wage employment space

occupied by OECD countries. The fit lines indicate steep slopes for OECD and Latin

American countries, and a flatter slope for Southeast Asian countries, though they are

starting from relatively high rates of non-agricultural wage employment. However, the cross-

sectional relationship in sub-Saharan Africa is flat or even trending slightly downwards.

These differences are confirmed by time series evidence. Figure (1.5) plots the structural

transformation-wage employment paths for the subset of 48 countries for which longitudinal

data are available. The series for the U.S., which spans 1910 to 2010, in particular suggests

that there has been diagonal shift over time to the top-right corner within OECD countries,

and that their present clustering in this part of the graph is due to a strong historical

relationship between structural transformation and wage employment. This is consistent
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Figure 1.4: Structural Transformation and Wage Employment: Non-Agriculture
Regional Heterogeneity - Cross-Section

with their present cross-sectional relationship.

Latin American countries, on the other hand, largely appear to have migrated across

or even downwards across time, casting doubt on whether they have been following the

same developmental path as OECD countries. Southeast Asian countries have displayed a

somewhat upward sloping trend across time, though it is too early to tell if they will follow

a trajectory more similar to OECD or Latin American countries as structural transformation

progresses.

The most notable standout from Figure (1.5), however, is the dramatic downward-sloping

or flattened patterns for most sub-Saharan African countries. A few countries at the upper

end (e.g., Zambia and Uganda) may still end up following similar trajectories as Southeast

Asian countries, but many countries (e.g., Ghana, Nigeria, and Liberia) have a low rate of
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Figure 1.5: Structural Transformation and Wage Employment: Non-Agriculture
Regional Heterogeneity - Time Series

wage employment and are exhibiting trends that suggest it is unlikely they will come to

resemble Southeast Asian countries in this regard any time soon.

In time, if countries follow these same trajectories, this suggests that a cross-country

snapshot of the relationship between structural transformation and wage employment could

look very different in the future. Regions are not only starting at different levels of wage

employment in the non-agricultural sector, but they may be heading in different directions

as well.

These patterns are broadly consistent with findings from Diao et al. (2017), who find

similar variations in labor productivity (rather than wage employment) across developing

regions, with sub-Saharan Africa transitioning out of agriculture but experiencing declining

non-agricultural labor productivity. The patterns are also reminiscent of the results from
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Gollin et al. (2016), who study “urbanization with and without industrialization”, and

show variations in the rise of employment in informal services across resource-poor and

resource-rich countries. Finally, these patterns also recall the “premature deindustrialization”

documented by Rodrik (2016), who shows that the share of workers in manufacturing may

have peaked in developing countries, relative to historical patterns.

Moreover, the patterns from sub-Saharan Africa, in particular, are consistent with studies

documenting a leftward shift in the firm size distribution. Sandefur (2010) shows that in

Ghana, between 1987 and 2003, this is due to the massive entry of microenterprises. In the

next section, I incorporate these observations into a theoretical framework to shed light on

the causes of regional variation in the rise of non-agricultural wage employment.

1.3 Theoretical framework

In this section I outline an explanation for why we might observe both structural transfor-

mation with a rise in wage employment—as exemplified by the historical experience of

OECD countries—and structural transformation without a rise in wage employment—as

appears to be the case in sub-Saharan African countries. I begin by providing an overview

of the mechanisms driving structural transformation and wage employment creation. I

then formalize these arguments in a two-sector general equilibrium model of structural

transformation that also very simply accounts for how wage employment arises in the

non-agricultural sector. The model shares similar elements to both Diao et al. (2017) and

Gollin et al. (2016), though it differs in its focus on explaining variation in the rise of wage

employment. I also discuss comparative static results from the model, which will guide the

empirical analysis in Section 4.

1.3.1 The causes of structural transformation

In order to understand why there are differences in wage employment rates in the non-

agricultural sector, it is important to understand why the non-agricultural sector is expand-

ing at all. Theories of structural transformation have traditionally fallen into two categories:
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agricultural “push” and non-agricultural “pull”. Alvarez-Cuadrado and Poschke (2011)

show that they are not necessarily mutually exclusive, however, though one may dominate

depending on the time and place.

Agricultural “push” theories rely on the idea that structural transformation is constrained

by the “food problem” (Schultz, 1953), which necessitates that a large share of employment

remain in agriculture to satisfy subsistence food requirements. As subsistence requirements

are satisfied, however, consumers spend an increasing proportion of their income on non-

food goods and services, reflecting the empirical regularity known as Engel’s Law. An

increase in agricultural productivity lowers the relative price of food, producing an income

effect (often assumed to swamp any substitution effect) which results in the reallocation of

labor to the non-agricultural sector.

Non-agricultural “pull” theories, on the other hand, locate the engine of structural

transformation in the non-agricultural sector (Lewis, 1954). In a closed economy, an increase

in non-agricultural productivity lowers the relative price of non-agricultural goods and

services, which causes a substitution effect (and also an income effect) that increases demand

for non-agricultural goods and services and results in a reallocation of labor to the non-

agricultural sector.7 In contrast to “push” theories, “pull” theories seem to rely in part on

the assumption that there is at least some “surplus” labor in agriculture.

A third category of explanation for structural transformation has been proposed by

Gollin et al. (2016). In their account of how urbanization (which they equate with structural

transformation) can occur without industrialization, revenues from natural resource exports

act as a “manna from heaven” exogenous endowment of income. They assume that the

resources sector employs only a negligible share of the workforce and that all production

is exported. However, the rise in income causes the relative demand for non-agricultural

goods and services to go up, which leads to an expansion of the “urban” non-agricultural

non-tradable sector, but not necessarily the “urban” non-agricultural tradable sector. Diao

7It is not crucial that the economy be closed, however; Diao et al. (2017), for instance, employ a demand
shifter in their model which can be interpreted as a rise in foreign demand for manufacturing exports.
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et al. (2017) also incorporate income shocks into their model of structural transformation,

although they use it to explain variation in non-agricultural labor productivity, rather than

the relative size of the non-agricultural tradable and non-tradable sectors.

The model that follows incorporates all three causes of structural transformation. In

addition, it draws on the self-employment and firm size distribution literature to make the

assumption that there is a positive correlation between non-agricultural productivity and the

relative size of the non-agricultural wage employment sector (i.e., employment in firms of

size two or greater). For instance, Gollin (2008) shows that changes in aggregate productivity

can explain much of the cross-country variation in both the firm size distribution and self-

employment rates. Poschke (2014) has a similar model, in which technological innovation

disproportionately benefits larger firms, that is also consistent with cross-country patterns

in the firm size distribution.8 Neither of them specifically distinguish between productivity

in the agricultural versus the non-agricultural sector, but since they only model the behavior

of firms and agents in the non-agricultural sector, non-agricultural productivity is likely the

more relevant variable of interest. This corresponds more closely to the treatment of labor

productivity in the non-agricultural sector by Diao et al. (2017) than the focus on the relative

size of the non-agricultural tradable vs. non-tradable sectors in Gollin et al. (2016).

1.3.2 A model of structural transformation and wage employment

There are two sectors in the model: an agricultural sector, A, which produces food, and

a non-agricultural sector, B, which produces all other goods and services. There is also

an income endowment, R, which could be interpreted as earnings from a natural resource

sector that does not employ anyone or produce for domestic consumption. However, aside

from the source of this income endowment, the economy is closed.9

8Unlike these papers and much of the rest of the literature on self-employment, however, I refrain from
explicitly modeling household occupational choice decisions between self-employment and wage employment;
there is one wage across the entire economy and so the payoffs are the same for any type of employment.

9The exposition of the model is most similar to Duarte and Restuccia (2010) and Alvarez-Cuadrado and
Poschke (2011), though the concept of an income endowment R is taken from Gollin et al. (2016). One important
difference from Gollin et al. (2016), however, is that my model consists of two closed sectors, as opposed to two
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The wage employment rate in the non-agricultural sector is defined as a function of

non-agricultural productivity. The basic argument of the model is this: All else being

equal, whenever structural transformation comes about as a result of increases in non-

agricultural productivity, the wage employment rate goes up. Any other cause of structural

transformation, including increases in agricultural productivity and R, will have a negative

effect on the wage employment rate, all else being equal.

Consumption

Consumers have non-homothetic preferences over the goods produced by each sector, with

the log-linear utility function

u(cA, cB) = a ln(cA − γ) + (1− a) ln(cB + µ)

where γ > 0 represents subsistence consumption of food, with income elasticity < 1;

µ > 0 can be interpreted as negative subsistence consumption of non-agricultural goods

and services, with income elasticity > 1; and a ∈ [0, 1] is the relative weight given to

food in the preferences. Non-homothetic preferences, a standard feature of structural

transformation models, imply that any increase in income will increase the relative demand

for non-agricultural goods and services.10

In each period, the consumers solve the problem:

max
ci≥0
{a ln(cA − γ) + (1− a) ln(cB + µ)}

s.t. pAcA + pBcB = wL

open sectors (traded agricultural and non-agricultural) and one closed sector (non-traded non-agricultural).
Thus, my model does not account for Dutch Disease effects, which play a role in expanding the non-traded
non-agricultural sector in their model. However, Diao et al. (2017) is another very similar model with an open
economy, and demonstrates that my approach could be modified for an open economy setting as well.

10Many models of structural transformation do not actually contain the negative subsistence term µ, which
can be interpreted as home production of non-agricultural goods and services. Without this term, however,
a change in non-agricultural productivity does not actually have an effect on structural transformation, as it
drops out of the expression for the equilibrium labor shares.
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The first order conditions from the consumer maximization problem are

cA = γ +
a

λpA

λ =
1− a

pB(cB + µ)
=

a
pA(cA − γ)

where λ is the marginal utility of an additional unit of income. Combining the conditions

yields the condition

cA = γ +

(
a

1− a

)(
pB

pA

)
(cB + µ), (1.1)

which will be used to solve for market clearing.

Production

Firms in each sector have the production function Yi = AiLi, i ∈ {A, B}, where Ai is labor

productivity (which also captures the role of capital and/or land in enhancing labor inputs)

and Li is the share of labor allocated to each sector. Each household supplies one unit of

labor, L, to be allocated across each sector, with LA + LB = L = 1.

In each period, firms solve the problem:

max
Li≥0
{pi AiLi − wLi}

where pi, i ∈ {A, B}, is the relative price of each good, and w is the wage at which the

labor market clears for both sectors. (Note that this assumes no labor market segmentation

or barriers to labor mobility across sectors. This is unlikely to be true, but incorporating

a wedge would not fundamentally change the comparative static results.) The first order

condition is

w = pi Ai

or normalizing w = 1,
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pi =
1
Ai

. (1.2)

Market clearing and equilibrium sectoral labor shares

The market for labor clears when LA + LB = L. The market for goods in a closed economy

model typically clears when ci = Yi = AiLi, i.e., when consumption in each sector equals

production. With the exogenous income endowment R, however, we can think of the market

for each goods clearing when ci = Yi + R = AiLi + R.11

Combining the market clearing condition for goods in both sectors with the consumers’

first order condition, Equation (1.1), yields:

AALA + R = cA

AALA + R = γ +

(
a

1− a

)(
pB

pA

)
(cB + µ)

AALA + R = γ +

(
a

1− a

)(
pB

pA

)
(ABLB + R + µ)

We then apply the producers’ first order condition, Equation (1.1):

AALA + R = γ +

(
a

1− a

)(
AA

AB

)
(ABLB + R + µ)

The expression simplifies to an expression for the equilibrium labor share of the agricultural

sector:

L∗A = (1− a)
(

γ− R
AA

)
+ a

(
L +

R + µ

AB

)
(1.3)

We obtain a similar expression for the equilibrium labor share for the non-agricultural

sector:

11Note that the way in which R is “apportioned” across the market clearing condition for each sectors
does not qualitatively change the results. That is, it does not matter what a is chosen for RA = a(R) and
RB = (1− a)(R), a ∈ [0, 1].
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L∗B = (−a)
(

µ + R
AB

)
+ (1− a)

(
L +

R− γ

AA

)
(1.4)

What are the mechanisms of structural transformation in this model? To illustrate these,

we will take the partial derivative of the expression in Equation (3.4) with respect to AA,

AB, and R.

If we assume that γ ≥ R, i.e., that the income endowment isn’t so large that labor

would ever reallocate “backwards” out of the non-agricultural sector, then an increase in

agricultural productivity AA causes a decrease in the share of agricultural employment:12

∂L∗A
∂AA

= −(1− a)
(

γ− R
A2

A

)
≤ 0 (1.5)

So does an increase in non-agricultural productivity AB:13

∂L∗A
∂AB

= −a
(

µ + R
A2

B

)
≤ 0 (1.6)

These are the classic engines of structural transformation compared in Alvarez-Cuadrado

and Poschke (2011). Following Gollin et al. (2016), however, an increase in the income

endowment R can also cause structural transformation:

∂L∗A
∂R

= −1− a
AA

+
a

AB
≤ 0 (1.7)

This is only true so long as
1− a
AA

≥ a
AB

. However, this condition is almost certain to obtain,

12Gollin et al. (2016) make a similar assumption in section 2.1 of their paper. When resource earnings are
that high, the share of expenditure in the non-agricultural sector actually exceeds the weight (1− a) assigned to
non-agricultural goods in the preferences. An increase in either agricultural or non-agricultural productivity
would then cause labor to reallocate away from the non-agricultural sector and back toward food production.

13The corresponding expressions for changes in the non-agricultural employment share are exactly symmet-
rical:

∂L∗B
∂AA

= (1− a)

(
γ− R

A2
A

)
≥ 0

∂L∗B
∂AB

= a

(
µ + R

A2
A

)
≥ 0
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as most calibration exercises, for instance, assign very small values to a, reflecting the very

low share of food in expenditure in countries like the U.S. (e.g., Duarte and Restuccia, 2010),

and non-agricultural productivity exceeds agricultural productivity in every country. In

this model, R effectively decreases the subsistence constraint in food consumption and/or

increases the negative subsistence endowment of non-agricultural goods consumption, both

of which lower the budget share of food in total consumption and result in the reallocation

of labor to the non-agricultural sector.

Wage employment in the non-agricultural sector

When labor is released from the agricultural sector to be reallocated to the non-agricultural

sector, what determines whether non-agricultural workers end up self-employed or working

for a wage? We assumed that all producers had the same production function, regardless of

characteristics such as firm size. However, as discussed, the firm size distribution, as well as

the share of the self-employed, could be characterized as a function of overall productivity

across all firms (Gollin, 2008; Poschke, 2014). The higher productivity is, the larger the

average firm will be, and thus the higher the share of individuals who work for a wage.

I will denote the share of non-agricultural wage employment in total employment as

LwageB, with LwageB ≤ LB, and LB− LwageB constituting the share of the labor force which

is self-employed in the non-agricultural sector. I will assume that

LwageB = f (AB)

where f ′ > 0, f ′′ ≤ 0, f ′()ε [0, LB] so that the share of the non-agricultural wage employment

sector is an increasing, weakly diminishing function of non-agricultural labor productivity

that is capped at LB. I will also assume that when non-agricultural productivity increases,
∂LwageB

∂AB
=

∂ f (AB)

∂AB
=

∂LB

∂AB
, i.e., that the only new employment created in the non-

agricultural sector is wage employment.14

14The function may not need to be concave, but this could reflect the fact that a small proportion of the non-
agricultural sector remains in non-wage employment even in countries with high non-agricultural productivity.
Many of these workers are employed in high-skill service sub-sectors, although there also remain self-employed
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The equilibrium wage employment rate in the non-agricultural sector, LwagerateB, is

then

Lwagerate∗B =
Lwage∗B

L∗B
=

f (AB)

LB

Applying the quotient rule, the formula for the partial derivative with respect to non-

agricultural productivity is:

∂Lwagerate∗B
∂AB

=

∂ f (AB)

∂AB
LB − f (AB)

∂LB

∂AB
L2

B

The numerator should almost always be positive because of the definitional assumptions

that LB ≥ LwageB = f (AB) and
∂ f (AB)

∂AB
=

∂LB

∂AB
. Note that the latter assumption can be

loosened somewhat (i.e., allowing an increase in non-agricultural productivity to generate

both self-employment and wage employment) and still allow for a positive numerator,

especially when the wage employment rate is low. Assuming this is satisfied, then

∂Lwagerate∗B
∂AB

≥ 0

Thus, the wage employment rate in the non-agricultural sector increases when non-

agricultural productivity increases, all else being equal.

What are the effects of the other causes of structural transformation? The partial deriva-

tive of the non-agricultural wage employment rate with respect to the income endowment

is:

∂Lwagerate∗B
∂R

=

∂ f (AB)

∂R
LB − f (AB)

∂LB

∂R
L2

B

=
− f (AB)

∂LB

∂R
L2

B

workers in retail and other low-skill service sub-sectors.
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Since the
∂LB

∂R
is positive, as established in the previous section, the numerator is negative,

and

∂Lwagerate∗B
∂R

≤ 0

Thus, an increase in the income endowment will positively affect structural transformation,

but negatively affect the non-agricultural wage employment rate. An increase in agricultural

productivity also has a negative effect:

∂Lwagerate∗B
∂AA

=

∂ f (AB)

∂AA
LB − f (AB)

∂LB

∂AA
L2

B

=
− f (AB)

∂LB

∂AA
L2

B
≤ 0

Only structural transformation caused or accompanied by an increase in non-agricultural

productivity will have a positive effect on proportion of non-agricultural wage employment.

Summary of predictions

The following table summarizes the comparative statics results of the previous two subsec-

tions.

Outcome
An increase in...

Ag productivity
Non-ag

productivity

Income

endowment

Agricultural

employment share

+ + +

Non-agricultural

wage proportion

- + -
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1.4 Exploratory country-level analysis

In this section, I attempt to assess whether the comparative static predictions described in

the previous section are in fact consistent with the country-level data on structural transfor-

mation, wage employment, and changes in sectoral productivity and income endowments

(e.g., natural resource export earnings). Due to the lack of econometric identification and the

difficulty of assembling a cross-country panel of any significant size, however, the analysis

in this section will necessarily be exploratory and descriptive. I first describe my empirical

approach, then the data sources, and finally the results. I also present some evidence

linking structural transformation, wage employment and income, highlighting one potential

implication of divergent growth in wage employment.

1.4.1 Empirical framework

First, to make sure that the patterns in the regression sample are consistent with cross-

country findings on structural transformation and wage employment from the broader

sample in Section 2, I will run the regression

LwagerateB,it = αi + β1LB,it + ε it (1.8)

in which i indexes the country, t indexes the period, and αi is a country fixed effect. I

will first run the regression for the cross-section (t = last year, no αi), as well as the full

panel with country fixed effects. I will run the panel regression for the entire sample of 25

countries, as well as separately for each of the four major regions (OECD, Latin America,

Southeast Asia, and sub-Saharan Africa) in order to check for the same heterogeneity in

patterns from Section 2.

There were two sets of predictions that emerged from the model: those concerning

the causes of structural transformation, and those concerning the effects of these causes

on the non-agricultural wage employment rate. As with Equation (1.8), I will run each

regression for the entire sample of 25 countries, as well as for the four major regions in order
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to examine heterogeneity in the drivers of structural transformation and wage employment.

Structural transformation, which I will define here as an increase in the non-agricultural

employment share LB, can be caused by an increase in any of the following: agricultural

productivity AA, non-agricultural productivity AB, or income endowment R. To examine

whether this is consistent with the data, I will run the following panel regression:

LB,it = αi + β1AA,it + β2AB,it + β3Rit + ε it (1.9)

The analysis will focus on explaining within-country longitudinal variation. Per the

table describing the comparative static predictions in Section 3.2.5, the coefficients β1,

β2, and β3 are all expected to be positive. However, it is important to remember that if

structural transformation and the covariates are endogenously determined, it is likely that

the estimated coefficients are biased. In the case of sectoral productivity, they seem likely to

be biased upward.

The non-agricultural wage employment rate, LwagerateB, on the other hand, will vary

according to the driver of structural transformation. It will respond positively to an increase

in non-agricultural productivity AB, but negatively to an increase in agricultural productivity

AA or an increase in the income endowment R. To assess whether this is consistent with the

data, I will run an almost identical regression to Equation (1.9), but with the non-agricultural

wage employment rate as the dependent variable:

LwagerateB,it = αi + β1AA,it + β2AB,it + β3Rit + ε it (1.10)

Per the table in Section 3.2.5, the coefficient β2 is expected to be positive, but the

coefficients β1 and β3 are expected to be negative. As before, it seems likely that the wage

employment rate is endogenously determined with one or more of the covariates, biasing

the estimates of the coefficients. The estimated coefficient for non-agricultural productivity

would probably be biased upwards.
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1.4.2 Data sources and description

Augmenting the existing IPUMS and LSMS employment data with productivity data proves

to be a challenging task. The only appropriate source of longitudinal data on sectoral

productivity comes from the Groningen Growth and Development Center’s (GGDC) 10-

Sector Database (Timmer et al., 2015). The GGDC database includes annual data on

employment and value added for ten sectors in 42 countries, typically spanning the period

1960-2010 or longer. Labor productivity in the agricultural and non-agricultural sectors can

be easily calculated by dividing value added in each sector by employment, which are then

converted to constant international PPP prices for comparison across countries. I use PPP

conversion factors for constant 2005 U.S. dollars from the World Development Indicators

(WDI).

I also include data on natural resource rents, measured as a percentage of GDP, also

from the WDI. This is one of the measures of the economic significance of natural resources

used in Gollin et al. (2016). The variable includes rents from oil, natural gas, coal, minerals,

and forestry, and is calculated as the difference between the world price of a commodity

and the average cost of producing it.

Unfortunately, only 28 of the countries in the GGDC database overlap with those in the

employment dataset, which ultimately reduces to 25 countries once singleton observations

are removed, resulting in 90 country-year observations. This is further reduced to 83 country-

year observations when natural resource rents data are added, which are unavailable before

1970. The countries and periods represented in the dataset are shown in Table (1.2). Although

there is actually a fairly representative distribution of observations across the four major

regions (plus one “Other” category), the dataset is unbalanced across individual countries

and periods.

Descriptive statistics for the independent and main explanatory variables are shown in

Table (1.3), summarized by region and for the overall sample. As can be seen, OECD coun-

tries have the highest sectoral labor productivity, the lowest resource rents as a percentage of

GDP, and the highest GDP per capita, while sub-Saharan African countries have the lowest
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Table 1.2: Distribution of country-period observations in regression sample

Country 1970s 1980s 1990s 2000s 2010s Total % all obs.

OECD total 3 3 5 4 3 18 22%

USA 1 1 1 1 1 5

France 1 1 2 1 1 6

Netherlands 1 0 0 0 1 2

Spain 0 1 1 1 0 3

United Kingdom 0 0 1 1 0 2

LAC total 3 5 4 7 2 21 25%

Argentina 1 1 0 1 0 3

Bolivia 1 0 0 1 0 2

Brazil 1 1 1 1 1 5

Chile 0 1 1 1 0 4

Mexico 0 0 2 1 1 4

Peru 0 1 0 1 0 2

Venezuela 0 1 0 1 0 2

SSA total 0 3 3 6 5 17 20%

Botswana 0 0 1 1 1 3

Ethiopia 0 1 1 0 0 2

Ghana 0 1 0 1 1 3

Malawi 0 1 1 1 0 3

Nigeria 0 0 0 1 1 2

Tanzania 0 0 0 1 1 2

Zambia 0 0 0 1 1 2

SE Asia total 3 4 4 3 1 15 18%

Indonesia 2 2 2 1 1 8

Malaysia 0 1 1 1 0 3

Thailand 1 1 1 1 0 4

Other total 0 4 4 4 0 12 14%

India 0 2 2 2 0 6

Egypt 0 1 1 1 0 3

Morocco 0 1 1 1 0 3

All countries 9 19 20 24 11 83 100%
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sectoral labor productivity, the highest resource rents, and the lowest GDP per capita.

1.4.3 Results

In this section, I describe the results from estimating the equations in Subsection 4.1. Given

the lack of econometric identification, however, all findings should be taken as descriptive,

rather than as clear evidence of a causal relationship.

Table (1.4) first shows the results of estimating Equation (1.8), the relationship between

structural transformation and the proportion of workers in the non-agricultural sector who

work for a wage. The cross-sectional estimate for the last available year of data, shown

in Column 1, is consistent with the positive correlation depicted in Figure (1.2). Similarly,

the within-country panel estimates, which are not statistically significant, reflect the lack

of consistent relationship across the regions and are consistent with the patterns shown in

Figure (1.5). Finally, the regional estimates themselves are also consistent with Figure (1.5),

with the OECD and Southeast Asia exhibiting a positive relationship between structural

transformation and non-agricultural wage employment, Latin American a flat relationship,

and sub-Saharan Africa a negative one.

Table (1.5) shows the results of estimating Equation (1.9), in which I regress structural

transformation, i.e., the change in the share of non-agricultural employment, on the three

main independent variables from the model described in Section 3: the changes in agri-

cultural labor productivity, non-agricultural labor productivity, and natural resource rents.

Columns 1 through 3 indicate that in the univariate regressions, labor productivity in both

sectors is positively associated with structural transformation, with natural resource rents

making no statistically significant contribution. However, when the variables enter in to

the analysis jointly in Columns 4 and 5, collinearity likely wipes out the contribution from

agricultural labor productivity.

Table (1.6) replicates the specification from Column 5 of Table (1.5) for four major regions:

the OECD, Latin America, sub-Saharan Africa, and Southeast Asia. None of the variables
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Table 1.3: Descriptive statistics for regression sample

Last available year

Mean Std. dev.

OECD (n=5)
Non-ag. employment share (%) 96.5 1.8
Non-ag. wage proportion (%) 89.1 3.5
Ag. labor productivity 42.5 17.7
Non-ag. labor productivity 55.9 15.9
Resource rents (% GDP) 1 0
GDP per capita 37,640 8,080

Latin America (n=7)
Non-ag. employment share (%) 80 9
Non-ag. wage proportion (%) 69 10
Ag. labor productivity 11 10
Non-ag. labor productivity 21 6
Resource rents (% GDP) 7 5
GDP per capita 9,961 4,096

Sub-Saharan Africa (n=7)
Non-ag. employment share (%) 42 23
Non-ag. wage proportion (%) 44 21
Ag. labor productivity 3 3
Non-ag. labor productivity 15 14
Resource rents (% GDP) 13 7
GDP per capita 4,064 4,369

Southeast Asia (n=3)
Non-ag. employment share (%) 60 19
Non-ag. wage proportion (%) 66 6
Ag. labor productivity 9 9
Non-ag. labor productivity 25 6
Resource rents (% GDP) 6 4
GDP per capita 8,789 2,829

All (n=25)
Non-ag. employment share (%) 69 26
Non-ag. wage proportion (%) 65 21
Ag. labor productivity 16 18
Non-ag. labor productivity 28 19
Resource rents (% GDP) 7 7
GDP per capita 14,216 14,096

Note: See text for data sources. Statistics for the “Other” region (India, Morocco, and Egypt) are omitted due to
space constraints.
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Dep. var.: Non-ag. employment share (%)

(1) (2) (3) (4) (5) (6)
All All OECD LAC SSA SE_ASIA

Non-ag. wage
proportion (%) 99.16*** -13.13 166.87*** -24.87 -69.23*** 98.06**

(15.77) (37.18) (53.82) (89.20) (12.77) (35.50)

N 25 83 18 21 17 15
R2 0.67 0.01 0.80 0.54 0.95 0.79
Countries 25 25 5 7 7 3
Panel (w/country FE) No Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Table 1.4: Structural transformation and non-agricultural wage employment

Note: All regression are estimated with robust standard errors.

Table 1.5: Determinants of structural transformation - all regions

Dep. var.: Non-ag. employment share (%)

(1) (2) (3) (4) (5)

Ag. labor productivity 0.252*** 0.062 0.058
(0.091) (0.142) (0.144)

Non-ag. labor productivity 0.461*** 0.402* 0.398*
(0.138) (0.215) (0.213)

Resource rents (% GDP) -0.165 -0.115
(0.228) (0.172)

N 83 83 83 83 83
R2 0.94 0.94 0.93 0.94 0.94
Countries 25 25 25 25 25
Panel (w/country FE) Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: All regression are estimated with robust standard errors.
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appear to have contributed to structural transformation to a statistically significant extent

in the OECD, with possible exception of resource rents. However, this could perhaps have

more to do with the fact that OECD countries had largely transitioned out of agriculture by

this period. A more striking pattern emerges among the developing regions. It appears that

agricultural productivity played a significant role in explaining structural transformation

in sub-Saharan Africa, and to a lesser extent in Latin America as well. However, non-

agricultural productivity played a more significant role in Southeast Asia. Natural resources

contributed positively to structural transformation in Latin America, but their effect in

sub-Saharan Africa and Southeast Asia is more ambiguous.

One potential concern in interpreting these results is that statistical insignificance could

merely reflect low variation in the right-hand side variable, especially given the small sample

sizes. However, it is not necessarily the case that insignificant estimates always correspond to

the variable with lower variance. For instance, in sub-Saharan Africa, the standard deviation

of the change in agricultural productivity (0.954) is small relative to that of non-agricultural

productivity (6.294). Yet the former appears to be a much stronger predictor of structural

transformation than the latter. In Southeast Asia, where the opposite pattern holds, the

standard deviation of the change in agricultural productivity (1.575) is also smaller than

that of non-agricultural productivity (3.193), although to a lesser degree.

Table (1.7) shows the results of estimating Equation (1.10), in which the non-agricultural

wage proportion is regressed on sectoral labor productivity and resource rents. Columns

4 and 5 indicate that results seem to fall in line with the predictions from the model. All

else being equal, an increase in agricultural productivity is negatively associated with the

non-agricultural wage proportion, while an increase in non-agricultural productivity is

positively associated. The sign on the coefficient for resource rents is also negative, as

predicted by the model, although it is not statistically significant.

Table (1.8) once again replicates the results from Columns 4 and 5 of Table 8 for the

OECD, Latin America, sub-Saharan Africa, and Southeast Asia. In the OECD, agricultural

productivity is positively associated with wage employment, while non-agricultural pro-
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Table 1.6: Determinants of structural transformation - by region

Dep. var.: Non-ag. employment share (%)

(1) (2) (3) (4)
OECD LAC SSA SE ASIA

Ag. labor productivity 0.260 1.036+ 4.148*** 0.185
(0.181) (0.590) (0.982) (0.991)

Non-ag. labor productivity -0.242 -0.940* 0.372 1.755***
(0.316) (0.511) (0.390) (0.318)

Resource rents (% GDP) 0.520+ 2.034* 0.055 0.236
(0.290) (0.975) (0.283) (0.152)

N 18 21 17 15
R2 0.81 0.75 0.94 0.96
Countries 5 7 7 3
Panel(w/country FE) Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: All regression are estimated with robust standard errors.

Table 1.7: Determinants of non-agricultural wage employment - all regions

Dep. var.: Non-ag. wage proportion (%)

(1) (2) (3) (4) (5)

Ag. labor productivity 0.019 -0.107* -0.110*
(0.027) (0.063) (0.065)

Non-ag. labor productivity 0.164** 0.267** 0.263**
(0.081) (0.124) (0.123)

Resource rents (% GDP) -0.121 -0.111
(0.142) (0.156)

N 83 83 83 83 83
R2 0.95 0.96 0.95 0.96 0.96
Countries 25 25 25 25 25
Panel (w/country FE) Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: All regression are estimated with robust standard errors.
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Table 1.8: Determinants of non-agricultural wage employment - by region

Dep. var.: Non-ag. wage proportion (%)

(1) (2) (3) (4)
OECD LAC SSA SE ASIA

Ag. labor productivity 0.183** -0.185 -0.946 -2.636**
(0.072) (0.166) (1.435) (1.107)

Non-ag. labor productivity -0.321** 0.122 0.370 0.895**
(0.134) (0.252) (0.388) (0.381)

Resource rents (% GDP) 0.363+ 0.855+ -0.529+ -0.264+
(0.204) (0.549) (0.293) (0.164)

N 18 21 17 15
R2 0.95 0.91 0.92 0.91
Countries 5 7 7 3
Panel (w/country FE) Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: All regression are estimated with robust standard errors.

ductivity is negatively associated (resource rents are positively associated, but marginally

significant). This is the opposite of the estimates for the developing regions, however. In

Latin America, sub-Saharan Africa, and Southeast Asia, agricultural productivity has a neg-

ative effect on wage employment, although this is only statistically significant in Southeast

Asia. Non-agricultural productivity has a positive effect, but this is statistically significant

mainly in Southeast Asia as well. Finally, resource rents had a negative effect on wage

employment in sub-Saharan Africa and Southeast Asia, as predicted by the model, but a

positive effect in Latin America.

Overall, the results are relatively consistent with the model when it comes to the

determinants of non-agricultural wage employment, especially with regard to developing

regions. Meanwhile, the structural transformation results suggest that the process has been

driven by different factors across different regions, even though the model predicts that all

three determinants should be positively associated with structural transformation. However,

these variables, as well as the outcome variables, are likely endogenously determined to

some extent. A more rigorous study would take advantage of exogenous shocks to one or

more of the determinants, as well as construct a larger and more balanced dataset.
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Table 1.9: Log GDP per capita (2011 $ PPP) and wage employment

Dep. var.: Log GDP per capita (2011 )

(1) (2) (3) (4) (5) (6)
All All OECD LAC SSA SE_ASIA

Non-ag. emp. share (%) 2.90*** 4.09*** 6.49*** 3.69*** 3.66*** 3.92***
(0.37) (0.23) (0.78) (0.30) (0.72) (0.72)

Non-ag. wage proportion (%) 1.51*** 1.99*** -4.05+ 1.17+ 2.06** 2.51*
(0.44) (0.46) (2.58) (0.71) (0.73) (1.34)

N 74 179 51 52 30 18
R2 0.80 0.95 0.71 0.89 0.95 0.94
Countries 74 52 11 16 11 4
Panel (w/country FE) No Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: All regression are estimated with robust standard errors.

As a final note, I take a look at the relationship between structural transformation,

non-agricultural wage employment, and income. I return to the full sample of countries

from Section 2, adding data on GDP per capita (in 2011 PPP international dollars) from

the Penn World Table, which is available for most of the countries in the sample. As can

be seen in Table (1.9), the positive association between structural transformation and log

GDP per capita is robust across all of the specifications and regions. Non-agricultural

wage employment is also positively associated with income in all regions except the OECD,

where wage employment rates were already quite high. This suggests that the transition to

wage employment in developing regions, regardless of its pace, does go hand in hand with

income growth.

1.5 Conclusion

At first glance, all developing countries are apparently alike: they are all rapidly transitioning

out of agriculture, as all now-developed countries once did. A closer look, however,

demonstrates the extent to which they have now diverged in another transformation

historically associated with economic development: the creation of wage employment in
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the non-agricultural sector. This is especially the case in sub-Saharan Africa, where self-

employment is far more prevalent than in regions with a comparable share of employment

in agriculture, such as Southeast Asia.

I document these facts using cross-sectional data from 79 countries and longitudinal

data from 54 countries, the first dataset of this kind that tracks wage employment over time.

To explain these cross-country patterns, I also outline a model of structural transformation

in which heterogeneity in non-agricultural wage employment arises when structural trans-

formation is driven by factors other than non-agricultural productivity growth. Additional

country-level evidence tentatively suggests that different patterns of sectoral productivity

growth may explain this divergence, which would be consistent with other recent findings

on regional disparities in structural transformation and non-agricultural labor productivity

(Diao et al., 2017).

However, while models of structural transformation provide a useful guide to explaining

the basic causes of such patterns, their parsimony limits their ability to say much of anything

further. We know that non-agricultural productivity has greatly lagged in sub-Saharan

Africa, but we must turn to other work to explain why. Such models also cannot say what

the ramifications of low wage employment are, or what the appropriate response to low

wage employment should be. Documentation is only the first step, and future work should

continue to tackle these critical questions.
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Chapter 2

Structural Transformation,

Industrialization and Trade

Liberalization in Brazil

2.1 Introduction

Economic development almost universally entails a decline in the agricultural employment

share, a phenomenon known as structural transformation. Long a preoccupation of classical

development economists (Lewis, 1954), the more recent resurgence of interest in structural

transformation (McMillan et al., 2014; Bustos et al., 2016) has also been accompanied by

the recognition that the process can unfold very differently across time and space. One

key factor that could affect the pace of structural transformation, as well as the subsequent

composition of employment in the non-agricultural sector, is the extent to which it is driven

by the labor “pull” mechanism of industrialization, as opposed to labor “push” mechanisms

originating in agriculture or shocks to aggregate demand. It has been argued that economies

in which structural transformation is caused by industrialization not only have a higher

share of manufacturing employment, but also higher non-agricultural labor productivity

and formal employment overall (Diao et al., 2017; Gollin et al., 2016).
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However, there has been relatively little empirical work done on this subject, as studies

at the country level tend to be limited by both sample size and identification concerns. One

way of getting around this is to study the effects of an exogenous shock to industrialization

that varies at the regional level within a large developing country, so long as each region

can be analyzed as a separate labor market. In this paper, I do just this by analyzing the

impact of trade liberalization in the early 1990s in Brazil. Since this episode constituted a

major reversal of Brazil’s century-long history of protectionism in manufacturing, it seems

reasonable to hypothesize that it may have had a significant impact on manufacturing labor

demand and industrialization.

I use a differences-in-differences research design in which I construct a Bartik-like

regional trade shock that exploits both industry-level variation in tariff reductions as well as

regional-level variation in the composition of the manufacturing sector. Regions that are

more specialized in the manufacturing sectors facing larger tariff reductions are compared

with regions that are less specialized in these sectors, similarly to the approach used by

Topalova (2007) and Autor et al. (2013). I have three major findings: First, I show that output

tariff reductions actually had a positive impact on manufacturing labor demand, in contrast

to other recent work on the regional effects of trade liberalization in Brazil (Kovak, 2013;

Dix-Carneiro and Kovak, 2017). Second, I show that this positive shock to manufacturing

labor demand accelerated the pace of structural transformation, and that it hastened the

decline in the share of employment in informal agriculture in particular. Finally, I also show

that it has an even more profound influence on the type of structural transformation that a

region undergoes, with labor reallocating more towards manufacturing and formal services

than informal services.

In sum, I find that trade liberalization fostered industrialization and functioned as a

labor “pull” mechanism of structural transformation in Brazil, with attendant implications

for the composition of employment in the non-agricultural sector. I confirm that these

results are not driven by interregional migration, and reflect internal labor market dynamics

within each region. They are also robust to controlling for fixed effects at the state level
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and pre-trends in the outcomes calculated for the previous decade, well as an array of

regional correlates in the initial year of the study, 1991, including broad sectoral shares and

demographic characteristics.

My paper makes two main contributions to our understanding of structural transfor-

mation. First, it provides causally identified evidence that a positive exogenous shock to

manufacturing labor demand—a labor “pull” mechanism—can trigger structural transforma-

tion away from agriculture in a developing country. In this sense, it is most similar to Erten

and Leight (2017), who find that accession to the World Trade Organization (WTO) also

created a labor “pull” that triggered an increase in exports, industrialization and structural

transformation in China. Most previous empirical research on structural transformation in

developing countries has tended to focus on the role of labor “push” mechanisms, such

as an increase in agricultural productivity (Bustos et al., 2016; Marden, 2017), or shocks to

aggregate demand such as natural resource income transfers (Gollin et al., 2016).1 These

channels indirectly raise labor demand in the non-agricultural sector through income effects,

as opposed to more directly expanding it. While the debate over the relative importance of

labor “push” versus labor “pull” factors will likely continue, my results show that labor

“pull”, and thus policies designed to directly raise non-agricultural labor demand, can speed

the decline of the employment share in agriculture, particularly in informal and subsistence

agriculture.

Secondly, I show that variation in the strength of labor “pull” forces can also influence

the type of reallocation that occurs, and the resulting composition of the non-agricultural

sector. Like Gollin et al. (2016), who show that natural resource income shocks can lead to

“urbanization without industrialization”, my paper provides causally identified evidence

that the cause of structural transformation matters for the subsequent sectoral composition

of and degree of informality in the non-agricultural sector. My results are consistent with

1Other exceptions focusing on labor “pull” mechanisms include Lane (2017), who studies the effects of the
Heavy Chemical and Industry (HCI) industrial policy in South Korea in the 1970s, and Fan and Zou (2018),
who study the effects of the “Third Front Movement”, a large-scale industrialization program initiated by the
communist government in the interior of China in the 1960s.
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Diao et al. (2017), who posit that cross-country differences in structural transformation can

be explained in part by variation in positive supply-side shocks to the “modern” sectors

(e.g., manufacturing), which cause both faster structural transformation and higher labor

productivity in the “modern” sectors.2

My paper also contributes more specifically to the literature on trade openness and

structural transformation. Aside from Erten and Leight (2017), it is the only study I am aware

of that estimates the causal impact of a change in trade policy on structural transformation.

Within the rest of this literature, my work is most closely related to Uy et al. (2013) and

Betts et al. (2017), both of which model and calibrate the effects of trade liberalization and

industrial policy on structural transformation in South Korea. Other papers examining

trade and structural transformation at the national level focus on the role of food imports

and the subsistence food requirement (Tombe, 2015; Teignier, 2017).

Beyond structural transformation, this paper also contributes to the growing empirical

literature on the regional effects of trade liberalization and import competition. Kovak (2013)

and Dix-Carneiro and Kovak (2017) study the same trade liberalization episode in Brazil,

while Topalova (2007) examines the effects of another instance of unilateral liberalization of

import tariffs in India. Several well-known studies have also examined the effects of import

competition on local labor markets in the United States. These include Autor et al. (2013),

who show that Chinese import competition has led to a decline in the manufacturing share

of employment, and Hakobyan and McLaren (2016), who find that NAFTA had negative

effects on wages and migration.3

In contrast to most of this literature, however, I find that import tariff liberalization

appears to have had a positive effect on labor demand in manufacturing, leading to reallo-

cation from agriculture into manufacturing and formal services. My results are especially

2One key difference with their work, however, is that I measure formality in the non-agricultural sector, as
opposed to labor productivity.

3The literature studying the effects of export tariff liberalization is smaller. It includes Erten and Leight
(2017) and McCaig (2011), who studies the regional effects of the US-Vietnam Bilateral Trade Agreement in
Vietnam.
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distinct from those of Kovak (2013) and Dix-Carneiro and Kovak (2017), who find sustained,

long-term negative effects on formal employment and wages in Brazil.4 This is because

I construct a regional shock specifically for manufacturing sectors, using tariff and em-

ployment share data only from manufacturing, while Kovak (2013) and Dix-Carneiro and

Kovak (2017) also include agriculture and mining in their version of the regional trade

shock. Surprisingly, these two versions of the regional shock turn out to be negatively

correlated, thus accounting for the divergent findings. I show that there is in fact a positive

industry-level relationship between output tariff reductions and employment, and provide

other evidence that their regressions may be misspecified due to the inclusion of agriculture

(I delve into this in greater detail in Xu, 2018). This positive relationship is possibly due to

the confounding of output tariff reductions with input tariff reductions, but because of data

limitations, further exploration of this hypothesis is unfortunately beyond the scope of this

paper.

In the next section, I discuss the theoretical framework I use for analyzing regional struc-

tural transformation in Brazil. In Section 3, I provide an overview of the early 1990s trade

liberalization episode, and describe the empirical strategy I employ in this paper. Section 4

discusses the main results on manufacturing labor demand, structural transformation, and

the composition of employment in the non-agricultural sector. Section 5 concludes.

2.2 Structural transformation theory and its application to Brazil

In this section, I discuss the theoretical framework that guides the empirical analysis. I will

review the causes of structural transformation, as well as their differing implications for

the subsequent composition of employment in the non-agricultural sector, through the lens

of a two-sector general equilibrium model. Heterogeneity in the causes and consequences

4There is also a large literature on trade liberalization in Brazil in particular, which varies widely in terms
of the unit of analysis (usually worker, firm, or industry), estimation approach, data sources, and outcomes
studied. Other examples include Goldberg and Pavcnik (2003), Pavcnik et al. (2004), Muendler (2004), Schor
(2004), Gonzaga et al. (2006), Ferreira et al. (2007), Menezes-Filho and Muendler (2011), Paz (2014), Krishna et al.
(2014), Dix-Carneiro (2014), and Helpman et al. (2017).
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of structural transformation has gained more attention recently due to the divergence

of regions such as sub-Saharan Africa from historical patterns of industrialization-led

structural transformation, which characterized development in East Asia and most high-

income countries today.

However, this heterogeneity in structural transformation outcomes is also evident at the

regional level within Brazil, making it a good setting for empirically testing the predictions

of the framework. I describe these patterns, and also discuss considerations in adapting this

framework to regional analysis in Brazil.

2.2.1 A model of the origins of structural transformation

The framework is largely based on the model presented in Diao et al. (2017), which

incorporates the most significant classical and modern theories of structural transformation,

and generates different predictions for labor productivity in the non-agricultural sector.5

Diao et al. (2017) hypothesize that the causes of structural transformation are:

• supply-side shocks to the agricultural sector;

• supply-side shocks to the non-agricultural sector, particularly to manufacturing; and

• aggregate demand shocks.6

All of these shocks contribute to structural transformation by shifting the relative

demand for labor between agricultural and non-agricultural sectors. However, the result-

ing composition of employment in the non-agricultural sector—defined in terms of the

5A model with similar mechanisms but a somewhat different interpretation can be found in Gollin et al.
(2016). For an overview of the broader theoretical literature on structural transformation, see Herrendorf et al.
(2014).

6Other mechanisms of structural transformation have also been proposed, some of which incorporate
endogenous interactions that I abstract from here. For instance, an increase in agricultural productivity can spur
structural transformation through other channels than I describe if profits from agriculture are reinvested into
the more capital-intensive manufacturing sector, such that a supply shock to one sector entails a supply shock to
the other. Bustos et al. (2017) argue that this occurred with soybean profits in Brazil, referring to this mechanism
as the “capital supply” effect. In other cases, the causes of the reallocation of labor to the non-agricultural sector
may not map as neatly onto the aforementioned explanations. Jedwab et al. (2015) describe various other causes
of urbanization, often synonymous with structural transformation, such as negative “rural push” factors such
land pressure or natural disasters, “urban pull” factors such as urban-biased policies that increase the utility of
living in cities, and “urban push” due to higher natural increase in population in cities.
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balance of manufacturing versus services, and labor productivity or formality of employ-

ment—depends on the originating cause of structural transformation. I first describe the set

up of the model, and then how each type of shock impacts the economy.

Consider a simple model of an open economy with two sectors: one agricultural sector,

which only produces food, and one non-agricultural sector, which produces all manufactured

goods and services. Production in each sector is a function of the share of labor allocated to

that sector, as well as a parameter representing supply-side factors such as labor productivity

or foreign demand that could affect sectoral labor demand. Labor flows freely between the

two sectors, until the marginal products of labor in the two sectors are equal.

Consumers have non-homothetic preferences over food and everything else, with spend-

ing on food decreasing proportionally with income. This pattern of consumption is known

as Engel’s Law, which reflects the well-documented empirical fact that at low levels of

income, a large share of consumption is devoted to satisfying subsistence food requirements.

Consumer spending will also depend on the relative price of food versus manufactured

goods and services, since this not only affects their affordability, but also effective income.

Finally, in this economy, expenditures may differ from output, due to the presence of

external transfers such as foreign aid or income from natural resource exports.

In effect, this model states that movement out of agriculture is constrained by the “food

problem” (Schultz, 1953), which requires that a large share of the workforce remain in

agriculture due to low productivity and low incomes. At the same time, we assume that

there is enough slack in the agricultural sector, if not necessarily “unlimited supplies of

labour” (Lewis, 1954), such that industrialization can also draw labor out of the sector. This

set-up enables three potential mechanisms, not necessarily exclusive of one another, to drive

structural transformation.

The first mechanism is a supply-side shock to the agricultural sector, such as an increase

in agricultural productivity. This lowers the relative price of food, making food more

affordable, but also cause an increase in income, which lowers the relative demand for food.

Diao et al. (2017) follow Matsuyama (1992) and other models in assuming that the income
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effect dominates, such that an increase in agricultural productivity actually leads to a decline

in relative expenditure on food. This in turn leads to a decrease in the relative demand for

agricultural labor, and to structural transformation. This mechanism corresponds to the

“labor push” explanation of structural transformation described by Alvarez-Cuadrado and

Poschke (2011), and represents the resolution of the “food problem” inhibiting movement

out of agriculture.

The second mechanism is a supply-side shock to the non-agricultural sector, such as an

increase in manufacturing productivity or foreign demand for exports. This may directly

increase labor demand in manufacturing. It also lowers the relative price of manufactured

goods, making them more affordable, and generates an increase in income that further

increases relative demand for manufactured goods. Either way, relative labor demand in the

manufacturing sector increases, leading to structural transformation. Alvarez-Cuadrado

and Poschke (2011) call this mechanism the “labor pull” hypothesis, which harks back to

the classical model of structural transformation of Lewis (1954).

Finally, the third mechanism through which structural transformation could occur is

through a shock to aggregate demand. As discussed before, examples include external

transfers due to natural resource exports or foreign aid, or anything akin to a “manna from

heaven” income drop (Gollin et al., 2016). The increase in income leads to an increase in

the relative demand for manufactured goods and services, due to Engel’s Law, and thus to

an increase in relative labor demand in those sectors and to structural transformation. It

therefore has an effect on the economy similar to that of a supply-side shock to agriculture.

The empirical evidence on these different causes of structural transformation and their

relative importance is still somewhat limited. Alvarez-Cuadrado and Poschke (2011) use

evidence from changes in relative prices to argue that both the “labor push” and “labor

pull” mechanisms have played a role in structural transformation in the United States and a

sample of 11 other countries, but that labor pull was more important between 1800 and 1960,

while labor push was more responsible after 1960. Meanwhile, working from a model similar

to Diao et al. (2017), Gollin et al. (2016) find that income from natural resource exports have
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contributed to urbanization, a close cousin to structural transformation. However, they show

that natural resource shocks are associated with “urbanization without industrialization”,

i.e., an expansion of the non-agricultural sector driven by the growth of low-productivity,

non-tradable services, as opposed to manufacturing.

Indeed, as Diao et al. (2017) argue, while these shocks all lead to a decline in agricultural

employment, they have different implications for the resulting composition of employment in

the non-agricultural sector. A supply-side shock to the agricultural sector and an aggregate

demand shock both leave labor productivity in the non-agricultural sector unchanged, while

a supply-side shock to the manufacturing sector will usually, by definition, increase labor

productivity in that sector. This leads to the straightforward prediction that non-agricultural

labor productivity, and various features correlated with it such as formality, will be higher in

the latter case than in the former cases. In addition, the manufacturing share of employment

should also naturally be higher.

These predictions are summarized in the table below.

Type of shock
Structural

transformation

Non-

agricultural

labor

productivity

Non-

agricultural

formality

Manufacturing

share of

employment

Increase in

Yes Lower Lower Lower
agricultural

productivity or

aggregate demand

Increase in

Yes Higher Higher Higher
non-agricultural

(manufacturing)

productivity

Diao et al. (2017) show that the agricultural productivity and aggregate demand mecha-
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nisms are consistent with patterns of structural transformation seen in African countries,

where employment in the non-agricultural sector is concentrated in informal services. The

manufacturing productivity mechanism, on the other hand, fits the East Asian model of

structural transformation led by export-oriented industrialization. The composition of the

non-agricultural sector in these countries is therefore more concentrated in manufacturing

and formal employment.

2.2.2 Application to regional structural transformation in Brazil

While the framework in the previous section was developed to explain differences in

structural transformation at the country level, it can be adapted for the analysis of regional-

level structural transformation as well. The key assumption is that each region constitutes a

distinct labor market, in that labor is immobile across regions and all reallocation occurs

across sectors within a given region. Each region is open to interregional trade in agricultural

and manufactured goods, but that labor does not move across regions. As I will discuss

in Section 4, this is a reasonable assumption in the context of microregions in Brazil, as

established by Kovak (2013) and Dix-Carneiro and Kovak (2017).

As in the country-level model, regional manufacturing labor demand may not reflect

regional consumer demand for manufactured goods. A supply shock to the regional

manufacturing industry would affect regional labor markets in a similar way to the country-

level model, as workers would be reallocated to the manufacturing sector from other sectors

in the regional economy. A thornier issue for the analysis of structural transformation

at the regional level, however, is trade in food. Tombe (2015) has documented that most

countries, including Brazil, actually import relatively small share of total food consumption,

making the subsistence food requirement a real constraint to the reallocation of labor out

of agriculture. However, if subnational regions trade food to a greater degree, then the

agricultural employment share may be more divorced from the local demand for food in any

given region. In addition, of course, the agricultural sector in Brazil also produces non-food
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products and cash crops destined for consumption abroad, such as soybeans and coffee.7

For these reasons, it is possible that the traditional dynamics of structural transformation

out of subsistence agriculture are not as applicable in the Brazilian subnational context.

However, subsistence or smallholder agriculture is in fact widespread in Brazil. The legal

category of “family farms”, which determines eligibility for various federal assistance

programs, comprised 84 percent of all farms in Brazil in 2005 (Helfand et al., 2015). To

qualify, farms must fall under a certain size (the limit depends on the region), primarily

employ family labor, and be owner-operated, and the household must obtain the majority of

their income from agriculture. Some of these farms are more prosperous and commercially

oriented, but many could be considered subsistence farmers producing food for own

consumption. Unfortunately, while I cannot observe whether an individual is employed

in a family farm in the population census data, I do observe whether they are formally or

informally employed, the latter of which may be considered a rough proxy for the presence

of smallholder or subsistence agriculture.

That aside, there are many other virtues to studying regional structural transformation

in Brazil. First, Brazil has experienced substantial structural transformation in the last few

decades. Nationally, the agricultural share of employment declined 11.3 percentage points

between 1991 and 2010, from 21.5 percent to 10.2 percent. Moreover, Brazil has experienced

substantial variation in structural transformation across microregions, the unit of analysis in

this study, along all of these dimensions. The average region experienced an 11.9-percentage

point decline in the agricultural share of employment between 1991 and 2010, from 37.5

percent to 25.6 percent.8 The standard deviation of this change is 7.2 percentage points, and

7Bustos et al. (2016) shows that an exogenous increase in labor productivity in soybeans leads to structural
transformation out of agriculture and into manufacturing, although it is unclear if this leads a decline in
subsistence farming.

8The large discrepancy between the national figures and the regional averages, of course, is due to the
skewed geographical distribution of population. In 1991, a full third of the workforce resided in only two states,
São Paulo and Rio de Janeiro, which are significantly more urbanized and less agricultural than the rest of the
country. One benefit of this discrepancy, though, is that there are therefore many agricultural regions in the
sample, which may improve the external validity of the study to countries that are more agricultural than Brazil
was as a whole in 1991.
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the observations range from a decline of 29.3 percentage points at the first percentile to a

slight increase of 1.4 percentage points at the 99th percentile.

Similarly, while the average share of manufacturing employment, at 11.6 percent, doesn’t

budge between 1991 and 2010, the standard deviation of the change is 4.7 percentage points.

Regions at the first percentile saw a 13.1 percentage point decline in the manufacturing

employment share, while those at the 99th percentile experienced a 13.5 percentage point

increase. Thus, regions in Brazil exhibit divergence in structural transformation and em-

ployment composition patterns to a similar degree as the regions of the developing world

described in Diao et al. (2017).

The results presented in Section 4 will indicate that the trade liberalization episode

in the early 1990s in Brazil constitutes a positive shock to manufacturing sector. Thus, I

hypothesize that regions more exposed to trade liberalization will not only experience faster

structural transformation, but have larger shares of manufacturing and formal employment,

accounting for at least some of the regional heterogeneity in these outcomes that can be

observed in Brazil.

2.3 Empirical strategy and the regional trade shock

In this section, I describe the historical context of trade liberalization in Brazil, the empirical

strategy for measuring the impact of trade liberalization on structural transformation, and

issues involved in the construction of the Bartik-like regional trade shock variable.

2.3.1 Trade liberalization in Brazil: context and hypotheses

In the early 1990s, Brazil underwent a dramatic episode of unilateral trade liberalization after

a century of maintaining highly protective trade policies. Until the 1980s, the government

promoted a strategy of import substitution industrialization (ISI), with high tariffs on

manufactured goods and an extensive list of banned imports. A series of economic crises

eventually led to the abandonment of ISI and the lowering of nominal tariffs in the late

1980s. However, Kume (1990) argues that these tariff reforms mostly addressed redundancy
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across different trade protection regimes without affecting the actual level of protection

faced by producers, and did not initiate the process of trade liberalization in earnest.

On its first day in office in March 1990, the Collor de Mello administration unexpectedly

announced that tariffs would be reduced to uniformly low levels over the course of several

years. At the same time, remaining non-tariff barriers were converted to tariff-equivalents

through a process known as tarificação. For this reason, Kovak (2013) uses 1990 as the starting

point of trade liberalization, and measures tariff reductions between 1990 and 1995, when

tariff rates began to stabilize (there was a slight increase in 1994). Due to the suddenness of

the timing, and because the magnitude of the tariff reductions were correlated only with the

initial tariff rates in each industry, which had been set in 1957, both trade liberalization itself

and the sectoral variation in tariff reductions can be regarded as having been exogenously

imposed.

Figure (2.1), a replication of a figure from Dix-Carneiro and Kovak (2017), shows the

magnitude of tariff reductions across 20 tradable sectors: 17 manufacturing subsectors, two

mining subsectors, and one agricultural sector, comprising all agricultural subsectors.9 As

can be seen, there is substantial variation in tariff reductions across these subsectors. In this

study, I will only use data from the 17 manufacturing subsectors, as my goal is to construct

a variable that corresponds to an exogenous shock to manufacturing labor demand in a

given region.10

Theoretically, it is not necessarily clear what effect reducing tariffs on manufacturing sub-

sectors would have on regional manufacturing labor demand and structural transformation.

This is in part because it is also not clear whether tariff reductions actually help or harm

labor demand at the sectoral level. On the one hand, it seems intuitive that increased import

competition for final products would negatively affect labor demand in manufacturing,

9These sectors are more aggregated than the data available from the Census, due to the level of sectoral
aggregation in the tariff data source Kume et al. (2003).

10It is less clear how mining fits into structural transformation theory. Typically a small share of national
employment—though more significant regionally—mining is sometimes included in the industrial sector along
with manufacturing, although it arguably shares more features in common with agriculture. I control for the
initial share of employment in mining in the full regression specification.
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Figure 2.1: Tariffs changes by sector

Source: Dix-Carneiro and Kovak (2017), Figure 1 (“Tariff Changes”). Tariff changes are calculated using data
from Kume et al. (2003), and aggregated to sector definitions consistent with the Demographic Census.

which would lead to slower structural transformation. This is the theoretical assumption

in both Topalova (2007) and Kovak (2013), who formalizes the empirical approach for

estimating regional trade shocks introduced by Topalova (2007) with a specific-factors model

of regional economies. Kovak (2013) assumes that sectors facing larger tariff reductions will

face larger output price declines, and therefore lower labor demand, leading to lower wages

and employment in the local labor market. The results of Kovak (2013) and Dix-Carneiro

and Kovak (2017) appear to confirm these predictions in the context of trade liberalization

in Brazil.

On the other hand, it is also conceivable that mechanisms such as the greater availability

of imported inputs (Amiti and Konings, 2007; Topalova and Khandelwal, 2011) could

actually increase labor demand in manufacturing, leading to faster structural transformation.

Muendler (2004) and Schor (2004), for instance, have found to varying extents that tariff

reductions on imported inputs have a positive effect on firm productivity in Brazil. At the

very least, this could complicate the theorized relationship between tariff reductions, price
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declines for final products, and labor demand in affected industries.11

Empirically, Figure (2.2a) shows that tariff reductions in agriculture, mining, and the

manufacturing subsectors are in fact positively associated with increases in log employment

for 1991-2000. As can be seen in Figure (2.2b), this is generally the case for the 1991-2010

period as well.

This suggests that on a sectoral level, it could be misleading to assume, ex ante, a

negative correlation between tariff reductions and labor demand. There is some suggestive

evidence that intermediate tariffs do play a role in explaining these observed patterns. Using

data from the World Input-Output Database (WIOD), I calculate weighted average tariffs

for first-degree upstream sectors for each sector. This requires aggregating several sectors

together for consistency, so that the number of sectors drops from 20 to 16. Figure (2.3a)

shows that there is a positive correlation between own sector tariffs and upstream tariffs,

and Figure (2.3b) shows that there is also a positive correlation between upstream tariffs

and the change in sectoral employment. Thus, it is possible that the reduction of tariffs

on intermediate goods may have had a greater impact on employment than the reduction

of tariffs on final products, but that the two measures are strongly confounded with one

another.

Up to this point, I have been using only nominal tariff rates, which reflect the rate of

protection assigned to final output goods. Kume et al. (2003) also provide data on effective

tariff rates for each industry, which also take into account the rate of protection on each

industry’s intermediate inputs, weighted by each input’s cost share of the final good. As

can be seen in Figure (2.4a), the magnitudes of the reductions in the nominal tariff rates and

effective tariff rates are positively correlated, but the change in the effective tariffs tends to

be larger (thus lying above the 45 degree line), especially in manufacturing sectors. This

11Other potential avenues by which import competition might positively affect some economic outcomes
have more ambiguous implications for labor demand. Amiti and Khandelwal (2013), for instance, find that
import competition can lead to product quality upgrading, but it is unclear what effect this has on labor demand
in a given sector, especially if product quality corresponds to labor intensity. Melitz (2003) argues that there
can be a positive link between aggregate productivity, labor demand, and an increase in an increase in export
opportunities, but he does not analyze the effects of import competition.
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(a) 1991-2000

(b) 1991-2010

Figure 2.2: Magnitude of tariff reduction vs. change in log employment

Calculated using data from the 1991, 2000, and 2010 Demographic Censuses, and tariff data from Kume et al.
(2003). Linear prediction lines are separately plotted for all sectors and manufacturing sectors only.
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(a) Own tariffs vs. upstream tariffs

(b) Upstream tariffs vs. log employment, 1991-2000

Figure 2.3: The role of upstream tariffs

Calculated using employment data from the 1991 and 2000 Demographic Censuses, and tariff data from Kume
et al. (2003). Linear prediction lines are separately plotted for all sectors and manufacturing sectors only.
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reflects the additional impact of tariff reductions on intermediate inputs in those sectors.

(For sectors below the 45 degree line, the change in effective tariff rates is actually smaller

than the change in nominal tariff rates. Adjusting for their cost shares, this indicates that the

tariff reductions on these sectors’ upstream sectors were smaller than for their counterparts

above the 45 degree line.)

Figure (2.4b) shows that the positive relationship between the reduction in tariff rates

and the change in log employment largely goes away once we use effective tariffs instead

of nominal tariffs, and that this is especially the case for manufacturing sectors. This

is consistent with the observed correlation between nominal output tariffs and nominal

upstream tariffs driving the positive change in log employment, rather than the nominal

output tariffs themselves.

Regardless, given that there are only 20 sectors, this hypothesis also still speculative,

so in this paper I will remain agnostic about the potential channels through which trade

liberalization may positively affect manufacturing labor demand. Unfortunately, other data

sources, such as the formal sector database RAIS (Relação Anual de Informaçoes Sociais),

have even fewer sectors available for analysis for the relevant time period. Explaining

why this positive relationship exists will hopefully be addressed by future work. In the

next subsection, however, I will briefly discuss why the differences in construction of

the manufacturing trade shock in this paper versus the trade shock in Kovak (2013) and

Dix-Carneiro and Kovak (2017) can explain differences in our findings at the regional level.

2.3.2 Empirical strategy and construction of regional trade shock

The research design in this paper involves comparing outcomes related to structural trans-

formation across regions with varying degrees of exposure to trade liberalization in manu-

facturing, in order to estimate the relative impact of labor-demand shock to manufacturing

across regions. To do this, I modify the approach taken by Kovak (2013) and Dix-Carneiro

and Kovak (2017), which closely resembles the empirical strategies used in other studies of

the regional impacts of trade, such as Topalova (2007), Autor et al. (2013), and Hakobyan
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(a) Effective tariff rates versus nominal tariff rates

(b) Effective tariff rate reductions vs. change in log employment

Figure 2.4: Effective tariff rates

Calculated using data from the 1991, 2000, and 2010 Demographic Censuses, and tariff data from Kume et al.
(2003). Linear prediction lines are separately plotted for all sectors and manufacturing sectors only.
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and McLaren (2016). This requires defining a regional measure exposure to the trade shock,

derived from industry-level variation in tariff reductions and regional variation in industrial

composition.12

In Kovak (2013) and Dix-Carneiro and Kovak (2017), the industry-level component is

the magnitude of tariff reductions, measured as the change in 1 + τi (one plus the nominal

tariff rate) between 1990 and 1995.13 The regional component is the sectoral composition of

employment at the beginning of the trade liberalization period (this would ideally be 1990,

but census data is available only in 1991). Dix-Carneiro and Kovak (2017) then calculate the

regional trade shock, which they call the regional tariff reduction (RTR), as the weighted

average of sectoral tariff reductions, with regional employment shares in each sector as the

weights. Using this method, they find a sustained and growing negative impact of RTR on

the growth of formal wage premia and formal employment from 1991 through 2010.

The equation for RTR, as derived from the specific-factors model introduced by Kovak

(2013), is

RTRr = −∑
i

βrid ln(1 + τi)

where

βri =
λri

1
φi

∑
i

λrj
1
φj

τi is the nominal tariff rate in industry i; d is the long difference from 1990–1995; λ is the

initial employment share in industry i in region r in 1991; and φ is the cost share of non-labor

factors, which affects the extent to which labor demand in a given industry responds to

output price changes. Kovak (2013) also argues that non-tradable employment should not

be included in the calculation of regional industry employment shares, as non-tradable

12In Xu (2018), I call these types of variables Bartik-style regional trade shocks, for their similarity in structure
to Bartik instruments (Bartik, 1991). One key difference, however, is that they are not usually instrumental
variables, as they typically enter into reduced form estimation as exogenous shocks. For a thorough discussion
of Bartik instruments, see Goldsmith-Pinkham et al. (2018) and Borusyak et al. (2018).

13Trade liberalization was largely completed by 1993, but I follow the practice of Dix-Carneiro and Kovak
(2017) in measuring tariff reductions more conservatively over the longer 1990-1995 period.
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Table 2.1: Comparison of regional trade shocks

mean sd p10 p50 p90 count

RTR (Dix-Carneiro and Kovak, 2017) 0.045 0.040 0.002 0.033 0.107 413
RTR_manu 0.161 0.013 0.145 0.161 0.175 413

Both RTR and RTR_manu are calculated using employment share data from the 1991 Demographic Census,
tariff data from Kume et al. (2003), and non-labor cost share data from the IBGE national accounts.

prices likely move with tradable prices, and should therefore not be entered in as “zeroes”

into to the equation, even as they don’t experience “tariff” changes. Thus, the denominator

in calculating the industry shares λi is the sum of tradables employment in each region.

In order to focus on the shock to the manufacturing sector, I modify this approach by

removing agriculture and the two mining subsectors from the vector of industries, and

calculate a version of RTR only using data from the 17 manufacturing industries, which I call

RTR_manu. This means that I only use variation in nominal tariff changes for manufacturing

subsectors, and that the denominator in the employment shares λi is now manufacturing

employment only, rather than all tradables employment. As a result, RTR_manu takes on

very different values than RTR, as can be seen in Table (2.1). In particular, the mean is

higher, and the standard deviation and range are respectively lower and narrower.14

Surprisingly, however, RTR and RTR_manu are actually negatively correlated, with a

correlation coefficient of -0.3183. This is because RTR is apparently overwhelmingly deter-

mined by variation in the regional employment shares and tariff reductions in agriculture,

subsuming variation in the 17 manufacturing sectors. As indicated in Figure (2.5a), in the

average region, agriculture makes up 69.1 percent of tradables employment, with the next

largest sector, food processing, coming in second at only 4.8 percent. In contrast, in Figure

(2.5b), I show that the average regional employment shares for manufacturing subsectors,

with total manufacturing employment as the denominator, are more evenly distributed. As

14For additional analysis in Section 4, I also calculate a version of RTR_manu using effective tariff rates,
RTR_manu_e f f .
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previous seen in Figure (2.1), agriculture also has the lowest tariff “reduction” (technically a

slight increase) out of all of the sectors. In Figure (2.6), I show that the correlation coefficient

between RTR and the initial share of agriculture is highly negatively correlated, with a

correlation coefficient of -0.92.

In Xu (2018), I show that estimation using RTR also does not pass what I call an

industry-level mechanism test, which calls for consistency between the coefficients on the

industry-level regression and the regional-level regressions of the trade shock on labor

market outcomes. This condition is derived from the Kovak (2013) specific-factors model,

which implies that labor at the sectoral level within each region should reallocate away

from sectors facing negative output price shocks, much as labor demand would decline in a

region more exposed to negative industry-level output price shocks. This was hinted at by

Figures (2.2a) and (2.2b), which illustrated a positive relationship between tariff reductions

and aggregate industry employment, contrasting with the negative results found by Kovak

(2013) and Dix-Carneiro and Kovak (2017) for regional labor demand. As I discuss in Xu

(2018), this inconsistency is likely due to the fact that agricultural regions, which have a

lower value of RTR, may be experiencing faster labor demand growth in the non-agricultural

sector due to mean reversion and economic convergence, rather than the effect of lower

tariffs.

2.3.3 Model specification

In Table (2.2), I illustrate balance across key variables for RTR_manu. In Columns 1 through

3, I check for correlations with the initial share of employment in aggregated sectors. (Em-

ployment in services is omitted, as the workforce is the sum of employment in agriculture,

manufacturing, services, and mining.) While RTR_manu is significantly less correlated with

the initial share of agricultural employment than RTR, there is still a statistically significant

positive correlation, indicating that regions with higher manufacturing tariff reductions are

likely to be more agricultural. There is an even larger negative correlation with the initial

share of employment in manufacturing, but RTR_manu is apparently balanced across the
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(a) All tradable sectors (n=20), as average share of all tradables employment

(b) Manufacturing sectors only (n=17), as average share of manufacturing employment

Figure 2.5: Average regional employment shares in 1991

Calculated using data from the 1991 Demographic Census.
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Figure 2.6: Regional tariff reduction (RTR) vs. agricultural share of regional employment in 1991

Calculated using data from the 1991 Demographic Census.

initial share of employment in mining.

In Column 5, I also check to see if a variety of regional demographic characteristics at

the beginning of the liberalization period are correlated with RTR_manu. These include the

non-white population share, the share of the population that is Catholic, the average number

of children per household, the adult literacy rate, the average years of schooling for adults,

average household income, and the urbanization rate. Only the non-white population share

and the literacy rate are statistically significant, with both variables negatively correlated

with RTR_manu.

I control for all statistically significant initial correlates of RTR_manu, as they may be

confounded with the outcomes. The final specification also includes controls for the initial

shares of employment in agriculture, manufacturing, and mining each, even though not all

of the shares are jointly statistically significant as correlates of RTR_manu. However, as will

be seen in the next section, they each have a significant impact on the outcomes in the main
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Table 2.2: Initial correlates of RTR_manu trade shock in 1991

Dependent variable: RTR_manu (manufacturing trade shock)

(1) (2) (3) (4) (5) (6)

Ag. employment share 0.020*** 0.001 -0.000 -0.013+
(0.004) (0.005) (0.012) (0.008)

Manu. employment share -0.072*** -0.071*** -0.075*** -0.081***
(0.013) (0.016) (0.018) (0.016)

Min. employment share -0.008 -0.020 -0.007 -0.020
(0.018) (0.018) (0.017) (0.017)

Non-white share -0.027*** -0.026***
(0.007) (0.006)

Catholic share -0.003
(0.012)

Children per household 0.005
(0.004)

Literacy rate -0.043* -0.030**
(0.022) (0.015)

Years of schooling 0.003
(0.003)

Household income 0.000
(0.000)

Urbanization rate 0.003
(0.008)

N 410 410 410 410 410 410
R2 0.30 0.37 0.25 0.37 0.41 0.41
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: There are 24 state fixed effects (which are allowed to vary by year). Standard errors are clustered at the
mesoregion level (87 clusters).
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analysis.15 The full set of controls is therefore the five variables shown in Column 6.

In the main analysis, I run long differences regressions, following a very similar specifi-

cation used by Dix-Carneiro and Kovak (2017):

yrt − yr,1991 = βtRTR_manu + Z′r,1991γ + αst + εrst

where t is 2000 or 2010; r is the microregion, a geographical unit analogous to a U.S.

commuting zone (see Autor et al., 2013); and s is the state, a larger geographical unit that

contains multiple microregions. RTR_manu is the regional tariff reduction described in the

previous subsection, calculated with manufacturing subsectors, and is fixed and invariable

over time. It should be noted that as it reflects the magnitude of tariff reductions, it only

takes positive values. y is various outcomes related to structural transformation, such as

the share of employment in agriculture, manufacturing, and services. Z is a vector of

initial correlates of RTR_manu and other initial employment shares as described above. α

are state-year fixed effects, which vary depending on whether outcomes are measured for

1991-2000 or 1991-2010. Thus, the coefficient for RTR_manu captures within-state variation

among microregions. It is also important to note that all regression estimates reflect the

relative effect of trade liberalization across regions, rather than the aggregate effects.

Following Dix-Carneiro and Kovak (2017), I cluster standard errors at the mesoregion

level, an intermediate geographical unit between microregions and states. Additionally, in

most regressions, I also calculate and control for outcome pre-trends for 1980-1991 using the

1980 Demographic Census data. Descriptive statistics for various outcomes and covariates

are presented in Table (2.3).

Data for all variables comes from the long form of the Demographic Census for 1980,

1991, 2000 and 2010, and are aggregated for individuals up to the microregion level. I code

workers as formally employed if they have a work card. Data on tariff rates is from Kume

et al. (2003), a widely used reference in the literature on trade liberalization in Brazil. The

non-labor cost share data is from the 1990 National Accounts data from the IBGE, and was

15Almost all results are also robust to controlling for RTR itself, in place of the initial share of employment
in agriculture.
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Table 2.3: Descriptive statistics for regional outcomes and covariates

1991 2000 2010

Panel A. Employment shares
Agriculture All 0.375 0.307 0.256

(0.194) (0.172) (0.150)
Formal 0.038 0.039 0.039

(0.041) (0.038) (0.033)
Informal 0.337 0.268 0.217

(0.203) (0.177) (0.153)
Manufacturing All 0.116 0.110 0.116

(0.079) (0.067) (0.074)
Formal 0.069 0.058 0.076

(0.076) (0.057) (0.067)
Informal 0.047 0.052 0.040

(0.025) (0.025) (0.023)
Services All 0.495 0.576 0.621

(0.149) (0.141) (0.120)
Formal 0.200 0.189 0.308

(0.100) (0.097) (0.110)
Informal 0.295 0.387 0.313

(0.074) (0.074) (0.057)
Mining All 0.014 0.006 0.007

(0.037) (0.013) (0.013)
Panel B. Initial demographic characteristics
Non-white share in 1991 0.519

(0.248)
Catholic share in 1991 0.873

(0.082)
Children per household in 1991 2.719

(0.463)
Literacy rate in 1991 0.698

(0.166)
Years of schooling in 1991 4.134

(1.281)
Average household income in 1991 1.39e+05

(68480.383)
Urbanization rate in 1991 0.613

(0.198)
Note: This table displays the means (standard deviations) for key outcome and control variables. All data are
from the Demographic Census. There are 410 microregion observations for all variables.
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provided by Brian Kovak.

2.4 The impact of trade liberalization

In this section, I describe the results of the empirical analysis. I first establish that there is a

positive relationship between the trade shock and regional manufacturing labor demand.

I then show that regions with manufacturing sectors that were more exposed to trade

liberalization experienced faster structural transformation—i.e., a decline in the share of

employment in agriculture. They also experienced a different type of structural transforma-

tion, with labor reallocating into both formal and informal manufacturing employment, as

opposed to informal services.

2.4.1 Manufacturing labor demand

Table (2.4) illustrates the impact of trade liberalization on regional log manufacturing

employment. Column 3 shows that a significant positive impact persists for the 1991-2000

period, even with the addition of all of the initial controls. The interpretation of the coefficient

on the regional trade shock, RTR_manu, 4.060, means that a one percentage point (i.e., 0.01)

increase in RTR_manu, equivalent to slightly less than one standard deviation, is associated

with a 4.060 percent increase in manufacturing employment relative to other regions.

Alternatively, a three percentage point (i.e., 0.03) increase in RTR_manu, approximating

the 10th-90th percentile gap in the RTR_manu variable, is associated with a 4.343*3 =

12.18 percent increase in manufacturing employment relative to other regions. This effect

dissipates somewhat through the longer 1991-2010 period, with a coefficient of 3.538 for

RTR_manu in Column 6.

Table (2.5) and Table (2.6) show that manufacturing growth is split between the formal

and informal sector, such that the coefficients for RTR_manu in Column 3 of both tables are

large, but not statistically significant at conventional levels. The coefficient on RTR_manu

is larger for formal employment (3.851) than for informal employment (2.074), however,

suggesting that the bulk of growth in manufacturing is in the formal sector.
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Table 2.4: Manufacturing labor demand

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 6.894*** 5.054*** 4.060** 6.587*** 4.662*** 3.538*
(1.694) (1.871) (2.022) (1.545) (1.644) (1.937)

1991 ag. share 0.541*** 0.380** 0.504** 0.298
(0.142) (0.158) (0.206) (0.241)

1991 manu. share -0.659** -0.748*
(0.305) (0.381)

1991 min. share 0.946* 0.494
(0.541) (0.674)

1991 non-white share -0.275** -0.375*** -0.485*** -0.584***
(0.124) (0.131) (0.165) (0.183)

1991 literacy rate 0.291 0.229 0.295 0.195
(0.314) (0.310) (0.337) (0.360)

Outcome pre-trend,
1980-1991 0.061 0.065 0.048 0.134 0.126 0.113

(0.059) (0.057) (0.062) (0.101) (0.097) (0.094)

N 409 409 409 409 409 409
R2 0.33 0.37 0.39 0.26 0.31 0.32
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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Table 2.5: Manufacturing labor demand - formal employment

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 6.654** 3.075 3.851 13.627*** 6.798 7.959+
(3.143) (3.506) (3.606) (4.625) (4.797) (4.873)

1991 ag. share 0.629** 1.058**
(0.276) (0.436)

1991 manu. share -0.868** -0.111 -1.701*** -0.499
(0.387) (0.445) (0.613) (0.646)

1991 min. share 2.912*** 3.475***
(1.030) (1.283)

1991 non-white share -0.703** -0.597* -1.018*** -0.794**
(0.282) (0.308) (0.303) (0.342)

1991 literacy rate -0.559+ 0.134 -1.291*** -0.092
(0.374) (0.575) (0.448) (0.696)

Outcome pre-trend,
1980-1991 -0.098 -0.116+ -0.119* 0.049 0.020 0.017

(0.080) (0.077) (0.061) (0.102) (0.094) (0.070)

N 406 406 406 406 406 406
R2 0.30 0.33 0.35 0.35 0.40 0.42
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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Table 2.6: Manufacturing labor demand - informal employment

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 1.634 1.723 2.074 0.712 2.103 2.182
(2.251) (2.480) (2.459) (1.624) (1.804) (1.821)

1991 ag. share 0.439** 0.024
(0.172) (0.175)

1991 manu. share 0.200 0.644** 0.636* 0.690*
(0.305) (0.310) (0.339) (0.379)

1991 min. share 0.579 0.506
(0.401) (0.881)

1991 non-white share -0.240+ -0.119 -0.370** -0.381**
(0.162) (0.175) (0.163) (0.175)

1991 literacy rate -0.037 0.483+ 0.295 0.314
(0.216) (0.332) (0.224) (0.262)

Outcome pre-trend,
1980-1991 0.077+ 0.065 0.069 -0.122* -0.154** -0.160***

(0.050) (0.052) (0.052) (0.068) (0.060) (0.058)

N 410 410 410 410 410 410
R2 0.33 0.33 0.34 0.22 0.27 0.27
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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An increase in manufacturing labor demand would also likely be accompanied by

higher wages in manufacturing. To confirm that this is the case, following the methodology

used in Kovak (2013) and Dix-Carneiro and Kovak (2017), I calculate the wage premia

for manufacturing workers in each region. This is obtained by regressing the wages of

manufacturing workers on demographic characteristics, industry fixed effects, and regional

fixed effects, and extracting the estimated coefficients for the regional fixed effects. That is,

it represents the residual for each region once the other determinants of wages have been

controlled for.

Once again, I distinguish between formal and informal manufacturing. As seen in

Table (2.8), a higher RTR_manu is associated with a 1.035 percentage increase in the formal

manufacturing wage premia for 1991-2000, which increases in magnitude to 1.452 for 1991-

2010. However, as Tables (2.7) and (2.9) show, there are no statistically significant effect for

informal manufacturing, or for manufacturing overall.

The positive results for manufacturing employment and wage premia form a sharp

contrast to those found by Kovak (2013) and Dix-Carneiro and Kovak (2017), as previously

discussed. Kovak (2013) finds a negative effect for wage premia between 1991 and 2000,

while Dix-Carneiro and Kovak (2017) finds a negative effect for both formal wage premia

and formal employment which grows over time from 1992 through 2010. In Appendix

B, in order to more directly compare my results with theirs, I also estimate the impact

of RTR_manu on log formal employment and on wage premia (for both formal workers

and all workers), now calculated for all sectors. Similarly to the regressions for overall

manufacturing employment, I find that trade liberalization had a positive effect on both

formal employment and wage premia for 1991-2000, though the effect is not statistically

significant for the specification with the full set of controls. This is due to the negative

correlation between RTR and RTR_manu, and potential misspecification in regressions

using RTR, as discussed in Section 3. A longer discussion of the issues with RTR can be

found in Xu (2018).

In addition, I also show in Appendix B that the results for manufacturing labor demand,
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Table 2.7: Manufacturing wage premia

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 1.547** 1.352* 0.680 1.265+ 1.309* 0.098
(0.643) (0.701) (0.646) (0.798) (0.707) (0.665)

1991 ag. share 0.105* -0.043 0.374*** 0.127
(0.056) (0.070) (0.082) (0.091)

1991 manu. share -0.336*** -0.621***
(0.089) (0.138)

1991 min. share -0.048 0.096
(0.232) (0.268)

1991 non-white share -0.130** -0.201*** 0.131 0.016
(0.064) (0.067) (0.116) (0.117)

1991 literacy rate 0.243** 0.070 0.771*** 0.535***
(0.113) (0.128) (0.139) (0.145)

N 410 410 410 410 410 410
R2 0.53 0.56 0.57 0.49 0.53 0.56
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters). All regressions are weighted by the
inverse of the squared standard error of the estimated change in the wage premia for manufacturing workers
each microregion, similarly to the procedures used in Kovak (2013) and Dix-Carneiro and Kovak (2017).
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Table 2.8: Manufacturing wage premia - formal employment

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 2.719*** 2.118*** 1.035* 3.284*** 2.955*** 1.452**
(0.569) (0.537) (0.523) (0.741) (0.595) (0.585)

1991 ag. share 0.027 -0.182+ 0.399*** 0.104
(0.101) (0.123) (0.092) (0.106)

1991 manu. share -0.499*** -0.716***
(0.132) (0.123)

1991 min. share -0.168 -0.437*
(0.359) (0.237)

1991 non-white share -0.128+ -0.217** 0.133 0.016
(0.083) (0.089) (0.121) (0.117)

1991 literacy rate -0.352 -0.556 0.492** 0.206
(0.392) (0.402) (0.190) (0.207)

N 408 408 408 407 407 407
R2 0.37 0.41 0.44 0.54 0.58 0.62
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters). All regressions are weighted by the
inverse of the squared standard error of the estimated change in the wage premia for formal manufacturing
workers each microregion, similarly to the procedures used in Kovak (2013) and Dix-Carneiro and Kovak (2017).
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Table 2.9: Manufacturing wage premia - informal employment

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 0.874 0.645 0.457 -0.570 -0.062 -0.464
(0.844) (0.942) (0.892) (0.800) (0.717) (0.722)

1991 ag. share 0.117* 0.078 0.210** 0.136
(0.063) (0.074) (0.093) (0.111)

1991 manu. share -0.116 -0.247
(0.124) (0.191)

1991 min. share 0.393** 0.673**
(0.184) (0.331)

1991 non-white share -0.202*** -0.229*** 0.041 -0.007
(0.066) (0.066) (0.113) (0.117)

1991 literacy rate 0.226* 0.190+ 0.728*** 0.675***
(0.114) (0.118) (0.142) (0.143)

N 410 410 410 410 410 410
R2 0.49 0.51 0.52 0.47 0.51 0.52
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters). All regressions are weighted by the
inverse of the squared standard error of the estimated change in the wage premia for formal manufacturing
workers each microregion, similarly to the procedures used in Kovak (2013) and Dix-Carneiro and Kovak (2017).
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as well as the results in the rest of this paper, are not due to labor reallocation across

microregions. I do this by regressing the change in the log working age population on

RTR_manu and the same set of covariates. This also follows a similar exercise in Dix-

Carneiro and Kovak (2017). The estimated coefficient in the most stringent specification

is negative, but statistically indistinguishable from zero, suggesting that the expansion of

manufacturing employment was not due to inward migration from other regions.

As to the question of why a reduction in tariff rates might have a positive effect on

manufacturing labor demand, I return to the distinction between nominal and effective

tariff rates discussed in Section 3.2. I additionally calculate RTR_manu_e f f , a version of

RTR_manu that uses effective tariff rates instead of nominal tariff rates, so that it reflects

the additional impact of tariff reductions in the upstream sectors of each final output sector.

In Appendix B, I replicate the manufacturing labor demand analysis in Table (2.4) using

RTR_manu_e f f . I find that while the estimated coefficients are still positive, they are no

longer statistically significant in the most stringent specifications. This is consistent with the

patterns found in Section 3.2, which also indicate that effective tariff rate reductions are not

correlated with changes in log employment at the industry level. The difference between

the RTR_manu and RTR_manu_e f f results underscores the role that tariff reductions on

upstream sectors may be playing in the RTR_manu results. However, since the coefficient

for RTR_manu_e f f is still positive, it is unlikely that upstream sectors entirely explain the

positive results found for RTR_manu, suggesting that there may be an another mechanism

at work as well.

2.4.2 The pace of structural transformation

Having established that RTR_manu can indeed be regarded as a positive shock to man-

ufacturing labor demand, I proceed to estimate the effects of this shock on structural

transformation. I define structural transformation as the decline in the share of agricultural

employment. Table (2.10) illustrates that trade liberalization appears to have had a positive

though marginally statistically significant impact on the pace of structural transformation
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Table 2.10: Agricultural employment share

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu -0.562** -0.200 -0.288+ -1.026*** -0.335+ -0.356+
(0.214) (0.187) (0.184) (0.304) (0.215) (0.232)

1991 ag. share -0.213*** -0.215*** -0.330*** -0.320***
(0.025) (0.026) (0.029) (0.030)

1991 manu. share -0.058+ -0.012
(0.037) (0.058)

1991 min. share 0.351*** 0.317***
(0.081) (0.072)

1991 non-white share -0.062** -0.076*** -0.055** -0.063**
(0.024) (0.022) (0.025) (0.025)

1991 literacy rate -0.162*** -0.159*** -0.175*** -0.165***
(0.052) (0.053) (0.052) (0.054)

Outcome pre-trend,
1980-1991 0.193*** 0.098** 0.127*** 0.379*** 0.194*** 0.215***

(0.045) (0.042) (0.039) (0.068) (0.056) (0.055)

N 409 409 409 409 409 409
R2 0.26 0.48 0.52 0.39 0.67 0.69
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).

over both the 1991-2000 and 1991-2010 periods. The coefficient on RTR_manu in Column

3, the most conservative specification, is -0.288. This coefficient increases in magnitude to

-0.356 for the 1991-2010 period.

The coefficient of -0.288 in Column 3 means that a one percentage point (0.01) increase

in RTR_manu, equivalent to slightly less than the standard deviation of RTR_manu, is

associated with a 0.288 percentage point decrease in the share of agricultural employment,

relative to other regions. For the 10-90 percentile gap in RTR_manu, this corresponds to a

0.864 percentage point decrease in the share of agricultural employment. As before, however,

it is important to remember that these are relative rather than absolute effects. Nearly all

regions experienced structural transformation away from agriculture, with the agricultural
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share of employment declining 6.7 percentage points between 1991 and 2000 in the average

region, from 37.5 percent to a 30.7 percent. As shown in Table (2.3), the standard deviation

of this change was 4.3 percentage points, meaning that the 10-90 percentile gap in trade

liberalization contributed about one-fifth of a standard deviation in regional structural

transformation between 1991 and 2000.

This suggests that trade liberalization did not have a drastic effect on structural trans-

formation, since across most regions, one percentage point of the regional variation in the

decline in the share of agricultural employment, at most, could be attributed to the trade

shock. Quantitatively, this estimate is also somewhat smaller compared to findings from

other studies of exogenous shocks to structural transformation in Brazil. For instance, Bustos

et al. (2016) find that a one standard deviation increase in potential soy yields produces an

effect equivalent to 24 percent of the standard deviation in the change in the agricultural

employment share between 2000 and 2010.16

Another way of quantifying the economic impact of the 10-90 percentile one-percentage

point change in the rate of structural transformation is to consider that the average region

had 143,913 employed adults in 2000. The average share of employment in agriculture

in 2000 was 30.7 percent, meaning that 44,181 workers were employed in agriculture in

the average region. The 0.864 percentage point estimate for the impact of the trade shock

suggests that a region at the 90th percentile of RTR_manu created jobs for an additional

1,243 workers in the non-agricultural sector between 1991 and 2000 compared to a region at

the 10th percentile of RTR_manu.

Moreover, Tables (2.11) and (2.12) show that the decline in agriculture is driven by the

informal sector. Overall, this story is consistent with the standard narrative of structural

transformation in which labor reallocates away from lower productivity subsistence agricul-

16Bustos et al. (2016) report, in Table 2 of their paper, a 6.4 percentage point decline in the agricultural
employment share between 2000 and 2010, with a standard deviation of 7.4 percentage points. This differs from
the calculations for the same period reported in Table (2.3) of this paper (i.e., a 5.1 percentage point decline and
standard deviation of 4.3 percentage points), at least in part because their unit of observation is the municipality,
a much more disaggregated geographical area yielding almost ten times the number of observations than in
this paper.
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Table 2.11: Agricultural employment share - formal

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 0.029 -0.002 -0.016 -0.020 -0.069* -0.100***
(0.034) (0.033) (0.034) (0.037) (0.037) (0.038)

1991 ag. share 0.037*** 0.030*** 0.056*** 0.043***
(0.011) (0.011) (0.014) (0.013)

1991 manu. share -0.023 -0.048**
(0.020) (0.023)

1991 min. share -0.016 0.051+
(0.025) (0.034)

1991 non-white share -0.009 -0.010 -0.016 -0.021*
(0.011) (0.012) (0.012) (0.012)

1991 literacy rate 0.020 0.016 0.023 0.018
(0.021) (0.021) (0.026) (0.025)

Outcome pre-trend,
1980-1991 -0.248*** -0.280*** -0.278*** -0.504*** -0.555*** -0.540***

(0.079) (0.075) (0.074) (0.073) (0.064) (0.063)

N 409 409 409 409 409 409
R2 0.36 0.40 0.40 0.51 0.57 0.58
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).

ture, toward higher productivity non-agricultural sectors. It should be noted that this is a

result that is distinct from the labor “push” narrative in Bustos et al. (2016), who find that

increases in labor productivity in one particular agricultural sector, soybeans, led to a decline

in the agricultural employment share, and an increase in the manufacturing employment

share. Bustos et al. (2016) also don’t distinguish between changes in informal versus formal

agricultural employment, so it’s unclear if soybean productivity only impacts labor in the

soybean sector, or if it affects other agricultural sectors as well.

To my knowledge, this is one of the first pieces of empirical evidence illustrating the

effects of an industrialization-led, labor “pull” mechanism of structural transformation. It

is also one of the first to demonstrate that an exogenous shock can specifically reallocate

workers out of informal agricultural employment in particular. It is complementary to
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Table 2.12: Agricultural employment share - informal

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu -0.227*** -0.066 -0.078 -0.337** -0.062 -0.019
(0.082) (0.065) (0.069) (0.134) (0.083) (0.097)

1991 ag. share -0.236*** -0.225*** -0.358*** -0.327***
(0.025) (0.026) (0.030) (0.032)

1991 manu. share -0.010 0.078+
(0.034) (0.051)

1991 min. share 0.331*** 0.198***
(0.079) (0.067)

1991 non-white share -0.054** -0.061** -0.040 -0.037
(0.025) (0.024) (0.030) (0.031)

1991 literacy rate -0.165*** -0.150*** -0.161*** -0.139***
(0.048) (0.048) (0.050) (0.051)

Outcome pre-trend,
1980-1991 0.184*** 0.068* 0.073** 0.330*** 0.111** 0.108**

(0.032) (0.037) (0.036) (0.046) (0.047) (0.047)

N 409 409 409 409 409 409
R2 0.34 0.57 0.60 0.44 0.73 0.74
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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the findings of Erten and Leight (2017), who find that accession to the WTO, which was

accompanied by the reduction of uncertainty of export tariffs, had a positive effect on

exports, GDP, and structural transformation in counties in China more exposed to the

change in trade policy.

2.4.3 Type of structural transformation

Although trade liberalization affected the pace of structural transformation, it also affected

the type of structural transformation that occurred. In particular, regions with a higher

value of RTR_manu are more likely to experience a relative increase in the manufacturing

and formal services employment shares, and a relative decrease in the employment share of

informal services.

Table (2.13) shows that trade liberalization caused the share of employment in manufac-

turing to increase. For the preferred specifications in Columns 3 and 6, the coefficient on

RTR_manu is 0.310 for 1991-2000, and increases to 0.464 for 1991-2010. Since the dependent

variable is another transformation of manufacturing employment, these results are mostly

qualitatively similar to those in Table (2.4), which measure the impact of RTR_manu on the

growth of log manufacturing employment.

The average region experienced a decline of 0.6 percent in the manufacturing employ-

ment share from 11.6 percent between 1991-2000. However, the standard deviation of this

change was 3.2 percent, suggesting a great deal of regional variation in manufacturing

performance. The coefficient of 0.310 in Column 3 indicates that the 10-90 gap in RTR_manu

accounts for 0.930 percentage points, or a bit less than a third of the standard deviation (3.2)

in the change in the manufacturing employment share over this period. For the 1991-2010

period, the coefficient of 0.464 indicates that the same gap accounts for 1.392 percentage

points, more than a third of the standard deviation (4.7) for the longer period.

As with the structural transformation results, the estimates are smaller, though still

comparable in magnitude to the estimates for the change in the manufacturing employment

share in Bustos et al. (2016). They find that a one standard deviation increase in potential
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Table 2.13: Manufacturing employment share

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 0.556*** 0.554*** 0.310* 1.024*** 0.753*** 0.464*
(0.159) (0.160) (0.181) (0.192) (0.197) (0.236)

1991 ag. share 0.063*** 0.092*** 0.048*** 0.123*** 0.069**
(0.009) (0.016) (0.013) (0.032) (0.030)

1991 manu. share -0.164*** -0.194***
(0.035) (0.060)

1991 min. share 0.092** 0.092+
(0.043) (0.063)

1991 non-white share 0.001 -0.020+ -0.015 -0.039*
(0.012) (0.013) (0.019) (0.021)

1991 literacy rate 0.070** 0.047+ 0.093** 0.065+
(0.032) (0.028) (0.045) (0.041)

Outcome pre-trend,
1980-1991 0.259*** 0.259*** 0.240*** 0.598*** 0.531*** 0.508***

(0.074) (0.070) (0.062) (0.151) (0.129) (0.117)

N 409 409 409 409 409 409
R2 0.48 0.49 0.56 0.39 0.47 0.51
State-year fixed effects Yes Yes Yes Yes Yes Yes

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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Table 2.14: Manufacturing employment share - formal

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu (eff.) 0.172*** 0.111** -0.033 0.280*** 0.222*** 0.090
(0.055) (0.048) (0.044) (0.077) (0.072) (0.067)

1991 ag. share 0.075*** 0.006 0.087*** 0.025
(0.015) (0.010) (0.030) (0.026)

1991 manu. share -0.241*** -0.221***
(0.034) (0.050)

1991 min. share 0.018 0.019
(0.039) (0.039)

1991 non-white share -0.012 -0.035*** -0.024 -0.045**
(0.013) (0.011) (0.020) (0.020)

1991 literacy rate 0.033+ -0.002 0.068* 0.037
(0.023) (0.016) (0.040) (0.034)

Outcome pre-trend,
1980-1991 0.370*** 0.262** 0.196** 0.873*** 0.764*** 0.704***

(0.124) (0.110) (0.088) (0.170) (0.151) (0.128)

N 409 409 409 409 409 409
R2 0.43 0.53 0.66 0.43 0.48 0.53
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).

soy yields correspond to a 1.79 percentage point increase in the manufacturing employment

share, or 31 percent of the standard deviation in the change between 2000 and 2010.

Tables (2.14) and (2.15) indicate that the increase in the manufacturing employment

share is split between formal and informal employment, as was the case with the increase

in log manufacturing employment in Tables (2.5) and (2.6). Once again, both the coefficients

are statistically insignificant.

With regard to services, Table (2.16) shows that trade liberalization didn’t have a sta-

tistically significant effect on the share of employment in services as a whole. Table (2.17)

and Table (2.18) show that it did have positive though statistically insignificant effect on the

share of formal services employment, and a negative though statistically insignificant effect

on the share of informal services employment.
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Table 2.15: Manufacturing employment share - informal

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 0.092 0.065 0.144 0.236** 0.184+ 0.232*
(0.137) (0.151) (0.144) (0.101) (0.118) (0.123)

1991 ag. share 0.020* 0.039*** 0.016* 0.029***
(0.012) (0.012) (0.009) (0.007)

1991 manu. share 0.054*** 0.034
(0.018) (0.025)

1991 min. share 0.067*** 0.068**
(0.021) (0.030)

1991 non-white share 0.005 0.010 -0.006 -0.004
(0.014) (0.013) (0.009) (0.009)

1991 literacy rate 0.029 0.042+ 0.010 0.019
(0.025) (0.026) (0.017) (0.016)

Outcome pre-trend,
1980-1991 0.247** 0.261** 0.264** 0.070 0.080 0.084

(0.099) (0.104) (0.103) (0.092) (0.091) (0.091)

N 409 409 409 409 409 409
R2 0.30 0.31 0.33 0.23 0.24 0.26
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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Table 2.16: Services employment share

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu -0.323+ -0.462** -0.130 -0.068 -0.483** -0.068
(0.215) (0.195) (0.208) (0.281) (0.190) (0.281)

1991 ag. share 0.089*** 0.169*** 0.164***
(0.023) (0.025) (0.028)

1991 manu. share 0.227***
(0.040)

1991 min. share 0.281***
(0.035)

1991 non-white share 0.079*** 0.097*** 0.100***
(0.020) (0.019) (0.025)

1991 literacy rate 0.040 0.100** -0.006
(0.041) (0.040) (0.050)

Outcome pre-trend,
1980-1991 0.104* 0.003 0.051 0.181** -0.039 0.181**

(0.062) (0.062) (0.056) (0.082) (0.079) (0.082)

N 409 409 409 409 409 409
R2 0.17 0.28 0.36 0.33 0.54 0.33
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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Table 2.17: Services employment share - formal

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 0.158 -0.038 0.155 -0.003 0.044 0.069
(0.115) (0.115) (0.119) (0.154) (0.153) (0.172)

1991 ag. share 0.050*** 0.105*** 0.040** 0.055**
(0.013) (0.018) (0.019) (0.023)

1991 manu. share 0.149*** 0.021
(0.034) (0.050)

1991 min. share 0.163*** 0.206***
(0.023) (0.056)

1991 non-white share -0.022* -0.009 0.060*** 0.058***
(0.012) (0.011) (0.021) (0.020)

1991 literacy rate 0.007 0.034 0.080* 0.095**
(0.028) (0.026) (0.045) (0.039)

Outcome pre-trend,
1980-1991 0.068+ -0.010 -0.068 -0.143** -0.159** -0.156**

(0.044) (0.056) (0.057) (0.061) (0.075) (0.076)

N 409 409 409 409 409 409
R2 0.34 0.39 0.45 0.56 0.57 0.59
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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Table 2.18: Services employment share - informal

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu -0.400** -0.312+ -0.274 0.160 -0.326** -0.178
(0.195) (0.201) (0.203) (0.186) (0.149) (0.155)

1991 ag. share 0.022 0.040 0.092*** 0.154***
(0.021) (0.028) (0.021) (0.025)

1991 manu. share 0.041 0.146***
(0.036) (0.045)

1991 min. share 0.074* 0.178***
(0.044) (0.057)

1991 non-white share 0.106*** 0.108*** 0.052*** 0.061***
(0.017) (0.017) (0.019) (0.019)

1991 literacy rate 0.024 0.036 -0.116*** -0.078**
(0.029) (0.031) (0.034) (0.034)

Outcome pre-trend,
1980-1991 -0.209** -0.213*** -0.175** -0.723*** -0.512*** -0.387***

(0.088) (0.074) (0.084) (0.095) (0.079) (0.097)

N 409 409 409 409 409 409
R2 0.32 0.41 0.42 0.66 0.79 0.80
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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With the caveat that these results are estimated with less precision than those for overall

manufacturing employment, the coefficient of 0.155 for RTR_manu in Column 3 of Table

(2.17) indicates that the 10-90 gap in RTR_manu accounts for 0.465 percentage points, or

less than a fifth of the standard deviation in the change in the formal services employment

share for 1991-2000. The estimate of -0.274 in Column 3 of Table (2.18) indicates that the

10-90 gap in RTR_manu accounts for 0.822 percentage points, or less than a fourth of the

standard deviation in the change in the informal services employment share for 1991-2000.

The results for services differ somewhat from Bustos et al. (2016), who find that all

agricultural labor displaced due to productivity increases in soy is essentially reallocated

to the manufacturing sector, with a minimal impact on the services employment share.

However, as they do not separate services into informal and formal services, or other

subsectors, it is not known whether the soy productivity increase also produced these

differential impacts.

While the estimated coefficients for services are not statistically significant at con-

ventional levels, together with the other results they begin to paint of picture of labor

reallocation patterns. Table (2.19) compares the point estimates for the impact of RTR_manu

on employment shares in formal and informal agriculture, manufacturing, and informal

and formal services (as well as mining), performing an exercise similar to Table 10 in Bustos

et al. (2016). The results suggest that RTR_manu could be hastening the decline of informal

agriculture (-0.318), and reallocating informal agricultural labor to manufacturing (+0.310);

simultaneously, informal services formalize or formal services grow faster than informal

services, such that formal services increase (+0.155) and informal services decrease (-0.274).

Alternatively, it could also be the case that trade liberalization contributed to the decline of

informal agriculture (-0.318) and informal services (-0.274), and reallocate labor from both

sectors to manufacturing (+0.310) and formal services (+0.155). In either case, the effect of

the share on mining is minimal and statistically indistinguishable from zero (+0.025), as is

the effect on formal agriculture (+0.032).

To sum up the impact of trade liberalization on the composition of non-agricultural
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Table 2.19: Comparison of impact on sectoral shares

Agriculture Manuf. Services Mining

(1) (2) (3) (4) (5) (6)
Formal Informal All Formal Informal All

RTR_manu 0.032 -0.318* 0.310* 0.155 -0.274 0.025
(0.092) (0.183) (0.181) (0.119) (0.203) (0.043)

1991 ag. share 0.031*** -0.227*** 0.048*** 0.105*** 0.040 0.003+
(0.011) (0.026) (0.013) (0.018) (0.028) (0.002)

1991 manu. share -0.017 -0.022 -0.164*** 0.149*** 0.041 0.001
(0.018) (0.032) (0.035) (0.034) (0.036) (0.006)

1991 min. share -0.015 0.328*** 0.092** 0.163*** 0.074* -0.547***
(0.025) (0.080) (0.043) (0.023) (0.044) (0.038)

1991 non-white share -0.009 -0.068*** -0.020+ -0.009 0.108*** 0.008+
(0.011) (0.025) (0.013) (0.011) (0.017) (0.005)

1991 literacy rate 0.017 -0.156*** 0.047+ 0.034 0.036 0.005
(0.021) (0.050) (0.028) (0.026) (0.031) (0.005)

N 409 409 409 409 409 409
R2 0.40 0.60 0.56 0.45 0.42 0.94
State-year fixed effects Yes Yes Yes Yes Yes Yes
Outcome pretrends Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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employment more starkly, I take a look at effects of RTR_manu on the share of manufacturing

and services within the non-agricultural sector. Table (2.20) indicates trade liberalization

caused the manufacturing share of non-agricultural employment to increase. The statistically

significant coefficient of 0.572 on RTR_manu in Column 3 means that the 10-90 gap in

RTR_manu accounts for 1.716 percentage points of the change in the manufacturing share of

non-agricultural employment between 1991-2000, a bit less than half the standard deviation

of the change. Meanwhile, Table (2.21) shows that trade liberalization likewise had a

statistically significant negative effect on the informal services share of non-agricultural

employment. The coefficient of 0.735 on RTR_manu in Column 3 indicates that the 10-90 gap

in RTR_manu accounts for 2.205 percentage points of the change in the informal services

share of non-agricultural employment, or about half the standard deviation of the change.

Table 2.20: Manufacturing share of non-agricultural employment

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 1.139*** 0.952*** 0.572** 1.451*** 1.218*** 0.735**
(0.218) (0.229) (0.270) (0.246) (0.250) (0.296)

1991 ag. share 0.070*** -0.008 0.078* -0.027
(0.020) (0.021) (0.040) (0.041)

1991 manu. share -0.275*** -0.355***
(0.047) (0.069)

1991 min. share 0.078 0.014
(0.068) (0.085)

1991 non-white share -0.008 -0.042** -0.040* -0.081***
(0.017) (0.018) (0.022) (0.025)

1991 literacy rate 0.053 0.014 0.058 0.004
(0.043) (0.039) (0.056) (0.055)

Outcome pre-trend,
1980-1991 0.182** 0.188*** 0.150** 0.268*** 0.264*** 0.213**

(0.070) (0.068) (0.066) (0.100) (0.096) (0.089)

N 409 409 409 409 409 409
R2 0.32 0.35 0.44 0.33 0.37 0.45
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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Table 2.21: Informal services share of non-agricultural employment

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu -1.211*** -1.158*** -1.051*** -1.589*** -1.480*** -1.046***
(0.317) (0.359) (0.386) (0.262) (0.277) (0.320)

1991 ag. share -0.003 0.013 -0.076* 0.002
(0.021) (0.027) (0.038) (0.038)

1991 manu. share 0.072 0.297***
(0.051) (0.063)

1991 min. share -0.128** -0.225*
(0.057) (0.132)

1991 non-white share 0.078*** 0.087*** 0.008 0.041
(0.022) (0.022) (0.032) (0.032)

1991 literacy rate -0.038 -0.035 -0.116+ -0.083
(0.054) (0.053) (0.072) (0.065)

Outcome pre-trend,
1980-1991 -0.208*** -0.223*** -0.190*** -0.347*** -0.349*** -0.247**

(0.066) (0.060) (0.062) (0.098) (0.098) (0.097)

N 409 409 409 409 409 409
R2 0.42 0.46 0.47 0.58 0.59 0.63
State-year fixed effects Yes Yes Yes Yes Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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Although these findings are for differences in sectoral composition and formality across

microregions in Brazil, they appear to be consistent with the cross-country patterns doc-

umented in Diao et al. (2017), and their proposed explanation for how different causes

of structural transformation lead to differential labor productivity in the non-agricultural

sector. In Brazil, a positive shock to manufacturing labor demand, due to trade liberalization,

caused reallocation from the informal agricultural sector into the “modern” sectors of the

economy, in manufacturing and potentially also formal services. As a result, regions that

were more exposed to this shock had a non-agricultural sector that were significantly more

likely to be skewed toward manufacturing and away from informal services. At a global

level, this could also be the explanation for differences between developing regions such

as East Asia, where the transition out of agriculture was due to export-oriented indus-

trialization, and sub-Saharan Africa, where the agricultural employment share has also

been declining, but likely due to supply side shocks to agriculture or shocks to aggregate

demand.

2.5 Conclusion

In this paper, I establish a causal link between trade liberalization in the early 1990s and

the subsequent character of structural transformation in Brazilian microregions. I do so

by constructing an exogenous measure of regional trade exposure in manufacturing with

a Bartik-like structure, combining industry-level variation in tariff reductions across 17

manufacturing sectors with microregion-level variation in manufacturing composition. Re-

gions with greater exposure to output tariff reductions in manufacturing actually experience

increased labor demand in manufacturing over the subsequent decade relative to other re-

gions. They also reallocate employment out of agriculture more quickly (especially informal

agriculture), and they have a higher share of non-agricultural employment in manufacturing

and formal services, and a smaller share in informal services. Trade liberalization thus

appears to have facilitated labor “pull”, industrialization-led structural transformation in

Brazil.
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However, these results are unfortunately not quite conclusive. Why output tariff lib-

eralization has a positive effect on industry-level employment remains a mystery. I show

suggestive evidence that reductions on output tariffs may also be confounded with reduc-

tions on input tariffs, which may be more likely to have a positive effect on labor demand.

Additional analysis using effective tariff rates seems to confirm that reductions on input

tariffs may be playing a role.

Howevoer, given that there are only 17 manufacturing sectors available for analysis, more

data would be needed to establish the mechanisms at work. At the moment it is difficult

to ascertain where this data would come from, as other potential sources of aggregate

industry data, such as the formal sector database RAIS, report data for an even fewer

number of manufacturing industries over the relevant time period. Until this is possible,

it will be difficult to understand why trade liberalization is linked to regional structural

transformation, and if so, what the implications may be for trade policy.
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Chapter 3

The Map Is Not the Tariff-tory:

Deconstructing Bartik-Style Regional

Trade Shocks

3.1 Introduction

A great debate has been raging for decades over the desirability of openness to international

trade (Rodrik, 1997; Pavcnik, 2017). One important addition to our toolkit for assessing the

consequences of trade liberalization and the growth of import competition is what I refer to

as Bartik-style regional trade shocks. These variables are designed to reflect regional exposure

to changes in trade policy or import competition via the region’s industrial composition,

and are intuitively constructed as weighted averages of industry-level components, such as

tariff changes, with regional industry employment shares as the weights. They can tell us

about the relative effects of changes in trade openness across regions (though not necessarily

the aggregate effects), and have thus become indispensable to the empirical literature on

this subject in the last decade.

Bartik-style regional trade shocks have the same inner product structure as Bartik

instruments, hence the name, except that they usually enter into the analysis directly in
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reduced form, rather than as instrumental variables. Topalova (2007), which examines

the effects of import tariff liberalization in India in the early 1990s on regional poverty

and inequality, is commonly regarded as the pioneering paper in this literature. Autor

et al. (2013), which studies the impact of rising Chinese import competition on the decline

of manufacturing employment in the US, is the most widely known, having garnered

close to 1,500 citations and widespread attention in the media. I document over 50 papers

that use this empirical approach to study the effects of trade openness not only on labor

market outcomes, but also poverty, education, migration, crime, health, political polarization,

marriage, and even religiosity.1

However, the use of this empirical strategy presents some thorny challenges that arise

from the “black box” nature of its construction. Of the elements that combine to form the

variable, which ones are driving the results? When is the exclusion restriction is satisfied?

Several recent papers on Bartik instruments, including Goldsmith-Pinkham et al. (2018) and

Borusyak et al. (2018), have started to shed light on these questions, by critically examining

their identifying assumptions and proposing different tests for researchers to implement.2

In this paper, I take a complementary approach to deconstructing the black box of

Bartik-style regional trade shocks in particular. I show that the specific-factors model that

frequently motivates this empirical strategy also predicts that the industry-level shocks

should affect industry-level outcomes in each region in the same direction as the regional

trade shock. I thus propose an industry-level mechanism test, in which the coefficient of the

regional trade shock in the regional-level regression on a labor market outcome is compared

to the coefficient of industry-level shock on the analogous industry-level regression within

each region. If they have the same sign, this means that the regional-level results and

1Other prominent examples of papers in this literature include McCaig (2011), on export tariff liberalization
in Vietnam; Kovak (2013) and Dix-Carneiro and Kovak (2017), on import tariff liberalization in Brazil; Kis-Katos
and Sparrow (2015), on import tariff liberalization in Indonesia; and Hakobyan and McLaren (2016), on import
tariff liberalization in the U.S. due to the North American Free Trade Agreement (NAFTA). These papers are
summarized in Table 3.1. A more comprehensive list of over 50 papers can be found in Appendix C.

2Related papers include Jaeger et al. (2018), which focus on the application of Bartik instruments to
immigration, and Christian and Barrett (2017), which challenges the validity of a similar research design used
to study the effect of food aid on conflict.
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the industry-level results are internally consistent, increasing confidence in a reasonably

straightforward interpretation of the findings (although it is possible that econometric issues

remain).

If this is not the case, however, interpretation is less straightforward. For instance, if the

industry-level trade shocks have a positive effect on industry-level labor demand within each

region, but the regional trade shock has a negative effect on regional-level labor demand,

then there are two possibilities. One is that the theoretical foundations are incorrect or

incomplete, and that they could be reformulated to accommodate both sets of results. The

second possibility is that one set of results, likely the “black box” regional trade shock, is

vulnerable to regional-level confounders that bias the estimated coefficient in the opposite

direction.

I demonstrate the application of the test with the case of trade liberalization in Brazil,

using data from Kovak (2013) and Dix-Carneiro and Kovak (2017). They find that the

unilateral reduction of import tariffs in the early 1990s had long-lasting negative effects

on labor market outcomes in regions more specialized in industries that faced larger tariff

reductions. However, regressing industry-level tariff reductions on industry-level outcomes

shows that tariff reductions have a positive effect in a majority of regions. This calls into

question the mechanism through which the regional trade shock causes negative labor

market outcomes. I discuss reasons why this might be, including the role of the initial

agricultural employment share as a potential confounder, as well as the failure to account

for the effect of tariff reductions on intermediate inputs (such that there is also a lack of

genuine quasi-experimental variation at the industry level).

My paper most closely complements Goldsmith-Pinkham et al. (2018) and Borusyak

et al. (2018), both of which study the econometric validity of Bartik instruments. It also

builds closely off of the specific-factors model presented by Kovak (2013). Although I focus

on Bartik-style regional trade shocks, the arguments I present here make could potentially

apply to all studies using Bartik-like shocks where the underlying motivation is a regional

model of labor market adjustment in which industries are exposed to different output price
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shocks. Most theoretically-founded applications to date, however, have been in evaluating

the effects of international trade.3

In the next section, I provide a more in-depth overview of Bartik-style regional trade

shocks, and the motivating theory and sources of identification. In Section 3, I present the

industry-level mechanism test in greater detail, and demonstrate its derivation from the

specific-factors model of regional economies. In Section 4, I apply the test to the case of

trade liberalization in Brazil. Section 5 concludes.

3.2 Bartik-style regional trade shocks: an overview

In this section, I describe the general intuition behind Bartik-style regional trade shocks,

and briefly review the literature that uses them. I’ll also discuss the specific-factors model

and other theories motivating their construction, as well as the sources of identification in

this empirical approach.

3.2.1 The general approach and the literature

It is helpful to begin with a brief discussion of Bartik instruments in order to demonstrate

similarities and differences with reduced form Bartik-style regional trade shocks. Bartik

instruments, sometimes called shift-share instruments, originate with Bartik (1991), and

have grown to be widely used in a variety of applications. In the canonical setting, as

described by Goldsmith-Pinkham et al. (2018), with many locations l, the Bartik instrument

Bl is used as an instrument for employment growth xl , in a regression where the outcome is

wage growth yl :

yl = α + β0xl + εl

β0 represents the inverse elasticity of the labor supply. However, xl is likely endogenous to

yl , so that the ordinary least squares (OLS) estimate of β0 does not reflect the causal impact

3Exceptions include Acemoglu and Restrepo (2017), which estimates the effect of robots on regional labor
market outcomes in the U.S., and Hanlon (2016), which studies the impact of industrial pollution on the
historical development of British cities.
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of employment growth on wages.

Following Goldsmith-Pinkham et al. (2018), note that xl can be broken down as the inner

product of local industry shares zlk and local industry growth rates glk for each location l

and industry k:

xl = ∑
k

zlkglk

Local industry growth rates glk can further be decomposed into the components

glk = gk + gl + g̃lk,

where gk is the overall industry growth rate, gl is the location growth rate, and g̃lk is the

idiosyncratic industry-location growth rate. Under the reasoning that gk has an exogenous

impact on glk, i.e., that national industry growth rates cause local industry growth rates,

rather than the other way around,4 the Bartik instrument substitutes gk for glk, such that

Bl = ∑
k

zlkgk

In the two-stage least squares (2SLS) regression

yl = α + β1Bl + εl ,

β1 is then argued to reflect the causal impact of employment growth on wage growth.

Bartik-style regional trade shocks, which I will denote by BTrl , have a very similar

structure. They are the inner product of regional industry shares zlk and industry-level

changes in tariffs or import competition, which I denote as Trk, rather than industry growth

rates gk:

BTrl = ∑
k

zlkTrk

However, since they are used to directly evaluate predictions about the regional effects of

trade, rather than to instrument for another variable, another key difference is that they are

not typically instruments. They instead enter directly into the regression in reduced form:

4“Leave-one-out” Bartik estimators get around this by leaving out region l’s employment in industry k
when calculating gk for region l’s Bartik instrument.
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yl = α + γ0BTrl + εl

γ0 is meant to reflect the causal impact of the regional trade shock, under the assumption that

both the regional industry shares zlk and the industry-level trade shocks Trk are exogenous

(the next subsection will discuss sources of identification in greater detail). Since trade policy

is usually made at the industry level, and import competition also usually has effects at the

industry level, it is usually assumed that Trk = Trlk, or at least that Trk has an exogenous

impact on Trlk. The industry shares zlk are usually calculated for the base year or a lagged

year before the base year.

Studies using Bartik-style regional trade shocks typically employ a differences-in-

differences research design, in which the change in the measured outcome is compared

across regions with differential exposure to the trade shock BTrl . As such, γ0 captures

the relative effect of the trade shock across regions, rather than the aggregate effect. The

outcome yl is usually the change in a labor market outcome, such as wages, employment, or

a sectoral employment share. yl may also be another aggregated regional outcome such as

the change in the poverty rate, inequality, the amount of public transfers to individuals, the

incidence of disease, or the mortality rate. However, in these cases, it is usually argued that

the intermediate mechanism are the changes in labor market outcomes.

Table (3.1) describes selected studies using Bartik-style regional trade shocks. A more

comprehensive list of over 50 papers, many of which are follow-on studies by the same

authors using the same trade shocks, or applications of similar methodologies to other

countries, is available in Appendix C. They vary widely in terms of setting and the type

of trade shock studied, as well as the number of regions and industries available for their

analysis. In general, they find that output tariff reductions and import competition have

negative effects on labor market outcomes. Studies of export tariff liberalization, such as

McCaig (2011) in Vietnam and Erten and Leight (2017) in China, on the other hand, have

found positive effects on labor market outcomes.

Most of the papers modify the basic Bartik-style regional trade shock in various ways.

For instance, Kis-Katos and Sparrow (2015) measure reductions in both output and input
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tariffs in Indonesia, whereas Hakobyan and McLaren (2016) take into account Mexico’s

revealed comparative advantage in each industry when estimating the effects of NAFTA in

the U.S.5 In Autor et al. (2013), the regional trade shock is genuinely an instrument. Given

concerns that industry-level supply shocks in the U.S. may actually cause a rise in imports,

they instrument for the growth of Chinese imports to the U.S. with the growth of Chinese

imports to eight other high-income countries. The main trade shock in Topalova (2007) is

not an instrument, but she ends up instrumenting for it with a modified version of the shock

which more accurately represents tariff reductions in the traded sector, as I discuss in the

next section.

One way in which they’re quite similar, however, is that they’re all explicitly—or

implicitly—grounded in theory. As indicated in Table (3.1), most of the literature is moti-

vated by either the specific-factors model introduced by Kovak (2013) or the monopolistic

competition model proposed by Autor et al. (2013). The former maps changes in trade

prices, such as trade liberalization, on to regional labor market outcomes, while the latter

analyzes changes in trade quantities on labor market outcomes, as in the majority of the

“China shock” literature. Although I currently derive the industry-level condition only

for the Kovak (2013) specific-factors model, I will discuss the assumptions of each theory

and how they inform the interpretation of the results and our view of identification in

Bartik-style regional trade shocks in the next subsection.

3.2.2 Theory and identification

Unlike Bartik instruments, which rely on mostly atheoretical accounting identities, Bartik-

style regional trade shocks are motivated by and interpreted in the light of trade theory.

The idea that regional labor markets might respond differently at all to a trade shock

based on its initial industrial composition corresponds to a short to medium-run model

5Hakobyan and McLaren (2016) also differs from most other studies in this literature in that their unit of
analysis is the individual, rather than the region. This allows them to estimate the impact of both the “location”
effect using the Bartik-style regional trade shock, as well as the “industry” effect of tariff reductions directly on
the individual’s wages. They find that there is a negative effect for both.
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of adjustment to trade, in which factors of production only partially adjust to the shock.

They first key assumption is that each region indeed constitutes its own labor market, and

that labor is immobile across regions. A second assumption is that at least one factor of

production—either labor or a non-labor factor—is also immobile across industries within a

region. If both human beings and non-human factors were fully mobile across industries

and regions, then the short and long-run effects of trade openness would be the same

Kovak (2013) ties these elements together in a specific-factors model of regional economies

based on Jones (1975). In this model, the initial structure of employment in industries i in

each region r matters because it reflects the distribution of endowments of industry “specific

factors” Tri (e.g., land, minerals, agglomeration economies, etc.) which cannot be utilized

by other industries, or outside of the region. The other factor of production, labor Lri,

however, is mobile across industries, though not across regions. When an industry receives

an exogenous shock to its output price Pi, via, for instance, a change in output tariff rates,

it must therefore adjust its demand for labor, as the specific factor cannot be reallocated

across sectors. This causes labor to reallocate across industries within the region, resulting

in a new equilibrium distribution of employment, as well as a new equilibrium regional

wage wr. The bigger the industry’s employment share in a region, the bigger the effect the

industry-level shock will have on regional equilibrium outcomes.

In Kovak (2013), the derived expression for the impact of the regional trade shock on

regional labor demand is

ŵr +
L̂r

∑
i′

λri′
σi′
θi′

= ∑
i

βri P̂i ∀r

where βri =
λri

σi
θi

∑
i′

λri′
σi
θi

and λri =
Lri

Lr
, the regional employment share in industry i. σi is

the elasticity of substitution between labor and the specific factor and θi is the non-labor

cost share in industry i. (Note that when these parameters are constant, βri = λri =
Lri

Lr
,

the regional industry employment share.) L̂r is the proportional change in (i.e., change

in the log of) tradables employment in the region, ŵr is the proportional change in the
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regional equilibrium wage, and P̂i is the proportional change in the price of the output good

produced by industry i. When L̂r is 0, then the expression is simply

ŵr = ∑
i

βri P̂i ∀r

This states that the change in regional labor demand, as encompassed by the change in the

regional equilibrium wage, depends on the industrial composition of the region, adjusted

for the labor elasticity of each industry. This is thus the theoretical counterpart to the

empirically constructed regional trade shock.

Topalova (2010) outlines an alternative version of a specific-factors model in which

the immobile factor is labor, which cannot move across industries, and the mobile factor

is capital, which can move across industries. In the short to medium run, adjustment to

exogenous price shocks will occur through prices (output prices and wages), rather than

quantities (output or employment). She shows that this appears to have been the case with

trade-induced labor reallocation in India, where the adjustments occurred through industry

wages within each region, rather than changes in industry employment. Thus, unlike in

Kovak (2013), there is no regional equilibrium wage, since wages are not equalized across

industries. However, workers in regions that harder hit by trade liberalization are more

likely to experience poverty, via the reduction of wages in workers in the more affected

industries. She attributes the lack of employment adjustment to labor regulations in India

that make it difficult to hire or fire workers; in general, evidence suggests that adjustment

along the margin of wages rather than employment is more common in developing countries

than in developed countries (Topalova, 2010).

Autor et al. (2013) use a different type of model, but they ultimately derive a very similar

theoretical expression to motivate their empirical approach to estimating the impact of

Chinese import growth on US commuting zones. They outline a gravity model of trade

based on monopolistic competition that generates predictions for changes in trade quantities,

as opposed to changes in trade prices per se. There is only one factor of production, labor,

but as in Kovak (2013), they assume that labor is immobile across regions but mobile across
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sectors within the same region.

The industry-level trade shock is an exogenous supply-side shock to Chinese export

production, which leads to a rise in Chinese imports to the U.S. in that industry. This change

in trade quantities affects a sectoral price index, which causes both wages and the number

of firms in the sector to change, which in turn causes sectoral employment to change. The

more specialized a region is in an affected sector, the greater the impact will be on regional

wages and employment. The derived expression for the regional trade shock, measured as

the change in Chinese import exposure per US worker, is

4IPWuit = ∑
j

Lijt

Lujt

4Mucjt

Lit

where
Lijt

Lujt
is the regional employment share for industry j in commuting zone i in the

base year t, Lit is regional tradables employment, and 4Mucjt is the observed change in US

imports from China in industry j over the measured period. Autor et al. (2013) proceed

to instrument for 4Mucjt with 4Mocjt, the change in imports from China to the same

industries in other high-income countries, so that the rise in imports is more likely to reflect

an exogenous supply-side shock in Chinese manufacturing, rather than be confounded with

conditions in the U.S.

At this point, both intuition and theory can also guide us toward an understanding

of the source of identification in Bartik-style regional trade shocks. The approach can be

understood as a two-tiered experiment: the first tier is variation in the magnitude of the

trade shock at the industry-level, while the second tier is variation in the regional-level

industrial composition, which propagates the industry-level shock in proportion to the

relative size of industries in the region. As such, most papers in the literature spend a lot of

time arguing for the exogeneity of both components.

With regard to the industry-level shock, researchers need to argue that both the timing

of the trade shock and the variation in its intensity across industries are exogenous. For

instance, trade liberalization in both India (Topalova, 2010) and Brazil (Kovak, 2013; Dix-
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Carneiro and Kovak, 2017) was implemented suddenly in the beginning of the 1990s,

following many decades of import substitution industrialization (ISI) policies featuring

high tariffs and import bans. In both cases, researchers using these shocks argue that they

were unanticipated, and that they were product of external circumstances: International

Monetary Fund (IMF) bailout conditions in India, and a new presidential administration in

Brazil. Similarly, Autor et al. (2013) argue that increases in manufacturing productivity in

China lead to the increase in Chinese imports to the U.S. in the 1990s and 2000s, a process

exogenous to manufacturing performance in the U.S. (they go further in ensuring exogeneity

at the industry level with their instrumentation strategy).

With regard to exogenous variation in the trade shock across industries, the typical

argument in the case of trade liberalization is that the initial structure of protection is

exogenous, having been set many decades before. Since tariffs are reduced from these initial

levels to uniformly low levels, the reduction in tariffs can also be regarded as exogenous.

Researchers studying trade liberalization in India and Brazil argue that policymakers did not

adjust tariffs in response to lobbying or perceived productivity during the period studied.

Researchers in the China shock literature similarly argue that industry-specific shocks

originating in China are unrelated to the performance of the same industry in the U.S. or

the importing country.

What about the exogeneity of the regional industry employment shares? Most re-

searchers in this literature also attempt to control for an array of initial conditions at the

regional level that could potentially confound the results. Regions specializing in certain

industries could be growing at a different rate for reasons unrelated to the trade shock. If

these regions are assigned systematically different values of the regional trade shock, then

the results could reflect these confounding factors, rather than the trade shock itself. For

instance, Autor et al. (2013) control for the initial share of employment in manufacturing, to

show that the identifying source of variation at the regional level comes from variation in

exposure to Chinese imports at a sub-industry level, as opposed to the overall share of man-

ufacturing. They also control for the initial share of the population that is college-educated,

106



foreign-born, female, in routine occupations (vulnerable to automation), or in offshorable

occupations, all of which could affect the performance of industries in the region.

Another example of a potentially confounding factor, especially relevant in developed

countries, is mean reversion or economic convergence in agricultural regions. Tariff re-

ductions in agriculture often tend to be low relative to tariff reductions in manufacturing,

leading to systematically lower values of the regional trade shock in regions specializing in

agriculture. However, subsequent performance in these regions may or may not actually

reflect the impact of trade liberalization.. In India, two major agricultural crops produced by

the poor, cereals and oilseeds, experienced no tariff reductions because they were essentially

non-traded (only government agencies were allowed to import them, a policy known as

canalization). Topalova (2007) addresses this issue by instrumenting for her main trade

shock variable—which includes the non-traded sector in her calculation of the employment

shares—with a version of the trade shock that does not include the non-traded sector.

The emphasis on both the exogeneity of the industry-level shocks and the regional-level

employment shares suggests a point of view intermediate between that of Goldsmith-

Pinkham et al. (2018) and Borusyak et al. (2018). Goldsmith-Pinkham et al. (2018) argue that

the identifying assumption behind Bartik instruments is that regional industry employment

shares zlk are not correlated with the error term εl , and that the industry-level component

gk only matters for instrument relevance. Borusyak et al. (2018), on the other hand, view

quasi-experimental variation in the industry-level shocks gk as the source of identification

in Bartik instruments. As long as the number of shocks increases with the sample, the

regression will still produce consistent estimates, even if regional-level exposure to the shock

is endogenous.

In the world of Bartik-style regional trade shocks—which are used in reduced form

estimation—quasi-experimental variation at the industry-level is in fact essential to iden-

tification and to the interpretation of the results as the causal impact of a change in trade

policy or trade quantities. Yet especially in studies with a small number of industries,

or questionable experimental variation at the industry level, exogeneity of the regional
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employment shares is likely to become critical to identification as well.

In the next section, I will show that the theoretical motivation of Bartik-style regional

trade shocks, including its reliance on quasi-experimental variation at the industry level,

implies that a separate set of findings at the industry-level within each region should be

true as well. If this turns out not to be the case, one potential implication is that the regional

employment shares are not exogenously assigned—an instance of one or both tiers of the

experiment failing to hold.

3.3 The industry-level mechanism test

In this section, I introduce the industry-level mechanism test. I will explain the intuition

behind it and present the formal condition derived from the specific-factors model of

Kovak (2013). I argue that the results of the test should guide the interpretation of the

regional-level results, either in pointing towards the possibility of econometric issues with

the regional-level analysis, or the need to modify the theoretical basis for the analysis.

3.3.1 Industry-level mechanism test: intuition

Recall that the Bartik-style regional trade shock is defined as

BTrl = ∑
k

zlkTrk,

and that it enters into a reduced form regression as

yl = α + γ0BTrl + εl , (3.1)

where, in most cases, yl is a regional labor market outcome such as the change in employ-

ment or wages. In such cases, an analogue of y can be observed at the level of each industry

k in each region l, as ylk. This is especially true of employment or employment shares,

although it can also be true of wages if the regional labor market does not completely
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arbitrage away wage differences across industries (as in Topalova, 2010). The appropriate ylk

to measure will depend on the underlying theory of labor market adjustment in response to

trade.

Sometimes the regional-level outcome is a change in total regional manufacturing or

tradables employment, i.e., yl = ∑
k

ylk, such that it is simply the sum of the changes in each

industry k that is included in the construction of the regional trade shock. The change in a

broader measure of regional employment, such as all employment or all formal employment,

on the other hand, additionally reflects spillovers from the manufacturing or tradables sector

into the services or non-tradables sector. In this case, yl 6= ∑
k

ylk, although the spillovers still

originate from what happens to each industry k. In cases in which yl is not a labor market

variable but another aggregate regional outcome such as the poverty rate or inequality, the

intermediate mechanism is still the performance of the industries k.

Basically, all roads lead back to the labor market outcomes in the industries k that are

included in the Bartik-style regional trade shock. Therefore, does Trk, the exogenous change

in trade policy or growth in import competition for each industry k, actually affect ylk

in the direction predicted by the motivating theory? If it doesn’t, why should we expect

BTrl = ∑
k

zlkTrk to affect yl = ∑
k

ylk in the same direction?

The industry-level test consists of the following. I suggest that in each region l, re-

searchers should run the regression

ylk = η + ζ0Trk + µlk, ∀l (3.2)

where the change in employment in industries k are regressed on the industry-level shocks

Trk in each region. In order for the regional-level labor market outcomes to be plausibly

interpreted as being transmitted through these industry-level shocks, I argue that the

industry-level shocks should affect industry-level labor demand in the same direction as

the regional trade shock affects regional-level labor demand. That is, γ0 from Equation (3.1)
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and ζ0 from Equation (3.2) should generally have the same sign.6

Note than an ostensibly simpler verison of the test would be to run the regression at the

aggregated national industry level, rather than at the region-industry level:

yk = η + ζ0Trk + µk,

However, this could potentially be misleading, depending on the way employment in the

industries k is distributed across regions l. For instance, a large region that happens to be an

outlier in terms of the relationship between ylk and Trk could skew the results.7 Examining

ylk across regions or groups of regions, as well as across industries also allows for examining

heterogeneity in ζ0. I discuss these and further considerations in operationalizing the test in

Section 4.8

In the next subsection, I derive the industry-level mechanism test in the context of the

specific-factors model from Kovak (2013), and present a more formal reasoning for it. The

model also motivates additional bounds and conditions for the test.

3.3.2 Industry-level mechanism test: specific-factors model

As discussed in Section 2, the goal of the Kovak (2013) specific-factors model of regional

economies is to provide a mapping from changes in trade prices (e.g., a change in tariff

rates) to changes in regional wages and employment. I show here that in each region, it

also entails a relationship between a change in trade prices and a change in employment for

every industry, proportional to the size of the change in trade prices. In essence, this implies

6A more stringent version of the test could check for statistical equivalence between γ0 and ζ0 using a z-test.

The formula would be z =
γ0 − ζ0√
se2

γ0 + se2
ζ0

, where se2
γ0

and se2
ζ0

are the standard errors of γ0 and ζ0, respectively.

7An alternative specification in which yk represents the weighted average value of ylk across all regions
would produce the same coefficient as in the previous regression, however.

8It should be noted that a number of papers do explore the impact of the industry-level shock on outcomes
at the industry level, or cite other papers that do. However, as I argue, this is not necessarily the relevant
specification to run. For instance, Topalova (2010) tests for non-reallocation of labor and changes in wages
across sectors, key mechanisms in the specific-factors model that she proposes. However, all the industry-level
outcomes are aggregated at the national level.
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that when industry employment is regressed on the change in tariff rates, as in Equation

(3.2), the coefficient should be non-zero and statistically significant.

As before, consider a country with many regions r and tradable industries i.9 In each

region r and industry i, there are two factors of production: Lr, the total amount of labor

employed in tradable industries, and Tri, regional industry-specific factors that enhance

productivity (such as land, mineral deposits, manufacturing agglomeration economies,

etc.). Lr is mobile across industries within a region, which implies that there is a common

equilibrium wage wr in each region. However, it is not mobile across regions, which means

that there is no migration in response to shocks. Tri, on the other hand, is not mobile across

industries or regions. Thus, the initial industrial structure of the region determines its

“exposure” to the trade shock, as industry-specific resources cannot be readily transferred to

other industries.

Producing one unit of output Yri in region r and industry i requires an amount of labor,

aLri , and an amount of the industry-specific factor, aTri . The factor market clearing conditions

in each region are:

aTriYri = Ti, ∀i (3.3)

∑
i

aLriYri = Lr (3.4)

Equations (3.3) and (3.4) state that both the industry-specific factors and labor are fully

utilized.

With perfect competition, the output price Pi in each industry equals the factor payments

in each industry and region (we assume Pri = Pi) . The factor payments are wr, the regional

wage, and Rri, the price of the industry-specific factor:

aLri wr + aTri Rri = Pi (3.5)

9The exposition of the model in this section closely follows Appendix A1 from Kovak (2013).
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The hat ( ˆ ) denotes proportional changes, i.e., the change in the log of the variable. A

proportional change in the output price Pi—due to, say, a change in the import tariff on

industry i—leads to proportional changes in the factor prices in each region and industry:

(1− θi)ŵr + θiR̂ri = P̂i (3.6)

where θi is the cost share of the specific factor in industry i. So a decline in the output price,

due a reduction in tariffs, will lead to a decline in wages. This follows from the envelope

theorem that unit cost minimization implies

(1− θi)âLri + θi âTi = 0 (3.7)

To simplify the exposition going forward, I notate employment in industry i as

Lri = aLriYri (3.8)

where ∑
i

Lri = ∑
i

aLYri = Lr, as in Equation (3.3). My goal will be to solve for L̂ri, the change

in industry i’s regional labor demand, in terms of P̂i, the change in industry i’s tariff. To see

how the factors change when output changes, we log differentiate Equations (3.3) and (3.8),

which respectively leads to

Ŷri + âTri = 0 (3.9)

(note that Ti is a constant) and

âLri + Ŷri = L̂ri (3.10)

Substituting Equation (3.9) into Equation (3.10) yields

L̂ri = âLri − âTri (3.11)

Since Ti and Li can be elastically substituted in production, we also have the relationship
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âTri − âLri = σi(ŵr − R̂ri) (3.12)

Substituting Equation (3.12) into Equation (3.11) yields

L̂ri = σi(R̂ri − ŵr) (3.13)

Rearranging Equation (3.5) produces the expression

R̂ri =
P̂i − (1− θi)ŵr

θi
(3.14)

Substituting Equation (3.14) into Equation (3.13) yields

L̂ri = σi(
P̂i − (1− θi)ŵr

θi
− ŵr)

which simplifies to

L̂ri =
σi

θi
(P̂i − ŵr), ∀r (3.15)

Thus, the proportional change in Lri, industry-level labor demand, is increasing in the

proportional change in Pi, industry tariff rates. Equation (3.15) is therefore the restatement

of the intuition in the previous subsection that Trk (P̂i here), the change in trade policy or

growth in import competition for each industry k, should affect ylk (L̂ri here) in the same

direction as the regional trade shock affects regional labor outcomes.

Note that Lri is also increasing in the elasticity of substitution between labor and the

specific factor in industry i, and decreasing in the non-labor cost share in industry i. In

addition, the larger the change in the regional wage ŵr, the smaller the change in Lri. The

graphical representation in Kovak (2013) for the two-sector case, reproduced in Figure (3.1),

illustrates how a shift in the value of the marginal product of labor (due to a change in

output price) in a given sector translates into a change in sectoral employment as well as the

regional wage. However, the strength of the correlation between L̂ri and P̂i across industries

would only be affected by how the elasticity of substitution and non-labor cost shares vary
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Figure 3.1: Employment and wage adjustment in a two-sector specific factors model (Kovak, 2013)

Source: Kovak (2013), Figure A1 (“Graphical Representation of Specific Factors Model of Regional Economies”).

across industries. It would not be affected by the change in the regional wage, since that

would be common to all industries in a region (though there could be regional variation in

the size of the wage adjustment).

Now, how does this relate to the regional-level regression? Kovak (2013) derives the

following expression for ŵr, previously discussed in Section 2.2, which relates it to P̂i :

ŵr +
L̂r

∑
i′

λri′
σi′
θi′

= ∑
i

βri P̂i ∀r (3.16)
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where βri =
λri

σri
θri

∑
i′

λri′
σri
θri

and λri =
Lri

Lr
. When L̂r is 0, as assumed in Kovak (2013), then the

expression is simply

ŵr = ∑
i

βri P̂i ∀r (3.17)

The right side of the equation is the theoretical counterpart to the Bartik-style regional trade

shock used in Kovak (2013) and Dix-Carneiro and Kovak (2017), where tariff rates τi are

used in place of proportional price changes:

RTRr = ∑
i

βrid ln(1 + τi) (3.18)

They then run the regional-level regression

yr = α + γRTRr + εr (3.19)

where yr is the change in log regional wages or employment.10 Kovak (2013) and Dix-

Carneiro and Kovak (2017) only use data on non-labor cost shares, as data on elasticity of

substitution are unavailable. Note also that RTRr can be substituted for ŵr in Equation

(3.15). Therefore, the analogous expression for operationalizing the industry-level regression

is:

d ln(Lri) = η + ζ
1
θi
(d ln(1 + τi)− RTRr) + µri (3.20)

The industry level mechanism test then consists of comparing the coefficients γ from

Equation (3.19) and ζ from Equation (3.20), as I will demonstrate in the next section.

As also mentioned in Section 2.2, there are at least two other models that could motivate a

Bartik-style regional trade shock approach: the specific-factors model discussed by Topalova

(2010), where labor is the specific factor, and the trade quantities model proposed by Autor

et al. (2013). In future work, I will derive theoretical conditions analogous to Equation (3.15)

10This is a simplified version of their regression; the full specification is given in Section 4.
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for these models.

3.4 Case study: trade liberalization in Brazil

In this section, I apply the industry-level mechanism test to the case of trade liberalization in

Brazil in the early 1990s. I use data from Kovak (2013) and Dix-Carneiro and Kovak (2017),

who study the medium-to-long-run effects of trade liberalization on regional wage premia

and employment. I first describe the context of the studies and their findings. I then present

the results of the industry-level mechanism test, which in contrast to the regional-level

results, suggest a positive effect of trade liberalization at the industry level within each

region. Finally, I discuss why the signs from the two levels of analysis may conflict, and

what this implies for their findings.

3.4.1 Trade liberalization in Brazil: context and findings

In the early 1990s, Brazil underwent a dramatic episode of unilateral trade liberalization after

a century of maintaining highly protective trade policies. Until the 1980s, the government

promoted a strategy of ISI, with high tariffs on manufactured goods and an extensive list

of banned imports. Although some trade reforms were begun in the late 1980s, trade

liberalization did not begin in earnest until 1990, when the newly elected Collor de Mello

administration unexpectedly announced that tariffs would be reduced to uniformly low

levels over the course of several years. At the same time, remaining non-tariff barriers were

converted to tariff equivalents through a process known as tarificação.

For this reason, Kovak (2013) and Dix-Carneiro and Kovak (2017) measure tariff reduc-

tions between 1990 and 1995, when tariff rates began to stabilize. Due to the suddenness of

the timing, and because the magnitude of the tariff reductions were correlated only with the

initial tariff rates in each industry, which had been set in 1957, both trade liberalization itself

and the sectoral variation in tariff reductions could be regarded as plausibly exogenously im-

posed. Figure (3.2), a replication of a figure from Dix-Carneiro and Kovak (2017), shows the

magnitude of tariff reductions across 20 tradable sectors. These include 17 manufacturing
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Figure 3.2: Tariff changes by industry in Brazil

Source: Dix-Carneiro and Kovak (2017), Figure 1 (“Tariff Changes”). Tariff changes are calculated using data
from Kume et al. (2003), and aggregated to sector definitions consistent with the Demographic Census.

sectors, two mining subsectors, and one agricultural sector.

Their empirical approach is motivated by the specific-factors model of regional economies

introduced by Kovak (2013) and described in the previous sections. This model produces

an expression for the impact on the regional equilibrium wage, which corresponds to an

empirical counterpart, the regional tariff reduction (RTR). As shown in the previous section,

this is operationalized as

RTRr = −∑
i

βrid ln(1 + τi),

with

βri =
λri

1
θri

∑
i′

λri′
1

θri

,

where r is the region, i is the industry, τi is the industry tariff rate (with d ln(1 + τi) being
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the change in the log of one plus the tariff rate, from 1990 to 1995), λri =
Lri

Lr
is the regional

industry employment share in 1991, and θi is the non-labor cost share. The unit of analysis

is the microregion, which constitutes a regional labor market analogous to a US commuting

zone.

Kovak (2013) estimates the impact of RTR on regional wage premia using data from the

1991 and 2000 Population Census, which covers both formal and informal sector workers.11

He runs versions of the regression

d ln(wr) = ζ0 + ζ1RTRr + εr,

where d ln(wr) is the change in the regional wage premia from 1991 to 2000.12 He finds

a negative and statistically significant impact of RTR on the regional wage premia, with

a coefficient of -0.439 in the main specification that includes state fixed effects, as shown

in Table (3.2). The interpretation is that a region facing a 10 percentage point larger tariff

reduction (corresponding roughly to the 10-90 percentile range in RTR across regions) will

experience a 4.39 percentage point larger reduction in wage premia, relative to other regions.

Dix-Carneiro and Kovak (2017) extend the analysis in Kovak (2013) by using annual

data for formal sector workers from the administrative dataset RAIS (Relação Anual de

Informaçoes Sociais). One benefit of using the RAIS data is that it allows them to trace out

the effects of the regional trade shock on an annual basis for two decades after the beginning

of trade liberalization.They run the regressions

yrt − yr,1991 = θtRTRr + αst + γt(yr,1990 − yr,1986) + εrt

for each year t∈ [1992, 2010], and for two outcomes: log formal wage premia, as in Kovak

11The regional wage premia are calculated by regressing the log of real wages on demographic and
educational controls, industry fixed effects, and regional fixed effects; the estimated coefficients for the regional
fixed effects are then taken to be the regional wage premia.

12Technically, Kovak (2013) uses the variable RTC (regional tariff change), which is the same variable as RTR
but takes the opposite sign. Dix-Carneiro and Kovak (2017) introduce RTR to ease interpretation, since a larger
value of RTR corresponds to a greater trade shock. In the text, I present all findings in terms of RTR to avoid
confusion, thus reversing the sign of the coefficient found in Kovak (2013) and shown in Table (3.2).
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Table 3.2: The effect of trade liberalization on regional wage premia (Kovak, 2013)

Source: Kovak (2013), Table 1 (“The Effect of Liberalization on Local Wages”). The dependent variable is the
change in regional wage premia for all workers (formal and informal) between 1991 and 2000, calculated using
Population Census data. Note that unlike in Dix-Carneiro and Kovak (2017), the regional trade shock in Kovak
(2013) is defined using the tariff change (usually negative) rather than the tariff reduction (usually positive),
leading to coefficients with opposite signs. In the text, I reverse the sign of the coefficient reported in this table
for consistency with the results reported in Dix-Carneiro and Kovak (2017).
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Table 3.3: The effect of trade liberalization on regional wage premia and employment in the formal sector
(Dix-Carneiro and Kovak, 2017)

Source: Dix-Carneiro and Kovak (2017), Table 2 (“Regional Log Formal Earnings Premia and Employment, 2000
and 2010”), Panels A and C. The dependent variables are calculated using data from RAIS for formal sector
workers only, as opposed to both formal and informal sector workers, as in Kovak (2013).

(2013) (but excluding informal sector workers), and log formal employment. In both

regressions, they include state fixed effects αst as well as pre-trends for 1986-1990. They

find negative and statistically significant effects that grow over time for both outcomes.

In their main specifications, as shown in Table (3.3), the coefficient for log formal wage

premia for 1991-2000 is -0.529 in Column 3, growing to -1.594 in Column 6 for 1991-2010;

the corresponding coefficient for log formal employment for 1991-2000 is -3.533, growing to

-4.663 for 1991-2010.

Taken altogether, these findings strongly suggest that trade liberalization in Brazil had a

negative effect on labor market outcomes in regions that were more exposed to the industry-

level trade shocks via their initial industry composition. Some of the related work using

the same regional trade shock includes Dix-Carneiro and Kovak (2015), which explores

the evolution of the skill premium; Dix-Carneiro and Kovak (2018), which examines the

margins of adjustment in the labor market; and Dix-Carneiro et al. (2017), which studies the

effects on crime. A full list can be found in Appendix C.
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3.4.2 Applying the industry-level mechanism test

I apply the industry-level mechanism test to this setting using employment data for both

formal and informal workers from the 1991 and 2000 Population Census. Recall the

following industry-level regression from Section 3.1, where in each region l, the change in

employment in industries k are regressed on the industry-level shocks Trk:

ylk = η + ζ0Trk + µlk, ∀l

The industry-level regression in the context of Brazilian trade liberalization was derived in

Section 3.2 as Equation (3.20). In this regression, within each region, the 1991-2000 change

in log employment in each industry is regressed on the change in tariff rates. I make a slight

adjustment to that equation by adding fixed effect term ϑr for each microregion, so that the

estimates are identified off of variation across industries within each microregion when the

regressions are pooled:

d ln(Lri) = η + ϑr + ζ
1
θi
(d ln(1 + τi)− RTRr) + µri (3.21)

To show how the additional parameters derived from the specific-factors model affect the

results, I will present the results with and without the industry non-labor cost share θi, as

well as the regional trade shock RTRr (which corresponds to the change in the regional

equilibrium wage, ŵr), although the latter should be completely absorbed by the microregion

fixed effects.

Table (3.4) presents the results of estimating the different versions of Equation (3.21),

pooled across all microregions. Column 1 estimates a simplified version with only the

tariff reduction d ln(1 + τi) on the right hand side. The coefficient is 2.253, positive and

statistically significant, and in the opposite direction from the negative coefficient on the

regional-level regression for the 1991-2000 change in log formal wage premia from either

Kovak (2013) (-0.439) or Dix-Carneiro and Kovak (2017) (-0.529), or any similar specifications

from those papers. It is also at odds with the coefficient on the regional-level regression

for the 1991-2000 change in log formal employment (-3.533) from Dix-Carneiro and Kovak
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Table 3.4: Change in tariffs vs. industry-level log employment, 1991-2000
All sectors

Dep. var.: change in log employment

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

Tariff reduction 2.253***
(0.173)

(1/θ)(Tariff reduction) 1.565***
(0.114)

Tariff reduction - RTR 2.253***
(0.173)

(1/θ)(Tariff reduction - RTR) 1.606***
(0.117)

N 6529 6529 6529 6529
R2 0.11 0.11 0.11 0.11
Microregions 413 413 413 413
Sectors 20 20 20 20
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the industry in each microregion. The tariff reduction is measured as d ln(1+ τi),
i.e., the 1990-1995 change in the log of one plus the tariff rate. θi is the industry’s non-labor cost share. RTR is
the regional trade shock, which corresponds to the change in the regional equilibrium wage wr. All regressions
are estimated with microregion fixed effects.
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(2017).

Columns 2 adds the non-labor cost share θi, Column 3 adds the regional trade shock

RTRr term, and Column 4 adds both RTRr and θi. As can be seen, subtracting RTRr

does not affect the estimated coefficient, since RTRr does not vary across industries within

regions, and variation in RTRr across regions is absorbed by the microregion fixed effect.

Dividing by the non-labor cost share θi, however has a quantitatively significant effect. This

is likely because a larger non-labor cost share reduces the effect of the tariff reduction on

employment, and there appears to be a slight negative correlation between the magnitude

of the tariff reduction and θi across the 20 industries (ρ = −0.12, p-value=0.62). However,

the estimated coefficient in Column 4, 1.606, is still positive, statistically significant, and in

the opposite direction of the coefficient on the regional-level regressions. The coefficient of

1.606 means that a one percentage point increase in the magnitude of the tariff reduction

corresponds to a 1.606 percentage point increase—rather than a decrease—in employment

in that sector between 1991 and 2000.13

I now proceed to check robustness along various dimensions. The specific-factors model

does not distinguish between labor demand in the formal sector versus the informal sector,

which in Brazil is indicated by whether a worker possesses a work card that entitles them

to benefits. However, since Dix-Carneiro and Kovak (2017) only measure outcomes in

the formal sector, I replicate the analysis in Table (3.4) using the change in log formal

employment in each industry as the dependent variable. These results are shown in Table

(3.5). The coefficients are somewhat smaller in magnitude, but they’re still also positive and

statistically significant.

I also examine the aggregated industry-level relationship between tariff reductions and

log employment for all regions. A list of all the sectors and a legend is given in Figure

(3.3), and the relationship is plotted in Figure (3.4a). There is clearly a positive correlation,

13A z-test comparison of the industry-level coefficient in Column 4 of Table (3.4) with the regional-level coef-

ficient in Column 3 of Table 3.3 produces z =
γ0 − ζ0√
se2

γ0 + se2
ζ0

=
1.606− (−0.529)√

0.1172 + 0.1412
= 11.65. A z-test comparison

with the regional-level coefficient in Column 3 of Table 3.2 produces z = 11.40.
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Table 3.5: Change in tariffs vs. industry-level log formal employment, 1991-2000
All sectors - formal employment only

Dep. var.: change in log formal employment

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

Tariff reduction 1.840***
(0.196)

(1/θ)(Tariff reduction) 1.072***
(0.129)

Tariff reduction - RTR 1.840***
(0.196)

(1/θ)(Tariff reduction - RTR) 1.268***
(0.132)

N 5419 5419 5419 5419
R2 0.15 0.15 0.15 0.15
Microregions 413 413 413 413
Sectors 20 20 20 20
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the industry in each microregion. The tariff reduction is measured as d ln(1+ τi),
i.e., the 1990-1995 change in the log of one plus the tariff rate. θi is the industry’s non-labor cost share. RTR is
the regional trade shock, which corresponds to the change in the regional equilibrium wage wr. All regressions
are estimated with microregion fixed effects.
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Subsector Abbreviation Sector Marker
1 Agriculture AGR Agriculture •
2 Petroleum, gas and coal PGC Mining •
3 Mineral mining MIN Mining •
4 Non-metallic mineral goods MNG Manufacturing •
5 Metals MTL Manufacturing •
6 Machinery, equipment MCH Manufacturing •
7 Electric, electronic equipment ELE Manufacturing •
8 Automobiles, transport, vehicles AUT Manufacturing •
9 Wood, furniture, peat WDF Manufacturing •

10 Paper, publishing, printing PAP Manufacturing •
11 Rubber RUB Manufacturing •
12 Chemicals CHM Manufacturing •
13 Petroleum refining PRF Manufacturing •
14 Pharmaceuticals, perfumes, detergents PHA Manufacturing •
15 Plastics PLT Manufacturing •
16 Textiles TXT Manufacturing •
17 Apparel APL Manufacturing •
18 Footwear, leather FWL Manufacturing •
19 Food processing FDP Manufacturing •
20 Miscellaneous manufacturing MSC Manufacturing •

Figure 3.3: List of subsectors and abbreviations

Subsector definitions have been aggregated for consistency with the Demographic Census and Kume et al.
(2003), the sources of employment and tariff data, respectively. Subsector abbreviations and markers are used
in Figures (3.4a)-(3.4f) and Figure (3.5).

the opposite of what might be expected from the regional-level results. As stated before,

however, this may not be a reliable guide to industry-level behavior in the average region,

as it is possible that large outlier regions skew the aggregated patterns.

However, one useful piece of information that emerges from visual inspection of this

relationship is the striking fact that agriculture and mining—the sectors with the smallest

tariff reductions—are growing at a slower rate than the manufacturing sectors. This likely

due to the long-run process of structural transformation away from primary sectors, which

is probably mostly unrelated to trade liberalization. Note that this means that this makes

it more difficult to argue that the tariff reductions are in fact exogenously assigned across
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(a) All regions (b) North

(c) Northeast (d) Southeast

(e) South (f) Center-West

Figure 3.4: Tariff reductions vs. change in log employment, 1991-2000

Calculated using employment data from the 1991 and 2000 Demographic Censuses, and tariff data from Kume
et al. (2003). See Figure (3.3) for sector abbreviations and marker legend. Linear prediction lines are separately
plotted for all sectors and manufacturing sectors only.
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Table 3.6: Change in tariffs vs. industry-level log employment, 1991-2000
Omitting agriculture and/or mining

No agriculture No ag. or mining

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

Tariff reduction 2.900*** 0.172
(0.228) (0.276)

(1/θ)(Tariff reduction - RTR) 2.116*** 0.147
(0.155) (0.196)

N 6117 6117 5568 5568
R2 0.11 0.12 0.10 0.10
Microregions 413 413 413 413
Sectors 19 19 17 17
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the industry in each microregion. The dependent variable is the change in
log employment in each industry between 1990 and 2000.The tariff reduction is measured as d ln(1 + τi), i.e.,
the 1990-1995 change in the log of one plus the tariff rate. θi is the industry’s non-labor cost share. RTR is the
regional trade shock, which corresponds to the change in the regional equilibrium wage wr. All regressions are
estimated with microregion fixed effects.

sectors, threatening experimental variation at the industry level. (This is also a first clue to

potential misspecification at the regional level, with regard to the expected patterns of growth

in agricultural regions). While there does also appear to be a positive correlation among the

17 manufacturing sectors when agriculture and mining are excluded, it’s somewhat weaker.

To examine the extent to which the positive relationship is only driven by the agriculture

and mining, in Table (3.6), I replicate the specifications from Columns 1 and 4 of Table (3.4).

In Columns 1 and 2 of Table (3.6), I omit agriculture from the regression. This shows that

the positive effect of tariff reductions is not driven by the performance of agriculture, as

the estimated coefficients actually go up. In Columns 3 and 4, I omit agriculture as well as

the two mining sectors, so that I am only examining variation among the 17 manufacturing

sectors. Now, however, there is no longer any statistically significant effect.

However, it turns out there is macroregional heterogeneity in this relationship. Brazil

has five major macroregions which vary greatly in terms of socioeconomic and demographic

characteristics: North, Northeast, Southeast, South, and Center-West. The bulk of the

413 microregions are in the Northeast (151 microregions), which is very poor, and the
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Table 3.7: Change in tariffs vs. industry-level log employment, 1991-2000
By macroregion - all sectors

Dep. var.: change in log employment

(1) (2) (3) (4) (5)
North Northeast Southeast South Center-West

(1/θ)(Tariff reduction - RTR) 2.280*** 0.924*** 1.675*** 2.571*** 2.159***
(0.591) (0.203) (0.172) (0.314) (0.487)

N 380 2134 2695 936 384
R2 0.10 0.09 0.12 0.13 0.14
Microregions 29 150 154 54 25
Sectors 20 20 20 20 20
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the industry in each microregion. The tariff reduction is measured as d ln(1+ τi),
i.e., the 1990-1995 change in the log of one plus the tariff rate. θi is the industry’s non-labor cost share. RTR is
the regional trade shock, which corresponds to the change in the regional equilibrium wage wr. All regressions
are estimated with microregion fixed effects.

Southeast (154 microregions), which is the richest region. In Table (3.7), I replicate the

baseline specification from Column 4 in Table (3.4) for each macroregion to show that when

all 20 sectors are included, there is a positive relationship between tariff reductions and

industry employment in each macroregion.

In Table (3.8), I replicate Table (3.7), but only with the 17 manufacturing sectors. It

turns out that the more affluent regions, the Southeast and the South, exhibit a positive

relationship between tariff reductions and employment across manufacturing sectors, while

the less affluent North, Northeast, and Center-West exhibit a negative relationship (although

only the coefficient for the Northeast is statistically significant). The difference between the

patterns with the full set of sectors versus the manufacturing sectors only can also be seen

in Figure (3.4b)-Figure (3.4f), which plot the aggregated industry-level relationship for each

macroregion.

In summary, while the specific-factors model predicts a cross-industry relationship

between tariff reductions and employment within each region, this relationship is apparently

positive as opposed to negative, contradicting the regional-level results from Kovak (2013)

and Dix-Carneiro and Kovak (2018). This is true at the national level as well as at the
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Table 3.8: Change in tariffs vs. industry-level log employment, 1991-2000
By macroregion - manufacturing sectors only

Dep. var.: change in log employment

(1) (2) (3) (4) (5)
North Northeast Southeast South Center-West

(1/θ)(Tariff reduction - RTR) -1.062 -1.507*** 0.832*** 2.106*** -0.608
(0.996) (0.370) (0.275) (0.514) (0.825)

N 320 1789 2323 808 328
R2 0.10 0.11 0.11 0.10 0.11
Microregions 29 150 154 54 25
Sectors 17 17 17 17 17
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the industry in each microregion. The tariff reduction is measured as d ln(1+ τi),
i.e., the 1990-1995 change in the log of one plus the tariff rate. θi is the industry’s non-labor cost share. RTR is
the regional trade shock, which corresponds to the change in the regional equilibrium wage wr. All regressions
are estimated with microregion fixed effects.

microregion level, although there is some macroregional heterogeneity when the results are

restricted to the 17 manufacturing sectors. Altogether, these results suggest that it may not

make sense to interpret the regional-level results under the assumption that they are being

driven by reduced industry-level labor demand in sectors with larger tariff reductions.

3.4.3 Why the inconsistency?

Why do the industry-level results and the regional-level results differ so much? The two

potential explanations are that the model, as written, is internally inconsistent, or that

there is misspecification in the regional regressions (although these explanations are not

necessarily mutually exclusive). With regard to the model, one possibility is that while

tariff reductions cause industry employment to increase, industry wages actually decreased,

causing regional wage premia to decrease. This seems unlikely, as expanding labor demand

in manufacturing sectors is more likely to bid up the regional wage. In future work, however,

I plan to explore this mechanism by calculating industry-level wage premia within each

region.

With regard to the regional-level regressions, however, there is some suggestive evidence
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that they could be misspecified. The main issue is the role of agriculture in the regional

trade shock, which is assigned extreme values of both the regional-level employment share

and the industry-level shock. As can be seen in Column 1 of Table (3.9), agriculture is

the single biggest sector by far, as it accounts for 69 percent of all tradables employment

on average across all microregions. In Column 2, I calculate the correlation between the

initial employment share in each sector and the regional trade shock, RTR, which is almost

perfectly negatively correlated with the initial agricultural employment share (ρ = −0.98),

and has the largest absolute value of the correlation coefficient. In addition, as shown in

Column 3, agriculture also has the smallest tariff “reduction”, actually a slight increase of

1.4 percent.

The outsized influence of agriculture in determining the value of RTR is problematic

because regions that are more agricultural are likely to experience a faster pace of structural

transformation away from agriculture, such that employment growth in non-agricultural

sectors will actually be faster, regardless of the trade shock. The primary robustness checks

Dix-Carneiro and Kovak (2017) implement in regard to agriculture are to 1) control for the

effects of the commodity boom in the 2000s, which would have disproportionately affected

agricultural regions, 2) restrict the sample to regions that are below in the median or bottom

quartile in agriculture and mining, and 3) only examine the earnings of manufacturing

workers. However, none of these checks directly control for the initial share of employment

in agriculture, or attempt to exploit variation only in the non-agricultural sectors, so the

results are unaffected.14

The inclusion of agriculture (and potentially also mining) in the trade shock probably

violates the exogeneity of both the industry-level shocks and the regional-level industry

employment shares. Thus, in spite of positive correlation between tariff reductions and

14As discussed earlier, in the context of India, Topalova (2007, 2010) uses an instrumental variables strategy
to sidestep the same issue of agriculture as potential confounder, although this doesn’t significantly affect
her results. Kis-Katos and Sparrow (2015) control for the initial share of agriculture in their study of trade
liberalization in Indonesia, and Hakobyan and McLaren (2016) construct their regional trade shock with and
without agriculture in their study of NAFTA in the U.S.
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Table 3.9: Industry characteristics

(1) (2) (3)
Industry Mean

tradables
employment

share
(

Lri

Lr

)
Correlation
between (1)
and RTRr

Tariff
reduction

(−d ln(1 + τi))

1 Agriculture 0.691 -0.976 -0.014
2 Petroleum, gas and

coal
0.026 0.037 0.064

3 Mineral mining 0.003 0.163 0.032
4 Non-metallic mineral

goods
0.024 0.462 0.177

5 Metals 0.034 0.650 0.106
6 Machinery, equipment 0.006 0.656 0.164
7 Electric, electronic

equipment
0.005 0.488 0.168

8 Automobiles, transport,
vehicles

0.008 0.420 0.195

9 Wood, furniture, peat 0.036 0.390 0.125
10 Paper, publishing,

printing
0.012 0.536 0.118

11 Rubber 0.002 0.545 0.264
12 Chemicals 0.015 0.426 0.132
13 Petroleum refining 0.002 0.313 0.140
14 Pharmaceuticals,

perfumes, detergents
0.002 0.629 0.197

15 Plastics 0.003 0.652 0.187
16 Textiles 0.021 0.492 0.137
17 Apparel 0.047 0.733 0.232
18 Footwear, leather 0.009 0.227 0.095
19 Food processing 0.048 0.682 0.167
20 Miscellaneous

manufacturing
0.005 0.623 0.221

The means in Column (1) and the correlation in Column (2) are calculated for 413 microregions.
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Table 3.10: Formal wage premia (Dix-Carneiro and Kovak, 2017) - with control for initial agricultural
employment share in 1991

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR 0.081 0.317 0.360 -1.629** -1.421** -1.348**
(0.459) (0.490) (0.442) (0.776) (0.652) (0.600)

1991 ag. share 0.151 0.261** 0.244** 0.072 0.086 0.067
(0.113) (0.116) (0.107) (0.165) (0.156) (0.147)

Pretrend -0.304** -0.416***
(0.149) (0.145)

N 475 475 475 475 475 475
R2 0.05 0.24 0.28 0.32 0.50 0.54
State-year FE No Yes Yes No Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: Replication of Dix-Carneiro and Kovak (2017), Table 2 (“Regional Log Formal Earnings Premia and
Employment, 2000 and 2010”), Panel A, with initial agricultural employment share in 1991 as control variable.
The formal earnings pretrend is calculated for 1986-1990.

sectoral employment, the regional estimates may be so confounded as to be negative.15

To show the impact of agriculture on the analysis, I replicate the results of Dix-Carneiro

and Kovak (2017) for formal wage premia and formal employment with two different

modifications: controlling for the initial share of agriculture, and excluding agriculture from

the construction of the regional trade shock.

For formal wage premia, as seen in Table (3.10), controlling for the initial share of

agriculture in 1990 actually reverses the sign of the results for between 1991-2000. Table

(3.11) shows that removing agriculture from the construction of the trade shock also reverses

the sign of the results for formal wage premia in 1991-2000 as well as 1991-2010. They

are now positive and statistically significant, and also substantially larger in magnitude

compared to the original estimates.

15The effects of potential misspecification in Dix-Carneiro and Kovak (2017) may be even more pronounced
because their measured outcomes are formal wage premia and formal employment. However, most formal
employment is outside of agriculture, in manufacturing and services, the latter of which is non-traded and not
included in the construction of the trade shock. Although equilibrium labor market adjustments driven by the
inclusion of agriculture could of course occur outside of agriculture, results for the formal sector are unlikely to
be driven by growth in wages or employment within agriculture itself.
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Table 3.11: Formal wage premia (Dix-Carneiro and Kovak, 2017) - excluding agriculture from construction
of RTR

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR (no ag) 1.450** 1.969*** 1.856*** 1.941** 1.933** 1.780**
(0.636) (0.600) (0.577) (0.769) (0.740) (0.713)

Pretrend -0.356** -0.580***
(0.150) (0.159)

N 475 475 475 475 475 475
R2 0.04 0.21 0.27 0.03 0.31 0.39
State-year FE No Yes Yes No Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: Replication of Dix-Carneiro and Kovak (2017), Table 2 (“Regional Log Formal Earnings Premia and
Employment, 2000 and 2010”), Panel A, with agriculture excluded from the construction of RTR, the regional
trade shock variable. The formal earnings pretrend is calculated for 1986-1990.

For formal employment, controlling for the initial share of agricultural employment does

not affect the results as drastically, although the results for the most restrictive specification in

1991-2000 is no longer statistically significant, as shown in Table (3.12). However, excluding

agriculture from the construction of the regional trade shock does reverse the sign of

the results, as it did for formal wage premia, although the results are not statistically

significant, as indicated in Table (B.1.1). Overall, however, both the formal wage premia and

employment results appear to be more consistent with the positive relationship between

tariff reductions and employment at the industry level when agriculture is excluded from

the trade shock altogether.

However, the question of why a positive relationship would be observed at either the

industry level or the regional level is still puzzling, seeing as the reduction of tariffs on output

goods does appear to reduce labor demand in most other settings. One possibility is that

any finding is simply random, given that there are only 20 industries. Another possibility is

that the initial hypothesis of how trade liberalization impacted industry-level employment

may be too simplistic. A reduction in output tariffs may have somehow increased firm

productivity and labor demand. It could also be the case that output tariff reductions are
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Table 3.12: Formal employment (Dix-Carneiro and Kovak, 2017) - with control for initial agricultural
employment share in 1991

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR -5.661*** -2.399 -2.515 -7.665*** -3.573+ -3.685+
(1.912) (1.706) (1.803) (2.371) (2.313) (2.292)

1991 ag. share -0.424 0.264 0.235 -0.356 0.254 0.226
(0.416) (0.394) (0.434) (0.490) (0.500) (0.509)

Pretrend -0.026 -0.025
(0.152) (0.158)

N 475 475 475 475 475 475
R2 0.07 0.29 0.29 0.15 0.41 0.41
State-year FE No Yes Yes No Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: Replication of Dix-Carneiro and Kovak (2017), Table 2 (“Regional Log Formal Earnings Premia and
Employment, 2000 and 2010”), Panel C, with initial agricultural employment share in 1991 as control variable.
The formal employment pretrend is calculated for 1986-1990.

Table 3.13: Formal employment (Dix-Carneiro and Kovak, 2017) - excluding agriculture from construction of
RTR

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR (no ag) -0.987 2.186 2.184 -3.771 1.118 1.116
(2.664) (2.342) (2.328) (2.768) (1.552) (1.542)

Pretrend -0.041 -0.042
(0.155) (0.168)

N 475 475 475 475 475 475
R2 0.00 0.25 0.25 0.01 0.35 0.35
State-year FE No Yes Yes No Yes Yes
+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: Replication of Dix-Carneiro and Kovak (2017), Table 2 (“Regional Log Formal Earnings Premia and
Employment, 2000 and 2010”), Panel C, with agriculture excluded from the construction of RTR, the regional
trade shock variable. The formal employment pretrend is calculated for 1986-1990.
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confounded with input tariff reductions, which have been cited as an important potential

benefit of trade liberalization (Amiti and Konings, 2007; Goldberg et al., 2010; Topalova and

Khandelwal). If own-sector tariffs are correlated with average upstream tariffs, then this

could weaken or even reverse the hypothesized effects of own-sector tariffs.

To test this possibility, I use the input-output table for Brazil from the World Input-

Output Database (WIOD) to calculate the weighted average of the change in tariffs on

first-degree upstream inputs for each industry. This requires aggregating several sectors

together for consistency, so that the number of sectors drops from 20 to 16. In Figure

(3.5a), I plot own tariff changes vs. upstream tariff changes for the 16 aggregate sectors.

There is a positive correlation overall, which is stronger and more statistically significant

when restricted to the 17 manufacturing sectors. This suggests that the variation in output

tariffs may in fact also be picking up variation in input tariffs. In Figure (3.5b), I show the

correlation between an industry’s upstream tariff changes and the industry’s own change

in log employment from 1991-2000. There is a strong positive and statistically significant

correlation, regardless of which sectors are included. The correlation coefficient for all

sectors (0.57) is actually higher than it is in Figure (3.4a) (0.40), which compares output tariff

changes with changes with log employment.

However, while these patterns may be suggestive, the lack of more disaggregated

industry-level employment and input-output data makes it difficult to provide a more

definitive answer. This highlights the general difficulty of relying on using a small number

of industries as a source of identifying variation, which threatens the validity of this

estimation strategy (Borusyak et al., 2018). To the extent that can be reasonably conjectured,

it seems as though the industry-level shocks resulting from trade liberalization do not have

a negative impact on industry-level labor demand.

3.5 Conclusion

Papers using Bartik-style regional trade shocks have had a significant impact on the academic

as well as the public discourse on the consequences of increased exposure to trade. They
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(a) Own tariffs vs. upstream tariffs

(b) Upstream tariffs vs. employment

Figure 3.5: The role of upstream tariffs

Calculated using employment data from the 1991 and 2000 Demographic Censuses, and tariff data from Kume
et al. (2003). See Figure (3.3) for sector abbreviations and marker legend. Linear prediction lines are separately
plotted for all sectors and manufacturing sectors only.
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will likely remain an important part of our methodological toolkit for some time to come.

Only recently, however, have researchers begun to open up the “black box” of variables with

a Bartik-like structure to understand the identifying source of variation and how threats to

identification may emerge (Goldsmith-Pinkham et al., 2018; Borusyak et al., 2018).

This paper contributes to the task of deconstructing Bartik-style regional trade shocks in

particular, with the goal of providing researchers an additional tool to assess the robustness

of their results. The industry-level mechanism test that I propose is not only intuitive,

but is also directly implied by the specific-factors model that typically motivates this

empirical approach (Kovak, 2013). Essentially, the test states that the industry-level trade

shocks should have the same effect at the industry level within each region as the regional

trade shock has on the regional level outcomes. Its specification can be adapted to the

theoretical assumptions of a given study, and it can also be flexibly implemented to illustrate

heterogeneity in this pattern across industries or regions. I show that the test produces

conflicting signs in a majority of regions for the case of trade liberalization in Brazil studied

by Kovak (2013) and Dix-Carneiro and Kovak (2017). In future work, I plan to apply the test

to other papers in the literature, as well as to derive specifications for additional models

motivating this empirical approach.

In general, one possible explanation for conflicting signs is that the regional-level results

reflect the influence of confounders correlated with initial regional employment shares,

rather than the true effects of trade. Another possibility is that the underlying model of how

trade affects regional outcomes, and the interpretation of the results, should be reformulated.

The correct diagnosis will depend on the context, and will likely require additional analysis.

Bartik-style regional trade shocks tend to be appealing to empirical researchers because they

appear to be straightforward to construct and interpret. However, given their importance

for policy—and given that the map is not always the territory—they also deserve to be more

closely scrutinized.
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Appendix A

Appendix to Chapter 1

A.1 Robustness checks for stylized facts

In this Appendix, I discuss several robustness checks I performed on the stylized facts

presented in Section 2. The primary concern is that regional differences in employment

patterns may reflect differences in how the data are collected, and in particular how the

workforce is defined. Figures A1, A2, A3, and A4 replicate Figures 4 and 5, and show that

the the patterns look similar when restricting the labor force to ages 15 to 65, and to males

ages 15 to 65 only, although the gap between sub-Saharan African and Southeast Asian

countries then becomes less pronounced.

Appendix Figure A5 suggests that the patterns are also robust to the length of the

reference of period used in determining labor force participation. (A shorter reference

period, depending on when the survey is conducted, may undercount workers which spend

the majority of the year in the agricultural sector.) They are also robust to the inclusion of

mining in the definition of the non-agricultural sector, as shown in Figure A6.

Lastly, to address concerns over bias in my sample of 79 countries, I replicate Figure 1

using a much larger sample of 160 countries with aggregate data from the ILO collected

from a variety of sources, in Figure A7. The overall pattern is quite similar to Figure 1,

although individual data points vary due to the use of different sources and the last available
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year of data. Since the ILO only releases data on aggregate indicators, I am unfortunately

unable to break down the wage employment rates in the agricultural and non-agricultural

sectors, respectively.
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Figure A1: Structural Transformation and Wage Employment: Non-Agriculture
Regional Heterogeneity - Cross-Section

Age 15 to 65

Figure A2: Structural Transformation and Wage Employment: Non-Agriculture
Regional Heterogeneity - Cross-Section

Age 15 to 65, Males
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Figure A3: Structural Transformation and Wage Employment: Non-Agriculture
Regional Heterogeneity - Time Series

Age 15 to 65

Figure A4: Structural Transformation and Wage Employment: Non-Agriculture
Regional Heterogeneity - Time Series

Age 15 to 65, Males
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Figure A5: Structural Transformation and Wage Employment: Non-Agriculture
Regional Heterogeneity - Cross Section

Long reference periods (=1 year) marked

147



Figure A6: Structural Transformation and Wage Employment: Non-Agriculture
Mining included in non-agricultural employment

Figure A7: Structural Transformation and Wage Employment: All Sectors
Data from ILO aggregate indicators
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Appendix B

Appendix to Chapter 2

B.1 Additional results

In this Appendix, I present supplementary results to the analysis in Section 4 of the main

text.

B.1.1 Formal employment and wage premia

For closer comparability with the outcomes measured in Dix-Carneiro and Kovak (2017), I

show the impact of RTR_manu on formal sector employment in Table B1 and formal sector

wage premia in Table B2, the main outcomes in that paper. Unlike the results for overall

manufacturing employment and wage premia presented in Section 4, the outcomes are

calculated for all formal sector workers, including those in nontradable sectors (services),

mining, and agriculture. One caveat, however, is that they use RAIS data for their estimates,

while I use Demographic Census data. Their outcomes are calculated for each year between

1992 and 2010, and they do not include any of the covariates I use in my main specifications,

making them most similar to Columns (1) and (3) in each table. In comparing their estimated

coefficients for 2000 and 2010 with mine, it is clear that using RTR_manu instead of RTR

flips the sign, with the magnitude of the positive effect of trade liberalization increasing over

time.
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In Table B3, I also show results for the wage premia for all workers, the outcome

measured in Kovak (2013), who does use Census data. In Kovak (2013), they are calculated

only for 1991-2000, but like Dix-Carneiro and Kovak (2017), they also do not include any of

the covariates I use in my main specifications. Thus, the specification in Column 1 is most

similar to the Kovak (2013) estimate. As with the other regressions, the use of RTR_manu

rather than RTR also flips the sign of the estimated coefficient.
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Table B1: Formal employment

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 1.765** 1.063 0.691 3.894*** 2.130** 1.022

(0.884) (0.852) (0.963) (1.233) (1.008) (1.275)

1991 ag. share 0.162+ 0.100 0.471** 0.338*

(0.101) (0.123) (0.180) (0.195)

1991 manu. share -0.239 -0.670**

(0.201) (0.326)

1991 min. share 0.209 1.561*

(0.228) (0.898)

1991 non-white share -0.214** -0.244** -0.014 -0.123

(0.103) (0.108) (0.177) (0.181)

1991 literacy rate 0.108 0.080 -0.026 -0.053

(0.239) (0.238) (0.380) (0.346)
Outcome pre-trend,
1980-1991 -0.027 -0.040 -0.040 0.007 -0.016 -0.025

(0.049) (0.047) (0.045) (0.128) (0.130) (0.086)

N 409 409 409 409 409 409

R2 0.32 0.35 0.35 0.46 0.50 0.52

State-year fixed effects Yes Yes Yes Yes Yes Yes

+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary
by year). Standard errors are clustered at the mesoregion level (87 clusters). Data for the outcome and the
covariates are from the Demographic Census (1980, 1991, 2000, and 2010). Formal sector workers are defined as
those in possession of a work card.
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Table B2: Formal wage premia

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 2.169*** 1.367*** 0.353 2.550*** 1.913*** 0.721+

(0.469) (0.405) (0.396) (0.580) (0.449) (0.441)

1991 ag. share 0.061 -0.117** 0.269*** 0.062

(0.057) (0.050) (0.077) (0.066)

1991 manu. share -0.423*** -0.510***

(0.083) (0.080)

1991 min. share -0.114 -0.203

(0.147) (0.198)

1991 non-white share -0.158*** -0.238*** 0.027 -0.068

(0.051) (0.052) (0.088) (0.088)

1991 literacy rate -0.275** -0.467*** 0.129 -0.087

(0.110) (0.098) (0.134) (0.124)

N 410 410 410 410 410 410

R2 0.64 0.71 0.74 0.76 0.79 0.82

State-year fixed effects Yes Yes Yes Yes Yes Yes

+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary
by year). Standard errors are clustered at the mesoregion level (87 clusters). Regressions are weighted by the
inverse of the squared standard error of the estimated change in the wage premia for manufacturing workers
each microregion, similarly to the procedures used in Kovak (2013) and Dix-Carneiro and Kovak (2017). Data
for the outcome and the covariates are from the Demographic Census (1980, 1991, 2000, and 2010). Formal
sector workers are defined as those in possession of a work card.
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Table B3: Wage premia (all workers)

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu 1.240*** 0.795* 0.033 0.793 0.812* -0.231

(0.401) (0.404) (0.448) (0.599) (0.486) (0.526)

1991 ag. share 0.193*** 0.060 0.342*** 0.161*

(0.053) (0.044) (0.093) (0.081)

1991 manu. share -0.380*** -0.531***

(0.088) (0.115)

1991 min. share 0.189 0.308*

(0.145) (0.159)

1991 non-white share -0.119** -0.181*** 0.091 0.001

(0.050) (0.051) (0.094) (0.094)

1991 literacy rate 0.272*** 0.151+ 0.698*** 0.543***

(0.103) (0.092) (0.131) (0.114)

N 410 410 410 410 410 410

R2 0.68 0.72 0.75 0.67 0.71 0.74

State-year fixed effects Yes Yes Yes Yes Yes Yes

+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary
by year). Standard errors are clustered at the mesoregion level (87 clusters). Regressions are weighted by the
inverse of the squared standard error of the estimated change in the wage premia for manufacturing workers
each microregion, similarly to the procedures used in Kovak (2013) and Dix-Carneiro and Kovak (2017). Data
for the outcome and the covariates are from the Demographic Census (1980, 1991, 2000, and 2010).
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B.1.2 Working age population

One of the critical assumptions underlying the research design of this paper is that each

microregion constitutes its own labor market, and that workers are relatively immobile

across regions. I show that the results shown in the previous sections are not due to

interregional migration, and that the increase in employment in the non-agricultural sector

therefore likely reflects intra-regional reallocation. In Table B4, I regress the change in the

log working age population on the trade shock and the same controls as in the previous

tables, as well as an outcome pre-trend calculated for 1980-1991. The trade shock is generally

associated with a relative decrease in the working age population, rather than an increase,

although this effect is no longer statistically significant once the full set of controls are

added. This suggests that the increase in manufacturing labor demand and the patterns of

reallocation estimated in Section 4 are not due to inward migration from other regions, and

instead reflect labor market dynamics within each microregion.
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Table B4: Working age population

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu -0.991** -0.389 -0.291 -1.852** -1.016* -0.745

(0.444) (0.300) (0.324) (0.766) (0.561) (0.600)

1991 ag. share -0.237*** -0.262*** -0.310*** -0.322***

(0.067) (0.075) (0.078) (0.093)

1991 manu. share -0.053 -0.000

(0.119) (0.190)

1991 min. share -1.233*** -1.849***

(0.161) (0.264)

1991 non-white share -0.004 0.024 0.027 0.079

(0.049) (0.049) (0.060) (0.058)

1991 literacy rate -0.022 -0.095 -0.025 -0.120

(0.113) (0.110) (0.146) (0.137)
Outcome pre-trend,
1980-1991 0.184 0.112 0.209* 0.401* 0.308* 0.455***

(0.161) (0.141) (0.109) (0.211) (0.180) (0.121)

N 409 409 409 409 409 409

R2 0.40 0.49 0.58 0.50 0.55 0.62

State-year fixed effects Yes Yes Yes Yes Yes Yes

+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).

B.1.3 Effective tariff rates

In Table B5, I replicate the results from Table (2.4) using a regional trade shock calcu-

lated with effective tariff rates, RTR_manu_e f f , as opposed to nominal tariff rates (as in
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RTR_manu).

Table B5: Effective tariff rates

1991-2000 1991-2010

(1) (2) (3) (4) (5) (6)

RTR_manu (eff.) 2.126* 1.559 1.063 2.078*** 1.564** 1.046+

(1.114) (1.116) (1.230) (0.626) (0.640) (0.712)

1991 ag. share 0.563*** 0.358** 0.520** 0.282

(0.153) (0.166) (0.211) (0.243)

1991 manu. share -0.797** -0.847**

(0.356) (0.366)

1991 min. share 0.893+ 0.453

(0.556) (0.665)

1991 non-white share -0.354*** -0.451*** -0.558*** -0.647***

(0.115) (0.120) (0.167) (0.178)

1991 literacy rate 0.221 0.150 0.230 0.129

(0.316) (0.304) (0.353) (0.370)
Outcome pre-trend,
1980-1991 0.085 0.081 0.059 0.158+ 0.140 0.123

(0.065) (0.061) (0.067) (0.103) (0.098) (0.095)

N 409 409 409 409 409 409

R2 0.30 0.36 0.38 0.24 0.30 0.31

State-year fixed effects Yes Yes Yes Yes Yes Yes

+ p<0.15, * p<0.10, ** p<0.05, *** p<0.01

Note: The unit of observation is the microregion. There are 24 state fixed effects (which are allowed to vary by
year). Standard errors are clustered at the mesoregion level (87 clusters).
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Appendix C

Appendix to Chapter 3

C.1 Bartik-style regional trade shock literature
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Table C1: Regional trade shocks constructed using changes in tariffs

Setting Papers Main focus
Import tariff liberalization

India

Topalova (2007); Topalova (2010) poverty, labor markets
Hasan, Mitra & Ural (2007) poverty
Edmonds, Pavcnik & Topalova (2010) school attendance
Hasan, Mitra, Ranjan & Ahsan (2012) unemployment
Iyer and Topalova (2014) crime

Indonesia
Kis-Katos and Sparrow (2011) child labor
Kis-Katos and Sparrow (2015) poverty, labor markets
Kis-Katos, Pieters & Sparrow (2017) gender-specific effects

Brazil

Castilho, Menendez & Sztulman
(2011)

poverty, inequality

Kovak (2013) labor markets
Dix-Carneiro and Kovak (2015) skill premium
Dix-Carneiro and Kovak (2017a) labor markets (formal)
Hirata and Soares (2016) racial wage gap
Gaddis and Pieters (2017) labor markets (gender)
Dix-Carneiro and Kovak (2017b) margins of adjustment
Dix-Carneiro, Soares & Ulyssea (2017) crime
Costa, Marcantonio & Rocha (2017) Pentecostalism
Dix-Carneiro (2018) summary paper

South Africa Erten, Leight & Tregenna (2018) labor markets

US (NAFTA)
Hakobyan and McLaren (2016) labor markets
Hakobyan and McLaren (2018) labor markets (gender)

US (PNTR status
with China)a

Pierce and Schott (2016) mortality
Che, Lu, Pierce, Schott & Tao (2016) congressional elections
Greenland, Lopresti & McHenry
(2018)b migration

Export tariff liberalization
Vietnam McCaig (2011) poverty, labor markets
China (PNTR
status with US)

Erten and Leight (2017) structural transformation
Facchini, Liu, Mayda & Zhou (2018) migration

aThis strategy measures exposure to Chinese imports in the US following establishment of Permanent
Normal Trade Relations (PNTR) in 2001, using industry-level variation in the tariff increase that would have
occurred in the absence of PNTR.

bAlso uses alternative measure of the “China shock” from Autor et al. (2013).
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Table C2: Regional trade shocks constructed using changes in trade quantities

Setting Papers Main focus

Growth of Chinese
imports in U.S. between
1990 and 2007, using
industry-level variation in
imports per worker

Autor, Dorn and Hanson (2013) labor markets
Autor, Dorn and Hanson (2017) marriage and fertility

Autor, Dorn, Hanson and Majlesi
(2016)

congressional and
presidential elections

Acemoglu, Autor, Dorn, Hanson and
Price (2016)

labor markets (aggregate
effects)

Autor, Dorn and Hanson (2015) effect of trade vs. tech
Greenland and Lopresti (2016) high school graduation

Feler and Senses (2017) public goods provision
Greenland, Lopresti and McHenry

(2018)a migration

Deiana (2015) crime

Shen and Silva (2018) heterogeneity by product
position in value chain

Feigenbaum and Hall (2015) congressional voting
Monte (2016) commuting, prices

McManus and Schaur (2016) mental and physical
health

Growth of Chinese
imports in Norway Balsvik, Jensen, and Salvanes (2015) labor markets

Growth of Chinese
imports in Spain Donoso, Martin, and Minondo (2015) labor markets

Growth of Chinese
imports in France Malgouyres (2017) labor markets

Growth of Chinese
imports in Mexico

Mendez (2015) labor markets
Majlesi and Narciso (2018) migration

Trade integration with
China and Eastern
Europe in Germany
(import and export
exposure)

Dauth, Findeisen and Suedekum
(2014) labor markets

Dauth and Suedekum (2016) labor markets (regional
heterogeneity)

Dippel, Gold and Heblich (2015) voting behavior in
national elections

Trade integration with
China in Brazil

Costa, Garred and Pessoa (2016)
(import and export exposure) labor markets

Benguria (2017) (import exposure) labor markets

aAlso uses alternative measure of the “China shock” from Pierce and Schott (2016).
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