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Abstract

While neoclassical theory emphasizes the impact of trade on wage inequality between occupations
and industries, more recent theories of firm heterogeneity point to the impact of trade on wage disper-
sion within occupations and industries. Using linked employer-employee data for Brazil, we show
that much of the increase in wage inequality between 1986 and 1998 has occurred within sector-
occupations; the increase in the within component of wage inequality is driven by wage dispersion
across firms; and the change in wage dispersion between firms is related to trade participation. We
then use an extension of the theoretical model from Helpman, Itskhoki, and Redding (2010a) to con-
struct an econometric model of the effect of trade on inequality, which we estimate with Brazilian
data. We show that the estimated model fits the data well, both in terms of some key moments as well
as in terms of the overall distributions of wages and employment. International trade is important for
this fit. In particular, we show that by shutting down the trade channel the estimated model is signif-
icantly less successful in matching the data. Finally, we quantify the contribution of the firm-based
channel through which trade affects wage inequality.
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1 Introduction

The field of international trade has undergone a transformation in the last decade, as attention has shifted
to heterogeneous firms as drivers of foreign trade. Until recently research on the labor market effects
of international trade has been heavily influenced by the Heckscher-Ohlin and Specific Factors models,
which provide predictions about relative wages across skill groups, occupations and sectors. Guided
by these predictions, empirical studies have concluded that the contribution of international trade to
growing wage inequality is modest at best (see for example the survey by Goldberg and Pavenik 2003).
But a number of features of the data appear to be at odds with this conclusion, including increased
wage inequality in both developed and developing countries, growing residual wage dispersion among
workers with similar observed characteristics, and increased wage dispersion across plants and firms
within industries.

This paper argues that these apparently discordant empirical findings are in fact consistent with a
trade-based explanation for growing wage inequality, but one rooted in recent models of firm hetero-
geneity rather than neoclassical trade theories. For this purpose we extend the theoretical model from
Helpman, Itskhoki, and Redding (2010a) and use it to construct an econometric model that we then es-
timate using linked employee-employer data for Brazil. The estimated model is subsequently used to
provide empirical evidence on the extent to which the firm-level mechanism drives the effect of trade on
wage inequality.

To motivate our structural model, we first report reduced-form evidence on wage inequality in Brazil.
Our analysis reveals a number of features of the changes in Brazilian wage inequality following increased
trade openness from the mid-1980s. First, wage inequality increased initially, largely within sectors and
occupations rather than between sectors and occupations. Second, the increase in wage inequality within
sectors and occupations was driven mainly by increased wage inequality between rather than within firms.
Third, both of these findings are robust to controlling for observed worker characteristics, suggesting that
the increased wage inequality between firms within sector-occupations is within-group wage inequality.
These features of the data motivate our theoretical model’s focus on wage inequality across workers
with similar observed characteristics, as well as the emphasis on the between-firm component of wage
inequality.

Our objective is to quantify the overall contribution of firm-based variation in wages to wage in-
equality. We identify the firm component of wages by including a firm-occupation-year fixed effect in a
regression of log worker wages on controls for observed worker characteristics. This firm-occupation-
year fixed effect includes both wage premia for workers with identical characteristics and unobserved
differences in workforce composition across firms. Our analysis focuses on this wage component be-
cause recent theories of firm heterogeneity emphasize both sources of wage differences across firms. We
estimate the firm wage component separately for each sector-occupation-year, because our theoretical
model implies that differences in wages across firms can change over time and these changes can be
more important in some sectors and occupations than others.

In the data, the firm component of wages is systematically related to export participation. While

exporters are on average larger and pay higher wages than nonexporters, there is substantial overlap in



the employment and wage distributions of these two groups of firms, i.e., some nonexporting firms are
larger and pay higher wages than some exporting firms. The changes in wage dispersion between firms
within sectors and occupations during our sample period are related to changes in export participation.

To account for these features of the data, we develop a structural model of firm heterogeneity and
export participation by extending the theoretical model of Helpman, Itskhoki, and Redding (2010a). The
extension considers two additional sources of heterogeneity across firms besides productivity hetero-
geneity: the cost of screening workers and the size of the fixed cost of exporting. The former source of
heterogeneity allows for variation in wages across firms after controlling for their employment size and
export status, while the latter allows some small low-wage firms to profitably export and some larger
high-wage firms to serve only the domestic market. Nevertheless, in this model exporters are on average
larger and pay higher wages than nonexporters. Using the Brazilian data on firm wages, employment,
and export status, we estimate the parameters of the model using maximum likelihood. We show that the
parameterized model provides a good fit to the data, and we use model-based counterfactuals to show
that trade openness is quantitatively important in accounting for the observed wage inequality during our
sample period.

Our paper is related to a number of strands of the existing literature. As mentioned above, several
empirical studies have suggested that the Heckscher-Ohlin and Specific Factors models—as convention-
ally interpreted—provide at best an incomplete explanation for observed wage inequality. First, changes
in the relative returns to observed measures of skills (e.g., education and experience) and changes in
industry wage premia typically account for a relatively small share of change in overall wage inequal-
ity, leaving a substantial role for within-group wage inequality.' Second, the Stolper-Samuelson theorem
predicts a rise in the relative skilled wage in skill-abundant countries and a fall in the relative skilled wage
in unskilled-abundant countries in response to trade liberalization. Yet wage inequality evidently rises
following trade liberalization in both developed and developing countries (e.g., Goldberg and Pavcnik
2007).2 Third, much of the change in the relative demand for skilled and unskilled workers in devel-
oped countries has occurred within sectors and occupations rather than across sectors and occupations
(e.g., Katz and Murphy 1992 and Berman, Bound, and Griliches 1994). Fourth, while wage disper-
sion between plants and firms is an empirically-important source of wage inequality (e.g., Davis and
Haltiwanger 1991, Faggio, Salvanes, and Van Reenen 2010, Oi and Idson 1999, and Van Reenen 1996),
neoclassical trade theory is not able to elucidate it. However, these findings can be explained with a
model of firm heterogeneity, as we show in this paper.

Models of firm heterogeneity suggest two sets of reasons for wage variance across firms. One line
of research assumes competitive labor markets, so that all workers with the same characteristics are paid
the same wage, but wages vary across firms as a result of differences in workforce composition (see
for example Bustos 2011, Monte 2011, Verhoogen 2008, and Yeaple 2005). Another line of research

"For developed country evidence, see Autor, Katz, and Kearney (2008), Juhn, Murphy, and Pierce (1993), and Lemieux
(2006). For developing country evidence, see Attanasio, Goldberg, and Pavcnik (2004), Ferreira, Leite, and Wai-Poi (2010),
Goldberg and Pavcnik (2005), Gonzaga, Menezes-Filho, and Terra (2006), and Menezes-Filho, Muendler, and Ramey (2008).

>To rationalize rising wage inequality in both developed and developing countries, the Stolper-Samuelson Theorem can be
re-interpreted as applying at a more disaggregated level within industries, as for example in Feenstra and Hanson (1996) and
Trefler and Zhu (2005).



introduces labor market frictions, so that workers with the same characteristics can be paid different
wages by different firms. For example, search and matching frictions where parties bargain over the
surplus from production, can induce wages to vary across firms (see for example Davidson, Matusz, and
Shevchenko 2008, Davidson, Heyman, Matusz, Sjoholm, and Zhu 2011, Cosar, Guner, and Tybout 2011,
Helpman, Itskhoki, and Redding 2010a, Helpman, Itskhoki, and Redding 2010b and Helpman, Itskhoki,
and Redding 2011).> Efficiency or fair wages are another potential source of labor market imperfections,
where the wage that induces worker effort, or is perceived to be fair, varies with revenue across firms
(see for example Amiti and Davis 2011, Davis and Harrigan 2011, and Egger and Kreickemeier 2009).*

Following Bernard and Jensen (1995, 1997), empirical research using plant and firm data has pro-
vided evidence of substantial differences in wages and employment between exporters and nonexporters.
More recent research has used linked employer-employee datasets to examine the extent to which the ex-
porter wage premium is the result of differences in workforce composition versus wage premia for work-
ers with identical characteristics, including Schank, Schnabel, and Wagner (2007), Munch and Skaksen
(2008), Fias, Kaplan, and Verhoogen (2009), Davidson, Heyman, Matusz, Sjoholm, and Zhu (2011),
Krishna, Poole, and Senses (2011), and Baumgarten (2011). Just as the theoretical literature mentioned
in the paragraph above highlights two sources of wage differences across firms, wage premia and work-
force composition, these empirical studies typically find that both contribute towards the exporter wage
premium, with their relative contributions differing between studies.

In contrast to this empirical literature, which is focused on estimating the exporter wage premia, our
objective is to develop a theory-based methodology for estimating a structural model of international
trade with heterogeneous firms in which employment and wages are related to export status, and to show
how this model can be used to quantify the contribution of the firm-specific component of wages to wage
inequality.> Using a structural model, we estimate the extent of heterogeneity in productivity and fixed
export costs across firms, and isolate their impact through employment and wages on wage inequality.
While much of the existing empirical literature using linked employee-employer datasets estimates a
time-invariant wage fixed effect for each firm, a key feature of our approach is that the firm component
of wages changes over time and can differ across occupations. Through focusing on the overall firm
wage component, including both wage premia and unobserved differences in workforce composition, we
avoid the need to make strong assumptions, such as conditional random matching, about the allocation
of workers across firms.°

The remainder of the paper is structured as follows. In Section 2, we introduce our data and provide
some background on wage inequality and trade openness in Brazil. In Section 3, we report reduced-form

evidence on the sources of changes in wage inequality in Brazil. Motivated by these findings, Section 4

3Search and matching frictions may also influence income inequality through unemployment, as in Davidson and Matusz
(2010), Felbermayr, Prat, and Schmerer (2011), and Helpman and Itskhoki (2010).

“In models of both perfectly competitive and imperfectly competitive labor markets, trade in intermediate inputs and off-
shoring provide other channels through which trade can affect wage inequality, as in Feenstra and Hanson (1999), Grossman
and Rossi-Hansberg (2008), and Ebenstein, Harrison, McMillan, and Phillips (2009).

3Our econometric model can also account for other sources of wage inequality, such as differences in worker observables.

SWhile the assumption of conditional random matching is typically invoked in the empirical literature using linked
employee-employer data, as in Abowd, Kramarz, and Margolis (1999), Abowd, Creecy, and Kramarz (2002), and Woodcock
(2008), it is often violated in models of firm heterogeneity and trade.



Table 1: Occupation Employment Shares and Relative Mean Log Wages, 1990

Employment Relative mean
CBO Occupation share (percent) log wage
1 Professional and Managerial 7.8 1.08
2 Skilled White Collar 11.1 0.40
3 Unskilled White Collar 8.4 0.13
4 Skilled Blue Collar 574 —0.15
5 Unskilled Blue Collar 15.2 —0.35

Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).
Note: Employment share is the share of employment in each occupation in total employment in the formal manufacturing sector.
Relative mean log wage is the mean log wage in each occupation minus the overall mean log wage in the formal manufacturing

sector.

sets up and estimates a structural heterogeneous-firm model of trade and inequality using the Brazilian

data. Section 5 concludes.

2 Data and Background

The main dataset used in our empirical analysis is a linked employee-employer dataset for Brazil from
1986-1998.7 The source for these administrative data is the Relacdo Anual de Informagées Sociais
(RAIS) database of the Brazilian Ministry of Labor, which requires by law that all formally-registered
firms report information each year on each worker employed by the firm. The data contain a unique
identifier for each worker, which remains with the worker throughout his or her work history, as well as
the tax identifier of the worker’s employer. We focus on manufacturing industries in the formal sector for
which the theories of firm heterogeneity in differentiated product markets discussed below are arguably
more relevant.® As discussed further in the data appendix, our sample includes more than 20 million
workers and more than 250,000 firms over the period 1986-1998 as a whole.

Each worker is classified in each year by their occupation. In our baseline empirical analysis, we
use five standard occupational categories: (1) Professional and Managerial, (2) Skilled White Collar,
(3) Unskilled White Collar, (4) Skilled Blue Collar, (5) Unskilled Blue Collar. The employment shares
of each occupation and the mean log wage in each occupation relative to the overall mean log wage
are reported in Table 1. Skilled Blue Collar workers account for almost 60 percent of employment,
while Professional and Managerial workers account for the smallest share of employment. In robustness
checks, we also make use of the more disaggregated Classificacdo Brasileira de Ocupacdes (CBO)
definition of occupations, which breaks down manufacturing into around 350 occupations, as listed in
the appendix.

Each firm is classified in each year by its main industry according to a classification compiled by the

"For further discussion of the data sources and definitions, see the data appendix.
8Goldberg and Pavcnik (2003) estimate that the informal sector accounts for around 16 percent of Brazil’s manufacturing
labor force during our sample period.



Table 2: Industry Employment Shares and Relative Mean Log Wages, 1990

Employment Relative mean
IBGE Industry share (percent) log wage
2 Non-metallic mineral products 5.5 —-0.12
3 Metallic products 9.8 0.27
4 Machinery, equipment and instruments 6.6 0.38
5 Electrical and telecommunications equipment 6.0 0.37
6 Transport equipment 6.3 0.61
7 Wood products and furniture 6.5 —0.48
8 Paper, publishing and printing 5.4 0.14
9 Rubber, tobacco, leather and fur 7.0 —0.04
10 Chemical and pharmaceutical products 9.9 0.40
11 Apparel and textiles 15.7 —-0.32
12 Footwear 4.4 —0.44
13 Food, beverages and alcohol 16.9 —0.30

Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).
Note: Industries as defined in the IBGE classification. Employment share is the share of employment in each industry in total
employment in the formal manufacturing sector. Relative mean log wage is the mean log wage in each industry minus the

overall mean log wage in the formal manufacturing sector.

Instituto Brasileiro de Geografia e Estatistica (IBGE), which disaggregates manufacturing into twelve
sectors.” Sectoral employment shares and the mean log wage in each sector relative to the overall mean
log wage are reported in Table 2. Apparel and textiles, and Food, beverages and alcohol are the largest
sectors (each about 16 percent of employment) and have relatively low wages (along with Wood prod-
ucts, and Footwear). Two other large sectors are Metallic products, and Chemicals and pharmaceuticals,
which have relatively high wages (along with Transport equipment). Most other sectors are of roughly
the same size and each account for about 6 percent of employment. The employment shares of sectors
are relatively constant over our sample time, with the exception of Food, beverages and alcohol (which
increases from around 16 to 23 percent) and Electrical and telecommunications equipment (which de-
creases from roughly 6 to 4 percent). From 1994 onwards, firms are classified according to the more
finely-detailed National Classification of Economic Activities (CNAE), which breaks down manufactur-
ing into over 250 industries, as listed in the appendix. In robustness checks, we use this more detailed
classification when it is available.

RAIS also reports information on worker educational attainment, which we group into the following
four categories: (i) Less than High School, (ii) High School, (iii) Some College, (iv) College Degree.
Over our sample period, the employment shares of the two highest educational categories are relatively
constant over time, while the share of workers with (without) high-school education rises (declines) by
around 10 percentage points. In addition to these data on educational attainment, RAIS also reports

demographic information for each worker, including age and sex, as well as labor market experience.

These twelve sectors correspond roughly to two-digit International Standard Industrial Classification (ISIC) industries.



Panel A: Firm Export Participation Panel B: Trade/GDP
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Figure 1: Brazil’s Trade Openness

Sources: RAIS manufacturing firms linked to SECEX 1986-98, Brazilian national accounts.

We combine the linked employer-employee data from RAIS with trade transactions data from Secre-
taria de Comércio Exterior (SECEX) that are available for 1990-98. These trade transactions data report
for each export shipment the tax identifier of the firm, the product exported, the destination country
served and the volume and value of the export transaction. We merge the trade transactions and linked
employer-employee data using the tax identifier of the firm and classify firms as exporters and nonex-
porters in each year.

As shown in Panel A of Figure 1, our sample period is characterized by substantial changes in
export participation. Following Brazil’s opening to trade in the late 1980s and early 1990s, the share of
firms that export (left axis) nearly doubles between 1990 and 1993, and their employment share (right
axis) increases by around 10 percentage points.'® In contrast, following Brazil’s real exchange rate
appreciation of the mid-1990s, both the share of firms that export and the employment share of exporters
decline substantially. In Panel B of Figure 1, we show the evolution of trade openness over a longer time
period using the ratio of aggregate trade to GDP from the International Monetary Fund’s International
Financial Statistics.!! Export openness increases in the mid-1980s and then declines, before increasing
again in the early 1990s and declining from 1993 onwards. In contrast, the increase in import openness
occurs later (from 1989 onwards), and import and export openness diverge from the mid-1990s onwards.
While export openness declines in the aftermath of the real exchange rate appreciation, import openness
remains relatively constant.

In Figure 2, we display the mean and variance of the log annual wage (measured in U.S. dollars).
Both the level and dispersion of wages increase in the mid-1980s and then decline, before again increas-
ing in the first half of the 1990s and declining thereafter. Over our sample period as a whole, both wage

inequality (Figure 2) and export participation (Figure 1) exhibit an inverted U-shaped pattern of rises and

0For a discussion of trade liberalization in Brazil, see for example Kume, Piani, and Souza (2003).

"Domestic revenue data are not available for the formal manufacturing sector, which precludes constructing measures of
the ratio of exports to output for the formal manufacturing sector over our sample period. The ratios of exports and imports
to the total wage bill in formal manufacturing display the same qualitative patterns as the measures of export openness for the
economy as a whole in Panel B of Figure 1.
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Figure 2: Mean and Variance of Log Wages

Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

declines. These similar time-series patterns are suggestive of a relationship between wage inequality and
export participation, although there are of course other potential explanations. In the remaining sections
of the paper, we present econometric evidence on the determinants of Brazilian wage inequality, and
examine the extent to which this evidence is consistent with the mechanisms embodied in theories of

international trade.

3 Reduced-form Evidence

In this section, we use a nonstructural approach that imposes relatively few restrictions on the data to
provide evidence on the determinants of wage inequality. We use a sequence of variance decompositions
to quantify the importance of different components to the level and growth of Brazilian wage inequality.
In Section 3.1, we begin by decomposing overall wage inequality into within and between components,
using sector, occupation and sector-occupation cells. In Section 3.2, we further decompose wage in-
equality within sector-occupations into wage dispersion between and within firms. In Section 3.3, we

examine the relationship between firm wages, employment and export status.



3.1 Within Versus Between Sectors and Occupations
3.1.1 Variance Decomposition

In each year, overall wage inequality (71") can be decomposed into a within component (W) and a between

component () as follows:

T=W+B (1)
for
1 Nt ) 1 Ny ) 1 ,
T:ﬁz(w“_wt) ’ W:ﬁZZ(Wit—%) ’ B:ﬁZNzt(wet—@t) ;
b=t b rek i=1 t ek

where workers are indexed by 7 and time by ¢; £ denotes sector, occupation or sector-occupation cells; Ny
is the number of workers; w;; is the log wage; and a bar above a variable denotes a mean. We undertake
this decomposition using the log wage (w;;), since this ensures that the results of the decomposition are
not sensitive to the choice of units for wages, and facilitates the inclusion of controls for observable
worker characteristics below.

Taking differences relative to a base year, the proportional growth in overall wage inequality can
be expressed as the following weighted average of the proportional growth of the within and between

components of wage inequality

AT  WAW BAB

where the weights are the initial shares of the within and between components in overall wage inequality.

Figure 3 displays overall wage inequality and its within components from equation (1) using sectors,
occupations and sector-occupations. All three within components account for a substantial proportion of
overall wage inequality and track its dynamics over time quite closely. To further illustrate this, Figure 4
displays changes in wage inequality over time and its components using sectors (Panel A), occupations
(Panel B) and sector-occupations (Panel C). For each variable, we subtract the 1986 value of the variable
to generate an index that takes the value zero in 1986, which allows us to quantify the contribution of
within and between components to the overall inequality change after 1986. Whether we use sectors,
occupations or sector-occupations, we find that the within component of wage inequality closely mirrors
the time-series evolution of overall wage inequality and accounts for most of its growth over our sample
period. For each within component, we observe the same inverted U-shaped pattern as for overall wage
inequality.

In Panel A of Table 3, we report the contribution of each within component to the level (in 1990
using (1)) and growth (from 1986-1995 using (2)) of overall wage inequality. From 1986-1995, the vari-
ance of log wages increased by 17.4 percent.!?> Almost none of this increase is accounted for by rising

wage inequality between occupations (first row, second column). While inequality between sectors in-

2While we focus on the variance of log wages as our baseline measure of wage inequality, we find that the 90-10, 90-50 and
50-10 percentile differences for log wages display the same pattern.
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Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

creased substantially over this period (by more than 20 percent), the between-sector component accounts
for only around 17 percent of the level of wage inequality in the base year, which ensures a modest
contribution of the between-sector component to the growth of wage inequality (second row, second col-
umn).!3 Finally, using sector-occupation cells, the between and within components of wage inequality
increase by a similar amount over this period, but since the within component accounts for around two
thirds of the level of wage inequality in the base year, it also accounts for around two thirds of the growth

)‘14

of wage inequality (third row, second column)."* We summarize these findings as follows:

Fact 1 The within sector-occupation component of wage inequality accounts for over two thirds of both

the level and growth of wage inequality in Brazil between 1986 and 1995.

While our baseline results use the IBGE classification of twelve manufacturing sectors and five occu-
pations, the importance of the within component is robust to the use of alternative definitions of sectors

and occupations. In Panel A of Table 3, we report results using detailed occupation cells based on more

BGiven our large number of observations on individual workers, all the changes in variance shown in Table 3 are statistically
significant at conventional critical values. More generally, the equality of the wage distributions in 1986 and 1995 is rejected at
conventional critical values using a nonparametric Kolmogorov-Smirnov test.

“For example, the quantitative decomposition of inequality (2) into between and within sector-occupations components over
this period is as follows:

AT/T=W/T - AW/W + B/T - AB/B
17.4% = 0.67 - 17.7% + 0.33 - 16.8%.
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Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

Note: Each series expressed as difference from its 1986 value.

than 300 occupations in the CBO classification (fourth row) and using sector-detailed-occupation cells
defined using IBGE sectors and CBO occupations (fifth row). As a further robustness check, Panel B
of Table 3 reports results using the more finely-detailed CNAE sector classification, which is available
from 1994 onwards and breaks down manufacturing into more than 250 disaggregated industries. Since
this classification is available for a more limited time period, we show results for the level (1994) and
growth (between 1994 and 1998) of overall wage inequality. To provide a point of comparison, the first
row of Panel B reports results for this later period using our twelve IBGE sectors and five occupations
(compare with row three of Panel A for the earlier time period). In the second row of Panel B, we report
results using detailed-sector-detailed-occupation cells based on more than 300 CNAE sectors and more
than 250 CBO occupations. While some occupations do not exist in some sectors, there are still around
40,000 sector-occupation cells in this specification, yet we continue to find that the within component

accounts for around 50 percent of the level and all the growth of wage inequality.'>

5In fact, the between and the within components of inequality move in the opposite direction in this period, with the
movement in the within component dominating the movement in the between component.
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Table 3: Contribution of the Within Component to Log Wage Inequality

Level (percent) Change (percent)

A. Main Period 1990 1986-95
Within occupation 80 92
Within sector 83 73
Within sector-occupation 67 67
Within detailed-occupation 58 60
Within sector—detailed-occupation 52 54

B. Late Period 1994 1994-98
Within sector-occupation 68 125
Within detailed-sector—detailed-occupation 47 140

Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

Note: Decomposition of the level and growth of wage inequality. 12 sectors are 5 occupations as in Tables 1 and 2. Detailed
occupations are based on the CBO classification, which disaggregates manufacturing into 348 occupations. Detailed sectors
are based on the CNAE classification, which disaggregates manufacturing into 283 sectors. Firms are only classified according
to the CNAE sector classification from 1994 onwards. Each cell in the table reports the contribution of the within component
of total log wage inequality. In the first column, the contribution of the within component (W) to total wage inequality (7') is
calculated as 100 - W/T from equation (1). In the second column, the contribution of the within component to the growth in
total wage inequality is calculated according to (2) as 100 - (W/T)(AW/W)/(AT/T) = 100 - AW /AT, where A denotes
a forward difference operator. The unreported between component is 100 percent minus the reported within component. Since

the between component can be negative, the within component can be greater than 100 percent.

Our results are consistent with prior findings in the labor economics literature. Davis and Haltiwanger
(1991) show that between-plant wage dispersion within sectors accounts for a substantial amount of the
level and growth of wage inequality in U.S. manufacturing from 1975-86.'® Katz and Murphy (1992)
find that shifts in demand within industry-occupation cells are more important than those across industry-
occupation cells in explaining changes in U.S. relative wages for different types of workers from 1963-87.
Our findings show the importance of wage inequality within sectors, occupations and sector-occupations
in accounting for the growth in wage inequality following Brazil’s opening to trade in the late 1980s and
early 1990s.

Neoclassical theories of international trade emphasize wage inequality between different types of
workers (Heckscher-Ohlin model) or industries (Specific Factors model). Our findings suggest that this
concentration on the between component abstracts from an important potential channel through which
trade can affect wage inequality. Of course, our results do not rule out the possibility that Heckscher-
Ohlin and Specific-Factors forces play a role in the wage distribution. As shown in Feenstra and Hanson
(1996) and Trefler and Zhu (2005), the Stolper-Samuelson Theorem can be re-interpreted as applying
at a more disaggregated level within sectors and occupations. But these neoclassical theories empha-

size dissimilarities across sectors and occupations, and if their mechanisms are the dominant influences

16See Faggio, Salvanes, and Van Reenen (2010) for U.K. evidence on between-firm wage dispersion and Krueger and Sum-
mers (1988) for U.S. evidence on between-industry wage dispersion.

11



on the growth of wage inequality, we would expect to observe a substantial between-component for
grossly-different occupations and sectors (e.g., Managers versus Unskilled Blue-collar workers and Tex-
tiles versus Chemicals and pharmaceuticals). Yet the within component dominates the growth in wage
inequality in the final column of Table 3, and this dominance remains even when we consider around
40,000 disaggregated sector-occupations. Therefore, while the forces highlighted by the Heckscher-
Ohlin and Specific-Factors models are active, there appear to be other mechanisms that are at least as

important for explaining the data.!”

3.1.2 Controlling for Worker Observables

We now examine whether the contribution of the within-sector-occupation component of wage inequal-
ity is robust to controlling for observed worker characteristics. To control for worker observables, we

estimate the following OLS Mincer regression for log worker wages:
wir = X + vie, (3)

where we denote workers by ¢ and time by ¢; Xj; is a matrix of observable worker characteristics; and
Vi 18 a stochastic error.

We control for worker observables nonparametrically by including indicator variables for the follow-
ing categories: education (high school, some college, and college degree, where less than high school is
the excluded category), age (10-14, 15-17, 18-24, 25-29, 30-39, 40-49, 50-64, 65+), experience quintiles,
and sex. We estimate the Mincer regression for every year separately, allowing the coefficients on worker
observables (9;) to change over time to capture changes in the rate of return to these characteristics.

The empirical specification (3) serves as a conditioning exercise, in which we decompose the varia-
tion in log wages into the component correlated with worker observables and the orthogonal component,
where OLS approximates the conditional expectation function between the left- and right-hand side vari-
ables even if the true relationship between them is nonlinear. Since the residuals (;;) are orthogonal to
worker observables (X it{%), they provide an empirical measure of within-group or residual wage inequal-
ity. Using this orthogonality property, overall wage inequality can be decomposed into the contributions

of worker observables (Var(X it{%)) and within-group inequality (Var (2;;)):
Var (w;) = Var (Xit@t> + Var (#) , 4)

where a hat denotes an estimate. The resulting measure of within-group wage inequality (Var (7;;)) can
further be decomposed into its within and between components (I and B) using sector, occupation or
sector-occupation cells, as in (1) and (2) above.

In Panel A of Table 4, we report the results of the variance decomposition (4). We find that worker

observables (Var(X;;9;)) and within-group (Var (2;;)) components make roughly equal contributions

This is also consistent with the findings of Burstein and Vogel (2003) who extend the Heckscher-Ohlin model with skill-
biased firm-level technology and firm productivity heterogeneity to quantify the contributions of Heckscher-Ohlin and firm-
heterogeneity forces to rising skill premia.
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Table 4: Worker Observables and Residual Log Wage Inequality

Level (percent) Change (percent)

A. Overall Wage Inequality: Main Period 1990 1986-95
Observables inequality 43 52
Residual wage inequality 57 48

B. Residual Wage Inequality: Main Period 1990 1986-95
Within sector-occupation 88 91

C. Residual Wage Inequality: Late Period 1994 1994-98
Within sector-occupation 89 103
Within detailed-sector—detailed-occupation 83 110

Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

Note: Decomposition of the level and growth of the overall log wage inequality into the contribution of worker observables
and residual (within-group) wage inequality, according to (4) based on a Mincer regression of log wages on observed worker
characteristics (3). 12 sectors are 5 occupations as in Tables 1 and 2. 348 detailed occupations and 283 detailed sectors (data
1994 onwards) as described in the note to Table 3. The cells in Panel B report the within sector-occupation component of

residual wage inequality, applying decompositions (1) and (2) to residuals from Mincer regression (3).

towards both the level (1990) and growth (1986-1995) of overall wage inequality. In Panels B and C of
Table 4, we decompose the level and growth of within-group wage inequality (Var (2;;)) into its within
and between sector-occupation components using (1) and (2). We find that the within sector-occupation
component dominates whether we use our baseline definitions of sector-occupations (Panel B) or our
more finely-detailed definitions featuring around 40,000 sector-occupations (Panel C). Indeed, we find
that the within sector-occupation component is more important for within-group wage inequality (Ta-
ble 4) than for overall wage inequality (Table 3), which is consistent with the fact that much of the
variation in worker observables is between sector-occupation cells.

Figures 5 and 6 show results for changes in wage inequality over time. Figure 5 uses (4) to de-
compose changes in overall wage inequality into the contributions of changes in worker observables
(Var (Xit{%)) and within-group inequality (Var (#7;;)) relative to the base year of 1986. While both
components of overall wage inequality initially increase from 1986 onwards, overall wage inequality
inherits its inverted U-shaped pattern from within-group wage inequality, which rises until 1994 and
declines thereafter. Figure 6 uses (1) and (2) to decompose changes in within-group wage inequality
(Var (#44)) into its within and between components, again relative to the base year of 1986. We show
results for sectors (Panel A), occupations (Panel B), and sector-occupations (Panel C). In each case,
the time-series evolution of within-group wage inequality is entirely dominated by the evolution of the
within component, while the between component remains relatively stable over time.

One possible source of wage variation within sector-occupations for workers with the same observed
characteristics is variation in wages across regions. To show that our findings for wage inequality within
sector-occupations are not driven by regional effects, we re-estimate the Mincer equation (3) and repeat

our within-between decomposition using only data for Sao Paulo, which is the Brazilian state that ac-
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Figure 5: Changes in Observable and Residual Log Wage Inequality

Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).
Note: Each series expressed as difference from its 1986 value.

counts for the largest share of manufacturing employment.'® We find a similar pattern of results for Sao
Paulo state, with wage inequality within sector-occupations accounting for 91 percent of the level of
Brazilian wage inequality and 71 percent of its growth from 1986-1995. As a further robustness check,
we also re-estimated the Mincer equation (3) including a full set of interactions between industry and
Brazilian state fixed effects. Again wage inequality within sector-occupations dominates, accounting
for 95 percent of the level of residual wage inequality in 1990 and 92 percent of its growth from 1986-
1995. Therefore our findings of substantial wage inequality within sector-occupations for workers with
the same observed characteristics do not appear to be driven by regional differences in wages across
Brazilian States.

Our estimates of the role played by worker observables are in line with the existing empirical lit-
erature, which finds that observed worker characteristics typically account for around one third of the
cross-section variation in worker wages, as discussed in Mortensen (2003). Our finding that worker ob-
servables contribute towards the rise in overall wage inequality following Brazilian trade liberalization
is corroborated by other studies that have found an increase in the estimated returns to schooling during
our sample period, such as Attanasio, Goldberg, and Pavcnik (2004) and Menezes-Filho, Muendler, and

Ramey (2008).!° Our finding that within-group wage inequality shapes the time-series evolution of over-

"®For empirical evidence of wage variation across Brazilian states, see for example Fally, Paillacar, and Terra (2010) and
Kovak (2011).
From the estimated coefficients on worker observables in the Mincer log wage equation (3) in each year, we find an increase
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Figure 6: Changes in Residual Log Wage Inequality and its Components

Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

Note: Each series expressed as difference from its 1986 value.

all wage inequality is consistent with the results of recent studies using U.S. data, as in Autor, Katz, and
Kearney (2008), Juhn, Murphy, and Pierce (1993), and Lemieux (2006). The continued dominance of the
within-sector-occupation component after controlling for worker observables suggests that a substantial

component of wage inequality within sector-occupations is within-group wage inequality.

3.2 Between- Versus Within-Firm Wage Inequality
3.2.1 Variance Decomposition

Having established the importance of wage inequality within sector-occupations, we now further de-
compose this source of wage inequality into within-firm and between-firm components using directly
analogous decompositions to (1) and (2).

In Panel A of Table 5, we report the results from these decompositions as the employment-weighted

average of the results for each sector-occupation. While between-firm and within-firm wage inequality

in the rate of return to both education and experience over time, as reported in the appendix.
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Table 5: Decomposition of Log Wage Inequality within Sector-Occupations

Level (percent) Change (percent)

A. Unconditional 1990 1986-1995
Between-firm wage inequality 55 115
Within-firm wage inequality 45 —15

B. Controlling for Worker Observables 1990 1986-1995
Worker observables 17 2
Covariance observables and firm effects 11 24
Between-firm wage inequality 38 86
Within-firm wage inequality 34 —11

Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

Note: Decomposition of the level and growth of wage inequality within sector-occupation (employment-weighted average of
the results for each sector-occupation). 12 sectors are 5 occupations as in Tables 1 and 2. The decomposition is done according
to (1) and (2) for within-sector-occupation component of inequality (W) reported in Table 3. The decomposition controlling
for worker observables in Panel B is done according to (6) and is based on estimating separate Mincer regressions (5) for each
sector-occupation-year of log wages on firm-occupation-year fixed effects and worker observables. See the text of the paper for

further discussion. Figures may not sum exactly to 100 percent due to rounding.

make roughly equal contributions to the level of wage inequality within sector-occupations (first column),
we find that changes in wage inequality within sector-occupations are largely driven by wage inequality
between firms (second column). While for brevity Table 5 focuses on the years 1990 and 1986-1995 and
uses our baseline specification of sectors and occupations, we find similar results using other years and
definitions of sectors and occupations. And while for brevity we concentrate on aggregate results, this

same pattern is pervasive across sectors and occupations. We summarize these findings as follows:

Fact 2 Between-firm and within-firm dispersion make roughly equal contributions to the level of wage
inequality within sector-occupations, but the growth of wage inequality within sector-occupations is

overwhelmingly accounted for by between-firm wage dispersion.

3.2.2 Controlling for Worker Observables

To show that the role of between-firm wage dispersion within sectors and occupations is robust to con-
trolling for observed worker characteristics, we estimate the following fixed effects Mincer regression

for log worker wages separately for every sector-occupation-year:
wi = XipOp + @je + Vigt, )

where ¢ indexes workers, j denotes firms, £ corresponds to sector-occupations, and ¢ is time; X;; is

the same matrix of observable worker characteristics discussed above; w; is a firm-occupation-year
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fixed effect; and v;; is a stochastic error.?? For each sector-occupation-year cell, we normalize the firm-
occupation-year fixed effects (zwjs;) so that their sum is equal to zero, and we absorb the regression
constant into X;;Us;.

Specification (5) allows the coefficients on worker observables () to vary across sector-occupation-
years, which captures variation in the rate of return to these characteristics across sectors, occupations
and time. We use the estimated firm-occupation-year fixed effects (<o;¢;) as our measure of the firm
component of wages after controlling for worker observables. Since we estimate this specification sep-
arately for each sector-occupation-year, the firm component of wages is allowed to vary across sectors,
occupations and years. Note that the firm-occupation-year fixed effects (<) can be correlated with
worker observables, as will be the case, for example, if there is assortative matching on worker observ-
ables across firms. Therefore these estimated fixed effects (<0 4;) capture both wage premia for workers
with identical characteristics and unobserved differences in workforce composition across firms. The
theoretical literature on heterogeneous firms and labor markets considers both these sources of wage dif-
ferences across firms, and our objective is to quantify the overall contribution of the firm component to
wage inequality.?!

Since the regression residuals (9;;) are by construction orthogonal to observed worker characteristics
(Xit@gt) and the estimated firm-occupation-year fixed effects (<7 4;), wage inequality within each sector-

occupation-year can be decomposed as follows:
Var (w;;) = Var (X,‘t{%t> + 2Cov (Xit{%t, @jgt) + Var (c4) + Var (0;) - (6)

The Mincer regression (5) together with (6) allows us to decompose overall wage inequality within every
sector-occupation-year into the contributions of: worker observables (Var(Xitﬁgt)); the covariance of
worker observables and the firm component of wages ((COV(Xit@gt, ﬁjgt)); between-firm wage disper-
sion (Var( e )); and within-firm wage dispersion (Var(0;)).

In Panel B of Table 5, we report the results of this decomposition as the employment-weighted
average of the results for each sector-occupation. Again we find that between and within-firm wage
dispersion make roughly equal contributions to the level of wage inequality within sector-occupations
(first column). These two components each account for 35-40 percent of the variance in wages within
sector-occupations, while worker observables account for around one sixth, and the covariance between
worker observables and the firm component of wages accounts for the remaining one tenth. In contrast,
changes in between-firm wage dispersion account for the lion’s share (more than eighty percent) of the
growth in the variance of wages within sector-occupations (second column). The next largest contribution
(around one quarter) comes from an increased covariance between worker observables and the firm
component of wages, which is consistent with increased assortative matching on worker observables

across firms. Changes in within-firm wage dispersion make a negative contribution of around one sixth

2Note that firms are assigned to a single main sector and we estimate the Mincer regression (5) separately for each sector-
occupation-year, so that the fixed effects (zwx¢) vary by firm-occupation-year.

2'Through focusing on the combined effect of wage premia and unobserved differences in workforce composition, we avoid
the need to make assumptions such as time-invariant firm wage effects and a conditional random allocation of workers across
firms, which typically do not hold in theories of heterogeneous firms and labor markets.
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Figure 7: Changes in Log Wage Inequality within Sector-Occupations and its Components

Source: RAIS 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).
Note: Each series expressed as difference from its 1986 value.

to one tenth. Notably, changes in the variance of worker observables account for a negligible share of
the growth of wage inequality within sector-occupations, which implies that the substantial contribution
of this component to the growth of overall wage inequality in (4) is driven by changes in the variance of
worker observables between sector-occupations.

Figure 7 displays the change in wage inequality within sector-occupations and its components in (6)
relative to the base year of 1986. Between-firm wage dispersion dominates the evolution of wage in-
equality within sector-occupations and drives the inverted U-shaped pattern in wage inequality within

sector-occupations (which in turn drives the inverted U-shaped pattern in overall wage inequality).

3.3 Between-Firm Wage Inequality

Having established the importance of variation in wages between firms within sector-occupations for
overall wage inequality, we now examine the relationship between firm wages, employment and export

status by estimating the following firm-level OLS regression for each sector-occupation-year:

Zjo = ag + sthjer + 0prtior + &t

where we again index firms by j, sector-occupations by ¢, and time by ¢; the dependent variable (Z;) is

either the firm average log worker wage (w,;) or the firm-occupation-year wage component (<0 ¢); N jst
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is log firm-occupation-year employment; ¢4 is a {0, 1} dummy variable for whether a firm exports; € ;4
is a stochastic error; s, is a parameter to be estimated that captures the employer-size wage premium;
and oy, is a parameter to be estimated that captures the exporter wage premium.

Since the estimated residuals (E jor) are by construction orthogonal to firm size (/) and export status
(¢jet), between-firm wage dispersion within each sector-occupation-year can be decomposed into the
contributions of the dispersion of firm size, the dispersion of firm export status, the covariance between

these two variables, and the variance of the residuals:
Var (we) = AJZ»&Var (hjer) + @%tVar (tjer) +2Cov (seprhjer, 0pstjer) + Var (éjét) .

Taking differences relative to a base year, the growth in between-firm wage dispersion within each sector-
occupation can be similarly decomposed into the contributions of the change in each of these compo-
nents: firm size (A[3¢/Var(hfs)]), firm export status (A[@%tVar(ngt)]), the covariance between these
variables (2 ACov (s hjst, 04t je)) and the residual (AVar(éjgt)).zz

Consistent with a large empirical literature in labor economics (e.g. Oi and Idson 1999) and interna-
tional trade (e.g. Bernard and Jensen 1995, 1997), we find positive and statistically significant premia
for employment size and export status. Both premia are of around the same magnitude as in existing
empirical studies: using the firm-occupation-year wage component (o), the employment-weighted
average estimates across sectors and occupations are scj;; = 0.07 and gy, = 0.28 respectively.

In Table 6, we report the results of the above decompositions as the employment-weighted average
of the sector-occupation values. The first column decomposes the level of between-firm wage dispersion
in 1990, while the second column decomposes changes in between-firm wage dispersion from 1986-
1995. In Panel A, the dependent variable is the mean log worker wage of the firm (w;y) for each
sector-occupation-year, while in Panel B the dependent variable is the estimated sector-occupation-year
firm fixed effect (<oy;). Comparing the two panels, we find similar results using the two different wage
measures. For the level of between-firm wage dispersion, firm employment makes a contribution of
around 7 percent, with firm export status and the covariance between firm employment and export status
each being responsible for around 2-3 percent. By far the largest contribution of close to 90 percent
comes from the residual. For the growth of between-firm wage dispersion, firm export status accounts
for at least one third (66 percent in Panel A and 33 percent in Panel B), with a further positive contribution
coming from an increased covariance between firm employment and export status (24 percent in Panel A
and 16 percent in Panel B). In contrast, the dispersion of firm employment declines during our sample
period, as reflected in the negative contributions of -41 and -36 percent in Panels A and B, respectively.??
The residual accounts for the remaining 51 percent in Panel A and 88 percent in Panel B of the growth

in between-firm wage dispersion.

Fact 3 Larger firms pay higher wages than smaller firms and exporters pay higher wages than nonex-

2While we can further decompose some of these components into a change in premium and a change in dispersion, we
refrain from doing so in the interest of brevity.

BThese negative contributions reflect a decline in the dispersion of firm employment (Var (hjet)) rather than a decline in the
size-wage premium (3;¢).
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Table 6: Decomposition of Within-sector-occupation Between-firm Log Wage Inequality

Level (percent) Change (percent)

A. Unconditional 1990 1986-1995
Firm Employment 7 —41
Firm Export Status 3 66
Covariance Employment-Export Status 3 24
Residual 88 51

B. Controlling for Worker Observables 1990 1986-1995
Firm Employment 7 -36
Firm Export Status 2 33
Covariance Employment-Export Status 2 16
Residual 89 88

Source: RAIS and SECEX 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

Note: Decomposition of the level and growth of between-firm wage inequality within sector-occupations (employment-
weighted average of the results for each sector-occupation). 12 sectors are 5 occupations as in Tables 1 and 2. Between-firm
wage dispersion in Panel A is measured using the mean of the log worker wage for each firm. Between-firm wage dispersion
in Panel B is measured using the firm-occupation-year fixed effects from Panel B of Table 5, which are estimated separately
for each sector-occupation-year and control for worker observables according to (5). See the text of the paper for further

discussion.

porters. Export status explains between one third and one half as much of the level of between-firm wage
dispersion as employment does. A growing dispersion in export status contributes significantly to the

growth of between-firm wage dispersion, whereas the dispersion of firm employment declines over time.

4 Structural Estimation

Guided by the empirical findings in the previous section, we now develop an extension of Helpman,
Itskhoki, and Redding (2010a, HIR henceforth). In the HIR model, wages vary between firms within
sector-occupations, a firm’s employment and wages are related to each other, and this relation is impacted
by trade participation. In what follows we present an extension of the HIR model, we develop a method

for structurally estimating this enhanced model, and then we apply it to the Brazilian data.

4.1 Theoretical Framework

The economy consists of many sectors, some or all of which manufacture differentiated products. We
are interested in variations across firms and workers within a differentiated product sector. Therefore we
focus the exposition on one such industry.

Within the sector there is a continuum of firms, each supplying a distinct horizontally-differentiated
variety. Demand functions for varieties emanate from constant elasticity of substitution (CES) prefer-

ences. As a result, a firm’s revenue in market m (domestic or foreign) can be expressed in terms of its
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output supplied to this market (Y;,,) and a demand shifter (A,,):
Ry = AnYy?,  me{d ),

where d denotes the domestic market and = the export market. The demand shifter A,, depends on
aggregate sectoral expenditure and the sectoral price index in market m. Since every firm is of measure
zero, the firm takes this demand shifter as given. The parameter 3 € (0, 1) controls the elasticity of
substitution between varieties.

In order to export, a firm has to incur a fixed cost e F},, where ¢ is firm-specific and F}, is common to
all firms in the industry. In addition, there are iceberg-type variable trade costs: 7 > 1 units of a variety
have be exported for one unit to arrive in the foreign market.

An exporting firm allocates output between the domestic and export market to maximize revenue. As
a result, the firm’s revenue (R = R4 + R,;) can be expressed as a function of its output (Y = Y; + Y,),

the demand shifter in the domestic market (A4,), and a market access variable (Y,):
R=[140(T,—1]"P 4,77 7)

where

and ¢ is an indicator variable, equal to one when the firm exports and to zero otherwise. The revenue of
a nonexporter is R = A,Y?, while the revenue of an exporter is R = T h AgYP. The revenue is larger
the lower the variable trade cost parameter is and the larger the foreign demand shifter is relative to the
domestic demand shifter.

We assume that firm output (Y') depends on a firm productivity (), the measure of workers it has

hired (H), and the average ability of these workers (a):
Y =¢Ha, 0<vy<l. (8)

HIR show that this production function can be derived from human capital complementarities (e.g.,
production takes place in teams and the productivity of a worker depends on the average productivity of
her team), or from a model of managerial time constraint (e.g., a manager with a fixed amount of time
needs to allocate some time to every worker). Importantly, technology (8) exhibits complementarity
between the firm’s productivity and average worker ability.

Firms and workers are matched in a labor market that exhibits search and matching frictions of the
Diamond-Mortensen-Pissarides type. A firm bears a search cost bV in order to randomly match with N
workers. The hiring cost b is endogenously determined by tightness of the labor market, yet it is taken as
given by every firm in the industry.?*

Upon matching with a firm, a worker draws a match-specific ability (a) from a Pareto distribution

%*In our econometric model, labor market tightness is absorbed in the constants of the estimation equations. For this reason
we do not elaborate these details below. The interested reader can find them in Helpman, Itskhoki, and Redding (2010a).

21



Gy (a) = 1 = (amin/ a)k for a > apiy, > 0 and k£ > 1. This distribution is identical and independent
across workers. Although a firm cannot observe the match-specific abilities of its /N workers, it can invest
resources in screening in order to obtain a signal of these abilities. By choosing an ability threshold a., a
firm can identify workers with abilities below a., but it cannot identify the precise ability of every worker.
Screening costs increase with the ability threshold and equal e‘”Cag /0, where 7 is firm specific while
0 and C' are common to all firms. The incentive to screen workers results from the complementarity of
worker abilities in the production function (8). We also assume ¢ > k, which ensures a positive size-wage
premium (i.e., the empirically-observed positive relationship between firm wages and employment).
The timing of decisions is as follows. Firms and workers enter the industry. Every firm draws a triplet
{0, n, e}, which represents its idiosyncratic components of productivity in production, screening costs,
and fixed export costs. Given this triplet, the firm chooses whether to serve only the domestic market or
also export (every firm in the industry serves the domestic market). Firms that stay in the industry post
vacancies. Based on these vacancies, firms are matched with workers. After the matching, every firm
chooses its screening threshold and hires the workers with match-specific abilities above this threshold.

Therefore, a firm that has been matched with N workers and has chosen the ability cutoff a. hires

H— N(amin)k
Q¢

workers whose average ability is

a=Elala>a.] = kkacl,

where E is the expectations operator. After the firm has paid all fixed costs (production, exporting,

(€))

matching and screening), it engages in multilateral bargaining with its H workers over wages, as in Stole

and Zwiebel (1996). HIR show that the outcome of this bargaining game is a wage rate

_ P R
1+ By H

That is, the wage bill (W H) is a fixed fraction of the revenue (R). Workers who have not been matched
with firms, or whose match-specific abilities have fallen below their firm’s threshold, become unem-
ployed.

Anticipating this bargaining outcome, a firm maximizes its profits by choosing the number of workers

to match with (IV), the screening threshold (a.), and whether to export:

H_

1 Ce™
=  max { R(N,ac,t) —bN — Y - Lers} ,
N,ac,.€{0,1}

14 By b5

where the revenue function R (N, ac,t) is derived from (7)—(9). HIR show that the solution to this
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problem yields?

Rl (0= )7 () ()

H = sn [+ 0(Ts—1)] A=8)a=k/5) 5A—_k/8) 0 4[3(1_%5);1_16/5)_%, (10)
oy ) () <1+<; {M)

W =k [L+ (T —1)] 3 (J’) (e") : (11)

where I' = 1 — 8y — 5(1 —~k)/d > 0is a derived parameter and the x;’s (i = 7, h, w) are combinations
of variables and parameters that are common to all firms in the industry. Given these solutions, a firm

chooses to serve only the domestic market when the additional profits from exporting are negative, or

18 s B0—0)
i (Txf - 1) (ea> (w) < Fyef, (12)

where k., is constant across firms. When this inequality is reversed, the firm serves both the domestic
market and the export market. A firm is more likely to export the higher are its production and screening
productivity draws, 6 and 7, and the lower is its fixed export cost productivity draw €. When condi-
tion (12) holds, ¢« = 0; otherwise ¢ = 1.

Equations (10)—(12) describe firm employment, wages, and export participation. This model features
two sources of firm heterogeneity that do not exist in HIR: heterogeneity in screening and in fixed export
costs. Without heterogeneous screening costs, employment and wages are perfectly correlated across
firms, inconsistent with the data. And without heterogeneous export-market entry costs, a firm’s revenue
and wage bill perfectly predict its export status, which is also inconsistent with the data. Our extensions
have the potential to generate the correlations observed in the Brazilian data, which we expect to also
hold for other data sets.

Our theoretical model predicts that firms with higher productivity in production (higher 8) hire more
workers (for § > k), pay higher wages, and are more likely to export. However, while firms with higher
productivity in screening (higher 1) also pay higher wages and are more likely to export, they may hire
more or fewer workers. The reason for this ambiguity stems from two opposing incentives on hiring. On
the one hand, lower screening costs raise overall profitability, thereby raising the incentive to expand and
hire more workers. On the other hand, lower screening costs make selectivity in hiring more attractive,
thereby lowering employment. On net, lower screening costs may increase or reduce employment.

Lower fixed export costs make exporting more profitable for more firms. In the model, exporting
raises a firm’s employment and wages compared to nonexporters with similar productivity levels in
production and screening. An exporter employs more workers because it has access to a larger market,
and having access to a larger market makes a larger output more profitable. The higher wage results
from the exporter being larger than a nonexporter, as a result of which the exporter screens workers more
selectively and ends up with a better labor force (a higher average match-specific ability a). A higher

average ability raises in turn the cost of losing a worker, which improves the workers’ stance in the

»See eq. (S16) in the online supplement to HIR at http://www.econometricsociety.org/ecta/Supmat/8640_extensions.pdf.
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wage bargaining. Consequently, exporters pay higher wages. This export wage premium is important for
matching the model to the data.

The heterogeneity of fixed exporting costs implies that the productivity draws in production and
screening only imperfectly determine a firm’s export status. As a result, some small and low-wage firms
find it profitable to export while some large and high-wage firms prefer to serve only the domestic market.
Yet on average, exporters are larger and pay higher wages than nonexporters, as observed in the data.

We have derived theoretical relationships between a firm’s employment, wages, and export status
from a model of search and matching in the labor market, match-specific worker abilities, and costly
screening of employees. The structural shocks {6, e,7n} play a key role in matching this model to the
data, and our theoretical framework imposes restrictions on the values of some of the parameters that
we will estimate. After developing the econometric model in the next section, we report the estimation

results for the Brazilian data in the following section.?¢

4.2 Econometric model

Our econometric model consists of two equations, for employment and wages, and an inequality for

export status. Taking logarithms of (10)—(12), we obtain:

k

w o= o+ e+ 5RO+ 5 (14 245280y, ,
o= Haxf),

where h and w are the natural logarithms of employment (H) and wages (W), respectively, and

a; = logk;, i =h,w,
—-B)/T
i = (1 5) log T,
o = log {7
f = logkx + log F, — log ngl_ﬁ)/r—l

9

_ B B(L—vk)
= f&‘i‘Tn—g,

and I{-} is an indicator function that equals one when the condition in the brackets is satisfied and zero

otherwise. We show in the appendix how this system can be transformed into:

h = ap+ L+, v o2 0 pyow
= Qu + fyt +CV + 2, z ~N |0, 0 og P02 , (13)
L = ]I{u Z f}7 u PyOv  Pz0z 1

% Variation in wages across firms within an industry—which our model delivers and which is an important feature of the
data—can also be derived from other theoretical models, including models of search and matching (e.g., Davidson, Matusz,
and Shevchenko 2008 and Cosar, Guner, and Tybout 2011), fair wages (e.g., Amiti and Davis 2011 and Egger and Kreickemeier
2009), and efficiency wages (e.g., Davis and Harrigan 2011). We discuss alternative interpretations of our econometric model
in the next section.
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where

= 1ﬁé6/5(1+E[ ‘/U)7

and v and f are transforms of % and f , respectively.?’ In order to estimate this model, we assume that the
idiosyncratic shocks {6, n, €} are independently normally distributed with zero means, and we normalize
the variance of u to equal 1. Although these distributional assumptions are not needed for estimation, we
adopt them in order to facilitate the interpretation of results.

The theoretical model implies certain parameter restrictions. First, in the special case where shocks

to the screening technology do not affect employment, the following parameter restriction must hold:

B(1 —~k) k/é

T 1—k/S

which implies that v is perfectly correlated with 6 and z is perfectly correlated with 5. In other words,
in this case variation in v faithfully reflects variation in production productivity while variation in z

faithfully reflects variation in screening costs. This parameter restriction is satisfied if and only if

Moy = C/J'ha (14)

orif and only if E [|v] = 0. When this restriction is not satisfied, v is a nondegenerate linear combination
of 6 and 7, while z is a residual from the projection of [(k/d) / (1 — k/J)] n on v. Moreover, in all cases u
is a linear combination of all three shocks {6, 7, £}, with positive weights on the first two and a negative
weight on the third. As a result, v and z are orthogonal, while u is positively correlated with both of
them. Together with T, > 1, this implies the following nonnegativity constraints on the parameters of

the econometric model (13):

K Mgy Pos P = 0. (15)

In words, both exporter size and wage premia are nonnegative and there is positive selection into export-
ing for large and high-wage firms. It follows that a positive correlation between export status, firm size,
and wages results from causality running in both directions: low fixed export costs cause firms to export
as well as to be large and pay high wages, while high productivity shocks cause firms to be large, pay
high-wages, and export.
Finally, the theoretical model (10)—(12) imposes one additional restriction on the parameters of (13)
(see the appendix for details):
Po — (14022, (16)

Pz 0z
This restriction emanates in the model from wage bills, revenues, and operating profits (gross of fixed

costs) being perfectly correlated in the cross-section. As a result, the joint correlation structure between

*Note that E[n|v] = bv, where b is the regression coefficient of 77 on v. Also note that p,, + p,, = log T/ which
allows us to remove terms in this variable from our empirical estimates of f, and hence isolate the fixed cost of exporting up to
a constant.
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employment, wages, and export status has to satisfy (16).

Our econometric model (13) takes a form similar to a Tobit Type 5 model in ? or a switching
regression model with endogenous switching in ?. This model admits a closed-form likelihood function,
which we now derive. Since we have data on employment, wages, and export status, we observe for
every firm j the vector (hj, w;,¢;). The aim is to estimate the ten parameters of (13): v, ay, (, 0, 02,

Pus Pas s My and f. We show in the appendix that the likelihood function of this system is

£= [T Pths s} = TT Plh ey =08 TT Plhs s =11,
J Jrti=0 juj=1
T _i A.i 5. f_pv@j—PZ»%j
P{hjawjal/] - 0} - UU¢(UJ)UZ¢(ZJ)¢ m ,
1 1 — 0 B —p 5
P{hj’wﬁLJ':1}:;¢(®j)7¢(2j) I Wl U Rl P ’

o V1=p3—p3

where

h; —an — pp; Wi — Qyy — Popti) — C(hy — an — pptj
b = J ; Hptj and éj:( j w — My J)U C(h; h ,Uhj)’
v z

®(-) is the standard normal cumulative distribution function and ¢(-) is the corresponding standard nor-
mal density.

We identify the model’s parameters through functional form and distributional assumptions, includ-
ing the theoretical restrictions (15)—(16). As a check on our functional form assumptions, we show that
the resulting estimates provide a good approximation to the data. In the next section we report estimates
for every year in our sample, allowing the estimated parameters to change over time. We estimate the
model separately for every year to allow the estimated parameters to change over time, because the export
threshold (f) and the export premia (y;, and u,,) depend on trade costs—fixed (F);) and variable (7)—
and on the foreign relative to the domestic demand (A, /A4), which vary over time. We report results for
both the unconstrained model and the model that satisfies the theoretical restrictions (15)—(16).28

As we mentioned before, there exist other models of search and matching in the labor market, in-
cluding fair wages and efficiency wages, which can generate a firm wage-size premium and export size
and wage premia. Moreover, it may be possible to derive from these models an econometric specification
similar to (13). To obtain the desirable correlations between shocks to employment and wages on the
one hand and shocks to export participation on the other, is not simple, however. For example, if in our
theoretical model we were to replace the shock to screening with a shock to the bargaining power of
a firm relative to its workers, the resulting correlations would not be consistent with the data. In other
words, not every model that predicts variation of wages, size and export status across firms in an industry

is capable of explaining the data. While we do not know whether there exist other models that lead to

2The model yields closed-form expressions for the means, variances and covariances of export status, wages and employ-
ment. We show in the appendix how to use this information to estimate the model with the Generalized Method of Moments
(GMM). The GMM results provide an additional check on the model’s functional form assumptions. While the GMM and ML
estimates are similar, GMM is less efficient. For this reason, we focus on the ML results in the main text.
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Table 7: Maximum Likelihood Estimates, 1994

Specification log £ percent loss in log £ LR

@) Unconstrained —45,170.2 — —
(i1) Structural model —45,239.5 0.15 138.4
(iii) No trade effects —57,774.1 27.90 25,207.8

(Mh:uw:pu:pzzo)

Source: Maximum likelihood estimates using RAIS and SECEX 1986-98, workers at manufacturing firms with positive wage
(last-held top-paid job per year).

Note: Unconstrained model (i) maximizes the likelihood function imposing no constraints on the parameters. Structural spec-
ification (ii) imposes inequality constraint (15) which turns out to be not binding and equality constraint (16) implied by the
structural model. No-trade-effects specification (iii) sets both selection correlations (p,, and p,) and exporter premia (u;, and
I4,,) to zero implying no link between trade participation and firm employment and wage distributions; that is, the firm employ-

ment and wage distribution in this case are independent from the distribution of export status.

an econometric specification similar to (13), we conjecture that models of this type exist, and, moreover,
(13) may be a good approximation to some models even if it does not represent an exact specification.
A theoretical underpinning of the econometric model is desirable, however, because it helps to identify

parameters of interest.

4.3 Estimation results

We estimate the econometric model (13) with data on firm export status, employment, and wages. Since
the theory deals with firm-specific wages of workers with similar ex-ante characteristics, we use the
fixed effects < ¢, from the Mincer regressions (5) in Section 3.2 for wages. These fixed effects for firm-
occupation-year cells are conditioned on worker observables, and therefore represent wage variation
across firm-occupation-year cells for workers with similar characteristics. Since the selection equation
is defined at the firm level, we aggregate the firm-occupation-year fixed effects across occupations for
every firm-year cells, using occupation employment as weights. For employment and export status we
use the actual data.?’

Table 7 reports statistics for three specifications of the econometric model: (i) unconstrained; (ii) our
structural model (constraints (15) and (16)); and (iii) a model in which exports do not impact employment
and wages (constraints y;, = p,, = p, = p, = 0). For every specification the table reports the log of
the likelihood function, and for the two constrained specifications it also reports the percentage decline
in the log likelihood value that results from the constraints, as well as the likelihood ratio test statistic
(LR) that assesses the validity of the constraints (the latter equals twice the difference between the log
likelihood of the unconstrained and constrained models). Using an asymptotic x? test for LR, our large

sample of about 100,000 firms rejects every conceivable constraint on the parameters of the econometric

®The present draft of the paper reports only results for the case of firm fixed effects. We also intend to estimate the model
with actual wages, inclusive of returns to observed worker characteristics.
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model. Because a constraint that is statistically rejected can have little impact on a model’s fit, we focus
instead on how well the model fits the data.

From a comparison of the log likelihoods, specification (iii) yields a fit that is substantially worse
than the unconstrained specification (i) or the constrained specification (ii). We therefore conclude that
selection into exporting is important for explaining variation in employment and wages, or that foreign
trade substantially impacts the wages and employment level of firms. Second, imposing the constraints
of the theoretical model reduces the log likelihood value by only a little, 0.15 percent, although the
likelihood ratio test statistic, equal to 138.4, rejects these constraints at conventional confidence levels.
Moreover, as we report in the appendix, unconstrained estimates do not yield positive export premia, but

).30 Therefore, based on the similar model fit

once we impose (16) the resulting estimates also satisfy (15
of specifications (i) and (ii) and the theoretically more meaningful parameter estimates in specification
(ii), we focus on the latter as our preferred specification.

The data strongly suggest that trade is an important determinant of employment and wage distri-
butions across firms; omitting export participation substantially worsens the model’s fit. Furthermore,
the unconstrained model—which allows arbitrary exporter premia and correlations of employment and
wages with selection into exporting—generates a relatively flat likelihood function around the maxi-
mands in the parameter space (1, [by, P P»)- The theoretical restrictions help us discipline the param-
eter choice, which underscores an important role for a structural approach such as ours. Below we focus
on comparing the unconstrained specification (i) with the constrained specification (ii) that admits the

theoretical restrictions.

Fit of the model. Figure 8 presents M L estimates of all the parameters of the constrained model (ii)
(ten in total) for the years 1990-98, for which we have data on export status.>! These estimates exhibit
substantial employment and wage export premia j;, and p,,. In addition, they show positive but very
small correlations p,, and p,, which means that there is weak selection into exporting. The dispersion
of v falls over time, and this is driven by the decreasing dispersion of employment across firms. More
surprisingly, the size-wage parameter ( decreases over time, in contrast to the size-wage premium in the
data. As we show in Table 9, however, this does not hamper the model’s ability to trace the size-wage
premium in the data. The dispersion of z follows a humped shape over time, paralleling the dispersion
of wages across firms. Finally, the export cost parameter f follows a U shape, which tracks the inverted
U shape of the share of exporters over time (see Figure 1).

Next consider the model’s fit in the cross section. The first column in Tables 8 and 9 reports cross-

section moments in the data, the second column reports predicted moments of the unconstrained model,

3OWe have also estimated the model with other constraints. For example, when we add (14) to the theoretical restric-
tions (15)-(16) the fit worsens substantially, from which we conclude that shocks to screening costs should be allowed to
impact employment (recall that (14) imposes the restriction that shocks to screening costs do not affect employment, in which
case ¢ = 6 and z = 7). Moreover, imposing the constraints p;, = p,, = 0 (i.e., no export premia in employment and wage)
leads to a large deterioration in the model’s fit, which implies that export premia are important for explaining the data.

3'We are currently working on deriving standard errors for the constrained specification; the standard errors for the un-
constrained specification are very small (the confidence intervals are very tight), and we expect the standard errors for the
constrained specification to be small as well. In addition, we have recently obtained exporting data for the years 1986-89 and
we plan to extend the estimates to these earlier years.
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Figure 8: Maximum Likelihood Parameter Estimates Across Years

Source: Maximum likelihood estimates using RAIS and SECEX 1986-98, workers at manufacturing firms with positive wage
(last-held top-paid job per year).
Note: ML estimates from a structural specification under constraints (15) and (16). Parameters are estimated from the cross-

section of employment, wages and export status across firm for each year.

and the third column reports predicted moments of the constrained model, all for 1994. The predicted
moments are calculated from simulated data (drawing a triplet {v, z, u} for every firm) of the estimated
unconstrained and constrained models. Table 8 presents firm-level moments: mean employment, mean
wages, the standard deviation of employment, the standard deviation of wages, and the covariance be-
tween wages and employment. These moments are presented for the full sample as well as for nonex-
porters and exporters separately. In addition, the table reports the share of exporters in the sample.>?
Table 9 presents worker-level moments: mean wages (Panel A) and standard deviations of wages
(Panel B) for the full sample, as well as for employees of exporters and nonexporters. In Panel C of
Table 9, we show four measures of wage inequality (the 90/10 percentile ratio, the 90/50 percentile ratio,
the 50/10 percentile ratio, and the Gini coefficient). To compute worker moments in the data, the firm-
year fixed effects from the wage equation are weighted by the number of workers employed by each

firm in that year.>® Similar calculations are performed with the simulated data for each one of the two

32We use in the appendix the moments from Table 8 for GMM estimation.
$Note that the firm-occupation-year fixed effects are normalized, so that in every year their mean is zero across workers
within every sector-occupation cell. For this reason the mean firm-year fixed effect equals zero across all workers.
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Table 8: Model Fit for Firm-level Moments, 1994

Data Model
Unconstrained Structural
A. Full Sample
Mean Employment 2.9 29 29
Mean Wage —-0.34 —0.34 —0.34
Share of Exporters 0.089 0.087 0.088
Standard deviation Employment 1.2 1.2 1.2
Standard deviation Wage 0.44 0.44 0.44
Covariance Employment-Wage 0.17 0.17 0.17
B. Nonexporters
Mean Employment 2.7 2.7 2.7
Mean Wage —0.37 —0.37 —0.37
Standard deviation Employment 1.03 1.08 1.08
Standard deviation Wage 0.43 0.43 0.43
Covariance Employment-Wage 0.11 0.12 0.11
C. Exporters
Mean Employment 4.8 4.8 4.8
Mean Wage —0.01 —0.01 0.00
Standard deviation Employment 1.47 1.08 1.08
Standard deviation Wage 0.38 0.39 0.42
Covariance Employment-Wage 0.18 0.10 0.11

Source: RAIS and SECEX 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

Note: Moments for log wages and log employment in the data and in the simulated data generated using ML estimates for
1994 from the unconstrained and structural specifications. The moments are means, standard deviations and covariances across
firms. The log wage measure in the data is the firm-occupation fixed effect estimated from (5), aggregated to the firm level

using occupation employment weights.

models. In Panel D of Table 9 we report coefficients from regressing firm wages on firm employment
and export status, which provide measures of the wage-size and wage-export premia, and we present the
employment share of exporters.

Judging by the moments in Tables 8 and 9, the model provides a relatively close fit to the data. Both
firm and worker moments generated by the constrained model closely match the moments in the data,
and this match is not worse than the moments generated by the unconstrained model. As a rule, the
constrained model is more successful in explaining the distribution of firm wages than the distribution
of firm employment (see Table 8), with the largest discrepancies occurring for the standard deviation of
employment and the covariance of employment and wages across exporters. The model’s prediction for
the distribution of wages across workers depends on its predictions for both firm wages and employment.
Therefore, while we generally find the predictions for worker wages to be close to those in the data, the
differences are larger than for firm wages (see Table 9). Of particular interest is the fact that the model

fits not only the first and second moments of firm employment and wage distributions, but also nonlinear
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Table 9: Model Fit for Worker-level Moments, 1994

Data Model
Unconstrained Structural

A. Mean Wage

Full Sample 0.0 —0.1 —0.1

Exporters 0.16 0.10 0.12

Nonexporters —0.17 —-0.25 —0.26
B. Standard deviation Wage

Full Sample 0.42 0.45 0.46

Exporters 0.35 0.40 0.42

Nonexporters 0.42 0.42 0.43
C. Wage Inequality

Gini 0.23 0.24 0.26

90/10 3.0 3.1 33

90/50 1.6 1.7 1.8

50/10 1.8 1.8 1.8
D. Wage Premia and Exporter Shares

Size premium 0.097 0.099 0.097

Exporter premium 0.16 0.16 0.17

Exporter Employment Share 0.52 0.43 0.44

Source: RAIS and SECEX 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

Note: Moments for log wages and log employment in the data and in the simulated data generated using ML estimates for 1994
from the unconstrained and structural specifications. Moments are calculated across workers; the wage measures are the firm-
occupation fixed effects estimated from (5), aggregated to the firm level using occupation employment weights, and weighted
by the number of workers employed by the firm. 90/10 denotes the ratio of the 90-th and 10-th percentiles of log worker wage
distribution, and similarly for 90/50 and 50/10. Size and exporter premia are coefficients estimates from a regression of log

firm wages on log firm employment and a dummy for firm exporting.

transformations of the worker wage distribution such as the 90/10, 90/50 and 50/10 wage percentile
ratios, the Gini coefficient, and the exporter wage premia.**

Figures 9-10 provide further evidence of the quality of the cross-sectional fit; they display kernel
density estimates of the distributions of employment and wages across firms and workers in the data
and the simulations of the constrained model. The comparison is for 1994; results for other years are
similar. Figure 9 displays densities for distributions across firms while Figure 10 displays densities for
distributions across workers. Here too we see that the fit is particularly good for wages and less so
for employment. The left two panels of Figure 9 report results for employment while the right two
panels report results for wages. The upper panels report results for all firms while the lower panels
report separate estimates for exporters and nonexporters. A striking feature of the data is the substantial
overlap between the employment and wage distributions of exporters and nonexporters, although both

distributions of employment and wages are more to the right for exporters than for nonexporters. As we

3*Moreover, the model generates a Lorenz curve that closely tracks the Lorenz curve in the data.
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Figure 9: Model Fit for the Distribution of Log Employment and Log Wages across Firms

Source: RAIS and SECEX 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).
Note: Kernel densities for employment and wage distributions across firms in the data and in the simulated data generated from

the model with ML estimated parameters with the structural constraints (15) and (16) imposed.
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Figure 10: Model Fit for the Distribution of Log Wages across Workers
Source: RAIS and SECEX 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

Note: Kernel densities for wage distribution across workers, weighted by firm employment, in the data and in the simulated

data generated from the model with ML estimated parameters with the structural constraints (15) and (16) imposed.
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Figure 11: Model Fit for the Change over Time in Log Wage Inequality

Source: RAIS and SECEX 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).
Note: Variance of log wages (firm fixed effect from Mincer regression (5)) in the data and in the simulated data generated with
the ML estimates of the parameters under the structural specification subject to constraints (15) and (16). The data from the

model is generated separately for each year using the respective parameter estimates.

explained in the theoretical Section 4.1, all three shocks {6, 7, ¢} are needed to match this pattern.
Confirming our earlier results for selected moments of these distributions, we see that the model
provides a good fit to the data. While the fit of the employment distribution is satisfactory, the structural
assumptions of the model do not allow it to match two features of the data. One is the skewness and
heavy right tail of the employment distribution among nonexporters, which appears to be closer to Pareto
than to log-normal. The second is the higher dispersion of employment among exporters relative to
nonexporters, which the model cannot match with a common o, among all firms (i.e., a dispersion that
is independent of export status). On the other hand, as shown in Figure 10, the model fits well the
distribution of wages across all workers, as well as across workers employed by exporting firms and
nonexporting firms. However, it slightly underpredicts the variance of wages among the exporters.
Taken together, the results in Tables 8—9 and Figures 9—10 strongly support our econometric model.
Despite the model’s sparsity and its reliance on functional forms, we find that it approximates the data
reasonably well. The model captures both the higher average employment and wages of exporters relative
to nonexporters, and the substantial overlap in the distributions of employment and wages between these

two groups of firms.

Counterfactuals. Figure 11 displays the variance of log worker wages from 1990-98, and compares

it to the variance of simulated log wages from the annually estimated structural model. Evidently, the
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Figure 12: Data and Counterfactual: Contribution of Trade to Log Wage Inequality Dynamics

Source: RAIS and SECEX 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).
Note: Variance of log wages (firm fixed effect from Mincer regression (5)) in the data and the counterfactual evolution of
variance of log wages in the simulated data in which all parameters are held fixed at their 1994 estimated levels (in the structural

specification (iii)), except for f which varies over time according to its estimated values depicted in Figure 8.

structural model captures the inverted U-shaped pattern in the data; wage inequality rises from 1990 to
1995 and declines thereafter. The model captures about 80 percent of the empirical rise in inequality
between 1990 and 1995.

Next, we present in Figure 12 a counterfactual simulation in which the distribution of wages changes
over time in response to the estimated changes in the export cutoff f, holding constant all the other
parameters of the structural model at their 1994 values. This exercise is consistent with a case in which
f changes as a result of changes in the common export fixed cost F,, while y;, + 1, and hence market
access T, remain constant. For this reason the counterfactual pattern of wage dispersion displayed in
Figure 12 does not fully capture trade liberalization, which typically also involves changes in variable
trade costs (7) and changes in the demand shifters in the domestic and export market (A and A*) that
determine Y,.3> Nonetheless, changes in the common fixed exporting cost F, alone affect the fraction
of exporting firms and their average wages and employment.3¢
The figure shows that variation in the common fixed exporting cost parameter alone explains a size-

able fraction of inequality dynamics after 1990. Indeed, this channel explains over 30 percent of the

31n the case of symmetric countries, market access depends on variable trade costs alone: T = 1 4 7° /(=8),

3While this exercise identifies one channel of trade’s impact on inequality, there are other channels that it disregards. In
particular, movements in x,, and j,, impact wage inequality. In the data, j1;, exhibits a marked decrease over time while 1, is
stable until 1995 and decreases thereafter. Both of these trends contributed to a decline in wage inequality, in particular after
1995. Furthermore, our model does not allow the variances o, and o, to depend on export status, which imposes a substantive
constraint.
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Figure 13: Counterfactual Relationship between Trade Openness and Log Wage Inequality

Source: RAIS and SECEX 1986-98, workers at manufacturing firms with positive wage (last-held top-paid job per year).

Note: Counterfactual variance of log wages in the simulated data in which all parameters are held fixed at their 1994 estimated
levels (in the structural specification (iii)), except for f which varies from small to large values corresponding to a high and a
low share of employment in exporting firms respectively. Red interval corresponds to variation in the share of employment in
exporting firms in the data.

inequality dynamics between 1990 and 1994. However, this channels fails to predict the surge in wage
inequality between 1994 and 1995. As a result, it accounts for only 15 percent of the inequality increase
between 1990 and 1995.

Figure 13 describes another counterfactual exercise, designed to better understand the forces that
shape the relationship between wage inequality and trade. As in Figure 12, the simulations in Figure 13
hold constant the parameters of the structural model at their 1994 values, except for the trade participation
cutoff f. Unlike Figure 12, however, in Figure 13, f varies not according to its estimated values but
rather from arbitrarily small to arbitrarily large values. By varying f in this range, we vary the fraction
of exporting firms and their share in employment between zero and one. Again we hold constant T,
and all other parameters. For each value of f, the figure depicts the corresponding relationship between
wage inequality and exporters’ share of employment. In other words, Figure 13 tracks the evolution of
wage inequality as the economy moves from autarky to a trade equilibrium in which all firms export.
This relationship has an inverted U shape, as in the theoretical model of Helpman, Itskhoki, and Redding
(2010a).

In addition to the simulated patterns of wage inequality, Figure 13 displays the actual range of the
employment share of exporters in the data between 1990 and 1998. In the figure, the peak of worker
wage inequality predicted by the structural model is attained around the share of exporter employment
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that existed in Brazil in 1994. As a result, the small variation in the actual share of exporters in this
range inevitably leads to a small variation in worker wage inequality. For this reason one cannot hope to
adequately account for the rise in worker wage inequality in the data with changes in the common fixed
cost of exporting F}; only, which explains why the counterfactual simulation in Figure 12 explains only
a modest share of the inequality increase.>” Note, however, that the difference between the peak of wage
inequality and its value in autarky is large, which implies that the structural model has the potential of
explaining larger changes in wage inequality through variation in the common fixed cost of exporting
F,.

To summarize, while the trade channel is important for the cross-sectional fit of the structural model
and it can explain out-of-sample (e.g., going from autarky to actual levels of trade openness) substantial
increases in wage inequality, given the level of Brazil’s trade openness in the 1990s the model predicts
that further increases in the extensive margin of trade are unlikely to contribute much to growing wage
inequality. On the other hand, further increases in the intensive margin of trade (through the employment

and wage premia pi;, and p,,) can significantly raise wage inequality.

5 Conclusion

Recent theories of firm heterogeneity and trade point to variation in wages across firms and the self-
selection of firms into export markets as a mechanism for international trade to affect wage inequality.
Guided by these theories, we use micro data for Brazil to provide evidence on the empirical relevance of
this mechanism for observed wage inequality.

In contrast to neoclassical trade theory, which emphasizes wage inequality between sectors and oc-
cupations, we find that most of the increase in wage inequality in Brazil since the mid-1980s occurred
within sectors and occupations. Consistent with recent theories of firm heterogeneity and trade, we
find that this increase in within-sector-occupation wage inequality largely occurred between firms. Fur-
thermore, this increase in between-firm wage inequality is not simply explained by an increase in the
dispersion of firm-size. And these findings become even stronger after controlling for observed worker
characteristics, which is in line with the emphasis in heterogeneous-firm theories on residual, or within-
group, wage inequality.

Motivated by these findings, we estimate a structural econometric model of firm export status, em-
ployment and wages, which is derived from an augmented version of Helpman, Itskhoki, and Redding
(2010a) that incorporating heterogeneity in fixed exporting and screening costs. We show that the econo-
metric model is successful in empirically accounting for observed patterns of wage inequality, and we
find support for the restrictions on its parameters imposed by the theory.

While the relative unimportance of wage changes between sectors and occupations has often been

viewed as evidence against a role for trade in explaining wage inequality, this perspective is based on

3"The fraction of exporting firms increased from 5.5 percent in 1990 to a peak of over 9 percent in 1994. However, the new
exporters were small relative to the incumbent exporters, which explains the moderate rise in the fraction of workers hired by
exporters from 44 percent in 1990 to 52 percent in 1994. As it turns out, the variation in the share of workers hired by exporters
in the 1990s is concentrated around the peak of the worker wage inequality curves in Figure 13.
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neoclassical trade theory. Using both reduced-form and structural approaches, we find strong evidence

in support of the view that trade has a sizable impact on wage inequality.
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Appendix

TO BE COMPLETED

A Data Appendix

Our main data source is the linked employer-employee database RAIS (Relacdo Anual de Informagoes
Sociais) for the period 1986 to 2001, a nationwide administrative register of workers formally employed
in any sector of Brazil’s economy (including the public sector). Brazilian law requires every Brazilian
plant to submit annual reports with detailed employment and demographic information on every formally
employed worker to the ministry of labor (Ministério de Trabalho, MTE). The original intention of
the RAIS records is to provide information for a federal wage supplement program (Abono Salarial),
by which every worker with formal employment during the calendar year receives the equivalent of a
monthly minimum wage. A strong incentive for compliance is that workers’ benefits depend on RAIS so
that workers follow up on their records. The payment of the worker’s annual public wage supplement
(Abono Salarial) is exclusively based on RAIS records. The ministry of labor estimates that currently 97
percent of all formally employed workers in Brazil are covered in RAIS, and that coverage exceeded 90
percent throughout the 1990s. The raw data have 71.1 million workers with 556.3 million job spells at
5.52 million plants in 3.75 million firms between 1986 and 2001.

We restrict our sample to the manufacturing sector and to firms with at least five workers, and we
aggregate the monthly worker-plant information to firms and to calendar years. For this purpose, we
first restrict the worker sample to all proper worker identifiers (PIS/PASEP) with the required 11 digits.
For every worker, we then retain her or his last employment per year (which may are may not occur in

December).’8

If a worker holds more than one simultaneous job at that time, we keep the job with the
highest pay (randomly dropping ties). We infer a firm’s sector in RAIS as its worker mode sector across
the firm’s plants. For wage information, we use the RAIS reported average wage that the worker earns
over the course of the job spell during the calendar year. RAIS records the average wage in multiples of
the current minimum wage, which we transform into the annual equivalent wage in current US-Dollars,
multiplying the monthly average wage by twelve and using the end-of-year nominal exchange rate along
with the prevailing minimum wage for the currency conversion.

We classify occupations into five categories. Occupation information in RAIS 1986-2001 is reported
under the CBO system of 1994 (Classificagdo Brasileira de Ocupagoes), which we convert to the in-
ternationally comparable ISCO-88 categories following Muendler, Poole, Ramey, and Wajnberg (2004).
For the conversion, we reset unknown CBO codes in RAIS at the four-digit level to the nearest applica-
ble miscellaneous occupation category at the four-digit level. We then group the ISCO-88 categories into
five broad occupations: Professional & Managerial occupations (including professionals, senior officials,

and managers), Technical & Supervisory occupations (including technicians and associate professionals),

31n contrast, Menezes-Filho, Muendler, and Ramey (2008) only retain observations of jobs on December 31st of the calendar
year.
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Other White Collar occupations (including clerks, service workers, shop and market sales workers), Skill
Intensive Blue Collar occupations (including plant and machine operators and assemblers, craft and re-
lated workers, skilled agricultural and fishery workers), and Other Blue Collar occupations (elementary
occupations in ISCO-88).

We categorize worker demographics into age, education, and gender groups. The eight age categories
are Child (10-14), Youth (15-17), Adolescent (18-24), Nascent Career (25-29), Early Career (30-39),
Peak Career (40-49), Late Career (50-64) and Post Retirement (65+). The four education categories are
Primary School or less education (up to 8 grades of education including illiteracy), Some High School
education (up to 12 grades of education), Some College education (college enrollment without college

degree), and College Graduate. There are two gender categories.

Exporter data. We obtain information on the employer’s export status from national customs records.
The exports records are available to us from SECEX (Secretaria de Comércio Exterior) for 1990 through
2001. We set the indicator variable for a firm’s export status to one if SECEX records show exports by
the firm of any product to any destination in a given year.>® We link the export-status indicator to RAIS
at the firm level.

When we combine the SECEX exporter data with the linked employer-employee information from
RAIS for 1990-2001 (no firm size restriction), we find that 23,518 manufacturing firms are exporters in
at least one sample year (87,050 exporter-year observations). This means that only around 5 percent
of formal manufacturing firms are exporters, similar to the around 5 percent exporter share in the U.S.
universe of manufacturing firms (Bernard, Jensen, and Schott 2009). Single-employee firms enter the
RAIS records, explaining the apparently low share of exporter firms in the total, compared to data for
most other developing countries that censor their samples at a minimum employment level. In terms of
employment, manufacturing exporters account for roughly half of Brazilian formal employment during

the sample period.

Regression sample. For wage regressions, we only keep workers with a non-zero wage and firms in
the manufacturing sector (subsector IBGE codes 2 through 13), and we remove manufacturing firms
with strictly less then five positive-wage workers. For wage regressions, we restrict the sample to the
period 1990-1998. The resulting estimation data for the Mincer log wage regressions contain 7.3 million
workers (7,298,623) and 96,385 firms over the nine sample years 1990-98 and, for our five occupation
groups, 234,353 firm-occupation cells. For the distributions related to firm-wide exports and destina-
tion percentiles, we aggregate the firm-occupation data to the firm level, weighting by firm-occupation

employment.

¥We do not use a minimum exports per sales ratio to define the export indicator because sales information is only available
for a small subsample of firms from a manufacturing survey.
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