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ABSTRACT OF THEDISSERTATION

Essays on Firms and International Trade

by

Alvaro Felipe Garcia Marin

Doctor of Philosophy in Management

University of California, Los Angeles, 2014

Professor Edward E. Leamer, Co-chair

Professor Nico Voigtlaender, Co-chair

This dissertation empirically examines three different questions related to the behavior

and performance of firms participating of international trade.

In the first essay, I ask whether exporting allows firms to charge higher markups. To

study this question, I use a unique dataset of Chilean manufacturing firms that contains

product-level data on the price and average cost for all goods produced and exported.

This allows me to compute direct markup measures, and to identify whether markups

variation is accounted by different pricing policies or changes in the production cost.

Although within firms the export markup premium is moderate –about 2%–, the study

of the trajectories of markups before and after export entry reveals the presence of

ongoing gains after export entry. While at the moment of export entry the markup of

exported products is not different than the markup of domestic products, three periods

after export entry the markup wedge increases to about 7-9%. A decomposition of the

markup premium reveals that, within firms, the higher markups on exported products

is accounted by both higher prices and marginal cost. In contrast, after export entry,

prices and average cost tend to decrease.

In the second essay –based on joint work with Nico Voigtlaender–, we revisit the

old question of whether firms become more productive after export entry. While there is
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strong evidence for productivity-driven selection into exporting, previous research has

mostly failed to identify export-related efficiency gains within plants. This non-result

is typically derived from revenue productivity, which reflects price variation. Using a

census panel of Chilean manufacturing plants, we first confirm the non-result for rev-

enue productivity. We then compute plant-product level marginal cost as an efficiency

measure that is not affected by prices. We find within-plant efficiency gains of 15-25%,

the same order of magnitude as selection effects across plants. Evidence suggests that

technology upgrading in combination with export entry is an important driver behind

these gains.

The final essay studies firms’ quality patterns across destinations, when they pro-

duce products in different quality segments. I develop a quality model with non-

homothetic quality demand and heterogeneity in consumers’ income. The model fea-

tures quality sorting of consumers according to their income level. This implies that

firm’s quality allocation depends not only on the average income of the country, but

on the entire income distribution of the country. The main prediction of the model is

related to the role of income inequality on within-firm quality patters. I find that in

countries with a smaller middle classes, firms’ tend to skew their exports towards prod-

ucts of higher quality. This effect tends to be weaker in countries with higher income.

To illustrate the main predictions of the model, I use a unique dataset from the Chilean

wine industry. This dataset allows me to construct measures of product quality, that are

not affected by aggregation or markup issues. In line with the model’s predictions, I

find that firms tend export proportionally more high quality products to more unequal

countries. However, I find this effect to be quantitatively important only in low and

middle-income countries.
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CHAPTER 1

Do Exporters Charge Higher Markups? Evidence from

Chile

1.1 Introduction

A common feature in recent models of trade is the assumption that firms price ho-

mogeneously their products. This assumption yields fairly tractable frameworks for

studying the most diverse issues such as how trade volumes are determined or how the

accounting of the gains from trade are affected by the different margins of production.

An example of the use of this assumption is the popular Melitz’s (2003) model, where

firms are assumed to be monopolistic competitors and preferences are CES. The pres-

ence of these two elements imply that all firms –no matter if they sell their products in

the domestic or external markets– charge a constant markup over marginal cost for all

their products.

Although reasonable, the homogeneous pricing assumption is quite restrictive and

seems to be inconsistent with available evidence. Indeed, firms might choose to charge

different markups depending on the destination market or the quality of their products.

In addition, firms might use the markup margin to accommodate unexpected supply

or demand shocks. For example, if the accumulation of customers is costly and takes

time, it might be optimal for an exporter to at least partially absorb cost increases by

reducing the markup in order to not lose all its customer basis. In line with this, the

literature of pricing-to-market (PTM) provide evidence that supports the view of non-

constant markups, suggesting that the domestic relative price of goods exported for

1



any pair of destinations increases when the real exchange rate between the destinations

appreciates.1 The literature have interpreted these findings as evidence that firms ad-

just their markups in response to exchange rate shocks, which is inconsistent with the

homogenous pricing assumption.

To understand why and when markups differ is relevant, since the accounting of

the gains from trade might be very different when markups are allowed to differ than

in the benchmark model where markups are constant. Indeed, as Midrigan, Edmond

and Xu (2011) show, the gains from trade liberalization are larger when the effect of

competition on markups is considered than the benchmark case where markups are

constant.

This paper is an attempt to understand how firms participating in international trade

price their products. This matter has largely been ignored by the literature. In partic-

ular, I address three questions. First, do exporters price differently their products in

domestic and foreign markets? Second, is the markup difference (if different than zero)

accounted by higher prices or costs? And third, how does markups evolve from the

time firms enters to export markets? To answer these questions, I use a unique dataset

of Chilean plants for the period 1996-2005 which contains detailed information on the

quantity and value of each good produced and sold by firms.2 This information allows

me identify in a more accurate way cross-sectional and temporal markup differences

by the export-status of the products than the previous literature.

The question of whether exporters charge higher markups than non exporters has

no clear a priori answer. According to the Law of One Price (LOP), firms should

charge the same price to all destinations –including the domestic market– when prices

are expressed in common currency. A second important benchmark is given by the

pricing-to-market (PTM) literature, according to which prices are systematically related

1The situation where the markup charged for the same good differs across markets segmented by
flexible exchange rates is known as pricing-to-market (PTM) after the contribution of Krugman (1986).
For a review of the literature of PTM, see Goldberg and Knetter (1997).

2The unit of analysis of the dataset is plants. However, for simplicity I will refer to establishments
throughout the paper indistinctly as “plants” or “firms”.
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to the elasticity of demand of the markets. Therefore, markups could even be lower in

the foreign markets if the elasticity of demand in the foreign market is systematically

lower than in the domestic market, because of the so-called home-bias effect or by other

factors.

The main result of my paper is that the markup charged by firms for exported prod-

ucts is significantly larger than the markup charged for non-exported products. This

finding is true both, when exported and non-exported products are compared within

a firm, and when a given product is track before and after it starts to be exported by

the firm. What is interesting of this result is that the larger markup seems not only be

accounted by higher prices, but also by higher production costs which increase propor-

tionally less than the price of the products.

In order to disentangle if the observed export markup premium is a direct conse-

quence of exporting, or on the contrary, if it is a consequence of the selection of best

performing products, I study in the last section of the paper the dynamic of markups

for new exported products. I calculate the average effect of starting to export a product

in terms of markup gains for multiple horizons. The results suggest that the positive

export-markup premium survives after controlling by selection. The impact is not ho-

mogeneously distributed on time though. The markup charged for new exported does

not differ from the markup of non-exported products in the first couple of periods after

they are exported. However, starting from three periods after products are exported on,

I observe markup gains that are substantially higher than the average gains. Although I

do not explore in this paper the reasons behind the timing of this markup gains, I argue

that these findings could be reflecting factors such as the importance of experience in

reducing costs or increasing the ability to discriminate markets.

To the best of my knowledge, my paper is the first in addressing the question of

markup differences by export status with actual data. The closer study to the present

paper is De Loecker and Warzynski (2011). These authors explore the same ques-

tion than my paper, relying in time-variant markup measures derived from economic

3



principles for a sample of manufacturing Slovenian firms.3 In contrast to De Loecker

and Warzynski, the data I use in this paper allows me to identify markup differences

between exported and non-exported products within a firm. As I will explain later,

this fact will be useful for identifying the export-markup premium in the cross-section

and for answering a number of questions that cannot be completely addressed with the

markup measures derived with De Loecker and Warzynski’s methodology, such as the

dynamic of new exported products’ markups.

A potential criticism to the result of this paper is that they may be reflecting just

measurement error. To address this concern, I derive theoretical markup measures

based on methodologies proposed by Hall (1988), Roeger (1995) and De Loecker and

Warzynski (2011). The results suggest that the positive export-markup premium I find

in this paper stay relatively unchanged when markups are computed using these alter-

native methodologies. However, the precision of the estimates is much lower in some

cases, and the average markup is much higher than in the actual markup data. Although

I do not deepen in the reasons of such divergences, I argue that they could be a con-

sequence of lack of identification of the coefficient since the effect is identified at the

plant level.

1.1.1 Potential Explanations

The positive export-markup premium I find in this paper cannot be rationalized by

canonical models of trade with CES preferences, or by available models of trade with

endogenous markups. As I explained above, the presence of a CES demand system im-

plies a constant markups for all the goods produced in the industry, no matter what are

the characteristics of the firms, the products or the market. Therefore, unless one is will-

ing to assume different elasticities of substitution for domestic and foreign markets, this

3Other papers providing evidence on the relationship between markups and international trade are
Görg and Warzynski (2003) and Bellone, Musso, Nesta, and Warzynski (2008). However, the evidence
provided by these papers is more limited than the evidence in De Loecker and Warzynski (2011), since
their results are derived in terms of the average markups in the sample and their methodology is less
suited for controlling by plant characteristics and unobservables.
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class of models are unable to generate a positive markup premium for exported prod-

ucts. Although available theories of trade with endogenous markups predict a larger

markup for exported products (see (Bernard et al, 2003, Melitz and Ottaviano, 2008

and Mayer, Melitz and Ottaviano, 2011), they tend to predict lower marginal costs too.4

This last feature is inconsistent with the evidence I provide in this paper.

How can then the evidence of this paper be rationalized? The most immediate can-

didates for explaining the higher cost of exported products are diseconomies of scale

or differences in the quality of inputs and outputs. Kugler and Verhoogen (2011) re-

cently develop a model of international trade in this last direction, incorporating quality

differentiation of inputs and outputs. The objective of these authors is to explain qual-

ity differences in products sold in domestic and foreign markets. In their model, firms

choose endogenously the quality of their output by choosing the quality of the inputs

used in its production.5 In the equilibrium, more productive firms choose to buy in-

puts and sell outputs of higher quality. Since exporters are relatively more productive

than domestic producers, they pay more for their inputs and therefore their production

cost is higher too.6 However, since they solve their model with Dixit-Stiglitz demand

specifications, alike Melitz (2003) this model predicts a constant markup for domestic

producers and exporters.

4These models depart from canonical models by giving up to either monopolistic competition or CES
preferences. In Bernard et al (2003), the authors present a model of international trade with CES pref-
erences and Bertrand competition. In this model, more productive firms undercut their rivals and as a
result they charge higher markups. More recently, Melitz and Ottaviano (2008) introduce a model with
non-homothetic preferences, linear demands and monopolistic competition. In their model, equilibrium
markups vary with the degree of market toughness, which is measured either as the number of competi-
tors or the average efficiency of competitors. Mayer, Melitz and Ottaviano (2011) modifies Melitz and
Ottaviano (2008) model by introducing multi-product firms. They show that firms respond to tougher
market competition by skewing their sales towards their best performing products.

5Kugler and Verhoogen (2011) present two variant for modeling the output quality. In the first variant,
input quality and idiosyncratic productivity are complementaries in the production of output quality. In
contrast, in the second variant output quality is limited both by input quality and fixed quality investment.
The authors interpret this variant as a model with fixed cost of quality upgrading. The reported results of
the model hold in both variants of the model.

6This last prediction is only true if the scope for quality differentiation is higher than a certain thresh-
old. More productive firms have lower cost for a given level of quality, but they also choose higher-quality
inputs, which raises marginal cost.
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Manova and Zhang (2011) provides evidence supporting the view of quality dif-

ferentiation of exported products for a sample of Chinese plants. They find that firms

charge higher prices and obtain higher revenues for products exported to more remote

markets. They also find that plants use more expensive inputs to produce these products.

Taken together, these fact suggest that the quality of exported products vary according

to the market of destination. However, since these authors have no information on

markups, they cannot determine whether the price difference is relatively higher than

the cost difference or not. They hypothesize that a theory of international trade fitting

their stylized facts requires quality differentiation in inputs and outputs according to the

market of destination of the products.

The evidence of my paper complements the evidence provided by Manova and

Zhang (2011) in a number of directions. Since the survey I use contains information on

price, direct production cost and quantities produced, I first, confirm their finding that

firms use more expensive inputs in the products they export and second, add new evi-

dence on the differential markup of exported and non-exported products. My findings,

taken jointly with the evidence in Manova and Zhang (2011), suggest that trade models

should not only consider quality differentiation in inputs and output, but also targeting

of higher quality products to markets with higher willingness to pay for them, in such

a way that the markup charged for exported products is relatively higher. I provide

preliminary evidence in this direction, finding that goods produced in industries that in

average export more to richer countries display higher markups.7

1.1.2 Related Literature

This paper is related to several recent theoretical and empirical developments. I list

these literature below and explain how these development are related to this paper.

Trade models with heterogeneous firms with productivity and quality differ-

7In contrast to Manova and Zhang (2011), in this paper I do not observe the destination market by
product. To calculate the effect I use the proportion of exports destined to industrial countries.
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ences. In addition to the theoretical papers discussed above, there is a vast amount

of papers providing empirical evidence on the interaction between productivity, qual-

ity (proxied either as input or output prices) and market of destination. The results

from this literature suggest that firms adjust quality and markup across destinations in

response to market toughness. Evidence of quality differences can be found in Al-

varez and Fuentes (2009) for Chile, Bastos and Silva (2010a) for Portugal, Kugler and

Verhoogen (2011) for Colombia, and Manova and Zhang (2011) for China. In addition,

Manova and Zhang (2011), and Hallak and Sivadasan (2010) provides evidence of price

discrimination of exporters according to the destination market.

Learning by Exporting : This paper is also related to the literature testing the hy-

pothesis of learning-by-exporting. This literature usually estimate the impact of export-

ing in terms of productivity gains. Since modern micro-datasets typically have no in-

formation of actual prices, productivity gains are computed relying on firms’ revenues.

The resulting productivity gains are then a combination of efficiency gains, markup

gains and economies of scale, among other factors. The majority of the studies have

rejected the hypothesis of learning by exporting in favor of self-selection into export

markets8. Positive evidence of learning-by-exporting have been found by Van Biese-

broeck (2005) and De Loecker (2007). The evidence I provide in this paper suggests

that at least part of the potential gains could be experienced in form of higher markups,

which could be used in turn for investing in technological transference from abroad, as

in Bustos (2011a).

Endogenous Markups: In this paper I provide evidence supporting the findings

of theoretical models with endogenous markups. As I mentioned above, Bernard et al

(2003), Melitz and Ottaviano (2008a) and Mayer, Melitz, and Ottaviano (2011) develop

international trade models in which exporters charge higher markups, are where the

8See Clerides, Lach, and Tybout (1998a) for evidence for Colombia, Mexico and Morocco; Bernard
and Bradford Jensen (1999) and Bernard, Jensen, Redding, and Schott (2007b) for evidence for the
United States Aw, Chen, and Roberts (2001) for evidence for Taiwan; Pavcnik (2002a), Alvarez and
López (2005), Alvarez and Garcia (2010) for Chile
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average level of markups is determined by market conditions and the efficiency of firms.

Atkeson and Burstein (2008) develop a model to explain the patterns of international

relative-price movements in which firms price-to-market. In this model, markups vary

in a similar fashion than in Melitz and Ottaviano (2008a), although they emerge under

a very different structure. They introduce nested CES preferences to create variant

markups.9 In their model, markups vary positively with firm’s market share. Therefore,

this model yields similar predictions than Melitz and Ottaviano (2008a) in that markups

are lower in tougher markets. However, since exported products are subject to iceberg

transportation costs and firms price-to-market, in this model the markup for exported

products is actually lower than for domestic products: firms absorb part of the higher

marginal cost of exported products by charging lower markups.

1.1.3 Organization

In the section following this introduction, I present the data I use in this paper. In this

section I also provide preliminary evidence of markup differences between exporters

and non-exporters. In Section 3 I study if the markup differences of section 2 holds

when I control by plant, product and industry cross sectional and temporal differences

among other factors. I also discuss how the product dimension can be used to identify

the export markup premium. In section 4, I study if the higher markups holds when

I control by self-selection. In section 5, I compare my results with markups derived

following Hall (1996), Roeger (1995) and De Loecker and Warzynski (2011). Finally,

in section 6 I present the main conclusions of this paper.

9They show that this nested CES demand system generates variable markups under imperfect com-
petition. They work extensively in their paper under the assumption of quantity competition, although
they also show that qualitatively similar results can be obtained under price competition.
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1.2 Data

1.2.1 Plant Level Information

The main dataset I use in this paper is theEncuesta Nacional Industrial Anual(Annual

National Industrial Survey - ENIA) for the period 1996 - 2005. The ENIA is annually

applied by the Chilean National Institute of Statistics (INE), with direct participation of

Chilean manufacturing firms. The ENIA covers the universe of manufacturing plants

according to the International Standard Industrial Classification (ISIC), revision 2, with

10 or more workers. It contains detailed information on plants’ characteristics, such

as sales, spending on inputs and raw materials, employment, wages, investment and

exporting status. It also includes a plant ID, which allows me to take advantage of the

panel dimension of the survey.

The ENIA contains information for approximately 4,900 manufacturing plants per

year with employment information. Out of these, about 20% are exporters. In terms

of size, approximately two-thirds of the plants are small-sized (less than 50 workers),

while medium (50-150 workers) and large-sized (more than 150 workers) plants repre-

sents 20 and 12 percent respectively (see Table 1.1).
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Table 1.1: Summary Statistics: Plant Averages, 1996-2005

Number Percentages

Total Number Of Plants 4,867 100.0

External Orientation

Non Exporters 3,853 79.2

Exporters 1,014 20.8

Size

Small (<50 workers) 3,275 67.3

Medium (50-149 workers) 998 20.5

Large (>=150 workers) 594 12.2

Note: Author’s construction based on ENIA’s information

1.2.2 Product Dimension

In addition to aggregate plant information, the ENIA provides rich information for

every good produced by the plant. The ENIA have been widely used for many purposes

by many researchers. However, almost all studies using the ENIA focus on plants’

characteristics.10 In this paper I take advantage of the unexplored product dimension of

the dataset to evaluate pricing differences between exported and non-exported products.

I add to the plant level information the disaggregation of the quantities produced the

value of sales and the cost for each product in domestic and foreign markets. For the

first five years of the sample (1996-2000) the value of sales is disaggregated in terms of

products sold domestically and exported, while for the last five years (2001-2005) there

is only information on the quantity exported. Data on quantities exported are available

for all the years in the sample.

In this paper I define products according to a local classification of products in-

10An exception to this is Navarro (2011), who analyze analyzes changes in the product mix by Chilean
manufacturing plants.
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cluded in the ENIA (Clasificador Unico de Productos, CUP). This product category is

comparable to a seven digit Second Revision International Standard Industry Classifi-

cation (ISIC).11 In addition to the CUP code, each product is associated to four-digit

Second Revision ISIC categories. Using CUP categories, it is possible to identify 2,193

products in the sample.

Table 1.2: Distribution of Products per Plant

A. Number of Products per year

Statistic Total Plant Average

# of Produced Goods 14,185 3.06

# of Exported Goods 1,729 0.37

B. Percentage of Plants

Products Producing Exporting

1 45.8 64.5

2 17.1 18.0

3 10.6 7.4

4 7.7 3.8

5+ 18.7 6.3

Note: Author’s construction based on ENIA’s information. Stats in panel (b) corresponds to the aver-

age per year. A total of 4,640 plants were considered in the construction of this table. The difference

with the average number of plants in Table 1.1 corresponds to plants with no product information.

Panel A in Table 1.2 provides descriptive information on the product dimension of

the ENIA. There are 14,185 product-observations per year, out of which 1,729 products

are exported.12 Each plant produces in average 3 products and exports 0.4 products per

year. In panel B of Table 1.2 I show the distribution of firms by number of products

produced and exported. In line with evidence for the US (see Bernard, Redding, and

11Navarro (2011) provides an illustration of the degree of disaggregation for the wine industry –ISIC
3132–. This category is disaggregated by the CUP in 8 different categories, including "Sparkling wine
of fresh grapes", "Cider", "Chicha" and "Mosto" among others.

12All product displaying a positive exported percentage are classified as exported.
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Schott, 2010), the product distribution of the ENIA is highly skewed. An average of

2,126 firms over the sample period (46% of the total) produce only 1 product, while

only 869 plants (19% of the total) produce 5 or more products. This concentration of

firms is even more pronounced in terms of exported products. Considering only firms

exporting at least one product, 64% of the firms export 1 product, while a mere 6% of

the firms export 5 or more products.

1.2.3 Markups

The cost measure reported in the survey is defined in terms of the direct cost of pro-

duction. It is equal to the sum of the cost of raw materials and direct labor involved

in production. It excludes transportation and distribution costs. The fact that the cost

measure includes only direct cost of production makes it specially appealing for using

it to construct markup measures.

I use the product information of the ENIA to construct measures for unit price and

cost per product. I calculate markups for each productj of firm i in periodt using the

formula

µijt =
pijt

cijt

(1.1)

wherepjt andcjt are unit price and cost of product j in period t respectively.13 Un-

like previous studies –which estimate markups from aggregate plant information– the

markup measure I use in this paper is calculated directly from data. This has at least

two advantages. First, the measure I obtain varies across plants and time. This allows

me to evaluate how markups differ by categories of plants, sector and how it changes in

response to exogenous shock. Second, since the ENIA dataset comprises information

13Note that the markup measure I use is based on average instead of marginal cost. This approximation
will be better the closer the actual production of the plant is to the optimal scale of production. Unfortu-
nately, with the available information it is not possible to evaluate how close the actual production is to
the optimal scale unless strong assumptions are made.

12



for all the products produced within a plant, I am able to compute one different markup

for each product. As I will show later, this could be very important for studying the evo-

lution of markups, since they differ substantially across the products produced within

the plant. This is in strong contrast to the previous literature, which typically assumes

homogeneous markups for all products within the firm in their estimations.

1.2.4 Average Markup by Export Category

In addition to the value and cost information, the survey details the percentage of total

physical sales that are exported of each product, either directly or indirectly through

intermediaries. This allows me to evaluate whether the markup charged by products

sold domestically differs from products that are exported.

In Table 1.3 I compute the average markup per product and by export category.14

The second column of Table 1.3 shows descriptive stats for the overall markup. The

mean markup per product charged in the industry is 1.63, with a considerable dispersion

around this value (standard deviation of 0.79). This value is considerably higher than

the markup recently estimated by De Loecker et al (2010) for the Slovenian manufac-

turing industry, which is in the range 1.12-1.26 with a similar standard deviation than in

the present study. Table 1.3 also reveals a considerable asymmetry in the markup distri-

bution. Indeed, the median markup (1.38) is considerably lower than the mean (1.63),

implying a positive skewness. This asymmetry holds even if the sample is truncated at

levels of 5 as maximum markup.

14The construction of Table 1.3 considers only products with markup lower than 10. This truncation is
not critical in terms of sample loss. More than 95% (98%) of the products in the ENIA display a markup
lower than 3 (5). However, the low fraction of observations with markup higher than 10 (less than one
per thousand) display values hardly consistent with theory -often larger than 10,000-. For these reasons,
and to avoid results influenced spuriously by these values, I omit these observation in all the exercises
performed hereafter.
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Table 1.3: Product Markup by Export Status

Statistic All Exported Domestic

Observations 132,861 17,014 115,847

Mean 1.63 1.78 1.61

St. Deviation 0.79 0.96 0.76

Median 1.38 1.47 1.36

90th percentile 2.35 2.68 2.29

Swekness 4.24 3.61 4.35

Note: Author’s construction based on ENIA’s information. The difference of

observations with Table 1.2 corresponds to products with no product code.

In the third and fourth columns of Table 1.3 I compute descriptive statistics for

products sold domestically and in external markets.15 Exporters display a consider-

ably higher markup. While the average (median) markup for exported products is 1.78

(1.47), for products sold domestically the average markup is only 1.61 (1.236). This

represents an export premium of 10% (8.0%) for the average (median) markup.

In Table A.1 in the appendix I study the sectoral markup heterogeneity. In this Table

I compute the average export markup premium for each productive sector. Overall, in

all sectors but 5 the export premium is positive. The export premium goes from values

over 20% in beverages and non-metallic manufactures, to a negative 4% in leather

products and tobacco.

1.3 Markups, Pricing and Average Costs

In this section I evaluate whether the export markup premium is still observed when

controlling for idiosyncratic plant and product characteristics. I run different versions

15I consider that a product is exported if the exported percentage of physical sales is larger than zero
(the results are not sensitive if a threshold of 50% is considered).
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of the following benchmark regression

log µijt = β0 + β1expProd
ijt + β2Diff j + γXit + δZijt + εjit (1.2)

whereµijt corresponds to the markup of product j of firm i in sector s at time t and

expProd
ijt is a categorical value equal to one if product j is exported and zero otherwise.

The parameter of interest in equation 1.2 isβ1, which measures the percentage differ-

ential of the markup between exported and non-exported products, the “export markup

premium”.16

The variable Diff includes different proxies for product differentiation by industry.

They are included in order to reflect the fact that firms charge higher markups for more

differentiated products. I consider two different variables to proxy for product differen-

tiation. The first one –the most theoretically appealing– is the elasticity of substitution

("sigma") estimated by Broda and Weinstein (2006) for U.S. industries. A higher value

of this variable indicates that the product has closer substitutes and it is therefore ex-

pected to display a lower markup. The second proxy is the Rauch (1999) index of

product differentiation.17 According to Rauch (1999), a good is classified in either one

of the following three categories: homogeneous, referenced-priced or differentiated. I

follow Kugler and Verhoogen (2011) in considering a modified version of this index,

which takes a value zero if the good is homogeneous or "referenced-priced" and one if

the good category is differentiated.

Finally, the vectorXit includes a set of plant-specific covariates. In particular, I

control for the logarithm of employment, capital-labor intensity and the ratio of white-

collar labor to total labor. These variables are included in order to control by size and

factor intensities. Finally, the vectorZijt includes different sets of plant, product, sector

and year dummies to control for aggregate and sectoral differences.

16In percentage terms the export premium is given by100 ∗ [exp(β)− 1].
17This variable is taken from Kugler and Verhoogen (2011)
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1.3.1 Average Markup

As a first exercise, I analyze whether exporters charge a higher average markup than

non exporter firms and if the differences in markup can be attributed to exported prod-

ucts. For this purpose, I define a new indicator variableexpFirm
it equal to 1 if the firm

export a positive amount of any product and zero otherwise. This variable is included

to differentiate between the overall plant’s effect of exporting, and the specific export

markup-premium explained by exported products. Accordingly, equation (2) is written

now as

log µijt = β0 + β1expFirm
it + β2expProd

ijt + β3Diff j + γXit + δZijt + εjit (1.3)

The results of this estimations are shown in Table 1.4. I control in all regressions

by product, industry and year fixed effects, and standard errors are clustered at by in-

dustries.18 Larger and more human-capital intensive firms display larger markups in all

regressions. In contrast, differences in the intensity of physical capital are not signif-

icantly correlated with markup differences. Regarding to product differentiation, both

measures are significants and display expected signs. In line with theory, this last result

suggest that plants operating in sectors with more differentiated products charge higher

markups.

18Alternatively, I clustered standard error at the plant-year level to account for intra-plant correlations
in markups. The estimated standard errors –not shown– are even more precise than when errors are
clustered by industries. I display the less precise estimates following a conservative criterion.
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Table 1.4: Export Markup Premium (I)

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

Log labor .017 .017 .017 .017

(.004)*** (.004)*** (.004)*** (.004)***

Log (K/L) .001 .001 .000 .000

(.003) (.003) (.003) (.003)

Log (White-Collar L/L) .007 .007 .007 .007

(.003)** (.003)** (.003)** (.003)**

Elasticity of Subst. -.003 -.003

(.001)*** (.001)***

Rauch’s index -.068 -.068

(.039)* (.038)*

Exporter (Firm) .013 .013 -.011 -.011

(.006)** (.006)** (.008) (.008)

Exporter (Product) .039 .039

(.008)*** (.008)***

Observations 82282 82282 82282 82282

R-squared 0.13 0.12 0.13 0.13

Notes: Sigma corresponds to the median elasticity of substitution per productive sector estimated by

Broda and Weinstein (2006) for the United States. Standard errors (in parentheses) are clustered by

industries. * significant at 10%; ** significant at 5%; *** significant at 1%.

In the bottom of Table 1.4 I present the estimated parameters for the export markup

premium. The average premium is significantly positive in the first two regressions,

with a value of 1.3% in both regressions. This value is considerably lower than the

values reported by De Loecker and Warzynski (2011), who report average markups in

the range 12-18%. It is important to mention, however, that my results are not com-

pletely comparable to theirs. These authors collapse their dataset by plant to make their

markup estimates comparable to the estimates derived by Hall (1988) and Klette (1999)

methodologies, which deliver only one markup per firm. As a consequence, their coef-

ficient is identified by cross-sectional variation in export status. In contrast, I use here

the full temporal-product dimensions to identify the coefficient of interest.
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In the last two columns of Table 1.4 the average export markup premium is disag-

gregated for exported and non exported products produced by exporters.19 The results

reveals that non-exported products display a similar markup than products produced

by non-exporters –the coefficient is non-significant, although marginally negative–. In

contrast, exported products display a positive and significant markup premium.20 The

estimated premium for exported products is significantly larger than the average pre-

mium –more than twice the estimated markup in the first two columns– with a value

of 2.9% in both specifications, although still lower than the values estimated by De

Loecker and Warzynski (2011).

1.3.2 Identifying Cross-Sectional Markup Differences

It is important to note that the average markups estimated above are not properly iden-

tified, because they rely both in cross-sectional and temporal variations to identify the

desired effect. As a consequence, the resulting differences might be reflecting factors

other than export status but related to it, such as high-quality firms or plant-specific

shocks.

In this section I apply two different strategies to identify the export market pre-

mium. Both strategies exploit the information provided by the product dimension. The

first identification strategy relies on product variation within a plant each year. Since

I have multiple product information within a plant, I can control by all factors chang-

ing in a plant year-to-year including time-variant plant fixed-effects. Differences in

product characteristics can be controlled by including product dummies. The resulting

estimated coefficient will be identified by cross-sectional differences in export status of

19Since for non exported productsexpFirm
it = 1 andexpProd

ijt = 0, the premium for non-exported
products is captured byβ1 in equation 1.3. For exported products,expFirm

it = 1 andexpProd
ijt = 1. As a

consequence, the export markup premium is calculated in this case asβ1 + β2.
20The t-stats forβ1 + β2 are 16.8 and 16.6 for the export markup premium estimated in columns 3

and 4 respectively. These values compare with the higher t-stats of 29.0 and 28.7 derived when errors
are clustered at the plant-year level.
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products within a plant-year pair.21

The second strategy relies on temporal differences in products’ export-status to

identify the export markup premium. Operationally, I include fixed-effects for each

good produced for each firm (i.e., I assign different fixed effects to identical products

produced by different firms). Additionally, I include year fixed effects to control by ag-

gregate shocks and the same plant-level controls considered in equation 1.2 to control

by non-fixed plant characteristics. In this case the coefficient is identified by products

switching their destination market from domestic to external and viceversa.

It is important to note that the interpretation of the estimated coefficient is very dif-

ferent under the two identification strategies explained above. The first strategy points

to differences in markups for products that are exported within a firm. As a result, a

positive coefficient would suggest that firms charge higher markups for the products

they export. In contrast, the second identification strategy provides evidence of a more

causal relationship between export-status of markups. In this case, a positive significant

coefficient suggest that the markup increases once a product is exported, and decreases

when the product ceases to be exported.

21Since this strategy controls for all factors constant within a plant-year pair, I am implicitly assuming
that all systematic differences in markup between exported and non-exported products of the same plant
are exclusively explained by export-status. Then, persistent differences in product quality and other
product’s attributes correlated perfectly with export status are not identified out of export-status by this
strategy.

19



Table 1.5: Export Markup Premium (II)

(1) (2)

Exporter (Product) .021 .012

(.009)** (.008)

Product FE Yes —

Industry FE — Yes

Plant*Year FE Yes —

Plant*Product FE — Yes

Observations 86547 86547

R-squared 0.73 0.60

Notes: All regressions control for year fixed effects. Standard errors (in paren-

theses) are clustered by industries. * significant at 10%; ** significant at 5%;

*** significant at 1%.

Table 1.5 shows the results for both identification strategies. While the first strat-

egy yields a positive and significant export markup premium, the second strategy fails

in providing a significant coefficient. The magnitude of the export markup premium

for the significant case is 2.1%, a value that is slightly below the markup estimated in

the previous subsection. These results suggest that even though plants charge higher

markups for their exported products, these differences do not arise as a direct conse-

quence of change in the export-status. In next section I examine in more detail this

last detail, in which I study the dynamics of products’ markup once they begin to be

exported.

1.3.3 Price and Cost Differences

Why do plants charge higher markups for the products they export? The detailed data

provided by the ENIA allows me to explore possible answers to this question. By de-

composing markups in price and cost differences I can distinguish if the higher markups

are explained by differences in prices, costs, or both.
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Operationally, I run versions of equation 1.2 with the logarithm of price and unit

cost as dependent variables. I identify the coefficient of interests using the same strate-

gies than in the previous subsection. Results are shown in in Table 1.6. In the first

two columns I present the estimated differences within plant-year pairs, while in the

last two columns I repeat the exercise using the temporal variation of export status to

identify the coefficients of interest.22

Table 1.6: Export-Markup Premium Decomposition

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

Dep. Variable ln(Price) ln(Cost) ln(Price) ln(Cost)

Exporter (Product) 0.223 .202 -.070 -.082

(.103)** (.103)* (.055) (.056)

Product FE Yes Yes — —

Industry FE — — Yes Yes

Plant*Year FE Yes Yes — —

Plant*Product FE — — Yes Yes

Observations 87,259 87,259 87,259 87,259

R-squared 0.73 0.73 0.60 0.60

Notes: All regressions control for year fixed effects. Standard errors (in parentheses) are

clustered by industries. * significant at 10%; ** significant at 5%; *** significant at 1%.

Results in Table 1.6 reveal that, within plants, exported products are produced at

a higher cost (column 1) than products produced for the domestic market but they are

also sold at a higher price too (column 2). The estimated differences of price and cost

between exported and non-exported products are substantial, exceeding by far the esti-

mated differences for the markup case. The price of exported products is 22.3% higher

and their cost is 20.2% higher than in a representative domestic product. However, as

the third and fourth columns of Table 1.6 suggest, the cost and price of exported prod-

ucts does not change significatively when firms start exporting the product. Jointly, this

evidence supports the results of the previous subsection for the markup case.
22Regressions include the same set of fixed effects than in section 3.2.
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The higher cost of exported products within a firm support the view of quality dif-

ference between domestic a exported products. As I exposed in the introduction, the

higher cost of exported products has not been fully considered in models of interna-

tional trade. The only exemption to this is Kugler and Verhoogen (2011). However, in

this paper firms charge the same markup for their exported and non-exported products,

which contradicts the findings of my paper. To fit the evidence I provide in this paper,

trade models should not only consider quality differentiation in inputs and/or output as

in Kugler and Verhoogen (2011), but also targeting of higher quality products to mar-

kets with higher willingness to pay for them, in such a way that the markup charged for

exported products is relatively higher.

1.4 Markup Dynamics and Selection

The previous section shows the existence of a persistent wedge in the markup of ex-

ported and non-exported products that is not observed when the markup of the same

product is compared before and after of being exported (and viceversa). In this section

I study in more detail this diverging results by testing whether the observed differences

in markups hold once one control for self-selection into export markets. I start the

analysis by exploring how the markup change once a firm start exporting. I test latter

if markup gains remain significant when one adequately controls by self selection into

export markets.

In order to illustrate the evolution of the markup for new exported products, in

Figure 1.1 I plot the the markup for products before and after they are exported.23 In this

Figure I redefine time, being zero the period in which products begin to be exported.24

Since in this Figure the first period in which products are exported is the reference

group, average markups are defined in relative terms to the markup of this period. As

23The average markup is calculated by running an OLS regression in which each category of products
is identified by categorical variables. The dependent variable is the logarithm of the markup. I control
by firm, year*industry and product fixed effects.

24I only consider new exported products that are exported continuously.
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control group, I consider non-exported products of firms exporting at least one product

in the sample period. For this last group, period zero is defined as the period in which

the new product of the firm begins to be exported.

Figure 1.1:Markup Trajectory for New Exported Products and Control Group
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Source:Author’s construction. Markups are expressed in log-differences with respect to period zero
The control group consider the average markup of non-exported products produced by exporters. For
these products, time zero is defined as the period in which a new product start to be exported.

As Figure 1.1 reveals, the average markup of new exported products displays an

increasing trend. This contrasts with the markup of the control group, which shows no

clear trend.25 Plants charge lower markups for products before they begin to be exported

–although these differences are not statistically significant–. However, once plants be-

gin to export a product, they increase the markups charged for them. The markup for

periods 1 and 2 are positive, but insignificant. In contrasts, from period 2 onwards the

markup differences are statistically significant. The export markup premium achieves

a maximum of 5.9%, when the markups of periods t-1 and t+4 are compared.

25The markup for non-exported products is not significantly different from the markup in period zero
for all periods.
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1.4.1 Selection

Figure 1.1 shows that the markup of new exported products start to increase before

products are exported. A natural question related to this is whether the resulting positive

export markup premium could be caused by factors other than the pure fact of starting

to export a product. In particular, producers might be selecting their best performing

products to be exported.26 In this section I test whether my results holds when I control

for self-selection into export markets.

The strategy I apply for disentangling the pure markup from the selection effect

follows De Loecker (2007) and Alvarez and Garcia (2010). These authors suggest to

control by self-selection by applying matching techniques.27 This approach seeks to

replicate the conditions of an experiment when a random control group is not available.

The basic idea is that the causal effect of exporting a product can be computed by com-

paring the performance –in terms of markup– of new exported products with products

as likely as possible of being exported in the near future, but that are not exported. Once

the comparable control group is set, the average effect of the treatment on the treated

individuals (ATT) can be obtained by computing the average differences in outcome

between comparable treated and untreated individuals.

As Blundell and Dias (2009a) suggest, estimating the ATT by applying matching

techniques in a difference–in–difference environment (DID) yield a more precise esti-

mator than conditioning by pre-treatment variables. In this case, the ATT is obtained by

computing the average differences in outcome after and before the treatment is applied

for the group of treated individuals with the average difference after and before for

the comparison group. Since the DID approach allows to control for all time-invariant

factors different than the treatment affecting the outcome variable, it only remains to

26Evidence supporting the selection of best products by exporters can be found in Zhang and Manova
(2011).

27The question addressed in these papers is different than the one of this paper. In contrast with my
paper, these authors evaluate the existence of productivity gains from exporting using survey data for
Slovenia and Chile, respectively.
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control for the i.i.d. shock term. In contrast to the case in which the matching is applied

in levels, the identification hypothesis in this case is that treated individuals would have

gotten the same outcome in absence of the treatment as their (untreated) clones.

The first step necessary for applying matching techniques is to define precisely what

will be understood as treatment. In this paper, treatment is a categorical variable taking

the value one if the product is exported in the current period but has not been exported

previously. Since my sample covers only 10 years, a potential concern of this definition

is that it could be overstating the number of new exported products at the beginning of

the sample. To address this concern, I only consider products of firms that are observed

by at least two years.28 The clones for new exporters are selected from the group of

products that are never exported.

The second step in the matching procedure is to specify the variable set conditioning

the participation decision.29 Rosenbaum and Rubin (1983) show that all the information

contained in the multidimensional conditioning vector can be summarized on a single

vector containing the probability of being treated, which is knows as propensity score.

The balancing hypothesis of the pre-treatment variables entering in the propensity score

ensures that the closest clone will be the one with the closer propensity score.

The propensity score matching (MPS) approach requires to choose the right set of

controlling variables such that conditional on the propensity score, the distribution of

treated and controls does not differ significantly. For the probability of starting to export

a product I consider a specification that is a function of plant and product characteristics.

In particular, I consider the lagged and differential markup (∆µt, µt−1) of the product,

the age of the product (age), lagged and differential plant level productivity (A), capital

labor intensity, human capital intensity (z) and size (size), measured in terms of number

28Note that this definition includes both, new products by firms with and without previous experience
in exporting markets.

29I assume here that the selection of the participants depends only on observable variables so the
outcome of a treated individual in absence of treatment can be inferred from the outcome of the untreated
individuals. This is the so-called conditional independence assumption (CIA), common in the literature
of matching estimators.
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of employees:30

Pr(Expt = 1|Expt−s = 0 ∀ s > 0) = Φ{f(∆µijt, µij,t−1, ageij,t, Ai,t−1,

∆Ai,t, zi,t−1, sizei,t−1)} (1.4)

The lagged and differential markups and productivity are included into the PSM spec-

ification to control by the pre-exporting markup trend observed in Figure 1.1. In addi-

tion, I include time and product dummies to control for aggregate and product specific

shocks.

Results

Table 1.7 shows the results of the markup estimation.31 I compute the differential

markup gains from one year after (t + 1) until five years after (t + 1) a plant start

to export a product. Consistently with Figure 1.1, panel A of Table 1.7 reveals that

there are not significant markup gains in the first two period after a product is exported.

There are markup gains, however, after the third year. The gains are substantially higher

than the estimated in Tables 1.4, 1.5. The markup three (four) periods after a product

is exported is 7.9% (9.0%) higher than in comparable non-exported products. This

magnitude is almost three times bigger than the calculated in previous Tables. These

results stay practically unchanged under alternative propensity score specifications.32

I check the quality of the matching procedure by comparing the average of observed

characteristics of treated and controls. I show the results of this exercise in Table A.2
30Factor intensity and size are measured at the plant level.
31In this Table, I compute the ATT comparing the markup gains of new exported products with their

three-nearest neighbors within a maximum radius of 0.005. I also check with the nearest and the five-
nearest neighbors, and by widening and tightening the radius. Results does not differ qualitatively.

32In particular, I prove the robustness of these results by restricting the sample to products observed
in all six periods betweent − 1 and t + 4, and by considering a flexible specification in which the
terms entering into the propensity score are interacted in polynomials of second-order. Conditional on
survival, markups gains are even higher. In contrast, when a flexible specification is consider for the
PS, the coefficients are slightly lower. Since the main results do not differ significatively, I opt for only
showing results with the conditioning variable set entering linearly into the specification of the propensity
score.
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in Appendix C. As it can be seen, after the matching is applied the characteristics of

treated and controls do no differ significatively.

Table 1.7: Markup Gains: Matching Approach

t+1 t+2 t+3 t+4

A. Baseline Case

Markup Gain -0.003 0.011 0.071 0.090

Standard Error (0.015) (0.019) (0.030)*** (0.057)*

B. 50th percentile of X/Sales and X to Ind. Countries

Markup Gain 0.028 0.018 0.079 0.092

F-test [0.00] [0.00] [7.09]** [10.98]***

C. 90th percentile of X/Sales and X to Ind. Countries

Markup Gain 0.035 0.026 0.205 0.272

F-test [0.13] [0.21] [6.22]** [41.95]***

Notes: Coefficient corresponds to the logarithm markup gain of new exported products relative to the period

in which they started to be exported. Panel A: Standard errors in parenthesis. Panels B and C: F-tests

evaluated in percentiles 50 and 90 respectively. * significant at 10%; ** significant at 5%; *** significant at

1%.

Previous studies have suggested that the price charged for products exported to rich

countries are higher than the price of comparable products exported to poorer coun-

tries (Zhang and Manova, 2011). Additionally, one could expect that markup gains are

higher in products more oriented to international markets. To analyze these hypothesis,

I estimate the model in which markup gains are interacted with the export intensity of

the product, and with the fraction of the sectorial exports dispatched to industrial coun-

tries.33 Since the ENIA does not provide detailed information for the destinations of

the exported products, I use aggregate information for each 4-digits ISIC industry.

I present the results in panels B and C of Table 1.7. Since both variables are contin-

uous, I compute the ATT for the median and the highest decile of export intensity and

33Industrial countries: Australia, Austria, England, Belgium, Canada, Denmark, Finland, France, Ger-
many, Greece, Holland, Ireland, Island, Italy, Japan, Malta, New Zealand, Norway, Portugal, Spain,
Sweden, Switzerland, and United States.

27



exports to industrial countries. Results show a higher markup gain one we move from

the 50th to the 90th percentile of the distributions. Consistently with results in panel A,

markups gains are only significant after three periods the product is exported.

1.5 Comparison with Traditional Markup Estimates

In deriving the main results of this paper, I rely in self-reported data on cost and sales

per product. Then, a potential criticism to the positive export-markup premium I find in

this paper is that it may be just reflecting measurement error. To address this concern, in

this section I derive markup measures from first economic principles. I use then these

measures to compare the export markup premium I obtain with actual markup data with

the premium I obtain with these measures.

The measures I compute in this section follows from the seminal article of Hall

(1988), who propose a simple methodology to estimate the average industry markup

relying just on standard production data. This approach has the advantage that it is

consistent with various competition assumptions and puts no restrictions on the under-

laying demand structure.

I compute three markup measures. The first measure follows from Hall’s (1988)

methodology. One problem of this methodology is that it requires to calculate a proxy

for productivity. For this reason, I contrast my results with an alternative markup mea-

sure which is derived following Roeger (1995) methodology, who propose an alter-

native procedure for the recovery of markups that avoids estimating the unobserved

technological shock. Finally, the last measure I compute follows from the De Loecker

and Warzynski. These authors modify Hall’s framework to obtain firm-specific markup

measures varying in time. All three methodologies rely on aggregate plant information,

and as a result, in the best case they will only deliver average markups per firm.
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Methodology

Hall (1988) derives an estimable specification for average markups exploiting the fact

that, under imperfect competition, cost and revenue shares of inputs differ. Taking log

differences to a production function with neutral technological progress, the following

expression is obtained:

∆qit = αCost
Kit ∆kit + αCost

Lit ∆lit + ∆ωit (1.5)

whereαCost
j is the cost share of input j andω is productivity. Using the fact thatαCost

j =

µ · αRev
j , I get the expression

∆qit = µ
(
αRev

Kit ∆kit + αRev
Lit ∆lit

)
+ ∆ωit (1.6)

Finally, replacingµ = 1
1−β

and rearranging, I get the estimable equation

∆qit −∆ω̂it − αRev
Kit ∆kit − αRev

Lit ∆lit = β (∆qit −∆ω̂it) + uit (1.7)

whereω̂ is a proxy for productivity anduit is a random measurement error. The coef-

ficient of interest in this equation is the Lerner-indexβ, with is related to the average

markup through the relationµ = 1
1−β

. I compute revenue shares and productivity us-

ing the procedure proposed by Levinsohn and Petrin (2003a). This methodology deals

with selection and simultaneity biases emerging from the non-zero correlation between

inputs and productivity.

One problem of this methodology is that it requires to calculate a proxy for un-

observed productivity. Roeger (1995) proposes an alternative methodology to avoid

estimating such component. His procedure is based on the fact that under ideal con-

ditions34 the Solow residuals derived from primal and dual problems should not differ

34Specifically, constant returns to scale, perfect competition and the absence of labor hoarding or
under-utilization of capital.
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significatively. Using both Solow residuals, Roeger (1995) eliminates the unobserved

productivity term from the specification to calculate average markups. The specifica-

tion I estimate (fully derived in Appendix A) is:

∆yit = β∆xit + uit (1.8)

where∆y and∆x corresponds to the left and right hand side of equation (A.6) in the

appendix A. Similarly to Hall (1988), the coefficient of interest in this equation is the

Lerner-indexβ.

I use specifications 1.7 and 1.8 to obtain estimates of the average export markup by

interacting∆xit with the export status of the firm. The export-markup premium is then

computed aslog(1− βdom)− log(1− βexp).

One of the main caveats of the previous methodologies is that they can only de-

liver estimates for the average markup in the sample. This concern is addressed by De

Loecker and Warzynski (2011), who propose a flexible approach which relies on stan-

dard cost minimization. Their methodology only requires (at least) one variable input

of production free of adjustment costs. Operationally, these authors make use of the

first order condition of the cost minimization problem with respect to the variable input

to obtain the following expression for the markup of a plant:35

µit =
θX

it

αit

(1.9)

whereθX
it denote the output elasticity of inputXit andαit is the share of expenditures

on inputXit in total sales (PitQit). I assume a Cobb-Douglas production function. This

production function yields constant input elasticities, and therefore all the variation in

markups will come from input share differences.

35This methodology is discussed in more detail in Appendix A.
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Results

Table 1.8 shows the estimated export markup premium for the three methodologies. I

obtain a non-significant coefficient when I compute the export markup premium with

Hall’s (1988) methodology. This non-significant result can be explained by the fact

that this methodology requires to compute a proxy for unobserved productivity growth,

which can be extremely noisy.

Table 1.8: Export Markup Premium: Alternative Markup Measures

Methodology Export Premium St. Error

Hall -0.006 [0.628]

Roeger 0.077 [0.003]***

DLW 0.062 [0.012]***

Notes: The standard errors of all regressions are calculated as a non-linear combination

of the parameter of interest. All regressions include firm and year fixed effects. DLW:

De Loecker and Warzynski. * significant at 10%; ** significant at 5%; *** significant at

1%.

In rows two and three of Table 1.8 I show the export markup premiums obtained

when I use the markups derived from Roeger’s (1995) and DLW’s methodologies. I ex-

pect these methodologies to yield more precise markup measures than Hall’s methodol-

ogy, since they both control by unobserved productivity. As it can be seen, the estimated

premiums are positive and significant for both markup measures. Regarding their mag-

nitude, they are substantially higher than the export premium estimated in sections 3,

although they are not high enough as to be higher than the markup premiums estimated

in section 4.36

36It is important to underline some differences between my sample and the markup measures derived
in this section. First, although the average premiums (for the significant cases) I estimate in this section
are close to the number I obtain with my sample, the average sample markup estimated with these
measures is not necessarily close to the average markup I report in section 2. While Roeger‘s measure
yield an average markup for non-exporters of 1.38, the average markup derived with DLW’ measure is
substantially above 2. Second, even though the average markup is similar than the observed markups,
the distribution of it should not necessarily be similar than the actual markup distribution.
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1.6 Concluding Remarks

In this paper I study the relation between firms’ export status and markups. This matter

has been largely ignored in the literature despite of its importance for disentangling

the pricing patterns of firms participating in international trade. Using a rich dataset

of Chilean firms for the period 1996-2005 I investigate whether firms charge higher

markups for its exported products than for products sold domestically. The main result

of this paper is that the markup charged for the former category is significantly larger

than the markup charged for the latter. This is true even when I control by different

combinations of product, plant and industry and year fixed effects. I go further in the

analysis by studying whether the higher markup is explained by higher prices or unit

production costs. I find that indeed both variables are higher for exporters, being the

price difference proportionally larger than the cost difference.

These results challenge existing models of international trade, in which firms gen-

erally produce only one product,37 and where export-status is determined by the pro-

ductivity level of the firms. In these models, all produced products within a firm are

exported and they are produced at a lower marginal cost than in firms that do not ex-

port. Models with non-constant markups –such as Bernard et al (2003) and Melitz and

Ottaviano (2008)– predict that higher markups for exporters, but lower unit costs too.

The higher cost of exported products within a firm support the view of quality dif-

ference between domestic a exported products. The higher cost of exported products

has not been fully considered in models of international trade. The only exemption to

this is Kugler and Verhoogen (2011). However, in this paper firms charge the same

markup for their exported and non-exported products, which contradicts the findings of

my paper. To fit the evidence I provide in this paper, trade models should not only con-

sider quality differentiation in inputs and/or output as in Kugler and Verhoogen (2011),

but also targeting of higher quality products to markets with higher willingness to pay

37One notably exception is Bernard, Redding and Schott (2011).
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for them, in such a way that the markup charged for exported products is relatively

higher.
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CHAPTER 2

Exporting and Plant-Level Efficiency Gains: It’s in the

Measure

2.1 Introduction

While exporting plants are on average significantly more productive than their non-

exporting counterparts, empirical studies typically find that new exporters do not in-

crease their productivity over time. This suggests that selection of the most produc-

tive plants into exporting, rather than efficiency gains within plants, is responsible

for aggregate productivity gains from trade competition. The selection effect across

plants has received strong theoretical and empirical support (c.f. Melitz, 2003; Pavc-

nik, 2002b). On the other hand, within-plant productivity gains after export entry are

typically found to be small and insignificant (c.f. Clerides, Lach, and Tybout, 1998b;

Bernard and Jensen, 1999; Wagner, 2007, 2012).1 This non-result is surprising, given

that exporters can learn from international buyers and have access to larger markets to

reap the benefits of innovation or investments in productive technology.

In this paper, we show that the missing evidence on within-plant efficiency gains

after export entry is an artefact of the measure: previous studies have typically used

revenue-based productivity, which is affected by changes in prices. If gains in physical

productivity are passed on to buyers in the form of lower prices, then revenue-based

productivity will be downward biased (Foster, Haltiwanger, and Syverson, 2008).2

1Two exceptions – albeit in less representative settings – are De Loecker (2007) for Slovenia and Van
Biesebroeck (2005) for sub-Saharan Africa.

2Recent evidence suggests that this downward bias also affects the link between trade and produc-
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Addressing this caveat by measuring physical productivity is difficult. For example,

changes in product quality make physical units of output incomparable – even within

products from the same plant. Thus, meaningful results can only be derived for physi-

cally homogenous products (Foster et al., 2008) – a small subset of all exported goods.

To bypass this issue, we first apply the method pioneered by De Loecker and Warzyn-

ski (2012) to derive plant-product level markups in a rich panel of Chilean establish-

ments. Second, because our dataset comprises physical units as well as revenues for

each plant-product pair, we can calculate product prices (unit values). Dividing these

by the corresponding markups allows us to identify marginal costs at the plant-product

level.3 This procedure is flexible with respect to the underlying price setting model

and the functional form of the production function (e.g., allowing for different degrees

of returns to scale). In standard production functions, marginal costs are directly (in-

versely) related to physical productivity, and are thus a good candidate for analyzing

within-plant efficiency gains after export entry.4

We find that gains from exporting are substantial: marginal costs within plant-

product categories drop by approximately 15-25% during the first three years after

export entry. At the same time, in line with previous findings,revenueproductivity

does not change within exporting plants. This is due to prices falling by a similar mag-

nitude as marginal costs – new exporters pass physical productivity gains on to their

customers.5 Our results are very similar when using propensity score matching to con-

tivity. Smeets and Warzynski (2013) use a firm level price index to deflate revenue productivity and
show that this correction yields significantly larger international trade premia in a panel of Danish man-
ufacturers. Eslava, Haltiwanger, Kugler, and Kugler (2013) use a similar methodology to show that
trade-induced reallocation effects across firms are also stronger for price-adjusted productivity.

3De Loecker, Goldberg, Khandelwal, and Pavcnik (2012) use the same methodology to analyze how
trade liberalization in India affected prices, markups, and marginal costs.

4Marginal costs are not immune to changes in product quality. However, the associated bias is likely
to work against finding efficiency gains: exported goods from developing countries are typically of higher
quality (c.f. Verhoogen, 2008), which shouldraisemarginal costs.

5In other words, for an average plant-product, markups do not change significantly during the first
years following export entry. Over the medium run, however, we find that export entrants raise their
markups, in line with De Loecker and Warzynski (2012) who document increasing markups for Slove-
nian export entrants. However, our data suggest that this effect is limited, making it unlikely that the
efficiency gains observed in marginal costs will be fully reflected in revenue productivity.
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struct a control group of plant-products that had an a-priory comparable likelihood of

entering the export market, but continued to be sold domestically only. In addition, we

show that we obtain quantitatively similar results when using reported (average) cost

measures at the plant-product level. This suggests that our findings are not an artefact

of the methodology used to calculate marginal costs. Finally, we show that there are

no efficiency gains for non-exported products in multi-product plants that enter the in-

ternational market. Thus, we are confident that our results are not driven by shocks or

trends at the plant level that are unrelated to exporting.6

To guide the discussion of possible drivers behind our results, we provide a stylized

framework that combines the flexible supply-demand structure from Foster et al. (2008)

with heterogeneous returns to technology investment as in Lileeva and Trefler (2010).

We discuss four channels that may drive export entry: (i) shocks to foreign demand, (ii)

productivity shocks, (iii) anticipated learning by exporting, and (iv) investment oppor-

tunities in new technologies that become profitable in combination with access to larger

markets. Since we findfalling prices associated with export entry, demand shocks (i)

are an unlikely driver.7 On the other hand, the supply-side mechanisms (ii)-(iv) are

all broadly compatible with our empirical observations. However, they imply different

causal effects. Productivity shocks as in (ii) mean a selection effect – firms enter the ex-

port market as a consequence of higher productivity, as in Melitz (2003), and causality

runs from productivity to export entry. The opposite is true in case (iii), where plants

enter the export market because they anticipate learning effects. Finally, case (iv) re-

flects a complementarity between efficiency-enhancing investment and export entry –

the fixed cost can only be recovered in a large-enough market.8

We provide some suggestive evidence that learning-by-exporting and investment

6This also suggests that within-plant efficiency spillovers to non-exported goods are probably limited.
7Increasing returns or falling input prices are also unlikely drivers of the observed drop in marginal

cost. Our production function estimates suggest approximately constant returns, and input prices do not
change significantly after export entry.

8Strictly speaking, mechanism (iv) is not causal, because the investment in new technology would
have raised productivity regardless of export status. However, since the investment is not profitable in
the domestic market alone, export entry and productivity increases are closely associated.
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complementarity are the most likely drivers of our results. To address selection into

exporting after a productivity shock (channel ii), we follow the matching approach by

De Loecker (2007), which controls for pre-exporting differences in productivity levels

and trends, as well as other characteristics. The fact that our results are robust to this

methodology suggests that they are probably not driven by productivity shocksbefore

export entry. This leaves (iii) and (iv) as more probable mechanisms. The observation

that marginal costs keep falling in the yearsafter entry is in line with learning-by-

exporting (iii). In addition, several pieces of evidence suggest that investment comple-

mentarity (iv) is also important. First, export entry goes hand-in-hand with a decline in

marginal costs already in the entry period, which is compatible with a switch to more

efficient production modes upon export entry. Second, marginal costs drop particularly

steeply for plants that are initially less productive. This is in line with Lileeva and

Trefler (2010), who point out that, for the case of investment-exporting complementar-

ity, plants that start off from lower productivity levels will only begin exporting if the

associated productivity gains are large. Third, we show that plant-level investment (es-

pecially in machinery) spikes immediately before, and during the first years, of export

entry.

Our analysis is subject to two important caveats. First, we do not establish causality.

While our matching estimation takes a step in this direction, it does not use exogenous

variation. Second, we cannot fully disentangle the three supply mechanisms (ii)-(iv).

For example, if productivity shocks (ii) occur suddenly (i.e., are not preceded by pre-

trends), and if export entry occurs immediately (in the same period as the shock), then

we cannot differentiate between (ii) and (iv). Similarly, if learning-by-exporting lowers

marginal costs immediately when export entry occurs, then we cannot differentiate be-

tween (iii) and (iv). Nevertheless, our main result does not hinge on causality or which

exact mechanism is at play: we document substantial within-plant efficiency gains as-

sociated with export entry, and these gains are not identified by the commonly used

revenue-based productivity measures.
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We observe that new exporters pass on most efficiency gains to customers in the

form of lower prices, which is accompanied by a strong increase in quantity: within

the first three years after entry, the price of the exported product falls by 10-20%, and

quantity sold increases by the same margin. In a subset of years with more detailed

pricing information, we separately analyze the domestic and export price of the same

product. For ’young’ export entrants (maximum three years of exporting), we find that

the export price drops significantly more than its domestic counterpart (22% vs. 7%).

One explanation for this behavior is ’demand capital’ building, as in the model of Fish-

man and Rob (2003).9 Foster, Haltiwanger, and Syverson (2012) provide evidence that

supports this mechanism in the domestic market. They show that by selling more today,

firms expand buyer-supplier relationships and therefore shift out their future demand.

Applied to export entrants, ’demand building’ would imply lower prices charged to

attract foreign buyers, as we observe in the data.

Finally, we gauge the magnitude of the observed within-plant efficiency gains af-

ter export entry, comparing them to the well-documented exporter revenue-productivity

premium in the cross-section. This premium is about 13% in our sample, which is very

similar to the exporter premium reported for other countries (c.f. Bernard and Jensen,

1999). When focusing exclusively on ’young’ exporters, we find a very similar figure.

In other words, revenue productivity does notchangeafter export entry. This suggests

that selection in the spirit of Melitz (2003) is the driving force behind the exporter

revenue-productivity premium. On the other hand, the drop in marginal costs that we

identify reflects efficiency gainsin addition to the typically documented selection ef-

fect. Our results suggest that these within-plant gains are of a similar magnitude as the

between-plant differences.10

9When consumers have different search costs, Fishman and Rob’s (2003) model implies that low-cost
firms charge low prices in order to attract more flexible (low search cost) customers who currently buy
from high-price firms.

10If new exporters raise their markups over time, the marginal-cost based efficiency gains will also be
reflected in revenue productivity. We show that this effect is limited and use this observation to gauge
overall magnitudes.

38



Our findings relate to a substantial literature on gains from trade. Trade-induced

competition can contribute to the reallocation of resources from less to more efficient

producers. Bernard, Eaton, Jensen, and Kortum (2003) and Melitz (2003) introduce

this reallocation mechanism in trade theory, based on firm-level heterogeneity. The

empirical evidence on this mechanism is vast, and summarizing it would go beyond the

scope of this paper.11 In contrast, another prominently discussed channel has received

astonishingly little empirical support: on balance, exporting does not appear to have

important effects on productivitywithin firms or plants. Such gains can be expected

because exporters face tougher competition, have stronger incentives to innovate since

they serve a larger market, and because they have access to expertise from international

buyers (Grossman and Helpman, 1991).12 Clerides et al. (1998b, for Colombia, Mex-

ico, and Morocco) and Bernard and Jensen (1999, using U.S. data) were the first to an-

alyze the impact of exporting on plant efficiency. Both document no (or quantitatively

weak) empirical support for this effect, while reporting strong evidence for selection of

productive firms into exporting. The same is true for numerous papers that followed:

Aw, Chung, and Roberts (2000) for Taiwan and Korea, Alvarez and López (2005) for

Chile, and Luong (2013) for Chinese automobile producers.13 The survey article by IS-

GEP (2008) compiles micro level panels from 14 countries and finds nearly no evidence

11Two influential early papers are Bernard and Jensen (1999) and Pavcnik (2002b), who analyze U.S.
and Chilean plants, respectively. Recent contributions have also drawn attention to the role of imports.
Amiti and Konings (2007) show that access to intermediate inputs has stronger effects on productivity
than enhanced competition due to lower final good tariffs. Goldberg, Khandelwal, Pavcnik, and Topalova
(2010) provide evidence from Indian data that access to new input varieties is an important driver of
trade-related productivity gains.

12Case studies typically suggest strong export-related efficiency gains within plants. For example,
Rhee, Ross-Larson, and Pursell (1984) surveyed 112 Korean exporters, out of which 40% reported to
have learned from buyers in the form of personal interactions, knowledge transfer, or product specifica-
tions and quality control. The importance of knowledge transfer from foreign buyers to exporters is also
highlighted by the World Bank (1993) and Evenson and Westphal (1995). López (2005) summarizes
further case study evidence that points to learning-by-exporting via foreign assistance on product design,
factory layout, assembly machinery, etc. In a more systematic fashion, Bustos (2011b) shows that rising
export revenues – driven by exogenous changes in tariffs – foster firms’ investment in new technology.

13Alvarez and López (2005) use an earlier version of our Chilean plant panel. They conclude that
"Permanent exporters are more productive than non-exporters, but this is attributable to initial productiv-
ity differences, not to productivity gains associated to exporting." [p.1395] We confirm this finding when
using revenue-productivity.

39



for within-plant productivity increases after entry into the export market. The exception

are the papers by Van Biesebroeck (2005) and De Loecker (2007), which document

evidence for learning-by-exporting based on revenue-productivity. Both derive their

results in potentially unrepresentative environments: Sub-Saharan Africa and Slove-

nia during its transition from communism to a market economy.14 Finally, Smeets and

Warzynski (2013) show that controlling for pricing heterogeneity yields larger export-

related productivity gains. Using price indexes to deflate revenue-based productivity

measures, they correct for the bias that arises when more productive firms charge lower

prices. However, in contrast to our marginal cost based approach, this price-based

methodology does not disentangle the behavior of markups and efficiency after export

entry; it also analyzes the productivity of firms overall, while we focus on the exported

product itself and show that spillovers to non-exported products within multi-product

plants are probably limited.

Relative to the existing literature, we make several contributions. To the best of our

knowledge, this paper is the first to use marginal cost as a measure of efficiency that is

not affected by pricing behavior, and to document a strong decline in marginal costs af-

ter export entry. We also show that the usual non-result for revenue productivity holds

in our panel of Chilean plants. Thus, a second contribution of this paper is to point

to substantial export-related efficiency gains that have thus far passed under the radar.

Third, we shed light on possible drivers of the observed efficiency gains. The evidence

points towards a complementarity between export entry and investment in technology.

Learning by exporting probably also plays a role. Fourth, we show that export entry

affects markups with some delay in the context of our Chilean plant data: during the

first 2-3 years of exporting there is nearly complete pass-through of efficiency gains to

customers. Thereafter, markups grow as exporters become more established.15 The ob-

14In Van Biesebroeck’s findings, exporting lifts credit constraints and thus allows sub-Saharan African
firms to grow and profit from scale economies. Syverson (2011) points out that these results may reflect
heterogenous treatment effects, with firms that gain most from scale economies sorting into exporting.

15The delayed increase in markups after export entry is more pronounced in our findings than in De
Loecker and Warzynski (2012), who document increasing markups right after export entry for Slovenian
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served trajectory of markups is in line with our explanation that initially, export entrants

seek to attract customers by charging low prices. This interpretation is also supported

by our observation that – for newly exported products that are also sold domestically –

the price drop is particularly steep in the international market. As their ’demand stock’

grows, exporters begin to raise markups, as argued by Foster et al. (2012) in the context

of domestic market entry. Finally, our unique dataset allows us to verify the method-

ology for computing marginal costs based on markups (De Loecker et al., 2012): we

show that changes in computed plant-product level marginal costs are very similar to

those in self-reported average costs.

The rest of the paper is organized as follows. Section 2.2 discusses our use of

marginal cost as a measure of efficiency and its relationship to revenue productivity;

it also illustrates the empirical framework to identify the two measures. Section 2.3

describes our dataset, and Section 2.4 presents our empirical results. Section 2.5 dis-

cusses possible mechanisms that may drive the observed efficiency gains. Section 2.6

concludes.

2.2 Empirical Framework

In this section, we discuss our efficiency measures and explain how we compute them.

Our first measure of efficiency is plant-levelrevenue-basedtotal factor productivity

(TFPR) – the standard efficiency measure in the literature that analyzes productivity

gains from exporting. We discuss why this measure may fail to detect such gains, and

show how we calculate TFPR at the plant level. Our second measure of efficiency is

the marginal cost of production, which can be derived at the plant-product level under

a set of non-restrictive assumptions. We also discuss the relationship between the two

measures, and under which conditions marginal costs are a valid measure of efficiency.

firms. However, our data confirm De Loecker and Warzynski’s cross-sectional finding that exporters
charge higher markups.
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2.2.1 Revenue vs. Physical Total Factor Productivity

Revenue-based total factor productivity is the most widely used measure of efficiency.

It is calculated as the residual between total revenues and the estimated contribution of

production factors (labor, capital, and material inputs).16 This measure has an important

shortcoming, which can be illustrated by its decomposition into prices,P , and phys-

ical productivity (or efficiency),A, assuming that the trueA is known: ln(TFPR) =

ln(P ) + ln(A). If prices are unrelated to efficiency, using TFPR as a proxy forA

merely introduces noise, and TFPR is unbiased. However, when prices respond to ef-

ficiency, TFPR is biased. For example, when facing downward-sloping demand, firms

typically respond to efficiency gains by expanding production and reducing prices. This

generates a negative correlation between prices andA, so that TFPR will underestimate

physical productivity.

Given these shortcomings, why has the literature not used physical productivity to

analyze productivity gains from exporting? One practical caveat is the lack of informa-

tion on physical quantities.17 While some corrections to the estimation of production

functions have been proposed, only a few studies have derivedA directly.18 Foster

et al. (2008) obtainA, using product-level information on physical quantities from U.S.

census data for a subset of manufacturing plants that produce homogeneous products.

They find a negative correlation between prices andA. This is consistent with more

efficient businesses having lower marginal costs and, in turn, charging lower prices. As

16Some authors have used labor productivity – i.e., revenues per worker – as a proxy for efficiency (for
recent surveys see Wagner, 2007, 2012). This measure is affected by the use of non-labor inputs and is
thus inferior to TFP when different plants combine inputs in different proportions (see Syverson, 2011).

17Data on physical quantities have only recently become available for some countries (c.f. De Loecker
et al., 2012; Kugler and Verhoogen, 2012a, for India and Colombia, respectively).

18Melitz (2000) and De Loecker (2011) discuss corrections to the estimation of the production func-
tion to account for cross-sectional price heterogeneity in the context of a CES demand function. Gorod-
nichenko (2012) proposes an alternative procedure for estimating the production function that models
the cost and revenue functions simultaneously, accounting for unobserved heterogeneity in productivity
and factor prices. Katayama, Lu, and Tybout (2009) show that revenue-based output can lead to produc-
tivity mismeasurement and incorrect interpretations of how heterogeneous producers respond to shocks.
Hsieh and Klenow (2009) recoverA using a model of monopolistic competition for India, China and the
United States.
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a consequence, changes in TFPR understate true efficiency gains.

Even if quantities are known so thatA can be calculated, the measure is problem-

atic. Product quantities cannot readily be compared because quality may change. As

Foster et al. (2008) recognize, it is essentially impossible to isolate changes in quality

from A. This is the reason why these authors restrict their analysis to a set of homoge-

neous products (e.g., concrete and gasoline) that are arguably not subject to significant

changes in quality. An additional problem emerges for multi-product plants, where dis-

aggregate use of inputs is typically not reported for individual products. Thus,A has

to be computed at the plant level, which requires the aggregation of quantities. This is

problematic because goods produced by multi-product plants often differ in their phys-

ical and functional attributes. For example, if a furniture manufacturer produces both

tables and chairs, the sum of the two does not provide a meaningful index of quan-

tity. Also, products are usually measured in different units, and the correspondence

between these is often non-trivial. To circumvent these issues, we propose marginal

cost as a measure of efficiency. Since we compute marginal cost at the product level,

we avoid the aggregation issues for multi-product plants. In addition, we analyze trends

in marginal costs rather than levels, which allows comparisons across producers of dif-

ferent products. In the following we discuss under which conditions declining marginal

costs reflect efficiency gains.

2.2.2 Marginal Cost as a Measure of Efficiency, and its Relationship to TFPR

In standard production functions, marginal costs are inversely related to efficiency

(physical productivity)A. To reflect this relationship, we use the generic functional

form MC(Ait,wit), wherewit is an input price index, and the subscriptsi andt denote

plants and years, respectively. The derivatives with respect to the two arguments are

MC1 < 0 andMC2 > 0. Next, we can use the fact that prices are the product of
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markups (µit) and marginal costs to disentangle TFPR (assuming Hicks-neutrality):

TFPRit = pitAit = µit ·MC(Ait,wit) · Ait (2.1)

Deriving percentage changes (denoted by4) and re-arranging yields a relationship

between efficiency gains and changes in TFPR, markups, and marginal costs:19

4Ait = 4TFPRit −4µit −4MC(Ait,wit) (2.2)

In order to simplify the interpretation of (2.2) – but not in the actual estimation of

MC(·) – we make two assumptions. First, that the underlying production function ex-

hibits constant returns to scale. This assumption is supported by our data, where the

average sum of input shares is very close to one (see Table B.1 in the appendix). This

first assumption implies that we can separate4MC(Ait,wit) = 4φ(wit) − 4Ait,

whereφ(·) is an increasing function of input prices (see the proof in Appendix B.1).

Second, we assume that input prices are unaffected by export entry, i.e., they are con-

stant conditional on controlling for trends and other correlates around the time of export

entry: 4φ(wit) = 0. This assumption is stronger than the previous one and requires

some discussion. Our dataset allows us to calculate input prices, and we show below in

Section 2.5 that these do not change significantly after export entry. In addition, there is

reason to believe that, if anything, assuming constant input prices implies a downward

bias in efficiency gains inferred from4MC(·). More successful exporters typically

produce high-quality goods that require more expensive inputs (Manova and Zhang,

2012a). Therefore,wit would tend to increase for more successful export entrants, and

efficiency gains4Ait, inferred from any given4MC, would be larger if we allowed

also for rising costs of inputs (since4Ait = 4φ(wit)−4MC) .

With constant input prices, we obtain three simple expressions that illustrate the

19We slightly abuse notation, employing4 to represent changes in the logarithm of variables, for
example,4Ait = d ln(Ait) = dAit/Ait.
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relationship between efficiency gains and changes in marginal costs, markups, and rev-

enue productivity:

1. 4Ait = −4MC, i.e., rising efficiency is fully reflected by declining marginal

costs. Note that this is independent of the behavior of markups. Using this equal-

ity in (2.2) also implies:

2. 4TFPRit = 4µit, i.e., revenue productivity rises if and only if markups increase.

For example, even ifAit rises (andMC falls), TFPR will not grow if markups

remain unchanged. And vice-versa, if markups rise whileAit stays the same,

TFPR will increase. This underlines the shortcomings of TFPR as a measure of

efficiency – it can both fail to identify actual efficiency gains but may also reflect

spurious gains due to demand-induced increases in markup.

3. 4TFPRit = 4Ait if 4µit = −4MC, i.e., changes in revenue productivity

reflect the full efficiency gains if markups rise in the same proportion as marginal

costs fall. Becausepit = µit · MC, this will be the case if prices are constant

while marginal costs fall.

We use these insights when interpreting our empirical results below. For young

exporters, the evidence points towards constant markups. Thus, all efficiency gains are

passed on to customers, so that they are reflected only in marginal costs, but not in

TFPR. For more mature exporters there is some evidence for declining marginal costs

together with rising markups, meaning that at least a part of the efficiency gains is also

reflected in TFPR.

2.2.3 Estimating Revenue Productivity (TFPR)

To compute TFPR, we first have to estimate the production function. We follow Acker-

berg, Caves, and Frazer (2006a, henceforth ACF), who extend the framework of Olley

and Pakes (1996, henceforth OP) and Levinsohn and Petrin (2003b, henceforth LP).

This methodology controls for the simultaneity bias that arises because input demand
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and unobserved productivity are positively correlated.20 The key insight of ACF lies in

their identification of the labor elasticity, which they show is in most cases unidentified

by the two-step procedure of OP and LP.21 We modify the canonical ACF procedure,

specifying an endogenous productivity process, where past export-status is allowed

to impact current productivity. This reflects the correction suggested by De Loecker

(2013); if productivity gains from exporting also lead to more investment (and thus a

higher capital stock), the standard method would overestimate the capital coefficient in

the production function, and thus underestimate productivity (i.e., the residual).

We estimate a translog production function with labor (l), capital (k), and materials

(m) as production inputs. While the translog specification nests the typically used

Cobb-Douglas production function, it is more flexible, allowing for varying degrees

of economies of scale, as well as complementarities between the inputs. We follow

De Loecker et al. (2012) in using the subset of single-product plants to estimate the

following function within 2-digit product categories:22

qit = βllit + βkkit + βmmit + βlll
2
it + βkkk

2
it + βmmm2

it + βkllitkit

+βmkmitkit + βlmlitmit + βlmklitmitkit + dx
it + ωit + εit (2.3)

where all lowercase variables are in logs;qit are revenues of plant-producti in yeart,

dx
it is an export dummy,ωit is plant-level productivity, andεit represents measurement

20We follow LP in using material inputs to control for the correlation between input levels and un-
observed productivity. Our approach for estimating the production function is explained in detail in
Appendix B.2.

21The main technical difference is the timing of of the choice of labor. While in OP and LP, labor is
fully adjustable and chosen int, ACF assume that labor is chosen att − b (0 < b < 1), after capital
is known int − 1, but before materials are chosen int. In this setup, the choice of labor is unaffected
by unobserved productivity shocks betweent − b andt, but a plant’s use of materials now depends on
capital, productivity, and labor. In contrast to the OP and LP method, this implies that the coefficients of
capital, materials, and labor are all estimated in the second stage.

22The reason for using single-product plants is that we do not observe how inputs are allocated across
outputs within a plant, which makes the estimation of (2.3) at the product level unfeasible for multiple-
product plants. For the set of single product plants, no assumption on the allocation of inputs to outputs
is needed, and the estimation of (2.3) can be performed with standard plant level information. The 2-
digit product categories are: Food and Beverages, Textiles, Apparel, Wood, Paper, Chemicals, Plastic,
Non-Metallic Manufactures, Basic and Fabricated Metals, and Machinery and Equipment.
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error as well as unanticipated shocks to output.23 Given the estimated coefficients for

each product categorys, revenue productivity is computed as

ω̂it = q̂it − f̂s(kit,mit, lit) (2.4)

wheref̂s(·) represent the estimated contribution of the production factors to total output

in s. Note that the estimated production function allows for returns to scale, so that the

residualω̂it is not affected by increasing or decreasing returns at the sector level. When

computing TFPR in multi-product plants, we use thefs that corresponds to the product

categorys of the predominant product produced by planti.

2.2.4 Estimating Marginal Cost

To construct a measure of marginal production cost, we follow a two-step process. First,

we derive the product-level markup for each plant. Second, we divide plant-product

output prices (observed in the data) by the calculated markup to obtain marginal cost.

The methodology for deriving marginal costs follows the production approach pro-

posed by Hall (1986), recently revisited by De Loecker and Warzynski (2012). This

approach computes markups without relying on detailed market-level demand informa-

tion; it only requires standard plant-level data on input use and production output. The

main assumptions are that at least one input is fully flexible and that plants minimize

costs. The first order condition of a plant’s cost minimization problem with respect to

the flexible inputV can be rearranged to obtain the markup of productj produced by

23We include an export dummy in the production function following De Loecker and Warzynski
(2012). This allows exporters to produce under a different technology.
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planti at timet:24

µijt︸︷︷︸
Markup

≡ Pijt

MCijt

=

(
∂Qijt(·)
∂Vijt

Vijt

Qijt

)

︸ ︷︷ ︸
Output Elasticity

/ (
P V

ijt · Vijt

Pijt ·Qijt

)

︸ ︷︷ ︸
Revenue Share

, (2.5)

whereP (P V ) denotes the price of outputQ (input V ), andMC is marginal cost. Ac-

cording to equation (2.5), the markup can be computed by dividing the output elasticity

of productj (with respect to the flexible input) by the share of the flexible input cost in

the sales of productj. We use materials as the flexible input to compute the first com-

ponent in (2.5) – the output elasticity – based on our estimates of (2.3).25 The second

component needed in (2.5) – the expenditure share for material inputs – is observed in

our data.26 Because markups are computed at the plant-product level, and prices (unit

values) are observed at the same level, we derive marginal costs at the plant-product

level in each year.27 Appendix B.3 provides further detail on the estimation of marginal

costs.

2.3 Data

Our data are from a Chilean plant panel for the period 1996–2005, theEncuesta Na-

cional Industrial Anual(Annual National Industrial Survey – ENIA). Data for ENIA are

collected annually by the Chilean National Institute of Statistics (INE), with direct par-

ticipation of Chilean manufacturing plants. ENIA covers the universe of manufacturing

24More precisely, the first order condition with respect toV is ∂L
∂V = P ν − λ∂Q(·)

∂V = 0, where the
Lagrange multiplierλ equals the marginal cost of production. Manipulating this expression yields (2.5).

25In principle, labor could be used as an alternative. However, in the case of Chile, labor being
a flexible input would be a strong assumption due to its regulated labor market. A discussion of the
evolution of job security and firing cost in Chile can be found in Montenegro and Pagés (2004).

26To derive the expenditure share of material inputs in multi-product plants, we follow Foster et al.
(2008) in assuming that plants allocate their inputs proportionately to the share of each product in total
revenues.

27In contrast, TFPR is computed at the plant level. The reason is that TFPR is derived using data on
inputs, which are only available at the plant level, while marginal costs follow from prices and markups,
which can be computed or observed at the product level within each plant.
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plants with 10 or more workers, using to the International Standard Industrial Classifi-

cation (ISIC), revision 2. It contains detailed information on plant characteristics, such

as sales, spending on inputs and raw materials, employment, wages, investment, and ex-

port status. ENIA contains information for approximately 4,900 manufacturing plants

per year with positive sales and employment information. Out of these, about 20% are

exporters, and 70% of exporters are multi-product plants. Within the latter (i.e., con-

ditional on at least one product being exported), exported goods account for 79.6% of

revenues. Therefore, the majority of production in internationally active multi-product

plants is related to exported goods. Finally, approximately two third of the plants in

ENIA are small (less than 50 workers), while medium-sized (50-150 workers) and large

(more than 150 workers) plants represent 20 and 12 percent, respectively.

In addition to aggregate plant data, ENIA provides rich information for every good

produced by each plant, reporting the value of sales, its total cost of production, the

number of units produced and sold, and the fraction of production that is exported.

Products are defined according to an ENIA-specific classification of products, theClasi-

ficador Unico de Productos(CUP). This product category is comparable to the 7-digit

ISIC code.28 The CUP categories identify 2,169 different products in the sample. These

products – in combination with each plant producing them – form our main unit of

analysis. In the following, we briefly discuss how we deal with inconsistent product

categories, units of output, and other issues of sample selection.

2.3.1 Sample Selection and Data Consistency

In order to ensure consistent plant-product categories in our panel, we follow three

steps. First, we drop plant-product-year observations whenever there are signs of un-

reliable reporting. In particular, we exclude plant-product-year observations that have

zero values for total employment, investment, demand for raw materials, sales, or prod-

28For example, the wine industry (ISIC 3132) is disaggregated by CUP into 8 different categories,
including "Sparkling wine of fresh grapes", "Cider", "Chicha", and "Mosto", among others.
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uct quantities. Second, whenever our analysis involves quantities of production, we

have to carefully account for possible changes in the unit of measurement. For exam-

ple, wine producers change in some instances from "bottles" to "liters." Total revenue

is generally unaffected by these changes, but the derived unit values (prices) have to be

corrected. This procedure is needed for about 1% of all plant-product observations; it

is explained in Appendix C.1. Third, a similar correction is needed because the product

identifier in our sample changes in the year 2001. We use a correspondence provided

by the Chilean Statistical Institute to match the new product categories to the old ones

(see Appendix C.1 for detail). After these adjustments, our sample consists of 109,210

plant-product-year observations.

2.3.2 Definition of Export Entry

The time of entry into export markets is crucial for our analysis. We observe the ex-

porting history of each plant-product pair from 1996 to 2005. We impose three require-

ments for productj, produced by planti, to classify as an export entrant in yeart: (i)

productj is exported for the first time att in our sample, which avoids that dynamic

efficiency gains from previous export experience drive our results, (ii) productj is sold

domestically for at least one period before entry into the export market, i.e., we ex-

clude new products that are exported right away, and (iii) productj is the first product

exported by planti. The last requirement is only needed for multi-product plants. It

rules out that spillovers from other, previously exported products affect our estimates.

Under this definition we find 772 export entries (plant-products at the 7-digit level), and

approximately 7% of active exporters are new entrants.29

29Note that there are no export entries in the first year of our sample, 1996, because we do not observe
domestic sales or export volumes prior to that date.
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2.3.3 Validity of the Sample

Before turning to our empirical results, we check whether our data replicate previously

established stylized facts – main differences between exporters and non-exporters. Fol-

lowing Bernard and Jensen (1999), we run the regression

ln(yist) = αst + δ dexp
ist + γ ln(List) + εist , (2.6)

whereyist denotes several characteristics of planti in sectors and periodt, dexp
ist is

an exporter dummy,List is total plant-level employment, andαst denotes sector-year

fixed effects.30 The coefficientδ reports the exporter premium – the percentage-point

difference of the dependent variable between exporters and non-exporters. Panel A in

Table 2.1 reports unconditional exporter premia, while Panel B controls for plant-level

employment. The results are similar for both specifications: within their respective sec-

tors, exporting plants are more productive (measured by revenue productivity), larger

both in terms of employment and sales, pay higher wages, and are more capital inten-

sive. This is in line with the exporter characteristics documented by Bernard and Jensen

(1999) for the United States, Bernard and Wagner (1997) for Germany, and De Loecker

(2007) for Slovenia, among others. Using product-level data in column 6, we also find

that markups are higher among exporters, confirming the findings in De Loecker and

Warzynski (2012).

30Throughout the empirical analysis, whenever we use plant-level regressions, we control for sector-
year effects at the 2-digit level. When using the more detailed plant-product data, we include a more
restrictive set of 4-digit sector-year effects.
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Table 2.1: Plant-Level Stylized Facts

(1) (2) (3) (4) (5) (6)

Plant Size Productivity K Intensity Wages Markup

Dep. Variable ln(workers) ln(sales) ln(TFPR) ln(K/L) ln(wage) ln(markup)

Panel A: Unconditional Premia

Export Dummy 1.403*** 2.227*** .122*** .907*** .402*** .108***

(.0844) (.179) (.0307) (.148) (.0383) (.0203)

Sector-Year FE Yes Yes Yes Yes Yes Yes

R2 .26 .30 .99 .18 .24 .08

Observations 42,264 42,070 42,228 42,264 42,261 95,501

Panel B: Controlling for Employment

Export Dummy · .648*** .136*** .750*** .201*** .0620***

(.0884) (.0228) (.127) (.0294) (.0183)

Sector-Year FE Yes Yes Yes Yes Yes

R2 .70 .99 .19 .30 .09

Observations 42,070 42,228 42,264 42,261 95,501

Notes: The table reports the percentage-point difference of the dependent variable between exporting plants and non-exporters

in a panel of 8,500 (4,900 average per year) Chilean plants over the period 1996-2005. All regressions control for sector-

year effects at the 2-digit level; the regressions in Panel B also control for the logarithm of workers. Markups in column 6

are computed at the plant-product level; correspondingly, the coefficients reflect the difference in markups between exported

products and those that are only sold domestically. Clustered standard errors (at the sector level) in parentheses. Key: ***

significant at 1%; ** 5%; * 10%.

2.4 Empirical Results

In this section we present our empirical results. We first show the dynamics of rev-

enue productivity and marginal costs within plants. Our main finding is that TFPR

does not change after export entry, while marginal costs drop substantially. We then

use propensity score matching to address selection and pre-exporting trends. As a con-

sistency check, we also use reported expenditure data to calculate average costs at the

plant-product level. Finally, we check the robustness of our results.
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2.4.1 Within Plant Trajectories

We begin by analyzing the trajectories for price, marginal cost, markups and revenue

productivity for the sub-sample of new export entrants. For each planti producing good

j in periodt, we estimate the following regression:

yijt = αst + αij +
−1∑

k=−2

T k
ijt

︸ ︷︷ ︸
Pre−Trend

+
L∑

l=0

El
ijt

︸ ︷︷ ︸
Entry−Effect

+εijt , (2.7)

whereyijt refers to the characteristic of productj – either price, marginal cost, markup,

or (plant-level) TFPR;αst are sector-year effects that capture trends at the 4-digit level,

andαij are plant-product fixed effects (at the 7-digit level).31 We include two sets of

plant-product-year specific dummy variables to capture the trajectory of each variable

yijt before and after entry into export markets. First,T k
ijt reflects pre-entry trends in

the two periods before exporting. Second, the post-entry trajectory of the dependent

variable is reflected byEl
ijt, which takes value one if productj is exportedl periods

after entry.32

Figure 2.4.1 visualizes the results of estimating (2.7) for the sub-sample of export

entrants. The figure shows the point estimates for each outcome variable, together

with whiskers representing the 90% confidence interval. Time on the horizontal axis

is normalized to zero for the entry period. The left panel of the figure shows that

TFPR within plants is virtually unaffected by exporting, with tight confidence intervals

around zero (see Table 2.2 for the corresponding estimates). This result is in line with

the previous literature: there are no apparent efficiency gains when TFPR is used as

a measure of efficiency. The right panel of Figure 2.4.1 shows a radically different

31Sector fixed effects at the 4-digit level correspond to approximately 200 aggregate product cate-
gories. For TFPR, the product indexj in yijt is irrelevant since revenue productivity is computed at the
plant level. We include sector-year fixed effects at the 2-digit level for TFPR regressions (see footnote
30).

32Due to our relatively short sample, we only report the results forl = 0, ..., 3 periods after export
entry. However, all regressions include dummiesEl

ijt for all post-entry periods.
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pattern. After entry into the export market, marginal costs decline markedly. According

to the point estimates (reported in Table 2.2) marginal costs are about 11% lower at the

moment of entry, as compared to pre-exporting periods. This difference widens over

time: one period after entry it is 15%, and after 3 years, about 25%. These differences

are not only economically but also statistically significant.
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Figure 2.1: Price, Marginal Cost and TFPR Trajectories for New Exported
Products

Notes: The left panel shows the estimated within plant trajectory for revenue productivity, and the right panel, for

price, marginal cost and markup before and after export entry. Periodt = 0 corresponds to the export entry year. For

each plant-product, export entry occurs at periodt = 0. The trajectories correspond to the estimated coefficients of

equation (2.7), as reported in Table 2.2. A product is defined as an entrant if it is the first product exported by a plant

and is sold domestically for at least one period before entry into the export market. Section 2.4.1 provides further

detail.

Table 2.2 reports the corresponding coefficients. The trajectory for prices is very

similar to marginal costs, while changes in markups are close to zero with small stan-

dard errors. Physical quantities sold increase by approximately 20% after export entry.

Finally, there is a slight (statistically insignificant) decline in price and marginal cost

of new exported products before entry occurs (int = −1). This raises the concern

of pre-entry trends, which would affect the interpretation of our results. For example,

price and marginal cost could have declined even in the absence of exporting, or export

entry could be the result of selection based on pre-existing productivity trajectories. In

the next section we address this issue.
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Table 2.2: Within Plant-Product Trajectories for New Exported Products

Periods from Entry -2 -1 0 1 2 3 Obs/R2

Revenue TFP -.0198 .0109 .00386 -.00574 .0115 .000249 2,752

(.0228) (.0188) (.0180) (.0217) (.0336) (.0352) .584

Price -.0180 -.0373 -.0936* -.142** -.144 -.216** 2,671

(.0645) (.0532) (.0560) (.0714) (.0890) (.0906) .857

Marginal Cost -.0206 -.0692 -.111** -.147** -.201** -.247*** 2,671

(.0653) (.0540) (.0563) (.0712) (.0904) (.0904) .848

Markup .00260 .0319** .0179 .00529 .0575** .0312 2,671

(.0176) (.0155) (.0152) (.0193) (.0258) (.0288) .575

Physical Quant. .0248 .145** .187*** .203** .133 .203 2,671

(.0859) (.0719) (.0687) (.0836) (.108) (.132) .857

Notes: Regression output corresponds to the estimation of equation (2.7), including only new export entrants. The regression

for TFPR is run at the plant level; it controls for plant fixed effects and sector-year effects (at the 2-digit level). The remaining

regressions are run at the plant-product level (with products defined at the 7-digit level); they control for plant-product fixed

effects and 4-digit sector-year fixed effects. A plant-product is defined as an export entrant if it is thefirst product exported by

a plant and is sold domestically for at least one period before entry into the export market. Thus, additional products exported

by multi-product plants do not enter our analysis. Section 2.4.1 provides further detail. Standard errors (clustered at the plant-

product level) in parentheses. Key: ** significant at 1%; ** 5%; * 10%.

2.4.2 Matching Results

We apply propensity score matching (PSM) in the spirit of Rosenbaum and Rubin

(1983), and further developed by Heckman, Ichimura, and Todd (1997). We attempt

to isolate the causal effect of exporting by comparing newly exported products with

those that had a-priori a similar likelihood of being exported, but that continued to be

sold domestically only (De Loecker, 2007). Once such a control group is identified,

the average effect of treatment on the treated plant-products (ATT) can be obtained by

computing the average differences in outcomes between the two groups.

All our results are derived using the nearest neighbor matching technique. Accord-

ingly, treatment is defined as export entry of a plant-product (at the 7-digit level), and

the control group consists of the plant-products with the closest propensity score to

each treated observation. We obtain the control group from the pool of plants that pro-
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duce similar products as new exporters (within 4-digit categories), but for the domestic

market only. To estimate the propensity score, we use a flexible specification that is a

function of plant and product characteristics, including the lagged marginal cost before

export entry (MCt−1) of the product, lagged plant-level TFPR, the capital stock of the

plant (kt−1), as well as a pre-trend in marginal costs (∆MCt−1), and a vector of other

controls (Zt−1).33 Appendix B.5 provides further detail. Once we have determined the

control group, we use the difference-in-difference (DID) methodology to evaluate the

impact of exporting on TFPR, prices, marginal cost, and markups. As Blundell and

Dias (2009b) suggest, using DID can improve the quality of matching results because

initial differences between treated and control units are removed.

Table 2.3 shows the matching estimation results. Since all variables are expressed in

logarithms, the DID estimator reflects the difference in growth between newly exported

products and their counterfactuals, relative to the pre-entry period (t = −1).34 These

results confirm the within-plant pattern documented above: changes in TFPR after ex-

port entry are quantitatively small and statistically insignificant for most periods; the

same is true for markups.35 Price and marginal cost, on the other hand, both decrease

after entry into export markets. When compared to the previously reported within-plant

trajectories, the PSM results show somewhat smaller initial differences that grow over

time: the difference in price (marginal cost) relative to the control group grows from

4% (3%) in the period of export entry, to 20% (17%) after two years, and to more than

28% (17%) three periods after entry.

33Other controls include product sales, number of employees, and import status of the plant. Following
Abadie, Drukker, Herr, and Imbens (2004), we use the three nearest-neighbors. Our results are very
similar when using 1 or 5 nearest neighbors instead. The difference in means of treated vs. controls are
statistically insignificant for all matching variables int = −1.

34For example, a value of 0.1 in periodt = 2 means that two years after export entry, the variable
in question has grown by 10 percentage points more for exporters, as compared to the non-exporting
control group.

35The increase in TFPR after three periods goes hand-in-hand with higher markups. This suggests
that, eventually, efficiency gains are partially reflected in TFPR (although marginal costs continue to
fall). We discuss this in detail in Section 2.5.3.
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Table 2.3: Estimated Trajectories for New Exported Products: Matching Results

Periods After Entry 0 1 2 3

Revenue TFP -.0103 .0135 .0401 .137***

(.0209) (.0275) (.0411) (.0497)

Price -.0272 -.103* -.166** -.174

(.0310) (.0522) (.0646) (.104)

Marginal Cost -.0429 -.102* -.203*** -.282**

(.0373) (.0598) (.0716) (.121)

Markup .0102 .000293 .0483 .123**

(.0205) (.0279) (.0359) (.0487)

Reported Average Cost -.0705** -.141*** -.0883 -.193*

(.0342) (.0500) (.0732) (.107)

Treated Observations (Min/Max) 183 / 186 124 / 131 75 / 81 35 / 37

Control Observations (Min/Max) 512 / 524 346 / 366 218 / 230 99 / 107

Notes: Coefficients correspond to the differential growth of each variable with respect to the pre-entry year (t = −1) between

export entrants and controls. The control group is formed by plant-products that had a-priori a similar likelihood (propensity

score) of being exported as export entrants, but that continued to be sold domestically only. Controls are selected from the pool

of plants that produce the same product as new exporters. The specification of the propensity score is explained in section 2.4.2

and in Appendix B.5. In this table we match each entrant with the 3 nearest neighbors. Periodt = 0 corresponds to the export

entry year. The criteria for defining a plant-product as entrant is explained in the notes to Table 2.2. The number of treated and

control observations differ across dependent variables; the minimum (Min) and maximum (Max) number of observations are

reported. Robust standard errors in parentheses. Key: ** significant at 1%; ** 5%; * 10%.

2.4.3 Robustness and Additional Results

In this subsection we address potential concerns about the validity of our results. We

test if they are driven by the estimation of marginal costs, or by products exiting export

markets. We also perform a check using domestically sold products of export entrants.

Reported Average Costs

One potential concern for our marginal cost results is that they rely on the correct esti-

mation of markups. If we underestimate the true changes in markups after export entry,
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then the computed marginal cost would follow prices too closely.36 We can address this

concern by using data reported in ENIA, which allow us to compute an alternative cost

measure. Plants covered by ENIA report the total production costper product, as well

as the number of units produced. The questionnaire defines total cost per product as the

product-specific sum of raw material costs and direct labor involved in production. It

explicitly asks to exclude transportation and distribution costs, as well as potential fixed

costs, and should thus be a reasonable proxy for marginal costs. Figure 2.4.3 plots our

computed marginal costs against the reported average costs (both in logs), controlling

for plant-product fixed effects, as well as 4-digit sector-year fixed effects (i.e., reflecting

the within plant-product variation that we exploit empirically). The two measures are

very strongly correlated. This validates reported average costs as an alternative measure

of efficiency. In addition, it also lends strong support to the markup-based methodology

for backing out marginal costs by De Loecker et al. (2012). Next, we use average cost

as a measure of efficiency and repeat the above estimations.

Row 5 of Table 2.3 shows that average costs decrease after export entry, closely

following the trajectory that we identified for marginal cost.37 Export entry is followed

by a decline in average costs of 7% in the period of entry, growing to 14% after one year,

and to 19% three periods after entry. Table B.2 in the appendix shows thatwithin plant-

product estimates for reported average costs are also similar. These results confirm that

the efficiency gains we documented based on marginal costs are not an artefact of the

computation of this measure.

Balanced Sample of Entrants

To what extent does unsuccessful export entry drive our results? To answer this ques-

tion, we construct a balanced sample of exporters, including only plant-products that

36For example, suppose that prices actually fall because markups shrink upon export entry, but that
noisy data cloud these changes when applying the methodology in section 2.2. Then we would wrongly
attribute the observed decline in prices after export entry to a decline in marginal cost.

37The only exception is 2 periods after export entry, when the average cost coefficient is not statistically
significant.
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Figure 2.2: Estimated Marginal Cost and Reported Average Cost

Notes: The figure plots plant-product level marginal costs computed using the methodology described in Section 2.2 against plant-

product level average costs reported in the Chilean ENIA panel (see Section 2.3 for a detailed description). The underlying data

include both exported and domestically sold products, altogether 98,688 observations. The figure shows the relationship between

the two cost measures after controlling for plant-product fixed effects (with products defined at the 7-digit level) and 4-digit sector-

year fixed effects. The strong correlation thus indicates that changes in computed marginal cost at the plant-product level are a

good proxy for actual variable costs.

are exported in each of the first 3 years after export entry. Table 2.4 shows the results for

propensity score matching. The main pattern is unchanged. TFPR results are quantita-

tively small and mostly insignificant, while marginal costs drop markedly after export

entry (by approximately 20% on average). The main difference with Table 2.3 is that

marginal costs are now substantially lower already at the time of export entry (t = 0).

This makes sense, given that we only focus on successful export entrants, who will

tend to experience larger efficiency gains. In addition, in our baseline matching results,

effects tended to increase over time. This may have been driven by less productive

products exiting the export market, so that the remaining ones showed larger average

differences relative to the control group. Compatible with this interpretation, the drop

in costs and prices is more stable over time in the balanced sample. In sum, the results

from the balanced sample confirm our full sample estimates and suggest more stable

efficiency gains over time.
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Table 2.4: Matching Results: Balanced Sample

Periods After Entry 0 1 2 3

Revenue TFP -.0278 -.00629 .0309 .0899*

(.0501) (.0563) (.0460) (.0508)

Price -.118 -.109 -.198** -.139

(.0701) (.106) (.0965) (.111)

Marginal Cost -.213** -.117 -.276** -.255**

(.0875) (.124) (.102) (.120)

Markup .0503 .0176 .0795* .118**

(.0476) (.0528) (.0436) (.0557)

Treated Observations 35 / 35 34 / 35 34 / 35 34 / 35

Control Observations 99 / 103 99 / 101 99 / 102 100 / 101

Notes: The results replicate Table 2.3 for the sample of plant-products that are observed in each period

t = −2, ..., 3 (balanced panel). Coefficients correspond to the differential growth of each variable with

respect to the pre-entry year (t = −1) between entrants and controls. The criteria for selecting controls

is explained in the notes to Table 2.3. Periodt = 0 corresponds to the entry year. The criteria for

defining a plant as entrant can be found in the notes to Table 2.2. Robust standard errors in parentheses.

Key: ** significant at 1%; ** 5%; * 10%.

Results for Domestic Products

Next, we perform a placebo test of our results, analyzing marginal costs of domesti-

cally sold products that are produced by multi-product export entrants.38 Specifically,

we compare the non-exported products of new export-entry plants to similar goods pro-

duced by other non-exporting plants.39 Table 2.5 shows that the differences in marginal

costs are small and statistically insignificant. This suggests that our results are specific

to the exported products, and are probably not driven by more general efficiency trends

at the plant level.40

38Recall that, by our definition, only the first exported product of each plant qualifies as export entry.
39The control group is selected by propensity score matching within the same 4-digit categories.
40This result also suggests that spillovers of export-related efficiency gains across products are proba-

bly limited. In fact, if our ’placebo test’ had delivered strong declines in marginal costs of domestically
sold products, this could have been due to both spillovers or spurious trends at the plant level.
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Table 2.5: Domestic Goods Sold by Export Entrants

Periods After Entry 0 1 2 3

Marginal Cost -.00671 -.108 -.0407 -.125

(.0547) (.0889) (.153) (.161)

Treated Observations 125 68 46 12

Control Observations 356 194 131 36

Notes: The coefficients show the differential growth of marginal cost with respect to the pre-entry year

(t = −1) between treated and control groups. The treated group contains non-exported products pro-

duced by export entrants (thus, treated observations include only multi-product plants). The control

group is selected using the criteria explained in the note to Table 2.3. Periodt = 0 corresponds to the

export entry year. The criteria for defining a plant-product as export entrant are stated in the notes to

Table 2.2. Robust standard errors in parentheses.

Further Robustness Checks

We perform several additional robustness checks in the appendix, and briefly summa-

rize these here. In our baseline matching estimation, we used the three nearest neigh-

bors. Table B.3 shows that using either one or five neighbors instead does not change

our qualitative results. Another potential concern is that we compute TFPR at the plant

level, while marginal costs are calculated for plant-products. To show that this distinc-

tion does not drive our results, Table B.4 uses only the subset of single-product plants.

The trajectory of marginal costs is very similar to its counterpart in the full sample, al-

beit measured with larger standard errors due to the substantially reduced sample size.

Finally, we estimated the production function in Section 2.2.3 using revenues as a mea-

sure of output. If output prices are correlated with unobserved demand shocks, this may

introduce a bias in the estimated output elasticities, which in turn would affect the com-

putation of markups and marginal costs (see Appendix B.2.1 for a detailed discussion).

One remedy is to use a (more restrictive) Cobb-Douglas production function, where the

bias affects only the level, but not the trend of the output elasticities (De Loecker and

Warzynski, 2012). Thus, in the Cobb-Douglas case the bias is less relevant for our main

results, because we exploit trends rather than levels. Table B.5 shows that our results
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for markups and marginal costs are almost identical for the baseline translog and the

Cobb-Douglas case, suggesting that the omitted price bias is probably not important.

Appendix B.6 discusses the additional robustness checks in greater detail.

2.5 Interpretation of Results: Possible Channels and Magnitude

In this section, we discuss possible channels that may drive the observed time-pattern of

prices and marginal cost after export entry. We also separately analyze the trajectories

of foreign and domestic prices charged for the same good after export entry. Finally, we

shed light on the magnitude of within-plant efficiency gains, relative to the well-known

cross-sectional productivity advantage of exporters.

2.5.1 A Stylized Framework of Export Entry and Within-Plant Efficiency Gains

To guide the discussion, we sketch a stylized theoretical framework that distinguishes

between various possible drivers of export entry. We marry two models from the trade

and productivity literature: first, to differentiate between idiosyncratic technology and

demand effects, we build on the framework by Foster et al. (2008). Second, in or-

der to further differentiate between alternative supply-side channels, we combine this

setup with the model by Lileeva and Trefler (2010). In particular, export entry can be

affected by initial productivity differences (as in Melitz, 2003) or by a complementar-

ity between exporting and investment in new technology (c.f. Constantini and Melitz,

2007; Atkeson and Burstein, 2010; Bustos, 2011b). In addition, anticipated learning-

by-exporting will also raise the odds of export entry. Finally, in the stylized framework,

higher efficiency reduces marginal costs, but has an ambiguous impact on TFPR due to

falling prices. This reflects our discussion above that marginal costs are a more appro-

priate measure for efficiency gains. Appendix B.7 provides a detailed exposition of the

theoretical framework. Here, we focus on its central elements and explain the intuition.

For ease of exposition, we assume that each plant produces one product. Profits of
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plant i depend on market size, ideosyncratic product demand, and marginal cost, as in

Foster et al. (2008). Export entry requires the payment of a fixed costFE (in annualized

terms). Firms enter the foreign market if the additional profits due to exporting exceed

the fixed cost. In order to analyze the (bi-directional) relationship between export entry

and productivity, we define the export entry wedgeεi. This variable indicates how far

(in percentage terms) planti’s marginal cost is from the export threshold – where annual

profits equalFE. Whenεi > 0, planti sells only domestically; and plants withεi ≤ 0

enter the export market. Given this setup, we analyze the conditions under which export

entry occurs.

Demand-driven export entry

We begin by analyzing demand-side effects. If foreign demand for planti’s product

rises,εi falls because exporting is becoming more profitable. Ifεi falls below zero, plant

i begins to export in response to the demand shock. Empirically, if demand shocks are

responsible for export entry, we should see no change in the product-specific marginal

costs, while sales would increase and markups would tend to rise.41 This is not in

line with our empirical observation of falling marginal costs and constant markups.

Thus, demand shocks are an unlikely driver of the observed pattern. Similarly, it is

unlikely that quality upgrading of exporters is responsible for our results, since higher

product quality is associated with higher prices and production costs (c.f. Kugler and

Verhoogen, 2012a; Manova and Zhang, 2012a).

Next, we analyze the supply side, where actual or anticipated changes in marginal

costs can induce export entry. We useϕi > 0 to denote the percentage drop in marginal

cost due to one of three effects: a productivity shock (PS), learning-by-exporting

(LBE), and technology-exporting complementarity (TEC). The marginal cost after

41Intuitively, markups rise because a demand shock increases the wedge between the demand curve
(which is linear in our framework) and a given marginal cost, at the optimal point of production. Note
that in the presence of increasing returns, marginal costs could fall due to expanding production as a
result of demand shocks. However, our data suggest that this is unlikely, as discussed below.
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each effect is given byMCpost
i = MC0

i /(1 + ϕi), whereMC0
i is the initial value. We

discuss the three cases in the following, always starting with a planti that is currently

not exporting, facing an export entry wedgeεi > 0.

Productivity shock

Suppose that planti is affected by a productivity shock that is unrelated to exporting

and reduces marginal cost byϕPS
i percent. Export entry will occur ifϕPS

i ≥ εi, i.e.,

if the productivity shock is sufficiently strong to push marginal costs below the en-

try threshold. In this case, causality runs from productivity to export entry, reflecting

self-selection of more productive firms into exporting. If there is a time lag between

shock and entry, the data will show efficiency gainsbeforeentry occurs. This is not

the case in our within- plant/product data (see Figure 2.4.1). In addition, our match-

ing estimation would absorb pre-entry productivity differences. However, we observe

a drop in marginal cost and prices in the year of export entry (t = 0).42 Productivity

shocks are compatible with this observation if shock and export entry occur in the same

period. Thus, we cannot completely exclude the possibility of selection into export-

ing, although it would only hold under an extremely quick response of export entry to

productivity shocks. Nevertheless, note that even if some of the observed efficiency

gains were due to selection, they are not reflected in the standard revenue productivity

measure in the literature.

Learning-by-Exporting

Next, suppose that after export entry, marginal costs fall byϕLBE
i percent because

firm i gains new expertise ("learning-by-exporting").43 Planti will begin to export if

42This effect is more pronounced in the within- plant/product results in Table 2.2. It becomes small
and insignificant in the matching results in Table 2.3.

43In a dynamic setting, learning-by-exporting will lead to falling marginal costs over some time after
export entry. We interpretϕLBE

i as the (appropriately discounted) average annual decline in marginal
cost after export entry.
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the anticipated learning effects are sufficiently large:ϕLBE
i ≥ f(εi, F

E), where the

functionf is increasing in both arguments (see Appendix B.7).44 Thus, the larger plant

i’s export entry wedge, and the higher the fixed cost of exporting, the larger is the

required LBE to motivate export entry. LBE is typically characterized as an ongoing

process, rather than a one-time event after export entry. Empirically, this would result

in continuing efficiency growth after export entry. There is some evidence for this effect

in our data: Table 2.2 shows a downward trend in marginal costs during the first three

years after export entry. This is also confirmed by the matching results in Table 2.3,

but not in the balanced exporter panel in Table 2.4. Thus, learning-by-exporting can

explain parts of our results.

Complementarity between Technology and Exporting

Finally, we analyze the case where exporting goes hand-in-hand with investment in

new technology. To gain access to the new technology, a plant has to pay the fixed

costF I . As pointed out by Lileeva and Trefler (2010), expanded production due to

export entry may render investments in new technology profitable. In this case, plant

i will enter the foreign market if the additional profits (due to both a larger market

and lower cost of production) outweigh the combined fixed costs of exporting and new

technology. This can be expressed as a condition on the drop in marginal cost under

the new technology:ϕTEC
i ≥ g(εi, F

E, F I), where the functiong is increasing in

all arguments (see Appendix B.7). This setup implies that initially less productive

plants (with a larger export entry wedgeεi) will require a larger efficiency gainϕTEC
i

in order to start exporting. Thus, we should expect "negative selection" based on initial

productivity – a prediction that can be tested in the data (Lileeva and Trefler, 2010).

Table 2.6 provides evidence for this effect, reporting the change in marginal costs

(Panel A) and reported average costs (Panel B) for plants with low and high pre-

44Note that in contrast to the case of productivity shocks,FE now also determines the export entry
threshold. The reason is that efficiency gains under LBE occur only in conjunction with export entry,
while the productivity shocks discussed above are independent of export status.
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exporting productivity.45 Both cost measures show a substantially steeper decline for

initially less productive plants, as compared to exporters with high initial productivity.

The difference in coefficients is statistically significant in most cases (as indicated by

the p-values in the table). This result is in line with a complementarity channel where

exporting and investment in technology go hand-in-hand, and where initially less pro-

ductive plants will only make this joint decision if the efficiency gains are substantial.

45Following Lileeva and Trefler (2010), we use pre-exporting TFPR to split plants into above- and
below median productivity.
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Table 2.6: Differential Effect on Marginal Cost for Initially Low and High Productivity

Entrants

Periods After Entry 0 1 2 3

Panel A: Marginal Cost

Low Initial Productivity -.161*** -.186** -.335** -.352*

(.0534) (.0827) (.129) (.186)

High Initial Productivity .0656 -.0393 -.123 -.234

(.0499) (.0839) (.0834) (.162)

p-value 0.002 0.216 0.171 0.635

Treated Observations 184 129 80 37

Control Observations 518 363 229 107

Panel B: Reported Average Cost

Low Initial Productivity -.108** -.184*** -.256** -.424***

(.0519) (.0598) (.100) (.131)

High Initial Productivity -.0371 -.104 .0176 -.0275

(.0452) (.0779) (.0989) (.151)

p-value 0.094 0.866 0.001 0.005

Treated Observations 183 124 75 36

Control Observations 513 346 218 103

Notes: The table analyzes heterogenous effects of export entry, depending on initial productivity. Coefficients correspond to

the average effect of entry for entrants with initially low pre-exporting productivity, relative to high pre-exporting productivity

entrants. Outcome variable is the growth of marginal cost (Panel A) and average costs (Panel B), with respect to the pre-entry

period (t = −1). We use pre-exporting TFPR to split plant-products into above- and below- median productivity. The criteria

for selecting controls can be found in the notes to Table 2.3. Periodt = 0 corresponds to the export entry year. The criteria for

defining a plant as entrant are described in the notes to Table 2.2. The p-value corresponds to a test of different coefficient sizes

for low vs. high initial productivity plants. Robust standard errors in parentheses. Key: ** significant at 1%; ** 5%; * 10%.

The complementarity channel is also supported by detailed data on plant invest-

ment. ENIA reports annual plant-level investment in several categories. We analyze

the corresponding trends for export entrants in Panel A of Table 2.7. Overall invest-

ment shows an upward trend right before and shortly after export entry. Disentangling

this aggregate trend reveals that it is driven by investment in machinery, but not in

vehicles or structures. The evidence is thus in line with a complementarity between
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investment in new productive technology and export entry. The fact that investment

spikes already before export entry does not conflict with this interpretation – it typi-

cally takes some time until newly purchased machinery and equipment is installed and

fully integrated into the production process. In addition, the time lag suggests that (on

average) export entry is planned and prepared ahead of time, while the cost trajectories

documented above imply that efficiency gains occur once exporting begins. Overall,

this suggests a pattern where plant managers first decide to export, then perform the

necessary investment, and finally begin to sell to foreign markets when technology has

been updated.

Table 2.7: Investment and Input Price Trends Before and After Entry

Period: Before Pre-Entry ’Young’ Exp. ’Old’ Exp. Obs/R2

Panel A: Investment

Overall .1131 .4051 .4426 .2916 2,612

(.431) (.311) (.287) (.425) .54

Machinery .2453 .5428* .5718* .3181 2,612

(.432) (.313) (.291) (.436) .55

Vehicles .0631 .0501 .0708 .0772 2,612

(.374) (.242) (.230) (.361) .37

Structures -.0123 .1289 -.1395 .5261 2,612

(.422) (.303) (.274) (.455) .46

Panel B: Input Prices

All inputs -.151 -.0099 .190 .0558 8,078

(.179) (.172) (.148) (.200) .44

Stable inputs -.225 -.146 -.0171 -.00252 2,912

(.202) (.230) (.210) (.203) .35

Notes: This table analyzes investment and input prices before and after export entry, including only new export entrants. "Old

Exp." groups all periods beyond 3 years after export entry; "Young Exp." comprises export periods within 3 years or less after

export entry; "Pre-Entry" groups the two periods before entry, and "Before" includes all periods prior to that. Regressions in

Panel A are run at the plant level and control for plant sales, plant fixed effects, and sector-year effects (at the 2-digit level).

The coefficients in each column represent the average of the different types of investment (in logs) in each respective period.

Regressions in Panel B are run at the 7-digit input-plant level and control for plant-input fixed effects and 4-digit input sector-

year effects. In the first row of Panel B ("All inputs"), we use all inputs observed in the export entry year; in the second row

("Stable inputs"), we restrict the sample to the set of inputs that are also used at least two periods before and after export entry.

The criteria for defining a plant as entrant are described in the notes to Table 2.2. Robust standard errors in parentheses. Key:

** significant at 1%; ** 5%; * 10%.
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Alternative Interpretations: Returns to Scale and Input Prices

Economies of scale could potentially also explain declining marginal costs after ex-

port entry: if exporting goes hand-in-hand with a general expansion of production,

this could raise efficiency even without targeted investment in better technology, or it

could lower input prices due to volume discounts. However, several observations in

our data contradict this interpretation. First, our production function estimates suggest

approximately constant returns to scale in most sectors – the mean (median) sum of all

input shares is 1.024 (1.015). Table B.1 in the appendix reports the detailed estimates.

Second, the pattern of investment reported in Panel A of Table 2.7 suggests specific

technology upgrading, rather than a general expansion of production capacity. Finally,

Panel B in Table 2.7 examines input prices, reporting trends of the average price of all

inputs, as well as for a stable basket of inputs, i.e., those that are continuously used for

at least two periods before and after export entry. The table shows that input prices do

not decrease after export entry. If anything, inputs become somewhat more expensive,

which could be due to a shift to higher-quality inputs. In sum, these observations make

scale economies an unlikely explanation for the observed decline in marginal cost after

export entry.

On balance, our findings point to exporting-technology complementarity as an im-

portant driver of within-plant efficiency gains. In addition, there is some suggestive ev-

idence for learning-by-exporting in the years after entry. Importantly, we do not claim

that the observed effects are necessarily causal. In fact, the exporting-investment com-

plementarity combines both causal mechanisms, from exporting to technology and vice

versa. Our main contribution is independent of which exact channels drive the results:

we show that there are substantial efficiency gains associated with entering the export

market, and that the standard TFPR measure does not capture these gains because of

falling prices.
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2.5.2 ’Foreign Demand Building’? Prices of Exported vs. Domestic Goods

We observe that, on average, prices of plant-products fall hand-in-hand with marginal

costs after export entry. Understanding why prices fall is important for the interpre-

tation of our results; if they did not change, TFPR would reflect all efficiency gains,

making our marginal-cost based approach to measure efficiency obsolete. One possible

explanation is that firms charge constant markups, so that efficiency gains are passed

through completely to both domestic and foreign customers. An alternative explana-

tion predicts differential price changes in the two markets: when applied to the trade

context, ’demand building’, as described by Foster et al. (2012), implies that export

entrants charge lower prices abroad, in an attempt to attract customers where ’demand

capital’ is still low. Thus, in the context of our analysis, efficiency gains should be

passed on to a larger degree in foreign markets, i.e., we should expect a stronger de-

cline in export prices, as compared to their domestic counterpart. In the following, we

provide supportive evidence for this mechanism.

We can disentangle domestic and foreign prices of the same product in a subsample

for 1996–2000. For this period, the ENIA questionnaire asked about separate quantities

and revenues for domestic and international sales of each product. Thus, prices (unit

values) can be computed separately for exports and domestic sales of a given product.

Within this subsample, we identify ’young’ export entrants as plant-products that have

been exported for a maximum of 3 years and compare their average domestic and for-

eign prices before and after export entry. We find that within plant-products of ’young’

exporters, the price of exported goods is about 22% lower than pre-export entry, while

the price of the same good sold domestically falls by 7%.46 Assuming that the marginal

cost of production is the same for both markets, the results provide some evidence

that efficiency gains are passed on to both domestic and foreign customers – but sig-

46To obtain these estimates, we separately regress logged domestic and export prices (at the 7-digit
plant-product level) on an exporter dummy, controlling for plant-product fixed effects and 4-digit sector-
year effects. Table B.6 in the appendix shows the results.
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nificantly more so to the latter. While we cannot pin down the exact mechanism that

explains the observed price setting, our observations are in line with ’demand building’

in foreign markets.

2.5.3 Magnitude of Efficiency Gains

In the following, we gauge the magnitude of the observed within-plant efficiency gains

after export entry, comparing them to the well-documented revenue productivity gap

between exporters and non-exporters in the cross-section. In Table 2.1 we showed that

TFPR of exporters is about 13% higher as compared to all other plants. This is very

similar to the figures documented for US plants by Bernard and Jensen (1999). When

disentangling ’young’ exporters (maximum three years after entry) from ’old’ ones, the

difference in TFPR is small (2.9% higher for ’young’) and statistically insignificant.

Therefore, revenue-productivity must be higher for exporters from the beginning; it

does not increase substantially during the first years of exporting (see also Figure 2.4.1

and Table 2.2). This suggests that selection onrevenue-based pre-exporting productiv-

ity à la Melitz (2003) is also present in our sample. Thus, the observed exporter TFPR

premium of 13% is probably a good proxy for the magnitude of the selection effect.

Before comparing this cross-sectional figure to efficiency trends within plants, we

briefly discuss under which circumstances TFPR and marginal costs reflect gains in pro-

ductivity. As we showed in Section 2.2.2, constant markups imply that efficiency gains

are reflected in marginal costs, but not in TFPR. On the other hand, falling marginal

costs together with rising markups mean that at least part of the efficiency gains are

also reflected in TFPR. Our data show constant markups during the first years follow-

ing export entry. This allows for the straightforward interpretation that falling marginal

costs reflectadditionalefficiency gains that need to be added to the TFPR-based cross-

sectional exporter premium. For more mature exporters, there is also some evidence for

rising markups, so that efficiency gains may eventually be partially reflected in TFPR.

In this more complex case, the additional efficiency gains identified by our approach

71



are given by the percentage drop in marginal costs, net of the percentage increase in

TFPR (both relative to pre-exporting).

We follow two approaches when comparing within-plant marginal cost based effi-

ciency gains to the traditional exporter premium in the cross-section. For simplicity,

we refer to the gains not captured by TFPR as "additional gains". First, to obtain a

conservative estimate, we assume that additional efficiency gains are only present for

’young’ exporters during their first three years after entry – this is the horizon observed

in the data. In the context of our discussion in Section 2.2.2, this means that for ’old’

exporters, markups rise so much that all within-plant efficiency gains are then reflected

by TFPR. That is, after four years of exporting, markups have to rise by the same

proportion as marginal costs have dropped. In this (rather extreme) scenario, additional

efficiency gains are only due to new export entrants, over the first three years after entry.

On average, in our sample the share of ’young’ exporters among all exporting plants

is approximately 10%. Multiplying this with the average observed drop in marginal

cost from Tables 2.2 and 2.3 (20%) implies additional efficiency gains of 2% – about

one-sixth of the cross-sectional exporter premium.

Second, we derive an upper bound, assuming instead that the observed additional

efficiency gains for new exporters persist over time. For this to be true, the drop in prices

observed for ’young’ exporters must not be reversed by rising markups in later years.47

In this case, onlyfurther efficiency gains for established exporters would be reflected

in TFPR, while the earlier decline in marginal cost for ’young’ exporters (about 20%)

has become permanent – it only shows up in the form of lower marginal costs. Whether

the actual effect is closer to the lower or the upper bound depends on the extent to

which markups rise for ’old’ exporters (and thus translate efficiency gains into growing

TFPR). In our data, markups are only slightly larger for ’old’ exporters (with three

47This does not mean that markups must remain constant; for example, if marginal costs continue
to fall, markups can rise while prices remain unchanged. There is some support for this in Table 2.3:
three years after export entry, markups increase while prices are constant (since marginal costs fall at the
same time). The part of efficiency gains missed by standard revenue-based measures is then the drop in
marginal cost (28.2%), net of the rise in TFPR (13.7%), i.e., approximately 15% efficiency gains.
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or more years after entry) – by 2.4%, and this difference is statistically insignificant.

Consequently, the actual magnitude is probably closer to the upper bound estimate.

Thus, the additional within-plant gains from exporting that are identified by marginal

costs are likely of a similar magnitude as those observed for revenue productivity in the

cross-section.

Summarizing our findings on selection versus within-plant productivity gains, we

document that (i) new exporters have higher TFPR and markups already at the time

of entry; (ii) TFPR and markups do not change much during the first years following

export entry, but there is some evidence that they rise for more mature exporters; and

(iii) marginal costs and prices decline significantly after export entry, and this decline

is not reversed for ’old’ exporters. The first fact is in line with more productive firms

charging higher markups and sorting into exporting (c.f. Bernard et al., 2003; Melitz

and Ottaviano, 2008b). The second fact suggests a slower increase of markups over

time in our Chilean data, as compared for example to the immediate rise in markups

identified by De Loecker and Warzynski (2012) for Slovenian firms. Our result is com-

patible with ’foreign demand building’ of new exporters, as discussed in Section 2.5.2.

The third fact implies that export entry is also associated with within-plant efficiency

gains that are not reflected by TFPR, because they are passed through to customers in

the form of lower prices. For ’young’ exporters, pass-through is nearly complete, so

that efficiency gains are only reflected in declining marginal costs. For more mature

exporters, some of these gains are also reflected by TFPR due to rising markups, but

this trend is not strong enough to fully reflect within-firm efficiency gains after export

entry. Thus, conventional estimates miss a substantial part of the actual export-related

gains from trade.
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2.6 Conclusion

Over the last two decades, case studies and contributions in the management literature

have provided strong suggestive evidence for within-firm productivity gains from ex-

porting. A large number of papers has sought to pin down these effects empirically,

using firm- and plant-level data from various countries in the developed and developing

world. With less than a handful of exceptions, the overwhelming number of studies

has failed to identify such gains. We point out a reason for this discrepancy, and apply

a recently developed empirical methodology to resolve it. Previous studies have typi-

cally used revenue-based productivity measures, which are downward biased if higher

efficiency is associated with lower prices. Using a detailed Chilean plant-product level

panel over the period 1996-2005, we show that this bias is likely at work – new ex-

porters charge significantly lower prices. This is in line with evidence from new en-

trants in domestic markets. These typically lack connections with customers, whom

they seek to attract by charging prices close to marginal costs (c.f. Foster et al., 2012).

In order to avoid the effect of lower prices on the efficiency measure, we use

marginal cost, which is directly (negatively) associated with quantity-productivity in

standard production functions. We estimate marginal costs at the plant-product level

following the approach by De Loecker et al. (2012) – by first calculating markups un-

der an unrestrictive set of assumptions and then deriving marginal costs as the ratio of

price over markup. As a first step, we show that with the standard approach used in

previous studies (revenue-based productivity), we do not find evidence for productivity

gains after export entry in our panel of Chilean plants.

We then show that export entry is followed by a substantial decline in marginal costs

within plants – approximately 15-25%. Prices follow a similar trajectory after export

entry, suggesting that new exporters pass on most efficiency gains to their customers.

This explains why previous revenue-based studies have failed to identify these gains.

We also shed some light on the underlying mechanisms, guided by a stylized theoretical
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framework of export entry. Demand-side forces are unlikely candidates for explaining

the observed efficiency gains, because markups are unchanged after export entry, while

prices fall. Similarly, selection into exporting based on pre-existing productivity differ-

ences is probably not at the core of our results. Using propensity score matching, we

construct a control group of plant-products with comparable initial characteristics and

productivity trends. When using this comparison group, we find very similar results as

within plants.

We identify two likely drivers of within-plant efficiency gains after export entry:

first and foremost, a complementarity between export entry and technology invest-

ment. For this case, the theoretical framework (following Lileeva and Trefler, 2010)

implies negative selection on pre-exporting productivity. We show that this prediction

is born out by our data: initially less productive plant-products observe larger efficiency

gains after export entry. In addition, disaggregate investment data show a hike in ma-

chine and equipment purchases around the period of export entry. Second, the fact that

marginal costs continue to fall over 2-3 years after export entry suggests that learning-

by-exporting may be another driver of the observed efficiency gains.

In sum, our results suggest a revision of the evidence for productivity gains from

trade. So far, the main effects have been attributed to reallocation of resources across

plants, in the spirit of Melitz (2003). For example, Pavcnik (2002b) estimates that

these reallocation effects are responsible for approximately 20% productivity gains in

export-oriented sectors during the Chilean trade liberalization over the period 1979-86.

Using marginal cost as an efficiency measure that is more reliable than its revenue-

based counterparts, we show that within-plant efficiency gains after export entry have

been unjustly discarded – they are probably of the same order of magnitude as gains

from reallocation.
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CHAPTER 3

Income Distribution and Quality Sorting in Multiple

Product Firms

3.1 Introduction

Over the last decade, a large body of empirical and theoretical research has examined

the role of product quality in explaining trade patterns. Product quality has been pointed

out, for instance, as a likely factor explaining why exporters charge higher unit values

in rich countries (Schott, 2004; Hummels and Klenow, 2005; Hallak, 2006). Despite

the extensive research, a relatively unexplored topic is related to the role of product

quality in determining the trade patterns of multi-product firms. Such firms dominate

world trade (Bernard, Jensen, Redding, and Schott, 2007a). However, little is known

about how they allocate products across destinations when they produce products of

different quality. While it may be possible for firms to ship the same product portfolio

to all destinations, the fact that export unit values tend to be higher in richer countries

suggests that firms may systematically vary quality across countries.

In this paper I study how multi-product firms use quality to target different markets.

To that end, I build a quality model that features non-homothetic demand for quality,

heterogeneous consumers, and heterogeneous firms. As in Fajgelbaum, Grossman, and

Helpman (2011), I assume a complementarity between the consumption of a homo-

geneous good and the quality of vertically differentiated varieties. The model displays

sorting of consumers into qualities: poor consumers purchase none of the differentiated

good, middle-income individuals consume low quality, while rich individuals consume
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high quality. The basic intuition behind this result is that, although high quality is

desirable for customers, only a fraction of them can afford it because high quality is

expensive. If consumers’ incomes are heterogeneous, the aggregate demand for each

quality level will depend on the relative size of the group of consumers that value the

particular quality levelandcan afford it. Since aggregate demand for each quality level

determines the actual quality mix of firms in each country, it follows that firms’ quality

allocation across destinations depends not only on the average income of the country,

but on the entire distribution of income of the country as well.

In the model, the choice of vertical and horizontal attributes is made in different

levels. Consumers first decide the quality level of the horizontally differentiated va-

rieties, and then the amount of each variety they want to consume. This framework

differs from related quality studies, where quality is modeled as a parameter in mod-

els with horizontally differentiated varieties and representative consumers, in the spirit

of Melitz (2003).1 I argue that this type of quality extension is inadequate for under-

standing quality patterns across destinations. When consumers have preferences à la

Dixit-Stiglitz for horizontally differentiated products, they have a positive demand for

all varieties available in the market. Since in these models product quality is introduced

as a utility-augmenting parameter, firm revenues and demand are mechanically higher

for high-quality products. However, I show in this paper that in fact, the opposite is

true in the data: within firms, low-quality products account for the largest part of firms’

revenues in each destination. I interpret this as evidence that the composition of con-

sumers within countries matters for explaining trade patterns, and as a motivation for

my model, where consumer’s heterogeneity plays a predominant role.

My model is not only consistent with the fact that low-quality varieties account for

the largest fraction of exporting firms’ revenues, but also has important implications for

the role of the income distribution.2 The model predicts that in countries with a smaller

1See, for example Baldwin and Harrigan (2011); Kugler and Verhoogen (2012b); Manova and Zhang
(2013), among others.

2To derive these predictions, I rely on the working assumption that income distribution is positively

77



middle class, firms tend to skew their exports towards products of higher quality. In-

terestingly, this effect is nonlinear and depends on the average income of the country.

In poor countries, the effect tends to be stronger, while in rich countries the effect is

weaker. The intuition for this result relies on the fact that in poor countries, higher

income dispersion translates proportionately into more rich consumers. In contrast, in

rich countries, higher income dispersion occurs not only with more rich consumers, but

also with more poor consumers. Since in the model, quality demand is driven by the

aggregate mass of rich and poor consumers, higher income dispersion tends to have a

stronger effect within the group of relatively poor countries.

The model also has implications for the effect of country size and average income

on firms’ quality patterns. According to the model, the profitability of exporting any

products increases with country size and average income, but the effect is relatively

stronger for low-quality varieties. This suggests that firms’ export bundle to richer and

larger countries contains relatively more low-quality varieties. Note that this does not

imply that consumers in richer or larger countries have access to less high-quality va-

rieties. Since richer and larger countries are more profitable in all quality segments,

consumers in these countries have access to more high- and low-quality varieties in

absolute terms. However, the effect I document implies that poor consumers in these

countries have access to relatively more low-quality varieties than poor consumers in

poorer and smaller countries. This suggests, as in Fajgelbaum et al. (2011), that the

model has distributional welfare implications depending on the level of income of con-

sumers and country characteristics.3

Validating the predictions of the model is a particularly challenging task, because

product quality is ultimately unobservable, and trade datasets do not allow for iden-

tifying the attributes of individual varieties. The literature typically bypasses these

skewed-a feature that is consistent with the data-which implies that within countries, there are relatively
more people below than above the mean income.

3I do not study the welfare implications of the model in this paper. However, this is an interesting
topic for future study.
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measurement issues by using unit values –defined over generic product categories– as

a quality proxy. However, unit values have two important limitations. First, differences

in unit values reflect not only differences in quality, but also in markups (Simonovska,

2013). Second, existing studies typically observe product categories rather than clearly

identified products. For example, products as diverse as wine are often summarized in a

single category. This leads to a composition effect of the exported product bundle: Sell-

ing relatively more high-markup products to a given destination would be (mistakenly)

interpreted as an increase in product quality.

I avoid the above-mentioned limitations of unit values by using a unique customs-

level dataset for Chilean wine exports to test the main prediction of the model. The wine

industry is particularly well suited for verifying the validity of the main mechanisms

of the model, because (1) it features a high degree of vertical product differentiation,

and (2) firms are predominantly export-oriented –over two thirds of wine production

is exported. Importantly, this dataset allows me to define measures of quality that are

not subject to compositional effects. The data I use contains detailed information on

the attributes of each exported wine variety: brand name, wine grape (e.g.,Cabernet

Sauvignonor Merlot), vintage, domain of origin, and bottle capacity, among other at-

tributes. This allows me to identify products with a high degree of confidence, and to

work with price measures that are virtually perfect proxies for the actual transaction

price.4 This feature of the data is extremely important in my empirical setting, because

it allows me to analyze the within-firm quality variation across countries, controlling

for variable markups and compositional effects, which are commonly not considered in

other studies.

The model suggests that the relevant measure of income distribution is the share

of the population consuming high-quality products. Since such information cannot

4The price I use in this paper is still a unit value, since it is calculated as the weighted average of all
shipments over a year. Thus, the price measure will fail to identify price variations within a year or within
countries (which could happen if firms’ prices discriminate across regions of a country). However, this is
not a limitation for my analysis, because I am not interested in studying within-, but rather across-country
annual patterns.
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easily be derived from readily available measures of income inequality –such as the

Gini index–I estimate the income distributions for the 104 countries in my sample and

derive the share of relatively rich consumers that are likely to purchase high-quality

products in each country. I use these measures to check whether the main mechanism

of the model is observed in the data.

The data lends strong support to the main predictions of the model. I document

three main findings. First, firms export higher volume and more products to larger and

richer countries. However, in relative terms, firms tend to skew their exports towards

low-quality products. This is consistent with the idea that when income distributions are

positively skewed, an increase in the size or average income increases relatively more

for the fraction of middle-income consumers than for rich consumers. Second, firm-

level exports of high-quality products are relatively higher in countries with a smaller

middle class. Third, consistent with the main prediction of the model, I find the effect

of income distribution to be quantitatively relevant only for middle- and low-income

countries. I estimate a threshold income of about US$22,000-roughly the income level

of Slovenia in the year 2005-below which the effect is quantitatively important.

My paper fits within a growing literature that studies the relationship between prod-

uct quality and trade. The early findings in Schott (2004), Hummels and Klenow

(2005), and Hallak (2006) of a positive relationship between importer per capita in-

come and product unit value paved the road for posterior, firm-level empirical work,

which confirmed the positive relationship found in country-level studies.5 Subsequent

work focused on testing the implications of models of firm-level quality heterogeneity

based on Melitz (2003). Baldwin and Harrigan (2011) have proposed a model where

high-quality firms are also the most competitive firms, and show evidence supporting

a positive relationship between unit values and distance, and a negative relationship

5See, among others, Bastos and Silva (2010b) for Portugal; Baldwin and Harrigan (2011), for the
United States; Manova and Zhang (2013) for China; Martin (2012) for France; Görg, Halpern, and
Muraközy (2010) for Hungary; and Hallak and Sivadasan (2013) for a comparative analysis using data
from India, the United States, Chile, and Colombia.
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between importer size and remoteness.6 Kugler and Verhoogen (2012b) provide addi-

tional support to the idea that it is costly to produce quality. Their model implies that

more productive firms use more expensive input and produce more expensive outputs.

This prediction is verified by the authors using Colombian firm-level data, and also by

Manova and Zhang (2012b) for the case of China. In contrast to these contributions,

in my model I assume a homogeneous constant marginal cost for all quality levels. In

this way, I avoid obscuring the main mechanism, which relies on differences in the

distribution of labor endowments (and thus income) across destinations.

This paper is closely related to a recent literature that studies the effects of income

inequality on international trade. Choi, Hummels, and Xiang (2009) pioneered the

study of the relationship between income distribution and trade patterns in vertically

differentiated products, showing that countries with more similar income distribution

have more similar import price distribution. Fajgelbaum et al. (2011) develop a theoret-

ical model with non-homothetic preferences that relates the shape of a country’s income

distribution and the pattern of trade of vertically differentiated products. In their model,

richer countries have a relatively larger home demand for high-quality goods, and tend

to specialize in exporting high-quality products. They find that income inequality has

an ambiguous effect on the domestic demand for high-quality goods. However, under

certain conditions they show that it increases the demand for high-quality products.7

Although closely related, my paper differs from Fajgelbaum et al. (2011) in that I fo-

cus on firm-level patterns, while they focus on the study of country patterns of trade in

vertically differentiated products. In my model I allow multi-quality firms with hetero-

geneous productivity. This feature is not present in Fajgelbaum et al. (2011), and allows

me to derive a richer set of implications for firms. Finally, in contrast to Fajgelbaum

et al. (2011), I provide empirical evidence for the quality patterns I document in the

theoretical model.
6These findings are also confirmed in a similar setting by Johnson (2012).
7They need to assume that the proportion of the population consuming low-quality products is larger

for all income levels. Although similar, this condition is somewhat stronger than imposing positively
skewed income distributions, as I do in this paper.
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A few recent contributions provide empirical evidence for the relationship between

importers’ level of income inequality and product unit values. The evidence is in gen-

eral inconclusive. While Bekkers, Francois, and Manchin (2012) document a negative

relationship between income inequality and unit values for a large set of countries,

Flach and Janeba (2013) find a positive relationship between income inequality and

unit values for a sample of Brazilian exporters.8 Latzer and Mayneris (2012) find evi-

dence of a positive relationship between income inequality and unit values only for the

set of rich importers. I contribute to this literature by providing an explanation for the

apparently contradictory results. In my model, I show that the effect of income inequal-

ity on the demand for high- and low-quality goods varies according to the income of

the importing countries. I provide evidence supporting this mechanism, and in contrast

to the above-mentioned studies, I use measures of product quality that are not subject

to the usual limitations of unit values.

My paper is not the first to use data from the wine industry to study quality patterns

in trade. Crozet, Head, and Mayer (2012) use firm-level data from the French Cham-

pagne industry to estimate a quality version of Melitz (2003). Using ratings from wine

experts as a quality proxy, they document quality sorting of firms into destinations, and

a positive relationship between quality and firms’ unit values. My paper differs from

their analysis in that I focus on the within-firm quality heterogeneity, whereas their

study is focused on quality patterns at the firm level. Another closely related contribu-

tion is Chen and Juvenal (2014). These authors use information from the Argentinean

wine industry to study whether the extent to which firms’ price-to-market is exacerbated

or lessened for higher-quality goods. Unlike Chen and Juvenal (2014), in this paper I

exploit the cross-sectional dispersion of quality, while they use the temporal variation

of quality and exchange rate movements to identify the pass-through from exchange

rate into prices.

8Bekkers et al. (2012) interpret their finding as evidence in favor of hierarchical preferences as op-
posed to other demand structures. The preferences I use in my model can be seen as a reduced form
of hierarchical preferences, with an essential homogeneous good and a luxury, vertically differentiated
good that is ranked below the homogeneous good in the list of necessities.
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Finally, my paper relates to the literature estimating product quality using trade data.

Khandelwal (2010) estimates product quality using U.S. import data. His methodology

is based on the insight that within countries exporting a given product (conditional on

price) higher-quality goods should have a higher market share.9 Hallak and Schott

(2011) use a similar methodology to derive industry-level quality indexes for a cross-

section of countries, while Gervais (2014) and Piveteau and Smagghue (2014) develop

a method for recovering firm-level quality. In contrast to this literature, instead of

estimating quality I use quality measures in the spirit of Crozet et al. (2012) and Chen

and Juvenal (2014).

The rest of the paper is organized as follows. Section 3.2 provides general back-

ground on the wine industry, discusses the main features of the dataset I use in this

paper, and presents the stylized facts that serve as the motivation for the theoretical

model. Section 3.3 presents the model and the main testable empirical predictions.

Section 3.4 discusses the empirical strategy and presents the main empirical results.

Section 3.5 concludes.

3.2 Background and Data

In this section I provide background on the wine industry. Then I describe the main

dataset used in the paper. Finally, I show the two main stylized facts that serve as the

basis for the theoretical model I present in section 3.

3.2.1 The Wine Industry

The wine industry has many features that make it particularly well suited for studying

quality patterns in international trade. First, available evidence suggests that it satisfies

two important assumptions of monopolistic competition: varieties feature a high degree

9Operationally, Khandelwal (2010) estimates a nested logit and recover quality for each product-
country-year triplet from country-product and year fixed effects.
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of product differentiation, and the industry is composed of a large number of relatively

small competitors. Second, the vast majority of producers are multi-product firms, and

their products display a wide variation in quality. Both elements are important for the

theoretical and empirical analysis I perform in this paper. The monopolistic competition

assumption is at the core of recent models of international trade, and it is a central

piece in the model I present in section 3.3. In addition, the fact that varieties are not

only horizontally but also vertically differentiated is key for the validity of the results

in section 3.4, where I exploit the within-firm quality variation across destinations.

A basic requirement for an industry to be monopolistically competitive is the pres-

ence of differentiated products. The wine industry satisfies this assumption. Wines are

differentiated in various dimensions, and consumers have different preferences for each

of these attributes. Perhaps one of the most important differentiating elements is the re-

gion of origin of the wine. Theterroir–the land where the grapes are grown– determines

the quality and specific attributes of the wine. Wineries use this information in the com-

mercialization of fine wine, printing thedomain of origin(D.O.) of the grapes on the

labels of fine wine. In addition to the domain of origin, the vintage of the wine-the year

in which grapes where harvested-and the wine grape (e.g., Cabernet Sauvignon, Pinot

Noir, Merlot) play a relevant differentiating role in wine commercialization. While the

vintage of the wine-in combination with its domain of origin-might be an indication

of quality, wine grape type is a horizontal attribute for which consumers have different

preferences.10 Finally, even within the same terroir, vintage, and wine grape, wines may

differ in other attributes, such as the degree of astringency, sweetness, aroma, bouquet,

and flavor.

A second requirement of monopolistic competition is the presence of a large number

of producers participating in the industry. This assumption is also satisfied by the wine

industry. According to Morgan Stanley, in 2013 there were over one million wine

10Grape quality crucially depends on the climatic condition in which grapes are grown; thus, the
vintage of the wine-in combination with its domain of origin-might be an indication of its quality.
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producers in the world.11 While the possibility of large domestic leaders dominating

the industry cannot be dismissed, the evidence suggests that producers are typically

small compared to the size of the market.

Finally, I discuss quality differenceswithin wineries. In contrast to other manufac-

turing industries, wine production features a close connection with upstream activities

–grape growing and harvesting. As a result, a vast majority of wineries are vertically

integrated over vineyards. There are two main reasons for this. First, the transportation

of grapes over long distances is usually not possible without rotting or crushing the

grapes. Second, grape-growing conditions strongly determine the attributes of the wine

(e.g., flavor, aroma), which makes it advisable for wineries to closely supervise ev-

ery stage of the grape-growing process. Vertical integration tends to be more common

among wineries with a focus on the production of fine wine, while grape acquisition

from third parties is more common in the production of table or bulk wine.12

Wineries typically produce multiple varieties of wine in different quality segments.

This is partially due to the fact that, even within a vineyard, the quality of the grapes

might vary significantly. In general, quality differences in the grapes can occur either

as a consequence of actions taken by the winemaker during the grape-growing stage,

or by the presence ofmicro-terroirs, where grapes grown achieve an unusually high

level of quality.13 In addition, even if similar grapes are used in wine production, the

winemaker can arbitrarily improve the wine quality by using inputs of better quality

(e.g., ageing the wine in new oak barrels instead of stainless steel tanks) or adapting

the production process to the particular chemical properties of the grapes. When there

are differences in the quality of the grapes or must, fermentation and ageing is typically

11http://blogs.reuters.com/counterparties/files/2013/10/Global-Wine-Shortage.pdf
12According to information I collected in interviews with Chilean wine producers, mixed regimes-

with wineries producing a portion of the grapes and buying the rest from third parties-are also common
in the industry and occur in both large- and small-scale wineries.

13For instance, the practice of pruning vines improves fruit quality, because it allows bunches to re-
ceive more nutrients from the soil. In addition, vine-pruning is believed to help the stabilization of
production over time, since vines are not stressed in particular years with unusually high or low nutri-
ents.
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done in different tanks, and the resulting wine packaged under different brand labels.

To avoid significant differences in the quality within brand labels, winemakers blend

the fermented or aged must from different tanks, so that the wine contained in any pair

of bottles of the same brand is very similar.

3.2.2 Data

The main data I use comes from the Chilean wine industry, which has a long wine-

making tradition that goes back to the eighteenth century. However, until 1980 wine

production was performed in a relatively rudimentary way, and the resulting wine was

not adequate for exporting due to its low quality standards. Only in the decade of the

1980s did Chilean wine production take off, after the introduction of new production

techniques and the start of joint ventures between Chilean wineries and foreign wine

producers that facilitated technological transference from abroad.14 Since then, Chile

has become one of the world’s most dynamic wine regions. According to the Food

and Agriculture Organization (FAO), Chile was the seventh-largest wine producer in

2010. Wine production in Chile is predominantly export-oriented: less than one-third

of total Chilean production is consumed domestically (Wines of Chile, 2010).15 As

shown in Figure 3.2.2, Chilean wine is exported to practically all countries in America,

Europe, and East Asia. The main markets out of the total of 128 destinations where

Chilean wine was exported during the period 2005-2010, were the United States and

Great Britain, followed –with a significant gap– by Canada, the Netherlands, Brazil,

Ireland, Denmark, Germany, Japan, and Mexico.

14A key technological innovation that allowed for more efficient production was the replacement of
wooden vats with stainless steel tanks used for fermentation. The leaders in adopting this production
technique were Miguel Torres, a Spanish winery that began producing in Chile in 1981, and Vina Canepa,
a traditional Chilean winery. For a more detailed description of the Chilean wine industry in historical
perspective, see Agosin and Ortega (2009).

15This is in stark contrast to other wine-producing countries, such as the United States, Argentina,
China, or Italy, where over 60% of overall production is for domestic consumption (see Wines of Chile,
2010).
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Figure 3.1: Chilean FOB Exports Value by Importing Country (in US$ millions, aver-

age 2005-2010)

Notes: The Figure shows the average FOB value of bottled Chilean wine exports (HS code 2204.21) to

each country over the period 2005-2010. All values are in current U.S. dollars. Countries are shaded to

illustrate their import intensity of Chilean wine: darker (lighter) territories import more (less) Chilean

wine. The data is from the Chilean Custom Service and provided by Intelvid. See section 3.2.2 for a

more detailed description of the data

The data I use is shipment-level data for Chilean wine exports.16 This data is col-

lected by the Chilean Customs Service and processed by Intelvid, a Chilean market

intelligence company that provides analytic information on Chilean wine exports to

Wines of Chile-the main association of Chilean wineries-. It covers the universe of

wine exports for all shipments made between 2005 and 2010.17 The data is available

at a monthly frequency. However, I aggregate it up to the annual level to avoid con-

founding effects of seasonal patterns in export shipments. For each shipment, the data

contains information on the firm name and tax ID, destination country, FOB value (in

U.S. dollars), volume (in liters), and FOB price of the shipment. In addition, the data

contains two lines of product attributes, with information on the brand name, the type

16In appendix C.1, I provide a more detailed description of the dataset.
17The Chilean Customs Service requires all exporters to register the quantity, value, and a detailed

description of each shipment valued at US$2,000 or more. Unlike other customs-level datasets (e.g.
countries in the Euro Zone), I observe the value of low-value shipments, although for these there might
be less detail regarding the attributes of the exported good.

87



of merchandise (e.g. "red wine" or "white wine"), wine grape (e.g., Cabernet Sauvi-

gnon or Merlot), vintage year, and other complementary information, such as alcoholic

graduation, volatile acidity, vintage, and packaging (e.g. bottles of 750 c.c., or boxes of

3 liters).

To avoid comparing wine in different formats (e.g., bulk, bottled, in bags or boxes),

I restrict the sample to the subset of bottled wine in containers of less than 2 liters. I also

drop the few shipments of sparkling wine (less than 1% of the total FOB value). After

these adjustments, the product data can be mapped to the 6-digit HS code "Wine other

than sparkling from fresh grapes, including grape must with fermentation prevented or

arrested by the addition of alcohol, in containers holding 2 liters or less" (code 2204.21).

Table 3.1 suggests that this choice does not affect the representativeness of the dataset:

bottled wine exports comprise around 85% of total exports (column 4), and over 99%

of the FOB value reported in COMTRADE for bottled wine (column 5).

Table 3.1: Chilean Wine FOB Exports

FOB value (in US$ million) Bottled Wine (Value)

Year Bottled Bulk Sparkling Other Total % Total % Comtrade

2005 750.6 108.9 3.8 21.2 884.5 84.9 99.5

2006 830.6 106.5 4.5 21.5 963.1 86.2 99.0

2007 1,088.0 127.1 5.8 40.7 1,261.5 86.2 99.8

2008 1,168.0 144.1 9.9 60.7 1,382.7 84.5 99.5

2009 1,146.0 174.6 9.6 58.1 1,388.3 82.5 99.6

2010 1,281.6 204.0 13.0 56.6 1,555.2 82.4 99.9

Average 1,044.1 144.2 7.8 43.1 1,239.2 84.3 99.6

Notes: The table displays the total free-on-board (FOB) value of Chilean wine exports for the period 2005-

2010. Column 2-5 decompose total exports in bottled, bulk, sparkling, and other categories of wine (in box

and bag, and made from pulp of fruit). Column 7 computes the ratio of bottled wine value (column 2) to

total wine export value (column 6). Column 8 computes the ratio of bottled wine in my sample with official

statistics from COMTRADE.

The trade literature usually defines products in terms of highly disaggregated (10-

or 12-digit) HS codes or similar nomenclatures (see Khandelwal, 2010; Hallak and
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Schott, 2011; Manova and Zhang, 2012b, among others). The Chilean data can easily

be mapped to 10-digit HS codes using information of the wine grapes as well.18 How-

ever, if such disaggregation is performed, the resulting products would be composed

of varieties featuring very different horizontal and vertical attributes. To bypass this

issue, I define products in terms of the brand name printed on the label. This ensures

that when comparing products across destinations, any variation in the price or value

of a given shipment is not due to compositional changes, but to actual changes in the

product.

Data Cleaning

In order to ensure consistent brand categories, I follow three steps. First, I drop obser-

vations were no brand name can be identified. Second, I only consider data from firms

with exports over US$250,000. To classify firms as wine manufacturers I manually ver-

ify (1) the website of the exporter (if any), (2) the existence of wine brand associated

with the exporter, and (3) whether the exporter was mentioned in the "Vineyards and

Wineries of Chile Compendium" Nuevos Mundos (2004). Finally, in order to avoid

outliers as well as bulk wine mistakenly classified as bottled wine, I drop the triplets

firm-country-year where the average unit values are lower, with FOB prices lower than

US$5 or higher than US$1,000 per 9-liter box (399 observations). The final dataset

consists of 422,315 shipments, comprising 131 wineries and 1,334 brands exported to

143 destinations.

3.2.3 Preliminary Analysis

I begin this section by providing descriptive statistics on the within-firm product di-

mension, which is the main innovation of this wine data with respect to other datasets.

18Product classifications higher than 6 digits reflects local production and usually differs from country
to country. In the case of Chile the disaggregation from 6 to 10 digits enlarges the number of product
categories to 31 (see http://www.aduana.cl/exportaciones/aduana/2007-04-16/165951.html).
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Panel A of Table 3.2 shows summary statistics for the number of exported products

by firm, and destinations by firm and by product for the year 2007.19 Consistent with

the evidence in Bernard et al. (2007a), the distribution of products and destinations is

positively skewed. While firms export an average of 7.2 products, the median number

of products is only 5 (row 1 in Table 3.2). This reflects the existence of a fat upper tail:

firms in the 75th percentile of the distribution export 23 products-about two standard

deviations over the mean-and the top firm exports 40 products. Rows 2 and 3 sug-

gest that the number of destinations by firms and products follows a similar patterns to

the distribution of products, with the mean being considerably higher than the median

number of destinations by firm and product.

Table 3.2: Descriptive Statistics, year 2007

Mean St.Dev. Min 25th Pctile Median 75th Pctile Max

Panel A: Products and Destinations by Firm

# of Products 7.2 7.1 1 3 5 23 40

# of Destinations by Firm 18.9 16.8 1 7 14 52 106

# of Destinations by Product 11.0 14.1 1 3 6 14 102

Panel B: Log Price across Firms, Products and Destinations

Log FOB price 3.97 0.83 2.32 3.34 3.80 4.42 6.21

Residual log price:

- Country FE 0.00 0.81 -1.87 -0.59 -0.15 0.47 2.44

- Firm FE 0.00 0.66 -2.02 -0.48 -0.08 0.38 2.35

- Firm*Country FE 0.00 0.60 -1.61 -0.39 0.00 0.35 2.43

- Brand FE 0.00 0.15 -1.65 -0.06 0.00 0.06 1.27

Notes: Wine prices are expressed in U.S. dollars per 9 liters. For computing the residual prices
shown in panel B I run regressions with the logarithm of the FOB price agains a constant and the set
of fixed effects specified in the corresponding row.

Results in rows 2 and 3 of Table 3.2 suggest that firms vary the portfolio of products

across markets. As can be seen, the distribution of the number of destinations by firm

seems to first-order stochastically dominate the distribution of destinations by product.

19Results are not qualitatively different if any other year in the sample is chosen.
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Since the sum of all destinations covered by the different products should add up to the

number of destinations covered by firms, this implies that firms’ product portfolios do

not overlap perfectly across destinations-i.e., firms target products to specific markets.

This fact motivates the analysis in the next section, where I study if this difference in

the number of destinations by firm and product is systematically correlated with the

quality of the products.

In panel B of Table 3.2, I show descriptive statistics for the logarithm of the price,

and illustrate its variation across firms, products, and brands. The first row reveals that

log prices vary substantially across brands and countries: the standard deviation is 0.83.

Rows 2 to 5 analyze how the different margins account for the overall variation of log

prices. When controlling for country fixed effects, the standard deviation of log prices

only falls from 0.83 to 0.81, which suggests that only a minor part of the price variation

is due to difference in average prices across countries. Rows 3 and 4 suggest that the

firm margin is by far more relevant. However, even when including firm and country

fixed effects, the standard deviation of log prices only falls to 0.60. In row 5 I replicate

the exercise, including product fixed effects instead. Results here suggest that in fact,

most of the variation is accounted for by differences in the average price of brands: after

controlling for brand fixed effects, the standard deviation of log prices falls to 0.15.20

This last margin is precisely the object of study in this paper. Because the data used

in the previous literature did not allow to account for this margin, it underestimates the

overall variation in the price of internationally traded products across destinations.

Table 3.2 provides general background on the different margins exploited in this

paper (firms, destinations, products). However, it says little about which type of prod-

ucts are more important for the firms in terms of revenues, or about the actual within-

firm product distribution across destinations. In Table 3.3 I take a step forward in this

20The residual variation in log prices in the last row of Table 3.2 can be thought of as an indication of
the extent to which product markups account for the overall price dispersion. The numbers in this table
suggest that product markup accounts for about 18% of the overall dispersion in the price of exports of
bottled Chilean wine across destinations.
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direction, by analyzing whether expensive or cheap products matter more for firms’

revenues. Products in the table are ranked from left to right in terms of sales, and from

top to bottom in terms of price.21 The first column shows that the top-selling prod-

ucts rarely coincide with the most expensive products of a firm. In over three-quarters

(5.9/8.0) of the firms, the top-selling product is ranked 5 or below in terms of price.

Similarly, the most expensive product of a firm is usually ranked fifth or below in terms

of export revenues.

Table 3.3: Distribution of Products by Sales and Price Rank, 2007

Products Rank by Sales

Price Rank 1 2 3 4 5+ Total

1 0.3 0.1 0.6 0.8 7.3 9.0

2 0.4 1.2 0.8 1.0 5.5 9.0

3 0.6 1.1 1.1 1.4 4.7 9.0

4 0.8 2.1 0.6 1.0 4.6 9.0

5+ 6.9 4.4 5.9 4.8 42.1 64.1

Total 9.0 9.0 9.0 9.0 64.1 100.0

Notes: Table displays the joint distribution of Chilean wine brands by
within-firm sales and price rank. The top ranked product in each cate-
gory is assigned a rank equal to 1. See section 3.2.2 more details on the
data description.

Results in Table 3.3 are striking, since they contradict the patterns predicted by

the quality extensions of Melitz (2003) or Melitz and Ottaviano (2008b) for multi-

product firms (see Manova and Zhang, 2013).22 This type of model is characterized

by a representative consumer who has preferences over a continuum of horizontally

differentiated varieties. Quality is usually introduced as a demand-augmenting param-

eter in the preferences. Since in this model consumers buy at least some units of all

21I only consider firms producing at least four products in this table.
22Manova and Zhang (2013) document the opposite result: in their Chinese dataset the top-selling

varieties tend to be the most expensive articles. I attribute this discrepancy to the fact that the data they
used is subject to aggregation bias. They define products in terms of customs-level codes (10-digit HS
codes), which implies that in their dataset products are not strictly "varieties" of a product, as assumed
in models of horizontally differentiated products.
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differentiated goods, it naturally follows that their demand for high-quality products is

relatively higher than for low-quality goods. While this pattern is feasible when the

demand parameter is generally interpreted as "product appeal" , it is more problematic

when analyzing about vertically differentiated goods. When individuals buy cars, they

usually buy the best model that they can afford given their resources: if they are looking

for a compact car, they either buy a BMW i3 or a Honda Fit, but not both (or a contin-

uum of cars of different qualities).23 This is also true in other industries, such as wine:

Sophisticated rich consumers do not buy cheap wine packed in bags, nor do less afflu-

ent consumers buy $100 bottles. In this paper, I argue that, instead of forcing models of

horizontal differentiation to explain quality patterns, it is natural to think about the fea-

tures that better characterize consumer demand for vertically differentiated products.

In particular, in the model I present in the next section, I introduce consumer income

as the main driver of quality demand. Instead of assuming a representative consumer,

I allow consumers to differ in their level of income. This simple modification has im-

portant implications for the within-firm trade patterns of quality across countries. The

evidence I present in section 3.4 supports the main mechanism of the model.

3.3 A Simple Quality Model

In this section, I develop a model that incorporates the factors that determine the quality

mix of exports across destinations. The world is composed byI asymmetric countries

trading with each other. Hereafter, the exporting country is represented by the subscript

i, and the importing country byj. Consumers are endowed with different amounts of

effective labor, which is supplied inelastically to firms at the market wage rate. Firms

use labor as the only production factor, and they are heterogeneous in their productivity.

Countries may differ in their size and distribution of labor endowments, but they share

the same preferences and productivity distribution.

23The manufacturer’s suggested retail price (MSRP) for a BMW i3 is in the range $41,350-$45,200,
while the MSRP for a Honda Fit is $15,525-$20,800 depending on the amenities included.
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In each country, there are two industries: a homogeneous-good sector, and a sector

producing varieties of a differentiated product. The homogeneous sector is perfectly

competitive and produces a good that is consumed domestically under constant returns

to scale. The homogeneous good is produced by all countries. I use this good as the

numeraire and normalize its price to one in all countries. This implies a unit wage rate

per unit of effective labor. In contrast, the differentiated product sector is composed

of a continuum of monopolistic competitors, each of whom produces a differentiated

variety. Varieties are traded internationally, and may differ in their horizontal attributes

(e.g., shape, color, etc.), as well as in their vertical attributes (e.g, quality). While there

is a continuum of horizontal attributes in which products may differ, I assume that there

are only two quality levels: high (H) and low (L).

Firms in the differentiated sector operate in both quality segments. For analytical

simplicity, I abstract from the firm’s product scope decision and assume that firms can

produce at most one variety in each quality segment. Since the aim of the model is

to understand how the relative quality of firms’ exports varies across destinations, this

simplification is immaterial for the main implications of the model.

3.3.1 Consumption

Consumers derive utility from the homogeneous good (z) and the varieties consumed in

the differentiated good sector. The homogeneous good can be consumed in any amount.

However, the differentiated varieties come in the form of composites of different qual-

ities, and can only be consumed as a whole.24 This implies that the consumption of

the differentiated good-and not the amount of it consumed-is what gives utility to the

consumer.25 I follow Flach and Janeba (2013) in specifying the following functional

form for consumers’ preferences:

24In the model, quality is represented as a parameter in the utility function. Thus, it involves any
feature-either subjective or objective-changing the appeal of twoex ante identical products to the con-
sumer.

25This assumption is common in models of product quality with non-homothetic preferences. See
Flam and Helpman (1987); Fajgelbaum et al. (2011); Flach and Janeba (2013), among others.
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Uj = z · q (3.1)

with

q =





qH , if q = H

qL, if q = L

1, otherwise.

(3.2)

whereqH > qL > 1, and{qH , qL} are parameters translating quality into utility units.

The consumer optimizes choosing the quality of the differentiated good, and the amount

of the homogeneous good to be consumed. If he chooses qualityq ∈ {H, L}, he

consumes one unit of a CES composite of horizontally differentiated varieties with

elasticity of substitutionσq. I assumeσL > σH , which implies that low-quality products

are more substitutable than high-quality products.

The utility function (3.1) features a few interesting properties. First, the homo-

geneous good and the quality of the differentiated good are complementary in con-

sumption. This feature, –which is common to related models of vertical differentiation

(see Flam and Helpman, 1987; Fajgelbaum et al., 2011, among others)–implies that

the marginal value of quality is higher for richer consumers and is useful in generating

non-homothetic aggregate demands. Second, consuming the differentiated good only

delivers strictly positive utility if some of the homogeneous good is already consumed.

Thus, some consumers may choose to consume none of the differentiated good. This

property will be useful later on. Finally, no consumer optimally chooses to consume

both qualities, since the consumption of both quality levels delivers strictly less utility

than consuming none of them.26

26The case where the consumer is indifferent about consuming none of the differentiated good vs.
consuming both qualities can only be observed for non-positive prices of the differentiated composites.
In general equilibrium this cannot be the case since it would imply an infinite excess of demand.
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The consumer’s problem consists of finding the amount of the homogeneous good

and quality of the differentiated good that maximizes (3.1) subject to the consumer’s

budget constraint. Since the consumer buys at most one unit of the differentiated good,

the solution to the problem can be found by comparing the utility of three alternatives:

(i) consume only the homogeneous good and none of the differentiated good; (ii) con-

sume low quality and the homogeneous good; and (iii) consume high quality and the

homogeneous good. The structure of the preferences implies that the solution to this

problem is characterized by two income thresholdsyL
j andyH

j , which determine the

quality choice and amount of the homogeneous good to be consumed as a function of

the consumer’s incomẽy.27 Denoting byP q
j the price of the CES composite of quality

q = {H, L} in countryj, it can be shown that the solution to the consumer’s problem

is:

z = ỹ; αL = 0; αH = 0 if ỹ < yL
j

z = ỹ − PL
j ; αL = 1; αH = 0 if yL

j ≤ ỹ < yH
j (3.3)

z = ỹ − PH
j ; αL = 0; αH = 1 if ỹ ≥ yH

j

whereyL
j =

P L
j (1+qL)

qL
andyH

j =
P H

j (1+qH)−P L
j (1+qL)

qH−qL
, with P q

j being the price of the com-

posite of qualityq in countryj. As can be seen in (3.3), the solution to the consumer’s

problem displays quality sorting across individuals: the poorest consumers consume

none of the differentiated good, middle-income consumers buy low quality, and the rel-

atively richer consumers buy high quality as well as some of the homogeneous good.28

The underlying demand for the horizontally differentiated varieties follows from

minimizing the total cost of one unit of the CES composite of each quality. Aggregate

demands (xq
ij(ω)) for varietyω produced in countryi and consumed inj can then be

27In this model, consumer’s income is equal to the sum of labor income and dividends derived from
firm profits. Thus, consumer’s incomẽy and labor endowmentsy do not generally coincide.

28I rule out the case where relatively rich consumers prefer low to high quality by assuming that

yH
j > yL

j , which can be achieved by imposing
P H

j

P L
j

> qH

(1+qH)
(1+qL)

qL
.
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found by summing individual demands over the country’s population. Since the only

source of consumer heterogeneity is differences in the effective labory, which I assume

are distributed according to the c.d.f.Hj(y), aggregate demands can be written as:

xH
ij (ω) =

(
pH

ij (ω)

PH
j

)σH ∫ ∞

yj

dHj(y) ·Nj (3.4)

xL
ij(ω) =

(
pL

ij(ω)

PL
j

)−σL ∫ yj

y
j

dHj(y) ·Nj (3.5)

wherepq
ij(ω) denotes the price of varietyω of qualityq, Nj is population size of country

j, andP q
j =

[∫
ω

pq
ij(ω)1−σqdω

] 1
1−σq is the CES aggregate price of the composite.29

Since the consumer’s income is equal to the sum of labor income and dividendsυ, the

integration limits in (3.4) and (3.5) are equal to the corresponding income threshold

defined in (3.3) minus dividendsυ. Thus,

y
j
= yL

j − υ and yj = yH
j − υ (3.6)

3.3.2 Production

In each country’s differentiated sector, there is a continuum of firms of varying produc-

tivities producing varieties of a product. Following Chaney (2008), I assume that firm

productivity shocksϕ in each country are drawn from a Pareto distribution, defined

over the interval[1,∞), with cdf G(ϕ) = 1 − ϕ−k, and withk > σL − 1. In each

country there is an exogenously given set of potential entrants, which for simplicity I

assume is proportional to population.30 Since I restrict entry, in this model firms gen-

erate net profits. To accommodate this fact, I assume as in Chaney (2008) that world

29There is a slight abuse of notation in usingω for denoting high- and low-quality varieties. Recall
that varieties are defined in terms of both horizontal and vertical attributes and therefore, do not need to
be the same for high and low quality.

30This assumption is not critical for the main quantitative implications of the model. As shown by
Arkolakis, Demidova, Klenow, and Rodriguez-Clare (2008) and Arkolakis, Costinot, and Rodriguez-
Clare (2012), models with free entry deliver similar expressions for aggregate trade flows and gains from
trade to models with a fixed set of potential entrants.
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profits are collected and distributed equally across all workers.

Firms may operate in one or both quality segments using labor as the only produc-

tion factor. The unit labor requirement for producing any of the two qualities is equal to

the inverse of productivityϕ. This implies that the marginal cost of producing low and

high quality is the same. While it could be reasonable to assume that high quality re-

quires more workers (or workers of higher quality, as in Kugler and Verhoogen, 2012b),

I choose to avoid imposing such differences because it would obscure the main mecha-

nism of the model, which relies on differences in the distributions of labor endowments

across destinations. Firms from countryi can sell their products in any countryj after

paying an iceberg-type trade cost, denoted byτij ≥ 1 (with τii = 1). In addition, entry

to a new market involves a product-specific fixed entry costFij, which is paid in units

of the homogeneous good. Production does not involve any other fixed cost.

The problem of the firm consists of finding the price in each quality segment that

maximizes profits, taking as given the aggregate demands (3.4) and (3.5) for high and

low quality:

max
{p}

πq
ij(ω) =

[
p− τij

ϕ

] [
p

P q
j

]−σq

Y q
j · Lj − Fij (3.7)

whereY H
j =

∫∞
y

j

dHj(y) andY L
j =

∫ yj

y
j

dHj(y), with yq
j

andyq
j being defined by (3.6).

Given the CES structure, in each quality segment optimal prices are a constant markup

over marginal cost:

pH
ij (ϕ) =

(
σH

σH − 1

)
τij

ϕ
and pL

ij(ϕ) =

(
σL

σL − 1

)
τij

ϕ
(3.8)

As can be seen in (3.8), firms charge a higher price for high quality than low quality

in each destination. Since marginal cost is the same for both qualities, all price differ-

ences within firm-product-destination are accounted for by markups.31 The following

31While this might be unrealistic, incorporating differences in production costs actually reinforces the
selection forces of the model. Thus, abstracting from within-firm cost differences does not matter for the
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expression for firm profits can be derived replacing (3.8) in (3.7):

πq
ij(ϕ) =

(
P q

j

)σq

σq

[
σq

σq − 1
· τij

ϕ

]1−σq

·Y q
j ·Nj − Fij (3.9)

3.3.3 Equilibrium

In this model firms only export to marketj if they can cover the fixed entry cost. Since

firms’ profits increase monotonically with productivityϕ, it is possible to define a pro-

ductivity thresholdϕ̃q
ij such that only firms with productivity above such threshold

make non-negative profits. The productivity thresholds for high and low quality are

defined by the following expressions:

πH
ij (ϕ̃H

ij ) = 0 : ϕ̃H
ij = γH

1

[(
PH

j

)−σH Fij

Y H
j ·Nj

] 1
σH−1

τij (3.10)

πL
ij(ϕ̃

L
ij) = 0 : ϕ̃L

ij = γL
1

[(
PL

j

)−σL Fij

Y L
j ·Nj

] 1
σL−1

τij (3.11)

whereγq
1 = (σq/(σq − 1)) · σ

1/(σq−1)
q is a constant that depends negatively on the

elasticity of substitutionσq. These productivity thresholds, together with the assumed

Pareto distribution for productivity shocks, can be used to compute an expression for the

CES aggregate price in each country and quality level (see appendix C.2 for a detailed

derivation):

P q
j = γq

3 ×
[
NjY

q
j

](σq−1−k)/λq × θj (3.12)

whereθ
−λq

j =

[∑I
i=1 Li × τ−k

ij × F
−

(
k

σq−1
−1

)

ij

]σq−1

, andλq andγq
3 are quality-specific

constants.32 As in Chaney (2008),θj is interpreted as an index of remoteness of country

j from the rest of the world and is a weighted average of trade costs incurred by firms

main implications of the model.
32More precisely,λq = kσq − (σq − 1) andγq

3 =
[
γq
2 × (γq

1)σq−k−1
]−(σq−1)/λq

99



exporting to countryj.

Finally, the equilibrium productivity threshold is found by replacing the price index

into equations (3.10) and (3.11):

ϕ̃q
ij = γq

4 × τij ×

[
Fijθ

−σq

j

] 1
σq−1

[
Y q

j ·Nj

]σq−1

λq

(3.13)

whereγq
4 =

[
γq

1 × (γq
3)
−σq/(σq−1)

]
.

Equation (3.13) provides a benchmark for studying firm entry to each market and

quality segment. All firms with productivity above the threshold (3.13) enter market

j with quality q, while firms with productivity below that threshold stay out of the

market. Three main forces affect this threshold: (i) fixed and variable trade costs, (ii)

markups, and (iii) the mass of consumers that can afford the consumption of each qual-

ity. In particular, higher trade costs (fixed and variable), lower markups, and smaller

target markets reduce the profitability of entering a specific destination, increasing the

threshold productivity and making firm entry less likely. Since these elements vary

across markets and-in the case of markups and market size-qualities, in general not

every exporting firm will be active in all markets or quality segments.

3.3.4 Discussion of the Results

In this section I present testable empirical predictions of the model relating quality

allocation across destinations, country size, average income and income inequality.33

To derive the results, I make three assumptions. First, I make the mild assumption that

for all j countries, the mass of individuals consuming low quality is larger than the

mass buying high quality:Y L
j > Y H

j . This assumption is consistent with the empirical

observation that income distribution is positively skewed, provided that the income

33Throughout this section I make the simplifying assumption that the product-specific entry cost does
not vary across countries (e.g.,Fij = F ∀ i, j).
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thresholds derived in (3.6) are nottoo close to each other.34 Second, despite the fact

that income thresholds are general equilibrium objects, throughout most of this section

I assume they are fixed and equal for all countries. At the end of the section I discuss

how this assumption affects my results. Finally, for the results related to general income

level and income inequality, I assume a particular functional form for the distribution

of income. I discuss all this in detail below.

Product Quality and Country Size

I first study the relationship between country size, firm’s profits, and within-firm quality

allocation. Intuitively, market size operates through two opposing channels. First, it

increases profits because the markup over marginal cost is earned over more consumers.

Second, there is a general equilibrium effect that tends to decrease firm’s profits: a

larger market size implies a larger number of firms and a lower aggregate price, which

reduces demand conditional on productivity. In the following proposition I show that

the first effect dominates, implying that profits increases with market size.

Proposition 1. Consider two countriesj and k identical in all aspects but size. If

countryj is larger thank (Nj > Nk), (i) firm’s profits in countryj are higher in all

quality segments, (ii) relative firm’s profits in the low-quality segment are proportion-

ally higher in countryj than ink, (iii) the marginal entrant to all quality segments has

lower productivity in marketj than ink, and (iv) relative productivity of the marginal

entrant to the low-quality segment is lower inj than ink.

Proof. See appendix.

The intuition of part (i) of proposition 1 was already provided above. Note that the

assumption of a fixed income distribution is key for this proposition, since it ensures

that the increase in market size is proportionally translated into more consumers for

both quality segments. Part (ii) follows from the difference in elasticity of substitutions

34Operationally, this can be implemented by increasing the distance betweenqH andqL.
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and implies that in larger markets firms tend to bias their exports towards lower-quality

products.35 Finally, parts (iii)-(iv) follow directly from the equilibrium productivity

threshold computed in 3.13, and reflect the fact that in markets with more customers,

entry is relatively more profitable for all firms.

Quality, Per Capita Income Level and Income Inequality

After establishing the effect of country size on profits and firm entry, the next step is

to find the effect of average income and income inequality on the within-firm quality

allocation across destinations. In doing this I make use of the following intermediate

lemma.

Lemma 1. Consider two countriesj andk identical in all aspects but income distri-

bution. If their distributions are such that the relative mass of individuals consuming

high quality is higher in countryj (Y H
j /Y L

j > Y H
k /Y L

k ), then firm profits in the high-

quality segment are relatively higher in countryj than in countryk, and the relative

productivity threshold for high quality in countryj is lower than in countryk.

Proof. See Appendix

Lemma 1 can be seen as an extension of proposition 1, and states that firm profits in

a given quality segment are relatively higher in countries where there are relatively more

consumers demanding products of that quality. The lemma also implies that export

entry to the high- (low-) quality segment is more likely in countries where there are

relatively more individuals consuming high (low) quality. Although straightforward,

this lemma allows me to save an important amount of algebraic derivations and to focus

on the intuition behind the results that follow.

In order to get sharper analytical prediction on the role of income level and income

distribution, I use the following assumption for the functional form of the income dis-

35More precisely, sinceσL > σH , the decrease in aggregate price that follows from the larger market
size is higher-in absolute terms-in the low-quality segment.
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tribution:

Assumption 1. Individual endowments are drawn from a Pareto distribution with shape

parameterαj > 1, and distributed over[xj,∞) according to the following c.d.f.

P (y < Y ) ≡ Hj(y) = 1−
(

xj

y

)αj

(3.14)

Despite recent criticism of the use of the Pareto distribution as a valid representation

of the distribution of income, I choose to use it because it allows me to study in an an-

alytically convenient way the impact of income inequality on quality patterns.36 Since

the early twentieth century the Pareto distribution has proved to be a good approxi-

mation of the upper tail of the income distribution. Given that the mechanism of this

paper relies strongly on the density of very rich consumers, using this distribution in

the current setting is less problematic than in other contexts. Finally, as I argue below,

the intuition of the results is quite general and can be easily mapped to other income

distributions.

As discussed in Cowell (2011), an attractive feature of the Pareto distribution is that

its parameters can be mapped in a straightforward way to per capita income and mea-

sures of income inequality. The mean of this distribution is given byEj[y] =
αj

(αj−1)
xj;

thus, for a given value of the shape parameterαj, the average income across countries

reflects variation in the location parameterxj. Similarly, it can be shown that the shape

parameterαj, which controls the dispersion of the distribution, is inversely related to

a wide array of income inequality measures.37 Thus, the role of per capita income and

income inequality on product quality allocation can be studied by simply deriving com-

parative statistics with respect to these parameters.38 Under the assumption of Pareto

36A growing body of literature has pointed out that the income distribution of countries is better
described by lognormal or mixtures of other distributions, such as Gamma, Beta, and Weibull.

37See section 4.3 in Cowell (2011) for a good summary of the correspondence between Pareto’s shape
parameter and commonly used measures of inequality, such as the Gini index, Theil index, or Atkison
index.

38Later in the empirical section I use these properties to estimate the parameters(αj , xj) using per
capita income and the Gini index-a measure of income inequality-for a sample of 104 countries.
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distribution of income, the fraction of customers buying high and low quality can be

written as

Y H
j = αj

∫ ∞

yj

x
αj

j

yαj+1
dy =

(
xj

yj

)αj

(3.15)

Y L
j = αj

∫ yj

y
j

x
αj

j

yαj+1
dy = (xj)

αj

[
1

(y
j
)αj

− 1

(yj)
αj

]
(3.16)

As can be seen, the first order effect-i.e., ignoring the effect on income thresholds-of

an increase inxj is to increase both the mass of consumers buying high and low quality.

This increases profits in each quality segment and the exporting probability, through a

reduction in the productivity thresholds. I formalize this in the following proposition:

Proposition 2. Consider two countriesj andk identical in all aspects but per capita

income. For a givenαj, if per capita income is higher in countryj than ink (xj > xk),

(i) firm profits in all quality segments are larger in countryj, and (ii) the productivity

of the marginal entrant to marketj is lower than in marketk in all quality segments.

Proof. The proof follows in a straightforward way from replacing the mass of customers

buying high and low quality on firm profits (3.9) and the productivity thresholds (3.13).

A related question raised by proposition 2 is whether the effect of per capita income

is stronger in the high or low quality segment. Answering this question requires evalu-

ating the impact of per capita income on the income thresholds (3.6). Although I do not

provide a formal proof, the first-order effect of a higher per capita income is to increase

proportionally more the mass of consumers buying low quality, despite the fact that

the mass of high-quality consumers increases too. Under the assumed parametrization

(σL > σH), this reduces aggregate prices by more in the low-quality segment (through

higher firm entry into that segment). This implies that (i) both high- and low-quality

income thresholds fall, and (ii) the low-quality income threshold falls relatively more.

As a result, the mass of individuals consuming low quality increases relatively more,

making the effects exposed in proposition 2 stronger for the low-quality segment.
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Proposition 2 suggests that the bundle of products exported to richer countries con-

tains more varieties than the bundle exported to poorer countries. However, contrary to

the common belief, the discussion posterior to proposition 2 implies that in the aggre-

gate, consumers of high-income countries have proportionally higher access to more

low-quality varieties than consumers from low-income countries.

Finally, proposition 3 summarizes the effect of income inequality on the within-firm

quality composition of exports across destinations:

Proposition 3. Consider two countriesj and k identical in all aspects but income

distribution. If countryj has higher income inequality thank (αj < αk), (i) the ratio of

firm profits in the high-quality segment relative to the low-quality segment is higher in

countryj than ink, (ii) the relative productivity threshold for high quality in countryj

is lower than in countryk, and (iii) the intensity of the effect described in (i) is inversely

proportional to the level of income of the countries.

Proof. See Appendix

Proposition 3 is the main result of this paper and establishes that in countries with

high income inequality firms’ entry is easier into the high-quality segment. Interest-

ingly, the proposition predicts that the effect of income inequality is nonlinear: in rela-

tively poor countries, firms’ incentives to ship high-quality varieties are higher because

in these countries firm entry is less likely in all quality segments (see proposition 2).

Although proposition 3 is established for the particular case of Pareto distribution

of income, the underlying mechanism is general and can be applied to generic distri-

butions. The result in proposition 3 is driven by the fact that when income dispersion

increases, a fraction of the population that was originally consuming low quality can

now afford high quality under the new distribution. This implies that the market share

captured by high-quality products increases with inequality, while the market share of

low-quality products decreases with inequality. Thus, the relative profits of high qual-

ity increases, which incentivizes firm entry into the high-quality segment relative to low
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quality.

3.4 Empirics

In this section I return to the data and describe the empirical strategy I follow to test the

predictions of the model presented in the previous section. I first describe the different

proxies for quality and the measures of income inequality. Later, I discuss the main

specifications and identification assumptions of the empirical results. Finally, I discuss

the strategy for testing the main predictions of the model in the data.

3.4.1 Quality Measures

To proxy for product quality, I use two different measures. The first is based on the

quality appellations embedded in the wine labels. As a robustness check, I use the

average price of the product across all destinations. In what follows, I discuss why

these variables may be a reasonable measure of wine quality.

Quality Appellations

A common practice among wine producers is to include quality appellations on the

wine label. These appellations were designed for signalizing quality, and in the case of

some countries-among them Chile-they are legally regulated.

The most popular appellation, "Reserve" (or the corresponding word in Spanish,

"Reserva"), was originally designed to differentiate young, simple wines from more

complex, aged wines. Legally, the Reserve denomination in Chile required wines to

have "distinctive organoleptic properties."39 While Reserve wines may or may not re-

ceive oak treatment, most of them are aged in oak barrels for over 6-8 months. This con-

trasts with "Varietal," young wines, which typically receive no ageing and are released

39See http://www.winesofchile.org/wp/the-wines/understanding-a-label/ for a detailed explanation of
the content included in the labels of Chilean wine bottles.
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immediately to the market after they are produced. Since the Reserve category was

too broad, in the last decade Chilean wineries have started to use the term "Grand Re-

serve" to indicate Reserve wines of relatively higher quality. Finally, Chilean wineries

tend to distinguish the best wines in their production line with the appellatives "Icon"

or "Premium."40 I use these four appellations-Varietal, Reserve, Grand Reserve, and

Premium-as measures of wine quality. This quality measure is subject to two caveats.

First, in principle not every wine has a quality appellation embedded. However, in my

dataset I was able to assign one of the four quality appellations to the major part of wine

brands: out of the total 1,334 brand names, I successfully assigned quality categories

to 1,206 brands, which represents 98% of the total exports.41 A second issue with us-

ing self-reported quality measures is that they may be endogenous if wineries choose

the denominations as a marketing tool to charge higher prices. Although this concern

cannot be ruled out, the significant reward that the market gives to these quality de-

nominations suggests that these quality denominations in fact reflect, at least partially,

the quality of the wines. In Figure 3.4.1, I illustrate the average price of each of the

four quality categories, their standard deviation, and the 5th and 95th percentiles of the

price distribution. While there is some overlap across quality categories, Figure 3.4.1

shows a strong positive relationship between the four quality categories and brand-level

average prices. Average prices range from US$21 in Varietal wines to US$197 in Pre-

mium wines for a 12/750-c.c. case. Price dispersion-measured in terms of the standard

deviation-also increases with quality, going from 6.0 in varietal wines to 99.7 in pre-

mium wines.42

40Grand Reserve wines are typically aged in first- or second-use oak barrels (for 12 to 24 months)
and in their bottles for a total ageing period of about 3 years before being released to the market. Icon
or Premium wines are usually produced with the best grapes of the vineyards, selected from specific
micro-terroirs, and aged in first-use oak barrels only and in bottles for a total of 4-5 years.

41For the three upper-quality categories, I obtain the labels and wine descriptions from the winery’s
website. However, since "Varietal" is the lowest quality, wineries do not typically describe their wine
as Varietal. To identify Varietal wines, I look for the words "young wine" in the wine description. In
addition, I assign the label Varietal to all wines where the FOB price is less than US$15 for a case of 12
750-c.c. bottles (equivalent to about US$7-8 retail price).

42Alternative measures of dispersion-such as the coefficient of variation-show a similar pattern.
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Figure 3.2: Mean FOB Price by Quality Category (in US$/ 9 liters box, average

2005-2010)

Notes: The Figure shows the average FOB price (US$ by 9 liter box) by quality categories for the period

2005-2010. The height of each bar is the unweighted average price for each category, the whiskers

show +/-1 standard deviation from the mean, and the green dots show the 5th and 95th percentiles. The

numbers under each quality category represents the average share of each quality category in total export

revenues. For background on the definition of each quality category, see section 3.4.1

Brand-Level Average Price

The trade literature traditionally uses unit values calculated over product categories as

a quality proxy. This choice is based on the belief that higher-quality products are pro-

duced in a more costly manner, and that this higher cost is transferred-at least partially-

to prices. In a recent paper, Crozet et al. (2012) provide evidence supporting this. Using

a sample of French Champagne producers, they find that prices are positively correlated

with wine experts’ ratings.43 This suggests that product prices could be, in fact, an ac-

ceptable proxy for product quality. However, there are two main issues in using prices

as measures of quality. First, prices might reflect the action of factors other than qual-

43Note that this measure might be correlated with wine prices if: (i) wine experts fix prices based on
the price of the bottle, or (ii) wine prices are affected by the ratings assigned by wine experts (see Ali,
Lecocq, and Visser, 2008).
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ity, such as markups. Second, prices may be subject to aggregation bias if they are

calculated as averages over aggregate product categories. In such case, even if the ac-

tual quality or individual prices are unchanged, average prices may vary just because

of changes in the weights of the varieties composing the aggregate.

One of the main advantages of my data is that its product prices are not subject to

aggregation bias. As I explained in section 3.2.2, the data allows me to define products

in terms of the brand name, wine grape, and vintage printed on the label of the wine

bottle. This definition coincides with the way in which consumers see products when

they buy them. Consequently, prices in my sample are a closer proxy for quality than

they are in studies defining prices as unit values over product categories. However,

prices might still be reflecting the action of other factors. But it is safe to assume that

price will be good at capturing wide quality variations. In the data, it is common to

see within-firm price differences of tenfold or more between the cheapest and the most

expensive products (see Table 3.2). While markups might contribute to this wedge, it

is unlikely that they can fully account for differences of this order of magnitude. Thus,

provided that price dispersion is not too small, they should be an acceptable reflection

of quality variation across products.

3.4.2 Income Distribution

The main empirical prediction of the model relates to the allocation of quality across

destinations, and the density of consumers that can afford each quality. According to

the model, within countries, very poor individuals consume none of the differentiated

good, middle-income individuals consume low-quality varieties, and relatively rich in-

dividuals consume high-quality varieties. The proportion of consumers in each quality

category may be proxied with available measures of income inequality. However, it is

unclear whether such measures capture the variation that is consistent with the main

mechanism of the model. For instance, one of the most popular measures of income in-

equality, the Gini coefficient, is known for assigning low weight to observations in the
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tail of the distributions (see Cowell and Victoria-Feser, 1996). Since the mechanism of

the model relies on the relative share of rich consumers, the Gini coefficient will likely

be a poor approximation of the relevant cross-country variation of income inequality.

The first step for deriving the share of the population consuming high and low qual-

ity is to estimate the income distribution of the countries importing Chilean wine. In-

stead of trying to find the best functional for each country, I fix the distribution for

all countries and calibrate it to the data to find the values of the parameters that better

characterize income distribution in each country.44 The Pareto distribution is the theo-

retically consistent distribution with my model. However, there is extensive evidence

suggesting that this distribution is only a good description of the upper tail of the in-

come distribution. For that reason, I use the lognormal distribution as the benchmark

in my empirical analysis and use the Pareto distribution as a robustness check only.

Although the lognormal distribution is a poorer approximation than Pareto for describ-

ing the density of very rich consumers, it has a better overall fit to the entire income

distribution.

An attractive feature of the Pareto and lognormal distributions is that they allow for

describing in a parsimonious way the distribution of income. Indeed, each distribution

is characterized by only two parameters: shape (αj) and location (xj), in the case of

Pareto, and mean (µj) and standard deviation in the case of the lognormal distribution.

Moreover, these parameters can easily be recovered using information of per capita

income (̂yj) and the Gini index (Λj) of each countryj as

[ Pareto ] : αj =
1 + Λj

2Λj

and xj =

[
1− 1

αj

]
ŷj(3.17)

[ lognormal ] : σj =
√

2Φ−1

(
1 + Λj

2

)
and µj = ln ŷj − 1

2
σj(3.18)

44A more accurate analysis would require individual- or household-level data. Unfortunately, such
data is only available for a few countries, making the estimation of income distributions for a large
number of countries unfeasible.
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whereΦ−1(·) denotes the inverse cumulative standard normal distribution function

(see Aichison and Brown, 1996; Chotikapanich, Valenzuela, and Rao, 1997; Cowell,

2011). To compute the four parameters in (3.17) and (3.18), I use per capita income

for the year 2005 from the Penn World Tables (version 7.1), and the Gini index from

the World Development Indicators for the most proximate year to 2005 available.45

The resulting parameters are shown in Table C.1 in Appendix C.3 for a total of 104

countries with information available for both Gini and per capita income. As expected,

the Gini coefficient is highly correlated withαj and σj, while per capita income is

highly correlated withxj andµj.

Once the income distribution for each country is estimated, the second elements

needed are the income thresholds (3.6) that divide overall population into rich and poor

consumers from the view of wine consumption. In doing this, I make two simplifying

assumptions. First, although the theoretical model suggests that the income thresh-

olds are country-specific, for the empirical results I assume that these thresholds are

common to all countries. Second, the model suggests that income perfectly splits the

population into consumers of high- and low-quality wine. However, in reality such sep-

aration is not observed: even extremely rich individuals buy a 10-dollar (or cheaper)

bottle of wine every once in a while. In the empirical setting, I ignore this possibil-

ity and assume instead that income splits population into high- and low-quality wine

consumers.

To define the income thresholds, I use the Diary Survey from the 2005 U.S. Con-

sumer Expenditure Survey. This dataset provides information on all daily household

purchases-recorded over two weeks-of frequently purchased items, such as food and

beverages, and households demographics. The survey has a separate category for wine

consumption, and provides information on the cost of the items purchased every week.

In addition, the survey collects information on annual income and household size. This

allows me first to calculate the average per capita income of each household, and sec-

45The Gini index is collected and kindly shared by Crozet et al. (2012).
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ond, to analyze the income distribution of consumers according to the price they pay

for wine. In deriving the thresholds I make two arbitrary choices. First, I define as

low-quality wine all purchases priced less than 12 dollars, and as high-quality wine

purchases priced 20 dollars or more. I intentionally exclude wine priced between 12

and 20 dollars to allow for sharper differences in quality. Second, I define the low-

quality income threshold to be equal to the 10th percentile of the income distribution

of low-quality wine, and the high-quality income threshold to be equal to the median

of the income distribution of consumers buying high-quality wine. The reason for us-

ing the median of the income distribution for the case of the high-quality threshold lies

in the fact that there is a substantial overlap in the income distribution of both quali-

ties. Since purchases of expensive wines from poor consumers might reflect occasional

consumption of high quality as well as other factors, the median income may be more

representative of the group consuming high-quality wine on a permanent basis.

As Table 3.4 shows, the value of the low- and high-quality income thresholds are

US$9,664 and US$40,164 respectively. Finally, I combine these thresholds with the

estimated Pareto and lognormal distributions for each country to derive the fraction of

consumers buying high- and low-quality goods.

Table 3.4: Estimated Income Thresholds
Parameter Value (in Annual US$)

Low Quality Income Threshold 9,664

High Quality Income Threshold 40,164

Notes: The Table displays the values for the estimated in-
come thresholds (3.6) (in current U.S. dollars) estimated
from the U.S. Consumer Expenditure Survey for the year
2005. The low quality income threshold corresponds to
the 10th percentile of the income distribution of house-
holds reporting consumption of wine priced 10 dollars or
less. The high quality income threshold corresponds to the
median of the income distribution of households reporting
consumption of wine priced 20 dollars or more.
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3.4.3 Empirical Specification

The main predictions of the model relate country variables to the profitability of each

quality segment, and ultimately to the probability of exporting high or low quality to a

given destination, through their effect on the productivity thresholds. However, map-

ping the main implications of the model to the data is difficult, because wineries pro-

duce multiple varieties of different qualities and attributes, while in the model firms

produce at most one variety of each quality. In this section I explain how I deal with

this issue, and present the main specifications used in the empirical results.

The first challenge in the data is to identify high- and low-quality varieties. As I

explain in section 3.4.1, the two main quality indicators I use in this paper are the av-

erage price of each brand, and the self-reported quality appellations labeled on wine

bottles. For the first case, I consider high-quality all wine brands with a retail price

of over US$12.46 For mapping this value to F.O.B prices per liters, I assume that the

winery’s price is one-third of the retail wine price.47 This implies an FOB price of of

US$48 for a case of 12 bottles of 750 c.c. For the second case, with quality defined

according to quality appellations on the bottle, I define as high-quality wine the cate-

gories "Premium" and "Grand Reserve," and as low-quality "Reserve" and "Varietal."

Interestingly, Figure 3.4.1 suggests that the average price of the Reserve category is just

around the 48-dollar threshold set above for defining high-quality wines according to

their average prices.

The model has implications for the relative quality composition of firms across

destinations. In the empirical part, I map this in terms of two categories of outcome

variables. A first set of variables comprises the aggregate exported physical volume (in

46Wines below this threshold correspond to "Everyday Wines" and "Popular Premium" wines accord-
ing to the classification performed by Cholette and Castaldi (2005) for the U.S. wine industry in 2005
(see Table 6). However, my main results remain qualitatively unchanged when considering US$10 and
US$15 as alternative thresholds for defining high- and low-quality wine.

47The evidence reported in Joseph (2012) and Nowack (2007) for the United States and the United
Kingdom suggest that the margin is somewhere between one-half and one-fourth for a 10-dollar bottle.
I consider the mid-point of this range the benchmark for deriving my results.
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liters of wine) of high- and low-quality wine. The second set of variables exploits a

different margin, comprising instead the number of products of high- and low quality

exported to each country by firm. In addition, for each set of variables I consider a third

specification with the share of high-quality volume or number of high-quality products

as outcome variables. I use this specification for testing the effect of country variables

on the relative quality composition of exports.

The main specification studies the effect of average income (Inc), size (Pop), and

income inequality (Ineq) on the different measures of quality described above:

yfjt = β1 ln Incj + β2 ln Popj + β3Ineqj + β4(Ineqj · ln Incj) + β5 ln Distj

+β6 ln Remj + β7 ln Sharej + δXj + αft + εjft (3.19)

where the subindexesf , j, andt stand for firm, importing country, and year. In all

regressions I control for firm-year fixed effects. Thus, the regressions control for the

effects of all attributes specific to the firm, such as productivity, technology, and repu-

tation. I proxy for the main explanatory variables-income, size and income inequality-

using per capita (in real PPP U.S. dollars), country total population (in millions), and

the measures of income inequality presented in the previous section, respectively.48 The

model predicts that country size and income level increase the profitability of exporting

to a given country, but relatively more for the high-quality segment. Accordingly, I

expectβ1, β2 > 0 when the dependent variable is the physical volume of each quality

level, andβ1, β2 < 0 when the dependent variable is the ratio of high-quality volume to

low-quality volume. Regarding the effect of income inequality, proposition 3 predicts a

positive relationship between income inequality and relative within-firm quality, which

is weaker for richer countries. Thus, I expectβ3 > 0 andβ4 < 0 in the specification

estimated with the share of high-quality shipments or products as dependent variable.

48Per capita PPP Real GDP and population are taken from the Penn World Tables (version 7.2).
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In equation (3.19) I control for a number of additional variables. Although some

of them have no direct parallel with the theoretical model I included them for robust-

ness. First, I proxy for trade costs by including a variable that accounts for the distance

from Santiago –the capital city of Chile-, and a set of geographical categorical vari-

ables (represented by the vectorXj). Following Baldwin and Harrigan (2011), instead

of using the linear distance to each destination country, I break distance down to bins.

The reason for doing this is that since Chile is itself a remote country, including a linear

function of distance might not fully reflect the variation in access cost across destina-

tions. I also include several country-specific indicators of access cost used in the gravity

literature: categorical variables for common language with Chile (Spanish), whether the

country is contiguous to Chile (Argentina, Bolivia and Peru), and for landlocked coun-

tries. All geographical variables are taken from the CEPII database. Finally, I use the

Comtrade dataset to construct a variable for the market share of Chilean wine exports

over total wine imports of each destination country (in millions of liters).

3.4.4 Results

Table 3.5 shows the benchmark results for quality defined in terms of quality denomi-

nations, and the share of rich and poor consumers derived from the lognormal distribu-

tion. Columns 1-3 use physical volume as the dependent variable, while columns 4-6

replicate the analysis using the number of products exported to each destination.
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Table 3.5: Country Characteristics and Quality Allocation - Benchmark Results

(1) (2) (3) (4) (5) (6)

Dependent log Physical Volume Share Number of Products Share

Variable: High Quality Low Quality High High Quality Low Quality High

log pc Income .722*** .787*** -.009* .0826*** .113*** .0003
(.0408) (.0347) (.00552) (.0261) (.0256) (.006)

log Population .444*** .406*** -.003* .0824*** .0878*** .007***
(.0147) (.0122) (.00169) (.00776) (.0112) (.002)

Y H
j /Y L

j 15.77*** 3.379 1.664*** 14.03*** 15.78*** 2.389***
(Consumers’ Composition) (4.622) (4.431) (.542) (2.318) (3.320) (.595)

× log pc Income -1.467*** -.265 -.159*** -1.329*** -1.462*** -.229***
(.442) (.424) (.0512) (.220) (.316) (.0562)

Firm-Year FE X X X X X X
Geographical Variables X X X X X X
Obs. 6,856 9,253 10,882 10,882 10,882 10,882

R2 .432 .493 .685 .506 .485 .643

Notes: Regression output corresponds to the estimation of equation (3.19). The regressions are run at the firm-level, and

controls for firm-year fixed effects. The mass of high and low quality consumers (Y H
j andY L

j respectively), are computed

from Lognormal income distributions, which fitted for each destination country in the sample (see section 3.4.2). High-

quality brand are defined in terms of their average price across destinations. Quality is defined in terms of the quality

denominations embedded in the wine’s labels. "Grand Reserve" and "Premium" categories are defined as high-quality

brands, while "Varietal" and "Reserve" are defined as low quality wines. Section 3.4.1 provides further detail. Standard

errors (clustered at the firm-year level) in parentheses. Key: ** significant at 1%; ** 5%; * 10%.

I first discuss the results for physical volume. Columns 1 and 2 of Table 3.5 show

the correlation between country variables and the logarithm of total firm exports of

high- and low-quality wines. Results in rows 1 and 2 suggest that in richer and larger

countries, both high- and low-quality varieties are exported more intensively. Consis-

tent with the model, the ratio of rich to poor consumers only matters for the level of

exports of high-quality varieties (row 3). While I do not derive a formal proposition

for non-linear effects of consumer composition according to income level, row 4 in

column 1 suggests that the proportion of rich consumers increases shipments of high-

quality products only in relatively poor countries.

Column 3 of Table 3.5 explores the correlation between income, size, and the com-

position of consumers in the quality composition of exports. Results in this column

support the predictions presented in section 3.3. First, although small, the effect of
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average income and size on the share of high-quality exports is negative (rows 1 and

2), implying that in richer and larger countries wineries export a larger volume of low-

quality wines. Second, a higher composition of rich consumers increases the relative

shipments of high-quality wines (row 3), and consistent with proposition 3, this effect

tends to be weaker for richer countries (row 4). The results suggest that the effect of

a higher proportion of rich consumers is only significant for middle- and low-income

countries: the effect is statistically significant (at the 95% level) only for countries with

per capita income below US$22,000. This income level roughly corresponds to the per

capita income of Slovenia.

Columns 4-6 replicate the analysis above, using the number of high- and low-quality

products exported to each destination as the dependent variables. In general, the effects

are qualitatively similar to the case where physical volume is used as the dependent

variable. First, firms ship more high- and low-quality products to richer and larger

countries (columns 4 and 5). Second, in countries with relatively more rich consumers,

firms ship relatively more high-quality products (column 6). However, in contrast with

the case where physical volume was used as the dependent variable (column 3), the

share of low-quality products does not seem to be higher in richer or larger countries.

This suggests that income and country size affect the quality composition of exports

in the extensive margin (exported units), but does not lead firms to introduce relatively

more low-quality products.

Alternative Quality Measures and Measures of Relative Distribution

Tables 3.6 and 3.7 explore the robustness of the result when quality is defined in terms

of the average product price, and when a Pareto distribution is used to derive the fraction

of individuals consuming high- and low-quality products. A comparison of these tables

to the results in Table 3.5 reveals a robust relationship between the ratio of individuals

consuming high quality and the importance of high quality in total exports and number

of products. Importantly, all specifications suggest a nonlinear effect between exports’
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quality composition and the share of individuals consuming products.49 The effect

of income and size is also robust across tables, suggesting that firms tend to export

more units and products to richer and larger countries. However, in contrast to the

benchmark case, results in Tables 3.6 and 3.7 do not support the prediction for average

income and country size with the share of high-quality products. In most of the cases,

the coefficients are insignificant, or even positive.

Table 3.6: Country Characteristics and Quality Allocation - Alternative Quality Mea-

sure

(1) (2) (3) (4) (5) (6)

Dependent log Physical Volume Share Number of Products Share

Variable: High Quality Low Quality High High Quality Low Quality High

log Per Capita RDGP .766*** .772*** .000586 .112*** .0829*** .00609
(.0390) (.0362) (.00499) (.0279) (.0235) (.00518)

log Population .447*** .400*** -.00227 .0996*** .0833*** .00383**
(.0143) (.0124) (.00171) (.00844) (.0102) (.00158)

Y H
j /Y L

j 4.989 3.251 1.690*** 15.77*** 15.40*** 2.332***
(Consumers’ Composition) (4.219) (4.611) (.573) (2.414) (3.174) (.579)

× log per capita Income -.427 -.255 -.166*** -1.496*** -1.414*** -.228***
(.402) (.441) (.0545) (.229) (.303) (.0550)

Firm-Year FE X X X X X X
Geographical Variables X X X X X X
Obs. 6,856 9,253 10,882 10,882 10,882 10,882

R2 .432 .493 .685 .506 .485 .643

Notes: Regression output corresponds to the estimation of equation (3.19). The regressions are run at the firm-level, and

controls for firm-year fixed effects The mass of high and low quality consumers (Y H
j andY L

j respectively), are computed

from Lognormal income distributions, which fitted for each destination country in the sample (see section 3.4.2). High-

quality brand are defined in terms of their average price across destinations. The price threshold in this Table is US$12 per

bottle of 750 c.c, and is mapped to F.O.B prices assuming that one-third of the retail price corresponds to the price received

by the wineries. Section 3.4 provides further detail. Standard errors (clustered at the firm-year level) in parentheses. Key:

** significant at 1%; ** 5%; * 10%.

49The main difference from Table 3.5 is that the income threshold for statistically significant effects is
lower in these tables. When average price is used to define product quality (Table 3.6), the threshold falls
to about US$16,000, while the results using Pareto distribution suggest that the effect is only observed
in very poor countries. At the 90% confidence level, the threshold in the case of Pareto distribution is
estimated to be equal to US$5,800, which roughly corresponds to the per capita income of Peru and
Ecuador in 2005.
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Table 3.7: Country Characteristics and Quality Allocation - Pareto Distributions

(1) (2) (3) (4) (5) (6)

Dependent log Physical Volume Share Number of Products Share

Variable: High Quality Low Quality High High Quality Low Quality High

log Per Capita RDGP .909*** .943*** .00951 .306*** .348*** .0237***

(.0611) (.0532) (.00585) (.0380) (.0432) (.00616)

log Population .442*** .395*** -.00206 .0989*** .0808*** .00401**

(.0142) (.0124) (.00172) (.00849) (.0102) (.00159)

Y H
j /Y L

j 11.46*** 15.86*** .472 11.20*** 14.91*** 1.003**

(Consumers’ Composition) (3.804) (3.605) (.428) (2.000) (2.328) (.464)

× log per capita Income -1.060*** -1.474*** -.0558 -1.149*** -1.469*** -.112**

(.380) (.363) (.0427) (.197) (.234) (.0462)

Firm-Year FE X X X X X X
Geographical Variables X X X X X X
Obs. 7,611 8,666 11,119 11,119 11,119 11,119

R2 .457 .482 .731 .533 .510 .700

Notes: Regression output corresponds to the estimation of equation (3.19). The regressions are run at the firm-level,
and controls for firm-year fixed effects. The mass of high and low quality consumers (Y H

j andY L
j respectively), are

computed from Pareto income distributions, which fitted for each destination country in the sample (see section 3.4.2).
High-quality brand are defined in terms of their average price across destinations. Quality is defined in terms of the quality
denominations embedded in the wine’s labels. "Grand Reserve" and "Premium" categories are defined as high-quality
brands, while "Varietal" and "Reserve" are defined as low quality wines. Section 3.4.1 provides further detail. Standard
errors (clustered at the firm-year level) in parentheses. Key: ** significant at 1%; ** 5%; * 10%.

3.5 Concluding Remarks

In this paper I study the main implications of including consumer’-side heterogeneity

in a model of product quality. I start by documenting that within firms, low-priced

varieties account for most of firms’ revenues. This fact is inconsistent with quality

extensions of models in the spirit of Melitz (2003), and motivates my model, where

consumers’ income is the main source of heterogeneity.

The model features quality sorting of consumers across their income levels. This

implies that the demand for each level of quality depends on the mass of individuals

that value the particular quality level and can afford it, which is ultimately determined

by the income distribution of each country. The model predicts that in countries with
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a smaller middle class, firms tend to skew their exports towards products of higher

quality. Interestingly, this effect is nonlinear and depends on the average income of the

country, being relatively stronger in countries with lower average income. The model

also has implications for the effect of country size and average income on firms’ quality

patterns. According to the model, the profitability of exporting any product increases

with country size and average income, but the effect is relatively stronger for low-

quality varieties. This suggests that firms’ export bundle to richer and larger countries

contains relatively more low-quality varieties.

To illustrate the main implications of the model, I use a unique dataset from the

Chilean wine industry. The dataset contains detailed information on the attributes of

each exported wine variety, and allows me to define quality measures in a more ac-

curate way than the previous literature has. The data gives strong support to the main

predictions of the model. I document three main findings. First, firms export higher vol-

ume and more products to larger and richer countries. However, in relative terms, firms

tend to skew their exports towards low-quality products. This is consistent with the idea

that when income distribution is positively skewed, an increase in the size or average

income increases relatively more for the fraction of middle-income consumers than for

rich consumer. Second, firm-level exports of high-quality products are relatively higher

in volume in countries with a smaller middle class. Third, consistent with the main

prediction of the model, I find the effect of income distribution to be quantitatively

relevant only for middle- and low-income countries. I estimate a threshold income of

about US$22,000-roughly the income level of Slovenia in the year 2005-below which

the effect is quantitatively important.

In sum, my results suggest that countries’ income distribution matters for under-

standing the quality composition of firms’ exports. Contrary to the previous literature,

my results suggest that firms exploit business opportunities in relatively poor coun-

tries by concentrating their exports in the high-quality segments. This result has so far

passed under the radar of the literature studying quality patterns of trade, and suggests

120



the existence of welfare gains not studied until now.
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APPENDIX A

Technical Appendix Do Exporters Charge Higher

Markups? Evidence from Chile

A.1 Markup Estimation

The estimation of markups has a long tradition in the field of industrial organization.

Researchers have been specially interested in measuring markups to identify the degree

of market power and competition in different markets. The seminal article of Hall

(1988) opened a wide range possibilities for estimating markups and evaluating the

impact of different policies on the competition. This author proposed a simple method

for recovering industrial markups, that only requires of standard production data. This

approach has the advantage that it is simple, puts no restrictions on the underlaying

demand structure and that it is consistent with various competition assumptions.

In this section I review three articles that propose methodologies for markup estima-

tion in the spirit of Hall (1988). I start up by reviewing the paper of Hall (1988). I then

present two related articles, Roeger (1995) and De Loecker and Warzynski (2011).1

A.1.1 Hall (1988)

This author derives an estimable specification for the average industrial markup exploit-

ing the fact that, under imperfect competition, cost and revenue shares of inputs differ.

1The margins of firms have been estimated in ways differing than Hall’s approach. In particular, one
simple methodology consists in simply calculate the revenue-cost margin at the plant or industry level.
However, this approach may fail to capture the real markup if the marginal cost of the firm is far from
the average cost and if the quantity produced is different than the quantity sold of the product.
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The production function is assumed to be of the form

Qit = AitF (Lit,Mit, Kit)

whereA, L, M , andK are productivity, labor, materials and capital respectively. There

is no restriction on degree of returns to scale ofF (·).2 Hall starts from an expression

for the marginal cost in presence of technological progress:

cit =
wdLit + rdKit

dQit −Qitdgit

(A.1)

wheredgit is the log-difference in the rate of technological progress.

Defining markup as the ratio of price to marginal costµ = P/c and rearranging, the

previous expression can be rewritten using the revenue-based factor shares as

dQit

Qit

= µit

[
αLit

dLit

Lit

+ αKit
dKit

Kit

]
+ git (A.2)

Finally, assuming constant returns to scale the previous expression can be rearranged

in a convenient way

dQit

Qit

− dKit

Kit

= µitαLit

[
dLit

Lit

− dKit

Kit

]
+ git (A.3)

Dividing both sides byµit = 1
1−βit

,

[
dQit

Qit

− dKit

Kit

]
− αLit

[
dLit

Lit

− dKit

Kit

]
= βit

[
dQit

Qit

− dKit

Kit

]
+ git(1− βit)(A.4)

The coefficient of interest in equation A.4 is the Lerner-indexβ = Pit−cit

cit
, which is

related to the average markup through the relationµ = 1
1−β

. Expression A.4 can be

2The expression I derive below relies on constant returns to scale (CRS). Similar estimable expres-
sions can be derived with no need of assuming any degree of return to scale. I assume CRS to derive
these expressions because I will use them for explaining Roeger (1995) methodology, which assumes
CRS for deriving his results.
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used to obtain estimates of the average export markup by interacting
[

dQit

Qit
− dKit

Kit

]

with the export status of the firm. The export-markup premium is then computed as

log(1− βdom)− log(1− βexp).

Equation A.4 can in principle be estimated imposing different assumptions on the

productivity term. Indeed, variations of expressions A.2, A.3 and A.4 have been es-

timated under different assumptions on the productivity process (see Hall, 1986, and

Levinsohn, 1993 among others). Two simple assumptions deliver particularly simple

equation that can be estimated by OLS. In the first, productivity is forced to move

randomly around a constant trend. The second assumption, allows mean productiv-

ity to change over time, but it is constant across firms. A third possibility to estimate

such equations is to replace the productivity termgit by a proxy measure for the tech-

nological process. In particular, this term can be calculated using the consistent proce-

dures proposed by Olley and Pakes (1996), Levinsohn and Petrin (2003a) or Ackerberg,

Caves, and Frazer (2006b). These methodology deals with selection and simultaneity

biases emerging from the non-zero correlation between inputs and productivity.

A.1.2 Roeger (1995)

One problem with Hall (1988) methodology is that it requires to calculate a proxy for

unobserved productivity. The fact that the productivity term may be correlated with

input choices render Hall (1988) markup estimate inconsistent. Roeger (1995) pro-

poses an alternative methodology to avoid estimating such component. His procedure

is based on the fact that under ideal conditions,3 the Solow residuals derived from the

primal and dual problems should not differ significatively. Using expressions for both

Solow residuals, Roeger (1995) eliminates the unobserved productivity term from the

specification to calculate average markups.

The key for Roeger (1995) approach is the derivation of a similar expression than

3Specifically, constant returns to scale, perfect competition and the absence of labor hoarding or
under-utilization of capital.

124



A.4 for the dual Solow residual:

αLit

[
dwit

wit

− drit

rit

]
−

[
dPit

Pit

− drit

rit

]
= −βit

[
dPit

Pit

− drit

rit

]
+ (1− βit)git(A.5)

Then, subtracting this last expression from A.4 we get

[(
dQit

Qit

+
dPit

Pit

)
−

(
dKit

Kit

+
drit

rit

)]
− αLit

[(
dLit

Lit

+
dwit

wit

)
−

(
dKit

Kit

+
drit

rit

)]

= βit

[(
dQit

Qit

+
dPit

Pit

)
−

(
dKit

Kit

+
drit

rit

)]
+ uit(A.6)

Assuming a constant markup, the previous expression can be estimated through OLS

as

∆yit = β∆xit + uit (A.7)

where∆y and∆x corresponds to the left and right hand side of equation (A.6) above.

Similarly to Hall (1988), the coefficient of interest in this equation is the Lerner-index

β. In the same fashion than Hall (1988) methodology, expression A.7 can be used to

obtain an estimate of the average export markup by interacting∆xit with the export

status of the firm.

A.1.3 De Loecker and Warzynski (2011)

One of the main caveats of the previous methodologies is that they only yield esti-

mates for the average markup in the sample. This concern is addressed by De Loecker

and Warzynski (2011), who propose a flexible approach for markup’s estimation which

relies on standard cost minimization. Their methodology only requires (at least) one

variable input of production free of adjustment costs. The production function is as-

sumed to be a function of capital (K) and a variable input (X) -labor for instance-:

Qit = Qit(Xit, Kit). The first order condition of the cost minimization problem with
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respect to the variable input requires that

PX
it − λit

∂Qit(Xit, Kit)

∂Xit

= 0 (A.8)

whereλit is the lagrange multiplier associated to the technological constraint. Defining

markup asµit ≡ Pit/λit, condition A.8 can be expressed in terms of elasticities as

µit =
θX

it

αit

(A.9)

whereθX
it denote the output elasticity of inputXit andαit is the share of expenditures

on inputXit in total sales (PitQit). For estimating the output elasticity of the flexible

input different production functions can be assumed. In particular, if a Cobb-Douglas

production function the input elasticity will be constant, and therefore all the variation

in markups will come from input share differences. In contrast, under more flexible

production function such as translog, the input’s elasticity will depend on the level of

all production inputs, and the markup will vary both by share and elasticity differences.

The computation of firm level markup requires to estimate the input-output elas-

ticity θ. De Loecker et al (2010) assume a Hicks-neutral production functionQit =

F (Xit, kit) exp(ωit). Furthermore, they allow for measurement error in output observed

in data, so observed output is expressed in log terms as

yit = ln Qit + εit (A.10)

whereεit areiid shocks. Since that in general, the inputs’ choice is correlated with the

unobserved productivity term (ωit), the estimation of A.10 will in general yield incon-

sistent estimates of the elasticities of labor and capital. However, this problem can be

solved following Levinsohn and Petrin (2003) methodology for the estimation of pro-

duction functions. These authors suggest to use materials demand,mit = mt(kit, ωit),

to proxy for unobserved productivity by invertingmt(·) under the assumption that ma-
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terials demand is strictly increasing in productivity.

As explained in Ackerberg et al (2006), the labor elasticity is not identified in the

first step of the Levinshon and Petrin’s methodology. These authors proposed instead

estimating all the elasticities in the second stage of the procedure. In the first step, the

following regression is run

yit = φ(lit, kit,mit) + εit (A.11)

φ(lit, kit,mit) = βllit + βkkit + βlll
2
it + βkkk2

it + βlklitkit + m−1(mit, kit)(A.12)

The second stage of the routine identifies the elasticities on labor and capital. After the

first stage, the productivity can be computed for any values ofβ usingωit(β) = ω̂it −
βllit+βkkit+βlll

2
it+βkkk2

it+βlklitkit. Using these values a consistent (non-parametric

approximation toE[ωit|ωit−1] is given by the predicted value of the regression

ωit(β) = γ0 + γ1ωit−1(β) + γ2ωit(β)2 + γ3ωit(β)3 + ξit (A.13)

We can now form the moments to obtain our estimates of the production function,

where we rely on

E




ξit(β)




lit

kit

l2it

k2
it

litkit







= 0 (A.14)

The estimated output elasticity of labor under the translog production function is given

by θ̂X
it = β̂l + 2β̂lllit + β̂lkkit and the share of expenditures on inputXit in total sales is
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recovered as

αit =
PX

it Xit

Pit
Q̃it

exp(ε̂it)

(A.15)

since the output is assumed to be subject to measurement error. Finally, the firm level

markup can be estimated by computing A.9.
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A.2 Additional Tables

Table A.1: Product Markup by Sector and Export Status

( 1 ) ( 2 ) ( 3 ) ( 4 ) ( 5 ) ( 6 )
Productive Sector Obs. All Exporter Domestic Premium (%)
Total 132,861 1.38 1.47 1.36 8.0
Food 35,223 1.32 1.39 1.31 6.2
Beverages 2,016 1.60 1.79 1.48 21.1
Tobacco 37 1.62 1.61 1.67 -3.7
Textiles 5,883 1.40 1.53 1.39 10.4
Apparel 13,149 1.40 1.47 1.40 4.9
Leather Products 1,074 1.41 1.37 1.43 -4.2
Footwear 2,105 1.30 1.54 1.30 18.4
Wood 7,056 1.30 1.38 1.30 5.8
Furniture 13,256 1.35 1.39 1.35 3.1
Paper and paper products 3,323 1.43 1.68 1.41 18.8
Printing 4,855 1.43 1.48 1.43 3.7
Other Chemicals 8,313 1.71 1.92 1.66 15.4
Basic Chemicals 2,240 1.40 1.36 1.41 -3.7
Rubber products 1,175 1.42 1.41 1.42 -0.4
Plastic products 7,249 1.44 1.50 1.43 4.7
Non-metallic manufactures 5,340 1.42 1.71 1.40 22.2
Basic Metals 1,999 1.33 1.36 1.31 3.5
Metallic products 7,886 1.34 1.51 1.33 13.3
Non-Electric Machinery 5,126 1.39 1.44 1.38 4.6
Electric Machinery 2,040 1.40 1.42 1.40 1.5
Transport Equipment 2,654 1.35 1.31 1.35 -2.9
Instruments and Tools 862 1.46 1.64 1.42 16.0

Source:Author’s construction based on ENIA information.Note: The stat displayed in columns 3-5 corresponds to the median markup per
sector and export category.
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Table A.2: Mean-Comparison Test between Matched Treated and Untreated Individuals

t+1 t+2 t+3 t+4

A. Product Variables

Markupt−1 0.20 0.94 0.36 0.93
∆Markup 0.51 -0.75 -0.64 -0.10
Age 0.16 0.30 0.23 0.62

B. Firm Variables

TFPt−1 -0.27 -0.03 0.48 -0.05
∆ TFP 0.26 0.17 0.45 -0.05
Sizet−1 -0.10 -0.13 -0.70 0.13
Capitalt−1 -0.61 -0.12 -0.29 0.45
Human Capitalt−1 -0.61 -0.12 -0.29 0.45

Source: Author’s estimation.Note: Coefficient corresponds to the t-tests for equality of means in
the treated and non-treated groups after matching. All variables but age are in logarithms. Size is
expressed in terms of labor. Capital and human capital refers to their intensity with respect to total
labor. * significant at 10%; ** significant at 5%; *** significant at 1%.
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APPENDIX B

Technical Appendix Exporting and Plant-Level

Efficiency Gains: It’s in the Measure

B.1 Separability of Marginal Costs into A and Input Prices

This appendix complements Section 2.2.2 in the paper; it proves the log-separability of

marginal costsMC(A,w) into physical productivity (A) and a function of input prices

φ(w) under the following assumptions: i) the production function is Hick-neutral and

exhibits constant return to scale (i.e., it is homogeneous of degree 1), and ii) input prices

are given. Suppose a general production function,Y = A · F (X), whereX is a vector

of inputs, andY is measured in physical units of output. The first order condition of

the cost minimization problem for any two inputsX i, Xj with the corresponding input

priceswi andwj, is

ψ

(
Xj

X i

)
=

wi

wj
⇒ Xj = ζ

(
wi

wj

)
X i (B.1)

The first equality follows from the fact that all homogeneous functions are homothethic,

and in the second we replaceζ(·) = ψ−1(·). Conditional input demand follows from

replacing (B.1) for each inputj in the production function and rearranging:

X i =
Y

A
hi(w) (B.2)

wherehi(·) is a function of input prices. Importantly, to obtain (B.2), we use the as-

sumption that the production function is homogeneous of degree 1. Replacing individ-
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ual factor demands in the objective function yields the cost function:

C(Y,w) =
Y

A
φ(w) (B.3)

whereφ(·) is a function of input prices which is homogeneous of degree one and in-

creasing in input pricesw.1 Finally, we obtain the marginal cost function from

MC(w) =
1

A
φ(w) (B.4)

B.2 Estimation of the Production Function and Revenue Produc-

tivity

In this appendix we explain the procedure to estimate the production function given

by equation (2.3) in the paper.2 For space reasons, we rewrite this translog production

function more succinctly as

qit = fs(lit, kit,mit; β
s) + ωit + αdx

it + εit (B.5)

where all lowercase variables are in logs;qit are revenues of planti in yeart; ωit repre-

sents plant-level productivity,dx
it is an export dummy, andεit represents measurement

error as well as un-anticipated shocks to output.3 The vectorβs = (βs
l , β

s
k, β

s
m, βs

ll, β
s
kk,

βs
mm, βs

lk, β
s
mk, β

s
lm, βs

lmk) collects the 10 coefficients of the translog production function

to be estimated.

To estimate (B.5) we follow the methodology by Ackerberg et al. (2006a, hence-

forth ACF), which controls for the simultaneity bias that arises because input demand

and unobserved productivity are positively correlated. This approach uses material in-

1See for example Mas-Colell, Whinston, and Green (1995), ch. 5, for a proof of these properties of
the cost function. All properties of the cost function related to input prices are passed on to the termφ(·).

2The discussion of this section follows closely De Loecker et al. (2012).
3We include an export dummy as an additional input in the production function to allow exporters to

produce under a different technology (following De Loecker and Warzynski, 2012).
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puts to control for the correlation between input levels and unobserved productivity. We

modify the canonical ACF procedure, specifying an endogenous productivity process,

where past export status is allowed to affect current productivity.4 Accordingly, the law

of motion for productivity is:

ωit = g(ωit−1, d
x
it−1) + ξit

An important innovation of the ACF procedure is the timing for choosing capital, labor

and materials. In particular, in the ACF framework plants choose labor after capital

is known in t − 1, but before materials are chosen and the productivity innovation

ξ is revealed int. In contrast, materials are chosen when plants learns about their

productivity in t. Hence, the choice of materials is made conditional on the values of

capital, labor and productivity. Demand for materials can then be expressed as

mit = mt(lit, kit, ωit,xit)

wherexit contains all other variables affecting material demand (time and product

dummies, reflecting aggregate shocks and specific demand components). Note that

in contrast to Olley and Pakes (1996) and Levinsohn and Petrin (2003b), the labor

coefficient is not identified in the ACF framework. However, provided thatmit is in-

vertible inωit, productivity can be proxied using the material demand function:ωit =

ht(mit, lit, kit, xit). The ACF methodology uses this fact to implement a consistent

two-step procedure to estimate the production function.

In the first stage of the ACF routine, a consistent estimate of expected outputφ̂t(·)
is obtained from the regression

qit = φt(lit, kit,mit; xit) + εit

4This reflects the correction suggested by De Loecker (2013); if productivity gains from exporting
also lead to more investment (and thus a higher capital stock), the standard method would overestimate
the capital coefficient in the production function, and thus underestimate productivity (i.e., the residual).
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whereφt(·) = fs(lit, kit,mit; xit) = fs(lit, kit,mit; β
s) + ht(mit, lit, kit,xit) + αdx

it.
5

Using the estimate of expected output, productivity can be computed for any can-

didate coefficient vector̃β
s

asωit(β̃
s
) = φ̂t − f̂s(lit, kit, mit; β̃

s
). Estimating non-

parametricallyωit(β̃
s
) on its own lagωit−1(β̃

s
) and on prior exporting status (dx

it−1),

the productivity innovation can be recovered for each candidateβ̃
s
.6

In the second stage, all coefficients of the production function are identified through

GMM using the moment conditions

E (ξit(β
s)Zit) = 0 (B.6)

whereZit is a vector of variables that comprises lags of all the variables in the translog

production function, and the current values of labor and capital in the corresponding

interactions appearing in the translog production function. These variables are valid

instruments since labor and capital are chosen before the productivity innovation is

observed.

Following De Loecker et al. (2012), we estimate (B.6) for each 2-digit manufactur-

ing sector using the sample of single product plants that are observed in at least three

consecutive periods. The reason for using single-product firms is that we do not observe

how inputs are allocated to individual outputs within a plant, which makes the estima-

tion of (2.3) at the product level unfeasible for multiple-product plants. However, for

the set of single product plants no assumption on the allocation of inputs to outputs is

needed, and the estimation of (2.3) can be performed with standard plant-level infor-

mation.

A summary of the estimated elasticities of labor, capital, and materials for our base-

line case, together with the returns to scale by sector, are shown in Table B.1. We

cannot reject the null hypothesis of constant returns to scale; the mean (median) returns

5We approximate the function̂φt(·) with a full fourth-degree polynomial in capital, labor and mate-
rials, and product fixed effects.

6Following Levinsohn and Petrin (2003b), we approximate the law of motion for productivity (the
functiong(·) stated above) with a polynomial.
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to scale is 1.02 (1.01).

B.2.1 Potential Biases Arising from the Production Function Estimation

In our estimation, we use deflated revenues as a proxy for physical output. As discussed

by Klette and Griliches (1996) and De Loecker and Warzynski (2012), this could lead

to biased estimates of productivity. In our setting, this is not a problem for computing

revenue productivity – it is precisely the bias that we quantify when efficiency gains

are measured by revenue productivity. However, the bias could be problematic for the

interpretation of our marginal cost estimates, since the computation of markups relies

on output elasticities, which in turn may be biased. In what follows, we discuss how

this bias may affect our results. We also sketch a strategy to check the robustness of our

findings to this potential bias.

There are two sources of bias in the estimation of output elasticities when physical

quantities are proxied by revenues. First, if output prices are negatively correlated with

input purchases, the coefficients of the production function are biased downward. This

correlation could arise if plants cut prices as they add inputs to expand their production.

The use of proxy estimators – such as ACF, which we apply – corrects for this bias,

since the productivity proxy controls for price variation that is correlated with produc-

tivity (c.f. De Loecker and Warzynski, 2012). However, the use of proxy estimators

does not correct the second source of bias, which arises if prices are correlated with

unobserved demand shocks (that are in turn uncorrelated with expected output). In

general, this bias will affect the level and trend of estimated output elasticities. How-

ever, in the particular case of a Cobb-Douglas production function, it will only affect

the level of output elasticities, because these are constant (De Loecker and Warzyn-

ski, 2012). We use this fact to evaluate the robustness of our results in Appendix B.6,

where we compare our baseline results with results derived from Cobb-Douglas output

elasticities.
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B.3 Estimation of Marginal Cost

In this appendix we provide details on the estimation of marginal costs. As explained

in the main text, we follow a two-step approach. First, we derive the product-level

markup for each plant, following the methodology outlined by De Loecker and Warzyn-

ski (2012). Second, we divide product-plant level output prices (observed in the data)

by the calculated markup to obtain marginal cost.

For estimating the product-level markup we use equation (2.5), according to which

the markup equals the elasticity of output (with respect to the flexible input), divided

by the share of the flexible input in the sales of the product. This equation provides a

simple formula to obtain product-level markups. However, this calculation cannot be

performed directly in our data since part of the data necessary for computing (2.5) is

not observed at the product level. In what follows, we explain our strategy to recover

product-level markups in an approach that is similar to De Loecker et al. (2012).

The first element we need to estimate markups is the output elasticity of the flexible

input. In our computation of (2.5) we use materials as the flexible input to compute the

output elasticity.7 Note that because we use a translog production function, material

elasticities depends on the use ofall inputs in production. In particular, the materials-

input elasticity for planti producing productj in periodt can be obtained as:

θM
ijt = βj

m + 2βj
mmmijt + βj

mkkijt + βj
lmlijt + βj

lmklijtkijt (B.7)

The vector of coefficientsβj = (βj
m, βj

mm, βj
mk, β

j
lm, βj

lmk) is obtained from the esti-

mation of the production function described in Section 2.2.3. We estimateβj using

the sample of single-product plants, following De Loecker et al. (2012).8 The reason

7In principle, labor could be used as an alternative. However, in the case of Chile, labor being
a flexible input would be a strong assumption due to its regulated labor market. A discussion of the
evolution of job security and firing cost in Chile can be found in Montenegro and Pagés (2004).

8The underlying assumption is that the technology for producing a given product is the same in single
and multiple product plants.
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for using the set of single-product plants is that we need product-level estimates of the

output elasticity of materials to compute product-level markups. For multiple-product

plants we do not observe how inputs are allocated across outputs within a plant, which

makes the estimation of (2.3) at the product level unfeasible for these plants. However,

for the set of single product plants no assumption on the allocation of inputs to out-

puts is needed, and the estimation of (2.3) can be performed with standard plant level

information.

Next, we compute the output elasticity of materials using (B.7) for each plant-

product. In this calculation, we use the coefficients inβj together with information

on inputs – capital, labor and materials. For multi-product plants, we follow Foster

et al. (2008) in assuming that plants allocate their inputs proportionally to the share of

each product in total revenues. After applying this adjustment, the markup for each

plant-product is computed using (2.5). To avoid that extreme values drive our results,

we only use observations within the percentiles 1 and 99 of the markup distribution.

Altogether, we are left with markup observations varying between (approximately) 0.5

and 4. In Table B.7 we show the average and median markup by sector.

B.4 Data Appendix

In this appendix we provide additional detail on sample selection and Data Consistency.

In order to ensure consistent product-plant categories in our panel, we follow four steps.

First, we drop plant-year observations whenever there are signs of unreliable reporting.

In particular, we exclude plants that have missing or zero values for total employment,

investment, demand for raw materials, sales, and product quantities. Second, given that

we use unit values to proxy for prices, we restrict our sample to the set of plant-product-

year observations with strictly positive sales and quantities. In addition, to avoid noisy

observations we drop observations where price or quantities jump by a factor of 10 or

more relative to the preceding or succeeding periods.
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Third, whenever our analysis involves quantities of production, we have to carefully

account for possible changes in the unit of measurement. For example, wine produc-

tion changes from "bottles" to "liters." Total revenue is generally unaffected by these

changes, but the derived unit values (prices) have to be corrected. We correct the de-

rived unit values as follows: Suppose that the unit of measurement changed in year

t. We assume that total quantity (measured in the ’old’ unit) grew at the same rate as

total revenue betweent − 1 andt. This allows us to derive quantity measured in the

’old’ unit for period t, Qold
t . Consequently, we can derive the price in terms of the old

and the new unit:P old
t = Rt/Q

old
t ; P new

t = Rt/Q
new
t , whereR denotes revenue. This

implies the conversion rateX = P old
t /P new

t that we use for all periods fromt onwards

– which allows us to measure the good in the old unit throughout the sample period.

This procedure is needed for 501 cases, less than 1% of all plant-product observations.

Fourth, a similar correction is needed because the product identifier in our sample

changes in the year 2001. The Chilean Statistical Institute provides a correspondence

for the new product categories in terms of the former product category. However, this

crosswalk does not allow to establish a one-to-one match for all observations. This

generates two problems. First, for a subset of the sample (5% of the original sam-

ple) no correspondence is provided, and only the new product category is available.

We drop all plant-product pairs for which no correspondence is available. Second, for

other subset of the sample (8% of the original sample) multiple observations are as-

signed to a single product-category within a plant. In these cases, we aggregate the

information of these observations. We also use an additional procedure to link old and

new product identifiers in 2001: We chain products within plants when there is reason-

able evidence that they represent the same product. In particular, we assign a common

product category for (i) single-product plants producing products in the same 4-digit

category (1,296 changes), (ii) multiple-product plants with no adding or dropping of

products and with exactly one product changing classification per year (538 changes),

(iii) multiple-product plants with at most one product being exported, and with the ex-
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ported product in two consecutive years changing of product category (167 changes).

For (i)-(iii), we require potential candidates to stay within the same 4-digit category

(in CUP) before and after the change.9 In addition, whenever the chained products are

recorded in different units we apply the procedure outlined in the previous paragraph to

homogenize the unit of measurement. This methodology expands the sample by 2,001

plant-product observations – approximately 2% of the overall sample size. After these

adjustments, our sample consists of 109,210 plant-product-year observations.

B.5 Propensity Score Matching Estimation

In this appendix we provide technical details on the implementation of the matching

estimator outlined in section 2.4.2. The specification of the propensity score is

Pr(ENTRYij,t = 1) = Φ{f(∆mcij,t−1, mcij,t−1, TFPRi,t−1, ki,t−1, Zij,t−1)} (B.8)

where ENTRYij,0 is a categorical variable equal to one if productj produced by plant

i enters the export market at periodt andΦ(·) is the normal cumulative distribution

function.10 As dependent variables, we include a polynomial in the elements off(·) on

the left-hand side variables of equation (B.8).11 As Wooldridge (2002) suggests, this

could improve the resulting matching as less structure is imposed. Importantly, in our

specification we include the lagged and differential marginal cost (∆mcij,t−1, mcij,t−1)

to control for pre-trends. We also include lagged productivity – which is one of the

underlying variables causing entry into export markets in the stylized model presented

in Appendix B.7 – and lagged capital stock. Both summarize the state of the plant

at the pre-entry period. Finally, we include other product and plant variables in the

vectorZij,t−1 to control for differences unaccounted for by the states and the pre-trend

9The categories we use – which we define in terms of the CUP – are comparable to 4-digit ISIC
categories.

10The definition of entry is provided in section 2.3.2.
11We include the level and square of all variables, and all variables are interacted with size and product-

level sales.
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of the marginal cost. Within the set of variables inZij,t−1, we consider the number of

employees and product sales to control for the size and scale of production, and the

import-status of the plant to control for potential differences in efficiency arising from

the use of more advanced technology embodied in the use of foreign goods.

All our results are derived using the nearest neighbor matching technique. Ac-

cordingly, the group of controls are the plants/products with a propensity score that

is closest to that of the new exported product. In our benchmark analysis we use the

three nearest-neighbors. As we show in Table B.3, our results are almost unchanged

if one or the five nearest neighbors are used instead. We perform this matching proce-

dure within products. Thus, each new exported product is compared to products in the

same product category. To minimize the presence of bad quality matches, we trim the

resulting distribution of controls and the difference between treated and controls – we

drop the 1st and 99th percentiles – before computing the average effect of entry. In our

benchmark results we replace the dropped controls with the next best match. As shown

in Table B.8, this is not crucial – the main results remain qualitatively unchanged when

not replacing by the next best match and instead using a smaller control group.

B.6 Additional Empirical Results

This appendix performs a number of additional robustness checks. Our results for

marginal costs are based on plant-product level observations, while TFPR is computed

at the plant level. To analyze if this difference drives our results, Table B.4 repeats our

matching estimation for the sub-sample of single-product plants. For these, marginal

costs and TFPR are both measured at the plant level. This robustness check comes at a

cost: export entries by single-product plants represent only about one-fourth of the total

number of entries in our sample. Correspondingly, the results are noisier than before

and mostly insignificant at standard levels. Nevertheless, the magnitude of coefficients

confirms our main finding: marginal costs fall by up to 25% after export entry.
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Our results for marginal costs and markups are derived from output elasticities that

are exposed to the omitted price bias described in Appendix B.2.1. In the following,

we check the robustness of our main results by comparing them to the case where a

Cobb-Douglas production function is estimated. While this comes at the cost of being

more restrictive, it offers an important advantage: in the Cobb-Douglas case, the bias

is less relevant for our main results, since it affects only the level but not the trend

of the output elasticities (see Appendix B.2.1). In our main results, we exploit the

inter-temporal dimension (i.e., trends) of markups and marginal cost. Since the inter-

temporal dimension is not affected by the omitted price bias in the Cobb-Douglas case,

we can use this to check the robustness. In Table B.5 we compare the within-plant

trajectories for marginal cost (Panel A) and markups (Panel B) for the translog and

Cobb-Douglas cases. The results are practically identical in both cases. This suggest

that the omitted price bias is not affecting our main results in an important way.

B.7 Stylized Theoretical Framework: Derivation

In this section we provide details on the stylized framework presented in Section 2.2 in

the paper.

B.7.1 Preferences

We assume a quasi-linear utility function with a quadratic subutility as in Foster et al.

(2008):12

U = y +

∫

i∈I

(α + δi)qidi− 1

2
η

(∫

i∈I

qidi

)2

− 1

2
γ

∫

i∈I

q2
i di

wherey andqi represent the consumption levels of an undifferentiated good and a dif-

ferentiated varietyi, respectively.γ ≥ 0 is an index of substitutability across varieties

12In the derivation of the demand and profit function we follow their notation. This approach goes
back to the earlier work by Ottaviano, Tabuchi, and Thisse (2002).
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– it can be interpreted as the cost of variance in the consumption basket. Ifγ is large,

consumers have a strong taste for variety, so that individualqi’s are less substitutable.

Finally, α andη ≥ 0 govern the substitutability with the numeraire, andδi is a variety-

specific taste shifter.

B.7.2 Partial Equilibrium for the Differentiated Good in the Domestic Market

Given the above preferences, if income is large enough so that quantity demanded of

the numeraire is positive, the (inverse) demand for any differentiated goodi is given by

pi = α + δi − γqi − ηQ (B.9)

We can solve for aggregate demandQ by integrating individual demand over the

range of goods for which the quantity demanded is positive. This yields

Q =
N(α− δ̄ − p̄)

γ + ηN
, (B.10)

whereN is the measure of consumed varieties, andδ̄ andp̄ are average taste shifter and

price, respectively. Replacing this expression in the inverse demand function leads to:

pi = M + δi − γqi (B.11)

whereM = 1
ηN+γ

(
αγ + ηN(p̄− δ̄)

)
is a variety-invariant term that we interpret as the

relevant domestic market size for produceri. Thus, produceri’s market is the smaller

the more other varieties (N ) are sold, and the stronger demand is shifted towards these

other products (̄δ). In addition, demand for varietyi is increasing in the price charged

by other producers (̄p).

There is no entry or exit of plants, so that the massN of plants is stable. Plants

differ in their technology, and we assume that each plant produces a single variety. In

contrast to Foster et al. (2008), we impose no particular degree of returns to scale; we

142



only assume Hicks-neutrality.13 The marginal cost of production of varietyi is given by

MCi, which is related inversely to the efficiency of the firm because of Hicks neutral-

ity.14 Importantly,MCi is driven by input costs and firm efficiency. To the extent that

all producers within a sector face the same or similar input costs, lower marginal cost

will directly reflect higher technological efficiency (TFPQ). Profit maximizing price

and quantity of domestic sales are given by

pi =
1

2
(M + δi + MCi) , qi =

1

2γ
(M + δi −MCi) (B.12)

which implies that profits in the domestic market are given by

πi =
1

4γ
(M + δi −MCi)

2 (B.13)

Assuming Hicks-neutrality, physical productivity (TFPQ) can be computed as

TFPQi =
qi

φ(X)
= Ai (B.14)

whereX is a vector of inputs, and the functional formφ(·) depends on the particular

production function.15 Revenue productivity (TFPR) is obtained by multiplying TFPQ

with the corresponding price:

TFPRi = pi · Ai =

[
1

2
(M + δi + MCi(Ai

(−)
, w
(+)

))

]
· Ai , (B.15)

wherew is a vector of input prices. As highlighted by Foster et al. (2008), TFPR

reflects not only efficiency differences, but also input prices and demand factors, as

given by market sizeM and idiosyncratic demand shocksδi. TFPR also depends on

13This assumption is standard in the literature that studies production function estimation (c.f. Acker-
berg, Benkard, Berry, and Pakes, 2007).

14The marginal cost is expressed in units of the numeraire good.
15For example, in a standard Cobb-Douglas production function with capital and labor,φ(·) =

KαL1−α.
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marginal costs, which in turn fall withAi.16 Therefore, the relationship between TFPR

and TFPQ is ambiguous.

B.7.3 Partial Equilibrium for the Differentiated Good in the Foreign Market

We assume that preferences in the foreign market have the same functional form as in

the domestic market. We add asterisks to all variables and parameters in the foreign

market to differentiate them from their domestic counterparts. Demand for varietyi is

given byp∗i = M∗ + δ∗i − γq∗i , whereM∗ = 1
ηN∗+γ∗

(
α∗γ∗ + η∗N∗(p̄∗ − δ̄∗)

)
reflects

foreign markets size.

We use the standard assumption that a fixed entry costFE must be paid to sell in the

foreign market. Exports are also subject to an iceberg trade costτ . Profit maximizing

price and quantity in the foreign market are:

p∗i =
1

2
(M∗ + δ∗i + τMCi) , q∗i =

1

2γ
(M∗ + δ∗i − τMCi) (B.16)

We define the indicator variableEi that takes on value 1 if planti is exporting, and 0

otherwise. Total profits from domestic and foreign sales are then given by

π∗i =
1

4γ
(M + δi −MCi)

2

︸ ︷︷ ︸
profits in domestic market

+ Ei ·
[

1

4γτ
(M∗ + δ∗i − τMCi)

2 − FE

]

︸ ︷︷ ︸
profits in foreign market

(B.17)

In this context, a planti exports if its profits under exporting are higher than under

domestic sales only:πi(Ei = 1) ≥ πi(Ei = 0). Because domestic profits enter both

sides of this inequality, they do not affect the export entry decision. Thus, as in Melitz

(2003), plants decide to export if theiradditional profits under exporting exceed the

(annualized) export fixed costFE.17 Next, we derive the export entry threshold in

16For example, in a Cobb-Douglas production function, we would have the standard result
1

Ai

(
r
α

)α
(

w
1−α

)1−α

for marginal cost.
17In contrast to Melitz (2003), in our setup the export threshold is firm-specific, because it also depends

on the idiosyncratic foreign demand parameterδ∗i .
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terms of marginal cost:

πi(Ei = 1) ≥ πi(Ei = 0)

⇔ MCi ≤ 1

τ

(
M∗ + δ∗i − 2

√
FEγτ

)

︸ ︷︷ ︸
exporting threshold

(B.18)

Note that for a given marginal cost, the tendency of a plant to exports is the higher (i)

the larger the foreign marketM∗, (ii) the higher the idiosyncratic foreign demandδ∗i ,

and (iii) the lower the fixed and variable export costFE andτ .

We now defineεi as the export entry wedge (in terms of marginal costs). This

variable indicates how far (in percentage terms) planti’s marginal cost is from the

export threshold – where annual profits equal the annualized fixed entry costFE. This

wedge is implicitly defined by:

1 + εi =
MCi

1
τ

(
M∗ + δ∗i − 2

√
FEγτ

) (B.19)

Thus, for plants selling only domestically,εi > 0. On the other hand, for exporters

εi ≤ 0, i.e., marginal costs are below the threshold.

B.7.4 Demand- and Supply Drivers of Export Entry

In this subsection we derive the expressions used in the main text for the scenarios that

can cause a plant’s export entry.

Demand Shock

Plants will enter the export market if overall foreign demandM∗ increases or if foreign

demand shifts towards their product (δ∗i rises). In terms of equation (B.18), this implies

that the marginal cost threshold for export entry increases, making entry profitable for

relatively less productive plants. If this was the dominant mechanism, marginal costs
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should not change after export entry, which is not in line with our data.18

Productivity Shocks

A second channel that could induce entry into export markets is a plant-specific pro-

ductivity shock. In terms of equation (B.18), more efficient plants produce at a lower

marginal cost, making it more likely that they fall below the threshold for export entry.

We analyze the case of a plant that initially does not export (εi > 0) and that after

the productivity shock decides to enter the export market. Denote the marginal cost

after the shock byMCpost
i =

MC0
i

1+ϕPS
i

, with the productivity shockϕPS
i > 0. Suppose

that the shock is large enough to trigger export entry. ThenMCpost
i must be below the

threshold defined by equation (B.18). Thus, the following condition must hold for a

firm that is induced to export by a positive productivity shock:

MC0
i

1 + ϕPS
i

≤ 1

τ

(
M∗ + δ∗i − 2

√
FEγτ

)
(B.20)

Using (B.19), this implies that a productivity shock induces entry if

ϕPS
i ≥ εi (B.21)

Note that this mechanism implies that efficiency gains cause exporting, not the other

way around. Nevertheless, TFPR may not reflect this shock if the increased efficiency

is passed on to customers in the form of lower prices – as predicted by (B.12) and

(B.16). Analyzing marginal cost, on the other hand, allows us to identify the associated

efficiency gains.

18Note that the effect of a demand shock on product price is not determined. Because the product has
not previously been exported, its price in the foreign market was unobserved. The price charged after
export entry may be below, equal, or above the domestic price, depending on the parameters in (B.12)
and (B.16). Correspondingly, the effect on TFPR is also ambiguous.
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Learning by Exporting

Suppose now that plants learn after export entry so that they become more efficient.

In particular, after paying the fixed costFE > 0 for entry, the marginal cost becomes

MCLBE
i =

MC0
i

1+ϕLBE
i

, with ϕLBE
i > 0. We assume for simplicity that plants correctly

anticipate these efficiency gains. As in the case with no learning, plants start exporting

if the corresponding profits are higher than the profits from selling in the domestic

market only:

πLBE
i (Ei = 1) ≥ π0

i (Ei = 0)

Note that now, efficiency gains only occur in the case of export entry. When selling

only domestically, the plant maintains its original marginal costMC0
i and profitsπ0

i . In

contrast to the previous case of productivity shocks, this implies that domestic profits

do not cancel out anymore. The entry condition can then be expressed as:

⇔

[
M∗ + δ∗j − τ

MC0
i

1+ϕLBE
i

]2

τ
− 4γFE

︸ ︷︷ ︸
≥ 0 if ϕLBE

i ≥ εi

≥ [
M + δi −MC0

i

]2 −
[
M + δi − MC0

i

1 + ϕLBE
i

]2

︸ ︷︷ ︸
≤0

(B.22)

This condition is less restrictive than in the case where plants experience a productivity

shock. The LHS of (B.22) is greater than zero as long asϕLBE
i > εi, while the RHS

is always negative because the domestic profits are higher when plants experience LBE

than when selling domestically only.

Equation (B.22) can be solved implicitly forϕLBE
i in terms ofεi andFE. Since the

LHS is strictly increasing inϕLBE
i while the RHS of (B.22) is decreasing inϕLBE

i , there

exists a uniqueϕLBE
i that solves (B.22). In particular, the LHS is strictly decreasing

in εi andFE, while the RHS is strictly increasing inεi. Therefore, the export entry

condition can be written as:

ϕLBE
i ≥ f( εi

(+)
, FE

(+)
) (B.23)

This is saying that plants that are farther away from the export entry threshold need

larger efficiency gains induced by entry in order to start exporting. The same is true
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for larger fixed costs of export entry. Intuitively,FE now also determines the thresh-

old because efficiency gains occur only in conjunction with export entry, while they

emerged regardless of export status in (B.21) above. Note that if plants experience on-

going LBE, entrants should display increasing efficiency trajectories. Moreover, since

LBE is a causal mechanism – i.e., there are efficiency gains only if there is entry – we

should observe higher efficiency levels onlyafter entry.

Technology-export complementarity

The last mechanism we study involves a complementarity between the exporting de-

cision and investment in new technologies. In particular, assume that after paying a

fixed costF I > 0, plants gain access to new technology with lower marginal cost

MCTEC
i =

MC0
i

1+ϕTEC
i

, with ϕTEC
i > 0. As in Lileeva and Trefler (2010), we focus

on the case in which export entry is only profitable in combination with investment

in the new technology – which is the relevant case for a complementarity between

technology investment and exporting. In this setup, plants enter the export market if

πTEC
i (Ei = 1) ≥ π0

i (Ei = 0). We can manipulate this expression to obtain:

[
M∗+δ∗i−τ

MC0
i

1+ϕTEC
i

]2

τ
− 4γFE ≥ [M + δi −MC0

i ]
2 −

[[
M + δi − MC0

i

1+ϕTEC
i

]2

− 4γF I

]
(B.24)

The LHS of equation (B.24) is positive as long asϕTEC
i ≥ εi. However, the RHS

can be positive or negative depending on whether investing without exporting is more

profitable than the status quo. Similar to the previous case, we can solve equation

(B.24) implicitly for ϕTEC
i in terms ofεi and (FE, F I). The LHS is strictly increasing

in ϕTEC
i , while the RHS of (B.24) is decreasing inϕTEC

i . Thus, there exists a unique

solution forϕTEC
i . The export entry condition can then be written as:

ϕTEC
i ≥ g( εi

(+)
, FE

(+)

, F I

(+)

) (B.25)
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Consequently, plants farther away from the export entry threshold, or with higher fixed

investment or export cost, require a higher efficiency gain from the new technology in

order to start exporting. We provide support for the first feature in Section 2.5 in the

paper, showing that efficiency gains after export entry are particularly pronounced for

plants with lower initial productivity.
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B.8 Additional Tables

Table B.1: Translog Output Elasticities

Elasticities Returns to Scale

Labor Capital Materials Mean Median

Food and Beverages 0.069 0.236 0.763 1.068 0.997

(0.697) (0.531) (0.064) (0.023)

Textiles 0.197 0.049 1.017 1.263 1.38

(0.866) (1.007) (0.277) (0.493)

Apparel 0.241 0.142 0.68 1.063 1.111

(0.441) (0.539) (0.044) (0.097)

Wood and Furniture 0.016 0.17 0.83 1.016 1.052

(0.827) (0.676) (0.148) (0.079)

Paper 0.333 0.051 0.789 1.174 1.012

(0.459) (0.74) (0.054) (0.079)

Basic Chemicals 0.261 0.127 0.828 1.216 0.809

(0.583) (0.714) (0.137) (0.264)

Plastic and Rubber 0.053 0.126 0.768 0.947 0.977

(0.725) (0.653) (0.12) (0.063)

Non Metallic Manufactures 0.235 0.181 0.748 1.164 1.247

(0.525) (0.578) (0.113) (0.14)

Metallic Manufactures -0.011 0.442 0.424 0.856 1.012

(0.472) (0.186) (0.185) (0.151)

Machinery and Equipment 0.105 0.061 0.974 1.14 0.857

(0.911) (0.953) (0.272) (0.33)

All 0.096 0.26 0.668 1.024 1.015

(0.617) (0.47) (0.233) (0.211)

Notes: The table reports the estimated output elasticities for the translog production function (2.3). Columns
1-3 display the sales-weighted mean elasticities (by aggregate sectors) with respect to each production factor
for all plant-products. In columns 4 and 5 we report the sales-weighted mean and median returns to scale,
which are equal to the sum of the coefficients in columns 1-3. Standard errors are in parenthesis.
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Table B.2: Within Plant-Product Average Cost Trajectory for New Exported Products

Periods After Entry -2 -1 0 1 2 3 Obs/R2

Reported Average Cost .0120 -.0407 -.115** -.137* -.0773 -.125 2,599

(.0669) (.0560) (.0580) (.0729) (.102) (.0991) .849

Notes: Regression output corresponds to the estimation of equation (2.7). See notes to Table 2.2 for details on the
estimation of the trajectories and the entry definition. Key: ** significant at 1%; ** 5%; * 10%.
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Table B.3: Matching Robustness: Different Number of Neighbors

Periods After Entry 0 1 2 3

Panel A: 1 Neighbor

Revenue TFP .00810 .00169 .0224 .104

(.0225) (.0289) (.0445) (.0706)

Price -.0193 -.119** -.0659 -.0702

(.0400) (.0566) (.0666) (.127)

Marginal Cost -.0580 -.0747 -.125* -.276*

(.0474) (.0675) (.0753) (.142)

Markup .0370 -.0160 .00203 .120*

(.0231) (.0308) (.0392) (.0706)

Reported Average Cost -.0717* -.171*** -.0329 -.209*

(.0423) (.0627) (.0935) (.118)

Treated Observations (Min/Max) 182 / 185 124 / 129 75 / 80 34 / 35

Control Observations (Min/Max) 182 / 185 124 / 129 75 / 80 34 / 35

Panel B: 5 Neighbors

Revenue TFP -.00863 .0256 .0380 .0990**

(.0196) (.0255) (.0373) (.0477)

Price -.0206 -.115** -.105* -.131

(.0289) (.0481) (.0608) (.105)

Marginal Cost -.0320 -.0913 -.158** -.237**

(.0375) (.0570) (.0704) (.108)

Markup .00269 .00323 .0450 .126**

(.0196) (.0263) (.0320) (.0561)

Reported Average Cost -.0691** -.156*** -.0382 -.177

(.0313) (.0480) (.0724) (.109)

Treated Observations (Min/Max) 183 / 186 124 / 130 75 / 81 35 / 37

Control Observations (Min/Max) 820 / 840 557 / 590 359 / 371 162 / 172

Notes: This table documents the robustness of the results in Table 2.3 when changing the number of neighbors in the
matching procedure. The benchmark number of neighbors is 3. Coefficients correspond to the differential growth of
each variable with respect to the pre-entry year (t = −1) between entrants and controls. Periodt = 0 corresponds to
the entry year. See notes to Table 2.3 for details about the matching technique and the definition on entrants. Robust
standard errors in parentheses. Key: ** significant at 1%; ** 5%; * 10%.
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Table B.4: Single-Product Plants

Periods After Entry 0 1 2 3

Marginal Cost .0254 -.128 -.222* -.255

(.0904) (.122) (.114) (.155)

Treated Observations 45 29 15 10

Control Observations 120 76 43 30

Notes: The table shows the differential growth of each variable with respect to the pre-
entry year (t = −1) between treated and control groups. In Panel A the treated group
are non-exported products produced by export entrants and controls are the same as in the
benchmark case. Thus, treated observations include only multi-product plants. Panel B
replicate Table 2.3 for the sample of single-product plants. In both cases, the control group
is selected using the criteria explained in Table 2.3. Periodt = 0 corresponds to the export
entry year. The criteria for defining a plant as entrant can be found in the notes to Table 2.2.
Robust standard errors in parentheses. Key: ** significant at 1%; ** 5%; * 10%.

Table B.5: Within-Plant Results for Baseline vs. Cobb-Douglas Production Function

Periods After Entry -2 -1 0 1 2 3 Obs/R2

Panel A. Marginal Cost

Basline (Translog) -.0206 -.0692 -.111** -.147** -.201** -.247*** 2,671/.85

(.0653) (.0540) (.0563) (.0712) (.0904) (.0904)

Cobb-Douglas -.00842 -.0682 -.106* -.146** -.214** -.258*** 2,652/.85

(.0663) (.0560) (.0595) (.0739) (.0923) (.0928)

Panel B. Markup

Basline (Translog) .00260 .0319** .0179 .00529 .0575** .0312 2,671/.58

(.0176) (.0155) (.0152) (.0193) (.0258) (.0288)

Cobb-Douglas -.00227 .0351** .0120 .00397 .0703** .0434 2,652/.58

(.0195) (.0163) (.0167) (.0211) (.0291) (.0308)

Notes: This table compares the benchmark within-plant results (derived from estimating a translog production function) with the
case of a Cobb-Douglas production function. In each panel, the first two rows replicate the estimates in Table 2.2 in the paper.
Periodt = 0 corresponds to the entry year. See notes to Table 2.2 for further details on the underlying regression and controls.
Standard errors (clustered at the plant-product level) in parentheses. Key: ** significant at 1%; ** 5%; * 10%.
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Table B.6: Change in Domestic and Exported Prices After Export Entry

Dependent Variable: Price of Product when:

Exported Domestic

Export Dummy -.220*** -.070

(.072) (.118)

R-squared .831 .877

Obs. 1,382 1,382

Notes: The regressions report the average change in exported and domestic prices of new exported
products after export entry. The analysis includes only plant-products that are export entrants
between 1997 and 2000. For this period, our data contain separate information for exported and
domestic product prices. The excluded category in both regressions are thus plant-products before
export entry, or after exit from the export market. All regressions control for plant-product fixed
effects (at the 7-digit level), and for product-year effects at the 4-digit level. A product is defined
as an entrant if it is the first product exported by a plant and is sold domestically for at least one
period before entry into the export market. Standard errors (clustered at the plant-product level) in
parentheses. Key: ** significant at 1%; ** 5%; * 10%.
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Table B.7: Estimated Markups

Mean

Unweighted Weighted Median

Food and Beverages 1.364 1.507 1.265

(0.46) (0.54)

Textiles 1.756 2.08 1.561

(0.766) (0.812)

Apparel 1.317 1.483 1.183

(0.548) (0.553)

Wood and Furniture 1.325 1.652 1.234

(0.514) (0.511)

Paper 1.423 1.864 1.293

(0.597) (0.63)

Basic Chemicals 1.306 1.528 1.16

(0.591) (0.681)

Plastic and Rubber 1.385 1.458 1.309

(0.453) (0.401)

Non Metallic Manufactures 1.755 2.114 1.582

(0.671) (0.862)

Metallic Manufactures 1.29 1.112 1.11

(0.642) (0.623)

Machinery and Equipment 1.133 1.696 0.995

(0.538) (0.582)

All 1.39 1.547 1.243

(0.626) (0.79)

Notes: This table reports the estimated markup by aggregate sector for the period 1996-2005 (see

Appendix B.3 for details on the computation). Columns 1 and 2 display the unweighted and sales-

weighted average markup, respectively. Standard errors are in parenthesis.
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Table B.8: Matching Robustness: Without Replacing by Next Best Match

Periods After Entry 0 1 2 3

Revenue TFP -.00935 .0137 .0405 .135**

(.0210) (.0276) (.0412) (.0496)

Price -.0257 -.103** -.164** -.137

(.0319) (.0520) (.0647) (.101)

Marginal Cost -.0448 -.100* -.197*** -.276**

(.0376) (.0595) (.0724) (.122)

Markup .0124 -.00484 .0468 .110**

(.0205) (.0283) (.0361) (.0500)

Reported Average Cost -.0612* -.147*** -.0910 -.207*

(.0341) (.0507) (.0730) (.109)

Treated Observations (Min/Max) 182 / 186 124 / 132 75 / 81 36 / 37

Control Observations (Min/Max) 489 / 515 336 / 358 213 / 226 95 / 102

Notes: This table documents the robustness of the results in Table 2.3 when we do not replace extreme control
observations with the next best match. All other matching parameters are identical to Table 2.3 in the paper.
The matching procedure is explained in detail in Appendix B.5. Coefficients correspond to the differential
growth of each variable with respect to the pre-entry year (t = −1) between entrants and controls. Period
t = 0 corresponds to the entry year. See notes to Table 2.3 for details about the matching technique and the
definition on entrants. Robust standard errors in parentheses. Key: ** significant at 1%; ** 5%; * 10%.
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APPENDIX C

Technical Appendix Income Distribution and Quality

Sorting in Multiple Product Firms

C.1 Data Appendix

The main data used in this paper consist of exports of bottled Chilean wine for the

period 2005-2009. The data is collected by the Chilean Custom Service and provided

by Intelvid, a Chilean market intelligence company that provides analytic information

of Chilean wine exports to Wines of Chile –the main association of Chilean wineries–

and its associated members.

The Chilean Custom Service requires all exporters to register in theDocumento

Unico de Salida(DUS) the quantity, value and a detailed description of of each ship-

ment valued US$2,000 or more.1 For each merchandise, the DUS requires to provide

(1) the name of the merchandise (e.g. "Red wine" or "White wine"), (2) brand name,

(3) the model, type, class or variety (e.g. Cabernet Sauvignon or Merlot) and (4) other

complementary information, corresponding in the case of wine to alcoholic graduation,

volatile acidity, vintage and packaging.2. I manually coded this information into dif-

ferent categorical variables for all wine manufacturers in the sample.3 The final dataset

1Shipments valued less than US$2,000 qualify for a simplified DUS. In this case exporters are re-
quired to individualize the merchandize by its name and to provide "(...)any other information that al-
lows individualization of the merchandise in order to determine its nature and differentiate it from other
merchandise". Unlike other custom level datasets (c.f. countries in the Euro Zone), I observe the value of
low value shipments, although for them there is less detail regarding the attributes of the exported good.

2When there is more than one receipt for a given custom code, the Custom authority requires to
register the name of the merchandise with higher FOB value.

3To classify firms as wine manufacturers I manually verified (1) the website of the exporter (if any),
(2) the existence of wine brand associated to the exporter, and (3) if the exporter was mentioned in
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consists of 422,315 observations, comprising 131 wineries and 1,334 brands. This sam-

ple represents about 97% of the exported value and volume.

Nuevos Mundos (2004). The dataset thus excludes intermediary firms.
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C.2 Technical Proofs

Equilibrium CES Price Index

Given that only firms with productivity abovẽϕq
ij export qualityq to countryj, the aggregate CES price

index inj can be found summing over active exporters from theI countries and using the assumption of

Pareto distributed productivities:

(
P q

j

)1−σq =
I∑

i=1

Li

∫ ∞

ϕ̃q
ij

(pq
ij)

1−σqdG(ϕ) (C.1)

=
I∑

i=1

Li

∫ ∞

ϕ̃q
ij

[
σq − 1

σq
× ϕ

τij

]σq−1

k ϕ−k−1dϕ (C.2)

= γq
2

I∑

i=1

Li × τ
1−σq

ij × (ϕ̃q
ij)

σq−k−1 (C.3)

whereγq
2 =

[
σq−1

σq

]σq−1

×
[

k
k−(σq−1)

]
. Note that aggregate price in each countryj depends on the

values of threshold productivities of theI countries exporting toj. To solve the system of prices and

productivities, I follow Chaney (2008) in making use of the assumption of fixed set of entrants. This

allows me to solve the system equation by equation, by just replacing threshold productivities (3.10) and

(3.11) –which only depends on the value of variables in countryj– on the price level (C.3)

(
P q

j

)1−σq = γq
2

I∑

i=1

Li × τ
1−σq

ij ×


γq

1

[(
P q

j

)−σq
F

Y q
j ·Lj

] 1
σq−1

τij





σq−k−1

(C.4)

After some algebraic manipulations, the previous equations reduces to

P q
j = γq

3 ×
[
LjY

q
j

](σq−1−k)/λq

[
I∑

i=1

Li × τ−k
ij × F

−
(

k
σq−1−1

)]−(σq−1)/λq

(C.5)

whereλq = kσq − (σq − 1) andγq
3 =

[
γq
2 × (γq

1)σq−k−1
]−(σq−1)/λq . To obtain equation (3.12) in the

main text, defineθ−λq

j =
[∑I

i=1 Li × τ−k
ij × F

−
(

k
σq−1−1

)]σq−1

.

¥
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Proposition 1

Using the symmetry assumption for all aspect but size (Nj > Nk), relative firm profits (including the

fixed cost) in countryj andk for a firm with productivityϕ in quality segmentq are

πq
ij(ϕ) + F

πq
ik(ϕ) + F

=

(
P q

j

P q
k

)σq

· Nj

Nk
(C.6)

Using the equilibrium price, the ratio
(
P q

j /P q
k

)
= (Nj/Nk)(σq−1−k)/λq . Replacing this back in equation

(C.6) leads to the first stated result:

πq
ij(ϕ) + F

πq
ik(ϕ) + F

=
(

Nj

Nk

) (σq−1)2

λq

> 1 ⇒ πq
ij(ϕ) > πq

ik(ϕ) ∀ q = {H, L} (C.7)

Part (ii) follows from usingσL > σH in (C.7). Part (iii) is obtained follows from computing the ratio

ϕ̃q
ij/ϕ̃q

ik under the assumed symmetry across countries:

ϕ̃q
ij

ϕ̃q
ik

=
(

Nk

Nj

) (σq−1)
λq

< 1 ⇒ ϕ̃q
ij < ϕ̃q

ik ∀ q = {H, L} (C.8)

¥

Lemma 1

Relative high-quality profits in countryj compared to relative high-quality profits in countryk are:

(
πH

ij (ϕ) + F
)
/

(
πL

ij(ϕ) + F
)

(
πH

ik(ϕ) + F
)
/

(
πL

ik(ϕ) + F
) =

(
PH

j /PH
k

)σH

(
PL

j /PL
k

)σL
×

(
Y H

j /Y L
j

)
(
Y H

k /Y L
k

) (C.9)

Under the assumptions of the Lemma,

(
PH

j /PH
k

)σH

(
PL

j /PL
k

)σL
=

(
Y H

k /Y H
j

)σH
(k−(σH−1))

λH

(
Y L

k /Y L
j

)σL
(k−(σL−1))

λL

(C.10)
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Which implies that
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>

(
Y L

j

Y L
k

) (σH−1)2

λH
− (σL−1)2

λL

> 1

since(σH−1)2

λH
− (σL−1)2

λL
< 0, and(Y L

j /Y L
k ) < 1 because countryk’s income distribution is composed

by relatively more consumers buying low quality and countries have the same size.4

¥

Proposition 3

To prove proposition 3 I use the result of lemma 1. To prove results (i)-(ii), it suffices to prove that

if country j have higher income inequality than countryk, Y H
j /Y L

j > Y H
k /Y L

k holds. With Pareto

distribution, it can be proved that

Y L
j

Y H
j

=

(
yj

y
j

)αj

− 1 (C.12)

Since(yj/y
j
) > 1, (Y L

j /Y H
j ) is increasing inαj , which implies that in countries with higher income

inequality (lowerαj), the value ofY L
j /Y H

j is lower. In particular, since income inequality is assumed

to be higher in countryj than in countryk, we have

Y L
j

Y H
j

<
Y L

k

Y H
k

⇒ Y H
j

Y L
j

>
Y H

k

Y L
k

(C.13)

Thus, firm profits in the high quality segment are relatively higher in countryj than in countryj, and the

relative productivity threshold for high quality in countryj is lower than in countryk.

A formal proof for part (iii) is not provided. However, the intuition is straightforward and relies in

the fact that the ratio
(
yj/y

j

)
is higher in richer countries (highxj) (see section 3.3.4). Since

∂2(Y L
j /Y H

j )

∂αj∂
(
yj/y

j

) =

(
yj

y
j

)αj−1 [
1 + log

(
yj

y
j

)]
> 0 (C.14)

4More precisely,(σH−1)2

λH
− (σL−1)2

λL
= (σH−σL[(σH−1)(σL−1)+k(σHσL−1)])

λH ·λL
< 0.
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which implies that a same increase in income inequality have an stronger effect in relative profits of

high-quality varieties if countriesj andk are poor than if they are rich.

¥
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C.3 Additional Tables
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Table C.1: Fitted Parameters for Pareto and Lognormal distributions

Data Pareto Lognormal Data Pareto Lognormal

iso3 Λj ŷj αj xj σj µj iso3 Λj ŷj αj xj σj µj

AGO 58.6 3,055 1.35 796 1.16 7.45 KEN 47.7 1,144 1.55 405 0.90 6.59
ARG 50.0 9,671 1.50 3,221 0.95 8.70 KGZ 32.9 1,890 2.02 953 0.60 7.24
ARM 30.2 4,452 2.15 2,384 0.55 8.13 KHM 41.9 1,489 1.69 610 0.78 6.92
AUS 35.2 38,384 1.92 18,401 0.65 10.23KOR 31.6 22,577 2.08 11,737 0.58 9.74
AUT 29.1 36,151 2.22 19,833 0.53 10.23LAO 32.6 1,727 2.03 877 0.60 7.16
BEL 33.0 33,893 2.02 17,087 0.60 10.13LBR 52.6 378 1.45 118 1.01 5.43
BEN 38.6 1,136 1.79 503 0.71 6.68 LCA 42.6 11,736 1.67 4,724 0.80 8.97
BFA 39.6 849 1.76 367 0.73 6.38 LKA 41.1 3,176 1.72 1,327 0.76 7.68
BGD 31.0 1,086 2.11 572 0.56 6.71 LTU 35.8 13,068 1.90 6,177 0.66 9.15
BGR 29.2 8,904 2.21 4,875 0.53 8.83 LUX 30.8 73,243 2.13 38,783 0.56 10.92
BIH 35.8 4,828 1.90 2,284 0.66 8.15 LVA 35.7 12,031 1.90 5,697 0.66 9.07
BLR 27.9 9,177 2.29 5,171 0.51 8.87 MAR 40.9 2,998 1.72 1,258 0.76 7.63
BOL 58.2 3,313 1.36 876 1.15 7.53 MDG 47.2 718 1.56 257 0.89 6.13
BRA 56.4 7,234 1.39 2,017 1.10 8.34 MEX 46.1 11,642 1.59 4,300 0.87 8.93
CAN 32.6 36,654 2.04 18,647 0.59 10.21MNG 33.0 2,651 2.01 1,335 0.60 7.58
CHE 33.7 36,994 1.98 18,352 0.62 10.21MOZ 47.1 628 1.56 226 0.89 6.00
CHN 41.5 4,335 1.70 1,791 0.77 7.99 MYS 37.9 10,482 1.82 4,719 0.70 8.91
CIV 48.4 1,299 1.53 452 0.92 6.71 NGA 42.9 1,511 1.66 603 0.80 6.92
CMR 44.6 1,743 1.62 668 0.84 7.05 NIC 52.3 2,189 1.46 685 1.01 7.19
COL 58.5 6,491 1.35 1,700 1.15 8.20 NLD 30.9 36,403 2.12 19,216 0.56 10.22
CRI 47.2 9,939 1.56 3,562 0.89 8.76 NOR 25.8 49,294 2.44 29,081 0.47 10.57
CZE 25.8 20,347 2.44 11,996 0.47 9.69 NPL 47.3 981 1.56 351 0.89 6.44
DNK 24.7 34,678 2.52 20,940 0.45 10.23NZL 36.2 27,254 1.88 12,775 0.66 9.88
DOM 50.0 7,896 1.50 2,634 0.95 8.50 PAN 54.9 7,786 1.41 2,265 1.07 8.43
ECU 53.7 5,520 1.43 1,665 1.04 8.10 PER 52.0 5,561 1.46 1,758 1.00 8.12
EGY 32.1 3,968 2.06 2,038 0.59 7.99 PHL 44.0 2,788 1.64 1,083 0.83 7.52
ESP 34.7 28,325 1.94 13,744 0.64 9.93 POL 34.9 13,250 1.93 6,391 0.64 9.17
EST 36.0 15,962 1.89 7,512 0.66 9.35 PRT 38.5 19,950 1.80 8,868 0.71 9.55
ETH 29.8 475 2.18 257 0.54 5.89 PRY 53.9 3,435 1.43 1,029 1.04 7.62
FIN 26.9 32,293 2.36 18,610 0.49 10.14ROM 31.5 8,137 2.09 4,239 0.57 8.72
FRA 32.7 31,230 2.03 15,825 0.60 10.05RUS 37.5 12,215 1.83 5,551 0.69 9.06
GAB 41.5 10,120 1.71 4,189 0.77 8.84 SIN 42.5 41,989 1.68 16,953 0.79 10.25
GBR 36.0 33,983 1.89 16,002 0.66 10.10SLE 42.5 727 1.68 293 0.79 6.19
DEU 28.3 31,658 2.27 17,688 0.51 10.11SLV 49.7 5,888 1.51 1,979 0.95 8.21
GHA 42.8 1,658 1.67 665 0.80 7.01 SUR 52.8 9,659 1.45 2,983 1.02 8.67
GIN 43.3 837 1.65 331 0.81 6.32 SVK 25.8 15,376 2.44 9,067 0.47 9.41
GRC 34.3 25,308 1.96 12,390 0.63 9.83 SVN 31.2 22,909 2.11 12,026 0.57 9.76
GTM 53.7 5,589 1.43 1,684 1.04 8.11 SWE 25.0 33,959 2.50 20,375 0.45 10.21
GUY 43.2 3,727 1.66 1,478 0.81 7.82 TGO 34.4 725 1.95 354 0.63 6.27
HKG 43.4 32,527 1.65 12,826 0.81 9.98 THA 42.5 6,966 1.68 2,814 0.79 8.45
HND 56.7 3,299 1.38 911 1.11 7.55 TTO 40.3 23,333 1.74 9,936 0.75 9.68
HRV 29.0 14,028 2.22 7,716 0.53 9.29 TUR 43.2 9,532 1.66 3,778 0.81 8.76
HUN 30.0 16,476 2.16 8,864 0.55 9.44 TZA 34.6 932 1.94 453 0.63 6.52
IDN 39.4 3,224 1.77 1,401 0.73 7.71 UGA 42.6 964 1.67 388 0.80 6.47
IND 36.8 2,492 1.86 1,151 0.68 7.48 UKR 28.2 5,876 2.27 3,290 0.51 8.42
IRL 34.3 40,247 1.96 19,699 0.63 10.29URY 44.9 8,710 1.61 3,309 0.84 8.65
IRN 38.3 8,721 1.81 3,893 0.71 8.72 USA 40.8 42,482 1.73 17,858 0.76 10.28
ISR 39.2 23,227 1.78 10,145 0.73 9.69 VEN 47.6 8,921 1.55 3,166 0.90 8.65
ITA 36.0 29,562 1.89 13,901 0.66 9.96 VNM 39.2 2,088 1.78 913 0.72 7.28
JOR 37.7 4,249 1.83 1,921 0.70 8.01 ZAF 57.8 6,767 1.37 1,811 1.13 8.25
JPN 24.9 31,380 2.51 18,888 0.45 10.13ZAR 44.4 207 1.63 80 0.83 4.92
KAZ 30.9 8,791 2.12 4,639 0.56 8.80 ZMB 50.7 1,067 1.49 349 0.97 6.49

Notes: The table shows the fitted Pareto and Lognormal parameters to the income distribution of each country. The total sample

comprises 104 countries. The first column in each panel shows the World Bank country code. Columns 2 and 3 display the Gini

index (Λj ) and PPP per capita GDP (ŷj ). The estimated shape (αj ) and location (xj ) parameters for the Pareto distribution are

shown in columns 4 and 5, while the estimated standard deviation (σj ) and mean (µj ) parameters for the Lognormal distribution

are in columns 6 and 7. The formulas for recovering each of the 4 parameters are in equation (3.17). the GINI index is for the most

proximate year to 2005 and is collected by Crozet et al. (2012) from the World Bank’s World Development Indicators. Finally, the

source for per capita GDP is Penn World Tables, version 7.1.
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Table C.2: Country Characteristics and Quality - Benchmark

(1) (2) (3) (4) (5) (6)

Dependent log Physical Volume Share Number of Products Share

Variable: High Quality Low Quality High High Quality Low Quality High

log Per Capita RDGP .722*** .787*** -.009* .0826*** .113*** .0003
(.0408) (.0347) (.00552) (.0261) (.0256) (.006)

log Population .444*** .406*** -.003* .0824*** .0878*** .007***
(.0147) (.0122) (.00169) (.00776) (.0112) (.002)

Income Inequality 15.77*** 3.379 1.664*** 14.03*** 15.78*** 2.389***
(4.622) (4.431) (.542) (2.318) (3.320) (.595)

× log pc Income -1.467*** -.265 -.159*** -1.329*** -1.462*** -.229***
(.442) (.424) (.0512) (.220) (.316) (.0562)

5,500≤km.< 11,500 -.461*** -.130* .001 -.139*** .0739 -.0170*
(.0943) (.0727) (.009) (.0494) (.0536) (.010)

11,500≤km.< 12,500 -.125 .725*** -.038*** -.120** .598*** -.0482***
(.109) (.0892) (.011) (.0528) (.0881) (.0119)

12,500≤km.< 16,500 -.107 .352*** -.006 -.113** .115* -.0201
(.106) (.0903) (.0115) (.0505) (.0607) (.0125)

12,500≤km.< 16,500 -.0574 -.161** .0147 -.0785* .182*** -.0167
(.0983) (.0781) (.0103) (.0468) (.0620) (.0115)

log Market Share .248*** .333*** -.00270 .0262* .0736*** -.00255
(.0252) (.0210) (.00299) (.0147) (.0188) (.00318)

Contiguous -.223** -.674*** .0238*** -.147*** -.522*** .00601
(.0869) (.0879) (.00909) (.0413) (.0763) (.0104)

Common Off. Lang. .657*** .407*** .0263** .109*** -.0481 .0238**
(.0817) (.0825) (.0108) (.0357) (.0553) (.0106)

Landlocked .237*** -.397*** .0386*** .122*** -.165*** .0222**
(.0757) (.0745) (.00976) (.0452) (.0501) (.0110)

Obs. 6856 9253 10882 10882 10882 10882

R2 .432 .493 .685 .506 .485 .643

Notes: Regression output corresponds to the estimation of equation (3.19). The regressions are run at the firm-level,

and controls for firm-year fixed effects. The mass of high and low quality consumers (Y H
j andY L

j respectively), are

computed from Lognormal income distributions, which fitted for each destination country in the sample (see section

3.4.2). High-quality brand are defined in terms of their average price across destinations. Quality is defined in terms

of the quality denominations embedded in the wine’s labels. "Grand Reserve" and "Premium" categories are defined

as high-quality brands, while "Varietal" and "Reserve" are defined as low quality wines. Section 3.4.1 provides further

detail. Standard errors (clustered at the firm-year level) in parentheses. Key: ** significant at 1%; ** 5%; * 10%.
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Table C.3: Country Characteristics and Quality - Alternative Quality Definition

(1) (2) (3) (4) (5) (6)

Dependent log Physical Volume Share Number of Products Share

Variable: High Quality Low Quality High High Quality Low Quality High

log Per Capita RDGP .766*** .772*** .000586 .112*** .0829*** .00609
(.0390) (.0362) (.00499) (.0279) (.0235) (.00518)

log Population .447*** .400*** -.00227 .0996*** .0833*** .00383**
(.0143) (.0124) (.00171) (.00844) (.0102) (.00158)

Income Inequality 4.989 3.251 1.690*** 15.77*** 15.40*** 2.332***
(4.219) (4.611) (.573) (2.414) (3.174) (.579)

× log per capita Income -.427 -.255 -.166*** -1.496*** -1.414*** -.228***
(.402) (.441) (.0545) (.229) (.303) (.0550)

5,500≤km.< 11,500 -.537*** -.101 -.0178* -.165*** .102* -.0209**
(.0854) (.0764) (.00940) (.0522) (.0524) (.00974)

11,500≤km.< 12,500 -.147 .752*** -.0636*** -.124** .637*** -.0600***
(.0976) (.0929) (.0116) (.0549) (.0855) (.0117)

12,500≤km.< 16,500 -.222** .365*** -.0255** -.127** .151*** -.0258**
(.0918) (.0934) (.0114) (.0532) (.0578) (.0119)

12,500≤km.< 16,500 -.205** -.175** -.00468 -.0963* .206*** -.0216*
(.0876) (.0809) (.0106) (.0506) (.0599) (.0113)

log Market Share .259*** .315*** -.00983*** .0299* .0751*** -.00794**
(.0236) (.0221) (.00325) (.0157) (.0176) (.00328)

Contiguous -.281*** -.690*** .0173* -.203*** -.508*** .00270
(.0848) (.0913) (.0101) (.0449) (.0726) (.0107)

Common Off. Lang. .664*** .337*** .0402*** .152*** -.0899* .0342***
(.0777) (.0885) (.0112) (.0406) (.0521) (.0103)

Landlocked .183** -.425*** .0432*** .139*** -.178*** .0208**
(.0763) (.0819) (.0110) (.0499) (.0491) (.0102)

Obs. 7611 8666 11119 11119 11119 11119

R2 .456 .480 .731 .533 .511 .700

Notes: Regression output corresponds to the estimation of equation (3.19). The regressions are run at the firm-level, and

controls for firm-year fixed effects The mass of high and low quality consumers (Y H
j andY L

j respectively), are computed

from Lognormal income distributions, which fitted for each destination country in the sample (see section 3.4.2). High-quality

brand are defined in terms of their average price across destinations. The price threshold in this Table is US$12 per bottle

of 750 c.c, and is mapped to F.O.B prices assuming that one-third of the retail price corresponds to the price received by

the wineries. Section 3.4 provides further detail. Standard errors (clustered at the firm-year level) in parentheses. Key: **

significant at 1%; ** 5%; * 10%.
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Table C.4: Country Characteristics and Quality - Pareto Distribution

(1) (2) (3) (4) (5) (6)

Dependent log Physical Volume Share Number of Products Share

Variable: High Quality Low Quality High High Quality Low Quality High

log Per Capita RDGP .909*** .943*** .00951 .306*** .348*** .0237***
(.0611) (.0532) (.00585) (.0380) (.0432) (.00616)

log Population .442*** .395*** -.00206 .0989*** .0808*** .00401**
(.0142) (.0124) (.00172) (.00849) (.0102) (.00159)

Income Inequality 11.46*** 15.86*** .472 11.20*** 14.91*** 1.003**
(3.804) (3.605) (.428) (2.000) (2.328) (.464)

*log per capita Income -1.060*** -1.474*** -.0558 -1.149*** -1.469*** -.112**
(.380) (.363) (.0427) (.197) (.234) (.0462)

5,500≤km.< 11,500 -.450*** .0489 -.0283*** -.181*** .139*** -.0315***
(.0810) (.0721) (.00900) (.0483) (.0494) (.00960)

11,500≤km.< 12,500 -.0365 .948*** -.0750*** -.152*** .654*** -.0718***
(.0956) (.0906) (.0114) (.0511) (.0838) (.0117)

12,500≤km.< 16,500 -.0965 .598*** -.0381*** -.150*** .177*** -.0379***
(.0880) (.0880) (.0113) (.0489) (.0576) (.0123)

12,500≤km.< 16,500 -.0658 .0622 -.0175* -.120** .237*** -.0347***
(.0914) (.0813) (.0105) (.0494) (.0589) (.0118)

log Market Share .251*** .306*** -.00959*** .0215 .0577*** -.00797**
(.0229) (.0218) (.00320) (.0158) (.0169) (.00323)

Contiguous -.290*** -.698*** .0180* -.213*** -.532*** .00301
(.0844) (.0909) (.0101) (.0447) (.0729) (.0108)

Common Off. Lang. .660*** .332*** .0408*** .163*** -.0780 .0355***
(.0778) (.0878) (.0112) (.0408) (.0522) (.0103)

Landlocked .155** -.438*** .0395*** .0912* -.236*** .0152
(.0751) (.0805) (.0111) (.0489) (.0503) (.0102)

Obs. 7611 8666 11119 11119 11119 11119

R2 .457 .482 .731 .533 .510 .700

Notes: Regression output corresponds to the estimation of equation (3.19). The regressions are run at the firm-level,

and controls for firm-year fixed effects. The mass of high and low quality consumers (Y H
j andY L

j respectively), are

computed from Pareto income distributions, which fitted for each destination country in the sample (see section 3.4.2).

High-quality brand are defined in terms of their average price across destinations. Quality is defined in terms of the quality

denominations embedded in the wine’s labels. "Grand Reserve" and "Premium" categories are defined as high-quality

brands, while "Varietal" and "Reserve" are defined as low quality wines. Section 3.4.1 provides further detail. Standard

errors (clustered at the firm-year level) in parentheses. Key: ** significant at 1%; ** 5%; * 10%.
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