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Abstract

This paper presents a novel instrumental variable strategy that allows to estimate quality
at the micro level. Using customs data, we construct a new firm-specific instrument, based on
variations in exchange rates interacted with firm-specific importing shares. This instrument
is used as a firm-level cost shifter to correct the endogeneity of prices when estimating demand
functions. The paper applies this methodology on French customs data for a wide range of
goods, and obtain consistent estimates of price-elasticities of demand with a limited number
of identifying assumptions.

We employ this new methodology to measure the quality response of French firms to
low-wage countries competition. We are able to estimate quality measures of French firms at
a very detailed level (firm-product category-destination-year) and track quality adjustments
triggered by low-cost competition. Using penetration rates as measure of competition, our
preliminary results suggest little evidence of quality upgrading.
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1 Introduction

Recent literature in international trade has emphasized firms’ demand characteristics as a signif-
icant source of micro-heterogeneity within an industry. Higher quality firms are larger (Kugler
and Verhoogen (2012)), export more (Manova and Zhang (2012)) and are more skill-intensive
(Verhoogen (2008)). In light of their outstanding features, high-quality firms are potentially a
key asset to an economy. In developing countries, they could help trigger economic development
through their performance on export markets. In developed economies, high quality firms might
stimulate the specialization towards skill-intensive, high value added goods. The importance of
these issues explains the recent interest in measuring quality at a micro-level.

However, the estimation of quality on trade data remains an empirical challenge. Traditional
techniques, developed in Industrial Organization to estimate quality at a micro level, cannot be
applied to datasets in which product characteristics are not observed. Consequently, researchers
have used unit values as proxies for quality, or have estimated demand equations in contexts
where unobserved vertical differentiation is limited: for instance, Broda and Weinstein (2010)
and Handbury (2012) use barcode-level data, whereas Foster, Haltiwanger, and Syverson (2008)
restrict their analysis to homogenous products.1

This paper proposes a new empirical methodology to estimate quality measures at a detailed
level with customs data. We construct an instrument for prices to estimate demand functions,
exploiting variations in exchange rates. These variations, interacted with firm-specific importing
shares, create a firm-specific cost shifter on imported goods, that can be used to instrument export
prices. Therefore, this instrument allows to identify price-elasticities of exports, by generating
exogenous variations in export prices that solves the simultaneity problem encountered when
estimating demand equations. From these demand functions, we can recover quality measures
at a very detailed level. In this framework, higher quality is identified from higher sales after
controlling for prices, relatively to the average quality on the market. This new empirical strategy
is an improvement on the literature since its validity holds for a wide range of goods. It is
also suitable in datasets with unobserved vertical differentiation, such as firm-level and customs
datasets where products are only characterized by their product category.

We implement this procedure using customs-level data from France spanning from 1995 to
2010. We verify the effectiveness of our empirical procedure through pooled and industry-specific
estimations. The import-weighted exchange rate used as instrument is strongly and positively
correlated with the export prices charged by the firms, as expected by the theory. Moreover, the
implementation of the instrumental variable procedure corrects the estimates of price-elasticities:

1We abstract from discussing papers that estimate quality at a more aggregated level: among those, we can
cite Khandelwal (2010) or Hallak and Schott (2011) that specifically measure quality through demand estimation.
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while OLS estimates a low price-elasticity (0.8), the IV produces estimates consistent with the
existing studies in the IO literature, ranging from 1.8 to 3 depending on the specifications.

We exploit this new estimation method of quality to measure the quality responses of firms
to low-wage country competition. The recent increase of the participation of low-wage countries
in the international trade has had a large impact on manufacturing industries in developed
economies. For instance, Autor, Dorn, and Hanson (2013) shows how manufacturing workers
in the USA have been hurt by the increasing penetration of Chinese goods on the american
market. This increasing competition from low-wage countries also affects the aggregate or indirect
measures of quality. In particular, Martin and Méjean (2011) documents the within-industry
reallocation effect of low-cost competition: by reallocating sales from low to high-quality goods,
low-cost competition triggers an increase in the aggregate quality content of an industry. Also,
Bloom, Draca, and Van Reenen (2011) documents the existence of within-firm changes caused
by low-cost competition. They show that firms strongly affected by Chinese competition react
by increasing their effort in innovation and the technology intensity of their production.

Our new methodology is well-suited to test for the existence of trade induced quality up-
grading. While existing papers look at aggregated changes in quality, through within-industry
reallocation, our paper specifically looks at within-firm adjustments using a direct measure of
quality. Exploiting customs-level data from France, we are able to estimate quality measures
of French firms at a very detailed level (firm-product category-destination-year). Therefore, we
can relate a measure of low-cost competition of a market, through its degree of penetration by
low-wage countries, with the quality content of French exporters. However, since our quality
measures are defined relatively to the average quality on the market, we identify the quality
response from the degree of competition on other destinations served by the firm for the same
good. This identification strategy assumes that quality choices are made at the firm level, such
that quality adjustment due to competition in one destination spills over the quality measure
in other destinations. Using this identification strategy, our preliminary results suggest limited
evidence of quality upgrading induced by low-cost competition.

This paper is structured as follows. In the next section, we derive a simple model of demand
with vertically-differentiated goods. It features nested preferences and provides an theoretical
framework to guide our empirical identification strategy for quality estimates. In section 3, we
expose our novel instrumental strategy, describe its validity and its positioning over existing
methods. Section 4 applies our methodology: first, we describe the French customs data. Then,
we document the effectiveness of the method through pooled and industry-specific estimates of
price-elasticities. In section 5, we investigate the impact of low-cost competition on within-firm
quality adjustments. We exploits our new measure of quality to document the quality changes
triggered by changes in penetration rates from low-wage countries. Finally, section 6 concludes.
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2 An Illustrative Model of Demand for Quality

In this section, we consider a simple demand structure for a vertically differentiated good. The
model will serve as a conceptual framework which will guide most of our identification strategy.
In particular, the model delivers an expression of the demand function at the firm-level which
motivates the use of the demand shifter to identify firm-level quality.

2.1 Demand Structure

Let us consider an economy populated with a mass of symmetric buyers and a mass of heteroge-
neous firms. Each firm produces a single variety of a differentiated good and has a monopoly on
that variety. Following Arkolakis (2010), we assume that due to informational frictions, buyers
do not see all the varieties of the good. As a result, a variety ω has a probability f(ω) to be
seen by a given buyer. This probability is independent across buyers. Since there is a continuum
of firms and consumers, each buyer consumes a same measure of varieties and each variety is
consumed exactly by a share f(ω) of buyers.

Varieties of the good are differentiated both horizontally and vertically. Buyers combine vari-
eties through a nested CES aggregator. At the lower level, buyers associate varieties horizontally
within each quality nest. At the upper level, buyers bundle varieties over the quality ladder.
We model quality as a nest-specific shift of utility. Moreover, we assume that the elasticity of
substitution is larger within qualities than across qualities. The preference of a representative
buyer is:


Xk =

[∫
Ωk

(f(ω)x(ω))
σ−1
σ dω

] σ
σ−1

X̃ =
[∑K

k=1(qkXk)
ρ−1
ρ

] ρ
ρ−1

, σ > 1, σ ≥ ρ, ∀k, qk < qk+1

With, X̃, Xk and x(ω) respectively total consumption, consumption of quality qk and con-
sumption of variety ω by a representative buyer and with Ωk the set of firms serving quality
qk.

From CES preference, it follows that individual demand of a firm ω has traditional isoelastic
form:
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x(ω) = p(ω)−σΛ(ω)M

Λ(ω) ≡ f(ω)qρ−1
k(ω)P (Ωk(ω))

σ−ρ

M ≡ P̃ ρ−1I

(1)

With qk(ω) the quality of firm ω , P (Ωk(ω)) the price index of quality qk(ω)
2, P̃ the aggregate

price index and I total spending on the differentiated good. The price indices write:

P (Ωk) =

[∫
Ωk

f(ω)p(ω)1−σdω

] 1
1−σ

P̃ =

[∑
k

(
P (Ωk)

qk

)1−ρ
] 1

1−ρ

From equation (1), it appears that the demand shifter of a firm is not a direct measure of
its quality. Besides quality, the demand shifter is a function of some market-specific variables
(P̃ and I) and of some firm-specific variables (f(ω) and P (Ωqk(ω))). The presence of f(ω) leaves
the possibility that the demand shifter varies across firms even if the good is purely horizontally
differentiated (K = 1). Hereby we rationalize the large variations in the demand shifter across
firms within homogeneous industries that is found in the literature (see, e.g, Foster, Haltiwanger,
and Syverson (2008)).

2.2 Low-Wage Countries Competition and Optimal Quality

The purpose of this paper is to understand the impact of low wage countries competition (LWC)
on the quality chosen by firms. In terms of the model, one can think of LWC as an entry of
firms in low quality nests. In order to derive predictions on a firm’s quality adjustment to such
a shock, let us write the profit of a firm ω as a function of quality level k:

2The fact that we make explicit the dependence of the quality price index on the set of firms supplying
the quality, Ωk, foreshadows our empirical investigation. We will be interested in estimating the impact of a
competition shock. In terms of the model, we will think of it is as a shock on Ωk. The way we write the price
index allows us to keep track of the effect of such a shock on a firm’s demand function. This will prove important
for our estimation.
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πk(ω) =
1

σ

(
σ

1− σ

)1−σ
ck(ω)1−σf(ω)qρ−1

k P (Ωk)
σ−ρP̃ ρ−1I − Fk(ω)

With ck(ω) and Fk(ω) the marginal cost and the fixed cost of production, both increasing in
k. A firm ω prefers k to k − 1 if:

πok(ω)− πok−1(ω) ≥ Fk(ω)− Fk−1(ω) (2)

With πok(ω) the operating profit of producing quality qk for a firm ω (πok(ω) ≡ πk(ω)+Fk(ω)).
One can easily re-write 2 as follows:

(
ck(ω)

ck−1(ω)

)1−σ ( P (Ωk)

P (Ωk−1)

)σ−ρ( qk(ω)

qk−1(ω)

)ρ−1

≥ Fk(ω)− Fk−1(ω)

πok−1(ω)
+ 1 (3)

Namely, a firm prefers k to k− 1 if the operating profits of k relative to k− 1 are larger than
the fixed cost increment between k and k − 1 deflated by the operating profit in k − 1.

Now, how is the direction of inequality (3) affected when an entry of firm in k − 1 induces
a decrease of P (Ωk−1)? And, as a result, how does a firm adjust its quality to this shock? The
answer turns out to be ambiguous. On the one hand, a decrease in P (Ωk−1) shifts up the relative
operating profit of k so that the left hand side of (3) goes up. On the other hand, the firm entry
unambiguously decreases πok−1(ω) and so the right hand side goes up too: due to the competition
of new firms, incumbent firms can amortize the increment of fixed cost of producing k rather
than k − 1 over a smaller production scale.

Remark that the nested structure of the competition is very important here. If firms were
vertically differentiated but all faced the same price index (i.e. if σ = ρ), then the entry of firms
would decrease all nest-specific price index in the same proportion. As a result, firms would have
no incentive to shelter from competition by upgrading. Absent the nests, the only remaining
effect of LWC would be to shrink the production scale so that all firms would downgrade to save
on fixed costs of production.

It results from this straightforward analysis that the direction of the firm-level quality re-
sponse to quality upgrading is an empirical question.3 The following section establishes our

3Note that our model also implies that the quality reaction of firms to an increase in LWC will be informative
on the nature of the cost of quality: if firms upgrade, then it suggests that quality affects the marginal cost of
production relatively more than the fixed cost of production. Conversely, if firms downgrade, it indicates that
quality mainly affects fixed costs.

6



strategy to empirically measure the quality of a firm from demand equation estimation. Using
this measure, we will be able to assess the quality response of firms to variations in LWC.

3 Empirical implementation

In this section, we propose a new method to estimate quality at the firm-product level using cus-
toms data. Following the demand function displayed in (1), we estimate quality as a component
of the demand shifter. Therefore, identification of quality is achieved by estimating equation
(1) using information on individual prices and quantities. In order to deal with the endogeneity
of prices in demand estimation, we present a novel instrument, constructed from interactions
between firm-specific importing shares and exchange rates.

The high-dimensionality of the dataset employed here requires some definitions. Hereafter,
index f will identify a firm, p a eight-digit product category, d a destination country, and t a year.
Therefore, a ‘market’ will be defined as a destination × product category × year combination,
a ‘flow’ as a firm × product category × destination combination, and a ‘variety’ as a firm ×
product category pair.

The rest of this section is organized as follows. We start by setting the empirical equation we
aim to estimate. Then, we deal with two challenges arising in our framework: the endogeneity
of prices and the identification of the product quality in the estimated demand shifter.

3.1 Empirical Framework

Equation (1) provides the theoretical formulation for our equation of demand. Taking this
equation in logarithms, the demand in country d at time t, for a product p produced by a firm
f is written

log xfpdt = −σ log pfpdt + µpdt + λfpd + λfpdt (4)

with

µpdt = (ρ− 1) log P̃pdt + log I

λfpd + λfpdt = (ρ− 1) log qfpdt + log ffpdt + (σ − ρ) logPqfpdt

In equation (4), xfpdt and pfpdt are the only observable variables to the econometrician.
There are two main challenges to achieve identification of the quality parameter qfpdt from
this equation. A first one is well-known when estimating demand functions, and relies on the
endogeneity of the prices in the demand equation. Prices will be correlated with the demand
shifter of the firm through endogenous quality choices, or internalization of demand shocks by
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the firm. A second challenge comes from the pollution of the demand shifter, λfpd + λfpdt, with
the quality-specific price index, Pqfpdt , resulting from the nested structure of our demand system,
and an aggregation effect ffpdt, coming from heterogenous market access across varieties. The
next two sections discuss these identification challenges.

3.2 Endogeneity of Prices

In our setup, the endogeneity of prices comes from two mechanisms. First of all, we face a
well-known simultaneity problem as prices are likely to be correlated with demand shocks. This
might be due to the strategic behaviors of firms but also to the presence of vertical differentiation
within a product category. In the latter case, correlation between the price of a product and its
level of demand would come from high quality firms passing on the cost of quality to consumers.

A second source of endogeneity, more specific to international trade data, comes from the
construction of prices. Because prices are not directly observed, we follow the literature using
unit values as a proxy for prices. These unit values are obtained by dividing the value of a
shipment by the quantity shipped. Therefore, in case of measurement errors in the quantities,
we would obtain a spurious correlation between quantities and prices.

The existing literature has used different empirical strategies to deal with these endogeneity
problems. In particular, the literature in Industrial Organization has developed consistent es-
timation procedures with instruments arguably orthogonal with demand shocks. For instance,
Berry, Levinsohn, and Pakes (1995) use competitors’ product characteristics, Hausman (1996)
and Nevo (2000) use product’s price on other markets, while Foster, Haltiwanger, and Syverson
(2008) take advantage of estimation of physical productivities. However, the validity of these
instruments relies on the absence of unobserved vertical differentiation4, that would generate a
correlation between prices, and the unobserved component of the demand shifter. Therefore, we
believe these instruments are not valid in our specific case. Indeed, despite a narrow definition of
product categories, there is a wide scope for vertical differentiation within these categories, gen-
erating a potential unobserved correlation between demand and prices, through product quality.
In a similar context to ours, Roberts, Xu, Fan, and Zhang (2012) and Gervais (2011) use firms’
wages and physical productivities as instruments for prices.

Because of the disputable validity of existing instruments in our specific case, we develop
a new instrumental strategy, that is valid under the existence of unobserved quality differences
within product categories.

4Berry, Levinsohn, and Pakes (1995), Hausman (1996) and Nevo (2000) all study specific markets, for which
they clearly observe different varieties of a good, as well as their characteristics, reducing the possibility for
unobserved quality differences. In a different setup, Foster, Haltiwanger, and Syverson (2008) and Handbury
(2012) estimate demand functions for a wide range of products, but either restrict their analysis to homogenous
products or use barcode-level data, which rule out unobserved quality differences.
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Instrument The approach developed in this paper takes advantage of the information coming
from the importing activity of the exporters. We use the real exchange rates faced by global
firms to instrument the prices of exported goods. For a given firm, a change in the real exchange
rates it is facing on its imported goods generates a firm-level exogenous cost shifter, that the
firm passes through to the price of its exported goods. Therefore, these exchange-rate variations
generate exogenous variations of export prices at the firm-level that we use to identify the price-
elasticity of demand. Intuitively, the identification is the following: consider two firms selling
within an identical market. One of these firm largely imports from the United States, while the
second one mainly imports from Europe. An appreciation of the dollar will induce an increase
of the export price of the first firm, leaving unchanged the price of the second firm. This firm-
specific exogenous variation in export prices allows us to estimate price-elasticities on demand.
Moreover, because we do not use quantity informations from the importing data, this instru-
ment will also be orthogonal to any measurement error contained in quantities. Therefore, this
instrumental strategy also deals with the measurement errors problem existing when estimating
demand functions using unit values.

A similar type of instrument has been recently used in the trade literature, where exchange
rates affect the competitiveness of firms, and therefore generate exogenous changes in the set
of destinations that they serve (see in particular, Brambilla, Lederman, and Porto (2012) or
Bastos, Silva, and Verhoogen (2012)). In our case, we construct an average real exchange rate,
weighted by the firm-specific importing shares across countries. Formally, the import-weighted
real exchange rate of a firm f at time t will be computed as

¯rerft =
∑
s

ωsf × log(rerst) (5)

where ωsf is the share of goods imported by firm f , coming from country-source s, and rerst
the real exchange rate of country s at time t5.

To conclude on the presentation of the instrument, it is worth noting that we are not the
first paper looking at the pass-through from the cost of imported input to export prices. Amiti,
Itskhoki, and Konings (2012) run the same type of regression using Belgian customs data. How-
ever, the motivation for their analysis differs greatly from ours. While, they are interested in the
heterogeneity of the pass-through across firms, we only use the effect of import prices on export
prices as a first stage to a demand function estimation.

5The exchange rate rerst is defined using direct quotation, such that an increase of this variable implies larger
costs for a firm. Moreover, the real term is computed using CPI indices such that the formula will be

rerst = erst
CPIs,t

CPIFrance,t
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Discussion of the Identification There are a few potential mechanisms that could affect the
validity of this import-weighted exchange rate as an instrument for export prices. First of all, the
importing shares of a firm can reflect changes in the production process that are not orthogonal
to its level of demand. For instance, importing from the United States rather than China might
say something about the quality of the product imported. To avoid this mechanism, first we
add flow-specific fixed effect (a flow being defined by a combination firm × product category ×
destination) such that the we only exploit the within-flow variation across time in the average
exchange rates. In addition to this, we set the importing shares constant, by using the initial
shares of the firm. Therefore, the variation of the instruments in the time-series is only coming
from time-variations of the exchange rates, not of weights, while the variation in the cross-section
is controlled for by flow-specific fixed effects.

Another potential problem comes from the dual impact of exchange rates variations on firms’
performances. While a change in exchange rates can increase input prices, it can also affect
the competitiveness of firms on foreign markets. In particular, if the probability that a country
belongs to the set of destinations is positively correlated to the probability that it also belongs
to the set of sources, firms with positive cost shocks from appreciating currencies simultaneously
benefit from a positive competitive effect on the same market. In order to deal with this problem,
we use market fixed effects, (markets being defined by a combination of product category ×
destination × year). Therefore, our identification is made between firms selling the same type
of products in the same destination. In that way, we neutralize the effect of exchange rates on
the residual of demand equation (4). Given our sets of fixed effects, we identify the model from
the variations of the instruments’ dynamics in the cross-section of firms (within a market). That
variation comes from the fact that within a market, the spatial structure of imports differs across
firms.

Finally, an additional potential threat to the identification could come from a quality adjust-
ment generated by changes in exchange rates6. Bastos, Silva, and Verhoogen (2012) provides
evidence of quality adjustment by firms following an exogenous change in their set of destina-
tions. Therefore, exchange rate variations could be correlated with quality changes, even more
so if the sets of destination and source countries are correlated. In order to take into account this
mechanism, we introduce in the demand equation a term capturing quality changes that could
be generated by a change in the set of destinations. This term is the weighted average GDP
per capita of the firm, using exporting shares of the firm as weights. This term captures quality
choices following changes in the average wealth of the destinations of the firm. This ensures
that input prices changes are orthogonal to this term and therefore orthogonal to quality choices
made by the firm.

6We thank Juan Carlos Hallak for pointing out to us this potential threat to the identification.
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In conclusion, we are confident that our instrumental variable strategy allows to correct the
simultaneity bias that arises when estimating demand equations. The effectiveness of our method
will be shown in section 4.3, when we investigate the effect of the instrumentation on the price-
elasticity estimates. After ensuring the consistency of the demand estimation, next section turns
to the next challenge, the identification of the quality measure.

3.3 Identification of the quality measure

As highlighted in the theoretical section, the demand shifter measured from the demand equation
does not only contain the quality measure we aim to identify. After taking into account market-
specific effects, the individual demand shifter is composed of three elements. First the quality
measure, qfpdt, as perceived by the consumer in its utility function. Second, the degree of market
access, ffpdt, that can be seen as an aggregation bias due to heterogeneous availabilities of goods
within a country. And finally, a quality-specific price index Pqfpdt , that describes the possibility
of the existence of nests along the vertical dimensions, within a specific product category.

These different components cannot be observed from our datasets. However, while the nest-
specific price index cannot be observed in any dataset, since it is part of the preferences of the
consumers, the aggregation bias can be proxied by observables characteristics. In our case, we
proxy this term by the age of the flow on the market. Although this proxy is far from perfect, we
can motivate this approach with theoretical and empirical arguments. On a theoretical side first,
this idea of aggregation bias from different market access is closely related to the term introduced
in Arkolakis (2010): the concept of consumers margin introduced by this paper is closely related
to the unobserved intensive margin of a product within a destination. Consequently, the age
of this product within a market, appears to be a relevant proxy to capture the unobserved
adjustment along this margin. Second, on the empirical side, the age of a variety on a market is
a strong predictor of its demand shifter. We observe a robust and large positive growth rate of
the demand shifter with the age of the flow. This correlation is too systematic and large to be
only due to changes in quality. Changes in the market availability of a good within a country
appear to be a more plausible candidate to explain this growth rate.

In conclusion, we use deviations of the demand shifter from age-specific means in order to
take into account the aggregation bias coming from heterogenous access to markets. However, we
won’t be able to control for the nest-specific price index7: when studying the quality adjustments
generated by competition in this paper, we will keep in mind that our quality estimates are
polluted by this effect. In particular, we will argue that quality and this nest-specific price index

7An potential adjustment for this nest would require to observe such nests along the vertical dimensions, or
to allow for random-coefficients in the demand estimation, following Berry, Levinsohn, and Pakes (1995).
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will asymmetrically reacts to an increase of low-cost competition, such that our estimates of
quality changes will be a lower bound of the true quality adjustment.

4 Data and Demand Estimation Results

After describing the empirical methodology to identify quality parameters, we apply this proce-
dure using customs data from French exporters. We start by describing the data we use, and
provide descriptive statistics showing that they suit our exercise. Then we describe details of
the empirical procedure that allows to consistently estimate the demand equations. Finally, we
show the effectiveness of the procedure through aggregate estimates and statistics describing our
measure of quality.

4.1 Data

We exploit data from the French customs that provides comprehensive records of yearly values
and quantities exported and imported by each French firm from 1995 to 2010, disaggregated
across countries, and eight-digit product categories8. Information on quantities in trade data
are known to be noisy. Because these quantities are used to compute unit values, and could
generate spurious correlations between quantities and prices, the data are cleaned along various
dimensions 9. After this cleaning procedure, the size of the dataset remains large, with more
than 4 millions flows recorded every year. Table 1 displays the number of observations , varieties,
and firms present in the exporting and importing tables of the dataset.

Table 1: Size of the dataset

Exporters Importers Exporters with imp.

# Observations 29,102,408 37,804,366 25,583,171
# Varieties 5,144,897 10,108,471 4,074,342
# Firms 419,624 404,344 167,692

Notes: An observation is a trade flow at the firm, nc8 product, destination, year level.
First column (respectively second column) contains the number of export (import)
flows in the dataset. Third column reports the number of exporting flows for which
an importing flow is also reported for the same firm, at the same year. A variety is a
firm-product pair.

8Only annual values which exceeds a legal threshold are included in the dataset. For instance, in 2002, this
threshold was 100,000 euros. This cutoff is unlikely to affect our study since, this same year, the total values of
the flows contained in the dataset represented roughly 98% of the aggregated estimates of French international
trade.

9Appendix A provides the details of the cleaning procedure.
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The estimation of demand functions requires a lot of variations in the data. First of all,
the instrument is based on firm-specific importing shares, such that we need importing firms to
import their inputs from multiple source countries. Secondly, because flow-specific and market-
specific fixed effects will be used in the estimated equations, we need firms to sell to multiple
destinations, multiple products at several points in time. Table 2 provides information about
the distribution of the number of observations along the different dimensions of the data. In
this table, we provide statistics for the sets of firms that are used for identifying our demand
equations: firms being simultaneously importers and exporters in our dataset.10 From table 2,
one can see that the median importing-exporting firm sells in four different product category, to
three different destinations, and imports from four different countries. This will create enough
variations to identify firm-specific cost shocks generated by exchange rate variations.

Table 2: Descriptive Statistics for Exporters - Importers

p5 p25 p50 p75 p95 Mean

# Products by firm-year pair 1 2 4 11 42 11.3
# Destinations by firm-year pair 1 1 3 9 28 7.3
# Source countries by firm-year pair 1 2 4 7 15 5.2

# Products by firm-country-year comb. 1 1 2 3 13 4.1
# Destinations by firm-product-year comb. 1 1 1 2 9 2.6

# Years by flow 1 1 1 3 7 2.3

# Flows by market 1 1 2 5 23 6.4

Notes: These statistics are from firms being exporters and importers simultaneously in our sample. A
‘flow’ is a combination of a firm, a product and a destination. A ‘market’ is a combination of a product, a
destination and a year.

4.2 Estimation procedure

The validity of the identification strategy requires to take into account market-specific effects,
as well as flow-specific effects, in order to make the identification within-firm, within-market.
Estimation of linear equations with two sets of high-dimensional fixed effects and an unbalanced
panel is cumbersome. In order to do so, we rely on the algorithm developed in Guimaraes and
Portugal (2010), which aims to demean the variables of interest along the two sets of fixed effects,

10In the second part of our empirical strategy, aiming to look at the effect of low-wage countries competition,
we use the entire set of exporters in our dataset. Similar statistics about this different set of firms can be found
in table 10 of appendix B
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and estimate the parameters of interest using the demeaned variables.
The estimation procedure is carried out in two stages: a first stage regresses the logarithm

of the export prices on the firm-specific weighted exchange rate, as well as the average GDP per
capita of the firm’s destination, and the sets of fixed effects. In order to increase the strength
of the first stage, we add a set of additional instruments constructed from transformation of
present and lagged exchange rates11. The second stage uses the price predictions as instrumented
variable, as well as the other exogenous variables used in the first stage, in order to predict
variations in the logarithm of quantities exported. Therefore the parameter on prices measures
the price-elasticity of demand. Standard errors are adjusted to take into account this two-stages
procedure. Moreover, we cluster standard errors at the market level, in order to avoid misleading
inference that could potentially come from correlated demand shocks between varieties on a
market.

4.3 Pooled Industries Results

In order to describe the effectiveness of the instrumental strategy, we will present results when
estimating an unique price-elasticity. The first stage of the estimation procedure shows that
the instruments employed are strong enough, and predicts export prices in a consistent way
with the theory. Then, the results of the second stage provide support for the relevancy of our
instrumental variable strategy, since it corrects the estimated coefficient as expected.

First stage Table 3 shows that our instruments are strongly correlated with the endogenous
variable. It presents the results of the first stage for four different specifications. Columns
(1) and (2) only use the contemporaneous average exchange rate as a predictor of the export
prices. The difference between these columns is the inclusion of the term capturing the potential
quality adjustment following a change in destinations’ GDP per capita. In columns (3) and (4)
the instrument is augmented with third-order polynomials of the contemporaneous and lagged
average exchange rate. This will strengthen the power of our instruments in predicting variations
of export prices.

Two main results can be seen from table 3. First of all, the signs of the coefficients are
consistent with the theoretical predictions. Columns (1) and (2) shows that an increase in the
average exchange rate a firm faces on its imported input, increases the price charged by this
firm on its exported goods. Moreover, the coefficient for the GDP per capita per variable is
also consistent with theory. As predicted in Bastos, Silva, and Verhoogen (2012), following an

11We will use polynomials of order three of the present and lagged import-weighted exchange rate. The instru-
ment strength will become a potential issue when reducing the number of observations by apply this estimation
procedure separately to a number of industries.

14



Table 3: First stage results

log price export
(1) (2) (3) (4)

¯rerft 0.057*** 0.070*** 0.053*** -0.43***
(0.006) (0.007) (0.011) (0.095)

¯rer2
ft 0.35*** 0.27***

(0.040) (0.085)
¯rer3
ft 0.17*** -0.034

(0.048) (0.025
¯rerft−1 0.11*** 0.46***

(0.011) (0.11)
¯rer2
ft−1 -0.089** -0.23**

(0.044) (0.11)
¯rer3
ft−1 -0.098* 0.035

(0.053) (0.036)
¯GDPcapft 0.004*** 0.004***

(0.001) (0.001)

N 19,204,538 19,204,538 19,204,538 19,204,538
partial F-stat 99.2 115.4 90.0 68.0

Notes: Dependent variable is the logarithm of the exported price. ¯rerft is
the import-weighted exchange rate. ¯GDPcapft is the average GDP per capita
of the destinations of the firm. Partial F-statistics are computed excluding
the average GDP per capita. Firm×Prod×Dest and Prod×Dest×Year fixed
effects included in all regressions. Market-level clustered standard errors in
parentheses. * p<0.1, ** p<0.05, *** p<0.01

increase in the average GDP per capita of its destinations, a firm should upgrade its product,
generating a positive impact on prices. Secondly, we also observe that our sets of instruments
display a strong correlation with the exported prices. With partial F-statistics ranging from 68
to 115, problems coming from weak instruments are not an issue here.

Second stage After checking the validity of the first step, we use the prices predicted by our
set of instruments, as exogenous variable in the demand equation. We estimate the demand
equation using the four different specification displayed in table 3. Moreover, in order to assess
the effectiveness of our instrumental strategy, we compare our result to a specification using
OLS, that do not take into account the endogeneity problem. The results are displayed in table
4 where the numbers of the columns match the one used in table 3 displaying the first stage.
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Moreover, column (0) presents the results of the specification estimated with OLS.

Table 4: Second stage results

Log quantity
(0) (1) (2) (3) (4)
OLS IV IV IV IV

Log price (−σ̂) -0.78 -2.95 -2.56 -1.68 -1.87
(0.001) (0.73) (0.34) (0.20) (0.16)

¯GDPcapft 0.15 0.15
(0.003) (0.003)

Instrument . Single Single Poly. Poly.
N 29,102,408 19,204,538 19,204,538 19,204,538 19,204,538

Notes: Dependent variable is the logarithm of the quantities exported. Log price is the predic-
tion from the first stage. ¯GDPcapft is the average GDP per capita of the destinations of the firm.
Firm×Prod×Dest and Prod×Dest×Year fixed effects included in all regressions. Market-level
clustered standard errors in parentheses, adjusted for the two stages estimation procedure.

This table shows the effectiveness of our instrumental strategy. The coefficient for the OLS re-
gression in column (0) is biased due to simultaneity and measurement errors problems. However,
when using our sets of instrumental variables, the estimates for the price-elasticity of demand
(σ̂) is higher in absolute value. Indeed, in columns (1)-(4), the coefficients range from -3 to -1.7,
which is consistent with the recent findings in the literature12. Moreover, we can see that the
coefficients on the variable ¯GDPcapft is also consistent with the theory. A positive coefficient is
consistent with a mechanism where firms react to a higher GDP per capita of their destinations,
by upgrading their product. Therefore, this upgrading will generate a larger individual demand
for these firms, in comparison to other firms selling on the same market.

Estimating a single coefficient for all industries shows that this new empirical methodology
successfully deal with the simultaneous bias of demand equations. However, in order to infer
quality measures from these demand equations, we will separately apply this method to different
product categories.

12Looking at recent papers estimating firm-level demand functions, Nevo (2000) finds estimates between -2.2
and -4.2 in the cereal industry, Dubé (2004) between -2.11 and -3.61 in the soft drinks industry. For studies
with several industries, Foster, Haltiwanger, and Syverson (2008) obtain a mean estimate of -2.41 with eleven
homogeneous industries, Handbury (2012) a mean of -1.97 with 149 industries, and Gervais (2011) a median of
-2.11 with 504 products.
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4.4 Results for the quality measure

In this section, we use our baseline specification to produce estimate of qualities from the demand
equations. Therefore, we use the set of instruments displayed in column (4) of table 3, including
polynomials of the current and lagged values of the average exchange rates, in order to make
our first stage as strong as possible. Moreover, in order to make the estimation of the quality
measure more precise, two adjustments are made. First of all, the estimation of the demand
equations is made separately for different industries. Because we expect price elasticities to vary
across sectors, we will replicate this estimation after splitting the manufacturing goods between
ten product categories13. Secondly, we will regress the estimated residual of the regression on
a set of age dummies, this age being the number of years this specific variety has been sold in
this country. As described earlier, this age is a strong predictor of the residual, and cannot be
explained by variations of the quality as perceived by the consumer.

The results of this procedure are displayed in Tables 5 and 6. Table 5 provides the estimates,
under OLS and IV, of the price-elasticities of demand for these industries, as well the first stage
statistics of the instrumental variable procedure. We can see that for almost all industries, the
IV coefficient is higher in absolute values than the OLS coefficients. While the OLS estimates
seem strongly driven by measurement errors, our IV estimates are all negative, and in a range
consistent with the existing literature in Industrial Organization. As a comparison, while our
estimates range from -0.46 to -2.56 for vertically-differentiated goods, Foster, Haltiwanger, and
Syverson (2008) estimate price-elasticities from -0.52 to -5.93 for eleven homogenous goods.

Table 6 provides a decomposition along several dimensions, of the quality measure estimated
from the demand equations. Here, it is important to remember that this quality measure is
obtained at the firm × product category × destination × year level. Moreover, this measure is
defined relatively to the average quality on the market. Therefore, it more precisely defines a
position over the quality ladder in a market, rather than an absolute value that can be compared
across markets. We can see from table 6 that the dispersion of quality is well predicted by variety-
specific effects. Indeed, half of this quality dispersion is captured by time-invariant variety-
specific effect, and two thirds by time-variant variety fixed effect. From this table, it seems that
the quality level of a product is strongly correlated across destinations for a specific good. We
will rely on this assumption that quality choices are made at the variety level, when identifying
quality upgrading from competition shocks in other destinations served by the firm.

Having in hand these measures of quality, we now turn to the second part of this paper,
13Unfortunately, when increasing the number of product categories, the number of observations decrease, as

well as the strength of our instruments. If it is possible to find specific subsets instruments for more disaggregated
product categories, we cannot run a general algorithm across product categories, since the set of instruments
would become too large, and therefore create a problem of too many instruments.
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Table 5: Price-elasticity estimates for different product categories

Product categories OLS IV
Coef SE Coef SE F-stat

Chemicals and Allied -0.88 0.004 -0.97 0.37 11.7
Plastics, Rubbers -0.84 0.005 -0.46 0.49 6.2
Raw Hides, Skins, Leather... -0.71 0.008 -2.31 0.43 10.8
Wood, Wood products -0.75 0.006 -1.78 0.46 8.2
Textiles -0.58 0.003 -2.51 0.20 66.6
Footwear, Headgear -0.72 0.010 -2.56 0.29 25.1
Stone, Glass -0.78 0.007 -1.06 0.47 4.68
Metals -0.79 0.004 -2.47 0.48 10.2
Machinery, Electrical -0.88 0.003 -1.49 0.34 16.1
Transportation -0.89 0.009 -2.43 1.20 4.38

Notes: Each row describes a subgroup of products for which the demand equa-
tion is estimated. The IV specifications use polynomials of current and lagged
values of the average exchange rates as instruments, following column (4) of
table 3. Initial importing shares are used as weights for the instruments. Last
column provides the value of the partial F-statistic of the first stage of the 2SLS
procedure. Firm×Prod×Dest and Prod×Dest×Year fixed effects are included
in all regressions. Standard errors are clustered at the market level.

Table 6: Variance Decomposition of the quality measure

Quality measure

Firm FE X

Firm×Prod FE X

Firm×Year FE X

Firm×Prod×Year FE X

R2 0.17 0.48 0.22 0.66

which aims to look at the consequences of low-cost competition on the quality choices of French
firms.
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5 The Quality Response to Low-Wage Countries Competition

In this section, we exploit our measure of quality at the firm level to document the quality re-
sponse of French firms to low-cost competition. We are able to relate changes in our quality
estimates to changes in the penetration rates of low-wage countries. However, since our quality
measure is centered within each market, we exploit multi-destinations to identify a causal rela-
tionship between competition and quality upgrading. We start by describing this identification
strategy in the next section, and then display the results of the estimation.

5.1 Identification strategy

A natural way to identify the effect of low-cost competition is to regress the firm-level quality
of exports to a destination over the exposure to LWC in the same destination. However, this
strategy raises two issues. First of all, we measure exposure to LWC at the destination-level
by using bilateral trade data. By using that measure as an explanatory variable for firm-level
quality, we would implicitly look at the impact of LWC on the destination mean firm-level
quality of exports. However, since our measure of quality is defined relatively to the average
on the market, the average quality on the market is zero, and does not vary in any dimension.
Hence, we need a measure of LWC at the firm-destination level. A second issue is that LWC can
affect firms’ demand shifter even if firms do not strategically respond to the competition. This
point is made clear by looking at the expression of the demand shifter in equation (1). When
LWC varies, it affects price indices and, as a result, the demand shifter.

In order to get around both of these identification problems, we make use of the information
on multi-destinations exporters. The insight for our identification is that most of the quality
choices are made at the firm-level, not the firm-destination level. Consequently, if a multi-
destinations firm is hit by a competition shock in one of its destinations, it adjusts the quality
of its exports towards its whole destinations’ portfolio. In any market not hit by the shock,
this generates a response of the demand shifter, which is not contaminated by a change in the
local price indices. Because firms have different sets of destinations, they do not face the same
competition shock in the rest of their destinations portfolio. Therefore, we obtain a measure of
LWC that is firm-specific, and vary between firms selling on a given market. Let LWCROWidt be
that measure. LWCROWfidt is the mean of LWCid′t over all destinations of the portfolio of f for
hs6 product code i at date t, destination d excluded:

LWCROWfidt =
∑

d′∈Dfit,d′ 6=d
ωx

0

fid′dLWCid′t
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With Dfit the product-specific destinations’ portfolio of a firm f and ωx
0

fid′d the share of
destination d′ in total exports of good i, by firm f , at its year of entry in the sample, with the
exclusion of exports to d:

ωx
0

fid′d =
xfid′t0fi∑

d′∈Dfit,d′ 6=d xfid′′t0fi

with t0fi the date of entry of product-firm pair fi in the sample. Remark that our weighting
scheme guarantees that the dynamics of LWCROWfidt is not driven by the response of the structure
of exports of a firm to competition shocks. As such, LWCROWfidt is exogenous to the decisions of
the firm and in particular to the dynamics that we want to explain.

We construct these firm-level measures of competition using BACI. This dataset provides
bilateral flows at a 6-digit levels between a large set of countries.14 In table 7, we decompose
the variance of LWCidt and LWCROWfidt . Product dimension and destination dimension explain a
comparable share of the variation of LWC in the sample. Contribution of time to the variation
is an order of magnitude smaller. As to LWCROW , the main take away from table 7 is that put
together, Market FE and Flow FE explain the majority, although not all the variation. This is
important for our identification as it conditions the fixed effect specifications available to us.

Table 7: Variance decomposition of the quality measure

LWCidt LWCROW
fpdt

HS6 FE X

Destination FE X

Year FE X

Market FE X X

Flow FE X X

R2 0.14 0.12 0.02 0.83 0.91 0.97

Up to some marginal variants, our identification of the within-firm quality response to LWC
is obtained by estimating following model:

λfpdt =
5∑

τ=0

βτLWCROWfidt−τ + FEfpd + FEpdt + ufpdt (6)

14Documentation about BACI can be found in Gaulier and Zignago (2010)
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With FEfpd a set of flow fixed effects, FEpdt a set of market fixed effects and i the hs6
industry in which nc8 product p falls.

Model (6) identifies the effect of competition on quality, up to a five years lag. FEpdt controls
for the fact that competition in the rest of the world (ROW) could be correlated to local price
indices through its correlation to local shocks. FEfpd controls for the firm average quality with
the idea that it could be correlated to LWCROWfidt through the self-selection of firms into export
markets over quality. It follows from our fixed effect specification that the identification of
parameters comes from the cross-sectional variation (within a market) of firm dynamics.

5.2 Results

We estimate equation (6) using all lagged values of competition, as well as each lag separately.
We report the results of our estimation in table 8.

Table 8: LWC in the Rest of the World and Quality Upgrading

Dep. variable: Quality measure
(1) (2) (3) (4) (5) (6) (7)

LWCROWt -0.035 -0.155
(0.387) (0.318)

LWCROWt−1 0.050 -0.078
(0.359) (0.608)

LWCROWt−2 0.119* 0.192
(0.074) (0.222)

LWCROWt−3 0.005 0.081
(0.950) (0.615)

LWCROWt−4 .081 0.044
(0.394) (0.786)

LWCROWt−5 0.118 0.139
(0.282) (0.393)

N 3,828,108 2,111,544 1,643,865 1,309,508 1,044,242 838,624 398,680

Notes: All regressions contain Firm×Product×Destination and Product×Destination×Year fixed effects.
Standard errors are clustered at the market level, and p-values are in parenthesis. * p<0.1, ** p<0.05,
*** p<0.01

Results from 8 suggests little effect of LWC in the rest of the world on local quality. Only
the effect of 2-years lagged competition, when estimated alone, is significant and positive. More
specifically, an increase of average competition faced in the ROW by one percentage point gener-
ates a 11% increase in the quality of a firm (relative to average quality on the market) two years
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later. This result indicates that firms upgrade as a response to LWC, but with a two-years lag.
Unfortunately, this effect is not significant anymore when all lags are included simultaneously.

A potential rationale for the weakness of our results is that, conditional on our sets of fixed effects,
and as made clear in table 8, there is little variation left in LWCROW to identify the parameters.
In future work, we will try fixed effect specifications which are less variation-demanding. For
instance, a potential way would be to drop the market fixed effects and to control for LWCidt

instead.
In order to further look at the quality response of firms, we study the variations in the

effect of competition across industries and as a function of the degree of vertical and horizontal
differentiation. The prior is that the response of quality to competition should be larger, the
more differentiated an industry is. In order to test this intuition, we rely on a measure of vertical
differentiation introduced by Sutton (2001). This measure describes the degree of vertical and
horizontal differentiation of the industries by looking at the average spendings in R&D and
advertising at the industry level. Table 9 provides the result of fully interacting model (6) with
the Sutton’s measure.

The main message from table 9 is that a marginal change in the degree of product differen-
tiation does not significantly affect the within-firm quality response to competition. However,
it might be observed that most interaction terms are positive and that the interaction term as-
sociated to the 2-years lag is positive and almost significant at 10%. This result is in line with
the idea that the effect of a two years lagged competition found in table 9 is mostly driven by
differentiated industries.

Overall, we find little evidence of a quality response to LWC at the firm-level. However,
we would like to lay emphasis on the preliminary nature of these results. We intend to further
investigate the data in many ways. Notably, as mentioned before, we want to substitute some well
chosen controls for some sets fixed effects in order to increase the share of the variation allocated
to estimating the effect of competition. We also plan to use alternative sources of variations in
LWC: the entry of China in the WTO, or recent changes in tariffs could be exploited as exogenous
change in competition from low-wage countries. This would allow stronger competition shocks,
and hopefully a better identification of potential quality adjustments.

6 Conclusion

This paper proposes an novel instrumental strategy to estimate demand functions at the firm-
level. The instrument use variations in exchange rates interacted with firm-specific importing
shares, to create a firm-specific cost shifter on imported goods that can be used to instrument
export prices. This instrument presents the key advantage of being robust to unobserved vertical
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Table 9: LWC, Quality Upgrading and the Degree of Product Differentiation

Dep. variable: quality measure
(1) (2) (3) (4) (5) (6) (7)

LWCROWt -.068 -.086
(0.332) (0.728)

LWCROWt−1 -0.092 -.188
(0.319) (0.421)

LWCROWt−2 0.015 -.186
(0.889) (0.445)

LWCROWt−3 0.033 -.042
(0.811) (0.876)

LWCROWt−4 0.150 .-.168
(0.348) (0.526)

LWCROWt−5 0.320* .207
(0.087) (0.442)

LWCROWt ×Sutton 2.593 -3.636
(0.202) ( 0.545)

LWCROWt−1 ×Sutton 4.298 2.729
(0.101) (0.612)

LWCROWt−2 ×Sutton 3.486 9.314
(0.268) (0.106)

LWCROWt−3 ×Sutton 0.357 7.077
(0.931) (0.317)

LWCROWt−4 ×Sutton -2.733 7.304
(0.564) (0.299)

LWCROWt−5 ×Sutton -7.065 -3.325
(0.218) (0.663 )

N 3,336,058 1,840,098 1,432,952 1,140,918 909,311 730,446 349,091

Notes: A flow is a combination. A market is a combination. All regressions contain Firm×Product×Destination
and Product×Destination×Year fixed effects. Standard errors are clustered at the market level, and p-values are
in parenthesis. * p<0.1, ** p<0.05, *** p<0.01

differentiation. This feature makes it valid for estimating demand functions in virtually any
industry. Results from pooled industries support our empirical strategy. First, the first stage
is strong. Second, the estimated price-elasticities are larger, in absolute value, than the OLS
estimates, which shows that our IV strategy corrects the bias caused by the endogeneity of
prices to demand shocks. Using, this demand function estimation, we back out the demand
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shifter at the firm-product-destination-year level.
As made clear by an illustrative model of demand that we introduce, this demand shifter

contains information on the quality of exports. Therefore we use estimated demand shifters,
along with information on low-wage countries penetration to identify the quality response of
firms’ exports to low-wage countries competition. In order to get around the issues raised by the
fact that our measure of quality might be polluted with the impact of competition on a firms’
sales, we use competition faced by a firm in the rest of the world as an explanatory variable for
quality export to a given market. We find suggestive, although not strong evidence of within-firm
quality upgrading as a response to competition. More specifically, it seems that this response
takes time since the effect becomes significant after two years.
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A Cleaning of the data

Data on quantities are known to be subject to measurement errors, which could lead to spuri-
ous relationships between quantities and prices (computed by dividing values with quantities).
Because variations across prices are less subject to idiosyncratic variations than quantities, we
clean the data, based on their computed prices, following three dimensions.

• Observations are dropped for prices for which variations across times differ from a factor
five or more. Formally, observations are dropped if pfpdt

pfpdt−1
> 5 or pfpdt

pfpdt−1
< 1

5

• Observations are dropped for prices which differ from a factor five or more from the mean
across all destinations. Formally, observations are dropped if pfpdtpfp•t

> 5 or pfpdt
pfp•t

< 1
5

• Extreme quantiles of the price distributions are censored: for each market (product ×
destination × year), observations below the 1st percentile, and beyond the 99th percentile
are dropped.

Moreover, in order to avoid spurious influences from small countries, with large variations in
exchange rate, we only keep flows existing with the one hundred biggest importing countries of
French goods. Formally, we only keep the one hundred countries to which french exporters sell
the more in 2000.

Finally, for several observations, quantities are displayed in different units than weight. We
convert these units in weight by regressing weights on units at the product×year level. Therefore,
we are able to back-up the weight equivalent of these units.
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B Descriptive Statistics

Table 10: Descriptive Statistics for all exporters

p5 p25 p50 p75 p95 Mean

# Products by firm-year pair 1 1 2 6 27 7.1
# Destinations by firm-year pair 1 1 2 5 20 4.8

# Products by firm-country-year comb. 1 1 2 3 11 3.6
# Destinations by firm-product-year comb. 1 1 1 2 9 2.4

# Years by flow 1 1 1 2 7 2.3

# Flows by market 1 1 2 5 23 6.4

Notes: A ‘flow’ is a combination of a firm, a product and a destination. A ‘market’ is a combination
of a product, a destination and a year.

Table 11: Low-Wage Countries

Angola Djibouti Lao People’s Rep. Rwanda
Armenia East Timor Lesotho Senegal
Azerbaijan Eritrea Liberia Sierra Leone
Bangladesh Ethiopia Madagascar Solomon Islands
Benin Gambia Malawi Sri Lanka
Bhutan Georgia Mali Sudan
Bolivia Ghana Mauritania Tajikistan
Burkina Faso Guinea Moldova, Rep. of Tanzania, United Rep of
Burundi GuineaBissau Mongolia Togo
Cambodia Guyana Mozambique Turkmenistan
Cameroon Haiti Nepal Uganda
Central African Republic India Nicaragua Ukraine
Chad Indonesia Niger Uzbekistan
China Iraq Nigeria Viet Nam
Comoros Kenya Pakistan Yemen
Congo Kiribati Papua New Guinea Zambia
Ivory Coast Kyrgyzstan Philippines Zimbabwe

Notes: A low-wage country is defined as a country which GDP per Capita in 2002 is inferior to 5% of the
French one in 2002.

27


