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Abstract

The Chinese share of global product markets rose sharply over the last quarter century.
Using Chinese customs data from 2000-2014, we show that this expansion coincided with a
substantial rise in pricing-to-market. Markup elasticities to exchange rates nearly tripled,
with more pronounced increases for highly differentiated products, goods with higher import
penetration in destination countries, and products sold by larger firms. To identify these
patterns, we develop a new estimator of markup elasticities that controls for marginal costs
and endogenous market selection and a new classification of product differentiation based on

Chinese linguistics.
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1 Introduction

The strong decline in exchange rate pass-through (ERPT) observed globally since the 1980s—one of
the most striking facts in international economics—has coincided with a sustained rise in the market
power of firms engaged in international trade.! In the face of currency movements, a firm with
sufficient market power can keep the price of its exports stable in a destination-country currency by
optimally adjusting its price—cost markup (Dornbusch 1987). Structural interpretations of the fall
in ERPT therefore naturally link it to the growing prevalence of pricing-to-market, associated with
the expansion of trade in differentiated manufactured goods produced by imperfectly competitive
firms.? A thorough assessment, however, must consider the possibility of confounding channels. In
particular, changes in the correlation between production costs and exchange rates could influence
measured ERPT. The rise of global production chains, the increasing share of foreign versus
domestic inputs, and shifts in market power within input markets can all affect the elasticity
of costs to exchange rates.® If costs became more sensitive to exchange rates, part of the observed
decline in ERPT might have been driven by this cost channel.

In this paper, we study price and markup adjustments to exchange rates by exporters from
China in a period when China’s share in global markets grew dramatically: at the product and
destination country level, the median market share quadrupled over the years covered by our sam-
ple, 2000-2014, rising from 5% to 20%. To conduct our study, we develop an estimator designed
to identify and measure the contribution of markup adjustments to changes in ERPT and a prod-
uct classification designed to capture systematic differences in pricing power based on product
attributes. The estimator, which we call the trade pattern sequential fized effects (TPSFE) estima-
tor, identifies the markup elasticity to the exchange rate by comparing how firms adjust product
prices across multiple foreign markets, while controlling for market participation and unobserv-
able, time-varying marginal production costs which may respond endogenously to the exchange
rate. The product classification separates goods into two categories — highly and less differentiated
products — using linguistic particles in Chinese customs data that encode physical attributes. By
combining our new estimator and product classification, we unveil significant differences in markup
adjustments not only across market shares in destination markets and firm sizes, but also by the
extent of product differentiation.

Applying our estimator to Chinese customs transactions, we find that the extraordinary export

growth from 2000 to 2014 was accompanied by a marked reduction in ERPT, almost entirely

1See, for example, Gust, Leduc and Vigfusson (2010).

2Corsetti and Dedola (2005), Goldberg and Campa (2008), and Burstein, Eichenbaum and Rebelo (2007) discuss
structural interpretations of ERPT in depth.

3See the discussion by Burstein and Gopinath (2014) on the correlation of producers’ costs—wages, domestic
inputs, and foreign inputs—with the exchange rate. Any of these factors could raise the correlation of costs with
the exchange rate.



driven by larger destination-specific markup adjustments (i.e., pricing-to-market). Pricing-to-
market intensified over our sample, especially from the mid 2000s on, after China’s shift to a more
flexible exchange rate regime.* Quantitatively, the export price elasticity to the bilateral exchange
rate rose from 0.20 in 2000-2005 to 0.27 in 2006-2014, implying that ¢mport prices of goods from
China became more stable in destination country currencies. This enhanced import price stability
reflects a dramatic strengthening of the markup channel: the elasticity of markups to bilateral
exchange rates nearly tripled, from 0.06 to 0.17, over the same period.

The rise in Chinese pricing power was broad-based but not uniform. Products with greater
scope for differentiation experienced the sharpest shift: in the early 2000s, markup elasticities to
exchange rates for highly differentiated Chinese exports were already around 0.10, but they rose
to 0.22 by 2006-2014. The elasticities of less differentiated goods were effectively zero in the early
period, but they too rose markedly. Our estimates imply markup adjustment was the dominant
channel of price adjustment for both product groups; more than half of the observed change in
price elasticities can be attributed to stronger markup adjustments. These patterns indicate that
the post-2005 decline in ERPT reflects a strengthening of Chinese exporters’ ability to tailor prices
to local market conditions that spanned many products in many sectors.

Differences in market presence further shaped this transformation. Markup adjustment was
consistently stronger in destinations and products where Chinese exporters held larger market
shares, with an effect especially pronounced in markets for highly differentiated products. For
these products, over the 2006-2014 period, markup elasticities were nearly three times higher
in destinations with a large share of imports from China (median of 0.659) compared to those
with a low share (median of 0.060). The sizeable markup adjustments emerging from both the
rapid expansion of Chinese market share over time and cross-sectional differences in market shares
underscores the central role of market power in driving the decline in exchange rate pass-through.

Firm characteristics add another layer to the story. Larger exporters exhibit substantially
stronger price and markup responses than smaller ones, consistent with established evidence link-
ing firm size to market power (Atkeson and Burstein, 2008; Berman, Martin and Mayer, 2012;
Amiti, Ttskhoki and Konings, 2014). For large and medium-sized exporters, markup adjustments

account for over two-thirds of the increase in price elasticities after 2005. Within each size cate-

4In order to avoid potential issues arising from changes in the exchange rate regime affecting the variability of
the bilateral exchange rate between the dollar and the renminbi, the estimates shown in the body of the paper
exclude exports to the US (results including the US, available upon request, are nonetheless qualitatively similar).
Most crucially, as discussed in Section 2, because our TPSFE estimator differences out all factors that are common
across destination markets (including the renminbi-dollar exchange rate), it recovers an accurate markup elasticity
from variation across local currency-renminbi exchange rates independent of the renminbi—dollar exchange rate or
regime. We also omit from all estimates exports to Hong Kong given the evolving role of its entrepot trade over
time (see Feenstra and Hanson 2004) and treat the eurozone as a single economic entity by aggregating trade flows
(quantities and prices) to eurozone destinations at the firm—product—year level.



gory, product differentiation continues to matter: even among the largest exporters, those selling
highly differentiated goods display systematically higher markup elasticities than those selling less
differentiated goods.

These changes in pricing behaviour occurred alongside a profound shift in the ownership struc-
ture of Chinese exporters. Between 2000 and 2014, the share of Chinese exports supplied by private
enterprises surged from virtually zero to over 40%, while the share from state-owned enterprises
fell from around 50% to just 10%. Consistent with their smaller average size, private firms display
lower price and markup elasticities than other ownership types. Nevertheless, even for private
firms, price elasticities rose from zero in 2000-2005 to 0.13 in 2006-2014, driven largely by an
increase in markup elasticities from 0 to 0.08. The same upward trend is evident across all regis-
tration categories—large state-owned enterprises, foreign-invested firms, and smaller private firms
—pointing to a broad-based strengthening of market power among Chinese exporters, regardless
of ownership structure.

We close our analysis by analysing a partial equilibrium model with heterogeneous firms and
products, variable markups, and endogenous export market participation. The model is calibrated
to match three key empirical patterns documented in our data: (1) the post-2005 rise in price
and markup elasticities, (2) the increase in the export price elasticity driven primarily by changes
in markups rather than marginal costs, and (3) the systematic differences in markup elasticities
between highly and less differentiated goods. Using model-simulated data, we validate our estima-
tion approach and show that the TPSFE estimator accurately recovers the true price and markup
elasticities implied by the model.

Literature. Our study is motivated by a large empirical and theoretical literature that high-
lights the need to understand the sources of incomplete exchange rate pass-through into import
prices.” Recent papers using detailed customs data have highlighted two key sources of incomplete
pass through: markup adjustments by large firms (Berman, Martin and Mayer 2012; Fitzgerald

and Haller 2014; Auer and Schoenle 2016), and cost co-movement with exchange rates—since large

5See Goldberg and Knetter (1997) and Burstein and Gopinath (2014) for reviews of the key empirical and
theoretical findings on ERPT. See Corsetti, Dedola and Leduc (2007) for a discussion of the importance of ERPT
for the design of optimal stabilization policies. See Corsetti and Dedola (2005); Corsetti, Dedola and Leduc (2008);
Forbes, Hjortsoe and Nenova (2018) for theoretical and empirical discussions on the need to understand the sources
of incomplete ERPT. A growing literature documents a close link between ERPT and invoicing currency (see
Gopinath, Itskhoki and Rigobon 2010; Barbiero 2020; Bonadio, Fischer and Sauré 2020; Auer, Burstein and Lein
2021; Chen, Chung and Novy 2021; Corsetti, Crowley and Han 2022), suggesting that invoicing currencies serve as
a reliable proxy for a firm’s pricing currency subject to nominal rigidities (Engel 2006). Inherent in this literature
is the notion that a firm’s pricing currency under nominal rigidities, which are relevant in the short run, depends
on how its optimal markup and costs would respond to exchange rate movements under export price flexibility,
i.e., under the relevant long-run benchmark, see, e.g., Amiti, Itskhoki and Konings (2022). Although the invoicing
currency of Chinese exports is not recorded in our dataset, the US dollar is widely-held to have been the principal
invoicing currency throughout our sample period. See Online Appendix OA1.3 for evidence on dollar invoicing blue
by Chinese exporters to the United Kingdom.



exporters are often also large importers (Amiti, Itskhoki and Konings 2014). We contribute to
this literature by assessing the relative importance of the cost versus markup channels, relying
on a new estimator that controls for unobserved time-varying marginal costs of firms in endoge-
nously unbalanced panels, and highlight that most of the increase in local price stability of Chinese
exporters is markup-driven.®

Our paper is also related to studies on the trading and pricing behaviour of Chinese exporters
(Manova and Zhang 2012, Li, Ma and Xu 2015, Dai and Xu 2017, Crowley, Meng and Song 2018)
and their implications (e.g., Amiti, Dai, Feenstra and Romalis 2020, Jaravel and Sager 2024). Tt
naturally complements the empirical study by Manova and Zhang (2012), which highlights huge
variation in firm—product prices across destinations, and Li, Ma and Xu (2015), who study exchange
rate pass-through by Chinese exporters. We contribute by documenting how the significant rise in
market shares during the 2000-2014 period went hand-in-hand with a rise of markup elasticities
among Chinese exporters over time, with economically meaningful differences across products and
firm types.

From a policy perspective, our results contribute to the recent debate sparked by puzzling
evidence that tariff-exclusive prices of U.S. imports from China did not adjust to the 2018 tariff
shocks (see, e.g., Fajgelbaum, Goldberg, Kennedy and Khandelwal 2019; Amiti, Redding and We-
instein 2019; Cavallo, Gopinath, Neiman and Tang 2021; Fajgelbaum and Khandelwal 2022). Our
findings—that as the market shares of Chinese firms grew, their markups became more responsive—
seemingly add to this puzzle. To this end, we highlight two possible explanations. First, our anal-
ysis focuses on medium- to long-run price adjustments, whereas studies documenting complete
pass-through of the 2018 tariff shock into U.S. import prices look at the price response within one
year—this is a horizon at which prices could be constrained by contracts.” Based on our results,
adjustment of tariff-exclusive prices might then be expected to take place dynamically over longer
horizons. Second, one could observe that tariff shocks are generally more persistent than exchange
rate shocks, and thus tend to induce larger extensive-margin adjustments.® Related work by

Crowley, Han and Prayer (2024) shows that, in response to tariff shocks, strong extensive margin

60ur TPSFE estimator builds on the insight of Knetter (1989) that the average price of a product across multiple
foreign markets can serve as a proxy for unobserved marginal costs; differencing individual market prices from this
average effectively nets out those costs. Knetter applies this idea to industry-level unit values in a balanced panel.
We develop an estimator suitable for firm—product—destination data that are naturally unbalanced because the set
of markets in which a firm operates—its product-level “trade pattern”—changes over time in response to unobserved
shifts in production costs and local demand.

"A survey by Jiao, Liu, Tian and Wang (2024) of 600 Chinese firms on how the 2018 tariffs affected their export
prices found that 21% reported being unable to adjust prices immediately due to contractual agreements. Over the
long run, as prices and contracts adjust, it is possible that tariff pass through could be more incomplete.

8See (Fitzgerald and Haller 2018) on extensive margin changes induced by tariffs versus exchange rates and
Crowley, Han and Prayer (2024) for evidence that tariff increases induce a strong reallocation of market share across
exporters from a taxed origin, with smaller exporters exiting the market and market share shifting to surviving
exporters.



adjustments can coincide with a significant reallocation of market share that moderates or even
rules out markup changes. This second explanation points to the possibility of a reorganization
of market power preventing significant adjustments in tariff-exclusive prices in both the short and
the long run.

The paper is organized as follows. Section 2 explains our identification strategy and introduces
our new TPSFE estimator. Section 3 presents our product classification and discusses its properties
relative to alternative classifications. Section 4 describes the Chinese customs data. Section 5
discusses our key empirical results. Section 6 documents the changing composition of Chinese
exporters and analyses the price and markup elasticities by firm registration type. Section 7

carries out a model-based analysis. Section 8 concludes.

2 An Estimator of Markup Elasticities

In this section, we introduce a decomposition of a product’s price response to the exchange rate into
markup and cost components, and a fixed effects estimator that disentangles these components
empirically. In our study we build on the original insight by Knetter (1989)—that a product’s
marginal cost can be differenced out by comparing the product’s price across different destina-
tions. Knetter’s identification strategy is versatile and effective, as recently shown by Fitzgerald
and Haller (2014), who rely on it in their study of Irish firms’ pricing in Ireland and the UK.
Our approach addresses and works through the econometric challenges raised by generalizing the

method for use with endogenously unbalanced panels.

2.1 A Two-way Decomposition of Export Price Elasticities

We start by breaking down the change in the price py;q charged by firm f selling product ¢ in
the destination market d (denominated in the producer’s currency), in response to a change in the
bilateral exchange rate ey between the exporting and the destination country, where an increase
in ey is a depreciation of the producer’s currency, into three components. These components, in
turn, capture the contribution of markups fifix and marginal costs mcy;; to the price change, as

shown in (1):°

9For expositional simplicity, we assume here that the marginal cost mcy;; is not destination-specific. In practice,
our proposed estimator relies on a weaker identification condition, which we clarify in Section 2.4 and discuss in
greater detail, with formal proofs, in Online Appendix OA5.
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a cost-related component. Here, is the (unconditional) export price elasticity to exchange

elasticity implies a more stable import price in the local destination currency.'®

2.2 Identification Strategy

In what follows, we propose an empirical approach to identify the markup’s contribution to price
adjustments to exchange rates, i.e., %%f. To fix ideas, consider a Chinese firm that sells the
same product in two markets, Australia and Brazil. Now, conditional on the same firm selling
the same product in both markets, the relative export price in the two countries, pavs+ — PBrA
would not depend on marginal costs; it only reflects the destination-specific markup in A relative
to B.!! Therefore, by looking at how the relative price change A(pavst — PBrAt) CO-moves with
the relative change in (bilateral) exchange rates A(eays: —epra,), one obtains an estimate of how
firms adjust their export price-cost markups across destinations from one period to another due to
changes in relative (bilateral) exchange rates. In a setting with multiple markets, one can use the
average price and average exchange rate across all markets as the reference or comparison group,

and then, reformulate relative changes in terms of deviations from these groups. That is, one can

: e Opups Opigiar Omey; .
'9Direct estimation of the markup response to exchange rates captures two channels, <5 Lit g o LI fd_tt gfd’; t which
w Oe

partly offset each other and lead to a downward-biased estimate of the true markup elasticity (blurring the link
with market power). To see this, consider a foreign exchange rate appreciation (an increase in e4;). On the one
hand, for a given producer-currency price pyiq, foreign demand rises, increasing the markup (88%;;“ > 0). On the

. . . . . 2] i Opyidt
other hand, more expensive imported inputs may raise marginal costs, so that % > 0 and #cfd_’t <0. Ina
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standard variable-markup model (see Section 7),
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. Hence, the estimated elasticity is approximately

. . ome
). In the extreme case where marginal costs move one-for-one with exchange rates (TJJ;” =1),

the estimated markup elasticity is zero, regardless of the firm’s market power.
"Prices and exchange rates are measured in the same currency and expressed in natural logs.



calculate A(pg; — ﬁ > gPar) and A(eq; — ﬁ > 4€dt), where d represents a destination market
and NP is the total number of destination markets served by a firm with a product.

While Knetter (1989)’s original paper applies the method to industry-level data, we apply it
to highly granular firm-product level data, which significantly increases the likelihood that the
marginal costs underlying the prices in different destination markets are similar. However, in a
granular dataset, we face another critical challenge: the set of destination markets to which a firm
sells its products varies significantly over time.!?

To illustrate this problem, Figure 1 shows the trading record of an exporter selling a particular
(8-digit) product to three destination markets (A, B, and C) over a five-year span. Empty elements
indicate that there is no trade in that year. Defining the set of markets active at a firm-product
level in one period as a trade pattern, the firm in this example has three unique trade patterns:
A-B, A-C, A-B-C over the course of its five-year trade in that product. The pattern A-C repeats
in periods 2 and 4; A-B-C repeats in periods 3 and 5.

Two questions arise in developing a multiple market application of Knetter (1989)’s strategy.
First, can one control for a firm’s unobserved marginal costs with the average price across desti-
nations if the set of destinations changes over time? Second, should one be worried about the fact
that the market choices may be endogenous to exchange rates and other unobserved variables?
In our approach, both questions are addressed by using a simple economic rationale to guide the
choice of the relevant comparison group in a multiple market setting: firms choose a set of markets

for reasons that may be unobservable to an econometrician.

t=2
t=3 (A B (]
t=5 (A B (]

Figure 1: Example of an observed trade pattern

We start by noting what happens when we apply Knetter’s method mechanically, i.e., we differ-
ence out unobserved marginal costs by taking the relative prices within a time period, disregarding
the unbalanced nature of the panel. In our example, ps1 = pa1 — %(p A1+ pp1) removes the com-

mon marginal cost between markets A and B in period 1, and pas = pas— %(pAg +pc2) eliminates

12Gee Online Appendix Table OA1-3 for detailed data on the trade patterns of Chinese exporters. For an analysis
of the micro-level shocks driving the market dynamics of Chinese exporters, see Han (2025).



the common marginal cost between markets A and C in period 2. Across periods, we can similarly
define é41 =ea1 — %(GAJ +ep1)and éqo =e€490 — %(eAg +ec2). From this example, it should be
clear that comparing paas — pa1 with €49 — €4, fails to control for the fact that the comparison
group has changed from period 1 to period 2.

To ensure a consistent comparison group, we propose an approach that follows the logic of
a simple “difference-in-differences” estimator. The idea is to calculate and compare the relative
changes in prices and exchange rates within the same trade pattern. Returning to our example, we
calculate the relative-price to relative-exchange rate movement in country A between periods 2 and
4 (E A4 = DPAa—Daz and EAA = é44— €a2) and compare it to the corresponding relative-price and
relative-exchange rate movement in country C between the same two periods (59'/074 = Pca — Pc2
and 5@,4 = éc4 — €c2). Restricting the comparisons within the same trade pattern ensures a like-
for-like analysis. The estimator we propose exploits the information in all repeated trade patterns
in our dataset — in the example, it will use both the comparisons from data in periods 2 and 4
associated with the A-C trade pattern, and the relative price and relative exchange rate movements
in countries A, B, and C between periods 3 and 5, associated with the A-B-C trade pattern, using
EA,575B,5750,5 and EA,5,gB,5,EC,5-

There is an important reason to use our definition of trade patterns over alternative definitions
of the comparison group — such as a group created by extracting a balanced panel by trimming
observations or a group that is limited to a subset of markets.'? At the core of our identification
strategy is the recognition that time-varying patterns of market participation are informative
about unobservable factors that drive exporters’ trade choices. The notion that observed patterns
in an unbalanced panel can be used to address estimation biases has been entertained in earlier
econometric studies. For example, Wansbeek and Kapteyn (1989) propose statistical partition
matrices that use realized data patterns to eliminate confounding factors in an unbalanced two-
dimensional panel. While analytically and conceptually distinct, the introduction of trade pattern
fixed effects in our approach shares the same fundamental idea of these earlier studies. We provide

a detailed discussion of our estimator in the Online Appendix OA5.*

2.3 The Trade Pattern Sequential Fixed Effects (TPSFE) Estimator

We propose a simple three-step approach to estimating the markup elasticity to exchange rates.

For a customs database with four panel dimensions (i.e., firm f, product 7, destination d, and time

13Note that our approach excludes using information from markets A and C in periods 2 and 3, i.e., using the
data pas — 2(pa2 +pc2) Pas— 2(pas+Dpcs), ean — (eas+ecye), and eas — (eas +ec3).

4Proofs for the identification condition of the TPSFE estimator using statistical partition matrices (as in Wans-
beek and Kapteyn (1989)) are in OA5.1; a discussion of identification following the control function literature
(Heckman (1979) and Kyriazidou (1997)) is in OA5.2; finally, a discussion of identification in light of the contribu-
tion on estimating production functions by De Loecker, Goldberg, Khandelwal and Pavcnik (2016) is in OA5.3.



t), the estimator can be implemented as follows.
In the first step, we calculate the destination residual of each dependent and independent vari-
able by subtracting the mean value of each variable (across destinations) over all active destinations

for a firm’s product in a period:

Tfigt = T — % dg. T Vr € {priar, €ar} (2)
Fit
where n]’?it is the number of active foreign destinations of firm f selling product 7 in year ¢t and D
denotes the set of destinations of this firm-product pair in year t; p is the export price denominated
in the producer’s currency (i.e., in renminbi); ey is the bilateral exchange rate defined as the units
of renminbi per units of destination market currency. All variables are in logs.

Our second step demeans at the firm-product-destination-trade pattern (fidD) level. That is,
we subtract the mean of the &4 variables for all time periods associated with the firm-product-
destination-trade pattern fidD, i.e., t € Tyap:

1

}fidt = Tpiat — —7 Z Tpigr VT € {Dfides Car f (3)
NfidD 4

€TtiaD

where Eﬁdt are the twice-differenced variables. Note that the aggregate variables which normally
vary along only two dimensions d and ¢t may “become” firm and product specific, i.e., gfidt, due to
the unbalancedness of the panel.

Using these twice-differenced variables, in the final step, we run an OLS regression that identifies
how markups respond to the bilateral exchange rate; this approach exploits cross-destination
variation in prices within a firm-product’s trade pattern as well as intertemporal variation in

prices within the same firm-product-destination-trade pattern over time:

Efidt = Bo + 6lgfidt + afidh (4)

where afidt is the residual term. We refer to the above procedure as the trade pattern sequential

fized effects (TPSFE) estimator. f; is the markup elasticity to the bilateral exchange rate, i.e.,

Opridas 15
Oeqy

A Comparable Price Elasticity Estimator. To conduct our decomposition exercise, we need
to relate our estimates of the markup elasticities to comparable estimates of the price elasticities to

exchange rates. We specify a suitable estimator for this elasticity by exploiting the intertemporal

5The standard errors of the estimates can be constructed by applying conventional adjustments to the degrees
of freedom, see e.g., Wansbeek and Kapteyn (1989) and Abowd, Kramarz and Margolis (1999).



variations of prices and exchange rates within the same trade pattern, as shown below:

Pridt = Yo + V1€fiar + YaSpell pi gy + Ugiar, (5)

where Drig and €4 are defined as in (3)'® with % fiat =t——— Dy €Trian ' capturing the spell
fidD v
length between two (or more) demeaned price observations.!” The coefficient ~; gives the price

dpriat

elasticity to exchange rates, i.e., Qe -

The difference between (5) and (4) is that (5) does not difference out the marginal cost com-
ponent. As we discuss in Section 7, comparing vF*" with SF*" allows us to quantify the relative

contribution of the markup elasticity to the total export price adjustment to exchange rates.

2.4 Properties of the TPSFE

The key identification assumption the TPSFE relies on to produce estimates of markup elasticities
with respect to exchange rates is that changes in unobserved marginal costs are uncorrelated with
changes in bilateral exchange rates within the same trade pattern. This condition always holds
when marginal costs are not destination-specific, as is often assumed in the existing literature.'®
But the TPSFE identification assumption is considerably weaker. Notably, it is also satisfied
when marginal costs are not identical across destinations, but destination-specific differences are
time-invariant—as is the case whenever high-cost and quality varieties of a firm’s product are
consistently sold to high-income destinations. Time-invariant firm—product—destination-specific
cost components are differenced out in the demeaning steps of the TPSFE procedure and therefore
do not bias the estimates. We provide a more detailed discussion of the identification assumptions
in Online Appendix OA5, and a model-based evaluation of the estimator under destination-specific
marginal costs in Section 7.

Recently, the literature has adopted statistical methods, such as the high-dimensional fixed ef-
fects (HDFE) estimator by Correia (2017), and has employed graphical data patterns to iteratively

remove confounding factors in fixed-effect specifications.’® While these statistical approaches are

16That is
1

Tfidt = Tfidt — T E Trigy Vo € {priae, ear}-
FidD 1 Tren

1"The §p\(§lﬁdt helps to control for the unobserved time trend in marginal costs and prices when market entry

—

is endogenous. Note that we do not add this control for the markup elasticity estimation as Spell fiar = 0 by
construction.

181t is worth emphasizing that the same assumption is, if only implicitly, adopted by studies estimating markups
by estimating productivity and marginal costs, as these studies do not distinguish marginal costs by destination;
see, e.g., Olley and Pakes (1996), Levinsohn and Petrin (2003), Wooldridge (2009), and De Loecker, Goldberg,
Khandelwal and Pavenik (2016).

19 Alternative iterative approaches include Guimaraes and Portugal (2011) and Rios-Avila (2015). As Guimaraes
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powerful, a drawback is that they do not offer an interpretation of the variation used to identify

t.29 Relative to this econometric literature, the

the economic object (e.g., the elasticities) of interes
TPSFE estimator not only offers a clear economic interpretation of such variation; it also provides
a key insight into the existing methods. Namely, as discussed in the appendix, we show that the
partition and iterative approaches in HDFE estimators are implicitly using the trade pattern infor-
mation we propose. Propositions 1 and 2 in Online Appendix OA5 formally show that, exploiting
the realized trade patterns, iterative approaches can be simplified to two demeaning steps, whether

or not the panel is balanced.

3 A Product Classification by Degree of Differentiation

In studying markup elasticities, it is important to identify products for which firms are potentially
able to exploit market power in setting prices. Many trade studies employ the product classification
set forth by Rauch (1999). In Rauch’s classification a product is differentiated if it does not trade
on organized exchanges and/or its price is not regularly published in industry sales catalogues.
While employed widely by the literature, a drawback of the Rauch classification is that the vast
majority of manufactured goods end up being classified as differentiated.

In this section we introduce a product classification that aims to distinguish products by their
degree of differentiation. Specifically, it splits Rauch’s large class of differentiated goods into
two groups of highly and less differentiated products, which we will refer to in what follows as
high-differentiation (HD) and low-differentiation (LD) goods. The key feature of our Corsetti-
Crowley-Han-Song (CCHS) classification is that it exploits linguistics-based information available
in Chinese customs data. This information allows us to create a general, finely defined, and
comprehensive system which is applicable internationally to all datasets that use the Harmonized

System.?!

and Portugal (2011) points out, these iterative approaches must be applied with caution, as they may not be
consistent due to the incidental parameters problem in multi-dimensional panels.

20T clarify, consider a model that regresses prices on exchange rates using a stringent set of fixed effects in our
four-dimensional panel, specifically firm-product-time (fit) and firm-product-destination (fid) fixed effects. When
the dataset is large, applying the statistical partition matrices proposed by Wansbeek and Kapteyn (1989) becomes
inefficient, if not infeasible. The standard approach is to use iterative procedures to difference out the fid and fit
fixed effects. In a balanced panel, this approach is equivalent to a two-step demeaning process, where the first step
demeans at the fid level and the second at the fit level (as in the Frisch-Waugh-Lovell theorem). However, in an
unbalanced panel, this simple demeaning process is ineffective—the two-step demeaning process used in balanced
panels can lead to substantial biases. As a result, current practice often relies on iterative methods (e.g., Correia
2017) that exploit data patterns to sequentially eliminate fixed effects. In complex data structures, this iterative
process may require hundreds of iterations to converge. Since each iteration removes small variations of dependent
and independent variables, the true variation left for identification remains unclear.

21By way of example, Crowley, Han and Prayer (2024) applies our CCHS classification to customs data from
11 developing countries, documenting differential markup and market share responses to tariff changes for firms
selling high- and low-differentiation goods (Table 4). Similarly, Crowley, Han and Son (2024) applies our CCHS
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3.1 A Comprehensive Classification Based on Chinese Linguistics

In general, traded goods which are measured in discrete items are more differentiated than traded
goods which are measured using continuous metrics. The value added of our classification derives
from the way it identifies discrete versus continuous goods. We rely on a feature of Chinese
linguistics present in Chinese customs reporting — the use of indigenous Chinese measure words
to record quantity for specific HSO8 products. In the Chinese Customs Database, quantities are
reported in 36 different measures, many of which exist only in Chinese.?? Linguists categorize
Chinese measure words as count/discrete or mass/continuous classifiers; we operationalize this
linguistic distinction to categorize each Harmonized System product as highly differentiated (i.e.,
for discrete goods) or less differentiated (i.e., for continuous goods).*?

The advantage of using Chinese linguistics to classify goods according to their degree of differ-
entiation arises from the facts that (a) all Chinese nouns have an associated measure word that
inherently reflects the noun’s physical attributes and (b) the Chinese Customs Authority mandates
the reporting of quantity for Chinese HSO8 products in these measure words. The first fact means
that identifying discrete products from Chinese “count classifiers” is arguably more accurate and
systematic than alternatives. By way of example, Chinese measure words are more distinctive and
more precisely tied to specific nouns by Chinese grammar rules than the eleven units of measure
recommended by the World Customs Organization (WCO) are linked to nouns in languages such
as English or German.?* Moreover, because the choice of the measure word used to record a prod-
uct’s quantity is predetermined by Chinese grammar and linguistics, we can set aside concerns
that the choice of a quantity measure is endogenous.?’

Table 1 illustrates the variety of measures used in the Chinese Customs Database, by reporting

classification to UK exporters, documenting the differential evolution of currency choices for firms selling high- and
low-differentiation goods following the Brexit referendum (Figure 2).

22Notably, the linguistic structure of other East Asian languages also requires the use of measure words. In
our Online Appendix OA4.1 we explain how Japanese customs declarations integrate indigenous Japanese measure
words into the World Customs Organization quantity measurement framework.

23See Cheng and Sybesma (1998, 1999) for a discussion of mass classifiers and count classifiers in Chinese. Cheng
and Sybesma (1998) explain: “while massifiers [mass classifiers| create a measure for counting, count-classifiers
simply name the unit in which the entity denoted by the noun it precedes naturally presents itself. This acknowledges
the cognitive fact that some things in the world present themselves in such discrete units, while others don’t. In
languages like English, the cognitive mass-count distinction is grammatically encoded at the level of the noun..., in
Chinese the distinction seems to be grammatically encoded at the level of the classifier” (emphasis added).

24See Fang, Jiquing and Connelly, Michael (2008), The Cheng and Tsui Chinese Measure Word Dictionary,
Boston: Cheng and Tsui Publishers, Inc. for a mapping of Chinese nouns to their associated measure words. In
our Online Appendix OA4.1 we provide examples of how measure words are used in Chinese grammar.

25Gince 2011, the WCO has recommended that net weight be reported for all transactions and supplementary
units, such as number of items, be reported for 21.3% of Harmonized System products. However these recommenda-
tions are non-binding; the adoption and enforcement of this recommendation by a country might be endogenously
determined by the value or volume of trade in a product, with high-value products subject to stricter enforcement
that counts be reported. The sophistication of a country’s border operations and tax authority could also play a
role in which measures are reported. See United Nations Statistics Division (2010).
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a selection of the most commonly used measure words, the types of goods that use the measure
word, and the percent of export value that is associated with products described by each measure
word. In this table, gian ke (F7¢) and mi, (’K) are mass/continuous classifiers; the remaining
measure words are count/discrete classifiers. The main point to be drawn from the table is that
the nature of the Chinese language means that the reporting of differentiated goods, for example,
automobiles, spark plugs and engines, takes place by reporting a number of items and the count
classifier that is linguistically-associated with that type of good. All products within an HSO8 code
use the same measure word. See Online Appendix OA4.1 for an example of the different Chinese

measures words used to quantify closely-related products in our dataset.

Table 1: Measure word use in Chinese customs data for exports, 2008

Quantity . Percent of
Moastiro Meaning Types of goods export
value
gian ke, T3  kilogram grains, chemicals 40.5
tai, B machines engines, pumps, fans 24.7
ge, 1 small items golf balls, batteries, spark plugs 12.8
jian, £ articles of clothing shirts, jackets 6.6
shuang, M paired sets shoes, gloves, snow-skis 2.6
tido, 5% tube-like, long items rubber tyres, trousers 2.5
mi, K meters camera film, fabric 2.1
tao, & sets suits of clothes, sets of knives 1.8
liang, wheeled vehicles cars, tractors, bicycles 1.4
sou, boats tankers, cruise ships, sail-boats 1.3
kuai, 3 chunky items multi-layer circuit boards 0.7

The second fact, that quantity must be reported on Chinese Customs forms in indigenous count
units for discrete objects, means that the Chinese Customs system will likely be quite accurate in
accounting for discrete items, relative to what can be inferred from the quantity measures actually
reported in other customs systems. For example, in Egyptian customs records over 2005-2016, a
mere 0.006% of export observations report the discrete unit “pieces” as the unit of quantity. In
comparison, the share of Chinese export data that uses a count/discrete measure for reporting
quantity is 40.9% of observation-weighted HS08 data and 52.8% of value-weighted HS08 data (see
the last rows of panels (a) and (b) in table 2.2°

26 Authors’ calculations from EID-Exports-2005-2016 obtained from http://erfdataportal.com. Egypt is a
useful comparator in that it had a similar per capital income to China during the midpoint of our sample, 2007,
$1667 (Egypt) versus $2693 (China), and it used a similarly large variety of quantity measures, 32, in its export
statistics over 2005-2014. See Online Appendix OA4.1.1 for a discussion of quantity reporting in other customs
systems.
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Table 2: Classification of goods: Integrating the insights from CCHS with Rauch

(a) Share of goods by classification: observation weighted

Corsetti-Crowley-Han-Song (CCHS)

Low Differentiation /
(Mass nouns)

High Differentiation /
(Count nouns)

Rauch (Liberal Version)

Differentiated Products 41.1 38.8 79.8
Reference Priced 6.9 0.7 7.6
Organized Exchange 0.6 0.0 0.6
Unclassified 10.5 1.5 12.0
59.1 40.9 100.0
(b) Share of goods by classification: value weighted
Corsetti-Crowley-Han-Song (CCHS)
Low Differentiation / | High Differentiation /
(Mass nouns) (Count nouns)
Rauch (Liberal Version)
Differentiated Products 24.2 47.1 71.3
Reference Priced 9.1 2.8 11.9
Organized Exchange 2.0 0.0 2.0
Unclassified! 11.9 2.9 14.8
47.2 52.8 100.0

Notes: Share measures are calculated based on Chinese exports to all countries including Hong Kong and the
United States during periods 2000-2014. T“Unclassified” refers to HS08 products that do not uniquely map to
differentiated, reference priced, or organized exchange under the SITC Rev. 2-based classification of Rauch.
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3.2 Improvements Relative to the Rauch (1999) Industry Classifica-
tion

The CCHS linguistics-based product classification can be applied to the universal 6-digit Har-
monized System used by all countries by categorizing as high (low) differentiation those HS06
categories in which all HS08 products use a count/discrete (mass continuous) classifier.?” In Ta-
ble 2, we demonstrate the value-added of our classification system in relation to Rauch (1999).
The table integrates our classification of high versus low differentiation goods with that obtained
by mapping HS08 product codes from the Chinese Customs Database to Rauch’s original 4 digit
SITC Rev. 2 classification of, respectively, differentiated, reference priced, and organized exchange
traded goods.

Two advantages of our classification are apparent. First, it refines the large class of differenti-
ated goods in Rauch into two categories—high and low differentiation—of comparable size. From
table 2 panel (a), we observe that 79.8 percent of observations in the Chinese Customs Database
at the firm-HSO8 product level are classified by Rauch as differentiated. Of these, only 48.6 per-
cent (38.8/79.8) use count classifiers and are categorized as high differentiation under the CCHS
approach. The picture is similar in panel (b), where observations are value weighted: of the 71.3
percent of the export value classified by Rauch as differentiated, 66.1 percent (47.1/71.3) use count
classifiers. Further, table 2 confirms that every good that Rauch categorizes as a commodity (i.e.,
an organized-exchange traded good) is reported in the Chinese Customs Database with a mass
classifier. This conforms with our prior that mass nouns are low differentiation goods and serves
as a useful reality check on our approach.

The second advantage is that we are able to provide a CCHS classification for all HS08 (and
HS06) products, including those that cannot be classified under Rauch’s system due to issues with
the mapping from HS06 to SITC Rev. 2. This enables us to expand our analysis of market power
to include the 12% percent of observations (table 2 panel (a)) and 14.8% of export value (table
2 panel (b)) in the Chinese Customs Database in HS08 products that do not uniquely map to a

single Rauch category.®

27See Online Appendix OA4.1.2 for examples of closely-related HS08 products and the types of measure words
they use.

28To be clear, Rauch provides a classification for each SITC Rev. 2 industry as differentiated, reference priced or
organized exchange, but the SITC Rev. 2 industries in his classification are more aggregated than HS06 products.
Because the concordance of disaggregated HS06 product codes to (more aggregated) SITC Rev. 2 involves one-to-
many or many-to-many mappings for 81 percent of concordance lines, we are only able to classify HS06 products
(and even finer HSO8 products) into one of the three Rauch groupings if all SITC Rev. 2 industries associated with
an HS06 product are “differentiated,” etc. under Rauch. This one-to-many and many-to-many concordance issue
implies that no unique mapping into Rauch’s three categories is possible for 12% of observations in the Chinese
Customs Database.
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4 Data

Our analysis uses the Chinese Customs Database, the universe of annual import and export records
for China from 2000 to 2014 along with annual macroeconomic data from the World Bank. The
final estimation dataset consists of over 200,000 multi-destination exporters, around 8,000 HSOS8
products, and 152 foreign markets over 15 years.

The Chinese Customs Database reports values and quantities of exports in US dollars by firm
(numerical ID and name) and foreign destination country at the 8-digit Harmonized System prod-
uct level over 2000-2014. Chinese exports are thus structured as a panel with four dimensions—
firm, product, destination market, and time. However, specific characteristics of the Chinese
customs data allow us to obtain a classification of types of products by their differentiation and
types of firms by the nature of their commerce. Most notably for our purposes, each observation
in the database contains (a) the Chinese measure word in which quantity is reported, (b) an indi-
cator of the form of commerce for tax and tariff purposes, and (c) a categorization based on the
registration type of the exporting firm.?’

Like other firm-level studies using customs databases, we use unit values as a proxy for prices.
However, the rich information on forms of commerce and Chinese measure words enables us to build
more refined product-variety categories than prior studies have used. Specifically, we define the
product identifier as an 8-digit HS code plus a form of commerce dummy. The application of our
product-variety definition generates 14,561 product-variety codes in our final estimation dataset
as opposed to 8,076 8-digit HS codes reported in the database.® Throughout our study, we will
use the term “product” to refer to these 14,561 product-varieties. This refined product measure
allows us to get a better proxy of prices for two reasons. First, the inclusion of the information
on form of commerce helps to distinguish subtle differences of goods being sold under the same
8-digit HS code. Second, as discussed later on in the text, the extensive use of a large number of
measure words as quantity reporting units makes unit values in Chinese data conceptually closer

to transactions prices than unit values constructed with other national customs datasets.?!

M«

29The form of commerce indicator records the commercial purpose of each trade, such as “general trade,” “pro-
cessing with imported materials,” or “assembling supplied materials.” A firm can export the same HS08 product
under different tax regulations depending on the production process. We simplify by defining a dummy equal
to 1 for “general trade” and 0 otherwise. The registration type identifies firm ownership across eight categories:
state-owned, Sino-foreign contractual joint venture, Sino-foreign equity joint venture, wholly foreign-owned, col-
lective, private, individual business, and other. In our analysis, we group the three foreign-invested categories
into “foreign-invested enterprises,” and combine the minority categories (collective, individual, other) into “other
enterprises.”

39These numbers refer to the final cleaned dataset; the number of HS08 codes and product-varieties declines with
data cleaning. See Online Appendix Table OA1-6.

31Previous studies often measure quantities only by weight (e.g., Berman, Martin and Mayer 2012) or by mixed
units (e.g., Amiti, Itskhoki and Konings 2014); Chinese data are richer because of numerous measure words, making
unit values closer to true transaction prices.
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Table 3: Multi-destination exporters (2007)

Number of Foreign Destinations
1 2-5 6-10 10+ | Total
(a) by Share of Exporters 272 33.1 14.7 25.0 100.0
(b) by Share of Export Values 54 119 104 72.3 100.0
(¢) by Share of Number of Annual Transactions | 3.0 8.0 7.8 81.2 100.0

Note: Each cell in the top row is the proportion of exporters in the Chinese customs data in 2007 that fall under the
relevant description. The middle and bottom rows present the corresponding proportions for export value and count of
annual export transactions, respectively.

Quantitative importance of multi-destination exporters. A general feature of granular
trade data, which we extensively use in applying our framework, is that a very large share of
transactions are conducted by exporters serving multiple foreign destinations. This pattern has
been documented for a number of markets, most notably for France by Mayer, Melitz and Ottaviano
(2014), suggesting that this is a core feature of foreign market participation by exporting firms.
For our dataset, Table 3 presents a breakdown of the proportion of exporting firm, export values,
and count of annual transactions according to the number of destinations served in 2007. Overall,
we see that around three-quarters of exporters reach more than one destination (row a). These
firms are responsible for 94.6% of export value (row b) and 97.0% of annual transactions (row c).
Conversely, the 27.2% of exporters that sell to a single destination comprised only 5.4% of Chinese
export value and 3.0% of export transactions in 2007. While we present a single year snapshot
from our dataset in the table, the patterns in year 2007 are by no means special: the shares of
exporters, export value, and export transactions by count of destination markets remain relatively

stable over our sample period, 2000-2014.

Estimation sample. Throughout the analysis, we treat eurozone countries as a single economic
entity, integrating their trade flows into one region.*? To make our results comparable with leading
studies in the literature on exchange rate pass through, we apply all estimators conditional on a
price change. Specifically, we estimate all parameters after applying a data filter to the Chinese
export data: for each product-firm-destination combination, we filter out absolute price changes in

dollars smaller than 5 percent. We provide an example on how the price change filter is constructed

32We aggregate exports at the firm—product—year level for 17 eurozone countries: Austria, Belgium, Cyprus, Es-
tonia, Finland, France, Germany, Greece, Ireland, Italy, Luxembourg, Malta, the Netherlands, Portugal, Slovakia,
Slovenia, and Spain. Latvia and Lithuania, which adopted the euro in 2014 and 2015, are treated as separate
countries throughout. Our results are robust to alternative treatments of later adopters. Specifically, we consider
(i) excluding Slovenia, Cyprus, Malta, Slovakia, and Estonia from the eurozone group and treating them as sepa-
rate destinations (157 destinations total), and (ii) excluding these five countries entirely (152 destinations total).
Both yield results very similar to our baseline, which integrates the 17 eurozone countries as a single group (152
destinations).
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and how trade patterns are subsequently formulated based on the price-change-filtered database in
Online Appendix OA1.5. The estimates are similar if we apply our estimator without conditioning
on price changes (see Online Appendix OA2.4). This is because our analysis is performed at the
annual frequency, a frequency at which most firms adjust their prices so nominal rigidity is less of

a concern.

5 Evidence on the Rise in Market Power and Pricing to
Market

In this section, we bring together the two methodological innovations introduced above to estimate
how Chinese exporters’ prices and markups adjust to exchange rate movements. Our analysis
reveals a striking rise in the markup elasticities of Chinese firms over time, with notably different
trajectories for high- and low-differentiation goods. These striking patterns repeats within more
granular firm size and market share breakdowns.

To set the stage of our analysis, we start by documenting a major shift in the global presence of
Chinese exporters between 2000 and 2014. Figure 2 plots the evolution of their total market share,
defined as the share of a destination’s imports of a given product that originates from China.?3
Over this 15-year period, the median market share of Chinese firms quadrupled—from 5% in 2000
to 20% in 2014. This rapid expansion signals not only stronger competitiveness but also growing

market power in foreign markets, setting the context for the pricing behaviour we analyse below.

5.1 Price and Markup Elasticities over Time and by Product Differ-

entiation

Having established that Chinese exporters gained substantial market share between 2000 and 2014,
we now assess how this shift is reflected in their price and markup adjustments to exchange rate
movements. Table 4 reports our baseline elasticities, broken down by product differentiation and

time period.?* Over the full 2000-2014 period, the renminbi price of Chinese exports responds to

33 __ Importscun,nat
Formally, mspq = S Tmportsona:

value of product h from origin o into destination d in year . We harmonise the 6-digit HS product codes over time
to ensure consistent product definitions, yielding 3,660 unique product codes.

34 A useful property of the TPSFE estimator is that it clearly distinguishes between the estimation sample and
the identification sample. In our tables, the last column reports both: the estimation sample size appears in the row
with parameter estimates, while the identification sample size is shown in square brackets [-] next to the standard
errors. The identification sample is smaller because non-repetitive trade patterns are excluded. For such patterns,
the demeaning step produces zeros for both dependent and independent variables, leaving OLS point estimates
unchanged but potentially distorting standard errors if degrees of freedom are not adjusted. By separating these two
samples, TPSFE yields identical parameter estimates while ensuring correct inference. This transparency highlights

, where h denotes a 6-digit HS product and Imports,pq: is the total import
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Figure 2: The rising market share of Chinese exporters

Note: The figure shows the evolution of the market shares of Chinese exporters at the 6-digit-HS-product
and destination level for over 100k product-destination pairs with positive trade flows from China. The
black solid and the gray dashed lines show the median and weighted mean of all product-destination
pairs within a year, respectively. The gray shaded area indicates the 25th and 75th percentile of the
market share distribution in each year. Source: UN Comtrade.

nominal bilateral exchange rate movements with an elasticity of 0.21, while markups adjust with an
elasticity of 0.15—implying that markup adjustments account for roughly 71% (= 0.15/0.21) of the
overall price adjustment. This relationship holds for both high- and low-differentiation products,
but is more pronounced for the former: markup changes explain about 95% (=0.20/0.21) of the
price adjustment for high-differentiation goods versus 60% (=0.12/0.20) for low-differentiation
goods.

To examine how elasticities evolved over time, we divide the sample into two subperiods:
2000-2005 and 2006-2014.3> Export-price elasticities (in renminbi) were lower in the first sub-

the effective source of variation, avoids mechanical distortions in standard errors, and allows us to check that the
identification subsample is representative of the full estimation sample (a check we perform for each specification).
See also Wansbeek and Kapteyn (1989), p. 346, on degrees-of-freedom corrections in fixed-effects estimators.

35This split aligns with the 2005 change in China’s exchange rate regime and provides a natural breakpoint.
Online Appendix Figure OA1-1 plots the renminbi-U.S. dollar exchange rate and China’s nominal effective ex-
change rate over the full sample. Our TPSFE estimator is robust to this regime change because it differences out
destination-invariant cost, price, and exchange-rate movements, thereby eliminating responses to common third-
country exchange rates (e.g., the renminbi-U.S. dollar) and ensuring comparability across periods. See Online
Appendix OA1.2 for further details and a further breakdown of the later period.
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Table 4: Price and markup elasticities by CCHS classification

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup n. of obs
(1) (2) (3) (4) (5) (6)
2000 — 2014 0.21%F%* (. 15%F* (. 21%F* 0.20%**  0.20%FF  0.12%F* 23,593,038
(0.01)  (0.01)  (0.01)  (0.01)  (0.01)  (0.01)  [5,933,035]
(a) 2000 — 2005 0.20***  0.06***  (0.24*** 0.10%**  0.17%%* 0.03 4,287,798
(0.01)  (0.02)  (0.02)  (0.03)  (0.01)  (0.03)  [1,077,482]
(b) 2006 — 2014  0.27***  0.17***  (.33*** 0.22%F%*  0.23%FF  0.13%F* 19,305,240
(0.01)  (0.01)  (0.01)  (0.01)  (0.01)  (0.01)  [4,855,553]
Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations ex-
cluding Hong Kong and the United States. The “Price” and “Markup” columns present estimates from specifications (5) and
(4), respectively. The bilateral exchange rate is defined as renminbi per unit of destination currency; an increase indicates an
appreciation of the destination currency. Robust standard errors are reported in parentheses. The number of observations in

the estimation sample is reported in the last column with the number of observations used for identification reported below
it in brackets. Statistical significance at the 1, 5, and 10 percent levels is indicated by *** ** and *.

period—~0.20 in 2000-2005—Dbefore rising to 0.27 in 2006-2014. Because prices are measured in
renminbi and the bilateral exchange rate is expressed as renminbi per unit of foreign currency,
a lower export-price elasticity corresponds to a higher pass-through into local-currency import
prices. The implied pass-through therefore fell from about 80% (1 — 0.20) in the earlier years to
roughly 73% (1 — 0.27) in the later years.

Markup elasticities also rose over time, from 0.06 in 2000-2005 to 0.17 in 2006-2014. Com-
paring columns (1) and (2) in Table 4 indicates that markup adjustments account for about
0.06/0.20 =~ 30% of renminbi price movements in 2000-2005 and roughly 0.17/0.27 =~ 63% in 2006—
2014, underscoring their increasing role in stabilizing local-currency prices despite exchange-rate
fluctuations. By product type, markup elasticities rise for both groups: for highly differentiated
goods from 0.10 to 0.22 (column 4), and for low-differentiation goods from 0.03 to 0.13 (column
6).

5.2 Joint Evolution of Market Shares and Elasticities

Building on the evidence of rising market shares and markup elasticities, we now turn to an exam-
ination of how variation in Chinese exporters’ market shares across product—destination markets
relates to their price and markup elasticities, and whether changes in these shares account for
the observed increase in markup elasticities over time. We classify product—destination pairs into
high-, medium-, and low-market-share categories for each subperiod (2000-2005 and 2006-2014)
and estimate separate price and markup elasticities for each category.

Table 5 shows a clear positive relationship between market share and both price and markup

elasticities, particularly in the post-2005 period. In 2000-2005, high market share product-destination
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pairs exhibit a price elasticity of 0.28 and a markup elasticity of 0.09, compared with 0.17 and
0.08 for medium-share markets, and 0.15 and 0.02 for low-share markets. After 2005, price and
markup elasticities rise sharply for high-share markets, reaching 0.48 and 0.23, respectively, while
medium-share markets show more modest increases to 0.18 and 0.12. By contrast, low-share mar-
kets display low and in some cases negligible price elasticities (0.03) despite a moderate rise in
markup elasticities (0.12).

The relationship between market share and pricing behaviour is apparent for both high- and
low-differentiation products, but is stronger in the former. For example, in 2006-2014, the markup
elasticity for high-differentiation goods is 0.31 in high-share markets and 0.12 in medium-share
markets, compared with 0.15 and 0.11 for low-differentiation goods. Taken together, these results
suggest that rising market shares are associated with more active markup adjustment to exchange
rate changes, and that this relationship is more pronounced for products with greater scope for

differentiation.

Table 5: Price and markup elasticities by market share of Chinese exporters

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup n. of obs
(1) (2) (3) (4) (5) (6)

(a) 2000-2005
High Market Share 0.28%F%  .00%*  0.30%%*  0.10%%  0.26%%*  0.07 1,409,691

(Median: 0.579) (0.02)  (0.03)  (0.02) (0.05)  (0.02)  (0.05)  [377,021]
Medium Market Share 0.17%%% 008  0.21%¥  0.12% 0.5  0.04 1,403,631
(Median: 0.195) (0.02)  (0.05)  (0.03) (0.07)  (0.03)  (0.06)  [338,919]
Low Market Share 0.15%F%  0.02  0.21%* 008  0.13%* 001 1,415,864
(Median: 0.027) (0.02)  (0.05)  (0.04) (0.09)  (0.03)  (0.05)  [349,973]

(b) 2006-2014
High Market Share 0.48%F%  (.23%% (L 56%FF . 31FFF (.38%FF (158 (399,442

(Median: 0.659) (0.01)  (0.02)  (0.02)  (0.02)  (0.02)  (0.02)  [1,719,255]
Medium Market Share 0.18***  (.12*%** (0.09***  (0.12%**  (.24%%*  (Q.11*** 6,400,007
(Median: 0.296) (0.01)  (0.02)  (0.02)  (0.03)  (0.02)  (0.03)  [1,561,682]
Low Market Share 0.03* 0.12%** -0.02 0.11%* 0.04** 0.13*** 6,399,776
(Median: 0.060) (0.01)  (0.02)  (0.03)  (0.05)  (0.02)  (0.02)  [1,548,202]

Note: Estimates are based on the sample of multi-destination firm—product—time trade flows to 152 destinations, excluding Hong
Kong and the United States. The “Price” and “Markup” columns report estimates from specifications (5) and (4), respectively. The
bilateral exchange rate is defined as renminbi per unit of destination currency; an increase indicates an appreciation of the destina-
tion currency. Robust standard errors are reported in parentheses. Market share categories are defined separately for each subperiod
(2000-2005 and 2006-2014) at the 6-digit HS product—destination level. For each product—destination pair, China’s market share is
computed as the ratio of imports from Chinese firms to total imports from all origins, separately for each subperiod. Pairs are then
ranked by their market share and grouped into terciles: Low (bottom third), Medium (middle third), and High (top third). The me-
dian market share for each group is reported in parentheses below the label. The final column reports the number of observations in
the estimation sample, with the subset used for identification shown in brackets. Statistical significance at the 1, 5, and 10 percent
levels is denoted by *** ** and *.
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To formally test the effect of changing market shares over time, we decompose the market share

variation into three components:

MmSpar = ™S -+ MS; —Ms +  MmSpq — MS¢ (6)
~— —— ——
Average  Time Variation  Cross-sectional Variation
where h represents a 6-digit HS product; ms, represents the median of all HS06-product-destination
(hd) market shares in each year (i.e., the solid line in Figure 2); and ms is the mean of ms,;.** We

then rerun the markup and price estimation equations interacting the components in (6):37

Markup: Efidt = Bt figr + Br (T8, — TB) X Egiar + Bes(MShar — T5:) X €gige + Ugiars (7)

Price:  prige = Va€fiar + yr(Msy — M3) X €pigr + Yos(MSpae — MS;) X €piqr + vsSpell fide T Ugidt-

(8)

Table 6: Decomposing the effects of market share changes by time and cross sectional variations

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup
(1) (2) (3) (4) (5) (6)

Average Elasticity: ey 0.23***  (0.15*** (.23%** 0.19*** 0.22%** 0.12%**
0.01)  (0.02)  (0.02)  (0.03)  (0.02)  (0.02)

Time Variation: (ms; —ms) X eg 3.06***  1.12%*¥*  3.01%** 1.48%* 3.07F** 0.96*
(0.23)  (0.39)  (0.37)  (0.62)  (0.29)  (0.50)

Cross-sectional Variation: (mspgr — mS;) X eqe  0.15%**  0.15%F  0.16%**  0.30%**  0.18%** 0.01

(0.04)  (0.06)  (0.06) (0.10) (0.05)  (0.08)

Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations excluding Hong Kong and

the United States. The “Price” and “Markup” columns present estimates from specifications (8) and (7) respectively. The bilateral exchange rate
is defined as renminbi per unit of destination currency; an increase means an appreciation of the destination currency. Robust standard errors are
reported in parentheses. The number of observations in the estimation sample is 22,672,492, and the number of observations used for identification
is 5,728,151. Statistical significance at the 1, 5 and 10 percent level is indicated by *** ** and *.

Estimation results are presented in Table 6. The first row shows the average price and markup
elasticities of all years (2000-2014) in our sample. These point estimates are similar to those
reported in the first row of Table 4. The second row shows that changes in market shares over
time significantly contributed to the rising markup elasticities over time. Finally, the third row
shows that within the same year, product-market pairs for which Chinese exporters hold higher

market shares generally have higher markup elasticities. Columns (4) and (6) show a similar

36We have chosen to use the median measure of 775; as we think it better represents the overall market presence
of Chinese exporters in foreign markets. The median measure is more robust to skewed distributions and outliers.
The results are similar when we use the mean measure; see Online Appendix Table OA2-6.

3"Note that, by default, the regression evaluates the elasticity at the average market share, ms , so there is no
need to add the interaction with 735 in the first term of equations (7) and (8).
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pattern holds within high and low differentiation goods. Notably, the markup elasticities of high
differentiation goods are associated more strongly with both time and cross-sectional variation
in market shares relative to low differentiation goods, suggesting firms selling high differentiation

goods have more room to adjust their markups for a given market share change.

4

= All goods
=== HD goods
=== | D goods
¢ Mean
90% ClI

0.33

Markup Elasticity

2000 2002 2004 2006 2008 2010 2012 2014

Figure 3: Implied markup elasticity over time

Note: This figure plots the evolution of markup elasticities of Chinese exporters implied by the estimates in
Table 6. The implied markup elasticity is constructed as S + Br(ms: — ms) as stated in specification (7),
calculated separately for each type of good (All, HD, and LD). Diamonds at the center of each line mark the
average markup elasticity, E 4. Dashed lines denote 90% confidence intervals.

Figure 3 presents a visualization of markup dynamics based on the coefficients reported in
the first two rows in columns (2), (4) and (6) of Table 6. The black line shows that the markup
elasticity of Chinese firms has quadrupled over this 15-year period, rising from 0.06 in 2000 to
0.24 in 2014. All firms, whether selling high or low differentiation goods, have contributed to this
increase. However, the rise in markup elasticity is much faster for firms selling high differentiation
goods (0.06 — 0.33) compared to low differentiation goods (0.06 — 0.19).

Our overall results suggest that, while Chinese firms have become more competitive and gained
market shares over time in both high and low differentiation good markets, firms operating in the

former market may have enjoyed larger gains in market power. Correspondingly, firms selling high-
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differentiation goods are the key drivers of the rising local price stability of Chinese exports.*®

5.3 Alternative Measures of Firm Size and Market Share

Larger firms typically possess greater market power and are more likely to engage in pricing-
to-market behaviour (Atkeson and Burstein, 2008; Berman, Martin and Mayer, 2012; Auer and
Schoenle, 2016). They are also more likely to source inputs from abroad, making their marginal
costs more sensitive to exchange rate fluctuations (Amiti, Itskhoki and Konings, 2014). In this
subsection, we re-do our analysis relying on two alternative, widely used measures of firm market
power: (i) firm size, and (ii) firm’s product market share in a destination. We show that the
increase in markup elasticities documented above holds when we use these measures. The degree
of product differentiation continues to explain systematic variation in markup responses within

each refined category.

Firm’s product-level total exports. We measure size at the firm—product level by cumulating
each pair’s total export value across all destinations and years within each subperiod (2000-2005
vs. 2006-2014). Within each product and subperiod, we rank firm—product pairs by this cumulative
value and assign them to terciles (small/medium/large).*

Table 7 shows that price and markup elasticities exhibit a clear size gradient, especially in 2006—
2014. For large exporters, the price elasticity rises from 0.25 to 0.67 and the markup elasticity
from 0.09 to 0.38; thus, markup adjustments account for (0.38 — 0.09)/(0.67 — 0.25) ~ 69% of
the increase. For medium exporters, the corresponding increases are from 0.19 to 0.34 (price) and
0.03 to 0.18 (markup), implying a contribution of (0.18 — 0.03)/(0.34 — 0.19) = 100%. For small
exporters, price elasticities drop from 0.20 to 0.15%° and markup elasticities rise from 0.07 to 0.09.

The distinction across product types is reflected in the absolute size of the markup elasticity
increases. For high-differentiation goods, large exporters’ markup elasticity rises from 0.17 to
0.48, and medium exporters’ from 0.05 to 0.26. For low-differentiation goods, the corresponding
increases are smaller—from 0.04 to 0.33 for large exporters and from 0.01 to 0.12 for medium
exporters. Thus, while the relative contribution of markups to overall price elasticity changes
is comparable across product types, the increase in markup elasticities is considerably larger for

high-differentiation goods.

38Further evidence on the evolution of market shares of firms selling the two types of goods is offered in the
Online Appendix OA4.4.

39Unlike Berman, Martin and Mayer (2012) and Amiti, Itskhoki and Konings (2014), who use total (domes-
tic+foreign) revenues across products, our size measure is product-specific and based on cumulative global exports
within each subperiod. Bins are terciles formed within product and subperiod; when counts are not divisible by
three or ties occur at cutoffs, lower bins may contain one additional observation.

40The decline for small exporters indicates that changes in markup and price elasticities do not always move in
the same direction across bins.
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Table 7: Price

and markup elasticities by exporters’ product-level global revenues

All High Differentiation Low Differentiation
Category Price  Markup  Price Markup Price Markup n. of obs
(1) (2) (3) (4) (5) (6)

(a) 2000-2005

Large Exporters 0.25%*%*  0.09%*  0.35%**  (Q.17*¥FF  Q.17F** 0.04 1,339,110
(0.02) (0.04) (0.04) (0.06) (0.03) (0.05) [125,899]

Medium Exporters 0.19%** 0.03 0.24%%* 0.05 0.16%** 0.01 1,462,099
(0.02) (0.03) (0.03) (0.05) (0.02) (0.04) [296,710]

Small Exporters 0.20%*%*  0.07%*  0.22%** 0.11%* 0.18%** 0.04 1,486,589
(0.02) (0.03) (0.02) (0.05) (0.02) (0.04) [654,873]

(b) 2006-2014

Large Exporters 0.67**%*  0.38***  Q.77F¥*  0.48%FF  0.60***  0.33*** 6,186,012
(0.03) (0.03) (0.04) (0.04) (0.03) (0.03) [519,994]

Medium Exporters 0.34%%*  (0.18%F*  (0.43%%F  (0.26%**  0.270F* (. 12%*%* 6,543,330
(0.01) (0.02) (0.02) (0.02) (0.02) (0.02) [1,300,066]

Small Exporters 0.15%**  0.09%F*  0.20%%F  0.11%**  0.11%F  0.07F** 6,575,898
(0.01) (0.01) (0.01) (0.02) (0.01) (0.02) [3,035,493]

Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations ex-
cluding Hong Kong and the United States. The “Price” and “Markup” columns present estimates from specifications (5) and
(4) respectively. The bilateral exchange rate is defined as renminbi per unit of destination currency; an increase means an ap-
preciation of the destination currency. Robust standard errors are reported in parentheses. The number of observations in the
estimation sample is reported in the last column with the number of observations used for identification reported below it in
brackets. Statistical significance at the 1, 5 and 10 percent level is indicated by *** ** and *.

Firm’s product-level market share in a destination. Our second, alternative measure of
firm size accounts for potential differences in a firm’s position across destination markets. For each
firm—product—destination and subperiod (2000-2005 or 2006-2014), we calculate the share of the
destination’s total imports of that product accounted for by the firm, cumulating over all years
within the subperiod.” Relative to the total market share of Chinese firms discussed above (which
captures the overall market power of Chinese exporters in a given destination—product market), this
measure captures the individual firm’s market power within specific product-destination markets.*?
For each subperiod, we rank firm—product—destination pairs by this measure and assign them
to three bins: Low (0-50th percentile), Medium (51st-95th percentile), and High (96th-100th
percentile).

Table 8 shows that exporters with larger market shares in a product—destination market consis-

. Valuer,ar : :
Formally, the measure is w4, = Ini*pg%, where 7 denotes the subperiod, Value fp,q; is the firm’s total exports
hdT

of the 6-digit HS product h to destination d in subperiod 7, and Imports, . is the destination’s total imports of

that product in the same subperiod.
within-origin

' hinoriai ,
42This measure can be expressed as wpgr = msj}'}ld;n orein hina share ywhere ms Fhdr

X MSE g is the firm’s share

among Chinese exporters and ms%ﬁ“a share js China’s aggregate market share in the destination—product market.
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Table 8: Price and markup elasticities by exporter’s product level market share in destinations

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup n. of obs
(1) (2) (3) (4) (5) (6)

(a) 2000-2005

High share 0.24%F% 010 0.25%%% 024 0.24%%% (.02 211,465
(Median: 0.069) (0.04)  (0.11)  (0.06)  (0.19)  (0.05)  (0.13) [37,567)
Medium share  0.20%%%  0.06%*  0.22%%%  0.09%  0.18%*  0.04 1,903,125
(Median: 0.003)  (0.01)  (0.03)  (0.02)  (0.05)  (0.02)  (0.04)  [420,600]
Low share 0.21%%%  0.06  0.20%%*  0.10%*  0.15%* 003 2,114,596
(Median: 0.000)  (0.02)  (0.04)  (0.03)  (0.06)  (0.03)  (0.05)  [607,746]

(b) 2006-2014

High share 0.70%%%  0.37%FF  (61FFF  041FF  Q74%FF  036%FF 959 961

(Median: 0.050)  (0.04)  (0.08)  (0.07)  (0.16)  (0.05)  (0.10)  [143,513]
Medium share ~ 0.42%FF  0.20%%F  (51%FF  (28%FF  (33%FF (. 14%%% 8639 653
(Median: 0.001)  (0.01)  (0.02)  (0.02)  (0.03)  (0.01)  (0.02)  [1,781,480]
Low share 0.10%%%  0.12%%F  (13%%% (. 15%FF  0.07%F 0. 11%%F 9599611
(Median: 0.000) (0.01)  (0.02)  (0.02)  (0.02)  (0.01)  (0.02)  [2,904,146]

Note: Estimates are based on the sample of multi-destination trade flows at the firm—product—time level to 152 destinations,

excluding Hong Kong and the United States. The “Price” and “Markup” columns present estimates from specifications (5)
and (4), respectively. The bilateral exchange rate is defined as renminbi per unit of destination currency; an increase indi-
cates an appreciation of the destination currency. Robust standard errors are reported in parentheses. Market share bins are
defined separately for each subperiod (2000-2005 and 2006-2014) at the firm—product—destination level. For each 6-digit HS
product and destination, we compute the firm’s total exports over all years within the subperiod and divide by the destina-
tion’s total imports of that product in the same subperiod. Firm—product—destination pairs are then ranked by this share
and assigned to one of three bins: Low (0-50th percentile), Medium (51st—95th percentile), and High (96th—100th percentile).
The median market share in each bin is reported in parentheses below the category labels. The number of observations in
the estimation sample is reported in the last column, with the number used for identification shown in brackets. Statistical
significance at the 1, 5, and 10 percent levels is indicated by *** ** and *.

tently exhibit higher price and markup elasticities. Elasticities are similar across bins in the early
period but rise sharply for high- and medium-share exporters after 2005, while changes for low-
share exporters remain modest. These patterns hold across product types, with larger increases for
high-differentiation goods. Overall, the destination-specific market share measure delivers results
in line with those based on global revenues: firms with greater market shares adjust markups more

strongly in response to exchange rate movements.*?

43Tn general, the relationship between market power and markup elasticity is not necessarily monotonic. In the
influential model of Atkeson and Burstein (2008), the pass-through rate (i.e., one minus the markup elasticity) is
U-shaped in a firm’s market share: it rises initially with market share but eventually falls once the firm becomes
very large and accounts for most of the market. In our context, this nonlinearity is unlikely to be a concern because
the market share of Chinese exporters remains relatively small even among the largest firms. As shown in Table 8,
the median market share of Chinese firms in a destination-HS06 product market, even for the top 5th percentile of
firm—product—destination triplets, is only about 5% in 2006-2014. This is far below the 60-80% thresholds at which
the U-shape reverses under common calibrations of Atkeson and Burstein (2008). Put differently, most Chinese
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Finally, we note that, relative to the earlier period, the median firm-level market share within
each bin is slightly lower in 2006-2014. This decline most likely reflects structural changes following
China’s WTO accession and the gradual removal of export licensing requirements, which triggered
a large influx of small private exporters into destination—product markets. The intensification of
competition the follow this influx reduced the median market share of individual firms, even if, in

the aggregate, the total market share of Chinese exporters in these markets continued to rise.

6 The Changing Face of Exporters from China

The Chinese economy is generally understood to be a hybrid where competitive, market-oriented
private firms coexist alongside large state-owned enterprises (SOEs).** However, when it comes
to exports, the landscape is more complex. A significant portion of export activity is driven by
wholly foreign-owned firms or Sino-foreign joint ventures, which dominate the group we classify as
foreign-invested enterprises (FIEs).

Due to their ownership structure, firms in China are likely to have varying cost structures
and face different demand elasticities. For instance, SOEs and FIEs are generally perceived to
have easier access to capital, but they likely differ in their reliance on imported intermediates for
production. In contrast, private firms typically face stricter financial constraints and, compared
to FIEs, are less integrated into global supply chains. Additionally, the average size of firms varies
across these groups, with private firms tending to be smaller, likely due to high rates of entry
by young companies. Moreover, since FIEs are often more integrated into supply chains, they
may engage in transfer pricing. Given these factors, we expect SOEs, FIEs, and private firms to
produce different products, utilize distinct production processes, and potentially target different
markets. This raises the question of whether a firm’s registration type helps explain observable

differences in pricing and markup adjustments.

6.1 The Evolution of Exports by Private, State Owned and Foreign
Invested Firms
In Figure 4, we lay out some basic facts about the evolution of different types of firms among

Chinese exporters. In the Chinese Customs Database, firms report their registration type in one

of the following eight categories: state-owned enterprise, Sino-foreign contractual joint venture,

exporters operate in the range where theory predicts a positive and monotonic relationship between market share
and markup elasticity. Our finding is consistent with Amiti, Itskhoki and Konings (2019), who document that most
Belgian firms have market shares below 10% and that their estimated markup elasticities increase monotonically
with firm size and market share.

44See Hsieh and Song (2015) and Wu (2016) for analyses of the interactions between firms and the state in China,
and Hale and Long (2012) on the significance of inward FDI into China.
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Figure 4: The changing face of Chinese exporters, 2000-2014

Note: Calculations based on the universe of all exporters from the customs database of China. Three types of foreign
invested enterprises are reported in our dataset, namely wholly foreign owned enterprises (coded as “4”), sino-foreign
joint ventures by jointed equity (coded as “3”) and by contractual arrangements that specify the division of tasks and
profits (coded as “2”). The last type is quantitatively small in firm number and trade values.
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Sino-foreign equity joint venture, wholly foreign owned enterprise, collective enterprise, private
enterprise, individual business, and “other” enterprise. We combine Sino-foreign contractual joint
ventures, Sino-foreign equity joint ventures, and wholly foreign owned enterprises into a single
category — foreign invested enterprises (FIEs). Firms with other ownership structures, including
collectives, individual businesses, and “other” enterprises, are lumped together under the descriptor
“Other” enterprises.

A well-known fact is the extraordinary rate of entry into export activity by private enterprises.
This is apparent in the top panel of the figure. From being a small and negligible group in 2000,
the number of private enterprises directly exporting goods from China to the rest of the world rose
to over 200,000 by 2014.%> Perhaps less known and understood, however, is the economic weight of
a different category of exporters from China, the foreign-invested enterprises (FIEs). After a slow
and steady rise between 2000 and 2006, their number stabilized at about 75,000 firms—dwarfing
the presence of state-owned enterprises (SOEs). Indeed, in spite of the attention paid to them by
the media, there were only 10,000 registered SOEs at the start of our sample period. This number
gradually fell over time, as successive policy initiatives favored their privatization, or led some of
them to exit from foreign markets (top panel, Figure 4).

The key message from the top panel of Figure 4 is reinforced by the evidence on export values
and shares by different types of firms, shown in the bottom panel. By export value and share of
total exports, the most important single group of exporters from China is that of foreign-invested
enterprises. In 2014, the value of their exports was over US $1 trillion (bottom left panel of Figure
4). Over the period, exports from China that originated from firms that are wholly or partially
owned by foreigners fluctuated between 45 and 58% of China’s total exports.i6

Conversely, the weight of SOEs, which were essentially at par with FIEs in 2000, declined
dramatically from 2000 to 2007 and then settled into a slow and steady negative trend (bottom
left panel, Figure 4). This is clear evidence that the role of SOEs in foreign trade has been far less
dynamic than that of other types of firms. However, the diminishing weight of SOEs in foreign
trade has been more than made up by private firms—reflecting both entry of new firms into export
markets and privatization of SOEs. By the end of the sample, private firms account for a striking

40% of Chinese exports. We stress nonetheless that this large shift in export shares between SOEs

45 At the start of our sample period, export activity was highly regulated in China with most rights to export
held by SOEs—only a very limited number of private enterprises were able to export directly. The result of this
was that in the earlier years post-2000 private enterprises desiring to export their merchandise exported through
SOEs.

46The importance of foreign involvement in Chinese exports has previously been documented by Koopman, Wang
and Wei (2014). Based on an accounting framework methodology and product-level trade flows, they show that
29.3 percent of Chinese export value comes from foreign, rather than domestic Chinese, value-added. This is not
inconsistent with our estimates; our complementary contribution is to document foreign engagement based on
ownership of exporting firms, rather than through the origin of the value-added content of exported goods.
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and private firms has not (so far at least) dented the share of exports by FIEs, which has remained
quite stable over our sample.
The question is whether, against this evolution in the number of exporters and export shares

by ownership, there are significant differences in strategic pricing.

6.2 Integrating Product Differentiation with Firm Ownership

Evidence on price and markup elasticities by firm type is presented in Table 9. For 2000-2005,
our estimates reveal that private enterprises exhibit zero price and markup elasticities (columns
1 and 2, row 3), implying that these firms’ costs are unaffected by exchange rates, and they
lack market power to make destination-specific markup adjustments. For FIEs, prices are more
responsive to exchange rate movements, but most of the price responses are driven by cost changes
rather than markup adjustments. The only firms displaying significant market power during this
period are SOEs, with positive and significant markup adjustments observed for firms selling high-
differentiation goods (column 4, row 1).

In the latter period (2006-2014), we observe a notable increase in markup elasticities across all
firm types, suggesting that Chinese firms are generally gaining market power in foreign markets.
Table 10 shows that changes in markup elasticities are the primary drivers behind the increase
in local price stability (reflected in a higher export elasticity), indicating minimal changes in
production or sourcing structures. Notably, the markup elasticities of private enterprises increased
significantly. Although for private enterprises the change in these elasticities is small compared to
that of SOEs and FIEs, the rise in their trade share suggests that these firms are likely the key
drivers of the change in aggregate price stability (in foreign currency) for Chinese exports in the
latter part of our sample.

Product differentiation plays a critical role in explaining elasticity differences across firm types.
In the post-dollar peg period, the estimated markup elasticity for highly differentiated products
sold by SOEs is 0.41, compared to just 0.12 for low-differentiation goods. Similarly, the markup
elasticity of private enterprises selling high-differentiation goods is nearly twice as large as the
elasticity of firms selling low-differentiation goods (last row, columns 4 and 6). Comparing price
and markup elasticities over time confirms the result that most of the changes in price elasticities

are driven by changes in markups also across firm registration types (see Table 10).

7 Model-based Analysis

In this section, we specify a partial equilibrium model featuring firm and product heterogeneity,

variable markups, and endogenous exporting decisions, in order to obtain a theoretical counterpart
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Table 9: Markup elasticities by firm registration type

All High Differentiation Low Differentiation

Category Price  Markup  Price Markup Price Markup n. of obs
(1) (2) (3) (4) (5) (6)

(a) 2000-2005

State-owned Enterprises 0.22F*%  (0.08%FF*  0.26%*F*  0.14***F  (.19%F* 0.03 2,004,666
0.01)  (0.03)  (0.02)  (0.04)  (0.02)  (0.03)  [520,147]
Foreign Invested Enterprises 0.21%** 0.05 0.24%%* 0.03 0.19%** 0.06 1,147,118
(0.02)  (0.03)  (0.03)  (0.05)  (0.03)  (0.05)  [267,617]
Private Enterprises 0.00 -0.01 0.11% 0.03 -0.07 -0.03 782,614
(0.04)  (0.06)  (0.06)  (0.09)  (0.05)  (0.08)  [217,119]

(b) 2006-2014

State-owned Enterprises 0.33%F**  (.25%F*  (.52%FF 0. 41%*¥*F .17 (0.12%* 3,532,168
(0.02)  (0.03)  (0.03)  (0.04)  (0.03)  (0.04)  [648,785]

Foreign Invested Enterprises 0.55%%*  0.31%%%  (0.49***  (.33%F*  (0.59***  0.30%** 4,998,502
(0.02)  (0.02)  (0.03)  (0.03)  (0.02)  (0.03)  [1,046,272]

Private Enterprises 0.13%%*  0.08*** 0.19%**  0.10%**  0.10***  0.07*** 9,915,145
(0.01)  (0.01)  (0.02)  (0.02)  (0.01)  (0.01)  [3,005,536]

Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations excluding Hong
Kong and the United States. The “Price” and “Markup” columns present estimates from specifications (5) and (4) respectively. The bilat-
eral exchange rate is defined as renminbi per unit of destination currency; an increase means an appreciation of the destination currency.
Robust standard errors are reported in parentheses. The number of observations in the estimation sample is reported in the last column with
the number of observations used for identification reported below it in brackets. Statistical significance at the 1, 5 and 10 percent level is
indicated by *** ** and *.

Table 10: Markup contribution to the increase in price elasticity by firm registration type

Category High Differentiation Low Differentiation
State-owned Enterprises 104% -

Foreign Invested Enterprises 120% 60%
Private Enterprises 88% 59%

Note: Statistics are calculated as the change in markup elasticity between 2000-2005 and 2006-
2014, divided by the corresponding change in price elasticity over the same periods, based on the
estimates in Table 9.
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to our decomposition of the price elasticity to the exchange rate into its markup and marginal cost

components and to validate our empirical methods using simulated data from the model.

7.1 Model

We specify a model embedding Kimball (1995) preferences, which have been widely used in open
macro research due to its flexibility.*” Departing from a CES demand system, Kimball preferences
imply that a demand elasticity that is an increasing function of a product’s price. Thus, following
a positive cost or exchange rate shock, an increase in the firm’s desired price also increases its
demand elasticity, resulting in a lower desired markup.

Sharing a conventional assumption with much of the open-macro literature, we posit that
markets are segmented and that each firm makes its pricing and entry decisions independently in
each market. Thus, in each period ¢, a firm f selling a product ¢ makes its pricing and exporting

decisions simultaneously, but independently for each destination market d:*®

max G riat [(Priat — MC piar) Vil pia, Priar, Ear) — G

Prigr,d5ia¢€{0,1}

where ¢ € {0,1} is an indicator of whether the firm is actively selling in market d in period t;
Priqr is the border price denominated in the exporter’s currency; MCy;q is the marginal cost; ; is
the fixed cost of selling product 7 in a destination market; and ;(-) is a Kimball demand function.
The demand function depends on three arguments: a markup-irrelevant preference shifter aq,
the border price Py;q, and the bilateral exchange rate €. The log markup of the firm is defined as
the natural logarithm of the border price divided by the marginal cost: pae = In(Ppige/ MCfiar).

Solving the firm’s problem yields the optimal price charged for product ¢ in destination market
d at time ¢, expressed as a function of the exchange rate and marginal cost, P}y, (Ear, MCiar), and
the market entry condition, summarized by the selection equation (10). Defining operating profit

as the profit attained at the firm’s optimal price Pf;;,, we can write
Tridt = (Prigr — MCpiar) ¥i(@fia, Phias Ear)- 9)

Thus, firm f selling product ¢ chooses to enter market d in period ¢ if its operating profit exceeds

4TThis setting has been adopted in, among others, Klenow and Willis (2016), Gopinath and Itskhoki (2010), Amiti,
Ttskhoki and Konings (2019), Gopinath, Boz, Casas, Diez, Gourinchas and Plagborg-Mgller (2020), and Mukhin
(2022). Amiti, Itskhoki and Konings (2019) show that Kimball preferences effectively capture firms’ responses
to shocks in a static oligopolistic model (e.g., Atkeson and Burstein 2008) and replicate key features of Belgian
firm-level data. In dynamic contexts, Wang and Werning (2022) and Alexander, Han, Kryvtsov and Tomlin (2024)
demonstrate that the differences between firm-level responses and aggregate price dynamics in an oligopolistic
competition model and a well-calibrated Kimball model are small.

48Most variables in this section are defined in levels, but note that the variables in equation (1) in Section 2 are
expressed in natural logs: prigr = In(Prige), ear = In(Eat), and megiar = In(MC pige).
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the entry cost, which gives the selection equation:

1 (observed) if g > G,
Priar = (10)
0 (not observed) if mpq < G-

Simulation setup. We specify the Kimball demand function following Gopinath and Itskhoki
(2010) and Amiti, Itskhoki and Konings (2019):

Pi
%‘(Oéfz'd, sz'dt,gdt) = Qfid [1 - 5111(%)} ‘ ) (11>
where p; is the elasticity of substitution across varieties of product 7; £ is the super-elasticity
governing the extent to which firms adjust markups in response to shocks (e.g., £x); and P is a
demand shifter. As ¢ — 0, the model converges to the conventional CES case, in which firms charge
constant markups p;/(p; — 1) and do not respond to destination-specific exchange rate changes.
We simulate the model with 1,000 firms, 20 destination markets, and 20 years. Each firm sells
two products: a high-differentiation good (prp = 4) and a low-differentiation good (prp = 8). We
set the same super-elasticity for both product types and calibrate it by subperiod to match the
estimated markup elasticities: £2000-2005 — () 3 and £2006-2014 — (9,
The data-generating process for exchange rates, marginal costs, and demand is as follows. For
the exchange rate, we posit
In(Eq) = 0s (va - Fi + uar) (12)

where steady-state exchange rates are normalized to one. Changes in the bilateral exchange rate
are driven by (i) macroeconomic fundamentals of the origin country, captured by F;, which affect
each destination market with heterogeneous loadings vy, and (ii) a noise term, w4, representing
fluctuations due to financial market shocks. The parameter og scales the size of exchange-rate
shocks.

Marginal costs are firm—product—destination specific and time-varying:

with hl(Mfidt) = Vgid + OgVy; 'E—FO'MUfit—f—Uﬂ - 1, (13)

where Ay; denotes the productivity of firm-product pair (fi), drawn from a Pareto distribution
with dispersion parameter 5. M ;4 captures shocks to marginal cost from firm-specific or macroeco-
nomic sources. The term vy;q represents time-invariant firm-product-destination cost components.
Because F; enters equation (13), marginal costs are generally positively correlated with exchange

rates: when the origin currency depreciates (i.e., & rises), imported inputs become more expen-
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sive, driving up costs. The coefficient vy; allows this correlation to differ across firm-products,
while wu;; represents cost shocks uncorrelated with exchange rates. A deterministic time trend o ¢
captures the steady rise in the average price level of Chinese exporters over time.

The random components, F, U, Ui, and In(ayq), are drawn independently from a standard
normal distribution, while firm-, product-, and destination-specific effects, v¢;, v4, Vfia, and In(a ),
are drawn from a standard uniform distribution. We set o¢ = 0.02, o3, = 0.05, and o, = 0.03.
The fixed cost of entry, (;, is calibrated so that roughly 20% of firms selling a product domestically

are active exporters.*?

7.2 Comparing Model vs. Estimated Responses

In this subsection, we decompose the price response to exchange rates into markup and cost
components, as shown in equation (1), using simulated data from the model. Table 11 reports the
corresponding estimation results. Columns (1) and (4) show the changes in markups and marginal
costs, respectively, which sum to the total price response in column (7). These are structural effects
predicted by the model as functions of the underlying parameters.”® Columns (5) and (6) further
decompose these effects, showing how marginal costs respond to exchange rate movements, and in
turn how markups respond to cost changes. In the model, an appreciation of the foreign currency
(an increase in £y ) raises firms’ marginal costs (e.g., via higher imported input costs) but reduces
their optimal markups—a pattern consistent with oligopolistic competition models, where firms
with market power only partially pass through cost shocks.

Estimation results from applying our empirical framework to simulated data are shown in
columns (2) and (8)—using the specifications (4) and (5), respectively. The table shows that our
approach can accurately recover the markup and price elasticities in a theoretical environment
that relies on standard parameter calibrations and accounts for endogenous market participation.
Notably, our proposed markup estimator successfully removes the influence of marginal costs.
In addition, our price elasticity estimator accurately captures the additional impact of changing
marginal costs (column 4), facilitating a decomposition of the relative contributions of the two
effects.

To illustrate the importance of controlling for endogenous selection, we implement a variant

of our TPSFE procedure in which the firm-product—destination-trade-pattern (fidD) demeaning

49Tn the estimation exercises, we replicate a realistic environment that mirrors our customs database, in which
only exporting firms (i.e., ¢ ;g = 1) are observed.

S0Column (1) is obtained by estimating the markup response to exchange rate changes while controlling for
marginal costs, while column (6) is obtained by estimating the markup response to marginal cost changes while
controlling for exchange rates. Specifically, we regress log markups, (triq:, on eq and mcy;q, taking the coefficient
on eq; as the partial markup elasticity to exchange rates (controlling for costs), and the coefficient on mcy;q; as the
partial markup elasticity to marginal costs (controlling for exchange rates).
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Table 11: Comparing model versus estimated responses

(1) (2) (3) (4) (5) (6) (7) (8)
Markup Cost Price
Oppiar Oppia Ot fids 14 Opfidgr \ Omcerige  Omcgigr  Ophfide dpyids dpyids
c%dt 86,115 8€dt aMCfZ'dt 8€dt 8edt 8mcfz’dt dedt dedt
Model Est. Naive Model Model Model Model Est.
TPSFE(fidD) TPSFE(fid) =(1)+(4)

(a): Low market power (£ =0.3)

All 0.07 0.07 0.20 0.23 0.24 -0.07 0.30 0.30
(0.00) (0.01) (0.01)
HD (p=4) 0.09 0.09 0.23 0.24 0.26 -0.10 0.33 0.33
(0.00) (0.02) (0.01)
LD (p=8) 0.04 0.04 0.17 0.22 0.23 -0.04 0.26 0.26
(0.00) (0.02) (0.01)

(b): High market power (£ =0.9)

All 0.19 0.18 0.30 0.20 0.25 -0.19 0.39 0.39
(0.00) (0.01) (0.01)
HD (p=4) 0.25 0.25 0.36 0.20 0.26 -0.26 0.44 0.45
(0.00) (0.01) (0.01)
LD (p=8) 0.12 0.12 0.24 0.21 0.24 0.12 0.33 0.33
(0.00) (0.02) (0.01)

Note: This table compares the true model relationships (marked with “Model”) with the estimated responses (marked with “Est.”). Panels (a) and (b) show
the estimates when the superelasticity of Kimball demand is calibrated to 0.3 and 0.9 respectively — a higher £ means a higher degree of market power and
price complementarity. The “All” column shows pooled regression results, whereas the “HD” and “LD” columns show the results separately estimated for high
and low differentiation goods subsamples. Columns (2) and (8) are estimated using specifications (4) and (5), respectively. Estimates and standard errors are
calculated based on the average of 100 simulations of each setting.



in the second step is replaced with a simpler firm-product—destination (fid) demeaning (column
3). Without the additional trade pattern control, the estimates are substantially biased upward
due to selection: when exchange rates are low (a strong exporter currency), both optimal prices
and operating profits fall, so only firms experiencing sufficiently favorable (negative) marginal-
cost realizations will serve the market. This selection pattern means that observed transactions
in low-exchange-rate periods disproportionately feature low marginal costs, creating a spurious
positive correlation between exchange rates and unobserved costs and steepening the estimated
price—exchange rate relationship. We note that the difference between the two estimators is entirely
driven by endogenous selection. As shown in Online Appendix OA3.1, the estimates from these
two specifications are identical when the panel is either balanced or randomly unbalanced.

These considerations apply to both high- and low-differentiation goods, and the estimates in
Table 11 show that the simulated data replicate the key patterns documented in the data. First,
comparing the second and third rows of each panel, the model matches the higher price and
markup elasticities observed for firms selling high-differentiation goods relative to those selling
low-differentiation goods. Second, comparing panels (a) and (b), the increase in elasticities of
Chinese firms in the latter period can be attributed to higher market power (reflected in a larger
€). Consistent with our empirical results, most of the difference in price elasticities between panels
(a) and (b) is driven by markup responses (column 1), while the cost contributions remain relatively

constant (column 4).

8 Concluding Remarks

The rising importance of China as a global exporter has prompted extensive research into how
increased competitive pressures have influenced corporate decisions to upgrade their product mix
Bernard, Jensen and Schott (2006), innovate Bloom, Draca and Van Reenen (2016), lay off workers
Autor, Dorn and Hanson (2013), Pierce and Schott (2016), and outsource to lower-wage countries
Pierce and Schott (2016). Business leaders and economists frequently refer to the challenge of “the
China price”—the low price of Chinese goods that exporters from other countries and domestic
import-competing firms must match to remain competitive.

Using detailed customs data, we study the evolution of the price and markup responses to
exchange rate fluctuations by Chinese firms, along with the growth of their presence and market
power in international trade. We produced evidence of a significant increase in the local price
stability of Chinese exports, driven by more active adjustments in markups in response to bilateral
exchange rate movements. Our findings suggest that Chinese firms increasingly have exerted
market power by strategically pricing their products across different destinations and markets,

moving away from competing solely on low prices. A notable implication is that appreciation of
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the renminbi might not worsen the price competitiveness of Chinese exporters one-to-one, as these
exporters are increasingly adjusting markups to destination market conditions.

This conclusion does not apply with equal force to all imports from China, however, as our
empirical results reveal significant heterogeneity in price and markup adjustment to currency
fluctuations not only depending on firms’ market shares in destination markets, but also across
categories of goods as well sizes and types of firms. In this paper we have argued that the nature of
the goods plays a meaningful role in determining the extent of exporters can exercise their power
across markets. Consistent with our results, one can expect markup adjustment to bilateral ex-
change rates to be significant for exporters of high-differentiation goods, yet minimal for exporters

of low-differentiation goods, as is for commodities.
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OA1 Data

OA1l.1 Chinese customs data

China’s export growth exploded over 2000-2014 (see table OA1-1). Statistics from customs data on
firms, HSO8 products, and firm-products highlight the growth at the extensive margin, including
both net entry of firms, and net entry of firm-products. The total number of active exporters
almost quintupled over our sample period, from 62,746 in 2000 to 295,309 in 2014. The number
of annual transactions at the firm-HS08 product level increased at roughly the same pace as the
number of exporters, from about 904 thousand in 2000 to 4.56 million in 2014. The value of total

exports measured in dollars increased ten-fold from 2000 to 2014.

Table OA1-1: Chinese exports: firms, products and values, 2000-2014

HS08 Firms Firm-HS08 Observations Value
Products Product Pairs (billions USS)

2000 6,712 62,746 904,111 1,953,638 249
2001 6,722 68,487 991,015 2,197,705 291
2002 6,892 78,607 1,195,324 2,672,837 325
2003 7,013 95,683 1,475,588 3,328,320 438
2004 7,017 120,567 1,826,966 4,125,819 593
2005 7,125 142,413 2,277,801 5,252,820 753
2006 7,171 171,169 2,907,975 6,312,897 967
2007 7,172 193,567 3,296,238 7,519,615 1,220
2008 7,213 206,529 3,244,484 7,995,266 1,431
2009 7,322 216,219 3,363,610 8,263,509 1,202
2010 7,363 234,366 3,847,708 9,913,754 1,577
2011 7,404 254,617 4,153,534 10,645,699 1,898
2012 7,564 266,842 4,171,770 11,057,899 2,016
2013 7,579 279,428 4,140,897 11,643,683 2,176
2014 7,641 295,309 4,555,912 12,297,195 2,310
2000-2014 10,002 581,141 22,820,644 108,465,375 17,453

OA1.2 Change in exchange rate regime in 2005

The sample period of our study includes an important change in the exchange rate regime pursued

by China. In the years 2000-2005, China pursued a fixed exchange rate regime; after that, it

switched to a managed float regime. Figure OA1-1 plots the bilateral movement of the renminbi

against the US dollar, together with China’s nominal effective exchange rate, over our entire sample



period. As apparent from the figure, the renminbi has been quite volatile against the currencies of

non-US trade partners before and after 2005.
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Figure OA1-1: Renminbi movements 2000-2014

To account for the evolution of elasticities over time, we will report results separately for two
subsamples, 2000-2005 vs. 2006-2014, that correspond to the two currency regimes pursued by
China relative to the dollar. While different splits are possible, the relaxation of the dollar peg
offers a natural break point in the series. To avoid potential issues raised by changes in the
exchange rate regime influencing the variability of the bilateral exchange rate between the dollar
and the renminbi, throughout the analysis we will exclude exports to the US and Hong Kong.

Prior to the presentation of our results, it is worth clarifying that, since our TPSFE estima-
tor differences out common cost, price, and exchange rate variations across destinations, it also
differences out the response to a common third-country exchange rate. To appreciate this point,
consider the case in which the optimal markup in a destination responds to both the dollar and

the bilateral local exchange rates:
Priae = Biesy + Boeqy (OA1-1)

where eg; is the renminbi-dollar exchange rate, and ey, is the renminbi-destination currency ex-
change rate. By applying destination demeaning (the first step of our TPSFE), we eliminate the
influence of eg,—since this does not vary across destinations. This feature of the TPSFE estimator
ensures comparability of our results across the dollar peg and floating exchange rate periods. Note
that, by the same property of the TPSFE estimator, our results do not depend on the choice of

bilateral exchange rates in our procedure. For instance, we obtain identical estimates whether we



use the dollar-destination currency or the renminbi-destination currency exchange rate as the inde-
pendent variable. Similarly, using prices denominated in dollars together with dollar-destination
exchange rates versus using prices denominated in renminbi together with renminbi-destination
exchange rates in the estimation procedure yields exactly the same results.

As a robustness check, we further divide the post-peg period into two subperiods, 2006—2009
and 2010-2014. The results, reported in Table OA1-2, reveal only a modest increase in markup
elasticity immediately after China abandoned the dollar peg—from 0.06 in 2000-2005 to 0.08 in
2006—2009. By contrast, we find a pronounced rise during 2010-2014, with the average markup
elasticity increasing to 0.20. These patterns suggest that the observed rise in markup elasticity
is not mechanically driven by the exchange-rate regime shift. If regime change were the primary
driver, one would expect markup elasticities to be at least as high in 2006-2009 as in 2010-2014,

which is clearly not the case.

Table OA1-2: Further breakdown of 2006-2014

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup n. of obs
(1) (2) (3) (4) (5) (6)
2000 — 2005 0.20%**  0.06%**  (.24%** 0.10%*** 0.17%%* 0.03 4,287,798
(0.01)  (0.02)  (0.02)  (0.03)  (0.01)  (0.03)  [1,077,482]
2006 — 2009 0.13***  (.08%**  (.12%** 0.06%** 0.15%**  0.09*** 7,186,358
(0.01)  (0.02)  (0.02)  (0.02)  (0.02)  (0.02)  [1,676,373]
2010 — 2014  0.23*%**  0.20%** (.31%** 0.27*%* 0.17%%*  0.16%** 12,118,882
(0.01)  (0.01)  (0.02)  (0.02)  (0.02)  (0.02)  [3,179,180]
Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations
excluding Hong Kong and the United States. The “Price” and “Markup” columns present estimates from specifications
(5) and (4) respectively. The bilateral exchange rate is defined as renminbi per unit of destination currency; an increase
means an appreciation of the destination currency. Robust standard errors are reported in parentheses. The number of

observations in the estimation sample is reported in the last column with the number of observations used for identifica-
tion reported below it in brackets. Statistical significance at the 1, 5 and 10 percent level is indicated by *** ** and *.

OA1l.3 1In which currency do exporters from China invoice?

The Chinese Customs Authority reports the value of export shipments in US dollars, but does not
provide any information about whether the trade was invoiced in US dollars, renminbi, another
vehicle currency or the currency of the destination. We turn to the customs records of Her Majesty’s
Revenue and Customs (HMRC) in the United Kingdom, one of China’s major destination markets,
to shed light on this issue.

We interpret the widespread prevalence of dollar invoicing for a country that issues its own
vehicle currency, the United Kingdom, as suggestive that Chinese exports to other countries,

including those that do not issue vehicle currencies, are likely predominantly invoiced in US dollars.



Figure OA1-2: Invoicing currencies for UK imports from China
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Black: Share of Transactions; Grey: Share of Trade Value
Source: Calculations based on HMRC administrative datasets.

Since 2010, HMRC has recorded the invoicing currency for the vast majority of import and
export transactions between the UK and non-EU trading partners.! Figure OA1-2 presents the
shares of import transactions and import value into the UK from China by invoicing currency.?
Results are reported for three currencies, the euro (EUR), pound sterling (GBP), and the US
dollar (USD). All transactions that use other currencies of invoice, for example, the Swiss franc,

Japanese yen or Chinese renminbi, are aggregated into the category “Other.”® In each graph, the

!The reporting requirements for invoice currency are described in UK Non-EU Trade by declared currency of
Invoice (2016), published 25 April 2017. See page 7: “Only data received through the administrative Customs
data collection has a currency of invoice declared... For Non-EU import trade, businesses must submit the invoice
currency when providing customs declarations. However, 5.0 per cent of Non-EU import trade value [in 2016] did
not have a currency... This was accounted for by trade reported through separate systems, such as parcel post and
some mineral fuels. For Non-EU export trade, businesses are required to declare invoice currency for declarations
with a value greater than £100,000. As a result of this threshold and trade collected separately (reasons outlined
above) 10.1 per cent of Non-EU export trade [in 2016] was declared without a currency.”

2To construct this figure, we begin with the universe of UK import transactions for goods originating from China
over 2010-2016. Then, we aggregate all transactions within a year that are reported for a firm-CNO8 product-
quantity measure-currency quadruplet to an annual observation for that quadruplet. The variable “quantity mea-
sure” records whether a transaction for a CNO8 product is reported in kilograms or a supplementary quantity unit
like “items” or “pairs.” This leaves us with 2.004 million annual transactions which we use to construct figure
OA1-2.

3We do not report the number of transactions for which the currency is not reported; the number of transactions
with no currency reported falls below HMRC Datalab’s threshold rule of firms in at least one year and is, for



dark bar refers to the share of transactions and the light grey bar refers to the share of import
value reported in the relevant currency.

The first point to note is that virtually all of the UK’s imports from China are invoiced in one
of three major currencies: the pound sterling (GBP), the US dollar (USD), or the euro (EUR).
Very little trade is invoiced in any other currency, including the Chinese renminbi.

The second notable point is that the most important currency for Chinese exports to the UK
is the US dollar. The dollar’s prominence as the invoicing currency of choice for Chinese exports
to the UK rose over 2010-2016 with the share of import value growing from 71.1% to 77.7%. The
share of transactions invoiced in US dollars was stable at around 83% throughout the 2010-2016
period.* Over this same period, the pound’s importance as an invoicing currency for imports from
China fell. While the share of transactions invoiced in sterling held steady at 10-12% over the
period, the share of import value fell from a high of 21.9% in 2010 to a low of 16.0% by 2016. The
importance of the euro as an invoicing currency for Chinese exports to Britain was low throughout
the 2010-2016 period.

OA1l.4 Evidence on variable trade patterns

Table OA1-3 summarizes the volatility of trade patterns for Chinese exporters. To construct the
table, we begin with the universe of firm-product pairs in the Chinese Customs Database over
the sample period 2000-2014. We first drop all firm-product pairs that appear only once in the
15 year timespan of our dataset, since there is no time variation associated with these pairs.
We next place firm-product pairs into bins according to the total number of years (z) for which
sales were observed. In the last row of the table, we report the share of firm-product pairs with
observed sales in 2, 3,...,15 years. Firm-product pairs with observed sales in only a few years are
the most common: about 60% of firm-product pairs are observed for between two and four years
(29.3+17.9+12.0; recall that we exclude single period pairs from the calculation). At the other
extreme, only 1.1% of firm-product pairs are observed in every year.

In the columns of the table, for each number of exporting years, we calculate the share of firm-
product pairs associated with a specified number of unique trade patterns, y. For example, the
firm-product pair in Figure 1 has three unique trade patterns, {A-B, A-C, A-B-C}, over five years
of sales abroad. In the table, this firm-product would be included in the cell reporting that 14.1%
of firm-product pairs observed for five years have three unique trade patterns. The first row reports
the share of firm-product pairs that have perfectly stable trade patterns over the course of their

entire export life. At the other extreme, the diagonal elements contain firm-product pairs with

confidentiality reasons, omitted from the figure.
4See also Goldberg and Tille (2008, 2016) and Boz et al. (2022) who document relatively large shares of exports
invoiced in dollars for many countries.



Table OA1-3: Number of Unique Trade Patterns - All Goods

Total Number of Exporting Years (x)

Unique
Trade 2 3 4 ) 6 7 8 9 10 11 12 13 14 15 Total
Patterns (y)

1 359 266 224 193 167 140 11.8 103 88 7.7 6.2 5.5 5.1 4.7 234
2 64.1 232 165 13.0 10.8 9.1 7.7 6.7 6.0 5.4 4.6 4.3 3.8 3.8 28.5
3 50.2 203 141 11.0 8.9 7.1 6.3 5.4 4.7 3.9 3.5 3.0 3.1 15.0
4 40.8 176 122 9.3 7.3 6.2 5.1 4.3 3.6 2.9 2.6 2.7 8.9
) 359 158 11.1 8.3 6.6 5.3 4.5 3.7 2.9 2.7 2.3 6.1
6 334 149 10.1 7.7 6.2 5.0 3.8 3.0 24 2.2 4.5
7 32.7 13.8 9.6 7.3 2.5 4.5 3.7 2.9 2.2 3.5
8 339 137 94 7.0 5.2 4.2 3.3 2.3 2.8
9 33.0 135 9.1 6.7 5.0 3.7 2.7 2.0
10 33.3 132 8.9 6.8 5.1 3.2 1.6
11 33.6 13.1 9.0 6.5 3.5 1.1
12 359 137 84 5.1 0.9
13 35.6 13.6 7.1 0.6
14 36.9 121 0.5
15 42.9 0.5
Total 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
Share 293 179 120 9.1 7.3 5.8 5.0 3.7 2.9 2.2 1.6 1.2 0.9 1.1 100.0

Note: The statistics are constructed as follows. We start from the whole sample of all firms and drop firm-product pairs that only exported once in
their lifetime. For each firm-product pair, we calculate its total number of exporting years and the number of unique trade patterns in its lifetime and
then put it into the relevant cells of the table. The last row “Share” indicates the share of firm-product pairs with the total number of exporting years
equal to x. The last column gives the share of firm-product pairs with y number of unique trade patterns.



Table OA1-4: Number of Unique Trade Patterns - High Differentiation Goods

Total Number of Exporting Years (x)

Unique
Trade 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Share
Patterns (y)

1 356 266 221 191 164 139 116 107 9.3 8.1 6.5 5.7 5.8 5.1 22.8
2 644 237 164 129 107 89 7.6 7.0 6.2 2.5 4.7 4.8 4.5 4.4 27.7
3 49.7 203 141 109 88 6.9 6.2 5.3 4.8 3.8 3.8 3.4 3.4 14.6
4 412 177 122 9.2 7.0 6.0 5.1 4.4 3.7 3.2 2.7 3.1 9.1
) 36.2 158 11.2 8.3 6.4 5.0 4.4 3.7 3.0 2.7 24 6.3
6 34.0 147 99 7.6 6.1 4.8 3.5 3.0 24 2.3 4.7
7 33.3 136 9.2 7.1 5.4 4.6 3.6 3.0 2.3 3.7
8 35,1 13.7 9.1 7.0 5.3 4.5 3.3 2.3 3.1
9 33.1 133 9.2 6.5 5.0 3.7 2.8 2.2
10 33.5 131 9.0 6.8 4.8 3.1 1.7
11 33.2 129 9.1 6.0 3.5 1.3
12 356 13.6 7.8 5.3 1.0
13 339 132 6.6 0.7
14 36.5 11.8 0.5
15 41.5 0.5
Total 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

Note: We start from the whole sample of all firms selling high differentiation goods and drop firm-product pairs that only exported once in their life-
time. For each firm-product pair, we calculate its total number of exporting years and the number of unique trade patterns in its lifetime and then put
it into the relevant cells of the table. The last column gives the share of firm-product pairs with y number of unique trade patterns.



Table OA1-5: Number of Unique Trade Patterns - Low Differentiation Goods

Total Number of Exporting Years (x)

Unique
Trade 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Share
Patterns (y)

1 36.1 266 226 195 169 141 12.0 100 8.3 7.3 5.9 5.3 4.4 4.4 23.9
2 63.9 230 165 13.1 109 9.2 7.7 6.5 5.8 5.2 4.4 3.8 3.1 3.3 29.1
3 504 203 141 111 8.9 7.2 6.3 5.4 4.6 3.9 3.2 2.7 2.8 15.4
4 406 176 122 9.4 7.4 6.3 5.1 4.3 3.4 2.6 2.6 24 8.8
) 35.7 159 11.1 8.4 6.7 5.4 4.6 3.8 2.8 2.6 2.3 6.0
6 33.1  15.0 10.2 7.7 6.2 5.2 3.9 3.0 24 2.1 4.4
7 32.3 14.0 9.9 7.3 5.6 4.5 3.8 2.8 2.1 3.3
8 33.0 137 9.6 7.0 5.2 3.9 3.2 2.3 2.6
9 329 136 9.0 6.8 5.1 3.7 2.5 1.9
10 33.1 13.2 8.7 6.8 5.3 3.3 14
11 339 132 8.9 6.9 3.5 1.1
12 36.2  13.7 89 5.0 0.8
13 371 14.0 7.5 0.6
14 37.3 124 0.4
15 44.2 0.4
Total 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

Note: We start from the whole sample of all firms selling low differentiation goods and drop firm-product pairs that only exported once in their lifetime.
For each firm-product pair, we calculate its total number of exporting years and the number of unique trade patterns in its lifetime and then put it into
the relevant cells of the table. The last column gives the share of firm-product pairs with y number of unique trade patterns.



extremely volatile trade patterns — these firm-products have a different, non-repeated trade pattern
in every year of export life. Most crucially for our purposes, the statistics above the diagonal show
that the majority of firm-product pairs have a smaller number of unique trade patterns than their
total number of exporting years. This means these firms export a particular product to the same
set of destinations for two or more years in their lifetime. For example, consider the firm-product
pairs being observed for 5 years: 64.1% (100-35.9%) of them have at least one repeated trade

pattern in their exporting life.

Trade pattern by product differentiation. We then calculate the trade pattern statistics for
high- and low-differentiation goods defined by our CCHS classification. Inspecting Tables OA1-4
and OA1-5, we do not find significant differences in the statistics of market changes for high- and

low-differentiation goods in our sample.

OA1l.5 Price changes and trade patterns

In this subsection, we show how we build our (unbalanced) panel. We will rely on an example
to explain how we identify price changes and create trade patterns. Consider a firm exporting a
product to five countries, A through E, over 6 time periods. In the following matrix, t = 1,2, 3, ...
indicates the time period and A, B, C, D, E indicates the country. Empty elements in the matrix

indicate that there was no trade.

t=1 A B

t=2 A B C E
t=3 A B C D
t=4 A C D E
t=25 A B C

t=26 A B C D

The following matrix records export prices by destination country and time:

bPa1 PBj

PA2 DPB2 DPc2 . PE2
Pa3 PB3 Pc3 PbD;3

PAa . Pca PDa PEA

PAs PBs DPcCs

Pae6 PB6 Pce PD6



Suppose the pricing currency is the dollar and we want to identify price changes in dollars. First,

we compare export prices denominated in dollars over time and at the firm-product-destination

level as illustrated in the following figure. Price changes less than 5% are marked with “x”.

t=1 A
T
t=2 A
T
t=3 A
!
t=4 A
!
t=235 A
T
t=206 A

B

B

c E
C

£ X

c D E
X

c

T

c D

We then set the batch of individual prices associated with price changes below £5% (pg 5, Pc.a, PD.4s PEA)

to missing. This gives )
Paa
Pag2
PAg3
PA4

Pas

PAs

PB1
PB2

PB3

PBs

Pc2

bc3

Pcs

Pce

PD3 PE3

Pb,6

Note that we did not treat pcs as missing at this stage. This is because |pcs — pes| could be

> 5% even if both |pca — pes

< 5% and |pcs — pea| < 5%.° Rather, we repeat the above step

using the remaining observations as illustrated below.

SVariables are in logs.
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t=1 A
t
t=2 A
t
t=3 A
t
t=4 A
f
t=5 A
t
t=6 A

B

Q—Q

Q—Q

D

In this example, we indeed find |pcs — pes| > 5% and the remaining pattern is given as

follows. Since no prices are sticky, we can stop the iteration.® Note that as no price changes can

be formulated for the single trade record pg o, this observation is dropped from our sample.

Pbaa
PA2
Pa3
PAa

PAs

Pae

Now we have identified the universe of observations with price changes.

formulate the trade pattern dummy.

t=1
t=2
=3
t=14
t=5
t=6

PB,1

PB2

PB3

PB6

Pc2
bc3

bcs
Pce

Pb3

Pbs

A B
A B C

(A B ¢ D)
A
A C

(A B ¢ D)

The next step is to

In this example, we find 5 trade patterns, i.ie., A— B, A—B—-C, A—-B—-C—-D, A A-C,

but only one pattern, A — B — C' — D, which appears at least two times. To compare the change

in relative prices across destinations, we require the same trade pattern be observed at least two

times in the price-change-filtered dataset. Essentially, by formulating trade pattern fixed effects,

SIn the real dataset, the algorithm often needs to iterate several times before reaching this stage.
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we are restricting the comparison within a comparable environment. Firms switch trade patterns
for a reason. Restricting the analysis to the same trade pattern also controls for other unobserved

demand factors affecting the relative prices.

OA1.6 Data cleaning process and the number of observations

Table OA1-6: Key statistics for our data cleaning process

Number of Unique Values

Value
Stage Observations (Billions Destinations P(rgg(t)lg)cs (Pl%re%ill;?f) Firms
US$)
0 108,465,375 17,453 245 10,002 - 581,141
1 92,308,538 11,553 243 9,959 - 545,175
2 92,177,750 11,546 243 9,954 20,472 545,133
3 83,247,391 11,546 226 9,954 20,472 545,133
4 76,749,263 10,913 155 9,929 20,335 531,682
5 72,105,527 9,033 155 9,929 20,335 531,682
6 49,785,142 7,257 155 9,040 17,232 356,102
7 23,593,038 6,007 152 8,076 14,561 238,197
8 5,933,035 1,218 152 7,956 14,111 209,292

1 A refined product is defined as 8-digit HS code + a form of commerce dummy. More precisely, this could be described as a variety
but we used the term product throughout the paper.

Stage 0: Raw data

Stage 1: Drop exports to the U.S. and Hong Kong

Stage 2: Drop if the destination identifier, product identifier or value of exports is missing; drop duplicated company names

Stage 3: Collapse at the firm-product-destination-year level; integrating 17 eurozone countries into a single economic entity

Stage 4: Drop observations if bilateral exchange rates or destination CPI is missing

Stage 5: Filtering price changes (in logs, denominated in dollar) < 0.05 at the firm-product-destination level following the method
described in OA1.5.

Stage 6: Drop single-destination firm-product-year triplets

Stage 7: Drop single-year firm-product-destination triplets

Stage 8: Formulating trade pattern; Drop single-year firm-product-trade-pattern triplets

(Finally, we drop “single-year firm-product-trade-pattern triplets.” Including these observations will not change the estimates obtained
from the TPSFE estimator because they do not provide the within firm, product and destination intertemporal variation upon which
the estimator relies.)
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OA2 Supplementary Estimation Results

OA2.1 Alternative definitions of firm size bins

Tables OA2-1 and OA2-2 present two alternative definitions of firm size bin breakdowns used in
Table 7. Overall, both alternatives yield patterns that are very similar to those in the baseline
table.

In Table OA2-1, firm size is defined as the total export value of a firm—product pair across all
destinations over the entire 2000-2014 period. This measure remains fixed throughout the sample.
For example, a firm that starts small in 2000 but grows rapidly to become a superstar exporter by
2014 would be classified as a large exporter based on its cumulative exports.

By contrast, Table OA2-2 defines size bins based on the sum of a firm’s product-level exports
in each year, allowing firm—product pairs to move across bins over time. While this approach
captures time variation in firm size, it can lead to excessive switching between bins due to the
lumpiness of trade flows. For this reason, we view our baseline definition in Table 7 as a balanced

approach between the two alternatives.

Table OA2-1: Pricing-to-market by exporters’ product-level global revenues
(Alternative bin definition based on total firm-product global exports during 2000-2014)

All High Differentiation Low Differentiation

Category Price  Markup  Price Markup Price Markup n. of obs
(1) (2) (3) (4) (5) (6)

2000 — 2005

Small Exporters 0.19%**  (0.09%** 0.22%*%*  (.13*** (. 17*** 0.05 1,423,508
(0.01)  (0.03)  (0.02)  (0.04)  (0.02)  (0.04)  [687,464]

Medium Exporters 0.20%**  -0.00  0.24%** -0.00 0.17%%* -0.00 1,451,914
(0.02)  (0.03)  (0.03)  (0.05)  (0.03)  (0.04)  [279,541]

Large Exporters 0.25%** 0.09%* 0.36%** 0.20%** 0.17%** 0.01 1,412,376
(0.03)  (0.05)  (0.04)  (0.07)  (0.04)  (0.07)  [110,477]

2006 — 2014
Small Exporters 0.15%**  0.08%F*  0.20%%F  0.10%**  0.11%F  0.07%** 6,601,757
(0.01)  (0.01)  (0.01)  (0.02)  (0.01)  (0.02)  [3,087,006]
Medium Exporters 0.35%%*  (0.19%%*  (.45%%F  (.28%** (. 27%F (. 13%*F* 6,538,080
(0.01)  (0.02)  (0.02)  (0.03)  (0.02)  (0.02)  [1,273,636]
Large Exporters 0.68%**  0.40%** Q.77 0.50%**  0.62%F*  0.35%** 6,165,403
(0.03)  (0.03)  (0.04)  (0.05)  (0.03)  (0.04)  [494,911]
Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations excluding
Hong Kong and the United States. The “Price” and “Markup” columns present estimates from specifications (5) and (4) respec-
tively. The bilateral exchange rate is defined as renminbi per unit of destination currency; an increase means an appreciation
of the destination currency. Robust standard errors are reported in parentheses. The number of observations in the estimation

sample is reported in the last column with the number of observations used for identification reported below it in brackets. Sta-
tistical significance at the 1, 5 and 10 percent level is indicated by ***, ** and *.
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Table OA2-2: Pricing-to-market by exporters’ product-level global revenues
(Alternative bin definition based on annual firm-product global exports)

All High Differentiation Low Differentiation

Category Price  Markup  Price Markup Price Markup n. of obs
(1) (2) (3) (4) (5) (6)

2000 — 2005

Large Exporters 0.24%** 0.06 0.29%** 0.09 0.20%** 0.04 1,314,271
(0.03)  (0.05)  (0.04)  (0.07)  (0.04)  (0.06)  [165,307]

Medium Exporters 0.20%** 0.05 0.27%%* 0.12%* 0.15%%* -0.00 1,456,045
(0.03)  (0.04)  (0.04)  (0.07)  (0.03)  (0.05)  [322,056]

Small Exporters  0.19%%%  0.07%  0.21%%*% 009  0.18%%*  0.05 1,517,482
(0.02)  (0.04)  (0.03)  (0.05)  (0.02)  (0.05)  [590,119]

2006 — 2014
Large Exporters 0.59%**  (0.34**¥*  0.65%**  0.40%F*  0.55%*¥F  0.30*** 6,123,747
(0.03)  (0.03)  (0.04)  (0.04)  (0.04)  (0.04)  [747,315]
Medium Exporters 0.31*** 0. 17%**  (.39%**  (.24***  0.24%**  (0.12%** 6,530,672
(0.02)  (0.02)  (0.03)  (0.03)  (0.02)  (0.03)  [1,453,935]
Small Exporters 0.16%**  0.09%F* 0.21%%F  0.12%**  0.11%%  0.07*"** 6,650,821
(0.01)  (0.02)  (0.02)  (0.02)  (0.01)  (0.02)  [2,654,303]
Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations excluding
Hong Kong and the United States. The “Price” and “Markup” columns present estimates from specifications (5) and (4) respec-
tively. The bilateral exchange rate is defined as renminbi per unit of destination currency; an increase means an appreciation
of the destination currency. Robust standard errors are reported in parentheses. The number of observations in the estimation

sample is reported in the last column with the number of observations used for identification reported below it in brackets. Sta-
tistical significance at the 1, 5 and 10 percent level is indicated by *** ** and *.
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OA2.2 Estimates by country income group

In this section, we group countries according to the World Bank’s income classification (High,
Middle, and Low Income) and report estimates separately for each group. Table OA2-3 (“Global
Trade Patterns”) reports results using trade patterns constructed from each firm-product’s active
destinations worldwide, while Table OA2-4 (“Income Group Trade Patterns”) restricts trade pat-
terns to destinations within each income group. The latter specification identifies elasticities from
variation across destinations of comparable income levels.

Table OA2-3 shows that markup elasticities are systematically larger for high-income destina-
tions relative to middle- or low-income ones, consistent with greater scope for pricing-to-market
in richer markets. This pattern aligns with evidence that import demand is less elastic in high-
income countries (Kee et al., 2008). Put differently, exporters serving developed economies face
relatively inelastic demand and thus can adjust markups more in response to shocks, whereas those
serving lower-income destinations face more competitive conditions and have less room for markup
adjustments.

Notably, the estimates in Table OA2-4 are similar to those in Table OA2-3, despite the re-
striction to within-group variation. As discussed in Proposition 1 and Online Appendix OA5.3,
the TPSFE estimator consistently recovers markup elasticities when marginal costs vary across
destinations, provided that the destination-specific component of costs is not time-varying. The
similarity of estimates across the two specifications (global vs. within-group trade patterns) sug-
gests that any time-varying, destination-specific cost component is negligible and unlikely to bias

our measured markup elasticities.
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Table OA2-3: Price and markup elasticities by country income group
(Global trade patterns)

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup n. of obs

2000 — 2005
High Inc.  0.23%%%  0.06  0.26¥** 005  0.19%*  0.06 2,223,252
(0.02)  (0.03)  (0.02)  (0.05)  (0.02)  (0.05)  [658,772]
Middle Inc.  0.21%%%  0.06  0.24%%  0.14%%  0.21%*  0.01 1,481,620
(0.02)  (0.05)  (0.03)  (0.07)  (0.02)  (0.06)  [293,312]
Low Inc. 0.09 0.07  0.25%*  0.16 -0.01 0.01 411,191
(0.05)  (0.12)  (0.09)  (0.20)  (0.06)  (0.16) [88,961]

2006 — 2014
High Inc. 0.53%**  0.30%F*  0.55%HFF  (0.35%**  (.52%FK (25K 8,313,538
(0.01)  (0.02)  (0.02)  (0.02)  (0.02)  (0.03)  [2,497,953]
Middle Inc.  0.04***  0.09%**  0.06***  0.11*** 0.03%* 0.07*** 7,681,286
(0.01)  (0.02)  (0.02)  (0.03)  (0.01)  (0.02)  [1,569,776]
Low Inc. 0.05%** 0.04 0.10%** 0.04 0.02 0.04 2,561,605
(0.02)  (0.04)  (0.03)  (0.08)  (0.02)  (0.05)  [619,377]
Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 20 high income,
74 middle income, and 51 low income destinations, excluding data for Hong Kong and the United States. The “Price”
and “Markup” columns present estimates from specifications (5) and (4) respectively. The bilateral exchange rate is
defined as renminbi per unit of destination currency; an increase means an appreciation of the destination currency.
Robust standard errors are reported in parentheses. The number of observations in the estimation sample is reported

in the last column with the number of observations used for identification reported below it in brackets. Statistical sig-
nificance at the 1, 5 and 10 percent level is indicated by *** ** and *.
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Table OA2-4: Price and markup elasticities by country income group
(Trade patterns within income groups)

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup n. of obs

2000 — 2005

High Inc.  0.21%%% 0.08% 0.23% 007 0.8  0.09% 2223252
(0.01)  (0.03)  (0.02)  (0.05)  (0.02)  (0.04)  [1,024,227]

Middle Inc.  0.19%%*  0.02  0.20%*  0.06  0.19%*  -0.02 1,481,620
(0.01)  (0.03)  (0.02)  (0.05)  (0.02)  (0.04)  [536,905]

Low Inc. 0.03 0.04  0.16%%*  0.24% -0.04 -0.07 411,191
(0.03)  (0.07)  (0.06)  (0.12)  (0.04)  (0.09)  [236,267]

2006 — 2014
High Inc. 0.52%F**  (.35%F*  (.52%FF  0.41%*¥*F  0.51FFF  (0.30%F* 8,313,538
(0.01)  (0.01)  (0.02)  (0.02)  (0.01)  (0.02)  [3,988,630]
Middle Inc.  0.07*** -0.01 0.10%** -0.01 0.06%** -0.01 7,681,286
(0.01)  (0.02)  (0.01)  (0.03)  (0.01)  (0.02)  [2,572,644]
Low Inc. 0.07%** -0.03 0.06%** 0.01 0.07#4* -0.05* 2,561,605
(0.01)  (0.02)  (0.02)  (0.04)  (0.01)  (0.03)  [1,440,360]
Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 20 high income,
74 middle income, and 51 low income destinations, excluding data for Hong Kong and the United States. The “Price”
and “Markup” columns present estimates from specifications (5) and (4) respectively. The bilateral exchange rate is
defined as renminbi per unit of destination currency; an increase means an appreciation of the destination currency.
Robust standard errors are reported in parentheses. The number of observations in the estimation sample is reported

in the last column with the number of observations used for identification reported below it in brackets. Statistical sig-
nificance at the 1, 5 and 10 percent level is indicated by *** ** and *.
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OA2.3 Market share statistics and estimates

The first two panels of Table OA2-5 report the mean and median of the key market share measures
used in our estimation sample. Panel (iii) shows that the number of Chinese exporters increased

dramatically over time, driven largely by the rise of private enterprises (see Figure 4).

Table OA2-5: Summary statistics of market share variables by subperiods

All High Differentiation Low Differentiation

Mean Median Mean Median Mean Median

(i) Total market share of Chinese firms at the HS06-destination level

2000-2005 0.2008 0.0991  0.2264 0.1266 0.1861 0.0852
2006-2014 0.2753 0.1848 0.2972 0.2170 0.2639 0.1689

(ii) Firm’s market share in the HS06-destination market

2000-2005 0.0066  0.0004  0.0059 0.0004 0.0071 0.0004
2006-2014 0.0045 0.0002 0.0038 0.0002 0.0050 0.0002

(1ii) Number of Chinese firms in the HS06-destination market

2000-2005 99 16 70 19 52 14
2006-2014 183 35 208 44 169 31
Notes: This table presents summary statistics (mean and median) for market share variables and

the number of firms calculated at the HS06-destination level. Sources: Chinese customs database
and UN Comtrade.

Table OA2-6 presents an alternative version of Table 6, where ms; is defined as the mean
(rather than the median) of the total market share of Chinese firms in HS06-destination markets.
The results are very similar. We use the median ms; in our baseline specification, as it is more

robust to outliers.
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Table OA2-6: Decomposing the effects of market share changes by time and cross sectional
variations: Alternative using mean as the definition of ms;,

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup
(1) (2) (3) (4) (5) (6)

Average Elasticity: eg 0.23%FF (. 15%FF  (0.23%*FF  (.19%K*x  (.22%FF (. 13%F*
0.01)  (0.02)  (0.02)  (0.03)  (0.02)  (0.02)

Time Variation: (ms; —ms) X eg 5.00%** 1 77*Fk 4 8GF** 2.26** 5.04*** 1.59%*
(0.39)  (0.65)  (0.63)  (1.04)  (0.49)  (0.84)

Cross-sectional Variation: (mspge —mMs;) X eqe  0.15%%%  0.15%*%  0.16%**  0.30%*F*  (0.18%** 0.01

(0.04)  (0.06)  (0.06) (0.11) (0.05)  (0.08)

Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations excluding Hong Kong and

the United States. The “Price” and “Markup” columns present estimates from specifications (8) and (7) respectively. The bilateral exchange rate
is defined as renminbi per unit of destination currency; an increase means an appreciation of the destination currency. Robust standard errors are
reported in parentheses. The number of observations in the estimation sample is 22,672,492, and the number of observations used for identification
is 5,728,151. Statistical significance at the 1, 5 and 10 percent level is indicated by *** ** and *.

OA2.4 Estimates without conditioning on a price change

In our baseline results, we condition the estimation on the occurrence of a price change, as is stan-
dard in the literature. Specifically, we construct trade patterns following the procedure outlined
in Online Appendix OA1.5. In this appendix, we instead report estimates using the full estima-
tion sample, which includes observations with price changes of less than 5%, and construct trade
patterns based on the observed set of destinations regardless of whether a price change occurs. At
the annual frequency, most firm—product—destination triplets have already adjusted their prices,
so the difference in sample size between the two approaches is relatively small-—about 15%.

As shown in Tables OA2-7, OA2-8, and OA2-9, the results are similar to our baseline estimates
in Tables 4, 7, and 9. The main difference is that the estimated price and markup elasticities are

generally smaller, reflecting the inclusion of observations with no price changes.
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Table OA2-7: Price and markup elasticities by CCHS classification
(Estimates without conditioning on a price change)

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup n. of obs

2000 — 2014  0.20%**  0.14%**  0.20%** 0.18%** 0.19%**  0.11*** 28,214,097
(0.00)  (0.01)  (0.01)  (0.01)  (0.01)  (0.01)  [8,342,931]
2000 — 2005 0.03***  0.07*** 0.02 0.117%8%  0.03*** 0.03* 5,058,591
(0.01)  (0.01)  (0.01)  (0.02)  (0.01)  (0.02)  [1,500,436]
2006 — 2014  0.25%**  (.15%**  (.20%F  (0.19%*Fk  (.22%k*  (0.13%** 23,155,506
(0.01)  (0.01)  (0.01)  (0.01)  (0.01)  (0.01)  [6,842,495]
Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations
excluding Hong Kong and the United States. The “Price” and “Markup” columns present estimates from specifications
(5) and (4) respectively. The bilateral exchange rate is defined as renminbi per unit of destination currency; an increase
means an appreciation of the destination currency. Robust standard errors are reported in parentheses. The number of

observations in the estimation sample is reported in the last column with the number of observations used for identifica-
tion reported below it in brackets. Statistical significance at the 1, 5 and 10 percent level is indicated by *** ** and *.

Table OA2-8: Price and markup elasticities by firm size
(Estimates without conditioning on a price change)

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup n. of obs

2000 — 2005

Large Exporters 0.05%*%*  0.10***  0.08%**  (.15%** 0.02 0.06* 1,579,364
(0.02)  (0.03)  (0.03)  (0.04)  (0.02)  (0.03)  [223,571]

Medium Exporters 0.01 0.02 0.02 0.05 0.01 -0.01 1,725,107

(0.01)  (0.02)  (0.02)  (0.04)  (0.02)  (0.03)  [440,676]
Small Exporters ~ 0.04%¥%  0.09%%*  0.01  0.14%%  0.06¥*  0.05% 1,754,120
(0.01)  (0.02)  (0.02)  (0.04)  (0.02)  (0.03)  [836,189]

2006 — 2014
Large Exporters 0.52%F**  (0.34%F*  0.56%FF  0.40%**  0.49%F*  (.31%*F* 7,427,363
(0.02)  (0.02)  (0.03)  (0.03)  (0.02)  (0.02)  [960,008]
Medium Exporters 0.28***  (.14%** (.34%**  (.21***  0.23%**  (.10*** 7,845,537
(0.01)  (0.01)  (0.02)  (0.02)  (0.01)  (0.01)  [1,968,485]
Small Exporters 0.15%**  0.08%F*  0.18%FF  (0.09***  0.13%F*  (0.06%** 7,882,606
(0.01)  (0.01)  (0.01)  (0.02)  (0.01)  (0.01)  [3,914,002]
Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations excluding
Hong Kong and the United States. The “Price” and “Markup” columns present estimates from specifications (5) and (4) respec-
tively. The bilateral exchange rate is defined as renminbi per unit of destination currency; an increase means an appreciation
of the destination currency. Robust standard errors are reported in parentheses. The number of observations in the estimation

sample is reported in the last column with the number of observations used for identification reported below it in brackets. Sta-
tistical significance at the 1, 5 and 10 percent level is indicated by *** ** and *.
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Table OA2-9: Price and markup elasticities by company type
(Estimates without conditioning on a price change)

All High Differentiation Low Differentiation

Price  Markup  Price Markup Price Markup n. of obs

2000 — 2005

State-owned Enterprises 0.06%**  0.06*** 0.07***  0.10***  0.06*** 0.03 2,359,448
0.01)  (0.02)  (0.02)  (0.03)  (0.02)  (0.03)  [706,988]

Foreign Invested Enterprises ~ -0.00  0.09***  -0.03 0.13%** 0.01 0.06* 1,393,985
(0.02)  (0.02)  (0.02)  (0.03)  (0.02)  (0.03)  [412,612]

Private Enterprises 0.00 0.05 -0.00 0.11 0.00 0.02 894,092
(0.03)  (0.05)  (0.05)  (0.08)  (0.04)  (0.06)  [281,127]

2006 — 2014

State-owned Enterprises 0.27%F*  (0.20%**F  0.38%**  (0.32%FF  Q.17F¥*F  0.11%*F 4,155,832

(0.01)  (0.02)  (0.02)  (0.03)  (0.02)  (0.03)  [923,644]
Foreign Invested Enterprises 0.45%%%  0.27%%%  (.39%**  (.28%F*  (.48%FF  0.27% 6,133,618
(0.01)  (0.01)  (0.02)  (0.02)  (0.02)  (0.02)  [1,679,487]
Private Enterprises 0.13%**  0.07%F*  0.18%FF  0.09***  0.10%**  0.06%** 11,838,898
(0.01)  (0.01)  (0.01)  (0.02)  (0.01)  (0.01)  [4,016,871]
Note: Estimates based on the sample of multi-destination trade flows at the firm-product-time level to 152 destinations excluding Hong Kong
and the United States. The “Price” and “Markup” columns present estimates from specifications (5) and (4) respectively. The bilateral ex-
change rate is defined as renminbi per unit of destination currency; an increase means an appreciation of the destination currency. Robust
standard errors are reported in parentheses. The number of observations in the estimation sample is reported in the last column with the

number of observations used for identification reported below it in brackets. Statistical significance at the 1, 5 and 10 percent level is indi-
cated by *** ** and *.
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OA2.5 Quantity elasticities

In this subsection, we estimate the quantity elasticity to the exchange rate to provide comparability
to earlier studies, including Berman et al. (2012). Specifically, we use the TPSFE procedure in
section 2.3, replacing price with quantity as the dependent variable in specification (4). Table
OA2-10 reports the corresponding estimates.

Overall, we find the quantity elasticity to exchange rates has declined over time, decreasing
from 0.4 in 2000-2005 to 0.11 in 2006-2014. This is consistent with our findings that market shares
and markup elasticities of Chinese firms rose over 2000-2014. As demand for the products of
Chinese firms became more inelastic, Chinese firms acquired more room to adjust markups.

The magnitudes of the quantity elasticities during 2000-2005 roughly align with those estimated
in Berman et al. (2012). However, we note that it is hard for existing theoretical models to
simultaneously match the magnitudes of the estimated markup and quantity elasticities, especially
during the later periods of 2006-2014 or 2010-2014. We provide a more detailed discussion of this
problem in Online Appendix OA3.2.

Table OA2-10: Quantity elasticities by product differentiation

All HD LD Obs

2000 — 2005 0.40%¥% 0.56%F*  0.26%%* 4,287,798
(0.05)  (0.08)  (0.07) [1,077,482]
2006 — 2014 0.11%%*  0.13%%%  .11%%% 19,305,240
(0.02)  (0.04)  (0.03) [4,855,553

Further breakdown of 2006-2014

2006 — 2009 0.26%** 0.36%%* 0.16¥** 7,186,358
(0.04)  (0.07)  (0.06) [1,676,373]
2010 — 2014  -0.02  -0.07  0.03 12,118,882
(0.03)  (0.05)  (0.04) [3,179,180]

Note: Estimates based on the sample of multi-destination trade flows at
the firm-product-time level to 152 destinations excluding Hong Kong and
the United States. The CPI, Real GDP, and import-to-GDP ratio of the
destination country are included as control variables. Robust standard er-
rors are reported in parentheses. Statistical significance at the 1, 5 and 10

percent level is indicated by *** ** and *.
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OA3 Supplementary Model Simulations

OA3.1 Importance of endogenous selection: Model-based analysis

This subsection examines how endogenous market selection can bias estimated markup elasticities
when not properly accounted for. Using the Kimball model introduced in Section 7, we compare
the performance of the TPSFE estimator against several alternatives under three different selection

environments:

Case A: Balanced Panel. We set the fixed cost of exporting to zero and simulate a balanced

panel with 1,000 firm-product pairs, 20 destinations, and 20 time periods.

Case B: Randomly Unbalanced Panel. Starting from the balanced panel in Case A, we ran-

domly drop 30% of observations.

Case C: Endogenously Unbalanced Panel. As in Section 7, firms endogenously choose their

export markets based on expected profitability (equation 10).

Simulation Results. Table OA3-1 compares the model-implied markup elasticity (column 1)
with our TPSFE estimator (column 2) and eight alternatives (columns 3-10).” Column 3 replaces
firm-product-destination—trade-pattern (fidD) fixed effects in the second step of our procedure
with simpler firm—product-destination (fid) fixed effects. Columns 4-6 report three variants of the
s-period difference estimator, regressing Apriqr on Ageqs, where s is the gap between two observed
prices.® Specifications (4) and (5) add firm-product-time and firm-product-destination fixed ef-
fects, respectively. The last three columns use the iterative HDFE estimator of Correia (2017): (7)
adds destination and time fixed effects (as in Knetter (1989)); (8) adds firm-product-destination

and time fixed effects; and (9) adds firm-product-time and destination fixed effects.

Balanced panel. In the first row of Table OA3-1, all estimators except (5) and (6) recover the
true model elasticity. Specifications (5) and (6) are upward biased because they fail to control
for unobserved marginal costs, which are positively correlated with exchange rates. Two points
are worth noting for the unbiased estimators: (i) Specifications (2) and (3) are identical in the

balanced panel case since the trade pattern D is identical across all firms.? (ii) Even the original

"In prior research, Gopinath et al. (2010) estimate pass-through using s-period differenced prices on s-period
differenced exchange rates, conditional on a price change (col. (6)); Berman et al. (2012) and Chatterjee et al.
(2013) apply fid + t fixed effects (col. 8); Amiti et al. (2014) apply fit + d fixed effects to differenced variables
(col.9 on differenced variables); and Chen and Juvenal (2016) apply it + fd fixed effects (similar but more stringent
than col. (7)).

8For instance, if a firm exports in 2000 and 2002, s = 2 and we compute Aoprid,2002 = Dfid,2002 — Pfid,2000 and
Asefid 2002 = €d,2002 — €d,2000-

9D equals the full set of simulated markets for all firms, so demeaning within fidD and fid yields the same
result.
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specification of Knetter (1989) (column 7), which omits firm-level fixed effects, is unbiased in this
setting. This is because the variable of interest—exchange rates—varies only along the destination
and time dimensions. In a balanced panel, firm-specific shocks average out, so the identifying
variation comes solely from the destination—time level. Controlling for destination and time fixed

effects is therefore sufficient to purge confounding influences such as average marginal costs.

Randomly unbalanced panel. In the second row, results are largely similar: with random selec-
tion, positive and negative selection errors cancel out given a large sample. The exceptions are
specifications (4) - (6), which become upward biased. In unbalanced panels, taking s-period dif-
ferences changes the panel dimension along which the unobserved marginal cost varies, making

these specifications insufficient for full control.'®

Endogenously unbalanced panel. The third row shows that only TPSFE(fidD) consistently re-
covers the correct elasticity. Both TPSFE(fidD) and TPSFE(fid) remove the marginal cost
component, so their difference isolates the impact of endogenous selection. All other estimators

exhibit substantial upward bias when selection is endogenous.

Table OA3-1: Estimated markup elasticities with and without endogenous selection

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Configuration Model TPSFE TPSFE  S-period S-period  S-period HDFE HDFE HDFE
(fidD) (fid) Diff + fit Diff + fid w/oFE (d,t) (fid,t) (fit,d)

Balanced Panel 0.22 0.22 0.22 0.22 0.36 0.36 0.22 0.22 0.22
(0.00) (0.02) (0.00) (0.00) (0.00) (0.02)  (0.00)  (0.02)

Random Drops 0.22 0.22 0.22 0.26 0.36 0.36 0.22 0.22 0.22
(0.02) (0.02) (0.00) (0.00) (0.00) (0.03)  (0.00)  (0.02)

Endogenous Selection  0.25 0.25 0.67 0.30 0.47 0.48 0.98 0.31 0.68
(0.00) (0.03) (0.00) (0.01) (0.01) (0.03) (0.01)  (0.02)

Note: Estimates based on simulated data from the Kimball model discussed in Section 7. For clarity we focus on high-differentiation goods in the later
periods with p = 4 and £ = 0.9. Estimates and standard errors are calculated based on the average of 100 simulations of each setting.

Direction of selection bias. The bias direction depends on how the unobserved variable enters
the pricing and selection (participation) decisions. For marginal costs, the effects work in opposite
directions: higher marginal costs raise optimal prices but lower operating profits, reducing market
participation. Even if marginal costs are uncorrelated with exchange rates in the population,
they will be positively correlated in the observed sample due to selection. When the exporter’s
currency is strong (low e4), both optimal prices and profits are lower, so only firms with unusually

low marginal costs enter. This selection makes observed low exchange rates disproportionately

19For example, A, mCfix = MCpit — MCfit—s,,,, varies along all dimensions (f,i,d,t) in an unbalanced panel.
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associated with low marginal costs, steepening the estimated price—exchange rate relationship and

biasing the elasticity upward.

OA3.2 Experiments on matching both markup and quantity elastici-
ties

In this subsection, we assess whether the model can simultaneously match the estimated markup
elasticities reported in Table 4 and the estimated quantity elasticities reported in Table OA2-10.
To this end, we consider two extensions of the baseline model in Section 7. First, we introduce local
distribution costs, following Burstein et al. (2003) and Corsetti and Dedola (2005), and embed them
in the Kimball demand framework. Distribution costs drive a wedge between the exporter’s border
price and the consumer price, reducing the sensitivity of quantities to exchange rate movements.
Second, we allow for competition-irrelevant idiosyncratic demand shocks. These shocks bias the
estimated quantity elasticities downward due to endogenous selection, while leaving the estimated

markup elasticities unchanged.

Incorporating distribution costs. We introduce into the Kimball demand function a fixed

distribution cost  when a firm sells a product to a destination market:

P, ?
¢i(@fid7 Pfidt; 8dt) = Oéfid |:1 — fln(@)} . (OA3—1)

Table OA3-2 reports how markup and quantity elasticities vary with the distribution cost under
three model settings. The first row of Table OA3-2’s panel (a) (n = 0) presents the same model-
implied markup elasticities reported in panel (a) of Table 11 while the first row of Table OA3-2’s
panel (b) (n = 0) corresponds to model elasticities from Table 11’s panel (b). In both panels
(a) and (b) of Table OA3-2, we observe that as the distribution cost 7 increases, the consumer
price becomes less sensitive to exchange rate fluctuations, leading to a decline in the quantity
elasticity. At the same time, the demand curve steepens (as 7 increases), resulting in a higher
markup elasticity. With sufficiently large distribution costs (e.g., n = 10), the model generates
quantity elasticities that are broadly consistent with the empirical estimates. However, at this
point, the markup elasticity rises well above the range observed in the data.

Panel (c) presents the limiting case in which the super-elasticity is set to zero. This corresponds
to the standard CES demand setting, where the markup elasticity is zero when n = 0. Even in this
case, the markup elasticity increases rapidly as distribution costs are introduced. These results
suggest that increasing distribution costs alone cannot solve the problem of matching the estimated

magnitudes of the markup and quantity elasticities simultaneously.
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Table OA3-2: Estimates from a model with distribution costs

All High Differentiation Low Differentiation

Distribution  Distribution

Cost, 1 Margin Markup Quantity Markup Quantity Markup Quantity

(a): Low market power (£ =0.3)

0 0.00 0.07 4.98 0.09 3.28 0.04 6.61

0.5 0.25 0.16 3.33 0.20 2.21 0.11 4.40

1 0.38 0.23 2.52 0.29 1.69 0.17 3.32

2 0.51 0.33 1.71 0.40 1.18 0.26 2.24

5 0.64 0.51 0.91 0.58 0.65 0.43 1.19

10 0.70 0.64 0.54 0.71 0.39 0.57 0.71
Empirical estimates (2000-2005) 0.06 0.40 0.10 0.56 0.03 0.26

(b): High market power (£ = 0.9)

0 0.00 0.18 3.70 0.25 2.41 0.12 4.93
0.5 0.24 0.27 2.48 0.35 1.64 0.20 3.29
1 0.36 0.34 1.87 0.42 1.26 0.26 2.48
2 0.48 0.44 1.28 0.52 0.89 0.35 1.69
5 0.60 0.59 0.69 0.67 0.49 0.51 0.92
10 0.66 0.71 0.41 0.77 0.29 0.64 0.55
Empirical estimates (2006 - 201/) 0.17 0.11 0.22 0.13 0.18 0.11

(c): CES demand (£ = 0) with distribution cost

0 0.00 0.00 6.05 0.00 4.00 0.00 8.00
0.5 0.26 0.09 4.02 0.11 2.67 0.06 5.30
1 0.39 0.16 3.03 0.20 2.03 0.11 3.99
2 0.52 0.26 2.05 0.32 1.41 0.20 2.69
) 0.66 0.45 1.08 0.51 0.78 0.38 1.41
10 0.72 0.60 0.64 0.66 0.47 0.52 0.84

Note: The distribution margin is calculated as the distribution cost divided by the consumer price: n/(Pyfiq:/Eqr +1). The elasticity
of substitution is set to p = 4(8) for high (low) differentiation goods. Estimates are calculated based on the average of 100 simulations
of each setting.
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Incorporating idiosyncratic demand shocks. We next allow the demand shifter a4 to vary

over time (i.e., we replace ay;q in equation (11) with a g ):

Pra\ 1%
%‘(Oéfidu sz‘dmgdt) = Ofidt [1 —¢&In (%)} . (OA3‘2>
t

The shifter o f;4 increases the quantity sold and, in turn, the firm’s profits in a given destination.
However, it does not affect optimal prices (as it drops out of the firm’s first-order condition for
prices). In this sense, af;q captures demand fluctuations that matter for sales but not for pricing.
A natural example is infrequent shipping, which is common at the firm—product—destination level.
Suppose a buyer places an order only every two years, so that a ;¢ = 1 in even years and a gy = 0
in odd years. Such a biennial pattern reflects the buyer’s purchasing or inventory cycle rather than
the firm’s competitiveness. Because the low-demand years are determined by the buyer’s timing
rather than market conditions, the seller has no incentive to adjust prices when demand happens

to be idiosyncratically low.

Table OA3-3: Estimates from a model with idiosyncratic demand shocks

High Differentiation Low Differentiation

Std. Dev. of Demand Shock Markup Quantity Markup Quantity

0.00 0.25 2.41 0.12 4.94
0.15 0.25 2.09 0.12 4.00
0.30 0.25 1.67 0.12 3.00
0.45 0.25 1.27 0.12 1.22
0.60 0.25 0.70 0.12 0.47
0.75 0.25 0.27 0.12 0.10
Empirical Estimates (2006 - 201/) 0.22 0.18 0.1 0.11

Note: The first column indicates the standard deviation of the idiosyncratic demand shock drawn from a
mean zero normal distribution: ajf;q; ~ N(0,04). We set a higher shock size for low differentiation goods
with oD, = 30HD,n. Other parameters correspond to those in Table OA3-2’s panel (b), i.e., £ = 0.9,
p = 4(8) for high (low) differentiation goods, and n = 0. Estimates are calculated based on the average of
100 simulations of each setting.

Table OA3-3 reports the corresponding estimation results. The estimated markup elasticities
for high- and low-differentiation goods remain unchanged as the size of the idiosyncratic demand
shocks increases. This is expected: while these shocks influence the firm’s participation in markets,
they do not alter optimal pricing decisions, leaving markup elasticities unbiased. The outcome
differs for the estimated quantity elasticities. Since demand shocks affect both the level of sales
and the probability of remaining in a market, the estimates are subject to selection bias. Namely,
a positive demand shock raises both quantities and profits, making continued participation more

likely. Even if demand shocks are uncorrelated with exchange rates in the population, they become
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negatively correlated with exchange rates in the observed sample due to selection. When the
exporter’s currency is strong (low £y ), both quantities and profits fall, so only firms with unusually
high demand continue to serve the market. As a result, low exchange rates in the observed
data are disproportionately associated with favorable demand conditions, flattening the observed

quantity—exchange-rate relationship and biasing the estimated elasticity downward.

Summary. These experiments highlight the challenge of jointly matching markup and quantity
elasticities within a unified framework. While incorporating distribution costs lowers quantity
elasticities, it tends to raise markup elasticities beyond the range observed in the data. Adding
competition-irrelevant demand shocks helps reconcile the estimated quantity elasticities with the
model (without affecting markup elasticities) and suggests that quantity elasticities are more sus-
ceptible to selection and measurement biases than markup elasticities—which are more robustly
identified by the TPSFE estimator. Together, our two experiments offer some guidance for fu-
ture research while highlighting that sensible modifications (e.g., distribution costs) to widely used
demand systems are unlikely to be successful in reconciling firm-level estimates of markups and

quantities in international macro models.

OA3.3 Alternative calibration for the change in markup elasticities

In this subsection, we consider an alternative calibration that can also replicate the rise in markup
elasticity observed in the data. Instead of raising the super-elasticity in the later period, as in our
baseline analysis in Section 7, we assume a simultaneous decline in the elasticity of substitution
for both HD and LD goods: p30%) 2005 = 4 — p2006-2014 — 9 apd p0f0-2005 = § — 0062004 — 4
The corresponding results are reported in Table OA3-4.

This calibration produces a pattern similar to the baseline: the estimated markup elasticity
rises for both HD and LD goods in the later period. The mechanism is intuitive—given any non-
zero super-elasticity, a lower p makes demand more inelastic, thereby allowing for larger markup
adjustments. The main takeaway is unchanged: Chinese firms’ market power increased over time.
What differs is the interpretation. Here, the increase reflects goods becoming more differentiated,
rather than stronger strategic complementarities (captured by a higher super-elasticity &).

We see this alternative as a useful robustness check. At the same time, in standard models the
elasticity of substitution is typically viewed as reflecting the inherent characteristics of a product
category, rather than the behavior of firms from a particular country. It captures the degree of
substitutability across all varieties, including those produced by non-Chinese competitors. From
this perspective, it is less clear that changes in Chinese firms’ market share alone would shift
this parameter. This consideration motivates our baseline choice of adjusting the super-elasticity

instead.
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Table OA3-4: Comparing model versus estimated responses: Alternative calibration

(1) (2) (3) (4) (5) (6) (7) (8)
Markup Cost Price
Ol it Ot pidt Opfiar " Opifiagr \ Omceypiae  Omcpigr  Optfidy dpfidt dpyids
Oegy Oegy Oeqy omceygiar)  Oeqy deqr omeyiag degy degq
Model Est. Naive Model Model Model Model Est.
TPSFE(fidD) TPSFE(fid) =(1)+(4)

(a): Higher elasticities of substitution (higher ps)

All 0.07 0.07 0.20 0.23 0.24 -0.07 0.30 0.30
(0.00) (0.01) (0.01)
HD (pyp =4)  0.09 0.09 0.23 0.24 0.26 -0.10 0.33 0.33
(0.00) (0.02) (0.01)
LD (prp =8)  0.04 0.04 0.17 0.22 0.23 -0.04 0.26 0.26
(0.00) (0.02) (0.01)

(b): Lower elasticities of substitution (lower ps)

All 0.18 0.16 0.30 0.24 0.29 -0.17 0.42 0.40
(0.00) (0.01) (0.01)
HD (pgp =2) 0.23 0.23 0.37 0.24 0.32 -0.23 0.47 0.47
(0.00) (0.01) (0.01)
LD (prp=4)  0.09 0.09 0.23 0.24 0.26 -0.10 0.33 0.33
(0.00) (0.02) (0.01)

Note: This table compares the true model relationships (marked with “Model”) with the estimated responses (marked with “Est.”). The superelasticity of Kimball

demand is calibrated to 0.3 in both panels. The “All” column shows pooled regression results, whereas the “HD” and “LD” columns show the results separately
estimated for high and low differentiation goods subsamples. Columns (2) and (8) are estimated using specifications (4) and (5), respectively. Estimates and
standard errors are calculated based on the average of 100 simulations of each setting.



OA4 New Product Classification

OA4.1 The use of measure words in Chinese grammar

To illustrate how measure words encode meaning in Chinese, consider the problem of counting
three small objects. Chinese grammar requires the use of a measure word between the number
and the noun being counted. Thus, to say “three ballpoint pens,” or “three kitchen knives,”
one would say the English equivalent of “three long-thin-cylindrical-objects [zhi, 3] ballpoint
pens” and “three objects-with-a-handle [ba, %] kitchen knives.”!! Both of these objects, ballpoint
pens and kitchen knives, are measured with count/discrete classifiers (zh1 and ba, respectively)
and are, in our classification, high differentiation goods. In contrast, products reported with
mass/continuous classifiers including kilograms (cereal grains, industrial chemicals), meters (cotton
fabric, photographic film), and cubic meters (chemical gases, lumber) are low differentiation goods.
Because measure words encode physical features of the object being counted, they allow us to
identify when statistical reporting is for a high versus low differentiation good. According to Cheng
and Sybesma (1999), “...the distinction between the two types of classifiers is made with explicit
reference to two different types of nouns: nouns that come with a built-in semantic partitioning

and nouns that do not — that is, count nouns and mass nouns.”

OA4.1.1 Comparison to quantity-reporting in other customs systems

While the proposed CCHS classification of goods could lead to some amount of mis-classification
because there are some count nouns which exhibit low levels of differentiation and some mass nouns
which are quite differentiated, a Chinese-linguistics-based approach to goods classification is still
valuable for several reasons. First, nouns with built-in semantic partitioning such as televisions,
microscopes and automobiles are high differentiation goods regardless of whether their trade is
reported in metric tonnes or units. This is a key advantage of relying on Chinese measure words to
classify tradeable goods: measure words clearly identify objects that inherently are semantically
partitioned (i.e. are distinct objects), relative to goods that exist as partitionable masses. Second,
the use of reported quantity data in other countries’ customs systems to identify discrete objects
could be less accurate or consistent for a number of reasons discussed below. Finally, the choice
of the measure word is predetermined in the minds of Chinese speakers by grammatical rules that
have existed for centuries. This choice is clearly exogenous to and predates modern statistical
reporting systems.

Like Chinese, Japanese requires the use of measure words between a number word and a

HEnglish uses measure words; “two dozen eggs” and “a herd of cattle” are two examples. The difference lies
in the extent to which unique measure words exist for Chinese nouns and the fact that proper Chinese grammar
always requires the use of the appropriate measure word when counting.
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noun when counting. Documentation for Japanese trade declarations instructs that the World
Customs Organisation (WCO) measurement unit “NO” (the English abbreviation for number of
items) subsumes 11 indigenous Japanese measure words used with discrete nouns (], 48, #.
BH. P P B . K&, £ ). We interpret these instructions from Japanese customs
declarations as a validation of our approach of using count classifiers in the Chinese Customs
Database to identify discrete products in the Harmonized System. However, because the official
measure of discrete items used in Japanese customs data is an English word, we cannot build a
linguistics-based classification of discrete and continuous goods directly from measure words in
Japanese data. This is one reason why we prefer to build the classification from Chinese rather
than Japanese trade data.!?

Although goods are inherently discrete (e.g., televisions, automobiles) or continuous (e.g., grain,
liquid industrial chemicals), in some customs datasets, discrete products might only be reported
by net weight rather than by net weight AND countable units, or quantity reporting could be
inconsistent. While the WCO has recommended since 2011 that net weight be reported for all
transactions and supplementary units, such as units/pieces, be reported for specific Harmonized
System products, these recommendations are non-binding. At one end of the spectrum, EU mem-
ber states follow their own variation of the WCO guidelines and report net weight as well as a
supplemental quantity unit for specific CN products. At the other end, administrative customs
data for Egyptian exports over 2005-2016 lists 32 distinct measures of quantity with Egyptian
statistics reporting only one measure of quantity per transaction, rather than the two, net mass
and supplementary unit, recommended by the WCO. Overall, 87% of Egyptian export observations
report net mass (net pounds) as the unit of quantity, only 0.006% report “pieces” as the unit of
quantity, and the remainder are scattered across official WCO and alternative measures. Authors’
calculations from EID-Exports-2005-2016 obtained from http://erfdataportal.com.

OA4.1.2 An example of the fine detail in Chinese measure words

To illustrate the variety of count classifiers used for similar objects, note that “Women’s or girls’
suits of synthetic fibres, knitted or crocheted” (HS61042300) and “Women’s or girls’ jackets &
blazers, of synthetic fibres, knitted or crocheted” (HS61043300) are measured with two distinct
Chinese count classifiers, “tdo, 2”7 and “jian, f4,” respectively. Further, table OA4-1 documents
the intrinsic information content of the measurement units for HS04 product groups 8211 and
8212. The Chinese language descriptions of all of these HS08 products conveys the similarity
across products; each Chinese description contains the Chinese character ‘dao’ (JJ), which means

‘knife’ and is a part of longer compound words including table knife and razor. Interestingly,

12We thank Taiji Furusawa, Keiko Ito, and Tomohiko Inui for answering our questions about the use of measure
words in Japanese trade data.
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