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“A trademark is any word, name, symbol, or device, or any combination thereof used by a
person to identify and distinguish a good or service from those of others [...].”

15 US Code §1127

1 Introduction

The availability of novel differentiated products, or varieties, plays a crucial role within the
umbrella of economic innovation. International trade has long been considered a source
of new varieties: as trade costs decrease, consumers benefit from both lower prices and
increased access to foreign varieties.1

In this paper, I propose a new measure of varieties based on trademarks, a relatively
understudied type of intellectual property that protects any word, name, or symbol distin-
guishing a firm’s good or service from those of its competitors.2 They can be seen as the
legal counterpart to brands (Griffiths, 2011), thus providing an intuitive link between our
theoretical notion of variety and its measurement.
I use this approach to shed new light on two questions that have been central to under-
standing the effects of globalization in the 21st century. First, I quantify the variety gains
from trade for the years 1995–2014. My measure captures varieties at a more granular
level than existing work, leading to 2–3 times larger variety gains from trade compared to
using standard measures. Second, I re-evaluate the effect of Chinese import competition on
product innovation in the United States. China’s accession to the World Trade Organization
led to an increase in varieties on two margins: more Chinese varieties being exported by
Chinese firms, and more non-Chinese varieties being manufactured in China by non-Chinese
firms through Foreign Direct Investments. My measure allows me to show both margins
and to distinguish their opposite effect on product entry in the United States. By showing
that both of these margins matter, my findings can rationalize the fact that previous work
has found mixed results on the effect of Chinese import competition on innovation.

1The theoretical literature positing variety gains from trade is well established (Krugman, 1979, 1980;
Helpman, 1981; Romer, 1990, 1994; Melitz, 2003), but quantitative applications continue to be relevant to
this day (Akcigit and Melitz, 2022; Akcigit and Van Reenen, 2023; Melitz and Redding, 2023).

2Section 1127 of text 15 of the U.S. Code provides the following definition of trademark: “any word, name,
symbol, or device, or any combination thereof, (1) used by a person, or (2) which a person has a bona fide
intention to use in commerce and applies to register on the principal register established by this chapter,
to identify and distinguish his or her goods, including a unique product, from those manufactured or sold
by others and to indicate the source of the goods, even if that source is unknown”.

1



I use data on the universe of federal trademarks registered between 1982 and 2014 at the
United States Patents and Trademarks Office (USPTO). I leverage information on the text
protected in each trademark, grouping together those referring to the same product. This
new measure improves upon those used so far in a number of ways: (i) it covers all sectors,
including intermediate goods; (ii) it reports the origin country of the design of varieties,
without tracking the location of production; and (iii) it encompasses both domestic and
foreign varieties within a market.

The trademark-based measure of varieties suggests that distinguishing the location of
design from the location(s) of manufacture is important. It provides two novel empirical
facts. First, I show that the share of varieties supplied by manufacturing countries like
China, Mexico, and the Philippines is larger when measuring varieties using sectoral US
import data than when using trademarks. The opposite is true for high-GDP countries, like
Germany, Japan, and the United Kingdom, suggesting that these countries are important
designers of varieties for American consumers, but not necessarily major manufacturers of
varieties. More specifically in terms of ranking, China was the fourth provider of varieties
for US consumers when ranked according to sectoral trade flows in 2001, compared to being
the twentieth provider of trademarks. That is, China was a major producer and exporter
of goods to the United States, but these goods were designed elsewhere.
Second, I complement trademark data with detailed Chinese customs data, reporting the
country of ownership of exporters located in China.3 I show that Chinese-owned trademarks
registered in the United States are correlated with increased imports from Chinese-owned
firms, but these firms only constitute 40% of all US imports from China during the period
2000–2009. The remaining 60% is associated with non-Chinese multinational enterprises
(MNEs), and this MNE-led trade has no effect on the number of Chinese trademarks
established in the US. This is the first paper establishing a direct and credible connection
between customs data and a variety measure not obtained from trade flows. The fact that
trade flows can only partially explain varieties provides a cautionary result: not all trade is
equal from the perspective of variety growth.

This evidence highlights the importance of distinguishing between the country of production
and the country of design of a variety. To show this formally, I extend a two-countries
heterogeneous-firms Melitz (2003) model of trade to feature export platforms. Firms in

3The Chinese customs data indicate whether a firm is Chinese-owned or foreign-owned.
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the high-wage country pay a fixed cost to produce abroad and enjoy lower wages, but then
ship the final products back to be sold in the domestic market. I refer to this multinational
activity as re-sourcing. The existence of re-sourcing creates a difference between theory
and empirics. In the model, re-sourcing does not create new varieties, as these products are
the same regardless of where the production happens. In other words, the model accounts
for the fact that an iPhone produced in China is still an American product, while a Huawei
smartphone produced in China is a Chinese product. In the empirics, we often only observe
sectoral-level trade flows between countries, without information on the nationality of the
design behind the products being shipped. In other words, an iPhone produced in China
and a Huawei smartphone are both Chinese varieties, simply because we can only observe
their production location.
Attributing the correct nationality is important for welfare. To quantify changes in con-
sumer welfare, I decompose the price index into three components: the average unit price
of all varieties, the market concentration of firms, and the number of available varieties.
This paper focuses on the last component, the change in the set of available varieties in
a market, which I will refer to as variety gains from trade. I quantify variety gains from
trade using, in turn, two different approaches: first, pairs of country of origin and sectoral
Harmonized System 6-digit codes; second, trademarks. These two approaches differ in two
main dimensions: (i) sectoral codes are coarse, understating the creation of new varieties
within the same category; (ii) sectoral codes treat the country of production as an attribute
of a variety, overstating the creation of new varieties due to MNEs activity across multiple
countries. I find that variety gains from trade in 1995–2014 are two to three times larger
when using trademarks compared to sectoral trade codes, depending on the elasticity of
substitution used for trademark-based varieties. This result suggests that sectoral trade
flows ignore some of the relevant variation and fail to capture a large extent of the product
innovation happening within sectoral categories.

The notion that not all trade is equivalent from a variety perspective has potential implica-
tions for our understanding of major trade policies, like China opening up to trade and
joining the World Trade Organization. This work is the first to illustrate the influence
of Chinese import competition on product innovation in the US, disentangling the effect
of direct import competition and imports from multinational companies located abroad.
Similarly to the findings of Autor et al. (2020) for patenting activity of large productive
firms, I find that overall Chinese import competition has no effect on the entry rate of
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US varieties. However, by leveraging ownership information of firms located in China, my
analysis disentangles two opposing forces at work. I show that an increase in US imports
from non-Chinese multinational companies located in China positively affects the entry of
non-Chinese varieties in the US market. On the contrary, US imports from Chinese-owned
firms located in China deter product innovation of non-Chinese firms: a 1 standard deviation
increase corresponds to a 5–8% decrease in domestic varieties offered by new firms in the
United States. The negative effect is concentrated on product innovation done by entrant
US firms, while there is no effect on product innovation done by incumbent US firms. The
deterrent effect on entry is stronger for other foreign varieties, with an effect of up to 13%,
consistent with Chinese varieties being closer substitutes with other foreign varieties than
domestic ones (Feenstra et al., 2018). In order to isolate the supply shock coming from
China and allow a causal interpretation of my results, I instrument trade flows from China
to the United States with trade flows from China to the rest of the world (Costa et al.,
2016; Hummels et al., 2014).
The heterogeneous effect of US imports from China based on the ownership of exporters
highlights the importance of distinguishing between the country of production and the
country of design of a variety. While I lack information on the specific country of ownership
of foreign-owned firms, this heterogeneous effect is in line with the comparative statics
predicted by my parsimonious two-country model.

This paper contributes to the debate on varieties along two different dimensions. The
first dimension is methodological. I propose a new measure that is anchored on product
features that matter for consumers, that spans all sectors of the economy, and that captures
both domestic and foreign varieties without conflating the country of origin of the design
with the country of production. This measure is essential to better quantify welfare gains
from varieties. It provides a novel perspective on the benefits consumers derive from more
products and is a good complement to existing measures capturing price changes, using
trade product classifications (Feenstra, 1994; Broda and Weinstein, 2006; Bernard et al.,
2010, 2011; Hsieh et al., 2020, 2022; Mayer et al., 2021) or barcodes (Broda and Weinstein,
2010; Hottman et al., 2016; Ghai and Hottman, 2019).
The second contribution relates to the effect of import competition on product innovation.
I show that not all imports are equal from a varieties standpoint. Only trade flows from
Chinese-owned firms located in China deter the entry of new products in the US market.
Disentangling US imports from China according to the ownership status of exporters
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complements the approach used in the literature so far, which has relied on overall flows
from China and has mainly focused on the effect on patents or expenditure in Research
& Development (Xu and Gong, 2017; Autor et al., 2020; Chakravorty et al., 2022), with
the exception of Hombert and Matray (2018) studying product differentiation of public
US firms.4 This research represents a complement to the evidence on product innovation
activity of offshoring firms in other contexts, like Branstetter et al. (2021) for Taiwanese
firms and Bernard et al. (2023) for Danish firms.
This project also speaks to the limited but growing economics literature related to trade-
marks (Mangani, 2007; Alfaro et al., 2022; Dinlersoz et al., 2023; Pearce and Wu, 2024).5

To the best of my knowledge, this is the first paper to harness the information in the text
protected by trademarks and use it to study the change in varieties over time.

The rest of the paper is organized as follows. Section 2 provides more information on
trademarks and their use as measure of varieties. Section 3 introduces the data. Section
4 describes the novel empirical facts brought by my new measure of varieties. Section 5
contains the model and its predictions about the effect of import competition on product
innovation through some comparative statics. Section 6 illustrates the effect of Chinese
import competition on product entry in the United States, testing whether the predictions
of the model hold in the data. Section 7 quantifies the welfare gains from trade using
trademarks and compares them with what can be obtained using standard measures. Finally,
Section 8 concludes.

2 Measuring varieties

Any empirical study concerning varieties must first tackle the challenge of defining the
term “variety”. I define a variety as any good of a firm that is distinct from those of its
competitors, as perceived by buyers. Ideally, we would like a metric capable of capturing
the uniqueness of varieties across all sectors, regardless of their country of production.
Traditional measures may fall short of capturing the essence of this intuitive definition.
Though useful in answering other research questions, they may not be suitable for studying
changes in the mass of available varieties over time.

4See Akcigit and Van Reenen (2023) and Melitz and Redding (2023) for a literature review on innovation.
5See Schautschick and Greenhalgh (2016) for a literature review of all empirical studies on trademarks.
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2.1 Customs codes, barcodes, and patents

An important research stream in trade economics relies on custom trade product classifi-
cations.6 Despite their great influence and common use, there are four main limitations
to the insights provided by custom code and country of origin pairs. First, this approach
assumes the country of production is the only determinant of differentiation in varieties.
Second, this classification groups products based on physical characteristics and applicable
tariff schemes. Third, the Harmonized Systems (HS) codes – the most used standardized
classification – are updated every five years, making it problematic to conduct analysis
spanning longer time periods.7 Fourth, it implicitly assumes an upper limit on the number
of available varieties for consumers, determined by the number of possible trading partners
multiplied by the total number of categories in the most recent customs data classification.
With 5,000 distinct HS codes and 180 trading partners, there would be a ceiling of 900,000
varieties available to US consumers.
A more recent strand of the literature relies on the uniqueness of barcodes attached to
products.8 Similarly to custom codes, this measure has limited applicability to time series
analysis of varieties for two reasons. First, changes in available varieties may reflect a
change in packaging rather than the creation of products with actual distinctive features.9

Second, barcode data cover only consumer product goods sold in physical retail stores,
representing 14% of total consumption of goods in the US (Argente et al., 2021).
Contribution to the research on new varieties also comes from the literature on innovation
through the use of patent data (Akcigit and Kerr, 2018). However, patents are better suited
to capture process rather than product innovation: only 38% of patents can be associated
with a new product and firms that never patent account for 65% of product innovation
(Argente et al., 2021). They primarily reflect lower marginal costs in production rather
than an increase in the stock of available varieties.10

6Among the numerous papers using customs trade product classifications to measure varieties, see: Mayer
et al. (2021); Amiti et al. (2020); Hottman and Monarch (2020); Hsieh et al. (2020); Feenstra and Romalis
(2014); Bernard et al. (2011); Bernard et al. (2010); Goldberg et al. (2010); Broda and Weinstein (2006).

7There is considerable attrition in the use of the old system when the new classification system comes into
place, as seen in the descriptive statistics provided for the BACI dataset (Gaulier and Zignago, 2010).

8A non-exhaustive list of papers using barcode data to measure varieties include McCully et al. (2024);
Argente et al. (2021); Ghai and Hottman (2019); Jaravel (2019); Hottman et al. (2016); Broda and
Weinstein (2010).

9For example, a 36-pack of 355 ml cans of Budweiser has code 00062067335297, while the same pack giving
the chance of winning a smoker has code 00062067385124 (source: https://www.bcliquorstores.com/).

10Perhaps due to the paucity of good measures of product innovation, Garcia-Macia et al. (2019) infer
the creation of new varieties by examining the shifts in the labor market through the lense of a general
equilibrium model. While providing an invaluable first step in advancing the literature, they do not use
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2.2 Trademarks in the United States

Unlike customs codes, barcodes, and patents, trademarks offer a more direct measure of
varieties due to their focus on consumer perception and market presence. Trademarks
are an ancient type of intellectual property, as producers have used distinctive marks to
differentiate their products at least since medieval Europe (Richardson, 2008). In the
United States, the modern concept of trademarks was established in 1946 with the Lanham
Act. The Lanham Act defines a trademark as “any word, name, symbol, or device, or any
combination thereof” that is used “to identify and distinguish” the markholder’s goods
“from those manufactured or sold by others and to indicate the source of the goods” (15
U.S.C. §1127). Trademarks have been described as the legal counterpart of brands (Griffiths,
2011). This project proposes trademarks as a measure of varieties, for two compelling
reasons. First, trademarks are fundamental in ensuring that consumers can confidently
identify specific goods or services, making consumer protection their primary goal (Grynberg,
2022; Schautschick and Greenhalgh, 2016; Landes and Posner, 1987).11 Such protection is
granted for any type of good, both final and intermediates: for example, SuperElso500 is a
trademark identifying a specific type of steel produced by Arcelormittal, one of the largest
steel manufacturers in the world. Second, trademarks are often filed in proximity to new
product introduction (Flikkema et al., 2014).
Trademarks protected at the federal level enjoy additional features that make them a
valuable measure of varieties. First, the United States Patents and Trademarks Office
requires low barriers to registration and renewal, favoring the inclusion of small and medium
enterprises (Mendonça et al., 2004; Dinlersoz et al., 2018) and leading entrepreneurs to
consider trademarks a key tool for Intellectual Property protection (Mezzanotti and Simcoe,
2023).12 Second, this federal protection extends equally to trademarks registered by domes-
tic and foreign firms. Crucially for this project, the nationality of the owner of a trademark
captures a design’s country of origin, rather than the country of production.13 Lastly, a

any direct data on varieties and require restrictive simplifying assumptions.
11An applied-for trademark can be refused as not registrable if it is generic or merely descriptive, geographic,

a surname, deceptive, a municipal, state, national, or foreign flag or insignia, or the name, likeness, or
signature of a living person used without their consent. Examining attorneys search existing registrations
and pending applications for similar trademarks and assess whether use of the applicant’s trademark on
the identified goods or services is likely to cause confusion among consumers (15 U.S.C §1052).

12The cost of registering a trademark ranges between $250 to $350 for each class of goods or services.
The same fees apply to the renewal process, happening every ten years. For more information on the
application, registration, and renewal process, see Cain (2021).

13Using trademarks may raise concerns linked to profit shifting: MNEs transferring intellectual property in
order to maximize their profits net of taxes (Dischinger and Riedel, 2011; Karkinsky and Riedel, 2012;
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so-called “dual system of protection” is in effect, where trademarks are safeguarded only
when actively used in the marketplace, impacting international or interstate commerce. In
practice, goods should display the feature protected by the trademark, thus creating a clear
link with the consumer market.

Trademarks come with their own set of limitations. For example, the lack of detailed
information on prices and quantities of individual trademarks makes them less suitable to
answer questions about changes in the overall price index for American consumers or to
estimate the elasticity of substitution across products. Those are questions this paper does
not attempt to answer. Instead, the focus of this paper is on changes in the set of varieties
available to consumers. Its goal is to address the mismatch between the theory on variety
gains from trade and the empirics on globalization and product innovation.

3 Data

3.1 Trademark data

Trademark-level data is the primary data used in this project. I rely on two datasets pro-
vided by the United States Patents and Trademarks Office (USPTO). First, the Trademark
Case Files dataset (Graham et al., 2013), which includes the universe of trademarks filed
in the USPTO between 1982 and 2020. It includes information on a trademark’s color,
its shape, its text, its sector – called NICE class – as well as the name and nationality of
its owner. I use this dataset to construct a measure of varieties based on the number of
trademarks filed by each firm. Second, the Trademark Assignment dataset (Graham et al.,
2018). Like any other asset, trademarks can change ownership over time, either as a result of
mergers and acquisitions or as a direct transaction across firms. The Trademark Assignment
dataset includes information on the transfer of ownership of trademarks between firms,
which I use to distinguish firms between incumbents and entrants.

As a result of the Trademark Law Revision Act of 1988, firms can file intent-to-use applica-
tions at the USPTO: firms are granted a period of six years to actually use the trademark in

Griffith et al., 2014). However, if firms transfer ownership, it follows that the owner location at the time
of registration was not optimal in terms of corporate taxation. By focusing on the location at the time of
the registration, I minimize the risk of using locations chosen for tax incentives. Moreover, I exclude tax
havens from my analysis. The full list of countries included in my dataset can be found in Appendix B.

8



Table 1: Summary statistics

Varieties Firms

Count Percentage Count Percentage

Overall 3,381,845 962,735

Goods 2,189,939 65% 643,645 67%
Services 1,191,906 35% 470,063 49%

Final 1,594,400 47% 569,502 59%
Intermediate 1,787,445 53% 590,850 61%

Domestic 2,614,616 76% 776,078 80%
Foreign 767,229 24% 186,657 20%

Notes: Count of varieties and firms, overall or split by sector and nationality.
Final and intermediate sectors are defined based on the share of consumer
expenditure of the corresponding ISIC code using the US Input-Output ta-
ble: varieties in sectors for which at least 70% of final consumption is done
by consumers are classified as final. Note that percentages for firms do not
always sum up to 100% because firms can own both goods and services trade-
marks, or both final and intermediate varieties. The concordance from the
trademarks sectoral classification to the ISIC classification is taken from Bat-
tacharyya et al. (2017).

Figure 1: Varieties and new varieties per firm are highly skewed

Figure 1.1: Varieties Figure 1.2: New varieties

Notes: The figures show the distribution of varieties and new varieties per firm over time. The bars show
the 25th and 75th percentile of the distribution, the darker blue line shows the median, while the upper
spike shows the 90th percentile of the distribution. The red diamond shows the average number of varieties
or new varieties per firm.
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commerce. Otherwise the application is treated as abandoned. To keep only the trademarks
used in the market, I exclude those that have been canceled, abandoned, or filed after
2014. To group trademarks into products, I define a variety as one unique pair of protected
text and product or service class per firm.14 This grouping gives a baseline dataset of 3.4
million varieties owned by 1 million firms from 1982 to 2014. Most varieties are goods and
are owned by US companies. Although foreign companies represent only 20% of firms in
the dataset, they account for 24% of the varieties available in the US market (Table 1),
indicating that they tend to have more varieties per firm on average. The distribution of
varieties per firm is highly skewed. Each firm owns 3.4 varieties on average, but half the
firm’s own one variety until 2006 and two varieties in the subsequent years (Figure 1.1).15

The conditional distribution of new varieties per firm is similarly skewed, with an average
of two new varieties per innovating firm and a median of one new variety per innovating
firm (Figure 1.2).16 The rest of the paper will focus on goods only.17

One may be concerned that not all products are trademarked. Pearce and Wu (2024)
combines trademark data with Nielsen barcode data to show that over 80% of sales-weighted
brands in the years 2006-2018 have an associated trademark. I further validate the data
by comparing trademarks with the number of car models owned by Ford, Volkswagen,
and Toyota. Trademarks cover at least 89% of sales-weighted car models sold in the US
(Table B1 in Appendix B).
A running assumption in this paper is that the number of trademarks is proportional to
the number of varieties, and this proportionality remains constant over time.18 To adhere
to this assumption, I focus on interpreting the results in terms of elasticities and changes
over time, rather than the number of trademarks. Moreover, this assumption is more likely
to hold at a high level of aggregation, such as the sectoral level. As a consequence, I focus

14More details on this grouping and on the data cleaning process can be found in Appendix B.
15This distribution is less skewed than the one inferred by Garcia-Macia et al. (2019) using shifts in the

labor market, where the estimated number of firms with only one product is 92% in 1983-1993, 84% in
1993-2003, and 90% in 2003-2013. The average number of varieties per firm is in line with the findings of
Broda and Weinstein (2010) on the average number of brands per firm using barcode data, which ranges
from 2.9 in 1994 to 4.2 in 2003.

16Foreign firms are larger than domestic ones, both in terms of varieties and new varieties (Figure A2 in
Appendix A). This is in line with exporters being larger than the average firm.

17Summary statistics for goods can be seen in Table A1 and Figure A1 in Appendix A.
18Pearce and Wu (2024) find that one brand in Nielsen barcode data is matched with 2.15 trademarks on

average. However, thoroughly validating this assumption further requires defining what a variety in real
life is. That is particularly challenging because many goods we interact with are composite goods: think
for example of a laptop, which is made by several branded chips and hardware.
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mostly on sectoral-level results, rather than firm-level ones.

3.2 Other data

Chinese customs data. I complement trademark data with a transactions-level dataset
of Chinese exports collected by the Customs Administration of China over the years 1997-
2014. Crucially for this project, the data contains information on firm ownership type
(state-owned, Chinese-owned, and foreign-owned), destination country, and sector at the
HS 8-digits level.
Trade flows data. I use information on bilateral trade flows at the HS 6-digits level
across countries from UNCOMTRADE (United Nations Statistics Division, 2022) and from
the CEPII BACI dataset (Gaulier and Zignago, 2010). Information on bilateral distance,
common language, and GDP per capita is obtained from the CEPII Gravity dataset (Conte
et al., 2022).
Other. To cross-walk from the NICE sector classification to other standard classifications,
like SITC and HS, I use the probabilistic matching provided in Battacharyya et al. (2017).
Information on real GDP in the United States is sourced from the U.S. Bureau of Economic
Analysis (2023).

4 Stylized facts

Using this novel measure for varieties, this paper provides two new stylized facts. First, it
documents which countries provide the most varieties to US consumers and contrasts its
results with the ranking obtained using HS codes and country of origin pairs. Second, it
focuses on China and on the composition of its exports to the United States.

4.1 Which countries provide the most varieties to US consumers?

Ideally, a researcher could use detailed customs data for all US trading partners and apply
the analysis done for Chinese varieties to all foreign varieties available in the US. As this
data is not available, I compare US trading partners in terms of varieties measured with
the two metrics for the year 2001. Specifically, I compute the following difference:

HS-var from c

Total HS-var − TM-var from c

Total TM-var (1)
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where “HS-var from c” is the number of HS 10-digits codes for which the US imports
a non-zero value of imports from country c, while “TM-var from c” is the number of
trademarks-based varieties with c-nationality available in the US.19 Both are measured as
shares over foreign varieties.

Figure 2: Comparison of variety shares

Notes: The figure compares the varieties share of selected countries in 2001 as measured using HS 10-digits
codes and using trademarks. It shows the percentage points lost or gained when using trademarks compared
to the shares obtained through 10-digits HS codes and country of origin pairs, as defined in Equation 1.
Countries are ranked based on their GDP per capita in 2001.

Figure 2 shows the difference in shares for the major US trading partners when using
trademarks compared to custom codes for the year 2001. There is substantial variation
across countries, mainly due to the fact that customs codes are entirely related to trade
flows and therefore affected by MNE activity. Lower-GDP countries that are hosts of export
platforms and that export large volumes of processing trade to the US lose substantial
shares when using trademarks. Most notably, Mexico, China, India, and the Philippines
lose 3 or 4 percentage points when assessed using trademarks rather than custom codes,
which is equivalent to roughly halving their varieties share (Figure A7 in Appendix A).
Conversely, high-GDP countries that are hosts of MNEs headquarters gain between 6
and 12 percentage points, which corresponds to tripling the share of Canadian varieties
or quadrupling the share of German varieties (Figure A7 in Appendix A).20 In terms of

19I use US import data at the 10-digits HS level provided by The Center for International Data.
20Figure A4 in Appendix A extends the analysis to the top thirty trading partners. Similar results are
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ranking of varieties providers, China is the fourth provider of HS 10-digits varieties but only
the twentieth provider of trademark varieties (Figure A9 in Appendix A). The change in
ranking position suggests that China may have indeed been the fourth producer of foreign
varieties for US consumers, but it was likely only the twentieth designer of foreign varieties
for US consumers in 2001. This empirical fact pushes the idea that decoupling varieties
from trade flows can lead to new results on varieties gains from trade, as the country of
production is not necessarily equal to the country of design.21 Building on this finding, I
now turn to the specific case of China to explore whether its exports truly represent Chinese
varieties.

4.2 Does China export Chinese varieties?

The early 2000s were characterized by the surge of China as the world manufacturer. World
imports from China have more than tripled in the years 1989-2014 and many economists
have studied the impact of what has been known as the “China shock” on various outcomes,
ranging from employment to patenting activity.22 But what do Chinese imports contain and
who exports from China? Trade flows from China could include cheap, low-quality goods,
whose presence in the US market undermines the sales of domestic firms. However, we know
that multinationals account for half of the world trade (OECD, 2018), so it is possible that
there are big multinationals owning subsidiaries in China whose manufacturing activity has
benefitted from lower tariffs after China’s entry in the World Trade Organization. Consider,

obtained using the more aggregate HS 8-digits and HS 6-digits levels (Figure A5 in Appendix A). Using
data for the year 2014 brings similar results, with the exception of China and South Korea, which are
now providers of larger shares of trademarks than HS 6-digits codes (Figure A6 in Appendix A). More
comparisons with HS codes for the year 2014 are shown in Figure A10 and Figure A11 in Appendix A.

21This idea is further supported by the fact that the ranking of US trading partners based on custom codes
exhibits a stronger correlation with exports to the United States than the ranking based on trademarks
(Figure A8 in Appendix A). Additionally, varieties measured using trademarks or custom codes both
satisfy the gravity equation but exhibit different distance and GDP elasticities, offering further validation
that not all trade flows are the same from a variety standpoint (Appendix C).

22The literature on the “China shock” brings evidence of lower prices (Feenstra and Weinstein, 2017; Amiti
et al., 2020), but also of lower earnings in the US and, to a lesser extent, in Germany, Spain, Norway, and
France (Autor et al., 2013; Dauth et al., 2014; Donoso et al., 2015; Balsvik et al., 2015; Malgouyres, 2017).
These negative labor market effects are smaller or absent when looked at a more aggregate level (Hsieh
and Ossa, 2016; Galle et al., 2017; Adao et al., 2019; Caliendo et al., 2019). With respect to innovation,
there is conflicting evidence on the role of Chinese competition: it has a positive (Bloom et al., 2016;
Xu and Gong, 2017; Impullitti and Licandro, 2018), neutral or somewhat negative (Autor et al., 2020),
or inverted-U (Chakravorty et al., 2022) effect on innovation as measured by patenting activity and/or
R&D expenditure. Finally, Yang et al. (2021) find that the effect of Chinese competition on Canadian
firms depends on the type of the innovation itself: while product innovation incentives are stimulated by
an increase in competition from China, process innovation incentives decline.
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for example, Nike owning several shoe production facilities in China. If Nike shoes are part
of US imports from China, then interpreting a surge in imports from China as a surge in
Chinese varieties becomes problematic. In short, not all “made in China” goods are Chinese
varieties.23 This distinction is crucial for accurately assessing the impact of Chinese exports
on the US market.

Complementing trademarks data with Chinese custom data, I can directly test whether or
not trade flows from China correspond to Chinese varieties. Chinese custom data categorizes
trade flows as originating from either Chinese-owned firms or foreign-owned firms located
in China, hence MNEs.24 Approximately 60% of US imports from China are attributed to
MNEs operating in China, as shown in Figure 3.25 Interestingly, trade flows from Chinese
firms located in China seem to comove with the number of Chinese varieties available in
the US market as measured through trademarks.

This comovement is more rigorously tested regressing Chinese varieties available in the
US on the different types of US imports from China. Specifically, I estimate the following
specification:

Varst = βCN-importst + γMNE-importst + δδδ + εst (2)

where Varst is the number of Chinese-owned trademarks as a share of all foreign-owned
trademarks in sector s and year t, CN-importst are US imports from Chinese-owned firms
located in China as a share of total US imports, and MNE-importst are US imports from
foreign-owned firms located in China as a share of total US imports. δδδ is a vector of sector
and year Fixed Effects, and errors εst are clustered at the sector level.
Table 2 shows that a one percentage point increase in trade flows from Chinese-owned
firms corresponds to a 0.21 percentage points increase in Chinese varieties, while trade
flows from MNEs have no effect on Chinese varieties. This result is the first compelling
evidence linking imports with imported varieties, without relying on uniquely on trade data.

23This argument is in line with the work of Jakubik and Stolzenburg (2021) which removes US value added
in Chinese exports from the exposure measure of US local labor market used in Autor et al. (2013).
Jakubik and Stolzenburg (2021) find that this decoupling reduces the volume of the shock as well as the
size of the negative effect on local labor markets.

24The Customs Administration of China distinguishes between private-owned firms, state-owned firms,
and foreign-owned firms. In this paper, I refer to both private-owned firms and state-owned firms as
Chinese-owned firms.

25Brandt and Lim (2024) provide a detailed analysis of Chinese export dynamics by firm ownership type,
production locations, destinations, and sectors over the years 2000-2013.
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Figure 3: Trade flows and varieties from China

Notes: The figure compares different types of US imports from China with Chinese-owned varieties in the
US market. “Imports from China” is US overall imports from China as a percentage of total US imports.
“MNEs in China” is US imports from non-Chinese-owned firms located in China as a percentage of total
US imports. “Chinese firms in China” is US imports from Chinese-owned firms located in China as a
percentage of total US imports. “Chinese TM-varieties” is trademarks registered in the US and owned by
Chinese firms as a percentage of all foreign-owned trademarks registered in the US.

Table 2: Trade flows from MNEs in China do not explain Chinese varieties

(1) (2)
Chinese varieties

(% of foreign)
Chinese varieties

(% of foreign)

Total imports (%) 0.101∗∗∗

(0.030)
Chinese firms (%) 0.209∗∗∗

(0.051)
MNEs (%) 0.024

(0.027)

Obs. 612 612
R2 0.816 0.830

Notes: The observations are at the sector-year level. The dependent
variable is Chinese varieties, measured as Chinese-owned trademarks
as a percentage of all foreign-owned trademarks registered in the
US. The explanatory variables are different types of trade flows from
China to the US as percentage of total US imports: total imports
from China; imports from Chinese-owned firms located in China; im-
ports from foreign-owned firms (MNEs) located in China. Column (2)
shows estimates of Equation 2. All columns include fixed effects for
34 sectors and 18 years. OLS estimates with standard errors clustered
at the sector level in parentheses. *** significant at 1%, ** significant
at 5%, * significant at 10%.
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The same pattern emerges when disaggregating trade flows from Chinese firms by final
and intermediate goods (Figure A13 and Table A2 in Appendix A) and retains statistical
significance when bootstrapping the standard errors (Table A3 in Appendix A). In terms
of varieties elasticity to trade flows, a 1% increase in US imports of final goods from
Chinese-owned firms located in China corresponds to a 0.4% increase in Chinese-owned
trademarks available in the US market (Table A4 and Table A5 in Appendix A). In terms of
value, this relationship implies that an additional billion dollars exported by Chinese-owned
firms to the US corresponds to 45 new Chinese-owned varieties sold in the US market
(Table A6 in Appendix A). Conversely, only exports from MNEs in China – and especially
of intermediate inputs – have explanatory power over varieties when measured by HS-codes
(Figure A12, Table A7, and Table A8 in Appendix A).
These results confirm that not all trade flows are equal in terms of variety: trade flows due
to the activity of multinational companies need to be taken into account and may lead to
mismeasurements in the trends of foreign varieties.

5 Theoretical framework

The previous section shows that trade is not equal from a variety perspective. This suggests
that there may have been substantial mismeasurements in the gains from trade predicted
by the theory. To highlight the wedge between theory and empirics created by the existence
of MNEs, I extend the model built by Helpman et al. (2004) to feature export platforms
that domestic firms can use to produce cheaply and ship final goods back home.26 In doing
so, I maintain a simple two-country structure. In a nutshell, firms have the option of paying
a fixed cost to produce abroad and enjoy lower wages, but then have to pay iceberg trade
costs when shipping the final products back to be sold in the domestic market. A decrease
in tariffs allows more firms to offshore their production, while granting consumers access
to additional foreign goods. In this model, the gains from variety can then be decoupled
into gains in terms of new foreign goods being directly imported, as well as gains from
domestic goods being offshored. While this model is not novel, it allows me to highlight
the precautions necessary when using customs data to quantify variety gains from trade.
I start with the model set-up, describe both autarky and trade equilibrium, and then

26This is by all means a simplification of existing models with export platforms, which focus on location
choice and on the structure of multinational activity, while this paper focuses on quantifying variety gains
from trade (Tintelnot, 2017; Arkolakis et al., 2018; Head and Mayer, 2019).
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provide some comparative statics to inform the value of decoupling imports based on the
country of design rather than the country of origin.27

5.1 Set-up

There are two countries labelled by i ∈ {U, C} – the United States and China for illustrative
purposes, but the model could be generalized to North and South of the world. Each
country is characterized by a mass of workers Li.

Consumption Consumers in country i have Cobb-Douglass preferences over a homoge-
neous good, which they consume in quantity qHi, and a composite good over a mass of
varieties Ωi under Constant Elasticity of Substitution with parameter σ > 1. Consumers
of country i consume a quantity qi(ω) of variety ω. Therefore, consumers in i have the
following utility:

Ui = (qHi)1−α
[∫

ω∈Ωi

qi(ω)
σ−1

σ dω
] σ

σ−1 α

where α is the Cobb-Douglass preference weight for the differentiated composite good. Con-
sumers maximize their utility under the budget constraint Ii = pHiqHi +

∫
ω∈Ωi

pi(ω)qi(ω)dω,
where Ii is the total income in country i and pi(ω) is the price of a variety ω owned sold in
country i.

Homogeneous good The homogeneous good is freely traded across both countries at a
price equal to 1. This will be the numeraire. When α is sufficiently low, both countries
produce some of the homogeneous good under Constant Returns to Scale technology.
In each country, 1 unit of labor produces wi quantity of the homogeneous good under
Perfect Competition. As a consequence, different wages across countries represent different
productivity levels, in a manner not dissimilar from Chaney (2008): higher wages imply
higher productivity at the country level.

Differentiated good The varieties ω are produced by firms which are heterogeneous
in their productivity φ ∼ G, only use labor, are monopolistically competitive, and face a
per-period probability of exit equal to δ. Each firm produces only one good.
I assume productivity to be distributed according to a Pareto with support [b, +∞):
φ ∼ G(φ) = 1 − ( b

φ
)k.28 There is an endogenous mass of entrant firms ME

i . To know its
27Details on the derivations of the model can be found in Appendix D.
28The results shown hold for any distribution that is continuous over its support.
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productivity, a firm pays a fixed cost fE
i in terms of labor in country i. Upon observing its

productivity, the firm can choose whether to produce or not. If the firm produces domesti-
cally, it only pays variable costs, that is labor. This is a small departure from Melitz (2003),
as I assume that firms do not pay a fixed cost for producing domestically. This assumption
implies that there is not an endogenous cutoff productivity for producing domestically:
once they pay the fixed cost of entering fE

i , all firms can produce. Therefore, the average
productivity of firms producing domestically is not endogenous and the adjustment in
comparative statics does not happen through a change in cutoff productivity of entry but
through a change in the mass of firms entering the market.
If the firm offshores production to country j, it pays a fixed cost of value fF DI

ij . The fixed
cost of offshoring is expressed in terms of labor in the coutry of production: fF DI

ij is paid
in terms of labor in country j. This assumption is intuitive if we think that fixed costs
of offshoring include the cost of creating a new establishment abroad or setting up new
contracts with foreign suppliers.29

If country i firm produces in country i and ships to country j, it pays a fixed cost fX
ij in

terms of the labor of country i.30 Once it has produced its differentiated good, the firm
can either serve the same market where it has produced the good, or it can pay an iceberg
trade cost τij ≥ 1 to serve the other market j.
In summary, a firm of country i has two options for selling to country i and country j

consumers, respectively: produce in country i and sell domestically without paying any
additional costs; produce in country j and sell to country i, paying fixed costs of offshoring
fF DI

ij and variable iceberg trade costs τij ; produce in country i and sell to country j, paying
fixed costs of exporting fX

ij and variable iceberg trade costs τij; produce in country j and
sell to country j paying only fixed costs of offshoring fF DI

ij .

Since my goal is to isolate the variety gains from trade in the US market when there is MNE
activity, I make the following simplifying assumptions. First, I assume that the fixed cost
of offshoring production to country j are larger than the fixed cost of exporting to country
j: fF DI

ij > fX
ij . Such ordering of fixed costs is plausiible, as it characterizes the additional

costs of monitoring a subsidiary or establishing a contract abroad, as well as the costs of
complying with foreign standards and regulations. Second, I assume that fF DI

CU = +∞ and

29Assuming that the fixed cost of offshoring is paid in terms of labor in the headquarter country would
change the labor market clearing conditions but would not affect the results shown.

30If a firm of country i produces in country j and then ships the final good back to country i, I am assuming
it does not have to pay the fixed cost of exporting. This simplification does not affect the results shown.
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that wages in the two countries are different. Specifically, wages in the US are larger than
wages in China: wC < wU. Since what matters are relative wages, I normalize wages in the
US to be equal to one. These assumptions imply that US firms may offshore production to
China, but Chinese firms do not offshore production to the US. This assumption is driven
by the data, as the US is the largest source of foreign direct investments (FDI) in China,
while China is not a large source of FDI in the US (OECD, 2017). Third, I assume that
US goods are not sold in China. While not necessary for the results stated below, this
assumption is driven by data limitations. I do not observe varieties available in China, so
I am not able to say anything about them. Under this assumption, US firms merely see
offshoring as a technology: they pay fixed and variable costs in exchange for lower wages.

5.2 Autarky equilibrium in the US

In autarky, firms cannot export and cannot offshore production. Since everything is specific
to country i = U, I drop the country indices for readability for the time being.
A firm with productivity φ sets the optimal price equal to p(φ) = σ

σ−1
w
φ

. The optimal
demand of consumers for the good produced by a firm with productivity φ is

q(φ) = p(φ)−σPσ−1
Ω αE

where E is overall consumers expenditure and PΩ ≡
[∫

ω∈Ω (p(ω))1−σ dω
] 1

1−σ is the exact
price index of the composite differentiated good.
The profits of US firms are

π(φ) = p(φ)q(φ) − w

φ
q(φ) = 1

σ
r(φ)

where r(φ) is the revenues of a firm with productivity φ. Since there are no fixed costs of
production, all firms who enter are also able to produce. Therefore, the average productivity
is not endogenous. On the contrary, the mass of firms paying the sunk cost of entry is
endogenous and determined by the labor market clearing condition and by the Free Entry
condition, stating that the net value of entry should be zero. The mass of available varieties
is equal to the mass of operating firms.

Welfare is given by the real wage. In Appendix D, I show that the price index for the
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composite differentiated good can be rewritten as

P = Pα
Ω = p̃M

α
1−σ (3)

where p̃ is the price of the average productivity firm.

5.3 Trade equilibrium

When countries open up to trade, they can choose where to produce and where to sell. I
will use the following notation: xijl represents variable x of country i firms producing in
country j and selling to country l. Therefore, the profits of a country i firm producing
domestically and selling to country i are:

πiii(φ) = piii(φ)qiii(φ) − wi

φ
qiii(φ) = 1

σ
riii(φ)

where riii(φ) are the revenues made by country i firms producing and selling domestically.
The profits of a country i firm producing in country j and selling to country i are:

πiji(φ) = piji(φ)qiji(φ) − wjτji

φ
qiji(φ) − fF DI

ij wj = 1
σ

riji(φ) − fF DI
ij wj

where riji(φ) are the revenues made by country i firms producing in country j and selling to
i. Finally, the profits of a country i firm producing domestically and exporting to country
j are

πiij(φ) = piij(φ)qiij(φ) − wiτij

φ
qiij(φ) − fX

ij wi = 1
σ

riij(φ) − fX
ij wi

where riij(φ) are the revenues made by country i firms producing in i and exporting to
country j.

US firms US firms sell only to US consumers. They can choose whether to produce
domestically or offshore production to China. US firms will produce in China if and only if

πUCU(φ) ≥ πUUU(φ) .

Since profits are an increasing function of φ, there is a unique cutoff productivity φF DI
UC

such that firms with productivity above it will offshore production to China, and firms with
productivity below it will produce domestically. The cutoff productivity φF DI

UC is implicitly
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defined by the Zero Cutoff Profit condition for offshoring production:

πUCU(φF DI
UC ) = πUUU(φF DI

UC ) . (4)

Notice that the fixed costs need to be large enough to guarantee that φF DI
UC is greater than

b, the lower bound of the support.
I define two (harmonic) average productivities that will be helpful in the equilibrium
equations later on. First, the average productivity of US firms producing domestically:

φ̃UUU =
[∫ φF DI

UC

b
φσ−1 g(φ)

G(φF DI
UC )dφ

] 1
σ−1

(5)

where g(φ) is the probability density function of the Pareto distribution. Second, the
average productivity of US firms offshoring production to China:

φ̃UCU =
[∫ ∞

φF DI
UC

φσ−1 g(φ)
1 − G(φF DI

UC )dφ

] 1
σ−1

. (6)

Appendix D shows the expression for both average productivities.

Chinese firms Chinese firms cannot offshore production. They can sell domestically and,
on top of that, they have the option to export to the US market. Chinese firms export to
the US if and only if

πCCU(φ) ≥ 0 .

Since profits are an increasing function of φ, there is a unique cutoff productivity φX
CCU such

that firms with productivity above φX
CCU export to the US, and firms with productivity

below that do not export. The cutoff productivity φX
CCU is implicitly defined by the Zero

Cutoff Profit condition for exporting:

πCCU(φX
CCU) = 0 . (7)

Notice that the fixed costs need to be large enough to guarantee that φX
CU is greater than b,

the lower bound of the support.
Similarly, I define two (harmonic) average productivities for China. First, the average
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productivity of all Chinese firms, which is exogenous:

φ̃C =
[∫ φ∞

UC

b
φσ−1g(φ)dφ

] 1
σ−1

=
[

k

k + 1 − σ

] 1
σ−1

b . (8)

Second, the average productivity of Chinese firms exporting to the United States:

φ̃CCU =
[∫ ∞

φX
CU

φσ−1 g(φ)
1 − G(φX

CU)dφ

] 1
σ−1

. (9)

Appendix D shows the expression for both.

Equilibrium In each period, firms face an exogenous probability δ of incurring a negative
shock and having to exit the market. The present discounted value of their expected profit
flow is

v =
+∞∑
t=0

(1 − δ)tπ = π

δ
.

The Free Entry condition requires that expected profits equal entry costs, making the net
value of entry zero:

πi = δfE
i wi . (10)

In equilibrium, the following Aggregate Stability Condition must hold, where the mass of
firms entering the market in each period is equal to the mass of firms exiting the market:

ME
i = δMi .

In this model, some quantity LHi of labor in each country is used to produce the homogeneous
good. In each country, workers are also used to pay the fixed costs of entry. On top of that,
US workers are employed by US firms producing domestically. Therefore, the US labor
market clearing condition is:

LU = LHU + qUUU(φ̃UUU)
φ̃UUU

MUUU + ME
U fE

U (11)

where φ̃UUU is the average productivity of US firms producing domestically as defined in
Equation 5. Notice that the mass of US firms producing domestically is a portion G(φF DI

UC )
of the total mass of US firms MU: MUUU = G(φF DI

UC )MU.
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Similarly, workers in China are employed to produce the homogeneous good; to pay the
fixed costs of entry, exporting, and offshoring; to produce all the differentiated goods made
by Chinese firms; and to produce the differentiated goods offshored by US firms. Therefore,
the Chinese labor market clearing condition is:

LC = LHC + qCCC(φ̃CCC)
φ̃CCC

MCCC + ME
C fE

C + MCCUfX
CU + MUCUfF DI

UC +

+ τCUqCCU(φ̃CCU)
φ̃CCU

MCCU + τCUqUCU(φ̃UCU)
φ̃UCU

MUCU (12)

where MCCU =
[
1 − G(φX

CU)
]

MC is the mass of Chinese exporters, MUCU =
[
1 − G(φF DI

UC )
]

MU

is the mass of US firms offshoring production to China, and φ̃C, φ̃CCU, and φ̃UCU are the
average productivities defined in Equation 8, Equation 9, and Equation 6, respectively.

In this model, US workers receive income from labor and from the net profits of US firms,
but have to pay the fixed costs of entry.31 Therefore, the income of US workers is:

IU = wULU − wUfE
U ME

U +

+
[
rUUU(φ̃UUU) − wU

qUUU(φ̃UUU)
φ̃UUU

]
MUUU+

+
[
rUCU(φ̃UCU) − wCτCU

qUCU(φ̃UCU)
φ̃UCU

− wCfF DI
UC

]
MUCU .

Similarly, the income of Chinese workers is:

IC = wCLC − wCfE
C ME

C +

+
[
rCCC(φ̃CCC) − wC

qCCC(φ̃CCC)
φ̃CCC

]
MCCC+

+
[
rCCU(φ̃CCU) − wCτCU

qCCU(φ̃CCU)
φ̃CCU

− wCfX
CU

]
MCCU .

31Notice that the labor income of workers includes all the fixed costs paid by the firms. However, workers in
this model also own the firms, so that they have to pay the fixed costs back. Moreover, workers’ income
includes the net profits made in the homogeneous sector, which are equal to zero.
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In equilibrium, the income of workers is equal to the total expenditure in each country:

IU = EU = pHUqHU + rUUU(φ̃UUU)MUUU+ (13)

+ rUCU(φ̃UCU)MUCU + rCCU(φ̃CCU)MCCU

IC = EC = pHCqHC + rCCC(φ̃CCC)MCCC (14)

where qHi = (1 − α)Ei is the optimal demand for the homogeneous good in country i.

The equilibrium is given by the cutoff productivities {φF DI
UC , φX

CU}, the mass of entrant firms
{ME

U , ME
C }, the expenditures {EU, EC}, and the mass of labor used in the homogeneous

sector {LHU, LHC} such that the Zero Cutoff Profit conditions hold (Equation 4 and
Equation 7), the Free Entry condition of each country holds (Equation 10), the labor market
clearing conditions hold (Equation 11 and Equation 12), and there is expenditure-income
balance in each country (Equation 13 and Equation 14), for a given set of wages {wU, wC}
and price indices {PΩU,PU,PΩC,PC} defined as follows:

PΩU =
[
MUUUpUUU(φ̃UUU)1−σ + MUCUpUCU(φ̃UCU)1−σ + MCCUpCCU(φ̃CCU)1−σ

] 1
1−σ

PΩC =
[
MCCCpCCC(φ̃CCC)1−σ

] 1
1−σ

and PU = Pα
ΩU and PC = Pα

ΩC.

5.4 Foreign varieties in theory and in the data

Since each firm produces only one variety, the mass of varieties available in the United
States is equal to the sum of the mass of US firms producing domestically (MUUU), the
mass of US firms offshoring production (MUCU), and the mass of Chinese firms exporting
to the US (MCCU):

ΩU = MUUU + MUCU + MCCU .

Welfare in the United States is given by the real wage. The price index of the composite
good can be rewritten as:32

PΩU =
[
MUUUp̃1−σ

UUU + MUCUp̃1−σ
UCU + MCCUp̃1−σ

CCU

] 1
1−σ (15)

32See Appendix D for details on the derivations.
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where p̃UUU is the price of the average productivity firm producing domestically, p̃UCU is
the price of the average productivity firm offshoring production to China, and p̃CCU is the
price of the average productivity firm exporting to the US. The overall price index in the
US is Pα

ΩU. Therefore, the real wage in the US is given by

wU

PU
= wU[

MUUUp̃1−σ
UUU + MUCUp̃1−σ

UCU + MCCUp̃1−σ
CCU

] α
1−σ

. (16)

Notice that the mass of foreign varieties implied by the model is MCCU. However, using
data on trade flows would conflate MCCU and MUCU as foreign varieties, thus overstating
variety gains from foreign varieties in Equation 16. Without making a distinction between
the Chinese and the American designs contained in US imports from China, we would
implicitly assume that all Chinese trade flows are the same from a variety standpoint.
Re-sourcing from the United States to China would artificially inflate the number of foreign
varieties available in the US market if we erroneously attributed all Chinese trade flows to
Chinese designs. Attributing the correct design country of imported goods goes beyond a
mere reshuffle of welfare; it also has implications for the effect of trade policy on product
innovation. These will be explored in the next subsection.

5.5 Comparative statics

In 2001, China’s accession to the World Trade Organization marked a significant shift in
its economic integration with the global market. This development implied that China
would become a more interconnected participant in the world economy, and that Chinese
exports would be subject to more predictable tariff regimes (Pierce and Schott, 2016). The
practical implications of this shift were twofold. First, it boosted imports of Chinese goods
by other countries. Second, it enabled greater foreign direct investment (FDI) in China,
allowing firms to leverage it as a production hub.
These two channels – Chinese firms exporting and US firms offshoring to China – likely
have distinctive impacts on the US market. While both imply greater imports from China,
they differ in the type of goods they bring to US consumers: Chinese firms exporting to
the US bring Chinese varieties, but US firms producing in China bring US varieties. In
this model, I explore each channel by examining the effects of a reduction in fixed costs
associated with exporting and offshoring, respectively.33

33This section shows comparative statics obtained for a change in the fixed costs of exporting for Chinese
firms and the fixed costs of offshoring for US firms. The comparative statics for a change in iceberg trade
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First, I look at the effect of a decrease in fixed costs of exporting for Chinese firms. By
making it easier for these firms to export to the US, more Chinese firms export to the US
and more Chinese varieties are available to US consumers. These foreign varieties compete
with domestic ones, driving some US firms out of the market.
Figure 4 shows the effect of decreasing fixed costs of exporting for Chinese firms. The fixed
costs of exporting fX

CU enters directly only the profits of Chinese firms exporting to the US.
For each productivity level, Chinese firms get larger profits from exporting. This directly
affects the cutoff productivity for Chinese exporters implicitly defined by the Zero Cutoff
Profit condition in Equation 7. With lower fixed costs of exporting, the cutoff productivity
for Chinese firms to start exporting to the US decreases (the red line in Figure 4.1), more
Chinese firms export, and there are more Chinese goods being imported in the US (the
red line in Figure 4.2). Note that in this case, Chinese goods make for the vast majority
of US imports, which is what we can observe in the data (the purple line in Figure 4.2).
As more Chinese goods enter the US market, US firms face tougher competition on the
product space. Prices in the US decrease and so does the demand for US-owned varieties.
This lessens the sales of US firms in the domestic market, and some of them are forced
to exit: the share of US-owned varieties decreases (Domestic design in Figure 4.3). Since
the vast majority of US firms produce domestically, also US-owned varieties produced
domestically decrease (Domestic production in Figure 4.3). A similar pattern is visible for
the overall market share of US-owned varieties (Domestic design in Figure 4.4) and for
the market share of the subset of US-owned varieties produced domestically (Domestic
production in Figure 4.4). The more marked difference between the two lines in the last
panel is due to the fact that there are very few, very productive, and therefore very large,
US firms offshoring production to China. Overall, this comparative static exercise shows
that facilitating Chinese exports to the US has a negative effect on US firms, as they face
more competition from Chinese goods.

In the second comparative statics exercise, I look at the effect of a decrease in fixed costs of
offshoring for US firms. By making it easier for US firms to produce in China, more US
firms offshore production and more US varieties are produced in China and are now part of
US imports from China. Expected profits of US firms rise, allowing more US firms, and
consequently more US varieties, to enter the market. This trade policy is similar to giving

costs are shown in Appendix D and are similar to those obtained for a change in fixed costs of exporting.
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Figure 4: Change in fixed costs of exporting

Figure 4.1: Cutoffs Figure 4.2: Imported varieties

Figure 4.3: Variety share Figure 4.4: Market share

Note: Comparative statics for different values of fixed costs of exporting fX
CU on the inverted x-axis. The

top-left panel shows the cutoff productivity for Chinese firms to start exporting to the US (φX , red line), for
US firms to start offshoring production to China (φF DI , blue line), and the lower bound of the productivity
distribution in both countries (b, dashed gray line). The top-right panel shows the mass of Chinese-owned
varieties imported by the US (MCC , red line), the mass of US-owned varieties produced in China (MUC ,
blue line), and their sum – the total mass of varieties imported by the US (M imp, purple line). The
bottom-left panel shows all US-owned varieties regardless of their production location (Domestic design,
dark blue line) and US-owned varieties produced domestically (Domestic production, light blue line) as a
percentage of all varieties sold in the US market. The bottom-right panel shows the US market share of all
US-owned varieties regardless of their production location (Domestic design, dark blue line) and US-owned
varieties produced domestically (Domestic production, light blue line).
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Figure 5: Change in fixed costs of offshoring

Figure 5.1: Cutoffs Figure 5.2: Imported varieties

Figure 5.3: Variety share Figure 5.4: Market share

Note: Comparative statics for different values of fixed costs of offshoring fF DI
UC on the inverted x-axis.

The top-left panel shows the cutoff productivity for Chinese firms to start exporting to the US (φX , red
line), for US firms to start offshoring production to China (φF DI , blue line), and the lower bound of the
productivity distribution in both countries (b, dashed gray line). The top-right panel shows the mass of
Chinese-owned varieties imported by the US (MCC , red line), the mass of US-owned varieties produced in
China (MUC , blue line), and their sum – the total mass of varieties imported by the US (M imp, purple
line). The bottom-left panel shows all US-owned varieties regardless of their production location (Domestic
design, dark blue line) and US-owned varieties produced domestically (Domestic production, light blue line)
as a percentage of all varieties sold in the US market. The bottom-right panel shows the US market share
of all US-owned varieties regardless of their production location (Domestic design, dark blue line) and
US-owned varieties produced domestically (Domestic production, light blue line).
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US firms access to a cheaper production technology.
Figure 5 shows the effect of decreasing fixed costs of offshoring for US firms. The fixed
costs of offshoring fF DI

UC enters directly only the profits of US firms offshoring production to
China. For each productivity level, US firms get larger profits from offshoring production
to China. The cutoff productivity implicitly defined by the Zero Cutoff Profit condition in
Equation 4 is directly affected by the fixed costs of offshoring: the lower the fixed costs
of offshoring, the lower the cutoff productivity for US firms to start offshoring (the blue
line in Figure 5.1). As a consequence, more US firms offshore production to China, and
there are more US varieties produced abroad being imported in the US (the blue line in
Figure 5.2). With more US firms producing in China and shipping those goods back to
the US, overall US imports from China increase (the purple line in Figure 5.2). These
overall imports are what we usually observe in the data but mask the fact that most of
the increase comes from the import of US-owned varieties (the red and the blue line in
Figure 5.2, respectively). As US imports from China increase, US exports to China must
also increase to maintain balanced trade. The United States export the homogeneous
good sector, so the demand for labor to be employed in the homogeneous good sector
increases. With more US varieties being produced in China, fewer US varieties are produces
domestically (Domestic production in Figure 5.3) and so their market share decreases as
well (Domestic production in Figure 5.4). As the largest, more productive US firms move
their production activities to China, and as their sales increase with lower fixed costs of off-
shoring, the market share of all US-owned varieties increases (Domestic design in Figure 5.4).

The comparative statics show that the effect of an increase in imports from China on the
mass of US-owned varieties, whether produced domestically or not, depends on the type of
the shock, and consequently on the composition of these imports. In the data we rarely
observe such composition: we can only observe overall exports from China, not whether
they are made by Chinese-owned firms or foreign-owned firms. This project provides the
necessary framework for empirically testing the predictions of this model, which I will
explore in detail in the next section.

6 Chinese competition and product innovation

The early 2000s were characterized by the surge of China as the world manufacturer.
Between 1989 and 2014, US imports from China as a share of total imports have grown by

29



six times, leading many economists to study the impact of what has been known as the
“China shock” on various outcomes, ranging from employment to patenting activity.34

However, what do US imports from China consist of? Most of these studies posit that these
flows are composed of many cheap goods manufactured in China, whose presence in the US
market undermines the sales of domestic firms. However, among US firms there are big
multinationals whose manufacturing activity has benefitted from lower wages in the Chinese
market and from lower tariffs after China’s entry in the World Trade Organization. As
discussed in Section 4, US imports from China largely consist of imports from MNEs located
in China. Interpreting a surge in trade flows as a surge in varieties becomes problematic,
as it creates a discrepancy with the theory described in Section 5: trade flows from China
include both Chinese designs and US designs manufactured in China; the latter are not
new varieties for American consumers. In summary, not all “made-in-China” goods are
genuinely Chinese varieties.35

6.1 Import competition

Given that not all imports from China represent the same varieties, it is crucial to distinguish
between trade flows from Chinese firms and those from MNEs when examining the impact
of Chinese import competition on product innovation. I define two explanatory variables for
a sector s over an h-years time window before year τ . The first one is the Davis-Haltiwanger
growth rate (Davis and Haltiwanger, 1992) of US imports from MNEs in China:

MNEs,τ =

(
MMNE,US

s,τ

MUS
s,τ

− MMNE,US
s,τ−h+1

MUS
s,τ−h+1

)
0.5 ×

(
MMNE,US

s,τ

MUS
s,τ

+ MMNE,US
s,τ−h+1

MUS
s,τ−h+1

) × 100 (17)

34The literature on the “China shock” brings evidence of lower prices (Feenstra and Weinstein, 2017; Amiti
et al., 2020), but also of lower earnings to labor markets in the US, and, to a lesser extent, in Germany,
Spain, Norway, and France (Autor et al., 2013; Dauth et al., 2014; Donoso et al., 2015; Balsvik et al.,
2015; Malgouyres, 2017). With respect to innovation, the literature finds conflicting evidence on the
role of Chinese competition: it has a positive (Bloom et al., 2016; Xu and Gong, 2017; Impullitti and
Licandro, 2018), negative (Autor et al., 2020), or inverted-U effect on innovation (Chakravorty et al.,
2022). Finally, Yang et al. (2021) find that the effect of Chinese competition depends on the type of the
innovation itself: while product innovation incentives of Canadian firms are stimulated by an increase in
competition from China, process innovation incentives decline. Negative labor market effects are smaller
or not present on aggregate at the national level (Hsieh and Ossa, 2016; Galle et al., 2017; Caliendo et al.,
2019; Adao et al., 2019).

35This argument is in line with the work of Jakubik and Stolzenburg (2021) which removes US value added
in Chinese exports from the exposure measure used in Autor et al. (2013). They find that this decoupling
reduces the volume of the shock as well as the size of the negative effect on local labor markets.
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where MMNE,US
s,τ is US imports of sector s goods coming from MNEs located in China in year

τ and MUS
s,τ is overall imports of sector s goods in the US in year τ . The second explanatory

variable is the Davis-Haltiwanger growth rate of US imports from Chinese-owned firms:

CNs,τ =

(
MCN,US

s,τ

MUS
s,τ

− MCN,US
s,τ−h+1

MUS
s,τ−h+1

)
0.5 ×

(
MCN,US

s,τ

MUS
s,τ

+ MCN,US
s,τ−h+1

MUS
s,τ−h+1

) × 100 (18)

where MCN,US
s,τ is US imports of sector s goods coming from Chinese firms located in China.

It is possible that the effect of import competition on product innovation is heterogeneous
across firms. I split trademarking firms in two categories: incumbent firms, which have
owned a trademark for at least five years or have purchased a trademark from another firm,
and entrant firms, which have owned a trademark for less than five years. Motivated by
the difference in entry rates between entrant and incumbent firms shown in Figure A3 in
Appendix A, I test for a heterogeneous impact of import competition on firms based on
their status as either entrant or incumbent. Empirically, I aggregate the data at the sector,
year, and status level to estimate the following fully saturated specification:

Ysit = βE
MNEMNEE

sit + βI
MNEMNEI

sit + βE
CNCNE

sit + βI
CNCNI

sit + δδδ′ + εsit (19)

where index s represents a sector, index t represents a year, and index i represents the
status of entrant or incumbent. The dependent variable Yist is either the h-years growth
rate of varieties in sector s over all firms of status i or the logarithm of the number of firms
with status i and varieties in sector s operating in the last h years. MNEE

st is trade flows
from MNEs as defined in Equation 17 and interacted with an indicator variable for entrant
firms, while MNEI

st is the same variable interacted with an indicator variable for incumbent
firms. The other two sets of explanatory variables are CNE

st and CNI
st, which are the trade

flows from Chinese firms as defined in Equation 18 interacted with an indicator variable for
entrant firms and for incumbent firms, respectively. Finally, I control for a battery of fixed
effects δδδ, including year, sector, and status fixed effects. The error term εsit is clustered at
the sector-year level. My baseline specification uses time intervals of five years, but results
are robust to using time intervals of three years.36

This specification may be subject to omitted variable bias. There may be an unobservable

36Results for three-years time intervals are displayed in Figure A14 and Figure A15 in Appendix A.
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variable causing both trade flows from China and American-owned varieties to change. For
example, a positive demand shock in the United States could cause both imports from
China and domestic varieties to rise. To account for that, I instrument both MNEs and
Chinese exports to the US with the corresponding trade flows to the rest of the world. In
other words, I instrument trade flows from foreign-owned firms located in China to the US
with trade flows from foreign-owned firms located in China to any other country in the
world. Similarly, I instrument trade flows from Chinese-owned firms located in China to the
US with trade flows from Chinese-owned firms located in China to the rest of the world.37

In doing so, I am able to exclude the effect of potential unobservable shocks specific to the
United States. However, note that the exclusion restriction of this instrument holds only
if the unobservable shocks of the United States are not correlated with the unobservable
shocks of all other countries.

I am interested in the coefficients βE
MNE and βI

MNE for the effect of trade flows from MNEs,
and in the coefficients βE

CN and βI
CN for the effect of trade flows from Chinese-owned firms.

A one standard deviation increase in the growth of trade flows from MNEs leads to more
US-owned varieties, as displayed in Figure 6.1: a one standard deviation increase in the
growth of trade flows from MNEs located in China leads to a 7–8% increase in variety entry
rate of both incumbent and entrant firms. In contrast, a one standard deviation increase in
the growth of trade flows from Chinese-owned firms leads to an 8% decrease in the entry
rate of varieties of newly established American firms. This result suggests a deterrance
effect of direct import competition from China on new US products. The magnitude of
such effect is sizeable: doubling the growth in imports from Chinese firms leads to a 10%
decrease in the entry rate of US-owned varieties in the American market.38

The effect on the number of firms offering these products is similar. A one standard
deviation increase in the growth of trade flows from Chinese-owned firms corresponds to a
10% decrease in the number of newly established US firms (Figure 6.2).

37This instrument is not dissimilar from those used by Costa et al. (2016) and Hummels et al. (2014) for
Brazil and Denmark, respectively. The first stage is shown in Table A11 in Appendix A.

38The OLS estimates for the growth of imports from Chinese-owned firms and the growth of imports from
MNEs are biased in different directions. As formalized by Levinsohn and Petrin (2003), this can happen if
the two types of imports are positively correlated and one of the two responds to the unobservable shock
more than the other. The two trade flows are positively correlated, as seen in Figure 3. The unobservable
shock could be a positive demand shock in the US market, making it is plausible that US imports from
Chinese-owned firms located in China respond more to it than US imports from MNEs located in China.
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Figure 6: The effect of import competition on domestic product innovation

Figure 6.1: Varieties Figure 6.2: Firms

Notes: The figure shows the estimated coefficients for entrant and incumbent firms of the effect of import
competition on the entry rate of US-owned varieties and on the number of US firms (Equation 19). Import
competition is computed using only trade flows of foreign-owned firms located in China (“MNEs”), or only
trade flows of Chinese-owned firms located in China (“Chinese”). 90%, 95%, and 99% confidence intervals
are shown. The dark and light blue coefficients report OLS estimates, while the red and yellow coefficients
report 2SLS estimates. Coefficients in terms of percentage of the average value of the dependent variable
are taken from Table A12 and Table A13 in Appendix A.

Figure 7: The effect of aggregate import competition on domestic product innovation

Figure 7.1: Varieties Figure 7.2: Firms

Notes: The figure shows the estimated coefficients of the effect of aggregate imports from China on the entry
rate of US-owned varieties and on the number of US firms. 90%, 95%, and 99% confidence intervals are
shown. The dark blue coefficients report OLS estimates, while the red coefficients report 2SLS estimates.
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Taken together, Figure 6.1 and Figure 6.2 provide evidence that increased trade flows from
Chinese firms hinder the entry of new firms in the US market and the introduction of new
varieties. In other words, competition from China reduces the profit margins that firms
expect to make once entering the market, and thus dissuades them from doing so.
The notion that intense competition is responsible for the decreased entry of firms is sup-
ported by Figure A16 in Appendix A which further splits direct Chinese import competition
into trade flows of final and intermediate goods. The negative effect of import competition
comes exclusively from imports of final goods departing from Chinese-owned firms.
On the contrary, trade flows from MNEs located in China lead to an increase in new US firms
producing differentiated products and on product entry. While the lack of information on the
precise ownership of foreign-owned firms located in China does not allow for a more refined
analysis, this result can be rationalized if some of the MNEs located in China are American
firms. The intuition is that some US firms may create a new product – hence a US variety –
but benefit from low manufacturing costs in China and ship their made-in-China goods to
the US. For example, a new model of Nike shoes (a US company) could be manufactured and
shipped to the US by Nike’s subsidiary in Suzhou (a foreign-owned company in China).39

The differential effect of US imports from Chinese-owned firms and MNEs matches the
predictions made by the parsimonious model in Section 5: an influx of Chinese varieties has
pro-competitive effects on the US market and prevents the entry of more firms, while an
increase in trade flows from MNEs allows more firms to enter and introduce products. This
would be in line with the findings of Fort et al. (2020), suggesting that in the years 2007–2011
some US firms have shifted manufacturing to China but have kept patenting in the US.
If most MNEs located in China are US firms, the positive effect of MNEs-led exports on
product entry of American varieties would also be in line with more direct evidence on the
product innovation activity of offshoring firms in other contexts: Branstetter et al. (2021)
find that Taiwanese firms offshoring some production to China introduce new products in
other parts of their portfolio, while Bernard et al. (2023) find a similar effect for Danish firms.

The results shown in Figure 6 provide a more nuanced insight than what could be obtained
from merely looking at aggregate US imports from China, which pool trade flows from

39While the actual manufacture of shoes may also happen through third-party contract suppliers (Fort,
2023), some of these subsidiaries are responsible for import and export activities in China. For example,
of the four Nike’s subsidiaries reported for China in 2013, three operate in import/export. The full list of
subsidiaries can be accessed on exhibit 21 of their annual report (10-K) filed with the US Securities and
Exchange Commission: https://www.sec.gov/.
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Chinese-owned and foreign-owned firms together. Figure 7 shows that aggregate import
competition has a zero effect on product innovation. This result is somewhat in line with
Autor et al. (2020), finding a negative effect of Chinese import competition on patenting
activity of small firms, but no effect on the patenting activity of above-median firms. Patent-
ing activity is likely to conflate both product and process innovation, as many products
are not associated with patents (Argente et al., 2021). From Yang et al. (2021) we should
expect product and process innovation to respond differently to import competition. If
we split firms into entrants and incumbents, we can see that aggregate import competi-
tion has no effect on new products brought by entrant firms but a positive effect on new
products brought by incumbent firms (column (1) in Table A12 in Appendix A). However,
distinguishing trade flows from China based on the ownership of the exporting firms is
crucial for uncovering novel results: the increase in variety entry rate is explained only by
the increase in trade flows from MNEs located in China, suggesting that the introduction
of new varieties was possible because of access to cheaper manufacturing costs abroad.

It is natural to ask what would have been obtained by using a more standard measure of
varieties, such as HS codes and country of origin pairs. The answer is that it is not possible
to measure domestic varieties using HS codes and country of origin pairs. To construct a
proxy for domestic US varieties using sectoral trade flows, I assume that HS 6-digits sectors
exported by the United States are sectors where US firms are active and equivalent to
domestic varieties for US consumers. This is possibly a lower bound of the actual domestic
varieties, if US consumers have access to varieties as measured by HS codes that are never
expored. I then compute the growth rate of US exported varieties to the rest of the world
and use it as a proxy for the growth rate of US varieties. Table A14 in Appendix A shows
the results with this alternative measure. Note that my previous instrumental variable is
not valid in this specification.40 Contrary to the results obtained with trademarks, imports
from Chinese-owned firms located in China have no effect on the entry rate of US varieties
when using HS codes. On the other hand, Table A14 in Appendix A shows a negative effect
of US imports from foreign-owned firms located in China on the entry rate of US varieties.
While at first counterintuitive, these results can be rationalized once we realize that the
measure of domestic varieties is based on US exporting activity, which is diverted by the

40Since US variaties are now measured as the number of sectors with a positive value of US exports, there
may be an unobservable shock, like a demand shock in some foreign countries, affecting both imports
from China (the instrument for US imports from China) and the range of sectors imported from the US
(the dependent variable).
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US offshoring activity to China. If the United States offshore production to China, they
can access the Chinese market or any other market from there, no longer having to ship
goods from the US.41

6.2 Export competition

I then turn to foreign product innovation in the US market, as US imports from China
may have effects on the introduction of new products by third countries. An increase in US
imports from China may, for example, sway a German or French firm from selling a brand-
new product to American consumers. This is usually referred to as export competition, as
it is competition happening in a common export market.

To study the effect of increased US imports from China on product innovation of other
foreign firms, I use a similar specification to Equation 19:

Ysit = βE
MNEMNEE

sit + βI
MNEMNEI

sit + βE
CNCNE

sit + βI
CNCNI

sit + δδδ′ + εsit (20)

where index s represents a sector, index t represents a year, and index i represents the status
of entrant or incumbent. The dependent variable Ysit is now either the h-years growth rate
of varieties over all firms of non-US and non-Chinese nationality and status i in sector s or
the logarithm of the number of firms with non-US and non-Chinese nationality, status i,
and varieties in sector s operating in the last h years. MNEE

st is trade flows from MNEs as
defined in Equation 17 and interacted with an indicator variable for entrant firms, while
MNEI

st is the same variable interacted with an indicator variable for incumbent firms. The
other two sets of explanatory variables are CNE

st and CNI
st, which are the trade flows from

Chinese firms as defined in Equation 18 interacted with an indicator variable for entrant
firms and for incumbent firms, respectively. Finally, I control for year, sector, and status
fixed effects in δδδ. The error term εsit is clustered at the sector-year level.

When looking at non-US and non-Chinese firms, I observe similar results both in terms of
direction and magnitude. A one standard deviation increase in trade flows from Chinese
firms to the US market corresponds to almost a 15% decrease in new foreign-owned varieties

41Note that the negative effect of US imports from MNEs located in China is not driven by the sectors
that are only exported by the United States to China, as the estimated coefficients do not substantially
change when excluding those HS codes (Table A15 in Appendix A).
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Figure 8: The effect of export competition on foreign product innovation

Figure 8.1: Varieties Figure 8.2: Firms

Notes: The figure shows the estimated coefficients for entrant and incumbent firms of the effect of export
competition on the entry rate of non-US-owned and non-Chinese-owned varieties in the US market and
on the number of those firms (Equation 20). Export competition is computed using only trade flows of
foreign-owned firms located in China (“MNEs”), or only trade flows of Chinese-owned firms located in
China (“Chinese”). 90%, 95%, and 99% confidence intervals are shown. The dark and light blue coefficients
report OLS estimates, while the red and yellow coefficients report 2SLS estimates. Coefficients in terms
of percentage of the average value of the dependent variable are taken from Table A16 and Table A17 in
Appendix A.

from newly established firms (Figure 8.1). Once again, import competition from Chinese
firms deters entry and product innovation of newly established non-Chinese firms.
Such entry prevention is larger than those observed for US firms. Intuitively, we can expect
entry deterrence to be stronger between goods that are closer substitutes. Feenstra et al.
(2018) show that the elasticity of substitution between alternative import sources is larger
than the elasticity between domestic and foreign sources. Chinese varieties have a higher
elasticity of substitution with domestic varieties than with foreign ones, thus making it
harder for consumers to substitute a US variety with a Chinese one. The greater difficulty
in switching products may explain why entry prevention is less pronounced for domestic
firms than for foreign ones.
A main distinction compared to the previous results comes from incumbent firms. Trade
flows from MNEs lead to almost a 10% decrease in the product innovation activities of
foreign incumbent firms. As much of offshoring activity in China is made by US firms, it
is possible that the negative effect of MNE trade flows simply indicates US firms being
more competitive at the expenses of non-Chinese foreign firms who do not get the chance
to offshore production to China. Unfortunately, Chinese customs data does not have
information on the precise nationality of foreign-owned firms in China, which would help
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uncover whether this effect comes from American MNEs in China or not.42

Once again, we may ask what would have been obtained by using the more standard
measure relying on sectoral trade classifications. I estimate again Equation 20 measuring
foreign varieties as unique pairs of HS 6-digits codes and country of origin for which the
United States have positive imports. Table A18 in Appendix A shows that no measure
of US imports from China has an effect on the growth rate of foreign varieties in the US
market when using HS codes.

7 Variety gains from trade

Ultimately, economists are interested in changes in the mass of varieties because they reflect
on consumer welfare. Section 5 introduced a model with CES preferences. In such a setting,
the price index for any mass of varieties M can be decomposed into three components:

lnP = ln p − 1
σ − 1

1
M

M∑
m=1

ln
(

R

Rm

)
− 1

σ − 1 ln M (21)

where R represents revenues and x is the average of variable x over all varieties.43 The
first component, ln p, is the average log unit price. This component is positively correlated
with the overall price index: if on average there are goods with higher unit prices, then the
overall price index increases. The second component shown in Equation 21 is the Theil
index, a measure of market concentration. This component directly affects the overall
price index: with a more concentrated market in terms of revenues, 1

σ−1
1

M

∑M
m=1 ln

(
R

Rm

)
decreases and the overall price index increases. If the product market is highly concentrated,
consumers tend to pay higher prices. The last component shown in Equation 21 relates
to the mass of varieties available in the market. As the mass of varieties increases, the

42The effect on Chinese product innovation reflects the findings of Table 2: trade flows from MNEs partially
deter the entry of newly established firms, while trade flows from Chinese firms foster both innovation
and entry (Figure A17 in Appendix A).

43Equation 21 is obtained from the result that revenue shares are proportional to the price shares:
Rm∑
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and rearranging terms, we obtain Equation 21.
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price index decreases, reflecting the fact that consumers enjoy a higher level of welfare by
consuming a wider set of goods.

Using the decomposition shown in Equation 21, I can rewrite changes in welfare over a
time window h as the first difference of log price indices:
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− ln
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This paper quantifies the welfare change resulting from an increase in the mass of available
varieties, referred to as variety gains from trade; specifically, the last term of Equation 22.44

Since trademarks lack information on prices and revenues at the product level, they are
not suitable for computing the other components of the price index decomposition in
Equation 21. However, using data on US imports and measuring varieties as HS-country
pairs, the mass of varieties appears to contribute between 40 to 45% of the price index of
imported goods (Table A10 in Appendix A). Therefore, any insights on the variety gains
from trade gives us a better understanding of almost half of the price index.

Table 3 shows the variety gains from trade obtained by US consumers over the period 1995
to 2014 using two different definitions of variety: pairs of HS codes and country of origin,
or trademarks. This is the change in welfare obtained by a change in the mass of available
varieties, keeping constant US wages, unit prices, and market concentration.45 In addition
to changes in the number of varieties, welfare is determined by the elasticity of substitution
σ. When using HS codes, the literature has commonly used an elasticity of substitution
of 5. For trademarks, I estimate the elasticity of substitution implied by monopolistic
competition markups of Compustat firms that own only one trademark throughout the

44The literature has shown that the contribution of variety gains from trade on the price index is quite large:
the increase in mass of available Chinese varieties in the years 2000-2006 corresponds to two-thirds of the
decrease in price index for US consumers (Amiti et al., 2020). However, notice that Amiti et al. (2020)
use a different kind of decomposition, where variety gains include the market share of new varieties.

45A constant market concentration is plausible: Amiti and Heise (2024) shows that market concentration
of all firms selling to the US market has not changed in the years 1992-2012, whether measured as the
market share of the top 20 firms or as the Herfindahl-Hirschman Index.
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sample period. Depending on the fraction of selling, general, and administrative expenses
attributed to variable costs, I obtain an elasticity of substitution of 5 or 10 (see Table A9
in Appendix A).

Depending on the elasticity used, the welfare gains implied by trademarks are between two
and five times larger than those implied by 6-digit HS codes. The two approaches differ
conceptually in two dimensions. On one hand, HS codes may undercount the number of
varieties because they are coarse groupings, so they fail to capture the creation of new
varieties within one sector. For example, they would not capture the creation of different
brands of compact SUVs, as they would all fall within the same HS 6-digit category 870323.
On the other hand, HS codes may overstate the number of varieties because they treat the
country of shipment as an intrinsic characteristic of a good. Going back to the compact SUVs
example, HS codes would count a Honda CR-V imported from Japan and a Honda CR-V
imported from Mexico as two different varieties. The larger welfare gains observed with
trademarks in Table 3 suggest that the first source of bias is more significant than the second.

One could be concerned that the US price index for foreign varieties obtained using HS
codes and trademarks are conceptually different. Indeed they are conceptually different:
both include foreign varieties produced abroad, but the HS-based price index contains
also US varieties produced abroad, while the trademarks-based price index also contains
foreign varieties produced in the US. For example, the HS-based price index contains Nike
shoes manufactured in Suzhou, while the trademark-based price index contains Honda cars
assembled in Ohio. To make the two price indices comparable, I compute them over all
varieties available in the US, both domestic and foreign ones. However, HS codes cannot be
used to measure domestic varieties because they only track shipments across borders. To
construct the overall HS-based price index, I assume that the number of HS codes exported
by the US is also consumed domestically, using that as a proxy for domestic US varieties.
Table 4 shows that trademarks still imply larger welfare gains than HS 6-digit codes, but
the difference is smaller in magnitude: variety gains implied by trademarks are between
two to three times larger than variety gains implied by HS codes.
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Table 3: Variety gains from trade

Time interval HS 6-digit Trademarks
σ = 5 σ = 5 σ = 10

1995-1999 2.47% 11.95% 5.15%
2000-2004 1.62% 9.40% 4.07%
2005-2009 -1.47% 7.56% 3.29%
2010-2014 0.84% 5.51% 2.41%

Notes: The table shows the welfare gains for US consumers due to an expansion in the mass of foreign
varieties available in four time periods. The first column defines varieties as pairs of HS 6-digits codes and
country of origin. The second and third column use varieties as measured by trademarks, but differ in the
elasticity of substitution σ being used, which is obtained from computing markups of firms in Compustat
(Table A9 in Appendix A).

Table 4: Variety gains from trade including domestic varieties

Time interval HS 6-digit Trademarks
σ = 5 σ = 5 σ = 10

1995-1999 2.63% 7.91% 3.44%
2000-2004 1.46% 7.22% 3.15%
2005-2009 -1.43% 3.76% 1.66%
2010-2014 0.73% 3.96% 1.74%

Notes: The table shows the welfare gains for US consumers due to an expansion in the mass of overall
varieties available in four time periods. The first column defines varieties as combinations of HS 6-digits
codes and country of origin. The second and third column uses varieties as measured by trademarks, but
differ in the elasticity of substitution σ being used, which is obtained from computing markups of firms in
Compustat (Table A9 in Appendix A). Domestic trademark-based varieties are trademarks registered by
US firms. Domestic HS-based varieties are the number of HS 6-digits codes for which the US has non zero
value of exports to any other country.
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8 Conclusion

The relationship between globalization and the availability of new products is a key
theoretical channel for welfare. However, quantifying these welfare gains is challenging, as
it requires a measure of the change in the range of varieties available in a market. In this
paper, I propose a new measure of varieties that does not use production location as a
characteristic and that allows it to capture both domestic and foreign products.
This measure is based on trademarks registered in the United States between 1982 and
2020. Combining them with detailed Chinese customs data, I show that not all imports
are equal from a variety standpoint: disentangling country of design from the country of
production of a product is key to fully assessing variety gains from trade.
Overall, this paper sheds light on two key issues. First, it quantifies variety gains from trade.
Trademarks deliver 2-3 times larger variety gains for the years 1995-2014 compared to what
can be obtained using standard measures. This result suggests that sectoral trade flows
do not capture the full extent of product innovation happening within sectoral categories.
Second, it studies the effect of import competition from China on the introduction of new
products in the American market. I find that only imports from Chinese-owned firms
located in China have a detrimental effect on the introduction of new US products.
This is the first paper establishing a direct and credible connection between customs data
and varieties while providing a cautionary, if not intuitive, result: not all trade is equal
from the perspective of variety growth. Correctly measuring varieties matters for broader
questions in international trade with relevant policy implications. Extending the data
coverage beyond 2014 could allow the study of brands reallocation due to the US-China
Trade War. My new measure does not treat re-sourcing as a new variety, allowing a more
accurate assessment of the trade war’s effect on the availability of new products in the
American market.
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A Other tables and figures

Table A1: Summary statistics for goods

Varieties Firms

Count Percentage Count Percentage

Overall 2,189,939 643,645

Final 1,020,348 47% 334,616 52%
Intermediate 1,169,591 53% 401,232 62%

Domestic 1,611,724 73% 476,844 74%
Foreign 578,215 27% 166,801 26%

Notes: Count of varieties and firms, overall or split by sector and nationality.
Final and intermediate sectors are defined based on the share of consumer
expenditure of the corresponding ISIC code using the US Input-Output ta-
ble: varieties in sectors for which at least 70% of final consumption is done
by consumers are classified as final. Note that percentages for firms do not
always sum up to 100% because firms can own both final and intermediate
varieties. The concordance from the trademarks sectoral classification to the
ISIC classification is taken from Battacharyya et al. (2017).

Figure A1: Goods and new goods per firm

A1.1: Varieties A1.2: New varieties

Notes: The figures show the distribution of varieties and new varieties per firm over time. Only varieties in
the goods sector are considered. The bars show the 25th and 75th percentile of the distribution, the darker
blue line shows the median, while the upper spike shows the 90th percentile of the distribution. The red
diamond shows the average number of varieties or new varieties per firm.
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Figure A2: Varieties and new varieties per firm

A2.1: Varieties of domestic firms A2.2: New varieties of domestic firms

A2.3: Varieties of foreign firms A2.4: New varieties of foreign firms

Notes: The figures show the distribution of varieties and new varieties per firm over time. The upper
panels show the distribution of varieties and new varieties for domestic firms, the bottom panels show the
distribution for foreign firms. The bars show the 25th and 75th percentile of the distribution, the darker
blue line shows the median, while the upper spike shows the 90th percentile of the distribution. The red
diamond shows the average number of varieties or new varieties per firm.
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Figure A3: Fewer new varieties from entrant firms

Notes: The figure shows the variety entry rate of new firms (Entrant) and the variety entry rate of incumbent
firms (Incumbent). Incumbent firms are defined as firms owning a trademark for at least five years or
purchasing an existing trademark.

Figure A4: Comparison of variety shares of top 30 partners

Notes: The figure compares the varieties share of selected countries in 2001 as measured using HS 10-digits
codes and using trademarks. It shows the percentage points lost or gained when using trademarks compared
to the ranking obtained through 10-digits HS codes and country of origin pairs, as defined in Equation 1.
Countries are ranked based on their GDP per capita in 2001. GDP per capita is not available for Taiwan,
which is displayed in gray on the bottom.
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Figure A5: Comparison of variety shares – different HS digits

A5.1: HS 8-digit A5.2: HS 6-digit

Notes: The figure compares the varieties share of selected countries in 2001 as measured using trademarks
and HS 8-digits codes on the left panel, or HS 6-digits codes on the right panel. It shows the percentage
points lost or gained when using trademarks compared to the ranking obtained through 8-digits or 6-digits
HS codes and country of origin pairs, as defined in Equation 1. Countries are ranked based on their GDP
per capita in 2001.

Figure A6: Comparison of ranking and variety shares in 2014

A6.1: Ranking A6.2: Shares difference

Notes: The figure compares the varieties share of selected countries in 2014 as measured using trademarks
and HS 6-digits codes. The left panel shows the ranking of each trading partner using trademarks on the
horizontal axis and using HS 6-digits codes on the vertical axis. The right panel shows the percentage
points lost or gained when using trademarks compared to the ranking obtained through 6-digits HS codes
and country of origin pairs, as defined in Equation 1. On the right panel, countries are ranked based on
their GDP per capita in 2014.
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Figure A7: Percentage change in share of trade partners

Notes: The figure shows the object defined in Equation 1 – the difference between the share of varieties
provided by each country c in terms of HS 10-digits codes and the share in terms of trademarks – as a
percentage of the share of HS 10-digits codes. Countries are sorted based on the number of HS 10-digits
varieties provided to the US in 2001.

Figure A8: Variety ranking and trade flows

Notes: The figure compares trade flows of selected countries in 2001 (horizontal axis) and their ranking in
terms of foreign varieties brought to the US in the same year, as measured using 10-digits HS codes and
using trademarks (vertical axis).
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Figure A9: Change in ranking of trade partners

Notes: “Difference in ranking” is computed as the difference in the ranking of country c as variety provider
calculated using HS 10-digits codes and using trademarks. Countries are sorted based on the number of HS
10-digits varieties provided to the US in 2001.

Figure A10: Number of varieties in the two measures

Notes: The figure shows the number of varieties measured by HS 6-digits codes (x-axis) and trademarks
(y-axis) for each trading partner of the United States in the year 2014. Both axes are in log-scale. The red
line is a 45-degrees line.
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Figure A11: Number of varieties in the two measures by sector

Notes: The figure shows the number of varieties measured by HS 6-digits codes and country of origin (blue)
and trademarks (red) for each sector in the year 2014.

Figure A12: US imports from China and HS codes from China do not correlate

A12.1: HS-codes counts A12.2: HS-codes shares

Note: The figure compares different types of US imports from China with Chinese-owned varieties located
in the United States. “Imports from China”, “MNEs in China”, and “Chinese firms in China” are overall
US imports from China, US imports from non-Chinese-owned firms located in China, and US imports
from Chinese-owned firms located in China as a percentage of total US imports, respectively. “Chinese
HS-varieties” is the number of 6-digits HS codes exported by China, either as count (left panel) or as a
percentage of HS 6-digits codes and country of origin pairs (right panel).
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Figure A13: Detailed US imports from China

Note: The figure compares different types of US imports from China. “Imports from China” is US
overall imports from China as a percentage of total US imports. “MNEs in China” is US imports from
non-Chinese-owned firms located in China as a percentage of total US imports. “Chinese final goods” is
US imports of final goods produced by Chinese-owned firms located in China as a percentage of total US
imports. “Chinese intermediates” is US imports of intermediate goods produced by Chinese-owned firms
located in China as a percentage of total US imports.
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Table A2: Trade flows from Chinese firms in China explain Chinese varieties

(1) (2)
Chinese varieties

(% of foreign)
Chinese varieties

(% of foreign)

Chinese final goods (%) 0.228∗∗∗ 0.207∗∗∗

(0.058) (0.059)
Chinese intermediates (%) 0.111 0.128∗

(0.068) (0.068)
MNEs (%) 0.022

(0.025)
MNEs final goods (%) 0.056

(0.036)
MNEs intermediates (%) 0.006

(0.025)

Obs. 612 612
R2 0.832 0.833

Notes: The observations are at the sector-year level. The dependent variable
is Chinese varieties, measured as Chinese-owned trademarks as a percentage
of all foreign-owned trademarks registered in the US. The explanatory vari-
ables are different types of trade flows from China to the US as percentage of
total US imports: imports of final goods from Chinese-owned firms located
in China; imports of intermediate goods from Chinese-owned firms located in
China; imports from foreign-owned firms (MNEs) located in China; imports of
final goods from MNEs located in China; imports of intermediate goods from
MNEs located in China. All columns include fixed effects for 34 sectors and
18 years. OLS estimates with standard errors clustered at the sector level in
parentheses. *** significant at 1%, ** significant at 5%, * significant at 10%.
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Table A3: Trade flows from Chinese firms in China explain Chinese varieties

(1) (2) (3) (4)
Chinese varieties

(% of foreign)
Chinese varieties

(% of foreign)
Chinese varieties

(% of foreign)
Chinese varieties

(% of foreign)

Total imports (%) 0.101∗∗∗

(0.030)
Chinese firms (%) 0.209∗∗∗

(0.060)
MNEs (%) 0.024 0.022

(0.030) (0.026)
Chinese final goods (%) 0.228∗∗∗ 0.207∗∗∗

(0.062) (0.065)
Chinese intermediates (%) 0.111 0.128∗

(0.073) (0.076)
MNEs final goods (%) 0.056

(0.047)
MNEs intermediates (%) 0.006

(0.029)

Obs. 612 612 612 612
R2 0.816 0.830 0.832 0.833

Notes: The observations are at the sector-year level. The dependent variable is Chinese varieties, measured as Chinese-owned
trademarks as a percentage of all foreign-owned trademarks registered in the US. The explanatory variables are different
types of trade flows from China to the US as percentage of total US imports: total imports from China; imports from
Chinese-owned firms located in China; imports from foreign-owned firms (MNEs) located in China; imports of final goods
from Chinese-owned firms located in China; imports of intermediate goods from Chinese-owned firms located in China;
imports of final goods from MNEs located in China; imports of intermediate goods from MNEs located in China. All
columns include fixed effects for 34 sectors and 18 years. OLS estimates with standard errors clustered at the sector level
and bootstrapped using 100 iterations in parentheses. *** significant at 1%, ** significant at 5%, * significant at 10%.
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Table A4: Trade flows from Chinese firms in China explain Chinese varieties

(1) (2) (3)
Chinese varieties

(ln)
Chinese varieties

(ln)
Chinese varieties

(ln)

Total imports (ln) 0.133
(0.137)

Chinese firms (ln) 0.317∗∗

(0.143)
MNEs (ln) -0.286∗∗

(0.119)
Chinese final goods (ln) 0.387∗∗∗

(0.122)
Chinese intermediates (ln) -0.075

(0.056)
MNEs final goods (ln) -0.137∗

(0.078)
MNEs intermediates (ln) -0.061

(0.054)

Obs. 612 612 610
R2 0.938 0.947 0.951

Notes: The observations are at the sector-year level. The dependent variable is Chinese varieties,
measured as the (log) number of Chinese-owned trademarks in the US. The explanatory variables
are the (log) values of different types of trade flows from China to the US: total imports from China;
imports from Chinese-owned firms located in China; imports from foreign-owned firms (MNEs) located
in China; imports of final goods from Chinese-owned firms located in China; imports of intermediate
goods from Chinese-owned firms located in China; imports of final goods from MNEs located in China;
imports of intermediate goods from MNEs located in China. All columns include fixed effects for 34
sectors and 18 years. OLS estimates with standard errors clustered at the sector level in parentheses.
*** significant at 1%, ** significant at 5%, * significant at 10%.
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Table A5: Trade flows from Chinese firms in China explain Chinese varieties

(1) (2) (3)
Chinese varieties

(ln)
Chinese varieties

(ln)
Chinese varieties

(ln)

Total imports (ln) 0.133
(0.136)

Chinese firms (ln) 0.317∗∗

(0.138)
MNEs (ln) -0.286∗∗

(0.131)
Chinese final goods (ln) 0.387∗∗∗

(0.112)
Chinese intermediates (ln) -0.075

(0.061)
MNEs final goods (ln) -0.137∗

(0.079)
MNEs intermediates (ln) -0.061

(0.062)

Obs. 612 612 610
R2 0.938 0.947 0.951

Notes: The observations are at the sector-year level. The dependent variable is Chinese varieties, mea-
sured as the (log) number of Chinese-owned trademarks in the US. The explanatory variables are the
(log) values of different types of trade flows from China to the US: total imports from China; imports
from Chinese-owned firms located in China; imports from foreign-owned firms (MNEs) located in
China; imports of final goods from Chinese-owned firms located in China; imports of intermediate
goods from Chinese-owned firms located in China; imports of final goods from MNEs located in China;
imports of intermediate goods from MNEs located in China. All columns include fixed effects for 34
sectors and 18 years. OLS estimates with standard errors clustered at the sector level and bootstrapped
using 100 iterations in parentheses. *** significant at 1%, ** significant at 5%, * significant at 10%.
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Table A6: Trade flows value from Chinese firms in China explain Chinese varieties

(1) (2) (3) (4)
Chinese varieties

(number)
Chinese varieties

(number)
Chinese varieties

(number)
Chinese varieties

(number)

Total imports (B $) 13.340∗∗∗

(0.937)
Chinese firms (B $) 44.906∗∗∗

(12.076)
MNEs (B $) 9.453∗∗∗ 9.514∗∗∗

(1.208) (1.187)
Chinese final goods (B $) 47.613∗∗∗ 45.492∗∗∗

(13.555) (13.952)
Chinese intermediates (B $) 32.337∗∗∗ 39.286∗∗∗

(7.982) (9.800)
MNEs final goods (B $) 10.249∗∗∗

(1.720)
MNEs intermediates (B $) 8.968∗∗∗

(0.865)

Obs. 612 612 612 612
R2 0.852 0.883 0.884 0.884

Notes: The observations are at the sector-year level. The dependent variable is Chinese varieties, measured as number of
Chinese-owned trademarks registered in the US. The explanatory variables are different types of trade flows from China to
the US as percentage of total US imports: total imports from China; imports from Chinese-owned firms located in China;
imports from foreign-owned firms (MNEs) located in China; imports of final goods from Chinese-owned firms located in China;
imports of intermediate goods from Chinese-owned firms located in China; imports of final goods from MNEs located in China;
imports of intermediate goods from MNEs located in China. All columns include fixed effects for 34 sectors and 18 years.
OLS estimates with standard errors clustered at the sector level in parentheses. *** significant at 1%, ** significant at 5%, *
significant at 10%.
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Table A7: HS 6-digits codes do not correlate with trade flows from China

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

HS-6d (%) HS-6d (%) HS-6d (%) HS-6d (%)

Total imports (%) 0.009
(0.012)

Chinese firms (%) 0.009
(0.018)

MNEs (%) 0.009 0.011
(0.011) (0.011)

Chinese final goods (%) -0.001 0.002
(0.015) (0.018)

Chinese intermediates (%) 0.060 0.058
(0.039) (0.035)

MNEs final goods (%) 0.006
(0.011)

MNEs intermediates (%) 0.013
(0.015)

Obs. 612 612 612 612
R2 0.825 0.825 0.830 0.830

Notes: The observations are at the sector-year level. The dependent variable is the number of
HS 6-digits codes for which China has non-zero exports to the United States, as a percentage
of all HS 6-digits codes and country of origin pairs that the United States import. The
explanatory variables are different types of trade flows from China to the US as percentage
of total US imports: total imports from China; imports from Chinese-owned firms located in
China; imports from foreign-owned firms (MNEs) located in China; imports of final goods
from Chinese-owned firms located in China; imports of intermediate goods from Chinese-
owned firms located in China; imports of final goods from MNEs located in China; imports
of intermediate goods from MNEs located in China. All columns include fixed effects for 34
sectors and 18 years. OLS estimates with standard errors clustered at the sector level in
parentheses. *** significant at 1%, ** significant at 5%, * significant at 10%.
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Table A8: HS codes correlate with imports from MNEs in China

(1) (2) (3) (4) (5) (6)
HS-6d
(ln)

HS-6d
(ln)

HS-6d
(ln)

HS-8d
(ln)

HS-8d
(ln)

HS-8d
(ln)

Total imports (ln) 0.022 0.026
(0.021) (0.018)

Chinese firms (ln) -0.032∗∗ -0.017
(0.012) (0.015)

MNEs (ln) 0.069∗∗∗ 0.049∗

(0.023) (0.024)
Chinese final goods (ln) -0.035∗∗ -0.017

(0.014) (0.015)
Chinese intermediates (ln) 0.007 0.005

(0.009) (0.007)
MNEs final goods (ln) 0.026∗∗ 0.021∗

(0.010) (0.011)
MNEs intermediates (ln) 0.025∗∗ 0.018

(0.012) (0.011)

Obs. 612 612 610 612 612 610
R2 0.993 0.994 0.994 0.994 0.994 0.994

Notes: The observations are at the sector-year level. The dependent variable in columns (1)-(3) is
the (log) number of HS 6-digits codes for which China has non-zero exports to the United States.
The dependent variable in columns (4)-(6) is the (log) number of HS 8-digits codes for which China
has non-zero exports to the United States. The explanatory variables are the (log) values of different
types of trade flows from China to the US: total imports from China; imports from Chinese-owned
firms located in China; imports from foreign-owned firms (MNEs) located in China; imports of final
goods from Chinese-owned firms located in China; imports of intermediate goods from Chinese-owned
firms located in China; imports of final goods from MNEs located in China; imports of intermediate
goods from MNEs located in China. All columns include fixed effects for 34 sectors and 18 years. OLS
estimates with standard errors clustered at the sector level in parentheses. *** significant at 1%, **
significant at 5%, * significant at 10%.
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Table A9: Elasticity of substitution

Conservative
(θ = 1)

Semi-conservative
(θ = 0.5)

Liberal
(θ = 0)

All firms 11.1 5.3 3.8
Firms with one variety 12.4 5.4 3.9
Firms with always one variety 9.6 5.2 3.6

Notes: This table shows the elasticity of substitution computed from the estimated markups

of roughly 10,000 firms matched on Compustat data. θ is the fraction of selling, general, and

administrative expenses attributed to variable costs. In the Conservative definition, all of

them are variable costs; in the Semi-conservative definition, half of them are variable costs;

in the Liberal definition, none of them are variable costs. Each row represents a different

sample of firms. “Firms with one variety” are firms owning one variety as measured through

trademarks, while “Firms with always one variety” are firms owning one variety as measured

by trademarks throughout the whole sample period.

66



Table A10: Price index decomposition

Year Unit prices Theil index Variety gains Unit prices Theil index Variety gains
value %

1995 2.47 1.00 2.91 38.69 15.70 45.61
1996 2.52 1.02 2.92 39.06 15.76 45.18
1997 2.53 1.03 2.93 38.98 15.91 45.11
1998 2.53 1.03 2.94 38.92 15.87 45.21
1999 2.47 1.05 2.95 38.41 16.78 45.56
2000 2.40 1.20 2.99 36.41 18.10 45.41
2001 2.39 1.20 3.00 36.32 18.25 45.44
2002 2.41 1.20 3.00 36.44 18.18 45.37
2003 2.48 1.21 3.00 37.08 18.09 44.83
2004 2.54 1.24 3.01 37.45 18.21 44.34
2005 2.61 1.26 3.01 37.89 18.35 43.76
2006 2.71 1.29 3.02 38.54 18.40 43.05
2007 2.80 1.29 3.01 39.16 18.34 42.36
2008 2.82 1.30 3.00 39.59 18.26 42.15
2009 2.89 1.28 3.00 40.30 17.88 41.82
2010 2.91 1.32 3.00 40.19 18.28 41.54
2011 2.96 1.34 3.01 40.55 18.30 41.20
2012 2.99 1.34 3.01 40.69 18.30 41.00
2013 3.01 1.34 3.01 40.85 18.24 40.92
2014 3.01 1.34 3.01 40.86 18.24 40.92

Notes: The table shows the decomposition of the price index into the average log unit price, the Theil index of
revenues, and the variety gains for the US market as shown in Equation 21. The last three columns show the
percentage of each component in the price index. The price index decomposition has been obtained using data
on US imports and defining varieties as unique pairs of HS 6-digit codes and country of origin with positive
import value. 138,077 varieties have been dropped because they did not reported information on unit prices.
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Table A11: First stage

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

st MNEE
st CNI

st CNE
st

non-US MNEI
st 0.880∗∗∗ -0.123∗∗∗ 0.131∗ 0.033

(0.063) (0.042) (0.077) (0.053)
non-US MNEE

st -0.123∗∗∗ 0.880∗∗∗ 0.033 0.131∗

(0.042) (0.063) (0.053) (0.077)
non-US CNI

st 0.129∗∗ 0.171∗∗∗ 0.595∗∗∗ -0.011
(0.053) (0.032) (0.065) (0.031)

non-US CNE
st 0.171∗∗∗ 0.129∗∗ -0.011 0.595∗∗∗

(0.032) (0.053) (0.031) (0.065)

Obs. 884 884 884 884
R2 0.723 0.723 0.514 0.514

F-stat 112.86 112.86 24.37 24.37
Notes: The observations are at the sector-status-year level. The de-
pendent variable in columns (1) and (2) is the 5-year growth of US
imports from MNEs located in China, as defined in Equation 17, and
interacted with an indicator for incumbent and entrant firms, respec-
tively. The dependent variable in columns (3) and (4) is the 5-year
growth of US imports from Chinese-owned firms located in China, as
defined in Equation 18, and interacted with an indicator for incumbent
and entrant firms, respectively. The explanatory variables are the 5-
year growth of non-US imports from MNEs located in China and the
growth of non-US imports from Chinese-owned firms located in China,
interacted for entrant and incumbent firms. All columns include fixed
effects for sectors, years, and status. OLS estimates with standard er-
rors clustered at the sector-year level in parentheses. *** significant at
1%, ** significant at 5%, * significant at 10%.

68



Table A12: New US varieties on import competition – h = 5

(1) (2) (3) (4) (5) (6)
New Var. New Var. New Var. New Var. New Var. New Var.

AllEst -0.026∗∗∗ -0.012
(0.009) (0.016)

AllIst 0.019∗∗∗ 0.053∗∗∗

(0.006) (0.016)
MNEE

st -0.001 0.036∗ -0.002 0.022
(0.008) (0.019) (0.008) (0.016)

MNEI
st -0.006 0.033∗ -0.008 0.018

(0.007) (0.018) (0.007) (0.016)
CNE

st -0.028∗∗ -0.052∗

(0.012) (0.029)
CNI

st 0.011 -0.026
(0.011) (0.022)

Chinese FinalEst -0.024∗∗ -0.027
(0.011) (0.020)

Chinese FinalIst 0.020∗ 0.007
(0.010) (0.015)

Chinese IntermediateE
st 0.003 0.016

(0.005) (0.012)
Chinese IntermediateI

st -0.001 -0.011
(0.004) (0.013)

Obs. 1,428 1,428 884 884 884 884
R2 0.682 0.711 0.713
F-stat All 136
F-stat MNE 113 76
F-stat CN all 24
F-stat CN final 32
F-stat CN intermediates 24

Notes: Observations at the sector-status-year level, where status can be either incumbent or
entrant. The dependent variable is the 5-year variety entry rate of US firms. The explanatory
variables are the 5-year growth of aggregate US imports from China, the 5-year growth of US
imports from MNEs located in China, the 5-year growth of US imports from Chinese-owned firms
located in China, the 5-year growth of US imports of final goods from Chinese-owned firms located
in China, and the 5-year growth of US imports of intermediate goods from Chinese-owned firms
located in China. Fully saturated specification with each explanatory variable interacted by an
indicator variable for status of incumbent or entrant. All specifications include fixed effects for
sectors, years, and status. Standard errors clustered at the sector-year level. Columns (1), (3),
and (5) report OLS estimates. Columns (2), (4), and (6) report 2SLS estimates. *** significant at
1%, ** significant at 5%, * significant at 10%.
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Table A13: Number of US firms on import competition – h = 5

(1) (2) (3) (4) (5) (6)
N. firms (ln) N. firms (ln) N. firms (ln) N. firms (ln) N. firms (ln) N. firms (ln)

AllEst 0.114∗∗∗ 0.250∗∗∗

(0.027) (0.044)
AllIst -0.044∗ -0.250∗∗∗

(0.025) (0.046)
MNEE

st 0.032 0.131∗∗ 0.025 0.083∗

(0.020) (0.057) (0.021) (0.044)
MNEI

st -0.022 0.013 -0.019 -0.013
(0.020) (0.048) (0.020) (0.043)

CNE
st -0.012 -0.245∗∗∗

(0.028) (0.064)
CNI

st 0.085∗∗∗ 0.162∗∗∗

(0.020) (0.055)
Chinese FinalEst 0.022 -0.142∗∗∗

(0.023) (0.042)
Chinese FinalIst 0.027 0.071

(0.017) (0.045)
Chinese IntermediateE

st -0.019 -0.021
(0.012) (0.035)

Chinese IntermediateI
st 0.044∗∗∗ 0.127∗∗∗

(0.010) (0.026)

Obs. 1,428 1,428 884 884 884 884
R2 0.971 0.986 0.987
F-stat All 136
F-stat MNE 113 76
F-stat CN 24
F-stat CN final 32
F-stat CN intermediate 24

Notes: Observations at the sector-status-year level, where status can be either incumbent or entrant. The depen-
dent variable is the (log) number of US firms over a 5-year period. The explanatory variables are the 5-year growth
of aggregate US imports from China, the 5-year growth of US imports from MNEs located in China, the 5-year
growth of US imports from Chinese-owned firms located in China, the 5-year growth of US imports of final goods
from Chinese-owned firms located in China, and the 5-year growth of US imports of intermediate goods from
Chinese-owned firms located in China. Fully saturated specification with each explanatory variable interacted by
an indicator variable for status of incumbent or entrant. All specifications include fixed effects for sectors, years,
and status. Standard errors clustered at the sector-year level. Columns (1), (3), and (5) report OLS estimates.
Columns (2), (4), and (6) report 2SLS estimates. *** significant at 1%, ** significant at 5%, * significant at 10%.
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Table A14: New HS domestic varieties on import competition

(1) (2) (3) (4) (5) (6)
New HS6d New HS6d New HS6d New HS6d New HS6d New HS6d

All -0.108 0.141
(0.119) (0.370)

MNEs -0.449∗∗ -0.185 -0.467∗∗ -0.117
(0.209) (0.426) (0.223) (0.398)

Chinese 0.139 0.118
(0.232) (0.626)

Chinese Final 0.019 0.020
(0.174) (0.440)

Chinese Intermediate 0.124 -0.038
(0.137) (0.304)

Obs. 646 646 442 442 442 442
R2 0.196 0.181 0.180
F-stat All 71
F-stat MNE 44 26
F-stat CN 31
F-stat CN final 22
F-stat CN intermediate 17

Notes: Observations at the sector-year level. The dependent variable is the 5-year entry rate of US
domestic varieties measured as unique pairs of HS 1992 6-digits codes and destination country. The
explanatory variables are the 5-year growth of aggregate US imports from China, the 5-year growth of
US imports from MNEs located in China, the 5-year growth of US imports from Chinese-owned firms
located in China, the 5-year growth of US imports of final goods from Chinese-owned firms located in
China, and the 5-year growth of US imports of intermediate goods from Chinese-owned firms located in
China. All specifications include fixed effects for sectors and years. Robust standard errors in parenthesis.
Columns (1), (3), and (5) report OLS estimates. Columns (2), (4), and (6) report 2SLS estimates. ***
significant at 1%, ** significant at 5%, * significant at 10%.
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Table A15: New HS domestic varieties on import competition – China excluded

(1) (2) (3) (4) (5) (6)
New HS6d New HS6d New HS6d New HS6d New HS6d New HS6d

All -0.109 0.142
(0.119) (0.370)

MNEs -0.449∗∗ -0.186 -0.467∗∗ -0.117
(0.209) (0.426) (0.223) (0.398)

Chinese 0.138 0.119
(0.232) (0.626)

Chinese Final 0.019 0.022
(0.174) (0.440)

Chinese Intermediate 0.123 -0.040
(0.137) (0.304)

Obs. 646 646 442 442 442 442
R2 0.196 0.180 0.180
F-stat All 71
F-stat MNE 44 26
F-stat CN 31
F-stat CN final 22
F-stat CN intermediate 17

Notes: Observations at the sector-year level. The dependent variable is the 5-year entry rate of US
domestic varieties measured as unique pairs of HS 1992 6-digits codes and destination country, excluding
exports to China. The explanatory variables are the 5-year growth of aggregate US imports from China,
the 5-year growth of US imports from MNEs located in China, the 5-year growth of US imports from
Chinese-owned firms located in China, the 5-year growth of US imports of final goods from Chinese-
owned firms located in China, and the 5-year growth of US imports of intermediate goods from Chinese-
owned firms located in China. All specifications include fixed effects for sectors and years. Robust
standard errors in parenthesis. Columns (1), (3), and (5) report OLS estimates. Columns (2), (4), and
(6) report 2SLS estimates. *** significant at 1%, ** significant at 5%, * significant at 10%.
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Figure A14: Domestic product innovation – h = 3

A14.1: Varieties A14.2: Firms

Notes: Notes: The figure shows the estimated coefficients for entrant and incumbent firms of the effect of
import competition on the entry rate of US-owned varieties in the US market and on the number of those
firms over a three-years period (Equation 19). Export competition is computed using only trade flows of
foreign-owned firms located in China (“MNEs”), or only trade flows of Chinese-owned firms located in
China (“Chinese”). 90%, 95%, and 99% confidence intervals are shown. The dark and light blue coefficients
report OLS estimates, while the red and yellow coefficients report 2SLS estimates.

Figure A15: Foreign product innovation – h = 3

A15.1: Varieties A15.2: Firms

Notes: Notes: The figure shows the estimated coefficients for entrant and incumbent firms of the effect
of export competition on the entry rate of non-US-owned and non-Chinese-owned varieties in the US
market and on the number of those firms over a three-years period (Equation 20). Export competition is
computed using only trade flows of foreign-owned firms located in China (“MNEs”), or only trade flows of
Chinese-owned firms located in China (“Chinese”). 90%, 95%, and 99% confidence intervals are shown.
The dark and light blue coefficients report OLS estimates, while the red and yellow coefficients report 2SLS
estimates.
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Table A16: New foreign varieties on export competition – h = 5

(1) (2) (3) (4) (5) (6)
New Var. New Var. New Var. New Var. New Var. New Var.

All×I(Entrant) -0.027∗∗∗ -0.054∗∗∗

(0.006) (0.012)
All×I(Incumbent) 0.020∗∗∗ 0.012

(0.007) (0.013)
MNEs×I(Entrant) 0.002 0.038∗∗∗ 0.003 0.030∗

(0.007) (0.014) (0.007) (0.017)
MNEs×I(Incumbent) -0.017∗∗∗ -0.028∗∗∗ -0.018∗∗∗ -0.041∗∗∗

(0.006) (0.011) (0.006) (0.012)
Chinese×I(Entrant) -0.035∗∗∗ -0.077∗∗∗

(0.007) (0.020)
Chinese×I(Incumbent) 0.014∗∗ 0.002

(0.007) (0.016)
Chinese Final×I(Entrant) -0.037∗∗∗ -0.079∗∗∗

(0.007) (0.017)
Chinese Final×I(Incumbent) 0.011∗ 0.005

(0.006) (0.013)
Chinese Intermediate×I(Entrant) -0.004 0.015

(0.004) (0.011)
Chinese Intermediate×I(Incumbent) 0.006∗ 0.015

(0.004) (0.009)

Obs. 1,428 1,428 884 884 884 884
R2 0.603 0.680 0.685
F-stat All 136
F-stat MNE 113 76
F-stat CN 24
F-stat CN final 32
F-stat CN intermediate 24

Notes: Observations at the sector-status-year level, where status can be either incumbent or entrant. The
dependent variable is the 5-year variety entry rate of non-US and non-Chinese firms. The explanatory variables
are the 5-year growth of aggregate US imports from China, the 5-year growth of US imports from MNEs
located in China, the 5-year growth of US imports from Chinese-owned firms located in China, the 5-year
growth of US imports of final goods from Chinese-owned firms located in China, and the 5-year growth of
US imports of intermediate goods from Chinese-owned firms located in China. Fully saturated specification
with each explanatory variable interacted by an indicator variable for status of incumbent or entrant. All
specifications include fixed effects for sectors, years, and status. Standard errors clustered at the sector-year
level. Columns (1), (3), and (5) report OLS estimates. Columns (2), (4), and (6) report 2SLS estimates. ***
significant at 1%, ** significant at 5%, * significant at 10%.
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Table A17: Number of non-US and non-Chinese firms on export competition – h = 5

(1) (2) (3) (4) (5) (6)
N. firms (ln) N. firms (ln) N. firms (ln) N. firms (ln) N. firms (ln) N. firms (ln)

All×I(Entrant) 0.091∗∗∗ 0.266∗∗∗

(0.021) (0.040)
All×I(Incumbent) -0.081∗∗∗ -0.282∗∗∗

(0.022) (0.049)
MNEs×I(Entrant) -0.038∗∗ -0.005 -0.039∗∗∗ -0.026

(0.015) (0.037) (0.015) (0.030)
MNEs×I(Incumbent) 0.027∗∗ 0.061∗ 0.031∗∗ 0.044

(0.012) (0.034) (0.012) (0.027)
Chinese×I(Entrant) 0.040∗∗∗ -0.130∗∗∗

(0.015) (0.041)
Chinese×I(Incumbent) 0.027∗ 0.013

(0.015) (0.035)
Chinese Final×I(Entrant) 0.046∗∗∗ -0.081∗∗∗

(0.014) (0.030)
Chinese Final×I(Incumbent) 0.007 0.004

(0.014) (0.028)
Chinese Intermediate×I(Entrant) -0.002 -0.012

(0.008) (0.023)
Chinese Intermediate×I(Incumbent) 0.003 0.044∗∗

(0.006) (0.022)

Obs. 1,428 1,428 884 884 884 884
R2 0.971 0.991 0.991
F-stat All 136
F-stat MNE 113 76
F-stat CN 24
F-stat CN final 32
F-stat CN intermediate 24

Notes: Observations at the sector-status-year level, where status can be either incumbent or entrant. The dependent variable
is the (log) number of non-US and non-Chinese firms over a 5-year period. The explanatory variables are the 5-year growth of
aggregate US imports from China, the 5-year growth of US imports from MNEs located in China, the 5-year growth of US
imports from Chinese-owned firms located in China, the 5-year growth of US imports of final goods from Chinese-owned firms
located in China, and the 5-year growth of US imports of intermediate goods from Chinese-owned firms located in China.
Fully saturated specification with each explanatory variable interacted by an indicator variable for status of incumbent or
entrant. All specifications include fixed effects for sectors, years, and status. Standard errors clustered at the sector-year level.
Columns (1), (3), and (5) report OLS estimates. Columns (2), (4), and (6) report 2SLS estimates. *** significant at 1%, **
significant at 5%, * significant at 10%.
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Figure A16: The effect of Chinese import competition in final and intermediates

A16.1: Varieties A16.2: Firms

Notes: The figure shows the estimated coefficients for entrant and incumbent firms of the effect of import
competition on the 5-year entry rate of US-owned varieties and on the number of US firms over a 5-year
period (Equation 19). Import competition is computed using only trade flows of foreign-owned firms located
in China (“MNEs”), only trade flows of final goods from Chinese-owned firms located in China (“Chinese
final”), or only trade flows of intermediate goods from Chinese-owned firms located in China (“Chinese
intermediate”). 90%, 95%, and 99% confidence intervals are shown. The dark and light blue coefficients
report OLS estimates, while the red and yellow coefficients report 2SLS estimates. Coefficients in terms
of percentage of the average value of the dependent variable are taken from Table A12 and Table A13 in
Appendix A.

Figure A17: The effect of import competition on Chinese product innovation

A17.1: Varieties A17.2: Firms

Notes: Notes: The figure shows the estimated coefficients for entrant and incumbent firms of the effect
of import competition on the 5-year entry rate of Chinese-owned varieties and on the number of Chinese
firms over a 5-year period. Import competition is computed using only trade flows of foreign-owned firms
located in China (“MNEs”), or only trade flows of Chinese-owned firms located in China (“Chinese”). 90%,
95%, and 99% confidence intervals are shown. The dark and light blue coefficients report OLS estimates,
while the red and yellow coefficients report 2SLS estimates.

76



Table A18: New HS foreign varieties on export competition

(1) (2) (3) (4) (5) (6)
New HS6d New HS6d New HS6d New HS6d New HS6d New HS6d

All 0.006 0.005
(0.300) (0.678)

MNEs 0.285 -0.287 0.241 0.096
(0.356) (0.975) (0.356) (0.963)

Chinese -0.206 0.546
(0.362) (1.263)

Chinese Final 0.086 0.226
(0.412) (1.021)

Chinese Intermediate -0.080 -0.367
(0.216) (0.598)

Obs. 646 646 442 442 442 442
R2 0.506 0.292 0.290
F-stat All 71
F-stat MNE 44 26
F-stat CN 31
F-stat CN final 22
F-stat CN intermediate 17

Notes: Observations at the sector-year level. The dependent variable is the 5-year entry rate of foreign
varieties measured as unique pairs of HS 1992 6-digits codes and country of origin in US imports. The
explanatory variables are the 5-year growth of aggregate US imports from China, the 5-year growth of
US imports from MNEs located in China, the 5-year growth of US imports from Chinese-owned firms
located in China, the 5-year growth of US imports of final goods from Chinese-owned firms located in
China, and the 5-year growth of US imports of intermediate goods from Chinese-owned firms located in
China. All specifications include fixed effects for sectors and years. Robust standard errors in parenthesis.
Columns (1), (3), and (5) report OLS estimates. Columns (2), (4), and (6) report 2SLS estimates. ***
significant at 1%, ** significant at 5%, * significant at 10%.
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B Data

From trademarks to products

The first challenge in mapping trademarks to varieties is that trademarks include slogans,
jingles, and symbols, which may not be an appropriate indicator for a variety. In order
to exclude these categories, I do not consider in my analysis trademarks that cannot be
graphically represented (i.e., jingles), trademarks that do not have any text (i.e., symbols),
and trademarks that have been abandoned or cancelled within six years from filing. The
last criteria deals with trademarks that do not appear in the real consumer market and
with potential slogans in the data, since they tend to have a shorter life span.46

The second challenge in mapping trademarks to varieties is that multiple trademarks are
registered for different features of the same protected text. For example, consider the
water brand “Dasani” owned by The Coca-Cola Company. A trademark featuring the
word “Dasani” was first filed by The Coca-Cola Company in 1998, while another one was
filed in 2014, featuring the same word but in stylized font with a differently curved “S”.47

A naive count of trademarks would overstate the number of varieties and count the two
trademarks above as two different varieties of water. Since I am interested in uncovering
the number of products, I measure a variety as a unique pair of protected text and class
per firm. This process filters out roughly 14% of trademarks in my data. In doing so, the
two trademarks above both protect the same word “Dasani” and both belong to the same
NICE class number 32, and hence are counted as one single variety.48 The year of entry of
such variety is the earliest year of registration of all trademarks belonging to that variety,
and the year of exit (if any) is the latest year of expiration of all trademarks belonging to
that variety.
Finally, to keep to only products sold by profit-maximizing firms, I exclude trademarks
filed by individuals, trusts, estates, foundations, state or federal agencies, and unknown
legal entities.

46As a result of the Trademark Law Revision Act of 1988, firms can file intent-to-use applications at the
USPTO. According to Congress, the intent to use must be in the ordinary course of trade and not merely
to reserve a right in a mark, and there must be a bona fide intent to use the mark on each of the goods or
services listed in the application. Firms are granted a period of six years to actually use the trademark in
commerce. If the owner fails to establish use of the mark, the application is treated as abandoned.

47The trademark filed in 1998 has serial number 75551076; the trademark filed in 2014 has serial number
86209498.

48NICE class 32 icludes beers, non-alcoholic beverages, mineral and aerated waters, fruit beverages and
fruit juices, syrups and other preparations for making non-alcoholic beverages.
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To validate the data, I compare the number of varieties obtained using this definition with
the number of varieties owned by three car manufacturers: Ford, Volkswagen, and Toyota
(Table B1). Varieties measured using trademarks cover between 75% and 100% of all car
models sold in the United States and first introduced by the car manufacturer; that is, car
models not acquired from other manufacturers through mergers or acquisitions. Coverage
increases to at least 89% when car models are weighted by sales in the United States.49

Table B1: Car models sold in the US

Car models Trademarked car models
Number Number % of models % of sales

Ford
Ford models 33 30 91% 89%

Volkswagen
Volkswagen models 18 14 78% 93%

Toyota
Toyota models 32 24 75% 90%
Lexus models 16 15 94% 100%
Scion models 5 5 100% 100%

Notes: For three different manufacturers, this table show the number of car
models sold in the United States, and the number, share, and sales-weighted
share of car models with a trademark associated to them. Information on the
names and sales of car models is sourced from Head and Mayer (2019).

Firm identifiers

The USPTO Trademarks Case File dataset does not provide firm identifiers, but only
the name and location of each firm owning a trademark. This is a common challenge in
intellectual property data. The patent literature has overcome this challenge by grouping

49Usually, the car models that do not have a trademark associated to them are improvements on existing
car models (for example, Volkswagen Golf is trademarked, but Volkswagen Golf SportWagen is not). The
car models that do not have a trademark associated to them in my data are: Ford Expedition Max, Ford
Freestar, Ford F-150 SuperCrew, Volkswagen Beetle Convertible, Volkswagen New Beetle Convertible,
Volkswagen Golf SportWagen, Volkswagen Jetta SportWagen, Toyota Estima, Toyota MR-S, Toyota
Land Cruiser 200, Toyota Vitz, Toyota Prius Alpha, Toyota Belta, Toyota Kluger V, Toyota Hilux Surf.

79



inventors or firms names using homonymy or quasi-homonymy (Trajtenberg et al., 2006;
Raffo and Lhuillery, 2009; Doherr, 2016). I rely on a similar approach. Specifically, I strip
firm names of punctuation characters and common non-informative words (e.g., “the”,
“company”, “and”), apply a probabilistic matching at the bigram level within country
(within state for the United States), and keep as successfull matches only those with a
Jaccard probability score above 90 percent.50 I validate this matching using the algorithm
developed by Autor et al. (2020) to link firms appearing in the USPTO Patent and Inventor
database and in Compustat. I focus on a subset of 250 firms: I search their name on
Bing.com, retain the top five URL results, and match firm names that return the same URLs.
Comparing the two methodologies, the algorithm by Autor et al. (2020) provides more
matches than the bigrams-based matching process. However, none of the bigrams-based
matches was not included in the URLs-based matches. This means that the bigram-based
algorithm does not give false positive matches, therefore it may overstate the number of
entrant firms.

List of countries

The sixty-one countries included in my analysis are: Argentina, Australia, Austria, Belgium,
Brazil, Cambodia, Canada, Chile, China, Colombia, Czechia, Denmark, Dominican Republic,
Ecuador, Estonia, Finland, France, Germany, Greece, Guatemala, Hong Kong, Hungary,
Iceland, India, Indonesia, Ireland, Israel, Italy, Jamaica, Japan, Korea, Latvia, Lithuania,
Luxembourg, Malaysia, Malta, Mexico, Netherlands, New Zealand, Norway, Paraguay,
Peru, Philippines, Poland, Portugal, Romania, Russia, Singapore, Slovakia, Slovenia, South
Africa, Spain, Sweden, Switzerland, Thailand, Taiwan, United Kingdom, United States,
Uruguay, Venezuela, Viet Nam.

50I use the “matchit” Stata command developed by Raffo (2015) for patents’ inventors.
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C Gravity

Varieties share similarities with some trade flows. One empirical pattern that trade flows are
famous for is the gravity equation. Here, I test whether varieties share the same empirical
pattern and if so, whether they exhibit notable differences in the estimated elasticities. To
do so, I estimate the following specification of a gravity projection:

ln (Vc,s,t) = β1 ln (distc) + β2 ln
(
popc,t

)
+ β3 ln

(
GDPcapc,t

)
+ β4I (Langc) + αs + αt + εc,s,t

(C1)
where Vc,s,t is the number of varieties in sector s available at time t from country c. The
specification includes sector and year fixed effects (αs and αt, respectively) as well as
standard gravity regressors: the distance between country c and the US (distc), population
of country c in year t (popc,t), GDP per capita in country c in year t (GDPcapc,t), and the
indicator variable I (Langc) equal to one if country c and the US share the same official
language. Standard errors are clustered at the sector and year level.

Table C1: Varieties obey gravity

(1) (2) (3) (4)
N. varieties N. varieties Trade flow Trade flow

Distance (ln) -0.567∗∗∗ -0.344∗∗∗ -0.604∗∗∗ -0.852∗∗∗

(0.039) (0.026) (0.093) (0.161)
Population (ln) 0.889∗∗∗ 1.040∗∗∗ 1.331∗∗∗ 1.010∗∗∗

(0.026) (0.035) (0.032) (0.084)
GDP per capita (ln) 2.304∗∗∗ 3.024∗∗∗ 1.761∗∗∗ 1.026∗∗∗

(0.107) (0.150) (0.157) (0.219)
I(Langc) 0.447∗∗∗ 0.120 0.693∗∗∗ -0.142

(0.051) (0.095) (0.091) (0.171)
Estimator OLS PPML OLS PPML
Obs. 29,897 38,318 37,780 38,318
R2 (Adj. or Pseudo) 0.709 0.863 0.620 0.710

Notes: The observations are at the country-sector-year level. The dependent variable
for specifications in columns (1) and (2) is the (log) number of varieties available in the
United States from country c in sector s and in year t. The dependent variable in columns
(3) and (4) is the (log) value of trade flows from country c to the United States in sector
s and year t. The explanatory variables are (log) distance to the United States, (log)
population, (log) GDP per capita, and an indicator variable equal to one if country c
and the United States share the same official language. All specifications include sector
and year fixed effects. OLS estimates in parentheses in columns (1) and (3); Poisson
Pseudo-Maximum Likelihood estimates in columns (2) and (4). Standard errors clustered
at the sector and year level in parentheses. *** significant at 1%, ** significant at 5%, *
significant at 10%.
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Columns (1) and (2) of Table C1 shows the estimated coefficients for Equation C1, obtained
either through an OLS estimator or a Poisson Pseudo-Maximum Likelihood estimator to
account for zeros. Using both estimation methods, varieties satisfy the gravity equation
and the coefficients exhibit the expected signs: a negative distance elasticity, and positive
elasticities for population, GDP per capita, as well as common language. The estimated
coefficients retain their sign when controlling for trade flows (Table C2), something that
does not hold true for the distance elasticity when varieties are counted using custom codes
(Table C3). Once again, this difference speaks to the fact that varieties measured through
customs codes are fully captured by trade flows data. Therefore, measuring varieties through
custom codes can be swayed by offshoring because it erroneously relies on the assumption
that all trade flows are varieties flows. Comparing the coefficients for varieties in columns (1)
and (2) with those obtained for trade flows in columns (3) and (4) reflects the notion that
not all trade flows are varieties flows. Crucial dissimilarities can be observed for distance
and GDP per capita elasticities estimated with the Poisson Pseudo-Maximum Likelihood
estimator: varieties are less elastic to distance and more elastic to GDP per capita than
imports. The first elasticity highlights the importance of multinational activity and foreign
direct investment. Since firms do not have to ship goods from the country where they were
devised, they can produce goods in countries that are closer to the market of consumption.
Trademarks keep track of the country where the blueprint has been devised, not the country
where the good has ultimately been produced. Therefore, the lower distance elasticity
exhibited by trademarks is not surprising: the origin of the blueprint can be further away
than the country of assembly of the good itself. The second elasticity concerns GDP per
capita. While trade flows can capture both flows of differentiated and generic goods, my
measure of varieties only captures differentiated goods available in the US market. Higher
productivity is needed for firms to produce differentiated goods, while generic goods can
be produced by all types of firms. Therefore, countries with higher GDP per capita are
expected to produce more differentiated varieties than countries with lower GDP per capita.
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Table C2: Varieties obey gravity even controlling for trade flows

(1) (2)
N. varieties N. varieties

Distance (ln) -0.410∗∗∗ -0.183∗∗∗

(0.032) (0.036)
Population (ln) 0.600∗∗∗ 0.748∗∗∗

(0.035) (0.060)
GDP per capita (ln) 1.981∗∗∗ 2.656∗∗∗

(0.098) (0.152)
I(Langc) 0.287∗∗∗ -0.018

(0.055) (0.099)
Trade flow (ln) 0.249∗∗∗ 0.267∗∗∗

(0.020) (0.038)
Estimator OLS PPML
Obs. 29,822 37,780
R2 (Adj. or Pseudo) 0.759 0.892

Notes: The observations are at the country-sector-year level.
The dependent variable is the (log) number of varieties avail-
able in the United States from country c in sector s and in
year t as measured through trademarks. The explanatory
variables are (log) distance to the United States, (log) pop-
ulation, (log) GDP per capita, an indicator variable equal
to one if country c and the United States share the same of-
ficial language, and (log) imports of the US from country c.
All specifications include sector and year fixed effects. OLS
estimates in parentheses in column (1); Poisson Pseudo-
Maximum Likelihood estimates in column (2). Standard er-
rors clustered at the sector and year level in parentheses. ***
significant at 1%, ** significant at 5%, * significant at 10%.
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Table C3: Varieties as measured by HS codes

(1) (2) (3) (4)
N. varieties
(HS codes)

N. varieties
(HS codes)

N. varieties
(HS codes)

N. varieties
(HS codes)

Distance (ln) -0.121∗∗∗ -0.025 -0.063∗∗∗ 0.012
(0.021) (0.023) (0.017) (0.015)

Population (ln) 0.407∗∗∗ 0.253∗∗∗ 0.303∗∗∗ 0.182∗∗∗

(0.020) (0.016) (0.021) (0.018)
GDP per capita (ln) 0.612∗∗∗ 0.432∗∗∗ 0.480∗∗∗ 0.331∗∗∗

(0.048) (0.040) (0.042) (0.038)
I(Langc) 0.245∗∗∗ 0.142∗∗∗ 0.173∗∗∗ 0.107∗∗∗

(0.021) (0.019) (0.013) (0.011)
Trade flow 0.150∗∗∗ 0.121∗∗∗

(0.014) (0.006)
Estimator OLS OLS PPML PPML
Obs. 37,780 37,780 38,318 38,318
R2 (Adj. or Pseudo) 0.813 0.824 0.814 0.824

Notes: The observations are at the country-sector-year level. The dependent variable is the
(log) number of varieties available in the United States from country c in sector s and in year
t as measured through unique HS 6-digits codes with positive trade flows. The explanatory
variables are (log) distance to the United States, (log) population, (log) GDP per capita, an
indicator variable equal to one if country c and the United States share the same official
language, and (log) imports of the US from country c. All specifications include sector
and year fixed effects. OLS estimates in columns (1) and (2); Poisson Pseudo-Maximum
Likelihood estimates in columns (3) and (4). Standard errors clustered at the sector and
year level in parentheses. *** significant at 1%, ** significant at 5%, * significant at 10%.
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D Model

D.1 Autarky equilibrium

The average realized productivity is the harmonic mean of φ over the entire support:

φ̃ =
[∫ ∞

b
φσ−1g(φ)dφ

] 1
σ−1

=
[∫ ∞

b
φσ−1 kbk

φk+1 dφ

] 1
σ−1

=

=
[

k

k + 1 − σ
bσ−1

∫ ∞

b

(k + 1 − σ)bk+1−σ

φk+1−σ+1 dφ

] 1
σ−1

=

=
(

k

k + 1 − σ

) 1
σ−1

b

where g(φ) is the probability density function of a Pareto distribution with scale parameter
b and shape parameter k.

The expected profits are

π =
∫ ∞

b
π(φ)g(φ)dφ =

∫ ∞

b

1
σ

r(φ) kbk

φk+1 dφ =

= 1
σ

(
σ

σ − 1w
)1−σ

Pσ−1
Ω αE

∫ ∞

b

kbk

φk+1−σ+1 dφ =

= 1
σ

(
σ

σ − 1w
)1−σ

Pσ−1
Ω αE

k

k + 1 − σ
bσ−1

∫ ∞

b

(k + 1 − σ)bk+1−σ

φk+1−σ+1 dφ =

= 1
σ

(
σ

σ − 1w
)1−σ

Pσ−1
Ω αE

k

k + 1 − σ
bσ−1 = π(φ̃) .

The exact price index over differentiated goods can be rewritten as

PΩ =
[∫ ∞

b
p(φ)1−σMg(φ)dφ

] 1
1−σ

=

=
∫ ∞

b

(
σ

σ − 1
w

φ

)1−σ

M
kbk

φk+1 dφ

 1
1−σ

=

=
( σ

σ − 1
w

φ

)1−σ

M
kbσ−1

k − σ + 1

 1
1−σ

=
[
Mp(φ̃)1−σ

] 1
1−σ = p(φ̃)M

1
1−σ = p̃M

1
1−σ

where p̃ = p(φ̃) for brevity.
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The labor market clearing condition is

L = LH +
∫ ∞

b
l(φ)Mg(φ)dφ = LH + Ml(φ̃) = LH + M

1
φ̃

q(φ̃) =

= LH +
(

σ

σ − 1w
)−σ

Pσ−1
Ω αEM

k

k + 1 − σ
bσ−1 . (D1)

The income of consumers is equal to the sum of labor income and the total profits made by
firms, net of the fixed costs of entry:

I = wL + πM − fEME . (D2)

In each period, firms face an exogenous probability δ of incurring a bad shock and having
to exit the market. The present discounted value of their expected profit flow is

v =
+∞∑
t=0

(1 − δ)tπ = π

δ
.

The Free Entry condition states that the net value of entry should be zero; that is, expected
profits should equal entry costs: π = δfE. Replacing the expression for the average profit
gives:

1
σ

(
σ

σ − 1w
)1−σ (

p(φ̃)1−σM
1

1−σ

)σ−1
αE

k

k + 1 − σ
bσ−1 . (D3)

D.2 US firms in open economy

I will use the following notation: xijl represents variable x of country i firms producing
in country j and selling to country l. US firms do not pay fixed costs for producing and
selling domestically. Therefore, they make profits

πUUU(φ) = pUUU(φ)qUUU(φ) − 1
φ

qUUU(φ)wU = 1
σ

pUUU(φ)qUUU(φ) .

US firms pay fixed cost of value fF DI
UC to offshore production to China, and also variable

costs τCU for each unit of goods they have to ship back to the United States. Their profits
are

πUCU(φ) = pUCU(φ)τCUqUCU(φ) − τCU

φ
qUCU(φ)wC − fF DI

UC wC = 1
σ

rUCU(φ) − fF DI
UC wC .
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US firms sell only to US consumers. They can choose whether to produce domestically or
to offshore production to China. US firms will produce in China if and only if

πUCU(φ) ≥ πUUU(φ) .

Since profits are an increasing function of φ, there is a unique cutoff productivity φF DI
UC

such that firms with productivity above it will offshore production to China, and firms
with productivity below it will produce domestically. The Zero Cutoff Profit condition for
offshoring production is:

πUCU(φF DI
UC ) = πUUU(φF DI

UC )

which implies

πUCU(φF DI
UC ) − πUUU(φF DI

UC ) = 1
σ

rUCU(φ) − fF DI
UC wC − 1

σ
rUUU(φ) =

= 1
σ

(
σ

σ − 1
1

φF DI
UC

)1−σ

Pσ−1
ΩU αEU

[
(τCUwC)1−σ − w1−σ

U

]
− fF DI

UC wC = 0

⇒ φF DI
UC =

(
σ

σ − 1

)(
σfF DI

UC wC

αEU

) 1
σ−1 1

PΩU

[
(τCUwC)1−σ − w1−σ

U

] 1
1−σ .

Notice that the fixed costs need to be large enough to guarantee that φF DI
UC is greater than b,

the lower bound of the support. Otherwise, all US firms would offshore production abroad,
and there would be no employment for US workers.

Define φ̃UUU the harmonic average productivity of US firms producing domestically, and
φ̃UCU the harmonic average productivity of US firms offshoring production.
φ̃UUU can be rewritten as

φ̃UUU =
[∫ φF DI

UC

b
φσ−1 g(φ)

G(φF DI
UC )dφ

] 1
σ−1

=

=

 k

k + 1 − σ

1

1 −
(

b
φF DI

UC

)k

(
bσ−1 − bk

(φF DI
UC )k+1−σ

)
1

σ−1

.
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Similarly, φ̃UCU can be rewritten as:

φ̃UCU =
[∫ ∞

φF DI
UC

φσ−1 g(φ)
1 − G(φF DI

UC )dφ

] 1
σ−1

=

=
[

k

k + 1 − σ

] 1
σ−1

φF DI
UC .

D.3 Chinese firms in open economy

I will use the following notation: xijl represents variable x of country i firms producing in
country j and selling to country l. Chinese firms do not pay fixed costs for producing and
selling domestically. Therefore, they make profits

πCCC(φ) = pCCC(φ)qCCC(φ) − 1
φ

qCCC(φ)wC = 1
σ

pCCC(φ)qCCC(φ) .

Chinese firms that want to export pay a fixed cost of value fX
CU and variable iceberg trade

costs τCU for each unit of goods exported. Therefore, their profits are

πCCU(φ) = pCCU(φ)τCUqCCU(φ) − τCU

φ
qCCU(φ)wC − fX

CU = 1
σ

pCCU(φ)qCCU(φ) − fX
CUwC .

Notice that πCCU(φ) are an increasing function of φ. Then, there is a cutoff productivity
φX

CCU such that firms with productivity above it will export to the US, and firms with
productivity below it will not export. The Zero Cutoff Profit condition for exporting is:

πCCU(φX
CCU) = 0

which implies

πCCU(φX
CCU) = 1

σ
pCCU(φX

CCU)qCCU(φX
CCU) − fX

CUwC =

= 1
σ

(
σ

σ − 1τCU
wC

φX
CU

)1−σ

Pσ−1
ΩU αEU − fX

CUwC = 0

⇒ φX
CU = σ

σ − 1

(
σfX

CUwC

αEU

) 1
σ−1 τCUwC

PΩU
.

Notice that fixed costs should be high enough to guarantee φX
CU > b, otherwise all Chinese

firms would export and no firm would sell to the Chinese market.
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Define φ̃CCU as the harmonic average productivity of Chinese firms exporting to the US:

φ̃CCU =
[∫ ∞

φX
CU

φσ−1 g(φ)
1 − G(φX

CU)dφ

] 1
σ−1

=

=
[

k

k + 1 − σ

] 1
σ−1

φX
CU .

Recall that, as in autarky, the harmonic average productivity of all Chinese firms is
exogeneous:

φ̃C =
[∫ ∞

b
φσ−1g(φ)dφ

] 1
σ−1

=
(

k

k + 1 − σ

) 1
σ−1

b .

D.4 Equilibrium conditions

In each period, firms face an exogenous probability δ of incurring a bad shock and having
to exit the market. The present discounetd value of their expected profit flow is

v =
+∞∑
t=0

(1 − δ)tπ = π

δ
.

Firms have to pay a sunk cost fE
i to know their productivity. The Free Entry condition

states that the net value of entry should be zero; that is, expected profits should equal
entry costs:

πi = δfE
i .

In equilibrium, the mass of firms entering the market each year must be equal to the mass
of firms exiting the market. The following Aggregate Stability Condition must hold:

ME
i = δMi

where ME
i is the mass of entrant firms in country i and δMi is the mass of exiting firms in

country i.
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The mass of US workers used in the differentiated good sector is

LΩU =
∫ φF DI

UC

b
lUUU(φ)MUUU

g(φ)
G(φF DI

UC )dφ =
∫ φF DI

UC

b

qUUU(φ)
φ

MUUU
g(φ)

G(φF DI
UC )dφ =

=
(

σ

σ − 1wU

)−σ

Pσ−1
U αXUMUUU

[∫ φF DI
UC

b
φσ−1 g(φ)

G(φF DI
UC )dφ

] 1
σ−1

=

=
(

σ

σ − 1wU

)−σ

Pσ−1
U αXUMUUU (φ̃UUU)σ−1 = lUUU(φ̃UUU)MUUU

where g(φ) is the probability density function of the Pareto distribution and MUUU is the
mass of US firms producing domestically. Notice that the mass of US firms producing
domestically is a portion G(φF DI

UC ) of the total mass of US firms MU: MUUU = G(φF DI
UC )MU.

Moreover, some quantity LHU of labor is used to produce the homogeneous good. Finally,
US labor is used to pay the fixed costs of entry. Therefore, the US labor market clearing
condition is:

LU = LHU + LΩU + ME
U fE

U .

The mass of Chinese workers used in the differentiated good sector comprises workers
employed by all Chinese firms and by US firms offshoring production to China:

LΩC =
∫ ∞

b
lCCC(φ)MCg(φ)dφ +

∫ ∞

φX
CU

lCCU(φ)MCCU
g(φ)

1 − G(φX
CU)dφ+

+
∫ ∞

φF DI
UC

lUCU(φ)MUCU
g(φ)

1 − G(φF DI
UC )dφ =

=
∫ ∞

b

qCCC(φ)

φ
MCg(φ)dφ +

∫ ∞

φX
CU

τCUqCCU(φ)
φ

MCCU
g(φ)

1 − G(φX
CU)dφ+

+
∫ ∞

φF DI
UC

τCUqUCU(φ)
φ

MUCU
g(φ)

1 − G(φF DI
UC )dφ =

= lCCC(φ̃C)MC + lCCU(φ̃CCU)MCCU + lUCU(φ̃UCU)MUCU

where g(φ) is the probability density function of a Pareto distribution, MC is the total mass
of Chinese firms, MCCU is the mass of Chinese exporters, and MUCU is the mass of US firms
offshoring production to China. Notice that the mass of Chinese exporters is a proportion
1−G(φX

CU) of the total mass of Chinese firms, and the mass of US firms offshoring production
is a proportion 1 − G(φF DI

UC ) of the total mass of US firms: MCCU =
[
1 − G(φX

CU)
]

MC and
MUCU =

[
1 − G(φF DI

UC )
]

MU.
Moreover, some quantity LHC of labor is used to produce the homogeneous good. Finally,
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labor in China is used to pay the fixed costs of entry, the fixed costs of exporting, and the
fixed costs of offshoring. Therefore, the labor market clearing condition for China is:

LC = LHC + LΩC + ME
C fE

C + MCCUfX
CU ∗ MUCUfF DI

UC .

The expenditure of Chinese workers for the homogeneous and the differentiated goods is
equal to the revenues made by firms selling to the Chinese market:

EC = pHCqHC +
∫ ∞

b
rCCC(φ)MCg(φ)dφ = qHC +

∫ ∞

b
pCCC(φ)qCCC(φ)MCg(φ)dφ =

= qHC +
(

σ

σ − 1wC

)1−σ

Pσ−1
ΩC αXCMCCC

∫ ∞

b
φ1−σg(φ)dφ = qHC + rCCC(φ̃C)MC

where pHC = 1 and qHC = (1 − α)EC.

Similarly, the expenditure of US workers on the homogeneous and differentiated goods is
equal to the revenues made by firms selling to the US market:

EU =
∫ φF DI

UC

b
rUUU(φ)MUUU

g(φ)
G(φF DI

UC )dφ +
∫ ∞

φF DI
UC

rUCU(φ)MUCU
g(φ)

1 − G(φF DI
UC )dφ+

+
∫ ∞

φX
CU

rCCU(φ)MCCU
g(φ)

1 − G(φX
CU)dφ + pHUqHU =

= rUUU(φ̃UUU)MUUU + rUCU(φ̃UCU)MUCU + rCCU(φ̃CCU)MCCU + qHU

where pHU = 1 and qHU = (1 − α)EU.

In this model, workers receive income from labor and from the net profits of US firms, but
have to pay the fixed costs of entry.51 Therefore, the income of US workers is

IU = wULU − wUfE
U ME

U +

+
[
rUUU(φ̃UUU) − wU

qUUU(φ̃UUU)
φ̃UUU

]
MUUU+

+
[
rUCU(φ̃UCU) − wCτCU

qUCU(φ̃UCU)
φ̃UCU

− wCfF DI
UC

]
MUCU .

51Notice that the labor income of workers includes all the fixed costs paid by the firms. However, workers
in this model also own the firms, so that they have to pay the fixed costs back.
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Similarly, the income of Chinese workers is

IC = wCLC − wCfE
C ME

C +

+
[
rCCC(φ̃CCC) − wC

qCCC(φ̃CCC)
φ̃CCC

]
MCCC+

+
[
rCCU(φ̃CCU) − wCτCU

qCCU(φ̃CCU)
φ̃CCU

− wCfX
CU

]
MCCU .

Notice that the income of workers also includes the net profits made in the homogeneous
sector, which are equal to zero.
In equilibrium, the income of workers must be equal to their total expenditure: Ii = Ei.

The expected profit of US firms is πU = G(φF DI
UC )πUUU +

[
1 − G(φF DI

UC )
]

πUCU, where πUUU

is the expected profit of US firms who produce domestically and πUCU is the expected profit
of US firms who offshore production to China:

πUUU =
∫ φF DI

UC

b
πUUU(φ) g(φ)

G(φF DI
UC )dφ = πUUU(φ̃UUU)

and

πUCU =
∫ ∞

φF DI
UC

πUCU(φ) g(φ)
1 − G(φF DI

UC )dφ =

=
∫ ∞

φF DI
UC

( 1
σ

rUCU(φ) − fF DI
UC wC

)
g(φ)

1 − G(φF DI
UC )dφ =

= 1
σ

rUCU(φ̃UCU) − fF DI
UC wC = πUCU(φ̃UCU)

where G(·) is the CDF of a Pareto distribution with size parameter b and shape parameter k.

The expected profit of Chinese firms is: πC = πCCC +
[
1 − G(φX

CU)
]

πCCU, where πCCC is
the expected profit of Chinese firms selling domestically and πCCU is the expected profits of
Chinese firms exporting to the United States:

πCCC =
∫ ∞

b
πCCC(φ)g(φ)dφ = πCCC(φ̃C)
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and

πCCU =
∫ ∞

φX
CU

πCCU(φ) g(φ)
1 − G(φX

CU)dφ =

=
∫ ∞

φX
CU

( 1
σ

rCCU(φ) − fX
CUwC

)
g(φ)

1 − G(φX
CU)dφ =

= 1
σ

rCCU(φ̃CCU) − fX
CUwC = πCCU(φ̃CCU) .

Label MUUU the mass of US firms producing and selling domestically and MUCU as the
mass of US firms producing in China and selling domestically. Notice that MUUU =
(1 − G(φF DI

UC ))MU and MUCU = G(φF DI
UC )MU, where MU is the total mass of US firms.

Similarly, define MCCU = (1 − G(φX
CU))MC the mass of Chinese firms exporting to the

United States, where MC is the total mass of Chinese firms, which is equivalent to the mass
of Chinese firms selling in the Chinese market. The exact price index for the composite
differentiated good in the United States is

PΩU =
[∫

ω∈ΩU
(p(ω))1−σ dω

] 1
1−σ

=

=
[∫ φF DI

UC

b
(pUUU(φ))1−σ MUUU

g(φ)
G(φF DI

UC )dφ +
∫ ∞

φF DI
UC

(pUCU(φ))1−σ MUCU
g(φ)

1 − G(φF DI
UC )dφ +

+
∫ ∞

φX
CU

(pCCU(φ))1−σ MCCU
g(φ)

1 − G(φX
CU)dφ

] 1
1−σ

=

=
[(

σ

σ − 1wU

)1−σ

MUUU

∫ φF DI
UC

b
φσ−1 g(φ)

G(φF DI
UC )dφ+

+
(

σ

σ − 1τCUwC

)1−σ

MUCU

∫ ∞

φF DI
UC

φσ−1 g(φ)
1 − G(φF DI

UC )dφ+

+
(

σ

σ − 1τCUwC

)1−σ

MCCU

∫ ∞

φX
CU

φσ−1 g(φ)
G(φF DI

UC )dφ

] 1
1−σ

.

Then, the price index of the differentiated goods in the US can be rewritten as

PΩU =
[
MUUUp̃1−σ

UUU + MUCUp̃1−σ
UCU + MCCUp̃1−σ

CCU

] 1
1−σ

where p(φ̃UUU) has been rewritten as p̃UUU, p(φ̃UCU) has been rewritten as p̃UCU, and
p(φ̃CCU) has been rewritten as p̃CCU, for brevity. The exact price index for the composite
differentiated and homogeneous good is PU = Pα

ΩU.
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The exact price index of the differentiated goods in China can be rewritten as

PΩC =
[∫

ω∈ΩC
(p(ω))1−σ dω

] 1
1−σ

=

=
[∫ ∞

b
(pCCC(φ))1−σ MCg(φ)dφ

] 1
1−σ

=

=
[
MC

(
σ

σ − 1wC

)1−σ k

k + 1 − σ
bσ−1

] 1
1−σ

=

=
[
MCpCCC(φ̃C)1−σ

] 1
1−σ = p̃CCCM

1
1−σ

C

where pCCC(φ̃C) is the price of the average productivity Chinese firm, renamed p̃CCC for
brevity. The exact price index for the composite differentiated and homogeneous good is
PC = Pα

ΩC.

The equilibrium is given by the cutoff productivities {φF DI
UC , φX

CU}, the mass of entrant firms
{ME

U , ME
C }, the expenditures {EU, EC}, and the mass of labor used in the homogeneous

sector {LHU, LHC} such that the Zero Cutoff Profit conditions hold, the Free Entry condition
of each country holds, the labor market clearing conditions hold, and there is expenditure-
income balance in each country, for a given set of wages {wU, wC} and price indices
{PΩU,PU,PΩC,PC} defined above.

D.5 Comparative statics

Figure D1 shows the effect of decreasing iceberg trade costs for all firms. A decrease in
iceberg trade costs lowers the productivity cutoff necessary to both Chinese firms to export
(red line) and US firms to offshore production (blue line in D1.1). Still, the cutoff for US
firms to offshore is quite high, so only a few US firms start offshoring production to China
(blue line) and the bulk of US imports from China (what we usually observe in the data,
the purple line) still consists of Chinese-owned varieties (the red line in D1.2). Both the
share of US-owned varieties and the share of US-owned varieties produced domestically
in the US market decrease (the dark blue and the light blue lines in D1.3, respectively),
but they tend to diverge as shipping becomes cheaper. The same pattern is visible for the
market share of US-owned varieties and US-owned varieties produced domestically in the
US market (the dark blue and the light blue lines in D1.4, respectively).
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Figure D1: Change in iceberg trade costs

D1.1: Cutoffs D1.2: Imported varieties

D1.3: Variety share D1.4: Market share

Note: Comparative statics for different values of τCU on the x-axis. The top-left panel shows the cutoff
productivity for Chinese firms to start exporting to the US (red line), for US firms to start offshoring
production to China (blue line), and the lower bound of the productivity distribution in both countries
(in gray). The top-right panel shows the mass of Chinese-owned varieties imported by the US (red line),
the mass of US-owned varieties produced in China (blue line), and the total mass of varieties imported
by the US (purple line). The bottom-left panel shows US-owned varieties (dark blue line) and US-owned
varieties produced domestically (light blue line) as a percentage of all varieties sold in the US market. The
bottom-right panel shows the market share of US-owned varieties (dark blue line) and US-owned varieties
produced domestically (light blue line) in the US market.
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