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Abstract

This paper uses novel barcode-level country of origin data to study the incidence of the US-

China trade war in 2018-2019. I �nd that the incidence of these policies initially fell entirely to

US consumers, which is in line with previous research. However in the medium to long-run I �nd

that the incidence shifts away from US consumers and towards Chinese exporters. Speci�cally, I

�nd that price pass-through in the eight months following the �nal tari� was only 23%, whereas

the market share of Chinese goods sold in America decreased by 32% over the same period. Most

of this decrease occurred through stores dropping Chinese varieties from their shelves. I �nd that

substitution away from Chinese imports did not lead to signi�cant gains for American goods.

The bene�ciaries of these policies were mainly countries with geographic proximity to China

- speci�cally Thailand, Japan, Philippines, Australia, and New Zealand. Thailand speci�cally

experienced a more than doubling of their market share within the US domestic market in the

months following the �nal tari� increase of the US-China trade war.

This paper forms a chapter of my thesis, and I am indebted to my supervisor - Daniel Tre�er -
and committee members Victor Aguirregabiria and Peter Morrow for their support and guidance on this
project. I thank Sebastian Stumpner for generously providing data and the Rotman China Initiative for
�nancial support. The analysis in this paper is my own, calculated based in part on data from Nielsen
Consumer LLC and marketing databases provided through the NielsenIQ Datasets at the Kilts Center for
Marketing Data Center at the University of Chicago Booth School of Business. The conclusions drawn
from the NielsenIQ data are my own and do not re�ect the views of Nielsen. Nielsen is not responsible



1 Introduction

Who paid for Trump's tari�s on China? This question is not only fundamental to under-

standing the consequences of an historic and unprecedented episode in US trade policy

- an episode which, it should be noted, is still ongoing - but this question is also impor-

tant for understanding who more generally bears the costs of tari� changes. Previous

research studying this episode has consistently found that American consumers ended up

bearing almost 100% of the costs associated with this trade war1. However almost all

current research estimating outcomes associated with the US-China trade war either rely

on highly aggregated customs data2 or on retail-level price data3, neither of which are able

to provide detailed price and substitution results. Similarly, almost all of these analyses

are only able to focus on the short-run e�ects of these policies, which may be misleading.

What is missing is a detailed analysis of how these tari�s a�ected price and quantity over

a longer time horizon.

This paper introduces a novel dataset linking weekly barcode-level scanner data at US

stores to barcode-speci�c country-of-origin data. These data allow for a study of the price

and substitution response to the US-China trade war for 18 narrowly de�ned consumer

packaged good categories within the USA4. These categories were all included in the Tari�

List 3 provided by the US government and were therefore subject to two tari� increases

during the trade war: an initial tari� increase of 10ppt on September 24, 2018 and an

additional increase of 15ppt on May 9, 2019. In aggregate, these policies constitute an

increase in the applied tari� rate of these categories from 2.5% to 27.5% in less than a

year and therefore provide a novel lens through which to study one of the most dramatic

trade policy changes of the post-WWII era.

I implement an event study framework and estimate a short-run price pass-through

of almost 100%. That is, in the �rst four months after the initial 10ppt tari� increase,

the relative price of Chinese varieties compared to all other varieties within the same

for, had no role in, and was not involved in analyzing and preparing the results reported herein. All
remaining errors are my own.

1Fajgelbaum et al. [2020]; Amiti et al. [2019]; and Amiti et al. [2020].
2As in Fajgelbaum et al. [2020].
3Flaaen et al. [2020] and Cavallo et al. [2019].
4These categories are all broadly classi�ed as personal care and cosmetics product categories.
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product category increased by 10%. These results mirror those found in other research.

In the medium- to long-run, however, I �nd a signi�cant mediation in price pass-through

and a substantial negative e�ect of these tari�s on the market share of Chinese varieties.

By the end of 2019 - the last week for which scanner data are currently available - the

price pass-through associated with these tari� changes had decreased to only 23% while

the market share of Chinese varieties had decreased year-over-year by almost 32%. The

trendline associated with Chinese market share suggests that future research will �nd even

larger e�ects: the year-over-year change in market share for Chinese varieties reaches lows

of -50% in the last few weeks of 2019 with no sign of plateauing. These result imply a

tari� elasticity of substitution of around 2.0. I �nd that US stores dropping Chinese

varieties explains almost the entirety of this decrease in market share, with store-speci�c

market shares and aggregate Chinese variety count remaining relatively constant post-

policy. This result is further strengthened by the implied elasticities of demand estimated

in this paper: I estimate a tari� elasticity of market share of 2 but a pass-through-adjusted

price elasticity of ∼10 which seems implausibly large.

One of the implied goals of this policy change was to "re-shore" production and increase

the economic viability of manufacturing within the USA. I leverage the detailed data

available and estimate market share changes across all 45 countries present in my dataset.

I �nd little evidence that these tari�s lead to increased market share for domestically

produced (American) varieties. Instead I �nd that the main bene�ciaries of this policy

were countries with geographic proximity to China. Thailand speci�cally witnessed a

doubling of market share within the American market in the months immediately following

the �rst policy change. By the end of my sample Thailand's market share had almost

tripled. Japan, Australia, New Zealand, and the Philippines all saw marked increases in

market share as well. Across all countries in my sample, I �nd that pre-policy market share

and GDP per capita have almost no explanatory power when estimating which countries

gained the most from this policy, whereas shipping distance from China is negatively

correlated with changes in market and estimated at a signi�cance of 1%. These results

are notable in that they suggest some geographic bias in the sourcing decisions of retailers

- rather than switching suppliers to domestic alternatives retailers seem to be sourcing
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from countries within the vicinity of China, irregardless of the characteristics of those

countries, such as GDP per capita.

There are a number of potentially competing mechanisms to explain the geographic

focus of which countries gained the most from these policies. A natural interpretation

would be that �rms producing in China simply relocated location to proximal countries in

which they already had manufacturing plants operating. Alternatively, these tari�s may

have simply led to an expansion of pre-existing varieties exported from countries such

as Thailand and a decrease in market share for Chinese varieties (an intensive margin

response). Future work on this paper will use the detailed descriptive data available for

each barcode in the data to study the likelihood that �rms simply shifted production of

the same varieties across countries.

This paper contributes to the growing literature studying the welfare consequences

of tari�s imposed by the Trump administration5. Five key papers stand out in their

evaluation of these policies. Fajgelbaum et al. [2020], Amiti et al. [2019], and Amiti et al.

[2020] all study the e�ects of these tari� changes on prices and quantities using customs

data. All three papers �nd signi�cant price pass-through and argue that US consumers

and �rms ended up bearing the vast majority of the incidence of both the US tari� changes

on other countries, but also the retaliatory tari�s that countries applied in response. At

the same time, these papers �nd that imports to the US from China declined in response

to these tari�s. This is a notable result given that the most basic theory would tari� pass-

through would suggest either 100% price pass-through or substantial substitution away

from targeted goods, but not both6. However there are potentially subtle di�erences

between pass-through occurring at the border versus in stores. Many �nal goods are

imported by wholesales or retailers, which allows for the possibility that tari� costs are

borne by intermediaries rather than consumers.

Flaaen et al. [2020] study the e�ect of these policies - and other protectionist policies

by the US government - on the retail prices of washing machines and dryers. They �nd

price pass-through of over 100% as dryers - a complement to washing machines - also

5For a summary of this growing literature, see CITE KHANDELWAL.
6A number of papers have proposed possible mechanisms explaining this:
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increased in price in response to tari�s that were placed exclusively on washing machines.

However they also �nd that China-speci�c antidumping duties levied in 2016 led to a price

pass-through of only 21% and signi�cant relocation of production away from China and

towards Vietnam and Thailand. This paper �nds similar results studying a completely

di�erent set of product categories. Cavallo et al. [2019] study price pass-through for two

large retail chains in the US and �nd no evidence of price pass-through to US consumers

associated with the US-China trade war, suggesting that retailers have borne the brunt

of these cost shocks. Both of these papers, however, lack detailed quantity data. This is

mainly due to the data sources used: both papers scrape price data o� of retailer websites,

which allows for a detailed study of price e�ects but excludes the possibility of studying

the e�ect of these policies on market share.

This paper provides a similar analysis to those mentioned above but with a focus on

substitution: by linking scanner data to barcode-speci�c country-of-origin data this paper

is able to discuss both price adjustments and substitution in response to China-speci�c

tari�s levied by the US. This is di�cult to achieve using customs data, as the aggregate

market size within which imports compete is unavailable. This detailed level of analysis

does come at a cost, however: barcode country-of-origin data is only available for a narrow

subset of products. The goal of this paper, then, is not to provide an aggregate analysis of

who paid for the US-China trade war. Rather, the goal of this paper is to study a narrow

subset of a�ected product categories at the most granular level possible and in doing so

provide insights into how consumers, retailers, and producers responsed to these dramatic

policy changes. The fact that his paper �nds a negative e�ect on Chinese producers and

exporters associated with these tari� changes, this is not to say that these tari�s were

welfare enhancing for US consumers. The results shown here simply provide reduced form

evidence of the outcomes associated with this policy, and it is important to distinguish

between the potential welfare implications of these policy changes and the more direct

e�ects of simply decreasing Chinese import penetration within the USA, even if this may

have been the policy's main goal in the �rst place.

This paper consists of �ve sections. Section 2 introduces the datasets used in this

paper. Section 3 provides an analysis of pass-through and substitution at the barcode-
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level, and Section 4 provides a similar analysis at the product category level. Section 5

concludes.

2 Data

In order to study pass-through and substitution at the level of a barcode, this paper

makes use of two datasets. The �rst is the Nielsen retail scanner dataset which provides

weekly price and sales data at the barcode level across approximately 35,000 stores in the

contiguous US. The second dataset is novel and provides the country-of-origin data at the

barcode level for 18 distinct and narrow personal care and cosmetics product categories.

2.1 Nielsen Retail Scanner Data

The Nielsen retail scanner data provide weekly price and sales data at the barcode level

across 35,000 stores in the US. For the purposes of this paper, I use the years 2016-2019

as my timeframe, since the trade war began in earnest in 2018 and scanner data is only

currently available to the end of 2019. Although the Nielsen data have been used before

to study questions of international trade, the usefulness of these data has been limited

by the lack of origin country information contained within a barcode7. Speci�cally, there

is no straightforward method of allocating a country of origin to each barcode, and thus

researchers have been unable to fully leverage the detailed nature of this dataset for

understanding international trade phenomena, such as the response to tari� changes.

While it is true that the �rst �ve digits of a barcode provide a parent company identi�er,

there are two concerns with simply linking this �rm identi�er to a headquarter location.

First, multinational American parent companies produce barcodes all over the world so

the aggregate import share would likely be underestimated in this case. Second, imported

barcodes are often switched at the border and the parent company is often a wholesaler or

transportation company, rather than the manufacturer. This paper therefore introduces

a novel dataset to link barcodes to a speci�c country of origin and I turn to describing

7For prominent examples of researchers using the Nielsen data to study trade questions, see: Bai and
Stumpner [2019]; Faber and Fally [2017].
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these data now.

2.2 Barcode Country of Origin

The di�culty in linking barcode-level purchase data (such as those provided by Nielsen)

to a country-of-origin has required trade economists to use strong assumptions or im-

putations to map barcodes to an import origin. I circumvent this issue by purchasing

barcode-level country-of-origin directly from Label Insight, Inc., a �rm that specializes in

extracting and organizing information found on the labelling of consumer packaged goods.

Label Insight uses an AI to read o� of packages the ingredients, branding, and any

other text information that may be included for thousands of barcodes sold across the

majority of major retail chains in the US. Since imported goods in the US are required

to show, on the label, some statement equivalent to "Product of . . .", the Label Insight

AI incidentally recovers a country of origin for each barcode they collect. Given that this

process requires a label to be present in the �rst place, Label Insight naturally can only

cover a segment of total consumption, and their coverage is best for personal care products

and packaged food. With this in mind, I purchased the origin country, ingredients list,

brand, and barcode description (which is read o� of the package) for approximately 65,000

personal care barcodes spanning 35 disaggregated product groups.

Since barcodes are universal, it is straightforward to match these data to the Nielsen

store scanner data. I �nd that the aggregate match rate between Label Insight and Nielsen

covers approximately 85% of all sales by expenditure in the Nielsen data, thus providing

a dataset which is, to the best of my knowledge, the �rst to merge broad scanner data

with granular country-of-origin data for barcodes.

2.3 Final Dataset

My �nal dataset contains weekly aggregate price and sales data at the barcode level.

Each barcode i is assigned to a product category by Label Insight, Inc., and I use these

categories as my product categories k. I then remove all categories with an insu�cient

share of Chinese varieties/sales to be useful for this analysis as well as any categories that
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were not included in the Tari� List 3 released by the USA8. In general, I �nd that the

vast majority of personal care product categories were in fact included in this round of

tari�s.

The �nal dataset then covers 16,163 barcodes across 18 narrow product categories and

over four years (2016-2019). These data constitute $12.3 billion USD of expenditure in

aggregate with an import share of consumption of 21.9% and a Chine expenditure share

of 3.0%. These data thus provide barcode-level data for $373 million USD of expenditure

on Chinese imports across 2,781 unique Chinese-origin barcodes. Table A1 in Appendix

A provides summary statistics at the category level, and Table A2 provides summary

statistics by origin country, of which there are 45 in my �nal dataset.

Since the analysis in this paper will often be done at the week-level, it is important

to clarify some key dates before continuing with the analysis. The data span four years,

which amounts to 209 weeks. Each week is numbered from 1 to 209 starting with the week

of January 1, 2016, and ending with the week of December 31, 2019. The initial tari�

increase by the Trump administration began taking e�ect in late 2017 and early 2018.

These policy changes eventually moved from being narrow in scope but wide in application

across countries to taking on an almost exclusively China focus across a wide range of

intermediate and �nal consumer goods. Since the data used in this paper constitute only

�nal consumer goods, I will focus on the third and fourth round of US tari� increases

on China. The third round of tari�s was announced on July 10, 2018 and implemented

on September 24, 2018. These weeks are indexed in the analysis to follow as t = 133

and t = 142, respectively. This round of tari�s increased the tari� rate on the a�ected

categories from 2.5% to 12.5%.

This round of tari�s was the �rst to be applied to a wide range of �nal consumer goods

and thus mitigates concerns of endogeneity in the application of these tari�s. While it

is true that the trade war had been in full swing for much of 2018, I account for this in

the analysis to follow by mainly considering the years 2016 and 2017 as my pre-period of

reference. A bene�t of having data focused on such narrow categories as those studied here

8This tari� list is at the HS6 level so I merge the Nielsen product modules to HS6 classi�cation using
the mapping from Bai and Stumpner [2019].
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is that it increases the plausibility of these tari�s being plausinly exogenous to category-

speci�c trends.

The fourth round of tari�s were applied to the same set of consumer goods as the

third round and increased the associated tari� rate further from 12.5% to 27.5%. This

additional increase was scheduled to come into e�ect on January 1, 2019. However during

the last weeks of 2018 negotiations convinced President Trump to postpone this increase

inde�nitely. As negotiations then deteriorated during the early months of 2019 the US

announced and implemented this tari� increase with a matter of days. This �nal tari�

increase took e�ect on May 10, 2019, and remained in place for the rest of 2019. In

the analysis to follow, this week will be indexed by t = 173. The two policy changes of

interest therefore represent the two tari� increases which took place on September 24,

2018 (t = 143) and May 10, 2019 (t = 173).

3 Pass-Through and Substitution at the Barcode Level

This section provides a �rst look at how barcode-level prices and quantity sold were

a�ected by the change in tari� rates associated with the US-China trade war. In all

equations to follow, a barcode i will be of category k. All analyses will take place at a

weekly time period t, with weeks starting at t = 1 on January 1, 2016, and increasing

outwards to T = 209 on December 31, 2019. These data then represent a long unbalanced

panel. In order to estimate pass-through associated with the two tari� changes relevant

to this paper, I implement an event study at the barcode-week level of observation.

My event study design is illustrated in Equation (1). For each narrow product category,

I take non-Chinese varieties as my control group and account for any unobserved demand

or cost shocks to each product category using the time trend estimates φkt. Since I

estimate this event study once for price and quantity, I provide only one estimating

equation with the dependent variable x denoting either price or quantity: x ∈ {p, q}. I

allow for a linear relationship between price (quantity) and barcode-speci�c characteristics

such as the weight in ounces (wi), brand, and whether or not the variety is from China9.

9I denote the origin country of a good as c(i).
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Figure 1: Relative Price per Barcode per Week

Figure 1 provides the estimates of λp from Equation 1. The horizontal axis counts the number

of weeks out from January 1, 2016, and starts with t = 52 on January 1, 2017. These estimates

run until the end of the sample in t = 209 (December 31, 2019). Heteroskedastic-robust standard

errors are provided. All estimates are normalized to a value of zero for t = 52: the �rst observation
in this �gure.

The key parameters of interest then are λxt which represent a vector of week-speci�c

deviations in the price (quantity) of Chinese varieties from their category-speci�c trends.

lnxit = λxt 1[ci = China] + φx
kt + βw,x

k wi + φx
k,brand + φx

k,China1[ci = China] + εxit (1)

Figure 1 provides an event study of λp over the time period running from January 1, 2017,

to December 31, 2019. Three dates are indicated on the x-axis. These are, in order from

earliest to latest (left to right on the graph): the �rst announcement of the impending tari�

rate increase of 10ppt, the actual implementation of this tari� increase, and the increase

in this tari� rate by an additional 15ppt10. Heteroskedastic-robust standard errors are

provided for each point estimate as well as a polynomial trend line. Each estimate is

normalized to the relative price of Chinese varieties to non-Chinese varieties in the �rst

week of the period illustrated: the week of January 1st, 2017.

A number of features stand out in Figure 1. First, the estimates spanning the calendar

10This additional tari� increase was implemented the same week it was announced.
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year 2017 (t ∈ {52, 104}) are relatively stable and �uctuate tightly around zero. These

estimates are re-assuring in that they provide evidence for a lack of a price pre-trend as-

sociated with Chinese barcodes. Second, it seems that the relative price of Chinese goods

began increasing as early as the Spring of 2018 even though tari�s for these speci�c cate-

gories were only announced in July of 2018 and formally implemented in late September.

There are a number of potential causes for this increase. Flaaen et al. [2020] show that in

response to increased tari�s, retailers increased the price of goods that were not directly

a�ected in order to smooth this cost shock. Given that the trade war began in earnest in

early 2018 it may be that wholesalers or Chinese producers were already smoothing this

cost shock across all exported goods even in the absence of tari�s targeted speci�cally at

the categories studied in this paper.

It is also possible that retailers and exporters were aware of the pending tari�s and

adjusted prices in anticipation of this policy change. This seems unlikely for a few reasons.

First, the tari� changes relevant to this study were the �rst to be broadly applied to a

wide range of �nal consumer goods. Up to that point, tari�s implemented by the USA

had either targeted intermediate goods or speci�c household appliances (such as washing

machines). Second, the implementation of these tari�s was highly erratic. The second

round of tari�s illustrated in Figure 1 were scheduled to take e�ect on January 1, 2019.

This increase was abruptly cancelled in late December, but swiftly re-implemented when

negotiations fell apart in the Spring of 2019.

Lastly, and I discuss this point in greater detail in Section 4, the Chinese Yuan sharply

appreciated in value relative to the USD during the early months of 2018, as shown in

Figure A1 in Appendix A. This appreciation was of a magnitude of approximately 5% and

followed a more general trend of appreciation begining at the start of 2017: the exchange

rate of Yuan to USD increased from an indexed baseline of 100 on January 1, 2016 to a

high of 107 on January 1, 2017. The Yuan then appreciated again during 2018 back to a

value of 97 on January 1, 2018. While exchange rate �uctuations may explain the relative

increase in price of Chinese imports in the weeks leading up to the �rst policy change,

the Yuan depreciated dramatically once these policies were implemented.

I �nd that the �rst tari� increase of 10ppt is associated with a signi�cant short-run
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increase in the relative price of Chinese varieties compared to non-Chinese varieties. This

price increase averaged around 10% for approximately sixteen weeks, which suggests a

short-run price pass-through of almost 100%. While the relative price of Chinese varieties

then sharply decreases, this may be simply seasonal: notice that the relative price of

Chinese varieties decreases relative to all other varieties in weeks associated with the

holiday season11. Lastly, there is some evidence of a longer-term upward shift in the price

of a�ected varieties. This increase is not as substantial as the 25% one might expect in

a world with complete pass-through but there is clear evidence of non-zero pass-through

nonetheless.

In order to provide quanti�able estimates of the pass-through associated with this

policy, I compare the average value of λpt across di�erent time horizons with the average

value of λpt for the entire year of 2017, which I take to be my pre-period. I provide these

values in Table 1 for di�erent time horizons after the initial tari� change. Speci�cally,

Columns (1) and (3) provide the average price di�erential between the pre-period and

the �rst month after each policy change whereas Columns (2) and (4) provide the same

estimates but for the �rst four months following each policy change. Column (5) provides

the average price di�erential for all time periods following the second policy change until

the end of the sample (that is, May 2019 - January, 2020).

I �nd that the short-run pass-through associated with the �rst policy change was

almost exactly 100%. That is, Chinese exporters and, in turn, US retailers, passed on the

cost of these tari�s entirely to US consumers. These results are in line with what has been

found in the literature studying prices at the border but are at odds with the results found

in Cavallo et al. [2019]. This is likely due to the short-run nature of this price increase.

As shown in Columns (3) - (5), the pass-through associated with further tari� increases

was much more muted and by the end of my sample I �nd that aggregate pass-through

is only around one quarter. Interestingly, Flaaen et al. [2020] �nd a price pass-through

associated with China-speci�c anti-dumping duties of around 21% after eight months.

Despite being estimated for vastly di�erent product categories (their focus is washing

11Each holiday season can roughly be attributed to time periods surrounding each multiple of 50:
t = 52, t = 104, t = 156, and t = 208 all designate the last week of the calendar year.
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Table 1: Estimates of Tari� Pass-through

(1) (2) (3) (4) (5)

First Policy Change Second Policy Change Aggregate

Cumulative Months Included in Estimation

1 4 1 4 7

∆λp 0.109 0.100 0.050 0.044 0.0565

(0.023) (0.023) (0.023) (0.023) (0.023)

Tari� Increase 10% 10% 25% 25% 25%

Pass-through 109% 100% 25% 18% 23%

Table 1 provides estimates of price pas-through associated with the two tari� policy

changes in 2018 and 2019. Columns (1) and (2) provide estimates for the �rst tari�

increase, and Columns (2) and (4) provides estimates for the second tari� increase.

Estimates are simply the average estimate of λ̂pt in the post-policy period minus the

average estimate of λ̂pt in the year 2017. Standard errors are heteroskedastic-robust

and provided as point estimate standard errors associated with λ̂pt . Columns (1) and

(3) estimate the cumulative price di�erentials during the �rst month of each policy

change, and Columns (2) and (4) provide the same but for a time horizon of four

months. Column (5) provides aggregate estimates for the entire sample after the

second policy change: May, 2019 - December, 2019.

machines), the estimates shown here �nd a price pass-through of China-speci�c tari�s

after seven months to be 23%.

In summary, I �nd that US consumers bore almost the entirety of the costs associated

with these tari� changes in the �rst few months after the policy change. In the medium-

to long-run, however, price pass-through decreased substantially and was only 23% seven

months after the �nal tari� increase. It is important to note that these results do not

necessarily imply that the incidence of these policies shifted to Chinese exporters, it may

be that US intermediaries/retailers instead bore the cost increase (as discussed in Cavallo

et al. [2019]). The dataset used in this paper contains both price and quantity data at the

barcode level which provides a unique lens through which to study how price and quantity

sold separately responded to this tari� change. Figure 2 provides the same image as in

Figure 1 except now with the estimates associated with quantity: λq
t .

The results shown in Figure 2 provide a number of important �ndings. First, the

relative price and quantity of Chinese variety seem to be positively correlated. That

is, around each holiday season - or, alternatively, the end of the calendar year - both
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Figure 2: Relative Units Sold per Barcode by Week

Figure 2 provides the estimates of λq from Equation 2. The horizontal axis counts the number

of weeks out from January 1, 2016, and starts with t = 52 on January 1, 2017. These estimates

run until the end of the sample in t = 209 (December 31, 2019). Heteroskedastic-robust standard

errors are provided. All estimates are normalized to a value of zero for t = 52: the �rst observation
in this �gure.

relative price and quantity increase for Chinese varieties. Both of these increases are

relative to other barcodes within the same category, suggesting that these results are not

driven solely by aggregate demand increases associated with these weeks. Given that the

initial tari� increase occurred in late September, this cyclical pattern in sales seems to

overwhelm any negative demand response associated with the �rst tari� increase. This is

interesting given the �ndings in Figure 1: retailers completely passed on the costs of this

tari� change to consumers while simultaneously experiencing a surge in demand for those

same goods. Cavallo et al. [2019] argue that imports from China exhibit "front-running"

in that volumes spiked in the weeks just before the introduction of this �rst round of

tari�s. Therefore it may be that retailers stocked greater inventory before the policy

change and were able to increase sales while simultaneously passing this cost shock on to

consumers.

While it is di�cult with the data provided to tease exactly how Chinese varieties

experienced both a positive price and demand shock in the weeks following the �rst tari�

change, it is clear from Figure 2 that this e�ect wore o� in the medium to long-run. This is
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especially true for the estimates of relative Chinese demand after the second tari� increase:

while the �nal weeks of my sample exhibit the cyclical increase in demand discussed above,

this increase is barely enough to return the relative demand for Chinese varieties back to

their baseline level. In terms of year-over-year estimates, the week change in units sold

between the pre-policy period (2017) and the post-policy period is striking: barcode-level

relative demand for Chinese goods decreased by an average of 20% for the �nal months

of 2019.

This section has provides novel barcode-level evidence that the short-run e�ects of the

US-China trade war di�ered substantially from the medium to long-run e�ects. In the

short run, retailers passed this cost shock through to US consumers and demand for Chi-

nese goods increased. However once the additional 15ppt tari� increase was implemented,

the incidence of this policy change shifted away from US consumers and on to Chinese

producers and exporters. In order to provide a more rigorous analysis of the substitution

e�ects of these policy changes, however, I refocus my analysis at the category-level rather

than the barcode-level. This is for three reasons. First, there is a substantial amount of

entry and exit during this period, and if the aggregate number of varieties is systemati-

cally changing then the units sold per barcode may be a misleading metric for studying

changes in market share. Second - and this was mentioned when discussing prices above

- the Yuan depreciated sharply around the introduction of the �rst tari� increase and

remained at the most depressed values witnessed during the period 2016-2019 throughout

the post-policy period. Lastly, the seasonality in demand evidence in Figure 2 suggests

that year-over-year comparisons might be more relevant than barcode-speci�c units sold.

Year-over-year estimates at the barcode level are noisy due to the entry and exit of bar-

codes. I turn now to a category-level analysis of substitution in response to the US-China

trade war.
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4 Substitution at the Product Level

4.1 Chinese Market Share

In this section I aggregate the dataset used in this paper to the level of a category-week

(kt). I denote all market characteristics of interest as x and implement Equation (2)

as the main empirical framework to estimate time trends associated with each market

characteristic. The market characteristics studied in this section include: the quantity

market share of Chinese varieties sckt, the expenditure share of Chinese varieties v
c
kt, the

variety count share of Chinese varieties nc
kt, and the share of store-barcode combinations

nsckt
12. The vector of coe�cients βx

t ∈ βx simply represent the week-speci�c trends

associated with each characteristic x.

lnxkt = φx
k + βx

t + µx
it (2)

As mentioned in the previous section, the exchange rate movements that took place

around these policy changes confound the estimates of market characteristic changes out-

lined in Equation (2). In order to account for these exchange rate changes, I use Equation

(3) to estimate a relationship between these market characteristics and the exchange rate

(measured as Chinese Yuan over USD). To avoid con�ating the e�ects of the trade war

on the exchange rate, I estimate this relationship using only the �rst two years (2016 and

2017) in the data and then extrapolate this relationship forward in order to predict how

market characteristic x would change if only the exchange rate were changing.

lnxkt = φx,ex
k + βx

EX lnEXt + δxit ∀ t ∈ [1, 104] (3)

I then calculate an exchange-rate-adjusted measure of each market characteristic β̃x
t =

β̂x
t − β̂x

EX lnEXt. These adjusted measures can be thought of as the di�erence between

observed market characteristics and that which we might expect, given exchange rate

12That is, for any given week I calculate the total number of unique store-barcode combinations found
in the data for both Chinese varieties and all varieties. I then simply take the ratio of the two. This
captures the extent to which individual stores might change their stocking decisions in response to a
policy change.
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changes. Note that the actual level of the estimates β̂x
EX lnEXt will not matter for

the �nal results as I will di�erence across time periods. Speci�cally, for any market

characteristic x and post-policy time period t, I calculate the year-over-year change in the

exchange-rate adjusted measure of this market characteristics:

∆yβ̃
x
t = (β̂x

t − β̂x
EX lnEXt)− (β̂x

t−52 − β̂x
EX lnEXt−52) (4)

The estimates of ∆yβ̃
x
t then represent the year-over-year change in the exchange-rate-

adjusted estimates of aggregate quantity market share, expenditure share, variety share,

and store-barcode share. Figure 3 provides these estimates of ∆yβ̃
x
t for each of my four

characteristics for all weeks after the �nal tari� change. This tari� increased occurred on

May 10, 2019, and increased the applied tari� rate on the categories studied in this paper

from 12.5% to 27.5%. These data then provide an overview of the �rst seven months of

Chinese market share after the �nal salvo of the US-China trade war13.

Standard errors are provided and although they are large, this is due mainly to ag-

gregation: after aggregating the dataset to the week-category level, there are only 18

observations per week. Still, in each case there is evidence of a signi�cant downward

trend in the year-over-year exchange-rate-adjusted change in market share of Chinese

varieties14.

The quantity and value market share trends, reassuringly, are quite similar. As dis-

cussed in the previous section, there is a clear and marked decrease in the sales of Chinese

varieties after the �nal tari� was implemented. Speci�cally, the year-over-year change in

market share of Chinese varieties is around -20% immediately following the second wave

of tari� changes. These estimates reach a low of almost -50% in the �nal weeks of 2019

13Note that the Nielsen data are released in the early Spring for every two years prior dataset, so the
2020 data will not be available until early Spring, 2022.

14The estimates of βx
EX for market share, expenditure share, variety share, and store-variety share

are, respectively: 4.11, 4.15, 0.98, and 3.75. All are signi�cantly greater than zero at a con�dence interval
of 99%. These are consistent with the literature as they suggest a depreciation of the Yuan leads to
increased consumption of Chinese varieties. Interestingly, I �nd that around a quarter of the increase in
sales due to a depreciation comes from an increase in the number of Chinese varieties being sold: the
extensive margin.
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Figure 3: Relative Units Sold per Barcode by Week

Figure 3 provides estimates of ∆yβ̃
x
t from Equation 4. The horizontal axis counts the number

of weeks out from May 10, 2019 and ending on December 31, 2019. Clockwise from top-left,

these market characteristics are: quantity market share of Chinese barcodes, expenditure share

of Chinese barcodes, barcode count share of Chinese goods, and the barcode-store count share

of Chinese goods. All estimates are adjusted for exchange-rate changes and calculate as year-

over-year di�erences. Heteroskedastic-robust standard errors are provided.

and do not show a sign of plateauing. These are substantial adjustments and, given that

the tari� increase was by 25%, suggest a tari� elasticity of market share between -0.80

and -2.00. Given the decreasing trend found in these results it is important to note that

it seems likely a longer dataset would �nd further decreases. However this statement was

be quali�ed by the fact that the Covid-19 pandemic began in earnest during the early

months of 2020.

The bottom two �gures provide a study the extensive margin response of retailers. The
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Table 2: Year-Over-Year Changes in Market Characteristics

(1) (2) (3)

2016-2017 2017-2018 2018-2019

Average Percentage Change

China Market Share +47% -5% -32%

(17%) (18%) (14%)

China Expenditure Share +37% +3% -28%

(15%) (17%) (11%)

China Variety Share +14% +14% -3%

(4%) (3%) (5%)

China Store-Variety Share +44% +2% -32%

(16%) (16%) (17%)

Table 2 provides the average annual change in weekly market character-

istics for Chinese varieties. Each datapoint is a year-over-year change

for each week, and these estimates represent the average change across

all weeks. The standard deviation is in brackets.

bottom-left panel provides the aggregate variety count share of Chinese varieties. The

aggregate change in this case is not as stark as with the market share �gures, although

the trend is still downwards. Instead, much of the retailer response seems to be from

the store-barcode combination margin. The year-over-year change in the share of store-

barcode combinations decreased in a manner strikingly similar to that of aggregate market

share, suggesting that the key margin of adjustment was at the store stocking level rather

than consumers substituting away from Chinese varieties at the store.

As a means of comparison, it is useful to consider these market characteristics in the

context of a longer time trend and at a more aggregated level. Unfortunately the dataset

used in this paper relies on a current snapshot of the barcodes available at US retailers.

As mentioned in Section 2, Label Insight, Inc. provide data with a current snapshot of

barcodes available for purchase. Because of natural turnover in barcodes, this means one

cannot reliably match the country-of-origin data with store-level scanner data for years

prior to 2016.

Nevertheless, Table 2 provides an overview of how these four market characteristics

changed over the four years I do have in the data. Speci�cally, Table 2 provides the

year-over-year percentage change for each variable x for the periods 2016-2017, 2018-
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2019, and 2019-2020. In each case, I limit my sample to the months running from May

to December, as these provide the only post-policy time period in my sample for the

year 2019. In each case, I have calculated the year-over-year week-speci�c change in each

exchange-rate adjusted metric and the results shown in Table 2 provide the average change

over all weeks, as well as the standard deviation. As an example, the data point of +47%

for "China Market Share" during the period 2016-2017 means that when comparing the

same week between 2017 and 2016, the average change in Chinese variety market share

was 47% across all weeks. The standard deviation across all weeks is 17%.

While the panel studied in this paper does not provide a long-enough pre-trend to study

how the expenditure share of Chinese goods was evolving pre-2016, Table 2 suggests that

across all four market characteristics the US-China trade war of 2018-2019 completely

reversed the gains made by Chinese exporters between 2016 and 2017. While year-over-

year growth for the pre-policy period was 47% for the quantity market share of Chinese

goods, this trend decreased to -5% between 2017-2018 and plummeted to -32% between

2018-2019. As mentioned, it seems that the main mechanism driving this result is the

extent to which store-barcode pairs disappear between 2018 and 2019, with the share of

all store-barcode combinations accruing to Chinese goods decreasing by 32% over this

period.

An apparent motivation of these policy changes - at least according to those who

implemented them - was to re-shore production to the United States. Given that the

dataset used in this paper contains goods from 45 countries, including the USA, I test

whether the decreases in Chinese market share observed in this section translated into

gains for American production. I turn to this analysis now.

4.2 Substitution to Other Countries

As a �nal exercise, I exploit the novelty of having barcode-level country-of-origin data to

study how the US-China trade war a�ected market share for all other countries in the

data. To do this, I aggregate my data to the country-category-quarter (that is, a three

month period) level and estimate a version of Equation (3) for each country in the sample.
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I then recover a quarter-speci�c �xed e�ect of quantity market share for each country15.

In order to account for pre-trends before the introduction of this policy, I �rst estimate a

linear trend for each country over the years 2016 - 2017. This captures the extent to which

country-speci�c market shares may have been changing for reasons other than this policy,

such as technological changes, changes in trade costs, or exchange rate depreciation16. I

then estimate a linear time trend for the country-speci�c �xed e�ects in all quarters after

the �rst tari� increase on September 24, 2018. I then simply take the di�erence betwen

the two trends as my measure of how country-speci�c market shares were altered by the

US-China trade war.

As expected, the change in trend for China is negative (-0.13). That is, quarterly

market share growth for Chinese varieties decreased by 13% between the period 2016-2017

and during/after the US-China trade war. There are a handful of countries, however,

which experienced a signi�cant increase/reversal in their market share trends around

the introduction of these tari� changes. The largest change is for Thailand, which saw

a pre-policy trend in market share of -0.16 and a post-policy trend of 0.70. To place

these numbers in perspective, this change in trend of 0.86 is four times larger than the

country with the second-largest change in market share trends, suggesting that Thailand

clearly gained the most from this policy. Interestingly, the change in the US trend is

almost exactly zero, suggesting that US �rms did not necessarily gain from these tari�s.

However given the large market share associated with the US pre-policy varieties, it might

be di�cult to truly tease out any increase due to a change in sales for Chinese varieties,

which constitute only 3.0% of all expenditure before the policy.

There are a number of potential explanations for why other countries might see in-

creased market share in response to this policy. The �rst, and most obvious, is pure

substitution: retailers change their stocking decisions to o�er goods from countries that

were not a�ected by this policy in order to decrease costs. However there are other, more

subtle, possibilities as well. One possibility is that producers simply shifted production

15In order to account for zeros, I calculate the market share for any country c in product category k
and quarter t as: (1 +Qkct)/(1 +Qkt).

16Given that the quarter-country �xed e�ects are estimated in logs, these trends are the average
quarterly percentage change in market share across all categories for each country.
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to pre-existing facilities in countries other than China17. Lastly, it is possible that Chi-

nese exporters found ways around these tari�s by simply exporting �nished products to

other countries and relabelling these exports as being from a secondary non-tari� a�ected

country.

In order to provide a �rst pass attempt at parsing out these di�erent mechanisms, I

run a simple regression of the change in trend associated with each country's market share

around the policy change (∆Trendc) on three relevant country characteristics: GDP per

capita (Yc), average shipping distance from China18 (Sc), and the pre-policy aggregate

market share within the categories studied here and within the US (Mc). I then estimate

Equation (5) to study how these three factors might explain each country's market share

response to the US-China trade war.

∆Trendc = βY lnYc + βS lnSc + βM lnMc + µc (5)

The intuition for including these three terms as regressors if that they all capture di�erent

possible mechanisms through which a country might gain or lose from this policy, in terms

of exports. If GDP per capita is a strong and negative predictor of the gains from this

policy, then it might be reasonable to assume that production has substituted to other

low/medium-income countries and that these countries are, in fact, the bene�ciaries of this

policy. If pre-policy market share is a strong determinant of gains from this policy, then

it may be that retailers simply increased their shipments from pre-existing relationships

in order to account for substitution away from Chinese importers. Lastly, if shipping

distance to China is the key predictor, then the story may be about shipping costs and

potentially repackaging/re-exporting.

I estimate values for βY , βS, and βM , respectively (with standard erros in parantheses)

as: -0.01 (0.02), -0.18 (0.06), -0.00 (0.01). In words, shipping distance from China has

17This is akin to �ndings in Flaaen et al. [2020] who �nd that antidumping duties applied exclusively to
Chinese exports of washing machines were followed by signi�cant substitution to Thailand and Vietnam
as export platforms, and that this subsitution was mainly done by multinationals shifting production
between pre-existing manufacturing facilities.

18These are retreived from Bansar's website: Bansar is a shipping and logistics company operating
out of China. This distance is measured as the average number of days Bansar predicts it would take to
ship a container from China to any destination country.
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a strong inverse relationship with the gains from this policy accruing to other import

countries. GDP per capita and the pre-policy market share seem to have little e�ect. The

lack of a pre-policy market share e�ect is notable in that a model with random substitution

on the part of retailers would lead to an increase for each country in market share (other

than China) that is proportional to their pre-policy market share. The fact that distance

from China is a key determinant of gains from this policy suggests two key mechanisms

potentially at play. The �rst is that producers could readily shift production to proximal

countries and simply meet their contract obligations with US retailers by exporting from

these countries. This seems di�cult to square with the fact that the characteristics of the

bene�tting countries are remarkably disparate: all of Thailand, Japan, Australia, New

Zealand, Philippines, and Indonesia saw their market share trends increase in after the

tari� changes studied in this paper. A second possibility is that US retailers implement

speci�c logistics operations in order to transport varieties from US ports to distribution

centers. It may be that the key constraint, from a retailer's perspective, is that any

substitution away from China must be to an origin country whose goods will still arrive

at the same port in the US in order to minimize disruptions to within-US distribution.

Barring further analysis, however, these remain conjectures.

Although the regression shown earlier places strong importance on shipping distance

from China, this linear model masks some of the underlying nuance associated with

country-speci�c responses to the US-China trade war. To provide a more �exible ap-

proach to estimating these e�ects, I use the k-means clustering algorithm to cluster all

countries based on their GDP per capita and shipping distance to China. I choose six

clusters and leave the seventh "cluster" as my reference category: China. I then simply

run a �xed e�ect regression in order to recover the mean change in ∆Trendc associated

with each cluster. Table 3 provides these results, with each estimate representing the

mean value of ∆Trendc relative to China.

The results in Table 3 are telling: geography plays a key role in subsitution away from

Chinese varieties. The two groups of countries with the most positive change in market

share growth after the US increased tari� rates on China are low-income countries with

close proximity to China (Thailand, Philippines, and Indonesia) as well as high-income

22



Table 3: Change in Market Share Trend By Country Cluster

Cluster ∆Trendc Countries

1 0.07 Canada, Denmark, Finland, Ireland, Swe-
den, Switzerland, United States

2 0.09 Belgium, France, Germany, Israel, Italy,
Spain, United Kingdom

3 0.08 India, Mexico, Morocco, Pakistan, South
Africa, Tunisia, Zambia

4 0.43 Indonesia, Philippines, Thailand

5 0.24 Australia, Japan, New Zealand, UAE

6 0.13 Brazil, Bulgaria, Chile, Czech Republic,
Ghana, Guatemala, Hungary, Jamaica, Nige-
ria, Poland, Romania, Serbia, Togo, Turkey

7 - China

Table 3 provides cluster-speci�c estimates of the average country-level

change in market share trends around the implementation of the tari� in-

crease associated with the US-China trade war. Countries are clustered

based on GDP per capita and shipping distance to China.

countries with relatively lower shipping times to China (Japan, Australia, New Zealand,

and, UAE19. These results warrant further research in order to understand the similarity

in brands and characteristics of the varieties that increase in market share after this

policy. Distinguishing between substitution and relocation is possible with the detailed

barcode-level characteristics of the data, but as of this draft has not been completed.

This section has illustrated the fundamental role played by geography in analyzing

which countries gained from the US-China trade war. While the market share of Amer-

ican varieties had very little response to these tari� changes, a number of East Asian

and Oceanic countries did see dramatic increases in their respective market shares, with

Thailand being the country with far-and-away the largest increase. An important future

step in this project will be studying whether the increase in market share for countries

19The United Arab Emirates plays an interesting role in this analysis. The change in market share
associated with UAE is highly positive around the time of the policy change. Similarly, the shipping
times taken from Bansar estimate a remarkably short expected shipping time from China to UAE. This
is mainly because of the high frequency of ships transporting oil from UAE to China. These ships must
return to re�ll their oil transport, and thereby provide a quick projected shipping time from China to
UAE. How this �ts into the response of UAE market share with respect to the US-China trade war is a
matter for future study.
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such as Thailand came from existing Thai brands or from Chinese brands substituting

production to Thailand. This will provide a novel study of the mechanisms at play which,

as of this draft, has yet to be performed.

5 Conclusion

This paper provides the �rst barcode-level analysis of both the price and market share

response to the USA-China trade war. By focusing on a narrow subset of products

with highly detailed scanner data available, this paper is able to bridge the gap between

studying this policy from the perspective of customs data versus US retailer data. This

paper �nds that in the short run, tari�s imposed by the US on China were passed through

to US consumers at pass-through rates of almost 100%, implying that it was US consumers

who bore the brunt of the short-term costs associated with this policy. In the medium run,

however, the incidence shifts away from US consumers and towards Chinese producers,

with the year-over-year change in market share for Chinese goods decreasing by almost

32% between 2017 and 2019. Lastly, I �nd that substitution away from Chinese varieties

did not lead to a signi�cant increase in the market share of American varieties, rather it

was countries with geographic proximity to China which bene�tted the most from these

policies: Thailand especially saw their market share more than double in the eight months

following the �nal tari� increase.

The results shown here suggest that the long-run e�ect of these tari�s di�ers substan-

tially from the short-run response. Unfortunately, with the Covid-19 pandemic reaching

global prominence in March of 2020, this leaves less than a year of data between the last

tari� increase by the US on Chinese imports and the onset of the pandemic. This will

make it di�cult for researchers to fully understand the long-run e�ects of these policies.

Future work on this paper will study whether the gains in market share for countries

other than China in response to this policy were due to producers shifting production from

China to these countries, or whether these were truly di�erent �rms gaining from these

policies. The detailed nature of the data allows for this analysis, as I have the brand of

each barcode. This analysis will allow for more de�nitive statements as to the mechanisms
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at play and will help explain whether these policies simply forced multinationals to shift

production locations or, alternatively, these policies truly shifted market share across

countries �rms.

Lastly, future work on this paper will focus on developing a week-by-week accounting

of who bore the incidence of this policy change. There are three separate agents which all

could face varying shares of cost burden in response to these tari�s: Chinese exporters,

US intermediaries/retailers, and US consumers. The data at hand are detailed enough to

allow for a week-by-week estimate of how this incidence changed over time, and therefore

one of the �rst true estimates of the dynamics associated with tari� pass-through.
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Appendix A: Figures and Tables

Figure A1: Chinese Yuan to USD for the Period Jan. 1, 2016 - Dec. 31, 2019

Figure 1 provides the exchange rate of Chinese Yuan to USD from January 1, 2016, to December

31, 2019. An increase denotes a relative depreciation of the Chinese Yuan. The exchange rate is

normalized to a value of 100 for January 1, 2016 (t = 1). Back to Section 5.
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Table A1: Category-Level Summary Statistics

Category Units Expenditure Barcodes Import Share China Share

Millions Million USD # % Expenditure % Expenditure

Body Wash 544 2,560 1,943 9.23 0.4

Body Lotion 383 2,460 1,857 37.5 0.2

Face Cream 109 1,290 649 20.8 2.3

Face Cleaning 135 939 660 28.9 2.1

Foundations 90 891 1,614 12.5 9.4

Lip Balm 278 801 1,478 11.7 3.7

Hand Soap 296 759 809 1.4 0.1

Lipstick 83 432 1,827 22.1 15.7

Perfume 64 338 949 45.3 3.1

Oils 28 333 550 32.8 4.2

Masks 82 291 721 33.4 4.7

Sun Care 30 289 186 14.7 0.3

Bath Accessories 48 244 897 11.9 8.3

Skin Care 39 229 289 40.1 2.3

Lip Cosmetics 46 219 1,196 30.0 21.1

Makeup Remover 14 88 64 43.9 0.4

Cologne 3 73 394 32.0 1.3

Nail Cosmetics 10 39 80 67.2 37.4

Total 2,280 12,300 16,163 21.9 3.0

Table A1 provides summary statistics for the 18 product categories used in this study, as well as

the aggregate totals. Note that these data are aggregates over four calendar years: 2016 - 2019.

Back to Section 3.
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Table A2: Origin Country Summary Statistics

Country Expenditure Barcodes Import Share

Million USD % # % %

USA 9,590 78.1 11,104 68.7 -

Canada 1,170 9.5 437 2.7 43.4

Mexico 652 5.3 239 1.5 24.3

China 373 3.0 2,781 17.2 13.9

France 128 1.0 265 1.6 4.7

United Kingdom 108 0.9 226 1.4 4.0

Taiwan 66 0.5 266 1.6 2.5

Germany 54 0.4 252 1.6 2.0

Spain 35 0.3 67 0.4 1.3

South Africa 25 0.2 6 0.0 0.9

Poland 19 0.2 46 0.3 0.7

Thailand 17 0.1 26 0.2 0.6

Italy 16 0.1 156 1.0 0.6

Switzerland 6 0.0 36 0.2 0.2

Australia 4 0.0 10 0.1 0.1

Table A2 provides summary statistics for the top 15 origin countries found in

the data by expenditure. There are 45 origin countries in total. Not shown

here, by descending expenditure shares: Finland, Morocco, Guatemala, India,

Hungary, Serbia, Brazil, Chile, Japan, Israel, Romania, Czech Republic, New

Zealand, Belgium, Philippines, Turkey, Sweden, Jamaica, Ghana, UAE, Bul-

garia, Pakistan, Ireland, Togo, Denmark, Nigeria, Indonesia, Zambia, Iceland,

and Tunisia. For some sense of the range in expenditure, Finnish varieties have

a total of 3.0 million USD in expenditure across 2016-2019, whereas Tunisian

varieties have $95 of expenditure. Back to Section 3.

29


	Introduction
	Data
	Nielsen Retail Scanner Data
	Barcode Country of Origin
	Final Dataset

	Pass-Through and Substitution at the Barcode Level
	Substitution at the Product Level
	Chinese Market Share
	Substitution to Other Countries

	Conclusion

