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Abstract

This paper uses Chinese �rm level data to detect the international propagation

of adverse shocks triggered by the US hurricane season in 2005. We provide evi-

dence that Chinese processing manufacturers with tight trade linkages to the United

States reduced their intermediate imports from the United States between July and

October 2005. We further show that the direct exposure to US supply shocks led

to a temporary decline of �rm exports between September and November 2005,

although we do not �nd consistent evidence of international propagation of supply

shocks along global value chains. Moreover, the paper �nds that �rms with more

diversi�ed suppliers tend to be less a�ected by the US hurricane disaster, pointing

to �rm sourcing diversi�cation as a way to increase resilience to adverse shocks.
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1 Introduction

In 2020, the outbreak of the COVID-19 pandemic drastically demonstrated how an ad-

verse shock can abruptly halt social lives and economic activity around the globe. The

pandemic has also heightened an emerging debate on the role of global value chains as

ampli�ers or absorbers of economic shocks provoked by pandemics and natural disasters.

On the one hand, trade openness and integration in global production networks trig-

ger a higher risk for disruptions of production processes as adverse shocks abroad can

propagate along trading routes and value chains (Baldwin and Freeman, 2020; Carvalho

et al., 2021; Acemoglu et al., 2012). On the other hand, there exists empirical evidence

that diversi�ed production networks support �rms in coping with adverse shocks thereby

enabling �rms to quickly resume business operations (Caselli et al., 2020; Todo et al.,

2015; Miroudot, 2020).

As the frequency and intensity of natural shocks such as epidemics, ood, and storms are

projected to be on the rise, partly as a result of climate change, it is crucial to understand

how shocks are transmitted through global value chains and under which circumstances

global value chains contribute to economic resilience and recovery. The present paper

�lls this research gap by studying the e�ect of the US hurricane season in 2005 on the

export performance of Chinese manufacturers. The 2005 hurricane season represented a

substantial negative economic shock for an advanced country like the United States, so

there is a high probability that its economic consequences spilled over to other industries

across di�erent countries. We focus on this hurricane season because two of the hurricanes

that occurred during the season were among the three costliest and most devastating in

US history (NHC, 2014, 2011). The United States was the fourth-largest intermediate

input source for Chinese processing �rms in terms of trade value in 2006, despite the

geographical distance between the two countries, and the trade relationship between

them has become increasingly important over the past decade.

In this context, it is particularly interesting to study economic consequences for �rms in

China, as the country has rapidly integrated into the world economy over the past few

decades and continues to cover a growing number of production steps along global value

chains (Kee and Tang, 2015; Wang et al., 2017; Criscuolo and Timmis, 2018). As a result

of the strong integration in global value chains, Chinese manufacturers are especially

exposed to adverse shocks provoked by natural disasters, so both the propagation of

shocks and bene�ts from diversi�cation are likely to be detected.

In this paper, we �rst investigate whether supply shocks tend to propagate directly and

indirectly via import-export linkages. Second, we focus on identifying determinants that
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production network.2

The paper further investigates the heterogeneous e�ects of the 2005 US hurricane season

on �rms' resilience depending on their sourcing diversi�cation. De�ning resilience as the

pass-through of a trade cost shock to a �rm's marginal cost and imports as well as exports,

we �nd that more diversi�ed �rms are more resilient to adverse shocks and are overall less

volatile in exports. Furthermore, we �nd that Chinese processing �rms heavily exposed

to US supply shocks increased their diversi�cation of suppliers in the aftermath of the

US hurricanes.

The remainder of the paper is organised as follows. The subsequent section provides

background information on the 2005 US hurricane season and reviews the related liter-



Figure 1: US Exports Growth to the World by Hurricane-A�ected and Una�ected
States

Note: The �gure plots the year-on-year growth rate of the value of exports from US

states, calculated as (EX t � EX t � 12)=EX t � 12 � 100%, whereEX t indicates the export

value of relevant states in a particular month. The solid line indicates the export growth of





both the direct and indirect propagation of a major natural disaster shock in the United

States on the performance of Chinese processing �rms. Closest to our paper is the study

by Kashiwagi et al. (2018), who investigate the indirect e�ects of shocks by Hurricane

Sandy, which hit the United States in 2012, and show that the e�ect on their trade

partners outside the United States is insigni�cant.

Second, this paper contributes to understanding the role of trade and diversi�cation in

mitigating the negative consequences of shocks. In this regard, it is related to the \tech-

nological diversi�cation" mechanism used by Koren and Tenreyro (2013), who explain

the country-level output volatility in a model with endogenous growth. Caselli et al.

(2020) show that openness to international trade can lower income volatility by reducing

exposure to domestic shocks and allowing countries to diversify the sources of demand

and supply across countries, as long as country-wide shocks are important (as opposed

to sector-speci�c shocks).

Our paper relates to empirical works on diversi�cation, resilience, and volatility. Among

them, Todo et al. (2015) examine how supply chain networks a�ected the resilience of

�rms (de�ned as the amount of time required to recover production) after the 2011 Great

East Japan Earthquake and �nd that the positive e�ect of supply chain diversi�cation

exceeds the negative e�ect of higher exposure to disruptions. Hamano and Vermeulen

(2019) study the e�ect of natural disasters on port-level exports after the 2011 Great East

Japan Earthquake. They �nd that at least 40% of exports was substituted to other ports

following the disaster, and the substitution e�ect is the strongest in technology-intensive

industries. Huang (2017) looks at the diversi�cation in global sourcing and the resilience

of Chinese �rms after the 2003 SARS epidemic and �nds that �rms with more diversi�ed

sourcing strategies are associated with higher resilience and lower volatility. Other pa-

pers link diversi�cation with aggregate volatility. For instance, Burgess and Donaldson

(2010) consider the speci�c case of railway expansion in India and demonstrate that the

decline in transportation costs in India lowered the impact of productivity shocks on real

income, implying a reduction in volatility. In comparison, our paper focuses on supplier

diversi�cation as a means to mitigate the impact of shocks from upstream suppliers on

downstream �rms. We also document that �rms with more diversi�ed sourcing strate-

gies tend to have lower export volatility and that �rms exposed to supply disruptions

increased their level of diversi�cation after a natural disaster.

Third, this paper also connects to a literature quantifying the economic consequences

of natural disasters. Among them, some studies quantify the average e�ect of natural

disasters on trade and economic output (Gassebner et al., 2010; Andrade da Silva et al.,

2012; Cavallo et al., 2013; Felbermayr and Gr•oschl, 2014; Xu and Kouwoaye, 2019). Most

�nd that exports seem to be a�ected negatively by the occurrence and severity of disasters,
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while the e�ects on imports are ambiguous (Osberghaus, 2019). A number of recent

studies have investigated the e�ects of individual natural disaster events, such as the 2011

Great East Japan Earthquake (Boehm et al., 2019; Carvalho et al., 2021; Todo et al.,

2015), the 2003 outbreak of SARS in China (Huang, 2017; Fernandes and Tang, 2020),

and the Thai Flood in 2011 (Haraguchi and Lall, 2015). Pelli and Tschopp (2017) �nd

that �rms shift resources toward industries with a higher comparative advantage within

the three years following a hurricane shock. Zhu et al. (2016) show that the 2011 Japanese

earthquake had a positive e�ect on �rms' o�shoring in manufacturing activities, possibly

because the damaged transport network in the Tohoku area forced some manufacturing

�rms to replace domestic contractors with foreign contractors. Todo and Inoue (2021)

document that Japanese �rms increased their level of supplier diversi�cation between

2006 and 2016. Our paper adds to the literature by studying the impact of the 2005

US hurricane season, with a focus on the transmission of negative supply shock to the

performance of downstream �rms through global value chains.

2 Data Source and Descriptive Statistics

In this section, we describe the source of the data and provide several empirical facts that

motivate our analysis.

2.1 Data Source

The data used in the paper are taken from three sources. The �rm-level data are primarily

from China Customs Statistics, which contain administrative customs data on product-

level trade transactions by HS8 product and respective trade partners on a monthly

frequency for individual Chinese �rms between 2001 and 2006. Besides information on

a unique time and �rm identi�er, a �rm's name, the product code, trade partners, and

values of transactions, this data set also contains information on quantities traded, a

�rm's address, its phone number, and its zip code, as well as identi�ers for processing

trade. A detailed explanation of the raw data set is provided in Appendix B.

To control for any reporting irregularities at the disaggregated HS-8 product level, we

aggregate ows by �rm at the HS-6 product level and convert all HS-6 product codes to

HS Rev. 2007. Based on these uni�ed product codes, we classify goods as intermediates

using the Broad Economic Categories (BEC) classi�cation (Rev. 4) and assign them to

di�erent two-digit ISIC (Rev. 3) manufacturing industries.5 Moreover, transactions with

5Given that data are merged with information from the OECD ICIO database, which aggregates
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Such information allows us to precisely determine international production linkages for

processing �rms, which is crucial because of the focus of this paper on this speci�c

subgroup of �rms.

2.2 Descriptive Evidence

Firms source multiple inputs from multiple countries. We provide evidence on the num-

ber of intermediate inputs imported and the number of products exported by Chinese

processing �rms in Table 2. On average, importers sourced 40 inputs from three foreign

countries in 2006. However, this result was largely driven by a small number of �rms

that sourced a large variety of inputs. A median Chinese processing �rm sourced 13

intermediate inputs from one country. Regarding exports, the Chinese processing �rms

exported to a higher number of destination markets with a lower number of varieties: the

median �rm exported 5 HS-6 products to four destinations on average in 2006.

Table 2: Firm-Level Statistics on the Number of Sourcing and Exporting Countries
and HS-6 Products

# source & destination # HS6 products per
countries per HS6 product source & destination country

Median Mean Std. dev. Max Median Mean Std. dev. Max
Intermediate imports
2004 1 2.76 3.26 43 13 46.82 133.49 1,402
2005 1 2.67 3.17 39 12 39.47 113.45 1,342
2006 2 2.86 3.21 43 13 41.54 124.65 1,477
Total exports
2004 4 10.71 14.15 129 5 28.47 91.35 1,105
2005 3 10.41 14.12 138 6 23.37 70.80 1,002
2006 4 11.68 15.05 145 5 23.07 79.85 1,187

Source: Compiled from the Chinese customs data.Note: The �rst four columns report
statistics on the number of countries from which a �rm imported HS-6 intermediate in-
puts and to which a �rm exported HS-6 products. The last four columns report statistics
on the number of HS6 products that a �rm imported from a source country or exported
to a destination country.

Second, we provide information on the countries and economies Chinese processing �rms

sourced from. Table 3 reports the top 10 source economies for Chinese processing �rms

in 2006. Chinese Taipei was the largest source of intermediate inputs in terms of number

of importers, followed by Japan, Hong Kong, China, and South Korea. As �rms sourced

from multiple locations, the percentages sum up to more than 100%. Japan was the

largest source of inputs in terms of value of imports, followed by Chinese Taipei and

South Korea. The United States was the �fth-largest source of intermediate inputs in

terms of the number of importers, with about 27% of Chinese processing �rms sourced

from the United States in 2006; it was the fourth-largest source of inputs in terms of value,

with about 10% of the value of intermediate inputs sourced from the United States. The
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Figure 2: Her�ndahl-Hirschman Index (HHI) at Sector Level

Note: The Her�ndahl{Hirschman Index (HHI) is calculated as the sum over the

squares of input expenditure share from all sources, while the input expenditure

share is measured by the share of source-speci�c inputs in total inputs for each �rm

at an HS-6 product level at a quarterly interval for years 2004 to 2006. The HHI is

then aggregated to sector level using the trade value as weights.

3 The Direct E�ect of the US Trade Shock

In this section, we evaluate to what extent Chinese processing manufacturers weredi-

rectly a�ected by the US hurricanes. In Section 3.1, we investigate whether exports and

intermediate imports of Chinese processing �rms are sensitive to negative shocks trig-

gered by the US hurricane season. Second, based on these results, in Section 3.2, we

assess whether �rms'direct exposure to US hurricane supply shocks is associated with

a decline in output. A complementary analysis ofindirect e�ects of the US trade shock

propagating via the international production network is provided in Appendix D.

3.1 Chinese Firm-Level Trade Flows during the US Hurricane Season

We begin by presenting the reduced-form evidence of the impact of the 2005 US hurri-

cane season on �rm-level US trade. We rely on a dynamic treatment e�ect speci�cation.

Accordingly, US-speci�c trade ows and respective extensive and intensive margins are

regressed on time dummies for the calendar months around a disaster as well as interac-

tions of these time dummies with an indicator for the treated group.
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3.1.1 Empirical Strategy

We estimate the following model that captures the dynamic treatment e�ects of negative

shocks on trade.

Vfpt = � f +
2X

t= � 3

� t M t +
2X

t= � 3

 t M t � TREATMENT V
fp + � tXRATE t + � f it ; (3.1)

whereVfpt refers to US exports (EX ) and intermediate imports (IMI ) measured in levels

of �rm f for product p in month t.7 M t indicates the six months from June to November

2005, with the hurricanes hitting the United States in August{November. To control for

any time-speci�c shocks on �rm f 's exports or imports,8 we include �rm �xed e�ects,

� f , to control for time-invariant, unobserved �rm characteristics. The dummy variable

TREATMENT V
fp





goods' exports. Imports on �nal goods tend to reect consumers' consumption habits

in an economy rather than �rms' involvement in global production sharing. Therefore,

we exclude imports of �nal goods from our analysis and focus on intermediate imports

instead. Second, we consider the whole range of exports with regard to the relative

downstream position of Chinese �rms in global value chains and their role as a global

assembling hub especially during the early 2000s.14

3.1.2 Results

Figure 3 plots the estimation results for the reduced-form evidence of equation (3.1) on

Chinese exports to the United States (the upper three graphs) and intermediate imports

from the US (the lower three graphs). Individual graphs show the coe�cient plots for

estimations of parameter � along with their 90% and 95% con�dence intervals, indicated

by the capped spikes and spikes, respectively. Accordingly, estimates indicate how the

imports and exports of the a�ected Chinese processing �rms changed before and after

the US hurricane season, with the hurricanes hitting during July and October 2005.15

The dependent variable is measured as normal trade ows and trade margins for both

exports and intermediate imports. Therefore, the extensive trade margin captures the

number of goods exported to the United States, and the intensive margin captures the

average value exported to (imported from) the United States.

As shown in the upper three plots of Figure 3, exports of Chinese processing manufac-

turers with tight trade linkages to the United States did not signi�cantly deviate from

common exporting patterns of �rms in the control group. However, with respect to the

extensive margin, there was a decline in the number of goods exported to the United

States starting in August 2005. We can therefore conclude that Chinese processing �rms

with a pre-disaster US trade share of more than 90% temporarily reduced the number of

exported goods in industries that were highly concentrated in hurricane-a�ected states.

Considering estimation results for intermediate imports, the 2005 hurricane season ap-

pears to have played a more important role. As shown in the lower three plots of Figure

3, the overall intermediate imports of the treatment group signi�cantly deviated from the

sample's average estimate for October 2005. This is particularly driven by the extensive

margin of intermediate imports: the number of products exported to the United States

declined signi�cantly between August and November 2005 and reached the lowest point

14Wang et al. (2013) consider China's trade position compared with that of the United States and
show that Chinese exports of �nal goods include a relatively high share of foreign value added because
of the use of foreign intermediates.

15Table 8 in Appendix C provides the coe�cient estimates of equation (3.1).
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Figure 3: Coe�cient Plots of Dynamic Treatment E�ects

Note: The �gure plots the coe�cient estimates of  � in equation (3.1) capturing the interaction between
dummies for months around the disaster and theTREATMENT EX;IMI



processing manufacturers that aredirectly exposed to US supply shocks because ofdirect

import linkages to the United States. Unlike subsection 3.1, this analysis quanti�es the

actual direct exposure of Chinese �rms to US supply uctuations during the US hurricane

season and examines to what extent temporary supply shortages triggered a temporary

decline in �rms' exports.

3.2.1 Empirical Strategy

We measure the �rms' direct exposure to US supply shocks as uctuations of direct

imports from the United States during the 2005 hurricane season. To estimate how

foreign supply shocks are associated with export uctuations, we need to ensure that the

explanatory direct supply shock variable e�ectively captures supply changes triggered

by the US hurricane season and that it is not confounded by unobserved changes in

import demand of Chinese �rms. This assumption can be violated if, for instance, US

import uctuations of Chinese �rms are caused by uctuations of the �rms' demand. We

therefore construct thedirect US import supply shock variabledirect SUPshock7 USstates
f jt

using equation (3.3) to capture these import uctuations as a supply-side shock:

direct SUPshock7 USstates
f jt =

X

p2 j

dirIMI CHN  US
fpjt � EX 7 USstates ! RoW

pjt : (3.3)

Accordingly, the �rm-speci�c dummy variables dirIMI CHN  US
fpjt indicate whether a Chi-

nese �rm f imports a product p from the United States in month t. We match these

dummies with export ows from the seven hurricane-a�ected states to the rest of the

world, EX 7USstates ! RoW
pjt .16 We then aggregate these matched US supply-side dummies

at the industry level i and obtain the measure for the Chinese processing �rms'direct

exposure to the US supply shocks triggered by the 2005 hurricane season.

We estimate the relationship between negative foreign supply shocks and export uctu-

ations using the following model:

� ln EX fpit = � f + � j +  it (3.4)

+ � H Sep� Nov;2005 + � 1 � ln direct SUPshock7 USstates
f jt

+ � H Sep� Nov;2005 � � ln direct SUPshock7 USstates
f jt

+ � 2 � ln direct IMI ROW
fjt + � fpit :

16While it seem counterintuitive that exports of a�ected states are used to calculate the supply shock
for Chinese processing �rms, it is important to stress that the US supply capacity is reected by its
exports.
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September and November 2005.18

Table 4: Regression Results of Direct Supply Shocks

All Textile Paper Coke Chemicals Machinery El/OptEq.

(1) (2) (3) (4) (5) (6) (7)

� ln dir. SUPshock 0.003 � 0.002 0.003�� 0.003�� 0.004��� 0.004�� 0.003��

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

IA: � ln dir SUPshock 7 USstates 0.014��� 0.015��� 0.014��� 0.015��� 0.014��� 0.012��� 0.012���

x Hurricane = 1 (0.006) (0.006) (0.006) (0.007) (0.005) (0.006) (0.005)

IA: � ln dir. SUPshock 7 USstates 0.001 -0.001 -0.000 -0.004��� -0.003��� -0.001
x IMI-industry = column(2-7) (0.004) (0.003) (0.016) (0.004) (0.003) (0.008)

IA: � ln dir. SUPshock 7 USstates -0.003������



The results suggest that �rms that are directly exposed to US supply shocks triggered by

the 2005 hurricane season, slightly reduced their export production in the same period.

In view of this �nding, we can draw the conclusion that thedirect exposure to supply

shocks can a�ect manufacturing output.

4 Resilience to the US Trade Shock

So far, we have examined the direct impacts of the 2005 US hurricane season on the

�rms that imported from the United States. In this section, we explore �rms' character-

istics that a�ect their resilience, measured by the pass-through of adverse shocks to �rm

performance. The section contains three parts: subsection 4.1 outlines the theoretical

background of our analysis, Subsection 4.2 analyzes the heterogeneous e�ects of the US

hurricanes on �rms directly a�ected, and Subsection 4.3 provides some evidence on the

level of supplier diversi�cation and export volatility and on the development of supplier

diversi�cation in the aftermath of the 2005 hurricane season.

4.1 Theoretical Background

To guide our empirical analysis, we use a model built on Antr�as et al. (2017) and Huang

(2017), which allows us to make theoretical predictions on �rms' sourcing diversi�cation

and resilience to supply chain disruption. In this section we briey describe the theoretical

background. Appendix A provides a detailed derivation of the model.

We de�ne a small, idiosyncratic trade cost shock that changes the iceberg trade cost

� cs to �





� cs0(' ). The feedback e�ect is stronger if a �rm has a heavier load on inputs from

a country a�ected by an adverse shock. Finally, the interdependency is also reected

by the result that imports also respond to shocks on other source countries in a �rm's

sourcing strategy.

4.2 Resilience of Firms to US Hurricanes

The theoretical model predicts that the e�ect of an adverse shock on imports depends on





Table 5: Resilience of Firms to the US Hurricane

Panel A: Dependent variable log imports
(1) (2) (3) (4)

Pre-hurricane import intensity -0.352*** -0.352*** -0.294*** -0.269***
(0.026) (0.026) (0.029) (0.033)



Figure 4, which shows the relationship between �rms' export volatility and their sourcing

diversi�cation. We de�ne volatility as the variance of the year-on-year export growth

rate of �rms' quarterly exports from 2000 to 2006. To mitigate uctuations of the index

originating from di�erent sourcing patterns across months, we aggregate all the variables

to a quarterly level. Figure 4 plots a local polynomial regression of (logarithm) �rm-level

export volatility on sourcing concentration measured by the HHI at quarterly intervals,

while controlling for �rm �xed e�ects. The �gure displays a general upward slope: �rms

with more concentrated sourcing have higher export volatility, whereas �rms with more

diversi�ed sourcing strategies are associated with lower export volatility.

A linear regression of logarithm of export volatility over the �rm sourcing HHI, while

controlling for �rm �xed e�ects, gives a coe�cient of 0.8. This suggests that if a �rm

decreases its sourcing concentration such that its sourcing HHI falls by 0.1, the export

volatility can decrease by 0.8%.

Figure 4: Sourcing Concentration and Export Volatility

Note: The Her�ndahl{Hirschman Index (HHI) is calculated as the sum over the squares

of input expenditure share from all sources, while the input expenditure share is measured

by the share of source-speci�c inputs in total inputs at an HS-6 product level at quarterly

intervals. Volatility is measured as the export growth rate of �rms' quarterly exports from

2000 to 2006.

Second, we provide some evidence on the evolution of �rms' sourcing diversi�cation. We

have shown that diversi�cation can be an important tool to mitigate the risk of supply

shortages. However, it remains debatable whether �rms will adjust their supply chains

diversi�cation following a temporary adverse shock. Antr�as (2020), for instance, argues

that the COVID-19 pandemic alone is unlikely to alter �rms' supply chain organisation,

as a temporary shock is unlikely to induce �rms to sever international ties and incur �xed

costs in identifying and establishing new suppliers.

Against this background, we test whether Chinese processing manufacturers changed their
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diversi�cation of �rms in the control group in 2005. Nonetheless, there was a slight

increase in diversi�cation after the third quarter of 2005. The left panel indicates that

the diversi�cation is largely driven by the extensive margin, measured by the number of

countries from which �rms source intermediate inputs, and the right panel indicates that

the level of diversi�cation measured by inverse HHI has also increased. This growing

diversi�cation is likely to be associated with �rms' choice to expand the import supplier

base of intermediates in response to a supply shortage during the US hurricane season in

the third and fourth quarters of 2005.

5 Conclusions

This paper has investigated the link between natural disaster shocks and global value

chains. We have used the 2005 US hurricane season as a natural experiment to study

how it a�ected the export performance of Chinese processing manufacturing �rms. We

constructed a �rm-level data set that links three sources of data: trade data from Chinese

custom authorities, input-output tables from the OECD ICIO database, and trade data

from the US Census Bureau.

Following Acemoglu et al. (2016), we investigated how an adverse natural disaster shock

in the United States directly a�ects �rms in China. We showed that Chinese processing

manufacturers with tight trade linkages to the United States reduced their intermediate

imports from the United States between July and October 2005. We further estimated

the heterogeneous e�ects of the US hurricane on �rms' imports. We �nd that �rms

with more diversi�ed suppliers tend to be less a�ected by the US hurricane in their

imports of intermediate inputs and their exports. The evidence also points to a degree

of complementarity in source decisions, such that an adverse shock a�ecting one supplier

may induce a decline in sourcing from other suppliers.

At the same time, we do not �nd a signi�cant impact of the cross-border propagation

of supply shocks through input-output linkages, suggesting that a temporary supply



mapped �rm-to-�rm transactions following 2012 Hurricane Sandy and �nd no propagation

of the negative shock outside the United States. Second, the 2005 US hurricane season

a�ected only a few states and thus did not constitute a major shock in comparison with

the total amount of US exports.

Although this study focuses on a single type of natural disaster, the results can provide

insights in a broader context for the analysis of supply chain e�ects of adverse shocks.

First, the COVID-19 pandemic has raised concerns that global supply chains could po-

tentially propagate a regional shock to a global scale. Our results indicate that although

Chinese processing �rms that directly import from the United States experienced a drop

in their imports in the months following the 2005 US hurricane season, one standard

deviation change in imports translates into about 0.017 standard deviation change in

exports, suggesting a limited direct propagation of the shock. Furthermore, we do not

detect an indirect propagation of the shock through global input-output linkages.

Second, we analyzed �rms' levels of resilience according to their sourcing strategy and

�nd that �rms with more diversi�ed supplier sources experienced a lower pass-through

of the natural disaster shock in their imports. This �nding is in line with the theoretical

prediction that more productive �rms have a more diversi�ed sourcing strategy and are

therefore more resilient to adverse trade shocks. Our results point to a potential way for

�rms to mitigate impacts of unexpected adverse shocks and enhance resilience to future

risks from adverse shocks.

Third, we have also provided some preliminary evidence that supply chains can adjust

after natural disasters. We �nd that �rms heavily a�ected by the hurricanes increased

their supplier diversi�cation in the period after the hurricane. This could be due to �rms'

strategy adjustment to seek alternative suppliers and avert future shocks. The �nding

contributes to the debate on whether an adverse shock such as COVID-19 could lead to

permanent adjustments in �rms' sourcing decisions.

Appendices

A Theoretical Framework

In this section, we describe a multicountry model of international sourcing adapted from

Antr�as et al. (2017) and extended by Huang (2017). The model allows us to establish a

relationship between �rm's sourcing strategies, their sourcing diversi�cation and resilience

to adverse shocks. We also summarise a model in Acemoglu et al. (2016) that serves as
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basis for our empirical analysis of the propagation of shocks.

A.1 Demand Side

We consider a world consisting ofW countries in which individuals value the consumption

of di�erentiated varieties of manufacturing goods according to a standard symmetric CES

aggregator.

UM c =
� Z

!





A.3 Firm-Level Sourcing Decision

Consider a �rm based in countryc with productivity ' that has incurred all �xed costs as-

sociated with a given sourcing strategyWc. In light of the cost function in (A.5), the �rm

will choose the location of production for each inputv that solves mins2W c ( ' ) f � csas(v; ' )wsg.

Using the properties of the Fr�echet distribution in (A.6), the share of intermediate input

purchases sourced from any countrys (including the home countryc) is given by

� cs =

8
<

:

Ts (� cs ws ) � �

� c ( ' ) ; if s 2 W c(' )

= 0; otherwise,
(A.7)

where the term � c summarises thesourcing capabilityof �rm ' from c, such that

� c �
X

k2W c ( ' )

Tk(� ik wk)� � : (A.8)

We further denote the term� s � Ts(� csws)� � , which represents thesourcing potential of

country s



For a �rm with productivity ' , its intermediate input purchases from any countrys 2

Wc(' ) are a fraction (� � 1)� cs(' ) of �rm pro�ts. Using (A.3) and (A.10), they can be

expressed as

M cs(' ) =

8
<

:
(� � 1)Bc (� � 1)=� ' � � 1

�
� c(' )

� (� � 1)=�
� cs(' ); if s 2 J c(' )

0; otherwise.
(A.11)

When (� � 1)=� > 1, the sourcing decisions are complementary, andM cs(' ) is thus

increasing in all the terms in � c(' ). Intuitively, when demand is su�ciently elastic (i.e.,

� is high enough) or the strength of comparative advantage in the intermediate-goods

sector across countries is su�ciently high (i.e.,� is low enough), the scale e�ect through

the demand response to lower costs dominates the direct substitution e�ect related to



Dekle et al., 2007).

Proposition 1. For a small, idiosyncratic shock that changes� cs to � 0
cs such that the

�rm does not abandon sources, (a) the pass through to the margin cost is given by

@ln \(cc(' ))
@ln c� cs

=
� cs(' )

1 �
P

s2N s ( ' ) � cs(' )
(A.12)

where bX � X 0

X and Ns(' ) is the set of new suppliers chosen by the �rm after the shock.

(b) With complementarity of sourcing decisions across countries|(� � 1)=� > 1|and an

adverse shock (� 0
cs � � cs), we have

@ln \(cc(' ))
@ln c� cs

� � cs(' ): (A.13)

Proof. According to equation (A.9), in case of a shock to any supplier, the change in unit

cost for the �rm is given by:

bcc �
c0

c

cc
= c� c(' )1=� ; (A.14)

which implies that @ln bcc

@ln c� c
= � 1

� .

The change in sourcing capability of �rm' in country c, c� c(' ), can be expressed as

c� c(' ) =

P
s2C � 0

s +
P

s2N � 0
s

� c(' )

=
X

s2C

� 0
s

� s

� s

� c(' )
+

X

s2N

� 0
s

� 0
c(' )

� 0
c(' )

� c

s2N2Ncc

c





Proof. From the proof of Proposition 1, we know that the change in sourcing capability
b� =

P
� s (For simplicity, we omit the subscript c.) for a particular �rm is given by

b� =

P
s2C



import ows will respond to an adverse shock. The model delivers the following result.

Proposition 3. For a small trade cost shock that increases� cs to � 0
sc such that �rms do

not abandon sources, the import ows respond according to

�
@ln \M cs0(' )

@ln c� cs
=

8
<

:
� + ( � � 1 � � )� cs0(' ); if s0 = s;

(� � 1 � � )� cs0(' );





linkages. Assuming that �rms follow the same pro�t maximisation across industries,

the �rm-level shock can be aggregated to the industry level, in whichi and j represent

the downstream and upstream industries, respectively. The corresponding input-output

matrix A for N industries in the world can be represented as follows.

A =

0

B
B
B
B
@

a11 a12 ::: :::

a21 a22 ::: :::

::: ::: ::: :::

::: ::: ::: aNN

1

C
C
C
C
A

Accordingly, the individual output allocation coe�cients aji provide information on how

much of its output an industry j (indicated by the column) provides to another industry

i (indicated by the row) for output production.21 This plays an essential role in pinning

down the input-output structure of the world economy.

To assess the change of output in response to exogenous changes of inputs, we consider

the so-calledGhosh inversematrix G based on the input-output matrix A .22

Mathematically,

G = ( I � A )� 1:

The Ghosh inverse matrix is a compact representation of the ripple e�ects in an economy

where industries are interconnected. Individual elements of the Ghosh inverse, such as

gji contain information on the change in output of industryi in response to an exogenous

change of inputs from sectorj (Dietzenbacher, 1997).23

Against this background, one might also understand that a shock to upstream industry

j in the form of a sudden drop in output inuences the production of its downstream

industry i . In this spirit, Acemoglu et al. (2016) use the input-output inverse matrices to

show how di�erent shocks of an industry can propagate up- and downstream through the

production network. To evaluate the impact of the 2005 US hurricane season on the trade

performance of Chinese processing manufacturers, we apply the idea of a shock propaga-

tion through the domestic production network to an international setting. In particular,

21With sales from i to j and industry output x i , coe�cients are calculated as aij = zij =xi (Galbusera
and Giannopoulos, 2018).

22Alternatively, some studies use the common Leontief inverse indicating how much value added is
needed to sustain the production of one more unit of output. Di�erent from the Ghosh approach, the
Leontief inverse considers the following technical coe�cients to compute the inverse matrix:eij = zij =xj .
For a discussion on the approaches of both the Leontief and Ghosh models in studying the impacts of
natural disasters, see Galbusera and Giannopoulos (2018).

23Similar to matrix A , the Ghosh inverse matrix G is a matrix of N � N dimension.
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B =

::: CHN ::: USA :::
2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

::: ::: :::

gCHN ! USA
11 :::

CHN
.. . . . .

::: gCHN ! USA
NN

::: ::: :::

gUSA! CHN
11 :::

USA
.. . . . .

::: gUSA! CHN
NN

::: ::: :::
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B Preparation of the China Customs Statistics

The China Customs Statistics is at the transaction-month level, and the raw data for

2001{2006 are in 2,051 sub�les, with each �le containing 60,000 transactions. Therefore,

as the �rst step, we converted all the �les to UTF-8 encoded �les and uni�ed the variables'

names in all the sub�les. Then we vertically merged all the �les by year.

Next, we aggregated the transaction-level data to monthly �rm-level import and export

data by transition country and trading partner, including more than 200 countries and

regions; customs port in China where the goods are loaded; customs regime, such as

ordinary trade and processing trade; transporting method; and locations of importers

and exporters. The aggregated data contain the monthly volume and value of imports

and exports of �rms.

Table 6:



C The Direct E�ect of the US Trade Shock



Table 7: Shares of 7 States A�ected by the US Hurricane Season 2005, by Sector
Industry description Share of 7 states Share of 7 US states

in total exports in total imports
of sectors (in %) of sectors (in %)

Food products, beverages & tobacco 24 19
Textiles, textile products 34 14
Leather & footwear 24 11
Wood & products of wood & cork 16 20
Pulp, paper (products), printing & publishing 28 11
Coke, re�ned petroleum products & nuclear fuel 58 43
Chemicals & chemical products 32 18
Rubber & plastics products 22 17
Other non-metallic mineral products 16 23
Basic metals 21 23
Machinery & equipment, nec 26 24
Electrical & optical equipment 27 21
Transport equipment 19 13
Manufacturing nec; recycling 12 13
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Table 9: Summary Statistics for std.� ln dir: SUP shock Variable

# observations Mean Std. dev. Min. Max.

Sample period Sep. 2005{Dec. 2006

4,786,158 -0.1073438 0.5059222 -4.358899 5.747049

Hurricane season 2005 Sep.-Nov. 2005

1,081,193 -0.0870469 0.4744142 -3.872983 4.477215
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D The Indirect E�ect of the US Trade Shock

This appendix evaluates the extent to which the US supply shock propagated through

international production networks. Thus, the focus is on theindirect exposure of Chinese

processing manufacturers to US supply shocks through international production network



D.2 Results

We begin the analysis of our results by presenting Figure 8, which illustrates the extent

to which Chinese manufacturing industries were exposed to uctuations of suppliers from

the a�ected states. In line with equation (D.29), thenetwork supply shock is calculated

based on export uctuations of the seven a�ected states in conjunction with information

on input-output ows between the United States and Chinese manufacturing industries

derived from the Ghosh inverse. For ease of interpretation, values in Figure 8 were

standardised by Chinese importing industries. From the perspective of individual manu-

facturing industries in China, this supply shock variable captures the extent to which US

supply uctuation can propagate downstream to Chinese manufacturing industries along

respective value chain linkages. The vertical lines in the charts denote the points in time

when three of the most severe hurricanes made landfall in the United States, the end of

August, September, and October in 2005.24

Figure 8: Exposure of Chinese Manufacturing Industries to Supply Shocks Triggered
by the 2005 US Hurricane Season

Note: This �gure presents network supply shocks by industry calculated using equation
(D.29) and aggregated by Chinese manufacturing sectors over time. Each chart represents
a di�erent sector.

As shown in Figure 8, standardised network supply shock temporarily dropped in Septem-

ber and October 2005. This pattern suggests that Chinese processing �rms wereindirectly
24Because data from Chinese customs statistics represent values by theend of a given month, the area

between the vertical linesde facto represents the months of September and October 2005.
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exposed to a drop in supply from the a�ected states along their international production

linkages. It should be noted that, the supply shock depicted in Figure 8 does not measure

the actual drop in trade on the part of Chinese �rms. It measures thepotential indirect

exposureof Chinese manufacturing industries to US supply shocks via the United States'

and China's international production network throughout the rest of the world.25

We followed a similar empirical strategy in Section 3.2.1 to estimate the impact of �rms'

indirect exposure to negative US supply shocks on their exports.26

Hurricane season for the US East Coast occurs during a certain time of year, so it is

important to verify that trade uctuations triggered by the 2005 US hurricane season

exceeded common seasonal uctuations. To address this concern, we use the standardised

year-on-year di�erences between export supply ows of 2004 and 2005. This causes the

seasonal uctuations to be di�erenced, out and a decline of respective shock variables

implies that trade ow substantially deviated from the mean values in September and

October 2005.

Table 12 presents the result estimations of the link between US supply shocks and exports

of Chinese �rms. Column 1 shows that the relationship of a positive link between the

direct supply shock and exports is robust against the inclusion of thenetwork supply shock

variable. Still, regarding the latter, network supply is negatively associated with Chinese

processing �rms' exports during the 2005 US hurricane season. More precisely, a drop in

the network supply shock by one standard deviation int � 1 triggers an increase in exports

by 0.015 (� 0:014� 0:001) standard deviation at time t, thereby almost o�setting the

impact of the direct supply shock on exports. This result is at odds with an expectation

of a positive estimation coe�cient, as should be the case when there is a propagation of

adverse shocks to �rm-level output.27 It indicates that the US hurricane shock does not

propagate along international supply chains.

25To demonstrate that the drop in supply from a�ected states is not due to a common decline in US



Table 12: Regression Results ofDirect and Indirect Supply Shocks

All Textile Paper Coke Chemicals Machinery El./Opt. Eq.

(1) (2) (3) (4) (5) (6) (7)

� ln dir. SUPshock 7 USstates 0.003� 0.002 0.003�� 0.003�� 0.004��� 0.003�� 0.003��

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

IA: � ln dir. SUPshock 7 USstates 0.014��� 0.015��� 0.014��� 0.016��� 0.014��� 0.012��� 0.012���

x Hurricane = 1 (0.006) (0.006) (0.006) (0.007) (0.005) (0.006) (0.005)

IA: � ln dir. SUPshock 7 USstates 0.001 -0.001 -0.001 -0.004�� -0.003��� -0.001
x IMI-industry = col. 2{7 (0.004) (0.003) (0.015) (0.004) (0.003) (0.008)

IA: � ln dir. SUPshock 7 USstates -0.003�� -0.001 -0.008��� -0.000 0.006��� 0.010���

x Hurricane = 1 (0.012) (0.014) (0.008) (0.010) (0.012) (0.034)
x IMI-industry = col. 2{7

netw. SUPshockt � 1 -0.001 -0.001 -0.002 -0.001 -0.000 -0.002 0.002
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

IA: netw. SUPshockt � 1 -0.014��� -0.014��� -0.014��� -0.014��� -0.016��� -0.014��� -0.014���

x Hurricane = 1 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

IA: netw. SUPshockt � 1 0.003� 0.004��� 0.001 -0.001 0.004��� -0.007���

x IMI-industry = col. 2{7 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

IA: netw. SUPshockt � 1 0.001 -0.000 -0.000 0.004��� -0.001 -0.001
x Hurricane = 1 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
x IMI-industry = col. 2{7

Firm FE 3 3 3 3 3 3 3
EX-industry-time FE 3 3 3 3 3 3 3
IMI-industry FE 3 3 3 3 3 3 3
ROW control 3 3 3 3 3 3 3
Observations 4,786,123 4,786,123 4,786,123 4,786,123 4,786,123 4,786,123 4,786,123

Note: (Standardised) � ln EX as dependent variables for all regressions. Hurricane refers to a dummy variable that equals
1 from September to November 2005.IMI � industry dummy variables equal 1 if the importing industry corresponds to the



Figure 9: Exposure of Chinese Manufacturing Industries to Supply Shocks of
Remaining 43 States in 2005

Note: Individual charts plot results of network supply shocks computed according to
equation (D.29) and aggregated by Chinese manufacturing sectors over time.
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Table 13: Regression Results in Addition to Table 12, Part I

all Food Textile Wood Paper Coke Chemi. Rubber o.nmMin

(1) (2) (3) (4) (5) (6) (7) (8) (9)

� ln dir. SUPshock(usa7) 0.003 � 0.002� 0.002 0.001 0.003�� 0.003�� 0.004��� 0.003� 0.003��

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

IA: � ln dir. SUPshock 0.014 ��� 0.014��� 0.015��� 0.015��� 0.014��� 0.016��� 0.014��� 0.014��� 0.015���

x Hurricane = 1 (0.006) (0.006) (0.006) (0.006) (0.006) (0.007) (0.005) (0.006) (0.006)

IA: � ln dir. SUPshock 0.002 ��� 0.001 0.006��� -0.001 -0.001 -0.004�� 0.000 -0.002
x IMI-industry = col.(2-9) (0.008) (0.004) (0.011) (0.003) (0.015) (0.004) (0.003) (0.014)

IA: � ln dir. SUPshock(usa7) 0.000 -0.003 �� -0.006��� -0.001 -0.008��� -0.000 0.001 -0.005���

x Hurricane = 1 (0.035) (0.012) (0.020) (0.014) (0.008) (0.010) (0.012) (0.017)
x IMI-industry = col.(2-9)

netw. SUPshockt-1 -0.001 -0.001 -0.001 -0.001 -0.002 -0.001 -0.000 -0.001 -0.001
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

IA: netw. SUPshock t-1 -0.014��� -0.014��� -0.014��� -0.014��� -0.014��� -0.014��� -0.016��� -0.014��� -0.014���

x Hurricane = 1 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

IA: netw. SUPshock t-1 0.002�� 0.003� 0.003��� 0.004��� 0.001 -0.001 0.001 0.003���

x IMI-industry = col.(2-9) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

IA: netw. SUPshock t-1 -0.002�� 0.001 0.000 -0.000 -0.000 0.004��� -0.002�� -0.002���

x Hurricane = 1 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
x IMI-industry = col.(2-9)

Firm-FE 3 3 3 3 3 3 3 3 3
EXindustry-Time-FE 3 3 3 3 3 3 3 3 3
IMIindustry-FE 3 3 3 3 3 3 3 3 3
ROW-Control 3 3 3 3 3 3 3 3 3
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