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Abstract This paper delves into the intricate interplay between idiosyncratic shocks, network 

connections among economic agents, and the ensuing implications for international trade dynamics. 

Drawing upon economic theory and empirical evidence, it scrutinizes how localized supply shocks, 

such as those induced by natural disasters, reverberate through global trade networks. Two models 

are deployed to elucidate the relationships between exogenous shocks and fluctuations in 

international trade, offering insights into the mechanisms through which shocks propagate or 

dissipate. By examining the distribution of suppliers and the network structures of various goods, 

the paper uncovers nuances in the transmission of shocks and their impact on aggregate outcomes. 

Moreover, it explores the evolving role of countries within the global trade network, particularly in 

the context of energy trade. The findings underscore the significance of network analysis in 

understanding the resilience of international trade amidst disruptions and underscore the policy 

implications for trade and exchange rate strategies. Future avenues for research are also delineated, 

emphasizing the need for deeper investigations into the dynamics of trade networks and policy 

responses to shocks. 

1. INTRODUTION 

Economists have long discussed how (and whether) idiosyncratic shocks affect the larger economy (Lucas 1977, 

Kydland and Prescott 1982, Jovanovic 1987). Recent research examines how networks, the relationship between 

economic agents, provide a linkage between idiosyncratic shocks and macroeconomic outcomes (Gabaix 2011, 

Carvalho 2008, Acemoglu et al 2012, Chaney 2014). Within this discussion, one area that has received less focus, 

but provides useful insight, is the international trade network effects of localized supply shocks, such as those 

caused by natural disasters. In the context of renewed discussion on trade and globalization, and the search for a 

better understanding of the interconnections between agents, network analysis offers a valuable set of tools and a 

unique vantage point for studying international trade. Trade liberalization and the rise of global value chains has 

dramatically changed the techniques and locations of the production of goods. The often-large number of 

connections between firms producing goods, their upstream suppliers, and their downstream customers, are well 

represented as a network, which permits simultaneous examination of the full set of relationships rather than 

individual bilateral interactions. Networks provide a simple and powerful framework for determining how activity 

and outcomes are distributed within a complex system, and how the system responds to shocks. This paper 

examines the intersection of these three relevant topics: shocks that affect individual agents, connections between 

agents, and the distribution of activity. Specifically, two models are applied to international trade data to explain 

relationships between exogenous shocks and fluctuations elsewhere in the network. The paper makes an attempt 

to answer the question: how does the distribution of suppliers and the connections between economic agents 

determine whether idiosyncratic shocks die out or propagate? The first model examines aggregate fluctuations at 

a country level by decomposing each country’s imports of individual intermediate goods by whether or not each 

good has power- law-distributed exporter sizes, and whether or not the good is imported from a country with a 

large natural disaster. Imports of goods that have few central suppliers from countries with a natural disaster 

supply shock are expected to negatively affect aggregate output in the next period, as measured by a country’s 

exports. That is, intermediate good flows are affected by the negative supply shock, and the consequences of this 
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depend in part on whether alternative suppliers are available. The second model examines instead exogenous 

shocks that are not localized, but captured by the price of oil and its interaction with each country’s role in the 

global trade network of all goods. Intuitively, countries tightly interwoven into global supply chains, for example, 

are expected to see larger aggregate fluctuations from exogenous changes to supply and demand. Network analysis 

provides tools to measure the role of each country within the global trade network, which is assessed over time. 

Additionally, to better explain the models and demonstrate the usefulness of their results, the international trade 

of oil and gas is examined in detail in this paper. Oil and gas combine to claim nearly 15 percent of the international 

trade of goods, and are used as inputs to all sectors and nearly all firms, either through production or transportation 

costs. Network analysis is used to show how the role of oil and gas within international trade has evolved and how 

the role of individual countries in the global trade network for energy has also shifted. The paper proceeds as 

follows: section 2 offers a review of the literature on network analysis and trade, section 3 describes the economic 

theory behind the research, section 4 serves as the core of the paper and explains both models, including the 

network analysis measures used and the data sources, section 5 presents the results of econometric tests of the 

models, and section 6 offers the conclusion and describes areas for additional study. 

2. LITERATURE REVIEW 

Networks are a natural way to represent related sets of bilateral relationships, including social connections 

between people in a group, connections between suppliers and producers in an economy, and the global trade of 

goods and services between countries. Early examinations of international trade as a network include Snyder and 

Kick (1979), Nemeth and Smith (1985), and Smith and White (1992). A recent and thorough description of the 

world trade network comes from De Benedictis and Tajoli (2011) who provide a detailed description of network 

analysis tools and note the presence of changes in network structure over time. Countries have as a whole become 

more interconnected, but also more heterogeneous in their role in networks (IMF 2011). Rather than describing 

the trade network, economists are more often interested in using network analysis to explain real world 

phenomena. Glick and Rose (1999) found evidence that currency crises spread through trade channels more than 

they can be explained within a country by macroeconomic or financial fundamentals. Likewise, network analysis 

has been used to study financial contagion from interconnections in the banking sector and how this poses systemic 

risk (Minoiu and Reyes 2011). This work examines how otherwise localized shocks spread through international 

trade networks. Meanwhile microeconomic foundations emerge and connect network structures, empirical 

observations, and economic theory. In 2011, Xavier Gabaix shows, counter to the argument of Lucas (1977) that 

idiosyncratic shocks average out and have no aggregate impact, the idiosyncratic movements of the largest 100 

U.S. firms explain about one-third of aggregate output fluctuations. The fat-tailed distribution of firm sizes results 

in idiosyncratic shocks that do not die out, which suggests that macroeconomic questions can be partially answered 

by looking at large firms. Gabaix notes the potential extension of this theoretical concept to international trade. 

Critically, Acemoglu et al (2012) identify the network of input- output (I-O) linkages between sectors as the 

mechanism through which idiosyncratic shocks spread and can lead to aggregate fluctuation. Through the I-O 

network, idiosyncratic shocks can have cascade effects on downstream customers and thereby the entire economy. 

When one firm supplies many other firms in the economy shocks propagate. This work identifies products with 

relatively few, but important, suppliers. Work has been done on trade network structure and growth, such as Kali, 

Mendez & Reyes (2007), where increasing the number of trading partners by 10 is shown to increase growth by 

0.52 percentage points. Additionally, Duenas and Fagiolo find that imbalances in international trade are are not 

satisfactorily explained by a gravity model, but are found to have a similar topology to the international trade 

network. This paper looks at low-frequency and low-probability but high impact situations (such as severe shocks) 

as a tool for explaining an additional portion of fluctuations to economic aggregates. The other vein of network 

analysis research in trade is related to how shocks propagate, which can borrow from the microfoundations 

identified by Gabaix and Acemoglu et al. One such example is by Contreras and Fagiolo (2014), who use diffusion 

models examine how shocks propagate through the I-O network in EU countries. Authors determine the impact 

of a shock to largely depend on the type of shock and size of the country, with large countries being the most 

vulnerable. My research offers a similar technique and conceptual framework but analyzes international trade 

networks, and focuses specifically on natural disasters and shocks to the price of oil. Recent work on network 

analysis of trade has extended to examinations of individual products. In the energy sector, this includes papers 

on the features and evolution of crude oil. An et al (2014) note that the size of the network for crude oil increased 

between 1993 and 2012, but the number of connections between countries increased more rapidly than the number 

of exporting countries. The network has become more stable and interconnected over time. Geng et al (2014) 

analyze the trade network for natural gas, which is quite different from that of crude oil. There is a distinct lack 

of integration between the trade networks in North America, Asia, and Europe, driven in part by differences in 
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LNG access and pipeline connections, and by political factors. Unlike the previous research, this work examines 

the differences between the trade network structures of various goods at a dis-aggregated level of specificity. 

Further, I examine what implication this has for the transmission of shocks, and how the transmission of shocks 

can thereby affect aggregate outcomes. Additional consideration is given to the distribution of features within a 

network, and the dynamic aspects of shock propagation. 

3. THEORETICAL MODEL 

Theoretical background: Xavier Gabaix (2011) offered theoretical and empirical evidence against the argument 

of Lucas (1977) that firm-specific shocks average out. Gabaix showed that 1/3 of output volatility in the United 

States can be directly tied to changes in the 100 largest U.S. firms. When firm sizes follow a power-law 

distribution, idiosyncratic shocks do not average out, and actually propagate downstream and affect aggregate 

economic output. This is because there are often few central suppliers for the key inputs to several industries. A 

shock to one the central firms causes consequences for all firms that require the input for their own production. I 

hypothesize that this relationship holds internationally, particularly given actual variation in the volume of exports 

by product and country, and the rise of international trade of intermediate goods due to global value chains. In 

addition to evidence at a firm and national level, anecdotal evidence suggests the existence of an international 

counterpart to the domestic observation of Gabaix. For example, motivation for this research comes from an 

anomaly noticed following two recent natural disasters. First, the 2011 Tohoku earthquake and tsunami, which 

caused massive destruction, loss of life, and a nuclear disaster, also caused supply-shocks in global trade. 

Automotive assembly lines around the world were forced stop production after key intermediate inputs from Japan 

were delayed (Canis 2011, Carvalho 2014). Likewise, the launch of the iPad 2 was delayed when the Japanese 

supplier of the cover glass was affected by the disaster (Lohr 2011). Second, the 2011 Thailand floods disrupted 

the production of computer hard disk drives, which has been dominated by Thai producers (Fuller 20ll). The price 

of hard disk drives nearly doubled worldwide and remained elevated for two years, following the provide the 

mechanism through which the effects of network structure can be studied. 

 
 

where xij is the volume of goods produced by country j and imported to country i, li is labor, and zi is a 

Hicks-neutral productivity shock. Assume that for each country, αl > 0, and aij 0 for each pair of countries 

in the network (if aij = 0, there are no imports to country i from country j). Lastly, 

 
so constant returns to scale are assumed. The market clearing condition is 

 
where ci is domestic consumption and an amount of goods is also exported to each of n countries. The 

downward sloping line comes from preferences of a representative household: 

 
where βi is distributed between 0 and 1, sums to 1 across all i’s, and represents the weight of goods from country 

i in the representative household’s preferences. The dis-utility of labor is given by the function γ(l), which is 

assumed to be negative. The household faces the following budget constraint: 

 
where w is the wage rate, set to 1 for simplicity. Aggregate profit maximization applied to the Cobb-Douglas 

production functions determines the individual good trade flows (assuming for simplification that trading costs are 

CIF and incorporated into pj ): 
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Consider therefore an international input-output matrix of aij’s denoted as A: 

 

The Leontief inverse of matrix A is defined as: 

 
with each entry in matrix H identified as hij . Acemoglu, Akcigit, and Kerr then propose the following relation for 

the impact of domestic and foreign shocks on changes to aggregate output: 

 

where 1j=i is the indicator function for j = i. Equation 1 explains fluctuations in aggregate output for country i 
as the combination of domestic idiosyncratic shocks, the connections to other countries through the trade of 

goods, and both the existence and importance to country i of shocks to other countries. Shocks to country j will 

affect country i if the existing level of trade between the countries is large and also if there are few alternative 

suppliers.  

4. METHODOLOGY AND DATA 
 

Econometric tests of the theory require estimates both of the distribution of supplier sizes and the role of each 

country in the global trade network, which is obtained by using the tools of network analysis. Shocks, which for 

the purpose of this research must be exogenous, are identified using data on natural disasters and the price of oil. 

This section describes the techniques used to generate estimates for econometric analysis, and discusses the 

mathematical, statistical, and economic support for the variable selection. 

 

Network analysis: overview and centrality: Representing global trade relationships as a complex network 

provides insight into developments that affect individual members of the network but cannot necessarily be 

observed in bilateral relationships. This section first offers a brief primer on international trade represented as a 

network and a discussion of the network analysis concepts of centrality and degree distribution. Data sources are 

then discussed, followed by a presentation of two models which aim to test the relationship identified through 

economic theory. 

 

a) Network overview: To begin the network analysis, each country involved in the international trade of a 

good or set of goods is identified as a ‘node’. Each node may either produce a good and supply it another 

country as an export, or consume a good produced in another country as an import. These exports and 

imports comprise the trade flows between countries and are represented in a network as an ‘edge’, usually 

shown as a line or arrow connecting two nodes. Each edge contains important information about the flow 

of goods between two countries. First, each edge is ‘directed’ as the flow of goods exits the exporter 

node and enters the importer node. Edges directed outward from a node represent that nodes’ exports, 

while edges directed inward to the node represent its imports. Additionally, in the global trade network 

each edge contains ‘weights’, which are the value and quantity of goods associated with the trade flow. 

 
FIGURE 1. Single trade flow, exports of good g from country i to country j, as a ‘network’ 

 
Even a simple bilateral trade flow can be represented as a network (figure 2). To build the complete network, I 

continue to add nodes and edges until all flows are included. Once a complete network is constructed, additional 

techniques for describing individual nodes, as well as the overall structure of the network, become available. 
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b) Degree and eigenvector centrality: One simple measure of how an individual node is related to its 

network is the number of connections it has to other nodes, referred to as its ‘degree’. In international 

trade a country’s degree is its total number of trading partners. As with edges, the degree of a node is 

directed. The out-degree of a node measures the number of nodes to which it is connected through its 

exports, while the in-degree of a node captures the number of nodes it is connected to through imports. 

That is, if country i exports good g to nine countries and imports good g from three countries, its out-

degree is nine and its in-degree is three. Degree can also be ‘weighted’ to capture the total value of 

directed flows. The weighted out-degree corresponds to the total value or quantity of exports (depending 

on which is used as the weight), while the the weighed in-degree is the total value of quantity of imports. 

Often researchers are interested in how a node compares with other nodes in its network. There are several ways 

to compare the role of individual nodes, with various measures of ‘centrality’ being the most common. Centrality 

captures the influence that an individual node has in its network, and very influential nodes are colloquially referred 

to as ‘central players’. Two distinct measures of centrality are degree centrality and eigenvector centrality. The 

degree centrality of a node is the share of other nodes to which it is connected. The out-degree centrality measures 

the share of importers that are serviced by each exporter, while the in-degree centrality captures the share of 

exporters that service each importer. I represent the out-degree centrality of country i in the network for good g 

comprised of n nodes, Cout(g), as ki , divided by the total number of possible import partner nodes, (n − 1): 

 
The out- and in-degree centrality of a country, in international trade terms, is its export- and import- share of trade, 

respectively. The weighted version of out-degree, used in this paper, simply replaces the number of edges with 

the total value of the edges, and replaces the number of possible partners with the total value of trade in the 

network. Each network indicator described in this section has a direct and simple international trade analog. 

However, one crucial graph theory addition to existing measures of a country’s role in trade is eigenvector 

centrality2. Eigenvector centrality, proposed by Bonacich (1972) but pioneered by Leontief, approaches the 

question of influence in a network to incorporate both the role of a country in the network, but also the role (and 

influence) of its partners. The eigenvector centrality of country i in network g is proportional to the sum of the 

centrality of its trading partners, indexed by j: 

 
where from (3) in matrix notation, λCe(g) = gCe(g), and the constant λ is the corresponding eigenvalue for the 

network eigenvector Ce(g). The eigenvector associated with the largest eigenvalue is the estimated centrality. This 

measure can incorporate both trade flow direction and weights. The import centrality is the left-hand eigenvector 

of the adjacency matrix g associated with eigenvalue λ. 

 

Network analysis: degree distribution: In addition to measures which examine the role of each country, measures 

which cover the entire trade network provide information on the size and structure of the market. As discussed in 

section III-A, the distribution of supplier sizes is of economic importance, particularly if it follows a power law 

distribution. In network analysis, the distribution of connections in a network is referred to as the degree distribution. 

The relative frequency of exporter sizes in the trade network is represented as p(Xg), the fraction of nodes with 

weighted out-degree Xi for good g under probability distribution p. This paper focuses on the distribution of 

exporter sizes, as measured by the weighted out-degree distribution, however the distribution of importer 

sizes by product has additional economic significance. The distribution of exporter sizes is said to follow a 

power-law to the exporter size raised to a ‘power’. The probability distribution is expressed as:  

 

where C is a normalization constant greater than zero, and α is an exponent parameter greater than one. The 

exponent parameter of a power-law distributed network is typically in the range 2 < α < 3, which is used as the 

cutoff range in this research. Goods which can be reasonably fit to a power-law distribution, with an estimated 

α parameter within the specified range, are considered to be power-law distributed in section IV-C1. The 
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estimation of the α parameter for each good follows methods discussed by Clausett (2012). Figure 3 shows the 

complementary cumulative distribution function (CCDF) of total export values by country for two goods in 2014. 

Both axes are in log scale. The vertical axis measures the probability that exporter size for an individual good, Xg, 

measured by the outdegree centrality, is larger than x, the value on the horizontal axis. The horizontal axis measures 

the nominal US Dollar value of exports in 2014. Coffee, picked by hand, is grown by many countries in a band 

surrounding the equator, and does not experience central players in its trade network. As much as individuals 

may show preference for certain types of coffee, the size of suppliers is not well-approximated by a power law 

distribution. In contrast, crude oil, the most traded good on earth, has a very public cartel. A few extremely 

large producers dominate the supply, while the demand side is also skewed towards the consumption-driven G8 

economies. The result is a relatively small number of very large suppliers, which can be seen by the fit of figure 

2a. The probability of a crude oil supplier existing (solid line) nearly always exceeds the exact fit of a power 

law distribution (dashed line) as the logged value of exports increases. Theoretical predictions surrounding the 

power law distribution of supplier sizes for such a critical intermediate good are further explored in the second 

model. 

 

Two econometric models: To test the theoretical relationship, I will use a variation on the empirical approach of 

Acemoglu, Akcigit, and Kerr, which is the analog to equation 1, and specified as follows: where δt is the time 

fixed effect and εi,t is the error term. The previous period output growth, previous period domestic shocks, and 

previous period upstream shocks determine the current period output fluctuation. While my theoretical model 

is only slightly modified from that of Acemoglu, Akcigit, and Kerr, additional changes will be needed to estimate 

how domestic and upstream shocks 

 
FIGURE 2. Sample fit to CCDF∗ for two products, 2014 

affect output using international trade data. For the estimating equation VIII to fit with my hypothesis and the 

available data, two econometric models are identified in the following sections; both seek to estimate changes in each 

country’s exports from own and upstream shocks. The first decomposes each country’s previous period imports to 

identify inputs associated with upstream shocks with localized origins. The second model treats the price of 

oil as the exogenous shock 
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Imports decomposition model: The imports decomposition model seeks to explain fluctuations in the real value 

of exports, Xit Xit−1, for country i, based on the composition of its imports. The model additionally seeks to 

incorporate own shocks as the previous history of exports as well shifts in the real effective rate of exchange 
between countries. Specifics of the model are included in this section. The dependent variable is the change in 
the natural log of constant price exports of goods of country i in time t, given by xˆit = ln(Xt) −ln(Xt−1). Changes 

to exports offer insight into the downstream pass-through of an upstream (and in this case cross-border) supply 
shock. That is, a supply shock to a trading partner will have various domestic effects on consumption baskets and 
prices, but this work argues that to get to the heart of whether shocks average out or propagate, one should look 
at whether the downstream is affected. Next, to capture own (domestic) shocks, I control for changes to exchange 
rates and relative prices, as measured by the previous period change to the real effective exchange rate, qˆt−1. 
This is a domestic determinant of exports that is not correlated with the measures of network structure applied 
next. Lastly, to test the hypothesis that the distribution of exporter sizes affects whether supply shocks propagate 
or die out, it is critical to measure the upstream (foreign) shock and isolate different shocks by the network 
structure through which they arrive. This can be done by decomposing previous period intermediate3 goods 
imports into four categories, defined as follows: 

 

 

where M is the real US dollar value of imports to country I from all other countries, and m is its natural log. 

While the empirical focus is variation of the decomposition of imports by country, a useful summary statistic 

for building understanding of the model is the decomposition of world imports of intermediate goods by year 

(figure 4). The vast majority of trade involves goods which do not feature power- law distributed exporter shares 

and are not subject to supply shocks from large natural disasters. Critically, the model aims to predict a country’s 

fluctuation in next period output from the relative current imports of goods with power-law distributed suppliers 

and supply shocks. Combining the pieces of the imports decomposition model, I aim to estimate the following 

equation: 

 
where δt is again the time fixed effects. The second and third terms attempt to control for domestic shocks. 

Previous period export growth, x̂i, t−1, is unrelated to a next period supply shock, as is the previous period change 

in real effective exchange rate, q̂i,t−1.  The variable of interest, which  I  hypothesize  affects exports of downstream 

countries, is the previous period (t 1) log imports of goods with power law distribution exporter sizes when there 
has been a shock to the production of that good in the supply-shock, regardless of exporter sizes, causes the 
full 

 
Notes: Includes goods classified as intermediate by BEC. The series ‘cs’ contains imports of goods with power-

law distributed exporter sizes and a supply shock from a large natural disaster; ‘ns’ includes goods with normally 

distributed exporter sizes and a supply shock; ‘cn’ comprises goods with power-law distributed exporters and no 

supply shock to the exporting country; and ‘nn’ is goods with normally distributed exporters and no supply shock. 

Adjustment in exports, the non-power-law-distributed imports from supply shock countries are included as mns 

i,t−1. Lastly, to control for the possibility that exporter size distribution affects exports regardless of supply 

shocks, imports of goods where the exporter country sizes follow a power law distribution are included as mcn. 

i,t−1 My hypothesis is then: 
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That is, I expect the coefficient on previous period imports of goods with power-law distributed exporter sizes 

that are imported from a country with a large natural disaster in the next period to be negative and more negative 

than the coefficient on natural disaster country imports that do not follow power- law distributed firm sizes. 

Results of estimation of equation 5 by fixed effects within ordinary least squares (OLS) and generalized method 

of moment (GMM) techniques is presented in section V-C. 

 

Oil price shocks model: The second model focuses on the role of one specific good, crude oil, in the propagation 

of shocks through network effects. The critical role of oil in economic activity has been well documented. 

Hamilton (1983, 2003) describes the role oil shocks plays in the broader economy, noting critically the nonlinear 

relation between oil prices and output growth. Through foundations in microeconomics, section III-B identifies 

domestic shocks and network effects as determinate of fluctuations in output. In the previous model, I decompose 

individual product imports by trade partner supply shock and product supplier size distributions to identify the 

role of exogenous shocks in domestic disturbances. The oil price shocks model instead assumes all network effects 

shocks 

 
FIGURE 4. Total exports and the price of oil 

 

to be conveyed by shocks to the price of oil and a country’s connections to other countries. The price of crude 

oil is determined globally by supply and demand and not fully within any one set of borders, and therefore can be 

considered exogenous. While oil is component in transportation, and therefore trade costs, the use in this model 

of the oil price is to reflect external shifts in supply and demand. That is, while a reduction of oil prices may 

lower trade costs, it is thought to reflect a reduction in global demand and therefore to precede reduced trade. The 

oil price shock measure, which is high-frequency and not location-specific, is applied to monthly data on total trade, 

from the IMF’s Direction of Trade Statistics (DOTS). As new information is obtained and changes to the price of 

oil are revealed, the following estimation equation seeks to identify how different exporters respond in the very 

short-run: 

 
where αi is the country specific fixed effect, ceis the eigenvector centrality of imports and i,t ρˆt  is the 

recent month change in the price of crude oil. As discussed in section IV-A2, this centrality term follows a similar 

algorithm to the PageRank algorithm used by Google, where, in the case of imports, the number and size of import 

flows is important, but the relative importance of your suppliers is also taken into consideration. The term is 

meant to measure how influential each country is in each month to the global consumption of intermediate 

goods, with particular focus on the relative importance of its suppliers. A high eigenvector centrality score is 

associated with a strong reliance on imports of intermediate goods from influential suppliers. Countries with a 

high score are expected to 1) have export fluctuations more closely tied to network effects, and therefore 2) 

propagate exogenous shocks. Estimated eigenvector centralities are largely stable over time, especially in the very 

short run, for the vast majority of countries. However, this calculation still allows for interesting examination of how 

each country’s influence in the global trade network has gradually changed. Figure 9 in the appendix maps change 

in the eigenvector centrality score of exports and imports for each country since 2008. These figures show a 

shift in influence away from Europe and towards China, Korea, Vietnam, Mexico, and others. The average 

eigenvector centrality scores of exports by continent confirm the shift of influence away from Europe (figure 6). 

This model is primarily interested in the interaction of a country’s position in the network with exogenous shocks 

to supply and demand, captured through the price of oil. The estimating equation therefore calculates the 

interaction between the centrality term and the oil price term as representative of the network effects identified in 

equation 1. The interaction term is meant to capture the mechanism through which an exogenous shock enters 

(the centrality to global imports) and the exogenous shock itself (a change in oil prices). As in the previous model, 
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and as shown in equation 7, the point of measurement is changes to each country’s exports. If exogenous shocks 

are indeed amplified by a country’s role in the network, for example through its integration in global value chains, 

the coefficient on the interaction term will be positive and significant, even in the very short-run. The presence of 

high-frequency volatility in exports from network effects would suggest countries more integrated in global trade 

experience a larger change in real exports from exogenous shocks. 

 

Data sources and treatment: The imports decomposition model relies on dis-aggregated international trade data 

at the product level, which is obtained through the BACI dataset produced by CEPII. Specifically, the data used 

follow the 2007 version of the harmonized system (HS2007) and are aggregated at the six-digit level. BACI 

provides a cleaned and expanded version of UN Comtrade data, and importantly also removes re-exports and re-

imports. The dataset includes annual observations of trade value in thousands of US Dollars and trade volume in 

metric tons from 2007 to 2014 on 217 countries and self-governing entities. The BACI dataset covers more than 

5200 products per year, and includes both intermediate goods and final consumption goods. The Broad Economic 

Categories (BEC) are used to identify which are intermediate goods and to exclude final consumption goods from 

the sample, bringing the total to 3805 goods. Exogenous supply shocks in the import decomposition model are 

identified from global information on natural disasters. These disasters are classified by type, location, and date 

using the EM-DAT international disasters database. Disasters between 2008 and 2015 are initially grouped by 

year and country, however the database is very extensive, and this research is focused primarily on large 

exogenous supply shocks from natural disasters. To capture only large disasters (those with potential cross-border 

implications), only those which result in a loss of 40 or more lives are included in the sample, bringing the period 

total to 153 disasters. The oil price shocks model focuses instead on higher-frequency changes to trade of all 

goods. Therefore, data on international trade is obtained from the IMF’s Direction of Trade Statistics (DOTS), 

with monthly observations from 2008 to 2015 for 183 countries. The oil price shocks model relies on the monthly 

average change in the U.S. Dollar price of West Texas Intermediate (WTI) crude oil as the measure of exogenous 

shocks. Oil price data is obtained from the IMF’s Primary Commodity Prices dataset. Remaining data on total 

exports of goods, import and export prices, and the real effective exchange rate (REER) for both models are 

obtained from the IMF’s International Financial Statistics (IFS). The value of total exports for each country is 

measured free on board4, and adjusted for changes to the export price index of each country5. Values obtained 

from the decomposition of imports are also adjusted for changes in prices, using the import price index of the 

importer country. The REER is obtained as an index, and captures trade-partner weighted changes in exchange 

rates and relative price levels. The availability of sufficient exchange rate, exports, and price information is 

limited, reducing the total number of countries included in econometric analysis of the imports decomposition 

model to 80. The imports decomposition and product-level analysis, however, is based on the full sample of 217 

countries, so that the fewest possible nodes are excluded from the network analysis stage.  

5. RESULT 

This section presents the main findings of the network analysis components, the specific case of oil and gas 

networks, and both models for examining broader implications of network structure. Results largely confirm 

intuitive expectations discussed in section 4. The finding related to model one are significant both economically 

and statistically, whereas results from model two are far less robust, suggesting that network effects do not present 

themselves fully in the very short-run. 

Results: Network analysis First, a brief discussion of the main findings in the estimation of degree distribution 

by product and eigenvector centrality by country. Beyond the estimation of changes to exports, the network 

analysis components of this work offer interesting insight into which products have power-law distributed 

exporters and how countries’ roles in international trade have changed. The out-degree distribution calculated for 

each product in each year identifies certain categories of products are having an outsized share of power-law 

distributed suppliers. Figure 6 presents a summary for 2014 of the representation of broad economic categories of 

intermediate goods in the full sample and in the power-law distributed goods category. Industrial supplies 

represent the most traded category in the full sample but are under-represented in the power-law distributed 

sample. The fuels and lubricants category claims 60% of the trade of all power-law distributed goods. Food and 

beverage and industrial transport equipment are strongly under-represented among power-law distributed goods. 
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 FIGURE 5. Intermediate product exports by category, 2014 
In terms of individual goods, by value of 2014 exports, oil and gas are the largest power-law distributed goods. 

Additional power-law distributed goods with large trading volumes include cathodes, copper ore, electrical 

component boards, and medical instruments (table 5). Normally distributed goods include gold, various types of 

automobiles, cellular telephones, laptop computers, and electronic integrated circuits (table 6). At a country level, 

China is shown to be both the largest exporter in real terms and the most influential exporter by eigenvector 

centrality, in all years. The United States is second in both categories, and, like China, has seen a growing 

eigenvector centrality of exports (table 4). Eigenvector centrality scores for most of Europe have fallen since 2008, 

while emerging market countries, especially those less dependent upon primary commodity exports, such as 

China, Korea, Singapore, and Vietnam have seen large increases in eigenvector centrality scores for exports. 

Results: Oil and gas in detail Next, results surrounding the most influential power-law distributed products, 

crude oil and natural gas, are discussed in further detail. As discussed in section IV-B, crude oil is the most traded 

good on earth and features a very public group of suppliers who work together (prima facie) to determine global 

supply. In practice however, suppliers of oil and gas are extremely vulnerable to shifts in global demand. Evidence 

since 2010 suggests a worldwide growth of renewable energy, a shift towards lower energy intensity in developed 

countries, and very low, unbalanced, and often negative growth in access to electricity in the least developed 

countries (World Bank 2015). These developments all factor negatively into the global demand for oil and gas, 

which can partially explain low prices. Additionally, important changes to the supply of natural gas, which has 

substitution effects with other energy sources, include advancements in horizontal drilling and hydraulic 

fracturing. The natural gas supply developments both shifts the location of production, dramatically increasing 

domestic production in the United States (Wang et al 2014) and other countries, and changes the dynamics for 

how energy supply responds to changes in prices. Technological developments have shortened the time required 

to increase the production of natural gas, if, for example, prices increase. The combined effect of recent 

developments in the production and demand for oil and gas has resulted in a gradual decline in the estimated 

power law exponent parameter for oil and a somewhat volatile increase in the estimated parameter for natural gas. 

Additionally, the geographic changes in production are partially documented through analysis of the trade network 

(figure 8). The U.S. claims a decreasing share of imports, while the more-advanced emerging market shares have 

increased, particularly the share of China in the global imports of oil. In general, import shares of natural gas are 

falling in many European countries as energy production has become more localized and renewable sources 

become more competitive. 

Results: Imports decomposition model Three variations of the estimating equation were applied to a balanced 

panel of data covering 80 countries, with annual observations during 2008–2015. The first variation excludes the 

previous period real exports as a control variable. The second variation of the estimating equation includes the 

previous period log-level of real exports as a control, and the third variation includes lagged export growth to 

generate a dynamic panel. All three variations estimate coefficients in line with the hypothesis presented in section 

IV-C1. The estimated coefficients are presented in Table II. The first two columns present the fixed-effects within 

OLS regression estimates, while the last two columns present the one-stage generalized method of moments 

(GMM) estimates. In all three models, the variable of interest, the previous period imports of goods with central 

suppliers from supply shock countries (mcs), is shown to be negative and statistically significant. Each log unit 

of mcs is estimated to reduce exports by between 2 and 5 percent in the following year, offering evidence that 

supply shocks can be transmitted internationally through goods with power-law distributed suppliers. Supply 

shocks do not seem to transmit through goods with normally distributed exporter sizes, even though these goods 

(mns) are imported from countries with a supply shock. Theoretically, in these cases alternate suppliers are readily 
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available. An increased level of mns is actually shown to increase exports, with statistical significance varying by 

model. The results are considered economically significant in that the type of intermediate goods that a country 

imports affects how it responds to exogenous supply shocks elsewhere. This result provides an argument for 

diversification of inputs by location and type. While, as seen in figure 4, the mcs share of all imports is quite 

small, the decomposition revealed concentrated and shifting pockets of large volumes of these negative network 

effect imports. The domestic shocks to exports captured by previous period export values are shown to be 

statistically significant and may be capturing trends such as a convergence in export growth rates. The previous 

period changes to the real effective exchange rate are shown to be statistically significant only in the third variation 

of the model. An increase in the real effective exchange rate makes exports relatively more expensive and results 

in an inward shift in aggregate demand, putting downward pressure on export growth. 

Results: Oil price shocks model Estimation results for the oil price shocks model are somewhat consistent with 

the hypothesis that shocks transmitted through central suppliers are propagated. The results, however, are not 

robust nor offer much explanatory power in the very short run. Additionally, the centrality scores vary little over 

time, and therefore are not well specified in a model with time fixed effects. The estimated coefficients for the oil 

price shocks model are presented in table II. The first three columns present the fixed- effects within OLS 

regression estimates, while the last columns presents the common correlated effects (CCE) mean group estimation 

results. The CCEMG model is used due to the long time series of the panel, and allows for country- and time-

specific constant terms. In this model, the independent variable of interest, the interaction term between centrality 

and oil price shocks, shows statistically significant propagation of the oil price shock. However, the economic 

significance is unclear and requires further discussion. All four variations of the oil price shocks model equation 

return an estimated negative effect of previous period export levels to current growth rates, as seen in the previous 

model. The panel time series model, variation 4, predicts the opposite sign of what is expected for changes to the 

real effective exchange rate. The oil price shock itself is found to have a positive coefficient on current export 

growth, as expected in discussion of variable selection. It’s important to note here the potential endogeneity issue 

of using oil prices to estimate changes in real exports. As discussed in section V-D, the supply, and therefore 

exports, of oil respond positively to changes in price. That is, oil exports are increased in response to a positive 

oil price shock and decreased in response to a negative price shock. The theoretical support for oil as an exogenous 

shock may not hold when the point of measurement is exports. As mentioned, there are doubts to the reliability 

and economic significance of the estimates of the second model. While initial consideration shows some 

propagation of network effects from centrality, which is expected, the variance of estimates for this parameter, as 

well as the lack of explanatory power and the unexplained sign on the REER coefficient, suggest issues with 

model specification. Additionally, while this model intentionally attempts to capture very short-run effects, it is 

clear that the production process for many goods is longer than the one month rate of change explored in this 

model. As a result, rather dismiss the possibility of a very short run response to global shocks determined by 

network position, additional work is required to fully explore the possibility, and the overall results obtained by 

this model should not be interpreted as economically meaningful. 

6. CONCLUSION 

Model 1 results discussed in section V are largely consistent with the theoretical prediction that a country’s role 

in its network, and the size distribution and role of its trading partners, determines its exposure to routine 

exogenous shocks. Indeed, even at an international level, the distribution of supplier sizes presents a mechanism 

through which localized shocks can cross borders. Beyond the implication for international trade as a whole, one 

key contribution of this work is the discussion of international trade networks for individual goods. Additionally, 

this finding generates several policy implications, as well as the need for further research, which are discussed in 

this section. As demonstrated, the global trade network for individual goods varies both between goods and over 

time, and network analysis can succinctly capture these variations. Oil and gas trade networks have shifted in 

response to broad changes in energy production and consumption, and these changes can be seen in detail (figure 

7, for example). The same process works for any product and while writing this paper many interesting cases were 

considered. Several products identified in literature related to global value chains and the 2011 natural disasters 

in Japan and Thailand (discussed in section III-A) show power-law distributed suppliers before the disasters and 

a less central role for Japan and Thailand following the disasters. The examination of trade networks at a product 
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level may be able to identify certain ‘linchpin’ products based on their unique characteristics. Additional key 

implications from this work are primarily related to trade and exchange rate policies. First, the network of 

importers and exporters for each country is partially determined by the tariff rates it offers to partners. Many 

countries have zero or near-zero tariff rates for a selected subgroup of partners, which creates opportunities for 

strategic collaboration, but can also lead to situations where only the inputs from a small set of countries are 

competitive, and comparable inputs from other countries are prohibitively expensive. By artificially selecting 

which geographic areas are competitive, a country may expose itself to risks from shocks to its few suppliers. Of 

course, the shocks described in the first model of this paper are inevitable. However, the tools available to 

countries to respond to shocks differ. Regional integration has reduced the number of independent currencies, and 

essentially centralizes an otherwise localized tool for adjusting to localized shocks. Countries that are able to 

adjust their exchange rate may be able to use the tool to secure inputs from alternative suppliers that are not 

prohibitively expensive. While the models in this paper do not observe domestic effects directly, the same models 

could be applied to a vector of domestic dependent variables to further understanding of domestic policy 

responses. There are several other extensions. Work should be done to identify the causes of a country’s 

eigenvector centrality in international trade. Potential areas for exploration include currency and exchange rate 

considerations, and actual tariff rates by partner country and product. For example, how do changes to the the 

ability of a country to adjust the exchange rate of its currency affect its role in global trade. Likewise, how do 

bilateral and multilateral trade liberalization efforts and regional trade agreements affect the composition of trade 

partners, as measured by their relative importance. I also advocate further work within the topic of this paper. 

Primarily, additional work could address endogeneity concerns with the oil price shocks model, perhaps through 

estimation of dynamic correlations, and also to include a model which examines network changes in trade when 

a central supplier itself experiences a natural disaster. 
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