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Abstract

In recent years, the global trade landscape has undergone significant changes, particu-
larly in the aftermath of the 2008 financial crisis and more recently as a consequence
of Covid-19 pandemic. To understand the structure of international trade and the
impact of these changes, this study applies a combination of network analysis and
causal inference techniques to the most extensive coverage of available data in terms
of time span and spatial extension. The study is conducted in two phases. The first one

explores the structure of international trade by providing a comprehensive analysis of
the World Trade Network (WTN) from various perspectives, including the identification
of key players and clusters of strongly interacting countries. The second phase investi-
gates the impact of the rising role of China on the global structure of the WTN. Overall,
the results highlight a structural change in the WTN, evidenced by a variety of network
metrics, around China’s rapid growth years. Additionally, the reshaping of the WTN

is not only accompanied by a significant increase in trade flows between China and

its partners, but also by a corresponding decline in trade among non-China-partner
countries. These results suggest that China played a pivotal role in the restructuring of
the WTN in the first decades of this century. The findings of this study shed light on the
interpretation of the rapidly changing landscape of global trade.
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Introduction

After decades of sustained and smooth growth, the upward trend in world trade leading
to increasing globalization was taken for granted by most countries. Since the 1980 s
until the early years of 2000 s, the growth rate of international trade outpaced the world
GDP growth rate, and many developing economies especially in Asia experienced a
notable increase in imports and exports (WTO 2013), together with GDP growth rates
much higher than the world average.

This positive outlook came to a sudden halt in 2008 with the great financial crisis that
started in the USA and then spread to many other parts of the world. The global financial
crisis had far-reaching repercussions on cross-border economic activity, as it had a dra-
matic impact on economic growth in terms of GDP and decline of the trade flow. After a
sharp and sudden collapse in international trade in the last quarter of 2008, world trade
flows declined by about 12% in 2009 (WTO 2013). This exceeded the estimated loss of
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5.4% in world GDP (W'TO 2009). Such a decline in trade flows was unprecedented since
World War II, and therefore generated a widespread debate. The contraction in exports
was especially acute for small open economies, many of which saw their trade volumes
fall by up to 30% year-on-year in the second half of 2008. This trade decline contributed
to the spread of recessionary pressures even to countries that had little direct exposure
to the USA subprime mortgage market where the crisis originated. The popular press
has provided anecdotal accounts of how manufacturing plants around the world scaled-
down production and employment in response to limited export opportunities (Lev-
chenko et al. 2010; Shelburne 2010; Chor and Manova 2010). Unfortunately, this was
only the first of a series of turbulences affecting world trade. After the 2008—2009 major
shock, the rate of growth of world trade recovered partially, but the upward path became
very uneven, affected by some major perturbations in a relatively short time span: the
world recession started by the financial crisis, the trade war between USA and China,
the Covid pandemic, and most recently the energy crisis following the war in Ukraine.

As mentioned, during the same time frame, since the end of the past century, a greater
role of developing countries and especially the rising of China as a key player in global
trade was also observed. China’s integration into the world economy brought about a
mixture of positive and negative impacts (Feenstra and Sasahara 2018). On the one hand,
expanded trade with China opened up new avenues of opportunity for many countries,
providing access to a rapidly growing market for their goods and services and thereby
driving economic growth and employment. Moreover, the increasing role of China as a
leading supplier of manufactured goods and raw materials reduced costs for both con-
sumers and enterprises. On the other hand, China’s growing economic activity resulted
in increased competition for businesses in other countries, particularly in manufacturing
and labor-intensive industries, leading to job losses and closures of businesses, particu-
larly in developed economies. Furthermore, China’s large trade surplus with numerous
nations elicited concerns about its impact on global trade imbalances, while its lack of
transparency and adherence to international trade regulations prompted criticism and
caused tensions with other countries (Feenstra and Wei 2010). In this context, the rising
role of China, generating an effect sometimes named the “China shock” (Feenstra and
Sasahara 2018), affected many pre-existing trade patterns, both intensively (i.e., through
increases in trade flows between countries already trading in the past) and extensively
(i.e., newly created trade relationships) (Fagiolo 2017).

Given the above facts, a relevant question is whether the observed changes in world
trade in the past decade are the consequence of random events or instead some struc-
tural change occurred in the world trading system. The 2008—2009 trade collapse is
often seen as a turning point (e.g., Bems et al. 2013), but in fact, the perturbation
it created might have accelerated a deeper, ongoing structural transformation of
world trade. In particular, some research questions arise: How did these trade pat-
terns change over time, and what factors influenced these changes? Which countries
are the key players in the global marketplace, and what role do they play in shaping
trade flows? In order to answer these questions, it is not sufficient to analyze each
country in isolation or examine bilateral trade relationships only. As a matter of
fact, while bilateral ties are virtual channels of interaction between countries, they
can only explain a small fraction of the impact that economic shocks originating in
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a given country can have on another country, which may not even be a trading part-
ner (Abeysinghe and Forbes 2005). A systemic analysis at the global level is needed
to fully understand the complexity of the global trade landscape and its structural
changes (Krugman 1995).

Our research employs a combination of network analysis (Newman 2010; Bara-
basi 2016) and statistical methods for analyzing the structure and organization of the
World Trade Network (WTN). The application of Social Network analysis to inter-
national trade data has a long history in economic sociology and political science
(Sacks et al. 2016; Kim and Shin 2002; Mahutga 2006), but only in relatively recent
times have physics methods (in particular Social Physics (Jusup et al. 2022)) and net-
work analysis been used to investigate the international trade network quantitatively.
Studies have shown that the trade network has become more and more dense and
integrated over time (Serrano and Boguna 2003; Kali and Reyes 2007; Barigozzi et al.
2009). Links are almost evenly distributed across countries, i.e., the network does not
exhibit the scale-free degree distribution typically found in a number of real-world
networks (Cepeda-Lépez et al. 2019; Fagiolo et al. 2010; De Benedictis and Tajoli
2011). However, in terms of intensity (i.e., total trade of countries) the distribution
is highly skewed, with a small group of key players forming a well-connected core
(Maeng et al. 2012; De Benedictis et al. 2013; Hoang et al. 2023).

To deeply investigate the structural changes in the WTN we focus on the evolving
role of China, as many evidences suggest that the rising role of this country affected
the overall WTN (Ianchovichina and Martin 2004; di Giovanni et al. 2014; Feenstra
and Wei 2010). In our study we complement network analysis with causal inference,
a statistical method that aims at identifying the causal relationship between variables
while taking into account the potential confounding factors (Angrist 2010). The goal
is understanding how changes in one variable, such as a country’s trade policies, affect
other variables, such as trade flows or economic growth of other countries, and there-
fore the entire WTN structure. While causal inference is in principle a powerful tool,
its application can be challenging in practice, as it relies on the assumption that all
confounding variables are measured. In the case of trade with China, the complexity
of the global economy, the variety of industries and trade flows, and the political and
geopolitical factors that are also at play, can make it challenging to isolate the effect of
China’s rising role in trade with other countries. We try to minimize such difficulties
by combining causal inference and network analysis, i.e., by including network met-
rics of countries among the model covariates, together with many other non-network
variables.

In this paper, the starting point is our preliminary study of the WTN presented in
Hoang et al. (2023), whose results are here summarized, where the evolution of a num-
ber of network metrics are discussed for the period 1996-2019. In the first part of the
present paper, the above analysis is complemented with a study of the evolution in time
of the core-periphery structure of the WTN and of the individual role of each country
(centrality). The results are instrumental to the second part of the paper, where the role
of China is explored in detail with the tools of causal inference and compared to that of
USA, with special attention to the impacts of China evolution on the trade flow of other

countries.
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Methodology and data

Network analysis

In the case of the WTN, nodes correspond to countries and edges model the flows of
goods from one country to another. Since the existence of exports from country A to
country B does not imply exports from B to A (and, even when exports are bidirectional,
their values are in general different), the WTN is modeled as a weighted directed graph,
with no self-edges (exports from a country to itself are not considered). If # is the num-
ber of countries, the structure of the WTN is described by the # x n adjacency matrix
A = [Aj], with Aj; = 1if there is an edge from i to j, and A;; = 0 otherwise. The indegree
kin = >_; aji (resp. outdegree k9 = >_j aij) of node i is defined as the number of incom-
ing (resp. outgoing) edges, i.e., the number of trade partners country i imports from
(resp. exports to), and the total degree is defined as k" = k" + k?"’. The weighted adja-
cency matrix (or weight matrix) W = [W};], with W}; > 0 if A;; = 1, and Wj; = 0 other-

wise, contains the monetary value of the export from i to j. The in-strength sf" = Zj Wji

out

(resp. out-strength s?"' = Zj w;j) of node i is defined as the aggregate incoming (resp.

outgoing) weight, i.e., the total value of the import (resp. export) of country i. The total
weight s/ = s + 59! is the total import—export value.

Many indicators can be used to globally describe the characteristics of a network
(Newman 2010; Barabasi 2016). In this work, we analyzed the evolution of the follow-
ing network metrics over the time frame considered. The density d = m, where L
is the number of edges, is the fraction of existing edges (i.e., trade partnerships) over the
maximum possible number. The mean geodesic distance | = m ZW- lj is the aver-
age number of steps required to connect a pair of nodes i, j along the shortest path. The
reciprocity r is the fraction of edges i — j for which the opposite edge j — i exists. The
clustering coefficient ¢ quantifies how common triads are in the network: it is the aver-
age, over all nodes i, of the number of edges connecting i’s neighbors with respect to the
maximum possible number. The assortativity coefficient by degree ay (resp. by strength
as) is the (Pearson) correlation between the total degree (resp. total strength) of neigh-
boring nodes, i.e., trade partners. Negative values of ay (resp. as) denote the tendency of
countries with few partners (resp. small trade volume) to connect with countries with
many partners (resp. large trade volume).

We construct the WTN using the BACI-CEPII data set built from data directly
reported by each country to the United Nations Statistical Division (Comtrade).! Two
countries are considered to have a trade connection if there is a link between them in
any of the about 5300 commodity sectors, and the total trade value is the aggregate of all
sector values. The original dataset provides yearly data from 1996 to 2019. For our analy-
sis, we convert them into biennial periods (i.e., 1996—1997, 1998-1999,....,2018-2019)
by averaging two years accordingly. Using biennial periods halves the analytical burden
while preserving the dynamics of world trade (Cepeda-Lépez et al. 2019), and enables
to maximize the number of links between countries. To avoid potential bias and make
comparisons between periods straightforward, we keep the network size (i.e., the num-
ber of countries) constant by discarding those countries for which data is unavailable in

! http://www.cepii.fr/CEPIl/en/welcome.asp.
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any period of the dataset. After such a pre-processing, our sample contains 206 coun-
tries in 12 biennial periods.

Causal inference and treatment effect

Moving from the results of the network analysis of the world trading system, that show
some relevant changes overtime, we want to identify the possible causes. Causal infer-
ence is a statistical approach to examine the impact of one variable on another. It aims
to determine and quantify the causal effect while accounting for potential confounding
factors. This is done by comparing the outcomes of similar groups that differ only in
exposure to the target variable. To study the effect of China’s rise on other countries’
trade, we use observational data such as trade data from countries with varying levels
of trade partnership with China and employ statistical methods to control for other
trade-affecting factors like economic growth and exchange rate. In our analysis, we also
want to control for some topological characteristics of the WTN, as they can definitely
affect trade patterns. Following Rubin’s causal model (Angrist 2004; Imbens and Rubin
2010), we introduce the key concepts in causal inference, including the umnit (the dyad
(i, j) of countries i and j), the treatment (the dyad (i, j) belonging to a set S of countries
with strong trade ties to China), and the potential outcome (the bilateral trade flow W;;
between countries i and j). In our study, we define the set S to include countries that have
China as their first, second, or third largest trade partner (in terms of averaged imports
and exports). Thus the treatment variable Tj; is defined as 1 if either country i or j belong
to S. Our focus is on analyzing the impact of being a strong partner of China in 2001
(resp. 2008) on bilateral trade in 2003 (resp. 2010), corresponding to China’s entry into
the World Trade Organization (WTO) (resp. the financial downturn). The 2-year lag is
allowed to ensure that the treatment is measured before the outcome and not simultane-
ously. The bilateral trade flow is measured as the logarithm of the average of trade flows
for each country dyad (again, the average of the flow from i to j, and from j to i).

To better assess China’s peculiar role, we conducted a comparative study of countries
with significant trading relationships with the USA during the time periods 2001-2003
and 2008-2010. A useful requirement to have comparable results in the treatment effect
analysis is to have samples in which the relative size of the treated group and the control
group are similar. Given the very high number of trade links of the USA since many dec-
ades, if we were to include in the treated group all countries with the USA as first, second
or third partner, we would have nearly all countries included in the treatment group and
a very small control group. This does not occur in the case of China, that became much
more recently a relevant trade partner for many countries, allowing to have a reasonable
relative size of the treatment group and the control group even including as “treated”
countries those who have China as their third partner. This apparently uneven choice
allows in fact to have a more even group composition for the two compared cases.

The next step of causal inference analysis is matching. Among the many available
methods (Imbens and Rubin 2015), we utilize Inverse Variance Weighting Match-
ing, which is a method of combining multiple studies’ estimates of a causal effect, by
weighting each study’s estimate by its inverse variance, giving higher weight to more
precise estimates. This method provides a more accurate overall estimate and is sim-
ple to implement. It also allows for combining results of studies with different designs
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or measurement methods as long as they estimate the same causal effect. In contrast,
other methods, e.g., Propensity Score Matching, can only be used for studies with
similar design.

In the context of empirical research, the Average Treatment Effect (ATE) is a com-
monly used statistical measure that quantifies the mean difference in potential out-
comes between the treatment group and the control group, averaged over the entire
population. In our framework, it is defined as follows:

ATE = E(Wj|T;; = 1) — E(Wy;|Ty; = 0),

where Wj; represents the trade flow as described previously, Tj; represents the treat-
ment status (Tj; = 1if the unit receives the treatment and Tj; = 0 if it does not), and E()
denotes expected value.

The Average Treatment Effect is complemented by two additional measures. One is
the Average Treatment Effect on Control (ATC), which measures the average differ-
ence in expected outcomes among the subset of the population who did not receive
the treatment, conditional on the presence or absence of the treatment. In other
words, it only focuses on the control group, measuring the difference if they were to
receive the treatment. It is defined as:

ATC = E(Wj| Ty = 0, X;5) — E(W3|T;; = 1, Xy),

where Xj; represents the covariates used in the matching procedure. The second term is
clearly not directly observable, but it might be estimated.

Finally, the Average Treatment Effect on the Treated (ATT) measures the effect of
the treatment on the subset of the population that received the treatment, compared
to what their outcomes would have been if they had not received the treatment. This
measure is useful when the treatment is only given to a subset of the population and
there may be selection bias that makes the treatment group different from the control
group. It is defined as:

ATT = E(W;;|Ty = 1,X;;) — E(Wj|Ty; = 0, X)),

where X;; represents the covariates used in the matching procedure.

These statistical measures are critical in empirical research as they provide a sys-
tematic way of quantifying the effects of a treatment on a population. Unfortunately,
we can only observe one of the potential outcomes for each dyad, i.e., either Wj; when
T;; = 0 or Wj; when Tj; = 1, depending on the treatment that is actually received. For
each dyad (i, j) we also observe the treatment Tj; that was actually received and a set
of pre-treatment characteristics, Xj;, which include background information B;; and
network features Cj;. Based on these characteristics, it is possible to estimate the
expected non-observed outcome and compute the above measures.

In particular, Cjj contains a few measures obtained from network analysis for coun-
tries i and j, namely the degree centrality, the PageRank centrality, the local clustering
coefficient, and an indicator related to the outcome of community analysis, i.e., which
community i and j belong to (all these measures will be discussed in “Results” sec-
tion). Instead, B;; contains information on the economic, historical and geographical
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Table 1 List of the variables used for causal inference: from X, to X;7 are network variables, from X;,
to X,4 are economic, historical and geographical background variables

Code Label Description

Xo, X Cpi Cpj Degree centrality of countries j, j

X2, X3 Cpi, Cpj PageRank centrality of countries j, j

X4, Xs G Gy Clustering coefficient of countries j, j

Xe, X7 Ceri Cayj (binary) 1 if country /, j belongs to Community 1

Xg, X9 Ceai Coyj (binary) 1 if country i, j belongs to Community 2

X10, X11 Cezin Cez) (binary) 1 if country i, j belongs to Community 3

X12 lgdp Log product of real GDPs of countries i, j

X13 lgdppc Log product of real GDPs per capita of countries i/, j

X14 |dist Log of distance of countries /, j

Xis border (binary) 1if i, j share a land border

X6 lareap Log product of land areas of j, j

X17 island Number of island nations in the country pair i, j (0, 1, or 2)

Xis landl Number of landlocked nations in the country pair i, j (0, 1, or 2)

Xi9 comlang (binary) 1if i, j share a common language

X0 comcol (binary) 1 if i, j were ever colonies after 1945 with the same colonizer
X curcol (binary) 1if i is currently a colony of j or viceversa

X2, colony (binary) 1 if i ever colonized j or viceversa

X3 custrict (binary) 1if i, j share the same currency or belong to a currency union
Xoa regional (binary) 1if i, j belong to a common Regional Trade Agreement (RTA)

background of countries i and j, normally used to estimate bilateral trade flows (Kabir
et al. 2017). These include population and real GDP (in constant dollars) sourced from
the World Development Indicators,? as well as data from the Penn World Table Mark
7.1° and the IMF’s International Financial Statistics.* Country-specific variables, such
as latitude and longitude, land area, landlocked and island status, physically contigu-
ous neighbors, language, colonizers, and dates of independence, were obtained from
the CIA’s World Factbook.® Information on regional trade agreements was obtained
from the World Trade Organization’s website.® The complete list of background and
network covariates is in Table 1.

Results

The World Trade Network: basic metrics

Fig. 1 displays the total world trade in the period under study. The almost monotonous
upward trend ceases after the 2008 crisis, suggesting structural changes to the system
in the subsequent years. The lower panel of the same figure shows that the USA, Ger-
many (DEU), and Japan (JPN) were the dominant trading nations in the first four two-

year periods, whereas China (CHN) emerges clearly for the remaining periods: it has

% https://databank.worldbank.org/source/world-development-indicators.
3 https://www.rug.nl/ggdc/productivity/pwt/.

4 https://data.imf.org/?sk=9D6028D4-F14A-464C-A2F2-59B2CD424B85.
° https://www.cia.gov/the-world-factbook/.

© https://www.wto.org/.
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Fig. 1 Above: Total world trade in the period under study. The increasing trend ceases after the 2008 crisis,
suggesting structural changes to the system in the subsequent years. Below: Ranking position for total
strength (i.e, total import+export) of a few selected countries. A small group of countries (USA, DEU, JPN,
GBR, FRA, ITA) dominate the top positions of the ranking for the entire time period, while CHN improves its
position over the years to become the top trader in 2014-2015

the eighth position in the total strength ranking in 1996-1997, but becomes first from
2014-2015 overtaking the USA.

Fig. 2 displays the time evolution of a pool of network metrics for the WTN. In the
figure we highlight the 2008—2009 time period, being this the time of the first major
trade shock. Indeed, in 2009 world trade collapsed both in value and in volume terms,
but this does not necessarily imply a change in the WTN structure. This can be better
understood by looking at the evolution of the reported metrics. In the figure, we can
see a different pattern before and after 2009, but in many cases the 2008—2009 result
occurs within an existing trend, and not as a sudden change, and the turning point of the
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Fig. 2 Time series of eight network metrics for the WTN. All indicators modify their behavior in the second
part of the time frame (after the 2008 financial crisis, see the vertical red line), but the change often occurs
gradually, revealing structural changes in the WTN

pattern occurs a few years later. The first two indicators measure how cohesively coun-
tries are connected. The figure shows that density is generally very large, with an aver-
age of 0.64 across the entire time span. Our findings agree with the literature about the
overall increase (resp. decrease) of density (resp. mean geodesic distance) in 19962010,
when density increased consistently, but from 2010 to 2019 density changed slightly
without a clear trend. Instead reciprocity and assortativity stop increasing after 2009,
and weighted centralization stops declining. These patterns indeed suggest that at least
some of the changes observed in trade in the past decade did not occur as an immediate
consequence of the financial crisis shock.

The results in Fig. 2 also show that relationships in the WTN are reciprocal, with a
large majority of bidirectional trade relations (see panel Reciprocity (r)). In fact, from
1996-1997 to 2018-2019, reciprocity increased from 0.85 to 0.88, a trend that matches
that of increasing density. Likewise, the WTN is highly clustered with an average value



Hoang et al. Applied Network Science (2023) 8:35 Page 10 of 24

of 0.84. This level of clustering suggests that it is very likely to find transitive relations
(i-e., triads) among countries, and this likelihood has increased parallel to the increase in
density: as new relations were built over time, new triads of trade partners were devel-
oped. This is the result of large trade openness and new bilateral and multilateral trade
agreements.

The evidence of negative assortative mixing by degree (i.e., disassortativity), testified
by the negative values of the assortative coefficient a; throughout the time frame, shows
that countries with dissimilar numbers of connections trade with each other. However,
their correlations are relatively weak (about —0.30 on average) and show an overall
decrease in magnitude (from 0.38 to 0.32), which may be due to countries with fewer
connections receiving more trade links.

The assortativity mixing coefficient by strength is negative and close to zero. In line
with existing contributions (Cepeda-Lépez et al. 2019; Fagiolo et al. 2010; Maeng et al.
2012; De Benedictis et al. 2013), there is no clear connective pattern driven by the inten-
sity of countries’ strength, which means that countries search for trading partners irre-
spective of their contribution to the total value of export. Again, it is arguable that the
extensive trade margin prevails on the intensive one, as an increase in density drives this
result: most countries maintaining a high number of trading partners should break any
tendency to establish connections based on the strength of countries. Export diversifica-
tion aims at increasing the number of trading partners to avoid concentrating trading
relationships.

Core-periphery analysis

The last two panels of Fig. 2 report the time patterns of the unweighted and weighted
centralization index, respectively. For these metrics, we rely on the approach introduced
by Della Rossa et al. (2013) for core-periphery analysis, fully applicable to directed and
weighted networks. By elaborating the dynamics of a random walker, a curve (the core-
periphery profile) and a numerical indicator (the core-periphery score C) are derived. This
allows one to quantify to what extent the network is centralized or, inversely, organized
in a homogeneous structure. Simultaneously, a coreness value 0 < ¢; < 1is attributed to
each node, qualifying its position and role: nodes with ¢; = 0 are the most peripheral,
while ¢; — 1 for nodes at the center of the core.

We refer the reader to Della Rossa et al. (2013), Piccardi and Tajoli (2018) for further
details on core-periphery profile. It is worth noting, however, that the complete net-
work (all-to-all) and the star network represent the extreme cases of the core-periphery
profile, as illustrated in Fig. 3. The former has no core-periphery structure as all nodes
are equivalent, while the latter is the most centralized network and has ¢; = 0 for all
nodes but the hub, which has ¢; = 1. Any other network falls somewhere between these
extremes: its core-periphery score C is the (normalized) distance of the core-periphery
profile from that of the complete network, so that C = 0 for the complete (all-to-all)
network, and C = 1 for the star network: C becomes larger when we consider networks
with more pronounced core-periphery structure and stronger centralization.

Figures 2 and 3 show a rather small value of the centralization index, if computed
by neglecting weights in WTN and thus only based on the pure topology of con-
nections (unweighted centralization). Indeed, in a core-periphery network, nodes
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Fig. 3 Above: The core-periphery profile of the unweighted and weighted WTN in three biennial periods.
The unweighted curves are closer to the profile of the complete (all-to-all) network (blue diagonal line),
denoting smaller centralization. The weighted curves are closer to the profile of the star network (red angled
line), revealing much higher centralization. Below: The time pattern of the weighted coreness ¢; for a sample
of selected countries. Only very few countries are part of the core (conventionally defined by ¢; > 0.5) for all
or most of the time period (they are USA, DEU, JPN, GBR, FRA, ITA). China displays the most dramatic increase
and enters the core of the WTN in 2002-2003

in the periphery should be minimally connected among themselves (Craig and Von
Peter 2014; Fricke and Lux 2012), and the high density of the WTN is a signal that a
core-periphery connective structure is rather unlikely. In sharp contrast, the inten-
sive trade relationship confirms a high centralization if weights are accounted for
(weighted centralization), with a mean value of 0.84 across the time span. This is con-
sistent with the very uneven strength distribution, which shows that the WTN con-
sists of a small group of countries with extensive trade connections, existing alongside
small countries with weak trade links connecting each other.

As observed in Fig. 2, the network centralization smoothly decreases until the years
2008-2010, as a consequence of the increasing density due to new forming connec-
tions. This trend reverses in the last years of the time frame: this result is consistent
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1996-1997 2008-2009

2018-2019

Fig.4 Community structure of the WTN in 1996-1997, 2008-2009, 2018-2019. An important structural
change is evident from the first to the second graph, with the transition from a 2-group organization (with
USA and DEU as leaders) to a 3-group organization (USA, CHN, DEU). The transition takes place around
2002-2003

with an increase in the role of emerging economies such as China and India (Fig. 3)
entering the core of the network (here the core is conventionally defined as the set of
countries with coreness ¢; > 0.5).

Community analysis

In this section, we study the possible existence of communities in the WTN to understand
the evolution in time of economic integration. We obtain communities via modularity max-
imization (e.g., Barabasi 2016) using Louvain method (Blondel et al. 2008), which iteratively
optimizes local communities with perturbations to the current partition, until modularity
can no longer be improved. The result we obtain is depicted in Fig. 4 for three of the bien-
nial periods analyzed. In 1996-1997 the network is essentially formed by two communi-
ties, the largest one composed by Europe, Middle East and Central Asia, and the other one
including North America, East Asia, and Asian Pacific countries. From 2002-2003 on, with
the increasing role of China, the network shifts to a 3-community structure, with modules
essentially corresponding to Asia, Europe, and America. In terms of key players, the WTN
undergoes a change in fragmentation, across the years, from the two-way partition influ-
enced by the USA and Germany, to the three-way organization as a consequence of the
rise of China. A large trading partner revision is visible for some regions, while, in contrast,
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the traditional large economies in Europe have remained strongly interconnected, despite
experiencing a decline in the number of small countries depending on trade with them.
However, although such communities are fully reasonable in geo-economic terms, the low
modularity values (around 0.3 in all biennal periods) reveal that the partition is in fact weak,
i.e,, communities are not strongly separated the ones from the others and have only a mod-
erate prevalence of intra-community trade.

To summarize, the results obtained so far show that the WTN is characterized by an
increasing density but not a fully connected structure, with a compact and clustered con-
figuration, and disassortative mixing by degree. The network has homogeneous degree
distribution, which differs from most real-world networks (e.g., social networks), implying
that scale-free structures are unlikely to describe the WTN. Instead, the inhomogeneous
distribution of trade values gives rise to the core-periphery structure of the network, with a
concentration of trade in a few countries. However, such a centralization of the network has
declined over time as emerging trade nations increased their role. The observed trends in
WTN indicators align with the ongoing globalization and integration of international trade,
suggesting that the benefits of expanding and diversifying exports may outweigh the costs
of establishing new trade relationships. It seems that a high number of linkages in interna-
tional trade does not necessarily entail an increase in risk exposure, monitoring costs, or
resource depletion. Thus, a high level of connectedness may be a desirable and potentially
optimal strategy. Nevertheless, these trends have been hindered in the second half of the
analyzed time frame, with limited growth in density and no decrease in distance between
countries, and a further consolidation of the network’s centralization.

Centrality analysis

Community analysis provides useful insights on the global organization of the WTN, but
its scope in characterizing the individual role of countries is obviously limited. To gain a
more comprehensive understanding of the relative importance of countries in the WTN,
other factors, such as the significance of neighboring nodes, the intensity of connections
between them, and the distance of connections should be taken into account.

Centrality indicators should be able to assess various aspects of the role of the nodes in
the WTN. Recent studies (Acemoglu et al. 2012; Carvalho 2014) have proposed eigenvector
centrality as an index to determine the influence of firms or sectors on aggregate outcomes
or, more in general, to evaluate node influence (Clark and Macdonald 2021). However, it is
a measure that could become problematic in directed graphs, because of possible degen-
eracies due to either network topology (Newman 2010, ch. 7) or extreme imbalance in the
node importance (Martin et al. 2014). A viable alternative is the PageRank indicator (e.g.,
Newman 2010; Barabasi 2016), which is widely applicable and does not suffer from the
above problems. The PageRank x; of country i can be expressed, for the unweighted WTN,
as (Barrat et al. 2008, ch. 8):

- Xi l—«
L L —
5= A
j=1 J

out

while Aj; and k].‘)”t are replaced by Wj; and 57, respectively, for the weighted WTN, and
the coefficient « is set to the standard value of 0.85. Originally developed for the ranking
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Fig.5 Above: Time evolution of the distribution of PageRank values for the unweighted WTN (top 90%
countries only). The compression in time of the distribution is a consequence of the homogenization of the
connectivity of the countries, in terms of number of trading partners. Below: Time evolution of the PageRank
values for the weighted WTN: USA, Germany, and China clearly stand out from the rest of the countries

of web pages, PageRank centrality has found applications in practically all fields (Gleich
2015). In our case, it can effectively consider all relevant factors, such as the number of
trading partners, their trade value and their centrality. We compute both unweighted
and weighted PageRank, i.e., on the unweighted and weighted WTN, respectively. The
results are summarized in Fig. 5.

PageRank values are normalized, in each biennial period, in such a way that the sum
over all countries is 1. Therefore, the decline of highest values and the general homog-
enization observable in Fig. 5 (top panel, unweighted WTN) testify the trend of glo-
balization, consistent with the already observed rise in WTN density and decrease in
the mean distance between countries. Small actors increase their relative importance
by acquiring more links and trading partners, while traditional large economies expe-
rience a decrease in their pivotal role. The observed trend shows a notable stop after
2008, in contrast to its previous rapid decline. This change in trend could conceivably
be related to the aftermath of the financial crisis, which may have prompted a more
cautious approach towards forging new trade partnerships or imposing trade barri-
ers. However, it is worth noting that the trend partial reversal after 2013 can also be
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Table 2 Top countries by PageRank. Small/medium-sized countries can achieve a relatively high
ranking in terms of pure connectivity only (unweighted WTN), but only large economies dominate
when trade values are taken into account (weighted WTN)

Rank Unweighted WTN Weighted WTN

1996-1997 2008-2009 2018-2019 1996-1997 2008-2009 2018-2019

1 USA DEU GBR USA USA USA
2 DEU POL FRA DEU DEU CHN
3 FRA MEX POL JPN CHN DEU
4 JPN DNK NLD GBR FRA FRA
5 GBR CZE USA FRA GBR GBR
6 NLD AUT ESP ITA JPN JPN
7 ITA SVK DEU CAN ITA NLD
8 AUT FRA NZL NLD NLD IND
9 ESP USA THA HKG CAN CAN
10 CAN THA RUS ESP ESP ITA

attributed to structural network changes, including the rise of significant new players
in the market.

If the intensity of trade is brought back into the analysis by considering the weighted
WTN, Fig. 5 (bottom panel) shows that PageRank values are roughly split into two well
separated groups, i.e., high and low values, with the former populated by very few coun-
tries, namely only two until approximately 2008—2009 (USA and Germany) and three
afterwards, after the rapid rise of China which, in terms of PageRank, starts from the
12th position in 1996—1997 to reach the 2nd place in 2018-2019. To complete the above
analysis, we report in Table 2 the lists of top-10 countries in terms of PageRank cen-
trality, for three representative biennial periods, and for the unweighted and weighted
WTN, separately. It is clearly confirmed that, while small/medium countries may get
high ranking in terms of pure connectivity only, large economies have a dominant role
when trade values are taken into account.

It should be emphasized that, while China’s rise to prominence as the major trading
nation is evident from raw data (see Fig. 1), its centrality remains dominated by the USA.
This discrepancy can be attributed to China’s propensity in dealings with smaller and
developing economies, compared to the USA’ transactions with are mostly devoted to
major economies, including China itself, which have significant centrality. The different
role of these two economies, and the impact on their partners, is the subject of the next
section.

Causal inference: the pivotal role of China

Moving from the evidence highlighted in the previous section, attention is now directed
towards the impact of China on the pattern of trade flow among nations through an
exhaustive evaluation of two key periods, specifically from 2001 to 2003 and from 2008
to 2010. The former period corresponds to the time when China joined the World Trade
Organization in 2001, and was therefore able to access world markets with lower bar-
riers, with a lag period of two years to allow the growing influence to take effect. The
latter period pertains to the start of the economic recession of 2008, and the two-year
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Table 3 Treatment effect estimate of China and USA (2001-2003). China's impact is indicated
by positive and statistically significant values of ATT, ATC and ATE. Conversely, negative values
associated with the USA suggest a negative impact over this period

est. st.err. z P> |z| 95% C.I.

China 2001-2003

ATE 0.388 0.104 3744 0.000 0.185 0.590
ATC 0433 0.115 3.770 0.000 0.208 0.658
ATT 0.147 0.113 1.304 0.192 —0.074 0.368
USA 2001-2003

ATE - 0315 0.132 —2.39%4 0.017 — 0573 —0.057
ATC — 0321 0.143 —2.254 0.024 —0.601 —0.042
ATT - 0312 0.170 — 1.841 0.066 — 0.645 0.020

lag was applied to allow the effects to build. For the analysis of the period 2001-2003, a
sample size of 6324 units (i.e., dyads of countries) was selected as the control group and
1190 units as the treatment group. The average outcome for the treatment group was
2.508, whereas it was 2.265 for the control group, resulting in a raw difference of 0.243.
To account for potential confounding variables, a standardised mean difference (SMD)
was calculated (Cohen 1998). A standardized difference larger than 0.1 and around 0.2 is
normally considered indicative of a small but significant effect (Austin 2011), and most
of our covariates have values above 0.2-0.3.”

This study employs a matching estimator approach to address the issue of covariate
imbalance. Treatment and control units are paired based on their proximity in terms
of confounding variables that are standardized using a weighting matrix, such as the
inverse variance matrix. The resulting unit-level treatment effects are averaged to obtain
the overall treatment effect. However, the matching procedure may introduce bias due
to differences in covariate values, which is addressed using an Ordinary Least Squares
(OLS) estimation method.

The results presented in Table 3 display a positive and statistically significant average
treatment effect (ATE) of 0.388 for nations that have China as a major trading partner.
This result suggests that China’s expanding integration into the global trade network
has a pronounced impact on the trade flow among countries, particularly for those
nations where China is a substantial trading partner or forming stronger connections
with China. The positive effect is confirmed by the Average Treatment Effect in Con-
trol (ATC) and Average Treatment Effect in Treated (ATT) measures when focusing
separately on the effect of treatment on the control or treated group, respectively. Spe-
cifically, for the control group, if they supposedly would have strong connections with
China, they may expose a higher trade level compared to when they are not significantly
connected to China. A similar argument applies to ATT focusing on the treated group
only. This outcome implies that China’s expanding integration into the global trade net-
work has a pronounced impact on the trade flows among countries.

To provide a comparative perspective, the same methodology and time frame were
applied to the USA and its main partners. The results, as indicated by ATE, ATC, and

7 Results of the pre-treatment statistical analysis are available from the authors upon request.
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Table 4 Treatment effect estimate of China and USA (2008-2010) China’s impact is indicated
by positive and statistically significant values of ATT, ATC and ATE. Conversely, negative values
associated with the USA suggest a negative impact over this period

est. st.err. z P> |z 95% C.I.

China 2008-2010

ATE 0.154 0.074 2.088 0.037 0.009 0.298
ATC 0.093 0.103 0.907 0.364 —0.108 0.294
ATT 0.222 0.080 2.772 0.006 0.065 0.379
USA 2008-2010

ATE —0.092 0.082 - 1.114 0.265 —0.253 0.070
ATC —0.058 0.087 —0.659 0510 —0.229 0.114
ATT —-0.117 0.115 —-1.013 0.311 —0.343 0.109

ATT values in Table 3, suggest that countries that identify the USA among their pri-
mary trading partners experienced a marked decrease in trade value in comparison to
other nations.

This trend continued during the period 2008—2010 (Table 4), as the 2008 financial cri-
sis originating in the USA hit especially the more advanced economies and much less
China. Economies with significant connections to China continued to display higher lev-
els of trade relative to the rest of the world, suggesting that China’s growing presence in
international trade had a positive impact in fostering trade flows between other nations
in the post—2001 period and also played a role in mitigating the negative effects on trade

of the 2008 economic downturn.?

Concluding remarks
In this study, we investigated the structural changes in the World Trade Network (WTN)
and the pivotal role of China using data spanning from 1996 to 2019. Our research
employed a combination of network analysis and causal inference techniques to gain a
comprehensive understanding of the WTN architecture, dynamics, and complex rela-
tionships between nations, as well as to quantify China’s impact on the network.

Our findings confirmed previous literature in that the WTN is a dense network with
a small group of countries having strong trade connections, while many countries have
numerous weak trade relations. Our analysis revealed that the network has become
increasingly dense, reciprocal, and compact, however, it has not yet achieved full con-
nectivity, i.e., not all possible country-to-country trade connections have been estab-
lished. The WTN has characteristics such as clustering, disassortative mixing by degree,
inhomogeneity by strength, and homogeneity by degree. This latter feature, together
with the high density, make it differ from typical real-world networks, which are often
very sparse and inhomogeneous in degree (Newman 2003). Our network analysis sug-
gested that the benefits of increasing and diversifying exports outweigh the costs of
establishing new trade relations. However, since the 2008 trade shock, but even more

8 From Tables 3 and 4 it is worth noting that the ATT value is remarkably lower than ATE or ATC in the case of China
2001-2003, suggesting that at that time the influence of China was still weak. The opposite occurs in 2008-2010, when
China’s trading power was greatly increased. This result may also occur because the treatment effect (i.e., being a partner
of China) is not homogeneous for all countries in the treated group, as China can be their first, second, or third trading
partner.
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clearly after 2012-2013, we observe a slower growth of the network, resulting in a small
decrease in the density of trade connections and increase in the distances between coun-
tries, and a consolidated centralization of the network. This might be originated by the
disruption generated by the financial crisis and the subsequent economic downturn but,
as discussed in the paper, also by the important modifications in the network structure
as a consequence of the increasing role of China.

Such a network reconfiguration becomes clear also from the community analysis. Our
results reveal that the WTN has undergone a significant change after 2002—2003, when
China disrupted the two-group hierarchical organization of world trade, led by the USA
and Germany, and emerged as the leader of a new cluster in the following period. Fur-
thermore, China continues to appear as the most attractive trade nation as it is getting
more connections. A revision of preferred trade partners is visible and geographic rea-
lignment has become sustained in some regions (Asia-Pacific, South America). In con-
trast, the traditional large economies in Europe have remained highly interconnected.

Our study highlights a significant shift in the centrality of countries in the second half
of the time period analyzed. The analysis, based on the PageRank indicator, shows that
China joined the USA and Germany as one of the few countries of highest importance
in the WTN, while the USA still held a superior position. The findings also emphasize
the overall resilience of the position of traditional economies in the WTN: the study sug-
gests that liberalization has led to a denser and more homogeneous WTN, but also indi-
cates that the most intense trade relations remain concentrated among a few countries.
The shift in the clustering structure and centrality of the WTN presents opportunities
for developing economies to enhance the benefits of trade by carefully selecting or revis-
ing their trade partners.

Finally, our new approach combining network analysis and causal inference indicates
that China’s growing integration into the WTN had a significant impact on the flow of
trade between countries. In particular, countries with China as their main trading part-
ner tend to have a higher level of trade with each other than the rest of the countries.
This reshaping of the structure of the global trade network was further amplified by the
2008 financial crisis, which decreased trade between countries with links to the USA.
However, economies with strong ties to China continued to trade more than the rest of
the world. Therefore, China’s growth in trade played a key role in promoting trade flows
among other countries in the period after 2001, and played a role in balancing the nega-
tive effects of the economic crisis in 2008. Our results indicate that China it is not only
a major player in the WTN, but also an important hub connecting other countries and
reshaping the global trade structure. Overall, this research highlights the important role
China plays in the global trade network and the need for other countries to adapt to this
changing landscape.

It is essential to acknowledge that the study has certain limitations, including the com-
plexities of factoring in influences such as interference between country dyads and poli-
tics/geopolitics, which can hinder a comprehensive examination of China’s rising role
in trade with other nations. However, the study serves as a solid foundation for further
research, including the examination of the impact of the Covid-19 pandemic on the
international trade network, an issue that has not been explored in this paper due to
data availability limitations. Additionally, future studies could delve deeper by examining
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the trade network at a sectoral level, analyzing the evolution of trade specialization, and
investigating the transmission of shocks and the resilience of the network.

Appendix: Summary statistics for causal inference analysis
See Tables 5, 6, 7 and 8

Table 5 Summary statistics for China (2001-2003)

Variable Controls (N, = 6324) Treated (N = 1190) Raw-diff
Mean St.dev. Mean St.dev.
Y 2.265 3.046 2.508 2.992 0.243
Variable Controls (N, = 6324) Treated (N; = 1190) SMD
Mean St.dev. Mean St.dev.
X0 1.387 0.488 1.259 0.498 — 0259
X1 0.985 0414 1.037 0459 0.118
X2 0.016 0.026 0.012 0.021 —0.18
X3 0.003 0.005 0.006 0.008 0334
X4 0.662 0.156 0.703 0.158 0.263
X5 0.662 0.156 0.703 0.158 0.263
X6 0.238 0426 0.192 0394 —0.114
X7 0.186 0.389 0.097 0.296 —0.26
X8 0.251 0434 0462 0499 0452
X9 0.303 0.460 0.595 0.491 0614
X10 0511 0.500 0.346 0476 — 0337
X11 0510 0.500 0.308 0462 — 0420
X12 50.277 2.566 50.604 2555 0.128
X13 17.958 1.793 17423 1.769 —0.300
X14 8.036 0.884 8.139 0.738 0.126
X15 0.032 0.176 0.036 0.187 0.022
X16 23.876 3.244 24.709 3.503 0.247
X17 0318 0.528 0.139 0.347 —0.399
X18 0.309 0.517 0.235 0470 —0.149
X19 0.189 0.392 0.161 0.367 —0.075
X20 0.091 0.288 0.077 0.267 — 0.050
X21 0.000 0013 0.000 0.000 —0018
X22 0.018 0.132 0.010 0.100 — 0.066
X23 0016 0.125 0.027 0.162 0.077

X24 0.104 0.305 0.057 0.232 —-0.172
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Table 6 Summary statistics for USA (2001-2003)

Variable Controls (N, = 2209) Treated (N; = 5305) Raw-diff
Mean St.dev. Mean St.dev.
Y 1.818 2954 2.506 3.051 0.688
Variable Controls (N.=2209) Treated (N¢=5305) SMD
Mean St.dev. Mean St.dev.

X0 1.266 0510 1.409 0478 0.291
X1 0.943 0.371 1.014 0.440 0.173
X2 0.014 0.030 0.016 0.024 0.076
X3 0.002 0.003 0.004 0.007 0.389
X4 0.704 0.166 0.653 0.150 — 0322
X5 0.806 0.115 0.773 0.133 — 0267
X6 0.062 0.241 0.301 0459 0.653
X7 0.062 0.241 0.301 0.459 0.653
X8 0.197 0.398 0.321 0467 0.285
X9 0.249 0433 0.391 0.488 0.308
X10 0.741 0438 0378 0485 —0.785
X11 0.727 0.446 0.375 0484 —0.755
X12 49474 2338 50.685 2574 0.493
X13 17.696 1912 17.947 1.746 0.137
X14 7.596 0.85 8.242 0.795 0.785
X15 0.049 0216 0.026 0.159 — 0121
X16 23.761 2419 24111 3.599 0114
X17 0117 0.330 0.361 0.550 0.540
X18 0.487 0.620 0218 0434 —0.502
X19 0.124 0.330 0.210 0.407 0.230
X20 0.120 0326 0.076 0.265 —0.150
X21 0.000 0.000 0.000 0014 0.019
X22 0.005 0.074 0.021 0.144 0.138
X23 0.033 0.178 0011 0.106 —0.146

X24 0.134 0.341 0.081 0.273 —0.172
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Table 7 Summary statistics for China (2008-2010)

Variable Controls (N, = 4523) Treated (N; = 4012) Raw-diff
Mean St.dev. Mean St.dev.
Y 2.266 3.243 3.15 3232 0.884
Variable Controls (N, = 4523) Treated (N; = 4012) SMD
Mean St.dev. Mean St.dev.

X0 1456 0471 1.500 0462 0.095
X1 1.146 0430 171 0.466 0.057
X2 0.012 0.019 0.013 0.018 0.084
X3 0.004 0.004 0.006 0.010 0317
X4 0.724 0.139 0.709 0.139 —0.110
X5 0.815 0.116 0.804 0.133 — 0.086
X6 0.250 0433 0.307 0461 0.127
X7 0.235 0424 0.231 0422 — 0.009
X8 0.526 0499 0.258 0438 — 0571
X9 0479 0.500 0.231 0422 —0.536
X10 0224 0417 0435 0.496 0461
X1 0.287 0452 0.538 0499 0.528
X12 50.224 2392 51.276 2615 0.420
X13 18.350 1.696 18.007 1.794 —0.197
X14 7.958 0.888 8.275 0.735 0.389
X15 0.029 0.166 0.027 0.163 — 0.007
X16 23.181 3.140 24.728 3.258 0483
X17 0.306 0518 0.299 0514 —0.012
X18 0372 0.551 0.262 0476 — 0215
X19 0.172 0.378 0.180 0.384 0.019
X20 0.080 0.272 0.092 0.290 0.043
X21 0.000 0.015 0.000 0.000 —0.021
X22 0.019 0.138 0.009 0.093 —0.091
X23 0.031 0.174 0.014 0117 - 0117

X24 0.286 0452 0.112 0315 — 0447
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Table 8 Summary statistics for USA (2008-2010)

Variable Controls (N, = 3517) Treated (N; = 4692) Raw-diff
Mean St.dev. Mean St.dev.
Y 2716 3.118 2.899 3226 0.182
Variable Controls (N, = 3517) Treated (N; = 4692) SMD
Mean St.dev. Mean St.dev.
X0 1.486 0478 1.503 0.440 0.039
X1 1.161 0450 1.182 0435 0.047
X2 0.013 0.020 0.013 0.018 0.024
X3 0.004 0.005 0.005 0.009 0216
X4 0.715 0.144 0.709 0.132 —0.043
X5 0.810 0.125 0.804 0.123 —0.05
X6 0.113 0317 0.383 0486 0.657
X7 0.105 0.307 0.331 0471 0.569
X8 0.515 0.500 0.329 0470 — 0382
X9 0.490 0.500 0.256 0.436 — 0.500
X10 0372 0483 0.288 0453 —0.180
X11 0.405 0491 0413 0492 0.017
X12 50.345 2516 50.918 2582 0.225
X13 18.035 1.956 18.281 1.648 0.136
X14 7.890 0.853 8.226 0.809 0.405
X15 0.037 0.189 0.024 0.153 —0.076
X16 23.950 3.131 23.942 3440 —0.002
X17 0.235 0458 0.344 0.545 0217
X18 0.408 0.570 0.222 0443 —0.363
X19 0.123 0.328 0.220 0414 0.260
X20 0.103 0.304 0.075 0.263 —0.099
X21 0.000 0.000 0.000 0.015 0.021
X22 0.011 0.105 0.018 0.134 0.060
X23 0.028 0.165 0.016 0.125 —0.083
X24 0213 0410 0.136 0.343 —0.204
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