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Abstract

Globalization has considerably increased the movement of people and goods around
the world, which constitutes a key channel of viral infection. Increasingly close
economic links between countries speeds up the transfer of goods and information,
and the knock-on effect of economic crises, but also the transmission of diseases.
Foreign direct investment (FDI) and trade establish clear ties between countries of
origin and destination, and it is along these chains that contagious phenomena can
unfold. In this paper, we investigate whether countries’ centrality in both global pro-
duction and trade network corresponds to higher COVID-19 infection and mortal-
ity rates. Merging data on EU-27 greenfield FDI and international trade with data
on COVID-19 infections and deaths, we find that countries mostly exposed to the
COVID-19 outbreak are those characterized by a higher eigenvector centrality. This
result is robust to the use of an alternative measure of network centrality and to the
inclusion of other possible confounding factors.
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1 Introduction

From the early days of the outbreak in Wuhan, it was clear that a local event
could have global economic consequences. The Hubei region, with its popula-
tion of 60 million, is an important industrial district where semi-processed parts
are manufactured for the automotive and electronics industries. The stoppage
of its production lines rippled along the global value chain (GVC). Meanwhile,
the lockdown imposed in China led to a freezing of business investments and a
reduction in Chinese household consumption, with a significant impact on Chi-
nese imports. This local crisis turned into a worldwide event also through the
global production and trade networks, causing delays in the supply of goods, raw
materials, and semifinished products, and high price volatility. International trade
and FDI represent two of the most relevant channels to link countries. While the
former involves the movement of goods and services across borders, the latter
is more (but not only) related to the movement of capital assets, mainly finan-
cial and technological. Indeed, as the main channel through which multinational
enterprises spread their business worldwide, FDIs are also the tool to build,
expand, and restructure the global production network of a company. Such a net-
work is not only characterized by client—supplier subcontracting relationships
but also by a dense exchange of intra-industry and intra-firm trade flows between
multinational affiliates, partners, and suppliers, which also imply the movement
of knowledge, management, skills, and people. In this respect, research in trans-
port economics shows that FDIs are attracted by the availability, and quality, of
infrastructures, and by the possibility for large multinationals to access primary
international airports (Banné and Redondi 2014; Carod et al. 2010), a fact that
links the operations underlying cross-border investments to the need to engage in
face-to-face contacts within business groups, managers, entrepreneurs, and com-
panies’ staff (Hoare 1975; Doeringer et al. 2004).

Therefore, countries are physically linked not only by the movement of final
goods but also by the trade of intermediate components, semifinished products,
capital equipment, and people underlying the structure of their global production
networks. In this respect, OECD (2020) reports that about 70% of international
trade today involves GVCs and multinational enterprises so we can consider FDIs
and international trade are more complementary than substitute channels, which
stimulate each other (Fontagné 1999). A second reason to look at cross-border
FDI is that the corresponding network is less dense than the international trade
network. In other words, the relationships among countries are less frequent than
those underlying commercial trade, the network of which is almost complete (De
Benedictis and Tajoli 2011; Antonietti et al. 2022).

For this reason, we do expect that country centrality in both the FDI and the
trade network matters in explaining the early diffusion of COVID-19 across Euro-
pean countries. Since proximity (connection) is the key to understanding the
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transmission of shocks, network analysis represents an ideal tool to define, and
interpret, the structure of the links across countries. Specifically, we surmise that
countries that have a central position in the global production and trade networks
are also those most exposed to the risk of contagion and death. In doing so, we
also show that network centrality provides additional information than the sim-
ple volume of trade and FDI flows when measuring the determinants of COVID-
19 diffusion. We argue that what matters is not only, or not much, the value of
imports, exports, and cross-border capital investments but, rather, the importance
(i.e., the position) that a country has in the network of these transactions: a more
central position implies a higher exposure to goods, people, and capital flows,
implying a higher risk of contagion.

We answer our research question by merging different data sources. The first is
fDi markets, a database administered by the Financial Times, which contains infor-
mation on worldwide cross-border greenfield FDI projects. The second is the BACI
database on international trade flows retrieved from CEPIIL. The third is the World
Bank’s World Development Indicators database, providing additional macroeco-
nomic information on countries. The fourth is the European Centre for Disease Pre-
vention and Control (ECDPC), which provides publicly available data on countries’
COVID-19 infection and mortality rates. With these data, we run a series of linear
regressions to check whether the daily diffusion of COVID-19 infections and deaths
is affected by the degree of a country’s centrality in either the trade or the FDI net-
work, once controlling for the total trade and (greenfield) FDI flows, for other possi-
ble macroeconomic factors, and for an alternative measure of network centrality. In
doing so, we focus on EU-27 countries because they were the first—after China—to
be scourged by the first wave of the pandemic in February—March 2020.!

We find that, ceteris paribus, a greater centrality in both the global FDI and the
trade network corresponds to higher infection and mortality rates in the European
Union’s countries. This result holds once controlling for the total trade and FDI
inflows and outflows of each European country, and once including a series of pos-
sible macroeconomic confounding factors such as imports from the EU, China, and
the rest of the world, total air travel flows, tourism inflows, quality of health facili-
ties, share of elderly population, and average Winter temperature.

Our analysis contributes to two types of literature. One is on the dark side of glo-
balization, as a vehicle for systemic risk transmission. In this respect, we show that
economic ties among countries could rise not only the risk of financial shocks, as in
2007-2008, but also health risks related to the outbreak of viruses. The other one is
the literature on COVID-19 diffusion, to which we add the contribution of network
analysis for identifying possible additional drivers of the pandemic.

The rest of the paper develops as follows. Section 2 discusses the literature devel-
oped around the role of networks in explaining systemic risk and the role of trade
and FDI in the diffusion of COVID-19. Section 3 presents the data and the meth-
ods used to compute our network centrality measures (Sect. 3.1), some descriptive
statistics, and the econometric approach adopted (Sect. 3.2). Section 4 presents the

! The see which countries and regions were first and most hit by the pandemic see, for example, https:/
ourworldindata.org/coronavirus using Johns Hopkins University CSSE COVID-19 data.
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main results and robustness checks. Section 5 concludes. Additional materials and
robustness tests are available in Appendix.

2 Related literature

Network analysis has been used in various fields of economic theory and is estab-
lishing itself as a key tool for understanding connections between agents. In the
empirical literature, it has been applied to study the structure and functioning of
the credit market (De Masi et al. 2011; Battiston et al. 2012), the interbank mar-
ket (Iori et al. 2008), financial investments (Garlaschelli et al. 2005), and world
trade (Fagiolo et al. July 2009; De Benedictis and Tajoli 2011, 2018; Abbate
et al. 2018), and to delineate the structure of global value chains (Criscuolo and
Timmis 2017). Scholars have applied network theory to FDI in order to: inves-
tigate agglomeration phenomena (Alfaro and Chen 2014); examine the relation-
ship between FDI and migration (Garas et al. 2016), or between FDI and trade
(Metulini et al. 2017); and match ownership with firms’ control all over the world
(Rungi et al. 2017). Focusing on firms, De Masi et al. (2013), and Joyez (2017,
2019) reconstruct FDI networks to identify firms’ strategies in Italy and France,
respectively, while De Masi and Ricchiuti (2018, 2020) extend their analysis to
firms based in Europe.

Moreover, the literature associates systemic risk (in our case, a health risk)
with the topology of networks. In its various formulations, systemic risk refers
to the existence of a domino effect: an initial cause (the emergence of a virus)
generates a series of negative effects (on public health). This risk may or may
not be facilitated by the structure of the network that links various actors (such
as countries, companies, and even products) one to each other. For our purposes,
systemic risk refers to a situation in which instability in one country leads to
instability in another (Recchioni and Tedeschi 2017; Berardi and Tedeschi 2017).
There are two phenomena related to systemic risk that have already been studied
extensively in the analysis of networks: the propagation of damage through the
network; and the spread of epidemics. Zhao et al. (2004) show that scale-free
networks exhibit exceptional resistance to random damage but can suffer badly
from intentional attacks. Pastor-Satorras and Vespignani (2001) also demonstrate
that scale-free networks facilitate the propagation of infections, bugs, and fake
news. These different effects stem from the diffusion and propagation properties
of scale-free networks, and particularly from the hierarchies within them. Once
central hubs (nodes with many connections) have been affected, an infection will
spread to the more peripheral nodes of the network, with a clear cascade effect.
This idea has already been used in economics, mainly to analyze how network
topology has a systemic impact on credit—debit chains and the interbank network
(Berardi and Tedeschi 2017; Grilli et al. 2014; Lenzu and Tedeschi 2012), and
other financial networks (Hautsch et al. 2015; Acemoglu et al. 2015).

The literature has also dealt with the relationship between health risks and the
connections between actors. Brockmann and Helbing (2013) examine how a dis-
ease spreads throughout the transport networks. Instead of considering a mere
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geographical distance, they analyze the effects of an “effective distance”: two
places are closer if the link between them is stronger. Using data concerning three
different epidemics (SARS in 2003, HIN1 in 2009, and the outbreak of Escheri-
chia coli in Germany in 2011), they show how a network’s topology can help pre-
dict the arrival of disease and facilitate or impede the contagion. Along the same
lines, Ruan et al. (2015) also show that the infrastructure of a network matters.
The speed with which one city can be reached from another is more important
than the geographical distance between the two. The spread of an epidemic then
depends both on this speed and on the frequency of travel from one place to the
other. In other words, the structure of the network determines the pattern of the
epidemic’s diffusion.

Over the course of 2020, the arrival of COVID-19 made it necessary to analyze
in more depth how epidemics spread, to identify the most effective containment pol-
icies. Kraemer et al. (2020) use human mobility data (the travel network) to examine
the effectiveness of measures adopted in China to contain the spread of the virus.
They find that both travel restrictions and mobility controls substantially mitigated
the diffusion of the epidemic. In a similar vein, Chinazzi et al. (2020) look at how
restricting people’s movements affected the spread of COVID-19 in China. Using a
network model, they show that locking down early in the outbreak could reduce (or
delay) the spread of the disease both nationally and internationally.

Recently, other scholars have found a relationship between international trade and
the COVID-19 outbreak (Fernandez-Villaverde and Jones 2020; Bontempi and Coc-
cia 2021; Bontempi et al. 2021; Antonietti et al. 2022), mainly at the level of single
countries, such as Italy or the USA, or regions within countries. No study yet has,
instead, focused on European countries, despite Europe being, after China, the first
continent that has been hit by the COVID-19 pandemic in early 2020. Moreover, all
the studies have looked at the role of international trade in favoring the spread of the
virus, although, as argued in Sect. 1, the connections among countries can be due to
other activities, such as cross-border capital movements, transfer of production, and
the underlying face-to-face exchanges of people and staff.

3 Data and method

Our empirical application refers to 27 European Union countries,” for which we
could combine different sources of data. One is the fDi Markets database adminis-
tered by the Financial Times, which provides information on cross-border greenfield
investment projects, covering all countries and sectors worldwide. From this data-
base, we draw information on yearly outflows of greenfield FDI projects between
2003 and 2019. We use this dataset to compute the network centrality measures that
we use as focal regressors in our econometric analysis, as described below. Bilat-
eral trade flows are taken from the BACI database provided by CEPII and based
on raw data from UN-Comtrade. We aggregate trade data at the origin—destination

2 We have excluded Luxembourg because, despite its very small size, it is an outlier for what concerns
inward and outward FDI.
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Fig. 1 Evolution of the pandemic in the EU-27 countries. Source authors’ elaborations on ECDPC data
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country level and use it build the World Trade Network (Cl6 et al. 2021; De Ben-
edictis et al. 2014) on which we calculate centrality measures. To this end, we con-
struct the world trade network and calculate two centrality measures (one global and
one local) detecting key players (countries) within the network. Another source is
the European Centre for Disease Prevention and Control (ECDPC), which provides
daily data on COVID-19 infections and deaths since the beginning of the coronavi-
rus pandemic in February 2020. Country-level information is based on reports from
health authorities around the world and updated every day by a team of epidemi-
ologists. These data are validated by means of an epidemic intelligence process.’
For our purposes, we select a period that spans from March 11, 2020, to April 28,
2020. We choose March 11 as the starting date because by this time all the 27 Euro-
pean countries considered had recorded at least one infection. We choose April 28
as the end date to capture the first wave of SARS-CoV-2 diffusion (which lasted
approximately from early March to late April 2020) before the lockdown measures
adopted in many countries might have influenced the spread of the phenomenon.
For our empirical analysis, we compute the rates of infection (INF/POP) and death
(DEATH/POP), as the daily flows of infections and deaths, respectively, per million
resident population. Figure 1 shows the daily evolution of these flows and the cumu-
lative COVID-19 infections and deaths in our sample of countries.

The fourth source we use is the World Bank’s World Development Indicators
(WDI) database, from which we draw data on a series of additional country-level
variables potentially confounding the relationship between network centrality and
the COVID-19 outbreak. Finally, the fifth source is the UNCTAD’s Annex Tables

3 For more details, see: https://www.ecdc.europa.eu/en/covid-19/data-collection.
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Table 1 Summary statistics

Variable Mean Std.dev Min Max
INF/POP 31.10 36.58 0.091 259.5
DEATHS/POP 2.818 5.293 0 51.94
TRADE/POP (current USAS) 43.29 39.83 10.40 212.1
GREENDFDI/POP 1124.3 981.6 190.4 4833.9
IMPORTEU/POP 0.549 0.232 0.263 1.355
CHINA/POP 0.0039 0.006 0 0.0278
EXTRAEU/POP 0.358 0.330 0.055 1.352
AIR/POP 3.325 7.103 0.001 37.77
TOUR/POP 3.157 2.839 0.483 14.11
POP 65+ 0.170 0.022 0.116 0.208
HBEDS/POP 4878.28 1714.47 2300.08 8079.50
TEMP (February—March,°F) 36.12 8.383 16.59 53.65

to the World Investment Report, which provide information on the annual value
of greenfield FDI for all the countries in the world. First, we compute the total
trade flows per capita (TRADE/POP) and the total greenfield FDI flows per capita
(GREENFDI/POP) for each of the EU-27 countries in 2019. The former is com-
puted as the sum of the value of imports and exports per resident population, using
trade-related information provided by BACI and population data from the WDI. The
latter is computed as the sum of inward (by destination) and outward (by source)
greenfield FDI projects per resident population, using the information provided by
UNCTAD. We use these variables to control for the size of trade and FDI flows and
to compare their impact on COVID-19 diffusion with that of our trade and FDI net-
work centrality.

A second set of variables is included to measure the intensity of the inward
connections of our EU-27 countries originating from within and outside Europe.
Among them, we include the value of imports per capita from, respectively, other
European countries not belonging to EU-27 (IMPORTEU/POP), China (CHINA/
POP), and other non-EU-27 countries excluding China (EXTRAEU/POP). Includ-
ing these variables allows controlling for the fact that the country under observation
is a big importer (relative to its size) of goods, especially from China, which is the
country where the pandemic originated. To possibly control for other inward move-
ments of people, we also include the number tourist arrivals per capita (TOUR/POP)
and the number domestic and international air passengers (AIR/POP) carried by air
carriers officially registered in the country. For both variables we use annual data for
2019. The third set includes variables that capture some socioeconomic characteris-
tics of a country that can correlate with the COVID-19 early outbreak: the share of
the resident population aged 65 years or more (POP65+); the stock of public health
facilities, given by the total number of hospital beds per capita (HBEDS), including
inpatient beds in public, private, general, and specialized hospitals and rehabilita-
tion centers (Antonietti et al. 2021; Buja et al. 2022); the average temperature in
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February and March (TEMP), expressed in degrees Fahrenheit (TEMP). Table 1
shows their main summary statistics while in Appendix we report the correlation
matrix.

3.1 Network and topology measurements

Network theory can shed light on links between entities (countries in our case)
that traditional descriptive statistics do not capture. While a traditional analysis
can clearly capture first-order measures, such as degree, other centrality measures
(such as betweenness and eigenvector centrality) have no statistical equivalents in
standard analyses. Hence, our interest in enriching the empirical setting with ele-
ments derived from network theory. In doing so, we do not want much to measure
the intensity of the commercial transactions (imports, exports, FDIs) among states,
but, rather, we want to capture how relevant is the position of each of them in the
global networks, taking this latter as an indirect measure of the country’s exposure
to health risks, or contagions. In this respect, it is worth stressing that our aim is not
that of calibrating and estimating an epidemiological model (such as the SIR), but to
study whether the initial position (i.e., centrality) of a country in, respectively, the
FDI and trade networks is associated with a higher exposure to the risk of contagion,
as mainly reflected by the infection and death rates.

De Masi and Ricchiuti (2020) reconstruct the development of the FDI network
for the EU28 countries between 2003 and 2015. They link centrality measures
obtained with macroeconomic variables to see whether the way the network’s archi-
tecture evolved could predict or follow changes in the of macroeconomic variables.
Starting from their analysis, in this paper we use FDI outflow data to link production
relationships between countries with their exposure to contagion. In our view, FDI
naturally give rise to a network of reciprocal linkages and externalities (positive and/
or negative) between a pair of countries, and these links could be a source of con-
tagion. For example, when country A invests in country B, a series of transmission
channels is triggered, primarily involving the transfer of machinery and equipment,
and the movement of people. The greater a country’s centrality in the global produc-
tion network, the higher the likelihood of this country establishing a wide range of
production linkages with other countries, raising its exposure to such transmission
channels (Bonadio et al. 2020; Eppinger et al. 2020; Hwang 2019; Sforza and Stein-
inger 2020).

Following De Masi and Ricchiuti (2020), we define an FDI network for each year
from 2003 to 2019 using fDi Markets database. In the present case, we calculate a
network and all measurements for all countries. A link exists between country i and
jif a firm based in i (j) invests in j (i)(i.e., it opens an affiliate*). Links are weighted,
the weights being the sum of affiliates opened in country j by firms based in i and
vice versa in each year ¢, over the number of projects in the same year:

* The fDi markets database refers to projects, but we prefer to use the term affiliates.
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— Projects;;, + Projects;; ,

#* ~ (Total world projects),

with the aim of capturing the worldwide relevance of FDI flows between the two
countries.

In the same line, we also construct an indirect trade network for each year from
2003 to 2019, using bilateral trade flows between the country of origin and that
of destination. The nodes (countries) are linked if country i and j trade. Links are
weighted, and the weights are given by the ratio of trade flows (imports plus exports)
between country i and j and the total world trade flows for each year ¢, thus captur-
ing the importance that trade flow between the two countries has on the world trade
flows:

Trade Imports;, + Exports;;,

g4~ Imports,,, + Exports,,,

Constructing the network enables us to compute a series of centrality measures, and
thereby identify the core countries in the network. It is worth noting that the notion
of hub crucially depends on a network’s topological characteristics and specificity.
Different measures of centrality have been designed precisely to capture distinct
aspects of the concept of a node’s centrality. The Degree is the simplest measure
for identifying a hub in a network, since it is given by the number of links for each
node. A generalization of the Degree is the eigenvector centrality (Newman 2010),
which accounts for both the number of connections of each node and, recursively,
the number of connections of neighbors. The neighbors centrality are weighted.
Using matrix notation, the eigenvector centrality of a node i is:

1
=7 Z ;¢ 1)
J

where 4 is the largest eigenvalue of the adjacency matrix. A higher score implies
that the node (i.e., the country) is connected to many nodes that themselves have
high eigenvector centrality scores. Since it quantifies the connections of a node with
its neighbors that are themselves central, it can be interpreted as a measure of the
power of a country in both the trade and FDI networks. It is worth noting that these
global measures cannot be reduced to traditional statistical measurements, and this
goes to show the greater explanatory power of network theory.

The maps in Fig. 2 show the average of eigenvector centrality, respectively, for
the FDI (on the left) and trade (on the right) networks for 2019. For both measures,
there is a core (UK, France, Germany, and, to lesser extent, Italy and Spain) and a
clearly distinguishable periphery. We now test whether these correlations are robust
to the inclusion of additional confounding factors and across different periods.
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EIGENVECTOR FDI
Jna.

EIGENVECTOR TRADE
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Fig.2 Map of eigenvector centrality at 2019 for FDI (on the left) and trade (on the right) networks.
Source authors’ elaborations
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3.2 Econometric strategy

To test our hypothesis, we proceed with the following steps. First, we estimate the
following baseline equation using a pooled OLS estimator:

Y=y +a it + o + g 2)

where Y, is either the number of people infected with COVID-19 per million popu-
lation (i.e., the infection rate, INF/POP) of country i on day ¢, or, alternatively, the
number of deaths per million population (i.e., the mortality rate, DEATH/POP) of
country i on day t. These two dependent variables are regressed against a constant
term a, a day trend 7, its squared value 7%, and a stochastic error component €. In this
way, through @, we estimate the speed of daily diffusion and mortality of the virus,
while, through a,, we test whether the diffusion of the pandemic follows a nonlinear
trend.

As a second step, we re-estimate 1 on two distinct subsamples. To split the sam-
ple in two, we use our main explanatory variable, network centrality (using either
the average 2003—19 FDI or the average 2003-19 international trade flows), and
we compute its median value: Countries with a level of average network centrality
above the median are separated from countries with a value of average network cen-
trality below the median. After estimating 1 on these two distinct samples, we com-
pare «; and a,: If network centrality matters for explaining the dynamics of COVID-
19 diffusion, we do expect a; and a, to be larger in the sample of countries with a
value of NC above the median.

Then, as a third step, we assess to what extent the marginal effect of the day trend
varies across the values of our two NC variables, once controlling for the total trade
(TRADE/POP) and greenfield FDI (GREENFDI/POP) flows of each country. To do
so, we augment 1 by interacting our main explanatory variable, NC, with the linear
trend 7 as follows:

Y = By + Byt + PrINC,; 5919 + TRADE/POP, 54,9 + GREENFDI/POP; 5,9 + 13,
3)
and plotting f, at different points of the NC distribution. We do expect that the esti-
mated coefficient of the linear trend increases with the level of the centrality of a
country in its FDI or trade network. Finally, we test for the robustness of our esti-
mates by including a series of additional regressors, measured in 2019, as in the
following relation:

Yi=vro+nt+ J/2[Nci + X,‘,zolgyi + € @)

where X is a vector including the following variables: IMPORTEU/POP, CHINA/
POP, EXTRAEU/POP, AIR/POP, TOUR/POP, HOSP, POP65+, and TEMP. In
doing so, we check for the stability of y, to the inclusion of additional explanatory
variables, and we also check which, among this latter, is significantly related to the
COVID-19 infection and death rate. We also report the mean variance inflation Fac-
tor (VIF) statistics to check for potential multicollinearity. Moreover, to control for
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beatirO?
infections and deaths (1) 2) 3) 4)
trend 0.397%* 3.141%%% 0.097#%  0.304*%**
(0.184) (0.558) (0.028)  (0.090)
trend2 — 0.055%#* — 0.004%**
(0.01) (0.001)
Max 28.6 38
Constant 21.17%%% —2.156 0.390 — 1.364%%*
(5.040) (3.103) (0.449)  (0.487)
N 1323 1323 1323 1323
R? 0.024 0.096 0.067 0.087

Country-level cluster—robust standard errors in parentheses.
**p< 0.05; ***p< 0.01

unobserved arbitrary within-group correlation, in each regression we cluster the
standard errors at the country level.

4 Results

In Table 2, we show the output of the step 1 regressions, in which we estimate the
speed of diffusion of the COVID-19 pandemic as modeled in Eq. (1). Columns 1
and 2 refer to a regression where the dependent variable Y is represented by the
infection rate, INF/POP, while Columns 3 and 4 refer to a specification where Y is
represented by the death rate, DEATH/POP.

The results in Columns 1 and 3 show that, on average, as the days go by, the
rate of infection increases by a factor of roughly 0.4 and the rate of mortality by a
factor of roughly 0.1, respectively. Columns 2 and 4 also show that the diffusion
of COVID-19 follows a nonlinear pattern, similar to that shown in Fig. 1. Specifi-
cally, we find a maximum number of days of 28.6 for the infection rate and 38 for
the death rate, their initial increase being quite rapid until, respectively, the 29th
and the 37th day, followed by a subsequent smoother decrease (Table 3).

Table 4 reports the step 2 estimates of 1, where we have split the sample of
countries with respect to the median value of the eigenvector centrality in the
FDI and trade networks, respectively. The left panel shows the results concern-
ing the infection rate, INF/POP. Comparing Column 1 with Column 3, we find
that the estimated coefficient of the linear trend is almost seven times larger for
countries with a high eigenvector centrality, meaning that, as expected, the speed
of diffusion of the virus is much faster when countries have a highly central posi-
tion in their FDI network. This result is confirmed when comparing Columns 2
and 4: the nonlinear pattern of diffusion of COVID-19 is faster in countries with
an eigenvector centrality above the median, as shown by the larger estimated
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Fig. 3 Linear diffusion of the COVID-19 in high- and low-centrality countries. Source authors’ elabora-
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Fig.4 Nonlinear diffusion of the COVID-19 in high- and low-centrality countries. Source authors’ elabo-

rations
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Table 5 Step 3: interaction between time and network centrality

Dep. var. INF/POP DEATH/POP
Y] 2 3) 4)
trend —0.083 0.285 — 0.060%* 0.037
(0.212) (0.197) (0.028) (0.022)
NCppy 19.45% 1.368
(10.96) (1.017)
trends NCppy, 0.458* 0.149%#5
(0.279) (0.038)
NCrraps 68.80%* 3.742
(28.88) (3.543)
trends NCrgapg 0.89 0.478%
(1.088) (0.250)
GREENFDI/POP —0.004 0.003 ~0.001 0.000
(0.004) (0.005) (0.000) (0.001)
TRADE/POP 0.365% 5+ 0.263* 0.033 0.017
(0.124) (0.14) (0.025) (0.022)
Constant ~-11.05 ~2.126 — 1.330%* — 0.824%
(7.469) (6.535) (0.622) (0.46)
N 1323 1323 1323 1323
R? 0.33 0.295 0337 0.308
Mean VIF 491 332 491 332

Country-level cluster—robust standard errors in parentheses. *p< 0.1; **p< 0.05; ***p< 0.01

coefficients of the linear and the squared trend, and the higher value of the maxi-
mum, 29.3 days as compared to 26.8 days.

Similar results emerge from the right panel, concerning the death rate, DEATH/
POP. Again, the estimated coefficient of the linear trend is nine times larger in Col-
umn 7 in comparison with Column 5, while the estimated coefficients in Column
8 reveal that the nonlinear trend of the virus in high-centrality countries is much
steeper than that in low-centrality countries (Column 6). The maximum extension of
the first wave of COVID-19 diffusion, instead, is higher in low-centrality countries
(40 days) in comparison with high-centrality ones (36.5 days).

Table 4 shows that the previous results hold when we consider trade network cen-
trality instead of FDI network centrality.

Figures 3 and 4 summarize these results in a graphic way. Figure 3 shows the
linear evolution of the pandemic: the top panel shows the linear evolution of the
pandemic according to the degree (low/high) of FDI network centrality, while the
bottom panel shows the same trend according to the degree (low/high) of trade net-
work centrality. In each panel, the left figure refers to the evolution of the infection
rate, while the right figure to the evolution of the death rate. Figure 4, instead, shows
the hump-shaped evolution of the infection (left figure) and death rate (right figure)
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FDI centrality --> INF/POP Trade centrality > INFIPOP
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Fig.5 Step 3. Speed of the pandemic by level of country’s FDI network centrality. Source authors’ elab-
orations

with respect to the degree of FDI network centrality (top panel) and trade network
centrality (bottom panel).

Table 5 shows the results of the step 3 regressions, where we test for the
robustness of step 2 results by adding the total trade and FDI flows. Columns
1 and 3 show that both the number of infections per capita and the number of
deaths per capita significantly increase with a country’s centrality in its global
production network. Columns 2 and 4 show that these interaction effects are
weaker when considering the trade network centrality. Interestingly, the esti-
mated coefficient of GREENFDI/POP is never statistically significant, while that
of TRADE/POP is positive and significant, but only in Columns 1 and 2, and
does not cancel the role that NCpgpg has on the speed of COVID-19 diffusion
(see Fig. 5). This means that using the network analysis to compute a country’s
centrality measures is probably more important than looking at the total volume
of trade and FDI: In other words, what explains the diffusion of the pandemic is
not much, or not only, the whole size of connections, but also the importance of
each node in the network.

@ Springer
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Table 6 Step 4: other factors correlated with COVID-19 infections and deaths

Dep. var. INE/POP DEATH/POP
(1) 2) 3) “4)
trend ~0.083 0.285 — 0.059%* 0.037
(0.213) (0.197) (0.027) (0.023)
NCpp, 10.28 —0.025
(11.94) (1.315)
trend* NC,,, 0.458* 0.149%++
(0.28) (0.038)
NCyrane 53.95 1.589
(32.09) (5.447)
trend* NCppa 0.89 0.478%
(1.091) (0.25)
IMPORTEU/POP 23054+ 1.908%* 0.368%* 0.296*
(0.654) 0.712) (0.151) (0.165)
IMPORTCHINA/POP — 5247 —402.8 —78.29 — 6191
(447.8) (396.8) (65.59) (65.32)
IMPORTEXTRAEU/POP ~10.03 - 12.82 — 3.208%* — 3.732%%
(7.911) (7.621) (1.601) (1.76)
AIR/POP 1.304%%+ 1.577%%+ 0.004 0.05
(0.292) (0.203) (0.043) (0.033)
TOUR/POP -1.29 —1.102 ~0.133 —0.093
(0.708) (0.598) (0.122) (0.108)
HBEDS — 0.004%x — 0.006% —0.001%* — 0,001 %
(0.002) (0.002) (0.0003) (0.0003)
POP65+ 241 9%+ 217.6%* 16.05 11.08
(105.9) (95.44) (19.43) (18.49)
TEMP 1.807#* 1.409% 0.254%* 0.19
(0.713) (0.736) (0.111) (0.125)
N 1323 1323 1323 1323
R 0.439 0.431 0.452 0.448
Mean VIF 291 227 291 227

Country-level cluster—robust standard errors in parentheses. *p< 0.1; **p< 0.05; ***p< 0.01

The results in Table 5, however, refer to the average effects at the mean of
each variable. Instead, we are more interested in assessing the speed of COVID-
19 diffusion along the distribution of our network centrality indicators. Figure 5
shows the average marginal effect (i.e., the estimated coefficient f,) of the day
trend at the 10th, 25th, 50th, 75th, and 90th percentile of the NCgp, (top panel)
and NCpgapp (bottom panel) distributions. Again, in both panels, the figure on
the left refers to INF/POP while the one on the right to DEATH/POP. Interest-
ingly, and in line with step 2 results, we find that the speed of COVID-19 diffu-
sion and mortality increases (and becomes more statistically significant) with a
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country’s centrality in both the FDI and the trade network. The difference in the
p, between the 10th and the 90th percentiles is larger when considering NCgp;
(left figures) than NCygapp (right figures). Specifically, from the top left figure,
we find that the speed of infection is approximately O for very peripheral (p10)
countries while rising to approximately 0.7 for very central (p90) ones. The role
of NCrrapg 1s smoother in the top right figure, as we pass from a speed of infec-
tion of roughly 0.3 (but not statistically significant) in peripheral (p10) countries
to 0.5 in the most central (p90) ones. Similar results emerge when looking at the
death rate. From both figures in the bottom panel, we observe that the speed of
deaths increases with both NCpp; and NCygapp, With a 20% difference between
very peripheral (p10) and very central (p90) countries.

Finally, we show whether the results are robust to the inclusion of a larger set
of country-level controls. Table 6 reports the pooled OLS estimates of 3 where,
in Columns 1 and 2, the dependent variable is INF/POP, while in Columns 3 and
4 is DEATH/POP. From Column 1 we find a positive and statistically significant
(at the 10% level) coefficient of the interaction between the trend and NCpp;.
In Column 2, the interaction between the trend and NCgapg, instead, is posi-
tive but not statistically significant. Among the other regressors, we find that a
higher volume of imports per capita from other European countries, a higher
volume of air mobility, a higher share of the elderly population, and a warmer
temperature do have a positive correlation with INF/POP, while the estimated
coefficient of HBEDS is negative and significant, meaning that the infection rate
increases where the availability, or the quality, of health facilities is lower. Inter-
estingly, we do not find any statistically significant role for imports from China
and for inward tourist flows. Similar results emerge from Columns 3 and 4. In
both columns, the interaction term between time and network centrality is posi-
tive and significant. We also find that the death rate increases with a country’s
exposure to imports from other European countries, or with a country’s lower
availability of health facilities, and lower exposure to imports from the rest of
the world. This evidence suggests that the early wave of the outbreak in EU-27
was favored, among others, by the economic links among neighboring European
countries. Finally, the mean VIF statistics below the value of 5 show that multi-
collinearity is not an issue’

As a robustness check (see Appendix, Table 8), we use an alternative measure
of network centrality as a focal regressor, which is the local weighted cluster-
ing coefficient, where the weights are those defined above. The clustering coef-
ficient (CLUSTERING) is a local measure of the density of connections around
a vertex. It enables us to calculate the proportion of the neighbors closest to the
node that are connected to one another (Brandes 2001). As for the eigenvector
centrality, we compute our clustering metric using both FDI (CLUSTERINGg,;)
and international trade (CLUSTERING g ,pr) data. The results from Table 8 are
in line, but slightly weaker than those from Table 6. However, Fig. 6 shows that

> We have also added country-specific or region-specific dummies to control for unobserved time-invari-
ant attributes. However, these dummies are highly correlated with our set of regressors, raising multicol-
linearity.
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both the infection rate and the mortality rate of COVID-19 increase as much as a
country’s position in both the FDI and the trade network becomes central.

5 Conclusions

Does being at the center of a global production, or trade, network make a coun-
try more vulnerable to COVID-19. In this paper, we try to answer this question
by focusing on EU-27 countries and merging data from different sources on daily
COVID-19 infection and mortality rates in March and April 2020, countries’ FDI
and trade topology measurements and other macroeconomic characteristics. In
doing so, again, we do not directly investigate the mechanisms of COVID-19 diffu-
sion across countries, but, rather, we analyze the role of countries’ centrality in both
the FDI and the trade network as an initial condition that might have shaped their
different exposure to the pandemic.

Our estimates show that, ceteris paribus, increasing a country’s network central-
ity corresponds to a higher chance of its population becoming infected and killed by
the coronavirus. These results are robust to the use of an alternative, local, network
centrality indicator. The picture that emerges from our analysis is one where the out-
break originated in China, then spread to Europe, hitting particularly the countries
that are the main hubs of the European production and trade networks, Our findings
complement other recent evidence concerning globalization and the COVID-19 pan-
demic in showing that connections among countries can have a downside because of
raising the exposure to a systemic risk such as that generated by the COVID-19 pan-
demic. Like other recent studies (Antonietti et al. 2022), we show that globalization
can have a dark side that is connected to the spread of diseases. Much of the inter-
national trade and international business literature stresses that the possibility for
countries to exchange goods, services, capital equipment, technology, but also peo-
ple, and face-to-face contacts between managers and staff, as entailed in trade and
FDI relationships, improves their connectivity, productivity, and wealth. The flip
side of the coin is that these mechanisms can also increase their exposure to conta-
gions, as the 2008 crisis has shown with respect to financial assets and the COVID-
19 pandemic with respect to health-related issues. Our results provide some new
insights into the determinants of the early diffusion of the pandemic. Recent studies
have focused on specific characteristics of countries such as the level of wealth, pol-
lution, quality of the health system, and the volume of international trade. We add
that the speed of the pandemic was higher in countries that represent central nodes
in the global production and trade networks. This can explain why Europe was the
first region of the world to be severely hit by the virus, and why, within Europe,
countries most exposed to trade and FDI such as Italy, Spain, France, and the UK,
were the ones with the highest incidence of infections and deaths.

From a policy perspective, we believe our analysis underlines the importance
of links between countries that the economy has created since the end of the last
century. These ties, far from being only of an economic nature, have locally and
globally relevant consequences. The indication that our work gives is that the most
central countries in the network should not only be aware of the economic risks but
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also, and above all, of the noneconomic ones, specifically those related to public
health. It is necessary to increase controls on the health side, to minimize the possi-
bility that events, emerged from the other side of the globe, will spread everywhere.

Appendix

See Fig. 6, Tables 7, 8 and 9.

Clustering-->INF/POP

Clustering (trade) > INFIPOP

15

FDI centrality --> DEATH/POP

p10 p25 p50 p75 p90
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T T T T T
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Fig.6 Clustering centrality and COVID-19 diffusion.
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COVID-15 minctons and enths NCri  NCmaps INFPOP DEATH/POP
by EU-27 country Austria 1268061  0.1427025 1792.9  65.08
Belgium 1332332 03144105 4252  659.8
Bulgaria 07325664 0.0135117 18426  7.852
Croatia 0.6889247 0.0106581 47637  13.87
Cyprus 0.7330878 0.0032805 748.02  13.57
Czech Republic  1.114552  0.117273 71327 2147
Denmark 1311321 0.0637405 15422 7671
Estonia 0.604342  0.0056927 1227.8  37.5
Finland 1.15083  0.0401388 869.06  35.92
France 1794604  0.4053498 1912.6  357.8
Germany 1.797931  0.5566859 1895.7 72.2
Greece 0.6669437 0.0250121 223.57  12.41
Hungary 0.8577417 0.0736489 265.02  29.21
Ireland 1.173933  0.0767172 43569  244.6
Italy 1508121  0.2892661 3207.4 447
Latvia 0.0622255 0.0053235 387.45  6.203
Lithuania 0.846362 0.011087 469.14  13.28
Malta 03660468 0.0036528 1046.8  9.409
The Netherlands 1.619942  0.3378874 2276 270.9
Poland 1225845 0.1463  312.14 1476
Portugal 0.7292865 0.050988 2303.8  90.6
Romania 1.041818  0.0431327 55526  30.95
Slovak Republic 0.0655396 0.0474348 25523  3.338
Slovenia 0.6482987 0.0203709 682.1  40.7
Spain 1.663458 02106182 4618.8  521.4
Sweden 1469059  0.0912875 1974.9  240.4
UK 1.869217  0.3025357 2517.4  391.5

INF/POP and DEATH/POP report the stock of infections and deaths
per capita on 28 April 2020
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Table 8 . Robustne.ss tést using Dep. var. INE/POP DEATH/POP
alternative centrality indeces as
main regressors 1) 2) 3) %)
trend - 0474 0.26 0.015 0.024
(0.184) (0.219) (0.087) (0.03)
CLUSTERINGgy, — 1.446 —-0.418

trendx CLUSTERINGg,

CLUSTERING 1

trendx CLUSTERING g opg

IMPORTEU/POP
IMPORTCHINA/POP
IMPORTEXTRAEU/POP
AIR/POP

TOUR/POP

HBEDS

POP65+

TEMP

N

R2

Mean VIF

(2.773)

0.122*

(0.066)
351.3
(221.7)
5.602
(7.356)

v v

v v

v v

v v

v v

v v

v v

v v

1323 1323

0396 0426

4.6 236

(0.403)

0.011

0.011)
7.014
(36.09)
2.982%
(1.69)

v v

v v

v v

v v

v v

v v

v v

v v

1323 1323

0352 0.427

4.6 2.36

Country-level cluster—robust standard errors in parentheses. *p< 0.1;

**p< 0.05; ¥**¥p< 0.01
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