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This work analyzes the frequency-dependent network structure of Economic Policy

Uncertainties (EPU) across G-7 countries between January 1998 and April 2021.

We implement an approach that builds dynamic networks relying on a locally sta-

tionary Time-Varying Parameter-Vector Autoregressive model using Quasi-Bayesian

Local Likelihood methods. We compute short-, medium-, and long-term network con-

nectedness of G-7 EPUs over a period covering several economic/financial turmoils.

Furthermore, we structure short-term network topologies for the Global Financial

Crisis (GFC) and the COVID-19 pandemic periods. Findings of the study indicate

amplified interdependencies between G-7 EPUs around well-known economic/geopolit-

ical incidents, frequency-dependent connectedness networks among them, and stronger

interdependencies than the medium-, and long-term linkages. Finally, we find that

short-term spillovers are not persistent in the long-term for both turmoil periods.

JEL codes: C10, C40, C58
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1 Introduction

Economic policy uncertainty (EPU) is a vital notion for both emerging and advanced

economies particularly in the aftermath of the Global Financial Crisis (GFC). It has gained

further prominence thenceforth and kept its essential role in sustaining a healthy and efficient

economic system for policymakers and authorities. Monetary, fiscal, and regulatory policy

uncertainties have destructive impacts on the economy (Hassett & Metcalf, 1999; Byrne &

Davis, 2004; Fernández-Villaverde et al., 2015; Balcılar et al., 2017; De Pooter et al., 2021).

Additionally, the policy uncertainty has a real effect on the investment and employment

decisions of firms and may cause economic disruptions (Bernanke, 1983; Romer, 1990; Abel

& Eberly, 1996). A precursor study in this vein underlines that policy uncertainty can lead

to delays in developing countries’ investment decisions (Rodrik, 1991).
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The post-GFC era has been accompanied by drastic financial/geopolitical imbalances

such as the Eurozone crisis, the recent COVID-19 pandemic, and the EPU has become a

core concept to capture an unprecedented financial/geopolitical shock. Financialization and

globalization have conduced tightly connected economies via various channels, which have

led to rapid risk propagation through them. The tight connectedness among economic agents

motivates a strand of recent studies examining the network structure of connectedness dur-

ing turmoil and burst episodes (Mensi et al., 2018; Kang & Lee, 2019; Reboredo et al., 2020;

Geng et al., 2021). However, such linkages build networks of connections over different hori-

zons and thereby are frequency dependent. Additionally, an unprecedented shock may lead

to transitory or more permanent interdependencies between financial agents (Ellington &

Baruńık, 2020). Accordingly, such shocks generate frequency-dependent network structures

of connectedness among economic agents.

Since an unanticipated shock may create a frequency-dependent network structure be-

tween economic agents, which has a potential effect on their preferences, scholars have

focused on the network connectedness of financial/geopolitical bursts (Diebold & Yılmaz,

2014; Demirer et al., 2018; Kang & Yoon, 2019; Zhang & Broadstock, 2020; Mensi et al.,

2021). Among these financial/geopolitical imbalances, the recent COVID-19 pandemic is

arguably the most acute one which has sorely hit the world economy.

The COVID-19 pandemic first emerged in Chinese town Wuhan in late 2019, and the

pandemic rapidly spilled to the rest of the world. As of September 8, 2021, the number of

confirmed COVID-19 cases has surpassed 221 million with more than 4.5 million deaths.1

The pandemic has led to an acute global recession, and the world output is preceded to

be around 3% lower than the pre-pandemic anticipations (Barrett et al., 2021). Owing

to the severe contraction of the world economy led by the COVID-19 pandemic, this study

aims to investigate the dynamic network structure of EPUs between G-7 countries (Canada,

France, Germany, Italy, Japan, the UK, and the US), reflecting two economic upheavals, the

GFC and the COVID-19 pandemic. In this context, we employ the network connectedness

approach of Ellington & Baruńık (2020), which is based on a locally stationary Time-

Varying Parameter-Vector Autoregressive (TVP-VAR) model using Quasi-Bayesian Local

Likelihood (QBLL) methods. By doing so, we compute the short-, medium-, and long-term

network connectedness of G-7 EPUs over a period covering two financial turmoil epochs.2

Additionally, we compare directional spillovers among G-7 countries pertain to G-7 EPU

connectedness networks of the GFC and the COVID-19 episodes.

We contribute to the extant literature in three ways. First, we estimate the dynamic

network connectedness of G-7 EPUs over different frequencies by employing a seminal ap-

proach. This novel methodology allows us to combine prior shrinkage and to draw the

posterior distribution of the dynamic adjacency matrix. Second, we identify the dynamic

network structure of G-7 EPUs for the GFC and the COVID-19 pandemic eras and compare

spillovers in the sense of their magnitude. Third, we concentrate on the dynamic network

connectedness of pairwise spillovers changing over time.

The rest of the paper is organized as follows. The next section presents related studies on

the network connectedness of financial/economic indicators. Section 3 provides the method-

1 See, https://covid19.who.int/.
2 Short-, medium-, and long-term connectedness roughly corresponds to 1-6 months, 7-12 months, and 12+
months, respectively.
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ology and the data, Section 4 discusses the empirical findings, and section 5 concludes.

2 Related Literature

Globalization along with financialization has led to strongly connected financial markets

via various channels, which propels expeditious risk propagation during financial imbalance

periods. In this context, a strand of literature focuses on financial contagion during turbu-

lence times and detect intensified connectedness between financial indicators (Billio et al.,

2012; Cimini, 2015; Singh et al., 2018; Gong et al., 2019; Bagheri & Ebrahimi, 2020; Balcılar

et al., 2021).

It should be noted that scholars have utilized the network theory in various fields, such

as sociology (Murdoch, 2001; Mützel, 2009; Weiske et al., 2015), technology (Cresswell et

al., 2010; Shim & Shin, 2016; Beaman et al., 2021), health (Valente & Pitts, 2017; Iyamu

& Mgudlwa, 2018), and education (Fenwick, 2010; Zhang & Heydon, 2016). The network

theory is a relatively new notion for economics and finance fields, and recent studies have

implemented the network theory to analyze the connectedness between indicators. In this

vein, Kuzubaş et al. (2014) utilized the network theory to examine the Turkish Interbank

market during the 2000 Turkish financial crisis. Levy-Carciente et al. (2015) developed a

dynamic network model for banks to analyze the system’s sensitivity to external shocks.

The authors further test the model using the data for the Venezuelan banking system from

1998 to 2013. Likewise, Poledna et al. (2015) implemented multi-layer network analysis to

investigate the Mexican banking system between 2007 and 2013. Khashanah & Alsulaiman

(2016) analyzed the stock market complexity by utilizing the network theory induced by

investment behavior.

It is worth mentioning that scholars have implemented various connectivity measures

such as reciprocity, interconnectivity, whilst a thorough study introduced a novel methodol-

ogy known as the population connectedness relied on forecast error variance decompositions

of a VAR model (Diebold & Yılmaz, 2014). The study estimated static and dynamic net-

work volatility interdependence between 13 US financial institutions in 1999:5 and 2010:4.

This seminal approach has received overwhelming attention from scholars, and they have

computed the network connectedness between financial indicators. Within this category,

Diebold et al. (2017) estimated network volatility interdependence among 19 commodity

price indices. Along similar lines, Zhang (2017) computed network connectivity between

Brent crude oil and six major stock price indices between January 2016 and March 2016

by employing population connectedness. Likewise, Mensi et al. (2018) computed network

volatility connectedness among GIPSI stock indices between 2, 2002/1/2, and 2016/5/4.

Demirer et al. (2018) computed high-dimensional network connectedness among 150 banks

by employing the VAR-LASSO-based population connectedness methodology between 2003-

2014. Caloia et al. (2019) estimated the interconnectedness between five implied volatility

indices between August 2008 and December 2017 by implementing the same methodology.

Similarly, Kang & Yoon (2019) computed dynamic network interdependencies among EPUs

of G-7 countries, China, and the EU between 1997 and 2016. More recently, Antonakakis

et al. (2020) implemented the TVP-VAR-based population connectedness approach and

computed network connectedness between monthly four exchange rates’ returns.

It should be noted that network structures of connectedness can evolve and be frequency-

dependent. In this regard, Ellington & Baruńık (2020) developed a frequency-dependent
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network structure that relied on a locally stationary TVP-VAR model using QBLL methods.

This seminal approach allows drawing prior shrinkage and estimating uncertainty from the

posterior distribution of the network. The study computed short-, medium-, and long-term

volatility network connectedness of 496 stocks from the New York Stock Exchange (NYSE)

in 2005/7/5 and 31, 2018/8/31.

3 Empirical Method and Data

Ellington & Baruńık (2020) construct a dynamic network structure using spectral decom-

position of time-varying variance decomposition matrices. The network structure delineates

the impact of transitory (short-term frequency) and permanent (long-term frequency) shocks

from variable j to the future variance of variable i. The model also introduces a dynamic

adjacency matrix, which comprises all information indicating the network.

Let (Zt,T )(1≤t≤T,T∈N) be the N-variate time series with elements Zt,T = (Z1
t,T , . . . , Z

N
t,T )

T .

In this setting, t refers the time index, T is an additional index denoting the “sharpness of

the local approximation of the time series (Zt,T )(1≤t≤T,T∈N) by a stationary one” (Ellington

& Baruńık, 2020, 7).

Assume that (Zt,T )(1≤t≤T,T∈N) follows a locally stationary TVP-VAR of lag order of p:

Zt,T = φ1(t/T )Zt−1,T + · · ·+ φp(t/T )Zt−p,T + ρt,T (1)

where ρt,T =
∑(−1/2)

(t/T )γt,T with γt,T ∼ NID(0, IM ), and time-varying autoregressive

coefficients are ϕ(t/T ) = (ϕ1(t/T ), . . . , ϕq(t/T ))
T . In a neighborhood of fixed time µ0 =

t0/T , the process Zt,T is approximated by a stationary process Z̃t(µ0) as:

Z̃t(µ0) = ϕ1(µ0)Z̃t−1(µ0) + · · ·+ ϕp(µ0)Z̃(t− p)(µ0) + ρt (2)

with t ∈ Z and satisfies |Zt,T − Z̃t(t0)| = Oq(|t/T − µ0| + 1/T ). Thus, the time-varying

VMA(∞) representation of the process.

Zt,T =

∞∑
h=−∞

Ψt,T (h)ρt−h (3)

where Ψt,T ≈ ϕ(t/T, h) is a stochastic process with supl||Ψt−Ψl||2 for 1 ≤ h ≤ t as t −→ ∞.

The spectral density of Zt,T at frequency w is introduced as follows.

SY (µ,w) =

∞∑
h=−∞

E
[
Z̃t+h(µ)Z̃

T
t (µ)

]
eiwh =

{
Ψ(µ)e−iw

}
Σ(µ)

{
Ψ(µ)e+iw

}T
(4)

Suppose Zt,T is weakly locally stationary process with σ−1kk

∑inf
h=0 |

[
Ψ(µ)e−iwΣ(µ)

]
j,k

|2 <

∞, ∀ j, k. “Then, the time-frequency variance decompositions of the jth variable at a

rescaled time µ = t0/T due to shock in kth variable on the frequency band d = (a, b) :

a, b ∈ (−π, π), a < b form a dynamic adjacency matrix” (Ellington & Baruńık, 2020, 8) as:

[θ(µ, d)]j,k =
σ−1kk

∫ b

a

∣∣∣[Ψ(µ)e−iwΣ(µ)
]
j,k

∣∣∣ dw∫ π

−π

[
{Ψ(µ)e−iw}Σ(µ) {Ψ(µ)e−iw}T

]
j,j

dw
(5)
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Ellington & Baruńık (2020) introduce local network connectedness as:

C(µ, d) = 100×
N∑

j,k=1
j ̸=k

[
θ̃(µ, d)

]
j,k

/

N∑
j,k=1
j ̸=k

[
θ̃(µ)

]
j,k

(6)

The local directional connectedness (FROM connectedness) that measures how much of

each indicator’s j variance due to shocks in other indicators k ̸= j is defined as

Cj←·(µ, d) = 100×
N∑

k=1
k ̸=j

[
θ̃(µ, d)

]
j,k

/

N∑
j,k=1

[
θ̃(µ)

]
j,k

(7)

Likewise, the contribution of j to variances in other indicators is computed as

Cj→·(µ, d) = 100×
N∑

k=1
k ̸=j

[
θ̃(µ, d)

]
k,j

/

N∑
k,j=1

[
θ̃(µ)

]
k,j

(8)

Figure 1: G-7 EPU Indices between January 1998 and April 2021
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In this study, we use monthly EPU data for G-7 countries developed by Baker et al.

(2016). The EPU index relies on newspaper coverage frequency. G-7 countries are the

world’s largest IMF advanced economies, and the GFC emerged in a G-7 state (the US).

Besides, the COVID-19 pandemic has sorely hit G-7 countries as well as other developing

and advanced economies. This is the main reason for the selection of G-7 countries for

the empirical analysis. Our data set spans from 1998:1 to 2021:4 and is gathered from the

https://www.policyuncertainty.com/ website.

We depict EPU indices for G-7 countries between January 1998 and April 2021 in Figure

1. The figure delineates that all EPU indices prominently surge during the GFC. EPU

indices for EU states (Germany, France, and Italy) create proper signs to the European

Sovereign Debt Crisis (ESDC), and accordingly, they significantly climb. Likewise, EPU

indices for EU states and the UK soared around June 2016, which coincides with the Brexit

referendum. The EPU indices skyrocketed (except for the UK) starting from late 2019

owing to the COVID-19 outbreak.

4 Results

On the basis of the observed trends, we compute the network connectedness of G-7

EPU indices by implementing the TVP-VAR based connectedness approach of Ellington &

Baruńık (2020). Figure 2 depicts the total dynamic network return connectedness of G-7

EPU indices with median 2.5% and 97.5% quantiles.3

Figure 2: Total Dynamic Network Connectedness of G-7 EPU Indices

3 We select the optimal order of the VAR as four by the Akaike Information Criterion (AIC) and the
Bayesian Information Criterion (BIC). We run the Julia 1.5.3 program and use libraries available at https://

github.com/barunik/DynamicNets.jl.
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The total dynamic network connectedness index of G-7 EPUs swings between 30% and

75% over the study period. The index reached its trough in February 2006 (34.4%) and hit

its apex in April 2008 (73.0%), which corresponds to the midst of GFC. The index gradually

escalated between May 2010 and October 2011 and November 2014 and April 2016 due to

both the ESDC and surges uncertainties owing to the European Immigration Crisis and

the Brexit Referendum.4 The index steeply plummeted from April 2016 to February 2018,

dramatically raised in the June 2018-May 2020 period, and fluctuates thereafter.

In the next step, we estimate posterior medians of short-, medium-, and long-term net-

work connectedness of G-7 EPU indices between May 1998 and April 2021. The estimated

posterior medians, as depicted in Figure 3, indicate that the medium-, long-term network

connectedness indices exhibit similar patterns, whereas the dynamics of the short-term net-

work connectedness index have distinct characteristics.

Figure 3: Short-. Medium-, and Long Term Network Connectedness of G-7 EPU Indices

The medium-, and long-term connectedness indices peak in April 2008, while the short-

term connectedness index reached its apex in October 2016. Short-term network connected-

ness has remarkably surged from 37.8% in December 2019 to 46.8% in April 2021, while the

medium-, and long-term network connectedness have alleviated. Furthermore, the short-

term network interdependence is stronger than the other two network linkages.

Next, following Ellington & Baruńık (2020), we focus on the short-, and long-term net-

work connectedness topologies reflecting the GFC and the COVID-19 pandemic periods

separately.5 In network topologies, the size of each node reflects the total TO spillovers

from that node, and the thickness of arrows indicates the magnitudes of the spillovers.6

4 See https://www.policyuncertainty.com/media/Global Annotated Series.pdf.
5 We consider the collapse of Lehman Brothers in September 2008 as the start date of the GFC, and the
World Health Organization’s announcement in March 2020 as the start date of the COVID-19 pandemic.
6 Diebold & Yılmaz (2014) introduce directional spillovers such that TO directional spillovers reflect

spillovers transmitted to that node and FROM spillovers correspond to spillovers received by that node.
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Figure 4: Short- and Long-Term Network Structures of

G-7 EPU Connectedness for the GFC

As shown in Figure 4, short-term connectedness is stronger than the long-term connect-

edness. The short-term connectedness network topology of the GFC indicates that the US

catalysts the largest total TO spillovers to other nodes (58.4%) and followed by Canada

(54.6%). Since the GFC was originated in the subprime mortgage market of the US and

rapidly dispersed to the rest of the world, this finding is consistent with the related literature.

Furthermore, our findings provide evidence for the prominent role of geographical proximity

in explaining EPU connectedness. On the other hand, Italy transmits the lowest total TO

spillovers to other nodes (23.5%). The long-term connectedness network topology shows

that the US and Canada transmit the largest total TO spillovers with 13.3% and 13.1%,

respectively. Contrariwise, Italy propagates the lowest total TO spillovers (5%). Promi-

nently plummeting spillovers in the long-term connectedness network topology propose that

interdependencies between EPUs are not persistent in the long term.

In the final step, we plot the short-, and long-term EPU connectedness network topologies

for the COVID-19 pandemic in Figure 5. Like Figure 4, the short-term connectedness is

larger relative to the long-term. The short-term COVID-19 EPU connectedness network

indicates that the US (58.6%) and Germany (55.4%) transmit the largest total TO spillovers.

Meanwhile, the UK propagates the lowest amount of the total TO spillovers (24.9%). In

line with the findings of Al-Thaqeb et al. (2020), the COVID-19 pandemic sorely hit the

US economy and led to a dramatic increase in both its EPU and interdependence of the US

with other G-7 members. The EPU of Germany dramatically surged from 131.5 in January

2020 to 498.06 in March 2020, which is also accompanied by a prominent increase in its

connectedness with other G-7 countries. This may lead to Germany having the second-

highest total TO spillovers among G-7 countries. On the other hand, the EPU of the UK

remained relatively silent as compared to other G-7 countries, which may lead the UK to

have the lowest total TO spillovers. Likewise, intensified connectedness among EPUs is not

persistent in the long term, as clearly pictured in Figure 5.
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Figure 5: Short- and Long-Term Network Structures of

G-7 EPU Connectedness for the COVID-19

5 Conclusions

The global economy has witnessed deep and prolonged economic/financial imbalances

since the 1929 great depression, yet one of the most acute crises was the GFC. The cri-

sis stemmed from the US financial system and expeditiously spilt throughout the world.

In the post-GFC epoch, the world economy has confronted several turbulences, including

the ESDC, European Immigration Crisis, the Brexit Referendum, and the US President

Election, though the most acute one is arguably the COVID-19 pandemic, which led to a

3.3% contraction in the 2020 global output (IMF, 2021). Due to the frequency-dependent

structure of the network dynamics of connectedness between economic indicators, this study

examines G-7 EPU indices connectedness networks on different frequencies. To this end, we

employ the seminal methodology of Ellington & Baruńık (2020), which is based on a locally

stationary TVP-VAR model using QBLL methods. This methodology allows us to compute

short-, medium-, and long-term connectedness among G-7 EPU indexes between January

1998 and April 2021.

The frequency-dependent network structures of G-7 EPU connectedness indicate sev-

eral results. First, the short-term connectedness of G-7 EPU indices is stronger than the

medium-, and long-term interdependence of indices. Second, the medium-, and long-term

connectedness indices display similar patterns while the short-term connectedness index is

distinct from them. Third, the short-term total dynamic connectedness index hit its vertex

in October 2016, though the medium-, and long-term total dynamic connectedness indices

reached their maximum levels in April 2008.

Thanks to a precipitous rise in the short-term total dynamic connectedness index dur-

ing the COVID-19 pandemic, we structure network topologies of G-7 EPU connectedness

reflecting the GFC and the COVID-19 epochs. Network analysis indicates the following
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findings. First, the US and Canada catalyst the highest total TO spillovers across G-7

countries during the GFC episode. This result is expected since the GFC was emerged in

the US financial system and rapidly dispersed to other countries. Second, the GFC network

topology indicates that Italy transmits the lowest total TO spillovers. The US keeps its

role of propagating the highest total TO spillovers in the COVID-19 network topology and

followed by Germany. On the contrary, the UK transmits the lowest total TO spillovers.

This study has an important policy suggestion. Since interconnectedness among G-7

EPUs dramatically amplifies around financial/geopolitical bursts due to the strong interde-

pendencies among countries, authorities and policy-makers should closely monitor contagion

among both emerging and advanced economies’ economic policy uncertainties. To this end,

modern measurement techniques and risk management strategies can be helpful.
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