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Abstract: This paper aims to investigate the volatility spillovers among selected emerging economies’
sovereign credit default swaps (SCDSs), including those of Saudi Arabia, Russia, China, Indonesia,
South Africa, Brazil, Mexico, and Turkey. Using data from January 2010 to July 2023, we apply
the time-domain and the frequency-domain connectedness approaches.Empirical results show that
(i) Indonesia, followed by China and Mexico, are the main transmitters of sovereign credit risk
volatility. (ii) Among global factors, the volatility index (VIX), economic policy uncertainty (EPU),
and global political risk (GPR) positively impacted spillover on lower and higher quantiles. The
results offer critical insights for international investors, policymakers, and researchers, emphasizing
the importance of risk-aware investment strategies and cautious policy formulation in the context of
financial crises and political events.

Keywords: sovereign CDS; frequency connectedness; quantile connectedness; global risk factors
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1. Introduction

The recent financial crises, triggered by the global spread of COVID-19 and the ongoing
Russian–Ukrainian conflict, have unleashed a series of disruptions in the global financial
market, particularly the credit risk market. Whether corporate or sovereign, credit risk
significantly threatens financial stability (Ghenimi et al. 2017). The latter, sovereign credit
risk, has become a pressing concern, given its potential to destabilize countries and financial
positions (Poon et al. 2017). The importance of sovereign risk is further underscored by
the attention garnered by sovereign credit default swaps (SCDSs) since the European debt
crisis. The impact of sovereign risk extends beyond financial markets and affects the real
economy (Bottero et al. 2020), influencing investors’ decisions, countries’ financial positions,
and their engagement in international trade. This research, therefore, holds immense value
in understanding and managing these risks, which can have far-reaching and potentially
devastating consequences for international trade.

Moreover, financial markets have become more interconnected recently, and as a
result, the impact of favorable and unfavorable market events spreads rapidly through risk
channels. While some market segments tend to be more impacted by crises and sovereign
credit risk propagation than others, risks travel across markets, regions, and countries
over time. Such interconnectedness among global financial markets highlights the need to
explore and understand how sovereign credit risk propagates across different sovereigns.
Among market segments, emerging economies are considered the most significant financial
market. Their significance is attributed to the emerging market’s rapid growth, sensitivity
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to global crises, and connectedness to other market segments, including developed and
underdeveloped economies. Various countries in the emerging market are considered
among the most significant commodity exporters (Hilscher and Nosbusch 2010; Baffes
et al. 2018; Da Silva Souza and Fry-McKibbin 2021). Hu et al. (2021) argue that regardless
of their slightly less developed markets, emerging market countries’ openness to foreign
investment keeps them highly engaged in the international financial system. Additionally,
Pretorius (2023) finds emerging market countries more sensitive to market instability and
uncertainty. The author argues that studies have confirmed the existence of herd behavior
in emerging markets, especially during times of turmoil. While some investors treat all
emerging market countries similarly in making their investment decisions, others consider
looking into each country-specific factor for further analysis.

The objective of this study is twofold: First, we aim to investigate the time and
frequency of volatility spillovers among selected emerging economies’ SCDSs. Second,
this study explores the determinants of volatility spillovers using global financial, eco-
nomic, commodity, and climate uncertainty factors. Third, this study aims to investigate
the dynamics of financial connectedness and risk transmission among emerging market
economies and then determine countries that are net transmitters or receivers of financial
shocks. Using data from January 2010 to July 2023, we apply the time-domain approach of
Diebold and Yilmaz (2012) and the frequency-domain approach of Baruník and Křehlík
(2018). The two approaches, including the time and frequency and quantile approaches,
comprehensively examine the sovereign credit risk dynamic’s interactions among emerg-
ing markets economies. The selection of countries includes Saudi Arabia, Russia, China,
Indonesia, Brazil, Mexico, South Africa, and Turkey. These countries are characterized as
emerging market economies and are all members of the G20 economies. The countries in
the sample include oil exporting and importing countries and represent a wide selection of
countries with similar economic characteristics over a broad geographical range.

There are several motivations for empirically examining the time and frequency
approaches to examine the volatility spillovers among emerging economies’ SCDSs. First,
as one of the sample countries, Saudi Arabia is considered the largest economy in the
Middle East, and it ranks as the sixth largest equity market in the Morgan Stanley Capital
International (MSCI) Emerging Market index. However, the dynamics and connectedness
of Saudi Arabia’s sovereign credit risk have not been studied widely in the literature. Thus,
this study examines the spillover of sovereign credit risk and its main determinants for
Saudi Arabia and other selected emerging market economies. Second, emerging market
economies are closely tied to global financial markets, and they are considered among the
most intriguing markets to examine due to their high vulnerability to market uncertainty
and facilitation of risk spillover. Third, the study is motivated by the alarming impact of
climate change risk and climate uncertainty policies that influence financial markets globally.
Fourth, sovereign credit risk spillover may have significant implications for the financial
stability of emerging market economies due to their vulnerability to market instability and
uncertainty. Finally, examining the time and frequency approaches to spillover of sovereign
credit risk among emerging market economies can aid in assessing risk dynamics and the
risk travel network on average, on short and longer terms. Additionally, the study provides
valuable insights to investors, policymakers, and portfolio managers who wish to widen
their investments internationally.

This paper contributes to the existing literature on risk spillover and financial con-
nectedness by comprehensively analyzing the time and frequency connectedness among
emerging economies’ SCDSs. Additionally, the study presents a novel contribution of
incorporating climate policy uncertainty (CPU) as a global factor that influences sovereign
credit risk in global financial markets. The study contributes to the literature by providing
novel results incorporating periods of financial turmoil and recent events from 2010 to
2023. The study utilizes multiple robust econometric methodologies to capture the time
and frequency connectedness in the long and short run during different market conditions.
Further, the study contributes to the emerging market literature by thoroughly investigat-
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ing eight emerging market economies. We start by examining the static connectedness
of Diebold and Yilmaz (2012), followed by the short- and long-run frequency reaction to
shocks using the frequency domain approach of Baruník and Křehlík (2018). Eventually,
the study extends the analysis of emerging market connectedness by examining volatility
spillover using the joint total connectedness index obtained from Diebold and Yilmaz (2012)
as the dependent variable to identify the factors affecting spillovers across quantiles. Key
empirical results show a strong association between financial crisis periods and spillover
for emerging markets in the sample. Second, among emerging markets in the sample,
Indonesia, followed by China and Mexico, are the main transmitters of sovereign credit
risk volatility. Third, the examination of the impact of the global uncertainty factors on
SCDSs indicates that among global factors, the geopolitical risk index (GPR), the Merrill
Lynch Option Volatility Estimate Index (MOVE), the CBOE volatility index (VIX), and the
economic policy uncertainty index (EPU) showed a positive impact on spillover on lower
and higher quantiles. Climate policy uncertainty (CPU) and the CBOE crude oil volatility
index (OVX) had a negative impact on higher and lower quantiles of the volatility spillover.

The remaining sections of this paper are presented as follows: Section 2 provides the
literature review. Section 3 demonstrates the empirical methodologies used in the study.
Section 4 presents the data sample and period of the study. Section 5 discusses the study’s
empirical findings. Section 6 outlines the conclusion of this paper.

2. Literature Review

Volatility spillover among sovereign CDSs is triggered by crises, where volatility
travels among financial markets through various risk channels. To understand the traveling
mechanism of sovereign credit risk among emerging markets, examining the determinants
and major factors that influence such risk is pivotal. The determinants of sovereign credit
risk are mainly linked to global financial, macroeconomic, commodity, and uncertainty
factors. The existing literature has mainly focused on two main drivers of sovereign credit
risk. Prior studies have segmented the determinants of sovereign credit risk into two main
categories: global uncertainty factors and country-specific factors. First, global uncertainty
factors that appear in the form of economic and financial instability, outbreaks of pandemics,
global trade tensions, geopolitical risks, and climate uncertainty have a massive impact
on sovereign credit risk. Studies show that global uncertainty factors affect sovereign
credit risk, including Balcilar et al. (2020); Hilscher and Nosbusch (2010); Oliveira et al.
(2012); Amstad et al. (2016); Pan and Singleton (2008); Stolbov (2017); Bouri et al. (2018);
and Rikhotso and Simo-Kengne (2022), among others. The study by Pan and Singleton
(2008), used a lognormal process to seize variations in the term structure of sovereign CDSs
for Turkey, Mexico, and Korea from March 2001 to August 2006. The study showed that
investors’ behaviors affected the term structure of sovereign credit risk globally. Further,
(Remolona et al. 2008) analyzed the dynamics of pricing sovereign risk in the emerging
market and found that sovereign risk and risk premiums are greatly affected by global
investors’ risk appetites. Additionally, Longstaff et al. (2011) examined the impact of global
and local factors on sovereign credit risk for 26 different countries from 2000 to 2010. The
study finds that sovereign spread variations are closely associated with variations in the
VIX index and that global macroeconomic factors greatly influence sovereign credit risk.

The second set of related studies finds that country-specific factors and macroeconomic
fundamentals influence sovereign credit risk. Country-specific factors such as domestic
institutions, economic development, fiscal policies, and market structure impact the level of
sovereign credit risk. A well-developed institutional framework and strong macroeconomic
fundamentals were found to reduce the likelihood of a government’s default. Similarly,
a country’s level of development, diversification of its economy, and export status can
impact credit risk perceptions. An example of studies that focused on the impact of the
macroeconomic fundamentals on sovereign credit risk includes Hilscher and Nosbusch
(2010), who examined the impact of macroeconomic fundamentals on sovereign credit
risk to find that greater macroeconomic volatilities make emerging market countries more
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susceptible to sovereign defaults. Additional studies that considered country factors and
macroeconomic fundamentals as critical determinants of sovereign credit risk include
Eyssell et al. (2013), Liu and Morley (2012), and Abid and Naifar (2006), among others.
Furthermore, Eyssell et al. (2013) examined the determinants of sovereign CDSs for China
during 2001–2009 using a vector autoregressive model. The study finds that country-
specific factors, including the stock index and interest rates, and global factors, such as
U.S. S&P 500 stock option volatilities and default spreads, affect the movement of China’s
CDS spread. Another related study by Eichengreen and Gupta (2015) examined the impact
of local factors and found that factors such as equity prices, exchange rates, and foreign
reserves tend to have similar behavior among countries. However, the volume of the
market movements relies on local market size. An additional study by Amstad et al. (2016)
examined how global investors differentiate between sovereign risks by examining the
impact of global risk factors and country-specific factors for 18 emerging market economies
during the 2008 crisis. The study finds that global factors motivate what occurs over time,
while country-specific factors motivate what happens between countries. The findings are
linked to the Merton (1974) structural model, as it associates the intensity of credit default
with credit instruments. The Merton model, which exhibits a form of structural model,
assumes that the probability of default is linked to the firms’ assets and liability. The Merton
(1974) model branches from a Brownian motion, assuming that defaults occur when a firm’s
liabilities exceed its assets. The model justifies default based on the economic situation.
Hibbert and Pavlova (2017) explore the determinants of sovereign CDS prices, highlighting
the impact of global macroeconomic and country-specific factors. They provide empirical
findings on the relative importance of global versus local factors, focusing on differences
between Europe and Latin America. The analysis reveals the commonalities and regional
differences in the determinants of sovereign CDS spreads, indicating the impact of global
and domestic economic conditions on credit risk.

Despite the growing amount of literature on the determinants of sovereign credit
risk, only a few studies have examined the impact of climate change on sovereign credit
risk. This study utilizes the newly developed climate policy uncertainty (CPU) index to
capture its impact on sovereign credit risk and whether it creates a channel through which
sovereign credit risk volatility spills over to other markers. The CPU index was developed
by Gavriilidis (2021), who follows the pathways of the methodology of the EPU index
(Baker et al. 2016). The CPU index is a global policy uncertainty index that utilizes the
frequency of major U.S. newspaper coverage to determine climate policy uncertainty. The
index searches for the usage of climate policy uncertainty-related terminologies such as,
but not limited, to climate risk, carbon dioxide, climate change, greenhouse gas emissions,
legislation, environment, policy, and so on. The climate change phenomenon continues
to rise, posing a serious environmental risk, especially if it continues to rise during the
21st century. Climate change risk driven by enormous carbon dioxide emissions has
directed countries globally toward taking actions to enhance climate governance (Ren
et al. (2022); Liu et al. (2020); McCollum et al. (2018)). The alarming increase in market
uncertainties driven by climate change risk has enticed governments to develop climate
policies for industry regulation (Ren et al. 2022). The Paris Agreement on Climate Change
is among the most promising climate policies adopted recently. The Paris Agreement aims
to reduce global temperature and mitigate the impact of climate change during the 21st
century. Further, climate change creates risks for the environment and global economies.
Specifically, severe weather conditions tend to generate huge financial and environmental
losses. Such losses harm financial stability and environmental structure. Studies in the
literature have discussed the impact of climate change on various sectors, including the
stock market, economic growth, banking and finance, commodity prices, food securities,
credit ratings, and sovereign debt. Among studies that have examined the impact of climate
risk on sovereign credit risk (e.g., Cevik and Jalles 2022; Zenios 2022; Naifar 2023), Cevik
and Jalles (2022) examined the impact of climate change vulnerability on sovereign bond
yield for a sample of 98 countries, including developed and developing ones, from 1995 to
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2017. The study finds that vulnerability to climate change mainly impacts the government’s
borrowing costs. Essentially, the study argues that bond yield spread was lower in countries
with more resilience to climate change than in countries that are more sensitive to risks
generated by climate change (Cevik and Jalles 2022). Zenios (2022) also highlights the
importance of utilizing climate risk in sovereign credit risk analysis. The author presented
a case study of Italy and discussed the main climate risk channels through which sovereign
debt and public finances are impacted. Naifar (2023) investigated the linkage between
climate change and sovereign credit risk by examining climate change readiness in a
sample of developed and developing countries from 2010 to 2020 using a panel quantile
regression approach. The study finds that sovereign credit risk is impacted by climate
change readiness and vulnerability, especially in higher quantiles. According to Naifar
(2023), there are three main channels through which climate risk impacts sovereign credit
risk: risk transition, sensitivity to climate damages, and ability to adapt to climate change
consequences. Yang and Hamori (2023) also examined sovereign credit networks through
tail dependence of daily CDS data for a sample of 57 countries from 2009 to 2020. The study
finds that risk spillover increases among sovereigns during extreme weather conditions.
Xu et al. (2023) investigated the relationship between climate policy uncertainty and stock
market return in China and the U.S. during the period of 2000–2022 using the copula
function. The study finds that in the case of China, increased CPU resulted in lower stock
returns and increased volatility. The study also finds evidence that CPU impacts differ for
each stock market. The discussed literature highlights the growing interest in investigating
the impact of climate change risk and climate policy uncertainty on the performance of the
global financial market. However, there is a scarcity of studies documenting the impact
of climate policy uncertainty (CPU) on financial stability and sovereign credit risk. To
our knowledge, no study has examined the impact of CPU on sovereign credit risk for
emerging market countries.

Moreover, examining the global and country-specific factors that impact sovereign
credit risk is necessary to justify credit risk movements and sovereign credit risk dynamics.
The spread of financial crises and their massive impact on global economies have enticed
researchers, policymakers, and investors to investigate financial market contentedness
and risk transmission networks. Spillover is considered a crucial part of the sovereign
credit risk discussion. Spillover is defined as an intensive correlation caused by a shock
to sovereign credit risk (Augustin et al. 2018). The spillover phenomenon has gained
significance, especially during the Great Crises period (GFC), due to its impact on investors,
portfolio managers, policymakers, and governments. Scholars examining the spillover
phenomenon found evidence of risk transferring among countries, especially during times
of distress. Kamber et al. (2016) investigated the spillover of uncertainty shocks among
the US, Japan, New Zealand, Austria, China, Switzerland, the UK, and Canada. The study
utilized a factor-augmented autoregression analysis to examine uncertainty shocks’ travel
across the selected countries from 1995 to 2015.The study showed that financial instruments
such as exchange rates, stock prices, and interest rates contribute to uncertainty shocks’
transmission among countries.

Further, Augustin et al. (2018), focused on examining the transmission of credit risk
from sovereign to corporate credit risk during the Greek bailout in 2010. The sample
contained 15 countries and 226 different firms. The findings show evidence of a spillover
of credit risk from sovereigns to corporates. Sovereign risk created a risk network through
which risks traveled to corporations in the Eurozone. The study shows that increases in
corporate credit risk follow increases in sovereign credit risk. The Impact was stronger for
countries that share a common currency in the Eurozone. In terms of corporations, the most
impacted were those relying on bank loans and others more connected to governments.
Furthermore, (Abed et al. 2019) investigated the interconnection among sovereign CDSs of
the Eurozone and the related financial markets, including banking CDSs, sovereign bonds,
future interest rates, and stock markets, using an ARCH model from 2011 to 2016. The
study spots a clear connection between sovereign CDSs and the financial markets regarding
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movements, especially during crises. The study found traces of credit risk transferring
from the private sector to the public sector and vice versa. In addition, coherence in
behavior exists between CDSs and the used financial indices. Moreover, Sabkha et al. (2019)
examined the international spillover among sovereign markets. Using a FIEGARCH model
for 33 sovereign credit swap country data samples from 2006 to 2014, the study confirms the
existence of sovereign credit risk spillover across international markets, particularly during
times of turmoil. The extent to which each country’s financial market is affected is different.
In addition, the trend in which risk travels alters over time and crosses global financial
markets. The study suggests that country-tailored regulatory and economic policies could
mitigate credit risk transfer.

Furthermore, (Härdle et al. 2016) the systematic risk transfer in the U.S. financial
market was examined using a TENET tail event-driven network throughout 2007–2012. The
study finds that the tail-driven method helps rank transmitters and receivers of risk within
the country’s financial market. The study argues that there is a significant connectedness
among financial sectors that thrive during crises. The study findings could be enriched
by adding more variables or, better yet, by focusing on an international market level that
shows systematic risk receivers and transmitters. On a more expanded level, (Naifar
and Shahzad 2021) the tail event-based methodology measured the interconnectedness
in sovereign credit risk among emerging market economies from 2019 to 2020. The risk
network showed palpable relatedness among SCDSs in emerging financial markets. The
connectivity of these SCDSs was higher during the COVID-19 pandemic. Further, (Ballester
and González-Urteaga 2021) examined the cross-border impact of risk transmission between
sovereign CDSs and credit ratings for 45 emerging market countries from 2004 to 2015.
The study showed a positive and negative spillover risk transfer among countries in the
region. However, the degree to which each country in the region is impacted differs.
The analysis showed that the cross-border transmission impact of credit ratings is best
measured in a regional or international framework. (Augustin et al. 2020) studied the
impact of the COVID-19 pandemic on sovereign credit risk for a sample of 30 countries in
the developed market from January 2020 to May 2020. The study finds that the COVID-19
pandemic impacted sovereign credit spreads. Regarding the degree of impact, countries
with higher debt levels were more affected than countries with more stable financial
conditions. Additionally, Balcilar et al. (2023) is among recent studies that examined risk
transmission among 11 MENA countries using daily data from 2006 to 2021. The study
uses multiple economic models, including the standard spillover approach, frequency
domain, and quantile connectedness. The study finds a strong positive association between
financial stress and risk spillover among countries. Countries were segmented into three
main categories: risk transmitters, risk receivers, and players, through which financial
connectedness is observed.

Contrary to the previous literature, this paper intends to fill the research gap by
comprehensively investigating sovereign CDS determinants and their volatility spillover
among emerging economies, including Saudi Arabia, Russia, China, Indonesia, Brazil,
Mexico, South Africa, and Turkey. The study utilizes robust methodologies, including the
time and frequency approaches, which provide a nuanced understating of sovereign risk
transmission and the possible asymmetric impact of global financial, economic, and climate
uncertainty factors on sovereign credit risk.

3. Econometric Methodology

The empirical analysis in this study examines connectedness spillover in two stages.
We follow the method applied by Balcilar et al. (2023) by examining spillover from dif-
ferent angles, including the time-domain approach of Diebold and Yilmaz (2012) and
the frequency-domain approach of Baruník and Křehlík (2018). The applied spillover
approaches are used to comprehend the static and dynamic sources of sovereign credit risk
and the overall spillover connectedness during different time scales, including times of
financial and economic stress.
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3.1. Time-Domain Approach of Diebold and Yilmaz (2012)

First, we applied the standard network connectedness approach of (Diebold and Yil-
maz 2012) to examine the spillover and static connectedness of sovereign credit risk among
selected emerging markets. In the spillover connectedness table, each value is denoted as
Θ

g
ij(H), which equates the estimation financial shock j’s impact on emerging market coun-

tries SCDS i’s forecast error variance attained from the H-step-ahead generalized forecast:

Θ
g
ij(H)

σ−1
jj ∑H−1

h=0

(
ei
′Ah∑ ej

)2

∑H−1
h=0

(
ei
′Ah∑ Ah

′ei
)2 H = 1, 2, (1)

The symbol Σ is the covariance matrix of errors. The term σjj is the standard deviation
of the error term in the j-th equation. The selection vector, denoted as ei, takes the value 1 if
the i-th component is zero, and Ah is h-step moving average coefficient matrix.

Therefore, the normalized entry is written as

∼
Θij(H)

Θij(H)

∑N
j=1 Θij(H)

(2)

where ∑N
j=1

∼
Θij(H) = 1 and the sum of the total variance decompositions is ∑N

i,j=1

∼
Θij(H) = K.

∼
Θij(H) represents the “directional pairwise connectedness” among emerging market

countries’ SCDSs. The table of connectedness is derived by converting
∼

Θij(H) into a direc-
tional spillover from country j to country i, denoted as CH

i←j. Since CH
i←j ̸= CH

j←i typically,

we can derive
(
K2 − K

)
distinct pairwise directional connectedness measurements. Further,

the net pairwise connectedness table uses the degree of spillover among two countries as a
basis for determining the weighted edges, with the countries under investigation shown
as nodes. The direction of volatility spillover from country j to country i is illustrated by
the arrows. The aggregate connectedness measure of volatility spillover among selected
emerging economies’ SCDSs can be calculated as follows:

C(H) =

∑N
i,j=1
i ̸=j

∼
Θij(H)

∑N
i,j=1

∼
Θij(H)

=

∑N
i,j=1
i ̸=j

∼
Θij(H)

K
(3)

3.2. Frequency Connectedness Approach

In this section, we employ the frequency connected approach of Baruník and Křehlík
(2018). The frequency domain approach is utilized to identify the magnitude of short- and
long-term connectedness among emerging market countries depending on spectral range
of variance decomposition. Variance decomposition illustrates the amount of the forecast
error variance of a variable that can be explained by shocks in other variables in the VAR
system. Consider the spectral behavior of series Xt at frequency ω:

Sx(ω) = ∑∞
h=0 E(XtXt−h)e−ihω = Ψ

(
e−ihω

)
∑Ψ(e ihω

)
(4)

In Equation (4), Ψ
(

e−ihω
)

= ∑∞
h=0 Ψhe−ihω, and ∞ represents the infinite horizon

relations. The general forecast error variance decomposition on an explicit frequency ω can
be defined as follows:

(Θ(ω))i,j =
∑−1

j ∑∞
h=0

(
Ψ
(

e−ihω
)

Σ
)2

i,j

∑∞
h=0(Ψ

(
e−ihω

)
∑ Ψ

(
eihω

))
i,j

(5)
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Equation (5) can be standardized as follows:(∼
Θ(ω)

)
i,j
=

(Θ(ω))i,j

∑k
j=1(Θ(ω))i,j

(6)

The applied approach of Baruník and Křehlík (2018) comprises an accumulative
connectedness table, focusing on a designated frequency band d = (a; b).

We categorize the data according to specific frequency ω: frequencies one month are
considered a short-run, while one month to infinity represents the long-run measures. This
classification approach illustrates the connectedness table in the provided frequency range
d = (a; b) as follows: (∼

Θd

)
i,j
=

∫ b

a

(∼
Θ(ω)

)
i,j

dω (7)

Consequently, the overall connectedness in the frequency band d can be defined as

Cd =

∑k
i=1,i ̸=j

(∼
Θd

)
i,j

∑i,j

(∼
Θd

)
i,j

= 1−
∑k

i=1

(∼
Θd

)
i,j

∑i,j

(∼
Θd

)
i,j

(8)

Cd
i→· = ∑k

j=1, i ̸=j

(∼
Θd

)
j,i

(9)

Cd
i←· = ∑k

j=1, i ̸=j

(∼
Θd

)
i,j

(10)

The pairwise connectedness can be expressed as follows:

Cd
i,j =

(∼
Θd

)
j,i
−

(∼
Θd

)
i,j

(11)

The weight of a specific frequency band d must be considered when contributing to
the overall measure, as follows:

∼
C

d
= Cd·Γ(d) (12)

The spectral weight Γ(d) =
∑k

i,j=1

(∼
Θd

)
i,j

∑i,j(Θ)i,j
=

∑k
i,j=1

(∼
Θd

)
i,j

k represents the proportion of

frequency band d in the entire VAR system, while Cd is the comprehensive connectedness

measure seen in the connectedness tables (
∼
Θd) related to a chosen frequency of band d.

4. Data and Preliminary Statistics

This paper examines the connectedness and sovereign credit risk transmission among
eight selected emerging market economies. The selected emerging market countries include
Saudi Arabia, Russia, China, Indonesia, Brazil, Mexico, South Africa and Turkey. The
sample period is chosen based on data availability. The data cover significant financial
and economic events, including the Arab Spring in 2010, the oil crises during 2014–2016,
the COVID-19 pandemic in 2020, and the ongoing Russian–Ukrainian conflict. The data
are obtained from the Refinitiv database, Bloomberg, and the trading economics database.
We used sovereign CDS data with a 5-year maturity for a sample period starting from
2 February 2010, to 14 July 2023. To work with stationary data, we calculated the log spread
returns, rt = ln

(
St

St−1

)
where rt is the return on the sovereign CDS spreads at time t and St

and St−1 are the SCDS spreads at t and t− 1, respectively. The sovereign CDS volatility is
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estimated using the monthly realized variance (RV) as RVi,t = ∑M
j=1 r2

i,t, where the subscript
i denotes the currency, and t is the monthly time index.

5. Empirical Results and Discussion
5.1. Time -Domain Spillover Analysis

We begin by investigating the standard spillover approach among eight emerging
market economies following the time-domain spillover approach of (Diebold and Yilmaz
2012). Table 1 summarizes the average spillovers over the entire sample period and
the intra-country and inter-country spillovers. Table 1 indicates that the total spillover
index explains 71.77% of the total forecast error variance. These countries are highly
interconnected, as more than half of the total forecast error variance can be linked to the
spillovers across the eight emerging market countries. Moreover, the intra-country spillover
justifies most of the forecast error variance, especially for Russia, reaching 76.70%, Turkey
at 27%, South Africa at 22.43%, and Saudi Arabia at 22.91%. On the other hand, the results
show that Indonesia, Mexico, Brazil, and China have the lowest intra-country spillover,
with percentages reaching 18.62%, 18.71%, 19.10%, and 20.34%, respectively. The results
show high integration among the emerging market countries in the sample.

Table 1. The spillover results of Diebold and Yilmaz (2012).

Saudi Arabia Indonesia Russia Turkey Mexico Brazil China South Africa FROM

Saudi Arabia 22.91 14.84 0.60 6.76 16.81 16.80 12.22 9.05 9.64
Indonesia 11.41 18.62 1.33 9.20 15.52 14.77 16.58 12.57 10.17
Russia 1.90 5.25 76.70 1.37 3.51 2.40 6.95 1.92 2.91
Turkey 7.83 13.71 0.55 27.00 11.82 11.32 13.82 13.95 9.12
Mexico 13.70 16.44 0.93 8.23 18.71 17.97 13.88 10.13 10.16
Brazil 13.99 16.17 0.64 8.12 18.32 19.10 13.56 10.10 10.11
China 9.91 17.54 1.82 10.07 13.75 12.90 20.34 13.67 9.96
South Africa 8.98 15.87 0.52 11.66 12.21 12.02 16.31 22.43 9.70
TO 8.47 12.48 0.80 6.93 11.49 11.02 11.67 8.92 71.77

Furthermore, to illustrate the inter-country spillover, we use the pairwise directional
connectedness to confirm that the emerging market countries within the sample are finan-
cially connected among themselves strongly, except for Russia, as the results of the pairwise
directional connectedness show that it is disconnected from emerging market countries.
Given the Russian–Ukrainian conflict, this might be attributed to Russia’s trade relations
and unstable political situation.

Table 1 shows the “TO” row, which indicates that the largest gross directional spillover
among the selected emerging countries to others comes from Indonesia (12.48%), followed
by China (11.67%), Mexico (11.49%) and Brazil (11.02%). On the contrary, Russia (.80%) and
Turkey (6.93%) show the lowest gross directional spillover to emerging market countries.
Further, the “FROM” column illustrates that the highest gross directional spillover from
others is attributed to Indonesia (10.17%), Mexico (10.16%), and Brazil (10.11%). The lowest
value was found for Russia (2.91%).

Figure 1 showcases the total connectedness graph, which is applied using the Diebold
and Yilmaz (2012) approach. This network graph illustrates the total connectedness and
volatilities during the sample period among emerging market countries, consisting of
Saudi Arabia, Russia, China, South Africa, Brazil, Mexico, Indonesia, and Turkey. The
node size in the graph indicates the extent of each country’s contribution to the system
connectedness, and the node color shows the sources of connectedness. To illustrate, the
red color represents the country’s contribution in consideration of the other countries in
the sample. In contrast, the green color represents the contribution from other countries
to the country in consideration. The arrows appear in different thicknesses and colors to
represent the network’s spillover connectedness strength and magnitude. The red, stronger
line arrows indicate a more than 20% spillover. In contrast, the green dotted arrows indicate
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an approximate spillover of 10–20%, and the blue ones indicate less than 10% spillover in
the network.
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As shown in Figure 2, the spillover index is very susceptible to financial market crises
and political and economic events. Figure 2 indicates a spike during the 2010–2011 Arab
Spring, followed by another spike during the 2014–2016 oil price collapse and another spike
around the COVID-19 pandemic crisis period during 2020. The last spike, which appeared
during 2022–2023, could be attributed to the Russian–Ukrainian conflict. Stronger spillover
effects among emerging market economies in the sample were mainly caused by the oil
price collapse of 2014–2016, followed by the COVID-19 pandemic impact during 2020.

5.2. Frequency-Domain Spillover Analysis

This section takes the spillover analysis one step further. In addition to the time-
domain approach of Diebold and Yilmaz (2012) discussed above, we employ the frequency-
domain approach of Baruník and Křehlík (2018). The frequency-domain approach allows
for the examination of the short- and long-run frequency responses to shocks, which
enables the examination of spillover across the financial market in the short and long
run. The approach is useful in examining the financial risk connectedness of emerging
market countries for different timeframes. Since financial markets are dynamic, they react
differently to economic and global financial crises during different periods or frequencies.
Times of financial turmoil tend to excite reactions from different financial systems in
different time horizons. Therefore, we examine the time and frequency dynamics of risk
connectedness to perceive the different sources of sovereign credit risk connectedness across
Saudi Arabia and other selected emerging market economies. Tables 2 and 3 illustrate
the total frequency domain spillover using the Baruník and Křehlík (2018) approach. The
approach is utilized to differentiate between the stresses of financial connectedness among
the selected emerging market countries in different time scales.

Table 2 shows that for directional spillover in the short run (1 month), Mexico and
Brazil followed by Indonesia are the major net transmitters of financial shocks to emerging
market countries in the sample. Table 3 indicates that Indonesia (12.32%) followed by China
(11.52%) and Mexico (11.33%) are the main transmitters of volatility to selected emerging
market countries in the sample.

Table 2. The spillover results of Baruník and Křehlík (2018), short-run, 1 month.

Saudi Arabia IndonesiaRussia Turkey Mexico Brazil China South Africa FROM
_ABS

FROM
_WTH

Saudi Arabia 0.35 0.21 0.01 0.10 0.26 0.26 0.16 0.16 0.14 10.40
Indonesia 0.20 0.26 0.02 0.13 0.25 0.24 0.21 0.20 0.16 11.33
Russia 0.03 0.06 0.79 0.02 0.05 0.04 0.08 0.01 0.04 2.71
Turkey 0.11 0.18 0.01 0.41 0.15 0.14 0.19 0.21 0.12 8.94
Mexico 0.23 0.23 0.02 0.12 0.30 0.28 0.18 0.17 0.15 11.08
Brazil 0.19 0.19 0.01 0.10 0.25 0.25 0.14 0.15 0.13 9.31
China 0.15 0.22 0.03 0.13 0.20 0.19 0.24 0.19 0.14 10.01
South Africa 0.13 0.21 0.01 0.17 0.17 0.17 0.20 0.34 0.13 9.57
TO_ABS 0.13 0.16 0.01 0.10 0.17 0.17 0.14 0.14 1.01
TO_WTH 9.36 11.73 0.96 6.92 12.10 11.97 10.46 9.85 73.35

Note: TO_ABS stands for the absolute contributions made by a country to spillovers of emerging countries.
TO_WTH denotes the relative contributions from a specific country to others. FROM_ABS indicates the absolute
incoming spillovers to a country from others. FROM_WTH represents the relative incoming spillovers.

Figure 3 showcases the total connectedness network graph of the pairwise volatility
spillovers in the short run using the (Baruník and Křehlík 2018) approach. This network
graph illustrates the level of total connectedness and volatilities during the sample period
among emerging market countries in the sample, which consists of Saudi Arabia, Russia,
China, South Africa, Brazil, Mexico, Indonesia, and Turkey. In the network, the red, stronger
line arrows indicate spillover of more than 20%, while the green dotted arrows indicate
approximate spillover of 10–20%, and the blue ones indicate less than 10% spillover. The
node size in the graph indicates the extent of each country’s contribution to the system



Risks 2024, 12, 71 12 of 17

connectedness, and the color of the node shows the sources of connectedness. To illustrate,
the red color represents the contribution of the country in consideration to the other
countries in the sample, while the green color represents the contribution from other
countries to the country in consideration. The arrows appear in different thickness and
colors to represent spillover connectedness strength and magnitude.

Table 3. The spillover results of Baruník and Křehlík (2018), long-run, 1 month to infinity.

Saudi Arabia IndonesiaRussia Turkey Mexico Brazil China South Africa FROM
_ABS

FROM
_WTH

Saudi Arabia 22.56 14.64 0.59 6.67 16.55 16.54 12.06 8.89 9.49 9.63
Indonesia 11.22 18.37 1.30 9.06 15.27 14.53 16.38 12.37 10.02 10.16
Russia 1.87 5.19 75.92 1.35 3.46 2.36 6.87 1.91 2.87 2.91
Turkey 7.72 13.53 0.54 26.59 11.67 11.17 13.63 13.75 9.00 9.13
Mexico 13.47 16.21 0.91 8.11 18.41 17.69 13.70 9.96 10.01 10.15
Brazil 13.80 15.98 0.63 8.02 18.08 18.84 13.42 9.95 9.98 10.12
China 9.76 17.32 1.79 9.94 13.55 12.71 20.10 13.48 9.82 9.96
South Africa 8.85 15.66 0.51 11.49 12.04 11.85 16.12 22.09 9.56 9.70
TO_ABS 8.34 12.32 0.78 6.83 11.33 10.86 11.52 8.79 70.76
TO_WTH 8.45 12.49 0.80 6.93 11.48 11.01 11.68 8.91 71.75

Figure 4 shows the short and long-run spillover indices using the frequency domain
(Baruník and Křehlík 2018) approach, with 1 month for the short run and 1 month to infinity
for the long run. Spikes in Figure 4 show similarities in patterns of frequency in long and
shorter terms.
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5.3. The Impact of Global Uncertainty Factors on SCDS Spillovers

This section uses the joint total connectedness index obtained from Diebold and Yilmaz
(2012) as the dependent variable to identify the factors affecting spillovers across quantiles.
Theoretically, we assumed that many global risk factors could impact the shocks on SCDSs.
These factors include (1) the climate policy uncertainty index (CPU), (2) the geopolitical
risk index (GPR), (3) the CBOE Crude Oil Volatility Index (OVX), (4) the Merrill Lynch
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Option Volatility Estimate Index (MOVE), (5) the CBOE volatility index (VIX), and (6) the
economic policy uncertainty index (EPU).

The quantile regression results (Table 4) indicate that the climate policy uncertainty
index (CPU) shows a negative impact at higher quantiles, indicating that increased uncer-
tainty in climate policy may lead to reduced spillover effects, especially at the 90th and
95th percentiles, with the latter showing significant negative effects. This could suggest
that during periods of high market stress or uncertainty, investors might perceive climate
policy as a factor adding to economic instability. The GPR has a significantly positive
impact on lower quantiles, but this influence decreases as we move to higher quantiles.
This implies that geopolitical risks are more influential during lower-stress periods in
the market, possibly due to investors’ heightened sensitivity to geopolitical events when
baseline conditions are stable.

Table 4. The results of the determinants of the total SCDS return spillovers.

Coefficient Q = 0.05 Q = 0.10 Q = 0.25 Q = 0.50 Q = 0.75 Q = 0.90 Q = 0.95

CPU 0.003604 −0.001610 0.001410 −0.000808 −0.001792 −0.007623 * −0.01079 ***
GPR 0.030595 *** 0.024421 *** 0.016587 * 0.000503 −0.002276 0.005701 0.013200
MOVE −0.028428 0.018146 0.001033 −0.001640 0.005480 0.008190 0.050487
OVX −0.043297 −0.034522 *** −0.009571 0.000583 0.005829 −0.004968 −0.036412 *
EPU −0.003664 0.007291 0.003563 0.006466 0.016253 * 0.030883 0.014545
VIX 0.035527 *** 0.017979 *** 0.007585 0.003489 −0.000363 −0.005135 0.002548
R2 (%) 15.47 14.98 4.97 0.73 3.04 6.32 8.86

Note: ***, * indicate significance at 1% and 10%, respectively.

The MOVE and the OVX show varying impacts across quantiles. MOVE indicates a
significant positive impact at the highest quantile, suggesting that bond market volatility is
dominant in spillovers during extreme market conditions. Conversely, OVX demonstrates
a significant negative impact at the lower and higher quantiles, highlighting how oil price
volatility might reduce spillovers in stable and highly uncertain market conditions. The
EPU shows an increasing positive impact on spillovers as we move to higher quantiles,
particularly significant at the 75th percentile. This suggests that economic policy uncer-
tainty is critical to spillovers in more turbulent market conditions. Lastly, VIX exhibits a
significant positive impact at lower quantiles, indicating its role as a predictor of spillover
effects in relatively stable conditions. However, its influence diminishes in more extreme
market scenarios.

Our additional analysis explores the hypothesis that global uncertainty factors have
asymmetric effects on volatility spillovers, with more pronounced impacts during extreme
market conditions. This is consistent with the notion that investors’ sensitivity to different
types of risk may vary depending on the prevailing market environment. For instance,
during periods of high market stress, factors such as EPU and MOVE exhibit height-
ened significance, suggesting that investors place greater emphasis on these indicators
when assessing sovereign credit risk. Conversely, during stable periods, the significance
of the OVX and CPU at lower quantiles indicates a differential weighting of risks by
market participants.

6. Conclusions and Policy Implications

This paper has investigated the time-frequency approach of Diebold and Yilmaz
(2012) along with the frequency-domain approach of Baruník and Křehlík (2018) for the
connectedness of spillovers for selected emerging economies’ SCDSs, including Saudi
Arabia, Russia, China, Indonesia, South Africa, Brazil, Mexico, and Turkey. This paper
aimed to achieve two main goals. The first was to examine both the time domain as well
as the frequency domain approach of connectedness. Second, the paper examined the
determinants of volatility spillovers, using global financial, economic, commodity and
climate uncertainty factors, to investigate the dynamics of financial connectedness and
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risk transmission among emerging market economies, then determine countries that are
net transmitters or receivers of financial shocks. Our empirical results suggested various
remarkable findings. First, there is a strong association among financial crises periods and
spillover for emerging markets in the sample. Second, among emerging markets in the
sample, Indonesia followed by China and Mexico were the main transmitters of sovereign
credit risk volatility. Third, the examination of the impact of the global uncertainty factors
on SCDSs indicates that among global factors, VIX, EPU, GPR, and MOVE showed a
positive impact on spillover in lower and higher quantiles, while CPU and OVX had
negative impacts on higher and lower quantiles of the spillover.

The results indicate that the spillover among selected emerging market economies is
mainly driven by Indonesia and Mexico, as they appear to be the risk transmitters to other
markets in the sample. These empirical findings fuel several policy implications for inter-
national investors, policymakers, researchers, and central bankers. International investors
should pay significant attention to investing in emerging market countries, especially when
investing in countries that are more prone to receiving risk. Diversification is a key factor in
investing in emerging market countries. Policymakers and central bankers should exercise
extreme caution when making monetary decisions, considering the sensitivity of emerging
market credit risk to financial crises and political events. This research presents valuable
insights to academics and researchers who wish to further investigate the dynamics of
sovereign credit risk spillover among emerging market countries. This paper’s findings
open avenues for future research on emerging market spillovers and transmission networks.
Future research could beneficially extend the scope of this study to include developed
economies, thereby offering a richer understanding of the comprehensive dynamics of
financial spillovers across the global economic landscape. This expansion is critical to
investigating the relationships between emerging and developed markets, especially in the
context of “flight-to-quality” behaviors during periods of market volatility. By examining
the spillover effects from emerging markets into developed ones, future studies could
illuminate the resilience of the global financial system and the mechanisms underlying
risk contagion.
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