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ARTICLE INFO ABSTRACT

JEL classification: This study investigates the sectoral expected uncertainty connectedness in emerging markets
C50 across different frequencies and quantiles using the novel quantile time-frequency connect-
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edness approach of Chatziantoniou et al. (2022a). The employed dataset spans from January
1st, 2003 to October 4th, 2022, encompassing 10 key sectors. The findings reveal a robust
Keywords: and notable interconnection among these sectors, with a substantial total connectedness index
Q“anﬁ.le time—frequency connectedness of 91.01%. We also note that the largest proportion of the sectoral total connectedness is
Emerging I,narkets associated with long-term spillovers. Consumer Cyclicals emerges as the primary source of net
Sectoral spillover . .. o X
Expected uncertainty transmission risk transmission. Copversely, the Commumcatl.ons & Networking and Heal'fhcare appear to be
Portfolio analysis the greatest net receivers of shocks at the median level. Furthermore, we find that the degree
of interconnectedness substantially varies over time, frequency, and quantile, and by economic
events. In addition, we find suggestive evidence of asymmetric sectoral uncertainty connect-
edness effects as the uncertainty spillovers are higher during turbulent market conditions than
normal market conditions. A positive relationship between uncertainty measures and sectoral
connectedness is also observed during periods of smooth and normal market conditions. Besides,
we also conduct different portfolio analyses illustrating the importance of risk diversification to
reduce investment uncertainty. This has important implications for international investors and
policymakers in forming optimal investment portfolios reducing adverse risk spillovers.
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1. Introduction

Substantial fluctuations in uncertainty might lead to rapid drops and recoveries in real macroeconomic variables that drive
the business cycle. More interestingly, it has been found that emerging economies suffer much more severe falls in investment
and private consumption following an exogenous uncertainty shock, take significantly longer to recover, and do not experience a
subsequent overshoot in activity compared to developed economies (Carriére-Swallow & Céspedes, 2013). Indeed, there is suggestive
evidence that uncertainty shocks generate sudden and large declines in Thai stock prices and foreign portfolio investment before
gradually affecting the real economy through investment and trade channels. While financial uncertainty matters most for the
Thai economy overall, consumption demand largely responds to macroeconomic uncertainty, while economic policy and political
uncertainty generate the most persistent effects on investment (Apaitan et al., 2022). Moreover, the increased levels of uncertainty
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Fig. 1. US economic policy uncertainty and CBOE Volatility Index (VIX).

are reported to adversely affect the exchange rates of emerging economies (Abid, 2020). Interestingly, the larger the US stock
market uncertainty, measured by VIX, the lower emerging market returns as well as the higher stock market volatilities in emerging
economies (Sarwar & Khan, 2017). In a similar fashion, there is evidence that increased US uncertainty has a larger negative effect
on the gross domestic product of emerging economies than on the US economic growth (Gupta et al., 2020).

As shown in Fig. 1, the world has recently witnessed various periods of high and prolonged uncertainty such as during the
Global Financial Crisis of 2007-08, the European Debt Crises of 2015, the outbreak of the COVID-19 pandemic in 2020, as well
as the beginning of the Russo—-Ukrainian war period which comes with high uncertainty in the energy sector. Even prior to the
beginning of the COVID-19 pandemic, IMF Managing Director Kristalina Georgieva said “If I had to identify a theme at the outset
of the new decade it would be increasing uncertainty” (Ahir et al., 2022).

Thus, as emerging economies suffer most severely over a prolonged period of time from uncertainty shocks, it is crucial to
investigate the expected sectoral uncertainty transmission mechanism of emerging economies. Analyzing these interdependencies
supports the identification of the health and growth prospects of specific segments of emerging economies independently, helping
governments and policymakers to make informed decisions regarding economic policies and regulations that can impact the
individual sectors and thus the overall economy by minimizing the intersectoral uncertainty spillovers in order to foster the stability
of the financial market of emerging economies as well as to prosper economic growth. Furthermore investigating emerging market
economies is of great relevance, given that those economies make up 49% of the global GDP and 67% of the world GDP growth
over 2011-2021 (World Economics, 2022). Additionally, emerging economies are considered to play a significant role in supporting
the world’s economic recovery amid the post-crisis period (Wu & Pan, 2021).

Therefore, the aim of this study is to adequately examine the magnitude of uncertainty spillovers across different sectors
over time, frequency, and quantile spectrum. To serve that purpose, we employ the recently developed time—frequency quantile
connectedness approach of Chatziantoniou et al. (2022a).

The main reason why we are utilizing conditional volatility spillovers to measure the expected sectoral uncertainty propagation
mechanism of emerging economies is caused by the fact that the current level of sectoral conditional volatility represents the
sectoral uncertainty that is expected given all available data (Bollerslev, 1986; Engle, 1982). Furthermore, this study investigates
the two hypotheses of Engle et al. (1990). The first one is called the “heat wave” hypothesis and postulates that volatility
occurring in a market appears to remain only in this market on the next day but will not transmit to other markets while the
second hypothesis is called “meteor shower” and suggests that volatility occurring in a market appears to propagate to another
market. Hence, by identifying strong conditional volatility spillovers from one to another sector, we find empirical support for
the “meteor shower” hypothesis while the absence of conditional volatility spillovers from one to another sector would support
the “heat wave” hypothesis. In addition, we cover two further hypotheses regarding “contagion” and “decoupling” hypotheses.
While the former posits that there exists a higher level of volatility spillovers among markets over a crisis, causing the portfolio
diversification’s benefits to become limited (Hkiri et al., 2017), the latter suggests that investors could still achieve benefits from
portfolio diversification (Bekiros, 2014; Yarovaya & Lau, 2016) as emerging markets appear to act rather independently.

Chatziantoniou et al. (2022a) combine the quantile connectedness approach with the frequency connectedness of Barunik and
Krehlik (2018) to allow the time-domain connectedness measures to be decomposed in different frequencies, which might help
identify the heterogeneity of the transmission mechanism across various frequencies and quantiles (Vo & Dang, 2023). Up to now,
an increasing number of studies have employed the time-frequency connectedness method thanks to its advantages (see Jiang &
Chen, 2022; Suleman et al., 2023; Umar et al., 2022 among the others). Indeed, by analyzing the degree of connectedness across
time, we will see how different market periods including recent economic and financial crises have changed the strength and
magnitude of uncertainty spillovers while the frequency dimension allows us to investigate whether uncertainty spillovers have
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more pronounced short or long-term effects on emerging markets. Finally, the quantile spectrum allows us to differentiate the
sectoral market connectedness during times of low uncertainty (at lower quantiles) and during times of high uncertainty (at higher
quantiles), illustrating smooth and turbulent market conditions.

Recent studies show evidence of significant effects of economic policy uncertainty (EPU) on sectoral connectedness in some
emerging markets, including China (Su & Liu, 2021a) and Vietnam (Dang et al., 2023). As such, in this study, we aim to revisit this
relationship, using different uncertainty indices (i.e., the CBOE Volatility Index, the US Economic Policy Uncertainty Index, and the
Equity Market-related Economic Uncertainty Index), which are also employed in other empirical studies on uncertainties (Al-Yahyaee
et al., 2019; Bouri et al., 2017; Dai et al., 2021).

Finally, we create bivariate hedging portfolios (Kroner & Sultan, 1993) as well as multivariate minimum-risk portfolios (Markowitz,
1952) in order to see whether hedging one sector with another sector or investing in a multitude of sectors significantly reduces
investment uncertainty. This analysis shows that governments of emerging economies might be able to induce economic stability
by adequately investing in different economic sectors.

Thus, the contribution of our study is threefold. First, to the best of our knowledge, no previous studies have investigated expected
sectoral uncertainty spillovers in emerging markets, especially by utilizing aggregated sectoral emerging market indices in order to
highlight the degree of expected sectoral emerging market interdependencies and sectoral interconnectedness. Second, we are the
first who provide empirical evidence regarding the expected uncertainty spillovers of emerging economies. Third, we expand the
scarce literature on sectoral financial market research, especially for emerging economies. As such, this study fills those research gaps
by means of the recently-developed quantile time-frequency connectedness approach of Chatziantoniou et al. (2022a) examining the
expected uncertainty transmission mechanism of emerging markets sectors over the period from January 1st, 2003 until October,
4th 2022.

We find strong evidence that sectoral market interconnectedness is time-varying and heavily impacted by economic and financial
crises. Interestingly, the largest fraction of sectoral uncertainty connectedness is caused by more volatile long-term dynamics while
short-term dynamics appear to be more persistent. Furthermore, we find that the degree of sectoral market uncertainty is larger at the
upper tail of the quantile spectrum which implies that high expected uncertainty is causing substantial market interdependencies
and thus co-movements, while we find that sectors of emerging economies behave more independently during periods of lower
levels of uncertainty. This indicates suggestive evidence of asymmetric sectoral uncertainty connectedness effects. Additionally, a
positive relationship between uncertainty indices and the sectoral total connectedness is identified during times of low uncertainty
and normal market conditions. Last, we suggest different portfolio analyses that appear to help international investors reduce their
investment risk significantly when developing their investment portfolios.

Our paper is organized as follows. Section 2 presents the existing literature review on the topic. Section 3 discusses the
methodology and Section 4 presents the data sampling. Our empirical results are reported and discussed in Section 5. Finally,
Section 6 presents our concluding remarks.

2. Literature review

Already numerous studies have investigated the transmission mechanisms of different financial markets or financial assets.
Especially when it comes to developing economies, we find ample evidence that the connectedness among financial markets
tends to increase international risk sharing (Chen et al., 2014; Labidi et al., 2018; Mobarek et al., 2016) and that the network
interconnectedness is often economic event dependent (Barunik et al., 2016; Bouri et al., 2021; Chatziantoniou et al., 2021a).
Several researchers examine the implications of stronger connectedness across global financial markets with a focus on market
returns, volatility, or cross-country correlations (Badshah et al., 2018; Bekaert et al., 2005; Carrieri et al., 2007; Hedstrom et al.,
2020; Moneta & Riiffer, 2009; Stenfors et al., 2022). Spillovers across markets are found to decrease the probability of mitigating
risks via portfolio diversification (Hedstrom et al., 2020). Other studies extensively concentrate on the transmission mechanisms
between stock markets and international assets (among the many, see Antonakakis et al., 2017; Fassas & Siriopoulos, 2019; Jung &
Maderitsch, 2014; Shahzad et al., 2018).

However, recently there has been increasing interest in investigating the financial transmission mechanism between emerging
economies (Eterovic et al., 2022; Gabauer et al., 2022; Huidrom et al., 2020; Urom et al., 2022) or between emerging and developed
economies (Ahmed et al., 2017; Diebold & Yilmaz, 2009; Mensi, Shafiullah et al., 2021). While all aforementioned studies focus
on emerging and developed market spillovers, the literature on sectoral stock market spillovers is rather limited. Furthermore, the
majority of those studies focus on developed markets, especially on the US (Barunik et al., 2016; Laborda & Olmo, 2021; Lastrapes &
Wiesen, 2021; Malik, 2022; Mensi, Al Rababa’a et al., 2022), EU (Arouri et al., 2011; Balli et al., 2013), Australia (Balli et al., 2020,
2016), and New Zealand Balli et al. (2020). Investigating the return and volatility spillover effects between the S&P 500 stock sectors
and natural gas prices under the spillover framework proposed by Diebold and Yilmaz (2012) and the frequency connectedness
approach developed by Barunik and Krehlik (2018), Geng et al. (2020) note that the most return spillovers occur in the short
term (up to 12 weeks). Meanwhile, Mensi, Nekhili et al. (2021) adopt Diebold and Yilmaz (2014)’s approach and Barunik et al.
(2017)’s realized semivariances to investigate the sectoral dynamic asymmetric spillovers in the US. They show evidence that the
time-varying connectedness across US stock sectors appears intensified over the periods of geopolitical, energy-related, and economic
events and that there exists asymmetry in the spillovers under good versus bad volatility. Balli et al. (2021) find that the crises tend
to intensify the spillover effects amongst the markets and that the spillovers reach their peaks over the Global Financial Crisis
(2008-2009) and the European sovereign debt crisis (2010-2012). Additionally, shocks from economic events appear to amplify
the level of transmission across sectoral markets and hence, negatively affect the benefits of investment diversification. Costa et al.
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(2022) analyze the volatility spillover effects among 11 sector indices in the US during the COVID-19 pandemic and find that there
is an extraordinary increase in total spillovers from the early stages of the coronavirus pandemic until July 2020. However, the
authors find little evidence of the structural changes from the perspective of total net connectedness. Pham et al. (2023) examine
the relationship between the utility sector and natural gas in the US, using the quantile connectedness approach. The authors find
that the return spillover effects appear time-varying and stronger at the extremes (i.e., at the lowest and highest quantiles) than at
the middle quantiles.

The scarce literature on sectoral emerging markets spillover covers China (Akhtaruzzaman et al., 2021; Gao et al., 2023; Shahzad
et al., 2021; Shen et al., 2021; Su & Liu, 2021b; Yin et al., 2020), India Chatziantoniou, Gabauer et al. (2022), Vietnam (Mensi, Ziadat
et al., 2022), and African developing countries (Akhtaruzzaman et al., 2022). In the case of China, based on price fluctuations and
internet sentiment, Gao et al. (2023) examine the risk connectedness across sectors in the Chinese stock market after the COVID-19
outbreak. Under the time-varying parameter vector autoregressive (TVP-VAR) approach, the authors find that after the pandemic
outbreak, the sectoral risk transmission within the Chinese stock market is amplified, implying the increased instability in the
system. Additionally, the risk connectedness tends to vary with various market conditions and becomes significantly intensified
under extreme market circumstances. Using 1-min data of sector index series in China, Shahzad et al. (2021) study the asymmetric
volatility connectedness across Chinese stock sectors over the Covid-19 pandemic period. Their findings show that the sectoral
spillover effects are time-varying and significantly asymmetric during the COVID-19 pandemic. The authors also emphasize that
the bad volatility connectedness tends to dominate the good volatility spillover. Focusing on the periods of extreme risk events
(including the Chinese stock market crash, the trade war between China and the US, and the Chinese liquidity crisis), Shen et al.
(2021) investigate the transmission channel among Chinese economic sectors and show that the sectoral spillover effects appear
significantly higher during the aforementioned extreme risk periods. They also observe that the financial sectors have a buffer role
in the stabilization of the economic system. Focusing on the Covid-19 period, Akhtaruzzaman et al. (2021) investigate the financial
contagion between China and G7 countries and find that the dynamic conditional correlations became dramatically higher during the
pandemic. Furthermore, they note that financial sectors tend to play a more significant role in the transmission of financial contagion
than non-financial sectors. In the context of India, Chatziantoniou, Gabauer et al. (2022) investigate the interconnectedness of 12
Indian sectorals using the TVP-VAR-based connectedness approach of Antonakakis et al. (2020). They find that the dynamic total
connectedness has been heterogeneous over time and economic-event dependent. Moreover, connectedness was strongest during
the Great Financial Crisis of 2008, the double-digit inflation and stock market crash of 2011, the national election of 2014, and the
demonetization of 2016. Among sectors, consumers’ spending, industry, finance, and basic materials are net transmitters of shocks,
while information technology, fast-moving consumer goods, health care, and telecommunications are net receivers of shocks. It
is argued that their findings are helpful in formulating policies that alleviate sectoral imbalances, promote balanced growth, and
are useful for pursuing optimal portfolio diversification strategies. Meanwhile, with respect to Vietnam, Mensi, Ziadat et al. (2022)
adopt the extreme quantile connectedness approach proposed by Chatziantoniou et al. (2021b) to investigate the spillover effects
between crude oil futures and 10 stock market sectors in Vietnam. The authors find that the connectedness is stronger under bearish
circumstances than bullish circumstances and that the risk spillovers significantly increase over turbulent periods such as the Global
Financial Crisis, the European debt crisis, Brexit, the oil crisis, and the COVID-19 pandemic. In the context of African developing
economies, Akhtaruzzaman et al. (2022) examine the financial risk transmission from the US to developing countries in Africa over
the coronavirus period. The authors show that South Africa, Morocco, Nigeria, and Egypt play as net risk receivers whereas the US
acts as the net exporter of financial risk. Additionally, the study indicates that the downside risk exposures of banks and financial
firms became significantly higher over the period January-April 2020.

Previous studies indicate that the connectedness across sectors varies over time and strongly responds to various political and
financial events (Chatziantoniou, Gabauer et al., 2022; Shen et al., 2021; Yin et al., 2020). Indeed, when a shock occurs in a
sector, it tends to propagate to other sectors and even to the whole financial markets due to sectoral connectedness (Zhang et al.,
2020). In more detail, Eckernkemper (2018) emphasizes that sectors play a significant role in systemic risk and that the volatility
contributions tend to change across different equity sectors. The volatility of a sector tends to spill over to another, which eventually
might impact the volatility of the whole network (Shahzad et al., 2021). Such spillovers could affect policymakers’ decisions and
investors’ returns. Mensi, Al Rababa’a et al. (2021) note that different sectors tend to possess relatively different characteristics.
Indeed, Mensi, Al Rababa’a et al. (2022) claim that neglecting the sectoral cross-section differences might lead to negative outcomes
in terms of portfolio diversification. For instance, market participants might have an assumption that one critical event would exert
the same impact on different sectors in the system. Accordingly, they would probably encounter more losses as they did not pay
more attention to the sectors that received higher negative impacts from the shocks. This assumption appears to hold true during
the COVID-19 pandemic when some sectors were more significantly affected by the pandemic outbreak than others (Alomari et al.,
2022). As such, Adekoya et al. (2022) argue that sectoral analysis appears much more significant than the analyses at the regional
or national level in the age of globalization.

According to Gao et al. (2023), given the simplicity of information sharing and the diversified investment strategies, the sectoral
interconnectedness of financial markets appears to have an important role in risk transmission as risk spillovers among sectors and
markets might be generated due to stock price fluctuations and investors’ sentiment. As such, exploring the source and the magnitude
of uncertainty spillovers is crucial as it helps uncover the sectoral uncertainty contributions and the network of spillovers across
sectors (Shahzad et al., 2021). From the perspective of volatility transmission, examining the connectedness of various stock markets’
sectors appears vital for mitigating financial risks (Gao et al., 2023). Moreover, investigating the sectoral spillover mechanisms
appears significant for governments to design appropriate policy measures that can deal with market failures as well as for a
majority of investors and asset managers to design their investment strategies which might reduce risk exposure (Costa et al., 2022;
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Wu et al., 2019). Indeed, Mensi, Yousaf et al. (2022) suggest that sectoral analysis might be helpful for investors to design more
efficient hedging strategies using various equity sectors instead of the aggregate stock market indices. Also, Phylaktis and Xia (2009)
claim that sectors might provide additional benefits for portfolio diversification over periods of turbulent market conditions and
financial contagion. Sector-based investment portfolios might help investors manage their risks as strategies regarding sector-based
investments tend to exhibit independent movements (Elyasiani et al., 2011).

Given that there are no previous studies examining the sectoral uncertainty connectedness utilizing aggregated sectoral emerging
market indices, this study aims to fill this research gap by investigating the expected uncertainty spillovers across sectoral emerging
markets.

3. Methodology
3.1. GJR-DCC-GARCH model

In order to obtain expected sectoral uncertainty measures, we estimate a DCC-GARCH model (Engle, 2002) with univariate
GJR-GARCH processes. The GJR-GARCH model of Glosten et al. (1993) is chosen as it captures asymmetric conditional volatility
effects which are frequently found in the financial literature and which would be omitted by using standard GARCH (Bollerslev,
1986) models.

In the spirit of Engle (2002), we can outline the dynamic conditional correlations generalized autoregressive conditional
heteroscedasticity (DCC-GARCH) model for K x 1 dimensional return series, x, (see Section 4) as follows:

x|@,_, ~N@©,H,), z|@_, ~N©I

. 1/2 1/2
x, =Dz, D,=diagh)’ ....0}})

H,=DR.D, R, =diag(Q)'0Q,diag(Q)™", Q,=(1—a-b¥¢+azz  +b0Q,

where z,, &, H,, and R, are standardized residuals, the unconditional correlation matrix of standardized residuals, the conditional
covariance matrix and the conditional correlation matrix, respectively.

In a two-step estimation procedure, Engle (2002) demonstrates that estimating the DCC-GARCH model does not result in biased
estimates. Initially, K univariate GARCH models are estimated to derive D,. Then, the parameters (¢ and b) of the DCC-GARCH
model are estimated to obtain R, and subsequently H,. The log-likelihood function can be expressed as the combined sum of the
volatility and correlation components:

L0,¢) =Ly (0)+ Lc(6,9) (€9
k 2
Ly@) ==3> Y logx) +log(h,, + ;=) @)
T =1 o
Le(®,¢) =— 3 Y (log|R,| + x| R, x, — x]x,) 3)
t

where L, () and L(0, ¢) stand for the volatility and correlation component of the log-likelihood function, respectively.
In the first step, the parameter 6 represents the estimated univariate GJR-GARCH parameters, while the parameter ¢ represents
the DCC-GARCH parameter in the second step. The GJR-GARCH(1,1)! model of Glosten et al. (1993) can be outlined as follows,

hy =§+(1167271 +)/1€t271],_1 + pih_y 4
where ¢, |, and g, are the unconditional variance, the shock, and the persistence parameter, respectively, while 7,_, is an indicator
variable which is equal to unity if ¢,_; < 0 and zero vice versa.

3.2. Quantile time—frequency connectedness approach

In the next step, we estimate the uncertainty transmission mechanism of emerging markets by means of the quantile-frequency
connectedness approach of Chatziantoniou et al. (2022a). For this purpose, the following quantile vector autoregressive model,
QVAR(p), is estimated,

hy = p(t) + @ (D)h,_| + Py (D)hy_y + -+ + P, (Dh_, + v,(7) 5)

where h, and h,_;, i = 1, ..., p represent K x1 dimensional conditional volatility vectors, 7 is between [0, 1] and represents the quantile
of interest, p stands for the lag length of the QVAR model, u(z) is an K x 1 dimensional conditional mean vector, @;(r) is an K X K
dimensional QVAR coefficient matrix, and v,(r) demonstrates the K x 1 dimensional error vector which has an K x K dimensional
error variance-covariance matrix, X(z). To transform the QVAR(p) to its quantile vector moving average representation, QVMA(co),
we use Wold’s theorem: h, = u(z) + Zf=1 D;(Dh,_; +v,(7) = p(2) + L2 ¥ i(D)v,.

1 We use a GJR-GARCH(1,1) model as Hansen and Lunde (2005) have shown that estimating GARCH models with one shock and one persistence parameter
is sufficient.
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Subsequently, the M-step ahead generalized forecast error variance decomposition (GFEVD) (see, Koop et al., 1996; Pesaran &
Shin, 1998) which lies at the heart of the connectedness approach is calculated.? The GFEVD can be interpreted as the impact a
shock in series j has on series i in terms of its forecast error variance share and can be written in the following form:

_E@)) T (@ E@),)

y 6
! @ (D@ (1))
- 0;;(M)
0,;(M) = ———— ()]
z j=1 6;;(M)

where M represents the forecast horizon. As the rows of §; ; do not sum up to one, we need to normalize them by the row sum
which results in ;. Through the normalization, we get the following identities: Zle 0;;(M) =1 and Zfz ) Z,K= 1 0,;(M) = K. Hence,
each row sum is equal to unity representing how a shock in series i has influenced the series itself and all other series ;.

In the next step, all connectedness measures can be computed. We start with the (overall) net pairwise connectedness (NPDC)
which is computed as follows,

NPDC;;(M) = 6,;(M) - 0;,(M). (8)

If NPDC;;(M) >0 (NPDC;;(M) < 0), it means that series j influences series i more (less) than vice versa. Hence, if NPDC;;(M) > 0,
series j dominates series i and vice versa. The (overall) total directional connectedness TO others measures how much of a shock in
series i is transmitted to all other series j:

K
TOM)= Y §,(M) ©
i=1,i%j
The (overall) total directional connectedness FROM others measures how much series i is receiving from shocks in all other series j:
K
FROM;(M) = Z 0;;(M) 10)
i=1ij
The (overall) NET total directional connectedness represents the difference between the (overall) total directional connectedness TO
others and the (overall) total directional connectedness FROM others, which can be interpreted as the net influence series i has on the
predetermined network.

NET,(M) = TO,(M)— FROM,(M) (11)

If NET, > 0 (NET; < 0), series i influences all others j more (less) than being influenced by them. Thus, it is considered a net
transmitter (receiver) of shocks.

The (overall) total connectedness index (TCI) of Chatziantoniou et al. (2021a) that measures the degree of network interconnect-
edness can be calculated by:

K K
_ 1 _ 1
TCIM) = £ Z} TOM) = 2= Z‘f FROM,(M). (12)
1= =
The higher the TCI value, the higher the market risk, and vice versa.

So far we have focused on the connectedness assessment in the time domain. Analogously, we continue with the connectedness
assessment in the frequency domain. Following the spectral decomposition method of Stiassny (1996), we can explore the
connectedness relationship in the frequency domain. First, we consider the frequency response function, ¥(e=/®) = Z:’:O eTiomy
where i = /-1 and » denotes the frequency to continue with the spectral density of x, at frequency » which can be defined as a
Fourier transformation of the QVMA(co0) representation:

©
Sx((l)) - Z E(h,h;_m)e_iwm — q](e—imm)ztg,/(eHwM) (13)

m=—co

Notably, the frequency GFEVD is the combination of spectral density and the GFEVD. As in the time domain, we need to normalize
the frequency GFEVD which can be formulated as follows,

@ Er @M @)l

o . 14)

SO = TS Weom s @@,

) 0,(@)

B,(@) - K/—“’ (15)
Xjm Oij(@)

2 The GFEVD is preferred over its orthogonal counterpart as the retrieved results are completely invariant of the variable ordering. Additionally, Wiesen et al.
(2018) point out, that the GFEVD should be employed if no theoretical framework — which would allow to identify the error structure — is available.
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where §; () represents the portion of the spectrum of the ith series at a given frequency o that can be attributed to a shock in the
jth series. It can be interpreted as a within-frequency indicator.

To assess short-term and long-term connectedness rather than connectedness at a single frequency, we aggregate all frequencies
within a specific range, d = (f,g): f,g € (-, 7n), f < g:

0,(d) = /g b/ (@do (16)
s

From here, we can calculate exactly the same connectedness measures as in Diebold and Yilmaz (2012, 2014) which can be
interpreted identically, however, in this case, they refer to frequency connectedness measures that provide information about
spillovers in certain frequency ranges d:

N PDC;;(d) =8,;(d) — 6;,(d) an
K
TOd) = Y 6, (18)
i=1,i#j
K
FROM(d)= ) 0,(d) (19)
i=1,i#j
NET,(d) =T0;(d) — FROM;(d) (20)
K K
TCId) === Y TO,d) = 2= Y FROM,(d) 2n
i i=1

i=1

In our case, we have two frequency bands illustrating short-term and long-term dynamics ranging from 1 to 5 days, d, = (z/5,x)
and from 6 to infinite days, d, = (0, #/5] (see, Chatziantoniou et al., 2022a). Thus, NPDC;;(d,), TO,(d,), FROM,(d,), N ET(d,), and
TCI(d,) illustrate the short-term net pairwise connectedness, short-term total directional connectedness TO others, short-term total
directional connectedness FROM others, short-term NET total directional connectedness, and short-term total connectedness index,
while N PDC;;(d,), TO,(dy), FROM,(d;), NET,(d,), and TCI(d,) illustrate the long-term net pairwise connectedness, long-term
total directional connectedness TO others, long-term total directional connectedness FROM others, long-term NET total directional
connectedness, and long-term total connectedness index, respectively.

Finally, we show the relationship between the frequency-domain measures of Barunik and Krehlik (2018) to the Diebold and
Yilmaz (2012, 2014) time-domain measures:

NPDC,(M)=Y NPDC,(d) (22)
d

TO,(M) =)' TO,(d) (23)
d

FROM,(M) =)' FROM(d) (24)
d

NET,(M) =) NET(d) (25)
d

TCI(M) =) TCI(d) (26)
d

Intuitively speaking, the overall connectedness measures are equal to the sum of the corresponding frequency connectedness
measures. Keep in mind that all those connectedness measures are based on a specific quantile, .

3.3. Hedge ratios

In order to examine whether the investment uncertainty can be reduced by employing hedging or minimum-risk portfolios, we
implement the bivariate hedge ratio approach proposed by Kroner and Sultan (1993) as well as the minimum variance portfolio
of Markowitz (1952).

Kroner and Sultan (1993) have shown that the investment risk of holding a long position in asset i can be reduced by holding
a short position of asset j. In this context, the hedge ratio determines the expenses associated with hedging a 1 USD long position
in asset i with a HR,;, USD short position in asset j. This can be mathematically formulated as follows
—ut 27
", 27)

where H;;, and H;, stand for the conditional covariance between asset i and j and the conditional variance of asset ;.

HR;;, =

3.4. Multivariate minimum variance portfolio

In the pursuit of minimizing portfolio risk, we shift our focus towards the multivariate minimum variance portfolio of Markowitz
(1952). To provide a comprehensive understanding, we begin by outlining the general framework and subsequently delve into the
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process of obtaining diverse portfolio weights. The multivariate minimum risk portfolio can be seen as a minimization optimization
problem which can be formulated as follows,
argmin - w| H,w, st wil=1, 0<w, <1 (28)
wy
where w, denotes the K x 1 dimensional portfolio weights vector in time ¢ that results from minimizing the K x K dimensional
covariance matrix, H,. As H, is varying over time, we are extending the standard Markowitz (1952) by means of time-varying
portfolio weights.

3.5. Portfolio performance

Finally, the portfolio performance is assessed based on the Sharpe ratio (Sharpe, 1994) and the hedging effectiveness (Ederington,
1979) which provides insight into the return-to-risk behavior of the portfolio as well as the degree of variance risk reduction
achieved by investing in a portfolio rather than investing solely in a single asset i. The Sharpe ratio (SR) — often referred to as
the reward-to-volatility ratio — is computed as follows,

SR=—22 (29)
where X, and var(x, ) stand for the average portfolio return and the portfolio variance, respectively. The higher the SR, the higher
the return relative to the portfolio risk.

To determine the significance of the investment risk reduction, we utilize the HE test statistics developed by Antonakakis et al.
(2020). The HE can be computed in the following manner,

var(x,)

var(x;)

HE, =1-

i

(30)

where var(x;) denotes the variance of return of asset i, and H E; provides information on the percentage-wise variance reduction by
investing in a portfolio compared to asset i. Thus, a high (low) HE index indicates a high (low) risk reduction.

4. Data

The employed daily sectoral dataset has been obtained from Refinitiv EIKON and ranges from January 1st, 2003 to October
4th, 2022. Refinitiv EIKON develops sectoral indices for the Global Emerging Markets comprising 26 countries around the world,
including Argentina, Bahrain, Brazil, Chile, China, Czech Republic, Egypt, Hungary, India, Indonesia, Kuwait, Malaysia, Mexico,
Morocco, Oman, Pakistan, Philippines, Poland, Qatar, Russia, South Africa, Taiwan, Thailand, Turkey, UAE, and Vietnam. Those
indices provide a detailed view of the performance of different the following sectors: Basic Materials (BM), Communications &
Networking (CN), Consumer Cyclicals (CC), Consumer Non-Cyclicals (CNC), Energy (ENE), Financials (FIN), Healthcare (HC),
Industrials (IND), Technology (TEC), and Utilities (UTI)?. Analyzing these indices offers advantages to investors, analysts, and
economists as they can assess the health and growth prospects of specific segments of the economy independently, helping them
make better investment decisions. The performance of sectoral indices also acts as an indicator of the overall health of specific
industries and the broader economy. Governments and policymakers use this data to make informed decisions regarding economic
policies and regulations that can impact individual sectors and the overall economy.

As the raw series are non-stationary according to a battery of unit-root tests (Dickey & Fuller, 1979; Elliott et al., 1996;
Kwiatkowski et al., 1992; Phillips & Perron, 1988; Zivot & Andrews, 2002), all sectoral indices are transformed into their daily
returns using first log-differences, x, = log(y,) — log(y,_;) where y, stands for the daily closing price at time ¢. The daily returns and
their conditional volatilities are illustrated in Fig. 2.

Table 1 provides a battery of summary statistics. Interestingly, all sectoral indices are at least at the 1% significance level
left-skewed (D’Agostino, 1970), leptokurtic (Anscombe & Glynn, 1983), and non-normally distributed (Jarque & Bera, 1980). In
addition, we find suggestive evidence that all sectoral indices are stationary at the 1% significance level. Furthermore, the weighted
Portmanteau test of Fisher and Gallagher (2012) reveals that all sectoral indices exhibit ARCH/GARCH errors at least at the 1%
significance level. Finally, we find that all sectoral indices are significantly positively correlated with each other using the Kendall
rank correlation coefficients.

5. Empirical results
5.1. Sectoral uncertainty connectedness in emerging markets
5.1.1. Median-frequency connectedness measures

We begin the empirical results section by interpreting the averaged median connectedness measures. The diagonal values in
Table 2 refer to the own-variance shares while the off-diagonal values demonstrate the cross-variance shares. Additionally, each

3 Refinitiv EIKON ticker for each sector: Basic Materials (TRXFLDGEPUMAT), Communications & Networking (.TRXFLDGEPUCOM), Consumer Cyclicals
(.TRXFLDGEPUYCY), Consumer Non-Cyclicals (.TRXFLDGEPUNCY), Energy (.TRXFLDGEPUENE), Financials ( TRXFLDGEPUFIN), Healthcare (. TRXFLDGEPUHLC),
Industrials (.TRXFLDGEPUIND), Technology (.TRXFLDGEPUTEC), and Utilities ( TRXFLDGEPUUTL)
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Fig. 2. Daily returns and conditional volatilities. Notes: Daily returns (blue lines) are computed by the first log-differences and the conditional volatilities (red
lines) are estimated using a GJR-DCC-GARCH model (Engle, 2002; Glosten et al., 1993). The sectors are Basic Materials (BM), Communications & Networking
(CN), Consumer Cyclicals (CC), Consumer Non-Cyclicals (CNC), Energy (ENE), Financials (FIN), Healthcare (HC), Industrials (IND), Technology (TEC) and Utilities
(UTD). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

cell represents the impact series j has on series i (at the average over the total time period, short-term, and long-term periods,
respectively). For example, we note that CN has the greatest own-variance share spillover of 24.88%. Out of the 24.88%, the short-
term own-variance spillover is 1.88%, whereas the long-term own-variance spillover is 23%. Given that the own-variance spillover
of CN stays at 24.88%, the rest of the sectors account for 75.12% (i.e., 100% - 24.88%) of the forecast error variance in CN. We
find that TEC and IND have the greatest impacts on CN by 11.48% and 10.43%, respectively. Meanwhile, UTI is the sector that
exerts the least effect on CN, by only 6.36%. Decomposing the shock into short-term and long-term spillovers, in the case of the TEC
sector that has the largest effect on CN, we document that 0.78% originate from short-term spillovers whereas 10.70% are caused
by long-term TEC spillovers. Generally, we note that CN affects the market by 53.93% and is affected by 75.12%, implying that this
sector is a net receiver of risks (—21.20%). In particular, this sector is a net receiver of shock in both the short term and long term
as its short-term net spillovers are equal to —0.27% and long-term net spillovers stay at —20.93%.

Interestingly, CN and HC are found to be the largest net risk recipients with net spillovers of —21.20% and —10.98%, respectively.
As such, those two sectors should be paid serious attention to because they receive the most shocks from other sectors and thus,
appear most vulnerable in the system. The emergence of those sectors as net absorbers of shocks in the network is not surprising as
Communications and Healthcare are among the sectors that thrive and attract the most capital inflows (Martin, 2018). Additionally,
emerging markets are reported to attract significant amounts of capital from the rest of the world, including foreign direct investment
(FDI) (Ngowi, 2005) and foreign portfolio investment (FPI) (Berrill, 1990). Therefore, it appears that those emerging markets’ sectors
might attract substantial inflows of foreign capital from other regions, in the form of both FDI and FPI, causing those sectors to
receive more risks and act as the greatest net receivers of risks in the network. Meanwhile, the main net exporter of shocks is CC
(17.59%), which also acts as the largest net transmitter of shocks in both the short-term (2.24%) and long-term (15.34%). We also
note that IND is the second greatest net exporter of shocks in the entire system with net spillovers of 10.65%. As those sectors are
considered the sources of risk transmission, they need to be stabilized first to contain risk spillovers.
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Table 1
Summary statistics.
BM CN CC CNC ENE FIN HC IND TEC UTI
Mean 0.006 0.024* 0.031** 0.019 0.030** 0.038*** 0.024* 0.031* 0.022
(0.779) (0.084) (0.011) (0.006) (0.085) (0.119)
Variance 0.979
Skewness -0.794
(0.000)
Ex.Kurtosis 7.557*** 4.168""* 5.6507"*
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
JB 12806.528" 13761.498*** 76309.539* 7341.163*** 12215.875° 28686.796
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
ADF —60.258* —71.448*** -61.392* —62.690" —63.096* —62.242***  —67.315* —63.607" —67.941*** —63.349"
(0.000) (0.023) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
PP —62.027* —63.310* —63.88 —62.7407** * —67.92! —63.851"
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
KPSS 0.283%** 0.389 0.368 0.302 0.036 0.308***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
ERS —26.473***  —-10.627***  -25.164***  —23.859*** —28.191*** —5.399%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
ZA —61.638%**  —25.188*** —63.319%** —62.4427%%%  —67.531%** —24.484*** = —68.143""*
(0.000) (0.023) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0%(20) 2678.951%** 1231.206*** 3053.551*** 2829.378*** 742,921***  2705.892*** 1354.903*** 2492.037*** 1502.313*** 2183.524***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Kendall rank correlation coefficients
BM
CN
CcC
CNC
ENE
FIN
HC
IND
TEC
UTI

Denote significance at 1% significance level.
** Denote significance at 5% significance level.

* Denote significance at 10% significance level.

Notes: Values in parentheses represent p-values; Skewness: D’Agostino (1970) test; Kurtosis: Anscombe and Glynn (1983) test; JB: Jarque and Bera (1980)
normality test; ADF: Dickey and Fuller (1979) unit-root test; PP: Phillips and Perron (1988) unit-root test; KPSS: Kwiatkowski et al. (1992) unit-root test; ERS:
Elliott et al. (1996) unit-root test; ZA: Zivot and Andrews (2002) unit-root test with a structural break; Q%(20): Fisher and Gallagher (2012) weighted Portmanteau
test statistics. The sectors are Basic Materials (BM), Communications & Networking (CN), Consumer Cyclicals (CC), Consumer Non-Cyclicals (CNC), Energy (ENE),
Financials (FIN), Healthcare (HC), Industrials (IND), Technology (TEC) and Utilities (UTI).

Table 2
Dynamic total connectedness: Total, short-term and long-term.
BM CN cc CNC ENE FIN HC IND TEC uTt FROM

BM 15.34 (1.76, 13.58) 5.46 (0.38, 5.09) 11.90 (1.16, 10.74) 10.10 (0.92, 9.18) 10.41 (0.93, 9.48) 10.82 (1.02, 9.80) 7.70 (0.63, 7.08) 10.82 (1.03, 9.79) 8.03 (0.60, 7.43) 9.42 (0.87, 8.55) 84.66 (7.53, 77.13)
CN 7.92 (0.38, 7.54)  24.88 (1.88, 23.00) 9.54 (0.53, 9.01) 6.74 (0.35, 6.39)  7.56 (0.38, 7.18)  7.76 (0.44, 7.32)  7.34 (0.35, 6.99)  10.43 (0.64, 9.79) 11.48 (0.78, 10.70) 6.36 (0.31, 6.05)  75.12 (4.14, 70.98)
CC 10.46 (0.99, 9.48) 5.17 (0.38, 4.78) 16.73 (1.67, 15.05) 10.64 (0.95, 9.69) 8.88 (0.70, 8.18) 10.87 (1.01, 9.87) 8.25 (0.64, 7.61) 11.39 (1.08, 10.31) 8.07 (0.61, 7.47) 9.53 (0.81, 8.72) 83.27 (7.17, 76.10)
CNC 10.44 (1.18, 9.25) 4.97 (0.39, 4.58) 12.00 (1.43, 10.57) 16.29 (2.41, 13.88) 9.89 (1.01, 8.88) 10.50 (1.23, 9.26) 8.20 (0.83, 7.37) 10.36 (1.19, 9.17) 7.57 (0.59, 6.98) 9.79 (1.18, 8.61) 83.71 (9.04, 74.67)
ENE 10.43 (0.93, 9.50) 5.55 (0.30, 5.26) 9.99 (0.85, 9.14) 10.11 (0.81, 9.30) 18.89 (2.05, 16.84) 10.47 (0.90, 9.57) 7.55 (0.55, 7.00) 9.44 (0.79, 8.64) 7.91 (0.52, 7.39) 9.65 (0.88, 8.77) 81.11 (6.54, 74.57)
FIN 1055 (0.95, 9.59) 5.42 (0.39, 5.02)  12.07 (1.14, 10.93) 10.34 (0.92, 9.42) 10.04 (0.83, 9.21) 14.87 (1.59, 13.28) 7.40 (0.58, 6.82)  11.56 (1.07, 10.49) 8.31 (0.66, 7.65)  9.45 (0.84, 8.60)  85.13 (7.38, 77.74)
HC 9.37 (0.94, 8.43) 5.81 (0.48, 5.33) 11.42 (1.17, 10.25) 9.77 (1.00, 8.77) 8.81 (0.83, 7.98) 9.05 (0.91, 8.13) 19.08 (2.79, 16.29) 10.45 (1.14, 9.31) 7.21 (0.62, 6.58) 9.04 (0.94, 8.10) 80.92 (8.04, 72.88)
IND 9.95 (0.97, 8.98) 6.85 (0.54, 6.31) 12.30 (1.21, 11.10) 9.49 (0.88, 8.61) 8.82 (0.73, 8.08) 10.59 (1.07, 9.52) 8.40 (0.69, 7.71) 15.30 (1.67, 13.63) 8.80 (0.73, 8.07) 9.49 (0.90, 8.59) 84.70 (7.72, 76.97)
TEC 8.71 (0.49, 8.22) 8.94 (0.61, 8.33) 10.13 (0.62, 9.51) 6.96 (0.41, 6.56) 8.14 (0.47, 7.68) 9.31 (0.59, 8.72) 6.75 (0.36, 6.39) 10.42 (0.66, 9.76) 23.74 (1.91, 21.83) 6.89 (0.36, 6.53) 76.26 (4.57, 71.69)
UTI 10.00 (1.19, 8.81) 576 (0.40, 536) 11.50 (1.30, 10.20) 10.20 (1.25, 8.94) 10.47 (1.12, 9.35) 10.03 (1.21, 8.81) 835 (0.84, 7.51)  10.49 (1.26, 9.23) 7.41 (0.62, 6.80)  15.80 (2.35, 13.45) 84.20 (9.19, 75.01)

TO 87.84 (8.02, 79.81) 53.93 (3.8, 50.05) 100.86 (9.41, 91.44)84.34 (7.49, 76.85) 83.02 (7.00, 76.02) 89.39 (8.39, 81.00) 69.94 (5.46, 64.48) 95.35 (8.86, 86.49) 74.79 (5.73, 69.06) 79.62 (7.10, 72.52) TCI
NET 3.18 (0.49, 2.69)  -21.20 (-0.27, 17.59 (2.24, 15.34) 0.62 (-1.55, 2.18) 191 (0.46, 1.45)  4.27 (1.00, 3.26)  -10.98 (-2.58, 1065 (1.13, 9.52) -1.46 (1.16, —2.63) —4.58 (-2.10, 91.01 (7.93, 83.08)
-20.93) -8.40) -2.49)

Notes: Results are based on a 200-day rolling-window QVAR(r =0.5) model with a lag length of order 1 (BIC) and a 100-step-ahead forecast. The sectors are Basic Materials (BM), Communications & Networking (CN), Consumer Cyclicals
(CC), Consumer Non-Cyclicals (CNC), Energy (ENE), Financials (FIN), Healthcare (HC), Industrials (IND), Technology (TEC) and Utilities (UTD). TCI stands for the total connectedness index. The positive (negative) “NET” value of sector i
implies that sector i acts as a net transmitter (receiver) of shocks. Values in parentheses represent the short-term and long-term connectedness measures, respectively.

Furthermore, we find that investigating the expected uncertainty transmission mechanism is of crucial importance as the sectors
are substantially integrated. This can be derived from the average total connectedness index (TCI) which is equal to 91.01%, meaning
that on average 91.01% of the shock in one series is transmitted to others while only 8.99% refers to the own-variance share. Thus,
a shock in one series has a significant impact on all other series. Finally, it should be noted that the largest proportion of the TCI is
associated with long-term dynamics. This highlights the relevance of designing policies that mitigate the effects of adverse spillover
shocks.

Subsequently, we have visualized the bilateral transmission mechanism in Fig. 3 to facilitate the understanding of the network
dynamics. On the aggregated level, we find that CN and HC are driven by most other series while CC and IND are on the net
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Fig. 3. Averaged median total, short-term and long-term net pairwise directional connectedness.

Notes: The network plots (from left to right) refer to the overall, short-term, and long-term net pairwise connectedness measures, respectively. Blue (yellow)
nodes indicate that sector i is a net transmitter (receiver) of shocks while the size of the nodes shows the average net total directional connectedness. The
sectors are Basic Materials (BM), Communications & Networking (CN), Consumer Cyclicals (CC), Consumer Non-Cyclicals (CNC), Energy (ENE), Financials (FIN),
Healthcare (HC), Industrials (IND), Technology (TEC) and Utilities (UTI). (For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)

transmitting end of the shock transmission. When decomposing these network dynamics in their short-term and long-term dynamics,
it becomes evident that HC and UTI are the main net receivers of short-term dynamics while CC appears to be the main net
transmitter of shocks — illustrated by the thickness of the directional net pairwise directional connectedness. While CN had a
relatively insignificant role in the short-term transmission mechanism, it is the major net receiver of long-term uncertainty shocks
while CC and IND are the main net transmitters of long-term uncertainty shocks.

5.1.2. Dynamic quantile-frequency total connectedness

In this subsection, we concentrate on the uncertainty connectedness across sectors in emerging markets by quantiles. This is
of great relevance as the average median TCI masks potential time-varying effects as well as time-specific events, we continue
with interpreting the time, short-term, and long-term dynamic total connectedness measures that are illustrated in Fig. 4. Those
heatmaps provide additional information on the total connectedness across time, frequency, and quantile spectrum encompassing
sectoral connectedness during times of low uncertainty (lower quantiles) and during times of high uncertainty (higher quantiles). For
illustrative purposes, the median-frequency TCI measure of Table 2 is obtained by averaging the dynamic total connectedness over
the total time, short-term, and long-term periods. Thus, Table 2 does not only mask the dynamics over time but it only represents the
propagation mechanism at one specific quantile (z = 0.50). As shown in Fig. 4, the total connectedness varies over time, frequency,
and quantiles.

When focusing on the time total connectedness (Fig. 4a), the yellow shades along the vertical axis indicate times of higher
uncertainty transmission across quantiles, which can be associated with some major events such as (i) the Global Financial Crisis
(2007-2008), (ii) Chinese stock market turbulence (2016), and (iii) the outbreak of the COVID-19 pandemic (2020). Additionally, we
note that the market risk tends to be significantly higher from 2006 until 2012 before the uncertainty spillovers among sectors drop
remarkably across quantiles (from 0.05-0.75). Interestingly, Fig. 4a shows the asymmetry in the sectoral uncertainty connectedness
around the median of the vertical axis as the risk spillovers appear much stronger during periods of turbulent market conditions
(upper quantiles) than during times of smooth market conditions (lowest quantiles). It implies that spillovers in high uncertainty
periods and spillovers in low uncertainty periods behave differently. Such asymmetry in spillovers is also found in Vo and Dang
(2023). However, this observation is slightly different from Chatziantoniou et al. (2022b, 2021b), in which the authors find evidence
of higher connectedness at both the highest and lowest quantiles.

Fig. 4b reflects the dynamic short-term connectedness over time and across quantiles. Remarkably, we identify that there is a
significant asymmetry amongst the time-varying quantile spillovers as the short-term connectedness appears higher on the upper
end (higher quantiles) than on the lower end (lower quantiles). It implies that market risk in the short term tends to propagate
across sectors more strongly during periods of high uncertainty than in times of low uncertainty.

From Fig. 4c, which illustrates the sectoral long-term spillovers, we see another interesting story. Along the horizontal axis,
we find that long-term spillovers appear higher during periods of smooth market conditions (lower quantiles) than in periods of
turbulent market conditions (higher quantiles). However, when comparing with the short-term total connectedness, we clearly see
a difference at the highest quantiles. Apparently, short-term dynamics are even more integrated in the short term than in the long
term. This could be interpreted that stronger dynamics at the highest quantiles occur in the short run rather than the long run which
also makes intuitive sense as, for instance, the pronounced degree of shock transmission we observe at the beginning of economic
and financial crises has decreased in the long run to return to stable economic condition.
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Fig. 4. Time, short-term and long-term dynamic total connectedness.
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Fig. 5. Quantile relation between TCI and uncertainty measures.

5.2. The impact of uncertainty on sectoral total connectedness

In this subsection, we examine how economic and financial uncertainty indices affect the sectoral total connectedness which
is commonly interpreted as sectoral market risk. In other words, we are interested in whether and how widely used economic
and financial uncertainty indicators are related to the network market risk at different quantiles. For that purpose, we employ the
following regression model:

TCI,(r) = 8y + 6, Index; +u, (31

where TCI,(7) is the dynamic total connectedness at the z-quantile on day . Index, stands for each of the following uncertainty
indices: the CBOE Volatility Index (VIX), the US Economic Policy Uncertainty Index (EPU US), and the Equity Market-related
Economic Uncertainty Index (EPU EM). Those uncertainty indices are obtained from FRED Economic Data, which are also on a
daily basis.

The regression results are illustrated in Fig. 5 which appears to illustrate more intuitively how the coefficient is gradually
changing over quantiles. The blue shades stand for positive coefficients, implying a positive relationship between the uncertainty
indices and the sectoral total connectedness while the red shades indicate negative coefficients between the uncertainties and sectoral
spillovers. As can be seen in Fig. 5, we find that uncertainty indices do exert a positive impact on the dynamic total connectedness
— up until 7 = 0.70. This finding indicates that in times of low uncertainty and normal market conditions, an increase in economic
and financial uncertainties is associated with an increase in sectoral interconnectedness across different quantiles. This finding is
similar to the results of Dang et al. (2023).

Interestingly, at 75% quantile and above, we note that the uncertainty indices have a negative effect on the dynamic total
connectedness. This result is relatively similar to what we have found from Fig. 4c that the long-term spillovers become lower at
the upper quantiles. One possible explanation for this interesting finding is that stock markets are generally regarded to have an
adaptive feature (Mauboussin, 2002), and market participants tend to be adaptive to variations in market conditions to secure a
stable level of their expected return (Hiremath & Kumari, 2014). Those appear to cause the herd mentality of the markets to become
herd immunity to uncertainties during periods of turbulent market conditions.

5.3. Robustness check

In order to verify our obtained empirical results, we compare the total connectedness measures retrieved from the quantile-
frequency connectedness approach of Chatziantoniou et al. (2022a) (QVAR frequency) with closely related alternative connectedness
frameworks. As the quantile-frequency connectedness approach is the only approach that combines quantile connectedness
measures (Chatziantoniou et al., 2021b) with the frequency connectedness approach of Barunik and Krehlik (2018) (VAR frequency),
we compare the median total connectedness measures of the quantile-frequency connectedness approach with the frequency
connectedness approach of Barunik and Krehlik (2018) and the time total connectedness measures with the quantile extended joint
connectedness approach of Cunado et al. (2023) (QVAR extended). Fig. 6 shows the results of all three connectedness approaches. By
comparing the results of the frequency connectedness approach with the quantile-frequency connectedness approach, we find that
patterns appear to be qualitatively similar to each other while our employed approach has the advantage of being outlier-insensitive.
Even though the decreases and increases in total connectedness are similar, we find that the VAR-based approach prolongs those
changes due to the fact that VARs are outlier-sensitive. This phenomenon has also been observed in Chatziantoniou et al. (2022a).

As Barunik and Krehlik (2018) pointed out that the time total connectedness measures are equal to the short-term plus long-term
total connectedness, we use the quantile extended joint connectedness approach of Cunado et al. (2023) as a second alternative. In
this respect, we are using a different connectedness framework that is also based upon quantile vector regressions and thus outlier-
insensitive. We find that the total connectedness measures of the quantile extended connectedness approach are qualitatively as
well as quantitatively similar to our employed approach. Thus, we can conclude that our provided empirical results appear to be
robust compared to alternative connectedness models.
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Fig. 6. Robustness check: Dynamic total connectedness.

Notes: Results are based on a 200-day rolling-window model with a lag length of order one (BIC), and a 100-step-ahead generalized forecast error variance
decomposition. Solid lines represent the quantile-frequency QVAR approach of Chatziantoniou et al. (2022a) (QVAR frequency), dashed lines demonstrate the
frequency VAR approach of Barunik and Krehlik (2018) (VAR frequency), and the dotted line represents the QVAR extended connectedness approach of Cunado
et al. (2023) (QVAR extended).

5.4. Portfolio analysis

So far our findings confirm strong uncertainty connectedness amongst sectors in emerging markets over time. As such, it is of
great importance to perform the investigation of diversification strategies. In this section, we pursue two portfolio strategies, namely,
dynamic hedge ratios and dynamic minimum variance portfolios.

Table 3 represents the hedge ratios (Kroner & Sultan, 1993), hedging effectiveness (Ederington, 1979), and associated test
statistics (Antonakakis et al., 2020). Looking at the mean values of the hedge ratio, we note that the cheapest hedge is when a
1 USD long position in CNC is hedged with CN (0.23 USD), whereas the most costly hedge would be when we hedge 1 USD long
position in ENE with 1.09 USD short position in CNC. The HE reveals that all sectoral pairs form portfolios that significantly reduce
investment uncertainty. We find that a long position in CC and a short position in IND will lead to the highest HE (0.81) among all
the possible combinations, followed by the pair of CC and FIN with the HE of 0.80. These two pairs of sectors obtain the largest
risk reduction for investors. Meanwhile, a long position in CN with a short position in ENE (or vice versa) will lead to the least risk
reduction as they have the lowest HE of 0.16 and 0.19, respectively.

Additionally, by looking at the 5% and 95% percentiles as well as the standard deviation of each pair of sectors, we can see that
the hedge ratios are changing over time, indicating that the hedge ratios possess substantial time-varying behavior. It implies that
market participants should adopt a dynamic hedging strategy instead of a static one. We observe that the most volatile hedge ratios
occur when a long position in CN is hedged with CNC. There is also a high variability in the hedge ratio between ENE and CNC.
Meanwhile, the least volatile hedged ratios are found in the pairs of CNC/CN and HC/CN. Hence, investors who use CN to hedge
their long position in CNC and HC might not only benefit from cheap hedges (i.e., 0.23 USD in the case of CNC and 0.29 USD in
the case of HC) but also have the least volatile ratios which might lead to a less dynamic hedging strategy.

Finally, we have a look at the dynamic minimum variance portfolio shown in Table 4. We find that forming a minimum variance
portfolio significantly reduces investment risk as indicated by the significant hedging effectiveness measures. Specifically, we identify
that by short selling, we reduce the investment risk with respect to all underlying assets while the long restriction (without short
selling) does not reduce the investment risk with respect to CNC. Furthermore, the portfolio with short-sellings has a higher Sharpe
ratio (SR) than the one without short-sellings (0.58 compared to 0.41), suggesting that allowing for short positions is preferable for
investors who want to mitigate their investment risks. Furthermore, we find that the portfolio weights are time-varying as indicated
by the 5% and 95% quantiles as well as the standard deviation. Such dynamic feature suggests that investors should follow active
portfolio rebalancing instead of employing a static strategy.

6. Concluding remarks
This paper investigates the uncertainty spillovers across emerging markets’ sectors during the 2003-2022 period, employing
the quantile time—frequency connectedness method. Moreover, the impacts of various uncertainty indices on the sectoral total

connectedness are examined. Key findings from our study could be presented as follows.
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Table 3
Hedge ratios.
Mean Std.Dev. 5% 95% HE p. value Mean Std.Dev. 5% 95% HE p. value
BM/CN 0.33 0.09 0.22 0.49 0.29 0.00 FIN/BM 0.77 0.12 0.60 0.97 0.74 0.00
BM/CC 0.97 0.14 0.75 1.22 0.78 0.00 FIN/CN 0.32 0.09 0.20 0.48 0.32 0.00
BM/CNC 1.07 0.18 0.80 1.38 0.72 0.00 FIN/CC 0.90 0.13 0.71 1.12 0.79 0.00
BM/ENE 0.67 0.13 0.46 0.88 0.66 0.00 FIN/CNC 0.98 0.16 0.76 1.26 0.71 0.00
BM/FIN 0.91 0.13 0.71 1.15 0.75 0.00 FIN/ENE 0.60 0.12 0.42 0.80 0.63 0.00
BM/HC 0.74 0.15 0.53 1.03 0.56 0.00 FIN/HC 0.67 0.13 0.48 0.91 0.54 0.00
BM/IND 0.92 0.14 0.70 1.15 0.74 0.00 FIN/IND 0.87 0.12 0.66 1.04 0.79 0.00
BM/TEC 0.51 0.12 0.34 0.71 0.42 0.00 FIN/TEC 0.50 0.11 0.34 0.71 0.48 0.00
BM/UTI 0.88 0.17 0.62 1.18 0.67 0.00 FIN/UTI 0.81 0.14 0.60 1.06 0.67 0.00
CN/BM 0.73 0.19 0.46 1.03 0.25 0.00 HC/BM 0.64 0.13 0.44 0.86 0.52 0.00
CN/CC 0.92 0.25 0.57 1.33 0.30 0.00 HC/CN 0.29 0.08 0.18 0.43 0.24 0.00
CN/CNC 0.88 0.27 0.49 1.38 0.21 0.00 HC/CC 0.80 0.15 0.56 1.04 0.60 0.00
CN/ENE 0.48 0.14 0.27 0.73 0.16 0.00 HC/CNC 0.87 0.16 0.62 1.14 0.55 0.00
CN/FIN 0.83 0.23 0.51 1.23 0.28 0.00 HC/ENE 0.47 0.12 0.30 0.67 0.39 0.00
CN/HC 0.74 0.20 0.46 1.11 0.22 0.00 HC/FIN 0.68 0.13 0.48 0.91 0.51 0.00
CN/IND 1.00 0.25 0.64 1.40 0.36 0.00 HC/IND 0.77 0.15 0.54 1.02 0.60 0.00
CN/TEC 0.82 0.18 0.57 1.14 0.49 0.00 HC/TEC 0.40 0.10 0.26 0.58 0.31 0.00
CN/UTI 0.75 0.23 0.43 1.17 0.20 0.00 HC/UTI 0.70 0.14 0.47 0.94 0.50 0.00
CC/BM 0.76 0.13 0.59 0.95 0.77 0.00 IND/BM 0.75 0.12 0.59 0.96 0.73 0.00
CC/CN 0.33 0.09 0.21 0.49 0.35 0.00 IND/CN 0.37 0.09 0.25 0.55 0.40 0.00
CC/CNC 0.98 0.16 0.76 1.25 0.77 0.00 IND/CC 0.90 0.13 0.73 1.13 0.79 0.00
CC/ENE 0.55 0.11 0.36 0.73 0.57 0.00 IND/CNC 0.95 0.19 0.70 1.30 0.69 0.00
CC/FIN 0.83 0.13 0.65 1.03 0.80 0.00 IND/ENE 0.56 0.11 0.38 0.75 0.56 0.00
CC/HC 0.72 0.14 0.53 0.98 0.63 0.00 IND/FIN 0.84 0.13 0.69 1.08 0.78 0.00
CC/IND 0.86 0.11 0.67 1.04 0.81 0.00 IND/HC 0.73 0.14 0.53 1.01 0.64 0.00
CC/TEC 0.49 0.11 0.32 0.69 0.49 0.00 IND/TEC 0.52 0.12 0.36 0.74 0.51 0.00
CC/UTI 0.79 0.14 0.57 1.01 0.68 0.00 IND/UTI 0.82 0.15 0.60 1.10 0.69 0.00
CNC/BM 0.62 0.11 0.47 0.80 0.73 0.00 TEC/BM 0.74 0.18 0.50 1.06 0.40 0.00
CNC/CN 0.23 0.08 0.14 0.38 0.25 0.00 TEC/CN 0.54 0.12 0.37 0.74 0.50 0.00
CNC/CC 0.73 0.12 0.56 0.92 0.77 0.00 TEC/CC 0.91 0.22 0.61 1.30 0.44 0.00
CNC/ENE 0.47 0.11 0.33 0.65 0.59 0.00 TEC/CNC 0.91 0.24 0.57 1.38 0.33 0.00
CNC/FIN 0.67 0.11 0.51 0.85 0.72 0.00 TEC/ENE 0.52 0.15 0.32 0.77 0.27 0.00
CNC/HC 0.58 0.11 0.43 0.79 0.58 0.00 TEC/FIN 0.86 0.19 0.58 1.20 0.46 0.00
CNC/IND 0.68 0.13 0.48 0.89 0.70 0.00 TEC/HC 0.68 0.17 0.44 0.99 0.29 0.00
CNC/TEC 0.36 0.10 0.22 0.53 0.37 0.00 TEC/IND 0.93 0.21 0.61 1.27 0.49 0.00
CNC/UTI 0.67 0.12 0.48 0.86 0.68 0.00 TEC/UTI 0.71 0.18 0.45 1.02 0.29 0.00
ENE/BM 0.90 0.22 0.66 1.26 0.64 0.00 UTI/BM 0.68 0.14 0.48 0.92 0.66 0.00
ENE/CN 0.30 0.11 0.18 0.49 0.19 0.00 UTI/CN 0.26 0.09 0.15 0.41 0.25 0.00
ENE/CC 0.94 0.22 0.67 1.34 0.55 0.00 UTI/CC 0.78 0.16 0.59 1.05 0.67 0.00
ENE/CNC 1.09 0.26 0.76 1.51 0.55 0.00 UTI/CNC 0.90 0.18 0.68 1.22 0.66 0.00
ENE/FIN 0.96 0.22 0.69 1.31 0.60 0.00 UTI/ENE 0.57 0.12 0.40 0.78 0.60 0.00
ENE/HC 0.73 0.22 0.48 1.07 0.41 0.00 UTI/FIN 0.75 0.13 0.55 0.99 0.67 0.00
ENE/IND 0.92 0.22 0.65 1.28 0.53 0.00 UTI/HC 0.63 0.14 0.45 0.90 0.55 0.00
ENE/TEC 0.48 0.16 0.30 0.74 0.30 0.00 UTI/IND 0.78 0.14 0.56 1.02 0.69 0.00
ENE/UTI 0.98 0.21 0.69 1.34 0.58 0.00 UTI/TEC 0.38 0.10 0.25 0.56 0.33 0.00

Notes: Results are based on the hedge ratio of Kroner and Sultan (1993), hedging effectiveness (HE) of Ederington (1979), and the test statistics for the hedging
effectiveness of Antonakakis et al. (2020). The sectors are Basic Materials (BM), Communications & Networking (CN), Consumer Cyclicals (CC), Consumer
Non-Cyclicals (CNC), Energy (ENE), Financials (FIN), Healthcare (HC), Industrials (IND), Technology (TEC) and Utilities (UTI).

First, our findings show that sectoral uncertainty transmission is exceptionally strong as the total connectedness index is 91.01%,
implying that the uncertainty transmission across sectors is substantial. The largest proportion of the sectoral total connectedness
is found to be associated with long-term dynamics. Consumer Cyclicals (CC) is found to be one of the greatest risk transmitters in
the short and long term. Meanwhile, Communications & Networking (CN) and Healthcare (HC) are the largest risk absorbers at the
median level. The emergence of those two sectors as net absorbers of shocks in the network is not surprising as Communications
and Healthcare are among the sectors that thrive and attract the most capital inflows (Martin, 2018).

Second, from the perspective of quantile, the sectoral uncertainty spillovers oscillate considerably over time. We note that the
periods of high spillovers appear to coincide with remarkable major events, such as (i) the global financial crisis (2007-2008), (ii)
Chinese stock market turbulence (2016), and (iii) the outbreak of the COVID-19 pandemic (2020). In addition, we find suggestive
evidence of asymmetric effects in uncertainty connectedness among sectors as the connectedness becomes much stronger during
turbulent market conditions (higher quantiles) than smooth market conditions (lower quantiles), showing that spillovers in high
uncertainty periods and spillovers in low uncertainty periods behave differently. Such asymmetry in spillovers is also found in Vo
and Dang (2023). However, this observation is slightly different from Chatziantoniou et al. (2022b, 2021b), in which the authors
find evidence of higher connectedness at both the highest and lowest quantiles.

Third, we find a positive relationship between uncertainty measures and the sectoral total connectedness during periods of low
uncertainty and normal market conditions. However, under turbulent market circumstances (at 75% quantile and above), we find
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Table 4
Minimum variance portfolio.
Without short-sellings With short-sellings
Mean Std.Dev. 5% 95% HE p-value SR Mean Std.Dev. 5% 95% HE p-value SR
BM 0.03 0.07 0.00 0.19 0.44 0.00 -0.12 0.22 -0.42 0.31 0.51 0.00
CN 0.03 0.05 0.00 0.12 0.72 0.00 0.03 0.09 —0.06 0.19 0.75 0.00
cC 0.08 0.12 0.00 0.34 0.28 0.00 —-0.01 0.32 —0.49 0.55 0.37 0.00
CNC 0.37 0.18 0.02 0.65 0.01 0.61 0.60 0.32 0.03 1.08 0.14 0.00
ENE 0.02 0.05 0.00 0.13 0.60 0.00 0.41 —-0.04 0.14 —-0.22 0.21 0.65 0.00 0.58
FIN 0.07 0.10 0.00 0.28 0.34 0.00 0.05 0.25 —-0.31 0.49 0.42 0.00
HC 0.10 0.11 0.00 0.31 0.26 0.00 0.15 0.20 —-0.12 0.52 0.35 0.00
IND 0.10 0.14 0.00 0.39 0.31 0.00 0.06 0.33 -0.40 0.63 0.40 0.00
TEC 0.05 0.06 0.00 0.17 0.57 0.00 0.06 0.12 -0.11 0.30 0.63 0.00
UTI 0.15 0.13 0.00 0.39 0.28 0.00 0.22 0.25 -0.18 0.65 0.37 0.00

Notes: Results represent time-varying weights of the minimum variance portfolio (Markowitz, 1952) including the hedging effectiveness (HE) of Ederington (1979)
with the associated test statistics provided by Antonakakis et al. (2020). SR stands for the Sharpe ratio. The sectors are Basic Materials (BM), Communications
& Networking (CN), Consumer Cyclicals (CC), Consumer Non-Cyclicals (CNC), Energy (ENE), Financials (FIN), Healthcare (HC), Industrials (IND), Technology
(TEC) and Utilities (UTI).

that the uncertainty indices have a negative effect on the dynamic total connectedness. We consider that stock markets are generally
regarded to have an adaptive feature (Mauboussin, 2002), and market participants tend to be adaptive to variations in market
conditions to secure a stable level of their expected return (Hiremath & Kumari, 2014), causing the herd mentality of the markets
to become herd immunity to uncertainties during periods of high uncertainty.

Last but not least, as we have found strong uncertainty connectedness among sectors in emerging markets over time, we consider
that it is crucial to pursue portfolio diversification strategies. Two different strategies are employed, including the dynamic hedge
ratios (Kroner & Sultan, 1993) and the minimum variance portfolio (Markowitz, 1952). As our proposed portfolios are found to
help reduce the investment risk significantly, international investors appear to benefit from our hedging analyses to develop their
optimal investment portfolios for risk mitigation.

Apart from the suggested hedging strategies for investors, based on our findings, policy implications have emerged as follows.
First, given that the sectoral total connectedness is mostly explained by long-term spillovers, policymakers are suggested to shift
their focus to the long-term dynamics to design appropriate policies that mitigate the effects of adverse spillover shocks. Second, as
Consumer Cyclicals (CC) is found to be the largest net transmitter of risk in both the short term and long term, this sector is regarded
as the main source of shock transmission and thus, it tends to spread the risks strongly and rapidly to other sectors in emerging
markets. As such, governments need to stabilize this sector first to reduce the risk of transmission within the system. Similarly,
given that Communications & Networking (CN) and Healthcare (HC) are noted to be the largest risk receivers at the median level,
those sectors tend to receive the most shocks and hence turn out to be the most fragile and vulnerable sectors in the network.
Therefore, those two sectors also need more serious attention and support from the governments. Third, we note that an increase
in economic and financial uncertainties is associated with an increase in sectoral interconnectedness across different quantiles.
Accordingly, governments are suggested to monitor the uncertainty indices to estimate the variations in the sectoral connectedness.
Subsequently, emerging countries might employ timely and appropriate responses to mitigate the risk propagation across sectors.

The novel quantile time-frequency connectedness approach of Chatziantoniou et al. (2022a) employed in this study focuses on
examining the contemporaneous spillovers only while neglecting the lagged connectedness effects, leading to a shortcoming of this
study. As such, future studies are suggested to adopt the contemporaneous and lagged R> decomposed connectedness approach
proposed by Balli et al. (2023). This framework appears to be less sensitive to outliers as well as allows us to obtain more insightful
information by distinguishing between the contemporaneous and lagged spillover effects. We consider that this approach might
provide insightful implications for both international investors and policymakers.
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