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Abstract: This study clarifies how risks spread across economic sectors and indicates the sectors that
are the most affected to help investors with asset allocation and to support them in risk management.
Although the Japanese stock market is one of the relatively large global stock markets, no studies have
explored volatility spillovers among its sectors. Using the forecast error variance decomposition of
the vector autoregressive model, this study examines the volatility spillovers among sectors classified
on the Tokyo Stock Exchange. Our findings show that the pattern of volatility spillovers across
sectors in the Japanese stock market differs between a few years preceding the coronavirus disease
2019 (pre-COVID-19), from 2014 to 2019, and during the COVID-19 period, in 2020. Although the
energy resources and bank sectors are risk receivers in the pre-COVID-19 period, these sectors are
risk transmitters during the COVID-19 period. We also find that volatility spillovers in the Japanese
stock market are mainly driven by negative realized semivariance. These results are useful for asset
allocation and risk management.

Keywords: COVID-19 pandemic; Japanese stock sectors; realized volatility; realized semivariance;
volatility spillover

1. Introduction

Interdependence between financial markets has increased with financial liberaliza-
tion, which increases the vulnerability of markets to domestic and international events
and shocks and reduces the diversification effect. For example, a huge shocks that oc-
curs in one market can spread to other markets rapidly, like the global financial crisis
in 2007 and 2008, the Chinese shock in 2015, and COVID-19 in 2020. In this context,
volatility spillovers have attracted much attention recently. Volatility spillovers play an
important role for investors by enhancing their asset allocation, investment strategies, and
risk management. However, the direction and magnitude of volatility spillovers vary
depending on market conditions and asset types. Therefore, studies of volatility spillover
have been conducted not only among international stock markets (Li 2021) and domestic
sectors (Mensi et al. 2021), but also among various financial instruments, such as among
banks (Diebold and Yilmaz 2014), between oil price and stock sectors (Kang et al. 2021),
between VIX and stock sectors (Ahmad et al. 2021), economic policy uncertainty and oil
price (Yang 2019), foreign exchange and stock markets (Grobys 2015), and among cryp-
tocurrencies (Kumar and Anandarao 2019) using some quantified method.

Diebold and Yilmaz (2009) proposed a new volatility spillover index called the Diebold–
Yilmaz (DY) index as a connectedness measure, based on the forecast error variance de-
composition from the vector autoregressive (VAR) framework. The DY index was further
developed by Diebold and Yilmaz (2012) to use the generalized VAR framework that its fore-
cast error variance decomposition is invariant to variable ordering. The DY index can not
only measure time-varying volatility spillovers but also specify the direction of spillovers
for each sector. Diebold and Yilmaz (2012) used their proposed index to investigate the
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volatility spillover among stock, bond, exchange rate, and commodity market in the United
States (U.S.). Moreover, Diebold and Yilmaz (2014) constructed the spillover network using
the DY index and examined the relationship between some financial institutions during the
global financial crisis in 2007 and 2008. This index has also been used to analyze spillovers
from the global financial crisis (Liow 2015); (Wang et al. 2016); (Yarovaya et al. 2016) and
the COVID-19 shock (Choi et al. 2021); (Costa et al. 2021); (Laborda and Olmo 2021);
Lee and Lee (2022); (Li 2021) (Shahzad et al. 2021).

COVID-19 has caused a massive and sudden global stock market crash since 2020.
This crash has had an impact on both developed and emerging markets. Li (2021) in-
vestigated volatility spillovers between 10 developed and emerging countries before and
during the pandemic and discovered that risk transmission occurs in developed markets
rather than emerging markets. Additionally, Li (2021) has shown that Japan, India, China,
and Brazil are risk receivers, and the U.S. the United Kingdom, and Germany are risk
transmitters. Meanwhile, Lee and Lee (2022) examined the volatility spillover relationship
among China, Japan, Korea, the U.S., and the Euro area. Regrading the volatility spillover
relationship between COVID-19 and industries, Laborda and Olmo (2021) and Costa et al.
(2021) researched the U.S., whereas Shahzad et al. (2021) investigated China. Meanwhile,
Zhang et al. (2020) have shown that volatility increased before and during this pandemic,
indicating a clear change in the pattern of stock market linkages. Research on volatility
spillovers across sectors is motivated by the interest of investors and policymakers in
investing in relevant sectors for portfolio rebalancing. Ratner et al. (2006) demonstrated
that the volatility of industry indices can be used to forecast stock market returns. Industry
indices are also used to evaluate portfolio performance. Identifying which sectors cause
volatile spillovers and market fluctuations as well as how risks transmit the most risk to the
market are highly considered by policy maker with respect to implementing regulations
and policies based on the risk level (Mensi et al. 2021).

For the Japanese stock market1, the results presented by Li (2021) showed that in the
international markets, Japan generally has fewer spillovers from other countries, fewer
spillovers to others, and relatively more spillovers from its own market. However, during
the COVID-19 period, volatility spillovers from others are as high as in emerging countries,
but spillovers to others and from one’s own market are also low. According to Li (2021),
emerging countries are risk receivers, whereas developed countries are risk transmitters.
Kanno (2021) used a correlation-based network to examine the impact of COVID-19 on
Japanese firms. He stated that the state of emergency declaration makes more connections
across sectors than pre-COVID-19 and the WHO’s declaration of it as a global pandemic.
However, Kanno (2021) did not investigate the direction of spillover and only examined
the effect of COVID-19 in Japan using limited data. Based on these studies, although the
Japanese stock market does not send spillovers to other markets, unlike other developed
countries during the crisis, the market receives a huge spillover. Therefore, we consider
that the Japanese stock market is very affected by foreign and domestic factors during
the crisis, and that the effects will persist for a long time. To confirm this hypothesis,
we investigate the volatility spillover across the Japanese stock market response to the
COVID-19 pandemic. For the analysis, we use the Japanese industry indices called TOPIX-
17 series2. We focus on the changes in the volatility spillover network across sectors prior
to and during COVID-19. We apply the volatility spillover method proposed by both
Diebold and Yilmaz (2012, 2014) and Baruník et al. (2016). Baruník et al. (2016) developed
the DY index to introduce the realized semivariance (RS, Barndorff-Nielsen et al. 2010),
and proposed the spillover asymmetry measure (SAM).

The structure of the remainder of this paper is as follows: Section 2 describes the
realized volatility (RV), RS, and the research methods. Section 3 shows the analysis of data
and empirical results, Section 4 shows the discussion and Section 5 is the conclusion.
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2. Methodology
2.1. Realized Volatility

The RV could be stated, according to Andersen and Bollerslev (1998), as follows:

RVt =
n

∑
i=1

r2
t,i,

where RVt is the RV for day t, rt,i represents the observed i-th returns for day t, and n
indicates the number of observations of intraday returns.

2.2. Realized Semivariance

The RS that captures changes in intraday returns corresponding to negative and
positive fluctuations is indicated according to Barndorff-Nielsen et al. (2010). RS+ and RS−

refer to the RS of returns that could be positive or negative. They are defined as follows:

RS+
t =

n

∑
i=1

r2
t,i I{rt,i>0},

RS−t =
n

∑
i=1

r2
t,i I{rt,i<0}.

RS+ and RS− denote the measures (Barndorff-Nielsen et al. 2010), and are expressed as
positive (good) and negative (bad) according to Segal et al. (2015). The RV is also the sum
of positive and negative RS, RV = RS+ + RS−. Hereafter, we say that RS+ is positive RS,
and RS− is negative RS.

2.3. Vector Autoregressive Model

This study uses the N-dimensional vector autoregressive (VAR) model (Johansen
1988); (Johamen and Juselius 1990); (Sims 1980),

x1,t
x2,t

...
xN,t

 =
p

∑
i=1


φ11,i φ12,i · · · φ1N,i
φ21,i φ22,i · · · φ2N,i

...
...

. . .
...

φN1,i φN2,i · · · φNN,i




x1,t−i
x2,t−i

...
xN,t−i

+


ε1,t
ε2,t

...
εN,t

,

or,

xt =
p

∑
i=1

Φixt−i + εt,

where xt is the N × 1 vector consisting of RV or RS, Φi is N × N coefficient matrices, and
ε ∼ (0, Σ) is the independently and identically distributed error vector. The VAR model
can rewrite the moving average representation as follows:

xt =
∞

∑
i=0

Aiεt−i,

where Ai is N× N coefficient matrices that follow Ai = Φ1 Ai−1 + Φ2 Ai−2 + · · ·+ Φp Ai−p,
with A0 being an N × N identity matrix and Ai = 0 for i < 0.

2.4. Volatility Spillover Index

We use two indices developed by Diebold and Yilmaz (2012) and Baruník et al. (2016).
Diebold and Yilmaz (2012) exploit Koop et al. (1996) and Pesaran and Shin’s (1998) general-
ized VAR framework that produces variance decompositions. Variance decompositions are
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invariant concerning the ordering of the variables. The generalized H-step-ahead forecast
error variance decomposition θij(H) is as follows:

θij(H) =
σ−1

jj ∑H−1
h=0 (e′i AhΣej)

2

∑H−1
h=0 (e′i AhΣA′hei)

, (1)

where Σ is the covariance matrix for the error vector ε, σjj denotes the standard deviation
of the error term for the j-th equation, and ei is the selection vector with 1 denoting the
i-th element and 0 otherwise. In Equation (1), the sum of the elements in each row is not
equal to 1, because the error term ε is correlated. Calculating the spillover index requires
normalizing each element within the variance decomposition matrix by the row sum as
follows:

θ̃ij(H) =
θij(H)

∑N
j=1 θij(H)

,

where ∑N
j=1 θ̃ij(H) = 1, and ∑N

i,j=1 θ̃ij(H) = N. The own variance shares are the fractions
of the H-step-ahead forecast error variance in forecasting the xi variable that are due
to shocks to xi for i = 1, . . . , N, and cross variance shares or spillovers, according to
Diebold and Yilmaz (2012). The fractions of the H-step-ahead forecast error variance in
forecasting the xi variable occur because of shocks to xj for i, j = 1, . . . , N, and i 6= j.

The total volatility spillover index measures the rate of contribution of spillovers from
volatility shocks across variables within the system to the total forecast error variance:

S(H) =
1
N

N

∑
i,j=1,i 6=j

θ̃ij(H)× 100.

The generalized VAR framework shows the volatility spillover across assets’ directions.
The directional volatility spillover that asset i receives from all other assets j, and the
directional volatility spillover that asset i transmits to all other assets j are indicated
as follows:

From : Si←(H) =
1
N

N

∑
j=1,i 6=j

θ̃ij(H)× 100,

To : Si→(H) =
1
N

N

∑
j=1,i 6=j

θ̃ji(H)× 100.

We can obtain the net volatility spillover index from asset i to all other assets j as:

Net : Si(H) = Si→(H)− Si←(H). (2)

In the system, this index indicates whether an asset acts as a net transmitter or net
recipient of spillovers in the system. In other words, we can obtain the relationship between
one asset and other assets.

We can also consider the pairwise and net pairwise spillover indices between assets i
and j as follows:

Sj←i =
θ̃ji(H)

N
× 100.

Sij(H) =

(
θ̃ji(H)− θ̃ij(H)

N

)
× 100. (3)

The pairwise spillover index measures the spillover from asset i to asset j. The net
pairwise spillover index also gives us the relationship between assets i and j, whether it
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is a net pairwise transmitter or a net pairwise receiver. In our empirical analysis, we use
these indices, net and net pairwise spillover index, to make spillover networks.

2.5. Asymmetric Spillovers

The spillover asymmetry measure (SAM) using negative and positive RS, according to
Baruník et al. (2016), is as follows:

SAM = C+ − C−, (4)

where C+ and C− are indices of total spillover estimated by negative and positive RS.
When SAM = 0, volatility spillovers based on positive RS and negative RS are equal and
symmetric. If SAM > 0(< 0), volatility spillover based on positive (negative) RS is larger
than that based on negative (positive) RS, which means that positive (negative) spillover
dominates the market.

2.6. Data Collection

For our empirical analysis, we use the TOPIX-17 series obtained from JPX Data Cloud.
The TOPIX-17 series is a stock price index of the TOPIX components divided into 17 in-
dustries. Sectors included in this index are food, energy resources, construction/materials,
materials/chemicals, pharmaceuticals, automobiles/transportation equipment, steel/non-
ferrous, machinery, electric/precision machinery, information/communications/services/
others, electricity/gas, transportation/logistics, trading/wholesale, retail, banks, finance
(excluding banks), and real estate. Table 1 shows these sectors and their symbols. The
sample period starts on 1 January 2014, and ends on 31 December 2020, covering 1708 trad-
ing days. We set the period so that the pre-COVID period runs from 1 January 2014 to 21
February 2020, and the COVID-19 period runs from 25 February 2020 to 31 December 2020
in our data. We set such periods because the Japanese stock market is thought to have
crashed from 25 February to 28 February due to to concern about the spread of COVID-19
and the resulting economic consequences.

Table 1. Sectors included in the TOPIX-17 series and their symbols.

Symbol Sector Symbol Sector

Food Food IT Information/Communications/Services/Others
Enrg Energy Resources ElGs Electricity/Gas
Cnst Construction/Materials Tras Transportation/Logistics
Matr Materials/Chemicals Whol Trading/Wholesale
Medi Pharmaceuticals Reta Retail
Cars Automobiles/Transportation Equipment Bank Banks
Stel Steel/Non-Ferrous Fina Finance (excluding banks)
Mach Machinery Real Real Estate
ElEq Electric/Precision Machinery

The order of the VAR model using our empirical analysis is set as p = 2 based on the
Bayesian information criterion. We also set H = 5 as the forecast horizon of the forecast
variance error decomposition, and w = 250 as the rolling-sample window. We use the
Econometric Toolbox of MATLAB to estimate the VAR model and the MFE Toolbox, which
was published by Professor Kevin Sheppard for the estimation of the RV and RS3. The RV
and RS are estimated based on 5 min high-frequency data.

3. Empirical Analysis

We use these indices to examine the volatility spillover in the Japanese stock market.
First, we describe our data (RV and RS) and the setting of the VAR model used in our
empirical analysis. Second, we analyze static volatility spillovers during the pre-COVID-19
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and COVID-19 periods. Third, we investigate dynamic volatility spillovers using rolling-
sample data.

3.1. Descriptive Statistics

The daily price, RV, and each RS for the energy resource sector are shown in Figure 1.
Table 2 displays the descriptive statistics of RV and RS for each sector in the pre-COVID-19
and COVID-19 periods. We indicate that increases in mean, standard deviation, maximum,
and minimum values of RV and RS are observed across almost all sectors during both the
pre-COVID-19 and COVID-19 periods. These statistics of negative RS are also larger than
positive RSs for the pre-COVID-19 and COVID-19 periods.

Figure 1. The daily price, realized volatility, and realized semivariance of the energy resource sector.
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Table 2. Descriptive statistics for 17 sectors’ indices’ realized volatility and realized semivariance.

RV Pre-COVID-19 period (1 January 2014–21 February 2020)
Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real

Mean 0.66 1.51 0.64 0.62 0.86 0.83 1.11 0.88 0.77 0.61 1.12 0.63 0.63 0.57 1.18 1.12 1.20
Std.dev 1.03 1.70 1.09 1.04 1.28 1.58 1.52 1.36 1.38 1.09 1.27 0.98 1.08 0.92 2.20 1.96 2.00
Max 20.94 20.51 20.46 20.42 27.91 27.53 29.75 24.86 27.39 22.62 23.34 21.68 18.31 16.25 31.58 32.38 33.53
Min 0.06 0.18 0.05 0.06 0.09 0.07 0.11 0.08 0.06 0.04 0.09 0.05 0.06 0.05 0.08 0.07 0.09
Skewness 9.22 5.19 9.21 8.99 9.88 9.28 8.27 8.01 9.32 9.77 8.10 11.06 8.79 8.88 8.07 8.09 8.70
Kurtosis 136.45 40.55 123.45 124.94 162.59 118.62 115.75 100.70 133.45 148.08 112.73 185.62 112.24 120.20 86.78 91.56 103.51

RV COVID-19 period (25 February 2020–31 December 2020)
Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real

Mean 0.99 2.15 1.48 1.10 1.43 1.63 2.35 1.41 1.39 1.09 1.50 1.81 1.18 1.02 1.60 1.69 2.59
Std.dev 1.90 3.99 2.88 2.49 2.97 3.21 3.62 2.91 3.30 2.58 2.55 3.10 2.48 2.08 3.05 3.45 4.58
Max 19.76 38.77 28.69 28.67 35.72 36.36 38.31 32.14 38.43 28.36 19.80 31.04 29.63 20.41 32.31 37.90 46.70
Min 0.07 0.26 0.10 0.09 0.15 0.14 0.23 0.12 0.12 0.07 0.21 0.06 0.10 0.07 0.09 0.08 0.20
Skewness 5.67 5.27 5.64 7.40 7.67 6.83 5.69 6.63 7.34 6.87 4.33 5.36 7.47 5.64 6.00 6.32 5.46
Kurtosis 46.14 38.41 44.53 72.10 79.94 64.25 47.74 60.80 72.90 62.16 24.55 41.52 76.88 43.36 51.42 56.83 42.93

RS− Pre-COVID-19 period (1 January 2014–21 February 2020)
Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real

Mean 0.34 0.77 0.33 0.32 0.44 0.43 0.58 0.45 0.40 0.32 0.57 0.32 0.32 0.29 0.59 0.56 0.61
Std.dev 0.69 1.06 0.75 0.71 0.86 1.04 1.03 0.93 0.95 0.74 0.76 0.67 0.76 0.60 1.39 1.24 1.15
Max 16.81 14.42 16.71 16.86 21.78 20.79 23.54 20.84 21.10 17.26 15.23 16.99 15.48 13.43 28.43 25.55 21.29
Min 0.01 0.04 0.02 0.01 0.03 0.02 0.03 0.03 0.02 0.02 0.05 0.02 0.02 0.02 0.03 0.03 0.04
Skewness 13.47 6.87 12.68 12.98 14.34 12.36 12.31 12.23 12.90 12.96 9.88 15.90 13.10 11.89 12.43 12.32 10.66
Kurtosis 266.18 69.01 220.12 243.04 301.40 197.29 223.92 217.28 230.74 239.71 153.87 338.72 225.70 205.85 201.34 205.15 153.34

RS− COVID-19 period (25 February 2020–31 December 2020)
Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real

Mean 0.51 1.11 0.75 0.57 0.72 0.80 1.17 0.71 0.71 0.56 0.76 0.90 0.60 0.53 0.80 0.84 1.34
Std.dev 1.13 2.43 1.65 1.53 1.75 1.83 2.04 1.65 1.96 1.52 1.39 1.75 1.50 1.21 1.75 2.07 3.06
Max 13.70 26.54 19.69 20.73 23.42 24.07 24.81 20.68 26.03 19.11 14.44 21.22 20.22 14.13 21.67 27.07 38.85
Min 0.03 0.10 0.03 0.02 0.05 0.03 0.09 0.05 0.04 0.03 0.05 0.03 0.02 0.03 0.03 0.03 0.03
Skewness 7.54 7.13 7.43 10.08 9.64 9.21 7.30 8.23 9.55 8.57 5.64 7.45 9.78 7.16 8.09 9.19 8.66
Kurtosis 80.04 65.37 76.62 126.91 120.05 111.61 77.39 92.70 117.63 96.11 45.47 79.18 122.98 71.86 88.18 110.08 98.49
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Table 2. Cont.

RS+ Pre-COVID-19 period (1 January 2014–21 February 2020)
Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real

Mean 0.32 0.74 0.31 0.30 0.42 0.41 0.54 0.42 0.37 0.29 0.55 0.31 0.31 0.27 0.59 0.55 0.59
Std.dev 0.45 0.99 0.48 0.46 0.57 0.73 0.69 0.65 0.60 0.46 0.63 0.44 0.48 0.40 1.15 1.02 1.16
Max 6.24 14.62 6.63 6.19 7.22 10.79 8.74 11.73 7.11 5.83 11.09 7.68 7.74 6.16 20.30 15.42 25.03
Min 0.02 0.05 0.02 0.01 0.04 0.03 0.04 0.03 0.02 0.01 0.02 0.02 0.01 0.01 0.02 0.03 0.03
Skewness 6.03 7.39 7.56 6.84 6.08 7.99 4.96 7.83 6.33 6.60 6.36 7.67 6.98 6.75 8.72 8.45 13.12
Kurtosis 54.72 83.17 83.08 67.22 53.65 88.92 39.10 99.47 56.83 62.13 75.40 92.96 76.52 72.05 108.68 98.73 240.48

RS+ COVID-19 period (25 February 2020–31 December 2020)
Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real

Mean 0.47 1.04 0.73 0.53 0.71 0.83 1.18 0.69 0.67 0.53 0.74 0.90 0.58 0.49 0.81 0.86 1.25
Std.dev 0.88 1.89 1.38 1.11 1.39 1.60 1.86 1.39 1.51 1.17 1.30 1.56 1.13 1.00 1.49 1.65 1.99
Max 6.90 13.04 11.37 10.43 12.30 12.29 14.88 12.58 12.70 10.49 9.11 13.82 9.81 9.97 10.83 11.23 14.72
Min 0.03 0.06 0.05 0.04 0.04 0.04 0.12 0.06 0.05 0.04 0.06 0.03 0.04 0.03 0.03 0.02 0.05
Skewness 4.39 4.26 4.53 5.54 5.59 5.05 4.50 5.51 5.42 5.61 4.07 4.48 5.28 5.52 4.20 4.18 3.65
Kurtosis 25.50 23.09 27.54 39.94 40.66 32.23 28.02 40.38 37.36 40.41 21.64 28.77 37.55 42.61 23.73 22.44 18.10
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3.2. Static Volatility Spillover Analysis

Total volatility spillover results for RV and each RS in the pre-COVID-19 and COVID-19
periods, as well as net volatility spillover networks among 17 sectors, are shown in
Tables 3–5, and Figure 2. The (i, j) elements indicate the estimated contribution to the
forecast error variance of asset i due to asset j innovations. We decompose the total
volatility spillover index into two directional spillovers: (1) From: the receiver of volatility
spillovers; and (2) To: the transmitter of volatility spillovers. Equation (2) calculates the
net volatility spillover index; if Net > 0 (< 0) for sector i, the sector is the net transmitter
(receiver) of volatility spillover.

To provide a simple interpretation, we also conduct volatility spillover networks of RV
and RS using the net pairwise spillover index in Equation (3). Figure 2 shows the volatility
spillover networks across each sectors for the pre-COVID-19 (until 21 February 2020) and
COVID-19 (after 21 February 2020) periods. Figure 2a,c,e show the pre-COVID-19 period,
and Figure 2b,d,f show the COVID-19 period, showing the volatility spillover estimated
by RV and the negative and positive RS from the top. The size of nodes in each network
indicates the size of Net; the red nodes are net recipients (Net < 0), and the blue nodes are
net transmitters (Net > 0) of spillovers. The edge thickness indicates the size of the net
pairwise spillover index obtained with Equation (3), and the edge colors indicate the top 5
(black), 6–10 (red), and 11–20 (green), while other edges are omitted. The direction of the
arrows indicates the direction of spillover.
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Table 3. Total spillover table based on realized volatility during pre-COVID-19 and COVID-19 periods.

RV Pre-COVID-19 period (1 January 2014–21 February 2020)

Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real FROM

Food 7.9 2.4 6.6 6.5 6.5 6.1 5.9 5.9 6.3 6.7 5.2 6.4 5.9 6.9 4.5 5.7 4.6 92.1
Enrg 5.0 15.6 5.7 6.0 5.1 5.2 6.0 7.1 6.2 5.6 3.8 4.7 6.2 5.0 4.1 4.8 3.9 84.4
Cnst 6.5 2.6 7.2 6.8 5.9 6.3 6.1 6.4 6.6 6.6 5.1 6.2 6.2 6.5 4.8 5.7 4.6 92.8
Matr 6.4 2.9 6.8 7.2 6.1 6.2 6.2 6.6 6.8 6.5 4.9 6.1 6.1 6.4 4.8 5.7 4.3 92.8

Medi 6.9 2.5 6.4 6.6 7.7 6.0 6.1 6.1 6.5 6.6 4.9 6.3 6.0 6.6 4.7 5.7 4.3 92.3
Cars 6.3 2.5 6.6 6.5 5.7 7.1 6.1 6.3 6.6 6.2 4.8 5.9 6.2 6.1 5.5 6.3 5.1 92.9
Stel 6.3 3.0 6.6 6.6 5.9 6.3 7.6 6.7 6.7 6.3 4.7 5.9 6.3 6.0 5.0 5.8 4.4 92.4
Mach 6.1 3.4 6.7 6.8 5.8 6.3 6.5 7.3 6.9 6.4 4.5 5.8 6.3 5.9 4.9 5.9 4.5 92.7

ElEq 6.3 2.9 6.7 6.8 6.0 6.3 6.4 6.7 7.0 6.5 4.6 6.1 6.2 6.1 5.0 5.9 4.5 93.0
IT 6.7 2.6 6.7 6.7 6.2 6.0 6.0 6.3 6.5 7.4 5.1 6.2 6.0 6.6 4.7 5.7 4.5 92.6
ElGs 6.8 2.2 6.7 6.3 5.9 5.9 5.8 5.6 5.9 6.6 9.6 6.5 5.6 7.1 4.3 5.1 4.1 90.4
Tras 6.8 2.3 6.7 6.7 6.3 6.1 6.0 6.0 6.4 6.5 5.3 7.3 6.1 6.6 4.9 5.6 4.4 92.7

Whol 6.3 3.0 6.6 6.6 5.8 6.4 6.3 6.5 6.6 6.3 4.7 6.1 7.4 6.0 5.2 5.9 4.5 92.6
Reta 7.0 2.4 6.8 6.6 6.3 6.0 5.8 5.9 6.3 6.8 5.7 6.3 5.8 8.0 4.6 5.3 4.4 92.0
Bank 5.8 2.4 6.1 6.2 5.4 6.8 6.0 6.0 6.2 5.7 4.2 5.7 6.1 5.6 8.7 7.1 5.9 91.3
Fina 6.2 2.5 6.3 6.4 5.8 6.7 6.1 6.3 6.4 6.1 4.3 5.7 6.1 5.6 6.2 7.5 5.8 92.5
Real 6.0 2.5 6.2 5.9 5.4 6.6 5.5 6.0 6.0 5.9 4.1 5.6 5.8 5.7 6.3 6.9 9.6 90.4

TO 101.3 42.0 104.3 104.0 94.3 99.2 96.8 100.6 102.8 101.3 75.6 95.6 97.0 98.7 79.6 93.1 73.6 Total: 91.8

NET 9.2 −42.4 11.4 11.2 2.0 6.3 4.4 7.9 9.8 8.7 −14.8 2.9 4.4 6.8 −11.7 0.6 −16.7

RV COVID-19 period (25 February 2020–31 December 2020)

Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real FROM

Food 6.4 6.1 6.1 6.2 5.5 5.9 5.5 6.4 6.4 6.4 4.8 5.3 6.0 5.7 6.1 5.8 5.2 93.6
Enrg 5.6 9.4 6.0 5.9 5.0 5.8 5.8 6.3 6.3 6.2 4.1 4.8 5.9 5.1 6.9 5.8 4.9 90.6
Cnst 6.0 6.3 6.3 6.2 5.4 6.1 5.8 6.5 6.4 6.3 4.5 5.1 6.0 5.6 6.3 5.9 5.4 93.7
Matr 6.2 5.8 6.1 6.4 5.6 6.0 5.6 6.4 6.4 6.4 4.5 5.2 6.1 5.7 6.2 5.9 5.4 93.6

Medi 6.3 5.3 6.1 6.3 6.3 6.0 5.5 6.4 6.4 6.3 4.9 5.2 6.2 5.6 5.9 5.9 5.4 93.7
Cars 6.0 5.9 6.2 6.2 5.5 6.4 5.9 6.4 6.3 6.2 4.7 5.2 6.0 5.5 6.2 5.9 5.3 93.6
Stel 5.9 6.0 6.1 6.0 5.3 6.2 6.6 6.4 6.1 5.9 4.6 5.2 6.0 5.3 6.6 6.1 5.6 93.4
Mach 6.1 6.1 6.2 6.3 5.6 6.1 5.8 6.6 6.4 6.3 4.5 5.1 6.1 5.6 6.3 5.9 5.3 93.4
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Table 3. Cont.

ElEq 6.1 6.2 6.2 6.3 5.6 6.0 5.6 6.5 6.6 6.5 4.4 5.0 6.1 5.7 6.2 5.8 5.3 93.4
IT 6.2 6.4 6.1 6.3 5.5 5.8 5.4 6.5 6.6 6.8 4.3 5.0 6.1 5.8 6.2 5.8 5.2 93.2
ElGs 6.2 6.1 6.2 6.2 5.5 6.0 5.6 6.3 6.2 6.3 6.1 5.2 5.9 5.5 6.0 5.9 5.0 93.9
Tras 6.2 5.6 6.0 6.2 5.4 6.0 5.6 6.1 6.0 6.1 5.0 6.4 5.9 5.8 6.1 5.9 5.5 93.6

Whol 6.1 6.0 6.1 6.2 5.6 5.9 5.7 6.4 6.4 6.3 4.6 5.2 6.4 5.6 6.2 5.9 5.3 93.6
Reta 6.1 6.4 6.2 6.2 5.3 5.8 5.5 6.4 6.4 6.6 4.4 5.2 6.0 6.2 6.2 5.7 5.3 93.8
Bank 5.9 6.9 6.0 6.2 5.2 6.1 5.9 6.3 6.1 6.1 4.2 5.2 5.9 5.2 7.5 6.2 5.3 92.5
Fina 6.0 5.9 6.0 6.2 5.4 6.0 5.9 6.3 6.2 6.1 4.6 5.2 6.0 5.3 6.7 6.5 5.5 93.5
Real 6.0 5.5 6.1 6.1 5.3 5.9 6.0 6.2 6.1 6.1 4.8 5.5 5.9 5.7 6.1 6.2 6.4 93.6

TO 96.9 96.6 97.6 99.0 86.7 95.6 91.0 102.0 100.6 100.2 73.1 82.7 95.8 88.7 100.3 94.8 85.0 Total: 93.3

NET 3.3 6.0 3.9 5.4 −7.0 2.0 −2.4 8.6 7.2 7.0 −20.9 −10.9 2.2 −5.1 7.9 1.3 −8.6
Notes: The numbers in bold italics are the spillover itself and total spillover. The numbers in italics in NET are the negative values.

Table 4. Total spillover table based on negative realized semivariance during pre-COVID-19 and COVID-19 periods.

RS− Pre-COVID-19 period (1 January 2014–21 February 2020)

Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real FROM

Food 7.3 3.0 6.4 6.4 6.3 6.0 5.9 6.0 6.1 6.4 5.5 6.3 5.8 6.5 5.2 6.1 4.8 92.7
Enrg 5.0 12.2 5.8 6.1 5.4 5.4 6.2 7.0 6.4 5.6 4.4 4.7 6.0 5.1 4.9 5.4 4.4 87.8
Cnst 6.2 3.4 6.8 6.5 5.8 6.2 6.2 6.3 6.4 6.3 5.3 5.9 6.0 6.2 5.2 6.1 5.1 93.2
Matr 6.1 3.6 6.5 6.8 5.9 6.2 6.2 6.4 6.5 6.3 5.1 6.0 5.9 6.1 5.1 6.1 4.9 93.2

Medi 6.5 3.3 6.2 6.4 7.3 5.9 6.1 6.2 6.3 6.4 5.2 6.3 5.9 6.2 5.2 6.0 4.8 92.7
Cars 6.0 3.3 6.4 6.3 5.7 6.9 6.1 6.2 6.4 6.1 5.1 5.8 6.2 5.9 5.8 6.5 5.3 93.1
Stel 5.9 3.8 6.4 6.5 5.9 6.2 7.1 6.6 6.5 6.1 5.1 5.8 6.1 5.8 5.3 6.2 4.9 92.9
Mach 5.9 4.2 6.4 6.5 5.9 6.1 6.4 6.9 6.6 6.2 5.0 5.7 6.1 5.8 5.2 6.1 4.9 93.1

ElEq 5.9 3.8 6.4 6.6 5.9 6.2 6.3 6.6 6.8 6.2 4.9 5.9 6.1 5.8 5.4 6.2 5.1 93.2
IT 6.3 3.4 6.5 6.5 6.1 6.0 6.1 6.3 6.3 7.0 5.2 6.0 5.9 6.3 5.2 6.1 4.9 93.0
ElGs 6.5 3.1 6.4 6.1 5.8 5.9 5.9 5.8 5.8 6.2 8.6 6.3 5.6 6.5 4.7 5.8 5.0 91.4
Tras 6.5 2.9 6.3 6.3 6.2 6.0 5.9 5.9 6.2 6.3 5.6 7.1 5.9 6.3 5.4 6.0 5.0 92.9

Whol 5.9 3.7 6.3 6.2 5.7 6.4 6.2 6.3 6.4 6.1 5.0 5.9 7.1 5.7 5.7 6.3 5.1 92.9
Reta 6.7 3.1 6.5 6.4 6.1 6.0 5.9 6.0 6.1 6.5 5.7 6.2 5.7 7.4 5.0 5.8 4.9 92.6
Bank 5.8 3.3 6.0 5.9 5.6 6.6 5.9 5.9 6.2 5.9 4.5 5.9 6.2 5.5 8.0 6.9 5.9 92.0
Fina 6.0 3.2 6.3 6.2 5.8 6.4 6.1 6.2 6.3 6.1 4.8 5.8 6.1 5.6 6.1 7.1 5.7 92.9
Real 5.7 3.2 6.2 5.9 5.5 6.3 5.8 6.0 6.1 5.8 4.9 5.7 5.9 5.5 6.2 6.8 8.6 91.4
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Table 4. Cont.

TO 96.9 54.3 101.0 100.8 93.6 97.9 97.1 99.6 100.7 98.7 81.2 94.1 95.4 94.8 85.8 98.3 80.7 Total: 92.4

NET 4.2 −33.5 7.9 7.7 0.9 4.8 4.2 6.6 7.4 5.7 −10.2 1.2 2.5 2.3 −6.2 5.3 −10.6

RS− COVID-19 period (25 February 2020–31 December 2020)

Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real FROM

Food 6.4 5.0 6.1 6.1 5.7 5.8 5.9 6.1 6.2 6.3 5.0 5.6 6.0 5.9 6.0 6.0 5.6 93.6
Enrg 5.1 10.1 5.9 5.6 4.9 5.9 6.4 6.3 6.5 6.0 3.9 4.5 5.7 5.0 7.7 5.9 4.6 89.9
Cnst 6.0 5.3 6.4 6.1 5.6 6.0 6.3 6.3 6.3 6.3 4.6 5.2 6.0 5.6 6.3 6.1 5.6 93.6
Matr 6.0 4.9 6.1 6.3 5.9 6.0 5.9 6.3 6.3 6.3 4.8 5.4 6.1 5.7 6.2 6.2 5.6 93.7

Medi 6.1 4.5 6.1 6.2 6.4 6.0 5.8 6.2 6.3 6.2 5.0 5.6 6.1 5.7 6.0 6.2 5.6 93.6
Cars 5.9 5.1 6.2 6.1 5.7 6.3 6.2 6.3 6.3 6.2 4.8 5.3 6.1 5.6 6.2 6.1 5.7 93.7
Stel 5.8 5.5 6.3 6.0 5.5 6.2 6.8 6.3 6.2 6.0 4.6 5.2 6.0 5.5 6.4 6.1 5.6 93.2
Mach 5.8 5.6 6.2 6.1 5.7 6.1 6.2 6.5 6.3 6.3 4.6 5.3 6.0 5.5 6.4 6.1 5.4 93.5

ElEq 5.9 5.6 6.1 6.2 5.7 6.0 6.0 6.3 6.5 6.4 4.6 5.2 6.1 5.6 6.3 6.1 5.4 93.5
IT 5.9 5.7 6.1 6.2 5.6 5.9 6.0 6.3 6.4 6.6 4.6 5.1 6.0 5.6 6.3 6.1 5.4 93.4
ElGs 6.1 5.0 6.1 5.9 5.5 5.8 5.9 6.0 6.0 6.1 6.8 5.5 5.9 5.8 5.9 6.0 5.5 93.2
Tras 6.3 4.5 6.0 6.1 5.8 5.9 5.8 6.1 6.0 6.1 5.3 6.5 5.9 6.0 5.8 6.0 5.8 93.5

Whol 6.0 5.1 6.1 6.1 5.7 6.0 6.0 6.2 6.3 6.2 5.0 5.4 6.3 5.7 6.2 6.2 5.7 93.7
Reta 6.2 5.3 6.1 6.0 5.6 5.8 6.0 6.1 6.2 6.3 4.9 5.6 6.0 6.4 6.0 5.9 5.7 93.6
Bank 5.6 6.3 6.0 6.1 5.5 6.0 6.2 6.3 6.3 6.1 4.6 5.1 6.0 5.2 7.3 6.2 5.2 92.7
Fina 5.9 5.2 6.1 6.2 5.7 6.0 6.0 6.3 6.3 6.3 4.8 5.3 6.1 5.4 6.4 6.4 5.6 93.6
Real 6.1 4.4 6.1 6.1 5.7 6.0 6.1 6.0 6.1 6.1 5.1 5.6 6.2 6.0 5.8 6.1 6.5 93.5

TO 94.7 83.2 97.6 97.1 89.7 95.4 96.8 99.4 99.9 99.1 76.4 85.0 96.3 89.9 99.8 97.4 87.9 Total: 93.3

NET 1.1 −6.7 4.0 3.5 −3.9 1.7 3.6 5.9 6.4 5.7 −16.9 −8.5 2.6 −3.6 7.2 3.8 −5.6
Notes: The numbers in bold italics are the spillover itself and total spillover. The numbers in italics in NET are the negative values.
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Table 5. Total spillover table based on positive realized semivariance during pre-COVID-19 and COVID-19 periods.

RS+ Pre-COVID-19 period (1 January 2014–21 February 2020)

Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real FROM

Food 11.3 1.1 6.7 6.4 7.0 5.9 4.5 4.3 6.4 7.9 5.2 7.1 5.5 8.7 2.7 4.3 4.9 88.7
Enrg 4.1 26.3 5.2 6.1 4.5 4.7 5.5 6.4 6.1 5.5 2.5 4.2 6.5 4.1 2.3 3.7 2.4 73.7
Cnst 6.4 1.2 8.5 7.7 6.1 6.6 5.7 6.3 7.3 7.1 4.5 6.8 6.5 6.6 3.5 5.1 4.0 91.5
Matr 6.0 1.5 7.7 8.8 6.3 6.5 5.9 6.8 7.8 6.9 4.0 6.5 6.6 6.3 3.7 5.2 3.5 91.2

Medi 7.4 1.2 6.9 7.1 10.2 5.8 5.1 5.2 7.1 7.5 4.6 6.6 5.9 7.6 3.4 4.8 3.5 89.8
Cars 5.8 1.3 7.1 7.1 5.6 8.6 6.0 6.8 7.6 6.3 3.7 6.0 6.5 5.6 4.4 6.6 4.8 91.4
Stel 5.8 1.7 7.1 7.1 5.4 6.8 9.8 7.3 7.5 6.3 3.8 5.6 7.1 5.4 4.0 5.3 4.1 90.2
Mach 5.0 1.9 7.4 7.9 5.6 7.2 7.0 8.9 8.2 6.3 3.2 5.7 7.0 5.1 3.9 6.0 3.8 91.1

ElEq 6.0 1.5 7.3 7.7 6.1 7.0 6.1 7.0 8.6 7.1 3.9 6.1 6.4 6.1 3.6 5.6 4.0 91.4
IT 7.2 1.4 7.3 7.1 6.6 6.0 5.0 5.4 7.3 9.4 4.9 7.0 6.1 7.5 3.2 4.7 4.0 90.6
ElGs 7.8 0.8 7.0 6.0 6.2 5.5 4.7 3.9 6.0 7.6 14.3 7.1 5.1 8.4 3.0 3.8 3.1 85.7
Tras 7.3 1.1 7.5 7.2 6.6 6.1 5.0 5.2 6.8 7.5 5.1 9.0 6.3 7.2 3.6 4.8 3.7 91.0

Whol 6.0 1.8 7.3 7.4 6.0 6.6 6.4 6.6 7.3 6.9 3.8 6.4 8.9 5.8 3.7 5.4 3.7 91.1
Reta 8.3 1.2 7.2 6.9 7.1 5.6 4.6 4.6 6.6 8.0 5.7 7.0 5.6 10.5 3.0 4.1 4.1 89.5
Bank 4.5 1.1 6.2 6.7 5.2 7.2 6.2 6.1 6.5 5.3 3.4 5.6 5.9 4.7 13.0 9.0 3.5 87.0
Fina 5.4 1.3 6.6 6.8 5.7 7.7 5.7 6.6 7.1 6.0 3.2 5.7 6.2 5.0 6.4 9.3 5.3 90.7
Real 7.0 1.2 6.9 6.2 5.3 7.1 4.9 5.5 6.1 6.6 3.1 5.8 5.9 6.3 3.4 6.0 12.8 87.2

TO 100.2 21.0 111.5 111.4 95.1 102.4 88.2 94.1 111.6 108.6 64.6 99.2 99.2 100.3 57.6 84.5 62.5 Total: 88.9

NET 11.6 −52.8 20.0 20.2 5.4 11.0 −2.0 3.0 20.1 17.9 −21.1 8.2 8.0 10.7 −29.4 −6.2 −24.7
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Table 5. Cont.

RS+ COVID-19 period (25 February 2020–31 December 2020)

Food Enrg Cnst Matr Medi Cars Stel Mach ElEq IT ElGs Tras Whol Reta Bank Fina Real FROM

Food 8.3 6.9 6.5 7.5 6.1 5.7 3.7 7.1 7.5 8.6 4.5 4.6 6.3 6.4 5.0 3.8 1.4 91.7
Enrg 7.2 10.7 6.2 6.7 4.7 5.3 4.4 6.3 6.6 7.6 5.9 4.8 6.0 5.6 5.4 4.3 2.4 89.3
Cnst 7.0 7.5 7.3 7.2 5.4 6.1 4.6 7.3 7.4 8.0 4.1 4.2 6.3 6.0 5.3 4.1 2.2 92.7
Matr 7.5 6.9 6.7 7.7 6.1 6.0 4.1 7.7 7.9 8.7 3.6 4.1 6.4 6.2 5.2 3.8 1.5 92.3

Medi 7.7 6.2 6.5 7.3 8.3 6.2 4.2 7.9 7.6 8.0 4.0 3.8 6.5 5.6 4.8 4.0 1.3 91.7
Cars 7.2 6.6 6.9 7.1 6.0 7.5 5.0 7.6 7.3 7.8 3.6 4.3 6.4 5.6 5.1 4.1 2.0 92.5
Stel 6.2 6.5 7.0 6.5 5.0 6.8 7.6 6.9 6.4 6.1 3.6 4.6 6.3 4.7 6.2 5.7 3.9 92.4
Mach 7.0 6.9 7.0 7.4 6.2 6.4 4.6 8.1 7.8 8.2 3.6 3.6 6.6 5.9 5.1 3.8 1.7 91.9

ElEq 7.1 6.9 6.9 7.6 5.8 5.7 4.2 7.7 8.3 9.0 3.4 3.6 6.4 6.4 5.2 3.8 1.8 91.7
IT 7.6 7.0 6.6 7.6 5.9 5.4 3.7 7.8 8.4 9.8 3.4 3.8 6.5 6.9 5.1 3.3 1.3 90.2
ElGs 8.2 7.4 6.2 7.4 6.5 5.5 3.4 7.1 7.2 8.5 7.0 4.7 6.1 6.2 4.5 3.4 0.9 93.0
Tras 7.8 6.5 6.0 6.9 5.4 6.0 4.2 6.4 6.4 7.4 4.4 7.4 6.4 5.9 5.7 4.7 2.5 92.6

Whol 7.2 6.8 6.6 7.2 5.9 6.0 4.5 7.5 7.2 8.0 3.6 4.5 8.2 5.9 5.2 3.9 1.8 91.8
Reta 7.7 6.9 6.6 7.6 6.2 5.7 3.5 7.6 8.0 9.1 3.9 4.2 6.6 7.5 4.9 3.1 1.2 92.5
Bank 6.8 7.1 6.4 6.7 4.7 5.7 5.1 6.4 6.4 7.3 3.3 5.3 6.0 5.1 8.3 5.8 3.5 91.7
Fina 6.8 7.2 6.1 6.5 4.7 5.6 5.3 6.2 6.2 6.8 3.7 5.3 5.7 4.4 7.2 7.5 4.7 92.5
Real 5.7 8.8 5.9 5.5 3.4 5.1 5.7 5.5 5.6 6.1 4.7 5.3 5.0 4.3 6.7 7.7 9.0 91.0

TO 114.8 112.1 104.1 112.8 88.0 93.3 70.2 112.8 113.8 125.2 63.1 70.6 99.6 91.3 86.6 69.4 34.0 Total: 91.9

NET 23.1 22.7 11.4 20.5 −3.8 0.8 −22.2 20.9 22.1 35.0 −29.9 −22.0 7.7 −1.2 −5.1 −23.1 −57.1
Notes: The numbers in bold italics are the spillover itself and total spillover. The numbers in italics in NET are the negative values.



J. Risk Financial Manag. 2022, 15, 480 15 of 21

Food
Enrg

Cnst

Matr

Medi

Cars

Stel

Mach
ElEq

IT

ElGs

Tras

Whol

Reta

Bank

Fina
Real

(a) Pre-COVID period (RV)

Food
Enrg

Cnst

Matr

Medi

Cars

Stel

Mach
ElEq

IT

ElGs

Tras

Whol

Reta

Bank

Fina
Real

(b) COVID period (RV)

Food
Enrg

Cnst

Matr

Medi

Cars

Stel

Mach
ElEq

IT

ElGs

Tras

Whol

Reta

Bank

Fina
Real

(c) Pre-COVID period (RS−)

Food
Enrg

Cnst

Matr

Medi

Cars

Stel

Mach
ElEq

IT

ElGs

Tras

Whol

Reta

Bank

Fina
Real

(d) COVID period (RS−)

Food
Enrg

Cnst

Matr

Medi

Cars

Stel

Mach
ElEq

IT

ElGs

Tras

Whol

Reta

Bank

Fina
Real

(e) Pre-COVID period (RS+)

Food
Enrg

Cnst

Matr

Medi

Cars

Stel

Mach
ElEq

IT

ElGs

Tras

Whol

Reta

Bank

Fina
Real

(f) COVID period (RS+)

Figure 2. Volatility spillover networks of realized volatility (RV) and realized semivariance (RS) using
NET and net pairwise spillover index.

3.2.1. Volatility Spillover Based on RV

Table 3 shows that in the pre-COVID-19 and COVID-19 periods, the total spillover is
91.8% and 93.3%, respectively. This result indicates that 91.8% of the volatility spillovers
within the system is accounted for by spillovers between other sectors during the pre-
COVID-19 period. This increase denotes that the systemic risk during the COVID-19 period
becomes higher than in the pre-COVID-19 period. The diagonal elements (own volatility
spillover) tend to be the largest value among each sector. In particular, the energy resource
sector has the largest value among all sectors.
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For the values of “From” (from others), the minimum values are 84.4% (in pre-
COVID-19) and 90.6% (during the COVID-19 period) for the energy resource sector, and
the maximum values are 93.0% (in the pre-COVID-19 period) for the electric/precision
machinery sector and 93.9% (during the COVID-19 period) for the electricity/gas sector.
Meanwhile, for the values of “To” (to others), the minimum values are 42.0% (in the pre-
COVID-19 period) for the energy resource sector and 73.1% (during the COVID-19 period)
for the electricity/gas sector, and the maximum values are 104.3% (in the pre-COVID-19
period) for the construction/materials sector and 102.0% (during the COVID-19 period)
for the machinery sector. Therefore, the spillovers “to” others are more diverse than the
spillovers “from” others. This finding is supported by Costa et al. (2021) for the U.S. market
and for the Australian market by Choi et al. (2021). In the pre-COVID-19 period for “To”,
the food, construction/materials, materials/chemicals, machinery, electricity/precision
machinery, and information/communication/service/other sectors sent the most volatility
spillover to the other sectors. During the COVID-19 period, the energy resource, machinery,
electricity/precision machinery, information/communications/service/other, and bank
sectors sent out the most volatility to other sectors.

For the pairwise spillover, the largest risk transmitter, construction/materials and
materials/chemicals sectors, have almost the same pairwise spillover among others. In
other words, these two sectors have nearly identical spillover effects on other sectors. In
the pre-COVID-19 period, the bank, finance, and real estate sectors have large pairwise
spillovers. However, these sectors, among others, increase pairwise spillovers, and the
pairwise spillovers within three sectors decrease overall during the COVID-19 period.
According to Costa et al. (2021), the pairwise spillover between the finance and real estate
sectors is small in the pre-COVID-19 period, but increases during the COVID-19 period.
Furthermore, Shahzad et al. (2021) reported that there are three clusters in the Chinese
stock market: energy and utilities; finance; and others. The finance sector, in particular, has
the fewest systemic spillovers.

For the Net spillover index in the pre-COVID-19 period, the construction/materials
and materials/chemical sectors are sending spillovers to other sectors at 11.4% and 11.2%,
respectively. In contrast, energy resources, electricity/gas, banks, and real estate have
Net < 0, indicating that they are net receivers. In particular, the energy resource sector
is the largest net receiver. However, during the COVID-19 period, pharmaceutical, trans-
portation/logistics, and retail sectors change from net transmitter to net receiver or vice
versa, and the energy resources and bank sectors especially become the net transmitter.

Additionally, net spillover of the construction/materials and materials/chemical
sectors is decreasing, whereas the electricity/gas sector has become a larger net receiver.
We visualize these results with the network method in Figure 2a,b. We can clearly see a
difference between the pre-COVID-19 and COVID-19 periods. Although many main net
pairwise spillovers are sent to the energy resource sector within the pre-COVID-19 and
COVID-19 periods, these main net pairwise spillovers are transmitted to the electricity/gas
sector. This finding is consistent with the U.S. stock market in Costa et al. (2021), where the
spillovers are sent to the “Utilities” sector.

3.2.2. Volatility Spillover Based on RS

Further, as for negative RS, the total volatility spillover is 92.4% in the pre-COVID-19
period, and 93.3% during the COVID-19 period (Table 4). Similar to RV, the volatility
spillovers increased compared to pre-COVID-19. The change in connectedness for most
sectors is the same as that in RV, for example, the range of the values about From and To,
the largest sector of transmitting, the cluster among banks, finance, and real estate, and
the net spillover. Figure 2c,d show that networks based on negative RS are similar to RV
networks in the pre-COVID-19 and COVID-19 periods.

Finally, regarding positive RS, in the pre-COVID-19 period, the total volatility spillover
is 88.9%, and in the COVID-19 period, it is 91.9% (Table 5). This is also applies to RV and
negative RS. Furthermore, total volatility spillovers based on positive RS in both the pre-
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COVID-19 and the COVID-19 periods are smaller than total volatility spillovers based on
negative RS. This indicates that negative RS has a greater effect than positive RS. Based on
RV and a negative RS, the total volatility spillovers, the bank sector increases net spillover
between the pre-COVID-19 and COVID-19 periods, and the finance sector has positive net
spillovers in both periods. The net spillover of the bank sector also increases from −29.4%
to −5.1% for the total spillover based on positive RS, but the net spillover of the finance
sector decreases dramatically from −6.2% to −23.1%. There are some distinctions between
Figure 2e,f. First, in the pre-COVID-19 period, each sector’s net spillover is relatively
larger than the negative RS and RV, but the network shape is similar to their networks.
Second, this is the most significant difference during the COVID-19 period. Some major net
pairwise spillovers are sent to the electricity/gas sector in RV and negative RS. However,
the real estate sector receives positive RS. Furthermore, the energy resource sector becomes
a net transmitter. From the above, the energy resource sector is the largest net receiver
during the pre-COVID-19 period, whereas the electricity/gas sector becomes the largest net
receiver during the COVID-19 period. Moreover, the energy resource sector becomes a net
transmitter during the COVID-19 period. Additionally, the network based on positive RS
during the COVID-19 period is clearly different from networks based on RV and negative
RS. However the shapes of the negative RS and RV networks are almost identical. These
results indicate that the influence of positive RS is limited under the volatile situation.

3.3. Dynamic Volatility Spillover Analysis Using Rolling Sample

The static volatility spillover table is shown; although it provides a useful summary
of the “average” volatility spillover behavior, it is probably misses important cyclical and
secular spillover movements (Diebold and Yilmaz 2012). Therefore, we employ the rolling-
sample method to assess the variation of spillover over time; we use time series of spillover
indices. Figure 3a,b show the time-varying total spillover index based on RV and each RS,
and Figure 3c shows the SAM estimated by Equation (4). As shown in these figures, the
total spillover index among Japanese industrial sectors varies over time; this means that
investors can revise their portfolios frequently (Mensi et al. 2021).

In Figure 3a, the total spillover varies from 81.4% in early 2020 to 94.0% in middle 2015
and 2020. It varies at a relatively low level from early 2015 to around August 2015, and
from 2019 to early 2020. The first increase in spillovers that occurred in late August 2015
can be deemed due to the spillover effects of the Chinese stock market crash that occurred
on 24 August 2015. This phenomenon was also observed in the U.S. market. Costa et al.
(2021) found that the increased connectedness observed shows contagion from China to
different sectors of the U.S. economy, accompanied by economic and financial causes, such
as supply chain failure, low demand, invested assets, forced fire sales, and an upward
trend in credit delinquency. The second increase in spillover is observed on 6 February
2018, and is thought to have been influenced by the Dow Jones Industrial Average’s largest
drop on 5 February due to concerns about inflation and rising interest rates (Costa et al.
2021). The third increase is seen in late February 2020, when COVID-19 began to spread,
and the amount of spillover has remained nearly unchanged since then. However, in the
U.S. (Costa et al. 2021), the total spillover is shown to have decreased after August 2020
due to much positive news such as government stimulus efforts and vaccines. We can also
confirm the decrease of total spillover in the Chinese stock market in Shahzad et al. (2021).

In Figure 3b, the spillover generated by negative volatility is greater than that gen-
erated by positive volatility during the period when the total spillover is relatively large.
This result is also confirmed in Figure 3c, where the SAM has been negative since August
2015. Accordingly, the volatility spillover in the Japanese stock market is influenced by neg-
ative factors rather than by positive factors. Additionally, spillovers generated by positive
volatility tend to decrease with time, while spillovers generated by negative volatility show
a smaller decrease over time, confirming their persistence.
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(a) Total volatility spillover (RV) (b) Total volatility spillover (RS)

(c) Spillover asymmetry measure (SAM) (d) Robustness checks.

Figure 3. Total volatility spillover, spillover asymmetry measure, and robust check for rolling sample.

Robustness Checks

We perform robustness checks using several combinations of the following parameter
sets to demonstrate that our empirical results are not sensitive to the selection of settings,
which are the forecasting horizon (H), the rolling-window sample (w), and the order of
the VAR model (p), for the analysis: H = 3, 5, and 10; w = 200, 250, and 300; and p = 1, 2,
and 3.

Figure 3d presents the total time-varying volatility spillover based on each combi-
nation. The red line (baseline) is H = 5, w = 250, and p = 2. The dark and light blue
areas indicate the 25% and 75% quantiles and the minimum and maximum values of the
obtained distribution. When the total volatility spillover is large, the estimation is more ro-
bust. Additionally, even when the total volatility spillover is small, the range of (25%, 75%)
is narrow and includes the baseline values almost at all times. Moreover, when the total
volatility spillover is extreme, the estimated values are close to the baseline. Therefore, our
empirical results are not sensitive to the choice of parameters.

4. Discussion

This study shows that the sectors of risk transmitter are the construction/materials and
materials/chemical sectors, and these sectors also transmit the volatility spillovers to other
sectors during the COVID-19 period. On the other hand, the volatility spillovers that each
sector receives from others do not change much. The energy resources and bank sectors
are very different in the pre-COVID-19 and COVID-19 periods. Although these sectors
sent out relatively little spillover to others in the pre-COVID-19 period, their spillover to
others largely increased during the COVID-19 period. Moreover, the networks and the total
time-varying volatility spillover suggested that the volatility spillover based on positive
factors is more limited than the spillovers based on negative factors for all periods, and
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we confirmed that the spillover based on negative factors does not decrease over time.
Therefore, the volatility spillover in the Japanese stock market is probably dominated for
long periods of time by spillovers based on negative factors that occurred once. Overall,
the results are similar to those of volatility spillovers in the U.S. and Chinese stock market.

Although the network structures among Japan, the U.S., and China are similar, there is
a difference in the fluctuations of total volatility spillover during the COVID-19 period. For
the Chinese spillover of Shahzad et al. (2021), the dynamic volatility spillover increased in
February 2020 and corresponding to the Chinese government’s lock-down policy. For the
U.S. spillover, Costa et al. (2021) showed that the dynamic spillover in the U.S. stock market
also declined because of government policy and vaccines. For the Japanese stock market,
nevertheless, the Japanese government declared a state of emergency on 7 April 2020, and
the spiked time-varying spillover has been keeping at a high level. This difference may
show that the state of emergency in Japan was not reassuring news for the market.

5. Conclusions

This study examined the static and dynamic volatility spillover across sectors within
the Japanese stock market in the pre-COVID-19 and COVID-19 periods using the volatility
spillover index. We conducted volatility spillover networks across 17 sectors included
in the TOPIX-17 series. This research contributes to existing research in the following
ways. First, using the DY index, we examine the volatility spillovers across the Japanese
industry indices (TOPIX-17 series). Despite the relatively large size of the Japanese stock
market on a global scale, the volatility spillovers across industries in Japan have rarely
been investigated. Second, we measure the asymmetric volatility spillover based on RS,
including the positive volatility and negative volatility among Japanese stock sectors.
Volatility is intensified more by negative returns than positive returns. Therefore, investors
focused on the asymmetric volatility spillovers in the last few years (Mensi et al. 2021).
Third, we consider the effects of COVID-19 in Japan. During the COVID-19 pandemic,
society and lifestyles have dramatically changed, and the stock market may have changed
along with it. Therefore, we analyze the changes in volatility spillovers before and during
the COVID-19 pandemic by using a network method.

Among the many findings of this study, we discover that total volatility spillover
increases in the Japanese stock market during the COVID-19 period. Furthermore, until the
end of the sample period, the increased volatility spillover fluctuated without decreasing.
This increase has been reported in previous financial crises, including the global financial
crisis (Baruník et al. 2016), and Brexit (Mensi et al. 2021). The increase in total volatility
spillover implies an increase in the connectedness of sectors. Costa et al. (2021) reported
that it is difficult to obtain sectoral diversification in such a situation.

Future studies should investigate the volatility spillovers in individual sectors and
compare them with past financial crises in the Japanese stock market in order to confirm
the differences between the system in financial crises arising from infectious diseases and
those in financial crises such as the global financial crisis and Brexit.
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Notes
1 For the Japanese stock market, we note some information. According to the document reported by Tokyo Stock Exchange; at the

end of March 2020, the value of equity holdings in all investment sectors, which is the market capitalization of all companies
covered by the survey increased by 200 trillion yen (+36.5%) from the previous year. For the proportion of retail and institutional
investors, the proportion of retail investors became 16.8%, which increased by 0.3%. Although this proportion is so small
compared to the 1970s, the number of investors in 2020 is the largest. The proportion of institutional investors, that is, financial
institutions, was 29.9%, and it increased by 0.4%. In particular, the proportion of trust banks is large because the Bank of Japan
bought a huge amount of ETFs. Additionally, the proportion of foreign investors increased by 0.6% and became 30.2%, exceeding
30% for the first time in two years. The document can be retrieved at: https://www.jpx.co.jp/english/markets/statistics-equities/
examination/b5b4pj0000047w2y-att/e-bunpu2020.pdf, accessed on 30 September 2022.

2 TOPIX means the Tokyo Stock Price Index which is the representative index in Japan. The TOPIX-17 series is also an index in
which the components of TOPIX are classified by sector for investment convenience. For more information, please review the
documents at: https://www.jpx.co.jp/english/markets/indices/line-up/files/e_fac_13_sector.pdf, accessed on 30 September
2022.

3 MFE Toolbox: https://www.kevinsheppard.com/MFE_Toolbox, accessed on 3 June 2020.
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