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Abstract: Based on the spillover index and an improved spillover asymmetric measure method, this
paper studies the volatility spillover and its asymmetric effect between crude oil and agricultural
commodity futures in pre- and post-outbreak of COVID-19. We find that the total volatility spillover
is higher with pre-outbreak of COVID-19. In addition, the volatility spillover caused by China’s
crude oil is more prominent than international crude oil around the COVID-19, which highlights the
necessity of risk control through the establishment of an energy financial market in China. Finally,
although the asymmetric effect of volatility spillover has always existed, crude oil was less impacted
by good news post-outbreak of COVID-19, indicating that the outbreak of COVID-19 makes assets
dominated by commodity attributes more sensitive to bad news. These findings are beneficial
for investors to establish a cross-sector risk hedging portfolio, and provide empirical evidence for
policymakers to ensure energy and food security.

Keywords: oil price; agricultural commodity future; COVID-19; realized volatility; asymmetric
volatility spillover

1. Introduction

If crude oil is the blood of industry—it has provided vital power for economic growth
for hundreds of years—then agricultural products have provided essential power for the
development of human society for thousands of years. These two goods play a strategic
role in economic security and social stability and have attracted extensive attention in
the field of academia [1]. As typical commodities in the financial market, crude oil and
agricultural commodity futures not only have commodity attributes but also financial
attributes. Commodity attributes refer to assets as physical objects, which can be reflected
by the structure of supply and demand. Financial attributes refer to the functions of
commodities to provide their holders with hedge, portfolio, and capital financing. They
determine the price and volatility of assets jointly. Meanwhile, volatility means risk, and
the volatility spillover between different assets in the financial market represents its risk
connectedness. For most assets, their commodity attributes and financial attributes are
stable over a period of time, so the risk connectedness between different assets is mainly
affected by external shocks.

It must be noted that economic slowdown and undesirable events (e.g., the food price
crisis in 2005, the global financial crisis in 2008-2009, the European debt crisis in 2010, the
oil price crisis in 2014, and the COVID-19 pandemic crisis in 2020-2021) are the central
external shocks which will change the risk connectedness between different assets. For
crude oil, under the impact of those undesirable events, the uncertainty of oil prices is no
longer accidental but caused by the extremely low elasticity of crude oil supply [2]. Because
economic growth is highly dependent on crude oil in China and the production of domestic
petrochemical companies is insufficient, the external dependence on crude oil remains
high [3]. This is one of the vital reasons for the increased risks in China’s financial market
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caused by the shock of international crude oil prices, which further affects energy and
economic security. To counter the risk transfer caused by the uncertainty of international
crude oil prices on the financial market, China has tried to establish and improve its crude
oil futures and energy financial market [4,5] (Shanghai International Energy Exchange.
http:/ /www.ine.cn/en/, accessed on 30 July 2021).

For agricultural commodities, as the foundation of human survival and economic
growth, their price stability and risk control are undoubtedly essential issues related to
national well-being. China became the largest importer of agricultural products in 2011.
With the increasing dependence of agricultural products on foreign countries, issues such
as food security and seed security have gradually become prominent. This is because
the shock of international crude oil prices can affect the agricultural commodity market
through the following mechanisms: Firstly, increases in crude oil prices will inevitably
push up the prices of fuel oil and chemical fertilizers, which will increase the transportation
and production costs of agricultural products, leading to growth in their prices and risk [6].
Secondly, the uncertainty of crude oil prices is bound to lead to an increase in demand for
biomass energy, which will increase the price of agricultural products such as corn and
soybean and lead to an increase in risk in the financial market [7,8].

In addition, since the outbreak of COVID-19, people have been facing a survival crisis,
which has caused a transformation in people’s attitudes towards the financial market. It
is unclear how this undesirable event will affect oil and agricultural commodities [9,10].
Although some studies have discussed the impact of the COVID-19 pandemic [11-13], there
are still many questions to be answered. For example, what is the impact of the COVID-19
pandemic crisis on the volatility spillover between crude oil and agricultural commodities
futures at the high-frequency data level? Will the asymmetric effect of volatility spillover
between crude oil and agricultural commodities futures change due to the shock of the
COVID-19 pandemic crisis? Consequently, the purpose of this paper is to explore the risk
connectedness between crude oil and agricultural commodity futures in China before and
after the COVID-19 pandemic and to explore whether there is an asymmetric effect on risk
connectedness to capture the possible correlation between energy and food security.

This paper is organized as follows: the literature review is presented in Section 2, the
methodology is shown in Section 3, Section 4 shows the data and preliminary analysis,
Section 5 includes the empirical results and discussion, and the conclusions and policy
implications are provided in Section 6.

2. Literature Review

In general, research on the connectedness in returns and volatility between crude oil
and agricultural products is aplenty, and although the empirical results are mixed, it is
undeniable that undesirable events will change the connectedness in returns and volatility
between them. It has become a hot topic whereby researchers pay attention to the impact
of undesirable events on the volatility spillover between crude oil and agricultural futures.

Some researchers believe that there is a volatility spillover between crude oil and
agricultural futures and that undesirable events will affect the volatility spillover effect.
Ref. [14] employed a semiparametric GARCH method to study the volatility links between
crude oil, ethanol, and sugar in Brazil’s financial market after the European debt crisis.
The study found that there was a significant volatility spillover between crude oil and
agricultural commodities. Ref. [8] studied the relationship between the crude oil market and
the agricultural market before and after the global financial crisis based on the EGARCH
model and believed that the application of biomass fuels supported the volatility spillover
between crude oil and agricultural commodity futures. Their study also found evidence
that global financial crises increase volatility spillover. Ref. [15] also investigated the
volatility transmission between crude oil and agricultural commodity prices before and
after the food price crisis and found that the volatility transmission between them was
weak; however after the outbreak of this crisis, the volatility of the crude oil market spread
to the agricultural market. Ref. [3] not only discuss the impact of international crude
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oil price shocks on China’s agricultural commodities but also believe that the volatility
spillover caused by price shocks in agricultural commodities has an asymmetric effect.
Their research also found that the global financial crisis increased the jump intensity of
crude oil prices. Ref. [16] go further and maintain that the volatility spillover between
oil prices and agricultural commodities is asymmetric and that the bad news caused by
financial turmoil intensifies the risk transmission between them. Their data cover a period
of events causing financial turmoil such as the global financial crisis and the oil price crisis.
Moreover, based on the frequency domain method, Ref. [17] found that the crude oil and
agricultural commodity markets have bidirectional and asymmetric risk connectedness
in different frequency bands. Their study also found that the overall risk connectedness
peaked during the global financial crisis and the European debt crisis but not during the
oil price crisis. It can be considered that different events have different effects on volatility
spillovers. Ref. [18] also found that there is a bidirectional volatility linkage between energy
and agricultural futures and that this linkage is from the co-movement effect caused by
external shocks rather than the substitution effect caused by biofuel application.

Other studies maintain that the linkage of volatility between crude oil and agricultural
commodities is not steady, so the impact of undesirable events on the linkage is overesti-
mated. Based on the VAR system and Granger test, Ref. [19] found that oil prices have no
volatility spillover on agricultural products and food but instead affect only the interaction
between agricultural products and food. Ref. [20] used the asymmetric DCC-GARCH
method to analyze the volatility spillover between energy and agricultural products in the
German financial market and found that only in the long term can evidence of a positive
correlation between risk connectedness be found and that the global financial crisis had not
changed the correlation in the long term. Ref. [21] employed the method of the spillover
index to training and believe that the volatility transmission between crude oil and agri-
cultural products is lower than that between crude oil and precious metals and between
crude oil and exchange rates. Ref. [22] explained the impact of oil prices on agricultural
food prices for eight Asian countries in 2000-2016 and believe that there was a low degree
of linkage between price volatility in energy and food security for most countries. Ref. [10]
upgraded the VAR system in the spillover index to a time-varying parameter VAR system
to analyze the interdependence between oil prices and various agricultural commodities
in returns and volatility. The empirical results show that the start of the global financial
crisis and the outbreak of the COVID-19 pandemic crisis made the attributes of different
agricultural commodities as risk receivers and transmitters more prominent. Ref. [11]
explored the volatility spillover between oil and the food market during the COVID-19
pandemic crisis period based on the frequency spillover index method. They believe that
the spillover effect between oil and food is only strong in the short term and that spillovers
during the pandemic have been significantly weaker than during the global financial crisis.

Compared with previous studies, the potential contributions of this paper are as fol-
lows: First, we employed multi-stage analysis as a way to distinguish the volatility spillover
effects of crude oil and agricultural commodity futures before and after the outbreak of
COVID-19. Secondly, we not only focus on international crude oil futures but also exam-
ine the risk connectedness caused by China’s crude oil futures in relation to agricultural
commodity futures. Thirdly, based on the spillover index, we further modify the volatility
spillover asymmetric measure method and employ it to explore the asymmetric effect of
volatility spillover between crude oil and agricultural commodity futures.

3. Methodology

The methods used in this paper are mainly based on the measurement and decom-
position of volatility spillover. Before a detailed explanation of the methods employed in
this paper is provided, the application logic of these methods should be explained first to
avoid the blind mixture of different methods. Firstly, we process the high-frequency data
(intraday 5 min closing price) to the daily data of realized volatility and semi-variance
based on Section 3.1. Secondly, we employ a spillover index to achieve multi-stage analysis
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in the time domain based on Section 3.2 with the above daily data, which is consistent
with the study of [23] in concept. Thirdly, we measure the asymmetric effect of volatility
spillover under multi-stage analysis based on Section 3.3. Therefore, the application logic of
the following method realizes the investigation of multi-stage risk connectedness between
crude oil and agricultural commodities in this paper.

3.1. Measuring Realized Variance and Semi-Variance

This paper uses realized variance to measure realized volatility. When the density of
data is large enough, the sum of square returns is similar to the integrated volatility [24].
Consequently, a complete realized volatility (RV;) series is defined as the sum of square
returns on high-frequency data, as follows [25]:

n
RV, = Zrl%t (1)
i=1

where 7;; = 100 X (InP;; —InP;_;,) is the intraday returns defined as the difference
between consecutive intraday 5 min log closing prices (P), and # in Equation (1) represents
the number of observations of intraday returns.

Then, the realized semi-variance can be obtained by complete decomposition of the
realized volatility (RV; = RS;" + RS, "), which is the prerequisite to measure the asymmetric
effect of volatility spillover [26-29]). Therefore, the positive and negative realized semi-
variance (RS :r and RS;") are defined as follows:

n
RS} = Zrl%t x I(r;; > 0) 2)
i=1

n
RS; =Y 17, x I(riy <0) 3)
i=1
where I(e) in Equations (2) and (3) is an indicator function that limits the positive and
negative of r; ;. To some extent, the positive returns could be seen as good news, and the
negative returns could be seen as bad news.

3.2. Measuring Volatility Spillover

This paper measures volatility spillover based on the method of [23], which belongs to
the generalized vector autoregressive (VAR) system of order p, as follows:

p
Xe=a+) BiXi_i+e 4
i=1

where X; represents the N x 1 vector of time series variables of RV}, RS;F, and RS;” with
crude oil and agricultural commodity futures, ; is the N x N autoregressive coefficient
matrices, and ¢; is the independently and identically distributed residual vector that is
assumed to zero of the mean value and the same for covariance. Then, based on the moving
average of Equation (4), we show the entries of connectedness by 0;;(H) and estimate
the contribution of variable j to the generalized H-step-ahead forecast error variance
decompositions of variable 7 as:

—1vH-1 2
i Yo (€jAnZee;)

0.(H) =
it Yilo (e AnZeAle;)

Q)

where X is the variance matrix for the residual vector g, 0jj is the standard deviation of
the residual term of the autoregressive equation corresponding to the jth variable, e; is an
N x 1vector, which has 1 as the ith element and zeros otherwise and Aj, is the moving
average coefficient matrix from the forecast at time t. Because in the generalized VAR
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system, the variance contribution of the own and cross variables does not add up to 1,
normalization of the matrix is necessary:

~ 0;(H) ©)
=1

i(H) = Ly 6ij(H)

where Z]-Iil @](H ) =1and Zjlil @](H ) = N. Consequently, the index of total volatility
spillover (TVS) is defined as the ratio of the contributions of spillovers from volatility
shocks across variables in the VAR system to the total forecast error variance [23]:

L=z () 100 — im0 (H)

TVS(H) =
Z%‘:l 0;;(H) N

x 100 @)

Similarly, the index of directional volatility spillover (DVS) received by variable i from
all other variables j is called “From index” (DV'S;,_;), defined as:

Ei iz O3 (H Tz O3 (H

DVS;. j(H) = N“#”() w100 = 2= P o ®)
Yij—10ii(H) N

The index of directional volatility spillover transmitted by variable i to all other

variables j is called “To index” (DV'S; ), defined as:

YN 0(H
DVS; ,;i(H) = Lm0 =

ZjI\LLi;e]' aji(H)
L1 65i(H) N

x 100 )

According to Equations (8) and (9), the index of net volatility spillover (NVS) with
variable i is obtained as follows:

NVS;(H) = DVS;_,j(H) — DVS;._;(H) (10)

Therefore, Equation (10) is employed to determine whether a variable i is the receiver
(NVS; < 0) or transmitter (NV'S; > 0) of the volatility spillover.

3.3. Measuring the Asymmetric Effect

To investigate the asymmetric effect of volatility spillover, we employ the vector of
realized semi-variances (RS;r and RS;") to replace the vector of realized volatility (RV;) and
re-estimate the index of volatility spillover.

/ /
With RS{ = (RS}, RS%,..., RS}, ) and RS; = (RSy,, RS-, RSy, ) , Ref. [30]
define the index of the spillover asymmetric measure (SAM) as

SAM =ST —§~ (11)

where ST and S~ are indices of volatility spillovers from the vector of RS;” and RS;,
respectively. It must be pointed out that Equation (11) measures the asymmetric effect of
volatility spillover. However, to measure asymmetric volatility spillovers from variable
i, an extended method has been generally employed to measure the asymmetric effect of
volatility spillover, which is based on the research [27-29,31,32].

Specifically, if we need to explore the asymmetric spillover effect of good or bad
news from variable i on other variables, we replace the vector of realized volatility (RV})

!
in the VAR system with RSP;" = (va,t,sz,t,...,Rw,U, RSH Rviﬂ,t,...,RVN,t) and

it/

/
RSN; = (RVU, RVt ... RVi_1 4, RS, RViqqy, .. .,RVN,t) . Consequently, the asymmet-

it
ric effect of volatility spillover of variable i to other variables can be measured according to
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Equation (12), and it is called asymmetric volatility spillover to other variables (SAM;_,,)
as follows:

St —§-
SAM;_, = 100 x e e (12)
1/2(‘9;0 + Siﬁo)

where S, and S, , are indices of volatility spillovers from the vector of RSP;" and RSN,

1—e
respectively. S, | 4+ S, , shows the cumulative volatility spillovers caused by good news

and bad news. When Sllr_). -85, , =0, thevalue of SAM;_,, is 0, and the volatility spillover
is symmetric. When S, — S, # 0, the index of SAM;_,, can be employed to measure
the asymmetric effect of volatility spillover caused by good news (S;*,, — S;",, > 0) and
bad news (S},, — S, < 0) from variable i.

4. Data and Preliminary Analysis

High-frequency data contain more abundant volatility information, and investors
can use high-frequency trading to quickly obtain trading opportunities and adjust their
portfolio strategies in a timely manner to gain returns. Given the logical balance between
microstructure noise and accurate estimation, referring to the study of [33], the intraday
5 min sample dataset (closing price data) is used in the empirical analysis of this paper.
All of the high-frequency data series were collected from the Wind Financial Database
and the Resset Financial Database (www.resset.cn/, accessed on 30 July 2021). The supply
elasticity of the above commodities is low, and the price changes are mainly caused by
demand, while futures well reflect the demand for these commodities in the financial
market. Additionally, intraday 5 min sample data are employed to obtain the daily measure
of realized variance and semi-variances. For realized variance or volatility, using 5 min
sample data can achieve balance in signal structure noise and measurement accuracy [33,34].
The data period includes the time before and after the outbreak of COVID-19, which covers
the period of October 8 2018 to June 30, 2021, including 660 daily observations. We used
the announcement made by the World Health Organization (WHO) on 30 January 2020,
when the epidemic crisis was listed as a public health emergency of international concern
(PHEIC) to define the pre- and post-outbreak periods of COVID-19.

For crude oil, this paper used Shanghai International Energy Exchange (INE) crude
oil futures and West Texas Intermediate (WTI) crude oil futures to compare the volatility
spillover effects of domestic and international crude oil on agricultural commodity fu-
tures [5,35]. For agricultural commodities, we adopted five futures with the largest trading
volumes, which are strong gluten wheat, corn, soybean, cotton, and bean pulp [3,36,37].
Some studies believe that the application of agricultural products (e.g., corn, soybean, and
wheat) in biofuel feedstock supports the growth of correlations between fossil fuel futures
and agricultural commodity futures [7,8].

To sum up, the VAR system in this paper contains seven variables, which are WTI,
INE, wheat, corn, soybean, cotton, and bean pulp. We constructed descriptive statistics
and conducted unit root tests based on realized volatility (RV}) and realized semi-variances
(RS;" and RS;"). Tables 1 and 2 show descriptive statistics and the results of unit root tests of
the pre- and post-COVID-19 periods. Several stylized facts emerge, including the following:
(1) Whether before or after the outbreak of COVID-19, the data exhibit stationarity, and
all variables can enter the VAR system. (2) Following the outbreak of the pandemic, the
realized volatility of domestic and international crude oil has changed greatly. (3) A positive
skewness shows that the probability of extreme negative returns is less than that of normal
distribution, and the kurtosis of all variables is greater than 3, indicating that the probability
distributions of realized volatility series are skewed and leptokurtic.
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Table 1. Descriptive statistics and unit root test of the pre-outbreak period of the COVID-19 pandemic.

Mean Std. Dev Min Max Skewness Kurtosis ADF
wheat 2.675 15.820 0 194.278 10.792 125.773 —17.335 ***
corn 0.514 1.424 0.117 19.546 10.880 130.255 —17.898 ***
soybean 1.255 6.721 0.106 102.823 13.232 185.965 —17.754 ***
RV} bean pulp 1.426 4.016 0.131 65.659 13.364 208.454 —17.427 ***
cotton 1.519 3.070 0.072 36.543 7.225 68.066 —16.656 ***
INE 3.617 5.763 0.306 85.669 9.791 132.081 —15.272 ***
WTI 4.021 3.255 0.116 24.689 2.621 12.503 —8.879 ***
RS+ INE 1.875 5.070 0.186 83.894 13.698 217.654 —17.237 ***
£ WTI 1.903 1.563 0.095 11.375 2.781 13.706 —8.840 ***
RS- INE 1.742 2.111 0.097 16.319 3.633 19.742 —15.152 ***
t WTI 2117 2.002 0.021 17.937 3.515 21.243 —11.324 =
Note: *** indicates statistical significance at the 1% level, and ADF is the empirical statistics of the unit root test.
The data on the realized volatility and realized semi-variances for crude oil are daily data and cover the period
that extends from 8 October 2018 to 30 January 2020, with a total of 318 observations.
Table 2. Descriptive statistics and unit root test of the post-outbreak period of the COVID-19 pandemic.
Mean Std. Dev Min Max Skewness Kurtosis ADF
wheat 1.405 3.811 0 54.774 10.317 130.187 —17.110 ***
corn 0.844 0.899 0.098 9.303 4.791 36.137 —16.517 ***
soybean 2.269 3.971 0.302 50.601 9.703 109.952 —17.991 ***
RV} bean pulp 1.703 2.256 0.076 23.876 5.924 49.791 —15.323 ***
cotton 2.1 3.463 0.156 39.346 6.146 52.87 —18.657 ***
INE 8.518 13.398 0.398 114.429 3.954 22.46 —12.670 ***
WTI 37.881 291.937 0.647 5216.742 16.547 291.675 —15.419 =
RS INE 4.103 8.770 0 100.803 6.379 56.188 —15.576 ***
t WTI 19.866 134.168 0.413 2224.013 13.998 219.928 —14.474
RS- INE 4415 9.629 0.108 89.381 5.297 35.428 —12.973 ***
t WTI 18.015 163.333 0.178 2992.728 17.761 323.619 —16.478 ***

Note: *** indicates statistical significance at the 1% level, and ADF is the empirical statistics of the unit root test.
The data on the realized volatility and realized semi-variances for crude oil are daily data and cover the period
that extends from 31 January 2020 to 30 June 2021, with a total of 342 observations.

In addition, two forms of data organization were employed in the empirical analy-
sis, including full sample data and rolling sample data [10,23,27-29,38,39]. In general,
full sample data are used for static analysis, while rolling sample data are used for
dynamic analysis [9,40,41].

5. Empirical Results

This section examines the empirical results for the pre- and post-outbreak periods
of the COVID-19 pandemic. In Section 5.1, we carry out an empirical analysis of risk
connectedness on the total level based on realized volatility, and in Section 5.2, research on
the asymmetric volatility spillover is based on positive and negative realized semi-variance.
For full sample and rolling sample data, the optimal order for lags of the VAR system is
four, which was selected according to the Akaike Information Criterion (AIC). Latterly,
based on the framework of the DY spillover index [23], the size of rolling sample data in
most studies is kept at 1/3 to 1/15 of the observations [16,18,27,29,42—44]. Consequently,
the size of rolling sample data in this paper is 80 days (The rolling sample data run from
point £-80 to point ¢, which result in a dynamic or time-varying analysis), and the horizon
(H) of steps ahead forecasting error variance decomposition is 10.
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5.1. Risk Connectedness at the Total Level
5.1.1. Full Sample Static Analysis

Based on Equation (7) to Equation (9) and the full sample data, we obtained the
indexes of total static volatility spillovers among the seven variables, that is, the features
of total risk connectedness, as shown in Table 3. It should be noted that the volatility
spillovers between different agricultural commodity futures are much lower than that of
precious metals, stock markets, energy futures, and other financial assets, which is similar
to the studies of [10,37]. For example, both before and after the outbreak of COVID-19, the
volatility spillover of wheat from other variables was negligible (0.14 and 0.26), and its risk
mainly comes from itself (99.01 and 98.19). In contrast with energy futures, precious metal
futures, and stock markets, which focus on financial attributes, agricultural commodity
futures are more inclined to their commodity attributes. In general, the volatility spillover
between the assets that stress financial attributes is stronger than that of assets that stress
commodity attributes [38,39,42].

Table 3. Total static volatility spillover between oil and agricultural commodity.

WTI INE Wheat Corn Soybean Bean Pulp Cotton From Index
Panel A: Pre-outbreak period of the COVID-19 pandemic from 8 October 2018 to 30 January 2020
WTI 68.14 6.43 7.14 475 1.25 12.00 0.29 4.55
INE 13.14 56.08 26.87 0.75 0.27 241 0.49 6.27
wheat 0.37 0.19 99.01 0.16 0.02 0.15 0.11 0.14
corn 3.78 0.55 0.20 91.04 0.12 1.27 3.04 1.28
soybean 3.51 0.71 0.27 19.75 70.83 0.75 4.18 4.17
Ei?; 1528 2.12 0.47 0.85 0.38 80.07 0.83 2.85
cotton 0.78 0.63 1.10 12.16 2.80 1.00 81.53 2.64
To index 527 1.52 515 5.49 0.69 2.51 1.28 Total: 21.90
WTI INE wheat corn soybean bean pulp cotton From index
Panel B: Post-outbreak period of the COVID-19 pandemic from 31 January 2020 to 30 June 2021
WTI 91.98 5.34 0.06 1.34 0.46 0.31 0.50 1.15
INE 9.76 77.97 1.07 3.95 0.16 1.58 5.52 3.15
wheat 0.04 0.21 98.19 0.41 0.23 0.52 0.41 0.26
corn 0.68 2.95 0.41 84.70 0.71 9.55 0.99 2.19
soybean 0.16 0.13 0.17 0.43 96.79 0.46 1.85 0.46
bean 0.20 0.74 0.05 10.07 0.49 86.10 2.36 1.99
pulp
cotton 247 6.03 1.47 2.31 1.02 297 83.74 2.32
To index 1.90 220 0.46 2.64 0.44 2.20 1.66 Total: 11.50

Note: The (i, j)th element shows the estimated contribution to the variance of the forecast error of variable i from
innovations to variable j. The “From index” indicates the volatility spillovers received by variable i from all other
variables, while the “To index” indicates the volatility spillover transmitted by variable i to all other variables.
The “Total” indicates total volatility spillover.

In addition, the total volatility spillover before the outbreak of COVID-19 was greater
than after the outbreak (21.90 > 11.50). This is due to the systemic shock caused by the
outbreak of COVID-19, which led to a decline in trading in the financial market [16]. Both
before and after the outbreak of COVID-19, it is obvious to all that the two crude oil futures
commodities are the main body of volatility spillovers of each other. Meanwhile, the risk
transfer caused by China’s crude oil futures is more significant (13.14 > 6.43, 9.76 > 5.34). In
other words, the energy financial market in China effectively reflects supply and demand
and can carry out risk control. However, before the outbreak of COVID-19, wheat caused a
large volatility spillover to China’s crude oil futures (26.87), which disappeared after the
outbreak of COVID-19. A potential explanation is that the price of crude oil is closely related
to agricultural production. A rise in oil prices will increase the cost of agricultural products.
Wheat is the most important agricultural product in China, so its risk connectedness
with crude oil is higher than that of other agricultural commodity futures. After the
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outbreak of COVID-19, the volatility spillover between corn, cotton, and crude oil increased
(0.75 t0 3.95; 0.49 to 5.52), which is related to the extensive application of corn and cotton in
epidemic protection products (masks and alcohol).

5.1.2. Rolling Sample Dynamic Analysis

Based on the rolling sample data, we realized the dynamic description of the total
volatility spillover. Figure 1 plot the total dynamic volatility spillover before and after the
outbreak of COVID-19.
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Figure 1. (a) Total dynamic volatility spillover before the outbreak of COVID-19 (b). Total dynamic
volatility spillover after the outbreak of COVID-19.

When comparing the results of Figure 1a,b, some stylized facts emerge. First, the
total volatility spillover before the outbreak of COVID-19 is greater than that after the
outbreak, which is consistent with the result of the full sample static analysis. Second, in
the six months before the outbreak of COVID-19, the total volatility spillover in the VAR
system showed a continuous upward trend, while after the outbreak, the total volatility
spillover did not increase immediately but instead showed an increasing and decreasing
trend only a few months later. This can be attributed to the discontinuity of COVID-19
on the financial markets [38]. Third, whether the epidemic broke out or not, the total
volatility spillover may fluctuate greatly, and most studies believe that this is related to
economic policies [23,29,30].

Next, Figures 2 and 3 show the dynamic net volatility spillover, which is employed
to explore whether a variable in the VAR system is the transmitter or receiver of volatility
spillover. The shadow area can intuitively distinguish the difference formed by Equation
(10), so both Figures 2 and 3 are represented by the shadow area. Compared with Figure 2,
the shadow area in Figure 3 is reduced, indicating that it is easier to observe which variables
belong to the risk transmitter or receiver before the outbreak of COVID-19. Most of the
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time, China’s crude oil futures (INE) are the receiver of risk transfer, which is different
from WTI. The reason may be that, on the one hand, INE is greatly influenced by the
international crude oil market, while on the other hand, with the rapid development of
biofuels, the correlation between agricultural products and oil prices has increased. It
is worth noting that when agricultural commodity futures act as a risk transmitter, they
may cause very violent volatility spillover (60 and above) in some periods. This feature is
reflected in wheat, corn, soybean, bean pulp, and cotton and has been enhanced following
the outbreak of COVID-19.
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Figure 2. Dynamic NET volatility spillover before the outbreak of COVID-19.
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5.2. Asymmetric Risk Connectedness
5.2.1. Full Sample Static Analysis

Based on Equation (12) and the full sample data, we mainly discuss the total static
asymmetric risk connectedness caused by good news and bad news from two kinds of crude
oil futures. Therefore, “Total”, “To index”, and “From index” in Panel C of Tables 4 and 5
are our focus.

Table 4. Total static asymmetric volatility spillover (before the outbreak of COVID-19).

Panel A: Static Asymmetric Volatility Spillover from RSP;"

WTI INE wheat corn soybean bean pulp cotton From index
WTI 69.68 1.98 3.10 4.98 1.70 16.66 191 4.33
INE 6.29 56.72 34.61 0.32 0.09 1.33 0.64 6.18
wheat 0.47 0.14 98.93 0.15 0.03 0.17 0.11 0.15
corn 2.32 0.29 0.19 92.49 0.16 1.33 3.23 1.07
soybean 2.06 0.13 0.17 19.66 72.53 0.78 4.67 3.92
bean pulp 12.76 1.03 0.66 0.80 0.31 83.58 0.86 2.35
cotton 121 0.69 1.12 12.11 2.88 0.95 81.04 2.71
To index 3.59 0.61 5.69 5.43 0.74 3.03 1.63 Total: 20.72
Panel B: Static asymmetric volatility spillover from RSP;”
WTI INE wheat corn soybean bean pulp cotton From index
WTI 65.76 10.80 10.84 4.24 0.64 7.30 0.42 4.89
INE 20.74 63.09 8.53 1.68 1.09 4.16 0.70 5.27
wheat 0.23 0.57 98.76 0.15 0.02 0.15 0.12 0.18
corn 3.47 0.46 0.21 91.35 0.11 1.37 3.02 1.24
soybean 2.89 0.89 0.43 19.98 71.29 0.64 3.89 4.10
bean pulp 10.48 5.69 0.29 0.82 0.49 81.36 0.86 2.66
cotton 131 0.26 1.22 12.17 2.86 1.05 81.14 2.69
To index 5.59 2.67 3.08 5.58 0.74 2.09 1.29 Total: 21.04
Panel C: The index of SAM; .,
From index —12.15 15.90 —18.18 —14.72 —4.49 —12.38 0.74 -
To index —4357 —125.61 59.52 —2.72 0 36.72 23.29 3%13

Note: The (i, j)th element shows the estimated contribution to the variance of the forecast error of variable i from
innovations to variable j. “From index” indicates the volatility spillovers received by variable i from all other
variables, while “To index” indicates the volatility spillover transmitted by variable i to all other variables. “Total”
indicates total volatility spillover.

Table 5. Total static asymmetric volatility spillover (after the outbreak of COVID-19).

Panel A: Static Asymmetric Volatility Spillover from RS Pt+

WTI INE wheat corn soybean bean pulp cotton From index
WTI 95.73 0.31 0.05 1.33 0.33 0.36 1.89 0.61
INE 6.07 89.62 0.11 0.94 0.52 0.84 1.90 1.48
wheat 0.07 0.20 98.10 0.49 0.22 0.51 0.40 0.27
corn 0.94 0.82 0.37 86.65 0.64 9.47 1.11 191
soybean 0.50 0.07 0.15 0.43 96.63 0.45 1.77 0.48
bean pulp 0.31 0.62 0.05 9.74 0.46 86.36 2.45 1.95
cotton 4.70 2.52 1.42 2.04 1.07 3.08 85.17 2.12

To index 1.80 0.65 0.31 2.14 0.46 2.10 1.36 Total: 8.82
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Table 5. Cont.

Panel B: Static asymmetric volatility spillover from RSP;”

WTI INE wheat corn soybean bean pulp cotton From index
WTI 88.01 8.75 0.28 1.85 0.56 0.35 0.19 1.71
INE 12.81 73.66 2.59 4.36 0.06 1.40 5.13 3.76
wheat 0.08 0.24 98.17 0.41 0.22 0.52 0.36 0.26
corn 1.03 4.09 0.59 83.14 0.73 9.44 0.98 2.41
soybean 0.13 0.29 0.16 0.46 96.65 0.47 1.85 0.48
bean pulp 0.27 0.29 0.06 10.18 0.50 86.49 221 1.93
cotton 1.23 5.04 1.45 3.02 1.04 2.76 85.47 2.08
To index 2.22 2.67 0.73 2.90 0.44 2.14 1.53 Total: 12.63
Panel C: The index of SAM;_,,
From index —94.83 —87.02 3.77 —23.15 0.00 1.03 1.90 -
To index —20.90 —121.69 —80.77 —30.16 4.44 —1.89 —11.76 _T;);a51:2

Note: The (i, j)th element shows the estimated contribution to the variance of the forecast error of variable i from
innovations to variable j. “From index” indicates the volatility spillovers received by variable i from all other
variables, while “To index” indicates the volatility spillover transmitted by variable i to all other variables. “Total”
indicates the total volatility spillover.

As shown in Table 4, the total static asymmetric volatility spillover is —1.53 in the
pre-outbreak period of the COVID-19 pandemic, which indicates that the volatility spillover
caused by bad news regarding domestic and international crude oil futures is slightly higher
than that caused by good news. Specifically, the volatility spillover caused by bad news
regarding domestic crude oil futures (—125.61) is much higher than that of international
crude oil futures (—43.57), which is positive for independent risk control. One of the
purposes of establishing and improving the energy financial market in China is to restrict
risk transfer in order to increase the security of strategic commodity trading.

In addition, wheat, corn, and bean pulp are more sensitive to bad news concerning
crude oil (—18.18, —14.72, and —12.38), and cotton futures are more affected by good
news (0.74). As a result, wheat, corn, and bean pulp may be oversupplied while cotton
may be undersupplied. In the year and a half before the outbreak of COVID-19, the
total asymmetric volatility spillover of soybean was 0, which may indicate the inelastic
demand for soybean commodities in China, that is, whether good news or bad news will
not additionally affect the risk of soybean trading.

The total static asymmetric volatility spillover in Table 5 following the outbreak of
COVID-19 is —35.52; the risk transfer caused by bad news concerning crude oil futures is
also greater than good news. Meanwhile, compared with before the outbreak of COVID-19,
the volatility spillover caused by bad news is more prominent (—35.52 < —1.53). It must
be noted that the increase in volatility spillover does not come from crude oil futures
(—20.90 > —43.57, and —121.69 > —125.61) but rather from the systemic shock caused by
COVID-19. It can be considered that the early COVID-19 outbreak inhibited the trad-
ing behavior in the financial market, thus reducing the risk transfer between different
assets. Similar results can be found from the total spillover index caused by good news
(20.72 > 8.82) and bad news (21.04 > 12.63) in Tables 4 and 5.

5.2.2. Rolling Sample Dynamic Analysis

The dynamic analysis was realized through the use of rolling sample data. Figures 4 and 5
show the dynamic asymmetric volatility spillovers in the pre- and post-outbreak periods of
the COVID-19 pandemic. Firstly, the asymmetric volatility spillover effect shows time-varying
features in all of the variables, and before the COVID-19 outbreak, China’s crude oil futures
(INE) were more sensitive to good news, while after the COVID-19 outbreak the situation has
been the opposite. Although the volatility spillover of international crude oil (WTI) also shows
an asymmetric effect, it is not clear whether it is good news or bad news that is dominating.
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Secondly, compared with before the outbreak of COVID-19, the asymmetric volatility spillover
effects of corn, soybean, and cotton became weaker, which is due to the inhibitory effect of
the epidemic on financial market trading activities. It should be noted that the asymmetric
volatility spillover of wheat and bean pulp increased after the outbreak of COVID-19 and that
this spillover is more sensitive to bad news. Wheat is mostly used to make food, while more
than 80% of bean pulp is used to make animal feed. Consequently, compared with crude
oil, agricultural commodity futures have prominent commodity attributes and weak financial
attributes, especially those of wheat and bean pulp. We believe that the outbreak of COVID-19
made assets dominated by commodity attributes more sensitive to bad news.
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Figure 4. Dynamic asymmetric volatility spillover before the outbreak of COVID-19.
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Figure 5. Dynamic asymmetric volatility spillover after outbreak of COVID-19.
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5.3. Robustness Checks

We checked the robustness of the empirical results by shifting the size of the rolling
sample data and forecasting horizon [16,28,43]. To check that the empirical results did
not deviate seriously from the prediction due to the size of the rolling sample (size)
and forecasting horizon (H), we set the following parameters to check the robustness:
size € (70,80,90) and H € (8,10,12). Consequently, in addition to the parameter com-
binations used in this paper (size = 80, H = 10), there are also the following parame-
ter combinations: (1) size = 70,H = 8; (2) size = 70,H = 10; (3) size = 70,H = 12;
(4) size =90, H = 8; (5) size = 90, H = 10; (6) size = 90, H = 12; (7) size = 80, H = §; and
(8) size = 80, H = 12. We then plotted the total dynamic volatility spillover in the pre- and
post-outbreak periods of the COVID-19 pandemic under different parameter combinations,
as shown in Figure 6a,b.
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Figure 6. (a) Total dynamic volatility spillover robustness tests before the outbreak of COVID-19 (b)
Total dynamic volatility spillover robustness tests after the outbreak of COVID-19. Al: February 2019
to May 2019. A2: July 2019 to September 2019. A3: November 2019 to December 2019. A4: July 2020
to October 2020.
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The parameter combinations employed in this paper are shown in bold in Figure 6a,b
to form a contrast. In most periods, the change in the parameter will not cause the total
dynamic volatility spillover to deviate significantly, especially as H is only moved in the
case of fixed size; thus, the transformation of the graph is minor. Before the outbreak of
COVID-19, for all parameter combinations, the uncertainty of total volatility spillover is
concentrated in February 2019 to May 2019 (A1), July 2019 to September 2019 (A2), and
November 2019 to December 2019 (A3) in Figure 6a. Similar evidence is shown in A4
in Figure 6b. Consequently, both Figures 6a and 6b provide evidence that the empirical
results in this paper are not dependent on the size of rolling sample data (size) or the
forecasting horizon (H).

6. Conclusions and Policy Implications

Risk can be reflected by volatility, so the risk connectedness between different assets
can be explained by volatility spillover. As typical commodities, precious metals, crude oil,
and agricultural commodity futures are regarded as unique asset categories because they
have both commodity attributes and financial attributes. In the case of a global disaster like
the COVID-19 pandemic crisis, investors” preference for assets such as stocks and bonds
will decline and the mobility of people will be restricted, which will weaken all trading
activities in the financial market. Therefore, based on the spillover index and an improved
spillover asymmetric measurement method, this paper studies risk connectedness and its
asymmetric effect between crude oil and agricultural commodity futures before and after
the outbreak of COVID-19.

We found that (1) after the outbreak of COVID-19, the total volatility spillover in
the VAR system became less important, which can be found from the full sample static
analysis and rolling sample dynamic analysis. (2) Whether the pandemic crisis occurs or
not, China’s crude oil futures are the receiver of risk most of the time, which is different from
international crude oil. It is not difficult to find that China has partially achieved risk control
and restraint by establishing an independent energy financial market. (3) Regardless of the
outbreak occurring or not, there is always an asymmetric effect in the risk connectedness
between crude oil and agricultural commodities; however, since the outbreak of COVID-19,
agricultural commodity futures have become more sensitive to bad news than crude oil.
When encountering economic crises and pandemic crises, assets with prominent commodity
attributes are more susceptible to bad news.

This research may have the following policy implications for stakeholder decision
making: Firstly, when crude oil and China’s agricultural commodity futures are under
extreme conditions of uncertainty, the energy financial market in China can provide
positive and effective risk management tools to cut the risk propagation caused by
the shocks to international crude oil prices. It is imperative to constantly improve the
independent energy financial market and enrich the transaction subjects. Secondly, in
the face of the epidemic crisis, although the total vitality of the financial market has
declined, the impact on agricultural commodity futures is more prominent than that on
crude oil, which reflects the golden rule of survival first. Consequently, it is necessary
to improve the monitoring and warning mechanism of China’s agricultural commodity
market to improve its ability to respond to shocks to crude oil prices and the impact of
undesirable events like the outbreak of COVID-19.
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