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*e aim of this paper is to identify the quantitative impacts of the infectious disease pandemic on the permanent volatility of
precious metal and crude oil futures from a long-term perspective by using a recently constructed Infectious Disease Equity
Market Volatility Tracker (ID-EMV) to capture the epidemic severity and with a novel mixed data sampling GARCH (GARCH-
MIDAS) method. Different from the extant literature only focusing on the short-term influences of the COVID-19 epidemic on
commodity futures market, this paper shows that the infectious disease pandemic does have significant and positive impacts on
the permanent (long-term) volatilities of precious metal and crude oil futures markets lasting for at least up to 12 months. In
addition, these specific impacts on crude oil futures are greater than those on precious metal futures. Finally, we find that the
infectious disease epidemic has larger impacts on gold (WTI oil) futures than those on silver (Brent oil) futures. All these findings
are robust after controlling the negative influences of lagged long-run realized volatility in commodity futures markets.

1. Introduction

*e outbreak of COVID-19 has caused huge losses in the
global real economy and financial markets, especially in the
commodity futures markets due to its direct impacts on both
the demand and supply chain of commodities [1–17]. Crude
oil markets are hit the hardest for the collapse in travelling
and massive plant shutdowns arising from mitigation
measures [7, 11, 14, 16, 18–21]. On 20 April 2020, the
NYMEX WTI crude oil futures settled at −37.63 USD, not
only the biggest drop in history but also the first time for
crude oil futures price falling below zero value. Accompa-
nied with the plunge in oil prices, however, precious metal
prices keep on an upward trend in general during the
COVID-19 pandemic. For example, the COMEX gold fu-
tures price increases from near 1500 USD per ounce in
January 2020 to about 1900 USD per ounce at the end of
2020 and reaches the highest price over 2000 USD in August
2020. *us, precious metals are largely used as hedge assets

against market risk in crude oil markets [18, 20, 22–25].
Although the hedging role of precious metals in crude oil
assets have been widely discussed in the literature, no re-
search focuses on the quantitative impacts of the infectious
disease epidemic on the volatility, especially the permanent
volatility, of precious metal and crude oil futures market
from a long-term perspective. To the best knowledge of the
authors, this paper is the first research focusing on the
quantitative impacts of the infectious disease pandemic on
the permanent volatility of precious metal and crude oil
futures markets by using a recently invented Infectious
Disease Equity Market Volatility Tracker (ID-EMV) to
capture the epidemic severity and with a long-term data
sample through 2010 to 2020.

Most related research in investigating the influence of
the infectious disease pandemic on precious metal and crude
oil markets arose in the recent COVID-19 epidemic
[7, 18, 20, 21]. *at means most of these studies focus on the
short-term effects of COVID-19 on those commodity
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markets only by comparing the qualitative changes in
market statuses (i.e., returns, volatilities, or correlations)
before and after the outbreak of the COVID-19 epidemic.
For example, Adekoya et al. [18] explored the hedging
abilities of gold against oil and stockmarkets risks during the
COVID-19 epidemic period by using the dynamic and re-
gime dependent models. *ey found that gold can offset
against oil and stock market risks across the times of global
emergency, and short-term investors hoping portfolio di-
versification can find good hedging capability in gold. Dutta
et al. [19] examined the safe-haven property of gold for crude
oil market during the COVID-19 outbreak, and they showed
that gold outperforms Bitcoin as a safe-haven asset. Mensi
et al. [20] examined the impacts of COVID-19 on the
asymmetric multifractality of gold and oil. *ey revealed
that, in the pre-COVID-19 time period, the gold and oil
markets are talentless in downward and upward trends,
respectively. But, after the COVID-19 epidemic outbreak,
gold and oil are even more talentless in upward and
downward trends, respectively. Gold and oil have become
more inefficient during the pandemic outbreak compared to
the pre-COVID-19 period. Salisu et al. [21] evaluated the
safe haven potential of gold vs. oil price risk by the asym-
metric VARMA-GARCH model by using daily-frequency
data. *ey found that gold presents major safe-haven
characteristics to oil price risks. Corbet et al. [5] showed that
the volatility connections among the Chinese stock markets,
gold, oil and Bitcoin evolve significantly during this COVID-
19 period. Such time-varying dependences at the periods of
stress show further fact to deliberately support the effec-
tiveness of the development of Bitcoin. In addition, before
the COVID-19 pandemic, there also has been plenty of
research in exploring the return and volatility dependencies
among precious metal and crude oil markets by using
various econometric models [26–49]. For instance, Al-
Yahyaee et al. [27] examined the multiscale associated
movement and connectedness among precious and non-
ferrous metals by employing Diebold and Yilmaz’s [50]
spillover index and some wavelet approaches. *ey found
strong comovements among nonferrous and precious metals
across medium-term and low frequencies, and gold can offer
the best diversification effect on nonferrous metals.

Although a great deal of work has been carried out in the
field of volatility modelling for precious metal and crude oil
markets [51–53], it is worth noting that no research has been
conducted to test the direct impacts of the infectious disease
epidemic on the long-term or permanent volatility of both
precious metal and crude oil futures market by now. Fur-
thermore, we think it is extremely important for policy
makers, commodity producers, and investors to know the
quantitative influences of infectious disease epidemic on
long-run volatility in these commodity markets. In addition,
identifying the differences in these influences between
precious metal and crude oil assets can also help us to get
deeper understanding in the heterogeneity among risky and
hedging instruments when facing the same risk resources
and then contribute to make better regulation measures and
portfolio decisions [29, 37, 38, 40]. *erefore, this paper
contributes to the extant literature in the three ways: firstly,

instead of comparing the qualitative changes in returns,
volatilities, or correlations in precious metal and crude oil
futures markets during the recent COVID-19 pandemic, this
paper focuses on the quantitative impacts of the infectious
disease epidemic on the volatilities of precious metal and
crude oil futures markets.*ere is no doubt that quantitative
information of such impacts can help a lot for policy makers
and investors in their decision-making processes. Secondly,
most of recent related research is only interested in the
short-term effects of the COVID-19 pandemic on com-
modity futures markets, e.g., a few months before and after
the outbreak of COVID-19. *is paper, however, explores
the long-term influence of the infectious disease epidemic by
using a data sample through January 2000 to November
2020, which can offer us more general pictures about the
shocks of public health emergencies on volatilities of pre-
cious metal and crude oil futures markets. Finally, this paper
provides marginal information about the impacts of infec-
tious disease epidemic on the long-run (i.e., monthly)
volatility of precious metal and crude oil markets by utilizing
a new mixed data sampling GARCH model, i.e., GARCH-
MIDAS, proposed by Engle and Rangel [54] and Engle et al.
[55], while most extant research only care about the short-
run (i.e., daily) volatilities in commodity markets during the
COVID-19 turmoil by using ordinary GARCH-type or
HAR-type models, while as pointed by Corsi [56], investors
in financial markets are heterogeneous with different in-
vestment horizons, i.e., short, medium, and long run, for
their different portfolio allocation purposes and structures.

*e rest of this paper is organized as follows: Section 2
introduces the GARCH-MIDAS model, Section 3 provides
descriptive statistics of the data, Section 4 discusses the em-
pirical results, Section 5 presents some robustness checks of the
major findings, and finally Section 6 concludes this paper.

2. Methodology

In traditional volatility modelling, GARCH-type models are
commonly employed. However, these traditional models can
only capture the impacts of exogenous variables on the vol-
atility of endogenous variables with both of them sampling at
the same time frequency, e.g., daily, weekly or monthly. In this
paper, we aim at examining the impacts of the low-frequency
infectious diseases epidemic (ID-EMV) on long-term volatility
of precious metal and crude oil futures markets, which is out of
the scope of those traditional GARCH-type models. *erefore,
a novel mixed data sampling method (MIDAS), the GARCH-
MIDAS proposed by Engle and Rangel [54] and Engle et al.
[55], is employed here to solve the problem of inconsistent
sampling frequencies of exogenous and endogenous variables
in volatility modelling. In the GARCH-MIDAS model, the
conditional volatility of an asset is constructed by the product
of a short-term volatility component and a long-term volatility
one. To be specific, the short-term (e.g., daily) volatility element
is caused by a simple GARCH (1, 1) process while the per-
manent (long-term) element is determined by a MIDAS re-
gression on a low-frequency (e.g., monthly) exogenous
variable. *e concrete modelling process of the GARCH-
MIDAS model is as follows:
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In the GARCH-MIDAS model, the logarithmic return
on day i in month t, ri,t, is calculated as

ri,t − ω �
����
gi,tτt


zi,t, ∀i � 1, . . . , Nt,

zi,t|Ii−1,t ∼ N(0, 1),
(1)

where ω � Ei−1,t(ri,t) is the conditional mean of ri,t given the
information set, Ii−1,t, which is attainable at (i− 1) day in
month t. Nt is the total number of trading days in month t,
and zi,t is an i.i.d. innovation term. Moreover, gi,t in
equation (1) is the short-term volatility component fol-
lowing a GARCH (1, 1) process as follows:

gi,t � (1 − α − β) + α
ri− 1,t − ω 

2

τt

+ βgi−1,t,
(2)

where α> 0, β> 0 and 1 − α − β> 0. τt in equation (1) is the
permanent (long-term) volatility component. To keep it
taking a positive value, we usually model the logarithmic τt

by this MIDAS regression:

log τt(  � m + θ 

K

k�1
φk(w)Xt−k, (3)

whereK is the time lags for the permanent volatility and Xt−k

is a low-frequency exogenous impactor that may influence
this permanent volatility; see, for example, monthly ID-
EMV utilized in this paper. φk(w) is a weighting function to
determine the decaying influence of Xt−k and is defined by a
one-parameter Beta polynomial:

φk(w) �
((1 − k)/K)

w− 1


K
j�1 ((1 − j)/K)

w−1, (4)

where w≥ 1. Furthermore, as pointed by Engle et al. [55], the
permanent volatility is also easily impacted by its own past
realized volatilities RVt−k, which is defined as
RVt−k � 

Nt

i�1 r2i,t−k and thus we rewrite equation (3) to
contain two low-frequency impactors as follows:

log τt(  � m + θ1 

K

k�1
φk w1( RVt−k + θ2 

K

k�1
φk w2( Xt−k,

(5)

where RVt−k can be treated as a control variable, which
enables us to identify the quantitative influence of the low-
frequency exogenous variable Xt−k on permanent volatility.

To estimate the GARCH-MIDAS model, two methods,
fixed window and rolling window, are commonly employed.
*e difference between these two approaches is that the
rolling-window method sets the long-run volatility to vary
every high-frequency time; however, the fixed-window ap-
proach sets the permanent volatility in a calendar time
window, i.e., one week/month/quarter/year. In the empirical
analysis section, following the suggestions, we employ a
rolling-window approach to identify the monthly factors in
the empirical estimations. It means that the long-run or
permanent volatility in this study can vary in each time
period.

3. Data

In this empirical study, we use two categories of data
sampling at daily and monthly frequencies, respectively. *e
first one is daily data of four commodity futures, i.e., pre-
cious metal and crude oil. To be specific, gold and silver
futures traded in COMEX are utilized to represent the
precious metal markets. In the same way, ICE Brent and
NYMEX WTI crude oil futures are selected to indicate the
performances of crude oil markets. All the daily futures
prices are recorded for contracts at the earliest specified
delivery date (for instance, for WTI crude oil, each contract
expires on the third business day before the 25th calendar
day of the month preceding the delivery month. If the 25th
calendar day of the month is a nonbusiness day, trading
ceases on the third business day before the business day
preceding the 25th calendar day. After a contract expires, the
nearest expiration contract for the remainder of that cal-
endar month is the second following month).

*e second one is the monthly data of the Infectious
Disease Equity Market Volatility Tracker (ID-EMV) de-
veloped by Baker et al. [57]. *is ID-EMV tracker is
constructed in the following steps: first, Baker et al. [57]
specify related text terms in four sets as follows (term
variants also included): (1) E: [economic, economy, and
financial]; (2) M: [stock market, equity, equities, standard,
and poor]; (3) V: [volatility, volatile, uncertain, uncer-
tainty, risk, and risky] and (4) ID: [epidemic, pandemic,
virus, flu, disease, coronavirus, MERS, SARS, EBOLA,
H5N1, and H1N1]. Second, they obtain daily counts of
newspaper articles that contain at least one term in each of
E, M, V, and ID across approximately 3,000 US Newspa-
pers. *ird, the raw ID-EMV counts are scaled by the count
of all articles in the same day. In a final step, they multi-
plicatively rescale the resulting series mirroring this ap-
proach to scale a Categorical EMV series in the overall
EMV tracker. *at is, they match the level of the VIX
between 1990 and 2016 using the overall EMV index and
then scale this ID-EMV index to reflect the ratio of the ID-
EMV articles to total EMV articles. Baker et al. [57] released
the ID-EMV tracker at daily frequency in the website of
Economic Policy Uncertainty (http://www.
policyuncertainty.com), while we convert it into monthly
frequency for the reason that there are many zero values of
it at daily frequency. More specifically, there are 8240 zero
records out of total 13118 (i.e., about 63%) daily ID-EMV
trackers through January 1, 1985 to November 30, 2020.
*us, it is difficult to track the quantitative fluctuations of
the infectious diseases epidemic with this daily tracker
containing too many zero values. Moreover, the major
purpose of this research is to quantify the impact of the
infectious disease epidemic on the long-term volatility of
precious metal and crude oil markets. So, we transform
daily ID-EMVi,t at the ith day in month t into monthly ID-
EMVt by summing all daily ID-EMVi,t within a month t.
*e data sample used in this study goes through January 5,
2000 to November 30, 2020, which is by far the longest
research sample concerning impacts of ID-EMV on
commodity futures market volatility as we know. *e

Discrete Dynamics in Nature and Society 3

http://www.policyuncertainty.com
http://www.policyuncertainty.com


precious metal and crude oil futures price is available at the
Wind database, and the ID-EMV data are collected from
the website http://www.policyuncertainty.com/
infectious_EMV.html.

Figure 1 shows the time evolutions of returns for gold,
silver, Brent, and WTI oil futures from January 2000 to
November 2020. We can see that there is clear volatility
clustering in these return series occasionally, e.g., during the
time periods of the 2008 subprime mortgage crisis and the
recent COVID-19 pandemic. Additionally, crude oil mar-
kets seem to fluctuate more violently than precious metal
markets, especially during the recent COVID-19 pandemic
time.

Table 1 presents the descriptive statistics of monthly ID-
EMV and four futures returns. Firstly, in general, for the
reason of being recorded at different time frequencies, the
monthly change rate of ID-EMV has larger mean and
standard deviation than those of daily futures returns. In
addition, ID-EMV has smaller skewness and kurtosis than
futures returns and, thus, presents normal distribution.
Secondly, in terms of commodity futures, Brent andWTI oil
have larger standard deviations than gold and silver returns,
indicating greater risk is observed in oil markets than in
precious metal markets. *is is also reasonable due to the
facts that gold and silver are commonly used as hedging
assets against risk assets, such as crude oil. Moreover, all the
four commodity futures returns have negative skewness and
kurtosis larger than 3, providing confirmative evidence of
nonnormality distributions of them. Additionally, we can
also see that gold and silver have no significant auto-cor-
relations in the time series but Brent andWTI crude oil have,
implying long-memory features in oil markets. Finally and
most importantly, all the ADF and P-P tests reject the null
hypothesis of unit root in these time series, indicating that all
the return series are stationary and can be modelled without
further transforms.

4. Empirical Analysis

In this section, we use the GARCH-MIDAS+ ID-EMV
method defined by equations (1)–(4) to quantify the impacts
of infectious disease epidemic on permanent volatility of
precious metal and crude oil markets. *at means only one
exogenous variable, i.e., monthly ID-EMV tracker, is in-
corporated in equation (3) and the parameter θ indicating
the quantitative impacts is what we are most interested in.

We present in Figure 2 the estimated total and long-run
(permanent) volatility of four futures assets with 6-month
lags in ID-EMV. Firstly, it shows that, in most time periods,
the total volatility fluctuates around permanent component,
except for silver futures. Secondly, regarding precious fu-
tures markets, in the most volatile time periods, i.e., the 2008
global financial crisis and the recent COVID-19 pandemic,
the long-run volatility increases accordingly in gold futures,
while it seems to have no obvious ascents in silver futures.
*is finding implies that gold and silver futures may respond
differently to common risk factors, especially in their long-

run volatilities. Finally, in terms of crude oil futures, we find
that the long-run volatility components in Brent and WTI
oil react to risk factors in a high degree of consistency. Both
of them increase moderately during the 2008 financial crisis
but surging upwards in the recent COVID-19 epidemic.

Furthermore, to get more quantitative and robust re-
sults, we estimate the GARCH-MIDAS + ID-EMV models
by setting time lags of ID-EMV through 3 to 12 months,
which are presented in Tables 2–5, respectively. As we can
see, Tables 2–5 show highly consistent estimation results.
Firstly, almost all the estimated parameters are significant
at the 1% level in both short- and long-run volatility
models, indicating good fitness of the GARCH-MIDAS
model with these commodity futures returns. Secondly, the
parameters, α and β, for short-term volatility are all sig-
nificant at the 1% level. In particular, all the β parameters
are larger than 0.91, revealing strong volatility clustering
features in these precious metal and crude oil futures
markets. Finally, and most importantly, the estimate pa-
rameters θ are positive and significant at the 1% level across
all the four futures with different time lags (from 3 to 12
months), implying that a severer infectious disease epi-
demic will result in greater long-run volatility in these
commodity futures markets.*is finding demonstrates that
the infectious disease epidemic can really influence the
permanent volatility in precious metal and crude oil
market. *us, it is a key factor that should be considered in
volatility modelling and risk measurement for policy
makers and investors.

More specific, except for the case of 6-month lags in ID-
EMV, we can find that ID-EMV has larger impacts (i.e.,
larger θ) on the permanent volatility in crude oil markets
than it does in precious metal markets, confirming the fact
that crude oil is a risky asset while precious metal can be used
to hedge this risk [27, 48, 58]. In addition, within precious
metals, the impacts of ID-EMV on gold is greater than those
on silver, proving that gold is easier than silver to be
influenced by infectious disease epidemic, which is con-
sistent with the conclusions in some extant research [58, 59].
Similarly, in terms of crude oil futures, WTI oil is more likely
to be affected by ID-EMV than Brent oil. *e possible
reasons for this finding are twofold: on the one hand,
NYMEX WTI oil price is primarily used as the benchmark
for pricing U.S. oil imports and local production in North
America (including Canada). However, for the vast majority
of the world’s crude oil production areas, such as in the
North Sea, Africa, Latin America, and some Middle and Far
Eastern regions, ICE Brent oil price is usually used as the
pricing benchmark. *us, when facing the same risk factors,
ICE Brent oil price can be more likely to diversify these
shocks through its broader oil production regions, while
WTI oil price is more susceptible to shocks of uncertainty
than Brent oil for its relative limited production locations.
On the other hand, the U.S. shale oil revolution, which began
in 2005, has increased greatly the elasticity of U.S. crude oil
production and, therefore, increased the volatility inWTI oil
price.
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5. Robustness Checks

In this section, we further employ GARCH-MIDAS models
with two monthly exogenous variables to test the robust-
ness of the major findings in Section 4. As stated by Engle
et al. [55], the long-run volatility in financial markets is
closely related by its past realized volatility RVt−k. It means
that the effects of other possible risk factors on futures
permanent volatility, rather than infectious disease epi-
demic (ID-EMV), can be captured by its past realized
volatility, as pointed by Bai et al. [60]. *us, in this section,
we use a model, labelled as GARCH-MIDAS +RV+ ID-
EMV, defined in equation (5) to reestimate the empirical
results reported in Tables 2–5.

Figure 3 further presents the estimated total and long-
run volatility of the four futures assets with 6-month lags in

both RV and ID-EMV. It means that the observed per-
manent volatilities in Figure 3 are not determined by the sole
impacts of ID-EMV but by the joint effects of lagged RV and
the infectious disease epidemic. In general, Figure 3 looks
consistent with Figure 2 with several slight differences.
Firstly, it shows that the total volatility fluctuates around its
permanent component, except for silver futures. Secondly,
during periods of severe market disruptions, i.e., the 2008
financial crisis and the recent COVID-19 pandemic, the
long-run volatility observed in gold and silver markets are
similar to those in Figure 2. However, with respect to crude
oil futures, we find quite different pictures in Figure 3. For
instance, the permanent volatilities in crude oil markets
decrease clearly rather than increase during the period of the
2008 global financial crisis, indicating that lagged RV can
really suppress the increase in the present permanent
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Figure 1: Time evolutions of returns for precious metal and crude oil futures.

Table 1: Descriptive statistics for ID-EMV and commodity futures returns.

ID-EMV Gold Silver Brent WTI
Frequency Monthly Daily Daily Daily Daily
Mean (%) 1.327 0.037 0.031 0.015 0.012
Standard deviation (%) 66.143 1.107 1.955 2.327 2.656
Skewness 0.146 −0.023 −0.912 −0.784 −1.548
Kurtosis 0.523 8.640 11.985 15.666 35.259
Jarque–Bera 3.771 6700.547∗∗∗ 17702.994∗∗∗ 34308.611∗∗∗ 221208.003∗∗∗
Q (5) 51.601∗∗∗ 2.559 4.029 14.279∗∗ 15.302∗∗∗
Q (10) 57.327∗∗∗ 16.127∗ 9.911 21.541∗∗ 23.993∗∗∗
ADF −16.223∗∗∗ −71.327∗∗∗ −71.157∗∗∗ −73.889∗∗∗ −73.582∗∗∗
P-P −28.514∗∗∗ −71.402∗∗∗ −71.168∗∗∗ −73.885∗∗∗ −73.577∗∗∗

Notes. *e Jarque–Bera statistic tests for the null hypothesis of normality in sample returns distribution. Q (n) is the Ljung–Box statistics of the return series
for up to the nth-order serial correlation. ADF and P-P are statistics of the Augmented Dickey–Fuller and Phillips–Perron unit root test based on the least AIC
criterion, respectively. ∗∗∗, ∗∗, and ∗ indicate rejection at the 1%, 5%, and 10% significance level, respectively.
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volatilities in crude oil markets even with the simultaneously
positive impacts of ID-EMV on them.

Tables 6–9 show the estimation results with both RV and
ID-EMV lagged through 3 to 12 months. *e revealed

empirical findings are highly in line with those presented in
Section 4. First of all, most of the parameters estimated are
significant, except for several ones of ω and w1, further
indicating the nice goodness of fit of GARCH-MIDAS

Table 2: Estimation results of GARCH-MIDAS+ ID-EMV models of futures volatility by infectious disease with 3-month lags.

Futures ω α β m θ w Log L

Gold 0.0003∗∗
(0.0001) 0.0281∗∗∗ (0.0012) 0.9718∗∗∗ (0.0014) −9.3882∗∗∗

(0.1696)
0.1439∗∗∗
(0.0343) 17.7450 (11.8550) 15812.3

Silver 0.0000 (0.0002) 0.0491∗∗∗ (0.0021) 0.9441∗∗∗
(0.0025)

−7.8688∗∗∗
(0.1109)

0.2446∗∗∗
(0.0671) 3.4689∗∗∗ (1.1158) 13221.1

Brent 0.0005∗∗
(0.0003)

0.0676∗∗∗
(0.0033)

0.9275∗∗∗
(0.0037)

−7.1387∗∗∗
(0.2075)

0.7326∗∗∗
(0.1164)

1.5349∗∗∗
(0.2478) 12450.7

WTI 0.0004 (0.0003) 0.0658∗∗∗
(0.0032)

0.9198∗∗∗
(0.0036) −7.3261∗∗∗ (0.0771) 1.0272∗∗∗ (0.1021) 1.6435∗∗∗

(0.1686) 11925.6

Note. *e bracketed numbers are the standard errors of the estimations. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively. Log L is
the logarithmic likelihood of the estimation.
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Figure 2: Estimated total and long-run volatility of precious metal and crude oil futures with GARCH-MIDAS+ ID-EMV models.
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models in these commodity futures markets. Secondly, the α
and β parameters for short-term GARCH (1, 1) volatility
models are all significant at the 1% level, also showing
notable short-term volatility clustering in these markets.
*irdly, the majority of the estimated θ1 coefficients for
lagged RV are significantly negative with few exceptions in
gold futures. *is result shows that past realized volatility
can adversely affect the long-term volatility of the current
period. In other words, high (low) realized volatility in
commodity futures markets will lead to low (high) per-
manent volatility in this time. Lastly, the θ2 coefficients for
ID-EMV, which we are most concerned about, are all
positively significant at the 1% level, showing high agree-
ment with the previous findings in Tables 2–6. *ese results
reveal that even after controlling the effects of the past

realized volatility, the infectious disease epidemic does have
positive impacts on the long-run volatility in precious metal
and crude oil futures markets. In addition, we also observe
that ID-EMV has larger impacts (i.e., larger θ2) on the
permanent volatility in crude oil markets than it does in
precious metal markets. Moreover, the impacts of ID-EMV
on gold (WTI oil) is greater than those on silver (Brent oil),
which are also highly consistent with the findings in
Tables 2–5.

All in all, the empirical outcomes in this section are in
excellent conformity with the previous results, providing
confirmative evidence that infectious disease does have
significant impacts on precious metal and crude oil fu-
tures markets, and these effects can last through 3 to 12
months.

Table 3: Estimation results of GARCH-MIDAS+ ID-EMV models of futures volatility by infectious disease with 6-month lags.

Futures ω α β m θ w Log L

Gold 0.0003∗∗
(0.0001)

0.0246∗∗∗
(0.0012)

0.9753∗∗∗
(0.0013)

−9.6726∗∗∗
(0.2460)

1.6900∗∗∗
(0.1358)

1.0947∗∗∗
(0.0536) 15609.7

Silver 0.0000 (0.0002) 0.0319∗∗∗ (0.0012) 0.9681∗∗∗ (0.0012) −9.9052∗∗∗
(0.3591)

1.6535∗∗∗
(0.1607)

1.0045∗∗∗
(0.0373) 12996.7

Brent 0.0005∗∗
(0.0003)

0.0690∗∗∗
(0.0034)

0.9248∗∗∗
(0.0040)

−7.2990∗∗∗
(0.2040)

0.6740∗∗∗
(0.1748) 3.9198∗∗∗ (1.2002) 12296.7

WTI 0.0004∗ (0.0003) 0.0696∗∗∗
(0.0033)

0.9146∗∗∗
(0.0037)

−7.3387∗∗∗
(0.0767)

1.0803∗∗∗
(0.1406)

3.4832∗∗∗
(0.5312) 11782.4

Note. *e bracketed numbers are the standard errors of the estimations. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively. Log L is
the logarithmic likelihood of the estimation.

Table 4: Estimation results of GARCH-MIDAS+ ID-EMV models of futures volatility by infectious disease with 9-month lags.

Futures ω α β m θ w Log L

Gold 0.0003∗∗
(0.0001)

0.0327∗∗∗
(0.0023)

0.9581∗∗∗
(0.0030) −9.1116∗∗∗ (0.0651) 1.1873∗∗∗

(0.2522) 2.4184∗∗∗ (0.5201) 15397.2

Silver 0.0000 (0.0002) 0.0333∗∗∗
(0.0013)

0.9667∗∗∗
(0.0013)

−9.2487∗∗∗
(0.1578)

0.9361∗∗∗
(0.2638)

2.2681∗∗∗
(0.6303) 12749.8

Brent 0.0005∗ (0.0003) 0.0683∗∗∗
(0.0035)

0.9258∗∗∗
(0.0039)

−7.2736∗∗∗
(0.1853)

0.7979∗∗∗
(0.2370) 5.1022∗∗∗ (1.7731) 12146.2

WTI 0.0005 (0.0003) 0.0680∗∗∗
(0.0032)

0.9155∗∗∗
(0.0036)

−7.3866∗∗∗
(0.0707) 1.2215∗∗∗ (0.1723) 4.8095∗∗∗

(0.8107) 11634.6

Note. *e bracketed numbers are the standard errors of the estimations. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively. Log L is
the logarithmic likelihood of the estimation.

Table 5: Estimation results of GARCH-MIDAS+ ID-EMV models of futures volatility by infectious disease with 12-month lags.

Futures ω α β m θ w Log L

Gold 0.0003∗∗ (0.001) 0.0339∗∗∗
(0.0022)

0.9579∗∗∗
(0.0030)

−9.0390∗∗∗
(0.0751)

0.5433∗∗∗
(0.1477) 8.7631∗∗ (3.4253) 15168.9

Silver 0.0000 (0.0002) 0.0347∗∗∗
(0.0013)

0.9653∗∗∗
(0.0013)

−9.2016∗∗∗
(0.3558)

0.2437∗∗∗
(0.0559)

18.0210∗∗∗
(5.8944) 12530.3

Brent 0.0005∗∗
(0.0003)

0.0677∗∗∗
(0.0035)

0.9255∗∗∗
(0.0040)

−7.3990∗∗∗
(0.1793)

0.7788∗∗∗
(0.2325) 7.2045∗∗∗ (2.5398) 11997.8

WTI 0.0005∗ (0.0003) 0.0681∗∗∗
(0.0032)

0.9158∗∗∗
(0.0036)

−7.3793∗∗∗
(0.0731)

1.2248∗∗∗
(0.1826) 6.5162∗∗∗ (1.1766) 11488.7

Note. *e bracketed numbers are the standard errors of the estimations. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively. Log L is
the logarithmic likelihood of the estimation.
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Figure 3: Estimated total and long-run volatility of precious metal and crude oil futures with GARCH-MIDAS+RV+ ID-EMV models.

Table 6: Estimation results of GARCH-MIDAS+RV+ ID-EMV models of futures volatility by infectious disease with 3-month lags.

Futures ω α β m θ1 θ2 w1 w2 Log L

Gold 0.0003∗∗
(0.0001)

0.0309∗∗∗
(0.0030)

0.9609∗∗∗
(0.0041)

−9.1269∗∗∗
(0.0789)

18.3390
(18.1600)

0.4661∗∗∗
(0.0861)

45.0800
(160.7300)

2.1536∗∗∗
(0.5202) 15848.4

Silver 0.0000
(0.0002)

0.0615∗∗∗
(0.0029)

0.9316∗∗∗
(0.0032)

−7.619∗∗∗
(0.1416)

−24.49∗∗∗
(4.8943)

0.2980∗∗∗
(0.0816)

6.5012∗∗∗
(1.5580)

2.8758∗∗∗
(0.8610) 13230.9

Brent 0.0001∗∗
(0.0000)

0.0745∗∗∗
(0.0040)

0.9207∗∗∗
(0.0043)

−7.0141∗∗∗
(0.2340)

−5.8417∗∗
(2.6558)

0.8973∗∗∗
(0.1363)

18.9300
(23.8830)

1.4169∗∗∗
(0.1946) 12452.3

WTI 0.0005
(0.0003)

0.0638∗∗∗
(0.0031)

0.9249∗∗∗
(0.0035)

−7.2011∗∗∗
(0.1006)

−4.6791∗∗∗
(1.7145)

1.0860∗∗∗
(0.1124)

1.0010∗∗∗
(0.2983)

1.4478∗∗∗
(0.1372) 11927.4

Note. *e bracketed numbers are the standard errors of the estimations. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively. Log L is
the logarithmic likelihood of the estimation.
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6. Conclusions

Commodity futures markets are sensitive to many kinds of
impacts, such as supply-demand shocks, geopolitical un-
certainty, speculation surges, and public health emergencies.
Especially, in the undergoing COVID-19 epidemic, com-
modity futures markets have experienced mind-bogglingly
large swings and brought many troubles to policy makers,
commodity productors and demanders, and investors.
*erefore, this paper focuses on quantifying the impacts of
the infectious disease epidemic on the permanent volatility
of two import commodity futures, i.e., precious metal and
crude oil.

*e major empirical results show that the infectious
disease epidemic does have positive impacts on the long-run
volatilities of gold, silver, Brent, and WTI crude oil futures,
and these effects can last from short term (3 months) to

relative long term (12 months). Additionally, the influences
of the infectious disease epidemic on crude oil futures are
greater than those on precious metal for the reason that the
former is innately tasked to be risk assets due to its tight
relationships with industry and agriculture production, as
well as transportation industry. Furthermore, we find that
the infectious disease pandemic has larger impacts on gold
(WTI oil) futures than that on silver (Brent oil) futures. All
these findings are robust after controlling the effects of their
own lagged realized volatilities.

*e empirical results in this paper have several impor-
tant policy and economic implications: firstly, infectious
disease epidemic is recognized as a significant risk factor for
commodity futures markets in this paper. *us, policy
makers should give it enough weight when making tailored
regulatory policies in futures markets to avoid huge price
volatilities and to stabilize market confidence. We also find

Table 7: Estimation results of GARCH-MIDAS+RV+ ID-EMV models of futures volatility by infectious disease with 6-month lags.

Futures ω α β m θ1 θ2 w1 w2 Log L

Gold 0.0003∗∗
(0.0001)

0.0296∗∗∗
(0.0024)

0.9626∗∗∗
(0.0031)

−9.1429∗∗∗
(0.0899)

−5.3522
(24.1230)

1.6697∗∗∗
(0.1654)

5.0839
(32.9730)

1.1631∗∗∗
(0.0718) 15632.3

Silver 0.0000
(0.0002)

0.0369∗∗∗
(0.0015)

0.9631∗∗∗
(0.0014)

−9.8573∗∗∗
(0.4055)

−27.9310∗∗∗
(6.9849)

1.5958∗∗∗
(0.1702)

2.2015∗∗∗
(0.5659)

1.0046∗∗∗
(0.0398) 13003.8

Brent 0.0005∗∗
(0.0003)

0.0648∗∗∗
(0.0032)

0.9318∗∗∗
(0.0034)

−6.8889∗∗∗
(0.3560)

−24.7200∗∗∗
(7.9097)

1.8309∗∗∗
(0.2729)

1.5079∗∗∗
(0.3790)

1.3721∗∗∗
(0.1605) 12299.1

WTI 0.0005
(0.0003)

0.0672∗∗∗
(0.0031)

0.9243∗∗∗
(0.0031)

−6.9706∗∗∗
(0.1545)

−14.8170∗∗∗
(3.4674)

2.2859∗∗∗
(0.2242)

1.6939∗∗∗
(0.2911)

1.4239∗∗∗
(0.1248) 11784.9

Note. *e bracketed numbers are the standard errors of the estimations. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively. Log L is
the logarithmic likelihood of the estimation.

Table 8: Estimation results of GARCH-MIDAS+RV+ ID-EMV models of futures volatility by infectious disease with 9-month lags.

Futures ω α β m θ1 θ2 w1 w2 Log L

Gold 0.0003∗∗∗
(0.0001)

0.0259∗∗∗
(0.0016)

0.9741∗∗∗
(0.0018)

−9.5552∗∗∗
(0.1906)

−13.8000
(25.2350)

1.4074∗∗∗
(0.2258)

5.6248
(12.8290)

2.3628∗∗∗
(0.3957) 15374.3

Silver 0.0000
(0.0002)

0.0403∗∗∗
(0.0015)

0.9597∗∗∗
(0.0015)

−9.1283∗∗∗
(0.1605)

−37.5240∗∗∗
(8.9184)

0.2559∗∗∗
(0.0822)

3.1900∗∗∗
(0.8631)

9.0347∗∗
(3.8279) 12756.8

Brent 0.0005∗
(0.0003)

0.0651∗∗∗
(0.0032)

0.9318∗∗∗
(0.0035)

−6.8409∗∗∗
(0.3207)

−20.6470∗
(11.3380)

1.2633∗∗∗
(0.4629)

2.2151∗∗
(1.0360)

3.2141∗∗
(1.2817) 12147.8

WTI 0.0005
(0.0003)

0.0647∗∗∗
(0.0030)

0.9249∗∗∗
(0.0033)

−7.1367∗∗∗
(0.1473)

−11.2310∗∗
(5.0179)

1.6444∗∗∗
(0.2954)

2.3544∗∗∗
(0.7674)

3.3541∗∗∗
(0.6979) 11636.3

Note. *e bracketed numbers are the standard errors of the estimations. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively. Log L is
the logarithmic likelihood of the estimation.

Table 9: Estimation results of GARCH-MIDAS+RV+ ID-EMV models of futures volatility by infectious disease with 12-month lags.

Futures ω α β m θ1 θ2 w1 w2 Log L

Gold 0.0003∗∗
(0.0001)

0.0378∗∗∗
(0.0030)

0.9540∗∗∗
(0.0035)

−8.9224∗∗∗
(0.1138)

−60.2300∗∗
(27.8850)

2.0407∗∗∗
(0.4188)

11.408
(7.8111)

2.0497∗∗∗
(0.3817) 15171.8

Silver 0.0000
(0.0002)

0.0406∗∗∗
(0.0015)

0.9594
(0.0015)

−9.1784∗∗∗
(0.3925)

−37.1680∗∗∗
(9.3567)

0.2913∗∗∗
(0.0828)

4.5762∗∗∗
(1.3800)

12.369∗∗∗
(4.6568) 12537.9

Brent 0.0005∗∗
(0.0002)

0.0652∗∗∗
(0.0003)

0.9301∗∗∗
(0.0004)

−7.1647∗∗∗
(0.3600)

−14.927
(13.4370)

1.1032∗∗∗
(0.4235)

3.2782
(2.6360)

5.0775∗∗
(2.1906) 11998.7

WTI 0.0005
(0.0003)

0.0655∗∗∗
(0.0031)

0.9234∗∗∗
(0.0034)

−7.1677∗∗∗
(0.1528)

−9.9499∗
(5.4216)

1.6611∗∗∗
(0.3340)

3.2375∗∗
(1.3331)

4.5244∗∗∗
(1.0596) 11490.1

Note. *e bracketed numbers are the standard errors of the estimations. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively. Log L is
the logarithmic likelihood of the estimation.
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that these positive impacts of ID-EMV on commodity fu-
tures can last significantly as long as 12 months. In the
consequence, policy makers should not withdraw their fiscal
or monetary policies quickly in case it fails to meet their
desired goals. *en, for commodity productors and de-
manders, they must pay keen attention to the trends of
infectious disease epidemics and arrange raw material re-
serves, logistics scheduling, and production plans accord-
ingly, which can enhance the security in their supply chain
and capital chain effectively. Last, for investors in com-
modity futures markets, they have to know that long-run
volatility in crude oil futures is easily affected by the in-
fectious disease epidemic than precious futures. *erefore,
they can tailor the risk exposure of their portfolio by
rebalancing the weights in precious metal and oil assets
during a pandemic. In addition, this paper shows that the
impacts of ID-EMV on gold (WTI oil) are greater than those
on silver (Brent oil). *is result offers investors with options
on different precious metal and crude oil assets to hedge the
market risks stemming from the infectious disease epidemic.
For investors, gold may be a better choice than silver to
hedge the market risks in holdingWTI crude oil, while silver
is superior to gold in offsetting risks in Brent oil positions.
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infectious_EMV.html.
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