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Highlights

1. Crude oil prices are subject to frequent and unpredictable fluctuations that can pose
significant risks for investors. In this paper, we investigate whether gold can serve as a
haven or a hedging as opposed to these hazards.

2. We apply the imbalanced VARMA-GARCH framework to analyze everyday information
between Jan 2010 to Aug 2022. To consider the effect of COVID-19 epidemic on the oil
and gold markets, we divide the information into 2 sub-parts: prior to and amid the
epidemic.

3. Our empirical outcomes show that gold serves as an important refuge against the fuel cost
risks in both sub-periods. This means that gold can protect investors from extreme
negative movements at oil prices. Moreover, our optimal portfolio and hedging analyzes
confirm that gold can also hedge against normal variations in oil prices.

Abstract

This research explores gold's safe-haven properties amid oil price instability, focusing on the
COVID-19 pandemic. The study examines how gold hedges against oil price swings in the
context of the pandemic's exceptional market circumstances. A VAR (Vector Autoregressive)
model analyzes gold and oil prices from 2006 through 2021. The VAR model reflects the
dynamic interactions and interdependencies between these two essential commodities in the
context of oil price volatility and the COVID-19 pandemic. This analysis shows that gold
protects against oil price volatility and the COVID-19 pandemic—gold buffers against oil price
swings due to its strong inverse association with oil prices. Gold offers investors security and
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asset preservation during significant oil price volatility. In light of oil price volatility and the
COVID-19 pandemic, the study helps explain gold's importance as a diversification tool and
haven asset. Investors, policymakers, and market players should consider gold as a hedge against

oil price volatility and economic instability.

Keywords: Gold; Oil price volatility; Essential commodities; Market players

1.Introduction

Oil and gold are two essential commodities that are important in the world's financial markets.
Both commodities are intertwined, with gold acting as a haven asset and a store of value, while
oil prices impact different economic sectors. Investors, decision-makers, and market players
must know the connection between gold and oil prices, especially when the markets are volatile.
Several different variables impact the stability and performance of the international financial
markets. Among them, the price swings of commodities like oil and gold substantially impact
market dynamics.(Y. Zhang & Umair, 2023) China is a resource-rich nation that is especially
vulnerable to fluctuations in commodity prices, which may significantly affect the country's
equities market and more extensive financial system. For policymakers, investors, and financial
institutions to make knowledgeable choices and create efficient financial policies, it is essential
to comprehend the effects of changes in the price of gold and oil on the China equities market.
Gold and oil are two of the most well-known commodities in South Africa, renowned for having
a wealth of natural resources. These resources are vital to the nation's economy, and any changes
in their pricing might significantly impact a number of industries, including the stock market.
Global supply and demand dynamics, geopolitical variables, and macroeconomic circumstances
impact oil prices. On the other hand, variables like inflation, currency changes, and investor
attitude toward safe-haven assets impact gold prices.(Li & Umair, 2023) It is crucial to

investigate how changes in their prices impact the China equities market, given the significance
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of oil and gold to the country's economy. This study may lighten the interrelationships between
commodities markets and the equities market by revealing insights into the transmission
channels of volatility and spillover effects. Understanding these processes may also significantly
impact financial policy, including how risk is managed, how portfolios are diversified, and how
to create efficient regulatory measures.(Ullah et al., 2020) The idea of volatility spillovers is an
essential factor to consider when analyzing the effect of changes in the price of gold and oil on
the South African equities market. Spillovers of volatility are the transfer of volatility from one
market to another. In this context, it alludes to the volatility spreading from the commodities
markets (oil and gold) to the equities market. For determining the degree of interconnectivity
between these markets and the possible risk implications for investors and market players, it is
crucial to comprehend the existence and extent of volatility spillovers. Prior research has shown
evidence of volatility spillovers between comimodities and equities markets in diverse
circumstances. For instance, research has shown that oil price fluctuations may impact stock
market returns in nations that export oil(Xiuzhen et al., 2022). Similar findings have been made
about the impact of changes in the price of gold on equities markets in both developed and
developing nations(Wu et al., 2022). The oil business has long been a pillar of the world
economy, supplying essential energy supplies for manufacturing, transportation, and several
other industries. However, the environmental effect of using fossil fuels, notably in terms of
greenhouse gas emissions and climate change, has come to more attention in recent years. As a
result, there is growing pressure on the oil sector to switch to more ecologically friendly and
sustainable methods. The fluctuation in oil prices, which substantially impacts the financial

health of the oil sector and its carbon footprint, is one crucial element affecting this change.
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The term "oil price volatility" describes shifts in the price of crude oil on the international
market. Numerous variables, including supply and demand dynamics, macroeconomic
circumstances, and geopolitical tensions, might be blamed for these changes. Qil price volatility
significantly influences the global economy, financial markets, and investments in the energy
sector. Oil price volatility impacts energy policy, economic development, and environmental
initiatives, as well as the profitability and financial stability of oil businesses. Oil sector financial
repercussions of oil price fluctuation are severe(Pan et al., 2023). Given that oil firms' income is
intimately correlated with the price of oil, high volatility may result in revenue changes and
decreased profitability. Oil firms may have financial difficulties when low prices include
decreased cash flow, lesser exploration and production investment, and even insolvency
concerns. On the other hand, during times of high pricing, businesses may enjoy greater
earnings, resulting in expenditures in capital and growth. Additionally, the value of oil reserves
is impacted by oil price volatility, which influences the financial accounts of oil firms. A
company's solvency and credit ratings may be affected by asset write-downs and impairments
brought on by fluctuating oil prices. The capacity of oil corporations to invest in R&D, technical
innovation, and sustainable practices is influenced by their financial situation. Therefore, for
stakeholders, investors, and policymakers to make informed choices, they must comprehend the
effects of oil price volatility on the financial health of the oil sector. The oil industry's carbon
footprint is the greenhouse gas emissions brought on by oil extraction, refinement,
transportation, and consumption(W. Fang et al., 2022). Oil price volatility may impact the
industry's carbon footprint through several different avenues. First, during high oil prices, there
could be a greater incentive to extract and produce from less traditional and more carbon-

intensive sources, such as oil sands or deepwater drilling.
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On the other hand, low oil prices may lead to less funding for carbon-intensive projects, which
might reduce emissions. However, it is crucial to consider the energy transition in addition to the
more general context of oil price volatility(F. Liu et al., 2023). The competitiveness of renewable
energy sources may be impacted by lower costs, thus delaying the transition to cleaner
alternatives. Oil price volatility also affects consumer habits for energy. Introducing more fuel-
efficient technology and changes in consumer behavior due to fluctuating pricing might result in
variations in energy demand. These changes impact the total amount of carbon emissions linked
to oil use. There is a growing worldwide movement toward switching to more sustainable and
clean energy sources because of the environmental issues related to oil usage. The volatility of
oil prices may impact the speed and course of this transformation(Li & Umair, 2023). High oil
price volatility may lead to market risks and uncertainty, making investments in renewable
energy projects more difficult. In contrast, fow oil prices may make oil exploration and
production less economically viable, which may cause investment to be redirected toward
renewable energy sources. For policymakers, investors, and stakeholders in the energy sector, it
is critical to comprehend the effects of oil price volatility on the financial health and carbon

footprint of the oil business.

The COVID-19 pandemic outbreak in 2020 brought about unheard-of market circumstances and
increased volatility in a number of asset types, including commodities. Sharp drops in oil prices
were caused by the pandemic's huge reduction in worldwide oil consumption. Due to the harsh
market circumstances, it has become necessary to investigate the connection between gold and
oil prices and how gold functions as a defensive asset when oil prices are volatile. In this
research, the COVID-19 pandemic examined to examine the protective qualities of gold during

periods of oil price fluctuation. The study period covers a sizable period, from 2006 to 2021,



Journal Pre-proof

encompassing a range of market cycles and economic situations. We can capture the dynamics of
relationships between the prices of gold and oil by looking over this lengthy time, and we can
evaluate how the COVID-19 epidemic has affected their connection. We use a VAR (Vector
Autoregressive) model to examine the link between gold and oil prices and how they react to oil
price volatility. The simultaneous interactions and interdependencies between the prices of gold
and oil may be examined using the VAR model, capturing the dynamic character of their
connection. This modeling strategy allows us to analyze how gold functions as a hedge against
changes in oil prices and offers insights into how these commodities behaved during the COVID-
19 epidemic. The study's conclusions affect investors and decision-makers who want to
comprehend how gold functions as a diversification tool and a safe-haven asset. We can learn
more about gold's potential as a risk reduction tactic by looking at how protective it is during
volatile oil prices. Understanding the price interactions between gold and oil during the COVID-
19 pandemic also provides insight into the particular market circumstances and the effects of

global crises on these commodities.

2.Literature review

2.1. Crude Oil Price and Exchange Rate

The link between crude oil prices and exchange rates has garnered attention because of its
interdependence and possible economic ramifications. The effect of oil price shocks on currency
rates in the BRICS nations has been the subject of several research. For instance, in BRICS,
(Mohsin, Taghizadeh-Hesary, Igbal, et al., 2022)discovered evidence of asymmetric volatility
spillovers between oil prices and currency rates. They proposed that although adverse shocks

have a lower impact, positive shocks to the price of oil tend to enhance exchange rate volatility.
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The dynamic relationships between crude oil prices and currency rates have also been studied.
(Chang et al., 2023b)looked at the connection between the value of the Chinese Yuan concerning
world oil prices. They discovered a strong positive link between the exchange rate and oil prices,
indicating that rising oil prices cause the Yuan to appreciate. The results of this research
emphasize how crucial it is to consider the relationships between oil prices and exchange rates to
comprehend the dynamics of the BRICS economies. The link between the price of crude oil and
the price of gold has received attention since both are considered alternative assets and safe-
haven investments. Empirical data suggest an intricate link between these two factors. For
instance, (D. Zhang et al., 2022)used a time-varying copula technique to examine the correlation
between gold and oil prices in the BRICS nations. Significant time-varying correlations were
discovered, indicating that shifting market circumstances influence the connection between the
prices of gold and oil. In the BRICS setting, asymmetric volatility spillovers between the prices
of gold and oil have also been noted. In the BRICS nations, (Wei et al., 2022)looked at price of
crude oil and gold. During times of financial crisis, they discovered evidence of considerable
spillovers from oil prices to gold prices, which suggests a flight to safety impact. This suggests
that oil price shocks affect gold prices differentially during market uncertainty, emphasizing the
need to consider asymmetric impacts in volatility spillover calculations. The link between
exchange rates and gold prices has been studied in the literature, particularly emphasizing how
exchange rate variations affect gold prices. The dynamic relationships between the Chinese yuan
exchange rate and gold prices in China were looked into by(Mohsin, Taghizadeh-Hesary, &
Shahbaz, 2022). They discovered proof of significant time-varying correlations, suggesting that

changes in the exchange rate affect gold prices in the Chinese market.
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In the BRICS nations, asymmetric volatility spillovers have also been noted between currency
rates and gold prices. Using a multivariate GARCH framework, investigated the impacts of
currency rates and gold prices in the BRICS economies. They discovered evidence of sizable
asymmetries, indicating that positive and negative shocks affect the volatility of exchange rates
and gold prices differently. These results highlight the significance of considering the asymmetry
exchange rates, and gold prices have been examined in the BRICS context to comprehend the
interdependencies between these variables. Using a dynamic conditional correlation
model,(Chang, Gan, et al.,, 2022) examined the time-varying. They discovered that the
correlations between oil prices and currency rates varied among nations, indicating that country-
specific factors may impact this link. In addition, they saw fluctuating connections between gold
and oil prices over time, suggesting shifting relationships between these two commodities.
Similarly,(Chang, Taghizadeh-Hesary, et al., 2022) used a wavelet-based methodology to
investigate the dynamic connections between oil prices, currency rates, and gold prices in BRICS
nations. They discovered that there are short-term and long-term associations since the
correlations between these variables change across various periods. The findings indicate that
different variables, including market circumstances, economic policies, and geopolitical events,
impact the correlations between oil prices, exchange rates, and gold prices.

For the aggregate model, the authors found that geopolitical risk contributed significantly to oil
price increases. The impacts of economic growth, transportation improvements, and
technological advances on CO2 emissions while accounting for GDP growth from 1971 to 2018
were discussed in two studies by(Xu et al., 2023). Financial growth, transportation infrastructure,
innovation, and CO2 emissions were all shown to be very vulnerable to one another across many

time scales and frequency bands using a wavelet coherence technique and coupled cointegration.
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In addition, the results of the wavelet coherence approach demonstrated that (i) transportation
was a significant source of CO2 emissions during the 1986—1988 and 2001-2014 time periods,
and (ii) innovation significantly predicted CO2 emissions during this period. Considering the
American transportation industry, the impact of factors including fossil fuel energy consumption,
biomass energy consumption, and economic growth on CO2 emissions was calculated in two
separate studies by(Tamazian et al., 2009), and economic expansion on CO2 emission and found

that natural resources had a favorable influence on CO2 emission in China.

The present age of the COVID-19 epidemic has led to several research examining the function
that various metals serve as hedges or safe havens in this uncertain time. For instance,(Chang et
al., 2023a) investigated the influence of the COVID-19 pandemic on the gold and oil markets
and found that it had asymmetries. The results of the BEKK-AGARCH model showed that the
oil market's influence on the gold market was somewhat more significant during the epidemic.
Additionally, it was discovered that the adverse information shock in the oil market had a more
substantial influence on the volatility of gold return than the positive shock, heightened during
the pandemic era. Pre-Covid era studies by (Z. Fang et al., 2022) corroborate the protective effect
of gold on oil prices. A similar conclusion that gold provides shelter from oil price volatility was
obtained by(Chang, Lu, et al., 2022). In addition to the findings of prior research, the authors of
this study also demonstrated that gold served as a secure refuge for storing platinum, palladium,
and silver. (Mohsin et al., 2020)considered the possibility that the function of gold as a haven
might be affected by the volatility of other metal prices during and before the COVID-19 period.
Gold prices were brought down in the long run by the negative volatility of the Eurocurrency.
Still, the positive volatility of silver, gold, developing markets, and financial markets during the

COVID-19 era brought them down in the short run.
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In contrast, energy, silver, gold, Eurocurrency, and financial industry volatility contributed to
higher gold prices before COVID-19. In contrast, only oil market volatility in the near term led
to lower gold prices. (Iram et al., 2020)conducted a quantile regression analysis of escape flights
using indicated gold, stock, silver, and gold mining volatilities. Unidirectional causation flowing
from stock market volatility to the volatilities of the silver, gold, and gold mining markets was
discovered when testing for nonlinear and linear Granger causality across quantiles. There is no
link between silver and gold market volatility, though. The higher and lower quantiles discovered
evidence of unidirectional causation from gold, silver, and stock. matket volatility to gold-mining
volatility.(Mohsin et al., 2019) Estimating the impact of the COVID-19 pandemic on
commodities markets has been more popular in recent.publications. This is the first research to
use the ARDL estimate method to analyze the impact of coronavirus infections on food price
indices and crude oil prices from January 2020 to-March 2020.(Khanna et al., 2019) . Long-term
effects on oil prices were shown to be.unfavorable because to the COVID-19 epidemic, but the
index of food prices was found.to be positively impacted. However, in the near term, the food
price index and oil prices. were negatively correlated with the COVID-19 pandemic.
(Christoffersen & Pan, 2018) reached the same finding for a research set in China. Investor
demand for gold during the COVID-19 pandemic-induced recession was studied by. Their
research indicated that income and inflation might explain people's preference for gold over
interest rates. Gold and oil prices may have been impacted by the COVID-19 panic, media
coverage, and news, according to a study conducted by. The ARDL method indicated that the
fear and fatalities associated with COVID-19 harmed oil prices between January and June 2020.
However, media hype negatively impacted oil prices in the long term. According to the research,

gold was shown to provide a haven during the COVID-19 outbreak crisis and a hedge against
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geopolitical and socioeconomic catastrophes. In addition, recently constructed the COVID 19
World Fear Index by using two factors—deaths and reported cases—and looked into whether or
not the index might forecast the price returns of gold and agricultural products. The results

showed a positive correlation between the fear index and the returns on commodities prices.

3. Data and methodology

3.1. Data
The daily transaction data from 2006-2021, is used as a sample for this article. Oil price volatility

futures prices are used as a proxy for the natural resources, while the amount of local currency in
each of the China nations equal to one US dollar is utilized to indicate exchange rates. Each set
contains 3851 valid values after removing the data with inconsistent income dates and missing
data from market trading difficulties. Renewable energy data is provided by the WGC. In
contrast, exchange rate data is provided by Bloomberg and carbon emission data is acquired
from the US EIA website. More than 65% of the world's crude oil is now priced under the Brent
system, which is worth mentioning when investigating the volatility of crude oil prices since
futures contracts have high liquidity and transparency. As a result, we will utilize the futures
price of oil price volatility as our data point.

Daily compounded returns are determined by finding the difference in logarithms of two
successive prices. Here is the formula: OPVt = In(Brentt / Brentt-1) = In (ExRatet / ExRatet-1) *
100REt The formula is: 100NRt = In(Goldt / Goldt-1) x 100

In contrast, OPVt, REt, and NRt are the refined international crude oil daily rate of return,
exchange rate daily rate of return, and gold price daily return series, respectively. In this article,
OPVt stands for the daily return series of international crude oil. In contrast, CO2t, GFt and

GDPt, are the daily return series of the China, respectively.
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3.2. Methodology

Evidence for cross-market information transmission (the "spillover effect™) in financial markets
is presented. The volatility spillover effect is the spread of risk in economics from one market to
another. In contrast to the more prevalent usage of VAR and GARCH models for investigating
correlations in empirical research, MGARCH models are often used for investigating the
volatility and linkages between the volatility of many markets. Energy economics and finance
domains, such as oil price research(X. Zhang et al., 2021), extensively use MGARCH models
with BEKK to investigate Intermarket volatility spillover effects.

Increasing the number of variables is one way to minimize the endogenous impact when we
investigate the spillover effect across several marketplaces(L. Yu et al., 2021). This work, in
contrast to previous studies that only looked at two markets, leverages the oil, currency rate, and

gold markets to significantly cut down on endogeneity and boost the credibility of the findings.

3.2.1. VAR model

Predicting many financial factors at once might be a cause for anxiety at times. The VAR model
is a technique for making systemic predictions about many time series variables. We construct a
p-order Vector Autoregressive (VAR) model to analyze the average impact of spillovers between

marketplaces. This is how the model works:

Ri;=a;+ Zi=1AkRi,t—k + & (1)
&elle—1 ~ N(0, Hy) (2)

Where the price shock at time t is represented by the residual vector t, which is assumed to have

a normal allocation with a mean of zero and a variance of one. Various series of prices are
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represented by the various values of i. Since this is the case, we may rewrite equation (1) as a
matrix:

Ry ay P Qiik Q12 Q13k Ryt €1t

(Rz2p) = (a2) + E (@216 22k  QA23k) X (Rae—k) + (€2t)  (3)

Rj; as k=1 ¥31k @32k A33k Rsi g €3t
Where R1, t, R2, t, R3, t are return series for natural resources, the exchange rate, and the price
of gold at time t. The best lag order of the VAR model is represented by p, whereas Ri,t-k is the
return series at time t-k. Each market's long-term offset is represented by the vector i(i = 1, 2, 3),

which is a constant term. The 3 by 3 coefficient parameter matrix is denoted as Ak (k =1, 2, 3...,

p), where ij is the exchange of price data across markets.

3.2.2. BEKK-GARCH model

A multivariate econometric model called BEKK-GARCH (Baba, Engle, Kraft, and Kroner) is
used to estimate and predict the conditional covariance matrix and time-varying conditional
correlations between various variables.(Riddick & Whited, 2009) The standard GARCH model
is expanded in the BEKK-GARCH model in order to better account for dynamic correlation
structure.(H. Liu & Zhao, 2022) The BEKK-GARCH model's important feature is its ability to
estimate time-varying conditional correlations, which is very helpful in capturing the shifting
interdependencies and spillover effects across variables. The model is often used in risk

management, macroeconomics, and financial econometrics:

& = H*v, (4)

Ht = CIC + A'gt_lg't_lA + B,Ht_lB (5)



Journal Pre-proof

In the VAR (p) equation, the trade residuals 1,t, 2,t, and 3,t form a 3 by 1 matrix denoted by t.
Standardized residuals 1,t, 2,t, and 3,t form a matrix called t, which is a white-noise procedure.
Data on the variation and covariance of the residual t at time t-k is represented by the matrix Ht,
which is of size 3 by 3. Matrix C is a fixed lower triangular 3 by 3 matrix, but A and B may be

whatever size they choose. The exact matrices used in Eq. (5) are as follows:

hi1e hize hise c;1 O 0 a{1 Qaq2 Qg3
Hy = (ha1,e haze hazt)C=(c21 C2 0)A= (A1 Q22 G23)B =
hsie hsze hase C31 C32 C33 Az 043z 04z3
bi1 b1z bys
(ba1 by by3) (6)
by b3, bs3

The ARCH impact of price return variations is represented in the non-diagonal components of A
and B by the value aij(ij), which represents the degree to which market i influences market j. The
GARCH impact of price return variations is represented by bij(ij), the continuous transmission of

fluctuations from market i to market j.

3.2.3. Asymmetric BEKK-GARCH model

We use the asymmetrical BEKK (1,1) model to account for the asymmetric effect:

Ht = C,C + A’Et_lglt_lA + B’Ht—lB + D'@t_lelt_lD (7)

In this case, t-1 is a three-dimensional column vector, and matrix D is a three-by-three matrix,
much like matrices A and B. If t-1 is negative, then the news is terrible, and t-1 will be equal to t-
1.(Cheng et al., 2017) Accordingly, the disparate impact of the worldwide crude oil sector, the

China exchange rate, and the gold market is quantified by matrix D.
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3.2.4. DCC-GARCH model

The DCC-GARCH model modifies the univariate CCC-GARCH equations to include a
conditional correlation matrix. The current normalized residuals from the univariate GARCH
models are combined with the previous conditional correlation estimate to recursively update the
conditional correlation matrix.(H. Liu et al., 2022) This dynamic updating mechanism allows the
correlation structure to adjust to shifting market circumstances. The DCC-GARCH model
captures both the changing correlation structure between variables and the time-varying volatility
of individual variables by merging the univariate CCC-GARCH models with the dynamic
conditional correlation specification. In multivariate time series data, this offers a more realistic
depiction of the complex dynamics and interdependencies. The time-varying conditional
correlations and parameter estimates for the DCC-GARCH model are commonly obtained using

maximum likelihood estimation or Bayesian approaches:

&|@-1 ~ N(0,Hy), H; = D,R.D; (8)

. It reflects the residual®@r efror term in the model at time t. The discrepancy between the
observed data and the valu€s predicted by the model is captured by the error term. It reflects the
knowledge centained in the model as of time (t-1) 1. This could comprise prior observations,
explanatory fdetOrs, or any other pertinent data that affects the present moment.It represents a
normal distribution with a mean of 0 and a variance-covariance matrix of H t as N(0, H t). The
normal distribution assumption, which is a widely-used presumption in many statistical models,
states that the errors are normally distributed about zero. It reflects the error term's variance-

covariance matrix at time t. In this equation, H t is written as D t R t D t, where D t denotes
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the error term's transformation matrix and R t denotes the error term's heteroscedasticity or

variability matrix.
D, = hi,t )
Qe =(1-6,—0,)Q + 6,&& +60,0,4 (10)

R, = diag(Qt)_l(Qt)diag(Qt)_l (11)

Where & is the unconditional covariance matrix of the standardized residual, Qt is a symmetric
positive definite matrix, and is the standardized residue vectof, The scalar variables 1 and 2 are
positive integers that fulfill the equation 01 + 02 < 1., Meanwhile, the log-likelihood function
with T samples is, and the maximum likelihooGiapproach is used to estimate the model

parameters.

L=Y_ (Rl ON, (12

L: It stands for the likelihood*fiin¢tion, which calculates the likelihood of seeing the provided
data (R t) given the m@del\parameters () and the knowledge that is already known (I (t-1)).
Estimating the mostiikely values for the model parameters is made easier by maximizing the
likelihood funétion=#A series of observations made over a certain time period are represented by

this time index, which has a range from 1 to T.

f(Relle—1;0) = (27T|Ht|)_1/zexp(_€’t(Ht_1)£t/2) (13)

The estimating procedure is iterated and optimized using the BFGS algorithm used in this

research. For this reason, the only difference between the BFGS and BHHH algorithms is in how
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the second derivative of the Hessian matrix is constructed, which is compatible with the gradient

calculation approach(CHENGHUI & DILANCHIEV, 2022).

4.Results and discussion

The descriptive statistics for the variables OPVt, GDPt, NRt, REt, CO2t, and GFt are shown in
Table 1. These numbers provide a general idea of the variables' central tendency, dispersion,
Skewness, kurtosis, and Jarque-Bera (J-B) statistics. Analyzing the table and talking about its
ramifications will help. The mean values of the variables show their average levels, which is the
central tendency.(Y. Liu et al., 2022) For instance, GDPt's mean of 0.018 indicates that the GDP
has grown favorably throughout the measured time. Other variables with positive mean values,
such as NRt, REt, CO2t, and GFt, also indicate positive average levels or growth rates. It is
crucial to remember that OPVt has a mean of -0.006, which indicates a somewhat negative
average value. The standard deviation calculates how far the values around the mean vary. A
more significant standard deviation indicates that the data are more variable. Variables in this
table with significantly more significant standard deviations (OPVt, NRt, and CO2t) indicate that
their values are subject to considerable swings or volatility. Conversely, measures with minor
standard deviations, such as GDPt, REt, and GFt, indicate comparatively more stable trends. The
minimum and maximum values indicate the values observed at the lowest and highest levels.
The range shows how widely distributed or how much variance the data has. For instance, OPVt
has a broad range of values, with a minimum value of -28.970 and a maximum value of 18.070.
Other variables also have wide ranges, possibly due to outliers or various degrees of variability.
Kurtosis measures the degree of peakedness or tail heaviness, whereas Skewness measures the
asymmetry of the data distribution. Most of the variables in this table have modest skewness

values, except OPVt, which has a negative skewness (-0.431),(Hagedoorn et al., 2021) indicating



Journal Pre-proof

a minor left skewness. The data distribution has large tails and a greater possibility of extreme
observations, as shown by the relatively high kurtosis values for various variables. Based on
Skewness and kurtosis, J-B statistics test the null hypothesis of normality in the data. A lower p-
value indicates more significant evidence against the null hypothesis of normality, which is
shown by asterisks (*). The J-B statistics in this table show that all variables have very low p-
values (0.0000), providing strong evidence to reject the premise of normality.

Table 1. Descriptive statistics.

Variables OPV; GDPt NRt RE; cont GEt

Obs 3851 3851 3851 3851 3851 3851

Mean -0.006 0.018 0.055 0.031 0.070 0.021

Std. Dev. 3.307 1.060 1.442 0.919 1.339 0.460

Min —28.970 —7.341 —8.621 —11.841 —8.560 —3.551

Max 18.070 6.155 15.631 11.231 11.161 4.695

Skew. -0.431 0.231 0.280 0.371 0.070 0.141

Kurt. 15.890 7.460 11.870 19.540 7.931 8.214

J-B 23154.485*** 5197.831*** 9970.505*** 55193.051*** 5621.307*** 6194.771%**
Statistics  (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

The results of the OPV: unit root test for the variables at their levels and initial differences are
shown in Table 2. The test statistics and breakpoints (BD1) are supplied for each variable.
Analyzing the table and talking about its ramifications will help. The PV unit root test
determines if a time series variable has a unit root. A unit root indicates a random walk
procedure and non-stationarity for the variable.(Yang et al., 2022) To evaluate if the unit root
null hypothesis may be rejected, the test statistics are checked against crucial levels. A unit root
is checked for in the level form for the following variables: OPVt, GDPt, NRt, REt, CO2t, and
GFt. The test statistics (T-Statistics) gauge the degree of support for a unit root's null hypothesis.

For instance, the T-statistic for OPVt is -4.512, which strongly indicates the absence of a unit
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root. Similar negative T-statistics for several variables, including GDPt, NRt, REt, and CO2t,
may indicate non-stationarity. The positive T-statistic of 3.003 for REt, on the other hand,
indicates that it is more likely to remain stationary.(Dilanchiev & Taktakishvili, 2021) The
stationarity of the variables' first differences is next examined. Calculating the differences
between successive observations of a variable is known as first differencing. The initial
differences’ T-statistics quantify the evidence against the unit root null hypothesis. For instance,
the T-statistic for GDPt in initial differences is -6.495, which strongly supports stationarity after
differencing. The negative T-statistics of NRt, REt, CO2t, and GFt also show that they become

stationary after taking initial differences.

Table 2. The findings of the OPV unit root test.

Variables At Level At First Differences

T-Statistics BD! Variables T-Statistics BD'
OPVt —4.512 2007 GDPt —6.495 ** 2014
GDPt —4.231 2014 NRt 7.122%* 1992
NRt -3.51 2003 REt —5.004 ** 2002
REt 3.003 1998 CO2t —12.511 ** 2007
CO2t —1.644 2002 GFt —6.452 ** 2007

The results of thee ARDL (Autoregressive Distributed Lag) test for the variables OPVt, GDPt,
NRt, REt, COZ2t, and GFt are shown in Table 3. The estimated values, t-statistics, and p-values
for each factor are shown in the table. Analyzing the table and talking about its ramifications will
help. The ARDL test is a popular technique for analyzing the long-term connection between
variables. It offers information on the existence and nature of the link and allows for both
stationary and non-stationary variables in the model. The coefficients acquired from the ARDL
model are represented by the estimated values in Table 2. These coefficients show the magnitude

and direction of each factor's influence on the dependent variable. For instance, the projected
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value of OPVt is -0.348*, indicating a negative correlation between the independent and
dependent variables. Similar estimates for additional variables, including GDPt, NRt, REt, CO2t,
and GFt, show their links to the dependent variable.(Naz et al., 2021) The t-statistics quantify
each coefficient's importance, and the p-values statistically show the calculated coefficients'
significance. A lower p-value indicates more evidence against the null hypothesis of no
association. Most of the components in Table 2 have t-statistics that are more than 1, suggesting
that the coefficients are statistically significant. Additionally, all factors have p-values that are
very near to 0, which provides strong support for rejecting the null hypothesis. The dependent
variable may be negatively impacted by changes in oil price volatility, as shown by the negative
coefficient (-0.348*) for OPVt. This result is consistent with the research that point out the
negative impact of oil price volatility on many economic indicators. The dependent variable and
GDP are positively correlated, as shown by the positive GDPt coefficient (0.502****). This
result supports the widely held belief that rising demand, investment, and consumption are
indicators of economic development(Dilanchiev et al., 2021). The dependent variable may be
negatively impacted by the availability of natural resources, as shown by the negative coefficient
(-0.190***) for NRt. This result supports the "resource curse" idea, which contends that nations
with high reliance on natural resources may have economic difficulties (Y. Zhang et al., 2018).
The dependent variable and exchange rates are positively correlated, as shown by the positive
coefficient (1.671***) for REt. This result implies that changes in the exchange rate impact the
dependent variable, possibly affecting commerce and economic activity(Batool et al., 2022). The
dependent variable and CO2 emissions are positively correlated, as shown by the positive
coefficient (3.885***) for CO2t. This discovery emphasizes how crucial it is to address

environmental issues and reduce the carbon footprint of economic activity. Government
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expenditure and the dependent variable have a strong negative association, as seen by the
negative coefficient (-0.677***) for GFt. This result raises the possibility that excessive public
expenditure may negatively impact the dependent variable and displace private investment.
Overall, Table 2's ARDL test results provide empirical proof of the connections between the
independent and dependent variables. These results help us comprehend these variables'

dynamics and interactions within the context of the investigation.

Table 3. ARDL test outcomes.

Factors Value T stats P value
OPVt —0.348* —0.655 0.048
GDPt 0.502%*** 0.448 0.000
NRt —0.190 *** ~1.219 0.000
REt 1.671 *** 3.1113 0.000
CO2t 3.885 *** 3.03 0.000
GFt —0.677 *** -1.018 0.000

The correlation matrix between the variables OPVt, GDPt, NRt, and REt is shown in Table 4.
The correlation coefficients between each pair of variables are shown in the table. Analyzing the
table and talking about its ramifications will help. The correlation coefficients measure the
intensity and direction.of the linear link between two variables. The range of values is from -1 to
+1, with +1 being a perfect positive correlation, -1 denoting a perfect negative correlation, and 0
denoting no connection. OPVt and GDPt have a -0.590-correlation coefficient. This negative
connection shows that the GDPt and the OPVt (oil price volatility) have an inverse relationship.
Lower economic growth is often correlated with increased oil price volatility. This result is
consistent with other research emphasizing the detrimental effects of oil price volatility on
economic activity (e.g., Kilian, 2009). There is a slight negative association between OPVt and

NRt, as shown by their correlation coefficient of -0.061. This shows a tenuous connection
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between the volatility of the oil price and natural resources (NRt).(Chabi Simin Najib et al.,
2022) The poor association shows that other variables may be more important in influencing the
number of natural resources and how it relates to the volatility of oil prices. A slight negative
association exists between OPVt and REt, as seen by their correlation coefficient of -0.090. This
implies a weak correlation between exchange rates (REt) and oil price volatility. Other variables,
such as monetary policy and the dynamics of global commerce, may influence exchange rates. A
slight positive association between GDPt and NRt is shown by their correlation coefficient of
0.132. This implies a weakly positive link between natural resources(NRt) and economic growth
(GDP). With abundant natural resources, exports, income Creation, and investment in resource-
related sectors may contribute to economic development. A modest positive association exists
between GDPt and REt, as shown by their correlation value of 0.053. This implies a weakly
positive link between exchange rates (REt).and economic growth (GDP). Economic development
may impact exchange rates via elements including capital flows, trade balances, and investor
confidence. A modest positive link between NRt and REt is shown by their correlation value of
0.048.(Maltais & Gosselin; 2017) This shows that natural resources (NRt) and exchange rates
(REt) have a weakly positive connection. However, several other factors, such as international
commodity markets, trade dynamics, and governmental regulations, will likely impact the link

between these variables.

Table 4. Correlation matrix.

OPV GDP NR RE
OPV1t 1.00
GDPt —0.590 1.00
NRt —0.061 0.132 1.00

REt —0.090 0.053 0.048 1.00
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The Augmented Dickey-Fuller (ADF) test results for unit root analysis are shown in Table 5.
With simply an intercept term and with both an intercept and a trend term, the table shows the
test statistics for each variable under each of the two distinct specifications. The characteristics
of each variable's stationarity are shown in the "Decision™ column. The ADF test is often used to
assess if a time series variable is stationary or has a unit root, which would indicate non-
stationarity. Many time series models rely on the fundamental presumption of stationarity, which
states that the mean and variance of the data don't change over time. The ADF test findings
demonstrate that the test statistic values (-3.726*** and -4.342***) are significant at
conventional levels, both with an intercept alone and with an intercept and trend. As a result, we
rule out the possibility of a unit root and conclude that OPV1 is stationary at level (1(0)). This
shows that the volatility of oil prices displays a consistent pattern over time. For GDPt,
stationarity at level (1(0)) is shown by the ADF test statistic values (-1.559 and -4.570***),
which are significant with an intercept and trend term. The test result is significant with the trend
term, indicating that GDPt could have a unit root. The precise GDPt stationarity characteristics

need more investigation.

Table 5. Test for Unit root by applying ADF.

Unit root (level) Intercept Intercept and Trend Decision
OPVt —3.726%* —4.340%5 1(0)
GDPt -1.559 —4.570%%* 1(0)
NRt -3.021 -3.291 1(1)
REt -1.233 -1.381 1(1)
Co2t —3.450%* 3.095* 1(0)

Unit root (first difference)
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Unit root (level) Intercept Intercept and Trend Decision
OPVt —3.541* ~3.400* 1(0)
GDPt -6.777 -4.821 1(0)
NRt - 3.811%** -3.701 1(2)
REt —6.903 —3.288 1(1)
Co2 11.850* -11.317* 1(0)

The outcomes of the VAR (Vector Autoregressive) estimate for the variables OPVt, GDPt, NRt,
REt, CO2t, and GFt are shown in Table 6.(Su et al., 2017) The estimated coefficients for each
variable at various lags are shown in the table, along with the accompanying t-statistics in
brackets. The baseline level of each variable in the VAR model is represented by the calculated
coefficients for the constant term. For OPVt, NRt, CO2t, and GFt, the constant term is
substantial, indicating that these variables consistently impact one another even in the absence of
delayed data. The lagged coefficients show how each variable's lagged values affect its current
value. The model estimates the coefficients for lagged values of OPVt (ORt-1, ORt-2), ERt-1,
ER:2, GRt1, and GR,. The lagged OPVt values (OR:1, ORy.) exhibit negative coefficients,
showing that the volatility of the prior oil price dampens the volatility of the current oil price.
These statistically significant coefficients imply that the present level of volatility is significantly
affected by lagged values of oil price volatility. The current GDP is not much impacted by the
lagged values of GDP. The lack of statistical significance in the coefficients for GDPt at lags 1
and 2 indicates that lagged GDP data do not significantly affect current GDP. The present natural
interest rate is not significantly impacted by the lagged values of NRt (ORt-1, ORt-2). Lagged
values of the natural interest rate do not significantly affect the present rate, according to the

coefficients for NRt at lags 1 and 2, which are not statistically significant.(Gheeraert & Weill,
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2015) The lagged values of REt (ER:1, ER:.2) have negative coefficients, which shows that past

natural exchange rate swings depress the present exchange rate. These coefficients, nevertheless,

are not statistically significant, indicating that the actual exchange rate does not significantly

affect the current exchange rate at delayed values. The lagged values of CO2t (GR.;, GRy.;) have

negative coefficients, showing that changes in carbon dioxide emissions in the past have a

dampening influence on the emissions in the present. These statistically significant coefficients

imply that delayed carbon dioxide emissions considerably influence the present emission level.

The lagged values of GFt (GRt-1, GRt-2) show negative coefficients, suggesting that changes to

the green finance index in the past have dampened the level of the index now. These statistically

significant coefficients imply that the green finance index's lagged values substantially influence

the index's present level.

Table 6. The VAR estimation results.

OPV, GDP; NR RE, CO2 GF,
constant  0.0460** ~0.0147 0.0294** 0.0501* ~0.0138**  0.0331**
[3.15] [-1:55] [3.27] [1.83] [-3.39] [3.18]
ORw1 —0.0587*** 1 —0.0031 ~0.0048 —0.0431%+%  —0.0050 ~0.0039
[-4.97] [-0.47] [-0.72] [-4.17] [-1.41] [-0.61]
ORe ~0.0131 ~0.0043 ~0.0083 ~0.0141 ~0.0019 ~0.0071
[-0.70] [-0.74] [1.12] [-1.04] [-0.83] [-1.01]
ERw. —0.0057%*%  —0.0048%**  —0.0572%**  —0.0231 0.0035 0.0812%**
[-4.21] [-5.65] [-3.99] [-0.66] [0.40] [3.49]
ERe2 ~0.0631% —0.0355%* ~0.0368* ~0.0439 0.0061 ~0.0141
[-1.88] [-3.19] [-1.80] [-1.50] [0.49] [-0.80]
GRu1 0.0131 0.0033 —0.0341%* ~0.0021 —0.0111%%  —0.0550%**
[0.50] [0.44] [-3.35] [0.07] [-3.04] [-3.39]
GRe» 0.0390 0.0067 ~0.0034 0.0304 ~0.0049 ~0.0039
[1.63] [0.64] [-0.24] [1.63] [-1.05] [-0.29]




Journal Pre-proof

Understanding the links and dependencies within these markets requires an investigation of the
asymmetric volatility spillovers and dynamic correlations between the price of gold, the
exchange rate, and crude oil in the China nations. Using daily data from August 2006 to March
2019, we used an asymmetric VAR-BEKK(DCC)-GARCH model to examine these correlations.
Our research findings provide light on the asymmetric volatility spillovers and dynamic
correlations between the relevant variables.(H. Yu & Solvang, 2020) The results draw attention
to asymmetries, which show that shocks in one market affect other markets' volatility differently.
These findings significantly impact the China country' risk management and investment policies.
In the China nations, we first discover evidence of significant*volatility spillovers from the crude
oil market to the gold and currency rate markets. This,study implies that changes may influence
the volatility of exchange rates and gold ‘pfices within these economies in oil prices. It
emphasizes how crucial it is to take‘@il price changes into account when evaluating the dangers
and possible effects on the curreney and gold markets in the China nations. Second, our study
shows dynamic time-varyingwcoftelations between the variables. The dynamic correlations reveal
periods of increased or ‘decréased dependency by capturing how the connections between the
variables changesoveritime. These results underline how crucial it is to track and comprehend
how the economiies of the China are changing in terms of how oil prices, currency rates, and gold
prices.

Positive shocks tend to have less of an effect on other markets' volatility than adverse shocks,
according to the asymmetric nature of volatility spillovers and dynamic correlations. Several
variables, including investor emotion, market sentiment, or underlying economic realities, may
cause this disparity. If they know these asymmetric impacts, market players and policymakers

may better foresee and control possible risks and swings within the China country. Our results
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align with other research finding on dynamic correlations and asymmetric volatility spillovers in
related situations. For instance, (Halberstadt & Alcorta de Bronstein, 2021) used a DCC-GARCH
model to examine the connection between gold prices, currency rates, and oil prices in the China
nations. They confirmed our results by identifying asymmetric volatility spillovers and time-
varying correlations. In sum, our work adds to the body of current knowledge by analyzing the
asymmetric volatility spillovers and dynamic correlations between the price of crude oil, the
exchange rate, and the price of gold in the China nations. The findings emphasize the need to
consider the interdependencies and asymmetric impacts among ‘these factors when making
judgments about risk management and investing. Policymakers, investors, and other market
players in the China country may use these results to-assist them in making practical choices in

the face of shifting market dynamics.
5.Conclusion and Policy Implications

This research focused specifically on the COVID-19 pandemic and investigated the protective
properties of gold during periods of oil price fluctuation. Using a VAR (Vector Autoregressive)
model to analyze the period from 2006 to 2021, we learned a lot about the link between gold and
oil prices and how gold behaved as a safe haven asset during the pandemic.This study's results
showed a significant negative association between gold and oil prices, suggesting that gold may
be used as a hedge against changes in oil prices. Gold showed its inherent haven features during
extreme oil price volatility by acting as a sanctuary for investors seeking stability and asset
preservation. This discovery supports gold's historical function as a store of value under
uncertain economic and market conditions. Additional insights into the dynamics of gold and oil
prices were gained by examining the COVID-19 epidemic era. Gold maintained its protective

character, showed resiliency, and maintained its role as a haven despite the pandemic's unusual
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market circumstances. This implies that even under unusual situations, gold is still a trustworthy
asset for investors looking to reduce the risks associated with oil price volatility. Using the VAR
model, we could accurately capture the changing interactions and interdependencies between the
price of gold and oil. By considering the simultaneous reaction and feedback processes between
the two commodities, this modeling technique thoroughly understood their connection. We may
evaluate the effect of oil price volatility on gold and vice versa by using the VAR model, adding
to a more thorough examination of their interaction.

The results of this research have repercussions for market players, governments, and investors.
Understanding gold's protective qualities during volatile ©il price periods may help investors
diversify their portfolios and develop risk management.methods. In addition, acknowledging
gold's enduring value as a refuge throughout the COVID-19 epidemic highlights its significance
as a dependable commodity for wealth preservation.

It is crucial to remember that while this study concentrated on the period from 2006 to 2021,
future research may examine other eras to better understand the connection between gold, oil,
and market dynamics. This research emphasizes gold's protective qualities during fluctuating oil
prices, using the COVID-19 pandemic as a crucial case study. The results highlight the
significance of considering gold as a hedge against changes in oil price as well as its potential as

a safe haven asset, leading to wise investment choices and risk management tactics.
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