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Abstract: This paper applies the multivariate GARCH models to investigate the role of Bitcoin as
a hedge and safe haven for ASEAN+6 stock markets compared to gold. We used daily data for
the dates 2 January 2017–20 January 2023, covering the recent COVID-19 pandemic. The empirical
findings provide compelling evidence of cross-market shock and volatility transmission between
stock returns and Bitcoin returns in both directions. Therefore, the dynamics of Bitcoin returns
significantly influence the volatility of stock returns, and the relationship also holds in reverse. All
diagonal element estimations are statistically significant for both periods, as shown by the findings of
the return and volatility spillovers between the returns of gold and the ASEAN+6 stock market. For
most ASEAN+6 equity markets evaluated, Bitcoin and gold are not safe havens, and their inclusion
increases the portfolio downside risk.
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1. Introduction

Global financial technology is experiencing unprecedented exponential growth. Fi-
nancial technology continues to reshape traditional financial services by not only making
transactions faster, easier, and less expensive but also by providing more options for invest-
ment and portfolio diversification through an increase in the market capitalization of assets.
These assets include stocks, bonds, derivatives, offshore assets, commodities, and real
estate, with each asset investment offering different returns and risks. Generally, high-risk
investments could offer higher rates of return, and there are more than a thousand types of
this investment on the market—one being Bitcoin. Bitcoin, developed by a programmer
named Satoshi Nakamoto in 2008, is considered the original “cryptocurrency” (Pyo and
Lee 2020). Cryptocurrency is traded at the value of that currency on the internet, does not
have a physical form, and has become popular among investors worldwide.

Blockchain technology has advanced significantly over the last ten years and has
opened various channels for technical advancement. One of the blockchain innovations
that has contributed to the growth of the financial market and received the most incredible
attention is cryptocurrency (Hsu et al. 2021; Katsiampa 2019; Yarovaya and Zięba 2022).
Unlike traditional finance, it provides a transactional channel without needing to be pro-
cessed through a central bank or financial intermediaries, called decentralized networks.
Cryptocurrency is also secured by cryptography, making it virtually impossible to double-
spend or counterfeit. Due to its low transaction costs, peer-to-peer nature, worldwide reach,
and lack of political interference, cryptocurrency is mainly used as an alternative payment
method. It has recently acquired popularity as an investment asset. Moreover, it is traded
through a central network where information is collected for various transactions (Bouri
et al. 2019b; Vardar and Aydogan 2019).

In 2017, there was a massive global fundraising called an initial coin offering (ICO),
which is similar to an initial public offering (IPO) in the stock market. However, it will raise
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money (Fisch 2019). Funds for digital tokens are coins that can be purchased or exchanged
for digital currency. Currently, many investors are interested and invest their money
in these cryptocurrencies, a practice called cryptocurrency trading. However, recently,
countries such as the United States and China have enacted laws to regulate the trade of
cryptocurrencies. This illustrates the influence cryptocurrencies have on investment (Ram
2019). In the cryptocurrency trading market, various types of cryptocurrencies have been
established. The most popular are Bitcoin, Ethereum, Tether, BNB, USD Coin, XRP, Binance
USD, Cardano, Dogecoin, and Solana. Bitcoin is the best-performing cryptocurrency, with
a total market capitalization of over USD 438.01 billion, the capitalization has increased
between November 2022 and January 2023 from around USD 303.33 billion with a growth
rate of almost 44% which is expected to climb further (CoinMarketCap 2023). In addition,
many well-known online stores such as Microsoft, Expedia, and Shopify accept payments
using Bitcoin, which makes it a reliable currency. Ethereum is second after Bitcoin, with a
market capitalization of over USD 200.16 billion, and is steadily becoming more popular
(CoinMarketCap 2023).

The possibility for quick returns has made the cryptocurrency market an appealing
target for many investors in recent years (Nguyen et al. 2022). Although there are several
different types of cryptocurrencies, Bitcoin is undoubtedly the most popular worldwide.
In terms of other cryptocurrencies, Bitcoin has maintained its top spot for the past ten
years, with 42% of the total capitalization of all crypto assets. Additionally, during the
past ten years, the Bitcoin market has developed significantly and overgrown. Bitcoin has
progressively established a reputation as a crucial hedge in the global financial system
(Kumar et al. 2022; Wang et al. 2021; Yarovaya and Zięba 2022; Zhang et al. 2021). Due
to its distinct anti-government characteristics and autonomy from a sovereign authority,
Bitcoin is regarded as a remedy for unstable markets (Sensoy et al. 2021). However, the
connection between Bitcoin and stock markets has grown more significant than before
during COVID-19 (Goodell and Goutte 2021).

The COVID-19 epidemic began in China at the end of December 2019 and spread
fast, reaching every country in the world in a few months. As of 20 January 2023, the
World Health Organization (WHO) reported that there had been roughly 663.640 million
confirmed illnesses and 6.713 million fatalities (WHO 2023). Governments have contin-
ued to enact various lockdown measures such as a combination of stay-at-home orders,
travel bans, closing schools, and nonessential business restrictions on public and private
gatherings, despite the destructive effect gradually diminishing as the scope of vaccination
increases. Although the COVID-19 pandemic has resulted in a devastating loss of life, it
has also contributed to a global economic depression, and its repercussions are still being
felt. Following the epidemic, there have been varied volatilities on the international stock
markets. The world’s financial markets have experienced precipitous drops due to this
unprecedented shock. Along with the stock markets, COVID-19 also had a significant
impact on the cryptocurrency markets, with the majority of cryptocurrencies losing half of
their value (Balcilar et al. 2022; Banerjee et al. 2022; Sui et al. 2022).

The COVID-19 epidemic has increased unpredictability and investment risk in global
financial markets. In these situations, investors look for ways to lower their investment risk
and get the best portfolio diversification by including new financial assets such as Bitcoin
(BTC). This is because gold (GLD) failed to maintain its historical position as a potential safe
haven throughout the time after the Global Financial Crisis. Shahzad et al. (2019) attributed
the weakening of gold’s ability to hedge to the speeding up of the financialization of the
commodity market and the way gold prices have responded to various recent occurrences.
Figure 1 shows the progression of the prices of Bitcoin and gold between 2017 and 2023.
Prices are displayed on a logarithmic scale to show periods of significant growth for the
two markets. Between the two assets, some differences can be seen. The peak of the Bitcoin
price is seen in November 2021, whereas the peak of the gold price is seen in March 2022.
This distinction can cover different hedging opportunities for stock markets. The possibility
of hedging between assets is, in fact, influenced by the strength and direction of their
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correlation. The dynamic correlation between Bitcoin and gold prices and the Association
of Southeast Asian Nations plus six (ASEAN+6) stock indices, however, varies as a result
of the divergences in their prices. As a result, their capacity to hedge ASEAN+6 stocks may
differ.

J. Risk Financial Manag. 2023, 16, x FOR PEER REVIEW 3 of 17 
 

 

significant growth for the two markets. Between the two assets, some differences can be 
seen. The peak of the Bitcoin price is seen in November 2021, whereas the peak of the gold 
price is seen in March 2022. This distinction can cover different hedging opportunities for 
stock markets. The possibility of hedging between assets is, in fact, influenced by the 
strength and direction of their correlation. The dynamic correlation between Bitcoin and 
gold prices and the Association of Southeast Asian Nations plus six (ASEAN+6) stock in-
dices, however, varies as a result of the divergences in their prices. As a result, their ca-
pacity to hedge ASEAN+6 stocks may differ. 

6

7

8

9

10

11

12

7.0 

7.2 

7.4 

7.6 

7.8 

2017 2018 2019 2020 2021 2022

LOG(BTC)
LOG(GLD)

 
Figure 1. Price dynamics of Bitcoin and gold (in logarithmic scale) from 2 January 2017 to 20 January 
2023. 

This is a brief history of the ASEAN+6 and its stock market. First, in 2015, the ten 
ASEAN members—Singapore, Malaysia, Indonesia, Philippines, Vietnam, Thailand, Bru-
nei, Cambodia, Laos, and Myanmar—expanded their economic ties to the ASEAN+6, a 
grouping of 16 nations that consists of the ten ASEAN members as well as six additional 
countries from the Asia-Pacific region—China, Korea, Japan, New Zealand, and Australia. 
The 16 members of the organization represent almost 30% of the world’s population (2.2 
billion people) and 30% of its GDP (USD 26.2 trillion). As a result, it now has the largest 
economy in history (World Bank 2022). Moreover, ASEAN+6 is a vibrant market and a 
popular site for investments. Economic growth has been accelerating quickly. A key factor 
in the success of economic development is co-movement, which Sethapramote (2015) 
shows to be a prominent pattern. The study results indicate that ASEAN nations have 
higher correlation levels than other nations. Additionally, the bond market in ASEAN na-
tions is more integrated than outside of the group (Chan et al. 2018). 

As a result, several earlier studies have compared the potential value of the two assets 
as a hedge and safe haven for other financial and commodities assets. Hsu et al. (2021) 
examined the volatility of three major cryptocurrencies concerning 10 top currencies and 
two forms of gold prices, gold spot and gold futures, based on current research. The data 
suggest that there are significant covolatility spillover effects between cryptocurrency and 
currency or gold markets, especially throughout the research period and amid the uncer-
tainty surrounding the COVID-19 pandemic. The capabilities of cryptocurrency are time-
varying and related to economic uncertainty or shocks. There are significant differences 
between normal and extreme markets concerning the capabilities of cryptocurrency as a 
diversifier, a hedge, or a safe haven. This result supports the findings of Paule-Vianez et 
al. (2020), who discovered that Bitcoin’s returns and volatility increase during more un-
certain times, just like gold, showing that Bitcoin acts not only as a means of exchange but 
also shows characteristics of investment assets, specifically of safe havens. These findings 

Figure 1. Price dynamics of Bitcoin and gold (in logarithmic scale) from 2 January 2017 to 20 January
2023.

This is a brief history of the ASEAN+6 and its stock market. First, in 2015, the
ten ASEAN members—Singapore, Malaysia, Indonesia, Philippines, Vietnam, Thailand,
Brunei, Cambodia, Laos, and Myanmar—expanded their economic ties to the ASEAN+6, a
grouping of 16 nations that consists of the ten ASEAN members as well as six additional
countries from the Asia-Pacific region—China, Korea, Japan, New Zealand, and Australia.
The 16 members of the organization represent almost 30% of the world’s population
(2.2 billion people) and 30% of its GDP (USD 26.2 trillion). As a result, it now has the
largest economy in history (World Bank 2022). Moreover, ASEAN+6 is a vibrant market
and a popular site for investments. Economic growth has been accelerating quickly. A
key factor in the success of economic development is co-movement, which Sethapramote
(2015) shows to be a prominent pattern. The study results indicate that ASEAN nations
have higher correlation levels than other nations. Additionally, the bond market in ASEAN
nations is more integrated than outside of the group (Chan et al. 2018).

As a result, several earlier studies have compared the potential value of the two assets
as a hedge and safe haven for other financial and commodities assets. Hsu et al. (2021)
examined the volatility of three major cryptocurrencies concerning 10 top currencies and
two forms of gold prices, gold spot and gold futures, based on current research. The
data suggest that there are significant covolatility spillover effects between cryptocurrency
and currency or gold markets, especially throughout the research period and amid the
uncertainty surrounding the COVID-19 pandemic. The capabilities of cryptocurrency are
time-varying and related to economic uncertainty or shocks. There are significant differ-
ences between normal and extreme markets concerning the capabilities of cryptocurrency
as a diversifier, a hedge, or a safe haven. This result supports the findings of Paule-Vianez
et al. (2020), who discovered that Bitcoin’s returns and volatility increase during more un-
certain times, just like gold, showing that Bitcoin acts not only as a means of exchange but
also shows characteristics of investment assets, specifically of safe havens. These findings
are significant to investors because they allow Bitcoin to be considered as a tool to protect
savings and diversify portfolios during economic turmoil. However, Conlon and McGee
(2020) found that Bitcoin did not act as a safe haven, instead decreasing in price in lockstep
with the stock price as the crisis developed.
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The explosion of cryptocurrency has given rise to the relevant literature on the subject.
For example, the Bitcoin price discovery process has been studied by Ciaian et al. (2016),
Takaishi and Adachi (2018), Turner and Irwin (2018), Ram (2019), and Duan et al. (2021). In
addition, the presence of calendar anomalies in cryptocurrencies has been examined by
Aharon and Qadan (2019) and Caporale and Plastun (2019). Some studies aim to contribute
to the literature by investigating the relationship between Bitcoin price and other factors
such as volume, media sentiment, and investor attention (Bouri et al. 2019a; Gemici and
Polat 2019; Karalevicius et al. 2018; Li et al. 2021), while the volatility of cryptocurrency
price returns has been considered by Dyhrberg (2016), Ardia et al. (2019), Katsiampa et al.
(2019), and Fakhfekh and Jeribi (2020), among others. Nonetheless, while many studies
have evaluated the efficiency of the Bitcoin market compared to stock markets (Al-Yahyaee
et al. 2018; Mensi et al. 2020; Mokni et al. 2020; Vardar and Aydogan 2019), the relationship
between Bitcoin and stock markets remains relatively under-explored.

This paper intends to study the role of Bitcoin as a hedge and/or safe haven for
ASEAN+6 stock markets while comparing it with gold. Thus, we continue with a few
research-related concerns. In order to determine the best-fitting model, we first choose to
evaluate the stylized facts of Bitcoin return. Second, we compare the outcomes with the
dynamics of the gold price as we investigate the dynamic and nonlinear co-movement
of Bitcoin with ASEAN+6 equity indices. Thirdly, we look at managerial implications
concerning portfolio layouts and hedging tactics.

In three different ways, the study adds to the body of knowledge already available on
asset management. First, no one has been interested in the dynamic relationship between
Bitcoin and ASEAN+6 stock markets, despite the fact that a small number of recent papers
have been developed to examine the role of Bitcoin as a hedge and safe haven for con-
ventional financial markets (Zhang et al. 2021) except Balcilar et al. (2022). However, that
study investigated the volatility connectedness among emerging equity markets and seven
cryptocurrencies since the study does not consider the time-varying co-movement between
assets. Second, this study employed the dynamic conditional correlation–generalized au-
toregressive conditional heteroskedasticity (DCC–GARCH) model of Engle (2002) in order
to estimate the time-varying pairwise correlations between our selected assets (Akhtaruzza-
man et al. 2020, 2021; Ali et al. 2021, 2022), as well as the diagonal Baba–Engle–Kraft–Kroner
(BEKK) model of Baba et al. (1990) and Engle and Kroner (1995). This model enables us to
both examine the changing correlation between the two markets, and construct the best
possible portfolio for an investor to have in order to lower the risk of their investments.
Finally, we contrast Bitcoin’s ability to protect ASEAN+6 investments with gold, which
has always been thought of as a reliable haven. However, in order to manage a portfolio
optimally during a stock market slump, further analysis of the COVID-19 era is done.

The following is a breakdown of the remainder of this paper. Section 2 provides an
overview of the data and methodology. The empirical results are discussed in Section 3.
Section 4 concludes the paper.

2. Data and Methodology
2.1. Data

The data contain daily Bitcoin, gold (GLD), and stock prices for the ASEAN+6 coun-
tries of Australia (AUS), China (CHN), Indonesia (IDN), India (IND), Japan (JPN), Korea
(KOR), Malaysia (MYS), New Zealand (NZL), Philippines (PHL), Singapore (SGP), Thai-
land (THA), and Vietnam (VNM) for a five-day workweek. Brunei, Cambodia, Laos, and
Myanmar are left out because there are insufficient data. The gold and the ASEAN+6 stock
market indices are extracted from DataStream. Our sample includes both a pre-COVID-19
period (2 January 2017–30 December 2019) and a COVID-19 period (31 December 2019–20
January 2023), beginning on the day on which China reported the first case of COVID-19.
We use the CoinMarketCap1 close price index as a measure of the Bitcoin (BTC) prices. As
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mentioned by Mensi et al. (2020), we calculate daily return as the difference between the
natural logarithm of two consecutive prices.

rt = log(Pt)− log(Pt−1) (1)

Table 1 shows some descriptive statistics and preliminary tests. The mean daily returns
of most indices (Bitcoin, gold, and stock indices of ASEAN+6 countries) are higher during
the pre-COVID-19 period than during the COVID-19 period, with the exception of stock
indices of China, India, and Thailand. Moreover, the stock indices of Malaysia, New
Zealand, the Philippines, and Singapore experienced dramatic negative returns during the
COVID-19 period, reflecting a gradual improvement in indexes as several governments
introduced economic relief measures. The null hypothesis of normality for all series is
consistently rejected by the Jarque–Berra test statistics. The null hypothesis that a unit
root exists is rejected at the 1% significance level by the Augmented Dickey–Fuller (ADF)
test and the Phillips–Perron (PP) test. Further supporting the stationary conclusion is the
Kwatkowski–Phillips–Schmidt–Shin (KPSS) test.

The price changes for Bitcoin, gold, and the twelve ASEAN+6 equities indices are
shown in Figure 2. Up until 2020, Bitcoin prices are expected to remain constant. It enters
a bullish period starting in 2021, and reaches its peak value at the end of the year. As a
result, until the end of the reporting period, the prices appear unstable. However, gold
remains stable between 2017 and 2018. Then, the prices increased to reach a maximum
value in 2020. After that, the prices seemed unstable until the end of the reporting period.
Within the study period, there were several minor changes in the steadily rising trend
of the ASEAN+6 markets. A return series is plotted in Figure 3. We see that high (low)
volatility periods frequently follow low (high) volatility ones. The use of GARCH models
to accurately describe the return volatility dynamics is justified by this characteristic, which
correlates to the volatility clustering.
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Table 1. Descriptive statistics of daily returns.

BTC GLD AUS CHN IDN IND JPN KOR MYS NZL PHL SGP THE VNM

Panel A: (Pre-COVID-19: 2 January 2017–30 December 2019)

Mean 0.0025 0.0003 0.0002 0.0000 0.0002 0.0004 0.0003 0.0001 0.0001 0.0005 0.0001 0.0001 0.0000 0.0005
Median 0.0025 0.0002 0.0005 0.0000 0.0000 0.0003 0.0001 0.0001 0.0000 0.0005 0.0000 0.0001 0.0000 0.0006

Maximum 0.2251 0.0298 0.0184 0.0545 0.0263 0.0516 0.0381 0.0347 0.0181 0.0183 0.0233 0.0169 0.0227 0.0378
Minimum −0.2387 −0.0194 −0.0329 −0.0575 −0.0383 −0.0290 −0.0514 −0.0454 −0.0314 −0.0366 −0.0217 −0.0279 −0.0242 −0.0534
Std. Dev. 0.0496 0.0065 0.0063 0.0099 0.0075 0.0076 0.0094 0.0075 0.0057 0.0054 0.0070 0.0057 0.0059 0.0099
Skewness 0.0006 0.2219 −0.8753 −0.4447 −0.4647 0.2703 −0.6509 −0.7117 −0.4948 −0.6903 0.0111 −0.4273 −0.2683 −0.8532
Kurtosis 6.3157 4.3858 5.9302 8.3601 5.4826 6.5720 6.9163 6.1504 5.5919 6.7072 3.6427 4.4788 4.9141 7.5837

Jarque–Bera 357.3 a 68.82 a 378.7 a 959.5 a 228.4 a 424.2 a 553.5 a 388.4 a 250.2 a 508.5 a 13.44 a 94.80 a 128.4 a 777.5 a

Observations 780 780 780 780 780 780 780 780 780 780 780 780 780 780
ADF −27.08 a −28.38 a −21.26 a −28.23 a −27.96 a −25.39 a −28.31 a −17.71 a −25.56 a −27.07 a −28.09 a −28.46 a −27.20 a −27.87 a

PP −27.18 a −28.37 a −27.28 a −28.23 a −28.14 a −25.29 a −28.31 a −27.97 a −25.63 a −27.06 a −28.10 a −28.53 a −27.23 a −28.09 a

KPSS 0.3207 0.1193 0.0778 0.0860 0.1072 0.2328 0.0536 0.2441 0.1039 0.0555 0.1960 0.1913 0.1842 0.3020

Panel B: (COVID-19 period: 31 December 2019–20 January 2023)

Mean 0.0014 0.0003 0.0001 0.0001 0.0001 0.0005 0.0001 0.0001 −0.0002 −0.0000 −0.0003 −0.0001 0.0001 0.0002
Median 0.0015 0.0008 0.0010 0.0000 0.0000 0.0011 0.0000 0.0003 0.0000 0.0000 0.0000 0.0003 0.0000 0.0009

Maximum 0.1915 0.0497 0.0635 0.0555 0.0970 0.0741 0.0773 0.0825 0.0646 0.0684 0.0588 0.0550 0.0765 0.0509
Minimum −0.4647 −0.0507 −0.1001 −0.0803 −0.0681 −0.1371 −0.0627 −0.0877 −0.0572 −0.0802 −0.1337 −0.0751 −0.1143 −0.0709
Std. Dev. 0.0460 0.0100 0.0127 0.0108 0.0113 0.0134 0.0132 0.0133 0.0098 0.0096 0.0129 0.0097 0.0120 0.0137
Skewness −1.6403 −0.5028 −1.2963 −0.8551 0.0351 −2.0265 0.0944 −0.1497 −0.3189 −0.6510 −3.0880 −0.9542 −2.0920 −1.1028
Kurtosis 18.289 6.5991 13.982 9.4619 13.873 22.417 6.5024 9.2520 10.781 14.846 32.060 16.337 26.640 7.3122

Jarque–Bera 8140.6 464.91 4239.1 1487.5 3935.8 13,098 409.56 1304.3 2029.4 4727.8 29,383 6043.2 19,188 781.02
Observations 799 799 799 799 799 799 799 799 799 799 799 799 799 799

ADF −29.70 a −28.17 a −14.07 a −28.48 a −14.06 a −11.16 a −17.99 a −17.83 a −17.83 a −16.32 a −28.11 a −9.693 a −9.908 a −26.67 a

PP −29.67 a −28.27 a −33.94 a −28.52 a −26.64 a −29.15 a −27.78 a −28.85 a −27.62 a −26.04 a −28.27 a −30.63 a −30.92 a −26.77 a

KPSS 0.0890 0.1268 0.0653 0.0865 0.1366 0.1343 0.0875 0.2381 0.0687 0.0650 0.1018 0.1258 0.0995 0.2055

Notes: (i) The Jarque–Bera test is used to check whether the return distribution is normal. (ii) ADF and PP are statistics of the Augmented Dickey–Fuller and Phillips–Perron unit root
test based on the least AIC criterion, respectively. (iii) Kwiatkowski–Phillips–Schmidt–Shin (KPSS) is the test on the null hypothesis of stationary against the alternative of a unit root. (iv)
a indicates the statistical significance at a 1% level.
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2.2. Methodology

The main goal is to compare Bitcoin’s dynamics to gold in order to determine whether
it may act as a hedge for ASEAN+6 stock markets and/or a safe haven for investors. To be
more exact, we investigate whether Bitcoin may serve as a safe haven during volatile stock
market conditions. However, such analysis necessitates employing the appropriate model
to investigate the relationship that changes over time between Bitcoin, gold, and ASEAN+6
markets. We use the multivariate DCC–GARCH model of Engle (2002), which incorporates
the dynamic volatility process’ extended memory property, for this aim (Akhtaruzzaman
et al. 2020, 2021; Ali et al. 2021, 2022; Wang et al. 2021; Yousaf and Ali 2020).

The DCC–GARCH model uses a two-stage estimation process. The first stage estimates
a GARCH (1,1) model. Let rt be an n× 1 vector of asset returns as follows:

ri,t = αi0 + εt (2)

hi,t = γi0 + γi1ε2
i,t−1 + γi2hi,t−1 (3)

εt|Ωt−1 ∼ N(0, ht)

where εt is the vector of error terms and Ωt−1 is the information set at time t − 1.
The second stage estimates the DCC parameters:

Ht = DtRtDt (4)

where Ht is the conditional covariance matrix, Rt is the conditional correlation matrix, and
Dt is the diagonal matrix of conditional standard deviations that is defined as follows:

Dt = diag(
√

h11,t, . . . ,
√

hnn,t) (5)

and each ht is described by a univariate GARCH model. Further,

Rt = Q∗−1
t QtQ∗−1

t (6)

where Qt is a symmetric positive definitive conditional variances–covariances matrix:

Qt = (1− a− b)Q + aεt−1ε′t−1 + bQt−1 (7)

where Q is the unconditional variance matrix of εt, and a and b are the nonnegative scalars
with (a + b) < 1.

Finally, the dynamic conditional correlation is expressed as follows:

ρij,t = qij,t/
√

qii,tqjj,t (8)

where ρij,t represents DCCs between asset returns.
According to Caporin and McAleer (2012), the former is used to forecast conditional

covariances but can also be used to forecast conditional correlations indirectly, while the
latter is only used to forecast conditional correlations, despite the fact that it has a structure
that can be used to forecast conditional covariances. Caporin and McAleer (2012) argued
that this is a misconception about the suitability of each model in practice and that the
parameter dimension for the DCC model without targeting is similar to that of the BEKK
model, even though it appears in some empirical applications that the DCC model is
preferred to the BEKK model because of the latter’s dimensionality curse (Katsiampa et al.
2022). Therefore, to perform the robustness tests in our study, we employed the diagonal
BEKK model.

In the diagonal BEKK model, the conditional variance–covariance matrix, Ht, is given
as follows:

Ht = W ′W + A′εt−1ε′t−1 A + B′Ht−1B (9)
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where W, A, and B are parameter matrices, with W being an upper triangular matrix,
whereas A and B are diagonal matrices. We estimate the parameters of the conditional
mean, variance, and covariance equations simultaneously under maximum likelihood
using the Broyden–Fletcher–Goldfarb–Shanno algorithm. The diagonal elements of Ht and
hij,t, for i 6= j, correspond to conditional covariances between asset returns i and j, given as

hij,t = w̃ij + aiiajjεi,t−1ε j,t−1 + biibjjhij,t−1 (10)

where w̃ij is the ijth element of W ′W. Finally, we calculate the conditional correlations
between two asset returns i and j, ri,j,t, as

rij,t = hij,t/
√

hi,thj,t (11)

3. Empirical Results

In this section, we present the estimation results from the DCC–GARCH model for the
pre-COVID-19 and COVID-19 periods. The experimental results of return and volatility
spillovers between Bitcoin and ASEAN+6 stock returns are shown in Table 2. Referring
to the Akaike information criterion and Bayes information criterion, the GARCH is the
appropriate model for the conditional mean equation. With respect to the conditional
variance equation, we observe that the ARCH parameters are significant for, and stock
market indices of Australia, India, Japan, Korea, and Philippines, during the pre-COVID-
19 period. Though, we found weak evidence in Bitcoin, Singapore, and Thailand. This
indicates that the volatility of these markets is affected by their own past shocks during the
pre-COVID-19 period. However, the GARCH parameters are significant for most markets,
except for China, indicating that conditional volatility depends significantly on its past
values during the pre-COVID-19 period. For DCC models, the estimated coefficients a and
b are found to be statistically significant for China’s, India’s, Korea’s, and Philippines’ stock
returns during the COVID-19 period, after government interventions through economic
relief packages to mitigate the impact of the crisis. This result indicates that Bitcoin lost
its safe-haven property to these equity indices during the COVID-19 period (Conlon and
McGee 2020).

Table 3 shows the experiential results of return and volatility spillovers between
gold and ASEAN+6 stock returns obtained using the DCC–GARCH model. We note
that the ARCH parameters are relevant for gold and all stock market indices with regard
to the conditional variance equation during the COVID-19 period. This suggests that
these markets’ volatility is influenced by the shocks they have experienced in the past.
The GARCH parameters, however, are significant across all markets, demonstrating that
conditional volatility is strongly correlated with its prior values. For DCC models, the
estimated coefficients a and b are found to be statistically significant only for Malaysia’s
stock market during the pre-COVID-19 period. This finding suggests that these equity
indices have displaced gold as a safe haven (Akhtaruzzaman et al. 2021).
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Table 2. DCC–GARCH estimated results between Bitcoin and ASEAN+6 stock markets.

BTC AUS CHN IDN IND JPN KOR MYS NZL PHL SGP THE VNM

Panel A: (Pre-COVID-19: 2 January 2017–30 December 2019)

α 0.0020 0.0003 c 0.0001 0.0003 0.0008 a 0.0005 c 0.0003 0.0002 0.0006 a 0.0002 0.0001 0.0002 0.0006 c

γ 0.0001 0.0000 0.0000 0.0000 0.0000 a 0.0000 0.0000 a 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
ARCH 0.0885 b 0.1047 a 0.0649 0.0358 0.1449 a 0.0465 a 0.0391 a 0.0419 0.0329 0.0263 a 0.0386 c 0.0469 b 0.0780

GARCH 0.8509 a 0.8433 a 0.9340 0.9559 a 0.7305 a 0.9296 a 0.9206 a 0.9500 a 0.9532 a 0.9672 a 0.9299 a 0.9469 a 0.9098 a

a 0.0007 0.0175 0.0000 0.0000 0.0020 0.0210 c 0.0024 0.0000 0.0049 0.0000 0.0068 0.0000
b 0.9772 a 0.9530 0.9325 0.9670 a 0.9918 a 0.9417 c 0.9664 a 0.9258 a 0.9396 a 0.9390 a 0.9758 a 0.9175 a

AIC −10.614 −9.8451 −10.297 −10.251 −9.8282 −10.222 −10.846 −10.880 −10.364 −10.776 −10.789 −9.9529
SIC −10.548 −9.7794 −10.232 −10.185 −9.7625 −10.156 −10.780 −10.814 −10.298 −10.710 −10.723 −9.8872

Panel B: (COVID-19 period: 31 December 2019–20 January 2023)

α 0.0021 0.0006 c 0.0002 0.0004 0.0010 0.0003 0.0004 −0.0002 0.0002 −0.0006 0.0001 0.0001 0.0007
γ 0.0002 c 0.0000 b 0.0000 a 0.0000 a 0.0000 0.0000 a 0.0000 a 0.0000 b 0.0000 0.0000 c 0.0000 a 0.0000 0.0000 a

ARCH 0.1301 0.1728 a 0.0715 a 0.1283 a 0.1141 a 0.0926 a 0.1753 a 0.0705 a 0.1249 a 0.1473 b 0.1465 a 0.0858 a 0.1354 a

GARCH 0.7764 a 0.7728 a 0.8763 a 0.7822 a 0.8595 a 0.8286 a 0.7504 a 0.8850 a 0.8393 a 0.7092 a 0.7787 a 0.8966 a 0.7959 a

a 0.0554 0.0113 b 0.0342 0.0639 c 0.0303 0.0917 c 0.0000 0.0068 0.1210 b 0.0076 0.0519 0.0278
b 0.4286 b 0.9820 a 0.4245 a 0.5974 a 0.5689 a 0.3842 a 0.9067 a 0.6772 a 0.3896 a 0.6320 a 0.6614 a 0.4023

AIC −9.7738 −9.6636 −9.8216 −9.6226 −9.3180 −9.4545 −10.023 −10.190 −9.4180 −10.288 −9.9684 −9.2962
SIC −9.7093 −9.5991 −9.7571 −9.5581 −9.2536 −9.3900 −9.9585 −10.126 −9.3535 −10.224 −9.9040 −9.2317

Note: a, b, and c indicate the statistical significance at 1%, 5%, and 10% level, respectively.
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Table 3. DCC–GARCH estimated results between gold and ASEAN+6 stock markets.

GLD AUS CHN IDN IND JPN KOR MYS NZL PHL SGP THE VNM

Panel A: (Pre-COVID-19: 2 January 2017–30 December 2019)

α 0.0003 0.0003 c 0.0001 0.0004 0.0008 a 0.0005 c 0.0003 0.0002 0.0006 a 0.0002 0.0001 0.0002 0.0006 c

γ 0.0000 0.0000 0.0000 0.0000 0.0000 a 0.0000 0.0000 a 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
ARCH 0.0223 a 0.1047 a 0.0649 0.0358 0.1449 a 0.0465 a 0.0391 a 0.0419 0.0329 0.0263 a 0.0386 c 0.0469 b 0.0780

GARCH 0.9540 a 0.8433 a 0.9340 0.9559 a 0.7305 a 0.9296 a 0.9206 a 0.9500 a 0.9532 a 0.9672 a 0.9299 a 0.9469 a 0.9098 a

a 0.0000 0.0003 0.0036 0.0008 0.0200 0.0178 0.0391 c 0.0000 0.0019 0.0000 0.0024 0.0000
b 0.9178 a 0.9543 a 0.9125 a 0.9683 a 0.6266 0.9080 a 0.8596 a 0.9487 0.9339 a 0.9217 a 0.9900 a 0.9172 a

AIC −14.621 −13.837 −14.293 −14.246 −13.856 −14.221 −14.859 −14.870 −14.360 −14.782 −14.783 −13.948
SIC −14.555 −13.771 −14.228 −14.180 −13.791 −14.155 −14.793 −14.804 −14.295 −14.716 −14.718 −13.882

Panel B: (COVID-19 period: 31 December 2019–20 January 2023)

α 0.0002 0.0006 c 0.0002 0.0004 0.0010 0.0004 0.0004 −0.0002 0.0002 −0.0007 0.0001 0.0001 0.0007
γ 0.0000 a 0.0000 b 0.0000 a 0.0000 a 0.0000 0.0000 a 0.0000 a 0.0000 a 0.0000 0.0000 c 0.0000 a 0.0000 0.0000 a

ARCH 0.0592 a 0.1728 a 0.0715 a 0.1283 a 0.1141 a 0.0926 a 0.1753 a 0.0705 a 0.1249 a 0.1473 b 0.1465 a 0.0858 a 0.1354 a

GARCH 0.8248 a 0.7728 a 0.8763 a 0.7822 a 0.8595 a 0.8287 a 0.7504 a 0.8850 a 0.8393 a 0.7092 a 0.7787 a 0.8966 a 0.7959 a

a 0.0003 0.0000 0.0058 0.0000 0.0129 0.0000 0.0456 0.0027 0.0021 0.0051 0.0000 0.0046
b 0.9691 a 0.9316 0.9234 a 0.9242 b 0.9276 a 0.9188 a 0.0000 0.8044 0.9874 a 0.9305 a 0.9218 a 0.9619 a

AIC −12.790 −12.694 −12.841 −12.623 −12.337 −12.477 −13.049 −13.198 −12.426 −13.307 −12.969 −12.323
SIC −12.726 −12.629 −12.777 −12.559 −12.272 −12.413 −12.985 −13.134 −12.362 −13.242 −12.905 −12.259

Note: a, b, and c indicate the statistical significance at 1%, 5%, and 10% level, respectively.
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Next, we present the estimation results from the diagonal BEKK model for the pre-
COVID-19 and COVID-19 periods. The results of return and volatility spillovers between
Bitcoin and ASEAN+6 stock returns are reported in Table 4. All of the parameters for the
conditional ARCH (ai,i) and GARCH (bi,i) effects, which stand for short- and long-term
persistence in the variance–covariance equation, respectively, were shown to be statistically
significant at the 1% level. The off-diagonal a11, a22, b11, and b22 entries in matrices A
and B represent market-wide effects such as shock and volatility spillovers between stock
returns and Bitcoin returns. In terms of the magnitude of shock and volatility spillovers,
the empirical findings provide persuasive evidence of bidirectional cross-market shock
and volatility transmission between stock returns and Bitcoin returns. It follows that the
volatility of stock returns is significantly influenced by the dynamics of Bitcoin returns and
that the relationship also holds in reverse. These empirical findings are partially consistent
with those of Vardar and Aydogan (2019).

Table 4. BEKK–GARCH estimated results between Bitcoin and ASEAN+6 stock markets.

AUS CHN IDN IND JPN KOR MYS NZL PHL SGP THE VNM

Panel A: (Pre-COVID-19: 2 January 2017–30 December 2019)

α1 0.0003 0.0003 0.0003 0.0008 a 0.0004 0.0003 0.0001 0.0006 a 0.0002 0.0001 0.0002 0.0005 c

α2 0.0024 0.0019 0.0022 0.0015 0.0019 0.0018 0.0025 0.0020 0.0023 0.0022 0.0020 0.0022

w11 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 b 0.0000 a 0.0000 b 0.0000 c 0.0000 b 0.0000 a 0.0000 b

w12 0.0000 0.0000 0.0000 0.0000 −0.0000 −0.0000 −0.0000 0.0000 c 0.0000 0.0000 0.0000 0.0000
w22 0.0001 a 0.0001 a 0.0002 a 0.0001 a 0.0001 a 0.0002 a 0.0002 a 0.0002 a 0.0002 a 0.0001 a 0.0001 a 0.0002 a

a11 0.2898 a 0.2215 a 0.1484 a 0.4094 a 0.1824 a 0.0832 a 0.2100 a 0.1553 a 0.2001 a 0.1931 a 0.2012 a 0.2404 a

a22 0.2286 a 0.2657 a 0.2794 a 0.2591 a 0.2767 a 0.3007 a 0.3027 a 0.2987 a 0.2874 a 0.2763 a 0.2810 a 0.2859 a

b11 0.9247 a 0.9739 a 0.9854 a 0.7321 a 0.9712 a 0.9945 a 0.9728 a 0.9778 a 0.9634 a 0.9632 a 0.9758 a 0.9677 a

b22 0.9508 a 0.9338 a 0.9267 a 0.9380 a 0.9301 a 0.9199 a 0.9171 a 0.9191 a 0.9241 a 0.9323 a 0.9285 a 0.9220 a

AIC −10.581 −9.8575 −10.304 −10.228 −9.8063 −10.236 −10.834 −10.868 −10.358 −10.776 −10.781 −9.9388
SIC −10.527 −9.8038 −10.250 −10.174 −9.7526 −10.182 −10.780 −10.814 −10.304 −10.723 −10.727 −9.8850

Panel B: (COVID-19 period: 31 December 2019–20 January 2023)

α1 0.0006 c 0.0002 0.0004 0.0010 a 0.0004 0.0004 −0.0002 0.0002 −0.0007 0.0001 0.0001 0.0007
α2 0.0020 0.0020 0.0021 0.0023 0.0020 0.0020 0.0024 0.0025 0.0019 0.0017 0.0026 0.0015

w11 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 b 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a

w12 0.0000 0.0000 0.0000 b 0.0000 0.0000 0.0000 0.0000 0.0000 b −0.0000 0.0000 0.0000 b 0.0000
w22 0.0003 a 0.0003 a 0.0004 b 0.0002 a 0.0003 a 0.0003 a 0.0004 a 0.0003 a 0.0003 a 0.0005 b 0.0003 a 0.0004 a

a11 0.4068 a 0.2457 a 0.3378 a 0.3290 a 0.2314 a 0.4134 a 0.2189 a 0.3041 a 0.4002 a 0.3666 a 0.2754 a 0.3269 a

a22 0.2187 a 0.3393 a 0.2391 a 0.2978 a 0.3613 a 0.3137 a 0.3340 a 0.3726 a 0.3152 a 0.2186 a 0.3145 a 0.2330 a

b11 0.8792 a 0.9323 a 0.8966 a 0.9287 a 0.9422 a 0.8509 a 0.9554 a 0.9372 a 0.8242 a 0.8890 a 0.9494 a 0.9113 a

b22 0.8949 a 0.8744 a 0.8602 a 0.8961 a 0.8575 a 0.8808 a 0.8531 a 0.8501 a 0.8908 a 0.8616 a 0.8668 a 0.8787 a

AIC −9.7462 −9.6505 −9.7896 −9.6142 −9.2968 −9.4334 −9.9877 −10.168 −9.3653 −10.247 −9.9561 −9.2563
SIC −9.6934 −9.5978 −9.7368 −9.5615 −9.2441 −9.3807 −9.9350 −10.115 −9.3126 −10.194 −9.9034 −9.2036

Note: a, b, and c indicate the statistical significance at 1%, 5%, and 10% level, respectively.

Table 5 shows the results of return and volatility spillovers between gold and ASEAN+6
stock returns obtained using the diagonal BEKK model for the pre-COVID-19 and COVID-
19 periods. The findings show that estimates of all the diagonal elements of matrices A and
B are statistically significant at the 1% level in both periods, in contrast to estimates of the
parameters of conditional mean equations.
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Table 5. BEKK–GARCH estimated results between gold and ASEAN+6 stock markets.

AUS CHN IDN IND JPN KOR MYS NZL PHL SGP THE VNM

Panel A: (Pre-COVID-19: 2 January 2017–30 December 2019)

α1 0.0003 0.0002 0.0004 0.0008 a 0.0006 c 0.0004 0.0002 0.0006 a 0.0002 0.0002 0.0002 0.0006 b

α2 0.0003 0.0003 0.0003 0.0003 0.0003 0.0003 0.0002 0.0003 0.0002 0.0002 0.0003 0.0004

w11 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 b 0.0000 a 0.0000 b 0.0000 a 0.0000 b 0.0000 a 0.0000 a

w12 −0.0000 a 0.0000 0.0000 −0.0000 −0.0000 a −0.0000 0.0000 −0.0000 −0.0000 −0.0000 b 0.0000 0.0000 c

w22 0.0000 b 0.0000 c 0.0000 c 0.0000 c 0.0000 c 0.0000 c 0.0000 b 0.0000 c 0.0000 c 0.0000 c 0.0000 b 0.0000 b

a11 0.3281 a 0.2240 a 0.1652 a 0.0335 a 0.2408 a 0.0851 a 0.2097 a 0.1898 a 0.3023 a 0.3008 a 0.2177 a 0.2838 a

a22 −0.1286 a 0.0808 a 0.1208 a 0.0271 a 0.0997 a 0.1402 a 0.1414 a 0.1152 a 0.1051 a 0.0876 a 0.0987 a −0.1357 a

b11 0.9158 a 0.9739 a 0.9824 a 0.0335 a 0.9487 a 0.9943 a 0.9726 a 0.9701 a 0.8829 a 0.8656 a 0.9721 a 0.9526 a

b22 0.9788 a 0.9820 a 0.9755 a 0.0074 a 0.9764 a 0.9686 a 0.9741 a 0.9781 a 0.9817 a 0.9828 a 0.9816 a 0.9778 a

AIC −14.637 −13.850 −14.312 −14.251 −13.856 −14.233 −14.864 −14.869 −14.358 −14.781 −14.781 −13.969
SIC −14.583 −13.796 −14.258 −14.197 −13.802 −14.179 −14.810 −14.815 −14.304 −14.727 −14.727 −13.915

Panel B: (COVID-19 period: 31 December 2019–20 January 2023)

α1 0.0006 c 0.0002 0.0004 0.0010 a 0.0004 0.0001 −0.0002 0.0002 −0.0006 0.0001 0.0001 0.0008 c

α2 0.0003 0.0003 0.0003 0.0004 0.0004 0.0003 0.0002 0.0004 0.0003 0.0004 0.0003 0.0002

w11 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a 0.0000 a

w12 0.0000 0.0000 0.0000 0.0000 b −0.0000 0.0000 b 0.0000 c 0.0000 −0.0000 0.0000 0.0000 −0.0000 c

w22 0.0000 0.0000 c 0.0000 c 0.0000 0.0000 c 0.0000 a 0.0000 b 0.0000 c 0.0000 0.0000 0.0000 0.3500 b

a11 0.3815 a 0.2610 a 0.3374 a 0.3276 a 0.2937 a 0.4129 a 0.2604 a 0.3365 a 0.3510 a 0.3812 a 0.2948 a 0.1878 a

a22 0.1277 a 0.1773 a 0.1665 a 0.0818 a 0.1383 a 0.2363 a 0.1802 a 0.1598 a 0.1534 a 0.1421 a 0.1226 a 0.9023 a

b11 0.8988 a 0.9238 a 0.8990 a 0.9320 a 0.9085 a 0.8703 a 0.9402 a 0.9248 a 0.8574 a 0.8812 a 0.9466 a 0.9316 a

b22 0.9563 a 0.9379 a 0.9458 a 0.9652 a 0.9562 a 0.9142 a 0.9311 a 0.9350 a 0.9494 a 0.9518 a 0.9582 a 0.3500 a

AIC −12.767 −12.680 −12.835 −12.596 −12.332 −12.429 −13.040 −13.182 −12.414 −13.293 −12.942 −12.318
SIC −12.714 −12.627 −12.782 −12.543 −12.279 −12.376 −12.988 −13.129 −12.361 −13.240 −12.889 −12.265

Note: a, b, and c indicate the statistical significance at 1%, 5%, and 10% level, respectively.

4. Conclusions

The COVID-19 pandemic has seriously harmed both the financial markets and people’s
health. Naturally, investors all around the world are looking for an investing strategy to
guard against the negative effects of this pandemic. The validity of Bitcoin as a hedge
for ASEAN+6 equity markets has been examined in this study. Notably, we have looked
into the advantages of hedging by diversifying between Bitcoin and the equity indices for
ASEAN+6 countries. This research enables us to contrast its gold-like hedging capabilities.
We have employed the DCC–GARCH model, which takes into account a number of stylized
facts of the return times series, including volatility clustering and the conditional heavy
tails property. The results of the dynamic conditions correlation coefficient between Bitcoin
and ASEAN+6 stock returns are associated with the short-run and long-run persistence of
shocks, and are statistically significant in China’s, India’s, Korea’s, and Philippines’ stock
returns during the COVID-19 period (31 December 2019–20 January 2023). In contrast, the
estimated coefficients are found to be statistically significant between gold and Malaysia’s
stock market during the pre-COVID-19 period (2 January 2017–30 December 2019).

More interestingly, using the diagonal BEKK–GARCH, the empirical results offer
strong proof of cross-market shock and volatility transmission in both directions between
stock returns and Bitcoin returns. It follows that the dynamics of Bitcoin returns have a
major impact on stock return volatility, and the link also holds in reverse. In addition,
the results of the return and volatility spillovers between the returns of gold and the
ASEAN+6 stock market demonstrate that all diagonal element estimations are statistically
significant for both periods. These empirical findings are partially consistent with those of
Akhtaruzzaman et al. (2021) and Conlon and McGee (2020).

Our empirical findings point to multiple chances for portfolio optimization in the
Bitcoin, gold, and the ASEAN+6 stock markets. The findings are useful for market practi-
tioners seeking to protect themselves against unfavorable fluctuations in the stock and gold
markets. Such information may be used by investors and portfolio managers to develop
investment possibilities, hedging techniques, or risk insurance for managing financial port-
folios. Furthermore, businesses might utilize the data to adapt payment methods or create
asset portfolios in order to establish effective risk management and hedging strategies.
Governments and central banks may also utilize their understanding of risk transfer and
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spillover effects to create and promote central bank digital currencies, as well as to provide
a legal, regulatory framework for the digital currency business.

Research on how the COVID-19 pandemic may affect strategic asset allocation is
still in its early stages. More investigation is required to determine how government
stimulus programs mitigate COVID-19 and their impact on portfolio optimization. We
only examined how Bitcoin and gold function as safe-haven assets or hedges for significant
equities indices, currencies, and oil. Future studies could include fixed income, frontier
and emerging equities indices, and alternative assets, among other financial assets. For
instance, in regard to fixed-income instruments, markets saw a sharp inverse movement
between the prices of Bitcoin, gold, and real interest rates during the pandemic because of
panic sales of Treasury securities (pushing bond yields up).
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