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Abstract: The study investigates the safe haven properties and sustainability of the top five cryp-
tocurrencies (Bitcoin, Ethereum, Dash, Monero, and Ripple) and gold for BRICS stock markets
during the COVID-19 crisis period from 31 January 2020 to 17 September 2020 in comparison to the
precrisis period from 1 January 2016 to 30 January 2020, in a nonlinear and asymmetric framework
using Nonlinear Autoregressive Distributed Lag (NARDL) methodology. Our results show that the
relationship dynamics of stock market and cryptocurrency returns both in the short and long run
are changing during the COVID-19 crisis period, which justifies our study using the nonlinear and
asymmetric model. As far as a sustainable safe haven is concerned, Dash and Ripple are found to
be a safe haven for all the five markets before the pandemic. However, all five cryptocurrencies are
found to be a safe haven for three emerging markets, such as Brazil, China, and Russia, during the
financial crisis. In a comparative framework, gold is found to be a suitable safe haven only for Brazil
and Russia. The results have implications for index fund managers of BRICS markets to include Dash
and Ripple in their portfolio as safe haven assets to protect its value during a stock market crisis.

Keywords: cryptocurrency; NARDL; safe haven; stock index; asymmetric; COVID-19; emerging
market

1. Introduction

Ever since the evolution of Bitcoin, as a medium exchange to investment assets and
finally as a commodity, recently researchers are fascinated towards studying the safe haven
potential of cryptocurrencies in general, and Bitcoin in particular, with respect to the decline
in the stock market. It has been seen that investors prefer non-sovereign, non-regulated,
and non-political assets during the European crisis in 2010-2013 and the banking crisis
of Cyprus in 2012-2013, wherein Bitcoin not only remained unaffected but also thrived
(Kristoufek 2015; Luther and Salter 2017).

The recent economic and financial developments related to the crypto market in gen-
eral and Bitcoin in particular, such as the introduction of Bitcoin futures by CBOE, offering
of funds linked to Bitcoin by investment bankers, and heterogeneous regulatory/legal
measures (e.g., adoption of digital friendly rules by Japan) across the developed and de-
veloping countries, led to shifting of the focus towards the safe haven potential of the
cryptocurrencies. Further, recent attention has been shifted towards crypto instruments be-
cause it has been seen that speculative behaviour of investors in gold led to the destruction
of its hedging properties in US and European markets, particularly after 2013 (Klein 2017).
What is expected from a safe haven asset by the portfolio and risk managers during a
COVID-19-like stock market crisis characterised by huge volatility' is that the asset should
be able to reduce risk and increase the benefit of diversification.

The current COVID-19-led worldwide financial crisis is actually a real testing time
for cryptocurrencies of their safe heaven properties since their inception. Crypto assets in
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order to be safe haven assets must be negatively correlated or uncorrelated with equity
indices in the COVID-19 stock market crisis (Baur and Lucey 2010). Wang et al. (2019b)
found that crypto assets are not suitable safe havens for BRICS stock markets using a DCC
GARCH framework. The safe haven is tested using dummies for extreme negative market
movements. They found that a safe haven is pronounced in the case of a developed, larger
market capitalisation and a higher liquid market.

In this study, we have taken a divergent stand from Wang et al. (2019b) and investi-
gated the safe haven property of five crypto assets and gold for BRICS markets. Although
safe haven attribution is based on no or negative correlation of the safe haven asset with
other assets in a time varying framework, it needs to be seen first how this relationship
holds in the short and long term as investors have different investment horizons. Second,
how does this relationship behave for a negative or positive change in safe haven assets?
Thus, in our study, a safe haven means it is both in the short and long run and also for
both positive and negative changes in crypto assets. Our contribution to the literature
of safe haven assets is the consideration of the nonlinearity and asymmetric effect in the
determination of the safe haven properties of cryptocurrencies using the Nonlinear Au-
toregressive Distributed Lag (NARDL) methodology of Shin et al. (2014). Our focus is
on the safe haven properties of the top five cryptocurrencies” in the context of the top
five biggest emerging markets, i.e., Brazil, Russia, India, China, and South Africa (BRICS).
The top five crypto assets are based on market capitalisation (such as Bitcoin, Ethereum,
Dash, Ripple, and Monero). Further, for comparative analysis purposes, we have also
considered gold along with five cryptocurrencies in our study. During this crisis period
two notable features are observed. While VIX made an all-time historic high, the price of
oil (WTI) collapsed to an historic low. Since both the developments have a bearing on the
stock market, the study accounted for the effect of both in the process of investigating the
influence of cryptocurrencies on the stock market during this unprecedented COVID-19-led
financial crisis.

Our definition of safe haven is based on the definition provided by Baur and Lucey
(2010). In addition to that, the strength of the safe haven property is investigated in a
nonlinear and asymmetric framework in line with the study of Baur and McDermott (2010).
During the crisis, the safe heaven asset is expected to be either uncorrelated or negatively
correlated so that there should not be any loss of value in the asset in such times. Taking a
safe haven stand based on negative or no relationship between the safe haven asset and
other assets is not enough as the economic and financial world is dynamic, which may
change the relationship dynamics. Thus, the market participants should understand if at
all the safe haven relationship gets disturbed, thereby impacting the safe haven dynamics,
what the strength of the impact will be and how long it will take to come back to the status
quo. According to Baur and McDermott (2010), the asset is said to be a strong (weak) safe
heaven if it is negatively correlated (uncorrelated) with another asset during a crisis. Thus,
such a kind of distinction between a strong and weak safe haven would be helpful to the
investors in taking an appropriate safe haven position in appropriate cryptocurrency.

Our results show that, in a nonlinear and asymmetric framework, the relationship
dynamics both in the short and long run is changing during the crisis period, which justifies
our study using a nonlinear and asymmetric model. Further, Dash and Ripple are found
to be a safe haven for all five markets. However, for BVSP, SSE, and RTSI, almost all
cryptocurrencies are a safe haven during the financial crisis. Finally, gold is found to be a
suitable safe haven only for BVSP and RTSL

Our study contributes to the safe haven literature in the following dimensions. First,
the nonlinear (short and long term) and asymmetric (positive and negative changes)
safe haven properties of five top cryptocurrencies in terms of market capitalisation and
gold are investigated for the top five emerging markets in terms of market size and
liquidity. Secondly, ours is the first study to investigate the sustainability of the safe
haven relationship in face of short-term impact due to changes in financial and economic
conditions. The short-term impact is studied in terms of its strength and duration for
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unit changes in cryptocurrency prices. Third, the Nonlinear Autoregressive Distributed
Lag (NARDL) model is used for the first time to study the safe haven properties of the
cryptocurrencies in a nonlinear and asymmetric framework. Furthermore, it is helpful
detecting the sustainability of the safe haven relationship. Fourth, unlike studies in the
literature where the safe haven is studied using a dummy for the market crisis, ours is
the study which is undertaken during the actual crisis period, i.e., the COVID-19 financial
crisis. Fifth, we have conducted a comparative study of the safe haven properties between
pre- and during the COVID-19 financial crisis.

2. Literature Review

The literature is very scant as far as the safe haven and hedging properties of the
crypto assets, mainly Bitcoin, are concerned. The results are not conclusive in the studies
by Wang et al. (2019a), Bouri et al. (2017), Kliber et al. (2019), and Ghorbel and Jeribi
(2021) based on the conditional correlation estimated using DCC GARCH methodology
and based on spillover of return and volatility by Corbet et al. (2018). The safe haven
properties of Bitcoin are found to be time and frequency varying (Bouri et al. 2020). In an
intraday framework using the ADCC GARCH model, Urquhart and Zhang (2019) found
Bitcoin as a safe haven for currencies such as CHF, EUR, and GBP. Studying some features
such as volatility and liquidity, Smales (2018) denies the worthiness of Bitcoin as a safe
haven asset and its position lies between a currency and a commodity given its finite size
and decentralised size of the market. Kajtazi and Moro (2019) studied the consequences
of incorporating Bitcoin to the optimum portfolio by focusing on the mean CVaR method.
They investigated the inclusion of Bitcoin in three separate geographically established
portfolios of US, European, and Chinese assets, based on its risk-effect. They show that
the inclusion of Bitcoin in a portfolio increases its performance, but this is due more to the
improvement in returns than in the reduction of volatility. The advantage of the addition
of Bitcoin is that the increase in the return on the portfolio compensates for the increase in
risk. Gajardo et al. (2018) investigate the asymmetry of the cross-correlation between the
major currencies and Bitcoin, WTT and Bitcoin, gold and DJIA, using the MF-ADCCA. They
found that in any cross-correlation being studied, there is multi-fractality. They also found
that asymmetry is present in cross-correlation exponents under the different trends of gold,
DJIA, and WTL. In its cross-correlation to WTI, gold, and DJIA, their findings reveal that
Bitcoin represents more multi-fractal spectra than the other currencies. Bouri et al. (2018)
investigate the nonlinear and asymmetric impact of the aggregate commodity index and
gold price on Bitcoin using the NARDL modelling approach. Their results highlight that the
Bitcoin price could be predicted based on price information from aggregate commodity and
gold. Jarefio et al. (2020) analyses the sensitivity of Bitcoin returns to gold returns and other
assets, such as S&P500, using the NARDL framework. Findings show that Bitcoin responds
asymmetrically to the considered macroeconomic and financial determinants. Gonzalez
et al. (2021) investigated the interdependence between the twelve largest cryptocurrency
returns and gold returns. Results show that cryptocurrency returns are more correlated
during the COVID-19 crisis and are cointegrated with gold returns in the crisis period.
NARDL results show a positive and statistically significant connectedness between them.

In a recent study related to the COVID-19 crisis, Conlon and McGee (2020) refuted the
safe haven claim of Bitcoin based on the quantification of downside risk of the portfolio
consisting of equity and Bitcoin using VaR and Conditional VaR approaches. Using several
copula models, Garcia-Jorcano and Benito Garcia-Jorcano and Benito Muela (2020) sug-
gested that Bitcoin can be considered as a hedge asset against the US, European, Japanese,
and Chinese stock market indices” movements under normal market conditions. However,
under extreme market conditions, Bitcoin changes to become a diversifier asset. The exist-
ing literature on the safe-haven property of cryptocurrencies and gold is found to be either
confined to developed or developing countries, or even if it is in the context of both, in
that case the focus is on Bitcoin only (Dyhrberg 2016; Pal and Mitra 2019; Smales 2018;
Urquhart and Zhang 2019). However, only a few authors, such as Wei (2018), Phillip et al.
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(2018), Corbet et al. (2018), Bouri et al. (2018), Wang et al. (2019b), and Jeribi and Fakhfekh
(2021) are found to be studying the safe haven property of other cryptocurrencies. Ghorbel
and Jeribi found that Bitcoin and gold were considered as a hedge for the US investors
before the coronavirus crisis. However, they argued that, unlike gold, cryptocurrencies
were not a safe haven for US investors during the 2020 global crisis.

In the context of G7 countries, while few cases of safe haven properties are observed
for Bitcoin, gold emerged as the stronger diversifier in a downward market as evidenced
from a traditional regression analysis study by Shahzad et al. (2019). However, in a
comparative framework, Bouri et al. (2020) supports the superiority of Bitcoin as a potential
diversifier at the tail of the distribution using Wavelet VaR methodology. Corbet et al.
(2018), based on measures of connectedness spillover, stated that isolation of Bitcoin from
other financial assets was observed, thereby supporting the benefits of diversification
opportunity. However, Klein et al. (2018) found that, fundamentally, the properties of gold
are different from Bitcoin independently as an asset and also in terms of their linkage with
the stock market. It is seen during a stress period in the market that different financial assets,
such as gold, silver, and Bitcoin, behave differently with the stock market based on their
unconditional correlation, where gold and silver are found to maintain the characteristics
of a safe haven asset unlike Bitcoin. Moreover, in terms of portfolio hedging in the extreme
down market, unlike gold, Bitcoin does not show any hedging property.

Our study is related to Wang et al. (2019b) who found that a safe haven is pronounced
in the case of developed, larger market capitalisation and a higher liquid market and no
cryptocurrency is found to be a safe haven for the emerging market countries such as BRICS
markets. Taking the cue from Wang et al. (2019b), our study focuses on developing markets,
i.e., BRICS markets and the top five cryptocurrencies in terms of market size and liquidity
(Corbet et al. 2019). Lahiani and Jlassi (2021) investigate the median and tail dependence
between cryptocurrency and stock market returns of BRICS and developed countries. They
indicated that BSE 30 is the best predictor of cryptocurrencies’ returns. Ghorbel and Jeribi
(2021) found that the risks among developed stock markets can be hedged by the world’s
biggest cryptocurrency and the yellow metal. They considered Bitcoin as the new gold for
these economies. Unlike Bitcoin, the yellow metal can be considered as a hedge for Chinese
as well as Indian investors. However, these two assets can be considered as diversifier
assets on the other BRICS economies. In addition, their results indicated that Dash and
Monero can be considered as diversifier assets for developed stock markets.

Further, although a safe haven is attributed based on no or negative correlation of
the safe haven asset with other assets in a time varying framework, it needs to be checked
first whether this relationship holds in the short and long term as investors have different
investment horizons. Second, how does this relationship behave for a negative or a positive
change in safe haven asset prices?

3. Data and Methodology
3.1. Data

Our sample period consists of pre- and through the COVID-19 financial crisis period.
The pre-crisis period ranges from 1 January 2016 to 30 January 2020° and the COVID-19
financial crisis period spans from 31 January 2020 to 17 September 2020 covering the entire
period of the crisis. The daily closing price data have been collected from the CoinDesk
Price Index for cryptocurrencies (Bitcoin, Dash, Ethereum, Monero, and Ripple) and from
DataStream for gold and stock indices of BRICS countries (such as BVSP of Brazil, RTSI of
Russia, BSE Sensex 30 of India, SSE of China, and JSE 40 of South Africa).

During this period, all the cryptos except Bitcoin were stable and the price of Bitcoin
fell in sync with the world stock markets, which justifies our study for studying the impact
of other cryptocurrencies. The correlation heterogeneity between crypto and stock was
also observed across the cryptos.

As evidenced from the mean return of the pre-COVID-19 period presented in the
upper panel of Table 1, all five cryptocurrencies are outperforming all the five emerging
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stock market returns. During the COVID-19 period also, except for Dash, cryptocurrencies
are outperforming the emerging equity markets. As far as risk measured in terms of
standard deviation is concerned, the cryptocurrencies are observed to be riskier than the
equity market in the pre-COVID-19 period. However, in the COVID-19 crisis period, while
the risk of equity doubled, the cryptocurrencies are found to be stable. This stability of
cryptocurrencies in the COVID-19 crisis could be an opportunity for a safe haven, thus jus-
tifying our study during the crisis period. The returns of both equity and cryptocurrencies
become more negatively skewed and more jumps are observed as the value of kurtosis
increased in the COVID-19 crisis period relative to the pre-COVID-19 period. Gold in both
the periods looks stable in terms of return and risk. WTI became more volatile in the crisis
period with an average negative return, which was positive in the pre-crisis period. The
level of volatility in the equity market has increased during the crisis period in comparison
to the pre-crisis period as indicated by VIX. All the return series are non-normal as the
Jarque-Bera test highly rejects the null of normality, thus justifying the application of the
NARDL model, which considers that nonlinearity is due to short- and long-run effects and
also due to positive and negative changes. Further, Maiti et al. (2020) mentioned about the
nonlinearity of the daily return of Tether cryptocurrency. The relationship between these
two markets is expected not to be linear because while the crypto markets are unregulated,
the stock markets across the world are regulated. Further, while the stock markets are
related to economic fundamentals, the crypto markets are not.

The pre-crisis and during crisis period correlation between the five cryptocurrencies,
gold, BRICS stock indices, VIX, and WTI are presented in Table 2. There was no correlation
found between cryptocurrencies and stock markets in the pre-crisis period. However,
during the crisis period, the relationship between all five cryptocurrencies and five stock
indices becomes significantly positive. The degree of relationship is high (low) with BVSP
(SSE). Thus, this positive relationship rejects any kind of possible safe haven opportunity
for cryptocurrencies. However, this relationship is linear and ignores short- and long-term
nonlinearity and also the nonlinearity due to positive and negative changes of cryptocur-
rencies’ prices. Our study estimates the relationship dynamics between cryptocurrencies
and stock indices with due consideration to aforementioned nonlinearity.

To investigate the order of integration of price series, and due to the presence of a
turning point in the price dynamics, we ran the breakpoint unit root test (Perron 1989) that
allows for one structural break in the data. Results in Table 3 highlight a different order of
integration of the cryptocurrencies, stock indices, VIX, WTI, and gold in pre- and during the
crisis period. It is a mix of I(1) and I(0) series, leading us to choose the ARDL-type models
to investigate the safe haven property of cryptocurrencies and gold while accommodating
for the important role of VIX and oil prices. The ARDL-type models were introduced in
the econometric literature to investigate the relationship between I(1) and 1(0) series by
Pesaran et al. (2001).

We further investigated the cointegration relationship between the system of variables
(stock market, crypto, WTI, VIX) by performing the Johansen (1992) cointegration test.
Results in Table 4 reveal the existence of at least one cointegration relationship among
variables in each quadruple, which supports the use of ARDL-type models.
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Table 1. Stochastic properties of return series dynamics.

RET_Bitcoin RET_DASH RET_Ethereum RET_Monero RET_Ripple RET_BSE 30 RET_BVSP RET_JSE 40 RET_RTSI RET_SSE RET_GOLD RET_VIX RET _WTI
Pre-COVID-19
period
Mean 0.003 0.003 0.005 0.005 0.004 0.000 0.001 0.000 0.001 0.000 0.000 0.000 0.000
Median 0.003 0.000 0.000 0.000 —0.002 0.000 0.001 0.000 0.001 0.001 0.000 —0.005 0.001
Maximum 0.222 0.565 0.498 0.751 0.741 0.052 0.064 0.039 0.090 0.054 0.039 0.768 0.137
Minimum —0.247 —0.516 —0.286 —0.359 —0.563 —0.035 —0.092 —0.040 —0.122 —0.073 —0.032 —0.300 —0.082
Std. Dev. 0.046 0.072 0.073 0.083 0.081 0.008 0.013 0.010 0.014 0.011 0.008 0.080 0.022
Skewness —0.079 0.386 0.725 1.621 1.985 0.243 —0.314 —0.175 —0.589 —0.863 0.231 1.522 0.365
Kurtosis 7.038 11.762 8.431 16.277 19.244 6.175 6.345 4.265 11.739 10.091 5.016 13.866 7.052
Jarque—DBera 712.966 3378.087 1379.561 8156.367 12210.980 450.397 505.828 75.208 3395.063 2326.010 186.736 5560.003 740.327
Probability 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Post-COVID-19
Mean 0.001 —0.003 0.004 0.001 0.000 0.000 —0.001 0.000 —0.001 0.001 0.001 0.002 —0.001
Median 0.002 0.000 0.003 0.008 0.004 0.000 0.000 0.001 0.000 0.001 0.002 —0.010 0.001
Maximum 0.146 0.236 0.211 0.139 0.180 0.067 0.130 0.079 0.088 0.056 0.043 0.392 0.320
Minimum —0.497 —0.500 —0.580 —0.520 —0.423 —0.141 —0.160 —0.105 —0.117 —0.080 —0.059 —0.266 —0.602
Std. Dev. 0.055 0.068 0.072 0.064 0.057 0.024 0.034 0.022 0.028 0.015 0.013 0.098 0.085
Skewness —4.427 —2.494 —3.183 —3.613 —2.463 —1.734 —1.222 —0.952 —0.857 —-1.110 —0.807 1.571 —2.010
Kurtosis 43.146 20.914 28.639 28.900 21.488 11.899 10.170 7.929 7.030 9.605 6.669 7.303 20.207
Jarque—Bera 11478.580 2348.595 4739.755 4910.568 2486.204 619.564 389.677 189.602 130.215 329.797 109.121 192.806 2120.610
Probability 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 ***

Note: *** indicates significance at 1% level. The prefix RET in the names of cryptocurrencies and stock markets indicates return. Std. Dev. means standard deviation.



Int. |. Financial Stud. 2021, 9, 33

7 of 36

Table 2. Correlation dynamics between five crypto assets and BRICS stock indices, gold, VIX, and WTT in pre- and during the COVID-19 crisis period.

Pre-COVID-19 Correlation

RET_BITCOIN RET_DASH RET_ETHEREUM RET_MONERO RET_RIPPLE RET_BSE 30 RET_BVSP RET_JSE 40 RET_RTSI RET_SSE RET_GOLD RET_VIX RE_WTI
RET_BITCOIN 1
RET_DASH 0.396 1
RET_ETHEREUM 0.496 0.377 1
RET_MONERO 0.407 0.432 0.387 1
RET_RIPPLE 0.294 0.322 0.265 0.346 1
RET_BSE_30 —0.046 —0.014 —0.063 —0.025 —0.022 1
RET_BVSP 0.012 0.013 —0.023 0.036 0.006 0.183 1
RET_JSE_40 0.008 0.087 —0.022 0.049 0.033 0.372 0.250 1
RET_RTSI 0.018 0.059 —0.044 0.031 0.021 0.260 0.349 0.428 1
RET_SSE -0.017 —0.019 0.037 0.047 —0.003 0.217 0.112 0.250 0.167 1
RET_GOLD 0.055 —0.007 0.060 0.027 0.062 ** —0.111 0.037 —0.052 0.026 —0.032 1
RET_VIX —0.042 —0.087 —0.040 —0.049 —0.059 —-0.195 —0.365 —0.299 —0.295 —0.061 0.161 1
RET_WTI —0.009 0.064 —0.044 0.010 0.012 0.135 0.303 0.250 0.400 0.108 —0.026 —0.247 1
During COVID-19 Correlation
RET_BITCOIN RET_DASH RET_ETHEREUM RET_MONERO RET _RIPPLE RET_BSE 30 RET_BVSP RET_JSE 40 RET_RTSI RET_SSE RET_GOLD RET_VIX RET_WTI
RET_BITCOIN 1
RET_DASH 0.762 1
RET_ETHEREUM 0.914 0.709 1
RET_MONERO 0.756 0.878 0.714 1
RET_RIPPLE 0.734 0.844 0.742 0.854 1
RET_BSE_30 0.294 *** 0.292 *** 0.283 *** 0.347 *** 0.301 *** 1
RET_BVSP 0.529 *** 0.367 *** 0.552 *** 0.415 *** 0.424 *** 0.520 1
RET_JSE_40 0.451 *** 0.360 *** 0.426 *** 0.403 *** 0.354 *** 0.651 0.632 1
RET_RTSI 0.461 *** 0.387 *** 0.460 *** 0.440 *** 0.363 *** 0.523 0.520 0.696 1
RET_SSE 0.183 ** 0.184 ** 0.188 ** 0.162 ** 0.181 ** 0.420 0.332 0.420 0.256 1
RET_GOLD 0.347 *** 0.228 *** 0.314 *** 0.280 *** 0.209 ** 0.057 0.144 0.343 0.224 0.260 1
RET_VIX —0.459 —0.393 —0.458 —0.348 —0.352 —0.250 —0.545 —0.447 —0.388 —0.111 —0.093 1
RET_WTI 0.196 0.109 0.164 0.101 0.073 0.152 0.204 0.240 0.450 0.173 0.112 —0.235 1

Note: The correlation between five cryptocurrencies, gold, VIX, WTI, and BRICS stock indices are in bold, computed for both the periods pre- and during the COVID-19 crisis. *** and ** indicate significance

t-statistics at 1% and 5% level, respectively.
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Table 3. Breakpoint unit root test.

Level p-Value A p-Value
Panel A: Before COVID-19
Bitcoin —3.433Db [0.423] —33.613 ***a [<0.010]
Dash —3.938 a [0.411] —34.579 ***a [<0.010]
Ethereum —5.531 ***a [<0.010] - -
Monero —3.772Db [0.248] —35.0.76 ***b [<0.010]
Ripple —6.105 ***a [<0.010] - -
Gold —4.893 *b [0.013] - -
BSE_30 —4.703 *a 10.077] - -
BVSP —4.936 **a [0.040] - -
JSE_40 —4.701 *a [0.077] - -
RTSI —4.284 a [0.214] —32.050 ***b [<0.010]
SSE —5.050 **a [0.028] - -
VIX —6.982 ***3 [<0.010] - -
WTI —4.455 **b [0.049] - -
Panel B: During COVID-19
Bitcoin —4.318a [0.201] —21.149 ***a [<0.010]
Dash —4.719 *a [0.073] - -
Ethereum —5.912 ***a [<0.010] - -
Monero —5.391 ***a [<0.010] - -
Ripple —3910a [0.429] - -
Gold —3.748 a [0.534] —12.996 ***b [<0.010]
BSE_30 —5.207 **a [0.017] - -
BVSP —5.055 **a [0.028] - -
JSE_40 —3.658 a [0.592] —15.382 ***a [<0.010]
RTSI —5.066 **a [0.027] - -
SSE —4.803 **b [0.018] - -
VIX —5.270 **a [0.014] - -
WTI —3.852a [0.467] —15.637 ***a [<0.010]

Note: a indicates unit root test with trend and intercept. b indicates unit root test with intercept only. ***, ** and *
Indicate rejection of the null of the unit root at the 1%, 5% and 10% significance levels, respectively.

Table 4. Results of the Johansen cointegration test.

SSE RTSI BSE 30 BVSP JSE 40

Bitcoin 1 1 1 1 1
Dash 1 1 2 1 2
Ethereum 1 1 2 1 2
Monero 1 1 2 1 1
Ripple 1 1 1 1 1
Gold 1 1 1 1 2

Note: The table reports the number of cointegration relationships among each quadruple (stock market, cryp-

tocurrency, WTI, VIX).

3.2. Methodology

Following the arguments in Section 2, we adopted the NARDL model of Shin et al.
(2014) for the following four reasons. First, unlike competing error correction models which
require the considered time series to be I(1), the NARDL allows the consideration of data
series that have different integration orders, i.e., mix of I(1) and I(0) series. Second, it allows
modelling of the cointegration relation that could exist between the stock market prices and
cryptocurrency (gold) prices. Third, linear and nonlinear cointegration could be modelled
within this framework. Fourth, the NARDL model is a single-equation model that allows
the separation of the respective short- and long-run effects of explanatory variables on the
dependent variable. It is worth noting that other cointegration models, such as the vector
error correction model, accommodate for the previous property of the NARDL model.
However, the number of parameters will increase sharply if more variables are introduced
in the system as the VECM model consists of a system of equations, which is not the case
for the NARDL model.
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Concretely, the linear ARDL has the following form:
Asp =+ pesi1+pxXi—1+ 3y Oidsi i+ Y o TiAX_i + & 1

The goal in this paper is to investigate the safe haven property of cryptocurren-
cies and gold during the COVID-19 period while accounting for the effects of VIX and
WTI prices. Consequently, in the above model, s; represents the stock price at time ¢,
x¢ = [ct, VIXy, WT]' is the vector of explanatory variables that includes the cryptocur-
rency price (c) among Bitcoin, Dash, Ethereum, Monero, and Ripple. We also considered
the case where gold is used instead of cryptocurrency. VIX denotes the VIX volatility index
and WT1 refers to oil price. ¢; is the error term assumed to be white noise.

Indeed, if cryptocurrency (gold) prices retain or gain values during stock price crashes,
they are considered as safe haven assets as they allow investors to maintain the profitability
of their portfolios. The symbol A denotes price variations. Even though the model in Equa-
tion (1) has several advantages over traditional cointegration models, it remains simplistic
when the relationships between system variables are nonlinear and/or asymmetric. The
recently developed cointegrating NARDL model of Shin et al. (2014) allows us to account
for the likelihood of an asymmetric effect of cryptocurrency prices, and VIX and WTI prices
on stock prices in the short and long run. Practically, this model decomposes the exogenous
variable x; into its positive Ax;” and negative Ax; partial sums for increases and decreases
such as:

Xt = ! ij+ = Z;Zl max(Ax;,0) and x; = ]t.:l Ax; = Zt

i1 -1 min(Ax]-, 0)

Accounting for short- and long-run asymmetries in the model represented in Equation
(1) leads to the following functional form of the NARDL model with long- and short-run
asymmetries:

Asp =+ pssi 1+ o3+ o+ Y Oids i+ Y (nij;:i + n;Ax;i) +e )

The superscripts (+) and (-) in Equation (2) refer to the positive and negative partial
sums decomposition as computed above. The long-run asymmetry is captured by p*
and p~. The short-run asymmetry is captured by 7t and 7. Consequently, long-run
asymmetry is tested using a Wald test of the null p™ = p~, while the short-run asymmetry
is tested using a Wald test of the null 7'(1‘+ = m; ,fori = 0,1, ..., s. The ARDL-type
models have a double advantage. In fact, they permit us to assess the imminent effect of
cryptocurrency returns, and VIX and WTI returns on stock market returns. In addition, they
allow the measuring of the long-run reaction of stock index prices to cryptocurrency prices,
and VIX and WTI prices. The speed of adjustment towards long-run equilibrium is also
assessed through the NARDL model. The long-run effect of cryptocurrency prices on stock
prices are evaluated using the long-run coefficients L.+ = —p} /ps and L.- = —p; /ps
following a positive and a negative change of cryptocurrency prices, respectively.

The general NARDL model represented in Equation (2) becomes overparametrized
when asymmetry exists in the long or the short run only, or when only a subset of explana-
tory variables exerts an asymmetric effect on stock prices. It is thus crucial to correctly
identify those explanatory variables that influence stock returns in an asymmetric fashion
prior to estimating the NARDL model to put appropriate symmetry constraints in the
long and short run and estimate the most suitable NARDL model on the system variables.
Following previous studies, all models in this paper were estimated on logarithms of
variables as is commonly seen in the economic and finance literature.

4. Empirical Results and Discussion

As mentioned above, testing for long- and short-run asymmetric effects of cryptocur-
rencies, gold, VIX, and oil on the stock market indices is a fundamental step to correctly
identify the restrictions to impose on the model to obtain the right specification of the
NARDL. The empirical results of the Wald test for long-run and short-run asymmetries are
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available upon request The Wald test results for the pre-COVID-19 crisis show that Bitcoin
has an asymmetric long-run impact on JSE 40 index prices and a symmetric short-run
impact on all BRICS stock market indices prices. The Wald tests show that Dash has an
asymmetric long-run impact on JSE 40 and a short-run impact on SSE at the 1% level,
Monero exerts an asymmetric long-run impact on SSE and RTSI, while Ethereum, Ripple,
and gold impact BRICS stock markets in a symmetric manner in the long run. In addition,
Monero and Ripple have an asymmetric short-run impact on BSE and BVSP indices. The
empirical results of the Wald test result during the COVID-19 crisis indicate that all five
cryptocurrencies and gold have only an asymmetric long-run impact on SSE index prices
and a symmetric long-run impact on BSE, BVSP, JSE 40, and RTSI at the 5% level. In the
short run, the Wald test results indicate cryptocurrencies show a short-run asymmetric
impact on BVSP and JSE 40 only. Gold impact BRICS stock market indices in a symmetric
way in the short run.

The asymmetric long- and short-run safe haven analysis was conducted for pre- and
during the COVID-19 financial crisis. The results are presented in the three sections below.
The first and second sections report results of pre- and during the crisis analysis, and the
third section presents the comparative analysis of the pre- and during crisis analysis to see
the impact of the crisis on the safe haven properties of the cryptocurrencies for the five
BRICS emerging markets, i.e., BSE Sensex, BVSP, SSE, JSE 40, and RTSI.

4.1. Empirical Analysis of Safe Haven Properties of Cryptocurrencies and Gold before the
COVID-19 Crisis Period

4.1.1. BSE Sensex

As evidenced from the results presented in Table 5, during the pre-COVID-19 crisis
period, long-term symmetric and short-term asymmetric relationships are found between
BSE Sensex and gold*. The long-run cointegrating coefficient is significantly positive, thus
rejecting any safe haven opportunity of gold for BSE Sensex. It is also confirmed by the
cumulative multiplier graph in Figure 1 displaying a highly persistent impact of shock
from short-term changes in the gold price on the BSE index, which disturbs the long-run
cointegrating equilibrium.

Table 5. Estimation results for BSE before COVID-19.

X = Gold
BSE;_4 —0.006 **
(0.003)
X1 0.006
(0.004)
VIX; 4 —0.001
(0.001)
WTI,_, 0.004 **
(0.002)
ABSE;_4 0.034
(0.031)
AX} —0.179 ***
(0.054)
AX 0.086
(0.055)
AX, 0.024
(0.054)
AX; 0.040
(0.059)
AX; 0.125 **
(0.059)
AX;, —0.040

(0.059)
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Table 5. Cont.

X = Gold
AVIX, —0.017 ***
(0.003)
AVIX, 4 —0.023 ***
(0.003)
AVIX, , —0.001
(0.003)
AWTI, 0.028 **
(0.011)
AWTI, 4 —0.007
(0.011)
AWTI,_, —0.008
(0.011)
Const 0.062 **
(0.028)
Lx 1.057 *
[3.504]
Lyix —0.206
[1.122]
Lwrr 0.594 ***
[6.996]
AIC —7253.694
SIC —7164.684
2.909
ARCH [0.99]

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% significance levels, respectively. Standard errors
are between brackets and p-values are between [ ].

Cumulative effect of BITCOIN on BSE20 Cumulative effect of VIX on BSE30 Cumulative effect of WT| on BSE20

1
f
.

L
T
o
1
=
-

1 0
1
u, [t}
!
0
L

A
£

Cumulative effect of DASH ocn BSE2D Cumulative effect of VIX on BSE2D Cumulative effect of WTI on BSE20

e
1
—_—
-
oz
1
—~
ol 0z
-

[
.
n
S
0z .01 0
.
-

o m 40 &0 = o m 40 &0 = a m a0 &0 =

oo0s
L
!
"
1
L
ay
(]
L
&
S

0
1
S 0
1

1 =i
L
1
L
s
(e
1

e
\
0o
!
-
L= |
L
=
L
-

1
=]
1

Z
-~
1 -8
L
P
E I )
1
-
/

i
!

Figure 1. Cont.



Int. J. Financial Stud. 2021, 9, 33

12 of 36

B8 - v 3

Cumulative effect of RIPPLE on BSE30

Cumulative effect of VI on BSE30

Cumulative effect of WT| on BSE30

P I R —

——— e e

Cumulative effect of WTI on BSE30

—_
—_
-—
—

(¢} m 40 B0 &0

Figure 1. Cumulative effect of cryptos and gold on BSE30.

4.1.2. BVSP

The pre-COVID-19 crisis relationship between BVSP and all five cryptocurrencies to-
gether with gold is symmetric both in the long and short run as evidenced from Table 6.
The insignificant long-term cointegrating coefficient (LX) with Bitcoin, Dash, Ethereum, and
Ripple reveals a weak safe haven opportunity. However, the multiplier graph in Figure 2
shows that the safe haven relationship is affected by short-term changes in cryptocurrency
prices. However, gold and Monero are found to be unsuitable for being a safe haven for BVSP.

Table 6. Estimation results for BSVP before COVID-19.

X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
BVSP, 4 —0.030 ** —0.030 ** —0.031 *** —0.019 *** —0.031 *** —0.035 ***
(0.007) (0.007) (0.007) (0.006) (0.007) (0.008)
Xi 1 0.000 0.000 0.000 0.001 * 0.000 0.013*
(0.001) (0.000) (0.000) (0.000) (0.000) (0.008)
VIX; 0.005 ** 0.005 ** 0.005 ** 0.001 0.005 ** 0.005 **
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
VIX, 0.006 ** 0.006 ** 0.006 0.001 0.006 ** 0.006 **
(0.003) (0.003) (0.003) (0.002) (0.003) (0.003)
WTI", 0.006 0.006 0.005 —0.001 0.006 * 0.010 ***
(0.004) (0.004) (0.004) (0.003) (0.004) (0.004)
WTI,_ —0.003 —0.003 —0.003 —0.001 —0.003 0.001
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
ABVSP;_4 —0.014 —0.016 —0.015 —0.018 —0.014 —0.012
(0.031) (0.031) (0.031) (0.031) (0.031) (0.031)
AX, 0.000 —0.006 —0.005 ** 0.003 —0.003 0.166 ***
(0.008) (0.005) (0.005) (0.004) (0.005) (0.050)
AX, 4 —0.007 —0.005 —0.011 —0.006 —0.005 —0.013
(0.008) (0.005) (0.005) (0.004) (0.005) (0.050)
AVIX?' —0.063 *** —0.063 *** —0.064 *** —0.062 *** —0.063 *** —0.066 ***
(0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
AVIX,  —0.017* —0.017 ** —0.017 ** —0.013* —0.017 ** —0.017 **
(0.008) (0.008) (0.008) (0.008) (0.008) (0.008)
AVIX, —0.031 *** —0.032 ** —0.031 *** —0.037 *** —0.032 *** —0.032 ***
(0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
AVIX, 4 0.011 ** 0.012 ** 0.011 ** 0.011 ** 0.011 ** 0.013 **
(0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
AWTI, 0.142 *** 0.142 *** 0.140 *** 0.1471 *** 0.1471 *** 0.141 ***
(0.018) (0.018) (0.018) (0.018) (0.018) (0.018)
AWTI, 4 0.040 ** 0.040 ** 0.038 ** 0.041 ** 0.039 ** 0.037 **
(0.018) (0.018) (0.018) (0.018) (0.018) (0.018)
Const 0.324 *** 0.325 *** 0.332 *** 0.209 *** 0.327 *** 0.371 ***
(0.079) (0.079) (0.079) (0.065) (0.079) (0.085)
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Table 6. Cont.
X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
Lx 0.016 0.003 0.007 0.037 * 0.005 0.387 *
[0.448] [0.041] [0.342] [2.950] [0.212] [3.473]
Lyx+ 0.159 ** 0.154 ** 0.155 ** 0.072 0.153 ** 0.143 **
[4.426] [4.242] [4.467] [0.491] [4.243] [4.911]
Lyix- —0.204 ** —0.200 ** —0.199 ** —0.046 —0.200 ** —0.184 **
[5.299] [5.127] [5.319] [0.200] [5.211] [5.856]
Lwrr+ 0.185* 0.202 * 0.168 —0.067 0.200 ** 0.279
[2.822] [3.188] [2.355] [0.134] [3.844] [10.890]
Lwrr- 0.098 0.087 0.110 0.067 0.091 —0.020
[0.727] [0.590] [0.971] [0.134] [0.671] [0.041]
AIC —6251.152  —6252.175 —6255.950 —6247.977  —6252.105  —6263.340
SIC —6172.016  —6173.039 —6176.814 —6173.787  —6172.969  —6184.204
ARCH 0.109 0.103 0.092 0.079 0.114 0.118
[1.000] [1.000] [1.000] [1.000] [1.000] [1.000]

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% significance levels, respectively. Standard errors
are between brackets and p-values are between [ ].
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Figure 2. Cumulative effects of cryptos and gold on BVSP.

4.1.3. JSE 40

The pre-crisis relationship is symmetric between JSE 40 and three cryptocurrencies,
namely, Ethereum, Monero, and Ripple, and gold both in the long and short run as seen
from the results in Table 7. However, for Bitcoin and Dash it is symmetric (asymmetric) in
the short (long) run. The long-term cointegrating coefficient (LX) is positive and significant
across all five cryptocurrencies, thus declining any safe haven opportunity. However, gold
is found to be a weak safe haven as the long-term cointegrating coefficient (LX) is negative
but not significant. As far as sustainability of the long-term cointegrating relationship is
concerned, it is unsustainable as evidenced from the cumulative graph in Figure 3 for all
five cryptocurrencies including gold.

Table 7. Estimation results for JSE 40 before COVID-19.

X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
JSE40;_;  —0.049***  —0.033 *** —0.032 *** —0.023 ***  —0.032***  —0.021 ***
(0.010) (0.008) (0.008) (0.007) (0.008) (0.007)
X1 0.001 *** 0.001 ** 0.001 *** 0.006
(0.0003) (0.0002) (0.0002) (0.004)
X" 0.002 *** 0.001 ***
(0.001) (0.000)
X4 0.000 0.001 **
(0.001) (0.000)
VIX, 4 —0.007 *** —0.002 * —0.002 ** —0.001 —0.003 *** —0.002**
(0.002) (0.001) (0.001) (0.001) (0.001) (0.001)
WTI,_, —0.002 —0.002 —0.001 —0.001 0.000 0.003 *
(0.002) (0.002) (0.002) (0.003) (0.002) (0.002)
AJSE40;_;  —0.029 —0.038 —0.031 —0.037 —0.035 —0.036
(0.031) (0.031) (0.030) (0.030) (0.030) (0.030)
AX, 0.003 0.008 ** —0.003 *** 0.003 ** 0.001 —0.005
(0.006) (0.004) (0.003) (0.003) (0.003) (0.037)
AX, 4 —0.001 0.000 —0.001 —0.001 0.004 0.027
(0.006) (0.004) (0.004) (0.003) (0.003) (0.037)
AX, 0.001 —0.001
(0.006) (0.004)
AVIX, —0.034 ***  —0.032 *** —0.032 *** —0.032**  —0.032 *** —0.032
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
AVIX, ; —0.024*  —0.026 *** —0.026 *** —0.026 **  —0.026 ***  —0.027 ***
(0.004) (0.004) (0.004) (0.004) (0.003) (0.004)
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Table 7. Cont.
X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
AVIX, , —0.001 —0.002
(0.004) (0.004)
AWTI, 0.082 *** 0.083 *** 0.083 *** 0.084 *** 0.084 *** 0.084 ***
(0.013) (0.013) (0.013) (0.013) (0.013) (0.013)
AWTI,_, 0.020 0.023* 0.019 0.020 0.020 0.016
(0.013) (0.013) (0.013) (0.013) (0.013) (0.013)
AWTI,_, 0.006 0.008
(0.013) (0.013)
Const 0.524 *** 0.355 *** 0.340 *** 0.244 *** 0.339 *** 0.220 ***
(0.111) (0.085) (0.086) (0.075) (0.085) (0.075)
Lx 0.031 *** 0.026 ** 0.026 *** 0.295
[0.000] 10.026] [0.000] [0.137]
Ly+ 0.042 *** 0.024 ***
[0.000] [0.003]
Lyx- 0.004 —0.019 **
[0.847] [0.025]
Lyrx —0.072* —0.058 —0.068 —0.086 ** —0.091
[0.060] [0.108] [0.182] [0.019] [0.111]
LVIX+ 70-136 i
[0.000]
Lyix- 0.111 **
[0.000]
Lwrp —0.031 —0.053 —0.022 —0.027 —0.003 0.134*
[0.527] [0.483] [0.095] [0.812] [0.967] [0.085]
AIC —6873.058  —6874.021 —6882.832 —6877.177  —6885.043  —6874.719
SIC —6788.992  —6794.900 —6823.480 —6817.824  —6825.691  —6815.366
ARCH 14.429 11.104 17.298 14.805 15.895 22.394
[0.274] [0.519] [0.139] [0.252] [0.196] [0.033]

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% significance levels, respectively. Standard errors
are between brackets and p-values are between [ ].
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Figure 3. Cumulative effects of cryptos and gold on JSE40.

4.1.4. SSE

Excepting Dash and Monero, other three cryptocurrencies including gold share a
symmetric relationship with SSE both in the long and short run. Dash (Monero) is symmet-
rically (asymmetrically) related to SSE in the long term and asymmetrically (symmetrically)
in the short term during the pre-crisis period as shown by the results in Table 8. Looking
at the long-term cointegrating coefficient, it is positive and significant for Dash and gold,
thus denouncing any safe haven relationship with SSE. No significant cointegrating (LX)
relationship between SSE and Bitcoin, Ethereum, and Ripple signifies a weak safe haven
opportunity. Monero is the only cryptocurrency in the pre-crisis period which is a strong
safe haven for SSE as the cumulative cointegrating coefficient (LX) is significantly negative.
However, as far as sustainability of the safe haven is concerned, as evidenced from Figure 4,
except in case of Dash, it is unsustainable as the long-term cointegrating relationship is
impacted by short-term shocks from cryptocurrencies and the impact is highly persistent.

Table 8. Estimation results for SSE before COVID-19.

X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
SSE; 4 —0.026 ***  —0.027 *** —0.026 *** —0.040 ***  —0.025**  —0.030 ***
(0.005) (0.006) (0.006) (0.007) (0.006) (0.006)
X1 0.000 0.001 * 0.000 0.001 *** 0.000 0.018 ***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.007)
VIX;_q —0.006 ***  —0.005 ** —0.005 *** —0.003 —0.006 *** —0.006
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
WTI,_, —0.007 **  —0.009 ***
(0.003) (0.003)
WTI;’;1 —0.008 *** —0.003 —0.006 ** —0.003
(0.003) (0.004) (0.003) (0.003)
WTI,_, —0.008 ** —0.009 ***  —0.007 ** —0.003
(0.003) (0.003) (0.003) (0.003)
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Table 8. Cont.
X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
ASSE; 1 —0.095**  —0.099 *** —0.093 *** —0.092 **  —0.096 ***  —0.099 ***
(0.031) (0.031) (0.031) (0.031) (0.031) (0.031)
ASSE; 5 0.065 ** 0.064 ** 0.063 ** 0.069 ** 0.064 ** 0.060 **
(0.030) (0.030) (0.030) (0.030) (0.030) (0.030)
AX, —0.005 0.006 0.004 —0.002 0.003
(0.007) (0.004) (0.004) (0.004) (0.044)
AX, 4 —0.007 —0.009 ** —0.007 * —0.003 —0.012
(0.007) (0.004) (0.004) (0.004) (0.044)
AX,_, 0.011 0.001 0.000 0.002 0.018
(0.007) (0.004) (0.004) (0.004) (0.044)
AXS 0.000
(0.007)
AX] —0.009
(0.007)
AX, —0.007
(0.007)
AX, —0.006
(0.008)
AX,, 0.024 ***
(0.008)
AX,, 0.012
(0.008)
AVIX, —0.007 —0.007 —0.006 —0.004 —0.007 —0.006
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
AVIX, ; —0.024**  —0.024 ** —0.025 *** —0.025**  —0.025***  —0.024 ***
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
AVIX, , 0.000 0.000 —0.001 —0.002 —0.001 —0.001
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
AWTIF —0.029 —0.026 —0.024 —0.018 —0.026 —0.025
(0.027) (0.027) (0.027) (0.027) (0.027) (0.027)
AWTI)Zt1 —0.020 —0.018 —0.019 —0.019 —0.019 —0.023
(0.027) (0.027) (0.027) (0.027) (0.027) (0.027)
AWTIL,", —0.005 —0.004 —0.008 —0.006 —0.007 —0.012
(0.027) (0.027) (0.027) (0.026) (0.027) (0.027)
AWTI 0.115 *** 0.112 *** 0.114 *** 0.110 *** 0.113 *** 0.112 ***
(0.028) (0.028) (0.028) (0.028) (0.028) (0.028)
AWTI; 0.063 ** 0.058 ** 0.062 ** 0.067 ** 0.063 ** 0.060 **
(0.029) (0.029) (0.029) (0.029) (0.029) (0.029)
AWTI,_, 0.049 * 0.053 * 0.053 * 0.052 * 0.050 * 0.050 *
(0.029) (0.029) (0.029) (0.029) (0.029) (0.029)
Const 0.207 *** 0.219 *** 0.213 *** 0.318 *** 0.201 *** 0.241 ***
(0.043) (0.045) (0.046) (0.057) (0.045) (0.047)
Lx 0.019 0.022 * 0.017 0.008 0.599 ***
[0.271] [0.061] [0.171] [0.518] [0.004]
Lx+ 0.028 ***
[0.002]
Lx- —0.075 ***
[0.000]
Lyrx —0.217**  —0.179 *** —0.205 *** —0.071 —0.225 ***
[0.000] [0.001] [0.000] [0.141] [0.000]
Lyrx+ —0.192 ***
[0.000]
Lyrx- 0.188 ***
[0.000]
LwTr —0.279 ** —0.327 *** —0.106
[0.020] [0.002] [0.270]
Lwrr+ —0.290 ** —0.072 —0.261 **
[0.016] [0.459] [0.035]
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Table 8. Cont.

X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold

Lyt 0.290 ** 0.222 *** 0.263 **
[0.020] [0.008] [0.040]
AIC —6529.222  —6532431  —6529.174  —6535.011 —6523480  —6529.849
SIC 6435266 —6423.640  —6430.273  —6431.165 —6424579  —6430.948
ARCH 10.897 9.877 11.534 10.642 9.678 9.224
[0.537] [0.627] [0.484] [0.559] [0.644] [0.684]

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% significance levels, respectively. Standard errors
are between brackets and p-values are between [ |.
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Figure 4. Cumulative effects of cryptos and gold on SSE.

4.1.5. RTSI

As evidenced from Table 9, RTSI is found to be symmetrically related to Ethereum,
Monero, and gold in the short run, but in the long run it is asymmetrically (symmetri-
cally) related to Monero (Ethereum and gold)’. The insignificant long-term cointegrating
relationship (i.e., Lx) in the case of Ethereum and gold does establish a weak safe haven
opportunity with RTSL. The cumulative net cointegrating coefficient is significantly nega-
tive for Monero, thus signifying a strong safe haven opportunity. However, as evidenced
from the cumulative multiplier graph presented in Figure 5, the cointegrating relationship
is getting affected by the short-term shocks from unit changes in cryptocurrency during
the pre-COVID-19 crisis period and the impact is highly persistent. Thus, it questions the
sustainability of the safe haven property of both Ethereum and Monero.

Table 9. Estimation results for RTSI before COVID-19.

X = Ethereum X = Monero X = Gold
RTSI;_4 —0.017 *** —0.036 *** —0.019 ***
(0.006) (0.009) (0.007)
Xi_1 0.000 0.007
(0.000) (0.008)
X, 0.000
(0.000)
X4 0.003 ***
(0.001)
VIX;_4 —0.002 0.002 —0.003
(0.002) (0.002) (0.002)
WTItt1 0.002 0.016 *** 0.002
(0.003) (0.006) (0.003)
WTI,_, 0.001 0.004 0.001
(0.003) (0.004) (0.003)
ARTSI;_4 —0.033 —0.026 —0.039
(0.031) (0.031) (0.031)
AX, —0.007 0.000 0.139 ***
(0.005) (0.004) (0.049)
AX, 4 0.003 0.002 0.074
(0.005) (0.004) (0.049)
AX, 5 0.004 —0.001 —0.039
(0.005) (0.004) (0.049)
AVIX, —0.039 *** —0.036 *** —0.041 ***
(0.005) (0.005) (0.005)
AVIX, 4 —0.023 *** —0.025 *** —0.025 ***
(0.005) (0.005) (0.005)
AVIX,_, —0.001 —0.003 —0.001
(0.005) (0.005) (0.005)
AWTI, 0.216 0.221 0.215
(0.017) (0.017) (0.017)
AWTI,_, 0.111 *** 0.108 *** 0.112 ***

(0.019) (0.019) (0.019)
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Table 9. Cont.

X = Ethereum X = Monero X = Gold
WTIX,_, 0.009 0.009 0.013
(0.018) (0.018) (0.018)
Const 0.117 *** 0.235 *** 0.128 ***
(0.040) (0.056) (0.044)
Lx —0.023 0.386
[0.278] [0.294]
Ly- 0.002
[0.853]
Lx- —0.079 ***
[0.000]
Lvix —0.141 0.055 ~0.130
[0.117] [0.350] [0.103]
Lwrr+ 0.126 0.435 *** 0.120
[0.490] [0.000] [0.428]
Lt —0.047 ~0.109 —0.062
[0.803] [0.256] [0.703]
AIC —6285.502 —6290.979 —6292.624
SIC —6206.381 —6206.914 —6213.503
0.031 0.025 0.026
ARCH [1.000] [1.000] [1.000]

Note: ** indicatse significance at the 10%, 5%, and 1% significance levels, respectively. Standard errors are
between brackets and p-values are between [ ].
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Figure 5. Cumulative effects of cryptos and gold on RTSIL.

4.2. Empirical Analysis of Safe Haven Properties of Cryptocurrencies during the COVID-19 Crisis

Period

4.2.1. BSE

No asymmetric relationship was found between the BSE Sensex and all five cryptocur-
rencies along with gold, both in the long and short run as evidenced from the results in
Table 10. The positive and significant long-term cointegrating coefficient LX rejects the
safe haven opportunity of Bitcoin, Ethereum, and Monero, and also gold for BSE Sensex.
However, no significant cointegrating relationship with Dash and Ripple implies a weak
safe haven opportunity for BSE Sensex. Although both Dash and Ripple are shown to
be the safe haven for BSE Sensex during the COVID-19 financial crisis, its effectiveness
however depends on the sustainability of this relationship to any short-term shocks from
both cryptocurrencies. The cumulative multiplier graph (see Figure 6) shows the moderate
impact on BSE Sensex of changes if Dash gets corrected and restored back to the cointe-
grating relationship within 28-30 days of the impact. However, in the case of Ripple, the
impact is persistent, and thus any short-term impact on cointegrating relationships due to
shocks from Ripple are not restored. Therefore, it can be concluded that during financial
crisis, Dash acts as a weak safe haven for investors in BSE Sensex.

Table 10. Estimation results for BSE during COVID-19.

X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
BSE; 4 —0.137 *** —0.127 *** —0159 *** —0.154 *** —0.117 *** —0.141 ***
(0.031) (0.031) (0.033) (0.033) (0.033) (0.031)
Xi1 0.029 ** —0.001 0.017 *** 0.040 *** 0.014 0.050 **
(0.014) (0.016) (0.006) (0.013) (0.015) (0.021)
VIX; 1 —0.026 **  —0.032 *** —0.032 *** —0.017**  —0.025**  —0.034 ***
(0.008) (0.010) (0.009) (0.008) (0.008) (0.007)
WTI,_, 0.011* 0.013 * 0.014 * 0.016 ** 0.014 *
(0.008) (0.009) (0.008) (0.008) (0.008)
WTI! 0.012
(0.009)
WTI,_, 0.010
(0.009)
ABSE; 1 —0.126 * —0.107 —0.122 % —0.126 ** —0.145* —0.157 **
(0.074) (0.075) (0.073) (0.072) (0.077) (0.072)
AX, 0.062 * 0.045 * 0.043 * 0.090 *** 0.081 ** —0.043 **
(0.034) (0.027) (0.025) (0.027) (0.032) (0.123)
AX, 4 —0.016 —0.017 —0.008 —0.011 —0.021 —0.002
(0.034) (0.027) (0.026) (0.028) (0.032) (0.122)
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Table 10. Cont.

X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
AX, , —0.014 0.032 —0.007 0.045 0.263 **
(0.035) (0.027) (0.026) (0.028) (0.122)
AVIX, —0.038 ** —0.037 * —0.039 ** —0.020 —0.034 * —0.049 ***
(0.019) (0.019) (0.019) (0.018) (0.018) (0.017)
AVIX, 4 —0.014 —0.014 —0.009 —0.012 —0.014 —0.012
(0.019) (0.020) (0.019) (0.018) (0.019) (0.019)
AVIX,_, —0.013 —0.007 —0.007 —0.004 —0.007
(0.018) (0.019) (0.018) (0.017) (0.017)
AWTI, —0.002 0.009 0.002 0.008 0.015 0.004
(0.020) (0.020) (0.020) (0.019) (0.021) (0.020)
AWTI,_4 —0.005 0.003 —0.005 —0.006 0.012 —0.0004
(0.021) (0.021) (0.020) (0.019) (0.021) (0.020)
AWTI,_, —0.073*** —0.070 —0.075 *** —0.072 *** —0.079 ***
(0.020) (0.020) (0.020) (0.019) (0.019)
Const 1.456 *** 1.300 *** 1.697 *** 1.640 *** 1.249 *** 1.5171 ***
(0.325) (0.332) (0.348) (0.346) (0.355) (0.333)
Lx 0.215 ** —0.004 0.108 *** 0.262 *** 0.116 0.353 **
[0.047] [0.001] [0.005] [0.001] [0.969] [0.019]
Lyrx —0.191 *** —0.264 *** —0.200 *** —0.112 ** —0.210 *** —0.240 ***
[0.001] [0.004] [0.000] [0.027] [6.975] [0.000]
Lty 0.084 0.106 * 0.087 * 0.106 ** 0.100 **
[0.133] [0.086] [0.058] [0.018] [0.046]
Lt 0.101
[2.679]
Lwrr- —0.089
[1.979]
AIC —824.856 —825.789 —827.413 —839.211 —823.936 —830.398
SIC —777.907 —776.693 —797.567 —792.262 —783.171 —783.449
ARCH 7.538 4.026 7.722 5.914 2.810 9.195
[0.820] [0.983] [0.806] [0.920] [0.997] [0.686]

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% significance levels, respectively. Standard errors
are between brackets and p-values are between [ |.
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Figure 6. Cumulative effects of cryptos and gold on BSE30.
4.2.2. BVSP

The results in Table 11 show that all five cryptocurrencies share asymmetric (symmet-
ric) relationships in the short (long) run with BVSP. However, gold shares a symmetric
relationship both in the short and long run. Since no long-term cointegrating coefficients
are significant, including even gold, it establishes a weak safe haven property with BVSP
during the COVID-19 financial crisis. However, it needs to be checked how sustainable
this safe haven relationship is to short-term shocks from changes in prices in safe haven
assets. The cumulative multiplier graphs presented in Figure 7 show that the impact of
short-term shocks from safe haven assets, including gold, on BVSP is negative. Further, the
impact does not persist long, as it is evident that it takes around 4-5 days’ time to adjust
towards the long-term cointegrating relationship. Thus, all the five cryptocurrencies and
gold are sustainable safe havens for BVSP during the financial crisis of COVID-19.

Table 11. Estimation results for BVSP during COVID-19.

Bitcoin Dash Ethereum Monero Ripple Gold
BSE;_4 —0.157 *** —0.156 *** —0.160 *** —0.149 *** —0.135 *** —0.171 ***
(0.040) (0.043) (0.042) (0.040) (0.041) (0.044)
Xi 1 0.001 0.009 0.009 0.020 —0.002 0.038
(0.017) (0.030) (0.011) (0.020) (0.017) (0.027)
VIX;_q —0.031 *** —0.028 * —0.027 ** —0.022 ** —0.033 *** —0.040 ***
(0.011) (0.016) (0.011) (0.012) (0.012) (0.012)
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Table 11. Cont.

Bitcoin Dash Ethereum Monero Ripple Gold
WTI,_, 0.033 *** 0.032 *** 0.037 ***
(0.011) (0.011) (0.013)
WTI," 0.034 ** 0.028 ** 0.027 **
(0.014) (0.011) (0.012)
WTI,_, 0.034 ** 0.029 ** 0.026 **
(0.013) (0.012) (0.012)
ABVSP;_4 —0.047 —0.134* —0.051 —0.138 * —0.119 —0.169 ***
(0.081) (0.079) (0.081) (0.081) (0.083) (0.082)
ABVSP;_5 0.086 0.172 ** 0.111 0.047
(0.072) (0.074) (0.076) (0.078)
ABVSP;_3 —0.049 —0.031 0.045
(0.072) (0.073) (0.073)
AX, 0.245
(0.154)
AX;_4 0.102
(0.149)
AXi_p 0.293 *
(0.151)
AX; 3 0.287 *
(0.149)
AX; 4 —0.551*
(0.293)
AXS 0.006 —0.150 ** 0.021 0.019 —0.007
(0.077) (0.064) (0.051) (0.071) (0.068)
AX] 0.057 0.009 —0.004 0.193 *** 0.054
(0.073) (0.060) (0.051) (0.073) (0.069)
AXtt2 —0.091 —0.047 —0.053 —0.121 —0.024
(0.073) (0.060) (0.051) (0.075) (0.068)
AX], 0.022 —0.093 0.038 —0.039 —0.071
(0.074) (0.059) (0.052) (0.075) (0.068)
AXS, —0.026 0.125 ** —0.003 —0.044 0.008
(0.073) (0.057) (0.051) (0.072) (0.067)
AX; 0.245 *** 0.208 *** 0.202 *** 0.205 *** 0.235 ***
(0.045) (0.041) (0.038) (0.043) (0.052)
AX, 4 —0.163 *** —0.117 ** —0.122 *** —0.169 *** —0.169 ***
(0.049) (0.045) (0.041) (0.045) (0.056)
AX,, 0.149 *** 0.074 0.094 ** 0.108 ** 0.057
(0.050) (0.045) (0.041) (0.048) (0.060)
AX, 4 —0.004 0.027 —0.001 0.016 0.001
(0.049) (0.044) (0.040) (0.045) (0.056)
AX,, 0.150 *** 0.045 0.126 *** 0.139 *** 0.106 *
(0.048) (0.044) (0.039) (0.044) (0.054)
AVIX, —0.078 *** —0.090 *** —0.083 *** —0.078 *** —0.089 *** —0.125 ***
(0.021) (0.022) (0.021) (0.022) (0.023) (0.021)
AVIX, 4 —0.001 —0.009 —0.001 —0.016 —0.007 0.011
(0.022) (0.025) (0.023) (0.023) (0.025) (0.025)
AVIX, , —0.036 —0.030 —0.028 —0.022 —0.029 —0.042 *
(0.021) (0.024) (0.022) (0.023) (0.024) (0.024)
AVIX, 0.012 0.001 0.009 —0.004 —0.004 0.009
(0.021) (0.022) (0.021) (0.022) (0.023) (0.025)
AVIX, 4 0.022 0.038 * 0.032 0.059 *** 0.041 * 0.041
(0.029) (0.021) (0.020) (0.021) (0.021) (0.034)
AWTI, 0.021 0.017 0.018 0.021 0.023 0.041
(0.024) (0.023) (0.024) (0.023) (0.024) (0.026)
AWTI, 4 —0.060 ** —0.058 ** —0.054 ** —0.050 ** —0.045* —0.072
(0.025) (0.026) (0.025) (0.024) (0.025) (0.028)
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Table 11. Cont.

Bitcoin Dash Ethereum Monero Ripple Gold
AWTI,_, —0.021 —0.035 —0.028 —0.023 —0.022 —0.051*
(0.024) (0.025) (0.024) (0.023) (0.024) (0.026)
AWTI, 4 0.075 *** 0.082 *** 0.078 *** 0.097 *** 0.089 *** 0.080 ***
(0.024) (0.025) (0.024) (0.023) (0.025) (0.029)
AWTI,_, 0.001 —0.006 0.004 0.009 0.007 —0.043
(0.024) (0.025) (0.024) (0.024) (0.025) (0.042)
Const 1.847 *** 1.835 *** 1.876 *** 1.748 *** 1.585 *** 2.011 ***
(0.465) (0.501) (0.495) (0.503) (0.478) (0.512)
Lx 0.008 0.060 0.059 0.137 —0.018 0.022
[0.939] [0.753] [0.373] [0.271] [0.890] [0.155]
Lyrx —0.194 *** —-0.177* —0.171 *** —0.149 * —0.245 *** —0.236 ***
[0.000] [0.092] [0.001] [0.054] [0.003] [0.000]
Lwrr 0.207 *** 0.200 *** 0.190 *** 0.214 ***
[0.000] [0.000] [0.000] [0.000]
Lwrr+ 0.220 *** 0.197 ***
[0.000] [0.001]
Lrr- —0.215 *** —0.192 ***
[0.000] [0.002]
AIC —795.299 —786.531 —791.526 —790.282 —775.208 —757.041
SIC —714.231 —699.227 —710.459 —699.860 —684.786 —675.973
ARCH 10.158 19.728 9.856 8.779 2.369 2.945
[0.602] [0.072] [0.629] [0.721] [0.999] [0.996]

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% significance levels, respectively. Standard errors
are between brackets and p-values are between [ ].
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Figure 7. Cumulative effects of cryptos and gold on BVSP.

4.2.3. JSE 40

JSE 40 shares a short-term (long-term) asymmetric (symmetric) relationship with all
five cryptocurrencies as evidenced from the results presented in Table 12. However, the
relationship with gold is symmetric both in the long and short run. Since the long-term
cointegrating coefficients (LX) of Bitcoin, Ethereum, Monero, and also gold are significantly
positive, it rejects the possibility of any safe haven opportunities. However, a weak safe
haven is found with Dash and Ripple. The sustainability of this safe haven opportunity
provided by Dash and Ripple can be understood from the cumulative multiplier graph
presented in Figure 8. First, the short-term negative impact is observed for unit changes in
both Dash and Ripple. However, the status quo gets restored within 20 days (30 days) in
the case of Dash (Ripple). Thus, a safe haven for JSE 30 during crisis is more sustainable

with Dash than Ripple.

Table 12. Estimation results for JSE 40 during COVID-19.

X =Bitcoin X=Dash X =Ethereum X =Monero X=Ripple X=Gold
JSE40;—; —0.183**  —0.107 *** —0.160 *** —0.188 ***  —0.119**  —0.200 ***
(0.044) (0.036) (0.042) (0.047) (0.030) (0.044)
X1 0.050 *** 0.003 0.019 *** 0.046 *** 0.017 0.105 ***
(0.018) (0.016) (0.007) (0.015) (0.012) (0.028)
VIX;_q —0.013 * —0.009 —0.015* —0.008 —0.009 —0.037 ***
(0.007) (0.013) (0.008) (0.008) (0.008) (0.008)
WTI,_, 0.001 0.009 0.006 0.008 0.008 0.002
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
AJSE40;—1 —0.108 —0.100 —-0.121 —0.093 —0.049 —0.024
(0.080) (0.080) (0.081) (0.078) (0.078) (0.064)
AX, 0.462 ***
(0.107)
AXS —0.054 —0.053 —0.035 —0.020 —0.039
(0.058) (0.047) (0.040) (0.055) (0.049)
AX 0.026 —0.025 0.031 0.005 —0.035
(0.059) (0.043) (0.039) (0.057) (0.051)
AX], —0.132 0.018 —0.054 —0.039 0.056
(0.059) (0.043) (0.039) (0.057) (0.050)
AX[, —0.098 * —0.075* —0.037 —0.133 ** —0.092 *
(0.057) (0.043) (0.040) (0.054) (0.050)
AXS, 0.065 —0.009
(0.042) (0.049)
AX; 0.168 *** 0.141 *** 0.119 *** 0.144 *** 0.180 ***
(0.034) (0.030) (0.029) (0.031) (0.037)
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Table 12. Cont.

X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
AX, 4 —0.019 0.017 0.000 0.006 0.009
(0.037) (0.031) (0.030) (0.032) (0.039)
AX,, 0.109 *** 0.118 *** 0.101 *** 0.114 *** 0.122 ***
(0.036) (0.031) (0.030) (0.032) (0.039)
AX, 4 —0.004 0.020 0.026 —0.014 0.009
(0.037) (0.032) (0.031) (0.034) (0.039)
AXi 4 0.079 ** 0.121 %
(0.032) (0.039)
AVIX, —0.056 ***  —0.055 *** —0.062 *** —0.051 ***  —0.050 ***  —0.089 ***
(0.016) (0.016) (0.016) (0.016) (0.016) (0.014)
AVIX, ; —0.043 * —0.044 ** —0.040 ** —0.046 *** —0.040 **
(0.016) (0.018) (0.017) (0.017) (0.017)
AVIX, ,  —0.040** —0.018 —0.034 ** —0.035 ** —0.022
(0.015) (0.017) (0.016) (0.016) (0.016)
AVIX, 5 0.002 0.004 0.008 —0.002 0.000
(0.015) (0.016) (0.016) (0.015) (0.016)
AVIX, , 0.026 * 0.027 *
(0.015) (0.015)
AWTI, 0.015 0.025 0.022 0.029 * 0.030 * 0.023
(0.018) (0.017) (0.018) (0.017) (0.017) (0.018)
AWTI, 4 0.029 * 0.030 * 0.036 ** 0.032 ** 0.029 *
(0.017) (0.017) (0.016) (0.016) (0.017)
AWTI,_, —0.022 —0.030 * —0.022 —0.022 —0.025
(0.017) (0.016) (0.016) (0.016) (0.016)
AWTI,_, 0.024 0.026 0.026 0.032 * 0.029 *
(0.017) (0.017) (0.017) (0.016) (0.017)
AWTI,_, ~0.011 —0.007
(0.017) (0.017)
Const 1.993 *** 1.171 *** 1.743 *** 2.043 *** 1.303 *** 2.182 ***
(0.473) (0.396) (0.460) (0.512) (0.333) (0.482)
Lx 0.271 *** 0.028 0.119 *** 0.243 *** 0.139 0.524 ***
[0.000] [0.851] [0.000] [0.000] [0.163] [0.000]
Lyx —0.071 ** —0.088 —0.093 ** —0.044 —0.073 —0.187 ***
[0.036] [0.392] [0.016] [0.231] [0.248] [0.000]
Lwrr 0.008 0.086 0.038 0.041 0.070 0.010
[0.822] [0.154] [0.323] [0.190] [0.158] [0.740]
AIC —892.001 —889.495 —885.231 —890.239 —883.403 —882.296
SIC —823.273 —808.428 —816.504 —821.512 —802.335 —854.073
ARCH 6.809 3.883 6.242 3.064 5.428 14.781
[0.869] [0.985] [0.903] [0.995] [0.942] [0.254]

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% significance levels, respectively. Standard errors
are between brackets and p-values are between [ ].
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Figure 8. Cumulative effects of cryptos and gold on JSE40.

4.2.4. SSE

The relationship between SSE and all five cryptocurrencies is asymmetric (symmetric)
in long term (short term) as evidenced from the results in Table 13. However, the relation-
ship is reverse in case of gold, i.e., short-term asymmetry and long-term symmetry. The
long-term asymmetry could be ascribed only to negative changes in cryptocurrencies as no
impact is visible for any positive changes. While the long-term positive cointegrating coef-
ficient is not significant, its negative counterpart is significant for all five cryptocurrencies.
Therefore, it establishes a strong safe haven opportunity for SSE in the COVID-19 crisis
period. At the same time, as the long-term cointegrating coefficient of gold is significantly
positive, it rejects any kind of safe haven opportunity with SSE in this crisis period. Further,
as evidenced from the cumulative multiplier graph (Figure 9), it shows the sustainability of
this safe haven relationship between SSE and all five cryptocurrencies. Because the impact
of the short-term shocks due to unit changes in cryptocurrencies is temporary across all
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cryptocurrencies, the impacts get adjusted towards the equilibrium in 8-10 days. Thus, all

five cryptocurrencies could be a safe haven for investors in SSE.

Table 13. Estimation results for SSE during COVID-19.

X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
SSE;_q —0.226**  —0.201 *** —0.227 *** —0.197**  —0.193 **  —0.113 ***
(0.042) (0.041) (0.041) (0.040) (0.040) (0.040)
Xi1 0.084
(0.053)
X" —0.015 0.002 —0.002 0.001 0.002
(0.022) (0.015) (0.009) (0.013) (0.012)
X4 0.054 *** 0.037 ** 0.044 **= 0.046 ** 0.044 **
(0.018) (0.017) (0.012) (0.019) (0.019)
VIX;, 0.003 0.004 0.004 0.010 0.006 —0.001
(0.006) (0.009) (0.006) (0.009) (0.008) (0.005)
VIX, —0.043 **  —0.035 *** —0.043 *** —0.029 ** —0.032 * —0.001
(0.012) (0.012) (0.012) (0.012 (0.011) (0.006)
WTI 4 0.010 *
(0.006)
WTI," 0.002 —0.006 —0.006 —0.004 —0.003
(0.007) (0.007) (0.006) (0.006) (0.007)
WTI, 0.016 ** 0.010 0.012 ** 0.006 0.012*
(0.006) (0.006) (0.006) (0.007) (0.006)
ASSE;_4 —0.050 —0.059 —0.072 —0.061 —0.074 —0.098
(0.072) (0.073) (0.072) (0.073) (0.073) (0.079)
AX, 0.044 * 0.036 * 0.031* 0.042 ** 0.049 **
(0.024) (0.019) (0.018) (0.021) (0.022)
AXiq
AXS 0.254 **
(0.092)
AX 0.017
(0.094)
AXS, 0.037
(0.090)
AX[ 0.254 ***
(0.092)
AX, 0.017
(0.094)
AX[, 0.037
(0.090)
AVIX, 0.007 0.010 0.007 0.012 0.012 —0.006
(0.013) (0.013) (0.013) (0.013) (0.013) (0.012)
AVIX, 4 —0.011 —0.026 *
(0.014) (0.013)
AVIX, , —0.016
(0.013)
AWTI, 0.025* 0.027 * 0.026 * 0.025* 0.029 ** 0.021
(0.014) (0.014) (0.014) (0.014) (0.014) (0.015)
AWTI,_, 0.026 —0.002 **
(0.014) (0.010)
AWTI,_, 0.894
(0.014)
Const 1.794 *** 1.602 *** 1.802 *** 1.561 *** 1.529 *** 0.903 ***
(0.333) (0.324) (0.323) (0.321) (0.319) (0.317)
Lx 0.747 *
[0.051]
Lx+ —0.066 0.010 —0.009 0.007 0.010
[0.475] [0.897] [0.829] [0.913] [0.868]
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Table 13. Cont.

X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
Lx- —0.238**  —0.185** —0.196 *** —0.236***  —0.230 ***
[0.002] [0.025] [0.000] [0.008] [0.011]
Lvix ~0.010
[0.819]
Lyix+ 0.013 0.021 0.017 0.049 0.032
[0.635] [0.620] [0.502] [0.261] [0.421]
Lyrx- 0.193 *** 0.173 *** 0.189 *** 0.148 *** 0.166 ***
[0.000] [0.001] [0.000] [0.006] [0.002]
LTt 0.091 **
[0.040]
Lwrr+ 0.011 —0.029 —0.026 —0.021 —0.018
[0.711] [0.413] [0.336] [0.520] [0.616]
Lwri- —0.071 *** —0.047 —0.054 ** —0.033 —0.061 **
[0.002] [0.103] [0.021] [0.294] [0.025]
AIC —954.289 —951.010 —957.255 —950.450 —951.609 —938.466
SIC —916.569 —913.380 —919.625 —912.820 —913.979 —888.388
ARCH 4.883 2.966 4.994 2.131 2.837 2.563
[0.962] [0.996] [0.958] [0.999] [0.997] [0.999]

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% significance levels, respectively. Standard errors
are between brackets and p-values are between [ ].
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Figure 9. Cumulative effects of cryptos and gold on SSE.

4.2.5. RTSI

The relationship between RTSI and cryptocurrencies and RTSI and gold are symmetric
both in the short and long run as evidenced from the results in Table 14. The long-run
cointegrating coefficient is significant and negative with Ethereum, thereby establishing
a strong safe haven property. Thus, in the COVID-19 financial market crisis, Ethereum
can be part of the RTSI equity portfolio in order to obtain a safe haven benefit. RTSI has
a significant and positive relationship with Dash, thus rejecting any kind of safe haven
opportunity. However, weak safe haven opportunity is found with Bitcoin, Monero, and
Ripple as the long-term cointegrating coefficient is not significant, implying no relation-
ship. Furthermore, gold shows a strong safe haven property with RTSI as the long-term
cointegrating coefficient is negative and significant. This safe haven and its stability are
further ratified in all cryptocurrencies except Dash and including gold by the cumulative
multiplier presented in Figure 10. As evidenced from the graph, any short-term shock on
RTSI due to changes in the price of cryptocurrencies does not last long and the status quo
is restored in 8-10 days. Thus, except for Dash, the other four cryptocurrencies are safe
havens for RTSI during the crisis period.

Table 14. Estimation results for RTSI during COVID-19.

X =Bitcoin X=Dash X =Ethereum X =Monero X=Ripple X=Gold
SSE;_1 —0.201 *** —0.245 *** —0.204 *** —0.205 *** —0.187 *** —0.235 ***
(0.037) (0.043) (0.037) (0.050) (0.036) (0.041)
X1 —0.019 0.043 ** —0.010 0.016 —0.016 —0.052 **
(0.014) (0.017) (0.006) (0.017) (0.013) (0.023)
VIX;_q —0.059 *** —0.046 *** —0.056 *** —0.057 *** —0.066 ***
(0.012) (0.010) (0.011) (0.011) (0.011)
VIX;, —0.046
(0.013)
VIX, 4 —0.043
(0.012)
WTI_4 0.019 ** 0.023 ** 0.018 *** 0.018 ** 0.013 0.018 **
(0.009) (0.009) (0.009) (0.009) (0.008) (0.009)
ARTSI; 4 —0.018 —0.038 —0.022 —0.133* —0.062 —0.066
(0.060) (0.060) (0.059) (0.075) (0.060) (0.061)
AX, 0.120 *** 0.097 *** 0.097 *** 0.122 *** 0.094 *** 0.251 %
(0.034) (0.026) (0.026) (0.028) (0.031) (0.127)
AX 0.029

t—1
(0.029)
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Table 14. Cont.
X =Bitcoin X=Dash X =Ethereum X=Monero X=Ripple X=Gold
AVIX, —0.056 ***  —0.060 *** —0.052 *** —0.070 **  —0.064 **  —0.083 ***
(0.018) (0.018) (0.018) (0.018) (0.018) (0.017)
AVIX, 4 —0.033 *
(0.019)
AWTI, 0.105 *** 0.109 *** 0.106 *** 0.109 *** 0.109 *** 0.102 ***
(0.020) (0.020) (0.020) (0.020) (0.020) (0.021)
AWTI, 4 0.021
(0.021)
Const 1.489 *** 1.808 *** 1.512 *** 1.516 *** 1.382 *** 1.741 ***
(0.313) (0.320) (0.277) (0.373) (0.264) (0.300)
Lx —0.094 0.177 *** —0.048 * 0.078 —0.083 —0.223 **
[0.160] [0.004] [0.093] [0.319] [0.253] [0.014]
Lyx —0.294 **  —(.188 *** —0.276 *** —0.304 ***  —0.283 ***
[0.000] [0.000] [0.000] [0.000] [0.000]
Lyrx+ —0.225 ***
[0.000]
Lyx- 0.209 ***
[0.000]
Lwrr 0.093 ** 0.095 *** 0.090 ** 0.088 ** 0.072 * 0.076 **
[0.011] [0.002] [0.010] [0.010] [0.062] [0.014]
AIC —831.439 —829.761 —833.489 —836.643 —826.962 —824.357
SIC —803.217 —801.539 —805.267 —795.878 —798.740 —796.135
ARCH 13.871 5.639 18.680 1.617 2.837 4.366
[0.309] [0.933] [0.097] [0.999] [0.997] [0.956]

Note: *, **, and *** indicate significance at the 10%, 5%, and 1% significance levels, respectively. Standard errors
are between brackets and p-values are between [ ].
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Figure 10. Cumulative effects of cryptos and gold on RTSL

4.3. Comparative Analysis of Pre- and during the COVID-19 Financial Crisis Period

The following Table 15 presents the summary of the pre- and during COVID-19
analysis of the safe haven opportunity of five cryptocurrencies and gold for five BRICS
markets.

Table 15. Summary of the safe haven analysis.

BSE Sensex

BVSP

JSE 40

SSE

RTSI

The short-term
relationship became
symmetric during the
crisis period and Dash
emerged as a weak safe
haven for BSE Sensex.

In the case of BVSP
also, the short-term
relationship changed
from symmetric to
asymmetric for all five
cryptocurrencies.
However, no change in
relationship with gold
was found. As far as a
safe haven is
concerned, unlike in
the pre-crisis period, all
five cryptocurrencies
and gold were found to
be a weak safe haven
for BVSP.

In comparison to
pre-crisis, it is
evident that the
relationship
dynamics changed
in the crisis period
and Dash and
Ripple were found
to be a weak safe
haven for JSE 40.

In the case of SSE, the
relationship dynamics
during the financial market
crisis changed in
comparison to the
pre-crisis period. All five
cryptocurrencies were
found to be a strong safe
haven during the
COVID-19 crisis period,
while only Dash was a
weak safe haven during the
pre-crisis period. Gold was
not a safe haven either in
the pre- or post-crisis
period for SSE.

As in the case of other
cryptocurrencies, the
long-term cointegrating
relationship changed
during the COVID-19
crisis period in
comparison to the
pre-crisis period.
Except Dash, the other
four cryptocurrencies
and gold were found to
be a strong safe haven
for RTSI during the
crisis period, unlike in
the case of the pre-crisis
period.

A few important findings are evidenced from Table 15. First, the relationship dynamics
both in the short and long run are changing during the crisis period. That justifies our study
using a nonlinear and asymmetric model before and during the COVID-19 pandemic crisis.
Second, Dash and Ripple were found to be suitable safe havens for all five markets during
the COVID-19 crisis period. Third, for BVSP, SSE, and RTSI, almost all cryptocurrencies
are safe havens during the financial crisis. Fourth, gold was found to be a suitable safe
haven only for BVSP and RTSI during the crisis period. Our results are in contrast to the
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findings of Wang et al. (2019b), wherein cryptocurrencies were not found to be a safe haven
for developing markets, including BRICS countries. However, our findings are relatively
in line with Corbet et al. (2018) who found diversification opportunity in Bitcoin, Ripple,
and Litecoin because of low linkages with traditional asset classes. As far as gold as a safe
haven asset is concerned, it is relatively in line with Aftab et al. (2019).

The implications of our results are manifold for portfolio managers and traders as well.
The index fund managers of BVSP, SSE, and RTSI (all five BRICS markets) could use all
these five cryptocurrencies (Dash and Ripple) as safe haven assets in the COVID-19 crisis
period to protect the value of the portfolio. Further, based on cointegrating relationship
dynamics between cryptocurrencies and BRICS indices, traders can design and implement
spread strategies. As far as market regulators and policy makers are concerned, in the
case of positive long- and short-term relationships, policy measures could be initiated to
check spillover of volatility from the cryptocurrencies market. The study is limited to five
cryptocurrencies and five developing markets, namely, BRICS markets. In a future study,
the NARDL model could be applied in the developed and frontier markets, considering
more cryptocurrencies.

5. Conclusions and Policy Recommendations

The current crisis in stock markets around the world brought about by the COVID-19
pandemic made investors search for a sustainable hiding space for their investments. The
crisis was not only confined to the stock market but was spread across the commodities
market also. Over a period of time following certain developments, cryptocurrencies
have attracted the attention of portfolio investors. In this study, we have investigated
the safe haven properties of the top five cryptocurrencies together with gold for BRICS
markets in a nonlinear and asymmetric framework using NARDL methodology before and
during the COVID-19 financial crisis. Our results show that, in a nonlinear and asymmetric
framework, the relationship dynamics between stock market returns and crypto returns
both in the short and long run are changing during the COVID-19 crisis period. Dash
and Ripple are found to be a sustainable safe haven for all five markets. However, all
five cryptocurrencies are found to be a sustainable safe haven for three emerging markets,
namely, BVSP, SSE, and RTSI, during the financial crisis. In a comparative framework, gold
is found to be a suitable safe haven only for BVSP and RTSI. Thus, portfolio managers,
such as for index funds, may consider the few eligible cryptocurrencies for their inclusion
into the portfolio. The speculators present in both stock and crypto markets may aim for a
spread strategy to improve their portfolio return.
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The volatility index across the stock markets of developing and developed countries made new historic highs.

We have followed Phillip et al. (2018) and selected the top five cryptocurrencies based on market capitalisation as at July 2017.

3 On 30 January 2020, the World Health Organisation (WHO) declared COVID-19 as a “Public Health Emergency of International

Concern”.

The NARDL model is found to be unsuitable for the study of safe havens between BSE Sensex and all five cryptocurrencies during

the pre-COVID-19 crisis period as the estimated speed of the adjustment parameter is not significantly negative.

For Bitcoin, Dash, and Ethereum, NARDL is found unsuitable for the estimation.
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