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Abstract: The COVID-19 pandemic provides the first widespread bear market conditions since the 

inception of cryptocurrencies. We test the haven properties of cryptocurrencies for African stocks and 

commodity markets in a pandemic implementing the frequency domain spillover index. Data spans 

11th August 2015 to 28th August 2020 at a daily frequency. Findings show weak interconnectedness 

across markets suggesting non-contagion risk and that cryptocurrency are safe havens for African 

stocks and commodity indices from the medium-term. We find the major transmitters of spillover 

effects across markets to be time-varying and heterogeneous. This study provides significant risk 

diversification benefits for policymakers and investors in the African financial markets. 
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1. Introduction 

The finance literature provides evidence that the loss aversion of investors makes them extremely 

concerned with loss avoidance than related gains from investment and this motivates the concept of 

an investment haven (Tversky and Kahneman, 1991; Hwang and Satchell, 2010). In line with Baur and 

Lucey (2010), haven assets are negatively or uncorrelated with traditional assets in periods of market 

disruptions. The relationship between cryptocurrencies and the traditional financial markets works 

through the modern portfolio theory propounded by Markowitz (1952) which contends that adding 

an asset to a portfolio should be considered in the light of its impact on the performance and risk of 

the portfolio of assets. The empirical literature has established several haven assets including 

currencies (Sakemoto, 2018), gold (Baur and McDermott, 2010), and bonds (Flavin et al., 2014). 

In today’s market, cryptocurrencies are digital assets with unique risk/reward profiles with a brand 

new level of correlation to traditional assets which can add a previously unattainable level of asset mix 

to an investor's holdings and impact the level of risk an investor has in a potentially positive way. 

The exponential growth of cryptocurrencies has stirred several studies on their hedge, 

diversification, and have benefits for traditional assets. Notable studies in this regard include   Bouri, 

Shahzad, and Roubaud (2019) who study the haven and hedging characteristics of eight virtual 

currencies against ten developed equity sectors. Kurka (2019) employs the cross-quantilogram 

technique to examine the nature of shock transmissions among stocks, commodities, financials, foreign 

exchange, and Bitcoin. Ünvana (2019) explores the effects of Bitcoin on Nikkei 225, BIST 100 index, 

S&P 500, and SSE 380 stock markets using value-at-risk and causality analysis. Implementing the 
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GARCH model, Al-Yahyaee, Mensi, Al-Jarrah, Hamdi, and Kang (2019) examine the ability of Bitcoin 

and gold as hedges for oil market volatility. Similarly, Adebola, Gil-Alama, and Madigu (2019) apply 

cointegration and fractional integration techniques to cryptocurrencies and gold prices and examined 

their short and long-term relationship. In another dimension, Ji, Bouri, Roubaud, and Kristoufek (2019) 

apply the transfer entropy technique to explore information interdependence among cryptocurrencies, 

agricultural, metals, and energy commodities. The evidence emerging from such studies highlights 

mixed and inconclusive findings for the asset markets.  

While the pre-COVID findings are mixed, some of the studies evidenced the haven characteristics 

of cryptocurrencies for traditional assets. However, the hypothesis that cryptocurrencies have haven 

properties for traditional assets has not been extensively tested under extreme market situations due 

to the absence of a bear market in the historical pre-COVID samples. During the COVID-19 pandemic, 

studies including Conlon and McGee (2020) explore the haven benefits of Bitcoin for the S&P 500 and 

find that Bitcoin increased the downside risk exposure for the international stock investor. In a similar 

dimension, Conlon, Corbert, and McGee (2020) investigate the haven characteristics of Bitcoin, 

Ethereum, and Tether for S&P 500, FTSE 100, FTSE MIB, IBEX, and CSI 300 and finds that excerpt for 

Tether, Bitcoin and Ethereum are not safe havens for the stock markets studied. Ghorbel and Jeribi 

(2021) explore the association between the volatilities of five cryptocurrencies, gold, oil, VIX, Nasdaq, 

and S&P500 implementing the BEKK-GARCH model and report a higher volatility spillover between 

cryptocurrencies and lower volatility spillover between cryptocurrencies and financial assets. The 

work of Jeribi and Manzli (2021) analyzes the behavior of cryptocurrencies concerning Tunisia's stock 

returns during the COVID-19 outbreak adopting the OLS regression. The findings suggest that Bitcoin 

act as a hedge and Ethereum was a diversifier for Tunisia's stock market before the COVID-19 

outbreak.  

In another study, Demir, Bilgin, Karabulut, and Doker (2020) scrutinize the connection between 

cryptocurrencies (Bitcoin, Ripple, Ethereum) and COVID-19 cases/deaths applying the wavelet 

coherence technique and finds that cryptocurrencies are hedges against COVID-19 death/cases. Iqbal, 

Fareed, Wan, and Shahzad (2020) examine the effect of the COVID-19 pandemic on the top ten 

cryptocurrency returns applying the Quantile-on-Quantile technique and finds that majority of the 

cryptocurrencies performed better against small shocks of COVID-19. Zaremba, Kizys, Tzouvanas, 

Aharon, and Demir (2021) study the behavior of 67 equity markets around the world during the 

COVID-19 outbreak implementing panel regression, machine learning techniques, and factor analysis. 

Findings indicate that stock markets in countries with low unemployment rates and populated with 

firms with conservative investment policies and low valuations relative to expected profits tend to be 

more resilient to the healthcare crisis. In another study, Zaremba, Kizys, Aharon, and Demir (2020) 

investigate the stringency of policy responses to the novel coronavirus pandemic in 67 countries 

around the world. The findings demonstrate that non-pharmaceutical interventions significantly 

increase equity market volatility and that information campaigns and public event cancellations are 

the major contributors to the growth of volatility.  

There are, however, reasons to believe that haven properties may vary internationally as studies 

including Baker et al. (2016), Wang et al. (2019a), Wu et al. (2019), and Fang et al. (2019) document the 

independence of cryptocurrencies in monetary policy. Moreover, Bouri et al. (2018) also note that the 

state of an economy’s financial market determines its relationship with cryptocurrencies. Therefore, 

we cannot assume that the relationship between cryptocurrencies and advanced markets applies to 

African markets. Thus, the motivation to model the returns of five large cryptocurrencies, four major 

African stock indices, one international stock index, and two global commodities and explore their 

time-varying connectedness. We uncover the haven benefits of the cryptocurrencies for downside risk 

management of the traditional assets implementing the frequency domain spillover index by Barunik 

and Krehlik (2018). This approach permits pairwise interconnectedness across the assets at different 

time scales which is more indicative of financial markets behavior.  
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In general, we find a weak interconnectedness between crypto1-stocks, and crypto-commodity 

markets across frequencies suggesting non-contagion risk across the asset markets. This may provide 

significant risk diversification and hedging benefits for African stocks and commodity indices. 

Specifically, Ethereum and Tether are safe havens for the stocks from the medium-term, Ethereum is 

a haven for crude oil in the long-term, whiles Bitcoin and Litecoin are safe havens for gold in the long-

term. The net transmitters and recipients of spillover effects across markets are time-varying and 

heterogeneous. Our finding is consistent with Conlon, Corbert, and McGee (2020), who finds that 

Tether has haven properties for the advanced stock market. 

The remainder of the study is structured as follows. Section 2 covers a description of the 

methodology. Section 3 includes a description of data and statistical properties. Section 4 captures the 

results and discussions, and the last section is the conclusion and policy implications. 

2. Methodology 

We adopt the Barunik and Krehlik (2018) frequency domain spillover index technique for this 

study owing to its time-scale decomposition properties which are more indicative of associations in 

the financial market.  

2.1 Spillover frequency connectedness 

To explore the time-varying pairwise connectedness among cryptocurrencies, African stocks, and 

commodity indices, we implement Barunik and Krehlik’s (2018) frequency domain spillover index 

which is based on Dew-Becker and Giglio (2016) spectral representations of variance decomposition. 

This methodology has a theoretical root to Diebold and Yilmaz (2012) and its time-frequency 

connectedness was first introduced by Barunik and Krehlik (2016) and extended by Barunik and 

Krehlik (2018). 

As noted by Barunik and Krehlik (2016), the generalized impulse response function is 

decomposed considering the spectral behaviour of series 𝑋𝑡  as: 

𝑆𝑥(𝑤) = ∑ 𝐸(𝑋𝑡𝑋𝑡−ℎ)𝑒−𝑖ℎ𝑤∞
ℎ=0 = 𝜓(𝑒𝑖ℎ𝑤),       (1) 

where  𝑤  is frequency, ∞  is infinite horizon connectedness, and 𝜓(𝑒−𝑖ℎ𝑤) = ∑ 𝜓(𝑒−𝑖ℎ𝑤)∞
ℎ=0 .  

The unconditional generalized forecast error variance decomposition (GFVED) is calculated on a 

particular frequency 𝑤 as: 

(𝛩(𝑤))𝑖,𝑗 =
𝜎𝑗𝑗

−1 ∑ (𝜓(𝑒−𝑖ℎ𝑤) ∑)𝑖,𝑗
2∞

ℎ=0

∑ (∞
ℎ=1 𝜓(𝑒−𝑖ℎ𝑤) ∑ 𝜓(𝑒𝑖ℎ𝑤))𝑖,𝑗

,     (2) 

which is standardized to: 

(𝛩(𝑤))𝑖,𝑗 =
(𝛩(𝑤))𝑖,𝑗

∑ (𝛩(𝑤))𝑖,𝑗
𝑘
𝑗=1

.      (3) 

We follow Barunik and Krehlik (2016) and express accumulative connectedness table over an 

arbitrary frequency band 𝑑 = (𝑎;  𝑏) as: 

(𝛩𝑑)𝑖,𝑗 = ∫ (𝛩(𝑤))𝑖,𝑗𝑑𝑤.
𝑏

𝑎
       (4) 

We then specify the overall connectedness within a frequency band 𝑑 as: 

𝐶𝑑 =
∑ (𝛩𝑑)𝑖,𝑗

𝑘
𝑖=1,𝑖≠𝑗

∑ (𝛩𝑑)𝑖,𝑗𝑖,𝑗
= 1 −

∑ (𝛩𝑑)𝑖,𝑖
𝑘
𝑖=1

∑ (𝛩𝑑)𝑖,𝑗𝑖,𝑗
.      (5) 

Within the spectral band 𝑑 = (𝑎; , 𝑏), strong connectedness is indicated when 𝐶𝑑 is close to unity. 

The contribution of a market (𝑖 ≠ 𝑗) to another 𝑖 on the spectral band 𝑑 is measured using the within 

from connectedness specified as: 

                                                 
1 In this study crypto means cryptocurrencies. 
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𝐶𝑖←

𝑑 = ∑ (𝛩𝑑)𝑖,𝑗 .𝑘
𝑗=1,𝑖≠𝑗        (6) 

whereas the contribution to a market (𝑖 ≠ 𝑗) from another 𝑖 on the spectral band 𝑑 is measured 

using the within to connectedness specified as: 

𝐶𝑖→
𝑑 = ∑ (𝛩𝑑)𝑖,𝑗 .𝑘

𝑗=1,𝑖≠𝑗        (7) 

Following Diebold and Yilmaz (2012), we measure total connectedness as  𝑆𝑔(𝐻) = ∑ 𝐶𝑑
𝑑  and 

pairwise connectedness as 𝜃𝑖𝑗 ≠ 𝜃𝑗𝑖. 

3. Data Description and Statistical Properties 

This paper explores the haven properties of cryptocurrencies for an international investor holding 

a position in a range of candidate African equity and commodity markets. Five cryptocurrencies2 

(Bitcoin, Ethereum, Litecoin, Ripple, and Tether), five stock indices3  (EGX30, JSE, NSE, CSE for 

African markets, S&P 500 for the international stock market), and two global commodities4 (Brent 

crude oil and Gold prices) are studied to achieve the set objectives. The cryptocurrencies, stocks, and 

commodities sampled are based on market capitalization and trading volume and can proxy for 

cryptocurrencies, African stocks, and commodity markets respectively. Data spans 11th August 2015 

to 28th August 2020 at a daily frequency and are gleaned from Thomson Reuters Datastream and 

CoinMarketCap and expressed in a common currency (USD) to ease comparison and remove exchange 

rate noise. This practice has been justified in international financial market research (Pukthuanthong 

and Roll, 2009).  

 

We calculate Monday-to-Friday returns for cryptocurrencies due to stocks and commodities not 

traded on weekends. We remove non-synchronous data points to prevent the problem of 

underestimation of true interconnectedness as did Martens and Poon (2001), and Das and 

Kannadhasan (2018). After matching the daily observations of the five cryptocurrencies with the five 

stock indices, and two commodities there were 1176 observations.  The period of analysis and the 

number of observations in this study is constrained by the availability of cryptocurrency price data. 

All indices were then transformed into daily returns by taking the log difference.  

 

The summary statistics of the asset returns are presented in Table 1. The commodities show higher 

average returns and standard deviation relative to cryptocurrencies, and stocks suggesting the 

commodities as the most profitable and volatile assets of the panel. BTC, EGX30, NSE JSE, and S&P 

500 have negative skewness indicating dominant-negative returns than positive returns in the markets. 

Kurtosis statistics show that all the return series are leptokurtic, with significantly fatter tails and 

higher peaks indicating asymmetry. The Shapiro-Wilk test of normality for all the indices strongly 

rejects the null hypothesis that their distributions are normal. Further, the pictorial representation of 

the assets returns in Figure A1 in the Appendices exhibit fat tails, volatility clustering, and asymmetry 

suggesting nonlinearity. These features of the assets justify the use of asymmetric techniques which 

are more robust to the stylized facts to model their returns and examine their degree of 

interconnectedness across time.  

                                                 
2 Bitcoin, the best known, most widely traded cryptocurrency has the largest market capitalization. Ethereum is a 
decentralized computing platform that issues a reward for mining nodes. Ripple allows free business transactions by creating 
a currency and remittance network. Litecoin has an open-source aimed to preserve computing power and handle higher 
transaction volume. Tether is a stable coin, pegged to the US Dollar, meaning that it should maintain a 1-to-1 ratio with the 
U.S. dollar. This link is, however, not guaranteed by the issuer. 

3 The African stock indices selected (EGX30-Egyptian stock exchange, JSE-Johannesburg stock exchange, NSE-Nigerian stock 
exchange, and CSE-Casablanca stock exchange) are the top four African stock markets and fairly represent the regions. We 
sample S&P 500 to proxy for the international stock market. 

4 The included commodities (Gold and Crude oil) are the primary exports of Africa even though the continent is dominated 
by several natural resources. They are produced on a commercial scale and have significance in international trade. 
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Table 1.  Summary Statistics of Cryptocurrencies, Stocks, And Commodity Returns 

Statistics    BTC    ETH    LTC  XRP USDT EGX30 CSE NSE JSE S&P 500 CRUDE GOLD 

Observ. 
   1176 1176 1176 1176 1176 1176 1176 1176 1176 1176 1176 1176 

Mean 0.003 0.004 0.002 0.004 0.000 0.000 0.002 0.000 0.000 0.001 0.058 0.121 

Std. Dev. 0.042 0.063 0.061 0.072 0.006 0.020 0.059 0.015 0.015 0.012 0.279 0.346 

Skewness -0.222 0.748 2.237 2.780 0.890 -4.892 33.450 -3.152 -0.185 -0.728 0.742 1.819 

Kurtosis 9.591 6.061 21.592 25.807 27.903 73.745 1134.623 48.066 1.888 20.105 23.125 3.058 

Normtest.W 0.887 0.893 0.801 0.735 0.689 0.705 0.048 0.803 0.980 0.793 0.386 0.456 

Normtest.p 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: BTC-Bitcoin, ETH-Ethereum, LTC-Litecoin, XRP-Ripple, USDT-Tether, EGX30-Egypt, NSE-Nigeria, JSE-

South Africa, CSE-Morocco, S&P500-USA. 

4. Results and Discussion 

Following Barunik and Krehlik (2018) approach as used by Tiwari, Cunado, Gupta, and Wohar 

(2018), and Qarni, Gulzar, Fatima, Khan, and Shafi (2019), we estimate a twelve variable VAR with 

two (2) lag lengths and construct the net pairwise spillover connectedness. Results are discussed in 

section 4.1. 

4.1 Pairwise spillover frequency connectedness  

The results for the pairwise directional spillover connectedness of the assets markets are 

displayed in Table 2. As noted by Barunik and Krehlik (2016; 2018) the spillover table has 4 frequency 

bands, and we choose the first and second bands5 (freq. 1 and 2) as short-term connectedness, the 

third band6 (freq. 3) as medium-term connectedness, and the fourth band7 (freq. 4) as long-term 

connectedness of the markets. The net pairwise directional spillover effect from one market to another 

is measured by subtracting the second variable from the first (stock market-cryptocurrency market) 

and (commodity market – cryptocurrency market). A negative (positive) value depicts that the 

corresponding cryptocurrency is a net transmitter (receiver) of spillover effects.  

Panels 1 to 5 of Table 2 shows the net pairwise directional connectedness of cryptocurrencies and 

stock returns, while panels 6 and 7 display the net pairwise directional connectedness between 

cryptocurrencies, gold, and crude oil returns.  The markets are weakly connected across frequencies. 

Specifically, we observe a positive net connectedness between the Egyptian stock market and the 

cryptocurrencies in panel 1 of Table 2 except for EGX30-USDT at all frequencies, and EGX30-ETH at 

freq. 1 and 2. This indicates that cryptocurrencies are net receivers of spillover effects from EGX30 

across frequencies except for Tether and Ethereum which are net spillover effects transmitters to 

EGX30. Ethereum is decoupled from EGX30 at freq.4 suggesting haven benefits for EGX30 in the long-

term. From Panel 2, we observe that all cryptocurrencies are net recipients of spillover effects from the 

Casablanca stock market across frequencies except for Ethereum (CSE-ETH) which is a net transmitter 

of spillover effects to CSE at freq. 1. This finding depicts that cryptocurrencies cannot be safe havens 

for CSE as market discrepancies from CSE may transmit to the cryptocurrency market. 

 

                                                 
5 The spillover table for the first band (freq. 1) 3.14 to 0.79 roughly corresponds to 1 to 4 days, and the second band (freq. 2) 
0.79 to 0.20 roughly corresponds to 4 to 16 days. 

6The spillover table for the third band (freq. 3) 0.20 to 0.05 roughly corresponds to 16 to 64 days.  

7 The spillover table for the fourth band (freq. 4) 0.05 to 0.00 roughly corresponds to 64 days to infinity. 
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Table 2. Net Pairwise Spillover of Cryptocurrencies, Stocks, and Commodity Returns 

Markets       Freq. 1      Freq. 2       Freq. 3      Freq. 4 

EGX30-XRP 0.0087 0.0020 0.0005 0.0001 

EGX30-USDT -0.0032 -0.0022 -0.0007 -0.0001 

EGX30-LTC -0.0004 0.0027 0.0017 0.0003 

EGX30-BTC 0.0013 0.0025 0.0010 0.0002 

EGX30-ETH -0.0130 -0.0009 0.0001 0.0000 

     

CSE-XRP 0.0192 0.0081 0.0031 0.0005 

CSE-USDT 0.0129 0.0089 0.0032 0.0005 

CSE-LTC 0.0083 0.0047 0.0029 0.0005 

CSE-BTC 0.0070 0.0008 0.0003 0.0001 

CSE-ETH -0.0013 0.0035 0.0013 0.0002 

     

NSE-XRP -0.0015 0.0033 0.0020 0.0003 

NSE-USDT -0.0100 0.0003 0.0000 0.0000 

NSE-LTC 0.0138 0.0049 0.0034 0.0006 

NSE-BTC -0.0045 -0.0108 -0.0027 -0.0004 

NSE-ETH -0.0203 0.0046 0.0029 0.0005 

     

JSE-XRP -0.0378 0.0015 0.0023 0.0004 

JSE-USDT -0.0047 0.0007 0.0000 0.0000 

JSE-LTC 0.0235 0.0079 0.0026 0.0004 

JSE-BTC 0.0353 0.0061 0.0012 0.0002 

JSE-ETH -0.0018 -0.0011 0.0002 0.0000 

     

S&P500-XRP 0.0270 0.0079 0.0041 0.0007 

S&P500-USDT 0.0801 0.0000 0.0020 0.0004 

S&P500-LTC 0.0895 0.0020 0.0023 0.0004 

S&P500-BTC 0.1202 0.0152 0.0072 0.0012 

S&P500-ETH -0.0042 -0.0013 -0.0001 0.0000 

     

Crude-XRP -0.0077 -0.0034 -0.0019 -0.0003 

Crude-USDT -0.0080 -0.0034 -0.0012 -0.0002 

Crude-LTC 0.0082 -0.0076 -0.0030 -0.0005 

Crude-BTC 0.0002 -0.0031 -0.0016 -0.0003 

Crude-ETH -0.0008 0.0001 -0.0002 0.0000 

     

Gold-XRP 0.0125 -0.0006 -0.0006 -0.0001 

Gold-USDT 0.0008 -0.0034 -0.0018 -0.0003 

Gold-LTC -0.0096 -0.0006 -0.0001 0.0000 

Gold-BTC -0.0097 -0.0010 -0.0001 0.0000 

Gold-ETH 0.0180 -0.0023 -0.0008 -0.0001 

Note: freq. 1 and 2 indicates short-term connectedness, freq. 3 and 4 indicate medium-, and long-term 

connectedness respectively. 
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The Nigerian stock market and cryptocurrency markets connectedness at panel 3 shows positive 

net connectedness except for freq. 1 of NSE-XRP, NSE-USDT, NSE-ETH, and all frequencies of NSE-

BTC. This implies that except for the negative connectedness which shows the corresponding 

cryptocurrencies as net spillover effects transmitters to NSE, the NSE is the major net transmitter of 

spillover effects to cryptocurrencies across all frequencies and that cryptocurrencies cannot provide 

haven benefits for NSE except for Tether which shows no connection in the medium-, and long-terms. 

The Johannesburg stock market and cryptocurrency markets in panel 4 show positive net 

connectedness across frequencies except for freq.1 of JSE-XRP, JSE-USDT, and freq. 1 and 2 of JSE-ETH 

suggesting that market disruptions from JSE can transmit to the cryptocurrency markets across time. 

We observe no connectedness between JSE-USDT (freq. 3 and 4), and JSE-ETH (freq. 4) suggesting that 

Tether and Ethereum are safe havens for the Johannesburg stock market in the medium-, and long-

terms. The net pairwise connectedness between S&P 500 and the cryptocurrencies in panel 5 display 

positive net connectedness across frequencies except for S&P500-ETH at freq. 1 to 3. This shows the 

S&P 500 as the major net transmitter of spillover effects and that price fluctuations in the S&P 500 may 

affect the price of cryptocurrencies. Nevertheless, we find Ethereum (S&P500-ETH) to be isolated from 

S&P 500 at freq. 4 suggesting haven benefits for S&P500 in the long-term.  

With regards to the commodity market, it is evident that the pairwise connectedness between 

crude oil and cryptocurrencies in panel 6 depicts negative net connectedness across frequencies except 

for freq. 1 of Crude-LTC, Crude-BTC, and freq. 2 of Crude-ETH. This is indicative that the crude oil 

market is a net recipient of spillover effects from the cryptocurrency market and that cryptocurrencies 

cannot be safe havens for the crude oil market across time since price disruptions in the cryptocurrency 

market may spillover to crude oil market across time except for Ethereum which shows no association 

with crude oil in the long-term.  Except for Litecoin and Bitcoin (Gold-LTC), and (Gold-BTC) at freq. 

4 which is segmented from the gold market, negative net connectedness dominates gold and 

cryptocurrencies connectedness across frequencies as shown in panel 7. This is suggestive that except 

for Litecoin and Bitcoin which can provide haven benefits for gold market disruptions in the long-

term, all other cryptocurrencies studied may transmit spillover effects to the gold market across time.  

We can conclude from our result that the interconnectedness between pairs of cryptocurrencies 

and stock markets is mostly positive suggesting the stock markets as the major spillover effect 

transmitters to cryptocurrency markets which contradicts the findings of Ji, Bouri, Lau, and Roubaud 

(2019) and Trabelsi (2018) which shows cryptocurrencies including Bitcoin and Litecoin as the largest 

net transmitters of spillovers effects. However, the interconnectedness between pairs of 

cryptocurrencies and commodities is mostly negative indicating the cryptocurrencies as the major 

spillover effect transmitters to gold and crude oil markets providing evidence in support of the works 

of Ji, Bouri, Lau, and Roubaud (2019) and Trabelsi (2018).  Nevertheless, the spillover effects across 

markets are weak across frequencies. This non-contagion nature of cryptocurrency markets provides 

significant risk diversification and hedging benefits for African financial markets. In particular, we 

find Ethereum and Tether as safe havens for African and advanced stock markets from the medium-

term which confirms the study of Conlon, Corbet, and McGee (2020) who reports Ethereum and Tither 

as having haven properties for international stock markets. Ethereum is a haven for the crude oil 

market in the long-term, whiles Bitcoin and Litecoin are safe havens for the gold market from the long-

term. 

5. Conclusions and Policy Implication 

While cryptocurrencies are frequently part of the discussion regarding potential haven 

investments, empirical research on their relevance before the corona pandemic lacked a period of 

significant turmoil in global financial markets. This paper explored the time-varying 

interconnectedness between cryptocurrencies and traditional assets in the African financial markets 

capturing the COVID-19 bear market. We shed new light on the haven properties of cryptocurrencies 

for international and domestic investors in the African financial markets. Generally, our result 

indicates a weak interconnectedness between crypto-stocks and crypto-commodity markets across 
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frequencies suggesting non-contagion risk which may provide significant risk diversification and 

hedging benefits for African financial markets and the advanced stock market. Specifically, Ethereum 

and Tether are safe havens for African and advanced stock market downturns from the medium-term, 

Ethereum is a haven for crude oil market turmoil in the long-term, whiles Bitcoin and Litecoin are safe 

havens for gold market disruptions from the long-term. Nonetheless, the net transmitters and receivers 

of volatility spillovers across markets are contingent on the frequency under consideration. 

The empirical results of this study both support and contradict related literature. The results 

support the inter-market linkages between cryptocurrencies and the traditional financial markets 

evidenced by Bouri, Shahzad, and Roubaud (2019) and contradict Corbet, Meegan, Larkin, Lucey, and 

Yarovaya (2018) and Gil-Alana, Abakah, and Rojo (2020) who found no connection between the 

markets. The current study examined the time-varying interconnectedness between cryptocurrencies 

and African financial markets focusing on five large cryptocurrencies, four top African stock indices, 

one international stock index, and two global commodities. Future studies could examine the 

interconnectedness between other cryptocurrencies and financial markets not covered in this study to 

enhance our understanding of the inter-market linkages. 
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Appendix A 

Figure A1. Time Series Plots for Cryptocurrencies, African Stocks, And Commodities Returns 
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