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oil during two recent black swan events

Thobekile Qabhobho, Cwayita Mpuku, Izunna Anyikwa and Andrew Phiri 

Department of Economics, Faculty of Business and Economic Studies, Nelson Mandela University, Port Elizabeth, South Africa

ABSTRACT
Since the onset of the COVID-19 pandemic, African currencies, cryptocurrencies, and 
commodity markets have undergone significant fluctuations, displaying fat-tail 
properties that lies at the outer ends of the normal probability curve. The recent 
Russia-Ukraine war has further disrupted these markets, generating considerable interest 
among academics and practitioners. Our study delves into tail-end returns and volatility 
connectedness between Bitcoin, crude oil, gold, and four African currencies amidst the 
COVID-19 and Russia-Ukraine war. Employing a quantile vector autoregressive (QVAR) 
approach, we analyze tail-end spillover effects between markets from 4 November 
2019, to 7 September 2022. Our findings reveal heightened connectedness at the 
quantile ends of co-movements, with left-tail spillovers being more pronounced for 
returns, while right-tail spillovers dominate for volatility. Bitcoin, and to a lesser extent 
gold and oil, emerge as effective tail-ended hedges for the Egyptian Pound and 
Nigerian Naira but not for other African currencies like the Algerian Dinar and South 
African Rand. Consequently, users of Egyptian and Nigerian currencies in international 
financial markets can seek hedging opportunities in traditional cryptocurrencies and 
commodities during recent Black Swan events, unlike those using South African and 
Algerian currencies. Additionally, our results suggest limited diversification benefits 
associated with (i) currencies linked to oil-exporting or oil-importing countries, (ii) 
currencies linked to Shariah-compliant financial systems, but do indicate diversification 
benefits in high-inflation environments. These findings hold relevance for investors 
seeking improved hedging strategies against African currency risk and for African 
policymakers aiming to enhance intra-continental trade, foreign direct investment, and 
cross-border business expansions.

1.  Introduction

‘Black Swans’ are extreme crisis events that are rare and unpredictable with catastrophic consequences 
that extend across commodity and financial markets (Taleb, 2007). Such extreme crisis events are exem-
plified by the recent COVID-19 pandemic and the ongoing Russia-Ukraine conflict which have resulted 
in unprecedented movements in the prices of financial assets around the globe. For instance, following 
the pandemic, gold and Bitcoin hit record high prices of $2,076 and $65,000 on August 2020 and 
November 2021, respectively, whereas Bitcoin more recently hit a 2-year low during the ongoing 
Russia-Ukraine conflict. Also, crude oil experienced historic low prices due to the pandemic and geopo-
litical tensions between Russia and Saudi Arabia in April 2020 (Arif et  al., 2022) and it is currently expe-
riencing a 14-year high amid the ongoing Russia-Ukraine war. Similarly, stock prices in more developed 
equity markets reached record low values during the early wave of the pandemic in March–April 2020 
which triggered emergency ‘circuit breakers’ that prevented the total collapse of equity markets (Ozkan, 
2021; Li et  al., 2021), whereas several emerging and industrialized stock markets recorded historic high 
prices leading to the ‘market bubble’ of December 2021 and the subsequent ‘2022 stock market decline’ 
(Kuang & Douady, 2022).
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Unlike developed equity markets, Africa equity markets were not affected much by the COVID-19 
pandemic and ongoing Russia-Ukraine conflict due to their underdeveloped nature and discordance 
with global equity markets (Boako & Alagidede, 2016; Iyke & Ho, 2021). However, African currency 
markets have not been spared from the adverse effects of the most recent black swan events, with 
many African economies experiencing historic exchange rate lows against the US dollar (Elbany & 
Elhenawy, 2021). For instance, major African currencies such as the Nigerian Naira (₦), Egyptian Pound 
(E£), have sharply depreciated from ₦360/US$ to ₦915/US$; and E£15.72 to E£30.91, respectively, 
between March 2020 and December 2023. Some studies attribute the sharp fluctuations experienced 
in currency markets in emerging and developing countries to geopolitical risks associated with 
Ukraine-Russia war and monetary policy responses to resulting inflation pressures caused by rising 
energy and commodity prices (Hui, 2022; Aliu et  al., 2023; Hossain et  al., 2024). These volatile currency 
movements are of particular concern for African economies who are heavily dependent on commodity 
exports and foreign direct investment, and such currency movements affect these economies through 
their impact on the external balances, public finances, inflation, private consumption, and investment 
(Atenga & Mougoue, 2021). Moreover, African currencies are floated in international currency markets 
despite having limited liquidity and depth which amplifies the risks associated with currency exposure 
(Kumah & Odei-Mensah, 2022).

An important research question that our paper poses, is whether risks in African currency markets can 
be hedged by alternative assets such as cryptocurrencies and commodities. On one hand, there has been 
a surgency of interest in cryptocurrencies as hedging options by investors following their exponential 
price growth which surpassed that of other investment assets (Phiri, 2022). Nadarajah et  al. (2021) high-
lights that Bitcoin is increasing being embraced by African countries such as South Africa, Nigeria and 
Kenya, who have used these digital currencies to hedge against domestic liquidity problems and reduce 
cross-border transaction costs. Furthermore, investor interests in digital currencies have significantly risen 
in Africa over the past few years, with Kumah and Odei-Mensah (2022) reporting a 130% rise in volume 
of cryptocurrency traded in the continent since 2018. On the other hand, the financialization of com-
modities has attracted attention from financial investors who view them as an alternative asset class that 
can be used for diversification purposes (Golub, 1983; Basak & Pavlova, 2016). Notably, some African 
countries like South Africa and Nigeria, who are producers and exports of primary commodities like gold 
and oil, face a devaluation risk of local currency during periods of unstable commodity rises (Wen 
et  al., 2020).

Despite the increasing need to identify potential hedges for African countries, the recent literature 
examining the diversification properties of cryptocurrencies and commodities towards currencies during 
the pandemic and Ukraine-Russia war have mainly focused on non-African economies (Ji et  al., 2020; 
Ding et  al., 2021; Hsu et  al., 2021; Adekoya et  al., 2022; Chen et  al., 2022; Maghyereh & Abdoh, 2022; 
Antonakakis et  al., 2023; Hanif et  al., 2023; Rehman et  al., 2023; Thai Hung, 2023; Raza et  al., 2024). The 
only related studies which have focused on African currencies have been conducted before the COVID-19 
pandemic and most of these studies present conflicting results (Emenike, 2019; Nadarajah et  al., 2021; 
Olstad et  al., 2020; Atenga & Mougoué, 2021; Kumah & Odei-Mensah, 2022; Okonkwo et  al., 2021; Opoku 
et al., 2023). Besides, these previous studies have relied on mean-based estimators, such as cross-correlation 
analysis and GARCH-type models, which cannot capture tail risk connectedness inherent to Black 
Swan events.

Since extreme movements have been mutually observed in African currencies, bitcoin, gold and oil 
during the COVID-19 pandemic and Ukraine-Russia war, it is important to examine spillovers and possi-
ble hedging opportunities at the tail-end distribution of these financial assets. We therefore use the 
quantile connectedness framework of Ando et  al. (2022) which extends the VAR based connectedness 
framework Diebold and Yilmaz (2012, Diebold & Yılmaz, 2014) using the quantile autoregression (QAR) 
approach of Koenker and Xiao (2006). A stand-out feature of the QVAR connectedness framework is its 
ability to capture the statistic and dynamic connectedness between investment assets at different quan-
tiles of distribution. This differs from the traditional connectedness approach which examines spillovers 
and connectedness between financial assets exclusively on the mean of the conditional distribution. The 
QVAR allows the researcher to focus on both the median and tail ends of the distribution and thus 
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capture location asymmetric spillovers between different assets under various market conditions corre-
sponding to bull, normal and bear markets. We can therefore test the hypothesis that:

H00: Spillovers and connectedness between African currencies, bitcoin, gold and oil differ at various 
market states and thus offer asymmetric hedging opportunities.

Further note that we focus our attention on the hedging properties of cryptocurrencies and primary 
commodities on 4 African currencies, namely; the Algerian Dina, the Nigerian Naira, the South Africa 
Rand and the Egyptian Pound. Notably these currencies are amongst the most traded in Africa (https://
finance.yahoo.com/news/africa-most-traded-currencies-2020-101659895.html) and belong to countries 
which are ‘leaders’ in Africa in terms of geographic size (Algeria), population size (Nigeria) and techno-
logical advancement (South Africa and Egypt). Moreover, Nigeria and Algeria are oil-exporting African 
countries whereas South Africa and Egypt are oil-importers. Also, Algerian and Egyptian currencies are 
linked to monetary policy and banking practices based on the Shariah law whilst South Africa and 
Nigeria have traditional monetary practices and financial systems. Lastly, Egypt and Nigeria (South Africa 
and Algeria) have mutually experienced high (moderately low) levels of inflation and currency deprecia-
tion in the post COVID-19 era. Together, these observations allow us to further test the hypotheses that:

H01: Currency hedging opportunities of bitcoin, gold and oil differ between the currencies of oil-producers and 
oil-importers in African countries at different states of the markets.

H02: Currency hedging opportunities of bitcoin, gold and oil differ between the currencies of Shariah-linked 
banking structure and non-Shariah banking structure at different states of the market.

H03: Currency hedging opportunities of bitcoin, gold and oil differ between the currencies in high-inflation and 
low-inflation environments at different states of the market.

All-in-all, our study provides insight into whether bitcoin, gold and/or oil, can be used by investors to 
diversify or hedge against African currency risk in different states of the market during the COVID-19 and 
Russia-Ukraine conflicts. To the best of our knowledge, no previous study has examined the tail-end 
spillover effects between African currencies and other commodity/cryptocurrency markets during the 
most recent Black Swan events, highlighting the originality and contribution of our study. We also con-
sider our study relevant to market regulators, investors and researchers for several reasons. First, in con-
text of African market regulators, the adoption of cryptocurrencies as investment assets is heavily debated 
with several African countries (including Algeria) placing on bans on cryptocurrencies and other African 
nations are debating on whether to follow in pursuit. Our findings are relevant to these arguments as 
they can highlight the pros and cons of adopting Bitcoin in light of its diversification benefits to volatile 
African currencies. Secondly, given the recent launch of AfCFTA, the search for hedges against Africa 
currency fluctuations becomes critical, as regional integration efforts seek to boast intra-continental trade, 
foreign direct investment and cross-border business expansions. Thirdly, our findings can shed light on 
whether there are any observed diversification benefits from using Shariah-law backed currencies com-
pared to currencies of countries founded on mainstream financial systems. These findings are important 
as they can inform on whether the type of banking and financial system underling African currencies 
influences the hedging opportunities granted by cryptocurrencies and commodities. This would also be 
of interest to researchers as it can add value to the ongoing debate on whether Shariah compliant assets 
are decoupled from global markets during crisis periods (Shahzad & Naifar, 2022; Trabelsi et  al., 2024). 
Lastly, our results can shed led light on whether inflationary environments influence the diversification 
benefits of commodities and cryptocurrencies towards currency risk. This would be of interest to inves-
tors and policymakers as most African countries have experienced double-digit inflation rates since the 
Ukraine-Russia war and hence identifying hedging instruments towards currency risk becomes important.

The remainder of this paper is organized as follows. The next section presents the literature review. 
The third section presents the empirical framework of the study. The fourth section present data and 
results. The fifth section concludes the study in the form of policy implications and recommendations.

2.  Literature review

Theoretically, currency spillovers arise from a clustering of information from news which creates a shock 
in excess of that caused by market fundamentals and subsequently these shocks spillover into other 

https://finance.yahoo.com/news/africa-most-traded-currencies-2020-101659895.html
https://finance.yahoo.com/news/africa-most-traded-currencies-2020-101659895.html
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financial markets through ‘meteor-shower’ effects (Engle et al., 1990). The excess volatility spillover 
between currency and financial markets can be attributed to linkages between real economies through 
international news, cooperative or competitive monetary policy coordination, and portfolio balance 
effects (Ito et  al., 1992). Since the financialization of commodities as trading instruments (Hamilton, 
1996), other theoretical explanations of commodity-to-currency spillovers have emerged and include: (1) 
the sticky-price model, which holds that higher commodity prices lead to inflationary pressures on real 
wages, the price of nontraded goods, and the exchange rate of a commodity-exporting country; and (2) 
the terms-of-trade model, under which terms-of-trade shocks lead to a shift in the relative demand for 
an exporter’s currency and therefore in its exchange rate (Sokhanvar & Bouri, 2023). Notably, during 
‘extreme’ and ‘unanticipated’ events, such as the COVID-19 and the Russian-Ukraine war, financial assets 
tend to evolve as fat-tail process whose effects are contagious and can spillover to other financial mar-
kets resulting in the co-movement of asset prices at their tail-distribution (Taleb, 2007). Because fat-tail 
behavior is non-Gaussian, traditional finance models and mean-based econometric estimation techniques 
are inefficient in capturing the dynamics of events occurring at the extreme ends of the probability 
distribution (Taleb, 2005).

Most previous studies that have examined spillovers between African currencies and other financial 
markets have relied on mean-based estimators for empirical purposes and ignored possible tail connect-
edness. For instance, Emenike (2019) used the multivariate GARCH-BEKK model to examine volatility spill-
overs amongst three West African currencies (i.e. West African Franc, Gambian Dasi and Nigerian Naira) 
and find spillover effects amongst the different currency combinations except for the Naira and Dalasi 
where no spillover effects are observed. Olstad et  al. (2020) use the diagonal-BEKK model to examine the 
volatility spillovers and optimal portfolio weights between oil markets and currencies for top oil-exporting 
and oil-importing countries (inclusive of five African countries) and find that currency hedging using oil 
is more effective for oil-exporting countries. Atenga and Mougoué, (2021) investigate the currency spill-
over between 16 African countries, five emerging markets, and six advanced markets using the Diebold 
and Yılmaz (2014) VAR-based connectedness approach and find that most African currencies are net 
receivers of returns and volatility shocks. Okonkwo et  al. (2021) presented a wavelet coherence of Bitcoin 
and five African currencies in time-frequency space and revealed significant hedging properties of Bitcoin 
for all currencies in the presence of noise.

To the best of our knowledge, only two studies have examined the tail-ended connectedness between 
African currencies and other financial markets. First, Nadarajah et  al. (2021) examine the extreme con-
nectedness between bitcoin and eight African currencies using extreme correlation analysis and a bivar-
iate extreme value model and document evidence in favor of negative co-exceedances or diversification 
benefits of bitcoin and find little hedging effect (or lack of extreme co-movements). Second, Kumah and 
Odei-Mensah (2022) examine the spillovers between altcoins and six African fiat currencies using quantile 
regressions and a quantile-on-quantile approach and find that cryptocurrencies (particularly Ethereum) 
are suitable diversifiers and hedges of African currencies in the middle and upper quantiles, but not at 
lower quantiles. Nevertheless, these two studies use techniques that analyze a single point on the 
tail-end distribution and assume that the rankings of net transmitters and receivers only vary across 
quantiles but remain static over time (Cappiello et  al., 2014). Therefore, these studies cannot account for 
contagion build-up effects, in which connectedness sharply increases over time and is significantly dis-
tinct from ‘normal connectedness’ (Forbes & Rigobon, 2002; Baur, 2003; Rigobón, 2019). Moreover, previ-
ous African related studies have not examined the spillovers between exchange rates and commodities/
cryptocurrencies during the most recent Black Swan events.

Our study thus becomes the first in the literature to examine connectedness between African 
currencies-bitcoin-gold-oil during the COVID-19 pandemic and the Russia-Ukraine war and builds upon 
the host of literature which have examined the hedging properties of cryptocurrencies and commodities 
towards international currencies using data covering the most recent Black Swan episodes. Notably, 
these studies use more advanced econometric techniques capturing different forms of asymmetries com-
pared to those of previous African literature such as the BEKK-DCC-GARCH model (Hsu et  al., 2021; Chen 
et  al., 2022); cross-quantilogram method (Ji et  al., 2020); wavelet coherence methods (Maghyereh & 
Abdoh, 2022), conditional Value-at-Risk (CoVarR) copulas (Hanif et  al., 2023; Rehman et  al., 2023); the 
frequency connectedness approach of Baruník and Křehlík (2018) (Ding et  al., 2021); the TVP 
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connectedness approach of Antonakakis et  al. (2020) (Adekoya et  al., 2022; Antonakakis et  al., 2023; Thai 
Hung, 2023; Raza et  al., 2024) and VARX-based connectedness model (Bigerna, 2024).

Notably most previous studies come to different conclusions on the hedging benefits of commodities 
and cryptocurrencies against exchange rates during the Black Swan periods. For instance, Ji et  al. (2020; 
Adekoya et  al. (2022); Maghyereh and Abdoh (2022) all find that gold is safe haven during the COVID-19 
pandemic for most international currencies, others such as Ding et  al. (2021), Hanif et  al. (2023) and Raza 
et  al. (2024) find otherwise. Moreover, Hsu et  al. (2021) find cryptocurrencies are not diversifiers of 
exchange rates whilst Rehman et  al. (2023) find that Bitcoin is an appropriate hedge for Chinese and 
Russian currencies. For the case of primary commodities, Thai Hung (2023) finds oil to be a suitable 
hedge for currencies, Adekoya et  al. (2022) finds hedging properties of oil to only exist after the 
Ukraine-Russia war whilst Chen et  al. (2022) and Antonakakis et  al. (2023) and Bigerna (2024) more 
recently find that oil cannot diversify currency risk.

Our study contributes to the literature by examining the tail connectedness between African curren-
cies, bitcoin, gold, and oil using the quantile connectedness approach of Ando et  al. (2022). The frame-
work modifies the network connectedness framework of Diebold and Yılmaz (2014) by estimating the 
VAR model using the quantile autoregressions of Koenker and Xiao (2006) and evaluating dynamic con-
nectedness via forecast error variance decompositions (FEVD) obtained at different quantiles of distribu-
tion. Several recent studies have applied the QVAR-based connectedness model to examine returns 
spillover dynamics within single markets such as currency markets (Bouri et  al., 2020), equity markets 
(Shahzad et  al., 2021), bond markets (Naeem et  al., 2022a), cryptocurrency markets (Bouri et  al., 2021; 
Naeem et  al., 2022b), energy markets (Chen et  al., 2022; Jena et  al., 2022; Su et  al., 2022) as well as 
across several markets such as the oil-stock markets (Liu et  al., 2021; Mensi et  al., 2021); precious 
metals-oil-energy markets (Mensi et  al., 2021), oil-stock markets; Agriculture-energy markets (Tiwari et  al., 
2022), equities-bond-commodities-cryptocurrency markets (Xia et  al., 2022), commodities, 
cryptocurrency-energy-stock markets (Yousaf et  al., 2022). These previous studies focus on the 95th, 50th 
and 5th quantiles as a measure of connectedness during bulls, normal, and bear markets, respectively. 
The consensus from these studies is that connectedness is concentrated at the end tails of distribution 
and the rankings of net transmitters and receivers of tail-end shocks within the system vary across time 
as well as across different markets. However, with the exception of Su et  al. (2022) and Xia et  al. (2022), 
no previous studies have examined tail-connectedness in financial and commodity markets during the 
Ukraine-Russia war as the most recent ‘extreme event’. Moreover, with the exception of Billah et  al. (2022) 
and Tiwari et  al. (2022), previous studies strictly focus on tail connectedness among returns series and 
ignore volatility spillovers, which are more accurate measures of investor sentiment and crisis build-up 
(Diebold & Yılmaz, 2014). Our study considers these gaps literature and presents a case study for African 
currencies-bitcoin-gold-oil using both returns and volatility series, focusing on periods covering the 
ongoing COVID-19 pandemic and the Russia-Ukraine war.

3.  Data and methodology

3.1.  Data sources and formation

We use daily time series data consisting of the US dollar exchange rates of four major African currencies 
(Algeria, Egypt, Nigeria, and South Africa), as well as Bitcoin, gold, and crude oil. The data spans from 4 
November 2019, to 7 September 2022, covering significant events such as the COVID-19 pandemic and 
the ongoing Russian-Ukraine conflict, both considered recent black swan events. All data used in this 
study were sourced from Investing.com and transformed into natural logarithms to calculate the loga-
rithmic differences in asset prices (P) between time t-1 and t, defined as

	 r ln
P

P
t

t

t

=








×

−1

100	 (1)

Furthermore, we applied a GARCH (1,1) model to estimate the conditional volatility for each variable. 
The return process for each variable is assumed to follow an autoregressive process as shown below:
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	 r r I N h
t t t t t t
= + + ∼ ( )− −µ ρ ε ε0 1 1 0| , 	 (2)

Where, εt represents a vector of white noise, conditional on the information available at time t-1, 
denoted as εt |It-1 and assumed to have a normal distribution with a mean of zero. The conditional vari-
ance, ht, follows a univariate GARCH (1,1) process as described by:

	 h h
t i i t i i t
= + +− −ω β α ε1

2
1

2
, 	 (3)

The parameters α and β are non-negative, representing the ARCH and GARCH terms, respectively. 
Subsequently, the conditional volatility, ht, is utilized as a proxy for the volatility series in our analysis.

3.2.  Summary statistics

The preliminary analysis first explores the descriptive statistical properties of the financial assets consid-
ered in this study. Table 1 reports both the descriptive statistics and unit root test for return (Panel A) 
and volatility (Panel B) results. Panel A shows that the average daily returns of African currencies are 
positive during this period. This finding suggests that African currencies depreciated against the US dol-
lar. Among these currencies, Nigeria (0.084%) and South Africa (0.076%) experience the highest average 
daily depreciation. Simultaneously, the returns for Bitcoin, gold, and crude oil grew by an average of 
0.067, 0.039, and 0.198%, respectively. The level of volatility, as measured by the standard deviation, 
shows that Bitcoin, gold, and crude oil are more volatile than African currencies. Among African curren-
cies, the highest volatility is found in South Africa (0.988%) and Nigeria (0.698%).

Skewness and kurtosis coefficients indicate that the distribution of asset returns is far from normal. It 
is also observed that Bitcoin, gold and crude oil returns exhibit negative skewness while African currency 
returns are positively skewed as well as leptokurtic distribution. Furthermore, the Augmented Dickey-Fuller 
(ADF) and Phillips-Perron (PP) tests show that the asset return series are stationary, implying that the null 
hypothesis of the unit root is rejected for all the series. We also reported the ARCH and Ljung-Box tests, 
which show the presence of heteroscedasticity and autocorrelation, respectively. Heteroscedasticity and 
autocorrelation justified the use of the GARCH model to evaluate the volatility of asset returns.

Panel B shows an analysis of the volatility properties of each asset. Similar to the results in panel A, 
it is observed that, on average, Bitcoin (16.631) and crude oil (12.876) are more volatile than African 
currencies. Among African currencies, the highest daily volatility is recorded in South Africa (0.877), fol-
lowed by Nigeria (0.496), while the lowest volatility is found in Algeria (0.055). Again, the unit root test 
shows that all the volatility series are stationary. In addition, the ARCH and Ljung-Box tests show that 

Table 1. S ummary statistics.
Panel A: returns Bitcoin Gold Oil Algeria Egypt Nigeria South Africa

Mean 0.067 0.039 0.198 0.032 0.021 0.084 0.076
Std. Dev. 3.992 1.034 3.739 0.240 0.496 0.698 0.988
Skewness −1.802 −0.332 −0.361 0.534 25.804 15.488 0.556
Kurtosis 26.450 6.454 17.203 7.001 770.553 298.034 3.858
ADF −35.3667 −24.329 −22.833 −16.443 −28.351 −15.844 −16.821
PP −35.218 −24.329 −22.574 −25.346 −28.245 −24.874 −24.117
ARCH(10) 7.798 104.39 228.77 162.77 0.014 11.273 163.24
LB-Q(10) 19.932 23.358 17.969 49.624 2.195 37.185 34.187
LB-Q2(10) 7.797 176.59 616.30 239.13 0.014 11.599 251.44
Panel B: volatility
Mean 16.631 0.993 12.876 0.055 0.241 0.496 0.877
Std. Dev. 11.564 0.657 25.279 0.062 0.010 2.763 0.531
Skewness 7.882 3.281 4.380 6.251 −17.926 26.642 3.844
Kurtosis 83.069 17.657 23.730 53.972 372.664 772.519 23.233
ADF −7.549 −4.883 −5.158 −16.402 −19.009 −24.503 −13.515
PP −7.486 −6.634 −4.521 −16.378 −19.009 −24.284 −13.228
ARCH(10) 2.598 13.256 4.464 5.339 0.043 0.021 8.663
LB-Q(10) 15.814 16.894 9.000 33.681 3.834 3.301 26.874
LB-Q2(10) 2.649 13.879 4.546 5.591 0.044 0.021 8.513

Note: ADF and PP represent the Augmented Dickey-Fuller and Phillips-Perron unit root tests, respectively. The critical values of the ADF and 
PP test statistics at 1, 5, and 10% are −3.436, −2.864, and −1.568, respectively. ARCH represents the autoregressive conditional heteroscedas-
ticity test, while LB-Q is the Ljung-Box test statistic at the 10th lag.
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the volatility series does not exhibit heteroscedasticity and autocorrelation, which confirms the robust-
ness of GARCH model in capturing the volatility behaviour of the series.

To further explore the behaviour of the return and volatility series over the sample period, Figure 1 
plots their evolution. One key piece of evidence from this figure is that both the return and volatility 
series exhibit clustering behaviour. This behaviour is particularly visible given the number of spikes at 
the beginning of the COVID-19 as well as the Russian-Ukraine war. This finding is consistent with the 
results of the ARCH and Ljung-Box tests, and also supports the need to consider extreme events, which 
is the goal of this study. In addition, it confirms the fit of the estimated GARCH model for the data series. 
Following this finding, we outline the quantile connectedness approach to study the spillover and con-
nectedness effects between Bitcoin, gold, crude oil, and African currencies.

3.3.  Methodology

We use the QVAR model to estimate both the connectedness in returns and volatility, as well as their 
directional spillage. To compute connectedness matrices, we express the QVAR(p) as an infinite-order 
Vector Moving Average (MA) representation, defined as follows:

	 y y u ut j

p

j t j t i i t= ( ) + ( ) + ( ) = ( ) + ( )
= − = −∑ ∑µ τ τ τ µ τ τ

∞

1 0 1Θ Ψ 	 (4)

Figure 1. E volution of return and volatility of each asset. (a) Return behaviour. (b) Volatility behaviour.
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where yt and yt j−  are n × 1 dimensional vectors representing returns and conditional volatility from 
Equations (1) and (2). The parameter τ denotes the quantile of interest, varying between [0,1]. Specifically, 
we examine the 5th, 50th, and 95th quantiles, corresponding to lower (bearish), median (normal), and 
upper (bullish) market conditions. The variable p represents the lag length of the QVAR model, μ(τ) 
stands for the n × 1 dimensional conditional mean vector, and Φj (τ) is an n × n dimensional coeffi-
cient matrix.

Following Koop et  al. (1996) and Pesaran and Shin (1998), we specify the Generalized Forecast Error 
Variance Decomposition (GFEVD) framework with an H-step-ahead forecast horizon as:

	 Θ
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where e
i
 is a zero vector with unity at the i^th position. We normalize each element in the decompo-

sition matrix as:
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We employ the framework introduced by Diebold and Yilmaz (2012, 2014) to assess connectedness 
and risk spillovers based on GFEVD. The Total Connectedness Index (TCI) at quantile (τ) is calculated as:
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This measures the level of connectedness among variables, with a higher TCI indicating greater con-
nectedness. The spillover direction from asset (j) to asset (i) at a given quantile is expressed as:

	 To H H
j i
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Similarly, we determine the spillover direction from asset (j) to asset (i) as:

	 From H H
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The net spillover at each quantile is obtained by the difference between the total directional connect-
edness ‘To’ and ‘From’ others:

	 Net H To Fromj i ji ji, ( ) = − 	 (10)

In accordance with Equation (9), a positive net value signifies that the asset in question is a net trans-
mitter, whereas a negative value indicates a net receiver.

4.  Empirical analysis

Our empirical analysis is conducted in two steps. First, we estimate the QVAR model at an optimal lag 
of 1, as determined by the AIC and BIC for both the return and volatility series at the 5th, 50th and 95th 
quantiles. We extract the forecast error variance decomposition (FEVD) of the estimated QVARs at a fore-
cast horizon of 10 days and create a connectedness table that summarizes (i) pairwise directional con-
nectedness, (ii) total directional connectedness to and from others, and (iii) total network connectedness 
(Diebold & Yilmaz, 2009). These connectedness measures have different uses for market participants and 
regulators. For instance, investors and fund managers would be more interested in pairwise directional 
spillover effects for risk management and asset portfolio allocation, whereas market regulators are more 
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concerned with monitoring system-wide connectedness and identifying which markets contribute the 
most to systemic risks (Diebold & Yılmaz, 2014).

Second, we applied rolling regression analysis to each of the estimated QVARs using a window size 
of 150 days. Note that we have collected our dataset in foresight, so that our rolling window begins 
at the declaration of COVID-19 as a pandemic by the World Health Organization (WHO) in 11 March, 
2020, and ends in September 2022, which is seven months into the Russia-Ukraine conflict. We con-
sider the rolling regression analysis important because there were several events that could have 
impacted market-specific spillovers and total connectedness in the ‘new era’, ranging from the 
announcement of various variants of the COVID-19 pandemic, the stock and oil market crashes between 
March and April 2020, the approval of COVID-19 vaccination in December 2020, the US presidential 
elections of November 2021, and the ensuing US capitol hills attacks of January 2022, as well as the 
more recent invasion of Russia into Ukraine in February 2022 (Ozkan, 2021; Li et  al., 2021; Arif et  al., 
2022; Kuang & Douady, 2022). These events could have altered the structure of returns and volatility 
connectedness between markets, as well as the ranking of net transmitter receivers and transmitters 
within the systems.

Our use of the quantile-connectedness approach allows us to examine market spillover effects in 
different states of the market. Whilst the 5th and 95th quantiles measure connectedness at extreme ends 
of market co-movement, it is important to note that the interpretation of ‘market state’ for the returns 
and volatility series differ. For the returns series, which consists of extreme negative and positive values, 
the left-tail (right-tail) connectedness measures spillover effects during bear (bull) markets, while the 
median quantile measures tranquil markets. Conversely, for the volatility series, which consists of 
non-negative values, the left-tail (right-tail) connectedness measures the spillover effects during periods 
of zero or extremely low (extremely high) volatility levels, while the median quantile measures moderate 
volatility. Most previous studies using similar methodology only focus on returns connectedness (Bouri 
et  al., 2021; Shahzad et  al., 2021; Naeem et  al., 2022a; Naeem et  al., 2022b, Chen et  al., 2022; Jena et  al., 
2022; Liu et  al., 2021; Mensi et  al., 2021; Su et  al., 2022; Tiwari et  al., 2022; Xia et  al., 2022; Yousaf et  al., 
2022) Extending the analysis for volatility connectedness is important because this measure directly 
reflects investors sentiments and is more sensitive to crisis build-up (Diebold & Yılmaz, 2014).

4.1.  Static connectedness

We first present the findings of our static analysis and report the connectedness tables for the returns 
(Table 2) and volatility (Table 3) series at the 5th, 50th and 95th quantiles of the distribution. The con-
nectedness plots (Figures 2 and 3) summarize the strength of the directional spillover effects between 
markets and further segregate the net transmitters from the receivers within the network at different 
states of the market.

For the returns series, the total connectedness index (TCI) is higher at the lower (80.39) and upper 
(76.91) tail ends while being lowest at the middle (24.45) quantile, suggesting that connectedness is 
higher during bulls and bear markets than during tranquil markets (Bouri et  al., 2020; Jena et  al., 2022; 
Yousaf et  al., 2022 for similar findings albeit for various financial and commodity markets). We further 
observe switching dynamics between net transmitters and receivers at different quantiles within the 
system, with Bitcoin, Gold, Oil, Algerian Dinar, and South African Rand (Egyptian Pound and Nigerian 
Naira) being net transmitters (receivers) of shocks at the tail end of the distribution while changing to 
net receivers (transmitters) at the median quantile.

The spillover and connectedness effects of volatility series differ from those of return series. First, the 
TCI is more than twice as high in the upper quantile (82.34) compared to the lower (33.25) and median 
(14.95) quantiles, which is a finding similar to that observed by Billah et  al. (2022) and Tiwari et  al. (2022), 
albeit for volatility connectedness in NFT’s and stock markets, respectively. Second, currencies (cryptocur-
rency and commodities) are the main transmitters (recipients) of systemic shocks at all quantiles of the 
distribution. In particular, the Egyptian Pound (Algerian Dinar, Gold, and Oil) is (are) the main transmitter 
(receiver) of volatility shocks during bear markets, while the Nigerian Naira (Algerian Dinar, Gold, and Oil) 
is (are) the main transmitter (receiver) in the normal and bull markets.
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These findings obtained so far have several important implications. For instance, the connectedness 
dynamics observed at the median quantiles for both the returns and volatility series are contrary to 
those at the tail extremities. Therefore, investors who make risk management and portfolio selection 
decisions based on median-based estimates will provide incorrect inferences if markets enter extreme 
states. For example, Mensi et  al. (2017) and Adi et  al. (2022) used mean-based estimators to find that 
Egypt and Nigeria are net receivers of volatility shocks from oil (i.e. oil can be used to hedge these cur-
rencies), whereas our study shows that at the extreme ends, these currencies are net transmitters of 
shocks (i.e. oil is not a hedge for African currencies). Similarly, Rehman et  al. (2023) show high oil and 
gold returns and volatility spillover effects to the South African Rand (i.e. commodities are a good hedge 
for the Rand), whereas our findings highlight the opposite during extreme periods.

Further based on country groupings, we fail to find evidence that supports the hypothesis that 
Sariah-based currencies (Egyptian pound and Algerian Lira) offer any hedging advantages over currencies 
linked to traditional ‘financial systems’ (Nigeria and South Africa). Similar findings are presented by 
Bigerna (2024) who find that MENA currencies cannot be hedged by oil and gold in the post-COVID-19 
era. Moreover, we also fail to find that the currencies of oil-producing countries offer better hedges 
against financial assets compared to those of non-oil-producing countries, and this goes against the 
findings of Olstad et  al. (2020) which reveal that oil-producing countries can hedge their currencies in 
commodities, however, in the pre-COVID period. Lastly, we note that currencies linked to high-inflation 
countries (Egypt and Nigeria) are those which derive diversification benefits from hedging in commodi-
ties and cryptocurrencies whilst such benefits are absent for currencies in low-inflation environments i.e. 
Algeria and South Africa. Raza et  al. (2024) similarly note that higher inflation environments associated 
with the heightened geopolitical risk can magnify the diversification benefits of precious metals to indus-
trialised countries.

Table 2.  Quantile connectedness table for returns series.
Panel A: quantile = 0.05

Bitcoin Gold Oil Algeria Egypt Nigeria RSA FROM

Bitcoin 25.99 15.34 14.64 13.02 11.17 6.72 13.13 74.01
Gold 14.94 26.52 14.24 13.37 11.54 6.82 12.57 73.48
Oil 14.44 15.20 25.55 13.17 12.03 6.95 12.66 74.45
Algeria 13.11 1343 13.63 26.40 11.42 6.66 15.35 73.60
Egypt 11.33 12.70 12.68 12.16 34.09 5.05 11.99 65.91
Nigeria 8.84 9.39 8.16 8.13 6.17 51.70 7.63 48.30
RSA 12.88 13.14 12.72 16.07 11.52 6.25 27.42 72.58
TO 75.55 79.20 76.06 75.93 63.84 38.44 73.33 482.34
Inc. Own 101.53 105.72 101.61 102.32 97.93 90.14 100.75 cTCI/TCI = 80.39/68.91
Net 1.53 5.72 1.61 2.32 −2.07 −9.86 0.75

Panel B: quantile = 0.50

Bitcoin Gold Oil Algeria Egypt Nigeria RSA FROM

Bitcoin 86.23 2.46 1.67 1.15 3.65 2.65 2.19 13.77
Gold 2.68 70.24 4.28 3.68 6.27 5.89 6.96 29.76
Oil 1.83 3.96 74.47 3.39 9.44 3.76 3.16 25.53
Algeria 1.34 3.34 1.55 80.12 5.10 4.22 4.32 19.88
Egypt 1.29 0.59 0.91 0.34 95.45 1.03 0.40 4.55
Nigeria 0.45 1.16 0.90 0.78 0.46 95.83 0.42 4.17
RSA 1.88 7.75 3.06 3.67 10.65 4.04 68.94 31.06
TO 9.47 19.26 12.37 13.00 35.58 21.59 17.45 128.72
Inc. Own 95.70 89.50 86.84 93.12 131.03 117.42 86.38 cTCI/TCI = 21.45/18.39
Net −4.30 −10.50 −13.16 −6.88 31.03 17.42 −13.62

Panel C: quantile = 0.95

Bitcoin Gold Oil Algeria Egypt Nigeria RSA FROM

Bitcoin 28.16 15.21 14.35 13.60 9.11 5.94 13.63 71.84
Gold 15.00 28.26 14.31 13.69 9.53 6.08 13.13 71.74
Oil 14.34 14.51 27.41 14.03 10.31 6.30 13.10 72.59
Algeria 13.15 13.32 13.69 26.47 10.31 6.58 16.48 73.53
Egypt 10.35 11.02 11.80 11.60 39.26 4.18 11.79 60.74
Nigeria 6.24 7.61 6.21 7.46 3.38 62.16 6.94 37.84
RSA 13.35 13.02 12.50 16.17 10.15 7.97 26.84 73.16
TO 72.43 74.70 72.85 76.56 52.79 37.04 75.08 461.44
Inc. Own 100.58 102.96 100..26 103.03 92.05 99.20 101.91
Net 0.58 2.96 0.26 3.03 −7.95 −0.80 1.91 cTCI/TCI = 76.91/65.92
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While these results presented so far are intuitive, the analysis presented thus far has been static and 
does not provide information on time-varying spillovers among the markets within the system network.

4.2.  Dynamic total connectedness analysis

We now present the time-varying TCI for returns and volatility series which are plotted in Figures 4 and 
5, respectively, and mutually show stronger connectedness at the tail end of the distribution throughout 
the sample period. For the returns series, connectedness is more dominant at the left-tail (Bouri et  al., 
2020; Jena et  al., 2022;) although we observe some periods of stronger connectedness at the right-tail 
mainly corresponding to the ‘bulls market’ experienced in financial and commodity sectors between (i) 
January 2021 – March 2021 period (i.e. vaccination approval and initial distribution period) (ii) oil market 
boom of June 2021 (iii) November 2021–December 2022 period (US elections and presidential announce-
ment) and (iv) February–March 2022 (start of the Ukraine-Russia war). Conversely, for the volatility series, 
connectedness is much stronger at the 95th quantile over the entire sample period except during the 
market ‘boom-bust’ episodes in June 2021 and January 2022, periods where connectedness at the 5th 
and 95th quantiles increase sharply and are of similar strength.

To measure systemic market fragility further, we follow Ando et al. (2022) and compute the time-varying 
5% relative tail dependence (RTD) index for both returns and volatility series (i.e. TCIτ=0.95 – TCIτ=0.05). From 
the results plotted in Figure 6, we observe increasing RTD levels in both returns and volatility series 
during market boom periods corresponding to the vaccination approval period, US presidential elections, 
and Russia’s invasion of Ukraine. We interpret these results to indicate higher financial fragility during 
these episodes. To gain further insights on tail connectedness among the markets, Table 4 reports the 
correlation coefficients between the TCI at the 5th, 50th and 95th quantiles for the returns and volatility 

Table 3.  Quantile connectedness table for volatility series.
Panel A: quantile = 0.05

Bitcoin Gold Oil Algeria Egypt Nigeria RSA FROM

Bitcoin 75.21 6.63 2.71 2.57 2.76 1.25 5.86 24.79
Gold 5.60 61.47 8.40 3.30 9.28 3.85 8.11 38.53
Oil 2.57 8.82 68.42 4.40 5.64 1.50 8.64 31.58
Algeria 2.56 3.88 4.48 75.92 6.46 1.71 4.98 24.08
Egypt 5.50 6.74 5.29 4.66 67.13 3.94 6.74 32.87
Nigeria 1.13 3.18 1.80 1.74 2.49 87.81 1.84 12.19
RSA 5.32 8.55 7.76 4.30 7.71 1.80 64.56 35.44
TO 22.65 37.81 30.44 20.97 37.34 14.04 36.17 199.47
Inc. Own 97.89 99.28 98.86 96.89 104.47 101.86 100.73 cTCI/TCI = 33.25/28.50
Net −2.11 −0.72 −1.14 −3.11 4.47 1.86 0.73

Panel B: quantile = 0.50

Bitcoin Gold Oil Algeria Egypt Nigeria RSA FROM

Bitcoin 85.56 5.62 1.52 2.36 1.58 0.79 2.57 14.44
Gold 4.81 73.33 7.14 1.40 1.01 5.87 6.45 26.67
Oil 1.45 6.80 81.63 2.42 1.49 0.64 5.57 18.37
Algeria 1.00 1.34 1.95 93.04 0.96 0.78 0.93 6.96
Egypt 0.76 0.69 0.73 1.00 95.92 0.52 0.37 4.08
Nigeria 0.23 1.76 0.23 0.38 0.24 96.57 0.59 3.43
RSA 2.24 4.94 5.96 0.89 0.75 1.00 84.22 15.78
TO 10.49 21.14 17.54 8.44 6.03 9.60 16.48 89.73
Inc. Own 96.05 94.48 99.16 101.48 101.96 106.17 100.70 cTCI/TCI = 14.95/12.82
Net −3.95 −5.52 −0.84 1.48 1.96 6.17 0.70

Panel C: quantile = 0.95

Bitcoin Gold Oil Algeria Egypt Nigeria RSA FROM

Bitcoin 17.85 15.80 11.85 14.02 4.09 21.26 15.13 82.15
Gold 13.10 19.53 13.91 14.23 4.59 17.72 16.93 80.47
Oil 12.01 14.57 21.81 14.49 4.25 17.70 15.16 78.19
Algeria 12.41 15.61 13.58 18.06 4.18 19.55 16.61 81.94
Egypt 6.18 7.61 5.30 6.32 54.99 11.72 7.87 45.01
Nigeria 7.92 8.52 6.50 9.27 2.47 55.22 10.10 44.78
RSA 12.74 15.81 12.37 14.22 4.28 22.06 18.52 81.48
TO 64.36 77.92 63.51 72.55 23.86 110.02 81.79 494.02
Inc. Own 82.21 97.45 85.32 90.62 78.85 165.24 100.31 cTCI/TCI = 82.34/70.57
Net −17.79 −2.55 −14.68 −9.38 −21.15 65.24 0.31
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across five sub-periods corresponding to (i) oil and stock market crash period of March – May 2020; (ii) 
gradual ease of lockdowns as well as vaccination announcement and initiation/induction period of 
December 2020 – March 2021; (iii) commodity market boom period of June 2021 following the rebound 
from the global shutdown, and (iv) US presidential elections of November 2021 – January 2022 (v) 
Ukraine-Russia conflict of February 2022 onwards. While the full sample correlations indicate positive 

Figure 2.  Connectedness plot for returns at 0.05, 0.50 and 0.95 quantiles.
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pairwise co-movements between the TCI’s, the sub-sample periods provide evidence of negative pairwise 
correlations, particularly during (i) the vaccination induction period for volatility and ii) the US presiden-
tial elections and insurrection periods, and in both these episodes, the TCI’s at the 5th and 95th moved 
in opposite directions. This suggests that, during ‘major events’, market participants disproportionately 
focus on the events occurring at the tail end while ignoring information emulating from the opposite 

Figure 3.  Connectedness plot for volatility at 0.05, 0.50 and 0.95 quantiles.
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end of the tail. This has important implications for market regulators, as it suggests that the market 
herding behaviour experienced during periods of financial panic can be more effectively measured by 
tracking the co-movement of the left and right tails of systemic market connectedness.

4.3.  Dynamic net spillover effects for individual markets

We now present the time-varying total net spillover effects of each individual market for the returns and 
volatility series in Figures 7 and 8 for the 5th (blue contour), 50th (black contour), and 95th (red con-
tours) quantiles, respectively. Judging by color contours, markets can be either net receivers or transmit-
ters, depending on the phase of the market cycle. For instance, we observe that most markets are net 
transmitters (receivers) of return shocks during bear markets (normal periods), that is, Bitcoin, gold, oil, 
the Algerian Dinar, and the South African Rand, while the opposite occurs for the Egyptian Pound and 
Nigerian Naira, which are net transmitters (receivers) of return shocks during normal markets (bear peri-
ods). In other words, Bitcoin, gold, and oil are significant hedges against most African currencies during 
bear markets (and not during tranquil periods), and therefore offer tail-risk hedging opportunities on 
currency returns during sharp market slumps.

Conversely, for the volatility series, net spillover effects dominantly exist at the right tails, although the 
dynamics for various markets differ over time and events. For instance, during the stock and oil market 

Figure 4. T otal connectedness returns.

Figure 5. T otal connectedness volatility.
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crash period of early March – April 2020, most markets were net receivers of tail-end volatility shocks, 
except for gold, oil, and the Egyptian Pound and South African Rand. However, during the vaccination 
induction period of December 2020 – March 2021, the naira is the dominant transmitter of volatility 
shocks with other markets being net receivers, whereas during the US election period of November 2021 
– January 2022, Gold, the Dinar, the Naira, and to a lesser extent Bitcoin are net transmitters, while the 
remaining markets are net receivers. Lastly, we observe switching dynamics in net spillover effects after 
the start of the Ukraine-Russia war, in which Bitcoin, Egypt, Algeria, and South Africa (Nigeria) switch 
from net receivers (transmitters) to net transmitters (receivers) of volatility shocks. Altogether, these find-
ings highlight the fact that the net volatility spillover effects of individual markets do not only vary 
across market states but also across time/events, while cryptocurrencies and commodities could have 

Figure 6.  (a) RTD_returns. (b) RTD_volatility.

Table 4.  Correlation coefficients between TCI at different quantiles and sub-periods.
Full sample (28/5/2020 – 07/09/2022) Stock and oil market slump 28/03/2020 – 01/05/2020

Left Median Right Left Median Right
Left 1 0.38 0.18 1 0.49 0.30
Median 0.30 1 0.17 0.01 1 0.73
Right 0.56 0.20 1 0.16 0.001 1

Vaccination induction 01/20/2020 – 01/03/2021 Oil market boom 01/07/2021 – 01/09/2021
Left 1 0.009 −0.05 1 −0.36 0.41
Median 0.56 1 −0.63 −0.15 1 −0.59
Right −0.05 −0.24 1 0.11 −0.20 1

US presidential elections 01/11/2021 – 31/01/2022 Russia-Ukraine war 24/02/2022 – 01/07/2022
Left 1 0.68 0.32 1 0.68 0.81
Median −0.57 1 0.46 −0.02 1 0.26
Right −0.05 0.04 1 0.63 −0.31 1

Note: The correlation coefficients for the (return) volatility series are reported in the lower (upper) triangle of the correlation matrix in the 
normal (bold) text.
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Figure 7. N et returns connectedness.

Figure 8. N et volatility connectedness.
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provided sufficient hedging benefits against tail-risk currency volatility before the Ukraine-Russia war. 
Such hedging benefits are only observable for Bitcoin after the start of the war.

Finally, we present time-varying pairwise net spillover effects markets to evaluate the possible hedg-
ing properties of cryptocurrency and commodities against currency risk at the microlevel. While the pair-
wise spillover between most markets for both return and volatility series is prominent throughout the 
entire sample period at different quantiles, we observe exceptionally little net return spillover effects 
between the Naira and (i) Bitcoin, (ii) Oil (iii) Dinar (iv) South African Rand (Figure 9), on the one hand, 
and little net volatility spillover effects between the Naira and (i) Gold (ii) Dinar as well as between the 
Egyptian Pound and (i) Bitcoin (ii) Gold (iii) Oil Dinar the Naira (Figure 10).

Note that our time-varying spillovers do not differ much from those obtained by the static connect-
edness analysis as they both imply that here are exploitable tail-risk hedging benefits of cryptocurrency 
and commodities against the Naira and the Egyptian pounds during extreme events. For the South 
African Rand and the Dinar, there are only tail-hedge benefits against the Naira and the Egyptian Pound, 
but not against Bitcoin, gold, and oil. Collectively, these results imply that during the recent Black Swan 
episodes (i) Sariah-based currencies (Egyptian pound and Algerian Lira) do not offer any hedging advan-
tages over currencies linked to traditional ‘financial systems’ (Nigeria and South Africa) (ii) currencies of 
oil-producing countries do not offer better hedges against financial assets compared to those of 
non-oil-producing countries and vice versa (iii) currencies linked to high-inflation (low-inflation) countries 
can (cannot) derive diversification benefits from hedging in commodities and cryptocurrencies.

5.  Conclusions

Following the COVID-19 outbreak, African currencies, bitcoin, gold and oil markets have exhibited tail-end 
behavior reflected in periodic ‘bull and bear’ cycles which are distinguishable from tranquil market 
dynamics. Whilst tail-end behavior in individual markets is evident, it is yet to be determined whether 
there exist systemic tail-end co-movements between African currencies and cryptocurrencies/

Figure 9.  Country-specific connectedness (returns).
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commodities markets in a network structure. To this end, our study uses a QVAR based approach to 
modelling tail-end spillovers and connectedness effects amongst African currencies and cryptocurrencies/
commodities markets with the purpose of identifying system-wide and pairwise spillovers amongst these 
markets across a series of ‘extreme events’ experienced between 4 November 2019 and 7 September 2022.

Our study identifies three ‘boom-bust’ periods in which tail-connectedness is more pronounced 
amongst the markets. First, the stock and oil market crashes in April 2020 were attributed to the abrupt 
shutdown of the world economy in response to the outbreak of the disease, which was followed by a 
sharp boom in markets following the approval of the COVID-19 vaccination in December 2020, stretching 
to March 2020. Second, the ‘great market boom’ experienced during the presidential race and elections 
between November 2020 and January 2021, with markets experiencing a bust following the January 6th 
capitol hill attacks. Lastly, at the start of the ongoing Russia-Ukraine war, when many commodities expe-
rienced boom markets, African currencies sharply deteriorated against the US dollar. At each of these 
extreme co-movements, left-tail and right-tail connectedness are found to be negatively correlated, thus 
reflecting the momentum herding type of behavior by market participants towards information emulat-
ing from one tail end while ignoring information associated with the opposite tail event.

The study further distinguished the net transmitters from the net receivers of systemic tail-end shocks 
to evaluate whether there exist any hedging benefits of cryptocurrency and commodity assets against 
African currency tail risk along the series of extreme events. From a system-wide perspective, we find the 
Egyptian Pound and the Naira (cryptocurrencies and commodities) to be net transmitters (receivers) of 
returns shocks during both bull and bear markets. However, the findings of the pairwise net spillover 
effects further show weak connectedness or strong hedging capabilities at all quantiles of distribution 
for the Egyptian Pound and Nigerian Naira against Bitcoin, gold, and oil (gold) for episodes prior (sub-
sequent) to the Russian-Ukraine conflict. Moreover, we observe the tail-end hedging benefits of the 
Egyptian Pound and Nigerian Naira against the Rand and Dinar, but not for the latter currencies against 
cryptocurrency and commodities.

Figure 10.  Country-specific connectedness (volatility).
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Four main economic institutions emerge from our findings. Firstly, tail-end connectedness has been 
prominent in the post COVID-19 era and further magnified during the Ukraine-Russia war. Secondly, 
currencies based on Shariah-compliant financial and banking systems do not offer more hedging bene-
fits from Bitcoin, oil and gold compared to currencies based on traditional financial and banking systems. 
Thirdly, currencies in either oil-exporting or oil-importing countries do no influence the diversification 
benefits gained from commodities and cryptocurrencies. Lastly, hedging properties of commodities and 
cryptocurrencies are more prominent in countries with high-inflation environments and are absent in 
countries with low-inflation rates.

Overall, our findings are relevant to market participants and policymakers, who have become increas-
ingly interested in exploring tail-risk hedge strategies to capitalize on sharp downside market swings and 
increase investment payoffs during extreme market movements. Our results show that traders of curren-
cies in high-inflation environments such as Naira and the Egyptian Pound can benefit from tail-risk hedg-
ing opportunities in Bitcoin, gold and oil,. These findings are also important for policymakers since 
several member states linked to the AfCFTA are currently experiencing high, double-digit inflation rates 
and hence the diversification benefits from cryptocurrencies and commodities can pay a role in reducing 
currency risk in cross-border trading and investment activities.

The main shortcoming of our study is the small number of markets included in the network anal-
ysis. Therefore, a natural avenue for future research would be to apply high-dimensional network 
models, such as the recently introduced quantile network autoregressive (QNAR) model, to examine 
tail-risk spillovers for a larger sample of African currencies. Also considering that low-inflation coun-
tries cannot derive any hedging benefits from commodities and cryptocurrencies, then future 
research can be conducted against a wider range of possible hedging instruments such as green 
assets and high-tech stocks.
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