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An investigation of financial contagion between 
cryptocurrency and equity markets: Evidence 
from developed and emerging markets
Olivier Niyitegeka1* and Sheunesu Zhou2

Abstract:  The present study conducts a dynamic conditional cross-correlation and 
time–frequency correlation analyses between cryptocurrency and equity markets in 
both advanced and emerging economies. The purpose of the study is twofold. First, 
the study investigates the presence of the pure (narrow) form of financial contagion 
between cryptocurrency and stock markets in both advanced and emerging 
economies, during the black swan event of the COVID-19 crisis. Second, the study 
examines the hedging and safe-haven properties of cryptocurrencies against equity 
markets, before and during periods of financial upheaval triggered by the COVID-19 
pandemic. Two econometric models are used: (1) the dynamic conditional correla
tion (DCC) GARCH and (2) the wavelet analysis models. Using the DCC GARCH model, 
the study found the evidence of high conditional correlations between cryptocur
rency and equity markets. The high conditional correlation was mostly detected in 
periods of financial turmoil corresponding to the first quarter and the second 
quarter of 2020. The increase in conditional correlation during periods of financial 
upheaval (compared to a tranquil period) indicates the presence of the pure form of 
financial contagion. The wavelet cross-correlation analysis showed the evidence of 
positive cross-correlation between the Bitcoin and the equity markets during period 
of financial turmoil. The cross-correlation was identified in both short and long 
(coarse) scales. In short scales, the equity markets lead the cryptocurrency market, 
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while the cryptocurrency market leads equity markets in coarse scales. The findings 
of the present study revealed that the degree of interdependence between crypto
currency and equity markets has substantially increased during the COVID-19 per
iod, and this has negated the safe-haven and hedging benefits of cryptocurrencies 
over equity markets.

Subjects: Econometrics; International Economics; Investment & Securities 

Keywords: COVID-19; cryptocurrency; DCC GARCH; equity market; financial contagion; 
wavelet analysis

1. Introduction
The value and popularity of cryptocurrencies have been increasing dramatically in recent years. 
Bitcoin, one of the leading and most liquid cryptocurrencies, has seen its price soar to record- 
breaking heights since its inception in 2008 by the developer operating under the pseudonym 
Satoshi Nakamoto (Biju et al., 2022). While advanced economies such as the USA are among the 
most technologically prepared for the adoption of crypto assets, emerging market economies have 
recently shown strong adoption of these assets, with nine of the top 10 big adopters in 2021 being 
from emerging markets (Iyer, 2022).

Due to their independence from momentary policies and apparent low correlation with tradi
tional assets, cryptocurrencies have been touted as a good hedge against inflation and a safe- 
haven when the stock market slumps. This has led to them being dubbed the “digital gold” (Huynh 
et al. (2021). However, the COVID-19 pandemic appears to have negated the diversification and 
hedging benefits of cryptocurrencies. Research has demonstrated that during the COVID-19 period, 
the correlation between crypto assets and traditional holdings such as stocks has significantly 
increased.1

It is against this background that the current study examines the pure (narrow) form of financial 
contagion between cryptocurrency and both developed and emerging equity markets, during the 
crisis caused by the COVID-19 pandemic. A financial contagion is defined as the spread of an 
economic crisis from one market or region to another due to factors that cannot be explained by 
economics fundamentals and are solely the result of irrational phenomena, such as panics, herd 
behaviour, loss of confidence, and risk aversion. Financial contagion happens if the correlation 
intensifies during the period of financial turmoil. If the co-movement does not intensify consider
ably during the period of financial upheaval, then any persistent high level of market correlation 
suggests only strong linkages between the two markets or economies, commonly referred to as 
interdependence. As previously mentioned, the recent adoption of cryptocurrencies has been 
particularly pronounced in emerging market countries, with emerging market economies account
ing for nine of the top 10 significant adopters in 2021 (Iyer, 2022).

It is also worth noting that there is a paucity of literature that attempts to investigate the 
correlation between cryptocurrencies with stock market returns especially in emerging economies 
markets. A review of existing studies by the researchers found that the study conducted by 
Shahzad et al. (2022) is the most closely related paper to the current study. Shahzad et al. 
(2022) examined the interconnectedness and interdependencies of Bitcoin, gold, and US VIX 
futures to evaluate their hedging abilities against downside movements in BRICS stock market 
indices. The authors concluded that gold, rather than Bitcoin, demonstrated greater and more 
consistent diversification advantages in China, especially during the COVID-19 pandemic. On the 
other hand, VIX futures appeared to offer enhanced diversification benefits in Brazil, Russia, India, 
and South Africa during the COVID-19 crisis, unlike Bitcoin. Shahzad et al. (2022) only focused on 
the BRICS stock market. The present study builds on the work of Shahzad et al. (2022) by 
examining the relationship between cryptocurrencies and stock market returns in a broader 
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context. Additionally, the findings of Shahzad et al. (2022) suggested that the diversification 
benefits of different alternative assets may vary across countries and during different market 
conditions. The current study aims to further investigate this relationship by using MSCI and 
S&P500 as proxies for emerging markets and advanced markets, respectively, to provide a more 
comprehensive understanding of the potential correlations between cryptocurrencies and stock 
market returns in different economies.

Our results show that there is a positive cross-correlation between the cryptocurrency and the 
equity markets during the period of financial turmoil caused by COVID-19. A positive high correla
tion during the period of turbulence (compare to stable periods) is indicative of the presence of the 
pure form of financial contagion between the two markets. The lead-lag analysis also revealed 
that in short- and medium-term horizon the equity markets (in both advanced and emerging 
economies) lead the cryptocurrency market, while the cryptocurrency market leads equity markets 
in long-term horizon. A positive cross-correlation (in-phase) relationship between the two market 
implies that there are reduced benefits of portfolio diversification and hedging strategies. The 
conclusion is that hedging strategies that would normally work under normal market conditions 
are prone to fail during the periods of financial/economic upheaval. Put simply cryptocurrency 
should not be used as a safe-haven during episodes of high volatility.

This section is an introduction. The rest of the paper is arranged as follow: Section 2 reviews the 
literature on volatility of cryptocurrencies and the spillover effects on other markets. In Section 3, 
the methodology used in the paper is outlined, whereas Section 4 presents the results from our 
analysis and also discusses these results in the context of the previous literature and the objectives 
of this paper. Section 5 concludes the paper, and Section 6 provides recommendations.

2. Literature review
Cryptocurrencies allow for the exchange of financial resources outside the regulated financial 
system. The blockchain technology on which these virtual currencies are based enables peer-to- 
peer transactions without the need for an intermediary or central bank backstop. While this makes 
the system susceptible to abuse by hackers, it is also cheaper to use compared to traditional 
banking systems. The advantage of using cryptocurrencies is their ability to facilitate transactions 
away from regulatory-imposed inefficiencies, transaction costs, and time delays created by inter
mediaries (Corbet et al, 2019; Naimy et al., 2021). In addition to the decentralised nature of crypto 
markets, high trading volumes have significantly ensured high liquidity, implying high efficiency in 
crypto markets compared to traditional financial markets. An increased number of cryptocurren
cies since the introduction of Bitcoin in 2008 has provided investors with alternative diversification 
instruments (Lucey et al., 2022).

There has been a renewed interest in volatility analysis in recent years, with a particular focus on 
cryptocurrencies (Bhosale & Mavale, 2018; Naimy et al., 2021; Saleh, 2019). Mainly two strands of 
literature analysing the volatility of crypto markets emerge from available studies. The first line of 
inquiry focuses on the volatility of and between different kinds of cryptocurrencies, and the second 
strand of literature examines volatility spillovers between cryptocurrencies and traditional asset 
classes. These two areas of research provide insights into the volatility dynamics of cryptocurren
cies in different contexts and contribute to our understanding of their behaviour in financial 
markets.

In the first strand of literature, scholars focused on the volatility of and between different kinds 
of cryptocurrencies (Kumar & Anandarao, 2019; Fakhfekh & Jeribi, 2020; Saleh, 2019). This litera
ture provides evidence of the high volatility in crypto markets compared to traditional financial 
markets. While this adds to our understanding of these new markets in general, the information 
provided is of particular interest to investors intending to add these assets to their portfolios or 
those already holding such assets in their portfolios. Available research points to a general con
sensus that cryptocurrencies offer high returns but also carry high risk (Iyer, 2022; Naimy et al.,  
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2021). Additionally, cryptocurrencies are found to exhibit market inefficiency and long memory 
(Kumar & Anandarao, 2019; Salisu & Ogbonna, 2021). Begušić et al. (2018) argue that the presence 
of fat tails and a finite second moment for Bitcoin returns signals the applicability of mainstream 
financial theories and analysis.

In addition to analysing the nature of volatility in cryptocurrencies, there have been studies that 
investigated the volatility dynamics among different types of cryptocurrencies. For instance, Gupta 
and Chaudhary (2022) conducted research on the relationship between the return and return 
volatility of four commonly traded cryptocurrencies. Their findings revealed a strong spillover 
effect between Bitcoin and Ether, as well as an asymmetric impact between Litecoin and XRP. In 
another study, Kumar et al. (2022) examined the interconnectedness among various types of 
cryptocurrencies and discovered that the volatility of Bitcoin is influenced by global uncertainty 
and the overall cryptocurrency market, rather than its own unique factors.

The second strand of literature analyses volatility spillovers between cryptocurrencies and 
traditional asset classes (Buchwalter, 2019; Iyer, 2022). This body of literature investigates how 
changes in volatility in one cryptocurrencies can impact or spillover into other types of assets, such 
as traditional financial assets. Buchwalter (2019) analysed spillover effects between several cryp
tocurrencies and traditional asset classes using the vector autoregressive (VAR) technique. The 
study found that about 15% of the volatility in traditional asset classes could be explained by 
volatility in cryptocurrencies. Corbet et al. (2019) conducted a similar study, analysing the volatility 
between crypto markets and various other markets, including the bond market, stock market, and 
gold. Their study employed the Diebold and Yilmaz (2012) generalised variance decomposition 
method and considered three types of cryptocurrencies namely Bitcoin, Litecoin, and Ripple. While 
their study established stronger interconnections between different crypto assets, they did not find 
stronger spillovers between crypto assets and other markets. Iyer (2022) investigated the volatility 
between cryptocurrencies and equity markets in the US and emerging markets also using the 
Diebold and Yilmaz (2012) approach to analyse spillovers between crypto markets and equity 
markets. The findings confirmed the assertion by Corbet et al. (2019) of very low interconnected
ness between crypto assets and equity markets prior to 2019 or during the pre-Covid period. 
However, the study found an increase in volatility spillovers between crypto assets and other 
markets during the COVID-19 pandemic (2020–2021). It is interesting to note that this volatility 
transmission increased in both directions, with volatility from crypto markets transmitted to equity 
markets and vice versa. Othman et al. (2019) analysed whether cryptocurrencies were symmetric 
or asymmetric informative using various GARCH and ARCH techniques. Their findings showed that 
Bitcoin is asymmetric informative and contains long memory, which is corroborated by several 
other studies that examine the volatility of crypto assets before and during the COVID-19 pan
demic (Catania & Grassi, 2017; Khan & Khan, 2021; Salisu & Ogbonna, 2021). Khan and Khan 
(2021) analysed the volatility of three cryptocurrency returns, including Bitcoin, Ethereum, and 
Litecoin, and found persistent volatility clustering, fat tails, and leverage effects to be present. 
Salisu and Ogbonna (2021) analysed the return volatility of Bitcoin, Ethereum, Litecoin, and Ripple 
and found increased volatility during the COVID-19 pandemic. These studies confirm the notion 
that crypto assets have high inherent volatility and long memory (Catania & Grassi, 2017). Li et al. 
(2022) analysed the sources of Bitcoin volatility using Conditional Autoregressive Value at Risk 
models (CAViaR) and found that speculation, market interoperability, and investor attention are 
the main drivers of Bitcoin volatility.

It is worth noting that in this particular strand of literature (second strand), researchers also 
analysed various properties of cryptocurrencies, such as their potential for hedging (Hung, 2022; 
Shahzad et al., 2022; Yousaf et al., 2022), safe-haven status (Dutta et al., 2020), and diversification 
benefits (Karim et al., 2021). These properties were compared to similar characteristics associated 
with gold with the aim of contrasting the findings. In other words, this line of research explores 
how cryptocurrencies are compared to gold2 in terms of their hedging, safe-haven, and diversifica
tion properties, providing insights into their similarities and differences from a volatility 
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perspective. For instance, Yousaf et al. (2022) analysed the return and volatility transmission 
between the pairs oil-gold and oil-Bitcoin using various multivariate GARCH models. They found 
that gold is a strong safe-haven and a hedge for the oil market, while Bitcoin serves as a diversifier 
for the oil market during the COVID-19 period. Dutta et al. (2020) obtained similar findings.

A survey of the literature by the researchers found limited studies that attempt to investigate 
the linkages between cryptocurrencies and stock market returns in both advanced and emerging 
economies financial markets. The closest papers to the current study are Shahzad et al. 2022 
study, which examined the hedging abilities of three alternative assets, namely Bitcoin, gold, and 
US VIX futures, against the downside movements in BRICS (Brazil, Russia, India, China, and South 
Africa) stock market indices. They found that Bitcoin, gold, and VIX futures have a time-varying 
hedging role in some BRICS countries, which has been shaped by the COVID-19 outbreak. 
Nonetheless, they found that gold demonstrates greater and more consistent diversification 
advantages in China, particularly in the wake of the COVID-19 pandemic, while VIX futures appear 
to offer enhanced diversification benefits in Brazil, Russia, India, and South Africa, especially during 
the outbreak of the COVID-19 crisis. Iyer (2022) analysed the spillover effects between Bitcoin 
returns and stock market returns in the US and emerging markets. Their study found an increased 
correlation between Bitcoin and other asset classes during the pandemic. Another study by Xu 
et al. (2022) examined the interconnectedness of cryptocurrency and crypto-exposed US compa
nies and found that the occurrence of significant increases in the returns of major cryptocurrencies 
increases the likelihood of significant increases in the stock returns of blockchain and crypto- 
exposed US companies. They also noted that the significant increases are not affected by the black 
swan event of COVID-19. The present study builds upon these previous research efforts and seeks 
to enhance the understanding of the relationship by providing a more comprehensive under
standing of the interconnectedness.

3. Data
That data used in the study consists of daily closing price of Bitcoin in US dollars as a proxy of 
cryptocurrencies, daily closing stock price of indices of S&P 500 index as a proxy for developed 
market, and daily closing stock price of indices of MSCI as a proxy of Emerging markets. The data 
spanning period is from 1 October 2014 to 5 March 2022. The data for BTC and MSCI were sourced 
from Yahoo finance website, while the data for S&P 500 were obtained for St Louis Federal Reserve 
Bank database. In instances where market data were not available due to market closure, the 
observation (date) in question was eliminated for all indices. Eliminating the dates in this way does 
not impact the results as all of the available market information is reflected in the price, as stated 
by the efficient market hypothesis (Srnic, 2014).

The study used daily data to obtain a meaningful statistical generalization and a clear picture of 
the movement of market returns. For detrending and in order to achieve more stationary time 
series data, the daily composite price indices were transformed into natural logarithmic returns 
expressed as follows: 

Rt ¼ ln Ptð Þ � ln Pt� 1ð Þ½ � � 100 

where Pt is the closing price index recorded for period t, and Pt� 1 is the closing price index recorded 
for period t−1. The reason for multiplying the expression ln Ptð Þ � ln Pt� 1ð Þ by 100 is due to 
numerical problems in the estimation part. This will not affect the structure of the model since it 
is just a linear scaling.

4. Methodology
The econometric models used in this study are discussed in this section; they are the dynamic 
conditional correlation (DCC) GARCH and the wavelet analysis. The DCC GARCH model is chosen 
over other multivariate GARCH models because as it allows correlations to be time-varying, in 
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addition to the conditional variances properties; hence the current study is able to assess whether 
or not correlations between two return series are time-varying and evolve according to the 
conditions that prevail in the markets (periods of stability versus periods of turmoil) 
(Ampountolas, 2022).

4.1. Dynamic conditional correlation GARCH3

Working under the assumption that volatility depends on the last period’s conditional volatility, the 
GARCH (1,1) model is expressed as follows: 

rt ¼ μt þ εt (1)  

σ2
t ¼ α0 þ α1ε2

t� 1 þ βσ2
t� 1 (2) 

where Equation 1 is the mean equation and Equation 2 is the conditional variance equation, α0 is 
a constant term, σ2

t is the volatility at time t, ε2
t� 1 is the previous period’s squared error term, and 

σ2
t� 1 is the previous period’s volatility. Statistically significant positive parameter estimates α1 and β 

(with the constraint α1 þ β < 1) would indicate the presence of clustering, with the rate of 
persistence expressed by how much closer α1 þ β is to unity. The constraint α1 þ β < 1 allows the 
process to remain stationary, with the upper limit of α1 þ β = 1, which represents an integrated 
process.

A key feature for an appropriate mean equation (Equation 1) is that it should be “white noise”, 
meaning that its error terms should be serially uncorrelated. In this regard the mean equation 
must be tested for autocorrelation (or ARCH effects), using the Durbin Watson (DW) test and/or the 
Lagrange multiplier (LM) autocorrelation test. Should there be evidence of autocorrelation, lagged 
values of the dependent variable should be added to the right-hand side of Equation 5.4 until serial 
correlation is eliminated. The appropriate mean equation must also be tested for autoregressive 
conditional heteroscedastic (ARCH) effect4to confirm that it is necessary to proceed to estimate 
GARCH models (Chinzara & Aziakpon, 2009).

Multivariate GARCH models are normally used to examine how equity markets are interrelated 
as volatilities of financial series are known to move synchronously across different markets or be 
slightly delayed. Multivariate GARCH models are in essence very similar to their univariate counter
parts, except that the former also specify equations for how the covariances move over time. 
Several different multivariate GARCH formulations have been proposed in the literature, and this 
section focuses on the DCC GARCH models.

The DCC GARCH model was introduced by Engle (2002) to capture the dynamic time-varying of 
conditional covariance. The DCC GARCH model is a dynamic model with time-varying mean, 
variance, and covariance of return series rt with the following equation: 

rt ¼ ut þ εt (3)  

εt Ωt� 1 ! Nj 0;Htð Þ

From the residuals of the mean equation, the conditional variance of each return is derived using 
Equation 4: 

h2
i;t ¼ α0 þ ∑

pi

j¼1
αjε2

i;t� j þ ∑
qi

j¼1
βjσ2

i;t� j (4) 
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where ∑
pi

j¼1
αj þ ∑

qi

j¼1
βj <1

Then, the multivariate conditional variance Htis estimated as follows: 

Ht ¼ DtRtDt (5) 

where Htis the conditional covariance matrix of rt, Dt represents a (k × k) diagonal matrix of time- 
varying standard deviations obtained from the univariate GARCH specifications given in Equation 5, 
and rtis the (k x k) time-varying correlations matrix derived by first standardising the residuals of 
the mean Equation 4 of the univariate GARCH model with their conditional standard deviations 
derived from Equation 5, to obtain ηit ¼

εitffiffiffiffiffiffi
hit

2
p .

The standardised residuals are then used to estimate the parameters of conditional correlation 
as given in Equations 6 and 7: 

Rt ¼ diag Qtð Þð Þ
� 1
2 Qt diag Qtð Þ

� 1
2

� �
(6) 

and 

Qt ¼ 1 � θ1 � θ2ð Þ�Qþ θ1ηt� 1η0t� 1 þ θ2Qt� 1 (7) 

where �Q is the unconditional covariance of the standardised residuals. The Qt does not generally 
have ones on the diagonal, so it is scaled as in Equation 6 above to derive Rt, which is a positive 
definite matrix. In this model, the conditional correlations are thus dynamic, or time-varying. θ1 

and θ2 from Equation 7 are assumed to be positive scalars with θ1+θ2<1.

Finally, the conditional correlation coefficient, ρij, between two market returns, i and j, is 
expressed by the following equation: 

ρij ¼
qij;t
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiqij;t; qjj;t
p ; i; j ¼ 1;2; . . . . . . :;n; and i�j (8) 

This can be expressed in typical correlation form by putting Qt ¼ qij;t as follows: 

ρij ¼
1 � θ1 � θ2ð Þ�q12 þ θ1η1;t � 1η2;t� 1 þ θ2q12;t� 1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1 � θ1 � θ2ð Þ�q11 þ θ1η2
1;t � 1 þ θ2q11;t� 1

h ir ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1 � θ1 � θ2ð Þ�q22 þ θ1η2
2;t� 1 þ θ2q22;t� 1

h ir (9) 

The parameters of the DCC model are estimated using the likelihood for this estimator and can be 
written as follows: 

L ¼ �
1
2

∑T
t¼1 n log 2πð Þ þ 2 log Dtj j þ log Rtj j þ η0tR

� 1
t ηt

� �
(10) 

where Dt ¼ diag
ffiffiffiffiffiffi
hi;t

p� �
and Rt is the time-varying correlation matrix.

4.2. Wavelet models
The true dynamic structure of the relationship between variables varies over different time scales. 
However, most econometric models focus on a two-scale analysis—short-run and long-run. This is 
mainly due to a paucity of empirical tools. Of late, wavelet analysis has attracted attention in the 
fields of economics and finance as a means of filling this gap (In & Kim, 2013).
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Wavelet analysis, according to Ranta (2010), decomposes variables into sub-time series. With 
these decompositions, researchers can capture both time series and frequency domain simulta
neously. Thus, wavelet analysis provides the ability to observe the multi-horizon nature of co- 
movement, volatility, and lead-lag relationships. For these reasons, wavelet analysis can be 
perceived as a kind of “lens” that enables researchers to take a close-up look at the details and 
draw a holistic image at the same time (Hashim & Masih, 2015).

Wavelet models are appropriate for the current study because not only do they allow the 
conducting of a lead/lag analysis,5 but they also enable the chronological specifications of vari
ables to be examined, especially decomposition into sub-time series and the localisation of the 
interdependence between time series (Hashim & Masih, 2015).

Wavelet analysis entails estimating an initial series onto a sequence of two basic functions, 
known as wavelets. The two basic functions are the father wavelet (also known as the scaling 
function), φ, and the mother wavelet (known as the wavelet function), ψ. The mother wavelet can 
be scaled and translated to form the basis for the Hilbert space L2 (R) of square-integrable 
functions.

The following functions can define the father and mother wavelets: 

ϕj;k tð Þ ¼ 2
j
2ϕ 2jt � k
� �

(11)  

ψ j;k tð Þ ¼ 2�
j
2ψ 2jt � k
� �

(12) 

where j = 1, . . ., J is the scaling parameter in a J-level decomposition, and k is a translation 
parameter (j,k 2 Z). The long-run trend of the time series is depicted by the father wavelet, 
which integrates to 1. The mother wavelet, which integrates to 0, expresses fluctuations from the 
trend.

4.2.1. The maximal overlap discrete wavelet transform (MODWT)
According to Abdullah, Saiti et al. (2016), both the discrete wavelet transform (DWT) and the 
maximal overlap discrete wavelet transform (MODWT) can decompose the sample variance of 
a time series. However, the MODWT gives up the orthogonality property of the DWT to gain other 
features. Hashim and Masih (2015) highlight the advantages of MODWT over DWT as follows: (1) 
the MODWT can handle any sample size regardless of whether or not the series is dyadic (that is of 
size 2J0, where J0 is a positive integer number); (2) it offers increased resolution at higher scales as 
the MODWT oversamples the data; (3) translation-invariance ensures that MODWT wavelet coeffi
cients do not change if the time series is shifted in a “circular” fashion; and (4) the MODWT 
produces a more asymptotically efficient wavelet variance than the DWT. The MODWT was chosen 
for the current study.

The MODWT estimator of the wavelet correlation is specified as follows: 

ρxy λj
� �
¼ Corr ωijt; ~ωijt

� �
¼

Cov ωijt; ~ωijt
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Var ωijt
� �

Var ~ωijt
� �q (13) 

where ωijtrepresents the scale of the wavelet coefficient λj obtained by applying MODWT. The 
decomposition of the time series using MODWT is done with Daubechies least asymmetric (LA) 
wavelet filter of length 8.

Niyitegeka & Zhou, Cogent Economics & Finance (2023), 11: 2203432                                                                                                                              
https://doi.org/10.1080/23322039.2023.2203432

Page 8 of 21



4.2.2. Wavelet variance and wavelet correlation
The MODWT can break down a sample variance of a series on a scale-by-scale basis since MODWT 
is energy conserving. 

jjx2jj ¼ ∑
j0

j¼1
jjfWjjj

2
þ jjfVj0 jj

2 (14) 

From equation 7.4 above, a scale-dependent analysis of variance from the wavelet and scaling 
coefficients is derived as follows: 

~v2
x ¼ jjX

2jj � �X2 ¼
1
N

∑
j0

j¼1
jjfWjjj

2
þ

1
N
jj~Vj0 jj

2
� �X2 (15) 

Percival and Walden (2006) highlight that wavelet variance is defined for both stationary and non- 
stationary processes by letting {Xt: t = . . ., −1, 0, 1, .. } be a discrete parameter real-valued stochastic 
process whose d th-order differencing will give a stationary process: 

Y; 1 � Bð Þ
dXt; ∑

d

k¼0

d
k

� �

� 1ð Þ
kXt� k (16) 

Let spectral density function (SDF) be SY(.) and mean μY. Let SX(.) denote the SDF for {Xt}, for which 
SX(f) = SY(f)/Dd(f), where D(f) ≡ 4sin2 (πf). Filtering {Xt} with a MODWT Daubechies wavelet filter. 

h
,

j;l

n o
of width L � 2d, a stationary process of jth-level MODWT wavelet is derived as follows: 

�Wj;t; ∑
Lj� 1

l¼0
h
,

j;lð ÞXt� 1; t ¼ . . . ; � 1;0;1 . . . (17) 

where �Wj;t is a stochastic process achieved by filtering {Xt} with the MODWT wavelet filter h
,

j;l

n o

and Lj; 2j � 1
� �

L � 1ð Þ þ 1.

With a series which is the realisation of one segment (with values X0, . . ., XN − 1) of the process 
{Xt}, under condition Mj ≡ N—Lj+1 > 0 and that either L > 2d or μx = 0 (realisation of either of these 
two conditions implies E �Wj;t

� �
¼ 0 and therefore υ2

X τj
� �
¼ E �Wj;t

� �
), an unbiased estimator of 

wavelet variance of scale τj υ2
X τj
� �� �

is given by Percival and Walden (2000): 

υ_2
X τj
� �
¼

1
Mj

∑N� 1
t¼L;� 1W

, 2

j;t (18) 

where W
,

j;t

n o
is the jth-level MODWT wavelet coefficient for time series 

W
,

j;t; ∑
Lj� 1

l¼0
h
,

j;lð ÞXt � 1 modN; t ¼ 0;1 . . . ;N � 1

 !

(19) 

It can be proved that the asymptotic distribution of v̂2
x τj
� �

is Gaussian, which allows the formula
tion of confidence intervals for the estimate (Percival, 1995; Dajčman, 2013). Given two stationary 
processes {Xt} and {Yt}, whose jth-level MODWT wavelet coefficients are �WX;j;t

� �
and �WY;j;t

� �
, an 

unbiased covariance estimator υ̂XY τj
� �

is specified by (Percival, 1995): 
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υ̂XY τj
� �
¼

1
Mj

∑
N� 1

t¼Lj � 1
h
, Xð Þ

j;t W
, Yð Þ

j;t ¼ cov �WX;j;t;
�WY;j;t

� �
(20) 

with Mj;N � Lj þ 1>0 being the number of non-boundary coefficients at the jth-level. The MODWT 
correlation estimator for scale τj can be obtained by using the wavelet covariance and the square 
root of wavelet variances: 

ρ_X;Y τj
� �
¼

υ_X;Y τj
� �

υ_X τj
� �

υ_Y τj
� � (21) 

where ρ̂X;Y τj
� �
� 1. The wavelet correlation is analogous to its Fourier equivalent, the complex 

coherency (Gençay, Selçuk and Whitcher, 2003).

Computation of confidence intervals is based on Percival (1995) and Percival and Walden (2006), 
with the random interval 

tan h h ρXY τj
� �� �

�
Φ� 1 1 � pð Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffi
Nj � 3

p

( )

; tan h h ρXY τj
� �� �

þ
Φ� 1 1 � pð Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffi
Nj � 3

p

( )" #

(22) 

capturing the right wavelet correlation and providing an approximate 100(1 – 2p)% confidence 
interval.

4.2.3. Wavelet cross-correlation
Cross-correlation is a method in wavelet analysis, which consists of estimating the degree to which 
two time series are correlated. The series can be shifted (either lag [π is then negative] or lead [π is 
then positive]) and then the correlation between the two time series computed. Cross-correlation 
analysis allows us to identify which series return innovations are leading the other’s return 
innovations, with the latter time series considered as lagging. The size and significance of cross- 
correlation indicate whether the leading time series has predictive power for the lagging time 
series. Just as the usual time-domain cross-correlation is used to determine the lead/lag relation
ships between two time series, the wavelet cross-correlation will provide a lead/lag relationship on 
a scale-by-scale basis. The MODWT cross-correlation for scale τj at lag π is formulated as follows: 

ρπ;XY τj
� �
¼

cov �W Xð Þ
j;t ;

�W Yð Þ
j;tþπ

n o

var �W Xð Þ
j;t

n o
var �W Yð Þ

j;tþπ

n o� �1
2

(23) 

where �W Xð Þ
j;t is the jth-level MODWT wavelet coefficient of time series {Xt}, at time t, and �W Yð Þ

j;tþπ is the 
jth-level MODWT wavelet coefficient of time series {Yt} lagged for π time units. Wavelet cross- 
correlation takes values, � 1 � ρ_π;XY τj

� �
� 1, for all τ and j. This can be shown using Cauchy– 

Schwartz inequality.

4.2.4. Wavelet coherence
The current study also uses a bivariate framework called wavelet coherence to examine the 
interaction between two time series and how closely a linear transformation relates them. The 
wavelet coherence of two time series is specified as follows: 

R2
n sð Þ ¼

S s� 1Wxy
n sð Þ

� ��
�

�
�2

S s� 1 Wx
n sð Þ

�
�

�
�2

� �
S s� 1 Wy

n sð Þ
�
�

�
�2

� � (24) 
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where S is a smoothing operator, s is a wavelet scale, Wx
n sð Þ is the continuous wavelet transform of 

the time series X, Wy
n sð Þis the continuous wavelet transform of the time series Y, and Wxy

n sð Þis 
a cross-wavelet transform of the two time series X and Y (Saiti et al., 2016).

5. Results of empirical models and discussion
This section presents the results from the two econometric model used namely (1) the DCC GARCH 
model and (2) the wavelet analysis models.

5.1. Results of DCC GARCH
Table 1 presents a summary of the DCC model parameter estimates.

The univariate GARCH (1,1) parameter estimates for both between S&P500 and Bitcoin return 
represent the diagonal element of Dt as defined in Equation 5 appear to be significantly different 
from zero at the 5% level of significance, meaning that the parameters all have a significant effect. 
The significance of the univariate GARCH parameter α1 and β1 means that the conditional volatility 
of S&P500 and Bitcoin returns are highly persistent and that the stock market reacts differently 
from shocks emanating from other markets. Furthermore, the sum of parameter estimates α1 and 
β1 is less than unity which implies that both Bitcoin and S&P 500 returns slowly equilibrates, and 
shocks slowly decay.

The DCC-GARCH (1,1) parameters θ1 and θ2 are also presented in Table 1; they measure the 
impact of past standardised shocks (θ1) and lagged dynamic conditional correlations (θ2) on the 
current dynamic conditional correlations. The DCC-GARCH (1,1) parameters θ1 and θ2 statistically 
significant at 5% level of significance. Joint significance parameters θ1 and θ2 means that the DCC 
model is adequate at measuring both time-varying conditional correlations. It is also worth noting 
that the sum θ1 + θ2 = 0,992573 < 1 suggesting that the estimated correlation matrix Rt is posi
tively defined

A plot of the estimated conditional correlations by the DCC model is presented in Figure 1. The 
general impression is that prior to the crisis caused by COVID-19, the conditional correlation 
fluctuated between 0.2 and −0.1. The conditional correlations started its upward trend toward 
October 2020 to what seem to me a response to a second phase of lockdowns across the globe; 
however, it decreases slightly toward the beginning of 2021, and this decrease can be attributed to 

Table 1. A summary table of the DCC model parameter estimates between the S&P500 and 
Bitcoin

Parameter Estimate SE P-value
S&P500 α0 0.000005 0.000006 0.452963

α1 0.142171 0.045657 0.001846

β1 0.802561 0.042068 0.000000

BTC α0 0.000146 0.000053 0.005881

α1 0.142171 0.045657 0.001846

β1 0.802561 0.042068 0.000000

θ1 0.012315 0.006041 0.041501

θ2 0.980258 0.013447 0.000000

ρij[corr(S&P500, BTC)] 0.1027023

Maximized Log-likelihood 9537.823

Parameter estimates with P-value less than 0.05 are considered statistically significant. 
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Figure 1. Estimated conditional 
correlation using DCC GARCH 
between S&P500 (developed 
equity market) and Bitcoin 
(cryptocurrency).

Figure 2. Estimated conditional 
correlation using DCC GARCH 
between MSCI (emerging equity 
market) and Bitcoin 
(cryptocurrency).

Table 2. A summary table of the DCC model parameter estimates between the MSCI and 
Bitcoin

Parameter Estimate SE P-value
MSCI α0 0.000016 0.000008 0.045941

α1 0.141595 0.032254 0.000011

β1 0.762909 0.060615 0.000000

BTC α0 0.000152 0.000053 0.003868

α1 0.151759 0.045696 0.000897

β1 0.790803 0.041027 0.000000

θ1 0.021200 0.008730 0.015166

θ2 0.941413 0.032550 0.000000

ρij[corr(MSCI, BTC)] 0.1487217

Maximized Log-likelihood 8649.019

Parameter estimates with P-value less than 0.05 are considered statistically significant. 
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a market-wide market price crash in cryptocurrency as a result of Elon Musk’s announcement6 and 
the announcement from the People’s Bank of China7 (Özdemir, 2022).

Table 2 present a summary of the DCC model parameter estimates for both between MSCI and 
Bitcoin. The result obtained seems seminal results as with S&P500. It is however worth noting that 
value of the conditional correlation coefficient (ρ) for across pairs is of a higher magnitude in the 
between MSCI and BTC. These indicate that the degree of interdependence between cryptocur
rency and equity markets has substantially increased in the post-COVID-19 period and that it is 
significant for emerging markets. The relatively high interconnectivity between cryptocurrency and 
emerging markets may be due to the higher adoption rates of crypto assets in emerging markets 
in recent years. Iyer (2022) revealed that adoption of crypto assets has been particularly pro
nounced in emerging market countries, with emerging market economies accounting for nine of 
the top 10 significant adopters in 2021.

Similarly, the plot conditional correlation for MSCI and BTC as presented in Figure 2, follows the 
same patterns as S&P500 and BTC with the highest conditional correlation recorded around the 
end of 2019, which coincide with the official announcement of the COVID-19 cases in China as the 
correlations in the former period appear to be lower than those in the latter period. Negative 
correlations were recorded around May 2019, November 2017, and April 2016. An increasing 
correlation during the crisis period indicates the presence of financial contagions between crypto
currency market and equity markets. The findings also suggest that cryptocurrencies lose their 
hedging and safe-haven properties during period of financial crisis. These results are in line with 
Murty et al. (2022) findings who analysed safe-haven properties of Bitcoin, Ethereum, Litecoin, and 
Ripple against the Jakarta composite index (JKSE) during COVID-19 crisis and found that none of 
these cryptocurrencies were safe-haven assets during the COVID-19 crisis period.

5.2. Results of wavelet models
In order to analyse financial volatility spillover between developed markets and cryptocurrency 
market, a MODWT transformation was performed on a pair of the indices return series of the 
S&P500 and Bitcoin. The MODWT used the Daubechies least asymmetric filter, with a wavelet filter 
length of 8(LA) to examine financial contagion in the wake of the sub-prime crisis. The maximum 
level of MODTW is 8(J0 = 8). The wavelet analysis was performed with eight scales that span from 
two-day to one-and-a-half–year dyadic steps (2–4 days, 4–8 days, 8–16 days, 16–32 days, 32–64  
days, 64–128 days, 128–256 days, and 256–512 days). Scales are presented on the horizontal axis, 
and correlations on the vertical axis. To analyse statistical significance, 95% confidence intervals 
are used.

Figure 3. Correlation of S&P500 
and Bitcoin at different time 
scales.
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It can be seen in Figure 3 that the wavelet correlations between the S&P500 and Bitcoin tend to be 
constant around 0.2. However, there is a slight decrease on scale 6; after that the correlation increases 
again, reaching values close to unity at scale 8. This implies that discrepancies between the pairwise 
returns of the S&P500 and Bitcoin do not dissipate for less than a year. In other words, for the more 
extended period, the correlation between S&P500 and Bitcoin should not be ruled out. This can also be 
interpreted as perfect integration between S&P500 and Bitcoin, in the sense that the S&P500 returns 
can be determined by the overall performance of Bitcoin at horizons longer than a year.

The study also examined pairwise cross-correlations between the S&P500 and Bitcoin at all periods 
with the corresponding approximate confidence intervals against lead time and lags for the different 
wavelet scales up to 33 days. The study thus calculates the cross-correlation of S&P500, and Bitcoin 
returns series first by lagging the Bitcoin series by 33-time units. The study then sequentially repeats 
the calculation of the cross-correlation for other time shifts (from 32-time units to the leads of 33-time 
units). If the curve is significant on the left, the first variable, i.e. S&P500, is leading. Conversely, if the 
curve is significant on the right side of the graph, the second variable, i.e. Bitcoin, is leading. It can be 
seen from Figure 4 that at the shortest scales, i.e. scales 1 to 4, the cross-correlations around the time 
shift of π = 8 and π = − 8 are significant and positive. It can also be seen that for scales 3, 4, and 5, the 
graphs are slightly skewed to the right, indicating that the Bitcoin leads S&P500.

The coarse scales—particularly scales 5 and 6 — achieve the highest correlation at a time shift of π  
= 30 and π = − 30. It should be noted that on scale 8, a significantly negative correlation the right-hand 
side with implications that the individual Bitcoin lead S&P500. It should also be noted that scales 5 and 

Figure 4. Cross-correlations 
between the return series of 
S&P500(developed equity mar
ket) and Bitcoin (cryptocurrency 
market).
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6 have symmetrical distributions; hence, the study could not identify any lead/lag relationship at these 
time horizons. It can also be seen that scale 8 a significant negative wavelet cross-correlation is 
recorded on the right-hand side with implications that the individual Bitcoin lead the S&P500. As for 
scale 7, there is no clear evidence of a lead-lag relationship. Finally, the contemporaneous time scale 
correlation between the series indicates the presence an anti-correlation relationship.

Figure 6 presents the estimated cross-wavelet coherence contour plots, between the return series 
of S&P 500 and Bitcoin. The values for the 5% significance level represented by the curved line are 
obtained from Monte Carlo simulations. The name of the variable presented first is the first series (i.e. 
S&P 500), while the other one is the second series (i.e. Bitcoin). In wavelet coherence mapping, time 
is displayed on the horizontal axis—which is converted to time units (daily)—whereas the vertical 
axis shows the frequency (the lower the frequency, the higher the scale). One should note that the 
vertical axis, in our case of financial time series, can be interpreted as a period in days or as the 
investment horizon in days. Therefore, the higher the frequency, the lower is the investment period. 
The current study can therefore distinguish different scales in the frequency domain as short-term 
investment horizon (from beginning up to 16), medium-term investment horizon (from 32 days up to 
one year), and long-term investment horizon (beyond one year).

Figure 5 shows the directions of arrows and their meanings. When the two series are in-phases, 
it indicates that they move in a similar direction and anti-phase means that they move in the 

Positively correlated 

Negativ ely correlate d

2nd variable leads 

1st variable leads 

1st variable leads 

2nd variable leads 

Figure 5. Direction of arrows 
and their meaning.

Figure 6. Wavelet coherence 
between S&P500 (developed 
equity market) and Bitcoin 
(cryptocurrency market). 
Directions of arrows and their 
meaning: → positively corre
lated, ←negatively correlated, ↗ 
2nd variable (BTC) leads, ↘1st 

variable (S&P500) leads, ↖1st 

variable (S&P500) leads, and 
↙2nd variable (BTC) leads.
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opposite direction. Arrows pointing to the right-down (South-East) or left-up (North-West) indicate 
that the first variable is leading, while arrows pointing to the right-up (North-East) or left-down 
(South-West) show that the second variable is leading.

From Figure 6, it is evident that the periods of turmoil caused by COVID-19’s first and second 
waves (around the second quarter and last quarter of 2020) are characterised by warmer colours. 
One should also note that the high correlations are found in the short- and medium-term horizon. 
This is indicative of financial contagion in its pure form; it is also worth noting that in periods of 
high correlation in short term, the arrows mainly point South-East, indicating a positive correlation 
between S&P500 and Bitcoin with S&P500 leading the causal effect. The presence of high correla
tion at lower scales (short-time horizon) indicates the presence of financial contagion, implying 
that the COVID-19 pandemic stimulated risky (irrational) behaviours among financial investors 
such as herd behaviour (Saiti et al., 2016). Another heating of the map is experienced in the 
medium-term horizon associated to 2 months or more (64 days) with arrow pointing North-East, 
indicating that the Bitcoin is leading S&P500. High correlation in the long-term horizon is indicative 
of co-movement due to fundamentals.

It is noteworthy that the stock markets lead the crypto market specifically in the short-term 
horizon. This means that the equity market react quicker to new information from crypto market. 
The implications thereof is that as far as the selected equity markets (advanced and emerging 
markets) are concerned, stability risks that might be caused by extreme price volatility emanating 
from cryptocurrency market can be ruled, for short-term to medium-term horizon, as spillovers 
occur in the reverse direction, that is from equity markets to crypto assets.

In order to analyse financial volatility spillovers between emerging markets and crypto market, 
a MODWT transformation was performed on a pair of return series of MSCI and Bitcoin. The 
MODWT used the Daubechies least asymmetric filter, with a wavelet filter length of 8 (LA) to 
examine financial contagion in the wake of the sub-prime crisis. The maximum level of MODTW is 8 
(J0 = 8). The wavelet analysis was performed with eight scales that span from two-day to one-and 
-a-half–year dyadic steps (2–4 days, 4–8 days, 8–16 days, 16–32 days, 32–64 days, 64–128 days, 
128–256 days, and 256–512 days). Scales are presented on the horizontal axis and correlations on 
the vertical axis. To analyse statistical significance, 95% confidence intervals are used.

It can be seen in Figure 7 that the wavelet correlations between the MSCI and Bitcoin follow 
similar trend as the S&P 500, for instance the correlations tend to be constant around 0.2. 
However, there is a slight decrease on scale 6; after that the correlation increases again, reaching 
values close to unity at scale 8. This implies that discrepancies between the pairwise returns of the 
MSCI and Bitcoin do not dissipate for less than a year. In other words, for the more extended 

Figure 7. Correlation of MSCI 
(emerging equity market) and 
Bitcoin (cryptocurrency market) 
at different time scales.
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period, the correlation between MSCI and Bitcoin should not be ruled out. This can also be 
interpreted as perfect integration between MSCI and Bitcoin, in the sense that the MSCI returns 
can be determined by the overall performance of Bitcoin at horizons longer than a year.

The study also examined cross-correlations between the MSCI and Bitcoin at all periods with the 
corresponding approximate confidence interval against lead time and lags for the different wavelet 
scales up to 33 days. The study thus calculates the cross-correlation of MSCI, and Bitcoin returns series 
first by lagging the Bitcoin series by 33-time units. The study then sequentially repeats the calculation 
of the cross-correlation for other time shifts (from 32-time units to the leads of 33-time units). If the 
curve is significant on the left, the first variable, i.e. MSCI, is leading. Conversely, if the curve is 
significant on the right side of the graph, the second variable, i.e. Bitcoin, is leading. It can be seen 
from Figure 8 that at the shortest scales, i.e. scales 1 to 2, there is no clear evidence of a lead-lag 
relationship, the cross-correlations. For scales 3 and 4, the cross-correlations around the time shift of 
π = 8 and π = −8 are significant and positive. It can also be seen that for scales 3 and 4, the graphs are 
slightly skewed to the left, indicating that the MSCI leads Bitcoin.

The scale 5 achieves the highest correlation at π = 19 and π = −19. And the graph is skewed to 
the right that the Bitcoin leads MSCI; for scales 6 and 7, there is no clear evidence of a lead-lag 

Figure 8. Cross-correlation 
between the return series of 
MSCI (emerging equity market) 
and Bitcoin (cryptocurrency 
market).
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relationship. Finally, the contemporaneous time scale correlation between the series indicates the 
presence an anti-correlation relationship.

Figures 9 presents the estimated cross-wavelet coherence contour plots between the return series 
of MSCI and Bitcoin. The values for the 5% significance level represented by the curved line are 
obtained from Monte Carlo simulations. The name of the variable presented first is the first series 
(i.e. S&P 500), while the other one is the second series (i.e. Bitcoin). In wavelet coherence mapping, 
time is displayed on the horizontal axis—which is converted to time units (daily)—whereas the vertical 
axis shows the frequency (the lower the frequency, the higher the scale). One should note that the 
vertical axis, in our case of financial time series, can be interpreted as a period in days or as the 
investment horizon in days. Therefore, the higher the frequency, the lower is the investment period. 
The current study can therefore distinguish different scales in the frequency domain as short-term 
investment horizon (from beginning up to 16), medium-term investment horizon (from 32 days up to 
one year), and long-term investment horizon (beyond one year).

We can identify in Figure 9 a high correlation around the beginning of 2020 and mid-2020 and the 
time horizon associated to 2 weeks’ time scale; hence the conclusion that the co-movement is due to 
financial contagion. In period of high correlation, the arrows mainly point South-East, indicating 
a positive correlation between MSCI and Bitcoin with the MSCI leading. The presence of high correla
tion is also noticed in long-term horizon associated to 160 days with the arrows pointing North-East, 
indicating that the Bitcoin is leading MSCI. High correlation in short-term horizon during periods of 
financial upheaval is indicative of the presence of financial contagion between the cryptocurrency and 
equity markets, and it also suggests that cryptocurrency lost their safe-haven properties during 
periods of financial instability caused by COVID-19. The results confirm findings from previous studies 
by Buchwalter (2019) who found that contagion between crypto assets and equity markets is low 
during normal times but rises during periods of economic turmoil. There is high correlation between 
stock markets and crypto assets in the short to medium term. However, our findings in the long-run 
show non-existence of contagion between crypto assets and stock markets. This is in line with studies 
such as Cobert et al. (2019), who find no contagion between crypto assets and other financial assets.

6. Conclusion
The present study examined the volatility of the pure (narrow) form of financial contagion between 
cryptocurrency and stock markets during the crisis caused by the COVID-19 pandemic. Two 
econometric models are used in the study; they are (1) the DCC GARCH model and (2) the wavelet 
analysis model. The DCC GARCH model was chosen due to its capability to capture time-varying 
conditional correlations and covariances

Figure 9. Wavelet coherence 
between MSCI (emerging mar
ket) and Bitcoin (cryptocur
rency market). Directions of 
arrows and their meaning: → 
positively correlated, ← nega
tively correlated, ↗ 2nd 
variable(BTC) leads, ↘1st 

variable(MSCI) leads, ↖ 1st 
variable (MSCI) leads, and ↙2nd 

variable (BTC) leads.
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Using the DCC GARCH model, the study found the evidence of increasing conditional correlations 
between cryptocurrency and the equity markets in advanced and emerging economies. The 
increasing conditional correlation was mostly detected in periods of financial turmoil correspond
ing to the first quarter and the second quarter of 2020. The increase in conditional correlation 
during periods of financial upheaval (compared to a tranquil period) indicates the presence of the 
pure form of financial contagion.

The wavelet cross-correlation analysis showed the evidence of positive cross-correlation 
between the Bitcoin and the equity markets, and the cross-correlation was identified in both 
short- and medium-term horizons. In the short-term horizon, the equity markets lead the crypto
currency market, while the cryptocurrency market leads equity markets in the medium term. The 
wavelet analysis results also revealed the presence of high correlation at the short- to medium- 
term horizon during the period of financial turmoil. High correlation during the period of financial 
turmoil indicates the existence of the pure form of financial contagion between Bitcoin and 
advance equity markets. The main finding of the study is that cross-market hedging strategies 
between cryptocurrency and the stock markets may be effective in times of normal market 
stability, but they are more likely to fail in times of financial or economic turmoil due to the 
increased interconnectedness between the two markets.

7. Policy implications
The current study found the evidence of financial contagion between the cryptocurrency and 
equity markets. In the short-term investment horizon, stock markets lead cryptocurrency markets, 
while in the medium-term horizon, the cryptocurrency market leads stock markets. The implica
tions thereof are that, firstly, for optimal portfolio diversification and better management, inves
tors should not rely on cryptocurrencies as an alternative asset (safe-haven) to provide shelter 
from turbulence in traditional markets. Secondly, the fact that in the medium-term horizon, the 
cryptocurrency market was found to lead equity markets implies that policymakers, investors, and 
regulatory authorities should monitor closely the movement in the cryptocurrencies markets—for 
the medium-term investment horizon—and design appropriate regulatory policies to mitigate 
systemic risks emanating from cryptocurrencies.
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Notes
1. For example, if compared to the pre-pandemic year, 

the correlation between Bitcoin and S&P500 return has 
more than quadrupled (van de Schootbrugge, 2022).

2. Cryptocurrencies such as Bitcoin are often compared 
to gold due to their scarcity and decentralized nature, 
which makes them attractive to investors seeking 
protection against inflation and economic uncertainty. 
Their limited supply, like gold, adds to their perceived 
value, with only 21 million bitcoins available and no 
more to be produced once that number is reached.

3. This section relies heavily on Chittedi (2015).
4. The ARCH (AutoRegressive Conditional Heteroskedasticity) 

effect takes place when the variance of the current error 
term is related to the size of the previous period’s error 
term.

5. It should be drawn to the reader’s attention that while 
interpreting the result of wavelet phase-difference in 
the field of finance and economics, the leading role of 
one market over another market does not necessarily 
imply that there is a specific causality between the 
two. We should interpret with caution that the two 
markets, in fact, co-move with one market taking 
a leading role over another (Dewandaru et al., 2018).

6. Elon Musk, the CEO of Tesla and SpaceX, sent out 
a tweet on 12 May 2021 that said Tesla would no 
longer be accepting payments in Bitcoin owing to the 
high energy consumption of Bitcoin in the mining pro
cess. This decision sent cryptocurrencies into 
a downward spiral, and Bitcoin fell to nearly $30 000.

7. 18 May 2021, the People’s Bank of China (PBOC) 
announced that financial institutions in the country 
were prohibited from conducting any transactions 
involving cryptocurrencies, including Bitcoin.
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