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Abstract: This study aimed to uncover the impact of COVID-19 on the leading cryptocurrency
(Bitcoin) and on sustainable finance with specific attention to their potential long memory properties.
In this article, the application of the selected methodologies is based on a fractal and entropy analysis
of the econometric model in the financial market. To detect the regularity /irregularity property of a
time series, approximate entropy is introduced to measure deterministic chaos. Using daily data for
Bitcoin and sustainable finance, namely DJSW, Green Bond, Carbon, and Clean Energy, we examine
long memory behaviour by employing a rescaled range statistic (R/S) methodology. The results of the
research present that the returns of Bitcoin, the Dow Jones Sustainability World Index (DJSW), Green
Bond, Carbon, and Clean Energy have a significant long memory. Contrastingly, an interdisciplinary
approach, namely wavelet analysis, is also used to obtain complementary results. Wavelet analysis
can provide warning information about turmoil phenomena and offer insights into co-movements
in the time—frequency space. Our findings reveal that approximate entropy shows crisis (turmoil)
conditions in the Bitcoin market, despite the nature of the pandemic’s origin. Crucially, compared
to Bitcoin assets, sustainable financial assets may play a better safe haven role during a pandemic
turmoil period. The policy implications of this study could improve trading strategies for the sake of
portfolio managers and investors during crisis and non-crisis periods.

Keywords: approximate entropy; COVID-19 impact; Hurst exponent; (R/S) fractal analysis;
wavelet entropy

1. Introduction

The unprecedented COVID-19 pandemic shocked global financial markets, including
cryptocurrency, commodities, and related crude oil energy markets. Numerous studies
have studied the impacts of the COVID-19 outbreak, especially on cryptocurrency mar-
kets (e.g., [1-3]) and equity markets (e.g., [4,5]), commodity markets (e.g., [6]), crude oil
markets ([7,8]), foreign exchange (FX) markets ([9,10]), and macroeconomic policy ([11,12]).
Given the evidence, many mainstream studies have investigated the potential shock of the
COVID-19 pandemic.

Elgin et al. [13] have documented the sustainable volatility driven by the turmoil
of the pandemic and the subsequent increases in global markets. The recent literature
has also investigated the performance of cryptocurrencies post-COVID-19 pandemic.
Lahmiri et al. [14] have pointed out that the Bitcoin market showed irregularity, larger
instability, and the characteristics of long memory and multifractality during the pandemic.
Sarkodie et al. [15] have explored the implication of the COVID-19 pandemic on the price
volatility of several major cryptocurrencies. However, the empirical relationships between
cryptocurrency, global sustainable financial markets and the COVID-19 pandemic have
been under-investigated. For the purpose of identifying research gaps, the major scope of
this study provides fresh evidence that the persistence level in the Bitcoin and sustainable
financial markets experienced adverse reactions to the COVID-19 outbreak. Additionally,
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few studies have taken wavelets into consideration to distinguish co-movements between
Bitcoin and sustainable finance in the frequency and time dimensions. Notably, our work
highlights the important matter of conducting long-range dependence and fractal analyses
of the Bitcoin and sustainable financial markets during economic shocks and turmoil pe-
riods, such as the COVID-19 disturbance and climate extremes. In the relevant literature
review, Jalan et al. [16] and Yarovaya et al. [17] found evidence that crashing cryptos do not
recover or bounce back during times of crisis when there is much disturbance caused by
an extreme external event, such as the COVID-19 pandemic outbreak. It was found that
cryptocurrencies have a volatile and unpredictable nature, and these cryptocurrencies are
also highly risky in non-crises eras concerning the unpredictability of returns (e.g., [18]).
Contrastingly, the evidence of long memory and fractal connectivity and their implications
for market efficiency resembles that of [19-21]. The authors investigated the market effi-
ciency or inefficiency of crypto-assets, employing long-rang dependence methods. Other
studies, such as that of Keshari Jena et al. [22], provide evidence that Bitcoin is the third
most inefficient cryptocurrency, while DASH and NEM have been found to be the most
inefficient cryptocurrencies.

Loosely speaking, gold, in particular, is considered a dominant safe haven property
for market participants and portfolio managers during crisis times [18,23,24]. On the other
hand, there is a question as to whether Bitcoin and sustainable financial markets may play
the role of a safe haven asset amid concerns due to pandemic turmoil. This study aims to
answer this question.

Additionally, the rapidly growing literature on climate finance has identified that green
bonds and ESG assets can be effective hedging tools against climate risk [25]. Moreover,
both green bonds and clean energy equities can offer diversification benefits for market
participants with energy equities [26,27]. As concern over the systemic risk of global warm-
ing and climate change continues, attention is being drawn to reducing the idiosyncratic
risk of carbon assets. To achieve the objective of promoting ESG transparency, S&P Dow
Jones Indices LLC provides four carbon exposure metrics for world carbon-efficient indices
to aid investors in measuring, recognizing, and administrating carbon risk.

According to the S&P Dow Jones Indices, the carbon exposure metrics are as follows:

(1) Carbon footprint: The primary and operational supply chain carbon footprints of the
index components per USD one million in investment are aggregated.

(2) Weighted average carbon intensity: The intensity-weighted mean of the individual
corporate intensities, weighted as proportions of each component of the index.

(38) Carbon efficiency: The primary and operational supply chain carbon footprints of
index components per USD one million in revenues are aggregated.

(4) Fossil fuel reserves: The possible carbon footprint that may result from the feasible
and proven fossil fuel reserves of the index components being burned, for every USD
one million invested.

Additionally, this work ultimately builds upon previous studies in several important
ways, and offers the following three major contributions.

First, the existing literature on nonlinear dependence and causality volatility in price
behaviour only utilizes stationary time series. To fill this gap, an approximate entropy
methodology is utilized, which does not require any stationary assumption.

Second, unlike previous studies, we pay attention to providing insightful evidence
regarding the safe haven capacity of risk exposures, and then observe the potential infor-
mation of approximate entropy among Bitcoin, sustainable finance, and fears regarding the
impact of COVID-19.

Third, we fill a significant research gap; scarce literature considers wavelet analysis for
exploring Bitcoin and sustainable finance co-movements in frequency and time dimensions.

As far as we know, this is the first article to uncover information linkages between
Bitcoin, sustainable finance, and the impact of COVID-19. Subsequently, we analyse
whether Bitcoin and these sustainable financial assets can be regarded as safe haven assets
amid fears regarding the COVID-19 crisis. From a practical viewpoint, and in the context of
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the fight against climate change, our findings suggest that sustainable financial assets may
play a better safe haven role during periods of turmoil such as the COVID-19 pandemic.
The paper is laid out in four sections. Section 2 presents our empirical design and
econometric model. Section 3 presents the research data. Section 4 presents the research
methodology and analyses estimation results, and Section 5 concludes the article.

2. Research Methodology
2.1. Long Memory Tests for Fractal Time Series

Financial markets have a potentially fractal nature, especially regarding the relative
tendency of a time series to revert strongly to the mean or cluster in a nonlinear characteris-
tic; thus, the Hurst exponent is commonly introduced to capture fractality (e.g., [28]). In
addition, the Hurst exponent (HE) and rescaled range (R/S) analyses are generally applied
to measure the long memory of a time series (see [29,30] among others).

Motivated by the above discussion, and to examine the long memory of these series,
we use the HE as computed via rescaled range statistics. Then, HE is used to categorise
a time series, and offers a statistical measure for the fractal geometry of the time series
and long-term correlation memory. The memory is also called long-range dependence,
implying the existence of interdependence between the observed periods of time series,
even though these are separated periods.

The long-term memory statistics of a rescaled range (R/S) fractal analysis are described
below. In this study, we consider the logarithmic returns of cryptocurrency to be sustainable
financial assets denoted as the time series X = Xj, X3, ..., Xy, and the steps of the R/S
analysis can be summarized as follows.

Step 1: Determine the profile of subsample means. The mean of the m value is
computed as follows:

1 n
m= =Y X; (1)
i3

Step 2: The demeaned return return (deviate) mean adjusted series Y is computed as
the following Equation (2).

Yt: Xt —m, t= 1, 2, """ , n. (2)

Step 3: Regarding the cumulative sum of diminished returns, the cumulative deviate
series D can be computed:

Di=Y " Y t=1,2 - . 3)

Alternatively, Equation (3) can be written as D; = Zle X; — tm.
Step 4: The subsample range is computed as the max minus min of the cumulative
deviate, based on the following equation:

Ry =max(Dq,Dq, -+~ ,D;) —min(Dy,Dyp, -+ ,Dy), t=1,2, -+ ,n. (4)

H=1,2, -, 1 )

Step 6: Calculating the rescaled range (R/S) series, it is easy to infer the following
definition:
(R/S)t:Rt/Sti’Zl, 2, e, N
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where (R/S), denotes the mean across the districts, and can be described as the average
over all the partial time series, until

(X1, Xi], (X1, Xot], [X(mfl)tJrermt

where m = floor(n/t), assuming that there is a time series with n observations for equal
intervals of time. The observations are divided into m floor (sub-periods) with the same
number of observations t, such as m x t = n. Accordingly, m = floor(n/t).

Eventually, the Hurst exponent indicates that (R/S) scales are estimated by fitting the
power law as the time grows, which can be shown as follows.

(R/S), =t (6)

In this scenario, c refers to a constant, and t represents n observations in the sub-
periods. H is termed the HE (Hurst exponent), and taking the logarithm for Equation (6),
the HE can be expressed.

log(?) = logc + Hlog(t) (7)

The HE is the Hurst exponent, and characterizes the long memory dependence. The
different scenarios have been classified as follows:

(1) H=0.50 shows the given time series that follows a random walk governed by standard
Brownian motion. The recent time will not affect the upcoming future direction.

However, if H # 0.5, the related time series shows evidence of long-term correlations.

(2) 0< H <0.50, the time series have the properties of a state that is ergodic or anti-persistent.
(3) 0.50 < H < 1.00 indicates that the time series exhibits persistent or trend-reinforcing
behaviours, also called persistent memory:.

Importantly, it should be noted that the R/S analysis does not require the underlying
values to follow the normal distribution; this only applies to independent values. Therefore,
the Hurst exponent H ranges between 0 and 1, whose value implies some features of the
process, see [28,31].

2.2. Approximate Entropy (ApEn) Approach

To provide a focused analysis of the potential information transmission patterns
of Bitcoin, sustainable finance, and the impact of COVID-19, we employ an approximate
entropy approach to capture the unique features of these assets. The ApEn model acts as the
joint behaviour of the series introduced by [32,33] during the turmoil of the pandemic. The
ApEn is related to information theory, a useful measure that allows one to easily estimate
the amount adequate entropy in order to classify finite, noisy, and chaotic systems [34].
To address the limitations of the information reduction carried by the signal, and uncover
such signals containing random noise, approximate entropy can quantify regularity and
complexity. The entropy is utilized to characterize persistent diversity patterns, and
evaluates the level of irregularities (random fluctuations) through extraction of disturbances
from a finite time series of length N. An algorithm for computing the approximate entropy
(briefly denoted as ApEn) of financial time series data is summarized as follows.

First of all, to compute the ApEn, a finite time series is considered, and a defined series
of data with length N sampled at time intervals (Ts) can be described in the following form:

ri = [7’1,7’2,7‘3, e rrN] (8)

where length N represents a respective time scale T = NT5 for a given stochastic variable
(r;). The ApEn algorithm is conducted, and it will contain the given two parameter values.
Here, the embedding dimension () is the length of a pattern, and the tolerance level ()
represents the likelihood that resemblance exists between these patterns. Typically, we
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introduce parameter selection as m = 2 and m = 3 to estimate the values of ApEn, given the
data length of N = 2110.

Then, we consider the two m-vectors [i.e., Xi,X]-], which can be obtained with the
following step:

Xi = [1’1', Tig1,Vig2, " - rri+m—1] (9)
X] = [1’]‘, Vi1, Vjr2, 0y rj+mfl]
wherei #j,1 <iandj <N — m+1, and m is the number of vectors.

In Step 2, using a tolerance factor r, we compute the distance between the two sequences.
The distance between these two sequences is described as the maximum difference between
X; and X, as follows:

a(X;, X)) =  Max_[|Xisi— Xy (10)
where 0 <k <m—1.

In the same way, the scalar X; corresponding to the distances in the respective scalar
X; is compared with a template match between X; and X;. In case the distance between the
corresponding scalar compositions (Equation (10)) is less than 7, the two embedded vectors
maintain similarity.

In the third step, we account for the probability of the data X;, which means there
exists a degree of tolerance of X; for each observation, 1 <i < N — m+1. The step supposes
that the data points [c}"(r)] of the X series can capture the extent of its similarity to the X;
series. In this way, the relative frequency probability used to detect a vector X; within the
specified tolerance level (r) of X; is given by

gy XX

= v ) 11
! N-m+1 (1)

where c!"(r) captures the degree of difference between the two respective vectors:
d[X;,X;] <r,andl < j <N —m

Therefore, taking logs (or In) of ¢}’ (r), the mean sum of information linkages is given:

e N
PN = —— In[c]" (r
N-m+1 H !
Or, equivalently:
on_ 1 N S (X, Xp) < 7) 12)
N-m+1 & N-m+1

where the embedding dimension is extended to m+1, and the two average frequencies,
@"™(r) and " *1(r), describe the level of similarity between the specifications of X; and X i
within the degree of the specified tolerance.

Eventually, for finite N, the relative magnitude of the ApEn algorithm between the
specifications can be estimated using statistics, as follows:

ApEn(m,r,N) = ®"(r) — d"(r) (13)

Additionally, the approximate entropy is estimated using the statistics in Equation (13),
and can also be transformed to the following chi-square test:

2N(Ins — ApEn(m,r)) ~ x? (strl — Sm> (14)

The approximate entropy (ApEn) proposed by [35] can be interpreted using the al-
gorithm for calculating the entropy value of the financial time series. At this point, ApEn
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measures the (un)predictability of fluctuations within the time scale t. Thereby, the larger
value of ApEn (m, r, N) reflects more irregularity and complexity (i.e., more unpredictabil-
ity), while a lower value of ApEn implies greater regularity and less randomness.

In this way, the high entropy reflects a greater likelihood of indicating of informational
efficiency. On the other hand, higher entropy suggests that a higher level of randomness
is present in the market returns, and thus there exists a greater extent of informational
efficiency. (see [36,37]).

It is noted that the window size will impact the value of entropy. Since the entropy is
not normalized, it increases when the window size grows. Ortiz-Cruz [38] documented
that the larger the entropy, the more difficult it is to predict ongoing price dynamics, which
implies that a market with high entropy levels is much more irregular than a market with
low entropy levels.

In this study, we consider lower entropy levels, and using a sliding window size of
Nuw, we selected Nw = 41 trading days (about 1.5 months) for entropy computations, which
are commonly used in applications.

An algorithm for ApEn computation for financial time series data is conducted by
using the daily logarithmic returns of BTC and DJSW, Green Bond, Carbon, and Clean
Energy. In the study, the values of ApEn are close to those of [39], which showed a time-
dependent entropy of the Australian dollar (AUD) at a time scale of T = 1 business day for
a window size of 100.

2.3. Wawvelet Entropy

Wavelet entropy (WE) is a novel tool with the ability to analyse the transient character-
istic of nonstationary signals. The entropy and wavelet analysis is incorporated to estimate
the extent of order or disorder associated with a signal that includes a high time—frequency
analysis. The wavelet function has the benefit of affable localization considering time
and frequency. A wavelet family ¢, ,(t) subdivides time series into elementary functions
that can be induced by a translation-invariant admissible mother wavelet {(t), and can be
given by

voalt) = 1ol 29 (122) (15)

where g, b # 0, denoting the dilated and translated parameters with the time t. Hence, the
signal of the continuous wavelet transform (CWT) and a wavelet ¢(.) is reflected into the
examined series S(f). The CWT and its replications, being within the family wavelet for
each a and b, are expressed as follows:

a

Wsla, b) = [ 8()9,,(dt = /ZS(t)lal‘%w*C_b)dt (16)

where 1*(.) denotes a complex conjugate of ¢ (.). More specifically, the series is decomposed
into frequencies using the continuous wavelet transform, and CWT can reconstruct the
original sequences without loss of information.

Given the binary dilation and position of parameters, a; = 277 and bix= 277k, a selected
mother wavelet function 1\ (t) coped with the integers, i.e., j, k € Z, and the wavelet family
can be expressed as follows:

pix)=yp(2t-0 272 j k € Z. (17)
Loosely speaking, the discrete wavelet transform is used to map functions as a sum of

basic functions called wavelets. These basis functions, also called scaling functions, have
the distinguishing feature that the two main categories of wavelets (the father wavelet and
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the mother wavelet) may be described by dilating and translating. The discrete wavelet
transform (DWT) of signal S(t) can be given by

DWTs(j, k) = / S(); (Dt = 27172 / S(H) (277t — Kyt (18)
where the dilation or level is defined as the index j, while the index k is the translation
for any suitable function. In this fashion, the wavelet energy at decomposition j may be
expressed as follows:

E=Y", Ci(k)? (19)

where Cj is the wavelet coefficient.

3. Research Data

In this study, the daily closing price of Bitcoin and the four world indices of sustainable
finance are utilized, within the sample period from 1 January 2015 to 20 February 2023.
The four sectoral indices are the Dow Jones Sustainability World Index (DJSW), S&P Green
Bond Index (Bond), S&P Global 1200 Carbon Efficient Index (Carbon), and S&P Global
Clean Energy Index (Clean Energy). These data are obtained from the S&P Dow Jones
Indices LLC’s data and analytics system, see https://www.spglobal.com/ (accessed on
25 February 2023). After removing non-trading days, the integrated dataset filtered in
regular trading days between Bitcoin and sustainable financial indices, thereby generating
a final series and yield a total of 2110 trading days in each market. These series are
summarized as:

1. Bitcoin (briefly denoted as BTC): The dataset includes the log returns of the largest
cryptocurrencies (Bitcoin), downloaded from https:/ /coinmarketcap.com (accessed
on 25 February 2023).

2. Dow Jones Sustainability World Index (briefly denoted as DJSW):

The DJSW represents a broad-based index that measures the performance of equities
meeting certain sustainability criteria related to ESG factors, while remaining analogous to
entire industry group weights as their underlying indices.

3. S&P Green Bond Index (briefly denoted as Green):

This index aims to track the world’s green bond markets. This pioneering index
remains a rigorous criterion for covering only those bonds whose proceeds are allocated to
financing environmentally friendly programs.

4. S&P Global 1200 Carbon Efficient Index (briefly denoted as Carbon):

This pioneering index (the carbon exposure metric is measured as in Section 1) is
described as measuring the performance of firms in this index, while overweighting or un-
derweighting those firms that generate lower or higher levels of greenhouse gas emissions,
per unit of revenue according to S&P Global Trucost data. In other words, the data analysis
determines the carbon exposure of the firms in these indices, and calculates these metrics
using the S&P Global Trucost analysis, which includes 14,000 firms, accounting for 99% of
global market cap.

5. S&P Global Clean Energy Index: Bloomberg Ticker: SPGTCED

The S&P Global Clean Energy Index is described as measuring the performance of
firms in world clean energy-related companies from emerging or developed markets, with
a target component count of 100.

Source: S&P Dow Jones Indices Limited Liability Company (LLC).

4. Empirical Result and Discussion

The Hurst exponent of the Bitcoin and sustainable financial assets of the DJWS, Green
Bond, Carbon, and Clean Energy markets are computed, respectively, using R/S analysis.
As shown in Table 1, the Hurst exponent is 0.635, 0.632, 0.686, 0.6288, and 0.671 for the
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returns series of Bitcoin, DJWS, Green Bond, Carbon, and Clean Energy during COVID-19,
respectively. When examining the existence of long-term memory for all asset classes,
we employ log-return as a common proxy for daily information arrival, following [28].
Using the Hurst-Mandelbrot R/S methodology, as presented in Table 1, the R/S statistics
cannot reject the null hypothesis of the non-existence of long-range dependence in return
series. The findings demonstrate that the daily log-return series for Bitcoin, DJWS, Green
Bond, Carbon, and Clean Energy exhibit a long memory process, with p-values already
significantly less than 0.1%. In this sense, this infers that the returns of the five markets do
follow a non-random walk, but have the persistent property. Besides that, Figure 1 depicts
the boxplots of log(n) and log(R/S) in the five markets, with n ranging from 1 to N. A
common feature is present in Figure 1; the scatter diagrams depict that while the sequence
has exhibited a downward/upward trend in the past, it will still fall/rise in the future. In
addition, the sources of its natural fractality have changed since the outbreak of COVID-19.
The findings of this review may have major implications for investment strategies, asset
allocation, and risk monitoring.

Table 1. Long memory test for log-return among Bitcoin and sustainable finance.

Pre-COVID-19 Post-COVID-19

BTC
Hurst exponent 0.6519 0.6358
Standard error 0.0156 0.0135
Expected Hurst 0.5 0.5
t-stat 9.757 10.027
Degrees of freedom 6 6
p-value 0.01% * 0.01% *
DJWS
Hurst exponent 0.6145 0.632
Standard error 0.0149 0.0209
Expected Hurst 0.5 0.5
t-stat 7.683 6.322
Degrees of freedom 6 6
p-value 0.03% * 0.07% *
Green Bond
Hurst exponent 0.6246 0.6867
Standard error 0.0104 0.0125
Expected Hurst 0.5 0.5
t-stat 11.982 14.887
Degrees of freedom 6 6
p-value 0.00% * 0.00% *
Carbon
Hurst exponent 0.598 0.6288
Standard error 0.0146 0.0194
Expected Hurst 0.5 0.5
t-stat 6.723 6.649
Degrees of freedom 6 6
p-value 0.05% * 0.06% *
Clean
Hurst exponent 0.6349 0.6715
Standard error 0.0168 0.016
Expected Hurst 0.5 0.5
t-stat 8.011 10.743
Degrees of freedom 6 6
p-value 0.02% * 0.00% *

Note: 1. Table 1 also indicates the results of the long-range dependence tests for the daily log-returns of Bitcoin,
DJWS, Green Bond, Carbon, and Clean Energy, respectively. 2.* represents significance at 1%.
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Figure 1. Hurst exponent along with diagram of Bitcoin (A) and DJWS (B), Green Bond (C), Carbon
(D), and Clean Energy (E). Note: 1. Panel A-E in Figure 1 show the estimate based on raw data
(thin line) and its theoretical affine Hurst exponent (blue dotted line). 2. In the two trajectories in
Panel (A)—(E), the theoretical exponential Hurst exponent is not biased by the increasing raw estimate
Hurst exponents.
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To evaluate the complexity patterns in Bitcoin and sustainable financial markets
trigged by COVID-19, we found the approximate entropy between the periods before
and after the COVID-19 pandemic. As reported in Table 2, the estimates of approximate
entropy for both periods infer considerable irregularity, since most of the average estimates
are larger than 0.5. Comparing the p-value of the T test before and after the COVID-19
outbreak, as shown in Table 2, we suggest that the two sample periods (before versus after
the COVID-19 pandemic) are significantly different, with a p-value of 0.04 in the case of
Bitcoin. Interestingly, this is different from the preceding result, obtained using sustainable
financial indices, which shows that the accuracy of Bitcoin forecasts may not be adequate
during the COVID era. More specifically, our results also evidence that the average ApEn
value for the pre-COVID-19 pandemic era is less than the mean of the post-COVID-19 era.
The result implies the level of irregularity augmented in the Bitcoin market during the
pandemic. This finding is analogous to those found by [40], but is different from those
evidenced by [1]. Notably, we tracked the approximate entropy of the mapped data series;
this was carried out graphically over a range of embedding dimensions from 2-3, and
Figures 2-6 depict the diagrams for the two periods (pre- and post-COVID-19 outbreak).

Table 2. Descriptive statistics for approximate entropy.

Pre-COVID-19 Post-COVID-19
BTC
Mean 0.53 0.58
Max 0.81 0.85
Min 0.15 0.31
t-test p-value 0.04 %
DJWS
Mean 0.56 0.55
Max 0.79 0.83
Min 0.28 0.28
t-test p-value 0.64
Green Bond
Mean 0.58 0.58
Max 0.99 0.83
Min 0.4 0.23
t-test p-value 0.87
Carbon
Mean 0.55 0.56
Max 0.8 0.8
Min 0.27 0.17
t-test p-value 0.66
Clean
Mean 0.56 0.58
Max 0.8 0.81
Min 0.27 0.39
t-test p-value 0.48

Note: * denotes a 0.05 significance level. If the p-value is less than 0.05, the means of the two sample periods, pre-
COVID-19 and post-COVID-19, are significantly different; otherwise, there is no evidence that they are different.

Figures 2 and 3 show the approximate entropy for Bitcoin and sustainable finance.
The red line presents the occurrence of the first wave of the COVID-19 outbreak.

To distinguish the significant role of the wavelet power spectrum, we focus on the
unique features of the wavelet power spectrum for each asset. The wavelet power/energy
is denoted by colour, and ranges from blue for low power to red for high wavelet power.

Figure 7 displays the wavelet power spectrum for Bitcoin. It is not difficult to recog-
nize the two major areas of red, with a dark contour indicating the short term, occurring
from 2017 to 2018 and from 2019 to 2020. These findings suggest that the volatility of
Bitcoin prices rose substantially within these frequency regions and time scales. More-
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over, they indicate the existence of high uncertainty in Bitcoin within smaller time ranges

(higher frequencies).
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Figure 2. Approximate entropy for BTC.
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Figure 3. Approximate entropy for DJSW.
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Figure 4. Approximate entropy for Green Bond.
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Figure 5. Approximate entropy for Carbon.
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Figure 6. Approximate entropy for Clean Energy.
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Figure 7. Wavelet analysis of BTC return series.

In the case of the DJWS in Figure 8, we can observe that its returns show high wavelet

power at high frequencies (smaller time scales), and emerge during January 2020.
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Figure 8. Wavelet Analysis of DWS] return series.
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In the case of Green Bond, Figure 9 displays that the returns illustrate high wavelet
power at high frequencies (smaller time scales), and occur in January 2020 and January 2022.
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Figure 9. Wavelet analysis of Green Bond return series.
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In terms of Carbon, Figure 10 also shows that high wavelet power (at high frequencies
and within smaller time scales) is mainly concentrated at the start of 2020.
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Figure 10. Wavelet analysis of carbon return series.

Lastly, in the case of the Clean Energy, the index in Figure 11 shows that regions of
significant volatility are mainly focused on high frequencies within the period 2019-2020.
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Figure 11. Wavelet analysis of Clean Energy return series.

The wavelet scalogram contains the wavelet coefficient energy (left) and point wavelet
entropy dynamics (right) for the individual financial time series. This study used en-
ergy/power to obtain the wavelet spectra of the time series. The red vertical line is
the start of the COVID-19 outbreak. The X-axis and Y-axis represent time scales and
frequencies, respectively.

To summarise, the wavelet power spectra findings are analogous to the time diagrams
in the upper portion of these Figures, indicating some of the main fluctuations associated
with boom-bust in the five assets within the sample period. More specifically, the phases of
high volatility for these return series could be due to the turmoil caused by the COVID-19
outbreak at the start of 2020.

The top of the scalogram in Figures 7-11 depicts the return trajectory of the daily
closed prices, and plots a time—frequency analysis of the individual financial time series.
Figures 7-11 also display the wavelet power spectrum and describe a partial view of the
movements between Bitcoin and sustainable financial markets. Most of the assets’ returns
show general properties, such as large-scale fluctuations at a 2 to 6-day scale, corresponding
to the period 2015-2020. 1. As depicted in Figures 7-11, the spectrum colour of the wavelet
power scalograms is more reddish after the COVID-19 pandemic. This implies the existence
of high uncertainty in the Bitcoin and sustainable financial markets at smaller time scales
(i.e., higher frequencies); investors, in recognizing this uncertainty and volatility, may alter
their contributions accordingly.

The X-axis is a yearly timeline for the sample period, starting in January 2015. The
unprecedented COVID-19 period is commonly considered to have begun with the WHO
announcement on 11 January 2020, wherein the WHO reported that genetic sequences of
the novel coronavirus had been received from China, and the Chinese media disclosed
the first death from the novel coronavirus: https://www.who.int/news/item/29-06-2020
-COVIDtimeline (accessed on 26 February 2023). The vertical axis (Y-axis) is scaled at 0, 1,
2,...,and 11. The vertical axis on left-hand side represents the colour axis; the brighter
the red colour, the larger the magnitude of the given coefficient, and the less bright the
blue colour, the smaller the magnitude of the coefficient. This is not a surprising result,
as similar evidence is presented in Figures 7-11. The Bitcoin and sustainable financial
markets showed a significant shift in response to the outbreak of the COVID-19 pandemic,
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occurring in 2020 January (labelled with the red dotted line). In addition, the assets’ returns
exhibited higher levels of persistent memory at all scales after the COVID-19 outbreak
when compared to before the COVID-19 pandemic; the colour of the spectrum is more
reddish after the COVID-19 pandemic.

5. Conclusions

Our study aims to uncover information based on fractal and entropy analyses of
Bitcoin and four recognized indices belonging to prominent sustainable financial markets,
namely DJSW, Green Bond, Carbon, and Clean Energy. Perhaps the most prominent
application of fractal analysis concluded that the time series of Bitcoin and sustainable
indices were persistent. The approximate entropy can be introduced to detect nonlinear
dependence or deterministic chaos in financial assets’ returns. One of the most commonly
applied tools is the approximate entropy (ApEn) test developed by [41], which is inspired by
information theory. The empirical outcome indicates interesting results, especially during
the COVID-19 pandemic. After the outbreak of the pandemic, Bitcoin presents higher levels
of approximate entropy (ApEn) compared with the other sustainable financial assets, due to
the impact of COVID-19. The p-value is less than 0.05, which shows that the average values
of Bitcoin’s ApEn between the pre- and post-COVID-19 pandemic periods are significantly
different. On the other hand, the impact of COVID-19 on sustainable financial assets is
shown to be insignificant. Alvarez-Ramirez [42] pointed out the smaller values of ApEn
reflect more regular time series, whilst larger values reflect more unpredictability and more
nonregular fluctuations.

Crucially, compared to Bitcoin, sustainable financial assets may play a better safe
haven role during the pandemic period. The study shows that the DJSW, Green Bond,
Carbon, and Clean Energy, as typical global indices, could have the characteristics of safe
haven assets during the crisis periods such as the COVID-19 pandemic.

In contrast, this study shed light on the evaluation of the complex patterns of assets,
alongside rigorously testing R/S statistics for the statistical significance of Bitcoin and
sustainable asset indices before and after the outbreak of the pandemic. Using daily data,
this study employs fractal (R/S) analysis to examine the long-range dependence of returns
among Bitcoin and sustainable finance both before and after the COVID-19 pandemic. An
approximate entropy approach is applied to document some stylized facts of the complexity
and efficiency of Bitcoin and sustainable financial markets over the last eight years. The
transmission of the impact of COVID-19 is not significant between sustainable financial
indices when comparing the periods pre- and post-COVID-19. Besides, the impact of
COVID-19 was shown to be significant in response to fluctuations in the price of Bitcoin
during the COVID-19 period. The mean of approximate entropy between sustainable
finance is higher in the post-pandemic period than in the pre-pandemic period. Empirically,
a possible reason for this result may be the extreme events surrounding the COVID-19
pandemic shock of 2020, as our findings indicate that estimates of ApEn have risen in
the aftermath of the COVID-19 pandemic, and now reflect more complex or irregular
information within Bitcoin time series dynamics. Importantly, in the context of this paper,
these findings will generate fresh insights into the information channels of sustainable
finance, which may show their ability to act as safe haven assets in periods of turmoil.
The policy implications of this study may help market actors and portfolio managers to
improve their trading strategies, and to incorporate flexibility in their investment decisions
during crisis and non-crisis periods.

Author Contributions: Conceptualization, K.-C.L. and K.-S.C.; methodology, K.-5.C.; software,
K.-S.C,; validation, K.-C.L. and K.-S.C.; investigation, K.-S.C.; resources, K.-C.L.; writing—original
draft preparation, K.-S.C.; writing—review and editing, K.-5.C.; visualization, K.-S.C.; project admin-
istration, K.-S.C. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.



Fractal Fract. 2023, 7, 424 16 of 17

Data Availability Statement: The data supporting reported results of this study are available from
the corresponding author upon request.

Acknowledgments: The authors would like to express their appreciation to three anonymous re-
viewers for their several helpful comments and valuable suggestions.

Conflicts of Interest: The authors have no conflict of interest.

References

1.  Adekoya, O.B,; Oliyide, J.A. Commodity and financial markets’ fear before and during COVID-19 pandemic: Persistence and
causality analyses. Resour. Policy 2022, 76, 102598. [CrossRef] [PubMed]

2. Alvarez-Ramirez, J.; Rodriguez, E.; Alvarez, ]. A multiscale entropy approach for market efficiency. Int. Rev. Financ. Anal. 2012,
21, 64-69. [CrossRef]

3. Anwer, Z,; Farid, S.; Khan, A.; Benlagha, N. Cryptocurrencies versus environmentally sustainable assets: Does a perfect hedge
exist? Int. Rev. Econ. Financ. 2023, 85, 418-431. [CrossRef]

4. Arouri, M.E.H.; Hammoudeh, S.; Lahiani, A.; Nguyen, D.K. Long memory and structural breaks in modeling the return and
volatility dynamics of precious metals. Q. Rev. Econ. Financ. 2012, 52, 207-218. [CrossRef]

5. Arouxet, M.B.; Bariviera, A.F,; Pastor, V.E.; Vampa, V. COVID-19 impact on cryptocurrencies: Evidence from a wavelet-based
Hurst exponent. Phys. A Stat. Mech. Its Appl. 2022, 596, 127170. [CrossRef]

6. Aslam, F; Aziz, S.; Nguyen, D.K.; Mughal, K.S.; Khan, M. On the efficiency of foreign exchange markets in times of the COVID-19
pandemic. Technol. Forecast. Soc. Chang. 2020, 161, 120261. [CrossRef] [PubMed]

7. Assaf, A,; Bhandari, A.; Charif, H.; Demir, E. Multivariate long memory structure in the cryptocurrency market: The impact of
COVID-19. Int. Rev. Financ. Anal. 2022, 82,102132. [CrossRef]

8. Bairoliya, N.; Imrohoroglu, A. Macroeconomic consequences of stay-at-home policies during the COVID-19 pandemic. Eur. Econ.
Rev. 2023, 152, 104266. [CrossRef]

9. Barunik, J.; Kristoufek, L. On Hurst exponent estimation under heavy-tailed distributions. Phys. A Stat. Mech. Its Appl. 2010, 389,
3844-3855. [CrossRef]

10. Brauneis, A.; Mestel, R. Price discovery of cryptocurrencies: Bitcoin and beyond. Econ. Lett. 2018, 165, 58-61. [CrossRef]

11. Caporale, G.M.; Gil-Alana, L.; Plastun, A. Persistence in the cryptocurrency market. Res. Int. Bus. Financ. 2018, 46, 141-148.
[CrossRef]

12.  Choi, S.-Y. Analysis of stock market efficiency during crisis periods in the US stock market: Differences between the global
financial crisis and COVID-19 pandemic. Phys. A Stat. Mech. Its Appl. 2021, 574, 125988. [CrossRef]

13.  Danylchuk, H.; Kibalnyk, L.; Kovtun, O.; Kiv, A.; Pursky, O.; Berezhna, G. Modelling of cryptocurrency market using fractal and
entropy analysis in COVID-19. CEUR Workshop Proc. 2020. [CrossRef]

14. Delgado-Bonal, A.; Marshak, A. Approximate Entropy and Sample Entropy: A Comprehensive Tutorial. Entropy 2019, 21, 541.
[CrossRef]

15. Dhifaoui, Z.; Khalfaoui, R.; Abedin, M.Z.; Shi, B. Quantifying information transfer among clean energy, carbon, oil, and precious
metals: A novel transfer entropy-based approach. Financ. Res. Lett. 2022, 49, 103138. [CrossRef]

16. Elgin, C.; Yalaman, A.; Yasar, S.; Basbug, G. Economic policy responses to the COVID-19 pandemic: The role of central bank
independence. Econ. Lett. 2021, 204, 109874. [CrossRef] [PubMed]

17. Esparcia, C.; Jarefio, F.; Umar, Z. Revisiting the safe haven role of Gold across time and frequencies during the COVID-19
pandemic. N. Am. |. Econ. Financ. 2022, 61, 101677. [CrossRef]

18. Jalan, A.; Matkovskyy, R.; Yarovaya, L. “Shiny” crypto assets: A systemic look at gold-backed cryptocurrencies during the
COVID-19 pandemic. Int. Rev. Financ. Anal. 2021, 78, 101958. [CrossRef]

19. Karaca, Y.; Baleanu, D. A novel R/S fractal analysis and wavelet entropy characterization approach for robust forecasting based
on self-similar time series modeling. Fractals 2020, 28, 2040032. [CrossRef]

20. Jena, S.K.; Tiwari, A.K.; Dogan, B.; Hammoudeh, S. Are the top six cryptocurrencies efficient? Evidence from time-varying long
memory. Int. ]. Financ. Econ. 2020, 27, 3730-3740. [CrossRef]

21. Kumar, A.S.; Padakandla, S.R. Testing the safe-haven properties of gold and bitcoin in the backdrop of COVID-19: A wavelet
quantile correlation approach. Financ. Res. Lett. 2022, 47, 102707. [CrossRef]

22.  Lahmiri, S.; Bekiros, S. The impact of COVID-19 pandemic upon stability and sequential irregularity of equity and cryptocurrency
markets. Chaos Solitons Fractals 2020, 138, 109936. [CrossRef]

23. Lahmiri, S.; Bekiros, S. Cryptocurrency forecasting with deep learning chaotic neural networks. Chaos Solitons Fractals 2019, 118,
35-40. [CrossRef]

24. Liu, N,; Liu, C.; Da, B.; Zhang, T.; Guan, F. Dependence and risk spillovers between green bonds and clean energy markets.
J. Clean. Prod. 2020, 279, 123595. [CrossRef]

25. Mensi, W,; Lee, Y.-].; Al-Yahyaee, K.H.; Sensoy, A.; Yoon, S.-M. Intraday downward /upward multifractality and long memory in

Bitcoin and Ethereum markets: An asymmetric multifractal detrended fluctuation analysis. Financ. Res. Lett. 2019, 31, 19-25.
[CrossRef]


https://doi.org/10.1016/j.resourpol.2022.102598
https://www.ncbi.nlm.nih.gov/pubmed/36247740
https://doi.org/10.1016/j.irfa.2011.12.001
https://doi.org/10.1016/j.iref.2023.02.005
https://doi.org/10.1016/j.qref.2012.04.004
https://doi.org/10.1016/j.physa.2022.127170
https://doi.org/10.1016/j.techfore.2020.120261
https://www.ncbi.nlm.nih.gov/pubmed/32836478
https://doi.org/10.1016/j.irfa.2022.102132
https://doi.org/10.1016/j.euroecorev.2022.104266
https://doi.org/10.1016/j.physa.2010.05.025
https://doi.org/10.1016/j.econlet.2018.02.001
https://doi.org/10.1016/j.ribaf.2018.01.002
https://doi.org/10.1016/j.physa.2021.125988
https://doi.org/10.31812/123456789/4477
https://doi.org/10.3390/e21060541
https://doi.org/10.1016/j.frl.2022.103138
https://doi.org/10.1016/j.econlet.2021.109874
https://www.ncbi.nlm.nih.gov/pubmed/36540553
https://doi.org/10.1016/j.najef.2022.101677
https://doi.org/10.1016/j.irfa.2021.101958
https://doi.org/10.1142/S0218348X20400320
https://doi.org/10.1002/ijfe.2347
https://doi.org/10.1016/j.frl.2022.102707
https://doi.org/10.1016/j.chaos.2020.109936
https://doi.org/10.1016/j.chaos.2018.11.014
https://doi.org/10.1016/j.jclepro.2020.123595
https://doi.org/10.1016/j.frl.2019.03.029

Fractal Fract. 2023, 7, 424 17 of 17

26.
27.
28.
29.
30.
31.
32.
33.
34.
35.

36.
37.

38.

39.

40.
41.

42.

Mnif, E.; Jarboui, A.; Mouakhar, K. How has the cryptocurrency market performed during COVID 19? A multifractal analysis.
Financ. Res. Lett. 2020, 36, 101647. [CrossRef]

Narayan, PK. Understanding exchange rate shocks during COVID-19. Financ. Res. Lett. 2022, 45, 102181. [CrossRef]

Narayan, PK. Oil Price News and COVID-19—Is There Any Connection? Energy Res. Lett. 2020, 1, 13176. [CrossRef]

Rukhin, A.L. Approximate entropy for testing randomness. J. Appl. Probab. 2000, 37, 88-100. [CrossRef]

Gil-Alana, L.A.; Monge, M. Crude Oil Prices and COVID-19: Persistence of the Shock. Energy Res. Lett. 2020, 1, 13200. [CrossRef]
Grabowski, W.; Janus, J.; Stawasz-Grabowska, E. The COVID-19 pandemic and financial markets in Central Europe: Macroeco-
nomic measures and international policy spillovers. Emerg. Mark. Rev. 2023, 54, 100991. [CrossRef]

Grassberger, P.; Procaccia, I. Measuring the strangeness of strange attractors. Phys. D Nonlinear Phenom. 1983, 9, 189-208.
[CrossRef]

Guo, D.; Zhou, P. Green bonds as hedging assets before and after COVID: A comparative study between the US and China.
Energy Econ. 2021, 104, 105696. [CrossRef]

Ortiz-Cruz, A.; Rodriguez, E.; Ibarra-Valdez, C.; Alvarez-Ramirez, J. Efficiency of crude oil markets: Evidences from informational
entropy analysis. Energy Policy 2011, 41, 365-373. [CrossRef]

Patra, S.; Hiremath, G.S. An Entropy Approach to Measure the Dynamic Stock Market Efficiency. J. Quant. Econ. 2022, 20, 337-377.
[CrossRef]

Pincus, S.M. Approximate entropy as a measure of system complexity. Proc. Natl. Acad. Sci. USA 1991, 88, 2297-2301. [CrossRef]
Pincus, S.M.; Huang, W.-M. Approximate entropy: Statistical properties and applications. Commun. Stat. Theory Methods 1992, 21,
3061-3077. [CrossRef]

Sarkodie, S.A.; Ahmed, M.Y.; Owusu, P.A. COVID-19 pandemic improves market signals of cryptocurrencies—evidence from
Bitcoin, Bitcoin Cash, Ethereum, and Litecoin. Financ. Res. Lett. 2022, 44, 102049. [CrossRef]

Stosic, D.; Stosic, D.; Ludermir, T.; Stosic, T. Correlations of multiscale entropy in the FX market. Phys. A Stat. Mech. Its Appl. 2016,
457, 52-61. [CrossRef]

Smales, L. Bitcoin as a safe haven: Is it even worth considering? Financ. Res. Lett. 2019, 30, 385-393. [CrossRef]

Tiwari, A K.; Abakah, E.J.A.; Karikari, N.K.; Gil-Alana, L.A. The outbreak of COVID-19 and stock market liquidity: Evidence
from emerging and developed equity markets. N. Am. |. Econ. Financ. 2022, 62, 101735. [CrossRef]

Yarovaya, L.; Brzeszczynski, J.; Goodell, ].W.; Lucey, B.; Lau, C.K.M. Rethinking financial contagion: Information transmission
mechanism during the COVID-19 pandemic. J. Int. Financ. Mark. Inst. Money 2022, 79, 101589. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.frl.2020.101647
https://doi.org/10.1016/j.frl.2021.102181
https://doi.org/10.46557/001c.13176
https://doi.org/10.1239/jap/1014842270
https://doi.org/10.46557/001c.13200
https://doi.org/10.1016/j.ememar.2022.100991
https://doi.org/10.1016/0167-2789(83)90298-1
https://doi.org/10.1016/j.eneco.2021.105696
https://doi.org/10.1016/j.enpol.2011.10.057
https://doi.org/10.1007/s40953-022-00295-x
https://doi.org/10.1073/pnas.88.6.2297
https://doi.org/10.1080/03610929208830963
https://doi.org/10.1016/j.frl.2021.102049
https://doi.org/10.1016/j.physa.2016.03.099
https://doi.org/10.1016/j.frl.2018.11.002
https://doi.org/10.1016/j.najef.2022.101735
https://doi.org/10.1016/j.intfin.2022.101589

	Introduction 
	Research Methodology 
	Long Memory Tests for Fractal Time Series 
	Approximate Entropy (ApEn) Approach 
	Wavelet Entropy 

	Research Data 
	Empirical Result and Discussion 
	Conclusions 
	References

