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Abstract

We study the time varying co-movement patterns of the crypto-currency prices with
the help of wavelet-based methods; employing daily bilateral exchange rate of four
major crypto-currencies namely Bitcoin, Ethereum, Lite and Dashcoin. First, we
identify Bitcoin as potential market leader using Wavelet multiple correlation and
Cross correlation. Further, Wavelet Local Multiple Correlation for the given crypto-
currency prices are estimated across different time-scales. From the results, it is found
that that the correlation follows an aperiodic cyclical nature, and the crypto-currency
prices are driven by Bitcoin price movements. Based on the results obtained, we
suggest that constructing a portfolio based on crypto-currencies may be risky at this
point of time as the other crypto-currency prices are mainly driven by Bitcoin prices,
and any shocks in the latter is immediately transformed to the former.
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Introduction

Crypto-currencies are the latest addition to the financial instruments, and the ones
garnering increased attention during the recent times (Urquhart 2018). The first asset
of this class was Bitcoin, launched in 2009 immediately after the 2008 financial crisis.
In the initial days, people seemed skeptic about this new product. However, in the last
couple of years, there has been an exponential increase in the demand of Bitcoin, and
the market has witnessed a huge growth in terms of both market capitalization and
introduction of new crypto-currency assets. The number of crypto-currencies has
increased from 500 in 2014 (White 2015) to 1560 currencies as on 8 April 2018. The
increased market capitalization as well as introduction of new asset points resulted in
market becoming more liquid and investors being active. However, irrespective of this
upward momentum, there are serious concerns raised about various dimensions of
crypto-currency markets.

The high volatility exhibited by the crypto-currency market is a pressing concern.
Compared to traditional financial markets, crypto-currency markets are shallow
(Bohme et al. 2015); in such a market, any shocks or fluctuation in the market leader
may easily transfer and trigger a market collapse. Further, the crypto-currency market,
unlike traditional financial markets, has possible unequal distribution of assets. The

© The Author(s). 2019 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0 International
License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and
indicate if changes were made.


http://crossmark.crossref.org/dialog/?doi=10.1186/s40854-019-0143-3&domain=pdf
http://orcid.org/0000-0001-5286-7755
mailto:tajazgeight@gmail.com
mailto:tajazgeight@gmail.com
http://creativecommons.org/licenses/by/4.0/

S Kumar and Ajaz Financial Innovation (2019) 5:33 Page 2 of 17

first-generation miners and investors had relative ease to mine and purchase crypto-
assets (Smith and Kumar 2018). With this, there is possibility of engineering price
movements. Gandal et al. (2018) shows evidence towards such a suspicious trading
activity in Mt. Gox exchange in 2013.

The other dimension being the use of crypto-currencies. Apart from gambling, online
gaming, possible money laundering (Moser et.al. 2013) and cross-border transactions,
speculation is one of the important motivations associated with crypto-currencies
(Smith and Kumar 2018). Glaser et al. (2014) argues that utility for crypto assets stems
from their appeal as an asset class. Similar argument is put forward by Baur et al.
(2018) based on their analysis of transaction value and frequency in Blockchain.

With crypto-currencies being integrated with the traditional financial assets (see,
Tony et al. 2018; Khaled et al. 2018 and Henriques and Sadorsky 2018), there is bound
to be more investor attention and the possibility of market being more liquid. In such a
scenario, exploring the potential for diversification in crypto-currency markets is of
paramount importance. However, the existing research on this phenomenon is sparse.
Our paper addresses this issue.

Remainder of this article is structured as follows: Section 2 provides a brief review of
literature, section 3 discusses data and methodology employed. Section 4 shows the
estimation results and its explanation while section 5 provides the concluding remarks.

Literature review

The majority of research in crypto-currency markets can be categorized into: a) price
determination and value formation (Urquhart 2017; Van Alstyne 2014; Yermack 2013;
Ali et al. 2014; Glaser et al. 2014; Kristoufek 2015; Baek and Elbeck 2015; Ciaian et al.
2016; Bouoiyour et al. 2016; Blau 2017; Zhu et al. 2017), b) volatility (Katsiampa 2017;
Jiang et al. 2017; Dwyer 2015; Bouoiyour and Selmi 2016; Dyhrberg 2016), c) specula-
tive bubbles (Cheah and Fry 2015; Cheung et al. 2015; Godsiff 2015; Fry and Cheah
2016; Urquhart 2016; Nadarajah and Chu 2017) and d) forecasting and prediction of
cryptocurrencies using different models (Hotz-Behofsits et al. 2018; Catania et al. 2019).

There exist a number of studies that discuss the co-movement of Bitcoin and other
financial instruments. Evidences supporting cointegration of Bitcoin exchange rates with
conventional exchange rates is found in Chu et al. 2015. Pieters and Vivanco (2017) study
cointegration among various Bitcoin exchange prices and finds that Bitcoin doesn’t follow
the law of one price. In a similar study, Dirican and Canoz (2017) find evidences that
support long run co-movements between Bitcoin and major stock indices. Salman and
Razzaq (2018) study the cointegration between Bitcoin prices and its determining factors
using Johansen’s cointegration method and find supportive evidence towards cointegra-
tion. In a recent study, Ciaian and Rajcaniova (2018) implemented ARDL (Auto Regres-
sive distributed lag model) m ethodology and found that Bitcoin price movement and
other crypto-currency price movements are independent of each other.

From the literature it is evident that barring a few studies (Bohme et al. 2015; Narayanan
et al. 2016; Smith and Kumar 2018) there is lack of a comprehensive research that
addresses the dynamics of crypto-currency market in its isolation. With crypto-currency
market evolving as independent market segment, a study of crypto-currency market
dynamics in its isolation will be of immense use to both researcher and investors. Our
work aims to fill this gap and attempts to address this issue in a detailed manner. We study
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the co-movement of four major crypto-currencies during the last 3 years, during which the
crypto-currency market started becoming more liquid. Considering the fact that crypto-
currency markets might be populated by investors with different time horizons (Delfin-
Vidal and Romero-Meléndez 2016); we forego the traditional time series methods and
adapt a comprehensive wavelet-based methodology. Wavelets are preferred due to
their ability to extract information from time series at various without losing its
timescale dimension. Rationale behind choosing wavelet based analysis is provided
in the methodology section.

First, we identify the potential market leader using wavelet multiple correlation and
wavelet multiple cross-correlation. After this, we estimate evolution of local dynamics
by estimating wavelet local multiple correlation for the four crypto-currencies under
study and see if the dynamics of multiple correlation structure can be explained by the
price movement of the potential market leader.

Data and methodology

We use daily prices (in US Dollar) of four major crypto-currencies namely Bitcoin,
Ethereum, Lite and Dashcoin from 7 August, 2015 to 24 March, 2018 for our analytical
purpose. We select these four majors crypto-currencies as they represent a fair share of
the market in terms of market capitalization. Further, we select six random crypto cur-
rencies namely Reddcoin, DigixDao, Luckycoin, Bitmark, Edgecoin and Unobatanium
for comparison purposes. The data is collected from coinmarketcap.com, a crypto-
currency data aggregation website. There were no missing values.

Here, a wavelet-based methodology is applied to study the time-varying nature of co-
movements in the crypto-currency markets across different scales. We are only looking at
the short to medium term dynamics, as the crypto-currency market is still its nascent stage.

While the standard time series/frequency domain tests can provide information about
the possible presence of co-movement among a multivariate time series, these tests
have some serious limitations. First, while they can identify the presence of long run
co-movement and short-term adjustment, these tests fail to provide a statistic that
could quantify the extent of co-movement. Considering the fact that there are agents
with different trading time horizons operating in financial markets (Delfin-Vidal and
Romero-Meléndez 2016), it is possible that the nature of relationship between these
markets vary across different timescales. The traditional time series measures can
provide measures only at the given frequency. Wavelet methods are employed to ex-
tract information across various frequencies without losing the time dimension.

Wavelet Multiple Correlation (WMC henceforth) measure, proposed by Macho
(2012) can overcome these two shortcomings. The Wavelet multiple correlation coeffi-
cient measure could provide the strength of co-movement among a multivariate time
series across different timescales, so that one could distinguish between the short run,
medium run and long run relationship. Similarly, Macho proposes Wavelet Multiple
Cross Correlation (WMCC henceforth) in the same article. WMCC provides a measure
to identify a potential leader among the group, that could influence the other variables
present in the group.

These measures are better compared to the traditional wavelet correlation and cross
correlation measures in terms of parsimony. If we have 5 markets, then we would have to
calculate nX(n-1)/2 = 10 wavelet correlation plots and | (order of wavelet decomposition)
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times wavelet cross correlation plots, resulting in a cumbersome process. If we employ
WMC and WMCC methods, we need to only plot ] correlation plots and ] cross-
correlation plots.

Further in a multivariate context, a pair-wise correlation coefficient could be spurious
due to possible relationship of one variable with other variables. WMC and WMCC
estimates overall correlations within the multivariate framework across different time
scales making interpretation of the results easier.

Wavelet Local Multiple Correlation (WMLC henceforth), proposed by Ferndndez-
Macho (2018) is an extension Macho (2012). While WMC and WMCC provided an
overall measure of correlation across in a multivariate context, WLMC provides a local
measure of the same so that one could study the evolution of wavelet multiple correl-
ation values over time. First, we will briefly explain the WMC and WMCC estimation.
In the next step, a detailed explanation of WLMC estimation will be given.

The wavelet Multiple correlation is explained as follows:

Let {X;} be a multivariate stochastic process and let {W;} be the respective jth level
wavelet coefficients obtained by the application of maximal overlap discrete wavelet
transform (MODWT). The wavelet multiple correlation (WMC) @x (A ;) can be defined
as one single set of multi scale correlations calculated from X as follows.

At each wavelet scale A ; we calculate the square root of the regression coefficient of
determination in that linear combination of variables wj; , i=1,2,...n, for which the co-
efficient of determination is a maximum. The coefficient of determination correspond-
ing to the regression of a variable Z; on a set of regressors {Z,,k # i}, could be obtained
as R=1-1/p", where p" is the i™ diagonal element of the inverse of the complete
correlation matrix P.

The WMC, @x (\ j) is obtained as

1
" max diag Pt

¢X(/1i) =,/1 (1)

Where P is the NxN correlation matrix of Wj, and the max diag(.) operator selects
the largest element in the diagonal of the argument. Since the R? coefficient can be
shown equal to the square of the correlation between the observed values of z; and the
fitted values z; obtained from such a regression (see Appendix), @x (\j) can also be
expressed as:

¢x (1)) = Corr (@i, i)
Cov (wijta Wijt) (2)

- \/Var(w,ﬁ) \/Var(ﬂvijt)

Where the wavelet variances and covariance are defined as follows:

Var(w,»,-t) = T Z W?;x



S Kumar and Ajaz Financial Innovation (2019) 5:33 Page 5 of 17

T-1
. 1 .
Cov(wie, Wijt) = T E @it Wit
] t:L,‘*l

Where w;; on a set of regressors {wiyk # i}leads to the maximization of the co-
efficient of determination, Ww; represents the fitted values. The number of wavelet co-
efficients affected by boundary associated with a wavelet filter of length L and scale A;
is calculated as

L= (2-1)(L-1)+1. Then the number of wavelet coefficients unaffected by the boundary
conditions is obtained as T' j=T-L;-1.

Allowing a lag 7 between observed and fitted values of the variables selected as the

criterion variable at each scale A;, we may define the wavelet multiple cross correlation
(WMCC henceforth) as

¢X,T (A'/) = Corr(wl‘/’h ﬁ/ijt+r)
Cov (Cx),ﬁ7 w[j[JrT)

- \/Var(wi/t) \/Var(fvwﬂ)

For n=2 the WMC and WMCC are the same as the standard wavelet correlation and

cross correlation.

However, as the WMC and WMCC could not explain the evolution of potential local
non-linear dynamics, Macho (2018) proposed WMLC (Wavelet Multiple Local Corre-
lation) as an extension as the WMC method. The method is described as follows.

Let X be the multivariate time series under consideration and let W), = (wyj, wy; ...

. W) be the 1; wavelet coefficients obtained by applying an MODWT on all x € X.
Following Macho (2012),at each wavelet scale A ; we calculate the square root of the
regression coefficient of determination in that linear combination of variables wy; , i=1,
2,...n, for which the coefficient of determination is a maximum. The coefficient of
determination corresponding to the regression of a variable Z; on a set of regressors
{Z),k = i}, could be obtained as szl-l/pii, where p” is the it" diagonal element of the
inverse of the complete correlation matrix P. @xg (A j)) is obtained as

1
" max diag P;i

¢X,s(/1/) = 1 (3)

Where P, ; is the n X n weighted correlation matrix of W, with weights 6(¢ - s) and
the max diag(.) operator selects the largest element in the diagonal of the argument.
Since the R% coefficient can be shown equal to the square of the correlation between the
observed values of Z; and the fitted values Z; obtained from such a regression, @y ¢ (\j)
can also be expressed as:

bx s ()L,) = Corr (6(1,‘—5)1/20),7“ G(t—s)l/zwijt)

o Con(Be-9)" i, Ot i) fors—12.1T

\/ Var(@(t—s)l/zwiﬂ) \/ Var (9(t—s)1/2ﬁ/iﬂ)
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Where the w;; is chosen to maximize ¢y, ;(1;). Applying MODWT to the given multi-
variate timeseries X for an order J, we can obtain ] number of T length MODWT
coefficients,

W, ={W0. W, Wjr.1}. From Eq. (1), the WLMC of scale J; is a non-linear
function of all the n(n-1)/2 weighted correlations of W), Alternatively, it could be ex-
plained in terms of all the weighted variances and covariances of W}, as shown in Eq.
(2). Hence, a consistent estimator of WLMC based on MODWT could be derived as:

- 1
¢X,s()ti> =, /1=

—
max diag P

B Cov (B(t—s)l/zﬁ/,jt, H(t—s)l/zaz,-ﬂ)
\/Var(ﬁ(t—s)lﬂfvlﬁ) \/Var (H(t—s)l/zﬁ/,ﬂ)

Where the weighted wavelet variances and covariances can be estimated as:

1 I .
Var(wy,) = T Z G(t—s)fvizjt fors=1,2......T.
Jt=L;-1
R 1 I, R
Var(ivl-jt) =T Z Wy fors =1,2...... T
J=j-1
. 1 I ~ .
Cov (wiﬂ, ﬁ/,yt) =T Z O(t—s) Wy wy, fors = 1,2...... T
Jt=L;-1

w;; is selected such that regressing w;; on a set of regressors {y;,k = i} leads to the

maximization of the coefficient of determination, 1/7\vi,» represents the fitted values. The
number of wavelet coefficients affected by boundary associated with a wavelet filter of
length L and scale A; is calculated as L; = (2-1)(L-1) + 1. Then the number of wavelet
coefficients unaffected by the boundary conditions is obtained as T j=T-L;-1.

Macho (2012) constructs the confidence intervals using the Fisher’s transform. Fish-
er’s transformation is defined as arctanh(r); where arctanh(.) is the inverse hyperbolic
tangent function, and r is the sample correlation value. and it is used to construct con-
fidence interval for a population correlation is based on the fact that if (X, Y) follows a
bivariate normal distribution with p = Corr(X,Y), then the transformed sample correl-
ation coefficient calculated from T independent pairs of observations can be shown to
be approximately normally distributed with mean arctanh(r) and variance (7 - 3)7L
(Fisher 1922). Here, confidence intervals are estimated applying this method to the
sample wavelet local multiple correlation coefficient éﬁx,s (1)) as follows:

Let {X be a realization of multivariate Gaussian stochastic process and let

W;=(Wjo..W;r1) = {(W1j0-..W0), Wijrpe) ) j=1 20, ], be vectors of wave-
let coefficients obtained by applying a MODWT of order ] to each of the univariate

time series (x;1, %, .... . #;7) for i=1, 2..n. If (}’)XA’ j(A;) is the sample wavelet multiple

local correlation obtained from Eq (1), then z; ~ FN(z;, (T /2/ —3)_1), Where z; = arctan
h(@x;(A)), z; = arctank(¢y ,(1;)) and EN stands for Folded Normal Distribution.
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The 100(1 — a)%confidence interval for the true value of ¢y, ;(1;) is then obtained as

Cl-o(px (1)) = tanh(zj-co/\/T/2/-3 ;zj + c1/+/ T /2/-3) where ¢, and c; are folded
normal critical values.

We select a Gaussian window with length M= N/274, as suggested by Fernandez-
Macho (2018).

Results and discussion

Before we start the wavelet analysis, we want to see if there exist any long run cointegra-
tion among the variables of interest. Towards this, we apply Johansen (1992) cointegration
test on the four crypto-currency prices. Result of the same is provided in Table 1. From
the results, it can be seen that there is a cointegrating relationship between the crypto-
currencies under analysis and we proceed towards the wavelet analysis (Fig. 1).

First, we want to see if we can establish Bitcoin as a potential market leader. Towards
this, we employ Wavelet Multiple Correlation (WMC) and Wavelet Multiple Cross
Correlation (WMCC) and obtain the results for the overall period of analysis. The
estimations are carried out from scales 2-4 days (intra-week scale) to 16-32days
(monthly scale). The results are shown in Figs. 2 and 3.

Here, we see that the market is moderately correlated during the period of analysis.
And at each scale, the crypto-currency that maximizes the correlation value is against
the linear combination of the other crypto-assets are shown in the plot. At all the 4
scales, bitcoin is the one that found to be maximizing WMC, indicating Bitcoin as a
potential leader/follower. Next, we try to confirm this fact by estimating Wavelet
Multiple Cross Correlation at a lead/lag of 36 days. The results are shown in Fig. 2.

The cross-correlation Plot explains the potential lead-lag relationship between the
crypto-currency prices. Here, the crypto-currency that maximizes the multiple correl-
ation value against the linear combination of the other currencies is shown at top-let
corner in each scale plot for all the scales. We can see that Bitcoin maximizes WMC
against the other currencies across all scales. However, as the highest value of WMCC
is obtained at lag zero, we cannot conclude solely based on the test results whether Bit-
coin leads ahead or lags behind other crypto-currencies. However, with Bitcoin ac-
counting for the largest market capitalization in the crypto-currency market, it would
be safe to assume that Bitcoin is the market leader in crypto-currency markets. As
WMCC identifies Bitcoin as potential leader/follower, our assumption is not solely
based on simple observation, but backed up by statistical evidences.

The next step in the analysis will be to obtain a detailed timeline on major price fluc-
tuations in the market leader. Details about major events in Bitcoin prices are

Table 1 Cointegrating relationship between the Cryptocurrencies

Unrestricted Cointegration Rank Test (Maximum Eigenvalue)

Hypothesized No. of CE(s) Eigenvalue Max-Eigen Statistic 0.05 Critical Value Prob.?
None® 0.034127 33.19537 32.11832 0.0368
At most 1 0.014041 13.51833 25.82321 0.7628
At most 2 0.006314 6.055783 19.38704 0.9534
At most 3 0.005106 4.893530 12.51798 06117

Max-eigenvalue test indicates 1 cointegrating egn(s) at the 0.05 level
“denotes rejection of the hypothesis at the 0.05 level
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Fig. 1 Time series Plot of the Crypto-currencies
A

presented in Table 2. If there is a price increase in Bitcoin after the event, we term the
event positive and similarly, any event that results in an immediate price decrease is
termed as negative event.

From the aforementioned events, we can obtain an outlook about the prevailing
moods in the Bitcoin markets during the period of analysis. Our aim is to detect any
potential patterns in the crypto-currency co-movements and see if we could relate it
with Bitcoin price movements. If the WLMC values decrease with a negative news and
increase with a positive news; we can confirm that the market is affected by crypto-
currency price movements. Towards this, we present the WLMC results of estimation;
shown in Figs 4, 5, 6 and 7.
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Observing the WLMC values across different timescales, we can see a number of
common factors. First, the correlation among the markets are high across all the
timescales. Second, the nature of the correlation varies in a cyclical fashion, albeit an
aperiodic one. Further, the markets record the overall highest correlation values in the
initial periods (January-2016). It takes almost 2 years for the market to reach the same
peak, and the in-between periods are marred by frequent turbulences. As we proceed
from smaller scales (high frequency) to larger scales (low frequency), the cyclical nature
of the WLMC is found to be smoothening, implying that the fluctuations prevailing in
the crypto-currency co-movement predominantly are of short term nature.

In the following paragraphs, we offer possible explanations behind the cyclical nature
of the co-movement. As we identified Bitcoin as the potential market leader with the
help of wavelet correlation and cross-correlation analysis, we try to explain the WLMC
based on certain events related to Bitcoin prices.

The WLMC values shows a decreasing trend between August to September 2015.
During this period, two major events took place in the Bitcoin market. First, arrest of now
defunct crypto-exchange Mt. Gox. CEO and then, the announcement of Bitcoin Fork.
These two events resulted in a value drop of Bitcoin, only to be picked up during the
following months, possibly due to the positive events such as Bitcoin being included into
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Fig. 3 Wavelet Multiple Cross Correlation of Crypto Currency Prices

the commodity list in the US, exclusion of Value Added Tax by EU and the Launch of
new Crypto-exchange Gemini, offering some sort of Insurance coverage to the investor.
The recovery is depicted in the increased value of WLMC across all scales.

In January 2016, major Bitcoin developer Mike Hearn quit Bitcoin, creating a panic in the
crypto-currency markets. This was reflected in the bitcoin prices, a drop of around $35.
Later, the WLMC starts to pick up around April 2016, which coincides with the launch of
new Bitcoin related software OpenBazzar, supposed to be a better transaction platform.

In July 2016, the block-rewards of Bitcoins were reduced, as per the bitcoin issue
system. This in turn resulted in an initial price rise in Bitcoin. However, the correlation
between Bitcoin and other markets drops down immediately. One reason for the said
behavior could be that, with the increased difficulty in obtaining Bitcoins, a part of
miners and investors would have migrated to other options, resulting in the reduced
wavelet correlation values. The correlation reaches its lowest point in August 2016,
when the Hong Kong based crypto-currency exchange BitFinex was hacked.

WLMC reaches its peak again in November 2016, something that interestingly co-
incides with Donald Trump’s election as the president of the USA. Around this period,
stock-markets, especially that of US showed evidences of capital flight towards assets
that are traditionally considered as Safe. A part of such investments has gone into
crypto-currencies (Bouoiyour and Selmi 2017), resulting in increased demand and
thereby prices. However, this exuberance seems to be short-lived, as we see a sharp
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Table 2 Major Events in the Bitcoin Markets

Time Period Event Reaction of Bitcoin Prices Nature
(after 10 days)

August 1, 2015 Mark Karpeles, CEO of now defunct $283.04 to $267.09 Negative
Crypto-Exchange Mt. Gox,, arrested in
Japan in allegations of Financial Fraud.

August 15,2015 New Fork (software upgrade) named $267.34 to $214.3 Negative
Bitcoin XT released

September 28,2015 Crypto currencies termed as a commodity $234.65 to $238.15 Positive
by US regulating agency CTFC

October 82,015 New Crypto-exchange Gemini launched, $248.45 to $268.01 Positive
with FIDC insurance

October 22,2015 EU Declares no VAT on Bitcoin $273.82 to $318.43 Positive

October 31,2015 Bitcoin article displayed on the front page $323.35 to $366.67 Positive
of the “Economist”

January 14,2016 Developer Mike Hearn quits Bitcoin $431.76 to $397.92 Negative

April 4, 2016 New Decentralized market software $42061 to $426.68 Positive
OpenBazzar Launched

July 92,016 Bitcoin block rewards halved $652.14 to $ 674.03 Positive

August 2, 2016 Bitfinex hacked, $72 million lost $594.86 to $591.36 Negative

November 92,016 Donald Trump elected as US President $726.36 to $749.1 Positive

March 10, 2017 Winkelwos' crypto-currency ETF application $1201.86 to $1037.85 Negative
rejected by the SEC of USA

April 1, 2017 Japan declares Bitcoin as a legal tender $1085.03 to $1215.69 Positive

August 1, 2017 Bitcoin splits into Bitcoin Cash and Bitcoin $2787.85 to $3383.89 Positive

September 3, 2017 China bans ICO for crypto-currencies $4668.5 to $4223.82 Negative

September 12,2017 JP Morgan head calls Bitcoin a fraud $4166.59 to $3807.07 Negative

October 25,2017 New fork in Bitcoin, Bitcoin Gold launched $5682.85 to $7261.41 Positive

October 31,2017 CMIE announces Bitcoin futures $6121.79 to $7255.21 Positive

November 82,017 Proposed fork cancelled $7143.47 to $7844.44 Positive

December 11,2017 CBOE Bitcoin Futures are Launched $14,594.785 to $ 17,0105 Positive

drop in the correlation values. It coincides with US Securities Exchange Commission’s
(SEC) rejection of a project on crypto-currency based Exchange-Traded-Fund (ETF),
proposed by Winkelwos brothers. However, the correlation picks up after Japan
announced the validity of Bitcoin as a legal tender.

However, around August 2017, we see further drop in WLMC values. The reason for
the same can be attributed to uncertainty about the potential fork in Bitcoin. In August
2017, the fork resulted in a new crypto-currency namely Bitcoin Cash. Around the
same period, Chinese government had initiated a crackdown in crypto-currency mar-
kets. As China is one of the major Hub of crypto-currency activities, this crackdown
fueled the existing uncertainty, leading to the drop in WLMC values. The market seems
to have picked up after the Chinese crackdowns, as evidenced by the increased WLMC
values, coinciding with the positive events such as Bitcoin being listed by Cboe Global Mar-
kets Inc. and CME Group Inc., and the proposed cancellation of the fork in Bitcoin prices.

As discussed in the introduction part, crypto-currency markets are populated by
several new asset in the last couple of years. It would be interesting to see how these
assets are moving with respect to the major crypto-currencies in the market. It is our
aim to see if they move opposite to the market direction. Towards this, we estimate
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Fig. 4 Wavelet Local Multiple Correlation for scale 1 (2-4-day time period)

WLMC values for a set of 10 crypto-currency returns. Here we include six additional
cryptocurrencies namely Reddcoin, DigixDao, Luckycoin, Bitmark, Edgecoin and
Unobatanium. These currencies were picked randomly with varying market capitalization.
The result of WLMC estimation is given in Fig. 8.

From the results, it is seen that apart from a fluctuation around the year 2016, the
correlation values are around 1. This presents an interesting picture. From the WMC
and WMCC results, Bitcoin is identified as the market leader. With a correlation value
of 1 persisting for the larger period, it can be said that the market, especially when we
consider smaller currencies, follow the fluctuations in the Bitcoin prices always.

From these, it is possible to draw some conclusions about the investor behavior.
When there is a price drop in Bitcoins, the correlation structure between Bitcoin and
other currencies collapse, indicating that agents distance themselves from crypto-
assets. But when Bitcoin is on the upswing, it is reflected in Other crypto-assets as well,
cementing Bitcoin’s position as the market leader. The fluctuations are frequent during
the period of analysis, which is to be expected as crypto-currency markets are still in

Wavelet Local Multiple Correlation:Scale 2
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Fig. 5 Wavelet Local Multiple Correlation for Scale 2 (4-8 day time period)
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Wavelet Local Multiple Correlation:Scale 3
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Fig. 6 Wavelet Local Multiple Correlation for Scale 3 (8-16 day time period)

its early stage. It is difficult to comment whether the crypto-currency markets are going
to be less volatile in the near future, due to its innate decentralized structure. With
crypto-currencies being introduced at par with traditional financial assets, there is a
possibility that a better trading and regulatory frame work will come into place. How-

ever, it is too early to comment on that and we do not make any assumptions as such.

Concluding remarks

We studied the time varying co-movement patterns of the crypto-currency markets with
the help of wavelet-based methods. Daily bilateral exchange rate of four major crypto-
currencies namely Bitcoin, Ethereum, Lite and Dashcoin from 7 August, 2015 to 24 March,
2018 were used for the analysis. First, we identified Bitcoin as potential market leader using
Wavelet multiple correlation and cross correlation. Next, we estimated Wavelet Local
Multiple Correlation for the given crypto-currency prices. From the results, we could ob-
serve that the correlation follows an aperiodic cyclical nature, and the crypto-currency

Wavelet Local Multiple Correlation: Scale 4
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Fig. 7 Wavelet Local Multiple Correlation for Scale 4 (16-32 day time period)
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Fig. 8 Wavelet Local Multiple Correlation Plot of Ten Crypto-currencies

prices are influenced by Bitcoin price movements. The demand for crypto- assets increases
when Bitcoin prices are on the rise, resulting in a price rise in other crypto-currencies. Con-
versely, any price drop in Bitcoin is immediately reflected in other crypto-currency prices.
From an investor perspective, this coupling of other crypto-currencies with Bitcoin
creates a dilemma. While crypto-currency assets can possibility act as instruments of
hedge in a traditional portfolio, along with other assets such as equities and bonds, we
do not suggest constructing a portfolio entirely composed of Crypto-assets. From the
evidences obtained from the analysis, constructing a portfolio based on crypto-
currencies may be risky at this point of time as the alt-coin prices are mainly driven by
Bitcoin prices, and any shocks in the latter is immediately transmitted to the former.
Even by looking at the skewed market capitalization in the crypto-currency market;
with Bitcoin occupying almost 50% of the total market capitalization, it would not be
prudent to construct a portfolio that entirely consists of crypto-currency assets.

Appendix
Relationship between r? and R?
Let us consider the following where y is the actual series, ¥ is the fitted series and e is

var@)

the residual. R? is defined as the coefficient of determination. R*> = wary)

Lety=y+e
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Covly,e] =0

Cov(x, (y + Z)) = Cov(x,y) + Cov(x, Z)
Var(x) = Cov(x,x)

n

Var(x) = 1/n Z (x:-%)?

i—1
o= M where r is the Person correlation coefficient
%Y Nvarly) wzr(_y)
Now
1"2 = COV(% 5’)
7 var(y) var(y)
2 Cov(y, ) Cov(y, )

Ty = \/ var(y) var(y) \/ var(y) var(y)

2 _ Cov(r,5)Cov(y,3)

ry var(y) var(y)

7'2 o COV(jI + e,j/)COV(_)A/+ 675/)

¥y var(y) var(y)
2 (Cov(y,e) + Cov(3,5 ))(Cov(y,e) + Cov(3,5 ))
ry var(y) var(y)
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2 var(y) var(y)
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Abbreviations

ARDL: Autoregressive Distributed Lag; MODWT: Maximal overlap discrete wavelet transform; OTC: Over-the-Counter;
WLMC: Wavelet Local multiple correlation; WMC: Wavelet multiple correlation; WMCC: Wavelet multiple cross-
correlation
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