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Abstract: The present study focuses on five cryptocurrencies co-movements 
physiognomies both in time and frequency domain. The present study 
highlighted several interesting facts related to cryptocurrencies co-movements 
both in time and frequency domain that have high policy and investment 
implications. Overall wavelet coherence diagrams clearly indicate about the 
very short and long contagion effect among the cryptocurrency pairs for the 
whole study period. The contagion effect is different at different time scales. 
Finally wavelet clustering diagram indicates that by investing only in XBP and 
BitCoin cryptocurrencies investors are not going to get any benefit from 
diversification. This predictable co-movements pattern among the 
cryptocurrencies could be the basic investment strategies to gain maximum 
profit by diversifying the risk in cryptocurrency investments. 
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1 Introduction 

Cryptocurrency is relatively new as compared to other financial products and it is 
fundamentally based on new blockchain technology. Though the blockchain technology 
is still beyond the scope of understanding of many investors but still just in a short period 
of half a decade time cryptocurrencies get special attention, since 2013 when BitCoins 
start trading actively. The reason could be cryptocurrencies functions similar like other 
traditional assets that are traded in the financial markets. Cryptocurrency phenomenon is 
relatively new and requires further comprehensive research to explore the hidden 
information. Since its inception the key issues that researches or investors try to answer is 
“whether the dynamic nature of cryptocurrencies can be predictable and whether it 
follows EMH (efficient market hypothesis)” as explained by Malkiel and Fama (1970). 
Liu and Tsyvinski (2018) studies with three cryptocurrencies namely BitCoin, Ripple and 
Ethereum find that there is a trade-off between these cryptocurrencies and stocks, 
currencies and precious metals. The study also confirms that cryptocurrencies are not 
affected by the common stock market and macroeconomic factors. Cryptocurrency are 
affected by certain factors that are quite specific to cryptocurrency market. That suggests 
that though cryptocurrency have few common behaviours like common stocks but it is 
not much affected or influenced by the common stock market factors. That clearly 
indicates cryptocurrencies need comprehensive study and explores the hidden properties 
of it. 

Several studies in the past investigate about the co-movement of stock markets 
globally (see Granger and Morgenstern, 1970; Chaudhuri, 1997; Vyklyuk et al., 2013; 
Patel, 2017; Bhuiyan et al., 2017; many others). There are studies which show that the 
co-movements among the stock markets are both for shorter durations (see Forbes and 
Rigobon, 2002) and longer durations (see Markwat et al., 2009). Fundamentally if there 
exists a higher correlation between the two markets than investors are not going to get 
much benefitted from the portfolio diversifications. All these studies mentioned above are 
done to study the co-movements among the stock markets across the globe. If there is a 
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co-movement among the cryptocurrencies then it will indicates that cryptocurrencies are 
separate asset classes that reacts to a particular stimulus in common. It will indicates that 
cryptocurrencies has special characteristics or behaviour that differs from other asset 
classes available in the market. Then in such case it will be important to identify such 
factors that influence cryptocurrencies price movement or determinations. Virtually no 
study has done to address the co-movements among the cryptocurrencies both in time and 
frequency domain together. 

The present study addresses comprehensively about the co-movement among the five 
cryptocurrencies (BitCoin, Dash, Monero, Stellar and XBP) both in time and frequency 
domain. Moreover it identifies the pair of cryptocurrencies in which by including those in 
the investment portfolio one can achieve maximum diversification. The present study is 
novel for several reasons: First, virtually no study has done to address the co-movements 
among the cryptocurrencies both in time and frequency domain together. Second, it 
identifies the pair of cryptocurrencies in which by including those in the investment 
portfolio one can achieve maximum diversification. Third our study period and 
methodology used are completely different from the previous studies. This predictable 
co-movements pattern could be the basic investment strategies to gain maximum profit 
by diversifying the risk in cryptocurrency investments. The structure of the present work 
is as follows: it starts with introducing the past and present status of the cryptocurrencies 
that covers the introduction part of the paper. Literature review sections covers all the 
important studies related to the topic and discuss about the need of the present study in 
Section 2. Data and methodology in Section 3 cover comprehensibly about the data and 
the methodology used, and its appropriateness related to the present study. Then result 
and discussion in Section 4 comprehensively discusses about the findings in details and 
its implications. Finally study concluded by discussing the important conclusions of the 
study and its policy implications followed by the future directions of research in  
Section 5. 

2 Review of literature 

Though the phenomenon of cryptocurrencies evolved in 2009 but starts active trading in 
2013 and onwards. Thereafter, cryptocurrencies market increases exponentially since its 
inception and attracts major attentions due to its similar functioning like other traditional 
assets that are traded currently in the financial markets. Cryptocurrency phenomenon is 
relatively new and as result of which very limited number of studies are done on 
cryptocurrencies. The behaviour of cryptocurrency is very critical and not fully explained 
by any existing financial theories. In addition to it, the future of cryptocurrency is still a 
big question due to lack of protection mechanism from the regulatory body. European 
Central Bank (2012) indicates about the financial instability that can arise due to the 
increase in growth of cryptocurrencies and its integration with the global economy. 
Followed by European Banking Authority (2014) and Financial Action Task Force 
(2014) endorse that lack of specific regulatory protection regulations for cryptocurrencies 
may leads to high losses, business crashes and terrorist funding. Academically the issue 
of risk associated with cryptocurrencies from policy perspective were comprehensively 
highlighted by Vandezande (2017) study. 
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Cryptocurrencies literature on price dynamics and speculation bubbles is highly 
uneven. Cheah and Fry (2015) concluded that cryptocurrencies are more prone to 
speculation bubbles whereas Blau (2017) argued that high volatility nature of 
cryptocurrency is not due to the high speculations. Other than Blau (2017) several other 
researcher like Katsiampa (2017), Pieters and Vivanco (2017), etc. study the volatility of 
cryptocurrencies. Differences in the findings among the research leads debate on whether 
cryptocurrency are currencies or like any other speculative investment instruments. 
Bariviera et al. (2017) added that cryptocurrency lacks all major properties of currency. 
To consider cryptocurrencies as group of separate asset class, it must provide enough 
evidence of similar patterns in terms of the co-integrations or co-movements among 
themselves in response to a common shock. 

Kurihara and Fukushima (2017) and Caporale and Plastun (2017) study address 
anomalies in cryptocurrencies market. Then Caporale et al. (2018) study reflects on the 
persistence in the cryptocurrency market. Several researchers like Bouri et al. (2017a, 
2017b), Corbet et al. (2018), and Ji et al. (2018) study the interlinkages between 
cryptocurrency and other asset classes. Bouri et al. (2017a) and Corbet et al. (2018) study 
uses GARCH. Recently, Ji et al. (2018) study find dynamic connectedness and 
integration among the six cryptocurrencies. The period of the study is from 7 August 
2015 to 22 February 2018 which is comparatively of shorter duration. All of these 
previous studies address the interlinkages between the cryptocurrencies and other asset 
classes like VIX, gold and other indexes are analyses. None of them exclusively 
addressed whether there is co-movement among cryptocurrencies and if so then at what 
level. The present study addresses the above questions and it identifies the pair of 
cryptocurrencies by including them in the investment portfolio one can achieve 
maximum diversification. The present study addresses the following which are not 
addresses by previous studies: First, virtually no study has done to address the co-
movements among the cryptocurrencies both in time and frequency domain together. 
Second, it identifies the pair of cryptocurrencies in which by including those in the 
investment portfolio one can achieve maximum diversification. Third our study period 
and methodology used are completely different from the previous studies. This 
predictable co-movements pattern could be the basic investment strategies to gain 
maximum profit by diversifying the risk in cryptocurrency investments. 

3 Data and methodology 

The study focus on the five crypto currencies namely BitCoin, Dash, Monero, Stellar and 
XBP, are selected based on the highest market capitalisation and longer duration. The 
data are in daily frequency from 6th August 2014 to 28th September 2018 and all data 
samples are collected from CoinMarketCap (https://coinmarketcap.com/coins/). The 
present study uses wavelet techniques to derive the study conclusions. The study starts 
with plotting graphs obtained from the daily returns of the series. Then it decomposes the 
series at different scales using wavelets techniques to see any significant variations in the 
findings. Finally it plots clustering diagram to check the possible ways to get benefits 
from the investment diversifications. Details of it are discussed in the succeeding 
paragraphs. 
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Figure 1 Cryptocurrencies time series multi scale decomposition plot for the daily returns,  
(a) Stellar (b) Dash (c) Monero (d) XBP (e) BitCoin 
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Figure 1 Cryptocurrencies time series multi scale decomposition plot for the daily returns,  
(a) Stellar (b) Dash (c) Monero (d) XBP (e) BitCoin (continued) 

 

(e) 

Most of the studies done on financial markets or financial assets uses time series data. 
Generally time series data do not follow normal distribution at the end part or tail part of 
the distributions as result of which it is concern for analysts (see Moinak, 2019). Fat tail 
financial data contains several information and it is not captured by the normal 
regressions and need advanced techniques. The main problem of such techniques are they 
consider either time or frequency domain separately to derive the study conclusions. In 
both the domain information contents are different as a result of which there are chances 
that analysts may lead to wrong decision while making investment decisions. Today 
researchers try to address several complex issues that are interdisciplinary in nature and 
need complex modelling. For example researchers now are using methods of physics to 
address the issues in economics and finance. One among them is Fourier transform to 
address the frequency component of economic and financial series data analysis. 
Thereafter Fourier transformation was extensible used in the economic and finance 
research to uncover several hidden information in the data. Similarly then wavelet 
methodology was introduced to analyse economic and financial data. The main advantage 
of using wavelet analysis is as follows. First one can study economic and finance series in 
both time and frequency domain together at a time. Secondly wavelet analysis is a model 
free approach and hence the chances of errors in analysis are negligible. Using wavelet 
analysis discrete data converted into the continuous series which out altering the content 
of the series as result one can compare both discrete and continuous data while analysing 
economic and finance series. Application of wavelet techniques in economic and finance 
research is relatively new. To study the economic and financial series, traditionally 
researchers used to decompose the data into daily, weekly, monthly or yearly frequency 
or periods. Wavelet techniques decomposes the data in to different scales in both time 
and frequency domain without losing any data points. At the first level of decomposition 
wavelet techniques decomposes into two parts generally termed as father wavelets and 
mother wavelets. Father wavelets represent the low frequency component of the 
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economic or financial series whereas mother wavelets represent the high frequency 
component of the economic or financial series. To be more precise father wavelets 
characterises the trend component of the economic or financial series and mother 
wavelets characterises all the variations resulting from the trends. Resulting wavelet 
decomposition at different levels is shown in Figure 1. 

3.1 Wavelet coherence 

Study uses bivariate wavelet coherence and it can be defined as the wavelet correlation 
coefficient calculation based on the continuous wavelet transformation as shown in below 
equation (1). 
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where 

 S is a smoothing operator, in time and frequency 

 WX, WY are the wavelets for each time series 

 WXY is the cross wavelet 

 similar to a correlation coefficient varying in time and frequency 

 get 95% confidence level using chi-squared distributions 

 s–1 is used to convert to energy density (s = scale, n = time index). 

Wavelet coherence diagram contains phase arrows and direction of the arrows represents 
phase or anti-phase movements of the two time series. Phase difference is calculated by 
using the below equation (2). 
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Phase arrows pointing towards: 

 Right: in-phase 

 Left: anti-phase 

 Down: X leading Y by 90° 

 Up: Y leading X by 90°. 

The wavelet coherence plot between the cryptocurrency pairs (co-movement between the 
pairs) both in frequency and time domain in a single frame is shown in Figure 3. Wavelet 
coherence diagram is very useful to locate the time localised similar pattern if there any 
exists between the two time series. Common behaviour between the two time series 
mainly exists due to the two reasons: first when one time series is influencing the other 
time series and Second could be the unknown phenomenon due to which both the time 
series could get influenced. Wavelet coherence diagram is very useful to study the time 
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series data that are non-stationary. Any phase change [as shown in equation (2)] in the 
wavelet coherence diagram could be interpreted as the lead or lag between the two time 
series. Phase difference between the two time series can be interpreted by studying the 
direction of the arrows in the wavelet coherence diagram. When the direction of the 
arrow is rightward oriented then the two time series are said to be in the phase whereas if 
the direction of the arrow is leftward oriented then the two time series are said to be in 
anti-phase. Further if the arrow head is downward oriented then time series 1 is leading 
time series 2 by right angle (90 degrees) whereas if the arrow head is upward oriented 
then time series 2 is leading time series 1 by right angle (90 degrees). White dashed line 
in the wavelet coherence diagram represents the cone of influence or the area where the 
time series coherence is significant. In Figure 3 horizontal axis shows the time horizon or 
all data points from 6th August 2014 to 28th September 2018 (daily data) and in the 
horizontal axis represents the different scale decomposition the time series in (1–2) days, 
(2–4) days, (4–8) days, (8–16) days, (16–32) days and more in the power of 2. Scale with 
different colours represents the intensity of the coherence between 0 and 1. More the 
value in the scale more will be the coherence between the two time series. Warmer 
colours in shades of red have higher values whereas colder colours in shades of blues 
have lower values. 

3.2 Wavelet clustering 

Wavelet clustering is done using the Ward’s minimum variance criterion to derive the 
conclusions. The main characteristics of the Ward method are that it uses minimum 
variance criteria to calculate the squared Euclidian distances between the two objects. 
The initial cluster squared Euclidian distance can be represented by the following 
equation (3). 

     2
,ij i j i jD d X X X X    (3) 

Then using the Lance-Williams algorithm, Ward’s minimum variance criterion is 
estimated recursively using the squared Euclidian distances between the clusters. 

Let assume that the next clusters to merge are Ci and Cj, and Dij, Dik, Djk are the 
calculated squared Euclidian distances between the clusters Ci, Cj and Ck. Then D(ij)k 
represents the squared Euclidian distances between the clusters Ci U Cj and Ck. Then in 
that case the distance D(ij)k between the clusters Ci U Cj and Ck can be calculated using the 
Lance-Williams algorithm is as shown in equation (4). 

( )ij k i ik j jk ij ik jkD D D D γ D D        (4) 

Then using the equation (4), Ward’s minimum variance criterion can be implemented for 
the disjoint clusters Ci, Cj and Ck with sizes ni, nj and nk as shown in equation (5) below. 
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where i, j,  and γ are the parameters 
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4 Results and discussion 

Table 1 shows the descriptive statistics for all the five cryptocurrencies and Table 2 
shows the co-relation among the five cryptocurrencies. 

Table 1 Descriptive statistics 

 Stellar Dash Monero XBP BitCoin 

Mean 0.007 0.005 0.005 0.006 0.002 

Standard error 0.002 0.002 0.002 0.002 0.001 

Median –0.003 –0.002 –0.001 –0.003 0.002 

Standard deviation 0.092 0.071 0.074 0.085 0.039 

Sample variance 0.009 0.005 0.005 0.007 0.002 

Kurtosis 33.434 49.748 13.937 141.836 5.618 

Skewness 3.852 3.675 1.836 7.939 0.085 

Range 1.368 1.503 1.072 2.254 0.464 

Minimum –0.307 –0.347 –0.278 –0.460 –0.211 

Maximum 1.061 1.156 0.794 1.794 0.252 

Sum 10.141 6.999 7.901 8.921 3.582 

Count 1,515.000 1,515.000 1,515.000 1,515.000 1,515.000 

Largest (1) 1.061 1.156 0.794 1.794 0.252 

Smallest (1) –0.307 –0.347 –0.278 –0.460 –0.211 

Table 2 Correlation matrix 

 Stellar Dash Monero XBP BitCoin 

Stellar 1     

Dash 0.196 1    

Monero 0.254 0.357 1   

XBP 0.480 0.133 0.184 1  

BitCoin 0.282 0.398 0.447 0.228 1 

Mean daily return for BitCoin (0.002) is lower as compared to the other cryptocurrencies. 
Similarly Stellar (0.007) has higher mean daily return as compared to the other 
cryptocurrencies. Stellar and XBP pair shows highest correlations (0.480) whereas Dash 
and XBP pair shows lowest correlations (0.133) among all cryptocurrency pairs. Overall 
the correlations among the cryptocurrencies are within the acceptable limits (less than 
0.8). Standard errors are lower among all the cryptocurrencies. Standard deviation for 
BitCoin (0.039) is lower as compared to the other cryptocurrencies. Similarly Stellar 
(0.092) has higher standard deviation as compared to the other cryptocurrencies. For all 
cryptocurrencies kurtosis is high that implies they have flatter tails and higher 
information content for making investment decisions. For all cryptocurrencies skewness 
are positive and expect BitCoin the values are above 1. Figure 2 shows the time series 
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returns plot for daily data of all cryptocurrencies. Table 1 and Figure 1 shows BitCoin is 
more stable as compared to the other cryptocurrencies whereas XBP and Stellar are more 
volatile. 

Figure 2 Cryptocurrencies time series plot for the daily returns (see online version for colours) 

 

Figure 2 shows cryptocurrencies time series multi scale decomposition plot for the daily 
returns that enables to compare the different scales (1–2) days, (2–4) days, (4–8) days,  
(8–16) days, (16–32) days and more in a single frame. It is clear from the wavelet multi 
scale decomposition that the wavelet shape is different at every level of decompositions 
and the shape of the wavelet reflects the features of the data. Change in the shape of the 
wavelet at different levels indicates that the information content at different level are 
different and same could be useful for making investment decision. 

Figure 3 shows the wavelet coherence plot between the cryptocurrency pairs  
(co-movement between the pairs) both in frequency and time domain in a single frame. 
Wavelet coherence diagram is very useful to locate the time localised similar pattern 
exists between the two time series. There could exists common behaviour between the 
two time series mainly due to the two reasons: first when one time series is influencing 
the other time series and Second could be the unknown phenomenon due to which both 
the time series could get influenced. Wavelet coherence diagram is very useful to study 
the time series data that are non-stationary. Any phase change in the wavelet coherence 
diagram could be interpreted as the lead or lag between the two time series. Phase 
difference between the two time series can be interpreted by the direction of the arrows in 
the wavelet coherence diagram. When the direction of the arrow is right oriented then the 
two time series are in phase whereas if the direction of the arrow is left oriented then the 
two time series are anti-phase. Further if the arrow is downward oriented then time series 
1 is leading time series 2 by right angle (90 degrees) whereas if the arrow is upward 
oriented then time series 2 is leading time series 1 by right angle (90 degrees). White 
dashed line in the wavelet coherence diagram represents the cone of influence or the area 
where the time series coherence is significant. In Figure 3 horizontal axis shows the time 
horizon or all data points from 6th August 2014 to 28th September 2018 and in the 
horizontal axis represents the different scale decomposition the time series in (1–2) days, 
(2–4) days, (4–8) days, (8–16) days, (16–32) days and more. Scale with different colours 
represents the intensity of the coherence between 0 and 1. More the value in the scale 
more will be the coherence between the two time series. Warmer colours in shades of red 
have higher values whereas colder colours in shades of blues have lower values. 
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Figure 3 Wavelet coherence plot between the cryptocurrency pairs (co-movement between the 
pairs), (a) Stellar with Dash, Monero, XBP and BitCoin (b) Dash with Monero, XBP 
and BitCoin (c) Monero with XBP and BitCoin and XBP with BitCoin  
(see online version for colours) 

  

  

(a) 
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Figure 3 Wavelet coherence plot between the cryptocurrency pairs (co-movement between the 
pairs), (a) Stellar with Dash, Monero, XBP and BitCoin (b) Dash with Monero, XBP 
and BitCoin (c) Monero with XBP and BitCoin and XBP with BitCoin (continued)  
(see online version for colours) 

  

 

(c) 

4.1 Wavelet coherence 

 Stellar and Dash pair: For time scales (1–2) days, (2–4) days, (4–8) days are coherent 
in many occasions but for very small period of days and for higher scales they are 
not coherent. Except for few weeks in the last quarter of 2014 at scale (64–128) days 
and from 2016 onwards at scale (256–512) days Stellar and Dash pair is coherent. 
From the second quarter of 2017 Stellar and Dash pair is highly coherent for time 
scales (1–2) days, (2–4) days, (4–8) days, (8–16) days, (16–32) days and (32–64) 
days, and rightwards arrow direction shows that they are in phase. 

 Stellar and Monero pair: Similar kind of observations seen in Stellar and Monero 
pair like Stellar and Dash pair. For time scales (1–2) days, (2–4) days, (4–8) days are 
coherent in many occasions but for very small period of days and for higher scales 
they are not coherent. From November 2016 Stellar and Monero pair is highly 
coherent for time scales (1–2) days, (2–4) days, (4–8) days, (8–16) days. Rightward 
arrow direction shows that they are in phase. 

 Stellar and XBP pair: Stellar and XBP pair is coherent for time scales (1–2) days,  
(2–4) days, (4–8) days are coherent in many occasions but for very small period of 
days like previous cases but Stellar and XBP pair is highly coherent for (64–128) 
days, (128–256) days, (256–512) days that last for the whole period of the study 
sample. Rightward arrow direction shows that they are in phase. Further in most of 



   

 

   

   
 

   

   

 

   

   76 M. Maiti et al.    
 

    
 
 

   

   
 

   

   

 

   

       
 

the cases the arrow head are pointing downwards that implies stellar is leading over 
XBP. 

 Stellar and BitCoin pair: Stellar and BitCoin pair wavelet coherence diagram is quite 
similar to the ‘Stellar and Dash’ and ‘Stellar and Monero’ pairs wavelet coherence 
diagram. For time scales (1–2) days, (2–4) days, (4–8) days are coherent in many 
occasions but for very small period of days and for higher scales they are not 
coherent. From 2016 Stellar and Dash pair is highly coherent for time scales (1–2) 
days, (2–4) days, (4–8) days, (8–16) days, (16–32) days and (32–64) days, and 
rightward arrow direction shows that they are in phase. 

 Dash and Monero pair: Dash and Monero pair is coherent for time scales (1–2) days, 
(2–4) days, (4–8) days are coherent in many occasions but for very small period of 
days, but Dash and Monero pair is highly coherent for (64–128) days,  
(128–256) days, (256–512) days that last for the almost whole period of the study 
sample. Rightward arrow direction shows that they are in phase. Dash and Monero 
pair wavelet coherence diagram is quite similar to the Stellar and Monero wavelet 
coherence diagram. 

 Dash and XBP pair: Dash and XBP pair is coherent for time scales (1–2) days, (2–4) 
days, (4–8) days are coherent in many occasions but for very small period of days 
like previous cases but Dash and XBP pair is highly coherent for (256–512) days that 
last for the whole period from last quarter of 2015. Rightward arrow direction shows 
that they are in phase. Further in most of the cases the arrow head are pointing 
upwards that implies XBP is leading over Dash. 

 Dash and BitCoin pair: Dash and BitCoin pair is coherent for time scales (1–2) days, 
(2–4) days, (4–8) days are coherent in many occasions but for very small period of 
days like previous cases but Dash and BitCoin pair is highly coherent for time scales 
from (1–2) days to (128–256) days from second quarter of 2017. Rightward arrow 
direction shows that they are in phase. 

 Monero and XBP pair: Monero and XBP pair is coherent for time scales (1–2) days, 
(2–4) days, (4–8) days are coherent in many occasions but for very small period of 
days like previous cases but Monero and XBP pair is highly coherent for (1–2) days, 
(2–4) days, (4–8) days, (8–16) days, (128–256) days that last for the whole period 
from third quarter of 2017. Rightward arrow direction shows that they are in phase. 

 Monero and BitCoin pair: Monero and BitCoin pair is coherent for time scales (1–2) 
days, (2–4) days, (4–8) days are coherent in many occasions but for very small 
period of days like previous cases but Monero and BitCoin pair is highly coherent 
for (1–2) days, (2–4) days, (4–8) days, (8–16) days, (16–32) days, (32–64) days,  
(64–128) days, (128–256) days that last for the whole period from third quarter of 
2017. Rightward arrow direction shows that they are in phase. 

 XBP and BitCoin pair: XBP and BitCoin pair not much coherent for all time scales 
except for the period from third quarter of 2017 where it is highly coherent for time 
scales (1–2) days to (32–64) days. 
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 Overall: Cryptocurrency pairs are coherent for very shorter period of time especially 
at time scales (1–2) days, (2–4) days, (4–8) days. Higher coherence observed for 
almost all pairs from last quarter of 2017 for scales (1–2) days to (32–64) days. 
Overall wavelet coherence diagrams clearly indicate about the contagion effect 
among the cryptocurrency pairs for this period. Finally rightward arrow direction 
shows that they are in phase. 

4.2 Wavelet clustering 

Figure 4 shows wavelet clustering diagram for cryptocurrencies. Horizontal axis 
represents different cryptocurrencies and vertical axis represents dissimilarities. 
Dissimilarity scores for XBP and BitCoin are the lowest among the cryptocurrencies. 
Investors those who are willing to invest only in XBP and BitCoin cryptocurrencies is not 
going to get any benefit from diversification. Further inclusion of Dash in the two 
cryptocurrencies group ‘XBP and BitCoin’ overall dissimilarity scores increased. Stellar 
is the next to join the three cryptocurrencies group ‘XBP, BitCoin and Dash’, inclusion of 
stellar further increases the value of dissimilarly. Finally higher amount of dissimilarity 
can be achieved by adding Monero to the group of four cryptocurrencies group ‘XBP, 
BitCoin, Dash and Stellar’. From the investment point of view in cryptocurrencies: let 
assume investor 1 invested in all five cryptocurrencies and get maximum benefit from the 
portfolio diversifications. Also assume that there is an another investor 2, who is also 
investing in cryptocurrencies and only in the XBP and BitCoin cryptocurrencies. Then in 
such case according to the portfolio diversification theory, investor 2 has a risky 
investment as both the cryptocurrencies looks identical and will not get any benefits of 
diversifications from these investment. However investor 2 can reduces it total 
investment risk by additionally investing in the Dash cryptocurrency and so on. The 
wavelet clustering diagram states that every time investor 2 additionally invests in the 
new cryptocurrency realise the benefit of portfolio diversification and once the 
investment is transmitted to the all five cryptocurrencies, investor 2 will realise the 
benefit of portfolio diversifications as similar to the investor 1. 

Figure 4 Wavelet clustering of cryptocurrencies 

 

Notes: 1 – Stellar; 2 – Dash; 3 – Monero; 4 – XBP; 5 – BitCoin. 
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5 Conclusions 

Significant development and growth in the cryptocurrency market opens up a new avenue 
for investments and business. In the recent past cryptocurrencies not only total market 
capitalisation jumps up but at the same time volume of cryptocurrencies traded also 
increases. Risk return trade off for the cryptocurrencies are different from that of the 
stocks, commodities and other assets. In past several studies address the co-movements of 
cryptocurrencies with other assets but none of the studies addressed whether there is a  
co-movement among the cryptocurrencies. The present study highlighted the same, in 
addition to it several interesting facts related to cryptocurrencies co-movements both in 
time and frequency domain are highlighted by the present study. The present study 
focuses on five cryptocurrencies co-movements physiognomies both in time and 
frequency domain. The study begins with investigating the correlations among the five 
cryptocurrencies selected based on their higher market capitalisation and long time 
period. Study finds that Stellar and XBP pair shows highest correlations (0.480) whereas 
Dash and XBP pair shows lowest correlations (0.133) among all cryptocurrency pairs. 
Mean daily return for BitCoin (0.002) is lower and higher for Stellar (0.007) as compared 
to the other cryptocurrencies. Stellar and XBP pair shows highest correlations (0.480) 
whereas Dash and XBP pair shows lowest correlations (0.133) among all cryptocurrency 
pairs. Standard errors are lower among all the cryptocurrencies. Standard deviation for 
BitCoin (0.039) is lower as compared to the other cryptocurrencies. Similarly Stellar 
(0.092) has higher standard deviation as compared to the other cryptocurrencies. For all 
cryptocurrencies kurtosis is high that implies they have flatter tails and higher 
information content for making investment decisions. For all cryptocurrencies skewness 
are positive and expect BitCoin the values are above 1. From daily time series return plot 
pattern of cryptocurrencies study finds that BitCoin is more stable as compared to the 
other cryptocurrencies whereas XBP and Stellar are more volatile. Then wavelet 
coherence diagrams indicate in general that all cryptocurrency pairs are coherent for very 
shorter period of few days for several times or discrete number of times especially at time 
scales (1–2) days, (2–4) days, (4–8) days. Higher continuous coherence observed for 
almost all pairs from last quarter of 2017 for scales (1–2) days to (32–64) days. Overall 
wavelet coherence diagrams clearly indicate about the very short and long contagion 
effect among the cryptocurrency pairs for the whole study period. The contagion effect is 
different at different time scales. Finally, rightward arrow direction shows that they are in 
phase. Study finds that especially Stellar and XBP pair is highly coherent for (64–128) 
days, (128–256) days, (256–512) days that last for the whole period of the study sample. 
Wavelet clustering diagram shows that Monero has highest dissimilar values among the 
cryptocurrencies. Whereas XBP and BitCoin has lowest dissimilar values among the 
cryptocurrencies. Then, wavelet clustering diagram indicates that by investing only in 
XBP and BitCoin cryptocurrencies investors are not going to get any benefit from 
diversification. Then study discussed about the investment strategy by which investors 
considering investment in cryptocurrencies in their investment portfolio can take full 
advantage of portfolio diversifications by reducing their total investment risk. This 
predictable co-movements pattern could be the basic investment strategies to gain 
maximum profit by diversifying the risk in cryptocurrency investments. 
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