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Abstract 

The main aim of this article is to examine the inter-relationships among the top cryptocurrencies 

on the crypto stock market in the presence and absence of the COVID-19 pandemic. The nine 

chosen cryptocurrencies are Bitcoin, Ethereum, Ripple, Litecoin, Eos, BitcoinCash, Binance, 

Stellar, and Tron and their daily closing price data are captured from coinmarketcap over the period 

from 9/13/2017 to 9/21/2020. To determine the order of integration, the Augmented Dickey-Fuller 

(ADF), Phillips-Perron (PP), and Kwiatkowski, Phillips, Schmidt, and Shin (KPSS) unit root tests 

were carried out, and all of the cryptocurrencies were found to be integrated of order 1 i.e. I(1). It 

has been found that there is strong evidence of a long-run relationship between Bitcoin and altcoins 

irrespective of whether it is pre-pandemic or pandemic period. Hence these cryptocurrencies' prices 

and their inter-relationship are resilient to the pandemic.     
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Bitcoin and Altcoins Price Dependency: Resilience and Portfolio Allocation in COVID-19 

Outbreak  

1. Introduction  

Bitcoin is known to be the first distributed cryptocurrency in the foremost technology of blockchain 

system, which was instigated by Satoshi Nakamoto in 2008. Because of this invention, more than 

two thousand cryptocurrencies adhere to Bitcoin. These currencies are known as altcoins, which 

are traded non-stop, 24/7 in the crypto stock markets (Coinmarketcap, 2019). Each of them has its 

own story which includes its mission, vision, and values. For instance, Ethereum is a global, open-

source platform from which investors can run their smart contracts for decentralized applications, 

(Ethereum White Paper, 2019). As another example, even though Ripple's system is based on a 

central structure, Ripple aims to create a network among the international financial institutions to 

decrease their transaction costs and to facilitate faster global payments. Unlike many other alt 

currencies, Ripple is working with governments and central financial institutions (Ripple White 

Paper, 2019). On the contrary, Binance was initiated to be an altcoin to create an independent 

ecosystem by freeing users from central organizations and government regulations. Besides, on the 

infrastructure of Tron (TRX)’s system, investors or users can freely create, publish and store their 

data sets. By using this feature of blockchain infrastructure, Tron strives to create a global 

entertainment platform for content creators and consumers in the blockchain-based decentralized 

platform, (Tron White Paper, 2019). After Bitcoin, these attempts of altcoins have brought about a 

sudden rise in the market size of cryptocurrencies. Whilst many altcoins emerged after Nakamoto’s 

initiative. Bitcoin, Ethereum, Ripple, Litecoin, Eos, BitcoinCash, Binance, Stellar, and Tron have 

been ranked among the top 20 cryptocurrencies over time by market capitalization and considered 

mainstream coins (Coinmarketcap, 2019).  
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 Especially after a sudden price increase of Bitcoin in 2017, people showed a great interest 

which has led to the rapid growth of cryptocurrencies. These attempts triggered scholars, 

crowdfunding managers, investors, and crypto portfolio managers to assess the long and short-term 

relationship among cryptocurrencies in the crypto stock market.  Besides this, highly volatile 

cryptocurrencies have high correlations. Therefore, the number of research papers has increased to 

figure out long-term co-movements of prices of different cryptocurrencies and mean-reverting 

strategies which analyze whether prices revert to the average or mean price, (Leung and Nguyen, 

2019). To construct meaningful and stable models, researchers use various variables and prediction 

techniques. Chuen et al. (2018) for example examined the possibility of diversification of 

cryptocurrency portfolio for investors as a new investment opportunity based upon historical price 

and trading volume of a cryptocurrency. Accordingly, they found out that there is a low correlation 

between cryptocurrencies and traditional investments. Another result showed that most 

cryptocurrencies have higher daily returns than traditional assets.   

 Another strand of literature is about the possibility of cointegrating relationships among 

cryptocurrencies, which makes scholars keen to search for cointegration studies. Leung and 

Nguyen (2018) focused on the process of constructing cointegrated portfolios of cryptocurrencies 

by employing Johansen and Engle-Granger cointegration tests. In addition to that Baçao et. al. 

(2018) observed that a robust relationship exists between information transmission and Bitcoin, 

Litecoin, Ripple, Ethereum, and Bitcoin Cash prices by using the VAR modeling approach from 

May 1, 2013, to March 14, 2018. Their results suggest that Bitcoin has the power to dominate 

others regarding information transmission due to its paramount capacity of trading volume, market 

capitalization, and exchange trading volume. On the other hand, they found some 

counterarguments against their hypothesis. Some delayed information takes place, especially from 

Litecoin to Bitcoin. Furthermore, the main aim of Ciaran et al.'s (2018) empirical investigation was 
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to assess the virtual relationships between Bitcoin and altcoins in the short and long run. Their 

empirical results conclude that Bitcoin and altcoin markets are interdependent based on daily data 

from 2013-2016. Their findings confirm that in the long run, macroeconomic indicators have an 

impact on price creation to a certain degree. Therefore, exogenous factors might be recognized as 

determinants to a certain extent for the crypto market. Furthermore, the ARDL technique was used 

by Sovbetov (2018), to reveal that the attractiveness of cryptocurrencies plays an important role in 

price formation solely in the long run. On the other hand, market beta, trading volume, and 

volatility (crypto market-related factors) matter for both long- and short-term price determination 

based on evidence from Bitcoin, Ethereum, Dash, Litecoin, and Monero over 2010-2018, using 

weekly data. Anciaux and Nicaise (2019) examined the co-movements in market quality of 

cryptocurrencies by using intraday data of the transactions and order book of the cryptocurrencies 

which have the highest market capitalization from August 2017 to July 2018. Finally, Göttfert 

(2019) organized his analysis according to Engle-Granger two-step approach, Johansen 

Cointegration test, and Vector Error Correction Model (VECM) to demonstrate cointegration 

between Bitcoin and other altcoins; Ethereum, Ripple, Bitcoin Cash, EOS and Litecoin based upon 

daily prices in five different periods that due is April 9, 2019. Findings prove that Bitcoin has 

cointegration with Ripple, Litecoin, Bitcoin Cash, and Ethereum, albeit not with EOS. Hence, he 

concluded that Bitcoin is statistically crucial for the price formation of Ripple, Litecoin, Bitcoin 

Cash, and Ethereum, but not EOS. 

  Overall, these studies highlight the need for new analysis to examine price dependency and 

long and short-term cointegration among all cryptocurrencies regarding different periods, as this 

crypto market continues to develop with its new coins, along with its new applications, regulations, 

and attractive narratives. Hence, this paper is designed as follows. Section 2 explains data and 
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methodology. In section three, empirical findings and results are presented based on the Johansen 

Cointegration model as well as Vector Error Correction (VECM). The last section concludes. 

2. Data Collection and Methodology 

We use daily prices of cryptocurrencies and our data sets were obtained from the coinsmarket.cap 

(2019) from 9/13/2017 to 09/21/2020. The abbreviations used in this study with their complete 

description are listed in Table 1.  

TABLE 1: ABBREVIATIONS USED IN THE STUDY 

Abbreviation Full Description 

BT ln (Bitcoin closing price) 

BC ln (BitcoinCash closing price) 

ET ln (Ethereum closing price) 

BN ln (Binance closing price) 

LT ln (Litecoin closing price) 

RP ln (Ripple closing price) 

TR ln (Tron closing price) 

ST ln (Stellar closing price) 

EO ln (Eos closing price) 

DP 
DP = 1 if t ≥ 11 − 03 − 2020 

DP = 0  elsewhere ∀ t = 09 − 13 − 2017 to 09 − 21 − 2020 

 

Before we employ unit root tests and the Johansen cointegration technique, we make general 

observations of descriptive statistics. In Table 2, there is a summary of descriptive statistics for the 

chosen 9 cryptocurrency prices.  

TABLE 2: DESCRIPTIVE STATISTICS 
Crypto Currencies BC BN BT EO ET LT RP ST TR 

 Mean  5.979050  2.489788  8.923931  1.382447  5.569162  4.234047 -1.064664 -2.219531 -3.900057 

 Median  5.773277  2.678965  8.982603  1.327075  5.434246  4.090002 -1.186821 -2.303816 -3.809241 

 Maximum  8.274630  3.658936  9.878036  3.069912  7.241667  5.881482  1.217876 -0.109562 -1.511608 

 Minimum  4.348599 -0.387452  8.056728 -0.706790  4.434500  3.155297 -1.968723 -4.546901 -6.552181 

 Std. Dev.  0.753795  0.780537  0.362569  0.678709  0.590756  0.529539  0.536189  0.789454  0.800641 

 Skewness  0.658173 -1.597372 -0.442579 -0.488491  0.660800  0.767978  1.285009 -0.065045 -1.126748 

 Kurtosis  2.842304  5.553269  2.826004  4.129425  2.729676  3.119208  4.904194  3.053315  5.354942 

          

 Jarque-Bera  80.92433  770.0731  37.46773  102.6773  83.78199  109.2739  471.0498  0.910054  489.1463 

 Probability  0.000000  0.000000  0.000000  0.000000  0.000000  0.000000  0.000000  0.634431  0.000000 

          

 Sum  6606.850  2751.216  9860.944  1527.604  6153.924  4678.622 -1176.453 -2452.582 -4309.563 

 Sum Sq. Dev.  627.3011  672.5984  145.1281  508.5530  385.2874  309.5742  317.3989  688.0547  707.6924 
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 Observations  1105  1105  1105  1105  1105  1105  1105  1105  1105 

 

The comovements of the 9 cryptocurrencies along the time from 09-13-2017 to 09-21-2020 are 

depicted in Figure 1. On the y-axis are the 𝑙𝑛(𝑝𝑟𝑖𝑐𝑒) of the cryptocurrencies, while on the x-axis 

is the time. There is a vertical line on 03-11-2020, showing the declaration of COVID-19 as 

Pandemic by the World Health Organization (WHO). It is apparent from Figure 1 that there was a 

decrease in 𝑙𝑛(𝑝𝑟𝑖𝑐𝑒𝑠)  of each of the cryptocurrencies just after the declaration. However, 

afterward, the cryptocurrencies recovered and were back on the track.  

FIGURE 1: COMOVEMENTS OF CRYPTOCURRENCIES 

 
 

2.1. Unit Root Tests 

We carried out the Augmented Dickey-Fuller (ADF) test (Dickey & Fuller, 1979) Test, Phillips 

Perron (PP) unit root test (Phillips & Perron, 1988), and Kwiatkowski, Phillips, Schmidt, and Shin 

(KPSS) test (Kwiatkowski, Phillips, Schmidt, Shin, et al., 1992) with the trend and without trend 

(constant) to decide the order of integration of each time series. We used two different models for 

each of the three unit root tests to make sure that our results are valid and not specific to a model 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2021                   doi:10.20944/preprints202103.0440.v1

https://doi.org/10.20944/preprints202103.0440.v1


7 

 

and a test. If a time series has a constant mean, variance, and covariance over time (independent of 

time), it is defined to be a stationary time series. Therefore, an external shock to a stationary time 

series vanishes with the progress of time. However, on the contrary, if a series is not stationary, a 

shock in the time series will be permanent. In other words, non-stationary or unit root (a random 

walk) means that when there is a shock in time series, this shock is not going to die away in t+1, 

t+2, t+3+.....t+k progressively (Brooks, 2014). One of the most critical issues in time series analysis 

is spurious regression. In this situation, the F and t-statistics are significant, showing that the time 

series under consideration are related to each other and in reality, there is no sense of the 

relationship between the time series (Granger & Newbold, 1974). To deal with nonsense regression 

(Spurious) and to have meaningful results, before starting a time series analysis, it is required to 

test for possible unit roots (Harris & Sollis, 2003). For this reason, we evaluated each time series 

for possible unit root. We employed three different unit root tests; ADF (Dickey & Fuller, 1979), 

PP (Phillips & Perron, 1988), and KPSS (Kwiatkowski, Phillips, Schmidt, Shin, et al., 1992) with 

and without linear time trend (constant only). These three tests have been employed to validate the 

results as the two tests (ADF and PP) have the null hypothesis of the unit root while the third test 

i.e., KPSS has the null hypothesis of stationarity.   

2.2. Johansen Cointegration Test 

After deciding about the order of integration, we choose the appropriate lag length based on the 

VAR model. Finally, we conduct the Johansen cointegration test (Johansen & Juselius, 1990) to 

assess the long-run relationship among the 9 cryptocurrencies. Johansen cointegration test is used 

because it is based on the system estimation of multivariate time series. Another advantage of the 

Johansen test is that it considers all the time series as endogenous, whereas the other available 

techniques in the literature consider one time series as endogenous and the rest exogenous. This 

means that the researcher must decide a prior about the nature of time series (endogenous or 
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exogenous), which is not realistic in our case of 9 different cryptocurrencies. Furthermore, the 

Johansen tests evaluate the presence of more than one cointegrating relationship among the 

considered time series. In our case, a maximum of eight cointegrating relationships is possible. 

 The Johansen cointegration test (Johansen & Juselius, 1990) is based on the number of 

independent linear combinations. Johansen's model hinges on Vector Auto-Regression (VAR). 

This model takes its first step in VAR of order k given by: 

y
t
= b

1
y
t-1

+ b
2
y
t-2

+ ....+ b
k
y
k-2

+ m
t
                                                                                  (1) 

Where t is the white noise disturbance term and b
k
denotes the coefficient matrices for each lag. 

If we use the Johansen Cointegration model, the above equation must be converted into Vector 

Error Correction Model (VECM) of the form by adding error correction components: 

Dy
t
= Py

t-k
+ G

1
D
t-1

+ G
2
D
t-2

+ ....+ G
k-1

Dy
t-(k-1)

+ m
t                                                                (2) 

Where Dy
t
= y

t
- y

t-1
 represents differencing equation and k is the number of lags, 

P = ( B
i
) - I

g
i=1

k

å
 and  

G
i
= ( B

j
) - I

g
j=1

i

å
  

that contains two matrices. Albeit P  represents long-run coefficient matrix, G  includes short-run 

dynamics. “g” denotes the number of variables, which may be two or more. Johansen's technique 

concentrates on the long-run coefficient matrix P . Two different test statistics exist i.e. 

l
trace

(r) = -T ln(1- l
i

ˆ )
i=r+1

g

å                                                                                                                   (3) 
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l
max

(r,r +1) = -T ln(1- l
r+1

ˆ )
                                                                                                                      (4) 

Where r represents the number of cointegrating vectors under the null hypothesis. Besides this l
i

ˆ
 

denotes forecasted 𝑖th ordered eigenvalue from Pand it can have a maximum g-1 rank. Therefore, 

if there are 2 time series under investigation, then there would be a maximum of one cointegrated 

relationship among them. Rather, if there are four-time series then there would be a maximum of 

rank 3 indicating a maximum of three cointegrating relationships is possible. 

H0: r= 0  versus   H1 :0<r ≤g  

H0: r= 1  versus  H1 :1<r ≤g  

H0:r =2  versus  H1:2<r ≤g  and so on to  

H0:r= g−1 versus H1:r= g 

where r is symbolized as the number of cointegrating vectors under the null hypothesis. 

Accordingly, if the null hypothesis is rejected such as 𝐻0: 𝑟 =  0, and 𝐻0: 𝑟 =  1 cannot be rejected 

then we can conclude that there is one cointegrating vector. On the other hand, if 𝐻0: 𝑟 =  0 is not 

rejected, it concludes that there are no cointegrating vectors in the time series. Hence, the value of 

𝑟 is enhanced till the null hypothesis is no longer rejected. Five alternative specifications of the 

deterministic component have been considered by Johansen and Juselius (1990). These 

specifications are: 

Model 1: No Intercept or Trend in Cointegrating Equation(vector) and Test VAR 

Model 2: Intercept (No Trend) in Cointegrating equation and No intercept or trend in test VAR 
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Model 3: Intercept (no Trend) in Cointegrating equation and test VAR 

Model 4: Intercept and trend in Cointegrating equation and intercept or trend in test VARe 

Model 5: Intercept and Trend in Cointegrating Equation and only Intercept in test VAR 

3. Empirical Results 

Before pursuing the assessment of a long-run relationship, first, all the series are tested for possible 

unit root using three tests. 

3.1. Unit Root Test Results 

TABLE 3: UNIT ROOT TESTS RESULTS 
Test Crypto Currency At Level First Difference Conclusion 

Constant Trend Constant Trend 

A
u

g
m

en
te

d
 D

ic
k

y
 

F
u

ll
er

  
(A

D
F

) 
T

es
t 

BC -1.455527 -2.164669 -32.89931*** -32.89108*** I(1) 

BN -3.214448** -2.890817 -32.64170*** -32.72287*** I(1) 

BT -2.291515 -2.256309 -35.08992*** -35.08628*** I(1) 

EO -2.550569 -2.983509 -33.92567*** -34.01012*** I(1) 

ET -1.449358 -1.496356 -35.65421*** -35.63660*** I(1) 

LT -1.688528 -2.258656 -35.25764*** -35.26472*** I(1) 

RP -2.221522 -3.394790* -20.85174*** -20.86436*** I(1) 

ST -2.466247 -3.454159** -32.85974*** -32.96970*** I(1) 

TR -3.263085** -3.254660* -16.49659*** -16.53361*** I(1) 

P
h

il
ip

s 
P

er
ro

n
  

(P
P

) 

T
es

t 

BC -1.581304 -2.343344 -32.96597*** -32.95737*** I(1) 

BN -3.214448** -2.898840 -32.64170*** -32.72998*** I(1) 

BT -2.359067 -2.328691 -35.02309*** -35.01879*** I(1) 

EO -2.600346* -3.002913 -33.95103*** -34.01285*** I(1) 

ET -1.566195 -1.651572 -35.61452*** -35.59931*** I(1) 

LT -1.810645 -2.383506 -35.16615*** -35.16919*** I(1) 

RP -2.319534 -3.376422* -33.32651*** -33.32241*** I(1) 

ST -2.502271 -3.445074** -32.91205*** -32.98776*** I(1) 

TR -3.134089** -3.106928 -33.28017*** -33.29494*** I(1) 

K
w

ia
tk

o
w

sk
i-

P
h

il
li

p
s-

S
ch

m
id

t-

S
h

in
 (

K
P

S
S

) 
T

e
st

 

BC 2.216446*** 0.395057*** 0.067451 0.068722 I(1) 

BN 1.971803*** 0.327697*** 0.302892 0.101509 I(1) 

BT 0.553574*** 0.386815*** 0.093659 0.093311 I(1) 

EO 0.557306*** 0.247062*** 0.322137 0.124309* I(1) 

ET 1.681350*** 0.536573*** 1.681350 0.101914 I(1) 

LT 1.307524*** 0.200836*** 0.080388 0.067071 I(1) 

RP 1.930178*** 0.137626*** 0.093588 0.058407 I(1) 

ST 1.206848*** 0.310630*** 0.417179 0.200480 I(1) 

TR 0.267004 0.276951*** 0.191082 0.094042 I(1) 
Note: ***, **, and * show the rejection of the respective null hypothesis at 1%, 5%, and 10% level of significance respectively. 

According to the Augmented Dickey-Fuller (ADF) Test (Dickey & Fuller, 1979) and Phillips 

Perron (PP) Test (Phillips & Perron, 1988), the null hypothesis is that the time series has a unit root 

and the alternative hypothesis is that the time series is stationary. While, the KPSS (Kwiatkowski, 
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Phillips, Schmidt, & Shin, 1992) test evaluates the null hypothesis of stationarity against the 

alternative of non-stationarity. When we look at the results of unit root tests depicted in Table 3 for 

the ADF test, they show that for all cryptocurrencies except two (Binance and Tron), we cannot 

reject the null hypothesis at level; therefore, we can conclude that at the level they have unit roots 

with only constant and with the trend. For the two exceptions at level, Binance is stationary at a 

5% level of significance when only constant is considered. However, when the trend is considered 

then again, Binance has a unit root at the level. The other exception Tron is stationary at the level 

at 5% level of significance when only constant is considered and it is stationary at 10% level of 

significance when the trend is considered. All the 9 cryptocurrencies are stationary at the 1st 

difference at a 1% level of significance. Hence these all cryptocurrencies' closing prices are 

concluded as integrated of order 1 i.e., 𝐼(1) time series. The results of the other unit root test like 

the Philips Perron test conclude the same and they are identical to the ADF test with one exception 

of Tron having a unit root at the level when the trend is considered. 

Coming to the results of the KPSS test having null hypothesis of stationarity, Table 3 clearly 

shows that at level, the null hypothesis is rejected at 1% level of significance when either constant 

is considered or trend is considered for all cryptocurrencies with only one exception and that is of 

Tron for only the case when constant is considered. At first difference, the null hypothesis cannot 

be rejected (for both cases of constant and trend) for all cryptocurrencies except one exception and 

i.e., of EOS at the trend. All the cryptocurrencies' closing price time series is concluded as 

integrated of order 1 𝐼(1) according to the KPSS test.   

3.2. Johansen Cointegration Test Results 

To find that whether a long-run relationship exists among the 9 cryptocurrencies or not, the 

Johansen Cointegration test was carried out with two different deterministic part combinations 
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(Model 3 and Model 4). However, the results are not so much different. Hence, we stick with the 

most theoretically plausible model of Model 3 which considers constant both in the cointegrating 

relation and in testing VAR. Furthermore, the existence of long-run relation is evaluated 

considering the two scenarios: with DP as Exogenous and without it.   

TABLE 4: JOHANSEN COINTEGRATION TEST RESULTS 
Null 

Hypothesis 

Null 

Hypothesis 

Without DP as Exogenous With DP as Exogenous 

Trace test stat Prob. Trace test stat Prob. 

𝒓 = 𝟎 𝑟 > 0  374.8589*** 0.0000  399.4607***  0.0000 

𝒓 ≤ 𝟏 𝑟 > 1  250.9382*** 0.0000  276.2578***  0.0000 

𝒓 ≤ 𝟐 𝑟 > 2  153.8667*** 0.0003  176.7178***  0.0000 

𝒓 ≤ 𝟑 𝑟 > 3  87.91191 0.1533  97.23498**  0.0394 

𝒓 ≤ 𝟒 𝑟 > 4 ------ ------  59.35614  0.2557 

NOTE: *** AND ** SHOW THE REJECTION OF THE NULL HYPOTHESIS AT 1% AND 5% LEVEL OF SIGNIFICANCE RESPECTIVELY. 

The Johansen test estimates the order of integration as shown in Table 4, where r is symbolized as 

the number of cointegrating vectors under the null hypothesis. Accordingly, if the null hypothesis 

𝑟 = 0 is not rejected then we can conclude that there are no cointegrating vectors. However, if null 

hypothesis 𝑟 = 0 is rejected and the null hypothesis 𝑟 = 1 cannot be rejected then the results 

indicate that there is one cointegrating vector. Hence, we infer that when DP is not considered 

exogenous then the cryptocurrencies are cointegrated with three cointegrating vectors (long-run 

relationships). However, when the DP is considered as exogenous then the cryptocurrencies are 

cointegrated with four cointegrating vectors at a 5% level of significance and with three 

cointegrating vectors at a 1% level of significance.   

 

3.3. Vector Error Correction Model (VECM) Results 

In our analysis, the long-run relationships among the cryptocurrencies are demonstrated by the 

Cointegrating Vectors (CV). The long-run coefficients after imposing the Johansen normalization 

restrictions (Johansen & others, 1995) are tabulated in Table 5. According to Table 5, in the long 
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run, the closing prices of Ripple, Eos, Litecoin, and Stellar are statistically crucial for the closing 

price of Bitcoin when the COVID-19 pandemic is not taken into account. However, when the 

COVID-19 pandemic is taken into account then only the closing prices of Litecoin and Tron are 

statistically crucial for the closing price of Bitcoin. For the closing price of Bitcoin Cash, the 

closing prices of Ethereum and Stellar are statistically crucial. However, when the Pandemic is 

considered then the closing price of Ethereum remains statistically crucial but now instead of 

Stellar, the closing prices of Eos and Tron are statistically crucial. Four crypto currencies' (Ripple, 

Ethereum, Litecoin, and Stellar) closing prices are significantly affecting the closing price of 

Binance in the long run. Though when the COVID-19 pandemic is considered in the long run, only 

two crypto currencies' closing prices have a statistically significant effect on the closing price of 

Binance. Similarly, four crypto currencies' (Eos, Litecoin, Stellar, and Tron) closing prices have a 

statistically significant impact on the closing price of Ripple when the COVID-19 pandemic is 

considered as exogenous.  

 In general, Ripple's closing price has a significant impact on the closing prices of Bitcoin and 

Binance when the pandemic is not considered in the model. However, the closing price of Ripple 

has no impact on Bitcoin's and Binance's closing prices when the pandemic is considered in the 

model. Similarly, in the long run, the closing price of Tron has no impact on any of the crypto 

curry's closing price when the pandemic is not considered in the model. However, it has a highly 

significant impact on the closing prices of Bitcoin, Binance, and Ripple when the pandemic is 

considered in the model.  

TABLE 5: JOHANSEN NORMALIZATION RESTRICTION IMPOSED 
Cointegrating 

Vectors 

Without DP as Exogenous With DP as Exogenous 

CV 1 CV 2 CV 3 CV 1 CV 2 CV 3 CV 4 

BT(-1)  1  -----  -----  1  -----  -----  ----- 

BC(-1)  -----  1  -----  -----  1  -----  ----- 

BN(-1)  -----  -----  1  -----  -----  1  ----- 

RP(-1) 
 2.737076*** 

 (0.27536) 
----- 

 3.592859*** 

 (0.33853) 
 -----  -----  -----  1 

EO(-1) 
 0.842660*** 

 (0.07967) 
 -----  -----  ----- 

-
1.068516*** 

 ----- 
 0.492085*** 

 (0.07511) 
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 (0.07490) 

ET(-1)  ----- 
-

0.621420*** 

 (0.16820) 

 0.794492*** 

 (0.19873) 
 ----- 

-
0.822628*** 

 (0.05139) 

 1.226244*** 

 (0.09771) 
 ----- 

LT(-1) 

-
1.689590*** 

 (0.17877) 

 ----- 
-

2.600232*** 

 (0.22541) 

-
1.015065*** 

 (0.15196) 

 ----- 
-

1.851291*** 

 (0.20849) 

-
0.393801*** 

 (0.04954) 

ST(-1) 

-
1.549811*** 

 (0.15847) 

-
0.589472*** 

 (0.12607) 

-
1.231458*** 

 (0.22233) 

 -----  -----  ----- 
-

0.599264*** 

 (0.04632) 

TR(-1)  -----  -----  ----- 
 0.624704*** 

 (0.03728) 

 0.857581*** 

 (0.05841) 
 ----- 

-
0.214680*** 

 (0.04742) 
C -3.460887 -3.825852  5.186469 -2.190680  3.423958 -1.480889 -0.115496 

*** represents the significance of coefficient at 1% level of significance. In parenthesis are the standard errors. 

 

The impact of the COVID-19 pandemic on the closing prices of 9 cryptocurrencies in the short run 

is shown in Table 6. It is evident that the pandemic has a positive and direct highly significant (at 

1% level of significance) impact on the closing prices of Binance, Ethereum, Stellar, and Tron and 

it has a mild (at 10% level of significance) impact on the closing price of Ripple. The rest of the 

cryptocurrencies' closing prices are not affected by the COVID-19 pandemic. 

TABLE 6: IMPACT OF PANDEMIC (DP) IN THE SHORT RUN 

D(BT) D(BC) D(BN) D(RP) D(EO) D(ET) D(LT) D(ST) D(TR) 
 0.005165 

 (0.00446) 

 0.006750 

 (0.00731) 

 0.022341*** 

 (0.00648) 

 0.012153* 

 (0.00621) 

 0.006938 

 (0.00720) 

 0.015194*** 

 (0.00552) 

 0.007722 

 (0.00585) 

 0.025631*** 

 (0.00713) 

 0.027721*** 

 (0.00911) 

*** and * represent the significance of coefficient at 1% and 10% level of significance respectively.  

In parenthesis are the standard errors. 

 

To investigate the interrelationships among the cryptocurrencies in presence of the COVID-19 

pandemic, the variance decomposition of all the cryptocurrencies is depicted in Figure 2. It is 

evident that the variation (almost 100%) in Bitcoin is due to itself and not due to other 

cryptocurrencies. Furthermore, Bitcoin has a significant amount of portion of the variation in all 

other cryptocurrencies like BitcoinCash, Binance and Eos (almost 40%), Ripple, Stellar, and Tron 

(around 20%). However, for these 6 cryptocurrencies, the proportion of variation of Bitcoin is 

lesser than the cryptocurrency itself. Interestingly, for Litecoin and Ethereum the proportion of 

Bitcoin (almost 50%) is greater than the proportion of variation of cryptocurrency itself. All these 

results suggest that the variations in Bitcoin are the sole stronger driver of the variations in all other 
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8 cryptocurrencies.  The results of the variance decomposition when the COVID-19 pandemic is 

not considered are the same, indicating again that in the long run, there is no significant impact of 

the COVID-19 pandemic on cryptocurrencies and hence they are resilient.        

FIGURE 2: VARIANCE DECOMPOSITION IN PRESENCE OF PANDEMIC 
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4. Conclusion 
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Due to the volatile structure of cryptocurrencies in the crypto stock-market, investors and portfolio 

managers periodically demand shocks that can alter in degree across the cryptocurrencies hinging 

on the co-movement of their price returns. Discoveries about what causes volatility and directions 

of co-movements on the market by explicit factors can be difficult to measure from time to time 

owing to the precarious cyclic circumstances in the entire system. In that point, our article analyzes 

the cointegration of top cryptocurrencies based on daily prices on the crypto stock market by using 

the Johansen Cointegration technique. The chosen cryptocurrencies are Bitcoin, Ethereum, Ripple, 

Litecoin, Eos, BitcoinCash, Binance, Stellar, and Tron. Data sets are taken from coinmarketcap 

(2020) over a period from 9/13/2017 to 09/21/2020. The result of this test demonstrates that there 

is cointegration among the Bitcoin and other chosen altcoins in the market.   

Before conducting the Johansen test, we applied three different unit root tests to determine 

the stationarity of the ten crypto currencies’ prices. Then, before going for the Johansen 

cointegration test to test the existence of a long-run relationship among the ten crypto price series, 

we checked for the appropriate lag length order. After choosing the optimal lag order, finally, the 

Johansen cointegration test was carried out. In addition to that, a vector error correction model 

(VECM) was estimated to investigate the long-run cointegrating relationship as well as short-run 

relationships among the variables. The results indicate that when the COVID-19 pandemic effect 

is not taken into account, Bitcoin and Binance prices are not affected by the Ripple price. However, 

it is just the opposite when the effect of the COVID-19 pandemic is considered. This implies that 

the pandemic has a very grave impact on the inter-relationship of three crypto prices i.e. Bitcoin, 

Binance, and Ripple. Similarly, when the pandemic is not accounted into the model then Tron 

prices are not affecting any of the cryptocurrency prices. However, when the pandemic is 

considered, then Tron affects the prices of Bitcoin, Binance, and Ripple  
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Specifically, the magnitude of results reveals that some cryptocurrencies have a closer 

relationship concerning their price dependencies as time goes by in the COVID-19 pandemic. It 

offers investors to allocate their portfolios to balance their risks in the pandemic. Furthermore, even 

though each cryptocurrency has different narratives, aims, and functions, there is no one winner on 

the stock market or our result does not demonstrate the zero-sum game. There is a win-win situation 

among cryptocurrencies. Hence, policymakers and regulators can take into account 

cryptocurrencies as potential alternative digital assets to reduce the risks of their national assets for 

the crisis term and especially in crises like the COVID-19 pandemic. 

Our research provides objectively and reasonably adaptable analysis, especially for 

beginner crypto enthusiasts and investors, who might take many needles risks or abide by an over-

cautious approach when they discover the crypto world from the scratch, to minimize their risk and 

maximize their returns for the long-term. Since these top cryptocurrencies in the stock market that 

we chose are safer and more stable due to their long-established timeline in the pandemic. Hence, 

these top cryptocurrencies can be accepted as the new asset opportunities because they have already 

proved their maturity as compared to other assets. 

Our results also touch upon that these top cryptocurrencies can be divided into subcategories. 

Accordingly, when investors design their portfolio, they can make diversification among these top 

cryptocurrencies to raise their money for the long-term. For instance, Bitcoin, Ethereum, Ripple, and 

Litecoin are the cryptocurrencies that have the longest history as compared to their counterparts. If we divide 

these four cryptocurrencies, making an investment of those cryptocurrencies by matching with other altcoins 

among the top list that we chose, it will offer investors a more diversified and balanced portfolio for the 

long term. Furthermore, our analysis gives universal formula with a more global approach for each investor 

from all over the world without regard to their nationality which means that everyone holds the same risking 
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portfolio. Cryptocurrencies, which are not controlled by governments and national authorities, are not 

affected by government regulations, rather they are affected by cyclical risks and volatility in the global 

financial system. To avoid these risks, our results provide a narrowing analysis for the top cryptocurrencies 

from the unlimited set of choices in crypto-asset allocation.  

Overall, this article would be beneficial for investors who would like to diversify their 

portfolios for the long term. Preparing a long-term portfolio would be more strategic because of 

the ''novel features of the market’’ as Shams (2019) defined in his paper. More broadly, far from 

being static and narrow-minded, the market is ever-changing dynamically; it permits investors, 

portfolio managers, and policymakers to design or manage their portfolios by looking at them from 

different angles. The more they discover the operation of business, politics, finance, and society as 

a whole, the more they have the capacity of knowing what factors they should take into account to 

manage their wealth wisely. Finally, when investors create investment strategies, focusing on 

altcoins together with Bitcoin can provide sustainability and resilience for the long term against 

the geopolitical risks due to the tendency of the long-term relationship between Bitcoin and other 

altcoins even in the tough periods of the COVID-19 pandemic. 

Future studies can focus on other hourly, daily, and monthly prices of altcoins to investigate 

the long and short-term relationships among each other. For instance, researchers can choose two 

different types of cryptocurrencies which each group has its strategy. Then, they categorize them 

according to their purposes values, and narratives are given their white papers. First, the 

cointegration relationship between each sub-group can be evaluated within their group, and then 

researchers can compare the relationship of these two different groups. Furthermore, the causality 

relationship of each cryptocurrency can be investigated regardless of their group. Overall, results 
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on the cointegration and causality relationship of these different cryptocurrencies will shed light 

on the process of the cointegrated portfolio for the investors in the financial market.  

References  

Brooks, C. (2014). Introductory Econometrics for Finance (3rd Edition). Cambridge. 

Dickey, D. A., & Fuller, W. A. (1979). Distribution of the estimators for autoregressive time 

series with a unit root. Journal of the American Statistical Association, 74(366a), 427–431. 

Granger, C. W. J., & Newbold, P. (1974). Spurious regressions in econometrics. Journal of 

Econometrics, 2, 111–120. 

Harris, R., & Sollis, R. (2003). Applied time series modeling and forecasting. Wiley. 

Johansen, S., & Juselius, K. (1990). Maximum likelihood estimation and inference on 

cointegration—with applications to the demand for money. Oxford Bulletin of Economics 

and Statistics, 52, 169–210. 

Johansen, S., & others. (1995). Likelihood-based inference in cointegrated vector autoregressive 

models. Oxford University Press on Demand. 

Kwiatkowski, D., Phillips, P. C. B., Schmidt, P., & Shin, Y. (1992). Testing the null hypothesis 

of stationarity against the alternative of a unit root: How sure are we that economic time 

series have a unit root? Journal of Econometrics, 54, 159–178. 

Kwiatkowski, D., Phillips, P. C. B., Schmidt, P., Shin, Y., & others. (1992). Testing the null 

hypothesis of stationarity against the alternative of a unit root. Journal of Econometrics, 

54(1–3), 159–178. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2021                   doi:10.20944/preprints202103.0440.v1

https://doi.org/10.20944/preprints202103.0440.v1


20 

 

Phillips, P. C. B., & Perron, P. (1988). Testing for a unit root in time series regression. 

Biometrika, 75(2), 335–346. 

Anciaux, H., Nicaise N. (2019). Co-movements in market quality of cryptocurrencies. Louvain 

School of Management.  

Bação, P., Duarte, A., Sebastião, H., and Redzepagic, S. (2018). Information Transmission 

Between Cryptocurrencies: Does Bitcoin Rule the Cryptocurrency World? Scientific Annals 

of Economics and Busines, 65(2): 97-117.  

Böhme, R., Christin, N., Edelman, B., & Moore, T. (2015). Bitcoin: Economics, technology, and 

governance. Journal of Economic Perspectives, 29(2), 213-38. 

Ciaian, P., Rajcaniova, M. and Kancs, D. 2018. Virtual relationships: Short- and long-run 

evidence from BitCoin and altcoin markets. Journal of International Financial Markets, 

Institutions, and Money, 52: 173-195.  

Brooks, C. (2008). Introductory Econometrics for Finance, 2008. 

Brooks, C. (2014). Introductory econometrics for finance, 3rd Edition. 

Chuen, D. L. K., Guo, L., & Wang, Y. (2017). Cryptocurrency: A new investment 

opportunity?. The Journal of Alternative Investments, 20(3), 16-40. 

CoinMarketCap, (2019). https://coinmarketcap.com. Accessed (Nowember, 2019). 

Davidson, S., De Filippi, P., & Potts, J. (2016). Disrupting Governance: The new institutional 

economics of distributed ledger technology. Available at SSRN 2811995. 

Dickey, D. A., and W. A. Fuller. 1979. Distribution of the estimators for autoregressive time 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2021                   doi:10.20944/preprints202103.0440.v1

https://coinmarketcap.com/
https://doi.org/10.20944/preprints202103.0440.v1


21 

 

series with a unit root. Journal of the American Statistical Association, 74: 427–431.  

Elliott, G., Rothenberg, T. J., & Stock, J. H. (1996). Efficient Tests for an Autoregressive Unit 

Root. Econometrics 64 (4): 813–836. 

Engle, R.F. and Granger, C.W.J. 1987. Co-integration and error-correction: representation, 

estimation, and testing. Econometrica 55: 251-76.  

Ethereum, (2019). https://ethereum.org. Accessed (November 2019). 

Newbold, P., & Granger, C. W. (1974). Experience with forecasting univariate time series and 

the combination of forecasts. Journal of the Royal Statistical Society: Series A 

(General), 137(2), 131-146. 

Gisier, C. (2019). ‘‘Bitcoin is a successful economic narrative’’. The Market NZZ. Retrieved 

from: https://themarket.ch/english/economics-is-not-a-precise-science-ld.1005 

Göttfert, J. (2019). Cointegration among cryptocurrencies: A cointegration analysis of Bitcoin, 

Bitcoin Cash, EOS, Ethereum, Litecoin, and Ripple. 

Harris, R., & Sollis, R. (2003). Applied time series modelling and forecasting. 

Herrera, Y. M., & Braumoeller, B. F. (2004). Symposium: Discourse and content 

analysis. Qualitative Methods, 2(1), 15-19. 

Leung, T., & Nguyen, H. (2019). Constructing cointegrated cryptocurrency portfolios for 

statistical arbitrage. Studies in Economics and Finance. 

Johansen, S. 1988. Statistical Analysis of Cointegration Vectors. Journal of Economic Dynamics 

and Control, 12(2–3): 231–254.  

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2021                   doi:10.20944/preprints202103.0440.v1

https://ethereum.org/
https://doi.org/10.20944/preprints202103.0440.v1


22 

 

Johansen, S., & Juselius, K. (1990). Maximum likelihood estimation and inference on 

cointegration—with applications to the demand for money. Oxford Bulletin of Economics 

and Statistics, 52(2), 169-210. 

Phillips, P. C., & Perron, P. (1988). Testing for a unit root in time series 

regression. Biometrika, 75(2), 335-346. 

Reijers, W., & Coeckelbergh, M. (2018). The blockchain as a narrative technology: investigating 

the social ontology and normative configurations of cryptocurrencies. Philosophy & 

Technology, 31(1), 103-130. 

Ripple, (2019). https://ripple.com. Accessed (November 2019) 

Shams, A. (2019). What Drives the Covariation of Cryptocurrencies Returns?. The Ohio State  

University Working Paper. The Fisher College of Business: The Ohio State University. 

Available at:http://aminshams.com/wp-content/uploads/2019/12/What-Drives-the-

Covariation-of-Cryptocurrency-Returns-2.pdf 

Sovbetov, Y. 2018. Factors Influencing Cryptocurrency Prices: Evidence from Bitcoin, 

Ethereum, Dash, Litcoin, and Monero. Journal of Economics and Financial Analysis, 2(2):1- 

27. Available at SSRN: https://ssrn.com/abstract=3125347  

Tron, (2019). https://tron.network. Accessed (November 2019). 

Yermack, D. (2017). Corporate governance and blockchains. Review of Finance, 21(1), 7-31. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 March 2021                   doi:10.20944/preprints202103.0440.v1

https://ripple.com/
https://tron.network/
https://doi.org/10.20944/preprints202103.0440.v1

