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Abstract 

This paper examines the asymmetric effect of Bitcoin on three altcoins, namely Ethereum 

(ETH), Ripple (XRP) and Litecoin (LTC) by using the Nonlinear Autoregressive Distributed 

Lag (NARDL) model for the period July 2015 to March 2019. We provide evidence on the 

asymmetric impact of Bitcoin on altcoins both in the short-run and in the long-run. In the short-

run, a decrease in Bitcoin price has greater effect than an increase on the prices of altcoins. This 

asymmetry is more frequent after the 2017 cryptocurrency price crash. 
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1. Introduction 

Bitcoin was introduced by Nakamoto (2008) as a digital currency and open-source online 

payment system. Especially with its highly volatile price and future prospect, it attracts the 

attention of investors, regulatory bodies, and media. Following Bitcoin, around 2,000 

cryptocurrencies have been released and most of them are traded in international markets (Ballis 

and Drakos, 2019). However, Bitcoin has a dominant role in the market with a share around 

65% in market capitalization by May, 2020.  

 

The literature on financial aspects of the cryptocurrency market has recently emerged and is 

developing rapidly. For instance, several studies explore the relationship between investors’ 

attention and Bitcoin prices (Urquhart, 2018; Dastgir et al. 2018), the existence of bubbles in 

the cryptocurrency market (Cheah and Fry, 2015; Corbet et al. 2018), the efficiency of 

cryptocurrencies (Urquhart, 2016; Sensoy, 2019), hedging capabilities of cryptocurrencies 

against other assets (Bouri et al. 2017; Poyser, 2019) and against uncertainty (Demir et al. 2018; 

Gozgor et al. 2019).  

 

Another strand of this literature examines the interrelationship between Bitcoin and other 

cryptocurrencies. By using Autoregressive Distributed Lag Model, Ciaian et al. (2018) show 

that Bitcoin and altcoin markets are interdependent, being such relationship significantly 

stronger in the short-run than in the long-run. 15 out of 16 altcoins are affected from shocks to 

Bitcoin in the short-run, while only four altcoins are cointegrated with Bitcoin prices in the 

long-run. Corbet et al. (2018) find that Bitcoin prices affect Ripple and Litecoin while these 

cryptocurrencies have limited effect on Bitcoin, given that Bitcoin is the clear leader in the 

cryptocurrency market. In terms of volatility spillovers, Bitcoin has less effect on other 

cryptocurrencies while Litecoin’s volatility shocks have significant effects on Bitcoin and 
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Ripple. Ji et al. (2019) emphasize the important role of Bitcoin and Litecoin as they take place 

in the center of the return and volatility connectedness networks. This implies that volatility 

and return shocks of Bitcoin and Litecoin have significant effects on other cryptocurrencies. 

According to Katsiampa (2019a), there are interdependencies between Ether and Bitcoin and 

conditional volatility and correlation of those two cryptocurrencies are sensitive to major news. 

In a similar vein, Sifat et al. (2019) show that there is a bi-directional causality between Bitcoin 

and Ethereum by using hourly and daily data. By using data for five major cryptocurrencies, 

Katsiampa (2019b) shows that there are significant interdependencies. For Bitcoin, Ether, 

Ripple, and Litecoin (except Stellar Lumen), conditional volatility can capture asymmetric 

effects between good and bad news. Katsiampa et al. (2019) document a bi-directional shock 

transmission between Bitcoin and both Litecoin and Ether. On the other hand, according to 

Zięba et al. (2019), Bitcoin prices do not affect and are not affected from other cryptocurrencies 

while there are interdependencies between cryptocurrencies except Bitcoin. On the contrary, 

Yaya et al. (2019) show that there are cointegration relationships between Bitcoin and altcoins 

which weakens in the post-crash period. Yi et al. (2019) mention that volatility connectedness 

among eight cryptocurrencies changes in time and rises when there is uncertainty. A further 

analysis of 52 cryptocurrencies show that they are interconnected and cryptocurrencies with 

higher market caps are more likely to generate volatility shocks to others.  

 

Previous literature provides mixed results on the relationship between Bitcoin and other 

cryptocurrencies. This paper examines the asymmetric effects of Bitcoin (BTC) on altcoins, 

namely Ethereum (ETH), Ripple (XRP) and Litecoin (LTC), by using the Non-linear 

Autoregressive Distributed Lag (NARDL) approach. Bitcoin is expected to affect altcoins, as 

Bitcoin is the dominant cryptocurrency in terms of market capitalization and public interest. 

Compared to other cryptocurrencies, Bitcoin is more likely to serve as the preferred medium of 
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exchange due to its usage for a wider range of goods and services. Likewise, Bitcoin is preferred 

for investment purposes. Moreover, for initial coin offerings (ICO) and altcoin sales 

transactions, investors are likely to use Bitcoin (Ciaian et al. 2018). To our knowledge, this is 

the first paper presenting evidence on the asymmetric effects of Bitcoin to altcoins. We provide 

evidence on the asymmetric impact of Bitcoin on altcoins both in the short-run and in the long-

run. In the short-run, a decrease in Bitcoin price has greater impact than an increase on the price 

of altcoins. The asymmetry is more frequent after the December 2017 cryptocurrency price 

crash. 

 

The rest of the paper is structured as follows. Section 2 presents the data and methodology. 

Findings are given in Section 3 and last section concludes the paper.  

 

2. Empirical design 

2.1. Data 

Daily price data are used for Bitcoin and top three altcoins, namely Ethereum (ETH), Ripple 

(XRP) and Litecoin (LTC)1, which have been obtained from www.coinmarketcap.com. We 

follow the model of Ciaian et al. (2018) and introduce several control variables to the 

estimations. Wikipedia visits for each altcoin per day2 are included to control for the virtual 

media attention-driven demand. Oil price, gold price, 10-year treasure maturity rate, USD/EUR 

parity, and Nasdaq Composite Index are also comprised in the model to account for global 

macroeconomic and financial developments. The data period used is July 2015 – March 20193. 

Table 1 presents the descriptive statistics of the variables.  

 

                                                           
1 Those altcoins are listed in top three after Bitcoin at www.coinmarketcap.com  
2 obtained from https://tools.wmflabs.org/pageviews 
3 Starting period of the data is related with the data availability of Wikipedia visits.  

http://www.coinmarketcap.com/
https://tools.wmflabs.org/pageviews


5 
 

<Table 1 > 

 

2.2. Methodology 

The literature uses the Non-linear Autoregressive Distributed Lag (NARDL) approach to 

examine the asymmetric effects of exchange rates to exports (Verheyen, 2013), uncertainty to 

gold prices (Bilgin et al. 2018), exchange rates to investments (Bahmani‐Oskooee et al. 2018) 

and uncertainty to money demand (Bahmani‐Oskooee and Nayeri, 2018). In terms of 

cryptocurrencies, Bouri et al. (2018) examine the asymmetric relationship between stock price, 

gold price, bond price, commodity prices, and US dollar index. The NARDL approach is useful 

to study asymmetric impact in the long-run and in the short-run by modeling asymmetric 

cointegration. Moreover, the joint analysis of nonlinearity and non-stationarity can be done 

through an unrestricted error correction model. In this regard, Bitcoin return series is 

decomposed into partial sum of positive (negative) decompositions as it is suggested by Shin 

et al. (2014) as the following: 
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where BTC denotes Bitcoin prices. The asymmetric error correction model (AECM) is as 

follows: 
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where ALT stands for altcoin prices, GOLD for gold prices, NASDAQ for Nasdaq Composite 

Index, OIL for oil prices, TENYR for 10-yr treasury maturity rate and WIKI for daily Wikipedia 

search number for each cryptocurrency. All variables are in daily logarithmic level series 

following Bouri et al. (2018). 

 

If 𝛿𝑖
+ =  𝛿𝑖

−
 for all i=0,..,z then it can be said that the effect is symmetric in the short-run. By 

following the same logic, if 𝛽1 = 𝛽2 then we cannot reject symmetry condition in the long-run. 

In order to observe cointegration, we use NARDL bounds test approach, which is developed by 

Shin et al. (2014). The main advantage of this approach is that, it is applicable even if the 

variables are I(0), I(1) or mutually cointegrated. Moreover, the series need not to be integrated 

in the same order to find a cointegrating relationship. The only limitation is, the variables should 

be integrated at most of order one.  

 

By performing Augmented Dickey Fuller tests, we check whether all our variables are eligible 

to be present in our model. The test results indicate that except daily Wikipedia visits, which is 

I(1), all explanatory variables in our model are I(0).4 Therefore, the specification for NARDL 

                                                           
4 We did not report the results to save space, but they can be provided upon request. 
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approach is met. In this methodology, we use BDM t-statistic (tBDM) (Banerjee et al., 1998) and 

PSS F-statistic (FPSS) test (Pesaran et al, 2001) to detect cointegration. In this regard, the null 

hypothesis (no cointegration) against the alternative hypothesis (cointegration) is tested. The 

hypotheses for the FPSS can be shown as, 

 

𝐻0: 𝛼1 = 𝛽1 = 𝛽2 = 𝛽3 = 𝛽4 = 𝛽5 = 𝛽6 = 𝛽7 = 0   

 

against the alternative that 𝐻0  is not true.  There are two critical values for these tests. If the 

value obtained from the test result is greater than the upper bound, we can conclude that there 

is cointegration. On the contrary, if the test statistic is less than the lower bound or it falls 

between the boundaries, then there is no evidence of a long-run relationship.  

 

Yaya et al. (2019) show that the strength of relationships between Bitcoin and altcoins change 

after the market crash in December 2017. In order to capture the effect of cryptocurrency price 

crash on asymmetric relationship, we divide the sample into two as pre-crash (before December 

2017) and post-crash (after December 2017) periods as it is suggested by Yaya et al. (2019).  

 

3. Findings 

Results of the bounds cointegration test are reported in Table 2. The results obtained from FPSS 

and TBDM tests verify that there exists a long-run relationship between altcoin price and their 

explanatory variables for all altcoins. After fulfilling the cointegration specification, we 

continue with the estimated short-run and long-run coefficients which are presented in Table 3. 

In our analysis, we use AIC (Akaike Information Criteria) to determine optimal lag length.   

 

We begin our analysis with full sample results. In all established models, it can be observed 

that Bitcoin has a statistically significant and positive effect in the short-run. Meaning that, an 
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increase in Bitcoin price drives all three altcoins’ prices up and vice versa. However, it is also 

shown that increases and decreases in the Bitcoin price have different effects on altcoins. In 

order to test the presence of an asymmetric effect of Bitcoin on altcoins in the short-run, we 

follow “additive short-run symmetry condition” which is proposed by Shin et al. (2009). This 

proposition states that the symmetry condition can only be rejected if the sum of decreases are 

significantly different from the sum of increases. Consequently, we construct our Wald-test 

based on this proposition and reject the null hypothesis at 5% and conclude that the impact of 

a decrease in Bitcoin price on altcoins is greater than the impact of an increase. This implies 

that altcoins are more sensitive to decreases than to increases in Bitcoin prices. 

 

For the case of long-run, we only observe asymmetry for the case of Ripple. The coefficient of 

Bitcoin is negative and the impact of a decrease is again higher than the impact of an increase. 

For Litecoin and Ethereum, Bitcoin price is not significant and consequently we do not observe 

any asymmetry.   

 

<Table 2> 

<Table 3> 

 

We also examine whether great crash in cryptocurrency market (Yaya et al. 2019) occurred in 

December 2017 changes the structure of relationship between Bitcoin and altcoins. The findings 

indicate that the asymmetric behavior is more frequent in post-crash period. We do observe 

asymmetric effect of Bitcoin price on all altcoins in post-crash period. For the case of short-

run, the asymmetric pattern that is observed for full sample applies. The impact of a decrease 

in Bitcoin price dominates the case for an increase for all altcoins. Taking long-run results into 

consideration, we only observe an asymmetry in Litecoin equation. Unlike previous cases, here, 
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the impact of an increase in Bitcoin dominates the one for a decrease. For Ethereum and Ripple, 

the symmetry condition cannot be rejected based on Wald-test. For post-crash period, it is also 

worthy to note that Bitcoin has a positive coefficient for all altcoins in the long-run, being 

different from the observation that we have for full sample in Ripple. When pre-crash period is 

taken into account, it can be said that the only asymmetry is in Litecoin equation. Both for the 

long-run and the-short run, the negative effect of Bitcoin is greater for the case of Litecoin.      

 

Through nine models that we establish, seven of them indicate an asymmetric impact of Bitcoin 

on altcoins in the short-run, while it is just three for the long-run. According to this result, it can 

be said that the asymmetric behavior of Bitcoin on altcoins is mainly concentrated in the short-

run. Apart from that, the negative impact of Bitcoin surpasses the positive one almost in all 

cases. On this basis, we imply that the negative effect of Bitcoin dominating the positive effect 

is more frequent. Lastly, we indicate that the asymmetry is more frequent in the post-crash 

period in the short-run. This finding is in line with the current literature, as Yaya et al. (2019) 

also observe a change in the dynamics between Bitcoin and altcoins in terms of volatility and 

shock persistence when pre-crash and post-crash periods are compared.    

 

4. Conclusion 

This paper examines the asymmetric impact of Bitcoin on altcoins. By using a Non-linear 

Autoregressive Distributed Lag (NARDL) approach, our findings suggest that Bitcoin price 

affects prices of altcoins asymmetrically in the short-run for all altcoins. Specifically, a decrease 

in Bitcoin price has a greater impact on altcoins compared to an increase. This finding provides 

an insight for the investors in altcoins. As we previously discussed, Bitcoin is the main 

cryptocurrency and the leader of the market. In this regard, the investors of altcoins should 

consider to re-design their portfolios as we provide evidence of a non-linear relationship 
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between Bitcoin and altcoins. We also analyze the impact of the December 2017 great crash on 

the asymmetric behavior and show that the main source of asymmetry in full sample is 

originated from the post-crash period in the short-run. Further research can examine the 

asymmetric effect in bull and bear market periods.  
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