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Abstract 

This study quantifies the manner in which the variance of cryptocurrencies behaves 

compared to this same effect for fiat currencies and indices. Within this comparison, 

results provide evidence that the past values of the variance of cryptocurrencies have 

the most effect on the current variance. Furthermore, this effect is shown to be the 

most persistent as well. By means of using the multivariate generalized 

autoregressive heteroscedasticity model, it also stated that on average, 

cryptocurrencies have an exploding variance forecast. Meaning that the variance 

does not necessarily revert towards a certain mean level of variance. 
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I. Introduction 

Since the introduction of Bitcoin, it has always been the largest of all cryptocurrencies in 

terms of market capitalization. It was created in 2008 by an unknown person named Satoshi 

Nakamoto. The concept was to create a digital peer-to-peer currency that can be transferred 

instantly and securely between any two parties (Ametrano, 2016). 10 years after the 

introduction of Bitcoin, over 1500 additional cryptocurrencies (altcoins) have been created. 

Furthermore, the market capitalization of the total market has increased tremendously since 

2008. Not only Bitcoin but also these altcoins contributed to the increasing wealth of the 

cryptocurrency market. In 2013, the market was worth about $1 billion. At New Year’s 

Eve 2017-2018, the market was worth just over $600 billion (Coinmarketcap, 2018). Next 

to that, in 2013, Bitcoin dominated the market with approximately 95% in terms of market 

capitalization. Five years later, after the introduction of over 1500 altcoins, Bitcoin still has 

a market dominance of about 40%.  

 

The idea for the creation of altcoins is similar to the idea of creating Bitcoin. Namely, 

creating an alternative and independent money/payment system, operating on the 

blockchain (Wisniewska, 2016). Since the market capitalization has increased with factor 

600 in the past five years, developers hope to create a cryptocurrency that repeats the 

success of Bitcoin, resulting in huge profits. Also, the creation of subsequent 

cryptocurrencies is being encouraged because the source code of Bitcoin is open. 

Therefore, it is relatively easy to create new cryptocurrencies (Wisniewska, 2016). 

 

Furthermore, trading mechanisms have to be in place to trade all these cryptocurrencies. 

Logically, the trading takes place on online platforms. Several exchanges have been created 

for this trading since Bitcoin was introduced. Hence, there is also competition between the 

exchanges in which the currencies are traded on. Network effects are especially important 

for the operators of the exchanges. This means that a service gets additional value as more 

people use it. Due to this effect, a cryptocurrency is more useful as people adopt it. Next to 

that, an exchange is more liquid when there are more buyers and sellers (Gandal and 

Halaburda, 2014). Thus, a larger exchange is more attractive to new buyers and sellers. 

 

These exchanges are linked to the blockchain system. Just like the internet, blockchain is a 

communications protocol that governs the rules and regulations for value exchange. Thus, 

one is the internet of information, while the other is the internet of value (Twesige, 2015). 

It is the groundwork for transferring cryptocurrencies between two parties. Multiple 

features make the blockchain an efficient system for processing the transactions. 

Communication within the system is fast. The system is easily accessible. It is the cheapest 

system for value exchange at the moment. And finally, it is a transparent system since the 

ledger of the blockchain is controlled by every computer worldwide (Twesige, 2015). Thus, 

the blockchain is a digital system on which the transactions of cryptocurrencies take place. 

Note that the trading of cryptocurrencies of only one feature that can be built upon the 

blockchain. Whereas the cryptocurrencies themselves are not a general system, but an asset 

(or a payment method) which are being traded in this relatively new market. 

 

Government agencies have not yet generally accepted this new market worldwide. Overall, 

governments see two political issues in this case. The first one is taking care of consumer 

protection issues. For example, electronic theft and the risk of a collapsing value. Secondly, 

governments are worried about anonymity features of the cryptocurrencies. Meaning that 

transactions can be made without anyone being able to trace the identity of the person who 

made the transaction. This anonymity feature could permit the expansion of illegal 

activities, for example, tax evasion (Blundell-Wignall, 2014). Currently, the rules and 

regulations for cryptocurrencies differ per country. Nevertheless, the number of stores 

accepting Bitcoin as a payment method (worldwide) has increased from three at the 

beginning of 2013 to approximately 11.000 in January 2018 (Coinmap, 2018). This 
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indicates the increasing popularity of the usage of Bitcoin as a payment method and the 

current acceptance of governments for letting this number increase over the past years. 

 

The purpose of this research arises from the interest in two issues. At first, interest is in the 

variance of the cryptocurrencies itself. Since a currency needs a relatively stable store of 

value to act as a proper currency, it is interesting to examine the variance of 

cryptocurrencies (Yermack, 2015). Secondly, interest is in a comparison to the variance of 

regular currencies (=fiat currencies) and in a comparison to the variance of indices.  

 

For centuries, people have used several currencies as a medium of exchange. However, 

since the use of digital currencies is relatively new, it is interesting to examine the 

differences between the two. More specifically, interest is in the different behaviors of the 

variances (and thus the stability) of both fiat- and cryptocurrencies. Meaning that this 

research examines the significance and magnitude in which past values of the variance still 

affect the variance today. Expectancy is that the variance of cryptocurrencies is much more 

influenced by its lagged values since these are relatively new and unstable currencies. 

Hence, a shock in the variance causes more uncertainty about the actual value than in the 

case of fiat currencies or indices. 

 

Interest in the comparison to the indices arises from the fact that cryptocurrencies are often 

referred to as assets instead of currencies (Glaser et al., 2014). Once again, it is examined 

how the behavior of the variance differs in both regressions. Expectancy is similar to the 

comparison of cryptocurrencies to fiat currencies. Meaning that it is supposed that the 

variance of cryptocurrencies is much more influenced by its lagged values. 

 

A few papers already made effort in trying to find answers to several other questions 

relating to the cryptocurrency market. For example, the correlation to equity markets, 

interests by communities, and the correlation between several cryptocurrencies. However, 

this paper differs from other papers because it explicitly examines the manner in which the 

variance of cryptocurrencies behaves on its lagged values. Multiple comparisons are 

executed to quantify this persistence in the variance as accurately as possible. Additionally, 

the research differs from others by comparing this to the behavior of the variance of fiat 

currencies.  

 

To measure and compare this, the multivariate generalized autoregressive conditional 

heteroscedasticity (MGARCH) model is used. Hence, it provides quantifiable evidence 

about the intensity and persistence of the variance of all three categories. It does so by 

examining the conditional variance model instead of the mean model. The MGARCH 

model is further explained in the literature review of chapter two and empirically applied 

and analyzed in chapter four. 

 

To conclude, this research aims to answer the following research question: How do past 

values of the variance of cryptocurrencies impact the present value of this variance in terms 

of strength and persistence, compared to this identical effect for fiat currencies and indices? 

II. Literature review 

This chapter provides information about current literature that is relevant for this research. 

Subjects that are covered are clustering volatility, the MGARCH model, the dominance of 

Bitcoin, and the differences between cryptocurrencies, fiat currencies, and indices. Note 

that in the continuation of this paper, the term ‘volatility’ is often used, since (in finance) 

this term refers to the standard deviation (= the square root of the variance). Hence, the 

variance and volatility both measure the variability from an average value. Next to that, 

both the terms ‘errors’ and ‘residuals’ are used. Whereas the residuals (which are 

observable from the regression results) are estimates of the unobserved errors. 
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II.I Clustering volatility 

Volatility clustering is one of the most intriguing factors in the modelling of financial time 

series. Whereas prices themselves appear to be unpredictable, the heights of the percentage 

changes (absolute returns) appear to be predictable (Gaurnerdorfer, 2007). This means that 

large changes in prices/returns tend to cluster together. Thus, small changes tend to be 

followed by small changes, and large changes tend to be followed by large changes (Cont, 

2005). Whether this dependence is ‘long-term’ or ‘short-term’ is quite relative and can be 

difficult to quantify. The figure below presents the absolute demeaned returns of the 

S&P500 to provide some visual intuition behind this phenomenon. 

 

 
Figure 1: Absolute demeaned returns of the S&P500 over the past 10 years. The graph presents 

visual evidence that periods of high changes tend to be followed by periods of high changes (and 

vice versa). For example, the graph shows the relatively high changes during the subprime mortgage 

crisis (around 2008) and during the Euro-crisis (around 2011). 

 

By means of using the ARCH model, it is pursued to quantify and model this phenomenon 

of clustering volatility (Cont, 2005). However, a lot of debate emerges around this issue. 

Analysts argue if there even exists any long-term dependence in volatility. It could be 

possible that there is no exact measure to quantify this statistical issue. Furthermore, this 

raises the questions of defining ‘presence of clustering volatility’ and the concept of ‘long-

term’. What is long-term in this context? How to measure the significance of the presence 

of clustering volatility? Thus, the clustering volatility topic has been quite debatable in the 

past decades. 

 

So, the ARCH model provides statistical constructions that mimic the clustering of 

volatility in financial time series. However, it does not provide any economic intuition 

behind the phenomenon. In the current state of literature, several mechanisms have been 

proposed for being the origin of volatility clustering (Cont, 2005). 

 

One of the theories about the origin of this phenomenon states that short-term traders aim 

to exploit short-term fluctuations in the market. This should strengthen the effect of 

volatility clustering (Guillaume et al., 1997). Hence, this relates the theories about 

behavioral finance. Overall, many current theories about this concept strongly relate it to 

behavioral finance. For example, Lux and Marchesi (2000) studied if volatility clustering 

arises from behavioral switching of market participants between fundamentalists and ‘noise 

traders’. Fundamentalists believe that the price of an asset follows a fundamental value 

over time, whereas so-called noise traders aim to exploit fluctuations in the market. The 

theory states that price changes in the market should be stable most of the time due to a 

balance between demand and supply. However, in phases of destabilization, an outbreak of 

volatility occurs due to trading techniques of the noise traders. This behavioral switching 
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is belied to be the cause of volatility clustering in financial time series (Lux and Marchesi, 

2000). 

 

Of all these academics to investigate the phenomenon, Mandelbrott (1971) was the first to 

create the idea of the possibility of long-term dependence in (stock) returns. Thus, empirical 

studies of Mandelbrott did show the presence of clustering volatility back in 1971 and other 

academics have built upon the intuition of the concept ever since. However, academics 

have also criticized these empirical studies for being statistically incorrect. For example, 

after controlling for short-term dependence, results would already be completely different 

(Cont, 2005). Hence, conclusions became less clear about the actual occurrence and 

persistence of clustering volatility. 

 

Nevertheless, it is important not to ignore this phenomenon since the volatility is a key 

feature for measuring risk in financial time series. Moreover, volatility clustering violates 

the assumption of the variance being constant over time. Meaning that many financial 

models would obtain inaccurate results when assuming homoscedasticity in cases of 

volatility clustering (Tewari, 2013).  

 

In case of an ordinary least-squares (OLS) regression, estimates of the regression 

coefficients would be inefficient in the event of volatility clustering. Meaning that they are 

no longer minimum variance estimates (Tewari, 2013). Hence, it is important to gain 

insight into the behavior of the volatility and the manner in which it can cluster 

(Gaurnerdorfer, 2007). Therefore the MGARCH model is used. Since this research is 

executed by means of the MGARCH model, the intuition and existing literature about the 

model are also presented. 

 

II.II MGARCH model 

In financial time series, it is commonly observed that periods of relatively high volatility 

and relatively low volatility are grouped together. ARCH models seek to estimate the 

volatility as a function of the prior volatility. The popularity of this model (as well as the 

popularity of the GARCH model) comes from being able to deal with heteroscedasticity 

and the ability to model nonlinear dynamics (Tewari, 2013). Thus, instead of considering 

heteroscedasticity as a problem to be corrected, the ARCH/GARCH model treats 

heteroscedasticity as a variance to be modeled. By doing so, the deficiencies of OLS are 

corrected and a prediction can be computed for the variance of the error term (Engle, 2001). 

 

ARCH 

The traditional ARCH model was introduced by Robert F. Engle in 1982. Engle constructed 

the model because traditional econometric models assume a constant forecasted variance. 

According to Engle, this was an implausible assumption. In the ARCH model, both the 

conditional mean and the conditional variance are modeled. In the model for the conditional 

variance, the variance of the dependent variable is a function of the squared lagged value 

of the residual: 

 

𝜎𝑡
2 = 𝛾0 + 𝛾1𝜖𝑡−1

2 + 𝛾2𝜖𝑡−2
2 + ⋯ + 𝛾𝑚𝜖𝑡−𝑚

2 = 𝛾0 + ∑ 𝛾𝑖𝜖𝑡−𝑖
2

𝑚

𝑖=1

 

 

Furthermore, the formula for the conditional mean model is stated in the equation below. 

However, for this research, interest is only in the model of the conditional variance.  

 

𝑦𝑡 = 𝑥𝑡𝛽 + 𝜖𝑡 
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GARCH 

In the GARCH model, the equation for the conditional variance is extended. Now the 

variance of the dependent variable is a function of both the squared lagged value of the 

residual and of its own lagged value: 

 

𝜎𝑡
2 = 𝛾0 + 𝛾1𝜖𝑡−1

2 + 𝛾2𝜖𝑡−2
2 + ⋯ + 𝛾𝑚𝜖𝑡−𝑚

2 + 𝛿1𝜎𝑡−1
2 + 𝛿2𝜎𝑡−2

2 … + 𝛿𝑘𝜎𝑡−𝑘
2  

 

= 𝛾0 + ∑ 𝛾𝑖𝜖𝑡−𝑖
2

𝑚

𝑖=1

+ ∑ 𝛿𝑖𝜎𝑡−𝑖
2

𝑘

𝑖=1

 

 

Where, 𝜎𝑡
2 is the variance, 𝜖𝑡

2 is the squared residual, 𝛾0 is the constant term, 𝛾𝑚 are the 

ARCH parameters and 𝛿𝑘 are the GARCH parameters.  

 

The GARCH model can be considered an ARMA (autoregressive moving average) process. 

This is a stationary process (=mean and variance do not change over time) that can be 

expressed into two algebraic terms. The first one is the autoregression and the second one 

is the moving average. The autoregressive (AR) part concerns about regressing the variable 

on its own lagged values. The moving average (MA) part concerns about modelling the 

error term at various times in the past. The ARMA formula is as follows: 

 

𝑥𝑡 = 𝑐 + ∅1𝑥𝑡−1 + ∅2𝑥𝑡−2 + ⋯ + ∅𝑚𝑥𝑡−𝑚 + 𝜃1𝜖𝑡−1 + 𝜃2𝜖𝑡−2 … + 𝜃𝑘𝜖𝑡−𝑘 
 

= 𝑐 + ∑ ∅𝑖𝑥𝑡−𝑖

𝑚

𝑖=1

+ ∑ 𝜃𝑖𝜖𝑡−𝑖

𝑘

𝑖=1

 

 

Note that GARCH is a model that captures volatility dynamics of ARMA type models. 

Hence, both models are built upon the same idea of explaining a variable upon its own 

lagged values and the lagged values of the error terms. 

 

The GARCH model has proven to be useful for empirically capturing the momentum in 

conditional variance. “Under GARCH, shocks to variance persist according to an 

autoregressive moving average structure of the squared residuals of the process. Much of 

the recent evidence from financial-market data seems to suggest that persistence in 

variance, as measured by ARCH models, is quite substantial (Lamoureux and Lasptapes, 

1990).” Thus, the model tries to measure the future volatility as a function of the volatility 

in the past. It does so by using numerical maximum likelihood estimation. Meaning that 

the model chooses to quantify the parameters 𝛾𝑚 and 𝛿𝑘 (=ARCH and GARCH parameter) 

based on the maximization of the likelihood of the observations occurring. 

 

Additionally, this model is able to capture the correlation of the volatility between two 

markets. The model accomplishes this either directly through its conditional variance or 

indirectly through its conditional covariance’s (Lean and Teng, 2013). The model is also 

able to examine the volatility spillover from one market to another market. Next to that, the 

model takes care of clustered errors and nonlinearities in the regression (Matei, 2009). 

 

The original GARCH model is based on the normal (Gaussian) distribution. However, the 

normal distribution cannot accommodate to the fat-tail disturbance that occurs in financial 

time series. The Student’s t-distribution and General Error Distribution (GED) are usually 

used to solve this problem. However, a study by Calzolari in 2014 points out that those 

alternative distributions lack stability under aggregation (Feng, 2017). Therefore, this 

research applies the normal distribution when running the MGARCH model. 
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MGARCH 

The success of the autoregressive conditional heteroscedasticity (ARCH) model and the 

generalized ARCH (GARCH) model in capturing the time-varying variances of economic 

data in the univariate case has motivated many researchers to extend these models to the 

multivariate dimension (Minović & Simeunović, 2008). Consequently, in 1988, the first 

GARCH model for the conditional covariance matrices (=MGARCH) was introduced. This 

model (which is used in this research) is an extension of the ARCH/GARCH model. 

 

For this research, the MGARCH model is used because this model is used for the joint 

modelling of several time series. Hence, the GARCH model is for modelling a single time 

series, and the multivariate model is for the modelling of two or more time series. Meaning 

that the volatility of one time series is influenced by both its own past values and the past 

values of the other time series in the regression.  

 

Furthermore, the coefficients of the MGARCH model have to be interpreted as described 

below. For the creation of examples of these interpretations, it is assumed that the values 

of all the coefficients are equal to 0.5. 

 

- 𝜸𝟎 (𝒈𝒂𝒎𝒎𝒂) (=constant term): represents the long-run average variance. Hence, the 

mean reversion goes towards this level of variance. However, this is only the case if 

there is presence of mean reversion. If 𝛾1 + 𝛿1 < 1  then there is mean reversion. If 

𝛾1 + 𝛿1 > 1  then there is an exploding variance forecast (Rizvi and Arshad, 2013). 

 

- 𝜸𝒎 (𝒈𝒂𝒎𝒎𝒂) (=ARCH parameter): under the assumption that the GARCH parameter 

equals 0, one unit increase (decrease) of the lagged residual term leads to a 0.5 increase 

(decrease) of the variance of the dependent variable in the regression. Hence, the 

ARCH parameter measures the extent to which a volatility shock today feeds through 

into next period’s volatility (Campbell, Lo, & MacKinlay, 1997, p.483). 

 

- 𝜹𝒌 (𝒅𝒆𝒍𝒕𝒂) (=GARCH parameter): one unit increase (decrease) of the lagged variance 

term (of the dependent variable) leads to a 0.5 increase (decrease) of the variance of 

the dependent variable in the regression. Hence, if this parameter increases, it means 

that larger changes in the volatility affect future volatilities for a longer period of time 

(since the decay in slower). Since the ARCH-model is extended in this case, the effect 

on the variance of the dependent variable has to be compounded with the ARCH-term. 

 

- 𝝆𝒚𝒛 (𝒓𝒉𝒐) (=correlation parameter): a correlation term of 0.5 means that the 

correlation between the error terms of 𝑦 and 𝑧 is equal to 0.5. This indicates one unit 

increase (decrease) in the variance of  𝑦 leads to a ‘0.5*(
𝛾0𝑦

1−(𝛾1𝑦+𝛿1𝑦)
) / (

𝛾0𝑧

1−(𝛾1𝑧+𝛿1𝑧)
)’ 

increase (decrease) in the variance of 𝑧. Hence, the impact of the correlation parameter 

also depends on the constant-term, ARCH-term, and GARCH-term of both currencies. 

 

- 𝛌𝒏 (𝒍𝒂𝒎𝒃𝒅𝒂): lambda shows if periods of high correlation are followed by periods of 

high correlation (and vice versa). A value close to 1 indicates a slow decay of the effect, 

meaning that the persistence is longer. If it is observed that the summation of  λ1 and 

λ2 is less than one, the returns in the data are not following IGARCH (=integrated 

generalized autoregressive conditional heteroscedasticity). This indicates that shocks 

in the variance are not permanent over time. Hence, this implies some form of decay 

in the persistence of the effect of the lagged residuals and the lagged variance on the 

current variance (Rizvi and Arshad, 2013). 

 

Furthermore, λ1 and λ2 represent the ARCH-term and GARCH-term respectively. 

Hence, a larger λ1 implies that the lagged residuals (𝛾𝑚) have more importance than 

the lagged values of the variance(𝛿𝑘). On the other hand, a larger λ2 implies that the 
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lagged values of the variance have more importance than the lagged residuals. The fact 

that these values are statistically diff erent than zero can be evidence that conditional 

covariances are time-varying. Meaning that the DCC (dynamic conditional correlation) 

variant of the MGARCH regression is the most appropriate to use. This variant of the 

model does not assume that the conditional correlation matrix is constant. In other 

words, DCC assumes time-variation in the conditional variances, and CCC (constant 

conditional correlation) assumes it to be constant (Cardoso and Bittencourt, 2014). 

Thus, the DCC-GARCH model is a generalization of the CCC-GARCH model, which 

allows the correlation matrix to depend of the time (Orskaug, 2009). 

 

Briefly summarized, the coefficients of the model used in this research provide information 

about the variance in the market and how it reacts over time upon its own lagged values 

and the lagged values of the error terms. 

 

II.III Bitcoins influence on altcoins 

Since the MGARCH model also captures the volatility spillover between two variables, 

interest is in the influence of Bitcoin on other cryptocurrencies. The presence of this 

influence of Bitcoin is a plausible assumption since Bitcoin still occupies about 40% of the 

total market capitalization (April 2018). However, this dominance has declined in the past 

years. In January 2014, Bitcoin occupied about 87.5% of the total market capitalization 

(Coinmarketcap, 2018). Nevertheless, the fact that Bitcoin is influential over altcoins is 

quite intuitive. Bitcoin gained its dominance in the market by being the first cryptocurrency 

to exist. Nowadays, other altcoins have to be bought with Bitcoin. Hence, if the value of 

Bitcoin rises, investors have more value available to buy altcoins. This increase in demand 

could logically lead to a likewise increase of the altcoin prices. Hence, it is expected that 

the correlation between the cryptocurrencies higher compared to the fiat currencies and the 

indices. 

 

Multiple studies have investigated the effect of price changes in Bitcoin on several altcoins. 

In one of these studies, the influence of Bitcoin on altcoins was empirically confirmed. In 

2015, Cizek showed that the returns of Bitcoin do have a positive impact on both Litecoin, 

Ripple, Peercoin, and Dogecoin in the short term. Cizek explains this effect by stating that 

all currencies are (to some extent) very similar. Therefore, investors treat both Bitcoin and 

altcoins as substitutes. This could indicate that the variance of all cryptocurrencies persists 

through time in somewhat the same way as well. 

 

In the long run, the influence of Bitcoin has somewhat the same explanation. Long-term 

effects can be due to gaining (losing) faith in the market resulting in a collective bullish 

(bearish) behavior of the investors (Cizek, 2015). Hence, the overall reputation in the 

market is crucial for the price development of all cryptocurrencies. This automatically 

creates a connection between the returns of all cryptocurrencies, since the reputation of the 

market affects all of the cryptocurrencies on the market. Important events (such as 

announced regulations) cause enormous media attention in the crypto community (Cizek, 

2005). These events can cause the overall reputation of the market to rise (fall), resulting 

in bullish (bearish) behavior on all cryptocurrencies. 

 

This long-term effect was empirically examined by Catania and Grassi in 2017. The authors 

found long-term memory in the volatility of cryptocurrencies in a time series dataset. 

Hence, the volatility of the past can indeed have influence on the volatility of Bitcoin (or 

an altcoin) today. This observation by Catania and Grassi strengthens the expectancy of 

this research of finding a positive effect of the past errors and variances to influence today's 

variance. 
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II.IV Cryptocurrency or crypto-asset 

According to the European Central Bank (2012) and Kaplanov (2012), a currency is 

something that can be used as a store of value, an exchange mechanism, and a unit of 

account to compare values of different goods. Furthermore, according to Merriam Webster, 

the definition of a currency is something (such as coins, treasury notes, and banknotes) that 

is in circulation as a medium of exchange. Next to that, the definition of an asset is an item 

of value owned (Merriam Webster, 2018).  

 

While analyzing both definitions, any cryptocurrency seems to be both a currency and an 

asset. The name ‘cryptocurrency’ implies that it is indeed a currency. However, since the 

definition of an asset also fits the characteristics, it is hard to tell which one fits best. This 

paragraph describes the current theoretical debates considering this topic. This is relevant 

for this research since interest is also in a comparison of the variance of cryptocurrencies 

to other types of currencies/assets. 

 

According to Laidler (1969), the problem in this case is whether assets over which the 

(monetary) authorities have control may be regarded as valid ‘currencies’. Note that the 

problem statement refers to ‘assets’ specifically and hence, does not refer to valid fiat 

currencies. Contrarily, cryptocurrencies are not recognized as a valid currency everywhere 

and can therefore be considered as an asset in this statement.  

 

So, since cryptocurrency transactions are peer-to-peer and therefore do not move through 

any governmental institutes, it would have been defined as a currency according to Laidler. 

However, cryptocurrencies are also controlled by a certain (non-governmental) institute. 

These are authorities of which it is plausible that influence on the valuation and 

continuation of a specific cryptocurrency is within the control of this institute. Logically, 

these influential authorities over cryptocurrencies are the companies who developed it and 

placed it in the market. Hence, it is possible for developers to buy/sell/create considerable 

amounts of cryptocurrencies and influence the price by doing so. Therefore, considering 

the definition of Laidler, cryptocurrencies should be considered an asset. A valid currency 

needs to be stable and non-influential for external sources to diminish the risk of losing too 

much value (Laidler, 1969). 

 

Nevertheless, since the introduction of Bitcoin, the number of stores accepting Bitcoin as 

a valid currency has increased tremendously. At the beginning of 2013, three stores 

accepted Bitcoin worldwide. In January 2018, this number has increased to approximately 

11.000 (Coinmap, 2018). This indicates that the acceptance of Bitcoin is increasing. 

However, when examining the definition of ‘a currency’ in this paragraph, it states (among 

others) that it has to be able to be used as a store of value. Since Bitcoin has been a relative 

highly fluctuating asset/currency over the past years, it is quite remarkable that stores still 

accept Bitcoin as a currency. In order to store value over time, users need to quantify the 

expectations about the future value of the cryptocurrency (Glaser et al., 2014). Especially 

for stores, since the profits (partly) depend on the value of Bitcoin at a certain point in time. 

 

In order to determine the value of a currency in the future, an indication of the interest rate 

is quite substantial. “Bitcoin, however, does not provide the feature of an interest rate in 

contrast to fiat currencies, where interest rates are provided by central banks and interest 

rate term structures are derived from bonds with differing maturities” (Glaser et al., 2014, 

p 5). Thus, a future valuation of cryptocurrencies cannot be based on a given interest rate. 

Therefore, the investors of cryptocurrencies are completely left alone in determining the 

value. The value is based on what the investor’s belief the expected value to be in the future. 

Since this is dependent on a considerable amount of factors, it is hard to predict the future 

value of cryptocurrencies. Hence, is it hard to use cryptocurrencies as a store of value, and 

thus, to consider it a valid currency. 
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To conclude, it is debatable whether or not cryptocurrencies have to be considered an asset 

or a valid currency since it matches in characteristics of both. For now, it is irrelevant for 

cryptocurrencies whether it derives its value from a speculative perspective (asset) or a 

transactional perspective (currency). This research considers it to be part of both. The next 

chapter expresses how this is further adopted in this research. 

III. Data 

The first paragraph of this chapter provides a description of the data. Meaning that it 

presents descriptive statistics of the data, computations of how this data was acquired, and 

graphs to visualize the data. Afterward, the methodology is specified.  

 

III.I Data description 

Data description is specified in three sub-paragraphs. The first one to cover the data of the 

cryptocurrencies. The second one to cover data of fiat currencies. The third one to cover 

data of indices, since these are considered as assets. Data for both fiat currencies and indices 

are used since it is debatable whether cryptocurrencies are an asset or a valid currency. 

Therefore, it is interesting to make a comparison between these two classes and the 

cryptocurrencies. 

 

III.I.I Cryptocurrency data 

At first, data of the top 50 largest cryptocurrencies have been gathered and organized in 

Excel. The selection of ‘largest’ coins is based on the market capitalizations for the 

individual coins as of 15-4-2018. Therefore, all data collected for this research runs up until 

this date. However, the first dates to contain data differs for every cryptocurrency, since 

the ICO-dates differ in each case. For each of these cryptocurrencies, the daily price, daily 

volume, and the market capitalization have been gathered. The data is collected from 

Coinmarketcap. This website uses a weighted average of multiple crypto-exchanges to 

compute the daily price. Furthermore, the value of each cryptocurrency is expressed in 

terms of the American dollar (USD). 

 

To carry out this research, seven ‘portfolios’ are constructed. Six individual ones and one 

altcoins package that contains data of fifteen altcoins. The individual coins are selected 

based on highest trading volume (with the criteria of having at least 250 daily data 

available). Since these are the most liquid altcoins (and thus, often traded in this market), 

it is more effective to find any kind of similarity in the behaviour of Bitcoin and the altcoins.  

 

The returns of the altcoin package are computed by taking the average of the individual 

returns of the fifteen altcoins. Consequently, for the computation of the conditional 

standard deviation of this variable, these average daily returns are used. Note that the term 

‘volatility’ also refers to the conditional standard deviation in this research. 

 

Furthermore, the altcoins package contains fifteen altcoins that are selected on having the 

most daily data available (excluding the coins that are already selected in the individual 

section). The altcoins that are selected for this altcoin package are: 

 

- Dogecoin (DOGE)  - Dash (DASH)  - Monero (XMR) 

- Bytecoin (BCN)  - Bitshares (BTS)  - Stellar (XLM) 

- Verge (XVG)   - NEM (XEM)   - Siacoin (SC) 

- Lisk (LSK)   - Steem (STEEM)  - DigixDAO (DGD) 

- Waves (WAVES)  - Ethereum Classic (ETC) - Stratis (STRAT) 

 

For these comparisons, the altcoins ‘Tether’ and ‘Bitcoin Cash’ were excluded from the 

previously described selection process. Tether is excluded because it is linked to the USD. 

Thus, one Tether is always worth $1, making this comparison not very interesting for this 

research (since it does not have any change in returns when it is expressed in terms of 
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USD). Next to that, Bitcoin Cash is excluded from the selection because it is originated 

from a fork of the Bitcoin. Therefore, it automatically has a connection to Bitcoin, making 

it less interesting to examine the relationship between the two for this particular research. 

The table below shows the seven portfolios used in this research, including the dominance 

of the specific coin(s) in the market (based on market capitalization). 

 

 
Table 1: Cryptocurrencies used in this research and the market capitalizations as of 15-4-2018. The 

‘No.-column’ indicates the rank of that specific cryptocurrency based on its market capitalization. 

 

Hence, the data of the daily volumes are used to create the selection for these seven 

portfolios. Next to that, the data of the market capitalizations shows the dominance of 

Bitcoin over the selected altcoins. 

 

For each cryptocurrency, two variables are obtained. At first, the daily value/price of that 

specific currency expressed in terms of USD. The descriptive statistics of these variables 

are shown in the table below. 

 

 
Table 2: Descriptive statistics of the price variables of all six individual cryptocurrencies. The table 

presents the number of observations, the mean, the standard deviation, the minimum value, and the 

maximum value of each variable. The altcoin portfolio is not in this table since information about 

the average prices and such would not make any sense. 

 

Secondly, the daily return is computed for each fiat currency. This computation is done by 

means of the following formula: 

 

Returns: 𝑟𝑡 = ln (
𝑝𝑡

𝑝𝑡−1
)  

𝑤ℎ𝑒𝑟𝑒, 𝑟 = 𝑟𝑒𝑡𝑢𝑟𝑛   𝑝 = 𝑝𝑟𝑖𝑐𝑒 𝑎𝑡 𝑡ℎ𝑎𝑡 𝑑𝑎𝑦 
 

The log return-formula is used here instead of the other formula that is commonly used 

(𝑟 = (𝑝𝑡 − 𝑝𝑡−1)/𝑝𝑡−1) for return computations. The log formula is used because of the 

time additivity property. Meaning that a two period log return is equal to the sum of these 

two individual log returns. Hence, if the returns of the commonly used formula are inserted 

in the formula below, the product of normally-distributed variables is not normal. 

 

(1 + 𝑟1)(1 + 𝑟2) … (1 + 𝑟𝑛) =  ∏(1 + 𝑟𝑖)

𝑛

𝑖

 

No. Name Market Cap Market Cap / Total Market Cap

1 Bitcoin 137.457.941.053$      42,92%

2 Ethereum 50.534.138.957$        15,78%

3 Ripple 25.232.558.148$        7,88%

5 Litecoin 7.188.358.061$         2,24%

6 EOS 6.544.301.145$         2,04%

10 NEO 4.263.830.565$         1,33%

- Altcoin package 22.133.131.796$        6,91%
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Therefore, log returns are used in this research. Furthermore, it is approximately good for 

short periods, for example, in daily data. The table with descriptive statistics of the returns 

of all seven portfolios is shown below. 

 

 
Table 3: Descriptive statistics of the return-variables of all seven portfolios. The table presents the 

number of observations, the mean, the standard deviation, the minimum value, and the maximum 

value of each variable. As presented in the table, the mean returns are all positive. Furthermore, it 

is noticed that the minimum and maximum value of the altcoin portfolio are the smallest of all seven 

portfolios. This is due to the combination of several altcoins, which cancels out very large outliers. 

 

After the data was organized in Excel, it was imported into Stata to use it for the 

continuation of this research. 

 

III.I.II Fiat currency data 

The data of the fiat currencies used in this research are gathered from the website of 

Finanzen. This website is the largest portal in Germany to gather financial data (Finanzen, 

2018). For this research, data has been gathered and organized in Excel for six fiat 

currencies. A total of six currencies are chosen since the data for cryptocurrencies also 

consists of six individual cryptocurrencies. The currencies are selected based on having the 

largest exchange market turnover on a worldwide basis as of April 2016. Data for carrying 

out this selection is obtained from a paper of the Bank for International Settlements – 

Triennial Central Bank (Triennial Central Bank, 2016). Based on this criteria, the following 

six fiat currencies are selected:  

 

- Euro (EUR)  - British pound (GBP)  - Australian dollar (AUD) 

- Japanese yen (JPY) - Canadian dollar (CAD) - Swiss franc (CHF) 

 

The American dollar is not in this selection because the value of these currencies is 

expressed in terms of the dollar. By doing so, the value of the fiat currencies is influenced 

by the fluctuation of the dollar in the same way as it does to the cryptocurrencies (since 

these are also expressed in terms of the American dollar). 

 

Data is gathered from 28-4-2013 up until 15-4-2018. This time period is specifically chosen 

since it is the same time period for which data Bitcoin has been gathered. Similar to the 

data of the cryptocurrencies, the daily values are obtained. Note that the difference 

compared to the cryptocurrency data is that data for fiat currencies can only be obtained for 

weekdays. 

 

For each fiat currency, two variables are obtained. At first, the daily value/price of that 

specific currency expressed in terms of USD. The values obtained originate from the 

average of the opening price and closing price on that day. The descriptive statistics of 

these variables are shown in the table below. 
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Table 4: Descriptive statistics of the price variables of all six fiat currencies. The table presents the 

number of observations, the mean, the standard deviation, the minimum value, and the maximum 

value of each variable. 

 

Secondly, the daily return is computed for each fiat currency. This computation is done in 

the same manner as with the cryptocurrency data: 

 

Returns: 𝑟𝑡 = ln (
𝑝𝑡

𝑝𝑡−1
)  

𝑤ℎ𝑒𝑟𝑒, 𝑟 = 𝑟𝑒𝑡𝑢𝑟𝑛   𝑝 = 𝑝𝑟𝑖𝑐𝑒 𝑎𝑡 𝑡ℎ𝑎𝑡 𝑑𝑎𝑦 
 

 
Table 5: Descriptive statistics of the return-variables of all six fiat currencies. The table presents 

the number of observations, the mean, the standard deviation, the minimum value, and the maximum 

value of each variable. Note that the daily volatility for all fiat currencies is roughly 10 to 15 times 

lower than those of the cryptocurrencies. 

 

Similar to the cryptocurrency data, the data for fiat currencies was imported into Stata after 

organizing it in Excel. 

 

III.I.III Indices data 

The data of the indices is gathered from the website of Yahoo Finance. This website is part 

of Yahoo!’s network and it provides financial data (Yahoo! Finance, 2018). For this 

research, data from six indices are gathered. A total of six indices are chosen since the data 

of the cryptocurrencies and the fiat currencies also consists of six individual currencies. 

The selection of the six indices started by examining the countries with the largest nominal 

GDP worldwide (Statistics Times, 2018). Afterward, the largest index of each of these 

counties was selected. Based on this criteria, the following six counties and indices are 

selected: 

 

- USA (Dow Jones Industrial Average)  - China (SSE Composite)   

- Japan (Nikkei 225 Stock Average)  - Germany (DAX30) 

- France (CAC40)    - England (FTSE100) 

 

Data is gathered from 28-4-2013 up until 15-4-2018. This time period is specifically 

chosen since it is the same time period for which data Bitcoin has been gathered. Similar 

to the data of the cryptocurrencies, the daily values are obtained. Note that the difference 

compared to the cryptocurrency data is that data for indices can only be obtained for 

weekdays. 
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For each index, two variables are obtained. At first, the daily points of that specific index. 

The values obtained originate from the average of the number of points at the opening of 

the market and the number of points at the closing of the market on that day. The descriptive 

statistics of these variables are shown in the table below. 

 

 
Table 6: Descriptive statistics of the daily points of every index. The table presents the number of 

observations, the mean, the standard deviation, the minimum value, and the maximum value of each 

variable. Note that China and Japan miss three and one data-points respectively (compared to the 

other countries). This is due to missing data in Yahoo! Finance of the Asian market at the beginning 

of the time series. 

 

Secondly, the daily return is computed for every index. This computation is done in the 

same manner as with the cryptocurrency data and the fiat currency data: 

 

Returns: 𝑟𝑡 = ln (
𝑝𝑡

𝑝𝑡−1
)  

𝑤ℎ𝑒𝑟𝑒, 𝑟 = 𝑟𝑒𝑡𝑢𝑟𝑛   𝑝 = 𝑝𝑟𝑖𝑐𝑒 𝑎𝑡 𝑡ℎ𝑎𝑡 𝑑𝑎𝑦 

 

 
Table 7: Descriptive statistics of the returns of the six indices. The table presents the number of 

observations, the mean, the standard deviation, the minimum value, and the maximum value of each 

variable. Note that the daily volatility is on average smaller than those of the cryptocurrencies, but 

larger than those of the fiat currencies. Furthermore, China and Japan miss three and one data-

points respectively (compared to the other countries). This is due to missing data in Yahoo! Finance 

of the Asian market at the beginning of the time series. 

 

Once again, the data of the indices was imported into State after organizing it in Excel. 

 

III.II Methodology 

This research is executed by using the MGARCH model. The choice for this model arises 

from the strong plausibility of clustering volatility. The graphs below show the absolute 

demeaned returns of all seven cryptocurrency portfolios over time to examine this in a 

visual manner. 
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Figure 2: The absolute demeaned returns over time of all seven cryptocurrency portfolios are 

presented in a line graph. Graphs above provide such information that volatility clustering seems 

plausible.  

 

The MGARCH model is especially useful in cases of clustering volatility since it corrects 

for this phenomenon in financial data. The table confirms the idea of volatility 

(=conditional variance) being persistent: large (small) values are likely to be followed by 

large (small) values (Fryzlewicz, 2007). Hence, by using the MGARCH model, this 

statistical problem of clustering volatility can be captured. 

 

A total of three MGARCH regressions are executed in this research. One for the 

cryptocurrencies, one for the fiat currencies, and one for the indices. These regressions are 

executed in Stata. In all regressions, a dynamic conditional correlation (DCC) is used on 

the normal (Gaussian) distribution. All the return-variables are used at the same time as 

input for a single regression. Hence, the variables of the prices/points were solely used to 

gather the data of the returns. Furthermore, the lags for both the ARCH- and the GARCH-

parameter are set to 1. After running the regressions, all the coefficients of the output of 

the cryptocurrency regression are interpreted individually. Subsequently, these coefficients 

are compared to those of the fiat regression and the index regression. Interest is in the 
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behavior of the variance of the cryptocurrencies itself, and in the comparison to the other 

two regression. 

IV. Modelling time-varying volatility 

This chapter contains two paragraphs. The first one to analyze the MGARCH output of the 

cryptocurrency regression. The second one to compare these results to the MGARCH 

output of the fiat currency regression and the indices regressions. The coefficients and the 

standard deviations of the regressions are rounded to four decimals. Thus, any value lower 

than ‘0.00005’ is presented as being equal to 0. 

 

IV.I Result for cryptocurrencies 

The table below displays the results of the MGARCH regression of the cryptocurrencies. 

All the return variables are taken as dependent variables. 

 

 
Table 8: Stata output of MGARCH regression of the cryptocurrency class. The table presents the 

constant, the ARCH-parameter, and the GARCH-parameter for every cryptocurrency (portfolio). 

For every parameter and every portfolio, the regression coefficient, the standard error, the z-value, 

and the ‘P>z’ value (a measure of significance) are presented. 

MGARCH - cryptocurrencies

 

BTC Coef. 0.0006 0.5509 0.3283

Std. Err. 0.0001 0.0963 0.0814

z 4.21 5.72 4.03

P>z 0.000 0.000 0.000

ETH Coef. 0.0007 0.6048 0.2972

Std. Err. 0.0002 0.0955 0.0877

z 3.96 6.33 3.39

P>z 0.000 0.000 0.000

LTC Coef. 0.0014 0.6847 0.1090

Std. Err. 0.0003 0.1115 0.0733

z 5.31 6.14 1.49

P>z 0.000 0.000 0.137

XRP Coef. 0.0005 0.6889 0.4653

Std. Err. 0.0001 0.1067 0.0427

z 5.14 6.46 10.90

P>z 0.000 0.000 0.000

EOS Coef. 0.0028 1.1691 0.0149

Std. Err. 0.0005 0.1872 0.0323

z 5.97 6.25 0.46

P>z 0.000 0.000 0.646

NEO Coef. 0.0011 0.4373 0.4996

Std. Err. 0.0003 0.0874 0.0707

z 3.91 5.00 7.06

P>z 0.000 0.000 0.000

Alts Coef. 0.0009 0.4254 0.4417

Std. Err. 0.0002 0.0687 0.0748

z 4.30 6.19 5.90

P>z 0.000 0.000 0.000
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At first, the p-values are analyzed to conclude if it is optimal to include all dependent 

variables together. In the event that both the ARCH- and the GARCH-parameter are 

insignificant for one particular variable, the model would be improved by removing this 

variable (Stata, 2018). The table shows that all the coefficients are statistically significant 

at a 1-percent level (except for the 𝛿1,𝐿𝑇𝐶 -, and the 𝛿1,𝐸𝑂𝑆-parameter). Hence, there is no 

interest in removing any of the variables in the regression. 

 

Secondly, the ARCH-parameters (𝛾1) indicate that the one-period lagged values of the 

residuals do have influence on the variance today. For example, one unit increase of the 

one-period lagged residual term of Bitcoin leads to a 0.5509 increase of the variance of 

Bitcoin in the current period. This is under the assumption that the GARCH parameter 

equals 0. Furthermore, this parameter is shown to be the smallest in the case of the altcoin 

portfolio. Indicating that the individual cryptocurrencies (which are selected based on 

having the highest liquidity) have a stronger ARCH-effect than the altcoin portfolio. 

 

Thirdly, the GARCH-parameters (𝛿1) indicate that the one-period lagged values of the 

variance do have influence on the variance today. Exceptions are for the GARCH-

parameters of the Litecoin and the EOS variable. For Litecoin, this variable only has a p-

value of 0.1370, indicating that the effect less interesting to interpret compared to the 

significant coefficients. For EOS, the variable has a p-value of 0.6460, indicating that the 

strength of the effect is negligible. Nevertheless, the other coefficients are interesting to 

analyze. For example, one unit increase of the one-period lagged variance term of Bitcoin 

leads to a 0.3283 increase of the variance of Bitcoin in the current period. 

 

At last, for an accurate interpretation, note that adding this GARCH-parameter in the 

regression results in the fact that the effect on the variance of the dependent variable has to 

be compounded with the ARCH-term. Hence, the behavior of the variance depends on both 

the lagged residuals and the lagged variance. Whether these effects are strong is a relative 

concept to interpret. Therefore, a comparison is made in the next paragraph to investigate 

the strength of these effects.  

 

To provide more intuition in this comparison, two graphs are illustrated on the next page. 

These graphs present the volatility of both Bitcoin and Litecoin in the time period                

28-4-2013 up until 15-4-2018. These graphs provide additional clarity in the phenomenon 

mentioned above. Namely, that the volatility shock today feeds through into next period’s 

volatility and that this effect is quite persistent. The first graph presents the volatility of 

Bitcoin, and the second graph presents the volatility of Litecoin. Note that the values on 

the y-axis are values of the volatility on a daily basis. Meaning that the daily volatility can 

be up to approximately 20% to 30% in extreme events. 
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Figure 3: Daily volatility (square root of the conditional variance) of Bitcoin. This filtered volatility 

of Bitcoin is obtained after running the MGARCH model solely for Bitcoin. Afterward, Stata 

predicted these values for the conditional daily volatility. The graphs show the effects named above. 

Namely, that periods of high volatility tend to be followed by periods of high volatility (ARCH effect), 

and that this effect is quite persistent as well (GARCH effect). Especially in the periods around late 

2013 and late 2017 (which are exactly the periods in which Bitcoin made its highest increases). 

 

 
Figure 4: Daily volatility (square root of the conditional variance) of Litecoin. This filtered volatility 

of Litecoin is obtained after running the MGARCH model solely for Litecoin. Afterward, Stata 

predicted these values for the conditional daily volatility. The graphs show the effects named above. 

Namely, that periods of high volatility tend to be followed by periods of high volatility (ARCH effect), 

and that this effect is quite persistent as well (GARCH effect). 

 

Additionally, the MGARCH regression also provides coefficients that quantify the 

correlation between the variables (𝜌𝑦𝑧), and coefficients of the persistence of both the 

ARCH and GARCH effects (λ1)&(λ2). Results are shown in the table below. 
 



20 

 

 
Table 9: Stata output of MGARCH regression of the cryptocurrency class. The table presents the 

correlation-parameters for every combination. Furthermore, it shows the lambda-parameters of 

both the ARCH- and the GARCH-term. 

 

The table shows that the all the correlations vary between 0.5517 (the lowest value) and 

0.8934 (the highest value). Next to that, these coefficients are all statistically significant at 

a 1-percent level and are therefore relevant to interpret. For example, the correlation 

between Bitcoin and Ethereum is 0.7596. This indicates that a one unit increase in the 

variance of Bitcoin leads to the following increase in the variance of Ethereum: 

 

𝜌𝐵𝑇𝐶,𝐸𝑇𝐻 ∗ (
𝛾0,𝐵𝑇𝐶

1 − (𝛾1,𝐵𝑇𝐶 + 𝛿1,𝐵𝑇𝐶)
) / (

𝛾0,𝐸𝑇𝐻

1 − (𝛾1,𝐸𝑇𝐻 + 𝛿1,𝐸𝑇𝐻)
) 

= 

0.7596 ∗ (
0.0006

1 − (0.5509 + 0.3283)
) / (

0.0007

1 − (0.6048 + 0.2972)
) 

= 

0.5282 
 

However, note that the regression is modelling multiple return variables altogether. 

Therefore, there is presence of inter-correlation in this model, meaning that there are mutual 

connections between the variables. Thus, a one unit increase in the variance of Bitcoin does 

MGARCH - cryptocurrencies

Coef. Std. Err. z P>z

BTC,ETH 0.7596 0.0373 20.37 0.000

BTC,LTC 0.7691 0.0350 21.95 0.000

BTC,XRP 0.6335 0.0529 11.98 0.000

BTC,EOS 0.6556 0.0504 13.01 0.000

BTC,NEO 0.6282 0.0527 11.92 0.000

BTC,Alts 0.7970 0.0343 23.26 0.000

ETH,LTC 0.7989 0.0320 24.99 0.000

ETH,XRP 0.7689 0.0358 21.50 0.000

ETH,EOS 0.7096 0.0431 16.48 0.000

ETH,NEO 0.7067 0.0430 16.43 0.000

ETH,Alts 0.8934 0.0182 49.05 0.000

LTC,XRP 0.6694 0.0486 13.76 0.000

LTC,EOS 0.6465 0.0494 13.08 0.000

LTC,NEO 0.6035 0.0550 10.97 0.000

LTC,Alts 0.8239 0.0285 28.89 0.000

XRP,EOS 0.6147 0.0544 11.29 0.000

XRP,NEO 0.5517 0.0576 9.58 0.000

XRP,Alts 0.7750 0.0356 21.75 0.000

EOS,NEO 0.5946 0.0576 10.32 0.000

EOS,Alts 0.7108 0.0442 16.06 0.000

NEO,Alts 0.7162 0.0424 16.90 0.000

0.2177 0.0288 7.56 0.000

0.5268 0.0665 8.54 0.000
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not necessarily lead to an increase in the variance of Ethereum of 0.5282, since other factors 

have an impact on the variance as well. Hence, quantifying the effect is extremely complex. 

All the constant-terms, ARCH-terms, GARCH-terms, and correlation-terms have an 

impact on the exact effect. Nevertheless, the coefficients do provide information about the 

strength of the correlations between each pair of variables. 

 

Next to that, the table shows that both the lambda parameters are statistically significant 

and that the parameter  λ1 is lower than the parameter λ2. This indicates that in the case of 

cryptocurrencies, the one-period lagged values of the variance have more importance than 

the one-period lagged residuals. Nonetheless, both the effect are relevant due to the 

significant level of the parameters. Hence, both the one-period lagged residuals and the 

one-period lagged variances have an effect on the variance today. Furthermore, the 

summation of both parameters is less than 1. This implies that there is mean reversion, 

meaning that shocks in the variance are not permanent over time. 

 

Once again, it is a relative concept to state whether or not these effects are strong compared 

to other asset/currency classes. Therefore, a comparison is made in the next paragraph to 

investigate the strength of these effects. 

 

IV.II Results comparison 

The Table below presents the comparison of the three classes included in this research. All 

coefficients included in this table are statistically significant at a 10-percent level or higher. 

 

 
Table 10: Presentation of the comparison between the coefficients of all three MGARCH 

regressions. Hence, the results of the cryptocurrencies, fiat currencies, and the indices are 

compared. For each parameter, the average value, highest individual value, and the lowest 

individual value is presented. In this comparison, all coefficients that are insignificant at a 10-

percent level or higher (>0.10) are excluded. Furthermore, values lower than 0.00005 are presented 

as being equal to ‘0.0000’. Logically, in reality, the value of a variance is not exactly equal to 0. 

 

Multiple aspects can be derived from the coefficients in the table. The results are described 

below for each parameter individually. The complete Stata outputs of both the fiat currency 

regression and the indices regression are presented in Appendix 1 to 4. 

Cryptocurrencies Fiat currencies Indices

Average 0.0011 0.0000 0.0000

Highest 0.0028 0.0000 0.0000

Lowest 0.0005 0.0000 0.0000

Average 0.6516 0.4373 0.2480

Highest 1.1691 0.9791 0.4880

Lowest 0.4254 0.2128 0.1276

Average 0.4064 0.2024 0.6463

Highest 0.4996 0.6344 1.0379

Lowest 0.2972 -0.2120 0.0841

Average 0.7060 0.2958 0.4901

Highest 0.8934 0.5956 0.9251

Lowest 0.5517 -0.0687 0.1835

Value 0.2177 0.1359 0.0237

Value 0.5268 0.3103 0.4959
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- 𝜸𝟎 (=constant terms): The only average constant term that is presented to be higher 

than 0 is the one of the cryptocurrency regression. This indicates that the long-run 

average variance of cryptocurrencies is higher than those of the other two classes. 

Moreover, all the individual constant terms of the fiat regression and the index 

regression are close to 0. Hence, all the constant terms of cryptocurrencies do have a 

higher value than any other constant term in the fiat regression and index regression. 

As the table presents, the lowest constant term within the cryptocurrency regression 

has a value of 0.0005. 

 

- 𝜸𝟏 (=ARCH parameters): Results in the table clearly indicate that past shocks in the 

variance of cryptocurrencies have the strongest effect on the current period’s variance. 

The average ARCH-parameter in this regression is 0.6516, whereas the ARCH-

parameter is 0.4373 for the fiat regression and 0.2480 for the index regression.  

 

Hence, as expected, lagged residuals have the strongest effect on the variance in the 

cryptocurrency market. This was expected since these are relatively new and unstable 

currencies. Thus, a shock in the variance causes more uncertainty about the actual value 

than in the case of fiat currencies or indices. This may also explain why the average 

ARCH-parameter for the indices is the lowest since indices are based on stocks of 

companies, which have an actual fundamental value. Meaning there more certainty 

about the actual value of the underlying asset. 

 

- 𝜹𝟏 (=GARCH parameters): The table shows the highest value of the GARCH-

parameter in the index regression (0.6463). Thus, the ARCH effect is weaker compared 

to the cryptocurrencies and the fiat currencies (see ARCH parameter) but the effect 

lasts longer. Meaning that the volatility of indices is more persistent than those of the 

other two asset classes.  

 

This may be explained due to shocks occurring on a macroeconomic scale. Worldwide, 

multiple factors can lead to economic circumstances of crisis. Overall, these are 

circumstances that are not easily solved since crises usually last for multiple years 

(Korotayev & Tsirel, 2010). An economic crisis has (on average) a negative impact on 

the value companies. It creates uncertainty about the value and continuation of 

companies, undermining the fundamental value (Campello et al., 2011). Since these 

crises can last for a longer period of time, it could explain why the volatility of indices 

is more persistent over time than those of the other two classes. 

 

- 𝝆𝒚𝒛 (=correlation parameters): The correlation parameter in the cryptocurrency 

regression is relatively high compared to the other two asset classes. This is in line with 

the expectations of this research for the same reason as mentioned in the paragraph of 

the ARCH parameter. At first, the correlation is high due to the strong influence of 

Bitcoin on the altcoins (Cizek, 2015). Secondly, this was expected because the market 

is relatively new and unstable. Meaning that the market as a whole is more sensitive to 

shocks in the variance. The cryptocurrencies are more likely to jointly increase 

(decrease) in value if good (bad) news arises about the market for cryptocurrencies. 

 

Furthermore, the coefficients for the fiat regression and the index regression are also 

quite different (0.2958 and 0.4901 respectively). The fact that the average correlation 

between the indices is higher could again be explained due to economic circumstances. 

As a result of bullish (bearish) periods, indices tend to increase (decrease) in value on 

an average basis. Nevertheless, the average correlation between cryptocurrencies is 

clearly the highest of the three classes. 
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- 𝛌𝟏 (=lambda-1 parameters): The slowest decay for the ARCH-effect occurs at the 

cryptocurrency class. Once again, this is in line with expectations because the 

uncertainty in this market is likely to be high since it is relatively new and unstable. In 

case of the index regression, this parameter is so low that it is negligible. Hence, the 

ARCH-effect is not only weak (compared to the other two classes), but it is also rapidly 

declining over time. 

 

- 𝛌𝟐 (=lambda-2 parameters): Notable is that all three parameters are higher than the 

lambda 1 parameter within the same class. Hence, the GARCH-effect has a slower 

decay over time compared to the ARCH-effect. Meaning that the lagged values of the 

variance have more importance than the lagged values of the residuals. 

 

Furthermore, the table shows that the lambda 2 parameter of the cryptocurrency 

regression is the highest. Thus, the slowest decay of the GARCH-effect occurs in the 

cryptocurrency class. Next to that, note that the lambda 2 coefficient in the index 

regression is nearly equal to the coefficient of the cryptocurrencies. This indicates that 

the indices both have a strong GARCH-effect and one that is quite persistent over time 

since the coefficient is (for example) higher than those of the fiat currencies. 

 

The graphs below present the conditional volatility over time of the Euro (=fiat currency) 

and the Dow Jones Industrial Average (=index), to make a visual comparison of the three 

classes as well. The conditional volatility graphs of the other five fiat currencies and indices 

are presented in Appendix 5 and Appendix 6 respectively. Hence, for this comparison, the 

graph of the Euro represents the fiat currencies and the graph of the Dow Jones represents 

the indices.  

 

Results in the Appendix indicate that these are both good representatives for the two 

classes. Meaning that the height and persistence of the volatility is (relatively) similar 

within these two classes when comparing it to the cryptocurrencies. Note that (for this 

comparison) the graphs of the conditional volatility of Bitcoin and Litecoin are already 

mentioned in the previous paragraph. 

 

 
Figure 5: Daily volatility (square root of the conditional variance) of the Euro. This filtered volatility 

of the Euro is obtained after running the MGARCH model solely for this fiat currency. Afterward, 

Stata predicted these values for the conditional daily volatility.  
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Figure 6: Daily volatility (square root of the conditional variance) of the Dow Jones Industrial 

Average index. This filtered volatility of the Dow Jones is obtained after running the MGARCH 

model solely for this index. Afterward, Stata predicted these values for the conditional daily 

volatility. 

 

At first, the levels of daily volatility on the y-axis indicate immense differences in terms of 

the height of the volatility. The daily volatility levels of Bitcoin and Litecoin vary 

(approximately) between 2% and 20% (with outliers up to 30%). As a comparison, fiat 

currencies and indices show daily volatility levels of roughly 0.3% to 3%.  

 

Secondly, the graphs of Bitcoin, Litecoin, and the Dow Jones seem to visualize a stronger 

persistence of volatility clustering than the graph of the Euro. For the two cryptocurrencies, 

this is especially the case during late 2013 and late 2017. In these periods, the two 

cryptocurrencies were outstandingly volatile with a high persistence in this effect as well. 

Additionally, the graph of the Dow Jones shows multiple periods in which there is 

persistence in the clustering of high volatility levels. Hence, the graphs seem to suggest 

that the comparison (of the quantified results) in table 10 is correct. 

V. Conclusion 

This research sought to identify how the past values of the variance of cryptocurrencies 

impact the present value of this variance in terms of strength and persistence. Furthermore, 

to put this analysis into perspective, these results were compared to this same effect for fiat 

currencies and indices. 

 

This study revealed that in the case of cryptocurrencies, the lagged values of the variance 

have a relatively strong impact on the current variance, compared to the others two classes. 

The impact is respectively about 50% and 160% stronger compared to fiat currencies and 

indices, based on a comparison of the coefficients. Furthermore, the decay of this effect is 

the slowest in the case of cryptocurrencies. Hence, the effect persists longer over time 

compared to the other two asset classes. 

 

Secondly, this study affirms that changes in the variance of cryptocurrencies affect future 

variances for a longer period of time compared to this same analysis for fiat currencies. 

However, the persistence of the variance is even stronger in the case of indices. This can 

be economically explained since economic crises last relatively long and these events have 

a negative impact on the fundamental values of companies and on the indices. Thus, this 

strengthens the effect of the lagged variance influencing the current variance for a longer 

period of time. The visualized comparison of the volatility graphs seem to confirm this 

effect. 
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Additionally, the correlation between cryptocurrencies is found to be substantially larger 

than those between fiat currencies and indices (values of 0.71, 0.30, and 0.49, respectively). 

Hence, the co-movement within this class is substantially larger. Meaning that the effects 

mentioned above are more likely to be present in other cryptocurrencies as well. This is 

indicated by the relatively high correlation. Thus, the behavior of the variance of any 

random cryptocurrency is likely to show the same effects as the cryptocurrencies that are 

analyzed in this research. 

 

Finally, the results show that for fiat currencies and indices, the sum of the ARCH-

parameter and the GARCH-parameter is, on average, lower than 1 (𝛾1 + 𝛿1 < 1). Meaning 

that there is presence of mean reversion in the variance. However, in the case of 

cryptocurrencies, the sum of the two parameters is, above 1(𝛾1 + 𝛿1 > 1). Thus, on 

average, the variance of cryptocurrencies is unstable since there is an exploding variance 

forecast (Rizvi and Arshad, 2013). Nonetheless, when analyzing the individual results, only 

Ripple and EOS show this effect. Therefore it is concluded that cryptocurrencies do not 

necessarily have an exploding variance forecast, but on average tend to act more like having 

an unstable variance. 

VI. Recommendations and limitations 

Based on the results of this research and the final conclusion, multiple recommendations 

can be drawn for various parties. 

 

For academics, this research can be considered the groundwork and motive for further 

studying the behavior of the variance of cryptocurrencies. Suggestions for further research 

could be the studying of the behavior of the variance in certain time periods, for example, 

in an event study. If solely data is obtained in periods of crisis, results for all three classes 

may differ substantially. Next to that, further research could cover the comparison to other 

asset classes. For example, comparing the behavior of the variance of cryptocurrencies to 

the behavior of the variance of bonds, commodities, or real estate.  

 

In this research, quantified evidence is provided that the variance does behave differently 

compared to other markets. It is relevant to further examine the variance because the total 

market capitalization has had an exponential increase since the origination of the market. 

Therefore, it is hard to get an understanding of the risk of this increasing sum of money. 

Hence, to academics, it is solely recommended to further investigate the behavior of the 

variance to obtain a good understanding of this concept.  

 

Secondly, to make clear judgments about the market, it is recommended for governmental 

institutions to examine all relevant (future) research on the subject. Academic papers can 

substantiate political decisions by providing relevant information about the behavior of the 

market. For example, this research provides knowledge about the reaction of the variance 

of the cryptocurrencies compared to two other ‘asset’ classes. Based on these results, 

governmental institutions could strengthen regulations to protect investors from devoting 

too much money to cryptocurrencies. Hence, by using all relevant academic research in a 

suitable way, institutions can protect investors in volatile economic periods by putting the 

right policies in place. 

 

Thirdly, it is recommended for investors to be attentive for outbreaks of volatile periods 

since this research has shown that these periods can be quite persistent relative to the other 

two asset classes. Moreover, the results show an exploding variance forecast. Meaning that 

the variance does not necessarily move towards a mean over a longer period of time. This 

indicates that investors face an increased level of risk when the variance starts to increase 

over time. Thus, investors should individually prefer a certain level of risk and stop to hold 

on to cryptocurrencies when certain volatile periods arise that exceed the maximum desired 

level of risk. 



26 

 

 

Finally, this research also has its limitations. For instance, in the period of executing this 

research, data of cryptocurrencies is only available for approximately five years. Meaning 

that the market is relatively new compared to (for example) the market for equities and fiat 

currencies. Hence, since the market is relatively new, the behavior (of the variance) may 

change in the upcoming years. Therefore, the conclusions of this research can become 

irrelevant in terms of using them to explain the behavior of the variance in (distant) future 

periods. Over a certain amount of years, a more comprehensive research can be executed, 

especially because results can be compared within multiple periods of economic prosperity 

and economic downturn. 

 

Another limitation is that the MGARCH model is executed with only one lag for every 

parameter. However, Stata is not able to run the same model with more than one lag, since 

too many iterations are needed to obtain an output in Stata. Nevertheless, a relevant 

extension of this research would be to use more cryptocurrencies or more quantities of any 

asset class in the dataset. Thus, this research is limited in the number of cryptocurrencies 

used. An increase in the dataset provides the possibility to run more divergent regressions 

and hence, examine more relations between/within several asset classes. An increase in the 

dataset could both be in terms of increasing the amount of daily data, or an increase in the 

number of cryptocurrencies included in the dataset. 

 

Interest in multiple (and more extensive) comparisons can be due to any reason in a logical 

economic context. For example, future studies could indicate that cryptocurrencies are 

becoming a substitutional investment for derivatives. In that case, a comparison between 

the price and/or variance developments of the two would be interesting material to 

investigate. Hence, the limitation of this research is that little research is executed about 

cryptocurrencies. Therefore, it is challenging to determine the most applicable issue to 

investigate within this interesting new market. 
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VIII. Appendix 

Appendices are presented at each page individually. 

 

  



30 

 

VIII.I Appendix 1 

 

 
Table 11: Stata output of MGARCH regression of the fiat currencies. The table presents the 

constant, the ARCH-parameter, and the GARCH-parameter for every fiat currency. For every 

parameter and every portfolio, the regression coefficient, the standard error, the z-value, and the 

‘P>z’ value (a measure of significance) are presented. 

 

  

MGARCH - fiat currencies

 

EUR Coef. 0.0000 0.3643 0.1197

Std. Err. 0.0000 0.0400 0.0639

z 8.42 9.11 1.87

P>z 0.000 0.000 0.061

GBP Coef. 0.0000 0.9791 0.1305

Std. Err. 0.0000 0.0884 0.0452

z 6.72 11.08 2.89

P>z 0.000 0.000 0.004

AUD Coef. 0.0000 0.2328 0.6344

Std. Err. 0.0000 0.0362 0.1314

z 1.19 6.44 4.83

P>z 0.236 0.000 0.000

JPY Coef. 0.0000 0.3528 0.3930

Std. Err. 0.0000 0.0448 0.1065

z 2.91 7.88 3.69

P>z 0.004 0.000 0.000

CAD Coef. 0.0000 0.2128 -0.2120

Std. Err. 0.0000 0.0332 0.0669

z 10.30 6.42 -3.17

P>z 0.000 0.000 0.002

CHF Coef. 0.0000 0.4818 0.1487

Std. Err. 0.0000 0.0416 0.0503

z 7.07 11.58 2.96

P>z 0.000 0.000 0.003
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VIII.II Appendix 2 

 

 
Table 12: Stata output of MGARCH regression of the fiat currencies. The table presents the 

correlation-parameters for every combination. Furthermore, it shows the lambda-parameters of 

both the ARCH- and the GARCH-term. 

 

  

MGARCH - fiat currencies

Coef. Std. Err. z P>z

EUR,GBP 0.5353 0.0247 21.63 0.000

EUR,AUD 0.4452 0.0270 16.49 0.000

EUR,JPY 0.4583 0.0264 17.35 0.000

EUR,CAD 0.4075 0.0280 14.56 0.000

EUR,CHF -0.0687 0.0336 -2.04 0.041

GBP,AUD 0.3848 0.0298 12.92 0.000

GBP,JPY 0.2884 0.0332 8.69 0.000

GBP,CAD 0.3616 0.0304 11.89 0.000

GBP,CHF -0.0033 0.0359 -0.09 0.926

AUD,JPY 0.3149 0.0307 10.26 0.000

AUD,CAD 0.5956 0.0211 28.20 0.000

AUD,CHF -0.0573 0.0339 -1.69 0.091

JPY,CAD 0.2360 0.0321 7.34 0.000

JPY,CHF -0.0314 0.0339 -0.93 0.354

CAD,CHF -0.0568 0.0339 -1.68 0.093

0.1359 0.0114 11.92 0.000

0.3103 0.0613 5.06 0.000
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VIII.III Appendix 3 

 

 
Table 13: Stata output of MGARCH regression of the indices. The table presents the constant, the 

ARCH-parameter, and the GARCH-parameter for every index. For every parameter and every 

portfolio, the regression coefficient, the standard error, the z-value, and the ‘P>z’ value (a measure 

of significance) are presented. 

 

  

MGARCH - indices

 

USA Coef. 0.0000 0.2458 0.7558

Std. Err. 0.0000 0.0373 0.0881

z 0.18 6.59 8.58

P>z 0.856 0.000 0.000

CHN Coef. 0.0000 0.4880 0.4588

Std. Err. 0.0000 0.0548 0.0491

z 2.37 8.91 9.34

P>z 0.018 0.000 0.000

JPN Coef. 0.0000 0.1681 0.08412

Std. Err. 0.0000 0.0337 0.1305

z -0.02 4.99 6.45

P>z 0.988 0.000 0.000

GER Coef. 0.0000 0.1276 1.0379

Std. Err. 0.0000 0.0235 0.1079

z -1.69 5.43 9.62

P>z 0.091 0.000 0.000

FRA Coef. 0.0000 0.1461 0.9731

Std. Err. 0.0000 0.0243 0.0957

z -1.33 6.01 10.17

P>z 0.184 0.000 0.000

ENG Coef. 0.0000 0.3123 0.5683

Std. Err. 0.0000 0.0385 0.0799

z 2.14 8.11 7.12

P>z 0.032 0.000 0.000
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VIII.IV Appendix 4 

 

 
Table 14: Stata output of MGARCH regression of the indices. The table presents the correlation-

parameters for every combination. Furthermore, it shows the lambda-parameters of both the ARCH- 

and the GARCH-term. 

  

MGARCH - indices

Coef. Std. Err. z P>z

EUR,GBP 0.1852 0.0294 6.31 0.000

EUR,AUD 0.4776 0.0229 20.81 0.000

EUR,JPY 0.6421 0.0168 38.19 0.000

EUR,CAD 0.6595 0.0162 40.71 0.000

EUR,CHF 0.6217 0.0179 34.64 0.000

GBP,AUD 0.2311 0.0281 8.23 0.000

GBP,JPY 0.1835 0.0291 6.30 0.000

GBP,CAD 0.1957 0.0291 6.73 0.000

GBP,CHF 0.2055 0.0288 7.13 0.000

AUD,JPY 0.5309 0.0207 25.67 0.000

AUD,CAD 0.5420 0.0205 26.42 0.000

AUD,CHF 0.5103 0.0217 23.49 0.000

JPY,CAD 0.9251 0.0039 237.10 0.000

JPY,CHF 0.7011 0.0147 47.69 0.000

CAD,CHF 0.7398 0.0133 55.81 0.000

0.0237 0.0053 4.43 0.000

0.4959 0.1519 3.27 0.001
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VIII.V Appendix 5 

 

 

Figure 7: Daily volatilities (the square root of the conditional variances) of all the fiat currencies, 

except for the Euro. This filtered volatilities of the fiat currencies are obtained after running the 

MGARCH model solely for each currency individual. Afterward, Stata predicted these values for 

the conditional daily volatilities. 
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VIII.VI Appendix 6 

 

 

Figure 8: Daily volatilities (the square root of the conditional variances) of all the indices, except 

for the Dow Jones. This filtered volatilities of the indices are obtained after running the MGARCH 

model solely for each index individual. Afterward, Stata predicted these values for the conditional 

daily volatilities. 

 

 

 


