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ABSTRACT 

 

This paper studies the two biggest cryptocurrencies by their market capitalization: Bitcoin and 

Ethereum. Following the common practice of the existing literature, I select certain macroeconomic 

variables that are likely to affect their price returns. The model used in the paper is an extension of 

the Autoregressive Conditional Heteroskedasticity model. The estimations show that the S&P, SSE, 

Nikkei, Cyber 15, gold and oil price returns are significant for the models, with some of these 

variables being common for both. 

Keywords: Bitcoin, Ethereum, returns, GARCH, predictions 

 

 

 

ACKNOWLEDGEMENTS 

I would like to express my gratitude to Prof. Gayane Barseghyan for encouraging me to 

write this paper in the first place, as well as her assistance and guidance provided during 

different stages of my work.  

All the remaining errors in this paper are mine. 

 

 

 

 

 

 

 

 

 

 

 



Capstone Thesis Arman Zhamharyan 

3 
 

 

 

Table of Contents 

Introduction ................................................................................. 5 

Motivation ................................................................................... 7 

Technology behind Bitcoin: Blockchain ........................................ 8 

Literature review........................................................................ 11 

Data and Methodology .............................................................. 13 

Estimation and Results ............................................................... 19 

Conclusion ................................................................................. 40 

References ................................................................................. 42 

Appendix .................................................................................... 44 

 

 

 

 

 

 

 

 

 



Capstone Thesis Arman Zhamharyan 

4 
 

 

LIST OF TABLES 

Table 1: OLS of the model for bret. ............................................................................................................. 20 

Table 2: Breusch-Godfrey test for autocorrelation of bret. .......................................................................... 20 

Table 3: ARIMA model for Bitcoin returns. .................................................................................................. 23 

Table 4: White noise test of squared residuals. ........................................................................................... 24 

Table 5: ARCH effect testing. ....................................................................................................................... 24 

Table 6: AR-GARCH model for Bitcoin price returns. .................................................................................... 25 

Table 7: AR-IGARCH model for Bitcoin price returns. ................................................................................... 27 

Table 8: AR-IGARCH model with modified variance equation for bret. ......................................................... 27 

Table 9: White noise test for squared errors. .............................................................................................. 28 

Table 10: OLS of the model for eret. ............................................................................................................ 30 

Table 11: Breusch-Godfrey LM test for autocorrelation of eret.................................................................... 30 

Table 12: ARIMA model for Ethereum price returns. ................................................................................... 32 

Table 13: Portmanteau test for white noise................................................................................................. 33 

Table 14: AR-GARCH model for Ethereum price returns. ............................................................................. 35 

Table 15: A refined AR-GARCH model for Ethereum. ................................................................................... 36 

Table 16: White noise test for squared errors.............................................................................................. 37 

Table 17: GARCH models for Bitcoin and Ethereum. .................................................................................... 40 

Table 18: Descriptive statistics .................................................................................................................... 44 

Table 19: Dickey-Fuller tests for all the variables ......................................................................................... 44 

Table 20: Preliminary results ....................................................................................................................... 44 

 

 

LIST OF FIGURES 

 

Figure 1: Historical market capitalisation of cryptocurrencies. ....................................................................... 6 

Figure 2: Current market cap of cryptocurrencies. ......................................................................................... 6 

Figure 3: PACF and ACF of bret. ................................................................................................................... 21 

Figure 4: PACF of the squared residuals. ...................................................................................................... 25 

Figure 5: PACF and ACF of eret. ................................................................................................................... 31 

Figure 6: PACF and ACF of squared residuals of the ARIMA model. .............................................................. 34 

Figure 7: Predicted and realized Ethereum price returns. ............................................................................. 37 

 

 

 

 



Capstone Thesis Arman Zhamharyan 

5 
 

 

Introduction 

 

A little less than a decade ago, on January 3rd 2009, the Bitcoin system has been created and the first 

block, known as block number 0, was mined. At the time it had a value of $0. The first transaction 

involving Bitcoins took place in 2010, when 10 000 Bitcoins were spent to order two pizzas worth 

25$, with each Bitcoin valued slightly more than zero dollars. Some seven years later, in late 2017, 

Bitcoin’s price was at its all time peak of $18 000 USD.  As of now, April 12, 2018, those 10 000BC 

have a value of more than $76 million, with each Bitcoin valued at $7600.  Over the last year alone 

Bitcoin’s market capitalization has increased 7 times, currently standing at $129 billion. This data 

shows one of the reasons the Bitcoin market has attracted so much attention. 

With the increasing popularity of Bitcoin the amount of academic research about Bitcoin has also 

increased. Some researchers focused on the behavioral aspects of Bitcoin purchases. Others 

speculated whether Bitcoin market is a bubble that is about to pop, and tried to understand what is 

the fundamental value behind its price. Bitcoin has been compared to both money and financial 

assets, as it has characteristics from both. Another big chunk of Bitcoin literature focuses on the 

impact Bitcoin has on financial markets, as well as on the exogenous factors affecting Bitcoin. 

Undoubtedly, Bitcoin is the most successful, prominent, and, perhaps, controversial cryptocurrency 

in the market, but it is by far not the only one. At the moment of writing this, there are 1568 

different cryptocurrencies, traded on 10288 markets, with a total market capitalization of 

approximately $330 billion. Top 15 cryptocurrencies make up 85-90% of the total market cap, with 

Bitcoin alone comprising 43% of it. Other cryptocurrencies, collectively known as altcoin, have not 

received as much attention as Bitcoin has, and the relationship between them is unclear. It is 
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important to point out that each cryptocurrency is different from Bitcoin, with its own advantages 

and disadvantages. So, is Bitcoin the “leader” for altcoin and determines the overall movements in 

the cryptocurrency market, or are they substitute for Bitcoin, being unaffected by Bitcoin or even 

moving in the opposite directions. Historical evidence shows that it depends on the time period and 

cryptocurrency. When Bitcoin prices surge, it may either increase market confidence and take 

altcoins along, or suppress them. Likewise, when Bitcoin stagnates, it can either cause stagnation in 

others, as investors are unsure of the market’s direction, or make them boom, as happened in late 

2017/early 2018. On the graph below we can see that in the abovementioned period, altcoins’ 

market cap increased, while Bitcoin’s sunk. 

Figure 1: Historical market capitalization of cryptocurrencies. (taken from coin.dance) 

 

 

 

Figure 2: Current market cap of cryptocurrencies. 
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To try to understand the relationship between them, I will develop models predicting the price 

returns of Bitcoin and Ethereum, the second largest altcoin. I will try to find differences and 

similarities in the way they respond to the explanatory variables, and their volatilities using the 

GARCH method. This paper consists of several sections. First, I will briefly explain the technology 

behind cryptocurrencies. Then, I will review the literature used for my research. Consequently, I 

will present the data and methodology for my model, followed by estimations and results. 

Motivation 
 

The Bitcoin market, as well as cryptocurrency market in general, is extremely volatile. The situation 

in the cryptomarket can change drastically within a month, let alone a year. Thus, academic papers 

may become obsolete and not practically relevant several months after their publication. Moreover, 

while Bitcoin gets increasingly more attention, other cryptocurrencies slip under the radar. They 

have only a small fraction of the research conducted for Bitcoin. Finally, there is no absolute model 



Capstone Thesis Arman Zhamharyan 

8 
 

predicting the price determinants of Bitcoin, and the relationship between Bitcoin and altcoin price 

movements. Perhaps there is even no model predicting the market, due to its speculative nature. My 

contribution in this paper is that I will keep the research up to date, try to define a relevant model, 

and compare the response of Bitcoin’s, and Ethereum’s, as a representative of other 

cryptocurrencies, to those variables. My methods will closely follow the best practices and 

recommendations identified in the reviewed literature. 

Technology behind Bitcoin: Blockchain 
 

For millennia people have used physical tokens as the medium of exchange. In this case the 

transaction occurs immediately, but the physical presence of both parties in the same location is 

required. However, in the last few decades digital transactions became extremely widespread. In the 

digital payment systems money is represented as a sequence of bits. For example, if Gor sends a 

money file to Anahit, the moment Anahit opens the file the money is transferred to her account. 

However, if Gor also sends money to Arman, there is a risk that he will send the same money file he 

had sent to Anahit, and in that case either Arman or Anahit, depending on who opens the file the 

last, will have no money received. This is called the double spending problem (Ólafsson, 2014). To 

avoid this problem an independent third party, like PayPal, must confirm the transactions. Yet, it is 

not always convenient to find a trusted third party, and even if there is one, they may charge high 

transaction costs. Payments with cryptocurrencies allow transactions to be validated without a third 

party, while avoiding double spending problem and transaction costs. This is what makes such 

payments so attractive to users. Exactly this was the motivation of the original publisher of the 

Bitcoin paper, a person or a group of programmers under the pseudonym Satoshi Nakamoto, who 

introduced the first cryptographic transaction system using a peer-to-peer distributed network 

(Nakamoto 2008). So how does the system work? 



Capstone Thesis Arman Zhamharyan 

9 
 

First, I will bring the definition of cryptocurrency.  Cryptocurrency is defined as “a digital asset 

designed to work as a medium of exchange using cryptography to secure the transactions and to 

control the creation of additional units of the currency” (Sovbetov 2018). Bitcoins are recorded as 

transactions, and each Bitcoin can be tracked back through its history. For example, Gor wants to 

send 1 Bitcoin to Anahit. Anahit can verify that Gor had received that 1 Bitcoin from Arman 

previously, and that Gor had not spent it and is, thus, able to pay her. When Gor publishes a message 

that he wants to sell his Bitcoin to Anahit, that message is encrypted with his private key, which is 

like a digital signature. The Bitcoin network identifies Gor and Anahit by their pubic keys, which 

are similar to account numbers (Böhme, et.al, 2015). 

As the system has no supervisors, it is up to the users to record and verify transactions. The users are 

encouraged to solve mathematical puzzles to record transactions and keep them updated. Such users, 

called miners, are awarded with newly “mined” Bitcoins, as well as small transaction fees. The user 

who first solves the puzzle will record the transaction and receive a reward. Thus, the higher 

computational power of miners’ computers, the more probable they are to record transactions and 

earn Bitcoins. Once a transaction is recorded, it is published in a “block”, which contains a proof-of-

work that the puzzle was solved. Each block is built upon the previous one, and contains the data on 

all the new transactions that happened after the solving of the last puzzle. After other users confirm 

that the solution is correct, they start working on a new block. In this way a chain of blocks, 

blockchain, is created, which ensures the chronological order of all the blocks and, thus, 

transactions. As the verification process takes approximately 10 minutes, and the system may 

require up to 6 verifications, a delay of up to an hour may be created until the transaction is 

validated. 

The supply of Bitcoins is limited by Satoshi to 21 million, and it is predicted to reach the limit by 

2035 (Berentsen, 2018). As the reward for miners approaches to zero as the number of Bitcoins 
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increases, more and more transactions include fees. These fees are, nevertheless, much less than 

those of banks or other conventional third parties. But as mathematical puzzles become harder, a 

higher computational capacity will be required to solve them, and thus miners will face a higher 

electricity cost. This is likely to drive up the transaction fees over time (Böhme, et.al, 2015). 

Bitcoin has a number of unique characteristics. First, it is decentralized and is not regulated by 

anything other than its underlying software. It does not require a verification of users’ identity, thus 

increasing privacy. Users can additionally ensure their privacy by using mixers for a small fee, 

which will make their transactions’ history untraceable. Bitcoin has no bans on sales of certain 

goods, even illegal ones. And finally, its transactions are irreversible, which is done to keep the 

system simple, despite causing potential problems for users (Böhme, et.al, 2015.) Although some of 

these characteristics gave incentives for conducting illegal transactions, cryptocurrencies are being 

used in a number of other ways. They can serve as a medium of exchange, especially for currency; 

digital wallets, financial investments, and other purposes. More and more countries and companies 

start accepting cryptocurrencies. Coincidentally, exactly today, April 12, 2018, a Spanish bank 

Santander launched first banking blockchain retail payments application. 

Ethereum is similar to Bitcoin in its underlying technology. It uses the same, although slightly 

modified, version of Nakamoto’s original system. Its main advantage over Bitcoin is that transaction 

verification time is 15 seconds, compared to 10 minutes in Bitcoin, and the median fee is just $0.33, 

compared to $23 for Bitcoin. Ethereum was created as a platform for smart contracts. Without going 

into technical details, smart contracts with Ethereum’s cryptographic code offer more flexibility and 

convenience in transactions between users, as compared to transaction done through the Bitcoin 

system. 
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The system of Ethereum went live on early August 2015. In 2016 the community decided to hard-

fork the system. Hard-fork happens when the developers decide to apply such changes to the system 

so that the old and new versions become incompatible. As a result Ethereum divided into two 

separate cryptocurrencies. The new one retained the name Ethereum (ETH), while the old system 

became known as Ethereum Classic (ETC). In this paper I take the new version of Ethereum (ETH).  

Literature review 
The number of academic studies on Bitcoin has increased significantly over the last two years. The 

volatile and unpredictable nature of the market, as well as its increasing potential impact not only on 

individual users and businesses, but also countries and international relations, put Bitcoin in the 

centre of much attention. Here I describe some of the recent academic researches on Bitcoin, with 

the full list of used literature being at the end of this paper. 

The first paper I review here aims to explore Bitcoin’s price determinants using Bayesian structural 

time series (Poyser, 2017). The author divides cryptocurrency price determinants into two groups: 

internal and external. Internal factors are associated with supply and demand, and include 

transaction costs, reward systems, computational power for mining, and rules of the system. 

External factors are attractiveness (popularity, trend), macro-financial factors ( exchange rates, oil 

and gold prices, stock markets, interest rates, expectations), and political (adoptions or bans of 

cryptocurrency usage by countries). His estimations show that Bitcoin price is negatively related to 

CNY/USD rate, sentiments, and gold price, and positively with USD/EUR rate, attractiveness, and 

stock indexes. He concludes that Bitcoin is highly speculative. 

 

Several papers compared Bitcoin to money or financial assets. One such paper compared it to gold 

and USD (Dyhrberg, 2015). She chooses USD/EUR and USD/GBP rates, gold cash and futures 
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rates, FTSE index, and the Federal funds rate. She found that Bitcoin has similarities with both gold 

and USD, as similar to them, Bitcoin can be used in risk management, reacts to similar exogenous 

variables, has hedging capabilities, and shows symmetrical response to good and bad news. 

Dyhrberg concludes that Bitcoin can be used for portfolio management. Another paper suggests that 

its extraordinary volatility is the main obstacle for Bitcoin becoming an alternative to fiat money 

(Cermak, 2017).  The author builds a GARCH model with macroeconomic variables (exchange 

rates, government bonds, stock indexes) of the countries where Bitcoin is traded the most (USA, 

China, EU countries, Japan), and shows that Bitcoin shows statistical dependence from the 

economies of these countries. He concludes that without a centralized regulation, Bitcoin will 

remain volatile and will not be able to become money.  

  

In his paper Schut discusses how the changes in Bitcoin market change it as an investment tool 

(Schut, 2017). He included trading volume, three proxies for economic uncertainty (VIX, EPUI, 

CCI), a number of US macroeconomic variables, and exchange rates of USD with 8 different 

currencies, to build three models. S&P500 was the only variable that was significant in all of them, 

with other variables’ significance varying between models. He concludes that due to maturity of 

Bitcoin, its prices start to reflect the overall economy of the USA, making it more predictable, and 

thus more feasible as a financial asset. 

Another big part of literature focuses on Bitcoin price volatility and price determinants. In his paper 

Julio Estrada finds that Bitcoin volatility and VIX show bidirectional Granger-causality, and that 

Bitcoin prices depend on Blockchain trends and S&P 500 (Estrada, 2017). In yet another paper 

Katsiampa finds that the best model is AR-GARCH model, as it emphasizes both short-run and 

long-run components (Katsiampa, 2017). In a similar paper, the best GARCH models for analyzing 

cryptocurrencies are found to be IGARCH and GJRGARCH (Chu et al., 2017). 
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In the paper by Giaglis et al., it is concluded that Bitcoin prices show correlation with Wikipedia 

search inquires, mining difficulty (technically known as hash rate), and USD/EUR rate in the short 

run, while with Bitcoin supply and S&P500 index in the long run (Giaglis et al., 2015). 

The last paper reviewed, which is the latest published from those reviewed, trading volume, 

volatility, and market beta are found to have a statistically significant effect on cryptocurrencies’ 

prices in the short-run, while attractiveness and S&P 500 shows correlation in the long-run 

(Sovbetov, 2018). 

Looking through literature made it clear that different papers show different results on the same 

subject, oftentimes using the same explanatory variables. This may be explained by rapidly evolving 

cryptocurrency market, as researches done at different time points give different outcomes. This is 

one of the reasons why it is important to keep the academic studies up-to-date, which I aim to 

achieve with this paper. I will incorporate different aspects from the reviewed literature in building 

my model.  

Data and Methodology 

Data description  

The paper covers the period from August 7, 2015 to April 4, 2018, making the total number of 

observations equal to 972. Although the data for most of my variables spans over many years, the 

starting point is chosen to be August 7, 2015   based on the first available data on Ethereum, so as to 

keep the number of observations for all variables equal. The endpoint data is simply the date when I 

collected my data. 

My first dependent variable is the price of Bitcoins in USD. The price is the opening daily price 

taken from the biggest trading markets such as Bitfinex and Bitfinance, which together comprise 

almost 10% of the trade. Although the prices of the biggest markets have more weight, the price 
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taken is the average of several leading markets. This is a useful way of calculating given 

considerable disparities in prices on different markets. The data is downloaded from coinmetrics.io, 

which takes the information from coinmarketcap.com as its source. 

The dependent variable from my other model is exchange rate of Ethereum to USD, i.e. the price of 

Ethereum. Much like its Bitcoin counterpart, it is the daily opening price calculated in the same way 

and is taken from the biggest Ethereum trading markets, such as Bitfinex and OKEx. The data is 

retrieved from the same source. 

According to the definitions given above, my other variables are among external macro-financial 

cryptocurrency price determinants. Thus, I omit many important variables, like search trends, 

transaction fees, hash rates, sentiments, and regulations to keep my model relatively simple.   

Next I have two exchange rates of USD, first to Euro (EUR) and then to Chinese Yuan (CNY). The 

theoretical research shows that the areas that have the most trade in cryptocurrency market after the 

USA are the European countries and China. This is the reason why I chose exactly these two rates. 

The data is retrieved from investing.com. 

Further I have several stock indexes. All of them are downloaded from investing.com. First index is 

Standard and Poor’s 500, or simply S&P, which is an American stock market index. It is calculated 

on the basis of the 500 large companies that have their stocks listed on NASDAQ or NYSE.  The 

second is the Dow Jones Industrial Average. Dow is calculated based on the trade of stocks of 30 

large publicly owned US based companies. The two indexes together reflect the overall economy of 

USA, the biggest market for cryptocurrencies. 

Following the logic, I took three other stock indexes of other countries. First is the Financial Times 

Stock Exchange 100 Index, or FTSE. The share index incorporates 100 firms with the highest 

market capitalization listed in London Stock Exchange. The index can be a good proxy for the 
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European economy. Second is the Shanghai Stock Exchange Composite index, or SSE Index. The 

index is a weighted composite price index of all the stocks traded in the eponymous stock exchange, 

and is calculated using Paasche formula. Finally I took the Nikkei 225 Index. As the name suggests, 

it is a price-weighted index with 225 constituents whose stocks are traded in Tokyo Stock Exchange. 

SSE and Nikkei 225 are estimates for the Chinese and Japanese economies respectively. As both 

these countries are among the top cryptocurrency trading countries, I consider them relevant. 

My eighth independent variable is the West Texas Intermediate (WTI) crude oil daily price per 

barrel in USD. The data is taken from fred.stlouisfed.com. As USA is the largest oil consuming 

country, oil prices of a company that produces domestically consumed oil are a good indicator. 

Historical evidence shows that there is usually a correlation between oil and stock prices and 

economic activity. 

The next variable is the gold price per troy ounce (31.2g) in USD. The data is retrieved from 

gold.org. Gold is a well-known and established financial asset, often used for hedging.  

Further, I have two variables which are proxies for economic uncertainty. First is the Chicago Board 

Options Exchange Volatility Index (CBOE VIX), which is a measure of the S&P 500 30 day index 

options volatility. Informally VIX is referred to as fear index. The second is the Economic Policy 

Uncertainty Index (EPUI) for USA. It incorporates media coverage on policy-related events, 

disagreements about economic forecast, and federal tax code provisions. Both variables’ data is 

daily and taken from investing.com. 

My last variable is the Cyber 15 Index. The index is computed by me, incorporates the first 15 

cryptocurrencies by market capitalization and is the sum of their weighted prices. The index will 

show the overall movement in cryptocurrencies prices. As the first 15 cryptocurrencies make up 

more than 90% of the market, it is a pretty accurate estimator. Data is taken from coinmetrics.io. 
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The data on most of the explanatory variables had no values for weekends and other holidays, while 

the data for Bitcoin and Ethereum prices comprises all days of the week and had no breaks in-

between. To align my data, I filled the missing values of those variables, using the values of the 

previous known day. This may have caused a slight distortion in the data.  

In my model I will use the returns on the variables. Returns are calculated by taking the natural 

logarithm of the numerical value, and taking the difference with the previous period. This is just a 

way to measure the change from one period to another. The descriptive statistics of the data can be 

found in the Appendix. It is noteworthy that Ethereum returns have both a higher mean and standard 

deviation as compared to Bitcoin, meaning that on average they had higher returns, but were more 

volatile.  

After doing the literature review, I find it hard to form any expectations about any given variable, as 

the results tend to differ in different papers. Nevertheless, I expect that these variables will describe 

Bitcoin better than Ethereum, for Bitcoin is a more mature cryptocurrency and will thus respond 

more to the variables that usually affect financial assets. 

Methodology 

My models will have the following form: 
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As one can see, all variables have ret at the end of each variable, which stands for returns. As 

described above, it simply indicates that the variables are not in level form, but in percentage 

changes. The two models are completely identical except for the dependent variables, which are the 

Bitcoin and Ethereum returns in the first and second models respectively. As it will turn out, these 

models give poor results, therefore new models will be suggested later. The explanatory variables 

stand for S&P 500 index, Dow Jones index, FTSE 100 index, SSE index, Nikkei 225 index, oil price 

per barrel in USD, USD/EUR rate, USD/CNY rate, gold price per ounce in USD, Cyber15 index, 

VIX, and EPUI. 

The model I will use in this paper is the generalized autoregressive conditional heteroskedasticity 

model, i.e. GARCH. The model is an extension of the ARCH model, which was first developed by 

Robert Engle in 1982. In the standard model of OLS one of the assumptions is that of constant 

variance for any given values of explanatory variables, in other words we assume homoscedasticity. 

However, in reality our data is often heteroscedastic, which will cause our estimators from 

regressions be, albeit still unbiased, not correct. To be more specific the coefficients’ standard errors 

will usually appear smaller, and this will create a false perception of precision. The Gauss-Markov 

assumptions, thus, do not hold. For ARCH models, heteroskedasticity is a necessary condition, and 

it does not only correct OLS results, but also allows making predictions on heteroscedastic models. 

According to ARCH model the volatility can be estimated with more precision if we take into 

account the data on previous periods. In other words, volatility is conditional on the volatility of 

previous periods: hence its name. Before ARCH it is useful to understand the Autoregressive 

Moving Average model (ARMA) model. 

For building the model we need 2 equations: mean equation and variance equation. Both of these 

must be estimated simultaneously. For ARCH (1) the mean and variance equations have the 

following form: 
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The error variance equation of ARCH has the following general form:  

 

where p is the number of lags of squared residuals taken into account, and ε is the residual of the 

given periods. p is the AR component, and is written as ARCH (p). We also need the coefficients to 

be positive to ensure positive variance, and their sum to be less than 1, so as the series does not 

explode. 

To incorporate the variance of the previous periods as well, we need the GARCH model. A useful 

parametrization of ARCH model, it was introduced by Engle’s student, Tim Bollerslev, in 1986. The 

general form of the conditional variance equation is as follows: 

 

where q is the number of lags of variances we take into account. 

 

What is of interest is the sum of all α-s and β-s, which shows how long does it take for large 

volatilities to decay. In other words, GARCH model shows the time-varying volatility clustering. 

Volatility clustering is defined as a period of large volatilities after large volatilities, or small 

volatilities after small volatilities. Volatility clustering also means that the residuals are 
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conditionally heteroscedastic. After having the mean and variance equation, we can add explanatory 

variables as in the case of OLS method. 

Estimation and Results 
 

When dealing with time-series it is crucial to be sure that the data is stationary. Stationary data has 

the following statistical properties:

 

If the data in non-stationary we may have a spurious regression, i.e. we obtain significant regression 

results from unrelated data. Non-stationarity may also cause the data to “explode”. In order to check 

my variables for stationarity I use the Augmented Dickey-Fuller tests. The results show that neither 

of our variables is non-stationary, so I proceed to the next step. The table with the tests can be found 

in the Appendix. The reason they are stationary, which is usually not the case with financial time-

series data, is that I have already made the transformation of my level data to the percentage change, 

which would remove non-stationarity. 

My initial models, in the way they are depicted in the methodology section, turned out to be poor 

models, as all but one variables were insignificant, and the models gave bad predictions.  The 

preliminary results can be found in the Appendix. Consequently, I experimented with different 

models and came up with two other models that are more refined. The lags on explanatory variables 

were chosen by trial-and-error, so as to achieve the highest significance. I should mention that the 
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significance of the variables I speak of is the one from the GARCH models, not OLS. I will first 

show the model for Bitcoin, and then the one for Ethereum, with all the steps I have done. 

The new Bitcoin model and its OLS regression can be found below. 

  

Table 1: OLS of the model for bret. 

 

Before moving forward I will perform the Breusch-Godfrey test for autocorrelation for the first 25 

lags. The results are as follows:  

Table 2: Breusch-Godfrey test for autocorrelation of bret. 
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As we can see, we fail to reject the null hypothesis that there is no serial correlation for the first five 

lags, which means the data is not autocorrelated. However, after that all the lags are autocorrelated. 

This means that an ARMA model will be a better one.  

To build the ARIMA model I first need to identify the AR and MA components. To get the order of 

AR I draw the partial autocorrelation function (PACF), and for the order of MA I draw the 

autocorrelation function (ACF). 

Figure 3: PACF and ACF of bret.   
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Both graphs show that lags 19 and 20 are significant. Nevertheless, running several models with 

different orders of p and q showed that ARMA (2, 2) is appropriate. Although it does not have the 

lowest AIC or BIC, but, if considered together, that model has the lowest numbers. In other words, 
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there are models that have lower AIC, but much higher BIC, or lower BIC, but much higher AIC. 

This model has both pretty low. What regards the p-values of the variables, it makes little sense 

choosing the models based on them, especially if they are used not only for explanation, but also 

prediction (Shmueli, 2010).  Thus, I estimate ARIMA (2, 0, and 2) model.  

Table 3: ARIMA model for Bitcoin returns. 

 

In order to understand if this model has any issues I use the Portmanteau test for white noise. For 

doing that I need to predict the residuals, denoted as arhat, and generate arhat2.The test will show if 

there is an autocorrelation between squared residuals. In order to determine the appropriate lag of 
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the Ljung-Box test, I take ln (n) as the order, which is a common practice. In this case n is 972, 

which gives the value of lags of 7. 

Table 4: White noise test of squared residuals. 

 

 

As we can see, we reject the null hypothesis that there is no serial correlation, meaning there is one. 

This implies that there is an ARCH effect. To be sure, I will also check for an ARCH effect by 

regressing the squared error on its lag. 

    Table 5: ARCH effect testing. 

 

 

 

As the lag is statistically significant and larger than 0, there is an ARCH effect. Now I can be sure 

there is an ARCH effect, and will determine the orders of GARCH. The AR order will be 

determined by the PACF of the squared residuals. 
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Figure 4: PACF of the squared residuals. 

 

The first lag is by far the most significant, so I will take it as the order. Numerous sources suggest 

that GARCH (1, 1) is the best model, so I will follow the common advice. The fact that I got the p 

order 1 further proves that it is the case. Not shown here, but ACF of the squared residuals also gave 

order of 1 as the most significant. Thus the model to be estimated is GARCH (1, 1). The decision 

was further proved to be correct by checking different models and comparing AIC and BIC. Here 

are the results. 

Table 6: AR-GARCH model for Bitcoin price returns. 

-0
.1

0
0
.0

0
0
.1

0
0
.2

0

P
a
rt

ia
l 
a
u

to
c
o
rr

e
la

ti
o
n
s
 o

f 
a

rh
a

t2

0 10 20 30 40
Lag

95% Confidence bands [se = 1/sqrt(n)]



Capstone Thesis Arman Zhamharyan 

26 
 

 

 

 

 

Unfortunately, the sum of coefficients in ARCH is more than one, which shows non-stationarity. To 

overcome the issue, I set a constraint on the ARCH coefficients so that they are less than 1 (I set the 

constraint to be equal to 0.99 to be more precise), which makes the model Integrated GARCH 

(IGARCH). The new table is below. 
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Table 7: AR-IGARCH model for Bitcoin price returns. 

 

 

 

To further refine my model, I have decided to include vixt-1 and usepuit-10 in the variance equation. 

This will show whether variance of those variables affects the variance of Bitcoin returns. 

Table 8: AR-IGARCH model with modified variance equation for bret. 
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Finally, I check the autocorrelation of errors of this model. For this I generate the residuals and 

variance of the model, and calculate standardized squared errors. Afterwards, I use Ljung-Box test. 

Table 9: White noise test for squared errors. 

 

We fail to reject that there is no serial correlation, meaning there is no autocorrelation. Now I predict 

the returns with this model. Here is the graph of predicted returns, together with the graph of actual 
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returns. As we can see, predicted and actual returns have much in common. Although they have less 

magnitude, the areas of volatilities mostly coincide. 

Figure 5: Predicted and realized Bitcoin price returns.  
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Now I will do exactly the same steps to make a model for Ethereum. As in the case with Bitcoin, the 

initial model with all variables included was a poor one, so I came up with a new one. The new 

model and the OLS regression results are given below. 

                   

Table 10: OLS of the model for eret. 

 

 

Afterwards, I run the Breusch-Godfrey test for autocorrelation.  

Table 11: Breusch-Godfrey LM test for autocorrelation of eret. 
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As can be seen, there are several lags significant at 10%. Thus, there is an apparent need in ARMA 

model. Again, to determine the orders, I use PACF and ACF. 

Figure 5: PACF and ACF of eret. 
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Here in both graphs the first lag is almost significant at 95% confidence interval, and is significant at 

90%. Thus, the model chosen is ARMA (1, 1). 

Table 12: ARIMA model for Ethereum price returns. 
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Further, I check for the fitted model using the Ljung-Box test. In other words I test for the white 

noise of the squared errors. 

Table 13: Portmanteau test for white noise.  

 

The lag is again chosen by taking a natural log of n. The test suggests that there is an 

autocorrelation, and, consequently, an ARCH effect. Despite PACF and ACF suggesting taking 

GARCH (2, 7) model, I choose GARCH (1, 1), as it has much lower AIC and BIC. This may be 

explained by the fact that in both graphs the first graph is much more significant compared to the 

following lags. 
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Figure 6: PACF and ACF of squared residuals of the ARIMA model. 
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The resulting GARCH model is stationary, as the sum of coefficients does not exceed 1.  

Table 14: AR-GARCH model for Ethereum price returns. 

 

 

This model is not a particularly good one, as ARMA coefficients are insignificant. I was able solve 

this by adding several variables to the variance equation. The variables are vix and usepeui at lag 10 

and oil returns. Moreover, having the 19th and 20th lags of eret in the model is another refinement I 

came up to by numerous experimentations, and it significantly improves the overall model. 
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Table 15: A refined AR-GARCH model for Ethereum. 
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As the final step, I check the model for autocorrelation in errors. First, I calculate the standardized 

errors, and then run a White noise test on standard squared errors. 

Table 16: White noise test for squared errors. 

 

We fail to reject that there is no serial correlation, which means the model fits well. 

Now I can predict Ethereum returns. 

Figure 7: Predicted and realized Ethereum price returns. 
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Results  

The table below shows the final results for both models. First, a lagged increase in VIX is positively 

correlated with both cryptocurrencies. This makes sense, as when investors become more fearful 

about traditional financial assets they resort to alternatives like cryptocurrencies, driving their 

demand and prices up. For similar reasons, S&P and SSE indexes are negatively correlated, meaning 

when the companies perform poorly, BTC and ETH appreciate, possibly due to increased demand. It 

is noteworthy that Nikkei index is positively correlated, which may indicate that BTC is perceived 

as a more trusted traditional financial asset in Japan. Another reason can be an increase in online 

shopping, and especially imports, in Japan when its economy performs well, which drives up 

Bitcoin’s prices, as it is widely used online. Moving forward, the USD/Yuan exchange rate is 

positively correlated with BTC. This means that when the Yuan appreciates, Chinese imports 

increase, and, as in the case with Japan, they are largely done online and often through BTC, which 

moves up its price. This also shows that BTC can be used in hedging against the dollar. Conversely, 
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this exchange rate is negatively correlated with ETH. A possible explanation is that an increase in 

the rate means a depreciation for USD, which results in a reduction of money transfers done through 

ETH and reduces its prices. This may also mean that ETH is not used as much for online shopping 

as BTC. Gold returns have a positive coefficient for BTC, indicating that, much like gold, BTC is 

used for diversification and hedging. It is probably not the case for ETH though, as gold returns 

were insignificant for it. Oil returns are negatively correlated with BTC, possible indicating that, 

again, as the economy becomes more or less stable due to increases or decreases in oil prices, BTC 

prices move in the opposite direction, further showing its uses as a hedging tool. Another important 

finding is that both have Cyber 15 index returns significantly and positively correlated. This 

indicates that when cryptocurrency market performs well and appreciates, both of them move with 

the market. This is further supported by my observations of the market during the last 2 months. I 

have been checking the daily behavior of the top 50 cryptocurrencies, and, save for a couple of 

outliers, they all either were increasing or decreasing in their prices on a given day. Yet, it does not 

show if BTC follows the market, or the other way around. 

Further, some ETH lags, chosen by ETH returns’ PACF plot, show positive correlation. Both 

currencies show significant ARCH effects, meaning they have low convergence to long-term 

equilibrium, and persistent shock effects. The variance equation shows that oil returns’ volatility 

significantly affects ETH returns’ volatility, meaning that Ethereum’s risk moves together with the 

panic caused by volatile oil prices. Finally, positive volatility shocks in VIX cause a decrease in 

BTC returns variance, which indicates that BTC is considered a safe asset, and an increase in ETH 

variance. Visual tests for predicting power of the models show that despite not being quite accurate, 

the models succeed in predicting the main volatility periods. 
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Conclusion 
Introduced to the world in 2008, Bitcoin revolutionized the digital currency market. Having no 

intrinsic value, cryptocurrency market currently has a market capitalization of more than $300 

billion. What made Bitcoin so popular are its deregulated nature, lack of necessity of a third party to 

verify transaction, relatively low transaction fees, and its speculative characteristics. Numerous 

cryptocurrencies emerged after the initial success of Bitcoin, the biggest of which after Bitcoin is 

Ethereum. Having practically the same technology behind them, they are far from being the same. 

This paper analyzed the impact of a number of macro-financial variables on Bitcoin’s and 

Ethereum’s prices. In spite of not being explained by a single model, there are some variables, like 

VIX, SSE index and Cyber15 index that are not only significant for both, but have the same signs. 

The results give some evidence that Bitcoin is also used for diversification and hedging, which is not 

observed for Ethereum. It would be useful to make similar models for more altcoins in the future, so 

as to have a better understanding behind the driving forces of the cryptocurrency market.  

 

 

 

 

 

 

 

Table 17: GARCH models for Bitcoin and Ethereum. 
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Appendix 

 

Table 18: Descriptive statistics 

 

 

 Table 19: Dickey-Fuller tests for all the variables 

  Z 1% 5% 10% 

bret -30,526 -3,43 -2,86 -2,57 

eret -34,336 -3,43 -2,86 -2,57 

spret -32,056 -3,43 -2,86 -2,57 

djret -31,889 -3,43 -2,86 -2,57 

sseret -31,221 -3,43 -2,86 -2,57 

nikret -32,628 -3,43 -2,86 -2,57 

ftseret -32,371 -3,43 -2,86 -2,57 

ueret -31,913 -3,43 -2,86 -2,57 

uyret -28,856 -3,43 -2,86 -2,57 

oilret -31,703 -3,43 -2,86 -2,57 

goldret -31,912 -3,43 -2,86 -2,57 

cybret -29,677 -3,43 -2,86 -2,57 

vixret -32,068 -3,43 -2,86 -2,57 

epuiret -45,818 -3,43 -2,86 -2,57 

 

 

Table 20: Preliminary results 
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