
 

 

 

 

 

  

Bitcoin   

A study on the determinants of the Bitcoin 

price development. 

 

  

Bachelor thesis 

Author: Fabio Crivellaro & Jana Spaans 

Supervisor: Magnus Willeson 

Examiner: Håkan Locking 

Term: VT19 

Subject: Finance 

Level: Bachelor 

Course code: 2FE34E 

 



 

Abstract 

 

Bitcoin is a new evolutionary development within the internet and payment system. 

Its price has a high volatile nature what brings a lot of attention to this cryptocurrency. 

This paper investigates the price formation of the Bitcoin by looking at three 

determinants: speculative position, transaction volume and the utility users obtain 

from joining the network. To see the correlation between these determinants and the 

influence it has on the Bitcoin price a multiple regression model has been built over 

the time period from 2017 to 2019.  The model shows that the effect of speculation is 

heavier than any other variable, reflecting the uncertainty brought by the sensible 

sentiment of speculators and users. 
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1 Introduction 

 

1.1 Background 

The payment system fulfils an important function in the national economy, it keeps 

the world working and it’s a critical part of maintaining stability and order. In the 

payment system money is a crucial aspect, it’s a social institution that must fulfil three 

purposes: it must work as a medium of exchange, a unit of account and as a store of 

value.  

In order to be defined as money the currency must work as a medium of exchange. 

The currency works as an intermediate by the exchange of goods and services. A 

trader accepts currency in exchange for goods because he knows that the currency can 

be exchanged for other goods or services. To work as a medium of exchange the 

currency needs to be commonly accepted and should be perceived as a valuable 

owning. A currency acts as a measurement to value goods, this is where it fulfils the 

function of working as a unit of account. A currency should be homogeneous, whereas 

different coins with the same value should be interchangeable. The last function a 

currency needs to fulfil is that it must work as a store of value. In order to store 

currency it needs to approximately keep its value until it will be used again.  

When people think about currencies, traditional currencies come to mind, like US 

Dollars, the Euro and Swedish Kronar. All these currencies satisfy the three qualities 

that currencies must fulfil and are dependent on central banks. But the payment 

system is always developing, and still is with the emerge of decentralised ledger 

technology (DLT), or in other words cryptocurrencies. (Claeys, Demertzis, & 

Efstathiou, 2018) Cryptocurrencies are transferable digital assets, whose main 

purpose is to be a medium of exchange. There are different kind of cryptocurrencies, 

like Bitcoin, Litecoin, Ripple, etc. This paper will focus on the Bitcoin.  

Bitcoin is a completely decentralised network that was introduced back in 2009 by 

the person or group who uses the pseudonym Satoshi Nakamoto. It is a peer-to-peer 

transaction network: a computer networking architecture where every peer act as a 
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server for others (Nakamoto, 2008). Bitcoins are directly transferred from person to 

person via the net, without going through a bank.  

The Bitcoin was created to give a solution for the double-spending problem that led 

to an increasing mistrust in financial institutions, who do serve as a third party in the 

electronical payment system. The double-spending problem arose with the invention 

of electronical payment systems. The problem simply means that the same digital 

currency can be spent more than once. This can occur when one makes two 

transactions at the same time. The solution Bitcoin created is the usage of blockchains. 

Blockchains are public ledgers who record every single transaction on an ever-

expanding record. These transactions must be validated by “miners” in order to 

become legitimate and added to the blockchain. The job of the miners is to verify the 

transactions and to secure the network, for doing this they are rewarded with newly-

created Bitcoins and transaction fees. Every ten minutes a new block is added to the 

blockchain with a new group of transactions. By timestamping groups of transactions 

and then broadcasting them to all the nodes in the Bitcoin network, the double 

spending problem is solved. (Chohan, 2017) 

When the Bitcoin was introduced in 2009, the value of one Bitcoin was close to zero 

and it stayed that way for a few years. The real fluctuations started in 2013, when the 

Bitcoin got a sudden “explosion” with extremely high volatility in exchange rate. In 

that year, it hit its first peak of 1,151 USD. The Bitcoin became very popular in the 

beginning of 2017 and grew rapidly with its highest hit of 19,499 USD in December. 

The high volatility of Bitcoin is still a big problem, compared to the volatility of gold 

Bitcoin’s volatility is still three times higher. (Bolt & van Oordt, 2019) 

Bitcoin has a fixed supply of 21 million units, what is expected to be achieved in the 

year 2140. It’s current supply amount to approximately 17.6 million units (in April 

2019). Bitcoin usage is limited but rising: from around 20,000 daily transactions in 

2012 to 70,000 transactions in 2014 to approximately 350,000 daily transactions in 

April 2019. But the supply of Bitcoin does not match the quantity demand, which 

results in volatility. The high volatility prevents Bitcoin to function as a good store of 

value. Which limits their adaption and keeps the network of users small, thus reduces 
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their role as medium of exchange and as units of accounts. (Claeys, Demertzis, & 

Efstathiou, 2018) 

1.2 Purpose 

For users and traders it is of great importance to study volatility dynamics in 

cryptocurrency markets to improve their understanding about the cryptocurrency they 

trade in and to know the risks. The purpose of this paper is therefore to investigate 

the determinants of the Bitcoin price. The focus will rely on speculators behaviour (or 

simply said, speculation) and on the users´ expectation.  

This thesis will therefore focus on the following questions: 

• What is the role of speculators’ behavior on the Bitcoin price? 

• Can the Bitcoin be affected by users’ expectations? 

1.3 Restrictions  

This paper will focus on one specific cryptocurrencies, which is Bitcoin. The reason 

of this decision is that the Bitcoin currently is the biggest cryptocurrency and much 

more accessible data and information will be available.   

1.4 Disposition 

To answer the main question this thesis starts with a literature review about the 

volatility of cryptocurrencies. In chapter three the methodology used to investigate 

the determinants of volatility is explained. Chapter four shows and explains the 

regression model that has been used for the analysis.  The results of the model used 

are shown and discussed in chapter four. The thesis will end with a conclusion were 

the main question will be answered.  
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2 Literature review 

This chapter provides a literature review about the high volatile nature of 

cryptocurrencies  

The highly emerged popularity on cryptocurrencies has not only drawn attention to 

the public but also to academic writers. Several academics have a topic of interest in 

the price discovery process of Bitcoin and its price determinants. This chapter will 

analyse different academical literature about the price process and its determinants. 

Kasempa (2018) investigated the volatility dynamics in the cryptocurrency market. 

The results demonstrate that the conditional volatility shows an effect between good 

and bad news. Big news, like the banning of the Bitcoin in China had an important 

impact on the price volatility on cryptocurrencies. The study of Dyhrberg (2015), with 

the use of a GARCH model, shows that Bitcoin reacts symmetrically to news as gold 

does. But not only news has an impact on the volatility, also search queries. 

Kristoufek (2013), Panagiotidis et al. (2018) and Georgoula et al. (2015) showed that 

Bitcoin’s search queries and price are connected. The amount of Wikipedia search 

queries and the hash rate have a positive impact on the Bitcoin price, as well as the 

Twitter sentiment ratio.  

Ciaian et al (2016) has examined the drivers that determine the Bitcoin price. The 

study shows that supply and demand drivers have an important impact on the price 

formation. Especially the demand-side, with drivers like the size of the Bitcoin 

economy and the velocity. While Blau (2017) examined the relationship between 

cryptocurrency prices and the quantity, which showed that there is no direct link with 

speculative trading and the level of volatility.  

In the study of Brandvold et al. (2015) they examined the role of various exchanges 

in the price discovery process of Bitcoin. The study shows that Mt. Gox and Btce, 

one of the largest Bitcoin exchanges dominates the price discovery process. Mt. Gox 

dominated the price discovery process in the early parts but later Btce got a more 

important position as one of the most informative exchanges.  
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The rapid appreciation of the exchange rate and the high volatility are major concerns 

for the viability of Bitcoin’s use as a currency. Yermack (2013) compares Bitcoin’s 

historical trading behaviour to that of traditional currencies. The study shows that its 

volatility is greatly higher than the volatilities of traditional currencies. The daily 

exchange rate of Bitcoin shows zero correlation with traditional currencies and gold. 

Because of this Bitcoins appears to behave more like a highly speculative investment 

than a currency. While, the study of Dyhrberg (2015), who investigated the 

similarities between Bitcoin, gold and the dollar using the GARCH model, shows that 

Bitcoin has characteristics of functioning as a medium of exchange. Because it reacts 

to the federal funds rate it acts like a currency. But the overall results show that 

Bitcoin is somewhere between a commodity and a currency due to its decentralized 

nature.   

The volatile nature of Bitcoin has been studied by different academics but is still 

developing. Most papers lack a study about the economics behind the exchange rate 

and the link between speculative behaviour. Therefore, this paper will focus on the 

impact of the behaviour of speculators by analysing the exchange rate of virtual 

currencies and its key determinants.  
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3  Methodology  

The methodology used to carry out the research involves an economic framework to 

analyse the exchange rate of virtual currency and its key determinants (Bolt & van 

Oordt, 2019) 

3.1 Data  

The data used in this methodology are taken from different sources: The most 

important sources used are blockchain.info and coinmetrics.io, they provide a big 

effort on cryptocurrencies statistical research. Coinmetrics.io is used to get specific 

exchange rate data, while blockchain.info provided more general on Bitcoin. The time 

period is daily and is taken from May 2017 to May 2019. This period was chosen 

because of the lack of daily data on the period before 2017.  

3.2 Exchange rate 

An exchange rate can be defined as the price of one currency expressed in another 

currency (Hulleman, Marijs, & J, 2018). The exchange rate of Bitcoin is most 

commonly expressed in US dollars (BTC/USD). The exchange rate of Bitcoin can 

also be expressed against other cryptocurrencies, like the Ethereum (BTC/ETH). 

This paper will use the exchange rate of Bitcoin expressed in US dollars.  

3.3 Determinants 

Determinants are factors that affects the outcome of a substance. The determinants 

that are being analysed in this model are the transaction volume, the speculative 

position and the net utility users’ get from joining the Bitcoin network.  

3.3.1 Transaction volume 

The first determinant is the transaction volume. The transaction volume is defined as 

the number of Bitcoin transactions on a daily basis. The transaction volume of Bitcoin 

is measured by using the estimated number of Bitcoins sent over the Bitcoin network. 

(Lo & Wang, 2014) 
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3.3.2 Speculative position  

Speculating refers to the act of buying a financial transaction in the hope of making a 

profit by selling them in the future. Speculating on the value of currencies started in 

the early 1900s, when Fisher in 1911 argued that speculators can regulate the money 

supply by withdrawing money from circulation when betting on its future value. The 

model of Bolt and Van Oordt (2019) uses Fisher’s well-known quantity equation, that 

is,   

  𝑃𝑡𝑇𝑡 = 𝑉𝑡𝑀𝑡             (1) 

Where 𝑃𝑡  denotes the weighted average price, 𝑇𝑡 is the quantity of goods and services 

purchased with virtual currency, 𝑉𝑡 stands for the velocity and 𝑀𝑡 denotes the quantity 

of money defined as the number of units of the virtual currency. 

Inspired by Fisher’s quantity equation the model created a formula to analyse the 

exchange rate of virtual currencies. The exchange rate, which is denoted as 𝑆𝑡, can be 

calculated using the following formula: 

 𝑆𝑡 =
𝑇𝑡

∗∕𝑉𝑡
∗

𝑀𝑡−𝑍𝑡
                (2) 

This equation shows how the exchange rate of virtual currency responds to changes 

in the magnitude of the speculative position. Where 𝑍𝑡 is the number of units of virtual 

currency not used to settle the payment for goods and services, or in other words the 

speculative position in the virtual currency. The 𝑇𝑡
∗ ∕ 𝑉𝑡

∗ ratio reflects the value of 

virtual currency in terms of the established currency necessary to make payments. 𝑀𝑡 

denotes the quantity of money defined as the number of units of the virtual currency. 

The speculative position 𝑍𝑡 can be calculated as follows: 

𝑍𝑡 =  
𝑀 (𝑡+𝑠𝑖𝑥 𝑚𝑜𝑛𝑡ℎ𝑠)

𝐴𝑐𝑡𝑖𝑣𝑒 (𝑡+𝑠𝑖𝑥 𝑚𝑜𝑛𝑡ℎ𝑠)
   (3) 

The speculative position is calculated over the last six months where 𝐴𝑐𝑡𝑖𝑣𝑒𝑡 is the 

active number of Bitcoins and 𝑀𝑡 the cumulative number of Bitcoins or in other 

words, the total supply.  
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In equation (2) the ratio 𝑇𝑡
∗ ∕ 𝑉𝑡

∗ is exogenous, what turns equation (2) into an 

equilibrium condition. In an equilibrium condition supply equals demand, where the 

meeting point is called the equilibrium price. Figure 2 shows the equilibrium 

condition of equation (2). 

  

 

These graphs show the correlation between the virtual currency units and the 

exchange rate. The upward-sloping curve is equal to the supply calculated in equation 

(2) and the downward-sloping curve is equal to demand. The intersection between the 

two curves shows the equilibrium exchange rate (𝑆𝑡). It is at this point on the upward-

sloping curve that speculators don’t get further benefits from adjusting the speculation 

position.  

If speculators’ beliefs regarding the future value of the exchange rate is improving the 

downward-sloping curve will get an upward shift, this is shown in figure 2.  

 

 

 

 

 

Source: Bolt & van Oordt (2017) 

Figure 1: Equilibrium exchange rate for virtual currency 
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This graph shows how speculators expectation affects the exchange rate according to 

the amount of transaction volume. ∆𝑆ℎ denotes the high-transaction volume 

environment and ∆𝑆𝑙 the low-transaction-volume environment.  As shown in the 

graph the difference between ∆𝑆ℎ and ∆𝑆𝑙 shows a higher impact in the exchange rate 

after a shock in speculators’ beliefs during the early stage. 

To give a representation of this phenomena, graph number 3 that is shown below, 

gives an idea how the speculative position affects the Bitcoin price over time. The 

grey line denotes the Bitcoin price with speculation and the blue line assumes 

speculative position being absent. As clearly visible the gap between the two lines 

gives an idea of the high impact of the speculation position on the Bitcoin price.  

 

Source: Bolt & van Oordt (2017) 

Figure 2: Expectation effect of exchange 
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Figure 3: Bitcoin price with and without speculation  

 

3.3.3 Net utility users obtain from joining the Bitcoin network  

The model of Bolt and van Oordt (2019) uses a two-sided market theory to determine 

the equilibrium number of virtual currency users at time t + 1. The two-sided market 

theory consists of consumers (𝑐) on one side of the market and merchants (m) on the 

other side. If the Bitcoin has not been abandoned at t + 1, the model assumes that 

consumers and merchants obtain net utility from using the Bitcoin network. The net 

utility can be calculated by,   

𝑈𝑖 = 𝛼𝑖 𝑁𝑗 + 𝛽𝑖 − 𝑝𝑖 ,       𝑖, 𝑗 = 𝑐, 𝑚, 𝑖 ≠ 𝑗 (4) 

In equation (4), 𝛼𝑖 denotes the benefit that user i enjoys from transacting with each 

user on the other side. Baxter (1983), assumes that 𝛼 = 1 because users of the Bitcoin 

network are informed about Bitcoin acceptance. 𝑁𝑗 is the number of users from the 

other side who use the virtual currency network, 𝛽𝑖 is the fixed inherent membership 

benefit that users obtain from connecting to the network (Weyl, 2010) and 𝑝𝑖 is the 

”membership fee”. To define the amount of the membership fee for each type of users, 

as there is no data available, it was assumed. As Bolt and Van Oordt say, this fee was 

modelled as a lump-sum charge per user. According to that, the paper assumes it as a 
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multiplication between the amounts of consumers (or merchants) and the transaction 

cost that occurs whenever wants to open a Bitcoin wallet (the fee applied for the first 

time one charges it with new Bitcoins). 

 

 

 

  



 

12 

 

4 Regression  

In this chapter the multiple linear regression model will be described, with the terms 

and tests used to run the regression. The regression has been processed in the 

statistical program STATA. 

4.1 Multiple linear regression (OLS)  

The term regression was first introduced by Francis Galton, a regression model 

studies the dependence of one variable, the dependent variable, on one or more other 

variables, the independent variable, to estimate or to predict the mean or average 

value. (Gujarati & Porter, 2009) 

This research will use a multiple linear regression model. When it comes to estimate 

the correlation between one dependent variable and more independent variables, a 

multiple linear regression model estimated through ordinary least squares (OLS) is 

widely used. The regression is built according to the following formula:  

𝑌 =  𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3+….. + 𝛽𝑛𝑋𝑛 +  𝜖  (5) 

Where 𝑌 denotes the dependent variable, 𝑋 stands for the independent variables, 𝛽 is 

the predicted unknown parameters from the data set that is applied and  𝜖 is the 

model’s error term. The error term is used when the model does not fully represent 

the relationship between the dependent and independent variable, it will represent the 

amount at which the equation may differ during empirical analysis.  

Data analysed consist on time series. Time series is a set of observations on the values 

that a variable takes at different times (Gujarati & Porter, 2009). Most time series are 

used as a tool to forecast, but in this paper time series will be used to estimate the 

correlation between the variables. For a better understanding all the variable, both 

dependent and independents, are transformed using their natural logarithm. 

4.1.1 Dependent variable  

The dependent variable (𝑌) used in this paper is the Bitcoin price. The Bitcoin price 

has been taken over the period 2017 till 2019. 
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4.1.2 Independent variables  

The independent variables (𝑋) used in this paper are the transaction volume, the 

speculative position and the net utility of users for connecting to the network.  

Furthermore, as often occurs in time series analysis, the regression would be biased 

by the fact that the price at each day is highly affected by the closing price of the day 

before and therefore causing autocorrelation issues. To fix this, an additional 

independent variable is added to the model: the one-day-lagged version of the 

dependent variable. This method is often used when estimating the dynamics that 

occurs in politics that may be highly affected by past occurs. 

Generally speaking, a lagged dependent variable model is built around the following 

formula: 

𝑌𝑡 = 𝛼1𝑌𝑡−1 + 𝛽0𝑋𝑡 + 𝜀𝑡    

Where 𝑌𝑡−1 is the lagged term of the dependent variable 𝑌𝑡. (Keele, 2005) 

Regression analysts should be very careful to the specification bias of autocorrelation 

as it is a potential sign of improper theoretical specification rather than just a technical 

assumption mistake (Beck 1985; Hendry and Mizon; Mizon 1995). Hence, a lagged 

dependent variable introduced in the model should allow to fix this possible issue. 

4.2 Residual versus fitted plots 

When a regression model is finished, the model gives a regression line that 

demonstrates the best fit of a data set. Data points don’t fall exactly on the regression 

line and the distance between the data points and the regression line is a residual. A 

residual versus fitted plot takes these residuals and examines if there is a non-linear 

relationship. When the residual plot gives a random pattern, it indicates a good fit for 

a linear model, but when a non-random pattern is shown it suggest a better fit for a 

non-linear model. (Hampton & Darbyshire, 2012) 

4.3 Goodness of fit  

Goodness of fit is the value that shows how well a regression line fits with the 

examined data. In a multiple regression model, the goodness of fit is noted as 𝑅2 

(Gujarati & Porter, 2009). When more variables are being added to the model the 𝑅2 
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either remains the same or gets higher, even if the new variables have no relationship 

with the output variable. That’s why the adjusted R-square is designed. The adjusted 

R-square only uses the variables whose addition to the model are significant. Another 

represent of the term goodness of fit is the F-test, or in other words a test for the 

overall significance of the model. 

4.4 P-values 

Probability value can be defined as the lowest significance level at which a null 

hypothesis can be rejected (Gujarati & Porter, 2009). It can be seen as “evidence” 

against a null hypothesis (not statistically significant), the smaller the p-value the 

stronger the evidence that you should reject the null hypothesis (p-value < 0.05).  

4.5 Autocorrelation 

Autocorrelation can be defined as the correlation between members of series of 

observations ordered in time. (Gujarati & Porter, 2009) There exist different kind of 

autocorrelation test in the residuals like the Durbin-Watson d test, Durbin’s 

alternative test and Breusch-Godfrey test  

4.5.1 Durbin’s alternative test  

Durbin developed the so-called h test to test serial correlation in a regression that 

includes lagged dependent variables, because the Durbin-Watson test cannot be 

used to detect this. (Gujarati & Porter, 2009) 

4.5.2 Breusch-Godfrey test 

Statisticians Breusch and Godfrey created the Breusch-Godfrey (BG) test to avoid 

some of the pitfalls of the Durbin-Watson d test. Like Durbin’s alternative test BG 

allows non-stochastic regressors, like lagged values, and it allows higher-order 

autoregressive schemes. The BG test is a more powerful statistical test than the h test, 

and therefore more used. (Gujarati & Porter, 2009) 

4.6 Heteroscedasticity 

The term heteroscedasticity can be divided into two parts. The first part Hetero means 

unequal and the second part scedasticity means spread or variance. This simply means 

that the variability of a variable is unequal to the range of other variables. OLS 
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regressions assume that all residuals are drawn from a population that has a constant 

variance, which is homoscedasticity. In a regression with time series data, the data 

can have heteroscedasticity if the dependent variable changes significantly from the 

beginning to the end of the series.   

4.6.1 Breusch-Pagan test  

The Breusch-Pagan test (BP-test) is used to confirm or reject the null assumption that 

the residuals from a regression are homogeneous (Yan, 2017), so it other words it 

tests heteroscedasticity. A large chi-square indicates that heteroscedasticity is present 

(Williams, 2015).  

4.7 Newey-West estimator 

In the case of data that present autocorrelation and heteroscedasticity, a procedure to 

correct the standard errors can be run. This is the Newey-west estimator, which is 

often used for time series data. Developed by Whitney K. Newey and Kenneth D. 

West in 1987, assuming to have a reasonable large sample (715 observations in this 

case), it allows to correct OLS standard errors in situation of autocorrelation and 

heteroscedastic data simultaneously. 

Being the time series composed by daily exchange price observations, a lag major 

than zero must be included in the regression. For this reason, a lag equal to 1 is 

introduced, which means that any autocorrelation at lags greater than 1 can be 

ignored. 

In general, the Newey-west estimator (for lag (m) with m > 0) calculates the 

variance estimate using the following formula: 

𝑋′�̂�𝑋 = 𝑋′ �̂�0𝑋 + 
𝑛

𝑛−𝑘
∑ (1 −𝑚

𝑙=1
𝑙

𝑚+1
) ∑ �̂�𝑡�̂�𝑡−𝑙

𝑛
𝑡=𝑙+1 (𝑥𝑡

′𝑥𝑡−𝑙 + 𝑥𝑡−𝑙
′ 𝑥𝑡)  (6) 

Where 𝑥𝑡 the row of the X matrix is observed at time t and �̂�𝑡 is equal to 𝑦𝑖 −

 𝑥𝑖𝛽𝑂𝐿𝑆.  
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5 Empirical results & discussion 

 

In this chapter the empirical results of the methodology and regression used will be 

shown and discussed.  

5.1 Empirical results  

After running the regression in STATA, which is showed in figure 3, the results are 

as follows: at the chosen significance level (95%), with a first look at the coefficient 

of each dependent variable considered, the model shows that the correlation with the 

Bitcoin price is indeed proved. Specifically, as one might expect from a time series, 

a very high positive correlation can be observed in the previous observation period 

(in this case the day before, as daily data were taken). This correlation is represented 

by a coefficient of 0.6425414. As far as the other variables are concerned, the higher 

degree of positive correlation is presented by the speculative position, showing a 

coefficient of 0.2833488. The other positive correlated variable is the net utility that 

users obtain from joining the Bitcoin network, whose coefficient is 0.0742877. On 

the other hand, a negative correlation can be found in the transaction volume, which 

has a coefficient of -0.0134749. 

The goodness of fit is represented by the R-squared, the adjusted R-squared and the 

F-test: the first one, with a value of 0.9950, shows there’s almost the entire variance 

of the dependent variable is explained by the model inputs. Although, this might 

sound good, much emphasis won’t be put on it as time series often present very high 

R-squared. The same is for the adjusted R-squared, which has the same value of the 

“raw” R-squared. The difference is that the first considers the number of inputs added 

to the model, while the second does not. The F-test, shows that the overall model is 

statistically significant (prob > F = 0.0000, rejecting the null hypothesis). This leads 

to determine the statistical significance of each determinant individually with a t-test 

and the correlated p-value. Each variable resulted being statistically significant, all 

with a p-value equal to 0.000 except for the transaction volume, which has a p-value 
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of 0.001 (still respecting the requirement to be statistically significant, p-value < 

0.05). 

 

Looking at the residual versus fitted plot (Figure 4), the values are not perfectly 

randomly distributed, suggesting that data could suffer from autocorrelation and 

heteroscedasticity. This can be seen below, as the graph created reflect a sort of “wave 

pattern”.  

 

 

According to this suggestion, several tests were made. First, to check for the presence 

of autocorrelation, two statistical tests were run: the Durbin’s alternative test and the 

                                                                              

       _cons    -5.319735   .2793277   -19.04   0.000    -5.868142   -4.771328

  lnprice_L1     .6425414   .0171505    37.46   0.000     .6088697    .6762131

lnspeculat~n     .2833488   .0175595    16.14   0.000      .248874    .3178236

lntransact~s    -.0134749   .0040869    -3.30   0.001    -.0214987    -.005451

   lnutility     .0742877   .0100908     7.36   0.000     .0544763     .094099

                                                                              

     lnprice        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

                                                                              

       Total    179.284801       714  .251099162   Root MSE        =    .03558

                                                   Adj R-squared   =    0.9950

    Residual    .899048429       710  .001266265   R-squared       =    0.9950

       Model    178.385753         4  44.5964383   Prob > F        =    0.0000

                                                   F(4, 710)       =  35218.87

      Source         SS           df       MS      Number of obs   =       715
-.2

-.1
0

.1
.2

R
es

id
ua

ls

7.5 8 8.5 9 9.5 10
Fitted values

Table 1: Multiple linear regression  

Figure 4: Residuals versus fitted plots  
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Breusch-Godfrey test. The first, which follows a chi-squared distribution of 9.602 

with one degree of freedom, resulted in a p-value equal to 0.0019, which is not high 

enough to reject the null hypothesis of no serial correlation. For a second proof, the 

Breusch-Godfrey test, which follows a chi-squared distribution of 9.554 with one 

degree of freedom, shows a p-value equal to 0.0020, again too small to reject the null 

hypothesis. This means that although a lagged dependent variable was introduced as 

one of the determinants, it did not bring to a resolution for the autocorrelation 

problem. 

 

 

Table 2:  Durbin’s alternative and Breusch-Godfrey test  

 

To determine if the data suffer from heteroscedasticity a Breusch-Pagan test is used. 

As suggested by the residuals versus fitted plot and by the fact that bitcoin time series 

has large size differences among the examined observations, the test resulted in the 

presence of heteroscedastic data, despite a logarithmical transformation was applied. 

With a chi-squared distribution of 15.44 with one degree of freedom, the null 

hypothesis of constant variance (homoscedasticity) was rejected as the p-value 

obtained was 0.0001 (p < 0.05). 

                        H0: no serial correlation

                                                                           

       1                9.602               1                   0.0019

                                                                           

    lags(p)             chi2               df                 Prob > chi2

                                                                           

Durbin's alternative test for autocorrelation

                        H0: no serial correlation

                                                                           

       1                9.554               1                   0.0020

                                                                           

    lags(p)             chi2               df                 Prob > chi2

                                                                           

Breusch-Godfrey LM test for autocorrelation
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Table 3: Breusch-Pagan test  

In order to address the negative autocorrelation and the heteroscedasticity issues, an 

adjustment through a Newey-West estimator was made. As showed in Table 4, the 

standard errors result higher compared to the OLS regression in Table 1. In these case 

they are called Heteroscedasticity and Autocorrelation corrected (HAC) standard 

errros. As for the statistical relevance of each independent variable, t statistics of each 

variable result slightly changed. Anyway, this change is not relevant enough to 

determine the determinants non-statistically significant. Indeed, p-values are 

unchanged but for transactions (from 0.001 to 0.002). Still, they all are statistically 

significant. 

 

Table 4: Newey-West estimator 

 

5.2 Discussion  

During the last years Bitcoin has arisen must attention to itself and to the 

cryptocurrency world. Many have tried to determine what made Bitcoin prices change 

so sharply in small period of times. The key role seems to be played by the 

         Prob > chi2  =   0.0001

         chi2(1)      =    15.44

         Variables: fitted values of lnprice

         Ho: Constant variance

Breusch-Pagan / Cook-Weisberg test for heteroskedasticity 

                                                                              

       _cons    -5.319735    .386262   -13.77   0.000    -6.078087   -4.561382

laglogpric~1     .6425414   .0237499    27.05   0.000      .595913    .6891699

lnspeculat~n     .2833488   .0227609    12.45   0.000      .238662    .3280356

lntransact~s    -.0134749   .0042768    -3.15   0.002    -.0218715   -.0050782

   lnutility     .0742877   .0115388     6.44   0.000     .0516334     .096942

                                                                              

     lnprice        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

                           Newey-West

                                                                              

                                                Prob > F          =     0.0000

maximum lag: 1                                  F(  4,       710) =   26387.06

Regression with Newey-West standard errors      Number of obs     =        715

. newey lnprice lnutility lntransactions lnspeculation laglogprice_L1, lag(1)
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speculators’ behavior regarding the price of Bitcoin, which is showed graphically 

(Figure 1 and 2) and proved numerically in the regression model (positive correlation 

with a coefficient of 0.2833488). This means that the higher the speculative position, 

the higher the price. As it’s strictly related to the transaction volume, one might expect 

that with an increase in the speculative position there will be a decrease in the 

transaction volume and therefore an increase in the bitcoin price. This is also 

confirmed as a negative correlation of the transaction volume to the Bitcoin price (-

0.0134749). The high speculative position on Bitcoin can be connected to its 

deflationary nature with a fixed supply of 21 million units that will be issued in total 

(as investors buy Bitcoin for speculative purpose the supply available for transactions 

diminish). Previous studies also focused on the supply and demand of 

cryptocurrencies: one example is the paper made by Cianan (2016), which confirms 

indeed how supply and demand are important determinants in the price formation of 

Bitcoin. As there is little research that connects the speculative position with the 

exchange rate, it´s hard to make a comparison between different kinds of study. The 

third main element that in this paper is shown to be relevant is the net utility that users 

(both consumers and merchants) obtain form joining the Bitcoin network. The 

regression analysis showed a positive correlation with a coefficient of 0.0742877. 

This means that one additional unit of utility, keeping other variables constant, will 

have cause on average an increase in the price of 0.0742877. This can be directly 

correlated with the number of users and merchants as the higher the utility perceived, 

the higher the number of users. In conclusion, the speculative position, transaction 

volume and the net utility users obtain from joining the Bitcoin network have an 

influence on the price development of Bitcoin, being speculative position the most 

heavy compared to the others. 
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6 Conclusion 

 

The focus of this paper relays on the role that speculator’s behaviour has on the bitcoin 

price and if the Bitcoin can be affected by expectations of its users. To answer the 

questions the analysis was focused on three determinants: speculative behaviour, 

transaction volume and the utility users obtain from joining the Bitcoin network. 

Overall the research shows that all three the determinants have a correlation with the 

Bitcoin price development. In general, the speculative position showed the highest 

degree of correlation within the price formation. As the speculative position has the 

highest degree of correlation, normal users are sceptical in using it for transaction 

purposes. One can address the cause to the uncertainty that brings less incentive in 

using it as a mean of payment; for example, a merchant accepting Bitcoins as a 

payment method would incur in a risky position as Bitcoin is much more volatile than 

normal currencies. In conclusion we can say that the speculators’ behaviour has a 

high influence on the Bitcoin price and that the Bitcoin can be affected by users’ 

expectations.      
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