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	The purpose of this paper is to modify the Dornbusch model to make it a suitable tool for analyzing the behavior of the Bitcoin and to attempt to outperform a random walk model in forecasting the Bitcoin/US Dollar exchange rate on the basis of the Root Mean Squared Error and the Theil Inequality Coefficient. It is found  that the Dornbusch model in itself is unable to outperform the random walk model in forecasting the Bitcoin/US Dollar exchange rate on the basis of the Root Mean Squared Error and the Theil Inequality Coefficient. However, when the Dornbusch model and the random walk model are combined, the best forecasting performance is obtained. Thus, the Dornbusch model does contain meaningful information which helps to improve the random walk model's forecasting performance.

 Abstract

Introduction
In January 2014, forty times more people have searched Google for 'Bitcoin' compared to 4 years before (Google Trends, 2014). Bitcoin's market cap is a little over $ 8 billion (Blockchain.info, 2014). At the time of writing, the price of 1 Bitcoin is $ 617.62. Numbers like that show interest in the Bitcoin is on the rise. Yet, not many people actually own Bitcoins (BitcoinRichList, 2014).
Bitcoins are associated to addresses. Like email addresses, one person can have multiple Bitcoin addresses. According to BitcoinRichList (2014) 99.9% of all Bitcoins is owned by just 1,129,059 addresses. It is not unlikely for a person to have 20 Bitcoin addresses, but let us take 10 addresses per person as a very roughly estimated average. That would mean 99.9% of all Bitcoins is held by only 112,906 people. Also, the number of daily transactions fluctuates around a mere 60,000 (Blockchain.info, 2014).
Why is it that, even though the Bitcoin is taking off, it is still not as widespread as some supporters think it is? One possible reason is its volatility. People are unlikely to adopt a new currency if its purchasing power can halve in a couple of hours (CoinDesk, 2014).
A possible remedy to take away the uncertainty withholding the adoption of the Bitcoin is the ability to forecast the Bitcoin exchange rate. This paper attempts to do so by using ideas developed by Rudiger Dornbusch (1976).
It is found that the structural Dornbusch model cannot outperform a random walk model, both in terms of model specification and forecasting performance. However, when the Dornbusch model and the random walk model are combined the best model is obtained, both in terms of model specification and forecasting performance. It can be concluded that the Dornbusch model does contain meaningful information in forecasting the Bitcoin exchange rate.
Firstly, recent literature on both the Bitcoin and Dornbusch' exchange rate model is reviewed. Then, concepts used by this paper are defined. Afterwards, the data used by this paper is discussed and presented. Then, the research is conducted and the results are documented. Lastly, a conclusion is drawn. 


Review of recent literature
 
The Bitcoin
Born from the need to avoid the inherent weaknesses of the current trust based model in place in e-commerce, Nakamoto (2008) introduced the Bitcoin: electronic cash allowing transactions to be made directly between the involved parties (peer-to-peer) without the need for a financial institution (Nakamoto, 2008). Traditionally, e-commerce relies almost exclusively on financial institutions for processing and verifying transactions. In case of a dispute, the financial institution acts as a trusted third party mediating said dispute, reversing the transaction if necessary. Bitcoin is an electronic payment system based on cryptographic proof and as such, provides and alternative to the current trust-based system. 
Since the number of merchants accepting the Bitcoin as payment is getting substantial, the Bitcoin is considered competition for official currencies like the euro and the US dollar by the European Central Bank (2012). Bitcoins can be used in any type of transaction, since they are divisible to eight decimal places. The only forces determining the Bitcoin exchange rate are those of supply and demand. As a theoretical concept, the Bitcoin can find support in the Austrian school of economics (European Central Bank, 2012). Austrian economists criticize monetary interventions, fractional reserve banking and the current fiat money system. The Bitcoin resolves all of these issues. However, the facts that Bitcoins have no intrinsic value and that the currency fails to satisfy the Misean Regression Theorem[footnoteRef:1] are not in line with Austrian economic theory. [1:  Developed by Ludwig von Mises (1912). It states that people value money today, because of its expected purchasing power tomorrow.  The Bitcoin fails to satisfy this because of the Bitcoin's high volatility. It is very uncertain what its purchasing power tomorrow will be. Also, the number of merchants accepting the Bitcoin is, while it is rising, still low.] 

Since no central monetary authority is involved in the Bitcoin scheme, the money supply does not depend on one. Instead, the money supply develops at a predictable pace, by the system's design (European Central Bank, 2012).
At this moment, the Bitcoin is an unreliable store of value.  Its value can double or halve in a couple of hours because of its high volatility.  Yermack  (2014) found the US Dollar/Bitcoin exchange rate volatility to be 142% in 2013. This is extremely high compared to volatilities of other currencies, falling between 7% and 12%.


Forecasting exchange rates 
In forecasting exchange rates, people usually resort to using random walk models. Meese and Rogoff (1983) have shown that neither the Frenkel-Bilson model, nor the Dornbusch-Frankel model, nor the Hooper-Morton model are able to outperform a random walk model on the root-mean-square-error criteria. Are these structural exchange rate models, based on economic fundamentals, inadequate? Cheung and Chinn (1999) think so. Based on a survey of practitioners in the United States interbank foreign exchange markets, they find that short-run exchange rate dynamics are believed to mainly depend on non-fundamental forces, rather than fundamentals. Another explanation, one more in line with deeply held beliefs by many economists, is that the theory behind these structural models is correct, yet the empirical implementation is not. Kilian and Taylor (2001) propose that these structural models are likely to be misspecified as linear long-run equilibrium conditions.  
However, there are exceptions. Woo (1985) reformulates the money demand function in the monetary model, incorporating a partial adjustment mechanism. He finds that this monetary approach does outperform a random-walk model. 
Hwang (2003) examines the forecasting performance of an adjusted Dornbusch-Frankel sticky-price monetary model as opposed to the forecasting performance of a random-walk model. The money demand function is adjusted to incorporate share prices. Yet, he finds that the adjusted Dornbusch-Frankel model is unable to outperform the random-walk model at any of the tested forecasting horizons (one, three, six and twelve months), on the basis of root-mean-square-error. 
Bjørnland (2009) counters this, stating many researchers make mistakes when evaluating the Dornbusch model. When analyzing the open economy through structural vector autoregressive (VAR) models, most studies restrict either the exchange rate from reacting instantaneously to a change (a 'shock') in monetary policy or monetary policy from reacting instantaneously to a shock in the exchange rate.  
The exchange rate is an asset price which inherently incorporates expectations of future returns. These expectations change as a result of news on monetary policy and thus, the exchange rate (the asset price) will react immediately. (Bonser-Neal, Roley, & Sellon Jr. (1998), Zettelmeyer (2004), Kearns and Manners (2006).) Also, it is not unlikely that the central bank responds to a shock in the exchange rate within the month, or quarter. Since the frequency of most data on this subject is monthly or quarterly, these responses by the central bank, e.g. changes in monetary policy, will appear instantaneously. Restricting this would mean that the central bank ignores any (surprise) shock in exchange rates that occurs while deciding on monetary policy. 
Bjørnland (2009) found that when one allows the exchange rate and monetary policy to affect one another instantaneously, but restricts monetary policy from having any long run effect on the exchange rate, the results are precisely as Dornbusch hypothesized: a contractionary monetary policy shock results in an immediate (within 1-2 quarters) appreciation of the exchange rate, after which it gradually depreciates back to baseline.
Now, inspired by Hwang (2003) and led by Bjørnland (2009), the purpose of this paper is to modify the Dornbusch model to make it a suitable tool for analyzing the behavior of the Bitcoin and to attempt to outperform a random walk model in forecasting the Bitcoin/US Dollar exchange rate on the basis of the Root Mean Squared Error and the Theil Inequality Coefficient.
Theoretical framework 
Two hypotheses are formulated in accordance with the research problem of this paper:
· H0: It is not possible to construct a Dornbusch model which outperforms a random walk model in forecasting the Bitcoin/US Dollar exchange rate on the basis of the Root Mean Squared Error and the Theil Inequality Coefficient.
· Ha: It is possible to construct a Dornbusch model which outperforms a random walk model in forecasting the Bitcoin/US Dollar exchange rate on the basis of the Root Mean Squared Error and the Theil Inequality Coefficient.
Variables
Bitcoin's public ledger of past transactions is called the 'block chain', as it is a chain of blocks (Bitcoin.it, 2014). A block is a record of recent Bitcoin transactions that have not been recorded in any blocks before. They can be thought of as pages in the ledger. If transactions occur, new blocks have to be added to the block chain. This is done by people called 'miners', or actually by their computers. Every time a block needs to be added to the block chain, miners compete to be the first to solve a proof of work. Without a valid and solved proof of work, the block cannot be added. The proof of work can be thought of as a mathematical problem. It is difficult and time consuming to solve, but once it is solved it is trivial for the other participants in the network to verify that it is correct. When the proof of work is solved and verified, the block will be accepted by the other participants and added to the public block chain, the ledger. The first miner who solved the proof of work will be awarded with newly generated Bitcoins. (The others halt their efforts on this proof of work.) This increases the Bitcoin money supply. Every 2,016 blocks, the Bitcoin network adjusts the difficulty of the proof of work, so as to keep the rate at which new blocks are added roughly constant at one every 10 minutes. At that rate, 2,016 blocks are generated every 2 weeks and thus, roughly every 2 weeks the difficulty is adjusted. The amount of newly generated Bitcoins rewarded for being the first to solve the proof of work is automatically halved every 210,000 blocks. At Bitcoin's introduction in 2009 this reward was 50 Bitcoins, currently it is 25 Bitcoins. This design results in the fact that the number of Bitcoins in circulation will approach, but never exceed, 21 million Bitcoins (Bitcoin.it, 2014). Using the information of 1,008 blocks per week and an additional 50 Bitcoins per block which halves every 210,000 blocks, the Bitcoin money supply time series can easily be computed. 
The United States' money supply is defined as the M2 money stock. That is, it includes cash and checking deposits (M1) as well as savings deposits, money market mutual funds and other time deposits. 
Since there is no such thing as a Bitcoin Bank, one can obtain Bitcoins by exchanging conventional currency at Bitcoin exchanges. However, these exchanges do not necessarily have equal prices. The Bitcoin Price Index, or BPI, attempts to form a unified price by calculating the simple average of several large exchanges, namely Bitfinex, Bitstamp and BTC-e. It is calculated live by CoinDesk (2014) and is expressed as the midpoint of the bid/ask spread. For the US Dollar, it is defined as US Dollar/Bitcoin. 
United States' Consumer Price Index (CPI) index data has been used to derive unobserved expected inflation figures. To obtain US Dollar expected inflation, CPI percentage change over the preceding 52 weeks has been used (Hwang, 2003). To obtain Bitcoin expected inflation, US CPI data has been converted into Bitcoin CPI data using the exchange rate series. However, since the Bitcoin is a lot more volatile and very sensitive to shocks, CPI percentage change over the preceding week has been used to obtain Bitcoin expected inflation (Yermack, 2014).
For United States' overall demand, US Gross Domestic Product data is used. Since the Bitcoin is a global currency, and no country exists with the Bitcoin as its national currency, the foreign demand should be a global variable. For foreign demand, a population weighted average of OECD countries' GDP has been constructed.[footnoteRef:2] [2:  The following OECD countries were used to construct the average: Australia, Canada, Chile, Czech Republic, Denmark, Euro Area (18), Hungary, Iceland, Israel, Japan, Korea, Mexico, New Zealand, Norway, Poland, Sweden, Switzerland, United Kingdom, United States. The following non-OECD countries were used to construct the average: China, Indonesia, Russian Federation, South Africa.] 

3 month Eurodollar interest rate has been used for the United States interest rate. Foreign interest rate should be a global variable, for the same reason foreign demand should be. Thus, for foreign interest rate, a population weighted average of OECD countries' short-term interest rate has been constructed. 
Conventions
Throughout this paper, the following conventions are used:
· A lower-case variable represents the natural logarithm of its upper-case counterpart.
· A horizontal bar denotes a steady state value.
· An asterisk denotes a foreign variable.
· A tilde denotes the differential of that variable between domestic and foreign values.
· ∆i  denotes the i 'th difference of this variable.
· The United States is assumed to be the domestic country.
The Dornbusch model
Developed by Dornbusch (1976), the overshooting (or Dornbusch) model aims to explain high levels of exchange rate volatility. 
It assumes the following: 
· The standard open economy IS-LM mechanism determines aggregate demand. 
· Financial markets react and adjust instantaneously to shocks. Uncovered interest rate parity holds at all times, because investors are risk neutral. 
· Prices are sticky, meaning that they are fixed in the short run and flexible in the long run. The aggregate supply curve is horizontal in the short run, getting steeper in the adjustment phase, and vertical in the long run. 
(Copeland, 2008)
Formally, the model can be specified using the following equations (See Dornbusch, 1976): 
				Uncovered interest rate parity				(1.1)
			Expected appreciation/depreciation			(1.2)
			real money demand					(1.3)
				Demand for domestic output				(1.4)
    where   	De-/inflation						(1.5)
Where:
r  = Domestic interest rate
r*  = Foreign interest rate
∆se  = Expected depreciation
s  = exchange rate
m  = money supply
p  = price level
y  = income
Note that a horizontal bar denotes a steady state variable.
The long run
When the economy is at its long run equilibrium state, aggregate demand is equal to aggregate supply (Copeland, 2008). This means there is no pressure on the price level. Also, foreign and domestic interest rates are equal, resulting in a static exchange rate and no expected appreciation or depreciation. Lastly, the exchange rate is at its long run level. This eliminates any surplus or deficit in the current account of the balance of payments (Copeland, 2008). Reflected in the equations, this looks as follows:
· No inflation, so  . This implies   and thus  .
· No expectations, so . This implies . Reformulating money demand gives 
				     Note that a horizontal bar above a variable denotes a steady state value.
Combining these two results in the expression for the long-run exchange rate:
				     (1.6)
 (Dornbusch, 1976)
The short run
When expectations change, demand for domestic currency changes. In the case of an expected depreciation of domestic currency, the currency's demand decreases because of the prospect of low purchasing power (Dornbusch, 1976). In the equations, an expected depreciation is reflected by an increase in . From equation 1.1 we can see that this, in turn, leads to an increase in domestic interest rate. A higher domestic interest rate results in lower real money demand, as can be seen in equation 1.3. This leads to an actual depreciation of the exchange rate. This is then followed by an increased demand for domestic goods, as is reflected in equation 1.4. The increase in demand will increase prices, but only in the long run as prices are sticky in the short run. Higher prices decrease the real money supply and that increases domestic real interest rate. The higher interest rate increases demand for the domestic currency. Finally, this leads to an appreciation of the domestic currency.
Combining equation 1.1, 1.2 and 1.3 we can derive an equation describing the short-run dynamics of the exchange rate (Copeland, 2008). Combining 1.1 and 1.3 gives us . Now, when adding 1.2 to the equation, we obtain . Solving for  results in:
				     			                 (1.7)
An extension to the Dornbusch model by Frankel
Jeffrey Frankel has developed a model which extends Dornbusch' model: the real interest differential model.
An adjustment is made to the expectations mechanism. Frankel believes that when the exchange rate is at its equilibrium level, it does not stay constant. Instead it is expected to depreciate by the difference in expected domestic and foreign inflation rates. This leads to the following equation:
		                	         	    (1.8)
Where:
 = the expected change between the domestic and foreign price level
This basically adjusts equation 1.2 to allow for long run inflation. Now, implementing uncovered interest rate parity by combining equation 1.1 and 1.8, we have:
		                     		(1.9)
Note that a tilde above a variable denotes the difference between its domestic and foreign counterpart. Frankel believes that real interest rates diverge, because there is no purchasing power parity. It follows that the inflation rates are only reflected in the long run interest rates and not in the short run ones. Now, following Dornbusch assumption that the monetary model does not determine the actual exchange rate, but only the equilibrium, we have:
		                  		(1.10)
This is of course an adjustment of equation 1.3. If we now combine equation 1.9 and 1.10, we get a very empirically test-able equation for the exchange rate:
	                	           (1.11)
(Frankel, 1979), (Copeland, 2008)
Data 
The Bitcoin has been around for roughly 5 and a half years now, and data is scarce.  Moreover, to obtain enough observations for analysis, high frequency data is needed. Using monthly data would result in having too few observations (less than 70) to conduct any meaningful research. For this reason, weekly data is used for this paper. The time span used ranges from the week starting on Monday 19 July 2010 up to and including the week starting on Monday 2 June 2014. The estimation sample used ranges from the week starting Monday 19 July 2010 up to and including the week starting Monday 31 December 2012. The forecast sample ranges from the week starting Monday 7 January 2013 up to and including the week starting Monday 2 June 2014.
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Daily Bitcoin supply data (Mt*) is available from Blockchain.info (2014). Every Monday value is used to convert the series to a weekly frequency. 
Weekly US money supply data (Mt) is available from the Board of Governors of the Federal Reserve System (2014). No conversion is needed for this series. 
Bitcoin Price Index (the unified price of a Bitcoin in US Dollars, see page 7) historical data is available from CoinDesk (2014), with a daily frequency. Weekly averages of this data is used. For this paper, the exchange rate (St) is defined as 1/BPI, so Bitcoin/US Dollar. 
For the unobserved United States expected inflation (Pet), US Consumer Price Index data has been used. CPI data is available from the US Bureau of Labor Statistics, but only on a monthly basis (United States Department of Labor, 2014). Converting to weekly frequency has been done by assuming the monthly observations to be the month's first week observation and filling in missing values linearly. This CPI series is then used to construct the unobserved expected inflation by taking the percentage change over the past 12 months. For the unobserved Bitcoin expected inflation (Pet*), the US CPI data has been converted to Bitcoins using the exchange rate series. CPI percentage change over the past month is used as expected inflation. The conversion done, however, violates the Ordinary Least Squares assumption stating independent variables should not be linearly correlated (i.e. no collinearity). (See Page 17.) 
OECD population data has been used to construct several population weighted averages (OECD.StatExtracts, 2014). The yearly population data has been assumed to be the year's last month value. The remaining months have been filled linearly to obtain a monthly series. 
Gross Domestic Product data is available on a yearly basis from OECD.StatExtracts (2014). The yearly data points have been assumed to be that year's last month value. The remaining months are filled in linearly. Afterwards, a monthly population weighted average is constructed to obtain a monthly foreign GDP series. Each month's data point is assumed to be that month's last week value. Remaining weeks are filled in linearly to obtain a weekly foreign GDP series (Yt*). For United States GDP (Yt), no averaging is done. However, the conversion from a monthly to a weekly series is done in the same manner. 
Short-term interest rate data is available on a monthly basis from OECD.StatExtracts (2014). A population weighted average is constructed using the monthly population series. Each month's data point is assumed to be that month's first week value. Remaining weeks are filled in linearly to obtain a weekly foreign interest rate series (It*). For the United States interest rate (It), no averaging is done. Weekly historical data on the 3 month Eurodollar rate has been used. This is available from the Board of Governors of the Federal Reserve System (2014). 
Descriptive statistics of the variables are as follows:
	
	St
	Mt
	Mt*
	Pet
	Pet*
	Yt
	Yt*
	It
	It*

	Unit
	Bitcoins/US Dollar
	Billions of US Dollars
	Bitcoins
	Percentage
	Percentage
	Millions of US Dollars
	Millions of US Dollars
	Percentage
	  Percentage

	Mean
	1.422641
	9902.741
	8781522
	0.020473
	-0.03115
	15879067
	1019028
	0.36876
	3.63307

	Median
	0.096197
	9898.450
	9125150
	0.017614
	-0.01996
	15881796
	1020681
	0.38000
	3.71135

	Maximum
	16.66667
	11191.90
	1261683
	0.038450
	0.493467
	16985133
	1150732
	0.61000
	4.78196

	Minimum
	0.001021
	8608.700
	3525050
	0.009161
	-0.44609
	14766908
	8834468
	0.26000
	2.55311

	Std. Dev.
	3.823155
	789.5663
	2662035
	0.008508
	0.154369
	669523.0
	778297.1
	0.08223
	0.55351

	Skewness
	3.254659
	-0.129500
	-0.34376
	0.788702
	0.032659
	-0.011249
	-0.04909
	0.24754
	0.03717

	Kurtosis
	12.44863
	1.767407
	1.879386
	2.278221
	4.586013
	1.699091
	1.823807
	2.01058
	2.02498

	Sum
	275.9924
	1921132.
	1.70E+09
	3.971768
	-6.04250
	3.08E+09
	1.98E+09
	71.5400
	704.816

	Sum Sq. Dev.
	2820.988
	1.20E+08
	1.37E+15
	0.013972
	4.599173
	8.65E+13
	1.17E+14
	1.30490
	59.1294

	Observations
	194
	194
	194
	194
	194
	194
	194
	194
	194


Table 1 | Descriptive statistics of variables
More information about the datasets used can be found in the Appendix. 
Natural logs are taken of the original variables, in order to be able to interpret the coefficients as elasticities.  In estimation, an alpha of 0.1 is used. The two models will now be specified.
Methodology
Model specification
The Random Walk model
The Bitcoin/US Dollar exchange rate time series is tested for stationarity by using an Augmented Dickey-Fuller test.  The Dickey-Fuller test tests the null hypothesis stating the series has a unit root (Hill, Griffiths, & Lim, 2012). This hypothesis cannot be rejected for any critical value, thus the series shows very strong evidence of being non-stationary.
	
	
	
	t-Statistic
	Prob.

	
	
	
	
	

	Augmented Dickey-Fuller test statistic
	-2.349089
	0.4052

	Test critical values:
	1% level
	
	-4.004365
	

	
	5% level
	
	-3.432339
	

	
	10% level
	
	-3.139924
	


Table 2 | Augmented Dickey-Fuller test results on Bitcoin/US Dollar, levels
A common remedy for this is to difference the series. After taking the first difference, the Augmented Dickey-Fuller test shows the following results: 
	
	
	
	t-Statistic
	Prob.

	
	
	
	
	

	Augmented Dickey-Fuller test statistic
	-8.489970
	0.0000

	Test critical values:
	1% level
	
	-2.576518
	

	
	5% level
	
	-1.942415
	

	
	10% level
	
	-1.615649
	


Table 3 | Augmented Dickey-Fuller test results on Bitcoin/US Dollar, first difference
The null hypothesis stating the series has a unit root is strongly rejected by this result. The first difference of the Bitcoin/US Dollar exchange rate time series is stationary. Thus, the original series is integrated of order 1, I(1). For model estimation the differenced series is to be used.
Identifying the order of the autoregressive model is done by analyzing the partial autocorrelation function of the differenced Bitcoin/US Dollar exchange rate time series. Partial autocorrelation is the correlation between a variable and its lags that is not explained by correlations at lower order lags. The partial autocorrelation function can be computed by fitting autoregressive models with increasing number of lags. Partial autocorrelation at lag k is equal to the last (k´th) term in an autoregressive model of order k. So, by inspecting the significance of the partial autocorrelation of the lags, one can determine the order of the autoregressive model to fit.  In the case of the log of the differenced Bitcoin/US Dollar exchange rate time series, an autoregressive model of order 1 is suggested by the partial autocorrelation function, since partial autocorrelation is significant for the first lag, and not for any lags thereafter. 
	Partial Correlation
	
	PAC
	Q-Stat
	Prob

	[image: ]
	1
	0.428
	37.549
	0.000

	
	2
	0.064
	48.983
	0.000

	
	3
	0.102
	57.654
	0.000

	
	4
	0.017
	61.946
	0.000

	
	5
	-0.014
	63.270
	0.000

	
	6
	-0.032
	63.430
	0.000

	
	7
	-0.027
	63.434
	0.000


Table 4 | Correlogram of Bitcoin/US Dollar, first difference
Thus, the equation to estimate is the following:
				      (2.1)
Where:
∆st  = the first difference of the Bitcoin/US Dollar at time t. (st - st-1)
εt  = the error term (white noise) at time t.
Estimating this using Ordinary Least Squares (OLS) regression, over the estimation sample, yields the following equation:
		  	          (2.2)

	Dependent Variable: ∆st  

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	constant
	-0.042228
	0.025101
	-1.682309
	0.0950

	
	0.441645
	0.093080
	4.744795
	0.0000

	Adjusted R-squared
	0.188610
	    Akaike info criterion
	-0.910579

	S.E. of regression
	0.152279
	    Durbin-Watson stat
	2.036947


Table 5 | OLS estimation results of equation 2.2
As can be seen from the table above, both coefficients are significantly different from zero as the p-value is smaller than α = 0.1. Also, the Durbin-Watson statistic is close to 2, indicating very little autocorrelation in the residuals.  Note that the Akaike info criterion is a relative estimate of the information lost when this model is used to represent the 'true' process that generates the first difference of the logarithmically transformed exchange rate series (Akaike, 1974). The Akaike info criterion cannot tell anything about the model in itself. It is only provided here to be used for comparison later.
Looking at the residuals' correlogram, there is indeed no evidence for autocorrelation. The residuals are white noise. 
	Autocorrelation
	Partial Correlation
	
	AC
	PAC
	Q-Stat
	Prob

	[image: ]
	1
	-0.019
	-0.019
	0.0490
	

	
	2
	-0.034
	-0.034
	0.1970
	0.657

	
	3
	0.120
	0.119
	2.1009
	0.350

	
	4
	0.128
	0.133
	4.2804
	0.233

	
	5
	-0.020
	-0.006
	4.3343
	0.363

	
	6
	0.035
	0.028
	4.4977
	0.480

	
	7
	0.004
	-0.027
	4.4996
	0.609

	
	8
	-0.109
	-0.126
	6.1391
	0.524


Table 6 | Correlogram of equation 2.2's residuals
Using ∆st  = st - st-1, we can rewrite the equation in terms of st  as follows:
		  	          (2.3)
As can be seen, the exchange rate at time t  is quite heavily influenced by the exchange rate at time t-1  and a bit less so by the exchange rate at time t-2. st  is elastic compared to st-1, yet inelastic compared to st-2.
The Dornbusch model
The equation to be estimated for the Dornbusch model is derived from equation 1.11. It is formulated as follows:
	      (2.4)
Where:
s  = Bitcoin/US Dollar exchange rate
m  = United States money supply
m*  = Bitcoin money supply
y  = United States income
y*  = world income
r  = United States interest rate
r * = world interest rate
Pe  = United States expected inflation
Pe*  = Bitcoin expected inflation
εt  = the error term (white noise)
Simplified it looks as follows:
		       		          (2.5)
Note that a tilde above a variable denotes the difference between its domestic and foreign counterpart. In text, these variables are referred to as netted variables. Since the Bitcoin expected inflation is quite often negative (deflation), it is not possible to logarithmically transform the net expected inflation series. To avoid spurious regressions, only stationary series should be used. We already know the exchange rate time series shows evidence of being non-stationary, so the first difference of this variable is to be used. 
Testing the net money supply series () for existence of a unit root using the Augmented Dickey-Fuller test, shows strong evidence of a unit root. The null hypothesis cannot be rejected. Taking the first difference, the null hypothesis can only be rejected at the 10% level. Taking the second difference, the null hypothesis can be rejected at all confidence levels. The net money supply series is integrated of order 2.
	
	
	
	levels
	first difference
	second difference

	
	
	
	t-Statistic
	Prob.
	t-Statistic
	Prob.
	t-Statistic
	Prob.

	
	
	
	
	
	
	
	
	

	Augmented Dickey-Fuller test statistic
	1.312042
	0.9520
	-2.752162
	0.0673
	-14.03521
	0.0000

	Test critical values:
	1% level
	
	-2.577255
	
	-3.465014
	
	-2.577255
	

	
	5% level
	
	-1.942517
	
	-2.876677
	
	-1.942517
	

	
	10% level
	
	-1.615583
	
	-2.574917
	
	-1.615583
	


Table 7 | Augmented Dickey-Fuller test results on net money supply
Testing the net income series () for existence of a unit root using the Augmented Dickey-Fuller test, shows strong evidence of a unit root as well. The null hypothesis cannot be rejected when taking the first difference either. Only when taking the second difference, there is no evidence of the series being non-stationary. The net income series is integrated of order 2.
	
	
	
	levels
	first difference
	second difference

	
	
	
	t-Statistic
	Prob.
	t-Statistic
	Prob.
	t-Statistic
	Prob.

	
	
	
	
	
	
	
	
	

	Augmented Dickey-Fuller test statistic
	-2.903899
	0.1638
	-1.960912
	0.6183
	-10.19890
	0.0000

	Test critical values:
	1% level
	
	-4.010143
	
	-4.007882
	
	-2.577387
	

	
	5% level
	
	-3.435125
	
	-3.434036
	
	-1.942536
	

	
	10% level
	
	-3.141565
	
	-3.140923
	
	-1.615571
	


Table 8 | Augmented Dickey-Fuller test results on net income

Testing the net interest rate series () for existence of a unit root using the Augmented Dickey-Fuller test, shows evidence of a unit root as well. When taking the first difference, the null hypothesis can be rejected. The net interest rate series is integrated of order 1.

	
	
	
	levels
	first difference

	
	
	
	t-Statistic
	Prob.
	t-Statistic
	Prob.

	
	
	
	
	
	
	

	Augmented Dickey-Fuller test statistic
	-2.678807
	 0.2467
	-8.367069
	0.0000

	Test critical values:
	1% level
	
	-4.006566
	
	-3.464460
	

	
	5% level
	
	-3.433401
	
	-2.876435
	

	
	10% level
	
	-3.140550
	
	-2.574788
	






Table 9 | Augmented Dickey-Fuller test results on net interest rate

Testing the (non-log) net expected inflation series () for existence of a unit root shows no evidence for a unit root. The null hypothesis can be rejected. The net expected inflation series is not integrated.
	
	
	
	levels

	
	
	
	t-Statistic
	Prob.

	
	
	
	
	

	Augmented Dickey-Fuller test statistic
	-8.635499
	 0.0000

	Test critical values:
	1% level
	
	-2.576999
	

	
	5% level
	
	-1.942482
	

	
	10% level
	
	-1.615606
	






Table 10 | Augmented Dickey-Fuller test results on net expected inflation



Using this information, the equation to be estimated should be altered as follows:
		       	         (2.6)
Using Ordinary Least Squares regression, the estimated equation looks as follows:
	                 (2.7)
	Dependent Variable: ∆st  

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	constant
	0.014851
	0.002365
	6.278399
	0.0000

	
	-1.186161
	0.759695
	-1.561364
	0.1210

	
	20.06626
	27.89690
	0.719301
	0.4733

	
	0.134036
	0.058583
	2.287987
	0.0239

	
	-1.088573
	0.040274
	-27.02894
	0.0000

	Adjusted R-squared
	0.978776
	    Akaike info criterion
	-4.525178

	S.E. of regression
	0.024700
	    Durbin-Watson stat
	1.823867


Table 11 | OLS estimation results of equation 2.7
An R-squared that close to unity raises suspicion. In fact, recall from page 11 that collinearity could very well be the problem here. If it is, we cannot interpret the estimated coefficients, as the t-statistics and accompanying probabilities are likely to be incorrect. This would result in failure to reject the null hypothesis that the coefficients are zero, when it might entirely be possible that the coefficients are different from zero. Specifically, we cannot conclude that, for example, b2  is insignificant. To see whether collinearity regarding the net expected inflation variable is indeed the problem, the following regression is performed:
			       	         (2.8)
With the following result:
				       	         (2.9)
	Dependent Variable: ∆st  

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	
	-1.058164
	0.025684
	-41.19945
	0.0000

	Adjusted R-squared
	0.974701
	    Akaike info criterion
	-4.409770

	S.E. of regression
	0.026612
	    Durbin-Watson stat
	1.400446






Table 12 | OLS estimation results of equation 2.9

Again, an R-squared very close to unity is found. This makes the suspicion of collinearity all the more credible. Nearly all exchange rate information is already available in the net expected inflation series. This seems logical, since the exchange rate series is used in the process to construct the Bitcoin expected inflation series, which in turn was used to construct the net expected inflation series. Omitting the net expected inflation variable from equation 2.7 and estimating using OLS results in the following equation:
		               (2.10)
	Dependent Variable: ∆st  

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	constant
	-0.035540
	0.019150
	-1.855864
	0.0659

	
	-3.522931
	3.541893
	-0.994647
	0.3219

	
	-359.1656
	199.7008
	-1.798519
	0.0746

	
	0.904648
	0.557744
	1.621977
	0.1074

	Adjusted R-squared
	0.053321
	    Akaike info criterion
	-0.734998

	S.E. of regression
	0.164960
	    Durbin-Watson stat
	1.154833


Table 13 | OLS estimation results of equation 2.10
This R-squared is a lot more credible, although it is fairly low. A Durbin-Watson statistic of 1.15 indicates possible autocorrelation in the error term. Note that the Akaike info criterion is only provided here to be used for comparison later. Also, the null hypothesis stating that the coefficient b1 is equal to zero cannot be rejected. We can reject that same hypothesis for coefficient b3  if we are a bit forgiving. Using ∆st  = st - st-1, we can rewrite the equation in terms of st  as follows: 
		     (2.11)
According to this equation, the Bitcoin/US Dollar exchange rate is extremely negatively elastic to the second difference of the net income. It is also negatively elastic to the second difference of the net money supply and positively inelastic to the first difference of the net interest rate.  The Bitcoin/US Dollar exchange rate is perfectly elastic to its own first order lag. 
Combined
Looking at equations 2.10 and 2.11, a Durbin-Watson statistic of 1.15 indicates possible autocorrelation in the error term and when inspecting the residuals' correlogram we find that this is indeed the case. 
	Partial Correlation
	
	 PAC
	 Q-Stat
	 Prob

	[image: ]
	1
	0.422
	23.025
	0.000

	
	2
	-0.023
	26.327
	0.000

	
	3
	0.123
	29.671
	0.000

	
	4
	0.034
	32.128
	0.000

	
	5
	-0.066
	32.211
	0.000

	
	6
	0.013
	32.227
	0.000

	
	7
	-0.062
	32.338
	0.000

	
	8
	-0.099
	34.065
	0.000


Table 14 | Correlogram of equation 2.10's residuals
Significant partial correlation at the first lag suggests fitting an autoregressive term of the first order. Doing so improves the model quite a lot. It results in the following equation:
		           (2.12)
Estimated:
		     (2.13)
	Dependent Variable: ∆st  

	Variable
	Coefficient
	Std. Error
	t-Statistic
	Prob.  

	constant
	-0.037085
	0.023047
	-1.609113
	0.1102

	
	0.436629
	0.091994
	4.746270
	0.0000

	
	-4.686196
	3.194644
	-1.466891
	0.1450

	
	-336.8409
	228.1994
	-1.476081
	0.1425

	
	0.593106
	0.450979
	1.315153
	0.1910

	Adjusted R-squared
	0.219880
	    Akaike info criterion
	-0.914837

	S.E. of regression
	0.150176
	    Durbin-Watson stat
	1.992495


Table 15 | OLS estimation results of equation 2.13
As can be seen, the Durbin-Watson statistic is now very close to 2. This indicates there is no more autocorrelation in the error term. Also, the R-squared improved a lot and the Akaike info criterion is a lot better as well. Using ∆st  = st - st-1, we can rewrite the equation in terms of st  as follows:
	     (2.14)
This equation is basically a combination of equation 2.3 and 2.11, the autoregressive and structural Dornbusch models respectively. If we look at the versions of these models utilizing the first difference of the Bitcoin/US Dollar exchange rate as the dependent variable, we obtain the following comparison:
		  	     	           Autoregressive model	(2.2)
 	Structural Dornbusch model	(2.10)
	      combined model	(2.13)
	Dependent Variable: ∆st  
	Autoregressive
	Dornbusch
	Combined

	Variable
	Coefficient
	Prob.
	Coefficient
	Prob.
	Coefficient
	Prob.

	constant




	-0.042228
	0.0950
	-0.035540
	0.0659
	-0.037085
	0.1102

	
	0.441645
	0.0000
	
	
	0.436629
	0.0000

	
	
	
	-3.522931
	0.3219
	-4.686196
	0.1450

	
	
	
	-359.1656
	0.0746
	-336.8409
	0.1425

	
	
	
	0.904648
	0.1074
	0.593106
	0.1910

	Adjusted R-squared
	0.188610
	0.053321
	0.219880

	S.E. of regression
	0.152279
	0.164960
	0.150176

	Akaike info criterion
	-0.910579
	-0.734998
	-0.914837

	Durbin-Watson stat
	2.036947
	1.154833
	1.992495


Table 16 | OLS estimation comparison of equations 2.2, 2.10 and 2.13
Looking at the significance of the coefficients, only in the autoregressive model all coefficients are significantly different from zero (Prob.<0.1). In the Dornbusch model only coefficient b2  is really insignificant. If we are very generous we could accept all coefficients in the combined model to be significantly different from zero (Prob.<0.2).  In terms of R-squared, the Dornbusch model performs very poorly. The combined model performs better than the autoregressive model. It seems that the added economic fundamentals (being net money supply, net income and net interest rate) do contain valuable information about the Bitcoin/US Dollar exchange rate. Having the lowest Akaike info criterion and standard regression error, the combined model outperforms the other two on these statistics as well. Also, the combined model has a Durbin-Watson statistic closest to 2, indicating nearly zero autocorrelation in the error term.  Looking solely at this model specification comparison, the combined model seems to be superior to the other two.
Forecasting
The Random Walk model
Conducting a static forecast over the forecast sample using equation 2.2, the following forecast evaluation is obtained:
	Forecast evaluation
	

	Root Mean Squared Error
	0.144503

	Mean Absolute Error
	0.105171

	Mean Absolute Percentage Error
	478.0261

	Theil Inequality Coefficient
	0.579996

	
	Bias Proportion
	0.001662

	
	Variance Proportion
	0.370216

	
	Covariance Proportion
	0.628122


Table 17 | Forecast evaluation of equation 2.2
Note that the Root Mean Squared Error statistic is dependent on the scale of the variables. Since we are using differenced variables instead of levels, this scale has most probably changed.
The Theil Inequality Coefficient statistic is independent of the scale of the variables. It ranges from 0 to 1, where 0 means the forecast is perfect. With 0.58 this model does not perform exceptionally well. The Theil Inequality Coefficient can be divided up into three proportions, adding up to 1: the Bias Proportion, Variance Proportion and Covariance Proportion. The Bias Proportion should be as close to 0 as possible. It measures any systematic over or under prediction. As can be seen, this model performs very well on this statistic, with a value of 0.00. This means there is no systematic over or under prediction. The Variance Proportion should be as small as possible as well. It measures the model's ability to replicate the variance in the original series. If it is large, the original series systematically has a higher degree of fluctuation than the forecast. This model's performance on the Variance Proportion statistic could be better, but it is not bad. Especially since the Covariance Proportion is a lot bigger. The Covariance Proportion measures unsystematic error. This proportion should ideally be the highest of the three, which is the case.
The first difference of the logarithmically transformed Bitcoin/US Dollar exchange rate and its forecast according to equation 2.2 look as follows:

Graph 1 | First difference of the logarithmically transformed US Dollar price in Bitcoins. Actual and equation 2.2's forecast.
As can clearly be seen now, the forecast fluctuates a lot less than the actual series. This is what the Variance Proportion pointed out already. Now if we undo all data transformation done to arrive at equation 2.2, and plot it, we obtain the following graph:

Graph 2 | The Bitcoin price in US Dollars. Actual and equation 2.2's forecast.
Note that, for the purpose of easy interpretation of this graph, the exchange rate has been inverted. This graph shows the US Dollar/Bitcoin exchange rate, instead of the Bitcoin/US Dollar exchange rate we have been using. While the upward trend in the actual series is nicely reflected in the forecast, it is now even more obvious that the forecast does not replicate the original series' variance. 
The Dornbusch model
Conducting a static forecast over the forecast sample using equation 2.10, the following forecast evaluation is obtained:
	Forecast evaluation
	

	Root Mean Squared Error
	0.159815

	Mean Absolute Error
	0.119581

	Mean Absolute Percentage Error
	606.4176

	Theil Inequality Coefficient
	0.719933

	
	Bias Proportion
	0.004462

	
	Variance Proportion
	0.707623

	
	Covariance Proportion
	0.287915


Table 18 | Forecast evaluation of equation 2.10
The Theil Inequality Coefficient of 0.72 is fairly high. This indicates this model is not such a good predictor of the Bitcoin/US Dollar exchange rate. The model does not systematically predict values too high or too low, as indicated by the low Bias Proportion of 0.00. The model does, however, fail to reproduce the variance of the original series, as indicated by the high Variance Proportion of 0.71.
The Covariance Proportion, ideally the highest of the three proportions, measures unsystematic error. With 0.29 this is not the case for this model.  
The first difference of the logarithmically transformed Bitcoin/US Dollar exchange rate and its forecast according to equation 2.10 look as follows:

Graph 3 | First difference of the logarithmically transformed US Dollar price in Bitcoins. Actual and equation 2.10's forecast.
The forecast fluctuates a lot less than the actual series, which the high Variance Proportion did already indicate. If we undo all data transformation done to arrive at equation 2.10, and plot it, we obtain the following graph:

Graph 4 | The Bitcoin price in US Dollars. Actual and equation 2.10's forecast.
Again, the exchange rate has been inverted for the purpose of interpretation. The forecast follows the actual series' upward trend. However, while the actual series is heavily fluctuating, the forecast fails to replicate any of this variance. This was already indicated by the high Variance Proportion. 
Combined
Conducting a static forecast over the forecast sample using equation 2.13, the following forecast evaluation is obtained:
	Forecast evaluation
	

	Root Mean Squared Error
	0.148146

	Mean Absolute Error
	0.107256

	Mean Absolute Percentage Error
	476.4820

	Theil Inequality Coefficient
	0.564257

	
	Bias Proportion
	0.001294

	
	Variance Proportion
	0.333614

	
	Covariance Proportion
	0.665093


Table 19 | Forecast evaluation of equation 2.13
Looking at the Theil Inequality Coefficient, it is slightly above average with 0.56. The model does not systematically over or under predict, as indicated by the very low Bias Proportion of the Theil Inequality Coefficient. The Variance Proportion of 0.33 indicates the model does not perform optimal when replicating the original series' variance. The Covariance Proportion is ideally the largest of the three, which is the case for this model.  The first difference of the logarithmically transformed Bitcoin/US Dollar exchange rate and its forecast according to equation 2.13 look as follows:

Graph 5 | First difference of the logarithmically transformed US Dollar price in Bitcoins. Actual and equation 2.13's forecast.
The forecast seems to follow the original series quite nicely. However, its peaks are less extreme. If we undo all data transformation done to arrive at equation 2.13, and plot it, we obtain the following graph:

Graph 6 | The Bitcoin price in US Dollars. Actual and equation 2.13's forecast.
The exchange rate has been inverted again, for easy interpretation. As can be seen, the forecast does follow the upward trend of the actual series. It also follows some, but definitely not all, fluctuations of the original series.
Results
The following forecasting evaluation comparison can be drawn:
	Forecast evaluation
	Autoregressive
	Dornbusch
	Combined

	Root Mean Squared Error
	0.144503*
	0.159815
	0.148146

	Mean Absolute Error
	0.105171*
	0.119581
	0.107256

	Mean Absolute Percentage Error
	478.0261
	606.4176
	476.4820*

	Theil Inequality Coefficient
	0.579996
	0.719933
	0.564257*

	
	Bias Proportion
	0.001662
	0.004462
	0.001294*

	
	Variance Proportion
	0.370216
	0.707623
	0.333614*

	
	Covariance Proportion
	0.628122
	0.287915
	0.665093*

	
	* denotes the optimal value


Table 20 | Forecast evaluation comparison of equations 2.2, 2.10 and 2.13
Since all three models use the logarithmically transformed first difference of the Bitcoin/US Dollar exchange rate as the dependent variable, the scale is the same. So it is possible to look at the Root Mean Squared Error. On the basis of that statistic, the autoregressive model performs best out of all three models. The same applies to the Mean Absolute Error. Based on every other statistic, the autoregressive model outperforms the Dornbusch model. However, the combined model outperforms the other two. 
Conclusion
The research problem of this paper is to try to specify a Dornbusch-inspired structural exchange rate model which is able to outperform a random walk exchange rate model in forecasting the Bitcoin/US Dollar exchange rate on the basis of the Root Mean Squared Error and the Theil Inequality Coefficient. The following hypotheses were formulated:
· H0: It is not possible to construct a Dornbusch model which outperforms a random walk model in forecasting the Bitcoin/US Dollar exchange rate on the basis of the Root Mean Squared Error and the Theil Inequality Coefficient.
· Ha: It is possible to construct a Dornbusch model which outperforms a random walk model in forecasting the Bitcoin/US Dollar exchange rate on the basis of the Root Mean Squared Error and the Theil Inequality Coefficient.
It is found that the Dornbusch model in itself is not very meaningful in forecasting said exchange rate. Also, the autoregressive model performs significantly better than the Dornbusch model. For this reason, the null hypothesis cannot be rejected. Consequently, the alternative hypothesis is rejected. 
However, if the Dornbusch and autoregressive models are combined, the best forecasting performance is obtained. This indicates that the Dornbusch model does add meaningful information to the autoregressive model and thus, Dornbusch' ideas are somewhat applicable to the Bitcoin/US Dollar exchange rate. 
In conclusion, we can say that the Dornbusch model, while unable to outperform the autoregressive model in forecasting the Bitcoin/US Dollar exchange rate on the basis of the Root Mean Squared Error and the Theil Inequality Coefficient, does contain meaningful information which helps to improve the autoregressive model's forecasting performance.
Limitations and recommendations for further research
The main limitation of this research is due to the fact that data on the Bitcoin is scarce. Basically the only historical data available is its US Dollar price. Fortunately, this is available on a real-time basis opening up possibilities for high frequency data analysis. However, data on Gross Domestic Product or population is not available on such a high frequency. Since the Bitcoin has only been around for about 5 and a half years, it is impossible to conduct any meaningful research on a frequency lower than weekly, because using a lower frequency would result in very few observations. Yet, this makes it necessary to convert data series of a lower frequency (i.e. monthly or even yearly) to weekly series. This results in a lot of estimation and data observations which are not real observations. This is of course not optimal. 
The main recommendation for future research therefore is to either wait a couple of years until, for example, monthly research on the Bitcoin is feasible, or to conduct research using only variables with the right (i.e. weekly) frequency. This has been impossible for this paper, as, to estimate the Dornbusch model, some data simply had to be used. A more in-depth analysis of the Bitcoin exchange rate's autoregressive behavior is one suggested research. Another suggestion is to attempt to identify other economic fundamentals as causes of the Bitcoin price. Lastly, it might be interesting to investigate the relationship between the Bitcoin's price and certain 'internet variables'. The correlation between the Bitcoin's price and the Google Search frequency on the Bitcoin is evident from graph 7, below. Other factors might include trending topics on Twitter and number of people talking about the Bitcoin on social media like Facebook and Google+. 

Graph 7 | Bitcoin price plotted together with Google Trends on Bitcoin
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Appendix
Information about the datasets used:
	
	St
	Mt
	Yt
	It
	Pet

	Source:
	CoinDesk
	Federal Reserve System Board of Governors
	OECD.StatExtracts
	Federal Reserve System Board of Governors
	US Bureau of Labor Statistics

	Original frequency:
	Daily
	Weekly
	Monthly
	Weekly
	Monthly

	Transformation:
	Weekly averages
	none
	Linearly filling in the unknown weeks
	none
	Linearly filling in the unknown weeks

	
	
	
	
	
	

	
	
	Mt*
	Yt*
	It*
	Pet*

	Source:
	
	Blockchain
	OECD.StatExtracts
	OECD.StatExtracts
	US Bureau of Labor Statistics

	Original frequency:
	
	Daily
	Monthly
	Monthly
	Monthly

	Transformation:
	
	Last observation of the week is used
	Linearly filling in the unknown weeks after constructing a population weighted average
	Linearly filling in the unknown weeks after constructing a population weighted average
	Linearly filling in the unknown weeks after converting US CPI data into Bitcoins using St


Table 21 | Various information about the datasets
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