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Abstract
Cryptocurrencies have become very popular in the past few years, but how do they compare to traditional assets when specifying the risk and return? This paper aims to examine the risk and return of cryptocurrencies and compare these to more traditional assets using a generalised autoregressive conditional heteroscedasticity model (GARCH) which estimates the standardised volatility. Additionally, the paper will use the Sharpe ratio which shows the risk-return ratio of a portfolio. The results conclude that using both the GARCH model and the Sharpe ratio, cryptocurrencies are significantly riskier; however, the returns outweigh the risks. These findings are similar to a number of past literature on cryptocurrency. Cryptocurrencies are relatively new compared to most traditional assets and recent rapid developments within the cryptocurrency space suggest that more research is needed.
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1 Introduction
Bitcoin was the first cryptocurrency released in 2009 as open-source software, created by the pseudonymous Satoshi Nakamoto. Stock risk and return are generally calculated using the Sharpe ratio since its introduction (Sharpe, 1966; Sharpe, 1994). The Sharpe ratio will calculate the risk-adjusted returns to show the risk to reward of an asset in this case. The higher the ratio, the better reward to risk you will be achieving. While there have been numerous in-depth papers on cryptocurrencies in general, there is a limited number specifically on the risk and reward using the Sharpe Ratio and GARCH model (Chu et al., 2017).  
Many current literature pieces focus on Bitcoin specifically, but since 2014 Bitcoin’s market dominance as a percentage of total market capitalisation has slowly been falling from 95% in May 2013 to 40% as of May 2021, showing that alternative coins have become significantly more attractive to investors. Additionally, the ever-growing birth rate of cryptocurrencies will only decrease the dominance of Bitcoin. Therefore, the paper will look at many different cryptocurrencies that vary in market capitalisation which will add to the literature in this field.  
The cryptocurrencies that will be used are Bitcoin (peer-to-peer digital currency), Ethereum (smart contract functionality), Binance coin (used in the Binance ecosystem), Dogecoin (meme coin), Litecoin (peer-to-peer digital currency), Monero (privacy-focused cryptocurrency, Dash (digital cash), DigiByte (peer-to-peer digital currency), Verge (privacy-focused cryptocurrency), BitShares (used in BitShares exchange ecosystem), Nexus (2nd layer blockchain technology). The cryptocurrencies mentioned above vary in their use cases and this shows the diversity within the market.
The paper will be organised as follows: Section 2 will provide an overview of the literature, focusing on many different important aspects of cryptocurrencies. Section 3 will introduce the unit root test and GARCH models used in this study. Section 4 provides the detailed data description behind the model. Section 5 evaluates the findings of the model and the Sharpe Ratio. Section 6 concludes the findings of the paper and discusses its limitations of the paper.

[bookmark: _Hlk125377488]2. Literature Review 
[bookmark: _Hlk125377502]Cryptocurrencies are built on decentralised networks using blockchain technology. The blockchain is a type of database that strings together the information from transactions made by a cryptocurrency. Furthermore, the blockchain is not controlled by one single person, it is controlled by all users. The information in the blockchain is irreversible and it is accessible to everyone. Bitcoin specifically gained mainstream attention in 2013 as a secure and cheaper way to send money. One way to measure the adoption of cryptocurrencies is to look at the market capitalisation change since its creation, which topped $2 trillion (Kharif, 2021). Alternatively, researchers have looked at the frequency of Google search keywords including cryptocurrencies (Bourgi, 2021). In light of the recent media attention that the cryptocurrency space has received, there have been a huge number of new projects dying and being created. Wu (2018) discovered that from 2015 to 2018 there was a significant increase in the birth and death rate of cryptocurrencies. From 2015 to 2018 there was more media attention than before and therefore more investors leading to an increase in the birth rate. As the birth rate increased, many new projects released did not have the backing or knowledge to flourish and therefore died, which resulted in a huge drawback for emerging projects. The drawback of projects was mainly seen at the end of the bull runs when the prices plummeted.
[bookmark: _Int_60H02FTu][bookmark: _Int_BWFTo1PP]Chen et al (2016) examined through econometric analysis which ARCH model was best for the cryptocurrency index (CRIX). The authors discovered that a TGARCH (1,1) was the best-fitting model. However, when this model was used with my data set from August 2015 to June 2021 it was not the best fitting and therefore was not used. TGARCH is a threshold GARCH model which is mainly used when modelling asymmetric volatilities in financial data. Letra (2016), was creating a model which analysed the effects of daily Bitcoin prices on different search trends within Google and found that a GARCH (1,1) model was the best fit. Chu et al. (2017) found that after looking at model cryptocurrencies, the GARCH is the best fit when estimating value at risk.
Chuen et al (2018) examined the cryptocurrency index and the risk associated with investing in the index. The results show that incorporating the cryptocurrency index into a portfolio increases the Sharpe ratio, although they cautioned that the high ratios were not necessarily everlasting. Ahmed (2020) discovered significant evidence that shows that Bitcoin’s positive risk and return trade-off is unconfirmed. Rossi and Timmerman (2010) found that linear models cannot fully capture the relationship between volatility and returns. Barkai (2021) discovered that Bitcoin has the greatest risk-return portfolio, compared with Litecoin and Ripple, they lend this to the market dominance of Bitcoin.

[bookmark: _Hlk125377526]2.1 Volatility
[bookmark: _Hlk125377536]Jimoh and Benjamin (2020) discovered that in relation to bad news, the stock market reacts more volatile than the cryptocurrency market, however, this paper focused specifically on the Nigerian stock market which is significantly smaller than more developed markets such as the US stock market. Seys and Decaesteceker (2016) analysed the impact of news on the price of Bitcoin; they collected 22 events from 2015-2016. The authors discovered that rumours caused large price changes; however, this was only over a short period of time and with a small number of events, so a significant conclusion cannot be confirmed. The reason for most variation in price within cryptocurrencies comes from other projects innovating greater technologies and investors jumping from project to project (Lánský, 2016). Alternatively, Li and Wang (2017) believed that “the long-term Bitcoin exchange rate is more sensitive to economic fundamentals and less sensitive to technological factors”.
Caporale and Zekokh (2019) used a GARCH model to estimate and model the volatility within cryptocurrencies; they conclude that a considerable volume of users holds Bitcoin as a substitute for investing in the stock market. This is credited to the rapidly increasing cryptocurrency market. 
Foley et al. (2019) stated: “Since cryptocurrency lacks intrinsic value, the exchange is shown to provide a pseudo-efficient trading platform for speculative investors.” This is reiterated by Nizzoli et al. (2020) who believed that cryptocurrencies are the market with the highest volume of financial speculation. This financial speculation is heavily correlated with cryptocurrencies’ abnormal volatility levels (Blau, 2017). The abnormal volatility and financial speculation lead to certain individuals achieving very quick returns on investments (Baur et al., 2015). As investment opportunities, cryptocurrencies are very lucrative, however, the prices fluctuate too substantially for lending purposes. 
Similarly, Foley et al. (2019), (Nizzoli et al., 2020; Baur et al., 2015; Cheah and Fry, 2015) stated that there are large cryptocurrency bubbles forming with significant financial speculation seen throughout cryptocurrency. Additionally, Grinberg (2011) found that the higher volatility specifically can lead to larger and more frequent speculative bubbles than traditional markets. The bubbles within the cryptocurrency market have been quite significant: in 2013, Bitcoin increased from $130 to just over $1,000 for it then burst and drop down to $200. These bursts have been quite considerable and have been repeating every couple of years as Corbet et al. (2017) have discovered.
Additionally, Baur et al. (2015) mentioned the increased ability for speculative attacks within cryptocurrencies as there is a lack of regulation like the stock market. This differs from Kristoufek (2014), who finds that the volatility within cryptocurrencies is caused predominantly by the investors’ interest. Several wealthy investment firms release statements or order huge selloffs to attempt to drive their price lower to buy them back significantly cheaper at a later stage. However, this is also seen in the stock market where hedge funds often order large selloffs to drive the price down. Catania and Grassi (2017) discovered that unlike exchange rates, the volatility dynamics in cryptocurrencies are significantly affected by leverages. Large leveraged positions can be liquidated very quickly, causing massive dips in the market. This differs from Ben and Xiaoqiong (2019), where the association between exchange rates and cryptocurrency performance is considerable. 
The volatility in the cryptocurrency market has led to many firms reversing their stance on their acceptance of cryptocurrency as payment. This is because of the price difference from day to day, which causes financial forecasting to become very difficult for large global firms. 

[bookmark: _Hlk125377555]2.2 Comparison between how cryptocurrencies, fiat money and assets behave
[bookmark: _Hlk125377569][bookmark: _Int_jgeVwbRI][bookmark: _Int_tjf583ON]To see how risk and return are linked within cryptocurrencies, it is important to try and distinguish what financial categories cryptocurrencies fall into. Initially, Nakamoto (2008) see Bitcoin as an alternative to traditional currencies and gold: this is also relayed by Li et al. (2020), who found that there were certain scenarios where Bitcoin behaves similarly to currencies and as a store of wealth. However, the authors mentioned that due to the uniqueness of the market, it may not behave in similar ways to other assets when exposed to a global event. This has partially been seen throughout the COVID-19 pandemic, where Bitcoin hit recent highs and oil crashed partway through the year.
While Bitcoin has been acknowledged as a commodity by the United States, Japan and El Salvador have declared it as a currency legally backed by the countries – does this constitute just Bitcoin being a fiat currency?
Fiat money has a few key characteristics – these include being backed by the government (centralised), having zero intrinsic value, being divisible, serving as a medium of exchange, store of value, and unit of account. In comparison, Bitcoin is currently being backed by El Salvadora as a legal tender, with a number of other smaller economies looking to adopt it. However, Tomić et al. (2020) stated that because the cryptocurrency market is regulated by private entities, the effect on the monetary system is significant. The authors stated that “Currently crypto does not have the capacity to endanger the international monetary system”. This could be potentially seen in a country of El Salvador’s economical stature which was ranked at a GDP of 103 out of 213 countries as seen in the world economic outlook database.
[bookmark: _Int_icweJ4on]Bitcoin is decentralised and regulated by the network. It is durable and easily divisible. For Bitcoin to be a medium of exchange, cryptocurrencies still need to be more widely accepted but at the rate of acceptance that should not be too far into the future. One reason for the slow adoption of cryptocurrencies is the extremely high volatility which undermines the usage of Bitcoin as a medium of exchange and as a unit of account. Yermack (2015) assessed to see if Bitcoin is a real currency; they discovered that it fails to meet the criteria stated above, but that it has similar characteristics to speculative investment. Conversely, Bjerg (2016) found that Bitcoin is like “commodity money without gold, fiat money without a state”, which, from looking at the characteristics is accurate. Bitcoin and fiat money share many similarities, the key difference lies in whom it is controlled by. Governments can make the central banks print out more fiat money in contrast, most cryptocurrencies have a fixed supply and are controlled by private people or entities. Gervais et al. (2014) stated that Bitcoin is not a “normal” currency, it has lots of features from several different assets and currencies. One of those is the fact that it is much easier to store and is more secure than gold but does not have the stability that some individuals look for. Zimmerman et al. (2014) assessed individuals’ aims while using Bitcoin; they concluded that the users were predominately using it as an investment rather than as a method for transactions. This is due to the high volatility producing attractive easy and quick profits. 
Dyhrberg (2016) explored the relationship between Bitcoin and virtual gold: they conclude that there are hedging capabilities. The main hedging capabilities are with the Financial Times Stock Exchange (FTSE) Index, Bitcoin can be used in conjunction with gold to minimise risk. Smith (2016) stated that Bitcoin is closer in the asset class to digital gold, but also discussed the correlation between currency exchange rates and Bitcoin price.
Wijk (2013) used the Dow Jones Index to show that Bitcoin is influenced by the stock market, but Kristoufek (2013) believed that this is because of the high speculation within the cryptocurrency market. Wang, Xue and Liu (2016) discovered that the oil prices and stock index do influence the price of Bitcoin in the short run, however in the long run there is a negative effect on Bitcoin’s price. Additionally, Ciaian, Rajacniova and Kancs, (2016), Bouoiyour and Selmi (2015) concluded that the variables such as oil prices do not impact the price of Bitcoin in the long term. 
Many academic papers contradict each other, and in the cryptocurrency space, there has not been a clear consensus on the macroeconomic determinants that significantly affect the price of Bitcoin. This is mentioned by Vockathaler (2015), where results vary drastically when they are re-tested with new data. The author found that unexpected shocks such as power outages in China are the most significant factor in the volatility of Bitcoin. Likewise, Farell (2015) examined the key factors that affect growth and price and discovered that government regulation and retailers’ acceptance are significant. 
Cryptocurrencies, and specifically the blockchain stop the double spending problem, as all transactions are checked and verified. However, with traditional banking, there can be errors where individuals will pay for the item twice. Making payments internationally can be cheaper and faster using cryptocurrencies as it is free to transfer any amount of TRX on the Tron Network within a few seconds. Internationally, it can cost upwards of 3-4% in fees and take up to 3 days. When a cash transaction takes place, both individuals need to be in the same location to exchange the money hence this creates difficulties in the case of long distances. Therefore, electronic payments were formed, and intermediaries and central authorities were created such as eBay. However, these intermediaries will take a small percentage as a handling fee.
Unlike credit card payments, transactions are irreversible; if someone steals your crypto information it is very unlikely you can get it back. Instead, with a credit card, you can cancel an order within 30 minutes, and it will be back in the bank account which is considerably more protection than cryptocurrencies. Additionally, within cryptocurrency, only the individual knows the address details, but with internet banking, you have the account number, sort code and full name of the individual. If fraud has taken place, it is easier to follow and retrieve. If you are banking within the United Kingdom with a regulated certified bank, the financial services compensation scheme (FSCS) will compensate an individual up to £75,000 if the bank goes out of business. This level of protection does not exist within cryptocurrencies.

[bookmark: _Hlk125377345][bookmark: _Hlk121131940]2.3 Countries’ decisions on cryptocurrencies & regulation
[bookmark: _Hlk125377359]Since Bitcoins’ creation, countries have been dealing with cryptocurrency regulation in three main ways: these are outright banning, a ‘wait and see approach’, and regulation. The different methods that countries use when making decisions vastly impact the price of cryptocurrencies and therefore the risk involved.
Banning consists of restricting the use of cryptocurrencies; this is either done by banning its acceptance as a currency or prohibiting banks and other companies from accepting deposits of cryptocurrencies. There are a few problems with this strategy, as individuals can use a VPN (a virtual private network) to change their online location to allow them to appear in a country that allows the buying and selling of cryptocurrencies. Furthermore, if a country bans cryptocurrency, then it cannot profit from the potential tax revenue and the advanced technology in place surrounding the market. 
The ‘Wait and See Approach’ is used by governments who are unsure of the potential future or the threat that cryptocurrencies hold, and therefore do not see the need to regulate the market within the country. What has been seen in many countries is that governments have begun to issue warnings about the risks of investing in the cryptocurrency market. The warnings set by governments can dissuade individuals from investing and therefore reduce the volume and in turn the price.
Many cryptocurrency exchanges self-regulate to stay within the requirements of a country’s regulation or to try and provide greater protection for individuals against hackers. However, there is still an abundance of legal uncertainty and fraud risks, whether this is due to a lack of education on hacking and a basic understanding of the cryptocurrency world or regulation.
Plassaras (2013) suggest that cryptocurrencies should have a quasi-membership status within the IMF (international monetary fund) which would recognise cryptocurrencies and regulate them. There is still a lack of agreement on how to regulate cryptocurrencies across the world with many different countries taking alternative views. The European Union (EU) has taken the initiative by investing in many blockchain projects for the future (European Commission, 2020); this is the total opposite of China which has banned all cryptocurrencies and has stopped the process of mass cryptocurrency mining. After the investment by the EU, there has been a hesitancy about implementing too many regulations as they don’t want to hinder a growing market that they are a part of. Currently, the European Central Bank (ECB) does not consider virtual currencies as legal tender; however, there is a plan to create a digital Euro which will be a stablecoin (European Central Bank, 2021). Additionally, the US Federal Reserve has also indicated that they would like to digitise their currency to have a federally backed stablecoin. This is different from the United States of America Dollar Token (USDT), which is only partially backed by the US dollar and is in no way backed by the Federal Bank of America. These comments made by large governments lead individuals to become more confident that cryptocurrencies will be the future and thus increase the price.
To many investors, the appeal of cryptocurrencies is due to their unregulated nature and the fact that it is not controlled by an individual or government that can be corrupted. However, more regulation in the market could potentially lead to greater adoption of cryptocurrencies and allow them to be more freely available. Regulation could also increase stability, which would in turn lead it to share more characteristics with money.  

3 Method
The main goal of the paper was to evaluate the relationship between risk and return within cryptocurrencies. In this case, the paper used the standardised volatility to capture the risk within an asset, as in most cases, the higher the volatility, the riskier the asset. 

Figure 1 Bitcoin’s Residuals Plotted Versus Time
[image: Chart, line chart

Line graph illustrating residuals from -40 to 20 over time from 0 to 2000. ]

When looking at the residual chart in Figure 1 within Stata, there were several large clusters of data within the sample period chosen. Running an archlm test will demonstrate if there is an ARCH disturbance in the returns of Bitcoin. From this test, you can clearly see that the residuals are considerably distributed.
Using the Dicky-Fuller unit root test within the Bitcoin price there is non stationarity. With the rate of return using the Dicky-Fuller unit root test is significant at the 1% level and therefore there is stationarity in the variable.
The ARCH variance Model 1: 
yt = 
Therefore, a variation of the ARCH model is needed to completely capture the effects. 
[bookmark: _Int_NVWZuH7l]yt is the variance at time t. α0 is the conditional mean. α1 is the volatility process. e2 is the error term.
The ARMA-GARCH Model 2 general equation is as follows:
 + 
[bookmark: _Int_dcmQTqge][bookmark: _Int_9jb7XHHL][bookmark: _Int_7bK9a4qz]yt is the daily price of the specified financial item. C is a constant term. Øi is the parameter of the autoregressive component of m. yt-1 is the lagged daily price of the specified financial item. θj is the parameter of the moving average component of n. εt-j is the error term. η is the long run volatility. β is how often volatility is present and α is how new information affects volatility. Which is also seen in Ghani and Rahim (2019).
This is an ARMA(m,n) and GARCH(p,q) model. From a range of different models, one model was selected by using the Bayesian (1978) information criterion (BIC) and the Akaike (1974) information criterion (AIC). The BIC and AIC are used in the selection of multiple fitting models. The BIC initially was created by Gideon Schwarz in 1978 but was developed by Bayesian; AIC was developed by Hirotsugu Akaike in 1973. The main difference between the two models selecting criteria is the harsher penalty in BIC for more parameters. The BIC and AIC help to identify the lags needed in ARMA-GARCH models. Using both information criteria a GARCH (1,1) was selected. This selection is in-line with most literature findings seen in the literature review. The GARCH (1,1) model was then used to calculate residual diagnostic checks to see if there was sufficient white noise in the model. The ARMA part of the equation m and n is zero as suggested by the BIC. The GARCH (Bollerslev, 1986) model adds lags to the variance, Model 3 is shown below and is defined in Bollerslev’s paper:

To use the estimated standardised volatility calculated above, Ahmed’s (2020) model will be slightly altered through a range of regressions in order to view the return to risk of Bitcoin and other cryptocurrencies. This regression will be an Ordinary Least Squares (OLS) regression with robust standard errors. To deal with the potential endogeneity in the model there will be a generalized methods of moments (GMM) approach.
The Sharpe Ratio: 
SR = 
Where Rp is the return of the portfolio specified. Rf is the risk-free rate calculated using the risk-free rate specified by the US government.  is the standard deviation of the portfolio’s excess return. 
The Sharpe ratio will be calculated to allow the bilateral comparison between the different assets shown. The Sharpe ratio adjusts a portfolio expected for risk and concludes how much excess return will be received for an additional unit of risk. Sharpe (1994) states that the Sharpe ratio may not give a reliable portfolio ranking if assets are correlated. Therefore, each asset will be in its own portfolio to not affect other assets negatively or positively as the correlations to Bitcoin can be seen in Table 1.
Ahmed (2020) model: 	

Where Rt is the return of Bitcoin.  is the intercept. Rt-i is the return of Bitcoin lagged by one period. Vt-1 is the volatility lagged by one time period.  is the error term.
After altering the model by Ahmed (2020) of Risk-Return shown above, regression 1 below was formed.
Model in Regression 1:

Where BRt is Bitcoin’s daily return at time t. is the intercept term.  is the constant attached to  which is Bitcoin’s daily return at one previous time period.  is the constant attached to Vt which is the volatility of Bitcoin at time t.  is the stochastic disturbance term within the model. When  is positive and significant, it will indicate that a higher previous time return rate will increase the current return rate of Bitcoin. When  is positive and significant, it will imply that higher volatility stimulates higher returns. This would explain a presence of a risk-return trade-off, the volatility may be lagged in future regressions to see if there is a time variance between the returns and volatility. The volatility calculated in this model is estimated using the GARCH (1,1) model previously shown. The GARCH (1,1) model was the best fitting to the data series.  
The 2nd regression:

Where the variables are the same as regression 1, however, LBTCP is the log of Bitcoins price. This variable was added to the regression as it shows the returns and how those changes as the logged price increases. 
The 3rd regression:

Where the variables are the same as regression 1, however, the constant has been removed. The constant was removed as it was not significant in the previous two models. However, without the constant the model is forced through (0,0).
The 4th regression:

There is not a constant which is also seen in the 3rd regression, additionally, a lagged volatility term subscript has  has been added which is seen in Ahmed’s (2020) paper. 
The 5th regression:

Where  has been removed from model 1, which is the constant and the Bitcoin returns lagged by one time period, being a singular day.
The 6th regression is:

Where LBTCRt is logged Bitcoin return at time t and Vt-1 is the volatility lagged by one period of time and the rest of the equation is the same as the model stated in regression 1. This is to see the difference in results and significance when the returns are logged.

4 Data
The daily data of cryptocurrencies are taken from the Coinmarketcap (which is a website that has daily data points for cryptocurrencies) and range from August 2015- June 2021, except for Binance coin, which was created in 2017. The market capitalisations are taken from the 23rd of July 2021. The other assets (Oil, Gold, S&P, US Dollar) were taken from uk.investing and all range from August 2015- June 2021. 
[bookmark: _Hlk121134970]Listed below are 12 cryptocurrencies with varying market capitalisation, to see if there is a variation in the Sharpe ratio due to market capitalisation. When deciding which cryptocurrencies to use, this dissertation used the oldest cryptocurrency in each specific market capitalisation to ensure that there were many data points, to guarantee accuracy. This also ensures that the time series is not affected differently through bull and bear runs. Using the time period from August 2015 – June 2021 will provide a large sample (roughly 2159 data points), showing 2 distinctive bull runs (2018, 2021) and a less distinctive bull run in (mid-2019). BNB (Binance coin) has been added from July 2017 as such a large cryptocurrency with only Tether close in market capitalisation. Tether (USDT) cannot be included as it is pinned to the US dollar. The cryptocurrency abbreviations are as followed: Bitcoin (BTC), Ethereum (ETH), Binance Coin (BNB), Dogecoin (DOGE), Litecoin (LTC), Monero (XMR), Dash (DASH), DigiByte (DGB), Verge (XVG), Bitshares (BTS), Syscoin (SYS), Nexus (NXS).
The Risk-free rate of government bonds in the United States of America is 2% according to the United States government website which was used when calculating the Sharpe ratio. The other traditional assets include S&P (Standard and Poor) 500, Oil, US Dollar Index and Gold. These assets have a daily date range from August 2015- June 2021. There are fewer data points with traditional assets as the trading markets are closed on weekends and bank holidays. 

Table 1 A detailed table of different cryptocurrency assets and a comparison to more traditional assets
	Asset
	Market Cap in USD $
	Sharpe Ratio
	% Returns >0
	Mean
	SD
	T Statistic
	Correlation to BTC returns

	BTC
	636,359,806,389
	1.6
	55.14
	0.30%
	3.98%
	3.55
	1

	ETH
	253,556,810,462
	1.64
	50.81
	0.53%
	6.50%
	3.81
	0.02686

	BNB*
	51,043,467,728
	4.11
	52.15
	0.85%
	8.02%
	4.01
	-0.0539

	DOGE
	25,480,262,751
	1.14
	48.58
	0.69%
	10.80%
	2.98
	0.3344

	LTC
	8,418,391,849
	0.71
	49.57
	0.33%
	5.81%
	2.61
	0.6498

	XMR
	3,735,691,095
	1.32
	51.02
	0.49%
	6.64%
	3.40
	0.5331

	DASH
	1,481,991,314
	0.70
	49.46
	0.36%
	6.25%
	2.66
	0.5183

	DGB
	581,783,863
	0.93
	47.54
	0.76%
	10.94%
	3.25
	0.3549

	XVG
	319,194,713
	0.79
	49.51
	1.25%
	14.70%
	3.92
	0.2809

	BTS
	120,488,172
	0.27
	48.14
	0.41%
	8.26%
	2.31
	0.4321

	SYS
	78,494,933
	0.77
	50.08
	0.67%
	9.62%
	3.24
	0.3630

	NXS
	33,008,960
	0.81
	50.70
	0.77%
	10.43%
	3.42
	0.3391

	Average for cryptocurrencies
	/
	1.23
	50.23
	0.62 %
	8.50%
	3.26
	0.3435

	Traditional Assets
	
	
	
	
	
	
	

	Oil
	/
	(0.20)
	45.95
	0.01%
	2.73%
	0.13
	-0.0065

	Gold
	/
	0.47
	52.79
	0.04%
	0.86%
	1.61
	-0.0093

	S&P
	/
	0.57
	55.08
	0.06%
	1.19%
	1.80
	-0.201

	US Dollar Index
	/
	(0.48)
	52.13
	-0.003%
	0.38%
	-0.30
	-0.0196


* BNB from 26th July 2017
[bookmark: _Hlk121134986]The difference in the standard deviation between the two is significant; specifically, gold and the cryptocurrency average are 0.86% and 8.50% respectively. This vast difference shows the increased volatility within the market. Surprisingly, the number of days that have positive returns while holding Bitcoin is 55.14%, which is significantly higher when compared to the cryptocurrency average. However, when compared to traditional assets such as the S&P, it is much more in line with expectations. There does not seem to be a trend between market capitalisation and the Sharpe ratio. Conversely, as expected, the volatility within smaller market capitalisation cryptocurrencies was greater than the larger market capitalisation cryptocurrencies (Wang et al., 2019). The negative Sharpe ratio seen in oil and the US Dollar Index is due to the risk-free rate being larger than the returns of the asset. The T statistic is a test to see whether the returns of that specific cryptocurrency are larger than zero.
[bookmark: _Int_243RPyiF][bookmark: _Int_3aLfWjqA]Wang et al. (2019) found that small market value cryptocurrencies have higher average returns. In the data that is observed above, the smaller market capitalisation cryptocurrencies have larger than average mean returns, which is in line with the findings from Wang et al. (2019).
When deciding whether to invest into a certain portfolio, the Sharpe ratio is often calculated. If a portfolio has a ratio of 0.2-0.5 then it is acceptable and is in line with the market expectations. An above average Sharpe ratio is 0.5-1. Anything greater than 1 is viewed as good by investors, half of the 12 cryptocurrencies have a Sharpe ratio of over 1. This shows that although there is a large increase in the risk and volatility within the cryptocurrency market, the rewards are worth the risk. While the more traditional assets only outperformed one cryptocurrency in the sample, Binance coin has the highest Sharpe ratio calculated at 4.11, which is more than likely due to the shorter time period recorded.
Most of the alternative assets are close enough to zero to have no correlation apart from the S&P which is -0.201; this correlation is most likely too small to be significant. However, the correlation between Bitcoin and Litecoin (0.6498) is significantly positive which was expected due to a large number of similarities in functions. Looking at the average cryptocurrency correlation to Bitcoin, there is a weak positive correlation. Oil has little to no effect on Bitcoin and the correlation is insignificant which is seen in Ciaian, Rajacniova and Kancs (2016), and Bouoiyour and Selmi (2015).
The correlogram tool is useful when using empirical time series data; these show the similarity between BTC and the lagged versions of Bitcoin over several time periods. Figure 2 below shows that there is autocorrelation, but through tests within Stata, they are not significant enough. Additionally, there does not seem to be a pattern when looking at the colleogram graph showing that the points are more than likely random. The colleograms in Figure 2 shows that there is stationarity within the series as the time does not have a visual trend. Additionally, using the Dicky-fuller unit root test on Bitcoin returns shows that the returns were stationary within the series.
Figure 2 Autocorrelation and Partial Correlation Within Bitcoins Returns
[image: Chart, scatter chart, box and whisker chart

There are two dotted graphs illustrating autocorrelation and partial correlation within bitcoin returns. The first graph, the x-axis is the lag from 0 to 40 while the y-axis is autocorrelation of BTC from -0.04 to 0.06. The second graph, the x-axis is the lag from 0 to 40 while the y-axis is partial autocorrelation of BTC from -0.04 to 0.06.]






[bookmark: _Int_FjJjLNc4]Figures 3 and 4 shown below explain the historical levels of Bitcoin and the Returns of Bitcoin over the sample period. The price of Bitcoin as seen over the sample period indicates two distinctive bull markets (where the financial asset in this case Bitcoin is increasing over time) and a smaller peak in 2019. The daily returns of Bitcoin in a percentage form can be seen that indicates the extreme levels of volatility throughout the sample period. The sharp decline towards the end of 2019 can be attributed to the speculation of Bitcoin halving which happened in 2020.
Figure 3 Bitcoins’ Price Level in USD ($) Over the Periods 2015-2021

[image: Chart, line chart

Line graph illustrating bitcoins' price level in USD ($) from 0 to 70,000 over the periods 2015 to 2021. ]

Figure 4 Bitcoin Returns (%) Over the Periods 2015-2021
[image: Chart

Line graph illustrating bitcoin returns level in percentage (%) from -50.00% to 30.00% over the periods 2015 to 2021. ]
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5 Empirical results
Below in Table 2, the estimations for the other 11 cryptocurrencies were completed using a GARCH (1,1) model as this is what was selected when using the AIC and BIC information criteria for each cryptocurrency data. Below only the returns compared to the volatility of the specified cryptocurrency are shown with no constant which is regression 5. The volatility in the tests is the volatility of the specified cryptocurrency, not Bitcoins. These tests are done with robust standard errors. V is the volatility coefficient. Additionally, the volatility of the traditional asset is shown below, however, a GARCH (1,1) was used.

	
	[bookmark: Asset_Comparison_Cryptocurrency]ETH
	BNB
	DOGE
	LTC
	XMR
	DASH
	DBG
	XVG
	BTS
	SYS
	NXS
	Gold
	S&P
	Oil
	USD

	V
	0.12***
	0.18***
	0.07***
	0.07***
	0.08***
	0.06**
	0.08***
	0.13***
	0.04
	0.06**
	0.07**
	0.04
	0.04
	0.07*
	0.002

	
	(0.03)
	(0.05)
	(0.03)
	(0.04)
	(0.03)
	(0.03)
	(0.03)
	(0.04)
	(0.03)
	(0.03)
	(0.03)
	(0.03)
	(0.08)
	(0.05)
	(0.03)

	N
	2154
	1436
	2160
	2160
	2160
	2160
	2160
	2160
	2160
	2160
	2160
	1539
	1488
	1525
	1543

	Robust standard errors in parentheses
***= 1% significance level

	**= 5% significance level

	*= 10% significance level


Table 2 Standardised volatility measures using a GARCH (1,1) model

These results are almost all significant at the 1% level for the cryptocurrencies, and the results show that there is not a larger difference in volatility when the market capitalisation changes with the largest to smallest capitalisation ranging from left to right. Additionally, as the rate of return increases by 10% the Ethereum volatility will increase by 119%. Instead, when oil’s rate of return increases by 10%, the volatility only increases by 75% which is slightly lower than five out of the twelve cryptocurrencies shown. The table of traditional assets is not very significant probably due to the GARCH (1,1) model used because it is tailored for Bitcoin specifically, and therefore it will not necessarily translate very well to other asset classes. 



Table 3 Regression from the models shown above
	[bookmark: Regression]Dependent Variable: BTCROI
	Dependent Variable: LogBTCROI

	[bookmark: _Hlk124340965]Independent Variable
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)

	β1
	0.000264
	0.005432
	
	
	
	-5.373804***

	
	(0.002762)
	(0.004601)
	
	
	
	(0.101991)

	lagBTC1
	-0.033293
	-0.033104
	-0.033260
	-0.030420
	
	-1.187217

	
	(0.032478)
	(0.032406)
	(0.021513)
	(0.021490)
	
	(0.896941)

	Volatility
	0.074420
	0.094816
	0.083897***
	0.599673***
	0.077940***
	

	
	(0.078976)
	(0.060429)
	(0.020769)
	(0.174859)
	(0.025581)
	

	logBTCPrice
	
	-0.000720
	
	
	
	

	
	
	(0.006135)
	
	
	
	

	LagVolatility1
	
	
	
	-0.523225***
	
	28.569478***

	
	
	
	
	(0.174946)
	
	(2.505672)

	N
	2159
	2159
	2159
	2159
	2160
	1189

	R2
	0.0018
	0.0025
	0.0076
	0.0117
	0.065
	0.1012

	R2Adj 
	0.0009
	0.0011
	0.0067
	0.0103
	0.067
	0.0997

	DW
	1.996
	1.9968
	1.9968
	1.9932
	1.993
	0.9228


Robust standard errors in parentheses
***= 1% significance level
**= 5% significance level
*= 10% significance level

The 1st regression does not yield any significant variables at any level, therefore, the model used in regression one will need to be altered.
The 2nd regression the log of Bitcoins price has been added and this again does not yield any significant variables. However, as seen in regression 1, the volatility measures are similar values to some of the literature researched.
In the 3rd regression, the constant β1 is removed from the model, volatility is now significant at the 1% level. The significant volatility measure shows that as Bitcoin returns increase by 10% the volatility also increases by 83%, which can be seen when looking at the volatility bands within exchange sites.
Regression 4 provides interesting results with significant volatility measures for the present period and lagged period, where the volatility increase (risk) causes a large increase in the rate of return of Bitcoin. Additionally, both lagged terms (returns and volatility) have negative coefficients, however, the lagged rate of return of Bitcoin is not significant. 
The 5th regression examines Bitcoins returns directly onto the volatility, and as returns increase by 10% the volatility also increases by 77.9%. The volatility here is significant at the 1% level and provides a useful insight into the risk-return of Bitcoin.
The 6th regression uses the log of Bitcoins’ daily returns as the dependent variable which differs from the other regressions. The lagged volatility is significant and positive which shows that as the volatility increases so does the log of Bitcoins returns, which indicates that there is a risk-return reward. However, as some of the rates of returns are too close to zero in size then many logged variables are zero, which reduces the number of observations. The reduction in certain observations has altered the Durbin-Watson test from around 2 for regressions 1-5 to 0.92 in regression 6 showing some positive autocorrelation. 

6 Conclusion 
To conclude, cryptocurrency returns are significantly higher than more traditional methods, whether you use the Sharpe ratio or look at the standardised volatility using GARCH modelling. There is a significant increase in risk, but also considerable returns that outweigh the present risk. Using the estimations calculated above cryptocurrencies are roughly 7x riskier than the S&P 500 index as well as having a mean which is around 10x larger. The cryptocurrency market having such high levels of returns is not sustainable for itself or any other tradable asset market. While looking at the Sharpe ratio, widely used in risk-return forecasting, cryptocurrencies have on average almost twice as large of a Sharpe ratio. If investors are going to invest within the cryptocurrency market, then a diversified portfolio with an increased number of larger capitalisation coins would yield the highest Sharpe ratio. This is seen in Brauneis and Mestel (2019) who find that there is a significant reduction in risk when there is a portfolio containing many different cryptocurrencies. This allows for investors who are risk averse to still benefit from cryptocurrencies without the abnormal single portfolio risk rates.
	
6.1 Limitations
A large limitation is that the current bull run has not ended yet so data cannot be calculated, so to have data once this bull run has ended would help to have distinctive bull runs to view and breakdown, along with more research to view the returns within a bull run. Additionally, there are lots of current regulations being discussed by different governments leading to a lot of scepticism, which may have an impact on the volatility and returns. In the future, a more detailed look into other more complex models would potentially allow for a better fitting and more accurate model which would be able to further estimate volatility or mean returns. 
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