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Abstract

:

Volatility and investor sentiment have been factors for the slow adoption rate of Bitcoin (BTC) that was first recognized in 2008 as a potential store of value, investment vehicle and a hedge alternative to gold during a recession. The purpose of this applied mathematics study will use a multivariate DCC GARCH model. Bitcoin holds its ground in volatility. This study examines Bitcoin as an investment and hedge alternative to gold as well as the major stock index. To perform the research to explore the viability of Bitcoin as an investment and hedge alternative to gold, the authors conducted a DCC GARCH model analysis. The findings of this research paper confirm Bitcoin’s cyclical performance between volatility and adoption. The findings give a strong ground for Bitcoin as the new digital currency, store of value, medium of exchange, and a unit of account and incentivize further research by theorists, scholars and examiners. The significance of this applied mathematics research and analysis will allow an unstoppable, incorruptible, and uncontrollable store of value, and investment vehicle, without governmental or institutional intervention. This study contributes by comparing and contrasting volatility stability based on the return levels of each Bitcoin on major indexes traded with BTC (based on fiat currencies) and gold.
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1. Introduction


Recent notable inventive forcing functions include computers, the start of space exploration, electrification of the world, sustainability in agriculture, and improvements in materials science (Senge et al. 2008). The first taste of decentralisation technology was information through communication by internet (Datta et al. 2010). Decentralised technology is currently present in cryptocurrencies (Scott et al. 2017) and has the potential to be explored much more. Modelling investor perception is straightforward, but modelling the impact of halving and volatility is complicated (Kurtz and Schrank 2007). Volatility and adoption is a ‘chicken and egg’ concept with Bitcoin (BTC). Bitcoin is volatile because it does not have mass adoption. Bitcoin as an investment and hedge alternative to gold has been tackled in the literature and this research will explore its application based on a dynamic conditional correlation (DCC) generalized autoregressive conditional heteroskedasticity (GARCH) model analysis. When investors are making long-term decisions, Bitcoin becomes less speculation and more of a medium of exchange (Yermack 2015) at which point, volatility should drop rapidly as volatility acts as a symptom of size in BTC (the cyclical argument). In order for BTC to reach full adoption, there have to be motivations that override the initial difficulty of dealing with volatility. The more volume, the greater the liquidity, and this will have an immediate impact on volatility (Frino et al. 2011). Modelling investor perception is straightforward, yet modelling the impact of halving, and volatility is complicated (Garman and Klass 1980). Those motivations already exist in many parts of the world which is why this study provides utility. The paper is organised into five major sections. First the introduction, followed by the literature review of previous work discussing Bitcoin’s potential ramifications, the methodology, experimental results analysis, and a conclusion.




2. Literature Review


2.1. Proto-Money


Initial trade was conducted through barter, with the big disadvantage being the balance between offer and demand. With time, humans evolved towards a need to create and hold collectables such as flint, animal teeth and shells. This was the ultimate evolutionary advantage as a form of generational wealth preservation and storage. Collectables made trade possible as a form of proto money and not yet a medium of exchange (MoE). Szabo (2002) notes that collectables had very low velocity, although a heirloom added substantial value increase over time. Similarly, as in the global financial crisis of 2008, Rome in 33AD experienced a liquidity crisis and government bailout through the treasury banks (Elliott 2015).



Money is an invention by traders, IOUs raised by merchants and banks as well as government bonds by kings to finance war. Achieving Nash equilibrium, or the feedback loop which drives societies to converge on a single store of value (SoV), facilitates trade, the division of labor, and paves the way for the creation of a civilization (Boyapati 2018). As trading routes developed, so did competition for stores of value. Merchants would benefit from foreign SoVs to facilitate continuous trade. The 19th century was the first-time humanity converged on one SoV—gold, followed by the first flow of trade worldwide. Subsequent monetary systems were created, such as the Bretton Woods system (Knafo 2006). Gold became a SoV and a treasury reserve asset due to eight factors: durability, portability, fungibility, verifiability, divisibility, scarcity (or lack of human ingenuity to make more), established history and censorship resistance, such as India’s Gold Control Act of 1968.



The 20th-century issuance of money (fiat currency) has been controlled by governments, creating a belief that money is merely a MoE, and not a SoV. Historically, gold went through ¨The Four Pillars¨. The first, serving as a collectible, then as a store of value with an eventual plateau of demand, later as a medium of exchange due to purchasing power stabilization, and finally as a unit of account for denominating payments. Today, gold is a monetary good that is partly monetized due to the fact that it is being treated as a SoV/treasury reserve asset by central banks. Various currencies act with their own combination of the Four Pillars, e.g., the dollar (USD) as a unit, MoE, and SoV, as opposed to inflation prominent currencies such as the Argentine peso, which is only an MoE. Currently, Bitcoin still does not act as a MoE, merely as a digital SoV. Its inherent finite supply and deflationary nature make it historically highly speculative, thus volatility represents its biggest obstacle as a hedge alternative to gold, major indexes as a SoV and fiat money as a form of payment. Once volatility stabilization is achieved, mass adoption will follow (Breedlove 2019).




2.2. Bitcoin


A consequence of the 2008 financial crisis was the creation of the first engineered monetary network. First mentioned in November 2008, a paper was published under the title “A Peer to Peer Electronic Cash System” under the pseudonym ‘Satoshi Nakamoto’ (Nakamoto 2009). In computer science, (Lamport et al. 2019) solved the Byzantine Generals Problem, however, this was achieved with the assumption of semi-known identities. ‘Satoshi’ effectively created crypto-economics, with the concept of using economic resources to limit the number of participating identities through proof of work in the blockchain network.



The Bitcoin tokens (BTC) created were developed to be a manifestation of collectibles, a store of value, a medium of exchange, and a unit of account, which can be transmitted through a decentralized peer to peer network in time and space through the blockchain database vacuum. The total supply of memetic Bitcoin stands at 21 million. Every four years, the number of Bitcoins mined halves, ending full production by 2140.



Without any governmental guarantee, Bitcoin’s future as a store value is questionable. Bitcoin tokens cannot be valued via discounted cash flow models such as in inflation predisposed securities and/or asset classes. Bitcoin belongs to its unique asset class and stands to be valued through other means. One such means is that of Metcalfe’s Law (M.L.). The law states that the value or utility of a network is proportional to the number of users of the network, in other words, that utility is a square function (utility = n × 2) (Peterson 2018). In network effects, users become the biggest champions of the network, thus the first mover network stands to innovate the fastest and survive the longest. This would make BTC the potential reserve currency or asset of the monetary network. BTC seemed to be historically obeying Metcalfe’s Law between 2010 and 2018.




2.3. Adoption History


Bitcoin started gaining popularity in 2011. Wikileaks started accepting Bitcoin as donations (Grinberg 2011). Between 2011 and 2012, several articles and conferences were held about Bitcoin, and financial scandals occurred (Takemoto and Knight 2014); moreover, online exchanges as well as wallets were created for cryptocurrencies (Stross 2012), which sparked interest. However, Bitcoin did not receive mass recognition until 2013. The 2013 Cypriot Financial Crisis led the government to accept a bailout by the EU and the IMF and funded it by imposing a bank levy on all deposits (Luther and Salter 2017). It should be noted that Bitcoin’s demand was also driven by illegal activities on darknet markets such as Silk Road, due to its anonymity factor (Tsertsvadze and Khurtsia 2015). Several retailers began accepting Bitcoin (Acharya and Dunn 2014), and in 2014 the IRS classified Bitcoin an asset and not a currency. The 2020 pandemic, and halving, demonstrated further mass adoption and lower volatility compared to historical halvings as predicted (Masters 2019).




2.4. Austrian Economics


In 2012, the European Central Bank (ECB) published a study, mentioning that Bitcoin’s roots can be found in Austrian economics (Nabilou 2020). One of the foundations of Austrian economics is the business cycle theory, whereby Freidrich Hayek and Ludwig von Mises claim that cycles are not a natural phenomenon but are primarily driven by central bank intervention and fractional reserve banking. The reason being that the government sends false signals to production segments of the economy by lowering interest rates below the free market rate. This in turn causes overconsumption and malinvestments, causing cycles. The aforementioned economists connected their theory with the ‘Regression Theorem’ through the Gold Standard (Davidson and Block 2015). As the Gold Standard fell, fiat arose. The Austrian school of thought states that retention of fiat currency value can be done if governments monopolise its issuance (Clegg 2014). Hayek believed that the only way to ensure the prevention of currency inflation was by letting market participants choose multiple currencies within their own country (Hayek 1976). Bitcoin obeys the Austrian definition of currency as Hayek proposed as it serves as a MoE (medium of exchange).




2.5. Keynesian Economics


Keynesian models are used by central banks to determine interest rates, assuming business cycles are caused by aggregate demand (AG) (Lavoie 2014). Keynesian theory describes the inverse relationship between inflation and unemployment through the Phillips curve. The theory suggests fluctuations are decreased by monetary and fiscal policy when the unemployment rate goes above the natural employment rate. Keynes believed participants value money as a store of value and a form of transaction due to liquidity preferences. The demand for money would depend on current interest rates due to precautionary, speculative and transactional motives of participants. Since 2013, to promote increasing adoption, and technological innovation and volatility stabilisation, corporations such as Blockstream have improved infrastructure to promote scalability and create stability for the decentralised network. A 2014 Goldman Sachs paper estimated a ≅ 1% cost for sending payments globally with BTC, as opposed to a ≅ 7.7% through traditional methods.




2.6. Electricity Usage and Scaling


For transaction time purposes, Bitcoin’s biggest obstacle at becoming a unit of account is again its volatility, as it is not on par with fiat’s yet and lack of correlation information compared to traditional assets. Currently, merchants use middlemen and convert BTC to fiat immediately. Previous debates have concerned Bitcoin’s electricity usage due to demanding cryptographic calculations by miners to verify transactions. The hashing costs are as of now subsidised by BTC rewards. As the rewards get smaller, so will consumption. Energy consumption has been a controversial topic in crypto mining. Estimates vary considerably from study to study, as not all studies use both metrics: minimum energy consumption and the profitable maximum. Küfeoglu and Özkuran (2019) mention that the choice of hardware is crucial to miners, and that electricity costs are impossible to predict due to unforeseeable electrical innovations, hardware choices and BTCs direct impact on mining thus consumption. It’s important to note that hardware always beats software.



Previous papers mentioned that the weakness with scaling was quadratic validation. This is the attack vector that makes scalability difficult, as one cannot have decentralisation and scalability on the same chain. The authors note that this is not achieved by pushing more transactions through a system with a data limit. Instead, scalability is achieved by mimicking other settlement payment networks which is by introducing deferred settlement on various layers. For fast transactions the Lightning Network suffices, but more importantly, the deployment of satellites can ensure APIs to broadcast larger files, as well as the introduction of various chains can help with scalability. The authors propose distinct features for chains.



These distinct features include a unique chain for traders and a faster settlement speed, more privacy for the main chain, one for bigger block enthusiasts, and rollups. Each chain could have its own fee structure to cover costs for the miners. This would keep decentralisation the main theme.



Cryptography is the building block for the digital world and Bitcoin addresses the big gap in privacy for financial dealings as well as wealth storage. Encryption was created for pgp emails, chat and voice communications, but not electronic money outside of government (Borradaile 2021). Countries that have banned encryption have the worst human rights records (Fukami et al. 2021). This makes it clear that what society in the current civilisation expects is the right to use encryption (Stevens and Allen-Robertson 2021). Bitcoin’s decentralisation brings the benefit of full public user account auditability (unlike confidentiality of addresses and value transactions in other cryptocurrencies), albeit with the cost of full absolute privacy. Bitcoin does in fact use understood and dependable building blocks such as elliptic curve cryptography, hashing, symmetric ciphers and so forth. In addition, Bitcoin has received incremental improvements over time such as lightning wallets, the Schnorr signature and taproot which reduce fingerprinting, and give the prospects in harmonising many improvements.




2.7. Bitcoin and Traditional Assets as a Hedge Tool


Research in cryptocurrencies has continued to consider whether Bitcoin possesses a safe haven property in comparison with traditional assets (gold and US equities) (Selmi et al. 2018) as well the hedging ability of Bitcoin against other assets (Umar et al. 2021). Despite the ongoing debate on the usefulness of Bitcoin for investments (Bouri et al. 2017), it acts as a diversifier for commodities (Selmi et al. 2018), for currencies (Regaieg et al. 2020), and as a hedge tool for most investors (Stensås et al. 2019). Shahzad et al. (2019) consider Bitcoin a better safe haven investment than gold and commodities, whereas Smales (2019) considers it more volatile even in normal times with a downside risk spillover to traditional assets and should be monitored carefully for the sake of financial stability (Zhang et al. 2021). Bitcoin gold is a safe haven asset for global crude oil markets (Dutta et al. 2020). Bitcoin, gold, and the commodity index can be considered weak safe-haven assets in some cases depending on the market and economic conditions in the countries (Kliber et al. 2019). Moreover, Bitcoin, gold and VIX (Chicago Board Options Exchange’s CBOE Volatility Index) futures have a time-varying hedging role in some BRICS countries (Brazil, Russia, India, China, and South Africa), with gold offering a more diversification benefits (Shahzad et al. 2019). Nevertheless, USD-pegged stablecoins perform better than gold-pegged stablecoins in extreme risk reductions (Wang et al. 2020). Thus, both gold and Bitcoin have attractive features of risk management and portfolio risk (Hossain et al. 2020) and their role in the market is yet to be revisited (Jiang et al. 2021).





3. COVID19 and the Future


3.1. Stores of Value


Traditional stores of value are valuable due to their scarcity and if large networks of people want them (gold, land, web addresses in cyberspace, trademarks, art, well managed Fiat), or due to their ability to generate income (companies, real estate, bonds, loans, employees, taxpayers). They have utility but will never be a SoV as they are not fully scarce. Scarce things in the world have conservation energy such as in thermodynamics.



When conservative engineering is removed, boats do not float, airplanes do not fly, pneumatic and hydraulic systems do not work, electrical engineering systems fail, and software cannot function. Moreover, BTC’s true scarcity stems from two dynamics. The first order dynamic is a decentralised network running on thousands of nodes, and no one node can change the consensus, thus it is impossible to change the network’s operation without taking over the whole network (which is decentralized with massive inertia). The second order dynamic is cloning. Cloning of Bitcoin has failed thousands of times due to BTCs multiple network effects (Maddox and Heemsbergen 2021).




3.2. Debt, Modern Monetary Theory and Bitcoin


Modern monetary theory is described as a heterodox macroeconomic framework that supports currency as a public monopoly and unemployment as evidence that the currency issuers are over restricting the supply of financial assets needed to pay taxes and satisfy saving desires (Wray 2015). Connors and Mitchell (2017) simply claim the MMT is the current establishment that the world has lived in since 1971, that currency has no intrinsic value and governments are in fact not constrained in their spending by a need to raise revenue, leading to high debt to GDP ratios around the world. Classical Austrian economists believe that this stimulus of fiscal policy will lead to heavy long-term risks as at the start of the century, the equation for catastrophic societal consequences was set by unconstrained governmental spending, loose central bank policies and money printing. Bitcoin is the antithesis to MMT’s thesis, although they are united in their pursuit of evolving the conversation beyond economic theories camps. ‘Satoshi’ once wrote that the root of problems of fiat currencies is the trust required to make them function. However, history is laden with central banks that continuously break that trust to not debase their currency, thus devaluating assets. As the spectre of inflation increases, money stored in banks will struggle to keep pace, money invested in assets such as securities and real estate will keep pace, and money stored in gold and Bitcoin will outrun scourge. At the time of finalising this research project (1/13/2021), the market capitalisation of Bitcoin stood at $629 billion, and gold was approximately $10 trillion (Fröhlich et al. 2021). Using Bitcoin as the digital gold metric, Bitcoin was undervalued by a multiple of 16, establishing itself at roughly $500,000 per coin. However, Bitcoin is not seen as displacing fiat currencies, but merely a currency alternative, an asset alternative and a hedge for foreign exchanges held by governments. The hope for currencies is that central banks start diversifying their fiat holdings party into Bitcoin, pushing a BTC upwards of the $600,000 range. The focus of this research paper and study is to determine if Bitcoin can serve as a return asset alternative to the major stock index, a medium of exchange, a store of value and a hedge alternative to gold. If this occurs, Bitcoin can be seen as a unit of account, or reserve currency, for banks in cyberspace. Economic feasibility will be evaluated without the internal factors of concerns labeled by economists. As previously mentioned, volatility, price stabilisation, lack of correlation knowledge, and lack of forecasting are the biggest obstacles for such adoption. BTC so far seems to be functional without governmental oversight while operating in a legally grey area. Traditional volatility models measuring such as moving average deviation or standard deviation do not consider that the variance covariance of returns can be volatile during downturns and crises. The said methods account for constant volatility, unlike the generalized autoregressive conditional heteroskedasticity (GARCH) models which consider time-varying volatility which of greater importance in financial modelling. Process models such as the autoregressive moving average (ARMA) are used to model the conditional expectation of a process given its past, but the conditional variance is constant i.e., it cannot capture non-constant volatility. Thus, a GARCH model would be most appropriate for an asset like BTC due to its nature and the 2020 post-halving adoption wave.



Historically, Gronwald (2014) used a GARCH model to conclude BTC was still an immature market due to BTC prices being too dependent on speculation. Dyhrberg (2016a) used asymmetric GARCH models to determine that BTC was useful as a hedge for risk management against stock indexes. Lastly, Bouri et al. (2017) noted that BTC might not actually serve as a hedge instrument, but as an effective diversifier using forecasted GARCH volatility models. Moreover, to better understand the role of cryptocurrencies as a store value, recent studies (Catania et al. 2019) highlighted the forecasting performance of cryptocurrencies by vector autoregressive model with and without time-varying volatility (Bohte and Rossini 2019). Lastly, Bianchi et al. (2020) investigated the relationship between the returns on stable-coins and major cryptocurrency pairs within the context of a large vector auto-regressive (VAR) model, concluding that stable coins such as Tether do correlate with lagged cryptocurrency returns. This justifies cryptocurrency markets as a role of alternative investments.




3.3. United States Dollar (USD), Gold and the Future


The collapse of the Bretton Woods system and termination of the peg to Gold in 1971 rendered the USD a fiat currency. Since then, the USD has been seen as the global reserve currency, dominating trade, and till now, a reliable store of value due to good management and governance by the Federal Reserve, resilience and strength of the U.S. economy.



The pre-pandemic consensus was a debt leveraged economy in all sectors. COVID19 took direct monetisation of massive fiscal spending from theory to practice at an unprecedented pace. Further devaluation of the dollar is poised to occur as the Treasury has been running a budget deficit every year since 2009, forcing the Fed’s balance sheet to grow between $8.5 and $10 trillion in 2021 (unambiguous debt monetization) (Putnam 2020). Instead of running a budget surplus during the pro-business cycle for the past decade and keeping cash on hand, the government decided to adopt Friedman’s “helicopter money” as cash to combat the 2020 downturn.



COVID-19 pushed the USD–debt ratio towards 136% at the end of 2020 (Amadeo and Boyle 2020), forcing investors to seek refuge in instruments that respond fastest to increases in money supply. What is apparent is that economic downturns are primarily fueled by a global ramp up of debt in modern monetary theory (MMT). Jones and Giorgianni (2020) estimate the economy’s worldwide debt ratio may increase by 50% of GDP over the next year and a half. Concerns over the USD arise if M2 growth exceeds real output growth in the next demi-decade, if a big monetary overhang in the ramp up will fuel consumer price inflation or not.



Stimulating the economy with debt and lowering interest rates would no longer be effective and Keynesian policies have become somewhat haggard. Governments deal with debt in three forms: a hard default, austerity, and a soft default. Since the USD is the reserve currency, a hard default would have catastrophic effects worldwide, thus it is hard to assume this would be the solution. Austerity measures, as previously mentioned, would be difficult to implement due to the increased social unrest generated around the implementation of austerity measures, (Ponticelli and Voth 2011), and tax increases with spending cuts, which leads to decreasing GDP, further aggravating the debt. A soft default is most probable and suitable for governments to deleverage, although it would mean devaluing the USD to erode real value.



It is worth noting that the pre-COVID inflation may have exhibited itself via. neoliberal policies which favour capital over labour. In the 18th century, Richard Cantillon noticed that when economic capital injection occurs, its outcomes were not evenly distributed (Cantillon effect). Participants who first received the money would spend it on goods and services, and consequently increasing price, which the majority would have to endure until the capital reached everyone (if ever). During this period, inflation would be evenly distributed, unlike purchasing power (Rosales 2021). In that time, early participants would only benefit due to their proximity to the king or new gold deposits. This occurs similarly in the current monetary system and raises concerns.





4. Data and Methodology


4.1. Data


There is no consensus in previous literature about which factors affect the exchange rate of fiat currencies with BTC (De Grauwe 1988) but it is generally accepted as the standard reason for macroeconomic variables (inflation, money supply, interest rates, exports, GDP) (Antonakakis and Darby 2013). Since BTC is decentralised, it could potentially be considered an international currency (Andersen and Bollerslev 1988). In order to determine the most appropriate variables to compare, one must consider the currency pairs, or countries with which BTC is most actively traded (Engel and West 2005). Data are collected from Coinhills which provides a list of the most traded fiat currencies for trading Bitcoin from over 11,500 markets and 120 exchanges registered with Coinhills (Kim 2021). One can infer that, as expected, the US dollar dominates trade volume as it is the world reserve currency, the Japanese yen in second place as it has gained a lead over the Chinese Yuan, since the Chinese government ban on crypto currency exchanges in September 2017 (Cuñado et al. 2020) followed by the Korean won due to local governmental adoption and regulation, and lastly the euro. Consequently, it can be assumed that the majority of volatility and correlation arises from the United States, Japan, South Korea and the European Union. Previous studies examined the top currency pairs with Bitcoin (Dyhrberg 2016a), as well as with gold and macroeconomic indicators such as 10Y government bond yields, top indexes, three-month LIBOR rates. Cermak (2017) concluded that BTC does not yet satisfy the criteria of a currency, either MoE or a SoV, and that macroeconomic explanatory variables are significant measures of forecasted volatility and return. The authors of this research will be comparing Bitcoin as an investment vehicle to the biggest index of the dominant currency, the S&P 500, and gold with Bitcoin as digital gold, since they share similarities (barter, SoV, MoE etc.). The study will be conducted in the form of three assets. These are: the SPDR Gold Trust ETF (ticker: GLD) representing gold, the Vanguard 500 Index Fund (ticker: VOO) representing the S&P 500, and the Grayscale Bitcoin Trust Fund (ticker: GBTC) representing Bitcoin. Both ETFs and the Trust track their respective asset, or commodity. The primary reason for an ETF and Trust-based study is that the source proving data, Yahoo Finance, is missing historical data about the BTC-USD pair and the S&P 500, at Bitcoin’s halving event in May 2020, disallowing examination. Secondary reasons are that Greyscale holds 572,644 BTC after purchasing 21% of newly mined Bitcoin in April 2020, is an SEC registered asset, and shares are OTC traded which makes them applicable for tax advantaged accounts and available both for institutional and retail investors (including retirement accounts) through standard brokers. Moreover, electric wallets have not fully matured yet, and instead, Greyscale (GBTC) is both a financial vehicle and hedge alternative that enables investors of all ages to trade shares in trusts holding many BTC. The reason for excluding currency pair comparisons is that previous studies have already examined these using the said methodology.



Furthermore, the monetary system economy is inherently debt-leveraged, and the ability of currency appreciation stems from a country’s ability to favourably manage trade, which is rarely the case to justify comparing to currencies as a SoV or a certain MoE. The data range between 29 January 2018 and 29 January 2021, and not prior to 2018, as previous volatility modelling research was conducted for the 2017 bull bubble. For clarification, a bull run bubble is defined by when a bull market occurs for a prolonged period of time, where prices rise much higher than the value of the underlying asset. The economic theory of reflexivity further explains bubbles via. market sentiment, economic fundamentals, feedback loops connected to them and challenges the concepts of economic equilibrium, rational expectations as well as the efficient market hypothesis (Griffin and Shams 2020). The 2017 BTC bubble was primarily driven by unregulated market manipulation via Chinese exchanges (Chen et al. 2019). All modelling will be done with the programming language r. All data are collected from Yahoo Finance. One limitation identified by the authors is that explanatory variables might be missing observations as markets are closed on weekends and bank holidays, consequently the researcher will use a model with a foundation of the multivariate GARCH process (Poon 2005), as has been proved to be the most appropriate model for stock index, commodity (Hansen and Lunde 2005), and currencies (Brownlees et al. 2011). The said models are not only used in modeling historical performance but in forecasting multi-period volatility, correlation, within others.




4.2. Models Autoregressive Conditional Heteroskedasticity (ARCH) and Generalized Autoregressive Conditional Heteroskedasticity (GARCH)


In order to understand the theory behind GARCH models, one must understand the ARCH model first built by Robert Engle (1982) as a mechanism of estimating time varying volatility. Moreover, the univariate GARCH is the most commonly accepted and robust model for estimating and forecasting volatility of returns of an asset.




4.3. Model Used: Dynamic Conditional Correlation (DCC)-GARCH and r


For this experiment the researcher will be using an evolved model of the GARCH, a multivariate GARCH model (MGARCH), which allows the covariance matrix of the dependent variables conditional on past history (Bauwens et al. 2006) to follow a flexible dynamic structure (Laurent et al. 2012). The importance of all multivariate GARCH models is that they stem from the fact that the current volatility of one time series is not only influenced by its own past innovation (such as in the GARCH model), but also by past innovations to volatilities of other time series which make the best model for forecasting the aforementioned assets and compare them. Andersson-Säll and Lindskog (2019) note that the MGARCH model with the best BIC (Schwarz’s Bayesian Information Criterion) score is the DCC-GARCH model (Dynamic Conditional Correlation). The authors will model the volatility of a vector of asset classes (GLD, GBTC, VOO), using the ‘rmgarch’, ‘quantmod’ and ‘rugarch’ packages (in r). These packages will be applied to estimate a multivariate volatility model for the returns of mentioned asset classes, sticking with a dynamic conditional correlation (DCC) method. There are four common methods for MGARCH models, which trade off between flexibility and parsimony. In r, the DCC method estimates the individual GARCH type models (i.e., individual assets). These are then used to standardise individual residuals. In the second step, the authors will specify the correlation dynamics of these standardised residuals. This model is useful in econometrics and management understanding in predicting dependence in the co-movement of asset returns. As an example, asset pricing depends on the covariance of the assets in a diversified portfolio. Orskaug (2009) notes that financial volatilities, over time, move together more or less closely across asset classes and MGARCH models provide better insight into asset pricing, portfolio selection, hedging and value at risk forecasts.



Orskaug (2009) describes the DCC-GARCH model in Equation (1).


    r t  =  μ t  +  a t      α t  =  H t  1 / 2    Z t      H t  =  D t   R t   D t    



(1)




where:




	
   r t  =   n × 1 vector log returns of n assets at time t.



	
   α t    = n × 1 vector of mean corrected returns of n assets at time t, i.e., E [   α t   ] = 0.



	
   μ t    = n × 1 vector of the expected value of the conditional    r t   .



	
   H t  =   n × n matrix of conditional variances of    α t    at time t.



	
   H t  1 / 2   =   any n × n matrix at time t such that    H t    is the conditional variance matrix of    α t  .  



	
   H t  1 / 2     may be obtained by a Cholesky factorization of    H t   .



	
   D t    = n × n diagonal matrix of conditional standard deviations of    α t    at time t.



	
   R t    = n × n conditional correlation matrix of    α t    at time t.



	
   Z t    = n × 1 vector of iid errors such that E [   Z t   ] = 0 and E [   Z t   Z t T   ] = I.








The elements in the diagonal matrix    D t    are standard deviations from univariate models.



DCC − GARCH:


   D t  =  [         h  1 t        0   ⋯   0     0       h  2 t        ⋱   ⋮     ⋮   ⋱   ⋱   0     0   ⋯   0       h  n t          ]   








where:


   h  i t   =  α  i 0   +   ∑   q = 1   Q 1    α  i q    α  i , t − q  2  +   ∑   p = 1   P i    β  i p    h  i , t   − p  











   R t    is the conditional correlation matrix of the standardized disturbances t, i.e.,


   ϵ t  =  D t  − 1    α t  ∼ N  (  0 ,  R t   )   











Since    R t    is a correlation matrix it is symmetric.


   R t  =  [     1    p 12 , t     p 13 , t    ⋯    p 1 n , t       p 12 , t    1    p 23 , t    ⋯    p 2 n , t       p 13 , t     p 23 , t    1   ⋱   ⋮     ⋮   ⋮   ⋱   ⋱    p n − 1 , n , t       p 1 n , t     2 n , t    ⋯    p n − 1 , n , t    1     ]   











The elements of    H t  =  D t   R t   D t    is:


   [  H t    ] =    h  i t    h  j t    p  i j       








where:    p  i j   = 1 .  



Orskaug (2009) notes that there are different forms of    R t   . Two requirements need to be considered:




	(1)

	
   H t    has to be positive definite as it is a covariance matrix. To ensure    H t    will be a positive definite,    R t    has to be positive definite (   D t    is positive definite since all the diagonal elements are positive).




	(2)

	
All the elements in the correlation matrix    R t    have to be equal or less than 1 by definition.









To ensure both of these requirements in the DCC GARCH model,    R t    is decomposed into Equation:


   R t  =  Q t  * − 1    Q t   Q t  * − 1    










   Q t  =  (  1 − a − b  )   Q ¯  + α  ϵ  t − 1    ϵ  t − 1  T  + b  Q  t − 1    








where   Q ¯   = Cov[   ϵ t   ϵ t T   ] = E[   ϵ t   ϵ t T   ] is the unconditional covariance matrix of the standardized errors t.  Q ¯   can be estimated as:


   Q ¯  =  1 T    ∑   t = 1  T   ϵ t   ϵ t T   











The parameters a and b are scalars, and    Q t  *     is a diagonal matrix with the square root of the diagonal elements of    Q t    at the diagonal:


   Q t  =  [        q 11 t      0   ⋯   0     0      q 22 t      ⋱   ⋮     ⋮   ⋱   ⋱   0     0   ⋯   0      q n n t        ]   











   Q t  *     rescales the elements in    Q t    to ensure the second requirement using;


   |  p  i j     | = |    q  i j t        q  i i t    q  i i t         | ≤ 1 .   











Moreover,    Q t    to be positive definite to ensure    R t    to be positive definite. There are parameters a and b to guarantee    H t    to be positive definite. In addition to conditions for the univariate GARCH models, to ensure positive unconditional variances, the scalars a and b must satisfy: a   ≥   0,   b ≥ 0    and    a + b < 1  .



In addition,    Q 0   , the starting value of    Q t    has to be positive definite to guarantee    H t    to be positive definite.



The correlation structure can be extended to the general DCC (M, N)-GARCH model described in Equation:


   Q t  =  (  1 −   ∑   m = 1  M   α m  −   ∑   n = 1  N   b n   )   Q ¯  +   ∑   m = 1  M   α m   α  t − 1    α  t − 1  T  +   ∑   n = 1  N   b n   Q  t − 1    











The creator of the ‘rmgarch’ package, Ghalanos (2019), notes that the conditional mean dynamics of the package allow for either a constant or univariate AR or vector AR (VAR) model to be fit, and are described in the ‘rugarch’ package (used for a simple GARCH model). He adds that for the DCC-based models, the constant AR model is jointly estimated with the first stage GARCH dynamics, and that when using a constant in the DCC model, standard errors are calculated for all stage parameters using a partitioned standard error matrix. In the case of the VAR model (vector autoregression), the joint estimation of standard errors is not practical due to the dimensionality of the system. Engle (1982) created the DCC model in which the conditional quasi-correlations Rtfollow the GARCH process. The DCC model is notably more flexible than other MGARCH models (such as CCC), without introducing an inestimable number of parameters for a reasonable number of series. The reason for an extensive explanation is that multivariate models (any MGARCH models) are hard to estimate, and in r, estimating univariate models beforehand (GARCH), leads to a somewhat more robust empirical method, especially when comparing securities, and commodities from different asset classes.





5. Expectations


Returns, Volatility, Correlation


Bitcoin does not have any internal variables except intervention events such as halvings, governmental closure of the cyberspace (world wide web/internet), hacks, depreciation of fiat currencies, and halving periods which cannot all be examined as a function of returns. This is true as BTC’s value is driven by market forces and, as of now, does not have a high intrinsic value. The returns are expected to increase and be correlated with post-recession or worldwide index crashes, as well as lower volatility after each halving. A small crash occurs after every bull run, and runs are expected to go for a long time. GLD (Gold) and VOO (Vanguard 500 Index Fund) return percentage is expected to be an inverse relationship due to their nature with a strong correlation and similar volatility levels. Moreover, previous days’ volatility will be a significant indicator in explaining today’s volatility (Takaishi 2020). More importantly, a good predictor for Bitcoin as BTC, till now has been traded based on speculation and halvings. Due to BTC being traded the most with the USD, the impact of the S&P 500, or VOO is expected to be a strong variable in Bitcoin’s performance. GLD and VOO are expected to once more have a strong inverse relationship. GBTC and GLD are expected to perform somewhat similarly in this examination since regulations have severely tightened and matured since 2017. This is to say that the authors believe similar results will be shown in terms of volatility and correlation, due to the post 2017 adoption wave, but more importantly higher returns of Bitcoin as its digital nature allows a faster reaction velocity, thus revealing its classification as digital gold (Engle 2002).





6. Results


BTC-USD and GBTC: Unusual spikes in volume provide evidence of large institutional buying, especially when the pandemic hit, proving investor trust in Bitcoin as a hedge, as well as expected growth response to the halving. There is consistent holding support after every dip, and the volume is coherent with the price increase. A lot of sellers are present as well, which indicates trade ability, thus potential for currency value and a MoE. The volume is overall bullish, and significantly more traded than GLD or VOO, at a much lower market cap, which furthermore increases its stance as a SoV and MoE. GLD has a lot less volume and high price, compared to BTC-USD, which provides evidence that a small number of large investors still hold a belief in gold, and we can potentially interpret that they support ETFs (Exchange Traded Funds) in general. Conversely, the GBTC ETF has seen inflows, most probably from investors through traditional brokers. After every large selling, the volume does not seem to be persistent with the stock price, but decreases, thus signifying less trust. As to be expected, gold and Bitcoin behave similarly. Gold still lags behind Bitcoin in total return, though perhaps this could be due to market cap difference. Larger overall outflows are present within GLD, while BTC-USD has a lot more consistent purchasing volume. It is important to note that one of the factors helping the price increase of gold is also the inflation of the USD, therefore less overall value was added. VOO’s volume is a lot lower than GLD, BTC-USD and GBTC, as well as return as an investment vehicle compared to BTC-USD.



6.1. Volume Results


The volume is also consistent with the price, although trading only occurs based on underlying economic performance as shown in the volume results in Figure 1, Figure 2, Figure 3 and Figure 4.




6.2. DCC-GARCH Model







	
AR1 = coefficient of the mean model.



	
alpha1 = coefficient to the squared residuals.



	
beta1 = coefficient to the lagged variance.









6.3. Interpretation


As shown in Table 1 and Table 2, the autoregressive mean is negative in all three assets, meaning that the past values of the series will not predict the future value. The authors believe this to be an accurate assessment as models cannot model Black Swan events (i.e., the 2020 pandemic). Moreover, the ‘beta1’ coefficients are high in all three assets, indicating that past volatility shocks do affect conditional volatility which explains why volatility is clustered in Figure 3 and Figure 5. The ‘dcca1’ value is insignificantly different from zero/approximately zero, and the ‘bccb1’ value is insignificantly different from 1, but significantly different from 0 (Figure 6 and Figure 7). As shown in Table 3 This indicates that the conditional correlation was constant during the experiment.




6.4. Correlation Interpretation


The correlation between GBTC and GLD is positively low as the COVID-19 pandemic broke, indicating investors perceived Bitcoin as a digital hedge storage against the recession. Similarly, a comparison between GBTC and VOO indicates that investors perceived Bitcoin as an investment vehicle most of the time, except between July 2018 and January 2019. The GLD-VOO pair correlation fluctuation pre-February 2020 indicates that investors did not have as much confidence in gold as in Bitcoin for an investment vehicle, but still as a hedge during the pandemic. Figure 5, Figure 6, Figure 7, Figure 8 and Figure 9 describe Bitcoin as the better hedge and investment between the three assets.




	
Black = Last realised correlations.



	
Orange = Forecasted correlation.









6.5. Individual Assets







	
Green = Last estimated conditional variance.



	
Orange = Forecast of conditional variance.



	
Black = Squared residuals of the last 20 observations.



	
Sigma Volatility forecasts (10 periods).









6.6. Interpretation of Individual Figures


All assets indicate volatility clustering. GBTC does not graph typical GARCH patterns. The residuals fluctuate, and estimated conditional variance only follows the squared residual above a certain threshold. The last estimated conditional variance decreases. The forecast of conditional variance picks up from the estimated conditional variance and continues towards unconditional variance value. Figure 5 indicates that GBTC and GLD are highly correlated as a hedge, meaning that investors are starting to adopt and hold BTC as digital gold, thus lower volatility was observed.



GLD has higher implied volatility than Bitcoin confirmed by Figure 10 which describes GLD behaving similarly to Bitcoin in terms of residual returns, and forecasted conditional volatility, although the estimated variance is not as coherent with residual returns as it is with GBTC.



As expected, with VOO the estimated conditional variance adjusts with the squared residual which is not the case with GBTC and GLD (Figure 11). Unlike GBTC and GLD, VOO forecasts higher conditional variance in Figure 12.



Additionally, the fluctuation of squared residuals is the opposite of both GLD and GBTC, described in Figure 7.





7. Summary of Results


A lot of research in cryptocurrencies has continued to explore whether Bitcoin could be considered a virtual gold (Klein et al. 2018) and its hedging ability in comparison to traditional assets (Wang et al. 2019). Bitcoin behaves very similarly to gold, but over time it has become less volatile with higher returns than gold and the major stock indexes (Jareño et al. 2020). This can be explained by halvings, regulation, adoption and investor perception as can be seen throughout this paper considering Bitcoin as a big bang alternative currency about to change the world (Kelly 2014). The results of this paper are in alignment with Dyhrberg (2016b) whose research show that bitcoin can clearly be used as a hedge against stocks in the Financial Times Stock Exchange Index and the American dollar in the short-term. Bitcoin thereby possess some of the same hedging abilities and safe-haven characteristics against specific uncertainties (Mokni et al. 2021). Like gold, Bitcoin can be included in the variety of tools available to market analysts to hedge market specific risks (Corbet et al. 2019), exhibiting a superiority over both gold and commodities (Bouri et al. 2020) and can be considered a major asset for portfolio diversification (Hatemi-J. et al. 2019).




8. Conclusions, Limitations and Recommendations


Since Bitcoin first launched in 2008, it has stood the test of time and persevered with resilience through various challenges. Every currency in history was eventually eroded, however Bitcoin stands to have the potential to be the first with no such cessation. It remains difficult to examine if the 2020 halving was priced in the increase of price due to volatility. Economically this is hard to do as one needs to deal with volatility risk. For new investors to benefit from a price increase from the halving supply reductions in the future, they have to consider necessary price volatility risk as Bitcoin becomes adopted over time (Hayek 1976). Since 2017, investors have shown trust towards Bitcoin becoming a medium of exchange and store of value, which will help it be considered a currency and a unit of account by 2140. This can be contributed to by various underlying factors such as storage (wallets), regulations (exchanges), soft fork improvements, publicly traded company adoption of BTC, halvings, an overall more technologically inclined and digitally informed generation. Bitcoin now has the ability to compete with gold as an alternative hedge, as an investment with standard asset classes, a store of value as well as the cyberspace reserve currency. We can conclude that the interpretations raise the awareness of investors and policy makers about the importance of Bitcoin (Zhao and Zhang 2021) as a MoE, and SoV which can be described in figures of volume, correlation, residual returns and variances. Although volatility clustering is naturally present, volatility has decreased over time, giving Bitcoin a strong and justified support to become accepted as the new digital gold.



The limitations of this paper are that there is not much recent scholarly work and academic research. Bitcoin is still an ongoing experiment (Cermak 2017). Measures such as hacks and governmental involvement in the internet are not included, although that would be hard to imagine as the whole financial system is already tied to the internet (the world’s central nervous system). Other limitations include the model itself as it has not been tested for skewness and kurtosis (Andersen and Bollerslev 1988) as well as Bitcoin’s prophecy relying on market sentiment and the nature of human wants, as opposed to standard financial analysis. Although the GBTC is pegged onto the BTC-USD, the model could have used the BTC-USD pair as an even more accurate assessment if the data were available at the time of conducting the experiment and analysis. The selling of Satoshi’s coins or identification of identity as the “founder” of Bitcoin could also be identified as a limitation or a gap. If this would occur, the Bitcoin thesis would not hold (Wray 2015). One can infer about the skill set of the person such as: capability of network programming, a good grasp of economic game theory understanding, a reasonable grasp of applied cryptography, and a system designer perspective to assemble something in a new way and most likely an expert programmer of remailer technology. One can suspect that ‘Satoshi Nakamoto’ is a single person due to consistency of code and the difficulty of keeping privacy and secrets across a group and, therefore, the said limitation is not a concern (Wray 2015). The secret identity helps Bitcoin fulfill its prophecy as humans tend to have a background in societal hierarchical thinking. Satoshi not acknowledging ownership has some important advantages, such as individuals not having anyone to reach out to ask or demand changes, thus all the focus is on Bitcoin itself. One needs to remember that legitimacy is one of the scarcest resources.



Recommendations for further research should be conducted in new cryptography as it is the building block of the digital world (Grinberg 2011) as well as considering adding a robustness analysis involving another method (e.g., ADCC; etc.) (Nugroho 2020) to test the robustness of the obtained results. Humanity needs to determine whether the current consensus is dependable in the long term (Leerssen 2021). Additionally, the ability of buying Bitcoin with cryptocurrencies that are fully anonymous needs discussion as they support illicit dealings (Philipson 2020). This is true as one can expect a rise of fully anonymous currencies over time. Lastly, more research is recommended on ethical considerations with decentralised technology, and its application of smart contracts (Alotaibi 2021).



As conditions of smart contracts are abstract, they can be used to implement logic and procedures in domains beyond commercial agreements such as universally accepted rules and models of governance (Rozas et al. 2021).



Satoshi solved a problem that humanity has never solved before: a governance problem of organising networks. The ability to tell stories and unite makes humans the most powerful creatures in the world. Stories allow us to create networks (e.g., money, the United States, communities). The fundamental question is the model of governance. Historically, answers have been a king or authority, an aristocracy, a commons which always leads to the tragedy of the commons. Nakamoto created a merit-based, democratically open network. Labour is the oldest and most fought over form of leverage to create wealth and change. Decentralisation is a fundamentally different way of leveraging humans with the ability to create trust between strangers without an entity or individual being in charge. The authors believe the research recommendations are a social duty as they will affect how humanity lives.
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Figure 1. BTC-USD (Green: Buying Orders; Red: Selling Orders). 
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Figure 2. GBTC BTC-USD (Green: Buying Orders; Red: Selling Orders). 
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Figure 3. GLD BTC-USD (Green: Buying Orders; Red: Selling Orders). 






Figure 3. GLD BTC-USD (Green: Buying Orders; Red: Selling Orders).
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Figure 4. VOO BTC-USD (Green: Buying Orders; Red: Selling Orders). 






Figure 4. VOO BTC-USD (Green: Buying Orders; Red: Selling Orders).
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Figure 5. Correlation between GBTC, GLD and VOO. 
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Figure 6. Correlation (Black) and forecast (yellow) between GLD, GBTC, and VOO. 
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Figure 7. GBTC squared residuals (Black) and estimated conditional variance (Green). 
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Figure 8. GBTC squared residuals (Black) of the last 20 observations, forecasted conditional variance (Yellow), estimated conditional variance (Green). 
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Figure 9. GLD squared residuals (Green) and estimated conditional variance (Green). 
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Figure 10. GLD squared residuals (Black) of the last 20 observations, forecasted (Yellow) conditional variance, estimated conditional variance (Green). 
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Figure 11. Squared residuals (Black) and estimated conditional variance (Green). 
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Figure 12. VOO squared residuals (Black) of the last 20 observations, forecasted (Yellow) conditional variance, estimated conditional variance (Green). 






Figure 12. VOO squared residuals (Black) of the last 20 observations, forecasted (Yellow) conditional variance, estimated conditional variance (Green).
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Table 1. Dynamic conditional correlation generalized autoregressive conditional heteroskedasticity (DCC GARCH) FIT.






Table 1. Dynamic conditional correlation generalized autoregressive conditional heteroskedasticity (DCC GARCH) FIT.





	
Variable

	
Coefficient (Standard Error)






	
Distribution and Model

	
Mvnorm (Multi Variate Normal Distribution) and DCC (Dynamic Conditional Correlation) (1.1)




	
No. of parameters

	
20




	
[VAR (Vector Auto Regression) GARCH DCC (Dynamic Conditional Correlation) UncQ]

	
[0 + 15 + 2 + 3]




	
No. of Series

	
3




	
No. of Observations

	
756




	
Log likelihood

	
6128.491




	
Av. Log likelihood

	
8.11




	
Information Criteria




	
Akaike

	
−16.160




	
Bayes

	
−16.038




	
Shibata

	
−16.161




	
Hannah Quinn

	
−16.113
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Table 2. DCC multivariate GARCH (MGARCH) model optimal parameters.
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	Variable
	GBTC (Grayscale Bitcoin Trust Fund)
	VOO (Vanguard 500 Index Fund)
	GLD (Gold)





	Mu (mean)
	0.002025
	0.001096
	0.000135



	AR1 (coefficient of the mean model)
	−0.020731
	−0.069730
	−0.019810



	Omega
	0.000345
	0.000004
	0.000004



	Alpha1 (coefficient to the squared residuals)
	0.119798
	0.235647
	0.105659



	Beta1 (coefficient to the lagged variance)
	0.775774
	0.756135
	0.859825



	Dcca1
	0.028476
	0.028476
	0.028476



	Dccb1
	0.951253
	0.951253
	0.951253
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Table 3. Correlation matrix of the returns on the last day.
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	Tickers
	GBTC
	VOO
	GLD





	GBTC
	1.00000000
	0.07248292
	0.11428288



	VOO
	0.07248292
	1.00000000
	0.08309941



	GLD
	0.11428288
	0.08309941
	1.00000000
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