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Abstract

:

This study investigates the performance of Bitcoin as a diversifier under different constraining portfolio optimization frameworks. The study employs different constraining optimization frameworks that seek to maximize risk-adjusted returns (Sharpe ratio) of the portfolio by optimizing allocations to each asset class (asset allocation). The performance attributes are evaluated by comparing the portfolios both with and without Bitcoin under frameworks ranging from equal-weighted, risk-parity, and semi-constrained to unconstrained. This study suggests that Bitcoin, due to its exotic nature, unwavering appeal, and unknown set of drivers, could act as a diversifier in normal market conditions, and it might also have some borderline hedge to safe haven properties. The results further suggest that while Bitcoin may be a potential diversifier for a risk-seeking investor, the risk-averse investor must exercise caution by limiting their exposure to Bitcoin in their portfolios, as unnecessary exposure may increase the probability of losses in extreme market conditions.
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1. Introduction


One of the very disruptive and significant developments post-global financial crisis (GFC) has been the emergence of cryptocurrencies, Bitcoin in particular. Bitcoin is a decentralized, peer-to-peer electronic cash system designed by Satoshi Nakamoto (a pseudonym) in 2008 that does not rely upon a trusted third-party or any central authority but uses cryptography for transfers, control, and management (Nakamoto 2008). The global financial crisis (GFC) during 2008–2009 was classified as a period of severe distress to most economies across the globe, the effects of which ranged from higher inflation, growing budget and trade deficits, currency devaluations, and dwindling currency reserves. As the GFC unfolded, investors discovered that they were less diversified than they originally thought they were and therefore started looking for alternative investments that might be considered safe havens, hedges, or diversifiers. It was in this context that Bitcoin rose to prominence; by April 2018, Bitcoin (BTC) had a total market capitalization of more than USD 116 billion (Yi et al. 2018), which rose to almost USD 700 billion by May 2021.1 Nakamoto (2008) argued that due to its high transaction cost and the exclusion of a substantial portion of the world population from the formal financial system, fiat money is no longer a proper medium of exchange. Therefore, by making BTC supply predetermined, it has the potential to serve as a proper medium of transaction that is insulated against inflation and as a reliable store of value (driven by precautionary motives) in the long run.



Cryptocurrencies, in general, have evolved by gradually shifting from being an immature market to almost reaching maturity over the last decade. Wątorek et al. (2021) attributed this development to the growth of new trading platforms and exchanges as well as to a substantial increase in trading volumes and frequency. They also argued that although the exchange rates for most liquid cryptocurrency pairs resembled those of the forex markets, developments in the cryptocurrency markets were still quite distinct from the forex markets in terms of varying liquidity, different trading platforms, and the existence of marginal arbitrage opportunities for less-liquid cryptocurrency pairs. While the cryptocurrency market is still evolving and has yet to attain complete maturity, it would be amiss to say that its popularity and acceptance are not gaining momentum within the financial mainstream. Despite a huge leap in the acceptance of Bitcoin as a medium of exchange, it has nonetheless failed to gain momentum in retail transactions, particularly due to its exotic nature and its anti-regulatory, anti-environment, and fraudulent ‘feel’. Moreover, Bitcoin has also failed to establish itself as an alternative asset, as it is believed that the Bitcoin market is far from efficient due to the huge interest of young, inexperienced individual investors and the subsequent absence of institutional investors and lack of enough taxation and regulatory regulations by most countries (Tan and Low 2017; Bouri et al. 2019). Opinions about the nature and characteristics of Bitcoin vary across a wide spectrum; while some consider it an alternative to official fiat money and a step toward the development of digital currencies (Bouri et al. 2017b), a large number of researchers and practitioners consider Bitcoin simply another speculative asset (Glaser et al. 2014; Baek and Elbeck 2015; Williamson 2018). On the other hand, some researchers have likened Bitcoin to gold, often referring to it as ‘digital gold’ (Selmi et al. 2018), while Bouri et al. (2017a) considered Bitcoin a positive disruption and viewed it as an alternative to official fiat currency.



Recent developments in the global financial and economic landscape have allowed Bitcoin to gain some ground in terms of acceptance as a medium of transaction, but mostly as an alternative asset that provides a hedge against domestic economic troubles and imprudent monetary policy actions. Amid the ongoing uncertainties regarding conventional financial systems and the economic troubles faced by many countries, Bitcoin has gained some ground in its popularity and ‘feel’ (Bouri et al. 2017a). Dyhrberg (2016a) believed that global uncertainties in the wake of the global financial crisis abetted in and strengthened the positive outlook and popularity of Bitcoin. Bitcoin, as it is often compared to gold and exhibits some safe haven properties, has also gained prominence due to a loss of faith in the stability of the conventional financial architecture. This is evident from the chaos created by the much-hyped and politically motivated demonetization experiment enforced by the Indian government and the Venezuelan government, restricting transaction limits and the movement of capital in addition to hampering informal business operations (Bouoiyour and Selmi 2017). The fact that Bitcoin is neither subject to a country’s political and economic misadventures nor depends upon a central authority that could restrict the movement of capital has led to the emergence of the notion that Bitcoin may provide substantial diversification, hedge, and safe haven benefits in addition to being an effective medium of transaction.



Since its inception, Bitcoin has attracted a lot of interest from the academic community and practitioners alike. While the existing research has largely focused on the technological and legal aspects of Bitcoin, scholars have recently taken up investigating the financial and economic aspects of Bitcoin as well, particularly regarding its potential in portfolio diversification. The fundamental objective of portfolio diversification is to construct a portfolio of uncorrelated or mildly correlated assets to maximize risk-adjusted returns on investment. Portfolio optimization is one of the techniques used by investment professionals to explore the potential of different assets in maximizing the risk-adjusted returns of the portfolio by adjusting the weight of each asset using either simulations or constrained scenarios. A significant amount of research has already been conducted in the area of portfolio diversification, which helps investors devise their investment strategies and policies. Lately, cryptocurrencies in general and Bitcoin in particular have aroused significant interest among investment professionals, policymakers, and regulators alike. Although much research has primarily focused on the legal and technological aspects of Bitcoin, the examination of other financial, diversification, hedge, and safe haven aspects of Bitcoin has not progressed as far. To this end, the present study explores the potential of Bitcoin in portfolio diversification using a portfolio optimization approach as well as establishing the alternative asset characteristics (or otherwise) of Bitcoin.



The empirical literature on the nature of linkages between gold and other assets and subsequently, the potential of gold as a diversifier, a hedge, or a safe haven has grown remarkably. A vast literature discussing the different diversification-to-safe haven properties of gold has been well established (Ciner 2001; Kaul and Sapp 2006; Miyazaki and Hamori 2014; Ciner et al. 2013; Reboredo 2013; Beckmann et al. 2015). Bitcoin, likewise, demonstrates properties similar to gold in many ways; research has suggested that due to the unique risk–return characteristics of Bitcoin and its uncorrelated nature with other assets, Bitcoin might as well serve as a safe haven against global financial stress, commodities, and energy (Bouri et al. 2017a, 2017c, 2018) as well as a hedge against equities, currencies, commodities, and VIX (Bouri et al. 2017b, 2017c; Chan et al. 2019; Dyhrberg 2016a; Baur et al. 2018).



This study is one of the very few studies exploring the diversification potential of Bitcoin using a portfolio optimization approach. Earlier studies using a portfolio optimization approach can be classified into four categories: The first category includes studies that focus on portfolio optimization in general, Bitcoin not being a component of such frameworks (Ehrgott et al. 2004; Krokhmal et al. 2002; Cai et al. 2000; DeMiguel et al. 2009; Gaivoronski and Pflug 2005); the second category of studies have either focused on the US markets (Brière et al. 2015; Carrick 2016; Wu and Pandey 2014) or local markets (Aggarwal et al. 2018; Gangwal 2017; Kajtazi and Moro 2017); another strand of literature has generally addressed cryptocurrencies and digital currencies (Boiko et al. 2021; Colombo et al. 2021; Wang and Ngene 2020; Ma et al. 2020), and the fourth category of studies have evaluated the diversification potential of Bitcoin with limited indices, assets, or variables (Platanakis and Urquhart 2020; Garcia-Jorcano and Benito 2020; Pal and Mitra 2019; Eisl et al. 2015). The current study contributes to the existing literature by using a wide range of variables with the most recent data, thus bringing in new evidence regarding the potential for Bitcoin in portfolio diversification using a portfolio optimization approach.




2. Literature Review


The literature on cryptocurrencies has evolved rapidly as they have gained prominence and the attention of researchers amidst the ongoing economic and financial downturn. Significant interest is also evolving among researchers wanting to learn how the characteristics, price development, and volatility of cryptocurrencies and Bitcoin, in particular, will evolve through the current downturn in financial markets. Dwyer (2015) investigated the return volatility of Bitcoin and found that, on average, it was higher than other assets such as gold. Blau (2017) conducted a dynamic analysis of Bitcoin price fluctuations and concluded that the unusual volatility in Bitcoin prices was due mainly to speculation. Several other studies have also explored the price determinants of cryptocurrencies (Brauneis and Mestel 2018; Ciaian et al. 2016; Garcia et al. 2014; Kristoufek 2015; Cheah and Fry 2015). For instance, Ciaian et al. (2016) found that Bitcoin prices were mainly attributed to the supply and demand generated mostly by investors departing from rationality (Bouri et al. 2019). Similarly, Kristoufek (2015) and Garcia et al. (2014) confirmed the role of increased public attention and Google trends in the development of Bitcoin prices. Kristoufek (2015) also argued that Bitcoin markets were weakly related to stock markets due to different underlying price determinants. Another strand of literature has investigated the financial maturity of Bitcoin including the work of Wątorek et al. (2021), Dyhrberg et al. (2018), Koutmos (2018), and Nadarajah and Chu (2017). It is argued in these studies that the cryptocurrency market, and Bitcoin in particular, have reached a considerable level of maturity and can be considered an alternative investment. With regard to liquidity and investability, only a few academics have explored cryptocurrencies’ liquidity and investability (Wątorek et al. 2021; Dyhrberg et al. 2018; Karalevicius et al. 2018; Wei 2018).



Boiko et al. (2021) and Wang and Ngene (2020) argued that while the inclusion of different cryptocurrencies in a diversified portfolio under different portfolio optimization strategies could lead to substantial enhancements in portfolio performance, Bitcoin was still a dominant force in the cryptocurrency portfolio. Ma et al. (2020), on the other hand, argued that the addition of multiple cryptocurrencies could lead to better portfolio performance; however, Ethereum offered better diversification potential than Bitcoin. From the standpoint of volatility spillover, Burnie (2018) and Guesmi et al. (2019) found that the inclusion of Bitcoin could enhance portfolio diversification due to the lack of noticeable spillover effects between Bitcoin and other financial assets. Conrad et al. (2018) showed that the realized volatility of Bitcoin was negatively correlated with other assets, and that the riskiness in US markets was negatively related to Bitcoin volatility. They also showed that the volatility in Bitcoin decreased during financial distress or flight-to-safety periods, thereby demonstrating the ability of Bitcoin to offer potential in portfolio diversification. Wątorek et al. (2021) found that the most liquid cryptocurrencies, e.g., BTC and ETH, were uncorrelated to traditional financial instruments, on average, and therefore might facilitate portfolio diversification. Ozturk (2020) suggested that Bitcoin might not provide sufficient contributions to portfolio diversification in the short and medium term, particularly due to the volatile nature of Bitcoin; however, due to limited connectedness between Bitcoin and other assets in the long run (gold and crude oil), it might offer potential gains from diversification in the long run. Platanakis and Urquhart (2020) reported that Bitcoin might generate substantial, risk-adjusted portfolio returns in a diversified stock–bond portfolio under various asset allocation strategies considering different levels of risk tolerance. Bouri et al. (2020) strongly supported Bitcoin as a potential diversification asset, with its benefits surpassing that of gold and commodities. They also reported that Bitcoin resembled gold in its safe haven properties and was, in fact, a superior safe haven for stocks over gold and commodities. Shahzad et al. (2019), on the other hand, showed that Bitcoin had the highest risk-return Sharpe ratio in contrast to gold, which had a much lower Sharpe ratio. They found that although Bitcoin and gold had similar characteristics, gold was associated with very few extreme losses compared to Bitcoin. Their results also revealed that Bitcoin could at best offer potential for a weak safe haven similar to gold and commodities, but not for all markets under study. They attributed the weak safe haven nature of Bitcoin to a difference in the underlying determinants of price evolution in the two markets as well as the differences in the pools of investors in the two markets. Pho et al. (2021) found that while Bitcoin might act as a potential diversifier for risk-seeking investors, gold continued to be a superior diversifier for risk-averse investors. Jeribi and Fakhfekh (2021) argued that the contribution of Bitcoin to portfolio diversification might not be as substantial as generally argued; their results suggested that to maximize risk-adjusted return, investors must hold a larger proportion of conventional assets in their portfolio with a very small exposure in cryptocurrencies. Similar results were reported by Bouri et al. (2019), Kristoufek (2015), and Bouoiyour et al. (2016). Conrad et al. (2018), on the other hand, indicated that the behavior of Bitcoin was considerably different than gold during high volatility periods, and thus the comparisons to gold as a safe haven were questionable to some degree. Wątorek et al. (2021) found that while the cryptocurrency market showed no cross-correlation with traditional assets until recently, this relationship shifted during the COVID-19 crisis, thereby undermining the potential of cryptocurrencies (BTC and ETH being the most liquid) as safe havens.



Pal and Mitra (2019) showed that Bitcoin could provide a hedge against equity markets, gold, and commodities. They also indicated that the hedging effectiveness of Bitcoin was highest with gold; a long position in Bitcoin provided a hedge with a short position in gold. Garcia-Jorcano and Benito (2020) found strong evidence in support of Bitcoin in portfolio diversification; they also reported that Bitcoin might act as a hedge against all international stock markets in normal market conditions, although such potential was found to be stronger for the Hong Kong and Shanghai markets. Moreover, it was also reported that during extreme market conditions, Bitcoin might fail to hedge the risk in stock markets, though still acting as a diversifier. On the other hand, Baur et al. (2018) tested the hedging capabilities of Bitcoin as compared to foreign exchange markets and stock markets throughout different periods in a dynamic framework. They concluded that Bitcoin should be considered a speculative asset rather than a transaction medium. Ji et al. (2018) tested the potential influence of changes in different assets’ prices on Bitcoin and affirmed the idiosyncratic price movements of Bitcoin. More recently, Khaki et al. (2020) found that the value of Bitcoin was not closely correlated with capital markets or the forex market. The uncorrelated nature of Bitcoin with other conventional assets might indicate a potential diversification benefit when added to a well-diversified portfolio. Mazanec (2021) argued that Bitcoin was leading the way for altcoins such as Binance Coin, Cardano, Litecoin, and Ethereum to either replace or somehow supplement it as a potential asset for portfolio diversification. To sum up, the majority of research has confirmed the lack of interaction and spillover effects among Bitcoin and different groups of financial assets. This, in turn, raises the question as to whether an optimal mix of Bitcoin and other assets could enhance the risk–return tradeoff of a well-diversified portfolio and if so, what implications this might have for investors’ investment strategies.



Research using the portfolio optimization approach has also attempted to gauge the efficacy of adding Bitcoin to different portfolio frameworks including well-diversified portfolios. Empirical evidence on the potential benefits of adding Bitcoin to a well-diversified set of portfolios was provided by Brière et al. (2015). They employed the mean-variance tests of Kandel and Stambaugh (1987) and Ferson et al. (2013) to investigate the impact of Bitcoin inclusion on the risk–return trade-offs of three dissimilar, well-diversified portfolio frameworks. They reported that the inclusion of Bitcoin in a well-diversified portfolio, even in a small proportion, yielded superior mean-variance tradeoffs as compared to Bitcoin-free portfolios. Similarly, Brière et al. (2015) and Eisl et al. (2015) utilized the conditional value-at-risk approach to the four most widely used portfolio frameworks and provided further evidence on the role of Bitcoin in enhancing expected returns as well as the levels of risk of proposed portfolios; however, they claimed that Bitcoin’s contribution in leveraging expected returns overweighed the additional risk. These results were supported by Gangwal (2017), who analyzed the effect of adding Bitcoin to a well-diversified portfolio under various minimum holding constraints and including various asset classes. He found that adding Bitcoin almost always improved the portfolio’s risk-adjusted return as measured by the Sharpe ratio, especially when unconstrained short selling was allowed. In a similar study, Symitsi and Chalvatzis (2019) employed daily data on multiple exchange rates, gold, oil prices, and a pool of stocks to measure Bitcoin performance in different optimized portfolios under different constraining scenarios. Their results confirmed the role of Bitcoin in enhancing the Sharpe ratio with no statistically significant increase in portfolios’ variances, especially for equally weighted and global optimal minimum variance portfolio strategies.



Bitcoin has also spurred interest in its potential contribution to portfolio diversification and risk hedging. Bouri et al. (2017a) found that Bitcoin could be considered a good hedge, as its prices tended to move against commodities prices. Similarly, Baumöhl (2019) affirmed the importance of Bitcoin in portfolio diversification, as it exhibited a low correlation with a variety of asset classes. Aggarwal et al. (2018) found that Bitcoin offered superior, risk-adjusted return performance of portfolios under naïve and long-only frameworks across the investment horizon as compared to a constrained portfolio framework. DeMiguel et al. (2009) reported similar results and showed that the performance of a naïve portfolio specification was as good as other constraining scenarios or sometimes even better. Brière et al. (2015) showed that by adding Bitcoin to an already diversified portfolio of US assets, the Sharpe ratio (Sharpe 1963) improved. Other studies have used other risk–return measures such as the Omega ratio (Wu and Pandey 2014), value at risk (VaR), and conditional value at risk (CVaR) (Eisl et al. 2015; Aggarwal et al. 2018; Selmi et al. 2018) to evaluate the effectiveness of Bitcoin in portfolio diversification through optimization. More recent research has provided further support, arguing that an optimal mix of Bitcoin and US equities could reduce the overall risk of a portfolio (Bouri et al. 2017a). Interestingly, similar results were obtained in portfolios that included foreign currencies, commodities, stocks, and ETF (Andrianto and Diputra 2017) as well as portfolios including global and emerging market indices (Guesmi et al. 2019). In addition, more recently, Kajtazi and Moro (2019) evaluated the impact of Bitcoin on portfolio optimization and diversification in the context of US, European, and Chinese investors by adding Bitcoin to four different portfolio scenarios—naïve, long-only, unconstrained, and semi-constrained. They reported that Bitcoin improved the return but increased the riskiness of the portfolios, correspondingly.



To sum up, a survey of the literature reveals that there is no established consensus on whether Bitcoin can serve investors as a portfolio diversifier, a hedge, or a safe haven. The lack of consensus can be attributed to numerous factors including different methodologies, sample periods, and posited determinants. For greater clarity, and perhaps consensus, to emerge about the appropriate role, if any, that Bitcoin should or could play in portfolio management, further empirical research is required. This paper thus contributes to that knowledge goal by employing a little-used approach to the investigation of the potential effectiveness of Bitcoin in portfolio diversification—namely, a portfolio optimization approach under multiple constraining scenarios.




3. Data Description and Research Methodology


This study aims to evaluate the diversification potential of Bitcoin in a well-diversified portfolio by employing portfolio optimization approach and Monte Carlo simulation. Herein, the focus is on the empirical risk measures and risk-adjusted return measures derived from historical data without approximating for an efficient frontier or a portfolio represented by historical VaR. A Monte Carlo simulation was employed to compute the VaR at 95% and 99%, with 10,000 iterations for each portfolio framework described in the following section. The historical VaR was also computed to compare against the variance–covariance VaR and Monte Carlo simulated VaR to compare historical, covariance-based, and expected (normalized) VaR and to present a decent contrast and comparison of multiple portfolios under different constrained scenarios. In addition to VaR, conditional VaR for each alternative was estimated at 95% and 99% confidence intervals to account for extreme market conditions. Under each constraining scenario, the analysis comprised two portfolios, one with Bitcoin and the other without Bitcoin.



The portfolio for the optimization comprised broad market indices for equity, currency, global economic activity, energy, fixed-income (corporate bonds), and a commodity (gold). The description of the variables is presented in Table 1 below. The following proxies were employed in this study; S & P 500 for equity markets (SBB/USD), USD to Euro (USD/WCBN) for Forex markets, the Baltic Dry Index (BALTICF) for real economic activity, the Dow Jones UBS Energy Spot Subindex (DJUBENS) for energy markets, the iShares Long-Term Corporate Bond ETF (U:IGLB) for corporate bonds, and the CMX-Gold 100 ounce (NGCC.01) for gold. This study attempted to explore the diversification potential of Bitcoin, as it still possessed a dominant power in the cryptocurrency market despite the exponential rise of cryptocurrencies in recent times. As reported by Wang and Ngene (2020), despite the phenomenal prominence of altcoins in recent times, Bitcoin still exhibited a leading and dominant role in price discovery and volatility transmission throughout the cryptocurrency market and therefore, studying the dynamics and interaction of Bitcoin with other asset classes became imperative to portfolio diversification, hedging, and understanding the origins and drivers of price and volatility in the cryptocurrency market. Moreover, as of May 2021, Bitcoin market capitalization was close to US $700 billion, which was almost 45% of the total cryptocurrency ecosystem with more than 10,000 cryptocurrencies trading on around 380 exchanges.2 The data for all the selected asset classes (or indices) was downloaded from the Thomson Reuters Eikon DataStream with weekly frequency and time-stamped from August 2011 to May 2021, with a total of 508 observations for each variable. The study employed weekly data instead of daily data, particularly because the reported variables (assets) had different market establishment and trading timelines, especially with regard to operating days and hours. Therefore, the data was employed using a weekly frequency to get consistent, balanced, and non-missing data consistent with the approach suggested by Chung and Liu (1994), Click and Plummer (2005), DeFusco et al. (1996), and Nguyen and Huynh (2019). Moreover, the monthly data did not provide qualitative data for robust evaluation, while the daily data captured too much noise and involved high transaction costs when it came to portfolio rebalancing strategies (Platanakis and Urquhart 2019). It was also found that portfolio performance increased as the rebalancing frequency increased from a daily to a weekly or bi-weekly frequency, while monthly or longer rebalancing frequencies might have caused a substantial decline in portfolio performance (Pooter et al. 2008). It was, therefore, prudent to use weekly data in the portfolio optimization scenario to gather meaningful insights compared to daily or monthly data. A number of studies based on portfolio optimization framework have employed weekly data, owing to the reasons cited above (Deng et al. 2012; Mendes et al. 2016; Ivanova and Dospatliev 2017).



The variables of the study are listed in the table below:



The mean-variance approach was used to determine the optimal weights of assets/indices under multiple constraining scenarios. The mean-variance optimization approach is described below.



3.1. Mean-Variance Optimization


Markowitz (1952, 1958) proposed a classical approach to portfolio optimization based on the conflicting criteria of maximizing the expected return and minimizing portfolio risk represented by their variance. This approach came to be known as the Markowitz covariance model, or the mean-variance approach in general. This model is formulated below:


   max      ∑   i = 1   i = n    μ i   ω i   










  min   ∑   i = 1   i = n     ∑   j = 1   j = n    σ  i j    μ i   ω i   
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where  n  is the number of assets in a portfolio;    ω i    denotes the fraction of investment in each asset   i   ∈  {  1 ,   2 ,   … .   ,   n  }  ;      μ i    denotes the expected return of asset   i   ∈  {  1 ,   2 ,   … .   ,   n  }   ;    σ  i j     is the covariance between the returns of assets   i   ,   j ∈  {  1 ,   2 ,   … .   ,   n  }   ; and    ω i  =   {  ω 1  ,   … … … ,  ω n  }  n  ∈    ℝ n    as the n-dimensional solution vector.



Consider a finite set of financial assets/indices/variables   i   ∈  {  1 ,   2 ,   … .   ,   n  }   . These assets generate returns    μ i    within a given observation period as below:


   μ i  =  μ 1  ,   … … … ,    μ n   








where    μ i    is a random variable with finite means, measured as the relative increase (or decrease) in asset prices during the period under consideration. Within a budget constraint of 1, the investor may decide on the positions


   ω i  =  ω 1  ,   … … … ,  ω n   








in those arbitrary assets chosen by the investor within the different constraining scenarios and a budget constraint    ∑  i = 1   i = n    ω i  = 1  . Let  1  be the vector of ones, and the budget constraint may be denoted by    ω T  1  . The portfolio return at the end of the observation period is calculated as


  R =  ω T  μ =   ∑   i = 1   i = n    ω i   μ i   











Assuming R is a random variable, the expected return and the standard deviation of the portfolio is


   ξ P  = E  (   ω T  μ  )  =  ω T  E  ( μ )  ,     o r  
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where    σ  i j     is the covariance between the returns of individual assets   i ,   j ∈  {  1 ,   2 ,   … . ,   n  }    based on the historical observations captured by  Σ , the covariance matrix (   σ  i j    ).



Suppose  R  is a risk measure such as variance or standard deviation. While multiple measures of risk-adjusted performance could be used, Gaivoronski and Pflug (2005) argued that in addition to conventional measures of risk such as standard deviation, some investors expressed their risk preference in terms of VaR. Therefore, for a specific risk measure  R  for a given minimum expected return τ, the solution of the general optimization problem is given by:


    min  ω  R  (   ω T  μ  )   










   ω T  E  ( μ )    ≥ τ  










   ω T  1 = 1  








where   ω   ≥ 0   (under a short-selling constrained portfolio or as defined under each constraining scenario).



Let ω represent the vector of security weights, and  Σ  is the covariance–variance matrix of the security/index returns and μ a vector of expected returns. For the same risk measure  R  above and the expected Sharpe ratio    φ i  =  φ 1  ,   … … . ,    φ n    for each asset, the solution to the maximum Sharpe ratio optimization problem is given by


    max  ω       ω T  E  ( μ )  −  R f       ω T  Σ ω      










   ω T  𝟙 = 1 ,  










    ∑   i = 1   i = n   |  ω i  | ≤ δ  








where    ω i  ≥ 0   for a long-only constrained portfolio, is unbounded in case of a non-constrained portfolio, or is as described under different constraining frameworks, and    R f  = 0   is the risk-free rate. The proposition described by Jagannathan and Ma (2003) for a constrained portfolio for   δ = 1  , the optimization solution to 1-norm-constrained mean-variance, is the same as that of the short-sale-constrained mean-variance portfolio.



The current study evaluates the diversification potential of Bitcoin in a well-diversified portfolio, using a portfolio optimization approach and a Monte Carlo simulation. The indices or variables used in the portfolio optimization process comprised broad indices for equity, currency, fixed-income, commodities, energy, and global economic activity as described in the previous section. The basic aim behind this approach was to calculate optimal weights    ω i    of each asset under each constraining scenario for a well-diversified portfolio without Bitcoin and then to explore the effects of adding Bitcoin by comparing the risk–return metrics of the optimized portfolios. Each optimal portfolio, therefore, repeated the weight optimization process under the different user-defined portfolio optimization frameworks described below. The portfolio frameworks developed from an equal-weighted portfolio with and without Bitcoin by adding multiple constraining scenarios to find the optimized solution under each. The optimization was based entirely on maximizing the Sharpe ratio as described above (except for the risk parity portfolios, where the objective of the optimization was parity in the risk contribution of each asset), where the risk-free rate was assumed to be zero. Each portfolio-constraining scenario (or otherwise) can be described as follows:



3.1.1. Scenario 1: Equal-Weighted or Naïve Portfolio (   ω i  =  1 N  ∀    i   )


The equal-weighted or naïve portfolio comprised all assets with equal weights, irrespective of their risk–return and covariance–variance characteristics. Researchers have shown that a naïve portfolio performs as well as a mean-variance-based optimization portfolio. Therefore, it was interesting to evaluate whether adding Bitcoin to a well-diversified portfolio under the naïve scenario could increase the risk-adjusted, mean-variance-based performance of the portfolio.




3.1.2. Scenario 2: Semi-Constrained Max-Long Portfolio (   ω i  ∈ ℝ :  ω i  ≤ 0.25 ; ∑  ω i  = 1 )  


Here, the optimization process limited the maximum position of any asset to 25 percent of the total portfolio, with no constraints on shorting. The constraint of maximum position weight limited the unreasonable or disproportionately large allocations from the unconstrained scenario. It was, thus, interesting to discover how adding Bitcoin to user-determined weight constraints could enhance the risk-adjusted, mean-variance based performance of a diversified portfolio.




3.1.3. Scenario 3: Semi-Constrained Min-Long Portfolio (   ω i  ∈ ℝ :  ω i  ≥ 0.10 ; ∑  ω i  = 1 )  


This scenario was also created to limit the unreasonable or disproportionately large allocations in the unconstrained or semi-constrained portfolio optimization problem described by Eisl et al. (2015). This framework employed a 10 percent minimum long constraint with no shorting constraint on the weight of individual assets to ensure that the portfolio was well-diversified and had a feasible optimization solution.




3.1.4. Scenario 4: Constrained Portfolio 1 (   ω i  ∈ ℝ : − 0.25 ≤  ω i  ≤ 0.25 ; ∑  ω i  = 1 )  


Here, the framework sought to maximize the risk-adjusted return of the portfolio by adding a constraint in either direction that was different from the constraints employed by Eisl et al. (2015). This framework was interesting for determining the theoretical solution to an optimization problem while allowing for maximum weight in each asset to be 25 percent of the portfolio in either long or short positions. Knowing that shorting might not be possible in many assets due to the unavailability of suitable financial products, this framework helped us understand the potential of adding an asset to a well-diversified portfolio if shorting was possible.




3.1.5. Scenario 5: Risk Parity (Long Only) Portfolio (   ω i  Σ  σ i 2  =  1 N  ;  ω i  ∈ ℝ :  ω i  ≥ 0 ;     ∑  ω i  = 1 )  


In the risk parity portfolio optimization approach, the main objective was to have an equal contribution to the portfolio risk from each asset or asset class in the portfolio (Lee 2011). The purpose of this strategy was to limit the disproportionate economic or financial impact of a single asset on the portfolio (Ngene et al. 2018). This strategy was a very effective approach to diversification and included asset classes with high volatilities in the portfolio. In this scenario, the optimization strategy sought to maximize the risk-adjusted return of the portfolio by adding the constraint that the risk contribution of each asset to the total risk of the portfolio should be equal. The framework employed a no-shorting constraint on the weight of the individual assets as was usually the practice in a risk parity portfolio.




3.1.6. Scenario 6: Risk Parity Unconstrained Portfolio (   ω i  Σ  σ i 2  =  1 N  ;  ω i  ∈ ℝ :   max  ω   φ i  ; ∑  ω i  = 1 )  


This was a modified, rather unconstrained risk parity portfolio with the same objective as scenario 5, but with no constraint on shorting. This framework, though impractical at times, provided meaningful insights into the dynamics of asset covariances and their role in risk contribution to the total portfolio risk under a risk parity portfolio optimization framework.




3.1.7. Scenario 7: Unconstrained Portfolio (   ω i  ∈ ℝ :   max  ω   φ i  : ∑  ω i  = 1 )  


The unconstrained portfolio put no restriction on asset weights; shorting and leveraging were both allowed and theoretically, the risk-adjusted return under this needed to be the highest of all portfolio frameworks. This optimization process was, however, expected to result in extremely large and unreasonable weights in either long or short positions, but the weights under our optimization output were within the reasonable range and were therefore reported for further interpretation. This framework often tested the theoretical limits for the potential of adding a specific asset to a well-diversified portfolio.




3.1.8. Scenario 8: Long Only Portfolio (   ω i  ∈ ℝ :  ω i  ≥ 0 ; ∑  ω i  = 1  )


This framework allowed and effectively limited the individual asset weights to 100 percent of the portfolio and allowed no shorting. This framework provided a more feasible scenario for investors and was more practical given a portfolio comprised of assets where shorting was impossible due to the lack of available products in the market. This optimization framework sought to maximize the Sharpe ratio by adding a no short-selling constraint, which was a more practical and reasonable way to approach portfolio diversification in real life.



In addition to the above constraining scenarios, we also evaluated the following scenarios, which generated no optimal solution or unreasonable solution and thus were removed from the final analysis:




3.1.9. Scenario 9: Minimum Variance (   ω i  ∈ ℝ :   min  ω   σ P  : ∑  ω i  = 1  )


Here, the optimization process sought to minimize portfolio variance with no constraints on weights. The optimization results were expected to put larger weights on assets with the least variance, and thus the solution might include extremely large weights in either direction. Our results indicated a similar outcome, and thus, this scenario was dropped from further analysis.




3.1.10. Scenario 10: Semi-Constrained Portfolio 2 (   ω i  ∈ ℝ :   max  ω   φ i  : − 1 ≤  ω i  ≤ 1 ; ∑  ω i  = 1 )  


The optimization process under this scenario sought to maximize risk-adjusted returns by allowing short and long positions to the extent of 100 percent of the total portfolio. Here, again, the results indicated over-investment in a single asset, which went against the basic principle of diversification, and thus, this scenario was dropped from further analysis.






4. Results and Analysis


4.1. Descriptive Statistics


The descriptive statistics for all variables are presented in Table 2 below. The average return on Bitcoin was considerably higher than other assets during the sample period. The return on Bitcoin corresponded to 84% on an annualized basis, which was much higher than any other asset during the same period. However, the minimum and maximum Bitcoin returns also showed that there were more extreme price movements in Bitcoin compared to other assets as well as a considerably higher standard deviation. The extreme and volatile nature of Bitcoin returns was also reflected by its high kurtosis value (11.50) along with a high standard deviation compared to other assets in the panel. One of the possible reasons for this behavior could be the drastic price spike of Bitcoin during 2017 and in early 2021 where prices increased exponentially, remaining considerably volatile in the intervening periods and thereafter. The price development of all assets and Bitcoin is presented in Figure 1 below, clearly highlighting the explosive price development of Bitcoin compared to other assets.



Moreover, the graph of normalized price development (Figure 2) shows that Bitcoin price volatility initially increased after the price spike of 2017 and then again in early 2021 in the post-COVID, speculative and uncertain regulatory environment regarding the mainstreaming of Bitcoin, environmental concerns, and regulatory crackdowns. In addition, the graph indicates that Bitcoin exhibited the largest variance in its prices during the sample period, particularly after 2017. Bitcoin prices remained considerably stable from the period 2011–2017; however, due to the increased popularity of Bitcoin subsequently, the prices saw some unusual price movements with a varying degree of correlation to different asset classes. As shown in Figure 2 above, Bitcoin exhibited a tendency to be negatively correlated with some asset classes during market downturns such as the one witnessed during the COVID-19 crisis while moving in tandem to varying degrees with major asset classes under study, on average. To further understand Bitcoin’s potential to act as a portfolio diversifier, a hedge, or a safe haven, further analysis was performed to demonstrate the limits of Bitcoin as an investment alternative. The correlation results are presented below in Table 3. Given the definition of a hedge, diversifier, and safe haven given by Baur and Lucey (2010), Bitcoin could at most act as a diversifier due to its low to medium correlation with other assets, as indicated in the correlation results in Table 3 below. Baur and Lucey (2010) defined a diversifier as an asset that was, on average, positively, but not perfectly, correlated with other assets. As indicated by the correlation matrix in Table 3, Bitcoin appeared to have low to medium potential for acting as a diversifier, owing to its low correlation with other assets (mostly   ρ < 0.10  ). Moreover, the highest positive correlation for Bitcoin was reported with gold (  ρ = 0.17 )  , and thus, the asset Bitcoin resembled in terms of price movements and price development was gold, but the correlation coefficient might be too small to classify it in the same category of assets as gold.



Because the point estimate of correlation might not always present a reasonable depiction of the nature of correlation, further analysis was carried out to study the dynamic conditional correlation between Bitcoin and other assets, an approach followed by Ngene et al. (2018) to investigate the presence of time–invariant interactions in volatility between assets (or markets). The results of the dynamic conditional correlation are presented in Figure 3 below. The graph depicts that Bitcoin exhibited a very low level of dynamic conditional correlation with most of the asset classes while exhibiting a negative correlation with Forex and BDI, on average. It must also be pointed out that Bitcoin exhibited a strong positive correlation with gold during extreme market conditions, particularly during the COVID-19 crisis, thereby demonstrating some resemblance of Bitcoin to gold. In addition, during early 2020, there was a sharp dip in the correlations between Bitcoin and other assets, which may indicate some potential for Bitcoin to be classified between a hedge and safe haven, according to the generally agreed definitions of Baur and Lucey (2010). More graphical evidence suggesting the potential of Bitcoin as a diversifier, hedge, or safe haven is presented in Appendix A.



Based on the preliminary evaluation above, the present study, therefore, evaluated the diversification potential of Bitcoin, using the portfolio optimization approach discussed in Section 4.2 below.




4.2. Portfolio Optimization and Monte Carlo Simulation


The analysis comprised a total of 8 optimization scenarios based on different constraining (or unconstrained) frameworks. The scenarios included naïve (or equal-weighted) portfolios, risk-parity portfolios, unconstrained portfolios, and semi-constrained portfolios. A detailed discussion on the construction of these frameworks is provided in the methodology section. It must be pointed out here that some scenarios were dropped from the analysis due to irrational outcomes. For the remaining portfolio frameworks, the portfolios were compared in terms of portfolio mean weekly return, mean weekly risk–return ratio (Sharpe ratio), historical VaR (HS VaR), variance–covariance VaR (VCV VaR), and conditional VaR (HS CVaR, VCV CVaR) for portfolios with and without Bitcoin. The portfolio results were then simulated with 10,000 iterations, using the Monte Carlo simulation approach. The portfolios were then compared based on their Monte Carlo simulation outcomes—mean-variance risk-adjusted returns, the Sharpe ratio, and Monte Carlo simulation-based CVaR (MC CVaR). The key results are presented in Table 4, Table 5, Table 6 and Table 7 below.



The results shown in Table 4 and Table 6 indicate that for almost all portfolio frameworks except risk parity portfolios (Scenarios 5 and 6), the mean returns, standard deviation, risk-adjusted returns, and VaR for a portfolio with Bitcoin were higher than that of a portfolio without Bitcoin. For the naïve portfolio (Scenario 1), the optimized mean-variance portfolio with a Bitcoin weight of 14.29% compared to a no-Bitcoin portfolio showed a considerable improvement in the risk-adjusted return performance. The mean returns showed a considerable increase from 0.071% to 0.292% with a modest increase in standard deviation from 1.97% to 2.58% and subsequently, a considerable increase in the Sharpe ratio from 3.58 to 11.28% when including Bitcoin in the portfolio. Likewise, in a semi-constrained max-long portfolio (Scenario 2), the optimized portfolio suggested a Bitcoin weight of 2.95%. It must be noted that under this scenario, the mean returns increased from 0.087% to 0.255%, and the standard deviation mildly increased from 0.90% to 1.64% with a considerable jump in the Sharpe ratio from 9.68% to 15.57% after adding Bitcoin into the portfolio optimization (within given constraints). Similar results were presented in scenario 3, a semi-constrained min-long portfolio with a Bitcoin weight of 10%; under this framework, when including Bitcoin in the portfolio, the mean returns increased from 0.146% to 0.386%, while the portfolio’s standard deviation only increased from 1.76% to 2.81%, consequently leading to a significant tick in the Sharpe ratio from 8.28% to 13.74%. It must also be noted that Scenario 2 and Scenario 4 presented similar results, thereby suggesting that there was no impact of shorting on the portfolio optimization if the long position was constrained in each asset. Surprisingly, under naïve and semi-constrained portfolio frameworks, VaR did not sharply increase with the inclusion of Bitcoin in the portfolio. It must, however, be noted that the portfolios with Bitcoin had a tendency to suffer considerable losses under extreme market conditions, as can be seen from portfolio CVaR. Moreover, the variance–covariance approach appeared to underestimate losses during extreme market conditions compared to historical estimates of CVaR while almost reporting VaR consistent with the historical performance of the portfolio under normal market conditions.



Similar results were reported under Scenarios 5 to Scenario 8 in regard to mean-variance performance of the portfolio. Risk parity portfolios indicated that the standard deviation of portfolios with Bitcoin was somewhat less than the portfolios without Bitcoin, which could be understood due to the fact that each asset contributed equally to the overall portfolio risk. Therefore, the weights of assets with a higher risk contribution to the portfolio were significantly reduced. These results were consistent with Ngene et al. (2018), who reported that the risk parity weights of risky assets should be lower, and the risk parity weights of less risky assets should be higher in a risk-parity portfolio. Scenario 5—Risk Parity (Long Only) Portfolio was optimized under the no shorting constraint; under this scenario, the average returns increased from 0.064% to 0.123% by allocating 4.90% of the portfolio to Bitcoin. The Sharpe ratio also witnessed a moderate increase, and as one would expect, the VaR and CVaR estimates were almost in a similar range for both portfolios, strongly in support of the evidence that risk parity portfolios are somewhat tolerant to extreme market conditions in a particular asset class. In portfolio optimization Scenario 6—Risk Parity (Unconstrained) Portfolio; the Bitcoin was allocated 8.84% of total portfolio weight, resulting in an increase in the mean returns from 0.084% to 0.155% through such allocations to Bitcoin. This framework with no constraint on shorting, however, also witnessed a sharp decrease in the CVaR in the portfolio with Bitcoin compared to the portfolio without Bitcoin. Scenario 7 represented a traditional framework that sought to maximize the Sharpe ratio with a no-shorting constraint, while Scenario 8 sought to maximize the Sharpe ratio with no constraint on shorting. Under both these scenarios, it could be observed that a considerably small allocation was made to Bitcoin (0.29% in Scenario 7 and 0.44% in Scenario 8). Regardless of the size of the allocation, the portfolio performance saw considerable improvement; the average returns under Scenario 7 increased from 0.087% to 0.125%, while the standard deviation witnessed a mild increase from 0.48% to 0.68%. The Sharpe ratio also witnessed a mild increase from 18.35% to 20.83%. Likewise, in Scenario 8, the average returns increased from 0.093% to 0.137%, the standard deviation increased from 0.51% to 0.65%, and the Sharpe ratio increased from 18.35% to 21.14%. It is important to point out here that the portfolio scenarios with limited exposure to Bitcoin (for instance, Scenario 7 and Scenario 8, risk parity portfolio excluded) did not witness extreme losses under extreme market conditions. It may, therefore, be prudent to conclude that while Bitcoin may offer considerable potential for portfolio diversification during normal market conditions, such allocations towards Bitcoin must be viewed with caution during extreme market conditions. Moreover, it can also be argued that Bitcoin may offer the potential for diversification to a risk-seeking investor, while it may not offer huge potential to a risk-averse investor. These results are consistent with the findings reported by Jeribi and Fakhfekh (2021), Pho et al. (2021), Garcia-Jorcano and Benito (2020), and Platanakis and Urquhart (2020) on the potential of Bitcoin as a diversifier. With the inclusion of Bitcoin in the portfolio, in addition to risk-adjusted return metrics, it also increased the variance, VaR, and CVaR of the portfolio; it can thus be concluded that Bitcoin clearly offered an upside in the return but simultaneously increased the risk of a well-diversified portfolio. Our findings revealed that adding Bitcoin to a well-diversified portfolio increased the risk-adjusted return considerably, particularly in constrained scenarios, as depicted by Scenarios 2 and 3, while there seemed to be only a moderate increase in the risk-adjusted performance of unconstrained portfolios (Scenarios 7 and 8). Moreover, Bitcoin appeared to be a potential diversifier for risk parity portfolios under both the constrained (long-only) and unconstrained frameworks, as witnessed by the increments in the risk-adjusted performance of these portfolios.



Contrary to the findings of Aggarwal et al. (2018) and DeMiguel et al. (2009), the results indicated that the risk-adjusted return performance of constrained portfolios was higher than naïve portfolios. One of the possible reasons for such performance under a strictly constrained portfolio could be that such portfolios tend to be similar to manually constructed portfolios, with a little flexibility for the maneuverability in weights to take the benefits of negative co-movements of the assets to generate better portfolio outcomes. Moreover, the results also showed that among the constraining scenarios, the best performance was observed for a semi-constrained max-long portfolio limiting the maximum position in any asset to 25 percent of the portfolio value with no shorting constraint. Our findings revealed that a semi-constrained max-long portfolio provided decent incremental mean-variance performance, captured by its Sharpe ratio, and that adding Bitcoin to this semi-constrained scenario caused a 5.89% increase in the Sharpe ratio with a considerably low HS CVaR (at 99% confidence interval). One way to explain these results is that because the Bitcoin market is populated by frenzy investors and witnesses huge and sometimes wild movements (Bouri et al. 2019; Tan and Low 2017), a carefully constraint-operated portfolio is deemed necessary for building a well-balanced portfolio while mitigating tolerable risk. In contrast, the increments in the Sharpe ratio for the naïve portfolio with Bitcoin and for the semi-constrained min-long portfolio (Scenario 3) were larger but with considerably higher extreme value CVaR estimates. The results also revealed that increasing the weight of Bitcoin generated incremental returns, but the risk increased disproportionately, resulting in a decrease in the Sharpe ratio, as observed in the Scenario 3 framework. It may, therefore, be concluded that including Bitcoin does not essentially increase the risk-adjusted performance of a portfolio unless carefully constrained. It may thus be reasonable to conclude that Bitcoin has considerable potential to increase the risk-adjusted returns of a well-diversified portfolio, and therefore, this establishes Bitcoin as an alternative investment that investors may consider while designing their investment policy strategies, specifically their asset allocation.



The simulation results shown in Table 5 and Table 7 also indicate that adding Bitcoin considerably increased the risk-adjusted return of portfolios with Bitcoin compared to the portfolios without Bitcoin under all frameworks. The simulation results were similar to variance–covariance-based metrics for obvious reasons and had a tendency to underestimate losses during extreme market conditions. It may, therefore, be concluded that besides the risk-adjusted return, the risk (or conditional value at risk) of a portfolio considerably increases by adding Bitcoin to a well-diversified portfolio, and thus, adding Bitcoin may be considered a bit too risky by risk-averse investors and thus has implications for the performance and actions of investment professionals.





5. Conclusions


Bitcoin has proven to be a fascinating and controversial addition to the global financial landscape; it is a cryptocurrency that has been simultaneously feted as a future alternative to official fiat currencies and disparaged as a disruptive and volatile play-thing of amateur speculators.



The results suggest that Bitcoin has some potential to act as a diversifier because in almost all the portfolio optimization frameworks, the performance attributes of the portfolios with Bitcoin were considerably higher compared to portfolios without Bitcoin. It must also be pointed out that the allocation to Bitcoin in most of the unconstrained or semi-constrained frameworks was minimal. It may, therefore, be concluded that because Bitcoin witnesses heavy price fluctuations, investors must exercise caution and limit their exposure to Bitcoin, as excess exposure to Bitcoin may not essentially lead to improvement in portfolio performance attributes. Moreover, the results also indicate that adding Bitcoin to a portfolio increases the conditional value at risk during extreme market conditions.



Against this backdrop, certainly, empirical evidence suggests that Bitcoin has been (until now) immune to economic and financial downturns, stock market downturns (Dyhrberg 2016b), and ill-conceived and ill-implemented monetary policy developments such as those of the Venezuelan government and the Indian demonetization experiment (Luther and Salter 2017; Bouoiyour and Selmi 2017; Selmi et al. 2018). However, although our results support the hypothesis that Bitcoin can play a significant role in portfolio diversification and investment management, it would be going too far to assert that Bitcoin can serve as an alternative asset due to its random spikes and movement in prices. Bitcoin’s price volatility is likely to be due to the lack of interest from the institutional investors who still consider Bitcoin a speculative asset and its price formation as a bubble fueled by young, inexperienced individual investors as well as being due to various legal, taxation, or accounting problems associated with cryptocurrency (Bouri et al. 2019; Tan and Low 2017). As such, considerably more evidence in Bitcoin’s favor is required before we can expect Bitcoin to be considered an alternative asset to commodities or gold.



That said, it will certainly be interesting to see how Bitcoin price development evolves as the legal, regulatory, and accounting guidelines with regard to it change. In addition, with the recent introduction of Bitcoin futures, the emergence of a strong altcoin market, and other developments (among them, uncertainty around the acceptance of Bitcoin on various platforms, such as, Elon Musk’s investment and commitment to accepting Bitcoin as a mode of payment and subsequent backtracking for environmental concerns, the crackdown on Bitcoin mining in China, etc.), it will be interesting to see whether significant economic, fiscal, and financial downturns such as those witnessed in recent periods will still render Bitcoin as a diversifier, hedge, or safe haven.
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Appendix A. Supplemental Dynamic Conditional Correlation Graphs
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Figure A1. Dynamic conditional correlation—Bitcoin with all assets (DCC-GARCH). Note: The graph in Figure A1 suggests that Bitcoin exhibits a negative conditional correlation with Forex and BDI, while it exhibits a very low correlation with other assets throughout the sample period. The conditional correlation appears to sharply fluctuate (dip) during the periods of financial crisis (for instance, the COVID-19 crisis in early 2020), thereby suggesting some potential of Bitcoin as a hedge or safe haven against those assets. 






Figure A1. Dynamic conditional correlation—Bitcoin with all assets (DCC-GARCH). Note: The graph in Figure A1 suggests that Bitcoin exhibits a negative conditional correlation with Forex and BDI, while it exhibits a very low correlation with other assets throughout the sample period. The conditional correlation appears to sharply fluctuate (dip) during the periods of financial crisis (for instance, the COVID-19 crisis in early 2020), thereby suggesting some potential of Bitcoin as a hedge or safe haven against those assets.
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Figure A2. Dynamic conditional correlation—Bitcoin with all assets (DCC-GARCH). Note: The graph in Figure A2 suggests that Bitcoin exhibits negative dynamic conditional correlation at low confidence intervals (negative price development of the reference asset) with a considerably low to negative correlation with all assets during normal price evolution. This indicates that Bitcoin may serve as a potential diversifier, while it may also have some potential properties ranging between a hedge and a safe haven; however, this property appears to dissipate with a slight change in the market conditions. 






Figure A2. Dynamic conditional correlation—Bitcoin with all assets (DCC-GARCH). Note: The graph in Figure A2 suggests that Bitcoin exhibits negative dynamic conditional correlation at low confidence intervals (negative price development of the reference asset) with a considerably low to negative correlation with all assets during normal price evolution. This indicates that Bitcoin may serve as a potential diversifier, while it may also have some potential properties ranging between a hedge and a safe haven; however, this property appears to dissipate with a slight change in the market conditions.
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Appendix B


The table presents the detailed portfolio optimization results, indicating the weights of each asset under each constraining (or otherwise) framework, for portfolios with and without Bitcoin.
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Table A1. Portfolio Optimization Results.






Table A1. Portfolio Optimization Results.





	
Constraining Framework

	
Scenario 1

Naïve Portfolio

	
Scenario 2

Semi-Constrained Max-Long Portfolio

	
Scenario 3

Semi-Constrained Min-Long Portfolio

	
Scenario 4

Constrained Portfolio




	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin




	
     ω i  =  1 N    ∀   i :        ∑  ω i  = 1    

	
     ω i  ∈ ℝ :    ω i  ≤ 0.25 ;        ∑  ω i  = 1    

	
     ω i  ∈ ℝ :    ω i  ≥ 0.10 ;        ∑  ω i  = 1    

	
     ω i  ∈ ℝ : − 0.25 ≤  ω i  ≤ 0.25 ;        ∑  ω i  = 1    




	
Asset/Index

	

	

	

	

	

	

	

	




	
Forex

	
16.67%

	
14.29%

	
25.00%

	
25.00%

	
10.00%

	
10.00%

	
25.00%

	
25.00%




	
Bitcoin

	
-

	
14.29%

	
-

	
2.95%

	
-

	
10.00%

	
-

	
2.95%




	
Baltic Dry Index

	
16.67%

	
14.29%

	
2.65%

	
10.31%

	
10.00%

	
17.66%

	
2.65%

	
10.31%




	
Equities

	
16.67%

	
14.29%

	
25.00%

	
25.00%

	
50.00%

	
32.34%

	
25.00%

	
25.00%




	
Energy

	
16.67%

	
14.29%

	
0.36%

	
−1.99%

	
10.00%

	
10.00%

	
0.36%

	
−1.99%




	
Corporate Bond

	
16.67%

	
14.29%

	
25.00%

	
25.00%

	
10.00%

	
10.00%

	
25.00%

	
25.00%




	
Gold

	
16.67%

	
14.29%

	
21.98%

	
13.74%

	
10.00%

	
10.00%

	
21.98%

	
13.74%




	
Average Returns (   ξ P  )  

	
0.071%

	
0.292%

	
0.087%

	
0.255%

	
0.146%

	
0.386%

	
0.087%

	
0.255%




	
Standard Deviation    ( R )   

	
1.97%

	
2.58%

	
0.90%

	
1.64%

	
1.76%

	
2.81%

	
0.90%

	
1.64%




	
Sharpe Ratio    ( φ )   

	
3.58%

	
11.29%

	
9.68%

	
15.57%

	
8.28%

	
13.74%

	
9.68%

	
15.57%




	
Constraining Framework

	
Scenario 5

Risk Parity (Long Only) Portfolio

	
Scenario 6

Risk Parity (Unconstrained) Portfolio

	
Scenario 7

Long Only Portfolio

	
Scenario 8

Unconstrained Portfolio




	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin




	
     σ i 2  =  1 N  ;  ω i  ∈   ℝ :    ω i    ≥ 0 ;        ∑  ω i  = 1    

	
     σ i 2  =  1 N  ;  ω i  ∈ ℝ :     max  ω   φ i  ;        ∑  ω i  = 1    

	
     ω i  ∈   ℝ :    ω i    ≥ 0 ;        ∑  ω i  = 1    

	
     ω i  ∈ ℝ :     max  ω   φ i  ;        ∑  ω i  = 1    




	
Asset/Index

	

	

	

	

	

	

	

	




	
Forex

	
0.00%

	
6.04%

	
−118.94%

	
−28.69%

	
66.64%

	
66.60%

	
67.08%

	
67.18%




	
Bitcoin

	
-

	
4.90%

	
-

	
8.84%

	
-

	
0.29%

	
-

	
0.44%




	
Baltic Dry Index

	
5.84%

	
3.14%

	
14.60%

	
5.53%

	
0.28%

	
2.40%

	
0.39%

	
2.61%




	
Equities

	
19.76%

	
22.75%

	
43.20%

	
23.08%

	
20.59%

	
20.25%

	
22.62%

	
22.96%




	
Energy

	
13.00%

	
9.95%

	
28.62%

	
15.21%

	
0.00%

	
0.00%

	
−2.34%

	
−3.16%




	
Corporate Bond

	
37.00%

	
27.22%

	
79.94%

	
48.96%

	
5.05%

	
5.60%

	
4.56%

	
4.99%




	
Gold

	
24.41%

	
25.99%

	
52.59%

	
27.07%

	
7.44%

	
4.86%

	
7.68%

	
4.98%




	
Average Returns (   ξ P  )  

	
0.064%

	
0.123%

	
0.084%

	
0.155%

	
0.087%

	
0.125%

	
0.093%

	
0.137%




	
Standard Deviation    ( R )   

	
1.37%

	
1.36%

	
3.61%

	
2.06%

	
0.48%

	
0.60%

	
0.51%

	
0.65%




	
Sharpe Ratio    ( φ )   

	
4.67%

	
9.03%

	
2.34%

	
7.49%

	
18.11%

	
20.83%

	
18.35%

	
21.14%












Notes


	
1

	

Data is available online: https://www.coindesk.com/price/Bitcoin (accessed on 10 June 2021).






	
2

	

Data is available online: https://www.coindesk.com/price/Bitcoin (accessed on 10 June 2021).






	
3

	

Data is available online: https://www.bloomberg.com/quote/BDIY:IND (accessed on 10 May 2020).






	
4

	

Data is available online: https://www.coindesk.com/price/Bitcoin (accessed on 10 June 2021).
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Figure 1. Price development of all assets. 
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Figure 2. Normalized price development (all assets). 
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Figure 3. Dynamic conditional correlation graphs (DCC-GARCH). 
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Table 1. Description of Variables.






Table 1. Description of Variables.





	Variable/Index/Asset
	Mnemonics
	Indices and Definition





	Exchange Rate/Forex
	US $CWBN
	US Nominal Dollar Broad Index, representing the number of US dollars for 1 Euro. The USD–Euro exchange rate is considered the most important indicator of Forex markets in the world. The importance of the USD–Euro exchange rate is due to the investment and trade of these two large economic areas with one another. The trade and investment among the two regions is such that the prices in these economic regions are arbitraged against the exchange rate (Brian 2008).



	Economic Activity
	BALTICF
	Baltic Exchange Dry Index (BDI). The BDI provides insights into global supply and demand trends and is considered an indicator of global economic activity. The Index was first started in January 1985 by the London-based Baltic Exchange. The BDI is a composite of the Capesize, Panamax, Handysize, and Supramax subindices.3 It measures the changes in the cost of transporting raw materials across more than 20 different sea routes.



	Bitcoin
	BTCTOU$
	USD to Bitcoin (Bitstamp). Bitcoin is a special kind of asset called cryptocurrency and has the highest market capitalization of all cryptocurrencies. The market capitalization of Bitcoin currently sits at USD 690 billion as of 10 June 2021.4



	Stock Market
	SBBUSD$
	Standard and Poor’s United States Broad Market Index (BMI). The S&P 500 is considered the best representation of the US stock market. The S&P 500 Index is one of the most used proxies for the stock market and captures the performance of 500 large companies listed on the US stock exchanges.



	Energy Market
	DJUBENS
	Formerly known as the Dow Jones–UBS Energy Spot Subindex (DJUBENS), this index measures the price movements of energy included in the Bloomberg CI and select subindexes.



	Corporate Bond
	U:IGLB
	iShares Long-Term Corporate Bond ETF. The iShares Long-Term Corporate Bond ETF seeks to track the investment results of an index composed of US dollar-denominated, investment-grade corporate bonds with remaining maturities greater than ten years.



	Gold
	NGCC.01
	CMX-Gold 100 Ounce TRC1. This index quotes the price of 100 ounces of 0.995 fine (24-karat) gold in US dollars.
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Table 2. Descriptive statistics.






Table 2. Descriptive statistics.















	
	BDI
	Bitcoin
	Bonds
	Energy
	Equity
	Forex
	Gold





	Mean
	0.001248
	0.016187
	0.000290
	−0.000354
	0.002588
	0.000483
	−0.000022



	Median
	0.001340
	0.009284
	0.001238
	0.000430
	0.003559
	0.000300
	0.000526



	Maximum
	0.470774
	0.665419
	0.083595
	0.158034
	0.160962
	0.042156
	0.061457



	Minimum
	−0.335448
	−0.919529
	−0.110510
	−0.236569
	−0.153451
	−0.022924
	−0.144423



	Std. Dev.
	0.099
	0.127
	0.014
	0.038
	0.023
	0.007
	0.022



	Sharpe Ratio
	1.26%
	12.71%
	2.05%
	−0.91%
	10.88%
	6.62%
	−0.10%



	Skewness
	0.138
	−0.426
	−1.079
	−0.558
	−0.550
	0.634
	−1.071



	Kurtosis
	4.491
	11.502
	15.517
	6.341
	12.781
	6.194
	8.567



	Jarque–Bera
	48.674
	1545.651
	3415.117
	262.738
	2050.655
	250.075
	753.402



	Probability
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000
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Table 3. Correlation matrix of asset returns.
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	Forex
	BDI
	Bitcoin
	Equity
	Energy
	Bonds
	Gold





	Forex
	1.000
	
	
	
	
	
	



	BDI
	0.000
	1.000
	
	
	
	
	



	Bitcoin
	−0.029
	−0.004
	1.000
	
	
	
	



	Equity
	−0.447
	0.044
	0.107
	1.000
	
	
	



	Energy
	−0.287
	0.129
	0.082
	0.367
	1.000
	
	



	Bonds
	−0.325
	−0.050
	0.058
	0.177
	−0.006
	1.000
	



	Gold
	−0.410
	−0.076
	0.179
	0.018
	0.023
	0.335
	1.000
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Table 4. Portfolio optimization (Scenario 1 to 4).






Table 4. Portfolio optimization (Scenario 1 to 4).





	
Constraining Framework

	
Scenario 1

Naïve Portfolio

	
Scenario 2

Semi-Constrained Max-Long Portfolio

	
Scenario 3

Semi-Constrained Min-Long Portfolio

	
Scenario 4

Constrained Portfolio




	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin




	
     ω i  =  1 N    ∀   i ;        ∑  ω i  = 1    

	
     ω i  ∈ ℝ :    ω i  ≤ 0.25 ;        ∑  ω i  = 1    

	
     ω i  ∈ ℝ :    ω i  ≥ 0.10 ;        ∑  ω i  = 1    

	
     ω i  ∈ ℝ : − 0.25 ≤  ω i  ≤ 0.25 ;        ∑  ω i  = 1    






	
Bitcoin Weight

	
-

	
14.29%

	
-

	
2.95%

	
-

	
10.00%

	
-

	
2.95%




	
Average Returns (   ξ P  )  

	
0.071%

	
0.292%

	
0.087%

	
0.255%

	
0.146%

	
0.386%

	
0.087%

	
0.255%




	
Standard Deviation    ( R )   

	
1.97%

	
2.58%

	
0.90%

	
1.64%

	
1.76%

	
2.81%

	
0.90%

	
1.64%




	
Sharpe Ratio    ( φ )   

	
3.58%

	
11.29%

	
9.68%

	
15.57%

	
8.28%

	
13.74%

	
9.68%

	
15.57%




	
HS VaR (95%)

	
3.03%

	
3.77%

	
1.12%

	
2.09%

	
2.70%

	
3.93%

	
1.12%

	
2.09%




	
HS VaR (99%)

	
4.69%

	
6.71%

	
2.39%

	
4.23%

	
4.69%

	
7.07%

	
2.39%

	
4.23%




	
VCV VaR (95%)

	
3.17%

	
3.96%

	
1.39%

	
2.44%

	
2.75%

	
4.23%

	
1.39%

	
2.44%




	
VCV VaR (99%)

	
4.51%

	
5.72%

	
2.00%

	
3.55%

	
3.95%

	
6.15%

	
2.00%

	
3.55%




	
HS CVaR (95%)

	
4.25%

	
5.88%

	
1.98%

	
3.66%

	
3.97%

	
6.37%

	
1.98%

	
3.66%




	
HS CVaR (99%)

	
5.61%

	
10.22%

	
3.89%

	
7.85%

	
6.91%

	
12.28%

	
3.89%

	
7.85%




	
VCV CVaR (95%)

	
3.96%

	
4.99%

	
1.74%

	
3.09%

	
3.45%

	
5.35%

	
1.74%

	
3.09%




	
VCV CVaR (99%)

	
5.06%

	
6.43%

	
2.24%

	
4.00%

	
4.44%

	
6.92%

	
2.24%

	
4.00%




	
Probability of Loss (HS)

	
48.82%

	
41.34%

	
41.93%

	
39.37%

	
43.31%

	
39.76%

	
41.93%

	
39.37%








Notes: HS VaR is the historical value at risk, which captures the historical distribution of the returns of the portfolio created according to the weights assigned under each scenario and also captures the deviations from normality similar to higher-order moments and properties such as skewness and kurtosis in addition to mean and variance. VCV VaR is the variance–covariance value at risk and assumes normality in the distribution of the returns. HS CVAR (α) and VCV CVAR (α) are the conditional VaR at confidence interval “α” for historical portfolio returns and a mean-variance portfolio, respectively. (See Appendix B for full Portfolio Optimization Output).
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Table 5. Monte Carlo Simulation Results (Scenario 1 to 4).
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Portfolio Framework

	
Scenario 1

Naïve Portfolio

	
Scenario 2

Semi-Constrained Max-Long Portfolio

	
Scenario 3

Semi-Constrained Min-Long Portfolio

	
Scenario 4

Constrained Portfolio




	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin






	
Average Returns (   ξ P  )  

	
0.065%

	
0.28%

	
0.083%

	
0.23%

	
0.138%

	
0.37%

	
0.087%

	
0.26%




	
Standard Deviation    ( R )   

	
1.98%

	
2.57%

	
0.89%

	
1.64%

	
1.77%

	
2.82%

	
0.90%

	
1.65%




	
Sharpe Ratio    ( φ )   

	
3.28%

	
10.90%

	
9.30%

	
13.94%

	
7.79%

	
13.29%

	
9.67%

	
15.52%




	
MC CVaR (95%)

	
3.97%

	
4.97%

	
1.74%

	
3.12%

	
3.48%

	
5.38%

	
1.75%

	
3.12%




	
MC CVaR (99%)

	
5.08%

	
6.41%

	
2.24%

	
4.03%

	
4.47%

	
6.95%

	
2.26%

	
4.04%




	
Probability of Loss (MC)

	
48.72%

	
45.45%

	
46.06%

	
44.21%

	
47.26%

	
44.26%

	
46.17%

	
43.68%
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Table 6. Portfolio Optimization (Scenarios 5 to 8).






Table 6. Portfolio Optimization (Scenarios 5 to 8).





	
Constraining Framework

	
Scenario 5

Risk Parity (Long Only) Portfolio

	
Scenario 6

Risk Parity (Unconstrained) Portfolio

	
Scenario 7

Long Only Portfolio

	
Scenario 8

Unconstrained Portfolio




	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin




	
     ω i  Σ  σ i 2  =  1 N  ;  ω i  ∈   ℝ :    ω i    ≥ 0 ;        ∑  ω i  = 1    

	
     ω i  Σ  σ i 2  =  1 N  ;  ω i  ∈ ℝ :      m a x   ω   φ i  ;        ∑  ω i  = 1    

	
     ω i  ∈   ℝ :    ω i    ≥ 0 ;        ∑  ω i  = 1    

	
     ω i  ∈ ℝ :      m a x   ω   φ i  ;        ∑  ω i  = 1    






	
Bitcoin Weight

	
-

	
4.90%

	
-

	
8.84%

	
-

	
0.29%

	
-

	
0.44%




	
Average Returns (   ξ P  )  

	
0.064%

	
0.123%

	
0.084%

	
0.155%

	
0.087%

	
0.125%

	
0.093%

	
0.137%




	
Standard Deviation    ( R )   

	
1.37%

	
1.36%

	
3.61%

	
2.06%

	
0.48%

	
0.60%

	
0.51%

	
0.65%




	
Sharpe Ratio    ( φ )   

	
4.67%

	
9.03%

	
2.34%

	
7.49%

	
18.11%

	
20.83%

	
18.35%

	
21.14%




	
HS VaR (95%)

	
1.89%

	
1.68%

	
5.37%

	
2.90%

	
0.58%

	
0.76%

	
0.65%

	
0.48%




	
HS VaR (99%)

	
3.44%

	
3.78%

	
8.39%

	
5.31%

	
1.52%

	
2.14%

	
1.48%

	
1.75%




	
VCV VaR (95%)

	
2.19%

	
2.11%

	
5.85%

	
3.24%

	
0.70%

	
0.86%

	
0.74%

	
0.93%




	
VCV VaR (99%)

	
3.12%

	
3.04%

	
8.31%

	
4.65%

	
1.03%

	
1.27%

	
1.09%

	
1.37%




	
HS CVaR (95%)

	
3.10%

	
3.09%

	
8.13%

	
4.62%

	
1.03%

	
1.33%

	
1.07%

	
1.39%




	
HS CVaR (99%)

	
5.23%

	
6.08%

	
14.10%

	
8.63%

	
1.93%

	
2.79%

	
1.86%

	
2.82%




	
VCV CVaR (95%)

	
2.74%

	
2.65%

	
7.28%

	
4.06%

	
0.90%

	
1.10%

	
0.95%

	
1.19%




	
VCV CVaR (99%)

	
3.50%

	
3.41%

	
9.30%

	
5.21%

	
1.16%

	
1.44%

	
1.23%

	
1.55%




	
Probability of Loss (HS)

	
48.82%

	
43.11%

	
48.03%

	
45.87%

	
41.54%

	
39.37%

	
41.73%

	
37.99%








Notes: HS VaR is the historical value at risk, which captures the historical distribution of the returns of the portfolio created according to the weights assigned under each scenario and also captures the deviations from normality similar to higher-order moments and properties like the skewness and kurtosis in addition to mean and variance. VCV VaR is the variance–covariance value at risk and assumes normality in the distribution of the returns. HS CVAR (α) and VCV CVAR (α) are the conditional VaR at confidence interval “α” for historical portfolio returns and a mean-variance portfolio, respectively. (See Appendix B for full Portfolio Optimization Output).
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Table 7. Monte Carlo Simulation Results (Scenarios 5 to 8).






Table 7. Monte Carlo Simulation Results (Scenarios 5 to 8).





	
Portfolio Framework

	
Scenario 5

Risk Parity (Long Only) Portfolio

	
Scenario 6

Risk Parity (Unconstrained) Portfolio

	
Scenario 7

Long Only Portfolio

	
Scenario 8

Unconstrained Portfolio




	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin

	
Without Bitcoin

	
With Bitcoin






	
Average Returns (   ξ P  )  

	
0.043%

	
0.12%

	
0.070%

	
0.14%

	
0.084%

	
0.13%

	
0.094%

	
0.15%




	
Standard Deviation    ( R )   

	
1.35%

	
1.33%

	
3.65%

	
2.06%

	
0.48%

	
0.60%

	
0.51%

	
0.65%




	
Sharpe Ratio    ( φ )   

	
3.21%

	
9.33%

	
1.92%

	
7.02%

	
17.53%

	
20.99%

	
18.60%

	
22.38%




	
MC CVaR (95%)

	
2.72%

	
2.60%

	
7.38%

	
4.07%

	
0.89%

	
1.10%

	
0.94%

	
1.19%




	
MC CVaR (99%)

	
3.48%

	
3.34%

	
9.42%

	
5.22%

	
1.16%

	
1.44%

	
1.22%

	
1.55%




	
Probability of Loss (MC)

	
48.82%

	
46.18%

	
49.99%

	
47.43%

	
42.67%

	
44.27%

	
42.31%

	
41.62%
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