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Abstract 
This paper investigates the role of cryptocurrencies in enhancing the performance of 

portfolios constructed with traditional assets. Therefore, my thesis wants to ascertain if 

investors should consider adding cryptocurrencies to their investment portfolios. The sample 

period covers almost seven years of daily data. I consider four cryptocurrencies: Bitcoin, 

Ethereum, Ripple, and Litecoin. Using the mean-variance framework, I document that these 

cryptocurrencies can improve the risk-adjusted returns of different allocation strategies. Both 

the in-sample and out-of-sample analyses suggest that the diversification benefits of 

cryptocurrencies are present before and after the onset of the Covid-19 pandemic. The 

contribution and weight of cryptocurrencies within portfolios vary according to investors’ 

preferences. The Maximum Utility portfolio suggests that risk-taking investors should give 

more weight to cryptocurrencies in their portfolios. As for an investor inclined to minimize 

the volatility, the Minimum Variance portfolio recommends weights close to zero. 

 

Keywords: Cryptocurrencies, Bitcoin, Ethereum, Ripple, Litecoin, Portfolio Strategies, 

Diversification Benefits, Markowitz.  
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Chapter 1: Introduction 

Cryptocurrencies are a growing and evolving asset class, and mass adoption seems to be 

more a question of when rather than if.  In September 2021, El Salvador became the first 

country to accept Bitcoin as legal tender, followed by the Central African Republic in April 

2022. Instead, the Swiss city of Lugano aims to become the center of blockchain technology 

in Europe after it announced Bitcoin and two other cryptocurrencies as legal tender in March 

of this year (Cointelegraph, 2022).  

In January 2021, cryptocurrencies reached US$1 trillion in market capitalization for the first 

time in their history. Only a few months later, in April 2021, the capitalization doubled and 

then approached US$3 trillion in November of the same year. As of May 1st, 2022, the 

cryptocurrency market capitalization is around US$1.7 trillion (CoinMarketCap, 2022). 

The blockchain technology with which most cryptocurrencies have strong links is getting 

more and more into institutional and corporate operations mainstream. According to 

blockchain research firm Blockdata, 81 out of the world’s top 100 public companies by 

market capitalization use blockchain technology, 27 of which have a fully functioning live 

product (Blockdata, 2021).   

Although cryptocurrencies were not created as investment assets, many investors use them 

as such. This huge interest in the world of cryptocurrencies has also attracted the interest of 

institutional investors. In August 2021, for example, JPMorgan Chase launched its bitcoin 

fund (CoinDesk, 2021). At the end of the third quarter of 2021, Morgan Stanley had a 

US$300 million exposure to Bitcoin through the Grayscale Bitcoin Trust (Cointelegraph, 

2021). In October 2021, the first Exchange Traded Fund (ETF), which tracks Bitcoin futures 

in the United States, was approved (CNBC, 2021). Even regulators have finally noticed this 

and started a massive campaign to regulate the markets, albeit in a scattered and poorly 

coordinated order. With all these continuing developments, it should be safe to assume that 

cryptocurrencies will play an important role in investment portfolios. 

Cryptocurrencies are a relatively new asset class to the financial world, and as a result, not 

much research has been done on the effects of including them in a portfolio. Therefore, this 

empirical study aims to investigate the role of cryptocurrencies in enhancing the 
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performance of portfolios constructed with traditional assets. In particular, the paper at hand 

tries to answer the following research question: 

Should investors consider adding cryptocurrencies to their investment portfolios? 

This thesis further develops the research of Inci and Lagasse (2019), who also investigate if 

and how cryptocurrencies can be used to diversify an investment portfolio. Their analysis, 

however, only considers the tangency portfolio, thus ignoring the possible different risk 

preferences of investors. Furthermore, due to the lack of statistically sufficient data, they 

also exclude from the research one of the most popular and essential cryptocurrencies, 

Ethereum. On the other hand, this study introduces Ethereum into the analysis and, to address 

the various risk preferences of investors, uses five different portfolio models: Minimum 

Variance portfolio, Tangency portfolio, Risk-Parity portfolio, Equally Weighted portfolio, 

and Maximum Utility portfolio. Moreover, the availability of a larger dataset, and a period 

of global financial distress, allow for a more detailed and complete analysis.  

The sample period covers almost seven years of daily data. I consider four cryptocurrencies: 

Bitcoin, Ethereum, Ripple, and Litecoin. Using the mean-variance framework, I document 

that these cryptocurrencies can improve the risk-adjusted returns of all the considered 

allocation strategies. Both the in-sample and out-of-sample analyses suggest that the 

diversification benefits of cryptocurrencies are present before and after the Covid-19 

pandemic.  

The contribution of cryptocurrencies to the final performance varies depending on the 

allocation strategy considered. As suggested by the Maximum Utility portfolio, a risk-taking 

investor should give more weight to cryptocurrencies. For an investor seeking to minimize 

the risk, instead, the benefit of diversification into cryptocurrencies is still present but to a 

lesser extent, highlighting the volatile nature of these assets. Investors should therefore 

consider including cryptocurrencies in their investment portfolios. 

Current literature offers preliminary and fragmented evidence on the portfolio effects of 

multiple cryptocurrency investments. Hence, this study aims at closing the research gaps on 

the risk-return impact of cryptocurrencies in multi-asset portfolios. First, the paper 

contributes to the literature on cryptocurrency markets and their role in portfolio 

management decisions. Second, the sample period is the largest that has been used in this 
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strand of the literature and allows for the comparison of different portfolio strategies during 

the pre-/post-pandemic period. Third, the research tries to be as complete and exhaustive as 

possible, considering various scenarios, constraints, sub-periods, and data selection methods. 

To the author's knowledge, this is the first study to address the portfolio effects of multiple 

cryptocurrency investments so extensively. 

The remainder of this study is organized as follows: Chapter 2 presents the literature review 

with an overview of cryptocurrencies. Chapter 3 describes the theoretical background. 

Chapter 4 is about data and methodology. Chapter 5 covers the analysis of the results. 

Chapter 6 concludes. 
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Chapter 2: Literature review 

2.1 Cryptocurrencies Overview  

Cryptocurrencies can be defined as assets or value items that exist digitally and are created 

by the software. As such, they have no issuer. No person, company, or entity backs them, 

and there are no guarantees associated with them. Like physical gold, cryptocurrencies 

simply exist and are created or destroyed according to the rules articulated in the codes that 

govern them. As these digital assets move from one account to another, they are recorded on 

their respective transaction databases, known as blockchain: a public ledger that records all 

transactions ever made of a particular cryptocurrency, from its creation to the most recent 

transfer or payment. (Lewis, 2018) 

Bitcoin and Ethereum are two of the best-known cryptocurrencies and together currently 

account for more than 60% of the total cryptocurrencies’ market capitalization. Since the 

birth of Bitcoin, many other blockchains with their respective cryptocurrencies have been 

created. As of April 24th, 2022, the number of cryptocurrencies in circulation was around 

19,000 (CoinMarketCap, 2022).  

Bitcoin was created in the aftermath of the 2008 financial crisis by a pseudonymous Satoshi 

Nakamoto. The reason for its existence is to be found in the whitepaper published by Satoshi 

in October 2008: “A purely peer-to-peer version of electronic cash would allow online 

payments to be sent directly from one party to another without going through a financial 

institution” (Nakamoto, 2008). The idea was to create a secure low-cost payment system 

without using specific third-party intermediaries. This paper launched the basis for 

developing decentralized payment systems and applications.  

Bitcoins are digital assets whose ownership is recorded on their blockchain, which is 

simultaneously updated on many independently managed computers worldwide. 

Transactions in Bitcoin are created and validated according to a protocol: a set of rules that 

defines and characterizes Bitcoin itself. The protocol is articulated in computer codes and is 

implemented by software that participants run on their computers. Transactions are created 

and grouped into blocks to form Bitcoin’s blockchain when the software is executed. Bitcoin 

uses a proof-of-work mechanism to ensure that anyone can add blocks to the blockchain at 
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a specific cadence (approximately every 10 minutes) without a central counterpart providing 

permission. Different cryptocurrencies have different target block creation times. Anyone 

can buy, own, and send Bitcoins. (Lewis, 2018) 

Ethereum is currently the second-largest cryptocurrency by market capitalization, and 

although Vitalik Buterin founded it in 2013, its network with its respective underlying 

blockchain was only released on 30 July 2015. Ethereum's vision is to create a worldwide 

computer where globally accessible and uncensored applications can be developed. Indeed, 

unlike Bitcoin, which is mainly used to send monetary value between people, Ethereum 

could be used to send information between programs. Ethereum's innovation is, in fact, to 

offer itself as a platform to give the possibility to anyone to create decentralized applications 

(dApps) that give life to decentralized companies (DAO), animated by an idea of freedom 

and security. These dApps can be thought of as complex smart contracts activated by sending 

them Ether, Ethereum's virtual currency. (Burniske and Tatar, 2017) 

A third cryptocurrency considered in this study is Litecoin. In the first two years of Bitcoin's 

life, among the many new projects and cryptocurrencies that have been released, Litecoin is 

the first that has maintained a significant value to this day. The cryptocurrency was 

developed by Charlie Lee, a software engineer at Google. Litecoin's goal was to improve 

Bitcoin by increasing the settlement times for transactions (to about one block every 2.5 

minutes) and lowering the fees. Other than that, much of Litecoin remained similar to Bitcoin 

(Burniske and Tatar, 2017). As of April 2022, Litecoin is no longer among the top ten 

cryptocurrencies by market capitalization (CoinMarketCap, 2022). 

The last cryptocurrency to take part in this research is Ripple. Initially designed to be a 

currency competing with the traditional payments system used by banks, it has since moved 

on to be used by banks themselves to improve foreign exchange and international payments. 

It was created in 2012 by OpenCoin, then rebranded Ripple Inc in 2015 (Lewis, 2018). As 

of April 2022, Ripple ranks among the top 10 cryptocurrencies by market capitalization, 

capitalizing around $32 billion (1.77% of the total cryptocurrencies’ market capitalization) 

(CoinMarketCap, 2022).  
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2.2 Cryptocurrencies as Financial Assets 

Early debates on cryptocurrencies have focused on whether they can be associated with 

traditional currencies or a new type of asset class (Glaser et al., 2014; Baek and Elbeck, 

2015). Lewis (2018), for example, points out that as a unit of account Bitcoin fails miserably, 

mainly due to its volatility. Moreover, other studies have found important stylized facts about 

cryptocurrencies that are common to traditional financial assets, such as heteroscedasticity 

(Gkillas and Katsiampa, 2018), leptokurtosis (Chan et al., 2017), and long-memory (Phillip 

et al., 2018).  

As public interest in this new asset class has increased over the years, the literature has 

started looking into cryptocurrencies, with a particular focus on Bitcoin, from a portfolio 

management perspective. Briere et al. (2015) use weekly data on Bitcoin over the 2010-2013 

period and conclude that even a tiny proportion of Bitcoins may dramatically improve the 

risk-return of well-diversified portfolios. However, they also point out that the results should 

be taken with caution as the data may only reflect the early-stage behaviour of Bitcoin, which 

may not last in the medium or long term. More recent literature confirms the findings of 

Briere et al. (2015). The results of Bouri et al. (2017) and Klein et al. (2018), for example, 

suggest that Bitcoin does not serve as a safe haven, but it’s suitable for diversification 

purposes only. Klabbers (2017) approaches the performance of Bitcoin from a global 

investment point of view and, by using six years of data, shows that Bitcoin is an effective 

diversifier. Furthermore, Kajtazi and Moro (2019) conclude that by adding bitcoin, the 

portfolio performance improves; but this is due more to the increase in returns than to the 

reduction of volatility. 

Other studies analyze the role of diversification among cryptocurrencies. Using empirical 

data on ten cryptocurrencies, Liu (2019) evaluates the out-of-sample performance of 

different asset allocation models across cryptocurrencies and concludes that diversification 

can significantly improve investment results. Brauneis and Mestel (2019), instead, use the 

Markowitz mean-variance framework and find that combining cryptocurrencies enriches the 

set of low-risk cryptocurrency investment opportunities.  

There are relatively fewer studies, instead, that focus on the contribution of multiple 

cryptocurrencies to the performance of portfolios constructed with traditional assets. Corbet 
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et al. (2018) look into investing in traditional assets, along with three cryptocurrencies 

(Bitcoin, Ripple, and Ethereum), and conclude that cryptocurrencies may offer short-term 

diversification benefits. Inci and Lagasse (2019) consider a more extensive sample period 

and examine the role of the same three cryptocurrencies in an optimal portfolio, following 

the mean-variance optimization technique of Merton (1990). They find that the portfolio 

with the traditional asset classes in equity, fixed income, real estate, and the volatility index 

representing the derivatives market for sophisticated investors is further enhanced with the 

cryptocurrencies, Bitcoin, Ripple, and Litecoin. Finally, Colombo et al. (2021) analyze the 

effect of adding cryptocurrencies on a sample of developing and developed economies. Their 

results suggest that even a global portfolio, which already enjoys international 

diversification, may benefit from investing marginally in cryptocurrencies. These 

diversification benefits occur both before and during the early stage of the Covid-19 

pandemic.  

The last two studies mentioned above are the closest to mine. However, there are several 

points where my research differs from theirs. First, I consider a larger number of investment 

strategies and performance measures to make the results more robust. Second, this paper 

also investigates the impact of transaction costs on the overall portfolio performances, which 

is closer to real-life investments. Third, I use the mean-variance efficient frontier to offer a 

visual representation of how cryptocurrencies can expand the choice of efficient portfolio 

allocations towards a region with higher risk-adjusted returns. 
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Chapter 3: Theoretical models 

The paper at hand uses the mean-variance framework to analyze the performance of different 

portfolio models with and without cryptocurrencies. Before getting in the hearth of the 

empirical study, this chapter briefly sets out the theoretical background used for the analysis. 

Section 3.1 traces the key steps in portfolio construction, while section 3.2 reviews the 

fundamental concepts of the mean-variance theory. 

3.1 Portfolio Construction  

Portfolio construction can be defined as the process of understanding how different asset 

classes and weightings impact each other, their performance and risk and how decisions are 

made according to the investor’s objectives (BlackRock, 2022). According to Markowitz 

(1959), a good portfolio should be more than a long list of good stocks and bonds. It should 

be able to provide “the investor with protections and opportunities with respect to a wide 

range of contingencies”. 

Broadly, the process of creating an investment strategy can be divided into three steps 

(Pomante, 2008): 

1. Identification of investor preferences. In portfolio selection, the essential variables 

to consider are the expected return of the portfolio and the variability of returns. A 

rational investor will try to maximize the former, as the higher the expected return 

and the greater the likelihood of achieving higher values of the final return. At the 

same time, he will try to minimize the latter; as the latter increases, so does the 

likelihood that future returns will deviate from the expected value, assuming thus 

negative values. 

2. Estimation of the future performance of asset classes. The asset manager is called 

upon to make the forecasts that will act as input in the final optimization phase. This 

step is closely linked to the previous one, as it is the investor who defines the time 

horizon, the asset classes, and the statistical parameters to be estimated. The task of 

the asset manager is, therefore, to produce reliable estimates to be used in the 

optimization process. 



9 

 

3. Optimization. Once the investor's preferences have been outlined, and the future 

distribution of the market returns has been estimated, the portfolio that maximizes 

the investor's preferences is determined. If a non-rigorous approach prevails, the 

optimization phase can only occur in qualitative terms, giving rise to the so-called 

naive solution. In a mathematical framework, instead, the portfolio weights are given 

by maximizing the investor’s preference function in compliance with the constraints 

(𝑉)  imposed by the composition of the portfolio, such as the budget and the short 

sales constraints:  

𝑀𝑎𝑥 𝐹(𝑝)           with respect to: V 

where w identifies the portfolio asset weights vector and 𝐹(𝑝) is the investor’s 

preference function.  

3.2 Mean-Variance Framework  

The theory of portfolio selection based on the mean-variance framework is a cornerstone of 

modern asset management.  The underlying assumption is that investors are rational, and 

they make choices among risky assets based only on expected return and risk, where risk is 

measured in terms of variance.  Two primary sources of risk affect the investor: systematic 

risk and non-systematic risk. The former refers to the risk of investing in the market itself, 

whereas the latter corresponds to the specific firm or asset risk. 

The systematic risk is subject to macroeconomic factors, such as economic cycles and 

interest rates. The Covid-19 pandemic, for example, has negatively impacted most asset 

classes, from stocks and commodities to currency and cryptocurrency markets. By no means 

the market risk can be reduced by any amount through diversification (Klabbers, 2017; 

Mangram, 2013; Ross, Westerfield, and Jaffe, 2002).  

On the other hand, the specific asset risk is determined by microeconomic factors. As an 

example of non-systematic risk, one can consider a problem regarding blockchain 

technology. Such a problem will primarily and perhaps only affect the cryptocurrency 

market, not other traditional markets. This risk can be eliminated through appropriate 

diversification.  

𝑤 
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The difference between the firm-specific risk and the market risk can be seen in Figure 1, 

where a convex line represents the specific risk. In contrast, the market risk is indicated with 

a horizontal straight line. As we can see, the former decreases as the number of assets in the 

portfolio increases while the latter remains constant. In other words, “Diversification cannot 

eliminate all variance” (Markowitz, 1952, p.79). 

Figure 1 

Unique Risk and Market Risk 
The image plots the relationship between the portfolio risk and the number of securities in the portfolio. The convex line 

represents the unique risk, as it can be diversified away. The market risk, instead, cannot be reduced. The overall risk 

decreases as the number of securities increases, but it cannot be eliminated. Source: based on the author’s calculation 

 

 

Investing the wealth in a single asset could generate significant returns. However, it also 

bears the risk of losing the entire investment. According to Markowitz (1952, 1959), the risk-

return ratio can be increased through optimal diversification. An investor should construct a 

portfolio with assets that are little or not correlated at all, thus spreading the individual risk 

of each asset to reduce the overall risk.  By leveraging the interaction of assets, losses related 

to one asset are offset by gains from another one. Diversification allows investors to increase 

the expected return while reducing the specific risk of each asset. Thus, the correlation 

among asset returns can represent the critical factor for optimal diversification.  
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3.2.1 Only two assets in the portfolio 

To better illustrate the concept of proper diversification, consider the simplest case where 

we only have two assets: Bitcoin and S&P 500. The sample period ranges from September 

2015 to January 2022. During this time, Bitcoin recorded an average daily return (𝜇𝐵) of  

0.33% and a daily standard deviation (𝜎𝐵) of 4.23%. In the same period, the S&P 500 

recorded an average return  (𝜇𝑆) of 0.06%, with a standard deviation (𝜎𝐵) equal to 1.15%.  

The expected return of a portfolio composed exclusively of these two assets is therefore 

given by: 

𝜇𝑃 = 𝑤𝐵𝜇𝐵 + (1 − 𝑤𝐵)𝜇𝑆                                                       (1) 

where 𝑤𝐵 represents the weight imposed on Bitcoin. Since the investment consists of only 

two assets and the sum of the weights must be equal to 1, the investment in the S&P 500 

index is given by (1 − 𝑤𝐵). The variance, instead, is given by: 

𝜎𝑃
2 = 𝑤𝐵𝜎𝐵

2 + (1 − 𝑤𝐵)𝜎𝑆
2 + 2𝑤𝐵(1 − 𝑤𝐵)𝜎𝐵𝜎𝑆𝜌𝐵𝑆                           (2) 

where 𝜌𝐵𝑆 indicates the correlation between Bitcoin and S&P 500.  

As one can see from the equations above, the correlation between assets enters positively 

into the formula of portfolio variance. A higher correlation leads to greater variability in 

portfolio returns, thus increasing its risk. Instead, a low or negative correlation decreases the 

specific risk linked to individual assets. A risk-free return could be achieved in the extreme 

case of a perfect negative correlation. One can visualize these concepts in Figure 2.  

Figure 2 shows all the possible portfolios that can be obtained by combining the two assets 

as a function of the correlation between the two assets. Assuming the correlation between 

Bitcoin and S&P 500 returns is perfectly positive, the line of feasible portfolios takes the 

form of a segment. In this case, there is no diversification benefit, as the standard deviation 

of the portfolio, like the expected return, is the weighted average of the risks of the two 

assets. As the value of the correlation coefficient decreases, the curve of feasible portfolios 

takes a concave shape. The lower the correlation coefficient, the greater the benefits of 

diversification.  
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To highlight the relevance of the correlation between assets in the portfolio construction, 

Figure 2 shows two intermediate correlation coefficients between Bitcoin and S&P 500. One 

refers to the period Sep 2015 – Dec 2019, while the second refers to Jan 2020 – Jan 2022. In 

the first case, the correlation between the two assets equals 0.02, while in the second case, 

this value rises to 0.36. This substantial difference can be attributed to the turbulent period 

financial markets have been going through since the beginning of the pandemic. In this 

regard, Forbes and Rigobon (2002) show how in times of crisis, stock market correlations 

increase. This increase in stock market correlations lowers the efficient diversification of the 

portfolio. One can see how the correlation between Bitcoin and S&P 500 was relatively low 

until 2020, with a correlation coefficient of 0.02. This characteristic of Bitcoin, and 

cryptocurrencies in general, gained the attention of investors for their ability to offer greater 

Figure 2 

Efficient Frontier and Correlations 

The image plots the set of all possible portfolios that can be obtained by combining two assets (Bitcoin (BTC) and the 

Standard and Poor's 500 stock market index (SPX)) as a function of the correlation between the two assets. Short sales are 

not allowed. Daily data for Bitcoin are obtained from Coin Metrics, while for S&P 500 are obtained from Yahoo Finance. 

Source: based on author’s calculation. 
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diversification in a portfolio. Several studies (Wu and Pandey, 2014; Andrianto and Diputra, 

2017; Klabbers, 2017) have emphasized the usefulness of cryptocurrencies in improving the 

efficiency of an investment portfolio. However, cryptocurrencies had never yet faced a 

period of general stress in the markets. Instead, the last two years have been evidence of how 

the cryptocurrency market also suffers the negative consequences of macroeconomic factors. 

Thus, the correlation between the S&P 500 and Bitcoin has risen to 0.36. 

In Figure 2, one can see how the curve of possible portfolios between the two assets in the 

pre-pandemic period is above the one which describes the last two years. Therefore, the 

figure shows that a lower correlation between the assets in the portfolio brings greater 

benefits deriving from diversification. For a fixed value of the standard deviation, it was 

possible to obtain a higher return in the first period than in the second. Similarly, for a fixed 

value of the expected return, the variability of these returns was lower before the 2020 crisis. 

 

3.2.2 The general case of n assets in the portfolio 

If one assumes that the number of assets (𝑛) is higher than three and construct the portfolios 

using all the combinations of weights, we can still get the set of feasible portfolios. However, 

unlike the case of two assets, the different combinations of mean (𝜇𝑃) and standard deviation 

(𝜎𝑃, ) are located in a region and no longer on a line. Figure 3 offers a graphical 

representation of the cloud of risk-return combinations of portfolios built with three assets: 

Bitcoin, Ethereum, and S&P 500.  

In this case, a portfolio will be considered mean-variance efficient if it minimizes variance 

for a given expected average return or maximizes the expected average return for a given 

variance. The efficient frontier is thus the set of mean-variance efficient portfolios.  

The mean-variance approach is widely used in optimizing portfolio allocation. However, the 

model is not free from criticism, especially regarding the stringent set of hypotheses it needs 

to work well (Michaud and Michaud, 2008; Pomante, 2008). It requires, for example, returns 

to be normally distributed (Klabbers, 2017), whereas cryptocurrencies do not have this 

feature (Chan et al., 2017). Notwithstanding, several studies like Levy and Markowitz (1979) 

or Kroll et al. (1984) found almost equivalence of the mean-variance approach to expected 

utility maximization under non-normality. 
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I have decided to follow Inci and Lagasse (2019) and use the mean-variance approach in this 

study as I believe it represents a good benchmark. Furthermore, it incorporates two decisive 

aspects for every asset manager: the contribution of diversification and the trade-off between 

risk and expected return (Pomante, 2008). The model also allows quickly reaching an 

optimal solution without the aid of powerful processors (Pomante, 2008). 

Figure 3 

 Simulation of 1000 Random Portfolios with 3 Assets 
The image plots 1000 random portfolios obtained by combining three assets: Bitcoin (BTC), Ethereum (ETH), and Standard 

and Poor's 500 stock market index (SPX). Short sales are not allowed. Daily data for the two cryptocurrencies are obtained 

from Coin Metrics, while for S&P 500 are obtained from Yahoo Finance. Source: based on author’s calculation. 
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Chapter 4: Data and Methodology 

4.1 Data  

Daily price data for eight different asset classes are used in the analysis. These are four 

cryptocurrencies: Bitcoin, Ethereum, Ripple, Litecoin; equity represented by the S&P 500; 

real estate expressed by the Vanguard Real Estate Index; fixed income securities represented 

by the Vanguard Total Bond Market Index; and a derivatives proxy utilized by sophisticated 

investors represented by the CBOE Volatility Index (VIX, hereafter). For the four 

cryptocurrencies, the data are obtained from Coin Metrics. The price data for the other four 

asset classes are collected from Yahoo Finance. I focus on Bitcoin, Ripple, and Litecoin 

because they have been in existence the longest, and Ethereum because it has an essential 

role in the whole blockchain infrastructure. Bitcoin and Ethereum together account for 60% 

of the total market capitalization of cryptocurrencies. As Ethereum started to be traded in the 

Summer of 2015, I have decided to consider a sample period with daily frequency going 

from September 1st, 2015, to January 31st, 2022.  

Once the price data of all the asset classes were collected from the two different sources, 

daily returns were calculated using the following formula:  

𝑟𝑗 =
𝑃𝑡−𝑃𝑡−1

𝑃𝑡−1
≡

𝑃𝑡

𝑃𝑡−1
− 1                                               (3) 

where: 

𝑟𝑗      = return on stock 𝑗 

𝑃𝑡     = Price of the stock 𝑗 at time 𝑡 

𝑃𝑡−1 = Price of the stock 𝑗 at time 𝑡 − 1 

Since cryptocurrencies are traded non-stop seven days a week while traditional markets are 

closed on weekends and public holidays, there is a difference in the number of observations 

considered.  

Traditionally, researchers have employed different techniques to deal with missing values. 

The two most common solutions include deletion and single imputation approaches (Baraldi 
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and Enders, 2010; Peugh and Enders, 2004). In this case, the former would imply dropping 

weekend returns for cryptocurrencies. In contrast, the latter would mean imputing the 

weekend missing data of the traditional markets with seemingly suitable replacement values. 

The first would alter cryptocurrencies' moments and sample size, while the second would 

change traditional market moments and sample size.  

Following the relatively more recent literature (Inci and Lagasse, 2019; Klein et al., 2018; 

Gil-Alana et al., 2020), this study uses the deletion technique, considering only returns 

during the week to synchronize the dataset.1   

Once the returns were computed, and the adjustments were made, one final cohesive dataset 

was created. The final sample contains 1615 daily returns for eight different asset classes.  

 

4.2 Descriptive Analysis 

Before delving into the methodology, it is helpful first to look at the performance of the 

different asset classes and how they relate to each other. Table 1 reports summary statistics 

for the eight securities considered in the study, while Table 2 reports the correlation matrix. 

One can notice that cryptocurrencies have had significantly higher average daily returns than 

the other types of asset classes reported in the table. Ripple is the asset with the highest 

average return during the period considered, while the Bond Market Index recorded the 

lowest one. However, the higher returns of cryptocurrencies are offset by greater risk, as 

evidenced by the standard deviation. The second column of Table 1 highlights how the 

average daily volatility of Ripple is equal to 7.65%, against 1.15% of the S&P 500 or 0.30% 

of the Total Bond Market Index. The risk related to the cryptocurrency market is also visible 

from column 3 in Table 1, representing the maximum drawdown the assets had to face during 

the period under review. The range between the considered cryptocurrencies goes from 

83.78% of Bitcoin to 94.90% of Ripple. Arguably few investors would be willing to face 

such a high drawdown.  

 
1 Note that I replicated the study by using a single imputation approach and the main results remained 

unchanged. 
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The Sharpe Ratio (for details, see Section 4.5.1) indicates that the best asset in terms of the 

risk-return relationship is Ethereum, followed by Bitcoin and Ripple. The worst 

performance, instead, is given by the Bond Market Index.  

Skewness and kurtosis point out that the returns of these assets are far from being normally 

distributed. The normal distribution of returns is one of the assumptions underlying the 

mean-variance approach used in this study. Nevertheless, as already mentioned in the 

previous chapter, I have decided to use this approach as it turns out to be a good benchmark. 

More importantly, the aim of this empirical study is to investigate the role of 

cryptocurrencies in enhancing the performance of portfolios constructed with traditional 

assets. Therefore, the mean-variance approach has the advantage of incorporating the 

contribution of diversification and the trade-off between risk and expected return, two key 

factors for the portfolio analysis (Pomante, 2008). 

Table 1 

 Descriptive Statistics 
ETH is Ethereum, BTC is Bitcoin, XRP is Ripple, LTC is Litecoin, SPX is the Standard and Poor's 500 stock market Index, 

VIX is the CBOE Volatility Index, BND is the Vanguard Total Bond Market Index, and VNQ is the Vanguard Real Estate 

Index. Std is the Standard Deviation, MAX DD is the Maximum Drawdown, SR is the Sharpe Ratio, Skew is the Skewness, 

and Kurt is the Kurtosis. Mean, Std and Max DD are expressed in percentage terms. Daily raw price values and raw return 

values are used for the statistical calculations in the table. The sample period is from September 1, 2015, to January 31, 

2022. Values rounded to the 3rd decimal place. Source: own elaboration. 

  Mean    Std    Max DD    SR   Skew   Kurt 

ETH 0,501  6,373  93,998  0,079  0,365  7,507 

BTC 0,327  4,226  83,783  0,077  -0,140  9,844 

XRP 0,503  7,652  94,905  0,066  2,207  20,891 

LTC 0,263  6,263  93,635  0,042  2,127  24,955 

SPX 0,060  1,150  33,925  0,052  -0,685  22,790 

VIX 0,352  9,048  81,848  0,039  2,667  24,485 

BND 0,002  0,301  8,717  0,005  -2,299  99,497 

VNQ 0,033   1,340   42,844   0,024   -1,632   30,973 

 

As it can be seen from Table 2, all the assets are negatively correlated with the VIX. This is 

because volatility-based investment opportunities such as VIX naturally have high negative 

correlations with equity markets.  In particular, the VIX is based on the implied volatility of 

S&P 500 Index options, and therefore this explains the high negative correlation between 

S&P 500 and VIX. 



18 

 

The highest positive correlation coefficient is between the S&P 500 and the Vanguard Real 

Estate Index. On the other hand, among cryptocurrencies, the highest positive correlation is 

between Bitcoin and Litecoin, with a value equal to 0.67. This number suggests that the 

major cryptocurrencies generally tend to be highly correlated. A possible explanation could 

be that Bitcoin represents the leading cryptocurrency in the sector, in some periods even 

accounting for over 60% of the total market capitalization. Therefore, the price movements 

in the cryptocurrency market are often dictated by Bitcoin’s performance.  

The correlations between cryptocurrencies and the other investment opportunities range 

between -0.17 (Ethereum - VIX) and 0.18 (Bitcoin – S&P 500). These values are relatively 

low, considering that U.S. stock correlations are often within a 0.3 to 0.5 range (Michaud 

and Michaud, 2008). Therefore, the correlation matrix highlights that we could improve the 

performance of portfolios by including cryptocurrencies. This might be one of the reasons 

behind the recent rise in the popularity of this new asset class. 

Table 2 

 Correlation Matrix 
ETH is Ethereum, BTC is Bitcoin, XRP is Ripple, LTC is Litecoin, SPX is the Standard and Poor's 500 stock market Index, 

VIX is the CBOE Volatility Index, BND is the Vanguard Total Bond Market Index, and VNQ is the Vanguard Real Estate 

Index. Daily returns are used for the Pearson correlation values in the table. The sample period is from September 1, 2015, 

to January 31, 2022. Values rounded to the 2nd decimal place. Source: own elaboration. 

  ETH   BTC   XRP   LTC   SPX   VIX   BND   VNQ 

ETH 1,00               

BTC 0,56  1,00             

XRP 0,43  0,42  1,00           

LTC 0,56  0,67  0,49  1,00         

SPX 0,18  0,18  0,13  0,16  1,00       

VIX -0,17  -0,16  -0,11  -0,15  -0,71  1,00     

BND 0,10  0,13  0,08  0,09  0,04  0,03  1,00   

VNQ 0,11   0,13   0,09   0,13   0,75   -0,45   0,19   1,00 

 

The fact that correlations between cryptocurrencies and traditional financial assets were low 

in the past does not mean that they will be low in the future as well. In the previous chapter, 

we have seen how the correlation between Bitcoin and the S&P 500 has risen to 0.36 in the 

last two years. Therefore, it is interesting to analyze if cryptocurrencies can truly offer 

diversification benefits and improve the overall performance of a portfolio made up of 

traditional assets.  
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4.3 Portfolio Models 

I have decided to consider five different portfolio models to analyze the impact of 

cryptocurrencies in a portfolio with traditional assets and see if they add value in terms of 

the risk-return relationship. First, I consider the naively diversified 1/𝑁 strategy, which may 

also be seen as a benchmark portfolio (Brauneis and Mestel, 2019; DeMiguel et al., 2009). 

DeMiguel et al. (2009) argue, for example, that the naïve rule could be used as a benchmark 

as it is easy to implement. Moreover, despite the multiple alternative sophisticated methods 

developed in the past, investors still rely on such simple allocation rules (DeMiguel et al. 

2009).  

Next, I consider four other data-driven optimized portfolios: Minimum Variance (MV, 

hereafter) portfolio, Tangency portfolio, Risk-Parity (RP, hereafter) portfolio, and 

Maximum Utility (MU, hereafter) portfolio. These portfolios have been chosen in such a 

way as to consider different investor categories. Some investors may be more risk-averse 

and therefore consider portfolios such as MV and RP more, while others may be more risk-

seeking and therefore prefer portfolios such as Tangency and MU. 

The general steps in the portfolio optimization technique (Inci and Lagasse, 2019) are: 

1. Creation of the return vector (𝜇), where each element is the average of the daily 

returns of the financial securities included in the portfolio;  

2. Creation of the variance-covariance matrix, (∑), using the entire data set of returns 

of all the investments in the portfolio; and  

3. Determination of the optimal weights vector, (𝑤), according to the specific objective 

function of each portfolio. 

This section discusses the characteristics of the five risk-based portfolio construction 

methodologies.  Consider the following terminology for the next paragraphs: 

• 𝑤 −  𝑁 × 1 vector of asset weights 

• ∑ −  𝑁 × 𝑁 variance-covariance matrix of asset returns 

• 𝜇 − 𝑁 × 1 vector of expected returns 

• 𝜄 −  𝑁 × 1 vector of ones 
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4.3.1 Equally Weighted Portfolio 
An equally weighted (EW, hereafter) portfolio represents one of the simplest approaches to 

constructing a portfolio and attempting to achieve diversification. In an EW portfolio, all 

assets are given the same weight. If we consider that we have 𝑁 assets in the portfolio, then 

the weight of each asset is given by: 

𝑤𝐸𝑊 =
1

𝑁
                                                                  (4) 

This strategy does not involve any optimization or estimation problem and completely 

ignores the characteristics of the assets in a portfolio.  

 

4.3.2 Minimum Variance Portfolio 
The MV portfolio allocation strategy aims at building an optimal portfolio without making 

assumptions about returns but simply minimizing the volatility of the portfolio returns using 

only historical data, such as the variances of the securities and the correlations existing 

between them. In this way, one of the major problems concerning asset allocation decisions 

is avoided, namely the choice to be based on returns (historical, current, expected, estimated, 

or other): a choice that inevitably brings subjective hypotheses that are difficult to sustain. 

For example, Chopra and Ziemba (1993) pointed out that the cash equivalent loss for errors 

in expected values is greater than that for errors in variances and covariances. The MV 

portfolio is the only portfolio on the efficient frontier without expected returns as inputs. 

The MV portfolio solves the following minimization problem: 

min   𝑤′∑ 𝑤                                 𝑠. 𝑡.                𝑤′𝜄 = 1                              (5)  

The solution to the above maximization problem leads to a closed form equation for the asset 

weights. These are given by: 

𝑤𝑀𝑉 =
∑−1 𝜄

𝜄′∑−1 𝜄
                                                                 (6)   

where 𝑤𝑀𝑉 are the MV portfolio weights, and ∑−1 is the inverse of the variance-covariance 

matrix. 

 

𝑤 
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4.3.3 Tangency Portfolio 

The Tangency portfolio is that portfolio on the efficient frontier that maximizes the Sharpe 

Ratio, defined as:  

Sharpe Ratio =
𝑅𝑃−𝑅𝑓

𝜎𝑝
                                            (7) 

where:  𝑅𝑃 is the portfolio return, 𝑅𝑓 is the risk-free rate, and 𝜎𝑝 is the standard deviation of 

the portfolio’s excess return.  

Considering a zero risk-free rate and given that the portfolio return (𝑅𝑃) and standard 

deviation (𝜎𝑝) in matrix format are given by:  

𝑅𝑃 = 𝑤′𝜇                                               𝜎𝑝 = √𝑤′∑𝑤                                 (8) 

we then have that the Tangency portfolio maximizes the following objective function:  

 max 
𝑤′𝜇

√𝑤′∑𝑤
                                       𝑠. 𝑡.         𝑤′𝜄 = 1                                 (9) 

By solving the unconstrained maximization problem (considering, however, the constraint 

that the weights add to 1), we get a closed-form analytical solution for the Tangency portfolio 

weights (𝑤𝑇), which, for portfolios with no risk-free assets, are given by:  

𝑤𝑇 =
∑−1 𝜇

𝜇′∑−1 𝜄
                                                                (10) 

Instead, the constrained maximization problem, where short sales are not allowed, for 

example, does not have a simple closed-form analytical solution. 

 

4.3.4 Risk-Parity Portfolio 

The RP approach to portfolio construction wights the asset classes by their risk contribution 

to the portfolio. In other words, each asset should contribute equally to the portfolio’s 

volatility.  

Depending on how we measure or define the risk, there are several ways to construct an RP 

portfolio. However, following Brzenk, Cheng and Liu (2020), I have decided to use the 

𝑤 
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standard deviation of returns to measure risk, as in practice is the default risk measure 

adopted by investors.  

We can then define the marginal contribution of asset 𝑖 to the total value of portfolio risk as: 

𝑀𝐶𝑖 = 𝑤𝑖 ∗ 𝜎𝑝 ∗ 𝛽𝑖                                                         (11) 

where 𝑤𝑖 is the weight of asset 𝑖 in the portfolio, 𝜎𝑝 is the standard deviation of the portfolio’s 

returns, and  𝛽𝑖 is defined as: 

𝛽𝑖 =
𝜎𝑖𝑝

𝜎𝑝
2

                                                                   (12) 

with 𝜎𝑖𝑝 being the covariance between asset 𝑖 and portfolio 𝑝 while 𝜎𝑝
2 is the variance of the 

portfolio.  

A portfolio is therefore said to be a RP portfolio if it satisfies: 

𝑤𝑖𝛽𝑖 = 𝑤𝑗𝛽𝑗 =
1

𝑁
                                                          (13) 

Finding a solution for the vector of weights is not a simple task. Consider, for example, the 

case where all volatilities are equal,  𝜎𝑖 = 𝜎 for all 𝑖, while the correlations between assets 

differ. In this case, we have that the weight attributed to each component 𝑖 is inversely 

proportional to its beta (Maillard et al., 2010): 

𝑤𝑖 =
𝛽𝑖

−1

∑ 𝛽𝑖
−1𝑛

𝑖=1

                                                             (14) 

Since 𝛽𝑖 depends on portfolio 𝑝, which by definition includes 𝑤𝑖, the solution is endogenous, 

and consequently, it is necessary to resort to numerical solutions.  

Maillard et al. (2010) propose a solution by using a Sequential Quadratic Programming 

algorithm: 

𝑤 = arg min 𝑓(𝑥)                 𝑠. 𝑡.         𝑤′𝜄 = 1 𝑎𝑛𝑑 0 ≤ 𝑤𝑖 ≤ 1                (15) 

where: 

𝑓(𝑥) =  ∑ ∑ (𝑤𝑖(∑𝑤)𝑖 − 𝑤𝑗(∑𝑤)𝑗)
2𝑛

𝑗=1
𝑛
𝑖=1                                       (16) 
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A simpler approach to construct an RP portfolio, instead, is to set each asset’s weight to be 

proportional to the inverse of its standard deviation (Brzenk, Cheng and Liu, 2020): 

𝑤𝑖 =
1/𝜎𝑖

∑ (
1

𝜎𝑖
)𝑛

𝑖=1

                                                            (17) 

The result is that lower volatile assets will have a higher weight than higher volatile assets.  

The simpler version allows us to get a closed-form solution, but it assumes that we have 

equal correlations for every couple of assets in the portfolio. Nevertheless, Bridgewater 

Associates, one of the biggest investment management firms globally, promotes a version of 

RP portfolio that only focuses on volatility and ignores the correlation information. Their 

motivation is based on the fact that correlations are unstable and unpredictable over time. 

Asset risk is therefore difficult to predict (Bridgewater, 2022).  

However, regardless of the approach used, the RP portfolio is generally fixed-income heavy, 

implying lower portfolio volatility and returns (Chaves et al., 2011).  

 

4.3.5 Maximum Utility Portfolio 

Following the steps of Liu (2019), I use the utility (U) of an asset defined by the quadratic 

form:  

𝑈𝑖 = 𝜇𝑖 −
𝛾

2
𝜎𝑖

2                                                             (18) 

where 𝛾 represents the risk aversion parameter. 

The risk aversion parameter plays a critical role in defining the utility of an asset. As one 

can see from the utility function above, it enters the equation with a negative sign, meaning 

that the greater the degree of risk aversion of the person, the lower the utility. This factor has 

implications for the weights to be attributed to the assets in the portfolio. The higher the 

degree of risk aversion, the lower the weights attributed to the higher volatile assets or, the 

greater the weights assigned to the less risky assets in the portfolio. I follow Liu (2019) and 

report all the results considering 𝛾 = 1. 

The MU portfolio is defined by the weights that maximize the following objective function: 
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max   𝑤′𝜇 −  
𝛾

2
 𝑤′∑𝑤                       𝑠. 𝑡.            𝑤′𝜄 = 1                         (19) 

This maximization problem does not offer a closed-form solution where weights sum to 1. 

In my study, I therefore perform a constrained optimization.  

 

4.3.6 Policy Constraints 

One of the most significant advantages of using the mean-variance approach is incorporating 

policy constraints (Klabbers, 2017). The unique policy constraints can be found by altering 

the weights of the assets in the portfolio.  

In this study, I initially limit the weights of the assets in the portfolio to be non-negative, 

𝑤𝑖 ≥ 0. This means that short selling is not allowed. Short sales are often difficult to perform 

and very risky. To compute the weights of the assets for an optimized portfolio, I rely on 

numerical algorithms, as there is no closed-form solution.  

Subsequently, to obtain a more complete and robust analysis, I allow the weights to assume 

negative values, meaning that short sales are allowed. Thus, if an asset’s weight at any given 

point in time is negative, that asset is sold short in that time frame. Here I compute the 

weights by using the closed-form solution whenever possible, as it is simpler and quicker to 

obtain.   

However, in both cases, the budget constraint is kept, 𝑤′𝜄 = 1, meaning that all the wealth 

is invested. In the first case, I introduce the constraint manually in the optimization problem. 

In the second case, the closed-form formulas are by construction such that 𝑤′𝜄 = 1. 

Table 3 summarizes the various asset allocation models. 

 

 

 

 

 

 

𝑤 
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Table 3 

 Asset Allocation Models 
The first column shows the names of the asset allocation models. The second column shows the optimization problem of 

each model under the no short sales constraint (𝑤𝑖 ≥ 0) and the budget constraint (𝑤′𝜄 = 1). The third column shows the 

closed-form formulas used for calculation when short sales are allowed. The budget constraint here is respected by 

construction. Source: own elaboration. 

Model  Constrained Optimization              Closed-Form Solution  

1/N Rule (EW)     

Minimum Variance (MV) 
  

 

Tangency Portfolio (TP) 
  

 

Risk-Parity (RP) 
  

 

Maximum Utility (MU) 

  

  

 

4.4 In- and Out-of-Sample Analysis 

To have a more robust and complete analysis, this thesis addresses the research question 

both in- and out-of-sample.  

The in-sample approach uses the entire sample of observations to estimate the parameters 

for the optimization process, such as the mean and the variance-covariance matrix. This 

approach, however, is infeasible for actual investments. For example, if our starting date is 

September 1st, 2015, one can obtain the data no later than the starting date. Instead, the in-

sample analysis uses data before and after that date, which is unrealistic in real investments 

(Liu, 2019). Therefore, the performance under the in-sample method is viewed more as an 

ideal theoretical case than a real one.  

In the out-of-sample analysis, on the other hand, the weights are computed in a rolling 

window procedure. I follow the Liu (2019) methodology to structure the out-of-sample 

analysis. The steps in this process are: 

min   𝑤′∑𝑤           

max   𝑤′𝜇/√𝑤′∑𝑤        

𝑤𝑖 =
1/𝜎𝑖

∑ (
1
𝜎𝑖

)𝑛
𝑖=1

 

max   𝑤′𝜇 −  
𝛾

2
 𝑤′ ∑𝑤        

 

w 

w 

𝑤𝐸𝑊 =
1

𝑁
 

𝑤𝑀𝑉 =
∑−1 𝜄

𝜄′∑−1 𝜄
 

𝑤𝑇𝑃 =
∑−1 𝜇

𝜇′∑−1 𝜄
 

min   ∑ ∑ (𝑤𝑖(∑𝑤)𝑖 − 𝑤𝑗(∑𝑤)𝑗)
2𝑛

𝑗=1
𝑛
𝑖=1  

w 

(𝑤′𝜄 = 1)                            (𝑤′𝜄 = 1,  𝑤𝑖 ≥ 0)                            

w 
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1. Use the nearest 𝑀 = 252 days’ before and on the rebalancing time 𝑡 to estimate the 

optimization process parameters, namely the expected value and the variance-

covariance matrix. Liu (2019) uses 𝑀 = 360 (1 year) in his sample as it includes only 

cryptocurrencies, and therefore, he has a full year of daily observations. Since in this 

study only days when the stock market was open are considered, one year of 

observations corresponds approximately to 252 trading days; 

2. Solve the corresponding optimization problem according to the portfolio strategies 

and obtain the weights at time 𝑡; 

3. Rebalance the weights according to the first two steps after the holding period 𝜏. 

For example, the dataset for this study ranges from September 1st, 2015, to January 31st, 

2022, and I consider a rebalancing period of 𝜏 = 22 days, which represents approximately 

the number of trading days in one month. Liu (2019) also considers one month, but as that 

study is focused only on cryptocurrencies, the rebalancing period is chosen to be 𝜏 = 30 

days. The first 252 daily returns are used to estimate the parameters of the specific portfolio 

strategy and solve the weights on the first rebalancing date, which is 31-Aug-2016. These 

weights last for the following 𝜏 = 22 trading days. The second rebalancing date is 03-Oct-

2016, and the nearest 252 days’ returns are used to estimate the parameters of the different 

portfolio models and solve the weights on 03-Oct-2016, which will then last for the next 𝜏 = 

22 days. This routine is repeated until the end of the sample period. 

 

4.5 Evaluating portfolio performance 

Several standard investment performance measures are used to evaluate the effect of adding 

cryptocurrencies to portfolios with traditional assets: Sharpe Ratio, Sortino Ratio, Omega 

Ratio, Value at Risk (hereafter, VaR), Expected Shortfall (hereafter, ES), Turnover, and 

Transaction Costs.  

  

4.5.1 Sharpe Ratio 

The Sharpe Ratio originated in 1966 and was introduced by William Sharpe (Sharpe, 1966). 

It is the most popular measure of risk-adjusted performance, and it measures the performance 

of an investment compared to a risk-free asset after adjusting for its risk. It tells us how well 
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the return of an asset can compensate for the risk associated with the asset itself. The higher 

the SR, the more the investor is compensated for the risk he has borne.  

The ratio makes use of the first two moments of the return distribution and is computed in 

the following way: 

Sharpe Ratio =
𝑅𝑃−𝑅𝑓

𝜎𝑝
                                                   (20) 

where:  𝑅𝑃 is the portfolio return, 𝑅𝑓 is the risk-free rate, and 𝜎𝑝 is the standard deviation of 

the portfolio’s excess return.  

For simplicity, I follow Brauneis and Mestel (2019) and assume a zero risk-free rate for this 

study.  

 

4.5.2 Sortino Ratio 

A direct evolution of the Sharpe Ratio is the Sortino Ratio, developed by the economist 

Frank Sortino. He proposed to use as a measure of risk the standard deviation only of the 

distribution of negative returns, called Downside Risk (𝜎𝐷): 

𝜎𝐷 = √𝑉𝑎𝑟(𝑅𝑃|𝑅𝑃 < 0)                                                    (21) 

Thus, the Sortino Ratio is given by: 

Sortino Ratio =
𝑅𝑃−𝑅𝑓

𝜎𝐷
                                                   (22) 

The formula shows that the greater the downward deviation of the portfolio returns with 

respect to the expected return of the investor, the greater the risk and, therefore, the lower 

the Sortino Ratio. 

 

4.5.3 Omega Ratio 

It is a generally accepted fact of empirical finance that returns are not normally distributed. 

This is especially true when considering cryptocurrencies (Chan et al., 2017). Thus, higher 

moments should be considered in addition to mean and variance. Keating and Shadwick 
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(2002) propose a ratio that accomplishes the task of considering all of the higher moments 

of the distribution of returns. 

The Omega Ratio represents the ratio between the average gain and the average loss and is 

defined as: 

Omega Ratio =
∑ max (0,+𝑅𝑝𝑡)𝑇

𝑡=1

∑ max (0,−𝑅𝑝𝑡)𝑇
𝑡=1

                                        (23) 

Therefore, the advantage of the Omega ratio is that it does not rely on any assumption 

regarding the distribution of returns. 

 

4.5.4 Value at Risk and Expected Shortfall 

VaR and ES are two risk measures that seek to summarize portfolio total risk through a 

single number (Hull, 2015).  

VaR was pioneered by JPMorgan, and it is a standard risk measure in the financial industry 

today. It answers the following question: 

- “What loss level is such that we are 𝑋% confident it will not be exceeded in 𝑁 

business days?” 

Below I report a general definition of the VaR, which holds for any loss 𝐿: 

Definition 1: Given a loss 𝐿 and a confidence level 𝛼 ∈ (0,1), then 𝑉𝑎𝑅𝛼(𝐿) is given 

by the smallest number 𝑥 such that the probability that the loss 𝐿 exceeds 𝑥 is not 

larger than 1 − 𝛼, that is 

𝑉𝑎𝑅𝛼(𝐿) = 𝑖𝑛𝑓{𝑥 ∈ ℝ: 𝐹𝐿(𝑥) ≥ 𝛼}                                     (24) 

where 𝐹𝐿(𝑥) = 𝑃(𝐿 ≤ 𝑥) is the distribution of 𝐿. 

Therefore, the VaR is a function of two parameters: the time horizon 𝑁, usually one day, a 

week, or one month, and the confidence level 𝛼, usually equal to 0.95 or 0.99. 

There are several ways to compute the VaR, and the most common are presented below 

(Philippe, 2001):  
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1. Delta-method. This is an analytical method as the VaR is obtained through a closed-

form solution. The biggest drawback of this approach is related to the assumption of 

normally distributed returns.  

2. Historical simulation. It is a nonparametric method and does not require 

distributional assumptions. It is relatively simple to implement, but its biggest 

drawback is that it tries to predict immediate future price movements based on the 

analysis of past market events. 

3. Monte Carlo simulation. This approach is a parametric method that generates random 

movements in risk factors from estimated parametric distributions. Its most 

significant advantages are that it is very general to implement, and it works for any 

probabilistic model from which you can simulate random variables. The biggest 

drawback, instead, is its computational time.  

As Monte Carlo simulation is by far the most powerful method to compute VaR (Philippe, 

2001), I have decided to use this methodology in this study.  

VaR is an attractive measure because it is easy to understand, and it can summarize risk in a 

single number. However, by definition, the VaR does not give any information about the 

severity of the loss 𝐿 which may occur with probability 1 − 𝛼. The ES, instead, tries to solve 

this drawback.  

The ES is a measure of how bad things can go, given that we know that the loss is greater 

than the VaR. It answers to the following question: 

- “If things do get bad, what is the expected loss?” 

The rigorous definition is reported below: 

Definition 2: Let 𝐿 be a loss which is a continuous random variable with distribution 

function 𝐹𝐿(𝑥). Then, for any confidence level 𝛼 ∈ (0,1), the expected shortfall (𝐸𝑆) 

is    

𝐸𝑆𝛼 = 𝐸[𝐿|𝐿 ≥ 𝑉𝑎𝑅𝛼(𝐿)]                                             (25) 

where 𝐸 is the expected value.  
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The ES, compared to the VaR, has better theoretical properties, as it satisfies the 

subadditivity condition, namely that the risk measure for two portfolios after they have been 

merged should be no greater than the sum of their risk measures before they were merged 

(Hull, 2015). 

 

4.5.5 Turnover and Transaction Costs 

Portfolio weights constantly change even without active trading. For example, if at the 

beginning of month 𝑡 − 1 we start with weights 𝑤𝑖,𝑡−1
(𝑗)

, where 𝑖 = 1, … , 𝑁 and indicates the 

weight put on asset 𝑖, by the beginning of the following month (𝑡) the portfolio weights 

change because of individual stock returns during month 𝑡 − 1. The portfolio turnover (PT), 

thus, tells us what the average fraction of the portfolio that has been changed over the period 

considered is. Therefore, it measures the degree of the amount of trading required to 

implement a specific strategy.  

For any portfolio strategy 𝑗, considering a monthly rebalancing frequency, the 𝑃𝑇 at the 

beginning of the month 𝑡 is defined in the following way (Champagne et al., 2018): 

𝑃𝑇𝑡
(𝑗)

=
1

2
∑ (|𝑤𝑖,𝑡

(𝑗)
− 𝑤̃𝑖,𝑡

(𝑗)
|)𝑁

𝑖=1                                                 (26) 

where 𝑤𝑖,𝑡
(𝑗)

 is the optimal weight of asset 𝑖 under strategy 𝑗 at the beginning of month 𝑡 while 

𝑤̃𝑖,𝑡
(𝑗)

 represents the buy-and-hold weight of asset 𝑖 at the start of month 𝑡 and is defined as:  

𝑤̃𝑖,𝑡
(𝑗)

= 𝑤𝑖,𝑡−1
(𝑗) 1+𝑅𝑖,𝑡−1

1+𝑅𝑝,𝑡−1
(𝑗)                                                       (27) 

with 𝑤𝑖,𝑡−1
(𝑗)

 being the optimal weight of asset 𝑖 under strategy 𝑗 at time 𝑡 − 1,  𝑅𝑖,𝑡−1 the 

return of asset 𝑖 during month 𝑡 − 1, and 𝑅𝑝,𝑡−1
(𝑗)

 the buy-and-hold portfolio return under 

strategy 𝑗 in month 𝑡 − 1. 

A high turnover rate implies a large number of transactions necessary to rebalance the 

portfolio weights, and because of transaction costs, this translates into more expenses. 

Therefore, transaction costs are an important variable to consider when evaluating the 

performance of a particular strategy. For example, Chalmers et al. (2001) found a strong 

negative relation between fund returns and trading expenses, while Grinold and Kahn (1999) 
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highlighted how, on average, active U.S. equity managers underperformed the S&P 500 

mainly because of transaction costs. 

The transaction cost adjusted portfolio return (𝑅̃) for month 𝑡 can be then calculated as: 

𝑅̃𝑝,𝑡
(𝑗)

= ∑ (𝑤𝑖,𝑡
(𝑗)

𝑅𝑖,𝑡 − 𝑐 ∗ |𝑤𝑖,𝑡
(𝑗)

− 𝑤̃𝑖,𝑡
(𝑗)

|)𝑁
𝑖=1                                        (28) 

where c denotes the one-way proportional transaction costs. 

Following Anyfantaki et al. (2018), I consider 35 bps for the transaction costs of stocks and 

bonds. Instead, transaction costs usually occur in two ways in the cryptocurrency market: 

trading fees and bid-ask spread. Anyfantaki et al. (2018) argue that the bid-ask spread is a 

minor issue compared to other fees, such as trading and deposit/withdrawal/fees. Therefore, 

they decided to use higher transaction costs for cryptocurrencies than for stocks and bonds, 

i.e., 50 bps, which is also consistent with Platanakis et al. (2018). I follow the literature in 

my study and consider 50 bps for the transaction costs of cryptocurrencies included in this 

study.  

 

4.6 Performance Analysis Before and During Covid-19 

Pandemic 

As already mentioned in Chapter 3, Forbes and Rigobon (2002) have shown how in times 

of crisis, stock market correlations increase. This increase in stock market correlations could 

lower the benefit of efficient portfolio diversification. Therefore, it is interesting to analyze 

if the Covid-19 emergency has lowered the benefit of introducing cryptocurrencies in a 

portfolio with traditional assets.  

We have already seen how the correlation between Bitcoin and the S&P 500 Index has risen 

since the start of the pandemic. Table 4, instead, reports the correlation matrix between all 

the eight assets before (panel 4a) and during (panel 4b) the Covid-19 emergency. 

Correlations between the eight assets have increased during the last two years, confirming 

the findings of Forbes and Rigobon (2002). Bitcoin, for example, had a correlation with the 

S&P 500 Index of 0.02 before 2020, 0.18 considering the entire sample of observations, and 

0.36 if we consider only the Covid-19 period. This is also true for Ethereum and the other 
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cryptocurrencies considered in this analysis. Bitcoin and Ethereum, in particular, were 

negatively correlated with the bond market and the real estate indexes before the pandemic. 

Then the correlations became positive with the start of the Covid-19 emergency.    

The global crisis has not increased only the correlations between cryptocurrencies and the 

other traditional assets. It increased the linear relationship between all the asset classes 

considered. For example, the correlation between the two major cryptocurrencies, Bitcoin 

and Ethereum, is equal to 0.83 if we consider only the last two years, compared to 0.45 in 

the pre-pandemic case. At the same time, the correlation between the S&P 500 Index and 

the Vanguard Real Estate Index has increased from 0.53 to 0.86.  

 

Table 4 

 Correlation Matrix Before and During Covid-19 
Panel A depicts the correlation matrix of the eight assets before the start of the pandemic (September 1st, 2015 - December 

31st, 2019), while panel B reports the correlation matrix during the pandemic period (January 1st, 2020 - January 31st, 2022). 

ETH is Ethereum, BTC is Bitcoin, XRP is Ripple, LTC is Litecoin, SPX is the Standard and Poor's 500 stock market Index, 

VIX is the CBOE Volatility Index, BND is the Vanguard Total Bond Market Index, and VNQ is the Vanguard Real Estate 

Index. Daily returns are used for the Pearson correlation values in the table. Values rounded to the 2nd decimal place. 

Source: own elaboration. 

  ETH   BTC   XRP   LTC   SPX   VIX   BND   VNQ 

a) Correlation Matrix Before Covid-19 

ETH 1,00               

BTC 0,45  1,00             

XRP 0,36  0,33  1,00           

LTC 0,45  0,59  0,41  1,00         

SPX 0,05  0,02  0,05  0,04  1,00       

VIX -0,08  -0,05  -0,05  -0,05  -0,78  1,00     

BND -0,02  -0,01  0,02  -0,02  -0,23  0,18  1,00   

VNQ -0,03   -0,01   0,02   0,01   0,53   -0,42   0,19   1,00 

b) Correlation Matrix During Covid-19 

ETH 1,00               

BTC 0,83  1,00             

XRP 0,65  0,61  1,00           

LTC 0,85  0,82  0,68  1,00         

SPX 0,38  0,36  0,25  0,33  1,00       

VIX -0,37  -0,37  -0,25  -0,36  -0,69  1,00     

BND 0,27  0,26  0,17  0,22  0,18  -0,09  1,00   

VNQ 0,29   0,27   0,18   0,27   0,86   -0,53   0,20   1,00 
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All these considerations allow to ask ourselves and then investigate whether 

cryptocurrencies represent an appropriate choice in the composition of a portfolio during a 

period of financial and economic distress.  
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Chapter 5: Results and Analysis 

This chapter presents the main results of this study. The first part is devoted to in-sample 

results, while the second part of the chapter focuses on out-of-sample results. To be 

parsimonious, I only report and comment on the results obtained under the no-short sales 

constraint. However, the general conclusions of this chapter also apply to the case where 

short selling is allowed, and the results are reported in Appendix 1. 

 

5.1 In-Sample Results 

To obtain a complete analysis, this section is divided into three parts. First, the results are 

analyzed and presented for the whole sample period. Then the sample period is divided into 

two subsamples: before and during the Covid-19 pandemic. In this way, one can get a general 

overview of the contribution of cryptocurrencies to portfolios built with traditional assets. 

Still, it will also allow us to understand how this contribution has changed during a period 

of global economic and financial markets stress.  

 

5.1.1 Performance Analysis Considering the Whole Sample Period 

Figure 4 draws the mean-variance efficient frontier for portfolios with (in blue) and without 

(in red) cryptocurrencies during the entire sample period, which lasts from September 1st, 

2015, to January 31st, 2022, under the no short sales constraint.  

The result is obvious; cryptocurrencies offer diversification benefits. By allowing 

investments in cryptocurrencies during the period considered, one can expand portfolio 

allocations to the northwest region (higher risk-adjusted returns). The blue curve is much 

steeper and is also shifted to the left, meaning that for a given level of risk (standard 

deviation), portfolios including cryptocurrencies outperform those which include only 

traditional assets.  

This outcome is not surprising. We have already seen in Table 1 how cryptocurrencies offer 

much higher average returns than traditional assets. Table 2 instead pointed out the low 

values of the correlation coefficients between these asset classes. The combination of these 
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two results suggested that cryptocurrencies may be effective diversifiers, and Figure 4 

provides initial evidence. 

Figure 4 

Efficient Frontier with and without Cryptocurrencies 
In red are the efficient frontier and portfolios excluding cryptocurrencies. In blue are the efficient frontier and portfolio 

models including cryptocurrencies. Short sales are not allowed. ETH is Ethereum, BTC is Bitcoin, XRP is Ripple, LTC is 

Litecoin, SPX is the Standard and Poor's 500 stock market Index, VIX is the CBOE Volatility Index, BND is the Vanguard 

Total Bond Market Index, and VNQ is the Vanguard Real Estate Index. Daily data for the cryptocurrencies are obtained 

from Coin Metrics, while for S&P 500 are obtained from Yahoo Finance. The sample period is from September 1st, 2015, 

to January 31st, 2022. Source: based on author’s calculation. 

 

One can now analyze the performance of the specific portfolio strategies and their 

composition. Table 5 reports the empirical performance of the portfolio models during the 

entire sample period. Panel 5a depicts portfolios without cryptocurrencies, while panel 5b 

reports the results for portfolios with all assets. Table 6, instead, provides the optimal weights 

of the portfolios as percentages. Panel 6a illustrates the weights for the whole sample period, 

panel 6b for the pre-pandemic period, and panel 6c describes the composition of the different 

strategies during the last two years.  
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First, one can observe in Table 5 that portfolios with all assets report higher means and 

standard deviations. It can be noticed that, although riskier, cryptocurrencies significantly 

increased the risk-adjusted returns for all the portfolio strategies considered in this study. 

This evidence holds for the Sharpe, Sortino, and Omega ratios, as highlighted by panel 5b.  

The only exception to this rule is given by the MV portfolio, where the Sharpe ratio remains 

unchanged while the Sortino and Omega ratios only slightly increase. By looking at the 

weights of the MV portfolio, one can understand why the results are not so pronounced. The 

MV portfolio for this sample period, in fact, primarily includes traditional assets. The second 

row of panel 6a highlights how the cumulative share of portfolio weights given by the four 

cryptocurrencies equals 0.04%, very close to 0. This implies that the performance of the MV 

portfolio does not change much when cryptocurrencies are included.  

The other optimal portfolios include a larger share of cryptocurrencies. The Tangency 

portfolio, for example, holds 12,32% of its weight on cryptocurrencies, with Bitcoin and 

Ethereum having a higher contribution to the portfolio’s performance. In comparison, 

Litecoin receives 0% weight. This portion increases to 79,12% in the case of the MU 

portfolio, with Ethereum being the leader with 51,97%, followed by Ripple with 26,97%.  

The last two columns of Table 5 describe the riskiness of these five allocation strategies in 

terms of VaR and ES. Including cryptocurrencies generally leads to an increased risk, which 

is not surprising as they are highly volatile.  

There are, however, some exceptions. For example, the EW portfolio with all assets reports 

a 1-day VaR at a 95% confidence level equal to 2,941%, compared to the 2,953% of the 

portfolio without cryptocurrencies. One can also see how including 0.04% of 

cryptocurrencies in the MV portfolio helps lower the risk in terms of VaR, from 0.340% to 

0.339%. 
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Table 5 

 Empirical Performance of Portfolios 
Empirical performance of portfolio models (in % for mean, standard deviation (Std), value at risk (VaR), and expected 

shortfall (ES)) during the all-sample period. Panel 4a depicts portfolios without cryptocurrencies, while panel 4b reports 

the results for portfolios with all assets. 1-day VaR and 1-day ES are considered, with a 95% confidence level (𝛼 = 0.95). 

Short sales are not allowed. Daily returns are used for the calculations. The sample period is from September 1st, 2015, to 

January 31st , 2022. Source: own elaboration. 

  Mean  Std  Sharpe R. Sortino R. Omega R. VaR ES 

a) No Crypto        

TP 0,091 0,768 0,119 0,224 1,507 1,134 1,446 

MV 0,011 0,287 0,039 0,056 1,149 0,340 0,430 

RP 0,035 0,409 0,085 0,141 1,345 0,580 0,737 

EW 0,112 1,969 0,057 0,129 1,190 2,953 3,724 

MU 0,173 3,045 0,057 0,130 1,191 4,638 5,849 

b) All Assets        

TP 0,135 0,909 0,149 0,278 1,563 1,224 1,569 

MV 0,011 0,287 0,039 0,057 1,151 0,339 0,430 

RP 0,069 0,588 0,117 0,199 1,427 0,764 0,974 

EW 0,255 2,492 0,102 0,185 1,340 2,941 3,729 

MU 0,470 4,666 0,100 0,189 1,327 5,277 6,684 

 

 

 

 

 

 

 

 

 

 

 



38 

 

Table 6 

Portfolio Optimal Weights 
The table shows the optimal weights (in %) for each strategy in three different periods: Whole sample period (September 

1st, 2015 – January 31st, 2022), Before Covid-19 pandemic (September 1st, 2015 – December 31st, 2019), and During Covid-

19 pandemic (January 1st, 2020 – January 31st, 2022). All assets are considered. TP is the Tangency Portfolio, MV is the 

Minimum Variance Portfolio, RP is the Risk-Parity Portfolio, EW is the Equally Weighted Portfolio, and MU is the 

Maximum Utility Portfolio. Short sales are not allowed. Daily returns are used for the calculations. Source: own elaboration. 

  ETH BTC XRP LTC SPX VIX BND VNQ 

a) Whole Sample Period 

TP 4,18 5,76 2,38 0,00 76,99 10,69 0,00 0,00 

MV 0,01 0,01 0,01 0,01 10,62 0,97 88,36 0,02 

RP 2,04 2,93 1,81 1,95 22,06 4,74 51,69 12,78 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 51,97 0,15 26,97 0,03 0,02 20,84 0,02 0,02 

b) Before Covid-19 

TP 1,37 2,08 1,03 0,00 57,81 5,01 32,71 0,00 

MV 0,05 0,16 0,01 0,04 17,04 0,98 81,71 0,02 

RP 1,27 1,93 1,06 1,18 27,90 3,18 51,31 12,16 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 46,08 0,19 42,35 0,03 0,03 11,29 0,02 0,02 

c) During Covid-19 

TP 8,15 11,43 0,00 0,00 64,61 15,82 0,00 0,00 

MV 0,00 0,01 0,01 0,00 9,28 1,68 89,00 0,02 

RP 2,93 3,87 2,64 2,82 18,83 7,51 48,42 12,99 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 66,79 0,00 0,00 0,00 0,00 33,20 0,00 0,00 

 

The following two sections are dedicated to the performance analysis of the different 

allocation strategies before and during the Covid-19 pandemic.  

 

5.1.2 Performance Analysis Before Covid-19 

Yarovaya et al. (2020) recall that the Covid-19 pandemic is the first global stress period 

cryptocurrencies have faced since they first started circulating. I use December 31st, 2019, 

as the cut-off to identify the periods before and after the start of the COVID-19 pandemic, 

consistent with Corbet et al. (2020) and Colombo et al. (2021).   
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Figure 5 plots in blue the mean-variance efficient frontier for portfolios with all assets, while 

in red, one can see the efficient frontier without cryptocurrencies. The sample period is from 

September 1st, 2015, to December 31st, 2019.  

The evidence suggests again that cryptocurrencies enhance the performance of the portfolio 

allocation strategies by allowing us to move towards higher risk-adjusted returns. The blue 

line is shifted outward with respect to the red one. However, it can be noticed that, with 

respect to the previous case, most of the optimal portfolios are concentrated in one point in 

the southwest area, suggesting a lower average return for these portfolios compared to the 

entire sample period.  

Figure 5 

Efficient Frontier Before Covid-19 

In red are the efficient frontier and portfolios excluding cryptocurrencies. In blue are the efficient frontier and portfolio 

models, including cryptocurrencies. Short sales are not allowed. ETH is Ethereum, BTC is Bitcoin, XRP is Ripple, LTC is 

Litecoin, SPX is the Standard and Poor's 500 stock market Index, VIX is the CBOE Volatility Index, BND is the Vanguard 

Total Bond Market Index, and VNQ is the Vanguard Real Estate Index. Daily data for the cryptocurrencies are obtained 

from Coin Metrics, while S&P 500 are obtained from Yahoo Finance. The sample period is from September 1st, 2015, to 

December 31st, 2019. Source: based on author’s calculation. 
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Table 7 reports the empirical performance of the portfolio models before the start of the 

pandemic. Panel 7a depicts portfolios without cryptocurrencies, while panel 7b reports the 

results for portfolios with all assets.  

All portfolios show higher risk-adjusted returns when including cryptocurrencies, meaning 

that the higher risk brought by cryptocurrencies is more than well compensated by the higher 

returns. The magnitude of the increase is similar to the previous case when the entire sample 

period was considered. 

By comparing the two periods, it turns out that the first three portfolio models (Tangency, 

MV, and RP portfolios) have performed better in the pre-pandemic case than if one considers 

the whole sample period. As the MV and RP portfolios focus more on risk, this could be due 

to the lower correlation between cryptocurrencies and traditional assets before the Covid-19 

pandemic, as highlighted in the previous chapter. Instead, the other two strategies (EW and 

MU) have performed better considering the entire sample period. An explanation here could 

be that cryptocurrencies experienced a bear market in 2018, as Colombo et al. (2021) also 

pointed out.  Consequently, portfolios with higher distributed weights on cryptocurrencies 

(EW and MU) suffered more. 

Panel b of Table 6 (see above) shows the optimal weights of the portfolio as percentages 

before the Covid-19 pandemic. Here some interesting results can be observed.  

First, one can notice that compared to the full-sample case, the percentage of 

cryptocurrencies’ weight in the MV portfolio has increased from 0.04% to 0.26%. This 

confirms that in the pre-pandemic case, cryptocurrencies were poorly related to the market’s 

returns and therefore offered higher benefits in reducing the risk of a portfolio.  

The Tangency and the RP portfolios, on the other hand, saw a decrease in cryptocurrencies’ 

weights. This result may partially explain why these two portfolios recorded lower average 

returns in the pre-covid period than the whole sample period.  
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Table 7 

 Empirical Performance of Portfolios Before Covid-19  
Empirical performance of portfolio models (in % for mean, standard deviation (Std), value at risk (VaR), and expected 

shortfall (ES)) before the start of the pandemic. Panel 6a depicts portfolios without cryptocurrencies, while panel 6b reports 

the results for portfolios with all assets. 1-day VaR and 1-day ES are considered, with a 95% confidence level (𝛼 = 0.95). 

Daily returns are used for the calculations. The sample period is from September 1st, 2015, to December 31st, 2019. Source: 

own elaboration. 

  Mean  Std  Sharpe R. Sortino R. Omega R. VaR ES 

a) No Crypto       

TP 0,045 0,312 0,146 0,285 1,537 0,345 0,446 

MV 0,014 0,172 0,080 0,136 1,234 0,256 0,325 

RP 0,028 0,243 0,116 0,212 1,374 0,327 0,417 

EW 0,085 1,969 0,043 0,098 1,143 3,409 4,286 

MU 0,115 2,244 0,052 0,117 1,174 3,667 4,616 

b) All Assets        

TP 0,063 0,359 0,175 0,345 1,620 0,401 0,520 

MV 0,015 0,172 0,086 0,145 1,252 0,255 0,324 

RP 0,048 0,337 0,143 0,272 1,471 0,470 0,601 

EW 0,242 2,511 0,096 0,185 1,317 3,514 4,444 

MU 0,496 5,353 0,093 0,186 1,316 6,079 7,637 

 

 

5.1.3 Performance Analysis During Covid-19 

The recent empirical literature (Conlon and McGee, 2020; Corbet et al., 2020) focuses on 

the pandemic’s early days, with Colombo et al. (2021) considering the sample period till the 

last month of 2020. However, 2021 will most likely be remembered as when the adoption of 

digital currencies took off globally. According to the composite index prepared by the 

company Chainalysis, between the end of 2019 and mid-2021, the use of digital currencies 

increased 23 times (+2300%), with an explosion starting from January 2021 (Chainalysis, 

2021). The availability of an additional year's worth of data could therefore provide greater 

clarity on how the pandemic has impacted traditional markets and cryptocurrencies. 

Figure 6 plots in blue the mean-variance efficient frontier for portfolios with all assets, while 

in red, we can see the efficient frontier without cryptocurrencies. The sample period is from 

January 1st, 2020, to January 31st, 2022.  
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First, one can notice that the asset with the highest return registered during this period is no 

more a cryptocurrency, but the VIX. This should not come as a surprise. The last two years 

have been a period of global macroeconomic uncertainty due to the Covid-19 pandemic and 

its consequences on the economic and financial world. Arnold et al. (2008) provided 

empirical evidence on the link between stock market volatility and macroeconomic 

uncertainty. As the VIX measures the implied volatility of S&P 500 Index options, it should 

be no surprise that it registered a higher average return.  

Second, the efficient frontier with all assets highlights how cryptocurrencies offered a 

significant advantage for portfolio construction even in times of market turmoil. The 

cryptocurrencies allowed us to obtain higher risk-adjusted returns by shifting the efficient 

frontier to the northwest region, confirming thus the diversification benefits of the previous 

two sections.  

Figure 6 

Efficient Frontier During Covid-19 

In red are the efficient frontier and portfolios excluding cryptocurrencies. In blue are the efficient frontier and portfolio 

models, including cryptocurrencies. Short sales are not allowed. ETH is Ethereum, BTC is Bitcoin, XRP is Ripple, LTC is 

Litecoin, SPX is the Standard and Poor's 500 stock market Index, VIX is the CBOE Volatility Index, BND is the Vanguard 

Total Bond Market Index, and VNQ is the Vanguard Real Estate Index. Daily data for the cryptocurrencies are obtained 

from Coin Metrics, while S&P 500 are obtained from Yahoo Finance. The sample period is from January 1st, 2020, to 

January 31st, 2022. Source: based on the author’s calculation 
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Table 8 reports the empirical performance of the portfolio models from the start of the 

pandemic until January 31st, 2022. Panel 8a depicts portfolios without cryptocurrencies, 

while panel 8b reports the results for portfolios with all assets.  

Some significant results can be highlighted here. Average returns have increased, except for 

the MV portfolio, where the return remained unchanged. All investment strategies registered 

higher risk-adjusted returns when cryptocurrencies were included. This evidence holds for 

the Sharpe, Sortino, and Omega ratios. Interestingly, the MU portfolio with all assets has 

achieved a higher average return. At the same time, it also saw a decrease in the portfolio 

risk, as highlighted by the standard deviation in column 2 of panel 8b. The VaR and ES 

support this result. In the last two columns of Table 8, the 1-day VaR at a 95% confidence 

level is equal to 4,583% for the portfolio with all assets, compared to 6,921% of the one 

without cryptocurrencies. 

Table 8 

 Empirical Performance of Portfolios During Covid-19 
Empirical performance of portfolio models (in % for mean, standard deviation (Std), value at risk (VaR), and expected 

shortfall (ES)) during the Covid-19 pandemic. Panel 8a depicts portfolios without cryptocurrencies, while panel 8b reports 

the results for portfolios with all assets. 1-day VaR and 1-day ES are considered, with a 95% confidence level (𝛼 = 0.95). 

Daily returns are used for the calculations. The sample period is from January 1st, 2020, to January 31st, 2022. Source: own 

elaboration. 

  Mean  Std  Sharpe R. Sortino R. Omega R. VaR ES 

a) No Crypto        

TP 0,146 1,106 0,132 0,265 1,543 1,147 1,484 

MV 0,015 0,422 0,036 0,051 1,151 0,293 0,373 

RP 0,054 0,581 0,093 0,158 1,382 0,625 0,798 

EW 0,167 1,969 0,085 0,195 1,291 2,974 3,771 

MU 0,320 4,481 0,071 0,169 1,242 6,921 8,754 

b) All Assets        

TP 0,223 1,303 0,171 0,325 1,644 1,419 1,837 

MV 0,015 0,422 0,036 0,052 1,152 0,349 0,443 

RP 0,110 0,841 0,131 0,214 1,489 0,770 0,996 

EW 0,283 2,453 0,115 0,187 1,390 2,865 3,639 

MU 0,524 3,897 0,134 0,247 1,446 4,583 5,870 
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In this subsample, the contributions of the cryptocurrencies become more selective. Panel c 

of Table 6 shows the optimal weights of the different allocation strategies as percentages 

since the start of the Covid-19 emergency.   Bitcoin and Ethereum increased their weights 

in the Tangency portfolio, while Ripple and Litecoin observed a 0% weight. Despite this, 

the cumulative share of portfolio weights has risen to 19,58%, highlighting a more critical 

role for cryptocurrencies in this portfolio. Instead, the MV portfolio decreased 

cryptocurrency weights to only 0,02%. Finally, the RP portfolio experienced a higher share 

of cryptocurrencies’ weights compared to the pre-pandemic case. At the same time, only 

Ethereum had a role in the MU portfolio, with 66,79% of the total weight.  

One final consideration could be made on the MV portfolio. This portfolio exhibits a nearly 

zero allocation in cryptocurrencies over all the sample periods considered. Despite their 

diversification benefits, cryptocurrencies remain too volatile to be included in the lowest-

risk portfolio. These results are consistent with Colombo et al. (2021) and Kajtazi and Moro 

(2019). Kajtazi and Moro (2019), in particular, pointed out that adding bitcoin to a well-

diversified portfolio improves its performance, but this is due more to the increase in returns 

than to the reduction in volatility.  

Before delving into the analysis of out-of-sample results, it is helpful to analyze the effect of 

the 2020 crisis on portfolios comprising all assets. Figure 7 plots in blue the mean-variance 

efficient frontier for portfolios with all assets since the start of the pandemic, while in red, 

one can see the efficient frontier for the same portfolios before the beginning of the Covid-

19 emergency.  

It is not clear which of the two periods reported higher risk-adjusted returns. For portfolios 

aiming at minimizing the risk, the pre-pandemic period offered a better solution, with lower 

variability of returns. This could be because cryptocurrencies were negatively or very low 

correlated to the traditional markets before the Covid-19. Instead, the pandemic has 

increased the correlation between all the assets, which shifted the MV portfolio to the right 

in Figure 7.  
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Figure 7 

Efficient Frontier Before and During Covid-19 

In red are the efficient frontier and portfolios models before the start of the pandemic. In blue are the efficient frontier and 

portfolio models since the pandemic’s beginning. Short sales are not allowed. The cut-off date is the December 31st, 2019. 

ETH is Ethereum, BTC is Bitcoin, XRP is Ripple, LTC is Litecoin, SPX is the Standard and Poor's 500 stock market Index, 

VIX is the CBOE Volatility Index, BND is the Vanguard Total Bond Market Index, and VNQ is the Vanguard Real Estate 

Index. Daily data for the cryptocurrencies are obtained from Coin Metrics, while S&P 500 are obtained from Yahoo 

Finance. Source: based on the author’s calculation 

 

For portfolios with a daily variability between 1% and 6%, the Covid-19 allowed to obtain 

better results. The last two years offered higher returns for a specific level of standard 

deviation in this range than the pre-pandemic case. However, by comparing the risk-adjusted 

measure in Table 8 with those in Table 7, it is still not possible to determine whether the 

Covid-19 pandemic has improved or worsened the performances of the different portfolios. 

Depending on the investor’s preferences, it could have done better or worse. An extremely 

risk-averse person probably suffered more during the last two years than a risk-taking one. 
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5.2 Out-of-Sample Results 

It is important to note that the weights obtained by the in-sample analysis use information 

concerning the whole sample period. However, in practice, portfolio managers can only use 

past data to decide on their allocation strategy, as future returns are unknown (Colombo et 

al., 2021). Consequently, in this section, I will analyze the out-of-sample performance of the 

different portfolios. 

Table 9 shows the out-of-sample performances of the different allocation strategies for 

portfolios without (panel 9a) and including cryptocurrencies (panel 9b). The values shown 

are monthly, and the rebalance frequency is 𝜏 = 22 days. Results for further rebalancing 

periods are reported in Appendix 2. 

First of all, it can be seen that the mean and standard deviations of all portfolios are higher 

when including cryptocurrencies. The MU portfolio is the one that reports the highest values 

for both mean and standard deviation, while the MV portfolio is the one that reports the 

lowest values. However, following the results of the in-sample analysis, all three measures 

of risk-adjusted returns report significantly higher values for portfolios that include 

cryptocurrencies. In particular, the Tangency portfolio has the highest values of the three 

measures considered (Sharpe, Sortino, and Omega ratios). In contrast, the MV portfolio has 

the lowest values, although better than when cryptocurrencies are excluded.  

Since the portfolios are rebalanced every month, an essential factor to consider in the out-

of-sample analysis is the turnover of the portfolios. The last column of Table 9 presents the 

turnover values for the different strategies.  What stands out is that, on average, the turnover 

is lower for portfolios without cryptocurrencies. In both cases, the MV portfolio has the 

lowest turnover, probably because the weight of this portfolio is almost entirely distributed 

over the Bond Market Index. This is an important consideration to keep in mind, as a higher 

turnover translates into higher transaction costs, thus eroding part of a portfolio's 

performance. For example, the MU portfolio gives the highest turnover among the various 

strategies considered. Transaction costs are therefore expected to have a more significant 

impact here than in the case of the MV portfolio.  
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Table 9 

 Out-of-Sample Performances 
Out-of-sample performance of portfolio models (in % for mean, standard deviation (Std), value at risk (VaR), expected 

shortfall (ES), and turnover). Panel 9a depicts portfolios without cryptocurrencies, while panel 9b reports the results for 

portfolios with all assets. Monthly rebalancing frequency (𝜏 = 22 days). Monthly results are reported for mean and standard 

deviation. 1-month VaR and 1-month ES are considered, with a 95% confidence level (𝛼 = 0.95). The sample period is 

from September 1, 2016, to January 31, 2022. Source: own elaboration. 

  Mean  Std  Sharpe R. Sortino R. Omega R. VaR ES Turnover 

a) No Crypto        

TP 0,955 1,985 0,481 1,322 3,631 2,209 3,031 9,314 

MV 0,290 1,558 0,186 0,358 1,927 1,345 1,737 2,361 

RP 0,601 1,690 0,356 0,869 2,964 1,664 2,226 2,570 

EW 2,340 11,640 0,201 1,186 2,799 18,223 23,435 4,572 

MU 1,279 15,698 0,081 0,189 1,371 23,072 29,363 22,793 

b) All Assets        

TP 2,060 3,701 0,557 2,228 5,875 3,965 5,425 11,893 

MV 0,314 1,577 0,199 0,385 1,996 1,373 1,781 2,466 

RP 1,571 3,014 0,521 1,843 4,940 3,287 4,369 4,032 

EW 7,232 21,786 0,332 1,560 3,621 22,711 28,733 8,507 

MU 11,179 52,487 0,213 1,162 2,691 34,502 43,243 23,681 

 

As transaction costs play an essential role in defining the final performance, Table 10 shows 

the out-of-sample performances of the different allocation strategies for portfolios with 

(panel 10b) and without (panel 10a) cryptocurrencies, net of transaction costs.  

The result is that average returns declined for all portfolios. However, the risk-adjusted 

measures are still in favour of portfolios that include cryptocurrencies. Despite the higher 

turnover and transaction costs introduced by cryptocurrencies, portfolios that include 

cryptocurrencies still perform better, once again implying that the higher risk is more than 

well compensated by the higher returns. 
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Table 10 

Out-of-Sample Performances Including Transaction Costs 
Out-of-sample performance of portfolio models (in % for mean, standard deviation (Std), value at risk (VaR), expected 

shortfall (ES), and turnover) including transaction costs (35bps for traditional assets and 50 bps for cryptocurrencies). Panel 

10a depicts portfolios without cryptocurrencies, while panel 10b reports the results for portfolios with all assets. Monthly 

rebalancing frequency (𝜏 = 22 days). Monthly results are reported for mean and standard deviation. 1-month VaR and 1-

month ES are considered, with a 95% confidence level (𝛼 = 0.95). The sample period is from September 1, 2016, to 

January 31, 2022. Source: own elaboration. 

  Mean  Std  Sharpe R. Sortino R. Omega R. VaR ES Turnover 

a) No Crypto        

TP 0,889 1,984 0,448 1,203 3,339 2,285 3,112 9,314 

MV 0,273 1,556 0,176 0,336 1,855 1,341 1,731 2,361 

RP 0,584 1,684 0,347 0,835 2,867 1,654 2,211 2,570 

EW 2,308 11,646 0,198 1,160 2,747 18,246 23,459 4,572 

MU 1,120 15,693 0,071 0,165 1,319 23,213 29,505 22,793 

b) All Assets        

TP 1,969 3,699 0,532 2,033 5,420 4,058 5,518 11,893 

MV 0,297 1,575 0,188 0,361 1,918 1,368 1,773 2,466 

RP 1,540 3,005 0,512 1,787 4,783 3,293 4,372 4,032 

EW 7,159 21,780 0,329 1,536 3,572 22,760 28,779 8,507 

MU 10,967 52,538 0,209 1,130 2,624 34,952 43,727 23,681 

 

Intuitively, given that the average turnover is lower for portfolios without cryptocurrencies, 

one would expect the latter to have suffered more after the inclusion of transaction costs. I 

report then in Table 11 the change in performance measures after the introduction of 

transaction costs. Panel 11a reports those for portfolios without cryptocurrencies, while 

panel 11b reports the ones for portfolios with all assets included.  

What the study shows is precisely the opposite. The Tangency portfolio, for example, 

suffered a reduction in the average monthly return of -6.83% when only traditional assets 

were considered, compared to -4.38% when all assets were included. Moreover, this is true 

for all other portfolios, right up to the extreme case of the MU portfolio, where the reduction 

in average return due to transaction costs is -12.47% for the possibility of only traditional 

assets versus -1.90% when cryptocurrencies are included. The same pattern is also observed 

in all three risk-adjusted return measures. It can be observed in columns 3-5 of Table 11 that 

the decrease in the values in panel a is more significant than in panel b. 
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One possible explanation for the above results could be that introducing cryptocurrencies 

into the various portfolios increased the average return of these portfolios considerably more 

than the transaction costs managed to worsen their performances.  

Table 11 

Impact of Transaction Costs on Allocation Strategies 
The table shows the change in performance measures after introducing transaction costs. Transaction costs are equal to 

35bps for traditional assets and 50 bps for cryptocurrencies. Monthly rebalancing frequency (𝜏 = 22 days). Monthly results  

are reported. 1-month VaR and 1-month ES are considered, with a 95% confidence level (𝛼 = 0.95). The sample period 

is from September 1, 2016, to January 31, 2022. Source: own elaboration. 

  Mean  Std  Sharpe R. Sortino R. Omega R. VaR ES 

a) No Crypto       

TP -6,83% -0,06% -6,77% -8,98% -8,05% 3,45% 2,66% 

MV -5,70% -0,16% -5,55% -6,17% -3,75% -0,30% -0,37% 

RP -2,99% -0,38% -2,61% -3,90% -3,26% -0,56% -0,67% 

EW -1,37% 0,05% -1,42% -2,21% -1,88% 0,13% 0,10% 

MU -12,47% -0,03% -12,44% -12,79% -3,77% 0,61% 0,48% 

b) All Assets       

TP -4,38% -0,05% -4,34% -8,73% -7,75% 2,34% 1,71% 

MV -5,58% -0,15% -5,44% -6,05% -3,92% -0,36% -0,45% 

RP -2,00% -0,31% -1,70% -3,05% -3,17% 0,16% 0,08% 

EW -1,01% -0,03% -0,98% -1,57% -1,35% 0,22% 0,16% 

MU -1,90% 0,10% -1,99% -2,71% -2,47% 1,30% 1,12% 

 

Finally, in Table 12, I report the out-of-sample average weights of the different allocation 

strategies as percentages before (panel 12a) and since (panel 12b) the start of the Covid-19 

pandemic. 

The overall result is that cryptocurrencies have contributed to the allocation strategies 

considered. This contribution has increased since the start of the pandemic. Indeed, Table 12 

shows that the total weight attributed to cryptocurrencies in the various portfolios has 

increased during Covid-19. The only exception is the MV portfolio. However, as pointed 

out in the previous sections, this portfolio only focuses on risk. Therefore, this exception is 

likely due to increased market correlations during the pandemic.  
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The MU portfolio has the highest concentration of cryptocurrencies, with 72.02% in the pre-

pandemic period and 76.47% in the subsequent period. Instead, the MV portfolio has the 

lowest concentration. The overall weight of cryptocurrencies does not exceed 0.25%, both 

before and after the start of the pandemic. Ethereum and Bitcoin have taken up the most 

significant portion of the cryptocurrency weight on average. Litecoin, on the other hand, 

took a minor role. Indeed, considering only the optimization strategies, Litecoin achieved a 

greater weight of 0.5% only in the RP strategy, both before and after the start of the 

pandemic. 

Table 12 

Out-of-sample average weights 
The table shows the out-of-sample average weights (in %) for each strategy before and during the Covid-19 pandemic. 

Monthly rebalancing frequency ( 𝜏 = 22 days). TP is the Tangency Portfolio, MV is the Minimum Variance Portfolio, RP 

is the Risk-Parity Portfolio, EW is the Equally Weighted Portfolio, and MU is the Maximum Utility Portfolio. Short sales 

are not allowed. Daily returns are used for the calculations. Source: own elaboration. 

  ETH BTC XRP LTC SPX VIX BND VNQ 

a) Before Covid-19 

TP 1,36 2,11 1,08 0,13 64,21 5,22 22,74 3,15 

MV 0,03 0,14 0,02 0,04 19,35 1,07 79,33 0,02 

RP 1,22 1,92 1,13 1,26 30,09 3,06 49,70 11,60 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 35,21 10,87 25,46 0,48 1,75 16,93 0,02 9,27 

b) During Covid-19 

TP 3,21 11,03 0,05 0,00 56,95 12,05 12,97 3,74 

MV 0,02 0,03 0,01 0,05 12,43 1,99 84,59 0,89 

RP 2,50 3,16 2,65 2,48 20,61 6,64 49,63 12,33 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 29,29 43,75 3,42 0,01 0,01 23,48 0,01 0,01 
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Chapter 6: Conclusions 

This paper investigates whether cryptocurrencies can be used to diversify and improve the 

risk-return relationship of portfolios constructed with traditional assets.  

The sample period covers almost seven years of daily data, and four cryptocurrencies are 

considered: Bitcoin, Ethereum, Litecoin, and Ripple. Their contribution to an investment 

portfolio is analyzed through various investment strategies to characterize investors' 

different risk preferences. 

The results suggest that cryptocurrencies contribute positively to a portfolio built with 

traditional assets. This effect is consistent across portfolio construction techniques and is 

valid both before and after the onset of the Covid-19 pandemic. By allowing investments in 

cryptocurrencies, one can expand portfolio allocation choices and reach higher risk-adjusted 

returns. For a given level of risk, portfolios including cryptocurrencies outperform those 

which exclude them.  

Both in- and out-of-sample analyses report better performances for portfolios including the 

four cryptocurrencies. The Sharpe, Sortino, and Omega ratios improve for all portfolios and 

all sample periods considered. This result is robust to the inclusion of transaction costs. 

The contribution and weight of cryptocurrencies within portfolios vary according to 

investors’ preferences. The MU portfolio suggests that risk-taking investors should give 

more weight to cryptocurrencies in their portfolios. As for an investor inclined to minimize 

the volatility, the MV portfolio recommends weights close to zero.  

 

6.1 Discussion 

Although the results suggest that cryptocurrencies are suitable assets to be included in an 

investment portfolio, there are still some reasons for concern. Past studies have associated 

diversification benefits with low correlations between cryptocurrencies and traditional 

financial markets. However, the fact that cryptocurrencies have performed so well in the past 

does not mean that they will do the same in the future. We have already seen, for example, 
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how the past two years have sharply increased the correlation between these assets. What if 

correlations remain high as adoption increases?  

Another reason of concern is that cryptocurrencies are exposed to technology risk and market 

manipulation (Arsi et al., 2021). For example, Luna, one of the most capitalized 

cryptocurrencies at the beginning of May 2022, lost more than 99% of its value in less than 

a week due to a problem with the underlying technology (CNBC, 2022). 

As for the potential issues in the data analysis, the author is aware of possible limitations to 

this study. In particular, even if the four cryptocurrencies examined account for more than 

60% of the cryptocurrencies’ market capitalization, this may not be a sufficiently 

representative sample. However, this is still a relatively new and fast-growing market. New 

projects using blockchain technology are created every day. Fifteen of the top twenty 

projects by market capitalization were created after 2017. Cryptocurrencies that were very 

popular three years ago have now lost much interest as more attractive projects take their 

place (see Litecoin case). As a result, I had to trade-off between market capitalization and 

years of statistically sufficient data. 

While there have been substantial strides in adoption and regulation over the past two years, 

this remains a niche and highly volatile market. As of May 8th, 2022, Bitcoin and Ethereum 

are experiencing a 50% drawdown from their historical highs a few months ago. For many 

other cryptocurrencies, it is even worse. More market knowledge and future clearer 

regulation could benefit developments in this market. With increased adoption and 

regulation, the volatility and the expected values of cryptocurrencies may decrease, and their 

contribution to an investment portfolio may become more informative. Therefore, future 

research could investigate the impact of the increased adoption and regulation of 

cryptocurrencies on their investment performances. 
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Chapter 7: Appendices 

7.1 Appendix 1 

This section shows the results of the various investment strategies after removing the short-

sales constraint.  

The results support the fact that cryptocurrencies could positively contribute to portfolio 

management. However, some minor exceptions need to be mentioned.  

Appendix Table 1.1 shows the performance of the various portfolios and their composition 

considering the in-sample analysis. Panel I) and III) of Table 1.1 point out that the MV 

portfolio offers better risk-adjusted returns if cryptocurrencies are excluded. This evidence 

is supported by all three ratios considered. Once again, it confirms that if an investor's goal 

is to minimize risk, perhaps including cryptocurrencies in his investment portfolio may not 

be a good idea. Despite this, the MV portfolio with all assets achieved a lower standard 

deviation during the periods considered. 

Appendix Table 1.1: In-Sample Performances  

Empirical performance of portfolio models (in % for mean, standard deviation (Std), value at risk (VaR), and expected 

shortfall (ES)). Short sales are allowed. 1-day VaR and 1-day ES are considered, with a 95% confidence level (𝛼 = 0.95). 

Daily returns are used for the calculations. Cut-off day is December 31st, 2019. Source: own elaboration. 

  Mean  Std  Sharpe R. Sortino R. Omega R. VaR ES 

I) Whole Sample Period 

a) No Crypto 

TP 0,094 0,750 0,125 0,247 1,493 0,980 1,255 

MV 0,013 0,280 0,047 0,069 1,182 0,314 0,397 

RP 0,024 0,381 0,063 0,094 1,250 0,576 0,736 

EW 0,112 1,969 0,057 0,129 1,190 2,953 3,725 

MU 1,364 11,626 0,117 0,224 1,440 16,407 20,941 

b) All Assets        

TP 0,185 1,171 0,158 0,307 1,575 1,556 1,999 

MV 0,010 0,278 0,037 0,055 1,141 0,331 0,418 

RP 0,067 0,692 0,097 0,156 1,341 1,002 1,273 

EW 0,255 2,492 0,102 0,185 1,340 2,942 3,729 

MU 2,352 15,305 0,154 0,299 1,540 21,878 28,031 
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II) Before Covid-19 

a) No Crypto 

TP 0,043 0,297 0,147 0,287 1,541 0,333 0,431 

MV 0,014 0,166 0,082 0,140 1,238 0,277 0,352 

RP 0,018 0,231 0,079 0,131 1,233 0,305 0,389 

EW 0,085 1,969 0,043 0,098 1,143 3,408 4,285 

MU 1,488 12,144 0,123 0,236 1,415 14,304 18,342 

b) All Assets 

TP 0,063 0,353 0,178 0,355 1,632 0,374 0,487 

MV 0,014 0,166 0,084 0,143 1,242 0,277 0,351 

RP 0,048 0,429 0,112 0,205 1,357 0,583 0,743 

EW 0,242 2,511 0,096 0,185 1,317 3,513 4,441 

MU 2,478 15,700 0,158 0,305 1,531 19,980 25,699 

III) During Covid-19 

a) No Crypto 

TP 0,199 1,398 0,142 0,297 1,571 1,364 1,777 

MV 0,018 0,418 0,042 0,062 1,180 0,326 0,414 

RP 0,036 0,559 0,064 0,094 1,281 0,617 0,783 

EW 0,167 1,969 0,085 0,195 1,291 2,975 3,773 

MU 1,858 13,573 0,137 0,270 1,547 13,732 17,838 

b) All Assets 

TP 0,813 4,276 0,190 0,369 1,692 5,483 7,075 

MV 0,007 0,410 0,018 0,027 1,069 0,351 0,442 

RP 0,098 1,074 0,092 0,138 1,326 1,261 1,611 

EW 0,283 2,453 0,115 0,187 1,390 2,865 3,638 

MU 3,586 18,922 0,190 0,368 1,686 24,751 31,929 

 

In the appendix Table 1.2, it is possible to observe the composition of the optimal portfolios 

during the three periods considered. Litecoin is the only cryptocurrency that assumes a 

positive weight in the MV portfolio during all three periods considered. At the same time, it 

is the only cryptocurrency that assumes negative weights in the Tangency and MU 

portfolios. Other than this, Bitcoin, Ethereum, and Ripple saw increased weights in the 

investment portfolios if short selling is allowed. Therefore, this result confirms the general 

positive contribution of cryptocurrencies to an investment portfolio. 
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Appendix Table 1.2: In-Sample Portfolio Optimal Weights 

The table shows the optimal weights (in %) for each strategy in three different periods: Whole sample period (September 

1st, 2015 – January 31st, 2022), Before Covid-19 pandemic (September 1st, 2015 – December 31st, 2019), and During Covid-

19 pandemic (January 1st, 2020 – January 31st, 2022). All assets are considered. TP is the Tangency Portfolio, MV is the 

Minimum Variance Portfolio, RP is the Risk-Parity Portfolio, EW is the Equally Weighted Portfolio, and MU is the 

Maximum Utility Portfolio. Short sales are allowed. Daily returns are used for the calculations. Source: own elaboration. 

  ETH BTC XRP LTC SPX VIX BND VNQ 

a) Whole Sample Period 

TP 6,14 11,26 3,91 -5,78 123,88 13,73 -24,06 -29,08 

MV -0,25 -0,36 -0,07 0,04 17,56 1,02 89,53 -7,47 

RP 2,74 4,13 2,28 2,78 15,17 1,93 57,98 13,01 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 85,68 155,82 53,50 -78,30 1447,30 171,98 -1437,90 -298,08 

b) Before Covid-19 

TP 1,50 2,85 1,19 -1,20 58,21 4,86 35,74 -3,16 

MV 0,00 0,17 -0,07 0,06 19,81 0,89 85,27 -6,12 

RP 1,85 2,99 1,56 1,93 14,99 1,41 61,61 13,66 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 75,80 135,41 63,57 -63,48 1953,80 200,91 -2411,80 145,85 

c) During Covid-19 

TP 51,54 57,31 1,92 -45,34 293,34 48,58 -220,12 -87,24 

MV -1,77 -0,68 0,08 0,64 17,04 1,54 89,61 -6,45 

RP 4,25 5,42 3,41 4,00 14,57 2,48 53,75 12,12 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 235,19 257,08 8,24 -203,72 1245,10 210,65 -1287,00 -365,52 

 

The out-of-sample analysis has the same implications as the in-sample one. In addition, 

however, some characteristics of the Tangency portfolio must be stressed. Appendix Table 

1.3 presents the out-of-sample results, allowing for short selling.  

The Tangency portfolio without cryptocurrencies performs better in Sharpe and Sortino 

ratios but not in the Omega ratio. If, however, transaction costs are included, the performance 

is better only in terms of the Sharpe ratio.  

In this regard, it should be noted that an essential difference between the three ratios 

considered in this study is that the Sharpe and Sortino ratios consider only the first two 

moments of the distribution of returns. In contrast, the Omega ratio considers all moments 



56 

 

of a distribution. Benhamou et al. (2019) compute the Omega ratio for normal distribution 

and show that under some distribution symmetry assumptions, the Omega ratio does not 

provide any additional information compared to the Sharpe ratio. However, Rambo and 

Vuuren (2017) provide evidence of the superiority of the Omega ratio when returns are not 

normally distributed. The short-selling context and some stylized facts of cryptocurrencies, 

such as heavy tails, skewness, and leverage effects (Zhang et al., 2018), bring the returns of 

portfolios with cryptocurrencies to be far from normally distributed. Therefore, these results 

should be taken with caution as the Omega ratio could better measure performance. 

Appendix Table 1.3: Out-of-Sample Performances 

Out-of-sample performance of portfolio models (in % for mean, standard deviation (Std), value at risk (VaR), expected 

shortfall (ES), and turnover). Short sales are allowed. Monthly rebalancing frequency (𝜏 = 22 days). Monthly results are 

reported for mean and standard deviation. 1-month VaR and 1-month ES are considered, with a 95% confidence level (𝛼 =

0.95). The sample period is from September 1, 2016, to January 31, 2022. Source: own elaboration. 

 

  Mean  Std  Sharpe R. Sortino R. Omega R. VaR ES Turnover 

I) No Transaction Costs 

a) No Crypto        

TP 1,056 2,714 0,389 0,908 2,917 3,542 4,727 41,189 

MV 0,347 1,480 0,235 0,495 2,218 1,284 1,676 2,634 

RP 0,400 1,992 0,201 0,325 1,961 2,029 2,598 1,706 

EW 2,340 11,640 0,201 1,186 2,799 18,207 23,411 3,957 

MU 41,419 94,204 0,440 1,421 4,751 143,59 186,88 2424,2 

b) All Assets        

TP 2,803 8,784 0,319 0,811 3,265 6,569 8,896 75,329 

MV 0,267 1,562 0,171 0,342 1,742 1,367 1,770 3,083 

RP 1,749 4,364 0,401 1,050 3,318 4,982 6,321 3,458 

EW 7,232 21,786 0,332 1,560 3,621 22,719 28,728 7,615 

MU 85,063 193,52 0,440 2,101 5,218 220,26 295,31 4039,7 

II) Including Transaction Costs      

a) No Crypto        

TP 0,768 2,824 0,272 0,535 2,104 3,640 4,806 41,189 

MV 0,329 1,474 0,223 0,465 2,130 1,306 1,700 2,634 

RP 0,388 1,988 0,195 0,315 1,925 2,040 2,610 1,706 

EW 2,313 11,645 0,199 1,164 2,756 18,340 23,451 3,957 

MU 24,450 99,760 0,245 0,539 2,240 169,34 217,12 2424,2 
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b) All Assets        

TP 2,224 8,939 0,249 0,552 2,421 6,875 9,239 75,329 

MV 0,245 1,559 0,157 0,310 1,662 1,394 1,798 3,083 

RP 1,721 4,358 0,395 1,027 3,250 4,996 6,339 3,458 

EW 7,166 21,778 0,329 1,537 3,575 22,765 28,796 7,615 

MU 55,085 204,00 0,270 0,772 2,508 258,96 341,83 4039,7 

 

 

 

Appendix Table 1.4: Out-of-Sample Average Weights 

The table shows the out-of-sample average weights (in %) for each strategy before and during the Covid-19 pandemic. 

Short sales are allowed. Monthly rebalancing frequency ( 𝜏 = 22 days). TP is the Tangency Portfolio, MV is the Minimum 

Variance Portfolio, RP is the Risk-Parity Portfolio, EW is the Equally Weighted Portfolio, and MU is the Maximum Utility 

Portfolio. Daily returns are used for the calculations. Source: own elaboration. 

  ETH BTC XRP LTC SPX VIX BND VNQ 

a) Before Covid-19  

TP 0,17 1,63 0,10 -0,09 13,48 0,57 88,14 -3,98 

MV -0,08 0,19 -0,05 0,02 21,80 0,96 83,32 -6,17 

RP 1,86 2,97 1,66 2,03 16,08 1,37 60,85 13,19 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU -55,40 267,48 84,00 -34,66 2805,2 219,66 -3170,1 -16,16 

b) During Covid-19  

TP 22,45 39,03 0,03 -33,77 146,90 20,35 -68,15 -26,84 

MV -2,08 -0,32 0,85 0,00 19,73 1,87 85,43 -5,48 

RP 3,91 4,78 3,81 3,79 14,07 2,22 55,33 12,10 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 304,20 385,27 -32,82 -372,26 2092,0 258,15 -2477,8 -56,81 
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7.2 Appendix 2 

Appendix 2 reports out-of-sample results for additional rebalancing periods. In particular, 

four further rebalancing periods are proposed: two weeks (𝜏 = 10 trading days), two months 

(𝜏 = 44 trading days), three months (𝜏 = 66 trading days), and six months (𝜏 = 132 trading 

days).  Appendix Table 2.1 depicts the out-of-sample results for the different rebalancing 

frequencies, while appendix Table 2.2 reports the out-of-sample average weights.  

The results perfectly confirm the conclusions obtained with a rebalancing frequency of one 

month for the first two periods. All the risk-adjusted performance measures (Sharpe, Sortino, 

and Omega ratios) improve when cryptocurrencies are included. 

For more extended periods of rebalancing frequency (three and six months), some portfolios 

(Tangency and EW portfolios, in particular) report higher Sharpe ratios if cryptocurrencies 

are excluded. However, this is not true for the Sortino and Omega ratios. Therefore, the 

discussion on the difference between the ratios in Appendix 1 also applies here. 

 

Appendix Table 2.1: Out-of-Sample Performances for different rebalancing 

frequencies 

Out-of-sample performance of portfolio models (in % for mean, standard deviation (Std), value at risk (VaR), expected 

shortfall (ES), and turnover) for different rebalancing frequencies (two weeks (𝜏 = 10 trading days), two months (𝜏 = 44 

trading days), three months (𝜏 = 66 trading days), and six months (𝜏 = 132 trading days)).  Short sales are NOT allowed. 

The performance measures refer to the specific rebalancing frequencies (when 𝜏 = 10 it means that mean, std, VaR, ES 

and turnover refers to a period of 10 days). A 95% confidence level (𝛼 = 0.95) is used for VaR and ES. The sample period 

is from September 1, 2016, to January 31, 2022. Source: own elaboration. 

  Mean  Std  Sharpe R. Sortino R. Omega R. VaR ES Turnover 

I) 𝝉 = 10 days 

a) No Crypto 

TP 0,411 1,576 0,261 0,502 2,122 2,088 2,725 6,348 

MV 0,111 0,711 0,156 0,239 1,523 0,853 1,096 1,157 

RP 0,238 1,018 0,234 0,452 1,954 1,309 1,704 1,442 

EW 0,919 5,597 0,164 0,466 1,685 8,254 10,584 3,178 

MU 0,848 10,336 0,082 0,167 1,325 14,392 18,329 14,178 

b) All Assets 

TP 0,995 2,497 0,399 1,084 3,546 2,070 2,714 7,056 

MV 0,117 0,717 0,163 0,251 1,548 0,876 1,126 1,186 

RP 0,631 1,640 0,385 0,988 3,102 2,056 2,689 2,263 
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EW 2,812 10,666 0,264 0,789 2,318 13,382 17,294 4,903 

MU 4,163 22,063 0,189 0,546 1,934 24,373 30,928 14,234 

II) 𝝉 = 44 days 

a) No Crypto 

TP 1,955 3,126 0,625 1,707 5,835 3,085 4,367 14,668 

MV 0,616 2,289 0,269 0,747 2,455 4,827 6,207 3,508 

RP 1,294 2,502 0,517 1,653 4,706 2,724 3,745 4,315 

EW 5,123 19,835 0,258 2,126 4,646 26,966 35,121 5,787 

MU -1,438 14,973 -0,096 -0,136 0,750 22,187 27,704 22,438 

b) All Assets 

TP 4,239 6,328 0,670 3,234 10,106 6,380 8,992 18,539 

MV 0,677 2,322 0,292 0,821 2,596 4,976 6,413 3,621 

RP 3,498 6,372 0,549 3,859 9,856 3,574 5,300 6,545 

EW 15,000 36,512 0,411 2,637 5,570 16,239 22,755 10,726 

MU 21,120 73,447 0,288 1,995 3,813 21,934 27,301 34,381 

III) 𝝉 = 66 days 

a) No Crypto 

TP 2,302 2,854 0,807 2,742 6,884 2,255 3,411 15,681 

MV 0,507 1,748 0,290 0,612 2,009 2,269 2,973 4,770 

RP 1,175 2,187 0,537 1,233 3,720 3,137 4,260 5,103 

EW 2,842 5,803 0,490 1,428 4,075 4,513 6,426 4,353 

MU 3,274 10,117 0,324 0,801 2,288 9,245 12,520 28,998 

b) All Assets 

TP 6,117 10,903 0,561 3,767 8,342 10,222 14,334 21,078 

MV 0,616 1,848 0,333 0,738 2,212 2,307 3,048 4,885 

RP 4,485 7,615 0,589 4,181 7,887 3,354 5,135 8,297 

EW 20,811 48,723 0,427 2,755 5,461 24,696 32,850 11,801 

MU 43,769 123,308 0,355 2,871 5,212 22,521 27,916 46,624 

IV) 𝝉 = 132 days 

a) No Crypto 

TP 4,500 3,631 1,239 7,368 25,437 3,212 5,226 21,580 

MV 1,117 2,483 0,450 1,250 2,971 3,172 4,264 5,890 

RP 2,438 2,463 0,990 3,367 11,162 1,974 3,091 7,415 

EW 5,581 9,473 0,589 3,107 7,252 7,257 10,553 6,785 

MU 2,340 10,141 0,231 0,498 1,765 13,871 17,984 33,093 
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b) All Assets 

TP 10,195 10,643 0,958 13,032 44,222 6,502 10,744 26,497 

MV 1,274 2,568 0,496 1,396 3,360 3,088 4,202 5,981 

RP 8,471 12,567 0,674 7,946 20,919 5,348 8,543 12,527 

EW 34,897 67,419 0,518 6,617 9,118 21,995 31,638 13,767 

MU 65,448 118,712 0,551 8,099 12,002 39,150 47,620 32,270 

 

Appendix Table 2.2: Out-of-Sample Average Weights for Different Rebalancing 

Frequencies 

The table shows the out-of-sample average weights (in %) for each strategy before and during the Covid-19 pandemic for 

different rebalancing frequencies (two weeks (𝜏 = 10 trading days), two months (𝜏 = 44 trading days), three months (𝜏 =

66 trading days), and six months (𝜏 = 132 trading days)). Short sales are NOT allowed.  TP is the Tangency Portfolio, 

MV is the Minimum Variance Portfolio, RP is the Risk-Parity Portfolio, EW is the Equally Weighted Portfolio, and MU is 

the Maximum Utility Portfolio. Daily returns are used for the calculations. Source: own elaboration. 

 

  ETH BTC XRP LTC SPX VIX BND VNQ 

I) 𝝉 = 10 days 

a) Before Covid-19 

TP 1,45 2,25 1,13 0,14 65,17 5,32 21,39 3,15 

MV 0,03 0,15 0,02 0,04 19,22 1,05 79,48 0,02 

RP 1,23 1,93 1,13 1,28 30,03 3,05 49,75 11,60 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 34,84 11,80 26,31 0,29 1,38 17,46 0,02 7,91 

b) During Covid-19 

TP 3,41 10,89 0,14 0,00 58,56 12,27 10,83 3,91 

MV 0,02 0,03 0,01 0,05 12,95 2,00 84,08 0,86 

RP 2,46 3,11 2,61 2,43 21,17 6,60 49,16 12,44 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 33,14 39,07 3,06 0,18 0,38 24,13 0,01 0,03 

II) 𝝉 = 44 days 

a) Before Covid-19 

TP 1,29 1,96 1,11 0,12 63,95 5,13 22,58 3,86 

MV 0,03 0,14 0,02 0,04 19,33 1,06 79,36 0,02 

RP 1,21 1,92 1,14 1,28 30,01 3,06 49,79 11,59 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 36,62 5,94 27,01 0,80 0,08 16,15 0,02 13,38 
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b) During Covid-19 

TP 2,79 9,68 0,00 0,00 53,90 10,84 20,07 2,72 

MV 0,02 0,03 0,01 0,05 13,28 1,93 83,94 0,75 

RP 2,40 3,03 2,54 2,36 21,30 6,33 49,89 12,14 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 30,91 42,68 1,27 0,02 0,41 24,69 0,01 0,03 

III) 𝝉 = 66 days 

a) Before Covid-19 

TP 1,42 2,64 1,00 0,09 65,44 5,45 20,94 3,02 

MV 0,03 0,13 0,02 0,05 19,20 1,04 79,52 0,02 

RP 1,22 1,91 1,16 1,32 29,99 3,04 49,68 11,67 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 36,45 7,48 24,10 1,14 3,30 17,15 0,02 10,35 

b) During Covid-19 

TP 3,11 11,84 0,03 0,00 57,04 12,07 13,01 2,90 

MV 0,02 0,04 0,01 0,03 13,21 2,00 83,80 0,89 

RP 2,51 3,17 2,68 2,50 21,80 6,67 48,18 12,48 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 36,52 40,29 2,07 0,02 0,01 21,06 0,01 0,01 

IV) 𝝉 = 132 days 

a) Before Covid-19 

TP 1,04 2,93 0,90 0,09 70,00 5,37 16,11 3,57 

MV 0,03 0,12 0,02 0,07 19,81 1,09 78,84 0,02 

RP 1,19 1,95 1,21 1,36 30,68 3,04 48,99 11,57 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 43,20 0,39 29,12 2,46 0,18 13,95 0,02 10,67 

b) During Covid-19 

TP 2,31 8,87 0,00 0,00 52,90 10,29 22,65 2,98 

MV 0,03 0,03 0,01 0,03 12,65 1,79 84,66 0,80 

RP 2,27 2,83 2,48 2,23 21,45 6,02 50,07 12,66 

EW 12,50 12,50 12,50 12,50 12,50 12,50 12,50 12,50 

MU 46,17 13,13 0,51 0,02 0,03 26,07 0,02 14,05 
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