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Abstract 

 

In this thesis I look at viability of portfolios with cryptocurrencies and try to answer whether 

including them in a portfolio is a way to increase its performance. To do this, I construct two 

cryptocurrency indices, one with unrestricted weights and the other with maximum weight of 

30% for any single constituent for the period from January 2017 to December 2019. 

Subsequently, I include these indices in a portfolio, which I optimize using three different 

methods, and test their out-of-sample performance. Despite finding by using the Markowitz 

optimization that inclusion of cryptocurrencies in a portfolio is beneficial, after taking into 

account the transaction costs and infeasible weights produced by this approach, real-life 

investor would be better off by not investing into cryptocurrencies and this conclusion is 

supported by the results of the other two optimization methods, namely parametric and Black-

Litterman. 
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1. Introduction 
 

Ever since Satoshi Nakamoto published the white paper for Bitcoin in 2008, the interest in 

the cryptocurrencies has been on the rise. The intention to create decentralized cash-like 

payment system resulted in what is now a separate asset class, with hundreds of 

cryptocurrencies on the market. Despite the intention to be used as a form of digital cash, 

Bitcoin and other cryptocurrencies share few similarities to the fiat money used in everyday 

life.  

To see why, I first look at some definitions of money. Söderberg (2018) summarizes these 

definitions into three categories, namely Metallism, Chartalism and Functionalism. Under 

Metallism, money needs to be tied to a good with market value. This is not the case for the 

vast majority of cryptocurrencies, since they are essentially ones a zeros in a digital space, 

having no intrinsic value. Under Chartalism, money needs to be issued by national state and 

again, cryptocurrencies do not fit this definition since most of them are decentralized with 

rules of creation set in a protocol, which is an algorithm that decides how the tokens of 

cryptocurrencies are created. Last category, Functionalism, is arguably the most important 

one. Under this definition, money needs to fulfill three functions and therefore serve as a 

means of payment, unit of account and a store of value. Most cryptocurrencies, with the 

exception of the biggest ones, are not accepted as means of payment in shops or online. And 

even though some of them, such as Bitcoin are, they are not desirable for this function due 

to their volatile prices and relatively slow transaction speed compared to physical cash. The 

high volatility of cryptocurrencies also makes it hard for them to function as a unit of 

account, or as a store of value (with the exception of cryptocurrencies such as Tether, which 

are pegged to fiat money by construction). Baur, Hong & Lee (2018) find, that Bitcoin is 

mainly used as a speculative investment, as opposed to a currency. And since the Bitcoin is 

the oldest and still the biggest cryptocurrency to this date, it is reasonable to assume that 

majority of cryptocurrencies act like financial assets as opposed to money.  

This leads to a fact, that cryptocurrencies can be incorporated into a portfolio, much like 

any other financial asset. Their behavior is characterized by high, albeit extremely volatile 

returns, potentially enabling them to drastically increase the performance of the portfolio. 
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Therefore, this thesis aims to look closely at this performance by answering the following 

research question: 

Are cryptocurrencies a beneficial addition into a portfolio?  

I create two hypotheses, that will help me answer this question. First one focuses on the 

performance. 

Hypothesis 1: Performance of the portfolio increases when cryptocurrencies are included. 

Moreover, there are many ways how an investor can optimize a portfolio of assets, and one 

approach might work better than the other, depending on the goal of the investor. For that 

reason, I also examine three different ways of optimizing a portfolio, namely Markowitz, 

Parametric and Black-Litterman optimization. As will be seen in the following sections, the 

approach of Markowitz is often criticized in literature and there have been numerous model 

that try to improve on it. For that reason, my second hypothesis is the following. 

Hypothesis 2: Markowitz optimization is the worst performing one. 

To test these hypotheses, I conduct an empirical analysis consisting of two main steps. 

Firstly, I construct several cryptocurrency indices using different weighting schemes. The 

reason for this, as opposed to using existing cryptocurrency indices such as CRIX, is that 

CRIX is an uncapped index that is heavily dominated by Bitcoin, which sometimes accounts 

for 80% of the index value. For this reason, I also wanted to examine a performance of a 

capped index, where I limit the weights of any single constituent. This approach is often 

used with commodity indices, to prevent one commodity from dominating the index. 

Therefore, I create two different indices, called Uncapped and Capped, respectively. The 

Uncapped index selects ten biggest cryptocurrencies based on market capitalization every 

three months, while the Capped index also constraints their weights to no more than 30% 

of the index. This way, the weight of major cryptocurrencies such as Bitcoin or Ethereum 

does not dominate the index. Afterwards, I optimize different portfolios by using the 

techniques mentioned above for both cryptocurrency indices. Moreover, I also include 

approximation for transaction costs in my analysis, to better reflect real-life situation. The 

choice to include an index of individual cryptocurrencies is made in accordance with 

literature, which suggests that the inclusion of a cryptocurrency index improves the 

performance of the portfolio compared to the inclusion of only individual currencies, which 
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is further discussed in section 2, where I review the current literature on the subject. Section 

3 presents the methodology used for the analysis, while section 4 presents the results of this 

analysis. I conclude in section 5. 
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2. Literature Review 
 

Even though cryptocurrencies are relatively new phenomenon, interest in them has been 

rising in the past years and substantial amount of research has been done to better 

understand their nature and behavior.  

2.1. Characteristics of the cryptocurrency market 

 

The creation of Bitcoin in 2008 has started a new phenomenon, called the 

cryptocurrencies. Ever since its creation, the cryptocurrency market has been expanding 

and experiencing dramatic increases, as well as losses in value, spiking the interest of 

the public and academics in the process. The idea behind Bitcoin is to serve as digital 

cash. It aims to provide a means of payment for goods, done anonymously, with the 

difference being that the participants in the transaction do not need to be physically 

present in the same location. However, when using digital currencies, a complication, 

dubbed the double spending problem, arises. Double spending problem can be defined 

as a potential flaw, which arises when the same digital token can be spent multiple times, 

since the token consists of digital file that can be duplicated at negligible cost (Chohan, 

2017). Satoshi Nakamoto (2008) solved this problem by utilizing blockchain 

technology, which is basically a public ledger of all transactions that occurred. Each 

such transaction is verified by agreement of majority of the participants in the system 

(Crosby, Pattanayak, Verma, & Kalyanaraman, 2016). 

Despite the substantial innovation, Bitcoin, as well as other cryptocurrencies created 

afterwards, turned out to be more than means of payment. Research and behavior of the 

investors point towards the use of cryptocurrencies as financial assets, as opposed to 

simply being tools for exchange. One reason for that is the extreme price development 

of Bitcoin and other major altcoins (altcoin is a term used to describe cryptocurrencies 

other than Bitcoin). According to Berentsen and Schär (2018), Bitcoin has no intrinsic 

value, instead, its price is solely determined by the expectations of market participants. 

While similar in nature to fiat currencies, Bitcoin is not backed by any government or 

central bank aiming at stabilizing its price movements. Naturally, this results in extreme 

price volatility and a correspondingly higher level of risk. Furthermore, the 

cryptocurrency market appears to contain inherent asset pricing bubbles, which can 
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result in even stronger appreciation and subsequent loss of value when the bubble bursts 

(Corbet, Lucey, Urquhart, & Yarovaya, 2019), as was the case of Bitcoin between 2017 

and beginning of 2018.  

Since cryptocurrencies act similarly to financial assets, the question of how these new 

assets can be utilized arises. Can they act as a safe haven in difficult times, similar to 

the role of gold? Is their behavior related to other assets at all, and if so, how? Are there 

any benefits in investing into cryptocurrencies, or is it better to stick to traditional 

assets? In the next subsections, I will go over the existing research to try and answer 

these questions.  

2.2. Cryptocurrencies as financial assets 

 

To explore the role of cryptocurrencies as financial assets, it is important to look at their 

relationship with other assets. Corbet, Meegan, Larkin, Lucey, & Yarovaya (2018) 

analyze the relationship between three popular cryptocurrencies, namely Bitcoin, Ripple 

and Litecoin, and major traditional assets such as S&P500 Index. They find that the 

cryptocurrencies are highly connected with each other, with Bitcoin influencing the 

prices of Ripple and Litecoin, but that all three cryptocurrencies are rather isolated from 

the traditional assets. This provides some evidence to the fact, that cryptocurrencies 

might offer diversification benefits for investors.  

Elendner, Trimborn, Ong, & Lee (2018) conduct a similar analysis, comparing the 

behavior of the top 10 cryptocurrencies with that of traditional financial assets. Like 

Corbet et al. (2018), they find that the return correlation between cryptocurrencies and 

established assets is low. However, the authors also find, that the top 10 

cryptocurrencies experience losses in value more frequently than gains, but that the 

gains are larger than losses in absolute numbers. They conclude that cryptocurrencies 

can act as diversifiers, despite the higher risk that comes with them. On the other hand, 

even though Aslandidis, Bariviera, & Martínez-Ibañez (2019), find similar results when 

analyzing the conditional correlation among cryptocurrencies, gold, equity, and bond 

indices, their conclusion is that cryptocurrencies are not suited for diversification, due 

to their large volatility in mean returns and high standard deviation. Furthermore, Ji, 

Bouri, Roubaud, & Kristoufek (2019) find that cryptocurrencies have a stronger 
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connection to the global commodity market than metals (including gold) and conclude 

that their role as diversifiers may not be as strong as generally believed.  

Another brand of literature deals with the possibility of using cryptocurrencies as safe 

havens. An asset acting as safe haven has no or negative correlation with other assets in 

times of turmoil (Klein, Thu, & Walther, 2018). Research finds no definite answer as to 

whether cryptocurrencies exhibit safe-haven properties; while Bouri, Shahzad, & 

Roubaud (2020) find that cryptocurrencies Bitcoin, Ripple, Litecoin, Stellar and 

Monero act as safe havens for S&P500, they do not find these properties for other major 

cryptocurrencies, and Klein et al. (2018) find that Bitcoin does not act as safe-haven for 

major assets like S&P500 or MSCI World. 

Although there is contradicting evidence as to whether cryptocurrencies are suited to 

act as diversifiers or safe havens, they may still be a beneficial addition to portfolios 

consisting of traditional financial assets. Gregoriou (2019) finds that investors can 

obtain abnormal returns by trading cryptocurrencies on the London Stock Exchange and 

that they improve portfolio performance when being included, even after accounting for 

the influence of risk. Trimborn, Li, & Härdle (2018) compare a portfolio consisting of 

only traditional assets and one that includes cryptocurrencies as well and find that the 

latter has an improved risk-return trade-off, concluding that adding cryptocurrencies to 

a portfolio may improve its performance.  

2.3. The role of a cryptocurrency index in portfolio optimization 

 

As described above, cryptocurrencies may be a desirable investment due to their high 

returns and thus act as valuable addition to a portfolio; the striking downside of investing 

in cryptocurrencies is, however, their extreme volatility when it comes to value and the 

correspondingly high level of risk. Research suggests that one way to deal with this risk 

is the inclusion of a cryptocurrency index into a portfolio, rather than a single currency 

(e.g. Bitcoin). Klein et al. (2018) construct portfolios consisting of Bitcoin and 

traditional assets (S&P500, MSCI World, MSCI EM50). Afterwards, they construct the 

same portfolios but use the cryptocurrency index CRIX instead of Bitcoin. They find 

that the overall portfolio performance is similar, but that the CRIX portfolios have lower 

volatility and higher overall returns than the Bitcoin portfolios. Mensi, Rehman, Al-
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Yahyaee, Al-Jarrah, & Kang (2019) construct portfolios consisting of several 

cryptocurrencies using different weighting-schemes and compare their performance to 

a portfolio consisting only of Bitcoin. They find that the diversified portfolios perform 

much better than the Bitcoin portfolio. A similar indication is derived by Borri (2019), 

who find that the idiosyncratic risks of cryptocurrencies can be reduced by investing in 

a cryptocurrency portfolio instead of an individual cryptocurrency. Overall, these 

studies indicate that cryptocurrency indices may be better portfolio components than 

individual cryptocurrencies. 

2.4. Portfolio optimization 

 

There is also variety of ways to construct portfolios. Starting with Markowitz, who 

pioneered the quantitative approach in his 1952 paper. The key idea behind his mean-

variance analysis is to maximize the expected return for a given level of risk, using the 

variance of asset prices as a proxy for risk. However, since in this setting the investor 

needs to input the complete set of expected returns to generate the optimal portfolio 

weights, investors often find that the resulting portfolio weights do not make sense (He 

& Litterman, 2002). Moreover, authors claim that asset managers typically do not focus 

on the whole investment universe, but rather on small segments of this universe. 

However, Markowitz approach requires input of all expected returns for all assets in the 

universe. Additionally, in Markowitz framework, portfolio weights are merely a product 

of the relationship between risk and expected returns, but He and Litterman (2002) argue 

that real-world asset managers usually think directly in terms of the weights. Because 

of this, oftentimes the weights produced by Markowitz optimization are infeasible to 

implement beyond the scope of academia.  

While they are number of ways to mitigate the problems that arise from Markowitz 

optimization, in this paper I will focus on two optimizations in particular that improve 

upon the approach of Markowitz. First one was developed by Brandt, Santa-Clara and 

Valkanov (2009) in their paper Parametric Portfolio Policies. The key idea behind their 

approach is to optimize the portfolio based on the firm characteristics, such as 

momentum, market value or book-to-market ratio. Authors “parameterize the portfolio 

weight of each stock as a function of the firm’s characteristics and estimate the 

coefficients of the portfolio policy by maximizing the utility that would have been 
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obtained by implementing the policy over the sample period” (Brandt, Santa-Clara & 

Valkanov, 2009, p.1). This approach focuses directly on the portfolio weights, and 

thanks to parametrization they reduce the dimensionality of the problem, which in turn 

allows them to take much larger number of stocks than Markowitz approach. Barahona 

(2012) expanded the framework in order to optimize portfolios consisting of different 

asset classes, not just equity.  

The second approach I will focus on was developed by Black and Litterman (1992). As 

the basis of the model they use the capital asset pricing model equilibrium distribution, 

into which they then incorporate the views of individual investors. One of the main 

differences is the fact, that the starting portfolio of Black-Litterman optimization is the 

equilibrium portfolio, while for Markowitz it is null portfolio (Eismann, 2018). This 

approach produces much more sensible weights than Markowitz, since the individual 

weights are merely deviations from the starting portfolio, given the investor’s views.   
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3. Methodology 
 

3.1. Data 

 

The data for 54 cryptocurrencies are taken from the website https://coinmetrics.io/, for 

the time period from 01.01.2017 until 31.12.2019. Subsequently, the data for other 

indices are taken from Thomson Reuters Eikon database, for the same time period. 

Namely, these indices are MSCI Europe, Deutsche Boerse DAX Index, STOXX Europe 

50, Philadelphia Gold and Silver Index, iShares S&P GSCI Commodity-Indexed Trust 

ETF and iShares Intermediate-Term Corporate Bond ETF. The first three indices are 

used as representatives of European equity, while the next two are proxies of the global 

gold market and the commodity market. The last index is a proxy for investment into 

corporate bonds. I also use the ECB refi rate as the risk-free rate, which has been 0,00% 

since 10.03.2016 and therefore 0,00% through the time period examined. Moreover, I 

also do an analysis where I include S&P500 index instead of the MSCI Europe index, 

while keeping all other constituents the same. The reason is to examine how results 

change when I include a representative index of American equity.  

Moreover, I also construct additional variables from these data. From closing prices of 

the indices I compute their return using the following formula, where 𝑟𝑖,𝑡 represents 

return on the index i in time t, and 𝑃𝑖,𝑡 represents the adjusted closing price of the index. 

𝑟𝑖,𝑡 = ln(
𝑃𝑖,𝑡
𝑃𝑖,𝑡−1

) 

Furthermore, Faber (2007), as well as Moskowitz et al. (2012) present impressive results 

when allocating to asset classes based on momentum.  For this reason, I also construct 

a momentum variable to use in further analysis, using the following formula.  

𝑀𝑜𝑚𝑖,𝑡 =∑𝑟𝑖,𝑡−𝑗

6

𝑗=0

 

https://coinmetrics.io/
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3.2. Index construction 

 

In order to examine the performance of the cryptocurrencies in a portfolio, two daily 

market-capitalization weighted cryptocurrency indices are constructed, using the 

Laspeyres index methodology,  

𝑃0𝑡
𝐿 (𝑘) =

∑ 𝑃𝑖𝑡𝑄𝑖0
𝑘
𝑖=1

∑ 𝑃𝑖0𝑄𝑖0
𝑘
𝑖=1

 

where 𝑃𝑖𝑡 is a price of an asset i in time t, and 𝑄𝑖0 the quantity of asset i in the base 

period. However, this formula has a significant downside, namely the fact that number 

of cryptocurrencies’ tokens in circulation changes extremely often, sometimes in a 

matter of minutes. These changes need to be reflected in the index, but the formulation 

above fails to account for this. Therefore, I use the adjusted formula of Laspeyres, a 

procedure used in the construction of many other indices, most notably the 

cryptocurrency index CRIX.  

𝐼𝑛𝑑𝑒𝑥𝑡(𝑘) =
∑ 𝑃𝑖𝑡𝑄𝑖,𝑡𝑙

−
𝑘
𝑖=1

∑ 𝑃𝑖0𝑄𝑖0
𝑘
𝑖=1

∗ (𝑠𝑡𝑎𝑟𝑡𝑖𝑛𝑔𝑣𝑎𝑙𝑢𝑒) 

The definitions are the same as in the previous case, with the addition of 𝑡𝑙
− indicating 

the last time point when 𝑄𝑖,𝑡𝑙
− was updated, which in my case is daily. As a starting 

value, 1000 is chosen. Additionally, k, the number of constituents, remains the same 

throughout the time periods and is fixed at 10. The purpose of the index is to properly 

reflect the cryptocurrency market and by using 10 cryptocurrencies with the biggest 

market capitalization, the index accounts for over 83% of the total cryptocurrency 

market capitalization, on average and therefore provides good approximation of the 

market. 

As mentioned before, two cryptocurrency indices are created, namely Uncapped and 

Capped, both containing 10 constituents. The Uncapped index has no restrictions in 

place for the maximum weight of a single currency, while the Capped index 

incorporates an upper limit of 30% for any single currency. Naturally, this results in 

lower market capitalization. Moreover, every three months, the constituents are 

reevaluated to better reflect the situation on the market. Since cryptocurrencies are 

traded non-stop, I choose to do the changing of these constituents on the 1st of the 
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respective month, at 00:00 GMT. Due to the nature of capitalization-weighted index, 

the rebalancing happens automatically.  

3.3. Markowitz portfolio 

 

Following the creation of the cryptocurrency indices, their performance in a portfolio is 

examined. Firstly, I look at the Markowitz optimization, as introduced by Markowitz 

(1952). To determine the tangency portfolio, I use the following equation and scale the 

weights so that they add up to 1. On average, I need to rescale by a factor of 7. 

𝑤𝑝,𝑡 = 𝛺𝑡−1
−1 𝐸(𝑅𝑡) 

Here, 𝑤𝑝 represents the vector of efficient weights in time t, 𝛺 represents the sample 

covariance matrix of all asset classes and 𝐸(𝑅𝑡) is the vector of expected returns. 

Expected return for any given index is estimated as the average of its historical returns 

up to the last period using all available data. For example, for January 2019 it is average 

of historical returns from January 2017 to December 2018. Tangency portfolio is re-

estimated every month using all previously available historical data since January 2019. 

Afterwards, the return and the standard deviation of the portfolio are calculated as 

follows. 

𝑟𝑝,𝑡 = 𝑤𝑝,𝑡𝑅𝑡
T 

𝜎𝑝,𝑡 = √𝑤𝑝,𝑡
T Ω𝑤𝑝,𝑡 

Where 𝑟𝑝,𝑡 is a return on the portfolio in time t, 𝑤𝑝 is again the vector of efficient weights 

in time t, 𝑅𝑡
T is a transpose of the vector of realized returns in time t, 𝜎𝑝,𝑡 is the standard 

deviation of the portfolio in time t and 𝑤𝑝,𝑡
T  is the transpose of the vector of efficient 

weights in time t. 

To evaluate the performance of this portfolio, I calculate the Sharpe ratio as introduced 

by Sharpe in 1966.  

𝑆𝑅 =
𝑟𝑝
𝜎𝑝
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Normally, the risk-free rate needs to be subtracted from the nominator, however since 

as a proxy for risk-free rate I am using the ECB refi rate, which is 0,00%, I omitted this 

argument from the equation. 

3.4. Parametric Portfolio 

 

Barahona (2012) showed that one can obtain significant improvement over Markowitz 

optimal allocation when dealing with broad asset class moves, when using a parametric 

portfolio approach, as introduced by Brandt, Santa-Clara and Valkanov (2009). 

Therefore, I also examine whether this parametric portfolio approach improves on the 

performance of Markowitz portfolio. 

In their paper, Brandt, Santa-Clara and Valkanov (2009) used individual characteristics 

of stocks available at time t to maximize expected utility of the investor at time t+1. 

Therefore, the investor optimizes over a set of portfolio weights, in order to maximize 

the expected utility, which is conditional on the return of the portfolio. The problem can 

be represented by the following equation.  

max
{𝑤𝑖,𝑡}𝑖=1

𝑁𝑡
𝐸𝑡[𝑢(𝑟𝑝,𝑡+1)] = 𝐸𝑡 [𝑢 (∑𝑤𝑖,𝑡𝑟𝑖,𝑡+1

𝑁𝑡

𝑖=1

)] 

As mentioned before, authors then parametrize the optimal portfolio weights as function 

of stock’s characteristics, such as momentum, market capitalization and book-to-market 

ratio. However, since I am dealing with broad asset classes, I will parametrize the 

weights as a function of asset class characteristics, using the following equation.  

𝑤𝑖,𝑡 = �̅�𝑖,𝑡 +
1

𝑁𝑡
𝜃T�̂�𝑖,𝑡 

Here, �̅�𝑖,𝑡 represents the benchmark weights, 𝜃T represents the vector of coefficients to 

be estimated and  �̂�𝑖,𝑡 the characteristics of the stock, or in our case, the characteristics 

of the asset class. Importantly, the characteristics are standardized cross-sectionally to 

have mean of zero and unit standard deviation at time t. 

There are many ways to allocate the benchmark weights. One approach is by using 

market-capitalization of the constituents. However, if this approach were used, the 

STOXX 50 index and S&P500 index would dominate every other category. Therefore, 
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I decided to use a different approach. Following the Global Pension Assets Study 2019 

report by Thinking Ahead Institute and Willis Towers Watson, I assign 40% of the 

portfolio to the equities, 31% of the portfolio to bonds and the remaining 29% to the 

rest.  

By construction, the portfolio weights add up to 1. As a characteristic of an asset class, 

I use the momentum variable,  𝑀𝑜𝑚𝑖,𝑡. As mentioned in section 2.1., several authors 

found out that allocating to asset classes based on momentum can yield benefits. 

Moreover, momentum is also used in the original paper by Brandt, Santa-Clara and 

Valkanov (2009), as well as by Barahona (2012) as one of the characteristics.  

However, it is important to remember that this approach maximizes the expected utility 

of the investor for coefficient estimation. It is, therefore, crucial to specify the utility 

function. I use the same specification as in the original paper, which is the following. 

𝑈(𝑟𝑝) =
(1 + 𝑟𝑝)

1−𝛾

1 − 𝛾
 

Here, 𝑟𝑝 is the return of the portfolio and 𝛾 is the relative risk aversion, which increases 

with 𝛾.  

It is important to note, that this approach maximizes the absolute return of the portfolio, 

and not the risk-adjusted return.  

3.5. Black-Litterman portfolio 

 

There are many practical issues with the Markowitz optimization, which I suspect will 

arise in my work as well. For that reason, I also estimate a Black-Litterman portfolio, 

as developed by Black and Litterman (1992), in order to compare its performance with 

the parametric portfolio. The authors developed an approach for investors to incorporate 

quantitative analysis into their portfolio allocation in much larger share than before. It 

builds on Markowitz’s approach, but extends the model by easily incorporating 

investor’s individual views into the portfolio allocation. If the investor had no views, 

the portfolio allocation would be identical to the benchmark case. In their paper, Black 

and Litterman suggest using value-weighted allocation as the equilibrium case, but due 

to the reason already discussed, I will use the allocation of 40% to equity, 31% to 

corporate bonds and 29% to remaining asset classes.  
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Starting point for Black-Litterman optimization is the equilibrium allocation of weights. 

The model uses excess returns on a security, but once again, since I consider ECB refi 

rate as a proxy for risk-free rate, excess returns are equal to actual returns.  

Using the equilibrium weights, I find the vector of excess returns expected by the 

investor, Π, from the reverse optimization problem shown below.  

𝑈 = 𝑤𝑚
𝑇𝛱 −

1

2
𝐴𝑤𝑚

𝑇𝛺𝑤𝑚 

U is investor’s utility, 𝑤𝑚 is a vector of market portfolio weights, A is a risk aversion 

parameter which I set to 3, Ω is a covariance matrix of the excess returns for the assets 

and finally Π is the vector of equilibrium excess returns for each asset. 

We can find this maximum of U by taking a gradient of the utility function with respect 

to the market weights and setting it equal to 0: 

𝛻𝑈 = 𝛱 − 𝐴𝛺𝑤𝑚 = 0 

and from this: 

𝛱 = 𝐴𝛺𝑤𝑚 

Now, we can incorporate the views of the investor. Since cryptocurrency market is a 

relatively new asset class, I assume that the investor willing to invest is optimistic about 

it. For that reason, I incorporate a view, that the excess returns of the cryptocurrency 

index will outperform the remaining indices by 3%. The investor’s views can be 

expressed as following.  

𝑃𝜇 = 𝑉 + 𝜀 

Where P is a k × n matrix of the asset weights within each view, μ is the vector of 

expected returns that needs to be estimated, V is a k × 1 vector of the returns for each 

view and 𝜀 is an error vector with mean 0 and variance Σ (𝜀~𝑁(0, 𝛴)).  

Σ is k × k matrix of the covariance of the views. It is a diagonal matrix since the views 

are required to be independent. 

To calculate 𝛴, I use the following equation as proposed by Black and Litterman (1992). 

𝛴 = 𝜏𝑃T𝛺𝑃 
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Subsequently, we calculate the μ, the posterior excess returns, using the equation: 

𝜇 = 𝛱 + 𝜏𝛺𝑃𝑇(𝑃𝜏𝛺𝑃𝑇 + 𝛴)−1(𝑉 − 𝑃𝛱) 

And the weights are given by:  

𝑤∗ = (𝐴𝛺)−1𝜇 

Lastly, the parameter τ is a subjective factor since it represents investor’s confidence in 

the prior estimates. I set it equal to 1. 

3.6. Transaction costs 

 

Additionally, I also include transaction costs to all models, similarly as done by 

Barahona (2012) for parametric portfolios.  

𝑇𝐶 = 𝑠𝑖,𝑡∑|𝑤𝑖,𝑡(1 + 𝑟𝑖,𝑡) − 𝑤𝑖,𝑡−1|

𝑁

𝑖=1

 

The term 𝑠𝑖,𝑡 represents a fixed transaction cost, which I set to 0,3%. Brandt, Santa-

Clara and Valkanov (2009) set it to 0,5%, while Barahona (2012) sets it to 0,2%. The 

0,5% cost arises since the authors are focusing on individual stocks, while Barahona 

(2012) focuses on broad asset classes, hence the lower cost. In this paper, the focus is 

on broad asset classes as well, but since crypto market is often expensive to trade on, I 

increase the level of fixed transaction cost to the aforementioned 0,3%.  

Transaction costs in this form have effect only on returns for Markowitz and Black-

Litterman optimization, while having no effect on standard deviation. However, for 

parametric portfolio they also influence the standard deviation through the parameter 

estimation. 
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4. Results 
 

4.1. Cryptocurrency indices 

 

I start by looking at the performance of the constructed indices. Figure 1 shows the 

evolution of $1 dollar investment at the beginning of 2017. Basic summary of the 

indices can also be found in Table 1. As can be seen from the data, cryptocurrencies 

perform reasonably well, with annualized return of 2,51% and 3,39% for Uncapped and 

Capped index, respectively. However, the standard deviation of the returns is very large 

for both indices. The drop in the Figure 1 can be explained by the crash in the early 

months of 2018, after which the index does not recover to its previous values. 

Interestingly, the Capped index performs better at the cost of higher volatility. I test the 

result to see, whether there is a statistically significant difference between the returns 

on the indices. After performing a two-sample t-test assuming unequal variances, we 

get t-statistic value of -0,31, which is very far from a critical value. Therefore, the null 

hypothesis of the test is not rejected, and the performances of the indices are not 

significantly different from each other. Nevertheless, I will use both to perform analysis 

in the next sections.  

Figure 1: Evolution of $1 investment into crypto indices.  
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4.2. Markowitz Portfolio with MSCI Europe 

 

I firstly look at portfolios containing the MSCI Europe index and follow the procedure 

outlined in the section 4.3. To better understand the data, the correlation matrix is 

provided in Table 2. 

As can be seen from the table, the correlation between equities is quite large, while the 

correlation of Gold and Silver Index is very small with other asset classes. The 

correlation of crypto indices with other asset classes is also small, indicating that 

cryptocurrencies might be a potentially safe asset, as examined by academic literature, 

but certainly not as safe as gold. Afterwards, the Markowitz tangency portfolios were 

constructed, both without and with transaction costs, as seen in Table 3. 

 

Table 1: Summary statistics of crypto indices.  

Table 2: Correlation matrices of examined indices.  
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The Table 3 shows positive Sharpe ratios for all portfolios. All portfolios were 

constructed with no imposed constraints, which led to extreme values of weights for 

individual indices, with maximum and minimum weights being 1417,59% and 

−2337,16%, respectively. This is unsurprising, since the academic literature often 

mentions unreasonable weights when optimizing a portfolio using Markowitz’s 

approach. Naturally, the decrease in performance after accounting for transaction costs 

is enormous, which is due to the large changes in weights from month to month. 

4.3. Parametric Portfolios with MSCI Europe 

 

I start with portfolio that has no transaction costs. The results for Uncapped portfolio 

are shown in Table 4.  

As mentioned in the section 3.4., the benchmark portfolio consists of 40% invested in 

equity, 31% in corporate bonds and final 29% in remaining assets. Equal weighted 

Table 3: Results for Tangency portfolios that are first estimated from data up to December 2018 

and then re-estimated every month using all previously available historical data. 
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portfolio is invested equally in all assets, specifically 14,29% in each index. The letter 

θ represents the vector of coefficients estimated, and since I only consider a single 

variable, momentum, it is a single number. It can be seen that the portfolio is not heavily 

loading on this momentum factor. The letter α represents an annualized alpha compared 

to the benchmark. None of the values is significantly different from zero at any 

significance level examined. However, we can see that the parametric portfolios achieve 

higher annualized return, but at the cost of higher volatility. It is expected that the 

portfolio will achieve this higher return, since by construction the investor's utility is 

impacted only by return and it does not take standard deviation into account at all. 

Moreover, the less conservative portfolios with risk coefficients of 3 and 5 also manage 

to provide higher return than the benchmark when accounting for risk, as can be seen 

by their Sharpe ratios. Interestingly, the best performing parametric portfolio is the one 

with risk aversion coefficient of 5, which indicates that there is a quadratic relationship 

between risk aversion and Sharpe ratio. I believe this is a direct consequence of the fact 

mentioned above that only return is specified in the utility function. While with rising 

risk aversion the return naturally decreases, the smaller weight movements positively 

impact the standard deviation, which results in a conservative portfolio performing 

better than the more liberal one. Equal weighted portfolio performs the worst, having 

the highest volatility.  

Table 4: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up until 

that point. Results are without the transaction costs for all portfolios.  

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 
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I find similar results for the Capped portfolio as well. They are shown in Table 5. 

Again, the first two parametric portfolios outperform the benchmark, by having better 

return and much lower volatility. They do not, however, perform better than the 

Uncapped portfolio since they have lower returns and higher risks. The coefficients of 

the momentum characteristic are similar as in the previous case, while alfa is larger, but 

still statistically insignificant. The biggest loser is again the equal weighted portfolio, 

with the highest volatility yet. The best performing portfolio is now the one where 

investor’s risk aversion is 3. 

Finally, I include the transaction costs as specified in the section 3.6. and evaluate the 

performance of the portfolios. The results can be found in Table 6. Naturally, neither 

the benchmark nor the equal weighted portfolio were affected by the transaction costs, 

since they hold the same proportion of indices since the inception.  

 

Table 5: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up until 

that point. Results are without the transaction costs for all portfolios.   

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 
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It can be seen that the results do not change much even after inclusion of the transaction 

costs. The performance of the second portfolio decreases slightly, while the remaining 

remain almost identical. There are two interesting results that should be discussed. 

Firstly, when transaction costs are included, it appears that the quadratic relationship 

between the risk aversion γ and Sharpe ratio disappeared. Now, the lower the risk 

aversion, the higher the Sharpe ratio. However, upon examining the case where I set the 

risk aversion γ to different values, namely 2 and 4, one can see that the quadratic 

relationship is still present, albeit shifted. The second, and arguably more important 

result, is that the inclusion of transaction costs increases the performance of the first 

portfolio. Transaction costs disincentivize large changes in magnitude of the weights, 

which is in turn reflected in lower return, but also lower volatility. And since the 

decrease in volatility is larger, the Sharpe ratio and therefore the performance of the 

portfolio increases. The loading on the momentum factor, represented by θ, changes 

only slightly upon inclusion of the transaction costs, and the it remains decreasing in 

risk aversion γ. 

The same transaction costs were applied to the Capped portfolio, with results presented 

in Table 7.  

 

Table 6: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up until 

that point. Transaction costs are incorporated into all parametric portfolios.   

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 
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Similar results that were seen in the Uncapped portfolio can be seen in Capped as well. 

Again, the first two parametric portfolios are outperforming the benchmark and the best 

performing portfolio is the first one. The quadratic relationship between risk aversion 

and Sharpe ratio seems to be present, however, the inclusion of transaction costs does 

not increase the performance of the first portfolio, as was the case with the Uncapped 

portfolio. Loadings on the momentum factor remain relatively the same, alfa decreases 

somewhat and remains insignificant.  

When comparing the parametric portfolios with the Markowitz portfolio, one can see 

the dominance of the latter. Without transaction costs, Markowitz optimization yields 

better Sharpe ratios than parametric portfolios, for the Uncapped more than two times 

and for Capped more than three times better. However, when the same transaction costs 

are added to Markowitz portfolios, their performance decreases dramatically, due to 

their large changes in weights. The Uncapped portfolio now underperforms its 

parametric counterpart, while the Capped portfolio still performs better.  

It is also important to note that the parametric portfolios are estimated for two years of 

data, which is quite different from other academic literature, where larger time periods, 

such as ten years, are used. The reason for such a short time period lies in the relative 

recent emergence of the cryptocurrencies. Before 2017, there were few cryptocurrencies 

on the market and constructing an index with desired number of constituents would not 

be possible.   

Table 7: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up 

until that point. Transaction costs are incorporated into all parametric portfolios.  

*, **, *** - Significant at a 95%, 97.5% and 99% level respectively. 
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4.4. Black-Litterman portfolios with MSCI Europe 

 

I follow the methodology as outlined in section 3.5. and present the results in the Table 

8 for all portfolios, with and without the transaction costs.  

We can see that the Uncapped Black-Litterman portfolio slightly outperforms the 

Uncapped parametric portfolio in all cases, with much smaller standard deviation, most 

likely due to smaller changes in the weights of individual indices over the time period. 

Similarly, also the Capped portfolios slightly outperform its parametric counterparts, 

with lower return but also much lower standard deviation.  

After accounting for the transaction costs, the change in performance is minimal, due to 

the small deviations from the equilibrium portfolio. 

However, the Black-Litterman and the parametric portfolios are not directly 

comparable, since one of the portfolios incorporates the views of the investor, while the 

other allocates weight based on characteristics of the asset class. If there were no views, 

then Black-Litterman optimization would result in the benchmark portfolio, whose 

results can be seen in the previous subsection. Moreover, Black-Litterman portfolios are 

Table 8: Results for Black-Litterman portfolios that are first estimated from data up to December 

2018 and then re-estimated every month using all previously available historical data. 
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dependent on the parameters we specify, namely the investor’s confidence, represented 

by τ and the actual views, V. 

4.5. Markowitz portfolio with MSCI Europe without cryptocurrency index 

 

To help test the hypothesis 1 and answer the research question, one must also look at 

the performance of the portfolios if the cryptocurrencies are not included. I follow the 

same methodology, as discussed in section 3. The results for Markowitz tangency 

portfolios are present in Table 9, both with and without transaction costs. 

In line with the academic literature in section 2., when the cryptocurrencies are included 

in the portfolio, the performance improves. Portfolio without cryptocurrencies performs 

worse by more than three times when compared to Uncapped and more than five times 

when compared to Capped. Moreover, when looking at annualized standard deviation, 

one can see that it approximately tripled, compared to either of the portfolios with 

cryptocurrency indices. This can also indicate that cryptocurrencies have diversification 

benefits, since they lower the risk of the portfolio when included. It is clear that their 

inclusion is beneficial for Markowitz optimizing investor. 

Table 9: Results for Tangency portfolios that are first estimated from data up to December 2018 

and then re-estimated every month using all previously available historical data. 
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4.6. Parametric portfolios with MSCI Europe without cryptocurrency index 

 

Similarly, I also construct parametric portfolios without cryptocurrencies. However, one 

small change is needed. Since the portfolio now consists of only 6 assets, and not 7, the 

equal weighted portfolio is invested in each asset at approximately 16,6% and for 

benchmark portfolio I split the weight of cryptocurrency index (9,6%) evenly among 

the remaining assets.  

The results for this portfolio without transaction costs is present in Table 10. 

The results now present a strong case against inclusion of cryptocurrencies into a 

portfolio. The performance of all portfolios increases dramatically. The best performing 

cryptocurrency portfolio was the Uncapped portfolio with risk aversion of 5, and its 

counterpart without cryptocurrencies outperforms it by a factor of 2,2.  

It is important to note, that the loadings on the momentum factor, represented by θ, are 

larger, the standard deviation is smaller, and the return is also larger. This indicates, that 

even though cryptocurrencies are known for high returns coupled with high volatility, 

their inclusion into a portfolio by a parametric investor provides no benefits.  

Table 10: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up 

until that point. Results are without the transaction costs for all portfolios. 

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 
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I do the same analysis, now with transaction costs incorporated into the portfolio, and 

the results are shown in Table 11. 

The same conclusion as with the case of no transaction costs can be reached. Portfolios 

without cryptocurrencies largely outperform their counterparts. Interestingly, the 

loadings on the momentum factor are very small and negative, meaning that the weights 

are not that different from the benchmark portfolio. However, even with small changes 

the parametric portfolios still outperform the benchmark by quite a large amount. There 

is one exception when accounting for transaction costs. The portfolio with the highest 

return is in this case the one with risk aversion of 3, achieving 18,87%, while its 

counterpart, Uncapped portfolio, achieves 18,89%. Therefore, for an investor focused 

purely on returns, inclusion of cryptocurrencies might prove beneficial, even though the 

difference of 0,02% is very small.  

Table 11: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up 

until that point. Transaction costs are incorporated into all parametric portfolios.  

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 
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4.7. Markowitz portfolio with S&P500 

 

As mentioned in section 3.1., I replace the MSCI Europe index by S&P500 index in 

order to examine how American Equity affects the portfolios, while also examining the 

robustness of the results from previous section. I first start by examining the correlations 

between the assets, which can be seen in Table 12. 

 Naturally, the correlation only changes for S&P500 index, while the other remain the 

same. What is interesting is that American equity seems to be negatively correlated to 

European, and also has negative correlation with commodities. Its correlation with 

cryptocurrency indices, as well as with Gold and Silver index increases considerably, 

meaning that cryptocurrency assets are not as good diversifiers as with European equity. 

Next, I construct Markowitz tangency portfolios, which are shown in Table 13.  

Table 12: Correlation matrices of examined indices.  
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 The change in correlations is immediately obvious from the results. While with MSCI 

Europe, the Sharpe ratios are large and positive, with S&P500 the Sharpe ratios are 

relatively small and negative and become even worse after accounting for transaction 

costs. This stems almost solely from the change in annualized return since the 

annualized standard deviation is only slightly higher. Even though the maximum and 

minimum weights are also smaller in absolute value than in the case with MSCI Europe, 

being 918,19% and -703,22%, they are still unreasonably large. Moreover, this time the 

worse performing portfolio is Capped, while in the previous case it was Uncapped. 

4.8. Parametric Portfolios with S&P500 

 

The Uncapped portfolios without transaction costs are shown in Table 14.  

Table 13: Results for Tangency portfolios that are first estimated from data up to December 2018 

and then re-estimated every month using all previously available historical data. 
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The results are not as different as they are using MSCI index. In this case, the annualized 

return is slightly larger, and the annualized standard deviation smaller, resulting in a 

better Sharpe ratio. This is the case with all parametric portfolios, as well as with 

benchmark and equal weighted portfolios. The loadings on the momentum factor are 

similar as well. The only big difference is the annualized alpha, which is now negative, 

but still insignificant.  

The results are also similar for the Capped portfolios, as shown in Table 14.  

All portfolios slightly outperform the ones constructed with MSCI Europe Index, but 

the changes are small. Higher return and smaller standard deviation results in higher 

Sharpe ratio. Loadings on momentum factors are also similar, along with the annualized 

alpha.  

Table 14: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up until 

that point. Results are without the transaction costs for all portfolios.  

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 

Table 14: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up until 

that point. Results are without the transaction costs for all portfolios.  

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 
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In tables 15 and 16 are the results for the same portfolios, but with transaction cost 

accounted for.  

 

Transaction costs do not seem to change the results by much. Portfolios constructed 

with S&P500 as opposed to MSCI Europe have larger annualized return, lower 

annualized standard deviation and hence, higher Sharpe ratio. The loadings on the 

momentum factor remain relatively unchanged and the annualized alphas are still 

insignificant.  

Moreover, the same result is present as was the case with MSCI Europe portfolios. 

When the transaction cost is added into the model, the performance of the Uncapped 

portfolio with risk aversion of 3 increases. This is most likely due to the same reasoning, 

Table 15: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up until 

that point. Transaction costs are incorporated into all parametric portfolios.  

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 

Table 16: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up until 

that point. Transaction costs are incorporated into all parametric portfolios.  

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 
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that when the transaction costs are introduced, the weights change less. This results in 

lower return, but also in much lower standard deviation, thus increasing the Sharpe ratio.  

4.9. Black-Litterman portfolios with S&P500 

 

The results are shown in Table 17 for all portfolios, with and without transaction costs. 

 Similar to the case with MSCI Europe portfolios, Black-Litterman optimization 

achieves slightly higher Sharpe ratio than the parametric counterparts. For the 

Uncapped portfolio, the Black-Litterman optimization achieves lower returns, even 

when accounting for transaction costs, but also much lower standard deviation. The 

same can be said about the Capped portfolio, where Black-Litterman achieves much 

lower return, but also much lower standard deviation, resulting in outperformance of 

the parametric portfolios. Again, the change due to transaction costs is minimal, since 

the weights do not differ by a large amount from the equilibrium portfolio.  

It is important to remember, however, that the resulting Black-Litterman portfolios 

might not be the most efficient overall portfolios, but they are the most efficient 

portfolios when accounting for the investor’s views. The view is the same as previously 

and as specified in the section 3.5., namely that the excess returns of the cryptocurrency 

index will outperform the remaining indices by 3%. 

Table 17: Results for Black-Litterman portfolios that are first estimated from data up to December 

2018 and then re-estimated every month using all previously available historical data. 
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4.10. Markowitz portfolio with S&P500 without cryptocurrency index 

 

Finally, I also look at the performance of portfolios without any crypto assets. The 

results for Markowitz optimization are presented in Table 18, both with and without 

transaction costs. 

Tangency portfolio without cryptocurrency index achieves even more negative 

annualized return and comparable standard deviation. This results in much worse 

Sharpe ratio, again supporting the inclusion of cryptocurrencies into portfolio by 

investor using Markowitz optimization. The same holds when the transaction costs are 

included. 

4.11. Parametric portfolios with S&P500 without cryptocurrency index 

 

Similar to the previous case, since now there are only 6 assets as opposed to 7, I changed 

the benchmark portfolio as well as the equal weighted portfolio in the same way as 

before. The results for portfolios without transaction costs are shown in Table 19, while 

in Table 20 the transaction costs are included.  

Table 18: Results for Tangency portfolios that are first estimated from data up to December 2018 

and then re-estimated every month using all previously available historical data. 
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Similar to the case with MSCI Europe, when cryptocurrencies are excluded from the 

portfolio, the performance increases dramatically. While the return decreases slightly, 

the decrease in the standard deviation is significant, often achieving half the value of its 

counterpart. One interesting result, when looking at portfolio without transaction costs, 

is that the performance increases with risk aversion. Moreover, the performance of the 

first two portfolios further increases when transaction costs are included. I believe the 

reason for both findings is similar in nature. Both phenomena, increasing risk aversion 

as well as transaction costs, result in smaller changes in weights. This has negative effect 

on return, but positive effect on standard deviation. It seems that in this case, the positive 

effect on standard deviation dominates, and thus the performance of the portfolio 

increases.  

Table 19: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up until 

that point. Results are without the transaction costs for all portfolios.  

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 

Table 20: Results for Out of Sample period range from January 2019 until December 2019. 

Parameters are estimated at the end of each month with all available information available up until 

that point. Transaction costs are incorporated into all parametric portfolios.  

*, **, *** - Significant at a 95%, 97.5% and 99% level, respectively. 
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Again, it is important to remember, that parametric portfolio maximizes the return of 

the portfolio, without looking at its standard deviation, therefore results such as these 

are not surprising.  

5. Conclusion 

 
The previous section helps test the hypotheses and answer the research question examined 

in this paper. The first hypothesis, that inclusion of cryptocurrencies improves the 

performance of the portfolio, is somewhat rejected. In all parametric portfolios examined, 

the performance of the portfolio decreased after including either of the created 

cryptocurrency indices. The drop in the performance was not small either, the Sharpe ratio 

of a portfolio with cryptocurrencies was often only half of its counterpart. This result goes 

directly against the results of Gregoriou (2019) or Trimborn et al. (2017), who argue that 

cryptocurrencies can improve the performance of the portfolio.  

On the other hand, performance of Markowitz tangency portfolios increased after including 

either of the cryptocurrency indices. Seeing as the Markowitz optimization is not often used 

in practice (He & Litterman, 2002), mainly due to the extreme weights, which in this case 

range from −2337,16% to 1417,59%, it is unlikely to be implemented in the real world.  

Therefore, I conclude that investor focused on risk-adjusted returns would be better off not 

investing into the cryptocurrency market. However, if investor is purely focused on return, 

which is possible for long-horizon investments, and his risk aversion is sufficiently low, he 

could benefit from incorporating cryptocurrencies into his portfolio. There is only one case, 

where parametric portfolio with cryptocurrencies yields higher return than its no crypto 

counterpart, and that is Uncapped S&P500 portfolio with risk aversion parameter of 3. 

Seeing as this is rather specific case, in most cases, cryptocurrencies in a portfolio do not 

really make sense.  

Despite these negative findings, investors can still decide to incorporate cryptocurrencies 

into their portfolio. In that case, it is relevant to examine the second hypothesis, whether 

Markowitz’s optimization is dominated by the other approaches. 

The analysis shows mixed results. For the case of portfolio with MSCI Europe, Markowitz 

tangency portfolio does exceptionally well compared to the rest. After accounting for 
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transaction costs, the Capped Markowitz portfolio still outperforms its counterparts, but the 

Uncapped portfolio’s performance falls to the bottom. 

All Uncapped parametric portfolios outperform the Capped ones, even after accounting for 

the transaction costs. It is not too unreasonable to assume, given the previous findings, that 

if investor does invest into cryptocurrencies, she is optimistic about their performance. In 

that case, the Black-Litterman optimization yields the best performing portfolios, but the 

outperformance is small compared to the parametric portfolios (0,365 vs 0,356 for 

Uncapped and 0,283 vs 0,248 for Capped). However, both approaches fail to improve on 

Markowitz optimization before transaction costs. 

The case is slightly different for portfolios containing S&P500 index. Markowitz tangency 

portfolio now performs the worst, even before adding transaction costs to the model. The 

Uncapped parametric portfolios underperform the Black-Litterman portfolio slightly, with 

its best result ratio of 0,388 compared to 0,412, while Capped underperforms by larger 

amount, having Sharpe ratio of only 0,276 compared to 0,329. In this case, both approaches 

improve upon the Markowitz optimization.  

However, these findings do not necessarily invalidate the robustness of the analysis. By 

replacing only a single asset, Markowitz optimization suddenly became the worst one, but 

Black-Litterman portfolios slightly outperformed parametric portfolios in both cases. As 

previously discussed in the section 2., the starting portfolio for Markowitz is null, and 

therefore it is very dependent on the inputs. The parametric portfolios, as well as Black-

Litterman portfolios, start with the benchmark portfolio and only adjust the benchmark 

weights, which results in smaller dependence on the inputs and higher robustness.  

In conclusion, the addition of cryptocurrencies into a portfolio is largely not desirable. 

While adding them can improve portfolio performance using Markowitz optimization, it is 

still relatively unfeasible to implement in real world. However, should one still decide to 

include them, the best performing portfolio optimization with reasonable weights is the 

Black-Litterman, depending on the views of the investor. If the investor has no views about 

the performance of the cryptocurrencies, the ideal approach would be the parametric 

optimization.         

  



39 
 

Bibliography 
 

Aslanidis, N., Bariviera, A. F., & Martínez-Ibañez, O. (2019). An analysis of 

cryptocurrencies conditional cross correlations. Finance Research Letters, 31, 130-137. 

Barahona, R. M. D. S. M. (2012). Parametric portfolio policies: An application for a global 

tactical asset allocation model (Doctoral dissertation, NSBE-UNL). 

Baur, D. G., Hong, K., & Lee, A. D. (2018). Bitcoin: Medium of exchange or speculative 

assets?. Journal of International Financial Markets, Institutions and Money, 54, 177-189. 

Berentsen, A., & Schar, F. (2018). A short introduction to the world of cryptocurrencies. 

Black, F., & Litterman, R. (1992). Global portfolio optimization. Financial analysts 

journal, 48(5), 28-43. 

Borri, N. (2019). Conditional tail-risk in cryptocurrency markets. Journal of Empirical 

Finance, 50, 1-19. 

Bouri, E., Shahzad, S. J. H., & Roubaud, D. (2020). Cryptocurrencies as hedges and safe-

havens for US equity sectors. The Quarterly Review of Economics and Finance, 75, 294-

307.Chohan, U. W. (2017). Cryptocurrencies: A brief thematic review. Available at SSRN 

3024330. 

Brandt, M. W., Santa-Clara, P., & Valkanov, R. (2009). Parametric portfolio policies: 

Exploiting characteristics in the cross-section of equity returns. The Review of Financial 

Studies, 22(9), 3411-3447. 

Corbet, S., Lucey, B., Urquhart, A., & Yarovaya, L. (2019). Cryptocurrencies as a financial 

asset: A systematic analysis. International Review of Financial Analysis, 62, 182-199. 

Corbet, S., Meegan, A., Larkin, C., Lucey, B., & Yarovaya, L. (2018). Exploring the 

dynamic relationships between cryptocurrencies and other financial assets. Economics 

Letters, 165, 28-34. 

Crosby, M., Pattanayak, P., Verma, S., & Kalyanaraman, V. (2016). Blockchain 

technology: Beyond bitcoin. Applied Innovation, 2(6-10), 71. 



40 
 

Eismann, E. (2018). Markowitz vs Black--Litterman: A Comparison of Two Portfolio 

Optimisation Models. 

Elendner, H., Trimborn, S., Ong, B., & Lee, T. M. (2018). The cross-section of crypto-

currencies as financial assets: Investing in crypto-currencies beyond bitcoin. In Handbook 

of Blockchain, Digital Finance, and Inclusion, Volume 1 (pp. 145-173). Academic Press. 

Gregoriou, A. (2019). Cryptocurrencies and asset pricing. Applied Economics 

Letters, 26(12), 995-998. 

He, G., & Litterman, R. (2002). The intuition behind Black-Litterman model 

portfolios. Available at SSRN 334304. 

Ji, Q., Bouri, E., Roubaud, D., & Kristoufek, L. (2019). Information interdependence among 

energy, cryptocurrency and major commodity markets. Energy Economics, 81, 1042-1055. 

Klein, T., Thu, H. P., & Walther, T. (2018). Bitcoin is not the New Gold–A comparison of 

volatility, correlation, and portfolio performance. International Review of Financial 

Analysis, 59, 105-116. 

Markowitz, H.M. (1952). Portfolio selection. The Journal of Finance. 7(1): 77–91. 

Mensi, W., Rehman, M. U., Al-Yahyaee, K. H., Al-Jarrah, I. M. W., & Kang, S. H. (2019). 

Time frequency analysis of the commonalities between Bitcoin and major 

Cryptocurrencies: Portfolio risk management implications. The North American Journal of 

Economics and Finance, 48, 283-294. 

Sharpe, W. F. (1966). Mutual fund performance. The Journal of business, 39(1), 119-138. 

Söderberg, G. (2018). Are Bitcoin and other crypto-assets money?. Economic 

Commentaries, (5), 14. 

Trimborn, S., Li, M., & Härdle, W. K. (2018). Investing with cryptocurrencies-A liquidity 

constrained investment approach.  Journal of Financial Econometrics, doi. 

org/10.1093/jjfinec/nbz016. 

 

 


