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Abstract 
This study reevaluates the conclusions of Parma and Wassvik's thesis, which examined the 

performance of cryptocurrencies as investments from 2010 to 2017. The objective was to 

determine whether cryptocurrencies remain a profitable investment opportunity in the 

subsequent period from 2017 to 2022 and their suitability for inclusion in a diversified 

portfolio, considering the significant volatility in the crypto market in recent years. In 

addition, we constructed our own portfolio to reflect the average benchmark of crypto 

investors, as not all investors have access to the MSCI International World Price Index used 

in Parma and Wassvik. 

Upon analyzing the data, we find that the original thesis's conclusion still holds true. While 

cryptocurrencies, particularly Ethereum and Bitcoin, have demonstrated the potential for 

higher returns compared to traditional assets, their performance has diminished during the 

2017-2022 period. Although the variance has decreased, indicating lower volatility, the 

significant decrease in returns has impacted the overall performance. This can be attributed 

to the high and constant weekly price growth observed in cryptocurrencies from 2010 to 

2017, which resulted in high variance and average returns. In contrast, the 2017-2022 period 

witnessed both negative and positive price changes with less extreme observations, leading 

to lower returns and lower variance. 

Despite the decrease in risk and return compared to Parma and Wassvik's findings, 

cryptocurrencies still offer potential benefits when considering the risk-return tradeoff. 

However, their performance metrics do not surpass those of the previous period. It is worth 

noting that the data used in Parma and Wassvik's study were influenced by extreme positive 

observations (outliers), such as the rapid increase in crypto prices in 2017. In our study, we 

capture both dramatic price increases and decreases, resulting in fewer outliers and more 

reliable data with more conclusive metrics, affirming that cryptocurrencies outperform all 

assets despite their variance. 

In conclusion, our study with new and more reliable data confirms that cryptocurrencies 

should be included in a well-diversified portfolio and have demonstrated superior 

investment potential compared to alternative assets available in our dataset. 

Cryptocurrencies have also proven to be a favorable investment compared to the market 

portfolio constructed to represent the average investment opportunity for crypto investors 

However, it is crucial to acknowledge that our research focused on the period from 2017 to 

2022, and further investigations should continue to monitor the long-term investment 

performance of cryptocurrencies for a comprehensive understanding of their potential.
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Preface 
 

This assignment marks the culmination of a two-year Master's degree in Economics and 

Business Administration at OsloMet. 

The aim of this thesis is to reevaluate Parma and Wassviks findings that a well-diversified 

portfolio should include cryptocurrencies with a quantitative perspective using newer data. 

Our research question is both interesting and current as cryptocurrencies has been a hot 

topic in recent years. 

We became interested in our topic after a significant decrease in the prices of major 

cryptocurrencies in 2022, which led to a perception of them being a poor investment. We 

therefore found it relevant to explore Parma and Wassvik previous findings. 

The work on this thesis has been both instructive and demanding as we have explored a 

relatively new phenomenon within finance. We were dependent on gathering and 

organizing a significant amount of data, which proved to be more challenging than expected. 

It has required a great deal of effort, but we have truly been challenged and learned a 

tremendous amount. Through this assignment, we have been able to apply theories and 

methods that we have learned during our studies, particularly in the field of statistics, using 

programs such as Stata and Excel. 

We want to say a big thank you to Ivar Bredesen, our tutor, for helping us with this project. 

The fact that he had been reviewing papers on a similar topic a few years back gave us some 

great ideas and added expertise and knowledge that we otherwise would not have been 

able to add. 
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1 Introduction 

1.1 Motivation:  
 

Considering what has happened in the last year, year and a half, we wanted to explore the 

topic of cryptocurrency. To begin with neither of us had any deep knowledge of the topic 

other than the typical general idea you get from reading different news articles. Depending 

on what time period, news could report dramatic increases and dramatic decreases in prices 

related to crypto. We wanted to explore crypto further as none of us had any faith in 

cryptocurrency other than it was just an asset for risky speculators. We stumbled upon a 

previously written master thesis about cryptocurrencies. More specifically, should well-

diversified portfolios contain cryptocurrency? This question intrigued us as this thesis was 

written back in 2018. Backed with data from 2010 until the end of 2017, their conclusion was 

that cryptocurrencies outperformed all assets and was a superior choice for investors. They 

backed their findings with different financial performance metrics.  

However, the time period examined is considered a great period for cryptocurrencies and 

tech companies and as we looked further in their dataset something looked off. 

Cryptocurrencies have had a relatively stable price, however, mid 2017 until end of 

December 2017 something changed. In just a few weeks, Bitcoin has seen a 1573% growth, 

Ethereum 6523% growth and Litecoin with a growth of 2107%. These are extreme 

observation and taking into consideration that these positive fluctuation in prices was 

observed during the last 42 observations in their dataset out of 391 where prior 

observations have been very stable, we suspected that these extreme positive observations 

that deviate from the mean (outliers) can have affected their calculations, giving misleading 

financial metrics.  

As Parma and Wassvik only saw the positive side of crypto currencies, we wanted to do a 

review of their findings, that a well-diversified portfolio should include cryptocurrencies, but 

as an investor investing in the period 2017 to 2022. This period is characterized by increased 

volatility, with price changes occurring in both positive and negative directions, rather than 

solely experiencing extreme positive price growth as seen in Parma and Wassviks dataset.   

1.2 Research Question: 

From the given motivation and disturbances caused by the extreme observations in Parma 

and Wassvik dataset, we want to revisit their study with newer data. 

Our research question is therefor:  

Does Parma and Wassvik’s conclusion of “Should a well-diversified portfolio contain 

cryptocurrencies?” from the period 2010-2017 hold true when compared to the period 

2017-2022 using similar data?  
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2 Cryptocurrency – Origin, structure and flaws 
 

It is incredible to think that fifteen years ago, nobody had ever heard of Bitcoin or other 

cryptocurrencies. Today, Bitcoin and thousands of other crypto’s have been made and they 

have had different degrees of success in the real world. The article” The rise of bitcoin and 

the cryptocurrency market” describes how Bitcoin became the first cryptocurrency, 

developed in 2009, and is today regarded as the most well-known cryptocurrency.  

All cryptocurrencies are built on what is known as a blockchain. The blockchain can be seen 

as a database or ledger where all the data is shared between several computer network 

nodes. (Hayes, 2023). These blockchains are not limited to crypto, but it is crucial for crypto’s 

to be legitimate. The reason is that blockchains work similarly to a spreadsheet, where data 

is stored in a cell. The difference is that in a blockchain all data within the cell must be 

changed at the same time for all the nodes. This makes a blockchain secure, because nobody 

can access the blockchain from one node, or computer, to change any of the cells. The 

blockchain would refuse the change because it would not be consistent with all the other 

nodes in the network. (Hayes, 2023) 

See attachment 1 for how the transaction process from start to finish works. 

The whole idea of Bitcoin and cryptocurrencies using the blockchain is to be transparent 

with records of a ledger or payment and any transaction done without the possibility to 

change or alter the data. This then leads to the fact that cryptocurrencies go around the 

typical financial institutions, like banks and so on. The idea is great and phenomenal, but the 

execution is difficult and still needs work. The same article” The rise of bitcoin and the 

cryptocurrency market” states that cryptocurrencies are still new and relatively untested. 

There are also several issues and challenges that need to be worked out for it to reach its full 

potential. The article points out that the lack of regulations is one of the major issues, since 

cryptocurrencies operate outside of the typical financial institutions.  

Another issue is that Bitcoin, and cryptocurrencies in general, are often based on trust. The 

blockchain alone is one of the biggest reasons for trusting the coin. Trust is defined as 

“assured reliance on the character, ability, or truth of someone or something” (Miriam-

Webster dictionary) 

The article “Fear, uncertainty and doubt: Global regulatory challenges of crypto insolvencies” 

written by Natarajan et al, highlights some of the difficulties that cryptocurrencies face. They 

state that the crypto market is valued at less than 1 trillion dollars, due to recent events and 

the general decline in crypto market capitalization. Just a year earlier, in November 2021, 

the market was valued at almost 3 trillion dollars. Why has the market declined? There is no 

definitive answer, but again the article written by Natarajan et al shines a spotlight on some 

key aspects that could explain the decline. Firstly, categorizing and classifying what crypto 

assets are legally is a real challenge. There is no worldwide consensus on how the 
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jurisdiction and agreements made between parties on how this should work. (Natarajan et 

al, 2023).  

Secondly, asset-tracing is almost impossible, and recovery is a major problem. The fact that 

crypto assets are supposed to be anonymous makes tracing and recovery pretty much 

impossible. Anonymity is by far the biggest selling point of cryptocurrencies, but it comes at 

the cost of not only making it hard to trace but to recover if something goes wrong. It also 

has the added effect of attracting people wanting to abuse that exact reason.  

Lastly, the fact that cryptocurrencies are so volatile, makes it so creditors have a hard time 

wanting to engage. “Between April 2022 and January 2023, Bitcoin’s value more than 

halved, from just over $45,000 to below $20,000. But three years ago, Bitcoin was half the 

current price and traded at levels below $10,000.” (Natarajan et al, 2023). This alone is a 

huge hurdle for creditors, because you essentially take on more risk when dealing with a 

cryptocurrency rather than a currency like dollars or euros. 

There are different ways of ranking cryptocurrency. You could rank the currencies based on 

price alone, but this would not give you an accurate picture of what is the number one 

cryptocurrency. Crypto.com ranks the currencies based on market cap, which is the price of 

the coin times the circulating supply of that specific coin. Bitcoin being at the number one 

spot should not surprise anyone, considering this is the most well-known cryptocurrency in 

the world and at the same time the first one ever created.   
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3 Methodology 
To clarify how we have structured our methodology we first have to mention some 
differences between Parma and Wassvik’s thesis and ours. Their data is from the start of 
2010 to the end of 2017, and our data is from the start of 2017 to the end of 2022. The 
reason we have chosen to only look at this period is mainly because it is a natural break in 
the data, where you can clearly see from attachment (x) that the price of Bitcoin drastically 
increased from mid 2017. We wanted to make sure the previous period did not create a bias 
or skewing of data. Considering the amount of data, we have gone for a quantitative 
approach to the thesis, like Parma and Wassvik. This allows us to perform the different tests 
and measures.  

In this study, both Stata and Excel were utilized to conduct various statistical analysis and 

calculations. Stata, a statistical software, was primarily used for calculating descriptive 

statistics such as mean, skewness, kurtosis, variance, standard deviation, standard error, 

correlation matrix computation, hypothesis testing, and assessment of normality in our 

dataset. Descriptive statistics calculated in Stata were then imported to excel for further 

inspection.   

Furthermore, hypothesis tests such as the Dickey-Fuller test for unit root, skewness and 

kurtosis hypothesis tests, and the Shapiro-Wilk test for normality were conducted using 

Stata. These tests enabled the evaluation of underlying assumptions and characteristics of 

the data. The arithmetic and geometric means were also computed in Stata to determine 

the average returns. 

On the other hand, Excel was utilized for generating the variance-covariance matrix, an 

essential component in our portfolio analysis. The Solver function available in Excel was 

employed to optimize the Sharpe ratio for a given return and construct the efficient frontier. 

Additionally, we used the solver function to find the optimal weighted portfolio (highest 

Sharpe ratio) in our data set. Additionally, Excel was used for performing calculations related 

to the Capital Asset Pricing Model (CAPM), Sortino Ratio, Information Ratio, Sharpe Ratio, 

Treynor Ratio, and Jensen's Alpha. The visual presentation of findings, including tables, was 

facilitated through Excel's graphical capabilities. 

To summarize, Stata was primarily utilized for descriptive statistics, hypothesis testing, and 

calculating certain measures, while Excel played a pivotal role in generating the variance-

covariance matrix, solving optimization problems, and performing various calculations and 

visualizations. 

3.1 Correlation matrix 
We wanted to start off by checking the correlation between the different cryptocurrencies. 

The first reason was to make it more clear in the analysis of our data to only use one 

cryptocurrency, Bitcoin, instead of having a bunch of different cryptocurrencies like 

Ethereum and Dogecoin within the same data. The second reason is because Bitcoin has 

been “the” cryptocurrency everyone has heard of and has proven to pretty much outlast all 

the others. By looking at Bitcoin we would have more reliable data considering the time 

compared to many of the top ten most traded cryptocurrencies.  
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A correlation matrix is a table showing what, or by how much, a set of variables correlates. 

(Glen) 

The correlation matrix we made shows us the different variables that have high correlations, 

specifically cryptocurrencies.  

 

3.2 Diversifiable and undiversifiable risk 
There is no way we can’t mention and discuss the difference between diversifiable and 

undiversifiable risk when it comes to the topic of this thesis. We are mainly looking at 

financial instruments to determine whether a well-diversified portfolio should contain 

cryptocurrencies or not in today’s markets. What does diversifiable mean, and why is this 

important to the topic? When someone relates to a portfolio that is well diversified, they 

mean a portfolio that is not exposed to firm-specific risk. Berk and DeMarzo state 

“Fluctuations of a stock’s return that are due to firm-specific news are independent risks. 

Like theft across homes, these risks are unrelated across stocks, and referred to as 

diversifiable risk (firm-specific risk).” (Berk and DeMarzo, 2020 p. 374). So how do you 

minimize the amount of diversifiable risk (firm-specific risk) you are exposed to? By 

combining stocks that are different and preferably uncorrelated to each other and combine 

them into a portfolio. The bigger and more diverse the portfolio is, the less diversifiable risk 

you are exposed to. This makes sense, because if you have thousands of stocks in a portfolio, 

some of them will suddenly perform worse and others will perform better. This averages out 

and therefore makes you less susceptible to variations and volatility. If you instead had ten 

stocks in your portfolio, and one or two suddenly dropped in value due to some firm-specific 

news, you would be hit harder in the overall portfolio performance because of this risk. This 

is why a well-diversified portfolio is important to the thesis. We must make sure that we are 

not taking risks that are not undiversifiable, as this could change the outcome of some of the 

tests to see how the portfolio is performing.  

 

3.3 Variance-Covariance matrix 
Consider a dataset with two features, aiming to analyze the relationships within the data. 

Covariance serves as a fundamental tool for quantifying the variance between the two 

variables. 

The covariance can be computed by adjusting the equation to calculate the variance 

between the two variables. 

∁𝑥,𝑦=  
1

𝑛 − 1
∑(𝑥𝑖 −  �̅�)(𝑦𝑖 −  �̅�)

𝑛

𝑖=1

  

n= Sample size 

x = Observation variable x 

�̅� = Mean variable x 
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y= Observation variable y 

�̅� = Mean variable y 

By centering the data around the mean, the equation can be simplified as: 

∁𝑥,𝑦=  
𝑥𝑇𝑦

𝑛 − 1
 

𝑥𝑇= transpose of vector x 

Simplifying further, the covariance calculation involves taking the dot product of two vectors 

containing the data. 

When extending this concept to a dataset with three features (x, y, and z), the resulting 

covariance matrix will have dimensions of 3 by 3. This matrix captures the covariances 

among all features, including their variances. 

∁ (𝑥, 𝑦, 𝑧) =

𝑣𝑎𝑟𝑥 𝑐𝑜𝑣𝑎𝑟𝑥,𝑦 𝑐𝑜𝑣𝑎𝑟𝑥,𝑧

𝑐𝑜𝑣𝑎𝑟𝑦,𝑥 𝑣𝑎𝑟𝑦 𝑐𝑜𝑣𝑎𝑟𝑦,𝑧

𝑐𝑜𝑣𝑎𝑟𝑧,𝑥 𝑐𝑜𝑣𝑎𝑟𝑧,𝑦 𝑣𝑎𝑟𝑧

 

The covariance matrix exhibits symmetry, with diagonal elements representing the variances 

of individual features, and off-diagonal entries representing the covariances between 

different feature pairs. To compute the covariance matrix, the vectors in the equation can be 

replaced with the mean-centered data matrix. 

∁𝑥,𝑦=  
𝑋𝑇𝑋

𝑛 − 1
 

𝑋𝑇 =transpose of the data matrix X 

X= data matrix of X  

n= observations 

Once the covariance matrix is obtained, it can be interpreted in a similar manner as the 

correlation coefficient. (Lanhenke, 2021)  

 

3.4 Skewness and Kurtosis 
We remember very well how important both Skewness and Kurtosis are to a dataset. In our 

course Risk management this was emphasized. Skewness happens when you have a 

distribution of return that is not normal, and where either negative or positive outcomes are 

more likely than the counterpart. (Bodie, et al. p 139) Skewness is a statistical measure that 

describes the degree of asymmetry in a distribution of data. A symmetrical distribution has a 

skewness value of 0, while a distribution that is skewed to the left (i.e., has a longer left tail) 

has a negative skewness value, and a distribution that is skewed to the right (i.e., has a 

longer right tail) has a positive skewness value. (National Institute of Standards and 

Technology) 

Skew = Average [
(𝑅− 𝑅)

3

�̂�3 ] 
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Equation taken from Bodie et al p. 138. 

Negative values will still be negative because Skew takes that into consideration when 

powering with an odd number. Equally, positive numbers will stay positive.  

“Kurtosis is a measure of whether the data are heavy-tailed or light-tailed relative to a 

normal distribution. That is, data sets with high kurtosis tend to have heavy tails, or outliers. 

Data sets with low kurtosis tend to have light tails, or lack of outliers. A uniform distribution 

would be the extreme case. The histogram is an effective graphical technique for showing 

both the skewness and kurtosis of data set.” (National Institute of Standards and 

Technology) 

The kurtosis measures the degree of “peakedness”, or “flatness” of a distribution compared 

to a normal distribution. A kurtosis value of 3 indicates a normal distribution (mesokurtic), 

values greater than 3 indicate a more peaked distribution (i.e. leptokurtic), and values less 

than 3 indicate a flatter distribution (i.e. platykurtic). (Kenton, 2023) 

Kurtosis = Average [
(𝑅− 𝑅)4

�̂�4 ] − 3 

Equation taken from Bodie et al p. 139 

3.5 Arithmetic and geometric averages 
An expected return on an investment is important for investors. Risk on the other hand 

could be equally important as the expected rate of return. Sadly, the real world is not how 

the theory on risk and return is written ends up being. Most theories are based on the 

market and the investors being rational. We all know that this is often far from the truth, 

and therefore it is very difficult to identify the actual return and risk. (Bodie et al, 2021 p. 

119) Risks and returns are pretty much impossible to accurately observe. But there is a fix to 

the problem, realized returns. Bodie et al, states this about realized returns “These provide 

noise estimates of the expected returns and risk that investors actually anticipated.”, but no 

matter how much you look back to try and predict the future you will never be truly able to 

expect what ends up happening.  

Parma and Wassvik used both the arithmetic average and the geometric mean in their 

thesis. The arithmetic average takes all the returns and divides them by the number of 

returns (observations). As we have stated above, we use past returns to try and calculate an 

estimate of the future return.  Usually, the return one period ahead is highly correlated to 

the return that just happened, but there are unexpected things that can happen, which 

could alter the actual return and therefore make the estimate very wrong.  

The geometric mean is often used in economics because it is commonly used for growth 

rates and so on. It is important to remember that you can only get a geometric mean for 

positive numbers.  

𝐺𝑀 =  √(𝑥1 ∗ 𝑥2 ∗  𝑥3 . . . 𝑥𝑛)
𝑛

 

Equation is taken from Glen (Geometric Mean…) 
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Here you take all the returns and multiply them, then you take the number of observations 

and power that to the square root.  

 

3.6 Augmented Dickey-Fuller test 
The Augmented Dickey Fuller test is a test to see whether your data has a unit root. In other 

words, you can use the test to check if your data fluctuates around a mean or not. A 

stationary dataset would typically have the mean, variance and covariance be constant 

around some point in the dataset. (Glen). This point could be the average, or it could be 

another point of which the data revolves around. The null-hypothesis of the ADF 

(Augmented Dickey-Fuller test) is that there is a unit root. And the alternative is that there is 

not a unit root. If the p-value is lower than the critical value set, we reject the null 

hypothesis that there is a unit root. (Stock and Watson. 2020, p 586-589) It is important to 

mention that the augmented Dickey-Fuller test adds as many lags to the regression as is 

needed to make sure that the residuals of those regressions do not interfere.  (MacKinnon, 

2010) 

 

3.7 Shapiro–Wilk test for normality 
The Shapiro-Wilk test is a test to see how far from normality our sample is. Skewness, 

kurtosis or a combination of both is usually the reason we have deviations from a normal 

sample distribution. The Shapiro-Wilk test is given by: 

𝑊 =  
(∑ 𝑎𝑖𝑦𝑖)𝑛

𝑖=1
2

∑ (𝑦𝑖 − �̅�)𝑛
𝑖=1

2 

𝑦𝑖 is the i’th order statistic. 

 �̅� is the sample mean. 

The W value will be between 1 and 0. The lower the number, closer to 0, the more our 

sample deviated from a normal distribution, given our sample. And if you get a W value of 1, 

your sample does not deviate from a normal distribution at all. (Razali and Wah. 2011) 

 

3.8 Capital Asset Pricing Model 
The capital asset pricing model, often shortened to CAPM, allows us to figure out what the 

efficient portfolio is without knowing the expected return of each security. This is probably 

one of the most well-known financial instruments, used to predict the relationship between 

the expected return and a risky asset (Bodie, et al. 2021). It was 1952, when Harry 

Markowitz formed the foundations of what would later become the capital asset pricing 

model. Articles, written by William Sharpe, John Lintner and Jan Mossin in 1964, about the 

CAPM would be the beginning of one of the most fundamental centerpieces of modern 

financial economics. (Bodie, et al. 2021 p. 275-277) The CAPM takes into consideration what 

choices investors make to create and identify the efficient portfolio as the market portfolio 

(Berk and DeMarzo, 2020 p. 421-425).  To do this the CAPM has three assumptions. 
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1. Investors can buy and sell all securities at competitive market prices (without incurring 

taxes or transaction costs) and can borrow and lend at the risk-free interest rate.  

2. Investors hold only efficient portfolios of traded securities-portfolios that yield the 

maximum expected return for a given level of volatility.  

3. Investors have homogeneous expectations regarding the volatilities, correlations, and 

expected returns of securities.  

(The assumptions are taken directly from Berk and DeMarzo 2020, page 421-422) 

ERi = Rf + βi(ERm−Rf) 

Where: 

ERi = expected return of investment 

Rf = risk-free rate 

βi = beta of the investment 

(Erm−Rf) = market risk premium 

The equation and explanation of variables are all taken directly from Kenton, 2023. Investopedia. 

 

3.9 Jensen’s Alpha 
Jensen’s Alpha is a risk-adjusted performance measure in finance. It takes into consideration 

the CAPM and shows whether your average return on a portfolio is below or above the 

predicted CAPM, given the average market return or the beta. The beta could either be the 

investments or the portfolio's beta. (Chen, 2023) By subtracting the required return for an 

asset given by the CAPM from the actual return we get Jensen’s Alpha. A positive Jensen’s 

Alpha indicates that the asset performed better than expected and a negative value shows 

the asset underperformed.  

𝛼 = 𝑅𝑖 − ( 𝑅𝑓 +  𝛽 ( 𝑅𝑚 −  𝑅𝑓))  

Where: 

𝑅𝑖 = the realized return of the portfolio investment 

𝑅𝑚 = the realized return of the appropriate market index 

𝑅𝑓 = the risk-free rate of return for the time period 

β = the beta of the portfolio of investment with respect to the chosen marked index  

The equation and explanation of variables were all taken directly from Chen, 2023. 

Investopedia.  

 

3.10Treynor Ratio 
The Treynor ratio, commonly known as the reward to volatility ratio, is a metric that shows 

how much excess return is generated for each unit of risk taken on by the portfolio. (Kenton, 
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2020). In other words, excess return means how much more you earned versus in a risk-free 

investment. In finance we often calculate with risk-free investment/return/rate. Although 

there is no such thing as a risk-free investment, we usually say that treasury bills are close to 

what a risk-free investment would be. This is what we will also use in this thesis, the three-

month treasury bill as the risk-free rate.  

Treynor ratio =  
𝑟𝑝− 𝑟𝑓

𝛽𝑝
 

Where: 

𝑟𝑝 = Portfolio return 

𝑟𝑓= Risk-free rate 

𝛽𝑝 = Beta of the portfolio 

The equation and explanation of variables are all taken directly from Kenton, 2020. Investopedia. 

 

3.11 Information Ratio 
The Information ratio is similar to the Sharpe ratio, but instead of dividing it by the standard 

deviation (of the portfolio's excess return) you divide it by something called the “tracking 

error”. The tracking error is referred to as “the standard deviation of a security or portfolio 

returns from the returns of a benchmark” (Team, CFI, 2023 Information ratio). This is the 

biggest difference between the Sharpe ratio and Information ratio. The Sharp ratio is a risk-

adjusted measure that compares to the risk-free rate and the Information ratio compares to 

a benchmark. Although there is no “true” risk free rate in the real world, it is usually true 

that a medium-long Treasury Bill is as close to a risk-free rate as we need to do the 

calculations. One of the main users of the Information ratio are fund managers. This is 

because the information ratio provides insight into whether the fund manager can maintain 

or keep the generation of excess or abnormally high returns over time. (Team, CFI, 2023. 

Information ratio)  

“The information ratio is a measurement of portfolio returns beyond the returns of a 

benchmark, usually an index, compared to the volatility of those returns” (Murphy, 2020) 

Information ratio = 
𝐸(𝑅𝑖− 𝑅𝑏) 

𝜎𝑖𝑏
 

Where:  

Ri = the return of a security or portfolio 

Rb = the return of a benchmark 

E(Ri – Rb) = the expected excess return of a security or portfolio over benchmark 

σib = the standard deviation of a security or portfolio returns from the returns of a 

benchmark (tracking error) 

The equation and explanation of variables are all taken directly from Team, CFI, 2023. Information ratio.  Corporatefinanceinstitue. 
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3.12 Sharpe Ratio 
The Sharpe ratio is a very common way of measuring risk-adjusted relative returns. It divides 

the excess return of the portfolio by a measure of volatility to see what the risk-adjusted 

performance is. (Fernando, 2022) It is very common for investors to want the most amount 

of money back, highest possible return, but at same time have the smallest chance of losing 

the money they invested, lowest possible risk. The Sharpe ratio basically allows investors to 

figure if the extra risk they are taking on by investing is going to be worth it by getting higher 

compensation, higher return. (Baldridge and Curry. 2022) 

During this thesis our aim is to find out if a well-diversified portfolio should contain 

cryptocurrency or not, and the Sharp ratio is just an excellent financial instrument to help us 

answer that question. The fact that the Sharpe ratio allows us to see how much risk 

someone would have to take on in a portfolio containing cryptocurrencies, to get their 

desired return is just perfect. This is one of the reasons why Parma and Wassvik chose to 

include this instrument to answer their thesis and the rason we wanted to include it as well.  

The way the Sharpe ratio works is the higher the ratio the better the investment is, based on 

risk-adjusted returns. (Baldrige and Curry. 2022) According to Baldrige and Curry, a Sharpe 

ratio between 1 and 2 is considered good. A ratio between 2 and 3 is very good, and 

anything above 3 is excellent.  The only downside to the Sharpe ratio is the fact that the 

denominator is the standard deviation. This implies that the ratio expects a normal 

distribution. Often this is not the case in the real world. This could make the result of the 

calculation wrong, so it is important to not use the results of the ratio as a definitive answer. 

But it is a great indication of return considering the risk taken on. (Baldrige and Curry. 2022) 

𝑆ℎ𝑎𝑟𝑝𝑒 𝑅𝑎𝑡𝑖𝑜 =  
𝑅𝑝 −  𝑅𝑓

𝜎𝑝
 

Where: 

Rp = return of portfolio 

Rf = risk-free rate 

σp = standard deviation of the portfolio’s excess return 

The equation and explanation of variables were all taken directly from Fernando, 2022. 

Investopedia.  

 

3.13 Omega Ratio 
Just like the Information ratio, the Omega ratio builds on the principles of the Sharpe ratio. 

As stated in the Sharpe ratio paragraph the ratio is built on the fact that the distribution is 

normal. The Omega ratio on the other hand, is not built on the distribution being normal. 

(DeLee, 2023) 

Ω = 
𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑉 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑆 
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Where: 

V = Price of the option 

S = Underlying price 

The equation and explanation of variables were all taken directly from Scott, 2022. 

Investopedia.  

 

3.14 Sortino Ratio 
Just like the Information- and Omega ratios, the Sortino ratio is a variation of the Sharpe 

ratio. This time the way Sortino differs from Sharpe is when looking at only the downside 

risks of an investment. While the Sharpe ratio looks at both upsides and downsides of the 

risk taken on, the Soritno ratio provides an accurate return given the likelihood of a set 

downside risk. (Team, CFI, 2023. Sortino ratio) 

The Sortino ratio is a modified version of the Sharpe ratio that distinguishes detrimental 

volatility from total overall volatility. This is achieved by incorporating only the standard 

deviation of negative portfolio returns, also known as downside deviation, instead of the 

total standard deviation of portfolio returns. To calculate the Sortino ratio, the excess return 

of an asset or portfolio is divided by its downside deviation after subtracting the risk-free 

rate. (Kenton, 2020. Sortino Ratio) 

S = 
(𝑅−𝑇)

𝐷𝑅
 

Where: 

S = Sortino ratio 

R = Average realized return 

T = Required rate of return 

DR = Targeted downside deviation  

The equation and explanation of variables are all taken directly from Team, CFI, 2023 Sortino ratio. Corporatefinanceinstitue. 

 

3.15 Efficient frontier 
The efficient frontier is a concept in modern portfolio theory (MPT) that represents a set of 

optimal portfolios offering the highest expected return for a given level of risk or the lowest 

risk for a specific expected return. Portfolios lying below the efficient frontier are considered 

suboptimal because they do not provide enough return for the risk taken, while portfolios 

clustering to the right of the efficient frontier have a higher level of risk for a given rate of 

return. 

The efficient frontier is graphically represented with return on the y-axis and risk (typically 

measured by standard deviation) on the x-axis. It depicts the tradeoff between risk and 
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return in portfolios. The goal is to construct portfolios that maximize returns while 

minimizing risk by combining securities with lower covariance (less synchronized) to reduce 

the overall standard deviation. 

Diversification plays a crucial role along the efficient frontier. Optimal portfolios that lie on 

the efficient frontier tend to be more diversified, offering a higher degree of risk reduction 

compared to sub-optimal portfolios. Diversification improves the risk/reward profile of the 

portfolio and demonstrates the diminishing marginal return to risk. 

However, the efficient frontier and MPT have certain assumptions that may not reflect 

reality. For example, they assume that asset returns follow a normal distribution, which may 

not always be the case. Critics argue that real-world markets involve irrational investors, 

market influences from large participants, and limited access to borrowing and lending 

money. 

To use the efficient frontier, a risk-seeking investor would select investments on the right 

side of the frontier, which have higher risk and potential returns. On the other hand, a more 

conservative investor would choose investments on the left side, which offer lower risk and 

expected returns. 

In summary, the efficient frontier helps investors understand the optimal balance between 

risk and return in portfolio construction. It highlights the benefits of diversification and 

guides investors in selecting portfolios that offer the highest expected return for a given 

level of risk or the lowest risk for a specific expected return. (Berk and DeMarzo. 2020, p 

412-420) (Ganti, 2022) 

 

Figure 1: Efficient frontier 

(Source for figure: https://www.investopedia.com/terms/e/efficientfrontier.asp)   

https://www.investopedia.com/terms/e/efficientfrontier.asp
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4 Data 
In this chapter, we will discuss the datasets used in our thesis. We'll explain how we 

collected and transformed the data. We will also talk about the limitations and weaknesses 

of these datasets. 

 

4.1 Data used in Parma and Wassvik:  
As our research question emphasizes, “Does Parma and Wassvik’s conclusion of “Should a 

well-diversified portfolio contain cryptocurrencies?” from the period 2010-2017 hold true 

when compared to the period 2017-2022 using similar data?”, our thesis was dependent on 

getting the same data set as Parma and Wassvik for a valid comparison of Crypto currencies 

performance compared to the assets they used.  

Assets used in Parma and Wassvik is the following:  

• Thomson Reuters Global Emerging Markets Index 

• HFRX Global Hedge Fund CAD Index 

• MSCI International World Real Estate Price Index USD Realtime 

• MSCI International World Price Index USD Realtime 

• Thomson Reuters Global Developed Index 

• ICE Brent Crude Electronic Energy Future Continuation 1 

• S&P Global Developed Sovereign Bond Index 

• FTSE EPRA/NAREIT Global Index 

• Thomson Reuters SGX Corporate Bonds 3+ Years Index 

• PowerShares Emerging Markets Sovereign Debt ETF 

• SPDR Citi Int. Govt. Inflation-Protected Bond ETF 

• US Dollar / Japanese Yen FX Spot Rate 

• Euro / US Dollar FX Spot Rate 

• UK Pound / US Dollar FX Spot Rate 

• Gold / US Dollar FX Spot Rate 

The funds and indices used by Parma and Wassvik were similar to the once used in the 

articles “Virtual Currency, Tangible Return: Portfolio Diversification with Bitcoin” by Briére, 

M., Oosterlinck, K., and Szafarz, A. (2015).  

All their assets were 419 weekly observations of closing prices except for Bitcoin which had 

391 weekly observations, Litecoin which had 220 weekly observations and Ethereum with 

only 126 observations. This means Parma and Wassvik had weekly data from 01.01.2010 for 

all non-crypto currencies’ assets, weekly data from 09.07.2010 for Bitcoin, weekly data from 

18.10.2013 for Litecoin and weekly data from 31.07.2015 for Bitcoin. The last observation 

for all their assets was 29.12.2017.  
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4.2 Data used in our thesis.  
As this thesis goal is to do a reevaluation of Parma and Wassvik’s findings, it was critical to 

get the same dataset as them only with updated observations ending in 31.12.2022. The 

following data from their paper was used in our research:  

• Thomson Reuters Global Emerging Markets Index 

• HFRX Global Hedge Fund CAD Index 

• MSCI International World Real Estate Price Index USD Realtime 

• MSCI International World Price Index USD Realtime 

• Thomson Reuters Global Developed Index 

• ICE Brent Crude Electronic Energy Future Continuation 1 

• S&P Global Developed Sovereign Bond Index 

• FTSE EPRA/NAREIT Global Index 

• Thomson Reuters SGX Corporate Bonds 3+ Years Index 

• PowerShares Emerging Markets Sovereign Debt ETF 

• SPDR Citi Int. Govt. Inflation-Protected Bond ETF 

• US Dollar / Japanese Yen FX Spot Rate 

• Euro / US Dollar FX Spot Rate 

• UK Pound / US Dollar FX Spot Rate 

• Gold / US Dollar FX Spot Rate 

• Bitcoin/Usd 

• Ethereum/Usd 

• Litecoin/Usd 

As we did not have access to all assets in the correct time period, we downloaded the 

following assets as a substitution:  

• Invesco Emerging Markets Sovereign Debt ETF 

• MSCI International ACWI Price Index USD 

• US 10 Years Treasury Note 

We also used the following additional data to construct our own benchmark against 

cryptocurrencies:  

• S&P 500 

• S&P GSCI (commodities) 

• S&P BSE SENSEX (India) 

• S&P/ASX 200 (Australia) 

• MOEX Russia Index 

• S&P Latin America 40 

• S&P Africa 40 Index 

• Europe Stoxx 600 

• SSE Composite Index (000001.SS)(Shanghai) 
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4.3 Data collection and datasets  
We used four sources for our data, Parma and Wassvik data set, Eikon Reuters, S&P and 

Yahoo Finance.  

Following data was extracted from Parma and Wassvik:  

• ICE Brent Crude Electronic Energy Future Continuation 1 

• HFRX Global Hedge Fund CAD Index 

• Thomson Reuters SGX Corporate Bonds 3+ Years Index 

• PowerShares Emerging Markets Sovereign Debt ETF 

These are 419 weekly observations all ranging from 01.01.2010 - 29.12.2017. We could not 

find these in assets in either Eikon Reuters or Yahoo Finance.  

Following data was extracted from Eikon Reuters:  

• Invesco Emerging Markets Sovereign Debt ETF 

• MSCI International ACWI Price Index USD 

• Thomson Reuters Global Emerging Markets Index 

• MSCI International World Real Estate Price Index USD Realtime 

• MSCI International World Price Index USD Realtime 

• Thomson Reuters Global Developed Index 

• S&P Global Developed Sovereign Bond Index 

• FTSE EPRA/NAREIT Global Index 

• SPDR Citi Int. Govt. Inflation-Protected Bond ETF 

We extracted 642 weekly observations ranging from 17.09.2010 to 29.12.2022. We then 

reduced the amount to 316 observations, capturing the weekly closing prices ranging from 

30.12.2016 to 06.01.2023. 

Following data was extracted from Yahoo Finance: 

• US Dollar / Japanese Yen FX Spot Rate 

• Euro / US Dollar FX Spot Rate 

• Pound / US Dollar FX Spot Rate 

• Gold / US Dollar FX Spot Rate 

• Bitcoin/USd 

• Litecoin/usd 

• Ethereum/Usd 

• Europe Stoxx 600 

• SSE Composite Index (000001.SS)(Shanghai) 

• MOEX Russia Index   

We extracted as many weekly observations as possible and then reduced the observations to 

316, capturing the weekly closing prices between 30.12.2016 to 06.01.2023 

Following data was extracted from S&P500: 
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• S&P 500 

• S&P GSCI (commodities) 

• S&P BSE SENSEX (India) 

• S&P/ASX 200 (Australia) 

• S&P Latin America 40 

• S&P Africa 40 Index 

Again, as with the previous data, we extracted weekly closing prices as far back as possible, 

then reduced to 316 observations, capturing the weekly closing prices between 30.12.2016 

to 06.01.2023.  

We created in total three different datasets for our calculations.  

Our first dataset consists of 314 logged observations of weekly closing prices capturing the 

period from 2017-2022. This is our main set that almost all our calculations are based on. To 

start our observations on 30.12.2016 was natural as Parma-Wassvik ended their 

observations in this period. We also “captured” the big positive and negative price 

movements observed from 09.07.2010 to December 2022 making sure we got observations 

both over and under the mean and not only extreme upward price movement as in Parma 

and Wassvik. We will also argue that cryptocurrencies first got its place in mainstream media 

during 2017, attracting the “average” investor, hence this time being a good time to analyze 

if cryptocurrencies should be included in a well-diversified portfolio for an investor investing 

in 2017-2022. 

Mostly, all the assets used in Parma-Wassvik except for some as we did not get access to or 

updated prices on the following assets:  

• HFRX Global Hedge Fund CAD Index 

• Thomson Reuters SGX Corporate Bonds 3+ Years Index 

• PowerShares Emerging Markets Sovereign Debt ETF 

• Brent Crude Electronic Energy Future Continuation 1 

Instead, we included: 

• MSCI International ACWI Price Index USD Real time 

• Invesco Emerging Markets Sovereign Debt ETF 

• US 10 Years Treasury Note 

We also created and included an index we thought would be a better benchmark than MSCI 

International world price index to measure cryptocurrencies that reflected the average 

cryptocurrencies trader’s investment opportunity. This portfolio is called “own portfolio” 

and consists of 9 indexes weighted after the percentage of which country trades most 

cryptocurrencies. This market portfolio serves as a benchmark for cryptocurrencies, and its 

composition is determined by the distribution of crypto traders across countries. For 

instance, if 50% of all crypto traders reside in the US, the portfolio will allocate 50% to the 

S&P 500 index, as it represents an alternative investment choice for US traders. Similarly, 

percentages of trades in China and India will determine the corresponding weights of their 



18 
 

respective indexes. In this way, the "Own Portfolio" offers a benchmark that mirrors the 

preferences of the average crypto investor. 

As our second dataset, we used Parma and Wassvik’s data with some modifications. For this 

dataset, we were interested in seeing how Bitcoin alone would contribute to a portfolio with 

normal assets. To exclude missing bitcoin observations, we started the observations on 

16.07.2010 as this was the first Bitcoin observation and ended on 29.12.2017. This gave us 

390 logged observations that we used to create the efficient frontier and how bitcoin would 

be weighted in the optimal weighted portfolio using excel solver. 

Our third data set also uses Parma and Wassvik’s data, here we include all their assets to see 

how Bitcoin, Litecoin and Ethereum would affect a portfolio and how they would be 

weighted in the optimal weighted portfolio using the efficient frontier. However, we only 

used the observations from 31.07.2015 to 29.12.2017. This is 126 logged observations. The 

reason we only did 126 observations was because we did not want any missing values as 

Ethereum was first introduced on 31.07.2015 and more accurate variance since the mean for 

Bitcoin and Litecoin is higher.  

The main reason why we used weekly data was to have the same data structure as Parma 

and Wassvik as they used it in their calculations. Weekly closing prices are also widely used 

in financial analysis to smooth out daily volatility, identify trends, and provide a long-term 

perspective on a stock's performance (Hayes, 2021). And as explained by Parma and 

Wassvik, “cryptocurrencies do not have the same limitations as stock and bond markets. 

Trade happens even on weekends, public holidays and holidays. That means using daily data 

would have provided data for Saturday and Sunday, which we then had to trim out. Using 

weekly data also makes it possible to “trim” out observations on holidays and other days 

where there was no trade, as they are incorporated in a weekly observation” (Parma-

Wassvik).  

We used Excel to store and combine data for further calculations.  

 

4.4 Risk Free interest rate.  
Parma and Wassvik's thesis mentioned that Duff & Phelps recommended a risk-free return of 3.5%. 

We agree with this suggestion considering that the current 10-year treasury yield is approximately 

3.5% and we can consider it as a close approximation of a risk-free rate (Bloomberg). However, it is 

important to note that there is no definitive risk-free rate, and determining a universally accessible 

risk-free rate for all investors is challenging. However, we have opted to use the rate of 3.5% 

reflecting the 10-year treasury yield, it is also a theoretical number used as the risk-free rate in many 

examples in our classes at OsloMet.  

 

4.5 Our two benchmarks, MSCI International World Price Index and our own created 

market portfolio.  
Parma and Wassvik use the MSCI as their benchmark. The MSCI World Price Index comprises 

over 1600 securities from 23 developed countries across the globe (MSCI n.d.). These 
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characteristics render the MSCI World Price Index significantly more appropriate as a 

benchmark than the S&P 500 taking into consideration that Crypto is a worldwide traded 

asset. Ryan Barnes (2018) advocates for the use of MSCI as an international benchmark 

(Barnes 2018).  

However, considering that cryptocurrencies are not confined to a single wealthy country but 

traded around the world, we believe that utilizing an international index that reflects the 

average crypto investor's opportunity is important. We aimed to incorporate our "own 

portfolio" as it effectively captures the average cryptocurrency investor's market 

preferences. It is important to note that the MSCI, being focused on developed countries, 

may not accurately represent the cryptocurrency market, as a substantial number of crypto 

investors are situated in non-developed countries like Nigeria and Colombia and don’t have 

the opportunity to invest in the MSCI index.  

By incorporating our "Own Portfolio" alongside the argument previously presented for using 

the MSCI as a benchmark, we aim to provide a more comprehensive representation of the 

cryptocurrency market. Unlike the MSCI, which predominantly focuses on developed 

countries, our approach acknowledges that many crypto investors are located outside of 

developed countries. This inclusivity ensures that our benchmark aligns more accurately with 

the global cryptocurrency landscape. 

Our "Own Portfolio" serves as a benchmark for cryptocurrencies, allowing us to better gauge 

the average investor sentiment. We have weighted the portfolio based on the percentage of 

cryptocurrency traders in each country.  

 

Figure 2: Portfolio based on Bitcoin trading volume 

Source for figure: Statista 

We have weighted our portfolio based on a survey conducted by Statista estimate (Statista 

estimates) on Bitcoin trading volume by countries. For example, 39.2% of all cryptocurrency 

traders lived in the USA during 2020, our portfolio will allocate 39.2% to the S&P 500 index, 
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as US traders could have potentially invested in the S&P 500. Similarly, 15.2% of crypto 

traders lived in Africa, therefore, 15.2% of our portfolio will be allocated to the S&P Africa 40 

Index to represent their investment opportunities. The rest of our own market portfolio 

consist of, 11.25% of Europe Stoxx 600, 10.84% of MOEX Russia index, 8.24% of S&P Latin 

America 40, 7.05% of S&P GSCI Commodities (Banton, 2022). 5.1 of China SSE Composite 

Index, 1.64% in S&P BSE SENSEX India and the rest in S&P/ASX 200 Australia.  

We created this market portfolio with the assumption that the market is not efficient, 

meaning capital cannot be or is difficult to be invested across borders. This can somewhat be 

true as we have seen a growing trend with economic restrictions during the last years.  

 

4.6 Weaknesses and Limitations: 
One major weakness of our study is the lack of access to the same dataset used by Parma 

and Wassvik. We were able to include most of the same investment objects; however, we 

encountered discrepancies as Thomson Reuters SGX Corporate Bonds 3+ Years Index, 

PowerShares Emerging Markets Sovereign Debt ETF, ICE Brent Crude Electronic Energy 

Future Continuation 1, and HFRX Global Hedge Fund CAD Index were absent from our 

dataset. This discrepancy creates a limitation in directly comparing the results and could 

introduce potential biases that may impact the overall conclusions. 

Another weakness is the limited selection of cryptocurrencies in our analysis. We focused 

solely on Bitcoin, Litecoin and Ethereum. This limitation may affect the representativeness of 

our findings since the cryptocurrency market is highly volatile and diverse. By excluding 

other cryptocurrencies, we may miss out on potential variations and trends that could 

influence the overall conclusions. 

Furthermore, our study analyzes data from a relatively short time period, specifically from 

2017 to 2022. This time span may be considered insufficient for capturing long-term trends, 

market cycles, and potential variations in investment performance. Consequently, the 

conclusions drawn from this limited timeframe may not fully encompass the overall 

dynamics and potential risks associated with including cryptocurrencies in a well-diversified 

portfolio. 

Moreover, it is important to note that the ranking of cryptocurrencies by market 

capitalization has changed since the period analyzed by Parma and Wassvik. For instance, 

Litecoin, which was ranked fifth in their study (CoinMarketCap, 2017) has dropped to the 

13th position as of the current date 13.05.2023(CoinMarketcap, 2023). By maintaining the 

same cryptocurrencies for comparison purposes, our analysis may overlook potential 

opportunities or risks associated with other cryptocurrencies that have gained prominence 

in recent years. 

Another limitation is that a considerable portion of financial theory is based on the 

assumption of normally distributed data, which does not hold true in many real-world cases. 

This reliance on normal distribution can present a weakness, as it may lead to an inaccurate 
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portrayal of the actual behavior and characteristics of financial observations, potentially 

resulting in misleading conclusions and financial metrics. (Chen. 2023) 

Addressing these weaknesses and limitations is crucial to ensure a comprehensive and 

accurate understanding of our research findings and should be taken into account for further 

research.  
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5 Empirical results 
Throughout our empirical analysis, we present our findings using figures and tables. The data 

covers the period from 2017 to 2022. Additionally, we include relevant findings from Parma 

and Wassvik's research conducted from 2010 to 2017, if applicable, to facilitate a clear 

comparison between their results and ours. The results are categorized according to the 

performance measures outlined in our methodology chapter. 

For some performance measures, we provide results based on calculations using both the 

MSCI international world price index and our own constructed portfolio. However, in many 

cases, we only present matrices calculated using the MSCI international world price index, 

which is consistent with Parma and Wassvik's methodology. 

In summary, cryptocurrencies demonstrate stronger performance compared to our own 

constructed portfolio than to the MSCI international world price index. Readers interested in 

all the results calculated using our constructed portfolio can refer to the data attachment for 

further details. 

 

5.1 Unit root  

As we are working with time series, it is important to establish that our data is stationary so 

our descriptive statistics like mean, variance and standard deviation used in our calculations 

stays the same and does not change over time. “A stationary time series Yt has a constant 

mean and variance, and its probability distribution does not change over time. If a series is 

non-stationary, conventional hypothesis tests, confidence intervals and forecasts can be 

unreliable” (Stock & Watson, 3rd edition Chapter 14 or 4th edition Chapter 15). 

As there are no obvious breaks in our dataset, trends were the biggest concern. “A series is 

said to exhibit a trend if it has a persistent long-term movement” (Stock & Watson, 3rd 

edition Chapter 14 or 4th edition Chapter 15). As financial assets prices tend to follow a 

trend, we had to make the data stationery.  

 

Figure 3: MSCI weekly closing price trend 

MSCI International ACWI Price Index has clearly followed an upward trend from 2010-2022, 

meaning it will be not stationary and mean and variance will change. In order to make a time 

series stationery, we transformed the weekly returns into logarithmic form.   
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5.2 Augmented dickey fuller test 
After transforming our weekly returns to logarithmic form, we performed an augmented 

dickey fuller test with 2 and 10 lags for all our assets to test for unit roots (Figure 4). Please 

refer to the attached file for the results of the Augmented Dickey-Fuller test conducted on all 

assets. 

 

 

Figure 4: Augmented dickey fuller tests 

As the p value is below the critical value of 0.05, we reject the null hypothesis for all assets 

that the time series has a unit root and is nonstationary with less than 5% changes of a type 

1 error.  

The results from the augmented dickey fuller test can be confirmed by visualizing the data in 

a time series plot (figure 5).  
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Figure 5: Time series plot 

 

Example above shows the time series data plot for Bitcoin/USD and Gold/USD. We can see 

that the logarithmic return does not follow a trend but stays within a range, this indicates 

stationarity. All our assets are stationary in logarithmic form and readers can refer to the 

data attachment for further details.  

 

5.3 Descriptive statistic  
Since we have stationarity, we can use the descriptive statistic calculated in Stata knowing 

they will not change. We have the following metrics: number of observations (n), standard 

deviation (SD), mean, median (p50), maximum observation (max), minimum observation 

(min), range of values (range), variance, skewness, kurtosis and standard error (IQR) for 

weekly observations.  

 

Table 1: Descriptive statistics 

Cryptocurrencies have on average the highest mean, with Gold/usd (0.015) in second place 

as a non-crypto asset. This shows that cryptocurrencies have on average had the highest 

weekly return with respectfully Ethereum (0.0161) as number one, Bitcoin (0.00915) as 

number two, and then Litecoin (0.009) in the period from 2017 – 2022. This is a significant 
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decline from Parma and Wassvik findings where Ethereum had a weekly return of 0.05425, 

Bitcoin 0,0311 and Litecoin 0.0205.  

 

Table 2: weekly means and standard deviations: 

After comparing our findings with those of Parma and Wassvik (2010-2017), we observe 

that, on average, eleven assets exhibit lower weekly returns, including cryptocurrencies, 

while five assets demonstrate a higher standard deviation showcased by the absolute 

difference. This suggests a more uncertain market during the time period of 2017-2022. It is 

worth noting that all cryptocurrencies exhibited a higher standard deviation during the time 

period of 2010-2017, as indicated by Parma and Wassvik. This period was characterized by 

extreme price growth. In this case, the presence of extreme positive outliers above the mean 

contributed to a higher standard deviation than what we observed in our own findings from 

2017-2022. While our dataset also featured outliers above and below the mean, they were 

not as extreme as those in Parma and Wassvik's dataset. Therefore, we can argue that our 

calculated variance and standard deviation (risk) provide a more representative measure for 

the cryptocurrencies in question. 

We also observe that the MSCI International World Price Index performed worse during the 

2017-2022 period compared to the 2010-2017 timeframe, as found by Parma and Wassvik. It 

exhibited lower returns and higher risk. However, within our dataset, the MSCI International 

World Price Index outperformed our constructed market portfolio, with a higher weekly 

return of 0.0013. Nevertheless, it also had a higher standard deviation of 0.02513. Apart 

from cryptocurrencies and gold, the MSCI International World Price Index displayed a better 

weekly return than all other assets. When we compare returns with risk, we once again 

notice that only a few assets managed to outperform the market, consistent with the 

findings of Parma and Wassvik. This suggests that the MSCI International World Price Index 

performed better than our constructed market portfolio, which aimed to reflect the average 

investment opportunities for cryptocurrency investors. 
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Minimum and maximum show the lowest and highest weekly return. From table 1, we can 

see that cryptocurrencies have had the highest observations with Litecoin (0.69) followed by 

Ethereum (0.519) and bitcoin at (0.28). Cryptocurrencies have also had the lowest weekly 

return with Ethereum (-0.62), Litecoin (-0.57) and Bitcoin (-0.5) also giving cryptocurrencies 

the highest observed range. S&P Global Developed Sovereign Bond Index is the asset with 

lowest range (0.035) with the highest observation at 0.016 and lowest at -0.019.  

Our two market portfolios, the self-constructed portfolio and MSCI International World Price 

Index, have a range of 0.24 and 0.23, with the highest observed values of 0.09 and 0.1 and 

lowest observed values of -0.15 and -0.13.  

Based on our descriptive statistics, we have found that cryptocurrencies have the highest 

average weekly return, highest standard deviation, as well as the highest and lowest 

observations. These findings align with those of Parma and Wassvik (2010-2017). However, 

our data set reveals a significant decrease in weekly returns except for Gold/USD and an 

increase in standard deviation for most assets compared to their findings. Additionally, our 

descriptive statistics indicate that only a few assets manage to outperform our two market 

portfolios, with the MSCI International World Price Index slightly surpassing our own 

constructed portfolio designed to represent the average investment opportunities for 

cryptocurrency traders. This suggests cryptocurrencies yield a higher return for the average 

crypto investor.  

 

5.4 Skewness 
Looking at the skewed values from the descriptive statistics we can see that the skewness of 

most of the assets is negative, indicating a longer left tail, or a distribution that is skewed to 

the left. This means most of the observations are concentrated on the right side of the 

distribution graph with some outliers to the left of the mean (Taylor, 2023). This also 

includes the cryptocurrencies Bitcoin and Ethereum with -0.5489 and -0.2374, indicating that 

an investor in the period from 2017-2022 could expect small gains and some bigger losses.  

 

Figure 6: Histogram (Bitcoin, Ethereum, USD/YEN) 

 

Looking at the histogram for Bitcoin, Ethereum and US Dollar/Japanese Yen we can clearly 

see observations skewing the distribution to the left.   
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Litecoin (0.43) and Euro/USD (0.19) were the only assets with positive skewness, indicating 

distributions that are skewed to the right, this might indicate that an investor could have 

experienced small losses and some higher gains. (Chen, 2023) 

 

Figure 7: Histogram (Litecoin, Euro/USD) 

When examination the histogram for Litecoin and Euro/US dollar we can see some 

observations to the right of the mean (outliers) making the distribution skewed to the right.  

Asset 2010-2017 2017-2022 

BTC.USD.rate 0,1729158 -0,5488779 

LTC.USD.rate 2,0646879 0,4347323 

ETH.USD.rate 0,5546736 -0,2373850 
Table 3: Skewness 2010-2017, 2017-2022 comparison 

When we compare the skewness from Parma and Wassvik (2010-2017), we can see that 

both Bitcoin and Ethereum went from a positive skewness to a negative skewness. This 

means that the distribution of the returns went from extreme positive returns to more 

extreme negative returns. Litecoin still has a distribution skewed to the right but with less 

extreme returns (outliers).  

 

5.5 Kurtosis 
Going back to table 1 “Descriptive statistics”, we see that the kurtosis values for the crypto 

currencies (Bitcoin, Ethereum, Litecoin) are higher than 3, indicating that their returns 

distribution are more peaked than a normal distribution and are associated with higher level 

of risk (Kenton, 2023). In general, all assets have a kurtosis higher than 3, indicating a higher 

risk than observed in Parma-Wassvik findings and not normally distributed. We will explore 

this further in the next section.   
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5.6 Testing for normality.  
Testing for normal distribution in finance is important because many statistical models and 

theories rely on this assumption. It helps validate the accuracy of these models and identifies 

potential risks or deviations from normality (Chen, 2023). We have used the skewness, 

kurtosis and Shapiro-Wilk W test for normality.  

 

5.6.1 Skewness and kurtosis test for normality 

We conducted a skewness and kurtosis test for normality using the “Sktest” in Stata. “sktest 

presents a test for normality based on skewness and another based on kurtosis and then 

combines the two tests into an overall test statistic” (Stata, p 1-5) 

 

Table 4: Skewness and kurtosis test for normality 

As seen in table 4, all assets have a p value less than the critical value of 0.05, meaning we 

reject the null hypothesis that the assets are normally distributed with a less than 5% change 

to conduct a type 1 error.   
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5.6.2 Shapiro-Wilk W test for normality 

The Shapiro-Wilk W test for normality confirms the findings we found in our skewness and 

kurtosis test for normality (table 4), as all p-values are less than 0.05, we reject the null 

hypothesis that our data in our research are normally distributed.  

 

Table 5: Shapiro-Wilk W test for normality 

 

Given the results in descriptive statistics from skewness, kurtosis, visualizing the distribution 

in histograms, the skewness and kurtosis test for normality and the Shapiro-Wilk W test, we 

can conclude that none of our assets are following a normal distribution. These findings align 

with those of Parma and Wassvik (2010-2017).  
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5.7 Correlation Matrix 
The correlation matrix (table6) shows that cryptocurrencies have a strong correlation 

between each other. Bitcoin/Ethereum 0.699, Bitcoin/Litecoin 0.73, Ethereum/Litecoin 0.69 

and a weak to negative correlation with other non-cryptocurrencies assets. Note that 

Ethereum and Litecoin correlate stronger with Bitcoin than with each other, indicating that 

cryptocurrencies might follow Bitcoins price movement. Our two market portfolios, MSCI 

international world price index and our own portfolio, show a strong correlation of 0.95 

indicating that both indexes might have similar asset allocations and shared exposure to 

certain industries and sectors.  

 

Table 6: Correlation matrix 

5.8 Annualized return 
Table 7 displays the yearly arithmetic mean and yearly geometric mean returns for the 

assets in our dataset (2017-2022). 

 

Table 7:Annualized return 
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One notable finding is that the geometric mean return for cryptocurrencies such as Bitcoin, 

Ethereum, and Litecoin is significantly lower than the arithmetic mean return. For instance, 

Bitcoin has an arithmetic mean return of 61.0% and a geometric mean return of 12.6%, while 

Ethereum has an arithmetic mean return of 131.0% and a geometric mean return of 19.1%. 

Similarly, Litecoin has an arithmetic mean return of 60.3% but a negative geometric mean 

return of -18.7%. 

The difference between the two types of means can be explained by the high volatility and 

unpredictability of the cryptocurrency market. While cryptocurrencies may experience 

periods of high returns, they may also experience significant losses, which can have a 

significant impact on the overall performance. This is reflected in the lower geometric mean 

return as it accounts for the compounding effect of these fluctuations. 

However, despite the differences in arithmetic and geometric mean, Bitcoin and Ethereum 

have on average shown a superior yearly arithmetic and geometric mean return compared 

to the rest of the assets in our dataset.  

 

Table 8: Geometric&Arithmetic mean (yearly) Parma-Wassvik 

Comparing the arithmetic and geometric mean for cryptocurrencies with Parma and Wassvik 

findings, we observed a dramatic decrease in average return in our dataset. Ethereum went 

from a geometric yearly return of 549% to 19% and from an arithmetic yearly mean of 282% 

to 131%. Bitcoin went from a geometric yearly return of 136% to 12.5% and from an 

arithmetic yearly mean of 161% to 61%. Litecoin went from a geometric yearly return of 27% 

to -18 % and from an arithmetic yearly mean of 106 % to 60%. (Parma-Wassvik) 

It is also worth noting that the MSCI International World Price Index USD has an arithmetic 

mean return of 7.1% and a geometric mean return of 5.3%. In comparison, the arithmetic 

mean returns for Own portfolio is 4.3% and a geometric mean return of 2%, meaning MSCI 

shows on average a high return of those two market portfolios.  

In Parma and Wassvik, the MSCI international World Price Index showed an arithmetic mean 

return of 7.3%, and a geometric mean return of 6.5%, generating on average the highest 

return as a non-crypto asset. In our results, as the non-crypto asset we see that Gold/USD 

has the highest return for both arithmetic (8.3%) and geometric (7.3%) mean Gold/USD 

outperforms both of our two market portfolios. Comparing the average yearly return of gold 

with Parma-Wassvik, we can see a significant increase in return for both the arithmetic and 

geometric mean in our dataset. 

Other notable findings from Table 7 are that assets from our dataset range from -6.1% to 

6.4%, while the geometric mean returns range from -0.7% to 4.8%.   
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5.9 CAPM and beta  
In table 9 we see 4 betas with the corresponding yearly expected return based on the assets 

systematic risk compared to our two market portfolios, MSCI international world price index 

and Own constructed portfolio, computed by the capital asset pricing model (CAPM).  

 

Table 9: CAPM and beta 

The betas have been calculated using the following methods,  

Covariance/Variance method: 

 𝐵𝑒𝑡𝑎 =  
𝐶𝑜𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 (𝑅𝑖,𝑅𝑚)

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 (𝑅𝑚)
   

Correlation method 

𝐵𝑒𝑡𝑎 =  ∑ 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 (𝑅𝑖, 𝑅𝑚) ∗  
𝜎𝑖

𝜎𝑚
  

(Mahey, 2023) 

As seen by the formulas, the covariance/variance method calculates beta by dividing the 

covariance of the asset's returns with the market returns by the variance of the market 

returns. On the other hand, the correlation/standard deviation method calculates beta by 

dividing the correlation coefficient between the asset's returns and the market returns by 

the standard deviation of the market returns. 

According to “Christoffersen, P. (2012). Elements of Financial Risk Management (2nd ed.). 

Academic Press», when returns are not normally distributed, we should use the correlation 

method to estimate the betas. As seen in chapter 5.6, we have already rejected the null 

hypothesis of normal distributed returns, we therefore used the beta from the 

covariance/variance method in estimating the assets expected returns (CAPM). As we use 

the beta calculated by covariance/variance in the CAPM, it is natural to proceed with and 

discuss this beta further. Parma-Wassvik proceeded with the same beta and there is only a 
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slight difference between the two beta values as seen in table 9. It is also important to 

inform that we will proceed with the Beta calculated used MSCI international world price 

index as benchmark when comparing to Parma-Wassvik’s findings. This is to obtain the best 

possible basis for comparison. 

 

Figure 8: Beta cov/var with MSCI as benchmark 

Assuming that the MSCI international world price index (market portfolio) is efficient, 

meaning all unsystematic risk (firm specific) is gone and it cannot be diversified more 

without lowering expected return, and is therefore only reacting to changes in systematic 

risk, the market portfolio will have a beta of 1. Using this as a benchmark, we can calculate 

the expected percentage changes in assets return given a 1% change in the market portfolio 

due to systemic shock (beta). (Berk and DeMarzo, 2020, p 379). 

Looking at table 9, we see that Bitcoin (1.145), Ethereum (1.96) and Litecoin (1.64) all have a 

beta above 1, meaning they are sensitive to systematic risk, or market risk and follows the 

market. For every percent MSCI international world price index moves, Bitcoin returns will 

on average move 1.145%, Ethereum returns 1.96% and Litecoin returns 1.64 % in the same 

direction as the market portfolio because their betas are positive.  

An investor needs to be compensated for the risk he is taking and as seen by the capital 

asset pricing model, cryptocurrencies have the highest required return based on the 

systematic risk associated by investing in them. An investor will require a 7.6% return for 

investing in Bitcoin, 10.5% for investing in Ethereum and 9.4% for investing in Litecoin.  
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Figure 9: Beta cov/var (Parma-Wassvik) 

In comparison to the findings of Parma and Wassvik (figure 9), our study reveals significant 

changes in betas. From 2017 to 2022, cryptocurrencies exhibited higher market risk 

compared to the period of 2010 to 2017, indicating that investors during 2017-2022 would 

generally require a higher return on their investments based on the CAPM. Additionally, we 

identified three assets in our dataset with negative betas (UK pound/USD, Euro/USD, and 

USD/Yen), indicating an inverse relationship with the market. Apart from these, the 

remaining assets in our dataset exhibited betas below 1, suggesting lower exposure to 

systematic risk compared to the overall market. Similar to Parma and Wassvik, we utilized an 

annual risk-free rate of 3.5% and set the expected return of the market portfolio to the 

average yearly return of the MSCI international world price index.  
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5.10 Jensen’s Alpha 
We have chosen to focus on the Jensen’s Alpha calculated using the covariance/variance 

beta with MSCI as the market portfolio for better comparison with Parma and Wassviks 

findings. However, it is wort noticing that for the crypto investor not able to invest in the 

MSCI International World Price Index, he would have greater access return investing in 

cryptocurrencies comparing to alternative investments available for him as seen in table 10 

under “own yearly marketportfoloi” indicating again that cryptocurrencies might be a good 

investment for an investor that does not have access to the western market represented by 

the MSCI International world price index.   

 

Table 10: Jensens Alpha 

In Table 10, we observe that four assets exhibit positive Alpha values. These include 

cryptocurrencies (Ethereum, Bitcoin, and Litecoin) as well as Gold. These assets 

outperformed the required return calculated by the capital asset pricing model. Among 

them, Ethereum stands at the top with an Alpha value of 1.204 (120.4%), followed by Bitcoin 

with 0.53 (53%), Litecoin with 0.5 (50%), and Gold with the lowest positive value of 0.04. 
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Figure 10: Jensens Alpha with MSCI as bench 

The rest of the assets performed poorer than the required return calculated by the capital 

asset pricing model with Invesco emerging markets sovereign debt ETF at the lowest value of 

-0.11 (-11%) less than required return. 

 

Figure 11: Jensens Alpha (Parma-Wassvik) 

When comparing the excess return with Parma-Wassvik (figure 11), we can see that their 

dataset from 2010-2017 gave a significantly higher Alpha value for Bitcoin 1.32 (132%) and 

Ethereum 5.49 (549%), but a lower alpha value for Litecoin 0.18 (18%) than in our findings. 

They also have additional 2 non cryptocurrencies assets beating the excepted return set by 

the CAPM. 

Summing up the results from Jensen’s Alpha for the assets and their dataset, we can see that 

cryptocurrencies have been a better investment as they have exceeded the required return 

in the period 2017-2022, however the outperformance has seen a significant decrease from 

the period 2010 – 2017 (Parma-Wassvik).   
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5.11 Treynor ratio 
From table 11 and figure 12, we see that the S&P Global Developed Sovereign Bond Index 

has the highest Treynor ratio at 2.54, indicating that it has the highest excess return per unit 

of systematic risk. On the other hand, the UK Pound Sterling/US Dollar FX Spot Rate has the 

lowest Treynor ratio, indicating that it is providing a negative excess return per unit of 

systematic risk. 

 

Table 11: Treynor ratio 

 

Figure 12: Traynor ratio 
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Regarding cryptocurrencies, Bitcoin has a Treynor ratio of 0.031, indicating that it is 

providing a positive excess return for the amount of systematic risk it possesses. Ethereum 

and Litecoin have lower Treynor ratios of 0.018 and 0.0218 respectively, indicating that they 

are providing lower excess returns per unit of systematic risk compared to Bitcoin. 

MSCI International World Price Index USD, which represents the market portfolio, has a 

Treynor ratio of 0.0035. This means that the market portfolio is providing a relatively low 

excess return for the systematic risk it possesses, compared to other assets in the table. 

When comparing the assets' Treynor ratios from the different time periods (figure 13), we 

observe that the Treynor ratio for Bitcoin decreased significantly from 2.624671 (2010-2017) 

to 0.03131 (2017-2022), Litecoin's Treynor ratio decreased from 0.153523 to 0.021, while 

Ethereum's Treynor ratio decreased from dramatically 1143.524 to 0.0182 indicating a 

decline in the excess return per unit of systematic risk compared to Parma and Wassvik’s 

findings.  

 

 

Figure 13: Treynor ratio (Parma-Wassvik) 

However, despite the decrease in Treynor ratios for cryptocurrencies, our findings indicate 

that cryptocurrencies have proven to be a favorable investment asset during the period of 

2017-2022 compared to other assets in our dataset, as evidenced by their strong Treynor 

ratios.  
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5.12 Information ratio 
Looking at the data from table 12 and figur14, we can see that Bitcoin, Ethereum, Litecoin 

and gold as the only non-crypto asset, have positive information ratios, meaning they have 

outperformed the benchmark MSCI International World Price Index USD on a risk-adjusted 

basis. 

 

Table 12: Information ratio 

 

Figure 14: Information ratio with MSCI based values. 
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Ethereum has the highest information ratio among all assets (0.09), indicating that it has 

delivered the best risk-adjusted performance. Again, we only showcase values based on 

MSCI International world price index for comparing our results to Parma-Wassviks findings.  

The other assets have negative information ratios, implying that they have underperformed 

their benchmark on a risk-adjusted basis. This finding shows that cryptocurrencies and gold 

have been a good asset to invest in during 2017-2022. 

However, when we compare the information ratios of cryptocurrencies with the findings of 

Parma-Wassvik (figure 15), we can see that Ethereum's ratio decreased from 3.8 to 0.099, 

Bitcoin's ratio went down from 1.08 to 0.071, and Litecoin's ratio dropped from 0.15 to 

0.049. This suggests that cryptocurrencies may have been a better investment option during 

the period between 2010 and 2017, based on their higher information ratios. 

 

 

Figure 15: Information ratio (Parma-Wassvik) 

despite the decrease in information ratios for cryptocurrencies, our findings indicate that 

cryptocurrencies (and Gold/USD) have proven to be a favorable investment asset during the 

period of 2017-2022 compared to other assets in our dataset, as evidenced by their high 

information ratios  
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5.13 Sharpe ratio 
Table 13 and figure 16 presents the annualized Sharpe ratios for all the assets in our dataset. 

The table reveals that half of the assets have positive Sharpe ratios, while the other half has 

negative Sharpe ratios. Negative Sharpe ratios can arise when the returns are negative or 

when the annual return is lower than our annual risk-free rate of 3.5%.  

 

Table 13: Sharpe ratio 

 

Figure 16: Sharpe ratio 

 

Table 13 reveals that cryptocurrencies have the highest Sharpe ratios among all assets in our 

dataset, indicating they have delivered the highest return relative to their risk. Ethereum has 

the highest Sharpe ratio of 0.10, followed by Bitcoin (0.07482) and Litecoin (0.0521). Among 
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non-crypto assets, Gold has the highest Sharpe ratio (0.045), followed by the MSCI 

international world price index (0.026). Comparing the Sharpe ratio of our constructed 

portfolio (0.0065) to that of the MSCI index (0.026), we find that the MSCI index outperforms 

our portfolio in terms of risk-adjusted returns. However, the lower Sharpe ratio of our own 

market portfolio designed to reflect the average crypto investor's investment opportunities 

suggests that an investor not able to invest in the MSCI index will yield an even better 

reward to risk ratio by investing in crypto compared to alternative investments available 

(own portfolio). 

Based on our analysis, cryptocurrencies have demonstrated to be the best investment during 

the period of 2017-2022 based on their Sharpe ratios. However, when comparing the Sharpe 

ratios of our three cryptocurrencies with the findings of Parma-Wassvik (figure 17), we 

observe a decline in their Sharpe ratios. Ethereum's Sharpe ratio decreased from 1.98 to 0.1, 

Bitcoin's from 1.34 to 0.074, and Litecoin's from 0.746 to 0.052. This indicates that investors 

would have obtained lower returns relative to the associated risk of investing in 

cryptocurrencies during 2017-2022 compared to the period of 2010-2017. 

 

 

Figure 17: Sharpe ratio (Parma-Wassvik) 
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5.14 Sortino Ratio  
Table 14 and figure 18 shows that out of all the assets in our dataset from 2017-2022, only 

four demonstrate a positive Sortino ratio. Ethereum had the highest value of 0.17, followed 

by Bitcoin with a value of 0.11, Litecoin with a value of 0.09, and gold, as the only non-

cryptocurrency, with a Sortino ratio of 0.014. These findings indicate that these assets have 

proven to be good investments in our dataset during the period of 2017-2022, 

outperforming traditional assets. 

 

Table 14: Sortino ratio 
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When comparing the Sortino Ratio between the periods of 2017-2022 and 2010-2017 (figure 

19), significant declines are observed. Ethereum's Sortino Ratio fell from 3.919 to 0.17, 

Bitcoin's declined from 2.144 to 0.11, and Litecoin experienced a decrease from 1.42 to 0.09. 

These decreases indicate that the risk-adjusted performance of these cryptocurrencies was 

lower in the period of 2017-2022 compared to 2010-2017 

Figure 18: Sortino ratio 

 

Figure 19: Sortino ratio (Parma-Wassvik) 

despite the decrease in Sortino Ratio ratios for cryptocurrencies, our findings indicate that 

cryptocurrencies (and Gold/USD) have proven to be a favorable investment asset during the 

period of 2017-2022 compared to other assets in our dataset.   
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5.15 The efficient frontier and the equal and optimal weighted portfolio 
In this section, we present our findings on efficient frontiers and optimal weighted portfolios 

using the three datasets described in chapter 4.3: our dataset from 2017-2022, Parma and 

Wassvik's dataset from 2010-2017 (including all assets but with only Bitcoin as 

cryptocurrencies), and Parma and Wassvik's dataset from 2015-2017 (including all assets and 

all cryptocurrencies). 

For each dataset, we constructed efficient frontiers to analyze the risk-return relationship 

and determined the optimally weighted portfolios and if crypto should be included. Each 

dataset is presented separately, with an efficient frontier graph illustrating the assets 

involved, a table displaying the coordinates of the optimally weighted portfolios based on 

their risk and return characteristics (coordinates to the efficient frontier graph), and an 

additional table showcasing both equally and optimally weighted portfolios. Detailed 

calculations and the covariance-variance matrix can be found in the attached data for 

further details. 

Table 15, 17, and 19 have been scaled to maximize space utilization for better readability. As 

a result, the table references are placed on the following page. For a clearer visualization, we 

recommend referring to the attached dataset. 

 

5.15.1 The efficient frontier and optimal weighted portfolio with data from 2017-2022 

 

Figure 20: Efficient frontier 2017-2022 
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Table 15: Efficient frontier portfolios 2017-2022 

Figure 20 is a visualization of the efficient frontier for the 2017-2022 dataset. The efficient 

frontier is the optimal set of portfolios returning the highest return for a given risk or the 

lowest risk for an expected return (Ganti, 2022). Figure 20 gives a clear visualization that you 

can improve the return of the portfolio for the same amount of risk by diversifying into other 

assets. (Berk and DeMarzo, 2020.  p412) 

Table 15 shows the optimal return for a given risk used to graph the efficient frontier. 

Looking at table 15 and figure 20 we see that if we want the lowest weekly return with the 

lowest risk, we should invest all our money in Invesco Emerging Markets Sovereign Debt ETF 

giving us a weekly return of -0.0012 and a sharp ratio of -0.09. However, as we start to 

combine assets, we can optimize the Sharpe ratio. By Investing 50% in MSCI International 

World Real Estate Price Index, 8% in Gold, 20% in US/Yen, 1,4% in Bitcoin and 8,3% in 

Ethereum we will have similar risk but a weekly return of 0.0039. By investing 6.5% in 

Euro/USD, 2.5% in Refinitiv Global Emerging Markets Price Return Index, 60% in SPDR FTSE 

Intl Govt Inflation-Protected Bond, 4% in Gold, 0.19% in UK Pound Sterling/US Dollar and 

25% in US Dollar/Japanese Yen we achieve the lowest risk possible with the highest return 

(min var portfolio). If an investor wants the highest return for the highest possible risk, he 

needs to invest 100% of his money in Ethereum giving an expected weekly return of 0.016, 

with a variance and standard deviation of 0.023 and 0.15 giving a Sharpe ratio of 0.1. Note 

that we did not include the risk-free rent as we only wanted to showcase the combination of 

our risky assets. 
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Table 16: Optimal and equally weighted portfolio 2017-2022 

 

From table 16 we can see that if an investor invests an equal amount of money in all assets 

(5.8%), the portfolio will yield a weekly return of 0.00251, with a variance and standard 

deviation of 0.000810, 0.028 and a sharp ratio of 0.06509. However, this is not the optimal 

combination of assets. 

The optimal combination of assets in this data set to achieve the highest Sharpe ratio (return 

given risk) would be to invest 79.9% in MSCI International World Real Estate Price Index, 

5.8% in US Dollar/Japanese Yen, 2.1% in Bitcoin and 12% in Ethereum. This combination 

gives a Sharp ratio of 0.13 with an expected weekly return of 0.0052 and variance and 

standard deviation of 0.0011 and 0.033. This shows that Bitcoin and Ethereum should be 

included in a diversified portfolio with data between 2017-2022.   
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5.15.2 The Efficient frontier and optimal weighted portfolio with data from Parma-Wassvik 

only including Bitcoin.  
 

 

Figure 21: Efficient frontier 2010-2017 (Bitcoin) 
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Table 17: Efficient frontier portfolios 2010-2017 (Bitcoin) 

The efficient frontier for the dataset from 2010-2017, depicted in Figure 21 and summarized 

in Table 17, focuses solely on Bitcoin. Ethereum and Litecoin were excluded from the 

analysis to minimize missing values, as the earliest observation of Ethereum was on 

7.08.2015 and Litecoin on 25.10.2013. This allows us to isolate the impact of Bitcoin in 

constructing a portfolio based on this dataset. 

As seen in table 17 and figure 21, an investor can get the lowest return given risk by 

investing 100% in UK Pound Sterling/US Dollar, this will yield a weekly average return of -

0.003 and a variance and standard deviation of 0.001 and 0.011. The highest return given 

possible risk would be to invest 100% in Bitcoin while the minimum variance portfolio would 

be to invest 7% in HFRX Global Hedge Fund CAD, 0.7% in ICE Brent Crude Electronic Energy 

Future Continuation, 77% in S&P Global Developed Sovereign Bond Index, 10% in 

Pound/USD, 2.4% in Euro/Usd and US/yen giving a variance of 0.0000075.  

 

Table 18: Optimal and equally weighted portfolios 2010-2017 (Bitcoin) 

As seen from table 18, the optimal weighted portfolio for this dataset has 68,5% invested in 

MSCI International World Price Index and 31.4% in Bitcoin. This combination gives the 

highest Sharpe ratio of 0.19 with a variance and standard deviation of 0.00288 and 0.0537 

giving a weekly average return of 0.0109. This finding shows that Bitcoin increases the 

Sharpe ratio and should be included in a portfolio based on this dataset as it improves it.   
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5.15.3 The Efficient frontier and optimal weighted portfolio with data (2015-2017) from 

Parma-Wassvik including all assets.  

 

Figure 22: Efficient frontier 2015-2017 with all assets in Parma-Wassvik’s dataset 
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Table 19: Efficient frontier portfolios 2015-2017 

 

Table 20: Optimal and equally weighted portfolios 2015-2017 

 

Figure 20 and table 19 illustrate the efficient frontier derived from the dataset of Parma and 

Wassvik, covering the period from 2015-2017 (Dataset 3), which includes all the assets. 

Table 20 presents the optimally weighted portfolio based on risk and return, indicating that 

the portfolio should include 37.4% Gold, 26.6% Bitcoin, 5.5% Litecoin, 14% Ethereum, 5% Ice 

Brent Crude, and 10.8% Thomson Reuters Global Developed Index. This gives the highest 

Sharpe ratio of 0.37, further highlighting the importance of including cryptocurrencies in a 

diversified portfolio. 

To sum up our findings using the three different efficient frontiers, Cryptocurrencies has in 

all cases contributed to the portfolio performance and has in all cases been included in the 

optimally weighted portfolio, meaning the best overall portfolio possible includes 

cryptocurrencies given the dataset. This shows that crypto, more specifically Ethereum and 

bitcoin, should be included in a well-diversified portfolio given data from 2017-2022.   
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6 Conclusion: 
In this study, we aimed to reevaluate the conclusion of Parma and Wassvik’s thesis that 

examined the performance of cryptocurrencies as investments from 2010 to 2017. Our 

objective was to determine whether cryptocurrencies continue to be a lucrative investment 

opportunity in the subsequent period from 2017 to 2022 and if they should be included in a 

diversified portfolio, considering the significant volatility experienced by the crypto market 

in recent years. We also included our own constructed portfolio for reflecting the average 

crypto investors benchmark as not all crypto investors have access to MSCI International 

World Price Index.  

Upon analyzing the data, we find that the initial thesis's conclusion remains valid. While 

cryptocurrencies have indeed demonstrated the potential for higher returns compared to 

traditional assets, we observed that their performance has diminished during the 2017-2022 

period. 

Our research indicates that although cryptocurrencies, namely Ethereum and Bitcoin, 

continue to outperform all traditional assets in our data set, their overall return has been 

less remarkable in recent years. Even though the variance has decreased for all the 

cryptocurrencies indicating less volatility than in 2010-2017, the bigger decrease in return 

has made crypto perform worse considering the risk. The decrease in risk and return 

compared to (Parma-Wassvik) can be explained by the high and constant weekly price 

growth crypto currencies experienced from 2010 to 2017 giving high variance (because of 

the rapid and high growth) and high average return, while crypto in 2017 to 2022 have 

experienced both negative and positive price changes and less extreme observation around 

the mean giving a lower return and lower variance.  

When considering the risk-return tradeoff, cryptocurrencies still offer potential benefits, but 

their performance metrics do not surpass those of the previous period. It is worth noting 

that data used in Parma-Wassvik are affected by extreme positive observations (outliers) as 

in 2017 due to the rapid increase in crypto prices during this period. These extreme 

observations might have given a “misleading” variance that has also given misleading 

metrics. In our study, we capture a dramatic price increase but also a dramatic price 

decrease, giving us less outliers and therefore more reliable data with more reliable metrics 

that concludes cryptocurrencies outperform all assets despite their variance.  

In conclusion, while the original thesis concluded that cryptocurrencies have been an 

attractive investment opportunity and should be included in a well-diversified portfolio, our 

study with new and more reliable data confirms that cryptocurrencies should be included in 

a well-diversified portfolio and have shown to be a superior investment compared to 

alternative assets available in our dataset.  

It is important to emphasize that our study focused on the period from 2017 to 2022, and 

future research should continue to monitor the performance of cryptocurrencies to provide 

a more comprehensive understanding of their long-term investment potential.  
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