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Abstract

The recent development of cryptocurrencies has given investors further options of
diversification benefits and high returns in their investment portfolios. Due to their unique
characteristics, cryptocurrencies have sparked the attention of investors who seek to attain
higher returns at the cost of higher risk compared to traditional assets. Past literature makes
use of various approaches in order to assess the benefits of including cryptocurrency assets
in investment portfolios. This thesis aims to investigate the potential benefits of
diversification as well as the potential of increased performance by including cryptocurrency
assets in a traditionally diversified portfolio. With the use of a MVO approach the research
constructs 12 different portfolios with different investor sentiments. The results show that the
portfolios including three cryptocurrency assets have superior risk-adjusted returns
compared to the traditionally diversified portfolios and the portfolios only incorporating BTC.
Along with superiority in risk-adjusted returns, the results also show that higher returns are
possible with the inclusion of cryptocurrency assets, though at the cost of higher risk.
Examining the efficient frontiers of portfolios consisting of only traditional assets and
portfolios including three cryptocurrencies, the implications of using subjective constraining
of the weights are assessed. Since MVO assumes fixed and constant correlation, the time-
varying correlation between two indices and two cryptocurrency assets is examined with the
use of a DCCGARCH model. The DCCGARCH model shows highly time-varying correlation
between the assets, correlation reaching both negative values and relatively high positive
correlation. Consequently, examining the dynamic time-varying relationships between
assets is important for investors who seek to take advantage of diversification benefits, as
these might change substantially through time. Furthermore, the thesis discusses the
implications and limitations of the conducted research, proposing how different approaches
in methodology possibly can assist in overcoming these limitations.

Lastly, investment decisions affected by behavioral finance factors are discussed in relation
to cryptocurrency assets. Several behavioral finance factors are observed in the
cryptocurrency markets, leading to suboptimal investment decisions.
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1. Introduction

Cryptocurrencies have risen notably in popularity in recent years. Financial markets have
experienced significant change since the invention of Bitcoin in 2008 with the emergence of
alternative investment opportunities within the bounds of Bitcoin and altcoins like Ethereum
XRP and Litecoin. Due to their high upside potential, cryptocurrencies have sparked interest
for casual investors who are seeking higher returns than traditional assets. In the context of
investment portfolios, cryptocurrencies have accumulated attention for their potential
diversification benefits in times of market stress where traditional assets display correlation
(Liu, 2019).

Cryptocurrencies use blockchain technology which detach common third-party
intermediaries in financial systems. This decentralization empowers the blockchain
technology to not only have increased capacity, but also better security and faster
settlements, which all are lackluster features of the financial industry. Blockchain technology
allows for peer-to-peer transactions which have lower settlement risk and lower transaction
costs than traditional currency payment systems .

Cryptocurrencies uses blockchain as a public ledger and rely on a ‘proof of work’ algorithm
which is able to track transactions, hence removing the need for an authority to verify and
timestamp different transactions. This solves the double-spending problem, which relates to
the difficulty of ensuring that digital currency is not duplicated.

Cryptocurrencies also differ from traditional financial assets by not being based on the value
of a corporation, the state of a country’s economy or any tangible asset. While traditional
financial assets derive their value from such factors, cryptocurrency values are to a greater

degree driven by supply and demand dynamics (Lee, Guo, & Wang, 2017).

Due to these unique characteristics of cryptocurrencies, an increasing number of investors
consider cryptocurrencies as means to expose themselves to the potential of high returns.
Besides enabling the potential of high returns, investors are increasingly exploring allocation
strategies of cryptocurrency assets to reduce overall risk and enhance returns. Despite their
benefits of high upside potential, cryptocurrency assets also bring distinctive risk

characteristics like regulatory uncertainty, technological vulnerabilities and speculation.
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These risk characteristics makes risk management essential when including

cryptocurrencies in investment portfolios (Lee, Guo, & Wang, 2017).

This thesis aims to investigate the role of cryptocurrencies in portfolio selection, focusing on
their impact on diversification and overall performance. Utilizing mean-variance
optimization, this study seeks to provide insights in the impact of integrating cryptocurrencies
in a traditional investment portfolio. Assessing the Sharpe ratio as the performance measure,
the performance of a traditional investment portfolio and portfolios including one or more
cryptocurrencies will be compared. Moreover, the thesis seeks to investigate the time-
varying conditional correlation between two indices and two cryptocurrency assets and the

implications for diversification benefits.

1.1 Portfolio diversification

Portfolio diversification plays an essential role in managing investments. Fundamentally,
portfolio diversification aims to reduce the overall risk while increasing the returns through
spreading investments across asset classes, limiting the exposure to a single or few assets.
The financial rationale behind diversification is that a combination of assets is going to grant
higher returns and lower risk than an individual asset will (Segal, 2023).

Utilizing the benefits of diversification, investors are able to mitigate unsystematic risk, also
called diversifiable risk, which is the company-specific risk. Examples of unsystematic risk
are business risk and financial risk. On the other hand, systematic risk is a risk that is
inherent in the market not caused by factors in control of an individual company. Hence,
systematic risk is undiversifiable. Examples of systematic risk are market risk and interest
rate risk. Another benefit of diversification is that it can smoothen the returns of a portfolio
because a diversified portfolio tends to display less volatility over time. The reason for this
is that different assets and asset classes generally react in different ways to the same events
happening in the financial markets. During periods of uncertainty, diversified portfolios are
less affected than concentrated portfolios in general, which ultimately reduces the impact of
otherwise disadvantageous movements in the market. Investors who diversify their portfolios
also have a greater ability to invest in various assets and sectors, enhancing their potential
for higher returns. Asset classes commonly used for the benefit of diversification are stocks,
bonds, real estate, ETF’s, commodities and cash and short-term cash equivalents. These
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benefits only hold if the portfolio’s securities are not perfectly correlated with each other,

meaning that they respond differently to market fluctuations (Chen, 2023).

1.2 Research question.

How does the inclusion of cryptocurrency assets in a traditionally diversified portfolio affect
diversification benefits and risk-adjusted return?

How does time-varying correlation impact benefits of diversification?

1.3 Relevance
Following the emergence of cryptocurrencies being considered and recognized as an asset

class, understanding the nature of these cryptocurrencies and their use in diversifying
portfolios becomes increasingly important. The following section seeks to explain the
relevance of investigating portfolio selection with cryptocurrencies in relation to

diversification benefits and overall performance enhancement.

Cryptocurrencies have during the last decade changed from being mysterious digital
currency to a recognized asset class with global market capitalization of over $2 trillion
(Forbes, 2024). As of 2024, there were just over 9.000 tradable cryptocurrencies. However,
the top 20 cryptocurrencies represent almost 90% of the market. The reason for the high
number of cryptocurrencies is due to the fact that it is relatively easy to make one, meaning

that a substantial amount might be inactive or discontinued (Statista, 2024).

Cryptocurrencies have historically exhibited low correlation with traditional assets, meaning
that benefits of diversification possibly can be exploited. For this reason, investors seeking
to optimize their portfolio allocation strategies should explore to what extent cryptocurrencies
can improve portfolio diversification and risk-adjusted returns. Cryptocurrencies are
inherently volatile and uncertain, which creates an increasing necessity for managing risk in
the construction of investment portfolios.

The potential diversification benefits and performance enhancement of including
cryptocurrency assets in investment portfolios are relevant to both casual investors and
financial advisors since both types of investors potentially can diversify their portfolios better
and affect the risk and return profile of their portfolios in a positive way. In order to fully

capture the diversification benefits of traditional assets and cryptocurrency assets, investors
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must consider the time-varying aspect of correlation between these assets. As correlation
change through time as a consequence of changes in market conditions such as financial
crises and other macroeconomic events, investors should investigate the dynamic

relationship between assets in order to make better informed investment decisions.

2. Literature review

The following review of empirical articles seeks to explore previously written literature
regarding portfolio selection with the inclusion of cryptocurrencies as well as time-varying
correlation and how different scholars have conducted analysis on the subjects. The aim of
the literature review is to use well-cited literature in order to guarantee the quality and
reliability of the surveyed material. Since cryptocurrency is a relatively new phenomenon,
the most recent literature might have fewer citations than the earliest research conducted

on these subjects.

Briere, Oosterlinck, & Szafarz (2015) explored the diversification benefits of Bitcoin in the
early days of the asset. Analyzing data from 2010-2013, the authors found that BTC had a
high average return and volatility. Even marginal proportions of BTC added to a traditional
diversified portfolio offered significant increases in risk-adjusted returns. They also found
that BTC correlated weakly with traditional assets and argue that the early-stage behavior
might not replicate itself in the future. The early-stage behavior also does not imply that BTC
correlation will remain at the same low level during uncertain periods in the financial markets
such as during crises. The presence of extreme risk associated with BTC is reflected by very
high skewness and kurtosis. For this reason, the authors argue that investing in BTC should
be done cautiously even though the results showed that adding BTC in a traditionally
diversified portfolio enhanced the risk-adjusted return. This is also reflected in the adjusted
Sharpe ratio, which decreases when including BTC, meaning that investors are subject to
increases in extreme risk (Briere, Oosterlinck, & Szafarz, 2015).

Utilizing Modern Portfolio Theory, Andrianto & Diputra (2017) found that their constructed
portfolio benefitted from the inclusion of cryptocurrencies by minimizing the standard
deviation and created more allocation options for investors. The authors conducted a
portfolio of different asset types of foreign exchange and commodities with optimal asset

allocation with the objective of maximizing the Sharpe ratio. The construction of the portfolios
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was constructed using Modern Portfolio Theory which proved to outperform both the
S&P500 and Dow Jones indices. Similarly, the authors emphasize the profound risk profile
of cryptocurrencies, with standard deviation rates reaching over 100% which are consistent
with the high rate of return. Finally, the authors find that the optimal allocation of Bitcoin is
between 5% and 20% when aiming to maximize the Sharpe ratio (Andranto & Diputra,
2017).

Similar research has been done by Youssef, Meriem, Naoua, Abdelaziz, & Chibane (2023),
who based on multi-objective portfolio selection found that the addition of cryptocurrencies
in a traditional diversified portfolio increased the risk-adjusted return substantially. The
analysis was based on daily and weekly data from BTC, ETH and ripple for cryptocurrency
assets and S&P500, NASDAQ, crude-oil and gold as the traditional assets. Analyzing both
in-sample and out-of-sample data, the authors found that adding cryptocurrencies shifts the
efficient frontier upwards, implying that a portfolio including cryptocurrencies has a higher
return than a traditional portfolio, for the same level of risk. This is also the case when adding
cryptocurrencies to a traditional portfolio with Bitcoin included. For both risk-averse and risk-
seeking investment portfolios, including cryptocurrencies improved the overall performance.
This improvement is due to the fact that the added cryptocurrencies display better risk-
adjusted returns while not being perfectly correlated to Bitcoin (Youssef, Meriem, Naoua,
Abdelaziz, & Chibane, 2023).

Another study presented by Mba & Mwambi (2020) utilized a MSCOGARCH model for
cryptocurrency portfolio selection to compare the performance of a COGARCH model.
MSCOGARCH is a Markov-switching model, which means that modeled variables can
switch between states or regimes which are managed by probabilities. These states or
regimes, in the context of finance, could represent high and low periods or volatility. The
MSCOGARCH model also captures structural breaks within each state of these Markov
switching, achieving the minimum risk and the maximal return. Since cryptocurrencies
exhibit strong positive correlation, the authors argue that using MSCOGARCH for their
investment decisions should be considered. Especially in relation to diversification, as the
Markov-switching frameworks are able to model the volatility of cryptocurrencies effectively,
while capturing fluctuating correlations in different regimes. The paper concludes, in line with
existing literature, that the MSCOGARCH outperforms the COGARCH (Mba & Mwambi,
2020).
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Tiwari, Raheem, & Kang (2019) used a copula-ADCC-EGARCH model to examine the time-
varying correlations between six cryptocurrencies and the S&P500 index from 2015-2018.
They find that volatilities respond to negative shocks to a greater degree than positive in
both cryptocurrency and stock markets. The observed low time-varying correlation between
S&P500 and the six cryptocurrencies suggest that cryptocurrencies could be used as a
hedge against the risk of S&P500. Despite this observation, large increases in correlation
were found. These increases were due to unfavoring news in relation to cryptocurrency
trading. The authors conclude that cryptocurrency assets are an important element in
portfolio diversification since these can be used as a hedge against the traditional stock
market. However, investors should be aware of changes in regulations and other

macroeconomic factors (Tiwari, Raheem, & Kang, 2019).

Cesarone, Scozzari, & Tardella (2020) proposed a new framework with the intention of
joining the advantages of optimization and diversification strategies for portfolio selection.
The authors utilized the Risk Parity approach, where the total risk contributions of all
securities in a portfolio are allocated equally among the securities. They test their approach
on three major stock markets, namely the S&P500, FTSE100 and NASDAQ100. Obtaining
the mean-variance Risk Parity efficient frontier for each data set and the corresponding
traditional mean-variance efficient frontier, the authors compare these efficient frontiers. The
results show that adding additional Risk Parity constraints while still maintaining equal risk
contributions from the different securities, does not cause a notable worsening on the
selected portfolios’ quality compared to the traditional approach (Cesarone, Scozzari, &
Tardella, 2020).

Boiko, Ye, Kononenko A, & Goncharov (2021) examines the optimization of cryptocurrency
portfolios including Amazon stocks, focusing on the associated risks. They argue that
Markowitz’ mean variance portfolio is not applicable due to the presence of heavy-tailed
profitability, meaning that the cryptocurrency data was not normally distributed which
similarly was found in previous literature. As a consequence of the data exhibiting non-
normal behavior, the standard deviation which traditionally serves as the adequate measure
of risk in the Markowitz’ framework loses its informative value of risk. Instead, the authors
base their analysis on the Cauchy distribution function, which unlike the normal distribution
does not have a finite mean or variance. Furthermore, the Cauchy distribution has heavy

tails and undefined moments, making it more applicable when modelling extreme values.
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The risk estimation of cryptocurrencies was obtained using the VaR approach which
measures the potential risk of loss in a portfolio. As a way of managing the risk of a portfolio
consisting of cryptocurrencies, the paper uses Amazon stocks in the portfolio allocation

structure (Boiko, Ye, Kononenko A, & Goncharov, 2021).

In conclusion, existing literature handles the subject of portfolio selection with
cryptocurrencies using relatively different approaches. Depending on the given purpose of
the literature, authors use Modern Portfolio Theory and modifications in order to construct
portfolios which include cryptocurrency assets. Moreover, scholars explore different

adaptations of GARCH models to model volatility and correlation of cryptocurrency assets.

3. Data

The data set used in the thesis contains daily closing prices of three biggest cryptocurrencies
as of February 2024, not including stablecoins that follow a certain currency, namely Bitcoin
(BTC), Ethereum (ETH) and Binance coin (BNB). Cryptocurrency prices are extracted from
Investing.com. The data set also includes the daily closing prices of three traditional assets:
S&P500, NASDAQ and Gold. The daily prices of the traditional assets are extracted from
Factset. The data sample covers the period from February 1, 2019 to February 1, 2024,
leading to a total number of observations of 1259 per asset. In order to compatibilize the
data, cryptocurrency prices are trimmed the match the trading days of the traditional assets.
The choice of S&P500, NASDAQ and gold as traditional assets is based on the aim of having
broadly represented indices paired with a relatively stable asset.

S&P500 is a widely followed equity index, including 500 of the leading companies in various
industries of the U.S. economy. The index consists of companies in industries like
information technology, financial markets, health care and consumer discretionary among
the largest. S&P500 is often used as a benchmark against other asset classes or portfolios
and used as a building block in portfolio construction (FactSet, 2024).

NASDAAQ is another major index which measures domestic and international based common
type stocks listed on the NASDAQ stock exchange. The index especially weighs technology
and high-growth companies and includes over 3.000 companies. Including high-growth and
innovative companies, NASDAQ reflects investor sentiment towards more risky investments
compared to S&P500 (FactSet, 2024).

Gold has been chosen as the last traditional asset for its historical role in financial markets.
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Unlike traditional currencies and other assets, gold has maintained its value through time.
Historically, holding gold has been an approach to hedge against inflation since its value
tends to rise with the cost of living. During periods of high inflation, gold prices rise with the
increasing cost of goods and services, whereas traditional fiat currency loses purchasing
power to higher inflation rates. Gold has also historically been a great component is

diversification, exhibiting low or even negative correlation with stocks and other financial

instruments (Bromberg, 2024).

Table 1: Correlation matrix of the returns.

S&P500 NASDAQ | Gold BTC ETH BNB
S&P500 1
NASDAQ | 0,947501 |1
Gold 0,140521 | 0,136024 |1
BTC 0,325976 | 0,34726 0,139869 |1
ETH 0,348215 | 0,363598 | 0,139001 | 0,825827 |1
BNB 0,304384 | 0,316083 | 0,092857 |0,669941 |0,704191 |1

Source: Own construction

Table 1 above displays the correlation matrix of the daily return series. The table shows that
there are high positive correlations between the cryptocurrency assets, BTC and ETH
exhibiting the highest positive correlation of 0,825827. However, the cryptocurrency assets
are weakly positively correlated to both S&P500 and NASDAQ, ranging from 0,304384 to
0,363598. This indicates that there is some relationship between the cryptocurrency assets
and S&P500 and NASDAQ. However, they are not strongly correlated which means that
diversification benefits can be achieved, as these assets do not fluctuate perfectly with
S&P500 and NASDAQ. On the other hand, S&P500 and NASDAQ are very positively
correlated, meaning that these assets move in the same direction. Finally, it is observed that
Gold is weakly correlated to every other asset. The relatively weak correlation between the
cryptocurrency assets and the indices underlines the possible diversification benefits to be

had, when including these assets in a portfolio.
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Table 2: Statistical properties of the data

Mean Median Max Min Std.dev Skewness | Kurtosis | Jarque-

bera

S&P500 | 0,0004728 | 0,0008531 | 0,0896854 | - 0,0134303 | -0,8414 14,5461 | 0,0
0,1276511

NASDAQ | 0,0005954 | 0,0012644 | 0,0893461 | - 0,0158357 | -0,6551 7,4796 |0,0
0,1314906

Gold 0,0003491 | 0,0003175 | 0,0513343 | - 0,0094758 | -0,2767 3,6616 | 0,0
0,0526457

BTC 0,0019981 | 0,0010264 | 0,2030464 | - 0,0430236 | -1,0824 14,0309 | 0,0
0,4647392

ETH 0,0024355 | 0,0016296 | 0,3435226 | - 0,0548044 | -0,9498 12,5515 | 0,0
0,5507317

BNB 0,0030389 | 0,0018369 | 0,5292179 | -0,543084 | 0,0573479 | -0,2795 16,4603 | 0,0

Source: Own construction

Table 2 above provides an overview of the descriptive statistics of the 6 assets’ daily return.

It can be observed that the cryptocurrency assets have substantially higher daily mean

returns, while also having considerably higher standard deviations. This coheres when

looking at the minimum and maximum values of the daily returns. The cryptocurrency assets

display both lower minimum values and higher maximum values than the traditional assets.

All asset returns are leptokurtic, indicated by the high kurtosis, with gold being closest to a

normal distribution. Furthermore, all assets returns are asymmetric, indicated by the

negative skewness.

4. Methodology

The following section aims to describe the methodical considerations of the thesis in relation

to data collection, performing MVO and DCCGARCH.
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4.1 Mean-variance Optimization

Mean-variance optimization (MVO) is a framework developed by Harry Markowitz in 1952.
Balancing the expected return and risk, MVO provides a framework for constructing efficient
investment portfolios. The expected return and risk within the framework are measured by
variance or standard deviation. The key concept of MVO is to construct and select portfolios
based on expected performance and risk appetite of the investor. This could include either
maximizing expected returns for a given level of risk or minimizing risk for a given level of
expected return. Identifying the optimal asset allocation is a crucial step to make sure that
the constructed portfolios satisfy the investor’s risk-aversion. Furthermore, the MVO theory
states that with the use of returns, volatilities and constraining investment choices, an
optimization can be performed which results in the efficient frontier. Underlying every point
of the efficient frontier, there is a portfolio that results in the highest possible return for that
given level of risk and vice versa. (Fabozzi, Gupta, & Markowitz, 2002).

While MVO is a framework that seeks to maximize return and minimize risk and has set the
foundation for advancements in portfolio management, its limitations and challenges have
received criticism over the years. Even though investors intuitively should prefer
diversification of their portfolios, it is essential to recognize that investors might have utility
functions that diverge from the principles of MVO. Despite the theoretical intuition and
interest, different preferences and risk appetites can deviate from the underlying
assumptions of MVO, leading to portfolio selection not perfectly aligning with MVO
suggestions. In conjunction with the utility functions of investors, MVO also assumes that all
investors are rational and risk averse. In practice, investors are not constantly or consistently
rational and are affected by emotional decisions, stale market information or unnecessary
risk-seeking behavior.

MVO assumes that asset returns are normally distributed when in fact, it has been observed
that asset returns frequently exhibit non-normality such as high kurtosis or skewness, which
result in violation of the MVO assumptions. Furthermore, MVO assumes that correlation
between assets is fixed and constant. However, these correlations are contingent upon the
dynamic relationships among assets, which fluctuate with changes in their interactions. An
example of this could be during a market crash, where assets generally tend to become
positively correlated because the value of the assets decrease together.

MVO does not explicitly account for taxes or transaction costs, which real financial products
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are subject to. Taking these factors into account may alter the portfolio optimization in reality
(Okoth, 2020).

The first part of the analysis seeks to examine the impact of adding cryptocurrencies to
traditionally diversified portfolios. The impact is achieved by performing a MVO-analysis on
three different portfolios, constraining the portfolios depending on the investment goal. The
first portfolio (portfolio type A) consists of only traditional assets. The second portfolio
(portfolio type B) consists of traditional assets and BTC. The third portfolio (portfolio type C)
consists of traditional assets and the addition of BTC, ETH and BNB. For each portfolio type,
weights are obtained by maximizing the Sharpe ratio, maximizing return and minimizing
standard deviation, leading to 9 different portfolios. In conjunction with obtaining weights by
maximizing the Sharpe ratio, maximizing return and minimizing standard deviation, an
equally weighted portfolio for each portfolio type is created in order to examine the impacts
of constraining the weights, summing up to 12 different portfolios. For all portfolio types
except the equally weighted portfolios, the weights of traditional assets are constrained to
represent a minimum of 5% and a maximum of 40%. The weights of cryptocurrencies are
constrained to represent a minimum of 1% and a maximum of 10% combined. Limiting the
minimum and maximum weight levels ensures that no asset is over-represented and that a
baseline of investment in a single asset is set. Constraining the cryptocurrency weights to a
maximum of 10% ensures that the high-risk nature of cryptocurrencies does not excessively
impact the overall risk profile but allow the portfolios to capture some of their upside
potential. In addition to limiting the maximum weight of cryptocurrencies to 10%, a maximum
of 3,33% per cryptocurrency is set, assuring that no single cryptocurrency is going to be
overrepresented in the portfolios containing both BTC, ETH and BNB. Furthermore, the
constraints do not allow for any short selling or leveraged positions. The same minimum and
maximum weight constraints are applied across all portfolios, standardizing the portfolios
allowing comparison under the same constraints. The weights are obtained using the solver
function in Excel, setting the appropriate objective to either maximize and minimize, while

constraining the weights to their respective minimum and maximum value for each portfolio.

To perform MVO, the variance-covariance matrix for the assets must first be obtained.

The daily log returns for each asset are firstly calculated using the following equation:
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e =)
t—1

Where 7, is the daily log return at time t calculated of asset i as the percentage change in
the price of the asset’s between P, and P,_, expressed as the natural logarithm of the ratio

of the price at time t to the price at time t_;.

The average daily log return is calculated using the following formula:

t=

=

Where 7; is the average daily log return of asset i over N periods.

The excess return is calculated by subtracting the average daily log return by the daily log
return, expressed by the equation:

Xig =Ty — T
Where x; , is the excess return of asset i at time .

Then, the covariance for each asset can be obtained using the formula:

N

Z(xi,t — %) (X% — Xj)

t=1

And finally, the variance-covariance matrix can be obtained using the formula:

1 t
Bue = () XX

Where,

X is the matrix of excess returns or the daily return minus the average daily return.
X' is the transpose of the excess return matrix.

N is the number of periods.

Y.k Is the variance-covariance matrix of kxk assets.

4.2 Portfolio return

The portfolio return is the weighted average of the returns of the individual assets given the
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portfolio weights. The return of the portfolio R,, consisting of N assets is given by the following

equation:

N
Rp = z WiRi
]

L

Where,
w; is the weighted proportion of asset i in the portfolio.

R; is the expected return of asset i in the portfolio.

The expected return for each asset is obtained by using the EXP function in Excel for the
average log returns and annualized by multiplying by the number of trading days in a year
which is 252.

4.3 Portfolio standard deviation
A given portfolio consisting of two stocks has the following standard deviation, a,:

2 2 2 2
ap\/w1 of +wyoy + 2wiw,0;,

Where,

w; is the proportion invested in asset 1.
w, is the proportion invested in asset 2.
o, is the standard deviation of asset 1.

o, is the standard deviation of asset 2.

The standard deviations of the portfolios are obtained by matrix multiplication of the weights
and the variance-covariance matrix, given by the MMULT Excel function. Again, this is
annualized by multiplying by the number of trading days in a year. To obtain the portfolio
standard deviation, the portfolio variance calculated from the matrix multiplication of the

weights and the variance-covariance matrix is square rooted.

The calculations used to perform the MVO analysis including the variance-covariance matrix

can be found in Appendix A.
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4.4 Sharpe ratio
Proposed by economist William Sharpe in 1966, the Sharpe ratio measures the risk-adjusted
return of an investment. The formula for the Sharpe ratio is:

Rp—Rf

Op

Sharpe ratio =

Where:

R, is the return of the portfolio.
R¢ is the risk-free rate.

o, is the standard deviation of the portfolio’s excess return.

The Sharpe ratio is a useful and intuitive tool to measure the performance of a portfolio. The
ratio determines to what degree excess historical returns are associated with excess
volatility. The Sharpe ratio can also be used to explain of a portfolio’s excess return are due
to smart investments or solely luck or an excess amount of risk (Fernando, 2024). The risk-
free rate used in the Sharpe ratio calculations is the 10-year U.S. treasury rate and stems
from CNBC as of the 15" of March 2024 (CNBC, 2024).

4.5 Efficient frontier

The purpose of the MVO analysis is to investigate the impact of adding cryptocurrency
assets in a traditional diversified portfolio, constraining both weights for traditional and
cryptocurrency assets. In order to assess the impact of constraining these weights, efficient
frontiers for a portfolio with only traditional assets and a portfolio including cryptocurrencies
will be created. The efficient frontier is obtained by creating 5.000 simulations of possible

portfolio returns and standard deviations.

4.6 Jarque-Bera

Even though MVO was developed under the assumption that returns are normally
distributed, a Jarque-Bera test will be performed on the data, assessing whether the asset
returns are normally distributed or not. The Jarque-Bera test that evaluate the normality of

a data distribution is based on the following hypotheses:
H, = Skewness and kurtosis match a normal distribution

H; = Skewness and kurtosis does not match a normal distribution
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With the following test statistic equation:

§% (K -3)?
Jarque — Bera = N (? + T)
Where,
N is the sample size.
S is the skewness of the sample.
K is sample kurtosis.
Comparing the Jarque-Bera test statistic to the chi-squared distribution, the p-value is
obtained. A low p-value suggests that the data deviates from a normal distribution.
Table 2 shows that the null-hypothesis of the Jarque-Bera test can be rejected for all assets,
meaning that all assets are not normally distributed. The assets not being normally
distributed is expected, since it has previously been observed in the literature, that asset
return in fact does exhibit non-normal behavior. Even though the Jarque-Bera test shows
that the assumption of normality in the data is violated, MVO is still going to be performed in

order to assess possible diversification benefits as well as risk and return optimization.

4.7 DCCGARCH

Proposed by (Engle, 2002), the DCC model enables for estimation of time-varying correlation
between distinct variables. The basic idea of the model is that the covariance matrix can be
decomposed into conditional standard deviations and a correlation matrix, where both the
conditional standard deviations and the correlation matrix are designed to be time-varying.
Assuming returns a, with expected values of 0 and the covariance matrix H;, the dynamic
conditional correlation generalized autoregressive conditional heteroskedasticity
(DCCGARCH) model is defined by (Orskaug, 2009) as:

Te = Ue T At

a; = Htl/zzt

Ht = DR,D,
Where,
. is a n x 1 vector of log returns of assets, n, at time t.

a; is a n x 1 vector of mean-corrected returns of assets, n, at time t.

u: is an x 1 vector of the expected value of r;.
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H; is a n x n matrix of conditional variances of a; at time t.

Htl/2 is any n x n matrix at time t where H, is the conditional matrix of a;.

z' is a n x 1 vector of independent and identically distributed errors.
D, is a n x n diagonal matrix of a,’s conditional standard deviations at time t.
R; is a n x 1 conditional correlation matrix of a; at time t.
Two requirements are to be considered when specifying a form of R,. Namely that all
components of in the correlation matrix R, must be < 1 and H, must be positive. Taking
these requirements into consideration, the DCCGARCH model specification decomposes
into:

Ry = Q;7'Q.Q: 7"

Q=0—-a—-p)Q+ alei_16{_1) +BQ¢_1

Where Q is the unconditional covariance matrix of the standardized errors €. @ and g are

perimeters to be estimated and must satisfy:
az=0, f=0anda+p <1

To be able to apply the DCCGARCH model, it is necessary for the time series data to display
stationarity, volatility clustering and ARCH-effects. In order to test the precondition of
stationarity, the Augmented Dickey-Fuller (ADF) test will be used. The ADF test is a statistical
test used in time series analysis to determine whether a time series is stationary or contains
a unit root which indicates that the time series is non-stationary. Under H,, a unit root is
present in the time series, meaning that the time series follows a random walk and is non-
stationary. If H, is rejected, no unit root is present, and the time series is stationary.
The second precondition to the DCCGARCH which states that volatility clustering must be
present in the data is tested by plotting the log returns of the data and examining whether
or not volatility clustering is present in the data. In order to test for ARCH-effects, the ARCH-
LM test is used. The test is used to detect the presence of ARCH-effects in time series data.
ARCH-effects indicate that shocks of volatility tend to cluster, hence periods of high volatility
are followed by periods of high volatility and periods of low volatility are followed by periods

of low volatility. Under H, no ARCH-effects are present.
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The DCCGARCH model parameters are estimated by firstly estimating the series of
univariate GARCH for all assets and then estimating the correlation between them. These

estimations are performed in Rstudio, and the coding can be obtained from Appendix B

5. Results and findings
5.1 MVO

The following section describes how the 12 different constructed portfolios performed from
the period February 1, 2019 to February 1, 2024. Firstly, the equally weighted portfolio
performances are assessed and compared. Secondly, the performance of portfolio type A,
B and C are assessed and compared in order to evaluate whether the addition of

cryptocurrencies in these portfolios increased the risk adjusted return.

5.1.1 Equally weighted portfolios
Table 3: Asset allocation - Equally weighted portfolios

Portfolio Portfolio Portfolio

type A type B type C
S&P500 33% 25% 16,66%
NASDAQ 33% 25% 16,66%
Gold 33% 25% 16,66%
BTC 25% 16,66%
ETH 16,66%
BNB 16,66%

Source: Own construction
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Table 4: Portfolio performance - Equally weighted portfolios

Portfolio Portfolio Portfolio
type A type B type C

Return 12,68% 25,87% 50,53%
Standard 16,73% 24,5% 41,10%

deviation

Sharpe 0,505 0,8802 1,1248

ratio

Source: Own construction

For the equally weighted portfolios, it is observed from table 4 that the addition of
cryptocurrencies in portfolio type B and C increases both the returns, standard deviations
and Sharpe ratios. Portfolio type A with equal weights shows the worst performance, with
performance increasing when cryptocurrencies are added to the portfolio. The reason for
this is that the portfolio consists of few assets, hence granting a substantially high weight to
cryptocurrencies which have performed very well in the analyzed period. Even though the
level of risk increases with the addition of cryptocurrencies, portfolio type B and C with equal
weights compensated well for the amount of risk with a higher level of return, ultimately
granting a higher Sharpe ratio. Portfolio type B and C both outperform the other portfolios in
the respective category, which will be displayed in the following. The equally weighted
portfolios in category B and C show that weighing the cryptocurrency assets at the same
level as traditional assets substantially increases the risk of the portfolios. This is part of the
reasoning for constraining the weights of cryptocurrencies to a maximum of 10% allocation,
not over-weighting cryptocurrencies in the optimized portfolios which considerably increase

the level of risk.
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5.1.2 Comparison of portfolio type A
Table 5: Asset allocation - Portfolio type A

Max Min risk Max

Sharpe return
S&P500 20% 40% 40%
NASDAQ 40% 20% 40%
Gold 40% 40% 20%

Source: Own construction
Table 6: Portfolio performance - Portfolio type A

Max Min risk Max
Sharpe return
Return 12,68% 11,98%  13,38%
Standard 16,13%  15,42%  18,99%
deviation
Sharpe 0,5195 0,4975 04778
ratio

Source: Own construction

The portfolios in the portfolio type A category consist of only traditional assets with no
cryptocurrencies added. The results from table 5 above show that for the portfolio seeking
to maximize the Sharpe ratio, S&P500 is deprioritized. NASDAQ is weighted lower when
minimizing the standard deviation and gold has a lower weight when maximizing the return.
From table 6 it is apparent, that the portfolio seeking to maximize the Sharpe ratio marginally
outperforms the equally weighted portfolio for the same portfolio type, while the portfolios
aiming to minimize risk and maximize return provide less risk adjusted returns. The portfolio
maximizing return achieves the highest return, but due to high standard deviation the
portfolio does not compensate for the increased acquired risk as well as the other portfolios.
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5.1.3 Comparison of portfolio type B
Table 7: Asset allocation - Portfolio type B

Max Min risk Max

Sharpe return
S&P500 10% 40% 40%
NASDAQ 40% 19% 40%
Gold 40% 40% 10%
BTC 10% 1% 10%

Source: Own construction
Table 8: Portfolio performance - Portfolio type B

Max Min risk Max
Sharpe return
Return 17,96% 12,47% 19%
Standard 17,82%  15,45%  21,93%
deviation
Sharpe 0,7665 0,5286 0,6701
ratio

Source: Own construction

The portfolios in portfolio type B include traditional assets with the addition of BTC as the
cryptocurrency asset. It is evident for all three portfolios that the addition of BTC increases
the performance. Examining table 7 above, the same pattern for asset allocation is present,
where the portfolio aiming to maximize the Sharpe ratio deprioritizes S&P500 and the
portfolio aiming to maximize return weighs gold the lowest. For both these portfolios, BTC
is weighted to the maximum of 10%. The portfolio aiming to minimize risk continues to weigh
NASDAQ the lowest, while weighing BTC the minimum amount of 1%. For all portfolios, it
is apparent that the Sharpe ratio increases as BTC is added. The best performing portfolio
is the one aiming to maximize the Sharpe ratio, granting a Sharpe ratio of 0,7665. Naturally,
the portfolio minimizing risk displays the lowest Sharpe of 0,5286, only marginally increased

compared to the portfolio type A with the same characteristics. The maximizing return
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portfolio shows the highest return but also the highest risk and is not compensated as well

as the best performing portfolio, displaying a Sharpe ratio of 0,6701.

5.1.4 Comparison of portfolio type C
Table 9: Asset allocation - Portfolio type C

Max Min risk Max

Sharpe return
S&P500 10% 40% 40%
NASDAQ 40% 17% 40%
Gold 40% 40% 10%
BTC 3,33% 1% 3,33%
ETH 3,33% 1% 3,33%
BNB 3,33% 1% 3,33%

Source: Own construction
Table 10: Portfolio performance - Portfolio type C

Max Min risk Max
Sharpe return
Return 20,25% 14,14%  21,29%
Standard 18,37% 15,72%  22,5%
deviation
Sharpe 0,8683 0,6262 0,755
ratio

Source: Own construction

The portfolios withing portfolio type C consist of traditional assets with the inclusion of BTC,
ETH and BNB as cryptocurrency assets. For these portfolios, the same asset allocation
pattern emerges. S&P500 weighs the lowest for the portfolio maximizing the Sharpe ratio,
NASDAQ and the cryptocurrencies weigh the lowest for the portfolio minimizing risk and
Gold weighs the lowest for the portfolio maximizing return.

Following the addition of ETH and BNB to the portfolios, both return, standard deviation and

Page 21 of 41



Sharpe ratio have increased for all three portfolios. The portfolio maximizing Sharpe ratio
increased its return from 17,96% to 20,25%, its standard deviation from 17,82% to 18,37%
while the Sharpe ratio has increased from 0,7665 to 0,8683. The portfolio minimizing risk
has improved its Sharpe ratio from 0,5286 to 0,6262, only displaying a small increase in risk
from 15,45% to 15,72% and an increase in return to 14,14% from 12,47%. The portfolio
maximizing return has similarly increased its return from 19% to 21,29, its standard deviation
from 21,93% to 22,5% and its Sharpe ratio from 0,6701 to 0,7550. For all three portfolios, it
applies that only a marginal increase in standard deviation increased the risk-adjusted
returns.

To summarize, the performed MVO analysis shows an increased level of performance for
the entire range of portfolios constructed where BTC, ETH and BNB were added. The results
for all category C portfolios show that the addition of the three cryptocurrencies only
marginally increased the level of risk while also increasing the achieved return. The risk
adjusted return shows that all portfolios are compensated well for the increased level of
acquired risk. In conclusion, the analysis demonstrated that the addition of cryptocurrencies
in a traditionally diversified portfolio has a positive effect on the risk adjusted return,
evidenced by increases in the Sharpe ratio. While traditional assets in the form of S&P500
and NASDAQ indices paired with gold provide diversification through their allocation in
various companies and sectors, the inclusion of cryptocurrencies establishes an additional
amount of diversification due to their low correlation with traditional assets and unique
characteristics. The enhanced diversification benefits from cryptocurrencies aid in
increasing returns while still managing risk to some degree. Hence, investors who are willing
to acquire the inherent volatility of cryptocurrencies into their portfolios can increase the

overall performance.
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5.1.5 Efficient frontier
Figure 1: Efficient frontiers of portfolio type A and portfolio type C
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Figure 1 above illustrates the efficient frontiers of portfolio type A and C. Furthermore, the
optimal constrained portfolio which is maximizing the Sharpe is plotted. The blue frontier
represents portfolio type A which consists of traditional assets, the orange frontier represents
portfolio type C which in addition to traditional assets include BTC, ETH and BNB. Note that
the frontiers are not subject to any constraints, hence why the frontier for portfolio type C
largely exceeds the frontier of portfolio type A.

From the plotted efficient frontiers, it is observed that when including cryptocurrency assets,
the frontier shifts upwards. Furthermore, it is observed that for the same level of risk, a
portfolio with cryptocurrency assets can generate higher returns compared to a portfolio only
including traditional assets. The plotted optimal constrained portfolio positions on the lower
end of the portfolio type C frontier, but ultimately higher than the frontier for portfolio type A.
This means that for the same level of risk, a constrained portfolio with cryptocurrency assets
achieves higher returns. The optimal constrained portfolio also highlights the impact of
limiting the weights of cryptocurrency assets in the portfolio. Whereas the frontier for portfolio
type C largely expands upwards, the optimally constrained portfolio is positioned on the
lower part of the frontier due to constrained weights. For this reason, a looser level of
constraining on the cryptocurrency asset would result in an optimal portfolio further up the

efficient frontier and ultimately a bigger discrepancy in performance compared to portfolios
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with only traditional assets.
Comparing the two frontiers also highlights the high-risk nature of cryptocurrencies, where
the possible portfolios in the unconstrained frontier for portfolio type C generate substantially

higher returns but also impose much larger risk.

5.2 DCCGARCH

In addition to the MVO analyzed conducted above, the analysis is also going to employ a
DCCGARCH model, in order to assess the time-varying correlation between the two indices,
S&P500 and NASDAAQ, included in the previous analysis and the two largest cryptocurrency
assets, namely BTC and ETH. Whereas the MVO provided a static perspective of portfolio
allocation including cryptocurrencies, based on the assumption of constant variance and
covariance, the DCCGARCH model captures the time-varying conditional correlation. The
DCCGARCH model uses the same data frame as the MVO analysis.

The following section describes the results of DCCARCH and the preconditions for the

usage of the model.

5.2.1 Preconditions for the DCCGARCH
The ADF test for stationarity showed that all asset returns are stationary. This implies that

shocks to the returns are temporary and that the returns are going to revert to some long-
term mean and the first precondition of the DCCGARCH model is satisfied. Figure 2,3,4 and
5 below shows the daily return of S&P500, BTC, NASDAQ and ETH, respectively.

Figure 2: Time series plot of S&P500 Figure 3: Time series plot of BTC
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Figure 4: Time series plot of NASDAQ Figure 5: Time series plot of ETH
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From the figures above it is observed that there are periods of both high and low volatility
for all assets, changing over time. Furthermore, the figures show that there is volatility
clustering present in the data. Examining the plots, periods of high volatility are followed by
periods of high volatility. On the contrary, periods of low volatility are followed by periods of
low volatility. As to be expected, BTC and ETH returns exhibit more fluctuance, both
positively and negatively, compared to S&P500 and NASDAAQ returns, reflecting the higher
risk-reward potential associated with cryptocurrencies. The period with most volatility for all
assets is in the beginning of the examined period, when covid-19 happened. With reference
to the plots of the returns, H, for the ARCH-LM test is rejected for all assets, meaning that
ARCH-effects are present in the data, justifying the usage of the DCCGARCH model.

5.2.2 DCCGARCH output
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Table 11: Output of the DCCGARCH

[SP500]. mu
[SP500]. omega
[SP500]. alpha1
[SP500]. beta1
[BTC]. mu
[BTC]. omega
[BTC]. alphat
[BTC]. beta1
[ETH]. mu
[ETH]. omega
[ETH]. alpha1
[ETH]. beta1
[NASDAQ]. mu
[NASDAQ]. omega
[NASDAQ]. alpha1
[NASDAQ]. beta1
[Joint S&P500-
BTC] dcca1l
[Joint S&P500-
BTC] dccb1
[Joint NASDAQ-
BTC] dcca1
[Joint NASDAQ-
BTC] dccb1
[Joint S&P500-
ETH] dcca1
[Joint S&P500-
ETH] dccb1
[Joint NASDAQ-
ETH] dcca1
[Joint NASDAQ-
ETH] dccb1

Estimate
0,000913
0,000005
0,191363
0,785472
0,002377
0,000227
0,144856
0,747997
0,002660
0,000112
0,119964
0,854774
0,001037
0,000005
0,143010
0,841300
0,023740

0,967471

0,026580

0,964586

0,030757

0,955258

0,027631

0,960780

Std. Error
0,000308
0,000017
0,033911
0,136951
0,001082
0,000093
0,083694
0,079759
0,001366
0,000086
0,072264
0,076801
0,000356
0,000005
0,026559
0,037016
0,007439

0,010408

0,008242

0,011676

0,007981

0,012703

0,007272

0,010853

t value
2,96686
0,27792
5,64309
5,73541
2,19703
2,45098
1,73078
9,37818
1,94730
1,29907
1,66009
11,12970
2,91476
0,92004
5,38469
22,72790
3,19128

92,95039

3,22518

82,61450

3,85379

75,20222

3,79966

88,52421

Source: Own construction

Pr(>|t])
0,003009
0,781078
0,000000
0,000000
0,028018
0,014247
0,083491
0,000000
0,051498
0,193920
0,096896
0,000000
0,003560
0,357550
0,000000
0,000000
0,001416

0,000000

0,001259

0,000000

0,000116

0,000000

0,000145

0,000000
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The results of the DCCGARCH model are shown above in table 11. Mu represents the mean
value of return for each asset. Omega is a constant term which represents long-term
average variance. Omega is a baseline level of volatility assumed by the model, even when
there are no recent shocks. Alpha1 is the ARCH-term and represents the impact of recent
shocks to the current volatility. A high value indicates a stronger reaction to the most recent
shocks in volatility. Beta1 is the GARCH-term and represents the level of persistence of
volatility. A high beta1 value indicates that past shocks of volatility have long-lasting impact
on the latest estimate of volatility. From the table it is noteworthy that the ARCH value for
both BTC and ETH are statistically insignificant at a 5% significance level. This implies that
past shocks do not have a significant effect on the current volatility. Furthermore, the
GARCH value of all assets is relatively high and statistically significant, suggesting that past
volatility shocks are persisting.

Dcca1 shows the short-term persistence while dccb1 shows the long-term persistence
between the assets. As these values are all significant, short and long-term persistence is
present between the assets. For example, with an estimate of 0,967471, dccb1 shows that
especially long-term persistence of conditional correlation is present between S&P500 and
BTC. This is also the case when examining dccb1 for the other joint relationships, meaning
that long-term persistence of conditional correlation is present among both indices and the
cryptocurrency assets. The dcca1 values are relatively low compared to the dccb1 values,
meaning that the short-term reaction to shocks is smaller than the long-term persistence.
As previously mentioned, the joint value of @ and 8 should be < 1, which is indeed satisfied.
This ensures that the model is adequately specified and that the conditional correlations are

not explosive but dynamically mean reverting.

5.2.3 Time-varying conditional correlation

Displayed below are figures 6,7,8 and 9 which illustrate the fluctuations in dynamic
conditional correlation between the two indices, S&P500 and NASDAQ and the
cryptocurrency assets, BTC and ETH from February 1, 2019 to February 1, 2024.

Figure 6 shows that the correlation between S&P500 and BTC has fluctuated to a relatively
large degree within the period, reaching negative correlation of around -0,2 in the beginning
of the period. The figure also shows that for the majority of the period, the correlation
between S&P500 and BTC has been positive, reaching nearly 0,6 at its peak. The low and

negative conditional correlations observed in the beginning of the examined period, during
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covid-19, suggest that the conditional correlation between S&P500 and BTC seems to
change during periods of market stress. Conversely, during more tranquil periods in the
market, the two assets seem to display a more coherent relationship. Figure 7, illustrating
the conditional correlation between NASDAQ and BTC, shows very similar fluctuation in
terms of conditional correlation. This similarity is expected since S&P500 and NASDAQ are
highly correlated. The changes in conditional correlation between S&P500 and ETH are
shown in figure 8, which illustrates that the conditional correlation fluctuates even more than
described in the previous. While the overall changing pattern in conditional correlation
seems to be relatively equal to that of S&P500, NASDAQ and BTC, more spiky fluctuations
in conditional correlation are observed. The changes in conditional correlation between
NASDAQ and ETH, displayed in figure 9, follows the same pattern observed between
S&P500 and ETH, again due to the highly correlated relationship between S&P500 and
NASDAQ. The conditional correlation between ETH and the indices displays the same

pattern in terms of periods of market stress and tranquil periods, though to a lesser degree.

The possible diversification benefits between the two indices and the cryptocurrency assets
have changed significantly in the examined period due to the time-varying correlation of
these assets. For periods of correlation close to zero, diversification benefits are greater
than periods of more positive correlation. Being able to observe and evaluate how assets
correlate during different periods is important as a way to leverage the benefits of
diversification during times of low condition correlation. During periods with higher
conditional correlation, investors might need to change investment strategy to assure that a

potential loss of one asset is offset by a potential gain of another.
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Figure 6: Conditional correlation between S&P500 and BTC
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Figure 7: Conditional correlation between NASDAQ and BTC
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Figure 8: Conditional correlation between S&P500 and ETH
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Figure 9: Conditional correlation between NASDAQ and ETH
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In conclusion, substantial time-varying correlation is observed between the two indices and
the cryptocurrency assets. Both negative and relatively high correlation-levels are observed,
which emphasizes the importance of capturing these time-varying relationships between
assets. The plots of the time-varying conditional correlation also suggests that the indices
and the cryptocurrency assets exhibited less conditional correlation during covid-19
compared to the rest of the examined period. This suggests that the conditional correlation
between the indices and cryptocurrency assets decrease during period of market stress,
enabling benefits of diversification to a greater degree. Moreover, significant long-term
persistence of the indices and the cryptocurrency assets are observed. By capturing these
dynamic correlations, investors can reach deeper insight into the joint behavior of traditional
indices and cryptocurrencies and make better informed investment decisions based on

these behaviors.

6. Discussion

The following section seeks to provide a discussion of the above-mentioned findings,
discuss the implications and limitations of the findings as well as possible alternative
methods to the thesis. Then, the discussion section is going to include the perspective of

behavioral finance in relation to cryptocurrencies.

As provided in section 4, the MVO framework has several assumptions and limitations. For
example, MVO assumes normality in the data, and that correlations are fixed and constant
over time. In fact, financial assets do not exhibit normality nor is correlation fixed and
constant over time. In order to overcome these limitations of MVO, a DCCGARCH model
was created, assessing the time-varying correlation of S&P500 and BTC. Although
highlighting the benefits of diversification in investment portfolios, the results of the MVO
might be relatively sensitive, due to the fact that the expected returns used to obtain the
optimal portfolios are calculated using historical data. The usage of historical data as the
future expected return might be an inadequate assumption, especially in connection with
cryptocurrencies since historical performance does not determine future performance. In
order to overcome this assumption and limitation, a better estimation of expected return
would be needed. The good historical performance exhibited by the cryptocurrency assets
during the examined might have outweighed them in the constructed portfolios. In order to

assess the performance of the constructed portfolio on a different set of data, an out of
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sample test could be developed. An out-of-sample test would aid in identifying if any
overfitting is present, which makes the portfolios only perform well in the in-sample test. By
also testing the constructed portfolios out-of-sample, the effectiveness of the methodology
in creating these portfolios could be gauged. If the portfolios show to perform well on out-of-
sample data, it would confirm the choices in the allocations of weights. In relation to historical
performance, an out-of-sample test would provide supplementary validation, ensuring the
portfolio performance is not purely a result of specific historical performance but smart
optimization. Furthermore, testing the constructed portfolios out-of-sample evaluates the
performance under different conditions, providing a more realistic assessment of their
effectiveness which is particularly important when investing in highly volatile assets like
cryptocurrencies.

As mentioned, MVO operates under the assumption that correlations between assets are
fixed and constant over time. This single-period approach makes the framework not take
changing investment opportunities and risk profiles into account. The largely changing
conditional correlations found between the two indices and BTC and ETH over time
emphasizes the importance of being able to identify these dynamic relationships between
assets. An approach to overcome the issue of assuming fixed and constant correlation to
some degree, could be by continuously rebalancing the constructed portfolios. This way, a
part of the dynamic relationship between the different assets could possibly be captured.
Although, in reality rebalancing is subject to substantial transaction costs which are not
explicitly addressed by the MVO.

Another limitation of the performed MVO is that it is subject to subjective constraining. While
constraining to some extent is necessary in order to satisfy the set investor preferences and
objectives, the subjective constraining might limit the effectiveness of the portfolio
optimization processes. In relation to the changing relationship of assets, constraining can
lead to suboptimal portfolios which do not reflect the present risks and opportunities in
changing market conditions. Furthermore, by strictly adhering to a set of constraints the
portfolios might eliminate high return opportunities if these lie outside of the imposed
constraints. This might also cause the MVO approach to accept less optimal portfolios
regarding the risk and return tradeoff, ultimately preventing optimal inclusion of certain
assets, possibly reducing the potential of diversification benefits.

Subjective constraints might also lead to the discount of anomalies or emerging trends in
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financial markets, which possibly could benefit the overall performance of the portfolios.
In order to provide broader evidence that the inclusion of cryptocurrencies in traditionally
diversified portfolios increases performance, a greater amount of both traditional assets and
cryptocurrencies could be included in the assessment of portfolio performance. Equally,
other asset classes like bonds or real estate could be included to assess the impact on both
performance and diversification.

While the Sharpe ratio is commonly used performance measure for assessing risk-adjusted
returns of an investment, investors might desire additional performance measures to gain a
more comprehensive understanding of their investment’s performance. For more risk-averse
investors, the Sortino ratio might be an appropriate performance measure to use. The
Sortino ratio measures the downside risk and is useful for investors who care more about
downside risk or losses than risk-adjusted return (Kenton, 2024). Another performance
measure which is useful when trying to evaluate portfolio return in relation to market risk is
the Treynor ratio. The Treynor ratio measures the reward to volatility, determining how much
excess return was generated for each unit of risk acquired by a portfolio. In this context,
excess return refers to what could have been earned above the return on a risk-free
investment (Kenton, 2020). An additional performance measure, similar to the Sortino ratio,
which evaluates down-side risk is maximum drawdown. Maximum draw down observes the
maximum decrease in the value of an investment to a trough until a new peak is achieved.
This performance measure can indicate the risk of big losses and how much time it will take
for an investment to reach a high value following a downfall (Hayes, 2024). Using different
performance measures depending on the investor sentiments might have enabled a more
nuanced evaluation of the constructed portfolios’ performance, rather than solely measuring

performance using the Sharpe ratio.

The limitation of the DCCGARCH model used in the thesis is the assumption that the
conditional correlations follow the same dynamic structure. This can cause the model to
inaccurately capture sudden fluctuations in correlation occurring in different market regimes,
for example during uncertain periods like financial crises and staple periods. Models like the
Markov-Switching model which incorporates different states or regimes of high and low
volatility. By allowing regime changes, this model might be superior in capturing correlation
fluctuations during evolving market conditions (Acatrinei, Gorun, & Marcu, 2013). Another

possible model used to capture correlation is the Threshold Autoregressive model, which
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incorporates threshold effects. This allows the model to handle non-linear correlation
structures, allowing different dynamics when certain volatility levels are crossed (Clements
& Krolzig, 1998).

Examining two indices and their time-varying conditional correlation with the two biggest
cryptocurrency assets measured in market capitalization, does not imply that the same
dynamics apply to other assets and cryptocurrency assets. Further research is necessary
to determine the existing dynamic relationship between other traditional assets and
cryptocurrency assets. Furthermore, a longer examining period could possibly reveal further
interactions between traditional assets and cryptocurrency assets during different changes

in market conditions.

6.1 Cryptocurrencies and behavioral finance

With cryptocurrencies emerging as a new asset class equipped with distinctive
characteristics, these can offer significant diversification benefits along with the potential of
very high returns. Following this emergence, behavioral finance factors are intriguing to
investigate especially in relation to cryptocurrencies. This section aims to explore and

discuss to what extent psychological influences and biases affect investment decisions.

Analyzing the behavior of Arab investors, (Al-Mansour, 2020) found that the investors to
some degrees are affected by other investors’ choices, which significantly impact their
investment decisions. It was also observed that future investment decisions were impacted
on previous generated profits from cryptocurrencies, alongside the investor’s knowledge
and skills. This behavior resembles that of a speculator in the cryptocurrency market.
Furthermore, the results show that herding, prospect and heuristic theory factors have
notable influence on investment decisions in the cryptocurrency market. Herding theory is
described as a decision-making approach indicated by the imitation of other investment
behaviors. It is also defined as the circumstance in which otherwise rational investors act
irrationally by imitating other investors’ investment decisions. The prospect theory is
expressed as a situation where capital gains and losses are valued in different ways, hence
investors make decisions depending on perceived gains rather than perceived losses.
Heuristic theory resembles a theory encouraging decision making in uncertain
environments, useful when time is limited, though leading to biases. Due to significant

herding, prospect and heuristic behavior found among Arab investors, the author concludes
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that the cryptocurrency market is not entirely efficient, and that cryptocurrency prices do not
reflect their true market value which causes the price to be forced upwards, creating high
volatility (Al-Mansour, 2020). Similarly, (Youssef, Mouna, 2022) finds that herding behavior
among investors alternate through time and switches between anti-herding and herding
behavior. Analyzing 18 cryptocurrencies from 2013-2019, the findings suggest that herding
behavior in the cryptocurrency market extends with increases in volatility in the market, the
S&P500 and the dollar index. Conversely, herd behavior among investors is less likely to
occur when trading volume, gold prices and the economic policy uncertainty index rise. The
observed herding behavior in the cryptocurrency market has implications for both investor
and policy makers. Policy makers are obliged to institute appropriate regulations in order to
enhance cryptocurrency market efficiency, since herding may lead to bubbles and crashes
in the market. Investors, on the other hand, can utilize the information of time-varying
herding behavior in the cryptocurrency market to make better investment decisions if they
use cryptocurrency assets to diversify against traditional assets (Youssef, 2022).

Fonseca, Pacheco & Lob&o (2020) argues that psychological barriers are present in four
out of six cryptocurrencies examined. The fact that there is a high share of unexperienced
investors in the cryptocurrency market is consistent with the hypothesis proposed in the
paper, that unexperienced investors are more exposed to behavioral biases that ultimately
cause psychological barriers. Psychological barriers are defined as limits to arbitrage
caused by mental biases. Among the four cryptocurrencies in which psychological barriers
were found, BTC by far exhibited the strongest sign of psychological barriers. Similar to
previous mentioned literature the efficiency of the cryptocurrency market is questioned,
stating that the cryptocurrency market does in fact exhibit particular price patterns. It is
concluded that due to the cryptocurrency market being partially inhabited by unexperienced
investors, this type of investor is more prone to the investment decision biases related to
psychological barriers (Fonseca, Pacheco & Lobao, 2020).

In conclusion, the above-mentioned behavioral finance factors found in the cryptocurrency
market bring challenges that affect investment behavior which could possibly lead to poor
investment decisions. These factors emphasize the necessity to recognize behavioral

biases among investors in order to adapt portfolio and diversification strategies accordingly.
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7. Conclusion

Following the increasing popularity of cryptocurrencies, investors have been granted new
opportunities in terms of diversification and performance enhancement in their portfolios.
With a market capitalization of $2 trillion and over 9.000 tradable cryptocurrencies, investors
have a great opportunity to expose themselves to the high upside potential of
cryptocurrencies. Throughout this thesis, an attempt to assess the impact on diversification
and performance of investment portfolios including one or more cryptocurrencies has been
conducted, utilizing MVO to construct 12 different portfolios. Dividing the portfolios into three
different categories, one portfolio category only consisting of traditional assets, one portfolio
category consisting of traditional assets and BTC, and one portfolio category consisting of
traditional assets with the inclusion of BTC, ETH and BNB. One equally weighted portfolio
was constructed for each portfolio type, as well as three different optimization objectives.
One maximizing the Sharpe ratio, one minimizing risk and one maximizing return. The
results showed that the equally weighted portfolios of category B and C outperformed their
counterparts in terms of risk-adjusted return due to the high weighting of cryptocurrencies.
In order to not overrepresent cryptocurrency assets in the remaining portfolios, the maximum
weight of cryptocurrency assets was set to 10%. This resulted in portfolios in category C
outperforming portfolios in category A and B in regard to the Sharpe ratio. Ultimately, the
results showed that the addition of cryptocurrency assets in a traditionally diversified
portfolio increased the risk-adjusted return.

Due to the non-normal distributed nature of financial assets and the fact that MVO assumes
normality in the data, a DCCGARCH model was utilized with the purpose of assessing the
time-varying conditional correlation between the two indices, S&P500 and NASDAQ, and
the two cryptocurrencies, BTC and ETH. A plot of the time-varying conditional correlation
displayed highly fluctuating correlations between the assets. Furthermore, the plot showed
both negative and relatively high correlations between the assets, emphasizing the
importance of examining the dynamic relationships between assets when making financial
decisions. This is especially important in relation to the benefits of diversification, as these
can vary significantly when correlations between assets change over time.

Then, implications and limitations of the findings and methodology used were discussed,
reflecting on how different alternative methods could be used to overcome the limitations of

the methodology. The discussion concludes that the MVO'’s static approach to covariances
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between assets partly can be negated by continuous rebalancing of the portfolios, although
rebalancing is costly in practice and not explicitly addressed in the MVO approach.
Furthermore, constraining the weights of the constructed portfolios could possibly lead to
sub-optimal portfolio constructions which are not capturing dynamic market conditions. Even
though the findings suggest that the inclusion of cryptocurrencies in a traditionally diversified
portfolio is beneficial, investors should be cautious before implementing cryptocurrencies in
their portfolios, since the expected return of the constructed portfolio are based on historical
returns and covariances between the assets.

Finally, the thesis discusses different behavioral finance factors in relation to
cryptocurrencies, and how these factors affect investment decisions and ultimately
diversification benefits. Different scholars find several behavioral biases in the
cryptocurrency market, emphasizing the importance of recognizing these in order to

navigate and leverage the volatile market of cryptocurrencies.
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9. Appendix
Appendix A: MVO.xIsx

- Contains: Daily prices, Log returns, Variance Covariance, Correlation matrix, Portfolio
type A optimization, Portfolio type B optimization, Portfolio type C optimization &

Efficient frontier.

Appendix B: DCCGARCH.R
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