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Abstract

Cryptocurrencies’ population is growing continuously and so is their relevance for portfolio
management theory. But as a new asset class with different characteristics and trading
patterns, the inclusion of crypto assets to a portfolio brings several difficulties and many
professional investors shy away from implementing them. Their main reason being the
unpredictability and speculative features of crypto. The possibility for the investor to
include their own views in the equation could help solving this problem.

In this study the authors created a portfolio combining traditional stocks with
cryptocurrencies, calculated expected returns, and built views on the intermediate results.
The views were meant to represent an investors’ mindset and should tilt the portfolio more
towards their prediction, thus creating a portfolio that better suits their risk profile.

The inclusion of the views was successful and when analyzing the results improvements
could be found. Even though portfolio performance measures like the Sharpe ratio did not
show the best results, the volatility of the portfolio including these highly volatile assets
dropped significantly. The Black-Litterman model, which was used as the model to
implement the investors’ views, shows potential to be a solution for some of the problems
that comes with allocating cryptocurrency.
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1. Introduction

This chapter introduces the practical and theoretical background that the chosen
research problem is based on and goes on to argue the position the study takes in regard
to the theoretical field it hopes to contribute to. The chapter is concluded by explaining
the research gap and how the study can contribute to bridging that gap, by answering the
research question.

1.1 Problem Background

In 2008 the pseudonymous Satoshi Nakamoto published his working paper Bitcoin: A
Peer to Peer Electronic Cash System in which the very first cryptocurrency was
introduced. The interest in Bitcoin rose quickly and soon many other cryptocurrencies
were created. Today, there are over 10,000 cryptocurrencies which make up a collective
market cap of over $3 trillion (Bloomberg, 2021).

Just like with traditional assets, many people have made fortunes by investing in crypto,
especially early investors. This is one of the main reasons why crypto assets have grown
so popular in recent years. However, despite the promise of great returns, institutional
investors seem to have a significant lack of interest in crypto assets.

Some research suggests that professional investors avoid investing in cryptocurrency due
to its unpredictable price movements and high volatility, not to mention the fact that there
is no reliable way to value a crypto asset. However, despite the skepticism, there are
multiple studies that show that including crypto assets in a portfolio has significant
benefits (Platanakis & Urquhart, 2019). So, what can be done to drive interest in crypto
asset among professional investors?

Traditional performance and risk measurement tools have proven to be insufficient and
when dealing with highly volatile assets like cryptocurrency. In many cases, these tools
lead to significantly increased model risk which makes them unreliable to professional
investors (Hull & Suo, 2002). A possible solution to this dilemma is the Black-Litterman
model. This model allows investors to implement their subjective views on an asset’s
forecasted returns as part of the model (Idzorek, 2004). Subjective views are regarded as
the opinions investors have on assets’ future behaviors, that get important when they
differ rather strongly from a model’s projections. The inclusion of those results in a more
intuitive portfolio that allows the investor to adapt to the fast-changing conditions on the
crypto market.

Platanakis & Urquhart (2019) show that when compared to some of the mean-variance
based, Modern Portfolio Theory (MPT) models, such as Naive Diversification model and
Markowitz portfolio optimization theory, the Black-Litterman model seem better suited
to handle the potential risks of allocating crypto assets to a portfolio. If this is true, it
presents an interesting opportunity for would-be crypto investors, that might allow them
to add crypto assets to their portfolio while still being able to control the level of risk in
the portfolio. The Black-Litterman model would allow the investors to effectively adjust
the portfolio weights according to the ongoing trends in the crypto markets, by utilizing
the investors’ subjective views to offset the speculative aspect of cryptocurrency.



1.2 Research Problem and Research Gap

There is a lot of interesting literature from researcher who are looking for a valid
investment strategy for cryptocurrency. However, as seen in Bouri et al. (2019), none of
these methods have proven to be successful and have therefore failed to attract
professional investors to the crypto market. Portfolio theory have not been particularly
helpful in this effort either. The traditional mean-variance based portfolio models tend to
struggle with estimation errors, an issue that only amplified when highly volatile assets
are allocated to the portfolio (Bessler et al., 2014). This makes it quite problematic to
utilize these methods for cryptocurrency investments. Still, the growth of
cryptocurrencies has been immense in the past few years (Bloomberg, 2021), making
cryptocurrencies more and more lucrative investments as the crypto market continues to
grow. This problem has created a gap between the crypto markets and professional
investors, which limits them in their ability to take part of the crypto market.

While there are some studies that have come to specific conclusion on what the optimal
allocation for crypto assets should be (Andrianto & Diputra, 2017), there is a reason for
why investors hesitate to use these methods in practice. It seems that that most of the
articles that claim to have found a reliable high expected return from crypto assets, have
been written almost exclusively during rising times (Holovatiuk, 2020).

Holovatiuk (2020) is a study that compares the Modern Portfolio Theory to the Post-
Modern Portfolio Theory (PMTP), which focuses only on the downside risk of
investments. Results show that while the Sharpe ratio rose significantly during positive
times, during negative times the comparable Sartino ratio for the PMPT declined almost
four times as much as the Sharpe ratio rose. This suggest that many of the positive
predictions are highly biased by the huge growth of Bitcoin and other cryptocurrencies in
the study period; and when focusing on 2018 for example, which was a darker period for
cryptocurrencies, the results would not be nearly as positive. In the current state of the
crypto market, it seems that many cryptocurrencies are either in stagnation or decline.
Because of that, it seems unwise to rely on methods that have only shown promise when
the market is booming.

While there is a fair amount of research available on the Black-Litterman model, most of
the studies that have been screened on this topic has revolved around the traditional
portfolio theories. The few exceptions are typically master’s theses from other students
interested in this topic, such as Anisimov (2019) and Uhliarik (2020). However,
Anisimov (2019) shows no interest in exploring the benefit of the investors’ views, as his
thesis is more concerned with exploring the effect of adding crypto assets to any portfolio,
not just Black-Litterman. Similarly, Uhliarik (2020) is strictly concerned with testing
whether adding cryptocurrency to a portfolio can increase its performance. In both cases,
the Black-Litterman model is just one of several models included in the testing, and there
IS no attempt at generating theory specifically related to the Black-Litterman model or its
views. It seems that the only study that is interested in the relationship between the views
and crypto assets, is the previously mentioned Platanakis and Urquhart (2019).

Platanakis and Urquhart (2019) suggests that the Black-Litterman model is best suited for
optimizing a portfolio with crypto currency allocations. Results from the study shows that
the Black-Letterman model shows superior performance when compared to other models.
However, the model is difficult to use and, as stated earlier, has not been thoroughly



studied in this context yet. Right now, it is evident that there are no reliable methods to
accurately predict the price movements of crypto assets. There is also no method that can
successfully allocate crypto assets to a portfolio, while keeping the investors’ risk profile
in mind. This has caused a clear research gap that affects both scholars and business
professionals. This thesis will therefore help contribute to filling that gap, by providing
an example of how implementing investors’ views, with the Black-Litterman model,
impacts a portfolio with crypto asset allocations.

1.3 Research question

In order to generate a meaningful contribution that will help bridge the research gap, the
following research question is proposed:

RQ: How does the inclusion of investors’ subjective views impact portfolio optimization
in terms of perceived risk with crypto assets?

The research gap has been identified as a lack of risk sensitive investment methods for
cryptocurrency. By carrying out this study, and answering the research question, we hope
to contribute to filling that gap. To achieve that, the study will focus on the Black-
Litterman model, which will be the model that allows for the inclusion of the investors’
subjective views. Applying the Black-Litterman model to a cryptocurrency portfolio will
provide a much needed example of how investors’ views impact portfolio optimization,
especially when the investors risk profile is taken into account.

1.4 Thesis Purpose

There is currently no way of reliably predicting the price changes in cryptocurrencies,
and institutional investors seem to have a negative view of crypto assets due to its high
volatility. Therefore, it is interesting to investigate whether portfolio theory could help
solve this issue. The purpose of portfolio theory is to curb the volatility of certain assets
by adding low risk assets such as bonds to the portfolio. However, the traditional mean-
variance based models may not be enough to deal with some of the more volatile
cryptocurrencies. This thesis will test how the implementation of investors’ subjective
views impacts the optimization of a portfolio with cryptocurrency allocations, specifically
in terms of perceived risk by the investor. The purpose of researching this topic is to
analyze if crypto assets can be successfully implemented into a portfolio and optimized
to reduce the overall risk of the portfolio. This research is meant to provide a meaningful
contribution to the literature, and a helpful example to investors who are interested in
investing in crypto but are unsure if it is possible to, and if yes how to reliably allocate
cryptocurrencies to a portfolio.



2. Theoretical Framework

This chapter presents an overview of the earlier academic research within the relevant
theoretical field of this study. The main focus of this chapter is to explain portfolio theory
and some of the relevant models in more depth. The Black-Litterman model is the key

focus here as it serves as the backbone of the study.

2.1 Blockchain

“Blockchain is a digital ledger of economic transactions that can be used to record not
just financial transactions, but any object with an intrinsic value (Fang et al. 2022, p. 4)”
Essentially, a blockchain is made up of a number of data sets, which in turn are made up
of “blocks,” better described as a chain of data packages, each block containing several
transactions (Nofer et al., 2017, p. 183). Crypto miners add additional blocks to the
Blockchain. This happens as they gather transactions from the last block (parent),
combine those transactions with the hash of the parent block, and store that hash in the
current block (Fang et al. 2022, p. 4). This way the blockchain is continuously extended
and, in the process, a ledger of the transaction history is written. As the ledger is being
written, it ensures that the everything is connected to the first block (genesis block), which
guarantees the integrity of the blockchain. Also, since hash values are unique, fraudulent
changes in one block would result in immediate changes to the hash value (Nofer et al.,

2017, pp. 183-184).
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Figure 1. Example of a Blockchain (Nofer et al., 2017).

This ensures the purpose of excluding any third-party intermediaries from imposing
themselves on the technology and its users (Fang et al. 2022, p. 4). When Blockchain was
first introduced in 1991, its original purpose was to provide a technology that would allow
users to time stamp documents in a way that made it infeasible to tamper with, or back-
date the documents when they passed the server (Haber & Stornetta, 1991, p. 99). Haber
and Stornetta (1991) predicted a future in which all documents (audio, text, picture, and
video) would exist in a digital form, and so they proposed Blockchain technology in order

to certify and protect the time-stamps of these documents.

As cryptocurrency trades are done between two individuals without any intermediary
entity to confirm the transaction, blockchain becomes a critical tool to provide a unique
time-stamp for each minted cryptocurrency and also to register the cryptocurrency

transactions (Fang et al. 2022, p. 4).
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2.2 Cryptocurrency

Cryptocurrency has undoubtedly grown into one of the biggest mega trends in the world.
Although Bitcoin and other early cryptocurrencies have been around for well over a
decade now, 2017 was the year when it really grew into the massive market we see today.
Between January 2017 and January 2018, the total market cap for cryptocurrencies grew
from approximately 15 billion to more than 700 billion (CoinMarketCap, 2018).
However, despite the growing interest in cryptocurrency, the market is largely driven by
its lucrative prospects of high returns. There are currently no convincing methods for
accurately valuing crypto assets (Liu and Zhang. 2022, p. 1), thus making it more of a
gamble than an investment.

However, with cryptocurrency being one of the most important innovations, in recent
history of financial developments, it is only natural that investors and scholars alike
should seek to explore what possibilities there are to utilize this asset as a legitimate
investment.

Some studies have shown that price is somewhat correlated to buzzwords on social media
and forums (Barth et, al. 2020, p. 283). For instance, if there is a twitter trend speaking
positively about cryptocurrency, that tends to have a positive effect on its price. This
suggests that investors are acting, to some degree, based on collective speculation. Since
the crypto market is largely speculative (Kajtazi and Moro. 2019, p. 144), investors are
quick to jump at an opportunity as a cryptocurrency starts to gain traction on social media.
On the other hand, investors are also quick to secure their profits or minimize their losses
if there is a dip in the price. This behavior, in conjunction with the lack of fundamental
valuation methods, could explain the high volatility that is observed in many
cryptocurrencies.

While the name suggests otherwise, Baur et al. (2018) show that Bitcoin accounts are
mainly used as a speculative investment and not as an alternative currency and medium
of exchange. There has been a number of studies that attempt to compare cryptocurrency
to other assets in order to determine how to most accurately label it. One relatively early
study by Howden (2015) concludes that most crypto currency and more specifically
Bitcoin, cannot be considered as a Currency or Money since that would require a central
authority to distribute and control the currency (Howden, 2015, p. 762). Other definitions
such as commodity and investment vehicle were also deemed inaccurate (Howden. 2015,
pp. 763-766). The most accurate description of cryptocurrencies is “digital assets,” which
have commonly been considered as electronic objects, such as files or programs, that can
exist in more than one location simultaneously, by being stored in tangible assets such as
a smart phone or computer (Howden, 2015, pp. 766-767). For instance, a bitcoin wallet
is a software that you can install on your phone and or computer, which allows you to
access your bitcoin from multiple locations and multiple devises (Manimuthu, et al. 2019,
p. 31).

In other words, investors are not looking at crypto as a digital currency they wish to use
for payments, but as a digital asset that can appreciate or depreciate.

The main reason for this is high volatility of many cryptocurrencies. Despite the best
attempts from a number of researchers, there has still not been any successful attempts at
understanding the drivers of long-term and short-term cryptocurrency volatility (Conrad
et al. 2018, p. 2). Liu & Serletis (2019, p. 2) states that “despite the growing interest in



cryptocurrency as a digital asset, the current economics and finance literature is still
lacking empirical evidence on its diversification, hedging and safe haven properties
against other assets such as bonds and stocks.” The combination of high volatility and
general lack of information as to what drives volatility in crypto markets makes currencies
such as Bitcoin and Ethereum very risky assets. However, for fixed supply assets like
Bitcoin there is an interesting development waiting to happen. As the value of the crypto
asset increases, and miners start to reach the end of the total supply, each individual trade
will have a smaller impact on the overall market value. This means that even though high
volatility may be the reason why many are hesitating to invest in crypto, more market
participants would actually lead to improved price stability (Howden, 2015, p. 751).

So, despite its high volatility, it can still be well worth the risk to consider allocating
crypto assets to a portfolio, especially in the long term. Ma et al, (2020) and Kajtazi and
Moro (2019) both conduct studies which explores the effects of allocating cryptocurrency
to a number of different portfolios. In both cases results show that adding cryptocurrency
results in greater portfolio diversification, higher returns and higher returns relative to
volatility. Both studies also show crypto provides additional opportunities for abnormal
returns, with short selling. In fact, Ma et al, (2020) show that when short selling is
allowed, one can even overcome the volatility issue that comes with cryptocurrencies and
achieve even greater diversification as a result. Ma et al, (2020). also observed an 80%
increase when short selling was allowed. Kajtazi and Moro (2019) saw slightly different
results in their study, where they concluded that while adding bitcoin to a portfolio does
increase returns, it also increases volatility. But the increase in returns is significant
enough that it justifies the additional risk.

The key difference here seems to be the number of cryptocurrencies that are added to the
portfolios. Katjazi and Moro (2019) only add Bitcoin to their portfolios, while Ma et al.
(2020), allocate five cryptocurrencies are to each or their portfolios. The authors also state
in the conclusion that there is a comparative advantage in diversifying with several
cryptocurrencies, to diversifying with one (Ma et al., 2020, p. 11).

Portfolio management is a fundamental method for efficiently managing investments.
Various portfolio management theories and models can be utilized to help an investor
determine how much money to invest in a certain asset. A portfolio typically consists of
multiple different asset classes, such as stocks, bonds, mutual funds, and more. The key
benefit of portfolio management is that it helps the investor reduce the average risk of all
investments, by diversifying the portfolio through precise asset allocation (Chauhan &
Arora. 2019, p. 60).

Since many cryptocurrencies, such as Bitcoin, have very high volatility compared to more
traditional asset classes, they tend to have very significant impact on the portfolio. This
makes it rather challenging for the investor to find the optimal amount of cryptocurrency
that should be allocated to the portfolio. If the model is not capable of handling such a
risky asset, it might put the rest of the portfolio in jeopardy as well (Chauhan & Arora.
2019, p. 60).

2.3 Markowitz Mean-Variance Optimization Framework



When investment managers build their portfolio, at least two things are considered
necessary to account for: returns and risk. For this idea, portfolio optimization theories
were constructed to help investors to connect mainly the historical data on the assets
included in a portfolio with future predictions, and how to best allocate the assets in the
portfolio.

In 1952 Harry Markowitz laid the foundation for portfolio theory when he, for the very
first time, clearly formulated and solved the problem of portfolio selection. Although
some earlier contributions by Keynes (1936) and Marschak (1938) attempted to analyze
investment decisions, Markowitz was more focused on the actual phenomenon of
diversifying a portfolio. At the time, the popular belief was that investors will always
choose the investment with the highest expected returns. In order to gain credibility for
his own “expected returns-variance of returns” theory, he first had to debunk that belief.
He succeeded in doing so by arguing that if it was really true that investors only go for
the highest possible return, each investor’s portfolio would consist of only one asset. This
could not be true, as it would go against the already proven benefit of diversification.
Hence, any theory of investor behavior that rejects diversification must be rejected
(Constantinides & Malliaris, 1995, pp. 2-3).

After debunking this theory, Markowitz his invented his famous mean variance rule. This
rule does not only imply diversification, but a kind of positive diversification for specific
beneficial reasons. The main idea of the Markowitz model is that it is not enough to
simply diversify by investing in a large enough number of assets. Rather, one should seek
to diversify by investing with assets that have a low return covariance to one another
(Constantinides & Malliaris, 1995, p. 3).

This is the basis of portfolio theory, and there have since been numerous additions to the
subject, many of which are built on Markowitz work. Several of these models are
considered improved, or further developed versions of Markowitz mean-variance
optimization framework (Bessler et al., 2017, p. 1). Naive Diversification (1/N), Capital
Asset Pricing Model (CAPM), and Sharpe Ratio, are some of the most notable examples
which can be categorized as part of the Modern Portfolio Theory.

The fundamental implication of the Modern Portfolio Theory (MPT) is that it will allow
investors, who highly values risk aversion, to develop optimized investment portfolios
that uses market risk to maximize returns. In Markowitz’ Portfolio Selection (1952), he
showed that it is possible to predict the portfolios return, based on its level of risk, by
utilizing efficient frontiers (Andriato & Diputra, 2017). Efficient frontiers are essentially
portfolios that have been optimized to yield the highest level of expected return for a
certain level of risk.

This kind of MPT is based on a multitude of varying investment instruments, which have
been compiled in advance by measuring the standard deviations, covariance, rate of
return, and deviation levels, through historical statistical methods. Essentially MPT
combines multiple portfolios that are highly likely to have low correlation of assets, which
is assumed to ultimately decrease the total level of risk in the portfolio (Andriato &
Diputra, 2017).

However, a common issue with these models is that the riskier the assets are, the higher
the risk for estimation errors of returns are. The higher the estimation error of an asset is,



the higher the portfolio weight of that asset will be. This is what is known as estimation
error maximization, which is something that is very important to avoid (Bessler et al.,
2017, pp. 1-2).

What this implies is that highly volatile assets, such as cryptocurrencies, have a greater
chance of causing estimation error maximization, which will lead to extreme portfolio
allocations (when a single asset bears too much weight in a portfolio), which in turn will
result in a portfolio with low diversification (Dominik et al. 2012, p. 4). Imagine a
portfolio with 10 unique assets, and 75% of the money is allocated to the 2-3 most volatile
assets. That will make it rather difficult create diversity, as most of the money is gathered
in a few assets. Especially if those assets are cryptocurrencies, since they have a tendency
of having extreme correlation to one another (Gkillas et al., 2019, p. 7).

So, in a quite paradoxical way, the mean-variance based models seemingly run the risk
of creating portfolios that are overweighted in favor of the risky assets. In a portfolio with
crypto assets, this is cause for concern, as large allocations cryptocurrencies are difficult
can be difficult to hedge against. Wu and Pendey (2014) therefore recommends investors
to remain cautious and only allocate small amounts into cryptocurrency.

This is where the Black-Litterman Model becomes relevant. Black and Litterman
proposed this model as a countermeasure to the aforementioned problems that the mean-
variance models caused and described it as a more intuitive model that provides more
flexibility by allowing the investor to include their subjective views of the market and
combine them with the market equilibrium (He & Litterman. 1999, p. 1). In theory, this
model will allow the investor to have greater influence over the portfolio weights in order
to build a portfolio that matches their willingness or unwillingness to assume risk.

2.4 Black-Litterman Model

The goal of the study is to include investors’ views on a crypto asset portfolio and analyze
the impacts this might have. To include those subjective views, one needs a model capable
of performing that task. The Black-Litterman model was not decided for by the authors
because it should be superior to other models implementing views, it is in fact the only
model that can do it. It is a portfolio optimization model, that is best used when investors
have strongly differed opinions of the predictions made with a former model.

Black and Litterman were searching for a good starting point to include investors
subjective views and discovered that historical, mean and risk-adjusted mean returns
would lead to very extreme portfolio allocations with often only a small number of assets
(Idzorek, 2004). Since the expected returns are incredibly important when dealing with
mean-variance optimization, this was not acceptable. There are quite some portfolio
theories that the model can be based on, like strategic weights, 1/N or also mean-variance
(Bessler et al., 2014), but the most commonly used is based on the CAPM equilibrium
(Meucci, 2010). They found that returns in an equilibrium, which is the state that clears
the market, would do a much better job when it comes to stability of the portfolio and
amount of assets included. This should be especially true for this case, given
cryptocurrencies’ unpredictability.



They would start by computing the vector of implied excess equilibrium returns, so
making sure that the market portfolio in the equilibrium is included, using the formula

H = AZkat
in which
11 is the Implied Excess Equilibrium Return Vector;
A is the risk-aversion coefficient and characterizes the risk-return tradeoff. It

shows to which rate an investor is willing to sacrifice a higher expected
return for less variance;

2 is the covariance matrix of excess returns; and

Wmkt IS the market capitalization rate of the assets.

After calculating the implied excess equilibrium returns with this, the authors rearranged
the formula to

w=(12)"tu

where u could present any vector of excess returns, but when equaling the implied excess
equilibrium returns the weights will also equal the market capitalization weights. It is
comparable to using the normal CAPM model, but this reverse optimization deals with
the maximization problem of how to allocate the weights and shows, that without the
addition of an investor’s subjective views, the investor should just hold the market
portfolio (Idzorek, 2004). The implied excess equilibrium return vector therefore is a
good neutral starting point for the Black-Litterman model.

2.4.1 Black-Litterman Formula
After determining the starting point, the views have to be added, including their
uncertainty, the covariances and the error term. The Black-Litterman formula they came

up with for the new Combined Return Vector “E[R]”, including the investor’s subjective
views, is

E[R] = [(zZ)™* + P'Q 1P| 1[(zX)"11 + P'Q1Q]

in which
T is a scalar, that depends on the importance of certain assets and the
uncertainty of the views;
P is a matrix, that makes sure only the assets included in the views actually
get changed in the equation;
Q is a diagonal covariance matrix, that deals specifically with the uncertainty

or confidence of the views and adds the error terms; and



Q is the view vector.

We will go more in-depth with all the parameters and their importance for the model
down below.

2.4.2 Investors’ Views

The investors’ views are subjective views that gain importance whenever an investor is
not satisfied with the results of prior models and has good knowledge of what else might
occur. This is especially great for cryptocurrencies with their unpredictability and high
volatility, that is hard to fathom for many models. There are two ways how the views can
be formulated:

1. In an absolute way, for example a specific stock might rise or fall a certain
amount, so we are dealing with absolute numbers and only this asset is affected
by it, or

2. In arelative way, meaning for example that one stock (or two) might outperform
another (or two) by a certain amount. This is by far the more common way
investors formulate their views and is seen as the standard.

Now for all of their views, the investors also have to include a confidence level of how
sure they are of their prediction. The higher the confidence level the bigger will be the
effect of the views on the final portfolio and the allocation of assets. If the confidence is
0%, the views will have no impact and the market portfolio should be held (lIdzorek,
2004).

After specifying the views and their confidence levels, the worded views can be translated
into matrixes to add them into the equation. Hereby it is important to remember, that not
every positively worded view also means a positive view. If an investor expects a stock
to outperform another one by 3%, but the model so far expects it to outperform by 5%,
while the word “outperform” is being used, it is still a reduction of the original value.

2.4.3 Input Parameters and Their Significance

“Q” 1s the view vector and just includes the number of views and their values. Of course,
also here is a chance of error, but since the error term is not observable it will not directly
enter the equation, instead its variance “®” will.

“” 1s the variance of the error terms of the views. They also represent the uncertainty of
the views and will become the diagonal values of “Q”, with all other values of the matrix
being “0”, since it is expected that the views are independent of one another. There is no
one specific way on how to determine the values, which makes “®w” and “Q” the most
difficult part about the model. They will have big implications on the final result and we
will have to determine, depending on the views and the rest of the formular, what value
is the best fitting. The smaller the error term, the bigger confidence in the view and
consequently the bigger the change in the assets’ weights.
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The matrix “P” is to include the assets that are part of each of the views. All of the assets
have weights, depending on how important they are for a view and again, there are
different methods on how to determine the weights. Satchell and Scowcroft (2000)
introduced an equal weighting scheme, that is commonly used, and it just divides “1” by
the number of assets included. We believe that this can easily lead to over- or
underrepresentation of multiple assets and will therefore be using the market
capitalization weighting scheme, that gives weights relative to the asset’s importance in
the market portfolio, as written in Idzorek (2004). This also makes it possible to calculate
individual portfolio variances for every view, by singling out each view and the assets’
weights from “P”, which will give important information on the uncertainty of the views
and will help to give a better estimation of “®”. It is also another very important fact when
talking specifically about cryptocurrencies, since every bit of risk that can be eliminated
can be crucial for the portfolio and investor’s interest in the asset.

The scalar “t” is a multiplicator that influences the effect of the views on the asset
allocation. It is not really based on anything but is indirectly also connected to the
confidence in the views. Also, here there are different ways to set a value, the most
plausible seems to be from Blamont and Firoozye (2003), where they just set “t” as “1”
divided by the number of views. Another acceptable way was presented by Platanakis
and Sutcliffe (2017), who analyzed a good number of studies using the Black-Litterman
model and took the mean of the different values used for “1”, usually between “0” and
“1” but closer to “0”, and ended up with “0.1625”. As it is often proposed to just start
with any one value and calibrate it depending on the rest of the model, we will stay

flexible on this scalar.

With these parameters and the ones from the reverse optimization, the new combined
return vector can be calculated.
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Figure 2. Black-Litterman model distributions (Idzorek, 2004).

Now one of the most fascinating facts about the Black-Litterman model is that the new
portfolio can actually be seen as a combination of two portfolios: Firstly, the market
portfolio, which was taken as a neutral starting point, and secondly, another portfolio
consisting of long and short positions of the assets included in the views. The second
portfolio can theoretically even be split in separate portfolios of every view, so the effect
of each view and the model in total can be seen very clearly and in case one view, or the
confidence of one view, might seem too high or influential, it can easily be corrected for
afterwards. Additionally, the fact that the exact change of each asset’s weight can be seen
through this, really helps to understand and improve the impact of the cryptocurrencies.
This again underlines the complexity but also flexibility of the model and that it has many
uses, that might not seem apparent at first sight.

2.4.4 Weaknesses of the Model

We already highlighted many of the advantages of the Black-Litterman model, but also
want to address its weaknesses.

The model revolves around the investors’ views. While they also bring most of the
benefits of the model, its strong dependence on the views comes with some consequences.
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If the projections of the portfolio manager are incorrect or even the opposite (instead of
Stock A outperforming Stock B, B outperforms A), the adjusted weights will surely have
worse returns than the originals the calculation is based on.

Additionally, the setting of the error term’s variance and the scalar can have further
implications. Since they are not observable or based on calculations, they have to be set
very carefully, as even a small change can have a big effect on the portfolio.

For our example, in case the predictability for cryptocurrencies rises and especially
historical data being more reliable, the Black-Litterman model might lose some of its
effectiveness, as the weaknesses of more traditional theories that the strong points cover,
suddenly are not as apparent anymore.

Lastly it is widely believed that the model needs much more research to be practically
efficient and many of the disadvantages still stand.

2.4.5 Further Additions

Cheung (2010) believes that many of the weaknesses would be solved through more
research. In many former research papers, we found not only different variations of the
model when it comes to starting points, but also further additions to combat some of the
weaknesses or improve its strengths even further. We will present a few, that seem most
mature and also applicable to our situation.

Platanakis and Urguhart (2019) in their paper add variance-based constraints of Levy and
Levy (2014) to the model to better control estimation errors for the parameters. With these
constraints they limit the weight of assets, that have a particularly high risk of estimation
errors, which takes quite some risk away and improves the model further and makes it
more stable.

Idzorek (2004) meanwhile addresses the problem of how to define “Q” and that “the
major difficulty of the Black-Litterman model is that it forces the user to specify a
probability density function for each view, which makes the Black-Litterman model only
suitable for quantitative managers”. Instead of having to rely only on the variance of each
view portfolio to determine the investor’s confidence level, he is including other data that
might influence the investor’s projection. The author calculates the extreme case of a
100% confidence matrix and from there on can easily calibrate the result vector for
different confidence levels. This makes it easier to actually implement the given
confidence levels and not having to estimate as many variables as before.

Meucci (2010) also added constraints to the formulas, which eliminated some limitations
of the model. Prior the model was focused on quantitative and tactical management, but
his changed, market-posterior formulas can be applied to any normal distribution and
does not have to be equilibrium.

These are just some examples of further additions, since the normal version of the model
focuses the views on expected returns, there are also many papers trying to modify the
formula, so that views on other parameters are also implementable, though this did not
seem necessary for this study.
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2.4.6 Black-Litterman Bases

As mentioned earlier Black and Litterman were searching for a good starting point for
their model to implement the views. While it is true that the CAPM is used most often
and is generally regarded as the best model to use, the Black-Litterman model can be
based on almost every model, as long as returns or rather excess returns are given.

E[R] = [(xX)™! + P'Q P [(xZ)"* + P'Q™1Q]

Having again a look at the formula, the only component that is actually taken from the
CAPM is the excess return vector and is represented by “IT” in the formula. This certainly
further adds to the flexibility of the model, as the Implied Equilibrium Excess Returns
can be substituted by any another return vector, if researchers see fit. One example is a
study quoted earlier by Bessler et. al (2014), in which the model’s performance is
compared with different models as bases, like modern portfolio theory, CAPM or naive
optimization.

2.5 Benefit of adding investors’ views

Because of the desire to build portfolios with intuitively weighted assets, rather than
having weights be based on some theoretical optimization routine, there exists a
significant disparity between traditional portfolio theory and what is exercised in practice
among investment professionals (Beach & Orlov, 2007, p. 148). Black and Litterman
took the first step to closing that gap, when they introduced their model, by allowing
investors to combine their subjective views with traditional optimization strategy. As a
result, we are left with portfolio weights that can be tailored according to the investors
willing- or unwillingness to assume risk (Beach & Orlov, 2007, p. 148).

Today there are a number of modifications and extension that has been made to the
original model (Meucci, 2010, p. 2), and also a number of different studies that uses some
version of the model in order to create optimized portfolio weights. Platanakis and
Urquhart (2019) compares the performance of Markowitz diversification, naive
diversification and the advanced Black-Litterman model. The Study shows that the
advanced Black-Litterman model is superior to the other two models as it yields lower
risk levels and better risk-adjusted returns.

Dominik, et al. (2012) reaches the same conclusion in a similar study where they also
compare the Black-Litterman model to naive diversified, minimum variance, and mean-
variance based portfolios. The study shows that Black-Litterman optimized portfolios
yield a better result than the other models and that this approach is appropriate for
overcoming the drawbacks of mean-variance optimization. Results from the study also
show that the Black-Litterman optimized portfolios bears less risk, has higher diversity
among the included asset classes, and also fewer extreme allocations. The key difference
between Wolff, et al. (2012) and Platanakis and Urquhart (2019), is that Wolff, et al.
(2012) does not include any cryptocurrency allocations in their portfolios. However, the
results lead to similar conclusions in both cases, as stated. The authors of Wolff, et al.
(2012) double down on their conclusions in the follow up study Bessler, et al. (2014),
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which essentially does the same comparison and reaches the same conclusion of the
Black-Litterman models superiority to other models.

Orlov & Beach (2007) stands out a bit in the extant literature by using GARCH to derive
the subjective investor views for the Black-Litterman model. The scope is also much
broader as the study aims to test the model in a global setting. The study tests the model
on a global investment portfolio and finds that the Black-Litterman approach yields
superior returns when compared with portfolios that rely on weights based on market
equilibrium. The takeaway is that the study shows that the model is applicable on a global
level and that it is possible to substitute the investors views input and still outperform
traditional models (Orlov & Beach, 2007, p. 164).

2.6 Capital Asset Pricing Model

Investors, who do not mind more risky assets, will utilize the Capital Asset Pricing Model
(CAPM), an extended, simplified model from the MPT by Sharpe (1964). The CAPM is
an equilibrium model, that aims to assess asset returns. It describes the relationship
between systematic risk and expected return for assets and gives the investor an expected
return given a specific risk. The formula is

E(ri) =71+ Bi[E(rm) - 1]
where

E(ri) is the expected return for investment i;
re i the risk-free rate;

p1 s the Beta for investment i; and

E(rm) is the markets expected return.

It is easy to spot, that the Beta is essential for this formula. If it equals “0”, the expected
return will just be the risk-free rate, whereas if it equals “1" then the expected return is
equal to the markets expected return and the systematic risk is the same as the market
portfolio (Hull. 2002, p. 301).

In order to generate the intrinsic value of the selected portfolio assets, it is also important
to perform a risk and return analysis, within a certain timeframe, of the portfolio assets.
By evaluating the risk-free rate, the investor can measure the Beta to determine the
relationship between the investment and the market return (Andriato & Diputra, 2017, p.
230). If investors have homogenous beliefs, they will all hold the market portfolio derived
from this model.

In other words, CAPM is an attractive model to use, because like with the Black-
Litterman model it allows for strong predictions that invites intuitive adaptations on how
to measure risk. However, it is not quite comparable to the views in the Black-Litterman
model. Nevertheless, it is interesting to consider how this works in practice, as CAPM is
a model that is known to have a quite poor empirical record, leading to the development
of a number of variations to the model (Fama & French, 2004, p. 25). Fama and French
(2004) also argue that the poor track record of CAPM may be caused by difficulties in
implementing the model in valid testing.
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A common issue with the CAPM model is that the risk of an asset should be compared to
a comprehensive market portfolio, which is something that could include many other
asset types then the one they are being compared to. This method is also questionable and
difficult to apply to crypto currency, for a number of reasons. First, cryptocurrency has
no correlation to other asset types, and sometimes not even other cryptocurrencies. So,
measuring the risk of a cryptocurrency relative to a market portfolio, might not result in
an accurate risk measurement. This implies that the results of the Black-Litterman model
is dependent on the validity of the CAPM (Satchell & Scowcroft. 2000, p. 139), so it will
be interesting to see how things turn out once the calculations have been completed.

2.7 Naive Strategy

The Naive Portfolio Strategy or 1/N strategy, is a portfolio strategy where the weight of
“1/N”, with “N” amount of assets, is given to every asset. This strategy does not involve
any optimization process and ignores all of the data. By this it is implied that expected
returns are proportional to total risk instead of systematic risk. (DeMiguel et al., 2009)
The 1/N diversification strategy is often taken as reference portfolio, as though it is barely
practically used, it is a good comparison. In fact, much of the literature on cryptocurrency
portfolio optimization tend to include the 1/N diversification strategy, as a benchmark
comparison.

Platanakis et al. (2018) reviews some of the literature, and states that “Black and
Litterman (1992) and Kan and Zhou (2007) show that mean—variance struggles with
estimation errors in the parameters of the model, while DeMiguel et al. (2009) show that
employing estimated means and variances performs worse than a naive strategy of simply
holding equal positions in every asset (1/N). However recently, Ackermann et al. (2017)
show that mean—variance analysis does outperform the naive 1/N strategy in currency
markets...” It should be noted that currency markets does not include cryptocurrency in
this context. Despite that, this is still an interesting comment, as we have repeatedly
established that the mean-variance are ill-equipped for risky investments it is interesting
to observe some positive results when the focus is on less volatile assets. Ackermann et
al. (2017) also make it seem as if 1/N is an inefficient strategy, in comparison.

However, in situations where crypto assets are included, 1/N still seems to perform quite
well compared to the mean-variance models. Some examples of this are Liu (2019) which
compares 1/N to several other mean-variance based models, and results show that none
of these models can consistently outperform 1/N, when cryptocurrency is included.
Similarly, Brauneis and Mestel (2019) use the Markowitz mean-variance optimization
framework to create a cryptocurrency portfolio and finds that 75% of the time the mean-
variance portfolios are outperformed by the 1/N strategy. This coincides with the earlier
discussion about the estimation error returns problem with the mean-variance models.
l.e., that crypto assets cause estimation error maximization in the mean-variance models,
which creates portfolios with low diversification. Since the 1/N strategy is to just put an
equal amount of money in each asset, diversification is guaranteed, as long as the
individual assets have low or negative correlation.
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2.8 Sharpe Ratio

The Sharpe ratio is a valuable measurement tool for portfolio management, as the investor
can use it to generate a value of each asset allocation, which can then be used to measure
the selected asset allocations in the portfolio. The purpose of the Sharpe ratio, as proposed
by Sharpe (1994), is to describe the amount of return that can be expected from each
specific risk measurement in an investment. A higher Sharpe ratio signifies greater
returns. The downside of the Sharpe ratio, however, is that it does not necessarily inform
the investor about optimal diversification in the portfolio. The different asset allocations
in the portfolio will form the previously mentioned Efficient Frontier diagram, where the
X axis represents risk, and the Y axis represents return. At the point of the diagram is the
best investment option based on a given utility level. This method helps the investor
minimize the deviation risk (Andriato & Diputra, 2017, p. 230).

4 100% Asset B

Efficient frontier

Return

Minimum
variance
portfolio

100% Asset A

Standard deviation (risk)
Figure 3. Efficient frontier (Kienzle & Andersson, 2008).

While the Efficient Frontier provides a good illustration of the efficiency of the portfolios
that are being compared, the ratio itself needs a little more context to understand. “A
higher Sharpe ratio signifies greater returns”, is an easy enough concept to grasp.
However, what value is considered high enough? That is not so clear in the literature. The
way Sharpe described it was that “A Sharpe Ratio of one tells an investor that for every
percent unit of volatility, the return above the risk-free rate (or benchmark), is 1%...”
(Muralidhar. 2015, p. 6). This means that it is not just about getting a large number, but
also about the amount of volatility in the portfolio. The higher the volatility of the
portfolio, the greater the returns in relation to the Sharpe ratio. White and Haghani (2017)
provides an excellent demonstration of this:
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Figure 4. Sharpe ratio, return and volatility (White & Haghani, 2017).

Here, White and Haghani (2017) uses a Sharpe ratio of 1 as a benchmark and describes
that as a “very good” number. The asset in this example has a volatility of 4% and
expected return of 4% also. However, the investors are considering another asset with a
volatility of 7.28% and an expected return of 4.5%. If we only go by the Sharpe ration,
this investment is not as good as the first alternative. But when the risk-adjusted return is
calculated, it shows that the expected returns are the same for both assets. So, while
Sharpe ratio is a good tool for comparing portfolios, it is also important to consider the
risk of the portfolios.

Since cryptocurrency are very volatile, we can therefore expect to see a relatively low
Sharpe ratio for such portfolios. Nagy and Benedek (2021), Bessler et at. (2014), Ma, et
a. (2020), Uhliarik (2020), Anisimov (2019), Brauneis and Mestel (2019), Chen (2021),
Mazanec (2021), and Platanakis and Urquhart (2019) are all articles that uses Sharpe ratio
to compare cryptocurrency portfolios. Only Mazanec (2021), and Platanakis and
Urquhart (2019) present models that yield Sharpe ratios higher than 1.

2.9 Model Risk and Crypto

Model risk is a very important but also difficult topic to talk about. When doing
calculations and creating or evaluating a portfolio there are many different possible
sources of error. The risks that first comes to mind are mistakes in the calculation or while
collecting data, but there is another possibility, a “mistake” in the way the model works.
This theory is what model risk deals with and in view of the fact that part of the core of
this study are cryptocurrencies, an asset class that has very different characteristics and
behaves differently than traditional assets, it is without a doubt a topic that has to be talked
about.

Morini (2011) mentions in their book that model risk is harder to quantify than some other
risks, like market risk and credit risk. This is due to many of the models existing for a
long period of time, they have proven to be sufficient, and most importantly often lack a
better alternative, so talk about model risk often seems not necessary and likely to be
avoided. Cryptocurrencies as a new asset class, with different behavior and trading
patterns, make the talk about model risk relevant again, as the potential error in the
traditional models, like portfolio optimization theories or the Sharpe ratio, and the
frequency of these potential scenarios happening, is moving towards the limit of what
feels acceptable.

Even though Ahelegbey et. al (2021) focus their study on tail-risk and scenarios with
crypto assets, they discover that when performing the same measurements with
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cryptocurrencies that were before performed many times with traditional stocks, the
number of outliers and non-significant results is increasingly higher. As stated above, it
is very difficult to quantify model risk and to know when exactly the model might be the
problem. In this case, it can surely be argued that the irregular price movements of crypto
assets are the problem, but nevertheless the results are not satisfying and model risk in
regard to cryptocurrency is of interest for this study.

2.10 Behavioral Finance

In finance, there are two opposing schools of thought: traditional finance and behavioral
finance. Traditional finance revolves around the efficient market hypothesis (EMH)
(Maheran, 2009, p. 2), which essentially states that it is impossible to beat the market in
the long run (G. Malkiel, 2003, p. 59). This theory is built on the following three
theoretical arguments:

e The first argument is that all investors make their investments based on rational
decisions, and that all financial assets are therefore traded at fair value (Maheran,
2009, p. 2).

e This is possible due to the second argument, which states that all market
participants make their investment based on careful consideration of all available
information (Maheran, 2009, p. 2).

e The third argument is that all investors exclusively make their decisions in pursuit
of their own self-interest (Maheran, 2009, p. 2). As an arbitrage opportunity
appears, new information is quickly processed and the price is adjusted
immediately, preventing abnormal returns (G. Malkiel, 2003, p. 59).

This sort of rationality is also the basis of the mean-variance based portfolio theories
which was described earlier in chapter 2.3. The principle being that a portfolio of
randomly selected stocks should generate the same returns as a portfolio of stocks that
were selected because the investor decided that they were undervalued, as long as both
portfolios contain the same amount of risk (G. Malkiel, 2003, p. 59). Managing the mean-
variance of the portfolio is therefore more concerning than the individual analysis of the
assets.

On the opposite end of the spectrum, there is behavioral finance, which is a theory that
focuses on the psychological factors that affect investors’ decision making. Behavioral
finance is much more complex than the EMH and there are a multitude of different
phenomena that have been developed over the years, to explain all possible events and
situations that may occur on the market. Meharan (2009) discusses a few examples such
as heuristics, representativeness, mental accounting, framing, conservatism, disposition
effect, bounded rationality, anchoring, regret theory, and more... However, the two key
components are “the limits to arbitrage” and “cognitive psychology”. The first refers to
the identification of inefficient markets, and the latter refers to how people think.

The cryptocurrency market can hardly be considered efficient, since there is no
fundamental value at all, and prices are mainly driven by speculation. Because of that,
researchers believe that behavioral sciences may be the key to unmasking some of the
mysteries surrounding the crypto market. Al-Mansor (2020), Hidajat (2018) and Calderon
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(2019) all come to the conclusion that the crypto market is comparable to a bubble
economy, and that behavioral finance concepts such as heuristics and herding play a
significant role in what drives the price of cryptocurrencies.

Heuristics, in this context, has to do with investors decision making process. Investors
tend to make mental errors, because our ability to process information is limited, our
judgement is imperfect, and as a result, so is our decision-making procedures (Maheran,
2019, pp. 2-3).

Herding is a theory which, in this context, explains the investors’ reaction to new
information. It has been well documented by analysts, media, and institutional investors,
that we tend when new information is presented, we tend to make decisions that mirror
our peers, even if it may not always be the correct decision (Maheran, 2019, p. 5).

Al-Mansor (2020) show that investors make their decisions based on other the decisions
of other investors, and also that when an investment is successful, investors will make
their next decision based on their knowledge, experience and skill, which confirms the
belief that it is a speculative market. Calderon (2019) argues that Kaynes best describe
this phenomenon with the following quote:
. .. S0 that each competitor has to pick, not those faces which he himself finds
prettiest, but those which he thinks likeliest to catch the fancy of the other
competitors, all of whom are looking at the problem from the same point of view.
1t is not a case of choosing those which, to the best of one’s judgment, are really
the prettiest, nor even those which average opinion genuinely thinks the prettiest.
We have reached the third degree where we devote our intelligence to anticipating
what average opinion expects the average opinion to be. And there are some, |
believe, who practice the fourth, fifth and higher degrees. (Calderon, 2019, p. 7)
In this metaphor the pretty faces are the investment assets, and the competitors are the
investors. This perfectly describes the cryptocurrency market as nobody can know the
actual value of each asset and is therefore attempting to guess what other investors believe
that other investors believe that it is worth (Calderon, 2019, p. 9). Quite paradoxal.

Finally, Hidjat (2018), concludes that these bubbles, that occur as a result of herding and
heuristics, cannot be explained by traditional finance, because it is a phenomenon that
relates to the cognitive and emotional aspects of investors.

2.11 Investment vs. Speculation

Cryptocurrencies are usually discussed very differently compared to traditional stocks. It
is seen as a different asset class and instead of “investing”, the word more commonly
used in connection with crypto is “speculating”. The distinction between investment and
speculation ties in closely with their behavior phenomena and shows another layer to the
confusion around cryptocurrencies in the head of investment managers.

In 2018 an article was published in Forbes (Forbes, 2018), written by Frank Holmes, the
CEO of U.S. Global Investors, dealing with exactly this topic. Holmes distinguished
clearly between investment and speculation and created a graphical overview of the key
differences between the two.
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Figure 5. Investment vs. Speculation (Forbes, 2018).

Even though the graphic separates it clearly and also investors’ mindsets, it is not always
as black and white as it might seem. There can be a fine line between someone talking
and thinking about investing or speculating, and it mostly relies on the investor’s risk
tolerance, but when comparing this piece to prior studies there is one thing that almost all
of them have in common: Cryptocurrencies are seen as a speculative asset.

Next to the reasons already mentioned like their high volatility and relatively short
existence in the financial markets, the article brought up the missing regulations and
especially unpredictable trading patterns. Herding and heuristics have been mentioned in
the last chapter and they underline the different psychology behind cryptocurrencies’
market behaviors. The investment vs. speculation presentation is another showing of
different thinking for investors about crypto assets and that many of them do not even
speak of investing.

2.12 Conceptual Framework
In order to further contextualize the theories discussed in this chapter, we prove an
illustration of the conceptual framework for this thesis. This chart, which can be observed

below, illustrates how the theories are linked to one another. With the visual guidance of
the illustration below, the relevance and connection of these theories will be explained.
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Figure 6. Conceptual Framework.

What is important to note about this figure is that the hierarchy only represents the order
in which the theories are presented in the text. It is not a representation of their importance
to the study. The core of this thesis is portfolio theory and cryptocurrency, it simply felt
most natural to present each theory in this order. Now to summarize the figure:

2.12.1 Contextualization of Blockchain

At the top we have Blockchain, which felt necessary to include as it is quite literally the
foundation that cryptocurrency is built on, and thereby the reason it can exist. Another
interesting aspect to blockchain, is the safety it provides. All crypto trades are registered
in the blockchain, which allows the investor to track the purchase history of each
cryptocurrency, back to the point when it was first mined (Fang et al., 2022, p. 4). In the
introduction, it was established that investors avoid crypto assets due to the risks
involved. It is therefore valuable to clarify that there is no risk involved with the
transaction itself, as the blockchain serves as an authenticator for the crypto asset.

2.12.2 Contextualization of Cryptocurrency

Next is cryptocurrency. This chapter is the natural continuation of the previous chapter
as the key purpose of the blockchain discussion was to introduce the technical foundation
of cryptocurrency. As mentioned above, this is the core of the thesis, which makes it very
important both to the authors and to the reader to understand what it is and how it works.
Cryptocurrency warrants a lot of attention from investors and people in general, due to
its rapid growth. It is therefore interesting to look at studies that explore the investment
aspect of this currency. This subchapter provides a short review of the investment benefits

22



of cryptocurrency as well as some theoretical examples where portfolio theory has been
used for crypto investments. As this discussion evolves, it naturally leads into the second
pillar of this thesis: portfolio management. In addition to that, two other topics that
becomes interesting to discuss further are model risk and behavioral finance.

2.12.3 Contextualization of Portfolio Theory

With portfolio theory being a core topic in this thesis, it is very import to properly explain
this concept. The discussion about portfolio theory was initiated in the chapter about
cryptocurrency, as we held a discussion on adding crypto assets to portfolios. This
conversation is resumed as modern portfolio theory and the mean-variance based
portfolio models come under scrutiny. This segment goes into depth to explain why, as
mentioned in the introduction, the mean-variance based models are ill-equipped to handle
risky assets such as cryptocurrencies. This is an important discussion to have, as it directly
connects with the research purpose, which is to test this alternative approach to portfolio
management. It is not established why traditional methods are unreliable, and it is time
to introduce the Black-Litterman model as an alternative approach.

2.12.4 Contextualization of Black-Litterman Model

The next subchapter on the Black-Litterman model is by far the most extensive and
detailed. This is made necessary by the model’s importance to the thesis, being connected
to the research purpose as explained above, and also by its complexity. The model can be
difficult to understand, so it is important to break down each component that the model
IS built on, in order to provide a comprehensive theoretical foundation. This should
provide the reader with a good enough understanding of the model to fully appreciate
what makes it so unique and interesting to study. Another important factor that is brought
up in this subchapter, is that the Black-Litterman Model uses another model as its
foundation. This is another reason why it is relevant to talk about other models besides
the Black-Litterman model, even though some of those models are not going to be part
of the testing.

2.12.5 Contextualization of Investors’ Views

The investors’ views are what sets the Black-Litterman model apart from the other models
and also the component that we specifically want to research in order to answer the
research question. Therefore, it felt necessary to give this subject its own subchapter, in
addition to short section in chapter 2.4.2. This subchapter reviews a number of articles
that compares the Black-Litterman model to other models. These studies have varying
result, but the overall impression we derive is that in each case there is a benefit to
applying investor’s views when optimizing a portfolio. The purpose of this review is to
contextualize the value of the model and highlight the benefit of the investors’ views as
it directly relates to the research question.

2.12.6 Contextualization of Naive Strategy

Although the Naive Strategy is not going to be used to generate theory related to the
research purpose, it is still highly relevant to discuss as it is connected to the previous
three chapters. The Naive Strategy is often used as a benchmark portfolio that is used as
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a comparable when the testing is done. Many of the studies that are referenced in the
previous subchapters the uses the Naive Strategy, so, for the sake of clarity, it felt
necessary to provide some theoretical background about this model.

2.12.7 Contextualization of CAPM

The Capital Asset Pricing Model is highly relevant to the thesis as it is directly related to
the research question. As previously explained, the Black-Litterman model uses other
models as a base and then adds the investors’ views to that. The CAPM is the most
commonly used model to base the Black-Litterman model on, and it is therefore important
to understand how it works and what the benefit of using this model is. This information
will be necessary in order to generate theory pertaining to the research question, in the
subsequent chapters. Without knowledge of the CAPM and how it deals with risk, it could
potentially be difficult to appreciate the impact of the investors’ views. Therefore, the
CAPM is directly linked to the Black-Litterman model, portfolio theory, and the research
question.

2.12.8 Contextualization of Sharpe Ratio

The Share ratio is a vital tool for analyzing the efficiency of a portfolio. It is a very
practical method for determining the how successful the portfolio optimization has been.
Many of the studies that uses the Black-Litterman model, relies on the Sharpe ratio to
determine if the study has been successful. As explained in the chapter 2.8, a higher
Sharpe ratio equals higher optimization. In order to answer the accurately answer the
research question without bias, it is necessary to have a non-subjective measurement. The
Sharpe ratio provides that. Of course, the Sharpe ratio is not the only factor that matters,
the results will need to be contextualized before a true answer can be derived, but it is
certainly an important cornerstone of the study.

2.12.9 Contextualization of Model Risk

Model risk is connected to both portfolio theory and cryptocurrency. There are always
risks involved, regardless of the model. This risk has been observed to increase
drastically with crypto assets. This is likely an issue that will show up at some point in
the study, so it felt necessary to hold a discussion on the different aspects of model risk
and how it is especially problematic for portfolios with cryptocurrency allocations.

2.12.10 Contextualization of Behavioral Finance

This subchapter discusses the differences of behavioral finance and the efficient market
hypothesis. These are the two schools of thought when it comes to explaining how the
market works and what causes certain events to take place. The EMH is the principle
that most of the mean-variance based portfolio models originates from, while we argue
that behavioral finance theories such as heuristics and herding can explain some of the
price movements on the crypto market. As these two theories are connected to both
portfolio theory and cryptocurrency, which are the two pillars of this thesis, it felt very
important to include a discussion about how these concepts impacts the core subjects of
this thesis.
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2.12.11 Investment vs. Speculation

This discussion directly is connected to cryptocurrency and behavioral finance. It
discusses the distinction between an investment asset and a speculative asset, and how
cryptocurrency has garnered the reputation of speculative asset. The implication of this
Is that investors do not fully consider cryptocurrency a legitimate investment, even if
they may see the promise of great return. This correlates some points that were raised in
the introductory chapter, about the risk awareness of investors when it comes to
entering crypto markets. The speculative aspect of cryptocurrency contributes to that
awareness and is part of what turns investors aways from cryptocurrency.
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3. Scientific Method

In the scientific method part, we will describe what methods we decided to use to answer
our research question and choices we made regarding ontological, epistemological, and
axiological views when it comes to our research philosophy. We will also present how we
searched for literature, what sources we deemed credible and the advantages and
disadvantages of our decisions.

3.1 Research Philosophy

Research philosophy is a term that refers to a number of underlying ideals, assumptions
and preconceived notions regarding the creation and development of knowledge.
Whenever one undertakes the task of researching a certain topic, that inherently means
that the researcher is also attempting to develop the knowledge on that topic (Saunders et
al, 2019. p 130). For instance, this thesis is studies measures the performance of a number
of portfolio management models when crypto assets are added to the portfolio. The result
of this study is therefore going to add to the extant research on this topic and as authors
it is important to remain conscious of the effect that our philosophical positions may have
on this study. For example: the topic of this study was chosen with the preconceived
notion that the Black-Litterman model was expected outperform the comparable models.
This is something that is very important to consider as it may significantly impact the
research direction. With more consistent and thought-out assumptions, it will be easier to
establish a reliable research philosophy, which will then guide the subsequent parts of the
thesis (Saunders et al, 2019. p 131). Meaning analysis procedures, data collection
techniques, research strategy, and methodological choice (Saunders et al, 2019. p 131).
As such, it is therefore necessary to reflect on how various paradigms may influence the
perception and development of knowledge, with regard to the authors assumptions and
the research topic.

Beliefs and : Research
assumptions . philosophies
\4

Research desi

Figure 7. Research Philosophy (Saunders, 2019).
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3.2 Ontology

When it comes to ontological questions, it is perhaps best to regard it as questions that
deal with things that are objectively real, meaning that they are objects that exits in the
physical world regardless of our knowledge of them. This is what is known as ontological
objectivism. However, researchers are free to make assumptions about whether there is
such a thing as a real world that exists independently of us being aware of it. This thesis
focuses on financial assets and their perceived value. These are not things which are
objectively real as

Atoms are physical objects which have always existed in our world, regardless of humans
awareness and understanding of them, so they can therefore be considered objectively
real. On the contrary, the financial assets and theories that are being researched in this
study are tied to theoretical and social concepts which only exists as long as humans
believe that they do. If humanity were to abandon its current financial system and all of
its technology and go back to a hunter gatherer society, all financial assets would simply
seize to exists.

This is where subjective ontology takes precedence. Subjectivist would suggest that there
are multiple realities coexisting as they are mostly a societal construct. These realties are
also highly dependent on the actors in this construct, and not only can multiple realities
exist and be true at the same time, but they are also changeable (Saunders et al., 2016).
Regardless of its value, a crypto asset is not a physical object. It is a made-up concept
which value is derived from human perception. Crypto assets can exist, only because
humans participate in the construct that allows it to.

In the previous subchapter the role of assumptions in the development of knowledge was
brought up, and an argument was made that the authors’ ideals and assumptions will
ultimately affect the research design. Mars & Furlong (2002) has a great take on this
subject, where they argue that one cannot choose to adopt a certain paradigm or research
approach because it fits the research topic, but rather that a researcher’s ideals and
assumptions has already provided them with a natural position on ontology and
epistemology (which will be discussed in the following subchapter).

Finance is a social science, which, in its nature, is almost entirely subjective. However,
as previously discussed, it is clear that the entire finance industry is a made-up construct.
Despite the fact that this is an objectivist position, we sympathize with this argument
which puts us in a position that accepts both the subjective and objective views on
ontology. Therefore, we have concluded that we should take a positivistic position while
conducting our research. Positivism comes from foundationalist ontology, which accepts
the idea that the world exists independently of humans’ awareness (Mars & Furlong,
2002. p. 22). Positivists also believe that there are comparable aspects of natural science
and social science that allows for the possibility to create relationships between social
phenomena, which includes the previously discussed social constructs, and objectively
real objects that exists regardless of human’s awareness of them. This can be achieved by
using theory in order to create a hypothesis which is then accepted or rejected based on
direct observation. This is exactly what we aim to do with this study. This thesis is built
on a strong foundation of theories, which has generated the hypothesis that we wish to
test in our study.
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3.3 Epistemology

If ontology deals with real things that exists in the real world, the epistemological position
is about explaining how these things work and what their position in the world is, based

on the researcher’s understanding of them. Hence, epistemology is often described as a
theory of knowledge (Mars & Furlong, 2002. pp. 18-19).

In the previous subchapter there was a discussion about how crypto assets are social
phenomena that are part of made-up constructs. Epistemology handles the concept of
social phenomena to a more significant degree, by questioning if an observer can discern
an objectively real connection between said social phenomena. It then seeks to explain
how that is possible.

This is highly relevant for this thesis as the purpose of the study is to find and understand
the connection between several social phenomena, namely crypto assets and multiple
portfolio models. The observations that will take place will determine how the results can
be interpreted in relation to the research question. It will also be the foundation for the
analysis which seeks to explain how this connection is possible, if it is.

Due to the subjective nature that is under study, as a result of the focus on investors’
subjective views, it seems more suitable to take a subjectivist approach on the
epistemological position.

3.4 Research approach

The research approach describes the relationship between theory and research. There are
three different approaches that a researcher can take, inductive, deductive, and adductive.
Deductive reasoning is the most commonly used approach. Essentially in deduction, the
researcher uses logic to draw a conclusion that based on a pre-determined set of factors.
If all factors are true, the conclusion is also true. In a quantitative study like this, the
“factors” would be the necessary conditions for accepting the hypothesis. This is how
deductive reasoning is used in research to systematically generate a conclusion, based on
positivist observations.
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Figure 8. Research Approach (Bell et al, 2019).

Inductive reasoning is somewhat less scripted, as conclusions are drawn based on the
researcher’s judgment of the documented observations. For instance, in a qualitative
study, where instead of testing a hypothesis, we gathered data based on expert
observations from cryptocurrency portfolio managers and used the results to make an
estimation of how the Black-Litterman model would perform against the other models.
Compared to the significantly more objectivist deductive reasoning, induction offers
relies more on subjectivity. Something that could perhaps have been beneficial for this
research topic, considering the “investor’s views” which is entirely subjective. However,
as Mars & Furlong (2002) noted, these paradigms are predetermined naturally, and a
researcher cannot adopt one simply because it may have been suitable for the research.

The third line of reasoning, adduction is probably the most intriguing. Here, the researcher
starts off with a given conclusion and investigates if a set of possible premises can be
used to generate a sufficient explanation for that conclusion. If it can be argued that the
premises are true, then it can also be argued that the conclusion is true. In theory, it could
be possible to use this line of reasoning to reach a conclusion. Especially if the conclusion
were stated in the following ways “the Black-Litterman model is superior to other mean
variance based models, when crypto assets are involved” or “the Black-Litterman model
is better suited for crypto assets than other models.” However, that key part about
abduction that leads us to reject that approach, is that rather than going from reading
theory to gathering data, as you do in deduction, or going from data to generating theory,
as you do in induction, abduction tends to move back and forth. This is not the intention
of this study.

“...if your research starts with theory, often developed from your reading of the academic

literature, and you design a research strategy to test the theory, you are using a deductive
approach (Saunders, 2019, p. 153).” Based on that quote, we feel that the deductive
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approach is what we identify most closely too, and what feels as the most suitable and
organic research approach for this study.

While a “new” theory in the special use of the Black-Litterman model on cryptocurrencies
is being tested and it could make a case for an inductive approach, the concepts used are
already existing, empirical data is being taken and it goes from generalized theory to a
specific portfolio observation, which all speaks for a deductive approach.

3.4.1 The Role of Theory

To conduct research is to generate knowledge by collecting and analyzing data. In
business research, theory is a central concept as most business research is conducted in
order to improve the theoretical understanding of that topic. There can certainly be a
practical use for business research, but the main intention is usually to add to theory.

As previously hinted, the key role of theory in this study, especially with it being
deductive, is that it is the inspiration for the research topic and the foundation for the
research purpose. The research topic has been derived from spotting a gap in the extant
literature and then using the relevant theories, which is also what drives the interest in
researching this topic, to build a foundation that support the development and testing of
the hypothesis. However, there are some criteria for what can be considered as theory,
and since the purpose with business research is to add to the extant theory, it is important
to understand what that criterion is, in order to validate the findings of this study.

Sandberg and Alvesson (2021), lists six criteria that needs to be met in order to consider
a scientific contribution “theory”.

First, the has to be a clearly stated research purpose. For this thesis it is clearly stated that
the purpose of researching this topic is to analyze if crypto assets can be successfully
implemented into a portfolio and optimized to reduce the overall risk of the portfolio.
This research is meant to provide a meaningful contribution to the literature, and a helpful
example to investors who are interested in investing in crypto but are unsure if it is
possible to, and if yes how to reliably allocate cryptocurrencies to a portfolio.

Second, the study must involve some sort of social phenomenon, which in this case would
be the constructs surrounding crypto assets and portfolio management theory.
Specifically, the implications of subjective views, and the impact they can have on
portfolio management. The aim is to generate theory on this subject that will add to the
knowledge of this subject, which so far has not been researched enough that either
scholars or business professionals have been able to come to a clear consensus of its
impact and applicability.

Third, the thesis should provide some form or conceptual structure that serves to highlight
or reject certain features about this social phenomenon. The phenomenon of investors’
views will be tested and analyzed by building a theoretical framework of relevant theories
and extant literature that highlights various aspects of the phenomenon under study. After
the, the study will commence by collecting and calculating data, which will be analyzed
based on the results and the relevant theories from the theoretical framework.
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Fourth, the thesis has to provide significant intellectual insight into the phenomenon.
Meaning that the authors should provide knowledge that goes beyond what can be
regarded as common sense, and also something that can either reinforce or dispute what
has already been established on the subject. Since the motivation behind this study is to
provide a more in-depth analysis of what happens when one includes investor’s views
when optimizing a portfolio that contains crypto assets.

Fifth, in order to measure how well a theory fulfills its purpose, and also to prove whether
it is actually useful or not, there has to be some sort of relevance criteria to measure it
with. The quality criteria are discussed in detail in its separate subchapter, so the fifth
criteria are fulfilled.

Sixth, naturally the theory must have empirical support. Since this is a quantitative study,
the data will be used to generate empirical evidence to confirm or deny the hypothesis.
There is also empirical support in the literature that has been reviewed.

Finally, there must be some form of boundaries as to the extent of what is being
researched. The limitations for this study are related to the scope of the research, the
sample size, the number of portfolios, the number of assets in each portfolio, and the
number of models being tested. These limitations will be described in greater detail in the
following chapter, where the practical method is discussed.

3.5 Research Method and Design

There are essentially four issues which must be considered when designing a study:
Research paradigm, research topic, research strategy, research method (Yilmaz, 2013. p.
312). The first two has already been discussed earlier in the chapter, so that leaves
research strategy and research method. The figure below is called “the research onion”,
and depicts the layers that researchers have to go through before they can get to the core
of the thesis. According to the figure, it seems that the next discussion should revolve
around the choice of methodology.
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Figure 9. The research onion (Saunders, 2019).

Since it has been hinted on previously, the choice of methodology is rather obvious at this
point. This will be a quantitative study, which means that results will be derived from
statistical data analysis methods (Yilmaz, 2013, p. 311). What has guided this decision is
the same thing that distinguishes quantitative research from qualitative research. Namely
the data gathering method. Quantitative research uses numerical data, while quantitative
research uses non-numeric data such as words or recorded interviews Saunders et al,
2019, p. 175). For the purpose of testing the performance of various portfolio models, it
seemed that numerical data was more fitting and would provide more reliable results. It
also seemed that the data gathering process would be significantly less tedious with this
method. As for research strategies, this will be discussed in a subsequent chapter, together
with the practical method of the thesis.

3.6 Literature Search and Source Criticism

In order to acquire relevant information in the extant research, it was determined that a
systematic literature search should be utilized. This approach is commonly used in more
extensive searches, as it allows the researcher to screen articles in a specific field, while
filtering sources based on relevance. The main benefit of doing this is that it allows the
author to gauge what has been explored by other researchers and draw knowledge from
that in order to generate new ideas and identify a research gap (Collis & Hussey, 2014, p.
61).
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While preparing for the literature search, Hart, C. (2001) was very helpful in providing a
basic framework for how the search should be structured. First, it was important to define
the topic. This was achieved by writing down the main topics, which are portfolio theory
and cryptocurrency. From thereon it was fairly simple to design a number of key words
which could guide the literature search in a direction that would lead to relevant
knowledge.

The following key words were used:

Cryptocurrency, blockchain, portfolio theory, black-litterman model, volatility, crypto
assets, optimization, CAPM, Naive Strategy, Sharpe Ratio

Secondly it has been important to consider the limitations of the research topic. Both
crypto assets and portfolio theory are rather broad topics which can be connected to a
large spectrum of social, ethical, political, technological, and financial theories.
Therefore, it was important to define the scope of this topic, so as to avoid including
irrelevant information and ensuring that the topic is appropriate for a master’s level thesis.

In this thesis, the research parameters were defined as the following:

e Literature classification: Peer-reviewed scientific articles, secondary references found
in journals or other credible sources, and books.

Business sector: Finance

Subject area: Finance

Publication period: Mainly recent, however original publications take precedence.
Geographical Area: Global

Language of Publication: English

Finally, the most simple and obvious step would be to decide where to search. There is
no doubt that, for the purpose of this very modern topic, using the internet as the main
source of information would be the most effective measure. In this case, Google Scholar
and Umea University’s library search engine were the two main sources which were
utilized in order to find relevant literature. Between the two, Google Scholar has been the
primary tool for finding relevant research, while the library search engine was mainly
utilized to find articles which required special access, or to complete the primary findings.
In order to ascertain the credibility and reliability of the information provided by the
literature, the search has primarily been focused on peer reviewed articles, which are
ideally widely referenced, or published in a reputable journal.
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Figure 10. The internet mindmap (Hart, 2001).

The figure above depicts how the internet is used to access relevant information. As
mentioned above, the search mainly targeted scientific articles posted in journals,
however it was important to explore all of the sources pictured above. While relying on
information provided by anonymous individuals in forums or trending news articles, is
certainly not suitable when it comes to building a strong theoretical foundation to a thesis,
it did prove helpful in a few instances. Particularly when it came to picking out stock
options and cryptocurrencies for the portfolios. Naturally, all sources have been carefully
considered and are listed alphabetically in the reference list.

3.7 Social and Ethical Considerations

Whenever a researcher is planning and designing research, there will always be ethical
concerns to consider. Ethical concerns can emerge in any situation, from seeking access
to data through corporations or individuals, and also managing, collecting and analyzing
this data. In a research context, ethics is about the researchers’ behavior and conduct as
they come into contact with the subjects of their research. This may lead to some
conflicting issues that need to be dealt with in order to ensure that the researchers conduct
does not harm those who become subjects to the research.

There are two key philosophical positions that tend to clash with one another: teleological
and deontological. The former, teleology is a view which argues that whether an act
should be deemed as justified, or not, shall be determined by the consequences that follow
said act. On the opposite end of the spectrum there is deontology, which is based on a set
of rules that is meant to guide the researcher’s way of conducting themselves. According
to the deontological view, it is never acceptable to ignore or act outside of these rules. In
a situation where the rules are insufficient or cannot provide clear guidance on conduct,
the rules would have to be amended or reappraised.

Since the data and literature in this study has been collected solely through the internet,
all of the ethical considerations that deal with humans and institutions, need not be
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considered. We are not accessing data through an institution, organization, corporation,
or private individual by means of interview or human contact. Rather, what is most critical
to consider, is the ethical considerations that involves data collection through the internet.

The internet is undeniably a great asset when it comes to searching for and collecting
data. There is no doubt about that. However, it is not entirely without its issues. Especially
in the deontological view, where it can be quite troublesome to apply some of the ethical
principles that researchers are meant to follow. However, as it pertains to this study, none
of the concerns addressed by Saunders et al. (2019) seemed relevant as all of them
addressed ethical issues of gathering data on various online platforms, from the users on
those platforms. The data in this study is downloaded from public databases, so these
concerns do not really apply.
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4. Practical Method

In this study we want to analyze how the implementation of an investor’s subjective views
affect the asset allocation of a portfolio including cryptocurrencies. More specifically,
we want to test how returns, risk and the out-of-sample performance change when using
the Black-Litterman model to implement such views. In this section we will outline how
we are planning to do this.

4.1 Data Collection and Sample Size

The data gathering process was initiated by first collecting daily closing prices for all our
stocks and bonds for the period. For the traditional stocks the data was collected from the
official Nasdaqg website, with 250 trading days a year.

The data for the cryptocurrencies can be downloaded from www.coingecko.com, which
uses the data from “Coinmarketcap”, but is the only site allowing for the download of
historical data. Since cryptocurrencies do not trade on the normal stock market they also
do not pause on weekends and holidays, meaning they had 365 trading days per year for
the period.

The data for the UK and US 10-year treasury bond can be gathered from Yahoo Finance,
each with a different amount of trading days, depending on how many and which holidays
were skipped in the respective countries. The difference in the amount of daily prices
already carried the first difficulty, as many comparing calculations require the same
sample size, but more to that later when we actually had to make the adjustments.

After collecting the data of the portfolio’s assets, the average returns of each can be
calculated. However, in order to calculate the implied equilibrium returns only the excess
returns are needed, meaning that the risk-free rate has to be subtracted first. For that one
simply has to take the return of the US 10-year bond, as it should theoretically reflect the
risk-free rate. Additionally, the variance and standard deviation of all the stocks will be
calculated. The process will go as followed in figure 9 below.
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¢ Data Collection, Excess Returns, Standard Deviations

e Implied Equilibrium Excess Returns: IT = AXw,;,,
2 e Delta, Variance-Covariance Matrix, Market Weights

¢ Creation and Formulation of Investor's Views

¢ Building Inputs for Black-Litterman Formula
4 e Q-Vector, P-Matrix, Q-Matrix, t-Scalar

e New Combined Black-Litterman Excess Returns
5 e E[R] = [(TZ)‘1 + P’Q‘lP]‘l[(TZ)‘lﬂ + P’Q‘lQ]

Figure 11. The calculation process.

4.2 Implied Equilibrium Excess Returns

The first step will be to get the basis for the Black-Litterman model, the implied
equilibrium excess returns.

I1 = AXWmkt

The Implied Equilibrium Excess Returns are the starting point of the model and supply
an expected return vector to use the investor’s views on. As the basis, the vector obviously
plays a very important role in the whole model and it was already argued sufficiently in
the theoretical chapter of why this choice was made. The returns exist in a market
equilibrium, which is the state that clears the market and where every efficient investor
wants to hold the same portfolio, the market portfolio. With these assumptions the returns
can be calculated. In order to get the equilibrium excess returns, a delta representing the
return-risk tradeoff in the market, the variances and covariances of the assets and the
market weights were needed.

4.2.1 Delta

The first task is to calculate delta, which is the return-risk tradeoff from the market. It
represents how “risky” the average investor in the market is and more precisely it values
to what ratio an investor is willing to sacrifice return for less variance, or how much more
return has to be expected to take on more variance. The equilibrium assumption carries
with it that the market portfolio at any given time is mean-variance efficient, which means
that delta can be observed. For that the Kenneth French website (French, 2022) will be
relied on and the Fama/French 3 factors data will be used. This document provides the
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historical market return, risk-free rate and market excess return from 1926 to today for
all NYSE, AMEX and NASDAQ firms. The delta is calculated from the expected market
excess return divided by its variance, which both can be taken from the data. Again, a
decision had to be made of how much of the data set should be included in the calculation,
as it could be argued on one hand that the more data the better, but on the other hand that
the trajectory from 90 years ago might not be reflective of today’s state. It was decided
that, for multiple reasons listed below, only the last ten years should be included. The
reasons are as follows:

e This is a study that revolves around cryptocurrencies. They simply did not exist
20 years ago and since this segment is about investors’ behaviors and thinking, it
was deemed important to include just that time, as they are regarded as quite
different from traditional stocks.

e The technological sentiment, in general, has been growing exponentially in the
last years and the way it is being thought about and integrated in society
completely changed, surely also the investors’ mindsets.

e Even when considering that it would mainly cover the time after the great
recession and that the markets while recovering from it have been rising almost
all the time, this timeframe still seemed like the best fit. Even if the delta might
be a bit higher than in reality, under the circumstances it should do a good job
representing investors in the current situation.

e After setting the time frame, the average excess rate during it and the variance
could be calculated and entered in the formula, we arrived at a delta of

The higher the delta, the more “bullish” are investors. In the formula of the implied
equilibrium excess returns the delta deals as a multiplier and can therefore have a big
effect on the expected excess returns vector. The more investors are prone to act “risky”,
the higher the delta will be and the higher the expected returns.

4.2.2 Covariance Matrix

The next step is the variance-covariance matrix of excess returns and was the first point
where adjustments had to be made. Normally, one would need the same sample size for
all the assets in order to calculate the matrix in the most common way. However, since
the stocks, cryptocurrencies and bonds all had different amounts of data, this was not a
possibility. The covariance though can also be calculated with the correlation between
the assets and their respective standard deviations, so the correlations alone were
sufficient. To use historical data for it is also acceptable in this case, as differences in the
covariances do not have a huge impact on the end result.

For stocks with the same sample size those are easy to calculate with a correlation
function used on the historical data of the assets. However, once again, a problem occurs
when trying to get the correlations between stocks with different sizes. In statistics there
are usually two ways to deal with this problem, where the first involves just deleting the
data of the bigger sample for which there was no data to pair with, and the second
increasing the smaller sample to the size of the bigger and marking the new open data
slots as missing data in the matrix, which would also end up in the pair being disregarded.
In the case of this study, both these solutions did not seem appropriate, as it seems that
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one would skew the data more than the other, and it is important to not disregard almost
a third of the cryptocurrency data for this.

Fortunately, there is a website which tracks all the stocks and their movement, focusing
on their correlation. Since the goal of this thesis is not to show exact return numbers, and
exactly how well this realistic portfolio would perform, it was decided that it is the best
option to rely on the correlations given on that site. The site that will be used is
www.microaxis.com, they only have the correlations for the last three years, so not for
the full observed period. They do, however, have all stocks and bonds. The focus for the
correlation in the last three years does not necessarily have to be a bad thing as some of
the crypto assets, such as Binance Coin, were behaving a little more realistic at that time,
compared to earlier periods. After having the correlations calculating the covariance
matrix is simple with the formula

Cov(x,y) = Cor(x,y) * 0y * 0y
where

Cov(x,y) is the covariance between asset x and vy,
Cor(x,y) is the correlation between asset x and y, and
Oxy is the standard deviation of asset x or y respectively.

The covariance matrix will be very important throughout, not only in the excess return
formula, as it will define how the assets relate to each other and how much they each
change, depending on what happens in the market. In the formula for the implied
equilibrium excess returns it is another multiplicator and while a matrix is not directly
comparable to a total value, the covariances of the assets can have exponentially larger
impacts, especially if one or two assets have high values across the board.

4.2.3 Market Weights

Lastly what was left in the formula were the market weights. It was already established
that the model is based on the equilibrium and its assumptions are important here again,
as in an equilibrium the perfect portfolio that all investors hold is indeed the market
portfolio, and the market weights can therefore be observed by seeing how much of each
asset is held by investors. This part follows Idzorek (2004), by treating the sum of the
market capitalizations (market cap) of the assets as the whole market and in conclusion
setting each asset’s market cap relative to the total of their respective market weight. The
market caps will be taken from the NASDAQ for the traditional stocks and the
Coinmarketcap website for cryptocurrencies. The market cap for the bonds will have to
be dealt with differently, as they are very hard to specify. Taking their outstanding
“shares” as example would lead to an insanely high market cap and its amount could push
the portfolio in a too extreme direction. As the bonds are not that important for the
presentation of the model, for simplicity reasons the average of the other assets’ market
caps will be taken and assigned to each of the bonds. This again does not influence the
outcome of the thesis given the goal provided. A thing to mention though is that in a
market equilibrium the market cap can have big implications, because the bigger the
market cap usually means the better the asset, and it could sway the portfolio heavily
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towards assets with high market caps. The same goes for the formula for excess returns,
as the percentage market cap goes 1-to-1 in the multiplication for the result vector.

After specifying the market weights the implied equilibrium excess returns will be
calculated using the formula in 4.2.

4.3 Investors’ Views

Investors’ views are the crux of the model. A view can be absolute or relative and
describes whenever an investor’s opinion differs from a model’s objective prediction. The
goal of the Black-Litterman model is not to optimize the portfolio given objective
performance standards, it is to cater it exactly towards an investor, depending on his or
her views. This also means that trying to objectively rate them or reviewing if they are
right or wrong would not make any sense, as this model is exactly made for situations,
where it is not possible to apply other models and they fail.

Views are subjective, from investors, and they will be formed depending on the returns
the model should be based on. In this study the implied equilibrium excess returns that
will have just been calculated before, will be used as basis, so the views will be created
depending on an investor’s probable thoughts on the projections. The number of views
will also depend on how many vastly different thoughts the “investor” in this study has
about the first projections. Optimally the views would include expert opinions or
calculations, but since there is no general consensus and in-depth information about
cryptocurrencies is scarce, for the method in this study the views will be created by
forecast websites and the authors’ personal judgement. Every view should optimally also
include a confidence level, based on how confident the investor is in his/her prediction.
The implementation of this number is not completely clear and is connected to the error
term, which will be discussed with the Q-vector and Q-matrix. After formulating the
views in words, the information can be translated in the view vector Q, the P- and Q-
matrices and the views give almost all the input for the Black-Litterman formula. For
more specifics the intermediate results of the implied equilibrium excess returns will be
needed, so those will be discussed in detail in the results chapter.

The investors’ views will also be the first important step in evaluating the thesis’
hypothesis. It will be compared how much the views changed the original implied
equilibrium excess returns and how good the model can tilt the portfolio to the investors’
opinions.

4.3.1 Q- View Vector

Every view will consist of some different expected excess return for one or multiple
assets. These values of new predicted excess returns will be entered in a vector Q of the
form “kx1” (k number of views), the view vector. The predictions are also directly
connected to the confidence mentioned above as the vector carries an error term “g” with
it.
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The specification of the error term though poses a problem, as it cannot be directly
translated from the given confidence level and the high chance of error in the error term
could have severe consequences for the results. There are other way to try to include the
error term and the one decided in for in almost all other studies is to just include its
variance in the Q-matrix. In this study the same decision was made so that the Q-vector
stands alone.

4.3.2 P —Involved Assets Matrix

Which assets are included in each view and will be affected by it, will be decided with
the P-matrix. The matrix will always be a kxN matrix (k views, N assets) and in every
row will have 0’s for every asset that is not involved in a view.

P11 0 Pin

Prk1 °° PkN

There are different ways on how to determine what value the entries of the involved assets
should take, with two alternatives being the most used ones, but each of them setting “1”’
for an absolute view, as it represents 100% influence of the view on that asset, and for
relative views each row summing up to “0”. The first is depending on the assets’ market
weights and should generally be the most accurate option, as it correctly awards the bigger
assets with a larger part of the view. The second is the equal weighting scheme by Satchell
and Scowcroft (2000), which divides “1” by the number of assets involved in the view
and assigns a positive value to overperforming and a negative value to underperforming
assets. As the built portfolio is seen as the whole market regarding weights and also the
weights of the two bonds were improvised, it was decided that the first option in this case
would not give the specific benefits that it might in other scenarios, and so the choice to
follow the second option by Satchell and Scowcroft was made. It is also the safer option,
as the market weight scheme always has a bigger effect on the asset with the bigger
market cap, which sometimes can be positive but under circumstances also negative and
increase the perceived difference.

This study will therefore use an equal-weighing scheme and disregard differences in
market weights for the importance of the views.

4.3.3 Q — Confidence and Error Matrix

Lastly the construction of Q is by far the most complicated and volatile part of the process.
It deals with the error term, or rather its variance, and therefore implies the confidence in
each view. Q is a square matrix, has as many rows and columns as there are views and
has 0’s in all cells except the diagonals. The diagonals have the “®”-values for each view,
which is the variance of the error term mentioned connected to the view vector. The
matrix will then have a form like
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Here again exist different ways on how to calibrate the diagonal values. It was already
mentioned, that even when given a percentage number for the confidence, if it is not 0 or
100, it is not exactly translatable to the error term and not possible to calculate. As for
any other variable that cannot be clearly defined, authors from earlier studies found man
different ways to deal with this problem. In this case, most of them are very unique and

used in just one or two studies, so we will just present the one, that was more used than
others and we decided for:

In their study He and Litterman (1999) calibrated exactly this confidence, so that the ratio
of  to t is equal to the variance of a view portfolio, which again can be calculated by the
formula p, 2py,, with p;, being the 1XxN row matrix for every view respectively. This gives
some great advantages compared to if one had to improvise or calibrate a value for ®.
The variances of the view portfolios are easy to calculate and just rely on the covariance
matrix, so as long as the covariance matrix is correct, it is a great substitution. Also, this
way the error term does not directly enter the equation, meaning there is one less variable
that could interfere with the results and only T remains as uncertain scalar. Of course, this
also means that more weight is put on exactly these two factors and the uncertainties that
were mentioned earlier about the covariance matrix and the scalar could have
exponentially bigger effects, but in this case, it should absolutely warrant the decision.

In the matrix it means that each error term o will be expanded by f and the ratio % will

then be substituted by the variance of the according view portfolio. The final Q-matrix
will then have the form

(p1Zpy) xT - 0
Q= : ; .
0 o (PrZpp) * T

4.4 t-Scalar

The scalar 1 exists to determine how severe the covariance matrix of excess returns X
should impact the equation and how much weight should be given to the former calculated
implied equilibrium excess returns. While it is “just” a scalar, its importance should not
be understated, and neither its variety. It can have big implications on the outcome and at
the same time can vary from everything between 0 and 1. Examples of this are Lee (2000)
usually setting a value between 0.01 and 0.05, while Satchell and Scowcroft (2000) on
the other hand often set T to 1. The value cannot be correctly calculated and there is no
mathematical basis for it, very different values have all been used and it is impossible to
say if one is right or wrong. Since this thesis was inspired by Platanakis and Urquhart
(2019) who also dealt with the Black-Litterman model focused on cryptocurrencies, we
decided to set the value of our scalar as the one in their work. This decision was made
after reviewing the extensive reasoning that they provided in their article. Hence,
accordingly, we continued with the scalar t = 0.1625.
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4.5 Black-Litterman model

As previously mentioned, the Black Littermann model works like an extension of another
model. This means that a component from another model is built into the Black-
Littermann model. The most commonly used model, and the model that will be used in
this study is the capital asset pricing model. The reason why this model was chosen, is
because it was developed as an improvement on the Modern Portfolio Theory, and is
build to handle more risky assets. Since the portfolios contain crypto allocations, which
are highly volatile, it seemed appropriate that the Black-Littermann model is based on,
and compared with another model that is built to deal with risky assets.

For comparison let us look at the two models. This is the CAPM:

E(ri) =ri+ Bi[E(rm) — 1]
where

E(ri) is the expected return for investment i;
re IS the risk-free rate;

B isthe Beta for investment i; and

E(rm) is the markets expected return.

And this is the Black-Littermann Model:
E[R] = [(zX)™! + P'Q7 P [(z2)~T + P'Q71Q]

Observe that only one component of the CAPM has been taken out and implemented into
the Black-Littermann model. “TI” represents the excess return vector and is a necessary
component in the formula.

Finally, the views will be implemented by building return vectors based on the investors’
views. This is done by combining the excess return vector with the subjective views of
the investor. Doing so will generate the final model, which is the Black-Litterman model,
and the results will then be used to measure the significance of implementing investors’
views in a portfolio with crypto allocations.

4.6 Sharpe Ratio

As mentioned in chapter 2.1.4, the purpose of the Sharpe ratio is to describe the amount
of return that can be expected from each specific risk measurement in an investment. A
higher Sharpe ratio signifies greater returns. In the testing, the Sharpe ratio will be used
as one of the measurement methods to illustrate how the two portfolios match up against
each other.

R, — Rs

Sharpe Ratio =
Op
where
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Rp is the portfolio’s return,
Rt is the risk-free rate, and
Op is the portfolio’s standard deviation of excess returns.

The portfolio’s return minus the risk-free rate will just be the portfolio’s excess return
and since the model is based on the CAPM, which is dealing only with excess returns, it
will be easy to calculate. The portfolio’s standard deviation of excess returns will be
calculated with the standard deviations of the separate assets and their weights in the
portfolio.

It was already mentioned how the traditional measurement tools are not working well on
cryptocurrencies, so while the Sharpe ratio will be calculated and presented, it will not be
taken as face-value to make any further decisions. Instead, its change and also the change
of the specific variables of the formula will be closer looked at and analyzed why they
change the way they do.

4.7 Research scope and portfolio selection

This study will be based on historical data from October 1%t 2017 — April 1% 2022. This
time period was selected for a few reasons. First, cryptocurrency has only been around
since 2009, and it was not until 2016-2017 where it really began to explode. Therefore,
the following reasoning was approached: If the study were to include data from before
the “crypto boom”, it would likely result in heavily skewed data. The reason being that
volatility of the crypto assets would be negated by the massive price increase, thereby
resulting in a not so optimal portfolio that would be heavily weighted with crypto assets,
due to the historical returns. Essentially, the concern was that as long as the investor
forecasts were positive, the historical returns would have too great of an impact on
expected future returns. This would result in an unrealistic portfolio that could not be
curbed by investor’s views.

Another thing that was important to consider are the many different assets that can be
included in a portfolio. The portfolios in this study have been limited to Cryptocurrencies,
stock options, and government bonds. This choice was made to avoid overcomplicating
things. The focus of the study is to use the different models to balance a portfolio around
cryptocurrency allocations. Adding other risky assets such as options, futures, swaps
etc... would make it difficult to have a significant portion of crypto allocations in the
portfolio, while maintaining a reasonable level of overall risk.

Finally, this study will only use a Black-Litterman Model that is based on the capital asset
pricing model. The purpose of this thesis is to see how investors’ views will impact the
expected returns of a portfolio with crypto allocations and as was mentioned in chapter
two, the Black-Litterman Model can be based of any of the traditional models such as
CAPM, MPT, N/1, or Sharpe. However, since the aim is to demonstrate the effects of
adding investors views onto a portfolio and not to show that the Black-Litterman model
is superior to other models, or that it will generate superior returns or greater optimization,
it did not feel necessary to compare each model.
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4.8 Credibility of Findings

An important part of a thesis is ensuring the credibility of the results. As an author
becomes invested in his work, there is always a chance that biases, or undetected errors
will occur. However, biases and errors can come from external sources as well.
Qualitative research tends to have a larger probability of biases or errors, since the data
is dependent on the quality of the answers that the interviewees provide. If the interviewee
Is misinformed or simply lying, this can skew the data (Saunders et al, 2019, p. 363).
While gquantitative studies may not have the same issue, it is still worth considering in
this particular study. The reason being the investors’ views, which are based on subjective
opinion on future price movement of a speculative asset. Since there is no fundamental
value, and price is mainly affected by behavioral finance concepts such as herding and
heuristics, as mentioned in chapter two, the investors’ may not necessarily base their
views on their own opinion, but rather that of other speculators. Therefore, the reliability
and validity of the results will be discussed in the end.
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5.Results

In this chapter the final results and necessary intermediate results will be presented and
contextualized in accordance with the practical method. Also, adjustments during the
calculation process and outcomes will be shortly analyzed and the foundation for the
analysis chapter will be built.

The results will be presented and discussed in the order given in the practical method
chapter.

e Data Collection, Excess Returns, Standard Deviations v

e Implied Equilibrium Excess Returns: IT = AXw,;,,
2 e Delta, Variance-Covariance Matrix, Market Weights

e Creation and Formulation of Investor's Views

e Building Inputs for Black-Litterman Formula
4 e Q-Vector, P-Matrix, Q-Matrix, t-Scalar

e New Combined Black-Litterman Excess Returns
5 e E[R] = [(TZ')‘1 + P’Q‘lP]‘l[(TZ')‘lﬂ + P’Q‘lQ]

Figure 12. The calculation process II.

The data collection step, including excess returns of all assets in the portfolio and their
standard deviations was already completed in said chapter. The presentation of the results
will begin with delta in the second step.

5.1 Delta

The first task is to calculate the delta, which is the return-risk tradeoff from the market.
The procedure and which data to rely on was already described in section 4.2.1 and here
carried out, with a final delta of

_ E(Tm - Tf)
204

A = 2.6957

A delta of almost 2.7 is a very high value and represents general investors’ mindset. When
looking at the whole 90-year span for example, the delta has a value of around 1.2, which
means investors have been much more willing to take on risk in the last 10 years. This
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goes in line with the reasoning to decide for that time span, as the general wealth and
focus on technology obviously had quite an impact. It can also be expected that the
implied equilibrium excess returns should be relatively high, as the delta is just a
multiplicator in the formula and with 2.7 is more than double of what its value would be
when dealing with the whole time frame.

5.2 Covariance Matrix of Excess Returns

The next step was to figure out the entries of the covariance matrix. The procedure as
described in chapter 4 brought an intermediate result of the correlation matrix, with the
values taken from the website marked in red.

AAPL NVDA O AMIN N 8 SBUX X M ™ Brc fTH BNB 1R DASH U100 Uk0

AAPL 100

NVDA 0.64 100

W0 038 03 100

AMIN 063 061 030 100

N 041 0.9 040 026 100

B 058 056 032 061 08 100

SBUX 052 044 03 038 041 045 100

X 026 026 01 019 03 00 07 100

il 04 037 0.6 0.8 048 034 058 047 100

™ 056 062 031 047 0.9 04 048 03 048 100

BTC 050 057 046 061 052 0.9 .16 054 0.04 0.8 100

ETH 0.65 058 060 0.70 0.66 .10 .14 054 001 0.3 0.74 100

BNB 061 061 041 0.68 048 0.0 011 035 05 0.06 0.06 0.06 100

IR 0.4 038 04 046 040 061 034 057 0.3 038 048 059 0.04 100

DASH 058 0.3 040 0.4 053 0.9 002 048 0.4 003 0.59 067 0.5 050 100

Us-10 012 .14 087 015 071 -0.64 081 079 .74 0.84 037 04 0.18 041 0.14 100
Uk-10 034 046 078 04 058 03 040 0n 062 0.66 045 038 0.4 037 009 084 100

Figure 13. Correlation matrix.

Here the correlation matrix is presented as it can be read easily, and the connections can
be valued immediately. It can also be seen that the correlations are mostly positive and
relatively high throughout the board. Especially the technologically based stocks and the
cryptocurrencies have logically similar movements. The standard deviations of all the
assets were calculated in the beginning after downloading their closing prices and solving
for annual excess returns. With the correlation matrix and the standard deviations, the
covariance matrix was calculated.
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AAPL NVDA W0 AMIN N B SBUX X il ™ BC tTH BNB 1R DASH U510 K0

AAPL 010

NVDA 010 0.4

WO 003 0.04 0.06

AMIN 0.06 010 002 010

N 003 003 002 002 0.04

B 007 010 003 007 002 0.4

SBUX 005 0.06 002 0.04 03 005 0.09

X 005 008 002 0.04 003 005 005 038

M 005 0.06 002 003 003 0.04 005 0.0 010

™ 0.06 010 003 005 002 005 0.04 007 005 011

BC 0.3 02 0.09 0.16 009 009 Q04 036 001 008 061

£TH 0.0 0.8 0.5 022 0.4 004 Q04 03 000 008 057 0.9

BNB 13 358 125 164 122 091 039 261 0% 0.4 058 0.75 1437

1R 010 0.4 0.5 0.0 011 031 13 047 005 017 050 017 01 175

DASH 02 042 012 0.8 03 0.04 001 03 005 001 055 017 017 078 14

US-10 002 Q04 0.3 003 009 0.4 Q.14 08 014 017 017 025 18 03 010 035
UK10 0.3 A7 0.4 017 015 016 014 054 0.1 00 04 045 347 05 03 060 14

Figure 14. Variance-covariance matrix.

The variance-covariance matrix brings a lot of value as intermediate result, as it also
includes the standard deviations and is the factor that is included in calculating the
equilibrium excess returns and implementing the views with the Black-Litterman model.
While the variance-covariance matrix is not as direct to read as the correlation matrix,
there is still quite some information given. The asset who’s covariances and variance stick
out the most is definitely Binance Coin (BNB), because its values are larger than those of
any other asset by a huge margin. The values of crypto assets in general are a bit higher
than the ones of non-cryptos, which also lets one expect higher expected returns in the
equilibrium and even after implementing the views. Lastly the diagonal values are the
assets’ variances and except the beforementioned cryptocurrencies, the UK 10-year
treasury bond sticks out with an unorthodoxly high variance for a bond, again due to the
Brexit during the sample period.

After specifying these variables, only one part is left in the first equation, those are the
market weights.
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5.3 Market Weights

The last part to specify for the implied equilibrium excess returns were the market
weights.

Table 1. Market capitalization and weights.
Market Cap Market

(bn $) Weights
Apple 2790 28.71%
Nvidia 550.48 5.67%
Novo Nordisk 263.4 2.71%
Amazon 1599 16.46%
Johnson & Johnson 482.32 4.96%
Meta 621.48 6.40%
Starbucks 93.28 0.96%
US Steel 9.76 0.10%
JPMorgan Chase 383.68 3.95%
Taiwan Semiconductor 512.35 5.27%
Bitcoin 787.91 8.11%
Ethereum 373.01 3.84%
Binance Coin 68.46 0.70%
Ripple 37.13 0.38%
Dash 1.17 0.01%
US 10-year 571.562 5.88%
UK 10-year 571.562 5.88%
Sum 9716.554 1

Also in this table, a few values immediately catch the eye:

Apple and Amazon with their huge market caps have obviously the highest weights and
the way the equilibrium excess return equation is constructed it will have a big impact on
the outcome, their expected returns should be high. Since the average asset included in
the portfolio has a relatively high market cap, the ones with the lowest, DASH and US
Steel, get pushed to insignificance. At last, the improvisation of the market caps of the
bonds was already discussed, but since the range of the market caps in the portfolio is
rather large, even as average the bonds still seem to have quite high weights.
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5.4 Implied Equilibrium Excess Returns

Now with having specified the needed variables the Implied Equilibrium Excess Return
Vector could simply be calculated by putting them in the formula. Doing so resulted in
the numbers which can be observed in the table 1 below.

Table 2. Implied Equilibrium Excess Returns.

Apple 27.39%
Nvidia 29.96%
Novo Nordisk 17.98%
Amazon 27.91%
Johnson & Johnson 14.62%
Meta 8.83%
Starbucks 3.98%
US Steel 37.98%
JPMorgan Chase 4.43%
Taiwan Semiconductor 3.03%
Bitcoin 49.46%
Ethereum 66.63%
Binance Coin 782.74%
Ripple 50.69%
Dash 66.03%
US 10-year 22.10%
UK 10-year 61.25%

It can be immediately seen that the high delta and the assumption to see our portfolio as
the whole market gives high expected returns in many cases. Also, the model does not do
a great job when it comes to cryptocurrencies, as their expected returns seem way too
high. This is due to cryptocurrencies being so “young” and the historical data of well
performing cryptos nowadays are pretty much only collected during a booming period.
Additionally, their closing prices were jumping up and down sometimes from day to day,
which resulted in the aforementioned high standard deviations. The biggest impact can
be observed with the Binance Coin, as it was barely half a year old, when the time frame
of the sample started. This is a great example why the Black-Litterman model is needed.
These numbers would suggest way too high portfolio weights for the cryptocurrencies
and no investor would like to base their portfolio on these expected returns.

Another thing to mention is that the bonds have very high expected returns due to the
improvised market weights. While it does not look good for now, this is not a big problem
and can also be tried to be adjusted with the model. In the upcoming part the investment
managers’ views Will be implemented, to show how these numbers will be adapted with
the model and how it changes the assessment of cryptocurrencies.
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5.5 Investor’s views

The first step of the actual model is to create the views. In reality, especially experienced,
investors usually have their own views on how certain assets might behave, but often no
way of overcoming the difficulties of actually implementing them in the numbers,
preferably with at least of a bias as possible (Lee, 2021). Normally, one would rely on the
expertise of institutional investors for this kind of information. However, we are
unfortunately not privy to such connections and are therefore forced to go in another
direction. One possibility, which is available to use, could be to simply make up views
by us, and use these to adjust the portfolio. Although this certainly could be justified,
since it was brought up on numerous occasions, that the exact numbers are not necessarily
needed for the outcome of the thesis, the objective is still to keep it as close to reality as
possible. So, the chosen approach ended up being a combination of trying to get as
objective information as possible, by scanning multiple cryptocurrency price forecasting
websites, such as Walletinvestor, Digitalcoinprice and Longforecast (2022). The
information gathered from these websites were then used to form views that seemed
reasonable to the authors. In the end, there were five views. Each of which will be further
explained later on, including their potential impact. The confidence level is not added yet
and will be discussed with Q:

Bitcoin’s price will reach $60,000 in one year.

Ripple will outperform Ethereum by 3% annually.
Binance Coin will have 30% excess return.

Dash will outperform Apple by 5% annually.

The UK 10-year treasury bond will have 3% excess return.

agrwbdE

5.5.1 View 1

This view is an absolute view and only includes one asset, Bitcoin. The forecasts
regarding Bitcoin varied a lot. Most sources gave positive predictions for the near future
and on average Bitcoin was said to be reaching a bit above $60,000 in a year, which
seemed like a reasonable position to take for the first view to be implement.

Bitcoin’s last closing price in our data set was $45,528. Reaching $60,000 would mean a
growth by $14,472, or 31.79%. This would mean that instead of the 49.46% excess return
calculated in table 1, this view predicts Bitcoin with just 12.75% excess return, which
immediately seems like a less risky prediction. We also acknowledge that the reduction
from return to excess return seems big but is due to treating the US 10-year bond as the
risk-free rate and therefore subtracting it from the annual returns. While this view only
directly impacts Bitcoin, it is also important for the rest of the assets, as Bitcoin is highly
correlated with many of them, therefore indirectly also impacting others.

5.5.2 View 2

This is a relative view involving two assets, Ripple and Ethereum. Both cryptos have a
pretty high correlation with Bitcoin, and each other, while Ripple has a much lower price
and is looking to get implemented more in the banking sector and Ethereum representing
cryptos how most people view them, as expensive and speculative. This view says
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nothing about the nominal performance of each crypto, but about their relation. All
relative views have a nominally under- and overperforming asset, in this case Ripple is
the overperforming asset, as it outperforms Ethereum. This does not immediately mean
though, that it will have a positive effect on Ripple and a negative on Ethereum. It is
important if the difference given in the view is more or less than the one calculated in the
implied excess returns. Ethereum there has an excess return of 66.63% and Ripple of
50.69%, meaning that originally Ethereum should outperform Ripple by 14.94%. This
means the view includes a swing of almost 18% in Ripple’s direction and will tilt the
portfolio more towards its direction.

5.5.3 View 3

This view is comparable to view 1, which is an absolute view and only affects with
Binance Coin. While some of the numbers in table 1 seems pretty high, one sticks out
more than others, that is Binance Coin. For reasons mentioned earlier, like the data set
time frame, Binance Coin has been completely overvalued by the CAPM and would skew
every portfolio with this projected excess return. This is why we had to include a view
about Binance Coin and again tried to take the average of many forecasts. The results
were a projection of an annual excess return of 30%, which still seems very high, but is
already more justifiable. Also, this view should have big implications on the other assets,
as it should decrease the expected return of Binance Coin by a lot and therefore also of
every asset that is moderately or highly positively correlated with it.

5.5.4 View 4

Again, this is a relative view, and this time combines a stock with a cryptocurrency. Since
former literature, especially when dealing with the Black-Litterman model, usually dealt
with the two asset classes separately, it is important to show that it is possible to combine
them and that also just one or two cryptos can be included in a more traditional portfolio.
In this view Dash will outperform Apple by 5% annually. Once more we have to analyze
if the difference is bigger or smaller than in reality and if the portfolio will be tilted
towards the over- or underperforming asset. With Dash sitting at 66.03% predicted excess
return and Apple at 27.39%, it can quickly be observed that this is a negative view for
Dash, a positive one for Apple and should increase its proposed weight.

5.5.5 View 5

This another absolute view and does not include any cryptos, but just the UK 10-year
bond. Because our time frame involved the Brexit, the data for the UK bond is highly
irregular and not very reliable. The returns, excess returns and standard deviation all
seemed too high, and so it was determined that they should be tuned down a bit. As it is
recovering at the moment, the prediction was that it would have an excess return of 3%
in the next year, still overperforming but more fitting for a government bond.
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5.6 Building the Inputs

After establishing the basis and the views, it is now on how to build all the inputs and
how to exactly implement all of it in the calculation. This section will deal with the view
vector Q, the matrix P determining the assets involved in the views and the matrix Q
dealing with error terms and uncertainty of the views.

5.6.1 Q — View Vector

Following the determination of the views and their values, creating the view vector is
almost a given. Q in this example is a 5x1 vector, because there are 5 views, and enters
just the values of the expected excess returns that were established earlier in the views
into the formula. The confidence of the views were already mentioned and the reason
they were not included in the views section is because it is much more difficult to
implement given confidence numbers, like for example 50% confidence, in the equation.
That means the view vector will just be by itself and added like this into the equation.

[0.1275]

5.6.2 P — Involved Assets Matrix

P is a matrix that determines which assets are involved in which views and will make sure
that only these get added into the equation. For every view there is a 1x17 row vector in
the matrix, resulting in P being a 5x17 Matrix for our portfolio.

P11 " Piaz
p:[; ]
Psa - Psa7
The matrix then is the following:
0O 00OOOOOOOTI1LT O O 0o o0 00O
0O 0 0OOOOTOOTOTOS-050105 0 00
p=10 O0O0O0OOOOOOOO O 1 O 0 00O
-05 0 0 0OOOOOOOO0O O O O 0500
0O 00OOOOOOOO O O O o0 01
Figure 15. P — Involved assets matrix.

The first row represents an absolute view and only involves Bitcoin, which is the 11"
asset in our portfolio, so the value is set to “1”. The second view involved Ripple
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nominally outperforming Ethereum, meaning “1” divided by two assets and Ripple
getting the positive value, while Ethereum receives the negative one for it to equal “0”
when summed up. The rest of the matrix goes accordingly. It can already be observed that
many assets have just zeros, as not all of them have to be included in views, just the ones
an investor has different views on and wants to include.

5.6.3 Q — Confidence and Error Matrix

Since there are 5 investor’s views created from the implied equilibrium excess returns,
this is also the size of the square Q-matrix.

Next, the variance of each view portfolio is calculated, as the error term will be expanded
by the scalar t and their ratio substituted by the view portfolio variances. It concluded the
following table:

Table 3. Portfolio variances.

1 61.45%
2 29.30%
3 14537.26%
4 26.96%
5 143.94%

These are incredibly high variances, which can be attributed to the values of the
covariance matrix being higher than usual, due to high correlations between many of the
assets and especially high standard deviations, because of the volatility of cryptos and the
period selected. Nevertheless, while this will have an effect on the outcome, it should not
be as severe as it might seem on first glance. Now the values of Q could be set.
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(P Zp) *xT - 0

0= . :
0 = (psZpg) * T
0.09986 0 0 0 0
0 0.04761 0 0 0
= 0 0 23.623 0 0
0 0 0 0.04381 0
l 0 0 0 0 0.23389J

Figure 16. 2 — Confidence and error matrix.

5.7 New Combined Return Vector

After determining all inputs for the Black-Litterman model, we could now put them in
the formula

E[R] = [(z2)™! + P'Q7'P] Y [(z2)~T + P'Q71Q]
and calculate the new combined returns. The new combined returns E[R] will provide the
combination of the original implied equilibrium excess returns with the views included.

It will give an immediate comparison and show the changes the inclusion of the views
brought with them., shown in table 6.
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Table 4. New combined returns comparison.

E(;mﬁgrelim New Combined
Excess Returns - Returns -
o E[R]

Apple 27.39% 14.91%
Nvidia 29.96% 17.05%
Novo Nordisk 17.98% 8.55%
Amazon 27.91% 13.14%
Johnson & Johnson 14.62% 6.34%
Meta 8.83% 8.26%
Starbucks 3.98% 5.39%
US Steel 37.98% 16.48%
JPMorgan Chase 4.43% 5.17%
Taiwan Semiconductor 3.03% 7.77%
Bitcoin 49.46% 24.31%
Ethereum 66.63% 38.67%
Binance Coin 782.74% 383.97%
Ripple 50.69% 32.75%
Dash 66.03% 37.68%
US 10-year 22.10% 6.56%
UK 10-year 61.25% 24.65%

It can directly be seen that many of the expected returns are now much lower and seem
more realistic. The cryptocurrencies are still high, as the basis of the model, the
equilibrium excess returns, are still based on historical data, and sadly Binance Coin and
the UK 10-year are still way too high. Binance Coin was already mentioned quite a bit
and because of the Brexit the UK 10-year bond also falls out of line, though all of these
are fixable with the Black-Litterman model, it would maybe need multiple steps of
adjustments, or since these two are involved in view 3 and view 5, adjusting the scalar or
the “confidence” in these views, so they have a bigger impact.

The new calculated returns naturally also change each assets proposed weight for the
portfolio. For this the return optimization of the equilibrium model can be used and
instead of observing the weights and calculating the returns like it was done in the
beginning, now the weights could be calculated from the returns with

w= (A2)7",

where 1 can be substituted by the new combined returns E[R].
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Table 5. New adjusted portfolio weights.

Adjusted
New Weights O\I/c\i/el\i/;]rtlzet I\JI ew
Weights
Apple 33.11% 28.71% 38.26%
Nvidia 5.67% 5.67% 6.55%
Novo Nordisk 2.71% 2.71% 3.13%
Amazon 16.46% 16.46% 19.02%
Johnson & Johnson 4.96% 4.96% 5.74%
Meta 6.40% 6.40% 7.39%
Starbucks 0.96% 0.96% 1.11%
US Steel 0.10% 0.10% 0.12%
JPMorgan Chase 3.95% 3.95% 4.56%
Taiwan Semiconductor 5.27% 5.27% 6.09%
Bitcoin 1.13% 8.11% 1.30%
Ethereum 0.06% 3.84% 0.07%
Binance Coin -0.20% 0.70% -0.23%
Ripple 4.16% 0.38% 4.80%
Dash -4.38% 0.01% -5.06%
US 10-year 5.88% 5.88% 6.80%
UK 10-year 0.30% 5.88% 0.35%
Sum 86.54% 100.00% 100.00%

One of, if not the biggest advantage of the Black-Litterman model can be seen here, when
comparing the new and the old weights. Only the weights for the assets involved in the
views actually changed, while all others stayed the same. Since the new weights did not
add up to 100% though, they had to be adjusted, which ended up also changing the other
weights, but just by the multiplicator. The first impression of the new weights is that the
inclusion of the views was quite successful since almost all assets included in the views
have quite big changes in their weights in the direction of what the investor wished for.

5.8 Sharpe Ratio

The Sharpe ratio is often taken as performance measurement tool of portfolio
performance and the formula is as follows:

R, — Rs

Op

Sharpe Ratio =

The change in expected returns from the implied equilibrium excess returns to the new
combined returns after Black-Litterman and the new adjusted weights had some impact
on the portfolio’s standard deviation and of course on its Sharpe ratio. The results can be
seen in table 5.
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Table 6. New Sharpe ratio comparison.

Sharpe Ratio - Sharpe Ratio -
CAPM Black-Litterman
0.95077574 0.50690177
OCAPM OBL
35.27% 21.73%

The Sharpe ratio after implementing the investor’s subjective view is significantly lower
than it was originally. This is acceptable, as the goal was never to increase performance
using Sharpe ratio as the deciding measurement. Also, the standard deviation of the
portfolio dropped by more than 30% of its original value, meaning the new portfolio is
much safer. A Sharpe ratio of 0.95 is generally considered quite good, while 0.5 is a bit
on the lower end, but not necessarily bad. The expectations though should not always be
the same, but why that is, and the consequences will be discussed more in the analysis
chapter.
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6. Analysis and Discussion

This chapter will consist of two main parts: In the first part the decisions for the method
will be critically scrutinized, and the findings of the results chapter will be analyzed in
regard to how well the implementation of the views and the use of the Black-Litterman
model worked and how they are supported by existing theories. In the second part further
consequences of the study and potential interpretations of the outcomes will be discussed.

6.1 Method Criticism

During the data collection, the calculation, the whole process, quite a few adjustments
had to be made. The Black-Litterman model relies on the calibration of some variables,
subjective views and is less objective in total than one would prefer for empirical studies.
All of this leaves the method open to criticism, that the authors will all try to acknowledge
in this section, talk about their eventual consequences and also their justification.

The first part up for discussion is the data collection period. The period was limited to
four and a half years, from October 2017 to April 2022. Since the portfolio should have
been created as recent as possible, the data until April 2022 was necessary. How far back
the data should have been collected could vary and a different sample size could make
quite a difference in the outcome. In general, one would always want as big of a sample
as possible, as it should give the best representation and best equalize potential outliers.
The special focus in this possible criticism lies on Binance Coin, as it was very young
when the data collection started and only its rise was covered in the sample. Especially
during the first “boom” of any asset’s value, the data is exponentially higher than usual
and could be treated as an outlier and filtered out. This could have lowered the expected
return and dragged the portfolio away from the asset. However, as it is observable in the
results chapter, the equilibrium returns value market weights and market cap highly, and
because of Binance Coin not having a very high market cap compared to the other assets,
its weight in the portfolio is lower than expected anyway, given the expected return.

The second point of possible criticism is the asset selection. Why which cryptocurrencies
were selected has been argued for extensively in the theoretical chapter, but even here
and regarding the traditional stocks other choices could have been favored, especially on
ground of two circumstances: the correlations and the market caps.

The correlations are on average relatively high, which is usually not seen as a positive
thing when creating a portfolio. Additionally, it also makes for high covariances, which
influences both the implied equilibrium excess returns and the Black-Litterman combined
returns.

The market caps translate to the market weights, and these have a big influence on the
equilibrium excess returns and therefore also on the view creation afterwards. A high
average market cap does not immediately imply bad choices in the asset selection process,
but the total span and relative span from highest to lowest market cap can produce an
extreme portfolio allocation. The relative difference of the assets included in this study
can be seen as too high and perhaps some assets, like Apple and Amazon with the highest
caps by far, could have been exchanged for stocks that reduce the range in the portfolio.
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The next point is about the different sample sizes of closing prices of the assets and the
connected consequences. Normal stocks and cryptocurrencies simply have different
amount of trading days and therefore a different amount of closing prices during a given
period. This is not changeable and could not be adjusted but explains why there is a lack
of papers connecting the two. However, the US 10-year and UK 10-year bonds both had
different sample sizes, each compared to stocks and cryptos, and respectively. While the
adjustments about sample size difference had to be made, every possible error that could
be removed, should be and the bonds could have been picked more carefully. Because of
the difference the covariance matrix could not have been calculated just by the closing
prices, but instead had to be relied on outside data, which is unfortunate but again could
not have been changed. Even though the results should be more accurate with the same
sample sizes, it does not affect the thesis’ hypothesis and does not affect an answer for
the researched questions.

Furthermore, the calibration of the different parts of the Black-Litterman model involved
some decision-making and there are surely arguments to be made for different ones.
When discussing the steps after formulating the views, the P-matrix decided on which
assets are affected by each view and specifically to what degree. The authors made the
decision here to use the equal weight scheme, because it does not favor any asset over the
other and should be the safer option. Now even though the weights of the views are
equally distributed, there are certainly situations in which exactly this equal distribution
is not the safest option and does in fact favor one asset disproportionally. A relative view
including one asset with a high and one with a low market cap for example could need an
inequal weighting of the view, as maybe a bigger effect is wished for the asset with the
higher market cap. Both variations have advantages and disadvantages, therefore it is
even more important to understand not only how to formulate the views but also how to
translate them in the model. The criticism here is mainly that it requires more knowledge
of the model and further adaptation, but it is just a different way and not inferior.

A similar situation occurs with the inclusion of the error term. In this study it was decided
to include the variance of the view portfolios as representation of the confidence instead
of the variance of the error term. The advantages were already argued for and although it
is a large benefit having one less variable to worry about, the confidence in the view this
way cannot really be influenced by the investor, which takes away some of the flexibility
of the model. The variance of a view portfolio is calculated by its row in the P-matrix and
the covariance matrix, concluding that the confidence will indirectly include things like
the asset’s standard deviation and correlations, but will again be based on prior numbers
and makes the model a little less subjective. This also can be seen as a negative or positive
depending on the investor. Investment managers who feel that the model is too volatile
and would like it to be a bit more objective, would welcome this addition, while the ones
that completely want to implement their opinions should go with the other choice.

The t-scalar follows the same principles. Different approaches have been presented in
prior sections and argued for and against. There is no right or wrong for this decision and
while authors in former studies always come up with a reasoning why the scalar took their
value, it was always based on theorizing and not on anything solid. The choice made in
this study to set the scalar to “0.1625” can be criticized and potentially different values
could have been better, but it is not possible to know prior to the results and the study the
value was based on, was written by Platanakis and Urquhart, both of which have a lot of
experience with the Black-Litterman model and in combination with cryptocurrencies.
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The same regarding the number of trading days and researched period also applies to the
delta and the market weights. The analyzed period could have been picked differently and
be larger, or the market weights could have been created or improvised in a different way,
and while it would change expected results and numbers, and potentially the investor’s
views, there is no effect on the hypothesis or the research question. In fact, these are
examples, that from a statistical and analytical standpoint are definitely suboptimal, but
do not matter for the outcome of the study.

6.2 Cryptocurrency Allocation and Implementation of Investors’ views with Black-
Litterman Model

The core of this thesis was to use the Black-Litterman model to implement investors’
views on a portfolio including crypto assets. In this part of the analysis, it will be
discussed how well the model actually works in practice, how big of an impact the
inclusion of the views had and in general if the use was successful and if it should have
lowered the perceived risk for the investor.

As laid out in the theoretical chapter, the inclusion of cryptocurrencies in a portfolio
mainly consisting of traditional stocks is still posing some problems. The implied
equilibrium excess return vector calculated to be the base of the model, along with
aforementioned research, clearly support this statement: The projected returns of the
cryptocurrencies were incredibly high across the board, the relatively high volatilities due
to their short lifespan causing irregularities in the rest of the calculations and the different
behavior in trading patterns are key differences between the asset classes. While they still
cannot be treated exactly as traditional stocks, the results in this study, despite not being
empirically objective, point towards an implementation of cryptocurrencies in portfolios
being possible, at least with some further adjustments.

The difficult part about the Black-Litterman model is the first understanding and
calibrating of the variables. After having a good overview of the model, deciding for how
to proceed regarding weighing of the P-matrix and how to include the error term, and
setting values for the scalar, the use of the model is easy and flexible.

The new expected returns in table 4 differ vastly from the implied equilibrium excess
returns they are based on. When analyzing the equilibrium returns, the assets raising the
most doubts had been pointed out and said to be improved by creating the views, which
were most importantly all cryptocurrencies and the UK 10-year treasury bond. Regarding
the projected returns, the views had huge impacts, with Binance Coin having the highest
drop. Not only the assets included in the views had lower projected returns though, but
the returns also dropped almost across the board. This can be explained through the
correlations and covariances. Many of the assets included have a technological
background or similar responses to changes in the market and therefore relatively high
correlations and covariances. The drop in return from one asset logically has also quite
an effect on other highly correlated assets. If there was a better balance of negative and
positive views or if there were more thoughts invested on hedging prior to resembling the
portfolio, the effect on non-involved assets in the views would not have been this big.
Although when just looking at the returns, it might seem as if the views cannot separate
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as clearly as proposed which assets they change, viewing the new weights in table 4 paints
a very different picture.

The new weights probably show the biggest advantage of using the Black-Litterman
model. While the expected excess returns of all assets change, even the ones not involved
in the views, when performing the reverse optimization to calculate the new weights, it
can be seen, that actually only the weights of assets that are part of the views changed.
This is exactly what the investor in this study wanted and what the model should do. A
potentially unfortunate state of the new market weights though, is that because the
weights originally were created using the assets’ market caps, the weights of the cryptos
were not that high to begin with and in the end are even lower, to the point where one
could argue that their addition is of next to no benefit. But, as mentioned, this is only due
to assuming a market equilibrium and overvaluing the market capitalizations. With a
different base or other assets with lower market caps than for example Apple and
Amazon, this difference would not have been as extreme and from a theoretical standpoint
in any way does not invalidate the thesis’ contribution.

Another thing to highlight is the flexibility of the views. Adding additional views,
deleting existing ones or recalibrating the inclusion of error terms for a different
confidence is quickly possible, even after the process, this was just the first step. If for
example the investor would decide that the decrease in Bitcoin’s weight was too much,
he could reduce the confidence in the first view on Bitcoin, by changing the value of the
first variance of the error term in the Q-matrix. Or, looking again at the new returns and
weights, a likely sentiment would be that the weights for Apple and Amazon are too high.
Now an investor could add these as two new additional views in the existing calculation
and decide if the new results are better or take the new combined return vector as the new
base for another whole Black-Litterman calculation.

Despite the new portfolio not being an objectively better portfolio, the goal of the process
was to make it subjectively better for the investor. The scenario in this study was that the
investor was not content with the results provided by the CAPM and the results show that
the assets the investor was worried about changed their weights after formulating and
implementing the views. This suggests that in general whenever an investor is discontent
with projected weights or returns by any model, the Black-Litterman model can be used
to recalculate their weights with implementing different projections of the investor.

6.3 Analysis of Cryptocurrency Allocation with CAPM

Looking at the results for the CAPM tests, there are a few things that sticks out. First, the
Beta is very high. In chapter 2.6 we explained that a beta of 0 means that the expected
return equals the risk-free rate. A Beta of 1 would imply that the expected return is equal
to the average market return. However, in this case the beta is 2.7. The optimistic way to
look at this is that the portfolio can be expected to outperform the market by 270%.
However, this is only true if the market goes up. If the market goes down, the portfolio
will lose 270% more value than the market does in that period. This is the tradeoff that
comes with high volatility.

Speaking of volatility, the results show a significant difference in volatility between the
two portfolios. 35.27% for CAPM and 21.73% for Black-Litterman model. For reference,

62



the volatility for the S&P 500 tends to average around 15%, moving between 10-20%
periodically. So, 35.27% is quite high in comparison. This also make the Black-Litterman
model seem more reasonable.

However, if we compare the Sharpe ratio, it leans heavily in favor of the CAPM portfolio,
meaning that the CAPM is in fact the more optimal portfolio in this test. Especially
considering the fact that the Sharpe ratio favors portfolios with high volatility, as
demonstrated in chapter 2.6. However, this analysis is solely based on the Sharpe ratio
results.

Later, in chapter 2.8, we also mentioned that while the CAPM is widely used in practice,
it lacks an empirical foundation. While the purpose of this study certainly is not to provide
empirical evidence to support the effectiveness of CAPM, the results do bring a little
validity to the model’s ability to optimize a portfolio around highly volatile assets.

6.4 Analysis of Sharpe Ratio values

As presented in section 5.8 table 5, the Sharpe ratio dropped to almost half after
implementing the views with the Black-Litterman model. Now, while investors often like
to point at the Sharpe ratio for a quick portfolio evaluation, the measure is by no means
perfect and just because it decreased significantly does not mean the portfolio is definitely
worse than before using the views.

The premise throughout the whole thesis was that many performance-measuring tools,
including Sharpe ratio, are doing a suboptimal job when working with highly volatile
assets and in particular cryptocurrencies. The way the formula for calculating the Sharpe
ratio is constructed, with the portfolio’s standard deviation as the denominator, makes the
ratio an evaluation tool heavily based on a portfolio’s volatility and valuing risk very
highly. Since the study is dealing with many assets with high standard deviations, the
Sharpe ratio should not be extremely high.

The Sharpe ratio before was significantly higher, mainly because the expected excess
returns were on average almost double of the ones in the combined return vector (Table
3). Additionally, the assets were differently weighted as seen in table 4, and the
cryptocurrencies, especially Bitcoin, had a higher weight. Just reducing the weight of
Bitcoin by about 7% has a big impact on the Sharpe ratio. The views were meant to
combat exactly those things, so regarding this a decrease in Sharpe ratio was expected.

In contrast to the drop of the Sharpe ratio in this study, Platanakis and Urquhart (2019) in
their reference work had a very high Sharpe ratio of up to almost 4. The major difference
between the two studies is that their portfolio only consisted of cryptocurrencies and had
no traditional stocks. Three of the four cryptos were also included in this thesis, so the
expected returns could not have been too different. The much higher Sharpe ratio is most
certainly due to the crypto assets having much higher weights. This is a very important
finding, as from this it can be concluded that while cryptocurrencies also have higher
risks attached to them, when increasing their weights, the advantages of their higher
expected returns outweigh their risk, and the Sharpe ratios increase significantly. It also
suggests, that if the views created were not negative towards the cryptos but positive, that
their weights would have increased and the Sharpe ratio potentially as well.
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The same table showing the Sharpe ratios also provides information on the change in
standard deviation or volatility of the portfolio. Implementing the views should optimally
not only change the perceived, but also the nominal risk. The decrease in standard
deviation is also a wanted feature and makes the portfolio on paper a lot safer.

Lastly, we would like to open a discussion about what should be seen as a good Sharpe
ratio as reference for this and future studies. Sharpe himself (1974) considered a ratio of
1 as a very good ratio, while 0.5 was still acceptable. With the increase of investors’ risk
tolerance also rose the expectations of what were acceptable Sharpe ratios, and stock
behavior not changing significantly. This is also connected to the results of the delta in
section 5.1, as the ratio was created when the market delta was much lower, so investors
valuing risk more highly. Now cryptocurrencies behave differently than traditional stocks
and should be regarded differently in regard to anticipated Sharpe ratio. Platanakis and
Urquhart (2019) with their study seem to be an outlier, as Uhliarik (2020), Anisimov
(2019) and Andrianto (2017), just to name a few, all discovered much lower ratios, mostly
lower than 1 or even 0.5, with their portfolios with cryptocurrencies. While crypto or
other highly volatile assets often also carry higher expected returns, it is safe to say that
the Sharpe ratio is a rather safe measuring tool, puts a lot of focus on historical-based risk
and the expectations for portfolios including assets like this should be adjusted.

If decisions were made based on Sharpe ratio and it would be the deciding measurement,
the portfolio would definitely have gotten much worse with the new asset allocation. But
in this case, the Sharpe ratio underlines the wanted effects by the implementation of the
investor’s views, and the decrease in the ratio here is actually a positive, expected result.
Furthermore, it emphasizes why, when dealing with cryptocurrencies or any other assets
with high volatility, just going by higher Sharpe ratio should not be recommended.

6.5 Impact of Behavioral Finance

Two of the leading theories that offers an explanation to the behavior of crypto investors,
and the volatility of the crypto market, are heuristics and herding theory.

Heuristics is a theory in behavioral finance that explains how imperfect decision-making
processes can negatively impact investments. It was described by Ritter (2007) as thumb
rules that had the potential to inspire decision-making in situations of uncertainty. Al-
Mansour (2020) states that heuristics can benefit the investor when making short-term
decisions. This is interesting to consider, as both portfolios in this study only attempts to
calculate estimated returns for 1 year into the future. This suggests that heuristics may
play an important role in the decision-making process that leads the investors to determine
what their views are going to be. For instance, several of the views that are used for the
Black-Litterman model in this study predicts that the asset will underperform, in relation
to the forecasts, which is evident in the results were a decreased expected return can be
observed for the portfolio with views. However, this is not necessarily bad, as it may
ultimately give the investor the confidence to go ahead with the investment. A portfolio
with seemingly excessive returns may, according to the theory of heuristics, cause the
investor to lost confidence in the prospect (Al-Mansour, 2019, p. 159).
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Herding, which explains the investors’ reaction to new information, also plays a part in
the development of the views. Put shortly, investors make their decisions, not based on
their objective opinions, but rather their expectations of what decisions others will make.
This has created a market where prices are very volatile, as people have a very reactionary
response to price movements in any direction. Bouri et al. (2019a) researched this
phenomenon and came to the conclusion that herding tends to be more prevalent when
there is uncertainty in the market. As the crypto space is experiencing a general decline
at the moment, it is safe to say that there is a lot of uncertainty in the market right now,
which is also reflected in the views, in the sense that the investors’ subjective views are
affected by the decreasing optimism in the market.

Looking at the results of the study, it seems that the Black-Litterman model is extra
beneficial in times of uncertainty. Not only is there is connection with behavioral finance
theory, but the inclusion of investors’ views seems to work to synergize with the short-
term benefits of heuristics and the increased herding behavior in times of uncertainty.
This can be observed in table 3 and table 5 where there is a clear decrease in expected
returns and Sharpe ratio, respectively. If investors’ views are impacted by the uncertain
market conditions, the expected return seems more realistic with the views than without
them.

6.6 Implications for Managers and Scholars

When discussing managerial implications or implications for scholars, the results in this
thesis mainly demonstrate two things: The first is that although it needs quite some
adaptation, the inclusion of cryptocurrencies in a traditional portfolio is possible, even
while keeping the portfolio’s standard deviation and therefore its volatility manageable.
Cryptocurrencies, as laid out in the theoretical chapter, behave differently in the market
and consequently have to be handled differently, and this thesis provides a layout on how
to adjust to the different trading patterns and how to overcome the limitations of models
used on a regular basis, like for example solving the problem with correlations and
different sample size and building the variance-covariance matrix.

And second that the view creation in the Black-Litterman model is very flexible and that
the model can be used universally to adjust uncomfortable expected returns. There is
existing literature on how to use the Black-Litterman model, but it still needs an
investment of a lot of time to actually do it, which as mentioned earlier is another likely
reason why the model has not been picked up yet as evaluation tool by many investors.
While this study includes much more than just the practical use of the model, part of it
can be toned down to a great quick overview on how to proceed.
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Table 7. How to use Black-Litterman model.

ER] =[x + PP Y (z2)l1 + P'Q71Q]

- Scalar, generally value set between 0-1
- Possibilities: 0.1625; 1/k views; [0.01;0.05]

P - Variance-covariance matrix of all assets

-k x N matrix (k views, N assets),
P - Assets not in views set 0; absolute view set 1; relative view set
equal weight (0.5 and -0.5 for two assets)

-k x kmatrix (k views)

@ - Diagonals p; Zp), (px view row in P); non-diagonals set 0
n - Return vector views are based on
Q - 1 xkvector (k views)

- Set values as expected excess return in view

Given that deeper information about the model is available, after formulating the views
this graphic provides a guide how to calibrate each of the variables and takes part of what
can make the model as confusing as it might look. Except for the scalar t, only the choices
made during this study are presented in the graphic, as the decisions were often the least
complicated and safest ones. It is still more complex than the more traditional portfolio
optimization models, but this way anyone can implement their own views on a portfolio.
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7. Conclusion

In the last chapter the results and the analysis will be concluded to answer the research
question of the thesis. Further, it will be discussed if the research gap and purpose have
been met and what the thesis contributes to the literature. Lastly limitations of the thesis
will be revisited and suggestions for future research.

7.1 Research Question

The implementation of the investors’ subjective views, the presentation of the results and
the following analysis and discussion of the results, has been written with the purpose of
answering the research question:

How does the inclusion of investors’ subjective views impact portfolio optimization in
terms of perceived risk with crypto assets?

In this study, the investors’ views were successfully implemented in a portfolio, using the
Black-Litterman Model. Upon analysis of results, it is clear that the investors’ views
significantly impacted the portfolio weights and expected returns. The views that were
utilized for the testing reflected a moderately risk averse investor, who preferred to
undervalue some of the assets in the portfolio, in order to achieve a comfortable level of
volatility. Analysis shows that the portfolio volatility and expected returns are closer to
the expectation of the investor, after the views have been implemented. Consequently,
the perceived risk by the investor should decrease as a result. For this purpose, we argue
that the investors’ views had a significant and positive effect on the portfolio
optimization. However, from a purely objective standpoint, the Sharpe ratio analysis
shows that the CAPM (without the views) clearly outperforms the Black-Litterman model
(views included). The CAPM portfolio showed both higher a higher level of optimization,
and higher expected returns. Hence, the conclusion is twofold:

7.2 Fulfilment of Research Gap, Purpose and Contribution

The purpose of this study was to analyze not only if the implementation of crypto assets
to a mostly traditional portfolio is possible, but more precisely what changes the inclusion
of an investors’ subjective views would bring to the situation. The goal was to make
professional investors more open minded to the idea of entering the crypto market, by
providing an example of how it can be done, successfully, in practice. Additionally, the
study contributes to business research by providing a more fleshed out example of how
the Black-Litterman model be used to invest in crypto assets. Something that is missing
in the existing literature.

There is a multitude of studies that provide various suggestions or ideas on how to predict
crypto price movements, or how to allocate cryptocurrency to a portfolio, none of these
studies seem to have gained any traction among investors. The biggest reoccurring
problem is that it is incredibly difficult to correctly estimate the risk of cryptocurrencies,
and the lack of historical data, its high volatility, and abnormal growth at times, further
complicate this.
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There is also a significant amount literature on both cryptocurrencies and the Black-
Litterman model, but most studies generally only focus on one or the other. Studies that
cover the combination of Black-Litterman and cryptocurrency are rare. As mentioned
earlier, many papers analyze the different regulations and trading patterns of crypto
assets, how to potentially include them in portfolios and the obstacles that comes with it.
Additionally, quite a few studies dealt with the Black-Litterman model as well, and a few
of them, as seen with (Platanakis & Urquhart, 2019), even contained cryptocurrency.
Unfortunately, cryptocurrencies were treated separately from traditional assets, and there
was no clear connection between the inclusion of investors’ views, and the Black-
Litterman model, as a possible solution to the problem of allocating crypto assets in a
portfolio.

The Black-Litterman model’s strengths accurately address the weaknesses of the most
commonly used theories. While this model is not easy to use for inexperienced investors,
the ability to implement the subjective views on future price movements, with specific
confidence level for every view, and make a portfolio that is tailored to the investors risk
profile, certainly makes it worth considering. The model also allows the investor to make
corrections in the mode, in situations where the MPT’s would fail.

Platanakis and Urquhart (2019) researched this theory exactly for those reasons and their
results pointed in the right direction. However, the scope was not sufficient to give a more
dependable answer. This thesis provides the necessary depth to really analyze the
situation and deliver a more definitive statement.

This is the first study that attempts to use the Black-Litterman model with a relatively
realistic portfolio, including traditional stocks and cryptocurrencies at the same time, and
after using one of the traditional portfolio optimization models using investor’s views on
the intermediate results to cater the portfolio more towards the investor. This is a valuable
contribution, as, while professional investors still have quite some doubt about crypto
assets, the general interest reflected in the amount of cryptocurrencies existing and their
market cap are rising every day, and this trend does not seem to stop any time soon,
meaning cryptocurrencies might get more relevant in the future.

Not only does this thesis contributes to the literature by showing that the inclusion is
possible and that it reduces perceived risk, but it also provides a guide for any reader on
how to use the model and how to include anyone’s views on a given portfolio. While the
core of one of the referenced prior studies dealt with how to use the Black-Litterman
model, it was a very general example and required much additional information to fully
understand the model, which could easily deter readers from following it. The guideline
given in this study is more precise and provides a more fluid overview of how the model
can be used.

Another thing that this study contributes with, is new information and theories concerning
crypto assets. The phenomena described in the various sections dealing with behavioral
finance can explain many of the irregularities surrounding cryptocurrencies, and while
they do not necessarily help to make predictions, it provides necessary theory for a better
understanding of crypto markets. Furthermore, the change in Sharpe ratio in connection
with the change in the portfolio standard deviation opened up a new view in the discussion
of more traditional models to measure portfolio performance trying to evaluate these
newer asset classes. The Sharpe ratio and expected returns got much lower, but when
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looking at the portfolio’s volatility it was well improved. There are some indicators in
this analysis that point towards a new way of evaluating crypto assets in the future.

Practically, the work contributed through constructing an almost realistic portfolio, which
is very flexible in how it can be used: As template for creating any other portfolio, for
using the Black-Litterman model on any existing returns, or as investment basis. With
multiple interesting findings and multiple contributions to the literature related to the
chosen research topic, the purpose of the study and the contribution to filling the research
gap can be considered fulfilled.

7.3 Limitations and Suggestions for Future Research

While the model has a lot of advantages and is very flexible in some ways, it also has
quite some limitations in others. The first thing that comes to mind is that many variables
for one formula must be calibrated by the user and are not necessarily based on objective
data. In general, as written in the method criticism, many decisions had to be made that
made not only the views subjective, but also part of the model when including them. It
explains why the model is rather difficult and why there are no alternatives on how to
include investors’ views. It also provides the first topics that will be interesting for future
research: If more objective values for the calibrated variables can be found with more
research or if there is another way to include investors’ views than the Black-Litterman
model.

Specifically in this thesis, despite the idea of model risk rising with the newer asset class
of cryptocurrencies being touched on, this is a topic that without a doubt deserves more
research. In the results, the influence of some of the models and their values were already
observable, but since it was not the center of the research, no definite conclusion could
have been made. A very thorough investigation on which of the most used models
perform how well with cryptocurrencies, with different degrees of inclusion could be a
great topic for future research. The creation of the models was based on the behavior of
traditional assets, perhaps crypto and similar assets justify a completely new wave of
evaluation models.

The period of which the data was collected could also have impacted the findings and
following conclusions. A major part of the sample was influenced by either an almost
continuous boom of cryptocurrency popularity or circumstances outside of the actual
market, like the Brexit. Doing the same study again at a future point in time after a little
more stagnation from the crypto assets and filtering out periods of extraordinary behavior
by one or many assets, like almost covering Binance Coin’s creation, could also make the
interpretations of the findings clearer and show better what the most likely explanation
is.
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7.4 Social and Ethical Implications

The findings of this study can certainly have implications for society as a whole. Further
research is needed, but the findings, the analysis of the results and Sharpe ratio, and the
conclusion of the abovementioned all point towards the direction of a rising interest and
bigger investment in crypto assets.

When presenting the cryptocurrencies and arguing for why they would be included in the
portfolio, it was already pointed towards an increase in how serious these crypto assets
were taken by businesses, financial institutions and the general population. A further
increase in the interest in these assets could elevate their status to a new level, potentially
at some point being regarded as real substitutional currencies. Venezuela already created
the Pedro, their own governmental cryptocurrency, and while it was not very successful
yet, the information to take from this headline is that even governments are thinking about
including crypto into their system.

Then, Badea and Mungiu-Pupizan (2021) discuss the environmental and economic
impact of Bitcoin and cryptocurrencies as a whole. They present the incredibly high
power usages surrounding crypto, not only due to the infamous miners, but also because
of the power needed to store the technology. Higher demand for cryptocurrencies could
have fatal consequences for the energy consumption and CO2 emissions connected to
crypto, and the supply and demand, and its emissions, of chips and servers needed for the
mining and servers.
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8. Credibility of Results

In this chapter the credibility of the results will be shortly discussed in regard to their
reliability, validity and generalizability. It will conclude how the study can be read and
seen in the context of the literature.

8.1 Reliability

Reliability, along with validity, are the two key aspects that are meant to ensure the
credibility of the results. The reliability of a study is dependent on the precision and the
accuracy that is used for the measurement, and also the lack of differences that would
occur if the study was replicated. Essentially, when conducting a study, one has to
consider whether the results and conclusion of the research withstand close scrutiny. In
order for the results to be considered reliable, a replicated study should provide the same
results. This would likely not be an issue for this study, as positivist studies tend to have
high reliability (source p. 47). Also, the data in this study is based on historical returns,
which would be the same in a replicated study, thus leading to the same results. The only
thing that might lead to inconsistencies would be the investors’ views. If another study
found investors with vastly different views, that would obviously have an impact on the
results. However, if the same views were used, the results would also, likely, be the same
in a replicated study.

8.2 Validity

Validity explains how well the chosen method can measure what the researcher is
interested in measuring. There are a number of things that can lead to poor validity in a
study. These things are:

e Misleading measurement
e Inaccurate measurement
e Faulty procedures

e Research errors

e Poor samples

The primary concerns here would be inaccurate measurement, faulty procedures, and
research errors. While misleading measurement is certainly possible, it would be an
ethical issue to purposely skew the results in order to reach a favorable conclusion.
However, for the purposes of this study, there is no result that would be more beneficial.
Regardless how investor’s views change the expected returns, the possibility to generate
meaningful theory remains. So, there is no reason for misleading measurement.

Poor samples are also unlikely to cause a problem, at least in terms of validity, since the
study mainly relies on historical data. The historical returns of the stock options have
been gathered from Nasdag, the bonds from Yahoo finance, and the cryptocurrencies are
based on data from Coinmarketcap. All of which have been deemed reliable for the
purposes of this study, as per the discussion in chapter (find chapter).

When it comes to inaccurate measurement, faulty procedures, and research errors, the
validity concerns would be related to the perception and experience of the authors. If the
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author’s logic or reasoning on a subjective measurement were faulty; or if one of the
procedures was poorly executed; or if, due to a lack of experience some form of research
error occurred, unbeknownst to the authors, then that would of course cause validity
issues. However, it is not likely to occur, considering the testing method.

There are several different ways to ensure the validity of a study. This study uses face
validity, which essentially means making sure that the methods used by the researchers
are actually measuring the phenomenon in question. That criterion is fulfilled by the
methods in this study, as phenomena revolves around investors views, and the method is
simply to implement investors views in the CAPM model and compare the results with
the Sharpe ratio.

8.3 Generalizability

Generalizability is about how well the findings in one study can be applied to other
studies. In this case, it is safe to say that the generalizability is high. For instance, one
could perform a similar study using any of the other mean-variance based models as the
basis for the Black-Litterman model, and the results would likely be comparable to the
results in this study. This is certainly the pattern that has been observed in the extant
literature. Adding subjective views to a portfolio will have a significant impact on
expected returns. This is clear after the study has been concluded.
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