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Chapter 1: Introduction 
1.1 BACKGROUND RESEARCH 
In the past decade, a new asset class called “Bitcoin” attracted vast interest among investors, 
researchers and academics. Having been launched in 2009, popularity of Bitcoin and the blockchain 
technology has surged dramatically which was largely attributed to unique media coverage and 
reporting over this new asset type as well as increasing number of other crypto assets. While bitcoin 
is still dominating the cryptocurrency market, there remains alternative popular crypto coins that are 
considered promising as well (e.g Ethereum, Tether, Ripple). Digital finance has been a hot topic of 
interest in the last decade (Ozili, 2018). The reason why cryptocurrencies captured significant interest 
among investors, researchers, politicians and also general public is associated with its solemn pledge 
to ensure reduced costs of money transfer. Another presumed advantage of the cryptocurrencies was 
linked to their nature that is independent from a controlling mechanism such as countries’ central 
banks. Unlike other asset classes such as stocks, bonds, foreign exchanges, digital currencies appeared 
as an asset type that is free from a regulatory body. 

Given the technological advancements and ever-more connected financial system of the global 
economy, transition to digital finance and its advantageous offerings are widely considered 
mandatory and inevitable. Cryptocurrencies, especially the Bitcoin, is believed to have the underlying 
technology that is capable of taking the global payment mechanism to the next level (Al Mamun et 
al., 2020). Despite the initial hype over the potential contribution cryptocurrencies may offer to 
transition to digital finance, significant concerns exist around cryptocurrencies’ speculative nature 
(Baek and Elbeck, 2015). The key thing about crypto currency market is that it lacks quantitative 
fundamentals which  informs its valuation. Generally, cryptocurrencies do not offer cash flow 
underpinning their valuations which largely explains the investor and speculative funds inflow into 
this asset class (Berentsen and Schär, 2018). Accordingly, cryptocurrency returns are generated 
through capital gains alone, thus, this asset class is deemed more speculative than other asset types 
such as bonds, equities etc.  

Having mentioned the speculative nature of cryptocurrencies, it is safe to note that cryptocurrencies 
provided significant data flow from the behavioral trading perspective. Market for cryptocurrencies 
demonstrated the characteristics of a strong bull market which was largely attributed to several 
renown media outlets publishing stories on how early investors of this new asset class made 
significant fortune. Regardless of the significant investor inflow until 2018, market was destined to 
go bearish early in the first quarter of 2018 (Gurdgiev and O’Loughlin, 2020). Due to lack of financial 
fundamentals to estimate the direction of the market for cryptocurrencies, behavioral research has 
gained significant interest among researchers. The primary interest of these researches were to 
investigate and discover how retail investors and their financial decisions were being considerably 
influenced by social media posts concerning cryptocurrencies (Corbet et al., 2019). It is safe to say 
that sentiment analysis has been at the center of analyzing cryptocurrency investor behaviors thus far, 
and provided evidence that investor sentiment and opinion mining is indeed an effective predictor of 
the direction of the crypto market (Bollen et al., 2011). Besides the popularity of profound analysis 
of investor sentiment, some studies have attempted to investigate the price formation of 
cryptocurrencies based on other events such as elevated geopolitical tensions (Al Mamun et al., 2020) 
or uncertainties regarding country-specific or global monetary policies (Shaikh, 2020). Similarly, 
these studies provided evidence that there is a correlation between such events and cryptocurrency 
valuations (Al Mamun et al., 2020; Shaikh, 2020; Lucey et al., 2021). 

Given the academic literature and research that has been conducted so far, it seems reasonable to 
suggest that there is no solid quantitative formulation that informs cryptocurrency valuation 
effectively. Existing literature has mainly focused on the impact of investor opinion about the future 
of the market on the valuation of this particular asset via analyzing investor sentiment on social media 
platforms and crypto-specific blogs. In addition, there has been studies that examined the relationship 
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between well-known indices and cryptocurrency valuation and found significant correlation between 
some of the most commonly used financial indices and cryptocurrency valuation (Walther et al., 
2019).  

 

1.2 CONTRIBUTION 
Cryptocurrencies has not been introduced to our lives so long ago. It has been slightly more than a 
decade since the most popular cryptocurrency, the “Bitcoin” has been mined. Despite being launched 
in 2009, it was early 2017 when Bitcoin first broke the $1000 valuation and begin the bull market, 
attracting more and more customers over time, hitting the all time record of nearly $64000 in April, 
2021 which was followed by a significant drop in valuation later on. Given the above information 
and data on cryptocurrency, it is safe to suggest that volatility is a big reality that no investor can 
ignore when it comes to cryptocurrency investing. Due to its volatile nature in valuation, 
cryptocurrencies are regarded by many to be a speculative asset type that may rather be incorporated 
in investors’ hedging strategies.  

In this research paper, we will be investigating the relationship between cryptocurrency valuation and 
a number of well-know financial indices that has previously been covered in other studies. This paper 
will not only analyze the impact of financial indices on cryptocurrencies but also assess how 
economic policy uncertainty affects cryptocurrency prices. In addition, our model will include 
geopolitical risk index to evaluate how geopolitical tensions influence prices. To address the impact 
of customer sentiment on cryptocurrency prices, our model will include the VIX index which is 
considered as investor fear index. Put/Call ratio will help this study discover if cryptocurrency prices 
can be predicted based on the general equity market direction. Furthermore, oil prices and US  dollar 
index will be examined to see if an hedging relationship exists.  

This research aims to reveal potentially existing correlation between a significant number of financial, 
economic and geopolitical indices with cryptocurrency pricing mechanism. This research paper has 
implications for investors, retail traders, hedge fund managers and stock brokers in formulating their 
trading strategy by providing insights on a relatively recent asset class. This paper also aims to 
discover hedging patterns in order to effectively inform investors and facilitate the construction of a 
winning portfolio. At the end of this research, we will also distinguish between indices and be able 
to communicate which financial, economic or geopolitical index has the most determinative impact 
on cryptocurrency valuation.  

 

1.3 RESEARCH QUESTION 
It has been made clear in the parts above, the purpose of the study is to identify the determinants of 
cryptocurrency prices. Thus, the research question is: 

 “What are the determinants of the value of the top 5 cryptocurrencies?” 

 

1.4 AIMS AND OBJECTIVES 
This research paper aims to discover the underlying relationship between the valuation of top 5 
cryptocurrencies and well-known financial indices as well as economic and geopolitical uncertainties. 
In order to do that, following aims will have to be satisfied: 

- Extensive literature review will be conducted to identify theories, empirical researches and gaps, 

- Literature will be analytically examined to figure out how this research can be improved further to 
make a solid contribution, 
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- An appropriate econometric analysis tool will be selected to ensure that our research delivers 
results that are relevant and informatory, 

-  Carry out a critical discussion of the empirical results derived from the econometrics analysis and 
discuss whether they are in line with previous studies conducted. 

 

1.5 RESEARCH STRUCTURE 
To ensure that our research meets its objectives and discusses the empirical results in a precise way, 
this paper is structured in 5 chapters, all of which are described in detail below. 

- Chapter 1: is basically the introduction chapter and provides brief information about research topic. 
It also introduces the research question as well as how this research is likely to contribute to the 
existing literature.  

- Chapter 2: is the chapter for literature review. Relevant theories and empirical research that has 
previously been done will be critically examined and discussed how they shaped the construction 
of our model. 

- Chapter 3: Research methodology will be disclosed in this chapter. Data sources, variables  and 
the econometric model chosen for this research will be revealed and justified as to why they have 
been considered appropriate for this research. 

- Chapter 4: This chapter will be dedicated to presenting and interpreting results derived from the 
econometric analysis. 

- Chapter 5: will be the extension chapter to chapter 4 as more discussions regarding the empirical 
results will be made.  

- Chapter 6: This chapter will be the conclusion chapter providing the last remarks of this research 
and deliver recommendations for further research purposes.  
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Chapter 2: Literature Review 
This chapter will make an explicit assessment of the existing literature with respect to cryptocurrency 
valuation and its correlation with some of the renown indices. The aim is to reveal whether 
cryptocurrency prices can be forecasted with the help of various indices most of which are widely 
used financial indices whilst others are macroeconomic, geopolitical and investor sentiment-
analyzing measures. 

The existing literature so far indicated 2 groups of price determinants for cryptocurrencies which can 
be grouped as internal and external drivers of cryptocurrency valuation. Regarding the internal 
factors, studies mainly look at measures such as supply and demand factor (Buchholz et al., 2012; 
Bouoiyour & Selmi, 2015; Ciaian et al., 2016). Also, Ciaian et al. (2016) suggests that price level is 
another determinant of cryptocurrency valuation as it is directly linked with investors’s expectations 
over future cryptocurrency prices. Note that internal drivers of cryptocurrency valuation is not going 
to be analyzed in this paper.  

In contrast, this paper will focus on and evaluate potential external drivers of cryptocurrencies. What 
is meant by external drivers are financial and macroeconomic developments, economic policy 
uncertainties, escalated geopolitical tensions and changing investor sentiment.  

 

2.1 Sentiment Analysis and Behavioral Drivers of Cryptocurrencies 
In terms of investigating cryptocurrency valuation and price movements of cryptocurrencies, investor 
sentiment analysis and behavioral aspects of decision making process remain some of the most 
popular and commonly analyzed tools. Some of the most preferred indices that are investigated in 
existing literature are VIX index, CBOE Put/Call Ratio and Equity Uncertainty Index. VIX index is 
known to measure fear in the equity market and often an increase in the index leads to decrease in the 
stock market. CBOE Put/Call Ratio is regarded as a signal (indicator) to upcoming bullish or bearish 
market. Lastly, the Equity Uncertainty Index measures the uncertainty towards equity market across 
investors.  

Fear and uncertainty are two primary determinants of investor behavior. These factors lead market 
participants to avoid risk and loss (rational and behavioral economics models). In this context, Ciner 
et al. (2013) explains safe haven characteristics of cryptocurrencies. Ciaian et al. (2016) and Dyhrberg 
(2016) also studied cryptocurrencies’ safe haven properties and found that Bitcoin actually promises 
hedging capacity in the short-run against equities and dollars. Similarly, Bouri et al. (2016) discovered 
bitcoin’s hedging relationship with the CBOE VIX index ahead of the BTCUSD crash of 2013. 
Akyildirim et al. (2020) revealed that when investors’ fear is escalated, cryptocurrency market 
experiences increase in volatility — CBOE VIX and VSTOXX indices are used to measure fear 
across the US and the European financial markets respectively. Also, Fang et al. (2020) investigated 
the impact of News-based Volatility Index (NVIX) on cryptocurrency returns and provided evidence 
that NVIX is a more accurate tool than Global Economic Policy Uncertainty Index (GEPU) in 
predicting long-term volatility in given cryptocurrencies. 

Gurdgiev and O’Loughlin (2020) analyzed the behavioral aspects of cryptocurrency valuation using 
VIX index, put/call ratio, advanced analysis of a cryptocurrency blog and Equity Uncertainty Index 
(EUI). The study accounted for bull and bear markets, thus split the data into two groups to provide 
more precise information and implications. According to the study, there is a negative correlation 
between cryptocurrency prices and VIX, meaning that cryptocurrencies are not a promising hedge  
for the stock market during times of fear. That result held true for both bear and bull markets of 
cryptocurrencies. Lucey et al. (2021) also provided results that supports the existing literature that 
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VIX and cryptocurrency prices are negatively correlated. However, they argued that Cryptocurrency 
Uncertainty Index (UCRY) might be more accurate than other tools in predicting the future  direction 
of cryptocurrency valuation. Shaikh (2020) analyzed Bitcoin returns based on a number of financial 
and economic indices and demonstrated a high degree of inverse association between VIX and 
Bitcoin returns.  

The reality of highly dynamic and rather unstable hedging relationships are attributed to high level of 
uncertainty in financial markets (Gurdgiev & O’Loughlin, 2020). Hence, another index that is used 
in various research as a tool to analyze the impact of investor sentiment on cryptocurrency valuation 
is proposed by Baker et al. (2016), the Equity Market Uncertainty Index (Chulia et al., 2017). In terms 
of measuring uncertainty, academics use wide range of factors. For instance, Shaikh (2020) and Al 
Mamun et al. (2020) involves into their models and analyzes country specific economic policy 
uncertainty (EPU) as well as EPU at global scale. Al Mamun et al. (2020) also describes VIX as 
uncertainty benchmark while Gurdgiev and O’Loughlin (2020) regarded VIX as fear index — as is 
widely regarded by financial actors — and incorporated into their model a distinct equity related 
uncertainty index to analyze its impact on cryptocurrency valuation. Among the uncertainty 
indicators, it is important to note that VIX and Equity Uncertainty Index are the ones to use for 
analyzing investor sentiment towards cryptocurrency. Equity Uncertainty Index is suggested to reflect 
sentiment of investor uncertainty towards risky assets. In that regard, Kristoufek (2015) found that 
bitcoin prices soar when financial market uncertainty increases. Likewise, Gurdgiev and O’Loughlin 
(2020) discovered that during the times of uncertainty concerning the US Equity Market, 
cryptocurrencies were to go up in terms of valuation. According to the study, this result is particularly 
significant during bull market period as bear market conditions indicate weaker correlation. Despite 
the absence of a consensus over the hedging ability of cryptocurrencies, Gurdgiev and O’Loughlin 
(2020) suggested that cryptocurrencies can well serve as a hedge against stock market during bull 
market conditions.  

Although not as widely used as VIX in research projects and financial studies, Put/Call Ratio (PCR) 
is also useful to measure the possible direction of the market. An increase in PCR suggests that the 
market is likely to enter bearish trend. Bandopadhyaya and Jones (2008) analyzed the extent to which 
the CBOE Put/Call Ratio is capable of predicting investor sentiment and found that PCR performed 
better then VIX in predicting non-economic factors which can cause changes in equity prices. 
Numerous other studies that investigated the use of Put/Call Ratio and its ability to measure investor 
sentiment have concluded that PCR can indeed provide investors an edge in formulating their trading 
strategy on a short-term horizon (Houlihan & Creamer, 2019; Jena et al., 2019; Gang et al., 2020). 
For the fact that CBOE PCR is commonly accepted as the proxy for market direction, it will be 
exciting to test the interaction between the equity market expectations and cryptocurrency valuation.  

Indicators that will be used in this paper to analyze sentiment aspect of change in cryptocurrency 
valuation are VIX, Equity Uncertainty Index and CBOE Put/Cal Ratio (PCR). All the reasoning for 
choosing these measures are explicitly described in paragraphs above via referencing a range of 
academic sources existing in the literature. By including 3 different measures of uncertainty, this 
paper will also be investigating whether different indicators will produce different results in terms of 
the underlying relationship between cryptocurrency valuation and the uncertainty factor.  

 

2.2 Geopolitical Uncertainty and Risk Factor  
Geopolitical risk has been considerably popular factor which many paper has accounted for to analyze 
its interaction with stock returns, crude oil prices and gold in particular (Balcilar et al., 2018; Das et 
al., 2019; Hoque & Zaidi, 2020; Antonakakis et al., 2017; Alqahtani et al., 2020; Yang et al., 2021; 
Triki & Maatoug, 2021). In terms of examining geopolitical risks (GPR) on the stock return of 
emerging economies (BRICS countries), Balcilar et al. (2018), Das et al. (2019) and Hoque and Zaidi 
(2020) has produced invaluable results. Balcilar et al. (2018) found out that the impact of GPR is not 
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homogenous across the BRICS counties and also GPR is discovered to more consistently impact 
market volatility instead of market returns. Similar to the findings of Balcilar et al. (2018), Hoque 
and Zaidi (2020) also revealed that despite the volatility level of the domestic stock market, GPR has 
negative effect on the performance of various stock markets across emerging countries. Yet, the 
research noted that the impact of the GPR on returns varies based on the prevailing volatility regime. 
Das et al. (2019) uncovered that GPR, Economic Policy Uncertainty (EPU) and Financial Stress Index 
(FSI) are consistent predictors of mean of returns rather than the variance. All 3 papers reported 
inverse effects of geopolitical tensions. 

Since Geopolitical tensions are often associated with the region of middle east which is known to be 
the most oil-rich region of the world, some papers aimed to investigate the correlation between 
geopolitical risks and energy stock returns such as crude oil as well as renewables (Yang et al., 2021; 
Alqahtani et al., 2020). Alqahtani et al. (2020) has provided empirical evidence that crude oil returns 
which are directly linked with geopolitical tensions is an effective predictor of Gulf Cooperation 
Countries’ (GCC) stock returns. Conversely, Yang et al. (2021) reported that GPR does not 
demonstrate a positive or negative impact on renewable energy stock prices, yet can be used to 
monitor volatility in order to formulate optimal hedging and portfolio management strategies. Triki 
and Maatoug (2021) studied the gold's designated hedging (safe-haven) capacity during the periods 
of increased GPR and found that gold remains to serve investors as safe-haven during elevated 
geopolitical tensions.  

In the context of cryptocurrency, there has not been done many research concerning the correlation 
between the geopolitical risk and cryptocurrency price movement. Yet, there still exists a number of 
papers that investigated how cryptocurrency valuation has been impacted by geopolitical risks and 
uncertainty which are often associated with war and terrorism. In this respect, Aysan et al. (2019) 
reported that Geopolitical Uncertainty Index (GPR) is capable of successfully predicting Bitcoin 
returns and volatility. In contrast, Colon et al. (2021) also investigated the potential correlation 
between GPR and cryptocurrency returns, yet failed to find statistically significant relationship. 
Similarly, Al Mamun et al. (2020) studied geopolitical risk and other uncertainty measures’ impact 
on Bitcoin volatility and risk premium, and discovered that geopolitical risk is far ahead of other 
measures in determining the volatility and risk premium of Bitcoin. According to the same study, the 
impact of geopolitical risk on Bitcoin volatility and risk premium are far superior in worsening  
economic conditions. 

Given the exiting literature about geopolitical risk and its impact on various asset classes, including 
cryptocurrencies, suggested that the inclusion of geopolitical uncertainty index would produce 
valuable insights and implications for investors, traders, and stock brokers. The study will also report 
how geopolitical risk factor compares to the other indices in terms of the scope of the impact on 
cryptocurrency valuation. 

 

2.3 Macroeconomic Uncertainty Factor (Indices) 
Many financial research today incorporate macroeconomic uncertainty factor into their models when 
analyzing its interaction with financial trends and impact on particular asset classes. One of the most 
commonly used macroeconomic uncertainty indices has recently been developed by Bali et al. (2015). 
The macroeconomic uncertainty index (MUI) of Bali et al. (2015) is generated by considering 
inconsistency in survey forecasts for some macroeconomic variables. Asgharian et al. (2015) used 
that index and provided empirical evidence that macroeconomic uncertainty has direct correlation 
with long-run stock and bond volatility, and added that investors flee from the risky assets such as 
stock investment and prefer the less profit yielding, yet safer bonds. Furthermore, Baker et al. (2016) 
has developed a novel news-based Economic Policy Uncertainty (EPU) index which has gained 
tremendous interest among researchers. Azqueta-Gavaldón (2017) has utilized the same approach 
and further developed the index by supplementing with advanced machine learning technology. 
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Following the same approach of Baker et al. (2016), Ghirelli et al. (2019) have made a number of 
adjustments to construct an index which has been empirically proven to produce statistically 
significant predictive capacity with less volatility in comparison to the original index.  
 
EPU index is used to understand and analyze a wide variety of economic and financial variables. 
Pastor and Veronesi (2012) used EPU to evaluate its role in determining stock prices and found that 
stock prices wander up and down depending on the set of economic policy changes. Brogaard and 
Detzel (2015) have also examined the impact of EPU on stock market and achieved similar results 
that the financial market negatively prices EPU given that prices drop as sentiment of uncertainty 
towards economic policy builds up in the market. Pástor and Veronesi (2013) examined the effects 
of political uncertainty on risk premium and concluded that political uncertainty contributes to the 
risk premium, volatility and correlations of stock returns. The impact is proven to be larger in weaker 
economic circumstances. At firm level, Gulen and Ion (2016) documented a strong negative 
relationship between macroeconomic uncertainty and US corporate investments. This basic 
correlation also held true for the UK, Germany, France, Italy and Canada. A study by Rubio-Ramírez 
et al. (2011) assessed the impact of fiscal uncertainty on the US economic performance and presented 
empirical evidence that economic uncertainty could easily shrink the Gross Domestic Product (GDP) 
by 0.15 percentage point. The study admitted to have ignored various factors such as budgetary issues 
over the long-term that could further deepen the financial frictions and damage the economic 
performance, thus notes that the impact of fiscal uncertainty can be significantly larger in reality. 
Similar findings that are reported by Bachmann et al. (2013) suggested that a decline in output is 
likely during economic uncertainty periods which impose long-run implications. In relation to labor 
market dynamics, Bakas et al. (2016) investigated and uncovered the inverse relationship between 
fiscal uncertainty and employment whereas Choi and Loungani (2015) argued sectoral shocks having 
more deterministic effects on unemployment than the aggregate economic uncertainty. 
 
Al Mamun et al. (2020) and Lucey et al. (2021) investigated the impact that the US EPU and Global 
EPU have on Bitcoin and cryptocurrency respectively. Al Mamun et al. (2020) reported that the US 
EPU has no predictive power on Bitcoin, however Global EPU is significant in explaining risk 
premium of Bitcoin. Shaikh (2020) has extended the scope of the reserach and included EPU for 
European Union (EU), China, Hong Kong and Japan. According to the findings of this research, 
which is in line with previous research, that Global EPU is the most deterministic on Bitcoin 
valuation. Yet, unlike the previous paper, this research documented that the US EPU is significant in 
explaining Bitcoin behavior. The research findings indicated that EPU for China and EU are 
positively correlated with Bitcoin pricing while EPU for the US, Japan, Hong Kong and Globe are 
negatively priced by Bitcoin traders.  
 
Literature about fiscal uncertainty and its effects on economic and financial variables which are 
mentioned above suggested that the inclusion of economic policy uncertainty into our research to 
assess its relationship with cryptocurrency valuation would contribute to the overall quality of the 
research and provide significant insights that can be utilized by investors, traders and hedge-fund 
managers. 
 

2.4 Financial Indices 
As cryptocurrencies become more popular among traders, wealth managers, hedge funds and stock 
brokers, a growing interest appeared towards assessing the volatility of cryptocurrencies as they are 
characterized by their volatile nature. This is particularly important due to the formulation of effective 
hedging strategies and providing optimal portfolio management. In this dissertation, we will be 
looking at the underlying relationship between cryptocurrency returns and S&P500 index (SPX), 
Dow Jones Industrial Average Index (DJIA), Oil Prices, Euro/Dollar, MSCI Emerging Markets 50 
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Index (MSCI EM50), Monetary Policy Uncertainty Index (MPU), Financial Stress Indicator (FSI) 
and Global Real Economic Activity (GREA). 
 
A study conducted by Walther et al. (2019) investigated Bitcoin and cryptocurrency volatility using 
the most prominent financial indices. This research is remarkably important due to employing 
GARCH-MIDAS approach as its methodology to analyze data that are observed in different 
frequencies (e.g. daily, weekly, monthly). According to the study, different cryptocurrencies are best 
predicted by different indicators. For instance, Global Economic Policy Uncertainty (GEPU) 
predicted Bitcoin volatility best among other indicators while Dow Jones Precious Metals (DJPM) 
was the best predictor for Etherium. Best predictors for other cryptocurrencies were; Global Financial 
Stress Index (GFSI) for Litecoin, GREA for Ripple and CRIX (whole cryptocurrency market) and 
Chinese Economic Policy Uncertainty (CEPU) for Stellar. Unlike Gurdgiev and O’Loughlin (2020), 
Lucey et al. (2021) and Shaikh (2020), the findings of Walther et al. (2019) suggested that VIX is not 
significant in predicting cryptocurrency volatility. Furthermore, over the long horizon, the research 
reported that GREA is the best predictor of the cryptocurrency market. Shaikh (2020) studied the 
factors influencing Bitcoin returns and found that S&P500 returns do not predict Bitcoin returns 
significantly. 
 
Teker et al. (2019) and Teker et al. (2020) investigated whether there is a cointegrating relationship 
between gold and oil prices and various cryptocurrencies. The study involved Bitcoin, Tether, 
Ethereum, Litecoin and EOS as cryptocurrencies to study, yet only found cointegration with Tether. 
Consequently, it reported that changes in oil and gold prices have not impacted daily price movements 
of Bitcoin, Ethereum, Litecoin and EOS. Another study that is performed by Zhang et al. (2018) 
examined the correlation between Cryptocurrency Composite Index (CCI) and DJIA. The study 
uncovered the persistent cross-correlation between DJIA index and CCI. In terms of MSCI EM50 
index, Kartal et al. (2020) examined the factors that are most influential on the direction of Turkish 
Stock Market (XU100) and identified MSCI EM50 index as the 4th most impactful determinant, 
following government bonds interest rates (third), CDS spreads (second) and foreign investors in the 
equity market (first). According to the study, during the pandemic, rankings of the factors based on 
the scope of their impact on XU100 has shifted and MSCI EM50 made it to the top of the list. 
 
Economic policy uncertainty (EPU) indices have been demonstrated to be included in many papers 
to analyze its impact or relationship with certain economic and financial variables. Although not as 
popular as EPU, monetary policy uncertainty (MPU) has recently gained interest among academics 
and researchers (Kurov & Stan, 2018; Bauer et al., 2019; Husted et al., 2020; De Pooter et al., 2021). 
There seems to be a consensus over the fact that uncertainty towards monetary policy similar to fiscal 
policy is negatively linked with economic activity.  Another index that is regarded highly crucial in 
estimating financial risks is the financial stress index (FSI). Emerging economies in particular attract 
growing interest among researchers as FSI is utilized to analyze countries’ economic and financial 
stability (Balakrishnan et al., 2011; Cevik et al., 2013; Cevik et al., 2016). Due to providing significant 
information about the economic well-being of countries, the inclusion of FSI will be exciting to test 
its correlation with cryptocurrency valuation. The last financial index that our research will 
encompass is Global Real Economic Activity (GREA). Ratti and Vespignani (2013) used GREA to 
analyze why crude oil prices are high during periods when GREA is weak. Similarly, Charles et al. 
(2021) assessed the underpinning relationship between oil shocks and global economic activity and 
discovered far-reaching indirect effects EU crisis has had on economic activity.  
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Chapter 3: Methodology 
In this chapter, general overview and research details regarding this paper will be provided. To better 
understand how this research will be conducted, econometric approach to model specification is going 
to be outlined. Null and alternative hypothesis will be defined explicitly. To establish reliability, data 
sources will be mentioned. Variables that are specifically chosen for this research are going to be 
demonstrated with fair explanation to what they stand for and why they are important for this research. 
Lastly, descriptive statistics for the data will be illustrated.  

 

3.1 Research Method 
As mentioned in the Literature Review, there is a tremendously growing research interest in 
cryptocurrencies and their possible underlying relationship with a number of indices ranging from 
finance, economics and geopolitics. It is most common in the literature that the time-series often 
comes in handy effectively examining and explaining short-term and long-term relationship between 
explanatory variables and the chosen dependent variable (Ciaian et al., 2016; Lucey et al., 2021). 
Despite that, OLS and some variations of least squares such as GLS remains an alternative in 
investigating the underpinning correlation among different time-series data that become stationary in 
first-differences (Gurdgiev & O’Loughlin, 2020; Shaikh, 2020).  

In time series analysis, there are several ways to analyze data which depends on the features of the 
data collected. Fist, it necessary to visualize data by graph to see if data is stationary or non-stationary 
which is traditionally non-stationary when dealing with time series data. There is also formal tests 
such as Dickey-Fuller (1970) tests and Philips Perron (2001) test to see if data is indeed non-
stationary. It is just as important to observe and recognize the type of non-stationarity whether is trend 
non-stationary or stochastically non-stationary. Introducing the trend term to the model is usually 
enough to model an ARDL when non-stationarity is caused by trend. However, in the existence of 
stochastic trend, Johansen (1991) cointegration test is necessary to determine whether the time-series 
are co-integrated or not. Then, if cointegration between the series are detected, it is advised to estimate 
a long-run equation with least squares and estimate error correction model (VECM) for the short-run 
relationship. In the absence of cointegration however,  it is simply recommended to estimate 
Autoregressive Distributed Lag (ARDL) model in first differences.  

Time series data that has been collected for this research is non-stationary and it follows a stochastic 
trend. Therefore, Johansen cointegration test has been conducted and found that there is no 
cointegration between the series. Hence, the ideal econometric approach has been determined to be 
ARDL model in first differences.  

 

3.2 Econometric Analysis and Model Specification 
The ARDL model specified to reach research objectives of this paper is given below: 

 

Yt = β0 + β1Yt-1 + β2Xt + β3Xt-1 + Vt 
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Number of lags for the dependent and the explanatory values will be determined after the “ARDL” 
regression is run. By doing so, not only the effect of the current value of explanatory variables will 
be revealed, but also how the lagged values impact the dependent variable will be manifested. Both 
dependent and explanatory variables are explicitly described below.  

 

 

3.3 Data Source 
Data that is going to be used in this research to analyze underlying factors affecting cryptocurrency 
valuation is collected from a variety of sources that are regarded highly reliable, hence been used in 
many academic research papers most of which are referenced in the literature review. The main 
sources of data for this dissertation will be the Federal Reserve Bank of St. Louis (FRED) database, 
The Chicago Board Options Exchange (CBOE), www.coindesk.com and policyuncertainty.com.  

Dependent variable of this research is top 5 cryptocurrencies, thus the data for cryptocurrency prices 
will be sourced from coindesk.com. Besides, the research involves a long list of explanatory variables 
hoping to explore correlations between crypto valuation and bunch of indices. Volatility Index (VIX), 
Equity Market-related Uncertainty Index, S&P500 Index (SPX500), Dow Jones Index (DJI), 
Euro/Dollar and Oil prices are going to be sourced from the Federal Reserve Bank of St. Louis 
(FRED). The CBOE Put/Call Ratio will gather data from the CBOW database. Then, data for 
Geopolitical Risk Index, Economic Uncertainty Index for the US, China, the EU and the globe, 
Monetary Policy Uncertainty, Financial Stress Indicator and Global Real Economic Activity will be 
collected from policyuncertainty.com. Lastly, the paper will cite msci.com for the MSCI Emerging 
Markets 50 Index.  

  

3.4 Variable Selection and Description 
3.4.1 Dependent Variable 

Given the research title, it is not difficult to guess that the dependent variables for this dissertation are 
going to be the top 5 cryptocurrencies which are namely as Bitcoin, Ethereum, Binance Coin, Tether 
and Ripple. It is particularly important to note that these cryptocurrencies are not chosen solely based 
on their market capitalization despite the fact that Bitcoin and Ethereum are still dominating the 
market by exceptionally large margins. All these cryptocurrencies are among top 5 by market cap 
except for the Ripple which made it top 10. Coins change places often basically because the market 
is quite volatile and Ripple made it to this research due to its popularity among crypto investors. For 
each cryptocurrency, the econometric model constructed will be run to test whether a correlation 
exists between the valuation of the coins and indices.  

3.4.2 Independent Variables  

Volatility Index (VIX) 

VIX is one of the most commonly used indices in financial research. It is also commonly referred to 
as the fear index. It demonstrates the volatility expectations of the market over the next 30 days. It 
would not be false to suggest that VIX is perhaps used more than any other indices due to the fact 
that it reflects market expectations which directly has to do with market trading psychology. In an era 
where corporate investors make exceptional use of data to analyze investor behavior in order to 
position themselves before the actual market reaction, VIX truly stands out. Many research that tested 
the impact of VIX on cryptocurrency valuation found results that proved the underlying relationship 
(Akyildirim et al., 2020; Shaikh, 2020; Ghorbel & Jeribi, 2021; Malladi & Dheeriya, 2021; Kim et 
al., 2021). Data for VIX will be gathered from the Federal Reserve Bank of St. Louis (FRED). 

Equity Market-Related Uncertainty Index (EMUI) 
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Uncertainty with regards to equity market is measured and announced by the Federal Reserve Bank 
of St. Louis (FRED) on a daily and weekly basis. The index first proposed by Baker et al. (2016) and 
has been incorporated into models of research papers (Chulia et al., 2017; Gurdgiev & O’Loughlin, 
2020). What is unique about this index is that it measures investors’ interest into risky assets during 
the times of high uncertainty which makes it a great tool for analyzing investor behavior potentially 
revealing investor biases in investment decision making. This will be particularly interesting to 
analyze due to the emergence of recent Covid-19 pandemic, seeing how the pandemic with 
devastating economic consequences altered investors’ risk and return appetite compared to pre-
pandemic period.  

CBOE Put/Call Ratio (CBOE PCR) 

The Put/Call ratio derived from the Chicago Board Options Exchange (CBOE) is a widely used 
indicator that measures bullishness or bearishness of the general financial markets. The hypothesis is 
that an increase in the bullishness of the financial markets will lead to an increase in the valuation of 
cryptocurrencies (Mao et al., 2015; Li & Wang, 2017; Gurdgiev & O’Loughlin, 2020). The model 
including the put/call ratio is especially important to find out how investors respond to general 
financial markets leading towards either direction. This indicator just like VIX has to do with investor 
sentiment over the financial markets, hence are widely incorporated into models of research that study 
behavioral finance.  

Geopolitical Risk Index (GRI) 

In comparison with other indices, geopolitical risk index is relatively new to financial studies. The 
geopolitical risk index that will be used in tis paper will be sourced from policyuncertainty.com. The 
GRI follows the most popular and internationally recognized 11 newspapers and magazines such as 
The Guardian, Financial Times, The Wall Street Journal, The Washington Post, etc. The way   the 
GRI functions is that it captures words such as tension and war which are linked with geopolitical 
risks and come up with and index number. Increase in the use of these word in the content of the 
given newspapers and magazines translates to higher GRI. Given that there is not many studies that 
investigate the impact GRI may have on cryptocurrency valuation, this study will provide invaluable 
insights.  

US/China/EU/Global Economic Policy Uncertainty (EPU) 

Uncertainty for Economic Policy for the US, the EU, China and the whole globe will also be retrieved 
from policyuncertainty.com. Similar to the Geopolitical Risk Index (GRI), the automation that is set 
up looks for words that might potentially signal economic policy uncertainty from the content of 10 
newspapers that are most widely recognized. For Chine EPU, the local newspapers will be analyzed. 
For the UK, database offers several options, yet this paper will again choose local newspapers content 
due to the notion that British newspapers might reflect the policy-sets government is enforcing in 
more depth. However, it is crucial to note that patriotism might arise as a bias which this research 
chooses to ignore. Al Mamun et al. (2020) and Lucey et al. (2021) studied  the possible effects EPUs 
may have over cryptocurrency prices and found results that have implications for investors.  

S&P 500 Index (SPX500) 

S&P 500 Index tracks the equity prices of the 500 largest companies in the US financial markets 
across a range of industries from technology to defense. Federal Reserve Bank of St. Louis (FRED) 
provides the data for this index, hence our data is highly reliable. S&P 500 is one of the most 
prominent indices whose relationship with other financial assets are research quite aggressively. That 
obviously has to do with S&P 500 being the largest equity market in the world. Shaikh (2020) 
investigated whether a correlation exists between the S&P 500 returns and Bitcoin returns, yet found 
no relationship. Considering the size and the liquidity of S&P 500, it is useful to test if any 
cryptocurrency can stand a hedge against the largest equity market in the world.  

Dow Jones Index (DJIA) 
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The Dow Jones Industrial Average (DJIA) is a benchmark index that is widely-watched by investors. 
Companies DJIA tracks consist of 30 large and publicly owned firms that are traded in the New York 
Stock Exchange (NYSE) and Nasdaq. Taking into account that companies that are tracked by DJIA 
are mostly technology companies or companies that rely on technology for their growth agenda, it 
will be useful to analyze if investors can make a better use DJIA for their optimal investment decision 
making and portfolio management strategy. Zhang et al. (2018) researched the possible correlation 
between the DJIA and Cryptocurrency Composite Index (CCI) and discovered persistent correlation. 
Data for DJIA will be sourced from the FRED.  

Oil Prices 

Oil prices is another index that will be incorporated in this research to examine if cryptocurrency 
prices have an underpinning relationship with oil prices. It is safe to say that there are not many 
research regarding the impact change in oil prices may have in cryptocurrency valuation. Therefore, 
this study might potentially deliver invaluable results that are informative and have implications for 
cryptocurrency traders. It is also exciting to see which one between the Geopolitical Risk Index and 
oil prices is more influential on determining crypto valuation since oil prices are dramatically 
impacted by geopolitical risks. Data for crude oil prices will be extracted from the FRED.  

Euro/Dollar 

The foreign exchange (forex) market is the world’s largest financial market with trillions being traded 
everyday. Forex is not only the largest but also the most liquid market among all the markets in 
finance. Given the size and liquidity of forex, the potential underlying relationship between euro and 
dollar is even more important for traders to ensure optimal portfolio construction and diversification. 
It is important to put emphasis on the fact that finding of a possible correlation would significantly 
leverage investors in terms of their risk aversion strategies. The reason euro/dollar has been chosen 
for this research is due to being the most traded benchmark currency pair. Data for euro/dollar will 
be sourced from wsj.com. 

MSCI Emerging Markets 50 (MSCI EM50) 

The Index of MSCI Emerging Markets 50 is a passively managed fund which tracks equity market 
indices of emerging economies. Including emerging markets index is particularly important for this 
research due to the fact that emerging markets have also been experiencing high volatility post-Covid 
era, thus requiring an advanced formulation to successfully manage the short and long strategies. 
There is a shortage of studies that emphasize on how cryptocurrency valuation is affected by volatility 
in the financial markets of emerging economies. Especially the post-Covid performance of emerging 
financial markets will be exciting to analyze with regards to its possible interaction with 
cryptocurrencies. MSCI EM50 data will be collected from msci.com.  

Monetary Policy Uncertainty (MPU) 

Monetary policy is directly influential on the supply of money in the financial system which is likely 
to have a direct impact on increasing asset prices including cryptocurrencies. Hence, results that our 
research will produce are critical to understanding how cryptocurrencies respond to uncertainty with 
regards to monetary policy. It is important to note that monetary policy for this research will be FED's 
monetary policy, thus it can also be referred to as US monetary policy uncertainty. Uncertainty for 
monetary policy is news-based which means that word that are signaling monetary policy uncertainty 
are identified to drive an index number. The index is developed by Baker et al. (2016). Data for the 
MPU will be cited from policyuncertainty.com.  

Financial Stress Indicator (FSI) 

Financial Stress indicator that has been chosen for this research is newspaper-based and developed 
by Lukas Puttmann. This indicator is for the US, hence only covers 5 U.S newspapers.  Data is 
available at monthly and quarterly frequencies. Unfortunately, there remains a key limitation of this 
indicator which is that it only covers data from 1889 to 2016. Index is constructed through counting  
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in relevant words and labelling each word positive or negative depending on the word itself. FSI is a  
popular indicator that help analyze countries’ economic and financial risks, emerging countries in 
particular (Balakrishnan et al., 2011; Cevik et al., 2013; Cevik et al., 2016). It will be interesting to 
see how investors react when risks associated with financial markets increase and whether or not they 
consider cryptocurrency a safe haven during high financial stress. Data will be sourced from 
policyuncertainty.com. 

Global Real Economic Activity (GREA) 

Global real economic activity (GREA) index is developed by senior economic policy advisor, Lutz 
Kilian  (2009) working at the Federal Reserve Bank of Dallas. The index is developed by tracking 
data from 34 OECD countries. This index will offer a rather wider framework for the reader to look 
at the world economic circumstances and understand how the overall world economic outlook is 
associated with cryptocurrency prices. It will interesting to look at post-Covid era in particular to 
comprehend how devastated economic activity and disrupted supply chains have, if at all, affected 
crypto valuation. Data for GREA will be collected from the FRED.  

 

3.5 Descriptive Statistics 
Table illustrated below provides descriptive information with respect to variables to be used to in 
the dissertation. 

 

 Mean Std. Dev.  Min Max 

GPR 148.9027 55.45577 65.41 380.6 

USMPU 79.86617 59.36548 20.14998 304.0693 

GlobalEPU 240.4294 72.63423 126.3877 437.0496 

USEPU 196.9247 87.35892 109.6864 503.9633 

ChinaEPU 573.2348 225.9096 122.9374 970.8299 

EUEPU 222.57 45.17353 135.1637 361.3689 

EMUI 81.11265 78.95338 13.4 476.3336 

FSI -0.3903557 0.7067179 -0.97328 3.767925 

GREA -13.42202 49.21121 -122.0738 109.2519 

BrentOil 60.30589 13.14498 23.33727 83.65 

DJIA 26931.61 4259.471 20424.14 35848.57 

SP500 3132.147 660.04 2329.911 4667.387 

VIX 18.53191 8.191809 10.12545 57.73682 

EURUSD 1.152957 0.0443883 1.06 1.23 

MSCIEM50 1107.853 127.8058 848.58 1376.21 

Bitcoin 15590.9 17292.76 1068.0 60968.0 

Ethereum 773.1886 1074.686 15.63 4453.8 
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 Mean Std. Dev.  Min Max 

BinanceCoin 101.5992 179.03 1.28358 624.08 

Ripple 0.4992745 0.4005351 0.1651 1.99 

Tether 0.9990649 0.0126233 935.0 1.0571 

 

 

Chapter 4: Empirical Results 
This chapter will be dedicated to disclosing and interpreting the empirical results derived from the 
econometric analysis whose tools and methods have been mentioned in the previous chapter. To avoid 
the distraction of  having several tables, tables illustrating empirical results will be provided in the 
Appendix. 

 

4.1 Bitcoin  
As previously mentioned, the econometric approach chosen for this research paper is the 
Autoregressive  Distributed Lags (ARDL). It is just as important to clarify that in order to prevent 
multicollinearity, independent variables are grouped in 5 then the ARDL has been run. The number 
of lags chosen for each ARDL model has been dictated by considering the optimal R_squared as well 
as Root MSE. Lastly, it is critical to note that by including error correction (ec), the empirical results 
were able to show both short and long-run estimates for each independent variable which are 
subsequently supported by the ARDL Bounds Test results.  

The first group of independent variables consist of Geopolitical Risk Index (GPR), US Monetary 
Policy Uncertainty (USMPU), Global Economic Uncertainty (GEPU), US Economic Policy 
Uncertainty (USEPU) and China Economic Policy Uncertainty (CEPU). For this group of variables, 
the optimal lag selection has been 4 for each variable including the dependent variable.  

The results show no short-run correlation between the independent variables and the dependent 
variable except for the China Economic Policy Uncertainty (CEPU). Second and third lag of CEPU 
has proven to be significantly correlated with Bitcoin prices in the short-run. Yet, it is crucial note 
that the correlation is significant only at 10% significance level (see Table.1). Both lags are positively 
correlated with Bitcoin prices, 46.18 and 36.51 respectively. That means that uncertainty in Chinese 
Economic Policy in previous periods (t-2, t-3) leads to an increase in Bitcoin prices in current period 
(t). Results show no long-run (LR) relationship with any variable and it is supported with ARDL 
Bounds Test findings.  

The second group of variables are European Union Economic Policy uncertainty (EUEPU), Equity 
Market Related Uncertainty (EMUI), Financial Stress Indicator (FSI), Global Real Economic 
Activity (GREA) and Brent Oil prices. It is only the FSI that seems to be correlated with Bitcoin 
prices in the short-run (see Table.2). The second lag of FSI is negatively correlated at -3000.958 
which means that increase in financial stress in t-2 will cause a decline in Bitcoin valuation in t. Yet 
again, no LR relationship is observed.  

The last group of variables are Dow Jones Industrial Average (DJIA), S&P500 (SP500), Volatility 
Index (VIX), Euro/Dollar (EURUSD) and MSCI Emerging Markets Index (MSCIEM50). Results 
show that all variables are highly significantly correlated with Bitcoin prices. DJIA and SP500 are 
correlated with 3 lags, VIX and EURUSD with one whereas MSCIEM50 shows correlation with 2 
lags (see Table.3). DJIA is positively correlated with all lags meaning DJIA going up, Bitcoin follows 
same trend.  On the other hand, SP500 is negatively correlated, thus an increase in US equity market 
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causes a decline in Bitcoin prices. EURUSD is positively correlated while VIX and MSCIEM50 
seems to have a reverse relationship with Bitcoin valuation. 

 

4.2 Ethereum 
Quite similar to Bitcoin, Ethereum also did not indicate significant correlation with first group of 
variables neither in the short-run (SR) nor in the long-run (LR). That finding is supported by Bounds 
Test result.  

In terms of the second group, Ethereum seems to have a relationship with Brent Oil in the short-run 
as the first lag of Brent oil is statistically significant at 5% significance level (see Table.5). Coefficient 
for the estimate for Brent oil is -37.6 which means that increase in Brent oil prices in t-1 translates to 
decrease in Ethereum prices in the current time period (t). According to the results, Brent oil is not 
only correlated in the short-run but also seems to have an underlying relationship with Ethereum in 
the long-run. However, it is essential to emphasize that despite the inverse correlation in the short-
run, the relationship seems to be positive over the long-run with coefficient being +36.5. Bounds test 
also confirmed the long-run relationship at 10% significance level.  

With respect to the last group of variables, none of the variables showed any evidence of determining 
the price of Ethereum in the short-run (see Table.6). However, benchmark volatility  index (VIX) 
provided results that suggest correlation with Ethereum valuation in the long-run. The coeeficient 
estimate is significant at 5% and the coefficient estimate is +64.85. That translates to an increase in 
equity volatility and so the VIX will lead to an increase in Ethereum prices. Bounds test confirmed 
the long-run relationship at 10% significance level.  

 
4.3 BinanceCoin 
According to the results, first group of variables have not demonstrated any significant relationship 
with BinanceCoin’s price formation neither in the short-run nor in the long-run (see Table.7). Bounds 
test confirmed the absence of long-term relationship. The second group of indicators perform no 
better than the ones in the first group (see Table.8). The results indicate no statistically significant 
correlation between any of the indicators and the valuation of BinanceCoin.  

On the other hand, third group of variables seem promising in terms of their correlation with 
BinanceCoin valuation (see Table.9). DJIA is correlated with BinanceCoin along with its 3 lags which 
are all significant and positive which means that an increase in DJIA (t-1, t-2, t-3) will trigger an 
increase in BinanceCoin prices (t). In a similar way, S&P500 manifests its underlying relationship 
with 3 lags all of which are statistically significant but negative compared to the DJIA. That means 
that an increase in SP500 (t-1, t-2, t-3) will shift BinanceCoin prices (t) downwards. MSCIEM50 is 
also correlated with 3 lags which are all negatively signed, hence it is safe to argue that an increase 
in emerging markets’ equity market will lead to a decline in the valuation of BinanceCoin. 

VIX is correlated with BinanceCoin prices the second and third lags both of which are significant at 
5% and negatively signed similar to the SP500 and MSCIEM50. EURUSD also provides evidence 
that it has an underlying relationship with BinanceCoin, the first and the second lags both of which 
are statistically significant and positively correlated. That means if EURUSD goes up (Euro 
strengthens against dollar), the price of BinanceCoin will go up as well.  

An interesting finding emerges in the long-run relationship between the variables and the coin. DJIA 
and EURUSD were positively correlated with BinanceCoin valuation in the short-run, however they 
become negatively correlated in the long-run equation. Moreover, S&P500 and MSCIEM50 which 
were both negatively correlated with BinanceCoin prices in the short-term, become positively linked 
with the valuation of BinanceCoin over the long horizon. Also, VIX is no longer a significant 
determinant of the valuation of BinanceCoin in the long-run.  
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4.4 Tether 
First group variables which are mostly economic uncertainty indices remain irrelevant in estimating 
cryptocurrency valuation so far. However, US monetary policy uncertainty (USMPU) and US 
economic policy uncertainty (USEPU) seem promising in estimating Tether’s valuation in the third 
and forth lags which are significant at 10% and 5% respectively (see table.10). Despite the similar 
results, the main difference is that USMPU is positively correlated whereas USEPU indicates an 
inverse correlation. Therefore, increase in the USMPU is estimated to soar Tether's price while an 
increase  in the USEPU tend to cause a decline in Tether’s valuation. It is important to note that there 
is no evidence of long-term relationship between Tether and any of the variables in the first group 
including USMPU and USEPU.  

In the second group, only Brent oil seems to estimate the valuation of Tether in the short-run. It is 
positively correlated and significant only at 10% (see Table.11). There is again no significant 
relationship over the long horizon.  

The last group of variables that is dominated by financial indicators seems not to be as efficient in 
predicting Tether's price as in predicting the previous 3 cryptocurrencies, Bitcoin, Ethereum and 
BinanceCoin. With respect to short-run relationship, it is only the EURUSD in the third lag that has 
a correlation with Tether (see Table.12). The coefficient estimate is negative meaning that increase 
in the EURUSD (stronger Euro against Dollar) will lead to a fall in Tether’s price. Yet, the estimate 
is only significant at 10% significance level. Despite the short-run relationship of EURUSD, the only 
variable that significantly predicts Tether’s price over the long horizon is the DJIA and is negatively 
correlated.  

 

4.5 Ripple 
There is no independent variable in the first group that is statistically significantly predicting Ripple’s 
price over the long-run. On the other hand, USMPU and USEPU effectively predict the valuation of 
Ripple over the short horizon (see Table.13). USMPU provides evidence that it is correlated with 
Tether’s price in its second lag which is significant at 5% and negatively signed. USEPU is also 
correlated with 3 lags and positively signed. The second and the third lags are significant at 5% 
whereas the first lag is only significant at 10% significance level.  

Surprisingly, there is no evidence that any variable in the second group has an underlying relationship 
with the valuation of Tether neither in the short nor in the long-term (see Table.14).  

In terms of the third group, the results suggest that variables that predict Tether’s price in the short-
run are different than those effective in the long-run (see Table.15). DJIA is significant in the third 
lag and positively correlated meaning an increase in the DJIA will translate to an increase in Tether’s 
price. S&P500 also demonstrates statistically significant relationship in the third lag. Correlation is 
negative suggesting that an increase in SP500 is likely to cause a fall in Tether’s valuation. EURUSD 
also indicates a relationship in the second lag which is significant at 10% and positively signed.  

Regardless of the efficiency of DJIA, SP500 and EURUSD over the short horizon, the only variable 
that indicates a correlation over the long-run is VIX. It is positively correlated with Tether’s valuation 
and significant at 10%. 
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Chapter 5: Discussion 
According to the results derived from the econometric analysis that has been carried out, it is safe to 
argue that there are certain underpinning relationship between some variables which might have an 
effective use in optimal portfolio construction, risk management and asset management. This is 
particularly important due to proposing investors that alternative asset classes exist and they can well 
serve as a hedge against particular investment types. It is important to note at this point that since 
cryptocurrencies are highly volatile the main area of interest will be on rather the short-run correlation 
between the variables.  

 

Starting off with Bitcoin, ChinaEPU reveals correlation in the second and third lag which suggests 
that investors can track economic uncertainty data for China and can position themselves 2 or 3 
months ahead. The correlation is positive, thus anticipating increasing uncertainty in China must 
trigger an upward price movement. FSI is negatively correlated with bitcoin in the second lag 
meaning that data of the month of 2 months prior can be exploited to take earlier positions in the 
bitcoin market as increase in financial stress is likely to cause a downward shift in prices.  

In relation to other asset classes, Bitcoin seems positively correlated with DJIA in 3 lags meaning 
that an anticipated increase in DJIA will lead to an upward trend in bitcoin prices. In contrast, S&P500 
exhibits negative correlation in three lags, therefore it is reasonable to assume that bitcoin can serve 
as a hedge against S&P500. Similarly the equity market index of emerging markets MSCIEM50 
seems to have a negative relationship with bitcoin prices demonstrating another hedging opportunity 
for investors that seek optimal risk management. The EURUSD is positively linked with bitcoin 
prices which may mean that the anticipation of strengthening Euro against dollar is likely to increase 
bitcoin prices as well. VIX coefficient estimate is signed negative, hence increase in equity volatility 
tend to devalue bitcoin. Yet, the estimate is only significant at 10%.  

An interesting finding arises in the coefficient estimates in the long-run which are all signed exact 
opposite those of short-run. Positive correlation of DJIA turns negative in the long-run while S&P500 
goes positive, EURUSD becomes negative and MSCIEM50 indicates positive relationship over the 
long horizon.  

 

In the case of Ethereum, Brent oil seems to predict Ethereum’s price both in the short and long 
horizon. It is negatively correlated in the first lag which means that an increase in the price of Brent 
oil in the previous month tends to cause a decline in Ethereum prices today. However, the long-run 
estimates suggest that Brent oil and Ethereum are positively correlated. Companies that engage in 
Brent oil trading can optimize their risks by incorporating Ethereum in their portfolio. The key thing 
to consider here is to determine on what horizon the risk management is being constructed. That is 
due to Ethereum’s hedging feature agains Brent oil in the short-run is no longer the case in the long-
run. VIX also presents positive correlation with Ethereum prices in the long-run which translates to 
an increase in equity volatility tends to come with higher Ethereum prices over the long horizon.  
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BinanceCoin, similar to Ethereum, have not presented so much of promising results in terms of 
explanatory variables in the first 2 groups effectively predicting the price of the coin. It is observed 
that BinanceCoin itself is a solid predictor of its own price being impacted by its previous price (t-2). 
That may support the narrative that cryptocurrencies are speculative assets and many go into market 
basically hoping the market to continue to soar without having a legitimate rationale. 

Similar to Bitcoin, BinanceCoin also presents significant hedging opportunities for investors. Both 
S&P500 and MSCIEM50 indicates inverse correlation with BinanceCoin prices in 3 lags. That is to 
suggest US equity market and emerging equity markets can be hedged by incorporating BinanceCoin 
into portfolio. In comparison, DJIA and EURUSD contributes positively to the valuation of 
BinanceCoin. DJIA allows prices to be predicted as early as 3 months while EURUSD is significant 
in 2 lags. VIX also significantly predicts BinanceCoin prices in the second and third lag. It is 
important to emphasize on the fact that second and third lag being significant means that prices can 
be estimated based on VIX figures of 2 to 3 months, not the prior month. Same finding of Bitcoin 
that the contradiction between the estimate results over the short and long horizon also applies to 
BinanceCoin’s trading data. Therefore, traders must profoundly take into consideration whether they 
are formulating their trading strategy in the short or the long-run. Also, the VIX is no longer correlated 
with the valuation of BinanceCoin in the long-term.  

 

Tether’s valuation seems to be correlated with USMPU and USEPU, both in the third lag. This means 
that FED’s monetary policies as well as general economic policy uncertainty in the US (t-3) has an 
impact on Tether’s price today (t). FED’s policy uncertainty shows positive correlation meaning that 
increase in monetary policy uncertainty soars Tether's price whereas economic policy uncertainty has 
a descending impact on the valuation of Tether. It is important to remind that both variables provide 
insignificant results for the long-run estimates. Equity Market-related uncertainty (EMUI) also 
demonstrates an underlying relationship with Tether’s price in the third lag. The relationship is 
positive, hence it can inferred that an increase in EMUI will pick up the price of Tether. However, it 
is critical to emphasize that significance in the third lag requires a strategy that takes into 
consideration the prices of Tether can be estimated 3 months ahead, not the prior month. Brent oil is 
also positively associated in the first lag allowing investors to determine position a month ahead. 
Regardless of the short-run correlation, none of these variables above indicate a relationship over the 
long horizon.  

EURUSD index presents negative correlation with Tether's price in the third lag. This represents a 
safe heaven for Euro investors given that as Euro strengthens against dollars, Tether price goes 
down.Yet, the hedging opportunity of EURUSD remains only in the short-run. Similarly, the DJIA 
indicates a negative relationship in the long-term, offering investors another tool to use as a part of 
risk aversion strategies. Tether is also highly correlated with its own price, hence it might be 
reasonable to suggest that the investors lack proper investment strategies and rather follow the crowd 
when it comes to purchasing crypto assets such as Tether.  

 

In the analysis of Ripple, it is observed that USMPU predicts Ripple’s price in the second lag and is 
significant at 5%. The correlation is negative, hence uncertainty regarding FED policies is proven to 
decrease Ripple's price. The USEPU is also correlated in all three lags, second and third lag being 
significant at 5% and signed positive. Therefore, overall economic policy uncertainty in the US leads 
to increased valuation of Ripple. Despite the short-term estimates, there is no proof of correlation 
over the long-term. DJIA seems to be positively correlated in the third lag, thus an anticipation of 
increasing DJIA might also trigger price hikes in Ripple. In comparison, S&P500 is negatively 
correlated in the third lag and significant at 5%, presenting a significant hedging opportunity against 
the US equity market. In addition, EURUSD in the second lag shows positive relationship with 
Tether’s price. However, the estimate is only significant at 10%. 
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Chapter 6: Conclusion 
This dissertation has been dedicated to research both short-term and long-term relationship of the 
most popular cryptocurrencies with a number of indices from a wide range areas such as geopolitics, 
finance, economics etc. To be able to conduct a research that is valuable and scientifically 
informative, an econometric tool of Autoregressive Distributed Lag (ARDL) has been chosen. Also 
to prevent multicollinearity, variables have been grouped into 3 and ran regression.  

According to the findings of the econometric models, this paper suggests that cryptocurrencies can 
serve as hedge against particular asset class. This is particularly important to know in order to 
construct a proper risk management strategy and build a portfolio that offers the optimal yield to risk 
ratio. Bitcoin has proven to be a hedge against S&P500 and MSCIEM50 in the short-run, yet over 
the long-term it was DJIA and EURUSD which Bitcoin could present hedging opportunities against. 
Ethereum also indicated potential to serve as a hedge against Brent oil both in the short and long run.  

BinanceCoin provided evidence that it is similar to Bitcoin in dynamics as it was negatively correlated 
with S&P500 and MSCIEM50 in the short-run  and DJIA and EURUSD in the long-run. It can also 
be said that following VIX might be useful in making inferences over BinanceCoin’s price as VIX is 
negatively associated with the valuation of BinanceCoin. There remains a key detail that must be 
considered is that coefficient estimates vary dramatically depending on whether short-term or long-
term, hence investors must determine their trading horizon in order to come up and study with the 
relevant variable.  

Tether did not seem to offer much of hedging opportunities with other asset classes. According to the 
regression, its price was best predicted by its previous price, USMPU and USEPU. Similarly, Ripple 
also provided evidence that its price is effectively determined by the uncertainty in the US monetary 
policy and general economic policy. As opposed to Tether though, Ripple showed hedge features 
against the S&P500 and the MSCIEM50 in the short-run and S&500 and EURUSD in the long-run.  

Based on the findings of this research, it is explicitly observed that some cryptocurrencies inherited 
similar trading features given that they demonstrated capacity to be incorporated in risk management 
strategies in order to offer advanced risk aversion mechanism. This research is, in particular, 
important due to providing invaluable insights to investors of all types whether crypto investors, 
hedge funds, corporate traders or retail traders. There are certainly key takeaway from this research 
as both short-term and long-term trading psychology of the most popular cryptocurrencies have been 
revealed to a certain extent. It is recommended that investors must first determine why they are willing 
to add crypto assets to their portfolio then build up the strategy accordingly considering the 
investment horizon as well.  
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