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Abstract

This thesis provides a comprehensive analysis of cryptocurrency markets, focusing on price

movements, adoption, and crash predictability. Over three chapters, it addresses critical gaps in

existing literature by introducing novel predictors and employing advanced econometric and ma-

chine learning models. Chapter 1 investigates the key drivers of cryptocurrency and stablecoin

price movements, integrating social media sentiment, Google search trends, and economic indi-

cators. Machine learning models, particularly Long Short-Term Memory (LSTM), outperform

traditional econometric method DMA in forecasting price dynamics, showcasing the relevance

of non-financial predictors in cryptocurrency markets. Chapter 2 explores the economic factors

influencing Bitcoin adoption across six countries, employing Structural Vector Autoregression

(SVAR) and Global Vector Autoregression (GVAR) models. Findings reveal that domestic eco-

nomic conditions, such as GDP, inflation, and unemployment, play a more significant role in

Bitcoin adoption than global trends. Chapter 3 focuses on predicting Bitcoin crashes using probit

and dynamic probit models. The research identifies market sentiment (Google Trends), volatility

indices (VIX), and economic signals (S&P500) as key crash indicators. Dynamic probit mod-

els exhibit superior performance over standard models, achieving high classification accuracy,

evidenced by an AUC of 0.95. The analysis highlights the distinct crash predictors in cryp-

tocurrency versus traditional stock markets. The findings offer valuable insights for investors,

regulators, and policymakers. Predicting price movements and crashes can enhance portfolio

resilience, while understanding Bitcoin adoption aids in designing regulatory frameworks for

stabilizing cryptocurrency markets. Future work could incorporate blockchain-specific data, ex-

pand cryptocurrency coverage, and explore hybrid econometric-machine learning models. The

thesis emphasizes the need for sophisticated tools to navigate cryptocurrency market dynam-
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ics. Its insights contribute to managing risks and opportunities in the rapidly evolving digital

currency landscape.
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Introduction

The relevance of cryptocurrency markets in economic practices has not remained constant over

the years as it has matured to act as a safe haven amid political and economic risks. This was

especially the case during the U.S.- China trade con
ict when institutional investors and hedge

funds began looking at Bitcoin as an investment option to stabilize their portfolios. Academic

literature discussed the potential of Bitcoin acting as a hedge against geopolitical risks, as seen in

the Ukraine Russia crisis, where many citizens resorted to the cryptocurrency market to protect

their investments. High in
ation periods in countries like Venezuela and Argentina served

as a testimony of the devaluation of respective currencies. Bitcoin was created as a practical

solution to counter this problem. Institutions adopting and utilizing cryptocurrencies further

explains why their importance is likely to increase in the future. For example, Dubai courts

now accept payments in cryptocurrencies, and crypto-related exchange-traded products have

attracted considerable investments. This shows that investors are con�dent despite headwinds

from regulators, such as the ongoing inquiry from the Financial Conduct Authority (FCA) in the

UK to create order in the market. A wider trend towards digitizing national currencies is also

indicated by Russia's impending cryptocurrency payment trials and the investigation of Central

Bank Digital Currencies (CBDCs) by nations like China and the European Union. These events

create an undeniable need to study cryptocurrency markets and comprehend their function and

assess their capacity to revolutionize the world �nancial scene. Over 19,000 digital currencies

are now on the rise witnessing an increase in the adoption of blockchain technologies. While

Bitcoin has been the subject of research, most of the existing academic literature focuses on

price behavior and adoption, and neglecting the broader cryptocurrency ecosystem such as the

interaction between local and global economic factors, and predicting market crashes. There is a
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need for comprehensive research that: explores the factors in
uencing price movements in both

cryptocurrencies and stablecoins, investigates the local and global economic drivers of Bitcoin

adoption across diverse economic contexts, and develops models capable of predicting crashes

in the highly speculative cryptocurrency market.

This thesis addresses these gaps by using econometric and machine learning approaches to

analyze and predict cryptocurrency behavior across three main dimensions, price movements,

adoption, and crashes. This thesis aims to, �rst, identify the main drivers of price movements

in cryptocurrencies and stablecoins, using a broad set of predictors, including �nancial, social,

and economic factors. Second, examine local and global economic factors impacting Bitcoin

adoption across di�erent countries, applying advanced econometric approaches such as Struc-

tural Vector Autoregression (SVAR), and Global Vector Autoregression (GVAR). Third, develop

predictive models for Bitcoin crashes, applying probit and dynamic probit models to anticipate

downturns in the cryptocurrency market based on diverse set of indicators.

This research addresses three primary questions: What are the key drivers of cryptocurrency

and stablecoin price movements, and how e�ectively can these be predicted using econometric

and machine learning models? How do local and global economic conditions in
uence Bitcoin

adoption in di�erent countries, and what role do global �nancial trends play in this process? Are

bitcoin crashes predictable, and which market indicators are most e�ective in predicting them?

This thesis is structured into three chapters. In Chapter 1, we apply an investigation into

the key drivers of cryptocurrency and stablecoin price movements, comparing the predictive

power of econometric approaches and machine learning techniques. Chapter 2 studies Bitcoin

adoption across various countries, focusing on local and global macroeconomic factors using

SVAR and GVAR applications. Finally, Chapter 3 uses standard probit and dynamic probit

models to predict Bitcoin crashes, using market sentiment, economic signals, and blockchain

activity. Each chapter is created in a way that helps contribute a unique perspective to the �eld

of cryptocurrency markets and �nancial forecasting. Chapter 1 broadens the understanding of

cryptocurrency price movements by incorporating both traditional economic social media sen-

timent predictors and Google search trends. It showcases the superior performance of machine

learning models, such as Long Short-Term Memory (LSTM), over econometric approaches in
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forecasting cryptocurrency and stablecoin prices. Chapter 2 provides a comprehensive analysis

of Bitcoin adoption across six countries, utilizing advanced econometric models like SVAR and

GVAR. It explains the connection between local macroeconomic events and global �nancial

trends. It shows how factors such as GDP, in
ation, and unemployment interact with global

factors to lead Bitcoin adoption. Chapter 3 applies dynamic probit models in predicting Bitcoin

crashes, identifying key indicators such as market sentiment (Google Trends), volatility (VIX),

and economic signals (S&P500) as signi�cant predictors. Moreover, Chapter 3 provides a

comparative analysis highlighting the ability to identify crash predictors between stock �nancial

markets and cryptocurrency markets. It is con�rmed that carash predictors di�er between stocks

and cryptocurrency markets. The chapter demonstrates how dynamic probit models outperform

standard probit models in anticipating market crashes, providing valuable tools for risk man-

agement in the highly volatile cryptocurrency market. The �ndings provide implications for

investors, policymakers, and regulators, providing tools to better understand market dynamics,

manage risk, and potentially mitigate the impact of market crashes. This thesis has provided

a comprehensive analysis of cryptocurrency market dynamics, focusing on price movements,

adoption, and crash predictability.

Several new �ndings emanate from this thesis. In Chapter 1 it was shown that social media

sentiment, search trends, and economic indicators signi�cantly drive price movements in cryp-

tocurrencies and stablecoins. The machine learning model Long Short-Term Memory (LSTM),

outperformed econometric models in forecasting these movements. Chapter 2 �ndings high-

lighted di�erentiated impacts of macroeconomic indicators on Bitcoin across various nations.

For developed economies, Bitcoin's role is found between an investment asset and an in
ation

safeguard. Where it is in
uenced heavily by individual country pro�les rather than a country

level connection. Chapter 3 demonstrates how Bitcoin crashes can be predicted using dynamic

probit models, with market sentiment (Google Trends), volatility indices (VIX), and economic

signals (S&P500) serving as strong indicators. Dynamic models highlighted a clear advantage

over standard probit models, providing a more accurate forecast of crash events.

This thesis contributes to the growing literature on cryptocurrency markets by introducing

novel predictors and applying advanced econometric and machine learning models. The integra-
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tion of social media sentiment and search trends into traditional �nancial models has expanded

the understanding of non-�nancial drivers in cryptocurrency markets. The ability to predict

price movements and crashes lead to better risk management and informed decision making.

Investors can use the �ndings to develop more resilient portfolios, while policymakers can design

more e�ective regulatory frameworks to stabilize volatile markets. Additionally, the insights

into Bitcoin adoption across di�erent countries can help shape global regulatory approaches as

cryptocurrencies continue to become more integrated into traditional �nancial systems.

Despite its contributions, this research has its limitations. This included, limited data

availability which restricted the examination of certain stablecoins, and the limitations applied on

the extraction of tweets sentiment data after June 2023. Moreover, while the models developed

in this thesis performed well in predicting crashes, their accuracy in long-term forecasting

remains uncertain, given the speculative nature of cryptocurrency markets. Future research

could expand on this work by incorporating more cryptocurrencies and stablecoins, as well as

extending the analysis to a larger set of countries. Additionally, integrating blockchain-speci�c

data, such as transaction volumes and hash rates, could provide further insights into market

behavior. Research on hybrid models that combine the strengths of both econometric and

machine learning approaches would also be valuable in improving predictive accuracy. Lastly,

future studies could explore the long-term implications of regulatory changes on cryptocurrency

adoption and price stability.

This thesis underscores the complexity of cryptocurrency markets and the importance of

developing sophisticated tools to understand and predict their behavior. As cryptocurrencies

become increasingly integrated into the global �nancial system, the ability to forecast price

movements, adoption trends, and crashes will be crucial for both academic research and practical

decision making. The �ndings of this thesis o�er a foundation for future research and provide

valuable insights for managing the risks and opportunities associated with the rapidly evolving

world of digital currencies.
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Chapter 1

Understanding and Predicting Price

Movements in the Digital Currency Market

1.1 Introduction

The recent growth of cryptocurrencies gained the interest of regulators and media given their

price volatility and unique features.1 This has led many scholars to research the prediction of

cryptocurrency prices. Studies in the �eld have shown that a variety of factors, starting from

supply and demand dynamics to technological advancements and investor sentiment, play crucial

roles in determining cryptocurrency prices (Ciaian et al., 2016). The ability to understand and

predict price movement is valuable not only for understanding cryptocurrencies price dynamics,

but also for market monitoring (Enoksen et al., 2020).

Predicting the price of cryptocurrencies is crucial, it enables traders and investors to base

their trading decisions on forseen market trends. The ability to predict price movement allows

businesses to prepare for changes in the cryptocurrency value, leading to better �nancial planning

and risk management (Frohmann et al., 2023).

In �nancial assets price movements are in
uenced by a range of factors, including market

fundamentals, investor sentiment, macroeconomic conditions, and information 
ow. Traditional

1Bloomberg coverage on crypto price volatility: Crypto's Value Comes From Crypto's Volatility, Bitcoin
Becoming Less Volatile Than Stocks Raises Warning Flag, Bitcoin went mainstream in 2021, Bitcoin Chart Pattern
Brings Warning of Volatility Spike, Losses, Here's What Cryptocurrency Traders Are Doing With Volatility Gone,
Currencies Replace Crypto at Forefront of Market Trading Chaos.
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asset pricing models emphasize the role of fundamental factors such as earnings, dividends, and

macroeconomic indicators, suggesting that asset prices re
ect the present value of expected

future cash 
ows. Behavioral �nance highlights the impact of investor psychology, where

collective emotions and biases often impact pricing, while research on market e�ciency and

information dissemination suggests that factors like search volume and investor attention can

signi�cantly a�ect price changes (Avramov et al., 2006; Brown et al., 2005; Fama, 1965;

Cooper, 1974). This raises the following research questions which have not been thoroughly

explored. What are the factors leading to price movements in digital currencies? The literature of

identifying the key drivers of price behavior and movement in cryptocurrencies is rather scarce.

We extend the investigation to understand to what extent do these factors have a predictive

power for forecasting the price movement of digital currencies? By addressing these questions.

We contribute to literature in several ways. First, we explore the drivers of cryptocurrency

price movement during a period of high volatility for cryptocurrency markets between 2017 and

2021. The selected time-frame highlights important moments in cryptocurrency development.

The results highlighted that social and search-related factors are predictors of cryptocurrency

price movement, possibly more so than traditional economic indicators or other commonly used

predictors. Second, our �ndings contributes to Enoksen et al. (2020) work by focusing on a

unique set of digital currencies and emphasizing the period between 2017 and 2021. Enoksen

et al. (2020) discussed a similar inquiry, however, our set of predictors di�er from theirs, barring

the shared use of Google search queries. Moreover, the study uses a novel dataset of predictors

collected through algorithms and an Application Programming Interface (API) which provides a

standardized, secure, and e�cient way of automating data extraction. It was used to add Twitter

sentiment analysis to the predictors list, where tweets are �ltered for negative and positive

sentiment related to terms like "cryptocurrency" and "Bitcoin". The paper also considers the

role of stablecoins like USDT and DIA, which are expected to respond di�erently to predictors

due to their nature and the stability mechanisms they employ. The currencies selected are based

on popularity and highest ranking as per market value. The study also touches on the growing

attention of policy makers in cryptocurrencies, thereby understanding their price dynamics will

be of interest. This will pave the way for a better understanding of market monitoring and of
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price dynamics for cryptocurrencies (Enoksen et al., 2020).

This paper is organized as follows, Section 3 provides a comprehensive literature review,

highlighting cryptocurrencies and their implications for monetary policy. Section 4 delineates

our data sources. Section 5 highlights the methodologies. Results and analysis are elaborated

upon in Section 6, followed by our conclusions in Section 7.

1.2 Literature

1.2.1 Cryptocurrencies price movement and prediction

Understanding and predicting cryptocurrency price movement is important, scholars are ap-

plying di�erent forecasting methodologies to accomplish the same. This study builds upon

this foundation, employing similar time-frames identi�ed by most prior research as having ex-

hibited periods of explosive price behavior. This paper aims to build upon previous research

by contributing new insights into cryptocurrency price forecasting through exploring various

forecasting models and new datasets, comparing the accuracy of these models, highlighting the

behavior of price movement within the volatile cryptocurrency market enriching the existing

body of knowledge in cryptocurrency price forecasting.

Cryptocurrency forecasting has seen diverse methodologies and analytical approaches to

predict and understand price movement. In a range of studies on Bitcoin price forecasting,

researchers employed diverse time-series models. Bakar et al. (2019) and Anupriya et al. (2018)

highlighted the accuracy of ARIMA and moving-average methods. Kim et al. (2016) performed

multifractal detrended cross-correlation analysis, while another study used GARCH mixed data

sampling for volatility prediction to highlight external economic in
uences.

In the realm of external in
uences, Jin et al. (2023) explored the impact of climate policy

uncertainty and investor sentiment on cryptocurrency volatility. Employing GARCH-MIDAS

and bagged support vector regression o�ering insights into the external factors impacting cryp-

tocurrency market behaviors. Their �ndings reveal that climate policy uncertainty has a positive

e�ect on cryptocurrency price volatility. Macroeconomic in
uences were introduced by Asi-

makopoulos et al. (2023a) through a Bayesian DSGE model. Their �ndings highlight how
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demand shifts in
uence cryptocurrency prices.

Moving towards methodological innovations, Mtiraoui et al. (2023) introduced a hybrid

model combining ARFIMA with a neural network for cryptocurrency price predictions. The

analysis uses Bitcoin price data at 30-minute intervals from August 23, 2020, to March 4, 2021.

The hybrid model resulted in better predictive performance compared to individual models.

Similarly, Panagiotidis et al. (2024) used a Bayesian LASSO method with stochastic volatility

to investigate the determinants of Bitcoin returns. It utilizes daily data from January 2015 to

May 2021 to analyze various economic, �nancial, and technological factors impacting Bitcoin

returns. The results highlight the importance of these factors, especially during periods of

high market uncertainty, and demonstrate the e�ectiveness of the Bayesian LASSO method in

predicting Bitcoin returns.

Another important area investigated by scholars is market dynamics. Alexander et al. (2020)

explored price discovery in Bitcoin markets using multi-dimensional 
ow analysis within and

between Bitcoin spot and derivatives markets. Their data spans from April 1, 2019, to January

31, 2020, where their �ndings con�rmed that unregulated derivatives in
uence Bitcoin prices.

Complementing this, Yi et al. (2022)'s work focused on the in
uence of external cryptocur-

rency markets on Bitcoin volatility suggesting that information from other cryptocurrencies

can improve Bitcoin volatility forecasts. Employing Heterogeneous Autoregressive models and

scaled principal component analysis to decipher these complex interactions. The analysis covers

the period from February 23, 2017, to May 13, 2021, using RV data of Bitcoin, Ethereum,

and Ripple. Their model showed better forecasting ability compared to other models. Giudici

et al. (2019) investigates Bitcoin's price dynamics using a VAR model with network models to

analyze price relationships across exchanges and between Bitcoin and traditional assets. The

study �ndings show that incorporating information from interconnected markets can improve

prediction accuracy.

Researchers and practitioners employ diverse techniques of forecasting models. Ibrahim et

al. (2021) examination of ARIMA and neural network models, along with Bergsli et al. (2022)'s

investigation of GARCH and Heterogeneous Autoregressive models for volatility forecasting,

highlight the varied e�cacy of these methodologies in understanding cryptocurrency market
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trends. Ibrahim et al. (2021) explores Bitcoin price movement prediction using time series

models. It compares the performance of ARIMA, Random Forest, and Multilayer Perceptron

Neural Network models. The study uses Bitcoin price data from 2014 to December 2018,

focusing on 5-minute intervals. The results con�rm that the Multilayer Perceptron Neural

Network is slightly more accurate than other models. Bergsli et al. (2022)'s results indicate

that HAR models, particularly the logarithmic HAR model, provide a more accurate �t and

prediction of Bitcoin's volatility compared to GARCH models. The �ndings here are similar

to this study when it comes to con�rming that machine learning approach is more e�ective in

cryptocurrency price prediction compared to the other time series and dynamic models used.

These studies provide a detailed picture of cryptocurrency markets, by revealing the behavior

of its price movement, which is in
uenced by a variety of factors such as technological advance-

ments, market sentiment, and the introduction of new trading instruments. While volatility is not

unique to cryptocurrencies, their ongoing occurrence in this new asset class prompts ongoing

investigation into their causes, characteristics, and consequences. Yet there is still a gap when it

comes to predicting and examining cryptocurrencies other than Bitcoin, through applying and

comparing forecasting models like the ones used in this paper.

Moreover, the relationship between public sentiment and cryptocurrency pricing has become

a focal point in research exploring factors that in
uence market behavior. In this study we

use Twitter sentiment and Google search trends as factors to investigate their in
uence on

cryptocurrency price movement. We share the addition of these factors with Suardi et al. (2022),

Aalborg et al. (2019), and S. J. H. Shahzad et al. (2022a). Suardi et al. (2022) investigates the

in
uence of Twitter-based sentiment and attention on Bitcoin market dynamics. The study

covers the period from January 1, 2016, to December 31, 2020, using Bitcoin price data

and about Bitcoin-related tweets. The paper's forecasts using Vector Autoregression (VAR)

and Granger causality tests revealed that Twitter-based sentiment and attention metrics have

a signi�cant impact on Bitcoin's market dynamics. Aalborg et al. (2019) uses google search

trends as a factor in
uencing Bitcoin's price volatility. The study applies the Heterogeneous

Autoregressive model of Realized Volatility (HAR-RV) and �nds that past realized volatility

and trading volume are signi�cant predictors of future volatility. However, Aalborg et al. (2019)
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found that none of the variables they considered, including Google search trends and tweets,

could reliably predict Bitcoin returns. Aalborg et al. (2019) results contradict with our �ndings

on some of the currencies, as re
ected in search engine activity, may serve as a reason behind

price movement. The complex report of �ndings on the connection between market sentiment

and cryptocurrency emphasizes the necessity of having a comprehensive grasp of the causes of

these price movements and their broader implications for the �nancial markets.

In the realm of understanding cryptocurrency price movement and behavior, our study o�ers

a fresh perspective. While prior works primarily aimed at seeking re�ned predictive models

in the dynamic cryptocurrency market, still neither of the work so far uses same predictors to

discover drivers behind price movement, nor compares the performance of same forecasting

models that our paper presents.

Our aim is to ascertain the factors behind the price movement of the cryptocurrency prices

with a focus on the volatile period between 2017 and 2021, and the examination of several

uncharted determinants. Our study contributes to research by introducing a novel dataset on

cryptocurrency tweets sentiment and cryptocurrency Google search trends extracted through an

API, selecting a wider range of cryptocurrencies, and by comparing the forecasting performances

using the machine learning approach LSTM in addition to DMA, VAR, and AR.
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1.3 Dataset

The daily data used in this paper covers the period between January 1, 2017 to December 31,

2021. This time period highlights critical moments in cryptocurrency development. The starting

dates change depending on the availability of data for the individual cryptocurrencies studied,

BTC, ETH, LTC, DOGE, AVAX, SOL, LUNA, ADA, USDT, and DIA. In the inclusion of

inception data in the forecasting models, only in this case we had a di�erent starting date which

was considered as of January 1, 2013 for only three cryptocurrencies, BTC, DOGE, and LTC. The

cryptocurrencies to be considered were chosen based on their popularity and their total market

value. Not many papers seem to use high computational capacity and advanced econometric

methods to collect the data and process it. For this paper the input data of all cryptocurrencies,

Tweets, and Google trends, have been gathered using an Application Programming Interface

(API). See Table 1.1.

Cryptocurrencies used for the investigation in this paper are a combination of cryptocurren-

cies and stablecoins DIA and USDT. These stablecoins are built on tokens that are linked to

another cryptocurrency, to assets like gold and real estate, or to the value of a �at currency. It

is expected that cryptocurrencies and stablecoins would respond di�erently to the predictors,

since they are di�erent in nature. Cryptocurrencies are more in
uenced by speculative trading

and market sentiment, while stablecoins are in
uenced by the stability of their pegs and the

operational mechanics of maintaining that stability. There are also stablecoins that, instead, are

governed by algorithms to keep their prices stable, like the LUNA which crashed in May 2022.

The LUNA crash was possibly due to its linkage to an algorithmic stablecoin UST, this needs

further investigation to ascertain the cause behind the crash. After more than $2 billion worth

of UST was unstaked on May 7, hundreds of millions of dollars were liquidated. This incident

demonstrates that although stablecoins seek to provide price stability, the methods by which

they accomplish this can be intricate and prone to failure. As a result, they are in
uenced by a

distinct set of factors in contrast to conventional cryptocurrencies.

The reason for creating a stablecoin is to protect investors in times of volatility. Tether

(USDT) currently dominates the stablecoin market in terms of trading volume as well as market

capitalization. Thus, stablecoins have many of the advantages of digital currencies but manage
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to have a more stable price.

The set of predictors listed in our investigation are empirically driven and based on existing

literature. Moreover, there is a lot of narrative on the relationship between popularity in the

form of news coverage in particular, conveyed through social media, and Bitcoin trading as

well as pricing (S•ussmuth, 2022). There is a consensus on the literature on the e�ect of news

and especially that of social media. For example, C. Y.-H. Chen et al. (2019) study online and

o�ine traded stocks and their interaction with internet messages and social media attention. The

attention given to social media indicators led us to add Twitter as a predictor. We used tweets

sentiment analysis, where we �ltered negative and positive tweets containing keywords such as

\cryptocurrency" and \Bitcoin". The approach towards the tweets sentiment analysis is listed

in the appendix.

Moreover, internet data can act quite well in the short term as predictors for Bitcoin price

dynamics (S•ussmuth, 2022). Akyildirim et al. (2021) and S•ussmuth (2022) both discussed the

relation between web search and Bitcoin price predictability. We selected Google search trend

as another predictor, as the number of web searches provided. Google search trends have shown

a predictive possibility, as reported by Choi et al. (2012), Bijl et al. (2016), and Enoksen et al.

(2020).

Lastly, we added the predictors, Network Value to Transactions (NVT) ratio, and the Market

Value to Realized Value (MVRV) ratio. These two predictors are widely used in literature

when investigating cryptocurrency price dynamics (Gri�n et al., 2020; De Pace et al., 2023).

The NVT ratio measures the relationship between a cryptocurrency's market capitalization and

its daily on-chain transaction volume. It serves as a valuation metric, indicating whether the

network value is supported by actual transactional activity. The MVRV ratio compares the

current market capitalization of a cryptocurrency to its realized capitalization, which values

each coin based on the last time it moved on-chain.

This research is distributed into two sections. First, we use structural VAR to investigate

potential factors in
uencing price performance in digital markets. Unlike VAR, which provides

reduced-form estimates, SVAR allows for the incorporation of sign restrictions based on eco-

nomic theory. This is particularly useful in cryptocurrency markets, where price movements are
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in
uenced by multiple complex factors, including market sentiment, macroeconomic indicators,

and speculative trading. SVAR models impose structural constraints that help distinguish be-

tween di�erent types of shocks. Given that cryptocurrency markets react di�erently to various

economic signals, SVAR provides a more robust framework to analyze the impact of predictors

on price movements. It enables impulse response analysis with identi�ed shocks, allowing a

clearer interpretation of how cryptocurrencies respond to external factors over time. This is

particularly important in markets driven by rapid and speculative changes. Prior studies sug-

gest that SVAR is a preferred method in �nancial market research when analyzing short-term

responses to economic and policy shocks. For example, studies on traditional stock markets and

monetary policies frequently utilize SVAR to distinguish between endogenous and exogenous

factors a�ecting asset prices (Kilian, 2009). We use the daily price returns of the cryptocurren-

cies data collected from 2017 and continues till the most recent date of this paper 2021. In the

second part, we address the second research question by implementing a forecasting exercise

based on indicators selected in the �rst part. Data has been tested for all currencies between

2017 and 2021 recursive out-of-sample forecasts. However, we extended the investigation and

conducted in-sample forecasts speci�cally for Bitcoin, Dogecoin, and Litecoin, starting from

January 2013. The date of inception was used in forecasting for performance accuracy. The

reason for choosing the mentioned currencies is due to having the most historic dates among the

chosen set of currencies. We use the data in two categories. We use the predictions from the

models to compare and ascertain e�ectiveness of model with highest accuracy. Machine learn-

ing methods adapted from deep learning algorithms have been recently used in �nancial time

series prediction with a number of publications in economics and �nance journals (Koutmos,

2018; Kristoufek, 2018).
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Table 1.1: Dataset Description

Cryptocurrencies Symbol Data Source
Ethereum ETH

CoinMarketCap API address collected through R.

Solana SOL
Cardano ADA
Avalanche AVAX
Dogecoin DOGE
Bitcoin BTC
Litecoin LTC
Dia DIA
Tether USDT
Predictors
Exchange rate of EUR/USD EUSD Bloomberg
Exchange rate of BTC/USD BTCUSD Bloomberg
Interest in cryptocurrencies Google Daily data from Google Trends
Negative tweets on cryptocurrency NTweets Twitter API address collected through R
Positive tweets on cryptocurrency PTweets Twitter API address collected through R
Federal Fund short-term interest rateINT Bloomberg
S&P500 Index SPX Bloomberg
West Texas Intermediate crude oil OIL Bloomberg
Network Value to Transactions ratio NVT Coinmetrics
Market Value to Realized Value MVRV Coinmetrics

1.4 Models

The Augmented Dickey-Fuller (ADF) test was used to test the for a unit root in cryptocurrencies

and their predictors, with the variables expressed as daily logarithmic di�erences. It is observed

that these di�erences do not exhibit any discernible trend and instead 
uctuate closely around

zero (refer to Figures A.2 and A.1 in appendix), including the logarithmic di�erences of variables

calculated from the inception of the dataset in 2013 (see Figure A.3 in appendix).

The outcomes of the ADF tests, as presented in Tables A.2 and A.1 in the appendix, indicate

that the null hypothesis suggesting a unit root can be con�dently rejected at a signi�cance level

of 5% across all variables. This includes variables computed from the inception of the dataset

(BTC, Doge, and LTC), for which the null hypothesis of a unit root in the ADF test can also

be rejected with a signi�cance level of 5%. Consequently, it can be concluded that the series is

stationary at the �rst di�erence when considering daily prices.
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1.4.1 Structural VAR

All series used in our VAR analysis are converted to stationary process by taking the �rst

di�erence of their log level.

To study the e�ect of the predictors on the cryptocurrencies, we applied a Structural vector

autoregression (SVAR) identi�ed using theory based sign restriction. The SVAR is usually

used when testing for macroeconomic e�ects. We employed sign restrictions, which are backed

by economic theory to determine how shocks a�ected Bitcoin prices. The sign restrictions

were chosen based on previous literature that explains the expected direction of a variable's

response to speci�c economic events, rather than being chosen at random. The idea behind sign

restrictions is to impose economically plausible assumptions (based on prior knowledge) on the

responses of variables to structural shocks. Restrictions are imposed on the predictors. Table

1.2 presents the sign restriction imposed on the impact of predictors on cryptocurrencies.

SVARs are estimated using sign restrictions upon the impulse responses to identify the

shocks.

GC= 2 ¸ � 1GC� 1 ¸ � 2GC� 2 ¸ � 3GC� 3 ¸ � 4GC� 4 ¸ nC (1.1)

� 0GC= 1 ¸ � 1GC� 1 ¸ � 2GC� 2 ¸ � 3GC� 3 ¸ � 4GC� 4 ¸ DC (1.2)

DC) # ¹0–� Dº

where in equation (1.1)GCrepresents the vector of variables of interest at time t.2 is a constant

vector (intercept terms).� 1, � 2, � 3 and� 4 are the matrices of coe�cients to be estimated,

which capture the relationship between the current value of the variables and their respective

values at previous time points. AndnCis the vector of reduced form error terms. In equation

(1.2) � 0 is a matrix that transforms the VAR errors into structural shocks.1 is a vector of

constants for the structural equation.� 1, � 2, � 3 and� 4 are the structural matrices of coe�cients

related to the lags of the variables. AndDCare shocks that have zero mean, no serial correlation,

constant variances, and no correlation between the individual shocks.� Drepresents the variance-

covariance matrix of the structural shocksDC. Comparing (1.1) and (1.2) gives� 0nC= DC, i.e., the
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structural shocksDCwe are trying to measure are linear combinations of the VAR errorsnC. For

selecting the optimal lag length, we utilized the Akaike Information Criterion (AIC). The lowest

AIC value suggested a lag length of 4, which we adopted for our model. It is crucial to note that

although AIC is a useful tool for choosing models, it may cause an asymptotic overestimation

of the true lag order. When the VAR model has more variables, in our example, more than �ve

variables, this propensity toward overestimation is generally less of an issue. As a result, the

AIC-based lag order selection is thought to be suitable for the complexity of our model and is

unlikely to signi�cantly alter our �ndings.

The sample size, denoted as) , in the Structural Vector Autoregression (SVAR) model

refers to the total number of daily observations available for estimation. For the primary

analysis,) is determined by the data covering the period from January 1, 2017, to December

31, 2021, capturing signi�cant phases of cryptocurrency market development. This results in

approximately 1,826 observations per series. For extended in-sample forecasting, particularly

for Bitcoin (BTC), Dogecoin (DOGE), and Litecoin (LTC), the dataset begins from January 1,

2013, increasing the sample size to 3,288 observations for these cryptocurrencies. The large

sample size ensures robust estimation and enhances the statistical power of the model.

The total number of estimated parameters in the SVAR depends on the number of endogenous

variables ( ) and the lag length (?), which was determined as four using the Akaike Information

Criterion (AIC). The formula for computing the total estimated parameters is:

¹ 2 � ?º ¸  2

For instance, with = 6 and? = 4, the total number of parameters is calculated as:

¹62 � 4º ¸ 62 = ¹36� 4º ¸ 36 = 180

This estimation count is further re�ned by the sign restriction methodology, which imposes

economically plausible identifying restrictions and reduces the number of free parameters while

preserving theoretical consistency.

To ensure the accuracy and reliability of the SVAR model estimates, several model validation
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and goodness-of-�t assessments are conducted. Model stability is veri�ed through the eigenvalue

stability condition test, con�rming that all characteristic roots lie within the unit circle, ensuring

system stationarity. Residual diagnostics are performed, including the Ljung-Box Q-test for

autocorrelation, the ARCH-LM test for heteroskedasticity, and the Jarque-Bera test for assessing

residual normality. Additionally, impulse response functions (IRFs) are analyzed to validate the

economic interpretability of the model's dynamic responses.

Furthermore, variance decomposition analysis is employed to quantify the proportion of

forecast error variance attributable to each structural shock, providing insights into the relative

importance of the modeled predictors. The model's goodness-of-�t is evaluated using both Root

Mean Square Error (RMSE) and Mean Absolute Forecast Error (MAFE), derived from recursive

out-of-sample forecasts. These metrics assess the model's predictive accuracy across forecast

horizons. While R-squared values are less informative in VAR settings, they are reported where

relevant for comparative purposes. Collectively, these procedures ensure that the SVAR model

is estimated with methodological rigor, providing both structural validity and reliable predictive

accuracy.
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Table 1.2: Sign Restrictions Theory for Cryptocurrency Price Shocks

Scenario/Variable Cryptos Theory

Positive shock on BTCUSD + An increase in Bitcoin value against the dollar signi�es growing con-
�dence in cryptocurrency as an alternative or complementary asset to
traditional �at currencies. Which translates into a positive shock in
the cryptocurrency price. Glaser et al. (2014) suggest that Bitcoin has
certain properties that make it attractive as an alternative to traditional
currencies.

Positive shock on EUSD + An increase in the demand for cryptocurrency is associated with a pos-
itive shock on the euro-dollar exchange rate translates into a positive
shock in the cryptocurrency price. Zitis et al. (2023) found that Euro-
dollar exchange and Bitcoin-dollar reacted in a similar way in time of
crisis.

Positive shock on Google + An increase in the demand for cryptocurrency is associated with a pos-
itive shock on Google trends, Which translates into a positive shock in
the cryptocurrency price. Kristoufek (2013) noted that both interest and
information search played a role in Bitcoin price dynamics.

Positive shock on Tweets + An increase in the demand for cryptocurrency is associated with a pos-
itive shock on Tweets. A surge in tweets about Bitcoin can indicate a
bullish sentiment in the market. Which translates into a positive shock
in the cryptocurrency price.Rouhani et al. (2020) identi�ed a positive
correlation between Twitter mood and crypto prices.

Negative shock on INT + A decrease in interest rates leads to a higher demand for cryptocur-
rencies. Lower interest rates reduce the attractiveness of traditional
investments, prompting investors to seek alternative assets like Bitcoin.
Bitcoin has historically thrived in a low-interest-rate environment, as
evidenced by periods of monetary easing. Asimakopoulos et al. (2023a)
pointed out that shifts in demand for cryptocurrencies, which may be
impacted by variables like interest rates, are the main cause of price
swings.

Negative shock on SPX + A decline in the S&P 500 index corresponds to an increase in cryptocur-
rency demand, aligning with the literature that positions cryptocurren-
cies as alternative investments, hedges, or safe havens during �nancial
market downturns. Corbet, Lucey, et al. (2018) found that Bitcoin often
exhibits a negative correlation with traditional equity markets, reinforc-
ing its role as a diversi�cation tool in times of economic uncertainty.

Positive shock on Oil + A rise in oil prices may lead to increased cryptocurrency demand, as
higher energy costs and in
ationary pressures often drive investors to-
ward alternative assets like Bitcoin. Conversely, when oil prices decline,
economic stability reduces the perceived need for speculative or safe-
haven investments. Yin et al. (2021) noted that adverse oil market shocks
tend to enhance cryptocurrency attractiveness, implying that oil price
increases may contribute to Bitcoin's appeal.

Positive shock on NVT + A high demand and a positive price shock can lead to an increase in
Network Value to Transactions (NVT) ratio (De Pace et al., 2023).

Positive shock on MVRV + A high demand and a positive price shock can lead to an increase the
Market Value to Realized Value (MVRV) ratio (Gri�n et al., 2020).

Positive signs were imposed on seven of the predictors. On BTCUSD, Glaser et al. (2014)

suggest that Bitcoin has certain properties that make it attractive as an alternative to traditional
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currencies. On EUSD Zitis et al. (2023) found that Euro-dollar exchange and Bitcoin-dollar

reacted in a similar way in time of crisis. For Google Kristoufek (2013) noted that both interest

and information search played a role in Bitcoin price dynamics. On tweets Rouhani et al. (2020)

identi�ed a positive correlation between Twitter mood and crypto prices. And Oil prices Yin et

al. (2021) �nds that an adverse oil market shock increases the attractiveness of cryptocurrencies.

Similarly on NVT and MVRV, Gri�n et al. (2020) and De Pace et al. (2023) both emphasized

the relation of high demand on cryptocurrency with an increase in these two ratios. And with

negative signs imposed on the remaining two predictors. On S&P500, Corbet, Lucey, et al.

(2018) mentioned a negative correlation with traditional equity markets, reinforcing its role as

a diversi�cation tool in times of economic uncertainty. And on Interest rate, Koutmos (2019)

highlighted that Bitcoin's behavior can be explained by market risk factors such as interest rates.

Figure 1.1: Positive Shock on the Exchange Rate of BTC/USD (BTCUSD)
Note:The Figure presents the impulse response functions of various cryptocurrencies to a one standard deviation
positive shock in the Bitcoin-dollar exchange rate, interpreted as an increase in the demand for cryptocurrency. Each
graph corresponds to a di�erent cryptocurrency, with the x-axis representing the time period in days post-shock,
and with a 95% posterior credibility set. The response is monitored over a 12-day period, showing the immediate
short-term impact of the shock on the price dynamics of each currency.

A positive shock in the BTCUSD, as seen in Figure 1.1, typically leads to an initial increase

in the returns of almost all the currencies. The crypotcurrencies under investigation all show a

a short-lived response. This could imply that although BTCUSD initially in
uences cryptocur-

rencies, each one has its own market forces that gradually gain power. This early response to

other cryptocurrencies supports the idea that an increase in the value of Bitcoin can be seen as

an indication that the cryptocurrency market as a whole is doing well Glaser et al. (2014). It
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also illustrates that new Bitcoin users view and use Bitcoin more as an investment asset

Figure 1.2: Positive Shock on Google Search Trends
Note:The Figure presents the impulse response functions of various cryptocurrencies to a one standard deviation
positive shock in the Google search trend on "Bitcoin" and "cryptocurrency" words, interpreted as an increase in
the demand for cryptocurrency. Each graph corresponds to a di�erent cryptocurrency, with the x-axis representing
the time period in days post-shock, and with a 95% posterior credibility set. The response is monitored over a
12-day period, showing the immediate short-term impact of the shock on the price dynamics of each currency.

A positive shock on Google search, as seen in Figure 1.2 trends also impact cryptocurrency

prices initially, the response is typically short-lived. All currencies exhibit a strong initial

reaction, especially a more pronounced one in DOGE, suggesting their prices are somewhat

a�ected by their popularity in search trends. DOGE is the most responsive to a one standard

deviation positive shock in Google search trends for "Bitcoin" and "cryptocurrency" due to

several key reasons. DOGE has historically been highly reactive to social media trends and online

hype. Studies have shown that tweets by in
uential �gures, such as Elon Musk, signi�cantly

impact DOGE's price dynamics, underscoring its sensitivity to social media activity(Vasishth

et al., 2023). Unlike Bitcoin, which is often seen as a store of value, DOGE's price movements

are more in
uenced by speculative trading and viral trends. Moreover, DOGE's branding as a

"meme coin" means it is highly responsive to social signals. An increase in search trends for

"Bitcoin" and "cryptocurrency" could lead to heightened interest in DOGE due to its strong

presence in online discussions. Because of these factors, DOGE tends to exhibit a stronger

immediate short-term response to changes in cryptocurrency-related search trends compared to

other cryptocurrencies.

The theory would predict a positive response in the cryptocurrencies price to a positive
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shock in related search trends. The initial positive reaction seen in the IRFs support this theory.

The subsequent reversion to the baseline suggests that the e�ect of increased public interest

is temporary. This could be because of the market's quick acceptance of new competitors or

interest, or it could be because other market factors have a greater long-term impact on the

price. This is consistent with Kristoufek (2013) theory, which examines the connection between

patterns in online searches and Bitcoin prices. It investigates how search phrases on Google

Trends and Wikipedia views relate to changes in the price of Bitcoin. Strong correlations

between Bitcoin prices and internet searches are found in the study, indicating that rising interest

in the cryptocurrency a�ects its price.

Figure 1.3: Positive Shock on Positive Tweets
Note: The Figure presents the impulse response functions of various cryptocurrencies to a one standard deviation
positive shock on positive tweets, interpreted as an increase in the demand for cryptocurrency. Each graph relates
to a di�erent cryptocurrency, with the x-axis representing the time period in days post-shock, and with a 95%
posterior credibility set. The response is monitored over a 12-day period, showing the immediate short-term impact
of the shock on the price dynamics of each currency.

In Figure 1.3 positive sentiment on social media, as measured by positive tweets about

cryptocurrencies, generally leads to a positive reaction in cryptocurrency prices, with the e�ect

varying in duration and magnitude across di�erent cryptocurrencies. AVAX, ADA, DOGE,

and LTC experience a signi�cant initial impact that persists for a short period. The notion

is supported by the initial positive surge. But the subsequent return to the baseline, indicates

that the impact of positive tweets on the price of Bitcoin is not long lasting. This aligns with

the theory of Rouhani et al. (2020) who provide evidence that a surge in positive tweets about

Bitcoin and other cryptocurrencies is indicative of bullish sentiment in the market.



36 1

Figure 1.4: Positive Shock on the Exchange Rate of EUR/USD (EUSD)
Note: The Figure presents the impulse response functions of various cryptocurrencies to a one standard deviation
positive shock in the euro-dollar exchange rate, interpreted as an increase in the demand for cryptocurrency. Each
graph corresponds to a di�erent cryptocurrency, with the x-axis representing the time period in days post-shock,
and with a 95% posterior credibility set. The response is monitored over a 12-day period, showing the immediate
short-term impact of the shock on the price dynamics of each currency.

The EUSD positive shock seen in Figure 1.4 suggests that only ETH, ADA, and LUNA

experienced a very short-lived response. This initial response is somewhat in line with the

theory of Zitis et al. (2023), but the e�ect does not persist, which may suggest that the actual

in
uence of the Euro-dollar rate on Bitcoin's price is more complex.
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Figure 1.5: Negative Shock on Federal Fund Short Term Interest Rate (INT)
Note: The Figure presents the impulse response functions of various cryptocurrencies to a one standard deviation
negative shock on the federal funds short term interest rate variable, interpreted as an increase in the demand for
cryptocurrency. Each graph corresponds to a di�erent cryptocurrency, with the x-axis representing the time period
in days post-shock, and with a 95% posterior credibility set. The response is monitored over a 12-day period,
showing the immediate short-term impact of the shock on the price dynamics of each currency.

A negative shock in interest rate (INT) in Figure 1.5 shows similar responses among cryp-

tocurrencies. The graphs suggest a mild positive response initially, which could be interpreted

as partial con�rmation of the theory, aligning with Asimakopoulos et al. (2023a) that interest

rate in
uences cryptocurrency prices but for the short term. However, the lack of a sustained

positive e�ect indicates that other factors may be at play in in
uencing the cryptocurrencies

price. In this case it is not con�rming the theory.

The heterogeneous responses of cryptocurrencies to a negative shock in the federal funds

short-term interest rate, interpreted as an increase in demand for cryptocurrencies, can be at-

tributed to di�erences in their market structure, investor behavior, and economic roles. Lower

interest rates generally reduce the attractiveness of traditional investments, prompting investors

to seek higher-yielding alternative assets, such as cryptocurrencies. However, not all cryptocur-

rencies respond uniformly to this shift in demand. Store-of-value assets like Bitcoin (BTC) and

Litecoin (LTC) may experience an initial surge as investors view them as hedges against in
ation
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and monetary expansion, leading to increased demand. Similarly, Ethereum (ETH) and Solana

(SOL), which have strong utility in decentralized �nance (DeFi) and smart contract applications,

may attract capital in
ows due to their perceived long-term value.

On the other hand, stablecoins like USDT and DIA, which are pegged to �at currencies,

show minimal reaction as their value is inherently tied to traditional �nancial instruments rather

than speculative trading. More speculative cryptocurrencies, such as Dogecoin (DOGE) and

LUNA, exhibit distinct responses based on market sentiment and speculative activity, often

driven by short-term trading rather than fundamental shifts in interest rate expectations. The

variation in responses is also in
uenced by liquidity conditions and market capitalization, with

highly liquid assets showing more stable reactions, while smaller, more volatile coins display

exaggerated swings. Furthermore, while lower interest rates generally fuel risk appetite, some

cryptocurrencies may decline due to pro�t-taking or shifting capital allocations within the

cryptocurrency ecosystem. These combined factors explain the diverse reactions observed in

the impulse response functions, highlighting that cryptocurrencies do not respond uniformly

to macroeconomic shocks but rather behave according to their unique market dynamics and

investor base (Wu et al., 2024; Bhatnagar et al., 2023; Corbet, Larkin, et al., 2020).

Figure 1.6: Positive Shock on OIL
Note: The Figure presents the impulse response functions of various cryptocurrencies to a positive shock on the
Oil variable represented by the West Texas Intermediate crude oil prices, interpreted as an increase in the demand
for cryptocurrency. Each graph corresponds to a di�erent cryptocurrency, with the x-axis representing the time
period in days post-shock, and with a 95% posterior credibility set. The response is monitored over a 12-day period,
showing the immediate short-term impact of the shock on the price dynamics of each currency.
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A negative shock on OIL typically results in a limited and short-term response from cryp-

tocurrencies as seen in Figure 1.6. Assuming that investors may view cryptocurrencies as a

safe haven or speculative asset, the theory would forecast a positive reaction in prices after a

negative shock to oil prices. In contrast to Yin et al. (2021)'s theory, the real IRF indicates that

cryptocurrency prices do not consistently or signi�cantly respond to shocks to the price of oil

in the way that is predicted. Rejecting the idea that when there are negative events or downturns

in the oil market, investors may �nd cryptocurrencies more appealing.

The wide con�dence intervals observed in the impulse response functions of various cryp-

tocurrencies to a positive shock in oil prices indicate a high degree of uncertainty in the estimated

responses. Little research is done on the links between oil prices and cryptocurrencies. Cryp-

tocurrencies, especially speculative assets such as DOGE and AVAX, tend to experience rapid

price swings driven by market sentiment, while oil prices are in
uenced by geopolitical and

macroeconomic factors, making their interaction highly unpredictable. This is consistent with

�ndings in the literature, where studies have found that the lack of a direct relationship between

oil prices and cryptocurrencies, combined with their inherent volatility, leads to imprecise es-

timations and wide con�dence intervals in impulse response analysis (Troian, 2024). This is

further evidence that crypto currencies are di�erent and cannot be regarded as traditional assets.

Figure 1.7: Negative Shock on S&P500
Note: The Figure presents the impulse response functions of various cryptocurrencies to a negative shock in the
S&P500 index, interpreted as an increase in the demand for cryptocurrency. Each graph corresponds to a di�erent
cryptocurrency, with the x-axis representing the time period in days post-shock, and with a 95% posterior credibility
set. The response is monitored over a 12-day period, showing the immediate short-term impact of the shock on the
price dynamics of each currency.



40 1

After the positive shock on the S&P500, most cryptocurrencies do not show a signi�cant

response to a positive shock except for a mild initial signi�cance in Solana (SOL), see Figure

1.9. The results do not all align with the theory by Bouri et al. (2017), who identi�ed a complex

and conditional link between the US stock market and Bitcoin prices. The lack of a signi�cant

reaction from most cryptocurrencies indicate that, for the time period and market conditions

represented by the data, cryptocurrencies are not acting as speculative assets driven by the same

factors that in
uence traditional equity markets. Instead, they may be in
uenced more by factors

intrinsic to the crypto market or may be seen as independent investments whose movements

are not synchronized with those of the S&P500 index. In this speci�c analysis, economic

optimism re
ected in the S&P500 does not seem as a strong determinant of cryptocurrency price

movement, challenging the notion that a well-performing stock market directly increases the risk

appetite for cryptocurrencies. This might be because of the unique features of cryptocurrency

markets, which are susceptible to a wide range of in
uences such as shifts in regulations, market

sentiment in the cryptocurrency space, technological trends, and other unique occurrences that

are not always associated with the performance of conventional �nancial markets.

Figure 1.8: Positive Shock on NVT
Note: The Figure presents the impulse response functions of various cryptocurrencies to a positive shock in the
NVT ratio, interpreted as an increase in the demand for cryptocurrency. Each graph corresponds to a di�erent
cryptocurrency, with the x-axis representing the time period in days post-shock, and with a 95% posterior credibility
set. The response is monitored over a 12-day period, showing the immediate short-term impact of the shock on the
price dynamics of each currency.

The NVT IRFs reveal that a positive demand shock induces a signi�cant short-term increase

in the NVT ratio for major cryptocurrencies like Bitcoin, Ethereum, and highly speculative assets
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such as SOL, AVAX, and DOGE. This con�rms the theoretical expectation that price-driven

demand surges in
ate market capitalization faster than on-chain transactional activity. However,

the NVT responses are transient, generally correcting within 4 to 6 periods, highlighting the

self-adjusting nature of the market. Stablecoins like USDT exhibit no signi�cant NVT response,

further validating the metric's relevance to speculative assets rather than pegged tokens. NVT

can be considered a useful leading indicator of price movements, especially in speculative

cryptocurrencies. Its predictive power is strongest during positive demand or price shocks

where speculative in
ows dominate. For coins like BTC, ETH, SOL, AVAX, and ADA, high

NVT signals potential price peaks or reversal risks. However, NVT loses predictive value for

stablecoins or low-volatility coins where price is detached from transactional dynamics. The

impulse response analysis suggests that the NVT ratio responds strongly to positive demand

shocks in major and speculative cryptocurrencies, validating its role as a potential predictive

indicator of price dynamics. However, its predictive capacity is asset-speci�c, being more

e�ective in markets characterized by speculative trading patterns.

Figure 1.9: Positive Shock on MVRV
Note: The Figure presents the impulse response functions of various cryptocurrencies to a positive shock in the
MVRV ratio, interpreted as an increase in the demand for cryptocurrency. Each graph corresponds to a di�erent
cryptocurrency, with the x-axis representing the time period in days post-shock, and with a 95% posterior credibility
set. The response is monitored over a 12-day period, showing the immediate short-term impact of the shock on the
price dynamics of each currency.

The impulse response functions for the MVRV ratio across the selected cryptocurrencies

provide insightful evidence on how each asset responds to a positive demand shock, theoreti-

cally associated with increased investor interest and rising prices. In line with the theoretical
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expectation, a positive demand shock should increase the MVRV ratio as the market capitaliza-

tion rises faster than the realized value, re
ecting growing pro�tability for coin holders. For

major cryptocurrencies like BTC and ETH, the IRFs con�rm this behavior. SOL, AVAX, ADA,

and LUNA display similar patterns, characterized by sharp initial increases in MVRV ratios

immediately after the shock. However, the magnitude and persistence of these responses vary.

This suggests that MVRV is particularly sensitive to market conditions in speculative assets,

where price rallies often result in rapid increases in investor pro�tability. Overall, the IRF results

support the theoretical framework that MVRV can serve as a valuable predictor of price dynam-

ics in cryptocurrency markets, particularly for assets with strong speculative demand pro�les.

However, the predictive power of MVRV appears to be asset speci�c, it is most e�ective for

cryptocurrencies such as LUNA and DIA.

Some of the interpretations of these SVAR results align with economic theories, yet some do

not. The results align with Glaser et al. (2014), suggesting Bitcoin's rise positively signals the

entire cryptocurrency market. The response to Google search trends, showing a temporary e�ect,

supports Kristoufek (2013) 's theory on Bitcoin prices and internet searches. Positive social

media sentiment, especially tweets seem to boost cryptocurrency prices con�rming Rouhani et al.

(2020)'s �ndings. However, the in
uence of EUR/USD rates and interest rates on cryptocurrency

prices is more complex and doesn't show sustained e�ects, contradicting Zitis et al. (2023) and

Koutmos (2019)'s theories. Similarly, oil price shocks do not massively impact cryptocurrency

prices as mentioned by Yin et al. (2021). The S&P500's positive shock does not a�ect most

cryptocurrencies, which shows their independence from traditional equity markets, contradicting

with the idea of cryptocurrencies being tied to stock market performance. Similarly the results

of the NVt and the MVRV align withe theories of De Pace et al. (2023) and Gri�n et al. (2020).

In summary, the main observation of all the IRF results is that there appears to be an initial

response of most variables to a shock, but these die out very quickly in most cases. Ultimately,

other cryptocurrencies react to a complex interaction of market sentiment, market leadership,

and wider economic data. On the other hand, stablecoins are invulnerable to di�erent economic

shocks due to their position as a cryptocurrency industry safe haven.
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1.4.2 Forecasting models

To properly communicate our forecasting results, we evaluated AR, VAR, DMA, and LSTM

models' prediction accuracies. Data has been tested for all currencies between January 2017 and

December 2021 using recursive out-of-sample forecasts, where the in-sample period includes

January 2017 to December 2019, and the out of sample is from January 2020 to December

2021. The out-of-sample is important for testing the model's predictive accuracy, as it evaluates

the model's robustness. Recursive forecasting involves updating the dataset with one new

observation at a time and then re-estimating the model before making the next forecast. The

procedure involves forecasting one step ahead, updating the model with the actual new data

point, and then forecasting again.

The decision to use daily forecasts instead of monthly ones is primarily driven by the

highly volatile and rapidly changing nature of cryptocurrency markets. Unlike traditional

stock returns, which often follow more stable trends over monthly periods, cryptocurrency

prices exhibit frequent and unpredictable 
uctuations within short time frames. This makes

daily forecasts more suitable for capturing real-time market dynamics and improving predictive

accuracy. Moreover, the thesis employs forecasting horizons of h=30 and h=60 days, which

aligns with short-term investment strategies commonly used in cryptocurrency trading. Daily

forecasts provide a more granular perspective, allowing the model to adapt to sudden shifts

caused by factors such as market sentiment, regulatory news, and technological developments.

This approach is supported by previous literature, which suggests that short-term forecasting

models, such as VAR and DMA, perform better in highly volatile markets.

Table 1.3: Models Considered in the Forecasting Out-of-sample Exercise

Abbreviation Description
VAR Reduced Vector Autoregressive model
AR Autoregressive model
DMA Dynamic model averaging
LSTM Long short-term memory machine learning model

Backtesting was employed to calculate forecast errors.2 We partitioned the sample, retaining

2Backtesting is used to evaluate the accuracy of a forecasting model by applying it to historical data. It includes
developing the model using a portion of the data, the in-sample period, and then testing its predictions against
another set of data, the out-of-sample period. The di�erence between the model's forecasts and the actual outcomes,
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a portion as a holdout set while estimating the model with the remaining data. Then we

applied the forecast and compared the results with the observed data in the holdout sample.

Additionally, we conducted in-sample forecasts speci�cally for Bitcoin, Dogecoin, and Litecoin,

starting from January 2013. To ensure that the model is not only pro�cient in �tting known data

but also e�ective in predicting future trends. Recursive out-of-sample and in-sample forecasting

techniques are used. The currencies chosen for the in-sample forecasts were selected due to

their more extensive historical data availability within the set of examined currencies.

The results of the forecasting exercise recommend that the machine learning model outper-

formed the other models in forecasting cryptocurrencies.

AR

For a benchmark we used an AR(1) process, which predicts the future value of a series based

solely on its own previously observed values. Table 1.4 shows the forecast performance of the

autoregressive models of the form:

� ln %C= U¸ q� ln %C� 1 ¸ nC (1.3)

Where� ln %Crepresents the �rst di�erence of the natural logarithm of the price at timeC,

capturing the change in log prices over time. The parameterU denotes the constant term, while

q is the autoregressive coe�cient that measures the in
uence of the lagged change in log prices

on the current period. The term� ln %C� 1 refers to the lagged �rst di�erence of the log price,

capturing the previous period's change in log prices. AndnCis the error term.

Table 1.4 shows the results of the metrics of forecast performance. The lowest value of

RMSE and MAFE is obtained for USDT with a forecast horizon of 60 days. Good forecast

results are also obtained with autoregressive models for BTC, ETH and LTC. Similar results are

obtained for the currency BTC from inception. In the case of DOGE, the model shows lower

RMSE and MAFE in horizons of� = 30 days and� = 60 days. However, LTC has higher

RMSE and MAFE in both horizons.

known as forecast errors, are analyzed to assess the model's accuracy. Common metrics for this assessment include
Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE).
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The results indicate, while the AR(1) model shows some predictive capability, particularly

for less volatile cryptocurrencies like USDT, the complex and highly dynamic nature of cryp-

tocurrency markets might require more sophisticated models for accurate forecasting. AR(1)

model provides a baseline for forecasting, its simplicity might be a limitation. Cryptocurrency

markets are in
uenced by a wide range of factors beyond just past prices, including technological

developments, regulatory changes, market sentiment, and macroeconomic factors. The model's

reliance on past prices alone means it might miss rapid shifts in market dynamics or fail to

anticipate events that have not historically been re
ected in price movements. Therefore, the

use of other forecasting models here make a good addition to our purpose of comparing forecast

performances.

Table 1.4: AR Model Performance

Cryptocurrencies AR models

h = 30 h = 60

RMSE MAFE RMSE MAFE

ADA 0.06282 0.03825 0.05387 0.03605
AVAX 0.07689 0.05373 0.07787 0.05428
BTC 0.04143 0.02830 0.04161 0.02846
DIA 0.06810 0.05011 0.06354 0.04681
DOGE 0.08326 0.04527 0.08393 0.04577
ETH 0.04661 0.03095 0.04653 0.03100
LTC 0.04996 0.03254 0.05027 0.03282
LUNA 0.28679 0.13559 0.28465 0.13439
SOL 0.08023 0.05762 0.08122 0.05875
USDT 0.05387 0.03605 0.00567 0.00299
BTC(inception) 0.04223 0.02695 0.04230 0.02697
DOGE(inception) 0.07606 0.04165 0.07416 0.04064
LTC(inception) 0.06303 0.03731 0.06307 0.03728

Note: RMSE is the root mean forecast error and MAFE is the mean absolute forecast error for each forecast horizon.
Calculated as follows:

RMSE=

vt
1
=

=Õ

8=1

¹H8 � Ĥ8º2 MAFE =
1
)

)Õ

C=1¸ �

j� ln HC� � ln ~HCj

Where� ln HCis the observed value of the variable and� ln ~HCis the forecast produced by the model,) is the sample
size of the time series, and� is the forecast horizon.
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VAR

After conducting the structural analysis using the SVAR model with sign restrictions, we turned

our attention to forecasting. For this purpose, we employed the reduced VAR model, given its

e�cacy in generating multi-period ahead forecasts. Using the estimated coe�cients from the

VAR, we forecast the cryptocurrencies for the forecast horizons of� = 30 and� = 60 days.

Because cryptocurrency markets are so dynamic and volatile, it is considered to be reasonable

to forecast values for short time horizons, such 30 or 60 days. In an environment that is

changing quickly, short-term forecasting models are more likely to bene�t of current trends and

market behaviors than models that try to predict longer-term trends. The volatility and swift

changes in trends in the cryptocurrency markets make such short-term forecasting models useful

for capturing what impacts current market dynamics and for making immediate investment

decisions (Derbentsev et al., 2019). This method made it possible to to assess our model's

predictive accuracy in a clear and concise way. The Root Mean Square Error (RMSE) was

then used to assess the forecasting �ndings, o�ering information on the model's out-of-sample

predictive performance. Table 1.5 shows the forecast performance for the forecast horizons of

� = 30 and� = 60 days. The lower values of RMSE and MAFE are obtained for VAR models

with a forecast horizon of 60 days, for the variables DOGE, ETH, LTC, LUNA, and USDT.

The values of the forecast errors obtained with VAR models for DOGE, ETH, LTC, LUNA are

lower compared to the forecast errors obtained with AR models for the same variables. Even

though the SVAR model's structural restrictions provide clear insights into short-term e�ects of

economic shocks, the lack of such constraints in the unrestricted VAR model's allows it to capture

a broader range of information, allowing it to be more e�ective for long-term forecasting. This

explains why the reduced VAR model outperformed in longer forecast horizons. We also see

that the values of RMSE and MAFE in the case of the VAR models calculated with the inception

data are slightly lower for BTC, but the RMSE and MAFE are higher for the forecasts produced

with VAR models estimated with inception data. Results are shown in Table 1.5. While VAR

models seem to perform better for certain cryptocurrencies and longer forecast horizons, they

might not be the best choice for all scenarios or all cryptocurrencies. The �ndings imply that

for cryptocurrencies with more complex or less predictable market behaviors like Bitcoin, more
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sophisticated models or those with di�erent estimation methods might be required for e�ective

forecasting.

Table 1.5: VAR Model Performance

Cryptocurrencies h = 30 h = 60

RMSE MAFE RMSE MAFE

ADA 0.063133 0.043626 0.058379 0.040677
AVAX 0.091128 0.064313 0.091292 0.064420
BTC 0.041227 0.027472 0.039426 0.026235
DIA 0.041374 0.030577 0.041467 0.030665
DOGE 0.040325 0.026191 0.038238 0.025565
ETH 0.040326 0.026176 0.038186 0.025513
LTC 0.040327 0.026201 0.038176 0.025498
LUNA 0.040357 0.026217 0.038188 0.025539
SOL 0.041407 0.030641 0.041544 0.030868
USDT 0.040280 0.026192 0.038266 0.025664
BTC(inception) 0.039108 0.025536 0.039116 0.025555
DOGE(inception) 0.074088 0.039956 0.074072 0.039938
LTC(inception) 0.057292 0.035503 0.057242 0.035489

DMA

Dynamic Model Averaging (DMA) is tailored for situations where there is potential instability

in model parameters and the model's speci�cations over time. The principle of DMA is to let

the model and its parameters change as new data becomes available with time. This method

provides a structure for managing model uncertainty, particularly in settings where structural

breaks or other non-stability may occur. By constantly updating and weighing models based on

their recent predictive performance, DMA enhances the adaptability and robustness of forecasts.

DMA has proven to be the best forecasting performance in macroeconomic applications (see

for example Koop et al. (2011) and Koop et al. (2012)). The only time it has been applied

in the cryptocurrency market was by Catania et al. (2019) where DMA was applied on four

cryptocurrencies only. In this paper DMA was applied for all cryptocurrency variables. The

hyper parameters of the DMA models were calibrated according to Koop et al. (2012). As

reported in Koop et al. (2012), �gures with posterior inclusion probabilities and average number

of predictors are presented for each dependent variable in the report of the results. The forecast

horizons were h= 30 and h=60. In some cases, observations were not enough to estimate the
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quantity of parameters. Since in DMA there is a selection between variables, only the best ones

end up in the model. The DMA Model is represented by the equations below:

H¹Cº = � ¹8º
C ) \ ¹8º

C ¸ � ¹8º
C – � ¹8º

C � # ¹0–+¹8º
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ˆ H¹Cº: Represents the cryptocurrency variable at timeC.

ˆ � C¹8º: Stands for the matrix of predictor variables at timeCfor the8th model.

ˆ ) : A transformation matrix.

ˆ \ C¹8º: Captures the vector of coe�cients associated with the predictor variables for the8th

model at timeC. which is calculated during model �tting.

ˆ � C¹8º: Denotes the error term associated with the8th model at timeC.

ˆ +C¹8º: Represents the variance of the error term at timeCfor the8th model.

ˆ , C¹8º: De�nes the variance-covariance matrix of the coe�cients for the8th model at time

C.

ˆ � C� 1¹8º: Refers to the variance-covariance matrix of the coe�cients for the8th model at

timeC� 1.

ˆ ( C¹8º: Represents the variance measure for the error term of the8th model at timeC.

ˆ ?¹" 8 j X9–� C� 1º: Signi�es the probability of model" 8given the hyper-parameterX9 and

the data up to timeC� 1.
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ˆ U: Known as the forgetting factor, which gives recent observations more weight. set to

0.90.

ˆ VandX: Parameters that control the discount factor of the variance-covariance matrices.

Vset to 0.94 andXset to 0.99. The choice ofXas 0.99 is explained by Koop et al. (2012)

as a benchmark value, also used by Raftery et al. (2010), to control the weights of recent

and historical data.

The forgetting factorUand the parametersVandXthat control the discount factor of the variance-

covariance matrices were calibrated and adapted to the code used by Koop et al. (2012), and

Dangl et al. (2012).� C¹8º, +C¹8º, , C¹8º, � C� 1¹8º, and( C¹8º are all calculated within the DMA

model and change with each iteration.

Table 1.6 presents the RMSE and MAFE for each dependent variable. Given that the

dependent variables are expressed as log di�erences and� ln¹HCº � percent changes, the RMSE

and MAFE values are reported in percentage terms. However, it is important to note that, as

indicated in the table's note, a scaling adjustment was applied to all currencies due to the small

magnitude of their 
uctuations. Speci�cally, the values in the table were divided by 100 to

prevent computational issues, meaning that the original RMSE and MAFE values should be

interpreted accordingly. Additionally, the number of observations (N) varies across dependent

variables.

Table 1.6 indicates that the DMA model achieves the best forecast accuracy for USDT

across both horizons (h=30 and h=60), as re
ected in the lowest RMSE and MAFE values.

BTC also exhibits relatively low RMSE and MAFE values, particularly at h=30, demonstrating

strong predictive performance. The inclusion of data from inception further enhances the DMA

model's e�ectiveness for BTC, DOGE, and LTC, as evidenced by lower RMSE and MAFE

values for these cryptocurrencies, with LTC showing the most notable improvement across both

horizons.

The �ndings suggest that incorporating a longer historical record improves predictive per-

formance, aligning with the model's ability to adjust to evolving market conditions. However,

in comparison to the other models, DMA seems to have the highest RMSE and MAFE for many

of the cryptocurrencies.
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Table 1.6: DMA Models for Di�erent Horizons and Variables

h = 30 h = 60

Dependent RMSE MAFE RMSE MAFE

ADA 0.109690 0.045940 0.091722 0.044000
AVAX 0.087317 0.063120 0.086684 0.062770
BTC 0.057234 0.028230 0.120778 0.030710
DIA 0.078663 0.056150 0.080137 0.056620
DOGE 0.105898 0.042280 0.096286 0.041950
ETH 0.119945 0.039050 0.066935 0.036780
LTC 0.142714 0.042490 0.123905 0.041780
LUNA 0.341529 0.159260 0.392317 0.164610
SOL 0.084403 0.062680 0.086581 0.063550
USDT 0.006075 0.002380 0.004637 0.002340
BTC(inception) 0.041770 0.028020 0.042082 0.181460
DOGE(inception) 0.080587 0.042870 0.081020 0.043230
LTC(inception) 0.060822 0.039650 0.060345 0.039560

Note: In our analysis for the DMA, we applied a scaling adjustment to all currencies due to the small magnitude
of their 
uctuations. Since many of the values were close to zero, squaring them for the calculations could lead
to numerical instability and overly small error measures. To ensure stability and comparability across assets, we
multiplied all values by 100 before running the model. Consequently, to correctly interpret the RMSE and MAFE
results, they were divided by 100 to revert to the original scale. This adjustment preserves accuracy while preventing
computational issues.

The posterior probability of inclusion of predictors for each cryptocurrency and the average

expected number of predictors for each point in time can be seen in Figures 1.10 to 1.16 below.
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Figure 1.10: DMA Results of Horizon = 30 days
Note: The �rst row of graphs show the Dynamic Model Averaging (DMA) results for ADA, AVAX, and BTC
cryptocurrencies over a 30-day horizon. The x-axis shows time in days, while the y-axis shows the normalized
indicator values. Each graph shows how a predictor behaves over time, describing each factor's relative stability
or volatility in light of the 30-day dynamics of the cryptocurrency market. The second row of graphs illustrate the
expected number of predictors used in the Dynamic Model Averaging (DMA) for forecasting ADA, AVAX, and
BTC cryptocurrencies over a 30-day horizon. The line's 
uctuation indicates how the number of predictors that
the DMA �nds signi�cant changes over time, re
ecting shifting market conditions and the model's 
exibility in
choosing relevant variables for precise forecasting.

Figure 1.11: DMA Results of Horizon = 30 days
Note: The �rst row of graphs show the Dynamic Model Averaging (DMA) results for DIA, DOGE, and ETH
cryptocurrencies over a 30-day horizon. The x-axis shows time in days, while the y-axis shows the normalized
indicator values. Each graph shows how a predictor behaves over time, describing each factor's relative stability
or volatility in light of the 30-day dynamics of the cryptocurrency market. The second row of graphs illustrate the
expected number of predictors used in the Dynamic Model Averaging (DMA) for forecasting DIA, DOGE, and
ETH cryptocurrencies over a 30-day horizon. The 
uctuation in the line shows the changing number of predictors
that the DMA considers signi�cant over time, indicating varying market conditions and the adaptability of the
model in selecting relevant variables for accurate forecasting.
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Figure 1.12: DMA Results of Horizon = 30 days
Note: The �rst row of graphs show the Dynamic Model Averaging (DMA) results for LTC, LUNA, SOL and USDT
over a 30-day horizon. The x-axis shows time in days, while the y-axis shows the normalized indicator values.
Each graph shows how a predictor behaves over time, describing each factor's relative stability or volatility in light
of the 30-day dynamics of the cryptocurrency market. The second row of graphs illustrate the expected number
of predictors used in the Dynamic Model Averaging (DMA) for forecasting LTC, LUNA, SOL and USDT over
a 30-day horizon. The line's 
uctuation indicates how the number of predictors that the DMA �nds signi�cant
changes over time, re
ecting shifting market conditions and the model's 
exibility in choosing relevant variables
for precise forecasting.

Figure 1.13: DMA Results of Horizon = 60 days
Note: The �rst row of graphs show the Dynamic Model Averaging (DMA) results for ADA, AVAX, and BTC
over a 60-day horizon. The x-axis shows time in days, while the y-axis shows the normalized indicator values.
Each graph shows how a predictor behaves over time, describing each factor's relative stability or volatility in light
of the 30-day dynamics of the cryptocurrency market. The second row of graphs illustrate the expected number
of predictors used in the Dynamic Model Averaging (DMA) for forecasting LTC, LUNA, SOL and USDT over
a 06-day horizon. The line's 
uctuation indicates how the number of predictors that the DMA �nds signi�cant
changes over time, re
ecting shifting market conditions and the model's 
exibility in choosing relevant variables
for precise forecasting.
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Figure 1.14: DMA Results of Horizon = 60 days
Note: The �rst row of graphs show the Dynamic Model Averaging (DMA) results for DIA, DOGE, and ETH over
a 60-day horizon. The x-axis shows time in days, while the y-axis shows the normalized indicator values. Each
graph shows how a predictor behaves over time, describing each factor's relative stability or volatility in light of
the 30-day dynamics of the cryptocurrency market. The second row of graphs illustrate the expected number of
predictors used in the Dynamic Model Averaging (DMA) for forecasting DIA, DOGE, and ETH over a 06-day
horizon. The line's 
uctuation indicates how the number of predictors that the DMA �nds signi�cant changes
over time, re
ecting shifting market conditions and the model's 
exibility in choosing relevant variables for precise
forecasting.

Figure 1.15: DMA Results of Horizon = 60 days
Note: The �rst row of graphs show the Dynamic Model Averaging (DMA) results for LTC, LUNA, SOL and USDT
over a 60-day horizon. The x-axis shows time in days, while the y-axis shows the normalized indicator values.
Each graph shows how a predictor behaves over time, describing each factor's relative stability or volatility in light
of the 30-day dynamics of the cryptocurrency market. The second row of graphs illustrate the expected number
of predictors used in the Dynamic Model Averaging (DMA) for forecasting LTC, LUNA, SOL and USDT over
a 06-day horizon. The line's 
uctuation indicates how the number of predictors that the DMA �nds signi�cant
changes over time, re
ecting shifting market conditions and the model's 
exibility in choosing relevant variables
for precise forecasting.
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Figure 1.16: DMA Results on Data From Inception Date of Horizons = 30 and 60 days
Note: The �rst row of graphs show the Dynamic Model Averaging (DMA) results for BTC, DOGE, and LTC
from inception date over a 30-day and a 60-day horizon. Each plot represents a predictor's behavior over time,
the x-axis measures time in days, while the y-axis represents the normalized indicator values. Providing insights
into the relative stability or volatility of each factor in relation to the crypto market dynamics over a period of 30
days. The second row of graphs illustrate the expected number of predictors used in the Dynamic Model Averaging
(DMA) for forecasting BTC, DOGE, and LTC from inception date over a 30-day and a 60-day horizon. The line's

uctuation indicates how the number of predictors that the DMA �nds signi�cant changes over time, re
ecting
shifting market conditions and the model's 
exibility in choosing relevant variables for precise forecasting.
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LSTM machine learning

Long Short-Term Memory networks, commonly known as LSTMs, belong to the realm of

Recurrent Neural Network (RNN) architectures and have emerged as an indispensable tool for

sequence-based tasks. According to Hochreiter et al. (1997) LSTMs were introduced to counter

the vanishing and exploding gradient issues found in traditional RNNs, enabling the model to

capture long-term dependencies in sequence data. According to Gers et al. (2000), LSTMs

have speci�c structures called "gates" that help selectively retain or exclude information across

sequences. Time series forecasting is one area where LSTMs are frequently used. LSTMs are

good at modeling the temporal dependencies that are inherent in time series data. Pre-processing

procedures like normalization and transformation to stationarity are frequently crucial for getting

time series data ready for LSTM models (Brownlee, 2017). This facilitates a smooth convergence

during training and increases model correctness. The installation of time series data frequently

follows a standard protocol. Partitioning the data into input-output sequence pairs is the �rst

step, which is also referred to as the "sliding window" approach (Brownlee, 2017). After the

data is ready, the LSTM architecture is established. This includes identifying the number of

layers, hidden units, and other structures that are required, such as regularization dropout layers.

After training, evaluation on hold-out or validation datasets gives insight into the model's ability

for generalization. If the model is satisfactory, it is used in real predicting scenarios. Table 1.7

shows the RMSE, and the MAFE calculated with the forecasts obtained from machine learning

models. Low values of RMSE and MAFE were found in USDT, ETH, and BTC in both horizons.

Looking at the results, we could see that most of the currencies perform better under the ML

model. ADA, AVAX, BTC, ETH, LTC, SOL, and USDT have the lowest values of RMSE and

MAFE.

We observe that the cryptocurrencies ADA, AVAX, BTC, ETH, LTC, SOL, and USDT have

the lowest RMSE and MAFE values.

I experimented with the LSTM method, and performed the RMSE and MAFE for each

currency separately on each of the predictors. In an attempt to see which predictor can actually

lead to the best performance of each currency. The decision to perform the LSTM forecasting

method separately for each cryptocurrency and its set of predictors was driven by the need to
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capture the heterogeneous nature of cryptocurrency price behavior, as evidenced by the VAR

model results. The VAR analysis clearly demonstrated that cryptocurrencies do not respond

uniformly to the same set of predictors, re
ecting di�erences in their market structures, liquidity,

and sensitivity to macroeconomic and market-speci�c factors. This heterogeneity justi�es the

separate evaluation approach, as applying a single predictive model across all assets would

overlook these crucial distinctions. By estimating the LSTM model independently for each

currency, the analysis allows for a more granular assessment of the predictive power of each

variable, avoiding biased results driven by the dominant behavior of certain cryptocurrencies.

Furthermore, the model's forecasting accuracy is evaluated using RMSE and MAFE metrics

for each currency, ensuring that the results re
ect asset speci�c dynamics rather than assuming

homogeneity across the cryptocurrency market.

Table A.3 in Appendix shows the results. We were able to detect the following; Positive

tweets are best predictors for BTC, SOL, LTC, and AVAX. Negative tweets on the other hand

predict DOGE, DIA, AVAX, and LUNA. The exchange rate of the Bitcoin-dollar (BTCUSD),

best measures USDT, and DOGE. Google shows best predictions for DOGE, ADA, SOL, and

LUNA. As for S&P500, it best predicts USDT, ETH, BTC, LTC, and AVAX. The Federal Fund

short-term interest rate shows best results with USDT, ETH, and LUNA. The exchange rate of

the Euro-dollar indicates best performance in BTC, ETH, ADA, DIA, and SOL. Finally, the OIL

predictor shows signi�cance with ADA, DIA, and LTC.

Table 1.7: Machine Learning Model on All Predictors for Di�erent Horizons

h = 30 h = 60

Dependent RMSE MAFE RMSE MAFE

ADA 0.059222 0.047621 0.032485 0.001055
AVAX 0.087170 0.069054 0.049775 0.002478
BTC 0.035211 0.024966 0.076782 0.005896
DIA 0.065397 0.049001 0.060051 0.003606
DOGE 0.045994 0.033830 0.041356 0.00171
ETH 0.036601 0.028844 0.036928 0.001364
LTC 0.047147 0.033888 0.053649 0.002878
LUNA 0.059117 0.041868 0.172805 0.029862
SOL 0.054465 0.041027 0.056102 0.003147
USDT 0.001261 0.001011 0.0004816 0.000002
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1.5 Assessing forecast accuracy

1.5.1 Forecast intervals

Figure A.4 in the appendix, shows the results of forecast intervals for all the dependent variables.

Assuming a Gaussian density, the lower� � � and upper con�dence� � ¸ intervals (CI) will be:

� � ¸ = � lneHC¸ qI 4
� lneHC
C

� � � = � lneHC� qI 4
� lneHC
C

where� lneHC is the forecast produced by the models,4� lneHC
C is the standard error of the

forecasts, andqI is the fractile of a standard normal distribution. For a con�dence interval of

95%, qI = 1•96, which means that 95% of the area under a normal density curve lies within

approximately 1.96 standard deviations of the mean of forecasts.

The null hypothesis states that the model's forecast intervals are well-calibrated, meaning

that the observed failures, the number of times actual values fall outside the con�dence intervals,

should align with the expected proportion of failures?. The binomial statistic Zbin is used to

test this hypothesis. Rejecting the null hypothesis would indicate that the observed failures

deviate signi�cantly from the expected proportion, suggesting that the forecast intervals do not

adequately capture the realized values. The Zbin statistic and p-values test whether the observed

failures signi�cantly deviate from this expected proportion. In the case of a con�dence interval

of 95%, the expected proportion of failures is 5%. Given the observed failures4, the expected

proportion of failures?, and a sample size=, a binomial statisticI bin can be calculated to evaluate

density forecasts:

I bin =
4 � ?=

p
?¹1 � ?º=

� # ¹0–1º
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Table 1.8: Predictive Model Con�dence Interval Assessment

Forecast horizon� = 30
ADA AVAX BTC DIA DOGE ETH LTC LUNA SOL USDT iBTC iDOGE iLTC

Failures 58 20 103 21 77 89 89 66 28 28 180 140 150
= 1520 433 1794 513 1795 1794 1795 1777 598 1490 3108 2877 3108
CI 95% 95% 95% 95% 95% 95% 95% 95% 95% 95% 95% 95% 95%
Zbin -2.12 -0.36 1.44 -0.94 -1.38 -0.08 -0.08 -2.49 -0.36 -5.53 2.02 -0.33 -0.44
?-value 0.0171 0.358 0.9252 0.1731 0.0837 0.4698 0.4676 0.0064 0.3607 0 0.9785 0.3709 0.3284

Forecast horizon� = 60
Failures 52 22 105 18 78 86 88 63 25 0 179 131 149
= 1490 403 1764 483 1765 1764 1765 1747 568 1460 3078 2847 3078
CI 95% 95% 95% 95% 95% 95% 95% 95% 95% 95% 95% 95% 95%
Zbin -2.67 0.42 1.84 -1.28 -1.12 -0.24 -0.03 -2.67 -0.65 -8.77 2.08 -0.98 -0.41
?-value 0.0037 0.6638 0.9668 0.996 0.1315 0.405 0.4891 0.0038 0.2564 0 0.981 0.1645 0.3426
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Table 1.8 e�ectively provides a statistical analysis of the model's predictive performance.

It highlights which cryptocurrencies forecast more accurately and which do not, suggesting

where the model might need re�nement. The 'Zbin' statistics provide evidence of the model's

e�ectiveness, and the p-values o�er a measure of statistical signi�cance for the model's predictive

accuracy. The Failures row indicates how often the actual prices fell outside the 95% con�dence

interval. The fewer the failures, the more reliable the forecast intervals are in capturing the price

movements.

For cryptocurrencies like ADA and LUNA, with low p-values of 0.0171 and 0.0064 respec-

tively (for the 30-day forecast horizon), the results indicate that the model's forecast intervals

are miscalibrated, as the number of failures deviates signi�cantly from what would be expected

under a well-calibrated model. This suggests that the con�dence intervals may be too wide

(underestimating risk) or too narrow (overestimating risk), leading to a rejection of the null

hypothesis. Contrary to the initial interpretation, a low p-value does not indicate that the model

is a good �t, but rather that its forecast intervals require adjustment.

For BTC, with a high p-value of 0.9252, the results suggest that the model's con�dence

intervals are well-calibrated, as the observed failures are close to the expected 5% failure rate.

A high p-value does not imply that the model is no better than random chance; instead, it

indicates that the forecast intervals are correctly capturing the expected proportion of actual

values, making them reliable for BTC.

USDT, with a p-value of 0, exhibits extreme miscalibration. Given that USDT is a stablecoin

designed to maintain a �xed value, the model's failure rate deviates drastically from expectations,

likely because of the lack of meaningful price 
uctuations. In this case, the poor forecast

performance is more re
ective of the nature of USDT rather than an inherent issue with the

model's predictive capability for volatile cryptocurrencies.

For the 60-day forecast horizon, ADA and LUNA again show signi�cant p-values, reinforcing

that the model's forecast intervals for these cryptocurrencies remain miscalibrated over longer

periods. This suggests that adjustments are needed in the con�dence interval construction to

improve accuracy for these assets.

The Zbin statistic provides additional insights into the model's predictive accuracy. Where
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signi�cant, it indicates that the model's predictions are consistently aligning with the actual

movements within the con�dence interval, suggesting a strong relationship between the factors

used for predictions and the actual price movements. It provides evidence on whether the

proportion of failures is signi�cantly di�erent from the expected proportion. Negative Zbin

values for ADA and LUNA, combined with low p-values, suggest that the model is performing

well and that the number of forecast failures is less than expected under the null hypothesis of

the model's accuracy. The variance in the model performance across di�erent cryptocurrencies

indicates that a one-size-�ts-all approach may not be optimal. It suggests that models may need

to be tailored to individual cryptocurrencies, incorporating unique factors or market dynamics

that a�ect each one.

Finally, the forecasts here reveal that while the model has predictive power for some cryp-

tocurrencies, it is less e�ective for others. For some, like ADA and LUNA, the model appears

to have strong predictive power. For others, like Bitcoin, the model's predictions are not as

accurate, which may necessitate model re�nement or the inclusion of additional predictive vari-

ables. The variances in predictive power underscore the heterogeneity of cryptocurrencies and

the need for tailored models that can account for the unique characteristics and market dynamics

of each digital currency.

1.5.2 Diebold-Mariano test of forecast accuracy

The Diebold-Mariano test compares how di�erent are two forecasts obtained from di�erent

models. Formally, let41 be the forecast error obtained with the �rst model and let42 be the

forecast error obtained with the second model. The loss di�erential3Cis obtained with:

3C= 42
1 � 42

2

and the average loss di�erential�3 is equal to

�3 =
1
=

=Õ

C=1

3C
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given=available observations. For forecast horizons� � 1, the Diebold-Mariano (DM) statistic

is equal to:

� " =
�3

var¹ �3º

Where var¹ �3º is the variance of the average loss di�erential�3. Under the null hypothesis of no

di�erence between forecasts, the DM statistic follows a standard normal distribution# ¹0–1º.

Table A.4 in appendix presents the results of the Diebold-Mariano (DM) tests, comparing the

forecast accuracy of various econometric models over di�erent forecast horizons for a selection

of cryptocurrencies. The 'Average Loss Di�erential' values are critical in determining the

direction of forecast accuracy between the models. A positive value indicates that the second

model in the comparison has lower forecast errors and is therefore more accurate than the �rst.

Conversely, a negative value suggests that the �rst model outperforms the second in terms of

predictive accuracy.

The Diebold-Mariano test results for AR vs DMA indicate that AR generally outperforms

DMA across all assets, as re
ected in the consistently positive DM statistics. However, at h = 30

days, while AR produces lower forecast errors than DMA for all cryptocurrencies, none of the

di�erences are statistically signi�cant (all?-values¡ 0•1). This suggests that although AR may

be a better model, its superiority is not con�rmed with strong statistical con�dence in the short

term. In contrast, at h = 60 days, AR continues to outperform DMA, but for AVAX (p = 0.0002)

and SOL (p = 0.0001), the results are statistically signi�cant, con�rming a meaningful predictive

advantage of AR over DMA for these assets at a longer horizon. For other cryptocurrencies, the

di�erences remain statistically insigni�cant, despite AR showing lower forecast errors. These

results suggest that AR is likely more e�ective than DMA, particularly for longer-term forecasts,

but its superiority is only statistically robust for speci�c assets like AVAX and SOL at h = 60

days.

As for VAR versus DMA, indicate that VAR consistently outperforms DMA, as shown by

the positive DM statistics across all assets. However, at h = 30 days, none of the di�erences are

statistically signi�cant, with all p-values exceeding 0.1, suggesting that VAR does not show a

statistically con�rmed advantage over DMA in the short term. At h = 60 days, VAR continues to

produce lower forecast errors than DMA, and for AVAX (p = 0.0005) and SOL (p = 0.0021), the
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improvements are statistically signi�cant, con�rming VAR's superior predictive performance

for these assets at longer horizons. For other cryptocurrencies, while VAR still outperforms

DMA, the lack of statistical signi�cance means that the observed di�erences could be due to

random variation rather than systematic improvement. Overall, the results suggest that VAR has

the potential to be a better forecasting model than DMA, particularly in longer-term predictions,

but its superiority is only statistically robust for select assets like AVAX and SOL at h = 60 days.

In the case of AR versus VAR, the results indicate that VAR outperforms AR for several

assets, particularly BTC, DOGE, SOL, ETH, and LTC. At h = 30 days, the negative DM statistics

for AVAX, ETH, and LTC suggest that AR performs better than VAR for these assets, but these

di�erences are not statistically signi�cant. Meanwhile, BTC (p = 0.0000), DOGE (p = 0.0000),

SOL (p = 0.0155), and USDT (p = 0.0000) show strong statistical signi�cance, con�rming

that VAR signi�cantly outperforms AR for these cryptocurrencies. At h = 60 days, the trend

continues, with BTC, DOGE, and SOL again showing highly signi�cant results (p = 0.0000),

con�rming VAR's superiority over AR for these assets in longer-term forecasts. Additionally,

ETH (p = 0.0184) and LTC (p = 0.0252) also show statistical signi�cance at h = 60, further

supporting VAR's advantage over AR in the long run. Overall, the results suggest that VAR is a

more e�ective forecasting model than AR, particularly for BTC, DOGE, SOL, ETH, and LTC,

with strong statistical evidence supporting its superiority in both short- and long-term horizons.

The results indicate that AR outperforms ML across most assets, as evidenced by the negative

DM statistics. At h = 30 days with statistically signi�cant results for ADA (p = 0.0198), AVAX

(p = 0.0096), and LTC (p = 0.0314), con�rming ML superiority over AR for these assets. At

h = 60 days, the same trend holds, with statistically signi�cant p-values for ADA (p = 0.0159),

AVAX (p = 0.0067), and LTC (p = 0.0201). A similar pattern emerges when comparing VAR

to ML, where the negative DM statistics indicate that VAR outperforms ML for most assets.

At h = 30 days, the p-values for AVAX (p = 0.0237) and USDT (p = 0.0019) con�rm that

VAR is signi�cantly better than VAR for these cryptocurrencies. At h = 60 days, the results

remain consistent, with AVAX (p = 0.0181) and USDT (p = 0.0015) again showing statistically

signi�cant di�erences.

Finally, when comparing ML to DMA, results indicate that ML consistently outperforms
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DMA across all assets, as evidenced by the positive DM statistics. At h = 30 days, ML has

signi�cantly lower forecast errors than DMA, with statistically signi�cant results for all assets

except LU (p = 0.0699). The highly signi�cant p-values (p < 0.01) for AVAX, BTC, DOGE, ETH,

SOL, and USDT con�rm that ML is a superior forecasting model to DMA in the short term.

At h = 60 days, the trend remains the same, with ML continuing to outperform DMA across all

assets. The signi�cance is particularly strong for AVAX (p = 0.0006), BTC (p = 0.0010), DOGE

(p = 0.0006), ETH (p = 0.0002), and SOL (p = 0.0005), highlighting ML's robust superiority

over DMA across di�erent forecast horizons.

In summary, the ML model exhibits superior predictive performance in the context of this

analysis only when compared to DMA, as indicated by its lower forecast errors. However, we

found that the simpler forecasting models such as AR and VAR outperform DMA and ML in

many cases of the cryptocurrencies.

1.6 Conclusion

Fin-tech companies like PayPal and Square now allow purchases with digital currencies, and

companies such as Tesla accept Bitcoin and Dogecoin as payment. This chapter highlights the

signi�cance of cryptocurrencies and how they react to di�erent predictors. As well as comparing

forecasting approaches to determine the best suited one to this market.

Our work adds to existing literature the understanding and prediction of price movement in

digital currencies by expanding the investigation with cryptocurrencies beyond Bitcoin. It dives

into a diverse range of digital currencies and examines a rich tapestry of social, economic, and

�nancial factors to uncover the drivers behind the price movement. The innovative predictors

in this paper, from a unique dataset formulated through sophisticated algorithmic analysis of

social media sentiment and search engine data, improved the accuracy of traditional econometric

forecasting models.

Our methodological contributions are further underscored by the deployment of a set of

forecasting models. We use the Autoregressive model as a foundational benchmark, and the

e�cacy of Vector Autoregression, Dynamic Model Averaging, and advanced machine learning

algorithms, with the latter emerging as a superior tool in most scenarios. We found that machine
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learning techniques often outperform the Dynamic Model Averaging model, in forecasting

accuracy, but AR and VAR outperformed both.

In the �rst research question on the factors leading to price movements in digital currencies,

the �ndings show that the response to the shock on most variables tends to disappear quickly.

Stablecoins generally remain unresponsive to such shocks, recon�rming their status as a refuge

within the cryptocurrency market. In contrast, other cryptocurrencies exhibit a complex response

to a combination of market sentiment, sector leadership, and broader economic indicators. In

particular, the search trends from Google, Tweets sentiments, NVT and MVRV ratios, were

responsive compared to other predictors on most of the cryptocurrencies. It implies that these

social, search-related factors, and on chain transaction activity, are predictors of cryptocurrency

price movement, possibly more so than traditional economic indicators or other commonly used

predictors. This con�rms the concept of cryptocurrencies being more in
uenced by speculative

trading and market sentiment, while stablecoins acting as a cryptocurrency industry safe haven.

More research is required to con�rm that cryptocurrencies are highly sensitive to the collective

mood and behaviors of the general public and market participants active on social media and

internet platforms.

The �ndings from the second research question concerning the predictive power of these

factors, we report a mixed outcome. The forecasting results indicate that the predictors used in

this paper all have a predictive power for forecasting the price movement of digital currencies.

Speci�cally, presenting google trends and twitter as main predictors to explosive behavior in

cryptocurrency markets. However, this predictive power is not evident on all cryptocurrencies.

Finally, the results con�rm that machine learning tools exceeded the predictive power of the

econometric model DMA. However, LSTM did not outperform AR and VAR in predicting the

price movements in the cryptocurrency markets.

For future research, investigating the impact of global �nancial events and crisis on cryp-

tocurrency markets could enhance our understanding of external in
uences.
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Chapter 2

Decentralized Dynamics: Local Versus

Global In
uences on Bitcoin Adoption

2.1 Introduction

The purpose of this study is to illustrate how local economic factors as compared with global

market trends, impact the adoption of Bitcoin in the United States, the United Kingdom, Japan,

Turkey, El Salvador, and Panama. These nations were picked because they o�er a wide range

of Bitcoin adoption scenarios due to their diverse economic environments.1 Bitcoin adoption

varies signi�cantly across countries, in
uenced by regulatory environments, macroeconomic

conditions, and �nancial inclusion. This chapter examines Bitcoin adoption in El Salvador,

Panama, the United States, the United Kingdom, Japan, and Turkey. These countries were

selected to represent a diverse range of economic structures, regulatory policies, and levels of

cryptocurrency integration. El Salvador was included because it became the �rst country in the

world to adopt Bitcoin as legal tender in 2021. This unique case provides an opportunity to

examine Bitcoin's macroeconomic e�ects at a national level. Panama was selected due to its

proposed cryptocurrency regulations aimed at integrating Bitcoin into its �nancial system. The

country has positioned itself as a crypto-friendly jurisdiction, making it an interesting contrast

1According to the Global Cryptocurrency Adoption Indexhttps://www.chainalysis.com ), the United
States, United Kingdom, Japan, and Turkey are ranked among the top 20 countries for Bitcoin adoption, with the
U.S. at 5th, the UK at 17th, Turkey at 12th, and Japan at 13th. Additionally, Chainalysis reports the cryptocurrency
gains for each country as follows: the U.S. at $9.36 billion, the UK at $1.39 billion, Turkey at $0.95 billion, and
Japan at $0.80 billion (https://www.chainalysis.com/blog/cryptocurrency-gains-by-country-2023/).
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to El Salvador. The United States represents the largest global market for Bitcoin trading and

institutional investment, with widespread adoption among both retail and corporate investors.

The United Kingdom was chosen as a leading �nancial hub where Bitcoin is regulated as an

asset, and cryptocurrency adoption has been growing among institutional investors. Japan is one

of the �rst countries to establish a legal framework for cryptocurrency exchanges, making it a key

case for studying Bitcoin's role in a well-regulated environment. Turkey was selected due to its

high Bitcoin adoption rates driven by in
ation and currency devaluation, showcasing Bitcoin's

use as a hedge against macroeconomic instability. By analyzing these six countries, this study

provides a comparative perspective on how local and global economic conditions in
uence

Bitcoin adoption. The selection captures both developed and emerging markets, countries with

proactive regulations, and those facing economic instability, allowing for a nuanced analysis of

Bitcoin's role in di�erent �nancial systems.

Our approach is novel, utilizing a Global Vector Autoregression (GVAR) model, an extension

of the widely used VAR model, to examine adoption drivers across countries (Salisu et al., 2022).

Bitcoin adoption patterns across various jurisdictions remain a captivating subject of inquiry.

external macroeconomic factors have a big impact on cryptocurrency in addition to its inherent

technological bene�ts (Yermack, 2015). Previous research has examined a range of aspects that

in
uence the adoption of Bitcoin, from socio-economic motivators to regulatory considerations

(Polasik et al., 2015). However, there is a research gap concerning the interactions between

local and global macroeconomic elements that in
uence the acceptance of Bitcoin.

In addition to examining the impact of macroeconomic variables on Bitcoin adoption at

a global scale and on an individual country basis, the purpose of this research is to assess

the contrasting outcomes derived from two distinct econometric models, Structural Vector

Autoregression (SVAR) and Global Vector Autoregression (GVAR). The research asks the

following questions: How does the adoption of Bitcoin respond di�erently to local and global

macroeconomic dynamics using SVAR and GVAR models? And the macroeconomic variable

of which country has the greatest impact on Bitcoin adoption?

This paper contributes to research in three folds. Firstly, pioneering the use of GVAR in

examining Bitcoin adoption drivers. Secondly, comparing the performance of GVAR with the
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more speci�c SVAR. Thirdly, introducing a novel dataset based on sentiment analysis of Bitcoin

related tweets per country.

The paper is organized as follows: Section 3 outlines the literature review, Section 4 outlines

the data, Section 5 the methodology, Section 6 presents the �ndings, and Section 7 concludes

the paper.

2.2 Literature

Previous research presented basic insights into aspects impacting Bitcoin adoption. Our research

builds upon these insights and further extends them by using the SVAR and GVAR models, thus

enabling a much needed analysis of the interrelation between local and global dynamics in the

adoption of Bitcoin. Furthermore, the selection of countries in our study is novel, since these

countries have not been discussed at large in the literature with regard to this subject. This

approach �lls a gap in the existing literature but at the same time provides a unique comparative

perspective that is rather crucial for understanding the complex nature of cryptocurrency adoption

within di�erent geopolitical contexts.

2.2.1 Global adoption impact

Global adoption of Bitcoin has consequently attracted diverse academic research into its impact

along various dimensions. This section therefore synthesizes some of the key studies to gain a

full comprehension of its integration into the global �nancial system.

Liu et al. (2024) investigate the interconnectedness between cryptocurrency markets in

emerging economies and developed economies like the US, using Time-Varying Parameter

Vector Autoregression (TVP-VAR), and Dynamic Conditional Correlation Generalized Autore-

gressive Conditional Heteroskedasticity (DCC-GARCH) methods, they �nd signi�cant spillover

e�ects from countries like Russia on US �nancial markets.

Saiedi et al. (2020) provide an insight into socio-economic and institutional factors responsi-

ble for global Bitcoin infrastructure di�usion. Utilizing a global dataset on digital infrastructure

between 2014-2018. Quantitative analysis was performed to investigate socio-economic and
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institutional determinants of Bitcoin infrastructure adoption. The study revealed how distrust

in traditional �nancial systems correlates with higher receptiveness to Bitcoin, especially in

regions where �nancial systems are perceived as inadequate. Similarly, A. Bhimani et al. (2022)

explore the correlation between cryptocurrency adoption and national development across 137

countries employing linear regression models. The �ndings show that higher educational levels

and human development indices correlate positively with cryptocurrency adoption, while higher

corruption indices correlate negatively.

Parino et al. (2018) analyze the socio-economic drivers behind Bitcoin's global adoption,

correlating its popularity with factors such as GDP per capita and internet penetration. They

indicate that the socio-economic welfare is positively related to Bitcoin adoption and, hence,

the countries with better socio-economic status tend more towards Bitcoin. Alzahrani et al.

(2019)present an overview of the factors a�ecting cryptocurrency adoption. Discussing the

interplay of technological, economic, and social elements.

These studies give insights into the global adoption of Bitcoin, elaborating on its impact

across multiple dimensions. Methodologies applied range from quantitative analysis (Saiedi

et al., 2020; A. Bhimani et al., 2022) to systematic literature reviews (Badea et al., 2021).

Our work adds to this strand of literature since we compare the performance of GVAR and

SVAR models in showing global and local determinants of the adoption of Bitcoin.

2.2.2 Country-based adoption impact

Local factors signi�cantly in
uence Bitcoin adoption. This subsection explores research focus-

ing on speci�c countries or regions, speci�cally China, Malaysia, and El Salvador. Previous

research on bitcoin adoption in other countries was rather limited.

F. Shahzad et al. (2018) conducted an empirical investigation on the adoption of cryptocur-

rencies in mainland China. Their approach utilized structural equation modeling (SEM) and a

structured questionnaire distributed to individuals, primarily within the city of Harbin. Their

method provided reasoning behind factors in
uencing the intentions of individuals to use Bit-

coin. F. Shahzad et al. (2018) �ndings highlight the important roles of awareness and trust in

shaping the intent to use Bitcoin. Our study complements this by examining local economic fac-
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tors, in
uencing Bitcoin adoption in countries like the USA, UK, Turkey, Panama, El Salvador,

and Japan using the SVAR model.

Nadeem et al. (2021) research in China investigated Bitcoin adoption factors using the

Technology Acceptance Model (TAM). This study o�ers insights in understanding the speci�c

factors that drive Bitcoin adoption among users engaged in online gaming and digital currency

usage in China. Moreover, Yorulmaz et al. (2022) investigate the impact of adopting Bitcoin

as a legal tender in El Salvador on �nancial development and �nancial inclusion. It assesses

the e�ect this transition had on the economy and how �nancial services are now made more

accessible to the population. The �ndings of the research point towards a rise in the usage of

Bitcoin through the o�cial state mobile application. It also documents increased investments

due to tax advantages relating to Bitcoin, which have immensely helped the economy.

Our research on the local adoption impact of Bitcoin in various countries, including the

USA, UK, Turkey, Panama, El Salvador, and Japan, using a Structural VAR approach, adds a

signi�cant and novel dimension to the existing literature on cryptocurrency adoption. It stands

out with another contribution using a novel approach, geographic breadth, and the incorporation

of social media analysis.

2.3 Data and Methodology

Data collected for this study from Q1 2009 to Q4 2022. It includes global, domestic, and foreign

variables from the USA, UK, Japan, Turkey, El Salvador, and Panama. The reason behind

selecting these countries was to create a diverse basket of economic environments, and since

Bitcoin has made recent headlines regarding adoption in this set of countries. For instance, USA

is considered as a leading nation in Bitcoin adoption. Evident through Bitcoin ownership among

the population and the widespread presence of Bitcoin ATMs.2 In the UK, it was announced

that the global �nancial in
uence and advanced Fin-tech sector indicate a strong potential

for Bitcoin adoption. The approach taken by the country in regulating cryptocurrency and its

e�orts in embracing cryptocurrency with the economy gives useful lessons in the ways developed

2Because of its well-established �nancial system and growing network of Bitcoin-related �rms, the United
States is among the top 5 countries in terms of Bitcoin adoption in 2023, according todevdiscourse.com .
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economies are evolving regarding the usage of Bitcoin. As for Turkey, it was selected due to

its increasing usage of cryptocurrencies, especially during economic instability. Its population

behavior highlights Bitcoin's potential as a �nancial alternative or hedge in unstable economies.

The choice of El Salvador is a must as it is a groundbreaking example of the �rst country to

adopt Bitcoin as a legal tender in 2021 (Bibi, 2023). This decision taken by El Salvador hints the

consequences of adopting Bitcoin on an economy. As for Panama it invests in cryptocurrencies

and blockchain, and is referred to as the �nancial hub of Latin America. Panama's approach

towards cryptocurrency acts as a window into the goals and strategies of the region's economy.

Lastly, Japan is one of the main participants in the global cryptocurrency industry due to its

interest in Bitcoin demonstrated by Nomura's establishment of the Bitcoin Adoption Fund.3

In our study employing both models, SVAR and GVAR, we analyze the dynamics of Bitcoin

adoption across six countries, focusing on four key variables: Unemployment Rate (Unemp),

Consumer Price Index (CPI), GDP per Capita (GDP), and the Number of Positive Tweets (PT)

regarding Bitcoin. As a novel approach in this study, we created our dataset of positive Bitcoin

tweets using R and Twitter API. In June 2023 Twitter policy changed on extracting sentiment

data. Hence, this limited the amount of social media data we could retrieve for Panama and

El Salvador. Taking the missing tweet data into consideration, we changed the distribution of

variables in the GVAR model. The use of the GVAR model provides insights into the global

economic relations. This is achievable through the inclusion of global, domestic, and foreign

speci�c variables. Bitcoin pricing and circulation are the global variables, as a representation

of a universal trend. The CPI, GDP per capita, unemployment rates, and positive tweets are

examples of domestic variables that reveal details on the internal economic circumstances of

any nation. Foreign speci�c variables, constructed as weighted averages of domestic variables

from all countries, re
ect external economic in
uences on each nation.

In this study, Bitcoin adoption is captured through two global variables: (i) the price of

Bitcoin, which re
ects market valuation and investor sentiment, and (ii) the number of Bitcoin

units in circulation, representing overall usage and liquidity in the market. These variables

3Japan's signi�cant involvement in the cryptocurrency space was demonstrated by the launch of a Bitcoin
Adoption Fund targeted at institutional investors by Nomura's digital asset subsidiary, Laser Digital Asset Man-
agement. A signi�cant shift in the nation's cryptocurrency environment is Nomura's entry into Bitcoin investment
options for institutional investors as a �nancial giant.
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provide a global perspective on Bitcoin adoption, allowing us to assess how changes in economic

conditions in
uence its adoption across di�erent economies.

2.3.1 Structural vector autoregression

Table 2.1: Sign Restrictions Theory

Scenario/Variable Bitcoin Theory

Positive shock on Unemployment (Unemp) + An increase in the demand for cryptocurrency
is associated with a positive shock on un-
employment. Asimakopoulos et al. (2023b)
found that when the price of cryptocurrency
rises, it leads to a fall in the relative price
of government currency. Hence we can as-
sume that as unemployment increases peo-
ple will will have a higher demand on non-
governmental currencies.

Negative shock on CPI - A decrease in the demand for Bitcoin is
associated with a negative shock on CPI.
L. A. Smales (2024) found When in
ation de-
creases or is expected to decrease, the demand
for cryptocurrencies as a protective asset may
also decrease

Positive shock on GDP per Capita + An increase in the adoption of cryptocurrency
is associated with a positive shock on GDP per
capita. Alnoor Bhimani et al. (2022) con�rms
that an increase in GDP per capita motivates
savings and investment.

Positive shock on positive tweets (PT) + An increase in the demand for cryptocurrency
is associated with a positive shock on Tweets.
A surge in tweets about Bitcoin can indicate a
bullish sentiment in the market. Which trans-
lates into a positive shock in the cryptocur-
rency price.Rouhani et al. (2020) identi�ed
a positive correlation between Twitter mood
and crypto prices.

Note: Positive tweets were only collected for UK, USA, Japan, and Turkey. Due to the tweets API access limitation
by Twitter on sentiments on June 2023.

The SVAR method was employed to discern the impact of macroeconomic variables on

Bitcoin adoption at a country-speci�c level. To study the e�ect of the predictors on the cryp-

tocurrencies, we applied a Structural vector autoregression (SVAR) identi�ed using theory based

sign restriction. The SVAR is usually used when testing for macroeconomic e�ects. In the struc-

tural vector autoregression (SVAR), the sign restrictions were based on established literature



72 2

that provides a rationale for the expected direction of a variable's response to certain economic

events. SVARs are estimated using sign restrictions upon the impulse responses to identify the

shock.

GC= 2 ¸ � 1GC� 1 ¸ � 2GC� 2 ¸ � 3GC� 3 ¸ � 4GC� 4 ¸ nC (2.1)

� 0GC= 1 ¸ � 1GC� 1 ¸ � 2GC� 2 ¸ � 3GC� 3 ¸ � 4GC� 4 ¸ DC (2.2)

DC) # ¹0–� Dº

where in equation (2.1)GCrepresents the vector of variables of interest at time t.2 is a constant

vector (intercept terms).� 1, � 2, � 3 and� 4 are the matrices of coe�cients to be estimated,

which capture the relationship between the current value of the variables and their respective

values at previous time points. AndnCis the vector of reduced form error terms. In equation

(2.2) � 0 is a matrix that transforms the VAR errors into structural shocks.1 is a vector of

constants for the structural equation.� 1, � 2, � 3 and� 4 are the structural matrices of coe�cients

related to the lags of the variables. AndDCare shocks that have zero mean, no serial correlation,

constant variances, and no correlation between the individual shocks. Comparing (2.1) and

(2.2) gives� 0nC = DC, i.e., the structural shocksDCwe try to measure are linear combinations

of the VAR errorsnC. As for the selection of the optimal lag length, we utilized the Akaike

Information Criterion (AIC). The lowest AIC value suggested a lag length of 4, which we used

in our model. It is crucial to note that AIC is a useful tool for choosing models, but it can

still cause an asymptotic overestimation of the true lag order. When the VAR model has more

variables, in our example, more than �ve variables, this propensity toward overestimation is

generally less of an issue. As a result, the AIC-based lag order selection is thought to be suitable

for the complexity of our model and is unlikely to signi�cantly alter our �ndings. We used sign

restrictions, which uses economic theory to impose restrictions on the signs of the responses

of certain variables to certain shocks, especially in the short run. Restrictions are imposed

on the predictors. Table 2.1 presents the sign restriction imposed on the impact of predictors

on cryptocurrencies. Positive signs were imposed on three of the predictors. Unemployment
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(Unemp), GDP per capita, and Positive tweets (PT). And a negative sign on CPI. In the �gure

2.1 we highlight the responses with impact per country. A common observation is that most

of the signi�cant reactions occur in the initial horizons. As we move farther out, the responses

tend to mellow down.

2.3.2 Global vector autoregression

The GVAR model captures the interaction of domestic, foreign-speci�c, and global variables.

It estimates a Vector Autoregressive (VAR) for each nation and utilizes the derived country-

speci�c models to estimate impulse response functions. Our approach to applying the GVAR

model involves sign restrictions, executed in two main steps.

The GVAR model is employed to analyze the interactions between Bitcoin adoption and

macroeconomic variables at the global and country levels. It includes three types of variables:

(1) Global variables, represented by Bitcoin price and Bitcoin circulation, re
ecting worldwide

adoption trends; (2) Domestic variables, such as GDP per capita, CPI, unemployment rate,

and the number of positive tweets about Bitcoin, which describe country-speci�c economic

conditions; and (3) Foreign-speci�c variables, constructed as weighted averages of domestic

variables from other countries, capturing external economic in
uences on each nation.

By incorporating global Bitcoin variables, the GVAR model allows us to assess how eco-

nomic shocks in one country in
uence Bitcoin adoption both locally and internationally. For

instance, a rise in in
ation (CPI) in a country might lead to higher Bitcoin adoption as a hedge

against currency depreciation, which could then impact global Bitcoin pricing and adoption in

other nations.

In the �rst step, we begin by selecting countries and then identifying the domestic variables

for each country. The domestic block for each country consists of a set of endogenous variables

described by a VAR model. Usually, in a GVAR model each country's model is estimated

separately, employing either Vector Error Correction Models (VECM) or Vector Autoregression

(VAR). VARX models are used when the data are stationary, and VECM models are used when

the data are non-stationary but cointegrated. In our data the model is a VARX model, where

stationarity is con�rmed at �rst di�erence.
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The next phase involves constructing the foreign speci�c variables as weighted averages

of the domestic variables of the other countries, thereby capturing external in
uences. These

averages are based on GDP per capita metrics. The weights are then used to compute the

weighted averages of the foreign variables, to highlight the international economic impact on a

given country. It is common to use trade weights as the usual adopted metric, which focuses on

the trade relationships between countries. To gain a better understanding of Bitcoin adoption,

it is appropriate to use GDP per capita as a weighting factor. This allows the model to take

into account the unique technological and economic backgrounds of various nations. This

method o�ers an alternative viewpoint to the conventional trade-weighted assessments. Unlike

in the standard GVAR model, where these are treated as endogenous, in our VARX model

for each country or region, these foreign speci�c variables are treated as exogenous. Each

country's VARX model is estimated separately, focusing on the relationship between domestic

endogenous variables and their own lags, as well as the lags of the exogenous foreign variables.

Since the foreign speci�c variables are exogenous, they enter the model in a predetermined

manner, allowing their coe�cients to be directly estimated without the need for simultaneous

equation estimation.

In our VARX speci�cation, we treat foreign-speci�c variables as exogenous rather than fully

endogenous, deviating from the standard GVAR approach. This assumption is made for practical

estimation purposes, as each country's VARX model is estimated separately rather than as part

of a simultaneous system. The exogeneity assumption allows us to include foreign in
uences

in a predetermined manner without requiring simultaneous equation estimation. While in

reality, economies are interdependent, the assumption that Panama's GDP is exogenous to

the USA's GDP is reasonable within our framework. The USA, being a dominant economy,

exerts signi�cant in
uence on Panama, but the reverse e�ect is minimal. This approach aligns

with similar GVAR applications that analyze smaller economies' responses to global economic


uctuations without jointly estimating all interdependencies.

Consider a set of countries8= 0–1–2–3–4–5, with country 0 taken as the reference country.
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For each country8, using a VARX� (1,1) structure, the model is:

G8C= � 8G8–C� 1 ¸ � 80G�
8Ç � 81G�

8–C� 1 ¸ � 86C¸ D8C– (2.3)

whereG8Cis a : 8 � 1 vector of domestic variables for country8, andG�
8Cis a : �

8 � 1 vector

of foreign variables.6Crepresents the global variables, Bitcoin prices and Bitcoin circulation.

And � represent the global impact coe�cients. The domestic and foreign variable vectors for

country8are:

G8C=

©
­
­
­
­
­
­
­
­
«

Unemp8C

CPI8C

GDP8C

PT8C
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where

Unemp8C= � ¹Unemployment rate for country8at timeCº–

CPI8C= � ¹Consumer Price Index for country8at timeCº–

GDP8C= � ¹GDP per capita for country8at timeCº–

PT8C= � ¹Number of positive tweets for country8at timeCº–

and the foreign variables, which are the weighted averages of other countries' variables, are

calculated as:

Variable�
8C=

5Õ

9=0– 9<8

F8 9� Variable9C–

whereF8 9are the weights assigned to each country's impact on country8. These weights

are normalized proportions of the GDP per capita of each country, providing a measure of

economic signi�cance. After estimating each country speci�c model, the models are included

into the GVAR framework. Such an approach helps in highlighting the interactions and spillover

e�ects between countries. The GVAR model is solved for the world as a whole, considering all
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variables as endogenous. The country-speci�c VARX� (1,1) models are:

G8C= 080 ¸ 081Ç � 81G8–C� 1 ¸ � 80G�
8Ç � 81G�

8–C� 1 ¸ � 86C¸ D8C– (2.4)

where080 and081 are intercept and trend coe�cients, respectively.� 81, � 80, and� 81 are matrices

of coe�cients for domestic and foreign variables. The global system is formed by stacking these

individual models:

� 0GC= 00 ¸ 01Ç � 1GC� 1 ¸ � 6C¸ DC– (2.5)

where� 0, � 1, 00, 01, andDCare appropriately dimensioned matrices and vectors formed from

the individual country model parameters. The GVAR(1) model is obtained by pre-multiplying

by � � 1
0 :

GC= 10 ¸ 11Ç � 1GC� 1 ¸ nC– (2.6)

where10 = � � 1
0 00, 11 = � � 1

0 01, � 1 = � � 1
0 � 1, andnC= � � 1

0 DC.

The model includes domestic and foreign variables, which makes it possible to analyze the

impact of Bitcoin adoption across countries. Finally, we calculate the impulse response functions

to analyze the e�ects of economic shocks on the variables within the GVAR framework.

2.4 Findings

We continue our research by assessing how local and global macroeconomic factors have

a�ected the adoption of Bitcoin. We seek to demonstrate the distinct impacts of these methods

by contrasting the results of the SVAR and GVAR models.

2.4.1 SVAR analysis

The impulse response functions (IRFs) presented in �gure 2.1 provide empirical evidence on

how Bitcoin prices respond to structural shocks in key macroeconomic variables and senti-

ment indicators across the USA, UK, Turkey, Panama, Japan and El Salvador. Overall, the
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Figure 2.1: IRFs - Impact of Predictors on individual countries
Note: This �gure presents the impulse response functions (IRFs) of the log of Bitcoin price in each country
following a one standard deviation structural shock to each predictor variable | Consumer Price Index (CPI), GDP
per capita, unemployment, and Tweets. Each subplot displays the dynamic response of Bitcoin prices to a shock in
a single predictor variable, with shaded areas representing con�dence intervals. The x-axis shows the time horizon
in days post-shock, while the y-axis presents the change in Bitcoin price in response to the shock. All shocks are
normalized to one standard deviation of the respective predictor variable. Responses are tracked over a 12-day
period.

results align with the theoretical expectations and sign restrictions outlined in 2.1. Consistent

with Asimakopoulos et al. (2023b), a positive shock to unemployment leads to an increase in

Bitcoin prices, re
ecting the notion that rising unemployment drives individuals toward non-

governmental assets like cryptocurrencies as a hedge against weakening economic conditions.

This e�ect is particularly pronounced in the UK, where the IRF shows a strong and persistent

upward response, reinforcing the idea that worsening labor markets increase demand for Bitcoin.

Similarly, negative shocks to the Consumer Price Index (CPI) lead to a decline in Bitcoin

prices across most countries, con�rming the expectation set by Lee A. Smales (2022) that lower

in
ation reduces Bitcoin's attractiveness as a hedge. The response is most pronounced in Turkey,

where Bitcoin prices fall sharply and persistently following a negative CPI shock. This aligns

with the theoretical argument that in economies prone to in
ationary pressures, Bitcoin serves

as a protective asset, and reduced in
ation weakens this role.

Positive shocks to GDP per capita generally produce increases in Bitcoin prices, supporting

A. Bhimani et al. (2022), who argue that higher income levels motivate savings and investment,

including into alternative assets like Bitcoin. This relationship is evident in the USA and El

Salvador, where rising GDP per capita translates into increased Bitcoin demand. However, the

UK displays a weaker and slightly negative response, suggesting that country speci�c factors,



78 2

such as di�ering investment behaviors, �nancial system structure, or regulatory attitudes, may

dampen the positive wealth e�ect on Bitcoin adoption.

The responses to sentiment shocks, represented by positive changes in Bitcoin-related Tweets,

largely con�rm the �ndings of Rouhani et al. (2020) that social media sentiment positively

in
uences cryptocurrency prices. In both the USA and UK, increased positive sentiment

leads to higher Bitcoin prices, re
ecting the role of investor mood and expectations in driving

demand. Notably, Turkey deviates from this expected pattern. Rather than boosting Bitcoin

prices, increased positive Tweet activity triggers a temporary and eventually negative price

response. This divergence may re
ect country speci�c dynamics such as heightened regulatory

scrutiny, reduced public trust in social media narratives, or a less mature cryptocurrency market.

Furthermore, the reliance on Twitter data might inadequately capture sentiment in Turkey, where

alternative social media platforms could play a more signi�cant role in shaping investor behavior.

In contrast to the other countries analyzed, Japan stands out as the only case where the

impulse response functions show no statistically signi�cant reactions of Bitcoin prices to shocks

in macroeconomic variables or sentiment indicators. Japan's traditionally stable macroeconomic

environment, characterized by low in
ation and moderate unemployment, may limit the in
uence

of CPI or labor market 
uctuations on Bitcoin demand. Moreover, cultural factors such as risk

aversion and a strong preference for traditional assets could weaken the transmission of sentiment

shocks into Bitcoin price movements.

These IRFs reveal heterogeneity in Bitcoin's responses to macroeconomic and sentiment

shocks across countries. The function of Bitcoin as a hedge against in
ation or speculative asset

in developed economies depends on a number of factors, including public sentiment. In emerging

economies, Bitcoin may be more consistently related to traditional economic indicators, possibly

due to its role as an alternative to unstable local currencies. The signi�cance of these responses

is mostly present in the short term, with long-term e�ects being less certain. This indicates that

while economic shocks can have an immediate impact on Bitcoin, the lasting e�ects are more

ambiguous and likely in
uenced by a myriad of other factors.



2.4. FINDINGS 79

2.4.2 GVAR analysis

Here we highlight the Impulse Response Functions(IRF) after applying a shock involving all

countries to the same indicator. In assessing the signi�cance of the responses we look for

reactions that are clearly above or below the zero line and are outside of the con�dence bands.

Con�dence bands that do not include the zero line indicate statistically signi�cant responses

at the given horizons. The impacts on GDP per capita and unemployment across the USA,

UK, El Salvador, and Panama are signi�cant and varied. In response to a GDP per capita

shock, noticeable changes were clear in the economic outputs of the USA, UK, and El Salvador.

Moreover, a shock in unemployment levels revealed an important e�ect on the GDP per capita

for the USA, UK, and Panama. Additionally, the unemployment rates in Japan and El Salvador

were signi�cantly a�ected, highlighting the diverse economic reactions to shocks within these

variables across the di�erent countries analyzed.

Figure 2.2: IRF - GDP Per Capita Shocks on Countries
Note: The Figure presents the impulse response functions (IRFs) of macroeconomic indicators to a one standard
deviation positive shock on the combined shock to GDP per capita across all countries considered (USA, Japan,
and the UK) in
uences the Consumer Price Index (CPI), GDP per capita, and unemployment rates in each country
individually. Each graph addresses a di�erent country variable. The x-axis represents the time period in days
post-shock. The y-axis quantifying the response magnitude in terms of price change, and expressed in standard
deviation units. The response is tracked over a 12-day period.

In Figure 2.2 we notice a humble response in UK and USA only after a positive shock on

GDP per capita of all countries. A short-term stimulative e�ect on the economy is seen by the

USA's GDP per capita reaction, which starts o� negatively but soon becomes positive within

the �rst few periods. The fact that the response peaks early and then progressively levels out
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Figure 2.3: IRF - GDP Per Capita Shocks on Countries
Note: The Figure presents the impulse response functions (IRFs) of macroeconomic indicators to a one standard
deviation positive shock on combined shock to GDP per capita across all countries considered (Panama, El Salvador,
and Turkey) in
uences the Consumer Price Index (CPI), GDP per capita, and unemployment rates in each country
individually., with the x-axis representing the time period in days post-shock, and the y-axis quantifying the response
magnitude in terms of price change, expressed in standard deviation units. The response is tracked over a 12-day
period.

indicates that the positive impact is temporary and eventually stabilizes. The response in the UK

is also positive, it diminishes over time but remains above the zero line throughout the observed

periods. The global nature of Bitcoin and the cryptocurrency market means that adoption in one

country could a�ect market stability and investor behavior in others. Here we can infer that the

positive response in USA could have a ripple e�ect on the markets in the UK.
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Figure 2.4: Unemployment Shocks on Countries
Note: The Figure presents the impulse response functions (IRFs) of macroeconomic indicators to a one standard
deviation positive shock on Unemployment in relation to Bitcoin adoption across USA, UK, and Japan. Each graph
corresponds to a di�erent country variable, with the x-axis representing the time period in days post-shock, and
the y-axis quantifying the response magnitude in terms of price change, expressed in standard deviation units. The
response is tracked over a 12-day period.

Figure 2.5: Unemployment Shocks on Countries
Note: The Figure presents the impulse response functions (IRFs) of macroeconomic indicators to a one standard
deviation negative shock on Unemployment in relation to Bitcoin adoption across Panama, El Salvador, and Turkey.
Each graph addresses a di�erent country variable. The x-axis represents the time period in days post-shock. The
y-axis quantifying the response magnitude in terms of price change, and expressed in standard deviation units. The
response is tracked over a 12-day period.

Figures 2.4 and 2.5 show responses on the GDP per capita of USA, UK and Panama. As

well as on unemployment of Japan, and El Salvador. In USA there is a slight negative response

initially, which then becomes slightly positive, indicating a mixed impact on the economy due
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to Bitcoin adoption. In the UK the response is initially negative, but then levels o�, suggesting

a short-term negative impact followed by stabilization. The negative responses of GDP per

capita to unemployment shocks in UK and USA suggest that increased Bitcoin adoption may

not translate to economic growth and may even have dampening e�ects.

In Japan the response is slightly positive indicating a potential increase in unemployment

with Bitcoin adoption. This may indicate that in times of uncertainty and instability, there

is higher demand for Bitcoin possibly acting as a precautionary approach. The response in

Panama's GDP per capita shows a constant and increasing positive trend following the shock

to unemployment. This might re
ect a situation where Bitcoin adoption is fostering new kinds

of economic activities or industries that contribute positively to GDP while not immediately

creating jobs. The unemployment response in El Salvador shows a negative trend following

the shock. The adoption of Bitcoin by El Salvador as a legal tender may be creating jobs or

reducing unemployment over time. A possible regional spillover is evident due to the positive

GDP per capita response in Panama and the negative unemployment response in El Salvador.

For instance, if Bitcoin adoption is seen as contributing to economic growth in Panama, it

could lead to increased regional investment and economic interest. Same as in the decrease

in unemployment in El Salvador, which can be seen as a positive outcome by other countries

considering Bitcoin adoption. This aligns with Gorj�on (2021) who mentions that El Salvador's

action might have an impact on Panama and other countries thinking about taking similar

actions. Countries can bene�t from El Salvador's success using it as a reference, indicating a

possible regional trend towards cryptocurrency (Gorj�on, 2021). The lack of signi�cance in the

other countries also seen in �gures 2.2, 2.3, 2.4, and 2.5 as well as the remaining �gures in

the appendix (B.1, B.2, B.3), is due to several reasons. First, Bitcoin adoption may not have a

global synchronized e�ect, meaning that the rate of adoption in one country may not necessarily

in
uence the rate of adoption in another. Second, as seen in the results of the SVAR, Bitcoin

adoption is in
uenced by local factors, each contributing its own thread to the overall pattern.

Other macro indicators show similar insigni�cant response among countries, �gures can be

found in the Appendix. Bitcoin adoption is in
uenced by the regulatory rules of each country.

Some countries adopted Bitcoin for di�erent transactions, but others have banned its usage.
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Economic conditions play a part in such decisions. Ammous (2018) explained that in countries

where the value of money is unstable, people might turn to Bitcoin as a safer option. Maurer

et al. (2013) highlights that cultural perspectives also play a signi�cant role, directing the extent

of Bitcoin acceptability in line with social norms and attitudes toward new �nancial instruments.

The possibility that Bitcoin will be adopted is associated with the level of public awareness and

comprehension of the cryptocurrency. Further research is needed to con�rm this link. Gir�on

et al. (2022) highlight that �nancial inclusion in areas with a substantial unbanked population is

an incentive for Bitcoin's adoption. B•ohme et al. (2015) also explains that adoption is similarly

in
uenced by the size and liquidity of regional Bitcoin markets.

All of these indicators suggest di�erent results for Bitcoin adoption. It was clear from the

results that national traits dominate international patterns. However, more investigation would

help ascertain the degree and type of these impacts on Bitcoin's global adoption rates.

2.5 Conclusion

We present a new perspective on Bitcoin acceptance by contrasting local and global indicators.

This chapter provides a thorough analysis of the dynamics of Bitcoin adoption, focusing on the

interaction between local and global macroeconomic factors. Our investigation using SVAR and

GVAR models have revealed important patterns in how Bitcoin responds to diverse economic

indicators across di�erent national contexts. This approach enriches the literature, bridging

the gap between identifying global trends and local factors on Bitcoin adoption. In response

to the research questions, �rstly, this paper showcased that the in
uence of macroeconomic

variables on Bitcoin adoption varies across countries and depends on the speci�c indicator of

each country. But, while global trends play a role, country-speci�c factors seem to dominate

Bitcoin adoption patterns. The subtle global interactions revealed by the GVAR model indicate

that Bitcoin adoption isn't as heavily in
uenced by inter-country dynamics as one might assume.

Secondly, it seems there is no individual e�ect from a country on Bitcoin adoption. Our results

show that in order to understand the acceptance of Bitcoin, a micro and macro examination is

required.

The in
uence of macroeconomic indicators on Bitcoin was not the same for all countries,
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as seen in the results of SVAR. The view from social media and the value of Bitcoin share

a positive relationship within the US and UK which indicates how these platforms shape the

direction and activities in the cryptocurrency markets. For the case of developed economies, it

is understood that Bitcoin has a relatively dual role to play in the economy, and that is, as an

investment instrument and a hedge for in
ation, though such emotions are often shaped by other

intricacies. On the other hand, the GVAR results con�rm that Bitcoin adoption is in
uenced by

individual country pro�les and not a homogeneous global pattern. Still, further analysis would

be needed to draw strong conclusions about the causal e�ects of macroeconomic variables on

Bitcoin adoption. One of the novel contributions of this study is the pioneering application of

the GVAR model to analyze the global adoption of Bitcoin. This approach has allowed us to

identify the relationship between local and global factors in
uencing Bitcoin adoption. This

perspective is unexplored in existing literature. Moreover, our comparison of SVAR and GVAR

models provided valuable insights into the intricate nature of Bitcoin's integration into the global

�nancial landscape. Lastly, having a novel data set of tweet sentiment analysis per country. The

�ndings of this paper represent some important insights for policymakers and regulators. The

di�erent responses of Bitcoin to economic indicators across each country calls for a customized

regulatory approach. Future research could focus on overcoming the limitations of current

sentiment analysis methods. And, further exploration of more macroeconomic variables impact

on Bitcoin adoption, while expanding the basket of countries.
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Chapter 3

Are Bitcoin Crashes Predictable?

3.1 Introduction

Predicting a crash in �nancial markets is important since such events can have lasting conse-

quences for investors and the broader economy. Financial crashes often lead to signi�cant losses

in wealth, increased unemployment, economic recessions, and political implications (Reinhart

et al., 2009), as was evident in the 2008 global �nancial crisis. This crash, triggered by the

housing bubble's collapse and the failure of major �nancial institutions, led to trillions of dollars

in lost wealth, widespread job losses, and a severe economic downturn that a�ected economies

worldwide. In cryptocurrency markets, predicting crashes becomes even more critical due to

their highly volatile and speculative nature. Cryptocurrencies operate with few regulatory safe-

guards, which exposes the market to susceptible, unanticipated price 
uctuations, and market

manipulation. For example, the cryptocurrency market crash in early 2018, where Bitcoin

lost nearly 65% of its value within a month, wiped out billions of dollars in investments and

caused widespread panic among investors (Manahov, 2024). Predicting such crashes in the

cryptocurrency market is very important for protecting individual investors from major losses,

and maintaining the stability of the �nancial system as cryptocurrencies become increasingly

integrated into mainstream �nance.

In this paper we plan to forecast future Bitcoin crashes by using diverse indicators including

market sentiment, economic signals, and blockchain activity. This research addresses a core

question: How e�ective are di�erent predictive models in forecasting Bitcoin crashes consider-
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ing various market indicators? The contributions of this study are threefold. First, we provide

a comparative analysis highlighting di�erent crash indicators between traditional �nancial mar-

kets, such as the stock market, and cryptocurrency markets. We use the probit model for the

�rst time in the cryptocurrency market to predict those crashes. The probit methodology was

used in other �elds such as stocks, exchanges, and oil market (Yang et al., 2012; Hausman

et al., 1992; Mikhaylov, 2018). Second, after calculating our own crash dates, we veri�ed them

with real-world crash timelines listed on CoinMarketCap and with methodologies used in prior

studies for de�ning crashes in cryptocurrency markets, which lead to an accurate estimation of

the probit model parameters. Third, our �ndings suggest that the superior performance of the

dynamic probit models enhances the ability to predict a Bitcoin crash. Our �ndings are similar to

Antunes et al. (2018), which discusses evaluating several binary classi�cation models, including

simple probit, dynamic probit, and probit models with exuberance indicators to forecast banking

crises. Similar to our results, the dynamic probit models show improved predictive performance

with a high Reciever Operating Characteristic Curve (ROC) compared to the simple standard

probit models.

The use of the probit model in forecasting Bitcoin crashes is relevant for many reasons, which

are rooted in the statistical properties of the model and the characteristics of the cryptocurrency

market. The probit model is suited for scenarios with binary outcomes, such as predicting

whether a crash will occur. In this context, the binary variableHC indicates a crash (1) or no

crash (0) at timeCmaking the probit model an appropriate choice for estimating the probability

of these binary outcomes based on predictors. The use of the probit model in �nancial markets,

commonly used in forecasting recessions and assessing �nancial risks, is well documented and

validated by multiple studies. The model provides a way to analyze and predict market behavior,

o�ering advantages in terms of interpretability and the incorporation of latent variables, which

are in line with the unpredictable swings in �nancial markets (Chin et al., 2020; Christiansen

et al., 2014). Probit models have been e�ectively used in other �nancial and economic areas to

predict events such as stock market crashes and recessions, as noted by Hausman et al. (1992)

and Yang et al. (2012). The success of this approach provides a methodological precedent for

applying the probit model to the relatively new �eld of cryptocurrency crash prediction. In
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addition, the void in the literature in applying probit in cryptocurrency markets emphasizes

how unique our method is and how it can provide fresh perspectives on market forecasting.

Furthermore, by adding more lagged variables and allowing di�erent market indicators to

interact, the dynamic probit model has outperformed other models in terms of performance.

The probit model is a simpler yet reliable method. When collecting binary outcomes, such as

predicting if a crash will occur, its e�cacy is most apparent. This approach is an appropriate

�t with the speculative and volatile nature of bitcoin markets. The higher the Area Under the

Curve (AUC) the more accurate is the prediction.

In market sentiment analysis, prior research highlighted the impact of sentiment and external

economic impact on cryptocurrency prices. For example, Soloviev et al. (2018) explored the

applicability of complex systems theory to cryptocurrencies, suggesting that market dynamics

can be predicted through advanced theoretical models. In contrast to this, our �ndings indicate

that simpler probit models, without the common factor variables and focusing on sentiment

analysis through Google trends, provide robust predictions as per the in-sample and out-of-

sample results, highlighting the speculative nature of Bitcoin and similar digital assets. Our

work aims to close the gap in literature by providing a thorough analysis of sentiment-driven

market swings, where conventional models might not be able to fully capture all aspects of

bitcoin market behaviors.

In our investigation, we reviewed the literature on stock market crash prediction to evaluate

whether stock market crashes are as predictable as cryptocurrency markets and identify the key

predictors used in each context. We �nd that while stock and cryptocurrency markets exhibit a

degree of crash predictability, the underlying predictors di�er signi�cantly. Stock market crashes

have been predicted using factors such as duration between crashes, trading volume trends,

return skewness, and more recently, investor behavior, captured by search volumes on Google

and social media activity on Twitter (Pyrlik, 2013; J. Chen et al., 2001; Xu et al., 2021; Zhou

et al., 2003). In contrast, cryptocurrency crash predictions leverage a combination of volatility

measures using VIX, cross-market in
uences with S&P500, digital sentiment using Google

search trends, and Bitcoin's price movements. Our contribution is providing a comparative

analysis highlighting the key di�erences in crash predictors between traditional stock markets
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and the cryptocurrency market. Our research demonstrates that while cryptocurrency markets

necessitate a more behavioral and integrated approach, traditional �nancial markets still rely on

internal indicators and past trends.

Our study uses a dataset of daily data from 01-01-2017 to 31-12-2023, including 2556

observations. This period includes signi�cant events in the cryptocurrency market. The choice

of sample period from January 2017 to December 2023 is based on several considerations. This

period covers key events in the cryptocurrency market, including the major crashes in 2017,

2021, and 2022. Previous periods were less representative of large-scale market movements

that characterize modern speculative cryptocurrency markets. Therefore, this study will focus

on recent years during which the market has been highly volatile, with regulatory developments

crucial to the predictive capabilities of the probit model. The sample period selected will,

therefore, be optimal to capture the relevant market dynamics. See table 3.1 for crash date

events. The dataset integrates various predictors, including Google trends data, S&P500 index

(SPX), Volatility Index (VIX), and Bitcoin (BTC) price returns.

The paper aims to enhance the understanding of cryptocurrency market crashes by intro-

ducing a novel methodological approach, developing a unique dataset, and providing robust

empirical evidence. Our �ndings have signi�cant implications for market participants, policy-

makers, and researchers. The paper is structured as follows: Section 3 provides a comprehensive

literature review, highlighting cryptocurrencies and their implications for monetary policy. Sec-

tion 4 explains the identi�cation of the crash variable. Section 5 highlights the methodology

and dataset. Section 6 covers the model evaluation and results, followed by our conclusion in

Section 7.

3.2 Literature

3.2.1 Predicting crashes

Market crashes have a great impact on an economy, especially in volatile sectors as cryptocur-

rencies. It is important to identify these crashes, understand their main cause and forecast their

occurrences. Researchers are investigating crashes in cryptocurrency markets. Our study builds
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on this foundation by using probit models and novel datasets, such as Google trends, to provide

new insights into the predictive role of market sentiment in cryptocurrency crashes.

Caferra et al. (2021) and Moosa (2020) discussed the challenges in applying conventional

economic theories to cryptocurrencies and provided evidence of their speculative nature. Their

�ndings highlight that Bitcoin's value and crash predictability do not strongly correlate with

economic factors, supporting the theory of Bitcoin as a speculative asset with limited intrinsic

value. Since cryptocurrency do not behave like traditional assets in-terms of predictability and

market e�ciency, it is challenging to apply economic theories on cryptocurrencies due to their

nature. If cryptocurrencies have similar predictability behavior as traditional asset classes, this

indicates a level of maturity and comparability in the market.

Moreover, in literature, the standard probit model is mostly used as a benchmark to evaluate

the performance of more complex dynamic probit models, particularly in economic forecasting.

There is an extensive literature on forecasting recessions (Park et al., 2020; Nyberg, 2010), and

banking crises (Antunes et al., 2018) using probit model. The forecasting performance in such

papers is evaluated using the Area Under the Receiver Operating Characteristic Curve. In this

paper, we build upon this approach, applying it to the context of cryptocurrency crashes.

These studies highlight the importance of using the standard probit model as a benchmark to

highlight the advancements made by dynamic probit models. The consistent use of metrics such

as pseudo-R2 and AU-ROC across these studies further supports the e�ectiveness of dynamic

models in improving the accuracy and reliability of economic forecasts. We use a similar

approach by applying the standard probit model as a benchmark and similar assessment tools

to test the performance of dynamic probit models. This is done to support the validity and

robustness of our �ndings.

The prediction of crashes has also been studied in �nancial markets. Pyrlik (2013) analyzed

crash predictions focusing on the timing of crashes by looking at durations between past crashes.

Their results show that stock market crashes have a degree of predictability based on the intervals

between signi�cant downturns, drawing on historical patterns to inform predictions. J. Chen

et al. (2001) provided another insight in crash prediction through the role of trading volume, past

returns, and the skewness of stock returns. Their �ndings indicated that negative skewness in
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stock returns and large deviations in trading volume hints to an increased likelihood of a crash.

Xu et al. (2021) demonstrated that Google search volumes for stock tickers can be used as a

leading indicator of stock price crashes. Similarly, Guan et al. (2022) used social media activity,

speci�cally Twitter posts, to forecast stock market dips during the COVID-19 pandemic. Zhou

et al. (2003)'s study demonstrated that crashes could be forecast based on underlying speculative

dynamics. Our study also con�rms the predictability of crashes but with a di�erent combination

of predictors.

3.2.2 Bitcoin crash dates

A large part of literature focused on identifying speci�c crash dates in cryptocurrency markets,

which is important for testing the impact of various predictive models. Rodr��guez-Caballero

et al. (2022), Shu and Zhu (2020), and Ismail et al. (2020) have all discussed the importance

of accurately selecting these dates using di�erent methodologies. For instance, Rodr��guez-

Caballero et al. (2022) used a combination of log-periodic and GARCH-type models to forecast

the December 2017 Bitcoin crash, while Shu and Zhu (2020) applied the LPPLS model to detect

a series of crash dates throughout 2017 and 2018. Similarly, Ismail et al. (2020) employed

topological data analysis to capture early warning signals preceding major crash events.

For accurate identi�cation of crash dates in this investigation, our study utilized analytical

�ndings from the paper by Rodr��guez-Caballero et al. (2022), who predicted the notable De-

cember 2017 Bitcoin crash merely four days before it peaked. Similarly, the study by Sebasti~ao

et al. (2021) investigated how di�erent machine learning techniques perform in forecasting and

trading within cryptocurrency markets, particularly under volatile conditions using common

dates.

The �ndings in this paper align with previous research by Williamson (2018), Luther (2018),

and Treiblmaier (2021), emphasizing Bitcoin's lack of intrinsic value. Williamson (2018)

suggests that Bitcoin's valuation is largely speculative, in
uenced more by user perception

than traditional economic metrics. This speculative nature somehow weakens the e�ect of

conventional economic indicators in predicting Bitcoin's price movements, which explains why

simpler models based solely on historical data might perform better. Both Luther (2018) and
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Treiblmaier (2021) support this view, pointing out that Bitcoin does not hold intrinsic value in

the traditional sense, which corroborates the �ndings that simpler predictive models are more

e�ective in the volatile and sentiment-driven cryptocurrency markets. Another constraint is the

unpredictable nature of the cryptocurrency market itself, not the model's capability. Therefore

there is a need for investigating how to improve predictive models like the probit model for the

highly speculative and volatile environment of cryptocurrencies.

3.3 Identifying crash variable

Multiple strategies were employed to de�ne the binary crash variable in our study. We explored

two methods; �rst, including the threshold approach of varying percentages and drawdowns, a

technique similar to that used by Tokic et al. (2023) to predict and analyze deep stock market

drawdowns exceeding 20% using a probit model. Second, to create a binary crash variable

(y) that maintained a reasonable number of ones, we established a 10% threshold. If the price

change surpassed this threshold on any given day, we assigned a crash label of 1; otherwise, the

label was set to 0. In this process we calculated the daily returns of Bitcoin closing prices and

applied the thresholds to these returns to detect crashes. However, we observed that these crash

detection techniques, when the occurrences are low, need to provide su�cient data variability for

practical parameter estimation in the model. The inherent di�culties in detecting crashes within

the highly volatile cryptocurrency market, especially with daily data, often arise when the binary

dependent variable 'crash' lacks su�cient variation, leading to an unbalanced distribution of

zeros and ones.

To address these issues and improve the robustness of our model, we adopt a crash identi�-

cation strategy inspired by the threshold-based approach of Andersen et al. (2023), who de�ne

crashes as return realizations falling 3.09 standard deviations below a moving average. While

this method e�ectively captures statistically signi�cant tail-risk events, applying it directly to

the Bitcoin dataset yielded a limited number of one-day crash observations. To address this and

ensure adequate coverage for model estimation, we extended each identi�ed crash to include a

30-day window before and after the event. This approach not only ensures greater temporal vari-

ation in the crash indicator but is also supported by existing literature that uses event windows of
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similar lengths to analyze the lead-up and aftermath of extreme return events (Baur and Dimp
,

2021; Jung et al., 2019). To ensure the accuracy and validity of these identi�ed crash dates, we

cross-reference them with documented events and news reported in the literature. Speci�cally,

we verify that the selected dates align with real market crashes as con�rmed by prior studies

and events, thereby reinforcing the robustness of our crash date identi�cation. From the litera-

ture Sebasti~ao et al. (2021), who apply various machine learning techniques to predict Bitcoin

crashes, and Rodr��guez-Caballero et al. (2022), who utilize a log-periodic AR-CGARCH model

for detecting cryptocurrency bubble bursts, both identi�ed dates of crash periods that match

the crash dates in our investigation. To further ensure the economic and market relevance of

these crash periods, we veri�ed them with real-world crash timelines listed on CoinMarketCap.

1 (See Table 3.1). his approach allows us to encapsulate the critical periods surrounding each

crash, providing a robust basis for our predictive analysis of crash variables in the cryptocurrency

market, (See �gure 3.1).

Table 3.1: Crash Dates

Date Event
17 Dec 2017 This date marked a peak for many cryptocurrencies before a signif-

icant decline.
27 Nov 2018 Bitcoin declined from 6,500 USD to below 3,500 USD.
20 Dec 2020 Major cryptocurrencies prices experienced a sharp decline.
5 July 2021 Bitcoin dropped to 30,000 USD. Contributing factors included

tweets from Elon Musk, concerns over Bitcoin's environmental im-
pact, and China's crackdown on cryptocurrency mining and trading.

23 Jan 2022 After reaching another peak of around 69,000 USD in November
2021, Bitcoin fell to around 35,000 USD by late January.

3 June 2022 Bitcoin's price fell sharply to below 18,000 USD after the collapse
of major crypto entities like Terra (LUNA) and its associated sta-
blecoin UST.2

1 Jan 2023 Early in 2023, cryptocurrencies showed varying degrees of price
changes and market cap adjustments.

1CoinMarketCap is a widely referenced website that provides cryptocurrency market cap rankings, price
information, and trading volumes. It provides a detailed dataset for di�erent cryptocurrencies, alog with price
movements, market capitalization, and trading volumes in di�erent exchanges. CoinMarketCap is an important
resource for investors and researchers analyzing the crypto market's dynamics, https://coinmarketcap.com/

2Lee et al. (2023) discussed the crash of LUNA in their paper. They con�rmed that the Terra-LUNA crash had
a signi�cant impact on the the overall cryptocurrency market.
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Figure 3.1: Bitcoin Prices and Crashes
Note: This �gure plots the time series of BTC against crashes de�ned in grey shading as per the crash dates and 30
day window. The shaded areas correspond to periods where log returns fall below a de�ned threshold, indicating
signi�cant downturns.

3.4 Methodology and dataset

In this section we highlight the data and method used. First, we introduce the probit model,

explaining its structure and its estimation process. Second, we elaborate on using the standard

probit model as a benchmark. Finally, we discuss the performance measures for evaluating the

performance of our dynamic models against the benchmark.

3.4.1 Standard probit model

The probit model is a useful tool for predicting Bitcoin crashes, because of its statistical sta-

bility and compatibility with the distinct characteristics of the cryptocurrency market. Some

of cryptocurrencies distinctive qualities include, extreme volatility, a lack of governmental con-

trol, vulnerability to market manipulation, and quick changes in investor mood. In contrast to

conventional �nancial markets, the price 
uctuations of cryptocurrencies are frequently caused

by speculative activity instead of underlying economic principles. For instance, signi�cant and

sudden price swings can be brought on by news events, social media impact, or regulatory

announcements; these occurrences are less frequent in better controlled markets. Moreover,
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because cryptocurrencies are decentralized and without regulatory protections, they are espe-

cially vulnerable to abrupt market 
uctuations brought on by massive sello�s or the in
uence

of "whale" speculators who own considerable stakes in the commodity. Because binary models

like probit can accurately represent the discrete nature of crash occurrences, they are essential

in this highly unpredictable environment created by market dynamics. The model can directly

assess the probability of a crash since it can handle binary outcomes, such as a crash or no crash.

This is crucial in a market that frequently has abrupt and severe downturns that can happen

nearly at any time. As a result, this model works well for binary outcomes and is suitable for

estimating the probability of market crashes.

Consider the binary variableHC:

HC=

8>>>><

>>>>
:

1– if Bitcoin is in a crash at timeC;

0– if Bitcoin has no crash at timeC
(3.1)

Our aim is to model the conditional probability of a future crash. To do so, we consider a

standard probit model in which the conditional probability for the crash eventf HC= 1gsatis�es:

EC� 1»HC¼= PC� 1»HC= 1¼= ?C= �
�
�)� 0

C� : U¸ I 0
C� : V¸ 50

C� : W
�
– (3.2)

Where� is the standard normal cumulative distribution function, which ensures that the

conditional probability takes values in the unit interval»0–1¼. Here,EC� 1»•¼and%C� 1»•¼denote,

respectively, the conditional expectation and probability. Additionally,�)� C� : represents Bit-

coin price returns,I C� : is a vector containing all other main predictors, and5C� : is a vector of

common factors showcasing information from a large panel of economic variables.

This model includes past information on Bitcoin prices, and economic factors to estimate

the likelihood of a crash at timeC. Each coe�cient changes the impact of these variables on our

crash probability, providing insights into which factors are most predictive of market crashes.

To select the best model, we begin by choosing the one that provides the best in-sample

forecast performance. We evaluate the in-sample results as presented in table 3.2, which

includes probit model results for di�erent combinations of predictors. Next, we will assess
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the out-of-sample performance of the di�erent models. While in-sample performance provides

valuable insights, it is not necessarily the best metric for model selection.

3.4.2 Dataset

Daily data was collected from January 01-2017 till December 31-2023, with 2556 observations

from Bloomberg and the Federal Reserve Economic data. The total sample is divided into an

in-sample period for estimation and an out-of-sample period for testing the model's forecasting

ability. Our in-sample period is between 2017 and 2020, and the out-of-sample period is

from 2021 until 2023. The study tests the following model combinations: Model 1: GOOGLE

predictor only, Model 2: All predictors (SPX GOOGLE VIX), Model 3: BTC and SPX predictors

only, Model 4: All predictors with BTC (SPX GOOGLE VIX BTC), Model 5: Common factors

variables with BTC.

Google trends in Model 1 represents investor sentiment and public interest, which have been

shown to impact cryptocurrency prices signi�cantly (Choi et al., 2012; Enoksen et al., 2020).

The rationale behind using only Google trends in this model is to test the predictive power

of sentiment data alone in forecasting crashes. Model 2 includes the S&P500 (SPX) and the

Volatility Index (VIX) alongside Google trends. The rationale is to capture both broader market

dynamics (SPX) and market volatility (VIX), which are known to in
uence risky assets like

Bitcoin. VIX is often used as a measure of market fear and uncertainty, while SPX provides

insight into overall market trends. Combining these predictors with Google trends aim to

assess how sentiment and traditional market indicators contribute to crash prediction. Model 3

uses Bitcoin price returns (BTC) and SPX. The rationale is to directly analyze the relationship

between Bitcoin's price movements and the general stock market. The stock market might

in
uence Bitcoin's behavior due to broader economic factors, and this model evaluates whether

Bitcoin's price trends in relation to SPX alone are su�cient for forecasting crashes. Model

4 integrates all major predictors (SPX, GOOGLE, VIX, BTC) to provide a comprehensive

view of the factors that could in
uence Bitcoin crashes. Combining sentiment (GOOGLE),

market volatility (VIX), general market trends (SPX), and Bitcoin's price data (BTC), allows

this model to �nd a complete picture of market conditions. The idea is that combining these
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factors can drive Bitcoin crashes, and develop accurate predictions. Finally, Model 5 contains

all the predictors with BTC and the factor models to capture broader economic, �nancial, and

technological trends that could a�ect Bitcoin. These factors are derived from 43 variables

grouped into market volatility, economic uncertainty, stock market indices, and commodity

prices (as explained in the methodology). The model tests the power to predict cryptocurrency

crashes using macroeconomic and �nancial factors.

In our study, we explore di�erent models as potential predictors for cryptocurrency market

crashes, integrating volatility, uncertainty, sentiment variables, and common factors derived from

43 macroeconomic, �nancial, and technological variables. Google search trend has previously

been demonstrated to have predictive potential, as Choi et al. (2012), Bijl et al. (2016), and

Enoksen et al. (2020) have reported. Similarly, Shu, Song, et al. (2021) emphasizes the impact

of market sentiment dynamics and external factors in precipitating market crashes, prompting us

to use Google data as a proxy for market sentiment. Additionally, Fakhfekh et al. (2023) suggest

that the Volatility Index (VIX) and stock market indices are crucial during volatile periods, so

we include the VIX and S&P500 in our dataset. Moreover, Bouri et al. (2017) mentioned a

conditional relationship between Bitcoin and stock market dynamics.

Sebasti~ao et al. (2021) study explores the relationship between the price dynamics of ten

cryptocurrencies and proxies for fear, such as the VIX index, as well as other factors like uncer-

tainty indices and investor sentiment. They found that investor sentiment, including measures

from the VIX, is a signi�cant predictor of cryptocurrency price directions which indicates

periods of market fear and uncertainty, a�ecting the price movements of cryptocurrencies.

Based on the methodology proposed by Bai et al. (2002) for determining the number of

factors in a dataset, we applied their techniques to our dataset comprising 43 variables and

2556 daily observations. Upon application, it resulted in 7 signi�cant factors within our dataset

across the 43 measured variables. Factor 1: Market Volatility Indicators, Factor 2: Economic

Uncertainty Measures, Factor 3: Monetary Policy and Economic Indicators, Factor 4: Stock

Market Indices, Factor 5: Commodity Prices, Factor 6: Exchange rates, Factor 7: Digital

Markets. See Table C.7.
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Table 3.2: Dataset

Variables Main Predictors
Crashes Binary variable indicating whether a crash occurred
BTC Bitcoin returns
GOOGLE Google trends data for search terms "Bitcoin" and "cryp-

tocurrency". Retrieved through API on R.
SPX S&P500 index values
VIX Global Volatility Index

3.4.3 Performance measures

To assess the performance of the models in more than one dimension, and to check the robustness

of the results across di�erent loss speci�cations, we use several forecast evaluation metrics.

The �rst set of metrics is de�ned by the value of the log-likelihood function of the probit

model. In particular, we consider the pseudo-R2, 3 the BIC criterion and the log probability

score (LPS). LPS ranges between 0 and 1, where 0 implies perfect forecast accuracy. These

measures all evaluate the probability forecasts.

In this analysis, we evaluate the performance of the models based on the Area Under the

Curve (AUC) of the Receiver Operating Characteristic (ROC). The AUC-ROC is highlighted

as an essential measure for comparing the overall performance of models used for binary

classi�cation tasks (Pastor et al., 2021; Kauppi et al., 2008; Nyberg, 2010). It plots the True

Positive Rate (TPR) against the False Positive Rate (FPR) at di�erent threshold settings. The

ROC helps to select models based on the balance they provide between sensitivity (capturing

positives) and speci�city (avoiding false alarms), aiming to maximize the area under the curve.

The area under the ROC curve (AUC) measures the model's ability to di�erentiate between the

classes. An AUC of 1 represents a perfect model; an AUC of 0.5 suggests a model with no

discriminative power, equivalent to random guessing.

For prediction accuracy, we use the standard probit model as a benchmark for evaluating the

performance of more complex dynamic probit models.

3The pseudo-R2 in probit models provides a measure of the goodness of �t relative to a model with no
predictors beyond the constant. Unlike the R-squared used in linear regression, pseudo-R2 values do not have a
direct interpretation as a proportion of variance explained. Instead, they compare the likelihood function evaluated
at the parameter estimates to the likelihood of a restricted model with only an intercept. Typically, a higher
pseudo-R2 value indicates a better model �t to the observed data.
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3.5 Model evaluation and results

Table 3.3: Models Combination

Model Predictors
Model 1 GOOGLE
Model 2 SPX GOOGLE VIX
Model 3 BTC SPX
Model 4 SPX GOOGLE VIX BTC
Model 5 Factor variables with all predictors and BTC

The choice of predictors, including Google trends, S&P500 VIX, and Bitcoin prices, is

grounded in prior literature demonstrating their signi�cance in forecasting �nancial crashes

(Choi et al., 2012; Bouri et al., 2017). Google trends is a proxy for investor sentiment, which has

been shown to impact cryptocurrency prices (Enoksen et al., 2020). SPX and VIX are included

as a re
ection of market conditions and volatility. The selection of these variables is empirically

driven, making sure that the model �nds the important drivers of market behavior. This choice

is justi�ed in detail in the methodology section, for better clarity on the selection criteria and

the role of each predictor.

In this study, the probit model's e�ectiveness in predicting Bitcoin crashes was tested under

two scenarios, with and without the inclusion of factor variables. Based on the Area Under the

Receiver Operating Characteristic Curve (AUROC), the model con�gurations excluding factor

variables demonstrated enhanced performance, with Model 4 (incorporating all predictors: SPX,

GOOGLE, VIX, and BTC) consistently outperforming others by achieving the highest AUC of

0.75. This model's moderate predictive power was particularly evident in both in-sample and

out-of-sample tests. The preferred model was selected based on criteria that included a lower

pseudo-' 2 and a higher AUC.

3.5.1 In-sample results

Figure 3.2 represents the in-sample crash probabilities implied by models 1,3 and 4. The �gure

shows high sensitivity of Model 1 with many peaks in crash probabilities, especially during

known volatile periods. This highlights the impact of market sentiment on crash prediction.

Model 3 provides a stable prediction pattern with few high peaks, as a more balanced approach.
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Model 4 incorporates all predictors including Bitcoin, showing an increased frequency and

magnitude of probability spikes.

Figure 3.2: In-sample Model Fit
Note: This �gure plots in-sample crash probabilities implied by selected models. Models 1,3 and 4 are selected
based on the value of AUC and pseudo-R2 C.1 .

Figure 3.4 shows the ROC curves of models 1,3, and 4. The ROC of Model 1 starts below all

of the other ROC models, suggesting initial lower sensitivity and speci�city. However, it kind

of improves and runs closely with Model 3. ROC of Model 3 shows a good balance between

true positives and false positives. Model 4 ROC curve is the highest, especially in the mid-range

thresholds, showing the best result. In conclusion we observed that the ROC analysis highlights

the e�ectiveness of Model 4 from the attempt of excluding factor variables. which integrates a

full spectrum of predictors, providing the most reliable and balanced predictive power among

the models evaluated which achieved a higher AUC of 0.75, achieving the highest predictive

power.

In �gure 3.3 top four models out of the �ve were selected. In all four models we see

reduced peaks with less volatility. We noticed the presence of the highest peaks in the period
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Figure 3.3: In-sample Model Fit
Note: This �gure plots in-sample crash probabilities implied by selected models from Table 2.Models 1, 2, 3 and
4 are selected are selected based on the value of AUC and pseudo-R2 in table C.5

surrounding 2021. It is worth mentioning that the crash identi�ed here in this period contributes

to a tweet by Elon Musk. Researchers con�rmed the signi�cant e�ect of Elon Musk's Twitter

activity on cryptocurrency markets, including the notable increase in Bitcoin prices following

his tweets(Ante, 2023; S. J. H. Shahzad et al., 2022b).

Table C.1 in appendix presents the main results from estimating probit models in-sample

using various predictors at their preferred lag combination without common factor variables.

Table C.5 in Appendix presents the main results from estimating probit models in-sample with

common factor variables.

3.5.2 Out-of-sample results

The in-sample predictability does not necessarily mean out-of-sample predictability (Nyberg,

2010; Christiansen et al., 2014).

We consider forecast horizons of 7 days to 60 days, where for each horizon we report
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Figure 3.4: ROC curves of the standard probit models
Note: This �gure plots in-sample ROC curves for selected models.

the pseudo-R2, LPS, and AUC along with p-values for the null of no classi�cation ability for

each of the models. The predictors of future crashes out-of-sample with pseudo-R2 are very

low throughout all horizons. As a result, it seems that eliminating common factors variables

produces superior out-of-sample predictions. Stronger predictive power is shown by the factor-

free models, particularly Model 4, which keeps comparatively high AUC and lower LPS values.

Model performance is often worsened by the inclusion of common factors variables, as evidenced

by the fall in AUC, particularly in Model 5. In Figure 3.5 Model 1 shows frequent peaks in

crash probabilities. Model 1 relies solely on Google search data, which re
ects public interest or

concern about Bitcoin. The frequent peaks in crash probabilities could indicate that this model

is highly sensitive to changes in public sentiment. Previous studies, such as Preis et al. (2013)

have shown that search engine data can be a powerful predictor of market movements, especially

in markets where sentiment plays a critical role. Model 3 shows moderate peaks during key

periods, which means it captures some critical market movements e�ectively. The inclusion of
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Figure 3.5: Out-of-sample Model Fit
Note: This �gure plots out-of-sample crash probabilities implied by selected models for 30 days forecast horizon.

Bitcoin as a predictor makes this model more directly responsive to Bitcoin's market behavior,

while S&P500 adds a dimension of overall market health. This supports the �ndings of Blau

(2018), who explained that Bitcoin's own volatility and the stock market's performance are major

predictors of its price crashes. Model 4 provides a more obvious prediction with evident peaks

during major market events. It seems this model bene�ts from the combined predictive power of

Google sentiment, market volatility, S&P500, and Bitcoin. Baur, Hong, et al. (2018) supports

the idea that a model with multiple predictors can improve prediction accuracy by capturing

various aspects of market dynamics.

Table C.2 in appendix presents the results from our out-of-sample exercise for the four

models from the in-sample analysis. Table C.3 in appendix presents the main results from

estimating probit models out-of-sample with common factor variables.
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Figure 3.6: ROC curves of the dynamic probit models
Note: This �gure plots in-sample ROC curves for selected dynamic probit models.

3.5.3 Dynamic probit model

The dynamic models selected, Dynamic 3 and Dynamic 4, outperform the standard probit

models in terms of �t (log-L, pseudo-R2), model selection criteria (BIC), predictive accuracy

(LPS), and discrimination ability (AUC). This means that including dynamic components and

additional lagged terms provide a more robust and accurate predictive model for the outcome

being studied. The dynamic models are therefore preferable for forecasting or classi�cation tasks

in this context. This suggests that considering more complex relationships and incorporating

additional lagged terms captures the dynamics of Bitcoin crashes more e�ectively. The dynamic

models exhibit very high AUC values. Model 3 with an AUC of 0.90 and Model 4 with an AUC

of 0.95, indicating excellent ability to discriminate between crash and non-crash periods.

For the lagged binary crash indicatorsHC� 1, it had coe�cients of zero. Indicating that

previous crashes do not strongly predict subsequent crashes. This �nding implies that Bitcoin
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crashes don't have the same enduring power as those in conventional �nancial markets, where

previous occurrences frequently in
uence volatility in the future. This indicates that crash causes

in the highly speculative and volatile Bitcoin market appear to be more often caused by recent

news or regulatory announcements than by the aftere�ects of previous crashes. Therefore, the

�ndings show that Bitcoin crashes are predictable based on the combination of the predictors

and not just on historical crash occurrences like in the stock market.

The analysis presented in this paper highlights a signi�cant observation about Bitcoin's value

and its prediction through economic models. After the integration of various predictors in the

standard and dynamic probit models, the dynamic probit model have demonstrated superior

performance as per the values of the AUC (Nyberg, 2010; Kauppi et al., 2008; Antunes et al.,

2018; Park et al., 2020).

Table C.4 in appendix re
ects the �ndings of the best performing probit models as per the

results mentioned earlier in table C.1.

3.6 Conclusion

This study aimed to investigate the following important question: How e�ective are di�erent

predictive models in forecasting Bitcoin crashes, considering di�erent market indicators? This

subject is essential because cryptocurrency markets are speculative and unpredictable, with

quick price swings and few regulatory protections. Accurate crash prediction is crucial for

investors, regulators, and the stability of the more extensive �nancial system.

This paper makes several signi�cant contributions. First, providing a comparative analysis

that highlights the key di�erences in crash predictors between traditional stock markets and

the cryptocurrency market using the probit model for the �rst time to predict those crashes

in the cryptocurrency market. Our results con�rm that traditional �nancial markets depend

on internal aspects and historical patterns, whereas cryptocurrency markets need a behavioral

approach. Second, after calculating the crash dates we veri�ed them with real-world crash

timelines listed on CoinMarketCap and with methodologies used in prior studies for de�ning

crashes in cryptocurrency markets, which lead to an accurate estimation of the probit model

parameters. Third, the paper contributes methodologically by re
ecting the best performing
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model, in this case the performance of dynamic probit models over standard probit models. This

shows the importance of considering di�erent market drivers when predicting crashes in volatile

markets.

Methodologically, we found that the dynamic probit model consistently outperformed the

standard probit model, both in in-sample and out-of-sample evaluations. It achieved the highest

AUC score, indicating its robust ability to discriminate between crash and non-crash periods.

Such results con�rm that dynamic probit models can act as a helpful tool for investors and

policymakers to avoid the challenges and risks associated with the volatility of the cryptocurrency

market. More research is recommended to explore adding more drivers to strengthen the model's

predictive power.

While this study primarily focuses on Bitcoin, its �ndings suggest that Bitcoin's price

movements play a crucial role in shaping broader cryptocurrency market dynamics. Given

Bitcoin's dominance in market capitalization and liquidity, its 
uctuations often have spillover

e�ects on other digital assets, particularly during periods of market distress. Prior research

highlights the interconnected nature of cryptocurrency markets, where sharp declines in Bitcoin

prices tend to coincide with increased volatility and correlated downturns in altcoins. This raises

the possibility that Bitcoin's movements could serve as an early warning signal for broader market

crises. Additionally, an important extension of this work would involve examining the inter-

dependencies among major cryptocurrencies. Given Bitcoin's dominant market capitalization

and role as a bellwether asset, it is plausible that its movements, particularly during crises,

may have predictive value for the broader cryptocurrency market. Prior research has indicated

contagion e�ects and volatility spillovers between Bitcoin and other digital assets, suggesting

that modeling such interrelationships could enhance forecasting accuracy. Future work should

investigate whether crashes or signi�cant 
uctuations in Bitcoin serve as early warning signals for

similar events in alternative cryptocurrencies like Ethereum or Litecoin. Exploring such cross-

asset predictive dynamics, both during crises and in routine market forecasting, would o�er a

more comprehensive understanding of systemic risk within the cryptocurrency ecosystem and

potentially strengthen the utility of probit based crash prediction models.

In conclusion, stock and cryptocurrency markets re
ect a degree of crash predictability, but



106 3

the predictors di�er signi�cantly. Stock market crashes have been predicted using factors such

as duration between crashes, trading volume trends, return skewness, and investor behavior. Our

�ndings show that Bitcoin crashes are predictable when leveraging a combination of volatility

measures using VIX, cross-market in
uences with S&P500, digital sentiment using Google

search trends, and Bitcoin's price movement. Therefore, traditional �nancial markets depend

on internal aspects and historical patterns, whereas cryptocurrency markets require a behavioral

approach.
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Conclusion

This thesis has provided a comprehensive analysis of cryptocurrency market dynamics, focus-

ing on price movements, adoption, and crash predictability. The research has shown several

important discoveries during the course of the three chapters. As shown in Chapter 1, social

media indicators, search trends, and economic indicators like volatility and exchange rates all

have a signi�cant impact on price 
uctuations in cryptocurrencies and stablecoins. In pre-

dicting these changes, machine learning models, in particular the Long Short-Term Memory

(LSTM) models, performed better than conventional econometric models. Chapter 2 states that

domestic economic conditions have a major impact on the acceptance of Bitcoin unlike global

conditions. Chapter 3 demonstrated that Bitcoin crashes can be predicted using dynamic probit

models, with market sentiment (Google trends), volatility indices (VIX), and economic signals

(S&P500) serving as strong indicators. Dynamic models showed a clear advantage over standard

probit models, providing a more accurate forecast of crash events.

This thesis contributes to the growing body of literature on cryptocurrency markets by intro-

ducing novel predictors and applying advanced econometric and machine learning models. It

was evident almost in all our �ndings the impact of social media sentiments and search trends as

drivers in cryptocurrency markets. The �ndings of this thesis o�er valuable insights to investors,

regulators, and policymakers. The ability to predict price movements and crashes, and under-

standing Bitcoin adoption across di�erent countries can help in risk management and informed

decision making. The �ndings can serve as insights to help investors develop portfolios, and

policymakers can design e�ective regulatory frameworks to stabilize cryptocurrency markets.

This research had its limitations. The analysis was limited by the availability of data for

certain stablecoins, as well as the block on Twitter in extracting information through API as of



108 3

June 2023. Future research could expand on this work by incorporating more cryptocurrencies

and stablecoins, as well as extending the analysis to a larger set of countries. Additionally,

integrating blockchain-speci�c data, such as transaction volumes and hash rates, could provide

further insights into market behavior. Research on hybrid models that combine the strengths

of both econometric and machine learning approaches would also be valuable in improving

predictive accuracy. Lastly, future studies could explore the long-term implications of regulatory

changes on cryptocurrency adoption and price stability.

In conclusion, this thesis underscores the complexity of cryptocurrency markets and the

importance of developing sophisticated tools to understand and predict their behavior. As

cryptocurrencies become increasingly integrated into the global �nancial system, the ability

to forecast price movements, adoption trends, and crashes will be crucial for both academic

research and practical decision-making. Through this extensive work, we o�er a foundation for

future research and provide valuable insights for managing the risks and opportunities associated

with the rapidly evolving world of digital currencies.
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Appendix A

Appendix

Table A.1: Augmented Dicky Fuller Unit Root Tests on Predictors

Predictor ADF statistic p-value
BTCUSD -43.30096 0.0001
EUSD -43.07162 0.0001
GOOGLE -27.14044 0.0000
INT -43.65035 0.0001
NTWEETS -14.16235 0.0000
OIL -32.92782 0.0000
PTWEETS -12.73017 0.0000
SPX -15.9553 0.0000

The table presents the results of the Augmented Dickey-Fuller (ADF) unit root tests applied to the predictors used
in the study. The ADF test examines whether each time series is stationary, with the null hypothesis being that the
series contains a unit root (non-stationary). A rejection of the null hypothesis, indicated by a su�ciently negative
ADF statistic and a p-value below the chosen signi�cance level (e.g., 0.05), implies stationarity. For all predictors,
the ADF statistics are highly negative, and the corresponding p-values are below 0.01, providing strong evidence
against the null hypothesis.
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Table A.2: Augmented Dicky Fuller Unit Root Tests on Cryptocurrency Variables

Cryptocurrencies ADF statistic p-value
ADA -24.66955 0.0000
AVAX -21.47622 0.0000
BTC -43.9342 0.0001
DIA -23.15907 0.0000
DOGE -22.50949 0.0000
ETH -43.88135 0.0001
LTC -43.32054 0.0001
LUNA -31.74408 0.0000
SOL -26.98953 0.0000
USDT -31.18691 0.0000
BTC (inception) -57.18003 0.0001
DOGE(inception) -51.47893 0.0001
LTC(inception) -56.00608 0.0001

This table reports the results of the Augmented Dickey-Fuller (ADF) unit root tests applied to a range of cryp-
tocurrency time series. The ADF test evaluates the stationarity of each series, with the null hypothesis positing the
presence of a unit root (non-stationarity). A rejection of the null hypothesis, evidenced by a highly negative ADF
statistic and a p-value below 0.05, implies that the time series is stationary. All tested cryptocurrencies exhibit
signi�cant stationarity, as indicated by their large negative ADF statistics and p-values below 0.01. The table
includes both major cryptocurrencies and inception data for selected cryptocurrencies



125

Figure A.1: Predictors
This �gure presents the logarithmic returns of all predictors.

Figure A.2: Cryptocurrencies
This �gure presents the logarithmic returns of all cryptocurrencies.
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Figure A.3: Inception variables: BTC, DOGE and LTC
This �gure presents the logarithmic returns of BTC, DOGE and LTC cryptocurrencies from inception.
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Table A.3: Machine Learning Models on Single Predictors

h=30 h=60

Dependent RMSE MAFE RMSE MAFE

BTC BTC USD 0.000934 0.0305619 0.001048 0.032365971

BTC E USD 0.000911 0.0301827 0.001041 0.03226747

BTC GOOGLE 0.000948 0.0307930 0.001051 0.032421417

BTC INT 0.00094 0.0306663 0.001063 0.032604985

BTC N TWEETS 0.001031 0.0321112 0.00104 0.032247042

BTC OIL 0.000935 0.0305753 0.001057 0.032514581

BTC P TWEETS 0.000871 0.0295188 0.001070 0.03271432

BTC SPX 0.000916 0.0302654 0.001048 0.032374055

ADA BTC USD 0.001408 0.0375174 0.002416 0.049151517

ADA E USD 0.001380 0.0371521 0.002403 0.049151517

ADA GOOGLE 0.001382 0.0371714 0.002446 0.049455446

ADA INT 0.001390 0.0372785 0.002413 0.049121321

ADA N TWEETS 0.001510 0.0388603 0.002440 0.049400218

ADA OIL 0.001377 0.0371072 0.002396 0.048947091

ADA P TWEETS 0.001389 0.0372654 0.002490 0.049898461

ADA SPX 0.001398 0.0373897 0.002414 0.049130713

AVAX BTC USD 0.005402 0.0735007 0.005175 0.071937853

AVAX E USD 0.005177 0.0719505 0.005091 0.071349171

AVAX GOOGLE 0.005148 0.0717505 0.005369 0.073274525

AVAX INT 0.005195 0.0720794 0.005179 0.071966158

LUNA INT 0.047967 0.2190138 0.025850 0.160780361

LUNA E USD 0.048034 0.2191674 0.025831 0.160721127

LUNA GOOGLE 0.046273 0.2151122 0.024996 0.158099684

LTC BTC USD 0.003514 0.0592757 0.002871 0.053581989

Continued on next page
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Table A.3 { continued from previous page

Dependent RMSE MAFE RMSE MAFE

LTC E USD 0.003517 0.0593036 0.002882 0.053686315

LTC GOOGLE 0.003559 0.0596597 0.002916 0.054003865

LTC INT 0.003505 0.0592018 0.002881 0.053677231

LTC N TWEETS 0.003683 0.0606913 0.002897 0.053821616

LTC OIL 0.003382 0.0581578 0.002817 0.053072471

LTC P TWEETS 0.003418 0.0584639 0.002858 0.053455904

LTC SPX 0.003495 0.0591189 0.002850 0.053389887

LUNA INT 0.046584 0.2158329 0.024991 0.158086226

LUNA N TWEETS 0.045879 0.2141931 0.025030 0.158208355

LUNA OIL 0.048263 0.2196884 0.026077 0.161484763

LUNA P TWEETS 0.050698 0.2251631 0.027780 0.166674426

LUNA SPX 0.048549 0.2203394 0.026186 0.161819557

SOL BTC USD 0.003103 0.0557081 0.003125 0.055899322

SOL E USD 0.003073 0.0554316 0.003142 0.056052463

SOL GOOGLE 0.003038 0.0551157 0.003107 0.055737891

SOL INT 0.003194 0.0565170 0.003311 0.057543554

SOL N TWEETS 0.003205 0.0566100 0.003153 0.056152025

SOL OIL 0.003150 0.0561217 0.003157 0.056186417

SOL P TWEETS 0.003044 0.0551699 0.003492 0.059092978

SOL SPX 0.003101 0.0556828 0.003174 0.056338682

USDT BTC USD 4•36� 10� 7 0.0006600 6•83� 10� 7 0.000826319

USDT E USD 9•68� 10� 7 0.0009840 9•61� 10� 7 0.000980397

USDT GOOGLE 7•16� 10� 7 0.0008464 7•61� 10� 7 0.000872184

USDT INT 6•26� 10� 7 0.0007912 9•74� 10� 7 0.000986664

USDT N TWEETS 3•74� 10� 5 0.0061179 3•51� 10� 5 0.005920849

USDT OIL 6•76� 10� 7 0.0008224 7•56� 10� 7 0.000869303

Continued on next page
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Table A.3 { continued from previous page

Dependent RMSE MAFE RMSE MAFE

USDT P TWEETS 2.39E-05 0.0048892 2.49E-05 0.00498661

USDT SPX 6.16E-07 0.0007849 9.70E-07 0.000984799



130 A

Figure A.4: Forecast Intervals
Note: Expanding orange regions indicate heightened forecast uncertainties. A uniform±2SE suggests consistent
model con�dence, regardless of forecast changes. The forecasts provide insights into predicted cryptocurrency
behaviors and model uncertainties.
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Table A.4: Results of the Diebold-Mariano Test

DMA vs AR models

Diebold-Mariano test (h = 30)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Average loss di�erential 1.00819064 0.015185026 192233.15 0.077458389 6294.655 36.424286 46.471622 3202.8687 25.005765 0.71647664

Variance 70519.69618 6.6714808 6.748E+17 185.88837 7.22E+14 1.138E+10 3.747E+10 1.858E+14 1.103E+10 93158.62

n 1550 463 1794 513 1794 1794 1794 1794 628 1794

Diebold-Mariano statistic 1.494697459 1.2650128 0.9912003 1.2867703 0.992224 1.4461563 1.0168958 0.9953537 0.5967739 0.994264

p-value 0.1350 0.2059 0.3216 0.1982 0.3211 0.1481 0.3092 0.3196 0.5507 0.3201

Diebold-Mariano test (h = 60)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Average loss di�erential 0.621161 0.010743185 36518.788 0.077793515 61438.692 34111.936 52.897377 2233972.76 0.018424864 0.70403754

Variance 24517.73 0.37813166 2.434E+16 198.987 6.89E+16 2.124E+16 4.923E+10 9.113E+19 1.42063 86214.30

n 1550 463 1764 513 1764 1764 1764 1764 628 1764

Diebold-Mariano statistic 1.5618165 3.7592572 0.9831806 1.2490785 0.983072 0.9830135 1.0013194 0.9828794 3.8738517 1.0070602

p-value 0.1183 0.0002 0.3255 0.2116 0.3256 0.3256 0.3167 0.3257 0.0001 0.3139

DMA vs VAR models

Diebold-Mariano test (h = 30)

Average loss di�erential 1.0081909 0.015181082 192233.15 0.0774674 6294.655 36.42428 46.4716 3202.8687 25.00577 0.071648838

Variance 70519.6779 6.67141 6.748E+17 185.9177 7.22E+14 1.138E+10 3.747E+10 1.858E+14 1.103E+10 93158.62
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Table A.4: Results of the Diebold-Mariano Test (continued)

Diebold-Mariano test (h = 30)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

n 1491 395 1491 395 1491 1491 1491 1491 395 1491

Diebold-Mariano statistic 1.465974632 1.1681328 0.9036267 1.1291647 0.9045599 1.3183867 0.9270518 0.9074131 0.4732914 0.9064346

p-value 0.1427 0.2428 0.3662 0.2588 0.3657 0.1874 0.3539 0.3642 0.6360 0.3647

Diebold-Mariano test (h = 60)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Average loss di�erential 0.62116386 0.010738538 36518.788 0.077790 61438.692 34111.936 52.897383 2233972.76 0.018429884 0.70403775

Variance 24517.734 0.3778439 2.434E+16 198.9866 6.89E+16 2.124E+16 4.923E+10 9.113E+19 142.05112 86214.30

n 1126 395 1126 395 1126 1126 1126 1126 395 1126

Diebold-Mariano statistic 1.331175183 3.4720618 0.7855127 1.0960098 0.7854259 0.7853792 0.8000048 0.785272 3.0732565 0.8045916

p-value 0.1831 0.0005 0.4322 0.2731 0.4322 0.4322 0.4237 0.4323 0.0021 0.4211

AR vs VAR models

Diebold-Mariano test (h = 30)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Average loss di�erential 3.01974E-05 -0.0003944 0.0002982 0.0009054 0.0012688 -0.0001094 -0.0001893 0.0049803 0.0005618 0.0011745

Variance 0.000467195 2.944E-05 5.009E-06 0.0004584 0.000108 7.994E-05 0.000112 0.0075193 5.244E-05 2.167E-05

n 1520 433 1794 513 1795 1794 1795 1777 598 1490

Diebold-Mariano statistic 0.054468145 -1.5125286 5.6438383 0.9578266 5.1724926 -0.5180692 -0.7576628 2.4210871 1.8972393 9.7398469
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Table A.4: Results of the Diebold-Mariano Test (continued)

Diebold-Mariano test (h = 30)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

p-value 0.9566 0.1304 0.0000 0.3382 0.0000 0.6044 0.4487 0.0155 0.0578 0.0000

Diebold-Mariano test (h = 60)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Average loss di�erential 0.000266748 -0.0004648 0.0007139 -0.0002776 0.0024546 0.0004983 0.0005987 0.0078921 0.000502 2.116E-05

Variance 0.000120257 3.171E-05 9.094E-06 3.26E-05 0.0001735 7.882E-05 0.0001264 0.0027726 5.052E-05 1.684E-08

n 1490 403 1764 453 1765 1764 1765 1747 568 1765

Diebold-Mariano statistic 0.938944639 -1.6568152 9.9430084 -1.0346433 7.8287355 2.3573178 2.2375713 6.2645591 1.6831567 6.8497667

p-value 0.3478 0.0976 0.0000 0.3008 0.0000 0.0184 0.0252 0.0000 0.0923 0.0000

AR vs Machine learning (ML) models

Diebold-Mariano test (h = 30)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Average loss di�erential -0.001285054 -0.003685 -8.04E-05 -0.0020571 9.882E-05 -0.0006072 -0.0015414 0.0008508 -0.0010986 0.0012321

Variance 8.81548E-06 5.863E-05 2.104E-07 5.721E-05 7.388E-07 3.59E-06 1.487E-05 1.718E-05 1.076E-05 1.012E-05

n 29 29 29 29 29 29 29 29 29 29

Diebold-Mariano statistic -2.330759372 -2.591618 -0.9439665 -1.4645418 0.619159 -1.7256628 -2.1525227 1.105501 -1.8039054 2.0853975

p-value 0.0198 0.0096 0.3452 0.1430 0.5358 0.0844 0.0314 0.2689 0.0712 0.0370

VAR vs Machine learning (ML) models
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Table A.4: Results of the Diebold-Mariano Test (continued)

Diebold-Mariano test (h = 30)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Diebold-Mariano test (h = 30)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Average loss di�erential -2.76688E-05 -0.0022829 -7.634E-05 -0.0001102 6.503E-05 6.681E-05 4.969E-05 4.526E-05 -0.0001355 -9.143E-07

Variance 2.69361E-07 2.955E-05 4.885E-08 1.572E-06 1.193E-07 1.193E-07 5.453E-08 1.835E-06 3.695E-07 2.526E-12

n 29 29 29 29 29 29 29 29 29 29

Diebold-Mariano statistic -0.28709305 -2.2617358 -1.8600544 -0.4731761 1.0137999 1.041702 1.1459192 0.1799513 -1.2005514 -3.0982542

p-value 0.7740 0.0237 0.0629 0.6361 0.3107 0.2975 0.2518 0.8572 0.2299 0.0019

AR vs Machine learning (ML) models

Diebold-Mariano test (h = 60)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Average loss di�erential -0.0011023 -0.0040125 -0.0001342 -0.0024031 0.0001256 -0.0008231 -0.0018927 0.0010328 -0.0013876 0.0014789

Variance 7.91458E-06 5.992E-05 1.957E-07 5.918E-05 8.321E-07 3.872E-06 1.612E-05 1.824E-05 1.143E-05 9.875E-06

n 29 29 29 29 29 29 29 29 29 29

Diebold-Mariano statistic -2.5143267 -2.8037215 -1.0836542 -1.6078412 0.5728391 -1.9432156 -2.3385278 1.2013857 -1.9348273 2.2159732

p-value 0.0159 0.0067 0.2865 0.1164 0.5618 0.0692 0.0201 0.2371 0.0589 0.0284

VAR vs Machine learning (ML) models

Diebold-Mariano test (h = 60)
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Table A.4: Results of the Diebold-Mariano Test (continued)

Diebold-Mariano test (h = 30)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Average loss di�erential -3.512E-05 -0.0028796 -0.0001023 -0.0001879 7.213E-05 7.457E-05 5.923E-05 5.321E-05 -0.0001692 -1.127E-06

Variance 3.087E-07 3.108E-05 5.198E-08 1.876E-06 1.476E-07 1.389E-07 6.105E-08 2.045E-06 3.918E-07 3.215E-12

n 29 29 29 29 29 29 29 29 29 29

Diebold-Mariano statistic -0.3297534 -2.5273498 -1.9436723 -0.5893451 0.9823756 1.1024953 1.2678945 0.2418276 -1.4372982 -3.2175284

p-value 0.7365 0.0181 0.0572 0.5329 0.3175 0.2694 0.2085 0.8124 0.1756 0.0015

DMA vs Machine learning (ML) models

Diebold-Mariano test (h = 30)

Average loss di�erential 3.22983284 1.9070217 0.4479546 2.4399347 0.8856969 0.6191883 1.26369 4.7117858 1.7451975 0.0003205

Variance 29.12399967 8.3374867 0.5145799 28.744964 1.8673216 0.698992 6.1878404 195.96614 6.9748084 2.331E-07

n 29 29 29 29 29 29 29 29 29 29

Diebold-Mariano statistic 3.222949764 3.5566167 3.362843 2.4507349 3.4903948 3.9882803 2.7357095 1.8125668 3.5585858 3.5751401

p-value 0.0013 0.0004 0.0008 0.0143 0.0005 0.0001 0.0062 0.0699 0.0004 0.0004

Diebold-Mariano test (h = 60)

Average loss di�erential 3.1048291 2.0023948 0.4128732 2.3256784 0.9067214 0.6781293 1.318372 4.5129832 1.8932746 0.0002951

Variance 28.5123943 8.6213987 0.4972814 27.8934728 1.9276482 0.7219846 6.5124931 192.76129 7.1423198 2.178E-07

n 29 29 29 29 29 29 29 29 29 29
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Table A.4: Results of the Diebold-Mariano Test (continued)

Diebold-Mariano test (h = 30)

ADA AVAX BTC DIA DOGE ETH LTC LU SOL USDT

Diebold-Mariano statistic 3.1985732 3.4672913 3.3019823 2.3897219 3.4182731 3.9023748 2.6894732 1.7563247 3.4879213 3.4987219

p-value 0.0015 0.0006 0.0010 0.0158 0.0006 0.0002 0.0071 0.0753 0.0005 0.0005
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1 Steps to processing a tweet sentiment analysis through Python:

2

3 Import Libraries.

4 Date Range Specification: Setting up a date range from 1-Jan -2017 till 31-

December -2021 to focus the analysis on tweets from these specific

periods.

5

6 Retrieve Tweets Function:

7 A function is designed to retrieve tweets using the Twitter API. This

function handles tasks such as:

8 -Connecting to the Twitter API.

9 -Filtering tweets by keywords related to cryptocurrency.

10 -Narrowing down tweets to the specified date range.

11 -Excluding retweets for more original content analysis.

12 -Extracting relevant tweet information like the content , date , and hashtags

.

13

14 Data Pre -processing:

15

16 -Cleaning the tweet text by removing URLs , emojis , and non-standard

characters.

17 -Standardizing the text for consistent analysis.

18 -Handling missing data or duplicates.

19

20 Feature Extraction:

21

22 This step involves processing the tweet text to extract features like:

23 -Word counts or frequencies.

24 -Specific terms or phrases relevant to cryptocurrency.

25 -Sentiment -related keywords.

26 -Utilizing Natural Language Processing (NLP) techniques for more nuanced

text analysis. NLP is a field at the intersection of computer science ,

artificial intelligence , and linguistics , focused on the interaction

between computers and human (natural ) languages. NLP enables computers

to read , understand , interpret , and respond to human language in a
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valuable way.

27

28 Sentiment Analysis:

29

30 -Applying NLP models to determine the sentiment of each tweet.

31 -Classifying tweets as positive , negative , or neutral.

32

33 Results Compilation and Visualization:

34

35 -Aggregating the sentiment analysis results.

36 -Categorizing results by date, keyword , and sentiment.

Listing A.1: Steps for Tweet Sentiment Analysis
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Appendix B

Appendix

B.1 ADF stationarity test of CPI and GDP percapita per

country- Stationary at first difference

Table B.1: Critical Values for Test Statistics

1% 5% 10%

g2 -3.51 -2.89 -2.58
q1 6.70 4.71 3.86

Table B.2: Value of Test Statistics for CPI and GDP per Capita

Variable Test Statistic 1

Japan CPI -4.4122
El Salvador CPI -3.1701
Panama CPI -4.1759
UK CPI -2.8147
USA CPI -5.2312
Turkey CPI -4.8316
El Salvador GDP per capita -3.5478
Panama GDP per capita -2.9615
Japan GDP per capita -6.2149
UK GDP per capita -6.8362
USA GDP per capita -4.9953
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