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Abstract

This thesis investigates dynamics in Bitcoin cross-market price disparity from three
inherently connected aspects. In chapter 2, an examination of Bitcoin cross-market
convergence is of considered. Investigating into cross-market heterogeneity can serve as
a novel first step towards Bitcoin’s unobserved price process and valuation. Our strategy
quantifies collective dynamics among international bitcoin markets via cross-market
risk-return distances. We link price dynamics among major Bitcoin-fiat pairs as distance-
dependent measures of risk-adjusted return. Empirical evidence supports a solid
convergence pattern from both individual markets and aggregated market perspectives;
we thus draw inference on cross-market consensus. We further discuss the impacts of
positive and negative macroeconomic shocks on convergence, followed by an analysis of
impacts brought by converging trends in information sharing efficiency among selected
Bitcoin markets. Our distance measures additionally serve as a model-free instrument to
resolve pricing mysteries for emerging and zero-fundamental speculative assets. In
chapter 3, we examine whether fear can be a sentimental driver for Bitcoin cross-market
price convergence. Valuation of Bitcoin is rather subjective and is sensitive to investors’
psychological conditions. Literature drawing on sentimental factors for Bitcoin is yet
under-developed. This paper examines if fear sentiment can be considered as a driving
factor in Bitcoin price dynamics. In our empirical framework, we characterise dynamics
in Bitcoin cross-market risk-return distance via Convergence Speed and examine the role
of investors’ fear in this process. Empirical results suggest that our composite FEAR proxy
as a risk expectation in major conventional financial markets can significantly accelerate
the convergence among Bitcoin markets, after controlling for five sets of determinants of
Bitcoin price returns. The explanatory power and predictability of FEAR imply that
participants’ decision-making in Bitcoin markets is adaptive to sentimental conditions
extracted from a traditional economy, rather than purely isolated and detached as
initially designed. Our study suggests hints for understanding the mechanism of the
Bitcoin price evolving process under an Adaptive Market Hypothesis as well as adding
new evidence for Bitcoin as a hedge for traditional financial assets. In chapter 4, by

revisiting informational efficiency, this chapter exhibits episodes of long memory and



cross-market information transmission in Bitcoin price dynamics. We argue price
behaviour of Bitcoin is in line with adaptive market theory by (Lo 2004; 2005; 2017) and
hypothesise the adaptive learning patterns can be governed by a long memory process.
To set up the model for examination, we characterise Bitcoin cross-market disparity
patterns via the framework of fractional co-integrated vector auto-regression (FCVAR).
Bitcoin prices in five developed markets are of considered and the examination of long
memory phenomena covers two aspects, i.e., the individual markets and the cross-market
interdependence (co-integration). In addition, we exhibit fear sentiment can be a driver
for relationships among information across five developed markets. Findings in this
research are robust to structural breaks, to sample selections and to rolling window

settings.
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Chapter 1

Introduction

Heatedly traded by speculators since its launch in 2009, Bitcoin has presented
remarkable segmented nature in cross-market price fluctuations. Information given by
dynamics of cross-market convergence can provide valuable insights for
characterising Bitcoin price evolvement and discussion over this episode is quite
sparse. Well-established pricing theory is not yet available for Bitcoin, whereas the
current work aims to be the first step towards pricing Bitcoin. The main settings for this
thesis are essentially different from existing empirical studies to interpret Bitcoin price
formation process via directly exploring patterns and explanatory factors for Bitcoin
return or volatility series. Knowing Bitcoin is an investor faith-oriented speculative tool,
Bitcoin price behaviour presents more unique characteristics, which does not follow
the framework of traditional pricing theories and thus this thesis proposes a model-
free approach to capture characteristics of risk-adjusted return discrepancy and

investigate into Bitcoin cross-market consensus formation.

1.1 Research Philosophy and Strategies

Research philosophy and research strategy are interconnected concepts in research,
which are crucial fundamentals for researchers to consider research questions and
conduct research. This subsection discusses research philosophy and strategy of
applied in this thesis. Research philosophy is defined as researchers’ belief and
assumptions involved in developing knowledge (Saunders, Lewis and Thornhill, 2009,
p.124). In detall, it refers to how researchers generate knowledge based on analysing
selected data set for a particular topic. Research strategy relates to the plan that
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researchers apply to fulfil research aims (Bryman, 2016, p. 32; Saunders, Lewis and
Thornhill, 2009, p.177). Research philosophy determines which type of research
strategy should be chosen, while research strategy reflects how researchers view the
nature of reality (ontology), what assumptions are formed for developing knowledge
(epistemology) and how researchers’ values are involved in the study (axiology).

First, the ontological assumption embodies whether the reality is detached from social
actors’ perception (Crotty, 1998; Gray, 2013, p.19). This research aims to characterise
price dynamics among Bitcoin segmented international markets. In the current
research, it is straightforward to form up the belief that phenomena and patterns in
Bitcoin markets is essentially detached to researchers’ perception. In other words, the
reality involved in this research is single and objective.

Second, epistemological assumption further specifies the approach that researchers
employ to uncover reality (Crotty, 1998; Saunders, Lewis and Thornhill, 2009, p.127).
In other words, it identifies suitable methodology to follow. In this research, we hold
the belief that facts can be measured, reflected based on observation (i.e., Bitcoin
cross-market price data). Consequently, this study employs objective research to
explore the reality (see e.g., Mason and McBride, 2014, p.51). Besides, hypotheses in
this work are developed based on the existing literature in both digital currency

markets and traditional financial markets.

Last but not the least, the axiological assumption focuses on whether researchers’
personal will and preference should be counted in research (Creswell, 1996; Saunders,
Lewis and Thornhill, 2009, p.128). The selection of research topic (e.g., dynamics of
Bitcoin cross-market disparities), research philosophy indeed reflects researchers’
preference and value (e.g., Heron, 1996). On the other hand, researchers’ value
should be impartial in terms of data collection and analysis given the ontological
assumption and epistemological assumption made in our research (e.g., Crotty, 1998).
For instance, for data collection in this thesis, we will cover discussion over reliability
of sample set selection to avoid impacts of biases in data set and prevent to generating
predetermined results. For data analysis, a thorough set of robustness checks for the
empirical models of applied will be provided.



Based on discussions over three assumptions in research philosophy, a deductive
quantitative research methodology under positivism philosophy fits the current
research. In detail, this research develops research hypotheses over existing theories

and apply econometric models to examine these aspects of Bitcoin price dynamics.

1.2 Overall Theoretical Context

The essence of asset pricing is somehow to reveal underlying trade-off between risk
and return (see e.g., Cochrane, 2009; Ghysels, et al. 2005; Guo and Whitelaw, 2006).
How do risk and return co-vary under different givens has been widely discussed by
scholars and practitioners. This section summarises the general theoretical context
and how would this work link back to classic pricing literature and further add to the

main steam theories.

Bitcoin is a novel and extremely volatile speculative asset, which however lacks a solid
foundation for pricing (i.e., the ambiguity of its fundamental value). As a new asset
class, though Bitcoin has been traded among various international markets, the
aggregated nature of its price heterogeneities is nonignorable overtime and remains
unclear. Characterizing Bitcoin’s changing cross-market disparities is essentially a

fundamental step before pricing.

In this research, we apply a convenient but stringent distance measure to quantifying
Bitcoin price dynamics. Rather than attempting to identify a pricing model (e.g., market
wide equilibrium based on intersection of demand and supply curves), this research
directly go to price fluctuations, in which the identical asset among segmented
international markets either evolve towards or deviate from the cross-market average
level (i.e., converging or diverging). We exclusively unify the first moment (return) and
the second moment (risk) into one distance measure to characterise time-varying
cross-market variation in Bitcoin prices. In this way, the general theoretical framework
of this dissertation shares a similar structure with everlasting debates over mysterious
risk-return trade-offs, in which the principal objective is to identify a robust relationship
between risk and return. The vast discussions stem from the classic work of Capital
Asset Pricing Model, known as CAPM, by Sharpe (1964) and Lintner (1965). Further
extended versions, such as intertemporal CAPM (Merton, 1973) and Fama—French



three-factor model (Fama and French, 1992), are classified as factor asset pricing
model.

Compared to existing factor pricing models, the risk-return distance measure is literally
free of model specification and consequently free of restrictions given by related
assumptions (Eun and Lee, 2010). Specifically, the application of risk-return distance

measure does not require the following conditions:

(I) Cross-market equilibrium. The hold of classic financial theories, such as CAPM and
its extended versions, requires a rigorous condition of market-wide equilibrium across

all assets.

(I) Existence of market portfolio. Though widely proxied by stock market index (e.g.,
S&P 500) among empirical studies, a hypothetic market portfolio comprised by all

available assets is in fact beyond reach and impossible to be accurately approximated.

() Complete market (e.g., Rubinstein, 1975). Under real market condition,
information transmission among markets is not perfect and it is distorted by frictions.

(IV) Homogeneous preference of investors and utility maximization. Investors are
rather irrational, and they bear different preference to conduct their own decision-

makings.

This work characterises a changing nature of Bitcoin price disparities among
international markets. It simultaneously captures features of both contemporaneous
(cross-market) and multi-period (not only intertemporal) aspects of Bitcoin price
movements. For the general theoretical contribution, this work strengthens the
understanding of Bitcoin price formation process and lays foundations for further
theoretical discussion by the following two aspects. First, the proposed risk-return
disparities can trace dynamic evolvement of international market segmentation. This
work documents that Bitcoin international markets are significantly segmented, but the
heterogeneity tends to vanish over the time. This is essentially important for Bitcoin
since a market-wide convergence can suggest a crucial achievement of consensus
where investors among international markets have fully and consistently recognized

Bitcoin as asset. Second, revisiting informational inefficiency for Bitcoin provides a



new set of empirical evidence for the theory of Adaptive Market Hypothesis.
Information transmission and reflection on price is neither purely efficient nor purely
inefficient. By adaptively reflecting and slowly adjusting to macro-economic
fundamentals (i.e., news, fear sentiment given by traditional financial markets) and

historical information, Bitcoin markets are moving towards efficiency.

1.3 Research Focus and Content Arrangement

This thesis particularly investigates Bitcoin cross-market behaviour from three
diversified but inherently connected aspects (i.e., three working papers during the PhD
period). A brief scan of the main content for remaining chapters is given as follows.

Chapter 2 covers Working Paper I. We map discrepancies among selected Bitcoin
markets onto risk-return distance (Euclidean distance) and find solid evidence of
consensus formation. In detail, there are significant cross-market convergence
patterns for both risk and return properties among Bitcoin markets. Findings suggest
that negative events enlarge the distance but have no significant impact on the speed
of convergence (i.e., slopes of time term), whilst positive events do not play as a
significant factor for this process. We contribute towards the Bitcoin pricing literature
in the following ways. First, we introduce a novel approach from cross-market
perspective as the first step towards pricing Bitcoin. Convincing the existence of cross-
market convergence is essential for pricing Bitcoin since it can support the fact that
heterogeneous beliefs among Bitcoin markets are gradually vanishing and a
consensus regarding the value of Bitcoin is forming. Second, we highlight that
convergence patterns indicate individual markets of Bitcoin are jointly moving towards
a higher efficiency level.

Chapter 3 covers Working Paper Il. We propose an innovative measure of
convergence speed, which captures dynamics in Bitcoin cross-market convergence.
Kalman Filter is of applied for local linear trend extraction in terms of convergence
speed estimation. We scrutinize the existence of linkages between convergence
behaviours and external uncertainties based on aggregate market and individual
markets. We find fear sentiment originated from conventional markets speeds up
consensus formation among bitcoin markets, after controlling for fundamental and

technical aspects of bitcoin markets, extreme market conditions (viz., bubbles and



crashes), and general attention (online exposure). Our findings suggest fear sentiment
given by real economy can explain and predict patterns of consensus among Bitcoin
market, which shed lights on the fact that participants in Bitcoin markets are adaptive
to information flows from real economy, rather than purely isolated as designed. Our
study brings hints for understanding the mechanism of Bitcoin price formation process

as well as microstructure of Bitcoin markets.

Chapter 4 covers Working Paper lll. The section proposes to interpret Bitcoin cross-
market price convergence behaviour via the lens of a long memory procedure
(fractional auto-regression) after noted by evidence of slowly digested information
among Bitcoin markets. Our exploration focuses on Bitcoin price dynamics among five
developed Bitcoin markets and consider memory phenomena through two directions,
viz., the individual markets’ convergence behaviour and the cross-market
interdependence patterns (co-integration). In addition, we document that VIX-
aggregated fear proxy can accelerate convergence process, which implies Bitcoin
ecosystem can adapt and adjust to information given by the real economy rather than
behaves as a fully detached system. Via revisiting informational inefficiency, this
research uncovers higher dimensional dynamics for Bitcoin price formation, where
Bitcoin markets slowly learn from cross-market wide information flows in terms of
return and risk signals. This research contributes to a better understanding of cross-
market consensus forming which adds to Bitcoin price discovery literature as well as
brings hints for arbitraging strategies.

The rest content of this thesis is arranged as following. Chapter 2 studies Bitcoin risk-
return convergence patterns in segmented market prices and we argue that cross-
market consensus is a first step towards pricing Bitcoin with unclear fundamental value.
Chapter 3 investigates fear sentiment’s role in Bitcoin cross-market convergence
speed with a thorough set of control variables. Chapter 4 revisits issue of informational
inefficiency from the view of Bitcoin price disparities and examines long term
dependency pattern in with fractional integration models. Chapter 5 provides

conclusion remarks for the whole thesis.
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Chapter 2

Bitcoin Cross-market Price Disparity and
Convergence

Abstract

With an unprecedented price surge since launching, Bitcoin has attracted increasing
attention from various stakeholders. An examination of cross-market convergence
given existing market heterogeneity can be a novel approach towards Bitcoin's
unobserved price process and valuation. Our strategy quantifies collective dynamics
among international bitcoin markets via cross-market risk-return distances. We link
price dynamics among major Bitcoin-fiat pairs as distance-dependent measures of
risk-adjusted return. Empirical evidence supports a solid convergence pattern from
both individual markets and aggregated market perspectives; we thus draw inference
on cross-market consensus. We further discuss the impacts of positive and negative
macroeconomic shocks on convergence, followed by an analysis of impacts brought
by converging trends in information sharing efficiency among selected Bitcoin markets.
Our distance measures additionally serve as a model-free instrument to resolve pricing

mysteries for emerging and zero-fundamental speculative assets.

JEL Classification: C0; G1

Keywords: Consensus; Bitcoin, risk-return distance; cross-market convergence
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2.1. Introduction

As an emerging but not universally accepted fintech instrument, Bitcoin exhibits price
volatility while being treasured by speculators and investors seeking to hedge risk. The
most significant question facing them is what drives its price fluctuation. Related
research themes have situated the dynamics of Bitcoin microstructure directly within
vast factor-oriented frameworks, such as real economic factors (Panagiotidis, Stengos
and Vravosinos, 2018; Aalborg et al., 2019), wherein the selected factors have
provided varying degrees of explanation and predictivity (e.g., Cheah et al., 2020).
Interpretations from cross-market heterogeneity, an essential aspect of the Bitcoin
ecosystem, are yet sparse in this line of literature.

For price dynamics, the characteristics of return and risk (known as the first and
second moment, respectively) are of primary importance for investors to feature time
series. In the mean-risk model used in classic portfolio theories, inputs such as risk
measured by standard deviation or variance and the sample mean return should be
fairly characterized before portfolio construction (e.g., Merton, 1980). It is commonly
accepted that leptokurtotic tails and high volatility in data distribution are the two
apparent overriding features of Bitcoin historical prices (Maghyereh and Abdoh, 2020).
Incorporating Bitcoin into investment portfolios with limited understanding of its risk-
return properties, such as holding irrational assumptions on return distribution, can

lead to unexpected downside risk.

Neglect for both a comprehensive investigation into inherent cross-market
connections and a rigorous risk-return characterization of the Bitcoin price process is
what drives the current empirical study. Given the lack of rigorous characterization of
behavioural consensus among bitcoin-fiat pairs, we propose a novel investigation by
aggregating information among multiple core Bitcoin-fiat pairs, which serves as a more
precise and less vulnerable approach in determining the drivers in Bitcoin price

dynamics.

Our research coincides with market segmentation literature, where identical assets
are priced differently across international markets. Under the Law of One Price (LOOP)
and conditions of full integration (Stulz, 1981), price movements for identical assets

across different markets should become consistent, given that market participants can
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aim to eliminate potential arbitrage opportunities. In contrast, dissimilarity among
cross-market price dynamics brings about segmentation in pricing. Segmented
markets (for example as categorized by different fiat currency holders in the current
research) comprised of investors receiving asymmetric pricing information and bearing
heterogeneous beliefs are bound to present diverse price movements for identical
assets. Patterns of cross-market segmentation are thus informative in revealing

hidden microstructures in price fluctuation.

Our research builds on recent empirical findings. Bitcoin, as a fintech innovation, is
still questioned for its value-storage potential; in such it has not been consistently
recognised as an asset. Like investors in conventional asset classes, Bitcoin investors
from different markets with diverse preferences and distinct trading behaviours will
contribute to each market’s price characteristics. Current research in the cross-market
heterogeneity of Bitcoin price dynamics, however, still has limited reach. Pioneer
works, for instance by Cheah et al. (2018), construct a memory-orientated co-
integration system for five developed Bitcoin markets; Gillaizeau et al. (2019) argue
that realized return and risk for different Bitcoin-fiat pairs play diverse roles in cross-
market spill-over behaviour. Their evidence documents that Bitcoin price series reflect
distinct idiosyncratic information surrounding different individual markets. In our work,
we argue that eliminating cross-market heterogeneity can theoretically mirror Bitcoin
market integration. By examining this international tendency, we further indicate that
despite Bitcoin winning greater or lesser consensus among global traders, if
decreasing segmentation is confirmed, Bitcoin (as an identical asset across
international markets) will be priced more globally rather than locally.

To facilitate the discussion, we adopt the non-parametric method given in Eun and
Lee (2010) and replicate a distance measure to capture heterogeneity in Bitcoin price
movements across different markets. Distance measures this work characterize cross-
market differences regarding the two key moments in a price series, return as the first
moment and risk as the second moment. We stress that a time varying risk-return
distance can trace historical relative positions of one market’s price behaviour against
those displayed in other markets.

The key findings of this paper are as follows. First, we acknowledge the appearance

of market segmentation among a set of key Bitcoin-fiat pairs. Bitcoin traded against
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different fiat currencies shows a remarkable degree of inconsistency, where risk-return
properties of those price series contain non-negligible gaps after controlling for

fluctuations in forex rates.

Second, we document a significant risk-return convergence towards cross-market
averages, which denotes that the inevitability of consensus among different markets
can be a vital driving force in Bitcoin price dynamics. Regarding the aggregated market
level, we highlight that convergence patterns simultaneously hold for return distance
and risk distance, rather than only fulfil for one dimension of the risk-return plane. In
terms of individual markets, 16 out of 19 selected sample markets present a significant
decreasing tendency in their risk-return distance measures along the observed period,
whereas the remaining two markets come with significant divergence and one market

provides no proof of trend.

Third, macroeconomic shocks to Bitcoin markets can decelerate cross-market
convergence processes. Empirical results suggest that events and news can introduce
additional cross-market distance (dissimilarity) where individual markets move
towards cross-market consensus at a lower speed. This implies that when Bitcoin
related news or announcements occur, investors in segmented markets do not adjust
their decision-making strategies consistently and promptly given their disagreement in

interpreting new information.

Finally, we elucidate how the convergence procedure leads to a reduction in
idiosyncratic risk for individual Bitcoin markets after controlling for cross-market
correlation coefficients. Alongside cross-market convergence, the proportion of
unpriced idiosyncratic risk in individual markets is seen to shrink. This implies
information sharing efficiency among markets is rising, while simultaneously trading
Bitcoin against various fiat currencies is prone to gradually losing its diversification
benefits so less practicable over time.

The major contributions of this paper are threefold. First, the posited step-by-step
methodology herein enables a non-parametric and model-free econometric approach
to interpret Bitcoin price dynamics. We expand the literature on price dynamics by
overcoming the known difficulties in specifying economic models or data generating
processes for Bitcoin, which may bear the risk of model uncertainties and
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misspecification. This paper carries implications for mean-variance optimizers who
consider incorporating Bitcoin in their investment portfolios. We provide a practical and
convenient instrument to quantize and monitor Bitcoin cross-market price dynamics
and interconnections. Given cross-market averages as an implied practical reference
point, this research enhances Bitcoin market participants’ capability to trace fluctuation
trends among price series and refine their decision making in risk control for

investment strategies.

Second, our empirical findings enable a better understanding of the Bitcoin market
microstructure. Results suggest that individual markets, regardless of taking a
relatively small or large share of trading volume, contain non-negligible signals
contributing to Bitcoin price movements. Inherent market-wide consensus is a
constructive driver for price discovery whilst those markets with more information
advantages present no significance in terms of leading returns of the aggregated
Bitcoin market. This piece of empirical evidence is firstly insightful given the extent of
pricing literature on assets cross-listing on segmented international markets, and
secondly useful in offering psychologically structured financial imagination for assets

with zero intrinsic value.

Finally, we contribute to the growing strand of literature on the adaptive market
hypothesis (AMH). AMH is built on the idea that financial price dynamics exhibit
changing levels of efficiency (Lo, 2004). The widely practised approach following the
AMH framework is currently based on evaluating predictability in price series (Charles
et al., 2012; Dominguez and Lobato, 2003) while interpretation from innovative
patterns in risk-return relationships is rather more limited. We suggest a unique path
to investigate this episode, where given a dynamic risk-return bond, the learning and
competitive trading behaviour in Bitcoin markets can be adaptive and anchor to
market-wide consensus (cross-market averages). This usefully infers that Bitcoin-
market-wide average risk-return can serve as a practical benchmark for latent risk-
return referencing at any given time point. Our discussions on the impacts of economic
shocks and decreasing idiosyncratic risk may also enhance the understanding of
Bitcoin price evolvement under the AMH framework.

We structure the rest of the chapter as follows. Section 2.2 briefly summarises the

research context. Section 2.3 describes the data and specifies a dynamic risk-return
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distance based on cross-market dissimilarity measurement. Section 2.4 presents our
main empirical results and Section 2.5 is for essential robustness checks. In Section
2.6, we test the impacts of different events on convergence, followed by a discussion
of how convergence affects hypothetical diversification opportunities among different
Bitcoin markets. Section 2.7 has concluding remarks.

2.2. Literature Review

In this section, we review the scholarly context, particularly discussions around the
key characteristics of the Bitcoin ecosystem, given its valuation mystery as well as
the linkages with cross-market segmentation.

2.2.1 Peculiar Features of the Pricing Puzzle

The potential for Bitcoin’s comprehensive and wide practical application brings a
pressing need for in-depth discussions over its price dynamics. Since Satoshi
Nakamoto’s paper on Bitcoin in 2008 triggered global interest, cryptocurrency and
block-chain have bourgeoned. Using sophisticated cryptography and open-source
algorithms, Bitcoin aims to provide a decentralized and borderless monetary
ecosystem, vying for potential substitution for government-issued fiat money (Ciaian,
Rajcaniova, and Kancs, 2016; Weber, 2014). The role as an intermediary agent in
transactions rests not only on Bitcoin’s open-source platform and extensive freedom
(through its anonymity) but also in its users’ confidence in its cryptographic ledger
system (Barber et al., 2012; Brandvold et al., 2015; Kroll et al., 2013; Weber, 2014).
Apart from serving as a digital currency, Bitcoin is more broadly exploited as a
speculative instrument (Glaser et al., 2014; Yermack, 2015), catering to the incessant
speculator need for risky assets. Though no dividend-like or interest-like cash yield
exists, many speculators holding multiple positions can benefit from Bitcoin’s highly

volatile market environment.

As the leading cryptocurrency, Bitcoin inspires a special reconsideration of the nature
of asset pricing under zero intrinsic value (Bariviera et al, 2017; Baek and Elbeck, 2015;
Yermack, 2015). Application of existing pricing theories seems not a good attempt for
Bitcoin. Under the frameworks of prevalent pricing theories in the real economy, either

from traditional pricing perspectives (applying the assumptions of rationality) or neo-
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behavioural pricing (applying the presumptions of behaviourally biased representative
agents), model specifications struggle with the trade-off between higher precision and
better imitation of reality (Zin, 2002). Further, there are two other considerations: the
questionable view of Bitcoin as a detached ecosystem (Bouoiyour and Selmi, 2015;
Cheah et al., 2018; Ciaian, Rajcaniova and Kancs, 2016), and the questionable quest
to identify benchmarks from the real economy (i.e., to identify macroeconomic pricing
factors for systematic risk to explain Bitcoin price returns). The former is quite
straightforward, in which the operation of Bitcoin is fundamentally differed from the
ones for traditional assets in real economy. In terms of the latter point, empirical
studies of Bouri, et al. (2019), Kliber et al. (2019) and Urquhart and Zhang (2019) can
be helpful examples for clarification. They emphasise on testing Bitcoin’s role as
hedger or diversifier against various traditional assets (e.g., stock, commodities). The
results show Bitcoin has a relatively weak or unstable bond with the real economy
regarding to risk-return characteristics and therefore it would be inappropriate to apply
theories like Arbitrage Pricing Theory (Ross, 1976). Clearly, existing pricing theories

fails to fairly provide a practical solution to this challenging pricing puzzle.

Notwithstanding the expressed obstacles in using existing pricing models or their
extended forms, the current literature remains cautious in directly approaching and
deconstructing Bitcoin pricing issues. Koutmos and Payne (2021) price Bitcoin return
in an intertemporal behavioural model with agents bearing heterogeneous beliefs,
where mean-variance on optimizer, speculator and fundamentalist perspectives
interactively drive price under different market regimes. Also, Schilling and Uhlig (2019)
derive a hypothetical endowment pricing model within a combined Bitcoin and US

dollar system.

Nevertheless, current empirical work in rationalizing and interpreting the risk-return
dynamics of Bitcoin is a crucial step for this pricing challenge. One strand of studies
attributes Bitcoin price movement to the following driving factors. Baek and Elbeck
(2015) and Buchholz et al. (2012) find that internal factors such as daily spread and
demand can explain Bitcoin return patterns; similarly, Donier and Bouchaud (2015)
suggest that illiquidity and shortage of buyers result in crashes. Kristoufek (2013)
reports that Bitcoin online search heat can help explain its behaviour. In 2015, he

further advocates that high-level attention from investors drives the price in extreme
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movements. Adcock and Gradojevic (2019) characterize and predict Bitcoin price
fluctuations by non-linear trends. Cheah et al. (2020) examine the predictability of a
number of factors and conclude that momentum and uncertainties in the global political

environment serve as significant predictors for Bitcoin returns.

In parallel to those drivers, Bitcoin price inefficiency’ has gained wide coverage among
scholars (e.g., Cheah et al., 2018; Kristoufek and Vosvrda, 2016; Urquhart, 2016).
Analogous to historical precedents such as the dot-com boom fanaticism, Bitcoin is
often considered a new form of bubble (Cheah and Fry, 2015; Cheung et al., 2015;
Fry and Cheah 2016). Anomalies such as long memory (Bouri et al., 2016; Urquhart,
2016; Cheah et al., 2018) and price clustering at round numbers (Urquhart, 2017) bring
evidence of inefficiency. A weight of research also captures the dynamics of Bitcoin
price inefficiency. Urquhart (2016) underlines the latter subperiod among the whole
sample period displaying some efficiency whilst Bariviera (2017) similarly documents
the extent of inefficiency along the observed rolling window is decreasing. By
extending Urquhart’s study, Brauneis and Mestel (2018) claim that illiquidity of digital
coins is decreasing, and difficulty in forecasting the markets is rising accordingly.
Despite empirical evidence of changing levels of inefficiency, limited coverage on
Bitcoin has meant sparse explanatory study into the drivers of such dynamics. This
research attempts to pursue this from an international cross-market perspective.

2.2.2 Segmentation and Cross-Market Convergence

Our research constructed over distance measures is implicitly linked to the issue of
cross-market segmentation, which still has limited coverage in the field of Bitcoin.
Following the definition by Jorion and Schwartz (1986), segmentation specifies the
scenario that investors receive diverse risk-adjusted expected returns on identical
assets listed on different markets. Pioneer works and discussions capturing distinct
price behaviour of assets among segmented markets can be found via Mayers (1976),

! The term inefficiency here is contrary to informational efficiency (e.g., Fama et al., 1969; Fama, 1970). Given
the condition of inefficiency, asset prices haven’t fully and fairly reflected available information set and thus
they further demonstrate varying levels of predictability. An extreme example will be the price bubble, where
investors overestimate the available information, and their overreaction boosts the price.
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Merton (1987), Amihud and Mendelson (1986), Hietala (1989), Foerster and Karolyi
(1999), as well as Baker, Nofsinger and Weaver (2002).

Investors from different regions trading Bitcoin with their local currencies react to
varying information sets; consequently, they bear diverse and limited knowledge of
Bitcoin. For instance, Makarov and Schoar (2020) denote Bitcoin priced in different
currencies presents evident arbitrage potentials and can be linked to capital controls.
Partially to blame here is the fact that technology barriers and regulatory policies from
authorities differ from area to area (Brandvold et al., 2015; Kaplanov, 2012; Kristoufek,
2015). This type of segmentation cannot be erased by traditional arbitrage until a
market-wide consensus has been met. Most less-empirical findings reconfirm the hold
of such cross-market-wide heterogeneity. For instance, Gillaizeau et al. (2019) discuss
diverse roles of the giver and receiver of the top five Bitcoin-fiat pairs; the results of
Cheah et al. (2019) indicate this type of market-wide difference in a long memory co-
integration system. These signs and scholarly findings give us grounds to consider
Bitcoin priced in different currencies as being in segmented markets, in this research.
In addition, having a stringently uniform and invariable quality among segmented
markets, Bitcoin offers a convenient controlled test field to check how the price
generates and evolves from the perspectives of segmented sectors. With pricing
issues distinct from those of traditional financial assets, as exemplified by duel- or
multi-listing stocks (Jorion and Schwartz, 1986) and physical commodity assets, such
as bulletin gold, Bitcoin is fully free of being entangled in the arguments around
defining identical assets.

We hold that the dynamic aspects of this segmentation issue are of primary
importance to valuing Bitcoin due to its visibility on whether segmented markets are
moving towards a consensus in pricing. Convergence occurs when consensus
denotes that a global pricing factor mainly drives the market; meanwhile the domestic
pricing factor for each individual market merely has explanatory power, which implies

deep psychological synchronicity among investors across markets.

In view of the above barriers and concerns, we propose to map Bitcoin price dynamics
via a model-free distance measure, namely one free of the factors and assumptions
involved in existing asset pricing models. We apply risk-return distance among a set

of selected Bitcoin-fiat pairs to quantify the cross-market behavioural similarity in price
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fluctuations and examine whether such fluctuation is moving towards convergence or
divergence for the aggregated market level. This method considers the formation of a
market-wide consensus of Bitcoin as an initial step in solving the Bitcoin valuation
challenge. Also, we contribute to the Bitcoin pricing literature by characterizing its risk-
adjusted return, which is not yet comprehensively discussed yet essentially due for
portfolio management and risk-taking purposes.

2.3. Data and Methodology
2.3.1 Data

Fiat to Bitcoin pairs introduce a fancy experimental field to consider Bitcoin price
dynamic process from a cross-market perspective. Daily historical Bitcoin-fiat prices
(Bitcoin daily closing prices against different fiat currencies) are collected from Crypto
Compare?. After eliminating series with limited available observations (for example
with a great portion of missing values or outliers), 19 selected Bitcoin-fiat pairs form
our sample set®. Observations of interest span from 3rd November 2013 to 19th
September 2020.

The 19 samples are Bitcoin (BTC) priced in the Romanian Leu (RON), Norwegian
Krone (NOK), Israeli Shekel (ILS), Swedish Kronor (SEK), Malaysian ringgit (MYR),
Mexican Peso (MXN), Thai Baht (THB), Brazilian Real (BRL), Canadian Dollar (CAD),
South African Rand (ZAR), Singapore Dollar (SGD), Australian Dollar (AUD), Russia
Rouble (RUB), British Pound (GBP), Polish Zloty (PLN), Euro (EUR), Japanese Yuan
(JPY), US Dollar (USD), and Chinese Yuan (CNY), ranked by cumulative trading
volume during the observation period. In this research, we refer to Bitcoin priced in

different currencies as individual markets.

To offset the distortion from fluctuations in foreign exchange on Bitcoin price
movements, we uniformly convert Bitcoin price series against different currencies into

USD prices. Daily closing foreign exchange rates against the USD are available from

2 Owned by Crypto Coin Comparison Ltd., www.cryptocompare.com provides live data.

3 Our selected samples cover 97.54% of market trading volume, initially via 40 Bitcoin-fiat pairs during the
observed period, which fairly represents the whole market. The missing values and outliers (local anomalies),
among the selected price series, are replaced by the sample average of neighbouring points (see Pechenizkiy
et al.,, 2010).
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Datastream. Natural logarithmic returns ( R,,) are based on price series p after

conversion, as defined in Eq. (1).

£,

Ri,t = Ln( ) (1)

it-1

Table 1: Descriptive Statistics of 19 Sample Individual Markets

Cumulated Average

trading Daily Star.|d§rd .

volume Return Dev:)atlon Skewness Kurtosis
(BTC) (%) (%)

RON 22027.08 0.1416 10.1458 0.0106 3.06
NOK 23082.35 0.1848 10.3250 0.0211 4.13
ILS 46129.11 0.1697 4.6074 -0.2432 10.47
SEK 68163.72 0.1573 9.0588 -0.1508 4.50
MYR 207232.12 0.1579 9.6316 0.9166 76.95
THB 309721.83 0.1613 8.9579 -0.0305 2.34
MXN 372523.79 0.1425 6.3630 -0.0924 7.51
BRL 522124.02 0.1587 4.1376 0.0371 15.06
CAD 605673.61 0.1677 7.7451 0.0262 12.97
ZAR 815022.84 0.1591 4.5446 -0.6212 10.69
SGD 866582.04 0.1256 6.3612 -0.4924 12.33
AUD 1282999.07 0.1572 6.2910 -0.2051 9.69
RUB 1295273.17 0.1665 5.3558 -0.3351 16.00
GBP 2365801.28 0.1579 6.7517 4.3200 134.97
PLN 3086132.29 0.1687 4.5183 0.0767 19.51
EUR  25202831.99 0.1557 5.0771 0.5732 52.14
JPY  59213615.76 0.1689 8.4301 5.1832 149.35
USD 153950212.70 0.1549 5.9713 5.2788 184.71
CNY 725963308.71 0.1575 6.1406 -0.8246 27.11

Note: Cumulated trading volume (BTC) is the total number of Bitcoin traded in each currency during
the observed period; a positive skewness denotes a fatter or longer tail on the right side of the
distribution mode; leptokurtosis is for the cases where the kurtosis is greater than 3 and implies heavy
tails.

Table 1 reports the basic statistics of the 19 samples. Regarding the cumulative
trading volume of Bitcoin, we noticed that when priced in GBP, EUR, JPY, USD, and
CNY, it contributes to a major portion of the trading volume among the selected
samples. The average daily return spans from 0.1256% (minimum found in SGD) to
0.1848% (maximum found in NOK). The standard deviation of daily return is

apparently greater than average daily return and is consistent with Bitcoin’s high

21



volatility feature. Except for Bitcoin priced in THB (mesokurtic), all samples depict
leptokurtosis, implying Bitcoin returns are more prone to occur as extreme figures
(either positively or negatively). As for skewness, most Bitcoin-fiat pairs depict no
evident asymmetry in the normal distribution, whereas Bitcoin priced in GBP, JPY, and
USD present significant positive skewness where the mean and median of those
returns are much greater than the modes.

2.3.2 Distance Specification

In the event of a consensus, prices for the identical asset traded among different
markets should neither similarly decrease or increase in terms of the first and second
moment of a price series*. A decreasing cross-market risk-return dissimilarity denotes
a formation of consensus whereas a rising level of dissimilarity implies departure from
consensus. Consequently, examining a trend towards consensus can also bring
meaningful inference on whether Bitcoin prices are in line with or counter to the
characteristics of the martingale difference sequence (for example, Khuntia and
Pattanayak, 2018) and further implies a process of time varying efficiency. Followed
the work of Eun and Lee (2010), Euclidean distance measures are adopted to quantise
the degree of dissimilarity between one specific individual market and the cross-
market-wide average, namely the greater the distance is, the lesser consensus is
found among those markets. For Bitcoin having zero intrinsic value, a trend of
converging towards consensus may bring a supportive indication for its price evolving

process.

Euclidean distance measures are substantially free of model specifications. Subjects
of interest for calculating distance measures are only risk and return generated from
the price series of different markets, without assumptions underpinning the asset

pricing model (such as pricing factors, reference market indices, and return

4 Indeed, as presented on Table 1, there are significant differences in the level of skewness (the third moment)
and kurtosis (the fourth moment) among individual markets, which can also provide some valuable
information regarding price disparities. However, this research expends discussions over risk-return trade-off
framework, and we proxy the risk by standard deviation (the second moment) which is in line with ideas of
classic mean-variance based CAPM (Sharpe, 1964; Lintner, 1965). Although, the skewness and kurtosis can also
reflect some information of risk, but their impacts on return can be proportional to variance risk (e.g., Sears,
1985; Chabi-Yo, 2008) and empirical studies also end up with mixed findings regarding to investors’ sensitivity
to the third and the fourth moments of the price (e.g., Friend and Westerfield, 1980). Therefore, we apply the
first and the second moments of price in this research.
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distributions) in the calculation. We thus argue this measure can be a convenient non-
parametric tool for analysing the price dynamics of emerging assets with vague
natures. Our study in Bitcoin risk-return characteristics via an aggregation of cross-

market information aims to lay some initial foundations for pricing Bitcoin.

Details for the risk-return distance constructions are as follows. We define R as a T by
N matrix. For the i-th column and t-th row element in R, we apply L-day moving
average return R;,, as per Eq. (2). Similarly, we have T by N matrix £ to record
corresponding risk, i.e., sample standard deviation o;,, as per Eq. (3). We consider
the one week moving average, L = 7. Alternatively, we check 30-day (monthly) and
90-day (seasonal) rolling windows for robustness®. In this paper, i starts from 1 to N
and t spans from 1 to T; N and T are the total number of sample markets and
observations (after adjustment for the moving average) respectively. Given the limited
knowledge of the real features of Bitcoin’s return and risk, the rolling approach adopted
here provides a convenient and dynamic estimation for mean return and conditional
volatility upon the realized price series.

1L
:ZZ it—1

1 L-1 _
O, = ﬁZ(Ri,t—l_R‘?’)z (3)
—1 =0

To mark the dissimilarities among markets, we start by quantizing the degree
individual markets deviate from cross-market simple averages, as in Eq. (4) and Eq.
(5). Here, Q denotes a N-by-N all-ones matrix; RD and SD are both T by N matrixes

for return differences and risk differences among markets.
— 1 =
RD=R-—RxQ (4)
N
SD:Z—inQ (5)
N

Our distance measures share the interpretation of widely practised cluster methods
among non-parametric similarity (or proximity) analysis literature (Maital, 1978; Bastos

5 Length of rolling windows does not exceed one quarter to avoid losing the granularity of daily price dynamics.
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and Caiado, 2014; Dokmanic et al., 2015; Merigé and Casanovas, 2011). In detall,
return distance RD;, takes the absolute value of the i-th column and t-th row element
in RD, which denotes how much individual market i’s return may deviate from the
cross-market average level at time ¢. Similarly, risk distance SD;, equals the absolute
value of the i-th column and t-th row element in SD, capturing how much individual
market i's standard deviation differs from the cross-market average level at time t.
Taking cross-market average return and average risk as a reference point for the
centre of the cluster is useful for both calculation and econometric inference. First, a
cross-market average may not be the exact centre for the cluster of 19 selected
sample markets but can be an effective estimator, largely eliminating calculation
difficulty, especially for capturing dynamic properties over the observed period.
Second, a convincing convergence trend towards a cross-market average can imply
individual markets share a common inherent mean-risk feature, which econometrically
fulfils the LOOP principle.

To further account for market-wide risk-return dynamics simultaneously within one
distance measure, we employ Euclidean distance, which is a suitable measure for
calculating multi-dimensional geometrical distance, whereas we introduce Manhattan
distance as the alternative measure in the later robustness test section. Eq. (6) shows
a simple form of Euclidean distance. Assuming two subjects x,y both have K
indicators to capture their features, then the Euclidean distance is described as the

square root of the sum of squared differences between x,y for each indicator.

ED,, =|:i(xk _yk)2:| (6)

As described in section 2.3.1, return and standard deviation for Bitcoin do not have
the same magnitude and to avoid the event that two features contribute to the risk-
return distance differently, we follow Eun and Lee (2010) and calculate weight-

adjusted return distance WRD; , and weight adjusted risk distance WSD;,, as per Eq.
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(7) and Eq. (8). Here, || denotes the Frobenius norm. The original dispersed data

structure remains the same after this adjustment.®

1/2

R, {(MJ ] R0,

|RD]

2 1/2
l[% ] s, ®

We substitute Eq. (7) and Eq. (8) into Eq. (6) to generate risk-return distance measure

RSDf, based on Euclidean distance.

RSDE =[WRD, +WsD%,]" (9)

To generate benchmarks for aggregated levels of cross-market distance, we use
average RSD{, and median RSD/; at time t. We then detect whether there is
significant time trend, either increasing or decreasing, at both the aggregated and
individual market levels. A decreasing trend signifies markets are converging towards
one another, which implies individual markets with rising similarity are forming cross-

market-wide consensus.

y,=a+p*t+¢ (10)

The dependent variables of interest ( y;) are return distance, risk distance, and risk-
return distance at the individual market level and cross-market average level in this
study, and «a, B,, &; are for the constant term, coefficient for time term, and residuals,
respectively. The standard error of the beta coefficient in Eqg. (10) is based on the HAC
estimator of Newey and West (1987), known to account for heteroscedasticity and

autocorrelation in the time series. Furthermore, to prevent the presence of spurious

8 This convenience cannot be guaranteed by using conventional standardization in the case where data
contains a time trend and is not symmetrically distributed.

25



regression, the augmented test by Dickey and Fuller (1979) is utilized on &, to examine

whether residual series are stationary.
2.4. Empirical Results

To present primary evidence on how Bitcoin’s risk-return feature differs among
markets over the observed period, we first divide our samples into three equal-length
sub-periods, 10/11/2013 to 22/02/2016 (Sub-period 1), 23/02/2016 to 06/06/2018
(Sub-period Il), and 07/06/2018 to 19/09/2020 (Sub-period lllI). We calculate daily
cross-market average return distance and average risk distance within each sub-
period.

Fig 1 Daily Cross-Market Average Risk Distance and Return Distance during
Three Sub-Periods
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Note: This figure plots 19 selected markets on the space of average risk distance against average return

distance, over three equal length subsequent window (subperiod I, Il and Ill).

Figure 1 plots how risk-return features among markets vary across three sequential
sub-periods. The dots for three sub-periods roughly cluster within the three areas
marked as dotted frontier curves, excluding the extreme values. Noting that the circle
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has moved towards the origin of the scatter diagram, we expect there is a declining
trend in both return distance and risk distance. Furthermore, these dots tend to cluster
within a smaller area, suggesting that the differences among individual markets are
reducing. We thus anticipate that those markets present an increasing similarity in risk-
return features. We empirically examine this econometric exercise in Section 2.4.1 and
Section 2.4.2. A simple linear regression expressed as Eq. (10) provides a detailed
outlook of whether distance measures may predict a trend.

To capture the distance measure feature at overall market level, we calculate cross-
market average and median for return distance, risk distance, and risk-return distance.
As clarified in the methodology, these distances rely on a 7-day rolling window and we

generate RSth from RD;, and SD;, after weight adjustment.

2.4.1 Cross-Market Level Convergence

Table 2 presents the cross-market averages and medians of three distance measures
over the observed period. Notably, beta coefficients of Time terms (T) among the
distance measures are all negative and significant at the 1% level. A valid regression
should have stationary residuals and to affirm this condition, we perform the
augmented Dickey-Fuller test. As we find no evidence for the unit root in residual
series, the results of the regressions are robust. Thus, the empirical results support
the existence of convergence among the Bitcoin markets, in which price fluctuations

show increasing similarity among our sample markets.

Furthermore, risk-return distance convergence at cross-market average (median)
level is driven by a decreasing trend in both dimensions in terms of risk and return
features, rather than only one of coordinates. It is noted that absolute values of time
term coefficients for distance measures at the cross-market average only slightly differ
from those for the cross-market median, which implies the average and median of
these individual markets’ distances can consistently capture the aggregated level of

market dynamics.
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Table 2 Trend in Aggregated Cross-Market Level Distance

_ Unit root
Response Time Beta t-statistic Adjusted  test for
. Intercept . ) )

Variable nac (time) R residuals

(t-statistic)
Cross- RSD;, 563 -0.135 -5.83*** 0,152 -7.53%*x
Market RD,, 86 -0.025 -6.02%** 0.145 -7.58%*x
Average  sp 343 0.063  -4.44%**  0.086 7.18%%*
Cross- RSDy, 442 -0.133 -7.87*%*%  0.249 -7.56%**
Market RD,, 56 -0.019 -6.34%** 0.155 -7.87%%*
Median SD,, 300 -0.080  -7.05***  0.193 -8.61%**

Note: * represents a 10% significance level; ** represents a 5% significance level; *** represents a
1% significance level; augmented Dickey Fuller is applied in a unit root test. For better presentation,
we rescale the distances before regression analysis and the unit of measure is basis point.

2.4.2 Individual Market Level Convergence

The trend revealed at the overall market level does support the convergence pattern
hypothesis but is insufficient to suggest that such a conclusion holds for all or even
most individual markets. Nonetheless, individual level dynamics are crucial for
diagnosing whether such markets are consistently moving towards a common
benchmark (a gradually shaped consensus among selected markets). This drives

further examination at this stage.

Firstly, we consider convergence in risk-return distance. Hence, we apply individual
markets’ risk-return distances as the dependent variable in Eq. (10). As presented in
Table 3, significant risk-return convergence holds in 16 out of 19 samples, whereas
Bitcoin against NOK and Bitcoin against SEK depict a divergence trend, and
Bitcoin/MYR shows no significance in the time coefficient. These outliers are
acceptable since they can start at the centre of the cluster at the beginning and move

towards divergence or move around the centre of the cluster randomly.

Secondly, we test the trend in return distance and risk distance at the individual market
level, to detect the roots of convergence in risk-return distance (namely as resulting
from one or both of return and risk properties). Table 4 reports the results. 15 markets
have negative time beta at a 5% or higher significance level for both return distances
and risk distances, whilst significant return and risk divergence presents in BTC/NOK
and BTC/SEK. BTC priced in MRY provides no significance for both distance
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measures. In the case of Bitcoin against the Chinese Yuan, a cross-market
convergence pattern only holds for its risk characteristic rather than both dimensions.
These empirical findings lead to a strong conclusion that risk-return convergence for
the aggregated market level stems from the fact that most individual markets tend to
converge (or equivalently converge to cross-market averages) in terms of both return
and risk features, rather than from the phenomenon of only a minority presenting

significance in convergence and the remaining markets ending up with no significance.

Table 3 Risk-Return Distance Measures at the Individual Market Level

Risk-Return Distance (Euclidean)
Adjusted unit root test

Inﬁli\'ig utal Intercept ~ Time Beta t'Sta,:FiStiCHAC ) for residuals
arke (time) R (t-statistic)
AUD 587 -0.218 -10.11%** 0.218 - 8.58%***
BRL 443 -0.115 - 7.48%** 0.162 - 9.72%**
CAD 809 -0.335 -10.47*** 0.244 - 5.96%**
CNY 405 -0.044 - 2.14%** 0.007 - 8.01%***
EUR 457 -0.160 - 4.56%** 0.115 - 9.51%**
GBP 581 -0.230 - 4.16%** 0.094 -10.00***
ILS 382 -0.089 - 5.14%** 0.085 -11.22%**
JPY 892 -0.403 - 4.43%** 0.109 - 6.26%**
MXN 628 -0.225 -10.65*** 0.251 -10.33***
MYR 462 0.055 0.68 0.001 - 8.67***
NOK 429 0.215 6.37%*x* 0.068 -13.25%**
PLN 475 -0.161 - 7.50%** 0.211 - 9.60***
RUB 530 -0.171 - 7.64%** 0.178 - 9.54%**
RON 781 -0.075 - 1.73%** 0.009 - 7.41%**
SEK 394 0.164 4.98*** 0.056 -11.72%**
SGD 615 -0.228 - 7.20%** 0.162 - 9.01%***
THB 905 -0.246 - 8.31%** 0.141 - 7.07%**
uUSD 500 -0.186 - 3.53%** 0.075 - 7.76%**
ZAR 427 -0.117 - 6.23%** 0.137 - 9.20%***

Note: * represents a 10% significance level; ** represents a 5% significance level;, *** represents a
1% significance level; augmented Dickey Fuller is applied in a unit root test. For better presentation,
we rescale the distances before regression analysis and the unit of measure is basis point.
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Table 4 Return Distance and Risk Distance at the Individual Market Level

Return Distance

Risk Distance

t-statistic ; Unit root t-statistic ; Unit root

TIME Adjusted  test for TIME Adjusted  test for

Intercept Beta HAC 2 residuals Intercept Beta HAGC 2 residuals

Individual (time) t-statistic) (time) (t-statistic)

Markets (

AUD 93 -0.039 -12.97%** 0.203 - 9,89*** 349 -0.111 -6.35%** 0.107 - 7.A5***
BRL 59 -0.016 - B.74%** 0.076 -11.44%** 312 -0.079 -6.27%** 0.135 - 6.87***
CAD 116 -0.051 -12.74%** 0.192 - 7.86*** 521 -0.203 -7.59%** 0.156 - 5.61***
CNY 44 0.003 0.83 0.001 - 7.68*** 317 -0.068 -4, 44%** 0.028 - 9. 27***
EUR 51 -0.019 - 2.57** 0.035 - 9,39%** 335 -0.110 -6.57%** 0.181 - 7.52%**
GBP 89 -0.040 - 4,01%** 0.075 - 9,58*** 348 -0.118 -3.48%** 0.064 - 9,39%**
ILS 55 -0.012 - 4,61%** 0.042 -10.77*** 251 -0.062 -4, 4% ** 0.070 -10.65***
JPY 141 -0.068 - 4,02%** 0.078 - 6.61*** 542 -0.231 -4 3] %** 0.108 - 5.85***
MXN 106 -0.044 - 9,88*** 0.195 - 9.00*** 344 -0.099 -8.73%** 0.144 -11.23%**
MYR 80 -0.001 - 0.08 0.000 -10.27*** 251 0.071 1.12 0.005 - 9. 21%**
NOK 80 0.013 2.53%* 0.008 -10.30*** 182 0.227 8.39%** 0.110 - 7.98***
PLN 60 -0.024 - 4,98*** 0.108 -13.01%** 330 -0.095 -7.73%%* 0.188 - 9,38***
RUB 87 -0.035 - 8.90*** 0.168 - 7.46*** 297 -0.066 -4,08%** 0.062 -11.56%**
RON 137 -0.029 - 4 2T7*** 0.034 - 9.06*** 416 0.020 0.64 0.001 - JAT***
SEK 69 0.013 3.13%** 0.010 -10.27*** 190 0.159 5.82%** 0.079 -11.75%**
SGD 101 -0.042 - 6.46*** 0.118 - 8.49%** 330 -0.104 -5.97%** 0.103 - 9.88***
THB 128 -0.038 - 9,90*** 0.097 - 9,65*** 599 -0.148 -5.93%** 0.081 - 7.40***
usD 63 -0.025 - 2.56** 0.036 - 9,09*** 351 -0.122 -3.96%** 0.088 - 7.87***
ZAR 69 -0.024 - 8.33%** 0.129 -11.03*** 254 -0.051 -3,35%** 0.055 - 9,14%**

Note: * represents a 10% significance level; ** represents a 5% significance level; *** represents a 1% significance level. Considering a better presentation

for daily data, we rescale the distances before regression analysis and the unit of measure is basis point.
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2.5 Robustness

The question arises as to how solid our results are across calculation method choices
and changes in the rolling window size for the distance estimation. Does the
convergence pattern over the observed period present different trends given there is
more than one latent dynamic state? A battery of robustness tests in this section

reconfirms the consistency our previous main findings’.

2.5.1 Alternative Distance Measure

For the case of binary attributes (the return and risk coordinates considered in this
study), Manhattan distance can be a sound alternative metric to capture dissimilarity
among markets. Instead of taking the square root for the sum of squared differences,
Manhattan distance between two observations, such as x,y ( MD,,,), simply applies
the sum of absolute differences of the risk-return features (Madhulatha, 2012), as
provided by Eq. (11). Particularly for this case, standardized (weighted adjusted)
absolute magnitudes of cross-market difference are applied for the Manhattan
Distance calculation, as specified in Eq. (7) and Eq. (8).

K
Mny:Z|xk_yk| (11)
k=1

We direct our investigation at the individual market level and employ the same
regression strategy to examine the convergence hypothesis in each Manhattan risk-
return distance. Table 5 details the results. There is no measurable difference in
results compared to Euclidean distance measures: 16 out of 19 markets display
consistent convergence in risk-return distance; for Bitcoin against NOK and SEG,
Manhattan distance consistently demonstrates patterns of divergence at the 1%
significance level; no significance for either convergence or divergence trend is again
found in BTC/MYR. Regarding the aggregated market level, we calculate the daily
cross-market average and median of these Manhattan distances among 19 samples

7 To exclude the case that Bitcoin cross-market return risk convergence will result from co-movements among
selected foreign exchange rates, we apply supplemental tests prior to our robust reviews, and accordingly find
no significance regarding convergence among currencies. See as Appendix Il of Chapter 2.
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and regress the two series against the Time term accordingly. We found Time betas
consistently show a significant (at 1%) negative slope for both cross-market average

and median risk-return distances.

Table 5 Risk-Return Distance (Manhattan) Measures at the Individual Market

Level

Risk-return Distance (Manhattan)
Adjusted Unit root test

Individual : t-statistic .
Markets Intercept Time Beta e (time) R for residuals
(t-statistic)
AUD 745 -0.278 - 9.85%** 0.213 - 8.86***
BRL 569 -0.149 - 7.45%** 0.158 -11.38%**
CAD 1021 -0.421 -10.47%** 0.238 - 6.26%**
CNY 511 -0.058 - 2.16** 0.007 - 8.02%**
EUR 557 -0.191 - 4.34%*x 0.104 - 9.78%**x*
GBP 730 -0.287 - 3.94%*x* 0.084 -10.37%**
ILS 490 -0.114 - 5.07*** 0.083 -10.92%**
JPY 1145 -0.521 - 4.27%** 0.102 - 6.45%**
MXN 798 -0.286 -10.57%** 0.246 -10.75%**
MYR 591 0.070 0.67 0.001 - 8.69%**
NOK 521 0.289 6.95*** 0.076 -12.70%**
PLN 591 -0.199 - 7.37%*x* 0.202 - 9.26***
RUB 668 -0.213 - 747*** 0.172 - 9.63***
RON 999 -0.101 - 1.86*** 0.010 -10.51%**
SEK 485 0.217 5.24x*x* 0.061 -11.78%**
SGD 763 -0.281 - 7.26%** 0.163 - 9.15%**
THB 1150 -0.312 - 8.18%*** 0.132 - 6.73%**
usD 623 -0.230 - 3.31%*x 0.065 - 7.94%*x*
ZAR 548 -0.151 - 6.11%** 0.134 - 9.47%***

Note: * represents a 10% significance level; ** represents a 5% significance level;, *** represents a
1% significance level. Considering a better presentation for daily data, we rescale the distances
before regression analysis and the unit of measure is basis point.

At this point, we conclude that distance measures via Euclidean and Manhattan
approaches are generally consistent. Since Euclidean distance is robust and can fairly
capture cross-market risk-return dynamics, we stick to utilizing the Euclidean approach

for risk-return distance calculations in the remainder of this study.
2.5.2 Rolling Window Estimation

Without clear knowledge of true mean returns, estimating price characteristics via
realized price series carries uncertainty and raises a dilemma. In the case that each

rolling frame covers relatively small numbers of observations, the estimated mean
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returns may provide lesser representation due to the higher estimation error, whereas
when applying a longer rolling window, we potentially lose some precision in tracing
the periodic or local changes in price dynamics. Accounting for Bitcoin’s feature of
extreme volatility, the first and second moments of price series (the key characteristics
of price) estimated under different rolling window lengths may generate varying
conclusions. Recalling our previous main results, we initially apply a one-week rolling
window. To include the robustness test and additionally revisit the trade-off for the
abovementioned concerns, we employ rolling windows covering one month (L = 30)
and one season (L = 90). We replicate the regression experiments to examine the

convergence at the overall market level and individual market level.

As summarized in Table 6, outcomes are generally consistent with the results in
section 2.4.1 and 2.4.2. Panel A exhibits the results for the overall market level, in
which three distance measures depict significant convergence in both L =30 and L =
90 with all residual series passing the unit root test. The cross-market average and
cross-market median of risk-return distances present no significant difference
regarding the magnitude of Time beta. Panel B covers the results for the individual
market level. Analogous to the case of L =7, 16 out of 19 samples present a
convergence trend under both alternative rolling windows (significant at the 1% level
except for BTC/RON). Divergence patterns found in Bitcoin priced in NOK and SEK
are the same as those gained under L = 7. For Bitcoin priced in MYR, the situation
has changed, where initially it presents no significant time trend in risk-return distance
under L =7, whereas a divergence trend is evident under L =30 and L =90

(significant at the 5% or better).

2.5.3 Trend Dynamics under Different States

This subsection describes a robustness check from the perspective of nonlinearities.
For a given period of observation, a fixed time slope is essentially straightforward to
describe the general tendency; however, such simplification can also ignore the
nonlinearities arising from unobservable regimes. Considerable empirical findings
suggest Bitcoin price is undergoing varying conditions associated with occurrences
like bubbles and crashes (Cheah and Fry, 2015; Cheung et al., 2015; Fry and Cheah
2016), which may lead to the Bitcoin market behaving diversely towards any
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consensus. Allowing switching between different regimes with a specified probability
framework (Hamilton, 2010; Hamilton, 2020), Markov regime switching provides a
flexible and practical solution to investigate nonlinearities of convergence trend cross

those vulnerable Bitcoin markets.

Table 7 reports the results for this part. We include both constant term and time trend
term (Time) in regression within two regimes, allowing regime-independent standard
deviation. Distance measures applied in this section are given via a one-week rolling
window. For the overall market level (cross-market average and median distances),
the convergence trend holds for both regimes in terms of return distances and risk-
return distances whilst for risk distances the negative slope lacks significance at some
part of observations. For the individual markets, the risk-return convergence trend is
in general consistent with the initial findings given by simple regressions (section 2.4.2):
12 out of 19 markets consistently provide evidence for convergence at 5% significance
or better; BTC/AUD and BTC/CNY contain some subperiod of no convergence trend,
whilst the remainder of the observations stick to a convergence pattern; BTC-fiat pairs
of BTC/CAD, BTC/MRY, and BTC/RON exhibit both convergence and divergence
patterns at 10% significance or better; findings for Bitcoin priced in NOK and SEK
retain the same divergence trend. We expect during some extreme episodes, like the
shutting down of key Bitcoin exchanges in certain countries, the convergence to be
temporarily revised or remaining inconspicuous, but from the long-term perspective
not altering consensus formation for the aggregated market level. This is due to market
participants gradually becoming better educated so able to response more promptly.

Overall, based on robustness checks from the above three perspectives, we can
conclude that the utilization of Euclidean distance with a one-week rolling window in
calculating three distance measures is robust, and the convergence pattern identified
among Bitcoin markets based on this method is solid.
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Table 6 Robustness Test under Rolling Window Length of 30 days and 90 days

L=30 L=90
t-statistic ~ Unit root test  Adjusted t_statistic Unit root test  Adjusted
Constant Time Beta HAC for residuals 2 Constant Time Beta HAC (time) for residuals )
(time) (t-statistic) R (t-statistic)
Panel A: Overall Market Level
Cross RSD, 467 -0.103 - 5.36*** . 5 pI*k* 0.145 398 -0.067 - 3.97%xx* - 4.12%*x* 0.088
Market RD,, 25 -0.007 - 5.43%¥* g @)%k 0.138 9 -0.002 - 3.5 - 5.94%xx* 0.060
Average SD,, 293 -0.040 - 340%** - GATHRH 0.063 273 -0.029 - 3.11%* - 3.48%** 0.053
Cross RSDE. 386 -0.114 - 8.08%** . 5g3¥k* 0.279 353 -0.098 - 7.97%** - 3.57*xx* 0.279
Market RD,, 17 -0.006 - 6.02%**  _ 95Q*k* 0.164 6 -0.002 - 4.01%** - 7.10%** 0.090
Median RD, 271 -0.067 - 7.05%%% . g 15¥** 0.224 256 -0.058 - 8.37**x - 3.28%** 0.270
Panel B: Individual Market Level
AUD 440 -0.149 - 8.83%¥* 7 05%** 0.222 345 -0.099 - 7.94%%x* - 6.43%** 0.190
BRL 425 -0.114 - B2T7X¥* L 7.28%k* 0.213 401 -0.112 - 8.34%xx - 6.32%** 0.265
CAD 670 -0.270 S11.43%%% L 4 73%k* 0.313 606 -0.241 -12.00%** - 3.15%* 0.356
CNY 399 -0.077 - 4.36%%* - 6.06*** 0.035 376 -0.077 - 5.87%** - 4.10%** 0.060
EUR 435 -0.155 - 5.B5¥¥* 4, 00%** 0.170 366 -0.116 - 6.63%** - 7.67%** 0.204
GBP 484 -0.185 - 3.91%¥* L g 7IHKH 0.095 410 -0.146 - 4.39%** - 6.08%** 0.118
ILS 338 -0.083 - 5.12%¥* . g 35%k* 0.113 309 -0.072 - 4.81%** - 3.79%*x* 0.116
JPY 842 -0.388 - 5.36*** . 5 38%k* 0.167 813 -0.388 - 6.05%** - 4.33%%x* 0.211
Individual ~ MXN 430 -0.135 - 7.83%%% | 8 gpx** 0.191 308 -0.072 - 6.70%** - B.77H** 0.129
Market MYR 290 0.197 2.35%* - B.5AX** 0.025 67 0.479 5.11%%* - 3.78%*x* 0.124
RSth NOK 320 0.204 6.70%**% - 7.03%** 0.110 276 0.211 8.26%** - 5.91¥** 0.193
PLN 421 -0.137 - 6.59%**  _10.92%** 0.213 385 -0.116 - 7.32%xx* - 3.10%* 0.243
RUB 436 -0.126 - 7.18%¥*  _ 7.86%** 0.191 317 -0.062 - 4.69%** - 7.44%%x* 0.100
RON 571 -0.025 - 0.80 - 5.10%** 0.002 548 -0.049 - 1.71* - 3.06%* 0.012
SEK 239 0.183 8.85%¥* | 7 7g%*x* 0.158 181 0.182 13.36%** - G.74¥** 0.297
SGD 550 -0.219 - 6.02%** - g 15*** 0.176 452 -0.178 - 6.31%** - 6.17*** 0.186
THB 708 -0.188 - 8.34%¥* ] g5¥kk 0.165 601 -0.151 - 7.00%** - 3.36%* 0.154
usD 501 -0.195 - 4.31%%%  _ 4.85%** 0.119 458 -0.174 - 5.84%*x* - G.AG¥** 0.191
ZAR 380 -0.102 - 5.5E¥¥* 7 15%k* 0.142 335 -0.081 - 442¥** - 4.77*** 0.115

Note: *, ** and *** represent significance levels of 10%, 5% and 1% respectively. Considering a better presentation for daily data, we rescale the distances
before regression analysis and the unit of measure is basis point.
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Regime | Regime Il
Constant Time Beta z-statistic Constant Time Beta z-statistic
Panel A: Overall Market Level
RSDE 413 -0.061 -13.39%** 852 -0.115 - 3.30%**
Cross Market RD, 162 -0.031 - 3.10%** 59 0.011 17.45%**
Average
SD,, 412 -0.023 - 2.68%** 189 0.001 0.18
RSDE 198 -0.007 - 1.90* 526 -0.116 - 8.58%**
Crol\jz('j\i/':r:ket RD, 106 -0.028 - 5.53%*x 35 -0.008 -18.60%**
SD,, 362 -0.060 - 9.]15%** 135 -0.003 - 1.08
Panel B: Individual Market Level
AUD 163 0.002 0.47 703 -0.142 - 4.10%**
BRL 292 -0.046 - 8.88%** 621 -0.063 - 2.77*%*
CAD 166 0.006 1.81* 1055 -0.230 - 4.61%**
CNY 960 -0.027 - 047 318 -0.051 - 9,33%*x*
EUR 1062 -0.267 - 2.56*%* 319 -0.085 -27.43%**
GBP 259 -0.051 -15.59*** 1220 -0.387 - 2.88*%*
ILS 256 -0.035 - 7.13%** 649 -0.084 - 3.45%**
JPY 2919 -1.310 - 6.50%** 328 -0.085 -25.06***
Individual MXN 820 -0.230 - 7.86%*%* 254 -0.037 - 7.67%*%*
Market MYR 793 0.588 5.91%** 320 -0.027 - 5.31***
RSDf, NOK 1154 0.098 2.54** 345 0.049 4.45%**
PLN 240 -0.033 - 8.51%** 697 -0.176 - 5.61%**
RUB 251 -0.024 - 7.11%** 775 -0.178 - 5.60***
RON 394 0.021 1.92%** 1403 -0.067 - 2.17**
SEK 344 0.028 2.64*** 1182 0.003 0.07
SGD 232 -0.034 - 9 57%** 1010 -0.279 - 8.05%**
THB 303 -0.039 - 7.32%%* 1170 -0.220 -10.35%**
usD 1428 -0.459 - 2.62%** 310 -0.081 -25.79%**
ZAR 572 -0.067 - 3.23%%* 225 -0.019 - 5.03%**

Table 7 Robustness Test under Markov Switching
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Note: * ** and *** represent significance levels of 10%, 5% and 1% respectively; z-statistic is for time beta. Considering a better presentation for daily data,
we rescale the distances before regression analysis and the unit of measure is basis point.
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2.6. Discussions

Up to this point, this study has documented a significant convergence tendency in risk-
return characteristics of Bitcoin price series among international markets and this
section expends discussions over two aspects. First, we investigate potential factors
which can impact the price convergence. Cryptocurrency related news (market wide
macro-economic shocks) and trading volume (market depth) are of considered.
Second, we highlight convergence is essentially differed from correlation and how
would convergence impact the global diversification opportunities, after controlling for
correlation. This further enhances the understanding over cross-market consensus

formation from distinct view of unpriced idiosyncratic risk.

2.6.1 Macroeconomic Shocks

Though Bitcoin is perceived to have merely fundamental value, there is still much
information available for investors to assess its potential application value. Among
traditional asset classes, news coverage has provided explanatory power for price and
returns, in which interactions exist between investor anticipation and trading behaviour
(Birz and Lott, 2011; Cook and Korn, 1991). We hold that the pathway for Bitcoin
market participants to respond to general news derives from common equivalents for
traditional asset classes. As noted in the literature, Bitcoin price movements are
sensitive to market participants’ emotions (Cheah and Fry, 2015; Cretarola and
Talamanca, 2017; Dwyer, 2015) and can also react to macroeconomic news or
monetary authority announcements, as investor behaviour can be driven by their
psychology. Chu et al. (2019) posit that BTC/USD price fluctuation can be explained
by event sentiment; Corbet et al. (2020a) and Corbet et al. (2020b) empirically gauge
the effect of spill-over from real economic news signals on Bitcoin returns and volatility.
In line with existing event analysis studies, we provide an extended test by
hypothesising that cross-market investors are susceptible to major news coverage and
incidents directly related to Bitcoin markets (as crucial informative sources of investor

sentiment conversion, while their impacts can vary).

We examine how key news announcements related to Bitcoin markets impact on
convergence patterns. We argue that different types of events as different
macroeconomic shocks tend to provide explanatory power for Bitcoin-market-wide

38



consensus formation. By categorizing events into two sets (positive and negative), we
derive the following settings for an empirical experiment which addresses the
controversy here. We assign positive event dummy DP and negative event dummy
DN . On each date t, if a positive event (or negative event) occurred within days from
t — 6 through t, DP, (or DN,) equals 1, otherwise equals 0; in the case that both
dummies equal 0O, there is no event between date t — 6 and t. This setting particularly

corresponds to the 7-day rolling window applied in the distance metrics.

For event classification, the heuristics applied is where events containing “bad news”
around Bitcoin will be classified as negative events (these events, such as the
bankruptcy of the digital coin exchange Fcoin on 17/02/2020, apparently harm
stakeholder faith in the development of Bitcoin), while conversely, positive events are
for “good news” (whereby announcements can enhance investor confidence in utilizing
Bitcoin, such as the launch of Bitcoin futures on 31/10/2017). A detailed list of events
included in dummy variables is presented in Appendix I.

Here, to test the effect of events on distance measures along the observed period, we
apply cross-market average risk-return distance, return distance, and risk distance, as
responding variables of interest y, and regress them separately against the time term
t and two event dummies as per Eq. (12). We examine the events’ impact on intercept
terms, namely how it influences the distance measure via shifts in level. Similarly, we
test if event dummies can change the speed of convergence, namely the beta for Time
term as per Eq. (13).

y,=a+p*t+B,*DP+B,*DN, +¢&, (12)

v, =a+pf*t+ S, *DP*t+ ,* NP *t+¢,(13)

Table 8 demonstrates how positive and negative events impose effects on the
convergence procedure, where a comparison between cross-market average and
median of distance measures confirms the consistency at the aggregated market level.
It is found that the distance-widening and convergence-decelerating effects provided
by events have significant influence both on return and risk features among Bitcoin

cross-market price dynamics. In particular, the results listed in Panel A depict that both
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categories of events can broaden the distance level via triggering a positive upward
shift (significant at 10% or better). This suggests that compared to non-event periods,
the Bitcoin-fiat pairs considered in general exhibit a lower level of cross-market
consensus (greater dissimilarity) during the event periods. As for Panel B, we note
that both types of events impede the convergence trend where observations within the
event period on average have a smaller convergence speed than those within non-

event periods.

The above results suggest that the release of news information intensifies
disagreement among Bitcoin markets and inhibits convergence speed, especially
given Bitcoin being ambiguous as a benchmark of fundamental value. Release of such
incidents can trigger re-evaluation within each individual market. As is clear in Panels
A and B, the Bitcoin markets react to good and bad announcements asymmetrically.
Looking deeper into the magnitude of these coefficients, those for positive event
dummies are all smaller than those for negative event dummies, in all cases,
suggesting a tendency towards more cross-market disagreement on average found
during negative event periods than positive ones. This is in line with behavioural
finance theories related to fear and herding, where investors are more prone to
overreact to bad news than good news. Our results and related inferences can help
speculators in Bitcoin markets construct better risk management strategies or seek

hedging opportunities during events or post-event periods.
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Table 8 Impact of Positive and Negative Events on Cross-market Convergence

Panel A: Impact on Intercept

Unit root
Respond Intercent Time Beta Negative Positive Adjusted test for
Variable P Event Event R2 residuals
(t-statistic)
RSD], 562 -0.153 115.1 49.0 0.177 -7.56***
(15.39)*** (-5.60)***  (2.28)**  (2.31)**
,\(n:ro:st RD, &5 -0.028 200.0 7.8 0.165  -7.71"
arke (12.60)*** (-5.75)***  (2.28)**  (2.23)**
Average . : : :
SD,, 342 -0.072 64.4 28.8 0.107 -7.21%**
(16.08)*** (-4.31)***  (1.95)* (1.94)*
RSD], 441 -0.146 89.6 353 0.274 -7.60***
c (-7.60)%**  (-7.42)%**  (2.52)**  (2.37)**
ross
RD,, 56 -0.021 14.01 4.4 0.174 -7.92***
Market 11.63)***  (-6.05)***  (2.36)** 1.81)*
Median ( . ) ( . ) ( ) ( )
SD,, 300 -0.088 52.06 20.5 0.211 -8.63"**
(16.65)*** (-6.45)***  (1.96)**  (1.96)**
Panel B: Impact on Convergence Speed
Beta Beta Unit root
Respond | Time N . Positi Adjusted test for
Variable ntercept Beta ( egat]ve ( Osm.ve 2 residuals (t-
A " R
Event*Time) Event*Time) e
statistic)
RSD/, 572 -0.155 0.029 0.036 0.161 -7.61%*
(14.76)***  (-5.97)***  (2.83)*** (2.99)***
C *kk
M::If:t RD,, 87 -0.028 0.004 0.006 0.152 -7.66
Average (12.07)***  (-6.06)***  (2.92)*** (3.48)***
SD;, 349 -0.074 0.019 0.021 0.095 -7.23**
(15.51)%**  (-4.67)***  (2.22)** (2.25)**
RSD/, 449 -0.147 0.024 0.025 0.258 -7.62%**
c (15.64)%** (-7.81)***  (3.39)*** (3.18)***
ross *kk
Market RD,, 57 -0.021 0.003 0.003 0.159 -7.93
Median (11.11)%%*  (-6.24)%**  (2.74)%** (3.14)***
SD,, 305 -0.091 0.018 0.017 0.203 -8.71%*
(16.13)%**  (-7.03)***  (2.86)*** (2.62)***

Note: * **and *** represent significance levels of 10%, 5% and 1% respectively; figures in parentheses
are t-statistics (HAC). Considering a better presentation for daily data, we rescale the distances before
regression analysis and the unit of measure is basis point.



2.6.2 Does Trading Volume Matter?

In this subsection, we discuss whether trading volume can be viewed as informative
in predicting convergence patterns across these segmented Bitcoin markets. This re-

examination is to extend our perspective on the Bitcoin cross-market price process.

Fig 2 Heatmap of Weekly Trading Volume Weight of 19-Selected Sample
Markets over Time Horizons

Heatmap of Trading Volume Weight
AUD
BRL
CAD

onv || N - 1.0
EUR

GBP 0.8
ILS

JPY

MXN 0.6
MYR

NOK — 04
PLN

ROB

RON — 0.2
SEK

SGD — 0.0
THB

usa [ J0D T |

ZAR

2013-11-09
2014-04-19
2014-09-27
2015-03-07
2015-08-15
2016-01-23
2016-07-02
2016-12-10
2017-05-20
2017-10-28
2018-04-07
2018-09-15
2019-02-23
2019-08-03
2020-01-11
2020-06-20

Note: The figure displays weekly trading volume weights of 19 selected Bitcoin markets among the
sample period 03/11/2013 through to 19/09/2020, where the percentage of trading volume of each
market at a given time is associated with the darkness of the colour.

Fig 2 visualizes the dynamic trading volume pattern across 19 selected sample
markets, essentially how individual markets’ trading volume weight changes through
time. Before the 2018 Bitcoin ban in China (wherein approximately the first half of our
selected observations occurred), the trading volume of Bitcoin/CNY overrode the
remaining 18 markets (following by BTC/USD, BTC/EUR, BTC/JPY, and BTC/GBP).
Since this critical event, Bitcoin priced in USD (following by JPY and EUR) has

contributed to a more core portion of trading volume.
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For either fully or partially segmented markets, scholarly viewpoints regarding
traditional financial markets take trading volume as a crucial factor in interpreting
cross-market price behaviour. Empirical research undertaken in such markets argues
that a higher trading volume implies relatively higher liquidity, as depicted by the case
of A-B stock price premium by Sun and Tong (2000), and greater market depth. This
infers greater information advantage and a higher degree of efficiency (for example,
Hirshleifer, 2001). If this transmission mechanism holds for the Bitcoin ecosystem, we
anticipate individual market price fluctuations should also follow the patterns of those
principal markets, contributing to the major share of trading volume (for instance
Bitcoin priced in CNY and USD), and consequently converge towards volume-

weighted cross-market average return and risk.

Recalling the initial formulas applied for return-risk distance construction, Equation (4)
through to Equation (9), the cross-market simple average of return and risk is
considered a reference point for a cluster centre, where individual markets are equally
weighted in the distance measure. To facilitate the examination in this subsection, we
recalculate return distance and risk distance measures given volume-weighted
average as the reference point, and we revisit the empirical test for the cross-market
convergence tendency. Key findings highlight that taking volume-adjusted mean as
the implied cluster centre can reduce distances for the risk feature, while no evident
improvement has been brought to the return feature. In detail, after applying the
adjustment to the cluster centre point, 15 out of 19 individual markets gain a smaller
risk distance for over 50% of total observation days, whereas only 9 in 15 markets
have witnessed a reduced return distance. The convergence pattern remains the
same and significant at the aggregated level across those selected Bitcoin markets.
The outcome indicates that international participants are anchoring to risk features of
these major segmented markets (such as BTC/USD) and accordingly they respond
promptly, while remaining insensitive to return information. This implies that if the
major market (in terms of trading volume) were to experience a structural shock in its
volatility (the second moment of the price series), the signal would be transferred into

the remaining more minor markets.
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2.6.3 Diversification Potential and Idiosyncratic Risk

As a supplemental discussion, this section investigates global diversification and
discuss potential intuitions for global investors. We plot three hypothetical efficient
frontiers and demonstrate how the risk-return convergence pattern is related to
conversional pricing frameworks. For an identical asset, if information sharing
efficiency increases among segmented markets, not only the diversification

opportunity but also the unpriced idiosyncratic risk will diminish over time.

Fig 3 Impact of Risk-return Distance Reduction
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applies correlation from the last sub-period, while keeping the rest the same as Line A; Line C applies
risk-return distance from the last sub-period, while keeping the rest the same as Line A; the points of

‘average’ are given by cross-market average return and average risk for each subperiod.
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Risk-return distance as applied in this research reflects dissimilarity (geometric
distance) between an individual market and cross-market average levels and
consequently has not incorporated impacts from changes in cross-market correlation
structure. Following Section 2.3.1, we apply three consecutive subperiods (1, II, IlI
respectively) to trace intertemporal changes in the correlation structure. Cross-market
average correlation coefficients (0.295, 0.579, and 0.590 for Subperiod I, Il and Il
respectively) suggest an increasing correlation among the 19 sample markets over

time.

As disputed by Eun and Lee (2010), a rise in correlation among assets will not assure
risk-return convergence, or vice versa. This gives rise to comparisons after controlling

separately for changes in correlation structure and convergence in risk-return distance.

For these comparisons, we estimate frontiers (see as Eun and Lee, 2010). We take
the 19 selected BTC-fiat pairs as an investment opportunity set and form portfolios
with short selling disallowed. For constructing hypothetical efficient frontiers, inputs of
interest are average daily return, standard deviation of return, and cross-market
correlation matrix, which determine the portfolio return at given risk levels. Three
efficient frontiers with different settings are constructed to outline the optimal portfolio
return potentially gained at each given risk level (standard deviation). Efficient Frontier
A is the efficient frontier based on mean of return, variance, and correlation matrix of
the current sub-period; Efficient Frontier B controls for correlation structure, in which
the correlation used in Efficient Frontier A is replaced by the correlation matrix from
the last sub-period; Efficient Frontier C controls for risk-return distance, where the
return and risk for each market are adjusted based on the last period’s risk distance
and return distance. Figure 3 provides three hypothetical efficient frontiers for Sub-
period Il and IlI.

When an increasing correlation or a decreasing risk-return distance undermines the
diversification potential, the Efficient Frontier A would be dominated by Frontier B or
C. As presented in Fig 3, opportunity sets on Frontier B outperform A for both
Subperiod Il and Ill, depicting that with the increasing correlation among segmented
markets, investors tend to bear more risk given the same return level. However,

Frontier C dominates Frontier A only for Subperiod Il. This implies that a lack of
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evidence to support risk-return convergence can lower the chance of reducing
diversification among global Bitcoin markets. Revisiting the return and risk features of
individual markets, we stress that the impact of changes in risk-return distance to the
efficient frontier is sensitive to individual markets’ performance. In fact, Bitcoin priced
in ILS outperforms the remaining 15 Bitcoin-fiat pairs® during Subperiod Ill and thus
significantly improves the performance of Efficient Frontier A during the corresponding
period, whereas this does not hold during Subperiod | and Il.

Assuming simultaneously holding global combinations of Bitcoin-fiat pairs is practical
and frictionless, purely rational investors (Hirshleifer, 2001) would stick to opportunity
sets on hypothetical efficient frontiers, while opportunity sets located within efficient
frontiers will bear extra unpriced idiosyncratic risk. Taking cross-market average return
and risk as a reference point for each subperiod, it is evident that the magnitude of
idiosyncratic risk consistently drops given the rise of correlation and reduction in risk-
return distance. This suggests inferred cross-market consensus (on the average level
of return and risk) can be an increasingly precise proxy for rational return and risk if

the trend of convergence holds through time.

As differences among markets are driven by different sets of information, the
comparison among hypothetical efficient frontiers further implies that information
sharing among markets tends to be internalised by investors in an efficient and
consistent manner. This prevents Bitcoin traders from seeking diversification among
global markets. In this light, Bitcoin markets are heading towards efficiency from a
cross-market perspective.

2.7. Conclusion

We have proposed a model-free approach to serve as a stepping-stone for the
valuation of Bitcoin. Its core lies in testing whether the markets are simultaneously
moving towards consensus in terms of risk and return features. Such convergence is
ingrained in the theory of the bounded rationality of investors, who engage in strategic
play. Evidence of a consensus implies that, irrespective of market differentials,
investors display common psychological choices drawn from an inherent theory. In the

8 See as Appendix IV of Chapter 2.
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absence of any monetary mechanism or assumptions behind existing pricing models,
investors as well as governments may benefit from a model-free approach in the quest
to better understanding the Bitcoin pricing issue.

In this study, we found robust evidence for risk-return convergence among Bitcoin
price against 19 fiat currencies during the observed period. This implies the formation
of consensus among these segmented markets. We have documented that the

convergence results from a dual reduction in both risk and return distances.

Our discussion links convergence patterns with informational aspects. First, investors
anchor to risk features (instead of return features) of those relatively higher trading-
volume Bitcoin markets. Second, reported events enlarge the risk-return distance by
bringing divergence in both the return feature and risk feature of individual markets
and decelerate the cross-market convergence tendency. We also note that the
formation of market consensus reduces the chance to diversify risk among different
markets after controlling for cross-market correlation and risk-return distance. This
suggests an increasing information-sharing efficiency among different markets,

though Bitcoin remains highly volatile.

The implication of this research is extensive. There is room for exploring more effective
risk management strategies based on analysing the distance between individual
markets and cross-market averages, seeking hedging opportunities through
considering the interactions of distance changing among markets, and discussing the
potential of Bitcoin to serve as a publicly recognized currency.

This research has limitations that call for further study. First, it is solely selecting the
Bitcoin market and it could fruitfully extend the investigation to altcoins like Ethereum
and others. These other electronic currencies have much in common but may also
present variations due to diversified investor preferences and trading behaviours.
Second, the classification of events in this study has been straightforward but
imprecise so it cannot accurately represent the full gamut of dynamics affecting
investor sentiment; we expect to explore this issue with clearer benchmarks of market
sentiment. Third, Bitcoin is still heading towards maturity; the pattern we have captured
in this research may be relative to the historical period chosen. Frequent changes in
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external circumstances as well as internal factors may justify reviewing the methods.

Whether Bitcoin will succeed or eventually crumble requires more time to ascertain.
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Appendix of Chapter 2

I-Event List
Events Classification
Tradehill shut down for the second time, 30/08/2013 negative
Silk road founder arrested, 01/10/2013 negative
American Senate held hearing for Bitcoin, 18/11/2013 negative
China central bank said okay for Bitcoin, 20/11/2013 positive
China forbade Bitcoin in Financial departments, 05/12/2013 negative
Chief exchanges suffered DDoS Attacks, 07/02/2014 negative
The shutdown of Mt. Gox, 24/02/2014 negative
IRS announced Bitcoin taxed as assets, 26/03/2014 positive
Exchanges in China closed their accounts in bank, 10/04/2014 negative
GHash.io achieved 51% computing power, 13/06/2014 negative
29,656 seized Bitcoins auctioned in USA, 27/06/2014 positive
Proposed “BitLicense” released, 17/07/2014 positive
Dell agreed Bitcoin for payment, 18/07/2014 positive
Braintree agreed Bitcoin for payment, 08/09/2014 positive
Microsoft agreed Bitcoin for payment, 11/12/2014 positive
Charlie Shrem sentenced to jail, 19/12/2014 negative
Bitstamp attacked, 04/01/2015 negative
Licensed exchange in America brought by Coinbase, 04/01/2015 positive
BitLicense formally became available, 03/06/2015 positive
XT Fork released, 15/08/2015 negative
Bitcoin accepted as commodity by American authority, 18/09/2015 positive
Gemini exchange allowing future contract was launched, 08/10/2015 positive
Bitcoin trades made tax free in Europe, 22/10/2015 positive
Bitcoin sign accepted into Unicode, 03/11/2015 positive
OpenBazaar started operation, 04/04/2016 positive
Steam agreed Bitcoin for payment, 02/08/2016 positive
Bitfinex hacked, 02/08/2016 negative
Price surpassed $1000, 03/01/2017 positive
SEC rejected ETF named Winkelvos, 10/03/2017 negative
SEC rejected second Bitcoin ETF, 28/03/2017 negative
Japan government announced Bitcoin as a tender, 01/04/2017 positive
China forbade raising funds by ICOs, 03/09/2017 negative
JP Morgan’s CEO took Bitcoin as a fraud, 12/09/2017 negative
All virtual currency exchanges were banned in China, 15/09/2017 negative
$5,000 price level broken, 13/10/2017 positive
CME launched Bitcoin futures, 31/10/2017 positive
SegWit2X recalled, 08/11/2017 negative
$10,000 price level broken, 28/11/2017 positive
South Korea might close virtual currency exchanges, 28/12/2017 negative

Data source: https://99bitcoins.com/price-chart-history/, accessed on 20/04/2021.
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| -Event List (cont’d)

Events Classification
Report says Peter Thiel buying massive amounts, 02/01/2018 positive
CoinMarketCap drops South Korea prices from cryptocurrency rates and .
regulator inspects cryptocurrency bank accounts, 08/01/2018 negative
80% of the total Bitcoin supply mined, 13/01/2018 positive
CoinCheck halts withdrawals after being hacked, 26/01/2018 negative
Facebook bans all ads promoting cryptocurrency, 30/01/2018 negative
US SEC says crypto exchanges must register with agency, 07/03/2018 negative
Google bans crypto advertisements, 14/03/2018 negative
Twitter announces ban on cryptocurrency ads, 26/03/2018 negative
Indian exchange Coinsecure hit by $3.5M Bitcoin theft, 13/04/2018 negative
Goldman Sachs announces opening of Bitcoin trading, 02/05/2018 positive
Prosecutors raid largest South Korean exchange, 11/05/2018 negative
US Justice launches criminal probe into price manipulation, 24/05/2018 negative
South Korean crypto exchange CoinRail hacked, 10/06/2018 negative
US regulator demands BTC data in manipulation probe, 11/06/2018 negative
South Korean exchange Bithumb hacked, 20/06/2018 negative
Facebook lifting ban on crypto ads, 26/06/2018 negative
BlackRock looks into crypto and blockchain, 16/07/2018 positive
Winklevoss twins Bitcoin ETF rejected by the SEC, 26/07/2018 negative
ICE announced launch of federal regulated market Bakkt, 03/08/2018 positive
SEC delays decision on Bitcoin ETFs, 07/08/2018 negative
Goldman Sachs drops crypto trading plans, 05/09/2018 negative
Japanese Zaif exchange hacked, losing ¢.$60M in crypto, 18/09/2018 negative
Fidelity launches institutional platform for cryptocurrencies, 15/10/2018 positive
Bitcoin turns 10 years old, 31/11/2018 positive
Bitcoin Cash to hard fork, 15/11/2018 negative
Bitcoin mining difficulty dropped significantly, 03/12/2018 negative
Fake bomb threats across US demanding Bitcoin ransom, 13/12/2018 negative
Electrum wallet attack, 29/12/2018 negative
Institutional crypto exchange Bakkt raised $182M Funding, 31/12/2018 positive
"Proof of keys" movement, 03/01/2019 positive
Bitwise files for new Bitcoin ETF with SEC, 10/01/2019 positive
Coinstar machines start selling BTC at US grocery stores, 18/01/2019 positive
CBOE withdraws VanEck Bitcoin ETF application, 23/01/2019 negative
CBOE resubmits VanEck BTC ETF application proposal, 31/01/2019 positive
Canadian crypto exchange QuadrigaCX goes bankrupt, 01/02/2019 negative
Facebook working on its own cryptocurrency, 01/03/2019 positive
CBOE stops listing Bitcoin futures contracts, 15/03/2019 negative
Bitwise suggests majority of Bitcoin trading volume faked, 22/03/2019 negative
China wants ban on Bitcoin mining, 08/04/2019 negative

Data source: https://99bitcoins.com/price-chart-history/, accessed on 20/04/2021.
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I-Event List (Cont’d)

Events

Classification

Major exchanges delist Bitcoin SV, 15/04/2019 negative
Bitfinex and Tether faces investigation over $850M shortfall, 26/04/2019 negative
Binance exchange hackers steal $41M worth of Bitcoin, 08/05/2019 negative
Australian claiming he invented Bitcoin files for copyright, 21/05/2019 positive
Bakkt names launch date for Bitcoin futures testing, 13/06/2019 positive
BTC price trades flat on Facebook blockchain launch, 18/06/2019 positive
President Trump comments on Bitcoin, 11/07/2019 negative
Scammer demands 300 Bitcoin from Binance, 07/08/2019 negative
Coinbase exchange acquires Xapo Bitcoin vault, 15/08/2019 positive
Self-proclaimed BTC inventor ordered to pay billions in BTC, 28/08/2019 positive
VanEck, SolidX offer Bitcoin ETF-like product to institutions, 03/09/2019 positive
Long awaited Bitcoin futures launched on Bakkt, 22/09/2019 positive
UNICEF accepts crypto donations, 09/10/2019 positive
Bitcoin flirts with $10,000 after China endorses blockchain, 28/10/2019 positive
Chinese BTC mining machine maker Canaan files for IPO, 29/10/2019 positive
Research said BTC price during Dec 2017 was manipulated, 04/11/2019 negative
NY regulator licenses Fidelity for BTC trading and custody, 09/12/2019 positive
BitClub network Ponzi scheme busted, 10/12/2019 negative
Bitcoin price breakout amid US-Iran tensions, 06/01/2020 positive
CME Group launched Bitcoin options, 13/01/2020 positive
Peter Schiff's BTC wallet vanishing act is the most boomer thing, .
19/01/2020 ° ° negative
Second city in Switzerland accepting tax payments in Bitcoin, 29/01/2020 positive
Twitter adds Bitcoin emoji, 02/02/2020 positive
Lightning Labs raises $10M Series A funding, 05/02/2020 positive
FCoin exchange shuts down after becoming insolvent, 17/02/2020 negative
Indian Supreme Court lifts ban on Bitcoin trading, 4/03/ 2020 negative
Bitcoin loses half of its value in two-day plunge, 13/03/2020 negative
BTC price tops as FED applies 0 interest and restarts QE, 15/03/2020 positive
Bitcoin rally on Fed’s QE ‘Bazooka’, 23/03/2020 positive
Microsoft patents a cryptocurrency system, 26/03/2020 positive
Binance acquired CoinMarketCap for $400M, 01/04/2020 positive
First public Bitcoin fund listed on Toronto Stock Exchange, 09/04/2020 positive
Billionaire P.T. Jones buys BTC as hedge against inflation, 07/05/2020 positive
Third Bitcoin halving, 11/05/2020 positive
Bitcoin miners in China ordered to shut down in ‘orderly manner’, negative
25/05/2020

New Zealand police seize $91M from BTC exchange operator, :
2210612020 ° negative
Researchers expose flaw in Bitcoin wallets, 02/07/2020 negative
Twitter accounts hacked by Bitcoin thieves, 15/07/2020 negative
US green-lights banks for cryptocurrency custody services, 22/07/2020 positive
MicroStrategy buy BTC as primary reserve asset, 11/08/2020 positive
Someone lost $16M in BTC by using a malicious install, 31/08/2020 negative

Data source: https://99bitcoins.com/price-chart-history/, accessed on 20/04/2021.
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Appendix of Chapter 2

lI-Exhibition of Risk-return distance (RSD) time series plots
(a) Aggregated market level (Cross-market average vs Median):
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Note: The exhibition of plots shows convergence patterns at aggregated market and individual market
level. Notably, a decrease trend in the time series is the main theme, which suggests Bitcoin
international markets are moving towards a consensus level.
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Appendix of Chapter 2

llI-Trend Testing among Exchange Rates

Table A. Testing Aggregated Convergence Trends among Exchange Rates

Response . t-statistic Adjusted
Variable Intercept  Time Beta e (Time) Prob. R
Cross- RSD, 0.0036 -9.22E-08 -0.69 0.484 0.001
Market RD,, 0.0011 -2.67E-08 -0.66 0.507 0.001
Average SD,, 0.0020 -3.52E-08 -0.44 0.659 0.000
Cross- RSD, 0.0030 -2.66E-08 -0.25 0.801 0.000
Market RD,, 0.0008 -1.90E-08 -0.58 0.559 0.000
Median SD,, 0.0014 4.82E-08 0.78 0.431 0.001

Note: To examine if convergence patterns among Bitcoin markets result from convergence among fiat
currencies, this table provides trend testing results for return distance, risk distance, and risk-return
distance among 19 exchange rates. As present in the table, at aggregate level (cross-market average
and cross-market median), no time betas are statistically significant. Results show no evident
convergence trend can be found among fiat currency exchange rates.

IV-Risk-return of individual markets (Subperiod Ill)

Fig A. Risk-return of individual markets (Subperiod lll)

Risk-return (Subperiod I11)

Note: We plot 19 individual markets on the risk-return space for subperiod lll. The figure shows that
ILS dominates most markets (with high level of return and relevantly small risk).
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Chapter 3

Fear: a Sentimental Driver in Bitcoin Cross-
Market Dynamics

Abstract

What drives Bitcoin cross-market price disparity? Valuation of Bitcoin is rather
subjective and is sensitive to investors’ psychological conditions. Literature drawing
on sentimental factors for Bitcoin is yet under-developed. This paper examines if fear
sentiment can be considered as a driving factor in Bitcoin price dynamics. In our
empirical framework, we characterise dynamics in Bitcoin cross-market risk-return
distance via Convergence Speed and examine the role of investors’ fear in this
process. Empirical results suggest that our composite FEAR proxy as a risk
expectation in major conventional financial markets can significantly accelerate the
convergence among Bitcoin markets, after controlling for five sets of determinants of
Bitcoin price returns. The explanatory power and predictability of FEAR imply that
participants’ decision-making in Bitcoin markets is adaptive to sentimental conditions
extracted from a traditional economy, rather than purely isolated and detached as
initially designed. Our study suggests hints for understanding the mechanism of the
Bitcoin price evolving process under an Adaptive Market Hypothesis as well as adding
new evidence for Bitcoin as a hedge for traditional financial assets.

JEL Classification: CO; G1
Key words: Bitcoin, Convergence Speed, Fear Index, Kalman Filter
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3.1. Introduction

This work is motivated by pioneering research exploiting sentimental factors for price
dynamics and a scarcity of investigation over sentimental factors’ impacts on Bitcoin
cross-market price disparity. Baker and Wurgler (2006) argue that investor sentiment
has an evident impact on assets with highly subjective valuations. Short of
endorsement by trustworthy entities (e.g., sovereign states) or underlining assets,
Bitcoin has a highly volatile price which is largely constructed over users’ faith and
confidence. Mainstream scholars take this type of virtual token as a speculative asset
having no consensus on its pricing foundation (e.g., Cheah et al, 2020) and facing
limited arbitrage (Makarov and Schoar, 2020). Considering that fear is a crucial
sentiment (see as ‘animal spirit’ by Keynes, 1936) directly involved in learning and
decision-making processes, this research intends to investigate the role of market
participants’ fear in Bitcoin cross-market price dynamics under the context of the
Adaptive Market Hypothesis.

Considering Efficient Market Hypothesis (EMH, thereafter) as a crucial schism
suggests that pricing dynamics should follow the framework with rigorous rationality
and full efficiency. However, serious challenges to EMH such as the identification of
noise traders (e.g., Black, 1986; DeLong et al., 1990; Shleifer and Summers, 1990)
and behavioural anomalies (e.g., Herding phenomena in Nofsinger and Sias, 1999;
Positive Feedback Trading in Antoniou, Koutmos and Pericli, 2005; Momentum in
Rouwenhorst, 1998; Home Bias in Andrew, 2016), consistently point to the same end:
market participants present limited rationality and sentiment factors drive price
movement, further providing predictability (e.g., Coqueret, 2020; Kadilli, 2015; Li and
Yu, 2012; Sun, Najand and Shen, 2016; Malkiel, 2003). Analogous to traditional
financial assets, Bitcoin has triggered wide discussions over price inefficiency (e.g.,
Speculative Bubbles, in Cheah and Fry, 2015; testing efficiency, in Urquhart, 2016;
weak-form efficiency, in Nadarajah and Chu, 2017; inefficiency among Bitcoin inferred
exchange rates, in Nan and Kaizoji, 2019; dynamics and interdependence among
cross-market efficiencies, in Duan et al., 2021).

To tackle scenarios of inefficiency resulting from behavioural biases, Lo (2004; 2005)
innovatively switches to the assumption of a bounded rationality and proposes
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Adaptive Market Hypothesis (AMH, thereafter) where investors can adaptively learn
from making mistakes. One of the critical implications of AHM is that the market is not
stringently efficient or inefficient. Instead, it is evolving between the condition of
efficient and inefficient. Sceptical criticism stresses that AMH is abstract and lacks a
solid quantitative model (e.g., Chu, Zhang and Chan, 2019) or any specified principles
to illustrate the scenarios of adaptive process. The main empirical evidence of AMH is
given by a time-varying level of inefficiency rather than a direct clue for how
participants learn and adapt. To add to this, the current study suggests an alternative
perspective where we quantify inefficiency and market participants’ learning and
adaptive process via dynamics in cross-market disparity.

The boarder context of this research is in line with discussions over the price dynamics
of Bitcoin markets. A promising avenue of studies characterises Bitcoin return and
volatility dynamics (e.g., return predictability by Cheah et al., 2020; ambiguity by Luo
et al., 2021; conditional heteroskedasticity by Katsiampa, 2017; persistence of
variance shock by Klein, Thu and Walther, 2018), whilst jointly characterising risk-
return relationship as essentially remaining as a vague but insightful direction for
stakeholders to investigate. Besides this, behavioural interpretation for Bitcoin pricing
process lacks a clear underlying mechanism. This research intends to extend earlier
literature from a cross-market perspective. By detecting linkages between Bitcoin’s
cross-market price risk-return movements and market participants’ sentiment, we

propose a psychological path to interpret Bitcoin cross-market price disparities.

This research conducts the analysis through the following key procedures. First, we
employ Euclidean Distance measures to capture the degree of Bitcoin cross-market
heterogeneity (cross-market dissimilarity in risk-adjusted returns). We particularly
calculate return-risk distances among 19 Bitcoin-currency pairs as a benchmark for
convergence, i.e., the greater in distance, the less sign for convergence. Second, we
extract the time-varying slopes from distance measures to quantify convergence
speed in cross-market consensus (i.e., converging towards cross-market average).
Kalman filter is of applied for the slope estimation in local linear trend model, which
can effectively and recursively estimate the unobservable state (e.g., Kalman, 1960;
Kalman and Bucy, 1961; Durbin and Koopman, 2012) when bearing statistic noise and

inaccuracies in realized Bitcoin prices. Third, we generate a composite fear indicator
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via aggregating uncertainty anticipations in the stock market, bond market, gold
market and crude oil market. Finally, we regress the dynamic trend of convergence
against the fear indicator. Via quantifying Bitcoin cross-market convergence patterns
and implied fear sentiment rooted in the traditional financial system, we propose a
stringent examination to detect whether fear can explain and predict price dynamics
in this virtual market. We also provide robustness exercises for testing consistency in
terms of sample selection, sub-period and model specification.

The incremental contribution of this paper is fourfold. First, we quantify dynamic
patterns in price heterogeneity across Bitcoin segmented markets via a measure of
Convergence Speed. Utilizing Kalman-Filter estimated local linear trends, we extract
and trace implied tendency in convergence at each given point of a selected sample
period. Instead of investigating a generally fixed long-term linear trend, we suggest an
effective solution to capture higher-dimensional patterns in cross-market
heterogeneity. Our approach enables further stringent examinations aiming to identify
potential driving factors for Bitcoin behaviour for both overall market and individual

market levels.

Secondly, this work adds to earlier studies on relationships between Bitcoin price
dynamics and investor sentiment (e.g., Baig, Blau and Saba, 2019; Eom et al., 2019).
Fear sentiment is one of the key components involved in decision-making (e.g., Lo,
Repin and Steenbarger, 2005), whereas our work quantifies how fear connects with
risk-return dynamics. We document a robust psychological linkage between the real
economy environment and the hypothetically detected Bitcoin virtual ecosystem.
FEAR aggregated from main financial markets serves as a significant driver for Bitcoin
cross-market convergence in terms of contemporaneous connection and predictive
power. Investors’ anticipation of uncertainties in real economy can affect their
decision-making, i.e., investors bearing more fear turn to be more cautious and place
less noise trading and further accelerate formation of convergence among different
Bitcoin-fiat price pairs.

Thirdly, this work complements existing studies utilizing AMH to interpret Bitcoin price
behaviours. This research not only demonstrates dynamics in inefficiency from the
perspective of cross-market heterogeneity, but also quantifies the strength of market

64



participants’ learning and adaptive correction behaviour through a convenient
measure, that is time-varying cross-market convergence speed and depicts that fear
sentiment can accelerate the speed of selected Bitcoin markets moving towards

efficiency.

Finally, the current work facilitates a better understanding of noise trading behaviour
in Bitcoin markets (e.g., Cheah and Fry, 2015; Karaa et al., 2021). We find
heterogeneous participants among Bitcoin markets are sensitive to non-fundamental
aspects, i.e., not only reacting to the sentimental aspect of investors, but also
responding to technical signals, policy uncertainties and bubbles.

The structure for the remainder of this chapter is as follows: Section 3.2 covers a brief
review of established literature regarding our research focus. Section 3.3 specifies
details of data selection and applied methodology. Section 3.4 presents main empirical
results followed by a selection of robustness examinations in Section 3.5. We provide
discussions in Section 3.6. Section 3.7 concludes and suggests directions for further

exploration.

3.2. Literature Review

This research is complementary to seminal discussions over Bitcoin cross-market
price heterogeneity. Cheah et al. (2018) model Bitcoin cross-market price behaviour
as a co-integrated long-memory system, where information among five developed
markets takes a long time to be reflected in price movements. Gillaizeau et al. (2019)
investigate spill-over effect among the same five markets and depict that Bitcoin priced
in USD is a pure risk giver whilst Bitcoin-Euro serves as a risk receiver. Duan et al.
(2021) state degrees of informational inefficiency among individual Bitcoin markets
while also presenting systematic long-memory patterns, which demonstrates
interdependence relations between Bitcoin inefficiency and cross-market arbitrage
potential. Heterogeneity among Bitcoin-fiat price pairs implies a lack of consensus and
the holding of segmentation among Bitcoin international markets in which investors
bear different preference and trading habits and further diversely react to information.
Consequently, heterogeneity in cross-market price behaviour illuminates informational

inefficiency from a cross-market perspective.
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To the best of our knowledge, pioneering research mainly explores cross-market
absolute price differentials, which has not yet delivered a direct study for disparities in
price movements. We argue that a changing level of convergence (i.e., an elevating
similarity) among price movements in Bitcoin international markets can serve as an
insightful signal showing where investors from different markets are gradually learning
and mimicking each other, and gradually forming a consensus (moving towards cross-

market parity). This could be a fruitful domain to explore under the framework of AMH.

This rest of this section identifies literature context, which covers a pilot review into the
role of sentiment in price dynamics and impact mechanisms for decision-making,
sentimental indicators applied in Bitcoin research as well as existing recognised
determinants for Bitcoin price dynamics.

3.2.1 Sentiment and AMH

In line with behavioural finance theories, a strand of empirical works suggest sentiment
can be a valid pricing factor (e.g., De Long et al., 1990; Lee, Shleifer and Thaler, 1991;
Lee, Jiang and Indro, 2002; Stambaugh, Yu and Yuan, 2012). Sentiment captures
investors’ aggregated expectation towards the whole market in terms of cash inflows
and risk which is a type of subjective judgement rather than objective one constructed
over facts (Baker and Wurgler, 2007). Provoking EMH, classic finance theories
typically underscore investor sentiment is an extraneous factor having no connection
with fundamental information of assets (e.g., Fama, 1965). Rational arbitrageurs can
cancel its impact and thus sentiment’s role and influences in price movement should
be ignored (Baker and Wurgler, 2006). However, constructed over anomalies against
EMH, behavioural finance theories in general follow a simplified framework of market
equilibrium between rational arbitrageurs and irrational noise traders. In particular, the
role of arbitrageurs in correcting mispricing is rather limited due to noise traders'
unforecastable trading behaviour (e.g., Shleifer and Summers, 1990). In other words,
noise traders, which are vulnerable to their sentimental aspects, can play a non-

ignorable role in price formation.
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Adaptive Market Hypothesis (Lo, 2004; 2005; 2017) reconciles arguments in both
classic finance theories and behavioural finance theories and further lays the
theoretical foundation for sentiment’s role in asset pricing process. In AMH, there is
no stringent classification for agents based on rationality, i.e., rational traders or noise
traders (see as De Long et al., 1990). Investors are universally taken as bounded
rational participants subject to limited cognitive abilities. In other words, investors’
trading can be somewhere between pure rational trading and pure noise trading’.
Investors make mistakes and apply adaptive learning when making adjustment for
their trading decisions. This type of adaptive process is time-varying and closely linked
with investors’ psychological conditions?. Consequently, sentiment directly affecting

investor cognitive abilities can take a significant role in price formation.

Fear sentiment plays a vital role in cognitive process. As one of the essential
categories of sentiment, fear captures investors’ stress and anticipation of downside
risk and consequently can be actively involved in the learning, reacting, and
competition process. Empirical works in traditional financial markets have provided
abundant clues to back the above argument, for instance, fear can impact decision
making in asset allocation, e.g., Da, Engelberg and Gao (2014) denote an increase in
fear can bring mutual fund managers to give more weights to bond markets. Fear, as
a non-fundamental factor, contributes to risk premia and excess returns, e.g.,
Bollerslev and Todorov (2011) document fear of rare events or ‘crash-o-phobia’ can
explain a great fraction of stock variance risk premium; Cao et al., (2021) find fear has
predictive power for commodity returns. Fear impacts cross-market information
transmission, e.g., Tsai (2014) finds fear can coincides with spillovers among 5 well-

developed stock markets.

From the perspective of neuroscience and psychology, Lo (2017) further argues that
fear can influence the cognitive process and drive reaction of market participants,
impact their decision-making and thus stimulate the adaptive learning. The sense of
fear is essential for individual to estimate risk rationally. He posits that a reasonable
amount of fear motivates investors to actively adjust their risk strategies, whilst

1 A helpful example to support this point is institutional investor, typically perceived as well-informed investor,
can be sentiment-oriented trader (e.g., Wang, 2018).
2 This also makes it hard to model adaptive process via traditional equilibrium approach.
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irrepressible and extreme fear may force investors to dramatically cut off investment
in risky assets and reallocate funds into low-risk asset such as T-bills. Too much fear
sentiment is likely to bring an over-estimation of risk and necessary prudence before
placing trading orders and for most cases of financial crisis, the necessary fear
sentiment is offset or overwhelmed by greed where investors tend to be over-optimistic
about future payoff. To sum up, an important implication from the above arguments is,
investor fear sentiment, at either necessary level or extreme level, tends to drive the

price movement towards a more rational horizon.

3.2.2 Sentiment and Bitcoin

Existing empirical studies have suggested that sentiment can be a critical dominant
factor for Bitcoin return and risk, where scholars deploy various proxies to approximate
implicit and invisible sentiment. These works, in line with mainstream of behavioural
finance, provide fruitful insights to bridge investor emotional states with decision-
making processes. The current work to further consider investor sentiment’s unique
role under adaptive market context, which enables an interpretation of price formation

under a dynamic interactive framework.

Some scholars utilize sentiment proxies extracted from media information. Polasik et
al. (2015) reveal that sentiment, measured by relevant frequency of positive words
among Bitcoin related news articles, can be a significant driver for Bitcoin return and
volatility. Mai et al. (2018) find social media sentiment of silent majority instead of vocal
minority drive the Bitcoin price. They also highlight that sentiment aggregated from
different media platforms can bring different predictive power, where Bitcoin forums
appear to be more informative than Twitter. Ly6csa et al. (2020) construct three
sentiment proxies (i.e., positive, negative, and neutral) based on Google search key
words and find a rise in positive sentiment helps with reducing Bitcoin price volatility.
Corbet et al. (2020) find negative sentiment extracting from unemployment and
durables related macroeconomic news can positively impact Bitcoin return, implying
Bitcoin can serve as a hedge for the real economy. Utilising non-scheduled news data,
Rognone, Hyde and Zhang (2020) suggest investors’ enthusiasm rather than
sentiment can increase Bitcoin return and volatility, after documenting that Bitcoin
return and volatility positively respond to both positive and negative news sentiment.
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They further highlight that this type of reaction can be strengthened during bubble
periods and weakened after news of cybercrimes. Using investor sentiment proxied
by Thomson Reuters Marketpsych Indices (a news-based index), Kalyvas et al. (2020)
posit sentiment has a positive impact on crash risk; further, Kalyvas et al. (2021)
document effective connections between fluctuations in industrial sector index and

Bitcoin returns.

Several researchers aggregate implied sentiment indicators from financial markets.
Bouri et al. (2017) indicate Bitcoin returns have an inverse relationship with a set of
worldwide VIX indices. Jo et al. (2020) establish a generalised pricing kernel
framework, combining standard pricing factors for equity assets and sentimental
factors (i.e., bear-bull index and VIX), and find that Bitcoin return and volume tend to
decrease when market has more negative sentiment and fear of future volatility. They
argue this can be explained by Bitcoin sharing commonalities with start-up stocks with
high sentiment beta, in line with Baker and Wurgler (2007). Karaa et al. (2021) posit
when Bitcoin sentiment (measured by order flow imbalance) is at a high level or during
increasing periods, investors tend to execute more positive feedback trading. This can
be explained by optimistic investors who are more likely to extrapolate from recent
historical returns and thus exhibit trend-chasing. Dong, Xu and Zhang (2021) utilise
the probability of bubble burst as a measure for Bitcoin market sentiment and argue
that a pessimistic sentiment deters the steady state of price movement, depressing
the price. Under a macroeconomic equilibrium model, they further characterise a
dynamic cyclical relation between Bitcoin market sentiment and aggregate economy
(e.g., arising level of negative sentiment can discourage aggregate investment in the

real economy).

In this research, we propose investor risk anticipation aggregated from four well-
developed financial markets as the fear indicator. Limited studies discuss the role of
fear sentiment in Bitcoin markets and especially there is no coverage from a cross-
market price disparity context. Fear sentiment can motivate investors’ learning and
correcting behaviour by adaptively reacting to cross-market information, and thus may
reduce disagreement among market participants from segmented international
markets, further accelerating cross-market convergence. Based on existing literature,

we derive two hypotheses for testing.
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H1 Fear sentiment can drive the convergence among Bitcoin markets.
Cross-market price disparity should be more promptly eliminated when investors are
presenting a higher level of fear. During such periods, mispricing is less likely to occur

given investors are more motivated in adaptive learning.

H2 Fear sentiment can predict the convergence among Bitcoin markets.
Cross-market price disparity should be more promptly eliminated following periods of
high level of fear sentiment. Investors adaptive learning and adjustment can take

some time.

3.2.3 Existing Determinants for Bitcoin Price Dynamics

Beside the sentimental factors, scholars have empirically concluded a broad set of
determinants for Bitcoin price dynamics, coinciding with the ones found in traditional
financial markets. These factors, probably interacting with sentiment and impacting
convergence behaviour as predicted from findings in traditional markets, are virtual,
and are to be included as controls to result in uncontaminated casual relations

between sentiment and Bitcoin cross-market convergence.

From a fundamental perspective, factors directly connected with supply-demand
aspects as well as the maintenance of the system, such as number of transactions,
transaction fees and numbers of active users, are considered (e.g., Easley, O'Hara
and Basu, 2019; Kim, 2017; Kristoufek, 2015). Easley, O'Hara and Basu (2019) argue
that an increasing level of transaction fees are likely to dent Bitcoin’s role serving as a
trading medium. Kim (2017) suggests Bitcoin’s transaction cost is considerably smaller
than the traditional foreign exchange market, which brings usage value of Bitcoin.
Moéser and Bohme (2015) investigate historical transactions and comment that the
transaction fee will take precedence in miners’ motivation as the mining bonus will
eventually vanish. Li and Wang (2017) underline that the explanatory power of the
mining difficulty factor is more evident in the short-term than that of the long-term3.

3 This implies market participants’ reaction is subject to cost of generating Bitcoin and the adjustment is
prompt.
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Aalborg, Molnar and Vries (2019) note that changes in the number of wallet addresses
can help to explain and predict return but find no significance for realised volatility.

Technical indicators assist market participants to monitor market patterns and guide
their investment decision-making. Among studies in traditional financial markets,
reacting to technical indicators is also taken as a signal for noise trading. Dyhrberg,
Foley and Svec (2018) imply that algorithmic trading for Bitcoin markets is not widely
applied since a lower level of spread is witnessed during the daytime hours for the US
market. Koutmos (2018) takes daily spread volatility as a benchmark for liquidity
uncertainty and claims that the higher the return the more uncertain the bid-ask quote
will be. Wei (2018) documents illiquidity has a positive link between the market
inefficiency of digital coins, which correlates with the common belief in traditional
financial markets where the high proportion of active traders can arbitrage away
predictability. Balcilar et al. (2017) explore how the Bitcoin market captures information
from trading volume during normal periods, whilst no significance is witnessed during

the periods with flash rise or drop in price.

Empirical evidence supports external uncertainties which have impacts on Bitcoin
markets. Panagiotidis, Stengos and Vravosinos (2019) reveal those uncertainties
given by economic policy changes which generate negative impacts for Bitcoin returns.
Cheah et al. (2018) include the conditional volatility of S&P 500 as general market
uncertainties into a system model to capture long-memory patterns and find
uncertainties which negatively affect cross-market, co-integration relationships. These
findings also imply that Bitcoin is not a virtually isolated eco-system from the real

economy.

Changing public attention also gives rise to price fluctuations among Bitcoin markets.
There are several proxies applied to capture public attention, e.g., Google Trend
keyword searching volume (Urquhart, 2018; Sovbetov, 2018; Aalborg, Molnar and
Vries, 2019); number of Tweets (e.g., Shen, Urquhart and Wang, 2019); Wikipedia
Trend (e.g., Panagiotidis, Stengos and Vravosinos, 2019), whilst examinations based
on different benchmarks are generally consistent. Aalborg, Molnar and Vries (2019)
provide evidence that attractiveness of Bitcoin has a positive relationship with realised
volatility, which is in line with the work of Shen, Urquhart and Wang (2019). Sovbetov
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(2018) opines that the market gradually incorporates information of attention into price
movement in time. Panagiotidis, Stengos and Vravosinos (2019) advocate that market
attention is less likely to cultivate scenarios of price boom when comparing later cases

with that of the earlier period.

Researchers also interpret Bitcoin price dynamics from the view of extreme market
conditions (i.e., bubble and crash), while discussions are scant on how cross-market
price behaviour under these conditions differs from that of normal periods. Cheah and
Fry (2015) put forward a bubble process for Bitcoin and claim the existence of
speculative bubbles, and in a further modification provided by Fry (2018), bubbles are
also detected after incorporating return’s heavy-tail feature into the bubble model.
Corbet, Lucey and Yarovaya (2018), Cheung, Roca and Su (2015) utilise Generalised
Supremum Augmented Dicky-Filler test to detect and date bubble periods. During
bubble regimes, Phillips and Gorse (2018) highlight those online indictors such as
Google search which exhibit a higher level of strength regarding correlation with price
changes under medium-term and long-term horizons. In terms of crash, Donier and
Bouchaud (2015) conclude that Bitcoin crashes root from supply-demand imbalance.
Bouri et al. (2017) scrutinise the return-volatility behaviour during prior- and posterior-
period of the 2013 Bitcoin crash and note that the volatility asymmetrically reacts to
return shocks during two sub-periods, which is not in line with evidence given in equity
markets. Corbet et al. (2018) indicate that during the meltdown period of 2015,
Bitcoin’s spill-over effect to other markets is elevating. Shahzad et al. (2019) conclude
that the crash occurred at the end of 2017 as a sentimental reaction of market

participants towards the Bitcoin regulatory announcement in China and Russia.

3.3. Data and Methodology

3.3.1. Convergence Measure

We source daily closing prices of Bitcoin against fiat currencies from
www.cryptocompare.com, spanning from 3/11/2013 to 19/11/2020. We exclude those

Bitcoin-fiat pairs with a limited number of valid observations and a high proportion of
non-trading days. The selected 19 samples are Bitcoin priced in Romanian Leu (RON),
Norwegian Krone (NOK), Israeli Shekel (ILS), Swedish Kronor (SEK), Malaysian
ringgit (MYR), Mexican Peso (MXN), Thai Baht (THB), Brazilian Real (BRL), Canadian
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Dollar (CAD), South African Rand (ZAR), Singapore Dollar (SGD), Australian Dollar
(AUD), Russia Rouble (RUB), British Pound (GBP), Polish Zloty (PLN), Euro (EUR),
Japanese Yuan (JPY), US Dollar (USD), and Chinese Yuan (CNY). To eliminate

impacts of forex rate fluctuation, we further converted those prices uniformly into USD
prices ( F, ), where daily closing foreign exchange rate data is provided by Datastream.

Natural log returns for individual bitcoin markets is as given in Eq. (1).

(=In(B, 1 F,) (1)

Our convergence measure capturing cross-market price disparities shares the same

inference as similarity analysis. Following the method given by Eun, C. S., & Lee

(2010), we generated return-risk distance measure ( RSD,,) of our 19 selected series

based on a weight-adjusted Euclidean Distance as Eq. (2).

Where Eq. (3) and Eq. (4) provide return distance and risk distance, accordingly. To

be specific, for Market i , we calculated average return EZ.J and standard deviation of
return o, based on a 7-day rolling window ranging from ¢-6 to { ; N is the total

number of sample markets and equals to 19 in our case, while 7" equals to 2506 and

is for numbers of total observation after adjusting for the rolling window.

1
RDlt = ‘Ri,t _NZRM (3)
n=1

1 N
SDi,t :‘O-i,t_ﬁzai,t (4)
n=1

In this empirical study, RSD quantized dissimilarity among Bitcoin markets considering
two features of price movement, return and risk, i.e., the larger RSD is, the greater the
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dissimilarity will be. Consequently, a trend of reduction in the distances corresponds
with cross-market convergence, and a time-varying RSD can approximate dynamics

of cross-market informational inefficiency. We further employed daily average RSD,,

(RSD_A) among sample markets to capture the general distance level of overall
Bitcoin markets. Additionally, we investigated the patterns summarised from daily

median RSD,, (RSD_M) for robustness.

3.3.2. Convergence Speed

This section briefs how we estimate time-varying convergence speed recursively from
Bitcoin cross-market return-risk distance. Instead of detecting a fixed long-term linear
trend among Bitcoin markets, i.e., convergence or divergence, we place our emphasis
on a more detailed scenario, i.e., how the trend fluctuates and evolves along the time.
Considering raw time series includes an unavoidable portion of noise, we utilize
Kalman Filter (e.g., Kalman, 1960; Kalman and Bucy, 1961) to extract recursive slopes
(as estimated internal state) from risk-return distances whilst also efficiently
addressing impacts of the rapid jumping and noise. In this research, we consider this
dynamic slope as a sound proxy for cross-market convergence speed.

Following Durbin and Koopman (2012), we apply a Local Linear Trend model (LLT),

to extract unobservable information from our distance measure series, in which we

decompose the series into three components, i.e., a time-varying level (/), a dynamic

slope (s, , i.e., convergence speed) and a noise part ( &,). O, and , capture the

uncorrelated disturbances in the level and the slope, accordingly. In case the slope is
fixed as s, the recursive state space structure of LLT (as specified by Equation 5
through 10) is equivalent to a deterministic constant trend model*. We utilise cross-
market average RSD and median RSD to capture the general behaviour of overall
Bitcoin markets while we also investigate patterns implied from the RSD of individual

markets.

* The basic linear trend regression model can be written as RSD, = a + s * t + &, , where t is for the time
term and s is the coefficient for the fixed linear trend slope.
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RSD, =1 +¢, (5)
[, =1+s+0 (6)
S =S, +u (7)
g, ~ NID(0,07)(8)
5 ~ NID(0,5;)(9)

4.~ NID(0,5%)(10)

To estimate the above three components (i.e., from Equation 5 to Equation 7), we first
rewrite the above formulas into univariate state space form. In detail, state space form

contains two parts, the signal and the state, specified as follows.

Signal Equation: gsp, =1 o]*{l’}Lgt (11)

S

State Equation: | 4 [_| 1 T« %o || O« %1 | (12)
s, 0 1 S, 0 1 M

Particularly, in our model specification, state vector x, equals to ;I! g we assign the
%

connection between the state and the signal to ! , which equals to [! ] the

observation disturbance term /, has zero expectation and covariance matrix !

| | | n )
equals to "#$"/.#=6}‘0 ' ¢ state transition matrix ! equals to # | ¢ process noise
! . th o

o g
covariance matrix | equalsto 95" |
d !

%

Then we employ the Kalman Filter algorithm to calculate optimal estimation for
unobservable components. The basic idea of the Kalman Filter is to apply the sum of

the prior estimation of state '!!! and the weight-adjusted prior estimation error of the
observation " "#$%, ! & "'} $ as the posterior estimation of the state ( *,).

1=+ E%E M S (13)
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The weight " | is also known as Kalman Gain, given as following Equation (14):

()

$ =
# "%

Where "' =#"8 !9, $&! & "Jis known as covariance matrix of prior estimation error.

Similarity, we have covariance matrix of posterior estimation error as

(. BTt

In detail, updating the estimation recursively requires two steps.

Step 1

" =##", (15)
"R S (16)
Step 2

Substitute outcomes from step 1 into equations (13) and (14) and update ~, as

I"1 #$"% , where | is the identity matrix.

At this stage, it is straight forward that repeating Step 1 and Step 2 allows estimation

to be updated along the time, while we still need to specify the initial condition ! and

|," as well as work out three hyper parameters in our model, namely, “,, ", and / /'1

The initialisation is given by Koopman, Shephard and Doornik (1999), where ! and
| ree L
l," equalto ﬁ qand !'!" (1 =1). The hyper-parameters are solved by maximising the
%

likelihood function (equivalent to optimizing a recursive least square function) as the

following equation ! .

%0 . BEBE | A A&, &156’/%%&# 02, 3 ¥ & . # (17)
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Where we assume the error follows the Gaussian distribution (e.g., Koopman, 1993).

We estimated our model via State Space Model Object®.

3.3.3. Fear Indicator and Controls

This section specifies how to construct fear sentiment proxy FEAR and details five

sets of control variables.

Fear as a type of sentiment is intrinsically challenging to measure since it is not directly
observable. We construct a composite proxy FEAR® to characterize dynamics of fear
sentiment originated in the real economic environment. Our FEAR proxy is aggregated
from the implied volatility of four well-established traditional markets, including the
stock market, the bond market, the gold market and the crude oil market. For the stock
market, we collected the implied volatility index of the Standard Pour 500 option (VIX)
provided by Chicago Board Options Exchange (CBOE). This indicator captures market
participants’ anticipation for 30-day subsequent uncertainties (volatility) in S&P 500
index. Similarly, for the remaining three markets, we download VIX-alike indices
including OVX, GVZ and TYVX for the crude oil market, the gold market and the
government Treasury bill market accordingly from CBOE (see e.g., Gong and Lin,
2018; Ji, Bouri and Roubaud, 2018; Filipovi¢ and Trolle, 2016). Those indices quantify
investors’ expectations of volatility (i.e., 30-days forward-looking volatility) for
corresponding markets and thus they are widely known as a gauge of fear (e.g.,
Durand, Lim and Zumwalt, 2011; Low, 2004). By generating the first principal
component (PCA 1), we extract FEAR proxy as common patterns (the majority portion
of cross-series joint variation) from the above four implied volatility indices while
filtering out idiosyncratic signals (details of indictor extraction via PCA method see e.g.,
Baker and Wurgler, 2007; Brown and CIiff, 2004). Alternatively, scholars quantify fear
sentiment via an investor survey (e.g., Qiu and Welch, 2006; Brown and Cliff, 2005),
Internet Search Behaviour (Da, Engelberg and Gao, 2014), macroeconomic index
(e.g., Kelly and Jiang, 2014), etc’. Compared to the above alternatives, our approach

extracting fear sentiment from the real option price is relevantly more standardised

5 To generate smoothed estimations for time-varying levels and slopes, parameter restrictions of applied in
this research are o, = 100 - 05,0, = 05/100 accordingly (e.g., Bruder et al. 2011).

5 FEAR and fear indictor are two interchangeable terms over the rest of this study.

7 A summary for other alternative sentiment indices can be found in Baker and Wurgler (2007).
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and precise since it is a risk-neutral implication given by well-established option pricing
models (Low, 2004). This is simultaneously in the absence of inherent noise given by
aggregating sentiment measures from news or other media resources (e.g., Dong, Xu
and Zhang, 2021).

To rigorously test whether FEAR has causal effects on Bitcoin cross-market
convergence patterns, we utilise plain linear regression. Bitcoin attached by a
sophisticated ecosystem has unique price dynamics influenced by or connected with
various factors. Excluding those factors may lead to a biased estimation of FEAR'’s
causal effect on convergence patterns due to omitted variable biases (e.g., Han and
Pan, 2021; Guo et al.,, 2017; Giglio et al., 2021). In this light, besides the main
independent variable of interest (i.e., FEAR capturing the aggregated affective state
of investors), we include five sets of controls to typically reduce potential spuriousness
(i.e., to generate an uncontaminated causal estimation, e.g., Spector and Brannick,
2011). As a by-product, we detect if additional factors characterising different aspects
of Bitcoin can contribute to explaining convergence behaviour®. Table 1 specifies
sources and referencing methods applied for those controlling factors, where the
inclusion of controls is based on pioneer empirical studies® (e.g., Cheah et at., 2020;
Shen, Urquhart and Wang, 2019; Balcilar et al., 2017; Demir et al., 2018). First, we
consider the fundamental elements of Bitcoin markets, including transaction fees, time
spent on mining one block and the number of Active Wallet Address. Those
fundamental factors reflect the basic settings and general operational attributes of
Bitcoin. Second, we control for technical factors, viz., Daily Spread, Volatility,
Momentum and Trading Volume (account for illiquidity). Third, we include the influence
from policy uncertainty. Fourth, we account for impacts of public’'s general attention
and interest (captured by Google Search Volume). Finally, we control impacts of

extreme market conditions, i.e., periods of bubble and crash.

8 We load the five sets of controls separately (instead of including all of them with in one set) to reduce the
chance of having evident multicollinearity among controls. For instance, a rapid price rise (bubble) can be
reflected in a sharp increase in general attention (google search volume, see as Phillips and Gorse (2018)).

9 deally, the loading of controls should be in line with theoretical interpretation of Bitcoin pricing dynamics,
whilst to date, most empirically convinced explanatory factors/predictors for Bitcoin lack a direct theoretical
support.
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Table 1 Control Variable Specification

Scenarios Variable Data Source/Reference
!' TF- Natural Log Return  Daily Average Transaction Fee is provided
of Transaction Fee by bitinfocharts.com.
Fundamental MTB-Time Spent on Daily Average Mining Time (in minute) per
Elements Mining One Block block is provided by bitinfocharts.com.
I -
RZQ\::/] zlfalilqu?:bLeorgof Daily number of Active Wallet Address is
Active Wallet Address provided by bitinfocharts.com.
. Data is provided by
SPRD-Daily Spread https://data.bitcoinity.org
. o Following Cheah et al. (2020), the volatility
VOLT-Volatility series is estimated via GARCH (1,1).
We follow the work of Moskowitz, Ooi and
Technical MMT-Momentum Factor  Pedersen (2012) to calculate the
Signals Momentum factor.
Aggregated Bitcoin Dollar trading volume
is provided by data.bitcoinity.org; de-trend
DV-Detrended Volume volume is of applied to remove
persistency'® in the volume series, see
e.g., Balcilar et al. (2017).
The indicator of economic policy
: DAl : uncertainty (e.g., Baker, Bloom and Davis
Policy ~ PU-Policy Uncertainty 5415 cheah et al. 2020) is News-based
Uncertainty  Index .
and provided by
http://www.policyuncertainty.com/.
Google searching volume regarding the
I GT-

General t GT-Natural Log Return key word "Bitcoin” is provided by
Attention S; IGoogIe Trend Search http://trends.google.com (e.g., Polasik, et
olume al.,2015; Urquhart, 2018)

This dummy variable takes value of 1 if the
Bubble-Dummy for date |s'un<?ergomg a bubble period,
. otherwise is equivalent to 0. We apply
Bubble Period . . :
recursive unit root testing, see e.g., Assaf
(2018) to detect bubble period.
Extreme
Market . . .
Conditions This dummy variable records periods of

Crash-Dummy for Crash
Period"’

Bitcoin extreme price decline and if the
date is undergoing a crash period,
otherwise is equivalent to 0. The Crash
period is specified by Wu, Meng and
Velazquez (2015).

10 One of alternative approaches to remove persistency in time series is to apply auto regression (AR), see e.g.,

Cheah et al. (2020).

11 There is not yet a commonly accepted definition for financial market crash. Besides the method of applied in

the current research (i.e., bottom 5% quantile, by Wu, Meng and Velazquez (2015)), other alternative
definitions of crash can see as Hong and Stain (2003), Barro and Ursua (2009), and Wang et al. (2009).
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3.4. Findings

This part concentrates on the empirical findings, where we evaluate the contribution
of fear indicator to Bitcoin cross-market convergence. We start by quantifying
adjustment patterns in cross-market price disparity via a measure of convergence
speed, followed by an investigation into the linkages between speeds of convergence
and fear from real economic environment as well as loading controls under difference
scenarios. We identify solid evidence that fear can contemporaneously drive Bitcoin
cross-market convergence and additionally, serves as a predictor for this pattern.

3.4.1. Distances

Table 2 Descriptive Statistics for Distance Series

Distance Mean Median Max Min Std.Dev Skewness Kurtosis

RSD_AUD 0.0314 0.0197 0.3006  0.0005 0.0338 3.1903 16.3799
RSD_BRL 0.0299 0.0251 0.2817  0.0006 0.0206 3.1241 23.5618
RSD_CAD 0.0389 0.0207 0.4612  0.0002 0.0490 3.1532 15.9850
RSD_CNY 0.0350 0.0268 0.5969  0.0002 0.0380 5.1984 45.3400
RSD_EUR 0.0256 0.0185 0.6327  0.0006 0.0341 10.4302  147.0838
RSD_GBP 0.0293 0.0186 0.9437 0.0014 0.0543 10.0600  132.4380
RSD_ILS 0.0271 0.0220 0.2698  0.0012 0.0220 3.9059 30.2099
RSD_JPY 0.0387 0.0200 1.2968  0.0008 0.0883 7.6511 76.5778
RSD_MXN 0.0346 0.0241  0.4027  0.0006 0.0324 3.2896 21.8404
RSD_MYR 0.0530 0.0300 1.2092  0.0009 0.0929 7.2673 68.0014
RSD_NOK 0.0699 0.0536 0.4691  0.0008 0.0595 2.0088 8.9849
RSD_PLN 0.0273 0.0205 0.3628  0.0008 0.0254 5.0262 43.1391
RSD_RON 0.0687 0.0527 0.4431 0.0013 0.0564 1.8160 7.1798
RSD_RUB 0.0315 0.0236  0.3179  0.0006 0.0294 3.9892 25.0569
RSD_SGD 0.0328 0.0206  0.4258 0.0004 0.0410 4.2617 27.1209
RSD_SEK 0.0599 0.0458 0.3838 0.0004 0.0499 1.8899 8.1976
RSD_THB 0.0596 0.0421 0.3019 0.0004 0.0474 1.2339 4.3210
RSD_USD 0.0267 0.0186 0.9283 0.0013 0.0490 12.2472  181.4441
RSD_ZAR 0.0281 0.0221 0.2876  0.0003 0.0228 4.2830 35.4412
RSD_A 0.0394 0.0328 0.4046  0.0065 0.0251 5.5754 59.5442
RSD_M 0.0276 0.0218 0.2736  0.0040 0.0193 4.7050 43.1651

Note: This table reports statistics for risk-return distance series for individual markets alongside with
RSD_A and RSD_M standing for cross-market daily average and cross-market daily median risk-return
distances accordingly.

We calculate return-risk distances for individual markets and then quantify the
aggregate market level of distance by taking the cross-market average and the cross-
market median, RSD_A and RSD_M, accordingly. Table 2 summarizes key statistics
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of these distances. As for individual markets, the table depicts that over the selected
sample period, on average, Bitcoin priced in the Euro has the smallest dissimilarity
against the remaining Bitcoin-currency pairs, whereas BTC/NOK generates the
highest level of dissimilarity against the remaining markets. Positive skewness and
leptokurtic (i.e., Kurtosis > 3) are consistently found in those selected markets, which
indicates that, when compared to the case of standard normal distribution, the risk-
return distances of individual markets tend to have a much larger value (a heavy right-
tail)'?. In terms of overall market level, we note that the RSD_A has higher values in
reported statistics than those of RSD_M, which corresponds to the fact that RSD_A
contains more extreme values by taking the average of individual markets’ distance
and thus is in general more volatile. RSD_M by taking median can automatically ignore
the outliers but can also miss some valuable information given by extreme values.
Consequently, this empirical study includes both RSD_A and RSD_M for robust
concerns, in case excluding or including extreme values observed in individual

markets can distort our interpretation for “overall market level” convergence patterns.

Fig 1 Exhibition for Overall-market Risk-Return Distances (a) and Their
Smoothed Kalman Filter Estimates (b)
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(a) (b)
Note: Figure (a) plots overall market-wide risk-return distances (as signal) given by taking average and
median distance for 19 selected markets (i.e., RSD_A and RSD_M). Figure (b) plots the smoothed
distance measures by using Kalman Filter to extract estimated level (as state) while simultaneously
filter out noise.

To further establish a time-varying view of the overall level of risk-return dissimilarity
among selected Bitcoin market change, we visualise the observed signals through line
charts in Fig.1 (i.e., actual return-risk distance measures against their Kalman Filter

2 Those frequent jumps in distance signals stops us from applying simple moving window to estimate
of time varying slopes (local linear time trend), due to the empirical difficulty of identifying optimal
window length (e.g., Noda, 2016).
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smoothed estimates). It is clear to see that these lines depict a downward trend in
general, in which case cross-market convergence occurs and we suggest this will be
the case in the long-term as Bitcoin markets move towards a consensus where the
dissimilarity in risk-adjusted return among different Bitcoin markets is decreasing.
From Fig.1(a), it is noted that both RSD_A and RSD_M series contain frequent jumps
and therefore, directly using original distance series to estimate stochastic slopes (e.g.,
rolling window) may lead to a biased estimation for the true state given a certain portion
of noise. This justifies our application of the Kalman Filter. In the remaining content,
we expand our investigation over convergence speed by using recursive local slopes
and conduct experiments to examine whether fear indicator can contribute to the

movement of convergence speed.
3.4.2. Convergence Speed vs FEAR

We estimate state space models as given in Equation (5) through Equation (17) and
further generate recursive local slopes s, as metrics for Convergence (Divergence)

Speed, where a negative (positive) slope indicates tendency of convergence
(divergence). The larger the absolute values of these slopes, the higher speeds Bitcoin
markets move towards convergence (divergence). Meanwhile, we aggregate
sentimental factor FEAR from a real economy system (i.e., stock market, gold market,
crude oil market and bond market) by taking the first principal component. Table.3

exhibits descriptive statistics of Convergence Speed and FEAR.

Table 3 Descriptive Statistics for Convergence Speed and FEAR

Variable Mean Median Max Min Std.Dev. Skewness Kurtosis
Convergence

Speed -1.68*10"  -1.42*10" 1.40*10% -1.30*10%  4.15*10" 0.27 4.34
(RSD_A)
Convergence

Speed -1.55*10" -1.18*10" 7.46*10" -9.84*10" 3.08*10" -0.30 3.43
(RSD_M)

FEAR 0.05 -0.04 8.64 -1.53 1.05 2.28 13.52

Note: Convergence Speed (RSD_A) and Convergence Speed (RSD_M) stand for convergence speeds
estimated from cross-market average and cross-market median of individual markets’ return-risk
distances accordingly.
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We plot joint movements of Convergence Speed at the overall market level and FEAR
over the observation period in Fig.2. In general, movement of slopes for average RSD
and median RSD exhibits similar patterns whereas we note that the speed for RSD_M
is less volatile than that of RSD_A. As for FEAR Index, the chart depicts FEAR'’s
regional spikes approximately correspond to opposite spikes for Convergence Speed.
This implies that there tends to be a negative relationship between fear sentiment and
Convergence Speed.

Fig 2 Line Chart for Time Series of Convergence Speeds at Overall Market
Level against FEAR Index
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Note: Y-axis on the left-hand side is for the Kalman-Filter Estimated Convergence Speeds; Y-axis on
the right-hand side is for the Fear Index.

3.4.3. Contemporaneous Linkage

We test explanatory power of FEAR to Convergence Speed through a set of
regression models specified by Equation (18) through Equation (23). Our examination
strategy combines the model without controls and the models controlling for different
perspectives, i.e., fundamental elements, technical indicators, general policy
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environment, and public attention as well as the extreme price movements (periods of
Bubble and Crash). Pioneer studies have provided evidence for how these controls
link with Bitcoin price fluctuations, whilst the impact of these factors on cross-market
price behaviour has not been thoroughly explored. We jointly account them within
Model Il through IV to uncover the impact of fear sentiment on convergence after

accounting the effects of these controls.

Model |
St:CO‘l'Cl*FEARt'i'Et (18)

Model Il through VI (Models with Controls)

St =cog+ ¢y * FEAR, + ¢, * MTB; + c5 * ATF; + ¢, *x ANAW, + ¢, (19)

St =co+cy* FEAR, + ¢, * SPRD; + c3 * VOLT; + c4 * MMT; + c5 * DV, + €, (20)
St =co+cy* FEAR, + ¢, * PU, + ¢, (21)

St =co+ ¢y * FEAR, + ¢, * AGT; + €; (22)

St =co+ ¢y * FEAR, + c, * BUBBLE, + c3 x CRASH, + ¢, (23)

We summarize the empirical outcomes in Table.4, where we account for
heteroscedasticity and autocorrelation using HAC (e.g., Newey and West 1987). Panel
A and Panel B list the outcomes for the convergence speed regarding cross-market
average risk-return distances and cross-market median risk-return distances,
accordingly. Overall, the results support the hypothesis H1, where fear sentiment can
stimulate convergence among Bitcoin international markets. This also extends existing
empirical findings that risk of external markets can explain Bitcoin price dynamics
(Cheah et al., 2018; Lopez-Cabarcos et al., 2019) by showing the roles of risk

anticipation in the Bitcoin price evolving process.

From Model |, we notice that the coefficient of FEAR on both panels are consistently
negative and significant at 1%, whilst loading the selected controls (Model Il through
Model VI) does not evidently change in both the negative sign and the significance of
coefficients for FEAR. This implies the more uncertainty anticipation among investors,
the quicker convergence tends to occur among Bitcoin markets and this causal relation
is robust after thoroughly accounting for different controls. This finding is in line with
Bouri et al.(2017a) and Bouri et al. (2017c) where Bitcoin performs as a sound portfolio
diversifier for traditional markets. When investors are anxious about the future of these
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conventional markets, Bitcoin somehow serves as a safe haven (e.g., Bouri, Gupat
and Roubaud, 2018). Investors trade Bitcoin with different fiat currencies digest
information and make decisions based on diverse backgrounds (e.g., cultural, politic,
economic aspects). This results in a clear dissimilarity among price dynamics in each
segmented market. When there is more fear sentiment in the traditional financial
system, investors from segmented markets are more willing to diversify via adding
Bitcoin into their portfolio. This drives them to accelerate their learning and competition
(mimicking each other’s behaviour) and consequently price movements in individual

markets can converge towards each other at a quicker speed.

Among those models with controls, we note that technical indicators, policy uncertainty
and extreme market can collectively explain Convergence Speed, where the adjusted
R square depicts evident increase in Model lll, IV and VI compared to that of Model |
without including controls. We find coefficients significant at 5% or better in Spread,
Volatility, de-trend Volume among technical controls, and Bubble among Bitcoin
market condition controls as well as policy uncertainty, whilst the remaining control
factors do not provide evident explanatory power in terms of coefficient significance
and R square.

What happens to magnitudes of FEAR'’s coefficients after loading different sets of
controls? In Model Il and V, after accounting for the effect of fundamental factors and
general attention (Google search trend) to convergence speed, the degree of FEAR'’s
effect on driving convergence remains. In Models Ill and VI, the absolute values of
FEAR’s coefficients have sunk after removing effects of technical signals and extreme
market conditions, which implies a portion of FEAR’s impact on convergence can be
firstly reflected in the above two sets of controls and then eventually transmitted into
movements in convergence. In Model IV, we note that the absolute value of FEAR's
coefficient instead has increased after controlling for Policy Uncertainty. This suggests
Policy Uncertainty could help with moderating relationships between the convergence
speed and fear indicator, and thus the relation tends to be stronger when compared
with initial Model I.

Regression results of control variables (the sign and significance of coefficients) also
add to existing literature from a perspective of cross-market price heterogeneities.
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Given Convergence Speed cannot be explained by factors related to fundamental
aspects of the Bitcoin system (e.g., number of active wallets and mining difficulty) but
instead short-term trading signals (Spread, Volatility, and de-trend Volume), we argue
that the way investors cross different markets pricing Bitcoin is rather subjective and
is not sensitive to fundamentals of Bitcoin. The finding that trading volume can deter
Bitcoin markets from moving towards convergence is in line with Scheinkman and

Xiong (2003) where volume can proxy underlying disagreement among investors.

We find the Policy Uncertainty decelerates the trend of convergence among Bitcoin
markets rather than speeding up the process. We consider this may be due to policy
uncertainties also containing information of authorities’ regulations and laws related to
digital currency markets rather than solely reflecting uncertainties for macroeconomic
aspects.

We note that convergence speed is relatively smaller during the bubble period
compared to the non-bubble period. This implies, during the period of price boost,
segmented markets are more reluctant to converge. Our results are probably because
market participants are less rational during the bubble period with their trading
behaviour following non-fundamental signals (e.g., unproven upward trend in price).
This can further amplify dissimilarity among markets and thus introduce extra cross-
market disparity. This result is also in line with the work by Shleifer and Vishny (1997)
which underscores that the effectiveness of arbitrage is remarkably limited when the
price is largely out of the line of fundamental value during the bubble period. Besides,
empirical evidence by Wang (2018) and Yu and Yuan (2011) in which bullish markets
present distorted risk-return trade-off can help explain our results.

Eichler (2012) argues that investor attention can facilitate arbitrage trading and liquidity
and thus reduce cross-market price differential. However, in our case, we find that
general search engine exposure cannot significantly contribute to explaining cross-
market convergence. This may be due to the search interest cannot directly capture
investors’ faith and confidence, neither can it account for the intrinsic value of Bitcoin,

though it can fairly reflect public attention.
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Table 4 Explanatory Regressions for Convergence Speed against FEAR

Panel A

Convergence Model | Model I Model Il Model IV Model V Model VI
Speed (RSD_A)

Constant -0.159%** (-6.96) -0.252*** (-2.49) -0.703*  (-1.85) -0.297***  (-8.73) -0.159*** (-6.96) -0.191*** (-7.46)
FEAR -0.148***  (-4.57) -0.148*** (-4.51) -0.143*** (-6.94) -0.212***  (-6.44) -0.148*** (-4.57) -0.123*** (-3.93)
MTB | 0.008 (0.84) | | | | | | |

I TF -0.005 (-0.21) ! ! I I I I I

I NAW ! -0.035 (-1.35) ! I I I I I I
SPRD | | -2.080***  (-4.84) | | | | |
VoLt ! ! ! 54.080*** (5.31) ! ! ! ! !

MMT I I I -0.089 (-0.62) I I I I I
DV*10%% ! ! | 0.591**  (2.17) | | | | |

PU I I I I I 0.001*** (6.54) I I I

' GT ! ! ! ! ! | | -0.009 (-0.23) |
Bubble I I I I I I I I 0.216***  (3.79)
Crash 0.031 (0.75)
Adj-R& 0.1413 0.1506 0.2688 0.2114 0.1409 0.1687

Note: ** and *** denote 5% and 1% significant level, accordingly. Convergence Speed applied in this table is re-scaled (multiplied by 10%) and its unit of measure
is basis point. Figures in blanks are the t-value provided by Newey West correction (HAC) method. Model | is the simplest model without controls while Models
Il through VI include controls for different scenarios. Panels A and B capture results for convergence speeds estimated from cross-market average and median
distance, accordingly.

87



Table 4 (continued)

Panel B

Convergence Model | Model Il Model Il Model IV Model V Model VI
Speed (RSD M)

Constant -0.149*** (-8.67)  -0.269***  (-3.24) -0.780***  (-2.68)  -0.284*** (-10.92) -0.149*** (-8.67) -0.185*** (-9.88)
FEAR -0.097*** (-3.77)  -0.097***  (-3.72) -0.093***  (-5.75)  -0.161*** (- 6.13) -0.098*** (-3.77) -0.070*** (-2.96)

MTB | 0.001 (-1.43) | | | | | ! !
| TF - -0.007 (-0.41) | | | | |
I NAW ! -0.024 (-1.25) | ! ! ! | ! !

SPRD ! _ ! [1.730%*%  (-4.84)
VOLT ! 46.33***  (-5.75)

! ! ! ! !

! ! ! ! ! !

MMT ! ! ! -0.044 (-0.42) I I I I
! ! ! ! ! !

|
|
!
DV*10%% | _ _ 0.548** (-2.54) I I I I I
PU I I I I I 0.001*** (-8.61) I I I

| GT . ! | | | | ! 0006 (-0.21) .

Bubble ' ! ! ! ! ! ! ! ! 0.243***  (-5.99)
Crash 0.029 (-0.91)

Adj-R* 0.1121 0.1163 0.2750 0.2339 0.1117 0.1755

Note: ** and *** denote 5% and 1% significant level, accordingly. Convergence Speed applied in this table is re-scaled (multiplied by 10%) and its unit of measure
is basis point. Figures in blanks are the t-value provided by Newey West correction (HAC) method. Model | is the simplest model without controls while Models
Il through VI include controls for different scenarios. Panels A and B capture results for convergence speeds estimated from cross-market average and median
distance, accordingly.
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3.4.4 Predictive Regression

Under the framework of AMH, market participants use evolutionary rationality rather
than perfect rationality. They tend to deploy heuristics in decision-making and
adaptively adjust their strategies based on historical information (e.g., profit and loss)
and anticipation of future payoff. Evolutionary rationality provokes that optimized
decision-making is not a one-shot game (i.e., cannot be achieved immediately as
modelled in EMH), but instead is recursively updated over time through survival and
selection. This lays the foundation for the predictive power of determinants involved in
pricing dynamics, where ‘history matters’ (Lo, 2017). In addition, we argue that
investors bearing more fear are relatively more conservative and may invest more time
in learning process before reacting to shocks in the market. When the above
sentiment-driven slow adjustment holds, we would expect to find fear sentiment’s
predictive power for risk-return dynamics. In line with the empirical methods of Aalborg
et al. (2019), Drechsler (2013), Rapach, Ringgenberg and Zhou (2016) and Cheah et
al. (2020), we have the following representative regressions (i.e., Model | through to
Model VI) to examine the h-day forward predictive power of the FEAR to Convergence

Speed.

Model I:
St,h = CO + Cl * FEARt + Gt (24)

Model Il through VI (Models with Controls):

Sen =Co+ ¢y * FEAR; + ¢, * MTB, + c3 * ATF; + ¢4 x ANAW, + €, (25)

Sen = Co+ ¢y * FEAR; + ¢, * SPRD; + c3 * VOLT; + ¢4 * MMT, + c5 * DV; + €, (26)
Sen =co+cy *FEAR, + ¢, * PU, + €, (27)

Sen = Co+ ¢ * FEAR; + ¢, * AGT; + €, (28)

Sen = Co+ ¢y * FEAR; + ¢, * BUBBLE, + c3 * CRASH, + €, (29)

Here, S;, = 1/h - Yi=hs, ., which is a h-day ahead average convergence speed;
analogous to contemporaneous regressions, the above set of models considers the
cases with or without loading controls.

We summarise the empirical outcomes for the predictive regression as defined by
Equation (24) to (29) in Table.5. Similarly, we have adjusted the R Square taking

heteroscedasticity and autocorrelation into account using HAC (e.g., Newey and West
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1987). From the results, we note that FEAR has a strong predictive power for
convergence, where in both models with and without controls, coefficients of FEAR
are all significantly negative (at 1% level). Overall, the results support the hypothesis
H2. This implies that the more fear sentiment witnessed in the past, the quicker Bitcoin
markets head towards cross-market convergence. Via looking into cross-market risk-
adjusted return dynamics, our results extend the studies of Cheah et al. (2020) and
Demir et al. (2018) which document external uncertainties and can explain future
Bitcoin returns. Given that fear indicator can help explain more than 10% variance of
Convergence Speed, i.e., adjusted R squares are greater than 10% for Model |
(without including additional control factors), we suggest that the predictability of FEAR
is also economically significant (see e.g., Rapach, Ringgenberg and Zhou, 2016).

In addition, in contrast to Rognone, Hyde and Zhang (2020), there is no reversal
between contemporaneous relationships and predictive relationships, i.e., FEAR'’s
coefficients consistently remain negative among all four selected horizons (from 1-day,
7-day, to 14-day and 28-day). In line with Cheah et al. (2020), we also note a trend of
decrease in FEAR'’s coefficient and corresponding adjusted R square from short-term
to long-term horizons. For instance, for Model | in Panel A of Table 5, the absolute
value of c1 coefficient timed by 10° drops from 1.47 to 1.39 for one-day and 28-day
forecasting, accordingly. This reveals that FEAR'’s predictive power for Bitcoin
dynamics is decreasing when applied to longer horizons. However, the drop in
predictive power is mild instead of evident in terms of coefficient magnitude, which
implies that within a one-month horizon, fear sentiment given by traditional markets is

an economically significant driver for convergence among Bitcoin markets.
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Table 5 Predictive Regressions of Convergence Speed on FEAR

Panel A
Convergence h=1 h=7 h=14 h=28
Speed(RSD_A)

cl t-value  Adj-R® cl t-value  Adj-R& cl t-value  Adj-R& cl t-value Adj-R®
Model | -0.147 -4.54 0.1399 -0.144 -4.46 0.1368 -0.142 -4.40 0.1341 -0.139 -4.43 0.1334
Model Il -0.147 -4.47 0.1490 -0.145 -4.39 0.1477 -0.142 -4.33 0.1451 -0.139 -4.36 0.1432
Model IlI -0.142 -6.72 0.2676 -0.142 -6.93 0.2605 -0.140 -6.93 0.2549 -0.138 -7.05 0.2478
Model IV -0.214 -6.72 0.2124 -0.207 -6.27 0.2041 -0.203 -6.15 0.1989 -0.196 -6.07 0.1931
Model V -0.147 -4.54 0.1395 -0.144 -4.46 0.1364 -0.142 -4.40 0.1337 -0.139 -4.43 0.1329
Model VI -0.122 -3.89 0.1674 -0.120 -3.83 0.1642 -0.118 -3.79 0.1616 -0.116 -3.84 0.1602

| | | | | | [ | | | | |

Panel B
Convergence h=1 h=7 h=14 h=28
Speed(RSD_M)

cl t-value  Adj-R® cl t-value  Adj-R& cl t-value  Adj-R& cl t-value Adj-R®
Model | -0.097 -3.75 0.1110 -0.095 -3.68 0.1085 -0.094 -3.64 0.1066 -0.092 -3.64 0.1059
Model Il -0.097 -3.70 0.1150 -0.095 -3.63 0.1133 -0.094 -3.59 0.1113 -0.092 -3.60 0.1099
Model Il -0.093 -5.59 0.2743 -0.093 -5.75 0.2663 -0.092 -5.74 0.2596 -0.091 -5.77 0.2487
Model IV -0.163 -6.43 0.2360 -0.157 -5.94 0.2262 -0.154 -5.83 0.2210 -0.149 -5.74 0.2135
Model V -0.097 -3.75 0.1106 -0.095 -3.68 0.1080 -0.094 -3.64 0.1062 -0.092 -3.64 0.1054
Model VI -0.069 -2.93 0.1747 -0.067 -2.88 0.1730 -0.066 -2.84 0.1718 -0.065 -2.87 0.1708

|

"HBO&HPI%0&' (1) ++8&,-)B)!., $/-0%&'-(-%112314567132,1829:$,:$90$! <.$$/=1>#$ $129$  7&1=129$>$$@=!#EARIVoH! &9/! 29524 29%#! &H#R/1 & $! 231029)-/$,$/! A#BC=!D=ICE=!FGHI!
82(*+9)12310C!,$.2,%61%64$1$) %-+8&%$/102$33-0-$9%)!32, 1456 718+29;1 31+ 2/FCRA(IL1-) 106451+ ($) %61+ 2/$(1>-96#2*%61029%, 2() 1 >H#-(SIK2/S(ILLI%#, 2+ #IMLI-90(*/$1029%, 2()!1 32, 1/-33$, $9%!
)0$9&,-2) HIB29:$,;$90$!<.$$/1&..(-$/1-9  106#-)1%&($!-) FO&(S/I A+*(%-.(-$/!"L] CNH!&I/1-%6)1¥0-%61 231 +$&)*,$1-)!'€)-)!.2-9%BI2&(*$) &, B1;-:$9!'11 068! +$%6#2/1 P&IS(16!&9/1 Q!
08.%*,$1,$)*(%)!32,1029:$,:$90$!).$$/)!$)%-+&%6$/13,2+10,2)) &, @$%!&:$,&;$18&9/1+$/-891/-)%E&90$=1&002,/-9;(LI
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3.5. Robust Tests
In this section, we implement three robustness checks where we test the consistency
of our main finding subject to data selection, model specification and subsample.

3.5.1 Exclusion of BTC/CNY Price Series

It is typical to hypothesise that international markets tend to follow major liquidity
providers, and individual markets trade actively to eliminate price deviations between
themselves and these liquidity providers. Historically China was one of the key
markets listed as the top Bitcoin market in terms of trading volume until the
government’s official prohibition in 2018. As the trading volume of the BTC/CNY pair
significantly shrank after this ban, inferring aggregated convergence speed based on
sample set with or without BTC/CNY series may result in different outcomes given an
evident change of liquidity and market depth in this individual market. Thus, it is critical
to check if our main findings were sensitive to inclusion or exclusion of BTC/CNY in

our sample set.

We reconstruct our distance measures based on 18 Bitcoin-currency pairs excluding
Bitcoin priced in Chinese Yuan with the observation period spanning from 04/10/2013
to 19/09/2020. We provide Kalman-Filter estimated Convergence Speed and follow
the same test strategy (regression model | to Model VI). Table 6 depicts this section
of results, where both Panel A and Panel B exhibit that FEAR’s role holds in
accelerating convergence among Bitcoin markets. Since sample sets with or without
BTC/CNY currency pair can generate consistent results, we conclude that the way
that convergence behaviour reacts to FEAR is not sensitive to the change of a major

liquidity provider.
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Table 6 Regression Results for Convergence Speeds based on 18 BTC-Currency Pairs against FEAR

Panel A

Convergence Model | Model Il Model Il Model IV Model V Model VI

Speed (RSD_A)

Constant [0.163*** (-6.97) -0.278*** (-2.78) -0.073*  (-1.87) -0.293*** (-8.41) -0.163*** (-6.97) -0.182***  (-6.82)
FEAR _0.140%**  (-4.37) -0.141*** (-4.30) -0.135*** (-6.42) -0.201*** (-6.09) -0.140*** (-4.37) -0.125***  (-3.81)
MTB | 0.001 (1.06) | | | | | | |

ATF 0.005 (0.21) ! ! ! | | | !
ANAW | -0.034 (-1.28) ! ! | | | | |
SPRD I I -1.950***  (-4.55) I I I I I
VOLT | ! ! 47.10%**  (5.23) | | | | .

MMT ! . ! -0.105 (-0.75) ! | | ! !
DV*10%* I I I 0.410* (1.71) I I I I I

PU I I I I I 0.001***  ( 6.08) I I I

AGT I I I I I I I 0.007 (0.17) I
Bubble I I I I I I I I 0.129** (2.29)
Crash 0.015 (0.38)
Adj-R& 0.1242 0.1368 0.2283 0.1849 0.1238 0.1331

"#$%&RIRRI&I/'RRR!/$92%$!CNS=ITS!&9/ICS!)-;9-3-089%!($:$(=!&002829;{1$90$!<.$$/1&..(-$/1-919%6#-)1%&'($1-),$  YO&(S/'A+*(%-.(-$/' LI CNHI&I/!-%)1*9-%1231+$&)* $!-)'&)-)!
2-9%1-:* $)1-9'(89@)!&, $I9R&(*$)!., 2:-/$/I 11OB8I+$YeH2/IIK2/S(ILI-)IB32,]  oHSl)-+.($)%e-2/$(1>-%6#2%%1029%, 2()=!>H#-($IK2/S(ILLI%H, 2% #IMLI029%, 2()!32,1/-33%$,$9%!)0$9&, -2)  P&IS(!
61&9/IP&IS(1QI0&.%*,$!,$)*(%)!32,1029:3,;$90$!).$/)!$)%-+8%$/13,2+10,2)) 2+&, @$%!&;&;$!89/1+$/-8&9!/-)%8903$)=1&002,/-9;(1l !
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Table 6 (Continued)

Panel B

Convergence Model | Model Il Model Il Model IV Model V Model VI

Speed (RSD_M)

Constant _0.158*** (-9.00) -0.290%** (-3.52)  -0.090*** (-3.01) -0.290*** (-10.73) -0.158*** (-9.00) -0.186*** (-9.54)
FEAR 0.091%** (-3.55) -0.091*** (-3.51)  -0.088*** (-5.35) -0.153*** (-576)  -0.091*** (-3.55) -0.069*** (-2.83)
MTB ! 0.001 (1.57) ! I I I I I I

ATF -0.001 (-0.05) ! ! | | ! ! |
ANAW | -0.024 (-1.19) ! ! ! | | | |
SPRD | | -1.630%**  (-4.46) ! | . . |
VOLT ! ! ! 43.63*** (5.95) ! I I I I

MMT ! ! ! -0.057 (-0.56) | | | . |
DV*10%% ! ! ! 0.450%*  (2.28) ! ! | | |

PU I I I I I 0.001***  (8.17) I I I

AGT I I I I I I I 0.004 (0.15) I
Bubble ! ! ! ! ! ! ! ! 0.192***  (4.73)
Crash 0.025 (0.83)
Adj-R& 0.0960 0.1019 0.2376 0.2101 0.0955 0.1344

"#$%8R=IRRI&I/IRRRY/$9296$ICNS=ITSI&I/ICS!)-:9-3-089%!($:$(='&008ZBHIBO0$!<. $$/1&...(-$/1-0106#-)196&'($1-)!,$  DO&(S/NA+*(%o-.(-$/I'LI CNHIZO/1-96)1%9-061231+$8)* $1-)'&)-)!
2-9%4U-%,$)1-91'(&9@) &, SI9R&(*$)!., 2:-/$/I" I0681+$Y6H2/IIK2/IS(LI-)IB2,]  Yot$l)-+.(B)Us-2/B(1>-%6#2*%1029%, 2()=1>#-($IK2/$()ILLI%%#, 2* #IMLI029%, 2()!32, /-33$,$9%!)0$98&, -2) IP&IH(!
6189/IP&IS(1Q!108.96* $1,$)*(%6)!32,1029:$,:$90$!).$3/)!$)%-+8%6$/13,2+10,2)) 2+&, @$%!$,&;$189/!1+$/-891/-)%&90$=18002,/-9;(11 !
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3.5.2 Consistency among Quantiles

Empirical evidence such as Naeem et al. (2021) highlights how Tweet sentiment
proxies of happiness and fear can provide diverse levels of predictability for the return
series of cryptocurrencies among different quantiles. This implies that sentimental
factors may have a nonlinear nexus with Bitcoin price dynamics. In addition, Burggraf
et al (2020) point out the simple linear model constructed over rigorous assumption of
normal distribution can bring a biased estimation for causal relationships. In this light,
we apply Quantile Regression (Koenker and Bassett, 1978) to investigate the
robustness of dependence relations between response variables and covariates (in

our case, Convergence Speed and FEAR aggregated from four traditional markets)?'.

In Quantile Regression, we have analogous regression functions as simple linear
regressions (e.g., Equation 18 and Equation 24), while the approach to estimate
coefficients differs. Unlike Ordinary Least Square (OLS), Quantile Regression does
not only focus on mean properties of responses (i.e., let positive residuals and
negative residuals equate regarding to numbers and magnitude), instead, it extends
to different quantiles of responses (Koenker and Hallock, 2001). This approach
estimates changeable beta coefficients depending on quantiles and thus provides a
more detailed view of interlinks between FEAR and Convergence Speed, especially
for extreme regimes of Convergence Speed (tail behaviour). Equation (30) and
Equation (31) cover the basic settings of Quantile Regression.

$=/, =y L%.+" . (30)
#H

" ] I I ) ] ' m o/
§d"/ = O*+’ #" f, !/ 8§ ##, # % %)s (31)
% % % +
Where #, denotes covariate | (explantory variable) at time ! ; !, is for the residual
of regressions; " 17" is for coefficient set #, $. !$/ $ conditional on quantile ! ;

", 1¥' represents a check function and equals to

21 Alternative method for checking robustness under nonlinearity can be found in Qadan and Nama (2018).
They simply calculate correlation between sentimental factors and oil price return for the cases of whole
sample and subsamples.
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rswets o, oY @rnswed o8 W%, 9 ),3 , which is a
)

( #=H #=it
weighted average of residuals; 1"/ #is the set of estimated coefficients given by the

minimization of Equation (30).

We exhibit charts for FEAR coefficients with their 95% confidence intervals when
taking quantile process from 10%-Quantile through 90%-Quantile in Fig.3. In general,
the exhibition of quantile regression regrading to six selected models depicts
coefficients for FEAR stay below zero among selected quantiles including both lower
and upper tails and are significant at 5% or better (i.e., upper 95% confidence interval
stays below zero). This confirms that FEAR serves as a consistent driver for different
levels of Convergence Speed. In addition, the charts present an upward tendency in
coefficient from lower quantiles to higher quantiles. This suggests that FEAR’s
explanatory power is relatively stronger for lower quantiles of convergence speed (i.e.,
higher level of convergence speed) when compared with that of upper quantiles. For
instance, in column (a) of Model | (regressing Convergence Speed (RSD_A) against
FEAR without controls), the estimated coefficient for FEAR rises from -3.5%10 level
(10%-Quantile) to -1.0*10° level (90%-Quantile). Differentials in Speed-FEAR
relations among quantiles demonstrate that investors’ learning of cross-market
information and correction of mispricing are adaptively reacting to sentimental factors,
rather than maintaining a relatively fixed relation. This is in line with AMH. In detail,
when information across Bitcoin markets is processed by market participants and
reflected in prices at a highly efficient mode, investors’ risk anticipation can more
evidently accelerate the convergence among Bitcoin markets. Conversely, when
individual markets present a low-efficient mode in terms of correcting price disparity
(moving towards convergence at a low speed) or in the zone of increasing price
disparity (moving towards divergence), Bitcoin investors’ decision-making and action
are less sensitive to investors’ fear sentiment. Thus, certain circumstances such as
mispricing correction among Bitcoin international markets can be insignificant. Equally,
if cross-market disparities tend to be enlarging, fear sentiment’s impact and

contribution can be rather limited.

3.5.3 Subsample Consistency
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Subsample analysis is widely applied in empirical study to inspect time-varying stability
between dependents and independents (e.g., Xiong et al., 2019; Urquhart and
McGroarty, 2014). In this section, we investigate whether fear sentiment’s role of
speeding up Bitcoin convergence process remains consistent within two subsamples
of the whole observation. Following the practice of Luo et al. (2021), we divide the
sample period into two equal-length windows, i.e., before and after 12/04/2017.

Table 7 summarises this part of the results. In terms of signs of coefficient and
significance of fear indicator among regressions, the results consistently provide
significant negative figures, which implies the causal relation found in the full sample
period also holds for both sub-periods. In addition, we note that the impact of FEAR
on convergence speed (the magnitude of coefficients of FEAR) during the second
subperiod has evidently declined compared with that of the first subperiod. This
evidence coincides with the AMH, where fear sentiment’s predictability appears to wax
at the beginning and then wane along the whole period of observation. Market
participants evolve via learning and competition based on historical information and
tend to be more efficiently adjusted for price disparities. Consequently, the
predictability of fear indicator may gradually be eliminated in price dynamics.
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Fig 3 Exhibition for Quantile Estimation Plots regarding Convergence Speed
against FEAR with 95% Confidence Interval

Model |
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Note: The exhibition of figures plots coefficients of FEAR at different quantiles, where the column (a)

and (b) are for regressions of convergence speed given by cross-market average distances and median

distances, accordingly.
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Fig 3 (continued). Exhibition for Quantile Estimation Plots regarding
Convergence Speed against FEAR with 95% Confidence Interval

Model IV
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Note: The exhibition of figures plots coefficients of FEAR at different quantiles, where the column (a)

(b)
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and (b) are for regressions of convergence speed given by cross-market average distances and median

distances, accordingly.
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Table 7 Coefficient consistency during two sub-periods

Panel A Convergence Speed (RSD_A)

Panel B Convergence Speed (RSD_M)

Subperiod-I Subperiod-Il Subperiod-I Subperiod-Ii
Coef. t-value  Coef. t-value | Coef. t-value  Coef. t-value

"#$%&EL &

Constant - 0.384*** 9,08 - 0.005 -0.20 - 0.315%** 9,62 - 0.027%  -1.74
FEAR - 0.253*** 496 - 0.059*** 451 - 0.220*** 545 - 0.016** -2.30
I"#$%&'&

Constant . 0.493*** .2.55 - 0.589 -0.53 - 0.458*** 301 - 0.098 -1.52
FEAR - 0.245%** 481 - 0.061*%** -4.50 - 0.214*** 531 - 0.018**  -2.46
MTB 0.011 0.58 0.039 0.35 0.014 0.98 0.006 1.00
I TF 0.047 1.00 - 0.017 -0.60 0.031 0.85 - 0.016 -0.97
' NAW 0.011 0.24 - 0.023 -0.85 0.008 0.23 - 0.013 -0.80
I"#$%&"&

Constant - 0.240*** -3.24 - 0.094*%*  -1.97 - 0.208*** -3.53 -0.077***  -3.08
FEAR - 0.158*** 307 - 0.068*** 542 - 0.147*%** 364 -0.023***  -3.09
SPRD - 2.610*** -3.31 1.770* 1.65 - 2.060*** -3.31 0.928* 1.65
VOLT 98.910***  4.87 -0.084 -0.08 83.410*** 513 1.390 0.22
MMT 1.030***  3.89 - 0271** 214 0.753***  3.66 -0.185**  -2.36
DV*10° 0.532 1.11 - 0.415 -1.52 0.465 1.17 -0.155 -0.96
I"#$%&' (&

Constant - 0.633*** -9.83 - 0.005 -0.20 - 0.502*** -10.02  -0.027* -1.74
FEAR - 0.254*%** 526 - 0.059*%** -451 - 0.221*%** 574 -0.016*%*  -2.30
PU 0.003*** 7,03 0.000 0.00 0.002*** 6,92 -0.002 -0.03
I"#$%& (&

Constant - 0.384*** 9,08 - 0.001 -0.20 - 0.315%** 961 -0.027* -1.74
FEAR - 0.253*** 495 - 0.059*%** -451 - 0.220%** 544 -0.016*%*  -2.30
I'GT 0.027 0.38 - 0.005 -0.11 0.020 0.36 -0.063 -0.24
I"#$%& (‘&

Constant - 0.518*** -3.01 - 0.001 -0.58 - 0.429%** 330 -0.034*** 533
FEAR - 0.048**  -2.05 - 0.057*** .7.28 - 0.048***  _2.66 -0.012*%** 2,60
Bubble 0.652*** 433 0.021 0.61 0.550*** 567 0.078*** 3,68
Crash - 0.042 -0.60 - 0.017 -0.38 - 0.032 -0.60 -0.007 -0.28

Note: The table records coefficients of FEAR in explanatory regression against aggregated market
Convergence Speed during two sub-periods, i.e., before and after the date 12/04/2017. *, ** and ***
denote 10%, 5% and 1% significant level accordingly. Convergence Speed applied in this table is re-
scaled (multiplied by 10%) and its unit of measure is basis point. The t-values are provided by HAC
method. Model | is for the simplest model without controls, while Model Il through VI controls for different

scenarios.
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3.6. Discussion

For discussion, this research addresses two dimensions to add to our main findings.

3.6.1 Heterogeneity among Individual Markets

Several empirical findings document how Bitcoin individual markets react and process
information with different patterns (e.g., Cheah et al., 2018; Gillaizeau et al., 2019;
Duan et al., 2021). This gives rise to extending previous findings for overall market
(aggregate distance level capturing by daily cross-market average and median) to
individual markets, where we decompose the cross-market convergence behaviour at

aggregate level into the ones for each segmented market sector.

We demonstrate whether our findings based on aggregate market originate from most
individual markets or stem from the fact that the behaviour of only two or three key
components overwhelms the remaining insignificant ones. We utilise Kalman Filter to
extract Convergence Speed of individual markets based on their corresponding risk-
return distance and then regress the convergence speed against fear indicator
alongside control variables.

We report coefficients for FEAR in Table 8 for 19 individual markets regarding Model
| through Model VI. The results establish that individual markets respond to fear
sentiment in diverse ways. Most sample markets witness negative coefficients, which
confirms that the role of FEAR as a convergence driver in general holds among most
individual markets. In detail, in over 19 individual markets, the coefficient sign for
FEAR regarding six models is found consistently and significantly negative in 12
markets (significance level is at 5% or better), where FEAR’s power of accelerating
convergence is found to be weakest in BTC/PLN and strongest in BTC/MYR. In the
remaining 7 markets, the situation varies. For markets trading Bitcoin against BRL,
CNY, ILS, RON, ZAR, FEAR is significantly negative (significance level is at 10% or
better) among Model | through Model V whereas we found no significance in Model VI
which controls for bubble and crash. This implies that for the above five markets,
FEAR’s impact on convergence can be largely reflected in bubble and crash
movement in Bitcoin price and thus can lose its significance in Model VI. In addition,
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FEAR does not play a significant role in the decision-making of participants in Mexican
markets (coefficients are insignificant among all 6 regression models); FEAR brings a
significantly opposite effect for Thai markets, where FEAR decelerates the process of
convergence. This suggests, given the same fear sentiment aggregated from
traditional financial markets, domestic investors in the Mexican market and Thailand
market tend to have different preferences and behaviours compared to the remaining
17 individual markets, either presenting no sensitivity to fear sentiment or adversely

conducting more noise trading to further drive the price away from convergence.

3.6.2 Alternative Fear Indicators

Market participants’ fear of downside risk can change over different horizons to
collectively respond to arrivals of new information. Under imperfect market efficiency
provoked by AMH, it is straightforward to anticipate that markets would differentially
react to investor sentiment subject to different horizons, whilst in EMH, this kind of
reaction should be undifferentiated as insignificant since sentiment is a non-
fundamental factor. Therefore, heterogeneity among this type of fear-convergence
connection is conducive to a better understanding of how Bitcoin investors adaptively
adjust to market sentiment. Recall that our initial fear sentiment is aggregated from the
implied coming 30-day volatility and this setting literally omits the discussion under

different time horizons.

In this extended discussion, we consider 4 alternative FEAR indices based on different
maturity dates of S&P500 options to quantify fear sentiment from short-term to long-
term horizon. Specifically, we collect 9-day, 30-day, 3-month, 6-month, and one-year
VIX (as VIX-9day, VIX-30day, VIX-3month, VIX-6month and VIX-1year, downloaded
from CBOE). Known as VIX term structure (e.g., Johnson, 2017; Luo and Zhang,
2012), they capture dynamic relationships between maturity dates and VIX values and
thus provide valuable information for how investors form up risk expectation. For
instance, as presented in Fig 4, investors’ 3-month risk anticipation generally
fluctuates below 1-year, whereas there are also scenarios where the 3-month line
temporarily surpasses the 1-year line which corresponds to short-term crashes. By
investigating the relationship between VIX term structure and Convergence Speed,
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we can better picture how the reaction of Bitcoin market to fear sentiment varies under

different time horizons.

Fig 4 VIX Term Structure

VIX TERM STRUCTURE
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Note: This figure collectively presents the curves for VIX-9day, VIX-30day, VIX-3month, VIX-6month
and VIX-1year, collected from COBE. The observed period is 03/11/2013 through 19/09/2020.

We regress our measures of Convergence Speed against 5 alternative fear indicators,
following the same strategy as specified by Equation (18) and Equation (23) (i.e.,
Model | through V). Table 9 provides a comprehensive view of how the impacts of
fear indicators differ from short-term to long-term.

The results suggest that fear sentiment implied from both short term and long term
VIX can accelerate the convergence, whilst fear based on longer horizon VIX presents
greater impacts. For instance, risk anticipation over the next 3-month period can
contribute to convergence with less than half effect compared to that which is over the
next 1 year. This result denotes, for investment in virtual markets, investors are more
sensitive to long-term risk signals aggregated from the real markets. To be specific,
when a positive shock occurs in fear of downside risk over the coming relatively short
period, investors may be not sufficiently alert to adjust for their trading in Bitcoin
markets; however, when the same degree of shock is imposed on longer term risk
expectation, investors present to modify their trading more promptly. Consequently,
correction of mispricing among Bitcoin international markets will be more efficient. This

can likely be explained by investors’ asymmetric attention to information with different
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levels of visibility where longer term risk anticipation is plausibly more visible than that
which is based on a shorter-term (e.g., Barber and Odean, 2008). This finding
enhances the current understanding for Bitcoin as a hedge for real economy

investment (e.g., Dong, Xu and Zhang, 2021).
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Table 8 Regression Results for Individual Markets’ Convergence Speed against FEAR

AUD BRL CAD CNY EUR GBP ILS IPY MXN MYR

Model | -0.119 -0.073 -0.132 -0.152 -0.129 -0.168 -0.079 -0.358 -0.004 -0.707
(-3.47) (-3.44) (-2.24) (-2.99) (-4.12) (-3.90) (-3.38) (-3.38) (-0.25) (-8.94)

Model I -0.121 -0.071 -0.136 -0.148 -0.129 -0.168 -0.078 -0.355 -0.007 -0.725
(-3.47) (-3.38) (-2.28) (-2.94) (-4.07) (-3.85) (-3.31) (-3.34) (-0.42) (-9.03)

Model 1l 0.114 -0.072 -0.171 -0.193 -0.116 -0.149 -0.074 -0.272 0.005 -0.769
(-4.39) (-4.23) (-3.69) (-3.85) (-6.26) (-6.10) (-4.56) (-4.65) (0.40) (-9.75)

Model IV -0.185 -0.112 -0.235 -0.215 -0.204 -0.292 -0.147 -0.652 -0.031 -0.464
(-4.67) (-4.66) (-2.67) (-3.54) (-6.42) (-6.41) (-6.24) (-5.37) (-1.55) (-5.73)

Model V -0.119 -0.073 -0.132 -0.152 -0.129 -0.168 -0.080 -0.358 -0.004 -0.707
(-3.47) (-3.44) (-2.24) (-2.99) (-4.11) (-3.90) (-3.38) (-3.38) (-0.25) (-8.94)

Model VI  -0.108 -0.017 -0.105 -0.015 -0.113 0.142 -0.024 -0.290 -0.023 -0.846
(-3.04) (-1.16) (-1.83) (-0.66) (-3.56) (-3.32) (-1.45) (-2.80) (-1.20) (-8.53)

NOK PLN RUB RON SEK SGD THB USD ZAR

Model | 0.276 -0.117 -0.105 -0.125 -0.141 -0.188 0.278 -0.147 -0.065

| (-3.80) (-3.92) (-3.44) (-1.92) (-3.35) (-4.07) (6.09) (-3.87) (-2.24)

Model I -0.270 -0.117 -0.105 -0.117 -0.139 -0.190 0.278 -0.147 -0.064

| (-3.76) (-3.88) (-3.39) (-1.81) (-3.29) (-4.04) (6.07) (-3.83) (-2.19)

Model 1l 0.274 -0.104 -0.110 -0.099 -0.123 -0.196 0.304 -0.126 -0.066

| (-3.64) (-5.76) (-5.69) (-1.67) (-3.40) (-6.09) (7.03) (-5.69) (-3.24)

Model IV -0.178 -0.208 -0.170 -0.458 -0.196 -0.294 0.382 -0.243 -0.126

| (-2.35) (-6.82) (-5.14) (-7.72) (-4.05) (-5.70) (6.09) (-6.15) (-4.30)

Model V 0.276 -0.117 -0.105 -0.125 -0.141 -0.188 0.279 -0.147 -0.065

| (-3.80) (-3.92) (-3.44) (-1.92) (-3.35) (-4.07) (6.09) (-3.87) (-2.24)

Model VI  -0.317 -0.091 -0.065 -0.025 -0.171 -0.158 0.320 -0.131 -0.013
(-4.06) (-3.22) (-2.45) (-0.40) (-3.40) (-3.43) (6.02) (-3.37) (-0.59)

Note: The table records coefficients of FEAR regressing against individual markets’ Convergence Speed. Convergence Speed applied in this table is re-scaled
(multiplied by 10%) and its unit of measure is basis point. The t-values in blanks are provided by HAC method. Model I is for the simplest model without controls,
while Model Il through VI controls for different scenarios.
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Table 9 Regression Results for Convergence Speed against Alternative Fear Indictors

Panel A Convergence Speed (RSD_A)

VIX- VIX- VIX- VIX- VIX-
VIX-PCA1l 9Days 30Days 3Months 6Months 1Years
cl t-value cl t-value cl t-value cl t-value cl t-value cl t-value
Model | -0.091 -4.15 -0.007 -2.96 -0.009 -3.25 -0.013 -3.86 -0.018 -4.82 -0.031 -6.72
Model Il -0.090 -4.05 -0.007 -2.89 -0.009 -3.17 -0.013 -3.77 -0.018 -4,70  -0.030 -6.59
Model I -0.119 -6.86  -0.011 -5.09 -0.014 -5.75 -0.018 -6.69 -0.022 -7.82 -0.033 -9.79
Model IV -0.192 -5.88  -0.012 -3.79 -0.017 -4.09 -0.029 -5.11 -0.042 -7.00 -0.062 -10.63
Model V -0.091 -4.15 -0.007 -2.96 -0.009 -3.25 -0.013 -3.86 -0.018 -4.82 -0.031 -6.72
Model VI -0.061 -3.09 -0.004 -1.84 -0.005 -2.15 -0.009 -2.87 -0.012 -3.68  -0.024 -5.42
Panel B Convergence Speed (RSD_M)
VIX- VIX- VIX- VIX- VIX-
VIX-PCA1l 9Days 30Days 3Months 6Months 1Years
cl t-value cl t-value cl t-value cl t-value cl t-value cl t-value
Model | -0.045 -2.76  -0.004 -1.91 -0.004 -2.02 -0.007 -2.52 -0.009 -3.10 -0.017 -4.49
Model Il -0.046 -2.69 -0.004 -1.88 -0.004 -1.97 -0.006 -2.45 -0.009 -3.02 -0.017 -4.40
Model I -0.069 -5.10 -0.006 -4.02 -0.008 -4.36 -0.010 -4.97 -0.013 -5.49  -0.019 -6.61
Model IV -0.140 -5.35 -0.009 -3.59 -0.013 -3.73 -0.021 -4.67 -0.030 -6.24  -0.044 -9.08
Model V -0.047 -2.76  -0.004 -1.91 -0.004 -2.02 -0.007 -2.52 -0.009 -3.10 -0.017 -4.49
Model VI -0.015 -2.46  -0.008 -2.08 -0.004 -0.22 -0.002 -0.84 -0.003 -1.34  -0.010 -2.81

Note: The table summarises the explanatory power of six alternative FEAR indicators for Convergence Speed, including of 5 different time-horizons of VIX
indices (9-days, one-month, one-season, half-year and one-year) and their first principal component (PCA1). Convergence Speed applied in this table is re-
scaled (multiplied by 10%) and its unit of measure is basis point. The columns of C1 and t-values report estimated coefficients and corresponding t-statistics (via
HAC) of those indicators among Model | through Model VI, accordingly.\Panel A and Panel B capture results for Convergence Speed estimated from cross-

market average and median risk-return distances, accordingly.
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3.7. Concluding Remarks

Using 19 Bitcoin-fiat price series and ‘fear gauge’ indices, this research underscores
that fear indicator measured by the anticipation of risk is an influential determinant for
convergence among Bitcoin international markets. First, Bitcoin cross-market prices
depict a dynamic trend of achieving cross-market convergence, i.e., Bitcoin priced in
19-fiat currencies exhibits rising similarity in their return-risk feature. Second, fear
sentiment aggregated from traditional financial markets plays as a driving power for
convergence phenomena at both overall-market level and individual-market level.
Third, we stress that investors’ anticipation of uncertainties in real financial
environment can help with forecasting Bitcoin price convergence. Finally, Bitcoin
cross-market convergence tends to be more sensitive to longer-horizon risk

anticipation.

This research proposes a novel dimension of Bitcoin cross-market dynamics, and
findings are particularly relevant to following stakeholders. For financial authorities,
when placing regulatory policies for cryptocurrencies, perhaps they can acclimatise
themselves to well-developed techniques aggregated in the traditional markets
considering there is a solid sentimental linkage between traditional financial markets
and Bitcoin virtual systems. For fund managers, if they could account fear sentiment
swings into their decision-making, e.g., fund allocation and market timing, and develop
relevant strategies, they are more likely to improve their capacity of risk control and
achieve a higher rate of return under a similar level of risk exposure. For retail traders
and speculators, who may not benefit from international diversification, fear sentiment
can be a supplemental indicator for them to predict price movement in their own

domestic markets.

Given outcomes in this study, assessing the following directions appears to be
warranted. Firstly, we could extend our findings to different cryptocurrencies. Secondly,
with our evidence of fear sentiment’s driving power for achieving convergence, it would
be intriguing to explore the relevant trading strategies. Additionally, our implied fear
proxy has not yet captured the full picture in terms of linking sentiment and cross-
market price disparity which requires further efforts on the positive aspects of
sentiment (e.g., happiness, confidence, and optimism).
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Chapter 4

Revisiting Informational Efficiency: a Long-
memory Oriented System for Bitcoin Cross-

market Disparity

Abstract

By revisiting informational efficiency, this research exhibits episodes of long memory
and cross-market information transmission in Bitcoin price dynamics. We argue price
behaviour of Bitcoin is in line with adaptive market theory by (Lo 2004; 2005; 2017)
and hypothesise the adaptive learning patterns can be governed by a long memory
process. To set up the model for examination, we characterise Bitcoin cross-market
disparity patterns via the framework of fractional co-integrated vector auto-regression
(FCVAR). Bitcoin prices in five developed markets are of considered and the
examination of long memory phenomena covers two aspects, i.e., the individual
markets and the cross-market interdependence (co-integration). In addition, we exhibit
fear sentiment can be a driver for relationships among information across five
developed markets. Findings in this research are robust to structural breaks, to sample

selections and to rolling window settings.

Key words: Long Memory; Persistence; Cross-market Convergence; Fear
JEL Classification: C22 C32 E44 G14
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4.1. Introduction

Informational efficiency is defined as a hypothetical condition where investors are
homogeneously taking objective views and accurately react to information (see e.g.,
Shefrin and Statman, 1993). In this spirit, classic pricing models for risk and return
account for a full set of available information (e.g., Fama, 1970), which implies there
should be no informational persistency in price evolving process. However, this type
of ideal condition over pure rationality is widely challenged in the real market
circumstances. One of prevalent phenomena is that the shock given by new-arising
information has rather long-lasting impacts with low decaying rates and depicts
empirically evident patterns of long memory. For cryptocurrencies, a rising number of
studies has illustrated that markets are yet on a trajectory towards achieving
informational efficiency (see as testing inefficiency in Urquhart (2016), Nadarajah and
Chu (2017), Bariviera (2017) and Alvarez-Ramirez and Rodriguez (2021); detecting
long-run dependence in Tiwari et al., 2018; examining long memory in Cheah et al.
(2018) and Duan et al. (2021)).

The fact that information is heterogeneously transmitted across markets can also dent
Informational efficiency. Financial markets merely operate as its own but interdepend
each other by adaptively learning and reacting to fluctuations in other markets. A
related term is cross-market price spillover!, where underlying information inflow and
outflow of each market can evolve differently. For instance, there are discussions over
the role of net giver and receiver (e.g., Ji et al., 2019; Gillaizeau, et al., 2019). Under
aggregated cross-market circumstance, the process of information and corresponding
realized price movements are typically not memory-less, given the diverse nature (e.g.,
the knowledge, talent, or generally speaking the preference of investors) of each
market and delay in information transmission. Spillovers among markets of an identical
asset can somehow serve as a more intuitively straightforward case whereas this
aspect is still understudied. Given frictionless and informational efficiency, markets
should suffer a homogeneous set of shocks (newly released information) at any point

of time and the price movement should be consistent among markets. However, in the

! This is hardly a new-fangled phenomenon in traditional financial markets (e.g., stock markets in Tsai,
2014; bond markets in Christiansen, 2007).
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real world, it is common that an identical asset demonstrates price disparities among
markets. Some of well-developed markets with informational advantages could reflect
to information more promptly and further lead the rest markets. Converted into
econometric terms, we hypothesize that there is a dynamic interrelation structure
among markets with long term persistency. In this light, testing long term persistency
(long memory) and interdependence (co-integration) based on cross-market price
disparities can assist market participants to empirically feature dynamic
interconnections among aggregated markets and more importantly to characterise

price formation under equilibrium.

This gives rise to the current investigation into Bitcoin segmented international markets.
We exclusively consider heterogeneous price behaviour of Bitcoin traded on cross-
country markets (e.g., Makarov and Schoar, 2020). Bitcoin, as the leading
cryptocurrency, has been traded globally since its launch in 2009, whereas segmented
nature of Bitcoin markets mirrors a crucial aspect of Bitcoin informational inefficiency.
This type of market segmentation? is nontrivial and can be caused by cross-market
heterogeneous beliefs of market participants on Bitcoin’s long-lasting prevalence and
usage value due to differences in demographic characteristics, preferences (risk
tolerance), as well as policy restrictions, etc. To fulfil this target, this research proposes
a two-step approach and long memory feature is counted in both steps. First, we trace
interplay among Bitcoin international segmented markets via a measure of cross-
market price disparities. Second, we model cross-market interdependence of price
disparities as a fractionally co-integrated system, i.e., interactive pattern among
individual markets’ behaviour, either converging to or diverging from cross-market
average level. By deriving long run equilibrium, we further decompose the dynamics
of individual markets’ price disparities into linear combinations of that of the other

markets.

Specifically, we take the risk-return distance (RSD) to measure discrepancy among

segmented markets and simultaneously capture dynamics of how investors process

2 Compared to market segmentation issues in traditional financial markets, our discussions benefit from the
fact that Bitcoin is stringently homogeneous in quality. For instance, shareholders do not have same rights
when holding shares of the same company but cross-listed on different markets (e.g., Chakravarty, Sarkar and
Wu, 1998).
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and react to information available among international markets. Translated the
discrepancy into mathematical terms, we apply Euclidean distance between markets
on a two-dimension risk-return space. We further model dynamics of risk-return
disparities (i.e., how it evolves) via a systematic equilibrium framework and particularly,
the interdependence of price risk-return disparities among five developed Bitcoin
markets, i.e., Bitcoin priced in US Dollar, Sterling Pounds, Euro, Canadian Dollar, and
Australian Dollar. We benefit from the fact that the selected leading markets of Bitcoin
not only have relevantly more mature investors but also have considerably tight
economic bond, when compared with other markets of Bitcoin. The investigation of
systematic equilibrium would thus be more representative for characterizing cross-

market information transmissions. !

The absence of stringent modelling for Bitcoin fundamental value has triggered a
tough pricing puzzle for investors. Meanwhile, market participants’ faith and
confidence in these markets is unstable due to policymakers’ questioning and
announcement of supervision requirements or even prohibition (e.g., Gandal et al.,
2018). How information is presented and processed by market participants is thus
remarkably vital for this interpreting price behaviour (i.e., price discovery and formation
process) of these types of worthless, storable and tradable tokens (e.g., Schilling and
Uhlig, 2019). To explore this issue, we propose a promising path via detecting long-
memory patterns over cross-market convergence phenomenon, where consensus
formation processes among five developed Bitcoin markets (i.e., Bitcoin priced in US
Dollar, Euro, Sterling Pound, Australian Dollar and Canadian Yuan), alongside with

fear sentiment, presents solid co-integration connections.

Main contribution of this research can be threefold. First, we highlight the patterns of
Bitcoin price moving towards cross-market consensus ® presents significant
informational inefficiency. We confirm that informational persistency (i.e., long memory)
in Bitcoin cross-market price disparity. A convenient model-free risk-return distance is
of applied to measure the disparity between individual market and cross-market
consensus level. Via estimating fractional ‘d’ parameter, our findings highlight Bitcoin

3i.e., decrease in cross-market disparity, in other words, move towards consensus (cross-market average level
of risk and return). The consensus implies markets are making full efforts to learn and adapt to behaviour of
other markets and eventually reduce the disparities to a negligible level.
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cross-market disparity follows a slowly interactive long-memory pattern. Five well-
developed Bitcoin markets under international trading environment tends to take
relevantly long time to absorb historical information given by not only its own market
but also the other peer markets.

Second, this research adds to price evolvement mechanism of Bitcoin, which extends
the pioneer works by Cheah et al. (2018) and Duan et al. (2021). Cheah et al. (2018)
model the Bitcoin price series against five leading foreign currencies through a
fractionally co-integrated system and confirm the existence of long memory. Following
Cheah et al. (2018) and Makarov and Scholar (2020), Duan et al. (2021) further
illustrate Bitcoin price inefficiency level presents significant long memory and its long
run equilibria among five developed markets can be explained by arbitrage potentials.
The current work has fundamentally different implications. By investigating into long
memory patterns in Bitcoin cross-market disparities, we present a detailed view of
cross-market information transmission channel and enhance the understanding of
Bitcoin market microstructure via characterising a higher dimension of Bitcoin risk-
return adjustment pattern among segmented markets. The selected markets not only
make correction given cross-market average level, but also demonstrate
interdependence against each other. Long run equilibria indicate price disparities in
US, British and EU markets comove with the ones in Canadian and Australian markets.
Our empirical findings directly back the theoretical framework of Adaptive Market
Hypothesis (see e.g., Khuntia and Pattanayak, 2018; Chu, Zhang and Chan, 2019).

Last, we note that fear sentiment serves as a crucial factor in Bitcoin cross-market
price adjustment. The systematic co-integration model exhibits the fear sentiment
helps in explaining structure of equilibrium relations of five developed Bitcoin markets,
where this sentimental factor can accelerate the speed of Bitcoin markets moving
towards consensus. As our fear indictor proxies risk anticipation in the traditional
financial markets, our findings convince that Bitcoin price movement has a solid
linkage with the macro-economic fundamentals and is not a fully detached system.
This can further enhance understanding for the underlying mechanism of cross-market

informational transmission.
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The remainder of this chapter is as follows. Section 4.2 reviews research background.
Section 4.3 specifies data and methodology. Section 4.4 presents main empirical
findings followed by a thorough set of robustness checks in Section 4.5. Section 4.6
captures discussion where we provide supplemental estimations of impulse response

function and examine long memory in convergence speed. Section 4.7 concludes.

4.2, Literature Review

Bitcoin price depicts notably volatile fluctuations compared to traditional financial
assets. Discussions in fast growing Bitcoin literature stemming from legal and
regulative aspects (e.g., Ciaian, 2016; Bouoiyour, 2016) are now focusing on the
pricing (e.g., Cheah and Fry, 2015; Schilling, 2019) and risk modelling (e.g.,
Katsiampa, 2017), and a strand of most recent studies are devoted to model cross-
market interdependence and equilibrium regarding different Bitcoin-fiat price series
(e.g., Cheah, et al., 2018; Gillaizeau, et al., 2019; Makarov and Scholar, 2020; Duan,
et al., 2021). Sentiment-oriented Bitcoin market have depicted evident ‘memory’ in
price movements (see e.g., Cheah et al., 2018). This section identifies the theoretical
context for this research.

Bulk of research has identified long memory phenomena in financial markets (e.g.,
Ding, Granger and Engle, 1993; Banerjee and Urga, 2005; Dolatabadi et al., 2015;
Dolatabadi et al., 2016; Duan et al., 2018) and in parallel, digital currency markets
(e.g., Urquhart 2016; Bariviera et al., 2017; Cheah et al., 2018; Duan et al., 2021). This
type of long-term dependency highlights that market participants process and react to
information with a significant level of inefficiency. One of important implications is that
impacts of historical price shocks to the present price performance should decay
slowly. Long memory models bring essential flexibility for modelling stochastic process.
Under real financial circumstances, the spread of information (such as news, events,
and investors’ trading behaviour) is not promptly reflected on the observations and
thus shocks can leave persistent impacts on subsequent observations. Broadly
practised time series models (e.g., ARIMA or VECM) with integer difference factor
(e.g., d =1) presumes information efficiency fails to signify this phenomenon,

consequently dropping some component of information.

124



Reuvisiting informational inefficiency, the current work extends to cross market price
disparity behaviour where a particular Bitcoin market (e.g., Bitcoin priced in US dollar)
learns and interacts from its peer markets (e.g., Bitcoin priced in other currencies).
Under the scenario of long memory, markets require a considerably long period to
digest new information and further make adjustment. For Bitcoin markets, existing
works in terms of long-term dependency mainly focus on price series itself (including
level, return and volatility) and provide evidence against informational efficiency. For
instance, Bouri et al. (2019) consider the impact of persistency of shock on both Bitcoin
price series and its volatility; Cheah et al. (2018) demonstrate price co-movement
among five developed Bitcoin markets following a pattern of systematic long memory
process; Bariviera (2017) presents dynamics of long memory patterns of return and
volatility of Bitcoin.

To consider outside the box of the existing framework, this study is exclusively devoted
to two core tasks as follows: The first task considers if a long memory process
dominates Bitcoin cross-market convergence behaviour. The second question
focuses on whether individual Bitcoin markets’ convergence behaviour exhibits
interdependence.

Nevertheless, by following three dimensions, existing studies make efforts to draw an
initial picture for Bitcoin price formation. Firstly, one strand of literature focuses on
determinants of price fluctuation and suggests that Bitcoin as a particular network has
usage value driven by factors including popularity and recognition (e.g., users’
knowledge, attention, and preference, etc.), proportion of shadow economy and
mining cost (see e.g., Ciaian, Rajcaniova and Kancs, 2016; Hayes, 2015; Polasik et
al., 2015). Secondly, some researchers consider this pricing issue from interactions
between Bitcoin and other assets or altcoins. For instance, Baur et al. (2018) and Ji et
al. (2018) suggest that Bitcoin price behaves independently compared with other
traditional financial tools and, consequently, can serve as a proper risk diversification
instrument; Fry and Cheah (2016) and Ciaian et al. (2018) present Bitcoin’s spill-over
and correlation features with other altcoins (e.g., Ripple). Thirdly, Bitcoin markets
priced in different fiat currencies depict interactive patterns. For example, Cheah et al.
(2018) articulate that the interdependent dynamics among five developed Bitcoin
markets are governed by a long memory process, whilst Gillaizeau, et al. (2019) note
that these Bitcoin markets priced in different currencies take different roles as

125



distinguished as either receiver or giver in terms of cross-market volatility spill-over.
Above pioneering works have put forward several paths (i.e., sources of internal and
external information flows) to indirectly characterise Bitcoin’s price forming mechanism,
whilst we add to this field by probing an equilibrium relationship where cross-market
information (i.e., signals or informational inconsistency captured by return and risk
disparities) is transited and digested within a system compositing by five developed
Bitcoin markets.

Notably, various econometric tools have been introduced for cross-market linkages
(i.e., interdependence and integration) among literature. For instance, network
analysis, constructed over Vector Autoregression (VAR), quantifies connectedness
among variables by net variance contribution and the core idea is to use forecasting-
error variance to measure strength of informational spillover within the system (e.g., Ji
et al., 2019; Diebold and Yilmaz, 2014). Dynamic copula separates marginal
conditional distributions in a multivariate system, which provides a time-varying
estimation for dependence among variables (e.g., Kenourgios, Samitas and Paltalidis,
2011). Bayesian dynamic latent factor model (e.g., Chen, 2018; Kose, Otrok and
Whiteman, 2008) characterises cross-market co-movements by a set of underlying
dynamic factors. Compared to above techniques, our approach of applying long
memory models (e.g., Shimotsu and Phillips, 2005; Johansen, 2008) alongside with
risk-return distance differs in two ways. First, we benefit from model simplicity.
Dynamic cross-market linkage in our framework is directly measured by degree of
dissimilarity, i.e., risk-return distance among markets, which is essentially free of
parameter estimation and can largely reduce the difficulty of model specification.
Second, we in addition account for the potential feature of fractional integration in time
series. By modelling risk-return disparities of selected markets as either univariate or
multivariate long memory process, we reveal cross-market linkages evolve slowly and
it takes a long term to fairly react to shocks. When detecting evolvement patterns in
cross-market connection, it would be problematic and low in accuracy without

considering this feature of time series.

Furthermore, our research is in line with the framework of Adaptive Market Hypothesis
(AMH). There are long-lasting debates against prevalently applied Efficient Market
Hypothesis (EMH). According to EMH, price has fairly reflected all publicly available
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information in the market under the condition of weak-form market efficiency (Fama,
1970). In essence, markets do not constantly fulfil the basic term of efficiency, but
instead tend to move towards efficiency (see e.g., Hull and McGroarty, 2014). As an
alternative theory, AMH postulates that market participants’ reflection and adjustment
is not always prompt when given new information, in which they adjust their decision-
making based on learning from their mistakes or historical experiences (Lo, 2004). For
the purposes of caution, it should be noted that AMH has not yet been formally
examined via mathematical models and cannot be directly tested as EMH (see e.g.,
Chu, Zhang and Chan, 2019). In respect of the properties of market participants’
learning and adjusting process, empirical findings including market inefficiency and a
changing level of efficiency (see e.g., Lo, 2005) consequently serve as indirect
evidence to back the usage of AMH, and there is indeed a strand of literature available
for Bitcoin markets.

Indeed, large amounts of research challenge the price efficiency of Bitcoin markets
and present findings are mixed. Urquhart (2016) claims the inefficiency of Bitcoin
vanished during the second half of the period from 2010 through 2016. Following this
work, Nadarajah (2017) revisits the efficiency test via a simple power transformation
on the same return series and convince efficiency for the whole period, whilst Bariviera
(2017) notes the market is efficient after 2014. Tiwari (2018) extends the existing work,
utilizing a host of computational efficiency estimators and suggesting that the Bitcoin
market is generally efficient. Jiang (2018), however, after generalising the Hurst
exponent, denotes that inefficiency holds for most rolling windows and finds no
tendency of efficiency improvement from 2010 through 2017. A stream of research
highlights Bitcoin price presents a varying level of efficiency. For instance, Khuntia and
Pattanayak (2018) assert that Bitcoin market efficiency over rolling windows is an
evolving process given sentimental bias and successively arising events. Similarly,
Chu, Zhang and Chan (2019) suggest that time-varying efficiency does exist based on
Bitcoin intraday high frequency data. They point out that the sentimental category of
events (i.e., positive, negative, and neutral) does not serve as a vital factor. Findings
of the above experiments ensure the application of AMH in Bitcoin markets has gained
solid empirical support, however there is an absence of direct interpretations for the
learning process itself regarding AMH.
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4.3. Data and Methodology
4.3.1 Data

Data of applied in this research is Bitcoin cross-market price against 17 currencies,

provided by www.cryptocompare.com. The information contained in risk and return of

17 Bitcoin-fiat currency price pairs are of considered as information set in the current
research. The selected Bitcoin-fiat pairs are Bitcoin against New Zealand Dollar (NZD),
Brazilian Real (BRL), Israeli Shegel (ILS), Swedish Kronor (SEK), Thailand Baht (THB),
Indian Rupee (INR), Mexican Peso (MXN), South African Rand (ZAR), Canadian
Dollar (CAD), Singapore Dollar (SGD), Russia Rouble (RUB), Australian Dollar (AUD),
Polish Ztoty (PLN), British Pound (GBP), Euro (EUR), Japanese Yuan (JPY) and US
Dollar (USD). The data spans from 03/11/2013 through 11/12/2018. To control for
impacts of fiat currency inflation, we uniformly transfer the price series from the above
markets into US dollar value, given corresponding foreign exchange rates collected
from DataStream.

Since Bitcoin price fluctuation is largely driven by user faith and confidence, investor
sentiment can take a crucial role in cross-market wide price dynamics. In spirit of Lo
(2017), fear sentiment has a close link with investor learning behaviour and thus has
a high potential for explaining Bitcoin cross-market disparities. To quantify fear
sentiment in general investment environment, we collect four implied volatility indices
in terms of stock market (VIX), bond market (TYVIX), oil market (OVX) and gold market
(GVZ)* and extract their first principal component (see e.g., Bouri et al., 2017) as a
convenient proxy FEAR for aggregated sentiment (i.e., fear indicator). The implied
volatility proxies are collected from Chicago Board Options Exchange (CBOE, see as

its website www.cboe.com).

4.3.2 Cross-market Disparity and Informational Asymmetry

% also known as fear gauge. Indeed, prior studies quantify participants’ sentiment via search engine exposure
(e.g., Google Trend by Bouri et al. (2017); the number of tweets on Twitter by Shen et al. (2019)) as well as
positive/negative sentiment analysis for news, posts, and articles by Karalevicius et al. (2018). However, there is
a lack of a strict one-to-one correspondence between sentiment and the above alternative sentiment indicators.
For instance, search attention fairly captures online general search interest but cannot directly reflect investors’
attitude towards Bitcoin (neither positive nor negative); linguistic analysis has provided estimations for judging
positive or negative sentiment of a given Bitcoin posts, but, consequently, omits essential information such as
strength.
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This study endorses the method in Eun & Lee (2010) and calculate cross-market
Euclidean distance for sample markets of chosen as Eq. (2). Risk-return distance
(RSD) characterises the degree of dissimilarity (disparity) between a particular market
and the whole set of sample markets, which is equivalent to difference between the
individual market and the cross-market average. As it bypasses any specification of
underlining pricing models, this method is essentially model-free. The distance
measure of applied has crucial implication for informational inefficiency, which
measures, from a joint view of risk and return features, the aggregated degree of
cross-market informational asymmetry and the discrepancy in how cross-market
investors process and react to information. A drop in risk-return distance therefore
denotes that the deviations among the price fluctuations of sample markets are

decreasing, i.e., these markets are moving towards consensus from an informational

aspect.
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Where RSD is based on a weighted average of return distance (RD) and risk distance
(SD), specified as Eq. (3) and Eq. (4) respectively. To be specific, for market i , we
calculated rolling average return R;, and standard deviation of return g; . based on a
7-day window ranging fromt — 6 to t; N is the total number of sample markets and
equals to 17 in our case, while T equals to 1846 and is for numbers of total observation

after adjusting for the rolling window.
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4.3.3 Univariate and Multivariate Long Memory Process
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This research investigates two fashions of long-memory patterns regarding individual
markets and a system of five selected developed markets. Traditionally, empirical
works of time series modelling follow the framework of 1(1)/1(0), i.e., time series with
integration order of one (first difference stationary) or zero (stationary). For example,
in the widely applied unit root test, a rejection of null /(1) suggests the acceptance of
alternative 1(0), which implies weak-form efficient market. However, this framework
with convenient simplification ignores the scenarios of d ranging from zero to one and
can cause informational loss. By allowing fractional integration orders, long memory
models relax the strong assumption of integer difference order and consequently
reduce the opportunity of model misspecification. Given a time series following long
memory process, historical information (e.g., shocks) can have strong long-run
dependence with their impacts decaying at a slow rate. This process is therefore highly
consistent with Adaptive Market Hypothesis theory, where investors’ behaviour of
learning, reaction and correction over information is adaptive and thus presents

persistency and memory.

For univariate time series Y;, long memory model can be defined as Equation (5),
where ¢, follows a white noise process with an independent identical distribution and
L represents the lag operator (i.e., LY; = Y;_; ). The power parameter d is relaxed to a
fractional value comparing to traditional 1(1)/1(0) framework. The fractional difference

operator (1 — L)% has the following binomial expansion as Equation (6).

"t $= 1. (5)
(1 - 1) = 5 {1y B0} )

To estimate a non-integer parameter d, we employ Shimotsu and Phillips’ (2005)
Exact Local Whittle estimation (ELW) with bandwidth® of 0.5, 0.6 and 0.7. Additionally,
this study also includes Local Whittle (LW), two-step Exact Local Whittle with prior de-
trending (2ELW-Detrend) for robustness.

5 Testing fractional d can be impacted by bandwidth selection, for detailed discussions, see e.g., Xiao (2003) and
Morana and Beltratti (2004). In our empirical study, we include three alternative bandwidths for robustness.
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The second step is to examine long memory under a systematic fashion. We model
cross-market informational interdependence by a fractional co-integrated vector
autoregressive model (FCVAR, e.g., Johansen, 2008; Johansen and Nielsen, 2012,
2018, 2019). As an extension for Johansen's (1995) co-integrated VAR model, FCVAR
provides a generalized solution for fractional co-integrated time series. Here the term
‘fractional’ shares the identical interpretation as Equation (6) where a binomial
expansion is of applied. FCVAR follows the framework of error correction with a p-
dimension time series X; (i.e., in this study, a 6-dimension vector includes risk-return
distance measures of five developed markets as well as fear indicator), while FCVAR
allows both the difference operator A? and the lag operator L, (i.e., 1 —AP) to be

fractional.

" " !
%&%:'/" '%$¢'& %-‘- $:r|
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Most parameters in the equation (7) follow the same interpretations as the ones in co-
integrated vector autoregressive model (CVAR, see Johansen, 1995). CVAR can be
considered as a reduced form of FCVAR by setting d = b = 1. Residual §; is a p-
dimensional independent and identically distributed error term with covariance matrix
Q and zero mean. A% is the fractional difference operator with d as the fractional
difference order; L, (i.e., equivalent to 1 — A?) is for fractional lag operator with b as
fractional lag order. Long run parameters a and 8 are for p by r matrices where co-
integration rank of X, is as r € [0,p] and these two matrices store the coefficients
capturing adjustment towards long run equilibria as well as coefficients for co-
integrating relationships of variables within the system (i.e., B'X; governs long run
equilibrium) accordingly. Autoregressive I; stores parameters characterising the
short-run dynamics. The FCVAR model determines the number of long-term equilibria
and how the system adjusts when the system departures from equilibria, as well as
short-term dynamic relationships. In addition, those dynamic features of the systematic
model are testable, e.g., the evaluation of goodness of fit can be provided by testing
serial autocorrelation over residuals (Nielsen and Popiel, 2014).

However, estimation of model given by Equation (7) contains biases. In practice, a full
record of pre-sample observations is not provided and the model as Equation (7) has
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placed a strict assumption of zero values in pre-sample observations (Johansen and
Nielsen, 2012). To fairly eliminate impacts given by missing pre-sample behaviour of
X: , Johansen and Nielsen (2016) further introduce a modified version by adding a
restricted constant shift into X; as X; — u, which sets a non-zero starting point for X, .
Additionally, g’'u captures the constant mean in stationary co-integration system. This
study further sets d = b in parameter estimation (see as Cheah et al., 2018). The

adjusted model finally utilized in this research is as Equation (8).

$HYUS= & Mo S &S&H 16 #5+(8)

Where we estimate the model by solving the maximization of likelihood function as
logLy = =2 (log(2m) + 1) — T log det (T = N)™* oy 1 8:(9) 80} , with N

as the number of initial values for conditioning, T as total number of observations and

{ =(d,a,p,T,u) as parameters for estimation.

In parallel to d estimation under univariate series and multivariate system, the value
of fractional d itself provides crucial implication of different degrees of informational
efficiency. Specifically, if d measure ranges from 0 to 1, it suggests informational
inefficiency, where impacts of a shock on error term can decay with a considerably
slow rate (e.g., Hamilton, 1994) and thus persist for a long period (long memory).
When d equivalent to 1, the time series can reduce to an infinite moving average, i.e.,
summation of infinite number of white noise (X7, &), where the impacts of historical
information can be fully reflected in the current market price. In other words, this
suggests informational efficiency as given in weak-form efficient market (Fama, 1970;
Malkiel, 1989)8. Besides, we have other two categories of informational inefficiency.
In the case of d greater than 1, it suggests impacts of a shock can be explosively
amplified over time and this further reveals expansionary memory, whereas for d less
than 0, it implies information has been transmitted incompletely and reversely and thus
presents negative autocorrelation (see e.g., Duan et al., 2021).

8 Inference of semi-strong form and strong form of market is out of the scope of the current research, since long
memory models characterise the long-term dependence relation which is based on historical information.
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Empirical experiments of FCVAR are processed in Matlab (R2016a), following
programming code by Nielsen and Popiel (2018)". Specifically for this research, input
X, is a vector of 6 time series variables. The vector consists of the fear indicator and
risk-return distance (RSD) for Bitcoin priced in USD, CAD, EUR, GBP and AUD
accordingly. These markets represent five most well-developed Bitcoin markets (see
e.g., Cheah et al., 2018; Duan et al., 2021), considering the maturity of investors in

each segmented markets and the environment of domestic investment.

4.4. Empirical Findings

In this section, we cover empirical outcomes and discuss findings. Application of long
memory models enable a thorough investigation into not only fractional characteristics
of univariate series of interest (i.e., risk-return distance) but also stable systematic
connections among those selected markets and fear sentiment of suggested in this

research.

4.4 .1 Fractional d for Individual Markets

To motivate investigations of stationary fractional co-integration relations among
Bitcoin markets, we start from testing long-memory process for univariate series (i.e.,
risk-return distance of individual markets) before entering a multivariate long memory
system. If a series follows long memory process, there are two crucial characteristics.
Firstly, in time domain, e.g., see as the Autocorrelation Function (ACF) chart,
hyperbolically decaying rates can be found among autocorrelations. Secondly, in
spectral domain, when looking into estimated power spectral density (PSD), the time
series with long-run memory properties should remarkably peak at around frequency
of zero, i.e., the time series contains long-run low frequency signal ® (see e.g., Chan
and Terrin, 1995; Diebold and Rudebusch, 1991; Robinson, 2003). To obtain
preliminary evidence of long memory in univariate series, we plot the ACF and PSD
charts for five risk-return distances (see as Fig 1). Taking the American market as an

7 Also see as the earlier version as Niesen and Morin (2014).
81f a time series x, has continuous spectral distribution function, its spectral density can be given by f(1) =

iZ}--_w y(j)) e"U* (where y(j) = Cov(xt,xtﬂ-) is unrelated to time t given covariance stationary). Then the

case of long memory can be formally given by f(0) = iZ}?‘;_w y(j) = co. This implies, visually, spectral density
plot can present a peak at low level frequency (around zero).

133



example, the risk-return distance persists a relevantly high level of autocorrelation, i.e.,
the estimated autocorrelation coefficients remarkably remain above 95% confidence
interval even after 40 lags in ACF plot and its power spectral density massively
concentrates around zero frequency in PSD plot. These signs demonstrate the risk-
return distance of US market tends to follow a long-memory process. Similarly, the
plots for the remaining four markets convince homogeneous characteristics of long-
run memory process. In addition, we note that the autocorrelation coefficients of
Australian and Canadian Bitcoin markets stay above 0.2 level among 100 lags, which
implies these two markets appear to have more evident information inefficiency

compared to the rest three markets.
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Fig 1 Estimated Autocorrelation Function and Power Spectral Density

Note: The exhibition of plots provides estimated ACF and PSD for risk-return distance of five
developed Bitcoin markets. Column (a) provides the autocorrelation coefficient estimations with
100 lags; Column (b) provides the estimated power spectral density functions.
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To obtain fractional d estimators for risk-return distance series, this work utilizes three
methods given by Shimotsu and Phillips (2005), i.e., Local Whittle (LW), two-step
Exact Local Whittle (ELW) and two-step Exact Local Whittle with prior de-trending
(ELW-Detrend). The following Table 1 exhibits this section of the results alongside
estimated standard errors in parenthesis. Our estimates are given by three bandwidths,
including m = T%5, m = T%¢ and m = T°7 to ensure our outcomes are not sensitive to
selections of bandwidths. Numeric results on Table 1 verifies the existence of
fractional integrated patterns for risk-return Distances of five developed markets,
where d estimators are consistently smaller than one given three selected methods
and three bandwidths. This denotes for each market, the process of achieving cross-
market consensus contains long memory. In general, a slowly decaying impact of
historical information flow governs the dynamics of consensus, where influences of

shocks take a long term to vanish.

Table 1 Fractional Integration Parameter ‘d’ for Distances
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Note: This table reports the d estimation for risk-return distances (RSD) of BTC/USD, BTC/GBP,
BTC/EUR, BTC/CAD and BTC/AUD. T=1864. The standard errors are in parentheses.

To further examine how the presence of long memory varies along the whole observed
period, we calculate rolling estimations of fractional integration order d following the
method of Feasible Exact Local Whittle (see as, Shimotsu, 2010). We visualize the
results regarding bandwidth from 0.4 to 0.8 in Fig 2. In general, the rolling fractional d
estimators range from 0 to 1, which suggests the consistent long run dependence
occurs in risk-return disparities during the most subperiods. The results imply if the
individual market had a temporary significant departure from the cross-market
consensus, it would take a relatively long term for this shock to be fully absorbed in
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this market. This is in line with AMH, where market participants adaptively learn based
on historical information and thus are not able to timely adjust their decision making
and make correction. In addition, the estimated rolling d for five developed markets
fluctuates from around 0.5 level among the first 500 observations and to approximate
0.9 level among the last 500 observations. This tendency of moving towards efficiency
is consistent with time varying patterns in the works of Urquhart (2016) and Duan et
al. (2021) whereas the current work captures informational inefficiency based on
dynamics of Bitcoin cross-market heterogeneity. It is also noted that there are several
short subperiods having outliers, i.e., d values locate below zero or above 1. This
highlights that, except for prevalent long memory behaviour, individual markets also
present temporary behaviour of explosive reactions (d > 1) or reversal patterns (d <

0) given historical performance in risk-return distance®.

% Explosive reaction can accelerate the previous trend of either convergence or divergence towards consensus
where impact of historical information is amplified over the time. By contrast, reversal indicates an anti-trend
effect, where decision makers react to historical information in an opposite way.

137



CAD

05

NS
03/11/2013 03/11/2014 03/11/2015

—B=0.4 ——B05 —B06

usb

03/11/2013 03/11/2014 03/11/2015

—B=0.4 ——B05 —B06

EUR

03/11/2013 03/11/2014 03/11/2015

—B=0.4 ——B05 —B0.6

03/11/2016
807 ——B=0.8

03/11/2017 03/11/2018

03/11/2016
807 ——B=0.8

03/11/2017 03/11/2018

03/11/2016 03/11/2017 03/11/2018

B=0.7 ——B=0.8

15

NS
03/11/2013

05

1
03/11/2013

AUD

03/11/2014 03/11/2015 03/11/2017 03/11/2018

—B=0.4 ——B05 ——B06

03/11/2016
807 ——B=0.8

GBP

03/11/2017

03/11/2014 03/11/2015 03/11/2018

—B=0.4 ——B05 —B06

03/11/2016
B=0.7 ——B=0.8

Fig 2 Exhibition of Rolling d Estimation of Risk-return Distance

Note: The exhibition of figures presents rolling fractional d measures for risk-return distance of five

developed markets. The estimation method of applied is Feasible Exact Local Whittle (FELW, see as

Shimotsu, 2010), where the length of rolling window and increment of applied are 180 days (half-year)

and 14 days (two weeks) respectively. The bandwidth ranges from 0.4 to 0.8 (i.e., as B values listed in

legend boxes).
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4.4.2 Cross-market Long Memory Process

This section covers empirical findings over systematic linkage among five markets, in
which it presents a potential path of how individual markets react to the rest selected
markets from a systematic perspective. Before formally modelling Bitcoin cross-
market relations as a fractional co-integrated VAR system, pairwise correlation
coefficients are reported in Table 2 to provide an initial insight for co-movement
patterns among five developed markets regarding risk-return disparities. The
coefficients which are consistently positive and greater than 0.3 indicate that strength
of risk-return distances of five markets co-moving towards the same direction are
nontrivial. This implies when one of five markets further converges to cross-market
consensus level (i.e., having a decrease in disparities), the rest four markets tend to
present convergence behaviour accordingly and vice versa. Besides, we note that the
positive correlations between American, British and European markets appear to be
greater than the ones for the same three markets against Australian and Canadian

markets (i.e., coefficients are greater than 0.9 or less than 0.5 respectively).

Table 2 Pair-wise Correlation

RSD_USD RSD_GBP RSD_EUR RSD_AUD RSD_CAD

RSD_USD 1 0.93 0.97 0.50 0.31
RSD_GBP 1 0.91 0.46 0.31
RSD_EUR 1 0.53 0.40
RSD_AUD 1 0.39
RSD _CAD 1

Note: This table exhibits the coefficients of pair-wise correlation of five markets’ risk-return distance

measure. Pearson’s correlation coefficients are of applied.

We utilise general-to-specific testing to determine our lag order as 12 and further
select the system rank as 3 where the Null Hypothesis of Rank 3 against Alternative
Hypothesis of Rank 6 cannot be rejected with a P-value of 0.998 (see as Table 3 and
Table 4). Our system thus contains three long-term relations within the co-integration
system. We provide estimated unrestricted model as Equation (12) with long-run
equilibria as given in Equation (13) through Equation (15). Q statistics of Ljung-Box
test suggest no evident serial correlation among residuals and thus the well-behaved
residuals secure the validity of model specification.
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Table 3 Lag Selections for FCVAR

k r d b LR AlIC BIC PmvQ
14 6 1.305 1.305 77.16 -56413.98 -53388.80 1.00
13 6 1.227 1.227 -74.25 -56408.81 -53582.74 1.00
12 6 0.780 0.780 129.07 -56555.06* -53928.08 1.00
11 6 0.914 0.914 95.78 -56498.00 -54070.11 1.00
10 6 0.885 0.885 132.87 -56474.21 -54245.43 1.00
9 6 1.004 1.004 101.15 -56413.34 -54383.65 1.00
8 6 0.951 0.951 304.57 -56384.19 -54553.61 0.70
7 6 1.097 1.097 28.52 -56151.62 -54520.13 0.00
6 6 0.672 0.672 -57.37 -56195.11 -54762.71 0.00
5 6 0.013 0.013 252.18 -56324.48 -55091.18 0.00
4 6 0.435 0.435 198.79 -56144.30 -55110.10 0.00
3 6 0.704 0.704 91.14 -56017.51 -55182.40 0.00
2 6 0.567 0.567 354.87 -55998.36 -55362.36 0.00
1 6 0.708 0.708 787.62 -55715.50 -55278.59 0.00
0 6 0.996 0.996 0.00 -54999.88 -54762.07 0.00

Note: The number of observations is 1864. Order for white noise test is 12. Lag selection is based on

the AIC and PmvQ (which provides P-value for multivariate Q-test regarding residual white noise).

Table 4 Co-integration Rank Test for FCVAR

Rank d LogL LRstatistic P-value
0 0.741  28675.26  154.537 0.000
1 0.758  28717.09 70.875 0.007
2 0.750 28735.65 33.765 0.256
3 0.768  28749.47 6.127 0.995

Note: The Number of observations is 1864 and the lag order equals to 12.

Unrestricted Model:
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), see as following equation (13)

We have stationary long-term equilibria (specified as v, = — ), where constent

terms in the equilibirum relations are given by g’/
through (15).
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Our empirical results depict level of cross-market disparities (RSD as risk-return
distances) alongside the fear indicator and are characterised by a systematic long-
memory process, with a fractional d estimator of 0.771. Out of caution, we additionally
executed tests for null hypothesis of d =1 (i.e., equivalent to the case of CVAR)
against alternative hypothesis in which d estimator is a fractional figure (d # 1, i.e.,
FCVAR)', where the null hypothesis is significantly rejected under a p-value of 0.000.
This evidence highlights a long memory pattern (i.e., fractional integration ‘d’) can

improve model explanation for our cross-market system.

For the present case, the holding of long-run equilibria suggests five selected markets
learn, react, and adjust given both internal (Bitcoin market-wide) and external (fear
sentiment) information, rather than independently converging towards consensus level
free of interference. In terms of the scenario of three long-run equilibria, systematic
dynamics are relatively more intricate than the case of only one long-run equilibrium
relation. As for detailed market-wide linkages, we start from interpreting beta
coefficients for Equation (13) through Equation (15). Considering the case rank order
r=3, empirical results convince three long-term interactive relations. In terms of RSD
of American market, see as Equation (13), a rise in fear sentiment can pull down this
figure, whereas a rise in RSD measures for Canadian and Australian markets can
bring inverse impacts. As for RSD of British and European markets, this pattern is
analogously prevalent regarding to signs of parameters on the right-hand sides of
Equation (14) and Equation (15). The above market-wide patterns imply fear sentiment
has negative links with risk-return dissimilarity at left hand sides of equations.
Therefore, anticipation of more risk in traditional financial markets can be a driving
factor in American, British and European markets to form up consensus. In addition,
for the same three markets, risk-return convergence behaviour of the other peer

markets (i.e., Bitcoin priced in CAD and AUD) turns to be a reference point. Particularly,

101t is noted that for both hypotheses, a restriction of d = b is imposed.
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adjustment of those three markets towards market-wide consensus are bound to adapt
to signals given by their peers and move in same direction.

As for interpretation of alpha coefficients, we create a hypothetical scenario as an
example to demonstrate how shocks on fear sentiment are transmitted into individual
markets’ convergence behaviour. Following the practise of Jones and Popiel (2014),
we introduce a one-unit positive shock on fear sentiment (which drives the system
away from equilibrium conditions) and take no account of short-run dynamics (i.e.,
I )!". Assuming the rest conditions remain the same, the change on v,,, v,, and v,
will be 0.002, 0.002 and 0.003 accordingly'2. Consequently, the adjustment allocating
to fractional difference of risk-return distance of American market will be —9.9 x 107>,

given as following:
Pu ok gy = %&%0%#H %&%0"( %&%%#H %&%!#  %&9%ENS') 9%&(16)

Here, a negative figure indicates the adjustment drives the system back towards
equilibrium level (i.e., it forces v;; to drop back to zero level). Conversely, a positive
figure depicts the adjustment pushes the system up to equilibrium level. Analogously,
we work out adjustment regarding to RSD; ¢zp ON v,, and RSD; gyr ON v3, are 1.9 *
107> and —6.5 * 107> respectively. As for RSD, cap, RSD; 4yp as well as fear indicator
listing on the right-hand sides of long run equilibrium equations, both RSD, 4, and
Fear sentiment bring negative adjustments on vy, v,, and v3,, whereas RSD; 4yp

imposes positive adjustments on v;, v,; and vs;.

Our results coincide with the existing empirical research and add more stylised facts.
First, empirical findings suggest that market-wide Bitcoin price dynamics present
significant shock persistency patterns, which supports the hold of cross-market
informational inefficiency. In line with results given by Cheah et al. (2018), Gillaizeau
et al. (2019) and Duan et al. (2021), we document the existence of interdependence
linkages among five developed Bitcoin markets. However, instead of investigating first

11 Since long-run dynamics is mainly considered, the estimation for short run dynamics (i.e., I} ) are suppressed.
12 These three figures correspond to beta coefficients of fear sentiment in long-term equilibrium relations (see
as Equation (13) through Equation (15)).
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and second moments (return and volatility) of Bitcoin price, this research is
constructed over cross-market heterogeneity in price series. We extend to the
discussion of market-wide consensus forming behaviour via simultaneously
accounting for return and risk features. The current research further identifies cross-
market equilibrium relations, where dynamics in one market’s risk-return disparities
(taking cross-market average level as reference) can be transferred and spilled over
into other selected markets. This finding implies there is a solid cross-market
informational transmission and interaction path where these selected markets are
motivated by information from peer markets and are capable of adaptively learning
and interactively adjusting to these changes in the position of overall international

markets.

Second, we suggest that sentimental aspects of market participants can take a crucial
role in Bitcoin price formation, noting that the aggregated fear sentiment can serve as
a contributor for convergence process. In this research, instead of directly proxying
investor sentiment towards Bitcoin, the fear of applied captures the anticipation of
uncertainty in general macroeconomic environment and can imply investors’
confidence to the real economy constructed over fiat money. Therefore, our results
provide insightful inference for how Bitcoin markets connect with economic
fundamentals. As showed in systematic equilibria detected in this study, investor
anxiousness and risk anticipation can be transmitted into Bitcoin markets and further
stimulate informational efficiency. In other words, the dynamic co-integration relations
suggest that investors from different segmented markets tend to hold less diversified
views towards Bitcoin when facing higher degree of stress (i.e., bearing high level of
risk anticipation) in real economy, which is in contradiction to the extant literature
taking Bitcoin as a detached ecosystem (see e.g., Bouoiyour and Selmi, 2015;
Koutmos, 2018, 2020).

4.5. Robustness Checks
This section reviews robustness from three perspectives, regarding the construction

of risk-return measures as well as the structural breaks.
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4.5.1 Selection of International markets as Information set

The first concern regarding robustness initiates from the fact that sample markets we
select for calculating our risk-return distance may contain biases. We have not
included the observations of Bitcoin priced in Chinese Yuan (CNY) due to the Chinese
government’s regulatory ban on using Bitcoin since the end of 2017. Researchers,
e.g., Ciaian, Rajcaniova and Kancs (2016) and Kristoufek (2015), present that these
regulatory events occurring in the Chinese market make a dramatic impact on the
Bitcoin exchange rate. Omitting a sample market of Bitcoin against CNY in samples
can lead to some degree of information loss for the aggregated market, considering
China was one of the key markets for Bitcoin from the period of 2013 to 2017. A recent
work by Panagiotidis, Stengos and Vravosinos (2019) also shows policy uncertainties
in Chinese market have significantly impacted Bitcoin price dynamics. Consequently,
for robust purposes, we replicate the empirical analysis for the five developed markets
using risk-return distance calculated over an alternative sample set (i.e., original 17

markets as well as Chinese market).

This part of the robust check provides a snapshot for consensus forming dynamics
after accounting for the impact of Bitcoin’s prevalence in China. From the perspective
of individual markets, five developed markets under consideration depict consistently
significant fractional integration as covered on Table 5. For instance, d estimator
ranges from 0.392 through 0.547 for m = T°7 when utilising ELW method. This
estimator robustly stays within the range of 0 to 1 among the remaining scenarios.
Simultaneously, we review interaction relations among five selected markets
alongside our fear sentiment proxy via FCVAR estimation. Empirical evidence
suggests a systematic d estimator of 0.754 (standard error=0.013 and multivariate Q
statistic=151.633) after determining a lag length of 12 and a rank of 1 (as listed on
Table 6 and Table 7), which suggests a systematic long-memory pattern hold for the
current case. As a result, our main finding of the hold of long memory phenomena are

consistent in terms of including and excluding BTC/CNY pair in sample set.
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Table 5 Fractional Integration Parameter ‘d’ for Five Risk-return Distances

(based on 18 markets in sample set)

usD

GBP

EUR

CAD

AUD

d (LW) d (ELW) d (ELW-Detrend)
| onoylH gl o ogl% ooyl ool o ogl% | oplH oo o ogl%
0.467 0.492 0.559 0.429 0.457 0.547 0.182 0.326 0.497
(0.082)  (0.057)  (0.040)  (0.082)  (0.057)  (0.040)  (0.082)  (0.057)  (0.040)
0.360 0.285 0.401 0.344 0.275 0.392 0.121 0.117 0.335
(0.082)  (0.057)  (0.040)  (0.082)  (0.057)  (0.040)  (0.082)  (0.057)  (0.040)
0.368 0.456 0.462 0.349 0.437 0.456 0.120 0.361 0.426
(0.082)  (0.057)  (0.040)  (0.082)  (0.057)  (0.040)  (0.082)  (0.057)  (0.040)
0.441 0.441 0.500 0.422 0.426 0.495 0.317 0.367 0.474
(0.082)  (0.057)  (0.040)  (0.082)  (0.057)  (0.040)  (0.082)  (0.057)  (0.040)
0.369 0.278 0.437 0.366 0.275 0.425 0.221 0.161 0.381
(0.082)  (0.057)  (0.040)  (0.082)  (0.057)  (0.040)  (0.082)  (0.057)  (0.040)

Note: T=1406. The standard errors are in parentheses.

Table 6 Lag Selections for FCVAR (with Five Risk-return Distances based on

18 markets in sample set)

k r d b LR AIC BIC PmvQ
14 6 1315 1315 74.00 -41109.00 -38240.00 1.00
13 6 1.242 1.242 -4.80 -41107.00 -38426.80 1.00
12 6 0958 0.958  75.32 -41183.80* -38692.40 1.00
11 6 0912 0912 75.80 -41180.50 -38877.90 1.00
10 6 0.894 0.894 103.54 -41176.70 -39062.90 1.00
9 o6 1.025 1.025 79.93 -41145.10 -39220.20 1.00
8 6 0965 0.965 259.45 -41137.20 -39401.10 1.00
7 6 1126 1126 44.60 -40949.70 -39402.50 0.05
6 6 0698 0.698 169.47 -40977.10 -39618.70 0.00
5 6 0.851 0.851 -1.19 -40879.70 -39710.00 0.00
4 6 043 0.43 162.18 -40952.80 -39972.00 0.00
3 6 0703 0.703 70.50 -40862.70 -40070.70 0.00
2 6 0568 0.568 283.62 -40864.20 -40261.00 0.00
1 6 0632 0632 621.26 -40652.50 -40238.20 0.00
0 6 1.027 1.027 0.00 -40103.30 -39877.80 0.00

Note: The Number of observations is 1406; Order for white noise test is 12; Lag selection is based on

the AIC.

Table 7 Co-integration Rank Test for FCVAR (with Five Risk-return Distances

based on 18 markets in sample set)

Note: Order for white noise test is 12.

Rank d LogL LRstatistic  P-value
0 0.738  21019.52 94.73 0.003
0.754  21051.55 30.683 0.929
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4.5.2 Removing Overlaps in rolling windows

Recalling Equation (3) and (4) in terms of initial risk-return distance calculation, this
work utilises a 7-day rolling window with a step width of one day. Consequently, there
might contain some level of build-in ‘memory’ due to rolling with overlapping windows
and can lead to plausible results with issues of data mining. We attempt to reduce this
type of biases by adjusting the step width into 7 days to remove the overlaps between
rolling windows. Analogous to main findings, outcomes in this section begin with
estimating the long-memory fractional d parameter for individual markets and then shift

into a systematic scenario.

Table 8 Fractional Integration Parameter ‘d’ for Risk-return Distances (without

overlap among rolling windows)

d (LW) (EI(_jW) d (ELW-Detrend)

m m m m m m m m m

— TO.5 — TO.6 — TO.7 — TO.5 — TO.6 — TO.7 — TO.5 — TO.6 — TO.7
USD 0.747 0.496 0.484 0.679 0.673 0.477 0.430 0.293 0.297

(0.124) (0.094) (0.071) (0.124) (0.094) (0.071) (0.124) (0.094) (0.071)
GBP 1.1583 0.416 0.370 1.084 0.407 0.366 1.067 0.198 0.188

(0.124) (0.094) (0.071) (0.124) (0.094) (0.071) (0.124) (0.094) (0.071)
EUR 0.561 0.380 0.391 0.600 0.376 0.387 0.210 0.153 0.221

(0.124) (0.094) (0.071) (0.124) (0.094) (0.071) (0.124) (0.094) (0.071)
CAD 0.504 0.620 0.424 0.498 0.662 0.422 0.302 0.515 0.312

(0.124) (0.094) (0.071) (0.124) (0.094) (0.071) (0.124) (0.094) (0.071)
AUD 0.555 0.473 0.348 0.670 0.608 0.359 0.321 0.290 0.229

(0.124) (0.094) (0.071) (0.124) (0.094) (0.071) (0.124) (0.094) (0.071)

Note: The number of observations equals to 266 after removing values given by overlapped rolling

windows in risk-return distance calculation. The standard errors are in parentheses.

Table 8 captures the ‘d’ estimators for non-overlapping RSD with standard errors
listing in parentheses. In detail, among all five developed markets, we witness the
estimated ‘d’ parameters all lie below one which is in line with our previous findings,
except for the British market under the scenarios of m = T%°. Out of prudence, we
estimate d parameters for the British market under the scenarios of m = T%*, m = T7°8
and m = T°%°. We find the results all lie between 0 and 1, which reconfirms the

consistency of our previous findings for the British market.
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Table 9 Leg Selections for FCVAR based on Five Risk-return Distances

(without overlap among rolling windows)

K r d B LR AIC BIC PmvQ
13 6 1.352 1.352 76.290 -5969.380 -4155.800 1.000
12 6 1.091 1.091 52.160 -5965.090 -4279.280 1.000
11 6 1.020 1.020 69.240 -5984.930 -4426.880 1.000
10 6 0945 0.945 75.480 -5987.680* -4557.410 1.000
9 6 1.006 1.006 121.300 -5984.200 -4681.690 1.000
8 6 1.297 1.297 67.790 -5934.910 -4760.160 1.000
7 6 0.858 0.858 93.060 -5939.120 -4892.140 1.000
6 6 0.815 0.815 34.100 -5918.060 -4998.850 1.000
5 6 0483 0.483 97.200 -5955.960 -5164.510 1.000
4 6 0.837 0.837 43.220 -5930.760 -5267.080 1.000
3 6 0334 0.334 51.050 -5959.540 -5423.630 0.990
2 6 0.157 0.157 142.160 -5980.490 -5572.350 0.370
1 6 0711 0.711 149.940 -5910.340 -5629.960 0.130
0 6 0.593 0.593 0.000 -5832.390 -5679.780 0.000

Note: The number of observations applied here is 266; Order for white noise test is 12; Lag selection
is based on the AIC and PmvQ.

Analogously, we further estimate FCVAR model to detect systematic relationship. The
results are significantly consistent with initial main findings in this research. Estimated
equals to 0.853 (Standard Error=0.021

statistic=209.228) after selecting lag order as 10 and a rank of 2, which underlines the

d parameter

existence of systemic long-memory among five selected markets and fear sentiment

(see as Table 9 and Table 10).

and Multivariate Q-

Table 10 Co-integration Rank Test based on Five Risk-return Distances

(without overlap among rolling windows)

Rank d LogL LRstatistic P-value
0 0.779 3337.966 117.752 0.000
1 0.824 3362.236 69.212 0.026
2 0.853 3375.225 43.233 0.125
3 0.954 3388.025 17.633 0.806

Note: Lag order applied here is 10 with in total 266 observations.

4.5.3 Structure Breaks and Subsample Stability

Structural breaks can dent the reliability of coefficient estimation regarding model
specification (e.g., Banerjee and Urga, 2005; Cheah et al., 2018). This subsection
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addresses this part of robustness concerns. Bitcoin markets are considerably volatile
and cross-market risk-return disparity measures of applied in this research may
contain structural breaks. Cheah et al. (2018) underline how historical incidents™3
coincide with common structural breaks, in which the authors find consistently
significant long memory patterns for both pre- and post-break periods. Considering
long-memory patterns among Bitcoin price in our case, a long-run stationary
equilibrium relation for cross-market convergence can also be vulnerable to potential
structure breaks. Our distance measures govern how large the individual markets
depart from cross-market consensus level and depict a higher dimension of Bitcoin
price dynamics. Thus, an investigation into structural breaks and their potential
impacts in the present research is of great necessity.

In line with a two-step approach by Cheah et al. (2018), this work starts with detecting
break points for each individual series and then review the fractional d estimation for
each sub-period. Zivot and Andrews (1992) breakpoint statistics is of applied for RSD
series and it is noted that occurrences of breakpoints for the selected five markets vary
from case to case ranging from 18/04/2015 to 29/07/2015 as listed in Table 11, where
those breakpoints are significant at 1% level. The switch of the cross-market pattern
coincides with the fact that 2015 was a banner year for Bitcoin since its debut. In the
year of 2015, Bitcoin appears to have a significant progression in user recognition and
visibility, e.g., leading banks and other financial sectors intensively funded more
research in block-chain technologies and investment strategies of digital currencies,
while business giants such as Microsoft started to accept Bitcoin payment (Beigel,
2020). This implied Bitcoin market participants are very likely to update their decision-
making strategies after 2015 and thus react to cross-market information with a different

manner.

To secure results for periods pro- and post- breakpoints are consistent, we divide the
whole observation period into two subsections and replicate long memory detecting
procedures. We assign sub-period 10/11/2013 through 17/04/2015 (30/07/2015

13 For instance, Chinese government announced a ban of using Bitcoin in financial institutions; the crash of one
of the key Bitcoin exchanges, Mt.Gox.
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through 11/12/2018) as Sub-period | (Sub-period Il) to ensure we have two clean
periods without including these potential break points.

Table 11 Summary of Breakpoint Test

Zivot-Andrews Breakpoint Test

AUD CAD EUR GBP usbD
t-statistic -9.53*** -8.27*** -7.82*** -8.36*** -8.38***
Breakpoint 29/07/2015 25/04/2015 23/07/2015 18/04/2015 15/06/2015

Note: *** denotes the statistic is significant 1% level, where 1% and 5% critical t-values equal to -5.57

and -5.07 accordingly.

Results given by both sub-periods reassure us of consistency after considering the
occurrence of structural breaks. For Sub-period |, empirical evidence suggests a
significant long-memory pattern where the fractional d estimator is 0.690 with the
standard error of 0.026 and multivariate Q-statistic equals to 326.37. For Sup-period
I, the results confirm a similar systematic pattern, where our long-memory indicator
(i.e., the fractional d estimator) further approaches to 1 as 0.988 with the standard
error of 0.027 and the multivariate Q-statistic of 163.958. This shows sub-period Il has
higher level of informational efficiency compared to sub-period |, in line with findings
that Bitcoin markets tend to move towards efficiency in Urquhart (2016) and Duan et
al., (2021). The corresponding white noise tests show no signals of serial correlation
in residuals, which guarantees the reliability of applying systematic long-memory
models for cross-market disparities in both sub-periods. Detailed results regarding lag
and rank selections are available in the Appendix.

4.6. Discussions
This section provides an extension to estimate and visualize how shock signals
transmit among the system under consideration (i.e., Bitcoin-fiat pairs of the five

selected developed markets) and discusses long memory patterns in convergence
speeds to capture cross-market learning behaviour.
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4.6.1 Impulse Response

As the main findings demonstrate, risk-return disparities in BTC/USD, BTC/GBP and
BTC/EUR have three long-term equilibrium relations and can be expressed as linear
functions of BTC/CAD, BTC/AUD and fear sentiment. However, in these systems, how
market-wide information, especially inducinig shocks, being transmitted and digested
remains unclear from a time-horizon perspective. To help elucidate how shocks in
Australian and Canadian markets and fear sentiment transmit into US, British and
European markets, this subsection reports estimated impulse response function via
Local Projections (LPs, see as Jorda, 2005, 2009). LPs simply applies sequential
predictive regressions for variables of interest against structural shocks over different
horizons and therefore is free of specifying or estimating true underlining data
generating process and is robust to variables with varying level of long-term

persistence.

CAD on USD CAD on GBP CAD on EUR
0.06 0.10
' 0.05
0.03 0.00 P e
000+ Y-=----=~-—-——-=- VYT "7 o~ A -0.05
2 4 6 810121416 18 20 2 4 6 8 1012 14 16 18 20 2 46 8101214161820
AUD on USD AUD on GBP AUD on EUR
0.08 0.10 0.05
0.04 8'82 0.00 K=/ S
0.00 fo~<f - - N\ - o '8‘?2
2 4 6 8101214161820 2 46 8101214161820 2 4 6 8101214161820
fear on USD fear on GBP fear on EUR
0.006 0.006 0.004
0.004 0.003 0.002
0.002 0.000 0.000
0.000 0008 -0.002
-0.002 -0.004

-0.006

2 4 6 8101214161820

2 46 8101214161820

2 4 6 8101214161820

Fig 3 Impulse Response Estimation

Note: The figure reports the impulse response functions for risk return distance of BTC/AUD and
BTC/CAD as well as fear indicator on risk-return distance of BTC/USD, BTC/GBP and BTC/EUR. The
estimation method of applied is the Local Projection (Jorda, 2005). The prediction time horizon under
consideration is day-1 to day-21. The shaded zones are for 95% confidence intervals, based on robust

Newey-West (1987) adjusted standard errors.
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Fig 3 maps the response of US, UK and EU markets to one unit of shock from three
sources in over 21-day horizon. The results exhibit that impact of shock in Canadian
market to US and UK market remains positive over 21-day horizon, whereas for to EU
market, the impact appears to be positive till day 10 and then fluctuate around zero
afterwards. The shock given by Australian market brings analogous impacts on US,
UK and EU markets. As for shock given by fear sentiment, the impact remains in
general negative till the day 16 for all three markets under consideration and we also
note the magnitude of response in US market is qualitatively smaller than the ones for
UK and EU markets. This implies US market can adjust to investor sentimental
aspects with a more efficient manner compared to the rest two markets. By revealing
patterns of shock transmission in Bitcoin cross-market risk-return disparity, the above
findings extend the results of Koutmos (2018), Panagiotidis, Stengos and Vravosinos
(2019) and Urquhart (2018) where they suggest Bitcoin returns react to shocks in
traditional financial markets, Bitcoin trading volumes.
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4.6.2 Memory in Speed of Learning (Convergence Speed)

For this subsection, we extend our main findings to discussions over convergence
speed which is a time varying tendency towards convergence extracted from risk-
return distance. The convergence speed quantifies how quick the individual markets
adjust towards consensus against the information set given by 19 sample markets. In
this light, this speed measure, capturing a higher dimensional pattern in cross-market
disparities, implies the speed of learning and correcting based on available information

in segmented international markets.

Via Kalman Filter algorithm, we extract estimated convergence speed from existing
Risk-return Distance. Following Durbin and Koopman (2012), we utilise the structural
time series model Local Linear Trend (LLT), to extract unobservable dynamics from
risk-return distance measures, in which we decompose the series into three distinct
components, i.e., a time-varying level ( l;), a dynamic slope (s;) and a noise part (&;).
é; and u, capture the uncorrelated disturbances in the level and the slope accordingly.
Here, s;, §; and u; follow three different independent identical distributions accordingly.
We stick to estimation of five developed Bitcoin markets and generate the dynamic
slope (s;) as Convergence Speed for Bitcoin priced in USD, CAD, EUR, GBP and AUD

accordingly.

"#$, Y +/, (17)
"L U+, (18)

I+

" =T+ (19)

After generating Convergence Speed (s;), we process the analysis of FCVAR for five
developed markets alongside the Fear Sentiment. After the procedures of lag selection
and rank determination, we provide FCVAR estimation for the new co-integration
system, which offers a lens to detect the more intricate dynamics of Bitcoin markets.
Accordingly, Equation (21) through Equation (23) capture details of unrestricted long-
memory estimation and inherent long-term equilibria of the current system. In
particular, the fractional ‘d’ estimator is of 0.800 with standard error of 0.001; residuals
present no evident signal of serial autocorrelation considering Multivariate Q statistic
has a P-value of 0.533.
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Unrestricted Model:
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The empirical evidence confirms that significant long memory patterns also hold for
the convergence speeds of the five markets. This implies that the higher dimension of
risk-return dynamics (i.e., the convergence speed towards market-wide consensus)
takes a relatively long period to react to new information after its appearance. The
delay in this kind of feedback consequently contributes to the informational inefficiency
of the Bitcoin markets. In addition, three long-run equilibria suggest a potential set of
interactive dynamics among the five markets alongside with Fear sentiment.
Compared to previous results with regards of cross-market interaction of RSD,
Convergence Speeds of Australian and Canadian markets at the right-hand side of
long run equilibrium equation (21) through (23) no longer affect the rest market in the
same direction. Taking Equation (21) as example, the American Market tends to
correct to cross-market equilibrium level in the same direction as the Canadian market
in terms of convergence speeds, whilst adjust in the opposite way as that of Australian
market. This suggests when inducing new information into the system of five
developed markets, the US market as the most well-developed market can learn from
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patterns in relevantly less-developed Canadian market and Australian market by either
strengthening or weakening its reaction. A potential explanation for this finding is that
the Canadian market can be the one presents underreactions whereas the Australian
market tends to overreact given the same set of new information. Besides, among the
same equilibrium relations, we note that fear sentiment sourced from traditional
financial markets serves as an accelerator for the American market moving towards
consensus . The above findings share the alike implication of informational
asymmetry (e.g., Cheah et al., 2018; Gillaizeau et al., 2018) and cross-market
informational transmission (spillover effects, see e.g., Jin et al., 2019; Su and Li, 2020;
Elsayed, Gozgor and Lau, 2022).

4.7. Conclusion Remarks

Cross-market price disparity is a crucial aspect of emerging Bitcoin markets where
price fluctuations are largely shaped by the heterogeneous beliefs of market
participants. Its dynamic patterns back the strand of arguments of informational
inefficiency and the theory of Adaptive Market Hypothesis, where investors make
adjustment and correction based on adaptively learning from historical information. By
relaxing the stringent setting of 1(0)/I(1) to flexible fractional integration, the current
work models dynamics in Bitcoin cross-market risk-return discrepancy as a long
memory process from both univariable (individual markets) and multivariate (five
developed markets as the interdependence equilibrium system) aspects. Empirical
evidence also suggests that speed of convergence based on cross-market disparities
is governed by a long-memory process. In addition, we note that fear sentiment
proxied by risk anticipation in traditional financial markets exerts a crucial role of
accelerator in Bitcoin consensus formation. This further denotes informational
inefficiency among Bitcoin internationally segmented markets has tightly linked with

economic fundamentals.

In line with existing discussions over Bitcoin price systematic dynamics (e.g., Cheah
et al.,, 2018; Gillaizeau et al., 2018; Duan et al, 2021) and long run dependence

1 In terms of convergence speed, negative figures refer to signal of convergence (bringing decreases in risk-
return distance). Consequently, a rise in fear indicator results in a drop in values of convergence speed and
hence accelerates the convergence.

154



behaviour (e.g., Urquhart, 2016), this work contributes to a novel aspect of Bitcoin
price inefficiency regarding risk-adjusted return disparities across segmented markets.
For five well-developed and relatively dominant markets, their time-varying relative
positions to cross-market consensus level (given by the average of in total 19
international markets) in the space of risk and return is evolving below the level of
weak-form efficiency where historical information exhibits a slowly decay rate. Our
findings secured by a set of robustness checks has vital implications for cross-market
arbitragers and policymakers in terms of enhancing their understanding of Bitcoin
market microstructure (e.g., forecasting cross-market convergence behaviour, internal
and external drivers for evolvement of informational inefficiency) and the broad
contemporary theories of asset pricing (e.g., applications of framework of Adaptive
Market Hypothesis and pricing assets with ambiguous fundamental values). For
further research, we consider it would be fruitful to (i) review the interdependence
dynamics in other leading cryptocurrencies, such as Ethereum and Litecoin; (2) design
profitable investment strategies based on a systematic long-term persistency
framework among Bitcoin markets; (3) improve the existing risk estimation models by
deriving a proper step-by-step solution for downside risk forecasting.
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Appendix of Chapter 4
I-Charts for Breakpoint Test
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Fig 1 Exhibition of Charts of Zivot-Andrews Breakpoint Test for Risk-return Distance
measures of five developed Bitcoin markets.
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Appendix of Chapter 4
ll-Tables for Long Memory Estimations among Subperiod | & I

Table.1 Lag selection for sub-period |

k r d b LR AlC BIC PmvQ
10 6 0.935 0.935 54.58  -9833.48 -8234.09 1.00
9 6 1.059 1.059 68.07 -9850.9 -8394.39 1.00
8 6 0.982 0.982 190.97 -9854.83 -8541.19 1.00
7 6 1.601 1.601 76.17  -9735.86 -8565.09 1.00
6 6 1.494 1.494 -37.51 -9731.69 -8703.79 1.00
5 6 0.631 0.631 26.65 -9841.2 -8956.17 0.93
4 6 0.539 0.539 41.4 -9886.55 -9144.4 0.68
3 6 0.518 0.518 51.4 -9917.15 -9317.87 0.32
2 6 0.474 0.474 149.85 -9937.74 -9481.34 0.12
1 6 1.087 1.087 179.43  -9859.9 -9546.37 0.00
0 6 1.165 1.165 0.00 -9752.47 -9581.82 0.00

Note: The Number of observations is 525; Order for white noise test is 12; Lag selection is based on
the AIC and PmvQ.

Table.2 Rank Selection for Sub-period |

Rank d LogL LRstatistic P-value
0 0.336 4997.002 173.74 0.000
1 0.464 5048.194 71.354 0.000
2 0.471 5067.147 33.449 0.006
3 0.456 5078.026 11.691 0.231
4 0.462 5083.179 1.385 0.847
5 0.475 5083.87 0.004 0.952
6 0.474 5083.871 ---- -

Note: Lag order applied here is 2 with in total 525 observations.
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Table.3 Lag selection for Sub-period I

k r d b LR AlC BIC PmvQ
10 6 0.965 0.965 35.63  -48104.55 -46045.93 1.00
9 6 0.974 0.974 5456  -48140.92 -46266.19 1.00
8 6 0.993 0.993 80.07  -48158.36* -46467.53 1.00
7 6 1.161 1.161 120.47 -48150.29 -46643.36 1.00
6 6 1.049 1.049 82.87  -48101.82 -46778.79 1.00
5 6 0.933 0.933 99.46  -48090.95 -46951.81 0.80
4 6 0.887 0.887 57.58 -48063.5 -47108.25 0.01
3 6 0.752 0.752 51.66  -48077.92 -47306.57 0.00
2 6 0.597 0.597 109.66 -48098.25 -47510.81 0.00
1 6 0.976 0.976 171.58 -48060.59 -47657.04 0.00
0 6 0.857 0.857 0.00 -47961.01  -47741.36 0.00

Note: The Number of observations is 1222; Order for white noise test is 12; Lag selection is based on

the AIC and PmvQ.

Table.4 Rank Selection for Sub-period Il

Rank d LogL LRstatistic P-value

0 0.756 24313.96 192.445 0.000
1 0.82 24337.09 146.179 0.000
2 0.837 24353.33 113.702 0.000
3 0.866 24369.75 80.861 0.000
4 0.917 24387.37 45.617 0.000
S 0.988 24408.23 3.893 0.423
6 0.993 24410.18 -—-- -—-

Note: Lag order applied here is 8 with in total 1222 observations.
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Table 5 White Noise Test for Sub-period | and Sub-period Il

Residual White Noise Test

Sub-period |
Variable Q-statistic  P-value LM P-value
usD 13.666 0.323 6.109 0.911
GBP 28.817 0.004 17.787 0.122
EUR 11.203 0.512 7.976 0.787
CAD 15.963 0.193 11.088 0.521
AUD 18.803 0.093 13.368 0.343
FEAR 3.065 0.995 4.305 0.977
Multivariate Q  326.379 1.000
Sub-period Il
Variable Q-statistic  P-value LM P-value
usD 1.880 1.000 2.098 0.999
GBP 0.807 1.000 0.809 1.000
EUR 3.960 0.984 3.635 0.989
CAD 7.255 0.840 5.421 0.942
AUD 4.480 0.973 1.591 1.000
FEAR 16.774 0.158 21.509 0.043
Multivariate Q 163.958 1.000
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Appendix of Chapter 4
lll-Tables for Long memory estimations of Convergence Speed

Table.6 Lag Selection for the System of Convergence Speeds and Fear

k r d b LR AlC BIC PmvQ
15 6 1.219 1.219 184.98 -212092.02 -208916.32 1.00
14 6 1.396 1.396 -7.71 -211979.04 -208999.44 1.00
13 6 0.844 0.844 96.28  -212058.75 -209275.25 1.00
12 6 0.830 0.830 139.38 -212034.47 -209447.07 1.00
11 6 1.007 1.007 101.13  -211967.09 -209575.79 1.00
10 6 1.071 1.071 152.10 -211937.97 -209742.76 1.00
9 6 1.269 1.269  204.35 -211857.87 -209858.76 1.00
8 6 1.198 1.198  344.80 -211725.52 -209922.51 0.17
7 6 1.389 1.389  279.98 -211452.72 -209845.80 0.00
6 6 1.099 1.099  209.83 -211244.74 -209833.92 0.00
5 6 1.233 1.233 108.01  -211106.90 -209892.19 0.00
4 6 1.042 1.042 147.18 -211070.89 -210052.27 0.00
3 6 1.078 1.078  282.10 -210995.72 -210173.20 0.00
2 6 1.099 1.099 939.24 -210785.62 -210159.20 0.00
1 6 1.608 1.608  643.62 -209918.38 -209488.06 0.00
0 6 1.686 1.686 0.00 -209346.76  -209112.54 0.00

Note: The Number of observations is 1864, Order for white noise test is 12; Lag selection is based on

the AIC and PmvQ.

Table.7 Rank Selection for the System of Convergence Speeds and Fear

Rank d LogL LRstatistic P-value

0 1.226 106526.4  205.229 0.000
1 1.205 106567.6  122.902 0.000
2 1.212 106596.9 64.140 0.019
3 1.212 106612.5 33.118 0.162
4 1.219 106624.5 9.056 0.853
5 1.219 106628.8 0.370 1.000
6 1.219 106629.0 - -

Note: Lag order applied here is 15 with in total 1864 observations.
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Chapter 5

Conclusions

Utilising model-free Euclidean distance and cross-market data, this thesis studies
Bitcoin price dynamics from three inherently correlated aspects, i.e., price formation,
impacts of risk anticipation (fear sentiment) and informational efficiency. Discussions
in this chapter concludes main findings, contributions of the current research. Overall,
the research objective of this thesis is to characterise Bitcoin price dynamics and
evolvement among segmented international markets based on the framework of
Adaptive Market Hypothesis (Lo 2004; 2005; 2017), in which main arguments is

constructed over the assumption of bounded rationality.

Main contributions are as follows. In Chapter 2, the posited step-by-step methodology
enables a non-parametric and model-free econometric approach to interpret Bitcoin
price dynamics. We provide a practical and convenient instrument to quantize and
monitor Bitcoin cross-market price dynamics and interconnections. Given cross-
market averages as an implied practical reference point, this research enhances
Bitcoin market participants’ capability to trace fluctuation trends among price series
and refine their decision making in risk control for investment strategies. Inherent
market-wide consensus is a constructive driver for price discovery whilst those
markets with more information advantages present no significance in terms of leading

returns of the aggregated Bitcoin market.

In Chapter 3, we quantify dynamic patterns in price heterogeneity across Bitcoin
segmented markets via a measure of Convergence Speed. Our approach enables
further stringent examinations aiming to identify potential driving factors for Bitcoin
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behaviour for both overall market and individual market levels. This work adds to
earlier studies on relationships between Bitcoin price dynamics and investor sentiment
(e.g., Baig, Blau and Saba, 2019; Eom et al., 2019). This work quantifies the strength
of market participants’ learning and adaptive correction behaviour through a
convenient measure, that is time-varying cross-market convergence speed and
depicts that fear sentiment can accelerate the speed of selected Bitcoin markets
moving towards efficiency. Besides, this work facilitates a better understanding of
noise trading behaviour in Bitcoin markets (e.g., Cheah and Fry, 2016; Karaa et al.,
2021). We find heterogeneous participants among Bitcoin markets are sensitive to
non-fundamental aspects, i.e., responding to technical signals, policy uncertainties
and bubbles. In terms of adding to adaptive market hypothesis, we suggest a unique
path, where given a dynamic risk-return bond, the learning and competitive trading
behaviour in Bitcoin markets can be adaptive and anchor to market-wide consensus

(cross-market averages).

In Chapter 4, we confirm that informational persistency in Bitcoin cross-market price
disparity and highlight Bitcoin cross-market disparity follows a slowly interactive long-
memory pattern. Five well-developed Bitcoin markets under international trading
environment tends to take relevantly long time to absorb historical information given
by not only its own market but also the other peer markets. This research adds to
existing literature in price evolvement mechanism of Bitcoin and has fundamentally
different implications. By investigating into long memory patterns in Bitcoin cross-
market disparities, we present a detailed view of cross-market information
transmission path where the selected markets not only make correction given cross-
market average level, but also demonstrate interdependence against each other. The
systematic co-integration model exhibits the fear sentiment proxied by risk anticipation
helps in explaining structure of equilibrium relations of five developed Bitcoin markets,
which further suggests that Bitcoin price movement has a solid linkage with the real
economy and is not a fully detached system.

To sum up, this thesis sheds light on the asset pricing issues for digital currencies
which essentially has unclear fundamental value (Cheah and Fry, 2016). It illustrates
the price evolving patterns among Bitcoin international markets is converging towards

cross-market average, indicating a fulfilment of consensus. In addition, we identify fear
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sentiment as a crucial driver for Bitcoin cross-market convergence, alongside with a
set of controls. The shock persistency documented in Bitcoin cross-market disparities
reconfirms a higher dimensional informational inefficiency, which features patterns of
adaptive learning. Overall, we consider this work as a step one for pricing assets with
ambiguous fundamental value and we propose the following future works as promising
and fruitful direction to explore: (i) design profitable trading strategies based on time-
varying disparities among Bitcoin markets, where patterns of cross-market
convergence with long-run persistency and the way Bitcoin reacting to macro-
economic fundamentals (fear sentiment) can serve as meaningful trading signals; (ii)
extend current asset pricing and risk-return trade-off framework by accounting for a
changing nature of cross-market risk-return disparities, which could be a practical
solution without bearing strong assumption of full efficiency and market wide

equilibrium.
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