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di Bari Aldo Moro

Doctoral Programme in Economics and Business Universitat Jaume I
Doctoral School

Doctoral Programme in Economics and Management, University of
Bari ”Aldo Moro”

PhD Candidate PhD Supervisors
Rocco Caferra Prof. Andrea Morone

Prof. Gabriele Tedeschi
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Preface

Every day we are called to take risks in different troubling situations. Behind
every individual choice, there is a complex decision-making process, contin-
uously fluctuating between rationality and irrationality, often influenced by
the beliefs of other agents.
This thesis proposes a series of experimental and empirical works considering
traders from ”isolate atoms” to heterogeneous ”interacting particles” oper-
ating in the marketplace.
The figure below summarizes the different proposed themes.

Inspired by the recent development of behavioral studies, where the homo
economicus is far from being always rational, efficient and infallible, but it
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seems an agent influenced by the environment (e.g. sentiments), the first
section of the thesis proposes two experimental works where the investors’
decision-making process is analyzed.
Therefore, I study the (i) context-dependence of the risk assessment and (ii)
the cruciality of the agents’ interaction in explaining the vulnerability of the
price dynamics. Firstly, investors’ risk propensity is measured considering
different stakeholders’ financial constraints. Afterward, in a second different
experiment, the price dynamics resulting from the interaction of traders in
market context is analyzed.
In the other two sections of the thesis, a series of empirical works are pro-
posed to infer investors’ expectations and behavior from different market
conditions, proposing a variety of empirical strategies.
In section II, inspired by the huge amount of ICT data available, I show the
linkage between market sentiments and the convergence of beliefs. Therefore,
in a similar vein, the work is extended proposing a series of network-based
measure explaining agents’ price forecasting. Specifically, the network-based
measures come from the financial network architecture, the communication
(social and press media) world, and the exchanges places. Once again, the
importance of interconnection of the different information released is promi-
nent to dig out into agents’ expectations and subsequent price formation.
After having studied the factors driving decisions and expectations, Section
III explores how expectations vary under financial turmoil and the main im-
plications on asset management. The recent vicissitudes of COVID-19, and
then the stress test undertaken to the whole economic and financial world, has
offered the possibility to investigate the reaction of a global interconnected
financial landscape. Here, two empirical works are proposed to investigate
the extent of the systemic risk in the financial network and the possibility
to hedge equity risk with the recent developed financial instruments (e.g.
cryptocurrencies).
In conclusion, the current work proposes -through a mixture of experimental
and econometric approaches- a comprehension of a complex and continuously
evolving economic and financial ecosystem, moving “from the individual to
the system”, that is, from the single investor’ decision-making process to the
market system where she acts.



Part I

No Man is an Island
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Overview

The thesis starts with an individual decision-making problem. A subjects’
pool composed of professional traders involved in the commodity sector par-
ticipate in a risk elicitation task. Assuming an extremely realistic scenario,
different treatments consider a targeted group on which the choice fall, char-
acterized by different financial constraints (poor/rich groups). Furthermore,
depending on the treatment, the trader is included (or not) in the targeted
group. These scenarios stylized the case of risk management of fund man-
agers, where the stakeholder (that can be private savers or companies), have
different portfolio size/financial constraints.
The results show that risk aversion decreases when income-wealth conditions
in the group increase. The inclusion of the decision maker in the group
mitigate extremely risk averse decision (in the low-income case) and avoid
gambling in the opposite (high-income) case. From here, different policies
implications are drawn.
The readers can find the published version of this paper on Annals of Public
and Cooperative Economics (APCE). I would like to thank the other co-
authors: Prof. Piergiuseppe Morone, Prof. Andrea Morone and Mr Paolo
Storelli, who significantly helped us in the recruitment of the professional
traders involved in the project.
In the second section, I move from individual to market context. Here, an
experimental double auction is ran with the typical students’ pool. In this
work I study an asset market by combining two different approaches. On
the one hand, experimental economics is able to create a laboratory envi-
ronment where it is possible to control agent behaviour under different risk
levels, given by the different levels of precision of the information released.
On the other hand, the interaction among subjects is reconstructed by em-
ploying network theory. The idea is to analyze the network generated by
experimental data and the effects on price dynamics. Our results prove that
the emerging empirical networks are far away from a random topology.
Moreover, when the network is very centralized we observe a higher level of
price volatility, and the speculation activity of the guru (i.e. the most central
subject in the market network) determines the market efficiency, meant as
the price-fundamental value gap.
Once again, I would like to thank both of my supervisors involved in this
working paper and all the precious comments received at the international
conferences where it has been presented: the Workshop on Economic Sci-
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ence with Heterogeneous Interacting Agents (WEHIA 2021), the Interna-
tional Coference in Computing Economics and Finance (CEF 2021), and
the Economic Science Association Global Online Conference (ESA 2020).
Related Publications:

• Caferra, R., Morone, A., Morone, P., & Storelli, P. (2021). Professional
traders’ individual and social preferences under risk: Does group’s
wealth matter?. Annals of Public and Cooperative Economics.



Chapter 1

Professional traders’ individual
and social preferences under
risk

abstract

We studied whether professional traders’ risk attitudes varied according to
social context. To this extent, we examined whether the level of wealth in
the relevant group influenced traders’ risky decisions. The results showed
that risk aversion decreased with increased income/wealth conditions in the
group context.
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1.1 Introduction

Modern economies are characterized by complex causal structures, in which
choices frequently impact not only the individual decision maker, but also
groups of individuals, to whom the decision maker may be strongly or weakly
connected. In this regard, many studies have demonstrated that, when mak-
ing decisions, individuals consider not only their own payoff, but also the
payoff of other individuals in their social environment (Rohde and Rohde;
2011). Previous research on social risk attitudes has generated contrasting
results ( Baker et al.; 2008,Shupp and Williams; 2008,Zhang and Casari;
2012,Morone et al.; 2021). Since many decisions—particularly in economic
and political spheres—target different segments of the population, we sought
to analyze whether the wealth of a target population might influence the risk
attitude of an individual decision maker. Specifically, we aimed at examin-
ing whether professional traders’ risk propensity varied based on the target
population’s level of wealth. The literature on risk taking on behalf of others
(Andersson et al.; 2020) includes both economic and financial perspectives.
However, to the best of our knowledge, no prior study has presented a com-
bined consideration of both: (i) the professional role of decision makers and
(ii) the wealth of “others.” To this end, the present study analyzed the de-
cision making behavior of professional versus non-professional traders, with
reference to target populations reflecting varying economic conditions.

1.2 Literature review

Before proceeding to the main working hypotheses, in this section, we discuss
the state of the art with respect to the main aspects of the present work.
Specifically:

• section 1.2.1 overviews the existing studies of professional traders’ be-
havior under risk, motivating the need to further investigate their be-
havior;

• section 1.2.2. links the relationship between the decision makers/fund
managers and the group of interest affected by their risky choice, mo-
tivating the analysis of both group financial wealth and risk sharing
between shareholders and capital managers;
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• section 1.2.3. briefly motivates the implications deriving from the fea-
tures proposed in section 1.2.2. in term of contract structure and in-
centive schemes mitigating risk (i.e. risk sharing).

1.2.1 Decision Makers, Professional Decision Makers
and Experiments

As is well depicted in the recent contribution of Cipriani et al. (2020), the
literature is lacking analyses of the potential behavioral differences between
professional investors and students (i.e., the typical sample recruited for lab-
oratory experiments). The authors note that only a few studies have involved
professional traders, in research on the emergence of financial bubbles: King
et al. (1993), Smith et al. (1988) and Weitzel et al. (2020). They further found
that professional traders aggregate information significantly better than stu-
dents, and are linked to more attenuated financial bubbles (Cipriani et al.;
2020). Accordingly, we were motivated to investigate the behavior of pro-
fessional traders, given their prominent role in making risky and potentially
costly decisions. Although some studies (e.g., those referenced above) have
examined the behavior of professional traders in market contexts, to our
knowledge, no research has measured risk attitudes among this specific pop-
ulation. However, in one example of related research, Masclet et al. (2009)
compared the risk preferences of self-employed people (who take daily deci-
sions that directly affect their personal outcomes) with those of employees
(who take decisions for others daily). Beside the specific aim of the exper-
iment conducted, the comparison between the two subjects pool, i.e. the
professional traders and the non-professional decision makers (other partic-
ipants), will contribute to the debate on external validity of experiments
guala2005experiments (Guala and Mittone; 2005). In case of statistical dif-
ferences among the behavior of the two subjects’ pool, it would be noteworthy
that lab results based on traditional subjects’ pool might lack of represen-
tativeness of real-life risk management. Indeed, risk management is a task
usually performed by professional traders, hence all the experiments assess-
ing the effectiveness of some incentive scheme to lessen gambling in investing
must consider the category of subjects doing this activity in a real-life con-
text. If the behavior of such category is different from the typical subjects’
pool recruited in experiments, the lab results would be difficult to be gener-
alized if this aspect is not taken into account. Otherwise, the similarity of
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behavior will favor the laboratory results based on traditional subjects’ pool,
highlighting the relevance of experiments in stylizing real context. Hence,
as an interesting corollary, we might contribute on how such type of experi-
ments should be conducted in the future in order to obtain results that can
be valid proxy of real-life risk management.

1.2.2 Social Context and Risk Preferences

Undoubtedly, daily decisions affect not only the decision makers, themselves,
but also one or more groups of interest. This is evidently the case when, for
example, policy makers craft policies targeting a specific group (e.g. poor
classes, retired people) or investors/bankers propose strategies to manage
family savings or company capital. For this reason, there has been much re-
search on decision making in a collective context within the socio-economic
sciences 1. From here, the concept of individual and social preferences has
been introduced: while the first considers only individual pay-off determined
by the decision made, the second one includes the reference group pay-off in
the decision made by the individual. In this case, we consider individual pref-
erences over social risk, that is the risk faced by a reference group ()Harrison
et al.; 2013). In these studies, as in real life, groups are typically defined on
the basis of a discriminating factor, such as gender, national characteristics
(See Lane (2016) for a review), political affiliation (Kranton et al.; 2020 or,
as in the case of this paper, income (Guiso and Paiella (2008); Lei and Vesely
(2010)). Since the pioneering studies of Samuelson (1937) and Von Neumann
and Morgenstern (1947), analyses of decision making under conditions of risk
and uncertainty have been successfully extended from the individual to the
collective context. The literature provides plenty of comparisons between
group and individual decisions (see, e.g., Baker et al.; 2008; Morone et al.;
2021; Rockenbach et al.; 2007; Shupp and Williams; 2008). Some schol-
ars have reported that groups are more risk averse than individuals (Baker
et al.; 2008;Masclet et al.; 2009 ;Shupp and Williams; 2008), while other stud-
ies have found the opposite (Zhang and Casari; 2012). Since we stylize the
scenario of fund management under risk, we consider how traders/investors
decisions can be affected by the characteristics of the group of interests. In
particular, how their attitude varies on the basis of the financial resources of

1Comprehensive surveys comparing group and individual decision making can be found
in Charness and Sutter (2012) .
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savers, or, more generally, shareholders. With regards to the personal traits
of the decision makers dealing with risky resource management, Andersson
et al. (2020) provided a review. The authors also reported that risk taking
on behalf of others is common in many economic and financial decisions,
such as when fund managers invest their clients’ money (as proposed in the
present study). Previously, the importance of understanding risk attitudes
in relation to collective wealth was proposed by Chakravarty et al. (2011),
who found a connection between individual and expected preferences of the
reference group and risk levels that varied in accordance with the degree of
detachment between the decision maker and the population of interest. With
regard to job title, Masclet et al. (2009) found a link between the employment
sector and risk attitude of the decision maker. This aspect deserves further
investigation in sectors in which risky decisions are a daily occurrence (e.g.
professional trading). Andersson et al. (2020) questioned the relevance of the
risky decisions made by professional traders, though the authors focused on
personal traits, rather than the employment sector. We aimed at investigat-
ing professional traders, specifically, in order to differentiate this particular
employment sector. Additionally, we sought to disentangle the problem by
considering different facets of a target group defined by income, assuming
that wealth in the target group would contribute to the risk propensity of
the decision maker (as in Guiso and Paiella; 2008). Both of these aspects,
merged together, defined the novelty of the present research. Considering
the range of income proposed in our study (i.e. per capita net income of
800–5000 euros), the stylized scenario closely resembled situations in which
fund managers invest their clients’ money; more extensively, we conceived
the target population as all persons impacted by the investment (in a broad
stakeholder perspective). Ultimately, we aimed at representing the risk man-
agement of traders acting on behalf of a group of interest, where gains and
losses would have a differential impact according to the group’s actual fi-
nancial and economic resources. Additionally, it is noteworthy to analyze
the general relationship between decision makers and the affected group. In
existing studies, the individual decision maker has sometimes—but not al-
ways—belonged to the affected group (see Andreoni and Miller; 2002; Eckel
and Grossman; 1996,Harrison et al.; 2013), while, as introduced, some stud-
ies consider the degree of detachment of the decision maker (Chakravarty
et al.; 2011). Taking together these aspects, we will consider the case where
the traders share the risk with the group of interest (Risk-Sharing, hereafter
RS), and the case where he/she is not included in the targeted group (Non-
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Risk-Sharing, hereafter NRS). This will be important to draw different policy
implication in regulating contract of capital management, mitigating risk.

1.2.3 Risk, Investment Choice and Contract Structure

The prominent role of the decision maker, the characteristics of the target
population and the degree of risk outlined for the decision maker’s investment
decisions determine several policy implications for contracts (Hart and Holm-
ström; 1987). In particular, as discussed in several works (see, e.g., Fischer;
2013), it is crucial to mitigate risk with respect to investment choices (e.g.,
Karlan et al.; 2011;Stiglitz; 1990). Additionally, the present study sought to
uncover further implications, asking (for example): Can “risk sharing” (i.e.
the inclusion of the investor in the target group) mitigate risky decisions?
Does level of risk change based on group wealth and/or available capital?
The answers to these questions are likely to have important implications for
the regulation of contracts.

1.3 Experimental Design

The experiment involved 121 subjects recruited though social networking
services, including both risk professional (RP) and non-professional (NP)
agents 2. In total, there were 48 RPs and 73 NPs. Most RPs were from the
commodities trading sector, which is characterized by relatively high risk,
due to market volatility. All subjects were asked to complete a question-
naire 3 divided into two main parts: part one collected demographic and
professional data and part two elicited participants’ risk preferences. More
specifically, demographic and professional data pertained to gender, national-
ity, age, number of family members, number of brothers/sisters, relationship
status (i.e. single, engaged, married), population of the city of residence, edu-
cational level (i.e. secondary school, university, PhD), area of study (only for
university graduates and PhDs), employment status (i.e. student, inactive,
unemployed, employed, freelance) and monthly net income. The second part

2To preserve the anonymity of the data, we limit ourselves to specifying that partici-
pants were recruited through the internal network channels of a company operating in a
sector in which such decisions are taken.

3https://docs.google.com/forms/d/1qz7-Md2lLmxB-4SXAtG9nlISiGAnNEOcd4FtwUr82No/

edit
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of the questionnaire employed Holt and Laury (2002) mechanism to elicit
risk attitudes. Here, subjects examined the same multiple choice problem in
five different contexts, expressing their preference for 10 successive lottery
choices with a probability 4 of winning a first prize ranging from p = 0.1 to
p = 1 (see the table in Fig. 1.1). For instance, in the first decision problem
(Table 1), subjects were asked to choose between lottery A, which had a
90% chance of returning 40k euros and a 10% chance of returning 50k euros,
and lottery B, which had a 10% chance of returning 100k euros and a 90%
chance of returning nothing. Clearly, lottery B was riskier and had a lower
expected value (EV(B)); accordingly, lottery A (with a higher EV(A)) was
defined as the safe option. Therefore, the problem scheme was as follows: in
each choice i, the expected value for both lotteries was shown together with
the difference between the two. According to Holt and Laury (2002), risk
neutral agents would choose lottery A for their first four choices and switch
to lottery B starting with their fifth choice, since the expected value of lot-
tery B was higher (as shown in the EV delta column of figure 1.1). Agents
who switched to lottery B earlier would be relatively risk loving and those
who switched later would be relatively risk averse. The final three columns
in figure 1.1 present the constant relative risk aversion parameter (cRRA) r
for subjects switching from lottery A to lottery B. As is evident, agents who
switched in their fifth choice had r = 0 (i.e. risk neutrality), whereas risk
loving and risk averse agents had negative and positive r values, respectively.

Subjects were asked to indicate their preferences for the above multiple-
choice problem in five contexts, each involving a different target population
for the risky decision. The target populations included both low-income and
high-income cases, with scenarios that included (i.e. Risk Sharing-RS cases)
or did not include (i.e. Non-Risk-Sharing NRS decision cases) the decision
maker (see Appendix B). All experimental payoffs were hypothetical, in the
sense that subjects were asked to answer “as if” they were actually partici-
pating in the lotteries with real payment. Despite the significant discussion
of the use of financial incentives in experimental economics (see Camerer and
Hogarth; 1999), we did not feel our hypothetical treatment threatened the
validity of the results, for two reasons: (i) the main purpose of the research
was not to study the absolute values of risk aversion, but the differences be-

4Probabilities were obtained by changing the composition of the white/black balls inside
a hypothetical urn. Each agent made a random draw, knowing that he/she would win the
first prize by extracting a white ball and the second prize by extracting a black ball.
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Figure. 1.1: Holt and Laury (2002) mechanism, as adapted for the present question-
naire.

tween various types of agents and frameworks for risky decisions 5; and (ii)
given participants’ high income levels , a monetary incentive was assumed
ineffective to ensuring pay-off dominance (Harrison; 1994), since it would
be difficult and extremely costly to achieve an adequate reward level to fi-
nance an incentivized scheme 6. Based on the proposed literature, we built
the main working hypotheses in accordance with the novel aspects of the
research, examining: (i) the role of professional traders in risk decision con-
texts, as discussed in Cipriani et al. (2020); (ii) the importance of the degree
of detachment from the target group (following the suggestion of Chakravarty
et al. (2011)); and (iii) the relevance of the wealth of the target group (Guiso
and Paiella; 2008).

• H1. RPs and NPs would exhibit the same level of risk aver-
sion, independent of the social context. Should this hypothesis
be rejected, it could be inferred that job title plays a significant role in
shaping risk attitude, as suggested by Masclet et al. (2009). In particu-
lar, as proposed by Cipriani et al. (2020), we might expect professional
traders to be less prone to risky decision making. This finding would be

5Any hypothetical bias was assumed constant, and therefore insignificant in the com-
parison across treatments.

6Different from the vast majority of experiments involving students, all subjects in the
present sample had stable jobs. Incentives of only a few euros would have been considered
very insignificant, relative to participants’ monthly earnings.
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of extreme interest, considering that decisions could be optimized for
risk neutrality to preserve the integrity of the capital invested, thereby
limiting the potential for loss due to gambling.

• H2. The inclusion of the decision maker in the target group
would not impact the decision maker’s risk attitude. Putting
it differently, we would observe no statistical differences between RS
and NRS scenarios. Should this hypothesis be rejected, it could be in-
ferred that the level of detachment between the decision maker and the
target group significantly affects decision making, as in Chakravarty
et al. (2011). In that paper, the authors suggested: “individuals tend
to be significantly less risk averse when they make decisions over an-
other person’s money, compared to decisions that they make over their
own money.” This result may have implications for contracts (Hart
and Holmström; 1987), contributing to the debate over the inclusion of
terms (see, e.g., Prosser; 2005) to regulate risk sharing (Fischer; 2013).
To wit, further policy implications may be inferred, with reference to
the appropriateness of including (or not) a portion of the decision mak-
ers’ gains/losses in their proposed investment outcomes, in order to
attenuate risk. In other words, it would be important to understand
if there is a significant benefit to including risk managers/traders in
investments.

• H3. Decision makers’ risk aversion is independent of the level
of wealth in the social context. This hypothesis, adapted from
Guiso and Paiella (2008) main idea that greater income and uncertainty
might reduce risk propensity, has never been tested in the literature.
Should this hypothesis be rejected, it could be inferred that decision
makers account for the wealth of the target population. For instance,
the likelihood of taking a risky decision might be lower for low-income
target populations, who would suffer more from a possible loss in earn-
ings. Once again, any finding along these lines might generate several
policy implications, including contract wording to prevent risk seeking
decisions on the basis of the target group’s wealth. As an example,
contracts might include more (or less) stringent clauses and penalties
linked to the financial constraints of stakeholders.

All of these aspects will be discussed further below, in the context of the
results presented in the following section.
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1.4 Results

The majority of the participants were male (81 out of 121) and younger
than 40 years old (82%). With respect to education, 72% had a university
degree in Economics (50 out of 121) or Engineering (38 out of 121), and 48
participants were RPs. Net monthly income was equally split between the
ranges of 1000–2000 and 2000–5000 euros, and most subjects lived with a
nuclear family comprised of four members. 7. In the first step of the analysis,
we examined the proportion of subjects who chose the safe lottery A for all
scenarios. As discussed in the “Experimental Design” section, risk neutral
agents (r = 0) shifted their selection to lottery B after the fourth choice.
Figure 1.2 compares all 121 responses for each of the five scenarios (for a total
of 605 observations). Individual choices can be considered reference points
for comparison with the other scenarios. Table 1.1 summarizes the results,
showing the average switching points for RPs and NPs. Figure 1.2 presents
the ordered lotteries (following the first column of the table in Fig. 1.1) on
the x-axis and the cumulative fraction of respondents choosing lottery A on
the y-axis. , The dashed black line indicates the risk neutrality theoretical
prediction. Figure 1.3 repeats the same graph, differentiating between RPs
and NPs.89.

Risk neutral = 4 NP RP Total KS test-p value

Individual 6.38 (1.96) 6.02 ( 1.907) 6.24 (1.945) 0.631
Low-income NRS decision 7.51 (1.864) 7.42 (1.622) 7.47 (1.765) 0.291
High-income NRS decision 5.29 (2.365) 4.71 (2.230) 5.06 (2.321) 0.718
Low-income RS decision 6.93 (2.057) 6.81 (1.758) 6.88 (1.937) 0.81
High-income RS decision 5.93 (2.097) 5.56 (1.934) 5.79 (2.033) 0.47

Number of observations per response 73 48 121

Table 1.1: Average switching point per group and scenario. Risk neutral agents were
theorized to shift from lottery A to lottery B after the fourth choice.

7The suitability of the sample size is discussed in Appendix A, which presents the
results of post-hoc power tests for two group comparisons, employed using the GPower
software

8This reflects the standard graphical representation employed in Holt and Laury (2002)
and later studies.

9As can be inferred from the theoretical prediction, all subjects chose A up to the
fourth decision problem; hence, the fraction was always 1 to that point, and 0 afterwards,
when no subjects opted for lottery A.
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Figure. 1.2: Total proportion of participants choosing the safe lottery A for each
choice (y-axis) and decision (x-axis).

Figure. 1.3: Total proportion (y-axis) of RPs (left) and NPs (right) choosing the safe
lottery A for each choice (x-axis).

As is evident, individual choices in both groups were far from risk neutral.
Indeed, the average switching point for both NPs and RPs (6.38 and 6.02,
respectively) were statistically different from the risk neutral switching point
of 4. 10. Additionally, considering Table 1.1 and Figure 1.3, it is possible to
observe a lack of statistical difference between RPs and NPs. This result was
also confirmed by our regression models.
Hence, with respect to the first hypothesis, no statistical behavioral differ-
ences emerged between RPs and NPs. With respect to the second hypothesis,
it was observed that the effect of including the decision maker in the target

10Here, we employed both t-tests and Kolmogorov Smirnov (KS) tests, based on the
differences between the empirical observations and the theoretical expectation of risk neu-
trality. The resulting distribution of differences was statistically different from 0 at all
levels.
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group mitigated the effect on risk attitude. This was inferred from the find-
ing that both low- and high-income RS decisions were closer to individual
preferences than were low- and high-income NRS decisions.
Finally, with respect to the third hypothesis, we found that social context
mattered. Indeed, we observed that subjects tended to be more risk averse
when the decision targeted a poorer group (green lines) and more risk seeking
in the opposite scenario (red lines).
All in all, no differences were found with respect to employment sector, while
risk attitude was found to be strongly impacted by the level of wealth in the
target population. To test this experimental framework more formally, we
employed an interval random effect regression model (Andersen et al.; 2006;
Coller and Williams; 1999; Harrison et al.; 2013) (Table 1.2). This model
can be considered an extension of the Tobit regression model, which consid-
ers interval-censored variables. In the present case, the response variable was
represented by the cRRA interval associated with the switch from lottery A
to lottery B. That is, we constructed a dependent variable base on the lower
and upper limit of the interval, corresponding to the switching point from
lottery A to lottery B, as reported in the table in figure 1.1.11 We proposed
four versions of the model, to better investigate our hypotheses. First, two
reduced forms of the model were proposed (1–2, Table 1.2).

11Here, we used the Stata intreg command (https://www.stata.com/manuals/
rintreg.pdf).
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Dependent variable: cRRA intervals Coefficients (standard errors)
Variables Reduced model Full model

(1) (2) (3) (4)
Constant 0.3494** (0.06) 0.387*** (0.077) 0.356 (0.48) 0.359*** (0.485)
Low-income NRS decision 0.377*** (0.06) 0.348 *** (0.064) 0.377*** (0.05) 0.347*** (0.064)
High-income NRS decision -0.395*** (0.06) -0.357 *** (0.064) -1.41*** (0.05) -0.357 *** (0.064)
Low-income RS decision 0.196*** (0.05) 0.164 ** (0.064) 0.196*** (0.05) 0.164 *** (0.064 )
High income RS decision -0.141*** (0.05) -0.133 ** (0.064) -0.394*** (0.05) -0.133 *** (0.064)

Risk professional (RP)
RP*constant -0.094 (0.122) -0.122 (0.131)
RP*Low-income NRS decision 0.075 (0.102) 0.075 (0.102)
RP*High-income NRS decision -0.093 (0.102) -0.093 (0.102)
RP*Low-income RS decision 0.082 (0.102) 0.081 (0.102)
RP*High income RS decision -0.019 (0.103) -0.020 (0.102)

Income
1000–2000 -0.167 (0.4) -0.167 (0.404)
2001–5000 -0.017 (0.42) -0.016 (0.416)
Up to 1000 -0.113 (0.42) -0.113 (0.422)
More than 5000 0.167 (0.48) 0.166 (0.479)
risk -0.114 (0.11)
University degree -0.284 (0.26) -0.284 (0.262)
PhD -0.348 (0.28) -0.348 (0.278)
Single -0.079 (0.13) -0.080 (0.128)
Married -0.113 (0.14) -0.114 (0.138)
Family members
2 0.428** (0.19) 0.429 ** (0.186)
3 0.283 (0.19) 0.284 (0.186)
4 0.368** (0.17) 0.368 ** (0.170)
5 0.336 (0.22) 0.335 (0.219)
More than 5 0.605* (0.35) 0.604 * (0.348)
Age
30–39 -0.008 (0.14) -0.009 (0.137)
40–49 0.141 (0.27) 0.141 (0.267)
50–59 0.185 (0.35) 0.185 (0.350)
More than 60 0.414 (0.56) 0.412 (0.561)
male 0.172 (0.12) 0.172 (0.124)

Log likelihood -1080.7412 -1078.4038 -1072.0581 -1070.0698
obs/groups 605(121) 605 (121) 605(121) 605 (121)

Table 1.2: Regression Results.***,**,* refer to 99%, 95% and 90% statistically signif-
icant coefficients, respectively. Response variable: cRRA interval corresponding to the
first switch from lottery A to lottery B.

In model 1, we confirmed the statistical differences between individual
choices (i.e. the model constant) and choices made in other scenarios. In
model 2, we accounted for potential differences between RPs and NPs, in-
teracting the RP variable (i.e. a dummy variable indicating whether the
unit was operating (1) or not (0) in the risk sector) with the categorical
variable indicating each scenario.12 Subsequently, model 3 (4), representing

12Again, the constant indicated the individual decision case.
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an extension of model 1 (2), introduced a set of control variables: gender
(male, female), income (none 13 , up to 1000, 1000–2000, 2001–5000, more
than 5000 euro), educational level (secondary school, university, PhD), mar-
ital status (single, engaged, married), number of family members (1, 2, 3,
4, 5, more than 5) and age (up to 30, 30–39,40–49, 50–59, more than 60
years)14. The selection of control variables was motivated by the literature
on risk taking and age (Mata et al.; 2011), income (Guiso and Paiella; 2008),
gender (Maxfield et al.; 2010) and other variables, including household size,
marital status and education (e.g.Spicka; 2020). Of note, the literature is
mixed with regards to the effects of each variable on the outcome (see, e.g.,
Fehr-Duda et al.; 2006 for a significant discussion on the gender effect). As
it is evident: (i) there were no statistical differences between RPs and NPs
(models 2 and 4), (ii) group decision coefficients were most similar to indi-
vidual choices (i.e. constant terms) and (iii) subjects were most risk seeking
when decision making for high-income target populations, and increasingly
risk averse as the average wealth of the target population decreased. Of note,
the response variable was not affected by decision makers’ socio-demographic
characteristics.

In summary:

• R1. RPs and NPs exhibited the same level of risk aversion, independent
of the social context. Although there was weak evidence of reduced risk
aversion for RPs, this result was not supported by the statistical tests
or regression models.

• R2. The inclusion of the decision maker in the target group mitigated
the decision maker’s risk attitude.

• R3. Subject risk aversion was strongly dependent on the wealth of the
target group.

From the first result, we can draw two conclusions. First, the finding lends
support to the claim that laboratory experiments represent valid conditions

13Here, we included those who had not yet received a job contract but were trainees or
trial period trainees.

14The constant term included, as a reference category: females, trainees (baseline income
category), those with a secondary school education, those who were engaged, those who
were not living with family and those who were younger than 30 years. Additionally,
in model 3, the status of “non-operating in risky sectors” was included in the reference
category.
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to hypothesize real world scenarios, independent of the subject pool involved,
since non-professional decision makers act similar to professional ones when
facing a decision-making problem. Hence, the success of the proposed risk
elicitation procedure does not depend on the decision maker’s professional
status. Second, the result suggests that professional status does not guar-
antee against risky behavior with investments (i.e. gambling). Therefore, it
might be useful to insert a penalty/incentive into contracts, or to consider
the propensity to seek risk with higher capital when evaluating the potential
payoff of an investment. The second result suggests that the level of in-
volvement in each project leads investors to reveal their own preferences. In
particular, we identified an asymmetric effect: investors were extremely risk
adverse when dealing with low-income groups, while showing the opposite
behavior when dealing with high-income groups. Accordingly, “risk sharing”
is likely to: (i) prevent an excess of risk aversion in the former cases and (ii)
mitigate extreme risk seeking in the latter. Finally, participants were more
careful when their choices affected low-income groups, and they assumed
greater risk when their choices impacted wealthier ones. This suggests that
the income of the target population contributes to shaping decision makers’
risk attitudes. In a similar vein to Guiso and Paiella (2008), we might ex-
tend these results to cases in which subjects must manage not only their own
money, but also the money of others (i.e. group contexts) (Andersson et al.;
2020). Given the finding that low wealth in the target group mitigated the
risk attitude of decision makers (and vice versa), investors should be encour-
aged to be more cautious when dealing with target groups possessing large
sums of capital.

1.5 Conclusions

The present study aimed at investigating attitudes towards risk, with par-
ticular reference to professional background and social context. A survey
was administered to a sample of 121 subjects, and Holt and Laury (2002)
lottery choice problem was exploited to elicit subjects’ constant relative risk
aversion (cRRA) in different scenarios. The influence of professional back-
ground on risk preference was analyzed by recruiting sample workers from
the risk management sector—in particular, financial traders and analysts op-
erating in commodities markets. The introduction of groups with different
income levels reflected a range of social contexts, alternatively including and
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excluding the decision maker from the group. Although risk professionals
showed generally lower levels of risk aversion, the effect was not statistically
significant. Furthermore, subjects’ risk attitudes were strongly correlated
with the target group’s financial constraints. In particular, the higher the
income of the target group, the greater risk was allocated to them by deci-
sion makers; in contrast, the lower the income of the target group, the less
risk was allocated. All in all, we observed an inverse relation between risk
and group wealth. Interestingly, we also found a “risk sharing” asymmetric
effect: when decision makers were affected by their own decisions, they were
less risk seeking in high-income cases and less risk adverse in low-income
cases. This result has important implications for contracts, as the inclusion
of investors in the target group is likely to mitigate risky decisions.
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1.6 Appendix A1

Tables A1–A3 report: (i) the p-value (α) of the Kolmogorov tests and (ii)
the power of the results (1-β), accounting for the possibility of Type II errors
(result in brackets). Hence, we jointly consider: (i) the statistical significance
of the differences found and (ii) the probability of correctly accepting the
alternative hypothesis.

Category=RP Individual Low-income NRS decision High-income NRS decision Low-income RS decision High-income RS decision

Individual -
Low-income NRS decision 0.000 (0.988) -
High-incomeNRS decision 0.03 (0.715) 0.000 (0.99) -
Low-income RS decision 0.185 (0.701) 0.03 (0.451) 0.000 (0.99) -
High-income RS decision 0.59 (0.13) 0.000 (0.99) 0.180 (0.51) 0.03 (0.85) -

Table 1.3: Pairwise comparisons of the results for professional traders (RP).

Category=NP Individual Low-income NRS decision High-income NRS decision Low-income RS decision High-income RS decision

Individual -
Low-income NRS decision 0.001 (0.810) -
High-income NRS decision 0.004 (0.803) 0.000 (0.99) -
Low-income RS decision 0.130 (0.381) 0.195 (0.445) 0.000 (0.979) -
High-income RS decision 0.130 (0.297) 0.000 (0.99) 0.316 (0.561) 0.004 (0.891) -

Table 1.4: Pairwise comparisons of the results for those employed in non-risky sectors
(NP).

Category=ALL Individual Low-income NRS decision High-income NRS decision Low-income RS decision High-income RS decision

Individual -
Low-income NRS decision 0.000 (0.99) -
High-income NRS decision 0.000 (0.996) 0.000 (0.999) -
Low-income RS decision 0.075 (0.812) 0.025 (0.73) 0.000 (0.999) -
High-income RS decision 0.091 (0.561) 0.000 (0.999) 0.065 (0.854) 0.001 (0.92) -

Table 1.5: Pairwise comparisons of the results for the full sample.

1.7 Appendix A2: the Questionnaire
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Chapter 2

Agents interaction and price
dynamics: evidence from the
lab

abstract

Using data collected from an experimental double auction market, we study
the dynamics of interaction among traders. Our focus is on the effect the
trading network has on price dynamics and price-fundamental convergence.
At the aggregate level, the network of empirical exchanges reveals properties
that are dissimilar from random graphs and, in particular, high centrality
and high clustering. Precisely, these properties are identifiable as the cause
of price volatility and divergence from the fundamental value. At the mi-
croscopic level, we find out how the topological properties of the network
derive from the behavior of traders. In fact, our findings show that it is
the unbridled trading action of very centralized players, called gurus, who
implement a minority game, to give rise to volatility clustering and arbitrage
opportunities.

25
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2.1 Introduction

The mainstream economics relies on the hypothesis that the exhaustiveness
of prices ensures the efficiency of the market and, therefore, it makes un-
necessary to comprehend its functioning (see Fama; 1965a). Moreover, even
in a context of incomplete information, uninformed traders can achieve full
knowledge through the pricing system in such a way that private informa-
tion is aggregated correctly and efficiently (see Grossman and Stiglitz (1976)
and Smith et al.; 1982). However, ”this approach reduces, via reductionism,
aggregate entities to concepts and knowledge for the lower-level domain of
the individual agent. By doing so, the reductionist paradigm blocks from
the outset any understanding of the interplay between the micro and macro
levels. As a consequence, the differences between the overall system and its
parts remain simply incomprehensible given the assumption of equilibrium”
(see Tedeschi et al.; 2012a).
Decades of empirical evidence have undermined these assumptions and demon-
strated that ”markets do not automatically work well and that design mat-
ters” (see Stiglitz; 2004). Among the first to show the importance of the mar-
kets institutional structure and the exchange linkages to gather the price for-
mation mechanism, we should remember the seminal papers of North (1991)
and Kirman (1991). In this vein, several papers have shown that prices dy-
namics reflect the interaction among agents and are not, instead, the result
of a central coordination (see Kirman (2010) for a review). Since interaction
depends on differences in information, motives, knowledge and capabilities,
this implies heterogeneity of agents and, as a consequence, for externalities.
Therefore, the literature has focused on two key aspects capable of generat-
ing heterogeneity and, consequently, moving prices away from equilibrium,
namely the aggregation of information and the individual behavior. About
the first element, the research has focused on the effect that agents’ reaction
to signals has on the price informativeness (see, for instance, Smith et al.;
1988; Morris and Shin; 2002; Allen et al.; 2006; Ferri and Morone; 2014;
Halim et al.; 2019; Steiger and Pelster; 2020; Steiger and Pelster; 2020; Ruiz-
Buforn et al.; 2021). Regarding the second aspect, a vast literature has shown
how markets are dominated by ”epidemic attitudes”. These ”mass-uniform”
behaviors that cause coordination of expectations and collective beliefs lead
to large aggregate fluctuations (see Banerjee; 1992; Bikhchandani et al.; 1992;
Kirman; 1993; Smith et al.; 1988; Hey and Morone; 2004).
Some insights into fluctuations in prices and agents coordination have been
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provided by agent-based models. These models, replacing the isolated rep-
resentative agent with heterogeneous interacting agents in a context of dy-
namic markets, are able to generate price hikes, out of equilibrium patterns
and many other financial stylized facts (see Hommes; 2006; LeBaron; 2006;
LeBaron; 2006; Grilli and Tedeschi; 2016, for extensive surveys). In whatever
way coordination is represented, via behavioral switching models (see Brock
et al.; 1997;Brock and Hommes (1997); Brock and Hommes (1998); Lux and
Marchesi; 2000; Chiarella et al.; 2009) or herding mechanisms (see Banerjee;
1992; Banerjee; 1993; Yamamoto and Lebaron; 2010 ; Tedeschi et al.; 2009a;
Tedeschi et al.; 2012a), it generates strong synchronization in the individual
actions that affect price dynamics. Furthermore, a more recent literature has
focused on the relationship between agents’ coordination and price fluctua-
tions using network theory. This tool has proved to be particularly suitable
for describing the relationship between the organization of interaction among
individuals within different components of the economy (see Bargigli and
Tedeschi (2014a) for a review) In light of this, some papers have studied the
effects that static or dynamic networks have on price dynamics, information
dissemination and price convergence to the fundamental (see Tedeschi et al.;
2009a; Tedeschi et al.; 2012a; Panchenko et al.; 2013; Wang et al.; 2019). In
fact, depending on the adopted/obtained network topology, these works have
highlighted the impact that the interaction between traders has on market
efficiency and financial time series. Also experimental economics has recently
incorporated into laboratory experiments different network architectures to
better understand, in a controlled environment, how several mechanisms of
information spreading impact the financial markets dynamics. Specifically,
these studies have focused on the effects that different levels of attachment
probability between players have on market efficiency (see Attanasi et al.;
2016; Alfarno et al.; 2019; Halim et al.; 2019). Following this line of re-
search, this work analyzes two important aspects related to interaction in an
experimental double action market. Firstly, we analyze the network archi-
tecture emerging from the buying and selling transactions among individuals
in the lab. Therefore, differently from the previously mentioned works, we
do not introduce a network topology into the experimental design, but we re-
construct the network architecture through players’ transactions. The reason
behind this modeling choice is simple: we are not interested in understanding
how an ex-ante graph impacts on the information dissemination, but what
the emerging market structure is and its impact on price dynamics. Our re-
sults reveal a very centralized network topology made up of few but populous
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communities. Precisely, these network characteristics are shown to impact
prices and generate volatility clustering and price divergence from the fun-
damental. Furthermore, to better understand the topology of the network
generated through empirical exchanges, we compare it with a random net-
work simulated by taking into account the key characteristics introduced in
the experimental design, namely the number of players and the probability
of the dividend signal accuracy. Specifically, we use a two step Bayesian ap-
proach to formalize the probability of attachment of the trading network and,
thus, to reconstruct the theoretical random graph. Interestingly, the empiri-
cal and theoretical networks (i.e. the network derived from the exchanges in
the lab and the one reconstructed with the Bayesian approach) considerably
diverge in terms of topological characteristics. This result has two impor-
tant implications. On the one hand, it strengthens empirical evidences that
social networks are scale free (see Caldarelli (2007) and Newman (2010) for
extensive surveys). On the other hand, it highlights that exchanges are not
random as in the case in which agents just use prices to decide whether to
buy or sell, but follow different behavioral rules (for example loyalty relation-
ships as shown in Kirman and Vriend; 2000;Kirman and Vriend; 2001; Cirillo
et al.; 2012). Secondly, we study the behavioral rules that determine the
creation of the exchange links and, consequently, define the architecture of
the network. Curiously, our findings highlight the emergence of a player who
make a high number of transactions. The presence of this subject (called
guru) who plays against the crowd implementing a minority game, explains
on the one hand the network centrality and, on the other hand, motivates the
divergence of the price from the fundamental and the creation of volatility.
In conclusion this work aims i) to highlight how the dynamics that define the
interactions among economic agents are essential to explain financial stylized
facts; ii) to enrich the vast literature revealing that the market design mat-
ters and is the result of the endogenous interaction among the elements that
compose it.
The rest of the paper is organized as follows. In Section 2.2, we present the
experimental design and reconstruct the theoretical random network associ-
ated with it. In Section 2.3, we present the empirical results on aggregate
dynamics and micro behaviors. Finally, in Section 2.4, we draw conclusions.
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2.2 The experimental double action market:

expected vs empirical trading network ar-

chitecture

In this section we present an experimental double action market where par-
ticipants may make public offers both to buy (”bids”) and to sell ( ”asks”).
The goal is to investigate how the emerging market topology impacts on price
dynamics and individual behavior. To this end, we compare the empirical
transactions network, emerging from agents trade, with an expected theoret-
ical graph, and verify if agents act independently of each other and link only
through the price system or apply different behavioral rules in the exchange
process.

2.2.1 Experimental Design

We run a double action market experiment where a population of N traders
can either place market orders, which are immediately executed at the cur-
rent best listed price, or they can place limit orders. Limit orders are stored
in the exchange’s book and executed using time priority at a given price and
price priority across prices. A transaction occurs when a market order hits
a quote on the opposite side of the market.
The experiment, programmed using the Z-tree software (see Fischbacher;
2007), is run at the laboratory LEE at the University Jaume I of Castel-
lon. After reading the instructions, participants get involved in a test session
where they become familiar with the exchange mechanism. This preliminary
session, which includes reading the instructions, answering any doubts and
testing the auction, takes approximately 20 minutes. After the test, the dou-
ble action market experiment begins, and it includes 48 students who play
about 21 minutes and earn an average of 14 euros.
Let us now describe the details of the experimental design. N = 8 agents
trades, over a time span of 7 periods, one-period life asset, which pays an
uncertain dividend. Each period consists in 180 seconds of trading activity.
Consequently, there are T = 7 periods, and τ = 180 intra-period trading
activities. At the beginning of each period, T , the experimenter i) endows
each agent with the same balance-sheet, composed by cash, C = 2000 exper-
imental Currency Unit, and S = 10 stocks; ii) draws, with probability 0.5,
the dividend value d, which might be either 10 or 20; iii) gives each player a
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signal on the value of the dividend. Regarding this last point, two different
scenarios (Treatments) are considered, and they vary depending on the signal
accuracy: in the first scenario, T1, the probability of receiving the correct
dividend value is p(d) = 6/8, while, in the second scenario, T2, p(d) = 5/8.
Whereas the signal on the dividend value received by each agent is a private
information, the probability of the signal accuracy, p(d), is common knowl-
edge. At the end of each period, i.e. in τ = 180, the dividend true value is
publicly announced.
Finally, in order to check the robustness of our qualitative results, three
independent sessions for each scenario are run, using different subjects.

2.2.2 The expected theoretical trading network forma-
tion

Keeping in mind the experiment design described above, and remembering
that the traded stocks are homogeneous goods and the probability of the div-
idend signal accuracy, p(d), is common knowledge, one could conjecture that
linkages among agents and, consequently, exchanges, take place randomly
and just considering prices. On the basis of these simple considerations,
we model the trading connections among subjects as a random network and,
specifically we hypothesize that the expected theoretical network is the Erdős
and Rényi (1959) model.
Let us now explain the approach used to reconstruct the exchange relation-
ships. As already mentioned, the probabilistic distribution of the dividend
signal accuracy, p(d), is common knowledge, while the realization coming
from that distribution is agent specific. In fact, some subjects, with prob-
ability p(d), receive an information reveling the dividend true value, while
others, with probability (1 − p(d)), have a wrong information. We assume
that traders trust (or not) the agent-specific signal received on the dividend
value with a probability corresponding to p(d) (or 1-p(d)). In our context,
two naive strategies are hypothesized. On the one hand, agents following
their signal (regardless of its correctness) submit a buy (sell) order when
receiving the signal d = 20 (d = 10). On the other hand, players refusing
the received information apply the opposite strategy. This assumption comes
from both the empirical analysis obtained by our experimental data and the
literature on trader belief heterogeneity inferring the same information (see
Harris and Raviv; 1993; Carlé et al.; 2019). We model this aspect consid-
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ering the probability of giving different interpretations of the same signal in
accordance with its accuracy level. A trading connection is created when a
buyer meets a seller.
Let us now formalize how the expected theoretical trading network is formed.
We define with D ∼ {10,20;0.5, 0.5} the dividend distribution, d the div-
idend realization and d̄ the opposite event. Moreover, let I={Im|Im ∼
(d, d̄; p(d), 1−p(d))} be the generic signal informational distribution received
by each agent. Im is the signal realization coming from the distribution,
where m = 1 (m = 0) indicates the coincidence (divergence) between signal
and dividend1. Once received the signal, the trader can choose the action
Am={A1, A0}, where m = 1 (m = 0) refers to an action consistent (not
consistent) with the signal. Consequently, we define ”coherent” the player
who acts in accordance with her signal regardless of its correctness, that is
received the correct (incorrect) signal, I1 (I0), her action follows the signal
(A1). Symmetrically, an incoherent trader is the one who discards her signal,
that is received the correct (incorrect) signal, I1 (I0), she always takes the
opposite action, A0. Let us suppose the signal on the dividend to be 20 (10),
the coherent player will place an order to buy (sell), at any price, p ≤ 20
(p ≥ 10). Otherwise the incoherent agent, received the signal of a dividend
equal to 20 (10), will not trust the information truthfulness and place a sell
(buy) order, at any price p ≥ 10 (p ≤ 20).
By using a Bayesian approach, and in particular a two step methodology, we
can now formalize the trading network bayesian probability of attachment,
p(g). In the first step, we assume that the probability to follow the received
signal (Im) coincides with the signal precision (p(d)). In other words, we
hypothesize that the signal is given without including its distribution. In the
second step, we incorporate in the equation obtained in the first step, the
signal distribution, that is the probability to receive a signal (in)coherent,
(I0) I1, with the dividend true value. In this way, agents behavior jointly
considers i) the probability to follow the received signal and ii) the probabil-
ity to receive a signal in line with the dividend true value.
Let us start by describing the first step. As known agents’ action lead to a
binomial outcome, that is a buy or sell order. Both orders can be modeled

1Specifically, if the dividend is 20, d=20, d̄=10, I1=20 and I0=10
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with the following Bayesian distribution:

P (A = Am|I = Im) =
P (A)× P (I = Im|A = Am)

P (I)
∝ P (A)× P (I = Im|A = Am),

(2.1)

where the probability to take an action on the basis of the received signal,
P(A=Am|I=Im), is given by the prior distribution, P (A), that represents
the probability to do the action independently from the received signal, the
likelihood, P (I = Im|A = Am), that is the probability to correctly infer the
signal, and the marginal probability, P (I), that is the probability to choose
one of the two actions. Firstly, P (A) can be defined as a flat uninformative
prior distribution, since traders have no preference between the two actions.
P (A) is uninformative due to the fact that the only available information
is both dividends to have an equal chance of happening. Secondly, P (I) is
equal to 1 since, in line with the empirical analysis on our experimental data,
traders always take an action. Consequently, Eq. 2.1 becomes:

P (A = Am|I = Im) = P (I = Im|A = Am) =

{
p(d), if Am = A1 ∀ Im ∈ I,
1− p(d), if Am = A0 ∀ Im ∈ I,

(2.2)

where the first (second) line of Eq. 2.2 right hand side denotes the coherent
(incoherent) strategy.
Let us now move to the second step, where we reintroduce Im, that is the
probability to receive a signal (in)coherent, (I0) I1, with the dividend true
value. This implies a modification of Eq. (2) in such a way as to introduce
P (I = Im), that is the probability to receive a specific signal. Consequently,
by multiplying Eq.2.2 by P (I = Im), we obtain the joint probability to take
a specific action, that is P (I = Im) × P (A = Am|I = Im). Theoretically
the probability to create a trading link, p(g), depends on the probability of
drawing two players making different actions. The different possible combi-
nations in the links’ creation depend i) on the information received ii) on the
strategy adopted by traders (coherent vs incoherent). Tab. 2.1 summarizes
all the essential ingredients to reconstruct the links. Moving from left to
right we find: the probability to receive a signal coinciding or not with the
dividend; the probability to make a specific action (buy or sell) depending on
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the coherency (incoherency) of the player (see Eq. 2.2); the joint probability;
the agent market position and, finally the trader strategy profile.

Signal received
Probability to make a specific
action (Eq. 2)

Joint probability Market Order Strategy profile

P (I = Im) P (A = Am|I = Im) P (I = Im)× P (A = Am|I = Im) d = 10 d = 20

P (I1) = p(d) P (A1|I1) = p(d) p(d)× p(d) Sell Buy W1
P (I1) = p(d) P (A0|I1) = 1− p(d) p(d)× (1− p(d)) Buy Sell W2
P (I0) = 1− p(d) P (A1|I0) = p(d) (1− p(d))× p(d) Buy Sell B1
P (I0) = 1− p(d) P (A0|I0) = 1− p(d) (1− p(d))× (1− p(d)) Sell Buy B2

Table 2.1: Summary table of the probability to make a buy or a sell order. Specifically,
the first column identifies the different signal realizations; the second one models the
probability to make an action based on the given signal. The third column summarizes
the joint probability of these events, shaping the signal-coherent (or signal-incoherent)
strategy profile (fifth column) and the corresponding market order (fourth column).

Basically, four options are possible: coherent players who may be well
(badly) informed, i.e. W1 (B1). These traders, who always follow the signal,
buy (sell) if the information reveals a dividend equal to 20 (10). Incoherent
players who may be well (badly) informed, i.e. W2 (B2). These traders, who
never follow the signal, sell (buy) if the information reveals a dividend equal
to 20 (10).
Let us now compute the probability of attachment p(g), considering all the
available combinations and the compatibility of events. This implies that
all possible events, occurring simultaneously in the market, can be added
together. Specifically, trading happens when a couple of agents belonging to
one of these two trading strategy profiles groups, (W1, W2, B1) or (W2, B2),
meet. Obviously there is no interaction between a couple of agents with the
same strategy profile belonging to the same group. Hence the probability of
attachment is given by:

p(g) = W1×B1 +W1×W2 +W2×B1 +W2×B2. (2.3)

By substituting each strategy profile with the corresponding joint proba-
bility in Tab. 2.1, and after some algebra, we obtain:

p(g) = 2× p(d)(1− p(d))[p(d)2 + (1− (p(d))2)]. (2.4)

Recalling that in the first scenario p(d)=6/8 and in the second one p(d)=5/8,
we easily obtain the probability of attachments, that are p(g)=0.234 in T1,
and p(g)=0.249 in T2.



CHAPTER 2. INTERACTION 34

2.3 Empirical results

In this session we analyze the emerging market structure and the arising
trading strategies. Firstly, our study deals with the market microstructure.
Here we mainly focus on the similarities/differences between the theoretical
network (see Sec. 2.2.2) and the empirical exchanges. The goal is to under-
stand the impact of the network topology on price dynamics, its volatility
and equilibrium. Secondly, we look at agents strategies, focusing on those
behaviors that move the price away from equilibrium and motivate the dis-
crepancies between the theoretical and the empirical network.

2.3.1 Market microstructure: theoretical vs empirical
configuration

Using the attachment probability, p(g), calculated in Sec. 2.2.2, we simulate,
for the two treatments, the Erdòs-Renyi theoretical networks with N = 8
vertices and study their topological properties.

Figure. 2.1: Theoretical network configuration (left side), and decumulative distribu-
tion function (DDF) of the degree (right side), for p(g) = 0.234 in T1 and p(g) = 0.249
in T2.

In Fig.2.1 we plot one shot of the configuration of the theoretical network for
T1 & T2 (left side) and the corresponding degree distribution (right side).
The graphs show that the network architecture depend on the probability of
attachment: the higher p(g), the more connected the network. Obviously,
the simulated degrees follows a poisson distribution in both scenarios, as
shown by the decumulative distribution functions (DDF). By applying the
well-known properties of random graphs (see Newman; 2003), we identify
other important characteristics of the theoretical trading network. Firstly,
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we define the approximate mean degree, z, for each of the N vertexes as
z = p(g)(N − 1). The mean degree, which coincides with the network av-
erage degree and its degree centrality, is equal to 1.638 (1.743) in T1 (T2).
Once the mean degree and the probability of attachment are known, we can
calculate the fraction of nodes (traders) joined together in a single giant com-
ponent. The size of the largest component S, is numerically2 obtained by
solving S = 1−e−zS. Our theoretical graph exhibits a giant component made
up of 66% (70%) of agents in T1 (T2), demonstrating the network to cross
the percolation threshold. Finally, we focus our attention on the diameter
index, d, which shows the shortest distance between the two most distant
nodes in the network. This index, defined as d = log(N)/log(z), is equal to
4.213 (3.742) in T1 (T2).
In summary, theoretical exchanges generate a high connected network with
a high probability of trading between each pair of agents. Obviously this
result strongly depends on the attachment probability described in Sec. 2.2.
The expected structure of the random graph, in fact, varies with the value
of the connectivity p(g). The links join nodes (i.e traders) together to form
components, i.e., (maximal) subsets of nodes that are connected by paths
through the network. Random graphs possess an important property, called
phase transition, from a low-density, low-p(g) state in which there are few
edges and all components are small, to a high-density, high-p(g) state in
which an extensive fraction of all traders is joined together in a single giant
component. As we have seen, our theoretical network crosses this threshold
by displaying a giant component. The impact of the attachment probability
on the network topology is shown in Fig 2.2. The black solid line in Fig 2.2
(left side) shows the dependence of the attachment probability, p(g), on the
probability of the dividend signal accuracy, p(d). It is worthy of note that the
probability of creating a trading link is a symmetrical function with respect
to the informativeness of the dividend signal, with a maximum in p(d) = 0.5
and two minima in p(d) = 0 and p(d) = 1. Intuitively, when half of the play-
ers think the dividend is 20 and the other half it is 10, 50% of agents buys
and the other 50% sells, thus reaching the maximum number of exchanges.
Instead, in the case of missing or complete information (i.e. p(d) = 0 and
p(d) = 1), traders assume the same market position, thus leaving no room
for transactions. Finally, a signal corrected to 25% or 75% generates exactly
the same number of transactions given the reciprocity between the number of

2Numerical solutions are obtained by applying the Newton-Rapson algorithm.
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buyers and sellers. Obviously, the motion of the giant component is strictly
correlated with the connectivity dynamics, as shown in the black dashed line
of Fig.2.2, left side. The variation of the network properties as a function of
connectivity are shown in the right side of the Fig 2.2. As expected, as p(g)
grows, the network centrality increases and its diameter decreases.
Having shown the topological characteristics for the expected theoretical
trading network, we can test affinities and dissimilarities with experimen-
tal empirical exchanges. The empirical network is simply defined as the
sell/buy orders matrix recorded during the experiment, between the play-
ers. Consequently, the nodes represent the N = 8 traders and the links the
transactions among them. Specifically, the agent i incoming links show her
buying positions, while the outgoing links the selling positions. In Fig. 2.3
we plot one shot of the configuration of the empirical trading network (left
side) and the in-out degree distribution (right side) for T1 and T2. As we
can easy recognize, empirical exchanges considerably diverge from the ran-
dom configuration. The network architecture, in fact, appears denser than
the Erdos-Renyi graph and the degree distribution3 well approximated by
an exponential function rather than a Poisson one. The robustness of the

Figure. 2.2: Left side: Evolution of attachment probability,p(g), and of the giant com-
ponent as a function of the dividend signal accuracy, p(d). Right side: variation of the
network mean degree and diameter as a function of p(d). The vertical red (green) line
refers to T1 (T2) where p(d) = 6/8 (p(d) = 5/8). Results refer to the theoretical net-
work.

empirical network topology is displayed in Tab.2.2 where we estimate the
empirical degree distribution with the exponent α of the power law function
and its standard error and the rate parameter λ of the exponential function
and its standard error by means of the Maximum Likelihood Method (MLM)

3The sample, made up of 168 observations, collects the information of the 8 subjects,
in the 7 periods for each of the three sessions.
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Figure. 2.3: Empirical network configuration (left side), and decumulative distribution
function (DDF) of the in-out degree (right side), in T1 and in T2.

as in Clauset et al. (2009). The estimated α and λ parameters of the in/out
degrees, for each treatment, are displayed in the third and fourth columns
respectively. The comparison via the Vuong (1989) test between the two dis-
tributions is shown in the fifth column of Tab.2.2. Given the null hypothesis
that the empirical data are equally far from a power law or an exponential
distribution, and the alternative hypothesis that the exponential function
best represents the ”truth” degree distribution, the p-value identifies the ex-
ponential function as the degree best fit4.
Let us now focus on the other properties of the empirical exchanges network
and the comparison with the theoretical graph. Tab. 2.3 shows the main
properties of the theoretical and empirical network and their statistical com-
parison through the t-test for both treatments. It is worthy of note that
the empirical network, compared to the theoretical one, is more centralized,
and more than 90% of traders are clasterized in a large community and very
close to each other. These aspects suggest that empirical transactions are
influenced by some central traders around which the others crowd and not,
instead, only by the information contained in prices. Finally, a t-test on the

4We also estimate the empirical degree distribution with the λ parameter of the Poisson
distribution. Results, omitted here, reconfirm the supremacy of the exponential distribu-
tion.
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Treatment Type
Estimated power law
coefficient (MLM)

Estimated Exponential
coefficient (MLM)

p-value

T1 In 1.292 0.070 0.000
T1 Out 1.429 0.148 0.045
T2 In 1.312 0.067 0.000
T2 Out 1.436 0.143 0.000

Table 2.2: Maximum Likelihood Method (MLM) estimation of the power law expo-
nents α and the exponential function λ parameter of in-out degree distributions in T1
and T2. p-value of the Vuong’s test, with H0 defining both classes of distributions to be
equally far from the true distribution, and H1 identifying the exponential function as
closer to the ”truth”.

T1 T2

Theoretical Empirical Diff Theoretical Empirical Diff

Degree Centrality 1.638 6.238 -4.600*** 1.743 6.017 -4.274***
(0.95) (1.422)

Density 0.234 0.445 -0.211*** 0.249 0.433 -0.184***
(0.068) (0.105)

Diameter 4.213 2.142 2.071*** 3.742 1.857 1.885***
(0.654) (0.792)

Giant Component 0.661 0.976 -0.315*** 0.709 0.952 -0.243***
(0.050) (0.062)

Table 2.3: Theoretical and empirical network properties. T-test on the statistical dif-
ference between the properties of the two networks. Results refer to both treatments.

statistical differences between the two graphs topological properties shows
the robustness of our results, that is the existence of considerable diver-
gences between empirical exchanges and the Erdos-Renyi graph, as shown
in the column ”Diff” of Tab.2.3. Curiously, however, considering the two
treatments distinguishing the empirical network, we notice a close similarity
between their topological measures. The t-test, omitted here, on the statisti-
cal differences between T1 and T2 proves the two sets of data are significantly
no different from each other.

Let us now analyze the effect that the empirical network topology has on mar-
ket prices. Specifically, we focus on two key prices characteristics, namely
the volatility and the convergence to the fundamental value. On the one
hand, price volatility is a good proxy of financial and macroeconomic uncer-
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tainty, often generated by the emergence of systemic instability (see Baum
et al.; 2008; Berardi and Tedeschi; 2017; Ghosal and Loungani; 2000; Grilli
et al.; 2020a; Tedeschi et al.; 2020b). Understanding, therefore, whether
specific network configurations boost systemic risk is useful for safeguarding
systemic resilience. On the other hand, the price-fundamental juxtaposition
indicates the network topology ability in spreading the signal and, conse-
quently, reveals the market efficiency (see Fama; 1965a).
To create time series with a sufficient length to conduct the analysis, we sam-
ple data every 60 seconds. Since there are 7 trading periods of 180 seconds,
and these 7 periods are repeated three times (i.e. there are three indepen-
dent sessions) for each of the two scenarios (T1& T2), we obtain historical
series of network measures, prices variance and deviation from the dividend
made up of 126 observations5. A preliminary empirical analysis reveals that
market prices are affected by great volatility and hardly converge to the divi-
dend which, in our experiment, coincides with the fundamental. Specifically,
remembering that individual prices always oscillate between 10 and 20, the
average prices standard deviation is 0.99, indicating that prices have an av-
erage dispersion of about 10%. Furthermore, the dividend price deviation,
defined as e = |p − d|, is on average equal to 4.85 (st.dev 2.65), indicating
that the market prices do not match the dividend. The empirical evidence on
prices indicates that, on the one hand, traders do not seem to follow main-
stream rational strategies, but rather behave like keynesian animal spirits,
and on the other hand, information does not properly flow into the market.
The question, therefore, is whether these ”anomalies” depend, in some way,
on the market architecture. An affirmative answer can be found in Tab 2.4,
where we correlate the main network measures with prices dynamics.

5By sampling every τ = 60 seconds, we obtain a minimum of 20 and a maximum of 52
transactions every τ .
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Market measure Empirical network Correlation p-value
volatility closeness centrality 0.11 0.007
volatility mean degree 0.091 0.044
volatility number of cluster -0.405 0.000
Price Deviation closeness centrality -0.010 0.511
Price Deviation mean degree 0.191 0.000
Price Deviation number of cluster -0.151 0.001

Table 2.4: Correlation between prices dynamics and network properties. The analysis
refers to time series made up of 126 observations.

Specifically, we observe that the high centrality of the empirical network
(the average closeness centrality is in fact equal to 0.375 with standard de-
viation of 0.031) has a positive impact on price volatility, as shown by the
positive and significant correlation, equal to 0.11, between the two variables.
Obviously, when the network is very centralized, few communities (clusters)
emerge, and traders tend to clusterize themselves into few, but very pop-
ulated, groups. In particular, our market is characterized by an average
number of groups6 equal to 1.5 (st. dev. 0.01), and by the materialization
of a giant component made up of 96% of players (see Tab.2.3). As expected,
therefore, given the inverse relationship between the two network properties,
we observe a negative and significant correlation between price volatility and
the number of communities in the order of −40%. This result is in line with
other studies showing that in high centralized trading networks, congestion
phenomena can emerge and these foster volatility clustering (see Tedeschi
et al.; 2009a; Grilli et al.; 2014; Grilli et al.; 2015). Furthermore, the high
number of transactions, the mean degree is in fact 4.42 (st. dev. 1.45),
generates a positive and significant impact on price volatility equal to 0.091.
Finally, regarding the impact of network architecture on the information dis-
semination, in Tab 2.4 we observe that the separation between price and
dividend depends, for 19%, on the high number of transactions and for 15%
on the presence of a few communities.
The results collected so far reveal the emergence of a highly centralized mar-
ket where traders clasterize into a few communities generating strong prices
volatility and poor convergence to the fundamental value. However, it is
worthy of note that the emerging empirical network is a dynamic process,

6We implements the ”leading eigenvector” method.
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depending on the trading strategies adopted by agents. Consequently, under-
standing its dynamics requires the study of the strategies adopted by players
which, in turn, determinate links formation.

2.3.2 From agents behavior to trading links formation

As mentioned above, the strategies adopted by traders define their trading
links and, consequently, determine the evolution of the empirical network.
Understanding how players use the received signal and interpret other sub-
jects’ actions is, therefore, the key ingredient to comprehend the network
dynamics. In this subsection, we study the evolution of players’ strategies
and the impact they have on traders’ performance, on the one hand, and
on the deviation of the price from the dividend on the other hand. Before
starting this analysis some general remarks are essential: i) to create time
series with a sufficient length to conduct the analysis, we sample data every
10 seconds. Since there are 7 trading periods of 180 seconds, and these 7
periods are repeated three times (i.e. there are three independent sessions)
for each of the two scenarios (T1& T2), we obtain historical series made up of
756 observations ii) we introduce a new agent-specific variable: the trading
net position. When the dividend is equal to 20, this variable is calculated as
the difference between incoming and outgoing links, since buying is the best
strategy the trader can implement. Conversely, when the dividend is equal to
10, the trading net position is given by the difference between outgoing and
incoming links, since selling is the best strategy the trader can implement.
Consequently, this variable increases (decreases) each time the player takes
the correct market position. iii) we rank agents according to their network
centrality. Specifically, traders are sorted, within the considered time window
(ie every 10 seconds), in descending order using the betweenness centrality7

and, the most central node is named guru/hub.
In the bottom panel of Fig 2.4 we plot the index of the current guru with
the identifier of the strategy she adopts. Following the approach used in the
theoretical network, the well (badly) informed guru can be ”coherent” and,
therefore, follow the received signal, ie W1 (B1), or ”incoherent” and, conse-
quently, not be consistent with the signal, ie W2 (B2). The figure shows that
agents alternate as the guru during the experiment. However, it is worthy of

7The traders descending order is also robust using other centrality measures such as
the closeness and degree centrality.
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note that there are long time periods where the guru is stable, as shown, for
example, in the last two experimental sessions. The persistence of this agent
denotes her aggressiveness in the market, highlighted by her high volume of
transactions. In fact, the hub trading volume is 28% higher than that of
other players.

㈀㘀 ㈀㔀㈀ ㌀㜀㠀 㔀　㐀 㘀㌀　 㜀㔀㘀

漀戀猀攀爀瘀愀琀椀漀渀猀

Figure. 2.4: Top Panel: normalized time series of i) the distance between the guru
wealth and that of the second most central trader (black solid line), ii) the price devia-
tion from the fundamental value (black dotted line). Bottom Panel: the index of current
guru (black line), identified by her coherence/incoherence: triangles and circles identifies
coherent strategies, W1 and B1 respectively; plus and times incoherent strategies, W2
and B2 respectively. Vertical solid lines identify the independent sessions for each sce-
nario. Dashed vertical lines refer to the 7 periods of 180 seconds making up each session.

One might expect the hub’s highest volume of transactions to depend
on her particular trading tactic. A possible answer is in Tab. 2.5, where
we report the average strategy adopted by each of the 8 traders arranged in
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descending order with respect to their centrality (with S1 to be the guru).
As is clear, most of the time, 66%, players follow the coherent strategy, that
is, regardless of the correctness of the signal, they follow it. Despite the po-
sition taken by the player in the network, this strategy is therefore the most
common. Nevertheless, a not negligible percentage of time, 24.5%, agents
reject the received information. The manifestation of the non-coherent tac-
tic has a double value. On the one hand, it legitimizes the introduction of
this strategy in the calculation of the probability of attachment used in the
theoretical network. On the other hand, it justifies the existence of the high
volume of transactions in the market. In fact we know that the interaction
between coherent agents represents only 1 out of 4 possible trading combina-
tions. The other 3 possible interactions necessarily involve the non-coherent
agents, as shown in Eq. 3. On the whole, we can conclude that the guru,
which is similar to other players for the adopted strategies, differs in her
”aggressiveness” in placing market orders.
Another characteristic distinguishes the hub from other traders, that is her
market position. This peculiarity is shown in Tab. 2.6, where we report the

ALL S1 S2 S3 S4 S5 S6 S7 S8
W1 44.1% 44.4% 41.9% 42.1% 39.0% 39.6% 49.6% 47.2% 49.5%
W2 24.5% 23.0% 21.4% 23.5% 31.2% 23.9% 25.4% 22.5% 25.7%
B1 21.9% 28.4% 31.2% 28.6% 21.8% 25.8% 13.4% 16.3% 10.1%
B2 0.09% 4.1% 5.4% 5.8% 7.9% 10.7% 11.6% 14.0% 14.8%

Table 2.5: Average strategy adopted by each of the 8 traders arranged in descending
order with respect to their centrality (with S1 to be the guru). W1 & B1 refer to well
(badly) informed agents following their signal (coherent strategy). W2 & B2 refer to
well (badly) informed agents not following their signal (incoherent strategy).

correlation of trading net positions of each pair of players ranked according
to their centrality8 (with S1 to be the guru). As the reader can observe the
guru trading net position is always negatively correlated with the other play-
ers one. This indicates that the hub plays against the crowd, that is when
she submits a market order to buy (sell), other traders give the instruction
to sell (buy). Interestingly, however, other traders are perfectly synchronized
when placing their orders, as demonstrated by the positive and significant

8The 4 most peripheral agents have similar correlations to those reported here. Results
are available upon request.
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correlation among their trading net positions. The fact that the guru plays
a minority game has important systemic consequences. On the one hand, in
fact, this strategy gives rise to important stylized facts, such as fat tails and
volatility clustering (see Galla and Zhang; 2009; Tedeschi et al.; 2009a). In
this regard, it is sufficient to recall the positive and significant correlation
between the volatility and the network centrality shown in Tab. 2.4. On the
other hand, minority game allows guru for the possibility of arbitrage op-
portunities (see Challet et al.; 2005). This second point is shown in the top
panel of Fig. 2.4, where we display the difference between the guru wealth

centrality S1 S2 S3 S4

S1 1***
S2 -0.453*** 1***
S3 -0.501*** 0.399*** 1***
S4 -0.389*** 0.202*** 0.250*** 1***

Table 2.6: Correlation matrix of traders trading net position. The first 4 traders, listed
in descending order with respect to their centrality (with S1 to be the guru), are re-
ported.

and that of the second most central trader, S2, (black solid line)9. As the
reader can appreciate there are periods where the guru prevails over the sys-
tem (ie. WS1,t −WS2,t > 0) and others where she is dominated by it. An
intuition of how the minority game played by the hub provokes arbitrage is
as follows. 72% of the time the guru follows the signal, which turns out to be
correct 44.4% of the time (see Tab. 2.5). The signal, therefore, determines
the hub action and, consequently, her trading net position, which is positively
correlated (84%) with her wealth. On the one hand, the well-informed guru,
who acts aggressively in the market and assumes the correct market position
playing against other traders, over-performs the system and, consequently,
exploits arbitrage in her favor. On the other hand, the badly-informed guru,
equally vehement and in disagreement with the crowd, down-performs the
market which exploits arbitrage to her detriment.

9S1 and S2 wealth at time t, WS,t, is given by WS,t = CS,t +AS,tdt, where C and A is
the amount of cash and stocks, respectively, and d the dividend. S2 is used as a proxy for
the system due to the synchronization of the market orders of no-guru traders. However,
results are robust also compering S1 wealth with the system’s average wealth without the
guru.
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The effect of signal, trading net position and network configuration on traders
wealth is better quantify via the following gravity model:

ln(Ws,t) = α + β0ln(Ws,t−1) + β1p(d)s,t + β2ln(Cs,t) + εs,t, (2.5)

where W is the wealth of S = 1...8 traders, p(d)s the signal on the dividend
value received by each agent and C the closeness among traders10. Specifi-
cally, this last variable measures the distance of each treader from the most
central agent in the network (ie. the guru). We estimate Eq. 2.5 via an Arel-
lano and Bond (1991) dynamic model using a two step GMM procedure with
robust standard error. Two alternative model’s specifications are considered:
the case (a) includes the agent closeness, C, regardless of the correctness of
the trading net position; the case (b) controls for the type of trading net
position by inserting a dummy equal to 1 (0) when the agent is assuming the
correct (wrong) market position, that is when the trading net position, η,
is strictly positive (negative). Tab. 2.7 displays the estimated results from
models (a) and (b) by considering the lagged dependent variable11.

10C is calculated as the reciprocal of the sum of the length of the shortest paths between
a player and all other subjects in the graph.

11The sample is made up of 338 observations, that is N=8 subjects play two different
scenarios (T1 & T2), repeated 3 independent times over a time span of 7 periods
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Variable Model (a) Model (b)
ln(Wt−1) -0.105 -0.026

(0.159) (0.161)
p(d) 0.579 *** 0.257*

(0.114) (0.157)
ln(C) -1.759

(1.292)
ln(C) | η < 0 -7.403***

(2.293)
ln(C) | η > 0 11.790***

(3.186)
α 7.327*** 7.273***

(1.052) (1.058)
N × T 288 288
AR1 [0.000] [0.002]
AR2 [0.765] [0.852]

Hansen [0.003] [ 0.559]

Table 2.7: Estimated results for Eq. 2.5.ln(C) | η < 0 is the reference coefficient for
the ln(C) | η > 0 effect.

As can be seen, in both models the estimated coefficients associated to the
signal, p(d), are positive and statistically significant, indicating the beneficial
impact that the received information has on the players’ wealth. The impact
of the agents’ position in the network, C, on the other hand, is not significant
in model (a). This result is in line with what we have said about the guru
wealth dynamics. Depending on the correctness/incorrectness of the hub
market position, she can over-performs/down-performs with respect to the
system. This obviously nullifies the overall effect of the market position on
players’ wealth. The specification made in model (b) mitigates this problem.
As the reader can see, in fact, when the position is bound to the action
(in)correctness, its effect clearly emerges. Specifically, when players take the
correct position in the market, the centrality favors the wealth, as shown
by the associated estimated coefficient equal to +11.79. This is not the
case, however, in the opposite circumstance, where it can be seen that the
centrality harms the players’ wealth with a negative impact equal to 7.4.
It is now natural to wonder how this mechanism, linking the signal and
the network position with the agent’s wealth, affects price dynamics and, in
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particular, the convergence between price and dividend. Firstly, we observe
that the system is characterized by a strong dispersion of prices from the
fundamental value, thus, reveling the efficient-market hypothesis denial. This
is shown in the top panel of Fig. 2.4, where we display the price-dividend
deviation (black dashed line). Now, to connect the price-dividend gap with
the guru-system wealth discrepancy, we calculate the absolute value of the
latter, which is proxy of arbitrage exploited to the guru’s (dis)advantage, and
correlate it with the former. We find a positive and significant correlation
of 34.8%, indicating that the aggression of- or at the expense of- the guru,
which impacts the wealth volatility gap, also pushes prices away from the
fundamental value. Obviously, as the wealth dynamics is linked to the trading
net position, the same is true for the price-dividend deviation. In this regard,
we find a positive and significant correlation of 0.31 between the two variables.
To sum up, the mechanism linking signal, wealth gap and price deviation is
well summarized in diagram 2.5, where we display the time series of the guru
wealth gap (as in Fig. 2.4) lined up in in ascending order (black solid line)
with the respective value of the price-dividend deviation (red dashed line).

圀㈀⼀䈀 圀⼀䈀㈀

䜀甀爀甀 倀攀爀昀漀爀洀愀渀挀攀 愀渀搀 倀爀椀挀攀 䐀礀渀愀洀椀挀猀

Figure. 2.5: Time series of the guru wealth gap (as in Fig. 2.4) ranked in ascending
order (black solid line) with the respective value of the price-dividend deviation (red
dashed line). W2(B1) refers to well (badly) informed-guru who does not follow (follows)
the signal, thus assuming the wrong market position. W1(B2) refers to well (badly)
informed-guru who follows (does not follow) the signal, thus taking the right market
position.
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Moving from the center to the left we notice how the guru, who does not
perform the correct action (ie. W2-B1), sees his wealth decrease. However,
as the system plays aggressively against her, the price moves away from the
dividend. On the other hand, moving from the center to the right, the guru
who performs the correct action (ie. W1-B2) is enriched at the expense of
the system and, this time, it is the hub herself that moves the price away
from the fundamental value.

2.4 Concluding remarks

Using the experimental data on a double action market, we have demon-
strated the importance of the architecture defining the exchange relation-
ships among traders on the prices’ dynamics. At the aggregate level, we
have observed that the trading network displays very distinct characteristics
from a random graph, thus proving that interaction does not occur just via
prices. The configuration of empirical exchanges, in fact, turned out to be
highly centralized and compartmentalized in a few communities that impact
on prices’ volatility and price-dividend gap.
At a microscopic level our findings have suggested that traders behavior is
the key element to comprehend the topology and the dynamics of the trad-
ing network. We have shown that the centrality of the empirical network
is the result of the behavior of some agents who carry out a high number
of transactions. These traders, defined gurus, play a minority game and
are able, depending on the correctness/incorrectness of the received signal,
to over-perform/down-perform the system. Moreover, the hub, regardless of
her trading net position, with her impetus in buying and selling and her game
dissociated from the crowd, is shown to be the engine of the price-dividend
gap.

2.5 Appendix: the Experimental Instructions

Double Auction Treatment
Welcome to the experiment
This is an experiment on decision making in financial markets. The experi-
ment is straightforward and the instructions are easy to understand. If you
follow them carefully and make good decisions, you could earn a consider-
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able amount of money, which will be paid to you in cash at the end of the
experiment.
Experiment Overview
In this experiment you participate in a simple market. The market will take
place over a sequence of 9 trading periods. You may think of each trading pe-
riod as a “business or trading day”. In this market a generic asset (“financial
good”) is being traded and you are free to buy or sell the asset. The money
used in this experiment is “Experimental Currency Units” (ECU). Your cash
payment at the end of the experiment will be in Euro. The conversion rate
will be of 1 ECU to 0.013. In this experiment you make money either by
trading the asset or from the dividend on the asset.
General Instructions
The market consists of 8 participants and 9 trading periods, of which 2 trial
periods and 7 real periods. In the trial periods you will not be paid for
your earnings. Only the real periods will account for your earnings. At the
beginning of each period you will be endowed with 2000 ECU and 10 units
of asset. At the end of each trading period, the asset will pay a dividend
of either 10 or 20. At the beginning of each period, the dividend value will
be randomly chosen by the experimenter and not revealed to the market
participants. Then, with 50% chance the dividend will be 10 and with 50%
chance the dividend will be 20. At the beginning of each period there are, in
the market, 8 informative signals on the dividend value. Following a random
rule, in each period, each subject will receive one of the 8 signals. There is a
probability of [% OF CORRECT SIGNALS] that you will receive the correct
signal, and a probability of [% OF INCORRECT SIGNALS] that you will
receive the incorrect signal. For example, if the dividend value is 20, with
[% OF CORRECT SIGNALS] chance you will receive a signal telling you
that the dividend is going to be 20 at the of the period, and with [% OF
INCORRECT SIGNALS] chance you will receive a signal telling you that the
dividend will be 10 at the end of the period. Similarly, if the dividend value
is 10, with [% OF CORRECT SIGNALS] chance you will receive a signal
telling you that the dividend is going to be 10 at the of the period, and with
[% OF INCORRECT SIGNALS] chance you will receive a signal telling you
that the dividend will be 20 at the end of the period.
Buying and selling the asset
At the beginning of each trading period, the screen will show you your initial
amount of money, the number of units of asset in portfolio and a signal about
your information on the dividend. As reported in Figure 1, on the top left of
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the screen you will see the trading period in which you are trading. On the
top right of the screen you will see how much time is left in the current trad-
ing period. In the center of the screen you will see your amount of money,
the number of assets you own and your signal.

You can participate to the market in the following four ways:
1. Making an offer to sell the asset, by entering the price at which you are
willing to sell.
To offer to sell a unit of the asset, enter the price at which you would like to
sell in the box labeled “Your offer to sell” in the first column from the left of
the screen, then click on the button “Offer to sell” on the bottom of the same
column. The second column from right will show a list of offers to sell, each
submitted by a different participant. The lowest offer to sell will be always
placed on the bottom of the list. Your own offer will appear in blue.
2. Making an offer to buy the asset, by entering the price at which you are
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willing to buy.
To offer to buy a unit of the asset, enter the price at which you would like to
buy in the box labeled “Your offer to buy” in the first column from the right
of the screen, then click on the button “Offer to buy” on the bottom of the
same column. The second column from left will show a list of offers to buy,
each submitted by a different participant. The highest offer to buy will be
always placed on the bottom of the list. Your own offer will appear in blue.
3. Selling an asset by accepting an offer to buy.
You can select an offer to buy from the second column from the left by
clicking on it. If you click the “sell” button at the bottom of this column,
you will sell one unit of the asset at the selected price. You are not allowed
to sell a unit of the asset to yourself. When you accept an offer to buy, it
will disappear from the list. If you also previously submitted an offer to sell,
it will disappear from the offers to sell because you have just sold a unit of
your asset.
4. Buying an asset by accepting an offer to sell.
You can select an offer to sell from the second column from the right by
clicking on it. If you click the “buy” button at the bottom of this column,
you will purchase one unit of the asset at the selected price. You are not
allowed to buy a unit of the asset from yourself. When you accept an offer to
sell, it will disappear from the list. If you also previously submitted an offer
to buy, it will disappear from the offers to buy because you have just bought
a unit of your asset. You can only buy/sell one unit of the asset at a time.
You can buy/sell several times in each trading period. When you buy an
asset, the amount of your money will decrease by the price of purchase. You
can only buy an asset if you have enough money to pay for it. When you sell
an asset, the amount of your money will increase by the price of the sale. You
can sell units of asset as long as you own them in portfolio. In the middle
column of the screen, labeled “Transaction Prices”, you will see the prices at
which the units of the asset have been traded in the current trading period.
Any time you accept an offer to sell or buy, a new contract has been closed
and the selected price will appear in the column “Transactions Prices”.

Your Earnings
At the end of each trading period your profit will be equal to your “Money
before payment of dividends” minus “Initial Money” plus “Your total divi-
dend”. At the end of the experiment, your final earnings will be equal to the
sum of your profits in each of the 7 “real” trading periods (the trial periods
do not count). The following scheme shows the composition of your earnings
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for each period:



Part II

The information flow in
financial networks
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Overview

In the second part of this project, I move from experimental to real market
to study investors attitudes. Here, two empirical studies are proposed with
Cryptocurrencies in the spotlight.
As the readers can note, the choice of such financial instrument is driven by
at least two important reasons: i) their relevance in the international finan-
cial landscape, and ii) the plethora of behavioral factors inherent.
Indeed, there is no unique evidence about cryptocurrencies: some scholars
remark their price volatility/instability, some others outline their high prof-
itability. As it can be appreciated in the remainder of the work, it is really
hard to reach a singular conclusion, since both of these characteristics are
present depending on the period analyzed.
Here, investors’ sentiments,beliefs and expectations are examined. The first
preliminary project, that is a letter published on the Journal of Behavioral
and Experimental Finance (JBEF), considers the convergence of opinion dur-
ing “media days”, that is, days where the press media incidence of cryptocur-
rencies is higher and more positive.
Afterward, several factors are studied to predict and understand future Bit-
coin price movement. Given the huge availability of ICT data, here I intro-
duce different measures deriving from the Bitcoin world. In addition to the
traditional internal factors driving cryptocurrencies, we include the informa-
tion released by some network-based variants, such as: (i) cryptocurrencies
connectivity, (ii) social and press media synchronization and (iii) the popu-
lar addresses activity, considering their on-chain Bitcoin supply movements.
Results evidence the statistical significance of the measures adopted in ex-
plaining both price hikes and downfall at the extreme quantiles of the returns
distribution, typical phenomena of a volatile instrument.
Here, I thank Professor Valerio Pot̀ı for joining us in this project.
Related Publications:

• Caferra, R. (2020). Good vibes only: The crypto-optimistic behavior.
Journal of Behavioral and Experimental Finance, 28, 100407.



Chapter 3

Good Vibes Only: The
Crypto-Optimistic Behavior

Abstract

This paper aims at investigating the relationship between news-driven sen-
timents and the convergence of behavior in cryptocurrencies market, con-
tributing to the existing literature in the field. The novelty stands in the
relation set between the tone of news and returns dispersion. The average
daily sentiment score deriving from a worldwide online news dataset has been
exploited as a proxy of market humor, in the attempt to identify how emo-
tions spread by the press are related to traders’ actions. By employing both
Cross-sectional standard (CSSD) and absolute (CSAD) deviation, it is found
that the rises and falls of optimism shape returns variability. Indeed, the
paper evidences how an increase of news positivity is associated with a lower
returns dispersion, evidencing the convergence of beliefs among investors.
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3.1 Introduction

Cryptocurrencies can be considered as the present and future challenges for
both scholars and financial analysts. Besides their real contribution and po-
tential application to the economic and financial system, different studies
addressed their efforts in detecting the driving factors influencing their price
dynamics. The main aim of the current letter is to explain the potential
convergence of evaluation linked to news-driven investors’ sentiments.
Indeed, David Gerard (2018) stated that “Bitcoin is less about technology
than psychology”, discussing how cryptos’ market dynamics can be influ-
enced by traders’ humors and reactions. In this perspective, different papers
investigated the performance of their market values, considering their price
reaction to both positive and negative specific events (Feng et al.; 2018;
Vidal-Tomás and Ibañez; 2018a;Al-Khazali et al.; 2018) and the generation
of bubbles or explosive dynamics (Cheah and Fry; 2015; Bouri, Gupta and
Roubaud; 2019). Additional insights about investors’ sentiments and behav-
ior can be offered by observing the herding behavior of these currencies. As
widely known, herding refers to the imitation of the judgments of others while
making decisions (Kumar and Goyal; 2015) leading to a synchronization of
price co-movements of similar assets. Indeed, Christie and Huang (1995)
suggested that in case of convergence of opinion, it can be observed a re-
duction of the variability of outcome, since beliefs converge to the prevailing
market reaction. Historically, this pattern emerged during periods of finan-
cial turmoil- such as the 2008 crisis (see Humayun Kabir; 2018)- remarking
the importance of studying how the herd instinct can driving asset prices in
financial markets.
As discussed in Ballis and Drakos (2020), only few papers attempted to ex-
plain this phenomenon in cryptos’ market. Indeed, in addition to the work
offered by the authors, empirical evidences can be found in Bouri, Gupta
and Roubaud (2019) and Vidal-Tomás et al. (2019), where the authors found
that smallest cryptocurrencies are herding with the largest ones. As stan-
dard herding approach, different papers examine the relationship between
the mean/variance relationship of returns (see Christie and Huang (1995)
and Chiang and Zheng (2010) as pioneer studies). In these cases, herding
happens if the variability of returns decreases for extremes (positive or nega-
tive) average values, since all the evaluations of assets head towards the same
expectation. However, there are some other factors that might explain the
convergency of behavior in cryptocurrencies market.
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From here comes the need to further investigate such interesting pattern.
The main idea is that media sentiments tone might shape investors humors,
impacting price expectation. To clarify, investors might anchor Furnham and
Boo (2011) their prediction to the information (sentiment) they receive (per-
ceive). As stated in Song et al. (2017), media has a huge effect on financial
market, and sometimes it drives significant market exercises. With regards
to cryptocurrencies, Philippas et al. (2019) found that bitcoin prices are par-
tially driven by media attention. These results have been also confirmed
in the past by Kristoufek (2013) that examined the relationship between
Bitcoin and search queries on Google Trends and Wikipedia. However, as
discussed by the same author, a limitation of that work is the absence of a
distinction between good/bad news. On this line a case study based on the
individuation of some specific positive/negative events to test the semi-strong
efficiency of bitcoins can be found in Vidal-Tomás and Ibañez (2018a), while
Bouri, Gkillas and Gupta (2019) found a relation between news about US
growth uncertainty and bitcoin price dynamics. However, more efforts can
be done following this direction, as discussed in Gurdgiev and O’Loughlin
(2020), where the same authors identified the need to enrich the discussion
on the relation between news and bitcoin price. In particular, they stressed
the importance of introducing sentiment scores on a continuous scale to fully
reflect the intensity of investors reactions to news. The current work aims at
covering this gap. Indeed, Song et al. (2017) evidenced how media articles
can be categorized, on the basis of a lexicon-based approach, in positive and
negative announcements, even detecting the positive/negative intensity of the
information released Currently, literature lacks of paper analyzing the possi-
ble relation between sentiments dynamics generated by the worldwide online
press on the convergence of investors’ behavior in crypto market. Following
Christie and Huang (1995) and Chiang and Zheng (2010), herding pattern
is empirically investigated by analyzing the dynamics of cross-sectional stan-
dard deviation (CSSD) and absolute deviation (CSAD) of returns. Two main
points are analyzed: i) the possible herding relation between returns variabil-
ity and their average level, ii) a possible converge of opinion-i.e. reduction
of returns variability- associated with the dynamic of the daily media tone.
These and further aspects are discussed in the data and methodological sec-
tion (Section 3.2). Empirical results are in section 3.3, while section 3.4
concludes.
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3.2 Data and Methodology

For the purpose of this letter, 730 daily observations from the 01/01/2018
to the 01/01/2020 have been collected. Since several papers discussed the
impact of media during particular explosive behavior Philippas et al. (2019)
, the current work aims at investigating how cryptocurrencies behave during
the “quiet after the storm”, even if such period does not exclude interesting
market fluctuations 1. In other words, it is checked whether, during peri-
ods where no extreme events occur, it is possible to identify regularities in
cryptocurrencies’ price dynamics. To this extent, data have been collected
moving from the period after the burst and the peak of the 2017 bubble and
without including cryptos’ behaviour during COVID-19 , since both of these
periods consider particular and extreme events.
Data regarding daily cryptocurrencies prices have been sourced by Yahoo
finance, sampling 13 cyptocurrencies: Bitcoin (BTC-USD), LiteCoin (LTC-
USD), Ripple (XRP-USD), Ethereum (ETH-USD), Stellar (XLM-USD), Nxt
(NXT-USD), Vertcoin (VTC-USD), Cardano (ADA-USD), Binance Coin
BNB-USD), Thether (USDT-USD), EOS (EOS-USD), Zcash (ZEC-USD)
and IOTA (MIOTA-USD). Returns (ri,t) for each asset i at time t are cal-
culated as the log differences of prices between t and t-1. Starting from
the definition of financial returns proposed, we employ an equally weighted
portfolio to calculate the average return at time t:

rm,t =

∑N
i=1 ri,t
N

(3.1)

where N is the number of cryptocurrencies, rm,t denotes the average market
return and ri,t denotes each daily return.
ICT data regarding the media coverage of cryptocurrencies are sourced from
the GDelt Project. As explained in the website GDelt Project (2020), this
project is supported by Google and monitors the world’s news all over the
world. From here it is possible to download data regarding the Global Online
News Coverage Dataset on the basis of some selected keywords. In particular,
the keyword “cryptocurrency” has been queried. The output released offers
the possibility to: (i) identify the daily media coverage of the selected topic,
normalized by the all worldwide coverage monitored by GDELT and (ii)

1As mentioned in different authoritative blog of finance. See for instance Pedro Febrero;
2018.
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the average emotional ”tone” (i.e. sentiment) of the news detected. In the
latter case, an extreme negative (positive) score is assigned to each news in
accordance to the negative (positive) of the tone of each article 2. The results
are averaged for the total daily news analyzed. Then, it can be possible to
propose an average net daily sentiment (SE), considering both an unweighted
metric (i.e. the index as it is) and a weighted measure based of the media
incidence of cryptocurrency in a given day. In this case, the Normalized
Media Incidence is proposed as a measure of the article containing the queried
word, normalized for all the articles scraped by the software. In this way, it
will be possible not only to consider the net positive/negative outcome of the
lexicon-analysis, but also the media relevance of this tone in a specific day.
This can be easily done by multiplying the average net daily sentiment by
the normalized daily media coverage of the topic. A quick overview of both
average returns and ICT data is included can be found in Table 3.1. It can
be observed that both average returns and the average net daily sentiment
exhibit a negative average value during the period analyzed.

Table 3.1: Descriptive statistics.

Variable Mean Standard Deviation Minimum Maximum

Average Returns -0.0028 0.0431 -0.247 0.136
Average Net Daily Sentiment -0.4184 0.597 -3.142 2.387
Normalized Media Incidence 0.104 0.041 0.030 0.400

The methodology proposed is based on the econometric approach firstly
adopted in Christie and Huang (1995) and Chiang and Zheng (2010) to de-
tect financial herding. Such methodology has been employed both in tradi-
tional assets market (see, for instance, Gleason et al.; 2004), both in cryptos’
market (Vidal-Tomás et al.; 2019) to investigate this phenomenon. Firstly
we introduce the methodology of Christie and Huang (1995). Here, returns
dispersion is computed as the cross-sectional standard deviation (CSAD):

CSSDm,t =

√∑N
i=1(ri,t − rm,t)2

N − 1
(3.2)

In this case, herding is detected in the market if there is a low value of dis-
persion during periods of extreme market movements. Christie and Huang

2In this work, the details of the lexicon-based methodology are not discussed, since this
has been already properly done by the GDelt Team.
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(1995) investigate this effect considering the lower and upper tail of the dis-
tribution of market returns:

CSSDm,t = α + βUDU
t + βLDL

t + εt (3.3)

where DU and DL are dummies equal to 1 if market return on day t lies
in the extreme upper tail and extreme lower tail (set at 5% in this case)
respectively. In this case herding is observed for negative value of βU and βL

coefficients, since the negative relation identifies a convergence of behavior
in correspondence of extreme market movements. We extend this model by
including the Average Daily Sentiment (SEw) deriving from media coverage.
As discussed in the data section, two versions of such variable are proposed,
both unweighted (w = 0) and weighted (w = 1) for the percentage of media
coverage in the specific day. Hence, the final model will be:

CSSDm,t = α + βUDU
t + βLDL

t + βMSEw + εt (3.4)

On the other hand, Chiang and Zheng (2010) analyze herding through the
cross-sectional absolute deviation of returns (CSAD) as a measure of return
dispersion:

CSADm,t =

∑N
i=1 |ri,t − rm,t|

N
(3.5)

coming ahead with the following baseline econometric model to control for
the relation between variability and average level of returns:

CSADm,t = α + β1rm,t + β2|rm,t|+ β3r
2
m,t + εt (3.6)

where |rm,t| is the absolute term and r2
m,t denotes the square of market re-

turns. In this case, the extreme market movements are identified by the
square of market returns, hence a negative value of β3 indicates herding,
that is a reduction of returns dispersion. Here again, the model is extended
by considering the average net daily sentiment as before:

CSADm,t = α + β1rm,t + β2|rm,t|+ β3r
2
m,t + β4SEw + εt (3.7)

With the two extensions proposed, we can detect the impact of news regard-
less of (i.e. controlling for) the level of returns.
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3.3 Empirical results

Tables 3.2-3.3 report the results for both CSSD (tab. 3.2) and CSAD (tab.
3.3) specifications introduced in section 3.2. Baseline results - and then
the relation between average returns and dispersion- in line with those of
Vidal-Tomás et al. (2019), while some interesting insights emerge from the
extended specification of the models. By observing the relationship between
returns dispersion and their average level, and following the notion of herding
introduced in the previous section it is possible to conclude that no herding
exists. This can be attained since in table 3.2 both βL and βU are positive and
statistically significant, contrary to the theoretical prediction. Additionally,
in table 3.3 it can be observed that β3 is not negative. However, both the
CSSD and the CSAD approach confirm the existence of a negative relation
between news tone and returns dispersion. In particular, such relation is less
evident if one considers the unweighted average net tone, maybe it clearly
emerges when the daily tone is weighted by the volume incidence of news3.
In fact, by looking at βM coefficient in table 3.2 it can be observed that the
magnitude of the coefficient in the weighted version (w=1) is higher with
respect to the unweighted one (w=0). Similarly, in table 3.3 the related
coefficient (β4) has a higher value for w=1. In all the cases the sign is
negative, suggesting a reduction of dispersion associated with more optimistic
news.

Table 3.2: Results from CSSD model speficifications with robust standard errors.
(***), (**), (*) denotes that the coefficient is significant at the (1%), (5%), (10%) level.
Baseline results refer to eq. 3.3, while the other two model refers to eq. 3.4.

Model α βL βU βM R̄2

baseline 0.027 (0.001)*** 0.0216 (0.002)*** 0.032 (0.004)*** 0.191
w=0 0.0263 (0.000)*** 0.0209 (0.002)*** 0.031 (0.004)*** -0.002 (0.001)** 0.195
w=1 0.025 (0.000)*** 0.012 (0.002)*** 0.023 (0.004)*** -0.034 (0.008)*** 0.212

3To validate the results found, additional attempts have been done considering SE as
a dummy variable with value 1 in case of net positive sentiment and 0 vice versa. The
related coefficient is -0.001 (p-value=0.06) and -0.001 (p-value=0.15) respectively for the
CSAD and CSSD model.
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Table 3.3: Results from CSAD model speficifications with robust standard errors.(***),
(**), (*) denotes that the coefficient is significant at the (1%), (5%), (10%) level. Base-
line results refer to eq. 3.6, while the other two model refers to eq. 3.7.

Model α β1 β2 β3 β4 R̄2

baseline 0.0129 (0.000)*** 0.032 (0.015) ** 0.235 (0.034)*** 0.243 (0.277) 0.352
w=0 0.0127 (0.000)*** 0.032 (0.015)** 0.233 (0.034)*** 0.232 (0.278) -0.001 (0.001) 0.353
w=1 0.0127 (0.000*** 0.031 (0.015)** 0.231 (0.034)** 0.167 (0.288) -0.017 (0.007)*** 0.362

Results confirm that optimistic news are related to lower returns disper-
sion, highlighting a convergence of price expectation. As intuited in Philippas
et al. (2019), media attention can be an important informative signal for the
convergence of price expectations. Here, a clear empirical evidence of such
relation has been provided. On the one hand, by looking at the relation be-
tween the level of returns and their dispersion, there is no evidence of herding.
This result is perfectly in line with the baseline model of Vidal-Tomás et al.
(2019). On the other hand, two major issues can be found when the effect
of media is introduced.
Firstly, it can be observed that more optimistic (or less pessimistic) signals
deriving from press news are associated with a reduction of returns dispersion
(i.e. a convergence of beliefs). Additionally, such effect is amplified weighting
for days when cryptocurrencies are most discussed. Indeed, an increase of
the magnitude of the coefficient is observed when the average daily tone is
weighed for the media relevance of bitcoin news of a specific day. Results
found contribute to the identification of the key factors driving the price
dynamics of cryptocurrency. As stated in Gurdgiev and O’Loughlin (2020),
investors’ sentiments have an important link with price formation and be-
liefs, since optimism leads to rising prices and convergence of expectations.
As suggested by the same authors, a natural extension of their study is the
investigation of the study of the tone used by press and their incidence might
be crucial in defining investors’ humor. To this extent, the current work cov-
ers this gap, showing how general media humor shapes markets’ beliefs. This
can be directly observable by considering the reduction of returns dispersion
associated with the optimism spread by worldwide media coverage.

3.4 Conclusion

The current work investigates the relation between sentiments deriving from
daily worldwide online news and returns dispersion, contributing to the ex-
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isting literature on financial market and herding behavior in cryptocurren-
cies market. Drawing on Christie and Huang (1995) and Chiang and Zheng
(2010), both Cross Sectional Standard Deviation (CSSD) and Cross Sec-
tional Absolute Deviation (CSAD) of 13 cryptocurrencies returns have been
employed to construct different model specifications. The time period have
been selected in order to investigate the prevailing market dynamics after
cryptos’ burst of 2017. Results evidence that, looking at the mean/variance
returns relation, there are no evidence of herding. However, it can be ob-
served a decrease of the dispersion during days where wave of optimism are
spread by media.
The relationship between news optimism and convergence of price dynamics
offers important insights for investors, since it remarks how the evaluation of
cryptocurrencies is volatile and anchored to behavioral factors and investors’
humors. Therefore, this result offers interesting insights for future researches.
For instance, it would be worthy to deeply discuss the causal linkage among
news and price formation. To clarify, some limitations can be found in es-
tablishing the causal relationship, since it is not possible to establish the
intra-day sequential order at which price changes and news are introduced.
Hence, some future extensions might consider such aspects.



Chapter 4

Network ”in-formation” and
Bitcoin price movement

abstract

This research revisits the Bitcoin pricing on the light of the information
contained in network formation. In addition to the traditional internal fac-
tors driving cryptocurrencies, we include the information released by some
network-based variants, such as: (i) cryptocurrencies connectivity, (ii) so-
cial and press media synchronization and (iii) the popular addresses activity,
consindering their on-chain Bitcoin supply movements. We identify poten-
tial tail behavior employing a quantile-based approach. Results evidence the
statistical significance of the measures adopted in explaining both price hike
and downfall.
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4.1 Introduction

Different studies discussed that cryptocurrencies price evolution is ”inter-
nally driven by market participants”(Baek and Elbeck; 2015). From here,
literature widely contributed in the identification of the crypto-related vari-
ables explaining price fluctuations. Summarizing (Jaquart et al.; 2021), one
possible distinction might be among: (i) technical factors (e.g. past returns),
(ii) blockchain factors (e.g. on-chain transactions), and (iii) interests-based
measures (e.g. social media sentiments).
Recent developing in assets pricing found prominent the investigation of the
formation of investors’ expectation (Brunnermeier et al.; 2021). Indeed, the
information released by several factors become crucial in explaining price
behavior: the ”anchoring effect” (see Furnham and Boo; 2011) of traders
forecasting on the basis of the information (sentiment) they receive (per-
ceive) and the related herding-like behavior (Kumar and Goyal; 2015) are all
ingredients remarking how the convergence of beliefs to the prevailing market
reaction might explain price dynamics. This scheme might fit the tail behav-
ior of prices, i.e. the dynamics at lower/higher quantiles where agents might
overeact in correspondence of extremely positive/negative circumstances.
The informational content of the past returns, the quantity traded and the
social media influence have been still analyzed in the past across quantiles of
returns distribution: (i) Chevapatrakul and Mascia (2019) studied investors
over-reaction employing past returns, (ii) Balcilar et al. (2017) outlined the
returns-predictivity of the quantity traded at the tail of the distribution,
while (iii) Subramaniam and Chakraborty (2020) demonstrated how social
media shaped investors’ humors causing returns to fall (rise) further.
Despite these variables are representative of factors influencing traders’ de-
cision, they tell little or nothing about the evolving inter-relation in the
underlying network they represent.
In our perspective, the network dynamics of the market factors determining
the asset dynamics might reveal additional informational content for traders,
which, in turn, will be further reflected in future prices. To this end, we pro-
pose a network-based variants to further improve the future price movement
explanation. In particular, we consider:

- Cryptocurrencies market connectivity measure, that would rep-
resent the emerging asset dynamic conditional correlation network, i.e.
the co-movements of returns across a representative set of altcoins;
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- social-press media syncronization, considering the interaction among
two representative actors of both popular consensus and authoritative
dissemination of information, such as social media (e.g. Twitter) and
official press (news media) about the theme of cryptocurrencies;

- the composition of the quantity transacted, considering the weight of
the popular addresses activity, that are the actors influencing the
circulating supply of bitcoin on-chain. Actually, even if-as stated in
the blockchain website- the distinction is still not perfect, it might in-
ferred that such movements derives from addresses that are prevalenty
associated with exchanges platforms 1. The increasing movement in
exchanges platforms might be anticipatory of some subsequent specu-
lative movements positively (negatively) affecting Bitcoin prices.

In this letter, we both (i) methodologically contribute to the application of
networks theory and (ii) provide empirical evidence that the informational
content of the added metrics further explain future price fluctuations.

4.2 Data and Hypothesis

4.2.1 Data and Methods

We download Bitcoin (BTC/USD) daily price index from www.coinmarketcap.

com from 01/02/2018 to 31/12/2019 with a total amount of 699 observa-
tions. As anticipated, to construct the network we also employ the daily
data of other 49 cryptocurrencies from the same website, and the rest of the
network2. We also collect the daily blockchain on-chain transactions from
www.blockchain.com. Here, it is possible to disentagle the volume consider-
ing the on-chain blocks of popular addresses, that, as discussed, are mostly

1Considering the list of the 100 most rich addresses https://bitinfocharts.com/

top-100-richest-bitcoin-addresses.html. it is possible to observe that (i) the three
richest adddress are exchanges platforms, and (ii) more than 95% of transactions derive
from the platfoms.

2Augur, BitCNY, BitShares, Blackcoin, DigiByte, DigixDAO, DNotes, DogeCoin,
DopeCoin, Emercoin, Ethereum, Expanse, Factom, Feathercoin, FirstBlood, FoldingCoin,
GameCredits, GCRCoin, GoldCoin, Golem Tokens, Gridcoin, Gulden, LBRY Credits,
Lisk, Litecoin, MonaCoin, NavCoin, NEM, NEO, NuBits, Nxt, Omni, Peercoin,Siacoin,
SingularDTV, Stealth , Steem, Stellar, Stratis, SysCoi, Terracoin, Verge, Vertcoin, Via-
coin, Waves, WhiteCoin, Zcash.
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composed by exchanges platforms and the transactions made by the rest of
the network. The number of tweets are available from www.bitinfocharts.

com3, while the world media incidence of the ”cryptocurrency” theme have
been sourced from the GDelt Project https://www.gdeltproject.org/. 4.
Before describing the whole variables, we discuss the construction of the net-
work based metrics.
Network connectivity
Traditional asset correlation network are based on the construction of weighted
link involving the correlation coefficients across the returns 5 of each pair of
vertexes (i.e. assets), defining a threshold over which ties (i.e. correlation)
turn significant, i.e. a link exist. The same approach have been preserved in
cryptocurrencies market (see Vidal-Tomás; 2021). Anyway, as discussed in
Lyócsa et al. (2012), such method, that is usually based on time windows to
explore the evolution over time, is criticizable at least for two reasons: the
arbitrariness of the rolling-window parameters selection and the empirical
evidence of bias in the correlation coefficients when volatility increases. This
is why, as suggested by the same authors we construct a Dynamic Correlation
Netowork based on the daily dynamic conditional correlation (DCC) result-
ing from a GARCH model. Among the all the possible model specification,
we opt for the construction of an DCC-AR(1)-EGARCH(1,1) model, since
the asymmetric coefficient is on average positive (0.452) and statistically sig-
nificant (average p-value=0.046).
Hence, at the end of the process, our daily (undirected) network is based on:
(i) vertexes (i.e. the 50 cryptocurrencies) and (ii) weighted link based on
the pairwise DCC. Following existing studies (Vidal-Tomás; 2021), we set a
correlation threshold of 0.50 6, above (below) which a link exists (does not
exist) .
We consider a measure of network transitivity (NT) 7 to outline global con-
nectivity among cryptocurrencies . The Transitivity (or clustering coefficient)
measures the probability that the adjacent vertices of a vertex are connected
(Csardi et al.; 2006). At graph level, a value closer to 0 indicate a discon-
nected graph, while approaching to 1 it indicates the full graph connection.

3We impute the previous observation in case of missing data
4 See Caferra (2020) for an utilization of the same dataset.
5Hereafter, returns are calculated as the log differences of prices
6We consider different higher thresholds. Materials available upon request.
7For robustness, we also consider the normalized network density obtaining similar

results.
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Media synchronization
On a similar vein, we consider the DCC over time of the two media measures
introduced: the number of Tweets (TW) and the press incidence (PI)8. Here,
as DCC increases, the new variable indicating the syncronization between the
two sources (henceforth media syncronization-MS) will increase accordingly.
This will capture how public (i.e. Tweets) and official press (prevalently
formed by expert in the field) opinion about bitcoin would converge.
Popular addresses/Platforms incidence
In this case, we simply disentangle the total on-chain transactions (Q) con-
sidering the ratio between (the 100 most) popular addresses activity, that, as
discussed before, is a proxy of exhange platforms on-chain movements, over
the activities of other actors (the on-chain transactions of other addresses).
We define as platform cohexistence rate (PCR) the resulting fractions.
Table 4.1 reports a descriptive overview of the variables constructed and
employed.

Table 4.1: Descriptive Statistics.

Variable Mean Standard Deviation Minimum Maximum
Returns -0.0003 0.037 -0.176 0.160

Transactions 275141.1 66668.96 135129 452646
Tweets 30035.3 16645.47 13294 109734

Media incidence 0.1017 0.037 0.030 0.400
Media synchronization 0.196 0.169 -0.25 0.58

Transitivity 0.779 0.045 0.642 0.871
PCR 0.047 0.020 0.018 0.245

Before proceeding with the discussion of the empirical results, we describe
the quantile approach employed. In addition, following the main aim of the
work, we outline the main expectations on the model coefficients on the basis
of the presence/absence of the huge presence of popular traders.
To identify the predictive effects of the considered variables on the subsequent
price dynamics, we build the following model:

qτ (rt|Ω) = ατ +βτrt−1 +δτQt−1 +ητMIt−1 +ζτNTt−1 +θτMSt−1 +λτPCRt−1

(4.1)

8we measure the DCC from the DCC-AR(1)-EGARCH(1,1) model based on first dif-
ferences to ensure stationariety of both variables. Even in this case the asymmetric com-
ponent is relevant.
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Here, qτ () is the quantile function conditioned to the τ ∈ (0,1) quantile,
t is the time and Ω indicates the available information set. Returns (rt)
are calculated as the log differences of prices, and βτ ,δτ ,ητ ,ζτ ,θτ ,λτ are the
quantile coefficients associated to past returns rt−1, the on-chain transactions
Qt−1, the media incidence (MIt−1), Network transitivity NTt−1, Media syn-
cronization MSt−1 and popular addresses activity PCRt−1 measure.9. As
it can be seen, the model involves for each traditional measure the corre-
spondent network based variant, hence we do not include Tweets (TW) and
press incidence (PI) jointly, but we insert them separately in two different
model specifications 10. In this case, we employ lagged independent variables
both to model the causality relation (avoiding simoultaneity) and to avoid
endogeneity (the bitcoin returns are included in the network construction).

4.2.2 Hypothesis set

The additional predictive power of network measures has been still suggested
in Ho et al. (2020). However, this paper limits the analysis to the inclusion
of these variables in machine learning methods, using conventional asset cor-
relation network with rolling windows without providing details on the rela-
tioship among these variables. To this end, our analysis contribute at least
in two spheres: (i) providing a new network measures based on DCC, and
(ii) defining not only the statistical relevance, but also the direction and the
magnitude of the effect along the returns distribution.
Following the cited literature on the convergence of investors’ belief, the
convergence of both (i) market returns dynamics and social/press media at-
tention would lead to a short-term future reinforcement of actual returns’
dynamics. To wit, we expect that, at the tail of distribution, convergence
of (or agreement about) positive (negative) expectations in correspondence
of high (low) quantiles might lead to future positive (negative) returns in-
crease. Specifically, similarly to Kristoufek (2013), we consider an increase
of Tweets/press incidence/ media synchronization as an increase of positive
(negative) feedback in correspondence of high (low) returns.
Considering the PCR measure, one can expect that the exacerbation of move-
ment of a number of popular players/trading platforms would anticipate fu-

9We consider normalized measure for Q and TW , aligning on similar scale all the
variables.

10We also ran the same quantile regression considering in separate specifications each
regressor, preserving the same final results.
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ture speculative movements. Even in this case, one can expect to observe
further returns increase (decrease) in correspondence of higher (lower) tails
of quantiles.
This will also enrich the debate on beliefs agreement and emerging price
dynamics ( He and Shi; 2012).

4.3 Results

Here we introduce the main results of the model. We conduct the quantile
regression 11 moving from τ = 0.05 to τ = 0.95.12. To interpret the results,
it is useful to note the following:

• A positive estimate of a coefficient implies that a positive variation of
the given variable tends to be followed by an extension of the upper
tail of the return distribution above the threshold τ . In a nutshell,
considering the extreme values of the returns quantile distribution, a
negative coefficient for extremely lower (higher) quantiles will mean
that the increase of that variable causes a subsequent fall of returns.

• Vice versa, a negative estimate of the coefficient implies that a positive
variation of the given variable tends to be followed by a contraction of
the upper tail of the return distribution above (below) τ . In a nutshell,
considering the extreme values of the returns quantile distribution, a
positive coefficient for extremely lower (higher) quantiles will mean that
the increase of that variable causes a subsequent rise of returns.

In figures 4.1 and 4.2 there can be found respectively the results for the
baseline coefficients and the network-based variants.

11Robust standard errors have been computed through the bootstrapping method.
12 We report the results of the model where MI=TW, and separately, the results of

MI when it is included substituting MI=PI. For the sake of space, we do not report the
results related to the other variable coefficients when TW is replaced with MI since they
are identical. However, they are available upon request.



CHAPTER 4. BITCOIN NETWORK 71

Figure. 4.1: Coefficients (y-axis) of the baseline variables across quantiles (x-axis).

Let us summarize the graphical evidence of Fig.4.1:

• the autoregressive relationship of returns exhibits general mean reversal
confirmed by the OLS mean estimator (dashed red line) as in Chevap-
atrakul and Mascia (2019). Furthermore, it exhibits momentum on the
downside, even if it is not statistically significant.

• On-chain transactions anticipate a general increase of returns for each
quantile, as confirmed by the OLS mean estimator;

• In a similar vein of Subramaniam and Chakraborty (2020), the dy-
namics of News incidence and Tweets capture the non-linear behavior
of returns. Despite the poor (and misleading) statistical significance of
the OLS mean estimator, it is possible to observe that for lower(higher)
quantile, the increase of such variables causes a further decrease (in-
crease) of returns. This remark the volatility of this instrument and
the speculative attacks of traders that sell-off cryptocurrencies during
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”bad news” (an increase of media/social incidence when returns are
lower) and increase their profits exchanging at higher prices during
”good news”(an increase of media/social incidence when returns are
higher).

Figure. 4.2: Coefficients (y-axis) of the network-based variant variables across quan-
tiles (x-axis).

The network measures in Fig. 4.2 reveal further interesting insights:

• The transitivity explains the convergence of beliefs causing returns
to increase further, since it turns positive and statistically significant
above the median (τ>0.5). This is consistent with herding theories.
This attitude confirms and enriches the suggestion of Ho et al. (2020),
shedding light on the existing relationship between the centrality mea-
sures and the Bitcoin price pattern.

• PCR turns negative and statistically significant in some intervals of
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lower quantiles, explaining how potential movements in trading plat-
forms might sometimes anticipate a downfall of returns the day after.

• Media convergence (News synchronization) explains a further explosive
behavior in correspondence of higher (above the median) returns. In-
terestingly, this network metrics explain how the coordination of beliefs
causes price ”pump” in the cryptocurrency market.

4.4 Conclusions

Based on the empirical results, we can draw the following conclusions:
I) returns are more predictable and exhibit momentum on the downside

(consistent with several theories from the intermediary asset pricing litera-
ture), albeit in a manner that is not statistically significant

II) Regarding the volume of on-chain transactions Q, we can observe that
(a) it always (i.e., across all quantiles of the return distribution) predicts
higher returns and (b) it has a higher (positive) coefficient on the downside
of the return distribution. Both observations are consistent with rational
valuation of Bitcoin (which is a positive function of the cryptocurrency ac-
ceptance as a medium of exchange) but also with the alternative possibility
that its price depends on herding and/or investors’ attention since most of
this volume is transactions with exchanges.

III) The fact that the network transitivity NT coefficients are statistically
significant only past the median of the return distribution means that cryp-
tocurrencies rise together. This is consistent with herding (and/or attention-
driven market behaviour).

IV) The fact that the PCR coefficients are statistically significant only in
negative parts of the domain of the return distribution means that Bitcoin
crashes after flows towards exchanges occur. This is consistent with herding
(and/or attention driven market behaviour) rather than rational valuation
explanations.

V) The fact that the ”media incidence” MI coefficients (whether for tra-
ditional media or social media/tweets) are statistically significant only in
the tails of the return distribution means that, when Bitcoin rises and falls
the most, this is preceded by high media attention. This is consistent both
(a) with herding (and/or attention-driven market behavior) and (b) with
the possibility that the rational valuation depends on measures of Bitcoin
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acceptance, which MI might proxy for.
VI) Regarding ”media synchronization” MS (between traditional media

and social media/tweets), we observe that the coefficients are positive to
a statistically significant extent only in the tails of the return distribution.
This means that, when Bitcoin rises, this is preceded by high media atten-
tion synchronization but, when it falls, the opposite is true. That is, media
attention synchronization precedes price rises whereas media attention disso-
nance precedes prices falls. This too is more consistent with attention-driven
market behaviour, rather than with rational valuation.

Fact (I), while of some interest, is not of help in identifying the possi-
ble role of attention-driven market behaviour. Facts (II)-(VI) can instead
be of great help. We note that, while Fact (II) and Fact (V) admit both
an explanation based on herding and attention-driven market behaviour and
one based purely on rational valuation considerations, Fact (III), Fact (IV)
and Fact (VI) offer support to the latter rather than the former explanation.
These results and especially Fact (VI), offer support to theories that foresee
that the convergence of the expectations of market operators is mediated by
the activity of the media and in particular by the convergence of expectations
in the media.
By employing a quantile approach based on network measures, we have been
able to identify interesting Bitcoin tails behavior.
The first type of contribution is methodological, since we enrich the existing
literature on the construction of the asset correlation network, basing our
analysis on the daily dynamic conditional correlation as measure to identify
the linkage and the closeness among each time series. This approach-that
outperforms the other approaches based on rolling windows- seems to be
promising, since it is able to properly explain price behavior.
The second type of contribution would be of extreme interest of experts, in-
vestors and scholars involved in the field. We provide empirical evidence that
Bitcoin price movements are driven by the internal cryptocurrencies network
architecture.
Future movements are anticipated by the convergence of expectations pro-
vided by the synchronization of the price dynamics (i.e. high transitivity)
of the whole crypto ecosystem, the sentiments deriving from the increasing
jointly consensus in both news and social world.
Additionally, the increasing on-chain amount of cryptocurrencies required by
trading platforms (proxied by popular addresses) during bad times can be
seen as ”the days before the storm”, anticipating subsequent price falls.
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All in all, results evidence the statistical significance of the measures adopted
in explaining both price hike and downfall, laying down the basis for further
researches exploiting this approach.



Part III

The speed of silence and the
beat of Bit: Hedging risk
during financial turmoil
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Overview

The journey into investors’ minds and financial markets concludes with the
analysis of the recent COVID-19 outbreak into the financial system.
The speed of silence -as the title suggests- refers to the rapid turn of the
events related to the virus spread.
Indeed, few weeks after the first announcement of the Chinese COVID-19
case, its silent worldwide diffusion got overwhelmed. Suddenly, a deafening
crack breaks the silence and the loud noise violently hits the health, economic
and financial system.
The first work proposes examines the timing of the financial market collapse
in the different Countries (China, South Korea, Israel, Russia, USA, Italy,
Spain, Germany, France, England). Furthermore, an event study analyzes
whether the different policies proposed (which find their long-run effective-
ness, as reported in several cited studies) calm down investors’ panic.
Here, the different beat (i.e. the different dynamics) of Bit(coin) and, more
generally, cryptocurrencies, fascinated the whole financial world.
Indeed, the second and final paper revisits the role of Cryptocurrencies in
the financial system. In the section before, we set out the volatility of the
instruments, while here their hedging properties during financial turmoil are
reported. Even if a financial contagion is observed during the pandemic
announcement days in March, since both cryptocurrency and stock prices
fell steeply, cryptocurrencies promptly rebounded, contrary to the persistent
bear phase of stock markets.
Here, cryptocurrencies play the role of hedge when it is most needed, con-
trary to previous crisis (as the 2008-2011 one) where, as discussed in the
letter, portfolio diversification was difficult to be obtained.
The published version of the paper can be found on Finance Research Letters
(FRL). I would like to thank my colleague and friend Dr David Vidal-Tomas
for his contribution.
Related Publications:

• Caferra, R., & Vidal-Tomás, D. (2021). Who raised from the abyss? A
comparison between cryptocurrency and stock market dynamics during
the COVID-19 pandemic. Finance Research Letters, 101954.



Chapter 5

The day after tomorrow:
financial repercussions of
COVID-19 on the systemic risk

abstract

In this paper we study the financial repercussions of COVID-19 and the ef-
fect of anti-epidemic measures on financial markets. By using a composite
dataset containing stock market indices of 10 countries characterized by het-
erogeneous levels of contagion, the daily COVID-19 cases and the 108 more
restrictive measures implemented to limit the virus from the 31/12/2019 to
the 13/03/2020, we examine the emergence of financial systemic risk, its
speed of propagation and the effectiveness of the policies implemented to
curb it. On the one hand, the spread of contagion and its transmission on
financial markets is investigated via a lagged cross-correlation analysis. Our
results show the emergence of systemic risk characterized by a high speed
of diffusion. On the other hand, an augmented AR(1)-EGARCH(1,1) model
is applied to examine the impact of anti-COVID-19 “policies” on financial
markets. We show that, regardless of the level of contagion, the restrictive
measures did not stop the virus-induced investors panic.
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5.1 Introduction

“Epidemics and financial crises share certain general features, such as the
potential to spread globally in an increasingly interconnected world, charac-
terized by rapid mobility of people, commodities, information and capital.
Disease outbreaks may also induce market turbulence, necessitating catas-
trophic risk management.” (Peckham; 2013a).
The speed of globalization in spreading catastrophic events was suspected
even in 1889 -during the “Asiatic Flu”- when, in approximately two months,
the virus spread from Russia to America due to “modern transport infras-
tructure”1. Thirty years later, having the possibility to measure different
features of a virus outbreak, given the huge availability of ICT data, we can
offer a deeper explanation of the dynamics of the contagion and its repercus-
sion in the economic context.
Generally speaking, it is well known that the spread of epidemics has strong
repercussions on markets and exacerbates financial contagion (Peckham; 2013b)
by generating a significant increase in prices co-movement due to systemic
interconnection (see Pericoli and Sbracia; 2003 and Bargigli and Tedeschi;
2014b, for an extensive review). A branch of economic literature closely
linked with complexity science identifies in the self-reinforcing interaction
among market participants the channel to propagate/reduce financial fric-
tions which translate into booms followed by busts (see, Grilli et al.; 2020b,
for references on this topic). Typically, news, expectations and uncertainty
about the future state of the world generate coordination phenomena or herd-
ing effects in traders’ actions which affect stock market returns (see Wurgler
and Baker; 2007 and Chen et al.; 2013). Different studies dealing with the
emergence of financial contagion due to viruses spread, in fact, have found
evidence of investors’ overreaction, due to the arrival of news on virus out-
breaks, able to destabilize financial markets (see, Donadelli et al.; 2016).
In a similar vein, it has been shown that information on the health system
resilience and the countries socio-economic stability has had a significant im-
pact on stock markets both in the case of SARS in Asia and Ebola in Africa
(Hanna and Huang; 2004; Giudice and Paltrinieri; 2017).
Pandemics are recurrent events in human history and a new pandemic was
expected 2, what seriously questions if such a drastic phenomenon should

1https://en.wikipedia.org/wiki/1889_1890_pandemic
2https://www.newyorker.com/news/daily-comment/

the-pandemic-isnt-a-black-swan-but-a-portent-of-a-more-fragile-global-system
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be considered a “black swan event” (Taleb; 2007) or it should be included
as a frequent episode in future risk management. Surely, it stresses the
governments‘ preparedness to deal with (un)expected and potentially dis-
astrous shocks. The recent vicissitudes due to the COVID-19 attack have
reopened the debate on issues related to the systemic interconnectivity and
on the measures to contain systemic risk. A rich and recent literature en-
couraged by the need to face the pandemic emergency has studied the virus
socio-economic impact. Without wishing to be exhaustive, let us mention
some papers dealing with the dynamics of the COVID-19 diffusion (Alos
et al.; 2020; Kraemer et al.; 2020; Buscema et al.; 2020; Lee et al.; 2020)3,
its impact on financial markets (Albulescu; 2020; Ramelli and Wagner; 2020;
Conlon and McGee; 2020; Corbet et al.; 2020; Akhtaruzzaman et al.; 2021;
Caferra and Vidal-Tomás; 2021) and the measures/policies implemented to
reduce its economic/financial spread (Gormsen and Koijen; 2020; McKibbin
and Fernando; 2020; Kingsly and Henri; 2020; Baldwin and di Mauro; 2020;
Collard et al.; 2020). In this paper, we intend to contribute to the last two
lines of research. Specifically, we ask the following questions: was there a cor-
relation between the COVID-19 spread and the financial markets collapse?
How have financial markets responded to the measures implemented to curb
the contagion? In order to answer these points we use several daily time
series concerning closing values of 10 stock market indices, daily numbers
of COVID-19 infections and data on the restrictive measures implemented
to control the contagion. The analysis, running from the 31/12/2019 to the
13/03/2020, is conduced on a heterogenous sample of countries which, during
the investigated time period, show different levels of infections. Specifically,
we collect data from Italy, Spain, Germany, France, China, South Korea
where there is a medium / high number of infected people, and from Israel,
United States, Russia and United Kingdom, where few infections are reg-
istered. From a methodological point of view two approaches are adopted.
On the one hand, to study the synchronization between market indices dy-
namics and number of infections, we utilize the cross correlation function.
Although this technique is simple, the results are clear, highlighting the fast
migration of the virus and its economic consequences. In line with other
studies (see, for instance, Ramelli and Wagner; 2020), we show that the
pandemic quickly turned into a financial crisis. Interestingly enough, this

3An interesting approach using network theory to describe viruses spread is proposed
(Brockmann and Helbing; 2013).
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is true not only for the highly infected areas but also for those COVID-19
free. This finding shows us once again that financial contagions are triggered
both by real attack and “animal spirits” (see, for instance, Tedeschi et al.;
2012b). Moreover, the lagged cross correlation analysis allows us to grasp
the speed of the infection transmission. We show that the virus just needs 15
days to spread from East to West. Furthermore, once in Europe, the speed
of diffusion exponentially increases and the financial collapse happens the
day after the pandemic arrive in Italy. On the other hand, to analyze how
financial markets respond to the anti-COVID-19 measures, we implement
an augmented AR(1)-EGARCH(1,1) model. This approach, based on the
Efficient Market Hypothesis, is traditionally used to capture the impact of
exogenous shocks on financial returns (Karafiath; 1988; Hansen and Lunde;
2005; Malik; 2011; Vidal-Tomás and Ibañez; 2018b; Zaremba et al.; 2020). It
assumes that new public information is incorporated in prices motions and,
consequently, these reflect the traders reaction (such as pessimism and opti-
mism waves) following the announcement. As the reader can appreciate later
on, our results show a general unstoppable pessimism that is not reversed by
anti-Covid measures in the most affected countries’ stock markets. On the
contrary, the stock exchanges of less infected countries remain indifferent to
the measures, showing not to believe in their preventive effect.
One year later, in 2021, different studies employed a retrospective analysis of
the mitigatory effect of implemented policy measures (see Haug et al.; 2020).
As stated by the authors, drastic measures have been the “nuclear option”
for COVID-19: on the one hand, the short-term negative expectations have
been reversed by the long run effectiveness of restrictions in containing the
contagion, on the other hand, different collateral consequences might have
took place on the socio-economic system. Here, we prove evidence of the
investors behavior in the early-stage of the unstoppable virus outbreak, de-
tecting if, even in the financial context, their short-term expectations have
considered more the collateral effects (i.e. the sub-basement of the economic
system) at the expense of the future benefits (i.e. the complete recovery of
the system).
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5.2 Data and descriptive analysis

The goal of this paper is to analyze the financial contagion generated by
the COVID-19 spread and the effectiveness of the measures implemented to
mitigate it. In this regard, three types of sources are used: i) the daily
closing values of 10 stock market indices characterizing countries with differ-
ent levels of contagion. These indices, downloadable from Thomson Reuters
Eikon, are: the MIB (Italy), the Ibex35 (Spain), the DAX30 (Germany),
the CAC40 (France), the FTSE100 (UK), the S&P500 (USA), the TA125
(Israel), the MOEX (Russia), the SHANGAI Composite (China) and the
KOSPI (South Korea). All the selected countries, with the exception of Is-
rael, United States, Russia and United Kingdom, where few infections are
registered, report a medium / high number of infected people in the selected
time window. The heterogeneity of the sample, and particularly the four
counterfactual countries, allow us to understand if the financial contagion
spreads regardless of the disease real attack, and the credibility of the pre-
ventive policies to contain it. ii) The daily COVID-19 cases downloadable
from the European Centre for Disease Prevention and Control database4.
iii) A dataset containing the 108 more restrictive measures implemented to
control the contagion. These country-specific measures include travel restric-
tions, policy measures and National emergencies Acts. The dataset is built
by merging the detailed time-line provided by Wikipedia with the Garda-
World.com website.5

The analyzed time window runs from the 31/12/2019 to the 13/03/2020.
The start and end dates correspond, respectively, to the day on which China
officially announces the existence of the outbreak COVID-19 and the day-
after the characterization of this disease as “pandemic” by the World Health
Organization. The end data (i.e. March 13) is set to capture only the “real”
impact of the anti-COVID measures on financial markets and not the panic
generated by the the World Health Organization announcement.

The time series of the stock index prices and returns are shown in Fig.
(5.1). As expected, the Chinese financial market is the first to suffer from
the impact of COVID-19. However, due to the closure of the Chinese stock
market from 23/01/2020 to 03/02/2020 for the Lunar New Year holiday, the

4Data on the number of infected persons per day are available every week:
https://www.ecdc.europa.eu/en/publications-data/download-todays-data-geographic-
distribution-covid-19-cases-worldwide.

5The dataset is included in the Appendix, section (5.5).
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drop in prices occurs after the onset of the disease (see point “a” in the
figure). The shock wave takes about 15 days to hit the other markets and
is particularly aggressive in Italy. In Fig. 5.2, we report the number of new
daily cases of infections (blue bar) and the date when the measures to contain
the contagion are implemented (dashed line).6 As the reader can observe,
most of the countries begin to apply massively anti-contagion measures only
once the infection starts in their own territory. Two interesting exceptions
are Russia and Israel where strong prevention measures are observed. On
the other hand, the behavior of the United Kingdom is unusual. Here we
observe some preventive measures, related to “flight routes suspensions”,
but any intensification of these measures when the infection appears on the
national territory.

6It is worth mentioning that, later in time, some doubts arose on the accuracy of both i)
early-stage daily cases data, since different (criticized) countries-specific detection methods
were adopted (Iacobucci; 2020), and ii) the detection of number of deaths, since different
problems arose in properly identifying the causality between COVID-19 and deaths on
the light of other potential omitted variables/diseases (Brown; 2020;Woolf et al.; 2020).
In this case, we do not enter the merit of the calculation method employed, and we limit
ourselves in considering the high trust level that readers can have on the authoritative
data source announcing virus contagion. We opt for daily cases as the raw proxy of virus
diffusion and, consequently, as the early-warning indicator of potential stress of the health
(and then economic) system. Furthermore, we cannot use the number of deaths since
Russia and Israel did not record any case in the selected period.
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Figure. 5.1: Normalized stock index prices and returns from 31/12/2019 to
13/03/2020.
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Figure. 5.2: Number of new daily infections (blue bar) and the date of anti-contagion
measures (dashed line).
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5.2.1 The spread of financial contagion

In this session, we study the spread of contagion and its transmission on
financial markets. Considering China (Italy) as the worldwide (Western)
trigger point, we analyze i) the cross-correlation between the number of new
daily infections in China (Italy) and the lagged number of infection in the
other countries and ii) the corresponding cross-correlation between the stock
market indices (see Chatfield; 1994 and Shen and Zheng; 2009, for a similar
approach). With this methodology, we do not aim at studying the causality
between COVID-19 and market movement, but we would infer, considering
each pairwise couple of countries: i) the cross-country propagation time of
both virus and financial shock, considering the number of days (lags/leads)
after which a similar situation occurs (i.e. where the highest correlation level
is recorded), and ii) the synchronization of the two mentioned events, ob-
serving the alignment (meant as the difference of the correspondent number
of days) between the peaks of correlation of COVID-19 cases and market
indexes. This is meant as a preliminary and descriptive approach to figure
out the worldwide situation at the dawn of COVID-19 outbreak.7Results are
reported in Fig. 5.3. As the reader can observe, the correlations show similar-
ities in the spread of the contagious and in the relation between the indices.
Before the onset of the infection (i.e. up to lag 0), all prices time series were
already slightly correlated. This fact reflects the well-known synchronization
in the financial markets also known as globalization (see Saunders and Cor-
nett; 2014 and Alfarano et al.; 2019). As we can see, the COVID-19 outbreak
in China generates a “desynchronization” between the indexes series due to
the Chinese market collapse. Obviously, also the correlation between the
numbers of infections is negative in the first positive-lags –China, in fact, is
the first country to be affected by the disease–. About 15 days after the out-
break of the COVID-19 in China, the infection spreads to other countries as
shown by black bars in Fig. 5.3. It is in the few days following the spread of
the pandemic that we re-observe a strong realignment between the financial
series confirming the interconnection among markets and the onset of the
systemic risk. In our highly globalized world, the cross-correlations evidence
that only 15 days have been needed to spread the pandemic and just 20 days
to bring down all markets. Obviously, considering Italy as the trigger point

7For the sake of soundess, we propose the same exercise using the growth rate of daily
infections and the financial returns. Results preserve the same spirit of the description
presented in the paper and can be found in the appendix.
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and, therefore, considering the pandemic spread since its arrival in Europe,
the whole process speeds up even further and, the “previous 15 days” become
the “day after tomorrow”, as shown in Fig. 5.4 where the highest correlations
between the number of new daily infections in Italy and the lagged number
of infection in other countries (black bars)8, and between the MIB and the
other stock indexes (white bars) are found at lags 1 and 2.

5.2.2 COVID-19 flood and disaster management

In this section, we analyze the financial markets reaction to policy measures
implemented to deal with the virus spread. To this end we apply the aug-
mented AR(1)-EGARCH(1,1) model (Karafiath; 1988; Hansen and Lunde;
2005; Malik; 2011), which is traditionally used to examine the effect of dif-
ferent shocks affecting financial markets, such as good or bad news, policy
measures and calendar effects (Aharon and Qadan; 2019; Malik; 2011; Vidal-
Tomás and Ibañez; 2018b; Zaremba et al.; 2020). The model specification
is:

ri,t = µ+ β1ri,t−1 + β2pmi,t + εi,t, εi,t = hi,tzi,t, zi,t ∼ i.i.d.N(0, 1),

log
(
h2
i,t

)
= ω + α |εi,t−1/hi,t−1|+ γ (εi,t−1/hi,t−1) + ρ log

(
h2
i,t−1

)
,

(5.1)

where ri,t denotes the return of the stock index i at day t, pmt the dummy
variable identifying security measures, εi,t the error term, zi,t the white noise
and h2

i,t the conditional variance given by the EGARCH model. Moreover,
in relation to the conditional variance, α represents the magnitude of the
variance shock, γ the sign effect and ρ the persistence of the shock volatility.
Finally, the parameters β1 and β2 capture the market trend and the effect of
the anti-COVID security measures, respectively.
In order to capture the immediate effect (i.e. the impact of each policy on
the announcement day) and the gradual effect (i.e. the reaction including
the rumors of the day before and the consequence of the day after) of the
anti-COVID measures, we consider two measures of abnormal returns in the
model 5.1. Considering the day of the announcement t, we include a dummy
pmt equal to 1 on the announcement day t (and 0 otherwise) to calculate
the abnormal returns in that day (AR0). In the other specification, pmt is

8Results on the correlations between other countries are omitted, but similar in spirit.
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Figure. 5.3: Cross correlations with respect to Chinese values. Black bars represent
the cross-correlation between the number of new daily infections; white bars shows the
cross-correlation between stock indexes. The maximum value reached by the correlation
of infections (indexes) is identified by a solid (dashed) blue line.
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equal to 1
3

on days t− 1, t, and t+ 1 (and 0 otherwise), and we measure the
cumulative abnormal returns on those days (CAR(−1,1)).
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Figure. 5.4: Cross correlations with respect to Italian values. Black bars represent
the cross-correlation between the number of new daily infections; white bars shows the
cross-correlation between stock indexes. The maximum value reached by the correlation
of infections (indexes) is identified by a solid (dashed) blue line.
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The pre-estimation test on the time series returns and post-estimation
tests for the AR(1)-EGARCH(1,1) model are shown in Table 5.1. As the
reader can observe, in the pre-estimation test, no ARCH effect emerges in
Chinese (Shangai) and South Korean (KOSPI) indices, and therefore these
two time series are removed from the sample.9 As regards the post-estimation
test, instead, we observe that all other indices are estimable with the chosen
model. Interestingly enough, we also observe that most of the indices are
characterized by a statistically significant presence of asymmetry (γ), which
supports the choice of the EGARCH model as a good candidate to represent
the dynamics of the conditional volatility (Hansen and Lunde; 2005).10

Table 5.1: P-values of pre- and post- Estimation tests.

Pre-estimation tests MIB IBEX35 DAX CAC40 FTSE100 SP500 TA125 MOEX SHANGAI KOSPI

Arch(5) 0 0 0 0 0 0 0 0 0.98 0.15

Post-estimation tests MIB IBEX35 DAX CAC40 FTSE100 SP500 TA125 MOEX SHANGAI KOSPI

Arch(5) 0.90 0.53 0.98 0.82 0.77 0.42 0.25 0.44 - -
Q2(10) 0.75 0.98 0.49 0.99 0.95 0.44 0.78 0.19 - -

9At any rate, we include the results regarding Chinese (Shangai) and South Korean
(KOSPI) indices in the Appendix, section (5.6).

10Results on the conditional variance are shown in the Appendix, section (5.6).
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Let us now present the estimation of the AR(1)-EGARCH(1,1) model
parameters, that is β1 and β2. Results are reported in Tab. 5.2, where the
values of the parameters resulting from model estimation in the AR0 and
CAR(−1,1) specification are shown. Firstly, as expected, the β1 parameter in
the AR0 specification is not statistically significant for all the stock returns
except for the Russian one (i.e MOEX). This result on asset returns has been
widely documented (Cont; 2001; Tedeschi et al.; 2009b) and is often cited as
support for the “Efficient Market Hypothesis” (Fama; 1965b). By observing
the lagged model specification (i.e CAR(−1,1)), the estimated value of the β1

parameter, while remaining in many cases not statistically significant, shows
a general mean reversal dynamics.

On the other hand, as regards the estimated value of the parameter cap-
turing the effect of anti-COVID measures on financial returns, β2, we observe
a clear separation between infected and (apparently) less infected countries,
i.e Italy, Spain, Germany and France, vs United Kingdom, United State,
Israel and Russia. In both model specifications we have a statistically sig-
nificant negative effect of policies on the financial returns of those countries
most affected by the pandemic. Moreover, interestingly enough, the value of
the parameter estimated with the lagged model specification (i.e CAR(−1,1))
always displays a statistically more negative impact than that estimated with
the AR0 one. This fact has a double interpretation. On the one hand, it sug-
gests that the implemented measures are anticipated by the markets. On
the other hand, the fact that poorly affected countries are statistically insen-
sitive to anti-COVID policies strengthens the hypothesis of their perceived
preventive uselessness.

Table 5.2: Estimates of the AR-EGARCH model (Eq. 5.1) analysing the effect of the
measures on day t (AR0), and analysing the effect of the measures on a window of 1 day
CAR(−1,1).

AR(0) SP500 FTSE100 DAX CAC40 MIB IBEX35 MOEX TA125

β1 -0.0012 0.0555 -0.0393 0.1741 0.2037 0.1265 -0.1315*** 0.2016
(0.1062) (0.1308) (0.0710) (0.1147) (0.1035) (0.1288) (0.0488) (0.1258)

β2 -0.0025 0.0024 -0.0174*** -0.0161*** -0.0244*** -0.0229** -0.0048*** -0.0179
(0.0064) (0.0034) (0.0045) (0.0062) (0.0072) (0.0093) (0.0016) (0.0062)

CAR(-1,1) SP500 FTSE100 DAX CAC40 MIB IBEX35 MOEX TA125

β1 -0.4734*** -0.2885*** -0.0244 -0.1591 -0.1881* -0.2144 -0.0868 -0.3249**
(0.0506) (0.0793) (0.0679) (0.1316) (0.0953) (0.1380) (0.0527) (0.1628)

β2 -0.0071 -0.0024 -0.0486*** -0.0738** -0.1113*** -0.0327** -0.0091 -0.0078
(0.0078) (0.0059) (0.0073) (0.0292) (0.0190) (0.0146) (0.0034) (0.0191)
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5.3 Concluding remarks

Our analysis has shown that the COVID-19 attack on financial markets
brought back to light the well-known phenomenon of systemic risk. In fact,
we have proven that the onset of the virus has caused a sudden and simul-
taneous fall in financial markets, possibly due to the strong interconnections
among them. Whereby the pandemic has taken about 15 days to spread
from eastern countries to western one, once in Europe, the contagion has
hit almost all markets in unison. Moreover, our retrospective analysis shows
how policy measures did not calm down investors panic. At least in the short
run, the collateral components of such measures were predominant in shaping
expectation. Although our results are still quite preliminary, they capture
two interesting points. The first concerns the direction of the attack. While
the 2009 crisis has spread from finance to the real sphere of the economy, the
COVID-19 attack reversed this direction. This point, at first sight irrelevant,
highlights the increasingly complex systemic interaction which dominates in
modern socio-economic systems. The second key point is that, as in the
previous crisis, long-term oriented policy measures can not lessen short-term
financial pessimism.
Plausibly, the coordination failure of country-specific policy led to a delay
in the containment of the initial contagion, since, as shown, most of the
countries begun to apply massively anti-contagion measures only once the
infection started in their own territory, without anticipating the virus intru-
sion. In the era of globalization, the pandemic outbreak is more likely to
be a common necessary evil rather than an isolated country-specific prob-
lem. Once more the systemic risk has been faced in an uncoordinated and
unidirectional way without applying the science of complexity, which recom-
mends studying the socio-economic system starting with the coevolution of
its sub-systems and not breaking it down into disjointed, non-communicating
sub-spheres (see Tedeschi et al.; 2020a for further references). Once again,
the past experience quickly fell into oblivion and Mr.Trichet’ s words went
unheard: “the key lesson we would draw from our experience is the danger
of relying on a single tool, methodology or paradigm. Policy-makers need to
have input from various theoretical perspectives and from a range of empir-
ical approaches... we need to develop complementary tools to improve the
robustness of our overall framework”.
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5.4 Appendix A1

Figure. 5.5: Cross correlations with respect to Chinese values. Black bars represent
the cross-correlation between the growth rate of the number of new daily infections;
white bars shows the cross-correlation between returns of the stock indexes. The max-
imum value reached by the correlation of infections (indexes) is identified by a solid
(dashed) blue line.
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The relevance of the economic interconnection and the systemic risk be-
comes more evident considering the chinese relatioship with Israel and South
Korea. In these cases, the financial market collapse is synchronized (at t=0)
with the Chinese stock market. It can be argued that the economies of these
countries are highly interconnected and then, despite the delay of the cross-
country spread of contagion, the financial repercussions are instantenous. In
our highly globalized world, the cross-correlations evidence that only approx-
imately 15-20 days have been needed to spread the pandemic and just 20 days
to bring down all markets.
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Figure. 5.6: Cross correlations with respect to Italian values. Black bars represent the
cross-correlation between the growth rate of the number of new daily infections; white
bars shows the cross-correlation between returns of the stock indexes. The maximum
value reached by the correlation of infections (indexes) is identified by a solid (dashed)
blue line.
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5.6 Appendix A3

Table 5.7: Estimates of the AR-EGARCH model (Eq. 5.1) analysing the effect of the
measures on day t (AR0), and analysing the effect of the measures on a window of 1 day
CAR(−1,1).

AR(0) SP500 FTSE100 DAX CAC40 MIB IBEX35 MOEX TA125 SHANGAI KOSPI

β1 -0.0012 0.0555 -0.0393 0.1741 0.2037 0.1265 -0.1315*** 0.2016 -0.1266** -0.0414
(0.1062) (0.1308) (0.0710) (0.1147) (0.1035) (0.1288) (0.0488) (0.1258) (0.0549) (0.3045)

β2 -0.0025 0.0024 -0.0174*** -0.0161*** -0.0244*** -0.0229** -0.0048*** -0.0179 -0.0137** 0.0064
(0.0064) (0.0034) (0.0045) (0.0062) (0.0072) (0.0093) (0.0016) (0.0062) (0.0062) (0.0090)

ω -0.2139 -15.4389*** -12.3040*** -9.4553*** -7.3485*** -5.6756*** -16.6699*** -11.8822*** -10.5957*** -0.9827
(0.1857) (0.0003) (0.9285) (1.1273) ( 0.7682) (1.0943) (0.5337) (1.5178) (2.3792) (0.7550)

α -0.8994*** 1.5211*** 1.2541*** 1.6799*** 1.8650*** 1.7307*** -1.1026*** 0.3047 -0.7231* -0.8801
(0.2609) (0.2831) (0.3455) (0.3296) (0.3446) (0.3325) (0.3455) (0.2610) (0.3877) (0.3040)

γ -1.1004*** -0.7731*** 0.4791** 0.4934* 0.0159 0.6117** -1.0647*** -0.4740* -0.5837*** -0.6655
(0.1610) (0.2706) (0.1875) (0.2970) (0.2188) (0.2728) (0.1964) (0.2463) (0.1646) (0.2390)

ρ 0.9068*** -0.5983*** -0.4479*** -0.0289 0.2588*** 0.4377*** -1.0368*** -0.3557** -0.3198 0.8232
(0.0000) (0.0428) (0.1200) (0.1483) (0.0992) (0.1173) (0.0504) (0.1690) (0.3059) (0.1050)

CAR(-1,1) SP500 FTSE100 DAX CAC40 MIB IBEX35 MOEX TA125 SHANGAI KOSPI

β1 -0.4734*** -0.2885*** -0.0244 -0.1591 -0.1881* 0.2144 -0.0868 0.3249** 0.1810 -0.0379
(0.0506) (0.0793) (0.0679) (0.1316) (0.0953) (0.1380) (0.0527) (0.1628) (0.1145) (0.1444)

β2 -0.0071 -0.0024 -0.0486*** -0.0738** -0.1113*** -0.0327** -0.0091 -0.0078 -0.0109 0.0054
(0.0078) (0.0059) (0.0073) (0.0292) (0.0190) (0.0146) (0.0034) (0.0191) (0.0083) (0.0094)

ω -6.5039*** -12.7056*** -8.1197*** -9.4894*** -1.7784 -9.3971*** -15.6597*** 0.1125 -0.5924*** -0.4077**
(0.5244) (0.5911) (0.4579) (1.9657) (1.7405) (1.2578) (0.8055) (2.2887) (0.1512) (0.1940)

α 1.7036*** 1.1483*** 2.5163*** 1.3459*** 0.7774** 1.5648*** -1.4357*** -0.2276 -0.9988*** -0.7399**
(0.2132) (0.2336) (0.4081) (0.3506) (0.3878) (0.3777) (0.4683) (0.6504) (0.1138) (0.3560)

γ -0.9325*** -0.8445*** 0.0036 0.3947 0.6960** 0.6520*** -1.1212*** -0.1800 -0.6851** -0.5379**
(0.2466) (0.1672) (0.2874) (0.4474) (0.3242) (0.2300) (0.2482) (0.5977) (0.3164) (0.2440)

ρ 0.3889*** -0.3636*** 0.2076*** -0.0668 0.8644*** -0.0635 -0.9553*** 0.9841*** 0.8504*** 0.8968***
(0.0645) (0.0668) (0.0634) (0.2555) (0.1973) (0.1774) (0.0833) (0.1858) (0.0000) (0.0000)



Chapter 6

Who raised from the abyss: a
comparison between
Cryptocurrencies and Stock
Market

Abstract

This research examines the behaviour of cryptocurrencies and stock markets
during the COVID-19 pandemic through the wavelet coherence approach
and Markov switching autoregressive model. Our results show a financial
contagion in March, since both cryptocurrency and stock prices fell steeply.
Despite this turn-down, cryptocurrencies promptly rebounded, while stock
markets are trapped in the bear phase. In other words, we observe that
the price dynamics during the pandemic depends on the type of the market.
These findings are relevant for investors since some hedging properties can
be found in the cryptocurrency response to such a drastic event.
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6.1 Introduction

Cryptocurrencies have attracted the attention of many scholars and policy-
makers since the creation of the first digital currency, Bitcoin. Compared
to the fiat currencies, this disruptive payment method does not require any
bank intermediation, given that digital currencies are based on cryptographic
technologies, i.e. they are decentralized in production and circulation. As a
consequence, cryptocurrencies (i) cannot be controlled by any government or
central bank, and (ii) are not connected with the real economy. Given these
particular features, cryptocurrencies could be considered as perfect diversi-
fiers during downturns or periods of high uncertainty, since public companies
and fiat currencies are strictly connected with the state of the economy. For
instance, public companies could suffer from a decrease in their stock prices
due to multiple reasons that do not affect cryptocurrencies, such as poor
management decisions, financial constraints, client loss and shifts in con-
sumer preferences. In the same vein, the future of fiat currencies is related
to their corresponding countries, thus they are vulnerable to any macroeco-
nomic and political factor that destabilise the proper growth of the economy.
However, the price evolution of cryptocurrencies is mainly connected with
the behaviour of the traders and separated from any economic fundamen-
tal value, such as unemployment, production or consumption. This fact was
demonstrated by (Baek and Elbeck; 2015), who contended that “Bitcoin mar-
ket returns are mostly internally driven by market participants” (Baek and
Elbeck; 2015, p. 33). The only connection of cryptocurrencies with the real
economy is the fiat currency in which they are expressed.1 This connection
would be relevant if cryptocurrencies were related to central bank policies or
other exchange rates.2 Nevertheless, cryptocurrencies seem not to be corre-
lated to international exchange rates (Baur et al.; 2018; Corbet et al.; 2018)
and scholars are not able to find significant relations between the cryptocur-
rency behaviour and monetary policies (see Feng et al.; 2018; Vidal-Tomás

1For instance, BTC/USD (e.g., the Bitstamp exchange platform), BTC/JPY (e.g., the
Zaif exchange platform) and BTC/KRW (e.g, the Bithumb exchange platform). Please,
note here that USD, JPY and KRW refer to US dollar, Japanese yen and South Korean
won, respectively. Investors can use different exchange platforms according to the fiat
currency.

2For instance, this connection would be important if cryptocurrencies reacted to the
devaluation or revaluation of any fiat currency.
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and Ibañez; 2018b; Nguyen et al.; 2019; Lyócsa et al.; 2020).3,4 Therefore,
digital currencies are ideal candidates to reduce financial risks during periods
of financial instability.
As highlighted by Goodell (2020), the ongoing COVID-19 pandemic repre-
sents a serious event affecting the worldwide economy.5 In this unprecedented
situation, scholars studied whether cryptocurrencies could be used as opti-
mal instruments to diversify investors’ portfolio.6 More specifically, ? showed
that Bitcoin cannot be used as a safe-haven for the SP 500; and ? observed an
increase in the dynamic correlations between Bitcoin and traditional markets.
Given these results, cryptocurrencies should not be considered as suitable al-
ternatives for diversifying portfolios. However, given that cryptocurrencies
are not related to the real economy by design, one question arises: Why cryp-
tocurrencies should be affected by the COVID-19 pandemic in the same way
as (or more than) the traditional stock markets? Publicly companies will suf-
fer a decrease in stock prices due to the effect of the lock-downs and mobility
restrictions on their future sales and profits. Nevertheless, cryptocurrencies
could be only affected by the panic and fear of investors.

In the empirical section of this paper, we hypothesise that cryptocur-
rencies only suffered a short period of financial panic during the COVID-19
pandemic, whose effect disappeared faster than in the traditional stock mar-
kets due to the absence of a connection between digital currencies and the
real economy. To support this hypothesis, we analyse the behaviour of Bit-
coin and Ethereum, as main cryptocurrencies, and SP500 and Euro Stoxx
50, as main stock indices, focusing on the returns dynamics by means of the

3Considering the direct relationship between country-specific monetary policies and
their fiat currencies, (Kurov and Stan; 2018), Bitcoin (e.g. BTC/USD) should be affected
by the monetary policies of United States given that it is expressed in USD. However, and
interestingly, scholars have not been able to observe this result. The absence of this logical
relationship could be related to unknown Bitcoin properties that neutralise the effects of
these policies. Therefore, scholars should address this point in future research in order to
shed more light on this field.

4Roughly speaking, international exchange rates compare the economic strength be-
tween two economies (e.g., USD/EUR). However, in the case of cryptocurrencies, the
exchange rate only expresses the value of the digital currencies in terms of an alternative
fiat currency (e.g., BTC/USD). Hence, digital currencies are more similar to commodities
(e.g., gold, silver, crude oil, or natural gas) than fiat currencies.

5See Yarovaya et al. (2020) for a recent review related to COVID-19 research.
6The following section briefly outlines key studies regarding this aspect, highlighting

how cryptocurrencies could be potential alternative investments in a risk-sharing inter-
connected world.
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wavelet coherence approach (Kang et al.; 2019, Sharif et al.; 2020 and Good-
ell and Goutte; 2020) and Markov switching autoregressive model (Krolzig;
2013). With these two methods, we study the (de)synchronization between
cryptocurrencies and stock markets time series by comparing (i) their cor-
relation in time-frequency domain and (ii) the transitions of their market
regimes. Our contribution to the literature is twofold. On the one hand,
the wavelet approach underlines that the main correlation between these as-
sets is only found in the three first weeks of March, both at high and low
frequencies (daily and monthly). On the other hand, the Markov switching
autoregressive model highlights the robustness of cryptocurrencies in front of
the pandemic due to their fast recovery, i.e. Bitcoin and Ethereum are most
of the time found in a bull market. These results are relevant for scholars
and investors since it demonstrates the absence of a relationship between
cryptocurrencies and the real economy as long as the hedging properties of
cryptocurrencies.

6.2 Literature review

Before moving to the empirical analysis, it is interesting to discuss how cryp-
tocurrencies can be used in a global financial system that, even in the past,
has shown its own flaws.

6.2.1 Hedging the equity risk during financial crises

The analysis of the correlation among different asset returns has tradition-
ally been employed to define portfolio systematic risk (Chua et al.; 1990) and
different investment diversification strategies due to the benefits of using un-
correlated financial instruments (Abanomey and Mathur; 1999). However,
the international propagation of the financial crisis during the Great Reces-
sion underlined the difficulties of risk managers in an interconnected world.
In particular, during this period, risk managers and investors could not ben-
efit from the international diversification (Melvin and Taylor; 2009) since
market crashes gave rise to high market correlations because of the loss aver-
sion of traders (Tversky and Kahneman; 1986). Such drastic event exhibited
the flaws of a global financial economy and the difficulties of describing prop-
erly a complex and interconnected system (Sinclair; 2010; Preis et al.; 2012).
The best example of this global financial interconnectedness is found on the
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outburst of the United States sub-prime mortgage crisis -where it all began-,
which could lead to the European sovereign debt crisis (Moro; 2014; Gruppe
et al.; 2017; Wegener et al.; 2019). In other words, the collapse of the housing
bubble in US could give rise to the collapse of the banking system in several
Eurozone member states (Greece, Portugal, Ireland, Spain and Cyprus). In-
terestingly, in both cases, the macroeconomic conditions of one area affected
the behaviour of all the stock markets with no exception, giving rise to a
synchronised decrease in prices during the previous two crises (Vidal-Tomás
and Alfarano; 2020).7

Within this framework, in an ever-evolving world, the risk of a new systemic
collapse is always present and COVID-19 introduced an unprecedented cri-
sis that immediately infected the entire economic and financial structure.
During the previous crises, asset managers could not consider the role of
cryptocurrencies in portfolio diversification, as their use in the international
financial scenario was marginal due to the lack of knowledge about the cryp-
tocurrency market. However, given the increasing number of cryptocurrency
studies, the impact of the digital currencies on international finance is now
far from being negligible. Indeed, the emergence of some hedging properties
is still a recurrent object of research. For instance, Chan et al. (2019) found
that Bitcoin is a strong hedge for several stock market indices using monthly
data, while Pal and Mitra (2019) observed that gold provides investors with
a better hedge against Bitcoin. Therefore, the COVID-19 pandemic is an
important event that allows us to (i) shed some light on the strengths and
weaknesses of cryptocurrencies and (ii) to analyse their ability to reduce
losses when using as a diversifier in a synchronized international system.

6.3 Data

The data that has been used for this study is sourced from Yahoo Finance in
daily frequency. In particular, to analyse the different behaviour of cryptocur-
rencies and stock indices during the spread of the pandemic, we use SP500,

7This international scenario underlines the concept global financial village proposed by
Kenett et al. (2012).
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Euro Stoxx 508, Bitcoin and Ethereum.9 We consider the first two indices
as proxies of the western financial markets’ dynamics, namely, USA and Eu-
rope. Moreover, we analyse the exchange rate of Bitcoin and Ethereum as
proxies of cryptocurrencies’ behaviour since they are the largest cryptocur-
rencies of the market. In relation to the sample period, we are focused on
the period 1/11/2019 – 01/06/2020, thus we can assess the evolution of these
assets before and during the pandemic. Finally, for the empirical analysis of
this letter, we compute returns as the log price difference.

In Table 6.1, we show the descriptive statistics of returns. As expected,
the cryptocurrency market is characterised by a higher standard deviation,
skewness and kurtosis, given its well-known explosive behaviour (Corbet
et al.; 2019). However, we observe that the average return is lower in the
stock markets than in the cryptocurrency market, which highlights the good
performance of Bitcoin and Ethereum during this period compared to SP500
and Euro Stoxx 50.10

Table 6.1: Descriptive statistics.

Financial market Mean S.D. Skewness Kurtosis Minimum Maximum

Bitcoin 0.0001 0.0568 -3.9133 32.8238 -0.4647 0.1671
Ethereum 0.0013 0.0710 -3.3960 26.8767 -0.5507 0.1742
SP500 -0.0001 0.0269 -0.6737 6.0920 -0.1277 0.0897
Euro Stoxx 50 -0.0013 0.0238 -1.3798 8.2889 -0.1324 0.0883

To analyse properly the diverse price dynamics, we report in Fig. (6.1)
the normalised price of each index, in which we divide the time series by

8We use the Euro Stoxx 50 index since (i) it is the most used in the literature (e.g.,
Brechmann and Czado; 2013; Chen et al.; 2018) and (ii) it represents the largest companies
in the Eurozone. At any rate, using the Euro Stoxx index that includes 295 constituents,
according to the official website (www.stoxx.com), we observe very similar results. Thus,
we obtain consistent outcomes even when using an alternative index that represents large,
mid and small capitalisation companies of the Eurozone (material upon request).

9With regard to the SP500 and Euro Stoxx 50 indices, we use adjusted prices in order
to include the dividends that are paid to investors.

10Within the framework of the efficient market hypothesis proposed by Fama (1965b),
returns include all the public and private information regarding the equity value and
performance of the firms in the economy. Thus, the low average return in the stock
markets represents the low expectations of the traders in the economy, since investors
anticipate a decrease in firm sales and profits due to the government measures to face
COVID-19.
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the maximum price of the sample period. We observe on March 12th (grey
vertical line) the minimum return in Bitcoin (-46.47%), Ethereum (-55.07%)
and Euro Stoxx 50 (-13.24%), while SP500 suffered its second worst day
with a return equal to -9.99% (see Table 6.1).11 On this day, the financial
panic was spread in most of the markets, probably, as a consequence of the
insufficient measures taken by the European Central Bank (ECB hereafter) in
response to the COVID-19 pandemic (Inman; 2020). Computing the average
price before March 12th (dotted lines), we note that Bitcoin and Ethereum
prices easily recovered from the financial panic period, while stock market
prices continue to be affected by the restrictive measures adopted to tackle
the health emergency, highlighting only a timid recovery. In other words,
cryptocurrencies prices went up above their average price computed before
March 12th (dotted lines) while, as can be observed in Fig. (6.1), stock
markets are stuck below their average.

11In the case of SP500, the minimum return is found on March 14th (-12.77%).
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Figure. 6.1: Normalised price of cryptocurrencies (Bitcoin and Ethereum) on the left
panel, and stock markets (SP500 and Euro Stoxx 50) on the right panel. The vertical
grey line indicates the most negative day of the sample: March 12th. The dotted line
refers to the average return computed before March 12th.

6.4 Methodology

As anticipated in the introduction, to analyse the behaviour of cryptocurren-
cies and stock markets we employ the wavelet coherence approach and the
Markov switching autoregressive model.
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6.4.1 Wavelet coherence approach

We use the wavelet coherence approach by means of the continuous wavelet
transform, in order to analyse the co-movement between time series, both in
time and frequency domain (see Kang et al.; 2019, Sharif et al.; 2020 and
Goodell and Goutte; 2020).
According to Torrence and Compo (1998), the cross wavelet transform of two
time-series xt and yt is defined by means of the continuous wavelet transform
W x
n (u, s) and W y

n (u, s), as follows:

W x,y
n (u, s) = W x

n (u, s) ∗W y
n (u, s) (6.1)

where u is associated to the location, s to the scale and ∗ denotes the com-
plex conjugate. This measure identifies areas in the time-frequency domain
where prices show a high common power. In other words, it shows the local
covariance between the time series at each scale.

Having computed the cross wavelet transform, the wavelet coherence,
which captures the co-movement between two time series in the time-frequency
domain, is defined as:

R2(u, s) =
|S(s−1W xy(u, s))|2

S(s−1|W x(u, s)|2)S(s−1|W y(u, s)|2)
(6.2)

where S is a smoothing operator over time as well as scale, and 0 ≤ R2(u, s) ≤
1 (Rua and Nunes; 2009). Values close to 0 indicate the absence of corre-
lation, while values close to 1 indicates a high correlation. Nevertheless,
unlike the standard correlation coefficient, the wavelet squared coherence is
restricted to positive values. As a consequence, it is not possible to identify
positive and negative co-movements properly. To overcome this issue, we
employ the phase difference proposed by Torrence and Compo (1998) that
allows us not only to distinguish between positive and negative co-movements
but also to shed some light on the causal relationships between time series.
Wavelet coherence phase difference is defined as:

ψx,y(u, s) = tan−1

(
={S(s−1W xy(u, s))}
<{S(s−1W xy(u, s))}

)
(6.3)

where, = and < are the imaginary and real parts of the smoothed cross-
wavelet transform, respectively. In the figures that report the wavelet coher-
ence analysis, arrows indicate phase differences, which underlines the syn-
chronization between the two series. On the one hand, arrows pointing to
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the right (left) indicate time series that are in-phase (out of phase), i.e. they
are positively (negatively) correlated. On the other hand, arrows pointing
upward indicate that the first time series leads the second; whereas downward
pointing arrows indicate that the second time series is leading the first.12

6.4.2 Markov switching autoregressive model

Following Krolzig (2013), we use the Markov switching autoregressive model
of asset returns to examine the hidden regimes of each time series, which is
defined as follows:

rt = µ (St) +
L∑
l=1

φl(St)rt−l + σ (St) νt

νt ∼ NID(0, 1), St = 1, 2

(6.4)

where the unobserved state is governed by a state variable St (St = 1 or St = 2)
that denotes the corresponding regime: bull (St = 1) and bear13 (St = 2)
market; L is the number of lags; µ (St) and σ (St) are the conditional mean
and variance; and vt ∼ i.i.d(0, 1).14 By maximizing the log likelihood, we
estimate the transition probabilities: P1,2 (P2,1) denotes the transition from a
bull (bear) market to a bear (bull) market, while P1,1 (P2,2) is the probability
of staying in a bull (bear) market. Thus, the probability transition matrix
can be written as follows:

P ≡
[
P1,1 P1,2

P2,1 P2,2

]
Finally, for the purpose of this letter, we report the smoothed state prob-

abilities (Kim et al.; 1999) that determines the transition between regimes.

12For the sake of space, and given the purpose of this study focused on co-movements
between time series, we only report the wavelet coherence results, omitting the cross
wavelet transform (material upon request).

13A bull phase is typically associated with rising prices, contrary to a bear phase that
is associated to the decline or stalled period.

14For coherence with the methodology literature, we keep in both sections the nomencla-
ture S to define the smoothing operator (wavelet coherence approach) and regime variable
(Markov switching autoregressive model).
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6.5 Empirical results

6.5.1 Wavelet coherence approach

Figs. (6.2) and (6.3) show the main results of the wavelet coherence analysis.
The x-axis indicates the time domain component while the y-axis indicates
the frequency component, from lower levels of scale, which refer to high fre-
quency variations (i.e. daily fluctuations), up to higher levels of scale, which
refer to low frequency variations (i.e. weekly or monthly fluctuations). The
black contours identify regions with a coherence statistically significance at
the 5% percentage level. The cone of influence, represented by the grey curve,
shows the areas affected by edge effects. Finally, the degree of coherence is
related to different colours: from blue (low coherence/co-movement) to red
(high coherence/co-movement).

As can be observed in Fig. (6.2), we can easily identify two zones in which
there is a significant high degree of positive co-movement between cryptocur-
rencies and stock markets, given the red areas and the arrows pointing to
the right. On the one hand, at daily frequencies (scale: 0-4), the wavelet
coherence analysis underlines a high co-movement during March. In partic-
ular, Bitcoin/Ethereum and SP500 are correlated from March 6th to March
18th while Bitcoin/Ethereum and Euro Stoxx 50 co-move from March 3th to
March 16th. These co-movements highlight the highest level of uncertainty
caused by the COVID-19 pandemic in Europe given the lock-down in Italy
(March 9th) and Spain (March 14th) along with the official announcement of
the pandemic (March 11th) and ECB measures (March 12th). However, the
co-movement at high frequencies disappears from March 18th underlying the
different effects of the COVID-19 on cryptocurrencies and stock markets at
high frequencies. On the other hand, we can also observe a second region of
high co-movement at low-frequencies (scale: 16-36) that lasts over time since
February.15 This second region supports the results observed by ? and ?, in
which they highlight the relation between cryptocurrencies and stock mar-
kets. Nevertheless, if we compare Fig. (6.2) to Fig. (6.3), in which we report
the internal relation of each type of market (i.e. Bitcoin-Ethereum and Euro

15In terms of causality, we observe that, at high frequencies, SP500 leads cryptocurren-
cies since arrows point downward highlighting a contagion from SP500 to cryptocurrencies.
This result is less evident in the causal relations between cryptocurrencies and Euro Stoxx
50. On the other hand, at low frequencies, there is not a conclusive causal relation since
Bitcoin and Ethereum lead SP500 while Euro Stoxx 50 slightly leads cryptocurrencies.
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Stoxx 50-SP500), it is possible to note that, in Fig. (6.2), cryptocurrencies
and stock markets are only related (over time) at lower frequencies while,
in Fig. (6.3), Bitcoin-Ethereum and Euro Stoxx 50-SP500 are generally re-
lated regardless of the time-frequency domain. As we see in the next section,
the fact that cryptocurrencies and stock markets are not related for all the
time-frequency domain highlights, indeed, their different dynamics. As a
consequence, they are not behaving in the same way during this unstable
period.
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Figure. 6.2: Wavelet coherence between cryptocurrencies (Bitcoin and Ethereum) and
stock markets (SP500 and Euro Stoxx 50). The vertical grey line indicates March 12th
as a reference for the highest degree of financial panic.
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Figure. 6.3: Wavelet coherence between Bitcoin and Ethereum, on the left, and Euro
Stoxx 50 and SP500, on the right. The vertical grey line indicates March 12th as a refer-
ence for the highest degree of financial panic.

6.5.2 Markov switching autoregressive model

In this section, we use the Markov switching autoregressive model introduced
in Sec. (6.4.2). For the proper specification, we determine the optimum
number of lags L by means of the Bayesian information criterion (BIC):
lower BIC implies better fit. As can be observed in Table 6.2, the lower
BIC is identified with one lag. The parameters estimated can be found in
Table 6.3 while we report in Fig. (6.4) the smoothed transition probabilities
from the Markov switching autoregressive model for each time series. The
high degree of co-movement observed in Fig. (6.3) for Bitcoin-Ethereum and
Euro Stoxx 50-SP500, regardless of the time-frequency domain, is supported
by the Markov switching autoregressive model given that cryptocurrencies
and stock prices have their own specific (and different) regime. In other
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words, the dynamics during the COVID-19 pandemic depends on the type
of the market, i.e. cryptocurrencies or stocks.
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Figure. 6.4: Markov switching autoregressive model for each time series. The vertical
grey line indicates March 12th as a reference for the highest degree of financial panic. A
bull market is plotted as dark red (smoothed probability equal to 1) while a bear market
is plotted as light red (smoothed probability equal to 0).

Focusing on the phase transitions, stock markets changed their state from
a bull market to a bear market on February 20th. However, we identify gen-
erally a bull market in the case of Bitcoin and Ethereum, with the exception
of the period March 9th - March 19th, in which there is a bear market with
some rebounds.16 In other words, in terms of market regimes, the COVID-
19 pandemic only affected cryptocurrencies for 10 days while stock markets
have been affected since February, i.e. cryptocurrencies perform better in
front of the pandemic. This result is supported by Fig. (6.1), in which the
simple normalised price already underlines the fast recovery of cryptocurren-
cies. Moreover, the period in which Bitcoin and Ethereum changed to a bear
market, according to the phase transitions in Fig. (6.4) (March 9th - March
19th), is similar to the one observed in the wavelet coherence analysis (Fig.
(6.2)), when Bitcoin and Ethereum are related to SP500 (March 6th - March
18th) and Euro Stoxx 50 (March 3th - March 16th) both at high and low fre-
quencies. Therefore, to a greater or lesser extent, cryptocurrencies and stock
prices are found in the same regime (Markov switching autoregressive model)

16Note that Ethereum seems to fluctuate more between the two regimes. However, this
period is the longest bear market shared by both cryptocurrencies.
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when they are related both at high and low frequencies (wavelet coherence).
In other words, co-movement at low frequencies is not enough to state that
cryptocurrencies cannot be used as a hedge since they are characterised by
a different dynamics.

Table 6.2: Computation of the Bayesian Information Criterion for lags selection.

Lags Bitcoin Ethereum SP500 Euro Stoxx 50

1 -449.51 -392.29 -725.96 -691.58
2 -439.62 -384.30 -715.22 -684.19
3 -432.89 -379.26 -716.38 -658.40
4 -425.28 -357.71 -660.09 -662.93

Table 6.3: Parameters of the Markov switching autoregressive model.

Parameters Bitcoin Ethereum SP500 Euro Stoxx 50

µ (St = 1) 0.00054 0.00538 0.00150 0.00069
(0.00142) (0.00150) (0.00043) (0.00046)

µ (St = 2) -0.00023 -0.00344 -0.00264 -0.00358
(0.00316) (0.01265) (0.00230) (0.00207)

φ1(St = 1) 0.04777 -0.04904 -0.03877 -0.06351
(0.03502) (0.02591) (0.05412) (0.03985)

φ1(St = 2) -0.29065 -0.26599 -0.40504 -0.02549
(0.16726) (0.10913) (0.05774) (0.04138)

σ (St = 1) 0.00085 0.00062 0.00003 0.00006
(0.00013) (0.00014) (0.00001) (0.00001)

σ (St = 2) 0.02694 0.01843 0.00127 0.00111
(0.01344) (0.00548) (0.00025) (0.00019)

P1,1 0.93169 0.80067 0.98541 0.98592
P1,2 0.06831 0.19933 0.01459 0.01408
P2,1 0.70842 0.64237 0.00000 0.00000
P2,2 0.29158 0.35763 0.99999 0.99999

6.6 Conclusion

The ongoing COVID-19 pandemic generated a global stock market crash that
began on February 20th 2020, affecting all the financial markets without ex-
ceptions due to its effects on the real economy. In this context, scholars
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studied whether cryptocurrencies could be used as a hedge during the pan-
demic. However, they observed that cryptocurrencies do not reduce financial
risk. Given that by design cryptocurrencies should not be affected by the
real economy, we revised the co-movement and hidden regimes of Bitcoin,
Ethereum, SP 500 and Euro Stoxx 50 during the pandemic by means of the
wavelet coherence approach and the Markov switching autoregressive model.
Our analysis highlighted interesting results for investors and scholars.

First, the wavelet coherence approach showed that cryptocurrencies and
stock markets co-move over time at low frequencies, however, there was only
evidence of co-movement at high frequencies (i.e. daily fluctuations) during
the main period of financial panic in March. Second, the Markov switch-
ing autoregressive model underlined the fast recovery of the cryptocurrencies
in front of the COVID-19 pandemic since their bull market was only inter-
rupted during March 9th - March 19th, while stock markets were found on
a bear market since February 20th. In other words, COVID-19 only caused
a short-term impact on cryptocurrency dynamics. Therefore, although cryp-
tocurrencies and stock markets are correlated at some specific scales/periods,
investors can diversify their portfolios since (i) the co-movement is not ob-
served for all the frequency-time domain and (ii) they are found on different
market phases during the pandemic.



Concluding Remarks

The experimental session of the thesis (i.e. part I) has proposed at least two
interesting results.
Individually, the risk-propensity of traders and investors depends on the fi-
nancial constraint of the shareholder/stakeholder groups on the behalf of
which they are assuming risk. Different contract rules based on risk-sharing
of gains and losses of fund managers might foster risk neutrality, avoiding
gambling or extremely conservative investments.
In market context, traders’ heterogeneity of expectation and then interaction
is essential in explaining market inefficiency and volatility.
Moving from a stylized (i.e. experimental) to a market context (Part II),
I found different factors coming from the complex financial architecture in-
fluencing investors’ expectations. The role played by the synchronization
of asset price movements, the media-related sentiments are, among others,
crucial drivers shaping optimism/pessimism and particularly useful in ex-
plaining the tail behavior of financial returns.
Part III has exploited empirical real data, shifting the focus on the portfolio
risk management during the period of financial turmoil. Considering the re-
cent vicissitude of COVID-19, it was possible to observe a pandemic financial
collapse in the first half of 2020. From here comes the need to understand
how to diversify investment strategies, avoiding portfolio losses. Therefore,
the last chapter has confirmed the different and outperforming dynamics of
cryptocurrencies, discussing the disconnection with the real economy of this
instrument.
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