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Abstract

The first chapter investigates whether macroeconomic factors play a role in explaining how
long stock bubbles survive. To tlus, it employs duration modelsontrols for endogeneity

and accounts for heterogeneity in stock marketitocuments thatontemporaneous inflation

and portfolio inflows might lead to longer duration of bubbles while the lags of inflation,
portfolio inflows, yield spreads®nd the volatility in gold prices appear to shorten the duration
of bubbles.The results also show that the duration of bubbly stock episodeghtincome
countries and countries with highly developed financial systerasless influenced by
macroeconomic factors. Converselgiddle-income countries andcountries withrelatively

less developefinancial marketdave a weaker ability to cope with macroeconomic shocks.
Finally, the study finds that the effect of countéie=al economic activity on the duration of
stock bubbles is likely transmitted through the channel of growth in consumption expenditure.

The second chapter introduces the assumption of distinct breaks for testing of contagion. The
empirical relevance ohts assumption for the analysis of contagion is highlighted. In the first
part of the chapter, it examines the existence of contagion through significant increases and
breaks in conditional correlation of returns. It uses a sequential procedure to dexdingpos
covariance matrix, test for changes and breaks in conditional correlation of returns, and
estimates break dates. It documents that the test procedure detects breaks in conditional
correlation of returns, in particular, during the recent global fiilmaodsis, strongly supporting

the occurrence of contagion across markets. The second part of the chapter examines the
existence of contagion through volatility spillovers, and the importance of distinct breaks in
the mean, variance, and correlations ttoe modelling of spillovers. It compares spillover
indices obtained with distinct breaks against those obtained without distinct breaks. The study
finds that distinct breaks characterize the evolution of volatility spillovers over time remarkably
well. Themain insight is that allowing for distinct breaks leads to tirmgation in spillovers

of volatilities.

The third chapter investigateshether the approach used in determiniing start date of a
financial crisis periodnatters forthe magnitude othe estimatesvhen measuringontagion
through coskewnesshé&importance othoosing the right start dater modelling contagion

is discussedThe estimation issuethat could ariséfrom inaccuratelydeterminingthe correct
start date are thoroughlygliscussedThe discussion shows that determining the start date
endogenously leads to bettesult, whichinformed the choice of our empirical approathe
chapterthen determine endogenouslythe start date athe recent global financial crisfer
three different regiongdeveloped Europe, Pacific and emerging Asia, and emerging Latin
Americg using two alternative tegirocedures QuandtAndrews anda variety ofBai and
Perrontest procedure®ased on taendogenously determined start dateests for contagion
through correlation and coskewneisdocuments changes in correlations and coskewness
duringthe global financiatrisis, supporting the occurrence of contagion.
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Chapter 1: Introduction

1.1. Motivation

Bubbles and contagiaare twoimportantphenomenaf internationalfinanceandareboth of

crucial concerrfor stock markets irdevelopedand emerging economies (DEE3his is
because theganaffect thepricing dynamicsof stock marketsThere are several motivations

for interest in stock markets behavio@enerally, he aim of stock markets is to provide
efficient allocation of capitalwhich increases overall efficiency of the economy. Besides the
important role of improving capital allocation, stock markets also boost savings and
investment, which contributes to economic development. The markets allow for asset
diversification therebyeducing the risk borne by investorowever,even if the stock market
provides substantial benefits during tranquil times, during a financial crisis these can wane.
This is because a crisis profoundly affects price formation and the dynamics of stocks
behaviour. As will be discussed in this thesis, the transmissioextgrnalshocks from a
notable crisis event, the global financial crisis (GFC) which originated frenUS had
significant repercussions for the dynamics of stock markets in DEEs. Shigdesed by this

crisis spilled over across borders, with serious disturbing trends in stock markets of DEEs.

Prior to the GFC, between 2000 and 2007, world real interest rates were generally lower than
theirlevel in the previous decade. This resultecapid growth of credit and rising stock prices.
Moreover stock price volatility was less than 15% between 2004 and 2007. During the GFC,
however, stock markets were characterized slyarp decline in pricetn addition,following

a period of low volatity, unprecedented high levels of volatility with sharp increases of over
40%, wereexperienced across the stock markets of DEEs. Coupled with this, the correlation

patterns between market returns suddenly increased during this crisis.

Typically, the abve contrasting paths of stock returns have resulted in tweestlblished
subjects of interest. On the one hapdor to a crisis episode, the dynamics of stock returns
can move above and beyond what is implied by their fundamentals, resulting inswhat
commonly referred to asubbles Financialliberalization, which results in expansion of credit

for investmentis often accompanied by an increase in stock prices above its fundamental value



(Allen and Gale, 1999Bubbles, which often are amportant part of stock prices (Diba and
Grossman, 1988a; Evans, 199gn affect economic growth through various channels. First,
bubblescan have crowding out effect because they absorb savings and do not allow capital to
be channelled to the pitactivesectors for investmenthis can have a dampening effect on
long-run growth. Second, its collapse may result in severe recessions with huge economic costs
and slow pace of recovery. Third, if the frup in pricesarefinanced by credit, amplification
meclanism and spillover effects will set in (Brunnermeier and Oehmke, 2013). Moreover, if
they burst, particularly those financed via leverage, an increase in default on repayments by

borrowers is inevitable.

On the other hand, during a crisis episode, stettkns can canoveextremely across markets

and lead to a phenomamoften referred to asontagion Contagion between stock markets
following a crisis is a crucial issue for DEEs. This is important because contagion between
stock markets is not only agsificant rise in crossnarket dependence, bét aswill be
discussed in greater detail this theds it causes breaks or unexpected changes in the
international transmission mechansbetween marketéericoli and Sbracia, 2003; Corsetti

et al., 2005; Khan and Park, 2009; Jung and Maderitsch, 2014). As such, contagion could cause
a sudden change in the la@fourof stockreturnsand this could disrupt the smooth functioning

of markets. Understandirggpntagion frontheviewpoint of breaks isthereforepf importance
becausaot only doest helps to uncover whether there is a sudden change in the behaviour
stock returns and the time when the change ocbutdecausd wouldindicatehow severely

pricing dynamicshas been affected

Contagion is also associated with the transmission of shocks that spill over from one country
to another during crisis Theseshocks when transmitted across stock markets, however, can
have significant implications for international portfolio diversifica benefits, which become
significantly reduced due to extreme and correlated fall in stock returns and extreme volatility
prompted by a gl obal crisis event. I n the
financial integration has changed. Stocrkets in DEEs have experienced higher integration
into international financial markets and this has strengthened-ragssal dependence
between them. With a reinforced crosarket dependence, markets in DEEs are affected from

the transmission of sk&s that arise from a crisis event in a serious way. The design of optimal
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stock market policy requires knowledge of the changing dynamics of ginokso or during

a financial crisis.

This thesisaddresses some of these issues above. First, it &templetermine the
macroeconomic factors that affect the duration of bubbles in stock markets of NeRgpes

of dimensionghroughwhich bubbles can be examinegtlude bubbledynamicsor bubble
durations In determining the role of macroeconomic faston bubbles, the most frequently
used dimension is the dynamics of bubbles. In addition, the driving forces are mostly accounted
for by domesticfactors, rather thaexogenougactors. This thesis examines driving forces
behind bubbles using their du@is and it considers the role of both domestic and exogenous
factors.It also examines these driving forces for countries with different degrees of financial

development and income levels.

Second, iattempsto explore two aspects of contagiwith the primary goal of drawing some
policy implications for contagion in stock markets of DEHse type ofbreak and the
determination of the crisis start date for the analysis of contalyiong the GFCEmpirical
studies face several challenges in testing for the existence of contagion if the assumption made
aboutbreaksare not reasonabl@Vith respect to the type direak it can be eithecommoror
distinct Most often, investigatiaof contagiomareconductedy assuming thatreaks in the
covariance matrbare commonwhich impliesthatvariancesand correlations shatbe same
breakpoints Contrary to the typical assumption made, this thesis relies on the assumption of
distinctbreaksand allowsvariancesand correlationso haveseparatdreak pointsn orderto
investicatecontagionThere is a possibility that variances and correlatiane different break
points. From this view, testing for breaks using the assumption of distinct breaks is important

becausét could reduce the bias of contagion tests and impitoveneasurement of contagion.

On the determination of the crisis start date for the analysis of contagion, tlfeanlbeset
eitherexogenouslgr endogenouslyl he datewhichis used for demarcating namisis period

from crisis period prior to modelling of contagjomustbe accuately determined or else,
sample selection and estimation biases could arise if the date is not correctly determined. This
thesis examines whether the approach used to determistattuateof a crisismatters fothe
magnitude oestimaesof contagiorusinghigherorder conomert like coskewnesdt does so

11



by assessing the magnitude of changes in coskewness of returns using both approaches. In
order to succeed with tests for the existence of contagion and present convincing evidence, the

type ofbreakand how the crisis start datedstermineds, thus, craial.

The remainder of the chapter is structured into three sections. Section 1.2 lays out the
contributionsof this thesis and relates it to the academic and empirical debate and existing
literature. Section 1.3 outlines the main empirical methodofogyhe quantitative inquiry

Finally, Section 1.4 present s fdathehapptdnnesi sd st

1.2. Contributions of the Thesis

This thesis aims to contribute to the existing literatare bubbles and contagiomoth

empirically and methodologically.

It makes three empirical contributions to the existing literature in the context of Diess. F
empirically, this thesis argaehat the duration of bubbles is dependent on macroeconomic
factors, whiclare domestic and exogenous. It has previously been found that domesti¢ factors
such asnterest ratesan influencehe duration of bubbles (He et al., 2018heoretically it

has been shown thavenexogenous factoysuch afundamentakotal factor productivity
shockcould influence bubbke(Dong etal., 2020). The focus haghifted fromdomesticto
exogenousgactors.However, to what extent are these factors important in duration of bubbles
across stock marketsPhis thesisexplores the extent to which domestic or exogenous
macroeconomic factors influence the duration of bubbles in the stock markets of DEEs
Moreover, does heterogeneity among markets affect the duration of stock bubbles? This thesis
addresses possible measuent issues that arise from estimation, such as heterog&ieés.

that, there are manifestations of the duration of stock bubbles affected by macroeconomic
factorssdo t hese empirical mani festations differ
development and level of incom&his thesis also explores the extent to which factors could
influenceduration of bubbles in the stock markets of countries at high and intermediate levels

of financial development and countries with high and middle levels of income.
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Second,this thesis also highlights an important occurrence of international finance: the
significantly increased crogaarket dependence of returns across stock markets during a crisis,
that is, the occurrence of contagion. In the wake of the GFC, financial shocks from the US
rapidly transmitted to DEEs stock markets with repercussionsdatytimamics of stock returns
(Samarakoon, 2011; Dimitriou et al., 2013; Dungey and Gajurel, 2014; Dungey et al., 2015).
The global comovement of stock returns during this financial crisis has significantly increased
in quantifiable terms (Bekaert et al., 12). Beyond doubt, besides the rising extreme
comovement, several structural changes and breaks that characterize the dynamics of stock
markets has occurred. Accurate measurement of contagion has posed as a challenge. This thesis
highlights specific measement issues to address in order to overcome this challenge.
Contagion, which is due to the transmitted shocks during financial crisis, could manifest itself
in two ways; through significant increases and breaks in -tnasket returns, and through
spillovers of return volatilities (Pericoli and Sbracias, 200@)is thesis argued thahe
transmission of shocks has significantly increased the comovement of stock returns in DEEs
and caused breaks in the process that generates the refioneszer, did shock transmitted

from the recent GFC affect cressarket dependence, cause breaks in the conditional
correlation of returns, and lead to contagion between markets in DEEs® manifestations

of breaks in returnsan be examinedinderdifferent assumptiond'he focusin the literature

has turned fronassumptiorof commonbreaksin the covariance matrix cftock returnsto

distinct breaksin variances and correlationsDue to reliance on the assumption of common
breaks, ésts folbreaks in variances and coatbnsarecarried ousimultaneouslyThis thesis
instead,relies on the assumption of distinmteaksand sequentially tests for contagidh
sequentiallymplements tests for contagi@amdtreas all shocks in variances and correlations
distinctly. It does sdecauseeveral authors have argued tltatring crisis, breaks iariances
usuallyprecedéoreaksn correlationsStill concerninghe manifestation ofantagionthrough
spillovers of return volatilities estimatiors of forecast error variance decompositiasgdfor

the computation of spillover indicekave still relied on the assumption of comnimeaks

Indeed, in this thesi$or this estimationpreaks are distincbut does the assumption of distinct
breaks mattefor the evaluation of volatility spilloverof stock returns in DEEsS?hIs thesis
assesses the importance of distinct breaks for spillovers. It carries out this assessment by
compamng the evolution oEpillovers obtainednderthis assumption against those that did not

rely on it.
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Third, it is argued that the approach used to detegrthie crisis start date could be crucial for

the analysis of contagioMost often contagion is measured usaagrelation in stock return
changes rather thancoskewness, whichs a higherorder comoment of stock return
distributions This thesis examinewhether the approach used to determine diiaet date
matters for the analysis of contagion through coskewness. It examines this because it is likely
that inference drawn may be unreliable due to the choice of date. Few authors have previously
argued thathe date chosen could have a direct impact on estimates of contagion models and
affect inferences (Dungey, 2005; Baur, 2012). This thesisamisgenouapproaches for the
determination of the datelowever, @es it matter whether the crisis start datexogenously

or endogenously determined for the analysis of contagion through coskewrmddfesses

this research question aeglplores the magnitude to which estimates of contagion across stock
marketsis being affected by the choice of the crisis stddte andhighlights empirical

implications ofthe choice otrisis start dtesfor contagion estimation and inference.

Methodologically, this thesis attempts to exploredbgermining roles obubbles 6 dur at i or
andthe empirical existence aontagion within the scope of DEEs using refined empirical
methods. It uses quantitative methods to address potential issues omet@and to
uncover required effects of time variation, and the extent to which underlying variables change.
On the empirical investigation related to duration of bubbles, it is explored using advanced
randomeffects durationmodel, whichcontrols for heterogeneity, that igshe multivariate
complementary lodog (clog-log) model. The use of such model, which is suited for analysing
data on durations, is still quite scanty in empirical studies. In this thesis, the use of duration
models is required to determine the tir@ying effects and its sizes. On the empirical re$earc
related to contagion, it is explored using a powerful and sophisticated economegictiest
sequential procedui&P) Such a test is still very infrequently used in empirical studies. The
use of this test is essential in order to determine the egestef breaks in the process that

generates returns due to reliance on the assumption of diz@agsin this thesis.

1.3. Research Methodology

In line with the contagion and stock bubble framework adopted in this thesis, research questions

were evaluated using a range of econometric models and tests. With respect to duration of
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bubbles, a advanced timseries tesd generalized sup augmented Keg-Fuller test is used

to generatéhe duration of bubbles. Theto, estimate the effect of macroeconomic factors on

the duration of bubbles multivariate clogog model is usedn the context of contagion, in
particularfor the investigation of changesd breaks in the process that generates returns, a
multivariate vector autoregression (VAR) based on dynamic simultaneous system of equations
is used to estimate changes whilSRis used to determine whether there are breaks. Still
within the context bcontagion, for the determination of the crisis start dateandtAndrews

(QA) and Bai and Peon (BP) test procedures for structural breaks usedwhile a regime
switchingmodel is adoptetb uncovercontagion through coskewnedhis model is used in
conjunction with individual and joint econometric tests. These investigations are done using
stock markets situated in DEEs as a case study. In particular, the analysis was based on markets
in developecEurope(DE), Pacific and emerging Asi@EA), and emerging Latin America
(ELA).

The sample period runs from 1995 to 2015 spanning over two decades. The data used come
from secondary sources provided by the Morgan Stanley Capital InternafMBatl),

Thomson Reuters DataStreaand Eikon World Bank,International Monetary FunfiMF)

Il nternational Financi al Statisti catapasedand | d B a
the Organization foEconomic Ceoperation and Developme(@ECD)data. The richness of

these databases makes them appropriate for exanboivigesand contagionacross stock

markets.

The use of the different classes of empirical models and econometric tests in this thesis has
lend itself to two methods: cresgction- time series and multivariate time series. Thess

section- time seriesmethod measures whether the relationships between the duration of
bubbles and its driving factors holds and to what degree it holds. The multivariate time series
method evaluatesvhether the comovement between markets changes and determines the
magnitude of such changes if they indeed changed. It also determines whether there are breaks

in the process that generates returns and the dates of such breaks if they existed.
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1.4. Structure of the Thesis

This introduction asidehe thesis is divided into five chapters.

Chapter 2 is an econometric inquiry into the determining roles of macroeconomic factors on
stock bubble duration. It econometrically examines the roles of growgjioss domestic
product(GDP)per capita, inflation, real oil prices, real gold prices, volatility in GDP per capita,
inflation volatility, volatility in oil prices, volatility ingold pricestheinterest rate gap, yield
spread, and portfolio inflows onfte duration of stock bubblels.presents separate anadys

on the role of these factolsr stock bubbledurationacross groupof countries with different

levels of income and financial development. While the existing literature has examined the
factorsusing the dynamics of bubbles, this chapter argues that duration of bubbles is also an
important characteristic of bubbles. The existing literature has also examined only domestic
factors;this chapter argues that exogenous factors are also crucial. The cuaptents for

three important sources of bias that can affect estimates: firstly, it recognises heterogeneity
among markets and the problem of unobserved random effects; secondiyesbrce of
endogeneity due to correlations of macroeconomic variables with the error terms; and thirdly,
omitted variable bias that arises from the omission of other relevant explanatory variables in
the estimation model. It discussasd applieswo emprical methodologies. Itliscusseshe
generalized supremum Augmented Dickayller (GSADF)test, whichit usesto test for the
existence of bubbles ataldatestamp the periods of bubbles in stock markets of DEESs. It then
discusseshe multivariateclog-log model with randoneffects, whichit usesto address the

issue of heterogeneity among markets and to examine the roles of macroeconomic factors on
stock bubble duration. The chapter goes on to show the main driving forces behind the duration
of bubblesin stock markets of DEEand for countries at high and intermediate levels of
financial development, and at high and middle levels of incdimeoncludes with some

potential implications derived from the results.

Chapter 3 aims to explore the importan€elistinctbreaksn the analysis of contagion across

stock markets in DEEs. To analyse the occurrence of the phenomenon, the chapter considers
two dominant manifestations of contagion: significant increases in the correlations of stock
returns across markets, whichusebreaks in the international transmission of shocks, and

spillovers of volatilities. While the existing literature has treated the shotksriances and
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correlations transmitted during crissnultaneouslythis chapter argues that treating shocks

in variances and correlatiorsgquentiallyis necessary faheaccurate quantitative analysis of
contagion. The chapter provides a detailed discussion of the econometric methodologies
adopted for the accurate analysis of contagion between stock markets aipbsi¢ise data. It
adopts a multivariate VAR framework, which is the model used to econometrically estimate
changes in return correlations between stock markets and other com@ortaetsonditional

mean and conditional variances. It uses an algorithnsdquential testing, a novel testing
procedure that is superior to the standard simultaneous procedure, to test for breaks in the
conditional correlation of returns and breaks in the other components. It uses generalized
forecast error variance decompasits(GFEVDs)to construct indices of volatility spillovers.

The chapter presents the results from the analytical methods applied and offers empirical
support for the occurrence a@ontagionacross stock markets of DEEs. It draws some
implications from theaesults of the empirical analysis for the existence of contagion among

markets in DEEs.

Chapter 4 continues to investigate the phenameiicontagion covered in chapt&butlooks

at contagion through coskewness and examines a different keyaissuets appropriate
estimation, that isthe choice of a correcstart date of a crisis period. While the existing
literature has determined the date exogenously and endogenously for the analysis of contagion
through coskewness, this chapter arguesdhabsingendogenously is much bettérfurther

argues that thelwice of the crisis start date could affect estimation accurEtoy chapter
presents the empiricahethodology, which is dividednto two parts. The first part of the
chapter applies a linear regression model, which is consistently estimated usisguesass
estimators. It then employs two separate tests:aQd a variety of BP tegirocedures for
structural breakswhich are tests that allow brepkints to occur at unknown break dates or
tests that endogenously detect brgaknts from data. It apms these tests to threturn
generating processesstimate breaksand dates themThe second part of this chapter
individually and jointly tests for the existence of contagion between stock markets in DEEs. It
relies on an extension of regime switchingdal and adoptanadvanced Bayesian approach,
which is based on the Markov Chain Monte Carlo (MCMC) Gibbs sampling technique, for the
estimation the model 6s parameters. Most i mpc
how the choice of the crisidast date affects the magnitude of changes in coskewness. It

presentsesults that show decisive evidence for the existence of contagion through coskewness
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across stock markets of DEBsd highlights the importance of endogenously determining the
start da¢ of a crisis particularly for higherder comomentlike coskewness. The chapter

discusses some important empirical implications of this analysis at the end.

Chapter 5 concludes with discussion onhe consequences of thiketermining factorof
bubbles for policy inrDEEsand a discussion of some of the implications the occurrence of

contagion could have for portfolio diversificatiandidentifies some areas for future research.
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Chapter 2: Duration of Stock Bubblesand Macroeconomic Effects

2.1.Intr oduction

This chapter examines the role wiacroeconomic factors n b ubbl esdé dur at i «
markets INDEEs. Existing studies on bubble duration only accoun&factor related to the
domestic economy while the role®togenougactors have been largely ignorddhis chapter

fills this gap in the existing literature.

While there is an extensive and growing literature that examines the existence of bubbles in
markets of DEES, the literature that analyses the role of macroeconomic faaletsrmining
duration of stock bubbles still small Cunde and Timmermann, 200Hg et al., 2019)The
literature on the duration aftock bubbles focuses dnon the role of monetary policyia
changesn domestic interest ratello study has consideradhetherthe role of other domestic
macroeconomic factorfect the duration of stock bubbles. There is evidence of a causal link
between interest rates addration of stock bubblesinterest rates matter for bubbiuration
becausevhen it is raised it reducdise price ofastockthat contains a bubbnddampesthe

bubble It does sdyy crowdng out resources that would otherwisedgendedn a bubble
(Barlevy et al, 2017, therebydecreaimg the duration of thdubble(He et al., 2019)The
chapter argues that one could anticipate a link betdesrestidactors that influence interest

rates andluration of stock bubblebecause¢he formeris anendogenousariable(Gali, 2014)

that isdetermined bytherfactors.The most realistic choice of other domestic factors to use
for our analysis are thosetleaf f ect i nvestords preferences ov
returns on stocks, as well as those that influence interest rates. The role of other domestic
factors such as growth in GDP per capita, inflation, volatility in GDP per capita, inflation
volatility, yield spreads, and portfolio inflows are considered. Moreover, one could argue that
the exclusion of other important explanatory variables which can be relevant for analysis of
stock bubbles duration might result in an omitted variable bias. Bttty not to suffer from

such a bias, this chapter includes other determining domestic fadiwhapter adds to the
literature by examining the role otherdomestic macroeconomic factors for the duration of

stock bubbles.
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Theoretically, it has been shown that exogenous shocks could influence bubbles (Dong et al.,
2020). This chaptemargues that exogenous macroeconomic factors wiliip®rtantto gain
addtional insight into thecrucial drivers of stock bubble duration in DEB#&/hetherthe
dynamics of exogenous macroeconomic factors affect the duration of stock budnblest
beenconsidered by previs studiesTheimportantrole of exogenougactors such ageal oil

prices realgold prices volatility in oil prices and volatility in gold pricesn duration oktock
bubbles has not been studied for stoerketsin DEEs. This chapter contributes to the
literature by investigating the rolef exogenous macroeconomic factors for the duration of
stockbubbles.

The estimates of the effects for the macroeconomic factors can be weakened due to the presence
of endogeneity or spurious effects. In general, endogeneity can arise because ofldteosrr

of the macroeconomic variables with the model error terms. This chapter argues that it is likely
that a factor is determined by other macroeconomic factors in the model aivéngae his

reverse causation between variables might bring aborglated errors or endogeneity, which

clearly violates the assumption of independence and strict exogeneity. It, thus, controls for
likely endogeneity by allowing macroeconomic variables to be endogenous. Specifically, it
includes the lagged levels of maeconomic variables in the model in order to mitigate
endogeneity to some extent and to obtain consistent parameter estimates.

So far, the analysis conducted using the duration of stock bubbles has only focused on a country
and not on DEEs. This chapter adds to this emerging literature by giving attention to the
duration of bubbles in its analysis of macroeconomic factors in esitibt stock markets in

DEE. This chapter focuses on a set of stock markets abieEs howeverit doesnot assume

that all markets across DEE dnemogenous. It instead assumes that heterogeneity exists
among markets. Typically, heterogeneity can arise aa r esul t of i nvest
expectations (Boswijk, et al, 2007; Hommes, 2017), different local environments, or as a result
of managersé different qual diftergnces,®bichmieroy and
directly observablecould affect the duration of bubbles. In this context, the bias arising from
heterogeneity might be caused by the correlation of unobserved coamdrymarket
characteristics wittheduration of bubblesThis chapter argues that it is crucial to account for

this bias in order to obtain accurate parameter estimates. The degree to which it can affect the

duration of stock bubbles has not been previously studied.
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To examine the effects of macroeconomic factorsstmtk bubble duration;the chapter
employs the multivariate clelgg mode] whichis a duration modetihat allows us to account
for the heterogeneity biasearlier discussedo far, no such model has been used for analysis
on stock bubble duration It is advantageous to ughis model because it is the most
appropriate for analysing timearying effects related to durations. This model estimates the
effects via maximum likelihood estimation methoch @ttractive feature of this method is that

it is an asymptotically efficigrand consistent estimator.

The remainder of this chapter proceeds as follows. Section 2 presents the underlying theories
onasset bubblesSection 3 reviews the empirical literature. Satd briefly presents the data

and empiricalmethodologiesSection 5 presents the simulation results for the existence of
stock bubbles and its duration, reports the baseline results and the robustness checks. Section

6 concludes with some potential implications derived from the results.

2.2.Theories d Asset Bubbles: Beyond Equivalence of Asset Price with

Fundamental Value

This section presents a critical review of the standard theory of asset prices and alternative
considerations with the intention of providing the theoretical basis for the intestigathis
chapter. Several economic theorists hattemptedio understand or explain the economic
phenomean of asset bubbles. The economic theory on asset bubbles has evolved along
different lines with the considerable changing global financial enmient resulting in several
competing theories on its existence. The view on asset bubble, however, asdhjainalence

of prices with its fundamental valdefined agpresent value of future cash flolags remained
unchanged.

Historical episodes wherasset prices rose rapidly and then collapsed have brought asset
bubbles to the forefront of academic discussion. The view of bubbles as an important
component of asset prices and explanations to rationalise its existence in markets led to a
proliferationof theories of asset price bubbles. Three alternative theoretical considerations to

asset price bubbles are the overlapping generations (@idsle| s umade and O
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behavioural explanations. Theories have even begun to recognize the important role of

monetary policy and exogenous shocks as contributory factors in asset bubbles.

This section is divided into three si#ections. Sulsection 2.2.1 discusses traditional
neoclassical approach to asset price determination, which envision the asset grieyss a
being equivalent to its fundamental value. The discussion fecus@ssumptionsamade
concerni ng e expeotatioms, partiautady matiopallgrmedexpectationsand the
rationality of behaviour in asset markeBased ora critique of thé view of the asset price,
subsection 2.2.2 presents discuss@mnthe existence of bubbles. Sséction 2.2.3 presents
asset pricéheories thatecognise the important role of monetary policy and exogenous factors

to explain the existence of bubbles.

2.2.1.The Asset PriceEquivalence to Fundamental Value

There has been a lorsganding theoretical debate on the existence or not of bubbles in asset
prices. One view is that asset prices reflect economic fundamentals; that is, these prices equals
the present dounted value of its dividends. This traditional approach usuallys find
necessary to assume that all agent are rational; agents believe the price of an asset only depends
on information about current and future returns about the asset. The price of an asset is thus
determined by the expectation agents make about futwesmind dividends, so that the price

the asset is traded for reflects market fundamentals. This claims that asset markets work
efficiently at allocating resources because no rational agent who has private information and
information revealed publicly, camaise his expected utility by changing his portfolio
(Blanchard and Watson, 1982). This view claims that bubbles cannot emerge when agents are

infinitely lived and have homogenous expectations.

The standard present value modelagset pricingrests on a no arbitrage condition; the

equi val ence of an adgreambfdididepdmayaffeisgwentads a const
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wherei s the required rate a€turn from one periodyto anotherp p whiley denotes
the asset price at tinteandQ  denotes the bounded dividend payoffs in petodp. The
subscripto  p denotes that the return only becomes known in périog. Rearranging Eq.

(2.1) and expressing it using conditional expectation opegit@s

n 0 —— &

whereO is the expectations operatand itis conditional on information available at time
0. More precisely, Eq. (2.2) states that the price of an asset ab tiomeprises of the future
price,fl , the oneperiod dividend payoff  and the discount factop, i .

Solving Eg. (2.2) in a forward mannemneobtairsits recursive solution given as

Eq. (2.3) shows that the value of an asset is determined by two terms. The first term on the
right-hand side is the expected discounted streams of future dividend payoffs whereas the
second term is the expected discounted future movement in asset prices. Theraipkjsts a
solutionto Eq. (2.3) which is derived based on the underlying idearittae future there will

be convergence of the expected discounted value of the asset to zero. Thus, in® [Hyit

the expected discounted dividend paysffiltimately zero and is given by

Following through from the convergence assumption, the intrinsic value of an asset can be

defined in terms of the expected discounted sum of payoffs and is specified by:
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andsuppose that
LE iy cas

Eq. (2.6) represents the transversatypdition, whichis necessary for optimality. In this limit

case, when the behaviour of agents is optimized, all arbitrage opportunities are exploited. With
this candition, the present value model must have a unique solution where equilibrium is
established between an assert 6§ . phe conditionand
therefore guarantees that the present value of an asset is zero and therbhdenmiuponent.

More than one solution can be obtained if the assumption of convergence in Eq. (2.4) does not

hold. One of such solution is given as:

Specifically,ny is defined as

From Eq. (2.7) it is readily seen that asset prigebas two components; the observed market
fundamentals component which is that part of asset price that is determined by the expected
discounted sum of payoffg, and the unobserved bubble compongntwhich are primarily
associated with price dgmics that are abnormal. The first insight given by Eq. (2.7) is that
the fundamental value of an asset appertains to the discounted sum of future dividend payoffs
while current bubbles are subject to the expected discounted value of future bubbledeA bubb

occurs whem  1tand the plim ofy is given by;
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In asset price theory, the notion of bubbéssstswhen the price of an asset is higher than
would be warranted by its fundamental value (Blanchard, 1979; Bernanke and Gertler, 2000;
Scherbina and Schlusche, 2014). The movements in the price of the asset is unexplained by
information available at the timeften resulting in a rapid price increase and this is soon
followed by a burst or at best a dramatic fall (Blanchard and Watson, 188&)occurrence

of this notion is thus attributed to the fact that an investor agrees to pay a price that exceeds the

present value of future payoffs for an asset (Frommel and Kruse, 2012).

In a key seminal contribution, Tirole (1982) makes an important argument that rules out
bubbles; an argument that relies on backward induction. Assume, for instance, that at time T
anasset is identified to have a final paydffYThen at timéY p the asset must be worth the
discounted present value @f Yotherwise it would create an arbitrage opportunity. Since no
rationalagent would buy an asset at a price above the discopresdnt value; because they
would incur a loss, bubbles cannot existYat p or at any point in time. Moreover, there is a

clear sense in which a bubble cannot occur because the rate of growth in bulsikseed

that of the economy (Tirole, 1985).drsimilar vein, Blanchard and Fischer (1989) have argued
that the growth of bubbles is supposed to be equal to that of fundamentals e.g., interest rates,
but that after a while the price of bubbles will become overwhelmingly larger than the

e ¢ 0 n ogmoyth, svhichinvalidates the existence of bubbles.

Since Tirolebs contribution, the work by San
conditions for the nonexistence of asset bubbles. Their work relied on an intertemporal general
equilibrium modethat involves economies that allow bubbles as an equilibrium phenomenon.

They demonstrated that pricing bubbles in asset mackatd never occur in an intertemporal
equilibrium especially if the aggregate endowment of the economy has a finite value.
Theaetically, bubbles are ruled out if the underlying asset pays an infinite stream of dividends
(Hellwig and Lorenzoni, 2009)Therefore even though investors expect asset prices to

continue to rise and they may be willing to pay more for the assets withxfiectation of
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earning capital gains, thpresent value of dividend payoffs will remain constant. Thus,

investords rational expectat i odullingbdlied.t asset

As discussed above, the existence of asset buaidesled out in asset markets. With all the
interesting and numerous arguments on itsexiatence, it seems unlikely that explanations

on its absence will not be refuted by any other theory, but thgsrln standing theory has

been rejected and criticized gmveralgrounds. One of such criticism is its failure to allow
other solutions for equilibrium. An economy characterised by a unique sitady
equilibrium, which is globally stablés consistent with the traditional paradigm. It thus rejects

the possible ocetence of other equilibria in asset price models anelsdot considerthat

multiple equilibria can arise in asset price models. Second, beside this criticismkaavetl

critique is the assumption that information is symmetric. Third, it almost exelysigsumes

that markets are efficient; that is, there are no opportunities for arbitrage. This assumption of
strong efficiency in asset markets has been questioned. Blanchard and Watson (1982) have
shown that arbitrage does not by itself preclude bublitesrth, the use of simplified
assumptions and their failure to agree that expectations are heterogeneous. Fifth, reliance on
the assumption of the behaviour and expectations of agents as being rational is not only
unrealistic but is at odds with the belwwr of agents. Sixth, it relies on an infinitely lived

agent paradigm, that is, every agent that holds or buys an asset willingly does so even if they
were to be forced to keep their holdings of the asset forever. With this paradigm, bubbles are
generallyruledout;t hi s i s because the owner6s persona
current price of the asset. With all these criticisms it is inevitablevérgdifferent views to

the traditional approach will be postulated.

2.2.2.The Asset Price Norequivalence to Fundamental Value

The asset price model has gone beyond the traditional view that the price of an asset is
tantamount to its fundamental val@@onsideringthis, severaltheoretical models with well
substantiated explanations for the existendeubibles have been postulated. In the first class

of models, the introduction dDLG into asset price framework provides an environment in
which bubbles can emerge (Samuelson, 1958; Tirole 1985; Grossman and Yanagawa, 1993;
Farhi and Tirole, 2011; Martin dnVentura, 2012). The framework assumes households are

heterogeneous and markets are incompletegtwban allow bubbles to occustill in this
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framework, the economy is characterized by two steady states: bubbly andesktBeibbles

can exi st, but a necessary condition for it
i nef f thatis earawil pe an oveaccumulation of capital in the bubldéss equilibrium

because interest rate is sufficiently low.

Thereare specific instances in which agents are inclined towards paying more for an asset than
they otherwise would if the agents were to be forced to hold the asset endlessly. In an OLG
model, every agent will be inclined to pay a price for the asset eqtl thscounted sum of

the returns (that is, the returns the agent receives while alive) in addition to the sale price of the
asset (in present value terms) in the period in which the agent intends to sell it. With the

introduction of OLG into the asset mkat theory, it means the current price of the asset will

go above the ownero6és personal use value (AII

The second class of theoretical model developed to support the existence of asset bubbles was
model s with #@suns p&helb 1983 8hell andoWrighd; 1903} dnstleese a n
models, bubbles are the result of fluctuations in the prices of assets that are driven by shocks
that are extraneous (sunspots) to fundamentals. The notion of bubbles is not understood
exclusively by the maal of sunspot equilibria but is closely related to the model of multiple
equilibria, where exogenous variables that act to coordinate expectations elicit shifts between
high and low steady states: that is, a multiplicity of equilibria occurs but thedbégaire
indeterminate The indeterminacy arises because several other equilibria are close to the initial
equilibrium. In this view, thexpectations, which are stilfilling, result in a continuum of

possible equilibria none of which are globallytdéasteadystate equilibria, but locally stable.

In the final class of models, the behaviour of agents provides a plausible channel that generates
the bubble phenomen. Bubbles can emerge becaatichad of ;
behaviour (Shiller2015), heterogeneous beliefs among agents (Harrison and Kreps, 1978;
Scheinkman and Xiong, 2003; Hong et al., 2006; Miller and Stiglitz, 2010; Xiong, 2013),
investorsod senti ment (Temin and Vot h, 2004;
information and short sales restrictions (Allen et al., 1993; Scheinkman and Xiong, 2003;
Conl on, 2004, Haruvy and Noussair, 2006) . A

bubbl ed, that al so supports the existence of
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and Brunnermeier (2003). The expectation of earning excess return motivates arbitrageurs to
invest in highly overvalued assets and this optimistic belief gives rise to bubbles that continue
to survive for longer periods. In which case, bubbles can sisll egardless of there being so
many rational investors with highly capitalized portfolios in the market.

2.2.3.The Role of Monetary Policy and Exogenous Shocks in Asset Bubbles

Along with the theoretical proposition of bubbles in asset mgrkatse the importance of
knowing its contributing factors. As such, the theory on the pricing of assets has been extended
to introduce monetary policy, which is conducted through interest rate, as an important
determinant of bubbles. In a recent theory psgul by Gali (2014) he acknowledged the
determining role of the central bank in supplying liquidity to financial markets for trading and
demonstrated that theegistsa relationship between bubbles and the interest rate. An increase

in the current or antipated interest rate is assumed to lower the fundamental valueastite
butraises the expected return on bubbles or the expected growth of the bubble component. In
this view, changes in interest rate can affect bubbles via two important chanrtets, wbich

are important for thi s -tcahka pntgeor .b eFhiarvsitoluyr, otfhr
the risk preferences of the investbes/ean influence on bubbles. For this channel to operate

it mustrest on the assumption of risk neutralityhioh simply implies that an investor is
indifferent to risk. Under this assumed risk, the expected return on bubldgaal to the

interest rate and there are no expected excess returns. In this vein, a monetary policy rule that
implies a positive respase of the interest rate @bubble leads to an amplification in the
movement of the latter. Secondly, through the eventual comovement between the innovations
component of bubbles with the innovations in interest rate. Indeed, here, the innovations in
bubHes are taken to hedeterminateGali (2014) has shown that both persistent and transitory
increases in the interest rabave a positive effect on subsequent growth rate of bubble

dynamics

Dong et al., (2020) extend the theoretical analysis ointipact of monetary shocks on asset
bubbles and stresses particularly the role of exogenous shocks on asset buhhiles, i.e.
unexpected events that happen outside a country but could affect the performance of markets
in that country. As a result, the facwf bubbles in assets markets shifted to the role of

exogenous shocks. A link is proposed between interest rates, exogenous shocks and asset
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bubbles in a new Keynesian framework with infinitéised agents. In this view, the response

of monetary policy b asset bubbles does not only depends on the type of interest rate rule
which is important in specifying the interest rate to be set by the central bank but also on the
type of exogenous shocks that hits the economy. They show how interest rate rudetfadfect
dynamics of asset bubble in response to exogenous shocks. They also show how a higher
interest rate response to asset bubbles could reduce buddbtdity but raise inflation

volatility.

In sum, this discussion showseoretical consideration fthe determining rols of changes in

interest rate andxogenous shockmn bubblesn asset markets

2.3.Empirical Literature

This section reviewexisting studies of stock market related to two strandgesiture:the
identification and the determinants of bubbleéghen contrastthe existing literature to the

research conducted in tribapter

2.3.1.ldentification of Stock Market Bubbles in the Empirical Literature

The empirical investigation of asset bubbles in the context of stocks can be traced to the
pioneering studies by West (198Diba and Grossma(il9883, and Diba and Grossman
(1988b). The existing literature has used two differgays to identify bubbles. First, the
existence or not of bubbles may be determined by testing the validity of the standard present
value model; in fact, it tests whether stock prices deviated from their fundamental values (See,
e.g.,Shiller, 1980; LeRoynd Porter, 1981; West, 1987, among oth&sgond, bubbles can

be identified by empirically testing (i) whether the praieidend ratio follows a nostationary
process (bubble dynamics exist) or meaverting process (no bubbles) (see, €gmpbell

and Shiller, 1988; Cochrane, 1992; Craine, 1993; Cuaah, 2005; Koustas and Serletis,
2005; Cuiadcet al.,, 2007;McMill an, 2007, among othergnhd (ii) whether the dynamic
behaviour of the underlying asset returns has explosive processes (see, e.g., Diba and
Grossman, 1988a; Shi and Song, 2014; Escobari et al., 20d0hg others)Due to the
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difficulty of estimation a fundamental value, the @t approach is more commonly used in

recent empirical research to detect bubbles.

However,these studies have done so using different empirical methods. Some studies relied
on the fractional integration method to examine whether stock prices and ds/idemd
fractionally cointegrated, i.e., a long run relationship exists between stock prices and dividends
butdeviations from equilibrium exhibit hyperbolic decay rate or extreme persistence (Caporale
and GilAlana, 2004; Cuiadet al., 2005; Koustas and r&gis, 2005; Frommel and Kruse,
2012). Evidence of fractional cointegration between stock prices and dividends indicate the
absencef bubbles. This approach to detecting stock bubbles has been criticistiMiyan
(2007)who argues that the approaclinsapable of capturing the ndimear linkages between

rapidly rising prices and fundamentals in the stock market.

In addition numerous studies applied tpgriodic power lawnodels, whictcan capture faster
thanexponentialgrowth in the stockprices to detect bubbles. In other words, certain log
periodic accelerating oscillatory trends appear to emerge prior to the sudden significant decline
in the stock prices (Johansen et al., 2000; Sornette and Johansen, 2001). In a pioneering
contribution ly Sornette et al. (1996), tla@ithorspresent evidence of the power lavthe US

stock index. They find logeriodic accelerating trend in the stock index prior to the abrupt
global stock market crash of 1987. Meanwhile, they caution that the samplgtifoateon
needs to contain data wup to the 6écritical p
work, Johansen and Sornette (2010) find persistent declines in stock ptiegd $and Japan.

They present evidence of kggriodic bubbles conntal to market crashes of exogenous
origins. In addition Jiang et al. (2010) find legeriodic oscillatory trends in the Chinese
market. Similarly, Zhang et al. (2016) using extensive dataset detected stock bubbles that

captured actual crashestire US.

Many studieswhich rely on regimeswitching models consider Markov chain proesssnd
howtheyaffect priceseting behaviour. iese studies assume that potibgnges, which affect
fundamentalsgan cause prices to exhibit excessive volatility and this may incite the formation

of bubbles. In an earlier study by Driffill and Sola (1998) the authors present weak evidence of
bubbles in stock prices fone US. They find that bubbles are caused bg tiorlinearities in

the data on fundamentals. Van Norden and Schaller (1999) demonstrated that stock bubbles
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switch between two distinct regimes. Psaradakis et al. (2004) findtihe-varying discount

factor explains why stock price diverges from thifandamental value. Brooks and Katsaris
(2005) who use a threeegime Markov modeldocument that in the third regime where stock
bubbles are growing there is a higher probability of switching next to an explosive regime.
Moreover, they show that stockittbles may collapse when the volume of trading increases
abnormally. Giurkaynak (2008) point out that the behaviour of stock prices can be influenced
by switching fundamentals. However, despite the usefulness of switching models in detecting
bubbles, they &wve been criticizebecausehe number of unobserved regimes to be included

in the model is usespecified making it susceptible ¢éstimation errors.

Some studies test for the presence of stock bubbles by applying nonparametric Bayesian
methods and capte market uncertainties by allowing for rfinite regimes, whiclgrows as

the sample sizencreases. Based on this methadtock bubble occurs when the degree of
uncertainty about fundamentals in a certain regime is high. For example, Li and Xue (2009)
who consider two switching regimes conclude that uncertainties about the future economic
performance othe US had a significant impact on the stock market. In a more recent study,
using the Bayesian method Shi and Song (2014) detected a notable stuekepignde in the

US. Although, the Bayesian method generates robust results, Geweke (2007) argues that its
theoretical construct is still at the nascent stage. Moreover, when the prior probability is
wrongly specified, the approximate Bayes factors megdversely affected. Similarly, Li and

Yu (2012) argue that Bayesian analysis are computationally challenging and complex to apply.

The final group of studies concentrates on checking for possible (non)stationary of stock prices
using methods based orethutoregressive process. Previous studies in this strand have relied
on lefttailed test to detect the existence or not of bubbles. The test examines whether the
stochastic process of stock prices is stationary ombGwatns (1991) cautions against the use of

this test because it cannot differentiate between stationary and strictly stationary processes.
Another empirical issue with the test is its weak statistical power which isla@limented in

the existing literatue (see, e.g., Diebold and Rudebusch, 1991; Ng and Perron, 1995; Schwert,
2002). A new empirical technique provided by Phillips and Yu (2011) and Phillips et al. (2011)

is the righttailed test which helps to overcome the near observational equivalentanpiadb

the lefttailed test because it correctly differentiates between the two stationary processes. Its

asymptotic efficiency property enables it to locate multiple buldaesistentlyMoreover, the
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technique can date the start and collapse of bubbles.investigation of bubbles is only
plausible for asset prices that are commonly characterized by persistapsrand subsequent
collapse, i.e., periodically collapsing. An attractive feature of this test is that it can capture these
types of bubblesThis chapterelieson this empirical strategy to test if stock bubbles east

to date théubbles an@btain its duration

2.3.2.Determinants of Stock Market Bubbles in the Empirical Literature

Most of the existing studies on stock markets have contedtraostly on identifying the
existence or not of bubbles rather than the determinants of bubbles. This has chesnbd
and growing strand of literature investightine determining factors that influence bubble
dynamic (see, e.g., Narayan et al., 2013; Wang and Chen, aaii®ubbleduratiors across

markets.

The first strand of literature examined only thigect of monetary policy shocks on stock
bubbles. Empigal studies in this strand have used interest rates to capture the effect of
monetary policyGali and Gambetti (2015) investigated the impact of monetary policy shocks
on bubbles intheUS market. They estimated a VAR model with thwerying coefficients and
obtained the associated impulse responses using data from 1960Q1 to 2011Q4. The authors
find evidence linking prolonged episodes of stock priceups in response to a tightening of
moret ary policy. On the other hand, Caraiani
Gambetti (2015) and festimated their model but included the shadate, whichis
constructed from a model conditioned with a large information set. Usingdtiewshate, they
confirmed the findhg of the earlier study, but fouredmuch lower positive impact of shocks

from monetary policy on bubbles. In generhiststrand of literature has concluded that shocks
from monetary policy through the interest ratansmportant determining factor of bubbles in

stock markets.

A second strand of literaturegs beyond examining tlwportantrole of a single factor, the
interest ratesThis strand of literaturexamined the role of other determining factors that could
be crucial for the analysis of bubbles. For example, Narayan et al. (2013) usedszctiossl
model to examine the determinants of bubblethenUS market. The authors find trading
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volume had ositive effect on bubbles while price volatility had the reverse effect. In a more
recent work by Wang and Chen (2019), the authors explordddtoes, which contributedo

bubbles in 22 stock markets. They utilized a panel Logit model and datdsadiog volume,

price volatility, interest rate, growth rate of monetary aggregates, growth rate of personal
consumption, growth rate of foreign exchange reserve and credit as a ratio to GDP growth rate
covering the period 2000Q1 to 2018Q3. The authorsireralty confirmed that monetary

policy played a significant role in stock bubbl@gart from this, they also find that the trading
volume, the volatility of prices and the growth of credit (both current and lagged) are positive
drivers of bubbles. Thistrand of literaturédnasgenerally concluded that the trading volume,

price volatility and growth of credit are important driving forces behind stock bubbles.

Another strand of literaturavestigating the underlying macroeconomic factmscentrated

on the duration of bubbles (Lunde and Timmermann, 2004; He et al., 2019). Lunde and
Timmermann (2004) were the first to empirically investigate whether duration of stocks for

bull and bear markets depend on an underlying macroeconomic factor, the inteseStheate

relied on duration models and estimated via stptece technique using sample data covering

the period 1885 to 1997 foine US. They find that changes in real interest rates have a weak

effect on the probability that a bull or bear market survigea certain duration. In this strand,

the paper most closely related to ours is a recent study by He et al. (2019). The author modelled

the effectofrisk r ee i nterest rate and its changes on
the period 1992 t@013. Using duration models based on logistic regression, they find that an
increase in the interest rate leads to a decrease in the duration of bubbles. Their finding suggests
that monetary policy pl awyaionavhichsihcensistemtwghu ppr e s
the finding ofLunde and Timmermann (2004)hus far, this growing strand of literature have
explicitly focused on the stock market in only one country. Moreover, all the evidences in this
strand, which have been based on the interesteftdet alone, have yielded mixed results.

Given that much of the literature is on the determining role of interest rates on the duration of
bubbles this chapterargues that the propagation of monetary policy shocks via interest rates
alone cannot fully explain the duration of bubbles. Alternative factors that could possibly
influence the duration of bubbles in the context of DEEs might have to be consideseubt It i

yet clear to what extent alternative macroeconomic factorsinfillence the duration of

bubbles across stock markedscordingly, these alternative factors motivated by the existing
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studies, which have examined the influence of macroeconomidblesian stock pricing are

elaborated upon below.

Stock market studies indicate that measures of real economic activity often has an impact on
the pricing behaviour of stocks because it affects the cash flows of firms (see, e.g., Chen et al.,
1986; Fama, 990; Chen, 1991; Ritter, 2005, among others). In a recent study by Osterholm
(2016), the author presents evidence of the existence of Zuanglationshigetween stock

prices and real economic activity. Empirical evidence in support for the comparfents
economic activity such as consumption also exists. For instance, some studies find a link
between stock returns and consumption (Lettau and Ludvigson, 2001; Parker and Julliard,
2005; Da, 2009; Bansal et al., 2014; Lioui et al., 2014). The cohereranaxiph for this
relationship is based on the theory on consumption asset pricing. During the phase of a business
cycle trough, consumption normally falls and so does the price of risky assets but expected
returns rises. It rises because f@lerse invesirs will have to be compensated with higher risk
premium for holding risky assets (Campbell and Cochrane, 1999). Thus, based on this theory,

consumption is relevant for explaining the changes in stock returns.

Several empirical studies examine the rdiénflation in stock pricing and present evidence

that inflation accounts for stock returns (Fama, 1981; Flannery and Protopapadakis, 2002). An
increase in inflation has a positive impact on the discount rate, which subsequently reduces the
real cash flowsf firms and changes the expected return on stocks. In addition, there is evidence
that stock returns react to exogenous shocks such as commodity price shocks. Global real
commodity prices have been shown to be linked to stock price activity (Kilianaakd2®09;
Sadorsky, 1999). Several studies provide evidence of stock returns interaction with oil prices
(Jones and Kaul, 1996; Miller and Ratti, 2009). Sadorsky (1999) present evidence that shows
that this linkage became stronger pp386 and that realil prices now primarily explain a

higher percentage of changes in stock returns than interest rates. Regarding oil price volatility,
Park and Ratti (2008) find that stock returaspondpositively to increases in real oil prices
while it reacts negatie to increases in its volatility. In a recent contribution by Diaz et al.
(2016), they find a negative effect of oil price volatility on stock returns. Overall, most of the
findings suggest that real oil prices and its volatility may lead to changepeste® returns.

It has also been documented in the existing literature that stocks returns are correlated with
gold prices (Smith, 2001).
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In the existing literature, empirical evidence in support of macroeconomic volatility as a source
of economic shockoir determining stock returns have been documented (Beeler and Campbell,
2009; Bansal et al., 2014). This literature suggests that macroeconomic volatility is a priced
source of risk in stock markets. A different strand of literature finds that stocksetdnits
predictability are influenced by yield spreads (Asprem, 1989; Rapach et al., 2005; Humpe and
Macmillian, 2009). For instance, Fernand®arez et al. (2014) find that the slopes of yield
curves can provide a better forecast of the probabilityeaf markets. Finally, several studies
suggest that portfolio flow shocks are a source of excess returns in stock markets (Bohn and
Tesar, 1996; Froot et al., 2001; Hau and Rey, 2004; Fratzscher, 2012).

This chapterextends this strand of literature four ways. Firsty, the existing studies used a
univariatemodel, whichcontrols for just one underlyirgacroeconomivariable This chapter
insteadconsides an alternative specification, specifically a multivariate mabat controls

for otherfactors thamightaffectb u b bl es 6 dur ati on. Monetary po
cannot be the only factor that can potentially affect duration of bubbles in stock mahkets.
chapterthus incorporates more underlying factors which are absent from the gxistiks to

have a deeper understanding of bubblesd dur a

The omission of other possible explanatory variables in the duratamtel, which can be

rel evant for t he arcanlregultinanomifted vauablédias. $he eadierr at |
studies suffer from a serious shortcoming arising from this bias. It is unclear whether a
statistically insignificant time varying interest rate result of the existing paper remains tenable
when alternate models consisting of more variables are considered. To avoid thishigas,
chapterinstead incorporates other time varying macroecondattors, whichcan affect
investorods preferences over time, i icfftHeuence

future behaviour of stocks.

The second wayhis chapterextend the existing literature is to provide a crassintry
analysis. The prior empirical analysevere based on countlgvel sample fothe US and
China stock markets. Unlike the prioorks, our sample covers a broad set of stock markets
in different regions. Studying more stock markets allows us to geresgglaut the empirical

results. The set of countries in our sample differ by levels of income and financial development.
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It thus sems beneficial to investigate whether macroeconomic variables have different impact
on the duration of bubbles across group of countries with different levels of income and
financial development. Using data grouped in these categories will allow usegi)tate the
effects on the duration of bubbles within each subgroup especially when the effects obtained
using the entire sample fails to provide significant estimates, and (ii) to improve the precision

of estimates because there will be less variabilithe distribution of the data.

The third way thischapterextends the existing literature is by assuming that markets are
heterogeneous. Since our study covers a set of stock mérkatsotbeassumd that markets

are homogeneous. If homogeneityass marketss assumedthen it means that all markets
have similarcharacteristicsand such an assumption could be misleading. Moreover, when
duration models with heterogeneous grougpspecifed, but controls for heterogeneiig
omittedit might result in the misspecification of the functional form and this can cast doubt

the validity of the modelBased on thesehis chaptemrecogniss that there will be some
inherent differences in the dfaa&teristic ofmarkets, whichcould affectb ub bl es 6 dur at
Thus, a novel contribution dhis chapteris thatit controk for these important soursef
differences across markets by allowing for heterogeneity effect arising from random
unobserved facts. Theseactors, which are peculiar to each markedy be partly responsible

for lower (higher) duration of bubblekh this chaptey bias due to heterogeneity is caused by
the correlation of unobserved market characteristics with the duration of bubbles. By specifying
duration models that accounts for the presence of thishisashaptecanaddress this concern.

This chaptetthus o©rrect for this bias because ignoring the unobserved effects may lead to
underestimation of the coefficient of the macroeconomic variables and lead to misleading
inference about the macroeconomic effects. By controllingdterogeneitythis chaptecan

elude the problem of biased coefficient estimates.

The fourth waythis chapteextendthe literature is by controlling for endogeneity or spurious
effects. The macroeconomic effects can be weakened because of the presence of endogeneity
caused by the coelations of the macroeconomic variables with the model error terms. In this
case, endogeneity causes the assumption of independent errors to be violated. In many
empirical studieswhere macroeconomic variables are considerdtky are treated as
endogenos because of the potential for reverse causdilig. model in this chaptassums

there is an endogenous association among the macroeconomic variableg. comigyk for
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the possible problem of endogeneity by including the lagged levels of macroeconomic
variables This enables us to eliminate the spurious effects and to determine the lagged effect

of the variables on the duration of bubbl&bis chapterdoes not include first order lags

because including more lags can result imsoderable loss in initial timgeriods. This chapter,

therefore separatebetweertwo channels through which the macroeconomic factors can exert
influence on st oc lcomampdianessfiectscandr(iinlaggecefiects. (i ) t h

2.4.Data and Empirical Methodology

The empirical implementation of the causal effects of macroeconomic variables on the duration
of stock bubbles is not direct but involves two steps. The firstistegves testing for the
existence of stock bubbledating the bubbleand obtaining its durations using the generalized
supremum Augmented Dickey Fuller teist.the second step, cldgg models are estimated

via maximum likelihood method to obtain thewicroeconomieffects

2.4.1.The Generalized Supremum Augmented DickeyFuller Test

The basic equation for the Augmented Diclkayller (ADF) regression required for testing the

stationarity of data in an AR(1) process is given as:

© Y T o o o6x'@gaxBmm o wherel p e

wherew is the asset returp,is the intercept coefficientyis a fraction of the population size
andT represents the coefficient that localizes and influences the extent aindrifte intercept
as”Ytends to infinity] is the slope coefficien§ is a martingale difference sequence since
the expectations af with its historical series are zero. The stochastic autoregressive process

is typically assumed to have a rodtlo

By reformulating Eq. ¢& into a reduced form version, a new equation, E&v , with linear

stochasticQ order autoregressive process is obtained as:
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where® is fixed, is the interceptQis the maximum lag length, p8 Qare the lagged
differences of coefficienb, the change operator is denoted/asd the uncorrelated error

term is- with O - TT1andO - .

Detecting of bubbles in an underlying asgwolves testing of hypothesis. Thus, to test for
bubbles using the conventional ADF test, the null hypothesis of unit root process is tested

against an alternative of stationarity and this is given by:

( &f's pagainst dg s p

However, to test for mitiple bubbles that collapse periodically trecursiveGSADF test
which s a rolling window righttailed testdeveloped by Phillips et al. (2014) antliosh has
high power against the conventional ADF test is used. Thus, it is apposite to test the null of

unit root against the alternative that multiple bubbles collges®dically,and this is given

by:

(s pagains g s p

The null of unit root states that the observations on an underlying variable follow a random
walk whereas the alternative premise states that the probability distribution of the leeenyis

tailedtowards the right.

The GSADF test statistic is expredsas:

'31 9& o)e)>) 600 P T

wherei is a fraction of the full sample or minimum window sizeandi denote the first

and last data points of the sample, respectively.
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Before the test is conductedcursive estimation of Eq¢&v is first carried out using the
sequential PWYestimator. The recursive estimation is performed by allowingndi to
change but only if the data points are inside the defined limitstfi 1 andi ~ i fp,

respectively.

The righttailed critical values of the nestandard distributions for the finite samples do not
rely on the theory of asymptotic distribution but the distributions are evaluated by a feasible
alternative, whichinvolves simulation viaMCMC technique. When the 3 ! 8 & statistic
exceeds the simulated critical value, the null hypothesis of unit root is rejected in favour of the
alternative that multiple bubbles collapse periodically. Hence, rejection of the null hypothesis
indicates thexistence or presence of multiple bubbles in an underlying asset.

The recursive GSADF test is useful in detecting bubbles because the window of the sample is
not fixed throughout the estimation, therefore it allows for more flexibility in estimating the
stability of the coefficients. Moreover, the test allows for switghof regimes from a unibot

to periodically collapsing bubbles and vice versa. Further, the test hasliagenstructure,

which enables it to detect multiple episodes of periodically collapsing bubbles. The sequential
PWY estimator applied in estiniag) the episodes of bubbles and dating their start and end

periods is asymptotically efficient and consistent.

2.4.2 .Duration Models

This subsection presestthe cloglog duration models for investigating the influence of
macroeconomic variables on tderation of bubblesTo estimate these effectis chapter
consides two types ofmodels: (i) baseline model without controls for counsgecific

characteristics, and (ii) model with random effects.

1 See Phillipset al.(2015) for an indepth discussion about the estimator
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2.4.2.1 Baseline Model

The hazard function is a principal part of duration analysis.the instantaneous hazard rate

of an eventwhere he hazard rate is the conditional probability that an event happens in a time
interval given that the event has not yet happened bydimnethis chapteythe hazard rates

the conditional probability of a stock bubble completing its survival aifterd. An advantage

of using the hazard function is that it can be used to predict the condpiohalbility of an

event which involves maximizing the conditional Jligelihood function instead of the
unconditional density function which can result in loss of efficiency. Thus, it is plausible to use
this function because it can accurately predict the hazaed it the factors thatould
potentiallyinfluence the probability of stock bubble.

In studiesbasedon durationanalysis the response variable is a point event (failure) which
occurs after a duration (survival or failure time). In gthepter the poin event is an episode
of periodically collapsing stock bubble while tharvival orfailure time is the duration of the
bubbly episodeAccordingly, thesurvival function®Yo which is theprobability of a stock

remaining in a bubbly state prior éas definedas:

36 00Y o QoA O P p

whereo denotes the time periotis the survival timeQo is the probability density function
of "Y

The hazard function is expressed as:
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Applying the conditionaprobability rules, we have
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The derivative of the standard cumulative distribution funcfion,”Yo . Since
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Similarly, Q0 can be expressed as the derivate of the survival function (in logarithm) given
by
0 T 0de@Y
YO
Since stock bubbles is not an event that occurs continuously in time but it cacomyat a
discretetime, for instance, the length of time in a bubbly state; a change can only occur at the
end of the bubble. Based on this, we treat the length of time in bubbles as diswetariable

because we count the number of periodicallyagsing bubbles.

In discretetime, Eq. ¢® aisgiven by

~
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where3 6@ B D  states the probability for each couri@jth the timevarying covariates
D B M to survive until timed, and3 o is the survival function at the starting point when

the corresponding set of covariates all equal zero. Since we have now established the link
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between the survival and haddunctions, we next consider one of the popular dis¢hete

duration models, the cleipg model given as

Q0D B P p QO © 8 g8 MO WM CcPUL

The transformati on f ois estimhted withonthanhut dikelipoodb b a b i |
estimators. The motivation for the use of this estimator is because it is an asymptotically
efficient and consistergstimator,and it has the ability to look for the hesstimate for the

parameters.

To model the effect that macroeconomic facto
the cloglog model, which is an extension of the multivariate generalized linear model. This
model has several attractive featur€irst, it allows timevarying covariates to be combined

with flexible duration specifications (Jenkins, 1995). Second, the estimated coefficients of
factors are simpler to interpret (McCullagh, 1980). Third, maximum likelihood techniques,
which have thesymptotic property of consistency and efficiency, are used for estimation of

its parameters and for inference. Fourth, it allows for asymmetric power transformations in the
probabilities or the fitting of asymmetrically transformed probabilities to ttataus provides

the best fit for the parameters because it allows the error distributions to be asymmetric. Fifth,

it is flexible enough to accommodate heterogeneity across markets from the different countries.

Theprobability that bubbles will survivs fitted in a cloglog model. Accordinglythis chapter

specifesa hazard function as follows

N0 00Y ogY dlBT I P o

where’Qo denotes the probability ofssiockmarket bubble surviving dime 0 given that the

stock bubble had not yet occurredbat | f t he probability Qof bubb
is the probability that it fails after periarior the probability that it survives at least until period

0. "Yis the duration obubbles, whichrepresents the expiration timg. O is the standard

cumulative distribution functiofi. is the interceptw is a vector of timevarying observed
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countrylevel covariates for countrigwith 'Q pH8 R at yearowith © pHB FY 1 is the

linear vector of parametecarrespondingo the timevarying covariates i

The hazard function of the multivariate regression model of interest is then given by

O p QONQMIRO [ 00 00« H O3 t 00D P X

where’Q 0 is theunderlyingbaseline hazard rate at timehen the corresponding set of
covariates all equal zer@ "@ndO "@epresents the vectors of domestic exogenous factors,
respectivelyO "Gand’O "Gare the vector of the laggedacroeconomiwariables is the lag

operatorf ,1 ,* andt are the vectors of unknown slopeefficients.

This chaptetakesi nt o c on s i der aperiodatriskdodbobbles ara tiperiodoy 6 s
nontoccurrence of bubbles during the given time interddlis allows us to model the
probability of bubblesd duration usinlg binar
The regression this chaptewantto fit using a model for binary resporg&ta,or the more

popular logit binary link cumulative distribution functiggiven by

O@W p BT 100700 HOO t 00O CH Y

wherew is binary responseariable, which represents the probability of bubBlawiving or
that the market in countf§exits the bubbly statat durationp. The lefthand side of Eq.
¢® Wtakes on a value of 1 when the market exhibit bubbles in peéooa value of O if it

does not. The binamgsponseariable is represented by:

ph O 01 ALED M@ BDRGA A O -
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The associated conditional ldigelihood function of the hazard function wherassumethat
the errors are normally distributed with zero mean arftbgadnal to observable country data

is then given by
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where® denotes the completed stock bubble episode.

The loglikelihood function for the model can be-written in form of a binary response

variable as:

110C 0l T p w1 1€ Q c& p

2.4.2.2 Model with Random Effects

The baseline model assumes that the duration of bubbles in the hazard fisnofioenced

only by countryspecific factors that are directly observable, i.e., the macroeconomic factors.
However, some unobserved courspecific factors that can expladaration of bubbles across
markets, as earlier explaind@ve not been captured by the model. Omitting these unobserved
effectscouldcause downward bias in the coefficient estimates, resulting in the underestimation
of the covariate effects. It is impartt to control for heterogeneity bias in the model for the
reasons previously discussebb overcome this empirical issuthe chapterextend the
baseline specification by incorporating the random effects. The linear Hamatn, which
captures thesenobserved country differences as random disturbaiscgis/en by

Qo M - 00Y o0SY BT ®ih h
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where all the termsemain as earlier describetEq. ¢® x and ¢® B~ is vector of random
effects, whichaccounts for the unobserved courspecific effects. It is a subomponent of

the normally distributed randodisturbanceand it is independent of the de.
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To estimate the hazard functionkiq. ¢& ¢, one carrely on proportional hazards or random
effectsdistributional assumptiongf the function is estimated by imposing the proportional
hazards assumption on its conditiomigtribution, then there should be equal correlation
between the vectors of covariatasge (Allison, 2010). Hence, the hazard rates will rise or fall
by a proportionate amount for each courift timeo. If onechoossto adopt this assumption,
then the entiretime unis will have similar intervals. Although thiassumptionhas been
commonly applied in duration analystbis chaptedoesnot rely onit because there are a few
concernsFirst, many empirical applications that impose this assumption entipdgartial
log-likelihood estimatothatis not an efficient estimator for robust inference. Second, the usage
of a similar interval for all observationshas been criticised because it can lead to biased

estimates and even lead to misleading inference.

To obtain consistent estimates and prévgourious inference, it is more reasonable and
appealing to base our estimation of the hazard funotiaine randoneffects assumption, i.e.,

that the observed explanatory variables are uncorrelated with unobserved
heterogeneitywh- 8In other words the errors of the random variableare distributed
independently of the explanatory variables,The chaptethus releson this assumption and
estimate the function by including t@aussiamistributions of random variatdéo correct the

bias arising from heterogeneity. The maximization of the marginal distribution of random
errorsis estimated using the maximum likelihood estimator via the likelifaodtion, which

is a more consistent estimator -of than the partial dglikelihood one. To obtain the
approximate marginal distribution of the random erréin® chapteremploys a Gaussian
guadrature type of approximation. More expliciityuses the mearvariance adaptive Gauss
Hermite quadrature approximation technique to integrate out the value of random #ffects.
employsthis technique because it ensures asymptotic convergence to the true parameter value,

it can reliably fit the random effects mogdahd it provides accuragproximations.

2.4.3.Data

To, empiricallyi nvesti gate t he deratientthechapenextdesaibe b ub bl
the data seflTheinvestigation will be executed in two stages. In the §itage, whichnvolves
the simulation omultiple episodes of bubbles and the dating of these episbdegploys data
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that consists mainly of the weekly cl osi
for this data covers the period, 03 January 1995 until 03 November 2016. btihaiss 1140
observations, whicls presumably large enough to enablegadetect multiple episodes of
bubbles in the data.

Prior to testing whether the martingale component of stock prices has an explositbepath,
chapterdirst model it as a stocktc process. To procedtfransforns all the prices using the
standard natural logarithm in order to derive their logged return series, formulatedkas:
a&é MM .0 pheB RAYwithi denoting the return on stocks for count@yt timeo,
whereas) andny  denote the prices at periodando p, respectively. Nexit obtairsthe
episodes of bubbles and date them usawyrsiveGSADF test via Monte Carlo simulation.

Finally, it construcs the duration of bubblegO® i from the datestamped periods.

In the second stage, whete chaptewill empirically examine the effect of macroeconomic
factors on duration of bubbles using clog modelsjt uses a series of underlying domestic

and exogenousvariables for a @nel of 21 countri€s The main countryevel explanatory

variableshe chapteusesst o exami ne t he key soicroued rofesulb

economic activity measured in terms of the growtBDP per capita "OQ 1), aflation "0¢ "Qa
realoil prices 'Y ¢ fjrealgold prices 'Y "Qrjvolatility in GDP per capita™OQ ry @ viriflation
volatility "O¢ "Qa ,uvelatility in oil prices 'Y € 1 0,évalatility in gold prices Y™ Qn 0,€ &

portfolio inflows 0 £ i 0 ii@erest rate gab O n & which captures the contribution of

monetary policy anglield spreads ® QQi wiiQi ch captures the expect

future economic growth performances.

Next, to check the robustnesisour baseline resultthe chapteincludes alternative variables.
Real GDP per capitas removed ad is replaced withgrowth in consumption'Y & ¢ ¢and
growth in investment'Y "QQwhich are both components of economic activiyso, for the

robustness analysis removael inflation and replaagit with the GDP deflator'O¢ "QQifich

ng

2 A more detailed description of the list of countries grouped by income and financial development levels is

presented in Appendix 1.

3 This is computed by taking the difference of the shemnreai nt er est rates from the

interest, which is obtained and extracted using the HodRiekcott filter.

4Yield spreads which measures the slope of the real term structure is calculated as the difference between the 10

year sovergn bond yields and the treasury bills rates.
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is an alternative measure of inflatidghexcludes inflation volatility derived from inflation and
replacd it with inflation volatility derived fromGDP deflator ‘O¢ "QQ "OBlEtlie dataare

arranged in a panel because they are eessonal timeseries.

The data for the explanatory variables described above spans the period 1995 to 2015. It covers
a sample of countries drawn from DEE nam@lystralia, Belgium, Brazil, China, Colombia,
Gemany, Hong Kong, Indonesia, Ireland, Italy, Japan, Korea, Malaysia, Mexico, Netherlands,
New Zealand, Portugal, Singapore, Spain, Thailandiamd).S. The data are obtained from
different sources. Data on stock prices come fronMB8€I database oBloomberg The data

on the macroeconomic factors origingbeimarily from a variety of sources namely
DataStreamand Eikon the International Monetary Fund, the Global Financial Development
databaseandthe World Bank

Prior to the empirical estimationse chapteconducted some preliminary data checks. Two
separate checks are conducted because as stated earlier digatwewill be in two stages.

The first check is carried out using only data on stock retwhde the second one is
implemented using data on the macroeconomic factors and the duration of bubbles. Table 2.1
reports the summary statistics. Panel A pnésthe summary statistider the log of average

stock returnsSome interesting insights emerge. Towest and highest returns are in China

and Mexico, respectively. The standard deviation of the log of average stock returns is highest
for Colombia, whichimplies that it has a higher variability while Japan has the lowest
variability. There is, of courseonsiderable heterogeneity across countries as revealed by the
different standard deviation resulis.addition the skewness are less than zero for most returns
(excluding Brazil, Indonesia and Italy). This indicates that stock returns have flatttieilsef

unlike the normal distribution. The kurtosis are all 1zemo indicating peaked and 4iailed
distributions. The normality test is rejected as shown bydhgueBerastatistics. The negative

skew, excess kurtosis addrqueBera statistics all mdicate that the distributions of stock

returns are nocmormal.

5 A more detailed description of the variables, its description and sanegsesented iAppendix 2.
6 Unfortunately, the sample size is restricted to these countries beeawseeunable to find evidence of bubbles
in some countries and because of the constraint in obtaining consistent macroeconomic data.
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Panel Bpresents the summary statistics for the duration of bubbles and the macroeconomic
factors It can beseen that the average duration of bubbles for all countries in the sample is
13.37 weeksPanel C pesents the contemporaneous correlations. It showsmaitgnegative
associations between macroeconomic factors and duration of bubbles with just a few positiv
associations. It also shows that the macroeconomic factors that has highest and lowest

correlations witHO & are’O¢ "QaandY dQrrespectively.

Table 2.1: Summary $tistics

Panel A StockReturns Data

) ) Std. Jarque
Mean Median  Max. Min.
Dev. Skewness Kurtosis Bera
Australia 6.3697 6.4450 7.1250 5.6539 0.4449 -0.0331 1.3411 130.91***
Belgium 42269 4.2776 47935 3.3565 0.3213 -0.3348 2.1183  58.22%**
Brazil 7.1714 7.1004 8.4478 5.6550 0.6977 0.0226 1.7066  79.55%**
China 1.7083 1.9437 2.6103 0.5229 0.5071 -0.7073 2.2841 119.38***
Colombia 5.6175 59450 7.2395 3.7199 1.1168 -0.1419 1.5227 107.49***
Germany 45358 45969 5.1053 3.7346 0.3129 -0.6083 2.6238 77.01***
Hong Kong 6.9252 6.9124 7.5331 6.1298 0.3279 -0.1000 1.9872  50.62***
Indonesia 7.4208 7.3508 8.8021 5.6607 0.9360 0.0490 1.4277 117.46***
Ireland 4.0079 4.1020 4.8377 2.9291 0.5293 -0.3814 1.8474  90.73***
Italy 4.2637 4.2071 48671 3.6514 0.3395 0.0913 1.7309  78.09***
Japan 1.9354 1.9451 2.3013 1.3605 0.1988 -0.3884 2.5776  37.14***
Korea 5.6717 5.7577 6.4443 4.1403 0.5996 -0.4518 2.0487 81.77***
Malaysia 47166 4.8575 5.3571 3.1844 0.4472 -0.5089 2.4414 64.03***
Mexico 7.9717 8.0752 8.9469 6.4097 0.7147 -0.2122 1.5213 112.41***

Netherlands  4.4238 4.4511 4.8963 3.6556 0.2884 -0.5330 2.7000 58.25***
New Zealand 4.2232 4.2978 4.7454 35069 0.2795 -0.6256 2.4154  90.60***

Portugal 41861 4.2191 48315 35222 0.3463 -0.0416 1.9622 51.48***
Singapore 6.7553 6.7458 7.3220 5.6775 0.3728 -0.3583 2.1022 62.68***
Spain 45476 46261 51895 3.3200 0.3880 -1.3803 4.7839 513.12%**
Thailand 2.0899 21394 3.1819 0.5684 0.6564 -0.3400 1.9894 70.48***
us 7.0392 7.0623 7.6405 6.0707 0.3307 -0.4716 3.2798 45.98***

All series are in natural logarithm. ***denotes 1% significance leM@l. and Max. denote minimum and maximui
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Panel B Duration ofBubbles and Macroeconomic Factors

Variable Mean Std. Dev. Min. Max.

Dbs 13.251 16.454 0.000 53.000
Gdpc 4,506 3.928 -13.422 33.527
Infl 3.558 5.621 -4.480 66.010
Portf 35.833 59.913 0.330 294.680
Yiespd 1.227 2.725 -14.766 12.002
Mpol 0.000 2.256 -21.973 13.893
Rop 69.665 380.635 0.0009 3206.052
Rgp 927.422 5003.331 0.0148 40592.321
Gdpcvol 6.920 1.015 3.087 10.827
Inflvol 0.727 0.494 0.016 3.492
Ropvol 0.366 1.191 0.0001 7.100
Rgpvol 1.0534 1.587 0.001 9.903
Infdf 3.756 7.003 -6.007 89.497
Infdfvol 0.802 0.573 0.035 3.816
Rcons 3.432 4.105 -12.658 30.733
Rgi 3.622 13.259 -49.210 138.439
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Panel C ContemporaneouRairwise Correlations Matrix

Dbs
Gdpc
Infl
Portf
Yiespd
Mpol
Rop
Rgp
Gdpcvol
Inflvol
Ropvol
Rgpvol
Infdf
Infdfvol
Rcons

Rgi

Sbs

0.0403

-0.0026

0.0705

-0.0097

0.0464

-0.0350

-0.0460

-0.0067

0.1076

-0.0058

-0.0203

0.0391

0.0472

-0.0128

0.0015

Gdpc

-0.1415
0.1318
-0.0956
0.0004
-0.0174
-0.0279
0.0235
-0.1135
-0.0483
-0.0681
-0.0554
0.0264
0.6222

0.6081

Infl

1

-0.1273

-0.1367

-0.4971

-0.0655

-0.0700

-0.3385

0.6037

-0.0943

-0.0817

0.9246

0.4992

0.1995

-0.1111

Portf

0.0471

0.0050

-0.0537

-0.0541

0.3539

-0.0209

-0.0681

-0.0795

-0.1236

0.0814

-0.0282

0.0521

Yiespd

1
-0.0871
-0.0148
-0.0083

0.0361
-0.1002
-0.0041
-0.0170
-0.1534
-0.0167
-0.1736

-0.0627

Mpol

0.0009
-0.0006
0.0014
-0.1469
0.0090
0.0043
-0.4731
-0.1180
-0.1669

0.0717

Rop

0.9697
0.0762
-0.1045
0.8783
0.8100
-0.0652
-0.1239
-0.118

-0.033

Rgp

1
0.0978
-0.1135
0.8837
0.8225
-0.0654
-0.1232
-0.1140

-0.0365

Gdpcvol

1

-0.3143

0.0984

0.1718

-0.3154

-0.1814

-0.1234

0.0044

Inflvol

1

-0.1403

-0.1238

0.5470

0.6818

0.1342

-0.1098

Ropvol

0.9600
-0.0909
-0.1532
-0.1470

-0.0563

Rgpvol Infdf Infdfvol Rcons Rgi

1
-0.0781 1
-0.1490 0.5530 1
-0.1526 0.3556 0.3165 1

-0.0666 0.0539 0.0432 0.5400

1
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Another preliminary check thaihe chapteconducted are unit root tests for stationarity. It is
crucially important thait caries out this check in order to examine whether stock returns
exhibit nonstationary behaviour. Evidence that returns followrstationary path or random

walk process might indicate that it has explosive characteristics and that it is unpredictable.
These characteristics could also indicate the presence of bubbles. The unit root tests were
conducted by relying on several standapgproaches; h e A u g me nRullerdPhilipsc k e y
Perron (PP) and Kwiatkowskhillips-SchmidtShin (KPSS). Table 2.2 presents the unit root

test results for logged stock returns.

Table 2.2: Unit Root Tests at Levels for Logged Stock Returns

ADF PP KPSS

Series [ p-value r p-value [ p-value r p-value [ r

Australia -1.5590 0.5033 -2.2042 0.4862 -1.5297 0.5183 -2.1698 0.5055 3.6278 0.3536
Belgium -1.8935 0.3356 -1.8420 0.6836 -2.0242 0.2765 -1.9830 0.6095 0.3115 0.2667
Brazil -1.4222 0.5726 -1.6685 0.7647 -1.4712 0.5481 -1.7712 0.7182 2.7749 0.4272
China -1.5407 0.5127 -1.9572 0.6234 -1.6939 0.4341 -2.0843 0.5535 1.2116 0.6325
Colombia -0.6865 0.8480 -1.5098 0.8261 -0.6833 0.8488 -1.4888 0.8332 3.4453 0.4642
Germany -2.3463 0.1577 -2.4029 0.3777 -2.3579 0.1542 -2.4305 0.3633 1.4089 0.2073
Hong Kong -1.6792 0.4416 -2.6721 0.2485 -1.8510 0.3559 -3.0021 0.1320 3.0893 0.3354
Indonesia -1.2707 0.6450 -2.1137 0.5371 -1.2535 0.6529 -2.1649 0.5083 2.1871 0.5488
Ireland -1.0428 0.7396 -1.7840 0.7121 -1.1371 0.7029 -1.8276 0.6908 1.8912 0.4056
Italy -1.6577 0.4526 -2.0550 0.5698 -1.6877 0.4373 -2.0754 0.5585 0.9096 0.5960
Japan -2.3771 0.1485 -2.3136 0.4256 -2.4644 0.1246 -2.4051 0.3766 0.2543 0.2327
Korea -0.9347 0.7774 -2.5785 0.2904 -1.0851 0.7236 -2.9651 0.1426 3.8309 0.2649
Malaysia -1.3814 0.5927 -2.0227 0.5877 -1.6982 0.4319 -2.3558 0.4028 1.9900 0.4625
Mexico -1.4177 0.5749 -2.2666 0.4515 -1.4181 0.5747 -2.3234 0.4203 3.9663 0.3826

Netherlands -2.4467 0.1292 -2.3592 0.4010 -2.4339 0.1326 -2.3434 0.4095 0.5487 0.2810

New
-1.6673 0.4477 -1.9161 0.6454 -1.7306 0.4155 -1.9798 0.6112 0.8269 0.2610

Zealand

Portugal -1.2857 0.6382 -2.0521 0.5715 -1.4407 0.5634 -2.1250 0.5307 1.0057 0.5342
Singapore -1.4539 0.5568 -2.2460 0.4629 -1.6582 0.4524 -2.5102 0.3231 2.5488 0.3719
Spain -3.0155 0.0338 -2.4575 0.3495 -3.0171 0.0336 -2.4503 0.3531 1.6617 0.5505
Thailand -1.5907 0.4870 -2.3921 0.3834 -1.6694 0.4467 -2.5097 0.3233 1.4428 0.5783
us -2.4099 0.1392 -2.6421 0.2615 -2.4106 0.1390 -2.5898 0.2851 2.4046 0.3109

Notes:All series are in natural logarithm. constant whereas denotes constant and trend. The ADF and PP'@@sgfs Tt
againstOd’ 1t The null for the KPSS test is stationarity.
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The tests were carried out at levels and using the maximum lag available. All the tests employed
failed to find evidence of stationarity. This implies that there is relatively high persistence in
stock returns. More precisely, it implies that stock retalimergefrom its mean values and

follows a random walk.

2.5. Estimation Results

With the econometric methodologies set aside in the previous section, this section will present

the results from the recursive GSADF test and the-ldggnodel for markets in DEE.

2.5.1.RecursiveGSADF Test for Stock Market Bubbles

Prior to performing the recursive GSADF tdfsir each countrythe chaptewill first determine

the parameters for simulatidPhillips et al. (2015) has suggestedt theformula, i T8t p

P& 14 (where4 refers to the total number of observations) be used for the calculatioa of t
minimum window sizelt adopted this formula and obtained the minimum window size to be

used for our recursive regressidine lag orderQto be used for the recursive regies is set

to a maximum of 1,’Q p 8. Onceit has determined the parameters for the simulation, the
95% exact finite critical values sequence for the test will be obtained using a Monte Carlo
algorithm. Iteration of the algorithm is done up to 1000 sinmeorder to generate the critical
values Following this iteration, the test statistics will then be computed. Apart from this
computation, the 90%, 95% and 99% distributional quantilbgh are the rightailed critical
values are computedThese quatiles are used for deciding whether stock returns exhibit

explosive behaviour.

The number of trading days in stock markets usually ranges between 252 to 260 days in a year.

It is expected that markets are informationally efficient and that curremmafmn about

" The Philips methods a stopstart method, Were when the bubble bursts one must restart the process. So, it is
backward looking and can only detect bubblespest and cannot model the entire procesarme or the
persistence of the process. This weakness can be overcome using the randomntosafitbé proposed by
Banerjee et al. (2020).

8 The reason for adopting this setting is tRatllips et al. (2014) have demonstrated that the selecti@using

an alternative approach, the tdpwn approach of Campbell and Perron (1991) results in extreme size distortions
and this can reduce the statistical power of the test.
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fundamentals are rapidly reflected in prices. Hence, if tiwereany deviation of prices from

their fundamental value up to a minimum duratj& of 6 periods this would be considered

a bubble.

Table 2.3: Recursive GSADF Results for Explosive Stock Behaviour

Country GSADF test statistics
Australia 2.2152*
Belgium 3.4357***
Brazil 2.5462**
China 2.8114**
Colombia 3.0532***
Germany 3.3368*
Hong Kong 2.9578***
Indonesia 5.6884***
Ireland 4.0490*
Italy 3.5617*
Japan 2.9481***
Korea 2.3608*
Malaysia 3.4452***
Mexico 3.8813***
Netherlands 3.0308*
New Zealand 2.3567***
Portugal 2.7517**
Singapore 3.7580***
Spain 2.7594**
Thailand 2.7065**
us 2.3036*
Finite sample critical values
99% 95% 90%
2.8999 2.4644 2.2222

Note The finite critical values of the GADF tests are estimated fiktonte Carlo simulations based 4600
replications. The total number of observations, T= 1140 and the lag, k=1."** ihdicates 1%, 5% and 10%
significance level, respectively.

Table 2.3 presents the result of the recursive GSADF test. The test aetdiple explosive

paths in logged stock returns at the conventional significance levels for the countries

9 Phillips et al. (2011) have suggested that the minimum duration be constrainéd# hwheret is the number
of trading day in stock markets.
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examined®. For instance, the result shows that the test statistic of 4.04 for Ireland exceeds its
critical value at 99%. This resulted in the otjen of the null hypothesi¢, g&f's p of unit

root (random walk) and implies that there were multiple episodes of bubbles. Similarly, in
Belgium the test statistic of 3.43 is above its corresponding 99% critical value of 2.89. The null
hypothesis( d&fs p of unit root is thusejectedagainst the alternativé, d&f's p of

multiple bubbles at the 1% level of significance.

Figure 2.1 displays the test results for bubbles in the respective countries. It shows the observed
log of stock returns and the simulated test statistics alongside its corresponding 95% critical
value sequencé he green line traces out the log of stoekurns. The blue line is the test
statistic sequence while the red line is its corresponding asymptotically distributed critical
value at 95% confidence level. It can be seen from the figure that at times the test statistics lies
above their critical value This is clear indication of the presence of bubbles. It can also be
seen that some markets have more pronounced explosive behaviowthbenhaveFor
instance, episodes of bubbles appear to be more prominent in Gedapagand Portugal.

There arehowever, fewer episodes of bubbles in Indoné&iaea,and the US.

Figure 2.2 plots the duration of bubbles across stock markets. The figure displays the duration
of bubbles prior to the GFC, during the crisis and qoasis. The figure allows us tgain a

deeper insight into the duration of bubbles. Our goal here is to compare the length of time that
bubbles survived during these different periods. Some interesting findings across markets are
revealed. It can be clearly observed that there were ésibloloss markets particularly prior to

the GFC. This is because the log of stock returns exceeded the minimum duration in most of
the markets during this period. In terms of the type of economy, it is obvious that more
emerging economies experienced bekbdnd had durations that were longer than those of
their developed counterparts, particularly in 2005 and 2006. A more interesting picture emerges
during the GFC period. More stock markets seem to have had dramatic episbdbble$

that lasted for an @endedtime. These dramatic episodes are witnessed in markets of both
DEEs As shown in the plot, during the pasisis period particularly in 2015, there is an

10The data for Chile, FrancBhilippines,and the United Kingdom (UK) were also tested for bubbles. However,
the test failed to show evidence of bubbles in their stock markets duripgribd examined. Due to the lack of
evidence of bubbly episodes, these countries were excluded from our study. Althedoind evidence of
bubbles for Taiwan, Argentinaand Peruwe had to exclude them in the second stage due to paucity of
macroeconomidata.
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emergence of bubbles with long durations. This is surprising and so, there is need for us to
better understand what factors are affecting

Figure 2.1: Recursive GSADF Test Results Based on Backward Regression for Stock
Returns
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2.5.2.Results ofContagion Models

The results of the baseline moeeth and withoutandom effects and the model using
splitted sample of countriege presented in this sisection.

2.5.2.1 Baseline ModelResults

This sectioranalyssthe quantitative results for the covariate effects of macroeconomic factors
on duration of bubble€olumns (1) and (2) ofable 2.4 reports the baseline results using the
model without controls for unobserved differences across countries. The modelsctotr
endogeneitylt also controls for withircountry correlation in the residuals in order to obtain
robust standard errors and for the statistical improvement af ther a r doefficien.sThe
results are interpreted in terms of the size of coima#ects and as the probability of a bubble
ending.

The result of the baseline model shows that contemporaneous inflation is important for
understanding how longbubble survives as it yields a significant positive effect. An increase
of 10% in the gearal price level increases the duration of bubbles by 0.72%. This suggests that
an increase in the general price of goods serdicedowers the probability that the bubble

will end. The result also shows that the coefficient of portfolio inflows is ipes&nd
statistically significant at the 5% level. A rise in portfolio inflows increases the duration of
bubblesSpecifically, a 10% increase in portfolio inflows is associated with a 0.10% increase
in the duration of bubbles. This implies that surge aftfplio inflows triggered by higher
returrs in the home country reduces the probability #taabblewill end.

The chaptenext consides the conditioning set of macroeconomic variables for addressing
possible endogenefty It is interesting to find evidence of the effect of laggadablesin
determining the duration of bubbles. The size of the effect of these lagged covariates appear
larger than their contemporaneous effects. One possible explanation for this is that the overall

effect is affected by the presence of endogeneity. In all, there are four statistically significant

11 potential endogeneity could arise because of the correlation of regressors with error terms.
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lagged explanatory variableshich aranflation, portfolio inflows, yield spread and volatility
in gold prices.
Table 2.4: Resuls of theBaseline Model

Modelwithout Random Modelwith Random

Effects Effects
Variables Coefficients  p-values Coefficients p-values
(1) (2) ) (4)
Domestic factors
Gdpc -0.025 (0.025) -0.022 (0.024)
Infl 0.077" (0.035) 0.063 (0.053)
Portf 0.010" (0.005) 0.011 (0.008)
Yiespd 0.029 (0.031) 0.010 (0.052)
Mpol 0.067 (0.064) 0.063 (0.064)
Exogenoudactors
Rop 0.009 (0.006) 0.009 (0.009)
Rgp -0.000 (0.000) -0.000 (0.001)
Volatility of factors
Gdpcvol 0.007 (0.107) 0.035 (0.112)
Inflvol 0.155 (0.228) 0.204 (0.219)
Ropvol 0.518 (1.629) 0.637 (1.476)
Rgpvol 0.276 (0.236) 0.199 (0.283)
Lag of factors
Gdpc_L1 0.034 (0.021) 0.043 (0.024)
Infl_L1 -0.099™ (0.029) -0.104" (0.044)
Portf L1 -0.009 (0.005) -0.010 (0.008)
Yiespd_L1 -0.080" (0.035) -0.084 (0.046)
Mpol_L1 -0.063 (0.049) -0.068 (0.056)
Rop_ L1 0.006 (0.007) 0.006 (0.012)
Rgp_L1 -0.001 (0.001) -0.001 (0.002)
Gdpcvol_L1 -0.164 (0.112) -0.180 (0.156)
Inflvol L1 0.290 (0.234) 0.411 (0.247)
Ropvol L1 1.486 (1.481) 1.582 (1.639)
Rgpvol L1 -0.784" (0.251) -0.805™ (0.310)
_cons 1.088 (0.739) 0.974 (1.017)
Controlsi unobserved effects No Yes
Wald test statistic 1.20E+06 35.75
(0.000) (0.032)
ag -2.819"
(0.923)
Likelihood ratio test ... 3.70
(0.027)

Notes Significance levels! p < 0.10,™ p < 0.05,™ p < 0.01, respectively. The estimates reported are the
standardized and not the exponentiated coefficients. The standard errors for-4bg ohoglel using clustered by
country residuals and the model with heteroskedastic standard errors that controtsbi&®rved heterogeneity
are given in the parenthesis. The Wald test statistic with asymptotiistributions for coefficient restrictions
and likelihood ratio tests for the absence of unobserved heterogeneity are reported.
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Inflation exers a strong negative influence on the duration of bubbles. Precisely, a 10%
increase in lagged inflation results in a 0.99% decrease in the duration of bubblesh&ince
past errors of inflation reflect inflation persistence (inflation rates do not chaomgediately
becausats past levels influence future prediction of inflafipthe result indicates that high

level of inflation persistence increases the probability that the bubble ends.

Portfolio inflows exerts a strong negative influence on the donatif bubblesThe result show

that portfolio inflows has the weakest lagged effect on the duration of bubble and the
relationship is negative. Indeed, a 10% increase in lagged portfolio inflows lead¥®%6 O.
decrease in the duration of bubbles. This iegpthat large portfolio inflows the previous

period increases the probability tlettubble will end.

Yield spreadsiasa negative coefficient estimate-9£080. A 10% increase wield spreads

the previous periot associated with a 0.8% decrease in the duration of bubbles.

The volatility in gold prices is negatively r&ed to the duration of bubbles and has an effect
of 7.84%.This suggests that past effects of shdc&m goldand uncertainty are associated
with a decrease in the duration of bubbles. Higher volatility in gold prices (lagged) may dampen

speculative trading in stock markets and increases the probability that a wilbbled.

It striking to find that the coefficients of growth in real GDP papita andyield spreadsire

not statistically different from zero. This indicates that these factors have no significant effect
on the duration of bubbles. Similarlihe view that sustained accommodative policy stance
(which translates to cheaper costhafrrowing or credit) is a determinant of bubbles is not
evidenced in thighapter Our result is thus inconsistent with the findings of He et al. (2019)

but somewhat consistent with thatlainde and Timmermann, (2004)

To evaluatewhether the baseline model yielded consistent estintheeshapteconduced a
model diagnostic check using the conventional Waldftegoint effectswhich tests the null
hypothesis oall the coefficients being zer The test is strongly statistidalsignificant at the
1% level withry @&t 1t leading to a rejection of the null hypothesis that all the coefficients

are jointly equal to zero. Thuthe chapterconcludes that the set of coefficients used for
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regressions are valid for the estimatiad@serall, there is evidence th#te duration of bubbles

is dependent on both domestic and exogenous factors

In column(3) and (4) ofTable 24 the chaptereport the fitted estimates of the regression based
on the model with random effects. There are clear differences between this result and
previously obtained baseline result. Even though the baseline model controlled for within
country correlations it dtisuffers from bias arising from the lack of control for unobserved
country heterogeneity. This is because it does not pick up any variations arising from random
effects. The inclusion of random effect lowers the degree of bias in the estimates of g@ramet
and provides greater precision by improving the models fit. The Table also reports the
likelihood ratio test for the unobservidterogeneity, whicehows that the variability arising

from countryspecific heterogeneity exists as indicated by thesGbare,... statistic which

is statistically significant at 5% levely T8t ¢ x Moreover, the error due to each country
from the aggregate error term measured as the sigma squaged is strongly significant at

the 1% level further indicating thpresencef heterogeneity across country.

The result shows that the coefficient estimates of the contemporaneous factors are not
statistically different fromzero; only the lagged covariates are significant. An obvious
explanation for the absence of contemporaneous relationship is that it caslddeel by the

influence of measurement errors arising from unobserved heterogdineityhaptefinds that

the relationship between the duration of bubbles and the lagged growth in GDP per capita is
positive and statistically significant at the 10% leW#lth an estimated coefficient of 0.043, it

implies that a 10% growth in lagged income incredse duration of bubbles by approximately
0.4%,keeping other factorsconstaithi s posi ti ve | ink suggests t
overall economicsimt i on via househol ddés previous | eve

lower probability that the bubble will end.

Holding other factors constant, inflati@m the previous periots negativelysignificant,and
this is consistent with the baseline réstihe only difference is that the coefficient estimate is
slightly larger in magnitude. Another significardariable, which has coefficient estimates that
are similar in sign and magnitude with the baseline resuthe lagged yield spreads. The
laggedyield spreads with an estimated coefficient@084is statistically significant at the
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10% level. This suggests that expectation about coud&msomic outlook and previous
shape of theyield curveare both important for explaining the duration of bubbles across

countries.

The random effects regressiaisopresents evidence of lagged volatility effects. The important

role of consumer prices in explaining duration of bubbles is manifested by the effect of its
previous volatility levels. Its effect is nearly four times larger than the effect of previous
changes in its level, i.e., lagged inflation. The result shows that it is statistically significant with

a positivecoefficient estimate of 0.411. A0% increase irinflation volatility in the previous
periodleads to an increase of 4.1% in the duratioalofibble. This suggests that volatility in
theinflation rate in a previous periadight raise the current price of stocks (as a consequence

of i nvestords decision to hedge,aadgalucattet i nf |
probability that bubles will end.

With respect to the coefficient estimate of volatilitygold pricesin the previous perigdhe
chapterfindsthat it is strongly significant at the 1% level and yields a large negative effect of
8.05% on the duration of bubbles. This gests that greater volatilityf gold pricesin the
previous periodnight destabilizestock prices and cause overvaluation of stocks. This result
shows the importance of the effect of exogenous shocks arising from the global commodity
market and confirmshe strong linkage betweedhis marketand the stock market. Overall,
there is considerable evidence that the lagged effects of growth in GDP per capitiaod
volatility lengthen the duration of bubblewhereas the lagged effects of inflationeld

spreadsand volatility in gold prices shorten the duration of bubbles.

2.5.2.2.Results of the Model using Splied Sample ofCountries

Tables 25 shows the results for the model with randeffiects, whickhcontrols for unobserved
heterogeneity ands based on the spigd sampleof countries.The chapterconducs a
comparative analysis of covariates effedtsfirst compare the effects ofhigh-income
countries to those ahiddleiincomecountries (columns (1) and (2)}. then comparethe
effects of countriewvith high level of financial development to those at the intermediate level
(columns (3) and (4)).
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Table 2.5: Resuls of theModel usingSplitted Sample ofCountries

Variables D) (2) 3) (4)
High-Income level Middle-income level High level of financial Intermediatdevel of financial
development development
Coefficients p-values Coefficients p-values Coefficients p-values Coefficients p-values
Gdpc 0.016 (0.034) 0.040° (0.016) -0.021 (0.029) 0.123" (0.043)
Infl 0.061 (0.124) 0.132 (0.081) 0.031 (0.083) 0.148 (0.137)
Portf 0.008 (0.009) 0.094 (0.044) 0.009 (0.008) 0.342 (0.223)
Yiespd 0.067 (0.106) 0.015 (0.083) 0.013 (0.063) 0.338 (0.304)
Mpol 0.070 (0.132) 0.117 (0.099) 0.062 (0.093) 0.093 (0.149)
Rop 0.018 (0.014) 2.379 (1.714) 0.013 (0.011) 5.196 (3.778)
Ragp 0.000 (0.001) -0.358™ (0.136) 0.000 (0.001) -1.104™ (0.381)
Gdpcvol -0.099 (0.142) 0.888" (0.401) -0.097 (0.137) 2.792" (1.077)
Inflvol 0.544 (0.382) -0.105 (0.461) 0.405 (0.316) -0.462 (0.891)
Ropvol 2.566 (1.991) -8.720 (4.882) 1.956 (1.786) -26.547 (11.182)
Rgpvol 0.471 (0.377) -0.556 (0.776) 0.368 (0.340) -0.539 (1.713)
Gdpc_L1 0.025 (0.032) 0.048 (0.031) 0.044 (0.028) 0.258" (0.126)
Infl_L1 -0.027 (0.122) -0.123 (0.067) -0.103 (0.066) -0.109 (0.130)
Portf_L1 -0.007 (0.009) -0.083 (0.047) -0.008 (0.008) -0.062 (0.2112)
Yiespd_L1 -0.153 (0.098) -0.117 (0.084) -0.091 (0.054) -0.181 (0.284)
Mpol_L1 0.022 (0.130) -0.096 (0.087) -0.073 (0.084) 0.131 (0.150)
Rop_ L1 0.018 (0.018) 0.978 (1.927) 0.012 (0.014) 8.583 (4.834)
Rgp_L1 -0.003 (0.003) 0.087 (0.115) -0.002 (0.002) -0.055 (0.248)
Gdpcvol_L1 -0.308 (0.211) -0.322 (0.371) -0.192 (0.191) -0.330 (0.692)
Inflvol_L1 -0.102 (0.356) 0.962 (0.470) 0.188 (0.313) 2.526 (1.091)
Ropvol_L1 -0.477 (2.234) 8.719 (3.693) -0.031 (2.997) 26.174 (10.643)
Rgpvol_L1 -0.735 (0.435) -0.780 (0.680) -0.716 (0.384) -2.756 (1.669)
_cons 2514 (1.400) -3.546 (2.159) 1.925 (1.221) -18.201" (6.197)
Likelihood ratio test 3.17 (0.038) 0.00 (1.000) 1.81 (0.089) 0.00 (1.000)
Wald test statistic 25.26 (0.2848) 31.60 (0.0845) 26.95 (0.2129) 19.54 (0.6115)
ag -2.347" (0.871) -15.781 (69.847) -2.776" (1.035) -15.229 (82.887)

Notes Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01, respectively. The estimates reported are the standardin¢dheneixponentiated coefficients. The robust
standard errors are shown in the parenthesis. The Wald test statistic with asympdagtdbutions for coefficient restrictiorendlikelihood ratio tests for the absence of
unobserved heterogeneity are reported.
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In middle-incomecountries, growth in GDP per capita is positive and marginally significant.
When it hcreaseby 10%, itmay lead to increases in the duration of bubbles by 0.40%. This
suggests that real i ncome mddieiacommesountniast ther f or
result shows that portfolio inflows is significantly positive and this positive effect has an
estimated coefficient of 0.094. A 10% increase in portfolio inflows is strongly associated with
a 0.94% increase in the duration of bubblesniddle-incomecountries. This suggests that
portfolio inflows from other countries to these countries may probably results in higher demand
for equity securities by foreigmvestors, whichwill subsequently lead to higher prices and
overvaluation and possibtause bubbles to survive longer. The result also shows that the real
price of gold is strongly statistically significant and has a negative explanatory effect, yielding
a modest coefficient estimate -@.358. This implies that a 10% increase in reatgaf gold
lowers the duration of bubbles by 3.6%.

For the coefficient estimates of the volatility of macroeconomic fadteesshaptefinds that

both variability in GDP per capita artlkde real price of oil are significant faniddleincome
countries. Volatility inoil prices yields the largest effect on the duration of bubbles. A 10%
rise in the volatilityin oil prices lead to increases of 87.13% in the duration of bubbles. This
result isshows thauncertainties about the future real price of oil appear to be more closely

linked to the future price changes in stocks.

Turning next to the lagged influences of macroeconomic factbes, chapterrepors
statistically significant results ahte 10% | ev el for the | agged i
duration. It has a coefficient estimate-6f123, whichimplies that it explains 1.23% of the

10% decrease in the duration of bubbRrgvious changes in the price level magrease the
probability that bubbkewill end. In addition, the result shows that lagged portfolftows is
negativelyassociated with the duration of bubbl@s lagged portfolio inflows increases by

10%,duration of bubbles increases by 0.83%.

In terms of the laged effect of volatility of the macroeconomic factors, the lagged values of
inflation volatility and real price obil are both important determinandf the duration of
bubbles ifmiddle-incomecountries at the emerging phase of growth. Bathors, whit are
statistically significant at 5%gffect the duration of bubblgmsitively although the volatility
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in the real price obil exerts the largest positive influence. The result shows that 10% increases

in inflation volatility and the real price of oilehds to increases of 9.62% and 87.19%,
respectively in the duration of bubbles. It suggests that greater volatility in previous inflation

may likely elongate the duration of bubbles. Likewise, for the linkage between volatoity in

prices and the duration of bubblése chaptefinds that the lagged effect of a riseaii price

fluctuations triggered by exogenous shocks of/olatility seem to impact on the duration of

bubbles. Fohigh-incomecountries, the result shows that the volatility in gold pricethe
previousperiodhas a strong effect in explaining bubt
is statistically significanat 10%. For a 10% rise in the volatilitygold prices there may be a

negative effect of 7.35% on the duration of bubbles.

The chaptenow turrs to the results based on the level of financial development (columns (3)
and (4)).It findsthat countries wh ahigh level of financial development have less significant
predictors of the duration of bubbles. A quick glance at the results show that the factors are
yield spreadsind volatility in gold price both of which have significant negativdagged
effect. However, the magnitude of the effecyeid spreadsippears to differ from that of the
volatility in gold prices, whichexhibits a much larger effect. Turning next to countries at the
intermediate level of financial @elopment, the result shows that the crucial factors that might
be responsible for explaining the duration of bubbles include the contemporaaeabtes
growth in GDP per capitareal gold pricesvolatility in GDP per capita and volatility iail
prices For the lagged variablésfinds significant results forgrowth inGDP per capitaieal

oil prices inflation volatility, volatility in oil prices and volatility in gold prices.The
comparative analysis shows that the influence of inc@ne price effects, economic
uncertaintiesandexogenoushocks are crucially important in understanding the duration of

bubbles across stock markets.

Taken togethethis chaptefinds few differences between the results for countries with-high
income and those with highly developed financial syst@ims findings show that the duration
of bubbles for countriesni these sulgroups appear to bexplained only by lagged
macroeconomitactorsi yield spreadsindreal gold pricesThe results generally revealed that
the duration of bubbles, for countrieshese sugroups,s less influenced by macroeconomic
factors This impliesthat stock markets in these sgimups have a better ability to deal with

65



macroeconomic shocks. Similarlyfindsthat there is not much difference between the results

for countries with middleincome and those at the intermediate level of financial development.

The results largely showed thatuntries in these stdroups tend to be influencdyy both
contemporaneous and lagged macroeconomic factors. This implies that nratketse sub

groups have a weaker ability to deal with macroeconomic shocks. It thus seems that the more
devel oped a countryds financial system and t

likely it is for the duration of bubbles to be affettey macroeconomic factors

To evaluate whethaheinclusion of a random intercept in our model is reason#i®e;hapter
conductedh checlusing the conditional likelihood ratio test for unobserved heterogeneity. The
testcompares between two models, the model with random effects versus asiot&rbut
without random effects. tests for the null hypothesis that all random intercepts are the same
andrejection of tls hypothesis indicates that inclusion of the randotarcept is reasonable.
Table 25 shows that the asymptotically distributedwith a statistic of 3.17 has an associated
p-value 0f0.038, whichs statistically significant at 5% ferigh-incomecountries. This results

in the rejection of the null hypleesis that the random effects are zero. Further, it suggests that
differences in income levels exists wittand between countries ihis subgroup, whichcan
considerably affect the coefficient estimates. In the casenidélleincome countries, the
specification test yields p-value of 1.000 resulting in the strong a@jection of the null
hypothesis that the random effects are zero. Wiherthaptenow consider sufgroupsbased

on countriesd6 | evel of financi al devel opment
differences in random unobserved variations sihcejected the null hypothesis because the
reportedp-value of 0.089 is significarat 10%. Howevert reached a different conclusion for
countries at the intermediatevel of financial development, whictseem not to have any

differences in random unobserved effects.

2.5.3.Robustness Checks

The previous section has shown that domestic and exogenous factors are important
determinants of bubbl esd drbis sedttionohacls fomthes t o ¢ k

robustness abur baselingesults
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2.5.3.1.Price and Real Income Effects

To test the robustness of the baseline mtdethaptefirst checked whether the components
of real economic activityvould have an impact on the duration of bubbles. Decomposing
aggregate income into its key components is crucial for determining thehathaof
transmission. Wethus excluded real GDP per capita from the model and included growth in
consumption andhvestment After conducting this robustness cheitkwent on to conduct
another check wheieexcluded inflation based on the CPI and replaced it with an alternative

measure of inflation, the GDP deflator.

Table 26 contains the results of the robustness chebks.chaptefinds that the sizes ahe

coefficient estimates are overall trivialynallerthan the baselinesults but the signs remain

the same. The results are quite interestingfeisa relationship between growth in household
consumer spending and the duration of bubbl e
relationsip is confirmed with a marginal statistical significance at 5% albeit revealing a
negative association with the duration of bubbles. A 10% increase in household consumption
may be related with a 0.65% decrease in the duration of bubbles. This suggasirbetase

in the allocation of housddoods @d serviceadeceases f or
the duration of bubbles and increases the probability that bubble ends. When households
overspend on procuring consumption goods and services, iticagtly reduces household

savings and wealth. This will contract the amount of funds available for investments like stocks

and this could presumably explain why it increases the probability of bubbles ending. The

tendency for bubbles to end increasehwitgr owt h i n househol dds con

In contrast, the coefficient of the contemporaneous growth in investment is positive but
statistically insignificant. This suggests that the duration of bubbles is not related to growth in
real investments. There i® significant evidence supporting the riding of bubbles hypothesis
that stresses on continuous investment in highly overpriced stocks by arbitrageurs so as to
exploit additional payoffs before the bubbles eventually crashes as plausible explanation. There
is, however, evidence of a lagged positive effect of growth in investment on the duration of
bubbles. As growth in investment increases by 10%, duration of bubbles increases by 0.32%.
Since arbitrageurs decide to ride on bubbles because they are féimysbp that they can

resell the overpriced stocks | ater for a muc
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Table 2.6: Robustness Results

Variables Coefficients p-values
Domesticfactors

Rcons -0.065" (0.030)
Rai 0.005 (0.008)
Infdf 0.035 (0.030)
Portf 0.005 (0.008)
Yiespd 0.020 (0.050)
Mpol 0.058 (0.052)
Exogenous factors

Rop 0.009 (0.009)
Rgp -0.000 (0.001)
Volatility of factors

Infdfvol 0.170 (0.205)
Ropvol 0.339 (1.382)
Rgpvol 0.082 (0.223)
Lag of factors

Infdf L1 -0.043 (0.024)
Portf L1 -0.005 (0.008)
Yiespd_L1 -0.089" (0.044)
Mpol L1 -0.039 (0.047)
Rop_L1 0.006 (0.012)
Rgp L1 -0.001 (0.002)
Rgp_L1 -0.001 (0.002)
Infdfvol L1 0.337 (0.215)
Ropvol_L1 2.075 (1.548)
Rgpvol L1 -0.751" (0.267)
Rcons_L1 -0.049 (0.030)
Rgi L1 0.032™ (0.010)
_cons 0.333 (0.235)
Wald test 37.65 (0.020)
statistic

Likelihood ratio 2.97 (0.042)
test ...

a g -2.691" (0.836)

Notes Significance levels: * p < 0.10, ** p < 0.05, ** p < 0.01, respectively. The estimates reported are the

standardized and not the exponentiated coefficients. The standard errors clustered by country are shown in the

parenthesis. The Wald test statistithnasymptotic... distributions for coefficient restrictions are reported.

Overall, t he

the coefficients yields Wald statistics33.65with ap-value 0f0.0201resulting in the rejection

of the null that all the coefficients are jointly zero. Whetbadikelihood ratio tesyields Chi
square statistics 0R.97 with a p-value of 0.042, which indicates thait is statistically
insignificant at the conventiona\el.It, further,implies that unobserved heterogeneity affects

resul ts

show

bubbl es b

available new stock of capital invested but rather by growth in consumptierjoint test for
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estimated coefficientdhe chaptethusconclude that there is evidence of variations across

countries in the sample.

In sum, the baseline model shows that these are some significant determinants of longer
duration of bubbles. For instancie chapterfinds that an increase in contemporaneous
inflation creates increased demand $twcks, whichcan result in the overvadtion of stock

prices. The continuous overvaluation of stocks may lead to the formation of bwithlésg
duration. Similarly, surges in portfolio inflows might trigger stock price increases and if prices
continue to soar, then bubbles may occur. Thatieoous rise in prices may lengthen the
duration of bubbles. At the same time, the model shows evidence of shorter duration of bubbles
influenced by some factors. For instancerenpersistence in inflation as captured by past
inflation appears to shortehe duration of bubbles. As well, partfolio inflows, which can
influence future inflows and the yield spreadghe previous perigccould also shorten this
duration. Similarly, fluctuations in uncertainty about commodity pricelse previous peod,

in this case the volatilitin gold pricesn the previous perigdnay curtail speculative trading
across stock markets and shorten the duration of bubbles. Finally, improvements in economic
performance, i.e., growth in income measured using growBDR per capitayield spreads

and interest ratgap(cheaper cost of borrowif@re not important determining factors of the
duration of bubbles.

With regards to the model that controls for random effects, there is evidence that growth in
incomein the previous periodndinflation volatility in the previous periodould lead to longer
duration of bubblesThere is also evidence that inflationthe previous perigdsield spreads

in the previous periodnd volatilityin gold pricesin the previaus periodcould bring about
shorterduration of bubblesPast inflation, i.e., expectations about the economic outlook, is
important for explaining the duration of bubbles across countnessasan inflation in the
previous periodnight causethe current price of stocke rise Therisein thecurrent price of
stocks occurs because invessgorefer to hedge against the risk of future instability in general
prices. Hence, thyehedge against inflation risk. ddging against inflation risk may cause
bubbles to exist and to survive foshortduration.The previous shape of tlygeld curveis

also important in understanding the duration of bubble. Also, previous variations in economic
uncertainty ascaptured byvolatility in gold pricesin the previous periods an important

determinant because it appe#r lessen speculative trading in stock markets which results in
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the contraction of bubbl esd dur attopoedictthd f i
likelihood of certain economic events, then it is likely that this uncertainty can inhibit

speculative trading in stock markets and eventually reduce the duration of bubbles.

The chapterpresens robust evidence thagrowth in household genditure influencethe
duration of bubble across stock markets. The more households utilize their incomes for
consumption, the shorter the duration of bubbles. Overconsumptibouseholdseduces
household savings and shrinks the amount of funds blailar investment in stocks and this
could be a plausible explanation for the shortened duration of bulsbéeidition,the duration

of bubbles is driven by past inflation, pgstld spreadsfluctuations inpast gold prices, and

growth ininvestmenin the previous periad

2.6.Conclusion

This chapterfocusal on the impact of macroeconomic factors on the duration of bubbles in
stock markets of DEE. More precisely, it exanditiee roles of domestic and exogenous factors

on the duration of bubbles. The existing literature examining the role of macroeconoori fact

on the duration of bubbles accounts for only the effect of monetary policy via real interest rates
and ignores other possible important factditss chaptecircumvenedthis omitted variable

bias by including other important macroeconomic variableswggested by the existing
theoretical and empirical literature

Our estimations are executed in two stages. Firstly rébarsive GSADF test, which is
implemented using Monte Carlo simulations, is applied to the log of stock returns. The test is
used to examine the presence of bubbles and to date stamp d&pisbtles. The result of this

test showed that there are multiple explosive processes inrstocks, whichis evidence of

the bubble phenomenon. Secondly, the d4tmgbaseline modelasused to analyse the impact

of macroeconomic factors on the duration of bubbitas.estimated on a panel of 21 countries
with sample data spanning from 1995 to 20tte parameters of the model are estimated using
the maximum likelihood estimatolt then controled for an important measurement error
caused by endogeneityas, whichcan invalidate the inferencéhis chaptecircumvented this

bias through the inclusion of lagged macroeconomic variables in the model.
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The baseline model presedtevidence b contemporaneous inflation and portfolio inflows
leading to longer duration of bubbles. Conversitlg,lags ofnflation, portfolio inflows,yield
spreadsand the volatilityin gold prices appear to shorten the duration of bubleslso
showed that the effect of interest rate gap on the duration of bubbles is insignificant. This
finding is inconsistent wittheexisting evidencel hischaptethus argud that accommodative
monetary policy, which is supposed to lower the cost of borrowing, does not influence the

duration of bubbles across stock markets.

After controlling for endogeneitythis chapteralso controlled for heterogeneity bias arising

from unobserved differencas country characteristics. This bias could have implications on

the size and significance of the macroeconomic effects that affect the duration of biibbles
estimaté a cloglog model with random effects to control for this bikgresentd evidence

that shoved that unobserved random effectsveaa n | mpact on bubbl esd
evidence shoed that unobserved heterogeneity is important for understanding the role of
macroeconomic factors i n exptprasemadievidgicelthatb bl e s &
the lags of growth in per capita income anflation volatility are likely to lead to longer

duration of bubbles. However, the lags of inflatigield spreadsind the volatilityin gold

prices decreases the duration of bubbles and these findings are broadly consistent with the
baseline resultd/oreover, the findings revealed that theation of bubbles for countries with
high-income and highly developed financial systesmns lessnfluenced by macroeconomic

factors. On the contrary, the result showed thatdle-income countries and those at the
intermediate level of financial development have weaker ability to cope with macroeconomic

shocks.

Finally, the robustness checksgely confirmed the results for the baseline case, as both the

sign and explanatory power of the relationship remained robust to changes in the model. From
the robustnesshecls, it documented that growth in consumption is important in explaining
bub bl diendOverall,roar analysissheadt hat countriesdé domestic
play important roles in understanding the duration of bubbiesddition our analysis bthe

duration of bubbles stresbthe importance of controlling for endogeneity drederogeneity.

The findings in this chapterare important because our understanding of mfacamcial
interactions, particularly interactions between global stock markets and the broader economy

is enriched.
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The analysed macroeconomic effects have alyalicy implications for the stock market and
the economy. The lags of inflation and its volatility, which reflect uncertainty and rise in
persistence, are particularly important because both factors affect the duration of Quibles.
chaper suggestthat policymakers should endeavour to prescnilage effective policies to

stabilize the rates of inflation.

A potentially interesting area that can be considered for future research is to extend the scope

of this study to investigate how changethie business cycles can affect the duration of bubbles

in stock markets. l nvestigating the effect

i mportant in understanding whether there are

recessions ordbms.

The limitation of this chapter is that giveéime small number of countries in the sample for
middle-income countries and those at the intermediate stage of financial development, it means
that the evidence reveals only the likely effects from theractions between factors and the
duration of bubbles. In additioit,used total portfolio inflows to proxy for shetdrm capital

inflows because of the absence of data on this type of flows. In which case, the usage of this

proxy variable can likely ipinge on the resultant effect.
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Chapter 3: Assumptions aboutBreaks and its Implications for Analysis of

Stock Market Contagion

3.1.Introduction

This chapter argues that there are distinct breaks in variances and cosalatieturnsand
relies on the assumption ditinctbreaks to examine contagion among stock markets in DEEs
during the GFCThis crisis is of importance because it exerted considerable turmoil on markets
in DEEs and markets experienced sharp decreases in retusishapter argues that the crisis
induced crossnarket comovement of returns acalused contagion betweerarkds, but the
extent of contagion seems to differ depending on the typleredk common breaks in
covarianceor distinct breaks inthe components of covariance, that is ttagiances and
correlationsEmpirically, the transmission aitommon shocksould indicate the existence of
common breaksStudies oncontagionhavegenerallyrelied on thestandardassunption of
common breakd$Jnderthis assumptiorgommon breaks in the covariance matrix are modelled.
As such, breaks in the variance and correlation mataice$reategimultaneouslyTreating
breakssimultaneouslyould be problematic because it could lealiased estimates of breaks
(Blattet al, 2019 because each component has its own distinct break paionivenientvay

of handling this problem is to adopt alternative assumptioisimply, one could assuntieat
common shocks teariancesare distinct froncommon shocks toorrelationsandtreatbreaks

in each of thensequentially one at a time. This could be achieved throdgbompogion of

the covariance matrix into variarsznd correlatioa Theliteratureon stock market contagion
mainly considerdreaksthat arecommonin the covariance matrix atockreturnsbut has not
focused ordistinctbreakswhen analysing contagion. This chapter attempts to fill this gap in
the literature.

There is a broad literature that tests for contagion from the US market to markets imBEESs
literature documents thabmmonshocks are transmitted during crisis and tests for contagion
across markets in DEEs (Chiang et al., 2007; Baur and Fry, 2009; Khan and Park, 2009;
Kenourgi os, et al ., 2011; Cel ék, 201 2; Keno
Kenourgios and Dnitriou, 2015; Hemche et al., 201@here is also growing literaturethat

examinesontagion througkhanges andreaksn thereturn processrhis literature hagelied
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on the assumption of common breasd hasgreated break# variances and correlations
simultaneouslyBillio and Caporin, 2010)Even though the existing literature has stressed on
the distinctness of breaks and that evidence of contagion might be affected depending on how
breaks are treatethere isstill sarce analysis odistinctbreaks and the possible existence of
contagion in DEEg-orbes and Rigobon (2002) have highlighted that changes in variance are
distinct from changes in correlation. They have pointed out that testing for changes in the
covariancamatrix does not allow for the detection of contagion. This is becausetinecof

the change in the covariance matrix wouldibhknownas it could arise from a rise in variance

or from an increase in correlation. SimilarManner and Candelon (201B3ve pointed out

that breaks in variances differs from breakscorrelations They have shown that breaks in
variances always precede breaksiossmarket dependencnd that tests of contagi@an

turn out to be biased when breaks in variancescanglations are simultaneously estimated.
This is because their transmission times are unlikely to perfectly cointedeso far, no
empirical analysis has been conducted using the alternative assumgdistinat breaksfor

the analysis of contagidmetween markets in DEEs. This chapter contributesetténature

by focusing ordistinctbreaksfor the analysis ofontagion

Totest forchanges antdreaks in return@ndthepossible existence of contagion in DE&#sS
chapteremploys a multivariat&/ AR model, whichis a system of equations that provides
parsimonious correlation specificatiior the analysis of contagion. The model can allow for
multiple breaks in underlymtime series, which affords us greater precision in the detection of
structural breaks than using a univariate model éBai Perron1998; Qu and Perron, 2007;

Li and Perron, 2017) . For t hthe chapteutilizes thée on o f
feasible generalized least squares (FGh&)cedure, whiclyields asymptotically efficient
estimators. Tests for breaks using this model heled on the assumption of commioreaks
andtypically been carried out simultaneoudlyis chapte extend this literature and test for
breaks sequentiallyrhe chaptetreas the model as though there is only a single break point
and then estimasghe entirebreak points one at a time. To implement all these, the chapter
appliesa SP. It executes #h testprocedureusing a dynamic programming algorithm that
sequentially searches for the location of breaks in all parameters. The procedure is
advantageous because it provides computational savings. Moreover, when the procedure is
applied, the break pdirstimator remains consistent even if the number of breaks in the series

are incorrectly specified (Bai, 1997).
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It is indisputable that empirical tests provide a beneficial tool in analysing contagion whose
occurrence can be examined in different settihNgmethelesghis chapteagres with Forbes

and Rigobon (2001) that there is a need for a concrete working definition of the concept of
contagion as this is important for empirical accurdtwe chapteadopsFor bes and Ri go
(2002) definition, whth refers to contagion as a significant increase in the correlation of
returns These increases must la@ge enough to cause breaks in titamsmission of shocks

between marketdHowever,this chapteralso recognizethe different ways through which
contagion can occult, thus, analyses the possible existence of contagion using an alternative
definition. It followsP er i c ol i and Sbraciasé (2003) who di
are interaction effects oreHinkages betweemarkets Diebold and Yilmaz (2009, 2012) show

the possibility of analysing the possible existencgpdfovercontagion through the estimation

of GFEVDs and theeomputationof spillover indices. Although our analysis follows their

methal of analysis for spillovers in DEEs it, however, continues to assuméritsare

distinct

The remainder of thehapteris structured as follows. Section 2 presents the theoretical
literature. Section 3 presents the empirical literature. Section 4 presents the data and empirical
methodologies. Section 5 presetiie results on testior contagion spillovers analygs and
robustness checks. Section 6 concludes.

3.2.Theoretical Literature

In this section, the scalled phenomenon of contagion will Befined,and its main channels
of transmission will be set out. Emphasis will be placed particularly on contagidghe
propagation of shockand contagion aspillovers of volatilitiesandbreaks in correlationsill

also be discussed

3.2.1.Contagion and the Propagation of Shocks

The definition of contagion in international finance has altered over the years. Scholars have
come up with several definitions, probably one of the eadifstitionsis that offered by King
and Wadhwani (1990). To them contagion is considered a rise in the corrdiatween

markets during a crisis. Changes in croswket dependence therefore require a positive
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change in the correlation of returns across markets. While for Eichengreen and Rose ((1999),

p . 3 3) 1 c o nrefedsarnunmessaredi slkaobkltoefiamdentals that strikes several
countries simultaneousl yo. I n this vVview, s h
mechanisra between marketShocks to fundamentadsethe main source of changes in cross

mar ket dependence. Similarly, Edwards ( (200
where the effect of an external shock is | ar
Thecommonrelement of these deftions is the acknowledgement that changes in emuedket
dependence does not reflect contagion except such changes are dexé&rigishocks.

With the proliferation of definitions, scholars thought it important to come up with standard
working ddinitions of what constitutes contagion. In line with this thinking, contagion has now

been categorized into two different types: shift and pure contagion.

The former is the less restrictigefinition, and it is sometimes referred to as fundamental
basedcontagion.This type of contagion occurs when crosarket dependence significantly
increases following a shotko a particular country or set of countriorbes and Rigobon,
2001) Dornbusch (2000) then elaborate on the sort of shock that couldrisenitted. In his

view, common or idiosyncratic shocks are often transmittemnr@on shocks are shocks
commonto all markets, transmitted through disturbances to fundamentals. As to idiosyncratic
shocks, these shocks areuntry specific Shocks can alsoauise breaks in the international
transmissiormechanisms between marker$is chapter adogtthe less restrictive definition

of contagion.

The latter is a more restrictive definition of contagidimis type ofcontagion is usually
transmitted through channels that are-famdamentalDornbusch et al. (2000) point cilnat

such contagion wilhappen regardless of changes in fundamentals; it simply happens by virtue

of i nvest 0% 4Ysohallypveen therd surm change in the risk
there is a tendency for themteceev al uat e t heir portfolio alloc
appetite will increase if they prefer to hold risky assets relative teisky ones. Because of

their prefeence, the demand for and prices of risky assets will rise. Conversely, when their risk

2The shock could be transmitted through financial linkages, trade ties orutdenientals. See Hernandez and
Valdés (2001) for @omprehensive discussion on the drivers of contagion.
13 As a result, this type of contagion is often referred to as investoaviour contagion.
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appetite falls, there will be a simultaneous fall in the demand for and prices of risky assets. In

their famous paper, King and Wadhwani (1990) demonstrate that theertee of contagion

is as a result of attempts by rational investors to deduce information from price changes in other
mar ket s. Similarly, Corsetti et al . (2005) ¢
irrational herding behaviour, changes ofectation equilibrium and unanticipated market

panicscanlead to contagion.

3.2.2.Contagion as Spillovers of Volatilities and Breaks in Correlations

As discussed in the stdection aboveexternalshocks are important for the occurrence of
contagion. In this subection, contagion will be discussed as spillovers of volatilities and

breaks in the correlation of returns.

The specification describing the behaviour of returns across markets is given a

where,i andi represent market returns in countri€égnd’Qrespectivelyl and/ are the
constantsf and[ denote countngpecific factors whiléQdenotes thecommon factors
(events) that affect the distribution of market returns, -aadd- are zeremean random
variables with finitevariance which can be viewed as the couspgcific/idiosyncratic risk of
assets.

In atwo-country model with asset markets, the standard framework used to model the data
generating process which generates the market returns in counes given in Eq. (3.1).

This expression decomposes eacdimeapofretumsy 6 s me
the product of the countrgpecific anccommonfactors, and the countgpecific risks. In most

mar kets, a change in the variance @dmmenn asse

factor, countryspecific risks, or jointly byoth (Corsetti et al., 2005).
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Eq. (3.1) is determined jointly by the set of assumptions about the variance and covariance
given as follows:

6AT® p ] 6ATM

6 A Og# p 1 6AO#

6 A0y 6A0% 6AD o8,
#1 Oh ¢t #1 O6h &4 ™

where] and] denote the proportional change in variance of the market return compared
with the tranquil period. C and T represent crisis and tranquil periods, respectively. Assuming
country’Qs the source country of a globaisis, an increase in the varianca ofloes notmply

that botliy and will be positive.

Given the model in Eq. (3.1and making use of the key assumptions of the model (3.2), the

correlation coefficient between the market returnandi in the tranquil period is given

by:

#1 06 o4 P h
6 AO J— 6 A Oz
6 AT P I 6AtH

Similarly, the correlation coefficient in the crisis periads

#1 00 ¢ P ——
6 AO J- 6 A Ogf
6 AT P e At

When these two formulations are compared, there are two possible explanations for a rise in
correlation. On the one hanligher correlation during a crisis inevitably signifies an increase
in the variance of theommonfactor™Qas opposed to the variance of the courgpecific

risk - . Pericoli and Sbracia (2003) highlight that the increase in the variance, which reflects

asset price volatility, could spill over from the crisis country to other countries and lead to the
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occurrenceof contagion. On the other hand, higher correlatiorindua crisis may also be

associated with an increase in the size of the cowpegific factors] andf . Thus,

contagionoccurs when the increase in correlation during a crisis ends up being significantly
higher than the extent of dependence intpbg the process in (3.1) and (3.2),,itke increase

in correlationis too strong that it cannot be explained by the behaviour @btimenonand the
countrysspecific factors. Put differently, contagion occurs when a crisis linked to ca@ntry
generate a higher correlation between market returns due to some structural change in the
globaleconomy, whiclaffects the connections across markeke higher correlation between
market returns must be large enough to cause breaks. It, thus, implied tl@ficromas
occurred, whehighercorrelationleads tdoreaks in the international transmission mechanisms

between markets.

A contrasting view is that increases in crosarket dependence does not indicate contagion
but interdependence. In this view, it is recognized that ar@sket dependence could remain
at high levels in all time periods. Forbes and Rigobon (2002) havleutdt! such sustained
increases in croswarket dependence to prevailing strong relations among couries
there is no change in correlatianis an indicationthatthe decoupling of some markets has

taken place. Decoupling suggest that the maketsnsulated or unaffected bygrisis.

3.2.3.The Channels of Transmission for Contagion

A more indepth way of understanding contagion is to uncover the various possible channels
of its transmissiotf. There are three main channels identified in the thealdiierature: the
correlatedinformation channel, the correlatéiquidity shock, and the crossectional portfolio

rebalancing channel.

Assuming there are two countrié&@nd’Quith two stock markets "Y 0 "Qand"Y "Qand two
real sectordy "YQand'Y "YQ The correlatednformation channel operates under three precise

mechanisms (Figure 3.1). Firstly, if there is a negative shock in co@whjch is diffused via

14 SeeForbes (2012) for discussion of the main channels of contagion.
15 A contagion model for Bank Debt Bovereign Debt markets during the European sovereign debt crisis was
also proposed by Acharya et al. (2014) and Banerjee et al. (2020).
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reallinks, and if this shock is publicly perceived, then courigreal market can be affected

by the same shock. Since macroeconomic information has an effect on the dynamics of stock
prices, eventually, markets in the two countries react to the diffused negative real shocks (Block
A). Secondly, negativehocks in contry ‘Gpublicly perceived) impact on pricing mechanism

of the market incountry’QHowever, country@real andstock markets are insulated from
these negative shocks (Block B). Lastly, if information about the negative shock is private, then
the informational effect of this private news causes stock prices to fall in coihtry
Neverthelesswith the fall in prices in countridstock prices in countralso fall because of

the relevancy of therivate information in country Quhich is relevantto country’Q but
unknown to countryyet (as depicted in block C). It is only in the case explained in Block C
that contagion occurs via the correlatefbrmation channel (Pritsker, 2013). Moreover, it is
mostly in markets with an efficiemrice discovery process that contagion can be diffused to
other markets through this channel (Longstaff, 2010).

Figure 3.1: Correlatedinformation Ghannel

Block A Block B Block C
YYQ-»Y Y Y ™Y 274'Y YQ YYQ YW
| | Vo vt
YOQ YDQ YO'Q YOQ YO'Q-—»YDQ

Source: (Pritsker, 2013)

In the correlated liquidity shock channel, investors may have need for liquid assets like cash.
They can liquidate part of their portfolio ima@arket,or they can liquidate their stock holdings

in other market$so meet their cash needshe shocks that arise from the liquidation of their
portfolio in one marketre then diffused to other markets (Calvo, 1999; Pritsker, 2013).
Becauseof the correlated liquidation, the aggregate level of liquidity will, falid this can

affect the pricing mechanism in markets (Longstaff, 2010).

The crossmarket portfolierebalancing channel is firmly anchored on the rational expectations

model posited by Kodres and Pritsker (2002). This channel holds that investors thdt are ris
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averse transmit shocks across markets by rebalancing their portfolios. Typically, the response
of investors to changes in market risks, following a shock in a given market, is to rebalance
their portfolio in other market& The readjustment of their giflios elicits the transmission

of shocks acrosmarkets,shocks with contagious effects. This crosarket rebalancing of
portfolios, which is induced by shocks in one market that spreads to otherafluéhcethe

pricing mechanism. This is becaudee trebalancing of portfolios will cause increased
synchronization of stock prices across all markets. Kodres and Pritsker (2002) corroborate this
view and demonstrate that shocks, in particular idiosyncratic shocks, are transmitted across

markets by invests with different information when they rebalance their portfolios.

3.3.Empirical Literature

This section reviews existing studies of contagion across stock markets and brings out the

distinction between them and the empirical research carried out in this chapter.

3.3.1.Contagion - Breaks in the Returns Generating Process

Breaks in the ReturnSenerating Process Beyond Significant Increases in Returns?

The empirical literature on contagion across stock markets is vast and grolviogually
focuses on unexpected significant increases in enasket correlation of stock returns during
periods of financial crisisperiods, which are characterized by a fall in global, market returns.
In a seminal paper by King and Wadhwah®90),they find contagion after the 1987 US
market crashusing correlationsto approximate for contagiomBekaert et al. (2003) present
evidence of contagion during the Sodthst Asian crisis. Hon et al. (2007) present evidence
of increased crossarket correlation of returns during the technology bubbleMeigibbin

et al. (2014) find that contagion ocoed during theésFC. These studielsave generally found
higher correlation of returnacross marketsluring crisis They have interpreted this as
evidence of contagion. However, it has been argued that significant increases in the correlation
of returns among markets might not be sufficient evidence of contagion. As pointed out by

Forbes and Rigobon (2002), higher correlations between markets could be due to

16 This reaction by investors is mainly to minimize their exposure to the risks.
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heteroscedasticitythat isincreases in volatilityThey argued thatnarket volatility usually
increases during crisis perio@sdthat correlations across markets would also increase during
such periodsin addition, they argued thhtgher correlations could lmie tostrong linkages
between marketand notdue toa crisis. Indeedthey concluded thaheinterpretatios given

by someprevious works does not reflect contagion.

The previous studies, which have measured contagion via increases in correlation of returns,
have assumed time variation in the correlations structure of returns. This indicates that the
process that generatiwese return®llows a random walk and variesich period (Ramchand

and Susmel , 1998; Syl lignakis aa®01%.0Someet as,
others have assumed asymmetric dependence in the correlation of retures 4¥i2010;
Samarakoon, 2011; Kenourgied,al, 2011; Dimitrou et al, 2013), while some studies have
assumed that correlations switches between regimes (Edwards and Susmel, 2001; Billio and
Caporin, 2005). In all, they have largely focused on the behaviour of correlation distributions,

while possible structural gtability in the correlation of returns have been ignored.

Some studies have argued in favour of stable correlation of returns, that is the slopes of
correlations are constant over time (Panton et al., 1976; Philippatos et al., 1983; Kaplanis, 1988;
Ratrer, 1992). However, these studies have been subject to criticism due to their failure to
acknowledge trends, cycles and breaks in the correlation of returns (Baur, 2003). Their lack of
acknowledgement could potentially result in misleading inferences.eT¢riigcisms have
triggered a recent literature on testing the stability of the correlation of rétathaverejected
the null hypothesis of constant correlations (see, e.g., Lee and Kim, 1993; Ramchand and
Susmel, 1998; Baig and Goldfajn, 1999). Sitie@r rejection indicates the possibildfbreaks

in the correlation of returns, it is crucially important to capture breaks in thesganméons.

Some support for time variation in the correlation matrix of returns has been presgnted
Longin ard Solnik (1995)They suggestethat the time variation in returns can originate from
three different sources, specifically from: (i) a possible time trend, (ii) threshold and
asymmetric correlation structures, and (iii) the effect of economic regre§hese sources of
time variation in returns could affect the distribution of correlations. However, not only is the
behaviour of the correlation of returns important for the analysis of-onagset linkagesits

stability is also important. Changes in retucorrelations may thus be partly due to its
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behaviour itself, which varies continuously with time, and partly due to either economic or
financial shocks. These structural shocks, which could be transmitted to markets, might cause
breaks in the return gemating process of the cresgarket correlations. Failing to capture such
breaks in the return generating process of the gmasket correlations could increase the
likelihood of errors in statistical inference. If a portfolio of stocks is affected samediusly

by shocks from both transmitting and receiving countries, then the set of shocks that will
influence returns across all markets will increase. Both sources of shocks will increase cross
mar ket correlations, andrtrikeilatwdbhl| beeakhtdowh
breaks could potentially induce time variation in the correlation of returns. As a result, the
literature has increasingly advocated for the investigation of breaks in the parameters of the
correlations matrix of errors (Ber et al., 1997; Forbes and Rigobon, 2002; Corsetti et al.,
2005). The evidence of which would indicate changes in the transmission medtzgtissen
marketsand contagion across markets. With the recognition that time variation irmncaokst
correlaton of returns could be spurred by shocks, it is important to investigate breaks in these

returns.

A growing body of literature measures contagion by examining changes in correlation of
returns, while at the same time examining the existence of breaks in the return dependence
structures (see, e.g., Chiang ehaveéalouredth2 00 7 ;
use ofGeneralized Autoregressive Conditional HeteroscedastiG®RCH) type models and

its generalizations for their analysis. In this sort of models, possible heteroscedasticity is taken
into account and the correlation behaviour agneeveral markets can be examined without
including a large number of parameters. Its usefulness notwithstanding, the literature has
highlighted three shortcomings regarding it reliability, particularly in the presence of breaks.
Firstly, they are sensité to the presence of breaks and the persistence in variance could lead
to an overestimation of the parameters (Lamoureux and Lastrapes, 1990). Secondly, GARCH
models cannot handle breaks because they are models with path dependence; future conditional
variances are influenced by changes in the parameter of conditional variance @tTeg

are unable to handle breaks because the path dependence causes the size of the state space to
grow over time. As He and Maheu (2010) point out, state space widiga bize is
computationally challenging to evaluate. Thirdly, the shemin matrix of correlations rather

than the longerm matrix is modelled as evidence for contagion.
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Recent empirical research on changes and breaks in the correlation of rettinesafualysis

of contagion has been modelled using general linear multivariate models such as models in a
VAR framework. Billio and Caporin (2010) investigated the presence of contagion by testing
for breaks in the correlation of returns for Asian and Acaer stock markets from 1995 to

2005. In their work, they used the unconditional correlation of returns rather than the
conditional correlation of returns as a measure of aemeket linkage. They relied on two
different approaches to estimate changesirelation of returns and for the detection of breaks

in the unconditional correlation of returns. Firstly, they employed multivariate statistical
analyss, the concordance and strength indicators. Secondly, they relied on a multivariate VAR
model with GARRCH errors. The authors find that unconditional correlation of returns are
characterized by breaks. They showed that some of these breaks coincided with notable crisis
events and interpreted this as evidence of contagion.

This chapter differs from the related work in several respects. Firstly, in existing work the
structure of the model used to detect breaks is based on the unconditmmar e Imattixi o n s 6
which relies on the implicit assumption of constant correlatibis thus assumed that the
residuals of correlations are independent of past information abtinSThis assumption is
restrictive, but it guarantees the positive definiteness of the covariance matrices, i.e., it allows
the conditional variance to beomzero and the correlation matrix to be linearly
independent/full rank (Engle and Sheppard, 2001). However, when inference is conducted
using this assumption and the unconditional distributions of correlations, the resultant
parameter estimates may ladle@sion. This could be a possible source of measurement error

in the underlying model.

In contrast, our studgbandos this assumption and denot use the matrix of unconditional
correlations forseveral reasongstimates based dhis matrix tendo bebiased downward

and this could affect inference (Boyer et al., 1997). The hypothesis of constant correlations in
returns has been rejected empirically (Tsui and Yu, 1999) and returns have been found to vary
over time. Stock returns are also charazgel by fattailed distributions and heteroscedastic
variance, such assumption is inappropriate for data with such characteristics. Under the
assumption of constant correlatiomsrameter estimates are imprecisely estimaléd is
because a small parateespace is used to search for the matrix of correlation vectors. In fact,

the chosen estimator utilizes only the syfaces of this small parameter space to perform the
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search and to generate the vectors rather than using real observations. Polipfipresould

be affected because changes caused by the transmission of shocks are not reflected in
unconditional correlations. Indeed, Kim et al. (2015) rightly point out that unconditional
correlations are not useful for policy purposks.order to avoidmeasurement errors and
improve the precision of parameter estimates, abandonment of the assumption of constant
correlations and elimination of the matrix of unconditional correlations is hece$bas;in

contrast to thimssumption and the matrix of eonditional correlations discussed here, our
study relies on the conditional distribution of correlations and allow correlations to be
conditional on its past realizations or return processes. At the moment, no empirical research
exists that relies on theonditional correlations in VAR models for the analysis of contagion

in DEE.

Secondly, in the previous workisreak points in the correlation matrix are detected, but they
are determined dnownpoints in time, i.e.their locations are exogenously eehined or
chosen with prior reference to data. This requires the author to impose breaks to the return
generating processes. However, this sort of procedure hassadetwomings, whiclarewell
documentedn the literature.Prior knowledge of the locain of break points contradict
conventional theory of distribution (Diebold and Chen, 1996is likely to detect a break
wrongly when noneexists,and this could benisleading The breakdate might befalsely
detected because it is endogenausrelated with the datddansen, 2001)it could conceal
sometrends, whichmay be crucial for detecting contagion (Tabak et al., 2016). In contrast to
Billio and Caporin (201Q)the focus of our study is placed endogenously determined break
points. Thusthe chapterllows changes in the parameters of the model to occunlkatown
points in the sampléhe location of breaks in the data is not knoiMme matrix of correlations

will not be governed by knownbreakpoint process, but by amknownprocess.

Thirdly, previousworks assumed that breaks in correlations occuromhimondates in the

system of equations. Because they relied on this assumption, they applied a procedure that
estimates break points sitaneouslylf common break dates are assumed, all equations can
only be estimated simultaneously (Bai and Carfi@ilvestre, 2009)This study, in contrast,

relies on the assumption distinctbreaks and tests for the presence of breaks plyiag a

SP. This procedure is used feeveralreasonslt is used to decompose the covariance matrix

of residuals into variances and correlations prior to testing for breaks. It, thus, allows one to
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separate breaks in the parameters of the conditional corrsldtan those in the mean and
variance matricest is used to test for breaks, but it does so sequentiallygven if there are
multiple break points, it will estimate a single break point at a time (Bai, 1997). To estimate
the break points multdlimersional data is used. This, in turn, improves the power of the
sequentiatest and the detection of breaks in finite samples becomes more precise. There are
someappealing features about this procedutas more flexible in estimating changes in
coefficients and break datel.remains efficient even with samples of moderate sanekt

provides savings in computational time.

Fourthly, theconfidence intervals of the estimated break datesmissing in therevious

works. This is supposed to be a natural offshoot of estimations, but it is omitted. Because it is
omitted, the statistical reliability and robustness of their estimated break dates can be
guestioned. It is even difficult to justify that the dates were condigtestimated due to their
failure to provide confidence intervals. In contréisis chapteconstructs confidence intervals

and ensures that the break dates are consistently estimated. Confidence intervals and the tests
for their significance are perfoed using block bootstrap method (Efron, 1987; Kiinsch, 1989;
Efron and Tibshirani, 1994; Horowitz, 2019). This method generates intervals with small
lengths,and it is asymptotically valid because as the sample size increases, the number of
breaks does notduce. When this method is used in a VAR model, even in a model with
conditional heteroscedasticity; inferenceremains statistically valid (Briiggemann et al.,
2016).

Fifthly, thetwo-stage least squaré3SLS estimator is applied to estimate the parameters of

the VAR model in the previous wakThis estimator, which is analogous to a generalized
instrumental variable estimator, cannot consistently estimate the parameters because of the
problem of weak instruent identification (Chao and Swanson, 2005). In contifaistchapter

utilizes a feasible alternative estimator based on the FGLS for the estimation of the parameters.
This estimator corrects for two econometric biases that can arise when one is egtimatin
relations across different units, in this case stock markets. The first bias it can correct is the
bias due to heteroscedasticity. This bias arises because the error variances for all markets are

different. If one does not control for the presence odhostedasticity across units, estimates

7 Innovations with distributions that@unknown and not Gaussian independent.
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may be subject to substantial bias. The second bias is gamielation, which arises because

of omitted variablesand the correlation of errors with regressors. Unlike28eS, which

suffers from endogeneity tEgparticularly in the absence of valid instruments, the FGLS can
be used even when errors are serially correlated. It is, thus, fully robust to bias from
heteroscedasticity and serial correlation. In addition, the 2SLS has a lower efficiency relative
to the FGLS, particularly when it is assumed that the mean and variance parameters are
independent. In contrast, the FGLS is asymptotically efficient for estimating all parameters of
the model.

Besides these contributions, our study complementgxisting literature on spillovers. As
already mentioned before, contagion can also ocbenwolatility spills overln most of the
existing literature, spillovers among markets have been measured by assuming tharbreaks
common(Beirne, et al., 2013jung and Maderitsch, 2014). This indicates that shocks were
treated simultaneously. In contrast, thlsapterassumes that breaks atistinct and treats
shocks separately. It estimates GFEVDs and then usasttheompute spillover indices. In
general, itattempts to explore the importance digtinct breaksfor the measurement of
spillovers, with a view to improving measurement. So far, no empirical research exists that

relies on this assumption for the measurement of spillovers across markets in DEE.

3.4.Data and Empirical Methodology

In this section, a detailed discussion of the econometric methodologies applied in the estimation
of stock market contagion and the data usgurovided Becausehis chapterelies o three
different methodologies for alyais, ths section on methodology is divided into three. The
first of these suisectiongrovides themultivariate VARframework, which is the main model

used to estimatehanges in the correlation of returbstweenmarkes and changes in the
parameters of other components,,ichanges in the conditional means and variances. The
secondsubsection presents algorithm for thesequential proceduye/hichis usedo test for

breaks in the conditional meansyiancesand correlations. The ttii subsection presentbie
methodology on thgeneralized forecast error variance decompositiwhgchis required for

the computation of spillover indices.
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3.4.1.Multivariate V AR Model

To study contagion among stock markets, the modalsrchapters based on théAR, which

is a system of multivariatequationsand which belongs to the family of linear multivariate
regression modelsModelling in this multivariate framework providesarngimonious
correlation specificaticgfor the analysis of contagion. Moreover, it allows for multiple breaks

of a set of series and enables one to identify shifts in the parameters of interest with higher
probability than in a univariate model (Band Peron, 1998; Qu and Perron, 2007). Usually,
breaks can be estimated with a higher precision when the system contains auxiliary equations.
Even if the parameters of auxiliary equations are restricted to be invariant across regimes, the
break can still be a@stated with a higher precision. The inclusion of auxiliary equations, thus,
allows one to locate the break better. This is because these equations bring additional influences
on the system of equations (Perron, 2006). However, a poorly estimated braatgimasion

could affect the likelihood function via the error variance of that equation and through
correlation with the remaining auxiliary equations. This framework, thus, can improve the
efficiency of estimation, but one needs to ensure that therecwrreation between the errors.
Potential endogeneity problems, which could bias estimates, may arise when regressors are a
function of the response variable and errors are correlated. This model addresses such problems
by allowing endogenized variables depend on their past lagshe model is used to analyse

the set of relationships across markatsi for evaluating the effects of random innovations
(unforeseeable changes). When estimations are carried out in this model, the variance of errors

is substatially lower,and the efficiency of the model is improved.

The standard specification of the reduced form multivaptt@rder VAR for estimating joint

dynamics is given by:

o s o o ofts o®

where6 @M Mo ais theé Pp dimensional vector of stock returns in weekd j is

the¢ @p vector of intercepts. - B h ; ais the¢ @p vector of random innovations.
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|| r is the coefficient matrices or the parameter vector of pheorder autoregressive

component of past lagged endogenous variables.

The model given by Eq. (3.8)lows for timevariation, i.e, it allows the effectsf the random
innovations to change over tidfelt also subjects the parameters to structural breaks with
unknown change points. It relies on standaadsumptions butllows for conditional
heteroscedasticity and serial correlation in the innovatioaoWws for these because financial
returns usually have these characteristics.

It has earlier been mentioned that contagion can be identified when there is an increase in the
correlation of returns across markets following a crisis event. The extenawofehn the
correlation of returns is measured using the covariance matok the innovations . A

change in can either be caused by an increase in the variance or correlation of returns.

The¢ @& covariance matrix, 1 N1 1 is decomposed as below:

. m 8 T, p " 8 7 ., m 8 T,

~ I K [l 9% 11

. 1 S E m p E ™ ) E "
a = [} il |l il 1
t : :é’ € E é":': : é é E é : :” € E e
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The covariance matrix between two stock mark@€is the product of the sample correlation

coefficient,) with off-diagonal element8 and the variance matrix); with diagonal
standard deviations, , . The elements of the correlation matrix measures the strength of

contemporaneous dependence between the two markets.

Often duringcrisis, whichis markedby increased market uncertainty, it is possible for some

of the elements of theariance maix 1] to strengthen. It is also possible that the transmission

18 The parameters of eqn (3.3) changes randomly and the analysis is basedvamytinteparameters (See Bataa
et al. 2013, Blatt et al. 2015). The VAR methodology is used for examining dynamic interactions bédeleen s
returns across countries.
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of such crisis will not occur synchronously across countries but sequentially; it is conceivable
that the transmission of crisis occurs some periods after the eruption of the crisisldioles
to impose an assumption of synchronous/simultaneous breaks in the variance and correlations,

it could bias the estimates of structural break dates.

This chapter relaes this assumption and all@abreaks to occur sequentially. To identify
contagion, thereforethis chaptertess the correlation matrix] for structural breaks at
unknownpoints in time conditional on breaks in the variance. Prior to testing and estimating
breaks in the correlatisrand the variances, the intercept and coefficient matrices  are
combined into the coefficient matrix which corresponds to conditional mean. It is important
that theybe combined because it is also likely thathas structural breaksee, e.g., Wang

and Thi, 2007; Dungey and Gajurel, 2014).

3.4.2.The Sequential Procedure

This chapter adopts a S® determine the existence of breaks in the parameters of out.mode
The idea of using this procedure is to estimate break points one at a time or separately (Baltagi
et al., 2016). This procedure was first developeBdiyand Perron (1998, 2003a)t extended

by Qu and Perron (2007) to the case of general linear midtigamodels that includes the

VAR. They provided an efficient estimation algorithm based on iterations to compute estimates
and to search fawommorbreaks in the mean and covariance mairhis chapteradops this
algorithm but nodifiesit to allow fordistinctbreaks in the decomposed covariance matrix. To
separate the breaks in the conditional means, the variances and the corrétasiamspter

utilizes the iterative procedure proposed in Bataa et al. (20L3pllows the modified

algorithm which is outlined in six steps as follows:

Step 1. To estimate the break dates in the mean, first set the number of breaks in the mean or
VAR coefficientsd , and then estimate the break d&¥sh HY . In addition, estimate the

coefficientmatrix || for each of the corresponding regimes.
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Step 2. Compute the residuats, from each iteration of the FGLS. Set the number of breaks

@ "¥n the standardleviations|| and the associated break d&tésf8 i'Y conditional on
breaks in the mean from Step 1. Use the computed residuals to estimate the standard

deviations, for each of the corresponding regimes.

Step 3. Compute the standardizedsigduals-¢ -Hu, . Set the number of breaks'Yin the

correlation matrix] and the associated break détés f8 'Y conditional on breaks in the

mean and standard deviations from Steps 1 aresgectively.

Step 4.Return to Step and repeat but conditional on the breaks previously foudd.in

Step 5.Return to Step 1 and repeat but conditional on both the breaks in standard dé¥iations

"Y and the correlation matrix .

Step 6. Continue to perform each of the previotezation between Steps5luntil there is no

change in the number of brep&ints and the estimated break dates.

Using the modified algorithm outlined above all the coefficients of the model are tested for
multiple structural changes, using the pselikielihood ratio test, under the null hypothesis of

no change in the coefficients against the alternative hypothigkia set number of breaks..

The test relies on multivariate nornaibtributions;however, this does not imply normality

i.e, that the observations in the sample are independent and identically distributed. The
asymptotic distributions of the resuitaest statisticallow for any deviations from normality

to be corrected. The test does not depend on the $aitgle distribution but on the asymptotic
one, so the exact finkeample critical value cannot be obtained. To compute the corresponding
critical values thereforeghis chapteruses Monte Carlo simulationsThis is becauseritical

values obtained through simulations tend to be more accurate.

19 The chapteuses the standard deviations instead of the variances because it is expressed in similar units as our
data (it is based on distributions around the mean) and for ease of interpretation.
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To search for the location of multiple break points, the efficient algorithm developBdi by

and Perron (2003) is employed. The estimates of the model are obtained using the FGLS
estimator, while the 95% confidence intervals for the break dates are computed using the block
bootstrap method. Althougtistinctbreak points in the variances and correladiare allowed,

it is, however, assumed that parameters within each componentsimar®nbreak points. If

this assumption acfommonbreaks is not imposed, then the break test may fail to detect breaks
due to low power. Moreover, when the test is noetam this assumption, the estimated break
dates may be biased. This assumption is useful even if each series hasdtstiomtbreak

point (Bai, 2010). Theanfidence intervals for the break dates are also estimated. The coverage
rate for these interi® will be adequate becaudiee chaptemllows the error processes to

undergo regime switches.

3.4.3.Generalized Forecast Error Variance Decompositions

In the previous section, the methodology for the detection of contagion via breaks in the
parameters of thenodelwas discussedHowever, contagion can also be detected using an
alternative methokinownas spillovers of volatilitiesThis chaptefollows Diebold and Yilmaz
(2009, 2012) to compute spillover indices. Prior to the computation of these indicés\Rhe
model is first, applied to generate GFEMB®op et al., 1996; Pesaran and Shin, 1988)ch

are generated without orthogonalization of stso@kd ordering of variable§he GFEVDs are

the share of the forecast error variance of varifblige to shocks to variabléat a'Qstep
forecast More explicitly, the error variance is split into components that are explained by

different periods oftsocks.

Let us consider the moving average representafitine VAR () modef® which is given by:

20The moving average representatafrthe VAR @) modelis based on Diebdland Yilmaz (2012).
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where! are the- @- coefficient matrices ani ™ “YwhereY “O DnD8 gt . Eq.
(3.4) can be recursively represented las: n ! nl E »n ! hwith!
'Of  mfor Q mwhereOis and @& identity matrix andh "Q plglof8 iy are the

parameter matrices.

The impact oR on the future values & at horizorhis obtained by shocking tljii equation.

The GFEVDfor theh-step ahead forecast period can then be defined as:

, B Q10
) : : o)
B Q!+ Q

where, andt denote the standard deviation of jtieelement and the variance matrixrn

‘Qis a n x 1 vector of random elements with ones asthhelement and zeroes as the other
elements. The share of thestep alead forecast error variance \@driable@ue to shocks to

variable Qs accounted for by ;. The sum of the shares of owand crosssariable
generalized variance decomposition usually do not sum up to ort®, i.es ; '‘Q p. For

it to sum upgache  "Q mustbenormalized as:

tosatisfiyB o 5 Q pandB B 5 Q E.

The chaptecomputes three measuresf spilloverindices:total, directionaland net.These

measures show the extent and the direction of spillovers between markets.

The total spillover indeXY"YQ, which measures the shares of the total forecast error variance

that is caused by shocks to othaarketsjs given as
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Typically, an increase in hindex indicates the existence of spillover contagion.

The directional spillover indexvhich measures the spillowesent fromQo other marketds

given as

B " - .
oYy ——L 8pmi oR)

Similarly, directional spillover indexvhich measures the spillowreceived by markeé€irom

other marketss given as

B 1 50
0°YQ, h h

8p mit oo

The net spillover index by mark&@which is calculated as the difference between directional

spillovers,sent to others and received from othdérss the contibution of each market to the

volatility of other markets, on a net basis anid given as

5°YQ OYQw 0O'YQo t o T

The measures of spillover indices are computed by taking into consideration breaks in VAR

coefficients,variances,and correlations matrices. The value of thdices, which are the

spillover effectsare associated with different breaks in the parametdhse matrices.
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3.4.4.Data

Since the investigation involves determination of the extent of change and breaks in the
correlations of returns across countries, ciassmtry comparability of the data is of great
importance. Normally, global stock markets open different days and at different times.

These differences create a problem of-sgnchronous trading across markets. To circumvent

this problemthis chapteuses weekly data for analysis. Data with this sort of frequency have
already been adjusted for weekentdhesfebapter
analysis thus comprises mainly countrieso6 w
Januay 1995 to 03 November 2016 and has a total of 1,140 observations. The span of the data
islong enough fot hi s camaypigardrit@sen covers some major regional and global

crisis episodes. The data is transformed to retusitgy the formula-q & 8.fMNq,, - O
phcB R'Y wherel -gglenotes the stock returns for couritgt timeOwhile flq@ndig,, denote

each countries stock prices for the peri@dadO p. & gepresents the natural logarithm.

For checks on the robustss of results, data on the volatilities of stock refdmsr®e used. Each

mar ket ds volatility is,(bcong-p—u—t—e—dwheressitano@rdthe f

deviation of stock returns @ is based on a threseek rolling window, i.e.it is rolled over
a threeweek period¢ are the returns at the country lewolist he mean of each

return betweed cando o.

The data come from the MSCI database on Bloomberg and includes-sisentuntries: the

UsS, the UK, Frane, Germany, Belgium, the Netherlands, Portugal, Italy, Ireland, Spain,
Brazil, Chile, Colombia, Mexico, Peru, Argentina, China, Hong Kong, Indonesia, Japan,
Korea, Malaysia, Philippines, Singapof@jwan,and Thailand. The countries are grouped into
threeregions; developed Europe (nine countries), Pacific and emerging Asia (10 countries) and
emerging Latin America (six countries) with the US featuring in each group. The US is
included to act as the source of the global crisis. Table 3.1 presents the gutatistics for

stock returng?

21 The structureof crossmarket correlation has breaks in returns, but it is also possible that there are breaks in
volatility (Chiang et al., 2007).
22 A detailed summary statistfor volatility of stock returnss presented in Appendix 3
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Table 3.1: Summary Statistics, Stock Returns

Average Maximum Minimum  Std. Skewness Kurtosis

return return return Dev.
Panel A: DE markets
UK 0.0009 0.1336 -0.2088 0.0235 -0.5684  10.9223
France 0.0013 0.1306 -0.2173  0.0291  -0.4502 6.7851
Germany 0.0014 0.1692 -0.2122 0.0314  -0.3527 7.0087
Belgium 0.0012 0.1247 -0.1954 0.0286  -0.8611 8.6755
The Netherlands 0.0013 0.1662 -0.2568 0.0292  -0.8287 9.9424
Portugal 0.0003 0.1255 -0.1729 0.0276  -0.5033 6.0929
Italy 0.0005 0.2026 -0.2221 0.0320 -0.4136 7.7106
Ireland 0.0006 0.1859 -0.3139 0.0343 -0.9451 12.3638
Spain 0.0016 0.1447 -0.2142 0.0321  -0.4430 6.0854
Panel B: PEA markets
China 0.0008 0.2511 -0.2160  0.0443 0.0681 6.1687
Hong Kong 0.0013 0.1462 -0.1904 0.0322 -0.2324 5.9220
Indonesia 0.0029 0.3266 -0.2179  0.0457 0.5027 9.9092
Japan 0.0002 0.1012 -0.2000 0.0283 -0.4205 5.6721
Korea 0.0018 0.2070 -0.1926  0.0407 0.0879 6.5039
Malaysia 0.0009 0.3008 -0.1826  0.0299 0.8430 17.7223
Philippines 0.0010 0.1824 -0.1857 0.0334 -0.1869 6.8437
Singapore 0.0005 0.1882 -0.1921 0.0292 -0.0700 9.4374
Taiwan 0.0006 0.2136 -0.1341  0.0362 0.1635 5.6261
Thailand 0.0008 0.2700 -0.2487  0.0437 0.5311 8.2306
Panel C: ELA markets
Brazil 0.0022 0.2919 -0.2814 0.0525 -0.0852 6.6123
Chile 0.0009 0.2108 -0.2929 0.0328 -0.6540 10.9766
Colombia 0.0018 0.1622 -0.2519 0.0391  -0.3772 6.5911
Mexico 0.0023 0.2529 -0.2641 0.0417 -0.0082 7.8526
Peru 0.0025 0.2467 -0.2544  0.0402 0.1258 7.5582
Argentina 0.0022 0.2885 -0.2857 0.0536  -0.0930 7.1467
Panel D: Crisis source market
us 0.0016 0.1221 -0.1822  0.0240 -0.4994 8.2057
Source: Authorés compilation

The second and fifth columns of Table 3.1 contains average and standard deviations obtained
from data on stock returns. It reveals that average returns ranged between a low of 0.02% and
a high of 0.29%. It also shows that an average basis, Indonesia has the highest return while
Japan recorded the lowest return. With regards to standard deviations, it ranged between 0.024
and 0.046, implying that returns are fairly dispersed across markets. C@youmtains the
statstics for the skewness of retuymghich arethe tail distributions. It shows that about 81%
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of the sample is left skewed implying that distributions cluster below their mean values while

the remaining 19% are skewed to the right.

Figure 3.2 plots the evolution of stock returns for each m&rk&tvisual inspection of the
plots show that the pattern of returns varies across markets. However, du@kxbe2007%
2008, one can clearly see the comovement of returns across markets.

Figure 3.2: Stock Returns
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Notes:The figure plotshe weekly stock returns (thr@eeek rolling window) across country and tifidedashed
blue line in this figure depicts the stock returns.

3.5.Empirical Results

This section documesithe main findings of the investigation on contagion in stock markets
of DE, PEA, and ELA However,prior to providing indepth analysis, how the econometric

model was setip and implemented will be discussediatail

2 The plots of the evolution of volatility of returns for each market are presented in Appendix 4.
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The first step in the model sep involves the trimming of the finitsample("Y pip T 1T
observations)To accomplish this, a moderate trimming fraction of 18t us adopted. This
fraction is chosen because of the reasonably modest size of the sample. It is pertinent that the
sample is immed in order to reduce the sensitivity of the sample to outliers. Besides reducing
sensitivity to extreme values, trimming will allow us to have reasonable partition between
successive breaks, i.eegime intervals. Hence, following the trimming, eaegime interval

is going have a minimum partition peri@@ - "Yontaining 57 observations.

The second step involves setting of the number of break# the parameters of the model.
The maximum number of breaks for the parameters of the conditieeeats, variances and
correlations are set thre€*. In the third step, the optimum lag lengthis determinednd it

is set toonebecause thBayesian Information Criterion selects the lag order of one

After this, the chapter proceedsdonduct the estimation dfie multivariate VAR models in
order toestimatebreaks.This estimation willrequire the implementation of several sequential
iterations of the simulation process until convergence is achi@hedsignificance level for

all estimationsare set t& 18t 8The chapter sequentially searches fotboeaks in VAR
coefficients, standard deviations, and correlation coefficientdr€aks are breaks that occur
when there is a constant parameter. THapter searches for up to three simultaneotseaks
inallthe¢ ¢ p ¢ X v YAR coefficients. It also searches for up to three simultaneous

co-breaks ire ¢ gstandard deviations, however these searches are conditional on breaks in

VAR coefficients. It searches for up to three simultaneousbaks in

oGqu
correlation coefficients. These searches, however, are conditional on breaks in VAR
coefficients and standard deviationsobtairs the corresponding upper (lower) 95% bootstrap
confidence badis of all break@andcomputes critical values using Monte Carlo bootstrapping

simulation based on 100 replications

24 Bai andPerron (2003a) suggest that the maximum number of breaks should be set to 8 wheh T
However, they do not provide any economic explanation for this selection.
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3.5.1.Changes and Breaks in Conditional Means and Variances Returns

The results othanges in the estimated coefficients of ¢baditional means and variances,
andtheir estimatecbreak dates are provided in Panels A and B of TabRs. &hanges in
estimated coefficients are obtained by taking the difference between the coeffitiaatess

in two different regimes, i.ethe change in the estimated coefficients in the second column are

the difference between the coefficient estimates between regime 1 and 2, and so on.

To evaluate whether breaks exist, the chapter compares the efline maximum log
likelihood ratio tests with their equivalent 99% critical valudse corresponding-values for
the maximum logikelihood ratio estimates are given in squared brackets. The results reveal

some interesting evidence across markets.

The regressions of the conditional means for allgions were found to yield statistically
significant results. In althe chaptedetecs three significantommonor synchronous break
points for each subegion. This implies that markets within eaclb-sagion had three dates
that were identical. For the DE, the result shows that estinzaeuinonbreak points for
markets in this subegion are significant at 5% levefy 0 @ & T8t @ The result shows that
dates for theommonbreak falls on 30 July 1999, 28 September 2@0d 10 February 2012,
respectively. The initial break date might be associated with the ipnild the dettom bubble

of early2000, whichwas prompted by themergence of internet stocl&everaktock markets

in the DE had previously experienced a protracted period of increased market exuberance in
1999. It thus shows the period of extremely high speculative activity in the trading of internet
stocks in the B. This speculative activity caused bubbles to form with its eventual bursting
on 10 March 2000.

25 More results on changes in coefficients of conditional means and varlaurteesng data on Jatility of
returns are presented in Appendix 5.
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Table 3.2: Results ofChanges and Breaks in Conditional Means and Variasfd@sturns

Panel A: Conditional means

max LR test T.S1[696.74 C.V [381.76 p-value[0.00]

Estimated break dates 30-Jul99 28-Sep07 10-Feb12
[28-May-99, [26-Dec03, [10-Feb12,

95% confidence intervals 23-Aug-02] 28-Sep07] 08-Junl2]

Coefficients changes fohe DE Regimelto 2 Regime 2to 3 Regime 3to 4

Constant -0.022 -0.045 0.041

GER1 0.595 1.039 0.402

FRA:1 -1.125 0.099 0.568

IRLt1 -1.419 0.349 -0.347

ITLt1 -0.321 0.117 1.504

POR.1 -0.523 -1.587 -0.099

UK¢1 1.082 -5.486 5.360

BEL:t1 0.695 0.414 0.401

NET:1 0.121 0.501 -2.082

SPA -0.821 -2.464 1.702

US.1 1.980 6.164 -7.514

max LR test T.S. [723.0§ C.V [438.01 p-value[0.00]

Estimated break dates 01-Oct99 30-Jul-04 23-Jan09
[28-May-99, [13-Feb04, [12-Dec08,

95% confidence intervals 17-Dec99] 10-Sep04] 09-Jul10]

Coefficients changes for PEA Regime 1to 2 Regime2 to 3 Regime 3to 4

Constant -0.004 0.020 -0.024

CHN:1 0.444 -0.211 0.198

HKG1 -1.401 1.453 -0.437

IND+.1 0.135 -1.083 1.334

JPN1 0.492 -1.650 0.912

KOR:.1 -1.267 0.747 0.676

MAL 1 -0.876 1.727 -0.723

PHI.1 -0.670 -0.374 4.871

SINt1 1.824 0.177 -0.675

TAl1 -1.039 1.057 -1.480

THAw 0.575 -2.251 0.578

US.1 4.633 0.128 -2.145

max LR test T.5[346.2§ C.V[207.29 p-value[0.00]

Estimated break dates 20-Aug-99 20-Apr-07 09-Sepll
[28-May-99, [27-May-05, [02-Sepl1,

95% confidence intervals 12-Oct-01] 27-Apr-07] 15-Junl?]

Coefficient change for ELA Regimel to 2 Regime2 to 3 Regime 3to 4

Constant 0.019 -0.015 -0.013

BRAw1 0.543 0.035 -0.281

CHl1 -0.124 -2.144 1.261

COL¢1 -0.120 -1.437 2.037

MEX1 -0.397 -1.980 1.988

PER: -0.681 2.353 -1.443

ARGt -0.668 -0.759 0.723

US1 1.111 3.695 -5.247
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Panel B: Conditional variance

max LR test T.5[929.35] C.V [304.47] p-value [0.00]

Estimated break dates 11-Apr-03 24-Aug-07 13-Jan12
[27-Sep02, [24-Aug-07, [06-Jan12,

95% confidence intervals 11-Apr-03] 31-Aug-07] 08-Juni?]

Change in standard deviation for the DE
Regime 1to 2 Regime 2to 3 Regime 3to 4

GER -0.011 0.016 -0.014

FRA -0.012 0.019 -0.015

IRL -0.006 0.031 -0.027

ITL -0.015 0.026 -0.012

POR -0.011 0.016 -0.001

UK -0.008 0.017 -0.014

BEL -0.011 0.021 -0.015

NET -0.010 0.016 -0.014

SPA -0.013 0.023 -0.010

us -0.009 0.018 -0.017

max LR test T.S [2353.74] C.V [561.15] p-value [0.00]

Estimated break dates 11-Oct-02 13-Jul07 02-Dec11
[05-Janr01, 21 [23-Feb07, [25-Nov-11,

95%confidence intervals Feb03] 20-Jul07] 04-May-12]

Change in standard deviation for PEA Regime 1to 2 Regime 2to 3 Regime 3to 4

CHN -0.023 0.016 -0.023

HKG -0.018 0.014 -0.016

IND -0.025 0.010 -0.015

JPN -0.005 0.010 -0.005

KOR -0.021 0.006 -0.020

MAL -0.025 0.004 -0.009

PHI -0.012 0.010 -0.017

SIN -0.014 0.015 -0.019

TAI -0.014 0.007 -0.015

THA -0.027 0.006 -0.016

us -0.009 0.017 -0.017

max LR test T.5[433.56] C.V [333.34] p-value [0.00]

Estimated break dates 25-Apr-03 21-Sep07 03-Feb12
[28-Dec01, [07-Sep07, [03-Feb12,

95% confidence intervals 02-May-03] 21-Sep07] 15Junl2]

Change in standard deviation for ELA Regime 1to 2 Regime 2to 3 Regime 3to 4

BRA -0.013 0.018 -0.019

CHI -0.007 0.022 -0.021

CoL 0.003 0.002 -0.008

MEX -0.018 0.023 -0.022

PER 0.002 0.018 -0.024

ARG -0.018 0.021 -0.007

us -0.010 0.019 -0.017

Notes:The estimated brealates are the same for all countries in the sample. The dates in parenthesis are the 95%
confidence intervals break dates. T.S and C.V denote test statistic and critical value, respectively.
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The next break date corresponds with the period when markets showed signs of strong
synchronous comovement. This comovement happened three months after-gransub
mortgage crisis began ithe US. The crisis is traceable to the securitization of-ptilme
mortgagebackedassets and the failure of spime mortgage borrowers WS to fulfil their
repayment obligations. The growth in mortgage defaults by borrowers UShereased the

risk of some banks in the DE because of their high level of ownesshif mortgagebacked
securities. These defaults by 18 subprime lenders resulted in large lossesmestments,

which affectedboth markets and banks of the DE because of their high level of exposure to the
US mortgagebacked securities. The finatdak date occurs around the period thatUise
market witnessed dramatic declines in stock prices®68t crisis. Interestingly, it appears

that the date captures the period of significant regulatory change. It seems to coincide with the
period ofmonetary policy shift, when the European Central Bank (ECB) announced policy
prescriptions to address the soveredgbt crisis arising from huge defaults by periphery
me mber countries in the Euro area. -tdPart of
refinancing operations, whichaimed at providing liquidity with extended maturities.
Additionally, it coincided with the week when the Greek government passed an approval for
new austerity measures as part of the European Union bailout plan. It is likéhegepolicies

and the news effect quickbffectedstock returns in the Euro area.

So far,the chaptehas adduced reasons for breaks in the conditional means and variances for
markets in the DE. Nexit, analyssthe results of changes in the coeffit®of the conditional

means and/ariances, whiclare presented in columns (1L)(3) of Tables 2. In addition

Figures 3.371 3.5 graphically displays these changes alongside their respective dates of breaks.
The sign of the coefficient changes refletiie change in estimated coefficients between
successive regimes. Positive change in the mean coefficient signifies that enwaiket
dependence following a shock has strengthened whereas a negative change indicates it
worsened. The result of changes in éstimated coefficients are analysed in relation to the
threecommonbreak dates. During the first break of 30 1899 ,the result shows that markets

in Germany and Belgium had strong positive changes in their conditional means whereas the

remaining seen markets had either positive or negative changes.
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Figure 3.3: Changesn Coefficients ofConditional Means and Variancks the DE

Change In mean coefficients -Europe Change In varfance coefficients -Europe

E o

re——

During the second break of 28 September 2007 markets which appear to have experienced
substantial negative change in the conditional means include the38§), followed by

Spain ¢2.464) and Portugat.587). Contrariwise, Germany had the largesttpaschange

in conditional mean of 1.039, followed by The Netherlands (0.501), Belgium (0.414), Ireland
(0.349), Italy (0.117) and France (0.099).

The chaptenow turrsto examine the results of breaks in the conditional means and variances

for the PEA.n this subregion, the first identified location cbmmonbreak in the conditional

mean occurs around the | ate 19900sisreqult eci s e
reveals that markets continued teroovestronglyalmost two years after the East Asian crisis.

The crisis, which was mainly confined to the countries within the regitfiyencedthe

dynamics of markets. This clearly is an evidence of strong regional equity market integration.

The result shows that the second estimated date of common breaks occurred on the week of 30
July 2004. It is associated with the period when many markets witnessed high volatility and a
period of uncertainty. It is also linked to the burst of the intdrakble in2004, whichoccurred

two years after the datom bubble and seriously affected the performance of markets.

The result shows that the third estimated dateoaimonbreaks occurred on the week of 23
January2009, which is linkedto the period fier the emergence of the GFC. The break
occurred several months after the collapse of Lehman Brothdtse iS. Prior to their

collapse, they had filed fdrankruptcy butthe US government had refused to bail it out. The
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failure to rescue the investment bank later caused a financial crisis and eventually this crisis
plunged into a new stage when global stock markets reacted to the negative news increasing
market sentiments and td8ng in the strong comovement of markets wiitle US market.

Many markets witnessed extreme downturn precipitated by this crisis. The crisis dramatically
worsened the already falling stock prices across glolaakets, which began in 2007 because

of thehousing market crisignd this fall in prices persisted into 2009. The crisis seems to have
adverselyaffectedthe performance of markets in the Asian region. This suggests that the role
of shocks in the transmission of market contagion cannot be ignored.

The results show that during the first break of 01 October 1999 markets in China, Indonesia,
Japan, Singapore and Thailand had positive changes in their conditional means whereas the
other markets within the stiegion had negative changes. During theosid break of 30 July

2004, the results show Hong Kong, Korea, Malaysia, Singapore, and Taiwan has positive
changes while the remaining markets had negative changes. Finally, during the third break of
23 January 2009, the results show that markets inaChidonesia, Japan, Korea, Philippines,

and Taiwan had positive, the rest of the markets had negative changes.

Figure 3.4: Changesn Coefficients ofConditionalMeans an&/ ariances for PEA

Change in mean coefficients -Asia Change in variance coefficlents -Asia

Figure 3.4 plots the changes in the coefficients of the conditional means and variances for PEA.
The plot for the conditional means shows that the conditional mean of Thailand exhibits the
highest negative change €2.251. This is followed by Japarl(65), Indonesia-{1.083),
Philippines {0.374) and China-Q.211). Similarly, for positive changes, the result shows that

it is higher for Malaysia (1.727) while Singapore (0.177) has the lowest positive change.
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Finally, the chapteexamine the results obreaks in conditional means and variances for the
ELA. The result shows that the first break is detected in the week of 20 August 1999 for this
subregion. This date reflects the period prior to the technology bubble and itslbéabs

within the pelod of increased return and bullish market that lasted for over 17 years but ended
in 10 March 2000 following the speculative bubble burst of internet stocks.

Figure 3.5: Changes in Coefficients of Conditional Means and VariafardsLA

Change in mean coefficients -Americas Change in variance coefficients -Americas

The result shows that the second break date is detected in the week of 20 April 2007. Although
this date does not coincide with the US housing market crisis, it falls withipeitied of

market exuberance. The result shows that third break date occurred on the week of 09
September 2011. This date correspondsthte time when stock markets experienced
considerable downturn following the aftermath of the GFC. The downturn is agsbaiith

the bearmarket, whichstarted in August 2011 and continued to the end of 2011.

Figure 3.5 plots the changes in the coefficients of the conditional means and variances for ELA.
The plot for the conditional means clearly shows only two outxof@iintries this regiohas
positive coefficient changes during the second break on the week of 20 April 2007. The positive
change of coefficient associated with conditional mean is high for Peru (2.353) and quite low
for Brazil (0.035) whereas the conditial mean of Chile-R.144) has the highest negative
coefficient change. This is followed by Mexicel ©80), Colombia-(.437) and lastly by
Argentina with a significantly lower negative coefficient change-®¥59. The negative

change in the coefficiemdicates that crossarket dependence following a shock worsened.
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3.5.2.Changes and Breaks in Conditional Correlation of Returns

In the previous suBection, broad interpretations for the dates of breaks in the conditional
means andariancesre providedit also provided discussions on changes in their coefficients.

In this subsection, our goal is to test for increases in conditional correlations and the existence
of breaks in these correlations as well as to determine the datesiks. Typically, conditional
correlations could change because of changes in interdependence across markets. Tables 3.3
3.5 present the results of the breaks in conditional correlations, the dates of breaks, and the
changes in correlation coefficierfty different country pairs. The Tables reveals the 10 x 10,

11 x11,and 7 x 7 matrices of the bivariate relationship across markets in the DE, PEA and
ELA, respectivelyThe upper triangulation of the matrices provides the results of the estimated
pairnise correlations with their changes while the lower triangulation reports the estimated
break dates. There are three possible outcomes for a change in correlations; First, a positive
change in correlations implies that an increase in returns offeredtbgkansarket results in a
corresponding increase in returns in a counterpart market, which supports the contagion

phenomenon. Second, the change in correlations can be negative which is in support of

106



Table 3.3: ChangesndBreaksin Conditional Wrrelation ofReturns forMarkets in the DE

GER FRA IRL ITL POR UK BEL NET SPA us
0.8443 0.5821 0.7460 0.6423
0.0847 0.2483 0.0768 0.1383
GER 0.0150 0.6363 0.0486 0.6241 0.0920 0.7475 0.8623 0.7869 0.1012
1T0.01 T0.1 T 0. 1¢ T0.1
0.9274 0.7648 0.7739 0.7117
01-Aug-03
[08-Feb02, 0.4994 0.6527  0.5873 0.6841 0.6733 0.8200 0.7586 0.6372
01-Aug-03]
14-Dec07 0.0303 0.2068 1 0. 0O 0.2017 0.1857  0.0885 0.1587
FRA [14-Dec07, 0.2193 0.0654  0.2617 00636 1 0. 0 0.0247 0.0857
21-Dec07] iP0.0¢4710.0 7T0.2 17T0.122 00013 7T0.0 009222 10.1
04-May-12
[27-Apr-12, 0.7041 0.8524  0.6901 0.8206 0.8122 0.9153 0.8508 0.7487
15 Junl?2]
30-Jul99
[28-May-99, 0.4674 0.5398
20-Oct-00]
04-Mar-05
IRL - [12-Dec03, 0.5649  0.4542 0.6067 0.2096 0.1850 0.5588 0.5538
28-Dec07]
25-May-12
[17-Juk09, 0.6769 0.7249
15-Junl?]
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ITL POR UK BEL NET SPA us
0.4365 0.5390 0.5813 0.6600 0.5079
0.1207 0.2909 0.2308 0.1072 0.2026
ITL 0.2365 0.0387 0.6749 0.0717 0.0455 0.1113
T0.1170. 2 T0.1C 0.0825 T0.1
0.6823 0.6615 0.7742 0.8954 0.6506
16-Juk99
[04-Jun99, 0.4553 0.5390 0.5035 0.6080 0.3437
28-Mar-03]
10-Aug-07 01146 10.16 7T0.0C T0.06:0.1185
POR [09-Janr04, 0.1883 0.2807 0.2534 0.2573 0.2211
10-Aug-07] T0.1 710.10 7T0.1% T0.10¢70.1
23-Decll
[23-Dec11, 0.6256 0.5516 0.6167 0.6960 0.5639
15-Juni?]
11-Aug-00  11-Apr-03
[25-Sep99, [10-Sep99, 0.6385
05-Apr-02] 20-Jun03]
10-Aug-07  02-Nov-07 0.1249
UK [22-Apr-05, [24-Nov-07, 0.7126 0.8136 0.7198 0.1309
26-Oct-07]  28-Dec07] 1T0.1
23Mar-12  11-May-12
[23-Dec1l, [16-Mar-11, 0.7941
15-Junl?2] 15Junl?]
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BEL NET SPA us
0.4986
0.1524
BEL 0.791 0.6734 0.0935
T0. 098"
0.6458
0.6581
0.1790
NET ] 0.7638 10.104.
0.7327
0.5407
0.1717
SPA - - 0.0627
T0. 1161
0.6586
22-Aug-03 28-Sep01
[11-Jun99, [28-May-99,
22-Aug-03] 28-Feb03]
04-Jan08 17-Mar-06 24-Aug-07
us [04-Janr08, [02-Nov-01, [10-Feb06,
01-Feb08] 02-Mar-07] 21-Sep07]
15-Junl2 15-Junl2 03-Feb12
[18-May-12, [18-May-12, [06-Janr12,
15-Junl?] 15-Junl?] 15-Junl?]
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interdependence. Finally, no change in correlations, confirmiagket interdependence and

the decoupling of markets. Table 3.3 presents the result of the changes and breaks in conditional
correlation of returns for markets in the DEhe results are quite remarkable as it shows that
there are 28 significant pairwise correlation breaks outpafsaible 45The results also show

that pairwise correlations between markets are of varying strengths. The result reveals that
stock markets in the DE have higher pairwise correlations values, which are sometimes close
to unity, than markets in other suégions. The estimated correlation values for the DE ranged
from 0.3437 to 0.9274 while those for PEA and ELA ranged #@009 to 0.7700 and 0.1565

to 0.7064, respectively (sdables 3.3 3.5). The higher correlation values for markets in the

DE clear reflects a high level of market integration between markets in theegidn.
Remarkably, the result of the pairwise correlati@salthe presence of strong comovements
between stock markets in the DE even before the global panic caused by fheeadilaehman
Brothers on 15 September 2008.

Next, the chapteturns to analyse the result of the changes in correlation coefficients and
estimated break dates for the DE. The result shows that the value of the change in correlation
between the UK anialy is 0.0387 and the estimated break date is located on the week of 10
August 2007. By the same token, the result shows a high change in correlation between
Germany and the U& positive change of 0.1012 and between France and the piSitive
changeof 0.0857 Both breaks occurred on the week of 16 June 2006.

The chaptenow proceedto analyse the results for PEA. Tabld Bresents the result of the
changesandbreaksin conditional correlation of returns for markets in PEA. Thsilts show

that out of a possible 55 country pairwise correlations only 34 are signifitaikingly, in

some instanceshe resuls show positive changes in correlations during the second breaks
whichappears to support the phenomenon of contagfishows that the change in correlations
between Indonesia and Taiwan is positwelthat the pair had the highest coefficient change

of 0.5179 The change in correlations between this countryipaiver five times higher than

that between China and Hong Korithe result also reveals thimidonesia had the strongest
comovement with the US with a positive coefficient change of 0.4115. $tieng
comovement with the US occurred on the week of 30 September 2005. The change in
correlatiors for Indonesia and the US is over three time higher than that of Taiwan and the US.

The result shows that Taiwérad the weakest comovement with the USfipgsa coefficient
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change of 0.1321. It is interesting to observe the absence of comovement between the US
market and those in Hong Kong, Koregingapore,and Thailand. This clearly suggests
interdependence and the decoupling of timaekets, whichmplies that not all crisis episodes

can be considerezbntagious
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Table 3.4: Changes and Breaks in Conditional Correlation of Returns for MarkBtsA

CHN HKG IND JPN KOR MAL PHI SGN TA THL us
0.4566 0.2977  0.2394  0.1323 0.4493  0.3843  0.3817 0.1319
02648 1 0. 1: 01635  0.3609 T0.3: 02362 (o482 0.2313
CHN 0.1039 0.3738  0.2492 01582 04274 03761 01582 ;g - 03738  0.2451
70.05 70.6:710.2°710.1: 70.4:70. 2¢ T0. 2
07703 1 0.0 03745 05375 0.0632 05306  0.5115 0.4063
12-May-00
[28-May-99, 0.4024  0.2380  0.2840 0.5774
16-Jun00]
29-Oct-04 i0.1¢ 02128 0.2107 T0. 4¢
HKG [24-Sep04, 0.3671 0.2321  0.1576 04207 04609 0.6605 04924 04085  0.4622
01-Feb08] T0.6:70.3(70. 2( T0. 4¢
15Junl2
[13-Mar-09, i0.0( 03785  0.4504 0.0732
15 Junl?]
28Jan00  06-Apr-01
[28-May-99, [04-Jun99, 0.1953  0.2964  0.4058 0.4739  0.2686  0.4751  0.3292
28-Jan00]  20-Juk01]
11-Jun04  02-Dec05 00604 10.1¢710.1: 10.2770.2(70.1°170. 2:
IND [11-Jun04, [19-Aug-05, 02711 0.3665 0.3306 03649 (03970 05179 02441 0.3767
20-Apr-07]  20-Apr-07] 70.5¢(70.5:70. 6 70.6{70.4° 7T0.6¢(70.5!
02-Sepll 02-Sepll
[31-0ct08, [14-May-10, 70.0(70.0C(70.0 70.0¢ 00442 70.1:70.0¢
01-Junl2] 08Junl?2]
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JPN KOR MAL PHI SGN TAI THL US
0.2422 0.1913 0.2602 0.3503 0.2062 0.3368
0.2256 0.0881 1T0.135 02919 0.2465 0.1639
IPN 0.1948 0.2310 0.4325 : '0 50 0.1562 0.3504 0.1952
1T0.32 T0. 34( 1T0.5209 ' 1T0. 31 1T0. 21
0.3353 0.1697 0.0287 0.4353 0.2678 0.4804
31-Dec99
[28-May-99, 0.1863 0.2370 0.2826 0.2079
24-Mar-00]
06-Aug-04 0.1341 T0. 086 0.2089 0.4042
KOR [14-May-04, 0.2429 0.3474 0.1875 0.1105 0.4031 0.4374
28-Sep07] T0. 23¢ 1T0.516 10.24 10. 18
09-Mar-12
[20-Feb09, 0.3236 T0. 018 0.4305 0.5385
08-Junl12]
13-Jul01 29-Dec00
[28-May-99, [28-May-99, 0.2841
03-Aug-01] 27-Sep02]
16-Dec05 16-Mar-07 T 0. 1¢
MAL  [25-Nov-05, [20-May-05, 0.3209 0.4761 0.3850 0.3753 0.2999
20-Juk07]  20-JulQ7] TO. 1¢
02-Dec1l 02-Decli
[30-Apr-10, [29-Juk1l, 0.2570
08Junl?2] 15Junl?]
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PHI TAI THL us
0.32969 0.5614 0.3729
1T0.1273 1T0.3087 1T0.2467
PHI 0.3043 0.2193 0.4115
T0.4907 1T0.3970 1T0.405¢
0.0159 0.0749 0.1324
- 0.4810 0.4437 0.4815
SGN
02-Jul-99
[28-May-99, 15Sep00] 02219
0.2244
TAl  04-Feb05 0.3647 0.1321
[14-Nov-03, 02Dec05] 1T0.1471
23-Apr-10 0.4314
[19-Jun09, 15Junl?]
08-Sep00
[28-May-99, 07Dec01]
THL 28-Apr-06 - 0.3264
[28-Jar05, 09Jun06]
22-Oct-10
[10-Sepl0, 15Junl?]
06-Oct-00 25-Apr-03
[04-Jun99, 18May-01] [20-Aug-99, 25Apr-03]
Us 30-Sep05 08-Sep07 -
[18-Feb05, 09Dec05] [07-Sep07,09-Sep07]
23-Apr-10 20-Janl2

[19-Feb10, 08Junl2]

[20-Jar12, 15Junl?]
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Turning now to analyse the results for ELA. Table [@esents the result of tlehangesand
breaksin conditional correlatiorof returns for markets in ELAThe results show that 17
country pairwise correlations are significant out of 21 country pairwise correlations. The results
show that most of the changes in correlations are positive, particularhgdiae second break.

It showsthat quite a number of countries in ELA experienced mar&etovementprior to

the housing market crisis in the US.contrast, negative changes in correlations appear to be
more prevalent during the third break suggestimgeace of contagiohe result shows that

the change in correlation between Chile and Colombia is the highest, posting a value of 0.5084
and this change occurs on the week of 06 January 2006. With respect to changes in correlations
between the US and mats in this region, the result shows that the highest change in
correlations is betweefsrgentina and th&S. The strong positive change of 0.3984 between
them occurred in the week of 26 February 2006.

Table 3.5: Changes and Breaks in Conditional Correlation of Returns for MarkEisA

BRA CHL CcOL MEX PER ARG us
0.2163 0.5730 0.4317 0.6573 0.4251
0.0958 0.1342 0.1704 T0. 26 0.2562

BRA 0.6358 0.3940 0.1498 0.2254 0.3349 0.1068

ro.1 10.2:10.22 10.3910. 3
0.5628  0.6449 0.5976 0.3370 0.4786

0.2954  0.4478

T0.1
CHL - 0.5084 8:1232 0.5241 0.4772 0.5115
T0.0

0.5922 0.7064

15Feb02  22-Dec00
[23-Jub99, [28-May-99, 0.1565 0.2279 0.2040 0.1666
11-Mar-02] 10-Aug-01]

14-Jul06 06-Jar06 0.2674 0.0465 1T 0. 09 0.2386
COL [30-Jun06, [06-May-05, 0.2778 0.3581 0.4707 0.2385

12-Oct07]  23-Nov-07] 1T0.0¢'17T0.2% 1T0.2710.1

24-Febl12  20-Apr-12

[26-Nov-10, [28-May-10, 0.6071 0.4953 0.305 0.4619

15Junl2] 15Junl2]
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MEX PER ARG usS
0.3288 0.6679 0.5314
0.1529 1T0. 2957 0.2014
MEX 0.3060 0.3533 0.1350
1T0.311 1T0.3449 1T0. 2006
0.4767 0.3806 0.6673
03-Dec99
[04-Jun99, 0.4940 0.2148
17-Jar03
21-Sep07 T0.3146 0.1802
PER [14-May-04, 0.5050 0.3232
30-Nov-07] T0.369C¢0C 1T0.2361
11-May-12
[03-Feb12, 0.3155 0.4820
15-Jun12]
14-Sep01 30-Mar-01
[04-Aug-00, [18-Jun99, 0.4359
05-Jul02] 28-Sep01]
22-Dec06 24-Feb06 T0. 1935
ARG [03-Feb06, [02-Sep05, 0.3984
07-Sep07] 03-Aug-07] 1T0.1946€6
20-Janl12 23-Dec11
[20-May-11,  [27-Aug-10, 0.4462
15-Junl?] 15 Junl?2]
30-May-03 21-Mar-03 23-Mar-01
[25-Jun99, [27-Aug-99, [29-Oct-99,
30-May-03] 04-Apr-04] 12-Oct01]
12-Oct-07 17-Aug-07 26-Feb06
US [12-Oct07, [03-Aug-07, [12-Aug-05,
07-Dec07] 04-Jan08] 07-Sep07]
20-Apr-12 18-May-12 20-Janl2
[24-Feb12, [30-Dec11, [13-Aug-10,
15-Junl?] 15 Junl?2] 15 Junl?2]

In addition the result shows a high positive change of 0.3232 between Peru a8 tiach

occurred on the week of 17 August 2007. Generally, it appears that all markets exhibited strong

positive comovements with the US markenterestingly, the result shows thateth

corresponding 95% confidence intervals of the break dates for all country pairs appear to be

quite close. This implies that the dates are precisely estimatdargalycan be viewed as the

true dates.
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Taken togetheithe chaptefinds substantial changes in tieenditionalcorrelation of returns
during the GFCIt also findsthat stock markets in the DE exhibited higher pairwise correlations
than markets in other subgions. Markets in the DE also exhibited higher changes in
correlatons with US than markets in counterpart-segions.In addition,it finds evidence of
breaks in the conditional correlations for markets in all the differenrexgibns. It thus
preserdg evidence in favour of contagion phenomenon, but this evidenceeasfdr more
markets in the DE than in other stdgions It finds evidence consistent with interdependence
and decoupling phenomenon for markets in RIBAELA.

3.5.3.Distinct Breaks and Spillovess of Volatilities

As discussed in the previous sséctions, there are breaks in conditional megariance and
correlation of returns for markets ithe DE, PEA, and ELA. Such evidence strongly suggests
the need to account for these breaks in models on stock returhs. $alésection, therefore,

our goal is to determine whether these breaks are important for the computation of spillover
indices. To determine this, two VAR mod@€lare estimated; the first model is without any
breaks while the secofftbne assumedistinct breaks in conditional meansariancesand

correlations, and obtains these breaks using th&I8®indices are computed usiGEVDs

obtained from the VAR models based on forecast horizon length o x A A2E Dhen
theindices obtained using the model witistinctbreaks are compared to those obtained using
the model without any breaks. The comparison of the two indices will allow us to demonstrate
the importance oflistinct breaks in the computation of spillovers. HigB.6 plots the total
spillovers generated from other markets to one market for each of the different regions.

The chaptercontrass the two curves on total spillovers with (without) breaks and some
interesting insights emerge. It is obvious to obsdmaethe curve based on the model without
breaks is a straight line, which does not show any evolution in spillovers over time. In contrast,
it turns out that the other curve obtained with the model distinct breaks shows time

variation in the evolutiorof spillovers.This time variation arises from the large number of

26The method of modelling is timearying parameter vector autoregression (TWAR).

27Prior to the estimation of the second modie, chaptedivided the sample into several regimes. This was done
becausef the evidence showing large number of breaks in the previousestion.

28Theh-stepahead rolling time horizon corresponds to over one month of trading.
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distinctbreaks and shifts in regimes. The curve based on the model without breaks in the first
panel shows that over 80% of volatility shocks arising from other stock markets spills over to
markets in the DE. In the middle and last panel, the plots show th#eaabove 60% of
volatility from other markets spills over to markets in ELA and PEA. In contrast, the curve
based on models with breaks in the first panel shows that the spslwveolatilities from

other stock markets to markets in the DE oscillatesind78% and 84%. In the middieanel,
whichdisplays spillovers to markets in ELA, the plot shows that it fluctuates betWéeard

71% while in the last panel which shows spillovers to markets in PEA it oscillates between
59% and 80@6.

Figure 3.6: Total Sillovers, byRegion

Spillover in Developed Europe
T

T
Without breaks

—— With distinct B, S, R breaks

2005

Spillover in Emerging Latin America
T T T T
Without breaks
-— Withdisinct B, S, R breaks | |
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Spillover in Developed Pacifc and Emerging Asia
T

Without breaks

| ——With distinct B, S, R breaks

. Er

Notes The figure reports the total spillovers by region. Spillover effects without breaks (dotted lines) and with
sequences of breaks in the conditional meaasancesand correlations (dashed lines). The figures are drawn
using 5stepahead rolling forecasiorizonand isolates the contribution from own shacks

Interestingly, fronthe plotsonecan visualize that the pattern of volatility spillovers appears to
vary over time, i.e the spilloves of volatilities are changing over time. There is a high degree

of time variation in the spilloverof volatilities in markets across different regions. In each
region,itisnoti ced that spillovers are initnally
after began to intensify. This intensification hecauseof the rise in transmitted market
volatilities experienced across markets in t
in spillovers for markets in the DE and PEA than in markets iA.HLis also interesting to
observe timevaryingvolatility, which isin response to shocks from the GBe@sides, one can
observe that prior to the GFC spillovers had been on the rise in all regions with the exclusion
of those in ELARemarkably so, it as only in ELA that the rise in spillovers tapers out prior

to the GFC, i.e.between 2005 and 2006 as seen in the middle panel of the figure. Figure 3.6
also shows that the strongest spillovers occurred between 20@®aBdwhichfalls within

the periodof the GFC. During this period, spillovers jumped dramatically by almost over 10
percentage points from its p@&FC level in markets of all the regions. Howedrting post

GFC, markets in all regions witnessed relatively stable spittofrom 2013 tored of 2016.

The chapternow consides directional spillovers between markets within a regamd
thoroughly examine spillover§able 3.6presentshe direction of spilloverslt shows the

transmission of spillovers from and to markets, and net spillovers with the signs of spillovers.
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Table 3.6: TheDirection of Spillovers

Country/Region Y Y 0

Panel A: Markets in the DE

UK + + -

France + + +
Germany + + +
Belgium + + -

The Netherlands + + +
Portugal + + -

Italy + + +/-
Ireland + + -

Spain + + +/-
us + + ]

Panel B:Markets in PEA

China + + +
Hong Kong + + +/-
Indonesia + + +/-
Japan + + +/-
Korea + + +/-
Malaysia + + -

Philippines + + +/-
Singapore + + +/-
Taiwan + + +/-
Thailand + + +/-
us + + ;

Panel C:Markets in ELA

Brazil + + +
Chile + + -

Colombia + + -

Mexico + + +/-
Peru + + +/-
Argentina + + +/-
us + + .

Notes Y denotes transmission from or transmitting countries &mtknotes transmission to or

receiving countries’ indicates net spillovers.

correlations.

Table 3.7 presents theansmission of spilloversdt sheds additional light on the directional
spillovers for each country in terms of spillovers from transmitting country to other countries
and vice versa, and the strength of spillovers transmissiongdiiie GFCIt shows that the
transmission of spillover from the US to markets in the DE rose, though by a small nhargin.
contrast,t draws the reverse conclusions for spillovers from the US to markets in PEA and
ELA. This is becausepslovers to markets in these regions are substantially higher than

spilloversto markets in the DE. Generally, the results show increases in contemporaneous
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Table 3.7: Transmission o$pillovers

Country/Region Y Y Y Y
Panel A: DE markets

UK 7 8 y My L
France 10 8 Z L 9§ L
Germany 11 8 Z H 9 L
Belgium 7 8 9§ L Z L
The Netherlands 11 8 Z H 9 L
Portugal 7 6 ¥ L 9 L
Italy 9 8 9§ H Z L
Ireland 7 8 9§ H Z L
Spain 10 8 ¥ L Z L
us 8 g ¥ L ¥y L
Panel B: PEA markets

China 9 5 gy H ¢ L
Hong Kong 7 7 9 M Z L
Indonesia 6 5 Z M 9§ M
Japan 4 6 gM g L
Korea 8 5 ¢ L Z L
Malaysia 4 6 Z L 9§ M
Philippines 6 5 Z L 9§ L
Singapore 7 8 ¥ H Z L
Taiwan 6 6 Z L 9§ L
Thailand 7 6 Z M 9§ L
us 5 6 ¥ H Z L
Panel C: ELA markets

Brazil 15 9 Z M 9§ H
Chile 7 10 § L § L
Colombia 7 6 Z L 9§ H
Mexico 13 9 ¥ H Yy L
Peru 8 9 y H § L
Argentina 9 7 9 L Z M
us 7 11 ¥y H Z L

Notes Y and”Y denotes transmission from and to (averages for the entire sample period).
Y and’Y refersto transmission from and to (during the GFC). Spillover strength is

categorized into three, where L corresponds to low spillover, M to moderate spillover and
H to high spillover.

Figure 3.7 plots the directional spillovers for markets in regions acrossltinrfanel A of
Figure3.7, whichplots the directional spillovers for markets in the DE, it is clearly seen that
France, Germany and The Netherlands have positive net spilldvesssuggests thathey
transmit structural shock# other markets in the DE and th&, whichcause the spilovers

of volatilities. In contrast, Belgium, Portuglieland,and the UK have negative regillovers,
which suggests thahey receivestrudural shockgrom other markets in the DE and the US.
also shows that isome period$taly and Spairexperiencgositive or negative net spillovers.
The primary transmitters of volatility shocks in the DE aBermany and fie Netherlands.

Eachof thesemarkes transmit about 11% of their volatility to other markets in the DE.
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Figure 3.7: Directional Spillovers, byCountry and Region
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Panel C ELA

Notes The figure displays the directional spillovers for each country across different regions (with the US). The
figure shows the transmission from or transmitting countries (dotted lines), transmission to or receiuigscoun
(dashed lines) and the net transmission (solid lines).

Panel B of Figure 3.7 plots the directional spillovers for markets in PEA. Surprisingly, China
is the only one with positive net spillovers, while Malaysia is the one and only market with
negatve net spillovers. All the other markets in PEA switch between positive or negative net
spillovers. China is the largest transmitter of volatility shocks within PEA. It transmits about
9% of its volatility to other markets in the region. In contrast, Siogareceives more volatility

shocks than other markets in PEA.
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As displayed in Panel C of Figure 3.7, which plots the directional spillovers for markets in
ELA, it is obvious that only Brazil has positive net spillovers, while only Chile and Colombia
have negative net spillovers. The remaining markets in ELA switch between positive or
negative net spillovers. Brazil is the largest transmitters of volatility shocks in ELA. It transmits
about 15% of its volatility to other markets in ELA. In contrast, €hdceives more shocks

than other markets in ELA.

Overall,the chaptefindsthat volatilities spilled over across marketsll regionslt also finds

that shocks caused by the GFC generated a substantial viskatilities, whichspilled over
markets ad interpreted this as evidence of contagibnaddition, it finds that volatilities
exhibited a high degree of timrariation, whichvaries considetay across markets. The degree
of time variation in volatilities is more pronounced for markets in Bbd PEA than those in
the DE. Becaustie chapteallowed fordistinctbreaks during the estimation of ttme@del,one
was able to observeirhe-variation in the spilloves of volatilities. In addition, the model
captures the timing of the GFC remarkably well. Howeites, noticed that whethe chapter

did not allow fordistinct breaks during estimation the spillogerf volatilities became time
invariant. The chapterthus, showthat allowing fordistinctbreaks in the conditional means,
variances and correlations during estimation allows one to observe time variation in the
spillovers of volatilities. In contrastjt shows that an alternative empirical model that does not
allow for distinctbreaks during estimation yields volatility spillovers that are time invariant. It
also results in the oveand undesestimation of forecast error variances, which are required
for the computation of spillover indiceBo this endjt suggestthe estimation of VAR models

allowing fordistinctbreaks in structural innovations.

3.5.4.Robustness

This subsectionwill use data on volatility of returns and explore thbustness of our results
on changes and breaks conditional correlationto this alternative data. Table83resents

the result of changes and breaks in conditional correlations for markets in thi@®esults

are largely consistent with our mairsudt using data on stock returns. The result shows that
changes ircorrelations ranges from 0.2331 to 0.8529 for markets in thelBéresult shows

that the change in correlation between Ireland and the US is 0.4121 and this changel occur
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on the week of 22 August 2008. The result shows a high and positive change in correlation of
0.7139 between UK and the US. This change occurs on the week of 07 November 2008. The
result shows a change of 0.4684 in the correlation between Belgium and tiedhSccurs

on the week of 20 February 2009.
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Table 3.8: Changes and Breaks in Conditional Correlation of Return Voiesifior Marketsin the DE

GER FRA IRL ITL POR UK BEL NET SPA us
0.6958 0.4973
0.1302 10. 3
GER 0.0269 0.4023 0.6281 (03154 0.6647 0.5481 0.6707 0.6295 0.5548
' T0.1
0.8529 0.377
0.3686 0.5166 0.4198 0.6241
07-Mar-03 10. 142 0.2627 0.3102 01752
[18-Jun99, 0.1939 0.7149 0.387 0.0930 1 0. 3 0'0274 0.6798 0.572
FRA 25 Jun04] 0.1219 1T 0. 2 0.2535 '
07-Nov-08
[20-Juk07, 0.5416 0.6679 0.6424 0.8268
08-Junl12]
09-Jul99
[28-May-99, 0.4486
09-Jul99]
21-Nov-03 1T0. 2
IRL [21-Nov-03, 0.3448 0.2331 0.3892 0.3507 0.4268 0.3451 (o191
- 07-May-04] 0.1815
19-Sep08
15 Junl?]
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ITL UK BEL NET SPA us
0.6037
L 0.6166  0.4465 0.6273 0.4465 0.4359
0.7801
19-Nov-99
[28-May-99, 0.3495 0.6328
10-Dec99]
23-Apr-04 10. 2 T0.39¢
POR [02-Apr-04, 0.3287 03274 o785 71 0. 05¢ 02538
07-May-04] 0.2388 0.4208
19-Sep08
[05-Sep0s, 045862  0.5989
08-Jun12]
0.4035
0.0653
UK
0.5055 0.6506 0.5507 0.2450
0.7139
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BEL SPA us
0.3203
1T0.0814
BEL 0.5732 0.4396 0.0785
0.1510
0.4684
NET 0.5738 0.4584
SPA - 0.4246
28-May-99
[28-May-99, 28May-99]
us 10-Oct-03
[10-Oct-03, 080ct-04] -
20-Feb-09

[29-Feb08, 08Jun12]
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In Table 3.9the chaptereporsthe result for changes in correlations and their estimated breaks
dates for markets in PEA. The result shows that changes in correlations rang€sGoas to

0.5190 for markets in this regionhe result shows that changes in correlations between China
and the US is @066while changes between Korea and the US1411. It shows thaboth
change®ccur on the week of 14 November 2008. The result shows that changes in correlations

between Taiwan and the US is 0.3220 and this change occurs on thef @@ékavober 2009.
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Table 3.9: Changes and Breaks in Conditional Correlation of Return Voiasifitr Markets inPEA

CHN

IND JPN KOR MAL PHI SGN TAI THL usS
0.0261 T0.014 0.4493 0.1300
0.1990 0.1591 1T0. 32 1T0. 11
CHN 0.0805 0.1784 (. 2488 0.2410 0.4274 0.3761 0.2961 0.2508 0.2102 0.0607
1T 0. 31 0.0661 1T0. 44 0.2314
0.1611 0.417 0.0632 0.3066
28-Dec01
[28-May-99, 0.0901 1T0.0GC 0.4040 0.2056
07-Feb03]
28-Dec07 0.2004 0.2349 1T0.57 1 0. 1C
HKG [19-May-06, 0.1265 (.2129 0.2016 0.2581 0.5982 0.4515 0.4924 0.3331 0.2075
18-Jan08] T0.32 10. 28 1T0. 41 1T0. 414
01-Juni2
[11-May-12, 0.1836 0.1461 0.0125 1T0.0C
15-Junl?]
T0.0C 1T0. 02 0.3116 0.3823 0.1047
0.0579 0.1452 T 0. 32 T0.50 10. 2C
IND 0.3133 0.2175 0.4219 0.3036 0.5001 0.3798 0.1547 0.0272
- T0.37 10.45 10. 4" T0.46 10.51
T0.01 1T0.121 170. 07 T0.08 10. 23
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JPN KOR MAL PHI SGN TAI THL us
0.0491 0.0302 0.1078 1 0. O
0.4459 0.1028 0.1674 0.4778
JPN T0.20 0.2522 0.1333 (02398 1 0. 1 0.1466 0.2186
T0.11 170.31 T0.1 10.1
0.1749 0.0741 0.4021 0.1045
12-Nov-99
[12-Nov- - - p
99 30 10.009 0.1324 0.0269 1 0. 0¢
May-03]
19-Oct-07 0.2743 0.1650 0.39831 0.3165
KOR [02-Feb07, 02559  0.0627 02031 0.1489 0.1394 (0508
07-Dec07] T0.22 T0.210.2 T0. 1¢
20-Apr-12
[02-Mar- 0.2053 0.2745 0.3643 0.1411
12, 15Jun
12]
07-Sep01  17-Sep99
[11-Jun99, [28-May-99, 0.3828
16-Aug-02] 04-Oct-02]
26-Jan07  02-Mar-04 T0. 3
MAL [20-Jan06, [06-Feb04, 03780 0.3158 0.2315 0.1554 0.0816
23-Nov-07] 07-Dec07] T0. 4
06-Apr-12  15Juni2 )
[10-Junll, [15-Juk1l, 10.0
15Junl?2] 15Junl?]
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PHI SGN TAI THL us
0.3780 0.0463
PHI 0.4237 -0.4192 0.1153 0.0767
1T0. 437
1T0.038: 1T0.0940
SGN 0.2911 0.1904 0.2624
0.2737
1T0.2785
TAI 30-Sep05 0.1348 0.1550
[22-Oct-99, 130ct-06] - 0.1723
18-Mar-11 0.3220
[26-Feb10, 08Jun12]
THL
- - - 0.0822
28-May-99
[28-May-99, 28May-99]
10-Oct-03
US ] - [10-Oct-03, 2ZMay-05] -
09-Oct-09

[21-Mar-08, 15Junl12]
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Table 3.10 provides the results for changes and breaksditional correlation for ELA. The
change in correlatiarange from-0.0120 to 0.5525 for ELA. The result shows that only
Colombia exhibits correlation with the US. The change in correlation between Colombia and
the US is 0.2842ndthis change occurreah the week of 13 March 2009.

Table 3.10: Changes and Breaks in Conditional Correlation of Retialatilities for Markets

in ELA
BRA CHL COL MEX PER ARG us
0.0395
T0.0
BRA 0.3795 0.3235 0.4565 0.3812 0.312 0.2984
0.0930
0.3955
0.0774
1T0.1
CHL 0.4483 0.3760 0.3103 0.2448 0.2206
- 0.0936
0.4605
18-Jun99 25-Jun99
[28-May-99, [28-May-99, 0.1107 0.0098 -0.0120
19-Jun99] 25Jun99]
31-Oct03  07-Nov-03 1T0. 2 T0.21 17T0. 1.
COL [31-Oct03, [07-Nov-03, 0.4738 0.1391 0.4039 0.3134
23Feb07] 13-Apr-07] 0.1110 T 0. 2 0.1292
08-Jul11 23-May-08
[02-Janr09, [09-Sepll, 0.4839 0.0390 0.2842

25-May-12] 15Junl2]
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MEX PER ARG us

0.5525
0.2783 ' ene 0.459
27 0.1626 4597
MEX 70. 34
70.01
PER 0.2500 0.1889
28-May-99
[28-May-99, 23Aug-
02]
12-Jan07
ARG 107.Nov-03, 04May- 0.1890
07] -
16-Sepll

[27-May-11, 15Junl12]

U

In sum,the chaptefindsthat correlations considerably changed following the GFC shock. As
before, the degree of change in correlations differs across markets in the different tegions.
still finds that markets in the DE were strongly correlated with the US market than markets
counterpart regions. Generally, our results on changes and breaks in conditional correlations

suggest the existence of contagion.

3.6.Conclusion

This chaptethasmeasured changes in the returns of three compadneatslitional means,
variancesand corelations between stock markets in the DE, PBAd ELA with the US

market in VAR models using data from 03 January 1995 to 03 Novemberi2@kémined

the existence of breaks in the parameters of all these components separately and dated breaks
using these modelk.examined the existence of breaks by employing SP and assumed that the
breaks are distinct. In additiomevaluatedhe role ofstructural breaks in volatility spillovers

among markets. To assess the relevance of structural breaks for estimating models of volatility

spillovers,it compared volatility spillovers obtained by incorporating structural breaks that

134



were obtained by empjing the SP (wherd assumed distinct breaks in conditional means,

variancesand correlations) against those without breaks.

In recognition of the fact that VAR models with measurement problems can potentially yield
incorrect inferences, which may be of no use to policy design, our study goes beyond the prior
literature. The previous research hasted for breaks in correlat®rusing unconditional
correlations under the restrictive assumption of constant correlation (the parameters of a model
are constant overtime). Relying on this assumption could potentially affect the precision of the
estimates of breaks as opposed to usiogditional correlations under the assumption of
changing correlations (parameters of a model are allowed to change). In addition, the previous
research estimates the timing of break points in a model with known break points (exogenously)
and estimate motkeby treating the location of all break points simultaneously. Such models
rely on the assumption of common breaksovariancesRelying on this assumption is likely

to leadto misleading conclusions about contagion as opposed to assuming distinstameak
estimating the break points sequentially. These differences in assumption may likely affect the
estimation and tests for break points. Another important issue with the previous research is that
thebreak dates are not consistently estimated. Fditirqgpnstruct the confidence intervals for

the estimates of the break dates contticate that the break dates are not precisely estimated.

It is important toensure that the break dates are reliably estimated by computing their
confidenceintervals. Finally, in the previous research, the degree of changes in correlations
and other components are evaluated by applying the 2SLS as opposed to using the FGLS
estimation procedure. Thesaere all in an attempt to avoid measurement errors, préveter

inference and richer implications.

This chapter yieldd four main results. Firsit presenéd evidence of changes in correlations

of returns of varying degrees between markets in the different regions. Specifidallyhd

that the markets in B exhibit higher correlations than markets in counterpart regions, perhaps

in part due to high level of market integration. Secanfdundthat the sequential test detects
break points in conditional correlations, which are associated with significasages in the
correlation of returns following the recent financial crisis shdickound that the estimated

break dates of all break points are consistently estimated based on the constructed confidence
intervals. This suggests that the estimated bdea&s are likely to be true datésprovided

substantial support for the existence of contadiom the evidence of breaks in conditional
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correlations and thseignificant increases in the correlation of returns following the recent
financial crisis.The chapterfinds overwhelming evidence in favour of contagion for more
markets in the DE than other regionkghird, the findings support intefependence and
decoupling for markets in PE&ndELA. Fourth,it finds that volatility spillovers are directly
affected by distinct breaks. Specifically, deteced time-variation in volatility spillovers
through the inclusion of breaks in conditional means, conditieaa@ncesand conditional
correlations|t finds that allowing for distinct breaks in VAR models to obtain the spillover
effects leads to timeariation in the volatility spillovers than models without bredksilso
finds that the VAR models that accounted for structural breaks by assuming distinct breaks
captured the periods of significant increases in volatility, even the GFC plédodumengd

that it is difficult to observe the time variation in spillovers in theesige of distinct breakk.
finds that not accounting for distinct breaks when estimating models for volatility spillovers

may results in the oveor under estimation oftie degree of spillovers.

Our result of breaks in conditional correlations sutgése true DGP for returns undergoes
shifts in conditional correlations. Our result on breaks in conditional correlations is robust to
alternative data on stock returns. Specifically, our result is robust to using data on volatilities
rather than return©ur results show the relevance of structural breaks, which are obtained by
employing the SP, and assuming distinct breaks in correctly identifying the timing of abrupt
changes from one regime to another and in detecting contagion. Our results indictte tha

detection of breaks is improved by applying the SP due to the higher power of the test.

Our findings alscdhighlight the relevance of structural breaks (obtained by assuming distinct
breaks) for estimating models of volatility spillovers. The meament of spillover effects
across markets can be improved by allowing for distinct breaks. By allowing for distinct breaks,
one can capture changes in volatility between markets and uncover the time variation in
volatility spillovers. Allowing for structual breaks that are obtained by assuming distinct
breaks is not only important for the detection of the time variation in volatility spillovers, it is
also important for generating more precise estimates of spillover efféutsassumption
allows us to oberve timevariation in the evolution of spillovers. Accordingly, earlier studies
that do not allow for structural breaks that are obtained by assuming distinct breaks when
estimating spillover effects may have over under estimated these effects. $timportant to

allow for structural breaks because wheme does so, it introduces dynamics into the
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measurement of spillovers. Thus, incorporating structural breaks that are obtained by assuming
distinct breaks in models might be a plausible way to improve the estimaspiilo¥ers In
all, our findings suggest that the presence of structural bréaksate derived under the

assumption of distinct breaks does matter for understanding volatility spillovers.

Our findings are particularly relevant to both investors and policy makers concerned about
contagion. One important implication of these finditiggt confirm contagion is that at the
regional level, regional portfolio diversification benefits would be smaller or even disappear.

It is often sensible for investors to diversify their portfolio in the international markets when
returns are highly coetated, but some investors may be reluctant to do so in countries that are
less financially developed or markets outside their region due to high country risks and their
adverse consequences for stock markets. For instance, when countries in the DBoexperie
negative shocks, the size of change in the correlation of returns were found to be larger
compared to those of its counterparts in other regions. Hence, when there is existence of
contagion within the DE, it is quite unlikely that investors from tleigion would want to
diversify their portfolio in a country with high risks, even when returns are highly correlated.
This is because it runs contrary to their motive, which is to hold portfolios that reduce their risk
of losses. This suggests that coumstriparticularly those from this region, might want to
consider carefully policies that could be used to insure against adverse shock transmission or
limit exposure to global shocks, mitigate market risks, and increase resilience in the markets
or the speeavith which the returns recover from shocks. Overall, our result may be useful to
help investors make better decisions on portfolio diversification and the management of their
portfolio risks.

Our results suggest that researchers should avoid the useoofditional correlations, because
stock returngend to vary overtime and so, the assumption of constant correlation may be too
restrictive. Our results also suggest the use afl¥hevepossible sincéne test has the ability

to detect the location direak points more precisely. Furthermore, our findings suggest that
breaks in conditional means, varianaesd correlations are important sources of time variation

in the spilloves of volatilities across markets. Researchers should therefore consider

acwounting for breaks in all these three components when estimating spillovers.
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Our study suggests several possible interesting directions for future research. One important
direction would be to extend our analysis to the sector level usimgtpeical strategy in this
chapter. Our investigation tells us nothing about which economic sectors would have
significant changes in the correlation of returns following a shdblk. extension should help

in uncovering which specific sectors of th®ckmarketswould be subject to contagion, but

also recommend useful suggestions aimed at addressing this phenoimeogime chapter

did not study contagion across asset classes but within an asset class. The study could easily be
extended to understand irtmarket contagion in general lingaultivariate models. Thus, the
analysis can be extended to other contexts, which are related to the stock market, and markets
where returns are feasible, but this is beyond the scope of this chapter. Three, a $Rittedete

the number of breaks, that is, where the number of breaks are unknown, such as the one
proposed by Kejriwal and Perron (2010) could be used to examine whether our results could

be affected by the selected number of breaks.
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Chapter 4: Crisis Date Determination and Stock Market Contagionthrough

Coskewness

4.1. Introduction

Analyses of contagion during the global financial crisis (GFC) has been based on changes in
correlations $amarakoon, 2011; Syllignakis and Kouretas, 2011; Aloal.eP011; Bekaert

et al., 2014). Several of these have endogenously determined the date the GFC started
(Dimitriou et al., 2013; Dungey and Gajurel, 2014; Luchtenberg and Vu, 2015; Kenourgios
and Dimitriou, 2015), while others have exogenously deterntimedate (Lee, 2012; Hemche

et al., 2016). Only recently have the literature on contalgégun to test for the existence of
contagion in higheorder moments such as coskewness (Fry, et al., 2010). This recent literature
focuses on the coskewness for tre@asons. Firstly, the distributions of returns are not only
characterized by the mean and variance of returns, but also by the coskewness of returns.
Secondly, when investors want to choose their portfolio, their preferences are beyond the mean
and variage of returns of an asset. They also prefer the coskewness of return of an asset.
Indeed, they even prefer assets that increase the skewnessKegkt) of their portfolios to

those that decrease it (lefkewed) (Harvey and Siddigue, 2000a; Cacciolale 2014). This

preference is as a result of their risk aversion behavior.

Prior to testing for contagion among stock markets, however addressing some challenging
issues is crucial. One of such issues is the demarcation of the crisis froomitresis period
(Dungey et al., 2005). This demarcation allows for testirggagsmarket relationships during

a stable period and testing for significant increases in these relationships after a shock in order
to determine whether contagion occurred. Demarcation is of critical importance because the
length of the crisis and negrisis perods could considerably affect test of contagion and the
accuracy of estimates (Serwa and Bohl, 2005). Typically, the date that a crisis starts is required
for this demarcation. This date, however, has to be determined. It can be either exogenously
determned using the sequence of crisis events/ex post observation of events, or endogenously
determined via empirical procedurés.this respectbungey et al. (2015) have shown that
dates exogenouslyeterminedften under and overestimates the date of traisn between

different phases of crisi¥he approach adopted in selecting the demarcation date, therefore, is
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of critical importance becauskan inexact date is chosen, the length of time and the set of
observations that will be drawn upon for estimatwill not reflect the actual crisis and non

crisis periods. The date chosen could have a direct impact on estimates of contagion models
andaffectinferencegDungey and Zhumabekova, 2001; Dungey 2005; Baur, 2012).

A few papers have exogenously deteredl this date for the analysis of contagion in the context

of coskewnesfChan et al., 2018hereafter CFH)while others have endogenously determined

this date(Fry-McKibbin et al., 2019) However, does it really matter whether this date is
exogenously nendogenously determined for the analysis of contagion measured using higher
order comoments like coskewne$szn though studies have exogenously and endogenously
determined the date, as of yet, no study exists as setis#tivity of contagion estimat¢o the

choice of the crisis start date. Since this chaptamot assumehat the approach used to
determine the date does not affect estimates of contagion. This chapter argues that depending
on the approach adopted, the magnitude of contagion ediwatechangdt is, therefore,
important to evaluate quantitatively the relative importance of endogenously versus
exogenously determined crisis dates by ascertaining whether the choice of the crisis date could
possibly affect estimates of higherder canoments This chapter endogenously determines

the start date of the GFC across stock markets in DEE and adopts the exogenously determined
start date irCFH. Itcarefully evaluates the magnitude of coskewness estimates obtained from
contagion model with ermdjenously determined date and gauges them against those obtained
from contagion model with CFH6s exogenously
the extent of differences in estimat@sis chapter fills the gap in the empirical literature by
being te first to examine the sensitivity of estimates of contagion measured through

coskewness to the way the demarcation date is chosen.

Theempirical investigation in this chapter focuses on the contagion during the GFC. This crisis
is particularly interestig to study because it was prominent and prolonged, and it generated

substantial turmoil in global markets. A great deal of empirical work has documented that the
dramatic movement of returns in the US stock market following the crisis had a strong impact
on other markets across the globe (Guo et al., 2011; Aloui et al., 2011; Bekaert et al., 2014;
Mollah et al., 2016)Baur (2012) points out that the global dimension of the GFC could make

it difficult for one to detect the date the crisis began. In additlee empirical research in this

chapter is carried out for a set of marketSKE, i.e., markets in the DE, PEA and ELA regions,
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respectively®. These markets are examined because the phenomena of contagion could impact
differently on markets in differé regions. Moreover, contagion may not be global in nature.
As pointed out by Calvo (1999) and Kaminsky and Reinhart (2000), contagion tends to be more
of a regional phenomenon than a global dd@sed on this view, the chapter expects that
contagion shdd have different important implications for the dynamics of market returns in

different regions.

While there is a growing literature that investigates contagion through coskewness, these
investigations have focused on fewer stock markets in DEESs. Investigating more stock markets
in DEEs is crucial for having a better understanding of the changingibahaf correlation

and coskewness of returns for the analysis of contagion and for rich comparisons of contagion
results. This chapter adds to this growing literature by focusing on a broader set of markets
within DEEs.To obtain the start date of thesis period,countrylevel data on stock returns

has been used for this purpose. Due to the large number of markets in our thetabetpter
argues that the use of this data would result in the estimation ofidoyg break datest is
meaningful to uséhe GDPRweighted average of stock returns in order to obtain a single date
for countries within a region. To date, no such data has been used for analysis in this context;

this chapter is the first to do so.

For the analysis of contagion througtskewrss, a fewnodels and empirical tests have been
applied to endogenously determine the start date of the GFC. Some of these models and
empirical tests are known to suffer framumber of shortcomingsichasthe nonfulfiliment

of somestandardegularityconditionsneeded fotheestimatiorof parameters fahe detection

of transitioral behaviourand strong prior beliefaboutthe break datqHansen, 20011 The
chapter argues th#tthese shortcomings are not avoided or mitigated, it could bias estimates
of contagion. This study econometrically differs on tests used to determine the start date, in
order to avoid empirical shortcomings inherent in models and tests applied, an@ito ob
consistent estimateshis chapter avoidgotential empirical shortcomings and uses the
QuandtAndrews (QA) and Bai and Perron (BP) test procedures in linear regression model to
determine the date with the expectation of avoiding these shortcomhgsise of these test

procedures is a convenient way to obtain the true date. They allow breakpoints to occur at

22The US is included in the data set of each region to act as the soidizsyrfcratic shocks.
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unknownbreak date, i.e., they are endogenously detecteddedejand hey do not treat the

date of breaks aknowna priori, but rather assume that the date is endogenous within the
breakpoint modéf. No study has used these test procedures to determine the dates for the
analysis of contagion in the context of coskewnesssaamarkets of DEE.

The chapter tests for the existence of contagion for the different regions, individually and
jointly. To do this, it relies on an extension of the regswétching model and assumes that

the distributions of the model are skew northat is advantageous to use this model because
the switching processes are well suited for capturing the influence of both linear dimeaon
time-varying changes in stock return behaviour. In addition, the switching processes can avoid
possible hetesredasticity problems and control for the effect of asymmetry on the distribution
of returns. Finally, it allows the parameters to change across different regimes. These switches
across regimes allows for consistent estimation of the paramétegschapte adopts a
Bayesian estimation approach é&stimating the parameters of the model. This approach offers
several attractive features such as allowing for the inclusion of uncertainties in our estimates
in view of limited data or hidden factors. In additidh allows one to incorporate prior
information into our estimates. It is based on the MCMC Gibbs sampling technique, which
allows one to draw accurate probabilistic inference about parameters. A key advantage of this
technique is that it readily accomnatds data with high dimensionality, and it is efficient at
sampling a high dimensional vector of variables. It utilizes the posterior distributions during
estimation to provide efficient estimates, which makes it particularly suitable and convenient
for the joint estimation of parameters. Moreover, it provides a satisfactory performance because
it does not suffer from the problem of noanvergence. The model is, thus, estimated with

greater flexibility using this approach.

The remainder of this chaptes organized as follows: Section two discusses the theoretical
background. Section three reviews existing studies on contagion through coskewness and the

determination of the crisis date. Section four describes the data and presents the empirical

301n this chapter, the breakpoint model is a linear regression model, which is consistently estimated using least
squares estimators.
31 This chapter relies upon this assumption because stock returns naexrhaltiif skewness and tail behaviour.
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methodolog. Section five reports the results on the identified dates, the estimation results for

analysis of contagion, and summarizes the sensitivity analysis. Section six concludes.

4.2. Theoretical Background

This sectionpresents a critical review obnventional capital asset pricing theory. This widely
accepted theory has given sufficient attention to the role of covariance in expected returns.
However, capital asset pricing theory has gradually evolved with the shifting risk preferences
of investorsand the subsequent unfolding characteristics of the distribution of asset returns.
Researchers have now pursued and outlired @conomic theories aapital asset pricing

with a view to reflecting these changes. One area of recent theoretical develaprient
theory of capital asset pricing was the introduction of tile of higherorder moment in
explaining expected returns and the incorporationof higherd er r i sk. Thi s fAne
pricing theory has provided the formal basis for much ofrdeent work that relates to
contagion measured by highemder comoments such as the coskewness of returns, which is
characterized by asymmetries in distributions or extreme outcomes. During crisis, contagion

could also occur if there are significant chas in these extreme outcomes across markets.

4.2.1.Capital Asset Pricing Model

Capital Asset Pricing/odeli Alternative Theoretical FramewoPk

The basic premise of the theory of asset pricing is to understand the risk factors that explain
variations in tle cross section of expected returns, i.e., it focuses on the determinants that
contribute to the expected returns of an asset. The theory is based on the standemhénd

capital asset pricing model (CAPM) developed by Sharpe (1964) and Lintner (kD653

model, cross ect i on al change in asset returns 1 s oI
with the market portfolio. As a result, the model can only provide effects of asset covariances
(asset betas) on expected returns. In view of thigtasvith higher covariances would cause

larger changes in the variance of the market portfolio than those with lower covariances. Thus,

assets with higher covariances should have greater systematic risk than those with lower
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covariances. Hence, they woutjuire higher risk premium from investors. The theory shows,

in principle, that it is possible for investors to determine their expected returns.

The standard twonoment CAPM has arguably played a fundamental role at providing the
framework for the undstanding of crossectional variation in asset returns behaviour.
However, a number of studies have seen it as inherently flawed and have criticized the use of
this simple model for determining the pricing of assets. The model suffers from three
shortcomngs. Firstly, it does not allow assets covariances to vary with time. Secondly, it
assumes that covariance risk alone is sufficient to explain asset valuation (Campbell et al.,
1997; Campbell, 2000). Thirdly, it neglects the influence of potentialinear dynamics in

the pricing of assets, i.e., it rules out possible asymmetries in the distribution of returns such as
coskewness. Put differently, the role of Aoearity or asymmetries in the distribution of
returns is ignored by the standard model. gimted out by Merton (1973), the model assumes
that investors select their portfolios subject to the meaiance criterion of Markowitz
(19592, In addition to this, the model has to be subjected to large number of necessary

conditions in order toneet the criterion and for its validify

Arrow (1971) and Pratt (1964) have provided compelling theoretical justification for the
importance of asymmetries in distributions. Thecatled ArrowPratt theory posits that the

utility function of an invegir exhibits absolute risk aversion (ARA). This notion is consistent
with investors who reduce the absolute amount invested as their wealth increases. The theory
defines the ARA as,

) —_ P

where! istheARAwhile6 & andd @& represent the first and second order derivatives

with respect t@y respectively.

32The CAPM assumes that returns are normally distributed. Thus, thevagance criterion is when this
assumption hol dsefevencesiareguadratio(FuagandoHsishp1999)

33 Due to these criticisms, several extensions of the standard framework have been proposed to overcome these
drawbacks (see, e.g., Harvey and Siddique, 2000a; Dittmar, 2002; Guidolin and Timmermann, 2008pCha

2012; ChabiYo et al., 2014).
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A necessary condition that should be satisfied is that a rational utility function should exhibit

a nonincreasing ARA. This desirable property indicates that investdrsanglobally greater

ri sk aversion would prefer skewness that 1is
there would be a concomitant growth in their demand for risky assets. The theory is, thus,
important for understanding how the risk aversim@haviour of investors influences their
preference for skewness and the resultant effect of this behanoasset pricing. Arditti

(1967) also demonstrates thatromcr easi ng ARA refl ects invest

of positive skewness.

Alternative Framework

Some theoretical studies extend the standard CAPM framework to incorporate the role of
asymmetries in the distribution of returns. The seminal contribution of Kraus and Litzenberger
(1976) is one of such extension. They recognized tpertance of distributional asymmetries

in returns and assumed that higbeder moments of risk premia also account for the pricing

of assets. They address the misconception that asset pricing is conditional on the joint
variability of assets alone and thextend the standard model to develop a threment

pricing model, which incorporates the role of Homarity. They embedded a systematic
skewnes¥ term within the CAPM framework for asset pricing and showed that systematic
skewness adds to the riskemium of an asset. In general, their version of CAPM is related to
investorso6 preference. In this context, they
that are averse to market risk would be to hold assets with positive return skewthesss in
portfolio. Investors who favour holding assets with this sort of skewness would have portfolios
with lower market risk premiums or expected returns. The effect of strong preference for this
sort of skewness is that it causes many investors to hoilhisassets which makes assets to
become ovepriced, leading to low expected returns.

A modified version of the threemoment CAPM, which accounts for asymmetric risk in asset
return, exists. Harvey and Siddique (2000a) build this modified version rexadporate

conditional coskewness into the standard model. Their model captures both variability and

34 The systematic skewness is used by many studies to capture coskewness to circumvent scale problems (Jiang
et al., 2016). A negative systematic skewness is, thus, equivalent to a positive coskewness and vice versa.
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skewness risks in the cressction behaviour of asset returns. They define the coskewness of
an asset as the excess return, which is measured by theaoogasf returns and the squared
return of the market. To them, coskewness indicates how much an underlying asset contributes
to the skewness of the market portfolio. Typically, an asset with higher coskewness should be
more desirable to hold because inttdoutes more to the systematic skewness of market
portfolio. Because of this, the expected return on assets with this sort of coskewness would be
lower. By linking the coskewness of an asset with market portfolio, it is assumed that the price
of an assetith high coskewness risk would be negative in the esestion of expected
returns. They show that the unconditional distribution of coskewness does not account for
asymmetric risk, but the conditional one does, and it is of relevance in portfolitbcsekead
hedgi ng. For instance, an asset with positi
times of market volatility.

The general representation of the thneement CAPM is given by

Oig _1 _r, 8
where
Y
[§7] - h
|
1 tho ,and

whereY is the excessreturnoftitka s set 6 s whi ch equals one pl u:
ith asseti is the riskfree return or excess return on the fiide asset. It is measured as one
plus the riskfree asset returh. is the beta of asset, which accounts for systematicfrisk.

denotes higheorder systematic skewness risk (conditional standard deviation of coskewness)
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of the individual asset. and_ are the risk premiums coefficients for both systematic risk

and higheforder systematic skewness risk, respectively.

These risk premiums are the expected excess returns rewarded to investors for taking on market
risks. The highepor der systematic skewness risk ref/l
coskewness with the market. A positiveimplies that investors areompensated with a
positive risk premium for bearing risk and so they expect higher returns from assets with
positive systematic risk. Conversely, a negativémplies that investors are compensated with

a positive risk premium because they expect tlghdrorder systematic skewness to be
positive. In general, if the skewness of market returns is positive (negative), an asset's co

skewness with the market would have a market premium that is negative (positive).

Asymmetries in the Distribution of Rets

When selecting a portfolio, investors usually have a preference for the mean (expected value)
and variance (value of risk) of returns. Markowitz (1952) developed a-usgmce analysis

for the selection of a portfolio of stocks. His analysis isebagn utility functions that are
guadratic, i.e., an investor reduces the nominal amount invested in risky assets as his wealth
increases. One of the conditions required for this analysis is that the distributions of returns
must be normal. Moreover, hesasnes that all portfolio selection problems have the same
objective function (Markowitz and Todd, 2000). He showed that a waaance efficient
portfolio is one that provides: (1) less variance compared to any other portfolio with the same
expected retur and (2) more expected returns compared to any other portfolio with the same
variance. More explicitly, minimizing risk for any feasible of expected return and maximizing
expected return for any feasible level of risk. However, some studies criticisseh# the

meanvariance analysis of portfolio selection (see, e.g., Borch, 1969; Feldstein, 1969).

Some studies have documented that most financial returns are not normally distributed. Hence,
the mean and variance may not be sufficient measures ofrrigie context of stock returns,
several studies have shown that its distributional form departs slightly from normality due to
the existence of extreme observations (Officer, 1972; Peir0, 1994; Cont, 2001). Specifically,

stock returns exhibit skewnessdi characteristics or asymmetry, particularly positive
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skewness, vary with time and have significant tail behaviour. These attributes of stock returns
could preclude the use of the meariance analysis for portfolio selection. Thus, selecting a
portfolio with this analysis may be unacceptable by investors because the distributional
properties of stock returns somewhat deviates from normality. Due to this distributional form,
it means that other risks besides the variance of returns such as risks celdtgeetorder

moments might be plausible for portfolio selection.

A few studies have shown that highmder moments such as skewness are relevant to an
investoros decision on portfolio selection (
show that investors prefer skewness when selecting a portfolio and hence, assume that the
objective function to maximize the expected
linear form (polynomial) to incorporate this preference. Since the skewhesportfolio is

important to investors, it must be that the coskewness risk could also be rewarded. For example,
Barone Adesi et al. (2004) and Ang et al. (2006) show that the risk of coskewness is becoming
increasingly r el eveausethe uskis sepamtely pocedirom tHeemeans i o n
variance risks. They argue that existence of coskewness risk arises because investors consider
asymmetries in asset return by evaluating right (highly positive returns) skewed assets
separately from leftnighly negative returns) skewed assets. Moreover, it is documented that
investors normally prefer rigltkewed assets than lsitewed ones (Harvey and Siddque,

2000a; Smith, 2007) in comparison with the market portfolio. This indicates the existence of
agymmetric preferences for coskewness by investors. They are willing to receive a lower
average return during periods of high market volatility reflecting their preference for right
skewed assets. By contrast, a s s ard Isftskeweth, i c h  mz:
can cause the overal/l portfoliods return to
investors because of the assetds high suscep
who hold leftskewed assets need to be compeusaith higher average returns for bearing a

greater coskewness risk (Ang et al., 2006). By providing justification for the importance of
coskewness in returns, since returns are-mmmal and coskewness is of importance to
investors concerned about exire outcomes, it might therefore be necessary for us to consider

testing contagion in this context.

From the foregoing, the distributional form of returns has to reflect its characteristics. This is

of crucial importance, particularly when modelling asseirns. If the assumptions made about
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the form of distribution is incorrect, it could be a potential source of error. Typically, the
estimates of models on asset returns relies heavily on the assumptions made regarding the shape
of distributions. In thiview, MacKinlay and Richardson (1991) and Badrinath and Chatterjee
(1988) point out that statistical inference depends greatly on distributional assuniptiens

shape that the distribution of asset returns takes, therefore, is of great importance o orde

improve model accuracy.

It is, therefore, important to determine the stable distribution that fits asset returns. In the
context of stock returns, there is ample evidence in the prior literature that its distributions are
nortnormal (Mandelbrot, 1963; Fama, 1965; Praetz, 197éh&dson and Smith, 1993) but
rather it exhibits skewness, particularly positive skewness (Brunnermeier et al., 2007,
Bessembinder, 2018), changes with time (Singleton and Wingender, 1986; Harvey and
Siddique, 2000b), and has significant tail behaviourll@Bslev, 1987; Kearns and Pagan,
1997; Cont, 2001).

Typically, skewness in stock returns is adduced to asymmetries caused by extreme events.
These extreme events are the outliers in the distribution of returns that lead to asymmetries.
Since the attribies of returns are skewed, the Gaussian assumption that distributions are
independently and identically distributed, which is commonly used, will be inappropriate for
modelling such returns. A handful of studies have shown that return distributions do not
converge to normality (Peird, (1994, 1999); Aparicio and Estrada, 2001). According to these
authors, due to their neconvergence, such an assumption will not provide the best fit with
observed returns data. There are studies that have even shown thstirithations of returns
observed on daily frequency are not entirely normal (Officer, 1972; Fama, 1976; Brown and
Warner, 1985; Akgiray and Booth, 1988; Mills, 1995; Harris and Kuc¢ukézmen, 2001; Wen
and Yang, 2009). The evidence from these studies, trerehvalidates the use of Gaussian
assumptions for the modelling of returns. This is because the standard assumption of normal
distributions does not provide a reasonable model fit and it cannot accommodate asymmetries

like skewness and fails.

Due b these evidences, a wide variety of alternative forms of distribution for stock returns has
been proposed (Blattberg and Gonedes, 1974; Kon, 1984; Bookstaber and McDonald, 1987,
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Gray and French, 1990; Linden, 2001), including skenmal distributions. Tis type of
distribution has been the focus of a few studies (Azzalini, 1985, 1986; Azzalini and Valle,
1996; Azzalini and Capitanio, 1999, 2003; Gupta et al., 2004). In these studies, it has been
shown that stock returns follow a skewrmaldistribution,and it provides a better fit than the
normal distribution. As a result, modelling of returns based on this type of distribution is
becoming increasingly popular (Sahu et al., 2003; Adcock and Shutes, 2005; Harvey et al.,
2010).

Skewnormal distributions r@ normally distributed but have attributes of skewness, i.e., they
are a mixture of normal distribution. It is a skewed extension that nests the density of Normal
and Student-distributions. The model for estimating such distributions contains distinct
parameters accounting for normalities such as skewness and fat tails. In the model for
determining this type of distribution, which is useful in handling possible outliers or both
positive and negative skewness, there are three key skewness paramaatefg, location,

scale and correlation.

This type of distribution which has been studied in the case of univariate models is extended
to a multivariate case with-dimensional dataset (Adcock and Shutes, 2005; Harvey et al.,
2010). The multivariate motbas been particularly popular in financial studies and Azzalini
(1985, 1986) and Genton (2004) have extensively studied its key properties. This popularity is
mainly because it provides a better fit than purely symmetric models like multivariate normal
models. For example, Sahu et al. (2003) demonstrate that the model can be fitted without much
difficulty by applying Bayesian methods and MCMC approximations. The model has other
attractive features, which include high flexibility in capturing both asymaoatd symmetric
processes in one probability density function, and the tractability of analysis. This type of
distribution is derived by transforming the standard normal distribution. The distributions are
then generated by an approximation procedures thapter uses this model to compute the

distributions of stock returns for the analysis of contagion.

150



4.3.The Study of Stock Market Contagion in Empirical Literature

This section focuses on the empirical literature on contagion amonghsaok&ts. This chapter

draws on and contributes to two main strands in the literature on contagion. The first strand of
literature focuses on the issue of coskewness of returns for understanding the phenomenon of
contagion. The second strand of literatuoeaentrates on the issue of determining the start
date of crisis period for the analysis of contagion. It, thus, reviews existing studies in these
strands of empirical literature and contrasts these studies with the investigation conducted in

this chaptem order to highlight the differences between them.

4.3.1.Literature Review on Contagion through Coskewness

The global transmission of shocks from one stock market to another one during a financial
crisis is not new. Changes in the transmission mechanism génisle a significant increase in

the comovement of stock returiisa phenomeon often labelled contagion (Forbes and
Rigobon, 2002; Pericoli and Sbracia, 2003) has received considerable attention over several
years in the academic literature because afmdications for portfolio diversification. The

areas investigated include changes in the mean and variance between market stock returns
(Baur, 2003). Finally, many authors have analysed contagion between markets through the
changing behaviour of correlahs of market returns across crisis and-nosis periods (Baig

and Goldfajn, 1999; Billio and Pelizzon, 2003, Billio et &005;Billio and Caporin, 2010;

Hon et al., 2004; Chiang et al., 2007; Kenourgios et al., 2011; Syllignakis and Kouretas, 2011;
Dimitriou et al., 2013; Hemche et al., 2016). As Forbes and Rigobon (2002) point out, they are
relatively straightforward to use in @xining the existence of contagion. Moreover, the
authors have further highlighted that it is particularly suited for the analysis of linear
dependence between markets. Within the context of the recent GFC, some studies show a
significant increase in coflegion between market stock returns. Many of these authors confirm
the existence of contagion through correlations during this crisis (Guo et al., 2011; Aloui et al.,
2011; Bekaert et al., 2014; Mollah et al., 2016).

However, some authors argue that defir contagion based on the correlations are an

inadequate measure of market linkages because of the bias arising from heteroscedasticity or
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changing market volatility of returns (Boyer et al., 1997; Longin and Solnik, 2001; Forbes and
Rigobon, 2002). Baet al. (2003) have highlighted that contagion is linked with extreme
returns because small return shocks transmit in a different way frorréduge shocks. Based

on this, the authors argue that correlations may be inappropriate if contagion is daarhcte

by nonlinear changes of market linkages. Due to this well recognized empirical
characterization of stock returns, correlations are incapable of fully capturing market linkages.
This because it is assumed that return realizations in the left andaiight the distribution

are generated by closely similar processes (Cappiello et al., 2014). Moreover, in the
computation of correlations, returns are equally weighted. Although there are obvious concerns
highlighted in the literature about the use ofrelations, the empirical literature almost

exclusively tests for contagion within this context.

However, as shown by Fry et al. (2010), a deeper insight of contagion might be gained from
an analysis of significant changes in the highieler comoments of stock returns during crisis
periods like coskewness. They have highlighted that a natural galeparture in testing for
contagion is to focus on correlations, but it is possible that there are additional contagious
channels operating through high@der comoments during a financial crisis through which
contagion can manifest, which require exaation. When compared with the large body of
work on contagion through correlation, the analysis of such a phenomenon through coskewness
is still relatively limited. Even though coskewness is an important characteristic of stock
returns, it is largely igned. Harvey et al. (2010) have highlighted that one reason coskewness
is overlooked is that simple descriptions of asset returns often show scanty evidence of higher
order comoments. More recently, however, a small but growing literature investigates the
importance of coskewness of stock returns covering aspects such as the role of coskewness in
the pricing of assets (Harvey and Siddique, 2000a; Barone Adesi et al., 2004), asset allocation
and portfolio selection (Guidolin and Timmermann, 2008; Harvey et28i10), return
predictability (Martellini and Ziemann, 2010), linkage between coskewness of stock returns
and liquidity risk (Nguyen et al., 2007), among others. Harvey and Siddique (2000a) have
documented that coskewness is important in explaining sttckns and it considerably
increases the explanatory power of pricing models. In addition, Poti and Wang (2010) and
Lambert and Hibner (2013), among others, provide compelling evidence that coskewness of

returns are priced in stock markets. In this vedmith (2007) shows that the price of
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coskewness appears to be large. In general, these authors note the importance of coskewness

in stock returns.

With regards to tests of contagion by means of coskewness based analysis, Fry et al. (2010)
note that thes are typically tests for changes in coskewness between the crisis acdsison
periods, which mainly arise from changes in the interaction of volatility, and the average
returns across markets. Most of the studies that have considered the analysiggbio
through coskewness show that crasarket coskewness significantly increased after a crisis,
which in turn indicates that the transmission mechanism between markets reinforced after the
crisis. Evidence of such an increase has been interpretieel @asdurrence of contagion across
markets through coskewness. In general, studies on contagion through coskewness have
highlighted that there are other important channels for the transmission of contagion besides
correlations. For example, Fry et al. (2DbAve pointed out that tests of contagion based on
coskewness detected linkages across markets stemming from contagion, which tests based on
correlations, failed to identify. In addition, FicKibbin et al. (2014) have highlighted that
during a crisissignificant changes in linkages are transmitted through all channels of contagion

and thatmost countries experience contagion through a combination of channels.

The existing studies have been conducted on different crises, markets with different structures

and sizes in different countries. For exampleMgKibbin et al. (2014) focus on changes in

the dependence structures of stock markets through coskewness to examine the phenomena of
contagion during nine crises in OECD and emerging markets. The astimwevidence of
manifestations of the phenomena through the coskewness channel for some of the crises.
Similarly, CFH test for the existence of contagion through coskewness between four DE
mar kets and the US during t hecoskewiess oflrétuens aut h ¢
across stock markets, which they interpret as evidence of contagion. In addition, they
interpreted it as additional comovements in returns which are only present in the crisis period

but not in the nostrisis period.

More recentlyFry-McKibbin et al. (2019) developed joint contagion tests for coskewness and
apply the test to Eurozone stock markets with the US as the crisis source country. The authors
tested for contagion during three distinct crisis periods namely the subpringf;@end the
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European debt crises. The authors provide evidence that strongly supports contagion through
coskewness from the US to countries in the Eurozone. However, these studies investigate the
contagion phenomena across markets through coskewnesy tfinaml the perspective of
Europe, rather than DEESs. The literature notes the changing dependence of returns across stock
markets, but there is no recognisable empirical consideration of how this changing behaviour
of returns between crisis and Rorsis manifests as a phenomenon of contagion through

coskewness for DEESs.

4.3.2.Literature Review on the Determination of the Crisis Date

The determination of the start date of a crisis period, which is an important requirement prior
to testing for contagion betweenarkets, is of crucial importance. As already discussed, this
date, which has to be determined, is used for the demarcation of the full sample {otisison

and crisis periods.

Carefully determining this date is crucial otherwise there might be saseféction bids.
Dungey et al. (2015) argue that one of the most widespread difficulties in the contagion
literature is the demarcation of the crisis period from thearmis period preceding them.
Broadly speaking, there are two main approabbredetermining the crisis dates for the studies

of contagion among stock marke¢xogenous and endogenous.

The use of exogenous approach is more widespread. This is mainly due to the ease of obtaining
the date by the researcher as it is mostly obtained thrmegbf sequence ef/ents rather than

the underlying processes, which generate market returns. Biedate is determined using
exogenous approach Bprbes and Rigobon (2002), Billio and Pelizzon (2003), Chiang et al.
(2007), Kenourgios et al. (2011), Gallegati (2012), Dimitriou et al. (201®ng othersFor
example, in a recent study by CFH theyrakee contagion through changes in the correlations

and coskewness of returns between four DE countries and the US during the GFC using daily

stock return data from 2005 to 2014. They separate thenmsa and crisis periods using an

35 There are several potential biases that one should overcome to accurately ow#agienand these include
heteroscedasticity or volatility bias which occurs due to the changing volatility of returns at times of crisis (Boyer
et al., 1997; Forbes and Rigon 2002; Dungey and Renault, 2018), endogeneity bias (Pesaran and Pick, 2007),
and omitted variables (Corsetti et al., 2005) amongst otBeesDungey et al. (2005) for a survey of the common
methodologies and empirical biases in contagtoidies.
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exogenously determidestart date for the GFC. They ignored the true process that generates

the return series, but instead they set the start date of the GFC to March 3, 2008, which
corresponds, to the date of the bailout of Bear Stearns. They find evidence that supports that
correlations and coskewness of returns significantly increased during the crisis. The evidence
of contagion, however, is hard to rationalise as their analysis may have been subjected to bias

from the selection of samples and their estimates may havertfieemced by the date chosen.

Although the use of exogenous approach gives reliable information about timing of the crisis,
it may be inappropriate, particularly when the true DGP for stock returns exist. Failure to allow
the true DGP determine the daee, to search for points of breaks in the data on stock returns
series, even with sufficiently largemountof data at high frequency, could result in
estimation issuesThis is because the underlying processes that generate the series could
exhibit abrupt change at some point in time and that point could be associated with the start

date of the crisis.

Given these studies, one can state that the use of exogenoesiyidet crisis date has two

serious potential drawbacks. Firstly, it is subjective, as it requires one to decide the date by
oneself (selks el ecti on) or derives from authoroés i nc¢
attempts to demarcate the sample aa@ly. Secondly, it may lead to sample selection bias.

This bias is likely to result in substantial estimation errors for the parameter estimates of
contagion models due to therapresentativeness of the sampliem an empirical standpoint,

these drawbads are enough to allow us to raise a question on the accuracy of the parameter
estimates from contagion models that have previously used this approach and to question the

validity of their inferences.

The use of the endogenous approach to the deteromradtihe crisis date, has been the focus

of attention in the more recent literature, though still to a limited extent. Dungey and Gajurel
(2014) have shown that that this approach generates more accurate dates than the other
approach previously discusséthe approach is used by a few of papers which, utilizing the
returns generating processes in econometric models, identify the crisis date and carry on to

present evidence of contagi@®amarakoon, 2011; Syllignakis and Kouretas, 2011; Dimitriou

36 Most studies on contagion are conducted using this sort of data and data frequency.
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etal., 2.3; Luchtenberg and Vu, 2015:y-McKibbin et al., 2014; FyMcKibbin et al., 2019)

In this vein, fewmodels and empirical tests have been applied in the literature to endogenously
determine the crisis date. There are, of course, few shortcomings setbetbhese models and

tests applied. For example, Dungey et al. (2015) endogenously determined the start date of the
GFC for the US market. They used smooth transition models, which uses time threshold
procedure for this purpose and simultaneously medsumetagion effects with a multivariate
structural GARCH modellhey searched for breakpoints using the transition speed for regime
changes. They employed quasaximum likelihood estimators, which are consistent and
asymptotically normal, thereby makingférence straightforward. This estimator is only
consistent and asymptotically normal under a sstaridardegularity conditions. However,

often these conditions, which are crucial and necessary for the estimation of this type of model,
are neither guanteed nor likely to be always fulfilled. Thus, it may not be feasible for one to

expect that these conditions would hold all the time.

Similarly, Fry-McKibbin et al. (2014) employed the regimeitching model to date a number

of crisis periods. The motis applied to data on stock returns for all markets and it is estimated
using Bayesian techniques. Typically, prior information on the period of trigger event is
required to conduct the estimation and to determine the crisis date, which may be subjective
In a nore recent study by FilcKibbin et al. (2019), they used a multivariate generalization
of Diebold and Chends (1996) endogenous brea
crisis period. The test is conducteda dynamic modelvith multivariate processes, which
allows for interconnections among markets. It is, therefore, robust for understanding the
transmission of crises across markets unlike univariate processesnodel with single
regressarHowever, the test itself is thetandard chow teswhichis based on strong prior
beliefs about the timing of potential breakpoints in regression models, i@nriot be
implemented if the possible location of breakpoints are not assumed kagwiori. In
addition, for each subampe that will be estimated, the number of observations must not be

less than the number of parameters or else the test will be indeterminate.

The studies discussed above provide important empirical insights into the different models and
empirical tests ggied by researchers to determine the crisis date. They, however, do not use
models nor apply empirical tests that generate true dates. Moreover, as stressed above, they do

not know the degree to which the choice of their dates might affect the magrittrekr o
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estimates. This chapter directly turns to the evidence from the above laid out literature, while
complementing and extending it in several wayisstly, all the previous studies discussed
above focus on a few stock markets in DEE. This chaptemnirast, uses a database that
comprises a large sample of stock markets from DEEs situated in different regions. This, in
turn, allows for rich and meaningful country/regional comparisons of the contagion results. By
investigating a broader set of markebne can have a better understanding of the changing

behaviour of correlation and coskewness of returns for the analysis of contagion.

Secondly, fundamentally important, this chapter is interested in the models and tests applied in
endogenously determing the crisis start date. While the previous studies use models and
empirical tests whose shortcomings have already been discussed above. This chapter, in
contrast, econometrically differs on tests usedetmlogenously determine th#ate In
particular, his chapter uses two different types of endogenous dating test procedures proposed

in the literature: QA and a variety of BP tests.

Thirdly, this chapter has argued that depending on the approach adopted, the magnitude of
contagion estimates can chan@efferences in estimates of contagion might arise due to
differences in the approaches used to determine the date. Rather than ignoring the sensitivity
of estimates to the selected date, this work focuses primarily on the choice of date and the
extent to viich it might affect the magnitude of contagion estimates. This, in turn, requires a
comparative analysis of the magnitude of contagion estimates obtained using an exogenously

determined date to those obtained using an endogenously determined date.

Fourhly, this chapter is interested in GEB\ighted average of stock returns over time (in log),
which is the regional index of stock returns. This chapter uses weighted averages in a manner
similar to studies on trade, see, for example, Feenstra et al. @t Bpvak (2013). The data

is used to test the hypotheses of no breaks in the underlying process that generates returns. This
data and the hypothesis will be used to address the economic research question of endogenously
determining the start date of agagor higherorder comoment. Using this data will allow us to

obtain a common break date for markets within a region. This has not been done in the literature
before. In contrast, much of the previous studies have mostly used data on-teuahtsyock

returns for testing this hypothesis. It makes sense, however, to consider using data-on GDP
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weighted average of stock returns over coutgxel stock returns for two reasons. Firstly, it
wi || allow us to estimate | esreturbseresawould at es .
eventually result in the estimation of too many models. In addition, testing for breaks separately
for each country may result in too many estimates of break dates due to the large number of
countries in our dataset. Secondly, sineeahalysis on contagion would be based on countries
within a region, it is meaningful to consider using the Giddghted average of stock returns.

The use of this data would not affect the size of our parameter estimates.

4.4.Data and Empirical Methodology

This section is divided into three sgbctions. The first subection presents the econometric
model based on regime switching. The secondsgation presents test procedures for breaks.

Finally, the last suisection describes the data.

4.4.1.Regme Switching Model

The model used is an extension of the popular seminal work based on the constancy of regime
switching probabilities proposed by Hamilton (1989). In our case, the switching probabilities
are allowed to vary acrosgegimes;in particular they are allowed to switch between two
regimes over timeCorrelaton and coskewness processesfioaved to be affected by changes

in regimes. Given that all the correlation and coskewness parameters of thedontmdielyv a
two-regime Markov proces , by extension the behaviour of correlation and coskewness of
returns will be regimespecific. The model takes a similar functional form to CFH for regime

switching in contagion models.

The underlying empirical specification far, which is repesenting stock returns, dependent

uponi is given by:

~

ma® -h &
- D'EEBY ™ h 18

W
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where® © Bhd and and® & B  are & -dimensional matrices of
randomvectorsbased on@riodd  pH8 R'Y respectively: is and @p vector of constantsy)
is and @a skewnessoskewness matrix due to the skearmal distribution; is ana @p
error disturbances vector which 888&Bacros, t denote théx @& matrix of the variance
covariancep is and @p column vector ofx ones andO is thead @a identity matrix. By
incorporating the vecto® , skewness is allowed ithe distributionwhich improvesthe
dependency structure between the underlgiomponents of matrio. @ ,p =1 if®
holds true and 0 otherwise, i.e., it is true when(sample test statistics) exceeo@ssociated
MCMC Bayesian statisticsY-he subscript denotes the timgarying switching regimé at

periodo.

The distribution of the skesvormal variablan has a joint probability density function (P.D.F)

given by:
. C _ ‘ . .
Q whhhm Q0b m t m W OOCw T1h 18]
where
©oD0 mt m w ‘HO mt m ms8 18-

0 Ow T indicates that the P.D.F is a norgative function that generates finite positive
probabilities’Q w is the P.D.F of the conventional Gaussian distribution with the mean
taking on value  Ttwhile it requires the covariance mati® to be positie definite and
conditional uporw. If the sample space of the skemrmal distribution is setto 0, i,@) 7T

then Eq. (4.3) to (4.5) collapses to that of a joint P.D.F for the Gaussian distribution given by
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There are twaegime variables in the model taking on values 1tp . The tworegimes,
which captures the behaviour of economies during thecrisis and crisis periodajlows for

parameter sitches. Specifically, the two possible regimes of defined as

ph EK&E AOEOEO
mh E & TTTAOEOEO

In Eg. (4.3) and (4.4), there are three switching parameterd}t hm . which

represents the mears, crossvariances and coskewness) . These parameters are
allowed to change in regime 0 and 1. A switch irs, thus,expected to bring about a change

in these parameters. Once there are changes in the parameters of correlation and coskewness
during i phit is assumed that contagion has occurred because they are measures of

dependence.

For ease of estimation, it isroputationally convenient to rewrite Eq. (4.3) to (4.5) as

® o - h T8
- D@aBl ™ h P T
where
® OhH0§ & h f ‘R h 7 OAK 8

wheres$ is the kronecker product for the matrix operation. As previously defindths mean

, variance, and sample space) .4, Qand & Qwith™Q & are respectively the

matrix dimensions of ,]7 andf

The timevarying switchingparameters, which are conditionally regiependentare
g T H AR D P p
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These parameterg, i [t [t switch regimes via an unobservable Markov process. For

model completeness, the timarying Markov switching conditional probability bf is given

by
n 00O pd QEI'®NAT g8 P C

wherer) are conditimal probabilities. These probabilities are seen as fixed constants that vary

over time.

In what follows, it is more convenient to stack up the data for given variables (observable and
hidden) at'Yas:® wMHBR ,0 MR andi i BH 8And for ease of
implementation, the lotikelihood function,ais used. Hencefortithe chapterdefines the

mean by j whose@h element is & tip and denote the sample covariance and sample
space a$ j andm j, respectively. Br conveniencei estimats the correlations instead of

the covariances. Specifically, the correlatior, (often denoted a5 ; with & 1ip) to be

evaluated oveir  Tip is given by

, t R

e R O TR X (¢ B 0
tw tog

In this chapter, theegime switchingmodel employghe Bayesian approach to estimate the
model parameters. This approach is based on the MCMC Gibbs santtingique, which
allows us to draw accurate probabilistic inference about the parameters of correlation and
coskewness. The technique readily accommodates data with high dimensionalityizes! util
the posterior distributions during estimation to provide efficient estimates. In addition, it
provides a satisfactory performance because it does not suffer from the problem of non

convergenceand it allows for the possibility of modelling parametecertainty.
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There are several potential empirical biases that the model in EG ¢a8irols for during
estimation. First, it controls for possible heteroscedasticity using adjusted standard errors to
ensure that the estimates are robust. Second, it allows for capturing both the influence of linear
and nonlinear timevarying changes imarket dependence of returns. Third, the effect of
asymmetry on the distribution of returns is taken into consideration. Fourth, the parameters of
interest are allowed to change across different regimes. However, the model does not provide
the crisis startlate to demarcate the twegime variables N 1ip heven though there are
important in the modeHence researcheyr arerequired to determinthe dateof theswitch in

regime froma non-crisis toa crisis one If this date is not correctly determinezhe could
conclude that there were significant increases in the parameters of correlation and coskewness
duringi p when, in fact, thergverenone and vice versa. Thus, an outstanding issue that
needs to be addressed is the determinationeofldte where the regime switche§he test

procedures uskn determining this date wibediscussed in the next section.

4.4.2.Tests Procedures foiDetermining the Datesi Breaks at Unknown Dates

As mentioned above, the regimes are an inherent part of the model to be estimated and the date
that will be used to separate these regimes has to be determined. In-gestsaly therefore,

the test procedures for determining this date will be discu$semtest procedures are used to
determine this dat®QuandtAndrews (QA) and Bai and Perron (BRheseprocedures allow

for breaks atunknownpoints in time, i.e.the possible location of breghoints and the

estimation of their dates are treated asogenous.

Quandt (1960) proposes the QA test procedune Andrews (1993) provided the approximate
asymptotic distributions of the supremumYO rtest statistics.The procedure is a
generalization of the standard chow test. It is employed for testing whether there exist one or
moreunknownrbreakpoints in the sample for a specified equation. The test procedure is based
on the supremum of the individual Wadthtistcs, whichhavea non-standard distribution.

Hansen (1997) computes the approximate asymppetialues for the testAndrews and

37 The empirical strategy, i.e., implementation steps, for estimating the model using Bayesian inference methods,
the procedure to perform tests for contagisrpresented in Appendix @&hile the methods for hypothesis
evaluation for these testmd decision rules are presented in Appendix 7 and 8.
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Ploberger (1994)developed stronger optimality properties for the test, namely the

exponentially weightedO @ 1| &Ad averaged U ‘Q t&¥t statistics.

When the break daté lies in the range QhQ , the relevant test statistics that can be

computed are the

Quandt test statistic

YOO 00POQ

and the Andrews and Ploberger (1994) test statistics

€ ANEMY p " "~
oOw® ||~Q T o Arm%og h
00O b 0OQ 8
N O p

Moving next to theBP test procedures. Various BP testing procedures have been proposed by
Bai andPerron (1998, 2003). These procedures aféo® a , Adoubl e maxi murt
"YO&) /b pgbtest statisticsThey have been employed extensively in several applications

and ae particularly useful because they allow for multiple breaks in linear regression models.
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The'YO'§ & test statistic

Consider the linear regression mo@e&lith multiple breaksgt (andd  p regimes) given by

®w o - 0 Yoo pB HY, for'Q pB M p P 1

The regression specification employed is

W TnTpcb - T®UL

wherew is dependentvariable at timed. wis the vector of covariates. is the vector of
regression coefficients. is the error at tim®. “Ydenotes the total sample siZ@are the
different regimes defined by tide-partition "YR FY or breakpoints. These lmak points
are explicitly dealt with aanknownand the convention thAY mtand”Y p is adopted.
The aim, here, is to estimdtealongside the breapoints using the availabl&observations

on whd . Eq. (4.15) has the following matrix forgiven by

whered® wBh ,® oM ando -MBhH .Let "YBHRY denote the

true breakpoints so that the trueGP is assumed to be

38|n our casethe chapteconsides three models: one for each of the three regions in our study. The dependent
varigble of each model is the regional index of stock returns (log) while the regressor in each model is the U.S.
stock returns (log).
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The estimation of Eq. (4.15) is based on the {egatires principle. The corresponding least

squares estimatesioffor each of the -partition "YM FY are obtained by minimizing the

sum of squared residuals (SSR) functioh, "8 FY, ® & 2  givenby

Y i G oF ® v

In terms of notation, let us denote all thepartition "YH Y as Y and letf Y
denote all the estimates of the vector of paraméterSY is relevant for estimating the break
points. Hence, substituting “Y into the objective function given by Eq. (4.18)
"Y "YW HY and minimizing this functionthe estimated breghoints "Yf8 HY obtained

are given by

where the minimization of the objective function is taken oved afartitions “"YH8 H'Y

such that'y Y N, wheren denotes the degrees of freedoRtom Eg. (4.18), the
estimators for the bregloint are global minimizers of the objective function. One can use the
efficient algorithm developed I®P, whichis based on the principle of dynamic programming
to compute thestimates of the bregloints as global minimizers of the SSR. This algorithm
draws upon at most a number of SSR of otdély for any number ofi , as opposed to a
standard grid seargbrocedure, whicluses SSR operations of order’Y 39. Hereafter, the

parameter estimates of the least squares regressidn, i.¢. “Y ,which are the estimates

39 Breakpoints can only take a finite number of values because they are discrete parameters. Thesintseak
can be estimated by a gs@arch. However, 8 andPerron(2003a) argued that the estimation by a grid search
can becomes rapidly computationally excessive when2. They developedn alternative and more efficient
method to compute the brepkints using a dynamic programming algorithm.
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belonging to thé -partition "Y, can be computed. The number of breaks can then be

tested using several testing procedures developediogndPerron(1998)°.

The"Y6'@ & test is carried out under the null hypothesis of no structural béeakst
versus the alternative of a fixed number of breaks "Qbreaks, wher&is the prespecified
number of breaks. L&Y HY be a partition such tha&¥  "Y_ "Q pB hQhwhere’Yis
the time index and are the possible break fractions¥Let us define any generic stochastic
matrix'Y such that"Y] roor R . The'Gstatistic associated with this test
given by

oO_MBh - —1 Y Yo 'Y Yh

whergf corresponds to the vector of leasfuares coefficient estimates. Meanwhilgé is

the estimate of the variancevariance matrix for the parameter estimdtethat is robust to
violations of the normality assumption, j.&.is robust to both heterosdasticity and serial

correlation.

Bai andPerron (1998) follow Andrews (1993) and others, and consider the supré@um

statistic to test the null hypothesis of no structural breaks which takes the form,

YonQ o_mMh o,

where_ 8 h_ is used for theglobal minimization of the SSRthe asymptotic distribution,
which can be used for testing of breaks, is based tnimming parameteff, through the
imposition of a minimal lengtffor each sample segment (regime), nanfely "} Y Thus,

a restriction that no less thdiproportion of Yshould be included in each segment is imposed

~ ~

on the objective function, i.e’Y Y. B R'Y. is under restriction of_ BB h_~ ¥h

401n this chapter, the SP is employed to estimate the number of breaks.
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wherey _MBh s_ _th. th. p T and¥; denotes the set of

allowable segments that satisfy this restriction.

Double maximum statistics

Double maximum statisticare used to test the null hypothesis of no breaks against the
alternative of an unknown number of breaks for some given upper bound/maximum of the
number of multiple breaks allowed,. The first double maximum statisti;O & &w0 is

an equal weightestatistic where the weiglfson all residuals are all set equally. The second
statistic, 'O % O , which is also a weighted statistic, applies the weights to the
individual test statistics such that thevalues are equal across valuesigfthese statistics are

given by

YO & & G i 61 Omh

wOd el O G Ow

whered) ) and|  respectively denotes the critical value, degrees of freedom and significance

level. A M is the asymptotic critical value of the6 1) "OF8 b test.

TheY6 N T® pgb statistic

The"Yo0&) /b pgbstatistic is used for testing the null hypothesis of a number of changes,
say/Hireaks versus the alternative hypothesis that an additional break Bxigidyreaks.

This procedure is applied to test for additional breaks if the null hypothesis of isregjksted

by the Adoubl e maxi mumdé statistics. The 1 mp
minimization of the SSR in a regression model Wiireaks. Each of the segments defined by

the Jtbreaks are tested for the presence of additional brisieiks, from all the segments where

4 These weights possibly will reflect the imposition of some priors on the likelihood of several numbers of breaks.
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an additional break is included, the segment that minimizes the SSR the most is chosen as the
model with breaks. Finally, th&¥ 6 & /b pIb statistic is applied to test whether allowing for

an additional break will reduin a significant reduction in the SSR. This process is continued

by increasingbn a sequential way, starting wifb 1T /b p,... until the test fails to reject

the null hypothesis ofthreaks.

The test statistic is of the form

O/b pgb Y YBRY 1 ETEIVE'YBRY RAVB Y, |,

where

The test? rejects the null hypothesis in favour of a model with p breaks if the SSR has

an overall minimal value that is sufficiently smaller than the SSR frommtuke| with/Horeak.

The break date that would be selected is the one that corresponds with tallsrovgmum.

This test procedure has some appealing features. Firstly, the appropriate number of breaks in
the data are consistently determined because it allows for a specific to general modelling
approach. Secondly, the general specifications for cangpdhe test statistics allows for
different serial correlation in the errors and data with different distributions. In addition, it
allows for different types of errors. The errors chffier across segments or have a common
error structure. Thus, estineat break dates will still be consistent even when the errors have

serial correlation.
4.4.3.Data

The analysis in this chapter uses data on stock returns (all denominated in US Dollar). The

chapter proceeds to compute coudéyel data on stock returns using daily data on stock

42 Bai andPerron(2003b) provide relevant conventional critical values for this test.
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prices. The data on stock prices come fdin 0 o m bMSClglaiabase. The stock prices data
begin in January 4, 2005 and end October 17, 2018, which provides usa8#B0 daily
observations. There is a problem that researchers confront when using stock data. This problem
presumably arises from the nrepnchronization of trading hours across global stock markets.
However, this chapter does not have any concern about this problem because it has already
been addressed by teeurce of thalata. Therefore, there is no need to adjust for-doree

differences noto resort to the use of lead and lag indices in the dataset.

Following standard practicéhe chaptedefines stock returns as the log difference of daily

stock prices expressed in percent and this is given by

i pTIEA QM a & 0 phc8™ P w

wherei denotes stock returns in markeit dayo. andry  represents the stock price of

market'Qat close of daypando p, respectively. & €denotes natural logarithm.

To test for breaks and to estimate break dates, thev@ighted average of stock returns over
time (in log) is used. This return series will be constructed using data on a broad set of DEE
countries,twenty-four in total. The countries which include Belgium, Brazil, Chile, China,
Colombia, France, Germany, Hong Kong, Indonesia, Ireland, Italy, Japan, Korea, Malaysia,
Mexico, the Netherlands, Peru, Philippines, Portugal, Singapore, Spain, Thaildd, Wik

be grouped into 3 main regions, namely, the DE (nine countries), PEA (nine countries), and
ELA (five countries). Within each regiothe US will be included to act as the crisis source

country.

To construct the dataset on the GBighted average of stockturns (in log)the chapter
proceelsas follows. Firstly, data on nominal GDP and consumer price index (CPI) (in the base

year 2010) are obtained for the period 2005 to 2018 from the database of the World Bank.
Next,to compute their real GDRachcounty s nomi nal GDP are divide
CPI. Secondly, the real income level share for each country in a region are olitalagdes

these by dividing countryés real GDP with t
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particular regionEach country is then weighted by its share of GDR d@ceording to the size

of its economy. Thirdlythe average weight for each country is obtained by dividing the sum

of countryds real i ncome share withstotkhe t ot
returns for each country is computed by multiplying their average weight by their daily stock
returns. The average of the weighted stock returns of all countries in a particular region is then

the GDPRweighted average of stock returns for that regio

The GDPweighted average of stock returiYs can be expressed as

Y 1 i Q pB I & T

where'Y denotes the GD®eighted average of stock returns for regi@n timeo,i is the

. is the real

stock return in markefthe weights for each country is defined as 5

income level of countrifandB @ is the total real income for all countries in a region.

In general, to determine the crisis date using break tests, this chapter uses data on the GDP
weighted average of stock returns. To estimate the contagion model, however, it uses data

countrylevel on stock returns.

Tables 4.3 presents some basic sumrstatistics for the sample of stock returns at country

level during the periodlanuary 42005to October 17, 2018. Panel A of Table 4.3 pertains to
sample characteristics for stock markets in ELA while Panels B, C and D concern markets in
PEA, theDE, ard the crisis source market, respectively. For markets in ELA, the average
returns ranged between 0.0067 and 0.02 percent, respectively. In the markets within PEA, the
lowest and highest average returns are 0.0043 and 0.02 percent, respectively. The average
returns are in the range €f.0084 and 0.0084 percent for markets in the DE.

The degree of dispersion around the mean as measured by the standard deviation shows that
stock return series are quite far from their mean. This is particularly so for retets

situated in ELA. This is because the standard deviations of their returns are relatively higher
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Table 4.1: SummaryStatistics Countrylevel Stock Returns

Average Maximum Minimum Std. Dev. Skewness Kurtosis JarqueBera Prob.

return return return
Panel A: Markets in ELA
Brazil 0.0084 9.8283 -7.9576 0.9823 -0.1613 12.4964 12978.73 0.0000
Chile 0.0067 9.6184 -5.0453 0.6094 0.4206 27.4857 86287.21 0.0000
Colombia 0.0122 7.1632 -5.6324 0.7331 -0.3146 12.1241 12024.13 0.0000
Mexico 0.0082 6.6824 -4.7331 0.7122 -0.1546 10.6969 8529.85 0.0000
Peru 0.0204 6.2880 -7.1670 0.8283 -0.3581 10.9357 9126.511 0.0000
Panel B: Markets in PEA
China 0.0054 6.6979 -3.9695 0.4756 0.2465 20.4302 43708.17 0.0000
Hong Kong 0.0084 4,9907 -5.4549 0.5567 -0.2576 14.3001 18394.09 0.0000
Indonesia 0.0201 4.4015 -6.1272 0.6904 -0.4719 10.4132 8027.92 0.0000
Japan 0.0047 5.6725 -4.5322 0.6149 -0.4265 11.0515 9423.56 0.0000
Korea 0.0117 5.0907 -4.7651 0.5691 -0.3623 11.7036 10965.16 0.0000
Malaysia 0.0058 2.2588 -2.5558 0.4060 -0.1767 7.0948 2428.36 0.0000
Philippines 0.0143 4.0645 -5.9375 0.5828 -0.5274 10.4263 8087.83 0.0000
Singapore 0.0043 3.6417 -4.2698 0.4981 -0.2106 10.8514 8887.02 0.0000
Thailand 0.0104 5.7331 -7.8538 0.6222 -0.7019 20.2596 43106.03 0.0000
Panel C. Markets in the DE
UK 0.0042 4.7365 -3.9772 0.4955 0.0233 12.9040 14100.65 0.0000
France 0.0048 5.7178 -4.0404 0.5852 0.0403 11.2971 9897.01 0.0000
Germany 0.0072 5.7747 -3.6625 0.5805 0.0409 11.1799 9619.58 0.0000
Belgium 0.0013 45434 -4.8478 0.5607 -0.4700 10.4066 8012.84 0.0000
The Netherlands 0.0084 5.8183 -4.0172 0.5454 0.0089 12.5173 13020.77 0.0000
Portugal -0.0074 6.2179 -4.6794 0.5619 0.0489 12.4145 12742 .51 0.0000
Italy -0.0070 6.4208 -5.9052 0.6797 -0.1337 10.4537 7996.73 0.0000
Ireland -0.0084 5.8110 -7.7081 0.7695 -0.6091 12.8133 14056.61 0.0000
Spain 0.0001 6.3059 -6.0596 0.6641 -0.0521 12.1818 12120.63 0.0000
Panel D: Crisis source market
us 0.0108 4.4918 -4.1319 0.5121 -0.4920 14.8093 20186.78 0.0000

Source: Authals compilation
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thanstandard deviations of tlieturnsof other regionsSkewness, which measures the degree
of asymmetry in the distribution oéturns,shows both left and right skew of varying degree
for markets in the DE. Whereas for markets in PEA and Bhany of them have return
distributions that are mostly left skewed. This is possibly due to falling returns over a long time
in our sampldor some markets in these regions. The return distributions in the crisis source
market is also left skewedurtosis, which are informative about the peakedness of the
distribution,shows that the returns data for all markets have distributions thapao&urtic,

i.e., positive kurtosis. Under the null hypothesis of a normal distribution, the residuals in the
returns for all markets fail the JargBera normality test. All the test statistics are highly
statistically significant at the 5% level of sifjpance. Overall, our sample obuntrylevel

stock returs largely have norsymmetrical distributions. This gives further indication that the
distributional assumptions that accommodates the skewness of the return distributions should

be considered for analysis.

Table 4.2: Summary Statistics, GBWeighted Average of Stock Returns

ELA PEA DE
Average return 0.0027 0.0012 0.0002
Maximum return 2.0628 0.9458 0.5578
Minimum return -1.5689 -0.6023 -0.3806
Std. Dev. 0.1896 0.0730 0.0584
Skewness -0.2875 -0.2851 -0.1024
Kurtosis 13.6486 19.0380 10.7526
JarqueBera 16347.75 37021.91 8645.86
Probability 0.0000 0.0000 0.0000

Table 4.2 reportsummary statistics for the GBReighted average of stockturns for ELA,
PEA, and the DBMarkets in ELA have the largest average stock retutnoob7percent This

is followed by markets in PEA with an average of 0.0012 peramathby markets in the DE
with the least average return of 0.0002 percent. Skesnnéise daily return of stocks weighted
by GDP is left skewed for all regions. The Jarfpera test statistic are all statistically
significant at the conventional significance leveMalue of 0.00). It, thus, rejects the normality

hypothesis for marke in all regions.
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Figure 4.1 plots the evolution @buntrylevel stock returns for each of the market in our
sample. Clearly, it can be seen from the figure that the behaviour of stock returns differs across
markets. The figure shows that all marketpexienced sharp declines in their respective
returns in 2008. There is a strong possibility that the fall in returns across markets are associated
with the GFC, but one cannot fully claim that this crisis is responsible for the decrease in

returns.

Figure 4.1: Countrylevel Stock Returns

Notes:The figure plots the evolution of stock returns (log) for all markets.
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