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Abstract

This thesis explores a number of aspects of time series modelling of exchange rate
volatility. After having reviewed the main modelling approaches used in the existing
literature, the first key chapter investigates the best models for forecasting the
volatility of daily exchange rate returns for a number of countries, including new
results for a selection of developing countries. The superior performance of the
FIGARCH model, noted in the recent literature, is confirmed in the case of
industrialised countries, but the IGARCH model results in substantial gains in in-

sample estimation and out-of-sample forecasting performance when dealing with

developing countries.

The next essay investigates exchange rate volatility co-movements and spillovers
before and after the launch of the Euro. This study has the advantage of a longer
sample period than the most comparable papers. Key results are that the dominance
of the Deutsche mark in volatility transmission was succeeded by the dominance of
the Euro following its launch, in that both exert unidirectional and persistent
spillovers on the sterling, the Swiss franc and the Japanese yen. Further, there 1s
evidence of greater stability in financial markets after the launch of the Euro in that

conditional variances, covariances and correlations in exchange rate returns declined

significantly.

Finally the thesis turns to assessing the impact of official central bank interventions
(CBIs) on exchange rate returns, their volatility and bilateral correlations. By
exploiting the recent publication of intervention data by the Bank of England, this
study is able to investigate interventions by a total number of four central banks,
while the previous studies have been limited to three (the Federal Reserve,
Bundesbank and Bank of Japan). The results of the existing literature are reappraised
and refined. In particular, unilateral CBI is found to be more successful than

coordinated CBI. The likely implications of these findings are then discussed.
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Chapter 1

Introduction

1.1 Background

Since the fall of the Bretton Woods system in 1973 and the adoption of flexible
exchange rates, exchange rate volatility has become a central issue and concern for
various groups of agents including policy makers, central banks, academics and
individual investors among others. It is widely accepted that high levels of exchange
rate volatility can be extremely detrimental for economies as they impede
international investment flows, adversely affect international trade, can lead to
currency crises and the fall of financial systems. Several currency crisis episodes

such as the European Monetary crisis in the 1992-93, the Mexican’s Peso crisis in

1994 and the Asian crisis of 1997-98, offer gruesome examples.'

The adoption of flexible exchange rates was accompanied by exchange rate volatility
and this gave rise to various theoretical attempts to explain and predict the nature of
the latter.”> However, the empirical literature has long reached a consensus that
macroeconomic fundamentals cannot explain exchange rate movements in the short-
run (see, for instance, Meese and Rogoff, 1983, Mussa 1990). When confronted with
real data, these theoretical models seem to provide some explanations about

exchange rate movements in the long-run. Nonetheless, the dynamics of high

! For studies investigating currency crisis episodes in the 1990°s, see, for instance, Eichengreen and
Wyplosz, (1993) and Buiter, Corsetti and Pesenti (1998a, 1998b) on the European Monetary crisis of
1992-93; Sachs, Tommell and Velasco (1996) and Calvo and Mendoza (1996) on the Mexican peso
crisis of 1994; and International Monetary Fund (1997, 1998), Corsetii, Pesenti and Roubini (1999a,
1999b), Mishkin (1999) and Radelet and Sachs (1998) on the Asias crisis of 1997-98.

? See for instance, Samo and Taylor (2002) for a comprehensive discussion of theoretical exchange
rate determination models.



frequency exchange rates (daily or intradaily) cannot be explained by

macroeconomic fundamentals (see, for instance, Andersen and Bollerslev, 1998b,

Andersen et al., 1999, 2001 and 2003).

Assessing the optimal way of capturing and forecasting the times series dynamics of
exchange rates is of great importance. Good predictions allow policy makers and
others to form good expectations and minimize the deleterious effects of exchange
rate volatility. Modelling the empirical regularities of high frequency exchange rate
returns series, aside from macroeconomic fundamentals, captured by volatility
clustering, skewness and kurtosis was not possible until the advent of Autoregressive
Conditional Heteroskedasticity (ARCH) modelling in 1982. The ARCH model was
introduced by Engle (1982) and there have been considerable further developments

both in univariate and multivariate context.’

There have been numerous applications of these models in modelling financial data,

including estimating and forecasting exchange rate returns and/or volatility (see
Bolerslev, Chou and Kroner, 1992; Poon and Granger, 2003 for a survey). However,

few of these applications have focused on daily exchange rate volatility modelling

and forecasting in developing countries. Applications have mainly focused on major

industrialised countries, such as the USA, EU, UK and Japan, since these countries
are the most active participants in the global financial markets.® Nonetheless,
developing countries’ financial linkages with the global financial markets have risen
significantly in recent decades. For instance, Mauro et al., (2006) report that in 1870-
1913 capital flows to developing countries were 1.084 billion US dollars whereas in
1993 and 2003 they were 1979 and 3973 billion US dollars, respectively. This

dramatic increase in capital flows to developing countries (even when corrected for

3 See Terdsvirta (2009) for a survey of univariate models of conditional heteroskedasticity and
Bauwens, Laurent and Rombouts (2006) for a survey on multivariate ones.

* The BIS’s Triennial Central Bank Survey on Foreign Exchange and Derivative Market Activity in
2007 reports that, from April 2004 to April 2007, the average daily turnover of the US dollar and the
Euro accounted for 86.3% and 37%, respectively, of all transactions (spot and forward transactions.
The Japanese yen, the British Pound and the Swiss franc follow the euro with average daily turnovers
of 16.5%, 15% and 6.8%, respectively. The reason the % shares exceed 100% 1s because two

currencies are involved in each transaction hence, the sum of the % shares of individual currencies
used in the BIS report totals 200%.



inflation) creates new challenges for risk management, policy-making or even the
distorting nature of speculation in developing countries’ currencies. Chapter 3
examines whether the volatility models used widely in previous studies of
industrialised countries perform equally well in terms of in-sample and out-of-

sample performance when applied to daily data for developing countries.

In any case, there is no consensus view on the most appropriate modelling approach
to adopt in dealing with financial series; including exchange rate returns/volatility
(see, for instance, Angelidis and Degiannakis, 2008). A typical approach is for the

researcher to examine various competing models and evaluate their relative

performance in in-sample and out-of-sample contexts.

Although there are some winners from currency speculation associated with high
exchange rate volatility, currencies that exhibit low and stable exchange rate
volatility create the basis for the prosperity of the financial markets as a whole, as
they attract flows from other countries thus, facilitating international trade. In
addition, countries with high exchange rate volatility may be motivated to join
countries with low exchange rate volatility that are relatively insulated from shocks

arriving from other markets (also known as spillovers), by adopting their currency
(see for instance, Pesenti and Tille, 2000).

The creation of the Euro in 1999 has set new standards for the stable development of
the financial markets. After a tumbling introduction ten years ago, which was
followed by a considerable loss of value in the first couple years, and pessimistic
initial predictions in terms of its sustainability, the Euro is currently a well-
established and independently strong currency (see chapter 4).° The common
monetary policy conducted in the Euro Area by the European Central Bank has
ensured a record of consistently low inflation in the Euro Area over most of the

Euro’s life.® With EU expansion more countries are joining or signalling an

> From the period of 4.01.1999 (valued at 0.847€/$) to 25.10.2000 (where it reached a peak of
1.207€/8) the Euro depreciated by 42.45% against the US dollar. Whereas, from 25.10.2000 to
22.04.2008 (where it reached a minimum of 0.626€/$) appreciated by 48.14%. Currently the Euro 1s
being traded at around 0.78€/$. Source: Bank of England’s database.

® The CPI percentage change has remained below 2% since 2002. Source: IMF — IFS database.



intention to join the Euro area (conditional on the fulfillment of the Maastricht Treaty

prerequisites) as they realise the benefits of a single currency.

Chapter 4 investigates whether volatility in a market is being transmitted to other

markets (also known as spillovers) in the pre- and post- euro periods in order to

assess the magnitude of markets’ interdependence.

Nonetheless, there have been occasions of central bank official interventions in the
foreign exchange markets, unilateral or in coordination, with the aim of influencing
exchange returns and/or volatility. Two well known agreements for the initiation of
such interventions are the Plaza Agreement and the Louvre Accord. The Plaza
Agreement was signed on September 22, 1985 by the G5 countries (specifically,
France, West Germany, Japan, UK and US) in order to induce a depreciation of the
US dollar. The Louvre Accord was signed on February 22, 1987 by the G6 countries
(specifically, the GS previously mentioned plus Canada’) to promote stability in
financial markets. Even though the theoretical literature suggests several channels
through which official central bank interventions (CBIs hereafter) could influence
exchange returns and volatility in the intended direction, the evidence from the
empirical literature on the impact of official CBIs on exchange returns and volatility
shows that intervention has been counterproductive. Specifically, there 1s evidence
that CBIs have no effect on exchange returns and increase their volatility.® Chapter 5
tries to fill this lacuna by introducing, new available data and methodologies, where

appropriate, and comparing and contrast with the existing literature.

Providing a reappraisal of previous findings and closing some gaps in the existing

literature are the ultimate objectives of this thesis.

1.2 Overview

This thesis deals with a number of topics in the field of exchange rate volatility. It

addresses various models of exchange rate volatility to analyze 1ssues such as the

” Italy was also an invited member in the Louvre Accord, however, declined to finalize the agreement.
® See Sarno and Taylor (2001) for a theoretical and empirical survey on the impact of CBIs.



optimal method of exchange rate volatility forecasting, and the need to capture
volatility comovements and spillovers, and the impact of central bank interventions

on exchange rate returns, their volatility and bilateral correlations. In the following, a

detailed description of each chapter is provided.

Chapter 2 introduces the salient features of short-term movements in exchange rate

returns and motivates models of exchange rate volatility and the forecast evaluation

criteria that will be employed in this thesis.

Chapter 3 evaluates the performance of various univariate models, described in
Chapter 2, to estimate and forecast exchange rate volatility of a range of nominal
bilateral exchange rates against the US dollar in developing and industrialised
countries. A key question is whether the volatility models used widely and
successfully in previous studies of industrialised countries perform equally well in
terms of in-sample and out-of-sample performance when applied to daily data for
developing countries. The empirical literature on forecasting daily exchange rate
volatility in developing countries is rather silent. Chapter 3 tries to address this gap
by employing the various conditional heteroskedasticity models described in chapter
2, to assess their forecasting performance. The main results of the empirical analysis
are summarized as follows. In line with the empirical literature, it is found that, in the
case of industrialised countries’ exchange returns series, modelling both long
memory and volatility clustering properties results in substantial gains in out-of-
sample forecasting performance compared to modelling the short memory and
volatility clustering properties. The Fractionally Integrated Generalized Auto-
Regressive Conditional Heteroskedasticity (FIGARCH) model is found to fit the data
best among the alternatives, and to provide superior forecasting performance, as
indicated by various evaluation criteria. On the other hand, when modelling
developing countries’ return series, the Integrated-GARCH (IGARCH) model 1s

found to be superior in both in-sample estimation and out-of-sample forecast

evaluation.



Chapter 4 addresses an important aspect of the introduction of the euro by analyzing
and comparing exchange rate volatility comovements and spillovers among the
major financial markets before and after its introduction. The results of the empirical
analysis show that significant volatility spillovers and comovements across the four

exchange rates exist, but their magnitude has declined significantly since the

introduction of the euro. These findings suggest that the launch of the euro itself
coincided with greater stability in the global financial markets. Moreover, the results
show that Deutsche Mark (or Euro after 1999) is the dominant currency in volatility
transmission, as its volatility affects all other markets’ volatility, and exerts an
unidirectional spillover on the British pound, Swiss franc and Japanese yen volatility.
However, an additional finding is that British pound has become the least volatile
currency against the US dollar in the group since the launch of euro. On this basis
alone, replacing the British pound with the Euro might be inadvisable. Nevertheless,
as already pointed out by Malik (2005) and many others, exchange rate volatility 1s
just one feature of the many that have to be considered before making any conclusive

argument as to whether UK should replace pound with euro or not.

Chapter 5 investigates the impact of official central bank interventions on exchange
returns, their volatility and spillovers. This investigation is based on the impact of the
G4 officially announced CBIs rather than solely relying on the impact of the G3
CBIs that has been thoroughly examined by the literature. The addition of
information from a fourth central bank provides the opportunity to investigate
coordinated interventions by up to three central banks, which has never previously
been assessed. In common with the existing literature, the results demonstrate that
CBIs intensify exchange rate correlations. However, under the G4 assessment,
unilateral CBIs are shown to have a significant impact on returns and, in minor cases,
reduce volatility. In addition, the impact of coordinated bilateral interventions 1s less
clear than the existing literature has suggested and we find that coordination between
three central banks tends to coincide with increased volatility. The latter results lead

us to question the conclusions of earlier studies and caution against the belief that

coordinated intervention is necessarily beneficial.



Chapter 6 provides an overall conclusion along with the implications and suggestions

for further research.




Chapter 2

Exchange rate returns, volatility modelling and

forecasting

2.1 Introduction

The main purpose of this chapter is to explain the salient features of short-term

moments in exchange rate returns and to motivate the models of exchange rate
volatility and their forecast evaluation criteria (in relation to the literature) that will
be employed in this thesis. This chapter is organised as follows. Section 2.2 describes
the features of exchange rate returns series while, section 2.3 presents the various
models employed in the following three chapters, that have been applied in exchange
rate volatility modelling and forecasting, both in univariate (section 2.3.1) and
multivariate (section 2.3.2) frameworks, along with their empirical justification and

their extensions. Finally, section 2.4 presents the various forecast evaluation critena

used to assess these models’ forecasting performance.
2.2  Characteristics of exchange rate returns

A large number of studies have documented the key characteristics of exchange rate,
and its higher moment, series. According to these studies, the raw spot exchange rate
series 1s generally found to be non-stationary. For example, Baillie and Bollerslev
(1989) among others conclude that free floating nominal exchange rates are best
described as non-stationary, also known as integrated of order 1 or I(1), processes,
based on the Augmented Dickey Fuller (ADF) and Phillips and Perron (PP) tests for

unit roots. By obtaining the first differences of exchange rates, returns become



stationary series and standard time series analysis is applicable. A widely used
transformation that will render exchange rates series stationary is the first natural

logarithmic differences of nominal exchange rate as given by the following equation:

AlnS, =In(S,)-In(S,_,) (2.1)
where S, denotes the nominal exchange rate at period ¢ (the number of units of

domestic currency required to buy one unit of foreign currency). Hereafter, the use of

the exchange returns term will refer to the one obtained based on equation (2.1).

Extensive studies that have employed daily observations of exchange returns clearly
find them to be heteroskedastic; i.e. they are characterized by periods of relative
tranquillity followed by periods of more turbulent volatility, also known as volatility
clustering (dating at least to Mandelbrot, 1963 and Fama, 1965). Such a phenomenon
can be easily detected through the application of the Ljung and Box (1978)
portmantcau tests for high order of serial correlation in squared returns. For instance,
Hsieh (1988) uses daily data of five countries’ nominal exchange rates against the

US dollar and finds that the null hypothesis of no serial correlations in squared

returns 1s rejected.

Another established key feature of exchange rate returns is their fat tailed
distribution. That is, the probability density function of exchange rate returns appears
to be leptokurtic, so is more peaked at the centre and has fatter tails compared to that

of the normal distribution. Numerically, the kurtosis coefficient which 1s expressed

as.

K = .E_.[_g_é_hlgf_'__m (2.2)

(where 1 is the mean, ¢ the standard deviation of exchange returns, E is the expected

value operator and AlnS, is defined by equation (2.1)) is found to be significantly
greater than 3.’

? The kurtosis coefficient of a normally distributed variable equals to 3.



In addition, exchange rate returns tend to be slightly skewed, which is not consistent
with their being normally distributed. Skewness is a measure of (a)symmetry. A
distribution of a variable is said to be symmetric if it looks the same to the right and

left of the centre point. The value of skewness of a normally distributed variable

which is defined as:
E{({AIlnhS, - u 3
SK = _[_('_E‘;__)_]' (2.3)

equals to zero. Negative values of skewness in nominal exchange rate returns
indicate that data are skewed to the left referring to an appreciation of the currency,
whereas positive values of skewness indicate that data are skewed to the right
referring to a depreciation of the currency.'® Since the exchange rate returns series
exhibits significant skewness and kurtosis, the normality assumptions are clearly not
met. Hence, alternative distributions have to be used as a basis for modelling higher
moments of exchange rate returns, such as the Student-t, skewed Student-t or the
Generalized Error distribution (rather than the normal distribution) which take into

account the phenomenon of leptokurtosis and skewness in the probability density
function.

In order to successfully model exchange rate returns it is important that the key

characteristic of the data are captured by the various models under consideration.
Modelling the empirical regularities of exchange rate returns series such as volatility
clustering, skewness and kurtosis was not possible until 1982. Contributory to such
modelling has been the Autoregressive Conditional Heteroskedasticity (ARCH)
model introduced by Engle (1982) and its further developments (e.g. among others
the GARCH, EGARCH and FIGARCH). There have been numerous applications of
these models to modelling financial data including estimating and forecasting
exchange rate returns (see Bolerslev, Chou and Kroner, 1992; Poon and Granger,
2003 for a survey). However, there is no unanimous view on the most appropriate
modelling approach to adopt in dealing with financial series (see Angelidis and

Degiannakis, 2008). A typical approach a researcher has to adopt is to examine

' The exchange rate is defined as the number of units of domestic currency required to buy one unit
of foreign currency.
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various competing models and evaluate them, both in in-sample and out-of-sample

performance. In the remainder of this chapter, several conditional heteroskedasticity

models and their forecast evaluation criteria are presented.

2.3  Models of exchange rate volatility forecasting

According to the theoretical and empirical literature (see below) various models are
capable of capturing daily exchange rate volatility and which are used in volatility

forecasting. One can split these models into univariate and multivariate frameworks.

2.3.1 Univariate models of exchange rate volatility

On univariate framework one can split the various models into two main categories:
the models able to capture short memory dependencies in exchange rate volatility
and models able to capture long memory dependencies in exchange rate volatility.
These models are discussed in sections 2.3.1.1 and 2.3.1.2. In addition, realized
volatility models from both these two categories are presented in section 2.3.1.3."
The realized volatility models differ from the other two in the way the squared
returns are calculated. Realized volatility models use the sum of squared returns of a

higher frequency as a proxy for actual volatility rather than ex post squared returns of

the same frequency. For further discussion, see below.

2.3.1.1 Models able to capture the short memory process in volatility persistence

A large amount of empirical evidence has documented the short memory process in

the volatility persistence of daily exchange rate returns series (see Vilasuso 2002,

among others). A stationary time series process y, with mean p and autocorrelation

function p, exhibits short memory or weak dependence, if lim »_

n—»0
J==n

p|<w .

' However, the realized volatility models are not applied in this research because of the lack of higher
frequency data availability for developing countries.
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In order to decide whether time series (in our case exchange rate returns, AlnS,)

exhibit short memory process, a careful examination in the plotted series, AIn S, and

the autocorrelation function (ACF) of squared series, (Aln S )2, 1s needed. One

would expect a time series to exhibit short memory if the plot of this series has the

following form:

Figure 2.1: Plot of artificially generated short memory returns series
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According to Figure 2.1, the time series reverts quite quickly to its mean and 1s

uniformly distributed.

The plot of the ACF of the artificially generated squared return series, which 1s

shown in figure 2.2, is also quite revealing of a short memory process:

Figure 2.2: ACF of artificially generated short memory squared returns series
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The autocorrelations from this figure are not persistent and die out very fast.
Specifically, after 1 lag the autocorrelation coefficients of the squared returns are
insignificant since, they lie inside the insignificant level defined by 2/+/n, where n

1s the number of points of the time series being analysed (shown by the horizontal
line 1n the figure). That is, events from the distant past have a negligible effect on the
present. Hence, plots of this kind may serve as a starting point in terms of

distinguishing whether a time series exhibits short or long memory process.

In reference to actual exchange rate returns series, various competing models are

capable of capturing the short memory process in volatility persistence, and are

discussed in the following part. Among these models one can distinguish the

following.

Engle’s (1982) AutoRegressive Conditional Heteroskedasticity (ARCH) model. The

aim of the ARCH model is to estimate the conditional variance of a time series y,,
Var ( ¥, | y,_,) =0, as an autoregressive (AR) process which can be written as:

o, =h' =6+a&., +a,6l,+.+aE. +o,=0+a(l)s,, +o, (2.4)
where o, is a white noise and a(L) is a lag polynomial of order g—1. One

restriction that must be fulfilled is that the conditional variance is positive. To ensure
that the conditional variance is positive, & should be greater than zero and the

coefficients in a(L) must be greater or equal than zero. In addition, to ensure that
the process is stationary, it is also required that a(q) <1 (Verbeek, 2004). If the
coefficients a, are positive, and if recent squared errors are large, the ARCH model

predicts that the current squared errors will be large in magnitude, in the sense that

its variance o is large.

One of the main advantages of the ARCH model is that the ARCH effects are

consistent with the phenomenon of leptokurtosis in exchange rates changes that has
been documented by a number of studies (sce, among others, McFarland, Pettit and

Sang, 1982; So, 1987). While Engle’s (1982) ARCH model is undoubtedly one of

13



the major contributions in financial econometrics, it is rarely used in the area of

forecasting exchange rate volatility. That is because long lags are often required 1n

the conditional variance specification which renders the estimation intractable. For
instance, Hsich (1988) using daily data on five currencies against the US dollar, finds

that an ARCH(12) model is needed to capture most of the nonlinear stochastic

dependencies. Furthermore, in other studies, a fixed lag structure is imposed in order

to avoid the problem of negative variance parameter estimates in the ARCH
specification (see for instance Engle and Kraft, 1983). This is due to the fact that
exchange rates changes are often characterized by a higher order autoregression
process in the conditional variance rather than that captured by the ARCH process.
Specifically, the squares of exchange rate changes appear to be highly senally
correlated, a feature which cannot be captured by the ARCH model, since its
estimation does not include any lags of the conditional variance. In this research, the
ARCH model will be one of the competing models, although we do expect to find

the inclusion of a large number of lags to be necessary in the ARCH specification.

Since the ARCH process might not capture some of the stylized facts in the exchange
rate return series, Bollerslev (1986) extended the ARCH model to allow the error
variance to depend on its own lags as well as lags of the squared error. In other
words, his extension allows the conditional variance to follow an Auto Regressive

Moving Average (ARMA) process, which can be specified as:

ocl=h'=6+a,e’ +...+ aqaf_q + ol +..+ ﬂpaf_ ,t,
(2.5)

=0+ iaiaf_, + i po,.,+o,=6+a(L)., + p(L)o,, + o,
i=1 j=1

where a(l)=oL+a,l'+..+a L' and P(L)=pBL+pL+..+p,[° are lag

polynomials. According to Engle and Bollerslev (1986) if we define the surprise in

the squared innovations as v, =¢’—o; then the GARCH(1,1) process can be

rewritten as:
812 =0+ (a t ﬂ)gf_l + b, = ﬁU,_l (26)

which shows that the squared errors follow an ARMA(1,1) process. While the error

v, 1s uncorrelated over time, it does exhibit heteroskedasticity. Furthermore, the root

14



of the autoregressive part is a+ £ , so stationarity requires that a + 8 <1 (Verbeek,

2004 op. cit, p.299). The GARCH(p,q) process can be defined by:
ol =06+ iaie,?_i + i po., (2.7)
=1 j=l

where the conditional variance is a linear function of a constant, g lags of the past

squared error terms and p lags of the past squared conditional variances. The

necessary conditions needed to ensure that the conditional variance o is strictly

positive are the following: 6 >0, ,20, B, 20, i=12,..,p j=12,..,9. The weak

stationarity of this model is assured by:

ia,+iﬂj<l. (2.8)

i=l j=I

The GARCH(1,1) model, in general terms, seems to perform very well in terms of
tracking the short-run dependencies in volatility and explaining the characteristics of

the financial times series such as exchange rate returns (Hansen and Lunde, 2005).

The empirical applications of the GARCH models in exchange rates return series 1s
ample. In two papers of Hsieh (1989a and 1989b) it is shown that the GARCH(1,1)
model outperforms the ARCH(12) model estimated in Hsich (1988). A number of
other studies including Taylor (1986) and McCurdy and Morgan (1988) have reached
similar conclusions. West, Edison and Cho (1993) using weekly exchange rate data
find that the GARCH(1,1) specification has a tendency to surpass alternative
specifications and they state that “... an investment advisor whose only specialized
tool is the GARCH may be as worthy of her as hire as are professionals currently on
Wall Streef”’. The success of the GARCH model, in the field of exchange rate returns,
compared to the ARCH model derives from the more parsimonious lag structure
being able to successfully capture the dependencies in the higher-order conditional

moments. The GARCH model will be among the competing models in this research.

Another extension of the GARCH model is the Exponential GARCH (EGARCH)
model introduced by Nelson (1991). The EGARCH model allows for an asymmetric
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response to a shock, meaning that good news has a different impact to bad news on
volatility. The EGARCH can be defined by:

logo? = w+[1- L) [1+a(L)]g(z,,) (2.9)
Where g(z,) depends on various aspects. According to Nelson (1991, p. 351) “to

accommodate the asymmetric relation between stock return and volatility changes ...

the value of g(z,) must be a function of both the magnitude and the sign of z,”. For

that reason he defines the function g(z,) by:

g(zt) = elzt + 92 [IZ‘ | o E\Z‘ |] (2 10)
sig:zfecr T~

magnitude effect

Because the level z, is included, the EGARCH model is asymmetric as long as

6,#0. When8 <0, positive shocks (‘good news’) generate less volatility than
negative shocks (‘bad news’). When 6, > 0, negative shocks (‘bad news’) generate

less volatility than positive shocks (‘good news’) (Verbeek, 2004 op. cit, p.300).

The empirical evidence of the successful performance on EGARCH models 1n stock

returns is voluminous (see for instance Nelson, 1991). The documented negative

correlation between current stock returns and future volatility has a plausible
economic explanation suggested by Black (1976) known as the ‘leverage effect’. The
leverage effect means that a drop in equity value would increase the debt-to-equity
ratio, therefore raising the riskiness of the firm as marked by an increase in future
volatility, As a result, the future volatility will be negatively related to the current
stock return. A similar justification is not obvious for exchange rate returns. The

empirical evidence on EGARCH models in the areca of exchange rate returns 1is

questionable.

Balaban (2004) finds that the EGARCH model outperforms the GARCH model,
although the difference is negligible. He argued that there is no theoretical rationale
for asymmetries in exchange rate returns, unlike stock returns, and suggests that the
reported asymmetry may be attributed to the unexplained characteristics of the data.
In a similar context, Bollerslev, Chou and Kroner (1992) argue that the EGARCH

model 1s less likely to capture asymmetries of the conditional variance given the two-

16



sided nature of the foreign exchange market. This argument is also supported by

Kisinbay (2003) who finds evidence of asymmetry in stock returns but not in foreign

exchange returns.

Since the empirical evidence of the EGARCH model on exchange rate returns is

ambiguous, the EGARCH will be one of the competing models employed in this

research.

2.3.1.2 Models able to capture the long memory process in volatility persistence.

The existing literature offers considerable evidence of long memory processes in
volatility persistence of exchange rate returns series (Ding, Granger and Engle, 1993,
Dacorogna et al., 1993; Baillie & Bollerlsev and Mikkelsen 1996; Chortareas et al.,
2007, among others). Various definitions of long memory process are available.

According to McLeod and Hipel (1978) and many others, given a discrete time series

process y, with autocorrelation function p, at lag j, the process contains long

memory if the quantity lim z
n—»o0 jo—n

p j‘ is nonfinite. This means that the autocorrelation

function decays at a hyperbolic, rather than exponential, rate as the lag increases. In
other words, the rate of decay towards zero is much slower for a long memory

process, implying that current observations retain some “memory’ of the distant past.

In order to decide whether time series (in our case exchange rate returns, AlnS,)
exhibit long memory process, again, a careful examination in the plotted series,

AlnS,, and the autocorrelation function (ACF) of squared series, (AlnS, )2, is

needed. One would expect a time series to contain long memory if the plot of a senes

has a similar form as that in Figure 2.3:
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Figure 2.3: Plot of artificially generated long memory returns series
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That 1s, (1) there are persistent departures from the mean and (1) mean reversion

takes place but only slowly.

The plot of the ACF which is shown in Figure 2.4 is also quite revealing of a long

memory process.

Figure 2.4: ACF of artificially generated long memory squared returns series
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The autocorrelations from Figure 2.4 are very persistent and die out at a slow
hyperbolic rate as opposed to the quick decay which is found for a short memory
process. In addition, significant correlations exist even between observations that are
widely separated in time. That is, a shock to the series has a long-lasting impact,
even though it eventually dissipates. Hence, plots of this kind may again serve as a

starting point in terms of distinguishing whether a time series exhibits a short or long
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memory process. Various models are capable of capturing their long memory
process. As noted in section 2.3.1.1, the GARCH model performs well in capturing
short run volatility dependencies in exchange rate returns. However, many empirical
studies have documented long run dependencies in the conditional variances (see
Engle and Bollerslev, 1986). If the estimated coefficient parameters in the

conditional variance are very close to 1, e.g. if @ and 8 in GARCH(1,1) are such

that the sum ¢, + S, is close to 1, this is indicative of an IGARCH process. That is,

the dispersion of exchange rate shocks has infinite persistence. The process o is

strongly stationary but not covariance stationary.

Many studies that use daily data have reached the conclusion that the volatility is
highly persistent and tends to be well approximated by an IGARCH process (see e.g.,
Bollerslev 1987, McCurdy and Morgan 1988, Baillie and Bollerslev 1989, and Hsieh
1989b). As a result, the IGARCH is going to be one of the rival models examined 1n

this research.

Nevertheless, the extreme predilection between GARCH and IGARCH, or 1(0) (1.
.exponential decay) or I(1) (infinite persistence) in the conditional variance of the
exchange rate return process might be overly restrictive. If the dispersion of
exchange rate shocks to the conditional variance decays at a slow hyperbolic rate,
then, a more flexible class of processes should be adopted, since this will increase the
efficiency of the model in terms of capturing the long run dependencies of exchange
rate returns. One recently proposed candidate model 1s the Fractionally Integrated
Generalized Autoregressive Conditionally Heteroskedastic (FIGARCH) introduced
by Baillie, Bollerslev and Mikkelsen (1996). The FIGARCH model incorporates a

lag polynomial term of the form (1—-L%), for non-integer d, and thereby allows a

long memory process in the conditional variance. If the actual autocorrelations in
conditional variance decay more slowly (at a hyperbolic rate) than is compatible with
the usual short-range dependent specifications, such a model might be expected to

perform relatively well at longer horizons for exchange rate returns. The FIGARCH
extends the GARCH model by allowing a term of the form (1—L?), defined by:
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(1-g(L)(A-L) &/ =+ (1~ B(L))E —07)
or (2.11)

ot = a)*+{l —[1-sW)T" ¢(L)(1-L)"} P

where the constant is now defined as w* = a)[l — ,B(L)]"l andd € (0,1).

The empirical evidence of FIGARCH process in exchange rate returns is well
documented. Baillie, Bollerslev and Mikkelsen (1996) used daily DM/US dollar spot
exchange rate data and found evidence of a FIGARCH formulation of the conditional
varniance process, rather than a GARCH or IGARCH. Primarily, this reflected a slow
hyperbolic rate of decay in the effect of a shock to the conditional variance. Vilasuso
(2002) examined daily observations of the nominal exchange rates of six
industrialized countries the Canadian dollar, French Franc, German mark, Italian lira,
Japanese yen and British pound all against the US dollar, for the period of 1979-
1997. He evaluated the performance of GARCH, IGARCH and FIGARCH models in
terms of out-of-sample forecast accuracy. For each currency, the FIGARCH model
was preferred both for its ability to capture the salient features of exchange rate

volatility and to produce more accurate forecasts. The Mean Square Error (MSE) and
the Mean Absolute Error (MAE) forecast criteria generated by the FIGARCH model

were found to be superior at 1, 5 and 10 day forecast horizon.

Davidson (2004) proposed a generalized version of the FIGARCH model the
Hyperbolic GARCH (HYGARCH) model. This model can generate long memory
without ‘behaving oddly’ when d, the parameter of fractional integration,
approximates 1. When d approaches to one, then the memory parameter, measured
by —o 1n equation (2.2) of his paper, is discontinuous, jumping to -co (see Davidson,
2004 for further discussion). The HYGARCH model is given by the following

equation:

oy =ol- BT +{1-[1- ALY (L) {1+ al(1- L) 1}}&] (2.12)

Interestingly, the HYGARCH nests the FIGARCH when a =1, or equivantly when

log(a) =0, and the process is stationary when a <1, or equivantly when log(a)<0,
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in which case the GARCH component observes the usual covariance stationarity

restrictions (see Davidson, 2004).

The limited existing resecarch shows that the HYGARCH model performs well.
Davidson (2004) finds that, when evaluated on 10 daily dollar exchange rate returns,
the HYGARCH model cannot be rejected in favour of the GARCH and IGARCH
models according to the log-likelihood values. That is, hyperbolic convergence of
squared returns is not rejected as the estimated parameter « in equation (2.12) i1s
statistically significant less than one. Since the empirical evidence of HYGARCH on

exchange rate returns is promising but limited to date, this model is going to be

among the competing models in this research. 2
2.3.2 Multivariate models of exchange rate volatility

On multivariate framework one can split the various models into three main
approaches for constructing multivariate conditional heteroskedasticity models: 1)
direct generalizations of the univariate GARCH model of Bollerslev (1986), 11)
linear combination of univariate GARCH models and iii) conditional correlation

models. In the remainder, only the models employed in this thesis will be

presented.’”

One of the models employed in this thesis, which falls in the first approach
mentioned above, is the Full-BEKK'* GARCH model proposed by Engle and Kroner

(1995). This model can capture the exact direction of comovements and spillovers
between n series’ volatility (where »n>1), in our case, exchange rate volatility. That

is, it allows the investigation of the impact of innovations and volatility persistence

of a market in that particular market and the examination of cross-innovations and

cross-volatility persistence. Being more specific, we examine how innovations and

12 Other extensions of the GARCH models have been taken into account in this research such as the
FIEGARCH of Bollerslev and Mikkelsen (1996) and the FIAPARCH of Tse (1998) but the results

where not supporting thus, not presented in this research. These results can be provided from the
author upon request.

' For a survey of the available multivariate GARCH models and their extensions, see Bauwens,
Laurent and Rombouts (2006).

1% The acronym comes from the conjoint work of Baba, Engle, Kraft and Kroner.

21



volatility persistence in one market affects that particular markets and other markets,

as well as the direction of spillovers.

The Full-BEKK model of Engle and Kroner (1995) is defined as:
vy, =u(0)+¢,, where ¢, |Q,_l UN(,H,)

K p K
H=CC+Y Y de e 4+ Y BH_ B

i=1 k=l i=l k=l

(2.14)

where y, =(y,...y,,)" is a nxl vector of series, x,(6)=(x,,...,1,,)' 1s the conditional
nx] mean vector of y,, H, is the conditional variance matrix of y,, C 1s a lower

triangular matrix, and 4 and B are nxn matrices. The conditional mean vector of

y, can be specified as an ARMA process according to:

\P,(L)(yﬂ - Juir) = @!(L)S,

“ (2.15)
H,=H T z 5;;2’],: ’
j=

where L is the lag operator, ¥,(L)=1- Z v,L' and ©,(L)=1- ZBD.L’ :
J=1 j=1

The Full-BEKK model described in equation (2.14) is more general as it involves a
summation over K terms. Whenever K >1, an identification problem arises, as

there are several parameterizations that yield the same representation of the model.
The Full-BEKK contains ((p+g)Kn*)2+n(n+1)/2, thus obtaining convergence

may therefore be difficult because the previous equation is not linear in parameters.

Since, numerical difficulties are so common in the estimation of the Full-BEKK

model, it is typically assumed that p =g =K =1 1n applications of the Full-BEKK.
In this thesis is also assumed that K =1 and thus, the Full-BEKK is defined as:

K K
H,=CC+) Ak, & ,A+) BH,_B, (2.16)
k=l k=]

This model ensures the positive semi-definiteness of the conditional varance-

covariance matrix by construction.
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The coefficients of A and B matrices in (2.16) are of interest since they indicate the
innovations in markets and the persistence (or the rate of the decay) of news in

markets, respectively. Specifically, the diagonal coefficients of A and B matrices

capture the own innovation and own volatility persistence effects of each market,
respectively, whereas, the off-diagonal coefficients capture the cross-innovation and
cross-volatility persistence (or spillovers) between exchange markets, respectively.

The coefficients of the lower triangular C'C matrix (of constants) are of no interest

and their matrix decomposition is used only to ensure positive definiteness of H,.

Even though the Full-BEKK model is very useful when investigating volatility
spillovers, i1t 1s rarely applied for more than 4 variables because as the number of
variables increases, the number of estimated parameters increases exponentially. For
instance, with n =2 variables the number of estimated parameters for a full BEKK

equals 11 but with n=4 and n=35 equals to 42 and 65, respectively.

Other flexible multivariate GARCH specifications have been developed to account

for many variables, such as the Constant Conditional Correlation (CCC) proposed by

Bollerslev (1990) and the Dynamic Conditional Correlation (DCC) proposed by

Engle (2002)." Those two models fall into the category of nonlinear combinations of
univariate GARCH models.

The CCC model of Bollerslev (1990) is defined as:

¥, = 1,(0) +¢,, where ¢, lQ,_l ~N(0,H,)

¢, = H"u,, where u, ~ N(0,I) (2.17)
H,=D,RD,=(p;|h,h,)

where y, can be defined as in equation (2.14), H, is the conditional variance-
covariance matrix, D, =diag(h;*..h"?)' is a diagonal matrix of square root

[} 4 nnt

conditional variances, where h, can be defined as any univariate GARCH-type

1> A similar specification of the DCC model has been proposed by Tse and Tsui (2002).
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model, and R=(p,) 1s a symmetric positive definite matrix with p, =1,Vi that

contains the constant conditional correlations p, .

The CCC model of Bollerslev (1990) in its simplest form has a GARCH(1,1)

specification for each conditional variance in D, :
h,=o,+ag, . +pPh,, . i=12,..,n (2.18)

This model contains n(n+5)/2 parameters. The positive definiteness of H, 1is

ensured if and only if all the n conditional variances are positive and R is positive
defimte. The unconditional variances are easily obtained, as in the univarate case,

but the unconditional covariances are difficult to calculate because of the

nonlinearity in the second equation of (2.17).

The CCC model 1s based on the assumption that correlations remain constant over

time, which 1s a rather unrealistic in many empirical financial applications (e.g. see

Longin and Solnik (1995) and Sheady (1997)). Having estimated the CCC model of
Bollerslev (1990), one can apply two tests for constant conditional correlations of

Tse (2000) and Engle and Sheppard (2001) to check whether correlations remain
constant over time or not. In the former test, the null hypothesis, which 1s that

conditional correlations remain constant over time, is specified as:

H, :hy‘t = p;_‘f‘\,hﬁthﬁr ’ (2.19)

where the conditional variances are GARCH-type models and the alternative

hypothesis is that conditional correlations are time-dependent and specified as:
H,: hy'r = Py hmhﬁr (2.20)

This test statistic is an LM statistic which under the null is asymptotically z°
distnibuted with n(n-1)/2 degrees of freedom.

In the constant correlation test of Engle and Sheppard (2001), the null hypothesis 1s

specified as:
H,:R =R Vt (2.21)

And the alternative is specified as:
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H, :vech(R)=vech(R)+ fvech(R,_)+...+ B,vech(R_,) (2.22)
The test is easy to employ as H|, entails that the coefficients in the regression
X, =B +pX_ +.0,X,_,+u are equal to zero, where X,=vech"(z,-1,),

vech” 1s like the vech operator but it only selects the elements under the main

diagonal, Z =R~ 25,‘ '& is the N x 1 vector of standardized residuals (under the

null), and D, = diag(h">..h"?) .

12 *** *nmt

The second competing model employed in this thesis is the DCC model of Engle
(2002). The specification of the DCC is similar to the CCC; however, the coefficients

in the correlation matrix under the DCC specification are time-varying.

The DCC model of Engle (2002) 1s defined as:

¥, = 4,(0)+¢,, where ¢,|Q,_, ~ N(0,H,)

¢, = H,*u,, where u, ~ N(0,1) (2.23)

H =DRD,

where y, and x,(6) are defined as above, H, is the conditional variance-covariance
matrix and D, =diag(h;’..h.3)" is a diagonal matrix of square root conditional

variances, where 4. can be defined as any univariate GARCH-type model. The main

n(n-1)

and 1mportant difference from the CCC, is that here R, is the tx( ) matrix

containing the time-varying conditional correlations defined as:

R, =diag(qyy, -y )0 diag(qr)) g (2.24)

where O, =(qg,,)1s a nxn auxiliary symmetric positive definite matrix given by:

O, =01-a-B)Q+au_u _ + B0, (2.25)

where u, = (u u,,..u,) is the nxlvector of standardized residuals, Q is the nxn

unconditional variance matrix of u,, and a and S are nonnegative scalar

parameters satisfying o + S <1.
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The DCC model can be estimated through a 1-step or 2-step procedure. In the case of
the 1-step procedure, both the individual conditional variances and the conditional
correlation matrix are being constructed simultaneously. Whereas, in the case of the
2-step procedure, the individual conditional variances are specified as univarnate
GARCH processes, in the first step and in the second step the standardized residuals
from the first step are used to construct the conditional correlation matrix. The latter
procedure is often used as it overcomes certain numerical difficulties often arising in
estimating multivariate GARCH models (such as the estimation of many parameters

simultaneously, where is difficult to ensure convergence and the positive definiteness

of the covariance matrix)

A drawback of the DCC model is that it does not distinguish the direction of
spillovers because it generates a conditional correlation matrix for which each

clement is a single ratio. That is, even though the DCC produces estimates of the

correlation coefficients between variables, it does not quantify which variable
(Granger-) causes the other. For instance, having found a significant estimated
correlation coefficient between the EUR and the GBP volatility, one cannot
distinguish whether the EUR volatility granger causes the GBP volatility or the
opposite. In order to overcome this drawback, we employ robustness checks,
whenever appropriate (for instance, in chapter 4, the Full-BEKK is employed 1n
addition to the DCC, along with impulse responses to check for the

direction/duration of transmission of shocks among markets).

2.4 Evaluation of forecasts

Since international transactions are usually settled in the near future, exchange rate
changes forecasting is extremely important to evaluate the benefits and risks
associated with the international environment. One of the most important issues 1in
forecasting 1s whether, the model, from which forecasts will be produced, is correctly
specified. There exists a general consensus that, well estimated models produce more

accurate forecasts than incorrectly specified ones (see, for instance, Diebold and
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Lopez, 1996). Hence, the choice of a correctly specified model, able to capture the

volatility of exchange rates is a crucial matter.

In order to decide on a forecast method, we need a way to choose which one, among
the models discussed in the previous sections, is most suitable. The main objective of
building well defined volatility models is to perform more accurate future volatility

forecasts. There are various competing methods of forecasting performance. This

section discusses some of the most commonly used measures to evaluate the

forecasting performance of the various volatility models. A model might provide a

good fit to a series, y,, in the sample used to estimate the parameters, but this need

not translate to good forecast performance. An out-of-sample comparison involves
using the first part of a sample to estimate the parameters of the models and saving
the latter part of the sample to gauge its forecasting ability. Furthermore, out-of-
sample volatility forecasts can be produced for 1-day ahead or for k-day ahead
forecast horizon, where k2>2. According to the empirical evidence, forecasting

accuracy decreases as the forecast horizon increases, in other words, as k increases

(D1ebold and Lopez, 1996; Christoffersen and Diebold, 1997).

The most widely used evaluation criteria of forecasting accuracy are: The Mincer
and Zarnowitz (1969) regression based test. According to this test, the true (or

realized) volatility'® is regressed on a constant and forecast volatility:

quuared _returns 1+ =a+ ﬂ O-fnrecasr,ﬁl + 8! (226)

Then, the R*(goodness-of-fit) from this regression is used for the assessment of the

predictability of several models. The model with the largest R® indicates that the
true volatility can be appropriately explained by the forecast one, and that has the

most powerful forecast ability. In addition, the estimated parameters of @ and S of

a well specified model should be equal to zero and 1, respectively. This approach

has been widely used in exchange rate volatility forecasting evaluation (see, for

'® We use daily squared returns as a proxy for true or realized volatility.
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instance, Anderson and Bollerslev 1998a; Balaban, 2004; Martens, Chang and
Taylor, 2002 and Pong, Shackleton, Taylor and Xu, 2004).

Another forecasting evaluation criterion is the forecast encompassing test. The 1dea

behind the forecast encompassing test is to test whether a competing forecast

contains additional information that is not contained in the base model. In such a
case, the combined forecast will perform better than either forecast alone. If the
interest is focused on checking whether one forecast contains information
incremental to another forecast, then the test is performed by estimating the true

volatility on the forecasts from two different models and is defined by:

o,=a+p K, +pB,F, +¢ (2.27)

where F,, is the forecast attained from the first model and F,, the forecast attained
from the second model. If B, =0, there is no incremental predictive information of
the second model and thus, it is said that F, encompasses F;,. However, if f, >0
then the competing forecast, F,,, contains information that F{, does not and
therefore, it is said that F, does not encompass F,,. The null hypothesis that

B, =0, can be tested using a standard regression test.

Moreover, consider the following loss function:

€1 =0~ 6-:+l (2.28)

where &, denotes a prediction of future volatility and o,,, denotes actual volatility

in period ¢, using the parameter estimates from the various competing models,

discussed above, over [0,T]. This loss function is used to gauge the forecasting

accuracy of various models in the criteria discussed below.

One simple criterion of volatility forecast performance is the Mean Error. The Mean

Error measure of bias is defined by:

==Ye, (2.29)
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In order to decide which of the various competing models produces more accurate
forecasts, a comparison of the Mean Error among these models is required. The

model with the minimum ME is preferred in terms of forecasting accuracy. However,

the ME is rarely applied because its simplicity.

The most widely used accuracy measure in the forecasting literature is the Mean

Square Error (MSE) (see for instance, Vilasuso, 2002). The MSE for a sample size
T 1s a quadratic loss function and defined by:

T
MSE=%Z€,2+L, (2.30)

=]

This loss function is again used to measure forecast accuracy. The model with the

minimum MSE is preferred.

Another extension is the Mean Absolute Error criterion. The MAE 1s the average of

the absolute forecast errors, defined by:
1 T
T2

If we compute MAE for two or more forecasting methods, then again, the model

MAE =

(2.31)

et+1,t

with the smallest value of MAE 1s preferred.

The Root Mean Square Error (RMSE) 1s defined by:

1/2
< 1 <
RMSE=(TZ@W} =,/;Zezm,, (232)
t=l1 1=l

This 1s essentially the sample standard deviation of forecast errors. If we compute

RMSE for two or more forecasting methods, then again, we prefer the one with the
smallest value of RMSE.

The Heteroskedasticity Adjusted Mean square Error (HRMSE) compares true

volatility with the forecasted value and calculates the forecast error according to:

1, © 2
HRMSE = | | 1-Lreetie (2.33)
T {=] Jrea!ized J.041
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A smaller HRMSE denotes that forecast is closer to the true volatility and the
corresponding model is superior. This criterion is found to perform better when the

true volatility 1s proxied by higher frequency data than that used to compute the
forecasts (see, Andersen et al., 1999).

Nevertheless, the model with the smaller forecast error does not necessarily mean

that 1s significantly superior to other models. This is because the difference between

two forecasts might be insignificantly different from zero. That is why Diebold and

Mariano (1995) suggest an equal accuracy test among two forecasting models. They

denote a loss function e.g. for the MSE let f() be the loss function and

f(e,,) and f(e,,) are two forecast error series which arise from two rival models. Then

the loss differential is defined by d, =f(e,)) -f(e,). The H, hypothesis indicates

that forecast accuracy among the two rivals models are equal, which means that

E[f(e,)]=E[f(e,)] ord, =0. The alternative hypothesis H_, indicates that the two

rival models have no equal forecast accuracy, and the one with the smaller loss 1is

significantly superior to the other. The DM statistic is defined by:

d
JV@

where V(d)= cov(d,,d,_,) and {/(E) is a consistent estimate of the asymptotic (long-

DM=

(2.34)

run) variance of JTd. The long-run variance is used in the statistic because the
sample loss differentials are serially correlated for # > 1. The DM test statistic,

according to the central limit theorem, will have an asymptotic standard normal

distribution under the H, hypothesis.

Harvey, Leybourne and Newbold (1997) proposed an adjusted DM test statistic
(HLN), because they argue that, for finite samples, the normal distribution can be a
poor approximation, and the test statistic might be biased depending on the degree of

serial correlation among forecast errors. The HLN adjusted DM test, which improves

small sample properties, is defined by:

HLNDM =, /ﬁli?h(-’lﬂml . (2.35)
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where A 1s the number of days ahead used. The test statistic is then compared with

the t-Student distribution with (7'—1) degrees of freedom. According to Harris and
Sollis (2003), the HLNDM performs much better at all forecasts horizons if the

forecast errors are auto-correlated or have non-normal distributions.

Hansen (2005) introduced a Superior Predictive Ability (SPA) test which is able to
evaluate the performance of several alternative models. This is not the case for the
DM test, which makes a comparison from only two rival models. Specifically, the
SPA can select from up to 6 models, among a large number of competing models,
which 1s the most significant model, best model, model with a performance relative
to 25%, 50%, and 75% of the benchmark model and the worst model. That is, the
SPA test shows the rank of the models evaluated at the same time. Furthermore, the
SPA evaluates whether the same outcomes can be attained from more than one
sample, by the use of a bootstrap procedure. The author states that a target
(benchmark) model is selected and the question of interest is whether any alternative

forecast 1s better than the target (benchmark) forecast. In the SPA test, forecasts are

evaluated by a predetermined loss function. Specifically, let L(Y, ,?,) denote the loss

if one had made the prediction, i’, , When the realized value turned out to be Y,. The
performance of the model %, relative to the benchmark model (at time ), can be
defined as X, (t)=L(Y,,Y,,)-L(Y,,Y, ), where k=1,...,/ and f=1,...,n. The question
of interest is whether any of the models k=1,...,,/ are better than the benchmark

model. To analyze this question Hansen formulated the testable hypothesis that the

benchmark model is the best forecasting model. This hypothesis can be expressed

parametrically as ,uk=E[X k(t)]SO where k =1,...,,/. Since a positive value of L,

corresponds to model &k being better than the benchmark, one needs to test the

hypothesis that H, : 1, <0 under the following test statistic:

1/2 v
T = max Ak (2.36)
k Jk

where X, =12X,,(t) and &, =Var(n"*X,).
n

=1
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In the following chapters we employ the models previously discussed along with
their forecasting performance assessment, wherever appropriate, to investigate a

number of aspects of time series modelling of exchange rate volatility.
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Chapter 3

Estimation and Forecasting of Nominal

Exchange rate volatility in Developing and

Industrialised Countries

3.1 Introduction

A key question this chapter addresses is whether the volatility models used widely
and successfully in previous studies of industrialised countries perform equally well
in terms of in-sample and out-of-sample performance when applied to daily data for
developing countries. While the empirical literature on modelling forecasting daily
exchange rate volatility in industrialised countries is ample, in developing countries
it is rather sparse.'’ This chapter tries to address this gap by employing various

conditional heteroskedasticity models, described in chapter 2, and assessing their

forecasting performance.

Our motivation to focus on the forecasting performance of various exchange rate

volatility models in developing versus industrialized countries for daily data derives

from the fact that a number of studies document far greater exchange rate volatility
in developing as opposed to industrialized countries. For instance, Devereux and

Lane (2003) having an extensive sample of 158 countries (23 industrialised and 135

developing) find that monthly exchange rate volatility in developing countnes,
measured by the standard deviation of the first logarithmic differences of bilateral

exchange rates, 1s almost 2.5 times greater than that in industnialised countries. In a

'7 An excellent review of volatility forecasting is given in Poon and Granger (2003).
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similar framework in a study of Hausmann, Panizza & Rigobon (2006) it is found
that exchange rate volatility in developing countries is approximately three times
greater than that in industrialised countries. Employing panel estimation techniques
for 74 industrialised and developing countries on annual data for the period between
1930-2000, they show that this difference in volatility could not be explained by the
fact that developing countries are more likely to face larger shocks (such as shocks to
terms of trade, GDP growth and inflation shocks), by the experience of recurrent
currency crises or by a different elasticity of exchange rate volatility with respect to
these. Employing ARCH models they showed that part of the difference in the
exchange rate volatility between developing and industrialised countries could be
explained by differences in persistence of the exchange rate volatility itself. This

suggests that capturing the differential dynamics is of great importance.

A common feature of these studies, as many others, is the use of low frequency
(monthly or annual data) rather than daily data. The purpose of using such low
frequency data derives from the fact that studies attempt to explain exchange rate

volatility using macro data (such as gross domestic product, inflation and exports)

which in the best cases are available for monthly data and not for daily data.
However, 1t has been argued that dynamics of exchange rate returns and volatility
(such as microstructure effects) can be best described by the use of high-frequency
data such as daily or even intra-daily data (see, for instance, Andersen and
Bollerslev, 1998b, Andersen et al., 1999, 2001 and 2003). What ultimately this
chapter tries to address is whether there are better ways to capture and forecast daily
exchange rate volatility in developing countries and compare the results with those
for industrialised countries, not focusing on explaining longer horizon exchange rate

returns or volatility in the two groups of countries, which is left for further research.

A further motivation for focusing on developing countries’ daily exchange rate
volatility derives from the fact that developing countries’ financial linkages with the
global economy have risen significantly in recent decades. Although industrialised
countries are the most active participants in the financial globalization process,

developing (primarily middle-income) countries have also started to participate,
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often attracting FDI and other financial flows from the industrialised countries.
According to Mauro, Sussman and Yafeh (2006) in 1870-1913 the capital flows to
developing countries were 1.084 billion US dollars whereas in 1993 and 2003 they

were 1979 and 3973 billion US dollars, respectively. This dramatic increase in

capital flows to developing countries, even when corrected for inflation, creates new

challenges for policymakers and for various other agents.

International financial globalization is assumed, by its proponents, to be one of the
main channels through which countries can reduce macroeconomic volatility and
promote economic growth (Prasad et al., 2003). However, financial globalization can
also carry risks. One well known risk is that financial globalization can cause
financial crises. Indeed the process of globalization appears to have been
accompanied by increased vulnerability to crises. Crises such as these affecting Asia
and Russia in 1997-98, Brazil in 1999, Ecuador in 2000, Turkey in 2001, Argentina
in 2001, and Uruguay in 2002 are examples that have captured worldwide interest.

Despite the risks associated with financial globalization, the potential benefits for
developing countries can be plentiful. According to Prasad et al., (2003) potential
benefits include the reduction in the cost of capital, transfers of technology from
advanced to developing countries, the development of domestic financial sectors and
improvements in both macroeconomic policies and institutions. Predominantly, it is
argued that these benefits are induced by the competitive pressures or the discipline
effect of globalization. Nonetheless, globalization creates new challenges for
policymakers. One key challenge is to manage financial globalization in such a way
that countries can take full advantage of the opportunities, while reducing the
potential downside risks. This is important as financial globalization is likely to
intensify over time, driven by agents seeking the perceived benefits. In this process
of financial globalization, exchange rate volatility plays a key role. The better
forecasting or understanding of the movements of exchange rate may help the policy
makers to conduct a suitable monetary policy which will in turn achieve its desired

objectives of price stability and higher economic activity. Hence, it is of great
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importance to check whether the established volatility models, already employed

extensively in industrialised countries, perform equally well in developing countries.

If the dynamics of bilateral exchange rate movements appear to follow different
patterns in industrialised countries and in developing, but similar patterns within
each group, this might have implications for policy-makers, foreign exchange market
participants and individual agents in each of these groups. For instance, in a recent
paper of Ganguly and Boucher Breuer (forthcoming), where supporting evidence of
the previous argument is found, the higher exchange rate volatility in developing
than in industrialised countries can be explained by institutional differences with
respect to central banks and national treasuries. Thus, policy makers could intervene
by making central banks more transparent, less corruptive, and autonomous from

governments’ role in monetary policy (which was the case e.g. in Lesotho during the
1990s).

The key findings of this chapter are as follows. The superior performance of the
FIGARCH model, noted in the recent literature, is confirmed in the case of
industrialised countries, but the IGARCH model results in substantial gains in in-
sample estimation and out-of-sample forecasting performance when dealing with

developing countries. Even under a Value-at-Risk assessment, the above results are
strengthened.

The remainder of the chapter is organized as follows. Section 3.2 describes the data
and methodology employed. Section 3.3 presents the empirical results of the in-

sample estimation and out-of-sample performance. Section 3.4 assesses the Value-at-

Risk performance of these models and section 3.5 concludes. 18

3.2 Data and Methodology

The data used here consist of daily observations of eight spot exchange rates against

the US dollar from November 11, 1993 to December 31, 2001 obtained from Oanda

8 For a literature review on modelling and forecasting exchange rate volatility see chapter 2.
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and the Bank of England database, totalling 2069 observation.'” Specifically, the
countries under consideration are: the Japan (JPY), Norway (NOK), Switzerland
(CHF), UK (GBP), Botswana (BWP), Chile (CLP), Cyprus (CYP) and Mauritius
(MUR). The choice of these particular industrialised countries was based on
industrialised countries with the highest trading volume on foreign exchange returns.
According to the Bank of International Settlements the JPY, NOK, CHF and the
GBP account for 85% of all foreign exchange rate transactions.?’ Our sample runs to
2001 so we avoid including countries that adopted the Euro (such as the DM) as the
launch of the euro may indirectly distort our results since the currencies involved
were locked to the euro in 1999. In the case of developing countries, the choice of
four countries 1s based on the fulfillment of the following conditions: developing
countries 1) with daily nominal exchange rate data that are included in the sample of
Devereux and Lane (2003) and ii) that have not fixed their currency with the US
dollar,?! our base currency, throughout our sample. ii1) Another condition, on which
our choice is based, is the availability of daily data in developing countries.* After a
careful inspection, the developing countries that fulfilled the above two conditions
were: Botswana, Chile, Cyprus, Kuwait, Mauritius and Morocco. Since our analysis
in this chapter involves a restricted sample of four industrialised and four developing
countries, we need a way to reduce the above sample of developing countries to four.
The choice of the four developing countries to pursue our analysis was based on the
condition that countries are widely dispersed in distance, in order to check whether
our results can be generalised.”’ The four developing countries that fulfilled all the

above conditions are: Botswana, Chile, Cyprus and Mauritius.

' Ultimately would be preferable to use intra-daily data but since exchange rate data in developing
countries exist only for daily data, we focus on daily data for both these groups of countries.

*® The reason the of such a high percentage is because two currencies are involved in each transaction
hence, the sum of the % shares of individual currencies used in the BIS report totals 200%.

*! That is, countries with flexible or intermediate exchange rate arrangements based on the Levy-
Yeyati and Sturzenegger (2005) de facto classification rather than the IMF’s de jure classification. In
addition, one can clearly see in the upper left panel of Figures 3.6 — 3.9 that exchange rate returns for
these four developing countries are not constant throughout the sample.

22 The earliest exchange rate data that could be obtained in developing countries are spanning from the
beginning of November 1993.

*> The location of countries selected range from South America to the eastern Mediterranean and the
coast of south Africa.
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Weekends, Christmas, Easter and bank holidays have been excluded from the

sample, since during these periods transactions are non existent or very limited so

their inclusion would distort the estimation procedure.

Our approach 1s to model the conditional mean and variance of exchange returns
simultaneously.** However, prior to analyzing the models in the conditional variance
specification we have to consider the conditional mean specification. We begin with
an Autoregressive Moving Average Model (ARMA). Several studies have shown
that the dependent variables, such as exchange rate returns, may exhibit significant

autocorrelation between observations separated in time. According to Cuthbertson

(1996) and others, any stationary time series y, (in our case, exchange rate returns)

can be approximated by a mixed Autoregressive Moving Average (ARMA) process

of order (p,q), that is ARMA(p,q):

yf = ¢|yr-l + ¢2yr-2 Tt ¢pyt-p + 8: T 9181'—1 + 8281-—2 Tt Q-qgt-q
or (3.1)
¢(L)y, =0(L)e,

where ¢(L) and (L) are polynomials in the lag operator:

J(Ly=1-gL-p I} ~$p L’ ~...~§,I"

3.2
O(Ly=1+6L+6,’+6,l +..+6,L -2

and ¢, is the disturbance term with E(g,)=0 and E(ge¢,)=0, V ¢ # s.In order to

satisfy necessary conditions for stationarity, the roots of ¢(L) and (L) must lic

outside the unit circle.

Various specifications of the ARMA(p,q) model are going to be examined, prior to

modelling the conditional variance simultaneously with the conditional mean. To

identify the lags of ¢, and 6 , we use a preliminary procedure. In the first step we

estimate (3.1) by Maximum Likelihood (ML) or we estimate just an Autoregressive
(AR) or Moving Average (MA) process by Least Squares (LS). In the second step we

square the residuals of the first step and estimate by LS in order to make a

* All estimation was carried out using the OxMetrics interface and G@RCH 4.0 econometric
package.
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preliminary decision on appropriate lag length in the conditional variance. The
second regression 1is basically used for the identification of ARCH errors. The choice
of the appropriate number of lags for each of the equations will be made with the
help of over-fitting tests on the residuals and the AIC (Akaike Information Criteria),
SBC (Schwarz Bayesian Criteria) and HQC (Hannan-Quinn Criteria) information
criteria. The model with the minimum AIC, SBC and HQC criteria will be suggested.

The use of these three types of information criteria is for robustness reasons.

However, this approach is simply used to identify the size of ¢, and 6, and our final

suggestion of the appropriate lag length will be made after modelling the conditional
mean and the conditional variance equations simultaneously, for the six volatility

models, by the use of the tests and criteria previously discussed.

The analysis is based on univariate equations for the eight exchange rate series and

employing six conditional heteroskedasticity models, specifically the ARCH,
GARCH, EGARCH, IGARCH, FIGARCH and HYGARCH model that were

formulated on chapter 2.

The 1-sample estimation period is from 8/11/1993 to 29/12/2000, totalling 1806

observations. The covariance matrix of the estimates is computed with the Quasi-
Maximum Likelihood (QML) method. In addition, the optimization method of the
QML procedure is done primarily under the standard QML approach that uses the
quasi-Newton method of Broyden, Fletcher, Goldfarb and Shanno (BFGS). When no
convergence by this conventional BFGS optimization algorithm is made, an
alternative optimization algorithm, the Simulated Annealing (SA) algorithm of
Gofte, Ferrier and Rogers (1994) for optimizing non-smooth functions with possible
multiple local maxima, will be used. Some of the unpleasant possibilities that the
BFGS algorithm may face during estimation according to Cramer (1986, p. 77) are:
1) the algorithm may not converge in a reasonable number of steps, ii) it may head
toward 1infinitely large parameter values, or even loop through the same point time
and again and iii) it may have difficulty with ridges and plateaus. When faced with
such difficulties, the researcher might have to use different starting values to

overcome them. Last but not least, Goffe, Ferrier and Rogers (1994, p. 66) state that
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“even if the algorithm converges, there is no guarantee that it will have converged to
a global, rather than a local, optimum since conventional algorithms cannot
distinguish between the two”. In order to overcome such difficulties the algorithm of
Goffe, Ferrier and Rogers (1994) is applied” that explores the function’s entire
surface and tries to optimize the function while moving both uphill and downhill.
This means that it 1s largely independent of the starting values, often a critical input
in conventional algorithms. Moreover, it can escape from local optima and go on to

find the global optimum by the uphill and downhill moves.

For the first five models we make use of the Student-t Distribution and for the
HYGARCH model the skewed-Student-t Distribution, as it was also used by
Davidson (2004).® The Student-t and the skewed-Student-t distributions are used
since they take into account the phenomenon of leptokurtosis and skewness in the

probability density function as opposed to the normal distribution.

In terms of forecasting performance, 253 observations ranging from 2/01/2001 to
31/12/2001 are used as the out-of-sample period for the forecast evaluation. The 253
out-of-sample volatility forecasts will be produced for the one-step ahead daily
forecast horizon. In order to produce 253 daily volatility forecasts the procedure is
repeated 253 times and estimated recursively. The accuracy of exchange rate
volatility forecasts is evaluated by some of the most commonly used criteria. These
contain the Mincer and Zarnowitz’s (1969) regression based test, the Mean Square

Error (MSE) and the Superior Predictive Abilitity (SPA) test developed by Hansen
(2005).

In the case of the regression based test, the test is conducted for each model
separately. For a given model’s forecast to be unbiased, the estimated parameters o

and S from equation (2.26) should be equal to zero and one, respectively. In

2 The SA algorithm is applied only if there is no convergence under the conventional BFGS.

algonithm. In our research, since no convergence is obtained in the case of developing countries, the
SA algorithm is used.

** The HYGARCH model has been estimated also under a Student-t distribution but the skewed-

Student-t was preferred as the log-likelihood value was greater for the later. The AIC, SBC and HQC

also suggested the later. The estimation results under the Student-t are not presented but can be
provided upon request.
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