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Abstract

This Thesis tests the predictive power of ARCH, @Rand EGARCH models in
forecasting exchange rate volatility of CanadiatladpEuro, British Pound, Swiss Franc
and Japanese Yen using the US dollar as the basency. We investigate both in-
sample and out-of-sample performance of the valatihodels using loss functions. The
study further examines if the best model for thesample forecast will emerge as the
best model for the out-of-sample forecast. Theysfudls that the GARCH(1,1) model
outperforms all the other volatility models durithgg in-sample period. However in terms
of the out-of-sample performance of the volatilitydels, the results are inconclusive,
even though the ARCH model performed better mosthef time than the complex
models. The study concludes that the simple mod#ieuld be given special
consideration in terms of forecasting. Our resattsrobust to research on exchange rate

volatility forecasting.
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CHAPTER ONE

1.1 Introduction

Issues related to foreign exchange rate have allagsa the interest of researchers in
modern financial theory because exchange rate,hmisiche price of one currency in
terms of another currency, has a great impact enviblume of foreign trade and
investment. Analysing the Forex market by volumeveh that global daily Foreign
Exchange transactions exceeded $4 trillion in 20&h is bigger than the annual value
of global trade (Bank for International Settleme2®10). It is therefore not surprising
that stable exchange rate has served as a cdtalgstonomic growth for most developed
countries (countries which produce for export) veasra highly volatile exchange rate is
a major problem for most developing countries (ttgv@g countries who are import

dependent).

The huge volume of transactions in the forex miarkakes it difficult for one to

examine global interaction among countries witthelibr no understanding of the driving
forces of exchange rates. In addition to that, fimvex market is also an extremely
nonlinear vibrant system which performance is iaflced by a number of factors,
namely inflation rates, interest rates, economimogphere, political issues, and many
other factors. Hence forecasting the exchangeimdex is challenging and a tricky issue

for both for investors and academics (SutheebamaddPremchaiswadi, 2010).

The post Bretton Woods exchange system has sestastibl and growing literature on
testing the predictive power of models used foredasting foreign exchange rates

movements. Reasons put forward for the intensearelsan this topical area are that,



accurate forecasts of exchange rate volatilitysignal an early warning to a government
of an upcoming economic crisis, and thereby aideypmakers to design and implement
appropriate exchange rate policies to mitigate #mgicipated economic turmoil.
Similarly, accurate exchange rates volatility f@agicis an important decision instrument
that guides the choice of an exchange rate redgmati$ best for a particular country
(Hernandez and Montiel, 2001) and can signal theémafity of a monetary union
(Wyplosz, 2002). Ogawa (2002) posits that foreagshigh exchange rate volatility in
countries with flexible exchange rate regimes aaifuénce the countries to enter a

common exchange regime system as it is said togmetonomic stability.

According to Antonakaki$2007), increase knowledge of the behaviour of ttehange
rate does not only benefit the governments of amsbut also the Central banks. His
study asserts that, the Central banks rely onnatdorecasts of exchange rate volatility
to ascertain whether an exchange rate will fluetwethin or outside a target zone. Thus,
exchange rate forecast in excess of the targetwidteecessitate the intervention of the
central bank, some of which include inflation tdngg, interest rate targeting and other
controls. The research by Antonakakis (2007) alssits that accurate knowledge of
exchange rate forecasting is important for inteomal traders’ export and import
decisions because forecasting excessive excharngevotatility in a country, ceteris
paribus, will have a different impact on traderstasill make risk-averse traders reduce
the volume of their transactions with such a coubtcause of the uncertainty of their
profits. However, risk-lover traders who trade aeskrcould benefit from seeking out

hedging opportunities.



Accurate volatility forecasting of exchange ratsoafuides the decisions of investors,
especially international investors who require fotid diversification beyond national
borders, or risk managers using internal modelsh sag value-at-risk applications.
International investors and risk managers haveairelévels of risks that they can bear,
so an accurate forecast of exchange rate volathgr the investment holding period
serves as a good starting point for assessing ithaastment risk. As far as a risk-averse
investor is concerned, uncertainty is the most igm factor in pricing any financial
asset. Hence most asset pricing theories try toefrtbes uncertainty or risk by using the
covariance between asset return and the markefoport Although it has been
recognized for quite some time that the uncertamfitypeculative prices, as measured by
the variance and covariance, is changing througte,tiit is not until recently that
researchers have started to explicitly model tini® tvariation in second or higher order
moments. This breakthrough in the area of volgtiitodeling confirms that accurate
forecast of large exchange rate volatility has tyestfected the decision making process
of highly risk-averse as opposed to risk-neutrakstors. In addition, risk managers who
want to minimize risks and are aware of accuratec@sts of large exchange rate
volatility in a country, can still hold assets denpated in that country’s currency by
investing in a second country’s currency, whereharge rate volatility is equally large
but negatively correlated with that in the formeuntry. This negative correlation could
help offset risks. Accurate volatility forecastetéfore act as an input in their portfolio
diversification and risk management (Antonakakis20D7). In conclusion, a continuous
improvement in forecasting accuracy will no doulsivé substantial benefits for the

various groups of agents since their decision ngakiill be better informed. In contrast,



the costs of generating poor forecasts are sulstaas their decision making will be

flawed and have unanticipated effect on the glelsahomy.

Notwithstanding the importance of forecasting exdea rate volatility, theories of
forecasting volatility of exchange rate has beerexmstence for many centuries with
different models yielding different forecasting utts either in-sample or out of sample
data. The traditional financial economics reseantexchange rate volatility has focused
on the mean of exchange rate returns but in réceas the emphasis on mean retuned of
exchange rate has shifted to the volatility of éxehange rate. Also the international
stock market crash of 1987 has further increasedatus of regulators, practitioners and
researchers on forecasting the volatility of exgearate (Brailsford, 1995). As a result,
some researchers have employed multivariate regreapproach to study and predict
the exchange rate volatility based on macroeconeani@bles. Several others have also
relied on structural models to predict the volgtibf exchange rate, but these approaches
have limitations in the sense that there are gégeveeak relationships between
exchange rate and virtually any macroeconomic kgia situation commonly known as
the “exchange rate disconnect puzzle” (Obstfeldlet2000). Also Flood et al., (1995),
observes that nominal exchange rates are much vataséle (at low frequencies) than
the macroeconomic variables which determines exgdhanate theoretically hence this
excess volatility associated with exchange rateemaitructural models unsuccessful in
forecasting exchange rate volatility. Cheung, Chamd Pascual (2002), provides a
survey of the literature on forecasting exchangenddional mean) based on macro
fundamentals. The study fails to identify paperthvgood predictive power that are able

to overcome the random walk model. Also followirng tseminal paper of Meese and



Rogoff (1983), many tests have been done in se#Hralacroeconomic models that have
good power for forecasting movements but proveddulihese limitations associated with
macroeconomic variables and structural models adipting exchange rate volatility
have led some researchers to ask the question“ingt not exchange rate explains
itself?”. That is with the little information on elRkange rate, it should be able to forecast
its current as well as future volatility by usingbust time series or technical model
(Onasanyeet al., 2013). Nevertheless, the uncertainty of the exchaate continues to
present a challenge for economic agents to deterthi@ directionality of the actual or
future volatility of exchange rate. This is becaudlse more forecast errors economic
behaviors make in predicting the directionalityeathange rate volatility, the higher the

trends in the uncertainty of the exchange rateslhosvn (Yoon et al, 2008).

Forecasting volatility of financial assets contiste occupy a center stage in research
(Longmore and Robinson 2004). However, variancstandard deviation which is the
traditional measure for volatility is unconditionahd does not recognize the patterns in
asset volatility such as time-varying and clusigmnoperties. Researchers have therefore
introduced various models to explain and predies¢hpatterns in volatility. Engle (1982)
is the first to introduce the autoregressive cood#l heteroscedasticity (ARCH) to
model volatility. The ARCH, models the heteroscéidayg by relating the conditional
variance of the disturbance term to the linear daation of the squared disturbances in
the recent past. Bollerslev (1986) generalizes ARCH model by modeling the
conditional variance to depend on its lagged vahsesvell as squared lagged values of
disturbance, and he calls this model generalizedoregressive conditional

heteroskedasticity (GARCHJhe ARCH/GARCH model has made a great impact on the



development of financial econometrics in the past tecades. The GARCH model is
useful for interpreting the volatility-clusterindfect, which is an important facet of asset
prices (Mandelbrot, 1963). Volatility clustering ams that large changes of an asset’s
price are followed by large changes in either siffme model is also useful for many
financial applications, such as measuring volgtiit financial markets, pricing options,
and computing Value at Risk (VAR) (Engle, 2002) gien(1982) notices that although
OLS (Ordinary Least Square) maintains its optirgaptoperties when it is used to
forecast exchange rate volatility, however, theapaters of ARCH models provides a
better estimate when maximum likelihood method ngpleyed. Similarly, Lastrapes
(1989) complements the work of Engle when he olesetiiat ARCH provides a better
explanation of exchange rate process and it isistamé with exchange rates behaviour.
Zivot (2009) also provides an in-depth empiricalalgsis of GARCH models for
financial time series with emphasis on practicatues associated with model
specification, estimation, diagnostics, and foréngsand finds the GARCH model to
provide better description of financial data consplto the OLS. According tBala et
al., (2013) the GARCH model has dominated thedttee on volatility since the early
1980s because the model allows for persistencendittonal variance by imposing an
autoregressive structure on squared errors of tloeeps. This indicates that the
superiority of the ARCH/GARCH models over other ralxdin forecasting exchange rate
volatility has contributed to its entrenched pasitiand success in the forecasting

literature.

Since the work of Engle (1982) and Bollerslev (19&@rious forms of GARCH model

have also been developed to model volatility. Smhé¢he models include Integrated



GARCH (IGARCH) originally proposed by Engle and Rotlev (1986), GARCH in-
Mean (GARCH-M) model introduced by Engle, LiliendaRobins (1987),the standard
deviation GARCH model introduced by Taylor (1986adaSchwert (1989), the
Exponential GARCH model (EGARCH) proposed by Nel¢éd891), Threshold ARCH
(TARCH), and the Threshold GARCH have been intredumdependently by Zakoian
(1994) and Glosten, Jaganathan, and Runkle (1883 ower ARCH model generalised

by Ding, Zhuanxin, C. W. J. Granger, and R. F. E{@B93) etc.

Recently, the observance of volatility breaks imdiseries data has paved way for
volatility models which allow for volatility breaksa typical example is the Markov—
switching models of conditional heteroscedasti¢gge Lange and Rahbek, 2008). In
view of that, Hammoudeh and Li (2008) have analysadden changes in volatility for
five Gulf area stock markets and find that accouqfor the large shifts in volatility in
the GARCH (1,1) models reduces the estimated persie of the volatility of the Gulf

stock markets significantly.

Notwithstanding the vast aforementioned model®oiedasting the volatility of exchange
rate, other research work indicate that the belnawio dealers and other market
participants can influence fluctuations in excharages (Lyons and Evans, 2002; Covrig
and Melvin, 1998). Inventory adjustments and bi#t—sigread reactions to informative
incoming order flows are some of ways by which dedlehavior affects exchange rate
determination and volatility. Also different markearticipants depend on both private
and public information sets; hence it is naturaassume that equilibrium exchange rate
expectations are formed based on a combination aafr@economic fundamentals and

market microstructure variables (Goldberg and Tienat997). Moreover, it is most
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likely that the macroeconomic information and orflew information are processed in a
nonlinear fashion. In line with this thinking, Gigdvic et al. (2006) apply the (Artificial
Neural Network) ANN model to forecast high-frequgr€anadian/US dollar exchange

rate.

1.2 Thesis Objectives

Despite the different models that have evolvedotedast exchange rate volatility, large
swings in price movements has become more prevaedtobservers have damned
institutional changes for this increase in volgtiliThese concerns have led researchers to
analyse the level and stationarity of volatilityeo\time. Specifically, research have been
directed toward examining the accuracy of volgtifibrecasts obtained from various
econometric models including the autoregressivalitiomal heteroscedasticity (ARCH)
family of models. Interestingly, research condudtedhe area of comparing volatility
models are very limited. Also empirical researchh &t comparing volatility models
using at most three currencies and most of the tgnere the vehicle currencies in the

world.

However, given the important role that exchange gdtays in each economy and the
challenge in explicitly rating one volatility modeler the other, this thesis examines the
predictive power of various exchange rate modelssi®@ major trading currencies

(Canadian dollar, US dollars, British pounds, Etine, Japanese Yen, and Swiss franc).

Specifically, the study will

1. Provide extensive development of each model

2. Test the in-sample fit of the ARCH, GARCH and EGARGodels

8



3. Test the out-of-sample performance of the ARCH, @&Rand EGARCH model

Various models have been used to forecast theihltylaif exchange rate. However,
researchers have not reached a consensus as to mbdael is better than the other in
terms of exchange rate volatility forecasting. dt against this background that the
purpose of this research is unique as it seekedbthe predictive power of various
ARCH/GARCH (Generalised Autoregressive Conditiondketeroscedasticity) type
models which include ARCH(p,q), GARCH(p,q) and EG2Rp,q) to forecast
exchange rate volatility in the context of six maj@ding currencies in the world (Euro,
Canadian dollar, the Great British Pound, the Jeparyen and the Swiss franc). The US

dollar is used as the base currency against whiitheaother currencies are compared.

Adamu (2005) for example examines the impact oharge rate volatility on private

investment using GARCH type models and confirmsdwverse effect of exchange rate
volatility on private investment. Mordi (2006) emging GARCH model argues, that
failure to properly manage exchange rates can mdlistortions in consumption and
production patterns. The study concludes that; &stee currency volatility creates risks
with destabilizing effects on the economy. Hencstwaly that compares the predictive
power of volatility models will contribute immengeb the smooth running of the global

economy.

The study compares the ARCH family model whichtigha core of volatility modelling
with other extensions of volatility models in orderascertain whether the basic models
should be repudiated during forecasting exchanigeuvalatility since available literature

advocate for complex models in forecasting volatili



1.3 Thesis Contribution

Forecasting volatility and determinants of excharage have been well established in the
literature. Efforts have been made to compare #réopnance of volatility models in
forecasting exchange rate at various forecastingdms. Also noted in the literature is
the evaluation of the forecasting performance datidy models in a particular family.
Almost all the empirical research are either limite the number of currencies used or
focus on estimating the forecasting performance vofatility models at various
forecasting horizons. An area which has witness=$ Iquantitative research is the
evaluation of the forecasting performance of vasienchange rate models from different
family of volatility models. Hence the main obje@i of the thesis is to assess the
forecasting performance of various exchange ratdetsan forecasting the volatility of
exchange rate. This will help assess whether thplsimodels like the ARCH are able to
perform better than the complex models or not. Misthe time research are directed
towards assessing the performance of complex egehate volatility models with little
or no reference to the simple models for forecgstixchange rate volatility. However as
noted by Dimson and Marsh (1990), the simple modmenot be overlooked in

forecasting volatility of exchange.

The thesis compares the forecasting performane®lefility models across six vehicle

currencies in the world (Euro, Canadian dollar,@reat British Pound, the Japanese Yen
and the Swiss franc). Previous studies have inyegstil only a limited range of exchange
rates volatility between different currencies. Hetloe use of six major currencies serves
as an extension of previous studies. This also matedy particular of interest against

the background that these six currencies are thiel\wonost heavily traded currencies, a
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fact which cannot be explained by economic sizealé&urthermore, these currencies are
characterised by a relatively high degree of smema activity and a significant and
highly variable amount of interventions by their metary authorities. This study
therefore assesses the performance of the volatilitdels notwithstanding the monetary

control of the respective countries.

The study contributes to available literature bypkying current data set and
extensively developing the volatility models usadhe study. With the passage of time
the evolution of volatility may change, hence tlse of current data set which spans the
period where the world has witnessed the greateandial crisis of the time will be
literature enriching. Unlike other empirical stuglihich just state the volatility model to
be compared, this study extensively develop eacdtheito be used for forecasting which

contributes to clear understanding of the subjeatten of the thesis.

1.4 Thesis Organisation

This thesis is organized as follows: Chapter 2 jplev a detailed discussion of empirical
studies on exchange rate forecasting exchange vealtgility. Chapter 3 provides
extensive development of the forecasting modelsap@hr 4 provides estimation and
forecasting with the various models, distributioagabumptions of the volatility models
and how the data are used for forecasting bothampée and out of sample. It also
presents how the models for comparison are goirgeteelected and also discusses the
forecast evaluation of each model. Chapter 5 ptesdgita and discusses the empirical
results while summary, recommendation and conctudiemarks are presented in

Chapter 6. Appendix A describes the realized \dhatior the various exchange rate

11



series. Appendix B contains the sample autocorogldor the various exchange rate

series and Appendix C describes the selectioneofrtbdels for forecasting using AIC.
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CHAPTER TWO

2.1 Literature Review

Predicting exchange rate volatility is difficultsta Despite the large body of research on
exchange rate modeling, a key popular fact in na#onal finance is that the best

prediction for tomorrow’s exchange rate is todasase (known as the “random-walk

forecast”). This result is first discovered by Meemd Rogoff (1983a, b) and after 25
years later, only few models could do better thamdom walk. A related result, also

found in the literature by Hansen et al. (1980)iaates that the forward rate does not
provide the best prediction for tomorrow’s excharge. Clarida et al., (2003) reaffirms

the proposition of Hansen et al., (1980) as hestitat “from the early 1980s onwards,

exchange rate forecasting is a difficult task bseanf the uncertainty associated with its
forecast. The uncertainty associated with exchaatge forecast has made forecasting
exchange rate increasingly come to be seen asadwas occupation and hence using

the random walk model is the best specificatiomfiodeling exchange rate volatility.

A good review of the theories that have dilatedtlom exchange rate variability can be
found in the research work by Cheung, Chinn anccirRds(2002). These authors use
different approaches to study exchange rate vibyatihd they test the predictive power
of four exchange rate models for the exchange sdges of Canada, Britain, Germany,
Switzerland and Japan using the U.S. dollars aasa burrency. The models tested in
their works include stick-price monetary modeljiime with Dornbush-Frankel, Balassa-
Samuelson, which considers productivity differestimmong countries, Behavioral
Equilibrium Exchange Rate (BEER), which incorposafeatures of a wide range of
models; and Unconvered Interest Rate Parity. T$teidies find that, none of the tested

13



models outperforms the random walk model in fortiegsthe exchange rate volatility
using the criterion of mean squared error. Howetlegjr studies conclude that on a
longer horizon, structural models on the averagevides a higher forecasting

performance than the random walk model.

Since the seminal works of Mandelbrot (1963a, 1968867) and Fama (1965),
researchers have found that the characteristiteeoforeign exchange returns are non-
linear, exhibits temporal dependence, and theilbligion of exchange rate returns are
leptokurtic (Friedman and Vandersteel (1982), Bel&y (1987), Diebold (1988), Hsieh
(1988, 1989a, 1989b) Diebold and Erlove (1989)/liBaand Bollerslev (1989)). Their
researches also find that both large and smallggsam returns are ' clustered' together
over time, and the return distribution of the dasad are bell-shaped, symmetric and fat-
tailed. Data with such characteristics are captwed by Autoregressive Conditional
Heteroskedasticity (ARCH) model introduced by En@l®82) and the Generalised

ARCH (GARCH) model developed by Bollerslev (1986).

However, the ARCH model is first used to model tiierency exchange rate by Hsieh
(1989a). The study investigates whether daily ckang five major foreign exchange
rates contain any nonlinearity. The research caleduhat although the data contains no
linear correlation, however there is the presentesubstantial nonlinearity in a
multiplicative rather than additive form. The stuthen suggested that the generalized
ARCH (GARCH) model can offer explanation to a lapget of the nonlinearities for all
five exchange rates. Since then, applications @é¢hmodels to currency exchange rates
have increased tremendously, with studies like iHE1®89b), Bollerslev (1990), Pesaran
et al. (1993), Copeland et al. (1994), Takezaw®%)L9Episcopos et al. (1995), Brooks

14



(1997), Hopper (1997), Cheung et al. (1997), Laepdti9o97), Lobo et al. (1998) and
Duan et al. (1999). In most of the applicationshaf ARCH model, it is found that a very
high-order ARCH model is required to model the @iag variance. The alternative and
more flexible lag structure is the Generalised AR@@GARCH) introduced by Bollerslev
(1986). Bollerslev et al., (1992) indicates that 8guared returns of not only exchange
rate data, but all speculative price series, tyjyiexhibit autocorrelation and that large
and small error tend to cluster together in comtirsutime periods in what has come to be

known as volatility clustering.

Amidst the difficulty in forecasting the exchangehlvior, Lam et al., (2008) compares
five structural models (the PPP (Purchasing Poveeityy model, the UIP (Uncovered
Interest Parity) model, the SP(semiparametric) mottee BMA (Bayesian Moving
Average) model) and the composite (specificatiaoiporating the above four models)
model to the random walk model in predicting exdenate behaviour in Hong Kong.
The research uses the mean- square errors to detethe predictive power of the
models and concludes that, the structural modelsble to outperform the random walk
model in certain time horizons but the combineadast model has the best predictive

power as it dominates all the models compared.

Similarly, Dan Bianco et al (2012) construct fundantals-based econometric model for
the weekly changes in the euro-dollar rate betwi399-2010 to forecast both the short
run and the long run exchange rate between theanddhe dollar. The research further
tests the predictive power of this model against tandom walk model using mean
square prediction error and a non-parametric tiegtemlictive performance developed by

Pesaran and Timmermann (1992). The research findsistally significant
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improvements upon the hard-to-beat random walk modeng traditional statistical

measures of forecasting error at all horizons. Atgostudy employs Direction of Change
(DCH) measure, which evaluates out-of-sample fartschy comparing the sign of the
forecasts with the sign of the true observatioris Tést also complements the predictive

power of the economic model against the hard to fae@om walk model.

In a similar vein, Groen (2005) tests the a longdrak between monetary fundamentals,
the Euro, exchange rates of Canada, Japan, andhiter] States and finds out that there
exist a strong link between the monetary fundamemtad the long run exchange rate of
the countries involved. The research further tédstsout-of-sample performance of the
model with the random walk model and finds out ththe model is superior to the
random walk using the cointegrated VAR (Vector Aatpessive) model-based

forecasts, especially at horizons of 2 to 4 years.

Gradojevic et al. (2006) applies the ANN (Artificideural Network model) model to
forecast high-frequency Canadian/US dollar exchargte. This is the first time
microstructure variable is applied to forecast CmidS exchange rate. The research
concludes that the introduction of the microstruetuariable improved both the linear
and nonlinear models of exchange rate. The resdarter employs the Root mean
square error prediction to the test the predicggever of the model and concludes that
the ANN model is consistently better than the randealk and other linear models for

the various out-of-sample set sizes.

Andersen and Bollerslev (1998a) have examinedtiddJSD (Deutsh mark/US dollar)

intraday volatility based on a year sample of fiméhutes returns with emphasis on
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activity patterns, macroeconomic announcement atehdar effects. The study reveals
that market activity is correlated with price véilay. Hansen and Lunde (2005)
compare 330 ARCH-type models in terms of theirigbtb describe the conditional
variance, and finds no evidence that a GARCH (ipbyel is outperformed by more
sophisticated models in their analysis of excharagjes. However, Terasvirta (2009)
reviews several univariate models of conditionatet@scedasticity and reports that

GARCH models tend to exaggerate volatility persisée

Kasman etl. (2011) investigates the relationship between istena@e and exchange rate
changes on Turkish bank’s stock returns and finglsifecant negative association. Their
results further reveal that interest and exchaagg volatility are the major determinants

of conditional bank stock return volatility.

In assessing the performance of volatility modelghe in-sample, Taylor (1987) and
more recently West and Chow (1995) examine thec&steability of exchange rate
volatility using a number of models including ARCHhe study considers five U.S.
bilateral exchange rate series. They find that gdised ARCH (GARCH) models are
preferable at a one-week horizon, whilst for lesgfient data, no clear victor is evident.
Some other studies which tested the forecastinkityabi volatility models in the in-

sample include Meese and Rose 379 (1991), McKe(k897), Christian (1998),

Longmore and Wayne Robinson (2004), Yang (2006)nYaad Lee (2008) among

others.

It is quite surprising that the available liter&uwoncentrates on in-sample forecast of

exchange rate volatility with little emphasis ort-ofrsample forecast. The few papers
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that have tested the forecasting ability of ARCHREZH models in the out-of-sample
have reached mixed results. Akgiray (1989), finliat ta GARCH (1,1) specification
exhibits superior forecasting ability of weekly W&ck market volatility compared to
more traditional models. However, Tse (1991) anel &sd Tung (1992) reach a different
conclusion on the superiority of the GARCH modeltle Japanese and Singaporean
markets, respectively. Their studies find evidesitengly in favour of an exponentially
weighted moving average (EWMA) model. In an exaramaof the UK equity market,
Dimson and Marsh (1990) conclude that simple mopdeiside more accurate forecasts,
and hence the study recommends the exponential tsmgoand simple regression
models. However, Dimson and Marsh did not subjeRCA models to examination.
Nevertheless, the conclusions of Dimson and Mambe important implications for
forecasts obtained from the relatively complex GARModel as their research finally
concludes that with the increase interest in usmgplicated econometric techniques for
volatility forecasting, their research bet to diffeom the status quo. That implies that
those who are interested in forecasts with reasenpledictive accuracy, the best

forecasting models may well be the simplest onesg¢bn and Marsh, 1990).

Also Hansen et al. (2005) compare 330 ARCH-type modeleims of their ability to
describe the conditional variance. The models anepared based on their out-of-sample
performance using DM/USD (Deutsche Mark/US Dollasghange rate data and IBM
return data. The study finds no evidence that a GHR,1) is outperformed by more
sophisticated models in the analysis of exchangs.rélowever, the GARCH(1,1) model
is found inferior to models that can accommoddtarage effect in the analysis of IBM

returns. The study also employs the test for sopgnedictive ability (SPA) and the
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reality check for data snooping (RC) to compare ithadels’ predictive power. The
empirical results show that the RC lacks power rioeatent that makes it unable to

distinguish ‘good’ from ‘bad’ models in their anaiy.

In forecasting exchange rate volatility betweenr&laind US Dollar, the Statistics Unit of
Usmanu Danfodiyo University (2014)nvestigates the volatility modeling of daily
Dollar/Naira exchange rate using GARCH, GJR-GARCBARCH and TS-GARCH()
models and daily data over the period June 20Quly2011. The results show that the
GJR-GARCH and TGARCH models exhibit the existen€estatistically significant
asymmetry effect. The research further examinesfdahecasting ability of the models
using the symmetric lost functions which are theahlébsolute Error (MAE), Root
Mean Absolute Error (RMAE), Mean Absolute Percestdfyror (MAPE) and Theil
inequality Coefficient. The results show that TGARG0del provide the most accurate
forecasts because it captures all the necessdizesigcts (common features) of financial

data, such as persistent, volatility clustering asginmetric effects.

Bonilla et al (2003) apply the Hinich portmanteaigobrelation test to find out the

suitability of using GARCH (Generalized AutoregrigsesConditional Heteroscedasticity)
as the data-generating process to model conditianatility of stock market index rates
of return in 13 emerging economies. The study fithdd a GARCH formulation or any
of its forms fail to provide an adequate descriptior the underlying process of the 13
emerging stock market indices. The study also emasiihe existence of ARCH effects,
over windows of 200, 400 and 800 observations,guBimgle’s LM (Lagrange Multiplier)

test, and find no evidence to support the existemd&RCH effects over long periods of

time. The results of the study also hints thatqyoliakers should exercise caution when
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using autoregressive models for policy analysis fanecast because of the failure of the
GARCH models to efficiently model the data gen@a@giprocess of the stock indices. The
failure of the GARCH to model the stock indices Basng implications for the pricing
of stock index options, portfolio selection andkrisianagement. The study finally
concludes that in analysing spillover effects antpot volatility the GARCH model will
not be efficient and hence cannot be used to etak@onomic policy in this direction.
Will the same conclusion be reached when the GARG®&tlel is used to forecast

exchange rate volatility?
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CHAPTER THREE

3.1 Volatility Models

The volatility models that is estimated in thisdstunclude ARCH(p), GARCH(p,q) and
EGARCH(p,q). According to Tsay (2005), differen@esolatility models are due to the
way variance evolves over time. Conditional heteedsstic models can therefore be
classified into two groups. The first group useaatx¥unctions to govern evolution of
varianc€s?) , while the second category uses stochastic emsatio describe?.
ARCH/GARCH models belong to the first category wdeer stochastic volatility models
belong to the second category (Tsay, 2005). Thidystherefore adopts a family in the
first group where an estimated volatility modelsed to examine volatilities in the six
exchange rate series under investigation. We chib@esARCH/GARCH models because

of the limitation of the ordinary least square.

A major assumption behind Ordinary least squateas the expected value of all errors
terms when squared is the same at any given poinbmstant variance (a property of
OLS commonly known as homoscedastic). If this ctowliis violated, then the Ordinary
least square estimates for the coefficients witl mve minimum variance even though
the coefficients will still be unbiased estimatd$owever, the standard error and
confidence intervals calculated in this case bectooenarrow, giving a false sense of
precision. The ARCH/GARCH models handle this prabley modeling volatility to
depend on previous volatility in the regression aiqun and thereby correcting the
deficiencies of least squares modghe ability of the ARCH model to capture volatility
clustering and the fact that it is mean revertingkes it a preferred model over other
models which fail to capture these important feadwof time series data.

21



The GARCH model is a generalization of the ARCH elaahd it contains the ARCH
model as a special case. The GARCH model has addddged conditional varianeg

to prevent adding many lagged squared returns #eeisase of the ARCH model. The
GARCHY(p,q) can be explained in a context wherereeoey trader predicts this period’s
variance by forming a weighted average of a lomgntaverage (the constant), the
forecasted variance from last period (the GARCHhjerand information about volatility
observed in the previous period (the ARCH term)thE# asset return is unexpectedly
large in either upward or downward direction, thiee trader will increase/decrease his
estimate of next period’s variance. There are simitations of the GARCH(p,q) model
since the model places restriction on the coefitsieThe non-negativity conditions on
can be violated by the estimation method, sincecthefficients of the model can be
negative. This limitation of the GARCH model infheed the consideration of another
volatility model called the ExponentiddARCH (EGARCH) model proposed by Nelson
(1991). The EGARCH model eliminates the restrictioat the GARCH model imposes
on its parameters. The EGARCH model also allowsasymmetric effects between
positive and negative asset returns and is a shgbdification of the GARCH(p,q)
model. This model has been proposed to solve the@Amodel’s failure to capture the

asymmetric effects of positive and negative asgetms.

3.1.1ARCH(p)
Let r, be the return on exchange rate. In a standardrliregression, the ARCH model

according to Engle, (1982) and Tsay, (2005), israttarized by mean and volatility

equations, which are specified as:

e =EQ Ii—1) t & = lyeq t & 1)
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wherel,_, is the information set up to t-1 apg,_; = E(ry| I,_1)
Uy -1 is a conditional mean ef, which is a function of the information set contag
all relevant information up to time— 1. The conditional variance at time t, thatrfpt_1

is defined as the expectation of the squared psaoegeviation from its mean:

O-tT t-1=E [(Tt — Uy t—1)2| It—l] = E(&f| I-1) 2)

If the conditional meap, ;_, is zero which is a common feature of the financalirns,
then the conditional variance becomqﬁt_l = E@r{ I,-;) . To model the variance
efficiently, an important characteristic of thearterme, and the conditional variance
must be noted. The error tewnis conditionally heteroscedastic because the tiondi
variance is time varying. We assume that the eieon is multiplicative as ing, =
o4 -1 Z¢ With z, being an independent and identically distributedovation with
E(z;) = 0 andvar(z;) = 1. The assumption ar, is consistent with the definition of the
conditional variance. Hence by taking conditiongbectation ofc? following an ARCH

process of ordgs, (ARCH(p)) is given by:

E(ef| I.-) =E [(Tt — Uy t—1)2| It—l] = E(Uﬂz t-12¢] 11:—1) = ‘7112 1B Ioy) =

O—t? t—1 (3)

=ag+ ayef 1 + azet_, + o apEt, 4)
where we have used the law of iterative expectatioequation (4). From equation (4),
the dependent variable & and there arp autoregressive termg_, &% ,.......... €t p.

From this specification, it is seen that the candal variance of; is a function of the
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magnitude of the previous surprisgs; for i= 1, 2 ...p. Becauses;_; is squared, the
sign of the surprise is irrelevant; only the magdé. This specification makes sense if
we think that “surprises” are the source of unéetyawhich is at the heart of volatility.
To obtain the conditional variance of equation {B& values of;s need to be estimated.
For the conditional variance to be positiwg,> 0, a; = 0 Vi .Also we assume that the

conditional mean, ., is constant over time hence we concentrate on hngdef the

conditional variance of the stochastic process iha&uation (4). To be able to fit the
model to the data, the order pfneeds to be specified. The orderpofn the ARCH
model can be determined by using either the AlGherSample Partial Autocorrelation
function (PACF) of the squared returns where then@a PACF is not significantly
different from zero for lags greater than p. Rededras shown that the ARCH model
requires a high order to be able to accurately moaleditional variance (see Hansen and

Lunde (2005) and Bollerslev et al., (1992).

3.1.2 GARCH(p,q)
A generalization of the ARCH model is the GARCH graeterization introduced by

Bollerslev (1986). The GARCH models the conditionariance to depend on the
weighted average of past squared residuals andsigres a declining weight to past
squared residuals which does not go completelyet@.zThe most commonly used
GARCH specification states that, the best prediofdhe variance in the next period is a
weighted average of the long run average variafmbere are several extensions of
GARCH models, however this study follows the geh&ARCH(p,q) model proposed

by Bollerslev (1986). In the traditional GARCH(pmodel, using equation(1) where
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Tt =Uge-1tEand & =1 — Uy ¢

then conditional variance is specified as

of=ag+ X a; (1 — Uy t—1)? + Z?:l .Bjatfz—j 5)
wherea, > 0,a; = 0,8; = 0 and YIPD (@, + B) < 1

Equation (6) can also be written as

of =ay+ Xt aef i + Z?:l 3]'01:2—,' (6)

Equation (6) shows that the GARCH model is simitarARCH model with a certain
structure for the value of the parameters of tlggda returns. In equation (6), the
conditional variance does not only depend on pasivation but also on the most recent
past level of volatility.s? is a function of three terms: the meag, the ARCH
(Xi-; @:ef-;) term and the GARCH ternk(_, ;0 ). The coefficients for the GARCH
model are assumed to be positive in order to keegdonditional variancesf) positive.
According to Zivot (2009), a GARCH (1,1) model witmly three parameters in the

conditional variance equation is enough to obtagoed fit for financial time series.

In considering the GARCH(1,1) the conditional vaga can be obtained by using a

continuous recursive substitution
of =ap + a1€t2—1 + .3101:2—1 (7)
wheres? ; = ay + a,e_; + f102, hence by replacing
=g+ aref g + Biag + aref_y + Brofy)
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=ag(1+ By) + ay(efy + Pret_2) + Bot,

= ag(1 + By + BE) + ay (61 + Prely + Pier_3) + Brois

__a 2 i
of = 1_2,1 +ay XiZo&t-1-iP1 I8

From equation (8) it is seen that the GARCH (1,Ddei looks like ARCH¢) model

with a variation in the structure of the value bé tparameters and the lagged returns

2
Et_l.

As already noted the GARCH model cannot accounideerage effects and does not
allow for any direct feedback between the conddlorariance and the conditional mean.
For these reasons the study considers an asymn@MRCH model called EGARCH

model created by Nelson (1991) to measure theilrglaif exchange rate.

3.1.3 The Exponential GARCH

The EGARCH (p,q) is specified as

& = Zt\/Ft then conditional variance is given by 9)
wheree,~N (0, 52) and the functiony(.) is specified as

log(6f) = ap + XF_{aiec—; + vill &l —E(] & )} + Z;?:l B; 108(01:2—]') (10)

From equation (10) the asymmetrical effect of pesiand negative asset returns is very
clear. Positive shocks have an imgagt y;) on the logarithm of the conditional
variance while negative shocks have an imgagt—y;). Normally, a; < 0,0 <y; <

0 and B; +y; < 1. This conformation means that negative shocks Hanger impact
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than positive shocks which conforms to the emplis@dence by the so called leverage
effect. The EGARCH model does not impose any &@gir on the parameters to ensure
that the variance is nonnegative. The EGARCH mddsl the unique ability to model
volatility persistence, mean reversion as well sggranetrical effect. The ability of the
EGARCH model to split the impact of positive shoeksl negative shocks on volatility

makes it differ from the GARCH model.
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CHAPTER FOUR
4.1 Estimation and forecasting
This chapter discusses the various techniques imsedtimating the parameters of the
volatility models. Once the models and their reipecorder has been then we employ
the maximum likelihood estimation fit the models tioe data by estimating the

parameters of the models.

4.1.1 Maximum Likelihood Estimation

The likelihood function is a joint probability detys function which estimates the
parameters of a statistical model with a given ddi€o| ¢, &5, ... ... ,€,) Where® is the
set of parameters to be estimated. If the returasralependent of each other the joint
density function will simply be defined as the pwotiof the marginal densities. In the
ARCH/GARCH models returns are not independent hamnethe joint density function
can be decomposed as the products of the condititemesity and the marginal density

functions and it can be written as

fler, &2, e &n| B) = f(en| In-1)f (€nal In2) .. f(€n) ... f (€1) (11)

The likelihood function is maximized with respect the unknown parameters and is

defined as

L(O| In—1) = [17=1 f (& Ie-1) (12)

Wherel, represents the information available at time t Amglthe density function of;.
The exact form of the likelihood function is depention the parametric form of the

distribution of the innovations. This means thag thstribution for the erras,, needs to
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be determined to be able to fully specify each rmolee error terms are assumed to be
identically distributed and independent with zeream and unit variance. This study will

therefore consider two types of error distributiotise standard normal distribution

g,~N(0,1) and the heavier tailed student's t-distributin/(v — 2)e, ~t,. The study
considers the student’s t-distribution becauseatiadysis of the exchange rate return data
exhibit heavier tail most of the time. The scaletda of the error term when the
distribution is assumed to be a student-t distidouis introduced to make the variance of

& equal to 1.
Normal Distribution

If & is assumed to follow a normal distribution withane:, and variances? then the

density function of the distribution is defined as

(e=pp)?
1 e 20

f(gt):\/m )

—o< g < (13)

Student t-distribution

On the other hand, i, is assumed to follow student t distribution wittdegrees of

freedom then the density function is given by

fle) = \/F;EFT(Q) (1 + %)_(T), —< g <® (14)

Wherev represents the degree of freedom &ndenotes the gamma functiofi(x) =

foooyx‘le‘ydy. To obtain the standardized distribution the deng&inction is scaled
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with /% Given the distributional assumptions #r it follows that the corresponding

log-likelihood is given by
2
log[L(] 1)) = ~Flog(2m) = ;i log(of) = 5 = (15)

Whene,~N (u;, o) and

== )l‘%2?=1log<02)—”7“2?=11°g[1+ "l o)

n(w-2)r(% o (v—2)

log[L(6| I,_1)] = nlog

Whene,~student t distribution with v degrees of freedom.

Note that the variance? is substituted recursively with the specified dtindal
variance model discussed in section 3. For a ginatattility model, by maximizing either
equation (18) or (19) will yield the estimates bé tparameters. However, for this study,
the maximization of the log-likelihood functionsdsne using E-view software. The log-
likelihood function is maximized with respect teetparameters to yield the optimal in-
sample fit for each model. These parameters wéhtbe used to construct volatility

forecasts for the respective models.

4.2 Forecasting

In forecasting, it is most appropriate to seleet libss function to be used. However, in
Economics and Finance the use of a quadratic loggibn is common because it is often
more mathematically tractable than other loss fonst Also the quadratic loss function
is symmetric which means that an error above dagget causes the same loss as the

same magnitude of error below the set target. ladeptic loss function, the loss is
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expressed in a quadratic form as the deviationthefvariables of interest from their
desired values; this approach is tractable bedaussults in linear first-order conditions.
The functional form for a quadratic loss functiangiven byL(st,h) = aely, for a >

0 and h is the forecast horizon. In the context of stochastic control, the expeacte
value of the quadratic form is used to obtain tipéinoal forecast. To construct the

expected value of the loss is to minimize the etqubtoss function.

E(L(Et,h)| It) = aE(SL?,h) = aE(Yt4n — ft*h| It)z (17)
LRI = 0 (ypan] Tey) + 20 = 0 (18)

which implies;
fin = EQreanl 1) (19)

Wheref,", is the optimal forecast at time t of the randomalae y, . If we assume that
the conditional density is a normal density witindtional mean. The uncertainty of the

forecast which is defined as the variance of thedast error, is given by,

UtZ.Hq ¢ = 0ar Yeenl 1) = EQean — fonl I;)?

4.2.1 Forecasting with ARCH (p) model

In obtaining the optimal forecast of the stochagirocess, using equation (3) will
necessitate the use of the recursive process aradseeassume a quadratic loss function
that is the mean squared errors. With informatieh g to time t, the 1-step-ahead

variance forecast is given by:
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Utz+1| ¢ =0+ &l (20)

If h =2 given the information set up tp the innovations;,, iS unknown at time,
hence conditional expectation of the squared inmowais used in the forecasting

process. Thus the two step-ahead forecasts is:
crtz+2| =g+ E(edq] 1) = ap + alaf+1| . (21)
Reasoning along the same lines the three-steptdbezcast is given by:
J1:2+3| t =t a1 E(elyo] 1) = ag + 0‘1‘71:2+2| t (22)
By substituting the previous expressiond@rff+2| . from equation (22) we obtain

Jtz+3| r=ao(l+ay)+ a1203+1| . (23)

Hence for anyr > 1, using backward substitution we find the— step — ahead

forecast of the conditional variance is

0lg e = o1+ +af +af ++af ) +af "ol (24)

— _%o h—1 .2
= T T O ash — o (25)

Equation (28) follows by taking into account thensaf geometric progression with <

1, which is equal tol/(1 —a) = 1+ a; +a? + a3 + -+ In addition, the forecast
1

converges to a constant when the forecast horgzdarge, that is7,, , = —= for h -
—t1

o,
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4.2.2 Forecasting with GARCH (p,q) model
To obtain the optimal forecast of the GARCH(1,1)d®lo as in the ARCH processes we
assume a quadratic loss function that is a meaarsdterror loss. With an information

set up to time t, the 1-step-ahead variance forésgsven as
Utz+1| ¢ = Qo+ agel + 310112 t-1 (26)

When the forecast horizon is more than 1-step-abiestds h>1 the recursive procedure
is used. For instance, when h=2, with informatipnta time t, the 2-step-ahead forecast

is

Ofyg ¢ = Qo + @ E(efee| 1) + B10fiy) ¢ = o + (@1 + B1)0F,y ¢ (27)

and the 3-step-ahead forecast is:

Olsz ¢ = Qo + A E(ls] 1) + B10fy ¢ = o + (a1 + B0y (28)
= ag(1+ay + B1) + (@1 + B1) ¢y ¢ (29)

The general j-step ahead forecast f0f+j| . at the forecast origin t using recursive

substitution is given by
Utz+j| ¢ = ao t 051E(€f+j—1| It) + ﬁlatz+j—1| t (30)
=ap+ (a; + ﬁ1)01:2+j—1| t

=ay+ (a1 + ﬁl)[ao + (a; + 51)Utz+j—z| t]

[ag + (ay + Br)ao] + (@ + ,81)2[“0 + (a; + ,81)01:2+j—3| t]
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= oo + (@1 + B g + (@ + B)2ao] + (a1 + B1)3[ap + (g + ﬁ1)0152+j—4| ‘]

i~1 - i
= Q Z{=O (ay + ) + (ag + By)’ 101:2+1| t (3)
. . . 1 (1-ri
Using the sum of geometric progression formula whgf_; =% the last
equation becomes
1—(ay+B,)/ 1 i
i e = twapy T (@1t ) Loty e (32)

4.2.3 Forecasting with the EGARCH (p,q) model
To obtain the forecast of the EGARCH(1,1) whichréported in this study, at the

forecast origin t, the 1-step-ahead forecast?f is

log(o41) = ap + ay6-1 + V1(| ge—1| —E(] &4 )) + By log(af 1) (33)

4.3 Forecasting using the Data

For the in-sample period the data used are weeldliange rate of the five currencies.
The study also uses the sum of the daily returexohange rate to compute the proxy for
the latent weekly volatility (realized volatilityl-he realized volatility is used as one of
the variables to calculate for both the in-sampile the out-of-sample performance of the
volatility model. The study considers both in-saeaft and out-of-sample forecast
because in forecasting, it is not necessarily tee ¢hat the model that provides the best
in-sample fit becomes the model that produces #s but-of-sample volatility forecast

Sharmiri et al (2009). Hansen and Lunde (2001¢radhat, it is very important to use
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the out-of-sample forecast to guide the selectibthe model which possesses the best
predictive power. The evaluation of the out-of-séenforecast performance of the
various volatility models use a different datafsein the one that is used to fit the model
for the in-sample-forecast. Typically, the dataligded into two subsets. One subset is
for fitting the parameters of the model and theeotbubset is used to evaluate the
forecasting performance of the models. That ihé ¢tata consist of n number of data
points{p;, P2, P3, e vev vu ,Pn} then it can be divided into the sub$gf, p,, ps, ... ... ... , Pt}

ANA{PDt 1, P42, Da3s oe ver one ,Pn) Where t is the initial forecast origin. Accorditg Tsay
(2008), a reasonable choice:isz?n for the in-sample fit and the rest is for foreaagthe

out-of-sample. if h is the maximum forecast horizon of interest, them out-of-sample
forecasting evaluation process using the recursigkeeme following the work of

Wennstrom (2014) work as follows

1. If tis the initial forecast origin. Then we fit eachtlee models using the data
{1, D2, D3) e ven one ,p:}. After that we calculate the 1-step testep ahead

forecast from the forecast origirusing the fitted models.

2. The forecast errors can be estimated for eacheoflth-step ahead forecast
for the models. That is the difference betweenftinecast volatility and the

actual volatility.

3. As we advance the origin by 1, thatis 1 and start over from step 1. Repeat

this process until the forecast origimns equal to the last data point n

After all the forecast and their forecast erronstie models have been estimated then the

loss functions are used to evaluate the 1-stesiep ahead forecasts for each of the
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models. The forecasting scheme described abovelyclshows that the estimation
sample expands as the forecast origin is increashd. advantage of this type of
forecasting scheme is that at each step all forécdsmsed on all past information and the
forecasting scheme is most useful when the modstable over time but everything
breaks down when there is structural break in #ta.cdHowever, this study makes use of
fixed forecasting environment where each modeittisd to the data only once using the
estimation sample that contains information up he forecasting origin. Then the
forecast can be estimated. To compute the foréoatite next data point will necessitate
the use of the same parameters but when forecdstimgthe origin, the observation until
that week is available, that is at each observatioly the data is updated with new
information. This study sets the forecast horizni thence the forecast that is computed
at each data point is 1-week-ahead forecasts. i$his line with the objective of this
study which focuses on comparing the forecastingppmance of volatility models and

not comparing forecasting horizons.

In analyzing financial time series most researckardy the return time series rather than
raw price data. Campbell, Lo and MacKinlay (199mvide two main reasons for this.
First, the return of an asset is a complete, séae summary of that particular
investment opportunity. Secondly, the return seaies much easier to analyze than the
raw price series since returns are uncorrelategdg tiene-varying volatility and a large
(small) movements tends to be followed by largeal§nrmovements. Another interesting
future worth noting about returns is that, it ig normally distributed because it has fat
tails. There are several definitions of return® (#osolute return, squared return and log

of return). However, this paper uses the log of tbtirns to replace returns. The
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variables of interest are weekly log retumsdefined by the intraweek difference of the
natural logarithm of the weekly exchange rate,Log of the returns is used because it
possesses all the properties which are requiredsdocessful implementation of our
model (that is the log of the returns are statipnhave serial correlation and volatile as
well). Also volatility cluttering maybe more appatan the log of the return than using

just the absolute return. The weekly exchangeredtens are thus defined by

re = [log(x¢/x¢-;)] = [log(x) — log(xe—;)] (34)

and i = i*" series of the exchage rate

4.4 Model Selection

To select the models to be used for comparisonh eantatility model with the
appropriate order has to be determined. This apiateporder selection of volatility
models can be done by fitting each model to tha.dBbe general evaluation methods
that are commonly used to compare any model'sofiddta is an information criterion
test. The basic idea of information criteria temts that the maximum likelihood for each
of the model is subjected to a penalty for its clamipy, usually the numbers of
parameters. The calculation of the penalty diffeosn one information criterion test to
the other. This study employs one of the most we#d criteria, Akaike information

criterion (AIC) since it suitable for weekly finaattime series data as noted in literature.

The Akaike information criterion is given by

AIC = —210og L(©) + 2k (36)
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Wherelog L(0) is the maximized log-likelihood function for a madvith k number of

parameters.

To compare the in-sample fit of models using tHE Aformation criterion tests, the
smaller the value of the criterion, the better. Adal with a smaller AIC provides the

best in-sample fit taking into account the numlméngarameters needed.

4.5 Forecast Evaluation

When the conditional variance models have beery flecified with their respective

order and error distribution, the models have Wéted to the in-sample data and the 1
week-ahead forecasts for each of the week in theofesample period has been
computed, the out-of-sample evaluation is the fgtep which is performed in the study.
However, volatility is unobserved hence to achiéwe objective of examining the in-

sample forecast and out-of-sample performance ef vlirious models requires the
construction of realized volatility to serve asraxy for the actual volatility. In addition

to the realized volatility is the choice of statiat measure for the evaluation of the
volatility models and as pointed out by Bollersketval., (1994), the estimation of the

realized volatility and the choice of the statigtimeasure is a difficult task.
Realized volatility used in this study is given by

Vol = ¥, R? where theR, = continuously compounded daily returns as calcdlate
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n =number of trading days in the week atnd&counter representing each day. The
choice of this realized volatility measure is infeed by the closeness of the realized

volatility to the actual volatility and its simpitg.

After the volatility proxy has been estimated #tedy uses four loss functions to assess
the out-of-sample forecast performance of the nsdehe loss functions are defined

below as

n
— 2
MSE = n~! Z(Uﬁ.t —h2_,(D)
t=1

2

n -2
R%LOG = n‘lz log zap't
hi_, (1)

t=1
n

— 2
PSE =17 ) (07, — hL (D) At (1)

t=1
n
MAD =n"t Z|a§'t — hZ (D]
t=1

The Mean Square Error (MSE) is the average of thmred deviations of the forecast
from the volatility proxy. Mean squared error hbae tlisadvantage of heavily weighting
outliers. This is as a result of the squaring afhegerm, which effectively weights large
errors more heavily than small ones this meansahatge deviation is assigned a much
higher weight than a sum of small deviations e¥ahe sum of the small deviations is
equal to the one-time large deviation. In evaluygtinlatility forecasting performance, it

may seem quite illogical since in general one ladgeiation is not more troublesome
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than a sum of small deviations that sum up to the sf the large deviation since the
returns accumulate over time. Moreover, singleiexgtiwill have a significant impact on
the MSE criteria. Th&®2LOG also give higher weight to large deviations batythre not

as penalized as in the case of MSE. The Percesiqgared Errors (PSE) measures the
average of the squared percentage deviation. Thesare expressed as a percentage of
the forecasted volatility. The PSE corrects thellehge in measuring high variance in
absolute terms and hence estimates the relatioe &ra percentage to account for this.
The Mean Absolute Deviation (MAD) is interestingee it is very robust to outliers and
this criterion actually gives equal weighting téasge deviation of size as to a sum of

several deviations accumulatingeto
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CHAPTER FIVE

5.1 Data and Results

We now proceed to tests the predictive power oftldy models using six major
currencies in the world, US dollar, Canadian dolBwitish pounds, the Japanese Yen,
Swiss franc and the Euro. US dollar is used as#fse currency against which all the
other currencies are compared. The complete sgatafused in this study is the weekly
exchange rate data for the six currencies of whiata for all of the currencies ranges

from 2007wl to 2015w52. The data used for the sisdpurced from ecomagic.com.

The data are divided into 7 years 47 weeks in-sarpptiod and 5 weeks out-of-sample
period. The total number of observations used her gtudy therefore comes to 2340

exchange rate series.

Figure 1A plots the exchange rate series for th&ee period. From the plots of the
exchange rate series, it is evident is that thel$egf exchange rate do not appear to be
stationary and there are a clutter of activity aghafl the exchange rate series plotted.

This indicates that, a high volatility is followéy another high volatility.
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Figure 1A: Graph of various exchangerate series
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As already discussed in chapter four, the mainatéeiof interest in the study is not the
price process but the weekly log return definecduation (34). Figure 1B shows the
daily return for the in-sample period. The dailyture series appears to follow a
stationary process with a mean close to zero. Auditly, one can observe that the
assumption of constant variance is not valid forsalies but with volatility exhibiting
relatively calm periods followed by more turbulgmriods. This is one of the key
characteristics mentioned in the introduction afediseturn volatility and is referred to as
volatility clustering. Also the impact of the reg¢efnancial crisis though represents
relatively a short period in the entire sample; boer, it appears to have strong effect on
the exchange rate variability in those countriel. ddagrams of figure 1B except the
Swiss Franc show an increase in the amplitudeso¥atiability between the periods of

2008-2009.
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Figure 6

Weekly return of BPS
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Figure 10
Weekly return of Yen
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Figure 7
Weekly return of CAN
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Figure 9
Weekly return of Euro
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Figure 1B: Weekly return of the various exchangerate series.
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5.1.1 Sample Autocor relation function for Canadian dollar

The ARCH/GARCH model can successfully be implemenrtben the data exhibit some
minor serial correlation. To check for serial ctat®en in the data we use Sample
Autocorrelation function and the graph are presgri¢e analysis. The plot in figure 2
shows the Sample Autocorrelation Function for théydreturns of lags 0 to 20 for the
Canadian dollar. The Sample Autocorrelation functi® a very useful tool and can be
used for checking for serial correlation in theuratdata. Based on ocular inspection of
the Sample Autocorrelation Function plot, it is mwompletely clear whether the data is
serially correlated even though it has minor sigaiit serial correlation at lag 6 and 8.

Similar conclusions are reached on all the otheharge rate series which are presented

in appendix B.
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Figure 2: Sample Autocorrelation function for Canadian dollar
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5.1.2 QQ plot of sample data versusdistribution

After determining that the data exhibit some migerial correlation, the next step is to
choose the appropriate error distribution for thengle forecast. Hence to choose the
appropriate error distribution we use the g-g piotigure 3. In Figure 3, g-q plot, plots

the empirical distribution of the weekly returnsayis) against the best fitted normal

distribution (x-axis).
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Figure 3: Quantile plot of Canadian dollar

From figure 3 it is clearly seen that the besefithormal distribution does not provide a
good fit as a reference distribution. This is ldygdue to the fact that the empirical
distribution of the weekly returns exhibit signdiatly heavier tails than the reference

distribution. This requires the consideration obtheer distribution (t-distribution) which
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has the capacity to provide a good fit for datehwét tails. This behavior of the return
also reaffirms the summary statistics in table Z2rghthe weekly return of Canadian
dollars has kurtosis of (9.004) which far exceelds threshold of 3 for the normal

distribution. Similar conclusion is reached for titeer exchange rate series.

Table 1: Descriptive statistics of exchangeratereturns

Variable Mean Median Max rMi SD Skewness Kurtosis

Franc -0.00048 -0.00035 2.6262 08% 0.1719 0.1766 229.545

Yen 0.000027 0.00250 0.05910 903> 0.0148 -0.5844 6.5832

CAN 0.0004 -0.000187 0.0956 4690 0.0146  0.9935 9.0087

BPS 0.00054 -0.00030 0.1019 .0588 0.0140 1.1794 11.3154

Euro  0.00037 -0.00045 3.1783 3.1693 0.2080 0.06011 232.3214

Table 1 reports standard summary statistics farrmstof the five exchange rate series.
The return distribution is positively for all thercencies except the Japanese Yen. The
mean return for Japanese Yen is close to zerotaadi0027% per week while the mean
return for Swiss Franc, Euro, Canadian dollar anitisB Pound rate stand at -0.00048,
0.00037, 0.0004 and 0.00054. This shows that witiengiven periods, the British pound
has the highest return than the other currencies Kuntosis is large for both EutéS
(232.3214) and the Swiss Franc (229.5454) butyftarge for Canadian dollar/US dollar
rate (9.009), Yen/US dollar rate (6.583) and Pols8sdollar rate (11.3154). The

weekly standard deviation (SD) shows that the Hetarn is the most volatile with a
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value of (0.2080), followed by the Swiss Franc 7@9) whiles the rest of the series
exhibit less volatility around 1.5% in the giverripéd. All the currencies show evidence
of fat tails since their kurtosis exceed 3 whilgaitve skewness for the Yen indicates
that left tails are particularly extreme. This meagnificant exchange rate movements
in either direction (positive or negative) occuttle forex market with greater frequency

than will be predicted under, for example, a nordistribution setting.

5.1.3Jarque-Bera Test

To test for normality of the skewness and kurto¥asgue-Bera test is used and the results
of the Jarque-Bera test is presented in table &.JEnque-Bera test is a goodness-of-fit
test which determines if the kurtosis and skewrtgsthe sample data are similar to a

normal distribution and it is given by:
—"(c2 1 2y)2
]B—6(S +2(K 3))and

P D B0 0 _ _aliD*
2 (gre-02)t T (G, o-n2)

n

wheren is the sample size andis an exchange rate serie. S is the sample skewnes
(sample skewness is the measure of the asymmetityeoprobability distribution of a
real-valued random variable about its mean) and e sample kurtosis. If the sample
data follows the normal distribution, then the JBw@d, asymptotically, have a chi-
squared distribution with two degrees of freedotme full hypothesis is that the sample

data have a skewness of zero and an excess kustdswhich is the characteristics of a
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normally distributed data. The Jarque-Bera testHerdescriptive statistics is determined

with Stata in built function sktest.

Table 2: Jacque-Beratest for Canadian dollar

Variable Observation | pr(Skewness) | pr(Kurtosis) | adjchi2(2) | prob>chi2
Return of 463 0.000 0.000 | . 0.000
CAN

The Jarque-Bara test uses the p-value for the sa®kéwness and p-value for the
sample Kurtosis to test for the normality of theadset in what is commonly called the
portmanteau test. From the table 2 the main fosusni the p-value of the chi square
which is 0.000. Since the p-value for the chi squarless than 0.05, it indicates that
there is enough evidence to reject the normalityhefreturn series.Similar analysis has
been conducted on all the other return series adame conclusion has been reached
however the detail of the analysis has been predentthe appendix in order to facilitate

the smooth reading of the paper.

Prior to modeling the exchange rate return seAegmented Dickey—Fuller (ADF) test
is employed to determine the stationarity of thteire of exchange rate series based on

the following regression.
Ary = @ + Bt + ar_y + X dibre_; + u, (37)

wherey, is a white noise error termdr,_; =1, — 1p_q, dry_q = 1,_; — 1:_;_1. EQuation
(37) tests the null hypothesis of a unit root agaastationary alternative and the results

are presented in table 3.
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Table 3: ADF test of exchangeratereturns

Variable Coefficient Sktror t-Statistic DK Prob.
Euro -0.019877 01105 -4.36568 0.0000
Franc -1.035831 17280 -5.994199 0.0000
Pounds -1.176629 66180 -4.470649 .00O
Dollar -0.970818 2807912 -3.915979 0.0001
Yen -0.744175 219412 -3.391672 0.0008

-2.573460***, -1.94199** -1.615923* are 1%, 5% arid% ADF critical values
respectively

Tables 3 shows the results of Augmeniidkey—Fuller (ADF) unit root tests for the
exchange rate return series. Since the valuesedfshatistics are more negative than the
ADF critical values at 1%, 5% and 10% levels, wecaethe null hypothesis of unit roots
(random walk) in the exchange rate returns sefies.ADF probability confirms that the
test statistics are statistically significant. Tmeans that the exchange rate return series

are stationary and therefore rejects the notidirstfdifferencing of the return series.

5.1.4 Model Selection for Forecasting
Forecasting exchange rate volatility requires tledecdion of the model with the
appropriate lag length for each of the exchange saties being investigated. As already

discussed in chapter three, a more general wagléztsthe model with the optimal lag
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length for financial time series data is to useinfation criterion. This study however
employs AIC to select the models with the apprdpriag length for forecasting. For
each exchange rate series, the AIC is used tots@lecmnodel from each of the family of
volatility models (ARCH, GARCH, EGARCH) being invagated. As already discussed
in chapter 3, the underlining assumption that edu®r the analysis in this chapter is the
student-t distribution. The models selected basedhe AIC criterion is presented in

table 4.

In table 4 below, the models with the appropriagglength which is used for forecasting
has been presented. Each row presents a partexdhange rate series with the selected

models and their corresponding minimum value of AIC

Table4: Optimal Lag Length for the Estimated Volatility M odels

Exchange Optimal Lag Length
Rate
Returns
ARCH(8) | ARCH(9) | GARCH(L,1) | EGARCH(1,1)| EARCH(2,1] GARCH(22)
Dollar -2736.7 | -2736.¢ -2732.¢
Franc -2568.% | -2573.t -2577.:
Pound -2778.¢ -2792.° -27941
Euro -2675.% -2673.% -2676.¢
Yen -2630.¢ -2632.. -2620.5

From table 4, it is evident that the volatility netsl with the appropriate lag length for
forecasting the Canadian dollar and the Swiss fi@mc ARCH(9), GARCH(1,1) and
EGARCH(1,1). A very coherent results from the tabléhat, among the GARCH family
models the GARCH(1,1) is ranked as the model viéhdptimal lag length for modeling
all the exchange rate series. Contrary to our d@afien, the ARCH(8) is selected as the
model with optimal lag length for forecasting BASyro and Yen over the ARCH(9)

which is a higher order is. The EGARCH(1,1) is stdd by the AIC among the
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EGARCH family models as having the appropriatel&agyth for modeling CAN, Franc
and Euro whiles EGARCH(2,1) and EGARCH(2,2) arecteld for forecasting BPS and
Yen respectively. Having selected the models whlk tppropriate lag length for
forecasting does not give information on the fostiog performance of the models hence
the next section examines the in-sample forecagtamfprmance of the selected models.
The selection of the GARCH(1,1) as the appropnmatelel among the GARCH family
models for all the exchange rate series conformthéoclaim by Javed and Mantalos
(2013), that out of the numerous studies that havestigated into model selection for
forecasting volatility, the “performance of the GER (1,1) model is satisfactory”. Javed
and Mantalos (2013) further assert that the fagt of the GARCH(1,1) is sufficient to

capture the movements of the volatility.

5.2 Evaluation of in-samplefit of the models.

This section assesses the performance of the sélewdels in section 5.1 to determine
the best model for the in-sample forecast of threoua exchange rate series. We use both
graphs and loss functions to assess the perforn@rbe volatility models. Figures 3-7
below graphically display the internal forecaststiod volatility of CAN, Swiss franc,
BPS, Euro and Yen. The figures plot the realizethtidy and the models used for
forecasting that particular exchange rate semdso yellow, red and green lines are used
for plotting volatility models for ARCH, GARCH arldGARCH family respectively. For
each figure the vertical axis measures the conmitivariance whilst the horizontal axis

measures the duration of the time for the inteforacast.
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Figure 3: In-sampleforecast of Canadian dollar

From figure 3, all the volatility models are abdettace the realized volatility effectively.
However during the spike period the ARCH(9) perfehghtly better than the other
models. This is quite an interesting result whiebuhks the fact that the complex
models always perform better in more turbulentqusilike the 2008/2009 season than

the parsimonious models.
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Figure 4: In-sample forecast of Swiss Franc

From Figure 4 it is observed that the Swiss Fraasclieen stable over the years until the
overvaluation in 2011 where the Swiss Franc isls2tto 1 Euro. This is seen in the
graph as the depreciation of the Swiss franc in1@@b. Prior to this period all the
volatility models are able to trace the realizediatility well however during the spike
period it is seen that the GARCH(1,1) model perfaretter than the both the ARCH and
the EGARCH model. Also in December 2015 the SwissiBannounced it negative
interest rate on financial assets and that led boge depreciation of the Swiss Franc.
Here also the GARCH(1,1) traces better than alldtieer models. It can therefore be
concluded that the GARCH(1,1) performs better dyturbulent times which is also in

line with available literature.
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Figure5: In-sampleforecast of the Pounds

A critical observation of figure 5 indicates thaetGARCH(1,1) performs better than the
other volatility models. While the ARCH(8) modell§ato capture most volatile period as
and when they occur, the GARCH(1,1) is able to waptthe volatile periods
immediately. This also proves the superiority &f GARCH over the ARCH in terms of
internal forecast. Though the EGARCH models trabesvolatility during the financial
crisis in 2008/2009 well, it is still outperformég the GARCH(1,1). It can be concluded
that we cannot necessarily rule out the performarficbe more complex models like the

EGARCH to effectively model volatility in turbuletime.
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Figure 6: In-sample for ecast of the Euro.

From figure 6 it is evident that the ARCH is notealp traces most of the spike periods
especially from 2011-2015 but the GARCH does areksat work by effectively tracing
the volatility during those times. This also confg the out-performance of the GARCH
over the ARCH in the in-sample forecast. From thmaph it is difficult to tell the
difference between the performance of the GARCH #med EGARCH models. This
explains the need for using the loss functionsufipsrt the ranking of the model with the
best predictive power in the out-of-sample. In tiefato the Euro, it can be concluded

the complex models performs better in the in-sarfgaiecast than the simple models.
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Figure 7: In-sampleforecast of Yen

Looking at the internal forecast from figure 7isitdifficult to tell which volatility model
is able to trace volatility of Yen better. Howewarne could slightly be moved to rank
ARCHY(8) as the best model for forecasting in-sany@eause it performs relatively well

in the crisis time.(2008/2009).
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In assessing the performance of the volatility n®dse use the loss function to
complement the ranking of the models by the grahle 5 presents the summary of
MSE, R2LOG, MAD and the PSE for the compared viiatmodels. For all the loss

functions presented in table 5, the smallest vislyeeferred.

Table5: MSE, R2L OG, MAD, and PSE values of | n-Sample For ecasts

Models MSE \ R2LOG | MAD | PSE
Canadian dollar
ARCH(9) 9.63E-08 1.053723 0.0001416 1.698711
GARCH(1,1) | 7.87E-08 0.9943268 0.0001310 0.8635479
EGARCH(1,1) | 8.07E-08 1.009881 0.0001312 0.8915312
Swiss Franc
ARCH(9) 1.30E-06 1.254530 0.0002690 36.24738
GARCH(1,1) | 1.30E-07 1.254532 0.0002693 37.24738
EGARCH(1,1)| 1.16E-06 1.078927 0.000238 219386
BPS
ARCH(8) 6.97E-08 0.6725403 0.0001164 0.6053682
GARCH(1,1) | 5.70E-08 0.6448407 0.0001080 0.5599768
EGARCH(2,1) | 5.73E-08 0.6630972 0.0001083 0.5837312
EURO
ARCH(8) 4.37E-08 0.8830094 0.0001314 0.9074312
GARCH(1,1) | 3.88E-08 0.7951659 0.000119 0.6377019
EGARCH(1,1) | 4.10E-08 0.793628 0.000119 0.646408
Japanese YEN
ARCH(8) 1.11E-08 1.127133 0.0001706 2.617992
GARCH(1,1) | 9.83E-08 1.061603 0.0001587 1.195548
EGARCH(2,2) | 9.30E-08 1.164466 0.0001629 1.817026

With reference to the return on Canadian dollargable 5, a very coherent finding is
reached. All the loss functions unequivocally rah&k GARCH(1,1) model as the best
models for the in-sample forecast of the returnCainadian dollar whilst ARCH(9)
suggested by all the loss functions as the worstemio terms of the in-sample forecast.
A possible explanation for such finding is thathack to the forex market in Canada last
for a very long time hence the failure of the ARGH{o perform better than the

GARCH(1,1) since the ARCH is nested in the GARCHiglolt is also evident that the
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GARCH(1,1) marginally performs better than the EGFR1,1). This results supports
the findings of Zivot (2009) and Hansen and Lun2i@05) who assess the performance
of volatility models and reached a conclusion that GARCH(1,1) model perform better

than all the other volatility models in terms ofsample forecast.

In relation to the performance of the volatility deds in table 5, all the loss functions
suggested the EGARCH(1,1) as the best model fontsample forecast of the return of
the Swiss franc. Similar to the findings for then@dian dollar, the ARCH(9) is
outperformed by all the volatility models under smeration. An interesting conclusion
from table 5 is that the more complex models ale &b perform better than the more

parsimonious model in the in-sample forecast.

Similar to the findings on the return on Canadiailad from table 5, all the loss
functions rank the GARCH(1,1) as the best model ifesample forecast of BPS.
ARCH(8) model is ranked the worst in terms of thesample fit for BPS. Additionally
there is no evidence of the EGARCH model performiegter than the GARCH(1,1)

model.

With respect to the internal forecast of the Edihe, GARCH(1,1) model emerges as the
most preferred in terms of the MSE, R2LOG and MATDhe only loss function
suggesting another model is the R2LOG. Apart fréwat tthe conclusion is that the
GARCH(1,1) outperforms all the other volatility medd in the in-sample whilst all the

loss functions suggest the ARCH(8) as the worgtiims of the in-sample fit.

Lastly, in assessing the in-sample performancéhefvblatility models for Yen, all the

loss function except MSE suggest the GARCH(1,1)tles most preferred model.
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However, no coherent conclusion is reached on tbestwmodel for the in-sample
forecast. Another interesting finding worth notisghe fact that, one model is suggested

as the best whiles the same model is ranked thst\wgra different loss function.

5.3 Summary of the In-Sample performance of the Volatility Models

From the analysis of the in-sample forecast of tiwlels, it is seen that the GARCH
(1,1) model outperform all the other (ARCH and EGZR models. The ranking of the
GARCH(1,1) over the ARCH models is expected beediis ARCH model is nested in
the GARCH model. So if the GARCH(1,1) model doesprovide a better in-sample fit
then there is no point in setting the extra paramet the GARCH term in the GARCH

model to anything other than zero which will theasduce the GARCH model to the
simple ARCH model. Another interesting detail inbla 5 is that the higher order
GARCH does not necessarily provide a better in-$arfipthan the GARCH(1,1) which

is in line with the finding of Zivot (2009) whortis that the GARCH(1,1) model is just
enough to model financial time series data. Thisctision is also in line with the

findings of Hansen and Lunde (2005) who examineptidormance of ARCH models
and conclude that the GARCH (1,1) model outperforals the complex and

parsimonious models.

As emphasized throughout this paper, it is vitah$sess the out-of-sample forecasting
performance of the volatility models in addition tiee in-sample performance. The
reasoning for this comes from the objective of #malysis which is also to forecast
volatility and not only to model its behavior inettpast. From the assessment of the

performance of the volatility models in the in-saenforecast, we conclude that the
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GARCH(1,1) outperforms all the other models here riatural question is that, is the
GARCH(1,1) going to perform better than the othedels in terms of the Out-of-sample

forecast ? This question is totally discussed énrtéxt section.

5.4 Evaluation of Out-of-sample for ecast

This section discusses one of the objectives oftlibsis which is to compare different
volatility models in terms of their out-of-samplerécasting performance. The variable
under study here is the different models for thediional variance for each exchange
rate series. Each of the volatility models is pnése and explained in chapter 3. The
main theme is whether the more complex models whrehable to exhibit more of the
stylized facts and characteristics of asset pratatiity provide a better out-of-sample-fit
than the more parsimonious models. Also based ewiqurs discussion in terms of in-
sample fit, the GARCH(1,1) outperformed all theasthiolatility models, so the obvious
qguestion is that, will the same conclusion be drawnterms of the out-of-sample
forecast? This question is answered using losstiime and graphs to assess the
performance of the various volatility models. Theking of the volatility models by the

loss functions is presented in table 6.

Table 6 presents the summary of MSE, R2LOG, MAD #rel PSE for the compared
volatility models in terms of their out-of-samplerformance. For all the loss functions

presented in table 6, the smallest value is prederr

Table 6: M SPE,R2L OG, MAD and PSE values of Out-of-Sample For ecasts

Models MSE | R2LOG | MAD | PSE
Canadian dollar
ARCH(9) 9.04E-09 .9920989 .0000853 .3055288
GARCH(1,1) 1.09E-08 1.022823 .0000929 3241589

61



EGARCH(1,1) 1.11E-08 1.033794 | 0.0000932 .3230322
Swiss Franc
ARCH(9) 9.13E-08 0.5562008 0.001749 1.59861
GARCH(1,1) 9.31E-08 0.5874234 0.0001877 1.630322
EGARCH(1,1) 9.11E-08 0.6088972 0.0001897 1.445158
BPS
ARCH(8) 7.93E-09 0.335138 0.0000841 0.3811536
GARCH(1,1) 5.96E-09 0.288671 0.00007355 0.2650327
EGARCH(2,1) 7.04E-09 .3286808 0.0000804 0.2403774
EURO
ARCH(8) 1.76E-07 0.8830094 0.0001314 0.907431P
GARCH(1,1) 1.45E-07 0.9701986 0.000262 2.58507
EGARCH(1,1) 1.42E-07 1.006068 0.000266 2.20899
YEN
ARCH(8) 9.20E-09 0.9236588 0.0000851 0.284988l
GARCH(1,1) 8.82E-09 0.9214961 0.0000826 0.3114989
EGARCH(2,2) 1.15E-08 1.063917 0.0000949 0.2645036

Table 6 presents the most coherent ranking acdtessdifferent loss functions in

assessing the out-of-sample performance of thewsnrolatility models for the return on
Canadian dollar. All the loss functions suggestARECH(9) as the most preferred model
whiles the complex parametric Exponential GARCHdasked the worst. This finding
differs from the conclusion in Table 4, where &k tloss functions unequivocally rank
the GARCH(1,1) as the most preferred model foritiheample forecasting of the return
of Canadian dollar. A lot of valuable lessons canldarnt from this finding. First, it is
not necessarily the model with the best in-samiplihét provides the best out-of-sample
forecast of exchange rate volatility. An interegtifinding contrary to our a priori
expectation is that the simple models can provibetter out of sample forecast than the
more complex models. This result supports the rekeaork by (Dimson and Marsh,
1990) which concludes that those who are interestedorecasts with reasonable

predictive accuracy, the best forecasting mode&sres simple models.
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In relation to the Return on Swiss Franc, Tabledsents a consistent ranking across the
different loss functions. All the four loss funat® unequivocally rank EGARCH(1,1) as
the most preferred model. Similarly all the fousgdunctions suggest the GARCH(1,1)
model as the worst among the volatility models getompared. Though the ARCH
model is preferred to the GARCH model, the EGARGHpieferred to the ARCH as
well. This suggests that the more complex modelprdwide a better out-of-sample fit

than the more parsimonious models.

With respect to the return on British Pound Stegliall the three loss functions (MSE,
R2LOG and MAD) rank GARCH(1,1) model as the mosefg@mred. A different
conclusion is reached by PSE which rank EGARCH(@slthe preferred model. So apart
from the ranking of the PSE, the GARCH(1,1) is thest model for out-of-sample
forecast of the British Pound Sterling. However také four different loss functions
unequivocally rank the ARCH(8) as the worst in temfi its out-of-sample forecast. This
result also suggests that at times the model \Withbest in-sample fit is able to forecast

better than the other models.

Similar to the findings on the return on Britishuhd Sterling, three loss functions
(R2LOG, MAD and PSE) suggest ARCH(8) as the bestiehamong the volatility

models compared in out-of-sample forecast for theoEHowever this same volatility
model is ranked as the worst model by MSE. Thislifig illuminates the need for
selecting adequate loss function for the intendathbgse of the forecast. It can be
concluded that the ARCH(8) is suggested as theatiieest model for forecasting the
out-of-sample volatility of the Euro. With respect the worst model for the out-of-

sample forecast, the results from table 5 is inkiee as different loss functions suggest
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different models as the worst for the out-of-sanfptecastlt is quite a contrast that one
loss function suggests that a particular modelhes worst and another loss function
suggests that same model to be the best. Thisiiates the importance of choosing an
adequate loss function for the intended purpogéeforecast. The conclusion is that it
is not the model with the best in-sample fit thedyides the best out-of-sample fit. Also
the simple models are able to forecast better th@complex models in terms of the out-

of-sample.

Similar to the findings on the return on Euro, thtess functions (MSE, R2LOG, and
MAD) rule that the GARCH(1,1) is the best of allktkolatility models compared in
terms of their out-of-sample forecast for the YHowever this same volatility model is
ranked as the worst model by PSE. This finding aésdfirms the assertion of the need
for selecting adequate loss function for the ineghg@urpose of the forecast. It can be
concluded that the GARCH(1,1) is suggested as\heath best model for forecasting the
out-of-sample volatility of the YEN. It also evidethat the GARCH(1,1) marginally
performed better than the ARCH(8) which also intisghe strength of the of the simple
models in forecasting out-of-sample volatility. Agavith respect to the worst model for
the out-of-sample forecast, all the four differlogs functions suggest EGARCH(2,2) as
the worst.Similar to previous findings there is a discrepancythe ranking of the
volatility models one loss function suggests thatagticular model is the worst whiles
another loss function suggest that same model tthédest. This also alludes to the
importance of choosing an adequate loss functiontlie intended purpose of the
forecast. The conclusion is that, the model with best in-sample fit also provides the

best out-of-sample fit. Furthermore the simple ni®dee able to forecast better than the
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complex models in terms of the out-of-sample. Hgviassess the out-of-sample
performance of the volatility models with the Idasction we now proceed to examine
graphically how the volatility models trace thetpat of the various exchange rate series.
Figures 8-12 presents the graph of the performahtie volatility models in the out-of-

sample

Figure 8 displays the forecast of the CAN by ARCH(9%GARCH(1,1) and
EGARCH(1,1). Realized volatility is in blue line v the red yellow and green lines

represents GARCH(1,1), ARCH(9) and EGARCH(1,1) eesipely.
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Figure 8: Out-of-sample forecast of Canadian dollar
A close examination of figure 8 indicates that &RCH(9) forecasts the out-of-sample
volatility of CAN better than all the other modelBhis result confirms the findings in

table 5. Even though the GARCH(1,1) and EGARCH(&r&) more closer to the realized
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volatility however they fail to trace the actuaktean of volatility of the Canadian dollar.
The reason for the relative success of the ARCH{(®) the other complex models could
emanate from the nature of monetary policy of th@lBof Canada. The bank of Canada
implements monetary policy by influencing the sherm interest-rates. It does this by
raising and lowering the target for the overnigiter(also known as the key policy rate).
The overnight rate is basically the interest ratewhich major financial institutions
borrow and lend one-day (or overnight) funds amadngmselves. This affects the
volatility of exchange rate in Canada through andmaission mechanism. That is
following the announcement of the Bank's policyi@ctto increase its target for the
overnight rate, the actual overnight interest eaipists almost instantly. As the overnight
interest rate rises, two responses are observed, tie rise in the overnight rate results
in an increase in longer-term interest rates inadan This increase occurs because there
is an entire spectrum of financial assets, ranffiogn overnight loans to 30-year bonds,
and their rates move together. Secondly, as Camaadlierest rates rise, financial capital
from around the world flows into Canada in purafitigher yields. This capital inflow
leads to an appreciation of the Canadian dollarvacel versa. The monetary policy by
the bank of Canada has proved successful in maingaia very stable currency even
during the crisis in 2007-2008. As a result the &Ban currency do not exhibit much of
volatility which therefore enables simpler modeke Ithe ARCH(9) to forecast it better

than the more complex models.
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Figure 9 shows the out of sample forecast of thes$Stvanc for ARCH(9), GARCH(1,1)
and EGARCH(1,1). Realized volatility is in bluedinvhile the red yellow and green lines

represents GARCH(1,1), ARCH(9) and EGARCH(1,1) eesipely. .
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Figure 9: Out-of-sample forecast of Swiss Franc

Looking at figure 9, it is quite difficult to detmine the models with the best out-of-
sample forecast. However assessing the first stegedst illuminates the model that has
the best out-of-sample forecast. Whiles the ARCH@dicts opposite to the realized
volatility in 2015w7, the EGARCH(1,1) model is alite trace the realised volatility of
the Swiss. The is shown by the downward slopingigorof the EGARCH(1,1) model
from the figure 9. Though the GARCH(1,1) exhibhe tsame trend a the EGARCH(1,1),

but the gap between the EGARCH(1,1) and the rehNpdatility is smaller than that of
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GARCH(1,1). This shows that the forecast from tl@ARCH(1,1) is closer to the true

volatility than the GARCH(1,1)

Figure 10 shows the out of sample forecast of tR& Bor ARCH(9), GARCH(1,1) and
EGARCH(1,1). Realized volatility is in blue line v the red yellow and green lines

represents GARCH(1,1), ARCH(9) and EGARCH(1,1) eesipely.
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Figure 10: Out-of-sample forecast of BPS

From figure 10, there seems to be contradictiorwbat the loss functions suggest and
the observation from the graph. Whiles the losstion suggest GARCH(1,1) as the best
model, the graph appears to support ARCH(8) aése. Though the GARCH(1,1) is

able to model effectively the first step out-of-gaenforecast, the rest of the forecast is

almost a straight line. However the ARCH(8) is atdetrace effectively the realized
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volatility in both the first and the last two foest in the out-of-sample. This results
confirms the strength of the basic models in theaftsample forecast of financial time

series data.

Figure 11 shows the out of sample forecast of tA&l @r ARCH(9), GARCH(1,1) and
EGARCH(1,1). Realized volatility is in blue line v the red yellow and green lines

represents GARCH(1,1), ARCH(9) and EGARCH(1,1) eesipely.
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Figure 11: Out-of-sampleforecast of SwissFranc

From figure 11, none of the models seems to hawdést predictive power the volatility
of the euro since both the GARCH and the EGARCHdpce almost a straight line
whiles the ARCH model is able to trace only thetfistep and deviates as the forecast

sample increases. The vertical distance betweeAR®H(8) and the realized volatility
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is very small indicating the closeness of the fast¢o the true volatility. The behaviour
of the ARCH(8) in the out-of-sample forecast is sistent with theory which says that,
as the out of sample increase then the forecastttudeviate from the true volatility

since the margin of error increases. Based onitkeférecast, it can be concluded that

the simple ARCH(8) model performs better than thimplex models.

Figure 12 shows the out of sample forecast of tha By ARCH(9), GARCH(1,1) and
EGARCH(1,1). Realized volatility is in blue line v the red yellow and green lines

represents GARCH(1,1), ARCH(9) and EGARCH(1,1) eesipely.
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Figure 12: Out-of-sampleforecast of Yen
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A critical examination of figure 12 indicates thdte ARCH(8) provides a better out-of-
sample forecast than the rest of the models since able to trace the pattern of the
exchange rate volatility better than GARCH(1,1) &@ARCH(2,2). With reference to

the realized volatility graph in appendix B, itdearly seen that the Yen exhibit periods
of high and low volatility hence the a priori expeoon is that the EGARCH(1,1) should
outperform all the other volatility models howeveontrary to our expectation the
ARCHY(8) is able to trace the out-of-sample volgtilbetter than the complex models.
This also confirms that the simple models shouldjilben be given the due consideration

when forecasting volatility.
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CHAPTER SIX

6.1 SUMMARY CONCLUSION AND RECOMMENDATIONS

This section presents the summary conclusion acolmendation of the thesis. The
study focuses on three main themes, first the tsricture of the modeling framework
is investigated together with the error distribotiand the conditional variance to
ascertain the best error distribution for forecastboth in the in-sample and out-of-
sample. The study also examines whether the morples models which are able to
exhibit more of the stylized facts and charactessof asset price volatility provide a
better in-sample fit and/or out-of-sample-fit théae more parsimonious models. Finally,
the study finds out whether the model with the bestample fit also produces the best

out-of-sample volatility forecast.

The study adopted AIC to determine the best engirildution for the various exchange
rate series and concludes that assuming a studdistribution provides a better in-
sample and out-of-sample fit than the normal distion. The result is unambiguous and
expected considering the g-g plots in additionhi® darque-bera test in chapter 5 which
find that the empirical distribution of the retusaries of the various exchange rate series

display significantly heavier tails than the norrdatribution.

In terms of the performance of the volatility nebeh the in-sample, the results are not
very conclusive as to which volatility model has thorst in-sample fit even though the
GARCH(1,1) is ranked to have the best in-sampledast for most of exchange rate
series under study. The main conclusion here isys; the more complex models do

provide a better in-sample fit than the more paosiimus models. This finding is also
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reemphasized by the EGARCH(1,1) clearly outperfagnARCH type model and the
GARCH type models for most of the currencies foumthe Euro zone area. In line with
our expectation is the superior performance ofGHWRCH(1,1) model over the ARCH
type models in the in-sample forecast. Since th&€KWRnodel is nested in the GARCH
model. Hence one could easily reason that if thd(RGKH(1,1) model did not provide a
better in-sample fit there would be no point intisgt the extra parameter to anything
other than zero which would then reduce the GARGH@hto the simple ARCH model.
So the conclusion that can be drawn from hereaspglobably the shock to the financial
market does persist forever hence reducing the poivine ARCH(9) to perform better
than the GARCH models. Another interesting resuilihat the higher order GARCH do
not necessarily provide a better in-sample fit tttenGARCH (1,1) which is in line with

previous studies.

However, when analyzing the out-of-sample perforceanf the conditional variance
models the result has been strikingly different.idghthe GARCH(1,1) outperformed all
the volatility models in the in-sample, the outsaimple volatility models produced an
inconclusive results as no particular model eithgpersedes all the other models the
other models in the out-of-sample forecast of thehange rate volatility across the data
set. A more coherent results are found in favouhefGARCH(1,1) and the ARCH(9)
which are ranked the best out-of-sample forecasiatsoby all the loss functions for
consistently forecasting the volatility of Canaddollar and Swiss franc. In relation to
other exchange rate series the results are nolusive as to which specific volatility
model performs better than the rest of the modelgsa the data set. This is because a

particular volatility model is ranked differentlyythe different loss functions. This
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finding emphasizes the importance of choosing therapriate loss function for the
forecast. Another interesting conclusion from thedg is that whiles the GARCH(1,1)
generally performed better than all the other vittlatmodels in the in-sample, the out-
of-sample performance of the models produced adnigsults. This means that it is not
necessarily the model with the best in-sampleht tprovides the best out-of-sample

forecast.

The discrepancy in the performance of the votgtitnodels in both in-sample and out-
of-sample forecast can result from the fact thatdignamics of the volatility may have
changed during the long time horizon of the dath the volatility of exchange rate may
have shifted over time The dynamics of volatilgynion-stationary and is expected to be
more rampant especially over a long time horizamfr2007 until 2014, (over 8 years).
In addition, during that time period the world vagsed one of the greatest financial
crises of all time which quite likely might haveastged the dynamics of the market.
Another reason for the divergence between the nmpga and the out-of-sample
performance may be due to the nature of the mateigf That is a model that is
backtested to perfection and has a good in-sangfermpnance can become sluggish and
unresponsive to changes in the volatility and soddkrocks while a model which
performs poorly in the in-sample fit might be mdtexible and hence be able to
accommodate changes in volatility dynamics and lshothere might also be a trade-off
between fitting the model to the in-sample data #redmodels alertness to new inputs.
An important finding is not only limited to the tBfent ranking of the models when
using different loss functions, but also how dradoadlty it can differ. It is quite a contrast

that one loss function suggests that a particuladehis the worst and another loss
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function ranks that same model to be the best. filgislights the importance of choosing

an adequate loss function for the intended purpbfiee forecast.

Another coherent finding is that all the loss fumet unanimously rank the
EGARCH(1,1), GARCH(1,1) and the ARCH(8) models laes worst in terms of the out-
of-sample forecast for Canadian dollar, Swiss Frand BPS respectively. A vital
conclusion in the evaluation of the out-of-samptef@rmance of the volatility model is
that, the simple models are able to perform bektan the more complex models in the
out-of-sample. This is evidenced by the higher grentince of the ARCH models over
the EGARCH models in most of the exchange rateesefihis leads to the conclusion
that; in forecasting out-of-sample volatility thenghasis should not only be on the

complex models but also the simple models.
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APPENDIX A

Realised Volatility for Yen

.003 .004
| |

Realised Volatility
002
L

3 |
Q
o
2007w26 2009w26 2011w26 2013w26 2015w26
Date
Realised Volatility for British Pound
34
<
o~
20 4
=
s
o
>
o
(]
&
E —
@31
od
T T T T T
200726 200926 201126 2013w26 201526
Date
Realised Volatility for Canadian dollar
<
o
2
el
o
>
=
o
> N
T O
2°
©
[}
24
=
3
<
o
200726 2000w26 2011w26 2013026 2015026
Date

Realised Volatility for Euro

.0015 .002 .0025
| | |

Realised volatility
.001
L

.0005
|

0

T T T T T
2007w26 2009w26 2011w26 2013w26 2015w26
Date

Realised Volatility for Swiss Franc

.015 .02
L

Realised Volatility
.01

.005
L

Wwimdk

T T T T T
2007w26 2009w26 2011w26 2013w26 2015w26
Date

Figure 14: Realised volatility for the various exchange rate series

80



APPENDIX B

Sample Autocorrelation for Can
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Figure 15: Sample Autocorrelation for the various exchangerate series
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APPENDIX C
Table: AIC for thevarious volatility models and therespective Exchangerate series

Models CAN SFRANC | BPS EURO YEN
ARCH(9)

AIC -2736.70 | -2568.269 | -2777.137 | -2674.579 | -2628.586
ARCH(8)

AIC -2733.89 | -2565.618 | -2778.991 |-2675.684 | -2630.586
ARCH(7)

AlIC -2732.244 -2562.771 -2778.764 -2660.169 -2628.956
ARCH(6)

AlIC -2727.785 -2561.871 -2775.665 -2648.408 -2630.947
ARCH(5)

AIC 2722.412 | -2563.877 | -2775.95 | -2644.3 -2632.492
ARCH(4)

AIC 271811 | -2567.775 | -2767.373 | -2645.399 | -2624.77
ARCH(3)

AIC -2719.835 -2567.318 -2766.54 -2645.729 -2626.769
ARCH(2)

AIC -2717.316 -2564.376 -2761.33 -2641.732 -2625.519
ARCH(1)

AlIC -2705.182 -2552.678 -2745.603 -2642.609 -2617.198
GARCH(L,2)

AIC -2727.853 | -2562.589 | -2784.748 | -2666.818 | -2628.003
GARCH(2,1)

AIC -2735.0908 | -2563.803 | -2788.471 |- -2629.384
GARCH(2,2)

AIC 2725.691 | -2563.321 |-2778.258 |-2658.165 | -2621.888
EGARCH(1,1)

AlIC -2732.562 -2577.281 -2736.037 -2676.925 -
EGARCH(1,2)

AIC -2680.909 -2549.841 -2720.546 -2634.751 -2610.013
EGARCH(2,1)

AIC - - -2794.081 | - ;
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EGARCH(2,2)
AlC

-2722.013

-2570.443

-2776.741

-2633.759

-2620.457
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APPENDIX D

Table: Descriptive statistics of exchangerate returns and Jacque-Bera test

Variable Mean SD Skewness Kurtosis Jacque-Bera Jacque-
Bera test

Franc -0.00048 0.1719 0.1766 229.545 1002936 0.0000
Yen 0.000027 0.0148 -0.5844 6.5832 277.5960 0.0000
CAN 0.0004 0.0146 0.9935 9.0087 782.7032 0.0000

BPS 0.00054 0.0140 1479 11.3154 1459.955 0.0000
Euro 0.00037 0.2080 0Ib0 232.3214 1027664 0.0000

Note : ***** * represents 1%, 5% and 10% signiatly.
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