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Abstract 

Modeling the Volatility of Ethiopian Birr 

Ashenafi Alemu 

Addis Ababa University, 2013 

Volatility models cover a wide range of topics in econometrics and Statistics. They are 

broadly divided in to two categories: ARCH type and SV models based on the 

determination of variance at time (t-I) having all information at time t. The objective of 

this study is modeling the volati lity of exchange rate of ETB deterministically and 

stochastically using ARCH type and SV models , respectively. ARCH type volati lity 

models are considered as deterministic whereas SV models are stochastic. The data series 

used for the study is obtained from the NBE from February 2, 2001 to March 15 , 20 13 

and consists of about 3092 dai ly observations. The major currencies selected for the study 

based on the availability of data documentation were: EURO, GBP and USD FOREX 

rate per ETB. A variety of time series models such as ARCH (1), ARCH (2), sGARCH 

(1 , 1); EGARCH (1 , I), APARCH (1 , 1) and basic SV model were estimated. The models 

used for the analysis were selected based on their performance reflected in the literature 

of econometrics and Statistics. Among the major currencies selected for the study; a 

EURO FOREX rate failed to pass the ARCH effect test and model estimation was done 

only for GBP and USD FOREX rate. The results of the study indicate that sGARCH (I, 

I) outperforms other ARCH type time series models for modeling the volatility of 

exchange rate of ETB per major currencies (GBP and USD). Furthermore, SV model was 

modeled alone without any comparison for both currencies return. SV model fulfilled all 

the basic assllmptions and can be a candidate for fitting the volatility of GBP and USD 

return series per ETB. 
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Chapter 1: Introduction 

1.1. Background of the S tudy 

Time series models have been widely used in many disciplines in the science. Many 

econometricians and statisticians devote themselves to develop new models and improve 

the existing ones. Since 1980s, there has been growing interest in time series models with 

changing variance over time which is shown by most of the financial data. Such time 

series models with hetroscedastic errors are specifically useful fo r modeling high 

frequency data like stock returns and exchange rates. 

A volatili ty model is a specification of dynamics of the volatility process. There are 

di fferent ways fo r modeling changes in volatility over time. A commonly used model is 

the autoregressive conditionally hetroscedastic (ARCH) model introduced by Engle 

(1982) in which the conditional variance is a function of the squared past values of the 

seri es including time t-1. Consequently, the volati lity is observable at time t-1. This 

model has been extended in di fferent directions. The most popular of them is generalized 

autoregressive conditionally hetroscedastic (GARCH) model which was proposed by 

Bollerslev after tour years of introduction of ARCH model and it lets conditional 

variance depend on the squared past observations and previous variances. In GARCH 

models the volati lity is also known at time t-1. However, the vo latility may be treated as 

an unobserved variable and thi s yields another class of models which consider the 

variance of the process as stochastic and model the logarithm of vo latility as a linear 

stochastic process such as auto regression. Models of thi s kind are called stochastic 

vari ance or stochastic volati li ty (SV) models. The interest in SV models has been very 

strong in the last few decades. These models are important alternati ves to the famous 

ARCH-type models. They have similar properties but they are different with respect to 

the observability of variance, o?, at time t- \ , which means, the di stinction between the 

two models rel ies on whether the vo latili ty is observable or not. 

Volati lity of exchange rate can be defined as the variation of price at which two different 

countries currencies are traded. Volatility models are important to the policy makers, 

since they use to observe the effect of economic facto rs on fore ign exchange rate as well 
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as to fo rmulate the policies rclated to the money supply in the economy and the policies 

associated with the government expenditures and incomes. 

Taylor (2005) mentions that foreign exchange rate vo latili ty inputs are help fu l in certain financial 

decisions associated with portfolio optimization, hedging, ri sk management, pricing of financial 

derivatives. Kemal (2005) states that foreign exchange rate vo latility influences the long-term 

dec ision unfavorab ly by thrilling the vol ume of worldwide market ing and decisions to allocate 

resources for investment, and government's sales and procurement policies. 

Corporate poli cy formulators also employ exchange rate variation models as instruments for 

constructing portfolio, risk management as well as an input for deri vate assets pricing. 

International transactions oriented countries ca ll attention to more emphasis on the foreign 

exchange rate variat ion in formulating various economic policies since their economic growth is 

affected by the foreign exchange dealings signi ficant ly (Kamal et aI. , 201 2). 

Exchange rates are quoted as foreign currency per unit of domestic currency or domestic 

currency per unit of foreign currency. From the view point of extent of government 

control on exchange rates, fore ign exchange rates (FOREX) system may be either fi xed 

system or freely floating system. That is, fixed exchange rate is treated as stable one or 

permitted to be changed merely in a slight range and the floating exchange rate may drift, 

up and down, according to certain market trends. Floating FOREX rates are expected to 

be more volatile as they are free to fluctuate. The volatility in FOREX rates result in an 

increase of exchange rate risk and adversely affects the international trade and investment 

decisions (Madura, 2006). In case of Ethiopia; FOREX rate follows the floating system 

(Yo harmes, 2007) where the market forces the system so lely. 

Most of the studies done on the financial time series data like exchange rate ; where 

volatility clustering is an important issue do not consider both stochasti c and 

deterministic volatility models together for modeling their volatility. They focuses either 

on deterministic part (for example, Ahmed, 2012, Kamal, 201 2) or stochastic (for 

example, Yusuf; 2009). But in this study, both classes of vo latility models were used. The 

exchange rates of ETB against major currencies were considered and suitable 

deterministic and stochastic vo latili ty models are constructed. 
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1.2. Statement of the Problem 

Financial markets are generally highly competitive. Information flows rapidly and 

different volumes of instruments can change hands more or less continuously with 

minimal friction. The variance of returns on an asset tends to change over time, rendering 

the assumption of a homoscedastic error term in an econometric model invalid. Since 

exchange rate data is a financial data; it fu lfi ls all the properties of the financial time 

series. That is, volatility is inherent in exchange rate. Hence, the foreign exchange 

(FOREX) rate volatility is an important facto r involved in the decision making of 

investors and policy makers. This study is attempted in Ethiopia to capture the volatility 

of ETB per major currencies. Since vo latility model helps the investors and other 

financia l application as an instrument, thi s thesis was designed to fi ll the gap. That is, 

there was no vo latility model developed yet for exchange rate of ETB to the knowledge 

of the researcher. In addition to thi s, the thesis is designed to fi ll the gap of using 

vo latility as deterministic and stochastic. Most of the researchers; to the knowledge of the 

researcher does not consider volati lity as deterministic or stochastic. They simply model 

the ARCH or GARCH model as volatility model. 

1.3. Objectives of the Study 

1.3.1. General Objective 
The main purpose of this study is modeling and quantifying the volati lity of ETB per 

major currencies FOREX rate . 

1.3.2. Specific Objectives 
The specific obj ectives of this thes is are: 

.,/ Modeling the Volatil ity of FOREX of ETB per major currencies deterministically 

by using autoregressive conditional hetroscedastic (ARCH) type models. 

}> Select an ARCH type model for each currency that best fit s its volatility 

.,/ Modeling the Volatil ity FOREX of ETB per major currencies as stochastic by 

using basic stochastic volati lity (SV) model. 
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1.4. Scope of the Study 

This study focuses on the ARCH type and basic stochastic volatility models to model the 

FOREX rate vo latility of Ethiopia Birr. Since the FOREX rate vo latili ty is the main 

concern, the study uses the daily data. The data were obtained from NBE for the period 

between January 021 200 1 and March 15/201 3. 

The choice of the major currencies such as EURO, OBP and USD per ETB was based on 

the relative proportion in the Bank's fore ign exchange investment portfo lio, and currency 

composi tion of imports as well as the record of the data series. The foreign exchange 

reserves portfolio was held mainly in EURO, OBP and US dollars. These three major 

currencies have equal documentation of the data series and preferred for the study. 

1.5. Significance of the Study 

Modeling FOREX rate has many practical applications in econometrics, statistics and 

finance with wide discussion in the literature. The basic ARCH/OARCH models are 

frequently applied and quoted to describe the vo latility in financial markets. Volatility is 

the most important variable in the pricing of derivative securities. Primary source for 

measuring the volatility of an exchange rate, di stribution of exchange rate data, has 

important implications for several fi nancial models and is characterized by mild and 

volati le periods. Exchange rate volatility is important for developing asset and pricing 

models, constructing optimal portfolios, and understanding how the exchange rate 

markets function. This study tries to use financial time series data analysis using 

deterministic and non-deterministic models to see the volatility of FOREX of EURO per 

ETB, OBP per ETB and USD per ETB . 

The result of this study could help. 

-/ In understanding FOREX rate volatility; deterministically and non-

determi n i sti call y. 

-/ To formulate the policies related to the money supply in the economy. 

-/ To provide information on the situation ofFOREX volatility. 

-/ As a basis to other researchers for further study. 
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Chapter 2: Literature Review 
Analyzing financial time series data with volatility models has become very common 

since 1980's and huge literatures have been established. One of the most important tools 

that characterize the changing of the variance is the ARCH model. Engle (1982) proposes 

to model time-varying conditional variance with the ARCH process that use past 

di sturbances to model the variance of the series. Early empirical evidence shows that high 

ARCH order has to be selected in order to catch the dynamic of the conditional variance. 

The GARCH model of Bollerslev (1986) is an answer to this issue. Several excellent 

surveys on ARCH/GARCH models are avai lable in Bollers]ev, Chou and Kroner (1992), 

Bollerslev, Engle and Nelson (1994) and Bera and Higgins (1993). 

The maximum likelihood based inference procedures for the ARCH class of models 

under normality assumption are di scussed in Engle (1982) and Pantula (1985). 

Generalized Method of Moments (GMM) estimation of ARCH type models are discussed 

in Mark (1988), Bodurtha and Mark (1991), Glosten, Jagannathan, and Runkle (1991) 

and Simon (1989). In addition to these, the Bayesian inference procedures within the 

ARCH type of models are developed by Geweke (1988) who uses Monte Carlo methods 

to determine the exact posterior distributions. As an alternative estimation technique, 

Gallant, Rossi and Tauchen (1990) use a semi parametric approach while Robinson 

(1987), Pagan and Ullah (1999), Whistler (1988) use a nonparametric method. 

The search for model specification and selection is always guided by empirical stylized 

facts. Stylized facts about volatility have been we ll documented in the ARCH literature, 

for instance in Bollerslev, Engle and Nelson (1994). Since the earl y sixties, it was 

observed by Mandelbrot (1963) and Fama (1965) and among others that asset returns 

have leptokurtic distribution with thick tails. As a result numerous papers have proposed 

to model the returns from fat-tailed distributions. In addition to thick tail s, the volatility 

clustering is also common. ARCH models introduced by Engle (1982) and the numerous 

extensions as well as SV models are built to capture this volatility clustering. Leverage 

effect is another fact about the financia l time series. Leverage effect suggests that stock 

price movements are negatively correlated with volati lity. 
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The thick tails property of financial time series data often is not fully captured by 

GARCH models. This has naturally led to the use of non normal di stributions to better 

model this excess kurtosis. Bollerslev (1987), Baillie and Bollerslev (1989) use Student- t 

di stribution while Nelson (1991) and Kaiser (1996) suggest the Generalized Error 

Distribution (GED). Other propositions such as: the normal-lognormal (Hsieh, 1989) and 

the Bernoull i-normal (Vlaar and Palm, 1993). Moreover, to better capture the skewness, 

Liu and Brorsen (1995) applied an asymmetric stable density. A promising distribution 

that models both the skewness and kurtosis is the skewed Student-t of Fernandez and 
I 

Steel (1998), extended to the GARCH framework by Lambert and· Laurent (2000). 

A comparison of 330 different ARCH-type models in terms of their ability to describe the 

conditional variance is given in Hansen and Lune (2003). The main findings are that there 

is no evidence that a GARCH (1 , 1) model is outperformed by other models. 

Over the last few decades, there has been a tendency to employ the ARCH type models to 

analyze the volatilities of financial data while ignoring the specification and estimation of 

the conditional mean. Most recently, Li, Ling and McAleer (2002) define the ARMA­

GARCH model which can be reduced to ARMA-ARCH, AR-ARCH, MA-ARCH by 

simply imposing some restrictions to the process. 

Hsieh (1989) used 10 years (1974 - 1983) of daily closing-bid prices, consisting of2,5 10 

observations, for five countries such as British pound sterling (GBP), French franc (FF), 

Italian lira (IL), Norwegian Krone (NOK) and Spanish peseta (SP) in comparison of US 

dollar to estimate the ARCH and GARCH models along with the other modified/altered 

types of ARCH and GARCH. The findings of Hsieh (1989) proved that the two under 

study models were capable of removing all heteroscedasticity in price changes. It was 

also concluded that the standardized residuals fro m all the ARCH and GARCH models 

using the standard normal density were highly leptokurtic, and the standard GARCH 

(1 ,1) and EGACH (1 ,1) were found to be more efficient for removing conditional 

heteroscedasticity from daily exchange rate movements. The EGARCH proved to fit the 

data better than GARCH. 
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Mundaca (1991) modeled the Norwegian Krone (NOK)IUS Dollar exchangc ratc through 

ARCH and GARCH models, the results of which supported that three out of four 

analyzed series fi tted better through GARCH(1, I) than the ARCH model. 

Application of GARCH model by Chong et al. (2002), to capture FOREX rate volatility 

in the data of Malaysian Ringgit/Pound Sterling, for the period 1990-1 997, resulted in 

their suggestion to possibly reject the hypothesis of constant variance model, arguing that 

the GARCH models were better ones than native random walk models 

Husse in and Jalil (2007) applied the parametric and non-parametric techniques on da ily 

exchange rate of Pakistan Rupee / US Dollar exchange rate and tried to measure the 

success of intervention in fo reign exchange market in Pakistan, which was done either in 

shape of alteration in the exchange rate level or smoothing the exchange rate fluctuations. 

The GARCH results, as reported by Hussein and Jalil (2007) proved that intervention was 

successfully altered, in both direction of exchange rate and smoothed the fl uctuations in 

exchange rate while the event study confirmed that the intervention was successful for 

level and vo latility of the exchange rate . 

A weekl y Thai Baht (THB) per US Dollar exchange rate, for the period 1999-2005 , was 

analyzed by Jithitikulchai (2005) to study the application of parametric and non­

parametric volatil ity models in which ARCH and ARCH-M were fo und more reali stic, 

both theoretically and empirically, because of their low volatility around zero mean 

whereas, the asymmetric coefficients of EGARCH and APARCH showed insigni ficant 

results. The AP ARCH model was declared the best model of modeling the exchange rate 

volatility in out-of-sample case by the researcher who suggested that non-parametric 

models could be the best for the conditional vo lati lity prediction, whi le in the case of high 

frequency data; it is more preferable than any other vo latility model. 

Andersen et al. (1999) stated that, 

... exchange rate returns are well-known to be unconditionally symmetric but highly 

leptokurtic. Standardized daily or weekly returns from ARCH type models also appear 

symmetric but leptokurtic; that is, the distributions are not only unconditionally, but also 

conditionally leptokurtic, although less than unconditionally ... Accordingly, Milhoj 

(1987), Bollerslev (1987), Hsieh (1989) and Baillie and Bollerslev (1989) assert that 
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while the simplc symmctric lincar GARCH (I, I) model might provide a good description 

for most exchange rate series under free float, the assumption of conditional normality 

does not capture all the excess kurtosis observed in daily or weekly data. 

In order to deal with this problem, Bollerslev (1987) successfully presents the leptokurtic 

property of daily data for foreign exchange rates and finds that the GARCH (I , I) model 

with Student-t distribution fits quite well though not fully removes leptokurtic property. 

In the same way, Baillie and Bollerslev (1989) compare two leptokurtic distributions, 

Student-t and power exponential distributions, in order to produce a more adequate 

representation of data. They claim that the Student-t distribution compares favorably to 

the power exponential and captures the excess kurtosis for most of the rates. The Student­

t distribution is also estimated by Hsieh (1989), together with the generalized error 

distribution, a normal-Poisson, and a normal-lognormal mixture distribution. 

Zakaria (2012) examined the daily exchange rates series of nineteen Arab countries. The 

currencies considered are the United Arab Emirates dirham (AED), Bahraini Dinar 

(BHD), Djiboutian franc (DJF), Algerian Dinar (DZD), Egyptian Pound (EGP), Iraqi 

Dinar (IQD), Jordanian Dinar (JOD), Kuwaiti Dinar (KWD), Lebanese Pound (LBP), 

Libyan Dinar (L YD), Moroccan Dirham (MAD), Mauritanian ouguiya (MRO), Omani 

Rial (OMR), Qatari riyal (QAR), Saudi Arabian Riyal (SAR), Somali Shi lling (SOS), 

Syrian Pound (SYP), Tunisian Dinar (TND), and Yemeni rial (YER), all against the US 

dollar. He employed two univariate specifications of the GARCH model , including both 

symmetric and asymmetric models that capture most common stylized facts about 

exchange rate returns such as vo latility clustering and leverage effect. The empirical 

results show that the conditional variance (volatility) is an explosive process for the ten of 

nineteen currencies, while it is quite persistent for seven currencies which are required to 

have a mean reverting variance process. Finally, he concluded that the exchange rates 

volatility can be adequately modeled by the class of GARCH models. 

Ahmed (2012) estimated the vo lati lity of the exchange rate of Sudanese pound (SDG) 

using EGARCH ( I, I) and found that leverage effect term is negati ve and statistically 

different from zero, indicating the existence of the leverage effect (negative corre lation 

between past returns and future volatility). 
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Chipili (2007) studied the sources of volati lity in the real and nominal Zambian kwacha 

exchange rates with respect to the currencies of the major trading partners using GARCH 

models. The results reveal that exchange rates are characterized by different conditional 

volatility dynamics based on the three GARCH models, i.e., GARCH ( I , I), APARCH 

(I, I) and EGARCH (I , I) and fo und that EGARCH(1, I) best fit the kwacha exchange 

rate. 

Maana, Mwita, and Odhiambo, (2010) estimated the Kenyan Shilling (Ksh) foreign 

exchange market data rate per USD, Euro, Sterling pound, and Japanese Yen for the 

period 1993 - 2006 using GARCH(I , I). Their analysis showed that the exchange rates 

are leptokurtic and slightly positively skewed. 

Another type of volatili ty process is stochastic volatility model. Due to the fact that, in 

SV models the mean and the variance are driven by separate stochastic process SV 

models are much harder to estimate than the GARCH models. Evaluating the likelihood 

function of ARCH type models is a relatively easy task. In contrast, for SV model, it is 

not easy to obtain explicit expression for the likelihood function. The lack of estimation 

procedures for SV models made them for a long time an unattractive class of models in 

comparison to ARCH type models. In the past two decades, however, several estimation 

methods have been developed with the increasing performance of the programming 

languages and computers (Kim, Shepherd and Chib, 1998). 

The early attempts to estimate SV models used a GMM procedure due to Melino and 

Turnbull (1990). GMM considers the basic SV model with normal innovation processes. 

Another estimation method is called quasi-maximum likelihood estimation developed by 

Harvey, Ruiz and Shephard (1994). Harvey, Ruiz and Shephard (1994) have employed 

Kalman filtering to estimate the parameters by maximizing the quasi likel ihood function. 

Comparison of GMM and QML can be found in Ruiz (1994), Harvey and Shephard 

(1995). The general conclusion is QML gives estimates with smaller mean square error. 

The GMM and QML methods do not involve simulations. However, increasing computer 

power has made simulation-based estimation techniques increasingly popular. The 

simulated method of moments (SMM) or simulation based GMM approach proposed by 

Duffie and Singleton (1993) was a first attempt in simulation based estimation methods. 
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The strategy of SMM is to simulate data from the model for a particular value of the 

parameters and match moments from the simulated data with sample moments as 

substitutes. 

Another simulation based approach to inference in the SV model is based on Markov 

Chain Monte Carlo methods, namely the Metropolis-Hastings algorithm (Jacquier, 

Polson and Ross i, 1994) and Gibbs sampling algo rithm (Kim, Shephard and Chib, 1998). 

These methods have had a widespread infl uence on theory and practice of Bayesian 

inference. 

The SV in mean (SV-M) model was developed by Koopman and Uspensky (2000) to 

incorporate the unobserved volatility as an explanatory variable in the mean equation. 

The estimation is based on importance sampling techniques. 

Chib, Nardari and Shephard (2001 ) developed an MCMC procedure .to analyze the SV 

model defined by heavy-tailed Student-t distribution with unknown degrees of freedom . 

They consider the SV t model with Student-t observation errors and also the SVt plus 

jump model which contains a jump component in the mean equation to allow for large, 

transient movements. 

Yu, Yang and Zhang (2002) propose a new class of SV models, namely, nonlinear SV 

(N-SV) models. They include the lognormal SV model as a special case, which adds 

great flexibility on the functional form . The estimation procedure is again MCMC. 

Jacquier, Polson and Ross i (2002) extend their earlier work to analyze the SV model. 
, 

They replace the Gaussian innovation by a fat-tailed di stribution and they consider the 

leverage effect. 

Hoi and Koopman (2002) consider the exact max imum likelihood method based on the 

Monte Carlo simulation teclmique such as importance sampling and they state that more 

accurate estimates of the likelihood function are obtained when the number of 

simulations is increased. 

The distribution of exchange rate news is fat-tailed as is widely established in the 

literature. Like ARCH models, stochastic volatili ty can explain palt of the fat-tailedness. 

But given the evidence for ARCH models one would expect that time-varying volatility 
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does not fully account for the tail behavior (Baillie and Bollerslev, 1989; Engle and 

Bollerslev, 1986). 

Ronald and Peter (1998) have empirically studied the performance of the first-order 

stochastic volatility model using a dataset of weekly exchange rates of bilateral exchange 

rates among the major currencies (US dollar, British pound sterling, Japanese yen, and 

German mark) from 3 January 1973 to 9 February 1994. The model has been estimated 

for different specifications of the distribution of the standardized exchange rate 

illlovations. They found that an estimate of the persistence of the volati lity process 

depends crucially on the stochastic specification of the model. And finally concluded that 

volatility estimates based on a univariate time-seri es model have large standard errors 

that they are hardly informative for the purpose of option pricing or currency hedging. 

Craine, Lochstoer, and Syrtveit (2000) modeled the Norwegian-British exchange rate 

vo latility. The goal is to find a parsimoniously parameterized model that captures the 

essential features in the high frequency financia l returns data which display potential 

jumps, volatility clustering, skewness, and excess kurtosis. The main results of their 

paper are: ( I) Capturing these features requires a specification that allows both jumps and 

stochastic vo latility. (2) A specification that only allows for jumps badly misrepresents 

the data. And (3) reasonably accurate estimates of the parameters of the jump distribution 

require a very large sample. They used a simulation-based technique to estimate a 

stochastic volatility (SV) model. 

Jun Yu and Meyer (2006) compared fully li kelihood-based estimation with multivariate 

stochastic volatility (MSV) models of Australian do llar (AUO) and New Zealand dollar 

(NZO) against USO exchange rates. They illustrated the ideas by fitting, bivariate time 

series data of weekly exchange rates, multivariate SV models, including the 

specifications wi th Granger causality in vo latility, time-varying correlations, heavy-tailed 

error distributions, additive factor structure, and multiplicative factor structure . Their 

result suggested that the best specifications are those that allow for time-varying 

correlation coeffici ents. 

Kulikova and Taylor (20 13) studied ZARiUSO volatili ty and suggested that, dai ly South 

African Rand (ZAR) exchange rates are highly vo lati le. The QML estimators perform 
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effectively and the SV models fit the market data well. Using the range return instead of 

the absolute return as the volatility proxy produces QML estimates that are both less 

biased and less variable. Thus, the log range return QML estimator is superior in 

performance to the log absolute return QML estimator. 
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Chapter 3: Methodology 

3.1. Source of data 

The data used in thi s study is secondary; which was obtained from National Bank of 

Ethiopia (NBE) department of Foreign Exchange Monitoring Statistics and Reserve 

Management (FEMSRM). The Birr, denoted by ETB, is the unit of cUlTency used in 

Ethiopia. The first currency of Ethiopia was introduced in 1894 and was known as the 

"Menelik taler". Officially, Abyssinian Birr and Talar were circulated as Ethiopian 

currencies until the mid 1930. Early 1931 the bank of Ethiopia was formed which now a 

day 's called the National Bank of Ethiopia. In 1934, the occupying Italian forces made 

the Itali an lira the legal currency in Ethiopia until their expulsion in 1942. The Ethiopian 

currency; the Birr was finally introduced in 1945 and the official exchange rate of 

Ethiopian currency with the US dollar was created (with the official exchange rate of2 .48 

birr per US dollar) on July 23 , 1945. Hereafter in 1976 the Birr was officially renamed as 

ETB and revalued to 2.30 USD. From May 1993 up to the unification of Transitional 

Government of Ethiopia (TGE) the official and the auction exchange rates on 25 July 1995, 

the exchange rate was partly determined by government decree (applicable to the official 

rate) and partly by quasi-market forces (applicable to the auction rate) as represented by 

auctions (Den'ese, 2008). 

Since the date of unification, the exchange rate of the birr against the major currencies 

and the resultant cross-rates has been determined only through the auction system. From 

the date of unification up to the present day, we have a quasi-market determined 

exchange rate which is a freely floating exchange rate (Derrese, 2008). 

The foreign exchange (FOREX) rate data of ETB per currencies is a dai ly organized 

data. These daily observations of the exchange rate data were gathered for the major 

currencies such as: EURO, GBP and USD from the NBE and its vo latility were modeled. 

The observations of the data are about 3092 . The data were obtained from NBE for the 

period between January 02/2001 and March 1112013 . On January 02/2001 the ETB was 

at a rate of 7.87, 12.47 and 8.41 per EURO GBP and USD respectively. On March 

11 /201 3, ETB was at a rate of 23 .717,28. 118 and 18 .33 per EURO, GBP and USD 

respectively. The observations are daily records which vary from day to day and exclude 
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weekends and ho lidays . Since the exchange rate of ETB vanes daily; this study 

considered the daily observations since the main intention of the thesis is dealt with 

vo latility modeling that is, modeling the variations of the observations floating freely at 

different time. 

The study considered only the FOREX rate of ETB per three major currencies such as 

EURO, GBP and USD based on the data record of the NBE. Each of them had equal 

number of observations whereas others have no enough organized data. 

3.2. Concepts and Definitions 

A time series is a set of random variables {YI}' The random variables sequentially 

ordered in time are called a stochasti c process. The realization of {YI} is denoted as {y,}. 

A time series can be continuous or discrete. 

The stochastic process y, can be defined in terms of its moments, 

and cov(Yt, Yt-s) = Yt t-s 

Which are functions of time, t. If the unknown parameters; J.i.t , oland Yt,t _schange with 

time, an essential restriction on the stochastic process is needed to avoid an estimation 

problem. The restriction is called stationary, which reduces the number of parameters to 

be estimated and leads to stable processes over time. A time series having a constant 

mean and variance is mean and variance stationary respectively. A time series is said to 

be weakly stationary if the mean and vari ance of the process are constant and the 

covariance of it depends only on lag s but not on time I (Kuan, 2003). 

For a weak stationary process, the autocorrelation between y, and y,_, is defined as 

y, 
Ps = - , 

Yo 

Where Yo is the variance of y,. Since Yo and ys are time-independent, the autocorrelation 

coeffici ents p, are also time- independent. The autocorrelation between y , and y ,./ can be 

different from the autocorrelation between y , and y,.2, however the autocorre lation 

between y, and y,./ must be identical to that between y,., and y ,.,_/ (Enders, J 995). 

The plot of ys, the auto covariance at lag s, against s depicts auto covariance function. 

Similarly, the plot of p, against s displays the autocorrelation function denoted as ACF. 
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The other function related to the correlations between {ytl is called partial autocorrelation 

function, denoted by P ACF. Different than the autocorrelation, the partial autocorrelation 

is simply the correlation between y, and y,., after the effects of y,. I ... y,.s+1 are excluded. 

A stronger form of week stationarity is called strong stationarity which is defined 111 

terms of the distribution function of the random variable. A time series is strictly 

stationary if the joint distribution of the series of observations {Y'I , Y'2 ... "Yin} is the 

same as that for {Y tI +s, Y'2+s ... Y'n+s}; for alii and s (TUrker, \ 999). The strict stationarity 

imposes no restriction on moments. If a strict stationary series has a finite second order 

moment, it must be weakly stationary. 

Since the stationarity defined in terms of the distribution functions is difficult to verify in 

practice, strict stationarity is not preferable. In this study, the term stationary is used 

whenever the criteria for weak-stationary are satisfi ed. 

3.2.1. Simple Linear Processes 

3.2.1.1. White Noise Process 
A white-noise process contains a sequence of uncorrelated zero mean variables with 

constant variance 02The financial time series will follow white noi se patterns very rarely, 

but this process is the key for the formulation of more complex models. 

3.2.1.2. Autoregressive Processes 
The process y, is said to be an autoregressive (AR) process if it can be expressed as, 

where "'0 is a real number, c, is a white noise process with mean zero and variance 02 and 

'" (B) is polynomial in terms of back-shift operator B. 

The back-shift operator appl ied to a time series y, is defined as By, = y,./. Similarly, B2y, = 

B (By,) = y,.2, B ly, = B (B2y ,) = Y,.3 , and so on. The back-shi ft operator is also called lag 

operator which is denoted by L. 

When the order of the polynomial is p, i.e. '" (B) = 1- "'I B- "'2B2 -... -"'pBP, the process y, is 

referred to as an AR process of order p, AR (P), which can be written as 

y, = '" 0+ "'I Y,·I + "'2Y,·2 + ..... + '" py,.p + Ct· 
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As it is stated in Enders (1995), an AR (I) process w ith 'V (B) = 1- 'VIB can bc written as 

Yt= 'Vo+ 'V IYt- 1 + Et· 

Assuming the process is started at period zero so that Yo is the known initial condition, 

the solution of thi s equation by fo rward or backward iterati on is, 

1- 1 I-I 

Y, ='I<l. IfI : + 1fI: Yo + L IfI :Gt-I 
/=0 ;=0 

(3 .1 ) 

Taking the expected value of (3. 1) 

I - I 

E(y ) = IfI 0 l.1fI: + 1fI: Yo 
1=0 

(3.2) 

Updating (3.2), by s periods yields. 

For 1'V 1i < 1 and if the limi ting value of Yt is considered in equation (3.1) it can be shown 

that, the expression (""t)yO converges to zero as t becomes infinitely large and the sum 

"'o[ I + 'V I + ('V2)2 + ('V3)3 + ... ) converges to "'0 /(1 - ", ,). Thus, as t approaches to infinity 

and if I 'V ii < 1, 

. lfIo l.~ , 
LlIllYt= - -+ IIF c 

I - Ifl 't' IV /-I /=0 
I (3 .3) 

The expected value of equation (3.3) is 'Vo/ (I -'V I), which is finite and time independent. 

The vari ance of Yt is calculated fi'o m equation (3.1 ) as: 

Var (Yt) = (i / (1- (""i) 
For the stationarity condition, i.e., for I "" I < I is satisfied. 

Finall y, it is demonstrated by Kuan (2003) that the limiting values of all autocovariances 

are fi nite and time independent: 

Cov (y" Yt-s) = (J2'V ls/ [1-('V1)2) 

In summary, for an AR(I ) process to be stationary, the coefficient of the lagged 

dependent variable must be less than one in absolute value and t must be sufficientl y 

large. Solution by the iterative methods is not possible in higher-order systems. In these 

cases, the theory of difference equations is used to get the solution and the stability 

conditions of the system . For an AR (P) process defi ned as, 
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'I' (B) y, = 11'0 + c, 

For a stationary AR (p) process, the autocorrelation function is non-zero at all lags and 

should converge to zero geometricall y. On the other hand, the partial autocorrelation 

function of an AR (P) process should die out for all lags greater than p. 

3.2.1.3. Moving Average Processes 
The process is said to be moving average (MA) process if it can be expressed as, 

y,= 1[o+fl (B) c, 

Where 1[0 is a real number, c, is a white noise process with mean zero and variance 02and 

IT (B) is polynomial in terms of back-shift operator B. When the order of the polynomial 

is q, i.e. fl (B) = 1+ fl lB+ fl2B2+ ... . + flqBq, the process y, is referred to as a MA process 

of order q, MA (q): 

y, = flo + fll c'.1 + fl2c'.2 + . .. + flqc,_q . 

In thi s case, 

E (y,) = flo 

Var (y,) = Yo = 02 (1 + fll 2 + ... + flq2) 

For s=O, 1, 2, ... , q. 

Since the mean, variance and covariance functions are all time-independent; the MA 

process is always stationary regardless of its coefficients. The autocorrelation function is 

obtained by dividing the y, by Yo so for the MA (q) process; the ACF has cut off property 

for the lags greater than q. On the other hand, the PACF of any MA (q) process should 

approach to zero. 

Following the work of Enders (1995), a MA (q) process in the form of, 

y, = IT (B) c, 

The residual can be calculated as: 

c, = [fl (B)rl y, 

Provided that the [IT (B)r l converges (which is sati sfied when the roots of fl (B) lie 

outside the unit circle). This condition is called the invert ability condition and implies 

that a MA (q) can be written as an AR (00) process uniquely (kuan, 2003). 
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3.2.1.4. Autoregressive Moving Average Processes 
Combining an AR (p) process and MA (q) process yields an Autoregressive Moving Average 

(ARMA) process. An ARMA process of order (p, q) is denoted by ARMA (p, q) and 

illustrated as: 

'P (B) Yt = cHI (B) Et 

Where 1!o is a real number, Et is a white noise process with mean zero and variance (i, 
'P (B) = I-'PIB- 'P2B2

- ... - 'PpBP, 

IT (B) = I +n:1 B+ 1!2B2+ ... + 1!qBq 

For a stationary and invertible ARMA (p, q) process, neither ACF nor PACF has cut off 

points; they both decay to zero gradually. 

3.3. Criteria for Model Selection 
After estimating the ARMA models, the most appropriate model for the data set should 

be chosen. At this point, some model selection methods are considered. One of them is 

called the Box-Jenkins methodology (Kuan, 2003). 

The standard Box-Jenkins approach contains the following four steps: 

1. Transform the original time-series to a weakly stationary process. 

2. Identify a preliminary ARMA (p, q) model for the transformed series. 

3. Estimate the unknown parameters in this preliminary model. 

4. Apply the diagnostic checks and re-estimate the model if the Preliminary model 

is found inappropriate. 

5. Repeat these steps until a suitable model is found. 

In practice, financial time series are usually no stationary and most of them include a 

trend component. If a series includes a trend component, it should be removed by taking 

the first difference. However, if it is a deterministic trend, the differencing is not 

appropriate; in that case a simple trend variable t may be included in the model. Seasonal 

patterns are other common reasons for non stationarity and they can be eliminated by 

taking the seasonal difference or by using seasonal dunmlies. 

After obtaining a stationary process, the second step of Box-Jenkins methodology is to 

estimate a preliminary ARMA model. In order to do this, the properties of ACF and 

P ACF functions are used. 
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In the third step, the unknown parameters of the preliminary ARMA (p, q) model should 

be estimated. Finally, diagnostic checks of the residuals are conducted. If the estimated 

model is correct, the residuals should behave like a white noise process. 

Alternatively, the structure of the ARMA process can be determined by using model 

selection criteria. The most famous ones are the Akaike Information Criterion (AIC) and 

Schwartz Information Criterion (SIC or BIC): 

AIC = -2 log likelihood + 2n, 

BIC = -2 log likelihood + n
10g 

(T), 
T 

Where T is the number of usable observations, and n is the number of parameters to be 

estimated. In practice, several ARMA models are estimated, and the one with the smallest 

AICor SIC or BIC is selected as the best model (Enders, 1995). 

3.4. Unit Root Tests 

In order to make inferences on time series, the observations must be stationary. However, 

most of the financial time series do not satisfy the requirements of stationarity so that 

they have to be converted to stationary processes before modeling. Many test stati stics 

have been developed to check whether the series contains unit roots or not. The most 

popular of them are the Augmented Dickey Fuller test (AD F) and Phillips Perron (PP) 

(Zivot and Wang, 2006). 

3.4.1. The Augmented Dickey-Fuller (ADF) unit root tests 

Dickey and Fuller (1979) introduced Dickey - Fuller (DF) test statistic to test whether the 

series contains unit root or not. They assume that the underlying process is a simple AR 

(I) model. 

As explained in Turkel' (1999), in the simplest form of the test, the model is given as, 

Yt = al Yt- 1 + €" 

Where Et is a white noise process with zero mean and variance 0
2

. 

To obtain the test statistic, subtract Yt-I from both sides, 

D.Yt = YYt-1 +€" 

Where D. = Yt - Yt- I and Y = al - I 
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So that testing the hypothesis that al = I is equivalent to testing y= O. Dickey and Fuller 

(1979) consider three different equations that can be used to test: 

"'-y'=YY'-I+€' 

"'-y,=a + Y y'- I+€" 

"'-y,=a+yy'_I+~'+€'. 

(3.4) 

(3 .5) 

(3.6) 

The first equation (3.4) written above is a pure random walk model, the second equation 

(3.5) adds an intercept (or drift term), and the last one (3 .6) includes both a drift and 

linear time trend so that it is possible to test whether the trend that series exhibits is 

deterministic or stochastic (Enders, 1995). 

In all of the above equations, HO: y= 0 against HI: y<O is tested and evaluated using a 

conventional t-ratio as: 

t= ..L 
seCy)' 

and is distributed as non-standard distribution. Mathematically: 

fWdw 
t - -;:--;:-:--

fwzdw 

Where w is the Brownian motion or winner process. 

In conducting the DF test as in (3.4), (3.5), or (3.6), it was assumed that the error term €, 

was uncorrelated. But in case the E, s' are correlated, it may lead to wrong conclusions if 

the data generating process is autoregressive of higher order. Dickey and Fuller have 

developed a test, known as the Augmented Dickey- Fuller (ADF) test. This test is 

conducted by "augmenting" the preceding three equations by adding the lagged values of 

the dependent variable "'-Yt. To be specific, suppose we use (3.6). The ADF test here 

consists of estimating the fo llowing regression: 

(3.7) 

Where Uti is the pure white noise term and "'-y,_1 = (Y'_I - y,-z), "'-Yt-2= (Yl-r YI-3), etc and m 

is lag length in the model ; "'- is the difference operator. The number of lagged difference 

terms to include is often determined empirically, the idea being to include enough terms 

so that the error term in (3.7) is serially uncorrelated. In ADF we still test whether y = 0 

and the ADF test fo llows the same asymptotic distribution as the DF stati stic, so the same 

critical values can be used obtained from the DF table. 

A useful tool of thumb for determining lag length (Pmax) suggested by Schweli (1 989) is: 
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[ 
T 1/4] 

Pmax = 12 (100) 

This choice a llows the lag length (Pmax) to grow wi th the sample so that the ADF test 

regression are valid if the errors fo llow an ARMA process with unknown order. 

3.4.2. J>hillips J>erron (1'1') Unit Root test 
An important assumption of the OF test is that the error terms Et is independently and 

identically distributed. The ADF test adjusts the OF test to take care of possible serial 

correlation in the error terms by adding the lagged difference terms of the regressand. 

Phillips and Penon (1988) developed a generalization of the OF procedure that allows for 

a fairly mild assumption concerning the distribution of the errors. The PP test is based on 

the statistic : 

where T-is the number of observations; (Jf and ,:[2 is consistent estimates of the residual 

variance and the heteroscedasticity corrected variance respectively; y is the estimate of y 

and ty is the t-ratio of y; SeCy) is the coefficient standard error. The function Zt follows a 

student t distribution. 

3.5. VOLA TlLITY MODELS 

Modeling the volatility of a stochastic process has received much more attention 111 

recent years. Volatility is the amount of price movement of a stock, bond or the market in 

general during a specific period. If the price moves up and down rapidly over short time 

periods, it has high volati lity; if the price almost never changes, it has low volatility 

(Kuan, 2003). 

There are so many methods which have been developed for modeling the mean value of 

the variable of interest, one of them is the Box-Jenkins approach. However, the random 

component of the se ries may also show changes in variability. As Campbell , Lo and 

MacKinlay stated in 1997, " It is both logically inconsistent and stati stically inefficient to 

use vo latility measures that are based on the assumption of constant vo latility over some 

period when the resulting series moves through time". In some cases, the assumption of 

constant variance is not satisfied and this is called as the heteroscedasticity problem. 
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More efficient estimators and better forecast values can be obtained if the 

heteroscedasticity is handled properly. Because of this, the model which is used in 

estimating and forecasting the time series should sati sfy the constant variance 

assumption. In most of the financial time series, volati lity clustering is usual in the sense 

that large changes are followed by large changes, and small changes are followed by 

small changes. Moreover, volatility . asymmetry is also quite common. Therefore, 

volatility models that accommodate all of the above features are needed to be constructed 

(Kuan,2003). 

The vo latility models can be divided into two main classes: deterministic and stochastic 

vo latility models. In detenninistic volati lity models, the conditional variance is a 

deterministic function of past observations. These are called as Autoregressive 

Conditionally Hetroscedastic (ARCH) type models. In stochastic case, on the other hand, 

the variance equation has its own innovation component which makes the process 

stochastic rather than deterministic (Pederzoli, 2003). 

3.5.1. Deterministic Volatility Models 

3.5.1.1. Autoregressive Conditionally Hetroscedastic Models 
Engle (1982) introduced the autoregressive conditional hetroscedastic (ARCH) model, 

which was a first attempt in econometrics to model the volatility . The aim is to 

simultaneously model the conditional mean and conditional variance of the time series. 

To model the conditional mean and the conditional variance, Engle used the principle: 

"In order to model the conditional mean of y, given Y,_I, Y'-2, y,-J .. ' write y, as a 

conditional mean plus white noise. To allow the non-constant conditional variance in the 

model , multiply the white noise term by the conditional standard deviation. " 

To illustrate the principle, consider a time series {y,} such that: 

y, =/1,+ (J,E, 

J.!,= a + PIXI " + P2X2" ... + PkXk" 

Where, J.!, denotes the conditional mean which is a function of explanatory vari ables XI,' 

that may contain both lagged exogenous and dependent variable; y, represents the 

dependent variable over time period. The di sturbance tenn c" Is identically and 

independently di stributed with zero mean and unit variance (or constant variance, (J2 = 
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1). Usually, the assumption of normality for E, is added and G~ is the conditional variance 

of the process. 

The ARCH ( 1) process is in the form : 

Yt = f!t+ GtEt 

Gt
2 

= 00 + 01 (Yt-I _ ,It_I)2, 00>0, 0 12:0. 

If the mean part of the process is taken as zero, that is if ~t = 0, then, the ARCH ( 1) process 

can be written as, 

Yt=GtEt 

L + 2 Gt - 00 o lYt-1 

Where, 00 >0 and 01 ~0 are unknown parameters ; and 

E (Yt/nt-l ) = 0 and E (y,2/n t-l) = 0/ E (E,2) 

nt-i is the information set which contains a ll the avai lable information at time t. 

The argument in TriantafylIopoulos (2003) considered, y,2 = Gt2 + (Yt2 - G,2) 

By using equation (3.9), 

2 _ + 2 + Yt - 00 01 Yt-I Vt 

Where, Vt = G t
2 

(E,2- I ) 

(3.8) 

(3.9) 

The process Yt2 as defined above follows a non-normal AR (I) model with the 

innovations 

Vt = Gt2 (d-I ). 

By the law of iterated expectation, E (Yt) = E [E (y,lnt-I)], and var (y,) = E (y,' ) = 00 + Ot var 

(Y'_1)2. If 0 1< 1, the process is stationary and var (Yt) = 00/ (1-01). Assuming that Yt are 

conditiona lly normall y distri buted, E (Yt4j.Qt-l) = 3 E (Gt4), assuming that E (Yt4) is 

constant for a ll t so that, 

E (Yt4) = [3002 (1 + Ol)]! [(1-01) (1-301 2)] 

This implies that 0:'00 1
2 ::;113. The kUliosis coeffici ent of Yt is then, 

M41 [var (Yt)] 2 = 3 (1- 012)/ (1-3012»3. 

Since the kUliosis of a normal distribution is 3 so that its excess kurtosis can be calcu lated 

as 

M4 1 [var (Yt)] 2_3 ]. According to thi s result, it can be noted that the unconditi onal 

di stribution of Yt is leptokuliic. That means, even Yt are cond itionally normally 

di stributed, the resulting ARCH (I) process cannot be normal (Kuan, 2003). 
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An ARCII (I) process is easily generalized to an ARCH (q) proccss such that, 

Yt = Gtet 

Gt = ao + 2.:~1 aiY;- i, 

Where, uo>O, u;~O (i= I , 2 ... q). For stabi lity of the process UI +U2 + ... +uq should be 

less than one (Li, Ling, McAleer, 2002). Similar to ARCH (I) model, ARCH (q) model 

can be represented by an AR representation with order q. 

There are some problems with ARCH (q) models . The required value of q might be very 

large and the non-negativity constraints on coefficients might be violated. Because of 

these reasons, Generalized Autoregressive Conditionally Hetroscedastic (GARCH) 

models are introduced. 

3.5.1.2. Generalized Autoregressive Conditionally Hetroscedastic Models 
Generalized Autoregressive Conditionally Hetroscedastic (GARCH) models are first 

introduced by Bollerslev in 1986. 

The standard GARCH (I, I) process is specified as: 

Yt= atEt 

a2t=UO+UI Y?_1 +P I at2_1 ,uO>O,ul ,p I ~O. (3.7) 

The conditional variance equation of GARCH (1 , I) model contains a constant term, 

news about volatility from the previous period measured as the lag of previous term 

squared residual Yt_12 (the ARCH term), and last period's forecast variance at_1 2 (the 

GARCH term) .The unconditional mean and variance of GARCH (I, I) process can be 

obtained by using law of iterative expectations for a weak stationary process such that, 

E (Yt) = E [E (yt!nt-I)] = O. 

Var (Yt) = E (y?) = uo/ [(I-UI) (I-PI)] 

Thus, UI + PI must be less than one for the stationarity purpose. As in the ARCH process, 

in GARCH (I , I) model the marginal distribution of Yt is leptokurtic even if the 

conditional distribution is normal (Kuan, 2003). 

As illustrated in Enders (1995), the more general GARCH (p, q) model is, 
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(3. 8) 

Here, it is quite obvious to observe the similar structure of Autoregressive Moving 

Average (ARMA (p, q» of GARCH (p, q) processes: a GARCH (p, q) has a polynomial 

~(B) of order "p" ; the autoregressive term, and a polynomial a (B) of order "q" which is 

the moving average term (Kuan, 2003). 

3.5.1.3. Exponential GARCH Models 
[n GARCH models, due to the presence of y/ in the variance equation, the positive and 

negative values of the lagged innovations have the same effect on the conditional 

variance. However, vo latility responds to positive and negative shocks differentl y, so in 

the case of vo latility asymmetry; GARCH models are not good choices (Kuan, 2003). For 

this reason, exponential GARCH (EGARCH) models were introduced by Nelson in 199 1. 

A simple EGARCH (I , I ) model is, 

Yr = utEr, with conditional variance 

Here a positive y •. 1 contributes
e

(1+ Y) Thus, e signifies the leverage effect of y._I. Again 
U t-l 

we expect e to be negative in real applications. 

[n EGARCH process positive and negative shocks of the same magnitude do not have the 

same effect on vo latility due to the exponential function ; a larger innovation has a larger 

effect on el,. These are the basic diffe rences between GARCH and EGARCH models. 

EGARCH (1, 1) process can be extended to EGARCH (p, q) process such that, 

3.5.1.4. APARCH Models 
It has often been observed that a large negati ve return increases vo latility more than does 

a positive return of the same size. This phenomenon is called the leverage effect and 

makes sense, since we can expect investors to become more nervous after a large 

negative return than after a positive return of the same magnitude. The GARCH models 
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cannot model the leverage effect, because 0 , is a function only of past values of I" so 

information about the sign of y, is lost. To model the leverage effect, the APARCH 

(asyrnn1etric power ARCH) models replace the square function with a more flexible class 

of nonnegative functions that includes asymmetric functions. The AP ARCH (p, q) model 

for the conditional standard deviation is 

p q 

o~ = W + LUi (!Yt- d - YiYt_i)5 + L ~j of_j 
i=l j=l 

Where 0>0, -1 < Yj < l , j = 1, 2 ... P. The parameters U"U2,' .. , up and~1 ' ~2' . . . , ~q 

satisfy the same constraints as GARCH model. Note that 0 = 2 and Yl = Y2 = ... = Yp = 

° gives a standard GARCH model. A positive value of Yj indicates a leverage effect, 

because for a positive y , as x increases, the funct ion 1 x 1- yx increases more quickly 

when x is negati ve than when x is positive. This cause the conditional variance to 

increase more for negative than positive values ofY,.i 

3.5. 1.5.Estimation of ARCH/GARCH Models 

3.5.1.5.1. Estimation of ARCH Models 
Based on the assumption of the normality made on the E, the method of maximum 

likelihoud estimation is adopted. Lct YI, y2 .... , y,; be a realization from an ARCH (I) 

process, then the likelihood of the data can be written as a product of the conditionals as : 

f(yv Y2, ... , Yt/9 ) = f(Yt /Yt-Jf(Yt-l/Yt-2) ... f(Yz/Yl)f(Yl/9) 

Where 9= (uo, UI)' . It is more practical to set condition on YI since the form f (YI/ 9) is 

difficult to obtain. Usuall y YI is assumed to be known and equal to its observed value. 

This allows us to use the conditional likelihood given by 

f(yv Y2, ... , Yt/9 ; Yl) = f(Yt / Yt- l)f(Yt- l / Yt-2) ... f(Yz/Yl)f(yd9; Yl) 

Since Yt/ nt - N (0, o?) it follows that 

t _ 1 {YE } f(Yt / n ) - ~exp --2 
V ZTIO"t ZO"t 

Where G,2 = ao + a, y,.t The conditional log-likelihood is expressed as: 

f = Inf(Y2, · .. ,Yt,9) 

_ It 2 1 tyf - - '2 Li=z ln (ZTIO"i ) - '2 Li=2 0 ' , 
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The maximum likelihood estimatcs arc obtained by maximizing this function with respect 

to ao, UI, (Tsay, 2002). Note that the function is non linear in these parameters and thus 

its maximization must be done using appropriate non linear optimization routine. Let a 

process [Y tJi~ l be a series generated by an ARCH (I) process, where T is the sample 

size. Conditioning on the initial observation, the joint density function can be written as: 

T 

fey) = n f(Yt / n t) 
t~2 

To find the conditional maximum likelihood estimates of ao and ai , first one needs the 

derivatives of the conditional log-likelihood (equation (3 .9» with respect to ao and a l 

respectively. The derivative results in two systems of equations with two unknowns. 

Then the systems of equations can be solved for Un and a;: which are the maximum 

likelihood estimates of ao and al respectively. 

3.5.1.5.2. Estimation of GAReH (1, 1) Model 
Estimation of the parameters of the GARCH (I , I ) model is performed in the same 

approach as in the ARCH (I) model. However, since the conditional variance of the 

GARCH (I , I ) model depends also on the past conditional variance, an initial value of the 

past conditional variance is needed. Suppose as before that we have a sample of log­

returns Yt ... Yn and we wish to find estimates ao, a;: and ~i that max imize the log­

likelihood function. 

The likelihood function is: 

L(UO, Uv~l ;yn) = p(yv · · ·,Yn /Uo,Uv ~l ) ' 

nn 1 (Yt) = exp --2 
t~ i ..f[Ti<Jt 2<Jt 

Whereas from (3.7), <J2t = ao + aI Y?I+ ~1<J? the log-likelihood function ofao, ai , ~I is: 

.f(uo, Uv ~i ; yn) = 10gL(uo, Ui' ~i; yn) 

n 1 n 2 1 n YE = - - log(2n) - - ~t_ i log<Jt - - ~t- i 2' 
2 2 - 2 - a t 

(3.10) 

To find the maximum likelihood estimates of a o, a i, ~I , first we can obtain the partial 

deri vatives of equation (3.10) with respect to a o, ai , ~I respectively and equate each to 

zero which results in a system of three equations with three unknowns. Then the systems 
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of equations can be solved for a;; , iX1 and ~1 which are the maXImum likelihood 

estimates of ao, ai , and ~I respectively. 

3.5.1.6. Test of ARCH Effect and Model Diagnosis 
For ease in notation, let at= Yt- >It be the residuals of the mean equation. The squared 

series a2t is then used to check for conditional heteroscedasticity, which is also known as 

the ARCH effects. Two tests are available. The first test is to apply the Ljung- Box 

statistics Q (m) to the {a2t} series, The second test is running a Lagrange multiplier test, 

that is a squared residuals of the regression are regressed on their q lags such that, E/ = 10 

+ 1IEt-/ + 12 Et] + ... + 1qEt-q 2 + Vt and the'R2 of the regression equation multiplied by 

the number of usable observations, T. The test statistic TR2 is distributed as chi-square 

with degree of freedom q which is the number of restriction <;)11 the null hypothesis, Ho: l' 

= 12 = .. . = 1q =0. If the test value is greater than the critical value the conditional 

variance has to be modeled, otherwise there is no need for ARCH family models (Engle, 

1982). 

For a properly specified ARCH model, the standardized residuals 

form a sequence of iid random variables. Therefore, one can check the adequacy of a 

fitted ARCH model by examining the series {ad, In particular, the Ljung- Box statistics 

of at can be used to check the adequacy of the mean equation and that ofa~can be used to 

test the validity of the volatility equation assumptions. The skewness, kurtosis, and 

quantile-to-quantile plot (i.e., QQ-plot) of {ad may also be used to check the validity of 

the distribution assumption. 

3.5.2. Stochastic Volatility 
The stochastic vo latility (SV) model is an important alternative to the ARCH type models 

and has attracted much attention recently. In ARCH I GARCH models, the volatility is 

considered as deterministic however, in SV models it is modeled as stochastic, That 

means SV considers the shocks affecting volati lity in contrast to ARCH type models. 

As illustrated in Kuan (2003), a simple SV process is, 

(3.11) 
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In (<Jz,) =ao+alln(<J,})+v, 

If la d <1; In (<Jz,) of stationari ty . 

The volatility equation has innovation term v, which is independent of c,. The inclusion of 

new innovations makes the model more flexible but estimation of the process becomes 

much more di ffic ult. 

If the assumption of normality is added, that is if c, - N (0, 1) and v,- N (0, <J,\ then, 

E [In (<Jz,)) = ao + alE [In (<J,})) +E[v,] 

Since la ll <1, for stability and v, has zero mean the expectation and variance becomes, 

E [In (az,)) = aol (1- al) 

Var [In (<Jz,)] = <J/ / (1- al z) 

That means, In (<J2
,) is di stributed as normal with mean ao/ ( 1- al ) and variance <J// (1 -

aI
2
) . 

If In (<Jz,) is di stributed as normal then <Jz, is di stributed as log-normal and the lognormal 

distribution can be specified in terms of the parameters of normal distribution. It is shown 

that, 

In (az,) - N (aol (1- al) ' <J// (1- alz)) 

Then, 

0": - IOg-nOrmal{exp[~+ (0": ,)], exp[ ( 2_a o t ( 0": l)]exp[ 0": I I]} 
I a 21 - a I a I - a I - a I . t I I I 

Knowing that E (y,) = ° and using the above information the higher order moments of y, 

can be calculated: 

E(y Z) = E(aDE(cD = exp [-c 1X0 ) + ("~ Z)]' 
1- a 1 2 1-cr1 

( 4) _ (4) (4) _ [ Zao Zu~ ] E Y - E <Jt E Ct - 3exp -c - ) + -( ') ' 1 - a1 1 - a1 

When the kurtosis of y" M4, is calculated, 

E(yt) _ [ u~ ] 
M4 [E(yf)l' - 3exp (i-all > 3, 

Thus, y, is also leptokurtic. 

An a lternative and more commonly used representation of SV models are given in Kim, 

Shephard and Chib (1998) such that, 
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y, = ~cxp (h/2) £, 

h,=f.!- <p(h,_'-f.!)+cr"l1, (3.12) 

Where the log-volatility is denoted by h, such that, h, = In (cr2
,) and h, - N (f.!, v,\ 

2 

where v~ = ~. The log-volatility follows a stationary process if 1<p1 < I; £, and 11 , are 1-q, 

uncorrelated standard normal white noise shocks and cr~ is the volatility of the log­

volatility. The parameter ~ or exp (al2) is constant scaling factor. · 

3.5.2.1. Stochastic Volatility Estimation 
Unlike the ARCH/GARCH models, a SV model include error terms in both mean and 

variance equations. The likelihood function is difficult to evaluate and several methods 

have been developed to solve this estimation problem. Such methods include generali zed 

method of moments (GMM), quasi-maximum likelihood (QML) estimation, and Monte 

Carlo Markov chain (MCMC) methods. In a Monte Carlo study, Andersen, Chung and 

Sqrensen (1999) compared the performances of various procedures and the MCMC 

method is found to be the most efficient tool in making inferences about SV models. 

MCMC is a Bayesian approach while others are based on an ad hoc approach. Therefore, 

in this study, MCMC approach is used to estimate the parameters of the basic SV model. 

Since MCMC is a Bayesian approach the basic ideas in Bayesian analysis will be 

described below. 

3.5.2.1.1. Bayesian Theory 
As explained in Koop (2003), Bayesian econometrics is based on a few simple rules of 

probabi lity. For two random variables A and B, it is known that, 

Similarly, 

p(B/A) = p(A/B)p(B) 
p(A) 

p(e/ y) = p(y/e)p(e) 
p(y) 

where y is the data set and 6 contains the unknown parameters. Bayesians treats the 9 as a 

random variable and p (9 Iy) is the fundamental of interest. It gives all the information 

about the parameters after observing the data. Ignoring p(y), 

P (6 Iy)oc p (y I 9) p (6) 
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The term P (8 Iy) is referred to as the posterior density, p (y I 8) is the likelihood function 

and P (8) is the prior density. 

If the mean of the posterior density, called posterior mean, is wanted to be estimated, 

E(O/y) = JOP(O/y)dO 

If g (8) is of interest rather than 8, then 

In general, the above integral cannot be evaluated analytically. Usually a numerical 

method is needed and in Bayesian econometrics this method is called as posterior 

simulation. The simplest posterior simulator is referred as Monte Carlo integration. 

The Monte Carlo integration has the following steps: 

Step I: Take a random draw 8', from the posterior of 8. 

Step2: Calculate g (8' ), where g (.) is a function of interest, keep the result. 

Step3: Repeat step 1 and 2 S times. 

Step4: Take the average of the S draws of g (81) ... g (8' ). The average value converges to 

E [g (8) Iy] as S goes to infinity. 

These steps give an estimate ofE [g (8) Iy] for any function g (.). 

In many cases, it is not possible to take randum draws trom p (8IY) because of the 

functional forms . However, dividing the parameter space 8 into various blocks such that 8 

= (8 (1), 8 (2) ... S (B)) and then taking random samples from full conditional distributions 

p(8(l )1 y, 8(2), ... ,6(B)), ... , p(S(B)1 y, 8(1), ... , 8(S.I )) is a possible way. This approach is called 

as Gibbs sampler and it is a powerful tool for posterior simulation. In this method, first an 

initial value is chosen and then random draws of 8 (i) conditional on previous draws are 

taken sequentiall y. It yie lds a sequence of draws from the posterior. A possible problem 

in thi s application is to select the initial value. However, the initial values do not matter in 

the sense that the Gibbs sampler will give a sequence of draws from the posterior and it is 

repeated S times. The first So of these replications are called as burn- in replications and 

the remaining S is used in estimation. Generally, the steps of the Gibbs sampler are as 

follows: 

StepO: choose a starting value, 8 (0), for s = I . . . S. 

Stepl : take a random draw, 8(l /') from p(8(l) Iy, 8(2( 1, . .. 8(st) 
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Slep2: Take a random draw, 6(2)(') li'om p(6(2) Iy, O(l t, ... O(B),-I ) 

Step B: Take a random draw, 6(s}') from p(6(s) Iy, e(l ( I, ... e(B-lt) 

Where, B is the number of blocks in the parameter set e; S is the number of replication. 

The above steps yield S values of e. To eliminate the effect of initial value the burn-in 

replications should be dropped and the remaining S draws are used to make inferences. 

That is, like Monte Carlo integration, the average of S draws converges to E [g (e) Iy 1 as 

S goes to infinity. While applying the above procedure, it can be ensured that the effects 

of the initial value are eliminated. Moreover, unlike the Monte Carlo integration, in Gibbs 

sampling the draws are not independent from each other. Therefore, Gibbs sampling 

required more draws than Monte Carlo integration. 

The fact that the draws in Gibbs sampling are dependent to each other means that the 

resulted sequence is a Markov Chain. This kind of simulators is called Markov Chain 

Monte Carlo (MCMC) algorithms. 

3.5.2.2. MCMC for Stochastic Volatility 
In a basic SV model which is represented by equation (3.13) the parameters are 6 = (!p , 

a~2, fl) . The posterior of e can be written as: 

n(e/y) <X f(yl e) f (e) 

Where f(yl 6) is the likelihood function and f (e) is the prior density for e. However, 

Since, 

fey Ie) = f fey / h, e) f(h /e)dh 

(Where h = (h i,. '" hT)), the T vo latilities are difficult to find , and so the direct analysis of 

n(e/y) is not possible. In such cases, posterior simulators can be used. A possible way to 

solve this problem is to apply Gibbs sampling which is a MCMC algorithm. In Gibbs 

sampling, as explained before, the parameter space is divided into blocks and the 

algorithm proceeds by sampling each block from the full conditional distributions. One 

cycle of the algorithm is called sweep or a scan, the draws from the sampler will 

converge to the draws from the density in interest as the number of sweeps or iterations 

increases. 
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For the basic SV model, the parameter space is (8, h) where 0 = (<p, O~2 , 11). The Gibbs 

sampling algorithm for the SV model is given in Kim, Shephard and Chip (1998) as 

fo llows: 

I . Initialize hand 8. 

2. Sample ht from h.." y, 8 for t= l , ... , T. (h.t denotes the rest of the h vector other 

than ht) 

3. San1ple ory2/Y, h, <p , 11. 

4. Sample <pl y, h, o~2 , fl. 

5. Sample Illy, h, <p , 0,/ . 
6. Go to 2. 

Cycl ing from 2 to 5 is a complete sweep of thi s sampler. Many sweeps should be 

performed to generate samples from 8, hly. 

The most difficult part of the algorithm is to sample from htlh." y" 8; since thi s operation 

has to be done T times for each sweep. However, in SV models it is not possible to 

sample directly from f (htl h." y" 8) because 

f (h tl h." Yt, 8) ex; f (htl h.." 8) f (Ytl h" 8), t= 1, . . . , n. 

So Metropolis-Hastings procedure is used to draw from f (htl h_" y" 8). The candidate 

density is taken as normal with parameters Ilt, v? 
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Chapter 4: Result and Analysis 
This chapter presents the data used in the study, constructs the empirical models and displays 

the results. 

4.1. Data Description and Basic Statistics 

The FOREX series for the major currencies were taken from the NBE from February 2, 

2001 to March 15, 2013. The FOREX series were a daily NBE records and the series 

exchange rate was an average of buying and selling rates ofNBE spot exchange. First, a 

time plot of the foreign exchange rate of ETB against major currencies such as EURO, 

GBP and USD was constructed. The majDr currencies from the FOREX market of 

EthiDpia were selected based Dn the dDcumented sample infDrmation fDr each. That is; the 

currencies with equal sample observations were selected and analysis was performed for 

each. Hence, first each currency data series was plDtted with the aid of statistical software 

(R version 3.00) in order to determine the existence or non existence of trend component 

in the series (displayed on FigureA I Df appendix A). 

Accordingly, the plot of each output indicated an upward increasing trend (Figure A I of 

Appendix A). Therefore, we can say that each series was including a trend component. 

Hence, before modeling the series the trend cDuld be remDved from the series by 

transfDrming the data series. 

It is obvious that the FOREX rate series is nDt stationary since it is increasing upward as 

time changes. HDwever, increasing pattern Df the series is nDt always an indication of 

non-stationarity. Hence, a stati stical test was made fDr the identification of the 

stationarity/or non-stationarity Df the data. BefDre removing the trend first we should 

decide whether the trend in the series is deterministic or stochastic. In order to do this, 

ADF and PP unit rDDt tests were applied two times with and without trend test. 

4.2. Unit Root Test for Stationarity 

Before estimating and developing a model for the senes a stationary senes must be 

obtained. The unit root test could help us tD determine whether the series is stationary or 

not. The unit root tests first impose the null hypDthesis that the time series has a unit root 

problem versus the alternative hypothesis that the series is stationary/or have nD unit root 

problem. To do so an Augmented Dickey-Fuller test (AD F) and Phillip Perron (PP) tests 
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are used to check the stationarity of the major currencies foreign exchange rate series per 

ETB. Initially, we check the stationarity of the original FOREX series for each currency 

and the result is displayed in Table 4. 1 and Table 4.2 below. 

In the first case, the ADF equation which does not include the trend component is used to 

calculate the test statistic; in the second case trend vari able is considered in the equation. 

The trend is deterministic if the series is stationary with trend but non-stationary without 

trend (Tsay, 20 I 0). ADF stati stics are calculated for both cases and the results are as 

presented in Table 4.1. The hypothesis to be tested by both ADF and PP test is: 

Ho: Non-slationary (I (I)) against HI : Stationary (1 (0)) 

Where I ( I ) imply there is a unit root problem and I (0) there is no unit root problem. 

Hence, based on the R output of the seri es the fo llowing results were obtained. 

Table 4.1: ADF tcst for FOREX data series for the major currencies (with trend) 

Currency Critical values • 
Test statistic 1% 5% 10% p-value 

ETB per USD -1.3577 -3 .96 -3.41 -3 .12 0.9409 

ETB per EURO -2.2805 0.4994 

ETB per GBP -2.7283 0.592 

Here the test stati stics (t=-1.3577, -2.2805 and -2.7283 of USD, EURO and GBP, 

respective ly) for the null hypothesis of HO are greater than their corresponding critical 

values -3 .96, -3.41 and -3. 12 at 1%, 5% and 10% respectively or less than in absolute 

value than their corresponding critical values. This result suggests that we cannot reject 

the null hypothes is of unit root; which implies the series is non-stationary. This output as 

stated is based on the equation of ADF with trend component considered in the series and 

in case; the series is found to be non-stationary in all the three major currencies FOREX 

senes. 

The following software output again on the assumptions of ADF is made for the equation 

with only drift and white noise. 
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Table 4.2: ADF Unit Root test for the Major Currencies FOREX series with drift 

Currency Critical values 

Test stati stic 1% 5% 10% p-value 

ETB per USD 0.8098 -3.43 -2.86 -2 .57 0.9009 

ETB per EURO 0.1742 0.3902 

ETB per GBP -0.1267 0.8991 

In the same manner, for each currency FOREX series the result showed that the series is 

non-stationary because all the test stati stic values were found to be greater than their 

corresponding critical values at 1%, 5% and 10% level of significance. Hence, according 

to Table 4.1 and Table 4.2 the series includes a stochastic trend since it is found to be 

non-stationary in both cases. 

Table 4.3: Phillips-Perron (PP) unit test for major currencies per ETB FOREX 

PP test with trend 

Currency Critical values 

Test statistic 1% 5% 10% p-value 

ETB per EURO -2. 1784 -3.966508 -3.4 13909 -3. 128683 0.6527 

ETB per GBP -2.2493 0.5797 

ETB per USD - 1.1426 0.9564 

PP test without trend 

Test stati stic 1% 5% 10% p-value 

ETB per EURO 0.0981 -3.435444 -2.862987 -2.567566 0.7521 

ETB per GBP -0.1367 0.4727 

ETB perUSD 1.2834 0.8567 

Table 4.3 presents the result of Phillips-Perron t-statistic for the major currencies 

exchange rate series. The test stati stic in all cases of the data series is greater than its 

critical va lues at 1%, 5% and 10% level of significance. The p-value also supports the test 

statistics, and fai ls to reject the null hypothesis. The result shows that, the PP t-statistic 

again fails to reject the unit root problem or the null of non-stationarity. These results 
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imply again the same indication with that of the ADF; that IS, the major currencies 

foreign exchange rate series per ETB have a unit root problem. 

Hence, the exchange rate series of the major currencies data series of each per ETB 

showed non-stationarity condition that can be stationeries by logarithmic transformation 

and some additional non-stationarity that can be corrected by differencing the logarithms. 

After transformation of the series by the logarithmic difference of the major currencies 

per ETB we also checked the stationarity or unit-root problem of the series. 

4.3. Transformation and Unit root test of the transformed series 

4.3.1. Transformation of the data series 
In order to analyze the volatility models, exchange rate returns are calculated for the daily 

data series. In financial time series analysis, the first difference of log value of a series is 

called the return and represents the percentage change in observation from period to 

period. The return or percentage change is highly applicable if the change is very small. 

Assume that r, denotes the exchange rate at time t. Then, 

Log-RetuflJ=Yt =Log (..!!....) = Log Crt) - LogCrt _ 1 ) = Lllog Crt), for t=2, 3 ... T. 
Tt - l 

Where, Ll stands for the differencing, log C.) stands for natural logarithms and T are the 

number of observations. To attain the mean stationarity, we took differences and for the 

variance stationarity, we took the logarithms. Consequently, the series for each currency 

exchange rate per ETB were made stat ionery by taking the first difference of the 

logaritlunic series and denoted as Yt. After transformation of the data to stationary 

process as a return, the return series could be fully used as an input data series for 

modeling volatility. 

4.3.2. Descriptive Statistics and Unit Root Test of the Major Currencies Exchange 
Rate Return 
The plot of the first difference of logarithm of FOREX series for each major currency is 

displayed under Appendix A of Figure A2 and indicating that the trend is totally 

removed. In order to support it statistically the above test was applied for the series with 

trend and the following result was obtained. From the line graphs CFigure A2 of 

Appendix A), we see that large values are followed by large values and smaller values are 

followed by smaller ones. That is, an indication for vo latility clustering of the data. 

37 



Table 4.4: ADF Unit Root Test for the Major Currencies of FOREX Return Series 

Currency Critical values 

Test statistic 1% 5% 10% p-value 

ETB per USD -40.2744 -3 .96 -3.41 -3.1 2 <0.001 

ETB per EURO -55.594 <0.001 

ETB per OBP -64.678 <0.001 

The computed ADF t-statistic for the first order logarithm difference for the original 

exchange rate data denoted as /',log(rt ) (or the return) of exchange rate series is smaller 

than the critical values at 1%, 5% and 10% significance levels respectively for each 

FOREX rate series. This result leads to the rejection of the null hypothesis of a unit root 

problem/or non-stationarity of the seri es. That is, the first difference of the transformed 

FOREX series does not have a unit-root problem. That is, the series is now stationery. 

That means the differenced log series is stationary which is denoted as I (0) and full y be 

used for modeling based on ADF test. 

Table 4.5: Phillips-Perron (PP) Unit Root for the FOREX Return Series 

Currency Critical values 

Test statistic 1% 5% 10% p-value 

ETB per EURO -58.9658 -3 .966508 -3.4 13909 -3.1 28683 <0.001 

ETB per OBP -99.0006 <0.001 

ETB per USD -1 43.6729 <0.001 

The PP test also gives a similar inference to ADF test. The computed PP t-statistic for the 

return series is very small compared to test critical values at 1%, 5% and 10% 

sign ificance levels. Therefore, we reject the null hypothesis that there is a unit-root 

problem in the return series. Thus, we make the same inference as in the ADF test where 

the series does not have a unit root problem in first differenced logarithmic series. That is, 

exchange rate of the major currencies per ETB series is stationary at first difference of the 

logaritlunic series. Therefore, based on the ADF and PP test we can conclude that the first 

order difference of the log transformed major currencies series (/',log (rt)) is stationary. 
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4.4. Test for ARCH Effects 

Before estimating volatility models, we must examine the existence of heteroscedasticity 

in the series for ARCH effects to make sure that thi s class of models is appropriate for the 

data. Before modeling; the variance of the square of the residuals of the mean equation, 

or the return of the series, should be checked whether they include any ARCH effects or 

not. In order to test for the existence of any ARCH effects or not, the ARCH-LM test is 

applied to the return series. 

4.4.1. Lagrange Multiplier Test for an ARCH effect in the Return Series 
For the test of ARCH effect in the return series of the data, there are two methods to use . 

Either using the series itself or using the square of the residuals extracted from ARMA 

model of the return (Tsay, 2010). Since both techniques are similar, in thi s study, direct 

use of the return series was used first. For implementation, second an ARMA model was 

built to the EURO return series and ARCH effect was tested from square of the residuals, 

and both resulted in the same conclusion. 

Table 4.6: Test of ARCH effect in the return series 

HO: no ARCH effects 

Currency Return Ch-square value Df p-value 

EURO return 0.2997 12 1 

GBP return 1338.982 12 <2.2e-16 

USD return 1388.902 12 < 2.2e-1 6 

Table 4.6 presents the Lagrange Multiplier test of the return series of fore ign exchange 

rate of the three major currencies. The LM test showed an existence of strong ARCH 

effect for the GBP and USD return with the test stati stic very large and p-value of which 

is approximately zero. Thus, it is pertinent to assume heteroscedasticity where conditional 

variance is not constant throughout the time in GBP and USD returns for the FOREX 

data series per ETB. For the case of EURO return at a default lag twelve (12) in the R 

software, we can say that; there is no ARCH effect. Tllis situation could be highly 

evaluated at every lag less than twelve. At lag one; for example, the p-value is found to 

be 0.4419 and again highly fail s to reject the null of no ARCH effect in the series of 

EURO return so that we can say there is no ARCH effect in the EURO return series. 
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One may rcpcat thcsc tests by constructing an ARMA (p, q) model, where the orders are 

estimated by using PACF and ACF plots for the AR and MA respectively. For the case of 

EURO series; p and q was found to be two (2) and one (1) respective ly. Then, ARMA (2, 

I ) was modeled to the EURO series and we extracted its residual values. Then, a LM test 

for the test of conditional heteroscedasticity was applied to the squared residuals 

extracted from the ARMA (2, 1). The test result also showed that, there is no ARCH 

effect in the EURO return series. The result is presented in the following table 4.7. 

Table 4.7: Test of ARCH effect for the squared residuals of ARMA (2, 1) 

Ho: no ARCH effect 

Model 1/Jl 1/J2 ITl C 

ARMA (2, 1) 0.1847391 -0.0050622 0.2229384 0.0002897 

EURO Chi-squared Df or lag value p-value 

value 

0.2316 1 0.6303 

0.2443 2 0.885 

Therefore, the null hypothesis of no ARCH effect could not be rejected for the ARMA 

model as well, for the case of EURO return series. The ARCH-LM test showed that the 

ARCH effect is unavailable for the EURO return series. Hence, modeling an ARCH type 

model or stochastic vo latility model for the EURO return series leads to misspecification 

of modeling its volatility. Therefore, ARCH type model is not appropriate for the EURO 

return series of FOREX per ETB. Consequently, volatility should be modeled for GBP 

and USD return series by either an ARCH type or a stochastic volatili ty model whereas; 

for the EURO return series it is recommended to model ARMA rather than ARCH type 

or SV model. For a time being since this theses was aimed to modeling the volatility 

(ARCH type and SV), EURO return was left in application or in modeling of volati li ty. 

Since modeling the volati lity of the series without an ARCH effect leads to 

misspecification of the model. 
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4.5. Estimation of ARCH type models 

Various deterministic volatility models could be fitted to the data, but in practice higher 

order GARCH models are not preferred because it is known that sGARCH (1, I) is able 

to capture the change in variance. Therefore, ARCH type models or deterministic 

volatility models that are commonly used in the literature such as: ARCH (1), ARCH (2), 

sGARCH (I , I), EGARCH (I , I), and APARCH (I, I) are fitted to the data return of 

GBP and usn series. The fitted ARCH type or deterministic volatility models are 

compared to each other based on the information criterion such as AIC and BIC and the 

best model were selected. These models were chosen to be modeled since they are 

common ARCH type models and highly used in the literature. 

4.5.1. Model Selection of ARCH type Models 
For the return series of GBP and usn, four ARCH type models were initially chosen and 

a best model for each series was selected based on the selection criterion such as AIC and 

BIC. The model with the smal lest AIC or BIC can better model the deterministic 

volatility of the return series. Hence, after selecting the best model for each return series, 

an appropriate methodology was performed for the selected model. 

Table 4.8: Summary Statistics for the ARCH Type Models of GBP and USD Return 

USD Return GSP Return 
Information sGARCH( I, I) EGARCH (I. I) sGARCH EGARCH (I , I) 
criteria ( I I) 
AIC -16.60222 -10.693 -7.4 18500 -6.79 11 
BIC -1 6.59245 -1 0.683 -7.408736 -6.7813 
ARCHLM 0.005 1881 94 0.0011 46 0.0118136 0.004961 
TR"2 ( I) (0 .9949) (I) (0.9975) 
(p-va lue) 
Log 25663.73 16531.0 I 11 40.29 10500.6 1 
Likelihood (8.32727) (3.7108668) 
(normali zed) 

APARCH ARCH (I) ARCH (2) APARCH ARCH (I) ARCH (2) 
(I, I) (1, I) 

AIC -1 2.570 - 15.1389 -15.1382 -6.8295 -7.4108 -7.4 130 
SIC -12.560 -1 5. 13 11 -15.1285 -6 .8198 -7.4030 -7.4032 
ARCHLM 0.0677 0.02406175 0.02727 194 0.0405 0.00959944 0.009599 
Test (0.9982) (I ) ( I) (0.9778) ( I) ( I) 
TR"2 
(p-value) 
Log 19432.03 23401.29 23401.23 10560.05 11 457.49 11461.83 
Likel ihood (7.570782) (7.570764) (3.70726) (3. 7081 29) 
(Normalized) 
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Accordingly, for both cases, GBP and USD rcturn scrics of the exchange rate; standard 

GARCH (I , I) model was found to be the best ARCH type model. That is, the AIC and 

BIC of sGARCH (I, 1) were fo und to be the smallest. Hence, we can say that sGARCH 

(1, I) model best fits the conditional volatility of exchange rate return of the major 

currencies, mainly GBP and USD per ETB. For the case of GBP as presented in Table 

4.9, the AIC and BIC ofsGARCH (1, 1), ARCH (1) and ARCH (2) models are almost 

similar to each other but still sGARCH (1, 1) is better than the ARCH (1) and ARCH (2) 

models since its information criterion was a little bit smaller than that of the ARCH (1) 

and ARCH (2). As a result, sGARCH (1, 1) model was fitted to the return series ofGBP 

and USD. It is also advisable to model the ARCH (1) or ARCH (2) to the USD data 

return seri es since the GARCH part of the sGARCH(1 , 1) model is not that much 

significant. For a time being sGARCH (1, 1) is modeled but it is recommended to use 

ARCH part only if such a situation was happen. 

The standard generalized autoregressive conditional hetroscedastic model for both returns 

was summarized below and all the information about the model was di splayed under 

Table Bland Table B2 of Appendix B; 

Model f or GBP return Model 

if, = 7. 433 776e-06 +0 186055 *y/., + 0. 7379723 *(J/" 

Modelfor USD return Model 

if, = 3.462 7e-10+0.92123 *y/.,+1.0000e-08 *(J/" 

The parameter estimation of the model was done by using R software. The parameters of 

the conditional variance equation were obtained by maximum likelihood estimator 

method. Using R, the parameter coefficients of the ARCH type models of the first order 

difference of the logarithm of daily FOREX rate of GBP and USD per ETB return series 

were obtained. The result of the parameters estimated was summarized under Table 1 A 

and 1 B of Appendix B. 
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The parameters of each model should satisfy the stationarity condition for thc conditional 

hetroscedastic vari ance. That is, the sum (0] + p] <I; coefficient for the ARCH patt and 

GARCH part, respectively) was sati sfied for each model. That is, 0.9240273 and 

0.921 2300 I are the sums of the coefficients of GBP and USD return series sGARCH ( I, 

I) model and both are less than one. In addition to thi s; all coefficients of the models are 

fo und to be positive that means the restrictions are satisfied for the sGARCH (1 , 1) model 

for ensuring variance to be posi ti ve. 

4.5.2. Graphical plot of the sGARCH (1, 1) Model of GBP and USD Return Series 
A graphical plot for conditional standard deviation is presented in Figure C 1 and C4 for 

GBP and USD under Appendix C, respectively. The values for the conditional standard 

deviation for both return models were obtained by taking the square root of the 

conditional variances of the model. From the conditional standard deviation plot in Figure 

C 1 and C4; the long spikes indicates high volatile periods of the series. For the GBP 

return series the spikes where clearly seen at the beginning, after a 1001h index, between 

15001h and 20001h index, near 25001h index. These were the high volatility periods of GBP 

return data series. For the USD return series conditional plot, the spikes were clearly seen 

twice between 01h and 5001h index, four times between the 20001h and 25001h index period. 

The spikes of the sGARCH (I , I) model show volatility clustering. The high spikes 

groups the volatility of the data series of each return . That is the plots point out some of 

the high and low volatility clustering in the return series. That is, the extraordinary long 

spikes are the high volatile periods in the data series. 

4.5.3. Diagnostic Checking of sGARCH (1, 1) Model of GBP and USD return series 
After we have estimated the parameters of the models for both returns, the next step is 

diagnostic checking the selected sGARCH (I , I) model of GBP and USD return series. 

For sGARCI-I(1 , I) model , the Ljung-Box Q-stati sti cs is very small with p-value very 

close to one for all Q(lO), Q( 15) and Q(20) for the standardized residuals and their 

squared series of GBP and USD return series as presented in table 2A and 2B of appendix 

B. The Ljung-Box fail s to reject the null of no autocolTelation of the residuals and 

squared residuals of the sGARCH (1 , 1) model. Subsequently, we can say that there is no 

autocorrelation in the residuals/or squared residuals of the sGARCH (1, 1) model. The 

result indicating that the Ljung- Box statisti c of the standardized residuals and their 
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squared senes fail to indicate any model inadequacy. That is, thc constructed model 

sGARCH (I, 1) have no serial autocorrelation in it. 

In the same manner; the p-value of the Jarque-Bera statistic is very high which fai ls to 

reject the null hypothesis of normality, implying that the standardized residuals and their 

square are normally distributed. These do not conflict with the theory of the model that 

better fits a certain data series. Hence, we can conclude that sGARCH (1 , 1) model is 

adequate for the GBP and USD return series. 

In diagnostic checking stage, a test for assessing of conditional heteroscedasticity in the 

return series was also conducted using ARCH-LM test on the residuals (Table 2A and 2B 

of the Appendix B). The ARCH-LM test for one lag difference of standardized residuals 

squared for GBP and USD is respectively: 0.01181368 and 0.2289299 under TR2_y) (I). 

But, the null hypothesis that was stated as; there is no autoregressive conditional 

heteroscedasticity effect up to order q is not rejected since the p-value for each series is 

approximately one and is much greater than the significance level of 5%. In general, the 

fitted model sGARCH (1, 1) was appropriately modeled for the GBP and USD return 

sen es. 

Therefore, the ARCH-LM test on the residuals of these models indicates that the 

conditional heteroscedasticity is no longer present in the return series of GBP and USD 

FOREX return per ETB. This means that we do not need higher order ARCH type model 

and that the sGARCH (1 , 1) model is able to capture appropriately the ARCH effects 

under the return series. 

4.6. Estimation of Stochastic Volatility (SV) Model 

In financial returns, the variance is affected by an idiosyncratic noise terms, exactly as 

returns. When there is an additional noise (with respect to those for returns) which affects 

the evolution of the variance, we say that we are in a stochastic vo latility model. As 

explained before, the ARCH type models consider the variance of the series as 

deterministic ; conditionally, although it can be stochastic. The SV model introduces an 

innovation (u t ) to the conditional variance equation of Yr. The addition of the innovation 

term increases the flexibility of the model in describing the evolution of (J2" but it also 

increases difficulty in parameter estimation. The difficulty in estimating a SV model is 
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because [or each shock the model uses two innovations c, and Vt. Therefore, the following 

basic SV model is estimated for both major currencies return series per ETB which 

models the day-to-day variation of the volatilities as a Markov process. To ensure 

positiveness of the conditional variance, SV model use In (cr2,) instead of cr2, 

The mostly used SV model in the application is: 

y, = fJexp (h12) c" for t2 1 

h, = Il + cP (h'-1 -Il) + cr~ l1' 

Where, hi -N (1-1, 1~:2)' £, and 1], are uncorrelated white noise process, vt= (J,,1], and 

vt- N (0;[2), h,= In (cr2,); which is unobservable or latent volatilities. 

In order to estimate the SV model ; an MCMC algorithm is used and done jointly by (R 

version 3.0.0 and a "tsbugs" package called to R from the OpenBUGS software). The 

MCMC sampler was initialized by setting all the h" cp, (J[ and Il on the 

program/command, that is, for the implementation of Gibbs sampling we used prior 

distributions which were realized by the "tsbugs" package from the OpenBUGS software. 

The initial value of Il is the sample mean of the log returns. The algorithm is iterated for 

both return series 11 ,000 times. The burn-in period is assumed to be large enough to 

ensure that the effect of the starting values become insignificant. The results for the 

posterior draws were summarized in Table 4.9 and Table 4.10 below: 

Table 4.9: GBP return Bayesian posterior parameter draws of SV Model 

fl/y (PsiO) cp/y(psi I) ~= exp[fl/2]/y r 2 
Parameter 

Estimate -10.5189 0.7045 0.005198 14.2504 

Standard Error 0.05411 0.03169 0.00021 1.344534 

Naive SE 0.001 7 11 0.001002 0.000203 0.0425179 

Time-series SE 0.0016121 0.0009511 0.0000054 0.0425179 

ESS 1176 69 1176 71 

DIC -23190 

Note: lime-series standard error IS due 10 Geweke (1992). 
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Table 4.10: USD returns Bayesian posterior parameter draws of SV Model 

Parameter ~y (psiO) 'illy (psi 1) ~- exp[~2]/y T2 

Estimate -9.0581 0.9355 0.00192 1.8183 

Standard Error 0.084998 0.010337 0.0057 0.20626 

Naive SE 0.0026879 0.0003269 0.023 0.006523 

Time-series SE 0.0026879 0.0002723 O.oJ8 0.0065225 

ESS 7311 742 731 1 220 

DIC -22400 

Note: tllne-serles standard error is due to Geweke (1992). 

The result presented in Table 4.9 and Table 4.10 above, shows the estimated value of q> is 

less than one which implies that the log volatility process In (0
2
,) is stationary. The 

estimated q> is close to one (0.7045 and 0.9355, respectively for G8P and USD return 

series) in both cases, which means the shocks in the log-variance are highly persistent. 

The naive standard errors of the sample mean deriving from the Monte Carlo simulation 

are considered as a measure of the accuracy of the estimates. The accuracy could be 

improved by increasing the number of iterations. The simulation inefficiency factors 

measure how well the Markov Chains mixes. As a rule of thumb, the simulation should 

be run until the Nai've SE for each parameter of interest is less than about 5% of the 

sample standard deviation. It is defined as the ratio of the numerical variance (i .e. square 

of the Monte Carlo standard error) and the variance of the sample mean that would derive 

from drawing independent samples, as independent random draws would be the optimal 

outcome of the simulation procedure, the most desirable inefficiency factor is one that is 

closest to one. The inefficiency factor can be interpreted as the number of times the 

algorithm needs to be run to produce the same accuracy in the estimate that would derive 

from independent draws. The inefficiency factor can generally be reduced by increasing 

the number of iterations (Geweke, 1992). The time-series standard errors give an estimate 

of the variation that is expected in computing the mean ofthe MC replications. 

4.6.1. Graphical Presentation of the Parameters of Basic SV model of GBP and USD 

Return 
Figure C7 (8) and C8 (8) of Appendix C; show the trace (or sketch) and corresponding 

plot density functions of the four coefficient parameters of the basic stochastic volatility 
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model. Figure C7 (A) and C8 (A) of Appendix C shows each at the top, an estimated plot 

of the volatilities for the GBP and USD return. From the plot of the estimated volatility, 

we can understand that the volatility of the return series is clearly described by the basic 

SV model. That is, the small daily volatile of the return series of the GBP and USD return 

were clearly shown by the plot of the SV model. The plot of Figure C7 (A) and C8 (A) 

was done by R using "stochvol" package for the purpose of sample volatile description 

for the return series from the stochastic volatility model. 

4.6.2. Diagnostic Checking of SV models 

After SV model was fitted to the data the diagnostic checks can be applied to the 

innovation or the error term. 

Table 4.11: Diagnostic Test of Standardized Innovations of SV Model of GBP and 

USD Return 

GBP SV Model 

Box-Ljung Test Jarque-Bera ARCH test BDS Test 

p-value 0.0943 0.4214 0.2288 0.3110 

USD SV Model 

Box-Ljung Jarquc-Bera ARCH test BDS Test 

Test 

p-value 0.8721 0.3125 0.9789 0.1234 

Table 4.11 shows that the resulting innovation from the SV model fulfils all the necessary. 

assumptions: normality, non existence of serial autocorrelation and test of independence. 

The Box-Ljung statistic tests the null hypothesis of no serial autocorrelation in the 

innovations of SV model. Whereas, Jarque-Bera, ARCH test, and BDS test respectively 

tests the null hypotheses of eHors are normally distributed, no ARCH effect and erro rs 

are independent and identica ll y distributed. Henc'e, in al l the cases; the null hypothesis 

could not be rejected. Therefore, we can say that the SV model is adequate for both the 

GBP and USD return data series. That is, the basic SV passes all tests and we can say that 

it describes the behavior of the data adequately. 
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4.7. Discussion of the Result 

In researches, discussions could be made in corresponding to the review of the related 

literature. However, since the review for the modeling of volatility of exchange rate of 

ETB per major currencies was not done yet, to the knowledge of the researcher, this study 

tried to discuss the result with those generally done related literatures of exchange rate 

volatility models. 

In this study the volatility of ETB per major currencies as deterministic is using ARCH 

type models was first modeled. Secondly, the volatility was modeled as stochastic using 

basic SV model. For the EURO data series of exchange rate per ETB, the data series 

failed to pass the test for ARCH effect. Due to this, EURO series was not used in the 

modeling of volatility for the FOREX rate per ETB. Hence, only GBP and USD data 

return was used for modeling the vo latility of exchange rate of ETB. 

The study found some evidence that standard GARCH (I , I) outperforms other models 

and fits the exchange rate volatility of ETB per GBP and USD, well deterministically. 

This result coincides with the work of Lunde (2003), who compared 330 ARCH type 

models and found sGARCH (I , I) as a best. 

In a similar manner, Hsieh (1989) compared different ARCH type models for the dail y 

data seri es of exchange rate of different currencies and found that sGARCH ( I , I) and 

EGARCH (I , I) were efficient for the data but sGARCH (I , I) proved to be better than 

EGARCH (I , I) and the result of this study is consistent again with Hsieh' s finding. The 

study done by Manduca (1991) in Norway also supports the idea that sGARCH (I , I) 

models better fit the exchange rate series volatility than any ARCH type implying the 

same finding with thi s study. 

In general, there are a lot of literatures regarding an ARCH type models and most of them 

supports the idea behind the performance of sGARCH ( I, I) model as it was the case in 

thi s study. For example, Bollerslev (! 987) exchange rate GBP; Maana, Mwita, and 

Odhian1bo, (20 I 0) for the exchange rate of Kenyan Shilling; Zakaria (20 12) exchange 

rate of Arab countries, etc and each of them fo und sGARCH (I , I) as a best model for the 

exchange rate volatility. Therefore, thi s thesis result of the ARCH type model co incide 
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with most others work, that is, it selected sGARCH (I, 1) model as a best model for 

modeling the exchange rate. 

SV is a recent ly very growing model of the financial time series which was found In 

many econometrics and stati stics as one of the best volatility model that captures the 

volatility clustering of financial data. For instance, Ronald and Peter (1998) empirically 

studied the basic SV model among the major currencies (US dollar, British pound 

sterling, Japanese yen, and German mark) ; Craine, Lochstoer, and Syrtveit (2000) 

modeled the SV of the Norwegian exchange rate; Kulikova and Taylor (2013) modeled 

the SV of the South African exchange rate. All these studies were found to be similar, as 

their study implied that the basic SV model captures the volatility clustering of the 

exchange rate. The result of this study is found to be similar to the above findings. 
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5. Conclusions and Recommendations 

5.1. Conclusions 

Volatility models cover a wide range of issues in Econometrics and Statistics. There are a 

lot of vo latility models that are assumed to be best for modeling the exchange rate 

variabi lity or modeling vo lat ility of financial time series data. 

The objective of th is study was modeling the volati lity of exchange rate deterministically 

and stochastically using ARCH type and SV models, respective ly. In th is study, models 

with performance reflected in the literature were used. It is difficu lt to include a ll the 

vo lati li ty models and because of this the study considered on ly few of them and furthe r 

focused on sGARCH (I , I) since it was fo und to be the best for the data return at hand. In 

general , the models used under the study were ARCH (I), ARCH (2), sGARCH (I , I), 

EGARCH (I , 1), AP ARCH (I, I) and SV. These models were chosen based on their 

repeated appearance in the literature of Economics/ or Econometrics and Statistics as best 

performs and based on their ability to capture the volati lity clustering or leverage effect in 

the financial time series data. 

Volati li ty models are broad ly divided into two categories. The first one is, the ARCH 

type models which models the vari ance as a deterministic function at time t-I having all 

information at hand at time t. ARCH type models include the ARCH (q), GARCH (p, q) 

and others like EGARCH (p, q), APARCH (p, q) and etc. Each ARCH type model has its 

own contribution in capturing the volati lity of the financial time seri es data by the 

conditional variance of being non-constant throughout the time. Among the ARCH type 

models used in the study, sGARCH ( I, I) outperformed the data in capturing vo latility . 

The study also considered the basic stochastic vo lati li ty model in wh ich the condi tional 

variance is considered as non-deterministic even if all information is avai lable at time t. 

so the second category is SV model which includes an innovation term to the vari ance 

equation. Even though the inclusion of illliovation term makes SV mode l more flexible in 

modeling the volati lity, there are some difficu lties in its parameter estimation. 

In this study ARCH type models were estimated using the maximum likeli hood function. 

But for the case of basic SV model , a MCMC estimation method was used for its 
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parameter estimation. MCMC estimation method was uscd for thc SV model because 

MCMC is compared with other methods and better estimates the SV parameter. For 

example, Geweke (1988) compared GMM, QMLE, and MCMC and found that MCMC is 

better for the estimation of SV parameters. And in the last decades Statisticians and 

Econometricians were repeatedly using the MCMC Bayesian methodology of estimation 

for SV model. 

5.2. Recommendations 

Based on the findings of thi s study, the following recommendations can be made: 

,/ In modeling the volatility of a given currency a careful review of the return series 

has to be made to check whether it contains an ARCH effect or not. A wrongly 

diagnosis of ARCH effect may lead to the misspecification of the model. For 

example, EURO return series considered in this study had no ARCH effect hence 

rather than modeling its conditional volatility model it is recommended to model 

its mean function only (or the ARMA) 
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Appendix 

Appendix A 

Figure AI: Plot of the FOREX rate of ETB per USD, EURO and GBP daily exchange 

rate 
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Figure A2: Plot of the first difference of logarithmic series for major currencies of 

exchange rate 
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Figure A3: plot of the P ACF of a return and squared return of the major currencies 

series 
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Figure AS: Histogram plot of the Return sel'ies of the Major currencies 

perETB 
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Appendix B: 

. .. 

Table 1: Error Analysis for the parameters of sGARCH (1, 1) for each Return series 

of FOREX 

Mu 
Omega 

alpha I 

betal 

A. GBP return series error analysis 

Estimate Std. Error t-value 

2.837e-04 9.2S l e-OS 3.067 
1.02ge-OS 1.812e-06 5.680 
1.716e-01 2.772e-02 6. 193 

S.917e-0 1 4.993e-02 11.849 

Slglllf. codes: 0 ' ••• ' 0.001 ' •• ' 0.01 ' . ' 0.05 ' .' 0.1 " I 

Log Likelihood: 11470.29 normalized: 3.710868 
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Pr(>ltJ) 

0.00216 ** 
1.3 Se-08 * * • 
S.90e-1O , ,* 
< 2e-16 *** 

•• 



Mu 

Omega 

alpha I 

betal 

n. USD return series error analysis 

Estimate Std. Error (-value 

1.334e-05 5.135e-07 25.987 

3.463e-10 6.548e-09 0.053 

1.2000e-1 3.216e-02 31.091 

1.000e-08 1.756e-04 0.000 

Slgmf. codes: 0 ' ••• ' 0.001 ' •• ' 0.01 '.' 0.05 '.' 0.1 " I 

Log Likelihood: 25663 .73 normalized: 8.302727 

Pr(>lt!) 

<2e-16 ... 

0.958 

<2e-16 •• • 

1.000 

Table 2: Summary Statistics for Standardized Residuals Tests for sGARCH (I , I) 

A. Standardized Residuals Tests ofsGARCH (I, 1) ofGBP return series 

Statistic p-value 

Jarqlle-Bera Test R Chi"2 9.3084802 0.254321 
Shapiro-Wilk Test R i.}\J 0.2937756 0.159083 

Ljung-Box Test R QLIQ) 2.853246 0.984669 

Ljung-Box Test R QLl ~ 3.68305 1 0.998604 

Ljung-Box Test R Q!lQl 4 .904527 0.999761 

Ljung-Box Test R"2 QLIQl 0.009653822 0.958345 

Ljung-Box Test R"2 Q(J51 0.0141 7345 0.986925 

Ljung-Box Test R"2 ~ 0.01746895 0.998726 

LM Arch Test 0.01181368 I 

B. Standardized Residuals Tests of sGARCH(I, 1) of USD return series 

Statistic p-value 

Jarqlle-Bera Test R ~hi"2 11.5905 126 0.12367 

Shapiro-Wilk Test R ~ 0.008994847 0.01 258 

Ljung-Box Test R 12(1 Q1 0.005550767 0.92857 

Ljung-Box Test R Q.(J5) 0.0 I 074157 0.96257 

Ljllllg-Box Test R Q(20J 0.01523815 0.98876 

Ljllllg-Box Test R"2;QOQ) 0.0043 16046 0.89278 

Ljung-Box Test R"2 12.0 5) 0.006487956 0.97272 

Ljung-Box Test R':'2 Q!lQ2 0.008670903 0.98527 

LM Arch Test 0.005188194 1 
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Appendix C 

Figure Cl: plot of conditional Standard deviation of the GBP sGARCH 

(1, 1) model 
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Figure C3: ACF of Standardized residuals and squared standardized residuals of 

GBP return ofsGARCH (1, 1) Model 
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Figure C4: plot of Conditional standard Deviation of USD return series 

of sGARCH (1 , 1) Model 
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Figure C5: Residual plot of the sGARCH (1,1) Model ofUSD Return series 
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Figure C6: ACF of Standardized residuals and squared standardized residuals of USD 

return 
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Figure C7: Plot of traces and Density function of the parameters in SV model for the GBP 

return 

@ 

'i2 

~ 

<n-

o 

A. Graphical plot of the Estimated volatility, sketch and density plot of the 
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B. Plots and Density of the parameters of the SV model for GBP return 
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Figure C8: the parameter traces and posterior distributions of USD return series 

A. Sample Plot of the Parameters and estimated volatilities for the 

USD return 
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B. Sketch and density function of the parameters of SV for the USD 

return 
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Appendix 0: 

Sample Joint Program of R and Open BUGS that was used for Stochastic Volatility 

Model 

> library( tsbugs) # time series R package for Bayesian using Gibbs sampler 

X 1 <-diff(log(x» # first difference of logarithmic series or the return, x is the ori ginal data vector 

> svO<-sv.bugs(X 1) # calling stochastic vo latili ty function from " tsbugs" package 

> print(svO) #displaying the program for the SV, it could be brought to Open BUGS to run or an 

#Open BUGS may be called to an R software to run in R. 

mode l{ 

# Ii ke lihood 

for(t in I :3091){ 

y[t] - dnonn(y.mean[t] , is igma2[t]) 

isigma2[t] <- exp(-h[t]) 

h[t] - dnorm(h .mean[t] , itau2) 

} 

for(t in I :3091){ 

y.mean[t] <- 0 

} 

for(tin I:I){ 

h.mean[t] <- psiO 

} 

for(t in 2:3091){ 

h.mean[t] <- psiO + ps il *(h[t-l ]-ps iO) 

} 
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#priors 

psiO - dnonn(O,O.OO I) 

psi I.star - dunif(O, I) 

psi I <- 2*psi I.star-I 

itau2 - dgamma(O.O I ,0.0 I) 

tau <- pow(itau2 ,-0.5) 

} 

> writeLines(svO$bug, "svO.txt")# writing the printed SV program jointly 

> libraly(R20penBUGS) # calling Open BUGS into R software 

The fo llowing program is then defined carefully and it may take time to run ; it depends on the RAM of PC 

> svO.bug<-bugs(data=svO$data, 

+ inits= li st(inits(svO)), 

+ param=c(nodes( svO, "prior")$name,!th "), 

+ model="svO.tx.t", 

+ n.iter=I IOOO,n.burnin= IOOOO,n.chains= l) # one cha in of the MCMC simulation is run for 

11000 #iterations, with the first 1000 used for burn in . 

> library(coda) 

>para m. mcmc<-as. mcmc( svO. bu g$si ms. matrix [, nodes( svO, "prior")$name ]) 

> summary(param .mcmc) 

> plot(param.mcmc[, 1:4]) # plots the parameter traces and posterior di stributions using the 

coda #package: 

> Iibrary(fanplot) 

# The volatility and time-dependent standard deviations estimates can be derived as 
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> h.mcmc <- svO.bug$sims.list$h 

> sigma. mcmc <- sq rt(exp(h .mcmc» 

># which allows us to directly view the estimated volatility process or the time-dependent 

>#standard deviation using the fanplot package, 

> library(stochvol)#(mu=psiO, phi=phi I.star, sigma=itau2) 

>res <- svsample(diff(log(Uforex» , priormu = c(O, 10), priorphi = c(lO, 1.5), priorsigma 

= I) 

>plot(res)# sample plot of the volatility and density of the parameters from the "stochvo l" 

package 
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