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Abstract 

Models for Forecasting Cereal Price in Ethiopia: An Application of ARIMA and GARCH 

Models 

Kedir Mohamedhusien 

Addis Ababa Univers ity 

Cereal production and marketing constitute the s ing le largest sub- sector in Ethiopian eco nomy. It 

acco unts fo r ro ughly 60 percent of rura l emp loyment, 73% of total culti vated land and 68.3% of 

total o utput, 46 percent of a typ ica l ho useho ld 's food expenditure more than 60% of ca loric/ 

intake. According to ava ilable est imates, cereals production represe nts about 30 percent of gro ss 

domestic product (GOP). In this study we attempted to model cerea l price and obta in forecasts at 

nat io nal leve l. The data used are mo nthl y cerea l price obta ined fro m the Centra l Stat istica l 

Agency (CSA) fo r the periods from September 1996 to July 201 2. 

Seasonal ARI MA and GA RCH were employed to ana lyze the mo nthly cerea l price data. It was 

found that the Seasona l ARlMA(O, I, I)*(O, I, I) and ARMA(2, 1)-GARCH(I , I) were adequate 

models fo r the data considered in this stud y. In the GARC H mode l, the va lue of the GARCH 

term fo r the return of cerea l price is close to one ind icating slow convergence o f vo latility to a 

steady state and high persistence in vo latility. In additio n, the constant term in the mean equation 

was s ignificant and thus it fo llows an ARMA (2, I) model. The po int forecast results showed a 

very closer match w ith the pattern o f the actua l data and better forecasting accuracy in va lidation 

period. A lmost a ll the in-sample forecast eva luations statistic indicated that the Seaso nal A RIMA 

mode l is better in compari son to GARCH Mode l. However, almost all the out -sample forecast 

eva luation stati sti c sho ws the superiority of GARCH ( I , I) mode l over the Seasonal ARIMA 

mode l. 
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CHAPTER ONE: Introduction 

1.1. Background and Motivation ofthe Study 

Offi c ia l statist ics of Ethiop ia indicates an average rea l GDP growth o f II percent over the 

last e ight consecuti ve years between 2003/4 - 20 I OIl I(Annual Report 20 I 0111 MoFED). 

Ethiop ia 's HDI score improved from .240 to 0.328 between the years 2000- 20 10; that is a 

2.73% average annual growth in HDI. Thi s is the third fastest average annual HDI growth 

rate in the wo rld . The top two are Rwanda and Serra Leone w ith an average annua l HDI 

growth rate of 3.3 1 % and 2.29%, respective ly (Hu man Deve lopment RepOit 20 I 0) . In 

20 II , Ethiopia 's HDI is 0.367, which makes Ethiopia a co untry wh ich has the first fa stest 

an nua l HDI growth rate in the world (HDR RepOit 20 11 ). However, if you do much 

sho pping, yo u have probably noticed that the cost of food has been ri s ing at very brisk pace 

over the past years. So, why are food prices ri sing so fast ? What will happen if food prices 

keep ri se? 

Nico las Sarkozy urges Act ion against world food prices that rose 37 percent in a year, 

driving 44 millio n more peop le into poverty (Ruitenberg and Dre ibus Jun 22, 20 II. When 

food prices rise in the deve lo ped co untries it may be pa in ful fo r millio ns of these co untr ies, 

but aro und the wo rld, a r ise in food prices may mean the d iffe rence between surviv ing and 

not surviving. 

High food pr ices means buying less food, 0 1' hav ing less mo ney to spend on other things. 

Higher fo od prices are causing more people to go hungry. Because high food prices means 
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spend a lot of mo ney on food or not getting enough to eat. In general mass ive food price 

increase could result in: 

• Increase hunger as food becomes unaffordable. 

• Eat less fruit, vegetables, dairy and meat in order to afford stap le foods such as 

wheat. As a resu lt of less or no intake of protein and vitam ins, caus ing ma ln utrit ion 

part icu larly for chi ld ren, pregnant women and unborn chi ldren . 

• Househo ld s are going into debt or sell ing o ff assets vita l to future II1come such 

as catt le to pay for food. 

• Less attentio n to health care, fami Iy planning and education 

• Women who tend to manage the food budget may earn money by tak ing up risky 

employment such as sex work or domestic work. 

Despite clear understanding o n the impacts of high food price variabi lity, much has not 

been done in modeling food price data. Therefore, there is need for understanding and 

modeling the rate and s ize of food price variabil ities in deve loping countries li ke 

Ethiopia . 

1.2. Statement of the Problem 

The know ledge abo ut domestic price and its vo lati lity pattern influences dec isions of policy 

makers to br ing price and its volati lity on stap le food crops to sat isfactory leve ls, as pr ice 

and its vo latility markets affect production leve ls, investment and income stabi lit y of 

consumers, whole se llers, producers and as well as the country's economic development. 

Moreover, it is ge nera lly accepted that profo und understand ing of the price and its vo lati lit y 

generating process, in particular, the speed of price vo lat ility adjustment in response to 

shocks due to d iffe rent factors is of crucial importance for a developing eco nomy especially 
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for Ethiopia whose policy is oriented towards price sta bility. Therefore , this study attempts 

to address the fo llowing problems: (i) Is there domestic price vo lati lity on the cereal price? 

(i i) Ca n it be mode led and predicted by GARCH or Seasonal A RlMA Model? 

1.3. Objective of the Study 

The genera l object ive o f this stud y is to mode l cerea l prices as well as vo latilit y of 

cerea l prices in Ethiop ia. 

The specific objectives are: 

~ Fit appropriate ARlMA and GARC H mode ls for data on cerea l prices 

~ Assess the vo lat ility of producer price of cerea ls 

~ Make forecast of the producer price a nd pr ice vo lat ility fo r cerea ls 

~ Compare the resu It of ARI MA and GARCH mode ls on cerea l prices 

1.4. Significance of the Study 

As many studies indicated price vo latility on the agricultura l com mod ities has negative impact 

on the economy of the country through making income instability for producers, consumers, 

whole sellers, and leads to a major dec line in future output (Gebrem edhin et al. 2006). Thus, the 

findings of this stud y 

~ Co uld he lp to c lose ly monitor the changes in the market supplies and price behav io r 

suc h as the surpluses or sca rc ities that co uld req uire adjustments in respo nse to the 

current food shOltages (optima l co ntro l of the system). 

~ Contribu tes to identifY the pattern o f producer price volat ili ty for the purpose of being able 

to make more informed dec is ions and to regulate its prices. 
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~ Contributes to know ledge on agricultura l comm odities pricing. 

~ Would be used as a bas is to other researchers for further invest igations. 

1.5. Organization of the Study 

This work is organized into the following chapters. Chapter o ne is introduct ion of the thes is. 

This chapter briefly addresses the the s is object ives, s ignificance, and background. Chapter 2 

rev iews the li te rature with emphasis on the statistical too ls releva nt to modeling prices. 

Chapter 3 exp la ins the methodology applied in bui lding ARIMA and GARCH mode ls and 

estimating their parameters in various time lags for plaus ib le description of the data. 

Chapter 4 presents the results o f ana lys is. Chapter 5 co nc ludes this paper. 
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CHAPTER TWO: Literature Review 

There is now considerab le empirical evidence that the vo lat ili ty in agricultura l prices IS a 

concern for agricultura l producers and for other agents along the food chain . Pindyck (2004) 

pointed out that changes in commodity prices can influence the tota l cost of production as we ll 

as the opportun ity cost of produc ing comm odities currently rather than later. It has also bee n 

argued that price vo lati li ty reduces we lfare and competition by increas ing consumer search 

costs (Z hang et a I. , 2008). In the same line, Apergis and Rez itis (2003) noted down that price 

volat il ity leads both producers and consumers to uncelta inty and risk. 

Price vo latili ty on agricu ltura l crop in deve lop ing co untries like Ethiopia leads to a variety 

of risks like inco me in stabil ity on consumers, produ cers, as we ll as on overall econo mic 

g rowth. For poor consumers, consequences o f price instab il ity are severe . Since a large 

share of the ir inco me is spe nt on food, an unusua l pr ice increase forces them to cut down 

food intake, take the ir children o ut of schoo l, or, in extreme cases, s imp ly to starve. T he 

recent hike in re lative prices has increased the urban cost of living by 8-1 2 percent in urban 

areas and wo rsened inco me inequa lity significant ly (Klugman, 2007). 

The li terature o n inflation in Ethiopia is limited. N everthe less, few stud ies have emerged in 

the light of Ethiopia ' s food price cris is . Most of these stud ies take a genera l approach, 

identi fy ing and discuss ing vario us poss ible factors co ntributing to inflation. Severa l facto rs 

have been ment ioned as causes o f the recent glo bal food price inflat ion. For example: ris ing 

populatio n; rapid eco no mic growth in emerg ing eco nomies which resulted in increased food 

demand ; high energy and ferti lizer prices; increased use o f food crops for bio-fue ls; 

depreciation of the US do llar ; and decl ining glo ba l stocks o f food grains due to changes to 

bu ffer stock po licies in the US and European Union (A hmed, 2007). Mo re recent ly, G il bert 
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(2009) argued that the world food price hikes in 2006-2008 are main ly explained by 

deprec iat ion of dollar and fut ure market investments. 

There is no consensus on why Ethiop ia is experiencing such rapid price rises. Inflat ion 

growth has recently coincided with re lat ive ly high economic growt h rates, whereas in the 

past inflation was traditionally associated w ith large agr icu ltural supply shocks due to 

drought. World food price increases are traditionally be lieved to have rather small effects in 

Eth iop ia because of the limited size of food imports, wh ich amount to about 5 percent of 

agricul tura l GDP. Prices for major staple crops have been above import parity since early 

2008, and though there has been an incentive to import ordinary cereals, estimates suggest 

that li ttle info rmal or forma l trade actually took place (IFPRI, 2008). Instead , the chief 

exp lanations have focused on high domestic demand, expansionary monetary policy, a shi ft 

from food aid to cash transfers, and structural factors due to reforms and investments in 

infra structure (Ahmed, 2008; Dorosh and Subran, 2007 ; WB, 2007; IMF, 2008a; IMF, 

2008b). 

There is some evidence indicating that world food prices have been driven by higher grain 

prices. For instance the international price of wheat increased more than triple between 

2002 and March 2008. The price has since then come down, but as of August 2008 it 

remained 70 percent higher than the average price in 2006. Similar trends have been 

exhib ited for other cerea ls and food items (Ahmed, 2008; Ivanic and Mart in, 2008). 

According to the empirical findings of Mulat et al (2007), the role of cooperat ives has been 

significantly increasing both in the input and output market through improved access to 

storage faciliti es and market information. Along with strong emergence of these fa rmers 

cooperatives, access to credit channeled through Microfinance Institutions (MFls) and the 
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Ministry of Agriculture and Rura l Deve lopment (MoARD) has a lso greatly contri buted to 

the change in production and marketing behavior of farmers. 

Moreover, s in ce 2005 Ethio pian Government managed to secure food aid in terms of cash 

transfer from donors through Productive Safety Net Program (PSNP). This had e liminated 

impo l1ed food aid and pumping more cash for loca l. According to the WB 2007 st ud y, of 

the tota l aid benefic iar ies' cash recip ients account for 45% to 64%, this has been an 

impOltant source o f food expend iture. In fact, in 2006 alone the PSNP transferred about 

ETB 800 million in cash and ETB 800 million equivalents in cerea ls (WB, 2007). 

Over the past three decades, Ethiopia has experimented with a who le spectrum of 

agricultura l price policies and then fo llowing the overthrow of the Derg regime in May 

1991 , various economic reform programs were launched, including major reforms in cereal 

markets. As part of the reorganization and re-structuring o f government parastatals that 

began in 1992, Agricultural Market Corporation reorganized as a public enterprise and 

allowed to operate in the open market in co mpetitio n w ith the private sector. The name of 

the agency was a lso changed to the Et hiopian Gra in Trade Enterprise (EGTE) and one of its 

mandate is to stabilize prices wit h an objecti ve to encourage production and protect 

co nsumers from price shocks and maintain a strategic food reserves for disaster response 

and emergency food security operat ions. However, the EGTE encountered at least three 

major problems in the subsequent years. First , there was a constant tension between 

fulfilling its mandate of price sta bilizat ion and that of co mpetitiveness and profitability 

(Beke le, 2002) . Second , EGTE was not effect ive in stabiliz ing grain prices due to its limited 

grain purchases and sales network and shortage of working capital. The c losure of branch 

o ffices and purchase andlor sales centers in regio ns with less potential for grain production, 
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and in remote areas reduced procurement and led to under utilization of EGTE resources 

(Lirenso , 1994). Fina lly, the EGTE was often not ab le to guarantee purchases at pre-

announced prices due to log istic and capita l constra ints, which had led to shaken farmers 

confidence and loss of pol icy cred ibi lity (Meron et aI. , 2006). The most recent and 

impoltant attempt towards market deve lopment in Ethiopia has been the estab lishment of 

the Ethiopian commodity exchange which imposed the ban on cerea l expOit in February 

2008 to stabi lize domestic price on the agricultu ra l food crops. This was based on the 

assumption that prices had increased because of expo rts. However, the IFPRJ study 

concluded that the cross bo rder trade of cerea l was too small to influence the domestic 

market prices (Alem u et a I. , 2007). 

When it compare to statistica l modeling of cerea l price the following studies co uld be cited: 

Stephan et al (2009) studies the deve lopment of cerea l prices during the 20th centu ry using 

yearly data from 1900-2002. He found both, the ARJMA (I , I ,2) and ARJMA (0, I ,4) 

mode ls se lected for rice and wheat respectively, indicate the presence of unit moving 

average roots. As far as wheat and rice are concerned then, the conclusions obtained for the 

1900-1 992 sub-sample cont inue to support the inference of a signi ficant dri ft coefficient in 

the difference stationary mode l se lected by AIC while there appears to be no support fo r the 

inclusion of dummy variables. (Stephan et aI 2009). 

Shiferaw (20 12) employed ARC H/GARCH model s to capture the log-return price vo latility 

under the study of price returns of crops. He fou nd that GARCH ( I, I), GARCH( I ,2) and 

GARCH (2 , I) mode ls were the most appropriate fitt ed models to use one has to eva luate the 

vo lat ility of the log-returns of price of Cerea l, pulse and o il crops respectivel y. Prices 

vo lat ility was pers istent in a ll three categories of se lected agr icultural crops. The fo llowing 
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studies employed GARCH and/o r ARlMA models in ana lyz ing var ious types of inflation or 

price vo latility 

There are a number of different vo latility est imating and forecasting models such as 

GARCH-type and SV models. Amo ng those model s, the fa mily o f GARCH-type mode ls 

introduced by Eng le ( 1982), Bo llerslev ( 1986) and Tay lor ( 1986) and then deve loped by 

many other researchers is the most common approach and proved to be suffi c ient to capture 

the propel1ies o f return series. We narrow the discuss io n of empirica l studies to the GA RCH 

and ARIMA mode ls. 

In hi s research, Eng le ( 1982) uses ARC H (4) models to estimate the mean and vari ance of 

inflat ion in the UK. He fo und that the ARCH effect is s ign ifica nt and the estimated varia nce 

cons iderably increased during cri s is pe riod . As mentio ned in prev ious sect io n, so me 

problems with ARC H (q) mode ls led to the more general framework GARCH (p, q) 

proposed by Bo llerslev (1 986) and Taylor (1 986). Bo llerslev (1 986) foc used on the paper o f 

Eng le and Kraft ( 1983) who attempted to expla in the rate of growth of GN P defl ator in US 

by its own lagged va lues. Bo llerslev employed GA RCH ( I, I) and ARCH (8) in his stud y 

and fo und that GA RCH (J , I) outperform the A RCH (8) in terms o f best fit and reaso nab le 

lag structure. 

T lu'ee years later, Akgiray (J 989) employed GARCH (l , I) model to expla in the da ily stock 

return series o btained from Centre fo r Research in security prices from 1963 to 1986. The 

empi rica l resu lts showed the s ignificant dependence in stock return . The conditional 

heteroscedastic ity process a llowed the improvement of the vo lati lity fo recast. Akg iray 

(1989) also argued that GARCH ( I, I) fit the data very sati sfactoril y and outperfo rm usual 

hi storica l est imates in forecasting variance. 
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Bollers lev ( 1986) provided the overview o f some extension of ARCH type models and a 

survey of some empirical app lications. They argued that GA RCH ( I, I) is sufficiently 

enough in a lmost financial app licat ion without the need of more compli cated models. 

T he forecasting ability of ARCH-type models is comprehensively researched in the study of 

Hansen and Lunde (2005). Their analysis consisted of 330 different ARCH-type mode ls to 

est imate the volatility of DM exchange rate and I BM stock returns. The main findings are 

that the GARC H ( I, I) is superior in ana lyzing DM exchange rate rather than any other 

models. Whereas, GARCH ( I, I) underperforms in mode ling IBM stock return compared to 

other models. T he study suggested the good forecast ing mode ls require specifications, 

which are able to capture leverage effects. 

Another prominent piece of paper is performed by Song et a!. (1998). After the economic 

reform in China, Song et a!. (1 998) emplo yed GA RCH mode ls to ana lyze the volat ility on 

the two main offic ia l stock markets including Shanghai and Shenzhen Stock Exchanges in 

mainland China. The sample data was observed from May 1992 to February 1996. It is 

believed that the Chinese stock markets which have fewer listed companies and smaller 

capitalization than mature markets and ha ve been fluctuated after the economic refo rm are 

considerably more vo latile. There are three main outcomes, which can be concluded from 

the paper. Firstly, although var ious GARCH (p,q) specifications are fitted the data, 

GARCH-M (I , I) model shows to best mode l the stock return series of both Shanghai and 

Shenzhen markets. GA RCH-M mode l indicates the higher returns for hi gher risks in the 

stock prices. Secondly, the ev idence of vo latility transmiss ion between the two markets was 

found. Moreover, the one month forecast suggests the similar pattern of the conditional 

variances of the two markets' return . 
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The result ga ined fro m different studies vanes between markets and depends on the 

spec ificatio n of data and the choice o f evaluation measures. In th is study, we have used 

Seasona l ARJM A and GARCH model s. 
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CHAPTER THREE: Data and Methodology 

3.1. Data Sou I'ces 

The purpose of this study is to mode l and forecast cerea l price and vo latility of cereal price 

of Ethiop ian market. In o rder to propose suitable spec ifications, it is reasonable to 

investigate the nature of the data set. The characteristics of the data and their descr iptive 

statistics partly indicate the appropriate model s, wh ich should be emp loyed. 

In this stud y, the data are secondary data on the monthly cerea l price of Ethiop ian markets 

obtained from the Central Statistical Agency (CSA). The focus on cerea ls is motivated by 

the place of cerea ls on production and consumption in Ethiopia. Cerea ls are by far the 

largest gro up in terms of the ir share in area cultivated , output, and consumption. 

T he data is limited to the four regions of Ethiop ia, namely, T igray, Amhara, Oromya and 

SNNP Region. My cho ice of these reg ions was not only due to ava ilabi lity of re latively long 

series of prices but a lso due to the ir large coverage cerea l production, which is about 90% 

(Taffese, 2008). The choice of monthly data is obligato ry, because da il y or weekly cerea l 

price data are not ava ilable. 

The sample means fo r cereal price series stalts on September 1996 and ends on Jul y 20 12 

for the fo llowing considerations. Prio r to September 1996 the data are not ava ilable. That 

means monthl y cerea l price data are on ly avai lable starting fro m September 1996. 

Therefore, the research period is intent ionally chosen from September 1996 to July 2012 . 

The series from 1996 to 201 2 constitutes 192 mo nthl y observations. The time period is 

d ivided into two. The fir st period includes the mean ce rea l pr ice data /Tom September 1996 

to august 20 II. These are used for the estimation of the mode ls ' parameters. The remaining 
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12 observatio ns, which are constructed from September 20 II to July 20 12, are e mployed 

for out-of-sample forecasts. 

3.2. Methodology 

3.2.1. Preliminaries 

DefillitiollS 

(i) Strictly statiollary 

A strictly stationary time series is one for which the probabi listic behavio r of co llection o f 

va lues{xt" xt" ... , xtJ is identical to that of the time-shifted set 

(ii) Weakly Statiollary 

A weakly stationary time series, xt, is a finite var iance process. Its mean function, fl t' is 

constant and does not depend on time t i.e flt = fl for a ll t. And the covariance funct ion,yes, 

t) depends on s and t only through their difference It - sl which we call lags; for all sand t 

and is denoted by yeh) where h = t - s. In this study, we will use stationary to mean 

weak ly stationary. 

Most of the probability theory of time series is concerned with stationary time series, and 

for this reason, time series analys is often requires one to turn a non-stationary series into a 

stationary one so that one can use thi s theory (B rock we ll and Davis, 1996). To app ly this 

theo ry we need to test for stationarity, if not difference and test the differenced series. 
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3.2.2 Tests fo l' Stationarity 

3. 2.2. 1. Time Plol: 

Regardless of which tec hnique is used, the fU'st step in any time series ana lys is is to 

construct a time plot of the data, and inspect the graph for any ano malies. A number of 

qua litative aspects a re noticea ble as yo u visual ly inspect the graph. A time plot of the data 

w ill typ ica lly suggest whether any differenc ing is needed to make the time se ries stationary. 

I f differenc ing is ca lled fo r, then di ffere nce the data once, d = I, and inspect the t ime plot 

of lJx J . If Additiona l diffe renc ing is necessary, then try d ifferenc ing aga in and inspect a 

time p lot of 1J2 XJ . Be careful not to over difference because th is may introduce dependence 

where none exists. For example, Xt = W t is seria lly unco rre lated; but IJx t = Wt - w t - 1 is an 

invert ible MA (l) . 

3.2.2.2. The Correlogram Tesl 

The autocorre lat ion funct ion, ACF, defined as 

(5 t) _ y(s,t) 
P , - h(t,t)y(s,s) 

(I ) 

measures the linear predictability of the series at time t , say xt , using only the value xs' 

One way to characterize a series w ith respect to its dependence over time is to plot its 

sample autocorre latio n functio n. This funct io n is abbrev iated as ACF and its plot is usua ll y 

referred to as a co rre logram. The partial autocorre lation funct ion, denoted by PAC F, is 

s imilar to the ACF and can be described as the co rrelatio n between xt and Xt+h aft er 

controlling for the co mmo n linear effects o f the intermediate lags. Both fun ctions are used 

in Box-Jenkins mode ling as co rre logram to revea l impo rtant information regard ing the order 
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of the a utoregressive (AR) and moving average (MA) orders as mentioned in table I and 2 

below. In add it io n to this time plots, the sample ACF can he lp in indicating whether 

differencing is needed to achieve stat ionari ty. Because the polynom ia l <\l(z) = (1 - z)d has 

a unit root, the sa mple ACF, p(h) , will not decay to zero fast as h increases. Thus, as Wei 

( 1990) states, a s low decay in p(h) is an indication that differenc ing may be needed. 

3.2.2.3. The Unit Root Test 

While the stat io nary tests described in the above sections make use of subjective v isua l 

inspection of data plots and corre logram, other tests were developed to help with 

determining stationary. These tests are also known as unit root tests. Stationary tests are 

based for the most part o n formal stat istical tests and the difference between them lies in the 

strictness of the assumptions they lise as we ll as in the form of the null and a lternat ive 

hypotheses they adopt. The standard Dickey-Fu ller test (OF) is based on iid. errors and has 

as a nu ll hypothesis that there is a unit root. On the other hand, the Phillips-Petron test is 

no nparametric and al lows for so me heterogeneity and serial correlation in the innovations. 

There exist many other unit root test other than the o nes mentioned above. However, in this 

study, we use the most popular test ca lled the Dickey-Fuller test (OF). 

Consider a causa l AR(I) process (we assume througho ut this sect io n of Un it Root that the 

noise is Ga uss ian); 

X t = <\lx t - 1 + W t (2) 

A unit root test provides a way to test whether eq. 6 is a random wa lk (the null case) as 

opposed to a ca usa l process (the a lternative). That is, it provides a procedure for testing 

Ho: <\l = 1 the data has unit root and is non-stationary 
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versus 

H, < 1 the data does not have unit root and it is stationary 

Toward a mo re general mode l, we note the DF test was establi shed by noting that if 

Xt = <PXt-l + wt, then subtracting Xt-l from both s ides we obtain \lXt = (1 - <P)xt-l + 

W t is same as \lx t = YXt- l + w" and one cou ld test Ho: Y = 0 by regress ing flxt on xt- l . 

They formed Wald statistic and derived its limiting d istribution. T he test was extended to 

accommodate AR(p) models, xt = L~:l ( <PjXt- j) + w t, as follows. From the mode l 

S ubtract Xt- l to obtain 

(3) 

Where, y = (<p, + <P2 + ". + <Pp - 1) a nd '¥j = - If: ; <P j j = 2,3, "., P 

To test the hypothes is that the process has a unit root at I ( i.e. , the AR polyno mial¢(z) = 

o when z = 1), we can test 

Ho: Y = 0 - (the data has unit root and is non-stationary) 

Versus 

H, : Y < 0 - (the data is statio nary and does not need differencing) 

by estimating y in the regress io n of \lx t on X t- l , \lx t_ l " .. , \lxt_pand form ing a Wald test 

based o n ty = ~. This test leads to the so-ca lled a ugmented Dickey-Fuller test (ADF). 
5e(y) 

While the calcul at ions for obtain ing the asymptot ic null di stri bution change, the bas ic ideas 

and machinery remain the same as in the simp le case. For ARMA (p, q) mode ls, the ADF 

test can be used assuming p is large enough to capture the essent ia l corre lation structure; 

T he general model fo r ADF that inc ludes a co nstant or even no n-stochastic trend is 
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_ A ",p-1 
llx, - a + ,ot + yx, - L.j =1 'Pj'Vx'_j + w, (4) 

Where, y = (<1>, + <1>2 + ... + <1>" -1) and 'Pj = - l:f=i <l>j j =2,3, ... ,p 

Example x, = a + pt + <l>x'-1 + w, 

If we assume p = 0, then under the null hypothesis,<I> = lor equivalentlyy = 0 , the 

process is a random wa lk w ith drift a . Under the alternat ive hypothes is, the process is a 

causa l AR (I) w ith mean f.' = a(1- <1». If we cannot assume p = 0, then the interest here is 

testing 

Ho: (P, <1» = (0, 1) sim ultaneo usly, (The process is rando m wa lk w ith drift) 

Versus 

H, : not Ho (The process is stationary around a g lobal trend) 

the null that (P, <1» = (0, 1) s imultaneo usly, versus the a lternative that p '" 0 and I <PI < 1 

In this case the nu ll hypothesis wi ll be the process is a random wa lk w ith drift , versus the 

alternative hypothes is that the process is stationary around a glo ba l trend . 

The name, uni t root, comes from the fact that the coefficient of X'_1 is unity, if the t ime 

series is non-stationary, and the Un it Root tests, as the name suggests, tests if <p is unity or 

not. Greene (2000) stated that a non stationary t ime ser ies co u Id be converted to a stationary 

time ser ies by taking first or higher order difference. 

3.2.3. Time Domain Approach and ARIMA Models 

The time domain approach is ge nerall y mot ivated by the presumpt ion that co rre lation 

between adjacent po ints in t ime is best exp lained in terms of a dependence of the current 

value on past va lues. The t ime domain approach foc uses o n modeling so me future value of 

a time series as a parametric funct ion of the current and past va lues. One approach of t ime 
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domai n ana lysis is the Box-Jenk ins ( 1970; see a lso Box et a I. , 1994) method which, 

deve lops a systemat ic c lass of mode ls ca lled ARIMA mode ls. Converse ly, the freq uency 

domain approach assumes the primary characteristics o f interest in time series ana lyses 

re lated to periodic or systematic s inuso ida l var iatio ns fo und naturally in most data. 

In this study a uni variate Box-Jenkins Methods (Box et al 1994), in particular, seasonal 

Autoregressive Integrated Moving Average (Seasona l ARlMA) and Genera lized 

Auto regress ive Co nditional Heteroscedast ic (GARCH) methods are used. 

T he differences between the types o f mode ls tested here re late to the spec ification of the 

mean and va riance of the series. ARIM A mode ls have both a constant mean and a constant 

variance ; GARCH mode ls have a consta nt mean, but time-varyi ng var iance. 

Assumptions of ARIMA Model 

I. Expected va lue of residuals Wt is zero, i.e. E(wt)=O 

2. Variance of the res iduals Wt is constant , i.e. var (w t ) =cr; = cr 2
, for all t 

3. Res iduals wt are independent ly and normally distr ibuted 

4. No seria l autocorre lations among each success ive standardized residual 

3.2.3.1. ARIMA Models 

ARIM A Model ing takes in to acco unt hi storica l data and decomposes it into an 

autoregress ive(A R) process, where there is a memory o f past events(e .g., the cerea l price o f 

this mo nth is re lated to the price of last month, and so fo rth, with a decreasing memory lag); 

an Integrated (I) process, which acco unts for stabiliz ing or making the data stationary and 

making it eas ier to forecast ; and a Mov ing Average (MA) of the forecast errors, such that 

the longer the historica l data the more accurate the fo recasts w ill be, as it learns over ti me. 
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There are many reasons why an ARIMA model is superior to common time-series analysi s 

and multivariate regressions. The commo n findin g in time series analysis and mu lt ivar iate 

regress ion is that the error residuals are correlated with the ir own lagged values. This se ria l 

corre lat io n vio lates the standard assumption of regress io n theo ry that disturbances are not 

co rrelated with other disturbances (Shumway and Stoffer 2006). 

An ARIMA (p, d, q) mode l has p autoregressive terms ( lagged va lues of the var iable of 

interest), q mov ing average terms (lagged values of the erro r term), and d differencing 

o perations (the number of differences needed to make a series stat ionary). Integrated refers 

to the d iffere ncing process. This describes a rich set of mode ls for which numerica l methods 

ex ist to fix models for any g iven p, d, and q. This suggests an automated approach to try all 

models in some subset of parameter space and se lect the best one. 

3.2.3.2. AR Models 

A uto regress ive Integrated Mov ing Average ARIMA (p, d, q) models are the extens ion of 

the AR mode l that uses three compo nents fo r modeling the serial correlation in the time 

series data. The first component is the autoregress ive (AR) term. AR models are based on 

the idea that the current va lue of the series, xt , can be exp la ined as a function of p past 

va lues, xt - b Xt -2, .... , Xt_p where p determines the number of steps into the past needed to 

forecast the current va lue (lagged va lues of the var iable of interest) . An autoregressive 

mode l o f order p, abbrev iated AR (p) (Box et aI. , 1994), has the form 

Xt = <1>, x t_, + <l>2Xt-2 + ... + <l>px t - p + OJ t 

x t = L:F=, <l>jXt-j + OJ t (5) 
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Where xt is stationary, <ill' <il2, ... , <ilpare constants (<ilp 1= 0). We assume that (Ot is a Gauss ian 

white no ise series with mean zero and variance <sa, . The order of such a model can be 

determined by ana lys is of the Partial autoco rrelation function, PACF, which will cuts off 

after lag p. It is conve nient to write the mode l in lag operators, 

Xt = <ill Xt- l + <il2Xt-2 + ... + <ilpXt- p + (Ot 

---> (1 - <illB - <il2 B2 _ ... -<ilpBP)xt = (Ot 

---> <il( B)xt = (Ot (6) 

The va lues of <il which make the process stationary are such that the roots of <il(B) = 0 li e 

outside the unit circ le in the complex plane where B is the backward shi ft operator such 

that 

Bjxt = Xt- j for all j= 0 1,2, 3, ... p (Chatfie ld , 1996). If all zero roots of <il(B) are larger than 

one in abso lute va lue, there is a stationary process x,,, whid, sat isfi es the autoregress ive 

equation given as 

(7) 

Where 'fI (B) = 2:)=0 'fIjBj, 2:)=0 l'fIjl < co, 'flo = 1 and Bj is the backward shift operator 

i. e. Bjwt = Wt-j fOT all j = 1,2,3, ... 

Reca ll that for a causa l model, all of the roots are outside the unit circ le, Izd > l,[oT j = 

1; ".; T . Where Zj are the ith root. [fall the roots are real, then 13.(h) dampens exponentially 

fast to zero as h ...... co. Ifsome of the roots are complex, then they will be in co njugate pairs 

and ;3/ h) will dampen, in a s inusoidal fashion, exponentia lly fast to zero as h ...... co. In the 
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case of complex roots, the time series will appear to be cyclic in nature. This, of course, is 

also true for ARMA mode ls in which the AR part has comp lex roots. 

3.2.3.3. Differencing Models 

The Second component of ARIM A model is the integration (d) order term. Each integration 

order corresponds to differencing the time series. I( I) means differencing the data once. I(d) 

means d iffere ncing the data d times. Difrerencing transforms a time series X into another 

series Y where Yt = X t - xt - 1 . Differencing does not require estimating a parameter, 

although it costs us one series point per difference . Differencing is a better way to remove 

locally vary ing trends to make it stationary than expl ic itl y subtracting a fitted trend . The 

fir st difference accounts for a trend that influences the change of the mean of the t ime 

series, the second for a change in the s lope and so on. 

One advantage of differencing over de-trending to remove trend is that no parameters are 

est imated in the differenc ing operat ion. One d isadvantage, however, is that differencing 

does not yield an estimate of the stationary processy, . Ifan estimate of y , is essentia l, then 

de-trending may be more appropriate. If the goal is to make the data statio nary, then 

differencing may be more appropriate. Differencing is also a viable tool if the trend is fixed 

3.2.3.4. MA Models 

The third component of the ARIMA model is the mo vi ng average (MA) term. The MA(q) 

mode l uses the q lags of the forecast errors to improve the forecast. A time series is sa id to 

be a mov ing average process of order q if it is a weig hted linear sum of the last q random 

shocks /errors. In genera l, the moving average model of order q or MA (q) is defined to be 
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" XI = W I + Btw,.t + 82w,_2 + ... +8q w,_q = L (8 ,w,-J+ w, (8) 
,,,, I 

Where there is q lags 111 the mov ll1g average and 8"8,, ... 8", and (8q '" 0) are 

parameters. The no ise W I is assumed to be Gauss ian wh ite no ise. The history o f the model 

dictates how long the effects of the random shocks last. 

The o rder of such a model can be determined by ana lys is of the autoco rre lation function , 

ACF, which cuts o f after q lags and partia l ACF decays exponentially fast. Un like the 

autoregress ive process, the moving average process is stationary for any va lues of the 

parameters 8" 8" ... 8,, ; (Diebold et a i, 2006) 

By mimicking the criterio n o f causa lity for A R mode ls, we w ill choose the model with an 

infinite AR representation . Such a process is ca lled an invertible process. Ifall roots of9(B) 

=0 lie outside the unit c irc le, the MA process has an auto regress ive representation of 

A properly 

required on occas ion in the analys is of such t ime series is that of invertib ility. 

3.2.3.5. ARMA Models 

Fina ll y, an ARMA (p, q) model has the comb ined fo rm: 

Or 

(9) 

With Ql p '* 0, and 8q '* 0, an d /)~ > 0. The parameters, p and q are ca lled the 

autoregress ive and the mov ing average orders respective ly. 
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Backward shift operator B wi ll simplify eq. 9 of the time series model as follows 

<t>(B)x, = 9( B)w, ( 10) 

In the defi nitio n o f ARMA (p, q) we have three ma in problems that we need to add ress; 

these are parameter red undancy; stat ionary AR models that depend on the future , and MA 

models that are not unique. (Shum-way and Stoffer, 2006) 

To add ress the first problem, we will hencefo rth refer to an ARMA (p, q) mode l to mean 

that it is in its s implest form. That is, in add it ion to the origina l definitio n g iven in eq.9, we 

wi ll a lso requ ire that I/J(B) and 8(B) have no common factors. 

An ARM A (p, q) mode l, I/J(B)x, = 8(B)w, is sa id to be causa l o nl y when all the roots of 

I/J(B) are larger than one in abso lute va lue. Equ iva lently, if a ll the roots of I/J(B) are larger 

than o ne in abso lute va lue, then it w ill have an infinite order of MA representation. Again, 

an ARMA (p, q) is sa id to be invertible on ly if a ll the roots of 8(B) are larger than one in 

abso lute va lue. Eq ui va lently, it w ill have an infinite AR order representat ion. 

Pa/'{/meler Redlllldallcy of ARMA Model 

For instance a wh ite noise x, = w, => x, = O.sX'_l - 0.5W'_1 + w, may have sig ni fica nt 

parameter est imates and we may c la im the data are corre lated when in fact they are not. In 

addition, we might fit an ARMA (I, I) model to white no ise data and find that the 

parameter estimates are s ignificant. If we we re unaware of parameter redundancy, we might 

claim the data a re co rre lated when in fact they are not. Such problems can be avo ided by 
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wr iting them in exponent ial form uSll1g back shift operators Bjw'_j and avo id common 

terms, As the examp le (1 - B)x, = (1 - B)w, => x, = w t this works for any ARMA(p, q) 

Mode l. 

Causality of ARMA Model: Stationary AR mode ls that do not depend on the future 

An ARM A (p, q) mode l, <I>(B)x t = 9(B)w, is sa id to be causa l, if the time series (x t ; t = 

0, ±1, ±2, ",} can be wr itten as a one-s ided linear process: 

(I I) 

Where 'P(B) = L~o 'PjBi and L~o l'Pjl < Xl and 'Po = 1 and Bi is the back shift 

operator i,e, Bi w , = W'_j for all j = 0, 1, 2, '" 

We might wonder whether there is a stationary AR (I) process with 1<1> I > I, i,e. 

'" 
x, = L <I>-j( w,+j) 

j = O 

Such processes are cal led exp los ive (non-causa l) because the va lues of the t ime se ries 

quick ly become large in magnitude and if I <1>1 =1 of course thi s is not stationary. We have to 

check if A RMA (p, q ) can be written as a one sided linea r process as g iven in eq. ( II ). 

Illvertibility of ARMA Models: NOIl -ulliquellel's of MA Models 

By mimicking from the criterio n of causa lit y for AR model, we w ill choose the model w ith 

an infinite AR representation fo r the MA mode l. Such a process is called an invertible 
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process. An ARMA (p, q) model, Ijl(B)x t = O(B)w t , is sa id to be invert ible, if the t ime 

series {xt ; t = 0, ±1, ±2, ... } can be wr itten as a one-s ided linear process: 

W t = l:~o 7tjXt _j = 7t(B)xt ( 12) 

Where n CB) = l:~o 7tjB} and l:~o l7tj I < 00 absolute sumability of 7tj and 7to = 

l and Si is the back shift operator i.e. S ixt = Xt_j for a ll j = 0, 1, 2, ... 

3.2.3.6. Seasonal ARIMA Models: 

In this section, we introduce several modificat ions made to the ARIMA mode l to account 

for seasonal and non-stat ionary behav ior. Often, the dependence o n the past tends to occur 

most strong ly at multiples of some underly ing seasonal lag s. For example, w ith month ly 

eco nomic data, there is a st rong yearly component occurr ing at lags that are mult ip les of s = 

12, because of the st rong co nnect ions o f a ll activity to the ca lendar year. Data taken 

quarterly wi ll ~xh ibit the year ly repet itive period at s = 4 quarters. Natura l phenomena such 

as temperature a lso have strong components co rresponding to seasons. Hence, the natural 

var iability of many phys ical , bio log ica l, and eco nomic processes tends to match w ith 

seasonal fluc tuatio ns. 

It is appropriate to introduce autoregress ive and moving average polynomia ls that identify 

w ith the seasonal lags. The resulting pure seasonal autoregress ive mov ing average mode l, 

say, seasona l ARMA(P,Q)s then takes the form 

tPp(B' )x, = eQ(B S)w, 

With the fo llowing de finition , 

The operators 
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( 13) 

And 

( 14) 

are the seasona l auto regress ive o perator and the seasona l mov ing average operator of orders 

P and Q, respective ly, w ith seaso na l period s. 

A nalogo us to the properties of non-seaso na l ARMA mode ls, the pure seaso na l 

ARMA(P, Q) s is ca usa l on ly when the roots of <Pp(8 S
) lie o utside the unit circle, and it is 

invert ible only when the roots o f fJQ(8 S ) lie outside the unit c ircle . 

3.2.3. 7. Buildillg ARIMA Models 

There are a few bas ic steps to fitting ARIMA mode ls to time ser ies data . These steps 

invo lve p lo tti ng the data; poss ib ly transfo rm the data, ide ntify ing the depe nde nce order of 

the mode l, para meter estimation, diagnostics and mode l cho ice . T he Box-Jenkins approach 

a llows one to dec ide w hether to go back to the identification stage or not, according to the 

fitting leve l that the mode l presents. The orig inal Box-Jenk ins modeling procedu re involves 

an iterat ive three-stage process of mode l se lection, parameter estimation and diagnostic 

checking. But, further explanatio ns o f the process by Makridakis et a l. ( 1998) o ften add a 

preliminary stage o f data preparation and a final stage of model app licat io n (o r fo recasting 

including ca lc ulat ion and evaluat ion of the forecast) . 

I. Data preparation involves transfo rmations and d iffere nc ing. Transformations o f a 

data, (for instance a Box-Cox c lass o f power transformatio ns to stab il ize the 

var iance when the variance of the data grows with time, or logarithms fo r a process 
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that in volve as a fai rl y small and stable percent-change). The data are differenced 

until there are no obv ious patterns such as trend or seasonality left in the data. 

II . Model se lect ion in the Box-Jenkins framework uses various graphs based o n the 

transformed and differenced data to try to identi fy potentia l ARJMA processes 

which might provide a good fit to the data. Later developme nts have led to other 

add it ional model selection too ls such as Aka ike ' s In formation Criterion. 

Ill. Parameter estimation means finding the va lues of the model coefficients, wh ich 

prov ide the best fit to the data. There are sophisticated computat ional a lgor ithms 

designed to do this. 

IV. Mode l checking invo lves testing the assumptions of the mode l to identify any area 

where the mode l is inadequate. I f we find the model to be inadequate, it is necessary 

to go back to Step (ii) and try to identify a better mode l. 

Fo recast ing is what the who le procedure is designed to accomplish once the model has 

been se lected, estimated and checked. 

3.2.3.8. Model Identification 

Graphic Inspection: 

Regardless o f which technique is used, the frr st step in any time series ana lys is is to 

construct a time plo t of the data, and inspect the graph for any anomalies. A number of 

qual itat ive aspects are noticeable as yo u visua lly inspect the graph. If, for examp le, the 

variabi lity in the data grows with time, it w ill be necessary to transfo rm the data to stab ilize 

the variance. A time plot of the data w ill typica lly suggest whether any differencing is 

needed . If differenc ing is ca lled for , then difference the data once, d = I, and inspect the time 
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plot of \lx,. If additiona l d ifferenc ing is necessary, then try differenc ing again and inspect a 

Parameter Estimation: 

When pre li mi nary va lues of d have been sett led, the next step is to look at the sample ACF 

and PACF of \ld x, for whatever va lues of d have been chosen. Once the degree of 

d ifferenc ing has been determined, we precede to se lect the autoregress ive and mov ing-

average orders by examining the samp le autocorre lations and samp le partia l 

autocorre lat io ns. The PACF for MA models behaves much li ke the ACF for AR mode ls. 

Also, the PACF for AR mode ls behaves much like the ACF for MA models. Because an 

invertible ARMA mode l has an infin ite AR representatio n, the PACF w ill not cut o ff We 

may summarize these results in Ta ble I. In addition, Table 2 summarizes for the seaso na l 

part. 

Table 1. Behaviarofthe ACF and PACF for ARMA Models 

AR(p) 

ACF Tails off 

PACF Cuts of after lag p 

MA(q) 

Cuts of after lag q 

Tai ls off 

ARMA(p, q) 

Tails off 

Tai ls off 

Table 2. Behavior of the ACF and PACF for Pure Seasonal ARMA Models 

AR (Ph MA(Qh ARMA(P,Q)s 

ACF Tails off at lags ks, Cuts of after lag Qs Tails off at lags ks 

k = 1, 2, ... 

PACF Cuts of aft er lag Ps Tai ls off at lags ks Ta ils off at lags ks 

k = 1,2, ... 

*The va lues at non-seaso na l lags h "" ks , for k = 1, 2, ... are zero 
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Us ing Table I and 2 as a guide, preliminary values of P, Q, P and q are chosen. Recall that, 

if P = 0 and q > 0, the ACF cuts of after lag q, and the PACF tails of. If q = 0 and p > 0, the 

PACF cuts orafter lag p, and the ACF tai ls of. Ifp > 0 and q > 0, both the ACF and PACF 

will tai l of. The same app lies to the seasona l orders at the seasonal values. Because we are 

dealing with estimates, it will not a lways be clear whether the sample ACF or PACF is 

tailing-of or cutting-of. A lso, two models that are seemingly different can actually be very 

similar. With this in mind, we should not wo rry abo ut being so precise at this stage of the 

mode l fitt ing. At this stage, a few pre liminary va lues of p, d, q, P, D, and Q shou ld be at 

hand , and we can start est imat ing the parameters. 

A fter choosing the most appropr iate model, the model parameters are estimated by using 

severa l estimation procedures .In genera l, nonlinear estimation method is used to estimate 

the above identified ARlMA model parameters to maxim ize the like lihood function of the 

observcd series g iven the parameter va lues. 

3.2.3.9. Model Selection Criterion 

There are different techniques that can be used to test models aga inst o ne another using the 

F test g iven by F'I_' n-q = MSI~ and ANOV A table. These tests have been used in the past in . MSE 

a stepwise manner, where var iable are added o r de leted when the va lues from the F-test 

eit her exceeds or fail to exceed so me predetermined level s. An a lternative is to focus on a 

procedure for mode l se lection that does not proceed sequentially, but s imply eva luates each 

model on its own merits. Suppose we co nsider a normal regression model with k 

coefficients and denote the maximum likelihood est imator for the variance as 

,2 _ SSEk 
Uk --­

n 
( 15) 
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Where SSEk denotes the res iduals sum of squares under the model with k regress ion 

coeffic ients. Then, Akaike ( 1969, 1973, 1974) suggested measuring the goodness of fit for 

this particular mode l by balancing the error orthe fit against the number o f parameters in 

the model. 

Akaike's In/ormation Criterion 

We introduce Akaike' s Information Criterion (AIC) 

AIC = -2 10gLk +2k ( 16) 

Where Lk is the max imized log-like lihood; and k is the number of parameters in the model. 

Fo r the normal regress ion problem, AIC can be red uced to the form g iven by (2 1). AIC is an 

estimate of the Kullback-Leibler d iscrepancy between a true model and a candidate model; 

.... 2 n+2k 
AIC = LugOk +-

n 
( 17) 

Ii; is given by ( 19), k is the number of parameters in the model and n is the sample s ize. 

(Shumway and Stoffer 2006 and Tsay 2005) 

The va lue ofk y ie lding the minimum AIC spec ifies the best model. The idea is roughl y that 

minimiz ing Ii; wou ld be a reasonable object ive, except that it decreases mo notonically as k 

increases. Therefore, we ought to penalize the error var iance by a term proportional to the 

number of parameters. The cho ice for penalty term g iven by (2 1) is not the only o ne, and a 

considerab le literature is ava ilable advocating different penalty terms. A corrected form, 

suggested by Sugiura (1978), and expanded by Hurvich and Tsai ( 1989), can be based o n 
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small-sample di stributional results fo r the linear regress ion mode l. The corrected form is 

defined as foll ows. 

Bias corrected (AICc) 

AIC bias corrected is defined as 

~2 n+k 
A ICc = Log/\ +-­

n-k-2 
( 18) 

Where &~ is g iven by ( 19), k is the number of parameters in the mode l and n is the sample 

sIze .. 

We may also deri ve a correction term based on Bayes ian arguments, as in Schwarz (1978), 

which leads to an a lternat ive meas ure known as Bayes ian In format ion Criteria (B IC). 

Bayesian Illformatioll Criterion 

BI C is defined as 

BIC L 
,,2 klog n 

= oguk +-­
n 

Using the same notation as in the above definit io n 

( 19) 

BIC is a lso cal led the Schwarz Information Criterion (S IC). Various s imulation studies have 

tended to veri fy that BIC does well at getting the correct order in large samples, whereas 

AICc tends to be superior in sma ller samples where the re lati ve number of parameters IS 

large ; see McQuarrie and Tsa i ( 1998) for detailed comparisons. 

3.2.3.10. Diagnostic Test 

The diagnostic check ing of model adequacy is the la st stage of mode l building. The tests 

re lated to independence, normal ity and homoscedasticity should be performed at th is stage 
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as the residuals (el ) fi'om an ARIMA model are assumed to be independent, homoscedastic, 

and no rmally distr ibuted. Several diagnostic statistics and plots of the res iduals can be used 

to exam ine the goodness of fi t of the tentative mode l to the historica l data. if the mode l is 

inadequate, 3-step mode l bui lding process is typica ll y repeated severa l lime unt il a 

satisfactory model is fina ll y o btained. The fina l se lected model can then be used for 

prediction purposes (Wei, 1990). 

3.2.3. J 0.1. TestiJ1g for [J1dependeJ1ce: 

Testing for independence (rando mness) aga inst seria l dependence is a fundamenta l pro blem 

in time series ana lys is. To determ ine whether a time ser ies, (e t ) , is independent, the funct ion 

(ACF) of the series is examined. If the ACF is sign ificantly different from zero, this implies 

that there is depe ndence between observations . Therefore, ACF is a powerfu I 

complementary too l for test ing in depe ndence (Janacek and Swift , 1993; Ferguso n et aI. , 

2000). The residual autocorre lat io n function (RACF) should be o btained to determ ine 

whether the residua ls are white no ise. There are d ifferent app lications related to the 

Res idual ACF for the independence of res iduals. The first one is the corre logram drawn by 

plott ing Pe (h) aga inst lag h. 

(h) _ y(t+h,t) _ y(h) 
Pe - .jy(t+h,t+h)y(t,t) - y eO) 

(20) 

Under the assu mptio n that,(e t ), fo llows a white no ise process the standard errors of these 

Pe(h) are approximate ly equa l to ;". Thus, under the nu ll hypothes is that, (e t ) fo llows a 

white no ise process, rough ly 95% of the (Pe(h) ) sho uld fall w ith in the range off I;:. If 
vll 
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more than 5% of the (Pe(h)j fa ll outside of th is range, then, (e t ) most like ly does not 

fo 1I0w a white no ise process (Lehmann and Rode, 200 I). 

There are many stat ist ica l tests used for d iagnost ic checking of randomness. In thi s study, 

the Ljung-box Q-statistic is used as a lternative approaches for the diagnost ic checking of 

res iduals fo r independence. 

Ljung-Box Q-test Statistic: These residua ls from a mode l fit will not quite have the 

propelties of a wh ite no ise sequence and the var iance of fie (h) can be much less than ~. 
yn 

For example, it may be the case that, indiv iduall y, each fie(h) is sma ll in magn itude, say 

each one is just s lightly less that '; in magn itude, but, co llect ive ly, the va lues a re large 

(Bo x and Pierce ( 1970) and McLeod ( 1978). The Q(H) stat istic is calcu lated by the 

fo llowing equat ion (Lj ung and Box, 1978): 

Q = n(n - I ) I'·'- p; (h) 
h_ l ll-h 

The va lue H in eq. 21 is chosen somewhat arb itrar ily, typica lly, H = 20. 

(21) 

The null hypothes is for this test is Ho: the model is adequate. Under the nu ll hypothes is of 

model adequacy, asymptotica lly for large n, Q fo llows a ch i square di stributio n with H-p-q 

degrees of freedom, i. e. Q-~_p_q. Thus, we wo uld reject the null hypothes is at leve l a. if 

the va lue of Q exceeds the (I - a.) quant ile of the ~_p_q distribution. The basic idea is that 

if W t is white noise, then np~v(h) for h = I , ... , H, are asymptotica lly independent xi random 

var iables. This mea ns that nI~=, p~.ch) is approximately a ~ rand om variable. Because the 

test invo lves the ACF of res iduals from a mode l fit , there is a loss of p + q degrees o f 
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freedom; the other va lues in the above eq uation are used to adjust the statist ic to better 

match the asymptotic chi-squared di stribution. 

3.2.3.10.2. Testingfor Normality 

In vestigation of marg ina l normality can be acco mplished visually by looking at a histogram 

of the res iduals. T he empirica l di str ibution of the data (the histogram) should be be ll- shaped 

and resemble the normal di stribution. This might be difficult to see if the samp le is small. In 

this case we might proceed by regress ing the data aga inst the quantiles o f a norma l 

distributio n with the same mean and variance as the residua l. Lack of fit to the regression 

line suggests a departure fro m normal ity. 

In addition to this, a normal probability plot or a Quantile-Quantile p lot can he lp in 

identify ing departures fi'om normality. Q-Q plot of the standardized residuals aga inst the 

standard normal distribution is a graph ical too l for assess ing normality. We have used 

Jarque-Bera test (eq. 30) and Shapiro test (eq. 33) that we can app ly to the resid ua ls. 

Jarqlle-Bera Test: The Jarque- Bera test is a goodness-oF-fit test of whether samp le data 

have the skewness and Kurtos is matching a norma l distribution. The test is named after 

Carlo s Jarque and Anil K. Bera. The test statistic JB is defined as 

(22) 

Where n is the number of observations; S is the sample skewness, and K is the samp le 

kurtos is: 

'};n ( - )3 
S 

- 113 _ n i=l Xi- X 
- - -"--'-'---"""'3 

it
3 (.!:.~!1 (X. _X)2 )2 

n £'1 = 1 ! 

(23) 
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1 "n C - )4 P4 - L.i=l Xj-X K - _ - +n --=-'-'-'--.:.,-,. 
- 84 - (! "n_ (X'_X)2)2 

nL.l-l t 

(24) 

Where t13 and t14 are the estimates of third and fourth centra l moments, respect ive ly, x is 

the sample mean , and 8 2 is the estimate of the second centra l moment, the variance. 

I f the data come from a normal distribut io n, the JB stat ist ic asymptotically has a chi-sq uare 

distribution with two degree of freedom, so we can use the statistic to test the hypothesis 

that the data are from a normal d istributio n. The null hypothesis is a jo int hypothes is of the 

skew ness be ing zero and an expected excess kurtosis of 0 (which is the same as a kUl10s is of 

3). As the de finitio n of JB shows, any dev iatio n from thi s increases the JB stat istic (Jarque 

and Bera,. ( 198 1)). 

For sma ll samples, the chi- squared approx imation is overly se nsitive, often rejecting the 

null hypothes is whe n it is in fact truc. Furthermore, the d istr ibution ofr-values departs from 

a un iform distr ibut ion and becomes a r ight-skewed unimoda l distribution, espec ia lly fo r 

sma ll p-va lues. This leads to a large Type I error rate. 

Shapiro-Wilk Test: The Shapiro-Wi lk test tests the null hypothesis that a sample 

X" . .. , x" came from a norma ll y distributed popu lation. The test statistic is: 

(25) 

Where xCi) is the i,h order stat istic and x is the sample mea n; the constants ai are g iven by 

m'V- 1 

(a" ... ,a,,) = 1 (26) 
(m'V- 1 v-1 m)2 

m = (m" ... ,mn ), (27) 
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and m
" 

... , mn are the expected values of the order statistics of independent and identically 

distributed random variables sampled from the standard normal distribution, and Y is the 

covariance matrix of those o rder statistics (Shapiro and Wilk, ( 1965) . 

Interpretation of the test: If the p-value is less than the chosen a lpha leve l, reject the null 

hypothes is and conc lude that data are not from a normall y di stributed population. I f the p­

va lue is greater than the chosen a lpha leve l, then we do not reject the null hypothes is that 

the data came from a normall y di stributed population. 

3.2.3.10.3. TestiJlgfor ARCH Effects: 

To reco glllze the presence of conditional heteroscedasticity is the same as to indentify 

whether an ARCH process appears in the innovation term sequence. The squared residual 

series are conducted to test the cond itiona l heteroscedasticity which is known as ARCH 

effect (Tsay, 2005). 

According to Tsay (2005) , there are two ava ilable methods to test for the ARCH effects. 

The first is Ljung- Box Q-test statistic proposed by McLeod and Li ( 1983) and the second is 

Lagrange multiplier test. 

LagraJlge Multiplier Test: LM test, suggested by Eng le (1982), is used to test s ignificance 

of seri al correlation in the squared residuals fo r the first p lags. This particular 

heteroscedast ic ity spec ification was mot ivated by the observation that in many financial 

time series, the magnitude of the residuals appeared to be related to the magnitude o f recent 

residuals. ARCH in it se lf does not in validate standard least square in fe rence. Nevertheless, 

ignoring ARCH effects may result in loss of effic iency. 
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In test ing the signifi cance of seria l corre lation fi rst select the time se ries mode l o f inte rest 

for x t and perform the regress ion and ca lculate the res id ua ls; et . Then perfo rm the second 

regress ion, of the fo llowing fo rm, for a se lected va lue of p. 

ef = ao + 2.;=1 aief_i + v t , for t = q + 1, q + 2, ... , T (28) 

The nu ll hypothes is is 

Ho: In the absence o f A RCH components, we have ai = 0, for a ll i = 1,2, ... , q 

Aga inst the a lternati ve hypothesis. 

HI: In the prese nce of ARCH components, at least one of the estimated coeffic ients 

must be s ignificant 

Under the null hypothesis the test stat istic , 

LM = TR 2 (29) 

fo llows the C hi- square distribution w ith q degree of freedom. Where T is the number of 

observations and R2 is R-squared obta ined fro m the regress ion of ef on ef-i' i = 1,2, .... , q. 

Ljung-Box Test for th e squa red residuals: The Ljung-Box Q-statistic fo llows chi-square 

distribution w ith H degrees of freedom if the squared res idua ls are unco rre lated. The va lue 

H is chosen somewhat a rbitrarily, typica lly, H=20. It is a lso reco mmended to consider up to 

n!4 va lues o f H. The null hypothesis of Q (H) test is that the first H lags o f ACF of the 

squared res iduals series are equa l to zero, meanin g, there are no ARCH 0 1' GAR CH errors. 

Rejecting the null thus means that the re ex ists such errors in the conditio na l variance. 
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3.2.3.11. Forecasting 

In forecasti ng, the goal is to predict future va lues of a time series, Xn+m' m = 1,2, ... , based 

on the data co llected to the present, X = {Xn,Xn_ l, .. . , XI} ' Thro ughout the foreca sting 

sectio n, we will assume Xl is stat io nary and the mode l parameters are known. T he 

assumption inc ludes spec ific va lues fo r a ll the parameters are known. Altho ugh this is never 

true in practice, the use of estimated parameters for large sample s izes does not serious ly 

a ffect the resu Its. 

T he minimum mea n squ are error predictor of xn+m is 

xg+m = E(xm+nlx) (30) 

Where for examp le x" ,,+ I denotes the forecast at the next per iod n + I based on the 

observed data, XII X2 , ... I Xn 

T he conditiona l expectatio n minimizes the mea n square error 

MSE = E[xm+n - g(X)]2 

Where g(x) is a functio n of the observat ions x ; 

(3 1) 

Fo r ARMA mode ls in ge nera l, the predict io n eq uatio ns w ill not be as s imple as the pure AR 

case. R-package uses the recurs ive so lution due to Levinson (1947) and Durbin ( 1960). Thi s 

is beca use, fo r large n, the use of the forecasti ng form ula is prohibiti ve because it req uires 

the inversio n o f large matrix. Using the Durbin- Lev inso n Algo rithm forecasting equations 

ca n be so lved iterat ively. The other method is the innovations A lgor ithm in which the o ne­

step-ahead pred ictors, X:+ I , and their mean-square errors ,p:+1 ,can be ca lculated iterative ly 

(Shu mway and Stoffer, 2006). 
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Prediction Limits: As in a ll statistica l endeavors, in add itio n to forecasting or predicting the 

unknown Xn +m we wo uld like to assess the prec ision of o ur pred ictions. To assess the 

prec ision o f the fo recasts, typica lly ca lculate predict ion interva ls a long w ith the forecasts. In 

genera l, (1 - a) pred iction intervals are of the form 

(32) 

where c~ is chosen to get the des ired degree o f confidence. For example, if the process is 
2 

Gauss ian, then choosing c~ = 1.96 w ill y ie ld an approx imate 95% prediction interva l 
2 

for Xn+,,,. If we are interested in establishing prediction interva ls over more than one time-

period , then c~ sho uld be adjusted appropriate ly, fo r example, by using Bonferroni ' s 
2 

inequality (Johnson and Wichern, 1992). 

Forecasting evaluation and Accuracy Criteria 

Eva luating the performance of different fo recasting models p lays a very important ro le in 

choos ing the most accurate mode ls. In particu lar, the researchers and investors need to 

decide the eva luating criteria on which to base. A lthough the vast number of papers has 

studied the construct ion o f modeling and forecast ing volatility, a few of them focus o n the 

vo latility fo recasting eva luation. 

Prev ious empirical studies have employed vario us error stat istics to compare the forecast 

performance of GARCH type models. The most widely used eva lu atio n measures used are 

Mean Error (ME), Mean Abso lute Error (MAE), Root Mean Square Error (RMS E), Mean 

Abso lute Percent Error (MA PE), and Theil ' s U statistics. The il 's U-statistic is presented in 

both of its speci fications, these be ing labe led UI and UII respective ly. 
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Denot ing a series of interest as x, and a forecast of it as [, the resulting forecast error is 

g iven as e, = x, - [, for I = I , ... ,n. Us ing this notat ion, the (fairly standard) set o f fo recast 

eva luat ion statist ics cons idered can be presented as be low: 

Root mean Square 

Error 

Mea n Abso lute 

Error 

Mean Absolute 

Percentage Error 

The il ' s Ineq ua li ty 

Coeffi c ient UI 

The il ' s Inequa li ty 

Coeffi c ient UII 

I (x'n- [ , )2 __ JI~=nl e; RMSE = 

MAE = I lx, - [,I = I~=l l e ti 
n n 

I Ix,;, [, I * 100% 
MAPE = 

n 

where n is the number of fo recast errors. 

(33) 

(34) 

(35) 

(36) 

(37) 

T he first two forecast error statist ics depend on the sca le of the dependent variable. These 

should be used as re lat ive measures to compare forecasts for the same series across di fferent 

models; the smaller the error, the better the fo recasting ability of that mode l according to 

that criterion. The rema ining three statistics are sca le invariant. 
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Both Theil ' s UI and UII stat istic are a re lative accuracy measures that compare the 

forecasted results w ith a naYve forecast. They a lso sq uare the dev iat ions to give more we ight 

to large errors and to exaggerate errors, which can he lp e limi nate methods with large e rrors. 

The Thei l's UI inequa lity coeffici ent a lways lies between zero and one. However, the 

The il 's UII inequa lity coefficient lies always above zero . In both cases zero indicates a 

perfect fit. The il ' s UII has easer interpretation as compared to UI. 

Table.3. In terpreting Theil's UII 

If Theil's VII statistic is Interpretation 

Ull < 1 The forecasting technique is better than guessing. 

Ull = 1 The forecasting techn ique is almost as good as guess ing. 

UIl > 1 The forecasting technique is worse than guessing. 

The mean squ are forecast error can be deco mposed as: 

Where Ill, x, sr, Sx are the mea ns and standard dev iations of it and x , and r is the 
11 

corre lat io n between i and x. the propoltions are defined as: 

Bias Pro pOllion (39) 
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Variance Proportion 

Covariance Proportion 
2(1 - r)sfsx 

1 
11 L(t, - Xt )2 

(40) 

(4 1 ) 

Where X t and it denote the actua l and forecasted va lue in period t, respective ly. 

• The bias propoltion te lls us how far the mean of the fo recast is from the mean of the 

actual ser ies. 

• The var iance propolt ion te lls us how far the variation of the forecast is from the 

var iat ion of the actual serie s. 

• The covariance proportion measures the re maining unsystematic forecasting e rrors. 

Note that the bias, variance, and cova riance proportions add up to one (Eviews Manual I I). 

In practice, whe n comparll1g the di fferent models, it is rare ly the case that one mode l 

dominate the other w ith respect to a ll eva luation measures. The common way to so lve the 

prob lem is to carry out the average figures of some statistica l measures and then compare 

the forecast models based on the parameter obta ined. 

3.2.4. Introduction to ARCH and CARCH Models 

Recent problems in finance have mot ivated the study of the vo latility, or variability, of a 

time series. Although ARMA models assume a constant var iance, mode ls such as the 

autoregress ive conditionall y heteroscedastic o r A RCH mode l; fir st introduced by Eng le 

( 1982) ; we re deve loped to model changes in vo lati lity. These models were later extended to 

general ized ARCH, or GARCH models by Bo llers lev ( 1986). In GA RCH mode ls, the 

moments of a time ser ies are considered as variant (i .e., the error term: real va lue minus 

forecasted val ue does not have zero mea n and constant var iance as with an ARlMA 



process). Here the error term is assumed to be serially correlated and can be mode led by an 

Auto Regress ive (AR) process. Thus, a GARCH process can measure the implied vo latilit y 

of a time series due to price spikes. In traditiona l ARMA estimation, the basic assumptions 

on the error terms are wh ite-noise which include zero mean and constant variance, or 

spec ifica lly 

i. E(Et) = 0, ii . var(Et ) = (5 2 and iii. E(EtEs) = 0 for all t '" s (42) 

In particu lar, the homoscedastic assumption (ii) of constant var iance does not necessaril y 

need to ho ld . The class of mode ls where the constant variance assumption does not ho ld is 

named heteroscedastic . If Xt is the price of cereals at time t, then the return or relative 

gain,r t. of the price of cerea ls at time t is 

X,-X'_l () rt = => x t = 1 + r t x t- 1 Xt_1 
(43) 

T hus, based on this if the return represents a small ( in magn itude,rt < 0.2) percentage 

change then taking logarithm 

In(x t) = In[( l + rt)xt_,] 

=> In(xt) = In(1 + rt) + In (X t- l) 

=> In(x t) - In (Xt-l) = In(1 + rt) '" r t 

=> Vln(x t) '" r t (44) 

Either va lue Vln(x t) or X,-X'_l ,where Vln(xt) = In(xt) - In (xt- 1 ) , w ill be ca lled the 
Xt-l 

return, and w ill be donated by r t . 

The basic idea behind vo lat ility stud y is that the ser ies {rt} is e ither serially unco rrelated o r 

w ith minor lower order serial correlations, but it is a dependent series It is the study of 

r t that is the focus o f ARCH, GA RCH, and other vo lati lity mode ls (S humway, and Stoffer 
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2006). Recent ly there has been interest in stochastic volatility mode ls. Typically, for 

financial series, the return r, does not have a constant variance, and highl y vo latile periods 

tend to be c lustered together. 

To put the vo lati lity models in proper perspective, it IS in format ive to consider the 

conditional mean and variance of r, given F'_I ; that is, 

iJ., = E( r , IF'-1 ), (45 ) 

where F'_I denotes the informat ion set avai lable at t - 1. Typically, F'_lconsists of a ll 

linear funct ions o f the past returns. 

The equat ion for iJ. , in (eq. 45) sho uld be simple, and we ass ume that r, follows a simple 

time series mode l such as a stationary ARMA(p, q) model w ith some exp lanatory vari ab les. 

I n other words, we enterta in the mode l 

r, = iJ., + a" (46) 

for r" where k, p, and q are non-negative integers, and Xi< are explanatory variables. (Tsay, 

2005) . Combining Eqs. (45) and (46), we have 

(47) 

The cond itio nal heteroscedast ic mode ls of thi s stud y are concerned with the evo lutio n of 

O"'~'_I' The manner under which O"'~'_I evolves over time d istinguishes o ne vo lat ility mode l 

from another. 

Thro ughout this stud y, a, is referred to as the shock or Error term at time I and O"'lt-1 is the 

positive square root of O"t~t-I . The mode l for iJ.t in Eq. (46) is referred to as the mean 

equation for r , and the model for o}lt-1 is the volalilily equation for rt . Therefore, 
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modeling cond itional heteroscedast icity amounts to augment ing a dynamic equat ion, which 

governs the time evo lution of the conditiona l var iance of the asset return, to a ti me ser ies 

mode l. (Tsay, 2005) 

3.2. 4.1. ARCH Model 

A more sophisticated vo latility mode l is the Autoregress ive Cond itio na l Heteroscedast ic it y 

ARCH (q) model suggested by Engle ( 1982). ARCH mode l is the first attempt to capture 

the above characteri stics witho ut the assumption of co nstant variances which co mmo nl y 

ex ists in ma ny co nventiona l fi nanc ia l eco no metrics models. It is unlike ly in financ ia l time 

ser ies that the error terms will be constant overt ime, therefore a llowing fo r cond it iona l 

heteroscedast ic ity in stock return analys is is reasonable. 

The conditio na l var iance, a lso referred to as the condilional voiatilily, ofTt will be denoted 

by er~'_ l ' with the subscript t - I sign ify ing that the cond it ioning is upo n returns through 

t ime I - I. When T, is ava ilab le, the squared error a~ pro vides an unbiased estimator 

of er~t - l . 

Unlike hi sto rica l estimatio n process us ing sample standard dev iat io ns, the ARC H mode l 

co nstructs the condit io na l variance er,~t-l of asset returns with max imum like lihood method. 

The ARC H (q) mode l pro posed by Eng le ( 1982) fo rmulates vo latility as fo llows: 

at = ertlt-IEt 

C1tlt - 1 = a o + 2:;=1 aia~_i 

(48) 

(49) 

The t ime varying vo latility is captured by a llowing vo lat ility to depend on the lagged values 

of the innovation terms T, and q is chosen such that the res idua ls o f the variance equatio n 

are white no ise. That is, Et - iid NCO, 1). Here {Et } is a sequence of independent ly and 
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identica ll y distributed rando m variables each with zero mean and unit variance (also known 

as the innovations). A ll o f the coefficients in the co nditio na l variance equation are required 

to be no n-negative. For the case q= J, ao and a l > 0 is the co ndition to assure that 

(T'~'_l > O. (S humway and Stoffer, 2006) . The ARCH effect is exhibited by a l to capture 

the short-run pers istence. 

(50) 

In add ition, t:, is independent ofr'_j,j = 1,2, 3, .... The innovation E, is presumed to have 

unit variance so that the condit ional var iance of a, equa ls (T'~'_l' This implies the 

cond itional distributio n of a, given F'_l is Gauss ian (Cryer and Chan, 2008) 

(5 1 ) 

While the ARC H model resemhles a regress ion model, the fact that the conditio nal variance 

is not directly observable (and hence is called a latent var iab le) introduces some subtlety in 

the use of ARCH mode ls in data anal ys is. For example, it is not obv ious how to exp lore the 

regression relationship graphically. To do so, it is pertinent to rep lace the cond itio na l 

var iance by so me observable in Eq. 50. Let 

(52) 

It can be veriljed that {"II, } is a seriall y uncorrelated series with zero mean. Mo reover, 17, is 

unco rrelated with past returns. Now co nsider eq. 50 

(T~'_l = ao + a l aLl 

=> a~ - 'I, = ao + ala~_l 

=> a~ = ao + ala~_l + 'I, 

and substituting by (T~'_l = a~ - "IJ, 

(53) 
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T hus, the squared return series satisfies an AR( I) mode l under the assumption of an 

ARCH( I) model for the return series. Based on thi s use ful observation, an ARCH ( I) mode l 

may be spec ified as an AR ( I) spec ificat io n for the squared returns is warranted by 

techniques of ARM A models. (Cryer and Chan, 2008) 

Bes ides its va lue in terms of data ana lys is, the deduced AR ( I) model for the squared 

returns can be exp lo ited to ga in theoret ical ins ights on the parameterization o f the ARCH 

mode l. Fo r example, because the squared returns must be nonnegative, it makes se nse to 

a lways restrict the parameters aD and a, to be nonnegative. In add itio n, if the return series is 

statio nary w ith var iance () ', then taking expectation on both s ides of Eq . 53 as fo llows 

y ie lds 

(54) 

That is, (T2 = ~ and hence 0 :5 a, < 1. Indeed, it can be shown (Ling and McA leer, 
l-a l 

2002) that the conditio n 0 <:a, < I is necessary and sufficient fo r the (weak) stationarity o f 

the ARCH ( I) mode l. 

Reca ll that weak stationarity o f a process requires that the mean o f the process is co nstant 

and the covariance o f the process at any two epochs is finite and identica l whenever the lags 

o f the two epochs are the same. In particula r, the variance is co nstant fo r a weakly 

statio nary process. The co ndition 0 :5 ao < 1 implies that there exists an initia l distributio n 

fo r ao such that a, de fined by Eq . 47 and eq . 50 fo r t :e: 1 is weakly stationary in the 

sense above. It is inte resting to o bserve that weak statio nar ity does not prec lude the 

poss ibili ty of a no n-constant co nditio nal variance process, as is the case for the ARC H( I) 
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mode l. It can be checked that the ARCH ( I) process is white no ise. Hence, it is an examp le 

of a wh ite no ise that adm its a non-constant conditiona l var iance process as defined by Eq. 

(50) that var ies w ith the lag one of the squared process. 

A satisfy ing feature of the ARCH(I) mode l is that, even if the innovatio n 17, has a normal 

distribution, the stationary distribution of an ARCH( I) mode l with 0 :5 a 1 < 1 has fat 

tail s; that is, its kurtosis, E(at)/o4 - 3, is greater than zero. Recall that, the excess kurtosis 

of a norma l d istribution is a lways equa l to O. In add itio n, a d istributio n wit h positive 

kurtosis is said to be fat-tai led, while one with a negative kurtosis is ca lled a light-tailed 

distribution. 

A stationary ARCH( I) model need not have finite fOlllth moments. The existence of finite 

hi gher moments wi ll further restrict the para meter range- a feature a lso shared by higher­

order analogues of the ARCH mode l and its varia nts. In addition the kurtosis ofa stationary 

ARCH ( I) process is greater than zero. This ver ifi es our earlier statement that an ARCH(I) 

process has fat tails even with norma l innovations. In other words, the fat ta il is a result of 

the vo latility clustering as specified by Eq. (50). 

The ARCH model is s imple. However, many parameters are requ ired to estimate the 

vo latility of price returns. T he problem of parsimony among the other problems o f ARCH 

mode l such as how to spec ify the va lue of p and the vio lat ion of non-negativ ity constra ints 

led to more genera l fTamewo rk GARCH (p, q) proposed by Bo llerslev ( 1986) and Taylor 

( 1986). 
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3.2.4.2. GARCH Model 

Extending the framework of Engle ( 1982), Bo llers lev ( 1986) and Tay lor ( 1986) genera lized 

the ARCH (q) mode l to GARCH (p, q) in whic h they added the q lags of past cond itiona l 

var iance into the equation. GA RCH (p, q) model a llows fo r both autoregress ive and moving 

average components in the heteroscedastic variance. Empirical fi nd ings suggest that 

GA RCH model is more parsimonious than ARC H mode l. GARCH (p, q) is spec ified as 

fo llows: 

2 _ ",q 2 ",p fl 2 0-,,'_1 - ao + L..i=l ai a'_i + L..j=l j o-'_jl'_l_j (55) 

The restrictions ao > 0, ai ;:::: 0, fli ;:::: 0, ensure that the variance is a lways greater than zero 

and the restriction ( If=l ai + I;=l flj < 1) is necessary and suffic ient condition for the 

stabi lity of the conditiona l varia nce equation (Cryer and Chan, 2008) . 

The above-specified term ao is genera ll y interpreted as long-term vo latility to which the 

system converges. On the other hand , the ARC H term aia~_i refl ects the effect of lagged 

shocks o r surprises on the vo lat ility at time t. Mo reover, the GARCH term flio-,2
1
'_i measures 

the effect of past-expected variance on the current vo lati lity and thus high probab ility of 

vo latility c lustering. The term I f=l ai + I i=l fli indicates the speed of converge nce of the 

fo recast of va ria nce to a steady state . The closer to one it is, the s lower the convergence. 

The unconditional Var iance under the GARCH ( I, I) specificat ion is g iven by 

ao 
var(a1 ) = fl 

1- a1 -
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When a 1 + f3 < 1 

• a 1 + f3 2: 1 is termed "non-stat ionary in variance 

• a 1 + f3 = 1 is termed the integrated GARC H 

• For non-stationary in var iance, the conditional va riance forecasts wi ll not converge 

on their unconditional value as the horizon increases. (Brooks, 2002) 

According Tsay (2005) GARCH model can be written as an infinite order of ARCH model. 

A GARCH (0, I) model is s imply the first-order ARCH model. GARCH (1, I) model is 

better than ARCH, because it 's more parsimonious, avoids over fitting. Second is le ss likel y 

to violate non-negativity constraints. Although GARCH model has been the most popular 

vo latility model, it has three main prob lems. Firstly, the estimated models may violate the 

non-negativity co nstra int. Secondly, GARCH model does not take into account the leverage 

effect and finally it does not allow d irect feedback between the conditional variance and 

conditiona l mean (Brooks, 2002). 

3.2.4.3. Parameter Estimation GARCH (p, q): 

Under the presence of ARCH effects, the OLS estimation is not efficient s ince variance of 

res iduals is not constant and volatility models used in financial econometrics are non-linear in 

conditional variance . In addition, OLS invo lves minimiz ing the sum of squares of res iduals, 

su m of sq uares of res iduals depends on the coeffic ient of the mean not on conditional variance. 

Therefore, as many studies indicated, the commonly used method known as the max imum­

likelihood estimat ion was employed to est imate parameters of GARCH family model. In 

max unum like lihood est imation the distributional assumption on residual is the core point. 

Thus, in this study, normal, student-t and the GED were cons idered to estimate parameters as 

financial time ser ies data possess volatility c lustering and leptokurtosis characteristics that leads 
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to the use different distribut ional assumption for residuals (Boilers lev, 1986). However, 

appropriate distribution for the residual was identified based on in-sample forecast error 

statistics to check predictive abi lity of the model under spec ified error distributions and final 

analys is was done based on se lected distribution for res idua ls in the mean eq uation . 

Moreover, in ML estimation method the cond itional maX lIlllll11 li kel ihood esti mates for the 

parameters are obta ined by maximizing the conditional log- like lihood function. However, 

maximization of the log- likelihood function of the model analytically in terms of its parameter 

is imposs ible because of nonlinearity of GARCH mode l. As a result, maxim ization of the log­

likelihood fu nction was done through numerica l iteration method using statistica l package 

fGA RCH of R-software vers ion 2.15.1, which is uniquely developed for financial time series 

data. 

3.2.4.4. Maximllm Likelihood Parameter Estimatioll Approach for GARCH Family 

Model 

Bui ld ing a vo latility model for an asset return ser ies consists offo llr steps: (Tsay, 2005) 

I. Spec ify the mean equation by testing for serial depend ence in the data and , if necessary, 

building an econometric mode l (e.g., an ARMA model) for the return series to remove any 

linear dependence. 

2. Use the res iduals of the mean equation to test for ARCH effects . 

3. Specify a vo latility model if ARCH effects are statistically sign ifi cant and perform a joint 

estimation of the mean and volatili ty equations. 

4. Check the fitted mode l carefully and refi ne it if necessary. 
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For most asset return series, the seria l correlations are weak, if any. Thus, building a mean 

equat ion amounts to remov ing the sample mea n from the data if the sample mean is 

significantly different from zero. 

Prediction of Future Conditional Variance with ARCH Model 

A main use of the ARCH mode l is to predict the future conditional var iances. For exa mple, 

o ne might be interested in forecasting the h-step-ahead co nditiona l var iance 

For h = 1, the ARCH ( I) model implies that 

(5t
2
+1/t = f(al+ 1IFt- 1) 

= ao + a1al 

Substituting ao = (52 ( 1 - a1 ) in the above eq uatio n from eq . 54 we get 

(56) 

whi ch is a we ighted average of the long-run variance and the current squared return. 

Similarly, using the iterated expectat ion fo rmula, we have (Cryer and Chan, 2008): 

(5t'+hlt = E(a~+hIFt-1) 

= E [E( (5t'+hlt+h-1 El+h I Ft- 1) IFt- d 

= E[ (5t'+hlt+h- 1 E( El+h IFt- 1) IFt-1] 

= E [(5t'+hlt+h-1 E (El+ h) IFt-1 ] 

= f[(5t
2
+hlt+h _1 IFt_1] 

= E[ao + a1a~+h_1IFt_ d 

= ao + a1E [a;+h_1I Ft_d 

= ao + a1 (5t'+h-llt (57) 
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where we adopt the convention that O}+hlt = a~+h for h < O. The fo rmula above provides a 

recursive recipe for comput ing the h-step-ahead conditiona l variance. 

3.2.4.5. Diagnostic test (Model Adequacy) 

For a properly specified ARCH/GARCH model, the standardized residuals 

_ at 
at =-­

(Jtit-l 

form a sequence of iid random var iables . Therefore, one can check the adequacy of a fitted 

ARCH model by examining the series {at}. In palticular, the Ljung- Box statistics of - at 

can be used to check the adequacy of the mean equation and that of a~ can be used to test 

the va lidity of the vo latility equat ion (Tsay). 

The followings are the mode l adequacy checking method that was used for this study 

A) The ACF and the PACF of the standardized residuals, at: If the model is adequate, the 

ACF's of standardized residuals should be indicative of a white noise process. 

B) The sta ndardized residuals are assumed to follow identica l and independently 

distributed standard normal distributions (Tsay, 2002 and Go urieroux, 1997). This was 

checked through Histogram, Jarque-Bera test, and Shapiro test. 

C) Testing the presence of ARCH Effect: 

The purpose of performing the ARC H test on the residua ls is to test for the presence of 

heteroscedastic errors in the model. In the presence of heteroscedastic errors, the standard 

errors assoc iated with the parameters in the model w ill be biased downward. In add ition, 

Weiss (1986) concluded that ignoring the ARCH effect will inev itably resu lt in identifying 
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ARMA mode ls containing too many parameters, that is over-parameter izat ion. Thus, the 

presence of A RCH effect has to be tested in series through the sq uared res iduals, a~ , of the 

series (Tsay, 20 I 0). According to Tsay there are two ava ilable methods to test fo r ARCH 

effects. These are Lagrange Multip lier (LM) test and Ljung-Box test applied to the squared 

res iduals. 

3.2.4.6. Forecasting evaluation and Accu/"{/cy Criteria 

Eva luating the per fo rmance of d ifferent fo recast ing models plays a very important ro le in 

choos ing the most accurate models. In palticular, the researchers and in vestors need to 

decide the evaluat ing cr iter ia o n which to base . A ltho ugh the vast number of papers has 

studied the construction of mode ling and fo recasting vo lat ility, a few of them foc us o n the 

vo lat ility forecasting evaluat ion. 

The most w ide ly used evaluation measures are Mea n Error (ME), Mean Abso lute Error 

(MAE), Root Mean Square Error (RMSE), Mean Abso lute Percent Error (MAPE), and 

T hei l's U stat istics. The il ' s U-stati st ic is prese nted in both of its spec ifications, these be ing 

labe led UI and UII respect ively. 

3.2.4.7. Forecasting by GARCH Family Model 

Conditio na l varIance fo recasts fro m GARCH fa mil y models are obtained w ith s imilar 

approach to forecasts fro m ARMA mode ls by iterating with the cond itional expectatio ns 

o perato r. In other words, when the estimation of the unknown parameters is do ne, estimates 

o f the standard dev iat ion series can be ca lculated recurs ive ly via the definitio n of the 

Cond itional var iance for the GA RC H (P, Q) fa mil y process which helps to examine past 
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behav ior of do mestic pr ice vo lat ility fo r cereals under cons ideration that possesses vo latility 

c lustering. 

3.2.4.8. Handling Missing Values: 

S imilar to other stat ist ica l analys is, miss ing va lues are problems fiequent ly enco untered in 

t ime series analys is. We need to address miss ing data that we come across than simpl y o mit. 

We need to rep lace them wit h appropriate ly estimated va lues so that the arrangement of 

data between time-periods wi ll be ba lanced appropriate ly. In order to replace those 

observat ions, there are severa l optio ns ava ilable in the literature. As discussed in Liu and 

Wi lliam (200 1), miss ing data in a time ser ies may be estimated using one of the fo llowing 

methods. First, replace w ith the mean of the series. Alternative ly, replace w ith the naYve 

fo recast. Na ive mode l is the s implest form o f a uni var iate fo recast mode l. It uses the current 

time val ue for the next time, that is Xt+ 1 = Xt. Another method co uld be, replace w ith a 

s imple trend fo recast. This is accompl ished by estimating the regress io n equation of the 

fo rm, Xt = a + ~t, where t is the time for the per iods prior to the miss ing va lue. Then use the 

eq uat ion to estimate and rep lace the miss ing o bservat io n. As an a lternat ive method one can 

replace a miss ing va lue, rep lace with an average of the last two known observat ions that 

bo und the miss ing o bservation. 
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CHAPTER FOUR: Data Analysis and Results 

4.1. Descriptive Data Analysis 

In this section we w ill describe cereal prices of Ethiopia foc using on monthly cerea l price 

(Teff, Barley, Sorghum, Maize and Wheat) o f Ethiopia reco rded by Ethiopian Statistical 

Agency, CSA. 

Table 4. Summary ot monthll!. cereal erice 
(1996, 09) to (2006) (2007,0 1) to (2008,0 I) to Over all 

(2007,12) (20 I 2, 07) 

Mean 1.488303 3.612489 4.909066 2.618787 

Minimum 0.38087 2.1 67467 2.906365 0.38087 

Quartile (1) 1.003888 3.074827 4.141044 1.321283 

Median 1.4607 3.606022 5.096429 1.925415 

Quartile(3) 1.909618 4.06411 5.61062 3.956769 

Max 2.9409 5.229783 6.93 I 824 6.931824 

Table 4 above and Figure-3 in the Append ix show the summary o f mo nthly cerea l pr ice. 

From the table we can see that the mean cerea l pr ice is 2.62 Birr/kg, minimum is 0.38 

Birrlkg occurred in January 2002, and maximum is 6.93 Birrlkg, which occurred in Jul-

2009. The tab le is constructed by dividing the data into three parts, that is, before wo rld 

food cri s is (before January 2007), during the cris is (fi'om Ja n 2007 - Dec 2007) and after the 

cris is (from Jan 2008 - Jul 20 12). As clearly seen fo rm Figure 3, the mean price of cereals 

after the cris is is three times higher than the mean price of cereals before cris is. 

Fol low ing deprec iat ion o f Birr against US Dol lar, Ethiopia experienced 200% increase in 

cereal pr ice, which is a record rise in prices as compared to the ir respecti ve prices during the 

period of 2006-2007. The 20 I I price is about 200% higher than the prev io us three years 

prices, which were a lread y very high. Poss ible reasons fo r the high prices include high-leve l 
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prices he lping farmers to hold more gra in in stock; increase in informal cross-border trade; 

injection of cash into the economy via the safety net payments; higher li vestock prices for 

good qua lity animals. 

The time plot of the data given in Figure 3 shows there is some Seasonal pattern with an 

upward trend i.e. increasing toward the end of the data. Therefo re, the first step was 

d ifferencing the data once, d = 1, and inspecting the time plot of \lx, to see if additional 

diFferenc ing is necessary. Inspect ing the graph of differenced series, Figure 4, does not 

indicate any trend . But the differenced series is not stationary as shown by the ADF test 

given in Tab le 5 be lo w. The series, therefore, may have not only an upward trend but a lso 

seasonal behavior due to high production in the harvest season implying less price and high 

price in summer season because o f low production. Fina lly inspecting the plot of the 

seasonal difference of the d ifferenced data, Figure 6, indicates that the series is stationary as 

it wi ll be confirmed by the ADF test (Tab le 5). 

In addition to time plots, the sample ACF can help in indicat ing whether there is a need for 

differencing. Figure 7 exhibits the sample autocorre lation function (ACF) plot of the data. 

We note that the trend in the data, the slow decay in the sample ACF, Ph, and the fact that 

the PACF at the first lag is nearly I, all indicate non-stationary behav ior. Fo llowing the 

recommended procedure, first difference was taken and then the samp le ACF and PACF of 

the differenced \lx, = x, - X'-l were inspected (see Figure 8 Appendix). 

The peaks at seasonal lags, h = I s, 25, 3s, 4s where s = 12 (i.e., h = 12, 24, 36, 48) with 

re lative ly s lo w decay suggest a seasonal difference. 
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Therefo re, it can be considered that the series has both trend and seasona l variation, and we 

need both simple and seasonal differe ncing to make the ser ies stationary- a conclusion that 

is also cons istent with the result of the time series plot. 

Next, we perform some formal tests of stationarity to ascertain the visual inspection of non-

stat ionary behavior. 

4.2. Tests 

4.2.1. Augmented Dickey-Fuller Unit Root Test: 

For ARMA (p, q) models, the ADF test can be used assuming p is large enough to capture 

the essentia l correlation structure. We have chosen the lag order p for the ADF test, for each 

series, based on the AR Model that has smallest Ale (Tsay 2005). The summary of the 

results of the Augmented Dickey-Fu ller (ADF) test is give n in Table 5 below. 

Table 5: Summary of ADF unit-root test 

(in level, after first differencing, after Seasonal differencing and after 

Seasonal difference of the difference Series) 

5%crit. 10% crit. 
ADF tes t 1 %crit.Value Value Value 

Series statistic 
Original series - 1.7572 -4.04 -3.45 -3.15 

First regu lar -3.4306 -4.04 -3 .45 -3.15 
differencing 

First Seasonally -2.8551 -4.04 -3.45 -3.15 
differenced 

Seasonal difference of -4.3928 -4.04 -3.45 -3.15 
the difference Series 

From Tab le 5 the calcu lated ADF test statistic for the cereal price (origina l), seasona l 

d ifferenced cereal price and fir st regular differenced cereal price are -1.7572, -2.855 1 and -
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3.4306 respective ly. All the calcu lated ADF test statistic values mentioned above are greater 

than the tabulated (critical) va lues of -4.04 a t 1 % and -3.45 at 5% significance leve ls. 

Accord ing to these results, we do not have enough ev idence to reject the null hypothesis 

that the data have unit root and are non-stationary at I % and 5% significance leve ls. Hence , 

we conc lude that the orig inal series, as we ll as the ser ies obta ined after seasona l 

differenc ing and those obtained after regular differencing are not stationary. However, the 

computed ADF test stat istic ,-4 .3928, of the ser ies obta ined after seasonal differencing of 

the differenced ser ies is smaller than the tabulated va lues of -4.04 a t 1 % and -3.45 at 5% 

signi ficance. This leads to the rejection of the null hypothesis that there is a unit-root 

problem at first seasonal differe nce of the d ifferenced series. Consequently, cons istent with 

visual inspect ion we conc lude that, the series obtained after seasonal d iffe rence of the 

differenced series is stationary. 

Therefore the Patterns of monthl y pricc o f cerea ls series plot, the correlogram and the ADF­

test a ll suggest the need of seasonal difference of the di ffe renced series so as to have 

stationary data. 

These tests fo r stationar ity seem to agree and suggest that seasonal differencing of the 

differenced series is necessary to achieve stationarity around a constant mean, 

approx imately 0.00 and with standard dev iation of 0.89 Birr (F igure 7). Moreover, the ACF 

and PACF (Figures 10) a lso ind icate that the monthly price series is stationary in both mean 

and variance after seasonal differencing of the differenced ser ies. "''''12X, . 
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4.2.2. Tests of Randomness 

Accord ing to Harvey (1993), the s implest time se l'les IS a random model, in which the 

o bservatio ns va ry around a constant mean, have a constant va riance, and are statistica ll y 

independe nt. In other words, it is just white no ise, which has no seria l corre lat io n, meaning 

that there is no po int in attempting to fit a time series model to such type of data. Therefore, 

it is important to perform test of randomness before any attempt to modeling process to o ur 

series. Hence, we check the time series through the fo 1I0wing test to invest igate the 

hypothesis that the seasonal differe nce of the differenced series is seria ll y uncorre lated. 

Tel'/S ofRlln(/On1lless IIsing G/'llphic Inspec/ion: 

The visual inspection of the autocorrelat ion funct ion p lot provides useful in formation to 

identify the type of time ser ies (Chatfie ld, 1996) . Sample ACF has a sampling dist ribution 

that a llows us to assess whether the data comes from a complete ly random or white no ise 

series or whether corre lations are statistica lly s ignificant at some lags. Under general 

conditions, if x, is white noise, then for large n, the samp le ACF, Px(h) for h = 

1,Z, ... , H, where H is fixed but arbitrary, is approx imately no rmally distributed with zero 

mean and standard dev iat ion given by 8p (h) = In .1 

Based on the prev ious result, we obta in a ro ugh method of assess ing whether peaks in pxCh) 

are s ignificant by determining whether the observed peak is outside the interval Yo (o r 

minus/p lus two standard errors +Z8p (h); for a white no ise sequence, approximate ly 95% 

of the sample ACFs should be w ithin these limits. 

I See property 1.1. Large sample di stribuli on of ACF for while noise p 29 [Shum-way and Stoffer] 
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Figure 10 exhib its the graph of sample ACF from which we can observe vi sually that the 

ACFs, for instance, at lag I and lag 12 are s ig ni ficantly different from zero. i.e. p(1) = 

-0.48, and p(12) = -0.49 are greater in abso lute va lue than In = O.lS. Where n = 180 

w ith p-va lues <0.00 I. This indicates that there is some sort o f dependence between va lu es 

of Vv"2x, series. 

4.3. Building ARIM A Model for Month ly Cerea l Price 

Fitting a model to time ser ies data invo lves p lotti ng the data, transforming the data when 

appropriate, identifying the depende nce orders of the mode l, parameter est imatio n, 

diagnostics tests, and mode l cho ice. In this sect ion, a un ivariate Seasonal ARIMA 

methodo logy is used to model month ly cerea l price in Ethiop ia. 

4.3.1. Model Identification 

Once the degree of differencing has been determ ined , we precede to se lect the 

autoregress ive and mov ing-average orde rs by examining the sample autocorrelations and 

sample partial autocorre lat ions. To use the sample autoco rre lation and sample partial 

autoco rre lation fu nctions for tentative model pa rameters identification, we consider the 

ACF and PACF shown in Figure- IO of the appendi x. Us ing Tab le-I and Table-2 as a guide, 

we choose pre liminary va lues of p, g, P and Q. Because s ince we are dea ling w ith estimates, 

it w ill not a lways be clear whether the sample ACF o r PACF is tai ling off or cutting off. In 

addition to thi s, two mode ls that are seeming ly different, they can actua lly be very s imilar 

(S humway and Stoffer, 20 I 0). W it h thi s in mind, we should not worry about being so 

precise at this stage of the mode l fitting . At this stage, a few pre liminary va lues of p, g, P 

and Q sho uld be at hand, and we can start estimating the parameters. 

61 



First, concentrat ing on the seasonal lags, the character istics of the ACF and PACF o f our 

data ser ies in Figure- 10 tend to show a strong peak at h ; 12 in the autoco rrelat ion function, 

combined w ith peaks at h ; 12, 24 in the partia l autocorrelation function. Hence, it appea rs 

that either: 

( i) the ACF is cutting o ff after lag I s and the PACF is tai ling off in the seasonal lags, 

( ii) the PACF is cutting off after lag 2s and the ACF is tai ling off in the seasonal lags, 

(ii i) The ACF and PAC F are both ta iling offin the seasonal lags. 

Ta ble 2 suggests e ither ( i) a seasona l moving average of o rder Q ; I , or (i i) a seasonal 

autoregressive of orde r P ; 2 or (ii i) due to the fact that both the ACF and PACF may be 

tailing off at the seasonal lags, perhaps both components, p ; I and Q ; I, are needed. 

To ident ify the between-season mode l, we foc us on the lags h = 1,2, ... , and ident ify the 

order based on Tab le-I. 

First , we set the ACF to be tai ling-off and the PACF to cut-off after lag 2, we ide nt ify p; 2 

and q; O. In addition, it is poss ible to think of the PACF to be tailing-off and the ACF to cut­

off after lag I, leading to identi fy p; O and q; 1. 

Fitting the fo llowing mode ls suggested by these observat ions, we obtain : 

SA R1 MA (I , 1, 2) x (0, I, 1)1 2 

SARlM A (0, I, I) x (0, I, 1)1 2 

SARIM A (0, I, I) x (2, 1, 0)12 

SARIM A (2, 1, 0) x (2, I, 0)1 2 

SARIM A (2, I, 0) x (0, I, 1)1 2 

In this sect ion, we assume that we have n observations( X" . .. ,xn) from a causa l and 

invertible Gaussian SARMA (p, q)'(P, Q) 12 process in which in it ia l order of para meters, p, 
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q, P and Q are known. Our goal IS to est imate the value of the parameters: 

Specifica lly, we 

4.3.2. Parameter Estimation of ARIMA Models 

Est imat ing the parameters fo r Box-Jenkins models fo llows a non- linear estimation and 

parameter estimates are usua lly obta ined by maximu m like lihood method, whi ch is 

asymptot ica lly correct fo r any t ime ser ies (Brockwe ll and Davis, 1996). Hence, we use 

maximum like li hood estimation method for monthly mean price of cerea l, to estimate the 

parameters. The resu lts are summarized in Table- 6 below. 

Table 6. Parameter Estimates for Suggested SA RIMA Models 
Model Parameter Estimate Std. error t-value p-value Criteria 

i. ~, -0.8937 0. 126 1 -7.087232 <0.001 AIC 313.67 

6, AICc ~ 314.2 
1-' 

6, -0. 5337 0.0853 -6.256741 <0.001 BIC ~ 332.38 
1-

0, 8;' = 0.321 

0, -0.0258 0. 1079 -0.239 11 0.8 11' 

SARllI4A (I. I, 2)*(0, I, 2) 

ii. ~I -0.8897 0.1247 -7.134723 <0.00 1 AIC - 311.73 

8, AICc = 312.1 

8, -0. 5273 0.0807 -6. 534077 <0.001 BIC ~ 327.32 

0 1 -0.0807 0.0903 -9.459579 <0.001 8,~ = 0.323 
SARIMA (I , 1, 2)'(0, I, I) 

iii. 8, -0.5385 0.0709 -7.595205 <0.001 Ale - 309.51 

0 , -0.8634 0.0891 -9.690236 <0.001 A1Cc ~ 

309.65 
BIC ~ 318.86 

SRIMA(O, I, 1)'(0, I, I) a\~ = 0.326 

iv. 6, -0.5271 0.0709 -7.434415 <0.001 AIC 318.68 

~I AICc ~ 

3 18.93 

$, -0.4347 0.0746 -5.827078 <0.001 BIC = 331.15 

SARIMA(O, I, 1)'(2, 1,0) 8J = 0.358 

v. <1>, AIC - 3 18.68 
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<1>, -0.2050 0.0758 -2.704485 0.0068 AICc ~ 

3 18.93 

"', BIC ~ 331. 15 

"', -0.4494 0.74 1 -6.06 1777 <0.001 8;' = 0.364 
SARIMA(2, I, 0)*(2, I, 0) 

vi. <1>, AIC - 3 15.77 

<1>, -0.1892 0.0758 -2.496042 0.01256 AlCc = 

316.02 

0 1 -0.8831 0.0971 -9.094784 <0.001 BIC ~ 328.25 

SARIMA(2, I, 0)*(0, I, I) 8;' = 0.332 

'Stands for the parameter that IS not slgllificantly different from zero 

Where 

(i) stands for SARIMA (1,1,2) * (0,1,2)'2 

(i i) stands for SARIMA (1,1,2) * (0,1,1)'2 

(iii) stands for SARIMA (0,1,1) * (0,1, 1)'2 

(iv) stands for SARIMA (0,1,1) * (2,1,0)'2 

(v) stands fo r SARIMA (2,1,0) * (2,1,0)'2 

(vi) stands for SARI MA (2,1,0) • (0,1,1)'2 

(vii) stands for SARIMA (0,1,1) * (0,1,2)'2 

(viii) stands for SARIMA (3,1,1) * (0,1,2)'2 

Tab le-6 above displays the list of the parameters fo r each temporally entertained model. For 

each mode l parameter, the tab le presents the est imated va lue, standard error, t- va lue, p-

va lue, AIC, AlCc, BIC and variance (8~) for the estimate. As indicated by McDowa ll et a I. , 

(1980), parameters must differ significantly rrom zero and a ll signi ficant parameters must 

be inc luded in the model. The T-ratios (teal) re lated to the parameter estimate were 

compared with the critica l va lue of ±J.96 obtained from the t-d istribution at the 0.05 

significance leve l. T he t-test for the parameters checks whether so me lagged terms in the 

model that we may omit or not. 
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4.3.3. Model Selection 

The AIC, AICc, BIC and var iance of the estimate (8~) in Ta ble-6 are computed accord ing 

to Eqs. (20, 2 1, 22, and 23 respect ively) and are used to compare selected mode ls fit best to 

the month ly cerea l pr ice series. The mode l with the sma llest informat ion criteria is sa id to 

fit the data better. Since mode l ( iii) has lowest AIC=309.51 , AICc=309.65, BI C=318.86 and 

variance of estimate , 

fff; = 0.326, compared to other models, it fits the monthly cerea l price series best, and can be 

fu rther analyzed . Therefore the model to be used is 

(1 - B)(1 - B' 2)X, = [1 + 0.5385B][l + 0.8634B 12 ]w" 8~ = 0.3263 

where standard errors of the two MA parameters are 0.0709 and 0.08934, respective ly. 

T he estimated va lues of the parameters for Seasonal ARlMA(O, I, I)*(O, I, I) are 8, = 

-0.5385 * 0 and 6 , = -0.8634 * O. However, the results being different from zero does 

not guarantee that both parameters are different from zero. Hence, we need to test the extent 

of co- linearity that might have infl uenced the result. 

4.3.4. Test fo r Co-linea rity 

The corre lations of the parameter est imates are shown in Tab le-7 be low. We can use thi s to 

assess the extent to which co- linear ity may have infl uenced the results. If two parameter 

estimates are highly co rrelated, you might consider dropping one of them fro m the mode l. 

However, in our case corre lat ion between seasonal mov ing average and non-seasonal 

mov ing average parameter is, -0.140 113, which is sma ll. Therefore, we drop no parameter 

from the model. Another problem is that, even though the parameters are significant there 
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co uld be a concern that we have not identi fied the model correct ly. i.e . we need to test for 

mode l adequacy. 

Table 7: Correlations of Parameter Estima tes for the fitted model 

parameter 

9, 

8, 

8, 

-0. 140 11 3 

4.3.5. Test of Model Adequacy 

8, 
-0.140113 

1 

After we have built a model, we should allow fo r additio nal parameters in the fitted model 

and test whether the added parameters are s ignificantly different from zero. If they are 

di ffe rent from zero, then there is a reason fo r concern that we have not ident ified the model 

co rrectly. For example, we start w ith over fitting by inc luding one more seasonal mov ing 

average parameter ( €i)2 ) to the Seasonal ARIM A model ( iii) to examine whether this mode l 

w ith more parameters would adequate ly he fit to the monthly cerea l pr ice data. The 

inc lusio n of this parameter can be determ ined by test ing its s ignificance and the 

improvement in the measures of goodness of fit of the mode l. This is g ive n in Ta ble 22 

appendix in which we have added one mo re parameter de liberately. The estimated 

parameter, €i)2= 0.073 1(0.9326) is fo und to be not statist ica lly s ignifi cant. Where the va lue 

we see in parenthes is is the P-value of the parameter. We co nclude that, there is no reason 

for concern that we have not identified the mode l correctly. 

Thi s is a lso further verified by plotting theoretica l graph of autocorrelation function and 

partia l autocorre lat io n function. The p lots are presented in Figure 10 and Figure I I 

(appendix). We fo und that the two graphs to be c lose to each other implyi ng our model is 
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good- a conc lus ion that is consistent with model adequacy, co- linearity and model se lection 

cr iterio n. The last step is to diagnose the residua ls. 

4.4. Diagnostic Checking for the selected ARIMA Model: 

In this sect ion, we wi ll assess how we ll the se lected model, (SARIMA(O, I, I) • 

(0, I, 1)12) , fit the actual cerea l price data . If the model fit s the data we ll , the res iduals of 

the fitted model are random (C hat fi e ld , 1996). 

4.4.1. Testing for Independence: 

In this sect ion, we will assess dependence of the res iduals of the se lected mode l, 

SARIMA(O, 1, 1) . (0,1,1)12' Figure 14 displays a plot of the standardized residuals, the 

ACF of the res idua ls, the p-va lue assoc iated with the Ljung-Box Q-statistics, (eq. 2S), at lags 

H=3 through H = 20 (with correspond ing degrees of freedom H-2). 

Inspection of the time plot of the standardized res iduals in Figure 14 shows no obvious 

patterns. The ACF of the standardized residua ls shows no apparent departure from the 

model assumptions, and the Ljung-Box Q-statistic is never significant at the lags shown. 

Hence, the resid uals are random. 

Un less the time series is Gauss ian, it is not enough that the res idua ls are uncorrelated. For 

example, it is poss ible in the non-Gaussian case to have an uncorre lated process for which 

va lues cont iguous (ne ighbor ing) in time are highly dependent. As an example, we mention 

the famil y of GARCH models. There fore, we need to test fo r the presence of ARCH effect 

le ft 
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4.4.2. Testing for ARCH Effect: 

For the diagnostic checking o f the presence o f ARCH e ffect in res iduals, LM ARCH test 

and the Lj ung-Box Q-test fo r the squared res iduals are used. The results are fo und in Tables 

14 and 16, respecti ve ly. The LM ARCH test stat ist ics is 0.1560(0.925) and Ljung box Q­

stati stics, fo r instance at 10 d.f. , is 8.056(0.6263). Where the va lu es in parentheses are the ir 

correspo nd ing p-va lues. The p-va lues of the test statist ic for both tests are greate r than the 

5% leve l of significance. Both tests fa il to reject no ARCH le ft hypothes is in res iduals. 

Therefore, we conclude that no autoregress ive conditional hetero scedastic ity le ft in the 

res idua ls- a conc lusio n consistent w ith the independence of the res iduals g iven in (Testing 

fo r independence in 4.4. 1. ). The last but very important test fo r mode l fi t is to check 

whether the res iduals o f the model are normally d istributed. 

4.4.3. Testing for Normali ty: 

Fina lly, we check the norma lity assumption of the res idua ls. If the res iduals are normally 

d istributed, the histogram should be bell-shaped and the po ints in the QQ-p lots shou ld lie 

a longs ide a straight line . In addition to this, Both the l arque-Bera statistic and Shapiro-test 

statistic should not be s ignificant. 

Figure 12 Appendix displays the histogram of the residuals. The histogram describes the 

distribution that is c lose to normality. Neverthe less, we cannot be certain . Let us look at the 

q-q p lot o f the res iduals d isplayed in Figure 14 for c loser compari so n. The graph does not 

show a great deviation from normality, no t even at the tail s ides. Hence, we conclude that 

the res idua ls fo llow a no rmal d istribution. Next, we conduct a normality test o f hypothes is. 

We have used two d iffe rent methods, Shap iro -Wilk and 131'que-Berra tests. The results fo r 
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the ca lcu lated test statistic fo r Shapiro-Wi lk test and JaJ'que-Berra test are 0.9884(0. I 495) 

and 1.2548(0.534) respect ive ly as disp layed in Table 14. The va lues in parentheses are p­

va lues. 

The Jarque-Bera statistic tests the res iduals of the fit for normality based on the observed 

skewness and kurtosis, and it appears that the res iduals have normal skewness and kurtosis. 

The Shapiro-Wilk stat ist ic tests the res idua ls o f the fit for normality based on the empirica l 

order statist ics. The p-va lues of the test statistics for both tests are greater than the 5% level 

of significance. These tests imply that we do not have enough evidence to reject the null 

hypothes is that the res iduals are no rmal. Therefore, we conclude that the res iduals o f the 

fitted seasona l ARIMA(O, 1, 1) * (0,1,1)'2 model are normall y distributed. All the res idual 

tests are consistent in showing the adequacy of the fitted mode l. Therefore, we conc lude 

that the fitt ed model 

(1 - B)(1- B'2)X, = [1 + 0.5385B][1 + 0.8634B '2 ]W" 

is adequate. 

4.5. GARe" Models: 

4.5.1. Unit Root Test for Log Return Cereal Price Series 

8;' = 0.3263 

We choose p = 12 because AIC se lects an AR ( I I) mode l fo r the log return cereal price 

data, logx, - logx,_I' Other va lues of p are a lso used, but they do not alter the conc lusion 

of the test. From Tab le 18 with p = 12, the ADF test stat ist ic is -4 .8706, which is smal ler 

than the tabulated va lues of -4.04 at 1 % and -3.45 at 5% significance. Hence, we reject the 

null hypothes is that the data has unit root and is non-stationary. 
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4.5.2. Model Identification for the Log Return Cereal Price Data 

Once the degree of differenc ing has been determined, we precede to se lect the 

autoregress ive and moving-average orders by exam ining the sample autocorrelations and 

sample partial autocorrelations. 

To use the sample autocorrelation and sample partia l autocorrelations functions for tentative 

model parameters identification, we consider the ACF and PACF shown in Figure 15 of 

appendix. Using Table-I as a guide, 

First, we set the ACF to be tai ling-off and the PACF to be cut-off after lag 3, we identity 

p=3 and q=O. In addition, it is possible to think of the PACF to be ta iling-off and the ACF to 

cut-off after lag 3, leading to identify p=O and q=3. 

Fitting the following models suggested by these observations, we obta in : 

I. ARMA (1, 0) 

11. ARMA (3 , 2) 

111. ARMA (3 , 3) 

4.5.3. Parameter Estimation for the ARMA Model 

We use maximum likel ihood est imat ion method for monthly log return mean price of cerea l 

price, to est imate the parameters. The resu lts are summarized in Table- 8 below. 
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Table 8 Summary of parameter estimates and selection criterion 

Model Parameter Estimate Std.error t-va lue p-va lue Information Criteria 

3. <1>, -0.4505 0.0665 - 6.774 <0.00 1 AIC-123.77 

AICc= 123.84 

8~= 0.1 142 BIC= 130.15 

b. <1>, -0.3317 0.0870 - 3.813 <0.00 1 AIC=114.65 

9, 0.8886 0. 1761 5.046 <0.00 1 AICc= 1I 5. 14 

8~= 0.1033 BIC= 133 .78 

c. <1>, 0.3332 0.1140 2.923 0.003 AIC=116.82 

9, -0.6387 0.1242 - 5. 143 <0.001 AICc= 11 7.48 

8~= 0.1035 BIC=139. 13 

Where 

a. stands for ARMA ( I, 0) 

b. stands for ARMA (3 , 2) 

c. stands for ARMA (3 , 3) 

Tab le-8 above d isplays the li st of the parameters for each temporall y entertained mode l. For 

each model parameter, the tab le presents the estimated va lue, standard error, t- va lu e, p-

va lue, AIC, AICc, SI C and variance (8~) for the estimate. As ind icated by McDowall et aI. , 

(1980) , parameters must differ sig ni ficant ly from zero and a ll significant parameters must 

be includ ed in the model. The t- rat ios (teal) re lated to the parameter estimate were 

compared w ith the cr it ical va lue of ±1.96 obta ined from the t-distribution at the 0.05 

sign ificance leve l. The test checks whether some terms in the mode l may be omitted o r not. 

In o ur case, the est imated va lue and assoc iated /- va lues for moving average parameters as 

well as autoregressive parameters are all s ignificant ly different from zero and they should 

retain in the model. 
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4.5.4. Model Selection 

T he AIC, AICc, BIC and variance of the estimate (8~) in Tab le-8 are used to se lected the 

best-fitted mode l to the mo nthly log return cerea l price ser ies. The mode l with the sma llest 

in fo rmation cr iter ia is said to fit the data best. Mode l (b) has A IC, AICc, BIC and var iance 

of estimate eq ual to 11 4.65 , 11 5. 14, 133.78 and 0.1033 respective ly, we choose Model (b) 

because it has re lative ly sma llest informat ion criteria and fulfil s the model adequacy. 

Hence, ARMA (3 , 2) fit s the mo nthl y log return cerea l price series best, and can be furt her 

ana lyzed. Therefore, the fitted model is 

0 .8886Co.1761)at-2 + at , 8~ = 0.1033 

where the va lues in parenthes is are the corresponding standard errors. 

4.5.5. Test of Model Adeq uacy 

We w ill focu s o n ARMA(3 ,2) model w hich has the sma llest information cr iter ia. F igure 16 

disp lays a plot o f the standardized res id ua ls {at} , the ACF of the resid uals, a boxp lot o f the 

standardized res idua ls, and the p-va lues associated w ith the Lju ng- Box-stati st ic, (eq. 25), at 

lags H = 3 through H = 20 (with corresponding degrees of freedom H - 2). 

Inspection of the time plot of the standardized res iduals, {at}, in Figure 16 shows no 

o bvio us patterns. The ACF of the standardized res iduals shows no apparent departure from 

the mode l assumpt io ns, and the Ljung-Box-statistic is never s ign ificant at the lags shown. 

Hence, the series does not have significant seria l co rre latio ns so that it can be d irect ly used 

to test for the ARC H effect. Indeed , the Lj ung-Box test statistic o f {a,} gives X~o = 5.4043 
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with p-va lue 0.86 , confirm ing no seria l corre lat ions in the data. On the other hand, the 

Ljung-Box test statistic {aD shows strong ARCH effects w ith test statistic X~o '" 43.76, the 

p-value of which is c lose to zero. To add ress the issue of prese nce of ARCH/GARCH effect 

we use GARCH mode l. 

4.6. Parameter Estimation of GARH Models for the Return Series 

We have identified the ARMA model to be ARMA (3, 2) the next step is to choose the 

ARCH and GARCH model so that all the tests for the res idua ls and residual square w ill 

sat isfy the assumpt ions stated. 

Now we estimate the who le ARMA(P, Q)- GARCH (p, q) mode l. This cannot be do ne by 

simple OLS due to no nlinearity. Instead, maximum li ke lihood estimator must be used. 

For each model parameter, the table presents the estimated va lue, standard error, /- value, p­

va lue, A IC, AICc, BIC and HQI C for the est imate. Both ARMA (2, I) +GARCH( I, I) ami 

ARMA(2, 2)+GARCH( I, I) have very close information cr iteria w ith the first be ing the 

smallest. However, in the later it was found that one estimated parameter is (8 z = -0.1 79 14, 

std. Error = 0.850 and P-value= 0.3955 >0.05) which is insignificant. Therefore, it should 

not be included in the model. Hence the model that has to be considered beco mes ARMA 

(2 , I) +GARCH( I, I). A jo int estimation of the ARMA (2, 1)-GARCH( I, I) g ives (i.e . the 

fitted mode I is): 

r t = 0.335(o.oo1)rt- Z + 0.2 03 (o.OZl)r t - Z - 0.834« o.OOl) a t _ 1 + at 

Where the val ues in pare ntheses are p-val ues. 
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Table 9. summary of Parameter Estimates Gnd selection criteria 

Error Est imate Std. Error T-value Pr(>lt!) Cri teria Mea n and variance 

analysis equation 

/1 0.0051 0.0039 1.303 0. 1927 AIC = 

¢, 0.1557 0.2742 0.568 0.5702 0.51852 
;J> 
;0 
;: 

¢, 0.2900 0. 1177 2.463 0.0138* AICc 
;J> 
~ 

!" 
8, -0.6512 0.2783 -2.463 0.0193* 0.6610 N 

~ 

+ 
8, -0 .179 1 0.2 108 -0.850 0.3955 BIC C) 

;J> 

0.0001 0.0008047 0. 146 0.8841 0.5148 
;0 

w n 
:r: 
~ 

a, 0.0630 0.0327 1.924 0.0544 HQIC ..., 
..., 
~ 

fJ, 0.9297 0.0332 28 .021 <0.0001 0.5766 

/1 0.0040 0.0028 1.42 0.15545 AIC ;J> 
;0 

¢, 0.3636 0.1069 3.402 0.0007* * 0.5 11 2 ;: 
;J> 
~ 

¢, 0.2151 0.09 18 2.343 0.0191 * AICc !" ..., 
~ 

8, -0.8707 0.0748 - 11.64 <2.e- 16 0.6358 + 
C) 

n 0.000 1 0.0008 146 0.141 0.887659 BIC ;J> 
;0 
n 

a, 0.0631 0.0330 1.910 0.056 1 0.5083 :r: 
~ ..., 

fJ, 0.9263 0.0337 27.56 <2e-16'" HQIC ..., 
~ 

0.561 7 

¢, 0.2659 0.071 3.747 0.0002 AIC= 

¢, -0.6 167 0.06 1 -10. 13 <0.001 0.529 ;J> 
;0 

¢3 -0.3629 0.070 -5.2 <0.00 1 AICc = 3:: 
;J> 
~ 

w 

8, -0.7035 0.0364 - 19.32 <0.00 1 0.672 N 
~ 

+ 
8, 0.9 197 0.06 15 14.95 <0.00 1 SIC = 0 

;J> 
;0 

n 1.442e-07 7.3e-04 0.00 0.99 0.525 () 
:r: 
~ 

0.00508 0.025 2.025 0.0423 HQIC = -a, " -
~ 

fJ, 0.9432 0.0283 36.521 <0.001 0.587 

Tab le-9 above di splays list of the pa rameters fo r each te mpo ra lly e ntertained mode l. 
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From the var iance equation the implied unconditional variance of at is 

0.0001246 
1 - 0.066 - 0.926 = 0.01674664 

The I ratios of the parameters in the mean eq uatio n suggest that all three AR coeffic ients are 

significant at the 5% leve l. Therefore, we should not drop any AR and MA parameters to 

refine the mode l. 

4.7. Diagnostic Checking for the Selected GARCH Model: 

In this section, we w ill assess how we ll the se lected mode l, ARMA(2, I) - GARCH(I, I ) , 

fit the actual return cerea l price data. If the mode l fit s the data we ll, the res iduals of the 

fitted mode l are random (C hatfie ld , 1996). To do thi s we have used diagnostic check ing fo r 

independence o f the resid uals, then tested ARC H effect le ft in the res iduals and finall y 

cond ucted test for normality o f the res iduals. 

4.7.1. Testing for Independence: 

In this section, we check if residuals of the se lected mode l, ARMA(2, 1) + GARCH(l, 1) , 

are independent . Figure 17 displays a plot of the standardized res idua ls, the ACF of the 

residuals, and Tab le 20 displays the p-value associated with the Ljung-Box Q-statistics, for 

H= IO , 15, and 20. 

Inspection of the time plot of the standardized res idua ls in Figure 17 shows no obv io us 

patterns. T he ACF of the standard ized res iduals shows no apparent departure fi'om the 

model assumptions, and the Ljung-Box- Q-statist ic in Tab le 20 is never s ignificant at the 

lags shown. Hence, the res iduals are random. The other thing we need to test for 

independence of the residua ls is to check if there are ARCH effects left . 
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4.7.2. Testing for ARCH Effect: 

For the diagnostic check ing of the presence of ARCH effect in res iduals, LM ARC H test 

and the Ljung- Box Q-test fo r the squared residuals are used. The results are found in Tab le 

20. The p-va lu es of the test statist ic for both tests are greater than the 5% leve l of 

sign ificance. This result implies that we do not have enough ev idence to reject the null 

hypothesis that there is no ARCH left in residuals. Therefore, we conclude that no Auto 

regress ive conditional heteroscedastic ity left in the res iduals - a conclusion consistent with 

the indepe ndence tests g iven in 4.7. 1. Fina ll y, we check the norma li ty assumption of the 

residua ls. 

4.7.3. Testing for Norma lity: 

If the residuals are normall y distr ibu ted, the histogram shou ld be bell-shaped. In add ition to 

this, Both the Jarq ue-Bera statistic and Shapiro-test statistic should not be significant. 

Figure 17 displays the histogram of the residuals. The histogram describes the distr ibution 

that is c loth to normality. Hence, we conc lude, it is poss ible that the residua ls fo llow a 

normal distr ibut io n. Next, conduct a normal ity test of hypothes is. We have use two different 

methods, Shapiro-Wilk and Jarque-Berra tests. The results are di sp layed in Table 20. 

The Jarque-Bera statistic tests, X~ =2. 770888(0.250) the residua ls of the fit for normality 

based on the observed skewness and kurtos is, and it appears that the res idua ls have normal 

skewness and kurtos is. T he Shapiro- Wilk statist ic, W=0.9892886(0. I 970764), tests the 

res idua ls of the fit for normality based on the empirica l order stat istics. The va lues in 

parentheses are p-values. The p-va lue of the test statistics for both tests are greater than the 

5% level of significance. These tests imply that we do not have enough evidence to reject 
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the null hypothesis that the residua ls are normal. Therefore, we conclude that the residua ls 

of the fitted models are normally distributed. 

4.8. Interpretations of Empirical Results from GARCH-Model 

For the sake of further compariso n of the coeffi c ients, we present the coeffi c ients in Tab le 9 

even if AR, MA, GARCH or ARCH term were not s ignificant and thus is probably not 

present in the rea l data generating process in so me of the cases. 

The fitted mode I is 

O"~t_, = 0.0001 246(0.88) + 0 . 066(0.OS6, ) a~_, + 0.926«0.00')0"~_'lt_2 

Where the va lues in parentheses are p-va lues. 

Here in the return of cereal price 1/>,,1/>2 ,6"and GARCH term are significantly different 

from zero at 5% and 10% leve l of significa nce. Whereas "'0' ao and ARCH term, a" 

where a ll zero at I % and 5% leve l of significance . Hence, ARCH term did not meet the 

positivity condition and had to be removed from the equat ions. Nevertheless, the ARMA 

and GARCH te rms a lo ne were sufficient to spec ify the cond itiona l volat ility equat ion and 

the standardized res iduals fulfilled the iid condition. Furthermore, in our case the GARCH 

term had the strongest effect on vo lati lity from a ll the analyzed time se ri es. T his is not 

surpris ing s ince the ARCH term was removed fro lll the equation and a ll the exp lanatory 

power rema ined for the GARCH term. Value of the GARCH term, p, = 0.926, for the 

return of cereal price is close to one. This means s low convergence of vo latility to a steady 

state and hi gh persistence in vo lat ility. 
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The constant term, in the mean equation was s ignificant and thus it follows an ARMA (2, I) 

Mode l for the return of cereal price. 

4.9. Forecasting 

T here are two reaso ns why forecast ing vo lati lity co uld be important. First ly, good fo recast 

capab ility o f vo lat ili ty mode ls prov ides a practica l too l fo r price data ana lys is. Second ly, as 

proxy for risk, vo lat ility is re lated to expected returns, hence good forecast mode ls enable to 

dev ice more appropriate securities pric ing strateg ies (Akg iray, 1989). In the prev ious 

sections, we have performed the Seasona l ARJMA and GARCH mode ls and some d iagnosis 

checking of standardized residua ls to compare the spec ifications. However, the in-sample 

and out-of-sample fo recast eva luation potentially provides compariso n that is more useful. 

So far, the mode ls are est imated by using actual data generating process, but literature 

suggests that the good performance in parameter estimates and goodness of fit statist ics do 

not guarantee to give accurate forecast models (Lopez, 200 I). The satisfactory estimat io n of 

seasona l ARIMA and GARCH-models is further eva luated through multi-step forecasting. 

4.9.1. In-Sample Forecast of Domestic Price Volatility by GARCH Models 

Incorporating the most adequate choice of the vo latili ty models for price of cerea ls, the 

volatility of domestic pr ices using variance as volat ili ty measures was forecasted using the in­

samp le observations under static forecasting hence the res ults are presented in Figure I and 

Figure 2 below. 
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2000 2005 2010 

Time 

Fig.1. GARCH predictions of the cerea l volatili ty,±28,', displayed as dashed lin es 

To explo re the GARCH predictions of vo lat ility, we ca lculated and plotted all the 

observations from the data a long w ith the one-step-ahead predict ions of the co rrespo nding 

vo lati lity, ±2Bt, The results are displayed as the data ±28,2as a dashed line surrounding the 

data in Figure I . 

The important point to note from Figure I and Figure 13 append ix is that, during 1997 to 

2002, there was high vo latility, w hen many large positive and large negative returns were 

observed during a short space of time. In additio n, volatility decreases to the end of the 

2011. 
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2004 2006 2008 2010 

Time 

Fig.2. Twenty-four month forecasts for the cerea l price series. 

2012 

T he vertical dashed line separates the data from the predictions. The actual data shown are 

from about September 1996 to July 20 II , and then the forecasts plus or minus 2 standard 

error are disp layed. 

4.9.2. Out-Sample Forecast of Domestic Price Volatility by GARCH Models 

The out-of-sample forecast is perfo rmed for the first year from August 2011 , to July 20 12 

generating 12 observations. The 12 months per iod is chosen based on previous studies. 
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Table 10. Out sample forecast usin.q GARCH Model 
Month Out-sample Data Mean Forecast Mean Error 5t. Deviation 

Return Cerea l Price 

Aug-ll 0.082908 -0.06535 0.173871 0.173871 

Sep-ll 0.023934 -0.00101 0.194661 0.173546 

Oct-ll -0.07102 -0.01041 0.194371 0.173222 

Nov-ll -0.0255 7.72E-06 0.19402 0.172901 

Dec-ll -0.02599 0.001775 0.193662 0.172581 

J30-12 -0.04625 0.004659 0. 193306 0.172263 

Feb-12 -0.00956 0.006088 0.192951 0.171947 

Mar-12 -0.01182 0.007228 0.192598 0.171633 

Apr-12 0.07254 0.00795 0.192247 0.171321 

May-12 0.016241 0.008458 0.191898 0.17101 

Juo-12 0.086265 0.008798 0.191551 0.170701 

Jul-12 0.030293 0.009031 0.191207 0.170394 

Table. 11. Out sample forecast using the selected SARlMA model i 

Month Out-sample Mean Forecast Standard Error 
Cereal Price 

Aug-ll 6.049121 5.653146 0.997934 

Sep-ll 6.195649 4.870892 0.57 1438 

Oct-ll 5.770895 4.658712 0.632531 

Nov-ll 5.625584 4.558733 0.683928 
Dec-ll 5.481245 4.504183 0.726568 -
Jao-12 5.23353 1 4.29897 0.7661 .-
Feb-12 5.183739 4.138841 0.803401 

Mar-12 5.12285 4.711113 0.838982 

Apr-12 5.508272 4.921205 0.873095 

May-12 5.598462 5.528471 0.90592 
Jun-12 6. 102859 5.100549 0.937594 

Jul-12 6.290564 5.56189 0.968234 

Incorporating the most adeq uate choice of the volat ili ty mode ls for producer price of cerea ls, the 

vo lati lity of producer prices us ing variance as vo latility measures was forecasted using the out· 

81 



sample observations under static forecasting and the results are presented in Table 10 above. In 

addi tion, the Twelve-month fo recasts fo r the cerea l price seri es using the se lected seasonal 

ARI MA are g iven in table II above. 

The estimation and diagnost ic ana lys is results of the seaso na l ARlMA and the GARCH 

models revea led that the mode ls are adequate. In particular, the res idual analysis, wh ich is 

impo rtant for diagnostic checking con fi rmed that there is no violat ion o f assumptio ns in 

re lat io n to mode l adeq uacy. 

To illustrate the forecasting performance of the prior seasona l model and GARCH mode l, 

we estimate the mode ls using the first 180 observat ions and reserve the last twe lve data 

points fo r fo recast ing eva luat ion. We compute I-step to 12-step ahead forecasts and the ir 

standard errors of the fitted mode l at the forecast o rig in h = 180. Table 10 and I I sho w the 

fo recast ing performance of the models, where the observed data are shown in second 

co lumn, mean forecast on second co lumn and Standard Error on third co lumn. The forecasts 

are c lose to the observed data . F inall y, we have used accuracy measures to compare the 

se lected mode ls. 

4.10. Forecasting Accuracy Evaluation for the selected models ARIMA and GARCH 

In o rder to identify the superior in-sample forecast mode l, s ix accuracy eva luations of error 

stati st ics are employed. These are Mean percentage Error (MPE), Mean Abso lute 

Percentage Error (MA P E), both The il 's U I and U2 statist ics, bias pro portion and variance 

proport io n. T he results 0 f the measures fo r SARlM(O, I, I )*(0, I , I) and 

ARMA(2, I )+GARCH( I, I) are given Tab le 12 below. 
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Table 12. In -sample farecast evaluation data from 1997:09 to 2011:07 
Forecast evaluation statistics SARIMA GARCH 

Mean percentage error -6.18024 65.89529 

Mean absolute percentage error 24.64436 72.11019 

Theil's UI 0.052917 0.591611 

Theil's U2 0.856539 0.768701 

Bias Proportion 0.000591 0.000121 

Variance Proportion 0.004424 0.40262 

Covariance Proportion 0.994985 0.597259 

Bold shows the butter by the criteria 

Almost all the forecast eva lu ation of error stat ist ic generate the same results wh ich indicate 

the outperfonnance of SARJ M(O, I , I )*(0, I, I) model. T he bias and var iance propol1ion for 

the ARIMA model are close to zero. While, the variance proportion for GARC H model is 

relatively large . Both tests have very c lose Theil ' s U2 test, which is less than one, indicating 

both models are good for In-sample forecasting. In genera l, regarding the forecasting abilit y 

of the models in the case of Ethiopian cerea l price, the results indicate that Seasonal 

ARJMA model is better than the GARCH model. The results obtained are cons iderab ly 

decis ive and cons istent across s ix measures. 

Table13. Out-sample Forecast Evaluation (Data (rom 2011:08 ta 2012:07) 
Forecast evaluation statistics SARlMA GARCH 

Mean percentage error 14.33640723 86.5327 

Mean absolute percentage error 14.33640723 11.57745 

Thei l's UI 0.071325257 0.030353 

Theil's U2 3.208759133 0.852948 

Bias Proport ion 0.873856854 0.061574 

Variance Proportion 0.016957267 0.36333 

Cova rian ce Proportion 0.009758 0.2449 

Bold shows the butter by the criteria 
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To find the super ior out-sample forecast mode l, the above forecast eva luat ion are used. 

Results are g ive n in Table 13 above . Most of the Measurement erro r eva luation goes in 

favo r o f ARM A(2, I )+GARH( I, I) model. Hence, we conclude that the se lected GA RCH 

model is better in fo recasting out-sample as compared to the seasona l ARlM A model. 

Therefore we conclude that GARCH model is better than seasona l ARIMA mode l for 

forecast ing out sample while the seasonal AR I MA model is better than the GA RCH( I, I) in 

fo recasting in-samp le cerea l pr ice in Ethiop ia. 

4.11. Discussion of Results 

T he ARlMA mode l we got is common among seasona l t ime series mode ls and can 

genera ll y be expressed as: 

(1- 8)(1 - 8 S )x, = [1 + 88][1 + 08 S ]w, 

Where s is the period icity of the ser ies, w, is a wh ite noise series, 181 < 1, and 101 < 1. 

The mode l is referred to as the airline model in the literature (Box, Jenkins, and Re inse l 

,( 1994), and Tsay, (20 10». The MA part of the mode l in vo lves two parameters, whereas the 

AR part cons ists of the regular and seasonal d iffe rences. For comparison purpose the mode l 

is g iven be low. 

(1 - 8 )(1 - 8 '2 )X, = [1 + 0.5 3858][1 + 0.86348 ]w" fj,~ = 0.3263 

where standard errors of the two MA parameters are 0.0709 and 0.08934, respective ly. 

Consistent with our findings, Akg iray ( 1989), Bo llerslev (1 986) and others agree on that 

GARCH ( I, I) model fi t financial data suffic iently enough for forecasti ng variance without 

the need of more so phisticated mode ls. 
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CHAPTER FIVE: Conclusion and Recommendation 

5.1. Conclusion 

In this paper, we have examined the Seasonal ARl MA and GA RCH models for the t ime 

series o f cerea l price. In the GARCH case, the conditiona l mea n was estimated using the 

ARMA model and conditiona l variance using the GARCH models. We ha ve estimated the 

standard Gauss ian model ARMA(2, I )+GARCH( I , I) and then analyzed the asymmetric 

extensio ns of GARCH model w ith di fferent error distribution. After examining the 

goodness of fit of competit ive models it was concluded that the s imp le GARCH, GARCH 

( I, I), model w ith normal distribution provides the best fit and the prediction was made 

based on this model. 

In the Seasonal ARIMA case, after we have examined the goodness of fit of competitive 

mode ls we came to conclusio n, that the Seasonal ARl MA(O, I, I)* (O, l , l ) prov ides the best 

fit and the predict ion was made using this model. 

To detect the best fit estimation and the most accurate fo recast mode l for cerea l price the 

two selected models were further compared. To gain the cho ice of superio r in-sample and 

out-sample fo recast model, s ix measures were employed: Mean Percentage Error (MP E), 

Mean Abso lute Percent Error (MAPE) , and The il 's U statistics, bias proportion and 

variance proportion. 

A lmost a ll the in-sample fo recast evaluat ion of error stati stic generate the same result s 

which indicate the o utperformance of SARI M(O, I , I )*(0, I, I) mode l. And the o ut-sample 

fo recast was in favor of the GARCH( 1, I) w ith conditional mean ARMA(2, I). In genera l, 

regarding the fo recasting ability of the models in the case of Ethiopian cerea l pr ice, the 
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results indicate the o utperformance of the seasonal ARIMA over GARCH (p, q) models for 

in-samp le forecast. However, GARCH (I, I) mode l is found to be better than seasona l 

ARIMA mode l when it comes to making out-samp le forecast. The results obta ined are 

cons iderably decisive and consistent across s ix measures. 

5.2. Limitations and Recommendations 

Although the paper provides the results are relative ly understandable and consistent wit h the 

previous st udies, the results sho uld be treated w ith caution due to the fo llowing reasons. 

First ly, the monthly data period of fifteen years is quite limited for applying GARCH 

mode ls comparable to the empirica l studies with longer time horizon of est imation. 

Secondly, though the paper attempts to comprehensively invest igate the producer cereal 

price market and its vo latility by the means of various univariate time series models, it 

covers the most widely used models without consideration of the huge number of other 

GARCH extensions such as EGARCH , APPARCH and other approaches such as stochastic 

vo latil ity mode ls. 

These limitatio ns suggest further studies on the same subject to generate results that are 

more fj·uitful. Alternative Seasonal ARIMA spec ificat io ns as we ll as other s impler or more 

sophisticate GARCH approaches may be conducted. Another suggestion is that further 

study may employ mu lt ivariate mode ls such as seasonal or Dynamic Conditiona l 

Correlation Mu ltivariate model to ana lyze the time-varying correlation of cerea l price 

market with the others price markets in particular and internationa l Price markets in general. 
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Appendix 

List of Tables 

Table 15. Serial correlation check for residuals of SA RIMA (0, 1, 1)*(0, 1, l),z model using 
Ljun.q-Box Q-statistic test 
To lag Chi-Square Degree offreedom Pr> Chi-Square 

7 

12 

17 

22 

0.8669 

6.4389 

18.1816 

25.3879 

5 

10 

15 

20 

0.9726 

0.7771 

0.2532 

0.1 87 

Table 16. Serial correlation check for squared residuals of SARIMA (0, 1, 1)*(0, 1, l),z 
model usin.q Ljun.q-Box Q-statistic test 
To lag Chi-Square Degree of Freedom Pr> Chi-Square 

7 

12 

17 

22 

1.497 1 

8.056 

15.0414 

19.5615 

5 

10 

15 

20 

0.91 34 

0.6263 

0.4484 

0.4856 

Table 17. Ljung-Box Q-statistic test for squared residuals of ARMA (3,2) 
To lag Chi-Square Degree of Freedom Pr> Chi-Square 

10 

J5 

20 

35.07 

47.19 

59.47 

7 

12 

17 

<0.0001 

< 0.0001 

< 0.0001 
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Table 18: Summary a ADF unit-root test (the log Return Cereal price Series) 
Series ADF test 1 %crit. Value 5%crit. 10% crit. Decision 

statistic Value Value 

Return Cereal -4.8706 -4.04 -3.45 -3.15 Reject Ho at 1, 5 and 
Price Series 10% level of sig. 

Table 19 Standardized Residuals Test for ARMA (3, Z) 
Statistics p-Value 

Jarque-Bera Test R ChiA2 2.6785 0.262 
-Shapiro-Wilk Test R W 0.9909 0.3145 
-

Ljung-Box-test R Q(IO) 5.4043 0.8626 

Ljung-Box-test R Q(15) 11.9618 0.6819 

Ljung-Box-test R Q(20) 20.136 0.4495 

Ljung-Box-test RA2 Q(IO) 43 .7614 3.633e-06 

Ljung-Box-test RA2 Q(15) 55 .5888 1.422e-06 
-Ljung-Box-test RA2 Q(20) 66.8134 5.982e-07 

---

LM ARCH Test R TRA2 0.2695306 0.87392 1 

Table 20. Standardized Residuals Tests: For ARIM{2, 1)-GARH{1, 1) 

Standardised Residuals Test!!: 
Sta1;i3t~c p-Value 

Jarque-3era Te.9t R Chi"'2 2.770aee 0 . 2502127 
Shapiro-Nilk Test R N O.9B92BB6 0 . 19707 64 
Lj ung-30x Test R 0 (10) 5.473972 0 . 8573551 
Ljung-30x Test R 0 (1 5 ) 19 . 94413 0.1740863 
Lj un g-Box Test R 0(20) 30 . 1133.9 0.0 68 03722 
Lj u.ng -Box Test RA2 0(10) 1'1 . 09703 0 . 1686114 
Ljung-B o x Test RA2 0(15) 19 . 2135 0 . 2042216 
Ljung-Box Te .9 t RA2 0(20) 20.53115 0 . 4251564 
L1-1 Arc h Test R IRA2 11 .54 867 0.2 670503 

In f ormation Criterion Statistics: 
AIC 3IC SIC HOle 

0. 5112 023 0 .6358486 0 .5082944 0 .5617454 
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Table 21. Standardized Residuals Tests: For ARIM{2, 2J:GARH(1, 1) 

Standardised Re3idua13 Te3t3: 
Stati!:ltic p-Value 

Jarque -3era Test R Chl'2 3 . 1 6111 0 . 2058577 
S h apJ..ro-Wilk Te3t R W 0 . 989061 0 . 181003 2 
Ljung-30 x Test. R 0(10) 6. 166 n 0 . 8010886 
Ljung-30x Test. R 0(15 ) 19 . 75929 0 . 1813 621 
Ljung-Bo x Test R 0(20 ) 29 . 59376 0 . 076709 
Ljung-Box Test R'2 0 (10 ) 12. 0 962 0 . 2786696 
Ljung-30x Test. R'2 0(15) 17 .1 8618 0 . 29 0 6236 
Ljung-Bo x Test; R'2 0(20) 1 9 . 26181 0 . 5016759 
HI Arch Test R TR'2 12.0380 9 0 .11 2 6258 

Information Criterion Statistics: 
AlC 8lC SIC HQlC 

0.5185237 0 . 6609767 0 . 5117 520 0.5762872 

Table 22. Parameter Estimates for Suggested SA RIMA Models continuation of table 6 
Model Parameter Estimate Std. error t-value p-value Criteria 

f. 

g. 

6, 

0, 

-0.5400 

0.0731 

SARIMA(O, I. 1 )*(0, I, 2) 

$3 -0. 1347 

0, -0.8692 

SARlMA(3, 1, 1)*(0, 1,2) 

-0.0089 

0.1011 

0.0789 

0.917 

-0.7387 

0.08452 

<0.00 1 

0.9326* 

Deliberately Added 

-1.7072 0.08778* 

-9.47835 <0.001 

Deliberately Added 

-
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Series: diff(cp, 12) 
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Standardized Residuals 
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Fig. 14. Diagnostics of the residua ls from SARIMA (0, 1, 1)*(0, 1, 1) fit on Cereal Price. 
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Fig.16. Diagnostics of the residuals from ARMA (3, 2) fit forthe log return cereal price 
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Standardized Residuals 
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