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1. INTRODUCTION

Central bank of Malaysia has recognized that golton coins are legal tender coins whose market
price depends on their gold content rather tharthair face value. Gold bullion coins are tradedlydai
throughout the world and their price depends on phevailing international gold price. Investors are
encouraged to invest in gold bullion coins becdtserice depends on the international gold pricé aot
very subjected to inflation. With investing in gdbddllion, investors may reduce the risk of losihgit cash
such as in the case of a sudden slide in the stacket or increased inflation rate. Gold can besitered as
an option to protect against any eventuality siihég pretty immune from national and regional emares.
Most of investors would like to keep a portion bkir total assets in gold because it is low-to-tigga
correlation with stocks and bonds thereby makeniteacellent portfolio diversifier. Gold investorsagn
depend on historical data of gold price to foredasire prices prior to making their investment idin.
The main reason for forecasting is to minimize rglen making a decisive move.

Forecasting is a process in management to assigiain making. It is also described as the process
of estimation in unknown future situations. In arengeneral term it is commonly known as predictidrich
refers to estimation of time series or longitudibigde data. The most popular model for this metisothe
Box-Jenkins model introduced by [1]. Box-Jenkins lsaiggested the time-series autoregressive ingegrat
moving average (ARIMA) model for forecasting. Lik@y other such methods, it requires historical time
series data on the variable under forecastingassdtimes that the future values of a time series aaslear
and definite functional relationship with currepgst values and white noise. Kumar et al. [2] stétat the
ARIMA offers a good technique for predicting the gndude of any variables. The model has been
successfully tested in many forecasting. In fishadustries, Lloret, et al. [3] suggests ARIMA mtxas the
most appropriate to forecast fishery landings & lttellenic marine waters, since systematic biokaldiicne-
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series data sets from explanatory variables areingc This methodology has been used to model and
forecast the landings and catch per unit effomnahy fish and invertebrate species. In financia¢dasting,
Fang [4] combines two methods to develop the fUXRYMA model based upon the works of time-series
ARIMA (p,d,g model and fuzzy regression model. He uses themethod Fuzzy ARIMA to forecast the
foreign market exchange and get the accurate fstiegavalue in a short time period&diger and Akar [5]
used ARIMA model and seasonal ARIMA methods to dast primary energy demand on fossil fuel in
Turkey starts in year 2005 to year 2020. Wood aadgipta [6] used regression model, ARIMA's model an
neural network model to forecast the MSCI, Capialtket Index of United Stated Amerika. They fouhdtt
the ARIMA model which was built on the percentadmmges in 3-period moving average is performing
better than the ARIMA model build on the index itse

The idea that Box and Jerkin’'s ARIMA model has potbility in many bussiness activities
including gold price is accepted in many researcghegrious countries. Selvanathan [7] reported tha
Australia, the comparison between the forecasteddbn daily gold price resulted from the Economic
Research Centre and ARIMA model has been done.paber was claimed and proved that only simple
ARIMA is very low cost and effectively enough toegict gold price. Additionally, Box-Jenkins’ ARIMA
widely used to predict the future outcomes for @enit or financial purposes. In this paper, we testgold
bullion coin selling prices data to ARIMA forcaggimodel. Specifically the data of gold bullion raelling
prices are employed to determine the best fit ARIMadel.

2. ARIMA MODEL

One of widely used time series models is ARIMA. \dleose ARIMA models rather than the
others such as Average Moving, Average Naive, duéstflexibility that it can represent severalfeient
types of time series, i.e. pure autoregressive (ARje moving average (MA) and combined AR and MA
(ARMA) series. The ARIMA model is denoted by ARIMAp,d,g, where " stands for the order of the
auto regressive procesg]"‘is the order of the data stationary argl s the order of the moving average
process [8]. In ARIMA model, the future value of/ariable is assumed to be a linear function oesav
past observations and random errors. That is, tioenlying process that generate the time serieshes
form

Vi SO+ BYia *BYiot Yoy +HE —OE O, O, @

where yand g are the actual value and random error at tim@g@ey respectivelyg (i=1, 2,...,p) and6,
(i=0, 1, 2,...,q) are model parameters. The integers p and q & offerred to as orders of the model.
Random errorsg, , are assumed to be independently and identiciglyibuted with a mean of zero and a
constant variance @f2. Equation (1) entails several important speciakseof the ARIMA family of models.

If g =0, then (1) becomes an AR model of order p. WherD, the model reduces to an MA model of order
g. One central task of the ARIMA model building & determine the appropriate model orderd) [9]. In
ARIMA stages there is more detail step from chogsitodel until forecasting step; it is called Boxias
methodology for forecasting. The Box-Jenkins methogly includes three iterative steps of the model
identification, parameter estimation and diagnostiecking. This three-step model building process i
typically repeated several times until a satisfactmodel is finally selected. The final selecteddmlocan
then be used for forecasting [9].

3. BUILDING ARIMA MODEL FOR GOLD BULLION COIN SELLING PRICES

To fit an ARIMA model, it requires a sufficienthalge data set. In this study, we used the data for
daily selling prices of Malaysia's own gold bullioains, Kijang Emas Gold Bullion Coins for the y@&02-
2007 [10]. As we have earlier stated that develemnof ARIMA model for any variable involves prinigtr
three steps: identification, estimation and diaginahecking. Each of these three steps is nowagxgd for
the gold bullion coin selling prices forecasting.

3.1 Model Identification

At the beginning step, the original data was ptbtteobserve their trends and stationarity. lasec
of non stationary, time series has to be transfdrtoea stationary series before being modellechbyBox-
Jenkins approach by taking the first differencethefnon stationary time series values. The statioseries
is the one whose values vary over time only arcaménstant mean and constant variance. Figure wssho
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the original data of gold bullion coin selling picand Figure 2 depicts the first difference ofdhta series.
These figures show that the data are non statidimagyseries.

Original Series of Gold Bullion Coins Selling Price from YWear 2002-2007
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Figure 1. Original series of gold bullion coinslisg prices
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Figure 2. First difference series versus time.

The Autocorrelation (ACF) and Partial AutocorretatiFunction (PACF) were also plotted as to colieote
conclusive evidence on its stationary conditione WCF and PACF graphs can be seen in Figure 3eSinc
the sample ACF values are large and decline ratbairy to zero, therefore, we can conclude thatsiges
is not stationary.

First difference of the original series was theketa and the sample ACF and PACF were
transformed. Figure 4 shows the sample ACF and P#®€Belling price series in the first differencErom
the ACF and PACF analyses we can conclude thegeties now is stationary.

3.2 Parameter Estimation
In ARIMA model, stationary condition must h#m‘;‘ <1 and invertibility condition must have

‘Qq‘ <1 Besides, ARIMA model also requireld > 196 and p—value< 005. If not, the model is

inadequacy. Table 1 shows ARIMA statistical reguitthe gold bullion coin selling prices.

ARIMA Model for Gold Bullion Coin Selling Pricestiécasting (Lazim Abdullah)
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Figure 3. Sample ACF and PACF for original sellprice data
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Figure 4 Sample ACF and PACF for selling pricesesein the first difference

Based on these statistical results, selling pricd MA models (1,1,0), (1,1,2), (1,1,3), (1,1,5), 1),
(2,1,3), (2,1,5), (3,1,1), (3,1,2), and (3,1,4) mmjected because the models failed to fulfill toaditions.

3.3 Diagnostic Checking

In a well fitted model the residuals obtained agpeeted to have the propertywhite noise Hence,
model validation and diagnostic checking involvedlsizing the residual for resemblance of white @ois
characteristic. More sophisticated technique oéldigthing the stationary condition of the residuislgo
check the Ljung-Box Q statistic. This statisticised to test the following hypotheses.

H o . Errors are random (white noise)

H, : Errors are nonrandom (not white noise)

IJAAS Vol. 1, No. 4, December 2012 : 153 — 158
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Table 1. Statistical Results For Arima Models

ARIMA ) )
Model @ t-test P 7 t-test P

p value q value
(p,d.q)

(111) 0.8183 15.8572 0.0000-0.9973  -27.7354  0.0000
(112 -0.6404 -1.6031 0.1137-0.1932  -1.5163 0.1342
(1,1,3) -0.0398 -0.1042 0.91740.3496 2.8004 0.0067
(114 -0.5324 -3.0404 0.00340.5619 5.0976 0.0000
(1,1,5) 0.0436 0.2404 0.8108-0.7274  -7.8280 0.0000
(2,1,1) -0.2353 -1.8891 0.06330.3251 0.6240 0.5348
(2,1,2) -0.9816 -32.4770  0.00000.9384 36.5795 0.0000
(2,1,3) -0.9069 -13.7352  0.00000.0677 0.5070 0.6140
(2,1,4) -0.6222 -4.7406 0.00000.5052 3.8728 0.0003
(2,1,5) 0.0428 0.2244 0.8232-0.7105  -7.3508 0.0000
(3,1,1) 0.2691 1.8240 0.0729-0.1955  -0.3548 0.7239
(3.1,2) 0.0954 0.6647 0.50870.8147 7.2564 0.0000
(3,1,3) 0.8734 10.7426 0.0000-0.9277  -24.7472  0.0000
(3,1,4) -0.1402 -0.5611 0.57680.5024 3.8848 0.0003

The summary of the various statistics obtained ffiting the model are tabulated in Table 2

Table 2. Summary Of Postmanteau Test Of SeRince

Statistics ARIMA
Model
(1,1,1) (1,1,4) (2,1,2) (2,1,4) (3,1,3)
AIC 11.3869 11.4063 11.3380 11.3592 11.3512
MAPE 0.4002 0.1432 0.1642 0.0013 0.1482
Calculated Q  20.9 8.0 11.2 8.8 7.5
DF 12 7 7 6 6

Tabulated Q 21.03 14.07 15.51 12.59 12.59
Decision (5% Accept  Accept Accept Accept  Accept

Sig. level) H 0 H 0 H 0 H 0 H 0

Time Series Plot of Selling Price (with forecast and their 95% confidence limit)
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Figure 5. The ARIMA model result of selling price

Checking the values of the calculated Q and comgaasgainst the tabulated values we can acceptule n
hypothesis that the errors for each of the modelsvhite noise. Hence, the conclusion is that tbeets are
well specified and adequate. In general, a MAPEiwitLl0% is considered very well. However, we only
need one fitted model among the five well-specifiaddels. Thus, based on the smallest value of AIC,
ARIMA (2,1,2) is the best for selling price data.

3.4 Forecasting
In this paper, ARIMA models are developed to fostdhe selling prices of gold bullion coin .
There are two kinds of forecasts: sample perioddasts and post-sample period forecasts. The faareer

ARIMA Model for Gold Bullion Coin Selling Pricestiécasting (Lazim Abdullah)
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used to develop confidence in the model and therl&d generatgenuineforecasts for use in planning a
other purposesThe gold bullion coin sellingprices for two kind$ forecasts are shown in Figu5b.
Efficiency of the forecasting models is checkedtiyh percentage of errors. The ARIMA model (2, 1,
turns out to be less than 10 percent errThis measure indicates that the forecasting of bullion coin
selling prices inaccuracy is lo

4  CONCLUSION

ARIMA model offersa good technique for predicting any fluctuatediables. Its strength lies
in the fact that the method &itable for any time series with any pattern ofruj@ and it does not
require the forecaster to hoose a priori the value of any parametdiowever the model has sor
limitations. One of the limitations is the mocrequires of a long time sesielt is also very ften to be
called a ‘Black Box’ modeas the mathematical procedures behind model imgilés not shownLike any
other methods, this techniqubs@ does not guarantee perfect forecasts. Nevesthélean be successfully
used for forecasting long timerges data. In this paper, we have develogieel ARIMA model for gold
bullion coin selling prices. It has been shown tthet ARIMA (2,1,2) found to be the best fit model
selling prices of the goldbullion coins.From the forecastd prices that obtain from th
developed model, it can been that forecastegrices has been trended upward over t
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