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ABSTRACT 

Space time data is a data which is containing both information about time and location. The series 
of time in space time data can be approached by time series analysis. ARIMA-X and VARMA-X 
are time series modeling that are involving exogenous variables. This research aims to find the 
best model of rice price to milled dry grain price by using ARIMA-X and VARMA-X model. The 
result shows that the rice price in one province of Java is influenced by one month earlier of rice 
price in other provinces of Java  location, milled dry grain’s price in the same province, and  milled 
dry grain’s price in other provinces. By comparing the models show that VARMA-X (1,1) without 
restriction was better model than ARIMA-X with analysis simultaneously to all location.  

Keywords : ARIMA, ARIMA-X, VARMA-X 
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1. INTRODUCTION 

Space time data is a data which is containing both information about time and location. This data can 
be founded in economic, health, and enviroment case. The series of time in space time data can be 
approached by time series analysis. One of time series modeling is ARIMA model. ARIMA model is 
an univariate time series modeling. In many case, information of variables was not only captured by 
pattern of variables, it needs to use information from other variables. These variables can be called 
exogenous variables. One of time series modeling which uses exogenous variables is ARIMA-X 
model. ARIMA-X is a development of Box-Jenkins model that is known as function transfer model. 
Function transfer model can accommodate the varied nature of time as seasonal and different time 
order between exogenous variables usually called by input series and endogen variable usually called 
by output series. ARIMA-X modeling in space time data is expected to know relationship between 
both series however does not consider relationship between location. Another time series modeling 
that involves exogenous variable is multivariate time series usually known as VARMA-X model. 
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VARMA-X model can accomodate correlation between location and exogenous variable, but it can not 
guarantee that the model is better than ARIMA-X model in each location.  

Space time data in economic case especially about main food price in a country can give information 
how to make strategy to control the price. In Indonesia, rice is main food and rice price is an 
interesting topic because it is unique and volatile. Based on afore mentioned description, this study 
aimed to review the comparison of  ARIMA-X model and VARMA-X model in space time data. This 
research used series data of rice price on the market level and series data of milled dry grain price on 
the milling level.  in six provinces on Java islands including DKI Jakarta, West Java, Central Java, DI 
Yogyakarta, East Java, and Banten.  

2. GENERATION OF DATA 
2.1. Data Description 

Rice is one of main food of Indonesian people. Based on data from BPS (Badan Pusat 
Statistik/Central Bureau Statistics of Indonesia) that measured combination of rice consumption per 
household in Susenas (National Social Economic Survey) and rice consumption per household in 
National Rice Consumption Survey in 2012, Indonesian rice consumption is 114,8 kg each year or 
315 gram daily (Andayani N. et al., 2015). This average is higher than the average of world rice 
consumption that is only 60 kg each year. So it is not surprising that the rice has social comodity and 
influence in politic stabilities and economic growth in Indonesia (Mandei et al., 2011).  

The price of rice in Indonesia is influenced by various factors. One of factors is about rice distribution 
chain from farmer, it takes too long. This long chain was suspected one cause of high price of rice in 
the market. Rice is derived from the dried grain milled. Price of milled dry grain have been high 
because it was passed after several chains from farmers. Malian research showed the factors that 
influence the domestic market of rice price in Indonesia. They were real exchange value, domestic 
corn price, and dry grain price (Malian et al., 2004 in Andayani N. et al., 2015).  

The research used rice price in the market and milled dry grain price of DKI Jakarta, West Java, 
Central Java, DI Yogyakarta, East Java, and Banten province. The data contained monthly series 
from January 2007 until December 2014. The price of milled dry grain data was taken from BPS and 
the price of rice data was taken from Ministry of Trade Republic of Indonesia. In this study, rice price 
data was used for output series and milled dry grain price was used for input study. 

2.2 ARIMAX model 
Suppose a space time data is indicated as ������with � 	 
���  �� denote number of location and  
� 	 
���   denote time series. Exogenous variable that influence ����� is denoted by ����� with 
� 	 
���  �� denote number location and � 	 
���  denote time series. Interval and length of time 
observation (t) and number of location (i) between ����� and�������have the same size then 
������and�������are paired observation. Both time series data when modeled in one model is like 
regression modeling that contains exogenous variable and endogenous variable. Exogenous variable 
is called input series and endogenous variable is called output series. If space time data analyzes 
time series each location then ������become ������ ������  � ����� to m location. To ease term 
between input series and output series then symbol ������for i =1, 2, ..., m is changed to ����as
stationary output series and ����� for i =1, 2, ..., m is changed to ���� as stationary input series. A 
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linear relationship between single input series and single output series is called transfer function or 
ARIMA-X model, where ���� is transfer function model’s coefficient or is called impuls response 
weights (Box G.E.P., et al., 1994). Transfer function or ARIMA-X model is given by : 

                                  ���� 	 ��������                                     
where � is a backshift operator, and impuls response weights are stated as follows : 

���� 	 �������
�����     

where  b is a delay parameter representing  the actual time lag that the input series start to influence 
output series,����� 	 �� � ��� � ���� � �����is s order operator  that represent the length of 
past observations of the input series���� affecting the output series ����.!"��� 	 
 � !�� � !��� �
 ��"�" is r order , that represent autoregressive in�����.

2.3 Pre-whitening Process 
Pre-whitening process is a process to establish white noise data in time series data. In general, 
transfer function model is a regression model conherenced to time series model. Regression model 
has assumption that input series does not have autocorrelation. If input series has autocorrelation 
then cross correlation between input series and output series gives misleading indication to 
relationship between input series and output series. One solution to solve this problem is a series 
transformation to make white noise series, and this process is called pre-whitening. Suppose input 
series ���� is followed by ARIMA (autorgressive integrated moving average) process with order (p,q).
The pre-withening model (Wei, 2006) for input series can be written as follows  : 

#$%������� 	 &$'���(���        
where #$%�is a parameter of autoregressive model for input series with an autoregressive model of 
order ), &$'� is a parameter of moving average for input series with an moving average model of order 
*, (��� is a white noise series with mean zero and variance +,� . By moving to the left side then 
(����series can be modeled by : 

(��� 	 #$%���&$'��� ����
and (��� is called pre-whitening input series. Pre-whitening process to output series uses ARIMA 
order in input series. This is conducted to maintain relationship integrity between output series and 
input series. Output series pre-whitening is given by following equation : 

-��� 	 #$%���&$'��� ����
where -��� is called pre-whitening output series. 

2.4 Cross-Correlation Function 
Cross Correlation Function (CCF) is used to measure strength and direction of two random variables 
relationship. In transfer function model, CCF is used for identification relathionship between white 
noise input series and white noise output series, and so identification order of transfer function if white 
noise input series are defined by (��� and white noise output series are defined by -��� (Wei, 2006).  
The CCF can be described in equation below : 

.,/�0� 	
1,/�0�
+,+/ � �0 	 
�2
�2�� �

where +, and +/ are standart deviation (����and�-���, and 1,/�0��is covariance function between 
(����and-���. And 1,/�0��is given by : 
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1,/�0� 	 345(��� � 6,�78�-�� 9 0� � 6/:;��������0 	 <�2
�2��
where 6, 	 3�(����� and 6/ 	 3�-����. White noise input series ((���) should not be significant 
autocorrelated, but white noise output series should be significant autocorrelated, because that 
assumption is expected in establishment of transfer function (Wei, 2006).  

2.5 VARMA-X MODEL 
VARMA-X (vector ARMA with exogenous variable) model is development model from VARMA model. 
VARMA-X model is basically the same as VARMA model but VARMA model does not involve 
exogenous variable in model. The first VARMA model that introduced by Sims (1972) is VAR model 
as  development model from Granger (1969) idea. Granger states if there are two variables, x and y 
have causal relationship where x influences y then the past information of x can predict y. VARMA-X 
model is an  approach of multivariate time series data analysis by addition of exogenous variable. 
This model procedure enables to model both the dynamic relationship between the dependent 
variables and between the dependent and independent variables (SAS/ETS 13.2 User’s Guide, 
2014). Researchs have used vector ARMA with exogenous variables include researched by Casals et 
al. (2012) that used VARMA-X model, Ocampo and Rodriguez (2012) that used VAR-X model, and 
Sumarminingsih E. (2015)  that used VAR-X to spatio temporal data.  

Suppose a space time data is indicated as ������ with � 	 
���  �� denote number of location and 
� 	 
���   denote time series. ����� can be called independent variable. Exogenous variable that 
influence ����� is denoted by ����� with � 	 
���  �� denote number location. ����� can be called 
dependent variable. Let =��� 	 8������ ������  � �����7�� denote a stationary m-dimensional system of 
time series vector with a stationary of exogenous variable >��� 	 8������ ������  � �����7��. The 
VARMA-X model can be written as follows : 

=��� 	 ? 9@A�>�� � ��
�

�B�
9@CD

%

DB�
=�� � E� �@FGH�� � 0�

'

GB�
9 H���

where ? is a � I 
 vector of intercept, A��is a J I � matrix of exogenous variables >�� � �� with � is a 
number of lags (� 	 <� 
�  � K� and J�is a number of exogenous variables, CD is a � I� matrix of 
=�� � E� parameter with E is a number of lags (E 	 
� � )�, FG is a � I� matrix of error model  
H�� � 0� with 0 is a number of lags (0 	 
� � *�, and H��� is an error model. The ) in VARMA-X 
model refer to autorgressive’s order of =��� or independent variables and the * refer to moving 
average’s order of =���L�

3. RESULT 
3.1. Stationary data 

First step to analyze time series data was  identification stationarity of data as shown in figure 1 and 
2. Figure 1(a)  presents rice price pattern in six provinces, it shows that data has trend pattern and 
indicates that the data was not stationary in level. The solution to solve stationarity in level was 
differencing data as shown figure 1(b). To prove rice price data had been stationary  (shown in table 
1), p-value <5% for d=1 showed that data stationary after once differencing. 
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(a) before differencing                                    (b) after differencing d=1 

Figure 1. Time Series Plot of Rice Price Six Provinces in Java 

Tabel 1. Augmented Dickey-Fuller (ADF) test for rice price in the market 

Province
p-value 

d=0 d=1 
DKI Jakarta 0,2861 0,0010 
West Java 0,0801 0,0010 
Banten 0,0485 0,0010 
Central Java 0,5961 0,0010 
DI Yogyakarta 0,3637 0,0010 
East Java 0,3868 0,0010 

Figure 2 describes  time series plot to original milled dry grain data (figure 2(a)) and milled dry grain 
data after once differencing (d=1). Table 2 contains evidence stationarity by Augmented Dickey-Fuller 
(ADF). Stationary milled dry grain for each province has been proved in table 2. Augmented Dickey 
Fuller test for milled dry grain in the second column shows the test reject the existence of unit root in 
data because p-value for d=1 < 5%. 

(a) before differencing                              (b) after differencing d=1 

Figure 2. Time Series Plot of Milled dry grain 

Data that has been stationary can be analyzed for identification time order of data. Stationary in data 
showed that the data had consistency for modeling then forecasting result was valid. 
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Table 2. Augmented Dickey-Fuller (ADF) test for milled dry grain  

Province
p-value 

d=0 d=1 
West Java 0,0756 0,0010 
Banten 0,0239 0,0010 
Central Java 0,0194 0,0010 
DI Yogyakarta 0,0270 0,0010 
East Java 0,0689 0,0010 

3.2. ARIMAX model 
After stationarity has been fulfilled, order time of dry grain milled price and rice price have been 
identified as shown in table 3. DKI Jakarta’s milled dry grain price used West Java’s milled dry grain 
price because DKI Jakarta’s milled dry grain price data did not exist. Milled dry grain prices have 
tendency of seasonal model but each period had different seasonal order. Rice price data have 
tendency to AR(2) model but for all location had varied ARIMA order model. Most of model showed 
that milled dry grain price and rice price in the market did not follow the general ARIMA’s order model 
because time lag was not consistent for one location.  

Table 3. ARIMA model to input and output series 

Province
ARIMA Model 

Milled dry grain Price Rice Price 
DKI Jakarta ((2),1,0)(0,0,1)12 ((1 2 11), 1,0)(0,0,0) 
West Java ((2),1,0)(0,0,1)12 ((1 2 8),1,0)(0,0,0) 

Banten (0,1,(2 3)(0,0,0) (2,1,1)(0,0,0) 
Central Java ((1 4),1,0)(0,0,0) (2,0,0)(0,0,0) 

DI Yogyakarta (1,1,1)(0,0,1)10 (0,1,(1 11 12))(0,0,0) 
East Java ((2 7),1,0)(0,0,0) (0,1,0)(0,0,0) 

Identification ARIMA order of input series was important to pre-whitening process in both series. Pre- 
whitening  input and output series was used to decide order of transfer function by CCF. Overfitting 
transfer function model result is shown in table 4. Milled dry grain price in DKI Jakarta started to 
influence DKI Jakarta’s rice price at lag 0 and hadeffect of 1 month.It means that DKI Jakarta’s rice 
price in February 2007 was influenced DKI Jakarta’s milled dry grain price at the same time and 
similar thing happened in  January 2007. Milled dry grain price in West Java started to influence West 
Java’s rice price at lag 0 and had longer effect at lag 13. This model was unlike the transfer function in 
general because s order just influenced at lag 13 after influencing at lag 0 but it did not have effect of 
13 month.Transfer function model as shown tabel 4 for West Java means that the West Java’s rice 
price in February 2008 was influenced by West Java’s milled dry grain price at same time and also in 
January 2007. Transfer function model in Banten showed that milled dry grain price started to 
influence Banten’s rice price at lag 5 and rice price had autoregression with order 1. Milled dry grain 
price in Central Java influenced Central Java’s rice price at lag 12 and had longer effect 1 month. 
Milled dry grain price in DI Yogyakarta influence DI Yogyakarta’s price at lag 0 and have longer affect 
1 month and at lag 11. DI Yogyakarta’s rice price had autoregressive with order 1. And milled dry 
grain in East Java influence East Java’s rice price at lag 0 and East Java’s rice price have 
autoregressive with order 1. Table 4 shows that function transfer order  varies to each location. Each 
province had spesific characteristics although at the same event and the adjacent location. Overfitting 
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transfer function model cannot guarantee that residual model was white noise. Some residual transfer 
function model was not fulfilled white noise assumption, so residual should be modeled using ARMA 
model as shown in Table 4. Residual in DKI Jakarta’s model had AR(2) model, residual in West 
Java’s model had AR(1) and MA(0) model, residual in Banten’s model had autoregressive at lag 3 
and MA(1) model, residual in Central Java’s model had AR(2) model, residual in DI Yogyakarta’s 
model did not have model, and residual in East Java’s model had autoregressive at lag 7.  

Table 4. Overfitting transfer function model 

Province Transfer Function Model (b,r,s) ARMA model for residual 
(p,q) 

DKI Jakarta (0,0,1) (2,1)
West Java (0,0,(13)) (1,0)

Banten (5,1,0) ((3),1) 
Central Java (12,0,1) (2,0)

DI Yogyakarta (0,1,(1 11)) (0,0)
East Java (0,1,0) ((7), 0) 

Table 5 shows that ARIMA-X model in East Java has smallest RMSE (root mean square error) and 
MAPE (mean absolute precentage error) value than other location and ARIMAX model in Banten has 
biggest RMSE and MAPE value.  

Tabel 5. Fit model using ARIMA-X model for each location 

Location 
Fit Model 

RMSE MAPE (%) MPE (%) 

DKI.Jakarta 247,2802 1,9218 1,4200 

West Java 227,0525 2,2735 -8,0904 

Cetral Java 197,8515 1,8947 -0,3532 

D.I.Yogyakarta 251,0655 2,1304 1,4587 

East Java 170,3588 1,7906 1,5718 

Banten 736,7781 8,0904 -1,9685 

3.3. VARMA-X model 
VARMA-X modeling was performed on milled dry grain price and rice price data at six provinces on 
Java island. As well as data in ARIMA-X model, milled dry grain price data was exogenous variable. 
Several alternative VARMA-X models were tested to get the best model in VARMA-X model. Model 
with restriction meant that exogenous variables was restricted corresponding to the location of the rice 
price. For example, rice price in DKI Jakarta was influenced by rice price in DKI Jakarta and other 
locations at the earlier time periods, and milled dry grain price in DKI Jakarta at the same time or at 
the earlier time periods. Model without restriction meant that no restriction in exogenous variable. For 
example, rice price in DKI Jakarta was influenced by rice price in DKI Jakarta and other locations at 
the earlier time periods, and milled dry grain price in DKI Jakarta and other location at the same time 
or at the earlier time periods. 
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Table 6. Fit model using VARMA-X model 
Model AICC HQC AIC SBC 

VARMA-X(1,1) 
without restriction 61,5004 62,0516 60,8497 63,8434 

VARMA-X(1,1) 
with restriction 62,91631 63,46759 62,26565 65,25938 

VARMA-X 
((1 12),(1 12)) 
with restriction 

65,3043 64,3519 62,2228 67,5768 

VARMA-X
((1 12),(1 12)) 

without restriction 
63,0795 62,1271 59,9980 65,3519 

Table 6 shows that VARMA-X (1,1) without restriction is the best model for rice price and milled dry 
grain price to all location. The bold numbers in tabel 6 show the smallest value of AICC, HQC, AIC, 
and SBC. The smallest value indicates a better model. The result showed that simple order is better 
than complicated model. Additionally, model without restriction was better than that with restrictionas 
it may be due to the indication that if rice price in one location has correlation to other location and 
rice price in one location has correlation to milled dry grain price at the same location so milled dry 
grain price in other location has correlation too. It is like domino’s effect but it is not a guarantee that 
the relationship has significant correlation. Sometime exogenous variables are important to the model 
although those variables do not significantly influence the model. Model ARIMA-X had several RMSE, 
MAPE, and MPE value for each location, then to ease the comparison to VARMA-X model, those 
values were combined into one value of RMSE, MAPE, and MPE.  

Table 7.ComparisonARIMA-X model and VARMA-X model 

Location 
ARIMA-X VARIMA-X (1,1) without restriction 

RMSE MAPE (%) MPE (%) RMSE MAPE (%) MPE (%) 

DKI.Jakarta 247,2802 1,9218 1,4200 267.9760 1.974918 -1.91532 

West Java 227,0525 2,2735 -8,0904 174.6145 1.665328 1.299105 
Cetral Java 197,8515 1,8947 -0,3532 197.9065 1.913516 0.549402 

D.I.Yogyakarta 251,0655 2,1304 1,4587 223.07 2.320849 -0.11183 

East Java 170,3588 1,7906 1,5718 65.0840 0.549037 -0.29836 

Banten 736,7781 8,0904 -1,9685 499.2129 4.674568 4.674568 

All Location 362.1104 3.0186 0.9936 272.2370 2.1830 0.6996 

Table 7 shows RMSE, MAPE, and MPE values from ARIMA-X and VARMA-X models. The bold 
numbers show the smallest value for RMSE, MAPE, and MPE within each provinces. The models 
which have more the smallest values indicates the best model. It is indicating that VARMA-X (1,1) 
model is better than ARIMA-X model. 
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4. CONCLUSION AND DISCUSSION 
Rice price and milled dry grain price data for six locations followed space time data, where there were 
correlation among locations. By using ARIMA-X, model was different to other location and it was 
giving different fit model to other location too. It will be important to analysis simultaneously, if there is 
correlation between locations.  VARMA-X modeling approach was simpler and better modeling than 
ARIMA-X to space time data with exogenous variable. VARMA-X model can capture correlation 
between location and  exogenous variables in other location. By using VARMA-X model, rice price in 
one province of Java is influenced by one month earlier of rice price in other provinces of Java  
location, milled dry grain’s price in the same province, and  milled dry grain’s price in other provinces. 
It is important to develop model for space time data that involve location effect such as location 
weighted.  
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