
 
Zero : Jurnal Sains, Matematika, dan Terapan 
E-ISSN : 2580-5754; P-ISSN : 2580-569X 
Volume 9, Number 2, 2025 
DOI: 10.30829/zero.v9i2.26119 
Page: 511-523                                    r   511 
  

Journal homepage: http://jurnal.uinsu.ac.id/index.php/zero/index 

 

 

GSTAR (1;1) Transfer Function Model for Forecasting Chili Prices  
with Rainfall Effect 
 
1 Yundari   
   Department of Mathematics, Universitas Tanjungpura, Pontianak, Indonesia 
 
2 Asri Rahmawati   
  Department of Mathematics, Universitas Tanjungpura, Pontianak, Indonesia 
 
3 Yuyun Eka Pratiwi   
  Department of Mathematics, Universitas Tanjungpura, Pontianak, Indonesia 
 

Article Info  ABSTRACT   

Article history: 

Accepted, 30 October 2025 

 Chili price fluctuations are strongly influenced by climate variability, distribution 
inefficiencies, and spatial. The ARIMA–TF and GSTARX models can address 
these issues. However, GSTARX is generally limited to linear responses of 
exogenous variables, while ARIMA–TF does not capture spatial heterogeneity. 
This study proposes an integration of the GSTAR and Transfer Function 
approaches. This model combines spatial-temporal dependencies with the 
external factors such as rainfall. The modeling process begins with GSTAR 
modeling, followed by parameter estimation of the transfer function using the 
Marquardt algorithm. The data used are rainfall and chili prices in three 
locations in West Kalimantan. The model data estimation results show very 
good accuracy, with MAPE values of 15%, 8%, and 14%. These results confirm 
that rainfall is a crucial factor influencing chili price variations and demonstrate 
the reliability of GSTAR–TF in forecasting agricultural commodities in the face 
of climate variability. 
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1. INTRODUCTION 

Chili peppers are one of the agricultural commodities with high price volatility, directly affecting regional 
inflation and community welfare [1]. In West Kalimantan, chili production centers are located in three regencies: 
Pontianak, Kubu Raya, and Sintang, which supply local markets alongside chili imported from Java. Climatic 
factors, distribution systems, and market structures are the primary determinants of chili price formation across 
regions [2]. Three regencies in West Kalimantan are Sambas, Ketapang, and Kapuas Hulu, representing distinct 
environmental and distributional conditions [3] in Figure 1. Sambas, a coastal region with a humid tropical climate, 
is characterized by high rainfall. Its proximity to international trade routes at the Malaysia border makes local chili 
prices influenced by domestic factors and external supply flows [4]. Ketapang, which encompasses coastal and 
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inland areas, is a major agricultural center in southern West Kalimantan. Its variable rainfall patterns present 
challenges for price stability. At the same time, the district’s reliance on sea and land transportation makes chili 
prices vulnerable to distribution disruptions caused by weather or infrastructure constraints [5]. Meanwhile, Kapuas 
Hulu, located upstream and bordering Betung Kerihun National Park, experiences high rainfall [6]. Due to limited 
accessibility and isolated markets, agricultural products face distribution constraints, making local chili prices more 
volatile and highly sensitive to local supply shocks. Differences in rainfall patterns and distribution capacity make 
Kapuas Hulu a critical case for examining the influence of climatic variables on price dynamics. 

Despite differing climatic and distributional characteristics, these regions are interconnected through regional 
trade flows. Price fluctuations in one regency may influence prices in neighboring areas through direct or 
intermediary market linkages, highlighting spatial interdependence in chili price formation. Given these conditions, 
forecasting methods that account for spatial and temporal linkages are highly relevant. The Generalized Space-
Time Autoregressive (GSTAR) model is designed to model interregional dependencies, which is widely applied 
to several application data such as chili price [7], Covid case [8], GDP[9], tea production[10], Gamma ray log 
data[11], copper and gold grade[12], GDP[13], and Rice price[14].  The transfer Function approach allows the 
integration of exogenous variables.  

Previously, the ARIMA–Transfer Function (ARIMA-TF) model [15],[16] was applied to single location 
modeling, in which ARIMA was employed for the transfer function and residual analysis. However, this approach 
is less efficient when extended to multiple locations. Another method that incorporates exogenous variables across 
locations is the GSTARX model [17]. GSTARX extends the GSTAR framework by including explanatory 
variables (X) that directly influence spatio-temporal dependent variables [18]. Structurally similar to regression 
within a space–time framework, GSTARX incorporates external variables linearly into the model. This model is 
particularly suitable when exogenous variables directly influence the primary process and aim to enhance predictive 
power by explicitly including external factors in the spatio-temporal autoregressive structure. 

In this study, the GSTAR–TF model is developed to describe the dynamic relationships between input 
(exogenous) and output variables, including lagged effects, transient responses, and long-term impacts. Unlike 
GSTARX, which treats explanatory variables as covariates, the GSTAR–TF model establishes transfer functions 
that characterize how changes in exogenous variables influence the dependent variable across time and space. This 
approach offers greater flexibility in capturing complex input–output dynamics, such as the delayed effects of 
rainfall on chili prices that may emerge only after several weeks. This research expects rainfall, which is time- and 
location-dependent, to influence chili prices, which are also time- and location-dependent. This model is expected 
to be a new alternative in spatial and temporal modeling that considers external variables/factors. 

 

 
Figure 1. Research locations in three regencies of West Kalimantan 
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2. RESEARCH METHOD 
The paper begins with a literature review necessary for understanding the models, namely the GSTAR model 

and the Transfer Function model. The GSTAR modelling process follows the three iterations of the Box–Jenkins’s 
methodology, which include the identification stage starting with stationarity testing, parameter estimation, and 
model diagnostic testing. The Transfer Function modelling involves prewhitening the input and output series, 
computing the cross-correlation function to determine the model order, and parameter estimation and residual 
analysis. In the results and discussion section, modelling is first conducted using the GSTAR model, followed by 
the Transfer Function modelling with the input and output derived from the residuals of the GSTAR model. 
Residual diagnostics are then performed again using the GSTAR framework.  

 
2.1 Data preprocessing 

The data used depends on time and location. The dependent variables are monthly chili price data and 
rainfall as an exogenous variable. Each data set is centered by subtracting its mean. After that, both data sets must 
be stationary with respect to the mean and variance. If the data is not stationary, it must be differentiated or 
transformed. The differentiation process is carried out if the data is not stationary with respect to the mean. This 
process is done by subtracting the previous data. This process is recommended to be carried out only twice, in 
other words, the order of differentiation should be a maximum of second order. Meanwhile, stationarity with 
respect to variance is tested visually through data plots. If the data is not stationary with respect to variance, a Box-
Cox transformation is performed. Once the data is stationary (weakly stationary), the process can continue with the 
GSTAR modeling stage. 

 
2.2 Space-Time Autoregressive Model 

The space–time model that accounts for past data at a given time in one location and across locations was 
first introduced by Cliff and Ord (1975) and is known as the STAR model. This model represents a space–time 
autoregressive (AR) process. A centred process {Y(t)} follows the STAR (𝑝; 	𝜆1,·	·	·	, 𝜆𝑝) model, it can be expressed 
as:  

𝒀(𝑡) =--𝜙!ℓ𝒀(𝑡 − 1) + 𝜙!ℓ𝑾(ℓ)𝒀(𝑡 − 𝑘) + 𝜺(𝑡)
%!

ℓ&'

(

!&)

																																							(1) 

 
Observation 𝒀(𝑡) is the vector of observations at N locations, with 𝒀(𝑡) 	= 	 (𝑌1(𝑡), 𝑌2(𝑡),·	·	·	, 𝑌𝑁	(𝑡))

′. The 
notation 𝜙!ℓ denotes the autoregressive parameters at temporal lag k and spatial lag ℓ. The matrix 𝑾(ℓ) represents 
the spatial weight matrix at spatial lag ℓ. When ℓ = 0 the weight matrix reduces to the identity matrix, i.e., 𝑾(') =
𝐼, so that the model simplifies to the standard autoregressive (AR) model in time series analysis. The AR(p) model 
indicates that the state of a time series at time t can be regressed on its own past values up to 𝑝 previous periods 
[19]. Comprehensive discussions of the AR(p) model can be found in [20], [21], and [22].  

If ℓ > 0 the weight matrix is a matrix with zero elements on the main diagonal and row sums equal to one. 
The notation 𝜺(𝑡) represents the error vector at time t, which is assumed to be independently and identically 
distributed as usual, with zero mean and constant variance. The error vector is defined as 𝜺(𝑡) 	= 	 (𝜀1(𝑡), 𝜀2(𝑡),·
	·	·	, 𝜀𝑁	(𝑡))

′. [23] later generalized the STAR model into the GSTAR model. This generalization is applied to the 
parameter assumptions across different locations. The GSTAR model is specifically designed for locations with 
heterogeneous geographical characteristics. Research on GSTAR has been widely conducted by Indonesian 
scholars due to Indonesia’s diverse geographical conditions.  

The GSTAR model of order(𝑝; 	𝜆1,·	·	·	, 𝜆𝑝) is adapted from Equation (1) by replacing the scalar parameter 
𝜙!ℓ, with a diagonal matrix Φ!ℓ = 𝑑𝑖𝑎𝑔(𝜙!ℓ

()), … , 𝜙!ℓ
(*). Based on its temporal and spatial orders, the simplest 

GSTAR model is of order (1;1). The GSTAR(1;1) model can be expressed as a Vector Autoregression VAR(1) 
form as follows [24]: 

 
𝒀(𝑡) = 	𝜱𝒀(𝑡	 − 	1) + 	𝜺(𝑡)																																																							(2) 

 
with the parameter matrix defined as 𝜱	 = 	𝜱0	 + 	𝜱1𝑾. In the VAR(1) model, stationarity can be identified 

from the parameter matrix [22]. Consequently, the stationarity condition for the GSTAR (1;1) model can be 
determined by adapting the stationarity condition of VAR (1), namely that all eigenvalues of the parameter matrix 
must have absolute values less than one. Equation (2) is thus employed when examining the stationarity and 
invertibility of the GSTAR (1;1) model.  

The notation of the parameter matrices for GSTAR (1;1), adapted from Equation (1), is given as 	Φ' =
𝑑𝑖𝑎𝑔(𝜙'), … , 𝜙'*), Φ) = 𝑑𝑖𝑎𝑔(𝜙)), … , 𝜙)*)  and 𝑊	 =	 (𝑤𝑖𝑗). The GSTAR (1;1) model in matrix form can 
be expressed as: 

 
𝒀(𝑡) = 	𝜱0𝒀(𝑡	 − 	1) + 	𝜱𝟏𝑾𝒀(𝑡	 − 	1) + 	𝜺(𝑡)																																								(3)	 
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Equation (3) is applied using the least squares method in the parameter estimation stage. The representation 
of the GSTAR (1;1) model for an individual observation, namely the observation at location 𝑖 at time 𝑡, can be 
written as: 

 

𝑌+(𝑡) = 𝜙'+𝑌+(𝑡 − 1) + 𝜙)+ - 𝑤+,𝑌,(𝑡 − 1) + 𝜀+(𝑡)
*

,&),,.+

																															(4) 

 
with 𝜙'+ and 𝜙)+ denoting the temporal AR parameter and the spatial AR parameter, respectively, for location 

𝑖. Equation (4) is employed in examining the statistical properties of the process {𝑌+(𝑡)}.  
This space–time process belongs to the class of stochastic processes. The central assumption in space–time 

modelling is stationarity. Stochastic processes commonly recognize two types of stationarity: strong and weak. A 
process is considered strongly stationary if its distribution is invariant with time, meaning that all process moments 
remain constant over time. If only the first moment (mean) and second moments (variance/covariance) are 
invariant over time, then the process is said to be weakly stationary. Weak stationarity becomes equivalent to strong 
stationarity if the process is assumed to be identically and normally distributed. A detailed discussion of stationarity 
can be found in [25] and [22]. In this dissertation, the term stationarity refers specifically to weak stationarity.  

The stationarity condition ensures that the GSTAR (1;1) model can be expressed as a linear combination of 
current and past error terms. In time series analysis, this form is known as the moving average (MA) model [26]. 
The equivalence of the GSTAR(1;1) model to the GSTMA representation is referred to as the invertibility property 
[27]. 

A distinctive feature of space–time models is the presence of both spatial and temporal dependence. The 
GSTAR (1;1) model represents spatial dependence through the spatial weight matrix. Studies on GSTAR generally 
assume that the first-order spatial weight matrix, 𝑊, it is fixed before modeling. There is, however, no standard 
technique for determining this matrix. Commonly, either uniform weighting based on the number of nearest 
neighbors or distance-based weighting schemes are used. Further discussions on the specification of nearest 
neighbors and distance-based weighting systems can be found in[28], [11], and [29]. 

Based on its definition, the spatial weight matrix 𝑾 has the following characteristics [28]. 
1. For each location, the zeroth-order neighbourhood zone has only one member, namely the location itself; 

thus, the spatial weight matrix takes the form of the identity matrix.  
𝑾	 =	 𝑰𝑵	.	 

2. The diagonal elements of the spatial weight matrix are zero, 𝑤++, because the spatial interaction between 
a location indexed by 𝑖, it only occurs in the zeroth-order neighbourhood zone.  

3. The sum of each row equals one ∑ 𝑤+, = 1*
,&) . This property is used to preserve the mean value of 𝑌+(𝑡) 

in the GSTAR model.  
Based on its construction, the spatial weight matrix has the following properties:  
1. It may be symmetric, but it is generally not symmetric.  
2. It is non-stochastic, since its determination is based on physical or geographical conditions of the observed 

locations.  
3. Observational data do not determine it and do not vary over time.  
4. It is subjective, as no standard method exists for its determination. Consequently, two researchers may 

adopt different weighting schemes for the same dataset.  
These properties apply to a predetermined spatial weight matrix.  
Parameter estimation is a central issue in modelling. The estimation method used is the least squares (LS) 

method, which estimates parameters by minimizing the sum of squared model errors. This is the best unbiased 
estimator when the model errors are mutually independent, have zero mean, and constant variance [30]. The 
method is particularly suitable for application in general linear models using RStudio software. Nevertheless, these 
assumptions are insufficient, and an additional assumption is required: the current error must be uncorrelated with 
the past process [22]. Furthermore, the normality assumption is often added to facilitate statistical inference, such 
as constructing confidence intervals and point estimation.  

Note that for 𝑡	 = 	1,2, . . . , 𝑇, the GSTAR (1;1) model in Equation (2) can be expressed simultaneously as a 
linear model: 

𝒀	 = 	𝑿𝜱	 + 	𝜺.																																																																(5) 
 
The parameter vector Φ in Equation (5) can be estimated using the least squares method, which minimizes 

the sum of squared error vectors. The resulting estimator is given by: 
 

𝚽P = (𝑿0𝑿)1)𝑿0𝒀.																																																																(6) 
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The next step after parameter estimation is validation, also known as diagnostic testing. Diagnostic tests consist 
of two stages: the stationarity test of the model and the residual test. The stationarity test is conducted after obtaining 
parameter estimates, as the estimated parameters must satisfy stationarity conditions. [29] introduced a new 
approach to testing the stationarity of the GSTAR (1;1) model using the inverse of autocovariance matrix (IAcM). 
The stationarity condition in this approach is expressed through the IAcM,  𝑴	 = 	 𝐈* 	− 	𝜱

′𝜱, it must be a positive 
definite matrix. If the stationarity condition based on IAcM is satisfied, then the stationarity requirement described 
by [22] is also fulfilled. This stage is often referred to as model re-identification, since the IAcM provides analytical 
identification of the model [29]. 

If the GSTAR (1;1) model passes the stationarity test via IAcM, the next stage is to examine the model 
residuals. Residual diagnostics assess whether the residuals conform to the error assumptions. Several procedures 
are used for residual testing [29]: 

1. Residual plot over time. If the residuals fluctuate steadily around zero within a specific range, they can be 
considered to originate from a random process.  

2. STPACF plot. If the plotted values fall within the correlation bounds, the residuals are considered 
uncorrelated over time.  

3. Histogram or normal Q-Q plot. If the histogram exhibits a unimodal and symmetric distribution, the 
residuals can be regarded as normally distributed. Similarly, if the Q-Q plot displays a linear pattern, the 
residuals are assumed to follow a normal distribution.  

4. Scatter plot. A scatter plot of residuals can be used to examine residual correlations, either with respect 
to time or across locations. 

5. Root Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE). The best model has 
the smallest RMSE, indicating lower residual variability. 

 
2.3 ARIMA-Transfer Function (ARIMA-TF) Model 

The transfer function model explains that the prediction of future values of a time series (output series, 𝑦2) 
does not solely depend on its historical data but also considers one or more other time series (input series, 𝑥2) 
related to the output series [31]. The construction of the transfer function model is based on the Autocorrelation 
Function (ACF) and the Cross-Correlation Function (CCF). The general form of the transfer function model for a 
single input (𝑥2) and a single output (𝑦2) is 

 
𝑦2 = 𝑣'𝑥2 + 𝑣)𝑥21) + 𝑣3𝑥213 +⋯+ 𝑣4𝑥214 + 𝑛2 (7) 
𝑦2 = (𝑣' + 𝑣)𝐵 + 𝑣3𝐵3 +⋯+ 𝑣4𝐵4)𝑥2 + 𝑛2  

  
 where 𝑦2 is a stationary output series, 𝑥2 is a stationary input series, 𝑛2 is the error term (noise series) that 

follows a certain time series model, such as ARIMA, and 𝑣(𝐵) represents the coefficients of the transfer function 
model or the impulse response weights. 

The relationship between the output and input series can be expressed as: 
 

𝑦2 = 𝑣(𝐵)𝑥2 + 𝑛2 (8) 
  
 where 𝑣(𝐵) the transfer function shows how the input affects the output through the backshift operator. 
  

𝑣(𝐵) =
𝜔5(𝐵)𝐵6

𝛿7(𝐵)
 

  
 Here, 𝑛2 is the noise component. If the noise is modelled as an ARMA process with an AR parameter 

𝜙(𝐵) and MA parameter 𝜃(𝐵), then: 

𝑛2 =
𝜃(𝐵)
𝜙(𝐵) 𝑒2 

 

After representing the relationship between the input and output series through impulse response weights 
and modelling the noise component using an ARMA process, both components can be combined to form the 
transfer function model: 

𝑦2 =
𝜔5(𝐵)𝐵6

𝛿7(𝐵)
𝑥216 +

𝜃(𝐵)
𝜙(𝐵) 𝑒2 

(9) 

With: 
b = the number of periods before the input series begins affects the output series. 
𝜔5(𝐵)=(𝜔' −𝜔)𝐵 − 𝜔3𝐵3 −⋯−𝜔5𝐵5) an operator of order𝑠, representing the number of past 
observations of 𝑥2 that influence 𝑦2. 
𝛿7(𝐵)=	(1 − 𝛿)𝐵 − 𝛿3𝐵3 −⋯− 𝛿7𝐵7) an operator of order𝑟, representing the number of past observations 
of the output series itself that influence 𝑦2. 
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3. RESULT AND ANALYSIS 
In this paper, the transfer function employed is the GSTAR transfer function, whereby the standard transfer 

function model's univariate input–output structure is extended to the multivariate case. The transfer function is 
commonly applied within the ARIMA framework. In this study, it is further developed under the spatial-temporal 
GSTAR (1;1) model. If ARIMA-TF modeling is applied to each location, it will be ineffective and inefficient. 
Through GSTAR-TF, the model can be estimated simultaneously through a matrix without having to perform 
modeling one by one for each location. 

 
3.1 GSTAR-Transfer Function (GSTAR-TF) Modelling 

The modelling process begins with preparing the input and output series. The input series, rainfall {𝑋+(𝑡)}, 
is modelled using the GSTAR (1;1) model as expressed in Equation (4). Before this step, stationarity tests must be 
conducted for each series, and non-stationary series should be transformed accordingly. The GSTAR (1;1) model 
parameters for the input series, estimated using the OLS method (Equation (6)), are then applied to the output 
series, chili prices {𝑌+(𝑡)}. The next step involves prewhitening the input and output series, obtained as  

 
 𝑎+(𝑡) = 𝑋+(𝑡) − 𝜙'+𝑋+(𝑡 − 1) + 𝜙)+ ∑ 𝑤+,𝑋,(𝑡 − 1)*

,&),,.+  
 and  

 𝑏+(𝑡) = 𝑌+(𝑡) − 𝜙'+𝑌+(𝑡 − 1) + 𝜙)+ ∑ 𝑤+,𝑌,(𝑡 − 1)*
,&),,.+ . 

  
In GSTAR (1;1) modelling, autocorrelation is important in determining the cross-correlation coefficients. 

Subsequently, cross-correlations between the prewhitened series are computed. These prewhitened series serve as 
the basis for building the transfer function model.  

As stated in Equation (8), the transfer function model is adapted so that {𝑎+(𝑡)}  and {𝑏+(𝑡)} follow a GSTAR 
(1;1) process. The cross-correlation function between {𝑎+(𝑡)} dan {𝑏+(𝑡)} is then used to determine the order of 
the transfer function model. The estimated 𝑣(𝐵)	of the transfer function, namely, 𝜔5(𝐵) dan 𝛿7(𝐵) indicates how 
the input influences the output under the backshift operator. The resulting transfer function model is subsequently 
employed for residual modelling using the GSTAR (1;1) framework. The GSTAR–TF obtained from this process 
is then applied as the final model, linking the output data {𝑌+(𝑡)} and the input data  {𝑋+(𝑡)}.	 The transfer function 
through GSTAR (1;1) is thus represented as: 

 

𝑌+(𝑡) =-
𝜔5
(,)(𝐵)𝐵6,

𝛿7
(,)(𝐵)

8

,&)

𝑋,(𝑡 − 𝑏) + 𝜇+(𝑡)																																															(10) 

 
with 𝜇+(𝑡) denoting the noise component modelled using GSTAR (1;1). 
 

3.2 Case Study 
This study utilizes rainfall and chili price data from three locations in West Kalimantan: Sambas, Ketapang, 

and Kapuas Hulu Regencies. In the GSTAR–TF modelling, the dependent variable (output) is the price of chili 
(Y), while the independent variable (input) is rainfall data (X). The temporal index covers monthly observations 
from January 2020 to December 2024, and the spatial index consists of the three regencies in West Kalimantan. 
Both rainfall and chili price data exhibit dependencies across time and space, supporting spatial-temporal 
modelling (GSTAR). The research locations are presented in Figure 1. Since all locations are within the same 
province and the monthly time dependence intuitively influences chili prices and rainfall, the model is specified 
with one temporal and one spatial lag, GSTAR (1;1).   

 The research data, comprising rainfall and chili prices across the three locations, are illustrated in Figure 
2. Based on the plot in Figure 2(a), all three regencies experienced extreme chili price spikes in early 2021 and 
2022 and a significant increase in December each year. Meanwhile, rainfall data (Figure 2(b)) appear relatively 
stable across years, consistent with West Kalimantan’s location on the equator.   

The stages of GSTAR spatial-temporal modelling, as described in the previous subsection, begin with 
examining data stationarity. This step is crucial to enable reliable forecasting. If the data are stationary, parameter 
estimates are expected to be unbiased, and forecasting results are more accurate. When the data are non-stationary, 
transformations can be applied to achieve stationarity. Stationarity can be assessed both visually and through 
inferential tests. Visually, Figure 2 suggests that rainfall (X) and chili prices (Y) are already reasonably stationary. 
Inferentially, the Augmented Dickey-Fuller (ADF) test yields p-values smaller than the 0.05 significance level, 
indicating that both rainfall and chili price series satisfy the weak stationarity condition. 
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(a) 

 
(b) 

 Figure 2. Plot of monthly chili prices (a) and rainfall data (b) for the period 2020-2024 
  

After confirming data stationarity, the next step is determining the spatial weight matrix. Model order 
identification is not required here since the GSTAR (1;1) model has already been specified. A stochastic process 
{𝑌(𝑡)}	that follows the GSTAR (1;1) model is expressed in Equation (3). In this equation, W denotes the spatial 
weight matrix, distinguishing this model from conventional time series models. Constructing the spatial weight 
matrix W is essential, as it captures spatial correlations in the GSTAR (1;1) model. Since only the first spatial lag 
is considered, the spatial weight matrix requires only one lag besides the identity matrix.  

Distances between research locations were obtained using Google Maps, measured from each location's 
central government office (regency office). These distances, shown in Table 1, reflect substantial geographic 
heterogeneity. Using the inverse distance method, the spatial weight matrix W is obtained as:  

 

𝑾 = e
0 0,46 0,54
0,47 0 0,53
0,52 0,48 0

h 

 
This matrix satisfies the properties of a spatial weight matrix: each row sums to one and all elements are 

nonnegative.  
The next stage is parameter estimation for the GSTAR (1;1) model using the Ordinary Least Squares (OLS) 

method. The first estimation uses rainfall data (X) as the input variable. Applying the linear form of the GSTAR 
(1;1) model yields the following estimates: 

 

Φ' = e
0,51 0 0
0 0,42 0
0 0 0,21

h dan Φ) = e
−0.11 0 0
0 −0,28 0
0 0 0,09

h 

 
 Table 1. Distance (Km) Between Research Locations 

Regency Sambas Kapuas Hulu Ketapang 
Sambas 0 419,55 353,35 

Kapuas Hulu 419,55 0 379,18 
Ketapang 353,35 379,18 0 
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Table 2. Orders of the Transfer Function models and parameters for each location based on the lowest AIC 
Location(i) Location(j) CCF Orders Model 

Sambas 

Sambas b=3, s=0, r=1 𝑏)(𝑡) =
(9"):#	(218)
()1<#=)

+	Noise model) 

Kapuas Hulu b=3, s=1, r=0 𝑏)(𝑡) = (𝜔' −𝜔)𝐵)𝑎3(𝑡 − 3) + (noise model) 
Ketapang b=3, s=1, r=0 𝑏)(𝑡) = (𝜔'1𝜔)𝐵)𝑎8(𝑡 − 3) + (noise model) 

Kapuas Hulu 

Sambas b=10, s=0, r=1 𝑏3(𝑡) = ( (9")
)1<#=

𝑎)(𝑡 − 10) + (noise model) 

Kapuas Hulu b=4, s=0, r=1 𝑏3(𝑡) =
(9")
)1<#=

𝑎3(𝑡 − 4) + (noise model) 

Ketapang b=3, s=0, r=1 𝑏3(𝑡) =
(9")

()1<#=)
𝑎8(𝑡 − 3) + (noise model) 

Ketapang 

Sambas b=2, s=0, r=1 𝑏8(𝑡) =
(9")

()1<#=)
	𝑎)(𝑡 − 3) + (noise model) 

Kapuas Hulu b=3, s=1, r=0 𝑏8(𝑡) = (𝜔' +𝜔)𝐵)𝑎3(𝑡 − 3) + (noise model) 
Ketapang b=2, s=2, r=0 𝑏8(𝑡) = (𝜔' +𝜔)𝐵 + 𝜔3𝐵3)𝑎8(𝑡 − 2) + (noise model) 

 
These parameter estimates are significant under the Inverse of Autocorrelation Matrix (IAcM) test, as the 

eigenvalues of the parameter matrix do not exceed modulus 1. Thus, the parameter estimates are stable and yield 
a stationary process. The estimated parameters and spatial weight matrix can be expressed as the GSTAR (1;1) 
model for rainfall (X) at time ttt in Sambas, Kapuas Hulu, and Ketapang, respectively:  

 
𝑋)(𝑡) = 0,51𝑋)(𝑡 − 1) − 0.05𝑋3(𝑡 − 1) − 0.06𝑋8(𝑡 − 1) + 𝑎)(𝑡) 
𝑋3(𝑡) = 0,42𝑋3(𝑡 − 1) − 0.13𝑋)(𝑡 − 1) − 0.15𝑋8(𝑡 − 1) + 𝑎3(𝑡) 
𝑋8(𝑡) = 0,21𝑋8(𝑡 − 1) + 0.05𝑋)(𝑡 − 1) + 0.04𝑋3(𝑡 − 1) + 𝑎8(𝑡). 

 
These results indicate strong temporal autocorrelation at each location and cross-effects of varying signs (some 

positive, some negative) across regions. For example, rainfall in Sambas {𝑋)(𝑡)} and Kapuas Hulu {𝑋3(𝑡)}. It is 
primarily influenced by past rainfall at its own locations. At the same time, the effects from neighboring regions are 
inverse: rainfall increases when the surrounding areas experienced lower rainfall in the previous period. In contrast, 
rainfall in Ketapang.  In contrast, rainfall in Ketapang {𝑋8(𝑡)} shows consistent positive influence from its past 
values and neighboring regions. Since the model is stable (stationary), it is suitable for short-term forecasting. 

The estimated parameters are then applied (transferred) to the output variable, chili prices (Y), yielding the 
GSTAR (1;1) model for the three locations:  

 
𝑌)(𝑡) = 0,51𝑌)(𝑡 − 1) − 0.05𝑌3(𝑡 − 1) − 0.06𝑌8(𝑡 − 1) + 𝑏)(𝑡) 
𝑌3(𝑡) = 0,42𝑌3(𝑡 − 1) − 0.13𝑌)(𝑡 − 1) − 0.15𝑌8(𝑡 − 1) + 𝑏3(𝑡) 
𝑌8(𝑡) = 0,21𝑌8(𝑡 − 1) + 0.05𝑋)(𝑡 − 1) + 0.04𝑋3(𝑡 − 1) + 𝑏8(𝑡). 

 
The residuals from both systems serve as the basis for prewhitening, which is then used as input for the cross-

correlation function (CCF) to determine the order of the transfer function. The CCF results for (𝑎+(𝑡), 𝑏,(𝑡)	) 
across locations are used to identify the order of the transfer function models for each location. At Sambas, the 
CCF against its own series shows a significant peak at lag 3, giving order 𝑏 = 3. No other lags are significant, so 
𝑠 = 0. The order 𝑟 is chosen as either 0 or 1, depending on the smallest Akaike Information Criterion (AIC). A 
similar procedure is applied for Kapuas Hulu and Ketapang relative to Sambas, as summarized in Table 2.  

At Kapuas Hulu, the CCF of input and output with its own series shows significant correlation at lag 4 with 
order 𝑏 = 4, 𝑠 = 0, 𝑟 = 	0 or 𝑟 = 1, In contrast, no correlation is observed with Sambas. Meanwhile, Ketapang’s 
CCF with its own series suggests transfer function 𝑏 = 2,  s = 2, r =0 or 𝑟 = 1. Using a similar approach, the transfer 
function orders for other locations are summarized in Table 2. Identifying these orders is a prerequisite for 
constructing each location's GSTAR–Transfer Function models.   

 
Table 3. Estimated Parameters of the Best Transfer Function Models Based on the Lowest AIC 
Location Transfer Function Model (GSTAR-based) 

Sambas 
 

𝑌)(𝑡) = (36.22)𝑋)	(𝑡 − 3) + (6.88)𝑋)	(𝑡 − 4)) + (35.51𝑋3(𝑡 − 3)
+ (23.27𝑋3(𝑡 − 4) + (31.77𝑋8(𝑡 − 3) + (16.40𝑋8(𝑡 − 4)
+ 𝜇)(𝑡) 

Kapuas Hulu 𝑌3(𝑡) = 44.32𝑋3(𝑡 − 4) − 2.22𝑋3(𝑡 − 5) − 63.49𝑋)(𝑡 − 10) − 9.52𝑋)(𝑡 − 11)
+ 42.20𝑋8(𝑡 − 3) + 10.13	𝑋8(𝑡 − 4) + 𝜇3(𝑡) 

Ketapang 𝑌8(𝑡) = 19.64𝑋8(𝑡 − 2) + 47.48𝑋8(𝑡 − 3) + 17.77𝑋8(𝑡 − 4) + 43.36𝑋)(𝑡 − 3)
+ 16.91𝑋)(𝑡 − 4) + 48.35𝑋3(𝑡 − 3) + 32.99𝑋3(𝑡 − 4)
+ 𝜇8(𝑡) 
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Table 4. Noise Series Models of GSTAR (1;1) 
Location Noise series model 
Sambas 𝜇)(𝑡) = 0,63𝜇)(𝑡 − 1) − 0.07𝜇3(𝑡 − 1) − 0.08𝜇8(𝑡 − 1) 

Kapuas Hulu 𝜇3(𝑡) = −0,08𝜇)(𝑡 − 1) + 0.83𝜇3(𝑡 − 1) − 0.09𝜇8(𝑡 − 1) 
Ketapang 𝜇8(𝑡) = −0,23𝜇)(𝑡 − 1) − 0.21𝜇3(𝑡 − 1) + 0.80𝜇8(𝑡 − 1) 

 

 
(a) 

 
(b) 

 
(c) 

Figure 3. Plots of estimated data (red) versus actual data (black) for each location 
 
Parameter estimation of the transfer function models for the three locations 𝑖 = 1,2,3 based on Equation 

(10) the results are presented in Table 3, where the choice of 𝑟	is determined by the lowest AIC value. The 
corresponding noise series models are shown in Table 4. Based on the models obtained for the three locations, 
rainfall influences the price of chili in addition to the effect of the chili price itself. The final GSTAR Transfer 
Function model was derived from the combination of Tables 3 and 4.  
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The plot of the actual and estimated data is presented in Figure 3. As shown, the calculated values closely 
follow the actual data pattern. The final step is the diagnostic test of the residuals from the GSTAR-Transfer 
Function model. Based on the diagnostic results (Figure 4), the residuals satisfy the classical assumptions. Although 
some correlation appears at the initial lag in Sambas, the ACF plot shows that it remains within the significance 
bounds. The normality test using the QQ plot also indicates that the residuals approximate a normal distribution. 
In contrast, the white noise test through the scatter plot confirms that the residuals are randomly distributed. Thus, 
overall, the diagnostic tests confirm that the model is suitable for forecasting (extrapolation) purposes. Furthermore, 
the Mean Absolute Percentage Error (MAPE) values for the GSTAR-Transfer Function model in Sambas, Kapuas 
Hulu, and Ketapang are 15%, 8%, and 14%, respectively, indicating that the model provides reliable performance. 

 

 
(a) Heteroskedasticity test through ACF plot 

 
(b) Normality test through qq-plot 

 
(c) White noise test through Scatter plot 

Figure 4. Residual diagnostic test results. All residuals meet the classical assumptions. 
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3.3 Interpretation and Analysis 
 The GSTAR–Transfer Function model demonstrated good predictive accuracy, with MAPE values of 15% 

for Sambas, 8% for Kapuas Hulu, and 14% for Ketapang. The model for Kapuas Hulu demonstrates superior 
accuracy, likely due to its inland location, where rainfall substantially influences the formation of chili prices. 
Kapuas Hulu exhibits a prolonged rainfall effect due to its unique geographical conditions, including hilly terrain, 
extensive forest areas, and large lakes that sustain soil moisture for longer periods. Heavy rainfall in this region 
often leads to flooding and poor drainage, intensifying the persistence of climatic shocks. Additionally, limited 
transport infrastructure creates distribution bottlenecks, as road networks are highly susceptible to damage and 
delays during extreme rainfall events. These combined geographic and logistical constraints explain why rainfall 
shocks in Kapuas Hulu longer-lasting impacts on chili price dynamics have compared to other regions. In Kapuas 
Hulu, rainfall effects are more prolonged, with significant negative impacts from Sambas rainfall 10–11 months 
earlier and from local and Ketapang rainfall 3–5 months earlier. These differences may be attributed to contrasting 
climatic patterns between inland Kapuas Hulu and the coastal regions of Sambas and Ketapang. 

From a policy standpoint, addressing the prolonged impact of rainfall shocks in Kapuas Hulu requires 
targeted interventions that strengthen both infrastructure and market resilience. Investments in durable road 
networks and climate-resilient transportation systems are crucial for mitigating distribution bottlenecks during 
extreme rainfall events. In parallel, the development of more efficient commodity distribution strategies, such as 
regional storage facilities and coordinated supply chain management, would help stabilize market availability and 
mitigate price volatility. These measures are expected to enhance the adaptive capacity of local agricultural systems, 
ensuring more stable chili price dynamics in the face of increasing climate variability. 

 Overall, the results indicate that rainfall, as an input variable, significantly affects chili prices across the three 
regions, both temporally and spatially. Despite the absence of chili plantations in Sambas, Kapuas Hulu, and 
Ketapang, rainfall still exerts influence through its effect on transportation and distribution routes. In Sambas and 
Ketapang, rainfall in neighboring areas in the preceding 2–4 months positively correlates with chili prices, reflecting 
reliance on road and river transport. Prices in all three regions also depend on their own past values but are 
negatively influenced by lagged prices in neighboring locations.  

 
4. CONCLUSION 

Based on the study, rainfall significantly influenced chili pepper prices across the three research locations, 
both temporally and spatially. The main contribution of this study is to demonstrate GSTAR–TF as an alternative 
forecasting tool that explicitly accounts for rainfall shocks in agricultural commodity markets. The GSTAR–
Transfer Function model demonstrated good predictive accuracy, with MAPE values of 15% for Sambas, 8% for 
Kapuas Hulu, and 14% for Ketapang. This reflects differences in seasonal patterns between inland (Kapuas Hulu) 
and coastal regions (Sambas and Ketapang). Furthermore, past chili prices also influenced current prices, with 
varying patterns across locations. The findings highlight rainfall as a crucial external factor when analysing chili 
price dynamics in West Kalimantan. For future research, the GSTAR model could be extended to higher orders 
to cover a broader spatial scope and include multiple exogenous variables. Additionally, parameter estimation 
could be refined using methods beyond OLS and maximum likelihood to improve robustness and accuracy. 
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