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ABSTRACT 

Article History: 
Fulfillment of rice stock in Indonesia to always be distributed based on demand in the 

community is certainly closely related to the results of rice production. The results of rice 

production in various regions of Indonesia are very different. This difference can of course, be 

influenced by geographic location or spatial effects between regions. Central Sulawesi, which 

is one of the provinces with a large population compared to other provinces on the island of 

Sulawesi, has a responsibility to meet the needs of its community, so it is necessary to take into 

account and increase the production of rice by relying on production in the province. Modeling 

rice production that has spatial effects or heterogeneity between regions is needed as an 

analytical tool because if the modeling ignores spatial effects and generalizes the model, the 

modeling predictions will be biased. So, we need an analytical model that can accommodate 

the problem of spatial effects using Geographically Weighted Panel Regression. The purpose 

of this study was to determine the factors that can affect rice production in Central Sulawesi. 

The data used comes from BPS Central Sulawesi Province from 2014-2020. This study focuses 

on the spatial effect factors that are considered to be able to affect rice production in Central 

Sulawesi. The results of the study there are eight districts/cities are affected by land area, and 

four districts/cities are affected by land area and harvested area. 

 

Received: 19th October 2022 

Revised: 29th December 2022  

Accepted: 4th February 2023 

 

 

 

Keywords: 

Geographically Weighted 

Panel Regression; 

Central Sulawesi; 

Rice Production  

  

This article is an open access article distributed under the terms and conditions of the 

Creative Commons Attribution-ShareAlike 4.0 International License. 

 

 

 

 
 
 

 

 

 

 

 

 
 

How to cite this article: 

N. F. Gamayanti, Junaidi, Fadjryani and Nur’eni., “ANALYSIS OF SPATIAL EFFECTS ON FACTORS AFFECTING RICE PRODUCTION 
IN CENTRAL SULAWESI USING GEOGRAPHICALLY WEIGHTED PANEL REGRESSION,” BAREKENG: J. Math. & App., vol. 17, iss. 1, 

pp. 0361-0370, March 2023. 

 
Copyright © 2023 Author(s)  

Journal homepage: https://ojs3.unpatti.ac.id/index.php/barekeng/  

Journal e-mail: barekeng.math@yahoo.com; barekeng.journal@mail.unpatti.ac.id  

Research Article  •  Open Access 

 

 

mailto:nurulfiskia@gmail.com
http://creativecommons.org/licenses/by-sa/4.0/
https://ojs3.unpatti.ac.id/index.php/barekeng/
mailto:barekeng.math@yahoo.com
mailto:barekeng.journal@mail.unpatti.ac.id


362  Gamayanti, et. al.     ANALYSIS OF SPATIAL EFFECTS ON FACTORS AFFECTING RICE…..…  

1. INTRODUCTION 

Since 2020, Indonesia has been hit by the Covid-19 pandemic. Where the negative effects of the 

pandemic can overwhelm all aspects of Indonesia. One of which is the disruption of economic activity, where 

one of the economic factors that have a large contribution is the agricultural sector. One of the impacts of the 

Covid-19 pandemic on the agricultural sector is the availability of food for all Indonesians. It is considered 

that in Indonesia, rice is one of the main types of food. Fulfilling the availability of rice certainly must be 

kept from the results of rice production, which must remain balanced and can meet all the demands that exist 

in the community. 

The fulfillment of this food security cannot be separated from the results of rice production, which are 

expected to continue to increase and remain stable during the Covid-19 pandemic. The results of rice 

production in the territory of Indonesia cannot be generalized where each region has different production 

results [1] so each region contributes to the other by cross-subsidizing their production. However, the 

government must still be able to maximize the yield of rice production for each region so that it can rely on 

the rice production of each region to provide food security for each region [2]. Previous research conducted 

on modeling rice production in West Java in fact sometimes varies according to conditions from one location 

to another. Conditions that are influenced by spatial aspects or geographical conditions of an area allows for 

spatial heterogeneity [3]. 

Differences in rice production in each region are certainly very likely to occur due to spatial effects or 

often referred to as heterogeneity effects between regions. Central Sulawesi is one of the second largest 

provinces with the highest consumption rate compared to other provinces in the province of Sulawesi, so the 

Central Sulawesi local government needs to take action and pay attention to the availability of food in its 

area by modeling the results of its rice production. 

Modeling of rice production in reality sometimes varies according to conditions from one location to 

another. Conditions that are influenced by spatial aspects or geographical conditions of an area allow for 

spatial heterogeneity [4]. We need a method that can accommodate aspects of spatial heterogeneity using the 

Geographically Weighted Regression (GWR) method approach [5]. The Geographically Weighted Panel 

Regression (GWPR) model is a development of the GWR model where the GWR model only uses cross-

sectional data in the analysis, in contrast to the GWPR which combines cross-sectional data with time series 

data, which is commonly referred to as panel data [6]. They use panel data as analysis data to provide more 

information than time series or cross-section data. The GWPR resulting model is not general but will produce 

a model for each region because the method can accommodate aspects of spatial heterogeneity. Previous 

studies using GWPR in modeling the human development index in East Java produced a coefficient of 

determination of 98.74% [6]. So that this research will focus on modeling rice production results in Central 

Sulawesi using Geographically Weighted Panel Regression (GWPR). 

 

 

2. RESEARCH METHODS 

2.1 Spatial Heterogeneity 

 Spatial heterogeneity is a condition where the error variance is not uniform that can occur due to 

differences in the characteristics of one region with other regions [7]. This results in the variance in the 

regression model are no longer constant but varying according to the location of the observation. To detect 

the effect of spatial heterogeneity on the data, it is necessary to test with the Breusch-Pagan test. 

The hypothesis is as follows: 

𝐻0 = 𝜎1
2 = 𝜎2

2 = ⋯ = 𝜎𝑛
2 = 𝜎2   (There is no spatial heterogeneity) 

𝐻1 = at least there is one 𝜎𝑖
2 ≠ 𝜎2   (There is spatial heterogeneity) 

statistics Test 

BP =  
1

2
𝑓′𝑍(𝑍′𝑍)−1𝑍′𝑓   (1) 

Test criteria: Reject if BP ≥ 𝜒(𝑘)
2  or p-value < α. It means that there is spatial heteroscedasticity. 
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2.2 Geographically Weighted Panel Regression (GWPR) 

 Geographically Weighted Regression is a method used to explore spatial nonstationary, which is 

defined as the nature and significant relationship between different variables from one location to another. 

The GWR model uses a point approach, resulting in the estimation of local parameters, which for each 

observation area will have different parameters with weighting based on the position or distance of one 

observation area from another observation area [8]. The Geographically Weighted Regression model can be 

written as follows [9]:  

𝑦𝑖 = 𝛽0(𝑢𝑖, 𝑣𝑖) + ∑ 𝛽𝑘
𝑝
𝑘=1 (𝑢𝑖, 𝑣𝑖)𝑥𝑖𝑘 + 𝜀𝑖     , 𝑖 = 1,2, . . . , 𝑛           (2)

 

 

 

while the Geographically Weighted Panel Regression (GWPR) is the development of the GWR model using 

panel data as research data [10]. 

GWPR has a similarity with the cross-section GWR analysis. In this study, it is assumed that the 

intercept differs between individuals, so panel regression with the FEM model is used. The general form of 

the panel regression model with FEM is as follows: 

𝑦𝑖𝑡 = 𝛼𝑖 + 𝒙𝑖𝑡
𝑇 𝛽 + 𝜀𝑖𝑡                                                         (3)

   
  

 The general GWPR model is obtained from a combination of the GWR model and the panel regression 

model. The following is a combination of the GWR equation and the FEM panel regression model equation 

with the within estimator: 

�̈�𝑖𝑡 = 𝛽0(𝑢𝑖𝑡, 𝑣𝑖𝑡) + ∑

𝑝

𝑘=1

𝛽𝑘(𝑢𝑖𝑡 , 𝑣𝑖𝑡)�̈�𝑖𝑡𝑘 + 𝜀�̈�𝑡                          (4) 

Where: 

�̈�𝑖𝑡 : The value of the dependent variable that has been averaged on the observations 

𝛽0(𝑢𝑖𝑡, 𝑣𝑖𝑡) : The intercept of the equation formed at the i and t-time observations. 

𝛽𝑘(𝑢𝑖𝑡, 𝑣𝑖𝑡) : Regression coefficient on the k-th independent variable 

𝜀�̈�𝑡 : Error 

2.3 Weight Model Geographically Weighted Panel Regression with Fixed Effect Model 

 In the GWPR model, the weights play a very important role because the weighting values represent 

the location of the observation data with one another. At the time of parameter estimation at the location 

point (𝑢𝑖, 𝑣𝑖) it will be more influenced by the points closer to the location (𝑢𝑖, 𝑣𝑖)) than the more distant 

points. One way to determine the amount of weight for each different location in the GWPR model is to use 

a fixed kernel function or Fixed Kernel. The Fixed Kernel function is a kernel function that has the same 

bandwidth at each observation location [11]. 

Bandwidth is a smoothing parameter that can adjust the level of smoothness of the curve in the kernel 

function [10]. In the kernel function, bandwidth selection is very important because bandwidth plays a role 

in controlling the balance between the suitability of the curve to the data and the smoothness of the data. One 

type of fixed kernel function that can be used is the exponential kernel function.  

 There are several methods that can be used to select the optimum bandwidth. One of them is to use 

Cross Validation (CV). CV in GWPR is the same as GWR, calculated based on the average of the dependent 

and independent variables for the entire time [6]. CV calculation can be written as follows [12]: 

𝐶𝑉 = ∑ [𝑦𝑖 − �̂�≠𝑖(𝑏)]2𝑛
𝑖=1         (5)    

  

Where 

�̂�≠𝑖(𝑏): estimated value for 𝑦𝑖 by eliminating the observation location at point i from the parameter testing 

process with bandwidth b. 

 

2.4 Geographically Weighted Panel Regression Parameter Estimation with Fixed Effect Model 

 Parameter estimation for Geographically Weighted Panel Regression with Fixed Effect Model can use 

the same approach as estimation of Geographically Weighted Regression in general, namely by using 
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Weighted Least Square (WLS) [13]. The approach using the Weighted Least Square (WLS) is a method that 

provides different weighting for each observation location. 

 The estimated GWPR model parameters for each location will have different weights for each 

observation location namely 𝑤𝑖𝑡(𝑢𝑖𝑡, 𝑣𝑖𝑡).The weighting element 𝑤𝑖𝑡(𝑢𝑖𝑡 , 𝑣𝑖𝑡) different for each observation 

location. Then the next step is to minimize the number of squared errors, and will be reduced and then 

equalized to zero 

So that the estimator for the local regression coefficient in the GWPR model is 

 �̂�(𝑢𝑖𝑡,𝑣𝑖𝑡) = [�̈�𝑇𝑊(𝑢𝑖𝑡,𝑣𝑖𝑡)�̈�]−1�̈�𝑇𝑊(𝑢𝑖𝑡,𝑣𝑖𝑡)�̈�              (6)
    

 

Where �̂�(𝑢𝑖𝑡,𝑣𝑖𝑡) is as follows:  

�̂�(𝑢𝑖𝑡, 𝑣𝑖𝑡) =

[
 
 
 
 
�̂�1(𝑢𝑖𝑡, 𝑣𝑖𝑡)

�̂�2(𝑢𝑖𝑡, 𝑣𝑖𝑡)
⋮

�̂�𝑝(𝑢𝑖𝑡, 𝑣𝑖𝑡)]
 
 
 
 

        (7) 

with: 

𝑖 = 1,2, . . . , 𝑁 

𝑡 = 1,2, . . . , 𝑇
 

 

2.5 Simultan Regression Coefficient Test 

 The model fit test was used to test the suitability of the parameters simultaneously and to see the 

differences between the global regression model and the Geographically Weighted Panel Regression. 

The hypothesis is as follows: 

𝐻0: 𝛽𝑘(𝑢𝑖𝑡, 𝑣𝑖𝑡) = 𝛽𝑘  (for each k = 1, 2, ..., p) (there is no significant difference between the global regression 

model and the GWPR model) 

𝐻1: 𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒  𝛽𝑘(𝑢𝑖𝑡, 𝑣𝑖𝑡) ≠ 𝛽𝑘    (for each k = 1, 2, ..., p) (there is a significant difference 

between the global regression model and the GWPR model) 

Test statistics [14]: 

𝐹 =
𝑅𝑆𝑆(𝐻1)/𝑑𝑓1

𝑅𝑆𝑆(𝐻0)/𝑑𝑓2
                                                                                          (8)

   

 

 

Where: 

𝑅𝑆𝑆(𝐻0) = �̈�𝑇(𝐼 − 𝐻)�̈� 

𝑯 = �̈�(�̈�𝑻�̈�)−𝟏�̈�𝑻 

𝑹𝑺𝑺(𝑯𝟏) = �̈�𝑻(𝑰 − 𝑳)𝑻(𝑰 − 𝑳)�̈� 

𝑑𝑓1 =
𝛿1

2

𝛿2
 

𝛿1 = 𝑡𝑟𝑎𝑐𝑒((𝑰−𝑳)𝑻(𝑰 − 𝑳)) 

𝛿2 = 𝑡𝑟𝑎𝑐𝑒((𝑰−𝑳)𝑻(𝑰 − 𝑳))𝟐 

𝑑𝑓2 = 𝑛 ∗ 𝑡 − 𝑘 

 

I is an identity matrix having the order 𝑁 × 𝑇. While the matrix L is stated as follows [14]: 

 

𝑳 =

[
 
 
 
 
 
 
 
 
 
 
�̈�11

𝑇 (�̈�𝑇𝑊(11)�̈�)−1(�̈�𝑇𝑊(11))

�̈�21
𝑇 (�̈�𝑇𝑊(21)�̈�)−1(�̈�𝑇𝑊(21))

⋮
�̈�𝑁1

𝑇 (�̈�𝑇𝑊(𝑁1)�̈�)−1(�̈�𝑇(𝑁1))

⋮
�̈�1𝑇

𝑇 (�̈�𝑇𝑊(1𝑇)�̈�)−1(�̈�𝑇𝑊(1𝑇))

�̈�2𝑇
𝑇 (�̈�𝑇𝑊(2𝑇)�̈�)−1(�̈�𝑇𝑊(2𝑇))

⋮
�̈�𝑁𝑇

𝑇 (�̈�𝑇𝑊(𝑁𝑇)�̈�)−1(�̈�𝑇𝑊(𝑁𝑇))]
 
 
 
 
 
 
 
 
 
 

                                                     (9)
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Test Criteria: 

Reject 𝐻0 if F > 𝐹1−𝛼,𝑑𝑓1,𝑑𝑓2. This means that there is a difference between the global regression model and 

the Geographically Weighted Panel Regression.    

 

2.6 Partial Parameter Significance Test 

 Testing the parameters of the GWPR model is done by testing the parameters partially. This partial 

test aims to determine which parameters significantly affect the dependent variable at each observation 

location. 

𝐻0: 𝛽𝑘(𝑢𝑖𝑡, 𝑣𝑖𝑡) = 0 (𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑘 = 1,2,…𝑝) 

𝐻1:  𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝛽𝑘(𝑢𝑖𝑡, 𝑣𝑖𝑡) ≠ 0  (𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑘 = 1,2, …𝑝) 

Test statistics [14]: 

𝑇 =
�̂�𝑘(𝑢𝑖𝑡,𝑣𝑖𝑡)

�̂�√𝐶𝑘𝑘
                                                                                             (10)

   

 

where 𝐶𝑘𝑘 
is the diagonal element to-k from matrix 𝑪𝑖𝑡𝑪𝑖𝑡

𝑇. 

( )1( ( , ) ) ( , )it it it itit
u v u vC

−= X X X
T T
W W  

 

Test Criteria: 

Reject 𝐻0 if |𝑇ℎ𝑖𝑡 | > 𝑡𝛼
2⁄ ,𝑑𝑓 with 𝑑𝑓 =

𝛿1
2

𝛿2
 . Thats means that there is an effect of the k variable on the 

GWPR model. 

 

2.8 Variable 

 The variables used in this study are as follows: 

Y   = rice production in Central Sulawesi (Tons) 

X1 = land area (Ha) 

X2 = harvested area (Ha) 

X3 = productivity (Ku/Ha) 

The number of districts and cities studied were 12 regions, and the year of research was 6 years from year 

2014-2020 [15]. 

 

 

3. RESULTS AND DISCUSSION 

3.1. Descriptive Statistics 

 Rice production in Central Sulawesi illustrates the difference in yield between each district/city. This 

could be due to spatial effects. This difference in rice production results is a concern to continue maximizing 

all locations as producers of rice production in meeting food needs. In maximizing rice production, effective 

factors are needed in each region because different factors can influence each region. 
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Figure 1. Map of Average Rice Production Yield in Central Sulawesi 2014-2020 

 

 Based on Figure 1, it can be seen that the location that had the highest average rice production during 

2014-2020 is Parigi Moutong Regency, where the average rice production is above 250,000 tons per year. 

The locations with the lowest average rice production in Central Sulawesi are Banggai Islands Regency, Tojo 

Una-Una, and Palu City. Where the average production is less than 10,000 tons per year. This difference in 

rice production between regions underlies the possibility of spatial heterogeneity in rice production in Central 

Sulawesi. 

 

 

3.2 Spatial Heterogeneity Effect Test 

 To detect the presence of spatial heterogeneity, the Breusch-Pagan test can be used with the following 

results: 

 
Table 1. Result of Breusch-Pagan Test 

Breusch-Pagan Test p-value Decision 

9.8522 0.0199 Reject 𝐻0  

 

 Based on Table 1 above obtained p-value of 0.0199 less than 𝛼 = 0,05 then 𝐻0 is rejected, meaning 

that there is a diversity of variance between observations or spatial heterogeneity. This problem is to be 

overcome by making local modeling by considering the spatial aspect, namely the diversity between 

observations, so that a Geographically Weighted Panel Regression analysis was carried out, which took into 

account the spatial aspect, namely the diversity between observation locations. 

 

3.3 Geographically Weighted Panel Regression for Rice Production in Central Sulawesi 

 The first thing to do in estimating the GWPR model is to transform the data according to the FEM 

concept within the estimator. Data transformation with FEM within the estimator is done by subtracting each 

data from the corresponding average time series data. Then the data will be used in estimating GWPR. The 

estimation of the GWPR model begins by calculating the optimum bandwidth value. Where the selection of 

the optimum bandwidth is based on the bandwidth that has the minimum CV value. Based on the calculation 

results, the bandwidth value with the fixed exponential kernel function is obtained as follows: 

 
Table 2. Optimum CV Value & Bandwidth 

Cross Validation (CV) Bandwidth Optimum 

5.9583 3.6574 

 

Average Rice Production 
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 Based on Table 2 the optimum bandwidth value is 3.6574, then the next step is to form a weighting 

matrix. The weighting matrix will be formed using the fixed exponential kernel weighting function. The 

weighted values that have been obtained will be used in estimating the parameters of the GWPR model in 

each district/city. The following is the result of parameter estimation for Fixed Effect GWPR: 

 
Table 3. Parameter Estimation of GWPR Fixed Effect Model 

Location 𝛃𝟎 𝛃𝟏 𝛃𝟐 𝛃𝟑 

Banggai Kepulauan 1.2126 0.0834 0.9425 0.0663 

Banggai 1.1701 0.0926 0.9379 0.0718 

Morowali 1.1512 0.0793 0.9532 -0.0144 

Poso 1.0344 0.1189 0.9267 -0.1360 

Donggala 0.9439 0.1552 0.9014 -0.2909 

Tolitoli 1.0426 0.1188 0.9261 0.0558 

Buol 1.0792 0.1039 0.9365 0.1037 

Parigi Moutong 0.9542 0.1487 0.9068 -0.2354 

Tojo Una-una 1.0641 0.1169 0.9254 0.0682 

Sigi 0.9539 0.1512 0.9042 -0.3068 

Morowali Utara 1.0924 0.1024 0.9365 -0.0463 

Palu 0.9402 0.1561 0.9009 -0.3262 
 

 Based on the parameter estimation results in Table 3 it can be seen that there are 12 regression models 

for each location, where each location has its own model of rice production. 

 

 

3.4 Model Fit Test 

 The regression coefficient test was simultaneously carried out to determine whether there was a 

difference between the global regression model and the GWPR model. Based on the test results obtained the 

following results: 

 
Table 4. Model Conformity Test Results 

F Test decision 

26.8549 Reject 𝐻0 

 

 Based on the rejection test criteria 𝐻0  if  𝐹 > 𝐹𝑡𝑎𝑏𝑙𝑒. From the test results obtained F = 26.8549 >
𝐹𝑡𝑎𝑏𝑙𝑒 = 4.07 then with a significant level of 5% it can be concluded that 𝐻0 is rejected. This means that there 

is a significant difference between the global regression model and the GWPR model. 

 

3.5 Parameter Significance Test 

 The significance test of the GWPR model parameters was carried out to determine the parameters 

significantly affecting the response variable. The GWPR model produces different model equations for each 

district/city but is the same between years, so that 12 model equations are obtained. The following is an 

example of a GWPR model in Palu. 

�̂�𝑝𝑎𝑙𝑢(𝑡) = 0.9402 + 0.1561𝑋1𝑝𝑎𝑙𝑢(𝑡) + 0.9009𝑋2𝑝𝑎𝑙𝑢(𝑡) 

 The GWPR model in Palu can be interpreted if other variables are assumed to be constant. the rice 

production in Palu increase by 0.9539 tons. Every 1 hectare of paddy field area increases and other variables 

are held constant. it will increase rice production by 0.1024 tons. Every 1 hectare of harvested area increases 

and other variables are held constant. it will increase rice production by 0.9042 tons. The GWPR model of 

Sigi Regency has a coefficient of determination (R2) of 0.9782 or 97.82%. This means that the land area (X1) 

and harvested area (X2) can explain the diversity of rice production in Sigi Regency by 97.82% while the 

remaining 2.18% is influenced by other factors outside the model. 

 The predictor variables that affect rice production in Central Sulawesi Province are generally 

influenced by factors of land area and harvested area. The following table presents the grouping of 

districts/cities based on significant predictor variables. 
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Table 5. Districts/Cities based on predictor variables that significantly affect rice production in Central 
Sulawesi Province 

Significant Variables Districts/Cities 

X1 Banggai Kepulauan, Banggai, Morowali, Poso, 

Toli-Toli, Buol, Tojo Una-Una, dan Morowali 

X1 & X2 Donggala, Parigi Moutong, Sigi dan Palu 

 
Figure 2. Map of Distribution of Significant Variables 

 

 Figure 2 shows a spatial map of the distribution of districts/cities in Central Sulawesi Province based 

on variables that significantly affect rice production. In this case, two groups were formed, where the 

predictor variables that had a significant effect on rice production were land area and harvested area. The 

variable of the land area has a significant impact in all districts/cities in Central Sulawesi. Meanwhile, the 

harvested area variable has a significant effect on Donggala, Parigi Moutong, Sigi, and Palu districts. 

 

 

4. CONCLUSIONS 

 Based on the analysis results that have been carried out using the Geographically Weighted Panel 

Regression method by looking at all the spatial aspects of the model using the fixed exponential kernel 

weighting function. Twelve models are obtained that are used to model local rice production for each city 

district in Central Sulawesi. 8 city districts are only affected by land area, and four urban districts are affected 

by land area and harvested area. 
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