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Abstract – Indonesia must strive to intensively increase the amount of rice production, both developing and 

implementing agricultural innovations. The key to success in increasing rice production includes optimization of 

agricultural resources, application of advanced and specific technologies based on location, support for production 

and capital facilities, a guarantee of grain prices that provide production incentives, and agricultural extension 

support and assistance. The strategy for realizing success is by increasing productivity, expanding planting areas, 

securing production, and empowering agricultural institutions and supporting business finance. Geographically 

Weighted Regression (GWR) is the development of global regression modeling through the addition of weighting in 

the form of distances between observation locations to overcome spatial diversity. The regression coefficient on the 

GWR model is assumed to vary spatially so that for each location point studied the interpretation is different. GWR 

modeling only accommodates the effect of location without including the influence of observation time. In order to 

obtain a more accurate parameter estimation, the time element in the GWR model was added to become the 

Geographically and Temporally Weighted Regression (GTWR) method so that it can handle the diversity of a spatial 

and temporal data simultaneously. Estimation of regression coefficients is done using the weighted least squares 

method. The weighting matrix is a combination of spatial and temporal information in identifying spatial and 

temporal diversity. This method produces models that are local to each location and time and are more 

representative. This study aims to group the amount of rice production in Indonesia using the GTWR method. The 

data used are data on the amount of rice production (tons) in 33 provinces of Indonesia from 2001 to 2016 as the 

response variable, with explanatory variables of harvest area (in ha), rainfall (in mm), and population (in thousand / 

souls). The results obtained were the GTWR method in modeling the amount of rice production having RMSE = 

74455.15, MAE = 39671.47, MAD = 39671.47, and R2 = 99.93. This result is better than OLS method which has 

RMSE value = 328644.2, MAE = 242155.90, MAD = 216255.79 and R2 = 98.70. The modeling produces 528 models so 

that it is more representative for each province. Variable harvest area and population are considered local 

parameters. The grouping of locations studied based on the influential variables produces six groups, namely groups 

which total production of the rice is: (1) not influenced by harvest area, rainfall, and population, (2) only influenced 

by harvest area, (3) only influenced by rainfall, (4) only influenced by population, (5) influenced by harvest area and 

population and (6) influenced by harvest area, rainfall, and total population. 

Keywords – Classification, Regression, Weighted, Series, Spatial, Temporal, Production, Rice. 

I. INTRODUCTION 

Indonesia has complete facilities and infrastructure that can be relied upon to support rice self-sufficiency. 

Especially if it is taken into account the potential and wide area of rice farming, a large number of human 

resources (farmers), adequate fertilizer and seed production, and a good irrigation system. However, the facts 

show: rice fields continue to shrink significantly due to displaced non-agricultural interests, especially 

settlements and industries that the amount of national rice production tends to decrease and is rather difficult to 
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increase again. National rice production is almost stagnant at the level of 50 million tons/year, even though 

national consumption-as a consequence of population growth−continues to increase in a definite and significant 

manner. A solution must be sought by striving to intensify rice production intensively, developing and 

implementing agricultural innovations is targeted not to achieve self-sufficiency but instead to become the 

world's largest rice-producing country as it did in 2008 and avoiding rice imports to secure national needs. To 

support this agricultural revitalization program, the government must increase the availability of superior seeds 

for farmers to increase agriculture production from year to year. 

The key to successfully increase the rice production, are those the optimization of agricultural resources, the 

application of advanced and specific technologies based on location, support for production and capital 

facilities, a guarantee of grain prices that provide production incentives, and agricultural extension support and 

assistance. The strategy for realizing success is by increasing productivity, expanding planting areas, securing 

production, and empowering agricultural institutions and supporting business finance. One of the efforts to 

increase rice productivity is through Integrated Crop Management (ICM) in all provinces, planting hybrid rice in 

several provinces, and improving not-ICM intensification. 

Hasan [1] argues that one way that can be done to increase food production is by expanding the planting area. 

The expansion of this area is also influenced by the availability of land that has not been used and also by the 

population. For this reason, it is necessary to study the effect of harvest area and population. This study aims to 

group the amount of rice production in Indonesia using the GTWR method. The data used are data on the 

amount of rice production (tons) in 33 provinces of Indonesia (without North Kalimantan province) from 2001 

to 2016 as the response variable (Y) with explanatory variables for harvest area in hectare (X1), rainfall in mm 

(X2), and the population in thousand/souls (X3). Data obtained from Projections of Indonesian Population Per 

Province by 2000-2010 Age and Gender Group (based on Population Census 2000) and Projections of 

Indonesian Population Per Province by 2010-2035 Age and Gender Group (based on the 2010 Population 

Census) [2], [3], and [4].] 

II. LITERATURE REVIEW 

Spatial data mining is a field of research that deals with identifying spatial patterns which are drawn from the 

saved data in a spatial database and Geographic Information Systems (GIS). Lavrac et al. have discussed the 

analysis of temporal-spatial data on traffic accidents and other GIS data in Slovenia, allowing the construction 

of spatial attributes and the creation of spatial databases [5]. 

Gujarati [6] suggests that the linear relationship between several explanatory variables and a response 

variable can be analyzed using multiple linear regression. One of the assumptions that must be fulfilled is the 

homogeneity of the variety that exists in spatial data. This assumption is difficult to obtain because there are 

differences in characteristics between one region and another that this results in the occurrence of spatial 

diversity where the measurement of relationships between variables varies from one location to another [7]. One 

way that can be done to overcome this spatial diversity is by using Geographically Weighted Regression 

(GWR). This regression is the development of global regression modeling through the addition of weighting in 

the form of distance between observation locations. The regression coefficient on the GWR model is assumed to 

vary spatially so that for each location point studied the interpretation is different [7]. In its application, 
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sometimes it takes several parameters that are constant in each location or called global parameters. GWR with 

parameters that have spatial diversity (local parameters) and parameters that have constant value (global 

parameters) at each location is called Mixed GWR or Semiparametric GWR [7], [8], [9], [11]. Fotheringham et 

al. [7] state that modeling that combines local parameters and global parameters is referred to as Mixed GWR. 

The model uses parametric methods for estimating global parameters and nonparametric methods for estimating 

local parameters. It is more suitable to be as called Semiparametric GWR [9], [10].  

GWR models only accommodate location influences without including the effect of observation time [11]. In 

order to obtain more accurate parameter estimates, Fotheringham et al. [12] added the time element in the GWR 

model to the Geographically and Temporally Weighted Regression (GTWR) method. Estimation of regression 

coefficients is done using the weighted least squares method. This method produces models that are local to 

each location and time and are more representative [11]. 

Geographically and Temporally Weighted Regression (GTWR) 

The GTWR models is the development of the GWR model to deal with a diversity of spatial and temporal 

data simultaneously [13], [15], [17]. The weighting matrix is a combination of spatial and temporal information 

in identifying spatial and temporal diversity. The model is: 

𝒚𝑖 = 𝛽
0
(𝑢𝑖, 𝑣𝑖, 𝑡𝑖)+ ∑ 𝜷

𝑘
(𝑢𝑖, 𝑣𝑖, 𝑡𝑖)𝒙𝑖𝑘

𝑝

𝑘=1  + 𝜀𝑖 

𝑖 = 1, 2, 3, …, 𝑛; 𝑘 = 1, 2, …, 𝑝. 

(1) 

Information: 

𝑦𝑖 : The value of the observed response variable at the observation location (𝑢𝑖 , 𝑣𝑖) and time 𝑡𝑖. 

𝛽0(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) : Intercept at the location of observation and 𝑖th time. 

𝜷𝑘(𝑢𝑖, 𝑣𝑖 , 𝑡𝑖) : Regression coefficient in 𝑘th explanatory variable at observation location (𝑢𝑖, 𝑣𝑖) and time 𝑡𝑖 . 

𝒙𝑖𝑘 : Observation value of the 𝑘th explanatory variable at the observation location (𝑢𝑖 , 𝑣𝑖) and time 𝑡𝑖 

𝜀𝑖 : 𝑖th observation error, assumed to be identical, independent, and ~𝑁(0, 𝜎2). 

The coefficient 𝜷𝑘(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) for each 𝑘 variable at the 𝑖th point is obtained by using the weighted least squares 

method by giving different weights for each location and time. The estimated coefficient is: 

𝜷 ̂(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖)=[𝐗′𝐖(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖)𝐗]
−1𝑿′𝑾(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖)𝒚 (2) 

𝑾(𝑢𝑖, 𝑣𝑖 , 𝑡𝑖)= 𝑑𝑖𝑎𝑔(𝑤𝑖1, 2,..,) (3) 

 𝑾(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) is the weighting matrix at observation (𝑢𝑖,) and 𝑡𝑖th time. 

The function of spatial-temporal distance is a combination of spatial distance functions and temporal distance 

functions, namely: 

(𝑑𝑖𝑗
𝑆 )

2
 = (𝑢𝑖 − 𝑣𝑖)

2 + (𝑢𝑗 − 𝑣𝑗)
2 (4) 

(𝑑𝑖𝑗
𝑇 )

2
 = (𝑡𝑖 − 𝑡𝑖)

2 (5) 
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(𝑑𝑖𝑗
𝑆𝑇)

2
 = 𝜑𝑆[(𝑢𝑖 − 𝑣𝑖)

2 + (𝑢𝑗 − 𝑣𝑗)
2] + 𝜑𝑇(𝑡𝑖 − 𝑡𝑖)

2 (6) 

𝜑𝑆 and 𝜑𝑇 are balancing parameters for the effect of unit differences between location and time on 

measurements of temporal spatial distance [10], [14], [15]. 

wij = exp(−(
𝜑𝑆[(𝑢𝑖−𝑣𝑖)

2 + (𝑢𝑗−𝑣𝑗)
2] + 𝜑𝑇(𝑡𝑖−𝑡𝑖)

2

ℎ𝑆𝑇
2 )) (7) 

if ℎ𝑆
2 = 

ℎ𝑆𝑇
2

𝜑𝑆  dan ℎ𝑇
2  = 

ℎ𝑆𝑇
2

𝜑𝑇 , then: 

wij = exp(−(
((𝑢𝑖−𝑣𝑖)

2 + (𝑢𝑗−𝑣𝑗)
2)

ℎ𝑆
2 +

(𝑡𝑖−𝑡𝑖)
2

ℎ𝑇
2 )) 

= exp(−
(𝑑𝑖𝑗

𝑆 )
2

ℎ𝑆
2 −

(𝑑𝑖𝑗
𝑇 )

2

ℎ𝑇
2 ) 

= exp(−
(𝑑𝑖𝑗

𝑆 )
2

ℎ𝑆
2 ) x exp(−

(𝑑𝑖𝑗
𝑇 )

2

ℎ𝑇
2 ) 

= 𝑤𝑖𝑗
𝑆

 x 𝑤𝑖𝑗
𝑇                    (8) 

with 𝑤𝑖𝑗
𝑆  = exp(−

(𝑑𝑖𝑗
𝑆 )

2

ℎ𝑆
2 ), 𝑤𝑖𝑗

𝑇  = exp(−
(𝑑𝑖𝑗

𝑇 )
2

ℎ𝑇
2 ) 

ℎ𝑆 : Width of the spatial distance window. 

ℎ𝑇 : Width of temporal distance window. 

ℎ𝑆𝑇 : Width of the spatial-temporal distance window. 

𝜏 = 
𝜑𝑇

𝜑𝑆 , 𝜑𝑆 0 then:  

(𝑑𝑖𝑗
𝑆𝑇)

2

𝜑𝑆  = (𝑢𝑖 − 𝑣𝑖)
2 + (𝑢𝑗 − 𝑣𝑗)

2 + 𝜏(𝑡𝑖 − 𝑡𝑖)
2 (9) 

τ is a parameter to increase or decrease the ratio of the temporal distance to the spatial distance obtained from 

the minimum CV by giving the initial value τ: 

CV(𝜏) = ∑ (𝑦𝑖 − �̂�≠𝑖(𝜏))
2𝑛

𝑖=1  (10) 

by using the iterative method, estimator 𝜑𝑇and 𝜑𝑆 will be obtained. 

Furthermore, it is necessary to check whether the estimator of GTWR parameters is a global variable or local 

variable by calculating the percentage of estimators of GTWR parameters that enter the global parameter 

Confidence Interval (CI) [16]: 

CI = 𝑏𝑖  ± 𝑡𝛼
2
,𝑛−𝑝.𝑆𝑏𝑖, i = 1,2, p (11) 

if more than 50%, then the related estimator can be used as a global variable and if it is less than 50%, it 

becomes a local variable [17]. 
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Method 

The data used is the amount of rice production (tons) in 33 provinces of Indonesia (without North Kalimantan 

province) from 2001 to 2016 as the response variable (Y) with an explanatory variable of harvest area in hectare 

(X1), rainfall in mm (X2) , and the population in thousand/souls (X3). 

Tools 

Data processed using Software R versi 3.4.4 (2018-03-15), Copyright (C) 2018 The R Foundation for 

Statistical Computing, Platform: x86_64-w64-mingw32/x64 (64-bit) [18]. 

Steps of the Study 

The steps taken in this study are: 

1. Explore data on the amount of rice production 

2. Explore the meaningfulness of explanatory variables 

3. Check the diversity of time and spatial diversity 

4. Make GTWR modeling  

4.1.  Determine the Parameters of the Temporal-spatial Ratio 

4.1.1. Determine the best spatial weighting function 

4.1.2. Calculate the weighting 

4.1.3. Calculate 𝜷 ̂(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) 

4.1.4. Calculate �̂�≠𝑖 = 𝒙𝑖
′ 𝜷 ̂(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) using the value of 𝜏 without including the ith result location. 

4.1.5. Minimize cross validation values based on τ. 

4.2.  Determine Spatial Parameters (𝜑𝑆) and Temporal Parameters (𝜑𝑇) 

4.2.1. Determine spatial-temporal weighting functions 

4.2.2. Calculate the weighting 𝑾(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) 

1.1.1. Calculate 𝜷 ̂(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) 

1.1.2. Calculate �̂�≠𝑖(ℎ𝑠𝑇) = 𝒙𝑖
′ 𝜷 ̂(𝑢𝑖, 𝑣𝑖 , 𝑡𝑖) using the value of 𝜏 without including the ith result location. 

1.1.3. Minimize cross validation values based on 𝜑𝑆. 

5. Suspect GTWR model parameters 

6. Test GTWR model parameters 

7. Make a confidence interval for global variable parameters 

8. Check the type of variable whether it is global or local 

9. Make a conclusion. 
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III. RESULT AND DISCUSSION 

A. Data Exploration 

Figure 1 shows the distribution of rice production from 2001 to 2016 found in 33 provinces in Indonesia, 

which are divided into 5 class intervals as follows: 

- Interval 1: [smallest data – P20). 

- Interval 2: [P20 – P40). 

- Interval 3: [P40 – P60). 

- Interval 4: [P60 – P80). 

- Interval 5: [P80  - maximum value]. 
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Fig. 1. Distribution map of total rice production in Indonesia from 2001 to 2016. 

Based on Figure 1, it can be seen that the amount of rice production in the provinces in Indonesia from 2001 

to 2016 tends to be stable, and there are also those that experience fluctuations. In general, based on grouping 

with the five percentile method, each province shows a tendency to remain in its group (but the number of 

production changes). 
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The provinces with stable rice production are Aceh, West Sumatra, North Sumatra, Bangka Belitung Islands, 

Riau Islands, West Kalimantan, East Kalimantan, West Java, Central Java, East Java, Bali, East Nusa Tenggara, 

Maluku, North Maluku, Papua, and West Papua. Whereas provinces with rice production that experienced 

fluctuations included South Sumatra, Lampung, Riau, Jambi, Bangka Belitung, Banten, DKI Jakarta, DIY 

Yogyakarta, South Kalimantan, Central Kalimantan, West Nusa Tenggara, North Sulawesi, Gorontalo, West 

Sulawesi, Central Sulawesi, South Sulawesi, and Southeast Sulawesi. 

The provinces with the largest production quantities are West Java, East Java, Central Java, South Sulawesi, 

North Sumatra, Lampung, South Sumatra, West Sumatra, West Nusa Tenggara, Banten, South Kalimantan, and 

Aceh. Provinces with moderate number of production are: West Kalimantan, Bali, DI Yogyakarta, Jambi, 

Central Sulawesi, East Nusa Tenggara, Riau, Bengkulu, East Kalimantan, Central Kalimantan, and North 

Sulawesi, while those with low production are provinces: Gorontalo, Papua, Maluku, DKI Jakarta, Bangka 

Belitung Islands, Riau Islands, North Maluku, West Papua, and West Sulawesi. 

Overall, from 2001 to 2016, adjacent provinces tended to form a group which had the same amount of rice 

production. Provinces on Java Island: West Java, Central Java, and East Java have the same amount of rice 

production in the same time span. From 2001 to 2016 these three provinces produced the highest rice production 

compared to other provinces. In addition, the provinces on the islands of Maluku and Papua, namely in the 

provinces of Maluku, West Maluku, Papua, and West Papua also have the same amount of rice production. The 

difference is that from 2001 to 2016, these four provinces always produced the lowest rice production compared 

to other provinces. 

Based on the distribution described above, rice production in several provinces in Indonesia from 2001 to 

2016 has diversity due to the influence of time and location. Its indicated by an increase and decrease in the 

number of production in several provinces, which indicates the diversity between time and location in the data. 

Therefore, the use of GTWR modeling can be used to model the amount of rice production in Indonesia from 

2001 to 2016. 

B. Exploration of Variable Meaningfulness 

The output from the Ordinary Least Square (OLS) method is shown in Table 1: 

Table 1. Outputs from the OLS method 

Variable Estimate Std. Error t-value Pr(>|t|) 

Intercept -2.244e+05 3.671e+04 -6.114 1.9e-09 *** 

X1 4.471e+00 8.509 e-02 52.544 < 2e-16 *** 

X2 -1.578 e+01 1.527e+01 -1.033 0.302 

X3 5.995e+01 4.353e+00 13.773 <2e-16 *** 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Residual standard error: 329900 on 524 degrees of freedom 

Multiple R-squared:  0.987, Adjusted R-squared:  0.987 

The output shows that the p-value for the simultaneous test of 2.2 x 10-16 means that variables X1, X2, and 

X3 together affect Y (the corresponding model).  
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If partial testing is done using  = 5%, it is obtained that: 

1. The probability value for X1 is 2 x 10-16 <α, the variable of harvest area influences the amount of rice 

production (X1 has a significant effect). 

2. The probability value for X2 is 0.302> α, the rainfall variable has no effect on the amount of rice production 

(X2 has no significant effect). X2 is still used for further analysis because of the limitations of the 

explanatory variables. 

3. The probability value for X3 is 2 x 10-16 <α, the population influences the amount of rice production (X3 

has a significant effect). 

The adjusted R2 value of 0.987 means that 98.7% of the diversity of the amount of rice production is 

influenced by harvest area, rainfall, and population, the remaining 1.3% is influenced by other variables not 

explained by the model. The main requirement for analysis using GTWR is diversity due to the influence of 

time and diversity due to the spatial influence that the test can use the Pagan Breusch Test.  

C. Examination of Time Diversity and Spatial Diversity 

The Zero Hypothesis for testing diversity caused by the influence of time is that there is no diversity due to 

the influence of time. This hypothesis was tested using the Lagrange Multiplier Test - time effects (Breusch-

Pagan). The result is the value of chisq = 111.81, df = 1, p-value <2.2 x 10-16. Based on the results of this 

output, it was found that the value of p-value BP for the time effect test was 2.2 x 10-16 <0.05 [19] meaning that 

in the data the amount of Indonesian rice production was varied due to the influence of time. The Zero 

Hypothesis for testing diversity caused by spatial influences is that there is no diversity due to spatial influence. 

This hypothesis was tested using the Lagrange Multiplier Test - spatial effects (Breusch-Pagan). The result is the 

BP value = 147.15, df = 3, p-value <2.2 x 10-16. Based on these results, it was obtained that the BP p-value 

value for the spatial influence tests of 2.2 x 10-16 <0.05 means that there are variations in the data on 

Indonesia's rice production due to spatial influences. 

Inequality in terms of both time and spatial variability is thought to be due to differences in the characteristics 

of each year from 2001 to 2016 and the diversity of differences in the characteristics of provinces spread across 

33 provinces. Therefore, the right GTWR is applied to model the amount of rice production to overcome the 

problems of time and spatial diversity that occur. 

D. GTWR Modeling 

GTWR modeling is done by using the best kernel function selected based on the smallest Cross Validation 

(CV) value (Table 2). 

Table 2. Comparison of Kernel Function Performance. 

Kernel CV GWR GWR Window Width CV GTWR GTWR Window Width 

Exponential 1.857x1013 0.1167 1.116𝑥1013 2.097 

Bisquare 5.617𝑥1013 15.8456 1.522𝑥1014 0.008 

Gaussian 1.854𝒙𝟏𝟎𝟏𝟑 0.2298 1.020𝒙𝟏𝟎𝟏𝟑 2.535 

Tricube 6.006𝑥1013 25.5549 1.854𝑥1014 0.009 
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Weighting in GTWR modeling is formed based on the Euclidean distance matrix using the best Kernel 

functions. In making a distance matrix, a balancing parameter is needed to overcome the unit difference between 

spatial distance and temporal distance. Balancing parameters are spatial distance parameters (φs), temporal 

distance parameters (φT), and optimum ratio parameters (τ) are calculated based on the smallest cross-validation 

values (Table 3). 

Table 3. Balancing parameters. 

ℎ𝑠 ℎ𝑠𝑇 𝜑𝑠 𝜑𝑇 𝜏 

0.229 2.535 7.270 5.704 0.784 

E. Estimation of GTWR Model Parameters 

Modeling using GTWR produces models for each province and every year. In this study, 33 locations were 

obtained x 16 years = 528 models, meaning that each province will have 16 models from 2001 to 2016. In 

general, the estimated effect of harvested area (β̂1) produced is positive. This shows that if the harvest area 

increases, the amount of rice production will also increase. The resulting β̂1 value ranges from -5,046 to 16,077 

with a range of 2,854. The lowest β̂1 value is owned by North Sulawesi in 2006, and the highest is also owned 

by North Sulawesi in 2008. The description of the estimator for variable X1 can be seen in Table 4. 

Table 4. Estimator Description X1. 

Year Minimum Maximum Quartile 1 Quartile 2 Quartile 3 Variety 

2001 0.304 6.382 2.918 4.088 4.920 1.915 

2002 0.256 6.345 2.952 4.173 4.819 1.833 

2003 0.394 6.070 3.318 4.057 4.819 1.621 

2004 0.223 6.104 3.309 3.978 4.759 1.518 

2005 -3.622 6.183 3.345 4.002 4.811 3.263 

2006 -5.047 6.253 3.340 4.189 4.947 4.315 

2007 -0.044 8.407 3.848 4.705 5.525 2.364 

2008 0.724 16.078 3.766 4.902 6.162 5.940 

2009 1.216 12.498 3.841 4.823 5.627 3.281 

2010 0.981 8.048 3.787 4.741 5.499 1.636 

2011 0.838 10.485 4.138 4.648 5.456 2.400 

2012 0.761 8.976 4.070 4.672 5.540 2.102 

2013 0.245 6.193 4.112 4.783 5.571 1.838 

2014 0.140 7.319 4.060 4.954 5.623 2.433 

2015 0.355 9.601 4.110 5.107 5.758 3.379 

2016 0.298 12.016 4.135 5.232 5.622 4.082 

The estimated effect of rainfall (β̂2) results in a higher value than the expected effect of harvest area (β̂1). 

More provinces have β̂2 which are positive than those with negative values. This difference is thought to be 

caused by the correlation of rainfall and harvest area, which tends to be small. The estimated value of β̂2 
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produced ranges from -267.380 to 173,722 with a range of 3,274,394. The lowest β̂2 value is owned by East 

Java in 2012, and the highest is owned by East Kalimantan in 2016. The description of the estimator for variable 

X2 is in Table 5. 

Table 5. Estimator Description X2 

Year Minimum Maximum Quartile 1 Quartile 2 Quartile 3 Variety 

2001 -189.949 67.693 -60.723 -18.549 8.304 4,337.876 

2002 -196.694 54.313 -60.888 -8.827 9.020 4,028.259 

2003 -158.737 34.291 -46.841 -7.403 1.685 2,897.854 

2004 -136.162 19.902 -59.263 -12.244 -0.943 1,855.145 

2005 -134.541 31.054 -40.001 -6.694 0.493 1,568.615 

2006 -142.191 34.945 -27.802 -2.102 4.598 1,557.154 

2007 -150.002 46.683 -15.389 0.620 20.803 2,267.914 

2008 -173.027 64.920 -50.440 -8.077 10.309 3,095.781 

2009 -177.571 33.093 -67.444 -14.713 0.236 3,505.971 

2010 -189.468 37.989 -58.323 -21.729 -0.510 3,409.923 

2011 -264.130 42.312 -56.618 -21.658 2.437 4,460.094 

2012 -267.380 48.214 -63.393 -12.048 19.160 4,560.590 

2014 -140.965 36.122 -77.081 -29.107 0.487 2,467.036 

2016 -180.494 173.835 -36.452 -4.215 32.255 5,578.006 

The estimated effect of the population (β̂3) also results in a higher value than the estimated effect of harvest 

area (β̂1). However, the sign of coefficients produced by β̂2 varies for each province. More provinces have more 

positive β̂2 value than those with negative values. The estimated β̂3 produced ranges from -579,908 to 477,687 

with a range of 9,589,101. The lowest β̂3 value is owned by North Sulawesi in 2008, and the highest is also 

owned by North Sulawesi in 2006. The description of the estimator for variable X3 can be seen in Table 6.   

Table 6. Estimator Description X3. 

Year Minimum Maximum Quartile 1 Quartile 2 Quartile 3 Variety 

2001 -205.76 248.0186 -50.9533 15.21355 76.14157 10746.57 

2002 -193.19 248.4145 -48.9662 6.895766 90.7195 9967.841 

2003 -142.169 239.5795 -45.4174 6.262128 69.07395 8389.147 

2004 -133.975 246.2518 -43.4343 24.57075 63.31778 7213.562 

2005 -133.399 387.8257 -47.9336 7.897206 86.85761 11328.95 

2006 -134.478 477.6865 -68.0492 6.060469 55.87026 14636.41 

2007 -152.122 262.2826 -65.0173 -6.44227 31.2051 8238.49 

2008 -579.908 237.5655 -61.9017 -14.4257 40.18901 17361.85 

2009 -430.733 227.2222 -44.8607 -0.53379 44.81302 11709.59 
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Year Minimum Maximum Quartile 1 Quartile 2 Quartile 3 Variety 

2010 -117.969 246.2217 -37.9954 8.098586 36.50459 6342.843 

2011 -229.165 257.2579 -32.3641 9.372927 33.45003 8095.621 

2012 -147.133 266.1469 -31.1291 15.14281 43.08133 8147.635 

2013 -134.997 294.6599 -22.9828 9.206737 47.83479 8055.523 

2014 -128.082 304.324 -18.89 22.45787 40.46065 7868.063 

2015 -95.3531 305.7899 -28.8612 5.981561 40.80199 8165.931 

2016 -114.589 320.2216 -23.6395 11.33178 50.15854 8162.987 

F. Determination of Global and Local Parameters 

 Table 7 shows the confidence interval of the GTWR estimated parameters. 

Table 7. Reliability interval of GTWR predicted parameters 

Variable Interval of confidence in global parameters Percentage of estimators of GTWR parameters in the confidence interval (%) 

X1 4.292 < 𝛽1 < 4.622 7.765152 

X3 52.136 < 𝛽3 < 69.059 5.303030 

Based on Table 7, it can be seen that variables X1 and X3 have a percentage value in the confidence interval 

of the estimated parameters GTWR is less than 50%, so the two variables can be used as local parameters. 

G. GTWR Model Parameters Testing 

The testing of the GTWR model is done to find out explanatory variables that influence the response variable 

for each time and each location. Most regions have different influential factors. This difference is caused by 

each district/city having different characteristics, both in terms of geography, education, and government. The 

difference in influencing factors allows each location to make its own policies that correspond with the 

conditions and needs in their respective regions in order to increase the amount of rice production in each 

province. 

If the studied locations are grouped based on the influential variables, then there are six groups formed. The 

grouping map is shown in Figure 6. 
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Information:    

 Group 1 (not affected by harvest area, rainfall, and population) 

 Group 2 (influenced by harvest area) 

 Group 3 (influenced by rainfall) 

 Group 4 (influenced by population) 

 Group 5 (influenced by harvest area and population) 

 Group 6 (influenced by harvest area, rainfall, and population) 

Fig. 6. Map of grouping the amount of rice production in Indonesia from 2001 to 2016 based on the influential variables. 

Based on Figure 6, there is a change and diversity of influential factors for each year. In general, eastern 

Indonesia such as West Papua, Papua, Maluku, North, Maluku, and North Sulawesi provinces are in group 1. 

That is, the amount of rice production in the area is not influenced by harvest area (X1), rainfall (X2) and 

population (X3). 

The spread of factors that affect the amount of rice production in Kalimantan Island tends to be stable. The 

provinces on the island are in groups 2, 4, and 6. This indicates that the amount of rice production in the area is 

only affected by rainfall (X2), some are influenced by harvest area (X1) and population (X3), and some are 

influenced by harvest area (X1), rainfall (X2), and population (X3). However, from 2005 to 2007, there were 

South Kalimantan provinces that rice production was influenced by the population (X3). 

The spread of factors that affect the amount of rice production on Sulawesi Island tends to change and vary 

for each year. Generally, the provinces on the island are affected by harvest area (X1), and some are influenced 

by harvest area (X1) and population (X3). In Java and Sumatra, some rice production is only affected by harvest 

area (X1), some are influenced by harvest area (X1) and population (X3), and there is also influenced by harvest 

area (X1), rainfall (X2), and population (X3). But since 2013, the amount of rice production on Sumatra Island 

has tended only to be influenced by the area of harvest (X1). 

If a frequency is made for each year, it can be seen that there are changes and diversity of group members. In 

general, the provinces in Indonesia are grouped in groups 1, 2, 5 and 6. There are only 1 and or 2 provinces that 

join in group 4. They are the provinces of North Sulawesi and West Kalimantan (Table 8). 
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Table 8. Frequency of Members of Each Group 

Year Group 1 Group 2 Group 3 Group 4 Group 5 Group 6 

2001 5 9 0 1 9 9 

2002 5 7 0 1 11 9 

2003 5 9 0 1 10 8 

2004 5 9 0 1 9 9 

2005 4 10 0 2 10 7 

2006 5 10 0 1 11 6 

2007 4 9 1 1 12 6 

2008 4 9 0 1 11 8 

2009 4 11 0 1 7 10 

2010 5 12 0 1 5 10 

2011 6 10 0 1 6 10 

2013 5 9 0 1 9 9 

2015 5 16 0 1 3 8 

2016 5 15 0 1 4 8 

H. Goodness Comparison of the Model 

Based on the four criteria of goodness of the model such as Root Mean Square Error (RMSE), Mean Absolute 

Error (MAE), Median Absolute Error (MAD) and R2 value it was obtained that the GTWR model produced a 

better model than OLS modeling. This is explained by the smaller RMSE, MAE and MAD values and greater 

R2 values. The summarized results are in Table 9.  

Table 9. Comparison Result of Model Goodness Criteria. 

Model RMSE MAE MAD R  
2 (%) 

OLS 328,644.2 242,155.90 216,255.79 98.70 

GTWR 74,455.15 39,671.47 39,671.47 99.93 

R2 GTWR value is higher than 1.23% compared to the value of R2 on OLS, which is 99.93%. This means 

that 99.93% of the diversity of rice production in Indonesia is influenced by the diversity of harvest area, 

rainfall, and population. Meanwhile, the remaining 0.07% is influenced by other variables not explained by the 

model. In addition, the values of RMSE, MAE, and MAD produced by GTWR are smaller than those produced 

in OLS modeling. This indicates that the estimated value generated by GTWR modeling is closer to the actual 

value than the estimated value generated by OLS modeling. 

IV. CONCLUSIONS 

Based on the description that has been stated, the conclusion that can be drawn is that GTWR modeling is 

better than OLS modeling in modeling the amount of rice production in 33 provinces in Indonesia in the period 

2001 to 2016 because the GTWR method has an RMSE value = 74,455.15, MAE = 39,671.47, MAD = 

39,671.47 and R2 = 99.93. This result is better than OLS method which has RMSE value = 328,644.2, MAE = 
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242,155.90, MAD = 216,255.79 and R2 = 98.70. GTWR modeling produces 528 models so that it is more 

representative for each province. In GTRW model, the harvest area variable (X1) and population (X3) are 

considered as local parameters. Further result based on the variables that affect the amount of rice production, 

there are six groups locations based on the influential variables. These locations are the ones that are not 

influenced by harvest area (X1), rainfall (X2), and population (X3); only influenced by harvest area (X1); only 

influenced by rainfall (X2); only influenced by population (X3); influenced by harvest area (X1) and population 

(X3); and influenced by harvest area (X1), rainfall (X2), and population (X3). 
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