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Crop production rate relies on rainfall over Rejang Lebong district. Data 
showed a discrepancy between increased crop production and rainfall 
in Rejang Lebong District. However, the spatiotemporal distribution of 
the crop variable's dependencies remains unclear. This study analyses 
the relationship between rainfall and crop production rate in the Rejang 
Lebong district based on the performance of the machine learning 
method. In addition, this research also performed regression analysis to 
carry out rainfall clusters and crop production. This order provides 
information in the form of cluster results to determine how much the 
rainfall variable influences the crop production rate  in each cluster. 
Harnessing the Elbow, CLARANS, Simple Linear Regression, and 
Silhouette Coefficient methods, this study used 231 rainfall data sourced 
from the Bengkulu BMKG and 110 data for plant production obtained 
from BPS Bengkulu Province from 2000-2022. This research found that 
the optimal clusters were 3 clusters. C1 contains 106 data with the 
largest regression value for chili = 0.127, C2 contains 15 data with the 
largest regression value for mustard greens = 0.135, and C3 contains 110 
data with the largest regression value for cabbage = 0.408, eggplant = 
0.197, and carrots = 0.201. Furthermore, this research also found that 
the biggest correlation of crops with highly significant improvement 
would be cabbage commodity (Y=0.4114X+0.2013) and chili plantation 
with high RSME (0.9897). 
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1. INTRODUCTION 

Indonesia is part of the tropics with high rainfall intensity. This is due to differences in latitude, 
pseudo-motion of the sun, geographical location, topography, and the interaction of various kinds of air 
circulation, local, regional, and global [1], [2]. This will have a negative effect on various sectors such as 
agriculture, fisheries, tourism, and transportation. In agriculture, rainfall as one of the components of 
the climate plays an important role as a geographical and topographical source of water, greatly affecting 
the variation of rainfall spatially and temporally [3]–[6]. One of the potential agricultural areas in the 
Bengkulu region is Rejang Lebong Regency (BPDLD, 2007). The main commodities in the agricultural 
sector of vegetable crops in Rejang Lebong Regency are cabbage, eggplant, carrots, mustard greens, and 
large chilies. Based on data published by the Central Statistics Agency of Bengkulu city in 2019, Rejang 
Lebong was ranked first as a vegetable crop producing district in Bengkulu province[7]. The number of 
productions in these 5 plants is ranked in the top five in the annual production of vegetable crops in 
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Rejang Lebong Regency by BPS Bengkulu Province data in 2019. Rainfall affects the process of growth 
and crop production. Data showed that the production of cabbage plants reached 650,202 tons, eggplant 
production of 501,400 tons, carrot production of 352,082 tons, mustard plant production of 287,930 
tons, and large chili plant production of 276,025 tons (BPS, 2019). Traditional schemes have shown the 
number before integrating technology that may improve the number of productions. Crop production 
relies on the value of rainfall. Accurate rainfall predictions [8]–[10] can help farmers make informed 
decisions about their crop management, leading to higher yields and better-quality produce. Rainfall 
produces water that is beneficial to plants, where water is where chemical processes and reactions take 
place. This impacts soil moisture conditions, so the soil can easily absorb water and reduce 
evaporation[11]–[13]. Predicting rainfall can be a crucial factor in improving crop production. With 
accurate predictions, farmers can plan their planting and harvesting schedules accordingly, saving 
resources and maximizing yields. Data Mining is a large-scale data processing method that aims to obtain 
information from data sets and transform that information into new information structures that can be 
easily understood[14]–[16]. Data mining can be a valuable tool for improving crop production by 
analyzing rainfall patterns and identifying trends. By analyzing historical rainfall data [17], farmers can 
identify patterns in rainfall, such as how much rain falls during a particular season or how often it rains 
in a given region. This information can help farmers plan their planting schedules, as well as their 
irrigation and fertilizer applications. Furthermore, farmers can accurately predict future rainfall 
patterns using advanced data mining techniques. This can help them plan their crops and irrigation 
systems accordingly, ensuring their crops get the water they need to grow. 

Clustering is one of the data mining methods that is unsupervised. Clustering can group similar 
rainfall patterns, allowing farmers to identify regions or seasons that experience similar weather 
conditions [18], [19]. This information can be used to plan planting schedules, optimize irrigation 
systems, and develop pest control strategies. Clustering can also identify unusual weather patterns, such 
as extended periods of drought or unusually heavy rainfall. By detecting these patterns early, farmers 
can take appropriate action to protect their crops and minimize losses. This research was conducted in 
three stages, the cluster pre-analysis stage; the cluster analysis stage; and the cluster validation stage. 
At the pre-analysis stage of the cluster using the elbow method[20]–[22]. The next stage is cluster 
analysis using the CLARANS method[23]–[25]. Moreover, for the cluster validation stage using the 
Silhouette Coefficient method[26]–[29]. The results of the previous cluster process will be used as a 
regression [30]–[32] value search variable between plants and their rainfall clusters. From the problems 
found above, it is necessary to conduct a regression analysis as well as rainfall clusters and crop 
production to provide information in the form of cluster results and find out how much influence the 
rainfall variable has on the crop production rate in each cluster. Clustering crop production and rainfall 
is a common research topic in agricultural and environmental sciences. This research aims to 
understand the relationship between rainfall patterns and crop production rate and identify clusters of 
crop production based on rainfall patterns. This information can inform crop management strategies, 
improve agricultural productivity, and mitigate the effects of climate change. Several studies have been 
conducted to explore the relationship between crop production and rainfall patterns using clustering 
analysis [33]. The results showed that rainfall patterns and maize yields varied across different regions 
and that clustering analysis effectively identified patterns in the data. The study found that clustering 
analysis effectively identified distinct zones with similar rainfall patterns and crop production 
characteristics [5]. The information from this analysis can be used to develop crop management 
strategies tailored to specific regions, resulting in improved agricultural productivity and resilience. The 
results showed that clustering analysis effectively identified crop production clusters related to specific 
rainfall and soil characteristics. The information gained from this analysis can improve crop 
management strategies, enhance soil health, and increase regional agricultural productivity. This paper 
showed a new approach to use regression over clusters made by the model to see how the rainfall 
contributes to accelerating crop production over the Rejang Lebong regency. 

 
2. METHOD 

2.1. Data Collection 

The data used in this study is rainfall data that occurred in Rejang Lebong Regency for 21 years 
(2000-2020) obtained from the Meteorological Climatology Agency, and Geophysics (BMKG) of the One-
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Stop Integrated Service in Bengkulu. And for data on the production of 5 plants in Rejang Lebong 
Regency obtained from the Central Statistics Agency (BPS) of Bengkulu City. The data used in clustering 
are year, rainfall height, latitude, longitude, and number of cabbage, mustard, eggplant, chili, carrot 
productions. At the Data Preparation stage, the author will prepare the data for the model training 
process. This stage consists of normalizing the data and analyzing the data that has been obtained [34]–
[36]. The process at the data preparation stage is by normalizing the data for both rainfall and crop 
production data. The process includes determining the minimum and maximum values of all data, 
entering values/data for that year, and then subtracting the minimum value. To subtract the maximum 
value from the minimum value, and to divide the value found in the second step by the third step, then 
the normalized value is found. 

 
2.2. Location 

Rejang Lebong Regency is located at position 102° 19'39; East Longitude to 102° 57'39; Longitude 
East and 2° 22'39; 07''; South Latitude to 3° 31'39’’; South Latitude is bordered by South Sumatra 
Province in the North and East, with Kepahiang Regency in the South, with Lebong Regency in the North, 
and with North Bengkulu Regency in the West. The area of Rejang Lebong Regency is around 151,576 
ha which is located at an altitude of less than 100 meters to more than 1000 meters [37], [38]. Areas that 
have elevations of less than 100 meters above sea level are 2,250 hectares (1.48%), which have altitudes 
between 100 - 1000 meters above sea level, covering an area of 112,669 hectares (74.33%). The rest 
have elevations above 1000 meters.  

 
Figure 1. CLARANS method flowchart 

 
CLARANS has two main parameters, max neighbor and num local. The flow of CLARANS can be seen 

in Figure 1. Maxneighbor is the maximum number of neighbor nodes examined from a selected node, 
while num local is the local minimum number which determines how many times a node is checked or 
how many iterations are performed. The max neighbor value used is 𝑝% 𝑥 𝑘 (𝑛 − 𝑘) and the num local 
value used is 2. According to both, the value is between 1.25 and 1.5 where k represents the number of 
clusters formed, and n represents the number of objects in the data set. These values are chosen to 
balance runtime (operation time) and the quality of the clusters formed. Suppose there are n objects 
with p variables in a data set D. Then k clusters (k < n) will be formed, where the value of k is given to 
calculate the Euclidean distance. This research also calculates the regression that can improve crop 
production over Rejang Lebong area. Simple Linear Regression is a statistical method that tests the 
extent of a causal relationship between the Causal Factor Variable (X) and the Consequent Variable. This 
formula is used to estimate a study with one independent variable (Variable X) and one dependent 
variable (Variable Y), which is used to determine whether there is an effect of Variable X on Variable Y. 

After analyzing using a simple linear regression formula, the next step is to test the hypothesis. This 
aims to see whether a proposed hypothesis is rejected or accepted. If the results of the null hypothesis 
test (Ho) are rejected, then the working hypothesis (Ha) is accepted, and vice versa. Hypothesis testing 
in this study was carried out by means of Test f. The t test serves to test how far the influence of variable 
X individually (partially) on variable Y is in a study. The way to test the hypothesis by means of the f test 
is to compare the calculated f value and the f table value, with the provision that if f count> f table, then 
there is an influence of variable X on variable Y, which means that the Working Hypothesis (Ha) is 
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accepted, and the Null Hypothesis (Ho) rejected. The way to test the hypothesis by means of the f test is 
to compare the calculated f value to the f table value. 

 
3. RESULT AND DISCUSSION 

The research used the Cross Industry Standard Process Model for Data Mining (CRISP-DM) 
method. Consist of several stages, one of them is the Business Understanding stage, explaining object 
knowledge, the process of building and obtaining data, and research objectives[39]. The purpose of this 
data processing is to determine the results of the regression analysis of rainfall and crop production data 
clusters with the attributes of year, rainfall height, latitude, longitude, cabbage production amount, 
mustard production amount, eggplant production amount, chili production amount, and carrot 
production amount. The results of the previous cluster process will be used as a regression value search 
variable between plants and their cluster's rainfall. This regression value will later be used to analyze 
the influence or relationship between rainfall and crop production (cabbage, mustard greens, chilies, 
eggplant, and carrots) to obtain information in the form of the best relationship between bulk variables 
and plant variables according to the clusters range [40]–[42]. The Data Understanding stage will gained 
information related to the data used in the research. The modeling stage describes the data process using 
data mining algorithms to be applied. At the modeling stage, the author uses two methods: (a) Elbow 
Method, a method to determine the optimal number of clusters, and  (b) the CLARANS Method, a method 
for generating a cluster from rainfall data. The parameters in the CLARANS method are the number of 
local and maximum neighbor[43]–[45]. The evaluation stage is an interpretation of the output of data 
mining produced in the previous stage. The silhouette coefficient method serves to determine the quality 
of each cluster by calculating the average value of the silhouette index for each cluster[27], [29]. 
Deployment stage in this deployment stage, the information that has been obtained will be implemented 
into the system and reports in the information section. The results of clustering rainfall data will be 
displayed via WebGIS. Data processing showed the difference value calculated using the SSE cluster 
values 2 to 5. A comparison of the SSE values of each cluster is produced which is shown in table 2 below. 

 
In this study, the modeling stage consisted of three stages (pre-cluster analysis, cluster analysis, and 

regression analysis). In the pre-cluster analysis stage, the authors used the elbow method; for the cluster 
analysis stage the authors used the CLARANS method; and for the regression analysis stage, the authors 
used a simple linear regression method. Optimal clusters number was defined in the Elbow method as 
seen in Figure 2. 

 
Figure 2. Elbow Result for Optimum Clusters 

The determination of clusters number was provide based on SSE (Sum of Squares Error) values that 
showed the most significant error was 11.2866 lies in cluster 3. Furthermore, the result showed that the 
Cluster 1 silhouette coefficient value was 0.5899 with a Mean Square Error (MSE) value of 0.08576; 
Cluster 2 silhouette coefficient value was 0.6019 with a Mean Square Error (MSE) value of 0.0313; and 
Cluster 3 silhouette error coefficient value showed 0.5772 with MSE at 0.0906. The overall silhouette 
coefficient value was at 0.5897 with a Mean Square Error (MSE) of 0.06924. The three clusters range 
each variable, as shown in Table 1. 

Table 1. Clustering Result From CLARANS 

 C1 C2 C3 
Latitude (-3.63) – (-3.23) (-3.63) – (-3.23) (-3.63) – (-3.23) 
Longitude (102.44) – (102.8) (102.44) – (102.8) (102.44) – (102.8) 
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Rainfall (0.0095)-(1) (0.2583) – (0.7299) (0) – (0.8279) 
Cabbage (0.1573) – (0.9825) (0.9825) – (1) (0) – (0.3818) 
Mustard (0) – (0.7691) (0.3131) – (0.3374) (0) – (1) 
Eggplant (0.1247) – (1) (0.6687) – (1) (0) – (0.40345) 
Chili (0.3165) – (0.7143) (0.318063) – (1) (0) – (0.617791) 
Carrots (0.3433) – (1) (0.739134) – (1) (0) – (0.418881) 
Years (2002) – (2020) (2013) – (2014) (2000) – (2019) 
Data 106 15 110 

 
Decision trees can help identify the most important features for clustering by identifying which 

variables are most important for separating the clusters. This can help select the relevant variables for 
clustering and exclude the less relevant ones. It also can help determine cluster boundaries by 
identifying the splits that provide the best separation between clusters. This can help to define the 
clusters better and improve the accuracy of the analysis. The cluster was then interpreted into the 
narration of the characters using a decision tree, and found that the root of the data was based on the 
time of crop produce in Rejang Lebong district (Figure 3). 

 
Figure 3.  Root of the data was based on the year of crop produce in Rejang Lebong district 

 
1. Cluster 1 consists of 106 data that have characteristics: 

a. 3 data were clustered based on latitude values <= -3,495 with a gini of 0.59, carrot production 
>= 0.343 with a gini of 0.278, and rainfall magnitude of >= 0.183 with a gini of 0.375. 

b. 2 data were classified based on cabbage production <= 0.991 with gini 0.367, chili production 
<= 0.39 with gini 0.261, eggplant production <= 0.327 with gini 0.558, latitude <= -3.475 with 
gini 0.298, and longitude >= 102.605 with gini 0.444. 

c. 8 data were classified based on cabbage production <= 0.991 with gini 0.367, chili production 
>= 0.348 with gini 0.375, eggplant production >= 0.327 with gini 0.588, and latitude <= -3.385 
with gini 0.483. 

d. 4 data were classified based on cabbage production <= 0.991 with gini 0.367, chili production 
<= 0.348 with gini 0.375, eggplant production >= 0.327 with gini 0.558, rainfall amount <= 
0.401 with gini 0.5, and latitude >= -3.565 with gini 0.32. 

e. 3 data were classified based on cabbage production >= 0.603 with gini 0.5, chili production <= 
0.39 with gini 0.261, eggplant production >= 0.327 with gini 0.588, and latitude >= -3.385 with 
gini 0.483. 

f. 77 data were classified based on cabbage production <= 0.991 with gini 0.367, chili production 
>= 0.39 with gini 0.261, and mustard production >= 0.3 with gini 0.4. 

g. 9 data were classified based on cabbage production <= 0.991 with gini 0.367, chili production 
>= 0.39 with gini 0.261, mustard production <= 0.3 with gini 0.4, longitude >= 102.455 with 
gini 0.298, rainfall magnitude <= 0.793 with gini 0.18. 

2. Cluster 2 consist of 15 data that have characteristics: 
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a. 3 data were classified based on cabbage production <= 0.991 with gini 0.367, chili production 
<= 0.39 with gini 0.261, eggplant production >= 0.327 with gini 0.558, latitude <= -3.385 with 
gini 0.483, chili production <= 0.348 with gini 0.375, rainfall amount >= 0.401 with gini 0.5. 

b. 1 data data is classified based on cabbage production <= 0.991 with gini 0.367, chili production 
<= 0.39 with gini 0.261, eggplant production >= 0.327 with gini 0.558, latitude <= -3.565 with 
gini 0.32, chili production <= 0.348 with gini 0.375, rainfall amount <= 0.401 with gini 0.5. 

c. 11 data clustered based on cabbage production >= 0.0991 with gini 0.367. 
3. Cluster 2 consist of 110 data that have characteristics: 

a. 14 data were clustered based on latitude <= -3,495 with a gini of 0.59. and carrot production 
<= 0.343 with a gini of 0.278. 

b. 1 data was clustered based on latitude <= -3,495 with a gini of 0.59, carrot production >= 0.343 
with a gini of 0.278, and rainfall magnitude of <= 0.183 with a gini of 0.375. 

c. 81 data were clustered based on latitude >= -3,495 with a gini of 0.59. 
d. 8 data were classified based on cabbage production <= 0.991 with gini 0.367, chili production 

<= 0.39 with gini 0.261, eggplant production <= 0.327 with gini 0.588, and latitude >= -3.475 
with gini 0.298. 

e. 1 data is classified based on cabbage production <= 0.991 with gini 0.367, chili production <= 
0.39 with gini 0.261, eggplant production <= 0.327 with gini 0.588, and latitude <= -3.475 with 
gini 0.298, and longitude <= 102.605 with gini 0.444. 

f. 3 data were classified based on cabbage production <= 0.991 with gini 0.367, chili production 
<= 0.39 with gini 0.261, eggplant production >= 0.327 with gini 0.588, latitude >= -3.385 with 
gini 0.483, and cabbage production <= 0.603 with gini 0.5. 

g. 1 data is classified based on cabbage production <= 0.991 with gini 0.367, chili production >= 
0.39 with gini 0.261, mustard production <= 0.3 with gini 0.4, and longitude <= 102.455 with 
gini 0.298. 

h. 1 data is classified based on cabbage production <= 0.991 with gini 0.367, chili production >= 
0.39 with gini 0.261, mustard production <= 0.3 with gini 0.4, longitude >= 102.455 with gini 
0.298, and rainfall amount >= 0.793 with gini 0.18. 

 
4. DISCUSSION 

Three clusters were formed after grouping all rainfall production data with plants over Rejang 
Lebong Regency from 2000 to 2020. Based on the clustering results that have been found, the data will 
be processed using simple linear regression, wherein the simple linear regression method with one 
independent variable (X) and one dependent variable (Y). Furthermore, the cluster validation stage, in 
this study used the silhouette coefficient method[26], [27]. Cluster one coefficient silhouette value = 
0.5899 (feasible or compliant cluster), cluster two coefficient silhouette value = 0.6019 (feasible or 
corresponding cluster), and the silhouette coefficient value of cluster three = 0.5772 (feasible or 
compliant cluster), and for the value silhouette coefficient as a whole = 0.5897 (feasible or compliant 
cluster). After the cluster process was carried out for all rainfall production data with crops in Rejang 
Lebong Regency from 2000 to 2020, 3 clustering were formed with the amount of data on cluster one, 
consist of 106 data; cluster two consist of 15 data; and cluster 3 consist of 110 data (Table 2). Based on 
the clustering results that have been found, the data will be processed using simple linear regression, 
where in this simple linear regression method using one free variable (X) and one bound variable 
(Y)[30], [32], [46]. Then the following results are obtained in Table 3. 
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Table 2. Value of Coefficient of Determination (R2) 

 Cluster 1 Cluster 2 Cluster 3 
Cabbage 0.0372 0.0158 0.8581 
Mustard 0.0009 0.1359 0.0944 
Eggplant 0.0031 0.0441 0.1975 
Chili 0.1276 0.0151 0.0886 
Carrot 0.0817 0.0434 0.2012 

The greatest regression relationship in cabbage plants is in cluster 3 with a coefficient of 
determination value (R2) of 0.4080 in the rainfall range of 0-0.8279, cabbage production amount of 0- 
0.381781, and is between 2000-2019. Mustard plants are in cluster 2 with a coefficient of determination 
value (R2) of 0.135921554 in the rainfall range of 0.258331-0.7298923, mustard production is 0.31305- 
0.337411, and is between 2013-2014. In eggplant plants, it is in cluster 3 with a coefficient of 
determination value (R Square) of 0.1975 in the rainfall range of 0-0.8279, the amount of eggplant 
production is 0- 0.4035, and is between 2000-2019. Furthermore, chili plants lied in cluster 1 with a 
coefficient of determination value (R2) of 0.1276 in the rainfall range of 0.0095-1, the total chili 
production is 0.3165- 0.7143, and is between 2002-2020. And in carrot crops are in cluster 3 with a 
coefficient of determination value (R2) 0.2012 in the rainfall range of 0-0.8279, the amount of carrot 
production is 0- 0.4189, and is between 2000-2019. The most large and influential linear regression 
relationship between rainfall and five plants is in cluster 3, with the total value of the overall coefficient 
of determination of 0.9897 (chili plantation). 

Table 3. Rainfall and Crop Regression Equation 

Cluster 1 

Cabbage Y=0.1712+0.08532X 
Mustard Y=0.0042+0.0113X 
Eggplant Y=0.0932+0.01099X 
Chili Y=0.5963+0.2682X 
Carrot Y=0.2121+0.0833X 

Cluster 2 

Cabbage Y=0.1013+0.03114X 
Mustard Y=0.0374+0.3319X 
Eggplant Y=0.1319+0.01279X 
Chili Y=0.1213+0.0982X 
Carrot Y=0.0942+0.0533X 

Cluster 3 
Cabbage Y=0.2013+0.4114X 
Mustard Y=0.0087+0.03184X 
Eggplant Y=0.4369+0.0428X 
Chili Y=0.2962+0.1382X 
Carrot Y=0.5001+0.3328X 

 

The simple regression model formed in Table 4 contains a positive regression constant value 
(X) for every 1% increase in rainfall, it can increase the amount of crop production by Y times. This 
research is research that produces clusters and regressions for rainfall with plants in Rejang Lebong 
district. Furthermore, from the clustering process using the CLARANS method, tree rainfall groupings 
with plants were obtained, and the simple linear regression method is the method used to measure the 
relationship between rainfall and plants, whereas in previous studies used a prediction with genetic 
algorithms and the result is the level of rainfall as one of the parameters determining plant species with 
certainty factor[47], [48]. This study has successfully occupied 21 year long data series to see perform 
the regression. The previous research on clustering was only one year and only based on the nature of 
rain [49], [50]. Clustering results are validated and MSE calculations are carried out to ensure the error 
rate with Silhouette Coefficient validation, whereas from previous studies several studies did not use 
the validation method[51], [52]. 

The results of the study provide a conclusion that for the optimal K value or number of clusters 
is 3 seen from the difference in the largest sum of square error (SSE) value in cluster 3 with a difference 
in value of 11.286642. The amount of data in cluster 1 is 106 data, the amount of data in cluster 2 is 15 
data, and the amount of data in cluster 3 is 110 data. The greatest regression relationship in cabbage 
plants is in cluster 3 with a coefficient of determination value (R Square) of 0.408013795 in the rainfall 
range of 0-0.827863, cabbage production amount of 0- 0.381781, and is between 2000-2019. Mustard 
plants are in cluster 2 with a coefficient of determination value (R Square) of 0.135921554 in the rainfall 
range of 0.258331-0.7298923, mustard production is 0.31305-0.337411, and is between 2013-2014. In 
eggplant plants, it is in cluster 3 with a coefficient of determination value (R Square) of 0.197528516 in 
the rainfall range of 0-0.827863, the amount of eggplant production is 0-0.40345, and is between 2000-
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2019. In chili plants, it is in cluster 1 with a coefficient of determination value (R Square) of 0.127581145 
in the rainfall range of 0.00952-1, the total chili production is 0.316471-0.714344, and is between 2002-
2020. And in carrot crops are in cluster 3 with a coefficient of determination value (R Square) 
0.201155964 in the rainfall range of 0-0.827863, the amount of carrot production is 0-0.418881, and is 
between 2000-2019. Finally, the most large and influential linear regression relationship between 
rainfall and 5 plants (cabbage, mustard, eggplant, chili, and carrots) were involved in cluster 3 with the 
total value of the overall coefficient of determination of 0.989688. And global cluster validation value = 
0.58964931822801 with MSE = 0.0692422 and belongs to a viable or compliant cluster. 
 
5. CONCLUSION 

This research showed there are tree clusters as the best fit with CLARANS and elbow 
method to describe two decades of data of crop plantation over Rejang Lebong district. The 
clusters developed have also been defined by the rule of decision tree that showed the group 
of significant variables to improve data understanding and description. This research showed 

a positive regression equation for each of the plantations involved in this research. Each cluster 
developed has different significant values for each plantation developed by the regression 
analysis. Although all of the plantations are showing positive, each cluster has a different kind 
of plantation as the best regression development. In cluster 1, we can see that the best 
plantation was Chili, in cluster 2 was Mustard, and in cluster 3 was cabbage. The government 
can use the result of Rejang Lebong district to develop strategic planning of smart agriculture 
to accelerate crop production to make food security in Bengkulu area become more reliable 
and stable. 
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