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ABSTRACT

Pollution can cause the environment to not function properly and ultimately harm humans and

Article History: other living things. Environmental pollution is a problem that needs to be resolved because it

Received: 23 June 2023 involves the safety, health, and survival of living things. Air pollution in Pekanbaru due to a
Revised: 9™ January 2023 long dry season has resulted in forest fires. Then, 70% of drinking water is contaminated by
Accepted: 13" March 2024 fecal waste. In addition, the contamination of the land by the Chevron company resulted in
Published: 1% June 2024 residents suing the company. Until now, there has been no research that has carried out a
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1. INTRODUCTION

Environmental pollution is the changes that occur in the environment due to human activities or natural
processes so that the quality of the environment decreases, resulting in the environment not functioning [1].
This problem needs to be resolved because it concerns the safety, health, and survival of living things. There
are three types of environmental pollution, namely air, water, and soil pollution.

Air pollution is felt to be increasing every day. Polluted air can damage the environment and potentially
disrupt the respiratory health of the surrounding community. The causes of this pollution are industrial
exhaust emissions and motor vehicle activities. In addition, air pollution can also be caused by nature, such
as a long dry season, which results in forest fires so that the smoke pollutes the air. This case occurred in
Sumatra, especially Pekanbaru City [2]. Apart from air, water is also an important component used by humans
to carry out daily activities such as bathing, drinking, washing, cooking, and other activities. Of course, the
water used must be clean in terms of quality and quantity. However, this is not supported by the water
conditions in the field. The results of a study from [3] found that almost 70% of the 20,000 drinking water
sources tested in Indonesia were contaminated with fecal waste and contributed to the spread of disease.

In addition, soil pollution has an impact on the survival of living things. Cases of soil contamination
can be caused by household waste or industrial activity waste. In Indonesia, the Chevron company, which is
a multinational company engaged in the oil and gas sector, has been sued by the local community because
the B3 waste it produces has polluted the soil [4].

Based on the background above, this research has urgency in the form of an effort to carry out
sustainable development in meeting the SDGs; it is necessary to map the number of villages affected by
environmental pollution at the provincial level in Indonesia so that it does not become more widespread. This
role can be performed by statisticians in analyzing data related to the occurrence of environmental pollution.
Data on cases of Environmental Pollution can be used for the grouping process according to the information
held from accurate data so that the number of villages according to the type of environmental pollution can
be identified. Several clustering methods can be applied to get grouping results from provinces that
experience the most environmental pollution by type.

Cluster analysis aims to group objects based on the characteristics of the objects so that the
characteristics of each group can be identified [5]. In this study, the Fuzzy C-Means (FCM) and Density-
based Spatial Clustering of Applications with Noise (DBSCAN) methods were used to group data on many
villages affected by environmental pollution at the provincial level in Indonesia. K-Medoids and DBSCAN
are used because they are robust to the existence of outlier data so that all provinces can be grouped, whereas
FCM is not the case. It is interesting to compare the methods. The selection of many clusters uses the Pseudo
F method, while the selection of the best cluster method is based on the minimum ICD Rate value. The results
of this study can be used as a reference in terms of prioritizing provinces with many villages having the most
environmental pollution so that they can improve the quality of the environment and reduce the impact of
environmental pollution.

2. RESEARCH METHODS

This section contains explanations about the variables and data sources, literature review about
methods, and research stages.

2.1 Variables and Data Sources

The data is accessed from Harvard Dataverse, namely Village Potential Statistics (PODES) in 2021,
published by Badan Pusat Statistik [6]. The data is on the number of villages that are affected by the type of
environmental pollution. The research unit is a province in Indonesia. The following research variables are
presented in Table 1.
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Table 1. Variable Explanation

Variable Description Scale Unit
X1 The Number of Villages Affected by Water Pollution Ratio Villages
X2 The Number of Villages Affected by Soil Pollution Ratio Villages
X3 The Number of Villages Affected by Air Pollution Ratio Villages
Xa The Number of Villages Not Affected by Pollution Ratio Villages

2.2 Literature Review about Methods

Clustering methods are multivariate statistical methods that aim to group objects based on similarities
and characteristics possessed by these objects. In a cluster, objects will be grouped so that each object has the
most common characteristics with other objects that are in the same group.

There are two types of clustering methods: hierarchical clustering and hierarchical clustering [7].
Where is a hierarchical method with various single linkage, complete linkage, and minimum-variance
approaches? The non-hierarchical method, also known as the partition method, has also been developed with
various algorithmic approaches. Visible difference It is clear at the beginning of the procedure that the method
is hierarchical, grouping an observation gradually. Meanwhile, the non-hierarchical method partitions the
sample space.

1. Descriptive Statistics

Descriptive statistics or deductive statistics are part of statistics that studies data collected and
presented so that other people can easily understand them [8]. Descriptive statistics only relate to things
outlining or giving information about data, conditions, or phenomena. In other words, descriptive statistics
work describes a situation, symptom, or problem. Descriptive statistics in this study are used to present the
characteristics of provinces in Indonesia based on the number of villages affected by environmental pollution;
in this research, descriptive statistics are presented with bar charts, boxplots, and minimum and maximum
values.

2. K-Medoids

The PAM (Partitioning Around Medoid) is the algorithm represented by the cluster of the medoid. The
algorithm is more popularly known as the K-Medoids. The k-Medoids algorithm is better to use than the K-
Means. In K-Medoids, we can search k as an object representation to minimize the number of object
inequalities in data, while in K-Means, we use sums of Euclidean distance in data objects [9]. When compared
with the K-Means algorithm, the difference lies in the central point cluster. K-Means uses the average as the
cluster center, whereas K-Medoids uses an object as the cluster center, and the object must represent each of
the clusters.

3. Fuzzy C-Means (FCM)

The Fuzzy C-Means method is a grouping method that develops by involving fuzzy properties in its
membership [10]. The FCM method reallocates data into each group by utilizing fuzzy theory [11]. The FCM
uses a variable membership function u, , which refers to how most likely a data can be a member of a group.

FCM introduces a variable W which is the weighting exponent of the membership function.

This variable can change the magnitude of the influence of the membership function in the clustering
process using the FCM method, W has a value area greater than 1 (W > 1). Until now, there is no clear
provision of how large the value of W is optimal in carrying out the process of optimizing a clustering
problem, the value of W only affects the number of iterations in obtaining the objective function the greater
the W, the faster the matrix converges.

4. DBSCAN

DBSCAN is a method for grouping data, where the algorithm is based on the density of the data.
Clustering [12]. The advantages of this method is that it can detect outliers/noise, there is no need to get prefix
input in the form of the number of clusters (k) such as K-Means or K-Medoids and can recognize irregular

cluster shapes [13]. There are two parameters in DBSCAN, namely the minimum amount of data (minPts)
within the eps radius (&£). The DBSCAN algorithm generates three kinds of states for each data, namely core,
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border, and noise. Core data is data where the amount of data within the eps radius is more than minPts, noise
data is data where the amount of data within the eps radius is less than minPts, and boundary data is data
where the amount of data within the eps radius is less than minPts but makes the neighboring data core data
[14]. The DBSCAN grouping process is to calculate the distance from the center point (p) to other points
using the Euclidean distance [15].

5. Pseudo F Statistics

Pseudo F criteria can be chosen to select the optimum number of clusters. The highest Pseudo F value
indicates that the number of groups used for grouping data has been optimal [16]. The following equation of
Pseudo F value are presented:

RZ
E53)

= 1
Pseudo F (1 — R2> Q)
n—c
SST — SSW
R2 = Q 2)
SST
where:
SST  : the total sum of the squares of the distances sample to the overall mean
SSW : the total sum of the squares of the distances sample to the group mean
n . the number of samples
c . the number of groups
6. ICD Rate

The ICD (Internal Cluster Dispersion) rate criteria can be used to determine the best cluster method.
The smaller the ICD rate value indicates the result the better the grouping. The ICD rate value is the level of
dispersion within the cluster. The following equation of ICD rate are presented below [17].

(*/e-1)
(1 - Rz/n - c)

Pseudo — F = (3)

2.3 Research Stages

The methods used in this research are K-Medoids, FCM, and DBSCAN. This method is used to group
data on many villages affected by environmental pollution at the provincial level in Indonesia. The following
research stages are presented below.

1. Describe the characteristics of the data.

2. Perform multivariate outlier assumption tests with 50% bivariate normal contours.

3. Testing KMO and Bartlett tests.

4. If there is a correlation between variables, carry out the reduction variable using Principal Component
Analysis (PCA).

5. Grouping provinces using the K-Medoids, FCM, and DBSCAN methods. As for determining the

optimum number of clusters in each method with Pseudo F statistics values.

Comparing the results of clustering K-Medoids, FCM, and DBSCAN with ICD rate values.

Perform multivariate normal assumption tests and tests homogeneity. Determine the difference in

characteristics on each cluster using nonparametric one-way MANOVA and one-way ANOVA.

~No

3. RESULTS AND DISCUSSION
3.1 Characteristic of Provinces in Indonesia Based on Types of Enviromental Pollution

Descriptive statistics aim to show an overview of the problem. Descriptions related to the number of
villages affected by environmental pollution in Indonesia can be seen from the size of the concentration and
distribution of data. The measure of centering uses the average, minimum, and maximum values. Meanwhile,
the measure of the spread uses the standard deviation value.
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Table 2. Data Characteristics
Variable Mean  Standard Deviation  Minimum  Maximum

X1 314.2 339.3 16 1310
X2 44.1 51.4 4 224
X3 166 199.9 15 781
X4 2058 1906 173 6932

From Table 2, the average village affected by water pollution is 314.2 villages whereas Central Java
Province is the province with the most villages affected by water pollution (1310 villages), while Kep. Riau
is a province with the fewest villages affected by water pollution (16 villages).

For soil pollution, it is known that the average village affected by soil pollution is 44,1 villages whereas
Central Java Province is the province with the most villages affected by soil pollution (224 villages), while
Kep. Riau is a province with the fewest villages affected by soil pollution (4 villages).

For air pollution, it is known that the average village affected by air pollution is 166 villages. Central
Java Province is the province with the most villages affected by air pollution (781 villages). In comparison,
Bali is a province with the fewest villages affected by air pollution (15 villages).

From Table 2, the average village not affected by pollution is 2058 villages where East Java Province
is the province with the most villages not affected by pollution (6932 villages), while DKI Jakarta is a
province with the fewest villages not affected by pollution (173 villages). From a very large standard
deviation value, it shows that the data variation is getting wider. This means that villages affected by water
pollution, soil pollution, and air pollution and not affected by pollution in every province of Indonesia are
very diverse.

3.2 Checking Multivariate Outlier and Multivariate Normal Assumption

a2
Figure 1. Multivariate Outlier Scatterplot

From Figure 1, the data distribution doesn’t follow the red line, and it’s known that there are six outlier
points (Gorontalo, West Sulawesi, Maluku, North Maluku, West Papua, and Papua). In this study,
abnormalities due to outliers in the data were not resolved because grouping would be carried out using the
K-Medoids, FCM, and DBSCAN methods which are robust to outliers.

Then, a multivariate normal assumption test was performed. The results showed that the proportion of
the squared value of the distance was smaller than the chi-squared value of 70,588%. With this proportion
value, it can be concluded that the data does not meet the multivariate normal distribution assumption because
the proportion of squared distance values that are in the normal 50% bivariate contour is not in the 45% -55%

interval.
3.3 Variabel Reduction with PCA

For further analysis, it is necessary to test data adequacy and variable dependencies.
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Table 3. Bartlett’s Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy 0.688
Bartlett's Test of Sphericity Approx. Chi-Square 148.522
Df 6
Sig. 0.000

Data adequacy can be achieved with the Kaiser-Meyer-Olkin Measure of Sampling Adequacy (KMO).
From the test results in Table 3, it’s known that the KMO value is 0,688. The KMO value obtained is greater
than 0,5, which means the data is sufficient and worthy of further analysis carry on.

Variable dependency testing is carried out to find out whether the dependent variable (correlated) is
carried out using Bartlett’s Sphericity test. From Table 3, variables used in the study are correlated
(dependent) because they have a p-value smaller than o (0.05), so that can proceed to principal component
analysis for reduction into several factors. The following is an equation based on the 2 main components that
have been formed.

PC1 =0.951 X; + 0.915 X> + 0.951 X3 + 0.890 X4
PC2 =-0.242 X1 —0.346 Xz + 0.187 X3 + 0.414 X4

3.4 Using K-Medoids to Group Provinces in Indonesia

Before grouping the K-Medoids method, the Pseudo F statistic value is calculated to decide the optimal
number of clusters to be selected in classifying the number of villages affected by pollution according to
province in Indonesia. Pseudo F statistics calculations are carried out for clusters totaling 2 to 5. The Pseudo
F statistics values obtained are shown in Table 4.

Table 4. Pseudo F Statistics Value of K-Medoids Method

Number of Cluster Pseudo F-Statistic

2 23.889
3 24.592
4 34.474
5 32.894

From Table 4, the Pseudo F statistics value is used to determine the optimal number of clusters. The
optimum cluster is selected from the higher the Pseudo F statistics value. The highest Pseudo F statistics
value is achieved by using 4 clusters, and then the K-Medoids method will use 4 clusters. Then Table 5 below
shows the details of the provinces in each cluster.

Table 5. Grouping of K-Medoids

Cluster Member of Cluster
Aceh, North Sumatra, Riau, South Sumatra, Lampung, East Nusa Tenggara, South

! Sulawesi, Southeast Sulawesi, West Papua, and Papua.
West Sumatra, Jambi, Bengkulu, Kep. Bangka Belitung, Kep. Riau, DKI Jakarta, DI

2 Yogyakarta, Banten, Bali, West Nusa Tenggara, South Kalimantan, East Kalimantan,
North Kalimantan, North Sulawesi, Central Sulawesi, Gorontalo, West Sulawesi,
Maluku and North Maluku.

3 West Java, Central Java, and East Java.

4 Central Kalimantan and West Kalimantan

After obtaining the results of grouping provinces in Indonesia based on the number of villages affected
by pollution using the K-Medoids method, the next step is to determine the characteristics of each cluster
formed, which will be shown in Table 6 below.
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Table 6. Characteristic of Clusters with K-Medoids
Cluster ~ Water Pollution Soil Pollution Air Pollution Not Affected by Pollution

1 673 72 339 5227
2 163 8 71 1307
3 308 39 229 2580
4 99 31 47 374

From Table 6, cluster 1 is a province with the highest number of villages affected by pollution, namely
water pollution, soil pollution, air pollution, and no pollution. Cluster 3 members are provinces with a number
of villages affected by water pollution, soil pollution, air pollution, and no high pollution. Cluster 2 members
are provinces with a relatively high number of villages affected by water pollution, air pollution, and no
pollution, while the number of villages affected by soil pollution is low. Cluster 4 members are provinces
with a low number of villages affected by pollution, namely water pollution, air pollution, and no pollution,
while the number of villages affected by soil pollution is quite high.

3.5 Using FCM to Group Provinces in Indonesia

To perform grouping with the FCM Clustering method, then first, the Pseudo F statistic value is
calculated to decide the optimal number of clusters to be selected in classifying provinces in Indonesia based
on the number of villages affected by pollution. Pseudo F statistics calculations are performed for the clusters
totaling 2 to 5. The Pseudo F statistics values obtained are shown in Table 7.

Table 7. Pseudo F Statistics of FCM

Number of Cluster Pseudo F-statistic
2 17.85985
3 28.63626
4 39.05637
5 39.52189

The Pseudo F statistics value obtained as shown in Table 4. The optimum cluster is selected from the
higher the Pseudo F statistics value. The higher the Pseudo F statistics value, the more optimal it will be
clusters. By using 5 clusters, the highest Pseudo F statistics value is obtained so that the FCM method will
use 5 clusters. Table 8 shows details of provinces in each cluster.

Table 8. Grouping with FCM

Cluster Member of Cluster
West Sumatra, Kep. Bangka Belitung, Jambi, Kep. Riau, DI Yogyakarta, Banten,
1 DKI Jakarta, Bali, West Nusa Tenggara, South Kalimantan, East Kalimantan, North

Kalimantan, Gorontalo, West Sulawesi, and North Maluku.
Riau, South Sumatra, Bengkulu, Lampung, East Nusa Tenggara, North Sulawesi,

2 Central Sulawesi, South Sulawesi, Southeast Sulawesi, Maluku and West Papua.
3 West Kalimantan and Central Kalimantan.

4 Aceh, North Sumatra, and Papua.

5 East Java, Central Java, and West Java.

After obtaining the results of grouping provinces in Indonesia based on the number of villages affected
by pollution using the FCM clustering method, the next step is to determine the characteristics of each cluster
formed.

Table 9. Characteristic of Clusters with FCM
Cluster  Water Pollution Soil Pollution ~ Air Pollution Not Affected by Pollution

1 153.1 18.4 62.7 739.3
2 187.9 255 130.4 2012.7
3 662.5 123 123 1148

4 438.3 63.3 303.3 5409.3
5 1226.3 169 704.7 6070.7
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Based on Table 9, it’s known that cluster 1 members are provinces with the lowest numbers of villages
affected by pollution and not affected by pollution. Members from Cluster 2 are provinces with a low number
of villages affected by water, soil, and air pollution, while the number of villages not affected by pollution is
moderate. Cluster 3 members are provinces with a high number of villages affected by water and soil
pollution. The number of villages affected by air pollution is moderate, while those not affected by air
pollution are low. Cluster 4 members are provinces with a moderate number of villages affected by water and
soil pollution. The number of villages affected by air pollution and that are not affected by pollution is high.
Cluster 5 members are provinces with very high numbers of villages affected by pollution and not affected
by pollution.

3.6 Using DBSCAN to Group Provinces in Indonesia

The clustering uses the DBSCAN method, before the grouping is done using the DBSCAN method,
the Pseudo F-statistic value is calculated to decide the optimal eps and minPts values to be selected in
grouping the number of villages affected by pollution according to provinces in Indonesia. Pseudo F statistics
calculations were carried out based on eps values from 0,5 to 0,7, and 2 minPts were selected. The Pseudo F
statistics values obtained are shown in Table 10.

Table 10. Pseudo F statistics of DBSCAN

Eps MinPts Pseudo F-statistic
0,5 2 29.605
0,6 2 15.072
0,7 2 27.236

The Pseudo F statistics values are obtained as in Table 10. The optimum cluster is selected from the
higher the Pseudo F statistics value. The higher the Pseudo F statistics value, the more optimal the cluster
will be. The highest Pseudo value is found in the eps value of 0.5 and 2 minPts, which then results in 2
clusters. With these results, the DBSCAN method will use 2 clusters.

Table 11. Grouping with DBSCAN

Cluster Member of Cluster

West Sumatra, Riau, Jambi, Bengkulu, Lampung, Kep. Bangka Belitung, Kep. Riau,
DKI Jakarta, DI Yogyakarta, Banten, Bali, West Nusa Tenggara, South Kalimantan,

1 East Kalimantan, North Kalimantan, North Sulawesi, Central Sulawesi, South
Sulawesi, Southeast Sulawesi, Gorontalo, West Sulawesi, Maluku, North Maluku,
West Papua, and Papua.

2 West Kalimantan, and Central Kalimantan.
Outlier South Sumatra, Aceh, North Sumatra, East Java, Central Java, West Java, and East
Nusa Tenggara.

After obtaining the results of grouping provinces in Indonesia based on the number of villages affected
by pollution using the DBSCAN method, the next step is to determine the characteristics of each cluster
formed.

Table 12. Characteristic of Clusters with DBSCAN

Cluster ~ Water Pollution  Soil Pollution Air Pollution Not Affected by Pollution
1 160.2 18.7 81.1 1139.4
2 662.5 123 123 1148

Based on Table 12, it is known that the members of cluster 1 are provinces with a lower number of
villages affected by pollution and not affected by pollution than cluster 2. Then there are 7 provinces that are
included in the outliers.
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3.7 Comparison Analysis of Province Grouping Results in Indonesia

The results of each of the best cluster methods were then compared to choose the optimal cluster
method. The best cluster method is selected based on the minimum ICD Rate value. The following Table 13
shows a comparison between FCM and DBSCAN.

Table 13. Grouping with DBSCAN

Methods ICD Rate
K-Medoids (4 Clusters) 0.386
FCM (5 Clusters) 0.351
DBSCAN (2 Clusters) 0.520

Based on Table 13, the FCM method is better than the DBSCAN. This was seen from the smaller ICD
rate value, which means that FCM is very suitable for use in grouping provinces in Indonesia based on the
number of villages affected by environmental pollution. The following grouping provinces in Indonesia based
on the number of villages affected by pollution using FCM can be seen in Figure 2

Figure 2. Map of Province in Indonesia using FCM

To improve the quality of villages that are clean from pollution in Indonesia, monitoring and evaluation
can be carried out by the Government in each province based on the clusters formed. Cluster 1 is a province
with very low numbers of villages affected by pollution. Cluster 2 is provinces with a low number of villages
affected by water, soil, and air pollution, while the number of villages not affected by pollution is moderate.

In provinces in cluster 3, there needs to be an emphasis on reducing water and soil pollution. The
Government needs to urge people to buy biodegradable products, reduce the amount of plastic, and reduce
the use of pesticides and fertilizers in agricultural activities. In addition, the Government also needs to
implement strict regulations regarding proper waste management, urge the public to use environmentally
friendly materials, not throw garbage in rivers or other water sources, and routinely carry out efforts to clean
water sources and plant trees. Action in each area. Available land.

For provinces in cluster 4, there needs to be an emphasis on reducing air pollution. The government
needs to implement a vehicle emission test policy to measure the level of combustion efficiency in engines.
The government can also improve mass transportation services to be environmentally friendly and provide
pathway facilities for pedestrians. For industry, the government can oversee compliance with emission quality
standards, report emissions continuously or continuously, and be integrated with the reporting system at the
Ministry of Environment and Forestry. In addition, the government must continue to build and develop city
parks, urban forests, and botanical gardens as the lungs of the city.

Meanwhile, provinces in cluster 5 can emphasize reducing water, soil, and air pollution. The
government in this province can take the same action as the provinces in clusters 3 and 4. For further research,
it is recommended not to use the random matrix as the initial membership degree matrix in the FCM method.
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3.8 Determination of Characteristic Differences using Nonparametric One-Way MANOVA and One-
Way ANOVA

Before carrying out the MANOVA and ANOVA tests, a multivariate normal assumption test and the
homogeneity of the covariance matrix were tested. From the result obtained in Figure 1, it is known that the
proportion of values in the squared distance, which is smaller than the chi-squared value, is 0,7058. With the
value of these proportions, it can be concluded that the multivariate normal distribution assumption is not
met in these data, so the test will be carried out using nonparametric one-way MANOVA.

The result of the next test is to look at the value of Box's M. From the Box's M test, the p-value is
0.000, and the F-value is 8.658. The results show that the p-value < a (5%) rejects Ho, which means the
variance covariance matrix is non-homogeneous. The nonparametric one-way MANOVA test yields a w? of
43.6758 which indicates that the w2 value is greater than the chi-square value (26.2962). This means that
there are differences in the characteristics of each cluster that is formed. Then, proceed with nonparametric
one-way ANOVA analysis, which will also display a boxplot. Boxplots are one way in descriptive statistics
to describe the distribution of data graphically from numerical data. Here are boxplots of each variable, along
with a review of the nonparametric one-way ANOVA that has been performed.

1. Water Pollution

Viliages Affected by Water Polution
1200

200 400 600 800

The Nurber of
0

Figure 3. Boxplot Based on the Number of Villages Affected by Water Pollution

In Figure 3, clusters 1, 2, 3, 4, and 5 have different medians and ranges of data distribution. In terms of
the number of villages affected by water pollution, it is known that cluster 5 is the dominant cluster, which is
higher than the other clusters, while cluster 1 is the cluster which tends to be lower compared to other clusters.

Based on the results of the nonparametric ANOVA test, the results obtained were a p-value of 0.002
and an H of 16.427, so from these values, it is known that the H value > chi-square value (9.488). Then, reject
Ho, and it can be concluded that the variable of the number of villages affected by water pollution has an
influence on formation of provincial groupings in Indonesia.

2. Soil Pollution

200

The Number of Vilagea Affected by Sof Polkton
100

Chuster

Figure 4. Boxplot Based on the Number of Villages Affected by Soil Pollution
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In Figure 4, clusters 1, 2, 3, 4, and 5 have different medians and ranges of data distribution. In the
characteristics of the number of villages affected by soil pollution, it is known that cluster 5 is the dominant
cluster, which is higher than the other clusters, while cluster 1 is the cluster which tends to be low compared
to other clusters. There are outlier values in cluster 2, namely in the provinces South Sumatra, which have
villages exposed to far more air pollution than other provinces in their clusters.

From the results of the nonparametric ANOVA test, the results obtained were a p-value of 0.003 and
an H of 15.769, so that from these values it is known that the H value > chi-square value (9.488). Then, reject
Ho, and it can be concluded that the variable of the number of villages affected by soil pollution has an
influence on formation of provincial groupings in Indonesia.

3. Air Pollution
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Figure 5. Boxplot Based on the Number of Villages Affected by Air Pollution

In Figure 5, clusters 1, 2, 3, 4, and 5 have different medians and ranges of data distribution. In the
characteristics of the number of villages affected by air pollution, it is known that cluster 5 is the dominant
cluster, which is higher than the other clusters, while cluster 1 is the cluster tends to be low compared to other
clusters. There are outlier values in cluster 1, namely in the provinces of Banten and South Kalimantan, which
have villages exposed to far more air pollution than other provinces in their clusters.

From the results of nonparametric ANOVA test, the results obtained were a p-value of 0.002 and an H
of 16.513, so that from these values it is known that the H value > chi-square value (9.488). Then, reject Ho,
and it can be concluded that the variable of the number of villages affected by air pollution has an influence
on formation of provincial groupings in Indonesia.

4. Not Affected by Pollution
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Figure 6. Boxplot Based on the Number of Villages Not Affected by Pollution

In Figure 6, it can be seen that clusters 1, 2, 3, 4, and 5 have different medians and ranges of data
distribution. In the characteristics of the number of villages that are not affected by pollution, it is known that
cluster 5 is the dominant cluster, which is higher than the other clusters, while cluster 1 is the cluster tends to
be low compared to other clusters.
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From the results of nonparametric ANOVA test, the results obtained were a p-value of 0.000 and an H
of 26.469 so that from these values it is known that the H value > chi-square value (9.488). Then, reject Ho,
and it can be concluded that the variable of the number of villages not affected by pollution has an influence
on formation of provincial groupings in Indonesia.

4. CONCLUSIONS

Based on the results of the analysis and discussion, it can be concluded as follows.

1.  Optimum cluster results with Fuzzy C- Means clustering there are 5 clusters, K-Medoids with 4 clusters,
and DBSCAN method clustering has 2 clusters and 7 outlier provinces.

2. The best method based on the lowest ICD rate value on the grouping of provinces in Indonesia on the
number of villages affected by environmental pollution is using the FCM method.

3. This research has limitations in data, so future research can use the latest data to better describe the
condition of environmental pollution in the villages of each Indonesian province. Apart from that, in
future research we can use more advanced classification methods such as random forest or naive Bayes.

4. To improve the quality of villages that are clean from pollution in Indonesia, monitoring and evaluation
can be carried out by the Government in each province based on the clusters formed.
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