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CLUSTERING OF DISTRICTS AND CITIES IN INDONESIA BASED ON
POVERTY INDICATORS USING THE K-MEANS METHOD

Khoirun Niswatin®, Christopher Andreas?, Putri Fardha Asa Oktavia Hans®, M. Fariz Fadilah
Mardianto*

1,234 Department of Mathematics, Faculty of Science and Technology, Universitas Airlangga,
Surabaya, Indonesia
(*khoirun.niswatin-2018@fst.unair.ac.id, >christopher.andreas-2018@fst.unair.ac.id,
3putri.fardha.asa-2018@fst.unair.ac.id, m.fariz.fadillah.m@fst.unair.ac.id)

Poverty is a multidimensional problem caused by various aspects and has an impact on many
aspects of life. As one of the objectives of the Sustainable Development Goals (SDG’s), poverty
eradication aims to improve welfare in all forms everywhere. Therefore, regional clustering is
carried out based on poverty indicators as one of the alternatives to solve poverty problems in
Indonesia. In this research, the mapping will be carried out based on districts and cities, so that the
core problems in each region can be identified. By using the K-Means clustering method, eight
clusters of districts and cities with different poverty levels were obtained. Each cluster member
from the very not poor to very poor level is 130, 76, 126, 98, 66, 5, 5, and 8 districts and cities.
Thus, most districts and cities in Indonesia are categorized as prosperous, only some region need
special attention and treatment from the government.
Keywords: clustering, icd rate, K-Means, poverty

1. Introduction

Indonesia has a big challenge to improve the quality of basic services in preparing and
implementing Sustainable Development Goals (SDG's) projects. SDG's is a sustainable
development agenda launched to address world problems. SDG’s has 17 target objectives and 169
measurable targets, which are expected to be achieved by 2030 (Bappenas, 2021). SDG’s readiness
in Indonesia has been welcomed for a long time. In 2020, the achievement of SDGs in Indonesia at
the world level is in the order of 101. According to the data from the Sustainable Development
Report 2020, Indonesia has progressed from the previous year with a score of 64.2 to 65.3,
succeeding in raising 4 goals, one of which is to eradicate poverty, 6 goals have improved
successfully, while 7 goals are stagnant and even decreased, one of which is reducing inequality
(Sachs et al, 2020).

Coronavirus Disease (Covid-19) is a global pandemic that affects all aspects of life, for example
world economy aspect. The Covid-19 pandemic has paralyzed the world's economic sector and
suffered losses, which then resulted in layoffs, which led to the emergence of new poor groups
(Rassanjani et al., 2021). As all costs of being poor, poverty is a complex problem where there is an
inability to meet basic needs. The Covid-19 pandemic also caused Indonesia’s economic growth to
slow down and the poverty rate to increase (Susilawati et al., 2020). Based on data from the Central
Bureau of Statistics or BPS, the achievement of SDGs in Indonesia, especially in alleviating
poverty in 2014-2019, succeeded in reducing the poverty rate to 1.64 percent or 2.93 million
people. Apart from these achievements, the presence of Covid-19 has again increased the poverty
rate to 1.13 million people (BPS, 2020).

One of the characteristics of poverty in Indonesia is the huge difference between the relative
poverty value and the absolute poverty value with geographic location. The measure of absolute
poverty is predetermined, determined by the poverty line figures which are constant over time
(Asrol and Ahmad, 2018). Relative poverty is poverty that is not connected to the poverty line, but
from the perspective of each individual. If in absolute terms, more than half of the total population
of Indonesia who lives in poverty are located on the island of Java, to be precise, located in the
western part of Indonesia with a dense population. In the relative terms, provinces in Eastern
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Indonesia show higher poverty scores (BPS, 2016). For this reason, research that conducts regional
clustering based on poverty indicators is very important to do to overcome the problem of poverty
in Indonesia. In this case, the mapping will be carried out on a district and city basis, so that the
main problems of each region can be identified. The poverty indicators used in the clustering is
based on the information given by BPS publication entitled “Data and Information on District and
City Poverty in 2020” (BPS, 2020).

Clustering is a part of multivariate analysis known as cluster analysis. In cluster analysis, many
clustering methods can be used. Hierarchically, the most widely used methods in cluster analysis
are single linkage, complete linkage, average linkage, and Ward (Afifi et al., 2020; Wierzchon and
Klopotek, 2018). In contrast, the K-Means, K-Medoids, and Self Organizing Maps (SOM) methods
are widely used in the non-hierarchical cluster analysis. Research related to cluster analysis with
hierarchical and non-hierarchical approaches has been applied by various researchers. One of them,
a study that classified minimarkets based on the level of adherence to health protocols (Andreas et
al., 2021). However, several studies have shown that the K-Means algorithm has better capabilities
than the SOM algorithm and various approaches to hierarchical cluster analysis (Syaripudin, 2013).
Apart from that, Suarna et. al. (2020) showed that the K-Means method has a more accurate result
than the K-Medoids method on the food dataset. Therefore, this study uses the K-Means method in
classifying districts and cities in Indonesia based on poverty indicators.

There are several studies related to the clustering that focuses on the problem of poverty in
Indonesia. According to Bahauddin et al. (2021), the use of the K-Means algorithm with the help of
Weka software in clustering provinces based on their poverty level in Indonesia produces 3
provincial clusters, namely provinces with low, medium, and high poverty levels. The attributes
used in this study are the percentage of poor people, the poverty line, the poverty depth index, and
the poverty severity index. Provinces that fall into the high poverty category are Maluku, West
Papua, and Papua. In addition, K-Means method can also be used in clustering districts and cities in
Central Java based on the Covid-19 case (Mahmudan, 2020).

Furthermore, in this study, the mapping results will be validated through the size of the internal
cluster dispersion rate (icd rate) and the coefficient of determination to form an optimal mapping.
The size of the icd rate and the coefficient of determination is a measure that measures the level of
homogeneity or similarity in each cluster so that it reflects the level of goodness of the cluster
formed (Rahayu et al., 2018). In this case, the variables used include the number of poor people, the
poverty line, unemployment rate, school enrollment rate, human development index (HDI),
expenditure per capita on food, eligible water users, users of their latrines, literacy rates, and
beneficiaries of governmentprograms. The use of various types of poverty indicators in the research
variables is the novelty of this research. In addition, the clustering based on districts and cities in
Indonesia based on poverty indicators is also the novelty of this research.

This study resulted in a mapping of each city and district in Indonesia based on poverty
categories. The process of mapping regions that are categorized as poor is one way of
implementing statistical methods to help the government determine comprehensive and targeted
policies. The results of this study are very useful for formulating policies related to efforts to
resolve poverty problems and improve the welfare of the people in each district and city of
Indonesia according to the SDG’s goals. Thus, this research can be used as a reference and
consideration for the government in determining appropriate policies to reduce poverty in
Indonesia.

2. Methods

2.1 Data Sources and Research Variables

The data used in this study were obtained from a publication entitled “Data and Information on
District and City Poverty in 2020” published by BPS. Research variables in this study use ten
indicators from BPS that can measure poverty. The summary of information regarding the research
variables can be seen in Table 1.
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Res_earch Information Resgarch Information
Variables Variables
X1 Number of Poor Population (Thousands) Xs Expenditure Per Capita on Food (%)
X, Poverty Line (Rupiah). X; Eligible Water Users (%)
X3 Unemployment Rate (%) Xsg Own Toilet Users (%)
X4 School Enrollment Rate (%) Xq Literacy rate (%)
Xs Human Development Index (%) X0 Government Program Beneficiaries (%)

2.2 Analysis Procedure

The data analysis method used in this study is a quantitative method with the following procedures:

1. Conducting descriptive data analysis.

2. Scaling measurements on research data with a standardization process is an initial step in the
process of clustering cities/districts based on poverty indicators.

3. Conducting the clustering procedure using the K-Means method (Afifi et al.,

2020; Wierzchon

and Klopotek, 2018; Kassambara, 2017). The K-Means cluster formation algorithm is as
follows:

a. Determining k the number of clusters to be formed.
Determining the initial k centroids randomly.
Calculating the distance of each data to each centroid.
Clustering each data to the nearest centroids.
Determining the position of the new centroids by calculating the average value of the data
located on the same centroids.

f. Running this process iteratively until there are no more changes in the clustering.
In this case, the cluster formation procedure will be based on the euclidean distance (Afifi et al.,
2020; Wierzchon and Klopotek, 2018). The euclidean distance from the i*" object to the ]th
object is defined as follows:

® o0 o

p
> G = )? )
k=1

. Selecting the best number of clusters by using the size of the icd rate and the coefficient of
determination (Rahayu et al., 2018; Hayes and Moulton, 2017). The coefficient of determination

for ¢ groups, p variables, n, and data in the it" group is defined as follows:
(SST — SSW)

2 _ 2
) R SST @)
with,
Ne ¢ 14
SST = (xk — xF)? ©)
i=1j=1k=1
ne ¢ 14
SSW = (xk — xf)? (4)
i=1j=1k=1

In addition, the criteria for selecting the best cluster can be based on the icd rate (Rahayu et al.,
2018). The better the results of clustering the smaller the icd rate. Mathematically, the icd rate
can be written as follows:

icd rate = 1 — R? (5)
. Conducting multivariate data distribution assumption testing and continue with MANOVA
testing if the assumptions are met. The significance level used in this study is 5%. The test
statistics that apply in this test are as follows:
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W]
TIB+ W] ()

*

with,
W': Matrix Sum of Square Residuals
B: Matrix Sum of Square Treatment
If ¢ is the number of groups and n,, is the number of members in the ¢ group, then the valid test
criterion Hyis rejected if A" > F,, _1 ,_ (@)

6. Displaying the best clustering results in the form of a map graphic and identifies the
characteristics of each cluster formed.

7. Providing policy recommendations to improve people's welfare based on the results of the
clustering that has been carried out.

3. Result and Discussion

3.1 Overview of Poverty Indicators in Indonesia

Indonesia has 34 provinces with total of 514 cities and districts. Each city or district has its own
special characteristics. In September 2020, BPS recorded that the total number of poor people in
Indonesia was 27.55 million people. The average poverty line is Rp441,580. On average, there are
41.63% of poor people over 15 years old that do not work in every city or district. Based on all of
cities and districts in Indonesia, there are 27% cities and districts that has school enrollment rate of
100%. As for the literacy rate, 32% of cities and districts have reached 100%. The summary of the
highest and lowest score for each research variable can be seen in Table 2. Based on Table 2, it can
be seen that only 2% of cities and districts in Indonesia where all poor households have access to
eligible water, and only 6% have their latrines. These percentages counted by comparing the
number of cities or district showed in Table 2 (column Location) with a total 514 cities and districts
that observed. The lowest score for unemployment rates, school enrollment rates, HDI, users of
their latrines, eligible water users, and literacy rates are in cities or districts in Papua Province.

Table 2: Descriptive Summary of Data Score on Each Research Variable.

Variable Highest _ Lowest _
Score Location Score Location

X1 465,670 people Bogor District 1,360 people Sawah Lunto Town
Xz Rp1,021,759 Jayapura City Rp248,184 Buton Selatan District
X3 65.85 % Tomohon Town 4.16 % Lanny Jaya District
X4 100 % 139 cities and districts 36.91 % Puncak District
Xs 86.61 % Yogyakarta City 31.55 % Nduga District
X 82.08 % Alor District 46.51 % Ternate City
X5 100 % 10 cities and districts 2.12 % Mamberamo Tengah District
Xg 100 % 32 cities and districts 211 % Puncak District
X 100 % 162 cities and districts 16.55 % Lanny Jaya District
Xio 67.27 % Sabu Raijua District 0% 38 cities and districts

3.2 District and City Clustering based on Poverty Indicators

Before clustering analysis conducted, each variable of the research data must have the same
measurement scale. In this case, not all research variables have the same measurement scale so that
the standardization process for each variable should be carried out. Furthermore, using the K-
Means procedure, the results of the clustering along with the cluster goodness measurements for
each possible number of clusters were obtained as presented in Table 3.

Based on Table 3, it can be seen that the coefficient of determination increases with the increase
in the number of clusters, and the value of the icd rate decreases with the increase in the number of
clusters. This shows that the clustering with the number of clusters as many as 8 gives optimal
results. The coefficient of determination of 49.79% indicates a value as large as the data that can be
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explained by each cluster. This value almost reaches 50% which is at the intermediate level so that
the clustering results can be said to have been optimal.

Table 3: Selection of The Optimal Number of Clusters.

Cluster Goodness Measures Cluster Goodness Measures
Number of Coefficient of Number of Coefficient of
Clusters L lcd Rate Clusters o lIcd Rate
Determination Determination
3 20.01% 79.98% 6 44.78% 55.21%
4 32.52% 67.47% 7 45.95% 54.04%
5 40.71% 59.28% 8 49.79% 50.02%

The clustering results obtained with the number of clusters as many as 8 showed the distribution
of districts and cities in various ways. Each poverty level cluster contains 130, 76, 126, 98, 66, 5, 5,
and 8 districts and cities, respectively. In order to ensure that the results of the cluster have high
homogeneity in each cluster, it is necessary to carry out a MANOVA test to see if there are
differences in each cluster that has been formed. Basic assumption before conducting MANOVA
test, which was normally distributed data in multivariate ways, is fulfilled. In addition, testing the
correlation between the value of the Mahalanobis distance and the chi-square value shows a
significant result with a Pearson correlation value of 0.823 with p-value equal to 0.000.
Furthermore, the MANOVA test shows that all variables are significant with p-value 0.000. At an
error rate of 5%, it can be concluded that each of these variables show a difference in the results of
the clustering that has been done. In other words, the homogeneity of each cluster formed and the
heterogeneity between clusters is relatively high. Thus, the results of clustering through the K-
Means method with total of 8 clusters are feasible to use. Based on this mapping, each cluster is
classified according to its poverty level. The results of the clustering are presented in the form of
the map shown in Figure 1. Based on Figure 1, eight colors indicate the poverty level of a region. A
solid red color for cluster VIII which indicates the districts or cities that are very poor, to pale white
for cluster | which indicates areas of districts or cities that are very not poor.
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Figure 1: Mapping of Areas Based on Poverty Levels in Indonesia.

3.3 Characteristics of Poverty Level Clusters in Indonesia

Based on the cluster analysis in the previous section, it was found that the poverty rate in terms of
various poverty indicators in each district and city formed 8 clusters. This indicates that there is a
gap which is indicated by the level of poverty between districts and cities, which varies greatly by
forming 8 levels. Efforts to overcome poverty problems in Indonesia must be carried out following
the problems faced by each cluster. By identifying the characteristics of each poverty level cluster,
efforts to overcome poverty can be carried out on target. The characteristics of each cluster that has
been formed are presented in Table 4.
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Table 4: Cluster Characteristics.

Cluster I (very not poor)

1. The regions with the highest school enrollment and literacy rates, and had the highest HDI scores
compared to other cluster areas.

2. In the housing facilities sector, people in this area have had access to safe water and have their latrines
with the highest percentage compared to areas in other clusters.

3. The level of expenditure per capita for food in this cluster is the smallest so that the community provides
a relatively larger portion of expenditure for other needs besides food.

4. The number of poor people and the percentage of people who receive assistance from the government is
moderate.

5. The poverty line is relatively high even though it is still below Cluster VI and the unemployment rate for
the poor is the highest in this region.

Cluster 11 (not poor)

1. The number of poor people in this area is the lowest.

2. The unemployment rate for the poor, school enrollment and literacy rates, per capita expenditure on food,
users of eligible water and latrines themselves, and the HDI score tended to be in the middle by not being
included in the highest or lowest categories.

3. However, the poverty line in this region is relatively high, being slightly below Cluster 1.

Cluster 111 (fairly not poor)

1. The poverty line and the percentage of people using eligible water in this area are in a good category,
slightly below Cluster I.

2. The per capita expenditure on food in this region is the largest compared to other cluster areas.

3. The number of poor people, unemployment rates, school enrollment, and literacy rates, users of their
latrines, government assistance programs, and HDI scores are in the middle category.

Cluster 1V (tend not to be poor)
1. There is no single poverty indicator that stands out, either the highest or the lowest, in this cluster area.
2. In other words, all indicators are in the medium value category.

Cluster V (tend to be poor)

1. The number of poor people in this cluster area is very high and is accompanied by a very high percentage
of government assistance to the poor.

2. The unemployment rate for the poor is relatively high with the second-highest ranking, which is one
level below Cluster I.

3. People who already have their latrines are relatively high, which is one level below Cluster I.

Cluster VI (fairly poor)

1. The percentage of people who do not have their latrine is very high.

2. The number of poor people and the poverty line is the lowest.

3. However, various other indicators such as school enrollment and literacy rates and IPM scores tended to
have low scores.

Cluster V11 (poor)
1. The percentage of literacy rate is very low and the percentage of eligible water users is very low.
2. The unemployment rate for the poor and government assistance programs in the region is the lowest.

Cluster VIII (very poor)

1. The poverty line is very high and is accompanied by a low enrollment rate.

2. The HDI value in this region is the lowest compared to areas in other clusters.

3. The percentage of government aid programs in this region is very low, which is the same as in Cluster I1.

3.4 Public Welfare Policy Recommendations

People's welfare can be achieved if the poverty problem can be resolved. However, the problem of
poverty is complex so that a partial policy will find it difficult to solve the main problem. By
considering various poverty indicators as a whole, the main problems of poverty in each cluster can
be seen in Table 5.

Policy recommendations in actualizing people’s welfare will be based on each characteristic
and main problem of the poverty level mapping that has been carried out. Thus, each policy
recommendation will be appropriate and answer every major problem of poverty in different
clusters. In summary, policy recommendations that need to be carried out to overcome the poverty
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problem are presented in Figure 2. By implementing a policy strategy that is following the main
problems in each cluster, efforts to resolve the problem of poverty will run more precisely and
more comprehensively so that people's welfare can be realized.

Table 5: Main Problem in Each Cluster

Cluster Main Problem
Cluster | Very high unemployment rate (number of unemployed).
Cluster 11 In general, there are no poor indicators of poverty.
Cluster 111 | The per capita expenditure on food is very high.

Cluster IV | Various aspects of poverty indicators in this region show a score that is not bad,
although it is still lower than Cluster II.
Cluster V Dominated by a high number of poor people.
Cluster VI | The number of households that use their latrines is low.
Cluster VIl | Decent eligible water users and low literacy rates.
Cluster VIII | High poverty line, very low enrollment rates, and low HDI scores.
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ClusterV | Cluster I
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Figure 2. Policy Recommendations for Realizing People’s Welfare.

4. Conclusions

In general, the problem of poverty in Indonesia is dominated by the eastern part of Indonesia,
especially the province of Papua, which is characterized by low school enrollment and literacy
rates. In addition, the percentage of poor households that use eligible water and latrines is the
lowest compared to other cities/districts, so the HDI value in this region tends to below. By using
the K-Means cluster method which is validated with the coefficient of determination and icd rate, 8
clusters of poverty levels are formed. The numbers of members for each cluster from least poor to
very poor are 130, 76, 126, 98, 66, 5, 5, and 8 districts or cities. In addition, cluster analysis testing
through the MANOVA test also showed significant results so that the results of the area mapping
carried out were feasible to use. The characteristics of the level of poverty that occur in each
regional cluster are very diverse. In cluster VIII which is included in the very poor category, the
poverty line is very high. Meanwhile, the school enrollment rate and the HDI score are very low.
The opposite occurred in the cluster | which was categorized as not very poor. In this region,
various poverty indicators show good scores, even though the unemployment rate for the poor is
very high. Policies that are made need to be adjusted to the main problems in each cluster of
districts and cities. Thus, people's welfare can be realized.
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