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1. Introduction

One of the phenomena arising when carrying out
development in various parts of the world is the
inequality of development between regions.
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Inequality here means that there have been
differences in the level of achievement of
develogmen, welire,and econcrc growth in each

gi Various strategies have been used to

minimize development inequality [2]. Development
inequality is influenced by several factors: statistical
jata on_development achievements have not been

sed optimally [3], the govemment fails to prioritize
areas that will become the main a
development process [4] and there are political
reasons like the intention to fulfil the interesis of
certain people or groups and decentralized fiscal
policy [51(6]{7].

erc are many methods to identify regional
development disparities, especially in the regional
economy. One of them is the Klassen typology. The
Klassen method classifies regions based on economic
‘growth indicators [£], [9]. The results of the Klassen
grouping divide the region into four quadrants,

sed
potential areas, meaning that they still have the
possibility of developing rapidly. Meanwhile,
quadrant 1V is a group of relatively underdeveloped
areas. To classify regions into these quadrants, one of
the indicators used is the value of the rate of
development growth. In the Klassen method. the
development growth rate is calculated for the
analysed arca and the reference area.

However, the calculation of the growth rate is
considered unfair. The growth rate of the analyzed
area is calculated based on its own achievement data.
It also applies to the growth rate of the reference
area. No proportions of any kind are applied here.
The calculation of the growth rate, both the analyzed
area and the reference area, scems to be two
unrelated things. In fact, data of the reference area
are obtained from the total development data of a
number of existing analyzed areas. The calculation of
the growth rate allows a region to have a slower
‘growth rate than other regions even though the region
has a higher GRDP value achievement than other
regions. Table 1 illustrates the unfair use of the
growth rate.
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Abstract — Equitable regional development is still
difficult to implement. Many interests in determining
regional development priorities make it difficult to
realize the main goals of national development.
Political interests and the underutilization of regional
statistical data are often other obstacles in carrying out
regional development. This study aims to classify
regional development data to be used to analyse
existing development inequalit Gross regional
domestic income (GRDP) data is the main data in this
study. The researcher wused the hierarchical
agglomerative clustering (HAC) technique. The results
of the cluster can be used as a consideration for local
governments to determine future regional development
priorities. In addition, visualized cluster results in the
form of a dendrogram can show the proximity of
development inequality between regions.
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One of the phenomena arising when carrying out
development in various parts of the world is the
inequality of development between regions.
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Inequality EEfre means that there have been
differences in the level of achievement of
development, welfare, and economic growth in each
region [1]. Various strategies have been used to
minimize development inequality [2]. Development
inequality is influenced by several factors: statistical
data on development achievements have not been
used optimally [3], the govemment fails to prioritize
arcas that will become the main activity in the
development process [4] and there are political
reasons like the intention to fulfil the interests of
certain people or groups and decentralized fiscal
policy [S].[6].[7].

There are many methods to identify regional
development disparities, especially in the regional
economy. One of them is the Klassen typology. The
Klassen method classifies regions based on economic
growth indicators [8], [9]. The results of the Klassen
grouping divide the region into four quadrants.
Quadrant I is a group of developed and rapidly
growing regions. Quadrant II is a group of developed
but stressed regions. Quadrant III is a group of
potential areas, meaning that they still have the
possibility of developing rapidly. Meanwhile,
quadrant IV is a group of relatively underdeveloped
areas. To classify regions into these quadrants, one of
the indicators used is the value of the rate of
development growth. In the Klassen method, the
development growth rate is calculated for the
analysed area and the reference area.

However, the calculation of the growth rate is
considered unfair. The growth rate of the analyzed
area is calculated based on its own achievement data.
It also applies to the growth rate of the reference
area. No proportions of any kind are applied here.
The calculation of the growth rate, both the analyzed
area and the reference area, seems to be two
unrelated things. In fact, data of the reference area
are obtained from the total development data of a
number of existing analyzed areas. The calculation of
the growth rate allows a region to have a slower
growth rate than other regions even though the region
has a higher GRDP value achievement than other
regions. Table 1 illustrates the unfair use of the
growth rate.

TEM Journal = Volume 12 / Number 2 / 2023.
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Table I. The illustration of the unfair use of the growth rate

Region Previous year's GDP Current Year's GRDP Development growth rate
Region A 247,686,648 265,892,081 0.0735
Region B 15,038,460 16,176,981 00757
Region C 10,119,547 11,217,718 0.1085

Table 1 shows that Region A has a higher GRDP
than Regions B and C but has a lower development
growth rate. Based on this reason, this research was
conducted by providing alternative modelling of
regional development inequality grouping using a
data mining approach. Data mining provides a
grouping solution based on the similarity between
one data and another. This similarity value is
obtained by calculating the distance between two
objects. This way, inequality in the growth rate
between regions with differences in the value of the
GRDP indicator can be minimized. Moreover, the
classification of development inequalities between
regions can be processed fairly. Data mining is a
technique commonly used to find new patterns and
trends in data and the correlations in it [10]. In a
more specific context, data mining aims to
understand large amounts of unsupervised data [11].
In wvarious cases, data mining has been widely
implemented in various domains, such as education
[12], [13], health [14], [15], prediction of landslide
movement [16], extraction of weblog data patterns to
create adaptive websites [17], and grouping of drug
supplies at community health centers [ 18].

For the regional economy, especially the grouping
of development achievements or regional
development imbalances, data mining has been
widely used for the past few years. Some of its uses
are to analyze the development inequality with fuzzy
clustering in Ukraine [19], to explore the regional
inequality in the Republic of Croatia and Portugal
using socio-economic indicators [20], [21], and to
analyze the inequality in European Union states
based on regional competitiveness [22], [23]. In
addition, data mining is also used to analyze regional
inequality in the Czech Republic [24] and Pakistan
[25] and to provide development policy
recommendations based on the results of the
grouping of development inequality [26].

Most research applies the exclusive clustering
technique, where areas are grouped with a firm
degree of membership. The results of the grouping
are not able to find patterns of proximity to
inequality and development achievements between
regions. Therefore, this study presents alternative
modelling of regional clustering using an overlapping
clustering technique. This research begins with a
question about how to group development
inequalities between regions and at the same time

TEM Journal — Volume 12 / Number 2 /2023.

knowing how close the inequality is to the owverall
data analyzed (in this case, regional development
data). So that policymakers (such as the government)
know that an area can not only be grouped into a
cluster, but can also find out the closeness of
development inequality between regions, both inside
and outside the cluster that is formed. One alterative
grouping technique that can be used is hierarchical
agglomerative clustering (HAC). This technique is
not only able to classify inequalities between regions
but also visualizes the pattern of the proximity of
inequalities. The grouping of data is based on the
similarity value between the data used. Thus,
grouping development inequalities using the HAC
technique is believed to give more representative
results.

There are four HAC techniques used, namely
single, complete, average, and ward linkage methods.
This study uses GRDP data from one of the
provinces in Indonesia, namely Banten Province.
There are eight regions (consisting of regencies and
municipalities) which are the main focus of this
research. The study results show that the eight
regencies/ municipalities in Banten Province are
generally grouped into two large cluster groups. The
first cluster group (Cl) consists of Tangerang City
and Tangerang Regency. Meanwhile, th§fecond
cluster group (C2) consists of Lebak Regency,
Serang City, Pandeglang Regency, Cilegon City and
South Tangerang City. The results of the cluster
show that one region with another region has a close
inequality of development. For example, the
Tangerang City and Tangerang Regency, have close
inequality of development based on the clusters
formed. Furthermore, if we look at the GRDP data
for the two regions, they both have adjacent GRDP
data. This also applies to other cluster results. The
historical aspect and geographical location of the
regions do not significantly influence the results of
the cluster.

2. Research Method and Data

This section is comprised of four subsections. The
first subsection describes the phases of the research;
the second, the problem-solving techniques utilized
in the research; the third, the data requirements; and
the fourth, the analytical tool employed.
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2.1. Research Method

This research begins with several preliminary
activities, such as literature study related to the
concept of development inequality, the use of
analytical methods from the regional economic
perspective, and the use of computational techniques
for data grouping. The next stage is data collection.

After data collection, the next step is to apply
general data mining, starting from data cleaning, data
pre-processing, and transformation to data analysis

activities, namely grouping GRDP data using
hierarchical agglomerative clustering (HAC). There
are two outcomes resulting from the grouping
activities in this study: first, information on regional
inequality clusters; second, the pattern of regional
inequality. The grouping results are then interpreted
to gain new knowledge by comparing the original
data and the actual conditions of the research area. In
general, the model for clustering patterns of
proximity to regffal development inequality based
on data mining in this study is shown in Figure 1.

( Raw Data h Regional Disparities Mining Process
(GRDP) ) . i
. e
T - Data Transt i
Cleaning » Transformation
: o ' Patterns
v ; |
| Target Data ,f | Transformed | | _ Regional
e Iy / Data f Disparities Cluster
. S : T B ' > L J
R | .
SR S F__L__T r — ,
GRDP | egional
Pre-Processing ) =
Database l Data J | | Clustering with || | Disparities Patterns |
HAC
e ‘ | .
li | Data Mining |
p )
[ Preprocessed /| | “~— — — — —
/ Data

Figure 1. Model of Grouping Patterns of Proximity of Regional Development Inequality

2.2. Hierarchical Agglomerative Clustering (HAC)

Hierarchical clustering is an unsupervised
algorithm that groups data with two mechanisms;
agglomerative or divisive. In this study,
agglomerative mechanism is used as analysis
technique to analyse GRDP data. An agglomerative
algorithm is grouping all data with bottom-up
approach. After all initial steps in data mining model
were fulfilled (from data cleaning until transformed
data), HAC was then utilized to group the GRDP,
generating two outputs. Each instance of data is
represented by a single cluster, which is then merged
until all clusters have been merged into a single
cluster containing all data. Here, the stages of data
cluster using HAC:

1. Preparing the data
2. Compute distance matrix. i.e. using Euclidean
Distance, Equation (1) as expressed:

n
doue(%,7) = (Z(’C* - y;-)Z)

=1

1/2

Where, x and y are two vectors of length n.
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3. Grouping two closeness of a single cluster. We
can use some technique, ie. single, complgfe,
average or ward linkage. Here, the form of linkage

function:
* Single linEffe — Equation (2):

f = min(d(x,y)) (2)
e Complete ge — Equation (3):

f = max(#x, ) @
e Average linkage — Equation (4):

f = average(d(x,y)) (4

e  Ward linkage — Equation (5):
f =ESS(XY) —[ESS(X) + ESS(Y)] (5)

Where the ESS is an Error Sum Square described
by the following Equation (6):

Nx Nx 2 (6)
ESS(O = ) ! >
= X;— —— xj
i=1 ij':l

Where |. | is an absolute value of a vector

4. Updating distance matrix
Repeat step 2 and 3 until one cluster left
6. Visualize the dendrogram

e
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2.3. Data

The data used in this study is gross regional
domestic income (GRDP) at constant prices for eight
districts/cities in Banten Province from 2005 to 2019.
The GRDP data consists of 17 sub-sectors that affect
the level of regional development achi@g@ment. The
GRDP sub-sectors are agricultural, forestry and
fishery; mining and digging; industrial processing;
gas and electricity; water supply; construction; big
WAl small trading, and vehicles reparation;
transportation and warchousing; accommodation and
food supply; information and communication;
financial services; real estate; company services;
government administration, defense and mandatory
social security; educational; health and social
adgvities; and another services.

The data was taken from the official website of the
Indonesia Statistics (BPS) of Banten Province and
cach city or district. In this study, we grouped data
into periodic groups and analyzed them to identify
additional  pattems of regional inequality
development. i.e. the data year 2005 and 2006 were
grouped into st periodic data, namely 2005-2006.

Kolmogorov-Smirnov is an implement to test the
normality of the data. Generally, data is normally
distritE§ahg, except one data (specifically 2005) that
has a Asymp.Sig. (2-tailed) value, lower than 0.05.
We hypothesize that the non-availability of GRDP
data for some regions in 2005 explains this
anomalous circumstance. We also use Skewness and
Kurtosis value to test the normality of the data. Both
technique shows that all the data are normally
distributing (with value Skewness and Kurtosis
between -1 until +1).

2.4. Analysis Tool

This research uses ORANGE software as an
analysis tool. GRDP data used in this study are
regional development data of Banten Province. The
data grouping stage using ORANGE begins with
designing workflows in the work window. There are
seven workflow components used for the clustering
stage. The first one is the File component as the data
source. The dataset is saved in the *.xls file extension
format and then configured to be retrieved with the
Files component. The contents of the dataset are
represented by the Data Table component. Distance
measurement is carried out using the Distance
component, then presented using the Distance Matrix
component by applying the Euclidean Distance
technique. The data normalization stage aims to
overcome the significant differences in the range of
GRDP values between regions.

TEM Journal — Volume 12 / Number 2 /2023.

The next stage is the grouping of development data
of which distances have been calculated. In this
study, the clustering technique uses the Hierarchical
Clustering component provided by ORANGE.
Several configurations are done to get the expected
result. TheEfdnfiguration in question is in the form of
selecting the hierarchical cluster method used,
namely single linkage, average linkage, complete
linkage, and ward linkage. The grouping results are
presented using two components. The first
component is the Box Plot, which functions to see
the value of the cluster results in terms of their
quartile values. The second component is a Data
Table, which presents clustered data.

3. Results

There are fourfgEjenarios for grouping development
inequality data. They are single, complete, average,
and ward linkage methods. The following explains
cach data grouping scenario that has been carried out.

3.1. Single Linkage Clustering Results

Theoretically, the single-linkage method groups
data based on the shortest distance of two data
objects whose distance has been measured. Each
object/data point is seen as a single cluster measured
by its distance from one another.

Figure 2 shows the results of the hierarchical
grouping of data using the single-linkage method in
the form of a dendrogram. In the dendrogram, it can
be seen that all regions are grouped into four cluster
groups. The first cluster group (Cl) contains three
regions, namely Pandeglang Regency, Lebak
Regency, and Serang City. In the initial grouping,
Lebak Regency was grouped with Serang City into
one new cluster group, then the results of the cluster
group of the two regions were regrouped into one
new cluster group, namely CI1.

The next cluster group is C2, which contains three
regions, namely Serang Regency and South
Tangerang City, which are then grouped into one
cluster group, and the cluster group formed is
regrouped with Cilegon City into a new cluster
group, namely C2. The next cluster groups are C3
and C4, each of which only consists of one area,
namely Tangerang City for C3 and Tangerang
Regency for C4. The C3 and C4 cluster groups then
form a new cluster group that is combined with the
C2 cluster group. In the end, the C2 cluster group is
then combined with C1 into a single cluster group.
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Figure 2. Results of Single Linkage Hierarchical Clustering
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Figure 3. Silhouette Score Visualization of Single Linkage Clustering Results

13

Visualization of clusters g the form of a
dendrogram, as shown in Figure 2, shows areas with
the proximity of development inequalities. For
example, based on the exploration of the GRDP
dataset from 2005 to 2019, Lebak Regency and
Serang City turned out to have development
achievements with GRDP values that were close to
cach other. Therefore, from a visual perspective and
the results of measuring the distance between data
objects, it is very reasonable for the two regions to be
grouped into one adjacent cluster group even though
Serang City and Lebak Regency are geographically
not very close. It means that the position of Serang
City is separated by Serang Regency. Lebak Regency
is geographically actually side by side with
Pandeglang  Regency, so the development
achievement data have almost the same
characteristics. Therefore, based on the GRDP
dataset obtained and the results of distance
measurements, Lebak and Pandeglang regencies are
grouped into the same cluster group. This condition
also applies to other regions. The results of the
cluster formed represent the proximity of the
development achievements of one region to another.
In this case, geographic location does not

684

significantly affect cluster results. However, in
certain areas, the geographical location also has a
[Efse position to one another, if explored further. For
Serang Regency, Cilegon City and South Tangerang
City are grouped into the same cluster group.
Meanwhile, Tangerang City and Tangerang Regency
are a single cluster, which is then combined into one
large cluster group. When viewed from the GRDP
dataset, the two regions have GRDP values far above
the other six regions.

To test the consistency of cluster results, this study
also performed measurements using the Silhouette
method. The Silhouette plot component is added to
the workflow to test the consistency of each data
object when it is a member of a particular cluster. A
high silhouette score indicates that the cluster is very
good. Table 2 shows the silhouette scores of each
cluster group, while Figure 3 shows the visualization
of the silhouette scores.

Table 2 shows that most C1 cluster members have
a silhouette score close to 1, so this cluster is very
good. Meanwhile, the C2 cluster has a silhouette
score ranging from 0.6, while one member has a
score of 0.15. A very significant difference is shown
in clusters C3 and C4, with a silhouette score of zero.

TEM Journal —Volume 12 / Number 2 / 2023.
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Table 2. Silhouette Score of Clustering Results with Single Linkage Method

No | Name of Regency Cluster Silhouette (Cluster)
1 | Pandeglang Regency Cl 0.947481
2 | Lebak Regency Cl 0.960455
3 | Cilegon City Cc2 0.15237
4 | Serang City Cl 0.944494
5 | Serang Regency Cc2 0.626007
6 | South Tangerang City Cc2 0.639075
7 | Tangerang City C3 0
8 | Tangerang Regency C4 0

3.2. Complete Linkage Clustering Results
13

Complete linkage groups data objects #ﬂ a new
cluster group based on the furthest distance between
two single clusters (@& objects), and this is, of
course, contrary to the single linkage method,
wherein single linkage, two data objects are grouped
based on the shortest distance between them. That is,
visually, the results of the cluster dendrogram are the
opposite of a single linkage. Figure 4 shows a
dendrogram of cluster results with complete linkage;

the grouping results are divided into two main cluster
groups, Cl and C2; the Cl cluster group has
members in the form of Tangerang Regency and
Tangerang City. C2 contains the results of five times
the grouping process from the previous single and
group clusters. For example, a single cluster of Lebak
Regency and Serang City then forms a cluster group.
The combined results of the two are then combined
into one cluster group with Pandeglang Regency (to
make it easier to pronounce, the result of combining
these three areas is called C2.1).

cif Tangerang City

Tangerang Regency
Pandeglang Regency

—

l—E Lebak Regency
Serang City

I Cllegon City

4

|—: Serang Regency
South Tangerang City

Figure 4. Clustering Results with Complete Linkage Method

South Tangerang City and Serang Regency were
combined into one cluster group, then combined with
Cilegon City to form a new cluster group (C2.2). The
results from C2.1 and C2.2 are then combined into
one large cluster group, namely C2. The main cluster
in this complete linkage is formed from C1 and C2.
Visually as in Figure 3, it can be seen that the
position of the cluster group formed for each region
has not changed; what is different is the location of
the cluster group formed, and this is very reasonable
considering that complete linkage groups data based
on the furthest distance from the two data objects.

TEM Journal — Volume 12 / Number 2 /2023.

As with the single linkage method, the consistency
of the cluster results is also checked by looking at the
silhouette score in this complete linkage. Table 3
shows that cluster C1 has a silhouette value that is
higher than C2 or tends to be close to the value 1. So
it can be said that the cluster formed is very good. As
for the results of cluster C2, most of them are
dominated by scores that tend to approach 1,
although there is one member of the cluster, namely
Cilegon City, which has a negative silhouette score (-
0.21576). Figure 5 shows the silhouette scares for all
cluster members using the complete linkage method.
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Figure 5. Visualization of Silhouette Score of Clustering Results with Complete Linkage Method

3.3. Average Linkage Clustering Results

The concept of grouping with the average linkage
method emphasizes the merging of two data objects
based on the average distance between them.

The results of regional development data grouping
with average linkage are shown in Figure 6.

2

: iy ] Tangerang City
T L Tangerang Regency
! [ Pandeglang Regency
| |_|: Lebak Regency
; cz Serang City
' Cilagon City
! —‘_: Serang Regency
' South Tangerang City
| .' . ‘.
Figure 6. Clustering Results with Average Linkage Method
Table 3. Silhouette Score of Clustering Results with Average Linkage Method
No Name of Regency Cluster Silhouette (Cluster)

1 Pandeglang Regency C2 0.695003

2 Lebak Regency C2 0.700629

3 Cilegon City C2 -0.21576

4 Serang City C2 0.702694

5 Serang Regency C2 0.492703

6 South Tangerang City C2 0.478032

7 Tangerang City Cl 0.765408

8 Tangerang Regency Cl 0.695779

The grouping results using the average linkage
method are not different from that of complete
linkage. The number of main group clusters and the
cluster group’s position for each region have also
remained unchanged. It should also be noted that the
configuration of distance and other measurements is
no different from the single or complete linkage
method. In other words, in the case of this study, it
can be said that the cluster results between average
linkage and complete have the same results.

At the same time, the silhouette score for the
average linkage is shown in Table 3.

686

3.4. Ward Linkage Cluster Results

The main procedure of the ward linkage method is
B)eroup two data objects (single cluster) based on
the total sum of squares in each variable. This
method is indeed more different than single,
complete, and average linkage. The results of the
cluster with ward linkage are shown in Figure 7.

The cluster results for the three HAC techniques
(i.e. complete, average, and ward linkage) have the
same outcomes. Visually, the dendrogram is not
different, even though it has different silhouette
scores from one another.

TEM Journal —Volume 12 / Number 2 / 2023.
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In clusters using the ward linkage technique, group (C2). The two cluster groups were then
Tangerang City and Tangerang Regency are grouped regrouped into a new single cluster forming a
into one cluster group (Cl). In contrast, other hierarchy (see Figure 7).
regencies/cities are grouped into another cluster

C1 :I Tangerang City
Tangerang Regency
[ Pandeglang Regency
LE Lebak Regency
Serang City
- | CiegonCity
|_|: Serang Regency

South Tangerang City

2

Figure 7. Clustering Results with Ward Linkage

4. Discussion 4.1. Changes in the Pattern of Proximity of Development
Inequality Clustering Results

In the discussion section, we discuss two aspects of

the research findings. First, a discussion of variations

in regional development inequality patterns based on

periodic cluster results. Second, an analysis of cluster

outcomes regarding regional conditions and
development accomplishments.

Data clustering scenarios are applied to four
different HAC techniques. To find out more about
the extent to which the patterns of the proximity of
inequality between regions have changed, this study
also carried out an additional scenario, namely the
grouping of GRDP data every two years. For
example, based on data from 2005-2006, 2006-2007,
and so on until 2018-2019.

Table 4. Patterns of Changes in the Position of Development Inequality

Periods
Name of Regency 2008- 2010-
2005-2006  2006-2007  200EW08 2009 2009-2010 2011 2011-2012
Lebak Regefly C7 C7 Cs cs [16] C2 c3
Pandeglang Regency C5 C5 C4 C4 c2 Cl Cc2
Tangerang Regency c2 c2 (& C8 C8 Cs Cs5
Tangerang City Cl Cl Co6 Co C4 C4
South Tangerang City Ccé6 Cc8 Cc3 Cc3 Ccs C8 C8
Cilegon City c3 Cc3 Cc7 Cc7 Cc7 C6 C6
Serang City C8 Co c2 c2 Cl Cc3 C1
Serang Regency C4 C4 C8 Cl C4 Cc7 c7
Periods
Name of Regency 2015. 2017-
2012-2013  2013-2014  2014-2015 2016 2016-2017 2018 2018-2019
Lebak che&r w c3 @ c3 c3 c3 c3
Pandeglang Regency c2 c2 Cc2 Cc2 c2 c2 c2
Tangerang Regency C5 C5 C5 C5 C5 C5 (85
Tangerang City c4 C4 C4 C4 Cc4 C4 Cc4
South Tangerang City C8 C8 C8 C8 Cc8 C8 C8
Cilegon City Cé c6 C6 C6 Co c6 Co
Serang City Cl1 Cl Cl ﬁl Cl Cl Cl
Serang Regency C7 C7 C7 C7 C7 C7 C7

The grouping results show that the pattern of 2011. From 2011 to 2019, the pattern of changes in
changes in the position of proximity to development the position of proximity to development inequality
inequality occurred very significantly from 2005 to  tended not to happen.
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Table 4 shows the position of the cluster for each
region based on the data period every two years. C1
notation represents the first single cluster, and so on
for C2 to C8. The presentation of cluster results into
a single cluster is intended to see changes in patterns
more clearly. For example, in Table 4, Lebak
Regency experienced a change in its cluster position
from 2006-2007 to 2007-2008 and from 2008-2009
to 2009-2010. The rest did not experience a change
in cluster position. The reading of the table matrix of
the pattern of the proximity of inequality between
regions is read with two approaches. The row
Approach represents the cluster change for each data
period. The column approach represents the pattern
of the proximity of development inequality between
regions. For example, Tangerang City (Cl) and
Tangerang Regency (C2) have a pattern of unequal
proximity to each other. Tangerang Regency (C2)
and Cilegon City (C3) are also indicated to have a
close pattern of development inequality between the
two. And so on for other areas.

4.2, Analysis
Conditions

of Clustering Results on Regional

The next stage of this research is the interpretation
of cluster results on the conditions of each region.
The interpretation stage is done by looking at two
conditions. The first one is based on the cluster
results obtained, and the second is determined by the
worth of development accomplishments and a bit of
historical development of the area that is being
interpreted. Based on the first point of view, it does
not differ from one technique to another. A
significant difference is seen in the single linkage
cluster results. However, the areas that are the
outputs of single linkage clusters are no different
from other regions. Single linkage clusters the region
into three cluster groups. The other three techniques
(complete, average, and ward) cluster the region into
two groups. In this interpretation stage, we will
interpret the cluster results based on the ward linkage
approach to facilitate the discussion. Although it is
possible to use the results from other techniques
because all of them give the same cluster group
results, the researcher chooses one technique to
discuss.

As shown in Figure 6, Tangerang City and
Tangerang Regency are grouped into the same
cluster group.

Geographically, these two regions have close
positions separated by certain administrative
boundaries. So it is very reasonable if the two regions
are grouped in the same cluster group. However, the
interpretation of the cluster output by looking at the
geographical location alone is certainly not enough.
Pay attention to the City of South Tangerang.
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Geographically, South Tangerang City is also close
to Tangerang City and Tangerang Regency.
However, why is South Tangerang clustered into a
different cluster group (not together with Tangerang
City and Tangerang Regency)? To answer this, we
can look at development achievement data based on
the GRDP value of each regency/city.

Based on the GRDP data for each regency/city, it
@ known that the development achievements of
South Tangerang City tend to approach the
development achievements of other regencies/cities
which are geographically not clof) to the Greater
Tangerang area, and this is why South Tangerang
City is not grouped into the same cluster group as
Tangerang [EFity and Tangerang  Regency.
Historically, South Tangerang City is a new area in
Tangerang Raya and was only established in 2008. In
contrast to Tangerang City and Tangerang Regency,
which have been around for a long time, it is natural
to have developm@hit achievements far from their
neighboring areas (South Tangerang City). There is a
possibility in the next five to ten years that the City
of South Tangerang will accelerate away from the
achievements of other regional developments that are
one cluster group at the same time. It can be seen in
increasing development achievement (GRDP value),
which is significant every year.

Therefore, based on the GRDP value data, we can
answer why South Tangerang City is not grouped
with the other two regions in the same cluster group
even though they are geographically located. The
visualization of the Dendrogram ward linkage, as
shown in Figure 6, also shows that Serang City and
Lebak Regency are grouped into the same cluster
group. Then the two are clustered into one new
cluster group. Geographically, Lebak Regency is
closer to Pandeglang Regency, while Serang City is
close to Serang Regency. Serang City is
geographically located far from both Lebak Regency
and Pandeglang Regency. However, Serang City and
Lebak Regency were clustered into the same cluster
group for the first time. Then, Pandeglang Regency
was combined into one cluster group.

Geographically, it does not make sense, but by
looking at the GRDP data owned by Serang City and
Lebak Regency, it is seen the reason Serang City and
Lebak Regency clustered into one cluster group.
Likewise, premises other regions.

Serang Regency is clustered with South Tangerang
City to form a new cluster group, then merged with
Cilegon City to create a larger cluster group. They
were combined with the combined cluster group of
Serang City and Lebak Regency, and Pandeglang
Regency to form a larger cluster group, namely C2.
Historically and geographically, some are close
together.
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However, each region has different development
achievements, so adjacent regions are not clustered in
one group and vice versa.

The results of the formed clusters also show how
the pattern of regional inequality is close to one
another. Cl cluster group, for example, contains
three areas that have development inequalities that
are close to each other. Tangerang City and
Tangerang Regency have a rapid development gap.
The inequality range is quite far compared to the
regencies’/cities members of the C2 cluster group.
The C2 cluster group is divided into two sub-cluster
groups representing the closeness of development
inequality between regions. The first sub-cluster
consists of Serang City and Lebak Regency, which
have the closest inequality level. These two regions
are clustered based on the closest inequality level to
other regions, namely Pandeglang Regency. The
second sub-cluster of C2 shows South Tangerang
City and Serang Regency, which have close
development inequality, which forms a sub-cluster
and then merges with Cilegon City to form a sub-
cluster sub-group which will eventually form the C2
cluster group. This pattern of proximity to
development inequality can only be seen with the
concept of hierarchical grouping. Each region with a
close level of inequality will be clustered according
to its development achievements.

5. Conclusion

The clustering results with HAC using four cluster
techniques show that Tangerang City and Tangerang
Regency are clustered into the same cluster group
(Cl). In contrast, other areas, namely South
Tangerang City, Serang City, Cilegon City,
Pandeglang, and Lebak Regencies, are also clustered
into different cluster groups (C2). The grouping of
the eight regions in Banten Province using the cluster
technique, indicates the closeness of development
inequality between regions. Cluster members in Cl
and C2 contain areas with development inequality
that are close to each other. This can be confirmed
from the regional GRDP value of each member of
the C1 cluster. This also shows that the value of
GRDP has a fairly close relationship to determine the
grouping of development inequality in a region.

Geographical and historical analyses were also
carried out to interpret the grouping results, although
they did not have a significant relationship.

Some areas are geographically close togefr, such
as Lebak Regency with Tangerang Regency,
Pandeglang Regency with Serang Regency and South
Tangerang City with Tangerang City. However,
geographical location does not affect the results of
the clusters formed.

TEM Journal — Volume 12 / Number 2 /2023.

For example, although Lebak Regency is
geographically close to Tangerang Regency, the two
are not in the same cluster. Likewise, between the
City of Tangerang and the City of South Tangerang,
geographically the two are close together, but in fact
they are classified in different groups of development
inequalities. Regional groupings do not consider the
historical and geographical location of
regencies/cities. However, they are based on data on
the value of regional development achievements in
the form of GRDP. With this hierarchical grouping, it
is seen the closeness of development inequality
between one region and another so that it can be
taken into consideration by local govemments to
determine  priorities for future development
directions: which regencies/cities need top [friority,
and which ones should be lowered so that the
distribution of regional development in Banten
Province can be realized.
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