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Abstract

Purpose: This study is aimed to map the provinces in Indonesia based on the education and ICT indicators using several unsupervised
learning algorithms. Research design, data, and methodology: The education and ICT indicators such as student-teacher ratio,
illiteracy rate, net enrolment ratio, internet access, computer ownership, are used. Several approaches to get deeper understanding on
provincial strength and weakness based on these indicators are implemented. The approaches are Ensemble K-Mean and Fuzzy C Means
clustering. Results: There are at least three clusters observed in Indonesia the education quality, participation, facilities and ICT Access.
Cluster with high education quality and ICT access are consist of DKI Jakarta, Yogyakarta, Riau Islands, East Kalimantan and Bali.
These provinces show rapid economic growth. Meanwhile the other cluster consisting of six provinces (NTT, West Kalimantan, Central
Sulawesi, West Sulawesi, North Maluku, and Papua) are the cluster with lower education quality and ICT development which impact
their economic growth. Conclusions: The provinces in Indonesia are clustered into three group based on the education attainment and
ICT indicators. Some provinces can directly implement e-learning; however, more provinces need to improve the education quality and
facilities as well as the ICT infrastructure before implementing the e-learning.
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1. Introduction

Ensuring inclusive and equitable quality education and
promoting lifelong learning opportunities for all is goal
number 4 of the Sustainable Development Goals defined by
the United Nations to be achieved by 2030. The goal has
seven targets, such as primary and secondary education and
Gender equality and inclusion. Achieving quality education
is also one of the main priorities in the national development
plan of Indonesia. As one of the major economies in
Southeast Asia, Indonesia, through its government, focuses
on its social and economic development. Hence, the
development of human capital is very crucial. Moreover, the
Indonesian  government has recently shifted the
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development focus from infrastructure to improving the
quality of human resources. However, Program for
International ~ Student Assessment (PISA) of the
Organization  for  Economic  Co-operation  and
Development’s (OECD) shows that the  Indonesian
students performs three years behind as compared to the
OECD average (OECD, 2019). Furthermore, United
Nations Development Program (UNDP) reports that
Indonesia’s Human Development Index (HDI) for 2020 was
ranked 107th out of 189 countries (UNDP, 2021).

The Indonesian government has placed the improvement
of the quality of basic education as the top development
priority. It is implemented by spending 20% of the
government expenditure for the educational development.
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In addition, the OECD has suggested that educational
development in Indonesia can be focused on quality,
participation, and efficiency. As the regions in Indonesia are
so many and diverse, understanding the strengths and
weaknesses of every region are important for efficiency of
the education development program for providing the right
policy for the right district/region.

Rapid technology development has led the education
system to adopt the ICT technology to improve the quality
of education attainments. The e-learning system nowadays
has become the main requirement for educational
institutions to support their learning activities. However, to
adopt e-learning, a large strategy from all stake holders
(governments, industries, private sectors, and communities)
and resources (e.g., Internet connection, electricity, etc.) for
optimal application are required. Moreover, a study aimed
to evaluate e-learning readiness of the schools and regions
needs to be performed to obtain the best strategy for the
development. As Indonesia is very diverse in terms of
geographics and infrastructure, it is needed to map the
provinces based on the education development and for e-
learning adoption readiness.

In general, the higher the education level of residents in a
country or region, the higher the level of economic progress
of the country/region. Improving the education system can
reduce the poverty level of a region (Nguyen & Nguyen
2019). Furthermore, Reza and Widodo (2013) have shown
that education has a positive impact on economic growth in
Indonesia. Although the impact is relatively different among
the provinces. The technology adoption in different sectors
is also expected to boost the country’s economic growth
(Parente, 1994). ICT development has been shown to have
a huge impact on regional economic growth (Agustina &
Pramana, 2019).

This study is aimed to map the province in Indonesia
based on the education and ICT indicators using several
unsupervised learning algorithms.

2. Research Methods and Materials
2.1. Data

For the study, 27 indicators obtained from BPS’ Statistics
Indonesia and Ministry of Education were used (see Table
1). These indicators measure four dimensions: Education
Quality, Participation, Facilities, and ICT Access.

2.2. Statistical Approach

To cluster the provinces based on these indicators, the
following  unsupervised learning approaches are
implemented and compared:

Table 1: Education Quality and ICT Access Indicators
Dimension

Indicators

Adult (15-59) Literacy Rate

Average Years of Schooling

Percentage of Qualified Teachers in Primary
School (PS)

Percentage of Qualified Teachers in Junior High
School (JHS))

Percentage of Qualified Teachers in Senior High
School (SHS)

Graduated rate in PS

Graduated rate in JHS

Graduated rate in SHS

Net Enrolment Ratio in higher education
Net Enroliment Ratio in JHS
Participation Net Enroliment Ratio in SHS

Dropout Rate in PS

Dropout Rate in JHS

Dropout Rate in SHS

Number of students per class PS
Number of students per class JHS
Number of students per class SHS
Ratio of Students per Schools PS
Ratio of Students per Schools JHS
Ratio of Students per Teachers PS
Ratio of Students per Teachers JHS
Ratio of Students per Teachers SHS

ICT Development

Percentage of Individuals with access to computer
Percentage of Individuals with access to mobile
cellular

Percentage of students with access to computer
Proportion of adults (15-59) with ICT skills

Quality

Facilities

ICT Access

2.2.1 K-Means

This method is one of the simplest and popular
unsupervised machine learning algorithms to find & clusters.
The k number of centroids is calculated using the mean-and
then allocating every data point to the nearest centroid. This
procedure is repeated to optimize the position of the
centroids until the centroids have stabilized or the defined
number of iterations has been achieved (Pramana et al.,
2018).

2.2.2. Fuzzy C-Means

This method is an improved method of K-Means
algorithm. This clustering technique permits a data item to
belong to some clusters with a defined fuzzy membership
grade. It is robust to extreme observation. The FCM
algorithm minimizes the following equation:

Jm(U, V) = i lZuff‘f‘}.\‘) — vi| 2

j=li=l

where u;; is cluster membership and
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(Bezdek, J. C., Robert, E., & William, F. (1984).

2.2.3. Cluster Validation Index

The biggest challenge in clustering is to check how good
the clustering result is. Since the number of clusters need to
specify in advance, obtaining the right number of clusters is
crucial. Several measurements for cluster validations are
available to find the right/optimal number of clusters
(Pramana et al., 2018). In this study, the following clustering
indices are carried out:

a. Within Class Variation. It is the simplest way to
measure to find the optimal number of clusters. Its
defined as:

Lo
Wk = ZTD’
r=1 ny
where
D = X —xjH
ieC, jeC,

2n.2 —XH

ieC,

b. Silhouette Index. Developed by Rousseeuw in 1987, it
measures how well an observation is clustered and
estimates the average distance between clusters. The
values ranges—from —1 to +1. For each observation, we
can calculate the silhouette value using the following
formula:

a(i) . . .
~30 if a(i) < b(i),

s(i) =<0 if a(i) = b(i),
%— 1 ifa() > b()

where a(i) is the mean distance between the i-th
observation and all other data points in the same cluster, and
b(i) is the smallest mean distance of the i-th observation to
all points in any other clusters. It measures how similar an
object is to its own cluster (cohesion) as compared to other
clusters (separation). High silhouette value indicates that the
object is well matched to its own cluster and poorly matched
to neighboring clusters.

c. The gap statistic published by Tibshirani et al. (2001)
compares the total within intra-cluster variation for
different values of k with the expected values under null
reference distribution of the data. The large value of gap
statistic means that the clustering structure is far away
from the random uniform distribution of points. Hence,
the higher the value, the better the classification.

d. Xie Beni Index. Wang and Zhang (2007) proposed a Xie
Beni Index, which is a ratio of compactness and
separation as defined below:

Jm(u,v)/n S |v

Vig=——1—= 5
Sep(v) nmin; j|lv; —v;j|

u_’_"{ Ix; — vill®

The number of optimal clusters can be seen from the
smallest value of Xie Beni index.

2.2.4. Ensemble clustering

One of the limitations of partitioning clustering with such
as K-means is that different initial partitions can result in
different final clusters. One popular approach to mitigate
this problem is the ensemble approach. Ensemble approach
generates different clustering results, using different subsets
of the data, algorithms, or different number of clusters;-and
then combine the results into a single consensus solution. It
is shown that Ensemble methods give a more robust
clustering results (Chiu & Talhouk, 2018; Firmansyah &
Pramana, 2017).

In this study, K-means cluster ensemble with majority
voting proposed by Ayad HG and Kamel MS (2010) is
implemented by using the package diceR (Chiu & Talhouk,
2018). For fuzzy clustering, the ensemble based Fuzzy C-
means (Firmansyah & Pramana, 2017) is carried out by
using the R package advclust.

Once the clusters are identified, next is to profile the
clusters based on their characteristics using Biplot and radar
plot. All the analysis is conducted using the R software (R.
Core team, 2017; Pramana et al., 2017).

3. Results and Discussion

First step is to find the optimal number of clusters using
several cluster indices. Figure 1 shows that based on all four
measurements, (a) within class variation, (b) Gap Statistics,
(c) Silhouette score, and (d) Xie Beni Index, the optimal
number of clusters is three. The Ensemble K-Means and
Ensemble Fuzzy C Means are implemented and find similar
results.
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Figure 1: Clustering indices for different number of clusters
(a) within class variation, (b) Gap Statistics, (c) Silhouette
score, (d) Xie beni Index

Mapping of Education Quality and E-Learning Readiness to Enhance Economic Growth in Indonesia

Radar plot shows that Cluster 3 is the cluster with high
education attainment and quality; as well as the ICT
development. Whereas cluster 1 is the cluster with low
education quality and ICT development. The other 23
provinces in cluster 2 obtain medium education and ICT
quality.

From the Biplot shown in Figure 2, all members of cluster
3, except Yogyakarta, have highest number ICT Access (e.g.,
ICT Development index, Percentage Individual access
mobile cellular). DKI Jakarta has the best on ICT
infrastructure. Yogyakarta is best in education quality (high
literacy rate, qualified teachers, and graduate rate) and
participation (high Net Enrolment ratio, and low dropout
rate).

In cluster 2, the drop out is very high, as well as the
number of students per class and ratio of students per school.
The other variables, such as literacy rate, ICT development,
and number of qualified teachers, are very low in this cluster.

ningfrisE
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Figure 2: Biplot of the clustering results. Cluster 1, 2 and 3
are represented by color red, green, and blue, respectively.

Cluster 1 is the largest group that has high literacy rate,
however the other variables are on average. Banten, Bangka
Belitung, and West Java have high number of students per
class and ratio of students per teachers. It shows that these
provinces need to be improved in terms of the facilities such
as more number of classrooms. Central Java, East Java and
South Sumateras;-are provinces with the number of qualified
teachers-and ICT development above other provinces in this
cluster. The teachers of these provinces not only come from
better education background but also have a good access on
quality improvement and higher education. Moreover, the
dropout rate is low in these provinces as well. The good
quality teacher can have better education attainment then
improving the quality of students.
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Figure 3: Radar plot of the Clustering Results

Figure 4 shows the mapping the group of provinces based
on the education quality and ICT development. Most of the
provinces in Sumatera and Java are included in cluster 2
where the education and ICT development is average.
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Figure 4: Mapping the Education Quality and ICT
development.

Furthermore, it is interesting that the education attainment
and ICT development of the provinces in Kalimantan Island
are quite diverse. The East Kalimantan province has better
education attainment and ICT infrastructure and access as
compared to the other provinces from the same island. The
West Kalimantan province show the lowest performance.

Moreover, the result shows that in cluster 3, DKI Jakarta,
Yogyakarta, Riau Islands, East Kalimantan, and Bali
provinces are ready for implementing e-learning system not
only inside school, but also in a broader scope. The ICT
infrastructure, ICT experts and digital literacy coupled with
good education quality, facilities, and participations make it
ready to support the implementation of e-learning. These
provinces, such as DKI Jakarta, have large Gross Regional

Domestic Product (GRDP) and show positive economic
growth during 2019.

The other provinces, such as Central Java, East Java, and
South Sumatera with quite a good ratio of qualified teachers
and ICT development, can also be included in e-learning
system planning by improving their facilities to improve the
participation and quality. These provinces have relatively
medium GRDP and slightly high economic growth.

4. Conclusions

The study has revealed that the provinces in Indonesia can
be clustered into three clusters based on the education
quality, participation, facilities and ICT Access. The cluster
with high education quality and ICT access consists of DKI
Jakarta, Yogyakarta, Riau Islands, East Kalimantan, and
Bali. These provinces shows high economic growth and can
directly implement the e-learning system. Meanwhile, the
other cluster consisting six provinces (East Nusa Tenggara,
West Kalimantan, Central Sulawesi, West Sulawesi, North
Maluku, and Papua) is the cluster with lower education
quality and ICT development. The improvement of
education facilities and ICT infrastructure is the most crucial
in this cluster to enhance the economic growth. The study
provides better insight on the cluster obtained and can be
used for focusing on the education improvement program.
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