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Clustering Based on Kompetisi Sains
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Abstract Kompetisi Sains Madrasah (KSM) is a science competition organized by
the Ministry of Religious Affairs Indonesia. KSM scores can help to determine the
quality distribution of students based on KSM data. Clustering is a method that can
group data based on the similarity of data. One method of student clustering that has
never been done is Stepwise Iterative Maximum Likelihood. SIML does clustering
based on the average value and standard deviation of each cluster. SIML grouping is
done several times by creating several different clusters. The best grouping experi-
mental results are in the number of clusters 3. Cluster data is divided into 3 groups
consisting of very good, good, and fair students. Silhouette values indicate the best
grouping using 3 clusters. The silhouette value is 0.423745 for natural sciences sub-
ject data. Social sciences data has a silhouette value of 0.415654, and a silhouette
value of 0.487071 for mathematics subjects. Three silhouette values are the best
silhouette values when compared to other experiments.

21.1 Introduction

Education has a role in the progress of a nation. A country experiences underdevel-
opment in various aspects if a country does not pay attention to the development
of education. Some developed countries make education as an investment to avoid
reducing the quality of society. As a country in the process of becoming a developed
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country, Indonesia has carried out various educational developments. The progress
of Indonesian education can affect the progress of the Indonesian state [1]. Increasing
the quality of education is one of the efforts aimed at obtaining quality, advanced,
and independent communities. One of Indonesia’s efforts in developing education
is to increase the quantity and quality of education. Enhancing the quality of edu-
cation is realized by evaluating and developing educational strategies, while one of
the quantitative efforts is to provide formal school facilities from urban to rural areas
[2].

Formal schools established in Indonesia have various types including public
schools and private schools. State schools are schools operated by the government.
The government handles all school needs. While private schools are schools that are
operated by private parties [3]. In its development, various schools were established
to help to advance Indonesian education. The number of schools increases every
year. The number of schools from elementary school to senior high school (SLTA),
special school in Indonesia, reaches 307,655 schools. This amount is based on the
basic education data of the Ministry of Education and Culture. When viewed from
the type of school, there are 169,378 public schools and 138,277 private schools [4].
Several educational problems follow the growth of schools in Indonesia. One issue
that arises is the school at the junior high school level.

One form of treatment in junior high school problems is holding a competition
between students. Kompetisi Sains Madrasah (KSM) is a competition held by the
Ministry of Religion of the Republic of Indonesia. KSM is followed starting from
elementary school, junior high school, and senior high school. Madrasah Science
Competition is a science competition that began in 2016. Students participate inKSM
from elementary, junior high, and high schools under the auspices of the Ministry
of Education and Culture [5]. KSM competition results are a sample of the quality
scores of students from various provinces. The distribution of student grades in each
region has a different score. A grouping system of score data is needed to see the
diversity of student quality in Indonesia.

Clustering is a process of grouping data into a data class with high similarity
and having data differences with other clusters. Previous research has conducted
clustering of the quality of elementary school students using the k-means algorithm
[6]. The clustering aims to identify the quality of elementary school students. In
this research, clustering is done using the Stepwise Iterative Maximum Likelihood
(SIML) algorithm. Maximum likelihood classifies data by looking at the average
and standard deviation values. A random value is raised to be the center point of the
cluster. The optimal value of the center cluster is obtained if it has an average and
standard deviation [7]. Previous research stated that a maximum likelihood method
can distinguish overlapping data. In addition, the maximum likelihood can group
the number of samples that are lower than the data dimension [8]. Other studies use
maximum likelihood clustering as a method for classifying people with leukemia.
Maximum likelihood clustering groups data as 2, 3, 4, and 5 dimensions with excel-
lent success. The success rate of clustering using the maximum likelihood can reach
90% more, as in previous research studies [8].
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The previous clustering of education was carried out using the k-means method.
Clustering is intended to help to reduce the number of students dropping out of
school, and increase the quality of student learning [9]. The use of the k-means
method is also provided to classify the quality of students using online learning data
[10]. Another method used in the clustering process is the fuzzy c-means method.
The clustering of students is aimed at providing evaluations of students needed by
a teacher in improving the quality of learning [11]. Some student quality analysis
that has been done has not used the SIML method. This study proposes the SIML
method for classifying junior high school students based on the score of KSM.

The results of clustering using maximum likelihood require an evaluation system
to see the level of success. One form of clustering evaluation is calculating data
distance. The calculated distance is the distance of data in one cluster, as well as with
other clusters. In addition, evaluation can also be seen from the distance of data to
the cluster center point. The silhouette method can calculate all distances [12]. The
results of the silhouette evaluation on the SIML clustering are used as a reference
for analyzing the results of clustering. KSM data that has been clustered is analyzed
for each cluster. Analysis of the results of clustering is intended to determine the
quality of students. In addition, the results of the clustering of data can be used as a
reference to provide action in improving the quality of education in Indonesia.

21.2 Stepwise Iterative Maximum Likelihood (SIML)

Maximum Likelihood Clustering (MLC) is a method that classify data by looking
the average values and standard deviations from the center of the cluster [13–15].
Stepwise Iterative Maximum Likelihood (SIML) is a clustering method developed
fromMLC. SIML finds the best cluster center by finding the optimal partition repeat-
edly. Partition search is made by shifting the partition from the initial data to another
partition. Partition optimization is given by looking at the log-likelihood value. If the
partition shift results in a high log-likelihood value, the partition is directed toward
the latest partition point [7]. Suppose the data is grouped into 2 groups, each cluster
is marked with a red and orange circle. Each cluster has a midpoint as the center of
the initial cluster. Cluster center points have coordinates in the form of a mean (μ)
and standard deviation (σ ). The log-likelihood value is obtained by adding up the
possibilities in the first cluster (L1), and the likelihood in the second cluster (L2). If
the new log-likelihood (Lnew) value is greater than the old log-likelihood (Lold), the
cluster point is changed to the new position. The mean and standard deviation values
were obtained using Eqs. (21.1) and (21.2). While the likelihood value in cluster i is
calculated using Eq. (21.3) [16].

μi = 1

ni

∑

x∈Xi

x (21.1)
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Shifting the cluster center point requires calculations to find a better point. Calcu-
lation of new likelihood (L*) is obtained by adding up the value of the old likelihood
(L) with changes in likelihood (�L), and constants (C), and mathematically can be
written as in Eq. (21.4) [17]. The value of the change in likelihood itself is obtained
using Eq. (21.5), and constants (C) are obtained using Eq. (21.6).

L∗
j = L j + (

�L j + C
)

(21.4)
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log 2π (21.6)

21.3 Silhouette

Silhouette is one method of system evaluation. Silhouette is used to evaluate the
results of data clustering. Silhouette evaluation is obtained by calculating the distance
of each data to the center of the cluster. Each data has calculated the distance at each
cluster center. The distance of the two points can be calculated using the Euclidean
distance function [18].

The evaluation value of the silhouette aims to see how close the data is to the
center of the cluster itself and the center of the other clusters. The results of the
silhouette have intervals of −1 to 1. A value of -1 indicates poor clustering results
and a value of 1 indicates clustering has the right results. To get the silhouette value,
each cluster is calculated using Eqs. (21.7) and (21.8). The value of a(i) indicates
the distance of data i(Xi ) to other data (X p)that are in one cluster (Ch). The value of
b(i) is the distance of data i(Xi ) to other data (X p) in the other cluster [19].

sil(i) = b(i) − a(i)

max{a(i), b(i)} (21.7)

Sil = 1

n

n∑

i=1

sil(i) (21.8)
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21.4 Results and Discussion

This research is quantitative research. This research is quantitative because it uses
numerical data. The intended statistical data is KSM score data as material for ana-
lyzing research results using KSM participant data in 2019. The level of competition
used is the junior high-level equivalent. The junior high school level has three types
of competition. The first competition is the natural sciences subject. This competi-
tion has a total data of 1192 participants. Data on science competitions are shown
in Fig. 21.1. The second competition is a competition in social sciences subjects.
The SMP-level competition in social studies subjects has a total number of 1183
participants. In the third competition, there were 1254 participants with mathemat-
ics subjects. The participant data used is the provincial-level participants from the
district/city-level selection results. Each data has three parameters. The parameters
used include the number of questions answered correctly, answered incorrectly, and
not answered. These parameters are used as input values to determine the quality of
Indonesian students. The amount of data used comes from 34 provinces. Figure 21.1
presents natural science subjects data for number of questions answered correctly
(TRUE), number of questions answered incorrectly (FALSE), and number of not
answered (NULL) questions.

Looking at the data shown in Fig. 21.1, participants in science competitions have
a higher tendency to answer false questions, followed by the number of questions
answered correctly, and questions that were not answered. As with science partic-
ipants, IPS participants have the same tendency. The difference between science
participants is the number of questions answered incorrectly and the number of cor-
rect and blank questions. All three parameters have a high enough difference in value.
In the mathematical participant data, the score parameters are not answered and the
questions answered incorrectly have an almost equal number, while the number of
questions answered correctly is relatively small. Data from the three competitions
in clustering uses the SIML method which the number of questions answered cor-
rectly, the number of questions answered incorrectly, and the number of questions
not answered as input data.

SIML clustering requires the determination of some initial parameters before
clustering data. The parameters required are the determination ofmaximum iteration,
determination of many classes, and determination of the initial cluster center. This
study uses a maximum iteration of 1000 iterations, while many classes in this study
were given several experiments. The trial amount is given starting from 3 classes, 4

Fig. 21.1 Natural science
participant

0 
20
40
60

1 56 11
1

16
6

22
1

27
6

33
1

38
6

44
1

49
6

55
1

60
6

66
1

71
6

77
1

82
6

88
1

93
6

99
1

10
46

11
01

11
56

Natural Science

FALSE Null TRUE



226 Kusaeri et al.

classes, 5 classes, and 6 classes. Experiments for the number of classes are intended
to see the optimal number of classes in KSM data clustering. The update value is
also applied to the cluster center point. The clustering process stops if the L value
does not change.

Clustering results are then evaluated using the silhouettemethod. The output value
in Eq. (21.7) is the silhouette for each cluster. To see the overall silhouette value can
be obtained using Eq. (21.8). As a reference to see the optimal number of classes, see
the overall silhouette (S) silhouette value, and silhouette standard deviation. S value
is used to examine the average success of the system in clustering data. While the
silhouette standard deviation is to see how high the distribution of the silhouette is.
The higher the S value the stronger the clustering results. If you have a large standard
deviation silhouette value, it indicates that there are high-value or low-value data far
from the average of other data.

The results of clustering experiments using several classes are shown inTable 21.1.
Looking at the results of the experiments, it can be seen that clustering using 3
clusters has the highest silhouette value compared to silhouettes in the number of
other clusters. In addition, clustering with 3 clusters has a relatively small silhouette
value distribution. The distribution of silhouette values is indicated by the standard

Table 21.1 Silhouette values
in several experiments

Number of
clusters

Subjects Silhouette Silhouette
standard
deviation

3 cluster Natural
sciences

0.423745 0.231354

Social
sciences

0.415654 0.188862

Mathematics 0.487071 0.202107

4 cluster Natural
sciences

0.450291 0.205557

Social
sciences

0.429888 0.195371

Mathematics 0.401584 0.226638

5 cluster Natural
sciences

0.409574 0.193355

Social
sciences

0.419559 0.196411

Mathematics 0.375758 0.200149

6 cluster Natural
sciences

0.427796 0.201309

Social
sciences

0.386807 0.239797

Mathematics 0.365801 0.215890
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Fig. 21.2 Data distribution from clustering result

deviation of the silhouette values. The standard deviation value in the experiment 3
cluster has a small value.

The results of silhouette calculations in the 3 cluster experiment show that a lot of
data has been classified well. Positive silhouette values show a good clustering. The
number of data that has a value of less than 0 is 48 data from 1192 data. Overlapping
data is 34 data from the 3rd cluster, 2 data from the 2nd cluster, and 12 data from
the 1st cluster. In the social studies, subjects have 7 data with a value of less than 0
(overlapping) consisting of 3 data in cluster 1, 3 data from cluster 2, and 1 data from
cluster 3. In the data competition, mathematics has overlapping data only 19 data.
The overlapping data comes from 19 data in cluster 1, and 1 data from cluster 3. The
results of clustering are obtained cluster groups based on the similarity of the data.
Clustering results obtained as cluster 1 shows the cluster moderately, while cluster
2 is a cluster that shows data with minimal value. The last cluster is cluster 3 which
states a group of data with high values. The distribution of student quality can be seen
using the results of clustering. The distribution of clustering results is presented in
Fig. 21.2. The distribution of students is divided into 3 categories, namely excellent,
good, and fair. In the natural sciences comparison, the number of fair groups is
the highest in private MTS, while in social science, the data is in public MTS. In
mathematics competitions, the fair group on private MTS data is more dominant.

21.5 Conclusion

Clustering using the SIMLmethod inKSMdata has amaximumnumber of clusters of
3. The first cluster is good student data, followed by the second cluster of fair students,
and the final cluster which shows excellent student data. The results of clustering
using 3 clusters have the highest silhouette value compared to the silhouette values
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in the number of other clusters. Judging from the Kaufman table, the clustering value
shows that the cluster structure formed is still weak. The silhouette value with cluster
number 3 is 0.423745 for natural science, 0.415654 for social science, and 0.487071
for mathematics subjects.
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