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Abstract—The interest of high school students is an important thing to do to see the talents of each student based on the academic
scores obtained in the first and second semesters. There are two majors of interest in this case study, namely natural and social
studies with criteria for natural studies scores including mathematics, chemistry, biology and physics. Meanwhile, the social studies
criteria include history, economics, geography and sociology. This research propose comparing of clustering time and accuracy
based on manual data from school as a reference of clustering in SMAN 1 Wonosari for 2011/2012 academic year using two
clustering methods namely K-means and Bisecting K-Means. The results of this research compare to manual results interest from
class teacher, so this work can demonstrate the run time comparison and accuracy of this study. The accuracy result shows 87.5%
for both methods but different run times. For bisecting k-means got 0.0229849 seconds to complete the clustering process faster
than k-means only got 0.0929448 seconds.

Keywords: Student Interest; K-Means; Bisecting K-Means

1. INTRODUCTION

Determination of interest in high school (SMA) is very important to classify students' tendencies in exploring the
subjects they are interested in. There are many criteria that schools use to classify their students in the process of
selecting science or social studies majors, the criteria used generally refer to subjects related to science or social
studies majors including for science majors the criteria taken are mathematics, physics, biology and chemistry.
Meanwhile, the Social Studies major has criteria for historical, economic, geography and sociology values. In
addition to the general criteria for science and social studies that have been mentioned, the other research [1] adds
IQ scores criteria as supporters in student majors. Another article [16] that related to this paper proposed a
calculation using a t-Test to identify the effect of watching English tv series on youtube channels to improve the
vocabulary size of senior high school at SMAN 2 Maros. The results show that the pre-test (49.97) was lower than
the post-test (90.40), which indicated that it had a significant effect on students. Afika etal. [17] proposed a clustering
technique to see the effect of increasing writing skills in descriptive text. The results show that the mean pre-test
score was 40.33, and the post-test was 71.00, which increased significantly. This technique helps more students to
improve their writing skill. Erdi and Yessica [21] proposed clustering scores of students to define the high grades of
students. They used k-means clustering to categorize the student based on grades and attendance, and then they
combined the results with Simple Additive Weighting (SAW) method to find out the top rank of the student.
Sembiring et al. [22] used the K-means method to find out the clustering of the highest grades of students in their
school. This research aims to achieve better placement of students suitable for their abilities. They got 29 students
considered, five students proper in the highest grades, and 30 students were not considered. Sulistiyawati and
Supriyanto [23] proposed a way of clustering grades of students using K-means clustering to define the better grades
of students in a special student group. The results of the six classes in clustering showed 96 students in the highest
grades group, and 96 students did not members of the highest grades group. Butsianto and Saepudin [24] proposed
the implementation of Data mining to define the interests of students in math subjects. This research used Davies
Boulding Index to measure the testing of k-means clustering. Dacwanda and Nataliani [25] proposed a k-means
method implementation to analyze the academics grade of students according to their knowledge and skills. The
results in skills showed 72 students in the smart group, 92 students in the average group, and 103 students in the low
group. While in knowledge showed 71 students in the smart group, 87 students in the average group, and 107 students
in a low group. Hutagalung et al. [26] proposed mapping the highest grades student used k-means clustering
algorithm. They implemented k-means to cluster 120 students’ data based on the reports of grading. The results of
clustering such as 10 students in android programming, 62 students in web programming, 48 students in desktop
programming.

The process of grouping students for the selection of majors is generally done manually. So, that the school
or specifically the teacher classes takes time to process the student majors. There are many approaches taken in
previous research to solve this problem, including the K-Means[5][2] method which is commonly used, this method
is quite simple in conducting the data grouping process, then the next method is to use Fuzzy C-Means, this method
used by [6][7][2], who conducted research on the grouping of students' majors at the SMAN 1 Wonosari by grouping
2 clusters, namely science and social studies which is also a collection of data used in this paper.

In this study, we using one of the developments of the K-means algorithm, namely Bisecting K-Means [3][8].
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This method is an innovation from the K-means method combined with the bisection method, which is the process
of dividing each data in two, and then calculating the error of the two data clusters, then the data that has a large
error (SSE) will divide in two cluster and so on. So, that it reaches a value of specified K.

2. RESEARCH METHODOLOGY

In this paper, we compare the performance of two clustering algorithms in terms of time, namely K-means and
Bisecting K-means in grouping the interests of SMAN 1 Wonosari students. The research steps in this paper can be
shown as follows.

Literature studies ]

v

Data collection

v

[ Testing and Analysis results ]

[ Writing Report ]

Figure 1. The block diagram of the research
2.1 Literature studies

In this part, we begin with literature review for several journals related to the research topic. We explore two
clustering method to solve the high school student interest problem.

2.2 Data Collection.

We are collecting data from [2] that contains 189 students with 8 criteria namely math, physics, biology, chemist,
history, geography, economic, and sociology. Then, cleaning the data by removing a several data outliers and then
processing them into testing and analysis.

2.3 Testing and analysis results

In this part, we design two algorithms, such as K-means and Bisecting K-means. Next, we use both of these
algorithms to process the data and achieve the results.

2.3.1 K-Means Algorithm

The traditional clustering[9][10] algorithm is K-means[2][11][12], this algorithm works by grouping data D = {x1,
x2,..., xn} into several clusters based on the selected K value. The value of K is the initialization of the cluster
center from random data that is used as the center of the cluster. To determine the members of the cluster center by
calculating the distance between the cluster center and all existing data values using the SSE (sum of square error)
or distance function [13]:

SSE = i (x — x)? 1)
Pseudocode Algorithm 1: K-means

Input :

D = {x1, X2, ..., xn}

K number of Cluster
Output:

K
Assign initial Values for ps, p2, ..., pk
Repeat

Assign each data point x; to the center of clusters with closest mean (eq. 1);
Calculate new mean for each cluster;
Until convergence

2.3.2 Bisecting Algorithm

Bisecting K-means[8][14][15][16][17][18][19][20] is a combined method of the K-means[5] algorithm with the
bisection method[4], previously selecting the number of K, where data D = {X1, Xo,..., xa} divided by two by
determining two centers (C1) and (C1), then calculate the SSE (sum of square error) for each cluster, then choose
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the SSE with the largest value between the two clusters which is then divided by two again until the number of
clusters is equal to the number of K.

Pseudocode Algorithm 2 : Bisecting K-means

Input :
D = {Xl, X2, ..., Xn}
K number of Cluster
Output:
K
Forl1toK
If SSE1 > SSE2 :
Select Cluster
Divide Data(D) as two cluster
Calculate SSE for each cluster
Until K

Furthermore, the work process flow of this research can be seen in Figure 2.

Read Data csv
format

A 4

Data Pre-
nrocessing

/\

K-Means Bisecting K-
Means

Comparing of Time
Processing and Accuracy
Results

Figure 2. Flowchart process of comparing performance clustering algorithm

Figure 2 shows the working process of the K-means dividing algorithm for clustering. First, the 2011/2012
student grades of SMAN 1 Wonosari are collected in one file in CSV format, with several criteria as explained in
more detail in section 3 of this paper. Interest criteria are filled in manually by the teacher assigned to make the
selection so that they are not used in the grouping process but as a comparison to get the accuracy of the grouping
results of the two methods used in this study. Then the values with these criteria are read as data points and assigned
to K=2 because the target clustering is in two groups. Because this study uses two methods, namely traditional k-
means clustering and bisecting k-means, the data read earlier is processed using these two methods, which both use
the target two groups of IPA and IPS. The results of this clustering will be calculated using a confusion matrix.

Table 1. Confusion Matrix

Prediction
Negative Positive
Original Negative a b
Classes Positive c d

Accuracy is a comparison of cases with correct identification with all cases using the formula

_ (a+d)
AC = (a+b+c+d) ©)

Error rate is the case that the identification is wrong with all cases using the formula

_ (b+c)
ER = (a+b+c+d) )
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2.4 Writing report

We resume and report all the experimental results in this paper.

3.1 The calculation manually

3. RESULT AND DISCUSSION

In this section, we show the calculation manually using 10 data sample for each method such as K-means and
bisecting K-means algorithm.

3.1.1 K-means algorithm

As illustrate how traditional K-means works, we show the calculation of 10 data points as follows:
a. We first prepare 10 data points in table 2.

Table 2. Contains of 10 data points examples

No NIM IPA scores _ _ _ IP_S scores _ _
Math Physics  Biology = Chemist  History  Geography Economics Sociology

1 10392 69 73 71 68 81 79 80 82

2 10393 70 70 72 76 77 76 80 85

3 10394 64 74 77 76 73 68 69 80

4 10400 75 75 68 73 76 77 80 80

5 10408 70 68 71 80 77 73 74 80

6 10425 63 71 74 72 82 72 79 76

7 10426 72 66 73 70 86 76 79 85

8 10430 67 76 68 68 76 76 75 83

9 10431 78 74 88 92 87 85 84 89
10 10439 87 81 90 88 88 87 90 89

b. We define center point of clustering, we choose 2 point randomly from data point example such as :

75, 75, 68, 73, 76, 77, 80, 80 from data point 4 (C1) and 78, 74, 88, 92, 87, 85, 84,89 from data point 9

(C2)

c. Calculate distance from center point using formula (1)

Table 3. The results of distance from center point

No NIM C1 C2

1 10392 107 1084
2 10393 102 805
3 10394 423 1364
4 10400 O 1053
5 10408 185 958
6 10425 275 1218
7 10426 251 932
8 10430 125 1420
9 10431 1053 O

10 10439 1314 191

d. Define new cluster from Table 4 and we got the results of each new center point includes 68.75, 71.625, 71.75,

72.875, 78.5, 74.625, 77, 81.375 for C1 and 82.5, 77.5, 89, 90, 87.5, 86, 87, 89 for C2.

e. Repeat steps C and D until the results do not change anymore.
1. Firstiteration
In this process we calculate the distance between data point and new center point as point out in step D.

Table 4. The results of the distances form new center poin

No NIM C1 C2

1 10392  61.0625 1199.75
2 10393  40.3125 972.75
3 10394  205.5625 1633.75
4 10400  87.3125 1135.75
5 10408  81.8125 1199.75
6 10425  91.3125 1430.75
7 10426 127.3125 1080.75
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8 10430
9 10431
10 10439

74.8125
1008.0625
1453.3125

1579.75
47.75
47.75

According to table 4, rows 3, 9, and 10 belongs to C2 and another belongs to C1, it means that data point
tends to change based on new center point. Because the initial iteration different results with the first iteration.
Next, we define the new center point based on table 4 such as 69.428, 71.285, 71, 72.42857, 79.28571,
75.57143, 78.14286, 81. 571 for C1 and 76.333. 76.333, 85, 85.333, 82.666, 80, 81, 86 for C2. So, we continue

the calculation to second iteration.
2. Second iteration

We repeat step C to continue calculate the distances based on new center point from the first iteration.

Table 5. The results of the second iteration

No NIM C1 C2

1 10392  41.0612245  582.111111
2 10393  36.3469388  386.444444
3 10394  268.489796  726.111111
4 10400  72.9183673  535.111111
5 10408  99.9183673  500.111111
6 10425  102.489796  673.444444
7 10426  102.204082  536.777778
8 10430  79.6326531  782.111111
9 10431 990.77551 123.444444
10 10439  1408.91837  335.111111

In table 5, the results show that only rows 9 and 10 belongs to C2. Because first and second iteration still
different in its results, we continue calculate again in the third iteration that the results shown in table 6.

Table 6. The results of the third iteration

No NIM Cl C2

1 10392  61.0625 1199.75
2 10393  40.3125 972.75
3 10394  205.5625 1633.75
4 10400  87.3125 1135.75
5 10408  81.8125 1199.75
6 10425  91.3125 1430.75
7 10426 127.3125 1080.75
8 10430  74.8125 1579.75
9 10431  1008.0625  47.75
10 10439  1453.3125  47.75

In the table 6, shows that the results in rows 9 and 10 belongs to C2. This is the results same with in table 7,
So, we stop the calculation because the distances between data point and center point did not change again.
Furthermore, we assign C1 and C2 as IPA and others as IPS. So, we describe the results on table 7 as follows.

Table 7. The Final results of clustering

No

NIM Results

P Ooo~NOOhwWNPRE

0

10392  IPA
10393  IPA
10394  IPA
10400 IPA
10408  IPA
10425  IPA
10426 IPA
10430 IPA
10431 IPS
10439 IPS

According to table 7. The results show 8 students in the group IPA and 2 students in the group IPS.

3.1.2 Bisecting K-means

In this section, we calculate bisecting K-means manually based on the same data from K-means above as follows.
a. Preparing data, this data the same of K-means process above.
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b. Dividing the data to two groups as bisection method principles.
Table 8. Data group 1 (C1)

No NIM IPA scores _ _ _ IP_S scores _ _
Math  Physics Biology Chemist History  Geography  Economics  Sociology
1 10392 69 73 71 68 81 79 80 82
2 10393 70 70 72 76 77 76 80 85
3 10394 64 74 77 76 73 68 69 80
4 10400 75 75 68 73 76 77 80 80
5 10408 70 68 71 80 77 73 74 80
6 10425 63 71 74 72 82 72 79 76
7 10426 72 66 73 70 86 76 79 85
8 10430 67 76 68 68 76 76 75 83
9 10431 78 74 88 92 87 85 84 89
10 10439 87 81 90 88 88 87 90 89

c. Defining center point randomly for each group.
We define center point includes 70,70, 72, 76, 77, 76, 80, 85 for C1 and 67, 76, 68, 68, 76, 76, 75, 83 for C2.

d. Calculating SSE for each group using formula (1).
In this process, we get SSE results for each group as shown in table 10 and 11.

Table 10. The SSE results from Group 1 (C1)

No NIM C1 SSE
1 10392 109

2 10393 0

3 10394 303 605
4 10400 102

5 10408 91

According to table 10, to get number of SSE, we sum all values in the column C1.
Table 11. The SSE results from Group 2 (C2)

No NIM C2 SSE
6 10425 210

7 10426 274

8 10430 0

9 10431 1420 3739
10 10439 1835

In table 11, we implement the same calculations to get SSE results, and we can see that the group C1 and C2
shown the different SSE results. According to bisecting K-means algorithm, we choose greatest SSE to divide by
two.

e. Repeat step C and D until the group cannot divide by two.
f. The final results, as shown in table 12.

Table 12. The results of Bisecting K-means

No NIM Results
1 10392 IPA
2 10393 IPA
3 10394  IPA
4 10400 IPA
5 10408 IPA
6 10425 IPA
7 10426  IPA
8 10430 IPA
9 10431 IPS

10 10439 IPS
As we can see, Table 12 shows that the results the same with K-means results, but we can see how fast run
time for each algorithm to processes the whole data. Next, we show the results using python implementation.

3.2 Programming Implementation
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We use a i3 core with 1.70 GHz, with memory RAM 6GB under Windows 10 operating system and software python
3.7 with anaconda packages to implement this experiment.

3.2.1 Data Pre-processing

Based on Figure 2, the first process flow is to read the csv format data. The process shown in Figure 3 with the initial
five data display.

2 D localhost8B88/notebooks/cluster_siswa.ipynb =
T Jupyter cluster_siswa (autosaved) & | togout |
File  Edit  View  Insert  Cell  Kemeal  Halp [ Not Trustaa | | Pythan 3 (ipykemal) ©
(m ||+ |[oc| e | W[ ]| %[+ Run | m|c|w | come ~| [ =
(1) sster dmport KMeans
a
ing dmport MinMaxscaler
tplotiih lmport pyplot as plLt
t1ih dnline
in [2]: | df - pd. avty
df . head
out[2]:
No  NIS Noma  Matematika Fisika Biologl Kimia  Selarah  Geogran  Ekonom | Somiologli minat
o 1 oms ALFIAN HAYU SUDIBYA ) i FER—TY o0 70 B4 a2 P
1z 10ae ANANDA GALUN SUASARI ) 73 B0 on a7 70 a5 a6 IPA
2 3 10020 ANESTHESIA TRIPINTA KRISTI PAMEKASIH 2 o9 ra 70 ™ 70 4 B0 PA
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Af . head()
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Figure 3. The first five row data samples of the dataset include 8 criterias

Data on Figure 3 are not all processed for clustering algorithm input, but only 8 criterias were selected, namely the
value of mathematics, physics, biology, chemistry for the value of science (IPA) and such as history, economic
geography and also sociology as social (IPS), while the interest column is filled in by the class teacher manually
based on manual calculations. Furthermore, these criteria are used as representatives for IPA by adding up the criteria
for each person then dividing by 4, as well as the criteria values for IPS as shown in Figure 4.
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4 5 10341 BENIDIKTUS HARIMURTI ADI PRIMANDIRI a0 s a1 o7 84 a2 B4 83 s
Tn [3): [AFEINIPATY = (OfEiMatamatika® Todfl Fisika: 1LdFl Bloloal  Jdel Kimia 13/
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Figure 4. Criteria representation of natural science (NIPA) and social science (NIPS)
3.2.2 K-means Results

The first process implement K-means algorithm with input values from NIPS and NIPA, the results shows in Figure
5 and table 13,

: Jupy ter cluster siswa Last Checkpoint 3minutes ago (autosaved) F

File  Edit  View Inset  Cell  Kemel  Help Not Trusted ‘Pythnn}(ipykeme\]o
\lH+HaTPbTE\|+ v prnmcpoe v|[@]
10
.
08
[13
g
H
04
02
00 ¢ .
00 0z 04 06 08 10
HIPS

In[]:

Figure 5. Clustering result of K-means
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Table 13. The Accuracy Results of K-means

Prediction
IPA IPS
Original IPA 136 21
Classes IPS 0 12
(136+12)
ACC = = 0.875 x100% = 87.5%

(136 +21+0+12)

In Figure 5 shows the data is divided into two parts after the clustering process where the red part is
identified as natural science while the blue part is social science, while the asterisk is the center point of each cluster.

3.2.3 Bisecting K-means Results

Next, the second process using the same pre-processing step with number of K=2 that represented of 2 interests
such as IPA and IPS. In this section, after the initial data, we calculate using formula (1) to get SSE results for each
group similarly manually step in section 3.1.2. this process taken 2 times iteration to get the results. As we can see
the results in Figure 6 describe visualization from clustering data between IPA and IPS. The blue one represents IPA
group and the other color represents IPS groups.

'_:Jupyter perbandingan_clustering Last Checkpoint: 4 hours ago  (autosaved) A
Fle Edit View Inset  Cel  Kemel Help Trusted | Python 3 (ipykemel) O

[B][+][s[@[®][+] ][> ru [M]CTh oo v|[=]

plt.-shou()
# plt.scatter(cenf:,8],cenf:,1], color="purple’,narker="*")

# plt.xlabel ('NIPA’)
# plt.ylabel ('NIPS')
# plt.tegend()

10{ 4 o

00 0z 04 06 08 10

In [17]: import seaborn as sns
In[ ]:

[ I - [, - [ IR [ I

Figure 6. Clustering result of Bisecting K-means

Table 14. The Accuracy Results of Bisecting K-means

Prediction
IPA IPS
Original IPA 136 21
Classes IPS 0 12
(136+12)
ACC = = 0.875 x100% = 87.5%

(136 +21+0+12)
3.2.4 Comparison Clustering Time
We measure clustering time using time python library, and we show the results of then in table 15.

Table 15. Comparing clustering time

Algorithm Run time (second)
K-means 0.0929448
Bisecting K-means 0.0229849

We can see in table 15, bisecting k-means faster than traditional K-means because they use principle of devide
and conquer from computer science term. This term can break down the data into two or more sub-data.

4. CONCLUSION

In this paper we compare two clustering methods algorithms K-means and Bisecting K-means and the results tend
to have the same results are 87.5%, but different run times, as shown in table 15. Bisecting K-means has a faster
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clustering time than K-means because this algorithm can break down the process. thus speeding up the clustering
process. Based on this experiment, we can conclude that the Bisecting K-means is superior in terms of time
processing (0.0229849 seconds) than traditional K-means (0.0929448 seconds), and the results show that both
methods can help senior high school teachers cluster their students on several majors faster than manual ones.
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