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Article Info Abstract

Article history One of the data mining models is clustering, clustering models can be used
to create groupings of data. Clustering is done by creating groups of data
that are close to each other. The research was conducted by clustering
wheat seed datasheets. The wheat grain datasheet contains various types
of wheat data. The purpose of this research is to create a clustering model.
The algorithm used is the K-means algorithm and a comparison is made
Kata Kunci: with several distance Metric algorithms. The datasheet used was tested
with the K-means algorithm and tested the clustering value (k) ranging
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Dfitasheet; . from k = 2 to k = 6. Comparison of clustering results with K-means is also

Dllstanc.e matrix. done by comparing with distance metric algorithms, namely Euclidean

Eustermg, distance, Manhattan distance, and Chebychev distance. All testing
-means.

processes are evaluated, and the evaluation is done to select many good
groupings. The evaluation process is carried out using the Davis-Bouldin
method. The results of the grouping that has been done, each seen Davis
Bouldin evaluation. The evaluation value of Davis Bouldin is sought from
the smallest value and if the evaluation result is negative, the value is
solved. The research method used is Knowledge Discovery in Database
(KDD). The results showed that the same datasheet and using the K-
means algorithm and the same evaluation resulted in different evaluation
values. The Euclidian, Manhattan, and Chebychev algorithms produce the
best k value of 2, The conclusion of the wheat seed datasheet clustering
research produces a value of k = 2.
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1. Introduction

Data grouping is one of the most important processes in the data processing. Data grouping makes it
easier to process data. The data grouping process in data mining can use a clustering model. Apart from
clustering models, other models in the data mining process are regression, forecasting, classification,
and associatio [1][2].

The method used to group data into several groups or clusters is the clustering model. The
clustering results will produce data groups that are similar or have maximum similarity characteristics.
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Research related to data mining with various models and using various datasheets have been
studied by several researchers. Research related to data mining including regression models is carried
out[3][4][5][6][7]. Classification models are performed [8][9][7]. Research related
to clustering methods and using the K-means algorithm using various datasheets have been conducted.
These studies include [10][11][12][13][14][15][16].

Bastian conducted clustering research with human infectious disease datasheets. The data
clustering process uses the K-means r algorithm and the datasheet is data processed from Puskesmas
data in Majalengka Regency. Clustering research using Rapid miner implementation and using the K-
Means method was conducted by [11]. Datasheet processed from BPS (Central Bureau of Statistics). The
case study processed data on measles immunization in children under five years old. based on Province.
The results produced 3 clusters with categories of high cluster level (C1), medium cluster level (C2), and
low cluster level (C3).

The grouping of Covid 19 distribution levels was researched by [14] . There are about 16,284 data
processed. The result of the clustering is the level of distribution of Covid 19 per province. The
distribution is grouped in several clusters so that it can be seen which areas have the highest number of
cases and the least.

Implementation of clustering mode data mining methods can use various applications such as
Python, Rapid Miner, R, Orange, and others. Implementation of clustering models using Python is done
[17][18][19][20]. Clustering research using Rapid Miner was researched by [21][22][23]. The use of Rapid
Miner in the process of creating clustering models is done Amanda [22]. Rapid Miner is used to
implementing product analysis. The clustering results produce groupings of products that are often
used and those that are rarely used.

Research that compares the K Means algorithm by comparing distance metrics includes
[24][25]. Religia [24], conducted research with the village potential datasheet in 2014. The processed
data totaled 74093. The data clustering process is carried out using the k- means algorithm and the
calculation of the closest distance from data to a centroid point by comparing the Manhattan,
Euclidean, and Chebychev distance calculation methods.

According to Nishom [25], in the research conducted, data grouping using the K-Means
algorithm has weaknesses, including the problem of the level of accuracy between points with other
points. One way that can be done is by comparing using Euclidean distance, Manhattan
distance, and Minkowski distance. The datasheet used is the data used to determine the status of
disparity in teacher needs, especially teachers in Tegal City.

Based on the discussion above, one of the data mining models that can be done is clustering
data. The problem in the research is how to produce a clustering of wheat seed data. This clustering
aims to distinguish wheat seeds that have good, medium, or poor quality. The process to produce many
clusterings is done using clustering techniques.

The process to overcome these problems is done using the K-means algorithm and to get
maximum results, the existing datasheet is carried out with the process of measuring the similarity and
proximity of a point to another point. The process of grouping data is done by looking at the proximity
of distance between one point and the point. The algorithm used to compare the closest points uses
Euclidean distance, Manhattan distance, and Chebychev distance. The results of clustering are done by
testing many groupings ranging from groupings 2 to 7. The best results of clustering are tested by
evaluating the model using Davis Bouldin,

The benefits of this research provide the results of wheat seed clustering and users can
determine the clustering results by giving category names, such as categories with good, ordinary, or
bad seed composition.

2. Research Methods

Research methodology using Knowledge Discovery in Database (KDD) [26]. The stages of the KDD
process are presented in Figure 1.

Comparison of distance metric in k-mean algorithm for clustering wheat grain datasheet (Suraya, et al)
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Figure 1 Process stages in research with Knowledge Discovery in Database

The KDD process as shown in Figure 1, starting from the determination of the datasheet and the process
of generating the model, must first stop the target data, data processing, data transformation, model
creation, and model evaluation.

2.1. Datasheet.

Datasheet processed from http://archive.ics.uci.edu/ml/datasets/seeds . The datasheet consists of 210
data and 8 columns, namely Id, area A, perimeter, compactness, length of the kernel, width of the
kernel, asymmetry coefficient, length of kernel groove. All attribute types are number types. Figure 2, is
an example of a wheat germ datasheet used in the research. The implementation process of the wheat
grain datasheet clustering model using Rapid Miner [27].

1D area perimeter compactness lengthOfKer... widthOfKern... asymmetry... lengthOfKer...
1 15.260 14.840 0.871 5763 3312 2221 5.220
2 14.880 14.570 0.881 5.554 3333 1.018 4.956
3 14.290 14.090 0.905 5291 3337 2.699 4.825
4 13.840 13.940 0.895 5.324 3.379 2.259 4.805
5 16.140 14.990 0.903 5.658 3562 1.355 5175
6 14.380 14.210 0.895 5.386 3312 2.462 4.956
7 14.690 14.490 0.880 5563 3259 3.586 5219
3 14.110 14.100 0.891 5.420 3.302 2700 5

9 16.630 15.460 0.875 6.053 3.465 2.040 5.877
10 16.440 15.250 0.888 5.884 3505 1.969 5.533
1 15.260 14.850 0.870 5714 3242 4.543 5.314
12 14.030 14.160 0.880 5.438 3z2m 1717 5.001
13 13.590 14.020 0.888 5439 3199 3.986 4738

Figure 2, datasheet of wheat grains (seeds)

The example datasheet shown in Figure 2, is the data content of wheat kernels processed with the
clustering model. According to the K-Menas algorithm, all the contents of the dataset are in integer form
and no attribute is a label.

2.2. K-Means Algorithm
In the clustering model, the K-Means algorithm is one of the algorithms that can be used in
clustering datasheets. The datasheet used does not yet have a label that can distinguish a grouping

[28][29][30].
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2.3. Distance metric

The distance metric is a method to measure the similarity and proximity of a point to another point.
The data grouping process is done by looking at the proximity of the distance between one point and
another. The distance metric method can affect the results of making data grouping.

2.4. Euclidean distance.
Euclidean distance is an algorithm used to measure the distance measured between two vectors by
calculating the square root of the sum of the squared differences between them [31].

d(x,y) = ()

For example, suppose there are two points in the 3D dimension (x, y, z), namely A(1, 2, 3) and B(4, 5, 6).
Then the calculation of the Euclidean Distance between the two points is as follows:
d(A,B) = V((1-4)"2 + (2-5)"2 + (3-6)"2)

=V((:3)"2 + (:3)"2 + (-3)"2)

=V(9+9+09)

=27

= 5.196

So, the Euclidean Distance between points A and B in the 3D dimension is 5,196.

2.5. Manhattan distance
Manhattan distance is a measurement metric commonly used to calculate the distance between two
data points in a grid-like path [31].

n
d@y)= ) Ix= i ()
i=1

Suppose there are two points in 2D dimension (x, y), namely A(1, 2) and B(4, 5). Then the calculation of
Manhattan Distance between the two points is as follows:
d(AB) = [1-4] + |2-5]

= |31+ [-3]

=6
So, the Manhattan Distance between points A and B in 2D dimension is 6.

2.6. Chebychev distance
The maximum distance value or Chebychev distance is calculated by performing the calculation of the
absolute result of the difference between a pair of objects. [26].

1/h

p
f=1

Suppose there are two points in 2D dimension (x, y), namely A(1, 2) and B(4, 5). Then the calculation of
Chebyshev Distance between the two points is as follows:
d(A,B) = max(|1-4], |2-5|)

= max(3, 3)

So, the Chebyshev Distance between points A and B in 2D dimension is 3.

2.7. Davis bouldin.
The davies-bouldin index (DBI) is one of the methods that can be used in the evaluation process. [32].
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The following is an example of calculating the Davis Bouldin Index for two clusters in the dataset:
Table 1.
Calculating the Davis Bouldin Index for two clusters
No X1 X2

1 2 3

2 3 2

3 2 2

4 4 5

5 5 4

6 5 5

Suppose the clustering results in two clusters, that is:
Cluster 1: {3, 2, 3}
Cluster 2: {4, 5, 6}
Then, we can calculate the DBI value by:

Calculate the centroid of each cluster.

Centroid of Cluster 1: (2.33, 2.33).

Cluster 2 centroid: (4.67, 4.67).

Calculate the distance between each cluster centroid to the other cluster centroids.
Distance between centroids of Cluster 1 and Cluster 2: sqrt((2.33-4.67)*2 + (2.33-4.67)"2) = 3.32
Calculate the Rij value for each cluster

Ri=(S1+S2) /d(C1, C2) = ((0.47 + 0.23 + 0.47) /3) / 3.32 =038

R2=(S4 + S5+ S6) / d(C1, C2) = ((0.47 + 0.23+0.47) / 3) / 3.32 =038

where S is the match value within the cluster, and d is the distance between the cluster centres.
Calculate the DBI value

DBI = (R1+R2) / k=(038+038)/2=038

where k is the number of clusters.
So, the Davis Bouldin Index (DBI) value for the clustering result with two clusters on the dataset is 0.38.
The lower the DBI value, the better the clustering quality.

3. Results and Discussion

3.1. Model making

The K-Means algorithm is used in making clustering models [13],, before making the model, the data
cleaning and data checking processes are carried out. Data checking is done by selecting the attributes
used. Figure 3 Data checking process and selection of attributes used.

Retrieve seeds Replace Missing Val...
-ﬁq— exa l:] exa exa D
oo o m aaa)] el D

Figure 3. The process of checking the data and selecting the attributes used.
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The process in Figure 7, uses the replace missing value operator which is used to replace empty attribute
data with the average value, and the select attribute operator to determine which attributes are not used.

The datasheet is cleaned mainly from empty data and checking for data that deviates from the
average (outliers). Another process is the selection of attributes used in the formation of clustering. Data
grouping is done using the K means algorithm and testing is done with groupings ranging from k = 2 to
k = 7. At this stage, the process of calculating different distances is carried out.

3.2. Comparison of model results

The results of the selected clustering model are compared by evaluating the results using the Davis-
Bouldin method. The process of creating a clustering model will select the best number of groupings.
To get the best k (clustering) value, the modeling process is done by comparing distance measurements
using the Euclidean, Manhattan, and ChebychevD algorithms [22]. The clustering process was carried
out by making groupings ranging from 2 groupings to 7 groupings. The results of 7 groupings were
evaluated using Davies Bouldin. Figure 4 clustering process from k=1 to k=7 using Euclidian distance
metric. Figure 5, the clustering process from the value of k = 1 to k = 7 using the Manhattan Metric
distance metric. Figure 6, the clustering process from the value of k = 1 to k = 7 using the ChebychevD
Metric distance metric.
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Figure 4. Clustering process from k=1 to k=7 using Euclidian distance metric.

The results of the clustering process in Figure 4, the use of the Chebychev distance metric. Performed
by selecting the K-mens operator and in the parameters selecting the numerical measure with Euclidian
distance.
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Figure 5. Clustering process from k=1 to k=7 using Manhattan distance metric.

The results of the clustering process in Figure 5, the use of the Chebychev distance metric. Performed
by selecting the K-mens operator and in the parameters selecting the numerical measure with
Manhattan distance metric.
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Figure 6. Clustering process from k=1 to k=7 using Chebychev distance metric.

The results of the clustering process in Figure 6, the use of the Chebychev distance metric. Performed
by selecting the K-mens operator and in the parameters selecting the numerical measure with
Chebychev
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3.3. Davies Bouldin Results

The results of the process of creating a clustering model with 3 distance metrics are compared with the
Davies Boldin value for each K value. Many clusters are selected based on the smallest Davies Bouldin
value. Table 2 evaluation comparison with Davies Bouldin for each K value and distance metric method.

Table 2.
Comparison of evaluation with Davis Bouldin
Many K Euclidean Manhattan ChebychevD
2 0.689 0.667 0.666
3 0.753 0.768 0.753
4 0.891 0.895 0.895
5 0.915 1213 0.939
6 0.918 0.963 0.920
7 0.951 0.965 0.945

Based on table 2, the results of the Davies Bouldin calculation from the value of k = 2 to K = 7. The
selection of the number of groupings is the value of the evaluation calculation results with the smallest
value [25]. The calculation results show the value of K = 2 for each distance metric is the smallest value
and the best result is grouping as much as 2.

3.4. Data grouping results

Although the recommended number of groupings for each distance metric method is the same, namely
2 groups, the therapy grouping results on the datasheet are different. The clustering results of each
distance metric method are presented in Table 3.

Table 3.
Clustering results of each distance metric algorithm
Distance Metric Clustering Results
Manhattan Distance Cluster o: 76 data
Cluster 1: 134 data
Euclidean Distance Cluster o: 127 data
Cluster1: 83 data
Chebychev Distance Cluster o: 75 data

Cluster 1: 135 data

Based on Table 3, the results of clustering with the Manhattan distance algorithm, group o has as much
as 76 data and group 1 as much as 134. Grouping with the Euclidean Distance algorithm, resulting in
grouping o as much as 127 data 83. Grouping Chebychev Distance data, group o as much as 75 data and
group 1as much as 135 data.

The results of data clustering can be presented in the form of data and visualization. Figure 7,
clustering results using the Euclidean distance metric distance algorithm.

id cluster T area perimeter compactness lengthOfKer... widthOfKern...  asymmetry...
1 cluster_0 15.260 14.840 0.871 5763 3312 221
2 cluster_0 14.880 14.570 0.881 5.554 3.333 1.018
3 cluster_0 14.290 14.090 0.905 5291 3337 2,699
4 cluster_0 13.840 13.940 0.895 5324 3.379 2.259
G cluster_0 14.380 14.210 0.895 5.386 3312 2.462
7 cluster_0 14.690 14.490 0.880 5.563 3.259 3.586
8 cluster_0 14.110 14.100 0891 5420 3302 2700
11 cluster_0 15.260 14.850 0870 5714 3242 4543
12 cluster_0 14.030 14.160 0.880 5438 3201 1717
13 cluster_0 13.890 14.020 0.888 5439 3199 3.086

14 cluster_0 13.780 14.080 0.876 5.479 3158 3138

Figure 7. Example of cluster o data with Euclidean distance metric

Comparison of distance metric in k-mean algorithm for clustering wheat grain datasheet (Suraya, et al)
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Figure 7, an example of data entering cluster o from the data in Figure 7, data numbers 1,2,3,4,6,7,8 are
included in cluster o, and data numbers 5,9,10 are included in cluster 1. The clustering results in cluster
1are presented in Figure 8.

id cluster ) area perimeter compactness lengthOfKer... widthOfKern... asymmetry...
L} cluster_1 16.140 14.980 0903 5.658 3562 1.355
9 cluster_1 16.630 15.460 0875 6.053 3,485 2040
10 cluster_1 16.440 15.250 0.888 5.884 3.505 1.969
18 cluster_1 15.690 14.750 0.908 5.527 3514 1.599
23 cluster_1 15.880 14.900 0.899 5.618 3.507 0.765
26 cluster_1 16.190 15.160 0.885 5.833 3421 0.903
32 cluster_1 15.490 14.940 0872 5.757 337 3412
36 cluster_1 16.120 15 0.900 5.709 3.485 2.270
37 cluster_1 16.200 15270 0873 5826 3464 2823
3s cluster_1 17.080 15.380 0908 5832 3683 2956
44 cluster_1 15.500 14.860 0882 5877 3.396 4711

Figure 8. Example of cluster 1 data with Euclidean distance metric

The results in Figure 8, show that the data in numbers 5,9,10,18,23 are included in cluster 1. In addition
to presenting in the form of data, the data presentation process can be displayed in the form of graphs.
The results of clustering with Euclidean distance metric in graph form are presented in Figure 9.

cluster_1

cluster

cluster_0

5.75
0 - 5I_§|52;it:I'C"KerneI
200

cluster_0 cluster_1

Figure 9 . Visualization of datasheet clustering hail with Euclidean distance metric.

The visualisation results as presented in Figure 9 show the clustering of wheat seed data that is close to
each other. The data visualisation at the top is a grouping for data that belongs to cluster 1 and the data
grouping visualisation at the bottom belongs to cluster o.

The results of research using distance metric calculations using the Euclidean, Manhattan and
Chebychev algorithms produce the same K value K = 2. The difference between the 3 distance algorithms
is in the grouping of data. Thus the proposal from the grouping can be divided into a collection of good
and bad seeds.

4. Conclusions

The data mining clustering model is used to perform groupings of a datasheet. The more data to be
clustered, the more difficult the clustering process. The clustering process can be done using data
mining. The clustering process on the wheat seed datasheet produces a K value of 2. This K = 2 value
shows the results of clustering wheat seed data are 2 groups. The results of research using distance

JTI C.LT, Vol. 15, No. 2 May 2023: 73-83
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metric calculations using the Euclidean, Manhattan, and Chebychev algorithms produce the same K
value of K=2. The difference between the 3 distance algorithms is in the grouping of data, the results of
grouping with the Manhattan distance and Chebychev distance algorithms, a lot of data is grouped
almost the same while the Euclidean distance grouping results have quite a lot of differences. This
research contributes to the development of clustering models in data mining because it helps users in
choosing the most suitable clustering algorithm for comparison use cases with several distance metrics.
The implications obtained include the use of clustering on datasets, especially Seeds datasheets, which
can provide options for determining good wheat seeds. Limitations in the study include the data used
in a public datasheet and the recommendation of the research results is the grouping of wheat seeds
using the Euclidean Distance metric distance algorithm. Suggestions for further research are to develop
the system by adding features to the datasheet used and using the latest machine learning systems and
methods.
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