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ABSTRACT

Clustering still leaves problems in selecting optimal clusters in order to obtain a right and correct
classification analysis. Right in the sense of the number of clusters, while correct in terms of the
information generated by a group of cluster members that is optimally grouped. Determining the optimal
number of clusters is a difficult problem in non-polynomials. A number of existing approaches generally
still rely on the number of K tests tested. This study aims to produce a new approach that can determine and
place data in clusters optimally in a combinatorial form. This can be done by considering that the problem
of selecting cluster placement has a combinatorial optimization structure pattern. However, the resulting
combinatorial optimization model is quadratic. Therefore, in order to make the combinatorial clustering
problem easier to solve, linearization of the cluster data was carried out so that a combinatorial optimization
approach was produced with the algorithm. Several illustrations have been put forward to demonstrate the
validity of the method. The combinatorial optimization approach as proposed in this research produces
novelty on cluster data analysis techniques.

Keywords: Clustering, Information, Combinatorial Optimization, Linearization, Cluster Data
1. INTRODUCTION new approach that can determine the optimal
number of N objects in the cluster in a
Clustering and determining the number of  combinatorial form.
clusters are included in an unlimited form of
operation. Clusters can be formed from a little or a
lot of data with few or many criteria so that it is
necessary to reorganize the data before using it
through the stages arranged in the Knowledge
Discovery in Database (KDD). This is possible
because generally the information that is expected
to come from data with certain criteria or just
desired [1].

In many applications, the similarity that is
processed by the evaluation technique is carried out
on clusters that have been formed from a number of
k tests so that they ignore previously formed cluster
members. As a result, even though the optimal
cluster has been selected, it is not certain that the
data which is a cluster member is also optimal. In
research in obtaining this new optimization
approach, cluster evaluation techniques are needed

Determining and placing the optimal
amount of data in clusters is a difficult problem in
non-polynomials. This difficulty level is increasing
with the problem of converting the -clustering
problem into a combinatorial problem, so we need a

to compare with the final results of the approaches
obtained.

Determination of clusters and data in

clusters using a combinatorial optimization
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approach has never been done. A number of
existing studies use non-combinatorial evaluation
techniques, such as research [2] which uses the
Elbow method to determine the optimal cluster
through the eK-NNclus algorithm clustering.
Dynamic Cluster Algorithm is a solution in
optimizing the radius to the center in a group of
data matrices [3] and dynamic programs which are
the optimal cluster formation solutions for
sequential data [4]. In addition, studies [5],[6] solve
cluster optimization problems using the Silhouette
Index.

A number of studies above showed that
cluster optimization techniques in solving
clustering problems emphasize the use of a number
of k tests that are determined at the beginning and
the closest distance in placing cluster members (N
objects) in the cluster. Research [7], described that
the combinatorial approach allows the placement of
N objects in a number of clusters and optimization
of the number of objects in a cluster through a
combinatorial approach design and the number of
clusters itself also depends on the application used.
Research conducted by researchers at this time is to
produce a new approach that can determine and
place data or objects in the cluster optimally in the
form of a combinatorial optimization model.
Combinatorial solution is shown in the number of
N objects that can be generated and occupy the
cluster optimally, as well as forming a placement
algorithm according to the approach obtained. It is
hoped that the results of this study will be an
alternative for cluster evaluation techniques in
producing the best information from an optimal
clustering process.

2. LITERATURE REVIEW

2.1 Clustering

Clusters can be presented in various forms
[1]. Tt really depends on the variety of data being
grouped and the algorithm used [8]. Clusters are
used in many areas of research such as data mining,
statistical data analysis, machine learning, pattern
recognition, image analysis and information
retrieval. The clustering problem cannot be solved
by one particular algorithm but requires a variety of
algorithms that differ significantly in terms of what
makes up clusters and how to find them efficiently.
Generally, clusters include groups with small
distances between cluster members, dense areas of

data space, certain intervals or statistical
distributions.  Therefore, grouping can be
formulated as  multi-objective  optimization

problems. The appropriate clustering algorithm and

parameter setting depend on the individual data set
and the intended use of the results. Such cluster
analysis is an iterative process of knowledge
discovery or interactive multi-purpose optimization
that involves trial and error. Often it is necessary to
modify preprocessing data and model parameters
until the results reach the desired objectives [9].

2.2 Cluster Evaluation Techniques and Data
Placement

The difficulty in determining the
knowledge / information of clusters, encourages the
creation of various algorithms, techniques or
methods that can determine the optimal number of
clusters. Various evaluation techniques have been
developed with different results. A description of
some of them is shown in the following table.

Table 1: Cluster Evaluation Technique

Cluster
Evaluation
Techniques

Description Research

- Known as the Elbow
method

- Number of clusters
based on distortion,
the average distance
per dimension
between each nearest
cluster center.

- The calculation is
done using the Sum of
Square Error (SSE)
equation.

- Tested on a number of
k

- If the percentage value
of a cluster with the
next cluster has the
largest decrease, then
the cluster is selected
as the optimal cluster

[10]

Elbow
Method

Determine the number of
clusters based on
distortion, which is a
number that measures
the average per-
dimensional distance
between each
observation result, the
average distance and the
center of the closest
cluster

Information
Theoritic
Approach

[11],[12]
[13], [14].

Dynamic
Cluster
Algorithm

- This algorithm allows
nodes to gradually
build simple views
and run a grouping
algorithm to build a

[15], [16], [3],
[17]
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grouping model

- Fulfillment of the best
cluster validity
boundary conditions
indicates that a cluster

is optimal
Silhouette - The way it works is to | [18]
Index interpret and produce

consistent validation

within a data set

- Clusters with an index

close to 1 are the best

or optimal
Davies - This is an internal [19]
Bouldin evaluation scheme,
Index where validation of
(DBI]) how well the grouping

has been done is made
using the quantity and
features attached to
the data set

- DBI is based on the
ratio between the
distance "within-
cluster" and "between-
cluster"

- The optimal cluster is
obtained from the
smallest DBI value
from a number of k
tests

In many applications, the similarity that is
processed by the evaluation technique is carried out
on clusters that have been formed from a number of
k tests so that they ignore previously formed cluster
members. As a result, even though the optimal
cluster has been selected, it is not certain that the
data that is a cluster member is also optimal. In
order to discover this new optimization approach,
existing cluster evaluation techniques are needed to
compare against the final results of the approaches
obtained.

2.3 Combinatorial
Combinatorial
Optimization is used side by side with a
method or algorithm [20]. This approach can be
applied to various fields to solve various problems,
including data mining. In the study [21],
combinatorial optimization was applied to the
selection of the smallest network size without
reducing the capacity size required by Synchronous
Optical Network (SONET) subscribers. The results

Optimization = Approach

were obtained through the analysis of Capacitated
Vehicle Routing Problem (CVRP).

Combinatorial optimization is also useful
for project selection using Genetic Algorithms to
simplify the project selection process [22] and
reduce the number of variables and the cost of
survey sample space [23]. In addition,
combinatorial optimization can optimize the
grouping of census data based on 6 demographic
attributes [24] and find new algorithms in the
Quadratic Assignment Problem [25]. Meanwhile,
the current research uses combinatorial
optimization on linearized non-linear problems so
that a new approach is needed to produce optimal

grouping.

3. RESEARCH METHODOLOGY

To obtain the formulation of a
combinatorial optimization approach, a systematic
research stage was compiled as shown in Figure 1.

Literature study

v

Formulation of the
problem

'

Analysis of problem
constraint criteria

v

Design of Combinatorial
Optimization Approach for Cluster
Data Placement Optimally

v

v

Propose method of settlement

v

Testing

Figure 1: Research Stages

The research begins with enrichment of
knowledge about cluster evaluation techniques in
determining the optimal cluster. The limitations of
each existing technique are formulated in the form
of a problem. The formulation in question is to
change the problem to a combinatorial form, such
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as formulating objects, clusters, distances and
determining constraint functions that are calculated
to obtain similarity through distance calculations.
Furthermore, the design of an approach model is
carried out for optimizing the number of clusters
and placing the data in the cluster.

After the model is formed, testing is
carried out using object simulations with the
specified number of objects and clusters. In this
study, simulations were carried out for the same
number of objects and clusters, as well as for the
number of objects and different clusters.

The last stage as shown in Figure 1, the
model is tested on a number of data with each
constraint. The data are arranged in the form of an
NxM matrix and for the constraints X = 1 and X>1.
After the matrix is arranged correctly, the model is
tested and executed using the Linear Interactive and
Discreate Optimizer (LINDO) application. The
resulting output is in the form of integer decisions 0
and 1, where 0 means that the data is not selected as
optimal to be placed in the cluster, while 1 means
that the data is selected to be placed in the cluster
and the placement is the most optimal.

4. RESULT AND DISCUSSION

4.1 Problem Formulation

Problem in determining the optimal
number of clusters is the direct emergence of the
number of clusters. In this condition, the problem
criterion which is a constraint function is calculated
to obtain similarity. Similarities are obtained from
calculating the distance between objects. The
distance in question is from minimizing the groups
in a number of objects or data and minimizing the
maximum distance in the group. Data grouping is
simulated in Figure 2.
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Figure 2: Cluster Illustration

In Figure 2 each object has N constraints.
The position of the object becomes the point of
calculating the distance between objects. Every
object with the same similarity or approaching will

automatically be approached to form a group.
Formulation of the problem can be given as follows:

v Aset of N object, where O={04, O,...0On}

v A set of M of pre-assigned cluster, where S={S;,
Sy,..., SM}

The distance function d, is calculated to
determine the distance of each object based on its
similarity, where:

v di>=0, which means that the object is one
distance from another object;

v" di=0, which means the objects have the same
distance;

v" di=dji, which means the distance O; to O is the
same as the distance O, to Oy, for i,j = {1,...,N}.

Thus, to obtain the decision variable, it is
shown from the number of NxM with the decision
Xy € {0,1} so that in the form of a notation it is
written:

X = {1 Jika objek # berada pada cluster)
Y Q Jika tidak

4.2 Combinatorial Optimization Model

Based on the explanation above, the
optimal number of clusters in a combinatorial
problem is determined by the cluster distance being
linearized. Data clustering (DC) can be formulated
as non-linear 0-1 problems as follows:

N-1 N M

(DC)=min Y > d;> X, X, M
=l j=i+l k=l

s, t

M

> Xy =Li=1L.,N 2

k=1

M

D Xy zLk=1..,M 3

izt
Where: X, € {0,1},i =1..,N,k=1,..,M

That is, cluster data is the scope of non-
linear problems, where formula (1) can Minimizing
the distance between objects in the same cluster,
formula (2) can guarantee that each object only
occupies a cluster, formula (3) can guarantee that
each cluster within the highest test boundary has at
least one object.

Improvements to non-linear formulations
require a linearization process, in which the
linearization function is able to guarantee that
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objects with high similarities or having the lowest
distance will be in the same cluster, where
V. ;=L..,N, theny;= I for O;, Gj € O in the same

cluster. The full explanation of cluster data
linearization (LDC) is as follows.

(LDC) = minf idij, Vi “)

=l j=i+l

Where can minimize the distance between objects
in the same cluster. For the formulation of
constraints as shown in equations (5) and (6), the
guarantees provided are the same as equations (2)
and (3), namely:

s, t
M
D Xy =Li=1..,N )
k=1
M
D Xy 2Lk=1..,M (6
i=1
X, €{01}i=1.,N,k=1,.,M 7

Yy = X +Y —Li=1.,N, j=i+1..,N,k (8)
Y; 20,i=1..,N.j=i+L. N ©))

Equation (7) is a decision on the position
of the cluster and data on the cluster through
variable Xjj. The variable X, which has a value of 1,
indicates the optimal cluster, while the one with 0 is
the opposite. Equations (8) and (9) ensures that the
Yi=1 if Xu=Xj=1, where Oj, O;j € O, contained in
the same cluster. This happens because LDC has

N = LM+ 1)
&

K< .
ey movable variables and has

constraints compared to DC, but it makes

linearization easier.

4.3 Implementation and Testing

Based on the model design that has been
obtained, the model is tested on the same number of
objects and clusters (N = M) and different (N> M).

4.3.1 Number of Objects = Number of Clusters
N=M)

In the design to produce the desired
combinatorial optimization equation, suppose there
are 10 nodes symbolized by N and 10 clusters
symbolized by M. The coefficients of all Y

represent the distance from the object. By using
equation (4) which is linearized from equation (1),
the minimum function is arranged in LINDO as
follows:

U5 <untitled>

MIN
10y12+15¢13+9y14416y15+18y16+16y17412y18+14y19+15y110
+20y23+19y24416y25+1 7y 26+412y27+14y28417y29+12y210
+16y34413y35+14y36+17v37+12v38+14y39+11y310
+15y45+18y46412y47+16v4B+13y49+10y410
+16y56+19y57+15y58+12y59+11y510
+14y67+16y68+12y69+17y610

+15y78+12y79+15y710

+12y89+14y810

+14y910

10y21+15y3149y41+16y51+18y61+16y71+12y81+14y91+15y101
+20y32+19y42+16y5 241 7y62412y72414y82417y9 241 2y102
+16743+13y53+14y63+17y73+12y83+14y93+11y103
+15y54+18y64+12y744+16y84413y94+10y104
+16765+19575+15y85+12y95+11y105
+14y76+16y86+12y96+17y106

+15v87+12y97+15y107

+12y98+14y108

+14y109

Figure 3: Minimum Function for N=10 M=10

Constraint function is described by the number of x
formed from equations (2) and (3) as follows:

Eﬁ <untitled>

s. 0.

sl 1421 241 34xd 441 Sl 6451 Tl B4 18421101
w2140 M2 +x 425+ 0452 1422 8452 941210=1
w3140 243 34 A4 30+ 0453 T4 3 8413 943101
gd1ed24nd I dd4xdS+udbnd T4udB4x4941410=1
RO 140 240 IS A4 S +rG 6415 7400 +x594x510=1
#h14+xb 2486 3+x6 44565 +6 6436 7+268+x594x610=1
71724 34w T 44 1S4+ m 7 6407 7478417 941710=1
%01 +x0 24203 +x0 44205 +206+x87+288+x89+x810=1
191429 2489 3420 440040 64+x9 749 B+x994x910=1
#1014+3102+x 10342104+ 10542 106+x 107421 08+x109+21010=1

el 1421 4ndlend 145 T4 147 1428 149 1410101
w1 2+x22+x32+xd 2+ 2+x6 2417 2+x024x92+x1025=1
w1342 433 4xd 40 346 I4x7 3428 342934210321
ld+e2d4nddsnd d+xbdtnbd+a 7 d+x044x94421045=1
215422 S+ 35434 G40 546 547 542 85+x954x105 =1
w104u26+x36+xd0+r00+x00+x7b+efb+r90+x106)=1
w1 T4 T3 T4xd 1457426 7457 T4 7429742107 =1
%10+x20+x30+x40+x00+x60+x70+x80+x90+x108:=1
w1942 G439 434 940 46 947 9428945994109 =1
110421 04m 31 04 104251 0461 0427104281 0491 04x1010=1

Figure 4: Constraint for N=10 M=10

Based on Figure 4, the description of this
minimum function becomes the goal to be
achieved. The obstacle in the optimization problem
is the direct emergence of the number of clusters.
The constraint is represented by a number of X.
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Then the X and Y values are written as Figure 5, 6

and 7..

ﬁﬁ <untitled>

—y12+x11+y2ls=1
-y124x124y223=1
-y12+x13+y235=1
-yl2+xl4+v24>=1
-y12+x15+y25>=1
-v12+=xl6+y263=1
-yl124x17+y273=1
-y12+x18+y283=1
-y124219+y29>=1

-y12+x1104y210>=1

Figure 5: Y Values for N=10 M=10

ﬁa<unﬁ§ed>

H21+y31-v23>=1
224y32-y23>=1
H23+y33-y235=1
244y34—y23>=1
H254y35—y23>=1
®26+y36-y23:>=1
H27+y37-v23>=1
H28+y38-y23>=1
®20+y39—vy23>=1

2210+y310-y23>=1

A314v4l-v34>=1
E324yd2—y34:=1
H33+y43-y34>=1
H34+yd4—y34:»=1
H35+y45-y34>=1
H36+ydb—y34>=1
forTymr—yamr—a

X38+y48-y34>=1

¥ <untitled>

X61l+y71-y67>=1
H62+y72-y67>=1
X63+y73-v67>=1
K64+yT7d=y672=1
HES+y75-y67>=1
Heb+y76-v673=1
X67+y77-y67>=1
H68+y78-v67>=1
H69+y79-y67>=1
K610+y710-y67>=1

H71+vw81-w78:=1
H72+y82-v78>=1
H73+y83-v78>=1
X74+y84-y78>=1
X75+y85-y78>=1
X76+y86-y78>=1
X77+y87-y783=1
X78+y88-v783=1
H794v89—%785=1
X7104v810-y78>=1

X81+y91-wB89:=1
H824v92-%09:=1
X834v93-vwB89>=1
X84+y94-yB89>=1
X854v95-%895=1
H96+796-7E93=1
XB87+y97-yB89>=1
X884v98-v89:=1
X89+y99-y89>=1
XB810+y910-y89:=1

end

Figure 7: X Values for N=10 M=10 Continued

Where:

X, €{0,1} VieN,VkeM
Y; 20, VieN,VjeM

X39+y49-y34>=1

The minimum functions and constraints are tested
H310+yw410-y34>=1

using the LINDO application Execution result by

Hd1l+y5l-yd5:=1 LINDO showed the value of X, as shown in Table

H42+y52-y452:=1
H43+yS53-y453=1
H44+y54-y45>=1
H45+yS5-y45>=1
T46+yS6-y453=1
H47+y57-y452>=1
H48+4y58-—y45:=1
X49+y59-y453=1

K410+4y510-y45>=1

A51+y61-y56>=1
A52+y62-y56>=1
E53+y63-y56>=1
X54+y64—y563=1
A55+y65—y563=1
X56+y66-y563=1
X57+y67-y56>=1
X58+y68-y56>=1
X59+769-y56>=1

¥510+y610-y56>=1

2.

Table 2: Optimal Results for Variable X N=10 M=10

Figure 6: X Values for N=10 M=10

2705

Variable Value

X11 0,000000

X12 0,000000

X13 1,000000

X14 0,000000

X15 0,000000

X16 0,000000

X17 0,000000

X18 0,000000

X110 0,000000

X21 0,000000

X22 0,000000

X23 0,000000

X24 1,000000

X25 0,000000

X26 0,000000

X27 0,000000

X28 0,000000

X29 0,000000




Journal of Theoretical and Applied Information Technology s

15" June 2021. Vol.99. No 11 ~J

© 2021 Little Lion Scientific B i

Cialill

ISSN: 1992-8645

www jatit.org E-ISSN: 1817-3195

X210 0,000000
X31 0,000000
X32 0,000000
X33 0,000000
X34 0,000000
X35 1,000000
X36 0,000000
X37 0,000000
X38 0,000000
X39 0,000000

X310 0,000000
X41 0,000000
X42 0,000000
X43 0,000000
X44 0,000000
X45 0,000000
X46 1,000000
X47 0,000000
X48 0,000000
X49 0,000000

X410 0,000000
X51 0,000000
X52 0,000000
X53 0,000000
X54 0,000000
X55 0,000000
X56 0,000000
X57 1,000000
X58 0,000000
X59 0,000000

X510 0,000000
X61 0,000000
X62 0,000000
X63 0,000000
X64 0,000000
X65 0,000000
X66 0,000000
X67 0,000000
X68 1,000000

X610 0,000000
X71 0,000000
X72 0,000000
X73 0,000000
X74 0,000000
X75 0,000000
X76 0,000000
X77 0,000000
X78 0,000000
X79 1,000000

X710 0,000000
X81 0,000000
X82 1,000000
X83 0,000000
X84 0,000000
X85 0,000000
X86 0,000000
X87 0,000000
X88 0,000000
X89 0,000000

X810 0,000000
X91 0,000000
X92 0,000000
X93 0,000000
X9%4 0,000000
X95 0,000000
X96 0,000000
X97 0,000000
X98 0,000000
X99 0,000000

X910 1,000000

X101 1,000000

X102 0,000000

X103 0,000000

X104 0,000000

X105 0,000000

X106 0,000000

X107 0,000000

X108 0,000000

X109 0,000000

X1010 0,000000
X19 1,000000
X69 1,000000
X21 1,000000

4.3.2 Number of Objects> Number of Clusters
(N> M)
The next test is simulated on the number
of objects and clusters that are not the same, which
are N=7and M =5, N=10and M = 6.

For N = 7 and M = 5. minimum function is as
follows:

¥ <untitled>

Hinimum
10y12+15y1349y14+16y15
+20y23+419y24416y25
+16y34+13y35

+15v45+
10y21+415y31+9y41+416y51
+20y32+19y42+16y52

+16w43+13953
+15y54 |

Figure 8: Minimum Function for N=7 M=5

The constraint for N=7 and M=5 is described by the
number of x formed as follows:

524 <untitled>

s.t

®11+x12+x8134+x14+x15=1
®214222+223+4x244+r25=1
®314+x32+w33+x344w35=1
®41+x42+x4 3+x44+xr45=1
®514+x52+x53+4x544155=1
®b1+ub2+=63+x64+x65=1
®71+x272+8734x74+275=1

®11+221+=2314x41+=51+x61+x71>=1
2124222423 2424 24+x52+x62+x72>=1
213+223+x334+243+x53+r634x73>=1
®14+x24+x34+md4+x54+m04+x74>=1
®154+u25+m354x454x554x65+x75>=1

Figure 9: Constraint for N=7 M=5
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Next is the writing of the X and Y values. ~ Execution result by LINDO showed the value of X,
In the application of the model to N = M, equations  presented in Table 3.
(2) and (3) support to achieve the desired results.

However, in implementation, the number of N is Table 3: Results of Optimal Variable X N=7 M=5
not always the same as M. Some objects can be Variable Value
members of a cluster or N>M. For this reason, the X11 0,000000
model execution in LINDO can be presented using X12 0,000000
int function. The X and Y values are shown in X13 1,000000
Figure 10. X14 0,000000
i X15 0,000000
. X21 0,000000
5 <untitied> X22 | 0,000000
—y124=114y21>=1 X23 0,000000
—y124+=512+y22>=1 X24 1,000000
_S'S”‘ﬁ”’ﬂ >=} X25 0,000000
—y12+xld+y24>=
—y12+4x15+y25>=1 X31 | 0,000000
H21+y31-v23>=1 X32 0,000000
g%wgg—vgg >=} X33 0,000000
+y33-y23>=
X24+y34-y23>=1 X34 0,000000
H25+y35—vy235=1 X35 1,000000
ﬁé*"ﬁ_"gi >=} X41 1,000000
+yd2-y34>=
X334y43—y3ds=1 X42 0,000000
H3d+ydd—vy34r=1 X43 0,000000
I}’{{ﬁ iﬂrég—ygé > =} X44 0,000000
+y51-y45>=
H42+y52-y45o=1 X45 0,000000
H43+y53—y45>=1 X51 0,000000
H44+y54-y45>=1 X52 1,000000
H454y55—7453=1 X53 0.000000
end X54 0,000000
int x12 X55 0,000000
in: ﬂig Xo61 0,000000
in =
int =16 X62 0,000000
int =21 X63 1,000000
int =22 X64 0,000000
int =24 X65 0,000000
int ﬁf X71 0,000000
int =32 X72 0,000000
int xgi X73 1,000000
in =
o X74 | 0,000000
X75 0,000000
int =41
int =42 . o
int =43 For N = 10 and M = 6. The resulting minimum
nd ijé function and constraint of this example are shown
int =51 in Figure 11 and 12:
:!_nt =52
int =22 i untted>
int =55 Hininun
. 10y12+15y1349y14+16y15+18y16
int xg% +20y23419y24+16525417y26
int = +16y34413y35+14y36
int =63 +15y45+8yd6
int =64 +16556+
int =65
. 21 10y21+15y3149y41+16y51+18y61+16y71+12y81+14y31+15y101
?‘nt H?z +20y32419y42416y52+1 7y62412y72+14y8241 7y92412y102
in 373 +16y43+13y53+ 14y63+1 Ty73+12y83+ 14934117103
?-nt e +15y54+18y64+12y74+16y84+1 37344107104
in 375 +16y65+19y75+15y85+12y95+11y105
int x +LAy76+16y86+12y96+17y106
Figure 10: X and Y Values for N=7 M=5 Figure 11: Minimum Function for N=10 M=6
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”

] <untitled>

s.t.

211+x812+813+214+=15+x16=1
22148224823 +824+825+826=1
2I1+EI2+EII+xI4+=35+r36=1

The LINDO's

minimum function and constraints
example above are shown in Table 4.

execution result of the
from the

Table 4: Optimal Results for Variable X N=10 M=6

z41+x42+x43+xdd+x45+x46=1 Variable Value
®5 14852485 3+854+x55+x56=1 X11 0,000000
261+u62+863+264+=65+u66=1 X12 0,000000
2714=7 24873487 44+275+276=1
281+=02+x83+x84+=85+=086=1 ;(}i (1)’888888
#914+2924x93+x94+=295+x96=1 >
£101+2102+=103+x104+x105+x106=1 X15 0,000000
X16 0,000000
2114221483 1+241+251+=61+871+281+291+2101 =1 X21 0,000000
2124224032424 2485246 2417 2428 2+x92+x102>=1 X22 0.000000
2134823483 3+843+253+=06 3487 3428 3+293+x103>=1 X23 0’000000
mld+m2d4m3d4udd+ud+mbd4u744284+x94+=104 =1 2
®15+R25+835+R45+855+865+R75+885+895+8105>=1 X24 1,000000
2164+226+2364+846+856+266+276+286+4+296+x106>=1 X25 0,000000
X26 0,000000
; ) ; _ _ X31 0,000000
Figure 12: Constraint for N=10 M=6 X5 0.000000
L. . o X33 0,000000
The X and Y values, it is written in Figure 13 as X34 0.000000
follows: X35 | 1,000000
, X36 0,000000
5] <untitied> X41 0,000000
X42 0,000000
—y12+x114y215=1 X43 0,000000
—y12+=124y225=1 X44 0,000000
—y12+x13+v23>=1 X45 0,000000
—vi%ﬂigw%gvi X46 1,000000
“YLLPRLNHYLS0= X51 0,000000
—yl2+=16+4v263=1 2
X214y31-y235+1 X52 | 0,000000
$22+y32-y233=1 X53 0,000000
E234v33-y23>=1 X54 1,000000
¥264736-¥23>-1 X356 | 0,000000
E314y41-y34>=1 X6l 1,000000
E324v42-vy34s=1 X62 0,000000
:;{{g 3+yji—y§j y= }l X63 0,000000
+ydd-y34>=
¥354y45-y34>=1 R
I364+vd6-y3dr=1 ]
X41+y51-y455=1 X66 0,000000
424y52—y45>=1 X71 0,000000
434y53-y45>=1 X72 1,000000
X46+y56-y45>=1 X74 | 0.000000
X75 0,000000
¥51+y61-y56>=1 X76 0,000000
H524y62-y56>=1 X81 0,000000
I534y63-y565=1 X82 1,000000
H544y64-y56>=1 X83 0,000000
A55+y65-y56>=1 X84 0,000000
ASb+y6b-y56>=1 X85 0,000000
X86 0,000000
end X91 0,000000
X92 1,000000
Figure 13: X and Y Values for N=10 M=6 X93 0,000000
X94 0,000000
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X95 0,000000
X96 0,000000
X101 0,000000
X102 1,000000
X103 0,000000
X104 0,000000
X105 0,000000
X106 0,000000

4.4 Results Reading and Discussion

In accordance with the objectives of this
study, objects are placed in clusters using a
combinatorial approach based on mi function. the
minimum specified. This new model forms a
formula that shows if X = 1 then an object has
precisely occupied a cluster optimally.

Based on Tables 2, 3, and 4, each variable
X has a value of 1, then the first number after the
variable is the i object that is placed in the j cluster.
For example, X13 in Table 2, means that the 1st
object occupies the 3rd cluster. X24 in Table 2
means the 2nd object occupies the 4th cluster, and
SO on.

For the X63 variable in Table 3, it means
that the 6th object occupies the 3rd cluster. The
variable X73 in Table 3 means that the 7th object
occupies the 3rd cluster. Likewise, the variables
contained in Table 4. The variable X54 in Table 4
means that the 5th object occupies the 4th cluster.
The variables X72, X82, X92 and X102 in Table 4
are objects with the same cluster location, cluster 2.
This shows that there are 4 objects in 1 cluster. The
full test results on N = M and N> M are shown in
Tables 5, 6 and 7.

Table 5: Cluster Optimization N=10 M=10

N Object Cluster
1 3
2 4
3 5
4 6
5 7
6 8
7 9
8 2
9 10
10 1
1 9
6 9
2 1

Table 6: Cluster Optimization N=7 M=5
N Object Cluster
1 3

NN~ W N
Wlw|—|un|s

Table 7: Cluster Optimization N=10 M=6
N Object Cluster
1 3

Ol |||k~ |[w o
NN~ ||| |

—_
[e]

The resulting of combinatorial
optimization model shows test results that meet the
desired requirements. This new model guarantees
that no cluster is empty or has no members. Each
cluster has at least 1 data or object as a member of
the cluster. This condition can occur because of a
function i X, 2Lk=1..,M - In addition, the

i=1
combinatorial optimization model can also place
multiple objects in the same cluster for both N =M
and N> M.

Based on the explanation of the new
approach produced, several differences can be seen
from the existing cluster evaluation techniques,
namely:

a. The combinatorial optimization approach uses
the desired highest k test boundary so that
direct data placement in clusters can be carried
out.

b. Problem constraints are
combinatorial form.

converted into

c. The decision on the optimal cluster is obtained
from X = 1, while X = 0 is not the optimal

cluster.
In simple terms, the combinatorial
optimization  approach  has  formed an

understandable algorithm, as can be seen in Table
8.

2709



Journal of Theoretical and Applied Information Technology -
15" June 2021. Vol.99. No 11 N

© 2021 Little Lion Scientific

Cialill

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

Table 8: Data Placement Algorithms in Clusters

1. Prepare the data along with the accompanying
criteria and the highest cluster boundary

2. Determine the objective / objective function.
This function is used to determine the final
decision

3.  Convert data to matrix form according to the
amount of data and the highest cluster
limitation

4. Perform the constraints formulation in the form

of a non-linear formulation

Perform testing

6. If the test result for variable x is equal to 1, then
the constant that follows x is the data that
occupies the most optimal cluster. If the
variable x is equal to 0, then the data and
clusters are not optimal.

W

The algorithm formed is expected to guide
data placement in clusters using the combinatorial
optimization model. Based on the tests that have
been carried out, the combinatorial optimization
model is very likely to be an alternative in
determining and placing data in clusters optimally.

5. CONCLUSION

Cluster optimization based on the
combinatorial optimization approach has succeeded
in providing an alternative in cluster evaluation
techniques, especially in placing data or objects in
clusters. The form of fast decisions through
variables X and Y with values 0 and 1 can
determine and place the data in the cluster optimally
without having to test of k tests.

The resulting model shows the success of
the test at N = M and N> M, where the number of
objects is equal to the number of clusters and the
number of objects is greater than the number of
clusters. The linearization function is very helpful
in placing objects or data in the cluster because it
guarantees that each object or data has a similar
closeness, is in the same cluster and each cluster has
at least one object or data. In addition, the resulting
model forms a solution path in the form of an
algorithm that can be executed logically and easily.

In the application of clusters by users,
empty clusters are avoided, because logically,
grouping is made to show identity based on the data
or objects in it. The user knows the identity of a
cluster from the features or criteria attached to the
objects that fill the cluster. This means that each
cluster must provide useful information or
knowledge. Therefore, this combinatorial approach

is very helpful for users in overcoming these
problems.
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