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Abstract

learning®".
There are various algorithms for the data clusterin

The data clustering with automatic program such asBut the most popular one is k-means algorithm. The

k-means has been a popular technique widely useshiry
general applications. Two interesting sub-activibf
clustering process are studied in this paper, sefethe
number of clusters and analysis the result of diatstering.
This research aims at studying the clustering waé#ilich to
find appropriate number of clusters for k-means hoet
The characteristics of experimental data have peshand
each shape have 4 datasets (100 items), whichsuiffus

k-means algorithm is very simple in operation aniable

for unraveling compact clusters and a fast iteeativ
algorithm®. The principle of k-means algorithm has divide
n objects from dataset for k clusters that usedecdrased
clustering methodd. In addition, each cluster has
represented by the means of objéttalthough k-means is

a popular technique, k-means is not known the corre
number of clusters a priori. Consequently, the main

achieved by applying a Gaussian distributed (normalchallenge for these clustering methods is in ddateng the

distribution). This research used two techniques fo
clustering validation: Silhouette and Sum of Sqddterors

(SSE). The research shows comparative results ¢a da

clustering configuration k from 2 to 10. The resuif both

number of clustef8. In general, the number of clusters has

been set by users or archives from knowledge @faret"
9-11)

Fig. 1 shows the distribution of each cluster wkeB,

Silhouette and SSE are consistent in the sense thaand k=4. The researcher found that the determimabio

Silhouette and SSE present appropriate numberusters
at the same k-value (Silhouette value: maximum ayer
SSE-value: knee point).

Keywords: Clustering Validity, Silhouette Measure, Sum of
Squared Errors, k-means Algorithm.

1. Introduction

A clustering is to group data. Although the cluistgris
similar to the data classification in terms of daput, the
clustering is learning without target class. Thastdring
algorithm forms groups based on object similaritieshe
clustering was applied to many
bioinformatics, genetics, image processing,
recognition, market research, document classificatand
weather classificatidfl. In addition, the clustering was
applied to document data analysis that was onegoti&ta
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fields such as
speech

suitable k value is not clear as shown in fig. fid fig. 1b.

As mentioned above about problem of clusteringrettare
various research for selecting an appropriate nunabe
cluster§°*®). Each of the proposed technique is suitable for
each of data distribution such as Gaussianity and
non-Gaussianify’). Therefore, finding the correct k-value
for clustering is still a fundamental problem oftistering
method§°°)

In this research, we study the clustering validity
techniques to quantify the appropriate number abtelrs
for k-means algorithm. These techniques are Silttewand
Sum of Squared Errors. The rest of this paper gargred
as follows. Section 2 discusses related reseamttio® 3
contains a description of methodology. Section dsents
the results of experiments. The last section costai
conclusions.
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k-Means Algorithm, k=3 k-Means Algorithm, k=5
6 6 T T T — T

(a) k=3 (b) k=5
Fig. 1. Data clustering when k=3 and k=5

2. Related Research 3. Proposed Methodology

Rousseeutt? have proposed the concept of the 3.1 A Framework of Data Clustering and Validation
monitoring cluster. In the research proposed for Silhouette Approach
technique, which is based on the comparison of objects

tightness and separation. The silhouette can reflect the data _ 17-20) . )
learning techmql}% . The principle of data clustering

is grouped that objects are organized into groups that matchh . . .
, o L ) that objects in the same cluster will have to look very
it. This is a tool to assess the validity of the clustering to be

used for selecting the optimal k in the cluster.

The clustering is a data mining at an unsupervised

similar, while objects in other similar 1&58 There are
kwedid™ have proposed the concept of broblem various algorithms of clustering technique, for example,
prop P P Basic Sequential Algorithms Scheme (BSAS), Partitioning

solving in order to know the number of cluster using the . .
Around Medoids Algorithm (PAM), Fuzzy c-Means
Sum of Squared Errors (SSE). The research for developed a

. . . Algorithm (FCM), k-means Algorithf and so on.
new method, called DE-KM (Differential Evolution g ( . ) . g _
. . . o ) The main steps in the work of the clustering has 5
Algorithm: DE) technique is the combination of algorithms, 1) i
. N stepé2 . There are (a) set a number of cluster for clustering
k-means clustering by tuning in DE and sort data to see the

) , . (k) and cluster feature, (b) set a function for objects
evolution. Experimental results show that the highest k"~ . .
. . similarity measurement, (c) run clustering algorithm, (d) set
values appropriate to the clustering, and DE-KM SSE

Visualization to display cluster and (e) clustering validit
values than the other methods they tested. Pay © g y

analysis, as fig. 2.
Shahbaba and Behedfithave proposed the concept of

dealing with the problem of determining the correct number ‘ @
of cluster to be grouped. The method used to estimate the S ol Ty clustcingand dlusier et
probability of error point average (ACE), which is the 1
difference between the actual point and estimate point. The . by
. i i i Set a function for objects similaritv measurement
idea is to explore how to use the k-means clustering with
ACE k-means low (MACE-Means) is used with the UCI "(l:
. cl
data and the other synthetic. They found that a correct Run clustering algorithm
number of cluster that can be spent on items that are sturdy l
little overlap and time less. (d)
fg) : Set Visualization to displav cluster

Jun et al” have proposed the concept of clustering the
documents based on the concept of reducing the dimension l
of the data, combined with the clustering k-means based on Clustering\'§{1dit\'a.nal*;sis
clustering with support vector and silhouette measure. They . . -
have experimented with the patent, documents from UCI to Fig. 2. Show 5 steps in clustering process.

analyze separately each group of documents to clustering
for technology forecasting.
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3.2 k-MeansClustering

The k-means clustering is a technique that reliethe
center of cluster. This is often represented byaherage
(Means) of cluster. The clustering measure thelaiity of
the group by iterating the measurement distancevesat
each object and the center of each CIlEFéteusing
Euclidean distance measuring.

The k-means algorithm is an iterative algorithm akhi
can be described by the following steps.

Algorithm: k-means Clusterirﬂjd).

(@) Choose initial centroidsnfy,...,m} of the clusters

{Cu....GJ.

(b) Calculate new cluster membership. A feature vector

X is assigned to the clusteri€and only if

L= (1)

.....

(@)

(d) If none of the cluster centroids have changedslini
the algorithm. Otherwise go to Step (b).

3.3 Clustering Validity M ethods

3.3.1 Silhouette M easure

The concept of RousseetitVis described as follows:
the Silhouette is a tool used to assess the walidit
clustering. The silhouette constructed to seleetdptimal
number of cluster with a ratio scale data (as exdase of
Euclidean distances) that suitable for clearly satea
cluster. The clustering are considered averageimpites
as the two are dissimilarities and similarities,ickhwork
best in a situation with roughly spherical clusters

Fig. 3. Show computatios(i) for eachobject, where

obiecti belona to cluster 2.

Case#1 considered dissimilariti€.

From fig. 3 described for take the objédanh the data
set, and assigned to clusterthen define as follows:

s(i) =in case of dissimilarities.

i = objecti belong to clusteA.

a(i) =average dissimilarity dfto all other objects oA.
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d(i, C) = average dissimilarity of i to all objects ©f
b(@i) = minimumd(i, C), whereC # A.
B  =the clusteB for which minimum is attained the
neighbor of objeci
The clusteB is like the second-best choice for object
if it could not be accommodated into clust&r which
cluster B would be the closest competitor In Fig.TBe
numbers(i) write this in formula:
) b(i) — a(i)
s = max{a(i),lf(i)}' )
The numbers(i) is obtained by combining(i) andb(i) as
follows:
1—-a(@)/b@®)
s()=+40
b()/a() — 1

if a(i) < b(),
if a(@) = b(D),
if a(i) > b(),

s(i)can willbe -1 <s(i) <1

Case #2 considered similaritié¥.

In this case consideration similarities and defir@,
d'(i, C), and putb'(i) = maximumd’(i, C), whereC # A.
The numbers(i) is obtained by

1-b'(0)/a'(i) if a'i) > b'(D),
s(i) =40 if a’(i) = b'(D),
a'(i)/b'()) — 1 if a'(d) < b'(D),

For Example, fig. 4 shows the results silhouette of
clustering,when fig. 4 (a) present clustering on k = 2 and
fig. 4 (b) clustering on k = 3. The Figure shows th
comparison of result: density and separation, Neg$ the
average Silhouette of each cluster. Which silheuistused
to support the evaluation clustering with the maximof
silhouette.

3.3.2 Sum of Squared Errors

The k-means clustering techniques defines the ttarge
object ) to each groupQ;), which relies on the Euclidean
distance measurementy is the reference point to check
the quality of clustering. The Sum of Squared Er@SE
is another technique for clustering validity. SSEdefined
as follows'.

SSE(X, IT) = ZK: Z [lx; — my]|?

i=1 x]-ECi

(4)

where
N = Feature vectors
X ={Xq, 0, Xi) . Xn} 5 X; € R
O={C,Cp..Ck} VigCnGC=0,UL C=XVC*0.
|| || = Euclidean distance amd is centroid of cluste€;
which can computed as Eq.(2).
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(@) k=2.

(b) k=3.

Fig.4. ShownSilhouettewas present clustering wt k=2 anc k=32,

Conditions of applied the SSE for clustering, is to

determine k>2%?. When the SSE is applied in graph that

4. Experimentation and Results

generated from the relationship between the SSE and k

value at knee point (Significant

"knee"), which

is 41 Experimental Data

positioned to indicate the appropriate number of cluster in
the k-means clusterirf§ as shown in fig. 5.

34 Selection an Appropriate Number of Cluster

The principle of the monitoring tool for clustering, can
support the selection of correct k values for the k-means

clustering, consider the following.

Fig. 4, Silhouette is used to assist in cluster monitoring.
This analysis is compared between Fig. 4 (a) and (b) it is4.2

The research uses data synthesized with 3 shapes and
each shape have 4 datasets (100 items), which is applying a
Gaussian distribution (normal distribution). Fig. 6 is the
distribution of a spherical around the center of dataset, fig.
7 the distribution is non-spherical lying on the x-axis, and
fig. 8 the distribution is spherical, but each group will have
some overlap.

Results of k-Means Clustering M ethod

found that the average silhouette of clustering when k = 3,
the value 33 will be greater than k = 2, the value 28.
Fig. 5 the SSE is used in the inspection cluster. This

analysis was shows the appropriate number at the knee
clearly was 5(a) k = 3, 5(b) k = 4 and 5(c) k = 5, which the

appropriate number of cluster.

In experiments, the researchers repeated the k-means
clustering algorithm with datasets by changing the value of
k, set k = 2 to k = 10, which illustrate the specific clustering
when k = 2, 4, and 6 shown in fig. 6, fig. 7 and fig. 8.

The next step is to investigate the cluster. This relies on
the analysis of both Silhouette and SSE of above mentioned,
are as follows.
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Fia.5. Number of cluster consideration from relationship betwee¢ SSE ancthek value.
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k-Means Algorithm, k=2 k-Means Algorithm, k=4

k-Means Algorithm, k=6
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Fig. 6. Clustering with spherical data shape where k=2 (left), k=4 (middle), and k=6 (right)
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Fig. 7. Clustering with non-spherical data shape where k=2 (left), k=4 (middle), and k=6 (right)
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Fig. 8. Clustering with overlap data where k=2 (left), k=4 (middle), and k=6 (right)

4.3 Clustering Validity with Silhouette M easure 4.4  Clustering Validity with SSE

Consider Fig. 9 is an illustration Silhouette of a The Result of SSE for inspection the cluster is shown
clustering technique to the k-means repeating the groupingn Table 2. The table 2 shows the SSE value and rate of
by changing the value of k from 2 to 10, which shows a change of the SSE when k = 2 to 10, found that when k = 4
comparison of the density and separation of each clusterSSE is the maximum rate of change. The rate of change
Which found that the density of the k values of k = 2 and k (%Change) defined as follows.
= 4 show the density and separation is optimal.

Using the silhouette to assess the quality of clustering YChange = (SSEofK;_; — SSEofK;) * 100' 5)
not silhouette diagrams only in addition need to consider SSEofK;
the average of silhouette. It was found that the average of
all silhouette values when k=4 the highest shown in table 1.

icanwillbei =2

48



where order to investigate the effect is therefore nemgsgo
SSEofk; = SSE values d{_; consider a graph showing the relationship betweemd
SSEofK = SSE values d{ the SSE values at the knee point are shown irifig.
Table 2. Show SSE values and %change from k-means
Table 1. Show comparison of the average of the algorithm when k=2 to 10.
Silhouette of a k-means clustering when k =2 to 10 Number SV 6 ST BUES
Number of Aver age of Silhouette of Spherical Non-Spherical Spherical &
Cluster Spherical | Non-Spherical | Spherical & Overlap Cluster Overlap
K=2 0.8305 0.8318 0.5262 SSE % Change SSE % Change SSE % Change
K=3 07715 0.7553 0.5603 k=2 |597297 - | 604224 - | 1505.40 -
K=4 0.9117 0.9018 0.6150 k=3 |3179.66 87.85| 3,2653p 85.04 | 958.94| 56.99
K=5 08182 08558 0.5720 K=4 77176 | 31200 | 834.01| 29152 | 608.08 | 57.70
K=6 07109 0.7982 0.5407 K=5 682.02| 13.16| 67950 22.74| 518.62 17.25
K=7 05639 0.7466 0.5177 k=6 | 612.04] 1143| 5525] 2298 44148 17.47
K=8 06198 0.7333 05104 K=7 544.41| 12.42| 430.75 28.27| 387.16 14.03
K=9 05072 06945 0.5217 K=8 512.90| 6.14| 403.10 6.86| 337.27 14.79
K=10 05162 0.6850 0.5177 k=9 | 436.02] 17.63| 364.19 10.68| 30221 11.6
As the Silhouette to assess the quality of clusgeniot (710 | 40384 79| 24559 4832] 27606 24
the data in table 2 that should set correct k valolg. In
Number of Cluster Spherical Shape Non-Spherical Shape Spherical Overlap Shape
k=2
k=4
k=6

Fig. 9.

Silhouette of a clustering technique wke8, k=4,
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Fig. 10. The graph showing the relationship betwieand the SSE values of different data shapes

collection—A weighting approach. Expert Systemshwit
Applications, Vol.36, pp. 7904-7916.

(4) lsa, D., Kallimani, V. P., and Lee, L. H. (2009)sibg
the Self Organizing map for Clustering of Text

5. Conclusions

The results of research above when examining the

Silhouette clustering analysis is to determinekhe4 was
the highest average Silhouette with all the dats. 8&hen

examining the clustering of the graph that shows th (5)

relationship between the SSE and k value with k thet
result was the knee point. That means the exaromaif
both Silhouette and SSE are result inconsisterthds the
number of cluster as the same number that k = 4.

However, a comparison of SSE and Silhouette have to

attention is if the data does not overlap. Assessritee
number of cluster is appropriate both SSE and 8étte.

Documents. Expert Systems with Applications, Vol.36
pp.9584-9591.

Maziere, P. A. D., and Hulle, M. M. V. (2011). A
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