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Abstract

The most broadly used algorithm in the clustering is the K-Means algorithm,
Historically K-Means is as yet the best and fastest clustering algorithm among
other algorithms (Umargono et al, 2020). It has ability to deal with a big data in
a short time and efficient computing time. The K-means algorithm is widely
used in various fields, in data mining, machine learning, and image processing,
but there are still weaknesses in this algorithm. First, determining the number
of clusters depends on assumptions. Secondly, the initial selection of the centers
of the clusters is random, to deal with this weaknesses, there are hundreds of

researches and many method to determine the number of clusters in advance.

In this study, will illustrating the effect of the number of clusters on k-means
algorithm performance, and will proposing technique to use to determine the
best number of clusters. Comparisons between the proposed technique results
and elbow method, gap statistic method and Twenty-six other methods are
available in the nbclust package and ratio between-cluster sum of squares
(between_ss) to the total sum of squares (tot_ss) , and will used three various
types dataset that has been subjected to previous studies on cluster algorithms

(iris dataset, wine dataset, yeast dataset), the results of this study indicate, sure,



appear to indicate that there is no unanimous choice regarding the optimal
number of clusters, and the proposing technique was largely successful in
determining the number of clusters in a ratio between_SS / total_SS = (90.2%)
with wine dataset , and (71.5%) with iris dataset and (81.8 %) with yeast dataset,
which is a very good percentage, we tried to give the centers of clusters in
advance as well, but it survived with wine and iris dataset, and did not succeed

with the yeast dataset.
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