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Abstract
Data mining technology can help

enterprises with decision-making based on
the mined knowledge. The clustering
algorithm is an important data mining
technique where results are grouped in favor
of the follow-up research and development.
CLARANS is a clustering algorithm with
accurate results in grouping. However, the
amount of data and clustering increased the
time required for implementation. This study
proposed using the comparison of
single-point  with  distance matrix in
microarray to save more than 95% of the
required time in the clustering algorithm
CLARANS which will not affect the amount
of clustering and accuracy.
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