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Abstract

The existence of some differences in the results obtained from varying
clustering k-means algorithms necessitated the need for a simplified approach
in validation of cluster quality obtained. This is partly because of differences in
the way the algorithms select their first seed or centroid either randomly,
sequentially or some other principles influences which tend to influence the
final result outcome. Popular external cluster quality validation and
comparison models require the computation of varying clustering indexes
such as Rand, Jaccard, Fowlkes and Mallows, Morey and Agresti Adjusted
Rand Index (ARIw,) and Hubert and Arabie Adjusted Rand Index (ARl,). In
literature, Hubert and Arabie Adjusted Rand Index (ARI4) has been adjudged
as a good measure of cluster validity. Based on ARl., as a popular clustering
quality index, we developed OsamorSoft which

constitutes DNA_Omatrix and OsamorSpreadSheet as a tool for cluster quality
validation in high throughput analysis. The proposed method will help to
bridge the yawning gap created by lesser number of friendly tools available to
externally evaluate the ever-increasing number of clustering algorithms. Our




implementation was tested alongside with clusters created with four k-means
algorithms using malaria microarray data. Furthermore, our results evolved a
compact 4-stage OsamorSpreadSheet statistics that our easy-to-use GUI java
and spreadsheet-based tool of OsamorSoft uses for cluster quality
comparison. It is recommended that a framework be evolved to facilitate the
simplified integration and automation of several other cluster validity indexes
for comparative analysis of big data problems.

Introduction

Given dataset points X, as genes, x;,X;X;,...,.X,, in d dimensional space say R¢,
clustering process can be clearly stated as thus:

We are required to find partition subsets X;, X;, X,..., X\VVx, i = 1,2,3,.....n, such
that every gene falls into one of the subsets and no x; falls into two or more
subsets.

Partitions X, X;, X,..., Xk satisfy the following: X;UuU X;UU X; ... UU X, = X and
XNn X;=0 VV i ## j, where UU represents union and Nn represents
intersection.

In addition, we cluster to form subsets with the goal that data points x that are
similar as much as possible belongs to same group. This require a similarity
measure (or dissimilarity measure) usually given in form of values to represent
the degree of resemblance or natural association between one data and

satisfies the following condition:
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