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The K-modes Algorithm.
Input: Data set D, Number of Clusters k,
Dimensions d:
Output: results.
Begin
Select k initial modes Q = {qi, Q, . -
fori=1tondo
Find a cluster I that dsim(xi , qi)=
min dsim(x;, q,);

-5 Ok

Allocate x; to cluster 1;
Update the mode q; for cluster 1,
end for
repeat
fori=1tondo
Let 1y be the index of the cluster to which
Xi
belongs;
Find an cluster 1, that dsim(x;,, qu ) =
min dsim(x;,q,);

if dsim(x; , qi1) < dsim(x;, qio ) then
Reallocate x; to cluster 1;;
Update qio and qi1 ;
end if
end for
until No changes in cluster membership
End
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The Agglomerative Hierarchical Algorithm.

Input: Data set D, Number of Clusters k,
Dimensions d:

Output: results.
Begin
Initial Clustering, Put each data in a cluster
for each cluster do
Find two cluster that sim(C; , Cj)=
max sim(x;,X;);

1<i, j<d
Merge clusters C; and Cj, in which
Similarity(C;,C;)
is max
Compute Center new cluster

end for

Determine # of clusters
End
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The New Algorithm.
Input: Data set D, Number of Clusters k,
Dimensions d:
Output: results.
Begin
Applying
Algorithm
to group data set into i cluster
Calculate the centroid of every formed cluster.
Applying K-modes Algorithm to group data set
into k cluster
End
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Merge algorithm 2015 O(TKN+N?)
T - No. of iteration, K - No. of cluster, N - No .of object
K-modes 1997 O(TKN)
T - No. of iteration, K - No. of cluster, N - No .of object
Fuzzy K-modes 2002 O(TKMN)
T - No. of iterations, K - No. of clusters, M - No. of attributes , N -
No. of objects
Weighting K-modes 2013 O(TKN)
T - No. of iteration, K - No. of cluster, N - No .of object
Fuzzy K-prototype 2012 O((T+1)KN)
T - No. of iteration, K - No. of cluster, N - No .of object
Squeezer 2002 O(NKPM)
N - No .of object, K - No. of cluster, M - No. of attribute, P - Distinct
attribute values
ROCK 2012 O(N?log N)
N - No .of object
CLOPE 2002 O(NKD)
N - No .of object, K - No. of cluster, D — No. of attribute
COOLCAT 2002 O(NZKlogN)
N - No .of object, K - No. of cluster
LIMBO 2004 O(N2d? log N)
N - No .of object, d — No. of attribute
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