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Abstract: Clustering algorithms are wildly used in the research of microarray data to extract groups of genes or
samples that are tightly coexpressed. In most of them, some parameters should be predefined artificially, however, it
is very difficult to determine them manually without prior domain knowledge. To handle this problem, an iterative
clustering algorithm is proposed. Firstly, by sorting the original data by dominant set, similar genes would be
aligned together. It’s hard to specify the cluster boundary. A criterion is presented to partition a cluster from the
sorted data according to the property that the distances between the inside elements are smaller than that of outside
elements. The idea is to remove the cluster form the current data set, repeat the process, and stop the algorithm
when the stop criterions are satisfied. The new clustering algorithm is analyzed on several aspects and tested on the
published yeast cell-cycle microarray data. The results of the application confirm that the method is very applicable,
efficient and has good ability to resist noise.
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2.1.1 (dominant set)
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dy, 23d,, , ,
23
, , G ,
( MIN _SZE)
G . ( ).
INPUT G={g¢/,i=1...,N},K=1, ( MIN_SZE).
WHILE
C, =locate_ center (G); /* 1, */
S, = find _cluster (G,C,); /* 2, */
G=G-S; /* G S, */
IF #S >=MIN_SZE /% #S, S */
OUTPUT S; )y S , */
K++;
ENDIF
ENDWHILE
2.3.1
1 , G ;
2. )
MATLAB ,
24
, N ,d ,VS
, , ~O(N *d). QT_Clust™
, 1 , QT _Clust. ,Ds_Clust ,
2 Ds_clust 3 :K-means,hierarchical clustering
SOM

Tablel Comparison between Ds_Clust and QT _Clust
1 Ds Clust QT_Clust

Ds_clust QT Clust
1. Data setG 1. Data setG
User input 2. Initial distance d; 2. Radius of the cluster R
3. The minimum number of the left genes (stop criterion)
Time complexity ~O(N #d *VS) ~ O(N2 «d *VS)
The scale of ?he cluster is Yes No
flexible
Need predetermination of No No
the cluster number
Result Deterministic Deterministic
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Table2 Comparison of Ds_Clust, K-means, hierarchical clustering and Self-Organizing Maps

2 Ds Clust

K-means,hierarchical clustering,Self-Organizing Maps

Ds_clust K-means Hierarchical clustering SOM
Result format Set of clusters K clusters ‘Tree structure (difficult to Set of predefined
interpret for large data set) number of clusters
Principal user-defined Initial distance Number of Number of clusters/
parameters " clusters K B node topology
Produced by the .
Number of clusters . Predefined - Predefined
algorithm
Whethe{ include all genes No Yes Yes Yes
in clusters
Ability of noise resistance Strong Not strong Not strong Strong
Data sequence sensitivity No Yes No Yes
Computational complexity Linear in N Linear in N Quadratic in N Linear in N
of one run
s Ds_Clust )
3
Ds_Clust 1 567 17
S 2 k G,—S—>G,—»>M—-G;—>S—>G,—>M.
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