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A Clustering Method for Gene Expression Data Based on
Linear Manifold

LI Gang guo, WANG Zheng-zhi, WANG Guang-yun, NI Qing shan, QIANG Bo
( College of Medhatronics Engineering and Automation, National Univ. of Defense Techmbgy, Changsha 410073, China)

Abstract: Conventional clustering methods fail to obtain good clustering performances for gene expression data due to the inherent
sparsity of data and the exigence of noise. A new linear manifold clustering method was proposed to address this poblem. The basic idea
of this method is to search the line manifold clusters hidden in datasets and then fuse some of the line maniold clusters to construct higher
dimensional manifold clusters. The method considers the orthogonal distance and the tangent distance as the linear manifold distance
metrics, utilizes spatial neighbor information and takes the real gene expression profile as the transition vector. The experimental results
show the superiority of this method over other competing clusering methods in terms of clugering accuracy and the arnti-noise capability of
this method. Moreover, the proposed method is able to obtain some clusters with significant biological meaning for Hela gene expression
data. All these demonstrate the method propesed is suitable and valid for the gene expression data clustering.
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[ LineClusterSet, D] = LinéM anifoldClusterSearching(dataset: D, N, € T', §)

While size (D) > N
X= randomly sample a point from D;
LineManifold(U,;, A,;) = FomingOrig inalL.ineM anifold(X) ; %
U= 115 Aw=[1: Up= Uyis A= Ay
While U, -
Uoa= Unews Aaa= Apes

Uy, ll>e

(Uner s Awy) = UpdatinglranslationVectorandEigenvector(U ya, Agi); %

End
LineManifold(U, A) = LineManifold(U,,, A,,);
Linecluster= { x| D (x, LineManifold) < I' and D,(x, LineManifold) < 6};
LineClusterSet= { LineClusterSet} U { Linecluster) ;
D= D- Linecluster;
End
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Tab.1 Comwesponding celcycle phases and GO terms of 8 clusters in Thy-Thy3
Cluster ~ Phase Biological Process ( p-value) Cell Component( p-value)
cellular process (2 17E- 14)
nucleus (4 92E- 14)
G2M macromolecule metabolic process (2 28E- 11)
Cl nuclear part (1. 83E- 13)
M/G1 biological regulation (5. 04E— 06)
Intracellular (2. 66E- 11)
primary metabolic process (3. 90E- 09)
nucleus (1. 25E- 12)
Gl/S DNA metabolic process (7. 23E~ 30)
C2 intracellular organelle (1. 48E— 11)
S macromolecule metabolic process (4 84E- 07)
membrane-bounded organelle ( 1. 0SE— (09)
DNA metabolic process (1. 68e— 19)
chromosome (3. 50E— 23)
C3 S DNA repair ( 1. 63E- 11)
nucleus (2 05E- 4)
response to DNA damage stimulus (5. 75E- 19)
DNA metabolic process (3. 85E— 12)
C4 Gl/S nucleus (2. 43E- 8)
DNA replication intiation (5. 34E- 09)
Miosis ( 3. 40e— 10)
G2 intracellular nor mem brane- bounded
C5 cell division (9. 51e— 9)
G2/M arganelle (8 26E- 9)
nuclear divison (6. 70E- 05)
DNA packagi 1. 66E- 08
) packaging ( ) nucleosome (6. 30E- 08)
C6 Gl/S nucleosome assembly (1. 18E— 06) .
o protein— DNA complex (5. 39E- 07)
chromosome organization ( 2 47E— 05)
GJM lati f kinase activity ( 5. 2E— O
C7 4 reeta I.OH of kinase activty ( " nucleus (6. 41E- 9)
M/G1 regulation of cellular process (7. 36— 6)
s M/G1 response to stimulus (4 21E- 4) Chromosome ( 3. 50E- 13)
Gl/S response o stress ( 6. 62E- 4) chromosome, centromeric region ( 3. 36E- 12)
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