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Ixisting Approaches

2 Stage Approaches:

X1
X2 A
‘ Consensus
clustering
A
Individual
rin -
clustering e Manual Integration
Failure to capture
A ‘ b
XM — shared structure




Fxisting Approaches

Direct Integrative Approaches
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Adaptively construct the joint subspace

from individual subspaces




Principal Subspace

Regular Basis/
Principal Subspace:

LP(Xm) = <U(Xm), 2:(Xm»

o K-cluster solution = top K principal components [1]




Relevance and Concordance

si=(bj-a;)/max {bj,a;}

High Relevance Low Relevance 8@

High Concordance



Proposed Algorithm

Individual Ordering of Start. With
subspaces Modalities R[(Xm) » modality with

U X)), X)) X1, Xo, .. highest R/(Xy,)

If Cy(X;,Xj) >t Next relevant
updatmality X;

Else

Joint Principal Components: 'Y = U(Xaz)Z(Xas)
Identify subtypes: Cluster the rows of Y using standard k-means
Computational complexity is O(Mn*dy,qx )-

Final joint
subspace
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2 real-life cancer data sets from TCGA
Modalities:

— Gene Expression, DNA methylation, miRNA,
Protein, CNV

Giloblastoma Multiforme (GBM):
— 168 samples, 4534 features, 4 clusters
Kidney cancer (KIDNEY):
— 737 samples, 5979 features, 3 clusters
Compared with:
o BCC[2], COCA [3]
o 1Cluster [4], LRAcluster [5], PCA-NI
External Indices: F-measure, NMI
Survival Analysis: p-value in log-rank test [7]



RESULTS

RELEVANCE OF EACH MODALITY AND SELECTED MODALITIES Kidney
0.954
Different Kidney GBM g 9 ¥ oo
Modality | Relevance R; | Selected | Relevance R; | Selected %0.3 :
= 1 0.952 %
ONV | 0.255273% 02371261 20 -
DNA | 03840580 | Gene : Gene % .
Gene | 0517488 | mRNA | 02938170 | CNV S |

mRNA | 04014777 DNA 0.2196443 O
Protein .2430872 .

' - 0.95
miRNA DNA CNY Protein

Modalities in decreasing order of relevance

KIDNEY ordering: GBM ordermg:
Gene>miRNA>DNA>CNV>Protein Gene>CNV>miRNA
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Survival Analysis

Kaplan-Meier survival plots with median survival time
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Conclusion

» Constructs low-rank jomnt subspace from mdividual subspaces
» Fvaluates relevance and mutual information before naive mtegration
» Filters out noisy and mconsistent modalities

» Computationally efficient

Future Work

[ Dimensionality increases linearly with number of modalities
 Update subspace instead appending

 Effective rank estimation techniques
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