Snowbird Learning Workshop
April 1-4, 2008

[HE STATE UNIVERSITY OF NEW JERSEY

RUTGERS

Spatially-constrained sample kernel for

sequence classification
Pavel P. Kuksa, Pai-Hsi Huang, and Vladimir Pavlovic
Department of Computer Science, Rutgers University
{pkuksa,paihuang,vliadimir l@cs.rutgers.edu

Objective Kernel-induced data manifolds
Fast and accurate biosequence classification
methods for structural and functional

annotation based on primary sequences only

New Sequenced-induced
Multi-Resolution Kernels: Fast,
Accurate and Sensitive

Complexity Analysis

Method Time complexity

Triple kernel O(d*nN + d*|X|°N?)
Double kernel O(dnN + d|X|*N?)
Mismatch O(K™|S|™nN + |S|*N?)
Profile kernel O(kM,nN + |Z|*N?)
Neighborhood kernels

Triple kernel O(d*HnN + d?|X|°N?)
Double kernel O(dHnN + d|X|*N?)

Semi-Supervised Experiments
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¢ Only used unlabeled sequences in SCOP

e Normalized kernel matrices
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e Scan sequences at multiple resolutions
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e Remote homology (superfamily) prediction
(distant evolutionary relationship)

Triple(1,3), supervised:
e Consider tuples of sequence elements

e Incorporate spatial configuration of
sequences

Challenges

Number of families

e Efficiently model complex sequence
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¢ Order-of-magnitude running time
improvement

very few sequence features retained

e Spatial kernel: high similarity score, still
significant overlap in sequence features

e Significant improvement in accuracy




