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Proposed Method
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Summary

o We extend kernelized matrix factorization

- with a fully Bayesian treatment,
- with an ability to work with multiple side
information sources.
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» Side information is necessary for making
out-of-matrix predictions.
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» We mainly discuss bipartite graph inference,
where the output matrix is binary.
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» We show the performance of our method
kernels

. L . target labels
- by predicting drug—protein interactions on two

data sets,
- by performing multilabel classification on 14
benchmark data sets.

(a) kernel-based nonlinear dimensionality reduction (c) matrix factorization

(b) multiple kernel learning (d) binary classification
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» A separate linear kernel for each feature
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(c) matrix factorization
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. , (d) binary classification
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Drug—Protein Interaction Data Sets Multilabel Classification Data Sets

» A drug—protein network by » Samples and labels are assumed to be from domains X and Z, respectively.

Yamanishi et al. (2008)

» 445 drugs, 664 proteins, and
2926 validated interactions

» C: chemical similarity for drugs

» Class membership matrix corresponds to target label matrix Y in our model.

» The similarities between samples are measured with five different Gaussian kernels

whose widths are selected as /D /4, \/D/2, VD V2D, and V4D.

o [he similarity between labels is measured with the Jaccard index over the labels
of training samples.
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» G: genomic similarity for proteins

» N: network similarity for proteins

10

» We compare with five algorithms: (i) RankSVM (Elisseeff & Weston, 2002),
(i) ML-KNN (Zhang & Zhou, 2007), (iii) Tang’s (Tang et al., 2009), (iv) RML
(Petterson & Caetano, 2010), and (v) Zhang’s (Zhang et al., 2012).

» We report classification performances (i.e., Hamming loss values) on the
multilabel classification data sets.

» 5 repl. of 5-fold CV over drugs

» KBMF is statistically significantly better than KPMF of Zhou et al.
(2012) according to paired t-test (p < 0.01) on both data sets.
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o Another drug—protein interaction network by Khan et al. (2012)
» 855 C
» Two standard 3D chemical structure descriptors for drugs:

Amanda (Duran et al., 2008) and Vo/Surf (Cruciani et al., 2000)
» Gaussian kernel whose width is selected as v/ D
» 5 replications of 5-fold cross validation over drugs

rugs, 800 proteins, and 4659 validated interactions

» An extra task of finding or retrieving drugs with similar functions
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