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We introduce novel profile-based string kernels for use

with support vector machines (SVMs) for the problems of
protein classification and remote homology detection. These
kernels use probabilistic profiles, such as those produced by
the PSI-BLAST algorithm, to define position-dependent mu-
tation neighborhoods along protein sequences for inexact

matching oft-length subsequencesk(mers”) in the data.
g g a S ) for remote homology detection. Most of this research ef-

By use of an efficient data structure, the kernels are fast to fort f findi l . ¢ .
compute once the profiles have been obtained. For exampl ,ort ocuses on finding useful representations of protein se-

the time needed to run PSI-BLAST in order to build the pro- duénce data for SVM training, either using explicit feature
files is significantly longer than both the kernel computa- vector reprgseljtatlons.bernelfuncthns N s.peC|aI|zed e
tion time and the SVM training time. We present remote ho- guence similarity functions that define an inner product in

mology detection experiments based on the SCOP databas@" IMPlicit feature space for the SVM optimization prob-
where we show that profile-based string kernels used Withlem' Among the approaches that have been presented are

SVM classifiers strongly outperform all recently presented the Fisher-SVM methodL2], which represents each protein
supervised SVM methods. We also show how we can use theeduence as a vector of Fisher scores extracted from a pro-

learned SVM classifier to extract “discriminative sequence Ele hiclide: Markov dmr?deFl_(I;Ml\ﬂ) for f‘ pro;eir; fgrgi.l);, an_lq
motifs” — short regions of the original profile that con- ernels that extend the Fisher kernel methiod [20]; families

tribute almost all the weight of the SVM classification score of eff|C|ent.str|ng kernels I"'E." L5, 1.7], SUCh. as the mismatch
— and show that these discriminative motifs correspond to kernel, which are based on inexact-matching occurrences of

meaningful structural features in the protein data. The use k-length_:s;ubsequenceské‘mers"); the SVM—palrW|§e ap-

of PSI-BLAST profiles can be seen as a semi—superviseé!)roaCh (IB], which uses a feature vector of pairwise allgn'—
learning technique, since PSI-BLAST leverages unlabelegMent scores between the input sequence and a set of training
data from a large sequence database to build more infor- S€qUences; the eMOTIFf kernel [3], whe][e ch((e)_frtTEture vec
mative profiles. Recently presented “cluster kernels” give For represents counts of occurrences o € patterns
general semi-supervised methods for improving SVM pro—'n the sequence; gnd feature vector_s defined by structure-
tein classification performance. We show that our profile based |-sites motifs]9). These studies show that most of

kernel results are comparable to cluster kernels while pro- the methods achieve comparable classification performance
viding much better scalability to large datasets on benchmark datasets, though there are significant differ-

ences in computational efficiendy15]. Interestingly, except
_ o ~ for the Fisher kernel method and its extensions, these rep-
Keywords: protein classification, support vector machine, resentations do not make intrinsic use of standard tools for
kernels, protein motifs. protein sequence analysis such as profiies [7] and profile
_ . HMMs [14, 6,2] — more commonly, they use scores based
+ Corresponding author. Mailing address: 1214  Amster- l babilisti del |
dam Ave, MC 0401, New York, NY 10027. Email: Onalignmentor probabilistic models to construct a large set

1. Introduction

There has been much recent work on support vector ma-
chine (SVM) [4] approaches for the classification of pro-
tein sequences into functional and structural families and

cleslie@cs.columbia.edu . Telephone: 1-212-939-7043. of features. It is perhaps surprising that very genkraler
Fax: 1-212-666-0140 based string kernels perform as well as the Fisher kernel ap-
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proach, which makes well-motivated use of profile HMMs give general semi-supervised methods for improving SVM
[15]. protein classification performance of a base kernel using

In this paper, we define a natural extension of thmer unlabeled data together with a similarity measure on in-
based string kernel framework to define kernels on protein PUt examples. These cluster kernels were successfully ap-
sequence profiles, such as those produced by psI-BLASTPlied to the protein classification problem using the mis-
[M]. We choose to use profiles (rather than more complex match kernel as a base kernel for sequence data and BLAST
models) because they can be calculated by PSI-BLASTOr PSI-BLAST to define similarity scores. However, for
in a tractable amount of time and because, once the proJarge amounts of unlabeled data, these more general meth-
files are obtained, we can efficiently compute string ker- 0ds do not scale as well as our profile kernel approach. We
nel values using an appropriate data structure; in fact, theshow that our profile kernel results are comparable to clus-
time needed to compute the profile kernel matrix and the ter kernels while providing much better scalability to large
SVM training time are significantly shorter than the time datasets.
needed by PSI-BLAST to compute profiles. From a ma-
chine learning point of view, use of PSI-BLAST profiles 2. The Profile Kernel
can be viewed as semi-superviseapproach — that is, a
method that learns both from labeled training examples (se- A key feature of the SVM optimization problem is that
quences whose structural classification is known) and un-it depends only on the inner products of the feature vectors
labeled examples — an important consideration given therepresenting the input data, allowing us to ksenel tech-
relatively small amount of labeled data in this problem. njques If we define a feature map from the input space of
Through iterative heuristic alignment, PSI-BLAST lever- protein sequences into a (possibly high-dimensional) vector
ages unlabeled data from a large sequence database to opace called théeature spacewe obtain astring kernel—
tain a much richer profile representation of each sequencethat is, a kernel on sequence data — definedsgy, y) =
Intuitively, this richer data representation, made available to (¢ (), (y)).
an SVM through a profile-based kernel, should greatly im- W first show how to define a feature mapping for pro-
prove classification performance. Also, prOﬁle-based ker- tein sequence prof”es — more precise|y' we consider in-

nels are a significantly different semi-supervised approachpyt examples to be profileB(z), wherez is a sequence
than the Fisher-SVM method: with the Fisher kernel, un- T = T1T3...TN from the a|phabe@ of amino acids

labeled data in the form of domain homologs are used to(|$| = 20, and the lengthV = |z| depends on the se-
train a model for a protein family of sequences in the train- quence), and®(z) = {pi(a),a € SN | is a profile for

ing set, and then each sequence is represented by sufficierfequence:, with p;(a) denoting the emission probability of
statistics with respect to the learned model; in our approach,amino acic in position: and}", .. pi(a) = 1 for each po-
unlabeled data is used to produce a profile model for eachsition i. We then show how to efficiently and directly com-
training sequence independently, and then the kernel is depute the profile-based string kernel valug$P(z), P(y))

fined on the profiles. Our experimental results for the re- without storing the feature vector representation.
mote homology detection task, using a benchmark based

on the SCOP database, show that our profile-based kern
used with SVM classifiers strongly outperform all the recent
purely supervised SVM methods that we compared against.

Usually, SVM methods are treated as a “black box™  pq10ying the framework of-mer based string kernels
method, since in general it is difficult to interpret the SVM [T, [T5,017], our profile-based kernels will depend on a fea-
classification rule. For the case of profile string kernels, we ;.o mapping to théS| ¥ -dimensional feature space indexed

ghow hqu we can use the trained SyM cla}ssifiers to qle— by the set of all possiblé-length subsequenceskémers”)
fine positional scores along the protein profiles that define ;¢ 5 mino acids. where is a small positive integer.
a smoothed contribution to the positive classification deci- Previous str’ing kernels relied on defining an inexact-

ston. .\t/)Ve fmgotohat fonh averalge Just ;)ver 10% of the profile matching neigborhood df-mers around eact+length con-
contributes 90% of the total score for positive training se- tiguous subsequence in the input sequence. For example,

quences, and thus we can extract distinguished regions thaitor the (k, m)-mismatch kernel, one defines the “mismatch
we call “discriminative sequence motifs”. We give exam- neighborhood” around-mera — ajas .. . ay, to be the set

ples from our SCOP dataset to show that these discrimi-of all k-length sequences from ¥ that differ froma by

native motifs correspond to meaningful structural features, at mostm mismatches. For &-mer «. the mismatch fea-
giving a proof of principle that the SVM-profile kernel ap- ture map is defined as. '

proach allows us to extract useful sequence information.
Recently presented “cluster kernels” approaches [21] @?ﬁ?ﬂ:‘;‘mh(a) = (¢p(a))gesr

eﬁ.l. Profile-defined Mapping to k-mer Feature
Space

YF]',F.

Proceedings of the 2004 IEEE Computational Systems Bioinformatics Conference (CSB 2004) COMPUTER
0-7695-2194-0/04 $20.00 © 2004 IEEE SOCIETY






OO


















	Introduction
	The Profile Kernel
	Profile-defined Mapping to k-mer Feature Space
	Efficient Computation of the Kernel Matrix
	Extraction of Discriminative Motifs

	Experiments
	SCOP Experiments: Comparison with Supervised and Semi-Supervised Methods
	Motif Extraction from SVM Predictions
	Discriminative regions versus protein motif databases

	Discussion

