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Abstract reasons. First, because the motif instances are subject to

various kinds of mutations such as substitution, deletiah a
Motif discovery from biosequences, a challenging task insertion, the instances could significantly differentnfro

both experimentally and computationally, has been a topic each other although each instance still closely matches the
of immense study in recent years. In this paper, we for- consensus pattern. For example, suppose the motif consen-
mulate the motif discovery problem as a multiple-instance sus isCTTCCT. Two motif instancesACTCCT and
problem and employ a multiple-instance learning method, CTTTCT, each with only one or two mutations from the
the MILES method, to identify motif from biological se- motif consensus, show very subtle similarity. Secondly,
guences. Each sequence is mapped into a feature spacsome other false signal similar to the motif consensus may
defined by instances in training sequences with a novelrandomly occur in the sequences and obscures the true mo-
instance-bag similarity measure. We employ 1-norm SVMtif’s signal.
to select important features and construct classifiers kimu In the past several years, many motif discovery algo-

taneously. These high-ranl_<ed features c_orrespond to qis'rithms have been proposed based on greedy algorithms [9],
c_overed m0t|f§. We apply_thls method to d|s<_:overtr§\n_scr|p- Expectation Maximization(EM) algorithms [1, 4], Gibbs
Flonal factor I_omdmg sites in promoters, a typical mpt|fd+n Sampling [12, 13, 19], evolutionary computation [14], and
ing problemiin b|o_logy, and show that the method is at least many other algorithms. Depending on the way of defin-
comparable to existing methods. ing the motif search space, they generally fall into two cat-
egories: pattern-driven approaches [17, 16] and sample-
driven approaches [4, 12, 13, 19, 18]. A hybrid of pattern-
driven and sample-driven approaches, the MULTIPRO-
With the increasing volume of biological sequences FILER algorithm, was also proposed [10], where a neigh-
available, an important bioinformatics problem is to find borhood of each segment in the DNA sequences is used as
regularities among the sequences as motifs. In biological@ Possible motif. Sinha [16] proposed Dmotif algorithm to
sequence analysis, a motif is a short consensus patterngddress the problem from a feature selection perspective.
among a set of biological sequences and it represents a comEach candidate motif is viewed as a feature. Classifiers
mon feature or inherent pattern in the sequences. For proare built on each of the features to discriminate positive se
teins, motifs are generally closely related to their fuoiesi guences from random sequences. Candidate motifs with the
and structures. DNA motifs are often present at the non-Smallest classification errors are reported as likely paste
coding region of genome and serve as signals to determine In this paper, we formulate the motif discovery prob-
interactions between DNA, RNA transcripts, and the cellu- lem in bioinformatics as a multiple-instance problem. A
lar machinery. Discovering these motifs plays an important multiple-instance problerimvolves ambiguous training ex-
role in understanding how cell functions. In its simplest amples: a single example is represented by a set of in-
form, the motif discovery problem can be generally formu- stances, some of which may be responsible for the observed

1 Introduction

lated as follows. classification of the example; yet, the training label isyonl
Given a set of sequences, each of which are attached to the example instead of the instances. In the
known to be embedded at least one instance of case of motif discovery, sequences embedded with a cer-
a motif of lengthl with up tod mutations, recover tain motif of length are positive examples and random se-
the motif. guences are used as negative examples. Suppose the length

The development of automated methods for motif find- of the motif is{. Each sequence is represented by a col-
ing in biosequence is a challenging task for the following lection of instances — all the unique overlappirgpers in



the sequence. The motif discovery problem is similar to bedded instance Selection) method [5], which converts the
the multiple-instance problem in the sense that each pos-multiple-instance learning problem to a standard supedvis
itive example is known to have one or more positive mo- learning problem that does notimpose the assumption relat-
tif instances embedded. However, different from a typical ing instance labels to bag labels, is well suited for the moti
multiple-instance problem, in motif discovery, a true rhoti  discovery task. This method maps each bag into a feature
may also randomly appear in a negative sequences. Hencepace defined by the instances in the training bags via an
algorithms which implicitly assume that instances in neg- instance-bag similarity measure and apply 1-norm SVM to
ative examples are all negative may not work in this case. select important features as well as construct classifiers s
The MILES (Multiple-Instance Learning via Embedded in- multaneously.

stance Selection) method [5] which converts the multiple- .

instance learning problem to a standard supervised legrin 3 MILESfor Motif Discovery

problem does not impose the assumption relating instance
labels to example labels and hence is suitable for the motif
discovery problem. We apply this method to discover tran-
scriptional factor binding sites in promoters, a typicaltiho
finding problem in biology, and show that the method is at
least comparable to existing methods.

MILES [5] extends ideas from the diverse density frame-
work [15, 6] and the wrapper model in feature selec-
tion [11]. It identifies instances that are relevant to the ob
served classification by embedding bags into an instance-
based feature space and selecting most important features.
Based on an instance-bag similarity measure, a given bag is
embedded into a feature space where each dimension rep-
resents the bag’s similarities to a particular instanceénén t

Multiple-instance learning differs from supervised learn  training set. The embedding produces a possibly high di-
ing in that labels are only assigned to collections of in- mensional space when the number of instances is large. In
stances (bags) rather than individual instances. Gepgrall addition, many features may be redundant or irrelevant be-
a bag is labeled positive if and only if at least one instance cause some of the instances might not be responsible for
in that bag is positive. Otherwise it is labeled negative. No the observed classification of the bags, or might be simi-
label is given to individual instances. The goal of multiple lar to each other. It is hence essential and indispensable to
instance learning is to discover instances that are regpons Select a subset of mapped features that is most relevant to

ble for positive labeling of the bags using the labeled bagsthe classification problem of interest. 1-norm SVM [3, 23]
in training data and hence classify new bags. is applied to construct classifiers and select important fea

One of the earliest a|gorithm5 for mu|tip|e-instance tures SimultaneOUS|y. Since each feature is defined by an

learning is axis-parallel rectangle (APR) method proposedinstance, feature selection is essentially instance tsatec

for drug activity prediction [7]. The idea of the APR method The selected instances define the motifs uncovered.

was extended to a general framework basediverse den- We denote positive sequences (bagsy;asnd thej-th

sity (DD) [15], which measures a co-occurrence of similar (-mers (instance) in that sequencessgs The sequence
instances from different positive bags. Zhang and Gold- s;" consists ofn; instances;jj,j =1,---,n;. Similarly,

man [21] combined the idea of expectation-maximization s, s;;» andn; are defined for random sequences (negative
(EM) with diverse density, and developed the EM-DD al- bags). When the label on the sequences does not matter,
gorithm to search for the most likely concept. Ensemblesit will be referred to ass; with I-mers ass;;. All I-mers

of multi-instance learners were also proposed [22], which belong to feature spacé. The number of positive (neg-
achieved competitive test results in drug activity predict ative) sequences is denoted &5 (¢~). For the purpose
Multiple-instance problems have also been addressed withof motif discovery, we are interested in finding positive in-
standard supervised learning techniques, including ecis  stances. Hence, instances that only occur in negative bags
trees [25], Support Vector Machines (SVMs) with a kernel are ignored. For the sake of convenience, we line up all in-
for multiple-instance data [8], logistic regression andste stances in positive bags together and reindex them*as

ing approaches [20], and SVMs with DD function [6]. k=1, ---,n, wheren = Zfil nt

~Many of the above multiple-instance formulations ex-  next, we introduce a novel instance-bag similarity mea-
plicitly or implicitly encode the assumption that a bag is

sy ] U : 9 2 sure designed specifically for motif discovery. We define
positive if and only if at least one of its instances is positi 4 alignment score between the instanaad the sequence
The assumption is valid for the earliest studied multiple in

s et s; as the maximum alignment score between the instance
stance prob_lems such as drug acjuwty prediction. H_owever, and alll-mers in the sequence.
for applications such as motif discovery, a negative bag -
) ' A(c, s;) = max A(c, Sij) , Q)
(e.g., arandom sequence without the motif embedded) may 5ij€Si '
also contain instances that are similar to the motif purgly b where A(c, s;;) is the ratio of matched positions when the

random. The MILES (Multiple-Instance Learning via Em- two [-mers. The similarity between an instance and a se-

2 Review of Multiple-Instance Learning



guence is proportion to their alignment score. This defi- as drug discovery [3]. By rewritingy asw = u — v, the
nition has a winner-takes-all flavor, in that, as long as the LP for 1-norm SVM can be formulated as:

sequences; contains the instance, the winner will be the ) " al A
segment corresponding to the instance, and the similarity €. AD (s +vk) + “Zfi +(1-p) Z”ﬂ’

will be large. Intuitively, given an instance the probabil- Pt = =t

ity that the sequencg are embedded with instancés high st. [(u—v)'m} +b]+&>1i=1,---, (",

if we can find a close match ferat the sequence. —[(w=v)"m; +b] +n; >1,j=1,---,07,
Because the biological sequences are assumed to be gen- ug, v > 0,k=1,---,n,

erated from a random background distribution, it is reason- Gomy >0,i=1,- 4t =1, 0. 3)

able to assume that an instance would more likely to be a )
positive instance if the probability that it is generatesnr ~ Where§, n are hinge losses. Let” = u* —v* andb” be the
the background model is low. Therefore the similarity be- OPtimal solution of (3). The magnitude ef; determines
tween an instance and a sequence is inverse proportion tdhe influence of th_éc-th feature on the classifier. The set of
the probability that the instanesis generated by the back- Selected features is given &s* : k € T}, whereZ = { :
ground model P(c)). The length of the instandeaccounts  |wi| > 0} is the index set for nonzero entrieswr.

for P(c) (longer instances generally have lower probabil-

ity). To eliminate this factor, we normalize the probalyilit 4 Experiments and Results

P(c) with _the length of the instancke .The similarity be- In this section, we present the experiments of apply-
tween an instance; and a sequence is therefore formu-  jng MILES to a specific motif discovery problem — dis-
lated as myj = e@AGie)—log Pep)/L @) covering transcriptional factor binding sites at Yeast-pro

moter regions. The binding sites of transcriptional fagtor
In this way, we map each sequence into a feature spacgsually display a motif pattern. The Promoter Database
deﬁned by the instances in the training examp|eS Via. anof Saccharomyces Cerevisié‘ﬁCPD} Cata'ogs more than
instance-bag similarity measure. This feature mapping of- 100 transcriptional factors. For each transcriptionaldac
ten provides a large number of redundant or irrelevant fea-it provides information about genes under its regulation,
tures. We apply 1-norm SVM to select important instances experimentally-mapped binding sites, as well as a consen-
(features) as well as construct classifiers of the examplessys binding site. To test the performance of our algorithm,
simultaneously. test sets are built from SCPD for transcriptional factors oc
Next we present a brief review the 1-norm SVM formu-  curring in no less than 3 promoters and having a consensus
lation. The class label of the sequences are denoteg by binding site. Totally 22 transcriptional factors are seelc
which takes values of-1 and—1 (+1 for those sequences and each data set contains the promoter sequences of the
with motif embedded anet1 for those without). We con-  corresponding genes and consensus binding site. The length
sider the classification problem of finding a linear classi- of the promoter sequences is 600 bps3”A-order Markov
fier y = sign (w”m +b) in the feature spacgc to dis-  chain modelis built for background sequences with all yeast
tinguish between positive examples and negative examplegromoter sequences that are publicly avail&ble
wherew andb are model parametem) € [F¢ corresponds .
to a bag. The SVM approach constructs classifiers basedt-1 ~ Experiments
on hyperplanes by minimizing a regularized training error
AP[-] + error where P[] is a regularizer)\ is called the
regularization parameter, andror is commonly defined as
a total of the loss that each bag introduces through a hing
loss functiort = max{1—y(w’m+b),0}. When an opti-
mal solutionw is obtained, the magnitude of its component
wy, indicates the significance of the effect of theh fea-
ture in[F¢ on the classifier. Those features corresponding to
a non-zerav;, are selected and used in the classifier.
The regularizer in standard SVMs is the squaged
norm of the weight vectofjw||, which formulates SVMs

We apply the MILES algorithm to discovering the

experimentally-mapped transcriptional factor bindingsi

in the 22 sets of promoter sequences. For each transcrip-
ional factor, we are given a set of DNA sequences which
the transcriptional factor is known to bind to. These se-
guences serve as the positive examples (bags) for multiple-
instance learning. We randomly generate an equal number
of sequences of the same length using the above background
model and use them as the negative examples (bags) for the
learning task. Two key parameters are required by the al-

as quadratic programs (QP). Solving QPs is typically com- gOFIthI’;Z 'iwel_lg_ngth pfdmotlffln_st:lananddtPe Ietngtrtl .Of
putationally expensive. Alternatively, SVMs are formu- spacesy. A sliding window of Siz€ 1S Used 1o extractin-
lated as Linear_programs (LPs) [2, 23] by regularizing with stances from positive sequences. We also allow spacer in
a sparse-favoring norm, e.g., the 1-normvef(||w|; = Lhitp://cgsigma.cshl.org/jianfindex.html

Zk |wg[). Thus 1-norm _SVM is also refe.rred to as sparse  2The sequences retrieval tool provided by SCPD is used t@vetr
SVM and has been applied to other practical problems suchyeast promoters to estimate the parameters for the badkgmoede!.




the motif. According to previous findings [16, 24], if a mo-
tif contains spacer, the spacer usually presents at thelenidd
of the motif with length from 1 to 11 base pairs. Suppose
k is the length of spacer allowed. We maskonsecutive
letters at the center of each instance.

4.2 Results

The experimental results are summarized in Table 1.

Column 1 lists the names of the transcriptional factors- Col

umn 2 shows the biologically-mapped binding site consen-

The motif length and the length of spaces are given as
parameters for our motif discovery algorithm. Although the
length of the motif is in general 6 to 8, the possible range of
the length of spaces could be large. One extension of this
work is to automatically find the two parameters.

In this paper, we limit the motif search space to the pat-
terns that actually appear in the positive sample sequences
as sample-driven algorithms do. However, in the cases that
variations are allowed in the sequences or in the cases that
most motif instances are differently mutated and hence sig-

sus of the corresponding transcriptional factors. The first nificantly from each other, sample-driven approach may not
close match to the consensus binding site and its rank, rework well. One way to avoid the problem is to construct a

ported by the MILES algorithm, are presented in columns 3
and 4. The first close match reported by Dmotif algorithm

and its rank are given in columns 5 and 6. It can be seen
thatin 11 out of 22 categories of promoters, the known con-

feature space using a neighborhood of each segment in the
DNA sequences as a possible motif instance.
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