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A HYBRID ALGORITHM FOR MOTIF DISCOVERY FROM DNA SEQUENCES

EDWARD WIJAYA, KANAGASABAI RAJARAMAN, MANISHA BRAHMACHARY,
VLADIMIR B. BAJIC *AND SUNG SAM YUAN f

We propose a new hybrid algorithm that combines the strengths of probabilistic and deterministic ap-
proaches, for motif discovery from DNA sequences. This algorithm consists of a sequence filtering
component that uses a probabilistic strategy, and a graph-theoretic motif finding component that uti-
lizes a deterministic algorithm. We show that the algorithm can correctly find the target motif(s) with
high probability. We perform experiments on synthetic and real biological datasets and observe that
the algorithm offers a promising method for motif discovery from biological sequences.

1. Introduction

One of the major challenges that biologists are facing today is elucidation of the mecha-
nisms that govern the regulation of gene expression. Unravelling the regulatory regions of
potentially co-regulated genes and regulatory motifs in them makes an important step in this
process. Motif discovery from DNA sequences is a very active research topic and there is a
large body of work done in developing motif discovery algorithms (See, for example [2,3]).
These algorithms generally fall into two classes, namely deterministic and probabilistic.
Deterministic algorithms are based on enumeration strategies for finding the motifs. Some
of the well known deterministic algorithms include TEIRESIAS [10], WINNOWER [9],
MULTIPROFILER [7], and the recently proposed Constraint Based Method [5]. On the
other hand, probabilistic algorithms employ a probabilistic search to find the target motifs.
Examples of this class include GibbsDNA [8, 14], MEME [1], Random Projection [4], and
Dragon Motif Builder [15]. Each of these approaches has its own strengths and weaknesses
and none of the methods is efficient with large datasets, while the quality of the detected
motifs may vary from case to case.

In this paper, we take a hybrid approach that aims to incorporate the strengths of both
the deterministic and probabilistic approaches. Our idea is to develop an algorithm that
consists of a probabilistic component to handle the variabilities of biological data, and a
deterministic component to ensure that close to globally optimal motifs are found. We
consider the problem of discovering motifs from DNA sequences where only a fraction
of the sequences may have motif instances. This is a more generalized problem than the
one addressed by graph-theoretic methods such as WINNOWER and Constraint-Based
Method which require all the sequences have at least one motif instance. We propose
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a hybrid algorithm that consists of deterministic and probabilistic components, to solve
this problem. We perform experiments on synthetic datasets, as well as a collection of
27 promoters of3-defensin genes and their mouse-rat orthologs. We were able to show
that the hybrid approach enables the algorithm to detect highly homogeneous sets of target
motifs.

This paper is organized as follows. Section 2 provides the problem statement. In sec-
tion 3, we present our hybrid motif discovery algorithm and describe the probabilistic and
deterministic components. Section 4 describes the experiments done on synthetic and real
biological datasets and presents the performance results of the algorithm. In section 5, we
provide a discussion of the related work and conclude the paper.

2. Problem Statement

Let S = {s1,...,s7r} be a given set of DNA sequences. Lkt be a motif (unknown)
of lengthl. M may occur in a sequence as mutated instance with upstabstitutions.
Letmy,mo, ..., mp«, be the instances dff. The (, d) motif finding problem is to find\/
whenT* < T.

We assum@™ > 3, to avoid finding trivial motifs.

Note that typically several targét, d) motifs may exist, depending ¢i*. In general,
a computational algorithm cannot determine a priori the biological significance of a motif
with certainty. Hence, the aim to find all these motifs.

3. Hybrid Motif Discovery(HMD) Algorithm

Our HMD algorithm uses a sequence filtering idea. Each sequence is viewed as either
‘planted’ or ‘corrupted’. A planted sequence is one that contains an instance of a motif. All
other sequences are called corrupted. The algorithm consists of two compaegpitsnce
filtering andmotif finding from planted sequenceSequence filtering is implemented us-

ing a technique known ascality sensitive hashing For motif finding, we employ the
Constraint Based method (henceforth called, CMF algorithm). We describe the two com-
ponents in detail below.

3.1. Sequence Filtering

Sequence filtering is implemented through two stelpsality sensitive hashingnd se-
guence scoring

Locality Sensitive Hashing Locality sensitive hashing (LSH) is a technique proposed by
Indyk and Motwani [6] in the context of computational geometry. LSH is based on the idea
that simple hashing functions can be used to map objects in a multidimensional space to
buckets that have high probability of containing objects close to each other than those which
are far apart. Buhler and Tompa [4] have exploited this idea in their Random Projection
algorithm for obtaining good starting motif models that are later refined to identify the
target motifs. Our approach is different in that we use LSH only to filter out corrupted
sequences rather than motif discovery. The motif finding is handled by the CMF algorithm.
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Let T sequences each of length be given, and\/ be an (, d) motif. Define a hash
function h(z) that hashes an |-mer to a k-mer by choosingositions at random. Ik <
I — d andk is not too small, then it is more likely that the motif instances will be hashed
to the same bucket than random I-mers, because they must agreé thalien positions.
This implies that instances from implanted sequences tend to co-occur than random I-mers.

Sequence ScoringConsider three sequencgsg S, andS; of which.S; andS; are planted

with a motif butSs is not. Suppose that I-mers from these sequences are hashed sing

By LSH property, I-mers fron$; & S; are more probable to co-occur in a bucket than those
from S, & S3 or S; & Ss. This observation enables us to identify the planted sequences.
We perform hashing over many independent trials and compute co-occurrence statistics
from the buckets to deduce the planted sequences with high probability. The complete
sequence filtering algorithm is given in Algorithm 1.

In Steps 2-9, LSH is applied on the I-mers extracted from the sequences and the buckets
collected. The buckets are accumulated to form a hashtable in Steps 10-14. This process is
iterated overn iterations, in the for loop spanning Steps 1-15. The for loop in Steps 16-18
computes a count of the sequence pairs in each bucket. Step 19 sorts the sequences using
the occurrence frequency and returns the top T’ sequences in Step 20.

The choice oftc ands (the bucket threshold) is cruciat. is chosen large enough such
that4* >> t(n — [ + 1), but smaller tha — 2d. s is chosen small enough so that enough
buckets are considered and true motif instances are not missed. We eheospirically
to get a stable ranking in Step 19.

To find the target motifs, we pass the filtered sequences to the CMF algorithm, de-
scribed next.

3.2. Constraint Based Motif Finding (CMF) Algorithm

The CMF algorithm is a novel combinatorial motif discovery method that is based on the
concept ofconstraint rules The constraint rules are defined througgmter strings Given
[-mersz andy, let dist(x, y) define the hamming distance betweeandy. Consider a

set of I-mersS = {sq, s, ..., sp }. Centerc of S is defined as any I-mer that satisfies the
inequality dist(c, s;) < d,Vi = 1,...,n. Note that centers are candidates for the target
motif(s). The idea of the CR is algorithm is to first find centers from the given sequences
and then verify if they are true motifs.

3.2.1. Constraint Rules

A graph-theoretic method is used to analyze the given sequences (described below) and
find the centers. This is the critical and combinatorially expensive step. Constraint rules
are procedures employed to make this step efficient. These procedures do not need the
verification of the hamming distance inequality but instead can derive the centers directly

by observing that the sequence set have patterns under some special cases. The exact rules
to handle these special cases and their correctness are provided in [5]. To handle all other
cases, an algorithm callegionstraint Mechanisns employed. Due to space limitations,
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Algorithm 1 Sequence Filtering Algorithm
procedure SeqFilt(l — mers, k,s,m, N,T")
1: for m iterationsdo
2:  pickkindicesiy, ..., i from{1,... L}

3:  generate LSH hash functiof(s) = (Si1, ..., Si)

4. for each I-medo

5: forj=1;j<k;j++do

6: k-mer[j]= I-mer[Si;]

7 end for

8 hash |-mers into buckets such that

all I-mers in a bucket correspond to same k-mer

9: end for
10: for each bucketlo
11: if the class size is greater than certain threshdlten
12: output all buckets, I-mers, seqindex to a hashtable
13: end if
14:  end for
15: end for

16: for each bucketlo

17:  count pairs(seqglndex-1, seqindex-2) found in the bucket

18: end for

19: Sort each sequence in the tdppairs based on number of occurrences
20: Return the top T’ sequences

we omit this algorithm and refer the reader to [5].

3.2.2. Graph-Theoretic Motif Finding Algorithm

LetI = {I,...,1;} be the set of implanted motif instances. The motif discovery prob-
lem can be simplified as finding a subset/ofvhich can be converted into centers (using
constraint rules or constraint mechanism). This is achieved by the use of clique finding
techniques. First of all we construct a gra@iisS,, d), whereS = {s1,...,s:} is the
given set oft sequencesg] is the motif length, and! is the maximum number of mis-
matches/mutations. For every positipin the sequence;, construct a vertex; , repre-
senting the lengtld-substring starting at positionin s;. Connect vertex; , with s; , by
an edge ifi # j and the Hamming distance between them does not extted

Suppose that every sequenceSinontains a motif instance of M. Let= {p1,...,p:}
be the set of positions whepeis the position of the motif instance in sequengeletV =
{S1p1, S2p2, - - ., s1pe } D€ the subset of vertic&®(S, [, d) representing themotif instances.
Every pair of vertices irl” should have an edge i(S,, d) graph, therefore the sé&t
should correspond to a clique of sizen G(5, 1, d). In contrast to other similar algorithms,
this method does not aim to find large cliques. It only suffices to findrevertible clique
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that has 3 vertices and meets requirements of a constraint rule (or constraint mechanism).
The whole procedure is illustrated in Algorithm 2.

Algorithm CMF begins with finding a se& consisting of all the 2-cliques (cliques of
size 2) in the first two sequencas ands,. Then, we iteratively enlarge the cliques in
Q@ with the remaining sequences.$h For the enlarged cliques which are convertible, we
immediately convert them into centers. The remaining enlarged cliques are inserted into
Q. The process is iterated unfil is empty or size of cliques i) reach certain limitf. If
somef-cliques are still remained i after the whole process, we compute the centers for
thesef-cliques by constraint mechanism. Note that, we set a clique size limit to avoid the
huge extension cost of large cliques. The center testing is performed through an algorithm
that makes use of the Pigeon Hole principle [12].

Algorithm 2 Constraint Based Method (sketch)
1. Q «— pandC « 0;
2: for eachsy; andsy; (1 <i,5 <n—1)do
3: if diSt(Sli, SQj) < 2d then

4: check if{s1;, s2;} is 2-clique inG(S, [, d) and Insertsi;, s2;} 10 Q;
5. endif
6: end for
7: for eachm = 3... f (f is clique size limit)do
8. for each(m — 1)-cliquecli in @ and each vertex,,; do
9: Removecli from Q;
10: if cli = cliU{s;}isam-cliqueinG(S,l,d) then
11: if cli is a convertible cliqguethen
12: Convertcl: into centers, and insert these centers into th&'set
13: else
14: Insertcli into Q;
15: end if
16: end if
17:  end for
18: end for

19: for each remaining-cliquecli in Q do

20:  Convertcli using Constraint Mechanism and insert derived centers into th@&;set
21: end for

22: for each centet in the setC do

23:  Call CenterTest to verify if it is an actual motif.

24: end for

Theorem 3.1. Let M be a motif that has at least one instance in every sequence in S. Then,
Algorithm CMF finds)M.

The theorem follows from the results of [5].
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The LSH property enables that sequence filtering can identify implanted sequences with
high probability, provided the number of iterations is large enough. Together with Theorem
3.1, this implies that HMD algorithm can find the target motif(s) even if only a subset of the
sequences may be implanted. Noting that this result is only partially proven, we conduct
experiments to verify it empirically.

3.2.3. Motif Scoring

Typically, even after center testing (Step 23 in Algorithm 2), there may be a lot of motifs
returned. We apply a scoring function to rank the motifs and retain only those above a
threshold. The information content 8f is used as the scoring function. Suppose a msotif

of lengthk has approximate occurrences in a subset ofput sequence. The information
content of this motif is defined to be:

wherep,. ; is the probability with which baseoccurs in positiory among the motif occur-
rences inS, andb, is the background frequency of the character the DNA sequences.

The background distribution is assumed to be uniform. Information content provides a
measure of how well a motif is conserved and how likely a motif is with respect to the
background distribution.

4. Experiments
4.1. Synthetic Data

We consider a (15,2)-motif problem where sequences are of length00. The sequences
are generated uniformly at random and implanted with chosen (15,2) motif. We consider
two cases, a) =15 and T=20, b) =10 and T=20. For each case, we generate five
different datasets and compute the average performance.

The sequence filtering component and the complete HMD algorithm are evaluated sep-
arately.

4.1.1. Evaluation of Sequence Filtering

The ranked sequences output by sequence filtering are evaluated using precision and recall.
Let true positives (TPpe the number of returned sequences that are implantethsed
positives (FP)Ye the number of returned sequences that not implanted. Then, precision =
TP/(TP+FP) and recall=TP/T The results are presented as P-R curves in Figure 1.

We observe that our method achieved perfect performance for £abeCaseb, it
performed at over 95%.
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Figure 1. Performance of Sequence Filtering.

4.1.2. Evaluation of HMD Algorithm

Here we evaluate the motif discovering performance of the HMD algorithm. We consider
two tasks: 1) finding motif(s) whehandd are known, and 2) whehandd are not known.

Task 1 - (I, d) known In this task, the HMD algorithm returns (15,2) motifs. The results
are provided in Table 1 and 2. We notice that HMD correctly found the correct motif in
both cases. In the Casethe precision was affected because the algorithm returned noisy
motifs. In a later investigation, we found that the noisy motifs had more than 9 positions
common to the correct motif.

Table 1. Performance of HMD algorithm fore= 15 andd = 2.

Datasets k s m T Avg No. of Motifs P R Time (min)
Casea 9 4 200 7 1 1.00 1.00 8.0
Caseh 9 4 500 5 3 0.54 1.00 16.9

Task 2 - (I, d) unknown The previous task assumed thiandd are known. However

in practical scenarios, they are not known in general. Hence, we attempt t@set!

to values different from the true values and evaluate how the HMD algorithm performs.
Specifically, we try to find a (9,1)-motif. We restricted the problem to Geesad compared

the performance with that of the Random Projection (RP) algorithm.

For the (15,2) motif finding problem, there exist up to 7 correct (9,1)-motifs. For
example, given the actual implanted motif A GTCTCTCTATACT, the derived
motifs with length 9 would be: ATGTCTCTC, TGTCTCTCT, GTCTCTCTA,
TCTCTCTAT, CTCTCTATA, TCTCTATAC, andCTCTATACT. The perfor-
mance is evaluated for the ability to identify all these motifs.

We compute the average precision and recall over 5 datasets and present the results in
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Table 1.

Table 2. Comparison of Performance in finding a (9,1)-motif for a (15,2)-motif problem.

Algorithm ks m T Avg No. of Motifs P R Fmeas. Time(min)
RP 7 4 3 15 1 1.00 0.14 0.25 0.17
HMD 6 8 200 5 4 0.29 0.69 0.41 1.26
HMD 6 8 500 7 3 0.43 0.37 0.40 3.37

We observed that HMD outperformed RP in terms of F measure. Random Projection
always identified only 1 motidT’G'T'C'T'C'T'C, and hence had 100% precision. However,
it could not find the other 6 motifs. HMD was able to find them at close to 70% recall.
HMD’s precision was lower because it found many noisy motifs, which we later found
were indeed very close to one of the correct motifs. By increasing 7, we see that
the number of noisy motifs can be reduced and precision improved, but at a loss in recall.
Our contention is that, though precision is important, recall is critical because the biologist
cannot afford to miss out motifs that may actually be biologically significant.

4.2. Biological Data

Here we applied our HMD algorithm on two real biological datasets; yeast-associated pro-
tein (YAP), andg -defensin Promoters.

4.2.1. Yeast-Associated Protein (YAP)

Buhler & Tompa [4] and Dong, et.al. [5] considered this dataset along with three other
biological datasets namely: prepoinsulin, dihydrofolate reductase (DHFR), and gametic
lethal (GAL). Of these biological datasets we consider only YAP since others are small
in size. YAP consists of 16 sequences with 800bp long each and has a published motif
TTACTAA[13].

We attempt to find a (9,1)-motif from this dataset. Parameters we used for Sequence
Filtering are:k = 5, s = 4, andm = 100. With 7" = 5, the HMD algorithm was able to
find the motiftTT ACT A Ag which contains the published motif. The algorithm took 25
seconds.

4.2.2. 3-defensin Promoters

We have selected promoters of 27 hunmiadefensin genes and their mouse and rat or-
thologs. These promoters cover the region of [-1000, +500] relative to the transcription
start site. We evaluate our HMD algorithm in finding three different types of (I,d)-motif.
The results are summarized in Table 3.

Our results show that HMD algorithm can find motifs with high information con-
tent, for various [, d). For comparison, we applied RP algorithm on the same dataset.
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Table 3. Motif Discovery by HMD fromp-defensin Promoters.

Motif ks m  No. of Motifs IC  Time (min)

(9,1) 6 9 100 35 17.08 4.4
(12,1) 7 5 100 19 22.16 9.2
(152) 7 5 100 7 26.76 12.0

For a (9,1) problem, it returnedCAGGT AAA as the consensus. HMD algorithm
indeed found this motif which had IC=15.2. In fact, it also found similar motifs
cctcCAGGT, ctcCAGGTY, aactCAGGT, acaCAGGTa, and ccCAGGT aa, from
which we are able to deduce th&AGGT is a highly conserved pattern for this
dataset. We also analyzed the motifs found by the Dragon Motif Builder (Drag-
onMB) [ http://research.i2r.a-star.edu.sg/DRAGON/MOTIF _SEARCH

After choosing threshold=0.85, average IC=1.5, and no. of motifs=10, DragonMB found
motifs CAGGatcaa (IC=13.2) anthaaaC AGGT (IC=11.9) which contained similar pat-
terns. The motifs found by DragonMB sometimes had more than 15 instances. HMD,
though returned higher IC motifs, was able to identify motifs having upto 5 instances only.

5. Discussion and Conclusion

This paper has proposed a new hybrid algorithm for motif discovery from DNA sequences.

It was motivated by the idea of combining the strengths of probabilistic and deterministic
approaches. The algorithm consisted of a sequence filtering component (that was based a
probabilistic strategy) and a graph-theoretic motif finding component (that utilized a deter-
ministic algorithm). Through experimental studies, we observed that the hybrid approach
enables the algorithm effectively find target motif(s) even though only a fraction of the
sequences may be implanted.

Our work generalizes the work reported in [5]. As noted in Section 3.2.2, the CMF
algorithm is not guaranteed to find the correct motif even if one of the sequences is not
implanted. For such cases, they proposed a strategy of choosing 3 sequences iteratively at
random to increase the chances of finding a motif. This reqdifesuns of the CMF al-
gorithm and hence potentially inefficient. Also, this strategy may miss out some important
motifs. In contrast, our sequence filtering approach can provide a ranked list of implanted
sequences directly and these sequences will contain all the important motifs with high prob-
ability (provided LSH is run enough number of times). Our method is also more efficient
because the LSH runs are much simpler than running CMF iteratively.

However, both the approaches have the limitation of resulting in motifs derived from
small number of instances (usually 3-5). This is because the CMF approach does not look
for maximal cliques as, for example, done by WINNOWER [9]. This limitation can be
addressed by generalizing the constraint rules and constraint mechanism to handle more
than 3 sequences. We are currently investigating this direction. In addition, we have not
considered domains where the motifs may include spacers [11] and motif instances contain
insertions and deletions. Extending our work to handle these domains will form part of our
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future work.
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