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Abstract

Detection of potential cross-tybridization (or cross-reaction) betweena short oligonucleotide sequence
and a longer (unintended) sequenceis crucial for many biological applications, such as selecting PCR
primers, microarray nucleotide probesor short interfering RNAs (siRNAs). In this paper, we proposea
exible framework for estimating the signi cance of siRNA o -target e ects on untargeted transcripts
(messagerRNA, or mRNA) in the RNA interference (RNAI) process. The framework canalsobe extended
to other applications with minor changes.

We have developed and implemented a new homology sequenceseard framework { siRNA O -tar get
Search (SOS). SOS usesa hybrid, g-gram based approach, combining two Itering techniques using
overlapping and non-overlapping g-grams. Our approach considersthree typesof imp erfect matchesbased
on biological experiments, namely G:U wobbles, mismatches, and bulges. The three main improvemerts
over existing methods are: the intro duction of a more general cost model (an a ne bulge cost model) for
siRNA-mRNA o -target alignment; the use of separate seardes for alignments with and without bulges,
that enablese cien t discovery of potential o -target candidates in the lItration phase;and the use of
position-preserving and order-preserving hit-pro cessingtechniques, that further improvesthe lItration
e ciency . Overall, SOSachievesbetter performance, in terms of speedand recall/precision, than BLAST
in detecting potential siRNA o -targets.

1 Intro duction

RNA interference(RNAI) is arecertly discoveredposttranscriptional genesilencing (PTGS) mecdanism that
seemsto play both regulatory and immunological rolesin the eukaryotic geneticsystem[1, 9, 17, 23]. RNAi
has arouseda great deal of excitemert in both therapeutic and genomicexperimental communities because
of its potential for treatment of a wide spectrum of diseasessuch as HIV [11]; Huntington's diseaseq25];
and certain classesof cancers[3, 9], in addition to its demonstrated usein functional genomic studies via
controlled geneknockdown [5, 14].

At the heart of the RNAI cleavage evert is the degreeof matching betweenthe target messagerRNA
(mRNA) and an initiator molecule, known as a short-interfering RNA (siRNA). By introducing a siRNA
into a cell, we can induce the cellular machinery into degradingthe mRNA product of a targeted geneand
prevert further translation of the mRNA into protein. Thus, we can suppressthe function of a speci ¢ (e.g.,
disease-related)gene. It was generally believed that RNAI processis highly specic [8, 7]. However, recert
experimental results strongly suggestthat siRNAs with imperfect matchescan still knock down unintended
mMRNAs with high silencing e cacy [10, 19, 21]. Three types of imperfect matches have been studied in
biological experiments: mismatches[10, 20], G:U wobbles[12, 20], and internal bulges[6]. In some cases,
siRNAs can tolerate seweral mismatchesto the target sequence1Q]. A recent study [13] shows that about
75% of 359 published siRNAs have a risk of non-speci ¢ e ects.

Designing highly e ectiv e and speci ¢ siRNAs is crucial for therapeutic or genomic applications of the
RNAIi process. siRNA e cacy has been studied extensively and design rules have been established for
selecting e ectiv e siRNAs (e.g., [18, 23]). However, there is an urgent needto evaluate the signi cance of
siRNA o -target reactions with unintended sequences.Since a siRNA recognizesits targets by sequence



complemenarit y, potential o -targets can be predicted by approximate sequencematching. However, this
requiresa pairwise sequenceaalignment betweenthe siRNA and every genein the genome,which canbe very
expensive for traditional sequencealignmert algorithms such as dynamic programming.

Seweral programs that employ Itering techniques have beendeweloped, including BLAST [2], Pattern-
Hunter [15], and QUASAR [4]. BLAST and PatternHunter Iter out unrelated regionsusing contiguous and
gapped seeds,respectively. They run much faster than dynamic programming, but both uselossy ltering
techniques and thus frequertly overlook o -target candidates[13]. QUASAR usesa g-gram basedlossless
Itering technique, but is limited to Hamming or Levensttein distancealignments. There are alsoalgorithms
speci ¢ for siRNA selection(e.g., [13, 26]), but most deal only with mismatches.

We are interested in deweloping fast and losslessmethods for evaluating the signi cance of siRNA o -
target e ects using approximate sequencematching. We de ne a exible siRNA speci cit y measurecalled
o -tar get tolerance: the maximum number of genesthat have an o -tar get swre lessthan or equal to a
speci ed threshold with the selectedsiRNA. Our major cortribution is the developmert and implementation
of a new homology sequenceseard framework { siRNA O -tar get Search (SOS) { which usesa hybrid,
g-gram basedapproacd, combining two ltering techniquesusing overlapping and non-overlapping g-grams.
The three main improvemens over existing methods are:

the intro duction of a more generalcost model (an a ne bulge cost model) for sSiIRNA-mRNA o -target
alignmert;

the use of separateseardesfor alignments with and without bulges, that enablesmore e cien t dis-
covery of potential o -target candidates;and

the use of position-preserving and order-preserving hit-pro cessingtechniques, that further improves
the ltration e ciency .

The rest of the paper is organized as follows. We intro duce an a ne bulge cost model as a measurefor
siRNA-mRNA o -target alignmerts in Section2. In Section 3, we describe the two g-gram based ltering
techniques for alignments without bulges and alignments with at least one bulge. We also discuss hit-
processingtechniques usedto locate potential o -target candidates basedon g-gram hit lists. We describe
our computational experiments and report preliminary resultsin Section4. Finally, we concludeand describe
future work in Section5.

2 sIRNA-mRNA Distance-based Alignmen t

Consider a siRNA p, target geneg; and mRNA g 2 G, where G is the collection of genesin the genome.
We de ne a semi-glolal alignment (alignment for short) betweena siRNA and a mRNA to be a 5-tuple
A = hd;w; m; Bs; Bni, whered, w, and m arethe numbersofidentical matches,G:U wobbles,and mismatches
in the alignment; and B = fbsgand B, = f by g are the two setsof bulgeson the siRNA and on the mRNA,
respectively.

An ane bulge cost model is de ned for computing the alignment sare.

Denition 1 LetA = hd;w;m;Bs;Bni beanalignment. The ane alignment scorefor alignment A, s(A),
can be calculated as follows:

X X
s(A)=d +w +m + ( +hbs)+ ( +bn);
bs2Bs bm 2B m
whee , , are the per-nucleotide swres for identity, G:U wobble,and mismatch; and and are the

swres for bulgecreation and extension.

Let Ng = P b2, Bs@ndNm = P b, 28, Pm bethe total number of nucleotidesin bulgeson the siRNA and
MRNA, respectively. We canrewrite the aboveformulaass(A) =d +w +m +(jBsj+Bmj) +(Ns+Np) .
We assumethat < and 0 hold for typical distance-baseda ne bulge cost models. A
samplea ne bulge cost model for sSiRNA o -target alignmerts is shovn in Table 1. The numbers here are



Table 1: A samplea ne bulge cost model for siRNA o -target alignments

Feature Symbol | Score
Identity 0
G:U wobble 5
Mismatc h 10
Bulge creation 20
Bulge extension 3

made up basedon someexperimental results of the e ects of imperfect matcheson RNAI processavailable
in the literature [6, 10, 12, 20]. We usethis cost model throughout the paper unlessotherwise speci ed.
The typical length for a siRNA is 19-23 nucleotides long, while mRNAs are 2000 nucleotides long.
Only a small portion of nucleotidesin the mRNA cortributes to an o -target alignment. The semi-global
alignmert for o -target detection doesnot penalizeterminal bulgeson the mRNA, but doespenalizeterminal
bulgeson the siRNA. Therefore, we de ne an e ective subsguene of a mMRNA in an alignment as follows:

De nition 2 Given an alignment A between a siRNA and a mRNA, the e ectiv e subsequencef the mRNA
in A is a portion of the contiguous nucleotides that aligns with the siRNA. The length of the e ective
subsgueneis L = N + N, Ng, where N is the length of the siRNA.
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Figure 1: Semi-globalalignmerts betweena siRNA and a mRNA.

The following example is an illustration of semi-global o -target alignments between a siRNA and a
mMRNA.

Example 1 Consider two o -tar getalignments between a SiRNA and a mRNA, as shownin Figure 1. The
o -tar get alignment sare for alignment A;: s(A;) = 18 0+ 0 5+ 1 10+ (20+ 2 3)+ 0= 36, and for
alignment A,: s(A2) = 19 0+1 5+ 1 10+ 0+ (20+ 2 3) = 41. The two e ective subsguenes of the
mRNA in alignments A; and A, are shadel, and the e ective lengthsfor the two alignments are 19 and 23,
respectively.

Let A = fAJA is an alignment betweena siRNA and a mRNAg be the set of all possible alignments
betweenthe siRNA and the mRNA. The o -tar get smre betweenthem, s, is de ned to be the minimum
alignment score,or s = min a2a S(A).

Finally, we de ne a siRNA speci cit y measurecalled o -tar get tolerance:

De nition 3 Given a siRNA p, the targetgeneg; and a genomeG = fg;jg; is a genein the genomeg, the
o -target toleranceis de ned to be atuple = n;Ti suchthat there are at most n genesin G (except g;)
having o -tar getsmres T with p.

A siRNA sequencds consideredgene-sgeci ¢ if there are at most n genesin the genome(other than the
target gene)with o -target scores T.



3 g-gram Based Filtering

Most fast sequencealignment algorithms use a two-phaseapproach: a ltration phasefollowed by a veri-
cation phase. A lter is a fast algorithm that discards large portions of the sequenceaccording to some
Itering criterion, leaving the remaining part to be chedked in the veri cation phase.

Many lters in approximate sequencematching are basedon g-grams: substrings of length g. Given a
sequenceS, a positional g-gram g of S is de ned to be the substring of length q that starts at position i
in the sequencej = 1;2;:::;jS] g+ 1. The basicidea behind g-gram based ltration is that the g-gram
similarity betweentwo sequencegan be captured by the number of g-gram hits sharedby them. A hit is a
match betweeng-gramsfrom the two sequences:

De nition 4 A hit h(i; j) between a siRNA p and a mRNA g is de ned to be an exact, nucleotide-for-
nucleotide match between g-gram ¢; in p and g-gram ¢ in g.

Alignments between a siRNA and a mRNA may or may not have bulges. The scoreof a bulge in a
typical a ne bulge cost model is higher than that of a G:U wobble or a mismatch, soalignments with bulges
require more identical matchesthan those without bulgesin order to maintain the samealignmert score.
Therefore, the minimum number of g-gram hits that a potential o -target candidate must share with the
siRNA is higher for alignments with bulges. By separating the seardesfor alignments with and without
bulges, we raise the ltering criterion for searding alignments with bulges, thus reducing the number of
potential o -target candidatesto be cheded in the veri cation phase. Basedon this obsenation, we divide
all alignments betweena siRNA and a mRNA into two disjoint classes:one for alignments without bulges
A, and the other for alignments with at leastonebulge Ay, and A = A, [ Ayp.

The basic procedurefor searding siRNA o -targets consistsof the following four phases:

1. Lookup table creation phase: Build asan indexing structure a sux array A over a sequencelatabase
G. Giventhe length q of g-grams, compute the start indexesof the hit lists for all g-gramsin G. This
step is performed oncefor G.

2. g-gram hit lists generation phase:

a) Alignments without bulges: Generate non-overlapping g-grams for the selectedsiRNA, and seard
for the hit list for eadh g-gram.

b) Alignments with at least one bulge: Generate overlapping g-grams for the selectedsiRNA, and
seard for the hit list for each g-gram.

3. Filtration phase:

a) Use pigeonhole principle based approadc (Corollary 1 in Section 3.1) along with hit-pro cessing
techniques (Section 3.3) to locate potential o -target candidatesin G basedon the g-gram hit lists
from 2.a.

b) Useqg-gram lemma basedapproac (Corollary 2 in Section 3.2) along with hit-pro cessingtechniques
(Section 3.3) to locate potential o -target candidatesin G basedon the g-gram hit lists from 2.b.

4. Veri cation phase:
a) Potential o -target candidatesfrom 3.a are further cheded using direct sequencealignment with
the siRNA.
b) Potential o -target candidatesfrom 3.b are further cheded using traditional dynamic programming.

In the following sections, we rst introduce two g-gram based approaches with overlapping and non-
overlapping g-gramsfor determining the Itering criteria for potential o -target candidates. Then we describe
the hit-pro cessingtechniques used to identify the potential o -target candidates basedon the g-gram hit
lists.



3.1 Filtering based on alignmen ts without bulges

For simplicity, we represert an alignment without bulges as A° = hd%w®% m%, and the alignment score
S(A9) =d® +w® +mO .

To nd the lItering criterion for potential o -target candidatesbasedon alignments without bulges,we
apply a non-overlapping g-gram basedapproach that is basedon the pigeonholeprinciple lemma.

Lemma 1 (Pigeonhole principle lemma [16]) Let s; and s, be two sequenes of the same length | with
Hamming distance k. If both s; and s, are divided into b'ac non-overlapping g-grams, then the number of

g-gram hits between's; and sz istw  bgc k.

Here we extend the pigeonhole principle lemma to the new cost model for siRNA-mRNA o -target
alignments without bulges.

Lemma 2 Let A°= hd%w® m% be an alignment between a siRNA and a mRNA. If both the siRNA and the
e ective subsguene of the mRNA (i.e., with length of N in this case) are divided into b%c non-overlapping

g-grams, then the numkber of g-gram hits between them is t,, b%c (W°+ m9, where N is the length of the
siRNA.

With respect to g-grams, a G:U wobble is the sameasa mismatch, sothe total Hamming distanceis just
(WP+ mDO).

Given an o -target threshold, the following lemma gives an upper bound for the total number of G:U
wobblesand mismatches (w°+ m?9).

Lemma 3 Let A°= hd%w®%mY be an alignment between a siRNA and a mRNA with s(A9 T. The
maximum number of G:U wobblesand mismatchesin the alignment is (m°+ w9 b%c; where
0 is the ratio of the number of G:U wobblesto the numbker of mismatches?

Pro of: A%= hd%w®%mY is an alignmert without bulges, sothe alignment scores(A% = d® + w® + mO .
Sinced®+ w+ m°= N, wehaved®= N w® m° Substituting d®andw®= m° into the alignment score,
wehaves(A9=(N m° m% +m® +m°.

Rearranging the above equation yields m° = (S(A)D)%, som®+ wl= (1+ )m®=

@+ XT N ) 0 0 i 04 /0 @+ XT N )
Oy ) M"andw areboth integers,som™ w"  bi—————c.

@+ )(s(A) N )
( + )
Sinces(A% T, we have m% w°

Corollary 1 Given an alignment A° = hd%w®%m9 between a siRNA and a mRNA with s(A% T, the
number of non-overlapping g-gram hits between the siRNA and the e ective subsguene of the mRNA is
tw bYc bi((1+ ))(T( N ))c

q + '

Corollary 1 directly follows Lemmas 2 & 3, and can be used as a lItering criterion for determining
potential o -target candidatesbasedon alignments without bulges.

Example 2 Consider an alignment A°= hd%w®% m% between a mRNA and a siRNA with lengthof N = 21
nucleotides. For a given o -tar get threshold T, the minimum number of g-gram hits t,, between the siRNA
and the e ective subsguene of the mRNA can be computed according to Corollary 1. The nal resultsfor
the length of g-gram q = 3 are listed in Table 2.

3.2 Filtering based on alignmen ts with at least one bulge

To nd the ltering criterion for potential o -target candidatesbasedon alignments with bulges,we apply
an overlapping g-gram basedapproach that is basedon the g-gram lemma.

Lemma 4 (The g-gram lemma[24) Let p be a pattern and S be a target sgguen@ with Levenshteindistance
k. The number of overlapping g-gram hits betweenpand Sist, jpji (k+ 1)g+ 1.

1in this paper, we assume a uniform distribution among the four nucleotides in genomes, therefore the average value for is
around 0:2. Work on more general model of G:U wobble is ongoing.



Table 2: The minimum number of non-overlapping g-gram hits t,,, whereN = 21,q= 3,and = 0:2.

O -target q | tw
threshold T

0 3] 7
10 3] 6
20 3] 5
30 3| 4
40 3] 3
50 3] 2

Here we extend the g-gram lemmato the a ne bulge cost model for sSIRNA-mRNA o -target alignments
with bulges.

Lemma 5 Given an alignment A = hd;w; m;Bs;Bmni between a siRNA and a mRNA, the number of
overlapping g-gram hits between the siRNA and the e ective subsguene of the mRNA ist, N g+ 1

(w+ m)g [Bsj(@ 1)+ Ns] jBmj(q 1).

The above formula can be split into four parts. The rst part, N g+ 1, is the total nhumber of g-grams
(or valid g-gram hits) in the siRNA. The secondpart meansthat a single mismatch or G:U wobble, in the
worst case,can invalidate up to q g-gram hits. The third and fourth parts represen the maximum numbers
of g-gramsthat can be invalidated due to bulgeson the siRNA and on the mRNA, respectively.

Given an o -target threshold, the following lemma gives an upper bound for the total number of G:U
wobblesand mismatches (w + m).

Lemma 6 Let A = hd;w;m;Bg;Bni be an alignment between a siRNA and a mRNA with s(A) T. The
maximum number of G:U wobblesand mismatchesin the alignment is

(m+w) plr AT (N N(s) )(jf(j+jBO§) (Ns*Nm) 1 whee 0 is the ratio of the number of G:U wobbles
to the number of mismatches.

Pro of: A = hd;w;m; Bs;Bni isanalignment, sothe alignment scores(A) =d +w +m + (jBsj+jBmj) +
(Ns+ Nm) . Sinced+ w+ m+ Ng= N,wehaved= N w m Ns. By substituting d andw = m into
the alignment score,wegets(A) = (N m m Ng) +m +m + (jBsj+jBmj) + (Ns+ Np) .

Rearranging the above equation yields
m= S(A) (N Ns) (iBsj+iBmi) *(Ns*Nm) oo
+ .

m+w=(1+ )m= A+ JIs(A) (N N(S) )(J'B(si+jB)mi) +H(Ns+Nm) | Sinces(A) T, we have
+ * !

(I+ )T (N Ns) (jBsj+iBmj) +(Ns+Nm) ]
( ) +( ) )

m+ w

m and w are both integers, so
m+w & T (N N9 (BjBaj) *(NatNo) I
T .

Corollary 2 Given an alignment A = hd;w; m; Bs; By i between a sSiRNA and a mRNA with s(A) T, the
numkber of overlapping g-gram hits between the siRNA and the e ective subsguene of the mRNA is
t (N No) (Bsj+iBnj+ 1) 1) bEIERT (gl (Rarlinlleq

Corollary 2 directly follows Lemmas5 & 6, and can be used as a ltering criterion for determining
potential o -target candidatesbasedon alignments with at least one bulge.

Given an ane bulge cost model, an o -target threshold T, and the length q of g-grams, the minimum
number of overlapping g-gram hits t, betweena siRNA and an e ectiv e subsequenceof a mMRNA depends
on the following four parameters: jBsj; jBmj; Ns, and N,. Therefore, we de ne (tp)min to be the minimum
number of overlapping g-gram hits t, over all possible combinations of the four parameters. (Ns)max and
(Nm)max arethe maximum Ns and maximum N, respectively, such that t, > 0.

Example 3 Consider an alignment A = hd;w; m; Bs;Bni between a mRNA and a siRNA with length of
N = 21 nucleotides. For a given o -tar getthresholdT, the minimum number of g-gram hits (tp)min between
the siRNA and the e ective subsguen® of the mRNA can be computed according to Corollary 2. The nal
resultsfor the length of g-gram q = 4 are listed in Table 3, along with the (Ns)max and (Nm)max -



Table 3: The maximum Ng, maximum Ny, and the minimum number of overlapping g-gram hits (tp)min ,
whereN = 21,g9= 4,and = 0:2 (Note that (Ns)max and (Nm)max neednot be equal.).

O -target g | (Ns)max | (Nm)max | (to)min
threshold T

0, 10, 20 4 N/A N/A N/A
30 4 3 3 12
40 4 6 6 8
50 4 10 10 4

3.3 From g-gram hits to potential o -target candidates

Algorithm 1 Order-preserving Filtering

Input: A g-gram hit list H = fh(i; j)g in a sliding window, sorted in
non-decreasing order of j
Output: Size of the maximumorder-preserving hit list Ho H
1 Order-preserving Filtering () f
/lInitialize size(i)
2 for each i=1 to |p|-g+1, do
3 size(i)=0;
Ilteratively update size(i)
4 for each hit h(i; j) 2 H, do
5 size(i)= maxfsize(i), maxfsize(k)|k<i g+1g;

//[Return the maximumsize
return maxfsize(i) g;

(o]

to locate all g-gram hits in the genomefor ead g-gram g in p. Then we use hit-pro cessingtechniques to
analyzethe g-gram hit lists to determine potential o -target candidates. A good way of doing that is to use
a sliding window of length W, and examine g-gram hits within the region of W contiguous nucleotidesin
the mRNA ead time. A region is considereda potential o -target candidate if there are at leastt (t,, for
alignments without bulgesor (tp)min for alignments with bulges) g-gram hits within a sliding window. In
order to guarantee that no potential o -target candidateswill be overlooked, the length of a sliding window
is at least as large as the maximum e ectiv e length of a mMRNA for all possiblealignments. Therefore, we
de ne the length of a sliding window W = N + (N )max -

Given a g-gram hit list, there are many ways to de ne potential o -target candidates with tradeo s
between ltration speedand e ciency . We describe three hit-pro cessingtechniques for de ning potential
o -target candidates. Count Itering simply cournts the number of g-gram hits in a sliding window.

Prop osition 1 Count ltering : If A is an alignment between a SiRNA p and a mRNA g with an alignment
swores(A) T, thenthere must exist a hit list of at leastt g-gram hits between p and the e e ctive subsguene
of g.

For alignments without bulges, the minimum number t in the proposition is t,, in Corollary 1. For
alignments with bulges,the minimum number is (tp)min in Corollary 2. In both casesthe minimum numbers
remain the samefor di erent hit-pro cessingtechniques.

While count ltering improvesthe e ciency of SiRNA o -target seardy, it doesnot take advantage of
ordering and positional information. Now, let's intro duce the concept of an order-preservinghit list.

De nition 5 A hit list Hy is an order-preserving hit list if and only if j; < jx holds for any two hits
h(ii;ji);h(ix;ik) 2 Ho and iy < i.

Prop osition 2 Order-preserving ltering : If A is an alignment betwesn a siRNA p and a mRNA g with an
alignment sore s(A) T, then there must exist an order-preservinghit list of at least t g-gram hits between
p and the e ective subsguene of g.



Algorithm 1 usesthe fact that g-gram hits in the sameorder-preservinghit list must appear in the same
order as they appear in the siRNA. The time complexity for Algorithm 1 is O(NjH]j). Thus, the total
time for the hit-pro cessingis O(N jHj), where H is the joint hit list for the siRNA. Similarly, we de ne a
position-preserving hit list.

Denition 6 A hit list H, is a position-preservinghit list if and only if j(jk i) (1 i1)j (Ns)max +
(Nm)max for any two hits h(i;;ji);h(ix;jx) 2 Hp.

Algorithm 2 Position-preserving Filtering

Input: A g-gram hit list H = fh(i; j)g in a sliding window, sorted in
non-decreasing order of (j i)
Output: Size of the maximumposition-preserving hit list Hp H

1 Position-preserving Filtering () f
Mnitialization

2 span=(Ns)max+(Nm)max;
3 MAX_SIZE=0;
4 size=0;
5 start_diagonal=j_1-i_1;
6 for each hit h(i; j) 2 H, do
7 current_diagonal=j-i;
8 if (current_diagonal - start_diagonal
span), then
9 size++;
10 else
1 if (size>MAX_SIZE), then
2 MAX_SIZE=size;
/IReset the start diagonal
13 size=1;
14 start_diagonal=current_diagona  |;

/IReturn the maximunsize
15 return MAX_SIZE;
16 g

Prop osition 3 Position-preserving ltering : If A is an alignment between a siRNA p and a mRNA g with
an alignment sore s(A) T, then there must exist a position-preserving hit list of at least t g-gram hits
between p and the e ective subsguene of g.

Algorithm 2 usesthe fact that g-gram hits in the sameposition-preservinghit list must be located on up
to (Ns)max + (Nm)max adjacert diagonals(i.e., A hit h(i; j) isonthe diagonal (j i).). The time complexity
for Algorithm 2 is O(jH]j). Thus, the total time for the hit processingis O(jH j), where H is the joint hit list
for the siRNA.

A more stringent Itering technique takesboth the positional and ordering information. In order for a
hit list of t hits to represen a potential o -target candidate, it must be an order-preservingand position-
preserving hit list.

4 Computational Results

We have developed and implemented the siRNA O -tar get Search (SOS)in Java. Here we report the results
of our computational experiments. We rst examinethe performanceof our SOSprogram, and then compare
it with BLAST, a computer program commonly usedfor o -target detection. BLAST is downloaded from
the NCBI ftp site. We performed all tests on a 3:0GH z Pertium |V machine running Linux with 1GB main
memory. We apply our methods to the cDNA sequence®f C. elegans which contain 22,168genes(database



1.0e+06 1 No separation of alignments
10000 -
[%2]
%1.0e+05 b
g No separation of alignments I
S 10000 - ; E
o 7 [}
‘g Separation of alignments g 1000 -
5 1000 ~ g
5 T
g 1007 = ,,
% 10]° 1001 Separation of alignments
o
11¢ : : : : ; ; : ‘
10 20 30 40 50 10 20 30 40 50
Off-target score Off-target score
Figure 2: Eect of separate searhes for align- Figure 3: Eect of separate seardes for align-
mernts with and without bulgeson the number of ments on running time.

potential o -target candidates.

size: 30MB) from releaseWS110 of the Wormbaseat Sanger Institute [22]. Experiments were conducted
to examine if separate seardes for alignments with and without bulges, and the position-preserving and
order-preservinghit-pro cessingtechniquesimprove the performanceof the SOS.During the experimerts, we
collectedboth the number of potential o -target candidatesafter the Itration phase,which is an indicator of
ltration e ciency, aswell asthe executiontime. Each experiment was repeated with 100 randomly picked
siRNAs, and ead data point in the gures represeris the averagevalue of the results from those tests.

Figure 2 shows the e ect of separate seardies for alignments with and without bulges on the number
of potential o -target candidates per siRNA. It can be seenthat at lower o -target scores,separation of
seardes increasesthe potential o -target candidates, and the lItration e ciency decreasesslightly. At
higher o -target scores,separation of searhesresultsin a 90% decreaseof potential o -target candidates
| the lItration e ciency increasesdramatically.

Note that the number of potential o -target candidatesis very low (lessthan 1000) at lower o -target
scores,so the execution time in ltration phase dominates. However, the number of potential o -target
candidatesgetsmuch higher at higher o -target scores,sothe executiontime in veri cation phasedominates.
Therefore, the number of potential o -target candidatesa ects the overall performanceonly at higher o -
target scores.This is supported by the fact that the total executiontime with separateseardesis consisterily,
for all o-target scores,almost one order of magnitude lower than that with no separation of seardes, as
shown in Figure 3.

The e ects of hit-pro cessingtechniques on the number of potential o -target candidatesand on running
time are plotted in Figures 4 & 5. It is obsened that both order-preserving and position-preserving hit-
processingtechniques reduce the number of potential o -target candidatesin the lItration phase. The
order-preservinghit-pro cessingtechnique is especially e ectiv e in reducing the number of potential o -target
candidates when searding for alignments with bulges (results not shawvn). Both techniques signi cantly
reducethe total executiontime, especially at higher o -target scores.The combination of both hit-pro cessing
techniquesyields even better results than ead individually .

We comparedSOSwith BLAST for siRNA o -target detection. SOSperforms better than BLAST when
matching a short sequencewith a much longer sequenceas in the siRNA o -target seard problem. For
a typical case(e.g., o-target threshold T = 30), SOS takes lessthan 0.2 secondto nish the potential
o -target seard, as shown in Figure 5. Basedon the executiontime of 100siRNA trials, BLAST takesan
averageof over 10 secondsfor eat siRNA with the default settings, which is at least one order of magnitude
higher than that for SOS.Furthermore, BLAST misseda certain percertage of potential o -target sequences,
as shown in Table 4. Similar recall/precision results have been seenfor other genesas well. Both higher
o -target threshold T and longer word length w cortribute towards a higher rate of undetected o -targets.



. 1
1 Count filtering 1 10000 - 1 Cou'n.t filtering L 2
. o 2 2 Position-preserving filtering 3
1.0e+06 - 2 Ord(_a_r—preservmg f'"e_””@_’ 3 3 Order-preserving filtering 4
@ 3 Position-preserving filtering 4 4 Position and order-preserving filteri
S 4 Position and order-prj @
£1.0e+05 - £
c 4
] -g 1000
GE)’ 10000 - =
g 5
= =
S 1000+ e /
b= 100 ~
Q
S 1001
‘ ‘ , ‘ 10 20 30 40 50
10 20 30 40 50 Off-target score

Off-target score

Figure 5: E ect of hit-pro cessingtechniques on

Figure 4. E ect of hit-pro cessingtechnigues on running time.

the number of potential o -target candidates.

Table 4: Percertage of potential siRNA o -targets not detectedby BLAST given o -target threshold T and
word length w.

O -target Total number of Percentage of o -targets not detected by BLAST 2
threshold T | potential o-targets @ | w = 6 7 8 9 10 11

10 57 0.0 0.0 0.0 0.0 0.0 8.7

20 211 0.0 0.0 0.9 47 | 156 32.7

30 808 0.4 35 143 | 27.8 | 448 59.6

40 9906 3.7 15.6 | 32.9 | 50.7 | 65.9 76.6

50 300863 5.6 215 | 425 | 61.8 | 76.9 88.4

aThese statistics are obtained based on tests for all SIRNAs enumerated from a randomly
picked gene (i.e., B0024.1, in this case)in the organism C. elegans.

5 Conclusions and Future Work

We have developed and implemented the siRNA O -tar get Search (SOS) program. It usesa hybrid, g-gram
based approach, combining two ltering techniques based on overlapping and non-overlapping g-grams.
This approach introducesan ane bulge cost model to measuresiRNA-mRNA o -target alignment. We
have demonstrated with experiments that separate seardes for alignments with and without bulges and
the position-preserving and order-preserving hit-pro cessingtechniques signi cantly improve the Itration
e ciency andrunning time. Overall, SOSachievesbetter performance,in terms of speedand recall/precision,
than BLAST in detecting potential siRNA o -targets.

There are three major foci in our ongoing and future researd: 1) Develop a specic method for G:U
wobble detection in the ltration phase;2) Usea more robust cost model consideringpositional information
of imperfect matches;and 3) Apply gapped or partially matched g-gramsin SOS.
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