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Abstract. The Specific Selection Problem arises from the need to de-
sign short interfering RNA (siRNA) that aims at gene silencing. These
short sequences target specific messenger RNA (mRNA) and cause the
degradation of such mRNA, inhibiting the synthesis of the protein gener-
ated by it. In [11] this problem was solved in a reasonable amount of time
when restricted to the design of siRNA for a particular mRNA, but their
approach becomes too time consuming when trying to design siRNA for
each mRNA in a given organism. We devise simple algorithms based on
sorting and hashing techniques that allow us to solve this problem for
the entire mRNA of the Human in less than 4 hours, obtaining a speedup
of almost two orders of magnitude over previous approaches.

1 Introduction

The Specific Selection Problem arises from the need to design short interfer-
ing RNA (siRNA) that aims at gene silencing [4]. These short sequences target
specific messenger RNA (mRNA) and cause the degradation of such mRNA | in-
hibiting the synthesis of the protein generated by it. These sequences are usually
of small length, usually consisting of between 20 and 25 nucleotides. Jowever a
length of 21 is used in practice and usually two of the nucleotides are predeter-
mined, so the problem becomes one of designing sequences of length 19.

An important criterion in the design of the siRNA is that the sequence should
minimize the risk of off-target gene silencing caused by hybridization with the
wrong mRNA. This hybridization may occur because the number of mismatches
between the sequence and an unrelated sequence maybe too small or because
they share a long enough subsequence.

In [11] this problem was considered in the context of designing an siRNA that
would target a particular mRNA sequence. However their approach becomes
computationaly very demanding in the case of selecting such siRNA for every
possible mRNA in a given organism.

In this paper we design simple algorithms that solve this problem by making
use of sorting techniques. The algorithm is shown to be practical when processing
the complete mRNA of Human and Drosophila, running in less than 4 hours and
outperforming previous approaches [11,9, 12].

In this paper we tackle the problem that arises from constraints that consider
mismatches with unintended sequences. Some other constraints have also been



considered in the literature [8,10]. These other other constraints can be taken
into account in pre or post processing stages.

2 Specific Selection Problem

We are interested in identifying small I-mers which will target a particular mRNA
sequence, trying to minimize hybridizations with other sequences. Hybridizations
could occur, for example, if the number of mismatches between the designed I-
mer and an [-mer of another sequence is low —say, less than 3—. In this section,
we define the problem under formal terms as the (1,d) Specific Selection Problem
and we consider practical and efficient algorithms that solve it.

2.1 Problem Definition

We denote by dy(z,y) the Hamming distance between two strings = and y, i.e.
the number of mismatches between x and y.

Definition 1. Let z and s be strings over X with |x| =1, |s| =n and l < n.

1. We say x is an l-mer of s if x is a subsequence of s and we denote it by
r<;Ss.
2. We denote by dp(x,s) = mirsl du(x,y)
Yy

Definition 2. Let S = {s1,...,8,} and x < s;. We denote by

dp(z,S) = 1;?22?%"@(%81') (1)

A similar concept to dg (-, S) was introduced in [11] under the name of mis-
match tolerance.

Definition 3. Let S = {s1,...,8,} be a set of sequences over X. Given | and
d the (I,d) Specific Selection Problem consists of finding a set of l-mers X =
{z1,...,z,} such that

V(1<i<n):a;< s and dg(z;,S) > d (2)

That is x; appears in s; and does not appear in any other s; (j # i) with
up to d errors. In case for a particular i there is no x; that satisfies (2) we set

It is clear that this problem can be solved in O(N?) time where N := > |s;].
i=1
However such an approach becomes impractical when we are dealing with com-
plete mRNA data where N could be of the order of 108.
In [12] this problem was studied under the name of unique oligo problem

and in [9] a more general problem is considered under the name of probe design



problem, imposing more conditions on the designed I-mers which include homo-
geneity —which is measured by the melting temperature of the probe and the
CG content— and sensitivity —which is calculated using the free energy of the
probe—.

Their solution strategy is based on determining whether dg(-,S) < d for
each candidate [-mer by making use of a precalculated index for small g-mers
or seeds, and then extending contigous hits of g-mers with few mismatches. The
running time of these approaches depends critically on the values of ¢ and the
number of mismatches which are used, which in turn depends heavily on the
combination of values of [ and d.

In [11] it is pointed out that in cases such as the ones that arise from de-
signing siRNA where N ~ 108, 19 <[ < 23 and d = 3,4 the previous strategy
is computationally very intensive, hence the value of dy(-,S) is calculated by
making use of overlapping —instead of contiguous— g-mers or seeds allowing a
few mismatches, and it is shown that this approach outperforms the previous
methods by orders of magnitude. In particular it is claimed that for [ = 19,
d=3and N =5 x 107, d(-,S8) can be calculated in nearly 10~2 seconds on a
Xeon CPU with a clock rate of 3.2 GHz and 2GB of main memory. This would
imply that if we want to solve the (I, d) off-target selection problem in this case
we would take close to 6 days of calculation. Our method would take close to 3
hours to be solved on a similar machine.

2.2 SOS: A Solution Based on Radix Sorting

Let 2 <; 5; and assume that dg (v, S) < d. This means that there is y<s; (j # 1)
with dg(z,y) < d. If we eliminate the < d characters where x and y differ
the resulting strings will be identical and easily identifiable if we sort them.
Since we don’t know which set of positions will work, we need to try all the (fl)
combinations. However if [ and d are small —as it is in our case— the number
of possibilities is not that big. Notice that in this case we are using a strategy
which is similar to [7,1] but in a different context.

In other words we are exploiting the fact that if [ and d are small enough,
the number of cases where two [-mers will differ in less than d positions is not
that big.

This following definition will be used in the description of the algorithm that
captures this idea.

Definition 4. Let x be a string over X and let 1 < iy < -+ < i < |x|. We call
x|y, i, the l — h-mer that omits the characters x[i1], ..., x[iz].



Algorithm SOS

1. Given § = {s1,...,8n}, generate X = |J {(z,4) : x < s;}. Let C := X.
i=1
2. For all (j1...jq) with1 <j; <---<jg<=1
(a) Sort the collection of X = {(z,4)} according to the values of | ;, _ j,
using radix-sort.
(b) Scan the sorted collection. If (y, ) and (y’, j) appear consecutively, where
/

Y1 jige =Y | ji,..j. and ¢ # j mark the elements (x,4) such that
T giia =Y L iidar
3. Output the unmarked elements.

Theorem 1. Algorithm SOS can be implemented in O(N%((;)) time and O(N log | X| L)
memory, where w is the word size of the computer.

Proof. We just have to notice that we can represent each letter of the alphabet

using log |¥| bits, hence we can store each [-mer using % words. The time

complexity results follows from noticing that we execute step 2 (fl) times.

One big advantage of Algorithm SOS is the fact that for a fixed value of
[ and d the algorithm is linear in N, making it practical for high values of N.
However it is sensitive on the parameter [ and particularly sensitive on parameter
d, making it practical for values of d < 5.

Notice that we can decrease the memory used by the algorithm SOS to O(N)
by storing the I-mers in collection X by their position numbers.

At the core of our SOS algorithm is the use of radix sorting, so is a natural
step to try to use a combination of MSD and LSD radix sorting. This type of
approach has been tried before in a different problem in [4] but for the sake of
completeness we will describe it in full in the following paragraph.

Let (j1,...,74) be a set of positions as in step 2 and let us write ' := z |
j1,eja Where (z,7) € X. Tt is clear that the problem of finding “repeated” [ — d-
mers can be solved if we partition the input into buckets B, ..., B g according
to the first & MSD digits of 2’. Then independently on each bucket we do an
LSD radix-sort on the remaining [ — d — k digits and eliminate * duplicates” as
in step 2b.

An advantage of this approach is the fact that processing every bucket B,
p=1,...,|¥|* can be done independently of the others and if we assume that
strings s; are generated by a random source of characters over X with equal
probability then the expected size of each B, will be %

This implies the following result

Theorem 2. For a fized k > 0, algorithm SOS can be implemented in parallel
in an O(|Z’\_kN%((fi)) expected time and | X|* processors. The expected memory
usage for each processor is O(|X|"*Nlog |X|L), where w is the word size of the
computer.



2.3 SOS-Hash: A Solution Based on Hashing

The use of hashing for pattern matching related problems was pioneered in [6]
and has been used extensively in the pattern matching literature.

Notice that if we fix a given set of positions i1, ...,4q it is clear that we can
find all the I-mers which differ in those positions by using a hash table as in [3].
In doing so we make use of the representation of I-mers over X' as numbers in
base | X|.

In the following algorithm we will use two hash functions, g : X! — {0,1}
and h: X' — {0,...,n}. g will be used to tell whether a particular [-mer is in
the solution set and h will store the index of the last sequence where a particular
[-mer was found.

Algorithm SOS-Hash

1. Initialize g with O values.
2. For all (j1...jq) with 1 <j; <--- < jg <=1

(a) Initialize h with 0 values.
(b) Foralli=1,...,nand z < s;
i. Let 2’ =z l'j17"'7jd'
il. If g(z) =0 and h(z') = 0 set h(z') = 4.
iii. If g(z) =0 and 1 < h(z') # i set g(z) = 1.
1

3. Foralli=1,...,n and z < s; output z if g(x) = 0.

We use as hash functions ¢g(z) = h(z) = Z mod p, where Z is the represen-
tation of x as a number in base X' and p is an integer —usually a prime.

Theorem 3. Algorithm SOS-Hash takes O(Nd(il) +p) time and O(p) memory.

Proof. We should only point out that given two consecutive [-mers x and y
in a given s; it is known how to calculate g(y) given g(x) in constant time.
Furthermore we can calculate the value of h(y’) given the value of g(y) and then
substracting an appropiate amount that would depend only on the values of y
at the positions ji, ..., jq-

In case | <log|x; N we can use p = |24 and the algorithm will be exact and

its run time will be O(Nd ((li)), using O(N) memory. For larger values of | the
memory consumption can become impractical so we might settle for a Monte
Carlo version of this algorithm. It is a well known result from [6] that if we
choose p to be a prime less than N1*¢/log(N1*¢) the probability that for every

(J1,---,7a) chosen in step 2 we get a false positive is O( ]\}6 ).




3 Specific Selection with Longest Common Factor
Constraint

In [5] it was shown that a designed siRNA may bind with an off-target mRNA
sequence if they shared a specific number of consecutive matches. This type of
constraint was considered in the work of [11] under the name of longest common
factor and will be made formal in the following definitions.

Definition 5. Let s and x be strings over X with |z| =1 < |s|. We denote by
lef(z, s) the longest common factor, i.e. the longest common contiguous string
shared between x and s and y. In formal terms, we say y := lef(x, s), |y| =t iff

(y<ux Ay<ys) and (Yh>1t:z<x= (2 s)) (3)

Definition 6. Let S = {s1,...,5,} be a set of sequences over X. Given I, d, h
the (1, d, h) Specific Selection Problem with Longest Common Factor Constraint
consists of finding a set of l-mers X = {x1,...,xn} such that they satisfy (4)
and (3)

V1 <i<n):¥(j#1):|lcflas,s;) > h (4)

In case for a particular i there is no x; that satisfies (4) we set x; = 0.

It is clear that we can solve this problem in two phases. In the first phase we
mark the l-mers which do not satisfy (3). This could accomplish just by sorting
all the [ — h-mers and recording the duplicates coming from different s;.

In the second phase we can run either SOS or SOS-Hash. Notice that in this
case it is not necessary to try all the possible (i1,...,44) with 1 <43 < ... <
iq < n but a subset of these, namely the ones that satisfy the condition (5)

i1—1<handia—iy <hand ... and ig1 —ig < handn—iqg<h, (5)

since by condition (4) the set of l-mers at the end of Phase (I) will not share a
subsequence of length h or bigger.

It should also be pointed out that in case in the first phase we discard a big
fraction of the [-mers in the input, it would be faster and makes more sense to

calculate d(-,S) as in [11] for the unmarked elements.

4 Experiments

We implemented algorithm SOS as a C program and tested on the complete
mRNA data for Human ! which N = 9.3 x 10" and n = 3.8 x 10* — and
Drosophila Melanogaster 2 for which N =4 x 107 and n = 1.9 x 10%.

The programs were run on a Power Edge Linux Server with 4GB of RAM and
dual Xeon 2.66 Ghz CPU’s —only one which was used. In processing the Human

! From ftp://ftp.ncbi.nih.gov/refseq/H_sapiens/mRNA_Prot/human.rna.gz
% From ftp://hgdownload.cse.ucsc.edu/goldenPath/dm1/bigZips/mrna.fa.gz



mRNA data we used close to 1.5Gb of RAM and in the case of the Drosophila
we used close to 700Mb of RAM, due to the fact that we store the [-mers as 64
bit numbers.

In the particular case of the Human mRNA with [ = 19 and d = 3 our
algorithm took 3 hours and 22 minutes, outperforming the results in [11] by
almost two orders of magnitude.

In table 1 we show the run time, memory usage and number of [-mers which
satisfy the Specific Selection Problem for values of | = 19, 20,21 and d = 3. Of
particular interest is the fact that as we consider larger values of [ the number of
possible l-mers grows exponentially. In those case we can use conditions such as
(4) or the ones defined on [8,10] in order to prune the space of possible results.

||Species ‘ Size(bp)| l| Time|Mem0ry Used|Size of Solution”

Human [9.3 x 107[19[202 m 1.5 Gb 2.1 x 10°
20(251 m 1.5 Gb 2.7 x 108
21(344 m 1.5 Gb 1.1 x 107
Drosophila] 4 x 107[19] 98 m 0.7 Gb 8.5 x 10°
20[124 m 0.7 Gb 4.5 x 10°
21167 m 0.7 Gb 9.4 x 108

Table 1. SOS Performance for d = 3

In table 2 we consider the Human mRNA dataset and we fix [ = 19 and
d = 3 and consider the variant of SOS for the Specific Selection Problem with
Longest Common Factor Constraint, for values of h = 12,13, 14. We include the
number of -mers at the end of Phase I and II. Notice that in case we use a small
value of h —in our case 12— the number of [-mers which needs to be pruned in
Phase I reduces drastically and it may be more efficient to use the approach in
[11]. However as the values of | increases it is more practical to use an algorithm
like SOS.

[ b] Time[Size Phase (I)|Size Phase (II)]]

12[179 m 3.3 x 10% 6.0 x 10°
13[192 m 1.1 x 10° 7.0 x 10%
14200 m 9.4 x 10° 1.7 x 10°

Table 2. SOS Performance for Human mRNA, [ =19, d =3
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