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ABSTRACT

Recent interests, such as RNA interference and antisense RNA
regulation, strongly motivate the problem of predicting whether two
nucleic acid strands interact.
Motivation: Regulatory non-coding RNAs (ncRNAs) such as
microRNAs play an important role in gene regulation. Studies on
both prokaryotic and eukaryotic cells show that such ncRNAs usually
bind to their target mMRNA to regulate the translation of corresponding
genes. The specificity of these interactions depends on the stability
of intermolecular and intramolecular base pairing. While methods
like deep sequencing allow to discover an ever increasing set of
ncRNAs, there are no high-throughput methods available to detect
their associated targets. Hence, there is an increasing need for
precise computational target prediction. In order to predict base-
pairing probability of any two bases in interacting nucleic acids, it
is necessary to compute the interaction partition function over the
whole ensemble. The partition function is a scalar value from which
various thermodynamic quantities can be derived. For example, the
equilibrium concentration of each complex nucleic acid species and
also the melting temperature of interacting nucleic acids can be
calculated based on the partition function of the complex.
Results: We present a model for analyzing the thermodynamics of
two interacting nucleic acid strands considering the most general
type of interactions studied in the literature. We also present a
corresponding dynamic programming algorithm which computes the
partition function over (almost) all physically possible joint secondary
structures formed by two interacting nucleic acids in O(n®) time. We
verify the predictive power of our algorithm by computing (1) the
melting temperature for interacting RNA pairs studied in the literature
and (2) the equilibrium concentration for several variants of the OxyS-
fhlA complex. In both experiments our algorithm shows high accuracy
and outperforms competitors.
Availability: Software and web server is available at
http://conpbio. cs.sfu.caltavernal/pirnal
Contact: cenk@cs.sfu.ca and backofen@informatik.uni-freiburg.de

1 INTRODUCTION

Starting with the discovery of microRNAs (miRNAs) and the
advent of genome-wide transcriptomics, it has become dhestr
RNA plays a large variety of important roles in living orgsimis

that extend far beyond being a mere intermediate in protei

biosynthesis [32]. Several of these non-coding RNAs (ncBRNA

*Joint first author.
TTo whom correspondence should be addressed.

regulate gene expression post-transcriptionally thrdagte pairing
(and establishing a joint structure) with a target mRNA, asthe
eukaryotic miRNAs and small interfering RNAs (siRNAs) [4,1
39], antisense RNAs [34, 6] or bacterial small regulatoryARN
(sRNAs) [13]. In addition to such endogenous regulatory MAR,
antisense oligonucleotides have been used as exogenadhisairsh
of gene expression; antisense technology is now commoely as

a research tool as well as for therapeutic purposes. Funtrer
synthetic nucleic acids systems have been engineered to sel
assemble into complex structures performing various dymam
mechanical motions [29, 30, 31, 33, 38].

Despite all the above advances, computational methods for
predicting ncRNA-target mRNA interactions suffer from avlo
specificity (see below for an overview); this is possibly doe
two technical reasons. First, several of these methodsidmmns
restricted versions of the problem (e.g. simplified energyfions
or restricted types of interactions) - this is mostly for gartational
reasons. Second, a quantitative analysis of binding theéyrmamics
between oligonucleotides and target RNAs is often lackifg.
determine the binding effectiveness, an accurate anabfstbe
thermodynamics of two interacting nucleic acid strandeisessary.

In this paper we aim to compute how likely two RNA or DNA
strands are to interact, and to predict base-pairing pitityabf
any two bases - which we then use to quantitatively measure
the strength, probability, and stability of the joint stwe
established by the interacting strands [19]. To correcHigdate
those probabilities, it is necessary to compute the pantiinction
over the whole ensemble of possible individual and joinbséary
structures. The partition function is a scalar value fromiclvh
various thermodynamic quantities can be derived [17]. Rstaince,
one can compute the equilibrium concentration of each cexnpl
nucleic acid species from their partition functions. Alsthe
partition function can be used to predict the melting terapee
of interacting nucleic acids.

Although algorithms for predicting the most likely (the lest
total free energy) joint structure that can be formed by two
interacting RNA strands are available (see, for examplékal
et al. [1]), previous little work has been done for computihg
partition function of interacting RNA strands. It is impant to
note that designing an algorithm to compute the partitiorcfion

H’s more challenging than that to predict the minimum freergye

secondary structure: a partition function algorithm stda@uarantee
that every joint structure is considered exactly once.

In this paper we present @(n%) time algorithm to compute the
partition function over the type of interactions that Alkainal. [1]

© Oxford University Press 2009.
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consideretl. We extend the standard energy model for a singlealgorithm to maximize the number of base pairs among intiexgc
RNA model to an energy model for the joint secondary strctur strands [25]. A followup work by Kato et al. proposed a gramma
of interacting strands by considering new types of (joitrt)ctural based approach to RNA-RNA interaction prediction [16]. Blor
components. We verify our algorithm (and the associatetivaoé  generally, Alkan et al. [1] studied the joint secondary stiue

we developed) by computing the melting temperature for Ridsp  prediction problem under three different models: 1) basig pa
available [9, 21, 37] and the equilibrium concentration @xtyS- counting, 2) stacked pair energy model, and 3) loop energy
fhlA complexes for wild-type fhlA and 4 other mutants remait model. Alkan et al. proved that the general RNA-RNA intei@tt

in the literature [3]. In both experiments our algorithmwsischigh  prediction under all three energy models is an NP-hard probl

accuracy and outperforms existing alternatives. Therefore, they suggested some natural constraints ooploégy
of possible joint secondary structures which are satisfigdalb
Related Work examples of complex RNA-RNA interactions in the literatufée

During the last few decades, several computational methodgeSUItIng algorithms compute.the minimum free energy seapn

emerged to study the secondary structure thermodynamics O%Iruct.ure'among all possible joint secpndgry stru'cturats.db not

a single nucleic acid strand. Nearest Neighbor Thermodimam contain (internal) p_seudoknots, crossing m@eractlores @xternal

model has become the standard energy model for a nucleic ac@siug[.oknots), andigzags (please see section 2.1 for the exact

secondary structure [20]. The standard energy model islmasthe efinition).

assumption that stacking base pairs and loop entropiesilmatet

additively to the free energy of a nucleic acid secondamycsire. 2 METHODS

More recently, the standard energy model has been extered f o .

pseudoknots [8, 12]. Based on additivity of the energy, iefic  2-1 Preliminaries

dynamic programming algorithms for predicting the minimfree Throughout this paper, we denote the two nucleic acid sgréyd®R andS.

energy secondary structure [24, 36, 40, 28] and computileg thStrandR is indexed froml to L g, andS is indexed from to L s both in5’

partition function of a single strand [22, 12] have been tgyed. to 3’ direction. Note that the two strands interact in oppositedtions, e.g.
Some previous attempts to analyze the thermodynamics oRin5 — 3" with S_in 3/ «— 5’ direction. Each nucleotide is paireq xvith

multiple interacting strands concatenate input sequeitesme at most one nucleotide n the same or th.e other strand. Wetefbe "

order and consider them as a single strand. For exampl nucleotide inR andS by i p andig respectively. The subsequence from the

E.h . I 2 : S
) 7*" nucleotide to thg*” nucleotide in a strand is denoted fy;].
pairfold[2] and RNAcofold from Vienna package [5] An intramolecular base pair between the nucleotidasd j in a strand

concatenate the two input sequences into a single strangraditt s cajled anarc and denoted by a bullgte j. An intermolecular base pair
its minimum free energy structure. Dirks et al. present hotas  petween the nucleotides; andig is called abond and denoted by a circle
a part ofNUPack, that concatenates the input sequences in SOMex o ig. Anarcig e jr coversabondly o kg if i < lr < jr. We call
order, carefully considering symmetry and sequence niigities, iR ® jr aninteraction arcif there is a bondr o kg covered byir ® jr. A
and computes the partition function for the whole ensemifle okissing arcis an interaction arc that directly covers a bond. More [sedyj
complex species[11]. However, concatenating the seqseie We callir e jr akissing arc if it covers a borig; o ks such that ifi’;, e 5,
not accurate at all as even if pseudoknots are considerede so COVers the same borigt o ks, theni’y, < ir andjr < jg. A subsequence
useful interactions are excluded while many physicallydsgible  [:Jr] contains alirectbond, L oks;, if ir < Ir < jr and no arcwithin

. . . . . . [ir,jr]coversigoks. Assumingir < jr, twobondsigoig andjrojg
mtera.cuo.nf ari. mc)luded (for example physically impbiesi are calledcrossing bondsif ig < js. An interaction arér e jr in a strand
crossing interactions).

. o - subsumes a subsequendgs, js] in the other strand if for all bonds; o kg,
Alternatively, several methods avoid internal base-pgirin if is < ks < js thenip < lp < jr. TWo interaction arcs areguivalent

either strand, and compute the minimum free energy secpndarif they subsume one another. Two interaction dig® jg andig e jg are
structure for their hybridization under this constraiRNAhy br i d part of azigzag, if neitherir o jr subsumesis, js] Noris e js subsumes
[27], UNAFol d [10, 18], andRNAdupl ex from Vienna package [ir,jr]-
[5]). These approaches naturally work only for simple cases Inthis paper, we assume there are no pseudoknots in indivigcondary
involving typically very short strands. structures ofR and S, and also there are no crossing bonds and zigzags
A third set of methods predict the secondary structure ofP€weerR ands.
each individual RNA independently, and predict the (mdstiii) 29
hybridization between the unpaired regions of the two mdes:
More sophisticated alternatives view interaction as a inmsi#p
process [23, 35, 7]: 1) unfolding of the two molecules to ego
bases needed for hybridization, 2) the hybridization athiineling
site, and 3) restructuring of the complex to a new minimune fre

Interaction Energy Model

An unpseudoknotted secondary structsref a single nucleic acid, in the
standard energy model [20], is decomposed into loops, amdeaehergy
is associated with every loop i The total free energy+s is the sum of
loop free energies. The standard model consists of theafimitploop types:
1) Hairpin, 2) Interior, which can be stack, bulge, or intédrtoop, and 3)

energy c.o.nformation. _ _ Multiloop whose energies are denoted &ffaiPin, Ginterior gng gmult
In addition to the above approaches a number of studies aimegspectively.
to compute the minimum total energy joint structure betwien In an interaction secondary structure of two strands undeagsumptions

interacting strands under energy models with growing cexipi. (remember we do not allow pseudoknots, crossing bonds,igrags in this
For instance, Pervouchine devised a dynamic programmingvork), new kinds of components can appear. We extend thelatdenergy
model by defining those new kinds of interaction compone§tmilar to
the standard case, an interaction secondary strustaes be decomposed
1 which is, to our knowledge, the most general type of intéoast into intramolecular loops and the new interaction comptssuoch that the
considered in the literature. total free energyG's is sum of the free energies of loops and interaction
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Fig. 1. Interaction components of OxyS-fhlA pair presented in [3].

components. Fig. 1 shows the decomposition of OxyS-thiA patondary
structure into the interaction components [3]. These comapts and their
free energy contributions are

hybrid
{kiokl} . .
consisting of a series of bondg;, o k5,7 = 1,...,m, with no
intramolecular base pairing or branching. We call such apmrant
hybrid. We define the energy associated with a hybrid component by

e Hybrid: G is the free energy of a joint secondary structure

m
hybrid i i
G{Z}%okis} B +o ZZ; Gﬁée;(}gl,kisﬂykis’ 1)
in which 31 is the penalty for the formation of the hybrid, and
o < 1 is the ratio of the free energy of intermolecular to that of
intramolecular interior loops (as suggested by [1]). SeeZiNote that
with 81 = 0,0 = 1, GMPId s identical to the energy proposed by
RNAhybr i d, first introduced by Rehmsmeier et al. which considers
only one hybrid component for mRNA/target duplexes and dugs

allow any intramolecular structure [27].

Twals |
abinq
Wals
Jeusajul
cua)sh

Fig. 2. A hybrid component between the two strands whose free engrgy
Ghybrid:61+o.(Gstem1 +Gbulge +Gstem2 +Ginternal+Gstem3)_
kissing . Lo
e Kissing: G Uk Bk is the energy of an intramolecular loop (hairpin,
interior, or multlloop) that makes interaction with the ethstrand.
Such component is calledkissing loop. The energy associated with
a kissing loop is given by
Gkissing

Uk,Bk = B2U* + B3 B,

@)

in which B is the number of loops anti* the number of unpaired
bases in the kissing loop (Fig. 3). Note in our model we uskermift
(1 ando values for a hybrid component covered by a kissing loop.

Inter-hybrid; @inter-hybrid is the energy of an intermolecular loop

Fig. 3. A kissing loop inR. that interacts with the other strargl In this
case, the free energy of the kissing loo§SSiNd = 43, + 23s.

componentnter-hybrid loop. In this work the energy contribution of
an inter-hybrid loop is assumed to be zero.

2.3 Interaction Partition Function

The partition function is a weighted sum over the set of alsgilole
secondary structures

QT) =D e G/RT

seS

©)

whereR is the universal gas constant afids the temperature.

Efficient algorithms for computing the partition functiolorfa single
strand have been given. McCaskill gave the first partitiorcfion algorithm
for a single unpseudoknotted nucleic acid strand [22], anidksDand
Pierce gave a partition function algorithm for a single mtraallowing
pseudoknots [12]. However, computing the partition fumetfor multiple
interacting strands has not been properly addressed. \mopseattempts
multiple strands are concatenated in some order and partithction for the
resulting single strand is computed [10, 5, 11]. That apgtasnot accurate
as even if pseudoknots are considered, some useful interactre excluded
while many physically impossible interactions are incldidéor example
physically impossible crossing interactions). On the otfend, considering
all possible secondary structures makes the problem Né&PfbhhrTherefore,
we only consider those secondary structures that do nadicopseudoknots,
crossing bonds, and zigzags.

Interaction Partition Function (I PF) Problem
Given a pair of nucleic acid strand® andS, and a temperatur€, compute
the partition function@? (T'), overS? the set of all possible single or duplex
secondary structures that do not contain pseudoknotssiogpbonds, and
zigzags.
Input: nucleic acid strandR andS.

Output:
Z o—Gs/RT

sesT

QNT) =

We give a recursive algorithm, called Partition functiom fiesteRacting
Nucleic Acids pi RNA), for the IPF problem. In all of our recursions, the
considered cases are disjoint. This fact shows that evesyilple secondary
structure is reached by exactly one trajectory in the réonrgrocess. Our
algorithm guarantees to consider all possible secondangtstes exactly
once. Since our algorithm covers so many cases, we do nodmcll the
details here. A comprehensive description of our algoriteravailable in
our supplementary materials.

We present our algorithm using recursion diagrams [12, 2Z8ir
algorithm computes two types of recursive quantities: ¥ fhartition
function of a subsequendg, 7] in one strand, and 2) the joint partition
function of subsequencésr, jr] and|is, js]. A region is the domain over
which a partition function is computederminal bases are the boundaries

bounded by two bonds belonging to two consecutive hybrid of a region. For the first type, region 5 j] with ¢ and j terminal bases.

components. Bases in either sequence facing this kind @f foight

For the second type, region [6g, jr| X [is,js] with igr, jr, is, and

be the end points of only arcs and not bonds. We call such ajs terminal bases. Thiength pair of region[ig, jr] X [is,js]is (lr =
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jr—tr+1,ls = js—is+1). Ouralgorithm starts witl p = 1,1ls = 1)
and considers all length pairs incrementally ugtg = Lg,ls = Lg).
For a fixed length pairlg,ls), recursive quantities for all the regions
lir,ir +1lr — 1] X |ig,is + lsg — 1] are computed.

For computing the partition function of a subsequence in sirend we
use McCaskill's algorithm [22]. McCaskill's algorithm i§iewn in Fig. 4, in
which Q; ; is the partition function for the subsequeriégj]. Throughout
this paper, a horizontal line indicates the phosphate lmawkba solid curved
line indicates an arc, and a dashed curved line enclosesomragd denotes
its two terminal bases which may be paired or unpaired. t(sjtevithin a
region specify a recursive quantity. White regions are ngzdiover and blue
regions indicate those portions of the secondary struthateare fixed at the
current recursion level and contribute their energy to téiton function as
defined by the energy model. Green and red regions have thersanrsion
cases as the corresponding white regions, except thatdagréfen regions
multiloop energy and for red regions kissing loop energyppliad, i.e.
the corresponding penalties for each unpaired base andpobasghould be
applied.

k1 k2

ky ko

k1 ko

Fig. 4. McCaskill's algorithm: recursion foR; ;, the partition function
for the subsequencg, j]. Above, Qll?’j is the partition function for the

subsequencg, 7] assuming and; are base paired, ar@ffj is the partition

function for the subsequendg, j] assuming there is at least one arc in the

region.

In Fig. 4, the first case of); ; corresponds to an empty structure (that

constitutes no base pairs) whose free energy is assumed zerbe thus

. . . L. GemPtU/RT
its contribution to the partition function s~ ~i.3 = 1. In the other
case, there exists at least one arc and the leftmost éneis;. It contributes

Qil ks @ko+1,5 10 the partition function, therefore,

>

1<k <ko<j

Qij =1+ (4)

b
Qi ke @hoa+1,5-

The second line shows the casesQf;[j which is the partition function
for the subsequencé,j] assuming: and j are base paired. The arc
7 e j can close different substructures: hairpin, interior, aitioop. The
energy contribution of each substructure is calculate@das the standard
thermodynamics energy model. The third line shows casei@fgf which
is the partition function for the subsequenfiej] assuming the region
constitutes at least one arc. A region taggedbbyand colored by green
is contained in a multiloop and the penalty of multiloop sidooe applied
to it. Explicit equations forQb and sz are given in the supplementary
material.

In the following, we present all cases Q{R’J s which is the
interaction partition function for the regiofir, jr] X [is,js]. A solid
vertical line indicates a bond, a dashed vertical line deshdivo terminal
bases of a region which may be base paired or unpaired, andteddo
vertical line denotes two terminal bases of a region whighassumed to
be unpaired. For the interaction partition functions, greyions indicate a
reference to the partition functions for the single seqesnéig. 5 shows

Fig. 5. Cases of the interaction partition functl@f . The first
case constitutes no bonds. In the second case, the Ieftmodtlba direct
bond on both subsequences. In the third case, the leftmastibaovered
by an interaction arc in at least one subsequence.

leftmost bond is a direct bond in both subsequences, an@ Bftmost bond
is covered by an arc in at least one subsequence. Therefore,

=Qip,jpQis.ist

Ib
Z QiRvkl*le2+1ijQk1a]'R7'L‘Sak2+

iR<k1<jRr
ig<ko<ijg

Ia
D Qinki1Qkt1,5s Q0 i is ke

iR<k1<iRr
ig<ko<jg

Qle]vaS’JS

©)

in which Qi? sk is the interaction partition function for the region
[k1,7R] X [is, k2] assumingk: o ko is a bond, and;)i‘ll’jﬁ’is’]€2 is the
interaction partition function for the regiofk1, jr] x [ig, k2] assuming
that the leftmost bond in the region is covered by an arc ireastl one
subsequence. Figs. 6, 8 show the recursiorfot andQ’* whereb stands
for bond andu stands for arc.

= Thh
— ‘>\ﬁ
. s 0 e 7 X
in iR TR kYN ey
IR o "
- _ i T ]
Js ig kg K k2
k1 b2k 1 ky
@l | (R
A "xkz kg 027 ’“2
=1Thb

Fig. 6. Recursion forQllg ig.js ASSUMING R o js is @ bond. We show
a version of the recursion that contains two split points aoshesequence
for simplicity reasons. However, this would increase thenptexity and
can easily be resolved by introducing two additional mesi@!"" and
QTh® for the region[ig, k1] x [k2,js] as indicated by the arrows (see
supplementary materials for a full definition).

Fig. 6 shows the recursion f(ﬂ)f&m isdg the interaction partition
function for the regionjig, jr] X [157]5] assumingir o jg is a bond.
Since we have @; penalty for each hybrid component, the recursion for
Q" has to determine whether the region contains one or sevghaidh
components. In all case®,’" contains the full hybrid component containing

the bondi z o j 5 (see Fig. 7 forQ " recursion). The first possibility reflects

the cases of)!: 1) there is no bond between the two subsequences, 2) théhe case where we have only one hybrid component. In the otsas, we
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have always at least two hybrid components. The subsequieniiolecular
bond starts a new hybrid component iff 1) it is not direct inlestst one
subsequence, i.e. it is covered by an arc in the associatgonse(case

2 of the Q' recursion), or 2) there is at least one arc between the two

successive intermolecular bonds (case 3 and 4 oftHerecursion). Using
the additional matrice@ " andQ’"®, we get

—qInn n

iR:JR1S,JS

>

Qr ..
iR\JRiS:]S

Ihb Ib
QiR7k17k27jSQk17jRaiS7k2+

ip<k1<iRr
ig<ka<is (6)
Ihh Ia
Z QiR7k17k27jSQk17jRaiS7k2'

ip<k1<iR
ig<ko<ig

‘R J k1

n - ] [ ] / n }
is is k2
Fig. 7. Cases oQiRijyis’js the interaction partition function for a single

hybrid component.

Fig. 7 shows the cases ¢'": 1) there is no bond other thag o j5 and
is o jr in the region, and 2) there exist more bonds betwiggr js and
is o jR, the leftmost of which ig o ka.

m’l*:

Ia | = Is T} Is' T re i1}

N

Us  is;

Fig. 8. Cases OQ{; iRig,js fOr which we assume at least oneigf and
js is the end point of an interaction arc.

Fig. 8 shows the cases @f;,jmis,js for which at least one afg and
js is the end point of an interaction arc: d;} e k1 subsumesks, js] and
k2 is not base paired withig, 2) k2 e js subsumes$ig, k1] andig is not
base paired witlk1, and 3)i @ k1 andk: e 55 are equivalent. If just one of
ik andjg is the end point of an interaction arc while the other oneésetid

point of a bond, then the interaction arc subsumes the otiesegjuence.

H Ie
Flg. . F:ases OQZ’R,J'RJS \Js
interaction arcs.

, forwhichip e jr andis ejs are equivalent

For Q’¢, it does not make any difference which one of the covering arc
ir @ jr andig e jg is extracted first. We first extract the covering arc from
S (see Fig. 9). Extracting the covering arc, the remainingssgbence of
contains either at least one direct bond, in which caserigsisiop penalty
should be applied, or multiple interaction arcs, in whiclsecanultiloop
penalty should be applied. Hence, Fig. 9 is appropriatelgred by green
and red to remind the type of penalty.

i d e )i =i d e il d e j
Ky ko

gm A0, | 2%

i d e \j =4 d e ol d e j
k1 ko

Fig. 10. Recursion fOQfZ e andQ?" ; the partition functions fofi, j]
excluding the gagd, €], assuming and;j are base paired. The gap@#*
is assumed to contain a direct bond hence the red color, arghihinQ9™
is assumed to contain multiple interaction arcs hence thergeolor. In both

cases; < k1 < dande < kg < j.

Note thathfjl’e’j and Q] ; are the partition functions fofi, j]
excluding the gagd, e] assumingi and j are base paired. Fapd®, the
gap is assumed to contain a direct bond, and.f6* the gap is assumed to
contain multiple interaction arcs (see Fig. 10). The onffedénce between
Q9% and Q9 is in the penalty type. For bot9% and Q9" there are
two cases: 1) there is no more spanning interaction arc imegien, and
2) there is at least another innermost spanning interactiork; e k2. In
both groups, there could be some additional intramoleatlarcture in the
region. The quantitygf’,cl ki is the partition function for the subsequence
[z, 7] excluding the gajk1, k2] assuming e j andk; e k2. The gap partition

If both ir andjs are end points of interaction arcs, then one of the arcsfunctioan is similar toQ¥ in Dirks-Pierce’s algorithm [12]. Please see our

subsumes the other one or they are equivalent. Therefore,

Ta _ Is I
Ol misis = Do Qlpkikous@hy+1giiska—1T

ip<k1<iR
ig<ka<ijg

Is' I
D Qinkike s @t Linis ka1 T @)

iR<k1<iR
ig<ka<jg

> Qe - Qf o
ir,k1,k2,is ¥ki1+1,jR,t5,k2—1>

iR<k1<jR
ig<ka<jg

in which Q{; k1 ks is the interaction partition function dig, k1] X
[k2,7s] assumingir e ki1 is an interaction arc that subsumgs, js],
I ’ . . I T
Qifa_,kl,kz,j_s is thg -symmetrllc counterpart @’ *, anin;’,‘Cl’kz’js S
the interaction partition function dfg, k1] X [k2, js] assumingir e k1

andk e jg are equivalent interaction arcs.

supplementary materials for the details@t*, Q9, andQ9.

The union of the cases aR’** and Q'*™ comprises the cases of
Q's. Similar to the cases af’¢, we extract the covering arc fro@”s*
and Q5™ to obtainQ!™m™, QI™mk QIkm andQ!¥*, wherek stands
for kissing (or equivalently containing a direct bond) amdfor multiple
interaction arcs. Note that all four terminal bases of tiggore of these four
quantities are paired, i.e. each terminal base is eithegritigooint of a bond
or of an interaction arc. These four quantities have corafdit cases. Due
to lack of space, we explain them in our supplementary nedseri

3 EXPERIMENTS

Here, we report our implementation of the algorithm and tyyes

of experiments we performed to test the predictive powerwf o
algorithm:

(1) Predicting the melting temperature of RNA duplexes is an
important application of the partition function for intetang nucleic
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acid pairs [10]; our first experiment tests how accurately ou
algorithm predicts the melting temperature of RNA pairdemitd
from several sources in the literature with respect to thri@cy
of available alternativefRNAcof ol d from Vienna package v1.7.2
[5] andUNAFol d v3. 6 which is a new version of formerf ol d
[18]. We remind the reader th&NAcof ol d concatenates the
two RNA strands and computes the partition function for the
resulting single strand. Therefore, it does not considenyma
cases that our algorithm considetNAFol d v3. 6, on the other
hand, simplifies the problem by forbidding intramoleculasé
pairing. It computes the partition function of the two sttarover
just hybridization structures. As can be expected, ourrdlgo
consistently outperforms the alternatives in all threadats.
(2) A novel experiment (which, to our knowledge has not been
performed successfully by any other program to date) uses o
algorithm to predict the equilibrium concentration of an /RN
RNA complex, in particular the OxyS-fhlA interaction [3]We
successfully predicted the equilibrium concentratiomsfryS with
wild-type fhlA and 4 other fhIA mutants.

Note that the parameters used by our program in the abov

experiments have been manually optimized as computationarin

learning methods for fine tuning the parameters requireipitore
computational resources. It may be possible to improvedberacy
of our program through a better selection of parameters.

3.1 Implementation

less than 1 minute - for longer strands120 nt) it was about 10
hours.

3.2 DataSets

The first data set that we used for predicting melting tentpeza
contains all 9 different RNA pairs reported in Table 3 of [3W]
contains almost complementary 5-7nt RNA pairs that werigdesd
to optimize the thermodynamic parameters for terminal Ipases.
Their melting temperatures vary fro29.8°C to 53.7°C.

The second data set that we used for computing melting
temperature contains all 12 different RNA pairs reported in
Table 1 of [9]. These RNA pairs are designed to optimize the
thermodynamic parameters for three-way multi loops. Irhgzair
of this data set, the first RNA has20nt and the second one has

u

~10nt. The experimental melting temperatures were deteunin
from heat absorbance measurements by two different methods
which are explained as "Method 3" and "Method 4” in [26].
Although these pairs are very similar, the average diffesenf the
(tawo methods for this data set 549°C. This suggests that there
ay exist RNA pairs with exceptional features in this set.
The third data set that we used for computing melting tempeza
contains all 62 different RNA pairs reported in Tables 3 and 4
of [21]. These pairs are designed to optimize the thermatyna
parameters for three- and four-way multi loops. In each pkihis
data set, the first RNA has 22-40nt and the second one hasrit0-14
Again, the experimental melting temperatures were detexchby

We remind the reader that the time and space complexity otwo different methods. This data set is large enough witlgéon

our algorithm areO(n®) and O(n?) respectively; heren =
max(Lg, Ls) is the maximum length of the two input strands. We
implemented our algorithm in C++, and used the energy fonsti
and energy parametersdiNAFol d v3. 6 for a single strand [18].
The parameters used by our program for our own interactierggn
model are given in the next section. As per Section 2.2 we use
different 8, penalty ands for a hybrid component that is covered
by a kissing loop. The parameters for a hybrid componentishat
covered by a kissing loop is denoted By ando’. We add an AU
penalty to the energy of a hybrid component per each terndibal
base pair; this penalty is motivated by [37]. SimilaRidAhybr i d,
the interior loops in a hybrid component are restricted torstant
maximum length, in either sequence, which is set to 15 invtioik.
Since our algorithm considers many more possible secondar
structures in comparison to alternative methods, our jroghas
a higher running time. Fortunately, our algorithm can bellgas
parallelized as the dynamic programming tables computed b
our program on subsequence pairs depend only on their (prope
subregions. We parallelized our program using OpenMP 3. O

experiments were performed on a large scale shared memor

parallel platform with 64 PPC 1.9 GHz processors with 256 GB
RAM. We ran our program for strands of length between 5 nt @ 12
nt. The running time of our program for short strand20 nt) was

2 Equilibrium concentrations of another complex formed by&#-CopT

is also available in the literature [15], however the intdcn has tertiary
structural componets, i.e. a very long pair of kissing hagforming a helix,
anti-helix pair with a long gap in between. Alkan et al. [1]r@eable to
establish the most likely joint structure between this RN pnly through
postprocessing. This complex requires some additionastcaints on the
lengths of interacting loops which are not incorporate® imir model due
to additional computational complexity they would impose.

Yy

sequences, and the average difference of the two methods for
this data set i9).7°C, smaller than that for the second data set.
Moreover, the variance and maximum of the difference is Emnal
than those of the second data set. Overall, this data setlis mo
reliable than the previous one. These three data sets ave alere

able to collect from the literature.

3.3 Melting Temperature

As mentioned before, predicting the melting temperatur& "
duplexes is one of the most important applications of théitjmar
function for interacting nucleic acid pairs [10]. Table logls the
melting temperatures computed by our progr&iAcof ol d, and
NAFol d v3. 6 for the first data set. In this set, the strands are
hort, and as we expected, our algorithm is highly accuréteomly
1.48°C absolute difference from experimental values on average.
It can be seen th&NAcof ol d andUNAFol d perform relatively
poorly, and their predicted melting temperatures diffemirthe
experimental values by abo@tC on average.
Table 2 shows the melting temperatures predicted by the thre
rograms for the second data set. Each pair is referred tnby a
identifier(A, B, ..., L). Please refer to our supplementary material
or [9] to see the exact sequences of each pair. As mentiorietebe
the experimental melting temperatures were determinad freat
absorbance measurements by two different methods which are
explained as "Method 3” and "Method 4” in [26]. We refer to the
melting temperature values computed by "Method 3” and "Mdth
4", by T. andT; respectively.RNAcof ol d accuracy obviously
dropped in this case, wherebBlAFol d accuracy did not change
much in comparison to the results for the first data set. Theracy
of our method has also dropped a bit, which may be becausena so
RNA pairs with exceptional features.
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Table 1. Experimental and predicted melting temperatures for tisé diata
set (see Section 3.2 and [37]).

Table 3. Experimental and predicted melting temperatures for theote
RNA pairs reported in [21].

Pairs Experiment| piRNA | RNAcofold | UNAFold Pairs Experiment PiIRNA RNAcofold UNAFold
ACGCA/UGCGU 29.8 29.41 42.64 46.14 T, T.
GCACG/CGUGC 375 36.07 46.61 43.91 G-GC-GIC-C 454 46 56.81 37 21.4
AGCGA/UCGCU 30.2 30.38 42.68 45.15 G-GC-G/CaC 51.8 522 56.84 37 27.15
GCUCGICGAGC 37.2 36.88 47.75 44,71 G-GC-G/CaC 55.9 56 56.86 37 27.12
ACUGUCA/UGACAGU 48.2 4491 56.8 57.59 G-GC-GICaC 58.4 57.3 56.85 37 25.73
GUCACUG/CAGUGAC 51.1 49.4 58.44 55.91 G-GC-G/CauaC 57.3 56.9 56.84 37 24.35
AGUCUGA/UCAGACU 457 45.47 56.4 56.68 G-GC-G/Ca C 56.7 57.1 56.85 37 25.06
GACUCAG/CUGAGUC 52 49.96 59.11 56.25 GaGC-GIC-C 51.2 493 56.94 37.1 21.25
GAGUGAG/CUCACUC 53.7 49.97 59.07 56.00 GaGC-G/CaC 55.2 547 56.96 41 21.44
Avg. error 148 9.35 8.55 GaGC-G/CaC 56.1 55.6 56.98 41 21.46
Spearman rank corr. 0.97 0.97 0.57 GaGC-G/CaC 56.1 54.9 56.97 41 21.44
All values, except Spearman’s rank correlation, aréGh GaGC-G/CauaC 54.8 54.3 56.98 37.06 21.47
GaGC-G/Ca C 55.3 54.8 56.98 37 21.39
Table 2. Experimental and predicted melting temperatures for theoke GapGC-G/C-C 55.1 52.9 57 50.17 36.04
RNA pairs reported in [9]. Ga GC-G/CaC 57 56.4 57.03 48.01 36.8
Gap GC-GICa,C 55.6 55.4 57.05 41.84 36.91
Gap GC-G/CaC 55 547 57.03 41.84 36.19
Pairs Experiment piRNA RNAcofold UNAFold Gay GC-G/CauaC 55.3 545 57.3 5217 36.74
T Te Gay GC-G/Ca,C 54.1 53.9| 57.05 48.01 34.22
A 28.7 303 3244 50.99 21.52 Gap GCaG/C-C 56.6 56.6 57.18 47.01 36.01
B 19 205 31.55 52.55 33.22 Gap GCaG/CaC 58.7 58.9 57.18 44.1 36.81
c 336 336 3294 53.11 39.77 Gap GCaG/CaC 58 58.8 57.2 44.1 36.13
D 339 36 3243 51.02 26.85 GapGCaG/CaC 56.5 57.5 57.15 44.1 36.96
E 23 244 31.66 52.48 32.22 Ga, GCaG/CauaC 57.2 56.9 57.48 43 35.92
F 349 36.9 33.28 54.7 39.91 Gap GCaG/Ca C 579 57.9 57.17 44.1 34.66
G 324 336 32.76 49.76 64.27 Gay GCay GIC-C 56 56.9 57.19 37.17 36.14
H 16.1 18.9 36.41 57.92 29.76 Gap GCay GICaC 58.7 59.1 57.2 44.1 36.94
I 29 323 32.32 50.99 29.18 Gap GCay GICayC 59.7 59.6 57.19 44.1 36.22
J 323 371 37.01 56.92 28.8 Gap GCayG/Cay C 58.6 58.7 57.16 44.1 35.89
K 234 307 3145 49.36 26.18 Gap GCay G/CauaC 57 573 57.74 37 35.03
L 335 354 32.61 50.51 28.01 Gap GCay G/Cay C 575 58.1 57.18 44.1 34.93
T, T, Te T, Te T, Te G-UA-GIC-C 50.4 50.8 56.82 46.26 21.53
Avg. difference 249 | 553 419 | 2421 21.72| 8.86 9.38 G-UA-G/CaC 54.3 55.8 57.88 61.42 34.47
Spearman rank cori 0.87| 036 045 | -0.05 0 0.16 0.03 G-UA-G/CaC 56.6 57.8 57.89 61.42 41.68
Each pair is referred to by an identififA, B, ..., L). Please refer to our G-UA-GICa3C 57.6 585 57.88 61.42 40.84
supplementary material or [9] to see the exact sequencesadlf pair. All values, G-UA-G/CauaC 57.9 58.7 57.87 61.41 40.96
except Spearman’s rank correlation, aré€ . G-UA-G/Cay C 58.6 58.5 57.88 61.43 40.64
GaUA-G/C-C 51.6 51.8 56.96 49.18 21.42
GaUA-G/CaC 55.6 55.7 57.01 37.07 30.98
Table 3 presents the melting temperatures predicted byhtee t GaUA-GICaC 567 574 5104 50.31 81.46
. GaUA-G/Cay C 56.8 56.9 57 44.17 29.91
programs for the third data set. As you can see, our progran hg CaUA.G/CauaC 57 571 56.99 37.07 20.98
high accuracy and performs significantly better tiRAc of ol d GaUA-GICa,C 56.8 56.8| 57.01 50.31 29.29
andUNAFol d for this data set. As we argued before, the third datal G-CG-GC-G/C-C 64.8 65.2 57.24 37 21.38
set is the largest and the most reliable of the three data Iséss GG;G;EGCC;SG/’CCB‘CC :g-z gg-j g;gg g; ;1-‘3‘;
. -CG-GC-G/Ca . - : :
important to note t_haRNAcof ol d and UNAI_:oI d both perform cooccocac | 554 8553|5732 37 2156
poorly either in this case or the two previous cases. Thesgefo 6-CG-GC-G/CaC 539 53 57.19 37 21.38
neitherRNAcof ol d nor UNAFol d are as reliable as our program GaCG-GC-G/C-C 57.3 587 57.2 37 21.71
for me|t|ng temperature prediction. GaCG-GC-G/CaC 59.7 61.2 57.21 37 21.76
The running time of our program for the first data set was abouj =~ °*¢®°¢c-¢cec 554 572 5719 87 21.45
. GaCG-GC-G/CgC 56.2 56.5 57.11 37 21.42
a few seconds, for the second data set about 10 minutes, and f0 ... ccccamc | 552 55.8 57.09 37 21.38
the third data set about 72 hours on a Linux PC with Pentium-0  cace-cc-cicac 55 553 57.14 37 21.47
3.6 GHz CPU and 4GB of RAM. Note that we did not use any GaCG-GCaG/C-C 58.1 58.8 56.9 37 21.54
learning methods for tuning our 6 interaction energy paterse GaCG-GCaG/CaC | 59.3 507  56.99 87 21.76
because of the running time of our program. Our interactiwrgy Gace-GeacicaC | 575 5941 5689 37 63.08
X X X GaCG-GCaG/CgC 57.9 58.2 56.95 37 21.44
parameters n meltlng temperature experlmentﬁare 5.1, ﬁg = GaCG-GCaG/CauaC 58.9 58.3 56.93 37 21.53
B2 = 0.1,0 = 0.92, 3] = 4.1,0’ = 0.95, which were manually GaCG-GCaG/CaC 573 58.1| 5684 37 21.46
optimized using only the first data set. The second and the dlaita G2 CGa GCa G/C-C 5;154 ::-g gé‘z‘ ﬂ-g Z;-;g
Gay CGay GCay G/CaC . . . .
sets were used as test sets. GayCGaGCayGiCaC | 55.3  57.2 57.12 51.31 66.09
T, | T, T T T, T T,
3.4 Equilibrium Concentration Avg. difference 0.7 | 1.87 195 | 14.27 14.41| 265 26.56
Spearman rank cort 0.92| 025 035 -0.04 -004| 02 0.28

Our second set of experiments, to the best of our knowledae h
not been successfully performed by the use of any availabtram

correlation, are irf C.

Each pair is referred to by an identifier. Please refer to appkmentary material
or [21] to see the exact sequences of each pair. All valueepdSpearman’s rank
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to date. Here we predict the equilibrium concentrationsGayS
with wild-type fhlA and 4 other fhIA mutants. OxyS is a small
untranslated RNA (109 nt) that is induced in response toatiie
stress in E. coli. It acts as a regulator affecting the exgoes
of multiple genes. In particular, OxyS represses the tediosl of
fhlA, a transcriptional activator for formate metabolidoy, binding
to it. Argaman and Altuvia carried out a series of experiradot
measure equilibrium dissociation constants for OxyS witl-type
fhlA and its mutants [3]. To measure the equilibrium disation
constants, they measured the concentration of OxyS-fhhApbex
for a fixed initial OxyS concentration (2nM) and various iialit
concentrations of fhlA. Their plots are reported in Figurer&d
Table 2 of [3]. Those plots can be predicted from the partitio
functions for OxyS, fhlA, OxyS-OxyS, fhlA-fhlA, and OxyShA.
To validate our algorithm, we computed these partition fioms
using our program, and predicted the equilibrium concéntna of
OxyS-fhlA complex. Our results are compatible with expetal
measurements, as we had expected.

this experiment argd; = 6.6, 32
45,0 =0.9.

ﬁg = 0.1,0’ = Og,ﬂi

4 CONCLUSION AND FUTURE WORK

In this paper we preseipi RNA, an efficient algorithm to compute
a partition function of two interacting nucleic acid strand
Our algorithm considers almost all physically possibleose@ry
structures that do not contain pseudoknots, crossingaictiens,
and “zigzag’s. In order to specify the free energy of a joint
structure established by interacting strands, we extemdtdndard
nearest neighbor single-strand thermodynamic energy htodm
energy model for two interacting strands by introducingéhnew
components: (1) hybrid component, (2) kissing loop, andr{®-
hybrid loop which are modified versions of hybridization, Ithu
loop, and pseudoknot energy models. We verified our algarith
by computing the melting temperature for RNA pairs avadabl
in the literature and the equilibrium concentration for GxfnlA

Fig. 11 shows the experimental measurements and our result§?MPIeX. In both experiments our algorithm provides higtuaacy

Interestingly, our algorithm predicted the equilibriunmcentration
of OxyS-fhlA complex quite accurately for the wild-type #l
and all of its mutants. We also experimented WRNAcof ol d
and UNAFol d in this case. BothRNAcof ol d and UNAFol d
predict that the percentage of OxyS in complex is approxeigat
0 in all five cases for the considered fhlA concentrationsis T
probably not very surprising as correctly predicting thaiklorium
concentrations is a very difficult task and is highly sewsitto
the accuracy of the partition functions. We describe below ko
compute the concentrations from partition functions, amy  is
difficult to correctly predict those equilibrium conceritoas.

Given two nucleic acid strandR. and S, we can compute the
equilibrium concentrations &, S, RR, SS, RS species, denoted
by Nr, Ns, Nrr, Nss, Nrs respectively, from their partition
functions [10]. In the equilibrium, the free energy of a @ds
system at constant temperature, volume, and pressure tmaisl
a minimum [17]. Equilibrium concentrations are computexhiithe
chemical equilibrium constants

Qrr _ Nrr

Kr = = 7
@k DMn
Qss _ Nss

Ks = = ; (8)
Qs NS

Krs — Qrs _ Nms
QrQs NrNs’

under the constrainfVrs = N3 — 2Nrr — Nr = N§ —

2Nss — Ns, in which N° are the initial concentrations of single
strands. We noticed tha@r and Qs computed by the three

and outperforms available alternatives.

We computed the melting temperature for RNA pairs in
[37, 9, 21] (Tables 1, 2, and 3). On average, the predicted
melting temperature by our program is ab@itC different from
experimental values. Our program is more thGhC more accurate
than the alternativesRNAcof ol d and UNAFol d, on average. It
is important to note theRNAcof ol d andUNAFol d both perform
poorly in at least one of the three data sets, while our progsa
consistently accurate across all three data sets. Therefeither
RNAcof ol d nor UNAFol d are as reliable as our program for
melting temperature prediction. In addition, our algaritis able
to compute the OxyS-fhlA complex equilibrium concentrato
for wild-type and mutated fhlA accurately. BotRNAcof ol d
and UNAFol d predict those equilibrium concentrations to be
approximately 0, which does not even roughly follow the
experimental measurements.

Although our algorithm is fairly efficient, improving the
generality and complexity of our algorithm will be one of our
priorities in the near future. In particular we aim to exglevhether
it is possible to cover more general interactions withoatéasing
the computational complexity of the algorithm.
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programs are very close because they use the same algorithm

for a single strand (i.e. McCaskill's). Therefore based 8j @
method can compute equilibrium concentrations correctlly @

it computes each individuaD’ accurately. As one can observe in
Fig. 11, our program has been able to predict OxyS-fhlA cempl
concentrations accurately, thus we can conclude that amgram
computes all)’ accurately.

As mentioned above, the parameters used by our programsn thi

data set have been manually optimized. Our energy parasnieter
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