Bioinformatics Advance Access published December 5, 2010

RNA-RNA interaction prediction based on multiple

sequence alignments

Andrew X. Li', Manja Marz?, Jing Qin3#, Christian M. Reidys !5*

ICenter for Combinatorics, LPMC-TJKLC, Nankai University Tianjin 300071, P.R. China
2RNA Bioinformatics Group, Philipps-University Marburg, Marbacher Weg 6, 34037 Marburg,

Germany

3Max Planck Institute for Mathematics in the Sciences, InselstraRe 22, D-04103 Leipzig, Germany
“4Interdisciplinary Center for Bioinformatics, University of Leipzig, HartelstraRe 16-18, D-04107

Leipzig, Germany

5College of Life Science, Nankai University Tianjin 300071, P.R. China.
Associate Editor: Prof. lvo Hofacker
ABSTRACT 1 INTRODUCTION

Motivation Many computerized methods for RNA-RNA interaction
structure prediction have been developed. Recently, O(N®) time
and O(N*) space dynamic programming algorithms have become
available that compute the partition function of RNA-RNA interaction
complexes. However, few of these methods incorporate the
knowledge concerning related sequences, thus relevant evolutionary
information is often neglected from the structure determination.
Therefore, it is of considerable practical interest to introduce a method
taking into consideration both: thermodynamic stability as well as
sequence/structure covariation.

Results We present the a priori folding algorithm ri pal i gn,
whose input consists of two (given) multiple sequence alignments
(MSA). ri pal i gn outputs (1) the partition function, (2) base-pairing
probabilities, (3) hybrid probabilities and (4) a set of Boltzmann-
sampled suboptimal structures consisting of canonical joint structures
that are compatible to the alignments. Compared to the single
sequence-pair folding algorithm ri p, ri pal i gn requires negligible
additional memory resource but offers much better sensitivity and
specificity, once alignments of suitable quality are given. ri pal i gn
additionally allows to incorporate structure constraints as input
parameters.

Availability The algorithm described here is implemented in C as
part of the ri p package. The supplemental material, source code
and input/output files can freely be downloaded from ht t p: / / www.
conbi natorics.cn/cbpc/ripalign. htm.

Contact Christian Reidys duck@ant af e. edu

Keywords multiple sequence alignment, RNA-RNA interaction,
joint structure, dynamic programming, partition function, base
pairing probability, hybrid, loop, RNA secondary structure.

RNA-RNA interactions play a major role at many different levels
of the cellular metabolism such as plasmid replication control,
viral encapsidation, or transcriptional and translational regulation.
With the discovery that a large number of transcripts in higher
eukaryotes are noncoding RNAs, RNA-RNA interactions in cellular
metabolism are gaining in prominence. Typical examples of
interactions involving two RNA molecules are snRNAs (Foebal.,
1996); snoRNAs with their targets (Bachelleeieal., 2002); micro-
RNAs from the RNAIi pathway with their mRNA target (Ambros,
2004; Murchison and Hannon, 2004); sRNAs fr&scherichia coli
(Hershberget al,, 2003; Repoilat al., 2003); and sRNA loop-loop
interactions (Brunekt al, 2003). The common feature in many
ncRNA classes, especially prokaryotic small RNAs, is the formation
of RNA-RNA interaction structures that are much more complex
than the simple sense-antisense interactions.

As it is the case for the general RNA folding problem with
unrestricted pseudoknots (Akutsu, 2000), the RNA-RNA interaction
problem (RIP) is NP-complete in its most general form (Alkaal.,
2006; Mneimneh, 2009). However, polynomial-time algorithms
can be derived by restricting the space of allowed configurations
in ways that are similar to pseudoknot folding algorithms (Rivas
and Eddy, 1999). The simplest approach concatenates the two
interacting sequences and subsequently employs a slightly modified
standard secondary structure folding algorithm. The algorithms
RNAcof ol d (Hofacker et al, 1994; Bernhartet al, 2006),
pai r f ol d (Andronescet al., 2005), andNUPACK (Dirks et al,
2007; Zadehet al, 2010) subscribe to this strategy. A major
shortcoming of this approach is that it cannot predict important
motifs such as kissing-hairpin loops. The paradigm of concatenation
has also been generalized to the pseudoknot folding algorithm of
Rivas and Eddy (1999). The resulting model, however, still does not
generate all relevant interaction structures (Chitsaal., 2009b).

An alternative line of thought is to neglect all internal base-pairings
in either strand and to compute the minimum free energy (MFE)
secondary structure for their hybridization under this constraint. For
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follows this line of thoughtRNAup (Miicksteinet al., 2006, 2008)
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andi nt aRNA (Buschet al,, 2008) restrict interactions to a single  Here, we present the algorithm pal i gn which computes the
interval that remains unpaired in the secondary structure for eacpartition function, base-pairing as well as hybrid probabilities and
partner. These models have proved particularly useful for bacterigberforms Boltzmann-sampling on the level of MSAg.pal i gn

sRNA/MRNA interactions (Geissmann and Touati, 2004). represents a generalization iof p to pairs of interacting MSAs
Pervouchine (2004) and Alkaet al. (2006) independently and a new grammar of canonical interaction structures. The latter
proposed MFE folding algorithms for predicting thpint is of relevance since there are no isolated base pairs in molecular

structureof two interacting RNA molecules with polynomial time complexes.
complexity. In their model, a “joint structure” means that the One important step consists in identifying the notion of a joint
intramolecular structures of each molecule are pseudoknot-free, theructure compatible to a pair of interacting MSAs. Our notion
intermolecular binding pairs are noncrossing and there exist nés based on the framework of Hofacket al. (2002), where a
so-called “zig-zags”, see supplement material (SM) for detailedsophisticated cost function capturing thermodynamic stability as
definition. The optimal joint structure is computed@{N°®) time well as sequence covariation is employed. Furthermogal i gn
andO(N*) space via a dynamic programming (DP) routine. is tailored to take structure constraints, such as blocked nucleotides
A more reliable approach is to consider the partition function,known e.g. from chemical probing, into account.
which by construction integrates over the Boltzmann-weighted
probability space, allowing for the derivation of thermodynamic
quantities, like e.g. equilibrium concentration, melting temperature
and base-pairing probabilities. The partition function of joint 2 THEORY
ﬁ;l;(;t;:zme;ségg;?pendently derived by Chitstal. (2009b) and 21 Mu_ltiple sequence alignments and compatibility
A key quantity here is the probability of hybrids, which cannot An MSA, R, consists ofng RNA sequences of known species. Denoting
be recovered from base pairing probabilities since the latter caff1e length of the aligned sequences/byR constitutes ang x N matrix,

be highly correlated. Huanet al. (2010) presented a new hybrid- ga;"283;&@;2”3”2"éogsalz;g”ddeazlt‘é’gT;Ri- Its (i, j)-th entry, R,
based decomposition grammar, facilitating the computation of the For any pair(R, 8) we assume the is amg x M matrix, whose rows

nontrivial hybrid-probabilities as well as the Boltzmann sampling ., var ~ =/ o :

. . o X . ry3 5" orientation.
of RNA-RNA interaction structures. The partition function of joint | '1he following we shall assume that a pair of RNA sequences can only
structures can be computed @ N°) time andO(N*) space and  interact if they belong to the same species. A R S), can interact if for
currentimplementations require very large computational resourcesiny rowR?, there exist at least one row $ithat can interact witiR .
Salariet al. (2009) recently achieved a substantial speed-up making Given a pair of interacting MSA$R, S), let m be the total number
use of the observation that the external interactions mostly occuef potentially interacting pairsti pal i gn exhibits a pre-processing step
between pairs of unpaired regions of single structures. Chitsawhich generates an x N-matrix R and am x M-matrix S such that
et al. (2009a) introduced tree-structured Markov Random Fields(R',S*) range over allm potentially interacting RNA-pairs, see SM

to approximate the joint probability distribution of multiple= 3) Sel‘:tit%” #IZI for details.h L efer it andS as MSAS ianoring the fact that
contact regions. n the following, we shall refer an as S Ignoring the 1ac al

Unfort tely. i let f th derlvi d Ithey have multiple sequences.
ntortunatély, Incompleteness ol the underlying energy model, -y, proceed by defining joint structures that are compatible to a fixed

?n particular for hybrid- and. kiSSinQ"OOPS, may r.esult. in prgdiction (R, S). To this end, let us briefly review some concepts introduced in Huang
inaccuracy. One way of improving this situation is to involve g a1, (2009).

phylogenetic information of multiple sequence alignments (MSA). A joint structure.J (R, S, I) is a graph consisting of

In an MSA homologous nucleotides are grouped in columnsj1) Two secondary structure® and S, whose backbones are drawn as
where homologous is interpreted iboth structural as well  horizontal lines on top of each other and whose arcs are drawn in the
as evolutionary sense. l.e. a column of nucleotides occupiegpper and lower halfplane, respectively. We consiéepver a5’ to 3’
similar structural positions and all diverge from a common oriented backbon€R;, ..., Ry) andS over a3’ to 5 oriented backbone
ancestral nucleotide. Also, many ncRNAs show clear signs of>1:---»Sar) and refer to anyz- andS-arcs as interior arcs.
undergoing compensatory mutations along evolutionary trajectorieéj. 2) An additional set, of NoNCrossing arcs of the fori; S, (exterior arc),

R . - .~ WhereR; andS; are unpaired iR and.S.

In conclusion, it seems reasonable to stipulate that a non-negligibl

- . . . 83) J(R, S, I) contains no “zig-zags”.
part of the existing RNA-RNA interactions contain preserved but™ 1y subgraph of a joint structuré(R, S, 1) induced by a pair of

covarying patterns of the interactions (Seematral, 2010a,b).  subsequences;, Rit1,. .., Rj) and(Sh, Sh+1,---,Se) is denoted by
Therefore we can associate a consensus interaction structure to pairs;., ,. In particular, J(R, S, 1) = Ji,n.1,m and Ji jine C Jabic.d
of interacting MSAs (see Section 2.1). if and only if J; ;.5 ¢ is a subgraph off, p;. 4 induced by(R;, ..., R;)
Along these lines Seemanst al. (2010a,b) presented an and(Sh,...,S¢). In particular, we use|[i, j] to denote the subgraph of
algorithm PETcof ol d for prediction of RNA-RNA interactions  J1,~;1,n induced by(S;, Siy1,...,S5;), wherei < j. In particular, in
including pseudoknots in given MSAs. Their algorithm is an case ofi = j, we identify.S[i, ] with the vertexS;.
extension ofPETf ol d (Seemanret al, 2008) using elements of ~_ CIVeN ajoint structure/, p;c,q, a tight structure (TS)/; jin,¢, (Huang
RNAcof ol d (Bernhartet al., 2006) and computational strategies et al, éOOAg) s a é.p ec1|f|chupgrtaph d"’b?a;gmdexfd dby 'tts ty$g€ ¢
for hierarchical folding (Gaspin and Westhof, 1995; Jabkasal., ;{OerE]. £}, see Fig. 1. For instance, we udg; ;, , to denote a TS o
2007). However,PETcof ol d is an heuristics based algorithm. ~ hybrid is a joint structureJ™, . ie. a maximal sequence
A detailed comparative analysis also including the algorithmof intermolecular interior loops consisting of a set of exterior arcs
i nt eRNA (Salariet al, 2009) will be given in Section 3. (Riy Sjy ;- - -, Ri,Sj,) whereR;, S;, is nested withinR;,  , S;, ., and

h+1
where the internal segment¥i;, + 1,541 — 1] andS[jn + 1, jh41 — 1]
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Fig. 1. The four basic types of tight structures are given as follows: T 19-2. Interior loop energy: Aninterior loop formed byf?; 12; and Ry, R,

{RiSp} = Jiineandi = j, h = £ 7 : RiR; € Ji . and wherei < h < ¢ < j are the alignment positions. Grey bands are used to
T - 1,73k, - 1 - ’ . 14lg 1,7:h, e . . .
SnSe & Jijin Z; O {RiR;, SpSe} € Jijin,ei &+ SpiSe e] Ji jihot denote the positions we omit between segnient), (h,£) and (¢, 7).
andRiRj Q Ji,j;hyg.

2.2 Energy model

consist of single-stranded nucleotides only. That is, a hybrid is the maximahccording to Huanget al. (2009) joint structures can be decomposed into

o

unbranched stem-loop formed by external arcs. disjoint loops. These loop-types include standard hairpin-, bulge-, interior- 2
A joint structureJ (R, S, I) is calledcanonicalif and only if: and multi-loops found in RNA secondary structures as welysrid and g
(c1) each stack in the secondary structufesind S is of size at least two,  kissing-loops Following the energy parameter rules of Matheatsal. 2
i.e. there exist no isolated interior arcs, (1999), the energy of each loop can be obtained as a sum of the energies &
(c2) each hybrid contains at least two exterior arcs. associated with non-terminal symbols, i.e. graph properties (sequence I
In the following, we always assume a joint structure to be canonical. independent) and an additional contributions which depend uniquely on the 3
Next, we come taR, S)-compatible joint structures. In difference to terminal bases (sequence dependent). g-
single sequence compatibility, this notion involves statistical information of Suppose we are given a joint structu/e compatible to a paifP = =
the MSAs. (R,S). Let L € J be a loop and leff;, ; represent the loop energy of %
The key point consists in specifying under which conditions two verticesthei-th interaction-paif R?, S*). Then the loop energy & is o
contained in(R1,..., Ry, S1,...,Sa) can pair. This is obtained by a g
generalization of thé&®NAal i f ol d approach (Hofackeet al, 2002). We o= l/mZ?Lvi' (2.6) 2
specify these conditions for interchf‘j), (c§j) and exterior pair$cf‘js) i 5)
in eq. (2.3)-(2.5). ’ ’ ’ We consider the energy of the structure as the sum of all loop contributions: %
For interior arcs(R;, R;), let X,Y € {A,U,G,C}. Let ff1(XY) be the o Z T @.7) 5
frequency of(X, Y) which exists in the-column sub-matrixR;, R;) as a 7 = L ' D
row-vector and To save computational resources, gaps are treated as basepahi gn g‘
Cif,{j = Z f}}(XY)D%,x/Y/fiE}(X,Y/)~ (2.1) Thus only alignment positions contribute as indices and loop sizes. Since ﬁ

XY, X'y’ no measured energy parameters for nonstandard base-pairs are available a.

Here XY and XY’ independently range over all 16 elements of present time, additional terminal-dependent contributions for the latter are
{A,U,G,C} x {A,U,G,C} and Df(ﬁ( wryr = dr (XY, X'Y'), ie. the ignored. For instance, Iétt; ;5 ; denote an interior loop formed by; R;
Hamming distance between XY and ¥ in case of XY and XY’ being and Ry Ry and’fﬁ;{ i}’f’e denote the free energy dft; ;.5 ; with respect to

Watson-Crick, oiGU wobble base pair and 0, otherwise. Furthermore, we o aligned sequences i Then F5:4i1¢ associated to the three aligned

. . . . P
|ntroduceq5j to deal with the inconsistent sequences subsequences of Fig. 2 reads Int
1 1
R _ h h h >
2%, ] ior VRREE : igiht — 30U Gh e #,G,C;G,C #,G,U;G,U #GC;. . ) (&
giy =1-— > A;(R) + 38Ry, SR, )} 2)  gnh 5B+ oo+ Clouey +Glisc. . )- (28)

h
wheres(z, y) is the Kronecker delta anH?j(R) is equal to 1 ifR” and HereG’;'j;. 1.0 fepresents contributions related exclusively to the positions of

R? are Watson-Crick o66U wobble base pair and 0, otherwise. Now we the interior loop WhiI@L”%’B:C,D represents additional contributions related
obtain Bsz _ CiRj _ ‘751‘11?”]'- Based on sequence data, the threshold for to the specific nucleotides which form the interior loop. Weﬁngvc;. .

pairing BR as well as the weight of inconsistent sequentgare computed. to be zero.

We have 2.3 Thegrammar of canonical joint structuresand the

partition function

The partition function algorithm is easily extended to work with the modified
(Cis,j) BZS,]- > B§= (2.4) energy functions given in eq. (2.7). The reformulation of the original hybrid-
where Bis,j andBS are analogously defined. g_rammgr into g grammar qf cgponic_al joint structures repre;ents already for
single interaction pairs a significant improvement in prediction quality. The
original r i p-grammar would oftentimes encounter joint structures having
hybrid composed by a single isolated exterior arc. In order to decompose
canonical joint structures via the unambiguous grammar, detailed in the SM,
Section 2, we distinguish the two types (Type cc and Type c) of TS’s of type

@, A\ orJ. Given a TS of typey, denoted byIFj_h ,» We write depending

(¢} BY > BER. (2.3)

The case of two positionS; andS;; is completely analogous

TTOZ ‘8T Alenuer uo ANsIaAlun 1exuen o Arelq

As for (cfszs) a further observation factors in: since many ncRNA show
clear signs of undergoing compensatory mutations in the course of evolutio
(Seemanret al, 2010b; Marzet al., 2008), we postulate the existence of
a non-negligible amount of RNA-RNA interactions containing conserved
pairs, consistent mutations, compensatory mutations as well as inconsiste
mutations. Based on this observation we arrive at

) . v V,ce V¢ ;
(C.st) BRS & pRS 25) on whetherR; (1 R; 1 € Ji,j;h,é’ Ji,j;h,f and Ji,j;h,é' respectively.
i i =T Analogously, we defindimj’.jfe, Jl.DJ’.fh , andJiA].’jfz, ij‘h ;. see Fig. 3.
WhereBZRj’S andB*R’S are analogously defined as the cag%j andBR. As illustrated in the SM, Fig. 4, there are two basic steps of the

A joini structure J is compatible to(R,S) if for any’ J-arc, the canonical-grammar: (apterior arc-removalto reduce TS, and (R)lock-
corresponding intra- or inter-positions can according to eq. (2.3)-(2.5) pair. decompositiorto split a joint structure into two smaller blocks. The key
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Fig. 3. Examples of two TS-types. We displays/, [J, or A-tight structures:

Type cc (top) and Type c (bottom).

D

123A567@9T121y??€

Fig. 4. Example of the parse tree. The parse tree of the canonical joint

structureJy,17;1,9.

feature here is, that sinckis canonical, the smaller blocks are still canonical 5 33GH; (eight cores), 48GB memory, CentOS release 5.3.
after block-decomposition. Each decomposition step results in substructures
which eventually break down into generalized loops whose energies car

3 RESULTS AND DISCUSSION

This discussion is organized into three parts:

firstly, we applyr i pal i gn to two well known ncRNA interactions: the
fhIA/OxySand theCopT/CopA In the process we provide a comparative
analysis withri p, PETcof ol d with stem constraintsRETcof ol d¥),
without stem constraintsPETcof ol d—), and | nt eRNA. The stem
extension constraint oPETcof ol d represents a specific programming-
technique of Seemaret al. (2010a,b) to avoid incomplete stems. Secondly
we study two interactions whose consensus structures are still under
investigation: (a) the interaction of the spliceosomal RNAEUG6 snRNA
and (b) the interaction of th8mY-105L-1 RNA proposed by MacMorris
etal.(2007). Thirdly, we integrate our findings and give concluding remarks.

The fhIA/OxyS interaction. The OxyS RNA represseshlA mRNA
translation initiation through base-pairing with two short sequences
(Argaman and Altuvia, 2000), one of which overlaps the ribosome binding
sequence and the other resides further downstream, within the coding
region offhlA. We can report thati pal i gn improves the computational
results in terms of sensitivity, specificity, positive prediction value(PPV),
accuracy (ACC), Matthew’s correlation coefficient (MCC) in comparison
with ri p. Furthermore, we can report improvements compared to the
existing alignment interaction programs, see Tab. 1. The exception here is
the PPV0.7857 achieved byPETcof ol dT.

Table 1. Comparative analysis of i pal i gn with ri p Huanget al.
(2009), PETcof ol d Seemanret al. (2010b): PETcof ol d— (PC~) and
PETcof ol dt (PCt) and | nt eRNA Salari et al. (2009). We consider
sensitivity, specificity, positive prediction value(PPV), accuracy (ACC),
Matthew’s correlation coefficient (MCC) and the MFE of the predicted
structures. ThéhlA/OxySjoint structures of i pal i gn andPETcof ol d

are based on the MSAs displayed in Fig. 5. ThieVOxySjoint structures
predicted byri p andl nt eRNA are based on the 8th pair of sequences
displayed in Fig. 5. All quantities are based on the natural structure derived
in Seemanret al. (2010b), free energy is given in kcal/mol. TBepT/CopA

joint structures are based on the sequences presented in Wagner and Flard
(2002). All calculations were performed on an Intel(R) Xeon(R) E5410 @
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be directly computed. More details of the decomposition procedures are | rep r Pa' ! 9” PC Pd_ InteRNA )

described in SM Section 2, where we prove that for any canonical joint . fhIA/OxyS(Entire Joint Structure predicted) c

structure.J, there exists a unique decomposition-tree (parse-tree), denotedSensitivity | 0.6286 0.7714 0.4143 0.6286 0.7143 s

by T;, see Fig. 4. Specificity | 0.9987 0.9990 0.9992 0.9995 0.9985 3_

PPV 0.5714 0.6835 0.6042 0.7857 0.5747 g

A . MCC 0.5981 0.7253 0.4991 0.7020 0.6396 5

2.4 Probabilitiesand the Boltzmann Sampling ACC 0.9976 0.9983 0.9976 0.9985 0.9977 S

A dynamic programming scheme for the computation of a partition MFE -61.96 -89.91 -32.75 -57.48 -81.13 §

function impIie; a co'rresponding compqtation of propabilities of specific Runtime | 4.11d 3.91d 35s 33s 4.13h E

Zubitruc_tures is ot;talne;jh ftrom thl;e outsnci‘etto the |nIS|dfe an:jha stocha_silc‘l CopT/CopA(Entire Joint Structure predicted) _z

acktracing procedure that can be used to sample from the associater =
distribution (McCaskill, 1990; Ding and Lawrence, 2003; Huaetgal, Eens!?w{y 88823‘1 83822 83831 83823 ggggé E
2010). We remark that the time complexity does not increase linearly as pecincity | 0. ) ’ ) ’

a function of m (see SM Table 6). Along the lines of the design of the 0.8000  0.8000 0.7692 0.7959 0.8163
Vienna software package (Hofacket al, 1994),ri pal i gn now offers 0.8517 0.8517 0.8350 0.8388 0.8604
the following features as optional input parameters: ACC 0.9978 0.9978 0.9975 0.9976 0.9979
(1) a positioni can be restricted to form an interior or an exterior arc. MFE -57.64 -57.64 -52.11 -57.20 -56.12
(denoted by =" and “"", respectively); Runtime | 8.63h 10.16h 3.589s 3.065s 5.20m

(2) a position: can be forced to be unpaired (denoted by “x”);

(3) a position: can be restricted to form an (interior or an exterior) arc with

someposition; (denoted by #”);

(4) a pair of positiong andj can be forced to form an interior or exterior

arc (denoted by(*)” or “[]", respectively).
However, the above features are optional. Thupal i gn can deal with

both scenarios: the absence of angriori information and the existence of

specific information, e.g the location of the Sm-binding site, see Fig. 7.

Comparison of the predicted interaction (Fig. 5) shows thatal i gn
and PETcof ol d— produce a similar result and agree well with the
natural structure derived in Argaman and Altuvia (2000). In contrasp
and PETcof ol d* predict joint structures that differ significantly from
Argaman and Altuvia (2000). We display fari pal i gn each contact
region having a probability> 10% and accordingly highlight in Fig. 5(D)
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four distinct contact regions. The two additional contagtaas, identified in (A) Natural structure of Argaman and Altuvia (2000)

the partition function, exhibit a significantly lower probability. An additional

hairpin overR|[72, 89] is predicted irfhlA, instead of the unpaired segment } fm\ A~ 7 W\
occurring in the natural structure, can be understood in the context of

minimizing free energy. fhia

The CopT/CopA interaction. It is known that the antisense RNBopA
binds to the leader region of thepA mRNA. The target here is named ///////// /
CopT (Kolb et al, 2000; Wagner and Flardh, 2002). In lack of MSA for s s s
CopT/CopA we cannot utilize the full potential ofi pal i gn, however the oS
interaction is wellknown and included for reference purposes. The quality
of the prediction is comparable to that BETcof ol d*, PETcof ol d—, " N\ —, :
or I nt eRNA, see Tab. 1.CopT/CopA exhibits two distinct interactions. = — \\\\\Q/Kj
While the first (main) interaction is correctly identified déé?so;zo,w

by ri pal i gn the second interaction is ranked fiftblglf’mﬁg’s6 with a
probability of6.14%, see Tab. 2.

Table 2. Top 5 hybrids and their hybrid-probabilities (H-prob): The /KK/N A~ =~ _

hybrid-probabilities of CopT/CopA and fhIA/OxyS listed in the table as *
predicted byri pal i gn.

rank fhIA/OxyS CopT/CopA ////// /
Hybrid H-prob || Hybrid H-prob

Jothom02r | 5541%]| Ji7%s17.5s | 38.71%

Joghoneors | 27.33%|| Jiiraq 7 | 13.12% N - e
Jﬁ?36;42,44 21.37% Jfé,ysg;m,w 10.33%

H H
Js}g?59;41,44 20.17% J18,y37;18,37 8.43% (C)PETcof ol d*
(snRNAs) that are known to be involved in splicing pre-mRNA. For at least ™

Jl()zl/ 102:98,99 16.22% J;iy57;53 56 6.14%
a quarter century these two ncRNA molecules have been conjectured to ¢
interact. The precise nature of their interaction and related proteins is still
subject of investigation.

Adopting an evolutionary perspective we notice that there are significant
distinctions between the different clades (ranging from simple protostomeé”yS
to higher deuterostomes) in which this interaction is described (Thomas "~ &Iy N
et al, 1990; Otakeet al,, 2002; Shambaugét al, 1994; Lopezt al, 2008;
Shuklaet al, 2002). We find for instance a discussed 5’ stemUéf as
well as stem | betweet4 and U6. Furthermore even within e.g. human (D)ripal i gn
a third interaction (stem Ill) is discussed (Jaketbal. (1997); Brow and
Vidaver (1995) and personal communication with Albrecht Bindereif and
Stephen Rader). Fig. 6-A shows a consensus of the previously described 7w\ T 7 BN (T
U4/U6 interactions. cuch o ¢

(B) PETcof ol d™

fhiA

a b wN -

The U4/U6 interaction. U4 and U6 are two spliceosomal RNAs

Guc:
Guc

fhiA

We divide all known metazoarJ4 and U6 snRNAs into three

Guc:
Buc.

cucH

distinct groups and alignments: protostomia without insects, insects and :
deuterostomia. Marzt al. (2008) observed that insects behave in their ////// ///
secondary structure different from other protostomes. Comparing all

predictedU4/U6 interactions, displayed in Fig. 6-B and Fig. 6-C-E, we draw
the following conclusions:

(1) the secondary partial structures of /U6 complex for all three groups
predicted by i pal i gn agree predominantly with the described secondary
structures in metazoans: Stem | and Il are conserved at present, as well as
the four commonly described hairpins.

(2) for all three groups, Stem Il (Fig. 6, top) is highly conserved. External
ascendancies, such as protein interactions are discussed to stabilize stentif- 5 Alignment-based prediction of fhIA/OxyS (A) the annotated
additionally. Stem I is also highly conserved except for insects, which agree§tructure of Argaman and Altuvia (2000), (B) tR&Tcof ol d~-structure,
with the literature. (C) thePETcof ol d*-structure and (D) the joint structure as predicted by
(3) for all three groups, thes’ hairpin of U4 snRNA seems highly ri pal i gnbased on the entire MSA. Target site (green boxes) probabilities
conserved to interact with the6 snRNA (“N”). This RNA feature is not (&S detailed in SM Section. 4, eq. (5.5)), computedrhyal i gn, are
fully understood, since this element is also believed to contain intraloop2nnotated explicitly if they exceet% or just by< 10%, otherwise.
interactions and may bind to a 15.5kDa protein (Vidasi@l., 2000).

(4) for all metazoans, th&J6 snRNA shows conserved intramolecular

OxyS

~—— ==
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(A) Consensus of previously publishekdl/U6 interactions

S'stem central stem

3'stem

(Stem 1il)

U6 %

(downstream stem) 5'stem

Stem Il

(B) Consensus afi pal i gn-results

5'stem [§23 central stem

(C) Protostomia without insects

3’s

(D) Insects

U4

V3
N\~ -
5's
3’s

(E) Deuterostomia

5's cs ’
el Do o

4

6

= =
5’'s

3's

Fig. 6. The U4/U6 interaction prediction with Sm-binding site
constraint in U4. The Sm-binding site in moleculg4 is 5'-AAUUUUUG-
3’(colored red). (A) Consensus structure of previously publisbdfU6
interactions. Blue regions are not described in all publications. Secondary
structure feature in brackets are only published in rare cases. (B) The
consensus structure of pal i gn results shows several possible conserved
interactions. (C-E) The joint structures of protostomia (without insects),
insects and deuterostomia are predictedriypal i gn under the Sm-
binding site constraint. The target site (green boxes) probabilities computed
by ri pal i gn are annotated explicitly it> 10% or just by < 10%,
otherwise.

interactions (3'stem “3's”).

(5) stem Il (Jakatet al, 1997; Brow and Vidaver, 1995) seems to be not a
conserved feature, however the same regidd@ihteracts in deuterostomes
significantly with a probability of 24.3% in higher metazoans with the central
stem loop ofU4 (Fig.6-E, “J").

(6) for both: protostomia (without insects) and deuterostomesy’thairpin

of U6 snRNA seems to interact with thg4 3’ hairpin (“M”). However, this
observation does not hold for insects, which agrees with a systematically
different secondary structure of spliceosomal RNAs in insects (\daat.
2008).

Since the three divergent groups of metazoans independently exhibit
analogous secondary structure featuregyal i gn has led to observations
(3)-(6), potentially having biological relevance.

The SmY-10/SL-1 interaction of C. elegans. MacMorris et al. (2007)
stipulated thaBmY-1RNA, is possibly involved irrans-splicing, interacts
with the splice leader RNASL-1 RNA). This interaction has never been
identified before. In Fig. 7, we show that the Sm-binding sites (colored
red) of the RNA moleculeSmY-10andSL-1are R[56, 62] and S[25, 31],
respectively. In Fig. 7-A, the structure is being predictedrby (Huang
et al, 2010). We observe two unsatisfying phenomena: a stackniy-

10 is formed by a single intra ar$24S67 and there exist intra arcs

in the Sm-binding sites. The canonical grammar presented here restricts
the configuration ensemble to canonical joint structures, resulting in the
structure presented in Fig. 7-B in which the peculiar isolated interaction arc
disappears. However, the nucleotides of the Sm-binding sites still form either S
intra or inter-molecular base pairs. Incorporating the structural constraints &
option we derive the structure displayed in Fig. 7-C. Here the Sm-binding
sites are constrainted to be single-stranded. Since the predicted interaction
have either a low probability or consist of two basepairs only, we conclude
that if Sm¥10 is interacting withSL-1 in vivo, this interaction has to be
stabilized further by e.g. proteins.

Our case studies show that pal i gn improves the prediction of
interaction regions significantly at the expense of computational cost. The
case studies of théhlA/OxyS and theCopT/CopA interaction show that
ri pal i gn’s full potential comes to bear when MSAs are present. It is
then that our method can reliably predict the joint secondary structures.
We remark that structure-prediction is just part of thépal i gn-
functionalities. Derived thermodynamic quantities, in particular the base-
pairing and hybrid probabilities are also useful in a variety of ways. For
instance, they help to improve the accuracy of other software tools such as
Ract | P (Katoet al, 2010).

The quality of prediction depends critically on the quality of the MSAs.
The issue of alignment quality is not easily solved: creating an alignment
without knowing the structure is unlikely to produce a structural alignment.
In this work we mainly used hand-made alignments considering sequence
and structure derived from literature knowledge. In case of automatically
derived alignments, it might be an option to realign the sequences of an
RNA family taking both the predicted secondary structures and predicted
joint structure with other RNA families into consideration.
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(A)rip The flip-side of reducing the complexity of a folding problem by
introducing additional assumptions, is the uncertainty of the quality of the
solution. Point in case here is that arguably the two secondary structures did

smy-10 i //r% //f/mﬁ not evolve independently, but rather correlated by means of their functional
’ . o o o o5 interaction.
\ \ The RNA-RNA interaction problem exhibits a challenge long absent
SLd 5 l23is678901234567850123456 7890S 67690123456 789 — . from the folding of RNA secondary structures: the time efficient folding
N N

of MFE configurations. While the>(N?3) time complexity of the latter

is, even for long sequences, easy to work with, it is clear that the
O(N®) time complexity of the former has to be improved. At present,
the only alternative to the DP-paradigm are heuristic based algorithms and
both approaches complement each other well. When encountering new
(B) ri pal i gn without structure-constraint scenarios, like théJ4/U6 interaction or theSmY-1{5L-1 interaction ofC.
elegans it seems however safer to explore the entire configuration space
and make use of statistical information via the partition function—even at
the high computational cost. For thi/U6 and theSmY-1{5L-1linteraction

ri pal i gn offers a detailed picture of the interaction and identifies potential
interaction regions. Within its complexity limitatioms pal i gn is capable
capturing the entire space of RNA interaction structures and allows to
reconstruct the latter via Boltzmann sampling.

Itis likely that the next milestone for RNA-RNA folding algorithms lies
neither in DP-foldings nor in heuristics. Deeper structural understanding
(C)ri pal i gn with structure-constraint of the landscape generated by arc-configurations over fixed sequence
alignments is the key here. Advances on this topic will eventually lead to

SmY-10

SL-1 37—

S0 o BB %ﬁ W provable error bounds and thereby simultaneously make the DP-paradigm
B\ . ’ 2343678 and heuristics obsolete. At the same time this might allow us to understand
. . thead hocdefinition of joint structures due to (Alkagt al, 2006), which is
sl e \\\&&//j/ S 100 \&// intimately connected to the topology of the configuration.
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Fig. 7. ripalign versus rip: Interaction of two specific RNA
molecules, SL-1 and SmY-10 of Caenorhabditis elegans The Sm-
binding sites (colored in red) in the RNA molecul&nY-10and SL-

1 are 5-AAUUUUUG-3 (R[56, 62]) and 3-GUUUUAA-5'(S[25, 31]),

respectively. The joint structure contains a single interior &5¢Ss7(A),

which is predicted byrip implemented by Huanget al. (2010).
The joint structure (B) is predicted by i palign without any
structural constraints. The joint structure (C) is predictedr bypal i gn

under the structural constraints thetAAUUUUUG-3' (R[56, 62]) and
3'-GUUUUAA-5'(S[25, 31]) are Sm-binding sites in the RNA molecules REFERENCES
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