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ABSTRACT

Motivation: Due to the importance of considering secondary
structures in aligning functional RNAs, several pairwise sequence—
structure alignment methods have been developed. They use
extended alignment scores that evaluate secondary structure informa-
tion in addition to sequence information. However, two problems for
the multiple alignment step remain. First, how to combine pairwise
sequence-structure alignments into a multiple alignment and second,
how to generate secondary structure information for sequences
whose explicit structural information is missing.

Results: We describe a novel approach for multiple alignment of
RNAs (MARNA) taking into consideration both the primary and the
secondary structures. It is based on pairwise sequence—structure
comparisons of RNAs. From these sequence-structure alignments,
libraries of weighted alignment edges are generated. The weights
reflect the sequential and structural conservation. For sequences
whose secondary structures are missing, the libraries are generated
by sampling low energy conformations. The libraries are then pro-
cessed by the T-Coffee system, which is a consistency based
multiple alignment method. Furthermore, we are able to extract a
consensus-sequence and -structure from a multiple alignment. We
have successfully tested MARNA on several datasets taken from the
Rfam database.

Availability: MARNA can be used online on our webpage
www.bio.inf.uni-jena.de/Software/MARNA/index.html

Contact: backofen@inf.uni-jena.de

INTRODUCTION

In recent years, RNA molecules gained increasing interest since
a huge variety of functions associated with them was found.
Consequently, research on small RNAs has been elected as the
scientific breakthrough of the year 2002 by the readers of the
Science magazine (Couzin, 2002). The function of an RNA-
molecule is mainly determined by its (secondary) structure. It is
assumed that the structure of an RNA is often more conserved
than its sequence (even more than for proteins). Hence, one
cannot use standard multiple sequence alignment techniques like
e.g. Clustal W (Thompson et al., 1994), Dialign (Morgenstern,
1998) or T. Coffee (Notredame et al., 2000) since they completely
neglect structural information.

*To whom correspondence should be addressed.

Multiple sequence- and structure-based alignments of RNAS can
be divided into two major classes, the probabilistic and the non-
probabilistic approaches. Probabilistic approaches are based on
stochastic context-free grammars (SCFG) and require aninitial mul-
tiplealignment asinput. The quality of the outputs crucially depends
on this initial alignment. They are used to model RNA-families
and/or to predict a secondary structure via comparative anaysis
[e.g. Cove (Eddy and Durbin, 1994), RNACAD (Brown, 1999) and
Pfold (Knudsen and Hein, 2003)]. A non-probabilistic, comparat-
ive approach is e.g. given by RNAlign (Corpet and Michot, 1994)
that performs an alignment between abank of aligned sequencesand
anew sequence.

In this paper, we propose a non-probabilistic approach to align
a set of more than two RNAs with or without known conforma-
tions. The standard approachisto performdirect pairwise alignments
of RNAs using sequence and (secondary) structure information and
to combine the pairwise alignments into a multiple alignment. No
general approach yet exists albeit there is a wedlth of approaches
for pairwise alignment of RNASs (see below). The reason is that the
results of the pairwise sequence/structure alignments cannot simply
be aligned in a progressive way (like profiles for sequence align-
ments). To the best of our knowledge, there are only two exceptions,
namely PMcomp/PMmulti (Hofacker et al., 2004) and RNAforester
(Hoéchsmann et al., 2003). PMcomp aligns RNA base pairing prob-
ability matrices and predicts a common folding structure between
two sequences. PMmulti uses PMcomp in a progressive align-
ment strategy and provides multiple alignments with good qualities.
However, it has a high complexity of O (1®) time and O (n*) space
for the pairwise comparisons. In RNAforester, secondary structures
are interpreted astrees, and a tree-based alignment is applied.

We solved the problem of combining pairwiseaignmentsof RNAs
asfollows. First, alignment edges between RNAsreflecting sequence
and structure similarities are generated based on an agorithm
published by Jiang et al. (2002). In a second step, these edges are
collectedinalibrary, whichisgiven asinput to the multiple sequence
alignment method T-Coffee (Notredame et al., 2000). Structural
positions that are supported by several pairwise comparisons are
strengthened. Hence, the result comprises sequence and structure
similarities of RNAs albeit the progressive alignment strategy isin
principle not structure-based.

We have used the algorithm of Jiang et al. (2002) sinceit provides
the greatest scoring flexibility and has moderate complexity. But
any other sequence- and structure-based pairwise alignment method
can also be adapted to our approach. The computational problem of
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MARNA: multiple alignment of RNAs

pairwise alignment of RNAs was first addressed by Sankoff (1985),
who proposed adynamic programming algorithm that aligns a set of
RNA sequenceswhile predicting their common fold at the sametime.
Subsequently, a variety of pairwise sequence-structure alignment
approaches have been devel oped. Lenhof et al. (1998) addresses the
problem of optimally aligning a given RNA sequence of unknown
structure to one of known sequence and structure. Local pairwise
RNA-alignmentsusing thesamescoring schemeasJiang et al. (2002)
are considered by Backofen and Will (2004). Beside the above listed
approaches, there are severa approaches that work on a tree based
representation of RNAs(seee.g. Jiang et al., 1995; Hochsmannetal .,
2003; Shapiro and Zhang, 1990).

We tested our approach on eukaryotic SECIS-elements on
tRNA-like 3 UTR elements from Tymovirus/Pomovirus and on the
Hammerhead ribozyme (typelll). We compared our MARNA results
with the manual alignments taken from the Rfam database and with
the alignments generated by PMmullti.

METHODS

A sequence S isaword over the alphabet { A, C, G, U}. S[i] denotes the i-th
symbol in S. Anarca isapair (i,j) € Nx Nsuchthati < j.i and j are
caledendsof thearca. A baseiscalled freeif itisnotinvolvedin any arc. A
secondary structure P isaset of arcs such that no end of an arc appears more
thanoncein P. Here, we consider secondary structuresthat arenested, i.e. for
any two base pairs (i1,i2) € P and (j1, j2) € P, we have either independent
base pairswith i, < jy or jo < i1, or nested base-pairswith i1 < j1 < j2 <
i20r j1 < i1 < iz < jp. Wecal thetuple S = (S, P) a sequence-structure.
In the following, all RNAs are specified by their sequences and their known
secondary structures. Unknown structures will be handled in alater section.

We use the gap symbol ‘=" to denote an inserted/deleted nucleotide. An
alignment A of two sequence-structures S; = (S1, P1) and Sz = (S2, P2) is
asubset of [1..]S1]]1U {=} x [1..|S2|] U {=}, wherefor al pairs (i, j), (i’, j') €
A holds

Wi<i'=j=<j

@ i=i'"#=-=j=jad

Q@ j=Jj#==i=1

In addition, we require that for every i € [1..|S1]] there is some j with
(i,j) € A, andviceversafor j € [1..|S2]]. The pairs (i, j) € A arecalled
alignment edges. We say that i € [1..|S1]] is aligned with j if (i, j) € A,
and analogously for j € [1..|S2|]. An alignment edge (i, j) € A iscaled
realized if neither i ==nor j ==.

Pairwise alignment scores

The scoring of an alignment A of two sequence-structures S; = (S1, P1) and
S2 = (82, P») is based on the notion of edit operations on bases as well as
on arcs. We briefly recall the edit operations from Jiang et al. (2002), and
present a slightly modified version of their distance-based scoring scheme.

Edit operations on free bases are base match, base mismatch and base
deletion. A base match has cost 0, base mismatch and base deletion have
positive costs. We combine these cost functions into a single cost func-
tion Wpase(Z, j), Where Wpase(i, j) = O only if S1[i] = S2[j]. We will feel
free to write either the positions or the nucleotides as arguments in the cost
function whereever necessary.

For arcs, we have amore complex scoring scheme. Consider anarc (i, i) €
Py suchthat i isaligned with j and i’ isaligned with j’. An arc match occurs
if j,j' formanarc (j,j’) € P2, Salia] = Szlja] and Siliz] = Salj2]. We
have an arc mismatch if (j, j') € Py, but S1[i1] # S2[j1] or S1liz] # S2[j2].
Arc matches have cost 0, whereas arc mismatches have cost Wam (i, i/, j, j')-
On the other hand, if (j, j') € P2, then we have an arc deletion with cost
Wog(i,i’, j, j/). Lin et al., subdivided arc deletions into arc breakings, arc
alterings and arc removings. An arc breaking occurs if none of j and j’

arc deletion

arc mismatch

arc match

Fig. 1. An alignment of two RNAs with corresponding edit operations on
arcs. Alignment edges between bases are shown as solid lines (realized
edges) and dashed lines (non-realized edges). Thethickness of realized edges
corresponds to similarity weights between bases. Non-realized alignment
edges are skipped for the multiple alignment step.
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Fig. 2. Independent scoring of both arc ends.

equalsthe gap symbol =. If exactly oneof j, j’ equals=, then we have an arc
atering. If both j, j* are equal to =, then we have an arc removing. The edit
operations on arcs are summarized in Figure 1.

Thetotal score of an alignment isthe sum of costs of all applied edit oper-
ations that transform one sequence-structure into the other. The complexity
of finding an alignment with minimal costs is determined by the way arc
deletions are scored. Jiang et al. (2002) presented a dynamic programming
algorithm that solves this problemin O (n2m?) timeand O (nm) space under
certain restrictions on the scoring of arc deletions. In effect, this requires the
existence of functions W’ad(i, J) and wi,(i’, j") for the left and right ends,
respectively, such that

Wad (0,1, ., J') = Wy (i, J) + Wi (', ).
In the following, we will not distinguish between left and right ends of an
arc, i.e wesetVi, j 1 Wiy, j) = Wiy(i, j) = W (i, ), wherewag® (i, ) is
asingle function to score both ends of an arc.

The effect of this restriction is that one can evaluate both arc ends in an
alignment independently, which is a necessary prerequisite for the dynamic
programming algorithm. This situation is depicted in Figure 2.

In our approach, we even simplify the scoring scheme further by defining
W (i, j) to be composed of a base match, base mismatch or base deletion
together with afixed cost for deleting an arc. Hence, we set

. R !
Wad”(l,J)=Wbase(l,J)+§W§8“S‘,

where w$3™ isthe cost for deleting one arc.
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Multiple alignment

T-Coffee  Oncethe sequence-structure alignments have been cal cul ated for
al pairs of input sequences, we construct the so-called library. A library for
a pairwise alignment of two sequence-structures consists of the set of all
realized edges together with a weighting of each edge. Then, the libraries
for all pairwise alignments are given to T-Coffee (Notredame et al ., 2000) to
build asingle multiple alignment.

The T-Coffee system is a consistency based alignment method that
combines local and global information to produce a multiple alignment in
the following manner. First, an extended primary library is produced that
improves al pairwise alignments by taking into consideration how all other
sequences align with the current two RNAs. Edges achieve higher weights
if the bases at the end points of these edges are also aligned with other
sequences. Second, theimproved dataset of pairwise alignmentsis processed
by a progressive alignment strategy. A distance matrix is computed between
all sequences using the improved weights of alignment edges. Subsequently,
the neighbor-joining method (Saitou and Nei, 1987) provides a phylogenetic
tree, which dictates the order of aligning these sequences. Since the initial
libraries were generated from sequence-structure alignments, the resulting
multiplealignment reflectsthe sequential and structural similaritiesof RNAS.

Distanceand similarity Theweightsattached to realized edgesinthelib-
raries correspond to similarity weights. For that reason, we have to transform
the distances defined in the previous section into similarity values. Smith and
Waterman (1981) solved the problem of transforming distances into similar-
ities for edit operations on bases. We extend this approach to our set of edit
operations. The main observation of Smith and Waterman (1981) is that one
has to consider the number of nucleotides r involved in an edit operation.
We call this number the order of the edit operation. In our case, we have edit
operations with r = 4 (arc match and arc mismatch), » = 2 (base match
and base mismatch) and r = 1 (base deletion). Since we have split the arc
deletion operation into two separate edit operations for the arc ends, we have
an edit operation with r = 2 if the arc end is aligned with a nucleotide, and
an edit operation with r = 1if the arc end is aligned with —.

By enumerating all different edit operations, we can write the distance
score of an alignment A as

dist(A) =Y Y w kg,
rok

where w”* isthe cost for the k-th edit operation of order r (for r = 4,2, 1),
and )&gk is the number of times the k-th edit operation of order r isused in
the alignment .A. Then we can rewrite the distances w™* into similarities s”**
asfollows:

THEOREM 1. Consider a scoring scheme where w’ ¥ isthe cost of the k-th
edit operation of order r. Let AMSP be any fixed value, which is interpreted
asthe maximal similarity per nucleotide position we want to achieve. Define
the similarity s for the k-th edit operation of order r by

Sr,k -7 AMSP _ wr,k'
Then the alignment A which minimizes dist(A) is the alignment that
maximizesSm(A) = Y, Y, %37}, and vice versa.

PROOF 1. Theoptimal alignment for two sequence-structures S1 = (S1, P1)
and S, = (82, P») under the similarity scoreis given by

argmax [Z TR ]

Aopt =
A dign.of 81,52 | °; ©

r.k

= argmax {Z(rAMSP —w s }
A

= argmax lAMSPZrA:‘ik - Z w"k)&k]
A

rk rk

Since any nuclectide position is involved in exactly one edit operation, we
know that 3, r)L;"k is the total number of nucleotide position involved in

edit operations. Hence, ., r)&gk = |S1| + |S2[. Thus,

Agpt = argmax {AMSP(Sl SNV ED w"kxj;(‘}
A r.k

= argmax {— > w""k&;"] = argmin [Z w kg ’ .
A
r.k

A r.k

Thus, one has only to choose the maximal similarity per position AMSP
to transform the distance score into a similarity score without changing the
global optimal alignment. Albeit it does not change the global optimal align-
ment, it isimportant for the T-Coffee system since only therealized edges are
considered when combining the pairwise alignments into a multiple align-
ment. Thisimpliesthat alignment edges containing a gap have aweight of 0.
To achieve agood approximation to this, we set

rk

W'
AMSP — max )
rk r

The above theorem can also be extended to vary the contribution from struc-
tural and sequential positions for the generation of the multiple alignment.
Obviously, the distance score is flexible enough to strengthen either struc-
tural or sequential positions. Structural positions are strengthened by rising
the constant cost for arc deletion (i.e. wiS™'). But thisis somewhat lost if we
have the same maximal similarity for structural and sequential positions. This
leadsto the following modification of the theorem. We say that that aposition
i inthe sequence-structure S = (S, P) isastructural position if thereisan i’
with (i,i") € P or (i’,i) € P. Thepositioni isdefined to be sequential other-
wise. Theorder of an edit operation is now defined by two values rgr and rseq,
which are the numbers of structural and sequential positionsin the edit oper-
ation, respectively. For an alignment A the value 2’} " * denotes again the
number of timesthek-th edit operation of order rgy, rseq isusedin A. Thenwe

canwritethe distance score of A asdist(A) = 3=, .« w’str”seq’erj"rm'k.

THEOREM 2. Let w'sr"sak e the cost of the k-th edit operation of order
Fsir, Tseq- Let AMSP be the maximal similarity for structural positions, and let
ARS be analogously defined for sequential positions. Define the similarity
for the k-th edit operation of order rgr, rseq by

shsrrsegk — o AZIFSP + rseq Ag/leqSP — 'k

Then the alignment .4 which minimizes dist(.A) is the alignment that maxim-

. S Teeqk  r e k .
izesthe similarity Sm(A) = 3, oo sTanERRE and vice versa.,

The resulting scoring scheme is depicted in Table 1. As discussed above
for AMSP, agood choicefor AYS” (resp. ANSP) isto usethe maximal cost for
edit operationsinvolving only structural (resp. sequential) positions. Another
possibility is to choose AMSP such that the maximal weight for a single
edge (namely 2ANSP) equals the maximal value allowed in T-Coffee. This
is areasonable choice if there is a high confidence in the structures selected
for the sequences, and one wants to ensure that the structural positions are
aligned. Notethat in the current implementation of MARNA, we usethe same

MSP
valuesfor AYS” and AYS”.

Combining several structures

The previously described approach uses one given structure for each
sequence, which could befor example an experimentally confirmed structure.
Usually, thestructureisnot known and hasto be computed by secondary struc-
ture prediction programs like Mfold (Zuker, 1994) or RNAfold (Hofacker,
2003). Here, we are confronted with the problem that very often the real
motif is not found in the minimum free energy structure, but in some
sub-optimal structures.

A better strategy is to assign several structures to each sequence cover-
ing different possible folds of the sequence. To generate an ensemble of
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Table 1. Edit operations on arcs together with the associated distances and their similarity values given to the T-Coffee system

Edit-Op Name Distance Similarity
A . e T
| Arc match 0 4. Agnrsp
A . e U
A P T
| Arc mismatch Wam(A,U,G,C 4. A —wam(A,U,G,C
str
G. P C
N4
N Arc breaking
}I\ T Arc altering Wiase(A, G) +1 wgons AYS + AV — Woase(A, G) — 3 W™
G- - (realized edge)
A - ' Arc breaking
| Arc altering Woase(A, G) + w3 2. AMP _ Wiae(A, G) — Wt
G- - (realized edge, two arcs)
N
N Arc breaking
}I\' T Arc removing Wpase(A, =) + 3 WS no realized edge

(non-realized edge)

Note that for arc-match and arc-mismatch, we assign half of the total similarity value to each alignment edge when building the library.

low energy structures, we have used the stochastic backtracking version of
RNAsubopt (ViennaRNA package) as well as RNAshapes (Giegerich et al.,
2004). Thelatter avoidsthe production of alarge number of similar structures.
Theresultisausually small set of different structuresEs = {PS1 .. Pg’s }fora
sequence S. Inthefollowing, wecall £s theensembleof thesegquence S. Since
thestructures P§ in &g occur withdifferent frequenciesin thelow energy spec-
trum, they have to be weighted. The weight for each structureis given by the
conditional probability Pr(PSk |Es) of seeing thisstructure under the condition
that only structures of the ensemble £ are considered. Thus, we have

Pro[P§]
> Prerpgl’

1<i<n

Pr(P¥|Es) = D

where Pr’[ PL] is the Boltzmann probability that S forms the structure P%.
Since RNAshapes often returns structures with similar energies, we approx-
imate Pr(P§|SS) by the uniform distribution in our current implementation
of MARNA, thus avoiding the calculation of the Boltzmann probabilities.

Next, we have to use the different structures to form a single library for a
pair of sequences. So let 1 and S» be two sequences. Assume that we have
selected n1 structures for the first sequence and n; structures for the second
one. In this setting, n1 = 1 (resp. n; = 1) means that we have a unique
known structurefor S1 (resp. S2). Thus, we are able to mix sequences having
known structures with sequences where we do not know the structures. Let
Es = {Psl1 ... Pgll} and &, = {Psl2 ... szz} be the ensembles of structures
selected for sequences S1 and Sz, respectively. Then we perform ny x n
sequence-structure alignments for (81, P§1) and (S2, sz) 1<k < ny,
1 <[ < ny). All realized edges from these alignments are then collected into
asinglelibrary. For edgesthat are common to several alignments, theweights
are summed up. In order to achieve weights that are consistent with other
libraries, the combined similarity values of the realized edges are normalized
by muiltiplying them by Pr(P§ | €s,) - Pr(Pg, | Es,).

Consensus structure

Once we have computed the final alignment, we are ready to caculate a
consensus structure from thisalignment. The standard approach isto estimate

possibly conserved bonds by means of the mutual information content
[e.g. Luck et al. (1999), Gutell and Woese (1990), Chiu and Kolodziejczak
(1991) and Gutell et al. (1992)] between al columns i and j in a given
alignment. The keynoteisthat if there is not very much sequence conserva-
tion in these columns, but the columns show a high correlation measured by
the mutual information content, then this must be due to a conserved bond.
Hofacker et al. (2002) extended thisapproach by considering the probabilities
of forming these base-pairs.

In our case, the situation is different since we explicitly use structure
information for the calculation of the alignment. Hence, the calculation of
the consensus structure should be based on these given structures.

Toexemplify thebasicidea, supposethat exactly onestructureper sequence
is given. Thus, each structure must then be interpreted as the ‘real’ known
structure. A conserved base pair between two columns in the alignment is
found if the majority of sequences have a base pair at the corresponding
sequence positions. The remaining problem is that the resulting set of con-
served base pairs alone does not form anested secondary structure and isthus
not avalid consensus structure. Thisis a problem common to all approaches
for calculating a consensus structure. The usua solution is to calculate a
secondary structure that maximizes base pair conservation. So let ¢, ¢’ be
two columns with 1 < ¢ < ¢’ < m, where m is the number of columns
of the multiple alignment. Furthermore, let bp_cons(c, ¢’) be the number of
sequences that have a base pair between the corresponding sequence pos-
itions. The consensus structure is then defined to be a secondary structure
P C [1..m] x [1..m] such that

> bp_cons(c,c’)
(c,c)eP

is maximized. This can be calculated using a variant of the Nussinov
agorithm (Nussinov et al., 1978). For this purpose, we defineamatrix (N; ;)
with1 < i, j < m, where

Ni j = max > bp_cons(c,c)
(c,c'ye P

i§r<c/§j
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is the maximal base pair conservation for al columns betweeni and j. The
corresponding recursion equation for this matrix is

Nit1,j,

Nij-1,

Nij=max{ Niy1;-1+ bp_cons(, ),

MaX; <k <j | Nii+k + Nitk+1,j

It is a dynamic programming approach, where the traceback reports the
consensus structure of the alignment.

Finally, we have again to consider the case where we are given structure
ensembles for some (or all) sequences. The overal structure of the approach
is the same, only the definition of conserved base pairs has to be adapted,
i.e. the definition of bp_cons(c,¢’). If we have several structures for one
sequence, then the probability of seeing a particular base pair depends on the
probabilities of the structures that contain this base pair. Hence, we can only
calculate the expected number of occurrences of base pairs for two columns
¢ and ¢’. Thus, we redefine bp_cons(c, ¢’) as follows. Consider a multiple
aignment of K sequences. For each sequence Sg, let & be the ensemble of
structures calculated for Si. For each column ¢, let i¥ be either the position
that corresponds to column ¢ in sequence S (if aligned), or = otherwise.
Furthermore, let §p(c,c’) be the index function of P, i.e. §p(c,c’) is1if
(c,c’) € P, and 0 otherwise. Then

K
bp_cons(c,’) = D Y~ 8p (if,ik) - Pr[P | €5,

k=1 Pe&
where Pr[P | £, ] is defined as given in Equation (1).

Complexity

Here, we assume that all sequences have nearly the same length L and that
we generate an ensemble of E structures for each sequence. Note that by
using RNAshapes, E istypically small (up to three sequences). The running
time of one pairwise alignment is O (E2L%). We have to make N(N — 1)/2
comparisons in a set of N RNAs. Therefore, the pairwise comparison step
needs O (E2N2L*) computation time. The most time consuming part of the
multiple alignment step consists of building the extended library, which takes
O(N3L?) steps in the worst case (Notredame et al., 2000). Altogether, the
dominating alignment complexity is given by

O(E®N?L* + O(N3L?)

APPLICATION

Our agorithmic approach of multiple alignment of RNAs can be
used online at our MARNA server. The maximal sequence length of
one RNA is restricted to 500 bases. The maximal number of RNAs
depends on the sequence lengths. The sum of al sequence lengths
is restricted to 10000 bases. MARNA is capable of aligning RNA
sequences with known as well as unknown secondary structures.
In the latter case, the user can choose whether to assign for every
sequence a known structure or an ensemble of several structures
automatically generated by RNA shapesor by stochastic backtracking
(as part of RNAsubopt, implemented in the Vienna RNA Package).
We havetested MARNA on three datasets from the Rfam database
(Griffiths-Jones et al., 2003). We compared the alignments as well
as the consensus structures given from the Rfam database with the
output of the two different alignment tools T-Coffee and PMmuilti.
The manual alignment and the consensus structure from the Rfam
database serve asthe reference. For MARNA and PMmulti, we have
compared the consensus structures as proposed by the programs. If
RNAadifold (Hofacker et al., 2002) yielded a better consensus struc-
ture, we have also displayed this one. For T-Coffee, we have used
RNAalifold (Hofacker et al., 2002) to predict the consensusstructure.

The first dataset consists of seven randomly chosen eukaryotic
SECI S-elements (sel enocysteineinsertion sequence, Rfam accession
number RFO0031). SECIS-elements are necessary for theincorpora-
tion of selenocysteineinto aprotein sequencedirected by anin-frame
UGA codon (usually a stop codon) within the coding region of the
MRNA.. Selenoprotein mRNAS contain aconserved secondary struc-
ture in the 3 UTR that is required for the distinction of UGA stop
from UGA selenocysteine. The sequences are ~60 nt in length and
adopt a hairpin structure that is sufficiently well-defined and con-
served, but the primary sequences differ. This dataset is especialy
hard for sequence-structure alignment programs since it contains
four non-standard base pairs (U-U, G-A, A—G, C-U) in the lower
part of the stem.

Themanual alignment was made from 25 SECI S-elementsout of a
total set of currently 65 SECI S-elements. We have chosen 7 out of the
25 sequences randomly. The manual alignment isshownin Figure 3
and serveasthe‘true’ alignment. Analignment with T-Coffeereveals
some nucleotide similarities among sequences, as expected, but are
not suited for the prediction of aconsensus structure. Here, MARNA
detects the long stem structure with the characteristic bulged A'sin
the upper loop (Lambert et al., 2002). For this test case, we used the
predicted minimum free energy (mfe) structure for each sequence.

We aso aigned all the 65 SECIS-elements using MARNA with
mfe structures and with ensembles cal culated by RNAshapes and by
stochastic backtracking (as part of RNAsubopt, Vienna RNA Pack-
age). We have compared these results with the results of PMmullti.
The results are summarized in Table 2.

The second dataset consists of 22 tRNA-like structures, found in
the 3 UTR of Tymoviruses and Pomoviruses. They were also taken
from the Rfam database. The family is thought to be involved in
the initiation of minus-strand synthesis and the disruption of the
pseudoknot gives rise to a 50% drop in transcription efficiency.
MARNA (both with mfe structures as well as with structure
ensembles) is able to detect the four stems as well as the single
G between the first and second stem. For PMmulti, the four stems
are detected when using RNAadlifold in addition (Fig. 4).

Finally, we have used the objective function given by Bali Base
benchmark program (Thompson et al., 1999) to compare al gener-
ated alignments, again taking the Rfam alignments as a reference.
The benchmark program returns two scores, namely SP (sum of
pairs) and TC (total columns). SP measures the ratio of the number
of correctly aligned pairs, whereas TC measures the number of cor-
rectly aligned columns. Since conservation of columns is different
in sequence alignments and sequence-structure alignments, we have
used only the SP-score. The results are summarized in Table 2.

DISCUSSION

We have presented a multiple alignment method for RNAs con-
sidering both the primary sequences and the secondary structures.
It generates pairwise sequence-structure alignments and combines
them using T-Coffee. Hence, MARNA is not only a structure
alignment tool, but also considers sequence similarities. The main
advantage is to set individual parameter values capable of weight-
ing either sequence or structure properties. Concerning structures,
one can use either user-defined structures, or let MARNA predict an
ensemble of low energy structures.

MARNA can betested online on our website. Although apairwise
comparison needs time complexity of O (n?m?) for two RNAs of
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(a) Manual Alignment :

L37762  CUCGCUAUAUGACGAUGGCAAUC.UCAA..AUGUU. ...CAUU. . .GGUUGCCAUUUGAU . GAAAUCAGUUUUGUGUG
Uue7171 GACGCUUCAUGAUAGGAAGGACU . GAAA . AGUCUU . GUGGACACCUGGUCUTUCCCUGAU . GUUCUC. . ... .GUGGC
AB022283 GCCAGAUGAUGAGGACCUGUGCG.GAAA,CCCCCC.G.CGGGC. .. UGCCCAUGUCUGAG. .CCCL . ..., . . CUGGC
X12367  GUUUUUCCAUGACGGUGUUUCCUCUAAA. .UUUAC. ...AUG. . . .GAGAAACACCUGAUUUCCAG. . . . . . ARARAU
AL049837 GUGUGCGGAUGAUAACUACUGAC . GAAA . GAGUCAU . CGACUC . . AGUUAGUGGUUGGAU . .GUAG. . . . . . UCACAU
AF136399 GUCAGAUGAUGAUGGCCUGGGCA.GAAA. .CCCCAUG.UGGGC. . .CGCCCAGGUUUGAR. .CCC. o\ vu. .. CUGGC
579854 CACUGCUGAUGACGAACUAUCUC . UAA . CUGGUCUUG. .ACCA. .CGAGCUAGUUCUGARA. .UU.G. .. .. . . CAGGG
(b) T-Coffee Alignment : 2
A
L37762 CUCGCUAUAUGACGAUG---GCAAUCUCAAAUGUUCAUUG==~======m= GUUGCCAUUUGAUGAAAUCAGUUUUGUGUG
U67171  GACGCUUCAUGAUAGGA--AGGACUGAARAGU----CUUG-UGGACACCUGGUCUUUCCCUGAUGUUCUCGUGGC ===~ I
AB022283 GCCAGAUGAUGAGGAC-—--- CUGUGEGGARACCECCT-———==——~ GCGGECUGCCCAUGUCUG-————~ AGCCCCUGGE ]
12367 "
AL049837 (]
AF136399 A
579854 s

(c) PMmulti Alignment :

L37762
UeT171
AB022283
X12367
ALO49837
AF136399
579854

L37762
Ue7171
AB022283
X123867
ALO49837
AF136399
579854

—CUCGCU-AUA-UGACGAUGGCAAUCUCAARUGUUCAUU-GGUUGCCAUUUGAUGAARUCAGUUUUGUGUG
GACGCUUCAUGAUAGGAAGGACUGAARAGUCUUGUGGACACCUGGUCUUUCCCUG-AUG-UUCU-CGUGGC

-==GCC--AGAUGAU-G-AGG-A-CCUGUGCGGAAACCCCCCGCGGGCUGCCCAUGUCUGAG-CCCCUGGT %u
-——GUU--UUUCCAUGA-CGGUGUUUCCUCUAAAUUUACAUGGAGAAACACCUGAUUUC-CA-G-ARARAU
===GUG--UGCGGAUGA-UAACUACUGACGAARGAGUCAUCGACUCAGUUAGUGGUUGGAUGUAGUCACAU
-==GUC--AGAUGAUGA-UGGCCUGGGCAGAAACCCCAUG-UGG-GCC-GCCCAGGUUUGAA-CCCCUGGT
—-——CAC--UGCUGAUGA-CGAACUAUCUCUAACUGGUCUU-GAC-CACGAGCUAGUUCUGAA-UUGCAGGG
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(d) MARNA :

L37762
Uue7171
ABOZ2283
X12367
ALO49837
AF136399
579854

L37762
Ue7171
AB022283
X12367
ALO49837
AF136399
579854

CUCGCUA---U-AUGA-CGAUGGCAA-UCUCAA————— AUGU-UCA-UUGG-UUGCCAUUU-GA-UGAAAUCAGUUUUGU-GUG—
GA---CG-CUUCAUGAUAGGAAGGAC-U-GAAAAGUC-UUGUGGACACCUG-GUCUUUCCCUGA-UGUUCU - —-————— CGUGGT
Go=m——= CCAG-AUGA--UGAGGACC-UGU-GC-GGA-AACCC-CC-CGCGGGCUGCCCAU-GUCUGAGCC-~~~-----CCUGGC
GU--UUUUCC--AUGA-CGGUGUUUCCUCUAARA~ -~~~ UUUA--C-AUGGA-GAAACACCU-GA-UUUC--CA----GAAAAAU-
GU--GUG-CGG-AUGA-UAACUA-CUGACGAARGAGUCAUC-GACUC-AGUUAG-UGGUUG-GA——-UG-—-UA-———GUCACAU-
GU--CAG-AUG-AUGA-UGGCCU-GGGCAGAARCCCC-AUGU-GGGC-CG-CCC-AGGUUU-GA——-AC——CC—————— CUGGC—
CA--C-UGCUG-AUGA-CGAACUAUC-UCUAACUGGU-CUUG-ACCA-CGA-GCUAGUUCU-GA---AU--U---—- GCA-GGG-
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Fig. 3. Comparison of multiple alignments and consensus structure predictions of seven randomly chosen SECIS-elements taken from the Rfam database.
(a) The restriction of the manual alignment in Rfam to the seven sequences. The consensus structure is proposed by Rfam, i.e. generated of all 65 SECIS
elements. (b) The T-Coffee alignment is based on nucleotide similarities and thus disregards structural conformations. It is not surprising that the consensus
structure contains no base-pairing interactions. (¢) PMmulti detects some bonds, but does not identify the hairpin. (d) MARNA finds the hairpin-like structure
aswell asthe buldged A’'sin the upper loop of the motif (indicated by ared arrow), which are required for the SECIS-element.

lengths n and m, and thus limits the input sequence lengths to 500
bases, MARNA has been tested successfully on many RNAS like
tRNAS, rRNAs and ncRNAs.

This paper isbased on aprevious version published in the German

Conference of Bioinformatics (Siebert and Backofen, 2003). It has  the Balibase benchmark test.

been extended in several ways. We have added the use of structure
ensembles and provided a formal description for the calculation of
the alignment weights. Furthermore, we added the calculation of a
consensus structure and compared our results with PMmulti using
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(a) Manual Alignment

(b) PMmulti

(¢) PMmulti+RNAalifold

(d) MARNA (mfe)
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Fig. 4. Consensus structure predictions for 22 tRNA-like structures, found in Tymovirus and Pomovirus. (a) The consensus structure of the manual alignment
contains four distinct stems. (b) The proposed structure of PMmulti detects two of the four stems. (¢) An improvement of the structure prediction applied to
the same computed alignment can be achieved by RNAalifold (part of the Vienna RNA package). (d and €) MARNA is able to detect all four stemsin case of
assigning the mfe structure as well as the shape structure to each sequence. Both consensus structures are very close to the Rfam consensus structure.

Table2. Evaluationof MARNA and PMmulti alignments using the SP-score
of the Bali Base benchmark program

RFam MARNA MARNA MARNA PMmulti
Accession-No. (mfe) (shapes) (ens)

Sequences

SECIS-elements  RF00031 0327 0351 0.286
(7 rand.)

SECIS-elements RF00031 0.463 0447 0162
@l 65)

Tymovirug/ RF00233 0715 0782 |0837| 0730
Pomovirus

Hammerhead ~ RF00008 0785 |o0811| 0742 069

The first and third dataset have been already analyzed in Figures 3 and 4. Addition-
ally, we compared the whole dataset of the 65 SECIS-elements and the Hammerhead
ribozymes (type I11). MARNA has been tested in different combinations, namely with
mfe structures and structure ensembles generated by RNAshapes and by the stochastic
backtracking of RNAsubopt (using three structures per sequence). Values in the table
indicate the similarity to the reference manual alignment. They vary between 0 and
1. The maximum value for each test set is highlighted. They are reached by MARNA
alignment with shape and ensemble structures.

aNote that for the Hammerhead set, PMmulti aligned only 78 of the 85 sequences.
Here, the reference alignment is the subalignment of Rfam corresponding to these
78 sequences.
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