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ABSTRACT

Motivation: The well-known Sankoff algorithm for simulta-
neous RNA sequence alignment and folding is currently con-
sidered an ideal, but computationally over-expensive method.
Available tools implement this algorithm under various prag-
matic restrictions. They are still costly to use, and it is difficult
to judge if the moderate quality of results is due to the
underlying model or to its imperfect implementation.

Results: We propose to re-define the consensus structure
prediction problem in a way that does not imply a multiple
sequence alignment step. For a family of RNA sequences,
our method explicitly and independently enumerates the near-
optimal abstract shape space, and predicts as the consen-
sus an abstract shape common to all sequences. For each
sequence, it delivers the thermodynamically best structure
which has this common shape. As the shape space is much
smaller than the structure space, and identification of com-
mon shapes can be done in linear time (in the number of
shapes considered), the method is essentially linear in the
number of sequences. Our evaluation shows that the new
method compares favorably with available alternatives.
Availability: The new method has been implemented in the
program RNAcast and is available on the Bielefeld Bioinfor-
matics Server.

Contact: {robert,jreeder} @TechFak.Uni-Bielefeld.DE

INTRODUCTION

structure prediction were (Nussineval, 1978) and (Water-
man and Smith, 1978). Today’s methods use minimum free
energy folding, pioneered by Zuker and Stiegler (1981). Such
methods are widely used today, although it is known that
their results are not completely reliable (Doshial, 2004).
Better results are generally achieved by comparative analysis
of a family of homologous sequences, where sequence and
structure conservation is exploited, using a resolved tertiary
structure whenever available, sequence alignment, statistical
methods, and human expertise (Guétlal, 1992).

A first comparative approach based on thermodynamics
was formulated by Sankoff as early as 1985 (Sankoff, 1985),
which performs sequence alignment and minimal free energy
folding simultaneously. Its time complexity 8 (n°), with
space O(n?), for two sequences of length, and for
more sequences, it becomes exponential in the number of
sequences. Given these high computational costs, it seemed
unlikely that this algorithm would ever be put into practice.
For many years, it rested in oblivion.

Recently, however, interest in comparative methods for
RNA structure prediction has been nurtured by findings on
the functional versatility of RNA, and several related approa-
ches have been suggested. Some emphasize the sequence
conservation aspect, folding a predetermined sequence ali-
gnment under thermodynamic ruleRNAalifold Hofacker
et al, 2002). The other extreme emphasizes thermodynamics
and suggests to use multiple structure alignments of inde-

pendently folded sequencesdéhsmanret al., 2004). Other
e ) : o X
approaches directly implement Sankoff’s idea of simulta-
neous alignment and folding, but introduce various pragmatic

The role of RNA in all organisms is much broader and mor
fundamental than it was considered only recently (eeal.,

1993; Mattick and Gagen, 2001; Lee and Ambros, 2001 - .
Skryabinet al,, 2003; Pfefferet al,, 2004). With non-coding estrictions, e.gDynalign (Mathews and Tumer, 2002) and

RNA, the structure of the molecule is often essential for itSFoIdallgn (Gorodkin et al, 1997). I_:or a recent review of
! . these and other tools, the reader is referred to the study of
function. In analogy to coding RNA, where a conserved enco-

RN - ) . Gardner and Giegerich (2004).
ded protein hints at a similar metabolic function, structural Behind all these approaches. there is the oridinal Sankoff
conservation in RNA may give clues to RNA function and ! bp . : 9!

to finding of RNA genes. However, structure conservation isapproach as the ideal method — the one that every pro-

more complex to deal with computationally than sequencéJram.me,:5 to approximate in _dlfferentways. Makmg Sankoff
conservation. practical” has been a recurring theme at the meetings of the

computational RNA community. However, this road may
Comparative structure prediction and the Sankoff require so many pragmatic restrictions that the ideal looses

algorithm much of its attraction.
The secondary structure of RNA — the level of base pairing A Way out of this dilemma may be to change the definition

_ strongly determines the tertiary structure. As the latter jf @ consensus structure. In Sankoff's approach, the consen-
computationally intractable and experimentally expensive touS 1S @ folded sequence alignment that optimizes a combined
obtain, secondary structure analysis has become an acce zquence 3|.m|lar|ty and energy score. What if we drop the
ted substitute. Early computational approaches to secondal{Plicit multiple sequence alignment step (as this problem
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is known to be NP-complete)? Let us agree that a consersharing a common pattern of helix nesting and adjacency. The
sus structure for sequences . .., s is a set of structures near-optimal folding space contains only a (relatively) small
x1,- .., Tk, one for eachy;, that all have — in some mathema- number of shapes. Using abstract shape analysis, we enume-
tically precise sense — a common shape. Should a sequenee representative structures — one per shape, and only those!
alignment ofsq, . .., s, compatible with the consensus, also — for boths; ands,. The highest ranking structure pairand

be desired, it may be computed afterwards from. . ., 2, y;j, where both have the same shape, then forms our consen-
rather than fromsy, . . ., s, by multiplestructurealignment  sus pair. While the structures andy; are only similar, their
(Hochsmanret al,, 2004). The latter phase will certainly need shapes can be easily computed, and identity matching on sha-
to resort to heuristics, but for the first phase, there may be pes can be implemented in tird¥n - (IN; + N»)) as sketched
chance to achieve a complete and non-heuristic solution iabove — for significantly reducedl; and V.

acceptable time. These ideas will be rigorously described in the sequel, and
An alternative to the Sankoff method we shall report on their implementation and evaluation.

A hypothetical method To explain our new approach, let us RNA SHAPE ANALYSIS AND CONSENSUS
first consider a hypothetical, exhaustive method. 4end  SHAPES

so be two RNA sequences, both of lengthLet us enume- Abstract shapes
rate their foldings in order of increasing free energy, yielding P

T1,%a,...,xN, for sy andyy, ya, ..., yn, for sy. The num- We recall the basic definitions of abstract shape analysis.

bersN; and N, will be very large, even for smalt, but let

us ignore this for the moment. of all admissible structures under the given base-pairing

If 51 ands, have a common structure, there musthe- rules. For each structure € F(s), we can compute its
y; for somei andj. In fact there may be more such pairs. We free energyi(z).
rank them by(i + j), and the paifz;, y;) with minimal rank
is our predicted consensus. Just as well, we may produce the®
k top-ranking consensus pairs.

Using known algorithmic techniques, we can imple-
ment the enumeration i@ (n3 + n(N; + N)) time and o For efficient computation of shapes via dynamic pro-
O(n?) space, and the identification of common structures in ~ gramming, they have to be represented as treesSLet
O(n(Nl + NQ)) time and space, where we represent struc- be the tree-like domain of structures, dRda tree-like
tures as strings and employ keyword or suffix trees for fast ~domain of shapes. Ahape abstractionis a mappingr
identity matching. Clearly, if we add a third sequerggewith from S to P that preserves juxtaposition and embedding.
structureszy, 29, . . ., zn,, the (N1 + Ny) above is replaced o The abstract shape spaceof sequences is P(s) =
by (N1 + N2 + N3), and hence, this method is additive in {m(z)|lx € F(s)}. The class of-shaped structures in
the number of sequences! Too bad it is not practical for the  F(s) is {z|z € F(s), m(z) = p}.
following two reasons:

¢ An RNA sequences hasfolding space F(s), the set

The minimal free energy structure mfe(s) for a
sequences is the structurer € F(s) where E(x) is
minimal.

¢ Theshape representative structurey € F(s) for shape

« The numbersV;, N, are very large andV; grows pis the structure whose free energy is minimal among all
) y 1 .
exponentially withn. Even if we restrict enumeration members of that shape class. We catfitepfor short.

to an energy range of say 10% above the minimal free Apstract shape analysis, as implemented by the program
energy,/\; may be large as 100 000 or 1 000 000. ThisRNAshapesis computed for an RNA sequenceand an
alone might not be a threat on today’s computers, buknergy ranger. It delivers a list[(p1,p1), - - - (P, Pr)] with

here is our second problem: the following properties:

e Sequences; andssy need not to have the same length,
and hence their structures cannot be identical. We must
allow for some flexibility in the relative position of o ) ) .
helices. Therefore, we need to resort to some pairwise ® the list is ordered by increasing energy:fe(s) = p
similarity computation, catapulting computation time of andE(p;) < E(piv1),
the identification phase 0(n?- Ny - N») or higher. The o the list is restricted to the energy range indicatediby
additive behaviour is lost. E(p;) < E(mfe(s)) + R,

o the list completely covers this energy range in the

o thep, are different shapes, and thegare their respective
shreps,

To make our hypothetical method practical, we need to ) .
restrict enumeration to a small, but representative sample of %bsAtract ih%p? Spf;f' there is no shapa such that

the folding space, and achieve identification of consensus (Prt1) < E(pr)

pairs in linear time in spite of their not being identical. The strength of shape analysis lies in four aspects (for details

Outline of the consensus shapes prediction methddg see Giegericlet al, 2004):

build on the recent approach of abstract RNA shape analysis e It produces a non-heuristic, mathematically well defined
(Giegerichet al,, 2004) to solve both of the above problems. synoptic view of the near-optimal folding space, allo-
Deferring formal definitions, a shape is a family of structures,  wing us to concentrate on a small number of shreps. The
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Table 1. Definition of level-5 and level-3 shape abstractionands’ denote ~ Table 2. Ranks of true shape in the list of near-optimal shapes using
a non-empty, well-balanced dot-bracket string, andenotes the empty RNAshapes

string. Brackets in the input/output string are written in bold face. Note that
difference lies withos versuses, where the former reads across bulges and
internal loops, while the latter decides to record a new helix part with every yank oftrueshape 1 2 3 4 5 59 10-19 20+ total
interruption.

lin4 9 0000 0 O 0 9
IRES 5 2 0 00 0 O 0 7
tRNA 31520 0 0 0 11
ms(.) =e o5(.) = srp RNA 2 2 000 0 0 0 4
75(.5) = m5(s) 05(.8) = 05(9) riboswitch 7 0000 0 O 0 7
5(s.) = m5(s 05(s.) = 05(s) Ssbox 4 125 (2) 0 8 0 8 8 11
_ 5S rRNA 1 1 1 5
7T5((S)), ~ [os(5)] , 95((8)), - 0s(s) , U12 RNA 00001 0 1 4 6
75((s)s") [os(s)]7s(s")  05((s)s") = m5((s)s) Ul RNA 110 1 0 0 1 0 4
U2 RNA 00000 3 0 2 5
m3(.) =€ 03((s)) = o3(s)
m3(.s)  =ms(s) 03(s) = m3(s)
m3(s.) = m3(s in all other cases
m3((s)) = [o3(s)] for long molecules where a stronger abstraction speeds up the
m3((8)s’) = Tlos(s)]ms(s’) program because the shape space is reduced further.

Rankings of true shapes

In order to evaluate whether shape analysis bears promise
size of the most abstract shape space grows approximwards consensus prediction, we performed two prelimi-
tely with size(P(s)) ~ 0.21x1.1", while in contrast the ~ nary .studles, using several sequence families from Rfam
structure space grows wittize(F(s)) ~ 0.04 % 1.4"). (Griffiths-Joneset al, 2Q03) and other .data bases (Sprinzl

e Shape analysis runs in the same asymptotic space arfé al. (1998), Szymanslet al. (2000), thtw?’ret al. (2001.)’
time complexity as suboptimal RNA folding. osenbladet al._ (2003)) where the “true” structure |“s )
) known. From this true structure, we can compute the “true
e Shapes are meaningful across sequences, hence Ie_gﬁap@* — 7(s). Question 1 asks for the ranksuch that
themselves to a comparative approach. This aspect i§; — ,* in the list of shapes returned by shape analysis. Table
exploited here for the first time. 2 shows the outcome. The average rank of the true shape is
e The approach is generic with respect to the shap&.06, where in32 out of 69 cases (46%) the true shape has
abstraction(n) that is actually used. Shapes can berank 1.
more or less abstract, depending on the level of detail The advantage of shape analysis over complete subopti-
considered relevant. mal folding (Wuchtyet al, 1998) is witnessed by two detalil
observations: For one of the tRNA sequences, the true shape
We illustrate the latter point by defining two shape abstrachas rank 3, while the true structure has rank 104 in the com-
tions used in this study. In general, shape abstractions retaf{€t® enumeration. In the worst case observed, an U12 RNA
nesting and adjacency of helices, but disregard their siz&duence, the true shape has rank 28, while its associated true
and concrete position in the primary sequence. They magtructure has rank 3 695 033. This confirms our hope that the
choose to retain or to discard bulges and internal loopsShape space is small enough to completely enumerate its inte-
which leads to different levels of abstraction. “Level 5" is festing part. But it also confirms that the reliability (in terms
the strongest abstraction and does not account for bulges eff. Shape) of single sequence folding lies around 46% — not
at all. “Level 3" retains helix interruptions, but does not spe-Useless, but not dependable either.
cify whether they result from 5'-bulges, 3-bulges or internal Question 2 asks whether this improves when we move
loops. towards a comparative approach by using pairs of sequences.
As we are not concerned with the algorithmics of shapdn Table 3 we consider all pairs of predictions (within each
analysis here, we can forget about tree-like representatf@mily), and report on the rank of the true shape in the list
ons of structures and shapes, and define shape abstr&-all commorshapes. In the pairwise approach, the average
tions as mappings from the more familiar string repre-fank of the true shape improves 3a.3, and the true shape
sentations of structures to string representations of sh4l0W has rank 1 in 128 out of 235 cases (53%). We conclude
pes. Structures are represented as dot-bracket strings, elgatthe power of comparative analysis is well captured by our

LA DM AED-)) " The level-5- approach, and expect even better performance from using 3
shape of this structure is represented[gB] ", its level- ~ Of MOre sequences.

3-shape as[[10] . In Table 1, we provide equations o

defining shape abstractions ands. Consensus shape prediction

The rule about the choice of abstraction level is that welWe now summarize the proposed method of consensus shape
generally prefer to work with the less abstract Level 3, excepprediction.
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Table 3. This histogram shows the rank of the reference shape in aIIpairWiseﬁrst shape of this list is returned as the consensus shape

dictions. o .
predictions along with its shreps. If desired, the < [ best common
shapes can be reported as well.
rankoftrueshape 1 2 3 4 5>6 total We propose to use the outputRNAcashs input forRNA-
forester(Hochsmanret al., 2004), a multiple RNA structure
lind microRNA 36 0 0 0 O 0 36 alignment program. The unalign&NAcasbutput is shown
IRES 1 100 0 0 0 0 21 in Figure 1. The resulting alignment is shown in Figure 2.
tRNA 22 22 11 .00 0 5 Left to be defined is the scoring functionnk. We propose
srp RNA 5 1 000 O 6 hree diff : ibilities:
iboswitch 21 0 000 0 21 three different possibilities:
box RNA 21. 33 3 0 0 0 55 . L
ZSOF);NA 8 1 1.0 0 0 10 1. Rank sum score: Each shrep contributes with its indi-
U12 RNA 0 3 00 0 12 15 vidual rank in the sorted shape space of its sequence:
ULRNA 4 0 101 o0 6 ranky(pi, P}, . .., Py) = rank(p}) + - - - + rank(p},)
U2 RNA 0 0 0 0 0 10 10 .
2. Sum of energies:
Tank?(piaﬁllﬂ s 7132) = E(ﬁll) + E(ﬁi)
3. Sum of probabilities:
For a set of sequencgs,, .. ., s}, intentionally a family ranks(pi,pi,...,p) = Prob(p}) + --- + Prob(py,),
of related RNA sequences, we enumerate their shape spaces where Prob(...) are the probabilities coming from the
P(s1),...,P(sx). Upon those, we define: partition function (McCaskill, 1990), requiring extra

. O(k - n?) steps to compute.
DEFINITION 1. A shapep is a common shapeof (k- n?) step P

{s1,...,sc}ifpe ﬂle P(si). Overall, it turned out thatank,, the simple sum of ener-
gies, performs best, followed byinks and at last the rank
sum score. However, prediction accuracy for all three scoring
function does not differ much. The method seems to be rela-
tively robust, concerning the choice of scoring function. We
Here,rank is a scoring function that combines the indivi- decided to useank, for all computations discussed in this
dual shrep scores. We will discuss several meaningful scoringtticle.
functions in the Algorithms part.
Note, that the above definitions do not only yield the con-EVALUATION

sensus shape, but moreover, from shape analysis we algQ o, preliminary tests, we evaluated that our method is
get the set of shreps — the resulting output iskat- 1)-  canape to identify the correct shape in 53% of all pairwise
tuple_(p, [P, - P]). These ;h_reps COI’]StI.tUte an (unal'gned)predictions. When we are usiffgNAcasin the multiple way,
multiple RNA structure prediction for the input sequences. yhe correct shape is predicted for 6 out of 10 families and for
three further families the true shape is on rank two or three.
ALGORITHM IMPLEMENTATION But predicting the correct shape alone is not good enough.
The program RNAcast Within a shape class, there is considerable structural variation

. ible. Since shapes abstract from concrete helix positions
Th hod h | h possible. Sin . .
e above method has been implemented by the prograand sizes, it it theoretically possible that the shrep of a correct

RNAcast which stems from "RNA consensus abstract Sha'sha e does not share a single base pair with the true structure
pes technique”. Although most of the method is clear from P g P '

our definition of the consensus shape, a few details remaint&In this section we e_valuate the accuracy achieved by
be fixed. NAcasbn the base-pair level and compare it to other tools.

Step 1.0ur algorithm starts with sequences . . ., s, as In particular we will answer the following questions:
input, and an energy threshold. Let n be their average 1 How accurate are the shreps, given the correct shape?
length. We rurRNAshapesn each individual sequence with . . . :

: . 2. What is the improvement over single sequence folding
the provided energy rangR. Theoretically every sequence .
) ; : algorithms?
could have its owrR, but in practice we use only one. o

Step 2. Within the & resulting lists (the shape spaces), 3- How dOG_SRNACEI_SDerfOFrr_l compared to other pairwise
we identify all shapes that occur in all the lists. We use  and multiple folding algorithms?
hashing techniques for fast identity matching of shapes. Thus4. What are the reasons for wrong predictions?
this phase runs in a time proportional ko |P(s1)|. After
this step, we have a list of allcommon shapes, together - ; i .

) X N R R N selectivity, and the Matthews correlation coefficient (MCC):
with their shreps{(p1, [p1,...,BL]),-- -, (o1, [P, - - -, BL])].

Usually, there are much less common shapes, than there are prcc = TP-TN - FP-FN
shapes iP(s1), ..., P(sy). /(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

Step 3We evaluate each common shape with the scoringTrue positive (TP) are base pairs in the prediction, that are
function and yield a sorted list of all common shapes. Thealso found in the reference. True negatives (TN) are correctly

DEFINITION 2. The consensus shapdor sequences
{s1,...,8,} is the common shape that minimizes
rank(p1,...,Pr)-

We evaluate the structure predictions in terms of sensitivity,
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Shape: [[[100 Score: -223.50
CCUUUGCAGGCAGCGGAAAUCCCCACCUGGUAACAGGUGCCUCUGCGGCCAAAAGCCACGUGUAUAAGAUACACCUGCAAAGG
(e (((((Em))) )T () B (((E9))) 5)))))) ) I G TN L0 B S
CCUUUGCAGGCAGCGGAAUCCCCCACCUGGUGACAGGUGCCUCUGCGGCCGAAAGCCACGUGUGUAAGACACACCUGCAAAGG
CCCCCCEC L L= II-IINC- ) - (oo DNMMN)) (-39.10) R = 2
GCACGCAAGCCGCGGGAACUCCCCCUUGGUAACAAGGACCCGCGGGGCCGAAAGCCACGUUCUCUGAACCUUGCGUGU
CCCCCCCCCCCe e LM MMM (-34.10) R = 2
GCAUGAUGGCUGUGGGAACUCCCCCUUGGUAACAAGGACCCACGGGGCCAAAAGCCACGUCCUCACGGACCCAUCAUGC
(L LMD - M) (-34.70) R = 3
GCAUGACGGCCGUGGGAACUCCUCCUUGGUAACAAGGACCCACGGGGCCAAAAGCCACGCCCACACGGGCCCGUCAUGU
(Lo =MD )M (-41.90) R = 1
GCAUGUUGGCCGUGGGAACACCUCCUUGGUAACAAGGACCCACGGGGCCGAAAGCCAUGUCCUAACGGACCCAACAUGU
(Lo CCCCCC-= MMM - (C-MMMN)) (-39.60) R = 1

Fig. 1. Example output for a family of IRES elements of Picornaviridae viruses. It first shows the common shape and the achieved score.
Thereafter, for each input RNA and not aligned, there is the sequence, the predicted shrep, its energy, and its individual rank in the shape
space.
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Fig. 2. Two multiple RNA structure alignments of five 5S rRNAs computedRiyAforester On the left-hand side is the alignment of

the structures as found in the data base (Szymaetséi, 2000). On the right-hand side, the output shrepfiNfAcastserved as input

for the alignment. Obviously, the structures are similar, viRtdAcastpredicting a few additionatompatiblebase-pairs. The alignment
visualisations should be interpreted as follows: The frequencies of the bases a,c,g,u are proportional to the radius of circles that are arrangec
for each residue clockwise on the corners of a square, starting at the upper left corner. Additionally, these circles are colored red, green, blue,
magenta for the bases A, C, G, U, respectively. The frequency of a gap is proportional to a black circle growing at the center of the square.

predicted unpaired bases and false negatives (FN) are bad#fe did this for the same set of RNA families as used in the
pairs in the reference, that were not predicted. No slippingreliminary study and evaluated the accuracy of the shreps.
of helices is allowed. For false positives (FP) we use the On average, the sensitivity is 78.2% and selectivity is
counting method proposed by Gardner and Giegerich (2004).8.6%, compared to 65.4% and 65% for the mfe-prediction
Predicted basepairs, that do not occur in the reference struof the single sequence. This shows, that knowing the cor-
ture, but arecompatiblewith it, are not counted for FP. A rect shape improves secondary structure prediction of single
base-pait - j is compatiblef neitheri nor j is paired to ano-  sequences significantly. However, in most realistic cases we
ther base in the reference and there is no other basé-pair do not know the true shape in advance. The best we can do
that violates the nesting convention (ike< i < ! < j). This  then s to rely on the consensus shape computeRiN¥icast
assumption is meaningful, since the reference structures usé&bte that, even when the predicted consensus shape is incor-
in this study often come as a consensus. The members ofract, it still may be close to the correct shape, in which case
specific RNA family share all basepairs in the consensus, buhe predicted structures may also come close to the truth.
may have additional ones.

Improvement over single sequence prediction
Accuracy of the true shrep We now evaluate the accuracy of the structures predicted by
Let us first assume, that we already know the correct shape GNAcastwhether or not the predicted shape is correct.
the family under evaluation. We are then asking for the cor- We folded each RNA family in five different ways:
responding shreps. We either look them up inffMAshapes
output, or we generate an RNA folding program restricted to 1. Single sequence prediction usiiNAfold (Hofacker
that specific shape and compute the optimal structure directly. et al,, 1994)
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1 _ Table 4. Prediction accuracy for a set of 5S rRNA. Note: The evaluation of
09 Dynalignby Mathews and Turner (2002) allows for slipping helices, which
0‘8 M we do not allow in our evaluation.
0.7 o
S 064 Program Sens. Sel. Corr.
© 054
S 044! RNAfold 43.08 412 041
03l Dynalign 84.20 - -
02 RNAcast (pairwise)jrs 59.10 62.40 0.60
o1l RNAcast (multiple)rs 91.98 97.82 0.95
oL L Ll Ll L] L
= g % % b 8 % % 5 3 Table 5. Comparison to the Gardner studdNAcasuses shape abstraction
- & g v A 75. TheDynalignRNAse P results may improve for a larger window size.
Fig. 3. Accuracy (MCC) ofRNAcaston a set of RNA families, RNAcast RNAcast Carnac Dynalign
sorted by size. The bars correspond from left to righRigAfold pairwise multiple
RNAcastpairwise,RNAcastmultiple (bothzs), RNAcastpairwise, Sens. Cor.  Sens. Cor.  Sens. Corr.  Sens. Corr.
RNAcasmultiple (bothrs).

tRNA 452 049 714 075 714 081 5478 054
RNAseP 61.3 058 656 063 649 0.79 3195 0.32

2+4. RNAcaston all pairwise combinations using shape
abstractionrs andr; and Comparison to “Plan B”: Recently, several multiple RNA

folding algorithms were evaluated by Gardner and Giege-
rich (2004). The study included three different approaches,
where “Plan B” referred to tools that approximate the Sankoff
approach of simultaneous alignment and folding. We choose
In Figure 3 we plot the (average) MCC of each predictionthe S.cerevisiae tRNA-PHE (11 sequences, high sequence
method. We can see, that “going comparative” pays off: Insimilarity) and the E.coli RNAse P (5 sequences, medium
all cases but one (multiple tRNA folding withs) RNAcast ~ similarity) data sets from that study and compare the pre-
performs better than single sequence prediction . The clovediction accuracies. SincBynalign permits only pairwise
leaf prediction for tRNA failed - one arm of the cloverleaf folding, Gardner et al. folded the reference sequence with
was missed. However, using the less abstract shape magach of the other sequences at a time. We did the same
ping vyields the correct shape and a higher accuracy. We casiith our program. The corresponding results are in column
further see, that using multiple sequences increases the religpairwise” and “Dynalign” in Table 5. Carnac (Touzet and
bility of prediction. Overall, 75 gives the highest accuracy, Perriquet, 2004) can fold multiple sequences and performed
especially for shorter sequences (50 bases.), where addi- quite well in the study. Naturally, our method yields much
tional bulges or internal loops may be more important than irbetter results for a multiple sequence input than for only two
longer sequences. The averaged MCCRdAcasimultiple  sequences (see column “multiple”). The sensitivity is com-
with shape abstractioms is 0.77. This is a definite increase, parable to Carnac, which in turn is almost perfectly selective,
compared to 0.64 for single sequence prediction. and thus has a better correlation.

Next we relate our method to existing comparative tools.

3+5. RNAcasin a multiple way on all family members, again
in each case withs andrs.

Detailed analysis of mispredictions

) Overall, we observed 107 cases whBfAcastvas not able
Comparison to the Sankoff approach to find the true shape. But how bad are the wrong shapes? By
Comparison to Dynalign: Dynalignwas chosen as a visualinspection we could classify a few recurring situations,
state-of-the-art representative of the Sankoff approach. liisted in Table 6.

(Mathews and Turner, 2002) the sensitivity @fnalign is In three cases, all tRNARNAcastpredicts an additional
measured on a set of 5S rRNA. We found a secondary strudyairpin, not mentioned in the database. This hairpin is the
ture for five sequences of that set in the database (Szymanskariable arm and therefore predicted correctly. Quite often,
etal, 2000) and evaluatd’NAcasbn them. Single sequence we found that parts of the reference structure were enclosed
prediction performs relatively bad on this data set (see rovby an additional helix, thus forming a multiloop. In our point
RNAfold in Table 4). UsingRNAcastin a pairwise fashion of view, this situation could not be counted as false, either.
improves the accuracy clearly, but still is not satisfying. Forlt further confirms our choice not to coucdmpatiblebase-
Dynalign (pairwise only) we compute an average sensitivitypairs as false positives. Another point of error was the loss of
of 84.2%. This is only topped by runnirigNAcastmultiple  one hairpin in 22 cases. Instead of the hairpin, we either see a
on five sequences simultaneously. The sensitivity is 92% ansingle-stranded region or the region is consumed by the pro-
selectivity is almost perfect at 97.8%. longation of a neighboring helix. Nevertheless the remaining
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structure is accurate. All remaining cases (41) differ substanRNAforesteior a similar structure alignment tools. From the
tially from the reference and have to be counted as wrongtructure alignment, a sequence alignment consistent with the
predictions without an excuse. consensus shape may be easily derived. The structure ali-
In general, the accuracy for the first three situations is stilgnment also minimizes the number of gaps, but in contrast
rather high on the base pair level, in fact higher than singldéo the Sankoff approach, it does after structure prediction,
sequence predictions. Usually, sequences for wRidAcast and not simultaneously. Hence, one may expect cases where
predicts a wrong shape have a low accuracy and are poorlye Sankoff approach produces results that fix more strongly

predicted byrRNAfold too. the relative positions of helices, while wikNAcastconser-
o ved helices may move more flexibly. However, we have not
Efficiency observed this effect to a significant amount in our studies.

As is to be expected from the asymptotic analysis, the effi-

ciency of RNAcastis quite good. It strongly depends on Potential improvements

RNAshapésefficiency, which has been optimized recently. Reality differs from our evaluation scenario. Database fami-
On a typical sequence pair of tRNAs (72 and 75 nucleotidesjies can be considered reliable homologues, but when a new
running time remains under a second, whiignaligntakes  (putative) family is investigated, we cannot be sure whether
488 s (see Table 7). Adding more sequences of similar sizgtructure is preserved. With consensus shape prediction, we
increases the runtime only linearly: 10 tRNAs are processegould like to implement a safeguard against members in the
within 5 seconds. Since the callsRiNAshapesre indepen-  sequence set that really do not share the common shape of
dent of each other, they can execute in parallel. The RNAse fhe rest. Such a situation will result most likely in a con-

example (5 sequences of about 240 bases each)wwitlan  sensus garbage. We expect that leave-one-out tests can be

actually be done in 12 seconds. designed to recognize this situation. Such tests can be imple-
mented efficiently, because only Steps 2 and 3 oRN&cast
DISCUSSION algorithm, but not the most costly Step 1 must be iterated.

Diff h koff noti f We have performed an overall evaluation of our new
ifferences to the Sankoff notion of consensus method, but not yet tried to optimally adjust it to particu-
Let us once more relat@NAcastto Dynalign which is the  |ar data sets. For example, when studying short molecules
best available approximation to the Sankoff algorithm. It isjike microRNA precursors, Level 2 abstraction, which distin-
important to keep in mind that while the Sankoff algorithm guishes 5'-, 3'- bulges and internal loops, might be more
can, in principle, maximize sequence similarity alongsideconclusive than level 3. More systematic study and experi-
with free energy minimization, itDynalign implementa-  ence is needed to provide guidance about the most conclusive

tion minimizes gap penalties, but otherwise ignores sequenqgye| of shape abstraction to be used in a particular context.
content.

The quantitative results in the previous section show that
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additional hairpin predicted 3
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otherwise 41 RNAse P 237-245 225s 80MB 58s 257Mb 12718s 141 MB
total 107
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