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ABSTRACT

Motivation:  Accuracy of automated structural RNA alignment is
improved by using models that consider not only primary sequence
but also secondary structure information. However, current RNA
structural alignment approaches tend to perform poorly on incomplete
sequence fragments, such as single reads from metagenomic envi-
ronmental surveys, because nucleotides that are expected to be base
paired are missing.

Results: We present a local RNA structural alignment algorithm,
trCYK, for aligning and scoring incomplete sequences under a model
using primary seguence conservation and secondary structure infor-
mation when possible. The trCYK algorithm improves alignment
accuracy and coverage of sequence fragments of structural RNAs
in simulated metagenomic shotgun datasets.

Availability: The source code for Infernal 1.0, which includes trCYK,
is available at http://infernal.janelia.org

Contact: {kolbed,eddys}@janelia.hhmi.org

1 INTRODUCTION
Sequence alignment approaches may be broadly dividedlioibal

algorithms that allow alignment of spatially local units of three-
dimensional structure that may not be composed of contiguous
colinear residues in the primary sequence (Gibtatl.,, 1996).

Here we are concerned with alignment of structural RNAs, using
models that consider both primary sequence and secondary struc-
ture constraints. Evolution of a structural RNA is constrained by its
secondary structure. Base pairing tends to be conserved even as the
sequence changes, and aligned sequences exhibit correlated substi-
tutions in which base pairs are substituted by compensatory base
pairs. Computational methods for aligning structural RNAs under a
combined primary sequence and secondary structure scoring model
have been developed (Sakakibataal, 1994; Backofen and Will,
2004) including “covariance model” (profile stochastic context-free
grammar) methods (Eddy and Durbin, 1994; Durbtnal,, 1998;
Eddy, 2002; Nawrocki and Eddy, 2007). These models represent
a given RNA consensus secondary structure as a binary tree, with
individual nodes representing and scoring individual base pairs and
single-stranded residues.

Local RNA secondary structural alignment has been implemented
by allowing an alignment to start or end at any internal node in the
tree (Eddy, 2002; Klein and Eddy, 2003; Backofen and Will, 2004),
much as local primary sequence alignment allows starting and

alignmentmethods, where sequences are assumed to be homolg—nding at any residue in the linear sequence. Shistree method

gous and alignable over their entire lengths, échl alignment

methods, where only part of each sequence is assumed to be ho

of local RNA alignment can include or exclude any subtree of the
NA, corresponding well to secondary structure domains. Biologi-

logous and alignable (Gusfield, 1997; Durkinal, 1998). Local aéally, this serves as a reasonable approximation of some important

allgnment_ is more widely used because there are many blc_)log|c volutionary constraints on RNA secondary structure alignment, alt-
and technical reasons why sequences may not be globally allgnablﬁ

For example, many protein sequences have arisen by accretion Qhd tertiary structure
common protein domains in different combinations (Vogeal, However, defining locality by subtrees is a poor model of local

2004), and some high-throughput sequencing strategies such 8 uctural RNA alignment when locality arises for technical rather

metagenomic shotgun sampling generate fragmentary sequence dﬂlﬁn biological causes. A shotgun sequencing strategy will truncate

(Schloss and_HandeIsmanf 2005). . at the linear sequence level without respect for the conserved base-

For local alignment Qf primary sequences (Smith and Wate_rmanpaired structure, and residues involved in base pairs may be missing
1981; Pear;on and Llpman, 1988, Alt.scrm' al:, 1990), one is in the observed sequence, as illustrated in Figure 1. In this case, we
merely looking for an alignment of contiguous linear subsequenceao not want to score the missing residues as deletions of conserved
of a query and a target. At this level there is little informative dif- base pairs, but neither do we want to leave the homologous observed

ference between local alignments that arise by biological eVO|Uti0r}esidues unaligned if we are trying to get the most information from
versus incomplete data. However, the nature of local alignment Caﬂagmentary sequence data

be markedly different when we adopt more realistic and complex Here we will focus specifically on theomology search and ali-
sequence alignment models that capture evolutionary constrain mentproblem. We have a given RNA sequence and secondary
at a higher level t_han p_rimary sequence alone. Fc_nr example, i tructure as a query, and the task is to search a sequence data-
c?m[iarlr:g _thr_(lee-_ijlmenszonal ;t)roftci;]n _structurltla?, l\gh'é: C;Lt_en ShdarBase for homologous sequences and/or align target sequences to the
structural similarity in only part of their overall fold (Chothia and oo This is directly analogous to the use of the Smith/Waterman

Lesk, 1986), it is advantageous to adopt local structural alignmenltocal alignment algorithm for primary sequence analysis (Smith and
Waterman, 1981), and it is the problem addressed by our Infernal

ugh it neglects higher-order constraints, including pseudoknots

*to whom correspondence should be addressed

© Oxford University Press 2008. 1



D. Kolbe and S. Eddy

software package (Nawrockt al, 2009), for instance using Rfam
models of known RNA families to infer and annotate homologous
RNAs in genome sequence (Gardeeial., 2009). It should not be
confused, for example, with the related problemdefnovo motif
identification which arises in RNA analysis when the input data
consist of two or more sequences that are presumed to share an
unknownstructural motif in common, and the task is to produce

a local structural alignment that identifies the common motif and
infers its common structure. De novo motif identification requiresFig- 1. Comparison of local alignment types. Left,global alignment; fil-

a means of inferring the unknown structural consensus in additiOll'Pd circles indicat_e observed residues in an RNA structure, which can be
to a local alignment algorithm. Although we expect thiat novo thought of as a binary tre€enter: subtree method of local RNA structu-

o e . ral alignment. Whole domains of the RNA structure may be skipped (open
motif identification approaches such as CMFinder (¥gal, 2006) circles indicate consensus positions without aligned sequence residues), but

or other approaches for inferring locally conserved RNA structuréye opserved alignment satisfies all expected structural constraints: if a resi-
such as LocARNA (Willet al, 2007) would be able to incorporate qye is aligned to a pair state, another residue will be aligned to form a base
the local alignment algorithm we will describe, for the purposes ofpair. Right: truncated sequence method of local RNA structural alignment,
introducing our local alignment algorithm in the present paper, wewhere the observed sequence may begin and end anywhere with respect
will not discuss thele novomotif identification problem further. to the consensus RNA structure. Aligned residues may be base-paired to

An important example of the local RNA alignment problem in positions that are missing from the alignment.
homology search and alignment arises in metagenomic shotgun sur-
vey sequencing (Schloss and Handelsman, 2005; Chen and Pachter,
2005), particularly when assembly is incomplete or not possible. We will describe the essence of the approach (and two appro-
Structural RNA sequence alignments (particularly of small subuniximations we make) in general terms with respect to binary trees,
ribosomal RNA) are important in analyzing the phylogenetic diver-deferring the specific notation we use for profile stochastic context-
sity of metagenomic samples, but a single shotgun read (often dfee grammars (covariance models, CMs). In a CM, both the
only about 200-400 bp) will fall more or less randomly into the consensus structure of the model and a particular structural ali-
consensus alignment of an RNA, generally leaving unsatisfied corgnment of the model to an individual RNA sequence are binary
sensus base pairs because of the incomplete nature of the sampléges. (A binary tree suffices to capture all nested base-pairing
sequences, and it may also include extraneous genomic sequencetorrelations, but non-nested interactions such as pseudoknots and

To deal with thistruncated sequenciype of locality we want  higher order interactions such as base triples are neglected (Durbin
to align the observed sequence, or a subsequence of it, to a cofit al, 1998).) Construction of a CM starts by representing the RNA
tiguous subsequence of the yield of the model's tree: the lineafonsensus structure agyaide tree, with nodesrepresenting con-
consensus sequence, as read counterclockwise around the tree’s IRSUS base pairs and consensus unpaired positions. Each consensus
ves. We want to use secondary structure information wherever waode is then stereotypically expanded into one or more stochastic
have both residues in a base pair, but revert to primary sequen&®ntext-free grammar (SCFGlates with one state representing
alignment when we are missing sequence data. If we magicalljhe consensus (“match”) behavior and additional states and state
knew a priori the endpoints of the correct alignment of an obser-transitions representing the probability of insertions and deletions
ved sequence read with respect to the yield of the RNA model, wéelative to consensus. A CM is a special case of SCFGs, with all
could derive a new model that used base pair states where we hdg states and state transitions arranged in a directed graph follo-
both residues, and converted pair states to appropriately margin#ing the branching pattern of a consensus RNA structure’s binary
lized single-residue states where the pairing partner was missingfe€e. An alignment of the CM to a particular sequence is represen-
The problem is that these endpoints must be inferred when we aligied as an SCF@arse treea state path through the consensus guide
the observed sequence to the model. We describe an optimal recuf€e, using match, insert, and delete states to account for alignment
sive dynamic programming solution for this problem, and evaluate?0sitions, and start, bifurcation, and end states to account for the
the algorithm’s utility in accurate alignment of simulated datasets oforanching tree structure itself.
unassembled metagenomic sequence. A parameterized RNA CM specifies a joint probability distribu-
tion P(x,7 | ) overcompletesequence& and parse trees: i.e.
overglobal alignments.

A missing data procesF(x, 7 | X, 7,0) specifies how a com-
2 APPROACH plete sequence with lengthL is truncated to an observed sequence
2.1 Local alignment as a missing data problem fragmentx of lengthL, and correspondingly, how the global parse
We frame the alignment of truncated sequences as a missing dalf@e is truncated to a notion of a local parse tregWe will soli-
inference problem (Rubin, 1976). We specify two probabilistic pro-dify our definition of a local parse tree shortly.) Because we are
cesses: one that generates complete data (our existing probabilistffagining a complete sequence randomly truncated to a sequence
model of global alignment), and one that generates observed fragtagment, the missing data process would ideally be conditionally
ments from the complete data (by random sequence truncation). THedependent of the model and the parse tree. For instance, we could
joint probability of observed sequence fragments and their local alisample each possible sequence fragment from a complete sequence
gnment to the model will then be an appropriate marginal sum ove@f length L with uniform probabilityﬁ. However, under this
global alignments. We will identify the optimal local alignment for missing data process, we would need to marginalize (sum over) all
the observed sequence by maximizing this joint probability. possible complete sequences of all possible lengths 0. . . co.




Local RNA alignment

This —2— term becomes problematic in the recursive dynamic

L(L+1
prograﬁnr;i)ng optimization framework we describe below. 9
Instead we will make what should be a reasonable approximaP(x, 79" | ) = ——————P(ms, = 84, 7s, = 51 | 6)
tion of the truncation process. We assume that a truncatih WW+1)
is done by selecting a fragment . . h relative to the positions in X Z P(x, ,(”,7T9h|7r951 = 8¢, Tz, = S, 0)
the fixed-lengthconsensus yields defined by thenodel(the con- </

sensus sequence positions defined by the CM’s consensus guide tree
nodes). This truncation is then conditionally independent of both the Although it is straightforward to calculatB(m., = sg, 7z, =
parse tree and the sequence. This approximation should be reasoma-| ), the term becomes problematic in the dynamic programming
ble because high-probability complete sequentasill generally ~ recursion we define. One or both of the optimal truncation endpoints
have lengths similar to the consensus length. It means that local alsy, s» are undetermined until the dynamic programming recursion
gnments will only begin and end at consensus positions, never a complete and a traceback is performed. We therefore make our
sequence insertions. For a model with consensus positions, the second approximation here, approximating this term as 1.0 when
probability of choosing any particular fragment. . h with respect sy, s» are consensus match states and 0.0 when they are not. This
to the complete yield..W is P(A?" | §) = W This term  corresponds to an assumption that all probability mass flows through
is now a constant with respect to the necessary’ summation ovéhe consensus match states at the endpgiritsneglecting the pro-
complete data. bability that an SCFG deletion state could be used at one of these
Now we define what we mean by a local parse tree fragment consensus positions. Local alignments will therefore be forced to
Choose two positiong, h on the consensus yield of the model: these start and end with consensus match positions (just as in standard
consensus sequence positions correspond unambiguously to staf@®ith/Waterman local sequence alignment). This leaves:
sq andsy, in parse trees (the states used by the parse tree to account
for how the endpoints of a particular sequence align to a model con-

sensus position: either a consensus match, or a deletiotycah P(x, 7" | §) ~

parse treer?” (equivalent to what we have called justntil now) ) v _gh

is defined as the minimal (smallest) subtree of a complete parse tree WW +1) Z Ple,x7, w7 T2y = $g, Tay = $h,0)
# that containss, andsy,. Usually this is a parse subtree rooted at x!

eithersg or s, butsy ands, may also be on opposing sides of a

bif i th the minimal subt ted at the bif tion stat In the next section, we show there is an efficient dynamic pro-
turca '°’?' wi € minimal sublree rooted at the briurca |0nhs a e'gramming algorithm for finding the parse tre€ that performs the
Truncation of a complete parse tréeto a local parse tree?

: ) e ! necessary summation over missing data and maximizes this joint
defines two different sorts of missing data. Outside the local pars y d J

o - ; robability for a given observed sequence fragment
tree, we are missing (and will sum over) both sequence residues and y g q g

parse tree states that were in the complete parse tree; let this missi — .
data be represented b/, 7. Inside the local parse tree, we may ng Description of the trFZYK algorlth_m _
have states with unsatisfied, missing sequence residues, such as babg Cocke-Younger-Kasami (CYK) algorithm is a standard algo-
pairs where only one residue is in the observed sequence: here wighm for calculating the maximum likelihood SCFG parse tree for
will be summing only over the missing sequence residues, denoted given sequence (Kasami, 1965; Younger, 1967; Hopcroft and Ull-
asx”. The combination of the observed data£?") and the unob- man, 1979; Durbiret al, 1998). CYK recursively calculates terms
served datax’,x’, 7') together uniquely determine the complete (i, j) representing the log probability of the optimal parse subtree
alignmentg, #. rooted at state that accounts for a subsequenge . . z;, initiali-

The desired joint probability may then be written as a summatiorzing at the smallest subtrees and subsequences (model end states

over the two types of missing data defined by a local parse tree:  aligned to subsequences of length 0) and iteratively building lar-
ger subtrees accounting for longer subsequences. At termination,

the scoreag(1, L) is the log probability of a parse tree rooted
at the model's start stat@ accounting for the complete sequence
x1...xr. The optimal parse tree is then recovered by a traceback
of the dynamic programming matrix. When applied specifically to
P(x,w" [0) =Y > P(A"|&,#,0)P(%,#]0). a CM of M consensus nodes and a sequence of lehgthe CYK
X! x! ! algorithm require®(L? M) memory andD (L3 M) time (Eddy and
Durbin, 1994). A more complex divide-and-conquer variant of the
CM CYK algorithm requiresD(L? log M) memory (Eddy, 2002).
Summation over missing datd, 7’ results in two terms. The Previously, we implemented subtree-based local RNA structure
first is a termP(n., = sq,m2, = sn | 0) that represents the alignment by a minor adaptation of the CM’s generative model that
marginal probability that a complete parse tree truncated/ahas  required no substantive alteration of the CYK algorithm. Specifi-
statess,, s assigned to the endpoints of the truncation; this is justcally, we allowed a start transition from the model’s root state O to
the fraction of complete parse trees that contain stajesnd sy, . any of the consensus states in the model, and we allowed an end
The second term i® (x, x”, 79" |1, = s4,72, = sn,0) forthe  transition from any consensus state in the model to a “local end”
local parse tree and its associated sequence residues (both obsergéate (EL) that emits zero or more nonhomologous residues with a
and unobserved) conditional on local parse tree endpoints at statself-transition loop. The start transition allows the model to align
Sg, Sn. Thus: to any model subtree and not just the complete model, and the end
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transition allows it to replace any subtree with a nonhomologous
insertion.

The truncated sequence local alignment algorithm we describe
here, for finding an optimal local parse treé€" that accounts for

Alignment Type
J L R

a linear sequence fragment, does require a substantial modification ffg(:gqg;gt
of the CYK algorithm because it needs to identify the optimal end- alignmjent

pointsg, h. The two approaches to local alignment are not mutually
exclusive. We retain the local end transition to an EL state to model
nonhomologous replacement of structural elements inside a local
parse subtree.

The key property of local parse tree$” that enables a recursive
CYK-style algorithm can be summarized as “once marginal, always
marginal”, as illustrated in Figure 2. As the CYK calculation builds
larger and larger subtrees — climbing “up” the model — it will usually o
grow by adding appropriat@, i, j) triplets that deal with complete Beginning a
(joint) emission of any base paired residues (upper left panel of | "eW alignment
Figure 2). At some point it may need to decide that the sequence
is truncated at either the right or left endpoint of the optimal parse
subtree (upper middle and upper right panels of Figure 2, respec-
tively), in which case only the left residue or the right residue;; Fig. 2. Extension possibilities for building alignments.Extension may
(respectively) will be added to the growing parse subtree, and scQyenerally be joint (J), left marginal (L), or right marginal (Rpp: an exi-
red as the marginal probability of generating the observed residue ating joint alignment may use any type of extension. Grey circles indicate
statev summed over all possible identities of the missing residuethe previously existing alignment, with the new residues added in red, and
We refer to this agint mode versus left and rightharginal modes  open circles for when no residue is aligned. Transitioning from joint to mar-
for a growing alignment. The switch from joint mode to a marginal ginal alignment sets an endpoint of the alignm&enter: an alignment that
mode identifies one of the endpoints ¢r g, respectively). Once i::f already marginal may only continue with marginal extension on the same
switched, the alignment must stay in that marginal mode until the>'9e- Bottom: a new alignment may be started in any of the three modes.

. o o . The joint alignment here is shown skipping a portion of the subtree, but that
root state of the optimal local parse subtree is identified. Left margi- . . : ;
. . . need not be the case. Initiating an alignment in marginal mode also sets one
nal mode alignments may only be extended by aligning left residueg; ;1,0 alignment endpoints.
x; (central panel of Figure 2), and right marginal mode alignments
may only be extended by aligning right residues (center right

Extending from
a marginal
alignment

panel of Figure 2). In marginal modes, residue emission probabili- | Bifur- Next
ties involving missing data are the appropriate marginal summation :na;::?: Possible branch combinations Extension
of the state’s emission probabilities. _

In order to recursively calculate the optimal local parse tree, inclu- 1 Joint, left
ding these optimal switch points from joint to marginal modes, we J mar.g'r:'tal’
extend the CYK algorithm to treat the different modes separately I+ cr:r:a:rlginal

(essentially as an additional layer of hidden state information), and

calculate separate matrices for each madefor the standard case | | | Left
(joint mode), o for extension only at the 5' end (emissions are L /\ / / marginal
marginalized to the left), and® for extension only at the 3’ end JiL 140 L+0 only
(emissions are marginalized to the right). Each column in Figure 2
illustrates the main cases that have to be examined : for example, i | ; Right
the calculation ofaZ (4, j) for a base-pair emitting state would R //\ \ \ marginal
examine each of its transition-connected stgtesd consider both only
S - .. . . R+J g+J J+R

the possibility of reachingu, 7, j) by extension of a previously cal-
culated Ieft-marginalxj (i — 1, 7), and the possibility of reaching it Cannot be
by switching from a previously calculated joiag(z' —1,7). T extended

The calculation at bifurcation states requires special considera- (terminal)

R+L

tion, as illustrated in Figure 3. Only combinations of modes for
left and right branches that would form a contiguous subsequence
x; ...z  aligned to alocal parse tree rooted at bifurcation siatee ) . — . i . . -

. . . . . Fig. 3. Extension possibilities at bifurcations.A bifurcation state joins
allowed. Cases in which an entire branch is missing data must alsg

. h - h . . h two subtrees, one 5’ (left, blue) and one 3’ (right, red). Each subtree has its
be considered (shown @sn Figure 3). There is a unique case when own alignment mode, either joint (J), left marginal (L), right marginal (R), or

both branches of the bifurcation have marginal alignments (botton@mpty ¢). The subtree modes together must give a continuous subsequence,
of Figure 3), and the resulting join cannot be extended further. Fopnd all valid combinations are shown. The combination determines the mode
convenience, we call the score of this cagg noting that itis only  of the bifurcation state, which can subsequently be extended like any other
defined when is a bifurcation state and that because it is a terminalstate, except for the terminal case T. (Arrows show possibilities for later
case, it does not have to be stored in the recursion. extension.)
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The score of the optimal local parse tree aligned to a subsequence

z;...x; is the combination of consensus statesequence posi-
tions4, 7, and modeX < {J,L, R, T} that maximizesx, (i, 5).
Alternatively, the entire observed sequenge . . z;, can be forced
into an optimal local alignment to the model by choosind( that
maximizea; (1, L).

2.3 The trCYK algorithm

The following description of the truncated sequence CYK dynamic
programming algorithm (trCYK) assumes familiarity with notation
and conventions used in previously published descriptions of CMs
(Durbin et al,, 1998; Eddy, 2002). Briefly, sequence positions are
indexed byi, j andk; x; is the residue at position andd refers to

the length of a subsequeneg. . . x; whered = j—i+1. The main
parameters of a CM are the emission and transition probabilities of
its states. These states are indexed Jy, z, ranging froml to M,

the total number of model state3, lists all thechildreny of state

v; the transition probability for moving frome to y is ¢, (y). (A
bifurcation state splits toy, z with probability 1.0). S, is thetype

of statev; possible values are S (start), P (pair emit), L (left emit), R
(right emit), D (deletion), B (bifurcation), and E (end). represents
emission probabilities at statewhich (depending on the state type)
may emit either one or two residues(x; ) or e, (x;, ;). Emission
probabilities marginalized over a missing residue are indicated by a

+ maxyec, [af"" (i, — 1) +logtu(y))

else «; (z 7) —00

ay(i,j) = logey(zi,*)

al(i,j) = logey( ;)
if ol (4, j) > bestscore

store bestscorew, i, j, mode
elseifS, =L
a;{(i,j) = log ey (z;)+maxyec, [a;(i +1,7) +logts (y)]
ifd>2 aﬁ(i,j) = logey(z;)
+ maxyec, [ozé (i+1,7) + logt, (y)]

else ai‘(i,j) = logey(x;)

afi(i, j) = maxyec, [ad"™ (i, 1) +log tu(y)]

if ad” (i, 5) > bestscore
store bestscorew, i, j, mode
elseifS, =R
ay (i, §) = log ev(z;)+maxyec, [ay(i,j — 1) +logt,(y)]
ol (5,) = maxyee, [af"* (i,5) +log tu (v)]
if d>2 off(i,j) = loge,(zy)

J
+ maxyec, [oy (i,5 — 1) + log ty(y)]

else af(i,j) = loge,(x;)

if a

{JR}(

Jj) > bestscore

store bestscorew, i, j, mode

+ maxyec, [ay (i + 1,5 — 1) + logtu(y)]
= logey(x;, %)
+ maxyec, [af" (i +1,7) +logt (y)]

= log 61,(*7 l‘j)

ay (i, 4)

a' (i, )

* for the missing residue; for example(z;, *) = >°, v (2, a). else(zl/fS;) - ]3
Initialization: J(',j) = max;_1<r<; [0y (i, k) + ol (k+1,5)]
bestscore= —oo oy (i,§) = maxi_1<r<; [0 (i, k) + ol (k+1,5)]
for j =010 L, d=010 oi(i,g) = maxioi<ig; [y (i k) +oZ (k +1,5)]
t=j—d+1 (zy):maxb<k<3 1[ay(z,k)+az k+1])]
aEi;(i ,j) = d*logtpL(EL) if a{JL T34, 5) > bestscore
ali ™ (i, 5) = —o0 store  bestscore v, i, j, mode
for v=M downtol, j=0toL al(i,f) = max{ag(z ), el 7])}
if Sy =DorS
al(j+1,7) = maxyec, [ay(j +1,5) +logtu(y)] afi(i,j) = max {af(i,j),al"™ (i)}
aiL’R’}(j +1,j) = —o0 elseifS, = E
elseifS,=PorLorR {JLR}(J) = -
b4 1,5) = —o0 Termination:
else ifS, = B score= bestscore+ log W
ay(j+1,5) = ay(G+1.5) +al(G+1.) _ o _
aiL’R”T}(j +1,j) = —o0 After this recursion is completed, the optimal local parse tree may
elseifS, = E be recovered by traceback from the best scodifid, 5). To facili-
aiJ’L’R}(j +1,5) = 0 tate this, it is helpful to store traceback pointers during the dynamic
Recursion: programming recursion; for clarity, these are not indicated in the
for v=Mdowntol, j=1toL, d=1to algorithm description above. In order to avoid parsing ambiguity,
i=j—d+1 any ties in the traceback are resolved in favor of joint mode over
ifS,=DorS marginal modes. Thus mar.gin.al moqe is oply used when required to
al(i,j) = maxyec, [%f( 4) + log tu(y)] accqunt for one or more mlssmg_re&du_es in the local parse tree.
al(i,§) = maxyec, [aﬁ( ) + log tv(y)] It is worth notlng that an additional kind of structura_ll alignment
aR(i,§) = maxyec [QR( J) + log tu(y)] locality is dealt with by the stgte structurg of a covariance model,
else i?&; “p Y&t LMy _rathe_r_than by the trCYK algorithm. Th_e alignable s_ubsequence (as
ifd>2 |dent|f|ed_by tr_CYK) may also be subject to large internal deleti-
. ons and insertions relative to the consensus RNA structure. CMs
Qy (’Lv]) = loge”(‘riv‘rj)

accomodate large structural insertions and deletions by allowing
any consensus state to transition to a special “EL” (end-local) state
which has a self-transition loop, thereby allowing any structural
domain to be truncated anywhere and replaced by zero or more non-
homologous residues. The EL state appears in the recursion above,
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and its use and rationale for accomodating local structural variation The sequences in the trusted alignment were clustered by single
are more fully explained elsewhere (Klein and Eddy, 2003). linkage by pairwise identity (as defined by the original alignment)
and splitinto a smaller training alignment subset and a testing set, so
as to minimize pairwise identity between training and test data and
create more challenging alignment tests. For SSU, this gave 101 trai-
3 IMPLEMENTATION ning sequences and 51 testing sequences, with maximum identity
The algorithm described above requi@$L2 M) memory to store trace- between sets of 82%. The smaller RNase P family has 28 trai-
back pointers for recovering an optimal local parse tree. In order to be abl@ing sequences and 15 testing sequences, with maximum identity
to align large RNAs, we also implemented an extension of the divide andbf 60%.
conquer approach described in (Eddy, 2002) to trCYK, reducing the memory We simulated a genomic context for each test sequence, con-
requirement taD(L? log M) at the expense of a small increase in compu- sjsting of randomly generated sequence of the same monoresidue
tation time. The divide and conquer version was used to obtain the resu”&omposition, and then sampled a random subsequence of length 800
described below. Both versions are provided in the ANSI C source code OESSU rRNA) or 400 (RNase P) that contained at least 100 nucleoti-
Infernal in the supplementary material. des of the RNA. Five fragments were sampled for each SSU rRNA
trCYK has an upper bound time complexity 6K L3 M), the same as : 9 P
standard CYK. trCYK’s additional calculations and three matrices in placetest sequence, and ten for each RNase P test sequence, for a total
of one contribute a constant multiplier. Empirically, trCYK runs about five- Of 255 SSU test fragments and 150 RNase P test fragments. The

fold slower than standard CYK on the same problem size. For example, 800 nt length of SSU rRNA test fragments roughly corresponds to
single RNase P alignment for the results in Figure 2 (283 nodes and 111the average single read length in recent metagenomic sequencing

states in the model; sequence length of 400) took 40 secondscftr surveys with Sanger sequencing technology (Veseteal, 2004;
vs. 9.4 seconds for Infernamsearch with equivalent settings, on asingle Ruschet al, 2007). RNase P is a shorter RNA (average length
3.0GHz Intel Xeon processor. just 310 nt) so shorter fragments of 400 bases were used, roughly

according to the current capabilities of newer 454 sequencing tech-

nology. The training alignments and test fragments are provided in
4 EVALUATION the supplementary material.
We compared the effectiveness of the trCYK method for local struc- We aligned each test sequence fragment to the training alignment
tural RNA alignment to the previous subtree method, by measuringising four different local alignment methods. For BLAST local
how accurately and completely the two methods align single shotsequence alignment, we used NCBI blastn (Altsaktuhl., 1997),
gun sequence reads to structural RNA consensus models. To duth default parameters except for a word length of W=6 and an E-
this, we constructed a synthetic test of realigning simulated readsalue cut-off of 1.0, and used the pairwise alignment with the lowest
generated by sampling sequence fragments from trusted (presumeésdvalue to identify the nearest neighbor among any of the indivi-
correct) alignments. We chose to use simulated data instead of redual training set sequences. All alignments to that nearest-neighbor,
data because we are interested in conducting a controlled compaincluding lower scoring ones, were considered as portions of the
son of the two algorithms against known correct answers. Becauseomplete alignment. For profile alignment, we used HMMER 2.3.2
alignment quality and (in particular) local alignment coverage are(Eddy, 2008) to build a profile HMM from the training alignment
strongly affected by parameterization, in order to isolate the algosubset witthmmbuild using thef option to build local alignment
rithm’s effect, we used the same profile SCFGs as parameterized bypodels, and aligned each test fragment to the profile (thereby
the same implementation (Infernal), and compared Infernal’s defauladding it to the multiple alignment with the training sequences) with
subtree alignment method versus its newly implemented trCYKhmmalign using default parameters. For the subtree-based local
option. To put this comparison in context, we also test two otheralignment method, we used Infernal version 1.0 to build a CM of the
primary sequence methods: pairwise alignment with BLASTN, andraining alignment subset witmbuild with the--enone option
sequence profile alignment with HMMER. to shut off entropy weighting. (We have observed that Infernal's

We used multiple sequence alignments of two well known struc-entropy weighting option (Nawrocki and Eddy, 2007) is appro-

tural RNA genes, small subunit ribosomal RNA (SSU rRNA) and priate for maximal sensitivity in remote homology search, but not
RNase P. SSU rRNA is in general highly conserved, so in manyfor alignment accuracy; DLK, SRE, and Eric Nawrocki, unpublis-
regions of the RNA consensus and for all but the most outlying taxahed observations.) We aligned each test fragment to the CM with
SSU rRNA is usually not a particularly challenging sequence ali-cmsearch using default parameters. Finally, for trCYK, we used
gnment problem. RNase P sequences, in contrast, tend to be highllgetrcyk program included in Infernal 1.0 to align test fragments
divergent at the primary sequence level. For a trusted RNase P muie the same CM used famsearch .
tiple alignment, we used the bacterial class A seed alignment from To evaluate the alignments, they are mapped to the reference
Rfam 8.1 (Brown, 1999; Griffiths-Jonesal.,, 2005), and our trusted alignment using an intermediary sequence; for blastn, this is the
SSU rRNA alignment was adapted from the bacterial seed alignmentearest-neighbor sequence it was aligned to, and for the profile
from the Comparative RNA Web Site, CRW (Cannat@l, 2002).  methods it is the consensus sequence of the model. If a residue in
Due to the large number of sequences, the SSU alignment was fithe test sequence was aligned to a non-gap position in the reference
tered to remove sequences such that no aligned pair was more thatignment, it is correct in the output alignment if it is aligned to that
92% pairwise identical. It was also edited slightly towards a consensame position, and incorrect otherwise. If the residue was originally
sus structural alignment in preference to an evolutionarily correctligned to a gap position, it is judged to be correct if, in the output
alignment where there was ambiguity between structural conservalignment, it is between the same two consensus positions that bor-
tion and homology. Our SSU rRNA alignment is provided in the dered the original gap. Misaligned residues include both residues
supplementary material. that should be aligned but are incorrect, and residues that should




Local RNA alignment

SSuU 5 DISCUSSION

;:gg I “ % The trCYK algorithm performs local structural RNA alignmentin a
S o6l = manner that uses secondary structural information (correlated base
8; 094 | 1.00 pairs) where possible, and reverts to sequence alignment when a
2 092 | treyk truncation has removed sequence that would be ba_lse paired. Ali-
g 0.90 | 0.98 blast 1= cmsearch &t hmmalign% gnment coverage of sequence fragments (such as single reads from
8 ossl metagenomic shotgun sequencing) is maximized, while still retai-
® 0.86 | 0981 Y o o o ning the accuracy of CM-based RNA structural alignment methods.

0.84 | ’ ’ ’ ’ ’ The trCYK algorithm rests on good theoretical ground by viewing

0.82 | the sequence truncation problem formally as a missing data infe-

0.80 rence problem, and it makes only two minor assumptions to simplify

00 01 02 03 04 05 06 07 08 09 10  the missing data inference problem to one that can be solved by a
coverage (sensitivity) relatively efficient dynamic programming recursion.
RNaseP The disadvantage of trCYK is that unlike local primary sequence

1.00 . S . -
098 | alignment, which is as computationally efficient as global sequence
0'96 I alignment, it needs to track the three possible structural alignment

< 0'94 | blast % modes (joint, left marginal, and right marginal) in the dynamic pro-

a 0'92 | troyk & gramming recursion. This imposes about a three-fold increase in

= 0'90 | memory and five-fold increase in CPU time required relative to pre-

8 0'88 | cmsearch vious CM alignment implementations. This cost is unfortunate, as

3 ) the use of CM-based approaches is already limited by their relatively

g 086 hmmalign # hi i i
o084 | igh computational complexity. We expect to be able to accelerate
082 | trCYK with the same approaches we are developing for stan-
0.80 dard CYK using the subtree-based alignment model (Nawrocki and

00 01 02 03 04 05 06 07 08 09 10 Eddy, 2007). We additionally expect it will be feasible to develop
coverage (sensitivity) simple accelerated heuristics for identifying optimal or near-optimal
switch points from joint to marginal alignment modes, in order to
Fig. 4. Per-residue accuracy of alignment methodsAlignment of simu-  Pypass the need for full dynamic programming. For example, we
lated metagenomic reads compared against a reference alignment for foghould be able to use fast primary sequence alignment to deter-
alignment methods: primary sequence (blastn), primary sequence profilmine likely endpoints of the alignment on the consensus yield of
(hmmalign), CM with subtree-based local alignment (cmsearch), and CMhe structural model, and from that derive a CM with an appropria-
with truncated sequence model (trcyk). Means and standard deviations faely marginalized partial structure. We therefore envision trCYK’s

sensitivity and PPV are plotted. Top: alignment of 800nt fragments toftyre role as a rigorous baseline against which more heuristic local
the bacterial small subunit ribosomal RNA. Bottom: alignment of 400ntRNA structural alignment methods may be compared
fragments to bacterial RNase P. '
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