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Abstract

Background

Noncoding RNA genes produce transcripts that exert their function without ever
producing proteins. Noncoding RNA gene sequences do not have strong statistical
signals, unlike protein coding genes. A reliable general purpose computational
genefinder for noncoding RNA genes has been elusive.

Results and discussion

We describe a comparative sequence analysis algorithm for detecting novel struc-
tural RNA genes. The key idea is to test the pattern of substitutions observed in
a pairwise alignment of two homologous sequences. A conserved coding region
tends to show a pattern of synonymous substitutions, whereas a conserved struc-

tural RNA tends to show a pattern of compensatory mutations consistent with some
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base-paired secondary structure. We formalize this intuition using three probabilis-
tic “pair-grammars”: a pair stochastic context free grammar modeling alignments
constrained by structural RNA evolution, a pair hidden Markov model modeling
alignments constrained by coding sequence evolution, and a pair hidden Markov
model modeling a null hypothesis of position-independent evolution. Given an in-
put pairwise sequence alignment (e.g. froBLASTN comparison of two related
genomes) we classify the alignment into the coding, RNA, or null class according
to the posterior probability of each class.

Conclusions

We have implemented this approach as a progra®mA, which we consider to be

a prototype structural noncoding RNA genefinder. Tests suggest that this approach

detects noncoding RNA genes with a fair degree of reliability.



1 Introduction

Some genes produce functional noncoding RNAs (hncRNAS) instead of coding for pro-
teins [1, 2]. For protein-coding genes, we have computational genefinding tools [3]
that predict novel genes in genome sequence data with reasonable efficiency [4]. For
ncRNA genes, there are as yet no general genefinding algorithms. The number and
diversity of ncRNA genes remains poorly understood, despite the availability of many
complete genome sequences. Gene discovery methods (whether experimental or com-
putational) typically assume that the target is a protein coding gene that produces a
messenger RNA.

New noncoding RNA genes continue to be discovered by less systematic means,
which makes it seem likely that a systematic RNA genefinding algorithm would be
of use. Recent discoveries have included RNAs involved in dosage compensation and
imprinting [5], numerous small nucleolar RNAs involved in RNA modification and
processing [6-8], and small riboregulatory RNAs controlling translation and/or stabil-
ity of target mMRNASs [9, 10]. Mutations in the gene for RNase MRP are associated with
cartilage-hair hypoplasia (CHH), a recessive pleiotropic human genetic disorder [11].
The CHH locus eluded positional cloning for some time; the RNase MRP gene was
only detected in the completely sequenced CHH critical region because the RNase
MRP sequence was already in the databases.

We have previously explored one RNA genefinding approach with very limited
success [12]. Maizel and coworkers [13—-15] had hypothesized that biologically func-
tional RNA structures may have more stable predicted secondary structures than would

be expected for a random sequence of the same base composition. Though we could



confirm some anecdotal results where this was true, we were forced to the conclusion
that in general, the predicted stability of structural RNAs is not sufficiently distinguish-
able from the predicted stability of random sequences to use as the basis for a reliable
ncRNA genefinding algorithm. Nonetheless, conserved RNA secondary structure re-
mained our best hope for an exploitable statistical signal in ncRNA genes. We decided
to consider ways of incorporating additional statistical signal using comparative se-
guence analysis.

We were motivated by the work of Badger & Olsen [16] for bacterial coding-region
identification. Badger & Olsen use tlB ASTN program [17] to locate genomic re-
gions with significant sequence similarity between two related bacterial species. Their
program,CRITICA, then analyzes the pattern of mutation in these ungapped, aligned
conserved regions for evidence of coding structure. For example, mutations to synony-
mous codons get positive scores, while aligned triplets that translate to dissimilar amino
acids get negative scores. (CRITICA then subsequently extends any coding-assigned
ungapped seed alignments into complete open reading frames.)

Here we extend the central idea of the Badger & Olsen approach to identify struc-
tural RNA regions. Our extensions include: (1) using fully probabilistic models; (2)
adding a third model of pairwise alignments constrained by structural RNA evolution;
(3) allowing gapped alignments; and (4) allowing for the possibility that only part of
the pairwise alignment may represent a coding region or structural RNA, because a
primary sequence alignment may extend into flanking noncoding or nonstructural con-
served sequence. These extensions add complexity to the approach. We use probabilis-

tic modeling methods and formal languages to guide our construction. We use “pair



hidden Markov models” (pair-HMMSs) (introduced in [18]) and a “pair stochastic con-
text free grammar” (pair-SCFG) (a natural extension of the pair-HMM idea to RNA
structure) to produce three evolutionary models for “coding”, “structural RNA", or
“something else” (a null hypothesis). Given three probabilistic models and a pairwise
sequence alignment to be tested, we can calculate the Bayesian posterior probability
that an alignment should be classified as “coding”, “structural RNA’, or “something
else”.

Our approach is designed to detect conserstedctural RNAs. Some ncRNA
genes do not have well-conserved intramolecular secondary structures, and some con-
served RNA secondary structures function as cis-regulatory regions in mRNAs rather
than as independent RNA genes. We will be using the term “ncRNA gene” to refer
to our prediction targets, but it must be understood that this really means a conserved

RNA secondary structure that may or may not turn out to be an independent functional

NncRNA gene upon further analysis.

2 Algorithm

2.1 Overview of the approach: simple, ungapped global case

The key idea is to produce three probabilistic modrisA, cob, andoTH) describing

different evolutionary constraints on the pattern of mutations observed in a pairwise

sequence alignment. We will first introduce toy versions of these models, for clarity.
All three models use the “pair-grammar” formalism described in [18]. A standard

hidden Markov model (HMM) generates a single observable sequence by emitting sin-



gle residues, whereas a pair-HMM generates two aligned sequ&ndeby emitting
a pair of aligned residues at a time (or single residues in either sequence to deal with
insertion and deletion).

The oTH model assumes mutations occur in a simple position-independent fash-
ion. OTH has4 x 4 core parameters, which are the pairwise alignment probabilities
POTH(a, b) — that is, the joint probabilities of emitting an alignment of a nucleotide
a in sequenceX and a nucleotidé in sequencé&” (Table 1).0TH represents our null
hypothesis. The probability of the alignment given tiiled model is just the product
of the probabilities of the individual aligned positions.

The cob model assumes that the aligned sequences encode homologous proteins.
In a coding region, we intuitively expect to see mutations that make conservative amino
acid substitutions; in particular, we expect an abundance of synonymous mutations. To
capture this,coD has64 x 64 core parameters, which al@®CP(a,azas, bibabs),
the probabilities of the correlated emission of two codons — that is, three nucleotides
aiasaz in sequenceX, aligned to three nucleotidésb,bs in sequencd”. (See Table
1 for an example of pair codon probabilities.) The probability of the alignment given
the cob model for a particular reading frame is the product of the probabilities of
the individual aligned codons in that frame. Since we don’t know the correct feame

priori, the overall probability of an alignmetXY is a sum over all six frames,

P(XY|cop) =Y P(XY|f,cop)P(f|cop), (1)
f

and we assume that all frames are a priori equiprobable in the alignfefit{op) =

).

[N

The RNA model assumes that the pattern of mutation significantly conserves a ho-



mologous RNA secondary structure. Intuitively, we expect a significant abundance of
pairwise-correlated mutations that preserve Watson-Crick complementarity in an (as
yet unknown) structure. To capture this, the core parametexsianare thel6 x 16
probabilitiesPRNA (aar, brbr) — that is, the probabilities associated with the corre-
lated emission of one base-pair@r) in sequenceX aligned to a homologous base-
pair (bzbr) in sequence” (Table 1). Single stranded positions in the alignment are
modeled byPRNA (4, b), the same functional form as in tleerH model. For a given
alignmentXY of known structures, the probabilityP(XY |s, RNA) is a product of
terms PRNA (2,25, y;y;) for all base paired positionsj and PRNA (x4, for all
single stranded positiorisin the alignment. Since we don’t know the correct structure

a priori, the overall probability of an alignmeY given by theRNA model is a sum

over all structures:
P(XY|RNA) = )~ P(XY|s,RNA)P(s|RNA). 2)

But here, we cannot assume equiprobability for the various structuaesve did
for coding framesf above; in fact, calculating®(s|RNA) implies a full probabilistic
model describing favorable and unfavorable RNA secondary structures. The necessary
machinery for calculating this weighted sum is exactly what we developed previously
for searching for significant structure in single sequences [12]. In that paper we param-
eterized a stochastic context-free grammar (SCFG) that incorporates a model of hairpin
loops, stems, bulges, and internal loops, including stacking and loop-length distribu-
tions, making a probabilistic counterpart for the widely usgeLD program for RNA
structure prediction. The SCFG we use here is almost the same, with the difference

that now we generate two aligned sequences simultaneously: i.e., a pair-SCFG. The



summation over all possible structures can be done efficiently using an SCFG Inside
algorithm (a dynamic programming algorithm).

In Figure 1 we present an example of three different alignments with different mu-
tation patterns, and how they would be better scored with the three different models.

Finally, in order to classify the input alignment asiA, COD, or OTH, we use
the three likelihoods to calculate a Bayesian posterior probability, under the simple
assumption that the three models angriori equiprobable. Alignments with highina
posterior probabilities are interpreted as candidate ncRNA genes.

For scoring purposes, it will also be useful to calculate log-odds scores in the stan-
dard manner [19] relative to a fourth model, which we will gali. In 11D, we assume
the two sequences are nonhomologous independent, identically distributed sequences.
The 11D model hast parameters corresponding to the expected base compositions of

the two sequence®X (a) and PY (b).

2.2 Parameter estimation in the simple case

Parameter estimation is crucial for our approach. The three models have to be cali-
brated to an overall similar evolutionary divergence time, and to similar base compo-
sitions. Else, one model might be artifactually favored over the others because of the
degree of conservation or the base composition in an input alignment, not because of
the pattern of mutation.

In an ideal world, we could empirically estimate the parameters of each model
using training sets of pairwise alignments culled from real RNAs, coding regions, and

other conserved noncoding regions, using pairwise alignments that were all about the



same percent identity. Unfortunately it is unlikely that we can amass suitably large
training sets. Instead, we take a somewdthocapproach that ties the parameters

of all three models as much as possible to a particular choice of a standard amino
acid substitution matrix, such as BLOSUM®62. We will derive joint codon probabilities
from the chosen scoring matrix, then use these codon probabilities to calculate the
average single nucleotide substitution probabilitie®i™, then combine theseTH
substitution parameters with base-pair frequencies to obtain the parametergphthe
model. This procedure is as follows.

First the64 x 64 codon emission probabilitieBCOP(a, asas, b1 bybs | t), for some
divergence “time’t, are derived from the chosen substitution matrix (i.e. the choice of
matrix definest). We make an independence assumption that the conditional proba-
bility of each codon depends only on its own encoded amino acid— i.e., it does not

depend on the the other codon—so we can use the approximation

PCOP(ayazas,bibobs | t) ~ Y Parasaz| A)P(bibobs | B)P(A, B|t), (3)
A,B

for a1, az,as3,b1,b2,b5 € {A,C,G,U} andA, B € amino acids. (An example of
where this independence assumption is violated: for equiprobable codon bias, our pa-
rameters will say that aligning TCA to AGT is as likely as aligning TCA to TCG be-
cause all three are Ser codons, despite the fact that the first case requires three transver-
sions.) P(A, B|t) are the joint target probabilities of aligned amino acids obtained
from the amino acid score matrix, such as BLOSUMG62 [20], as described by [19]. The
termsP(a;aza3]|A) are the probabilities of observing a particular codon given a par-
ticular amino acid; these terms can include a codon-bias model [21] and, if desired,

a substitution error model to deal with error-prone sequence data. The sum over all



possible amino acids in equation (3) is relevant only when a substitution error model
applies, since otherwise each observed codon can only mean one possible amino acid.
The16 mutation probabilities for theTH model are then obtained by marginalizing
the corresponding codon-codon emission probabilities in equation (3), in the following
way:
POTH(a,b|t) = 32 (a0 befac,c o PCOB(ada” bbb [ ) +
PCOB(g/aa” bbb t) + (4
PCOD(/a"a, bbb |t) ).
The 16 x 16 core parameters of tteNA model are calculated by combining the
OTH model (which sets the average divergence of the two sequences) with some addi-
tional parameters that specify the probability of base pairs. This involves making an

independence assumption:

PRNA(arapbrbr|t) = P(br|aragrbrt)Plararby|t), )

= P(bR | aLaRbLt)P(aR | CLLbLt)POTH(aLbL |t),

PPAT (hp b, ) PPRT (ag|ant) PO (apby |t),

1

ppair (bLbR\t)Ppair (arar |t)POTH(arbyL |t)
P(br|t)P(ar|t) .

Alternatively, we can symmetrically derive a equation in which the divergence is
controlled by the mutation probability of the right position instead of the left position.
We calculate the overall joint probability of the aligned base pairs as the average of

these two equations:

PRNA(aLaRbLbR‘t) ~ ppar (bLbR|t)Ppalr (apar|t)



1 [ POTH(arby[t) POTH(apbg |t)

5 | PoritPar]t) T PonltPanln]  ©

HerePPAIT (g, ap |t), PPAT (b by |t) are just the probabilities of the various sorts

of base pairs (GC, AU, GU) in a single RNA structure.

2.3 Extension of the models to gapped local alignments

In order to deal with gapped local alignments (as reportediysTN, for instance),
we will have to extend the models to deal with two problems.

Obviously we have to deal with the presence of insertions and deletions (indels) in
the alignments. In fact, there is information in the indels that we would like to capture.
Indels in coding sequence will occur in multiples of three nucleotides to preserve cod-
ing frame. The length of an RNA stem may vary in two homologous structures, leading
to long-distance correlated indels.

We also have to recognize that the bounds of reported local sequence alignments
will not usually correspond to the true bounds of a functional coding or RNA sequence.
It is therefore too simplistic to assume that all the residues in the alignment should be
assigned to a single choice of model. For example, Figure 3 shows alealN
alignment containing a U2 small nuclear RNA gene conserved bet@aenorhabditis
elegansandCaenorhabditis briggsae¢he alignment extends beyond the U2 structural
RNA into less conserved flanking noncoding sequences.

Both of these problems can be addressed using the “pair-grammar” formalism in-
troduced by [18]. A pair-HMM for the®TH model that can generate insertions is shown
in Figure 2. State XY emits two aligned nucleotides simultaneously in both sequences

with probability POTH(a, b|t), while there is also a non-null probability of moving to



states X or Y that generate nucleotides in only one of the two sequences, and gaps in
the other one.

In order to make the alignments local, we add flanking states to the models. These
flanking states allow us to score portions of the alignments as if they were unaligned
residues that are unassigned to the model. IhélMM, which emits both sequences

independently, is composed solely of these flanking states (Figure 4).

2.3.1 The OTH Model

The completeoTH model, a pair hidden Markov model, is diagrammed in Figure 5.
The flanking double-circled statég , F'r, andF’; are a shorthand for a fulib model

of the type in Figure 4, which allow the alignment to be flanked or interrupted by
runs of unassigned (independent) residues. (In general we will use the convention
that single-circled states are “single states”, and double-circled states represent some
“composite state” of some kind previously defined. This differs from a convention

in formal languages in which double-circled states are terminal states of a finite-state
automaton [22].)

The oTH model requires us to specify emission probabilities for the state XY (that
emits two aligned nucleotides), and also for the X and Y states (that emit one nucleotide
“aligned” to a gap character in the other sequence). The emission probabilities for
state XY, PXY (a, b|t), are simply the mutation probabiliti€d°TH(a, b|t) of the toy
ungappedTH model, as described above. The emission probabilities for states X and

Y are obtained by marginalization of tHeXYs:

10



PXalty = Y PY(ablb), (7)
be{A,C,G,U}

PY(b|t) = > PXY(a,b]1). (8)
ac{A,C,G,U}

2.3.2 The COD Model

The completecob model, a pair hidden Markov model, is diagrammed in Figure 6.
A new degree of “locality” is introduced. In addition to regions of the alignment that
are better left “unaligned” (i.e. generated by the flanking states efbamodel), we
want to model regions of the alignment that are not coding but still well-conserved.
To model this, we add three full copies ofH models to the core of theob model,

indicated by the symbol® 5, Og, andO ;. We represent a futbTH model with:

(o)

with the understanding that any arrow that goes infj fndicates a transition into
the “Sp, " state of theF, flanking model, and any arrow leaving@” emerges from
the “I'p,” state of theF'r flanking model. In this way theob model can score a
coding-aligned region that is nested between other independently-aligned regions.

The differentcoD states described in Figure 6 emit correlated codon pairs, possibly
with indels. To deal wittrBLASTN misalignments of codons and possible applications
to error-prone sequence data (expressed sequence tags or low-pass genome shotgun),
we model -1 or +1 frameshifts (by having a probability of emitting abnormal codons
of 2 or 4 nucleotides), in addition to the more expected indels of multiples of three

nucleotides. Codon emission probabilities for the different coding states are derived

11



from the joint codon probabilitie®CCP given in equation (3) for the toy case. For

incomplete codons we do the convenient marginalizations. For example,

0(3,3) : P3’3(a1a2a3,b1b263) = PCOD(a1a2a37b1b2b3)7

0(3,2) . P3’2(a1a2a3,b1b2—) = ZPCOD(alaga:;,blbgbg),
b3

0(3, 4) . P3’4(a1a2a3, b1b2b3b4) = PCOD(alagag, blbgbg) . ]Dy(b4)7 (9)
0(2, 4) : P2’4(a1a2—, b1b2b3b4) = PQ’S(CUCLQ—, blbgbg) . Py(b4),

C(3,00:  P*(arazag,———=) = > PPlarasas,bibabs).
b1,b2,b3

Notice that there are three differe6t(3,2) states, of which we have only de-
scribed one in equation (9). Similarly there are four differéf{8, 4) states, and
six differentC(2,4) states, depending on the position of the gaps. We will repre-
sent these codon-emission probabilities in generaPBy’ (a; - - - aq, by - - - bg) with

a,0=1{0,2,3,4} and a,be {A,C,G,U}.

2.3.3 The RNA Model

The completeRNA model, a pair stochastic context free grammar (pair-SCFG), is
crudely diagrammed in Figure 7. The crucial SCFG machinery of the model is en-
capsulated in th&NA state of the diagram. This pair-SCFG, similar to the SCFG
described in [12], has three states labdlEdWW g, V. They correspond to th& and

W dynamic programming matrices in [23], and to the matricas wbx and vz of

the diagrammatic representation in [24, 25]. We use the diagrams as a convenient vi-

sual representation to enumerate the configurations which we take into account in the

12



model. Statd’ represents a substring (sequence fragment) in which the ends are defi-
nitely base-paired. Statég andW represent a substring in which the ends are either
paired or unpaired.

To extend these more or less standard RNA folding algorithm conventions from a
single sequence to an aligned pair of sequences, let us introduce some vectorial nota-
tion. In this notatiors’ = (i,’) stands for the corresponding positianis sequence
X andi’ in sequenc&’. Similarly 37 = (z;,y,») stands for the pair of nucleotides in
positionsi and:’ of sequenceX” andY respectively. With this notation, we also define
+a=(i+a,i+a)andi+ 7= (i+j,i +j'). We are going to assume that for two
aligned columns{;;) and (;C:) r; is base-paired to; if and only if z;/ is base-paired
to y;» which is a reasonable assumption if we are trying to find commonly occurring
secondary structures within an alignment of two sequences.

W acts as the starting statd/ andWy are essentially equivalent, butz is used
exclusively for starting multiloops. The production rules forare (forWg, replace

W by Wg everywhere in the recursion),

,—'\
/7 N
y \
P
o o —
g J
W
//'-\\ //’—\\
/ \ / M
q A P -
1 J 1 J Zl—"‘J
1t+eq -€2 1+e J-€

(exxi )W
eYyy
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o W .-W
The vector = (Zy) provides us with a compact notation to represent the three possible

situations in which one nucleotide is emitted in at least one of the two sequences in the
alignment. The component§ ande? take valued or 0 with at least one of the two
being different from zero. 18 = 0 ore¥ = 0 we place a gap in the corresponding

position in the alignment.

The symbolV represents the paired state, that is, the state we are in after emitting one

pair in each sequence. The recursion for stais,

=L

X
<el Xi
Yy

1Yy

')

Wg - Wg
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Here the first transition corresponds to hairpin loops, and is equivalent to function
FH(i,7)in[23]; the second transition corresponds to stems, bulges, and internal loops,
and is equivalent to functiod'L(s, j, k, ) in [23]; the last transition corresponds to
multiloops, that is, loops closed by more than two hydrogen bonds. The length of
the alignments generated for those hairpin loops and bulges and internal loops is vari-
able and depends on the number of gaps introduced. The only condition is that all
nucleotides in that segment have to be used—for instange, ¢ = j — i + 1 and
>_i el =j — i + 1 for the hairpin loops.

The full description of the algorithms associated to this grammar is given in the

Appendix. The algorithms requires two kind of emission probabilities,

o PRNA(Z. — (a1,br),5; = (ar,br)), the concurrent emission of two paired

nucleotide in both sequences, already introduced in equation (6).

o PRNA(3 = (4,b)), the concurrent emission of one unpaired nucleotide in both

sequences, which are taken as the mutation probabilities in equation (4).

Both types of emission probabilities have been extended to also emit gaps. For any
positionz, {sZ = x;,s% = yi} € {A,C,G,U,—}, we also introduce a penalty for
“mutating” to a gap, and another one for “pairing” to a gap. This is a linear gap cost,
and is more convenient than implementing the additional extra states that an affine gap
cost would require.

The vectorial notation becomes particularly important if we realigned the input
sequences to thenA model. In this paper, though, we will only be working with a

special case where we hold an inpatASTN) pairwise alignment fixed and simply
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score it with theRNA model; in this case, for any given vectoe (i,i'), i =4’

2.4 Transition Probabilities

In all three models, one of the prices we pay for introducing realistic flexibility is that
we have introduced a number of transition probability parameters, in addition to the
emission probabilities presented in the ungapped case (Section 2.1). Now we have
to determine the transition probabilities of the different models. Again, we want the
models tuned to the same level of “gappiness”, else alignments may be artifactually
classified based on how gappy they are. Whereas we were able to construct divergence-
matched emission probabilities for the three models in a somewhat justified fashion, we
have no guiding theory for constructing divergence-matched transition probabilities.

Instead, we have estimated all new transition probabilities by hand. The number
of additional parameters in the most complete modes fisr the oTH model, and
20 for the cob model andrRNA models. These parameters have been optimized by
studying the algorithm’s discrimination ability on model generated data and random
sequence alignments. More details on the type of simulated data used to set the tran-
sition probabilities of the models is given in Section 3.1. This approach to estimating
the transition parameters of the models is very arbitrary, but we do not currently see a
plausible alternative.

The RNA model also has additional SCFG-related probability parameters to take
into account length distributions of hairpin loops, bulges, and internal loops. Those
parameters have been determined from a training set of aligned tRNAs and ribosomal

RNAs as described previously [12, 26, 27].
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2.5 Alignment and scoring algorithms

We are given a pairwise sequence alignmg€nt, composed of. aligned columns. We
will hold the input alignment fixed. Thus, globally aligning and scoring the alignment
with each of the three models could be done by straightforward extensions of standard
HMM Viterbi and/or Forward algorithms and SCFG CYK and/or Inside algorithms.
The OTH and coD pair-HMM alignment algorithm would cost @} in storage and
time; therRNA pair-SCFG algorithm would cost @¢) in storage and Q¢3) in time
[12,24].

We are interested, however, in a combination of the standard algorithms. Consider
the RNA model. Recall that we need to obtalf( XY|RNA) by a summation over
all possible structures, which will require the Inside algorithm rather than the CYK
algorithm (which, like Viterbi for HMMs, recovers the maximum likelihood parse, i.e.
structure). But we will also be interested in obtaining a maximum likelihood location
of a predicted RNA within the input alignment - that is, we would like to identify the
maximum likelihood position of the starting and ending nucleotides that are aligned to
states in the core of theNA model, as opposed to flanking states that are accounting
for flanking nonconservedip) and conserved but non-RNATH) nucleotides in the
input alignment. This would require the CYK (maximum likelihood parse) algorithm
for the RNA model, outside of the comeNA pair-SCFG state.

To combine the desired features of the two algorithms, we use a trick introduced by
Stormo and Haussler [28], perhaps most widely known for its application in the “semi-
Markov model” of the (protein) genefinding prograaaNSCAN[29]. The basic idea is

that we start with a model organized into “meta-states” (such a®th&g, O, and

17



RNA states of th&NA model in Figure 7). Each meta-state contains its own (possibly
complex and arbitrary) model of a feature (such as the pair-SCFG represented by the
RNA state). The meta-states are connected to each other by transition probabilities as
in an HMM. To parse and score a sequence, “feature scores” are first precomputed for
the score of all possible subsequentesbeing generated by each meta-state; then a
dynamic programming algorithm is used to assemble a maximum likelihood parse of
the sequence into a series of component features. Thus, we can (for instance) use a
pair-SCFG Inside algorithm to precompute scorég for the coreRNA metastate of
theRNA model generating the part of the alignment frami summed over all possible
structures, then use the Stormo/Haussler parsing algorithm to determine the optimal
1..7 segment that should be assigned as structural RNA, versus assigning flanking se-
quence to th&® g, Og or O; meta-states describing non-RNA conserved residues and
nonconserved residues.

Stormo/Haussler parsing algorithms add one order of complexity both in storage
and time to the underlying dynamic programming problem to which they are applied.
The Forward algorithm for scoring a pair-HMM againdiixed pairwise alignment is
O(L), but since HMM dynamic programming algorithms work by iteratively calculat-
ing scores of prefixes..j of increasing length, whereas we need scores of subsections
i..7, we have to run the algorithth times, once from each possible start painnhak-
ing the feature scoring phasg(L?) in storage and time for both theTH and the
cob pair-HMM. (Thecop pair-HMM would beO(L?) in memory, but the actual im-
plementation uses a simplifigd(L) version for theoTH meta-states included in the

cob model that keeps the wholeop parsing algorithmO(L?).) The Inside algo-
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rithm for scoring a pair-SCFG against a fixed pairwise alignmeni(i?) space and
O(L?) time, and conveniently yields the matrix of scores we need for all subsections
1..7. Therefore the computational complexity of our complete algorithm is dominated
by the Inside algorithm for scoring the coralA state of theRNA model. (See the
Appendix for more details.)

In principle, we could forget about the input pairwise alignment, and allow our
three models to optimally realign the input sequences. This would be desirable; it
is dangerous, for example, to rely on the external sequence alignment program (e.g.
BLASTN) to produce a correct secondary structural alignment of two homologous RNAs,
whereas th&NA pair-SCFG, which models base-pairing correlation, would potentially
produce better structural alignments. However, such an algorithm would be expensive:
for two input sequences of length andn respectively, scoring theNA pair-SCFG
would costO(m?n?) in storage and (m3n?) in time. (See the Appendix for a detailed
description of all the different algorithms, and their complexity.) Since this realignment
approach is prohibitive, we rely on an assumption that the external pairwise alignment
algorithm will produce alignments that are close enough to being correct for coding re-
gions and structural RNAs, even though the external alignment program has no notion

of these constraints.

2.6 Bayesian score evaluation

Once we have calculated the probabilities that a pairwise alignment has been generated

by any one of the three models, we can classify the alignment into one of three using a
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posterior probability calculation:

XY | Model;)P(Model;)
P(XY)

P(Model; | XY) = il , (10)

where

P(XY) = > P(XY | Model;)P(Model;). (11)
j=RNA,COD,0TH

We assume a uniform distribution for the prior probabiliti&lodel; ).

In some figures, we use a phase diagram representation of the same information in
the three posterior probabilities. We plot log-odds scores ofthe andRNA models
with respect to theTH model in an(z, y) plane:

P(cop| XY) o P(RNA | W)) ' (12)

b} = 10 e bl -

(z,9) ( 82 b (otH | XY) 82 b (otH | XY)
We can then separate the plane into three different regions “phases” dominated by

any of the three models (for example, see Figure 8). Those three phases correspond to

the conditions,

(y>z and y>0) is RNA, (13)
(x>y and z>0) is coD, (14)
(x<0 and y<0) is OTH. (15)

Points deep in one of the phases represent a higher posterior probability for a particular
model, whereas points falling next to phase-transition boundaries represent situations

in which the method can not clearly decide for one model or the other.
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2.7 Implementation

This approach was implemented in ANSI C in a program cafjedia. The source
code and the full set of probability parameters usedimA are freely available from
http://www.genetics.wustl.edu/eddy/software/ under the terms of the GNU General
Public License QRNA has been tested on Intel/Linux and Silicon Graphics IRIX plat-
forms.

The input alignment is given in a modified (aligned) FASTA file format. For in-
stance the following file contains the two homologous nematode sequences shown in

theBLASTN alignment in Figure 3:

>F08G2
CATTTCATAGTGTCACACGCGCACCCATGAGTTGTCGGCACAC-CACTCCCCACTACCCC
TACCCTCTCCTCCATTCAGTATCGCTTCTTCGGCTTATTAGCTAAGATCAAAGTGTAGTA
TCTGTTCTTATCGTATTAACCTACGGTATACACTCGAATGAGTGTAATAAAGGTTATATG
ATTTTTGGAACCTAGGGAAGACTCGGGGCTTGCTCCGACTTCCCAAGGGTCGTCCTGGCG
TTGCACTGCTGCCGGGCTCGGCCCAGTCCCCGAGGGGACAA

>G42J05
CATTCCATAGTGGCCGACGCGAGCCCGGTTTTTGTCGGTACATGCGCGCACC-CTACCCC
CCGCGCCTCGTTCTCACCGCATCGCTTCTTCGGCTTATTAGCTAAGATCAAAGTGTAGTA
TCTGTTCTTATCGTATTAACCTACGGTATGCACTCGAATGAGTGTAATAAAGGTTATATG
ATTTTTGGAACCTAGGAAAGACTCGGGGCTTGCTCCGACTTTCCAAGGGTCGTCCCGGCG

TTGCACTGCTGCCGGGCTCGGCCCAGTCCCTGTGGGGACAA

Note the gap characters preserving the pairwise alignment. (In many cases, there
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would be more gap characters than in this particular example.) Multiple pairs of se-
guences can be added to a single fasta file, and will be scored sequentially, one pair at

a time. Typing the following command line:
grna -d -g fastafile
we obtain the output in the following form:

>F08G2 (281)
>G42J05 (281)
...[some irrelevant output not shown]...
winner = RNA
OTH = 152.817 COD = 129.240 RNA = 182.522

logoddspostOTH =  0.000 logoddspostCOD = -23.577 logoddspostRNA = 29.705

The linewinner = RNA indicates that the 281 nt alignment has been classified as
a structural RNA. The next three numbers correspond toPteY |Model) in log-
odds scores. The two non-null numbers in the second rdeg¢tidspostCOD
and “YogoddspostRNA ") correspond to the 2-D phase diagram scores described in
Section 2.6. For this alignment, tiiA model is favored ovecoD andOTH by 29.7
bits.

A scanning version of the algorithms is also implemented. In this scanning mode
a partial segment of the alignment—a window of user-determined fixed length—is
scored. The window slides across the alignment and each window is scored indepen-
dently from the others. This option is useful when the input alignment is long, or one

expects different types of functionalities within a given alignment. This is the mode of
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the program that we use for whole genome analysis.

Scoring a window of 200 nts takes abdut CPU-seconds and 8 MB of memory
on 225 Mhz MIPS R10K processor of a Silicon Graphics Origin2000. Scoring an
alignment of2 Kbases in windows o200 nts and moving0 nts at a time takes about
9 minutes. Scoring the alignments generated between the intergenic regigreobf
and S.typhi(12,000 alignments with average length of abaolii0 nt) took about 9

CPU-hours.

3 Results

3.1 Tests on simulated data

Because all three models are fully probabilistic, we can use them in a generative mode
to sample synthetic pairwise alignments. These simulations allow us to assess the
sensitivity and specificity of the approach on idealized data, to get a sense of the best
that the algorithm can do. We generaied00 pairwise alignments df00 nucleotides

in length from each of the three models. Each of th&s#0 alignments was then
scored and classified by the program. Results are shown in Figure 8, showing that
simulated alignments are almost always classified correctly.

We wanted to test that the classification is based on the pattern of mutation in the
alignments, not on a spurious artifact of differing base composition, sequence identity,
or gap frequency. To do this, we randomly shuffled each alignment by columns—
preserving the sequence identity in the alignment, while destroying any correlations in

the pattern of mutation. Figure 8 shows that shuffled alignments are classified in the
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OTH phase, as expected.

These simulation experiments were iterated during the development of the ap-
proach. They were important guide in setting tek hoctransition probabilities in
each model.

We used these simulation results frema-generated and shuffled data to set crude
but reasonable score thresholds for classification of alignments as RNA. A threshold
of 1.4 bits for theRNA posterior log-odds scores would determine a minimum error
rate area with a frequency 061023 false positives an@l.081 false negatives. In whole-
genome scans, we want to push the rate of false positives down, even at the expense
of increasing the number of false negatives. To reduce the false positive frequency to
0.005, we would need a cutoff df.8 bits, which increases the false negative frequency
to 0.14. We set a cutoff of 5 bits for the remainder of the results in this paper. These
error rates are probably somewhat pessimistic. Figure 8 shows that the rate of false
positive RNA classifications of oD or 0TH-generated data is lower (about 0.001) at
the 5-bit cutoff that we set based on finding false positives in shufflegtgenerated

alignments.

3.2 Tests on simulated genomes

To get a better idea of the false positive rate in whole genome screens, where the back-
ground is dominated by sequences other than RNAs, we usebthandoTH models

to simulate two aligned complete “pseudobacterial” genomes with no structural RNA
genes present. The aligned pseudo-genomes have the following characteristics [30,31]:

~ 2 megabases in total length, with coding regions generated fromdbenodel with
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length distributions distributed normally around a mean lengtk @00 nucleotides,
and intergenic regions generated using dt@i model with length distributions dis-
tributed normally around the mean length~ofl 00 nucleotides (thus, an overall coding
density of~ 90%).

Because the parameters of the models are ultimately dependent upon the BLOSUM62
amino acid scoring matrix, the average percent identity of the aligned genomes was
only 41% in “coding” regions and 36% in “intergenic” regions. This is a weakness in
the simulation, because in a real genome screen, we would be looking at alignments in
the 65-85% nucleotide identity range, as we discuss later in the paper.

The parameters also gave a simulated pair of genomes with an overall GC content
of 47.25%. From previous experience [12], we expected that genomic sequences with
high GC content might tend to be misclassified as RNAs. We therefore devised a crude
way of modifying the parameters of the models to correspond to different base com-
positions, by expressing various joint probabilities instead as a function of conditional

probabilities, i.e. for two aligned codomsc’:

P(c,c) = P(c|d)P(c), (16)
where theP(¢’) are codon frequencies obtained by marginalization of the joint proba-
bilities, and the information about the mutation rate is in the conditional probabilities

P(c|¢’). We then can modify overall frequencies to a differentRgt') while keeping

the same conditional probabilities. The joint probabilities are then recalculated as:

P(c,d) = P(¢|d)P(c). (17)
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wheref?(c’) is obtained as the product of the single nucleotide frequencies for the new
GC composition. This approximation for the codon probabilities could be refined to
better reflect the actual codon bias of the genome.

This correction of probabilities can be performed for both codon-codon probabil-
ities and independent mutation probabilities. Using this modification te¢theand
OTH models, we generated two more pairs of genomes which had overall GC contents
of 57.7% and 38.9%. We then r@RNA using its default parameters (i.e. uncorrected
for GC composition) across these three aligned simulated genomes in scanning mode,
using a window200 nucleotides wide, moving 50 nucleotides at a time, and counted
the number of times a window was callesiA with a score of> 5 bits. All such
windows are false positives, because the simulated genomes have no RNA component.

The observed false positive numbers for the 2 Mb low-GC, average-GC, and high-
GC simulated genomes were 8, 14, and 21 respectively, or about 4-10 per megabase
of pairwise alignment analyzed. This indicates that specificity degrades with higher
GC compositions. We reanalyzed the high-GC genome using the high-GC parameter
set that generated it (i.e. parameters corrected for GC composition), and saw one false
positive. This indicates that setting the parameters of the three models to be appropriate
for the GC composition of the input alignment should improve the effectiveness of the

approach; however, our current method for doing this may be too crude.

3.3 Tests on known RNAs

To test the sensitivity and specificity of our method on real RNAs, we analyzed pairwise

alignments taken from a multiple alignment &§ eukaryotic SRP-RNAs [32] (also
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known as 7SL RNA), and a multiple alignment @f eukaryotic RNaseP RNAs [33].
These RNA genes were chosen because they are independent from the set of tRNAs
and rRNAs used to train theNA model.

We did two different types of experiments. In the first, we used the pairwise align-
ments as given in the curated multiple sequence alignment. These pairwise alignments
are an ideal case f@RNA, because they are structurally aligned. In the second set of
experiments, we took each known RNA in turn and used itBISASTN query against
the rest of the RNAs, then classified all significant alignments wi#nNA. This is
a more realistic scenario f@RNA; a BLASTN primary sequence alignment may be
fragmentary and/or not entirely structurally correct. All alignments were scored with
QRNA using default parameters.

For the first experiment, we usegkNA to score in full (i.e. not with a scanning
window) the 2,016 different structural pairwise alignments for SRP-RNAs, and the
1, 325 structural pairwise alignments for RNaseP RNAs. The manually curated RNA
structural alignments have a wide range of sequence diversity that extends from 100%
to 0% pairwise identity. The number of pairwise alignments that were classified as
RNA with a score of> 5 bits was counted, and these counts were binned by ranges
of percent identity. The fraction of alignments classifiecra is a measure of the
sensitivity ofQRNA. To measure specificity, we randomly shuffled each pairwise align-
ment by columns, which destroys the nested RNA structure correlations but retains the
percentage identity of the alignments. Shuffled alignments that are classifigreiNay
asRNA are false positives. The results in Table 2 show ¢rtiA can detect about half

of the alignments as RNAs at a wide range of percent identities; however, specificity
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seriously degrades for alignments over 90% identity.

In the second set of experiments, we have taken each single RNA gene in a given
family (both for the SRP-RNA and the RNaseP RNA families) and used isBagaTN
guery against all genes in the same family (including itself). We wgedLASTN
(2.0MP-WashU, 12 Feb 01 version, default parameters and scoring matrix) and retained
those alignments that were longer tHannucleotides, with an E-value &f 0.01, and
with an overall similarity of> 65%. Of the3, 342 possible comparisons, this produced
1,003 alignments {86 for SRP RNAs, and 17 for RNaseP RNAS). These were then
scored byQRNA to measure sensitivity, and then shuffled by columns and rescored to
measure specificity. Table 3 shows that specificity follows the same trend we saw in the
structural alignments, with a sharp degradation in specificity over 90% identity. Sen-
sitivity, however, drops off steeply in the other direction; as percent identity declines,
sensitivity decreases.

We also analyzed the dependency of sensitivity and specificity with the GC content
of the alignments, both for structural amdASTN-type alignments. We observe a
similar trend for both types of alignments; both sensitivity and specificity reach their
best values for GC contents ranging frafi to 60%. Specificity drops faster for high
GC content alignments, which is consistent with the fact that unstructured sequences
with high GC content tend to produce more spurious secondary structure predictions
than low GC content sequences [12].

These results show two competing forces at play. In order to be detectgriNgy
two RNA sequences must be similar enough to produsessTN alignment that is

reasonably correct and extensive, but they also must be dissimilar enough to show com-
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pensatory mutations in base-paired positions of the RNA secondary structure. There
is therefore a “sweet spot” of percent identity in whiQRNA performance is opti-
mal. Based on these results, we choose to analyzemmgTN pairwise alignments
of between 65% and 85% nucleotide identity wigRNA. However, we do not fully

understand the degradation of specificity at high percentage identities (see Discussion).

3.4 Tests on a whole genome

To testQRNA performance in a realistic whole genome screen, we used it to analyze
the Escherichia coligenome by comparisons to the related genom@abfnonella ty-

phi. We compare@®RNA annotation to the curated annotation of known coding genes,
ncRNAs, and intergenic regions [34]. The feature tables for version M52 d.theli
genome include$15 known RNA genes and, 290 known coding genes (ORFs). The
known RNA genes includ22 rRNAs, 86 tRNAs, and7 miscellaneous RNAs (RNase

P, for example). At least other known RNA genes [1, 35, 36]—csrB, oxyS, micF, and
rprA—were not present in the M52 feature table.

We split theE.coli genome in three different components: 115 RNA features (a
total of 40 kb,1% of the genome), 4290 ORF features (40908&%; of the genome),
and 2367 intergenic sequences of lengtl30 nt (500 kb, 11% of the genome). Each
sequence was compared against the comBlat@onella typhgenome (Sanger Centre,
unpublished genome datattp://www.sanger.ac.uk/Projects/S_typhi) usingwuUBLASTN,
and all alignments of 50 nt with an E-value oK 0.01 and a percent identity of
65% and< 85% were kept. This resulted Bb4 alignments to RNAs4, 946 align-

ments to ORFs, andll, 509 alignments to intergenic regions. (The large number of
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alignments in intergenic regions is due to repetitive sequence families.) These align-
ments were then classified IRRNA in scanning mode, scoring overlapping windows

of 200 nucleotides sliding0 nucleotides at a time, and all windows with scores-@

bits for one of the three models were annotated s, CoD, or OTH correspondingly.

We then looked at these data in two ways. First, how many of the known features
(ncRNAs and ORFs) were detected correctly? We counted a known feature as “de-
tected” asRNA or cobD if it had one or more overlappinQrRNA annotations of that
type. It is possible for different parts of a long feature (especially the ORFs) to be
detected with different annotations. For the 115 known ncRNAs, 33 have one or more
BLASTN alignments td5. typhiin the right range, and all 33 were annotated&as by
QRNA; none were callec¢obD. For the 4290 known ORFs, 3181 hadAsTN align-
ments in the right range; 2876 were calledD, 20 were calleckRNA, and 184 were
called bothcob andrRNA.

These results indicate that the sensitivity of the program is largely dependent upon
the availability of appropriate comparative sequence data — only 29% of the 115 known
RNAs were detected, but invariably (in this case), a failure to detect an RNA resulted
from the lack of an appropria®_ ASTN alignment to analyze (a5 — 85% identity).
Therefore sensitivity could presumably be improved by using multiple comparative
genome sequences at different evolutionary distances.

A second way to look at the data is from the perspective of how ma@refa’'s
annotations are correct. In a postprocessing step, any overlapping windows with the
sameQRNA annotation were merged into a longer annotated region. A total of 148

regions are annotated in the ncRNA sequence fraction: 3asnone aob, and
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115 asOTH. 7422 regions are annotated in the ORF sequence fraction: B8mas
3397 acoD, and 3937 a®TH. 1974 regions are annotated in the intergenic sequence
fraction: 351 aRNA, 61 ascob, and 1562 a®TH. ThereforeQRNA annotated a total

of 5614 sequence regions @sH, of which 3937 (70%) are actually in known ORFs —
this means we must interpret @TH annotation as a catch-all “don’t know” category,
rather than as a conserved noncoding sequence of potential interest. annotated

a total of 3458 regions asoD, of which 3397 (98%) are in known ORFs. The other
61 coD annotated regions could either be false positive calls, or could be previously
undetected small coding genes.

Most interestingly,QRNA annotated a total of 472 regions Bf coli asRNA, of
which only 33 (7%) are in known RNAs. It is not possible to definitively accept
or reject the rest of these annotations without additional experimental data. The 88
RNA annotations that overlap known ORFs may be false positives, or may indicate cis-
regulatory RNA structures that overlap coding regions. Itis intriguing that a dispropor-
tionate number ofhRNA’S RNA annotations (74%, 351/472) were in the “intergenic”
data fraction, which is only 11% of the genome — which is what we would expect to
see if there were a fair number of undetected RNA features in the genome.

We examined many of these 351 regions by eye. Four of them are the four ncRNA
genes (csrB, oxyS, micF, and rprA) that were not included in the M52 feature table for
E. coli. Others are repetitive sequence families with conserved palindromic sequence,
such as BIMEs [37]. Some correspond to known cis-regulatory RNA structures such
asp-independent terminators (which have an RNA stem loop structure) and transcrip-

tional attenuators. For about half of these regions, we cannot exclude the possibility
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that they correspond to novel RNAs, and we cannot assign a known biological role
to them without additional computational or experimental evidence. A more in-depth
QRNA screen oft. coli for novel ncRNAs using multiple comparative genomes from
~-proteobacteria, accompanied by experimental evidence that many of the predicted
RNAs are indeed novel ncRNA genes, is presented elsewhere (E.R., R.J. Klein, T.A.

Jones, and S.R.E., manuscript submitted).

4 Discussion

We have described an algorithm that uses three different probabilistic models (for
RNA-structure-constrained, coding-constrained, and position-independent evolution)
to examine the pattern of mutations in a pairwise sequence alignment. The alignment
is classified as RNA, coding, or other, according to the Bayesian posterior probability
of each model. We have implemented this algorithm as a progp&\a, which we
consider to be a prototype structural ncRNA genefinding program.

In principle QRNA may also be useful as a coding-region genefinder. The coding
model is a fully probabilistic formalization of comparative analysis ideas used by the
genefindelcRITICA [16] and by theEXOFISH vertebratefetraodoncomparative exon
finding approach. In th&. coliwhole genome screen, the sensitivity and specificity of
QRNA coding annotations seem quite high. We have not yet attempted to optimize the
performance ofyRNA for this purpose.

There are a number of ways in which we could impr@mNA. The three proba-

bilistic models are calibrated to a fixed evolutionary distance. We used the BLOSUM62
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substitution matrix to define the fixed evolutionary distance of our three models, and
it is now quite clear that this is the wrong distance. Our models generate pairwise
alignments of about 40% sequence identity. We expect on theoretical grounds that
this is where the models would perform optimally on real input alignments. However,
BLASTN cannot detect RNA sequences that are this diverged. Our evaluations indicated
a sweet spot of 65%-85% identity fQRNA to work best in its current formulation. We
suspect that we could obtain some improvement by choosing a substitution matrix cor-
responding to more closely related nucleotide sequences.

Moreover, it should be advantageous to make the emission and transition parame-
ters of the models conditional on a parametric evolutionary distance. We could then op-
timize a maximum likelihood distance separately for each input alignment (or, marginal-
ize over all distances, in a more Bayesian approach). This should widenghe 85%
alignment identity window thaQrRNA works best in—in particular, by constructing
models more appropriate for nearly identical sequences, where we currently have high
false positive rates.

It would be good to have more theory to guide how we produce divergence-matched
transition probability parameters for the three models. We suspeetdhiocestima-
tion may be causing thenA model to be favored artifactually in certain cases (less
gappy alignments and longer alignments), elevating our false positive rate.

We also made a number of simplifying independence assumptions in trying to cal-
culate QRNA’s parameters all from a single chosen amino acid substitution matrix.
Some of these assumptions probably reduce our performance. It would be desirable

to move towards estimating parameters based on real datasets of aligned nucleotide
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sequences, if large enough datasets could be amassed.

We are relying orBLASTN to produce approximately correct pairwise alignments
of coding regions or RNA structures, even thosglAsTN is purely a position-independent
primary sequence alignment program. We could instead realign the two input se-
guences using the pair-grammars. In principle this should increase the performance
of QRNA, particularly for more dissimilar sequences. Unfortunately, alignment of two
sequences to a pair-SCFG is effectively the Sankoff algorithm [38] with time and mem-
ory complexity ofO(L®) andO(L*), respectively, so we will need a more clever al-
gorithmic strategy than straightforward dynamic programming (if, indeed, dynamic
programming RNA structure alignment in a four-dimensional hypercube can be called
“straightforward”).

Becaus&@RNA detects conserved RNA secondary structure, it is not expected to de-
tect ncRNAs that apparently lack significant intramolecular secondary structure, such
as C/D box small nucleolar RNAs [6]. Identifying novel unstructured ncRNAs remains
an entirely open problem. A pure computational approach will probably have to iden-
tify transcriptional signals—promoters, enhancers, and terminators—and this remains
a difficult problem, particularly in complex genomes. Experimental screens for novel
ncRNAs may prove more fruitful for unstructured ncRNAs. Expression arrays that
pave the entire target genome with probes can detect novel transcripts [39], and cDNA
libraries that enrich for small, nonpolyadenylated RNAs can be constructed and EST
sequenced [40].

QRNA is also expected to identifyis-regulatory RNA structures in mRNAs, in ad-

dition to structured ncRNA genes. Distinguishing an ncRNA gene froisgegulatory
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RNA structure in an mRNA is nontrivial in absence of experimental evidence. This
cautions against usingrRNA for fully automated genome annotation and “gene count-
ing” exercises in the way that protein genefinders tidgscAaNare used.

Instead,QRNA is best used as a computational screen for candidate ncRNA genes,
after which candidate loci are further characterized both computationally and experi-
mentally before considering them to be “genes”. Both the data presented here and in a
second paper detailing a carektilcoligenome screen with experimental verification of
many novel ncRNA genes (E.R., R.J. Klein, T.A. Jones, and S.R.E., manuscript submit-
ted) indicate thaQRNA can be successfully used in this role. Although we have much
we can do to improve its performance, we beli@rNA is the first example of a gen-
erally applicable computational genefinder for noncoding RNA genes. We expect to be
able to applyorRNA—based screens for ncRNAs to a number of organisms as compar-
ative sequence data become available—including y&sstnorhabditis Drosophila

human, and several microbial systems.

Acknowledgments

We thank Jan Gorodkin for pointing to us some multiple alignments for RNA genes,
and lan Holmes for critical reading of the manuscript. The work of E.R. was partially
supported by a postdoctoral grant from the Sloan Foundation. We thank the Howard
Hughes Medical Institute and the NIH National Human Genome Research Institute for
other funding, and Silicon Graphics, Sun Microsystems, Compagq, Paracel, Hewlett-

Packard, IBM, and Intel Corporation for continued hardware and engineering support.

35



References

[1] SR Eddy:Noncoding RNA genesCurr. Opin. Genet. Devi999,9: 695—699.

[2] VA Erdmann, MZ Barciszewska, M Symanski, A Hochberg, N de Groot, J Bar-
ciszewski:The non-coding RNAs as riboregulators Nucl. Acids Re2001,29:

189-193.

[3] CB Burge, S Karlin:Finding the genes in genomic DNA Curr. Opin. Struct.

Biol. 1998,8: 346-354.

[4] N Miyajima, CB Burge, T Saito:Computational and experimental analysis
identifies many novel human genes Biochem. Biophys. Res. Comm2000,

272 801-807.

[5] RL Kelley, ML Kuroda: Noncoding RNA genes in dosage compensation and

imprinting . Cell 2000,103 9-12.

[6] LB Weinstein, JA SteitzGuided tours: From precursor snoRNA to functional

snoRNP. Curr. Opin. Cell Biol.1999,11: 378-384.

[7] JP Bachellerie, J CavailleSmall nucleolar RNAs guide the ribose methyla-
tions of eukaryotic rRNAs. In: Modification and Editing of RNA (Edited by

Grosjean H, Benne R)ashington DC, ASM Press 1998, 255-272.

[8] M Meguro, K Mitsuya, N Nomura, M Kohda, A Kashiwagi, R Nishigaki, H
Yoshioka, M Nakao, M QOishi, M Oshimur&:arge-scale evaluation of imprint-

ing status in the Prader-Willi syndrome region: An imprinted direct repeat

36



cluster resembling small nucleolar RNA genes Hum. Mol. Genet2001,10:

383-394.

[9] RA Lease, M Belfort:Riboregulation by DsrA RNA: Trans-actions for global

economy Mol. Micro. 2000,38: 667-672.

[10] AE Pasquinelli, BJ Reinhart, F Slack, MQ Martindale, Ml Kuroda, B Maller, DC
Hayward, EE Ball, B Degnan, P Mulleet al. Conservation of the sequence
and temporal expression ofet-7 heterochronic regulatory RNA. Nature2000,

408 86-89.

[11] M Ridanpaa, H van Eenennaam, K Pelin, R Chadwick, C Johnson, B Yuan, W
vanVenrooij, G Pruijn, R Salmela, S Rockasal.. Mutations in the RNA com-
ponent of RNase MRP cause a pleiotropic human disease, cartilage-hair hy-

poplasia Cell 2001,104: 195-203.

[12] E Rivas, SR Eddy:Secondary structure alone is generally not statistically
significant for the detection of noncoding RNAs Bioinformatics2000,6: 583—

605.

[13] SY Le, JH Chen, KM Currey, JV MaizeA program for predicting significant

RNA secondary structures Comput. Applic. Bioscil988,4: 153—159.

[14] SY Le, JH Chen, JV MaizelEfficient searches for unusual folding regions
in RNA sequences In: Structure and Methods: Human Genome Initiative and
DNA Recombination (Edited by Sarma RH, Sarma Midgnine Press 199Q;

127-136.

37



[15] JH Chen, SY Le, B Shapiro, KM Currey, J Maizél:computational procedure
for assessing the significance of RNA secondary structureComput. Applic.

Biosci.1990,6: 7-18.

[16] JH Badger, GJ OlsenCRITICA: Coding region identification tool invoking

comparative analysis Mol. Bio. Evol.1999,16: 512-524.

[17] SF Altschul, W Gish, W Miller, EW Myers, DJ LipmarBasic local alignment

search tool J. Mol. Biol. 1990,215 403-410.

[18] R Durbin, SR Eddy, A Krogh, GJ MitchisorBiological Sequence Analysis:
Probabilistic Models of Proteins and Nucleic Acids Cambridge UK, Cam-

bridge University Press 1998.

[19] SF Altschul:Amino acid substitution matrices from an information theoretic

perspective J. Mol. Biol. 1991,219 555-565.

[20] S Henikoff, JG Henikoff: Amino acid substitution matrices from protein

blocks. Proc. Natl. Acad. Sci. USA992,89: 10915-10919.

[21] T Ikemura: Codon usage and tRNA content in unicellular and multicellular

organisms Mol. Bio. Evol.1985,2: 13-34.

[22] JE Hopcroft, JD Ulimanintroduction to Automata Theory, Languages, and

Computation. Addison-Wesley 1979.

[23] M Zuker, P StieglerOptimal computer folding of large RNA sequences using
thermodynamics and auxiliary information. Nucl. Acids Res1981,9: 133—

148.

38



[24] E Rivas, SR Eddy:A dynamic programming algorithm for RNA structure

prediction including pseudoknots J. Mol. Biol. 1999,285 2053-2068.

[25] E Rivas, SR EddyThe language of RNA: A formal grammar that includes

pseudoknots Bioinformatics2000,16: 326—-333.

[26] S Steinberg, A Misch, M SprinzlCompilation of tRNA sequences and se-

guences of tRNA genesNucl. Acids Res1993,21: 3011-3015.

[27] Y Van de Peer, |1 Van den Broeck, P De Rijk, R De Wachteatabase on the
structure of small ribosomal subunit RNA. Nucl. Acids Resl1994,22: 3488—

3494.

[28] GD Stormo, D HaussleOptimally parsing a sequence into different classes

based on multiple types of evidencelSMB1994,2: 369-375.

[29] C Burge, S Karlin:Prediction of complete gene structures in human genomic

DNA. J. Mol. Biol.1997,268 78-94.

[30] CJ Bult, O White, GJ Olsen, L Zhou, RD Fleischmann, GG Sutton, JA Blake,
LM FitzGerald, RA Clayton, ,et al. Complete genome sequence of the
methanogenic archaeonMethanococcus jannaschiiSciencel 996,273 1058—

1073.

[31] Y Kawarabayasi, M Sawada, H Horikawa, Y Hino, S Yamamoto, M Sekine, S
Baba, H Kosugi, A Hosoyama, Y Nagadt al. Complete sequence and gene
organization of the genome of a hyper-thermophilic archaebacteriumPyro-

coccus horikoshiiOT3. DNA Res1998,5: 55-76.

39



[32] N Larsen, C ZwiebSRP-RNA sequence alignment and secondary structure

Nucl. Acids Resl1991,19: 209-215.

[33] JW Brown: The ribonuclease P databaseNucl. Acids Res1998,27: 314.

[34] FR Blattner, G Plunkett, CA Bloch, NT Perna, V Burland, M Riley, J Collado
Vides, JD Glasner, CK Rode, GF Mayhe®t, al. The complete genome se-

guence ofEscherichia coliK-12. Sciencel997,277 1453-1462.

[35] KM Wassarman, A Zhang, G Stor8mall RNAs in Escherichia coli Trends

Microbiol. 1999,7: 37—-45.

[36] N Majdalani, S Chen, J Murrow, K St John, S GottesmRegulation of RpoS
by a novel small RNA: the characterization of RprA. Mol. Microbiol. 2001,

39: 1382-1394.

[37] S Bachellier, IM Clement, M Hofnun@hort palindromic repetitive DNA ele-

ments in enterobacteria: a survey Res. Microbiol.1999,150 627—-639.

[38] D Sankoff: Simultaneous solution of the RNA folding, alignment, and proto-

sequence problemsSIAM J. Appl. Math1985,45: 810-825.

[39] DW Selinger, KJ Cheung, R Mei, EM Johansson, CS Richmond, FR Blattner, DJ
Lockhart, GM ChurchRNA expression analysis using a 30 base pair resolu-

tion Escherichia coligenome array. Nature Biotech2000,18; 1262—-1268.

[40] A Huttenhofer, M Kiefmann, S Meier Ewert, J OBrien, H Lehrach, JP Bachel-

lerie, J BrosiusRNomics: an experimental approach that identifies 201 can-

40



didates for novel, small, non-messenger RNAs in mous&MBO J.2001,20:

2943-2953.

[41] J Thomas, K Lea, E Zucker Aprison, T Blumenth@he spliceosomal shRNAs

of Caenorhabditis elegansNucl. Acids Res1990,18: 2633—-2642.

41



Appendix

In this Appendix we provide a detailed description of the algorithms involved in imple-
menting the three probabilistic models components of our comparative method. Here
we give the most general description of the scoring/parsing algorithms. We indicate at
some different points how to obtain some simplifications that are part of the software
implementation.

Assume we have two aligned sequences X and Y from two related organisms of
respective lengths andm. Unprimed coordinates™ (with 0 < ¢ < n) will describe
positions in sequence X, and primed coordinat€s(With 0 < i’ < m) will describe

positions in sequence Y.

The 1D Model algorithm

Thellib model is used to report the probability scores ofdhel, cob, andRNA models
in a log-odds version. Thed model allows us to emit two sequencEsY of varying
length independently from each other. Tile model is the aggregation of two single
HMMs as described in Figure 4. The probability of sequen€eandY” being emitted

by thelib model in Figure 4 is

n—1 m—1

P(X,Y [ D) =n*(1 =)™t [ P*(a:) [ P (bsr), (18)
i=0 =0
where the single nucleotide emission probabilities are the ones defined in (7) and (8).

Because the sequences are emitted independé&tly, Y | 11D) can be factorized.

Introduce the following quantities,

J
FX(i,5) = n(—nU D] P¥(a), for i<y, (19)
k=1
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j/
FY(,5) = n(—npU =" I] PY(bw), for i <i.  (20)

k!=1i’
Use the initialization conditions,
X _
Fn (_L _1) = n,
X (s s _
Fr(,i—-1) = n, (21)
X . _ X . .
Fr (=14 = F7(0,4), 0<i<n.

(22)

Perform a similar construction fdr)", with o = 17, 7r, 7. In this notation, we have

for the1ib model,
P(X,Y [ D) = FX(0,n— 1)F) (0,m — 1) = F,(0, (n — 1,m — 1)).  (23)

Thep is identical in design to the flanking modelg,(, Fr, andF’;) that we use

to generate local alignments in tbeH, cob, andRNA models.

OTH Model Forward algorithm

Using the vectorial notation introduced previously in Section 2.3.3, the pair-HiviM

model Forward algorithm can be cast into the form,

Tp, (@) = Fr(0,0);

Tr, (1) = (ln)iE(E)FJ(WTJ);

B@) = STFL(?)kiOTFJ(T);

XY@ = PXY(5)[1-2:)B()+(1-2—1)XY()+
(l—e=7=N)XQ)+A-e-7=7)Y()],
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with 7=7—(1,1);

X(@ = PY(sp)[WB() +0XY () +eX()) +2Y (7],
with 7=7—(1,0); (24)
Y(@) = PY(s{)[kB() + XY () +X() + eV (7],

E@) = 7 XY@+ X0 +Y@];

Trn@ = |0 = OTp, (B) +nEE)| - Fr(k+1.2).

kil
(=]

The initialization conditions are
XY(-1) =0, (25)
in addition to

XY(i,~1)=Y(i,~1) =0, 0<i<n; (26)

XY (-1,i)=X(-1,i)=0, 0<i <m.

To obtain the Viterbi algorithm, one just has to replace all sums in (24) with a maxi-
mization operation.

The probability that sequencéSandY are related according to tteerH model by
any local alignmentXY is

P(X,Y | OTH) = Y~ P(XY | OTH) = Tp, (7= (n,m)), (27)
XY

for a sequenc& of lengthn and a sequencg of lengthm.
The log-odds ratios of theTH model respect to thed model (18) are given by

P(X,Y | OTH)

(28)
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This general algorithm has a cost/{) in storage and a cost @m?) in time, for
two sequences of lengthandm.

The implemented version of the algorithm usually holds an input alignment fixed,
instead of allowing the model to optimally align the input sequences. This simplified
version can be obtained from the previous description simply by eliminating the vecto-
rial character of the recursions in (24), by imposing the constraiats’ andj = j'.

In its fixed—alignment (diagonal) version tleaH model parsing algorithm becomes
cost O() in storage and cost @) in time, for an alignment of length.

A further simplification of theoTH model that renders its cost linear both in time

and memory requires trivializing the pass by figmeta-state,

Fy@n=n(1-n?  F;@)=0 if 7#7 (29)

In this way, no unaligned nucleotide is emitted outside the two flanking ends of the

alignment.

Generalization of the OTH model Forward algorithm

In the previous section we have introduced the Forward algorithm foptiemodel
assuming that we score both sequences from beginning to end. We need to generalize
the algorithm so we can score sequences from a given start poggiaf) to an end
position(jo, j3) with 0 < iy < jo < nand0 < ij < jj < m.

We will need this generalization in the algorithms of thed andrRNA models.

The generalization of the forward algorithm in (24) when we score between position
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ip — 1 in sequence X and position§ — i’ in sequence Y is,

TE (D) = Fulio,),
TE® = (1—m) Y BYRF(F+19), (30)
k=io
T = 3 |- OTE () +nESR)] - Fa(k+ 1.9,
k=1

The F}, Fr, and F'; functions are the ones defined in (23). Formally the recursions
for B (7), XY (7), X% (7) andY' (7) are identical to the ones in (24). However the

initialization conditions are a little different
XY (@ —1) =0, (31)
in addition to
XY (i,ify — 1) = Y (i,ih — 1) =0, io < i < jo: (32)
XY(ig—1,i") = X(ig — 1,i') =0,  ih <i < jp.
The probability that sub-sequencEs: (ig, jo) andY : (if, j,) are related accord-
ing to theoTH model byany local alignment is
Pio, ity = jos jo | OTH) = Tj5, (7= (jo, o), (33)

for a sequenc& of lengthn and a sequenceg of lengthm.

To obtain the Viterbi algorithm, one just has to replace all sums in (30) with a
maximization operation.

For a fixed start(ig, i) and stop positionsjo, j,). the complexity of this gen-
eralized algorithm is the same as that described before footikemodel, simply

substitutingn — jo — io + 1 andm — j{ —if, + 1.
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COD Model Forward algorithm

Let us define the following quantities:

COB(7) = P(0,0—1i,i|Og),
COE() = P(i,i' >n—1,m—1]O0g), (34)
COJ(@)) = P(i,i' —j,j" | Oy).

Where the probabilities are calculated as in equation (33) with the transition probabili-

ties appropriate for eaand model:Og, O, andO ;.

The Forward algorithm for thisob pair-HMM is,

TOB (/Z)

Ce(?)

TOJ (7)
Cp(7)

TOE ('7)

Zfa,ﬁ PP (i i, Yir—p e Yi—1)CB(i — a,if = ),
B

k=0

©To, () + To, (1),

7

> (= ) Tou (F) + nCu(k)] - COEG +T).

k=0

To obtain the Viterbi algorithm, one just has to substitute all sums in (34) and (35) with

a maximization operation.

We use hexamer-dependent statistics forab® model. An approximation analo-

gous to the one introduced for the emission of two base pairs iRNhemodel (equa-

tion (6)) can be used to incorporate dicodon probabilities forabe model. If we

assume that codond and B (in sequences X and Y respectively) are aligned, and

preceded by the aligned codoAs B, we can write

P(AB|ABt) ~ PCOP(AB|t)
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L[ Py | PPeX(BB)
2 | P(A|t)P(A|t)  P(B|t)P(B|t)|’

(36)

where PI€X (414) and PN€X (BB) are thes4 x 64 dicodon frequencies for the rele-
vant two species under comparison, which we assume are time independent.

The probability that sequencésandY” are related according to tlweod model by
any local alignment is

P(X,Y | cob) = To, (n,m), (37)

for a sequenc«’ of lengthn and a sequence of lengthm. The log-odds ratios of the

cob model respect to thedb model given by (18) are

P(X,Y | coD)

LOD(X, }/, COD) = 10g2 m

(38)

This general algorithm has a costi3(n?) in storage and a cost @{m?3) in time, for

two sequences of length andm. The fixed—alignment (diagonal) version tbeb
model parsing algorithm becomes costZ®) in storage and cost @¢) in time, for

an alignment of lengttl.. The actual implemented version in the programs uses the
linear-cost version for theTH modelsOg, Og, O, which reduces the complexity of

the implementectop algorithm to cost O 2) in storage and cost @g) in time.

RNA Model Forward/Inside algorithm

Let us define the following quantities,

ROB(7) = P(0,0—14,i|Op),
ROE() = P(i,i’ >n—1,m—1]|Og), (39)
ROJ(.)) = P(i,i' —j,j'| Oy),
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where the probabilities are calculated as in equation (33) with transition probabilities
appropriate for eacthdD model:Og, Og, andO ;.

The algorithm for thekNA model is,

TOB (i) = ROB(T%
RNAG®) = Y W@T—d2) {¢To,@—d—1)+To,@—d—1)},
=5
To,®) = (1-6) Z RNA(E) - ROJ(k +1,7), (40)
R=0
To,(7) = Z [(1 — ) To, (F) + eRNA(E)} -ROE(k +1).
R=0

To obtain the “best-alignment” algorithm, one just has to substitute all sums in (39) and
(40) by a maximization operation.

The probability that sequencésSandY” are related according to tivA model by
any local alignment is

P(X,Y | RNA) =T (n,m), (41)

for a sequenc& of lengthn and a sequence of lengthm. The log-odds ratios of the

RNA-alignment model respect to thi® model given by (18) are

P(X,Y | RNA)

(42)

The RNA model is an SCFG. The SCFG-like part of the algorithm hides in the cal-

—

culation of probabilitiedV (7,d). That is, the probability of having a RNA structure
between positiong = 7 — cfandj. The recursions involved in the calculation of the

—

Inside algorithm folV/ (7, d) are,
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for 1<j<m, 1<j<n, 0<d<j, 0<d<d, 0<d+dy <d,

and similarly for primedd’s. Herem andn are the respective lengths of the two
sequences to be aligned. The ve@aan take three different value&, 1), (1,0) and

(0, 1) that correspond to moving one position in at least one of the two sequences. The
star product defined a8« § = (e;s,,eys,) produces a “gap"—a zero instead of a
nucleotide—when there is no movement for one of the sequences.

The symbol/ again denotes the state we are in after emitting one pair in each sequence.

The recursion for stat¥ is,

V(id) = #7'-151(5.d)
&y dy €148

PANA@ %, Gy x5, g WV (T—do— @ d—dy —dy— & — 52)}

+ S W@ dyd) - We(7d - di - 1), (44)

for 1<j<m, 1< <n, 0<d<yj, 0<d <d, 0<d+dy<d,
and similarly for primed{’s.

The recursions for the states that take care of length distributions for hairpin loops
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(IS1) and stems, bulges and internal loops (1S2) are,

IS1(7,d) = 44} G"5Y(5,d),
IS2(71,dv; Jorda) = 9552 GI92 (71, dy) - GT92(J, da), (45)
152(0) = %9,

where0 < d,d’, dy,d}, dy,dy < mazloop— 1. Here the function&’5* (for z = 1, 2)

are given by the general expression,

N
~
w0
8

—~

o)

*

\‘l

15
15
v

)
~
n
8

—~
o

*

V)

oy

) T g ) (46)

The number of additive terms in this function reflects the number of possible align-
ments, and it verifies the conditidn*_, &, = d + 1. The initialization conditions are
S%’_Lj) :ngapn’ and5%{j7_1) :ugapn.

For the transition probabilitie€;27:¢, we have

tate 1

Z tihans — 1,V state. (47)

trans€state

For the particular grammar at hand, the previous conditions translate to

th +tl F ol 445 = 1,
th, i, Ty, i = 1
Wg Wg Wg Wg ’
HA P2 1 = 1,

maxloop

Ly
Sl =1 (48)
L=1
mazxzloop

L
ooy = L

L,I'=0
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These transition probabilities are calculated using a training set of RNA motifs that
includes rRNAs and tRNAs [26, 27]P91(5;) and P'52(5;) are the mutation proba-
bilities in hairpin loops and internal loops respectively [which we set to be equal to the
OTH model probabilities defined in (4)].

Notice that thekNA model can be aligned by either Forward or Viterbi with respect
to the HMM part of the model; however, we always use the Inside algorithm to evaluate
the SCFG part of the pair grammar. This is necessary to assure thritithecore is
comparable to theob andoTH scores (by removing the conditioning on one partic-
ular structure out of the combinatorially enormous number of possible structures), and
also to avoid undesirable effects associated with choosing a best path when we have a
grammar with ambiguity (R. Giegerich, personal communication).

This is the algorithm used when we allow the model to generate its own alignments.
This general algorithm has a costi3(n?) in storage and a cost @{m?) in time, for
two sequences of lengthh andm. For the scoring system in which a predetermined
alignment is scored locally, since we are not adding additional gaps in the pairwise
alignment, the algorithm loses its vectorial characjer« j/, d = d’), the vectore
takes always the valu@, 1), and the memory and time complexity of the algorithm

reduces to Q?) storage and Q) time.
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G C U A
OTH pOTH (G) pOTH (é) pOTH (é) pOTH (('])
+0.76(-3.20) +0.72(-3.52) -0.19(-4.41) -0.53(-4.45)
AAC AAC AAC UCcuU
oo Jreon(ihe) [reonih) oo d) (reoe e
+3.31(-8.19) +3.31(-8.19) | -0.52(-12.31) | +1.29(-10.95)
RNA PRNA(|“) PRNA<”|> PRNA<”|> PRNA<”>
¢ ¢ ¢ G4 ¢
+3.81(-4.37) | +1.36(-6.82) | -8.82(-16.42) | +2.43(-5.76)

Table 1: lllustrative examples of emission scores in the three models. Scores (in bits)

are given both as log-odds scores respect toimmrmodel of no alignment, and as

log-probabilities (in parentheses). For theb model pairing of synonymous codons

(e.g. AAC/AAU both coding for Asn, or UCU/AGC both coding for Ser) have positive

scores, even though they include up to three mismatches, whereas just one mismatch

produces a negative score when the two codons are non-synonymous (e.g. AAC/AUC

coding for Asn and lle respectively). For tiReiA model base-paired positions score

better than they would do with theTH model, while two positions that do not form

Watson-Crick pairs have a worse score than two mismatched positions that do form

Watson-Crick pairs.
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# align | % sensitivity | % specificity

% ID

0<10 | 140 | 42.8(60) | 100.0 (0)
10<20 | 827 | 59.6(493) | 100.0(0)
20<30 | 503 | 71.4(359) | 100.0(0)
30<40 | 764 | 75.1(574) | 100.0 (0)
40 <50 | 283 | 58.6(166) | 100.0(0)
50 <60 | 434 | 81.3(353) | 100.0 (0)
60<70 | 88 80.7 (71) | 100.0(0)
70<80 | 70 91.4 (64) 97.1(2)
80<90 | 73 97.3(71) | 79.4(15)
90 < 100 | 61 93.4(57) | 27.9(44)

100 99 93.9 (93) 29.3 (70)

% GC

35<40 | 31 51.6 (16) 935 (2)
40<45 | 343 | 69.1(237) | 96.5(12)
45 <50 | 1181 | 72.4(819) | 97.9 (24)
50 <55 | 1320 | 69.2(914) | 96.5 (46)

55<60 | 508 | 73.0(371) | 91.3(44)

60 < 65 9 44.4 (4) 66.7 (3)

Table 2: Using the structural alignmentsG3f eukaryotic SRP RNAs [32], angll eu-
karyotic nuclear RNaseP RNAs [33] we generated a totaBdf pairwise structural

RNA alignments that we scored witfRNA. Here we present the sensitivity and speci-
ficity of our method in identifying those 5aé!rignments as RNAs with a posterior log-odds
score> 5 hits. Specificity was estimated by shuffling the alignments by columns, such
that the percentage identity remains intact, but the structure is removed. Results are
broken down with respect to the percentage identity, and also with respect to the GC

content of the alignments.



# alignments| % sensitivity | % specificity

% ID
60 < 70 419 15.3 (64) 99.5(2)
70 < 80 269 26.8 (72) 98.5 (4)
80 < 90 131 61.1 (80) 89.5 (19)
90 < 100 78 97.4 (76) 67.9 (53)
100 106 92.4 (98) 24.5 (80)

% GC
35 < 40 30 6.6 (2) 100.0 (0)
40 < 45 98 40.8 (40) 89.8 (10)
45 < 50 278 39.6 (110) 89.2 (30)
50 < 55 359 35.4(127) | 88.3(42)
55 < 60 218 46.8(102) | 76.1(52)
60 < 65 17 29.4 (5) 82.3(3)

Table 3: Similar analysis to the one presented in Table Z$6rBLASTN alignments

of SRP RNAs and 17 BLASTN alignments of RNaseP RNAs.
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Figure Legends

Figure 1: Three pairwise alignments of identical composition with identical number
of base substitutions can be classified by distinctive patterns of mutation caused by
different selective constrains: the position-independent null hypothesis (top), a coding
region (middle), or a structural RNA (bottom). We indicate how each alignment is
scored according to the model that best fits the pattern of mutations: one position at the
time for oTH, one codon at the time faroD (integrated over all six possible frames),
and as a combination of base-paired positions and single positiorsifofintegrated

over all possible secondary structures).

Figure 2: A simple model for global position-independent pairwise alignments includ-

ing gaps.

Figure 3: Alignment generated byUBLASTN betweenC.eleganslone FO8G2 and
C.briggsaeclone G42J05. This alignment contains a U2 snRNA gene. Underlined is
the actual U2 gene (coordinates: 3128-3313). The secondary structure (placed above
the alignment) is provided by [41] and includes a pseudoknot. We observe four com-
pensatory mutations (represented with “*”) which conserve the secondary structure of

the U2 gene.
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Figure 4: Description of thetD model. This model emits the nucleotides of both

sequences independently from each other.

Figure 5: Description of the probabilistizrH model for local gapped alignments. This
model permits the local alignment of two sequences. The flanking statelg, F'y

with double circles represent composite states defined as in Figure 4.

Figure 6: Description of the probabilistmob model for local gapped alignments. The
double-circled state®;,, Og, O; (defined as in Figure 5) represent composite states

responsible for possible independently aligned emissions withiodimemodel.
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Figure 7: Description of the probabilistkna model for local gapped alignments. The
double-circled state®;,, Og, O; (defined as in Figure 5) represent composite states

responsible for possible independently aligned emissions withiritiaemodel.

Figure 8: Each figure depicts 2-dimensional posterior log-odds scores for a collection
of 1,000 alignments o200 nucleotides in length synthetically generated by ¢l

the RNA and theoTH models respectively. For each figure, in blue we represent the
scores of the actual alignments, while in red we represent the scores after the columns

in the alignments have been shuffled.
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