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ABSTRACT

Phylogenetic hidden Mark ov models (phylo-HMMs) havere-
certly been proposed as a means for addressing a multi-

species version of the ab initio gene prediction problem.

These models allow sequencedivergence,a phylogeny, pat-

terns of substitution, and basecomposition all to be consid-
ered simultaneously, in a single uni ed probabilistic model.

Here, we apply phylo-HMMs to a restricted version of the

geneprediction problem in which individual exonsare sough

that are evolutionarily consened acrossa diverseset of spec-
ies. We discusstwo new methods for improving prediction

performance: (1) the use of context-dep endert phylogenetic
models, which capture phenomenasuch as a strong CpG ef-
fect in noncoding regions and a preference for synonymous
rather than nonsynonymous substitutions in coding regions;
and (2) a novel strategy for incorporating insertions and
deletion (indels) into the state-transition structure of the

model, which captures the dierent characteristic patterns

of alignment gapsin coding and noncoding regions. We also
discussthe technique, previously usedin pairwise genepre-
dictors, of explicitly modeling conserved noncoding sequence
to help reduce false positive predictions. These methods
have been incorporated into an exon prediction program

called ExoniPhy , and tested with two large data sets. Ex-

perimental results indicate that all three methods produce
signi cant improvemerts in prediction performance. In com-
bination, they lead to prediction accuracy comparable to

that of some of the best available gene predictors, despite
seweral limitations of our current models.
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1. INTRODUCTION

With three mammalian genomesnow sequencedand as-
sembled, more on the way, and the database of known genes
steadily growing more accurate and more complete, the rules
of the game are changing in mammalian gene prediction.
In round numbers, some 70{90% of human protein-coding
genesare probably now known|dep ending on how many
genesexist and how many currently \known" are actually
pseudogened40, 31]jand the situation is similar with other
species. The challengenow is to reveal the intransigent genes
laid bare by the genome sequencingprojects, yet still hid-
den. Thus, it is no longer enoughto do fairly well on average
at predicting average genes,in newly sequencedregions of
a genome. The next generation of gene- nding programs
must be able to nd new, possibly unusual, genesin well-
studied regions, and with low enough false positive rates
that predictions can be tested in the laboratory e cien tly
and economically (see[16]).

The missing genesmost likely belong to sewral di eren t
classes,and a variety of computational approaches (some
possibly quite specialized) will be required to identify them.
One broad distinction that can be drawn is betweenancient
genes shared by most species, and newer, lineage-speci ¢
genes,e.g., resulting from recert geneduplications. In this
paper, we are concerned with genesof the rst type. Be-
causethey are presert in most species, these \core" genes
should be particularly amenableto comparativ e genepredic-
tion, and they are a natural starting point for a multi-sp ecies
method. We chooseto approach these genesat the level of
individual (coding) exons, which are more likely than com-
plete genesto be consened through evolutionary history. (If
desired, predicted exons can be combined into complete or
partial transcripts in post-processing.) A large percertage
of exons appear to be well consened acrossdiverse sets of
species|b y our estimates, probably more than 80% for the
placental mammals.

Our goal is to predict consened exons using only the se-
guencesof the genomesin question, so that genescan be
found without cDNA evidenceor homologousproteins. This
problem is a multi-sp eciesversion of the standard ab initio
geneprediction problem addressedby programs such as Ge-
nie [21] and Genscan [6], and of the pairwise ab initio gene
prediction problem addressedby programs such as Twin-



scan [20], SGP2 [29], SLAM [1], and Doublescan [26]. In
our case,we assumethat a multiple alignment of ortholo-
gous sequencesis available, and that the phylogeny of the
speciesis known. Seweral new genomic-scalealigners help to
make the rst assumption possible[5, 4, 2] (but seeDiscus-
sion), and an emerging consensuson mammalian phylogeny
[28, 38] allows for the secondassumption.

In addressingthis problem, we make useof a type of prob-
abilistic model called a phylogenetic hidden Mark ov model,
or \ph ylo-HMM," which combines a hidden Markov model
and a set of phylogenetic models [12, 43, 15, 30, 35, 25,
34]. Phylo-HMMs model molecular evolution as a Markov
processin two dimensions: a substitution processover time
at ead site in a genome,which is guided by a phylogenetic
tree, and a processby which the \mo de" of evolution (as de-
scribed by a phylogenetic model|see below) changesfrom
one site to the next. Recertly, phylo-HMMs have been ap-
plied to gene prediction with encouraging results [30, 25],
but so far their performance has been evaluated only with
simulated data or in small-scale experiments with real bi-
ological data. In one case[25], a phylo-HMM was used in
the context of \ph ylogenetic shadowing" [3], which is based
on a somewhat di eren t set of goals from the oneswe have
stated (see Discussion).

We consider three ways of improving the performance of
phylo-HMMs in exon prediction: the use of context-dep-
endert phylogenetic models, explicit modeling of conserved
noncoding sequences,and modeling of insertions and dele-
tions (indels). These methods have beenimplemented in a
computer program, called ExoniPhy !, which predicts evo-
lutionarily consened exonsfrom a multiple alignment, given
ade nition of aphylo-HMM. Using ExoniPhy , we have con-
ducted the rst large-scaleexperiments with real biological
data in phylo-HMM-based exon/gene prediction. Compar-
isons of alternativ e versions of the program indicate that
all three of the methods considered produce substantial im-
provemerts in prediction performance. When they are used
in combination, ExoniPhy achieves a level of performance
that is competitiv e with someof the best available genepre-
dictors, despite the limitations of considering each exon sep-
arately and the fact that the program still lacks someof the
basic features of current gene predictors|e.g, it does not
allow for non-geometric length distributions of exonsor use
the best available methods for splice-site detection. Our re-
sults suggestthat it may be possible, using a strategy based
on phylo-HMMs, to predict consened exonswith very good
sensitivity and near perfect speci cit y.

2. METHODS

2.1 Phylo-HMMs for exonprediction

A phylo-HMM is a hidden Mark ov model that hasa phylo-
genetic model assaiated with ead of its states (Figure 1A).
It can be thought of as a probabilistic machine that gener-
ates a multiple alignment by randomly transitioning from
one state to another, in discrete time steps, and at eac step
emitting an alignment column that is drawn from a distribu-
tion assaiated with the current state. These distributions
of alignment columns are de ned by probabilistic phyloge-
netic models, and re ect the topology and branch lengths
of a phylogenetic tree, as well as a contin uous-time Mark ov

'Pronounced \ex-ON-if-I," like personify.
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Figure 1. A state-transition diagram (A) and graphical

mo del represen tation (B) of a simple phylo-HMM  with

three coding states (si1;s2, and s3), corresp onding to the
three codon positions, and a nonco ding state (ss). In
(B), the shaded nodes, collectiv ely labeled X; 1;X;, and
Xi+1 , represen t observ ed random variables, dened by a
giv en multiple alignmen t. The unshaded nodes represen t
laten t variables for ancestral nodes in the tree (Y 1, Y,
Yi+1) and states in the path ( i 1, i, i+1)-

model of nucleotide substitution. A phylo-HMM canbeused
for prediction with a multiple alignment, much the way an
ordinary HMM is usedwith a single sequence.Phylo-HMMs
can be represented naturally as graphical models (Figure
1B) [25, 34].

More formally, a phylo-HMM = (S; ;A;b) is a four-
tuple consisting of a set of M states, S = fs;;:::;smQ, a
set of assaiated phylogenetic models, = f ;;:::; u 0,
a matrix of state-transition probabilities, A = fajx g (1
ji Kk M), and a vector of initial-state probabilities, b =
(bi;:::;bu). Model  is assaiated with state s; (1 ]
M), ajx (1 J; k M) is the probability of visiting state
k at an alignment column i given that state j is visited
at coumni 1,andly (1 jp M) is the probability
gmat state j is visited rst (thus, , ayx = 1for all j, and

; B = 1; note that the Markov chain for state transitions
is assumedto be rst-order and homogeneous). Let X be
the given alignment, consisting of L columns (sites) and n
rows (one for each species),with the ith column denoted X
(1 i L). The probabilit y that a column X is emitted by
state s is P(Xij ), aquantity that can be computed with
Felsenstein's \pruning" algorithm [11]. A \path" through
the phylo-HMM is a sequenceof states, = ( 1;:::; L),
such that 1 i M forl i L. The joint probability
of a path and an alignment is

A4
P(:Xj)=b,P(Xqy ) a, P ) (D)



(For simplicity, transitions to an \end" state are omitted
here.) The likelihged of a phylo-HMM s the sum over all
paths, P(Xj ) = P( ;Xj ), which can be computed
with the forward algorithm, and the maximum-lik elihood
path is N = argmax P( ;Xj ), which can computed with
the Viterbi algorithm. Each phylogenetic model itself con-
sists of seweral componerts, including a substitution rate
matrix, a tree topology, a set of branch lengths, and a
background distribution for nucleotides, which together de-
scribe the \mo de" of evolution at a given site (the branching
history of the species, the rate of substitution along ead
branch, the \pattern" of substitution, etc.). Details can be
found in recert reviews of HMMs [10], phylogenetic models
[22, 41], and phylo-HMMs [35, 34].

For a phylo-HMM to be applied to exon prediction, some
strategy is required for assaiating its states with biologi-
cal features of interest. In this paper, we use a very simple
strategy, involving a one-to-one mapping betweenstates and
\lab els" for individual sites. Let a feature be a biological en-
tit y that spansone or more sitesin an alignment, such asan
exon or splice site. (Features are assumedto be consistert
acrossaligned sequencesseeDiscussion.) Two kinds of fea-
tures are considered here: \v ariable-length" features (e.g.,
exons) and \signal" features (e.g., splice sites), which typi-
cally mark the boundaries of variable-length features. Each
feature is assaiated with a set of labels, such that a label-
ing of sites de nes a set of features, and a set of features
de nes a labeling of sites. Because labels and states are
assciated one-to-one, a phylo-HMM can easily be trained
with alabeled alignment (with labels derived from sequence
annotations), and a predicted state sequence(path) de nes
a predicted labeling, which in turn de nes a set of predicted
features. Our base model consists of variable-length fea-
tures for exons and noncoding regions, and signal features
for start codons, stop codons, 5° splice sites, and 3° splice
sites (Figure 2). The simple strategy used here has obvious
drawbacks (e.g., it erroneously implies a geometric distribu-
tion for exon lengths), but we consider it a reasonableplace
to start, given the many other sourcesof complexity in our
models.

2.2 Context-dependentphylogeneticmodels

HMM-based gene nders often have states whoseemission
probabilities are conditioned on previous obsenations, so
that di erences can be consideredin the relativ e frequencies
of nucleotide tuples in regionsof di eren t biological function.
Phylo-HMMs canbe adapted to usesuch \high-order" states
as well, in a way that allows not only the frequencies, but
also the substitution patterns, of tuples of adjacent basesto
be considered [35, 36].

High-order states can be allowed in a phylo-HMM through
the use of phylogenetic models that are de ned in terms
of N-tuples of bases. We say that N is the order of such
a model?, and when N > 1, we call the model context-
dependent. Context-dep endent phylogenetic models can be
treated much like ordinary phylogenetic models, but have
larger numbers of free parameters, and are computation-
ally more expensive to manipulate. Nevertheless, accurate
parameter estimation is feasible for 2nd and 3rd order mod-
els, with even very general parameterizations of the sub-
stitution rate matrix, provided large enough quantities of

2Somewhat confusingly, an N th order substitution model is
used for HMM states of order N 1.

3' splice site coding exon

5' splice site

3' splice site coding exon 5' splice site
Figure 2: State-transition diagram for ExoniPhy . Each
feature (indicated by a textual phrase in the diagram)
is associated with a set of lab els, each of whic h is iden-
tied with a state. States for variable-length features
are represen ted by circles, and states for signal features
by boxes. Signal features are generally dened as win-
dows around positions of interest; the shaded boxes in-
dicate the critical positions within each windo w (e.g.,
the start codon itself, the canonical \GT" in a 59 splice
site). States for the positiv e strand are shown at top,
and states for the negativ e strand at bottom. The CNS
state is optional (see Section 2.3.)

data are available for training. Context-dep endent mod-
els t aligned biological sequencessubstantially better than
ordinary, independert-site models, in both coding and non-
coding regions, and even improve signi cantly on existing
codon modelsin coding regions. Thesemodels permit amino
acid substitution rates to be learned implicitly from nu-
cleotide data, and at the same time capture phenomena
such as the transition/transv ersion bias and the preference
for synonymous substitutions over nonsynonymous substi-
tutions [36].

Context-dep endert phylogenetic models de ne joint dis-
tributions of N -tuples of alignment columns. To use them
for high-order states in a phylo-HMM, joint probabilities
must be converted to conditional probabilities. This con-
version can be accomplished simply and e cien tly with a
two-passdynamic programming algorithm, basedon a miss-
ing data principle [35]. Once conditional probabilities are
available, equation 1 can be replaced by (e.g., for N = 3):

PO Xj)=Db,P(Xaj a; ,P(X2jXy; )

\L
(2

a; .. PXijXi ;X 15

i=3
In this paper, a general reversible 3rd order model (R3) is
used for both coding and noncoding states, with a separate
parameter describing the rate of substitution betweenevery
pair of nucleotide triples that di er by onebase(multiple in-



stantaneous substitutions are prohibited; the total number
of rate-matrix parametersis 288). The useof richly parame-
terized context-dep endert models allows the phylo-HMM to
pick up on di erent context e ects in coding and noncoding
regions (e.g., strong CpG e ect in noncoding regions, pref-
erence for synonymous substitutions in coding regions), in
addition to dierences in overall substitution rates. Train-
ing data tends to be sparsefor the models assaiated with
signal states, so the much simpler HKY model [17] is used
for these states.

2.3 Distinguishing codingfromconservednon-
coding sequence

While comparative methods for gene prediction benet
enormously from dierences in the average level and pat-
terns of consenation in coding and noncoding regions, they
can be mislead by islands of consenation in noncoding re-
gions [1, 14]. This consened noncoding sequence(CNS) is
potentially a serious problem in gene prediction, becauseit
may make up an even larger portion of mammalian genomes
than does coding sequence(p erhaps some 3% vs. 1.5% [8,
33]). Understanding what accourts for the surprising amount
of mammalian CNS is an important topic of current re-
seard). At least until this area is better understood, how-
ever, it seemsreasonablein comparative gene prediction to
tak e the simple strategy of modeling all CNS uniformly , with
asingle, additional state in an HMM [1]. This is the strategy
we take here.

In our case,the CNS state is assciated with a context-
dependert phylogenetic model, which can be trained on
highly consened sites that are believed not to code for pro-
teins (seeSection 2.5). Thus, not only the degreeof conser-
vation, but also characteristic patterns of context-dep endent
substitution (presumably distinct from those in coding re-
gions) can be captured. While noncoding sites immediately
adjacent to exon boundaries are often highly consened, we
currently exclude these sites, and only consider CNS that is
isolated from exons’. Thus, the state transition diagram of
Figure 2 is only slightly altered by the addition of a CNS
state.

2.4 Modeling insertions and deletions

Although there has been progressin incorporating inser-
tions and deletions (indels) into phylogenetic models [39, 18,
23], current solutions to this dicult problem remain com-
plex and computationally intensive, and alignment gapsare
still often ignored or addressedwith simple heuristics [35,
25]. In multi-sp eciesexon/gene prediction, an appropriate
way of modeling indels is particularly desirable, becausepat-
terns of alignment gaps provide one of the best indications
of whether or not a segmen of aligned DNA codes for pro-
teins. The statistics on alignment gaps in coding regions
are striking. We nd, in multiple alignments of a large set
of apparently consened exonsfrom human, mouse, and rat,
that 89.5% of exonshave no alignment gapswhatsoever and
9.5% have gaps with lengths that are perfect multiples of
three, leaving only 1% with irregular gaps. In contrast, gaps
appear frequently in noncoding regions, and with lengths

3Sofar, we nd that it is better to force a choice between
exonsand CNS at the level of entire features, rather than to
have such choices determine the placement of exon bound-
aries. Consenation patterns at exons boundaries are com-
plex (see,e.g., [37]) and it is non-trivial to model them well.

species1 b - b b b - -
species2 b b - b - b -
species3 b b b - - - b
gappattern 0 1 2 3 4 5 6
gap
B patterr
0
()
() — 1
g

Figure 3: (A) A multiple alignmen t showing the pos-
sible gap patterns for three species (g = 6), with
a dieren t gap pattern appearing in each column.
The symbol bis meant to indicate any base. (B) An
example showing how a two-state HMM can be ex-
panded in a cross-pro duct typ e of construction, with
a new copy of each state for each gap pattern.

that are approximately geometrically distributed. Notably,
many consened noncoding regions have a few short gaps
with non-multiple-of-three lengthsjan important clue that
they do not code for proteins. To be useful in exon nd-

ing, a method for accommadating indels must be relativ ely
simple and computationally e cien t, and must allow alter-
nativ e length distributions for alignment gapsto be de ned.

We describe such a method here.

Let the gap pattern of a column in an alignment be its
unique pattern of gap and non-gap characters (Figure 3A).
With n sequencesthere are 2" 1 such patterns, assuming
columns that consist completely of gap characters are pro-
hibited. (Below we show this can e ectiv ely be reducedto a
number linear in n, by separately considering only the most
essetial gap patterns and treating the rest asa group.) As-
sume the gap patterns are numbered0;:::;g(g= 2" 2),
with 0 indicating the pattern with no gaps (the \n ull" gap
pattern). Given a phylo-HMM = (S; ;A;b), let a new
\gapp ed" phylo-HMM %= (S% %A%b% be dened with
a set of \gapp ed states" S° consisting of g+ 1 copiesof eat

\gapp ed models" ° consisting of g+ 1 copiesof each model
in ., %=1 04 35015 Mg 10 w9 (Figure 3B). If
s; represens the condition of an alignment column being
assignedto some category of sites C;, then sfk represerts
the condition of a column being assignedto category C; and

having gap pattern k. The emission probabilit y of a column

X for state sj?k (with 1 j MandO0 k g)isdened
as (
o0, _ P(Xij ;) if Xi hasgap pattern k
POl i) = 0 otherwise ®)

It can be shown that, if gaps are handled as missing data
when computing P(Xij ;), then the models in 9 remain
valid probabilit y models, sothat Cis alsoa valid probabilit y
model (proof omitted). For our purposes,the transition



gap
pattern

Figure 4: lllustration
states in an HMM,

showing how a cycle of three
represen ting the three codon po-
sitions, can be expanded, with a new copy of the
entire cycle for each codon position non-n ull gap
pattern. The arcs shown indicate the transitions
that will have non-negligible probabilit y if the ex-
panded HMM is trained on data with predominately
\clean" gaps. For simplicit y, state labels have been
omitted on the righ t.

probabilities between gapped states (A% and a new set of
initial state probabilities (b% can be estimated empirically,
by simply considering the gap pattern as well as the label
at ead site in a set of labeled training data.

This gapped phylo-HMM is a multi-sequence generaliza-
tion of a pair HMM [10], with sewral useful properties.
(Note that, when n = 2, the gapped phylo-HMM reduces
to a pair HMM.) As with a pair HMM, the model struc-
ture induces separate gap \op en" and \extension" penalties
(log probabilities of respectively entering and remaining in a
state with a non-null gap pattern), consistert with a uniform
distribution for the positions of indel events and a geomet-
ric distribution for the lengths of a ected segmers. The
gapped phylo-HMM, however, has separate parameters cor-
responding to dierent kinds of indel events|for example,
onesthat have occurred on di eren t branches of the phylo-
genetic tree (e.g., a deletion on the branch to the rodents
or an insertion on the branch to the primates), or \nested"
events involving multiple branches of the tree (e.g., an in-
sertion on the branch to the rodents, followed by a dele-
tion in mouse of part of the inserted segmer). In this way,
it can accommadate lineage-speci ¢ di erences in insertion
and deletion rates and expected gap lengths [27]. It is also
capable of capturing asymmetries in the alignment proce-
dure, such aswhen the alignment has beenconstructed with
respect to a referencesequencewhich is useful aslong asthe
training and testing alignments are created in the sameway.
Moreover, the multi-sp eciesindel model is completely inte-
grated with a phylogenetic, contin uous-time Mark ov model
of the substitution process (which is potentially context-
dependert).

Furthermore, non-geometric length distributions for gaps
can be modeled by creating additional copiesof states. Here,
we wish to represert the distinctiv e multiple-of-three-length

A

spec.1 b - b bbbbb- - - - - -
spec.2 bb--bbbb-bb - - - -
spec.3 bbb--bbb-- b b - - -
spec.4 bbbbb--b-- - - b b -
spec.5 bbbbbb---- - - - b b
gappat. 0 1 2 3 45 7 8 9 10 11 12 13 14
B
18) spec. 1
20) spec. 2
spec. 3
spec. 4
spec. 5
Figure 5: A multiple alignmen t (A) showing all

phylogenetically simple gap patterns for a set of 5
species and the illustrated tree top ology (B). Be-
sides the null gap pattern, each simple pattern can
be explained by a single deletion (insertion) on a
branc h of the tree (see numbers on branc hes). All
patterns not shown are phylogenetically complex.

gaps of coding regions. This can be accomplished as fol-
lows. Supposethe original setS contains one or more cycles
of three states, corresponding to the three codon positions
(Figure 4). When constructing the set S° of gapped states,
these codon states are now duplicated as whole cycles of
three, rather than individually , and 3g rather than g new
copies are created, so that a set of g cycles is assaiated
with ead codon position. If the model is trained on a data
set in which nearly all gapsin coding regions have multiple-
of-three lengths and are non-overlapping, then the transi-
tions estimated to have non-negligible probabilit y will be as
shown in Figure 4. Such a model will tend to assign high
probabilit y to candidate exonsthat have no gapsor \clean"
gaps (nhon-overlapping with multiple-of-three lengths), and
low probabilit y to exonsthat have \dirt y" gaps.

As mentioned above, the number of gap patterns for n
speciesis 2" 1, so the number of states in the gapped
phylo-HMM quickly becomesprohibitiv ely large. Let us de-
ne a\ph ylogenetically simple" gap pattern asa gap pattern
that canbe explained by at most oneinsertion or deletion on
a branch of the phylogenetic tree (Figure 5). It can easily
be shown that the number of phylogenetically simple gap
patterns is 2(2n  3) + 1 for a (binary) phylogenetic tree
with n 2 species. (Whether or not a given gap pattern is
simple with respect to a given tree can be determined with
a slightly adapted version of the standard parsimony algo-
rithm [13].) Let all other gap patterns (those that require
multiple indel events to explain) be called \complex." If
only phylogenetically simple gap patterns are distinguished
in constructing a gapped phylo-HMM, and all \complex"
patterns are lumped together, then (assuming a construc-
tion like the one shawn in Figure 3) the number of states
grows by a factor of 2(2n  3) + 2 rather than 2" 1.

The procedure for creating the gapped phylo-HMM re-
mains as described above (in either the standard caseor the
special caseof coding states) exceptthat a copy of eadh orig-



inal state (or cycle of states) is created only for each simple
gap pattern, and a single copy is created for the classof all
complex patterns. In practice, with coding states, copies
are created for each simple gap pattern, but not for the
class of complex patterns; thus, if a given column X; has
a complex gap pattern, then equation 3 evaluates to zero
for every coding state. Copies of noncoding states corre-
sponding to the class of complex gap patterns are given a
xed, small positive emission probabilit y, which applies to
all columns having complex gap patterns. As aresult, align-
ment columns with complex gap patterns drop out of the
maximization problem addressedby the Viterbi algorithm,
except that they are required to occur in noncoding regions
(they function as a constraint on the Viterbi path). The
gapped phylo-HMM as a whole remains a valid probabilit y
model, up to a normalization constant.

2.5 Software and experimental design

A program called ExoniPhy was written to predict con-
sened exons in a multiple alignment, based on a phylo-
HMM. ExoniPhy supports the indel model described above,
as well as the use of context-dep endert phylogenetic mod-
els. It assumesa one-to-one mapping between labels and
states, and usesthe Viterbi algorithm for prediction. Ex-
oniPhy was tested with a 60-state phylo-HMM (including
the CNS state), asshown in Figure 2; when the indel model
is used, this number increasesto 492 for 3 speciesor 2274for
9 species(seedata sets, below). The program and auxiliary
software for estimating model parameters are available by
request.

Using ExoniPhy , experiments were conducted to test the
e ect on prediction performance of the three methods in
question, both individually and in combination. For eac of
two data sets (described below), predictions were produced
using eight dierent versions of the program|all combi-
nations with and without context-dep endent phylogenetic
models, the CNS state, and the indel model.

In addition, ExoniPhy was compared to a simpler pro-
gram, called ExoniPhy -- , that considers only the back-
ground distributions of (Nth order) phylogenetic models,
and computes emission probabilities assumingindependence
of the sequencesin the alignment (as with a prole HMM
[10]). The simplied models assaiated with this program's
HMM states are equivalent to phylogenetic models with
\star" topologies and branch lengths approaching in nit y.
Thus, ExoniPhy -- is a non-phylogenetic version of Ex oni-
Phy. It serves as a benchmark that indicates what level
of performance is achievable with the same state-transition
structure and state-speci ¢ background distributions asEx-
oniPhy , but ignoring the phylogeny, branch lengths, and
substitution process.Like ExoniPhy , ExoniPhy -- can op-
tionally usethe indel model. Only the caseof N = 3 (2nd
order Markov models) was considered.

To assesshe tradeo between sensitivity and speci cit y,
atuning parameter called the \coding bias" wasintro duced,
and predictions were made for seweral di eren t valuesof this
parameter. The coding bias is a constant added to the log
probabilities of all transitions from noncoding states to cod-
ing states and signal states. (It can be thought of as the
log of a multiplicativ e factor for these transition probabil-
ities; after it is applied, the transition probabilities are re-
normalized.) As the coding bias is increased, more predic-
tions are made, sensitivity tends to increase,and speci cit y

tends to decrease.The coding bias acts asa kind of \b onus"

(or \p enalty," if negative) for predicting an exon, which can
tip the balance betweenmaking and not making a prediction

if it exceedsthe dierence in the (maximum) log probabil-

ities of paths that go through, and do not go through, the

exon. It is reasonableto leave this parameter free because
the true density of exonsis not re ected in the training data
(and indeed, is unknown). Ten versions of eat experiment

were conducted, with coding bias valuesranging from 20
to +10.

The rst data set consisted of human-referenced multiple
alignments of the complete human, mouse, and rat genomes
(UCSC versions hgl6, mm3, and rn3), produced with the
program MULTIZ [2] (alignments available via the UCSC
Genome Browser [19]). Models were trained on the align-
ments for human chromosomes1{21, and tested on the align-
ments for chromosome 22. Noncoding sites were identi ed
by subtracting sites corresponding to known genes,aligned
MRNAs and ESTs, and predicted genes(according to any
of seweral genepredictors; seehttp://genome.ucsc.edu) from
all sites in regions where at least two specieswere aligned.
Conserved noncoding siteswerede ned asthe intersection of
the set of noncoding sites and the 5% most consened sites,
as de ned by the parsimony-based method of Margulies et
al. [24]. The consened noncoding sites were also required to
bemore than 100basesaway from any gene,mRNA, EST, or
gene prediction. Sites corresponding to coding exons, start
& stop codons, and splice sites were identi ed by mapping
a set of (Itered) RefSeqannotations [32] onto the multiple
alignments. Separate 1st order (REV) and 3rd order (R3)
phylogenetic models were tted by maximum likelihood to
the sets of consened noncoding, nonconsened noncoding,
all noncoding, and coding (separate 1st, 2nd, and 3rd codon
position) sites, using the discrete gamma model for rate vari-
ation (k = 4 rate categories) [42]. Similarly, separate 1st or-
der (HKY) modelswere tted to the setsof sites correspond-
ing to ead position of interest in the signal features. The
RefSegannotations for chromosomes1{21 were also usedto
estimate state transition probabilities. Four di eren t sets of
transition probabilities were estimated, for the caseswith
and without the CNS state, and with and without the indel
model. Sites coinciding with the 2nd data set (see below)
were excluded from all training data.

The seconddata set was an alignment of about 1.8 Mb
of the human genome, from the region on chromosome 7 of
the genemutated in cystic brosis (CFTR), and homologous
sequencefrom 8 other eutherian mammals (chimpanzee, ba-
boon, mouse, rat, cow, pig, dog, and cat) [38]. The align-
ment was constructed with the TBA program [2]. There
weretoo few sitesin this alignment to estimate all model pa-
rameters accurately, soa phylo-HMM was constructed based
on estimates from the human/mouse/rat alignments, with
some simple heuristics applied to adjust for the larger num-
ber of speciesand new phylogeny (details omitted).

Both data setswere partitioned into 50 kb segmerts (over-
lapping by 2 kb), and our programs were run separately on
all segmerts, using the UCSC KiloKluster. Predictions were
collected for all versions of ExoniPhy and ExoniPhy --,
and all values of the coding bias parameter, then compared
against sets of known exons. For the chromosome 22 vali-
dation set, we used a union of non-overlapping exons from
the \RefSeq Genes," \Kno wn Genes," and \V ega Genes"
(see http://v ega.sanger.ac.ukand [9]) tracks in the UCSC



Genome Browser (human July 2003 assenbly), which had
passedsomesimple lIters designedto eliminate annotation
errors (3888 exons, total). For the CFTR region, we used
a non-overlapping set of exons from RefSeq,which contains
all of coding regions described by Thomas et al. [38] (117
exons, total). Sensitivity and speci cit y of predictions with
respect to these validation sets were measuredat both the
nucleotide and exon levels, using standard methods [7]. Be-
causeof the added di cult y of predicting exonsboundaries
in single exon prediction, we kept track of exonsthat were
\nearly correct" (NC), aswell asthose that were exactly cor-
rect (CR). We de ne NC exonsto be incorrect predictions
both of whose boundaries are within 6 basesof being cor-
rect. We also recorded exon sensitivity levels with respect
to the subset of exonsthat appear (super cially) to be con-
served across species(i.e., with an ORF in all speciesand
consened splice sites or start & stop codons; 3263 of 3888
and 107 of 117 exons, respectively, met these criteria). For
comparison, recert sets of predictions from the Twinscan
[20], SGP2[29], SLAM [1], and Genscan [6] programs* were
compared to the samevalidation sets, using the same meth-
ods. We note that prediction specicity for all programs is
almost certainly underestimated, at least for the chromo-
some 22 data set, becauseof as yet undiscovered genes.

3. RESULTS

We begin by discussing results for the human/mouse/rat
alignments (chromosome 22), which are represertativ e of
what we observed with both data sets, then briey dis-
cuss results for the CFTR alignment. In comparisons be-
tween versions of ExoniPhy and ExoniPhy -- , we empha-
size exon-level sensitivity and speci cit y basedon correct or
nearly correct (CR+NC) predictions with respect to known
exonsthat are apparently consened (the only onescurrently
detectable by our programs).

The e ect on prediction performance of intro ducing con-
text-dep endert phylogenetic models is showvn in Figure 6.
The 3rd order models can be seento produce a clear, sub-
stantial improvemert over 1st order models, with both sensi-
tivit y and speci cit y rates increasing by more than 10% over
all values of the tuning parameter. For this data set, the
independert-site (N = 1) version of ExoniPhy shows fairly
mediocre performance, while the context-dep endert (N =
3) version shows respectable sensitivity (reaching more than
80%), and somewhat weaker but still improved speci cit y
(near 50%, in the range of interest). Despite that only three
speciesare available in this data set, the context-dep endert
models are able to perform reasonably well by exploiting the
information encoded in the substitution patterns of tuples
of adjacent bases.

A comparison with ExoniPhy -- (Figure 7A) indicates
that consideration of the phylogeny and substitution pro-
cessis indeed essetial for ExoniPhy to perform aswell as
it does. ExoniPhy -- achievesa fairly high rate of sensitiv-
ity, but only becauseit makesa large number of predictions,

4Predictions for the human July 2003 assenbly for Twin-
scan and SGP2 were downloaded from http://genes.cs.-
wustl.edu/predictions and http://genome.imim.es/gene-
predictions, respectively. SLAM human/mouse predictions
for the Nov. 2002 human and Feb. 2002 mouse assentlies
previously obtained from the SLAM authors were mapped
to the July 2003 assenbly. Genscan is routinely run at
UCSC on eact new assenbly.
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Figure 6: Exon-lev el sensitivit y and specicit y

of ExoniPhy with context-dep endent (N = 3) vs.
indep endent-site (N = 1) phylogenetic models. Re-
sults are for correct or nearly correct (CR+NC) pre-
dictions with respect to 3263 apparen tly conserv ed
exons on chromosome 22.

most of which are false positives. At least with only three
species, it appears not to be enough simply to nd ORFs
that are preserved acrossspeciesand ank ed by consened
splice sites and/or start & stop codons, with a nucleotide
triple composition suggestive of coding exons. By making
good use of the phylogeny and substitution process, Ex-
oniPhy is able to perform dramatically better than Exoni-
Phy -- .

The addition of the CNS state results in an additional,
signi cant improvemert in performance. With the context-
dependert model (Figure 7B), the CNS state improvesspeci-
cit y substantially (about 10%), with negligible cost in sen-
sitivit y (< 1%, in the range of interest). A similar, though
lesspronounced, e ect was seenwith independert-site mod-
els (results not shown). Inspection of individual predictions
indicates that, even with the CNS state, apparent CNS is
sometimes still falsely identied as a coding exon. Never-
theless, a large number of false positivesare eliminated with
this simple strategy.

The indel model provides yet another substantial improve-
ment in prediction accuracy, regardlessof which version of
the program is considered (Figure 8). The simpler models,
in particular, benet enormously from modeling of indels.
When the indel model is used, the sensitivity of Exoni-
Phy -- approaches 80%, and with a strong negative cod-
ing bias, this otherwise very simple program achieves a re-
spectable combination of sensitivity and specicity (panel
A). The indel model brings the performance of the independ-
ent-site version of ExoniPhy nearly to the level of context-
dependert versions lacking the indel model and CNS state
(panel B). It improvesthe sensitivity of the context-dep end-
ent version without the CNS state (panel C) by a small but
signi cant amount, but interestingly, does not change its
speci cit y much; it may be that, while the indel model helps
in some casesto distinguish CNS from coding sequence,
it hurts in others (e.g., CNS that does not contain gaps).
When added to the context-dep endert version of Exoni-
Phy with the CNS state (panel D), the indel model pro-
ducesa signi cant improvemerts in both sensitivity (2{3%)
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Figure 7: Sensitivit y and specicit y of (A) ExoniPhy versus ExoniPhy -- (both N = 3, no CNS state) and (B)

ExoniPhy with and without

and speci cit y (4{5%, in the range of interest), for the best
overall performance of all versions considered.

Next, we compared a version of ExoniPhy that incor-
porated all of these improvemerts with the other genepre-
dictors. Before performing this comparison, however, we
altered the program to use separate phylogenetic models
trained on sites from v e classesof G+C content (as de-
termined in 50 kb windows): <40%, 40{45%, 45{50%, 50{
55%, and >55% (G+C-sp eci ¢ models were used only for
the coding, noncoding, and CNS states, not for models as-
sociated with signal states). The new version computes the
G+C content of an input alignment (here, also 50 kb), then
usesthe corresponding set of phylogenetic models for predic-
tion; it performs slightly better than the versions described
in Figure 8. A performance comparison of this version of
ExoniPhy and four other gene predictors, for the chromo-
some22 data set, is shown in Table 1. There is clearly room
for improvemen, but ExoniPhy appearsto be competitiv e
with the other programs|somewhat remarkably, given the
limitations inherent in single exon detection, the use of a
simplied HMM structure, and relativ ely crude methods for
splice-site detection. Notably, ExoniPhy wasfound to have
the highest exon-level speci cit y of all programs tested (tied
with SLAM in the CR case). Its sensitivity overall is some-
what weak, but increasessubstantially (by about 12%, for
CR+NC predictions) when computed with respect to exons
that are (apparently) consered across species|our target
classof exons.

The results for the 9-speciesCFTR alignment were gen-
erally similar to those discussed above, but there were a
few di erences worth noting. The CNS state was found
to be somewhat more important with the CFTR alignment
(which includes a large number of highly consered noncod-
ing regions [24]), and the use of context-dep endert models
was found to be slightly lessimportant (but still to result
in a signi cant improvemert). The indel model also gener-
ally produced a less dramatic improvemert than with the
rst data set, and in the case of context-dep endert phy-
logenetic models and the CNS state, it produced almost
no net change in performance. (While it eliminated a few
false positive predictions that had alignment gaps sugges-
tive of noncoding regions, it also causeda few exonsto be

the CNS state (both N = 3). Results are for the same set of exons as in Figure 6.

missed, becausethey included complex gap patterns or gaps
with non-multiple-of-three lengths.) Table 1 also includes
a comparison of ExoniPhy with other gene predictors for
the CFTR data set. Most of the programs perform bet-
ter in this relatively well-consened region of chromosome
7 than on the whole of chromosome 22, making it di cult
to gaugethe e ect on ExoniPhy of considering additional
species. Our impression, however, is that the larger set of
speciesimproves performance where exon structure is well
consened, but also leadsto more mispredictions due to vio-
lations of ExoniPhy 's relativ ely rigid requirements for exon
boundary consenation and indel patterns (see Discussion).
As before, ExoniPhy lags behind the leading programs in
terms of sensitivity, but hasthe highest speci cit y of all pro-
gramstested. Its nucleotide-level speci cit y is nearly perfect
(98%), indicating that most false-positive exons are incor-
rect only in terms of the placemert of their boundaries.

4. DISCUSSION

We have proposed three methods for improving the per-
formance of phylo-HMMs in the prediction of consened cod-
ing exons from aligned DNA sequencedata: the use of
context-dep endert phylogenetic models, explicit modeling
of consened noncoding sequence(CNS), and a new way
of modeling indels by expanding the state-spaceand alter-
ing the emission probabilities of the phylo-HMM. Experi-
mental results based on two large data sets indicate that
all three methods produce substantial improvemerts in pre-
diction accuracy, and that they are useful in combination.
These methods have beenincorporated into a phylo-HMM-
basedexon predictor called ExoniPhy , which appearsto be
competitiv e with some of the best available gene predictors,
despite that it is still quite primitiv e in certain respects.
ExoniPhy 's speci cit y is particularly good, and with some
additional work, the program may becomean imp ortant new
tool for identifying candidate genesto be tested in the lab-
oratory. (Interestingly, in our chromosome 22 experiments,
70% of \wrong" exons overlapped with mRNAs aligned to
the genome;many may actually be coding exons.)

We are currently considering seweral ways of improving
ExoniPhy . One possibility is to relax the constraint that
exon boundaries must be consistert across all species, or
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indel model for (A) ExoniPhy --, and for ExoniPhy with

(B) indep enden t-site models and no CNS state, (C) context-dep endent models and no CNS state, and (D) context-

dependent models and the CNS state.
lines and the version without

In all cases, the version with the indel model is represen ted by solid blac k
by dotted gray lines. As in the previous plots, squares indicate sensitivit y and triangles

indicate specicit y. Results are for the same set of exons as in Figure 6.

Chromosome 22
Nucleotide Exon (CR)

Exon (CR+NC)

Program Sn Sp Sn Sp Sn Sp CsnY
Twinscan 0.834 0.711 0.768 0.641 0.785 0.671 0.849
SGP2 0.819 0.722 0.711 0.603 0.727 0.617 0.792
SLAM 0.602 0.895 0.534 0.664 0.558 0.693 0.633

Genscan 0.872 0.526 0.720 0.418 0.737 0.427 0.783
ExoniPhy 0.751 0.826 0.635 0.664 0.671 0.702 0.790

CFTR
Nucleotide Exon (CR) Exon (CR+NC)
Program Sn Sp Sn Sp Sn Sp CSnY
Twinscan 0.950 0.825 0.872 0.734 0.889 0.748 0.907
SGP2 0.973 0.801 0.863 0.682 0.897 0.710 0.925
SLAM 0.796 0.826 0.641 0.500 0.675 0.527 0.692

Genscan 0.847 0.577 0.778 0.526 0.778 0.526 0.785
ExoniPhy 0.854 0.980 0.701 0.752 0.769 0.826 0.841

Allo wing for \nearly correct" aswell ascorrect exons (seetext).
Y Sensitivit y with respect to apparently conserved exons.

Table 1: Comparison of ExoniPhy with four other
gene predictors, based on a version with N = 3, the
CNS state, and the indel model. The coding bias
was chosen appro ximately to maximize exon-lev el
Sn+Sp. Except for the last column, results are for
complete versions of both data sets (3888 and 117
exons, resp ectiv ely).

similarly, to allow whole exonsto be absert in a subset of
species. Generalizing the current model to allow for such dif-
ferencesin exon structure would contribute a certain amount
of additional complexity, but appears to be feasible, and
would likely result in a substantial improvemert in predic-
tion sensitivity. (Exon-level speci cit y would beimprovedas
well, becauseexonswith incorrect boundariestend to be pre-
dicted where exon structure is not consened.) This change
may be essetial as more speciesare considered, especially
if more distant vertebrates (e.g., chicken) are included along
with mammals (which may help in distinguishing between
coding and consened noncoding regions). In addition, cer-
tain features now de rigueur in gene prediction should be
added, e.g., better methods for splice site detection and
the abilit y to model non-geometric exon length distributions

(perhapsvia a generalizedHMM framework [21, 25]). Other
possibilities for improvemert include using patterns of con-
senation more e ectiv ely in determining exon boundaries,
and developing better models for CNS.

The new indel model also raisesthe interesting possibility
of using a phylo-HMM for multiple alignment, similar to the
way a pair HMM is used for pairwise alignment [10]. Multi-
ple alignment might be addressedin conjunction with gene
nding, ashasbeendonefor pairwise alignment in SLAM [1]
and Doublescan [26]. Indeed, our experience with the
CFTR data set, in which certain exonswere missedbecause
of \dirt y" gaps, suggeststhat ExoniPhy might benet from
a certain amount of \on the y" alignment. The best strat-
egy may be to realign within a narrow band in alignment
space, cerntered on a starting alignment that has been pro-
duced with an existing genomic-scalemultiple aligner [30].
The state spaceand number of parameters are large in our
current gapped phylo-HMM, and it may be necessaryto nd
ways of restricting them further.

Finally, it is worth contrasting the \ancient exons" strat-
egy preserted here with the strategy of McAulie et al. [25],
who used a phylo-HMM for gene prediction in the context
of \ph ylogenetic shadowing" [3]. The idea of phylogenetic
shadawing is to use aligned sequencesfrom many closely
related species(e.g., a dozen or more primates) sothat fea-
tures that have developed recertly in evolutionary history
(which will be undetectable by our methods) can be identi-
ed. On the other hand, the use of closely related species
(even if large in number) may limit one's ability to detect
more ancient genes, becausenot enough time has passed
for a distinctiv e pattern of substitution to becomeevident.
Thus, our approach may be more e ectiv e for distinguish-
ing ancient, consened exonsfrom CNS. Our strategy is also
motivated by the availability of whole-genome data; the
current trend is to sequencea set of phylogenetically di-
versevertebrate genomesrather than a large number of pri-
mate genomes. (We note that the question remains mostly
open of what species|ho w many and with what phyloge-
netic relationships|will  be optimal for multi-sp ecies gene
nding, despite a small experimental study by McAulie et
al. [25]; the similar question of the optimal distance between
genomesfor pairwise geneprediction has beenstudied care-
fully [44].) In any case,the \ancient exons" strategy of this
paper and the phylogenetic shadaving strategy are likely
to be complemertary. Indeed, a program that allowed for
changesin exon structure across specieswould potentially
be able to combine the strengths of both approaches.
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