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Introduction
The genomic revolution that started in 1995 with the se-

quencing of H. influenza genome has produced almost a
hundred genomes and thousands of genes. Since this ini-
tial sequencing we have witnessed an almost exponential
increase in the amount of genomic sequence data. In par-
ticular, numerous finished or ongoing bacterial sequenc-

ing projects have flooded microbiologists with sequence
data and its initial interpretation (http://www.tigr.org and
http://www.ncbi.nlm.nih.gov). This data creates a need to
identify and catalog differences and similarities between
all organisms and then to mine these comparative events
in the attempt to discover causal events or surprising mod-
ifications. Comparative genomics research aims to de-
velop models and techniques that identify all the genes,
decipher how the genes are regulated, and to distinguish
the interactions that produce higher levels of function and
behavior.

Comparative gene finding methods train on information
from similarity search procedures using as queries the pu-
tative proteins derived from lists of open reading frames.
Homology information recommends itself to genome an-
notation because a reliable way to find genes is by detec-
tion of close similarity between putative encoded proteins
and known proteins from the same or other organisms,
by recognition of putative gene similarity to cDNAs from
the same or a closely related organisms, or by compari-
son between closely related genomes. Homology infor-
mation alone does not solve the annotation problem com-
pletely, because many genes (roughly 20-40%) have no
significant similarity with other known sequences, or dis-
play only partial similarity to known proteins. BLAST
and PSI-BLAST (1) On the other hand, ab initio find-
ing methods train on DNA sequence only and extract in-
formation on gene locations using statistical patterns of
nucleotides inside and outside coding regions along with
the patterns at gene boundaries. Some intrinsic computer
methods for gene finding employ a local Bayesian ap-
proach and represent protein-coding regions by fixed or-
der or interpolated inhomogeneous three-periodic Markov
models. Other techniques use a global approach to deter-
mine maximum likelihood sequence parse with regard to
a probabilistic hidden Markov model (HMM) (2).

We propose a new probabilistic method for prokaryotic
genomic annotation that combines ab initio and compara-
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tive methods. In particular, the method employs a product
hidden Markov model (PROD-HMM) with several hid-
den states modeling the trinucleotide frequency patterns
specific for aligned orthologous sequences. The prod-
uct hidden Markov model is a composite of two sepa-
rate hidden Markov models with identical state structure
and transitions following the logic of prokaryotic gene or-
ganization. It models statistics of pairs of orthologous
DNA sequences through species-specific joint transition
and emission probabilities. Depending on the intricacy of
the features modeled by the hidden state architecture, in-
tergenic, regulatory, promoter, and coding regions can be
delimited by this method.

In this paper we apply our computational method to
the problem of identifying bacterial translation initiation
sites. Accurate knowledge of the translation initiation
sites is valuable for analysis of the putative protein prod-
uct of a gene and elucidation of signaling information in
the 5’ region (ribosome binding signals, Shine-Delgarno
motifs, and promoters). The difficulty is caused by the
absence of relatively strong sequence patterns identifying
true translation initiation sites. Unlike eukaryotic ORFs,
tightly packed prokaryotic genes frequently overlap each
other, obscuring translation initiation sites and confound-
ing exact predictions of prokaryotic genes (3). Hence,the
existing tools such as Glimmer (4) and GeneMark (5)
that rely on simple ORF statistic exhibit a relatively low
accuracy of locating the precise position of translation
start sites. For instance, the quality of Glimmer’s predic-
tions varies from 50% to 90% depending on the bench-
marks (4).

Several methods have been developed for improving
start site prediction in prokaryotes. Pioneering work sug-
gested the plausibility of computational translation start
site characterization in prokaryotes based on calculations
of the optimal binding energy between the 16s rRNA and
the region upstream of start codons (6). Prediction of bac-
terial start sites was the focus of Hennenhali et al, who
developed a specialized algorithm that detects various se-
quence features of start sites: ribosome binding site (RBS)
binding energy, distance of the RBS from the start codon,
distance from the beginning of the maximal ORF to the
start codon, the start codon composition, and the cod-
ing/noncoding potential around the start site. Start sites
in the training and testing sequences were designated ei-
ther experimentally or by similarity searches, and the dis-
criminatory system was optimized using mixed integer
programming (?). Borodovsky’s group incorporated in-
tergenic region, start codon, RBS score, downstream se-
quence, and pre-start signal in a three-periodic second or-
der Markov model of protein-coding sequence and a sec-
ond order homogeneous Markov model of non-coding se-
quence (2). The latest implementation of GenMarkS uti-
lizes a non-supervised training procedure incorporating

GeneMarkHMM to find bacterial start sites. This method
also employs a Gibbs sampling multiple alignment pro-
gram to create a two-component statistical model of a
conserved site situated in upstream sequence (3). Yada’s
GeneHacker Plus HMM uses duration and dicodon statis-
tics to model the coding region locally as well as the up-
stream translation control signals (7). Finally, the RB-
Sfinder developed by Salzberg’s group to post-process
Glimmer and GeneMark annotation inputs an entire ge-
nomic sequence and first-pass annotation to train a prob-
abilistic model that scores candidate ribosome sites sur-
rounding previously annotated start codons. If better
RBSs are found either upstream or downstream of the
originally predicted start site, then the system moves the
translation initiation site accordingly (8).

Our method for identification of procaryotic transla-
tion initiation sites employs a PROD-HMM. Unlike other
methods, it relies on modeling the difference in nucleotide
substitution rates in coding and noncoding regions. Cod-
ing region is characterized by non-synonymous substi-
tution and synonymous substitutions whose ratio is one
feature of that region. On the other hand, the substi-
tutions in the non-coding regions are almost random.
The PROD-HMM effectively estimates the synonymous-
nonsynonymous characteristics of a pair of DNA se-
quences and uses them to discriminate the coding from
intergenic regions. The algorithm in its current imple-
menation relies on accurate knowledge of transcription
termination sites to enhance its performance. Hence, it
can most efficiently facilitate post-processing of putative
ORFs designated by intrinsic bacterial genome annotation
software packages such as Glimmer.

We show that the accuracy of gene start prediction can
be improved by combining homology and ab initio meth-
ods in the PROD-HMM tool. Two related prokaryotic
genomes were analyzed using the new tool. Parameters of
the HMM (transition and emission probabilities) were es-
timated by using annotated DNA training sequences. The
accuracy of detecting the translation initiation codons of
testing orthologs was accessed by comparison with the ge-
nomic sequence annotations given in Genbank.

Materials and Methods

Pyrococcus Strains Used
The two Pyrococcus genomes analyzed using the new

tool are archeal thermophiles, P. abyssi (1.765 Mbp), and
P. horikoshii (1.738 Mbp), whose genomes have been
fully sequenced and annotated (?)1. The anaerobic organ-
isms have extremely thermostable proteins and enzymes,

1Of the seven known species of Pyrococcus, three have been fully
sequenced and annotated, including P. furiosus (1.908 Mbp).
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some of which are already in use for commercial pur-
poses (?).

The Pyrococcus genomes are delineated into four re-
gions by conservation pattern such that no DNA frag-
ment exchange between the regions has been observed.
Best conserved are region I (replication origin, inverted
between P. abyssi and P. horikoshii)and region IV (ribo-
somal operon). Region II displays better gene order and
content conservation between P. abyssi and P. horikoshii
than region III with its many tranlocations and inser-
tion/deletion events (9).

P. abyssi and P. horikoshii share the same common an-
cestor, diverged from the ancestor of P. furiosus. This
is evidenced by intergenomic disruptions to synteny in-
volving rearrangement, translocation, transposition, in-
del, recombination, and inversion events. In addition,
there are longer preserved chromosomal segments be-
tween P. abyssi and P. horikoshii than those observed be-
tween P. furiosus and either of the other two species, sev-
eral major chromosomal features common to P. abyssi and
P. horikoshii are different in P. horikoshii, and average
amino acid identities between close homologs of P. abyssi
and P. horikoshii exceed those between either and P. fu-
riosus. Pairwise comparison of the two genomes also re-
veals high nucleotide conservation (1122 kb in common).
However, the resultant number of predicted ORFs is quite
different between the two remaining Pyrococcus species,
despite the comparable genome sizes of P. abyssi (1765
ORFs) and P. horikoshii (2061 ORFs) (9). Hence, the two
species are neither too closely related to offer additional
comparative genomic information, nor to far diverged and
are amenable to our approach.

Data Collection and Input Preparation
Data files were obtained from Genbank records for Py-

rococcus abyssi (Genbank accession number (AL096836)
and Pyrococcus horikoshii (Genbank accession number
BA000001). We designed and implemented a semi-
automated system that contains core modules written in
PERL. It performs the following steps: 1) BLASTP
ortholog determination, 2) extraction of genomic coor-
dinates, coding sequences, and up to 200 nucleotides
of upstream intergenic sequence, 3) alignment of or-
thologous nucleotide sequences using the global Smith-
Waterman module of MUMmer (10), 4) determination
of the nonsynonymous/synonymous substitution ratio for
each aligned pair of orthologs, 5) determination of per-
cent identity in the 60 bp surrounding the start sites of
each aligned pair of orthologs.

Ortholog selection was performed by converting amino
acid sequences of all protein products from P. horikoshii
into separate databases against which every individual P.
abyssi peptide sequence from the other genome was com-
pared (BLASTP). A total of 1443 protein orthologs were

identified, similar to (9). During sequence data pro-
cessing, nucleotide residues corresponding to each of the
amino acid sequences and extending from at most 200 nu-
cleotides upstream of the (Genbank annotated) start site
to the stop codon were extracted from the genomic DNA
sequence and Smith-Waterman aligned to the orthologous
sequence from the related genome, including internal gaps
in step 3. Inclusion of upstream intergenic sequence data
enables the probabilistic model to learn the grammatical
structure of genes and upstream regions from the data set
during training in order to differentiate between coding
and intergenic regions during start codon designation.

As a result, the final input to the model was com-
posed of 183 pairs of aligned orthologous nucleotide se-
quences of protein coding regions and adjoining upstream
sequences satisfying the above criteria. All ortholog pairs
for model derivation are Watson strand ORFs in both
genomes, and 136 of the pairs include sequence upstream
of each start codon and coding region that does not over-
lap or lie directly adjacent to the preceding coding region.
Although not included in this subset, any Crick strand se-
quences input to the model would be adjusted by formu-
lating the complementary sequence in the opposite direc-
tion such that only 5’ to 3’ analysis is necessary overall.

Computational Model
We model the joint statistics of two related DNA se-

quences using a Product Hidden Markov Model or PROD-
HMM. A PROD-HMM is a composite of two (or, in gen-
eral, two or more) separate HMMs, each with a poten-
tially different transition structure but with a single joint
emission model. In this discussion we will assume, with-
out loss of generality, that both models have the same�������

states ���
	
�
�����
������������� and can emit the same� �
���
symbols �
� 	 ���
��������� ����� � . The PROD-HMM

will then be a model with
��� �"!����� product states

����# 	 �
�����
����# � � describing every possible combination of
states of the two separate models. For instance, prod-
uct state ��# 	 is a pair ��# 	 �%$ � 	 ��� 	�& . Each product
state will emit a pair of

� �'� !�
��� symbols, e.g.,
�(#)	 �*$ �+	
�,�+	 & .

Like an ordinary HMM, a PROD-HMM is completely
specified by a transition probability matrix - and an emis-
sion matrix . . In a PROD-HMM, however, the transition
matrix describes the probability of arriving in one product
state (a composite of two simple states) from another, as
shown in Equation 1. Similarly, the emission matrix de-
scribes the probability of jointly seeing a pair of emission
symbols in one product state, as displayed in Equation 2.

In our case, we consider the PROD-HMM to be a com-
posite of two separate HMMs with transitions follow-
ing the logic of prokaryotic gene organization: intergenic
noncoding region (state NC), any of the three start codon
position (S1, S2, S3), any position of an ORF triplet codon
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- $ ��#�� � ��#�� & � Pr
$

product state � at position � � product state � at position �	��
 &�
Pr
$�$ � � 	 � � � ! & at position � � $ � � 	 ��� � ! & at position ���

 & � (1)

. $ �(# � � ��# ��& � Pr
$

emit pair of symbols �(# � at position � � product state � at position � &�
Pr
$�$ � � 	 ��� � ! & at position � � $ � � 	 � � � ! & at position � & � (2)

(C1, C2, C3), and any position of the stop codon (E1, E2,
E3). We constructed two identical HMMs of the gene
structure of both species. Each constituent model itself
does not cover the entire genome but only fits to one gene.
Thus, there are

� � 
���� possible states in the this PROD-
HMM (all possible paired combinations of the ten labels),
each of them emitting

� � 
�� combinations of basepairs.
This is depicted in Figure 1.

The model assumes that the two orthologous sequences
have been previously aligned. If the alignment allows
gaps, the PROD-HMM needs to be modified in the fol-
lowing way. When a basepair in one sequence is aligned
with a gap in the other, we need to maintain the state of the
gapped sequence, as illustrated in Figure 2. To do so, we
define two new transition tables -�� 	 and -�� ! . -�� 	 models
the transitions when a gap is encountered in ortholog 1. It
has to satisfy the condition that

- � 	 $,$ � ��� & � $ #+��� &,& � � � when ���� #��
Similarly, the transition table into a gapped ortholog 2 has
to have zeros for all ���� � . This ensures that the state of
the last non-gap basepair is conserved when gaps occur.
Finally, for each of the two cases, we need to define two
new emission tables, . � 	 and . � ! as follows:

.�� 	 $ � � $ #���� &,& �
Pr
$

emit symbol � in ortholog 1
�

product state
$ #+��� &,&

. � ! $ � � $ #+��� &,& �
Pr
$

emit symbol � in ortholog 2
�

product state
$ #+��� &,& �

Note that in the gapped alignment case the PROD-HMM
essentially becomes inhomogeneous because its parame-
ters - and . vary with the type of alignment at position �
between the two sequences. If the alignment information
at position � is denoted by � $ � & , then the inhomogenous
PROD-HMM parameters are

- $,$ � ��� & at � � $ #���� & at �	�

 & � ! " -�#%$&$'� �)(�*,+ $�$ � ��� & � $ #���� &,& �-� $ � & � aligned
- � 	 $ � � $ #+��� &�& �.� $ � & � gap in 1
- � ! $ � � $ #+��� &�& �.� $ � & � gap in 2

�
and

. $,$ � ��� & at � � $ #���� & at � & � ! " . #%$&$/� �)(�*,+ $�$ � ��� & � $ #���� &,& �-� $ � & � aligned
.�� 	 $ � � $ #+��� &�& �.� $ � & � gap in 1
.�� ! $ � � $ #+��� &�& �.� $ � & � gap in 2

Pr [ −, g | Coding(f3), Coding (f2), <gap1> ]

gagatagagttggaatgatgct.gag.aaaatataaacgctg

agga.acag...gaac..t.ctctccaaacctc..agggct.

Coding (f1)

Coding (f2)

Coding (f3)

Start Site Stop Site

Non−Coding

Coding (f1)

Coding (f2)

Coding (f3)

Start Site Stop Site

Non−Coding

Seq1

Seq2

Seq1 Model Seq2 Model

(a) Individual HMMs

Coding (f1)
Coding (f2)

Coding (f3)
Coding (f1)

Coding (f3)
Coding (f2)

gagatagagttggaatgatgct.gag.aaaatataaacgctg

agga.acag...gaac..t.ctctccaaacctc..agggct.

Pr [ −, g | Coding(f3), Coding (f2), <gap1> ]

Non−Coding
Non−Coding

Seq1+2 Model

Seq1

Seq2

(b) Product HMM

Figure 1: Integration of comparative information for start site
prediction in prokaryotic genomes using a product HMM. Com-
posite of two 10-state HMMs (a), a 0%132�0%1 Product HMM
(b) models joint distribution of nucleotides in two aligned ge-
nomic sequences. When aligned, the bases of two nucleotides
can match (m) or not (n). Otherwise, they are matched with a
gap (-) in the other sequences. Each pair of bases (or a base and a
gap) can be labeled with one of 100 annotations: the pair (gap,T)
is emitted by the (gap,Coding (f1)) state in frame 1 of the sec-
ond sequence. Given a pair of aligned genomic sequences, the
PROD-HMM will detect start sites in both sequences as transi-
tions from non-coding to coding states.
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Figure 2: Product HMM needs to be modified when gaps
are allowed in alignment of two orthologous sequences.
If the two orthologs (1 & 2) are aligned as shown by the
path � � � ��� � 
 ��� �%��� 
 in the trellis of all possible
alignments, then the state of the ortholog 1 at alignment
position � � 
 ( � � 	��� ) has to remain the same in the po-
sition � . In the PROD-HMM this can be imposed by an
appropriate state transition matrix - followed by a modi-
fied emission matrix . (see text for details).

From the above description it is obvious that a PROD-
HMM can be represented as an inhomogeneous HMM
with a (possibly large) product state and emission spaces.
Hence, parameter and state estimation algorithms (Baum-
Welch, forward-backward estimation, and Viterbi decod-
ing (?)) of ordinary HMMs can in principle be directly
applied to PROD-HMMs. In general, this straightforward
application could be computationally expensive because
PROD-HMMs state space grows exponentially with the
number of compared sequences. However, in the case of
two orthologous DNA sequences with

� � 
���� product
states and

� � 
 � emissions direct application of ordi-
nary HMM algorithms to PROD-HMM is computation-
ally feasible 2.

Training
During training, we consider pairs of aligned (homolo-

gous) nucleotide sequences terminated at stop codons and
their Genbank annotation (using one of the ten labels).
The emission probability parameters of the PROD-HMM
are estimated jointly for the related pair of genomes us-
ing maximum likelihood estimation. Counts of how many
times an aligned base pair of nucleotides in the input train-

2Approximate inference algorithms based on, for instance, mean
field variational factorization or collapsing inference could be used to
address the computation complexity in practice.

Figure 3: Nucleotide conservation captured by PROD-
HMM emission matrix . . The emission statistics
of a PROD-HMM exploit a more subtle conservation
property of coding regions, described previously us-
ing the synonymous-nonsynonymous paradigm. Rare
nucleotide substitutions (high conservation) of in-frame
states ((f1,f1) and (f2,f2)) can differ significantly from
higher substitutions in the third codon position (f3,f3) as
well as almost random out-of-frame (e.g., (f1,f2)) and
non-coding states. Statistics were obtained from 189 P.
horikoshii and P. abyssi pairs.

ing sequences coincide with each of the 100 pairs of states
are tabulated in 100 4-by-4 emission matrices. Transition
probability parameters are estimated in a similar fashion:
counts of how many times each possible aligned pair of
states in the input training sequences (position k-1) are
directly followed downstream by any of the 100 pairs of
aligned states (at position k) are tabulated in a 100-by-100
transition matrix. Emission from gapped pairs ( . � 	 and
. � ! ) and transition-into-gaps parameters ( - � 	 and - � ! )
are separately estimated whenever there is a gap in one of
the orthologs.

Thus, the grammatical structure and trinucleotide fre-
quency patterns of orthologs identified during the homol-
ogy search were directly embedded in the product HMM
in order to improve its annotation. This captures species-
specific oligonucleotide frequency patterns as well as syn-
onymous and nonsynonymous substitution patterns. The
latter is illustrated in Figure 3.

Testing
During testing, input to the model consists of the

aligned pairs of orthologous upstream and coding nu-
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cleotides from the train/test subset. Each input alignment
terminates at the last nucleotides of the stop codons. The
initial nucleotides of the input are assumed to comprise
intergenic upstream region, and the model determines the
translation initiation start site using the PROD-HMM with
architecture and probability parameters described above
according to the dynamic programming Viterbi algorithm.
A single occurrence of (S1,S2,S3) labels in each of the
two decoded sequences designates the corresponding start
codons.

Results and Discussion

Algorithm accuracy
The product HMM-based algorithm was evaluated fol-

lowing analysis of a qualifying train/test subset of orthol-
ogous genes from two complete prokaryotic genomes, Py-
rococcus abyssi and Pyrococcus horikoshii. The accu-
racy of the algorithm was estimated by its ability to find
the start sites for all orthologs in the training data (self-
evaluation) and was based on the amount of offset be-
tween translation initiation codons predicted by the algo-
rithm and Genbank annotations for both strains of Pyro-
coccus orthologs. Although the start sites of the sequences
in this database are not always verified experimentally,
Genbank annotation of complete prokaryotic genomes are
frequently used to evaluate the algorithm performance of
gene finders because the public database annotation rep-
resents expert opinion summarizing various types of evi-
dence.

Panels a and b of Figure 4 display the offset distribu-
tions of P. abyssi and P. horikoshii translation initiation
site predictions made by the PROD-HMM-based algo-
rithm. Prediction errors occurred predominantly down-
stream (97 predictions), with the remaining 42 of the inex-
act (offset) predictions placing the start site too far into the
upstream intergenic region. As the maximum length of
upstream noncoding sequence submitted with each cod-
ing ortholog was 200 nucleotides, upstream offsets never
exceeded 200, while downstream predictions ran farther
afield. The largest offsets resulted from global Smith-
Waterman alignment inputs with the following attributes:
1) excessive, erratic gaps dispersed throughout the in-
put alignment of the orthologous upstream intergenic and
coding sequences, 2) extremely short upstream sequences
in either or both orthologs, and 3) poor homology as indi-
cated by BLASTP bitscores below 100.

The 229 exact predictions constituted 149 pairs of or-
thologs: 84 pairs in which both ortholog start sites were
predicted exactly, and 61 pairs in which one of the two
predictions was offset. Genbank functional annotations
revealed that 76 of these 149 pairs were composed of
two proteins of undetermined function (labeled “hypo-

thetical proteins” by Genbank and “Function unknown”
by COG), while the remaining 73 ortholog pairs con-
tained at least one characterized member. COG func-
tional annotation between the members of these 73 pairs
generally corresponded (3 exceptions). Seven proteins
involved in DNA replication, recombination, and repair
were correctly predicted at corresponding genomic co-
ordinates of regions I and II, as were five inorganic ion
transport and metabolism proteins, six proteins involved
in coenzyme metabolism, and six proteins for carbohy-
drate transport and metabolism. The predominant local-
ization of correctly predicted orthologs to regions I and
II is a result of high sequence conservation in the regions
containing the replication origin, despite the substantial
inversion of region 1 post-speciation. Metabolic enzymes
predicted in other regions included five amino acid trans-
port and metabolism proteins and four nucleotide trans-
port and metabolism protein. The ribosomal operon was
particularly well conserved following speciation, enabling
our model to correctly predict five energy production and
conversion proteins. The largest correctly annotated func-
tional group, comprised of thirteen ortholog pairs vaguely
classified as “General function prediction only” by COG,
contained two NADH-dependent dehydrogenase related
proteins, an NADH oxidase, methionyl and an alanyl
tRNA synthetase fragments, among others. Eleven of the
thirteen proteins exhibited coordinates within regions I
and II of both genomes.

TBLASTN and TBLASTX
Benchmark TBLASTN and TBLASTX programs of

the BLAST suite of local alignment tools were utilized for
translation start site detection by modeling the task purely
as a sequence alignment problem. To predict the gene
structures in two given genomic sequences with ortholo-
gous genes, it is simplest to look for coding and regula-
tory regions by comparing the corresponding orthologous
nucleotide and protein sequences for conserved regions.
Notwithstanding the similar sequence input to each pro-
gram (for each ortholog, at most 200 upstream intergenic
nucleotides and the entire coding region were submitted),
TBLASTX comparisons involve two sets of six reading
frames between which to form alignments, resulting in
more inaccurate annotations than TBLASTN, whose sin-
gle reading frame protein query divulges complete anno-
tation for one genome. Reversing the query and database
orthologs separately predicts the start site for each mem-
ber of an ortholog pair.

The model predictions are informed by cumulative
species-specific trinucleotide patterns and substitution ra-
tios learned from all train/test subset orthologs and char-
acterized in the emission and transition matrices. An
exact prediction by the algorithm occured when the S1,
S2, and S3 labels emitted by the model matched ex-
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actly the sequence positions of the initial start codon.
BLAST alignments are based on the pairwise protein-
specific sequence similarity observed between only the
two sequences under analysis during any given predic-
tion. For each TBLASTN and TBLASTX output, the ini-
tial aligned codons of the hsp with the lowest expectation
value and maximal bitscore were evaluated as the start site
predictions for each ortholog. A zero offset prediction
was made when hsp extension stopped along the diagonal
in the upstream direction at exactly the initial methionine
in the protein alignment of two translated sequences.

Figure 4displays the offset distributions of translation
initiation sites predicted by TBLASTN (panels c and d)
and TBLASTX (panels e and f) for orthologs of both
strains. For the P. abyssi subset, the accuracy of the new
algorithm (58% start sites exactly predicted with zero off-
set) exceeds that of TBLASTX (19%), but TBLASTN
captures the largest number of precise predictions (61%).
For the P. horikoshii subset, the model performs better
overall (67%), surpassing the number of exactly predicted
(zero offset) start site locations found by TBLASTN
(52%) and TBLASTX (13%). Significantly higher model
prediction accuracy was observed for P. horikoshii (122
exactly predicted orthologs) than for P. abyssi (107 ex-
actly predicted orthologs). Following speciation, large
collinear regions of P. horikoshii were deferentially lost,
including segment b9 and the entire maltose and phos-
phate operons (ref). It is not clear how this relates to
the transition and emission probabilities learned by the
model from pairwise ortholog sequence alignments, as the
extent of chromosomal rearrangements between closely
related species appears to be independent of sequence
conservation (ref to Poch). Furthermore, the opposite
trend is observed for exact predictions by TBLASTN and
TBLASTX, with higher accuracy for P. abyssi orthologs.

Does each annotation system perform best on (exactly
predict the start sites of) the same set of orthologs? 78
of the P. abyssi orthologs exactly predicted by the model
are also exactly annotated by TBLASTN, while the zero-
offset predictions by the model and TBLASTX coincided
in only 26 cases for P. abyssi. 76 of the P. horikoshii or-
thologs exactly predicted by the model are also exactly an-
notated by TBLASTN compared to 21 of the P. horikoshii
orthologs exactly predicted by the model that were also
exactly annotated by TBLASTX.

Model vs TBLASTX: specific cases
As neither the model nor TBLASTX involve start site

specification by query or database seqeuences, further
prediction analysis was conducted on members of the 60
paired orthologs for which the algorithm predicts both
start sites exactly but for which both TBLASTX predic-
tions are offset. The algorithm’s accuracy of start site
prediction exceeded that of conservation detection sys-

tem TBLASTX after analysis of the same subset of or-
tholog pairs. Notwithstanding the similar sequence input
to each program (for each ortholog, at most 200 upstream
intergenic nucleotides and the entire coding region were
submitted), TBLASTX comparisons involved many more
reading frames between which to form potential align-
ments, resulting in more inaccurate annotations. Suffi-
ciently similar lists of hsps (corresponding percent iden-
tity, query coverage, expectation values, and bitscores)
resulted from each pair of TBLASTX comparisons con-
ducted, thus only one output is reproduced for each pair
discussed here.

When the nucleotides of each coding region input to
TBLASTX to form the query and the database search
space have insufficient sequence similarity in the 5’ cod-
ing region, the aligned words (hits) in the upstream and
initial coding regions are far spaced or on different di-
agonals such that TBLASTX hsp extension is restricted
to the coding region. The resultant prediction is offset
downstream of the true start codon. Figure 5(a) displays
partial TBLASTX output for an such an instance involv-
ing the glutamine-dependent phosphoribosyl amidotrans-
ferase (purF) transcribed in P. abyssi region II (gi5457654,
227268-228611) and in the corresponding region I of
P. horikoshii (gi3256629, 212958-214307). The PROD-
HMM-based algorithm predictions were exact for both
orthologs. PurF is involved in nucleotide transport and
metabolism in the purine biosynthesis pathway, as it is the
first step in de novo purine synthesis and part of the classi-
cally defined route for thiamine sythesis. TBLASTX de-
tects the sequence similarity in the highest bitscoring hsp
and aligns the forward third reading frame of the protein
translations from each ortholog (+3/+3), but it initiates the
alignment 68 codons downstream of the initial methionine
(204 nucleotides downstream of the start codons). The
initial 68 amino acids skipped in the best scoring hsp dis-
play high sequence identity but are offset by one reading
frame until the 69th residue due to a missing amino acid
in the P. horikoshii sequence. The alignment covers all re-
maining amino acids of the protein to the terminal codon,
as the sequence identity between the coding regions of the
orthologs is strong. The hsp with sixth highest bitscore
(120) aligns the forward third reading frame of the pro-
tein translations from each ortholog (+3/+3) begining at
an aligned methionine pair only 4 residues downstream
of the true initial methionine in the P. abyssi sequence
(3 residues downstream in P. horikoshii). Its expecta-
tion value is 0.0, ruling out such sequence similarity by
chance. However, the short coverage (60 residues) is con-
tained entirely within the coding region upstream of the
69th residue.

On the other hand, when the intergenic nucleotides of
each ortholog input to TBLASTX to form the query and
the database search space have high sequence similarity,
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Query: pabyssi.ffn 227068 228611 (1544 letters)
Database: pyro.247.ffn 212758 214307 (1550 letters)
Score =  763 bits (1659), Expect(3) = 0.0
Identities = 311/379 (82%), Positives = 342/379 (90%)
Frame = +3 / +3

Query: 405  LASNIAIGHVRYSTSGSLSEVQPLEVRCCGYELAIAHNGTLTNFIPLRRLYEGMGIKFHS 584
            L  N  IGHVRYSTSGSLSEVQPLEV CCGY+++IAHNGTLTNF+PLRR YE  G KF S . . .
Sbjct: 405  LNGNPVIGHVRYSTSGSLSEVQPLEVECCGYKVSIAHNGTLTNFLPLRRFYESRGFKFRS 584

(a) TBLASTX annotation of phosphoribosyl amidotransferase offset downstream

Query: pabyssi.ffn 165156 166537 (1382 letters)
Database: pyro.ffn 158949 160289 (1341 letters)
Score =  693 bits (1508), Expect(2) = 0.0
Identities = 291/341 (85%), Positives = 312/341 (91%)
Frame = +3 / +1

Query: 45   *MLPLRWLRWSVSYPCDRGFIFLEVHRGEVHILYDLH*SLSRGGTKLRGGVPMKYDVVVV 224
            *+LPL WL W +S   D  F+ L VHRG VHI++DLH  +SR G KL GGV M+YDVVVV . . .
Sbjct: 4    *VLPLWWLCWCLSNVGDSRFLVLGVHRG*VHIVHDLHKGMSRWGLKL*GGVSMRYDVVVV 183

(b) TBLASTX annotation of geranylgeranyl hydrogenase offset upstream

Figure 5: Relatively poor performance of TBLASTX for 60 ortholog pairs annotated correctly by the PROD-HMM
can be explained by frequent presence of high scoring HSPs upstream or downstream of the true start site. Panels
(a) and (b) display partial TBLASTX output annotating a glutamine-dependent phosphoribosyl amidotransferase and
a glucose-1-phosphate thymidylyltransferase, for which TBLASTX predictions were offset far downstream of the
true start codon, but the PROD-HMM-based algorithm predictions were exact for both orthologs. Panel (c) displays
the partial TBLASTX output annotating a geranylgeranyl hydrogenase with predicted start site offset significantly
upstream of the true start codon, while the PROD-HMM-based algorithm predictions were exact for both orthologs.
The true start site that was correctly identified by the PROD-HMM (M-M encoded by ATG-ATG), is 52 codons
downstream of the putative M-V (ATG-ATG) start site indicated by TBLASTX.

then aligned words (hits) in the upstream intergenic re-
gion within the window length and on the same diago-
nal enable TBLASTX hsp extension upstream into the
intergenic region and the prediction is offset upstream
of the true start codon. Figure 5(b) exemplifies those
cases in which TBLASTX predictions were offset signif-
icantly upstream of the true start codon, but the PROD-
HMM-based algorithm predictions were exact for both
orthologs. Putative geranylgeranyl hydrogenase (energy
production and conversion) orthologs are transcribed in
P. abyssi region I (gi5457597, 165356-166537) and at
the border between the corresponding regions I and II of
P. horikoshii (gi3256567, 159108-160289). The hsp of
highest bitscore following both TBLASTX comparisons
aligns the third forward reading frame of the P. abyssi
ortholog translation to the first forward reading frame of
the P. horikoshii ortholog translation (+3/+1), with pre-
dicted start site 156 nucleotides upstream of the true start
codons (52 codons upstream of the initial methionines).
The alignment upstream of the hydrogenase protein dis-
plays about 50% amino acid identity in the highest scor-
ing hsp when the P. horikoshii query is compared to the P.
abyssi database, while an 8-residue-long low complexity
region is masked in the upstream alignment of the highest
scoring hsp when the P. abyssi query is compared to the

P. horikoshii database. Both alignments begin at an inter-
genic “codon” (methionine encoded by a P. abyssi ATG
and valine encoded by a P. horikoshii GTG) that was mis-
taken for the true start codon (methionine encoded by a
P. abyssi ATG and methione encoded by a P. horikoshii
ATG) 52 codons downstream.

Thresholds (Correlation of Bitscore & Per-
cent Identity & dn/ds substitution ratio)

Three features descriptive of each ortholog pair were
designated for further analysis: BLASTP bitscore, per-
cent identity surrounding the start codon, and nonsyn-
onymous/synonymous substitution rates in the coding re-
gions. These criteria were correlated with the binned pre-
diction offsets, and the resultant thresholds will constitute
the biological rationale by which orthologs are selected
for model training (emission and transition matrix param-
eterization) and by which PROD-HMM predictions are
qualified after testing in future analyses.

The results of the initial BLASTP search were catego-
rized by bitscore, which reflects the raw score indepen-
dently of the scoring matrix used and indicates the ex-
tent of sequence similarity between the two orthologous
proteins. Of the 183 ortholog pairs in the train/test sub-
set, 8 pairs scored below 100. The model’s predictions
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Figure 6: Three criteria were correlated with the binned offsets from each strain in order to inform future ortholog selection: BLASTP bitscore, percent identity
surrounding the start codon, and nonsynonymous/synonymous substitution rates in the coding regions. The resultant thresholds will constitute the biological
rationale by which orthologs are selected for model training (emission and transition matrix parameterization) in future analyses: bitscore ¿= 100, percent identity
¿= 60% & dn/ds substitution ratio ¡= 0.60 or 0.40.
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for the 8 corresponding translation initiation sites were
all significantly offset by more than 70 bp, with no ex-
act predictions occurring until after the bitscore exceeded
100. As indicated by Figure 6(a and d), the counts of
exactly predicted orthologs for each species peak in the
300-500 bitscore range, with declining counts of exactly
predicted start codons at both extreme ends of the bitscore
range. This and the slight negative correlation coefficients
for P. abyssi (-0.1242) and P. horikoshii (-0.2325) indicate
degradation of model prediction performance not only
when bitscore decreases and sequence similarity weak-
ens but also as bitscore increases and sequence similarity
between the orthologous intergenic and coding regions is
optimized.

The extent of alignment in the 60 bp surrounding the
start codon was quantified by the percentage of identi-
cal, matching nucleotides in non-gapped base pairs. In
panels b and e of Figure 6, the largest counts of exactly
predicted orthologs for each species occur in the 60-69%
identity bin. The declining counts of exactly predicted
start codons at both extreme ends of the percent identity
range attest to insufficient information provided when or-
thologs are very far diverged (too little coding sequence
similarity) or very closely related (too much intergenic se-
quence similarity). Nonetheless, there is a slight negative
correlation between prediction offset and percent identity
for both P. abyssi (-0.2031) and P. horikoshii (-0.2832).

In addition to the species-specific trinucleotide fre-
quency patterns trained from sequences immediately up-
stream and downstream of translation start site, con-
trasting nonsynonymous (amino acid changing) and
synonymous (silent) substitution rates serve to dif-
ferentiate prokaryotic coding from intergenic regions.
Stronger selective constraints for synonymous changes
than for nonsynonymous substitutions suppress function-
compromising mutations in the protein coding regions,
resulting in nonsynonymous/synonymous substitution ra-
tios significantly smaller than one. The nonsynony-
mous/synonymous substitution rates in the aligned, in
frame coding regions of all 183 orthologs were estimated
using the SNAP program (11). As this model does not ac-
count for transition/transversion biases, disregards codon
usage biases, and ignores gapped codons, there is a po-
tential to underestimate S, overestimate ds, and underes-
timate the dn/ds ratio. Another option would be to es-
timate dn/ds using the codon/residue substitution model
included in the PAML software package (?). The dn/ds
ratio is calculated for all orthologs excepting mutational
saturation cases when a NA label is assigned because ps
or pn exceed 0.75. The latter case occurred in 30% of
the 183 ortholog pairs. The results of this analysis are
summarized in Figure 6, panels d and f. The counts of
exactly predicted orthologs for each species peak in the
NA category, followed by the 0-0.09 ratio bin, and thirdly

either the 0.10-0.19 bin (P. abyssi) or the 1.00+ bin (P.
horikoshii). Notwithstanding the aberrant prediction ac-
curacy at the 1.00+ extreme end of the dn/ds ratio range,
there exist positive correlation coefficients for P. abyssi
(0.1357) and P. horikoshii (0.1648). Model prediction ac-
curacy increases with the prevalence of synonymous sub-
stitutions in the coding regions.

If the best representative orthologs are to qualified for
model parameterization and the most accurate model pre-
dictions are to be earmarked as such, then at least one of
the three following threshold criteria should be observed:
bitscore 100-800, percent identity 40%-80%, and dn/ds
substitution ratio NA (mutational saturation), or less than
0.30.

Summary
With so many prokaryotic genomes completely se-

quenced, start site detection benefits from extensive use
of cross-species comparisons. We have presented a novel
probabilistic approach to comparative prokaryotic gene
annotation. Our product hidden Markov model-based al-
gorithm performs comparative modeling for successful
homology-based genomic annotation by using a pair of
orthologous DNA sequences from two related organisms
to simultaneously annotate both. Depending on the intri-
cacy of the features modeled by the hidden state archi-
tecture, intergenic, regulatory, promoter, and coding re-
gions could be delimited by this method. This study re-
stricts application to microbial start site delineation. The
cumulative species-specific trinucleotide frequency pat-
terns and synonymous/nonsynonymous substitution ra-
tios that informed the model’s predictions after training
on all train/test subset Pyrococcus orthologs proved to
be a more accurate basis of prediction than the pairwise
protein-specific sequence similarity information enabling
the BLAST alignments. The model architecture includes
a sufficiently comprehensive set of biologically motivated
start site features in its architecture of hidden states that
it should be applicable to a broad range of species. Thus,
this objective algorithm for start site prediction will be
carefully tested with cross-validation across a number of
bacterial and archeal taxa, including strains with starts ex-
perimentally verified by N-terminal protein sequencing,
and published elsewhere. It will be properly expanded
to work on multiple genomes and evaluated for its effec-
tiveness for organisms of different evolutionary distances.
The software implementation resulting from this endeavor
will facilitate post-processing of putative genes desig-
nated by automated bacterial genome annotation software
packages such as Glimmer.
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Figure Legends

* List of Figures
1 Integration of comparative information for start site prediction in prokaryotic genomes using a product HMM.

Composite of two 10-state HMMs (a), a 0)1�2 0%1 Product HMM (b) models joint distribution of nucleotides in
two aligned genomic sequences. When aligned, the bases of two nucleotides can match (m) or not (n). Otherwise,
they are matched with a gap (-) in the other sequences. Each pair of bases (or a base and a gap) can be labeled
with one of 100 annotations: the pair (gap,T) is emitted by the (gap,Coding (f1)) state in frame 1 of the second
sequence. Given a pair of aligned genomic sequences, the PROD-HMM will detect start sites in both sequences
as transitions from non-coding to coding states. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 Product HMM needs to be modified when gaps are allowed in alignment of two orthologous sequences.
If the two orthologs (1 & 2) are aligned as shown by the path ��� � ����� 
 ��� �%� � 
 in the trellis of all
possible alignments, then the state of the ortholog 1 at alignment position � � 
 ( � � 	 �� ) has to remain
the same in the position � . In the PROD-HMM this can be imposed by an appropriate state transition
matrix - followed by a modified emission matrix . (see text for details). . . . . . . . . . . . . . . . 5

3 Nucleotide conservation captured by PROD-HMM emission matrix . . The emission statistics of a
PROD-HMM exploit a more subtle conservation property of coding regions, described previously
using the synonymous-nonsynonymous paradigm. Rare nucleotide substitutions (high conservation)
of in-frame states ((f1,f1) and (f2,f2)) can differ significantly from higher substitutions in the third
codon position (f3,f3) as well as almost random out-of-frame (e.g., (f1,f2)) and non-coding states.
Statistics were obtained from 189 P. horikoshii and P. abyssi pairs. . . . . . . . . . . . . . . . . . . . 5

4 Prediction of start sites in 183 P. abyssi and P. horikoshii ortholog pairs using comparative meth-
ods. Panels (a)-(f) show offset statistics of translation initiation sites predicted by the product hid-
den Markov model-based algorithm, TBLASTN, and TBLASTX with respect to Genbank annotation.
All bins are lob base 2. Upstream predictions offset in the intergenic region are displayed in nega-
tive bins; prediction offsets distributed downstream are in positive bins. Significantly higher PROD-
HMM prediction accuracy was observed for P. horikoshii (122 exactly predicted orthologs) than for P.
abyssi (107 exactly predicted orthologs), however the opposite trend is observed for TBLASTN and
TBLASTX, with higher accuracy for P. abyssi orthologs. The cumulative species-specific trinucleotide
and synonymous/nonsynonymous substitution patterns that informed the PROD-HMM’s predictions
after training on all train/test subset orthologs proved to be a more accurate basis of prediction than
the pairwise protein-specific sequence similarity information enabling the BLAST alignments. . . . . 7

5 Relatively poor performance of TBLASTX for 60 ortholog pairs annotated correctly by the PROD-
HMM can be explained by frequent presence of high scoring HSPs upstream or downstream of the true
start site. Panels (a) and (b) display partial TBLASTX output annotating a glutamine-dependent phos-
phoribosyl amidotransferase and a glucose-1-phosphate thymidylyltransferase, for which TBLASTX
predictions were offset far downstream of the true start codon, but the PROD-HMM-based algorithm
predictions were exact for both orthologs. Panel (c) displays the partial TBLASTX output annotating
a geranylgeranyl hydrogenase with predicted start site offset significantly upstream of the true start
codon, while the PROD-HMM-based algorithm predictions were exact for both orthologs. The true
start site that was correctly identified by the PROD-HMM (M-M encoded by ATG-ATG), is 52 codons
downstream of the putative M-V (ATG-ATG) start site indicated by TBLASTX. . . . . . . . . . . . . 9

6 Three criteria were correlated with the binned offsets from each strain in order to inform future or-
tholog selection: BLASTP bitscore, percent identity surrounding the start codon, and nonsynony-
mous/synonymous substitution rates in the coding regions. The resultant thresholds will constitute the
biological rationale by which orthologs are selected for model training (emission and transition matrix
parameterization) in future analyses: bitscore ¿= 100, percent identity ¿= 60% & dn/ds substitution
ratio ¡= 0.60 or 0.40. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
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