
s
a
s
d
t
m
t
t
g
s
t
g
i
P
fi
i
a
t

c
s
a
P
s
g
i
g
t
g
m
t
m
t
t
t
h

3

Genomics 59, 24–31 (1999)
Article ID geno.1999.5854, available online at http://www.idealibrary.com on

0
C
A

Interpolated Markov Models for Eukaryotic Gene Finding

Steven L. Salzberg,* ,† ,1 Mihaela Pertea,† Arthur L. Delcher,‡ ,§
Malcolm J. Gardner,* and Hervé Tettelin*
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Computational gene finding research has empha-
ized the development of gene finders for bacterial
nd human DNA. This has left genome projects for
ome small eukaryotes without a system that ad-
resses their needs. This paper reports on a new sys-
em, GLIMMERM, that was developed to find genes in the
alaria parasite Plasmodium falciparum. Because

he gene density in P. falciparum is relatively high,
he system design was based on a successful bacterial
ene finder, GLIMMER. The system was augmented with
pecially trained modules to find splice sites and was
rained on all available data from the P. falciparum
enome. Although a precise evaluation of its accuracy
s impossible at this time, laboratory tests (using RT-
CR) on a small selection of predicted genes con-
rmed all of those predictions. With the rapid progress

n sequencing the genome of P. falciparum, the avail-
bility of this new gene finder will greatly facilitate
he annotation process. © 1999 Academic Press

1. INTRODUCTION

The gene finding research community has focused
onsiderable effort on human and bacterial genome
equence analysis. This is not surprising given the
ttention paid to both areas. The Human Genome
roject has produced many millions of nucleotides of
equence, and the importance of rapidly identifying the
enes in this sequence cannot be overstated. This task
s made difficult by the fact that only 1 to 3% of human
enomic sequence is estimated to code for proteins. On
he bacterial side, 20 complete bacterial and archaeal
enomes have already been published, with dozens
ore expected in the next 2 years. Gene finders for

hese prokaryotes have an advantage in that approxi-
ately 90% of the DNA of these genomes is coding;

hus the task reduces in many cases to choosing be-
ween competing reading frames. On the other hand,
he demand for accuracy is correspondingly much
igher in the prokaryotic world.

1 To whom correspondence should be addressed. Telephone: (301)
15-2537. Fax: (301) 838-0209. E-mail: salzberg@tigr.org.
24
888-7543/99 $30.00
opyright © 1999 by Academic Press
ll rights of reproduction in any form reserved.
In between these two genomic worlds lies a vast
rray of eukaryotic organisms whose genomes range in
ize from that of a large prokaryote (on the order of
ens of millions of nucleotides) to those that are larger
han human (billions of nucleotides). Their gene den-
ity tends to be much lower than that of bacteria, but
any organisms have a much higher gene density than

umans. For example, the genome of the eukaryote
accharomyces cerevisiae has approximately one gene
very 5 kb. This corresponds to a gene density of 20%.
ecently, chromosome 2 of the malaria parasite Plas-
odium falciparum was completed (Gardner et al.,

998), and this organism too has a gene density of 20%.
he remaining 13 chromosomes from malaria should
e completed over the course of the next few years. The
uch larger (120 million nucleotides) genome of Ara-

idopsis thaliana, which also is expected to have a gene
ensity of approximately 20%, should be completed in
he same time frame, and many projects are under way
o sequence other small eukaryotes.

Because of their relatively high gene density with
espect to human DNA, using a gene finder developed
or human sequence (or other organisms with low gene
ensity, including most vertebrates and larger plant
enomes) may not be the optimal approach for P. fal-
iparum and other small eukaryotes. Prokaryotic gene
nders are not well suited to this task because of their

nability to handle introns. It is possible to retrain
uman gene finders using different data (for example,
ENSCAN (Burge and Karlin, 1997) has been trained
ith Arabidopsis data), but one still runs the risk that
ecause these systems have been optimized to find
enes in DNA that is only 3% coding, they may miss
any genes in genomes such as P. falciparum.
This paper describes a gene finder developed specif-

cally for small eukaryotes with a gene density of
round 20%. This system, GLIMMERM, was built and
rained using data from P. falciparum, the malaria
arasite. It was then used as the principal gene finder
or chromosome 2 of P. falciparum, which contains 210
enes (209 protein coding genes plus one tRNA) (Gard-
er et al., 1998). Most of these genes were found by
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25IMMs FOR EUKARYOTIC GENE FINDING
LIMMERM, and as described below, some predictions
ere confirmed by additional laboratory experiments.
The basis of GLIMMERM is a dynamic programming

lgorithm that considers all combinations of possible
xons for inclusion in a gene model and chooses the
est of these combinations. Dynamic programming
DP) has been the basis of many successful eukaryotic
ene finders. Hidden Markov model (HMM) systems
se a DP algorithm called Viterbi that is a special case
f the algorithm here; these HMM methods include
EIL (Henderson et al., 1997); GENSCAN (Burge and
arlin, 1997), which uses semi-Markov HMMs; and
enie (Kulp et al., 1996), which uses generalized
MMs. Very recently, Wirth (1998) described a gene
nder for P. falciparum based on generalized HMMs,
ut it is not yet available for comparison. The Morgan
ystem (Salzberg et al., 1996, 1998a) uses a DP algo-
ithm in combination with a decision tree program, and
eneParser (Snyder and Stormo, 1995) uses DP com-
ined with a neural network program. These latter two
P formulations are most similar to the formulation
sed for GLIMMERM.

2. METHODS AND ALGORITHMS

The phrase “gene model” will be used to denote a particular com-
ination of exons and introns that the system is considering as a
ossible gene. The decision about what gene model is best is a
ombination of the strength of the splice sites and the score of the
xons produced by an interpolated Markov model (IMM). The meth-
ds for producing the IMM and splice site scores are described next,
ollowed by the description of the dynamic programming algorithm
hat uses these scores.

.1. Interpolated Markov Models

Markov chains are a family of methods for computing the proba-
ility of an event based on a fixed number of previous events. (More
ormally, a Markov chain is a sequence of random variables Xi, where
he probability distribution for each Xi depends only on Xi21, . . . , Xi2k

or some constant k.) In the context of DNA sequence analysis,
arkov chains predict a base by examining a fixed number of bases

ust prior to that base in the sequence. The most common type of
arkov chain is a fixed-order chain, in which the number of previous

ases to examine is a constant. For example, a fifth-order Markov
hain will predict a base by looking at the five previous bases.
arkov chains, and fifth-order chains in particular, have proven to

e effective at gene prediction in bacterial genomes (Borodovsky and
cIninch, 1993; Borodovsky et al., 1995).
IMMs are a generalization of fixed-order Markov chains. The main

istinction is that rather than deciding in advance how many bases
o consider for each prediction, these models will use varying num-
ers of bases for each prediction. In some contexts they will use 5
ases, while in others they might use 6 or more bases, and in yet
ther cases they may use 4 or fewer bases. This allows IMMs to be
ensitive to how common a particular oligomer is in a given genome.
n a given genome, many 5-mers might occur rarely and should not
e used for prediction; here the IMM will fall back on a shorter
arkov chain. On the other hand, certain 8-mers may occur very

requently, and for those the IMM can use this longer context and
ake a better prediction. In addition, the IMM can combine the

vidence from the eighth-order Markov chain and the fifth-order
hain in such cases. Thus it has all the information available to a
fth-order chain plus additional information. It is also worth noting
hat both IMMs and fifth-order Markov chains should outperform
ethods based on codon usage statistics. (Cf. Saul and Battistutta
he time of that work, much less Plasmodium data were available,
nd higher-order statistics might have been inaccurate as a result.)
IMMs form the basis of the GLIMMER system for finding genes in

acteria and archaea (Salzberg et al., 1998b). GLIMMER correctly
dentifies approximately 98% of the genes in bacteria without any
uman intervention and with a very limited number of false-posi-
ives. It has been used as the gene finder for Borrelia burgdorferi
Fraser et al., 1997), Treponema pallidum (Fraser et al., 1998),
hlamydia trachomatis (Stephens et al., 1998), Thermotoga mari-

ima (Nelson et al., submitted for publication), and others. Based on
he success of GLIMMER in bacterial sequence annotation, we thought
hat IMMs should make a good foundation for eukaryotic gene find-
ng. This is particularly true of small eukaryotes like P. falciparum
n which the gene density is intermediate between that of pro-
aryotes and higher eukaryotes.
Details of how to construct an IMM for sequence data can be found

n the original GLIMMER publication (Salzberg et al., 1998b); GLIM-
ERM uses the same IMM algorithm as that described there. In brief,
LIMMERM builds IMMs from a set of DNA sequences chosen for

raining. For coding regions, it builds three separate IMMs, one for
ach codon position. (This is known as a 3-periodic Markov model
Borodovsky and McIninch, 1993).) These IMMs include zeroth-
hrough eighth-order Markov chains, as well as weights computed
or every oligomer of 8 bases or less that appears in the training data.
hese weights and Markov models are interpolated to produce a
core for each base in any potential coding sequence. The logs of
hese scores are summed to score each coding region.

.2. Splice Site Identification

The approach used by GLIMMERM to determine the splice sites is
imilar to that used in the Morgan human gene finding system
Salzberg et al., 1998a). A second-order Markov chain model is used
o score a 16-base region around donor sites and a 29-base region
round acceptor sites. For both donor and acceptor sites in P. falci-
arum, a wide range of different regions were tested, and these sizes
erformed best. Two second-order Markov models were built for each
ype of site. First, a “true” Markov model was created from existing
ata on known 59 and 39 consensus sites. These data were collected
y exhaustively combing the literature for every documented exon–
ntron boundary. A “false” Markov model was built from a large
umber of randomly chosen false splice sites, i.e., sequences that
ontained the consensus GT or AG dinucleotide but that were not
rue splice sites. The score of a site si, si11, . . . , sj was computed by
ach Markov model according to the formula

S~i, j! 5 O
k5i

j

M s,k,

here

M s,k 5 ln~f~~sk22, sk21, sk!, k!/f~~sk22, sk21!, k 2 1!!,

nd f (s, k) is the frequency of substring s ending at location k. Note
hat for the leftmost position in the splice site region, M is taken to
e the probability given by the zeroth-order Markov model, and for
he second position, M is given by the first-order model. The score for
given splice site is computed by taking the difference of the scores

btained from the true site Markov model and the false site model.
After building the models, we scored all the true splice sites and a

arge selection of randomly chosen false sites. We then set minimum
ut-off scores to identify correctly most (or all) true sites and mea-
ured how many false-positives we would expect with various thresh-
lds. The splice sites for training the Markov models were taken from
he 119 genes (described under Results and Discussion) used to train
he IMMs, all of which had laboratory evidence to support them.
hese genes contained only 81 introns in total, which did not gener-
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26 SALZBERG ET AL.
te enough data to produce a very reliable second-order Markov
odel. Therefore, after an initial training pass using the 81 introns,
e used GLIMMERM itself to predict additional introns in chromo-

ome 2, selected the best of these, and added them to the training set.
f course this is a “circular” training protocol, but this represents our
ttempt to squeeze the best performance we could from limited data.
s the sequencing of the remaining chromosomes continues, and as
STs yield further hard evidence on introns, the available pool of
eliable data for training the splice site models should grow dramat-
cally. Alignments with protein sequences from other organisms will
rovide additional evidence about intron locations. The Markov
hain models will consequently improve in accuracy. We intend to
ontinue retraining these models as the genome sequencing
rogresses.
Figure 1 shows the trade-off in thresholds for the splice site rec-

gnition function in P. falciparum and shows the trade-off between
ensitivity and selectivity for the Markov chain method on the 143
onor and acceptor sites in chromosome 2. Acceptor sites are much
asier to recognize: with a false-negative rate of 0% (corresponding to
sensitivity of 100%, meaning that all true sites will be recognized),

he false-positive rate—the percentage of AG dinucleotides that will
ncorrectly be called acceptor sites—is just 0.56%. For donor sites, a
% false-negative rate corresponds to a rather high 6.1% false-
ositive rate. Setting the system so that it misses 4 of the 143 (2.8%)
onor sites in chromosome 2 would reduce this false-positive rate to
.9%. The Markov thresholds used here are set so that no true splice
ites will be missed.

.3. Dynamic Programming

GLIMMERM’s use of dynamic programming allows it to prune out
large number of possible exon–intron combinations and focus

ts analysis only on relatively high-scoring combinations (called
parses”). The input to the algorithm is any genomic DNA sequence
n FASTA format; small sequences as well as entire chromosomes
an be input. The output is a partitioning of the DNA into coding
egions interleaved with noncoding regions, on both the main and
he complementary strands of the sequence.

As in many other gene finders (Salzberg, 1998), there are a number
f assumptions used by GLIMMERM when predicting genes in the

FIG. 1. Trade-off between false-positive rates and false-negative
ites. Data represent the accuracy on sites annotated in chromosom
NA sequence. The main assumptions are (1) the coding region of
very gene begins with a start codon ATG, (2) a gene has no in-frame
top codons except the very last codon, and (3) each exon is in a
onsistent reading frame with the previous exon. These constraints
ignificantly enhance the efficiency of computing the optimal gene
odels, by restricting the search space of the DP algorithm. On the

ther hand, genuine frameshifts cannot be detected by the system.
The dynamic programming algorithm fills in a structure Parse, in
hich each element Parse [t, n, S] denotes the optimal parse of the

ubsequence that begins at location n and ends at the stop codon at
ocation S. The variable t specifies the type of signal at n, which can
e donor, acceptor, start (codon), or stop (codon). More specifically,
arse is an ordered list of labeled positions indicating the end-points
f a set of exons. For example,

arse@start, 100, 540#

5 ^start, 100&, ^donor, 240&, ^acceptor, 380&, ^stop, 540&

ndicates a pair of exons at positions [100 . . . 239] and [380 . . . 539].
complete gene model is represented as a list Parse [start, n, S].

ther elements are partial parses, beginning at a location of type t
t Þ start) and ending at a stop codon S.

The DP algorithm processes the input sequence left to right, look-
ng for stop codons. At each stop codon S, it searches back in the 59
irection and finds all possible genes ending at that stop. It chooses
he highest scoring gene to store in Parse. More concisely,

Parse@t, n, S# 5 ^t, n&, Parse@tnext, i, S#,

here i is the location that achieves the maximum score

max
n,i,S

$Score~^t, n&, Parse@tnext, i, S#!%,

nd tnext is the type logically following the type t in a parse. For
xample, if t 5 acceptor, then tnext can be either donor or stop. Score
Parse [t, n, S]) is the score given by the IMMs to the coding region
btained by concatenating all the exons in the parse delimited by

es for the Markov chain method that recognizes exon–intron splice
of P. falciparum.
rat
e 2
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27IMMs FOR EUKARYOTIC GENE FINDING
onsiders all sites i that can follow n and chooses the best one. These
ould include donor sites, if n is the beginning of an internal exon,
nd stop codons, if n is the final coding exon. Because the algorithm
orks backward from each stop codon S, the entry Parse [tnext, i, S] is

omputed prior to Parse [t, n, S]. The only positions that are consid-
red as possible donor and acceptor sites are those that score above
he threshold determined by the Markov chains described previ-
usly.
The algorithm incorporates special cases for each of the four types

to prune the search space further. These are as follows:

1. If the interval (n . . . i) is the coding portion of an exon, its IMM
core must exceed a fixed, preset threshold.
2. If two internal exons (n . . . i1) and (n . . . i2) both result in

dentical IMM scores, choose the one that maximizes the length of
he coding part of the parse. Note that this rule makes GLIMMERM
refer longer gene models.
3. If (n . . . i) is an intron, then its AT content must be at least 70%.

his constraint is based on the observation that all P. falciparum
ntrons in the training set had an AT content of above 70%, with only
% of introns having an AT content under 75%. In contrast, P.
alciparum exons have an AT content of 70–75%.

4. The length of an intron must be between 50 and 1500 bp; 73 and
066 bp were the extreme lengths for the introns in the training set.
5. The total length of the coding portions of a gene model repre-

ented in Parse [start, n, S] must be greater than 200 bp.
6. If n is a stop codon, the algorithm searches backward for all

ene models ending at n. Many stop codons can be quickly eliminated
ecause they follow too closely another stop codon in the same
eading frame. Thus there is no way to create a gene model ending at
hese stops—any genes ending at the stop would be too short. The
igh AT content of P. falciparum and the resulting high frequency of
top codons make this step particularly effective.

n attempt was made to use IMMs to score introns as well as exons,
ut this did not improve the results. Therefore, when t is a donor site
nd tnext is an acceptor, we have

core~^donor, n&, Parse@acceptor, i, S#!

5 Score~Parse@acceptor, i, S#!.

The algorithm is run separately on both the direct and the com-
lementary strands of the input. GLIMMERM then makes one more
ass over the list of putative genes to reject overlapping genes. If
enes overlap by less than a fixed amount (30 bp by default), then the
verlap is ignored, and both genes are reported in the output. Most
verlapping genes are competing gene models that share a stop
odon and have different exon locations. Genes that overlap by more
han 30 bp are rescored using the IMM, and the gene with the best
core is retained. If the scores of two or more overlapping models
iffer from the maximum score by less than a small preset amount,
hen GLIMMERM considers the scores equivalent and outputs all the
odels as possible genes. In these instances, it marks the longest

ene as the preferred model.

.4. Code Availability

The complete GLIMMERM system is available from the authors; it
as already been shared with other malaria genome sequencing
enters. The code includes routines for retraining the system on data
rom other organisms. A version of the system trained on A. thaliana
enes is currently under development. Total processing time to find
ll genes in malaria chromosome 2 (approximately one million nu-
leotides) is about 50 min on a Pentium 450 processor running Linux.

.5. Annotating a Genome

In its current form, GLIMMERM produces multiple gene models for
ome genes. When no database matches and no other computational
ome 2 annotation reflects the highest scoring model. Although many of
hese are likely to be correct, it is undoubtedly the case that some are
ot. Further investigation is required to confirm these predictions (but
ee below for laboratory evidence confirming a small subset).

The GLIMMERM algorithm was used as one of a suite of tools.
ccurate gene identification depends on using every tool available,
nd the description here should not be taken as implying that GLIM-
ERM alone can find all genes in P. falciparum or any other genome.
owever, it was a central component in a larger strategy. Other

mportant computational tools used by the malaria chromosome 2
eam were as follows: (1) searches of a nonredundant protein se-
uence database using gapped BLAST and PSI-BLAST (Altschul et
l., 1990, 1997); (2) gapped alignments of DNA to protein and EST
equence databases using DDS and DPS (Huang et al., 1997); (3)
rediction of putative signal peptides using SignalP (Nielsen et al.,
997); (4) prediction of transmembrane domains with PHThtm (Rost
t al., 1995); (5) prediction of nonglobular structures with SEG
Wootton and Federhen, 1996); and (6) a graphical tool to allow
nnotators to view all the evidence together. In addition, the project
sed additional aligment tools developed at The Institute for
enomic Research to detect frameshift errors: these tools allow an
nnotator to detect when a sequence alignment extends beyond the
tart and stop codons indicated by other tools. In some cases this
ndicates errors in sequencing, which can be corrected; in other cases
t indicates either a genuine frameshift that occurs during transla-
ion or a mutation that has changed the length of the translated
rotein. Any comprehensive annotation effort needs these computa-
ional tools and more to produce reasonably accurate gene annota-
ions.

3. RESULTS AND DISCUSSION

GLIMMERM was used as the primary gene finder for
hromosome 2 of P. falciparum. Chromosome 2 has 209
rotein-coding genes spread over approximately one
illion bases, for a gene density of one gene per 4.5 kb

1/4.5 kb). This contrasts with a density of 1/kb in
acteria, 1/2 kb in yeast, 1/7 kb in C. elegans, and 1/50
b (estimated) in human. Of the 209 protein-coding
enes, 43% had at least one intron, and those genes
ith introns usually had just one or two introns (Gard-
er et al., 1998). Below we attempt to quantify GLIM-
ERM’s accuracy on these genes.

.1. Training

To train the IMM, we needed to collect as much
oding sequence as possible from P. falciparum itself.
e exhaustively surveyed the literature to collect ev-

ry complete sequence that was backed by laboratory
vidence. Our survey collected 119 complete coding
equences from 108 GenBank entries representing all
4 chromosomes, of which just 6 genes came from chro-
osome 2. (This database is available by e-mail upon

equest from the authors.) Note that by length, chro-
osome 2 comprises approximately 3% of the genome,

o it is unsurprising that just 6/119 genes were from
hromosome 2. GenBank contains more than 108 en-
ries from P. falciparum, but other entries do not have
lear evidence supporting their splice sites. This train-
ng set provided the initial data for the splice site

odels as well.
An important point to emphasize here is that P.
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28 SALZBERG ET AL.
alciparum has an unusually high 82% AT content. As
consequence of this high AT content, stop codons are

ery frequent (e.g., TAA will occur especially often) in
oncoding DNA. This makes it much more likely that

ong open reading frames (ORFs) represent coding se-
uence. This fact was used to generate additional
raining data for GLIMMERM: ORFs greater than 500 bp
n the chromosome 2 sequence were assumed to be
oding regions and were used in the IMM training.
hese were added to the list generated by the litera-
ure search.

.2. Accuracy on Known Genes

The 209 genes included in the chromosome 2 anno-
ation were found with GLIMMERM’s help. To evaluate
he accuracy of the system, it is helpful to consider only
hose genes from this set for which independent evi-
ence can be found to confirm their existence.
The best way to measure the program’s accuracy is to

onsider its accuracy on those proteins whose exon–
ntron structure is known precisely from laboratory
tudies. There are seven genes from chromosome 2 of
. falciparum that currently fit into this category; i.e.,
he sequence from start to stop has been completely
haracterized. Of these seven, six were included in the
raining set, and one (PFB0100c) was not.

GLIMMERM’s performance on this small set of genes is
hown in Table 1. For the two-exon gene PFB0100c, the
nly independently confirmed gene that was not in-
luded in the training set, the system predicted only
ne model: the correct one. For all seven of the genes,
LIMMERM’s output contained a model that matched
erfectly. For four of the genes, the correct model was
he only one output by the system. For PFB0310c and
FB0405c, GLIMMERM produced five and two competing
odels, respectively, but in each case the highest scor-

ng one was correct. Only for PFB0340c, a four-exon
ene, was GLIMMERM’s correct model not the highest
coring one. The system gave a slightly higher score to
model that used a different donor site for the first

xon. GLIMMERM’s alternate prediction would have a
3-aa insertion in this 997-aa protein.

Performance of GLIMMERM on Genes
from Independent

Name Len Intr Comment

FB0100c 654 1 Perfect match
FB0295w 471 0 Perfect match
FB0300c 272 0 Perfect match
FB0305c 272 1 Perfect match
FB0310c 272 1 Perfect match, highest score from 5
FB0340c 997 3 Perfect match, second highest score
FB0405w 3135 0 Perfect match, higher score from 2 m

Note. All seven genes had perfect matches to the system’s predictio
orrectly predicted. The column headings give the gene name, its leng
rediction, and the common name of the protein.
.3. Laboratory Tests

An ideal way of measuring the accuracy of GLIMMERM
recisely would be to test each of its predictions in the
aboratory to see whether they are expressed as pre-
icted. Although a complete test of all predictions
ould be difficult and time-consuming, one careful set
f experiments was conducted as part of the chromo-
ome 2 study.
Because many of the proteins predicted by GLIM-

ERM had unusual nonglobular domains, the chromo-
ome 2 project team ran a reverse transcriptase (RT-
CR) experiment for 13 of these genes (Gardner et al.,
998) to determine whether or not they were real.
hese genes are shown in Table 2. The RT-PCR focused

ts attention on nonglobular domains, not entire pro-
eins, so it could not confirm every detail of the GLIM-
ERM predictions. In particular, it did not test the
xon–intron boundaries for the two genes in this set

ose Structure Is Completely Known
boratory Evidence

Common name

Knob-associated His-rich prt
Adenylosuccinate lyase (OO)
Merozoite surface antigen MSP-2
Merozoite surface antigen MSP-5 (EGF domain)

dels Merozoite surface antigen MSP-4 (EGF domain)
m 4 models SERA antigen/papain-like Protease with active Ser
els Transmission blocking Target antigen PfS230

meaning that the start codon, stop codon, and every splice site were
in amino acids, number of introns (Intr), a comment on GLIMMERM’s

TABLE 2

The Set of Genes with Nonglobular Domains for
hich RT-PCR Experiments Were Conducted to Con-

rm Expression

Name Length Intr Common name

FB0130w 538 0 Prenyl transferase
FB0145c 1979 0 Hypothetical protein
FB0180w 560 1 prt with 59-39 exonuclease domain
FB0265c 1516 0 RAD2 endonuclease
FB0380c 2010 0 Phosphatase (acid phosphatase

family)
FB0435c 1138 7 Predicted amine transporter
FB0500c 235 0 RAB GTPase
FB0520w 1233 0 Novel protein kinase
FB0525w 610 0 Asparaginyl-tRNA synthetase
FB0685c 885 0 ATP-dependent acyl-CoA

synthetase
FB0720c 899 0 Ori. recognition complex subunit 5

(ATPase)
FB0755w 1398 0 Hypothetical protein
FB0880w 426 0 FAD-dependent oxidoreductase

Note. Length is shown in amino acids, and Intr gives the number
f introns. In the two genes containing introns, the nonglobular
omains are contained within exons.
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hat contain introns, because the nonglobular domains
n those genes do not cross those boundaries. This
xperiment confirmed that all 13 of the nonglobular
omains are expressed; i.e., the predictions for those
egions were correct. To our knowledge, this is the first
ime ever that computational gene predictions pro-
ided the impetus for experiments that in turn con-
rmed the predictions.
Eleven of these 13 genes have sequence homology to

nown proteins from other organisms. It is worth not-
ng that the nonglobular domains of the P. falciparum
roteins did not occur in the homologs. For example,
FB0180c contains a 176-amino-acid nonglobular in-
ert that is absent from four homologous bacterial ex-
nuclease domains (shown in Fig. 2 of Gardner et al.,
1998)). GLIMMERM’s prediction for this gene was con-
rmed by amplifying and then sequencing a region
hat contained the nonglobular domain. This example
oints out that the presence of a homologous protein
equence does not always produce an accurate gene
rediction.

.4. Comparison on Genes with Homologs

Of the 209 genes in chromosome 2, 119 have homol-
gous proteins in the public sequence databases. (The
raining set also contained 119 genes, but the identity
f these two numbers is merely coincidence.) The exis-
ence of homologs, which come from a wide range of
ther organisms, provides strong independent evidence
hat these genes are real. We therefore used these
enes to make further measurements of GLIMMERM’s
ccuracy.
Of the 119 genes, 7 were already mentioned: these

re the genes from chromosome 2 whose exon–intron
tructure was known from previously published labo-
atory studies. Six of those were included in the train-
ng set, which leaves 113 genes in chromosome 2 that
ere not included in the training set and for which we
ave good hints of their exon–intron structure. Be-
ause these are homologs, parts of some genes may not
lign well, making the predicted exon–intron structure
ess certain.

GLIMMERM finds 98 of these 113 genes (87%) exactly;
.e., the positions of the start codon, the boundaries of
ach exon and intron, and the stop codon correspond to
hat is indicated by the alignments to homologous
enes. Of these, 22 have competing gene models that
core higher, meaning that a human annotator had to
xamine the output and decide, based on the align-
ent, to use a model other than the highest-scoring

ne.
Of the 15 genes that GLIMMERM did not find exactly,

4 were found but had slightly modified coding regions.
even intronless genes were predicted with incorrect
tart codons. Three 2-exon genes were broken into two
enes each. Four 3-exon genes were predicted with an
ncorrect first exon but correct second and third exons.

Only one of the genes with homologs, ribosomal pro-
ein S30, was missed completely; ribosomal proteins
ften have a strikingly different composition from
ther genes and are known to be difficult for content-
ased gene finders to locate. These will not be missed
s long as genomic data are searched against data-
ases of known ribosomal proteins.
In summary, chromosome 2 contains 113 genes that
ere not included in the set of 119 genes used to train
LIMMERM’s IMM. Portions of some of these genes,

hose with ORFs greater than 500 bp, were extracted
utomatically and added to the IMM; this portion of
he training is fully automatic and requires no human
ntervention. The splice site training also included
ome data from chromosome 2, as explained above. A
imilar procedure can be performed on future chromo-
omes to extract additional splicing data: first use a
equence alignment program to find homologous genes,
xtract splice sites from those, and add those splice
ites to the Markov chain models. This will allow users
f the system to improve the system’s performance
efore making a final run on their chromosomes. As-
uming this or a similar protocol is followed, the esti-
ates given here should extrapolate reliably to those

hromosomes. Of the 113 genes with homologs, GLIM-
ERM is able to annotate automatically 76 (66%) if its
op-scoring prediction is assumed correct. If a human
nnotator is available to confirm or reject predictions,
hen this number grows to 87% (98/113). In most cases
he differences between competing models are small,
nvolving one splice site or the start codon. Information
rom alignments or from other programs—for example,
dentification of signal peptides—allowed the human
nnotators to override GLIMMERM’s first choice in se-
ected cases.

.5. Comparison to Chromosome 2 Annotation

Of the 209 genes currently annotated for chromo-
ome 2, GLIMMERM finds 178 exactly. Of these, 40 have
ompeting gene models that score higher; human an-
otators chose a different model for the final annota-
ion. Of the remaining 31 genes, GLIMMERM finds the
top codons correctly for 14. Different starts appear in
he final annotation for several reasons, for example,
he existence of a match to a protein sequence that
tarts at a different start codon. (Note that it is possible
hat GLIMMERM is still correct in these cases.) The
ystem finds the correct start but the wrong stop codon
or 4 genes; this occurs in multiexon genes in which a
plice site was missed and one of the exons was incor-
ectly extended until it hit a stop codon. The 11 remain-
ng partial hits are cases for which GLIMMERM predicts
ome but not all exons correctly; for example, several
ultiexon genes are each broken into two separate

enes.
Only 2 of the 209 genes are missed completely. One

s ribosomal protein S30, which was mentioned
bove. The second is a predicted integral membrane
rotein of 192 aa predicted by a preliminary version
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f GLIMMERM (before retraining the splice site mod-
ls). A separate program was used to predict the
unction of this protein; it did not align to any known
equences.
The improved splice site Markov models resulted in

LIMMERM’s generating 41 fewer gene models than be-
ore. In addition to the one missed gene just described,
t generated 5 new gene models. Of these, one appears
o encode a genuine protein, and we are currently
nvestigating this to see if it should be added to the
ublished annotation.
A significant caveat to include with these results is

hat GLIMMERM often produces multiple competing
odels that the human annotator must resolve. Most

enes with three or more exons result in multiple mod-
ls. The system indicates which model scores the high-
st, but as indicated above, 40 of the “correct” gene
odels had alternative parses that scored higher.
hese alternative parses share some exons but use
ifferent splice sites for others. A human annotator
ooking at additional evidence, such as alignments to
omologous proteins or predictions of signal peptides,
as able to overrule the system’s top choice in these

ases. It is likely that in other cases where no evidence
esides GLIMMERM’s prediction is available, some of the
ublished annotation may still be in error (all such
roteins are annotated as hypotheticals). After each set
f multiple gene models was collapsed into one model,
he gene list still contains 266 genes. (All of the models
an be downloaded on the Web at www.tigr.org/
salzberg/GlimmerMchr2output.html.) These means

hat, since only 209 genes appeared in the final anno-
ation, the annotators eliminated another 57 gene
odels entirely from the output. These decisions were

omewhat subjective: frequently the putative genes
ere short or they consisted mostly of low-complexity

equence, and this was not enough to convince the
uman annotators that the genes were real. In many
ases the annotators are probably correct, but it is
imply impossible at this point to say with confidence
hat all of the deleted genes are false-positives. Only
urther evidence will allow us to decide, but this makes
lear the importance of continuing to update and im-
rove genome annotation over time.
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