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all gene-prediction papers refer to four types of‘exon’, as

shown in FIG. 2b; however, these are just the coding

regions of the exons. To avoid the misuse of these terms,

I refer to subclasses of exons in this article as 5! CDS,

itexon, 3! CDS and intronless CDS.

Finding internal coding exons

To determine exon–intron organization, an attempt can

be made to detect either the introns or the exons. In early

studies of pre-mRNA splicing, short splicing signals were

identified in introns (FIG. 3): the donor site (5! splice site

or 5! ss), which is characterized by the consensus

AG|GURAGU; the acceptor site (3! ss), which is charac-

terized by the consensus YYYYYYYYYYNCAG|G; and

the less-conserved branch site, which is characterized by

CURAY10. These genetic elements direct the assembly of

the SPLICEOSOME by base pairing with the RNA compo-

nents of the splicing apparatus, which carries out the

splicing reaction (FIG. 3).Where short introns, which are

mostly found in lower eukaryotes (such as yeast), occur,

the intron seems to be recognized molecularly by the

interaction of the splicing factors, which bind to both

ends of it. Such intron-based gene-structure prediction

has also been used in some computer algorithms (for

example, POMBE in REF.11).Recently,however,Lim and

many good reviews on this topic, and useful bench-

marks in the research (for example, REFS 1–8), a truly

fair comparison of the prediction programs is impos-

sible as their performance depends crucially on the

specific TRAINING DATA that are used to develop them.

Gene structure and exon classification

The main characteristic of a eukaryotic gene is the orga-

nization of its structure into exons and introns (FIG. 1).

Generally, all exons can be separated into four classes:

5! exons, internal exons, 3! exons and intronless exons

(or, simply, intronless genes) (FIG. 2). They can be further

subdivided into 12 mutually exclusive subclasses,

according to their coding content (FIG. 2a), and it has

been shown that these subclasses have different statisti-

cal properties9. Because a vertebrate gene typically has

many exons, internal coding exons (itexons, or internal

translated exons) compose the main subclass that has

been the focus of all gene-prediction programs.

However, the definition of the term ‘exon’has become

confused, either unintentionally (due to lack of knowl-

edge) or intentionally (for convenience). This confusion

has led to the term ‘exon’being used interchangeably

with the term ‘coding sequence’(CDS), which fails to

take into account untranslated regions (UTRs).Almost

TRAINING DATA SET

The known examples of an

object (for example, an exon)

that are used to train prediction

algorithms, so that they learn the

rules for predicting an object.

They can be positive training

sets (consisting of true objects,

such as exons) or negative

training sets (consisting of false

objects, such as pseudoexons).

SPLICEOSOME

A ribonucleoprotein complex

that is involved in splicing

nuclear pre-mRNA. It is

composed of five small nuclear

ribonucleoproteins (snRNPs)

and more than 50 non-snRNPs,

which recognize and assemble

on exon–intron boundaries to

catalyse intron processing of the

pre-mRNA.
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Figure 1 | The central dogma of gene expression. In the typical process of eukaryotic gene expression, a gene is transcribed

from DNA to pre-mRNA. mRNA is then produced from pre-mRNA by RNA processing, which includes the capping, splicing and

polyadenylation of the transcript. It is then transported from the nucleus to the cytoplasm for translation. TSS, transcription start site;

TTS, transcription termination site.
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exons in a ‘sea’of intronic DNA, where many cryptic

splice sites exist. This model has since been validated by

many experiments, and it proposes that an internal exon

is initially recognized by the presence of a chain of inter-

acting splicing factors that span it (FIG. 3). The binding of

these trans-acting factors to the pre-mRNA is responsi-

ble for the non-random nucleotide patterns that form

the molecular basis for all exon-recognition algorithms.

These sequence features are often divided into two

types:‘signals’, which correspond to short cis-elements

or boundary sites (such as splice sites and branch

sites); and ‘content’, which corresponds to the

extended functional regions (such as exons and

introns). To evaluate each feature, one needs to define

a scoring function of the feature (also called a feature

variable). The best scoring function is the conditional

probability P(a|s) that the given sequence s contains

the feature a. According to the Bayes equation P(a|s) 

= P(s|a)P(a)/P(s) where P(s|a) (that is, the likelihood

P of s containing a). So, a training sample (sequence

set) with the known feature a is built, and then the

occurrence of a particular sequence s is counted.

Different features can then be integrated into a single

score for the whole object (an itexon in this case).

Genes are predicted by finding the gene structure that

has the highest score, given the sequence. Approaches

differ in their choice of features, scoring functions and

integration methods. Once the problem is phrased as

a statistical-pattern recognition problem, many statis-

tical or machine learning tools are available for recog-

nizing these patterns. Indeed, almost all of them have

been applied to the exon (or gene)-recognition prob-

lem. Here, I review just a few generic or popular

approaches.

Most early programs used the simple positional

weight matrix method (WMM, see BOX 1) to identify

splice-site signals. In recent programs, the correlation

among positions in a signal is also explored. The

weight array method (WAM) or Markov models 

(BOX 1) are used to explore adjacent correlations; deci-

sion-tree or maximal-dependence decomposition

(MDD) methods are used to explore non-adjacent

correlations; and artificial neural network (ANN)

methods are used to explore arbitrary, nonlinear

dependencies. These more complex models typically

yield significant, but not marked, improvements over

the simple WMM. However, major improvements

have come from designing programs that can com-

bine many related sequence features. Such features

can be combined at different levels. At the splice-site

level, the simplest way of combining features (such as

splice-site score with exon-content score on the one

hand and with intron-content score on the other

hand) is to use Fisher’s linear discriminant analysis

(LDA; BOX 1). In the LDA method, the total score is a

linear sum of the scores of individual features, and the

coefficients are determined by minimizing the predic-

tion error using a positive and a negative training data

set. This is equivalent to a perceptron method (for

example, see REF. 14), which identifies an optimal plane

surface to separate true positives from true negatives.

Burge12, in a systematic analysis of short introns, have

suggested that these standard splice sites might not be

sufficient for defining introns in the genomes of plants

and humans.

In vertebrates, the internal exons are small (~140

nucleotides on average), whereas introns are typically

much larger (with some being more than 100 kb in

length). In 1990, the ‘exon-definition’model13 was pro-

posed to explain how the splicing machinery recognizes
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Figure 2 | Exon classification. a | Exons can be classified 

into four classes and 12 subclasses, as shown. b | Coding

sequence (CDS) ‘exons’. Four classes of exon-coding regions.

These regions are not whole exons, except for the internal

coding exons (itexons). i, internal; poly(A), polyadenylation; 

t, translated; TSS, transcription start site; u, untranslated . 
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sensors for splice signals, as well as for coding content.

Like HMMgene and Genie, Genscan is also based on a

GHMM2. It also allows exon-specific length distribution

to be predicted (that is, the model generates blocks of

base pairs — a whole exon and exons predicted to be of

average length receive high probability scores). By con-

trast, the intrinsic length distribution for a standard

HMM is geometric, which results in the exon score

decaying exponentially with exon length.But, the splice-

site sensors in Genscan are more advanced than those

used in the other programs.Fgenesh50, another GHMM-

based algorithm, uses LDA (BOX 1) as the exon sensor.

The coding-content sensors all use a fifth-order Markov

chain (in this approach, the probability score for any base

pair depends on the previous five base pairs; BOX 1).

These GHMM programs also model promoters,poly(A)

signals and the 5! UTRs or 3! UTRs (including possible

introns) in a relatively simple way (FIG.4).

Recently, another gene-prediction program, GRPL51,

has been developed. It is based on reference point logis-

tic (RPL) regression, which is a generalization of logistic

regression52 that can be used in complex classification

problems to model the conditional probability that an

object belongs to a specified class given its observed fea-

tures. In tests of this program, GRPL matches the per-

formance of Genscan at the nucleotide level (with

respect to the correct prediction of exons and introns),

but does slightly worse than Genscan at the exon level.A

more recent test of many programs (such as Fgenes,

GeneMark, Genie, Genscan, HMMgene, Morgan and

MZEF; BOX 2) on 195 newly sequenced DNAs showed

that the accuracy of gene prediction (the average of sen-

sitivity plus specificity) is ~70–90% at the nucleotide

level and ~40–70% at the exon level6. In practice, com-

bining the predictions of several programs can yield

even greater accuracy53.

Multiple genes, partial genes and both strands 

It is easy to add more states or transitions between states

to HMM-based models so that multiple genes, partial

genes and genes on both strands can be predicted

together. These features are essential when annotating

genomes or large chunks of sequence data, such as large

contigs, in an automated fashion. The technique of pre-

dicting multiple genes on both strands was initially

implemented in Genscan2, and was later adopted in

other HMM-based algorithms, such as GeneMark54 and

Fgenesh50. The advantage of modelling both strands

simultaneously is that it avoids the prediction of genes

that overlap on the two strands as being two separate

genes, which are presumed to be rare in mammalian

genomes. More importantly, it makes the prediction of

‘shadow exons’(exons that are predicted to be in the cor-

rect region but on the wrong DNA strand) much less

likely. This can arise because coding-biased sequence

composition can look distinct from intron or intergenic

sequence to the predictor — the extent to which this

effect occurs depends on the organism (see, for example,

REF. 55). Most gene-prediction algorithms can achieve

~80% sensitivity and specificity at the exon level when

tested on single-gene data sets56, but these statistics drop

a stability indicator: if many sub-optimal parses are very

close (in terms of their probabilities) to the optimal one,

the optimal prediction might not be very reliable.

Because HMMs are fully probabilistic, a score (con-

ditional probability) can be obtained for any part of a

gene. For example, the likelihood of finding an exon in a

particular interval might be calculated by a ‘forward’

and a ‘backward’ algorithm47. Because of the inter-

dependency of exons, the quality (probability score) of

an exon also depends on other exons or even on the

entire sequence.As a result, HMM-based exon-assembly

methods explore exon–exon correlations and so predict

exons more accurately than when predictions are based

on single, isolated exons.

HMMgene48 is based on HMM and can be optimized

to predict exons to a high degree of accuracy. The Genie

program was the first to introduce a generalized HMM49

(GHMM; BOX 1) and used neural networks as individual
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Figure 4 | Different states and transitions in the Genscan

hidden Markov model. Genscan is a gene-prediction

algorithm that, like other hidden Markov models (HMMs),

models the transition probabilities from one part (state) of a

gene to another. Here, each circle or square represents a

functional unit (a state) of a gene on its forward strand (for

example, E
init

is the 5! coding sequence (CDS) and E
term

is the

3! CDS, and the arrows represent the transition probability

from one state to another. The Genscan algorithm is trained by

pre-computing the transition probabilities from a set of known

gene structures. Test sequence data can then be run one base

position at a time, and the model will predict the optimal state

for that position. The model for the reverse strand (beneath the

dashed line) is in mirror symmetry to the model shown, with

respect to the horizontal axis. Please note that these ‘UTRs’

(untranslated regions) might contain introns and so should not

be confused with the standard UTR. E, exon; I, intron; pro,

promoter. Modified with permission from REF. 2 © (1997)

Elsevier Science. 

• Semi-Markov model: 
each state generates an 
observation sequence

• P(seq|state) includes 
state-length distribution

• Transitions are taken on 
signals indicating change 
of state (eg. exon to 
intron)



Global constraints
• Integrate models for both strands:

• Forward on one strand

• Reverse on the other (reverse of an 
HMM is an HMM)

• Prevents conflicting (overlapping) 
predictions on the two strands

• A harder problem: global correlations

• Exons

• Genes in same genomic region



Semi-Markov models

• Model generates a parse of a genomic 
sequence

• state sequence

• sequence of corresponding lengths

• nucleotide subsequence for each state

a+
st = C+(s,t)∑

t′ C+(s,t′)

a−st = C−(s,t)∑
t′ C−(s,t′)

CM (s, t) = count of st words in M data

S(x) = log
P (x|+)
P (x|−)

=
n∑

i=1

log
a+

xi−1xi

a−xi−1xi

ast = P (si = t|si−1 = s)

es(x) = P (xi = x|si = s)

eN+(N ′) = eN−(N ′) = δ(N,N ′)

P (x, s) =
∏

i

asi−1siesi(xi) where s0 = start

arg max
s

P (s|x) = arg max
s

P (x, s)
P (x)

= arg max
s

P (x, s)

vi(t) = et(xi) max
s

vs(i− 1)ast

ast 1 2 3
1 0.1 0.1 0.8
2 0.8 0.1 0.1
3 0.1 0.8 0.1

s es(xi)
1 0.1
2 0.8
3 0.2

P (s,d,x) =
∏

i P (si|si−1)P (di|si)P (xki · · · xki+di−1|si, di)
ki = ki−1 + di−1

P (xki · · · xki+di−1|si, di) =
ki∏

j=ki−1+1

P (xj |xj−1, . . . , xj−m, si, di)

3



Length distributions
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State model

• How to model the probability of a 
nucleotide sequence given a state and 
length?

• States: Markov models

• Signals: weight matrices for positions 
adjacent to transition
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Generalized HMMs
• Focus on the probability of a parse given 

the sequence

• Leaving generative model allows much richer 
dependencies on nucleotide sequence

• Transition (T ) and state (S) scoring 
functions may use any suitable model 
(weight matrix, Markov, neural network, 
non-parametric)
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GHMM training

• Transition scores:

• Parametric functions of signal scores

• Train separate signal and state scoring 
functions

• Adjust transition parameters to maximize 
likelihood of correct parse

• Potentially better: integrated model


