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Abstract

A general probabilistic model of the gene structural and compositional properties of
human genomic DNA is introduced and applied to the problem of identifying genes
in unannotated human genomic sequences. The model uses a “Hidden semi-Markov”
or semi-Markov source architecture which incorporates probabilistic descriptions of
fundamental transcriptional, translational and splicing signals, as well as length distri-
butions and compositional features of exons, introns and intergenic regions. Distinct
sets of model parameters are derived which account for many of the substantial differ-
ences in gene density and structure observed in distinct C4+G compositional regions
(“isochores”) of the human genome. A novel model building procedure, termed Max-
imal Dependence Decomposition, is introduced which captures potentially important
dependencies between non-adjacent as well as adjacent positions in a biological signal.
Application of this model to the donor splice signal not only gives better discrimina-
tion of potential donor sites than previous probabilistic models, but also reveals subtle
properties of this signal which suggest aspects of its biochemical function. Acceptor
splice signals are modeled using a “windowed” version of the previously developed
“weight array model”, which is also shown to give significant improvements in dis-
criminative power. Development of a computer program, GENSCAN, which identifies
complete exon /intron structures of genes in genomic DNA is described. Novel features
of the program include the capacity to predict multiple genes in a sequence, to handle
partial as well as complete genes, and to identify consistent sets of genes occurring
on either or both DNA strands. The program is also capable of indicating with high
accuracy the reliability of each predicted exon. The accuracy of GENSCAN is shown

to be substantially better than existing methods when tested on standardized sets of
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human and vertebrate genes, with 75 to 80% of exons identified exactly. Consistently
high levels of accuracy are observed for sequences of differing C+G content, for pri-
mates, rodents and non-mammalian vertebrates, and accuracy is only slightly lower
for Drosophila and maize sequences. Applications of the program to finding genes in
newly sequenced genomic regions and to prediction of alternatively spliced regions of

genes are discussed, with examples of each.
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Chapter 1

INTRODUCTION

In recent years, development of the technology for efficient, automated DNA sequenc-
ing has led to the accumulation of large databases of DNA and protein sequences, and
a new field of study known variously as “computational molecular biology”, “mathe-
matical biology” or “bioinformatics” has begun to take shape as researchers work to
interpret and draw conclusions from this wealth of new information. Though difficult
to define precisely, the field might be described as the area of research at the inter-
section of molecular biology, molecular evolution and structural biology which seeks
to understand the relationships between sequence, structure, evolution and biological
function by statistical/computational analysis of molecular sequences. Some of the
goals of research in this area include: (i) prediction of protein structure (secondary
and/or tertiary) from the primary amino acid sequence; (ii) detection of regulatory
signals (promoters, enhancers, origins of replication, etc.) in genomic DNA sequences;
and (iii) inferring evolutionary history from comparison of homologous gene or protein
sequences (or genomes).

This thesis addresses another significant open problem in this field, namely identi-
fication of the precise exon-intron structures of genes in higher eukaryotic (especially
human) genomic DNA sequences. The problem has a certain intrinsic interest in that
it challenges us to define precisely the sequence dependence of the basic biochemical
processes of transcription, translation and RNA splicing, and studies of the sequence

properties of known genes may yield clues about the mechanisms of these processes.
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On the other hand, with the recent shift in the emphasis of the Human Genome
Project from physical mapping to intensive sequencing, the problem has taken on sig-
nificant practical importance. Indeed, efficient and reliable means of gene detection
will be required if the stated goal of identification of all human genes (Watson, 1992)
is to be achieved in a timely fashion. The approach taken here is to develop a proba-
bilistic model of gene structure based on studies of properties of known human genes.
This model is then applied to the problem of gene identification in a computer pro-
gram called GENSCAN. The work described is essentially interdisciplinary in nature
in that, while the basic subject matter is biological and results of biological interest
are obtained, techniques from other fields are used fairly heavily, including certain
discrete stochastic models from statistics and dynamic programming algorithms used

primarily in electrical engineering applications.

1.1 Background

A large body of literature on the subject of gene prediction has accumulated in the
past fifteen years or so. Early studies by Shepherd (1981), Fickett (1982), and Staden
& McLachlan (1982) showed that statistical measures related to biases in amino acid
and codon usage could be used to approximately identify protein coding regions in
genomic sequences. Since then, numerous other compositional differences between
coding and non-coding DNA sequences have been noted, including differences in
general k-tuple (oligonucleotide) frequencies (e.g., Claverie & Bougueleret, 1986),
measures of autocorrelation (Michel, 1986), Fourier spectra (Silverman & Linsker,
1986), purine/pyrimidine periodicity (Arques & Michel, 1990), and local composi-
tional complexity/entropy (Konopka & Owens, 1990). Based on these differences,
the first generation of gene prediction programs, designed to identify approximate
locations of coding regions in genomic DNA were developed. The most widely known
such programs are probably TestCode, based on Fickett’s (1982) work, and GRAIL
(Uberbacher & Mural, 1991), which uses a neural network approach to integrate mul-
tiple types of content statistics in order to classify sequence windows as coding or

non-coding. These methods are generally able to identify coding regions of sufficient



CHAPTER 1. INTRODUCTION 3

length, i.e. at least one or two hundred nucleotides, with fairly high reliability, but
do not accurately predict precise exon locations.

In order to more accurately pinpoint exon boundaries, two subsequent generations
of algorithms have been developed. Second generation methods, such as SORFIND
(Hutchinson & Hayden, 1992), GRAIL II (Xu et al., 1994a), and Xpound (Thomas
& Skolnick, 1994), use a combination of splice signal and coding region identification
techniques to predict “spliceable open reading frames” (potential exons), but do not
attempt to assemble predicted exons into complete genes. Third generation methods
attempt the more difficult task of predicting complete gene structures, i.e. sets of exons
which can be assembled into translatable mRNA sequences. The earliest examples
of such integrated gene finding algorithms were probably the gm program (Fields &
Soderlund, 1990) for prediction of genes in Caenorhabditis elegans and the method of
Gelfand (1990) for mammalian sequences. Subsequently, there has been a mini-boom
of interest in development of such methods, and a wide variety of programs have
appeared, including (but not limited to): GenelD (Guigé et al., 1992), which uses a
hierarchical rule based system to rank potential exons; GeneParser (Snyder & Stormo,
1993, 1995), which uses a combination of neural network and dynamic programming
approaches; GenLang (Dong & Searls, 1994), which treats the problem by linguistic
methods; FGENEH (Solovyev et al., 1994), which uses discriminant analysis and
other statistical techniques; and GAP III (Xu et al., 1994b), which uses dynamic
programming to assemble gene models from clusters of potential exons predicted by
GRAIL II.

The sheer number of such algorithms raises the obvious question of whether the
gene finding problem has perhaps already been solved by one or more of these pro-
grams. This question was definitively answered in the negative by a recent system-
atic comparison of available integrated gene finding methods undertaken by Burset
& Guigd (1996). Despite the considerable effort which has been lavished on this
problem, the authors concluded that the predictive accuracy of all such methods re-
mains rather low, with most programs identifying less than 50% of exons on average
when tested on a standard set of 570 vertebrate multi-exon genes. Another signifi-

cant shortcoming of existing integrated gene finding methods is that, in general, the
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assumption is made that the input sequence contains exactly one complete gene. As
a consequence, when presented with a sequence containing multiple genes or a partial
gene, some of the predicted exons may be correct, but the assembled gene structure
typically does not make sense. This and other limitations of existing methods are

discussed in a recent review by Fickett (1996).

1.2 Goals

My primary goal was to develop a fourth generation method of gene identification,
which would be capable of predicting the number of genes in a sequence as well as the
locations of coding exons, and would be sufficiently general so as to include partial as
well as complete genes and genes occurring on either or both DNA strands. At the
outset, one can imagine two opposing schools of thought on the issue of gene modeling.
First, there is the “pragmatic” or “heuristic” viewpoint: that one should combine all
known discriminatory properties of introns, exons, etc. into some sort of composite
function for prediction, weighting each property by an appropriate factor derived by
trial and error or perhaps by some statistical or machine learning procedure. This
approach has been by far the most popular to date, as exemplified by programs like
GRAIL (II) and GeneParser, which combine multiple types of content statistics in
complicated multi-layer neural networks which bear little resemblance to anything
that might be happening in the cell. On the other hand, there is what could be called
the “biochemical” viewpoint: that one should construct a model which mimics in
silico (on the computer) the underlying processes of transcription, RNA splicing and
translation which define genes in vivo. Aside from the usefulness of the predictions,
one might also hope to gain some insight into these processes from such an approach.
Unfortunately, a biochemical approach does not yet appear feasible, owing to the
extreme complexity of eukaryotic transcription and RNA splicing mechanisms and
our currently incomplete understanding of these processes. To my knowledge, no
serious attempts have yet been made in this direction: such an undertaking may have
to be postponed for at least a few more years.

I decided to take an intermediate path between these two extremes, adopting
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what might be called the “probabilistic” viewpoint. Specifically, the model should be
a probabilistic description of a gene, in terms of both structural and compositional
properties, which should incorporate statistical descriptions of the signals known to
be recognized by the general transcriptional, translational and splicing machinery.
Thus, the model should attempt to capture the sequence constraints imposed by
these biochemical processes but should not attempt to model the processes them-
selves. Furthermore, the model should be flexible enough so that, as new information
is learned about the signals involved in transcription and splicing, improved signal
models can be developed and integrated into the existing framework. In addition to
the obvious goal of improving predictive accuracy, several additional model properties

were considered desireable.

1) All model parameters should be explicit (i.e. no hidden neural network weights),
have simple intuitive interpretations, and be estimable from available sets of

known human genes.

2) The model should be computationally tractable in the sense that the most likely
gene structure or set of structures should be calculable in a reasonable amount

of time, say not more than a few minutes for sequences up to 100 kilobases.

3) The model should be capable of assigning a measure of reliability to each pre-
dicted exon (or gene) so that, for instance, PCR primers could be designed

based on the portions of the prediction which are most certain.
4) The method should be robust with respect to the C+G content of the sequence.’

5) Ideally, the method should be capable of predicting whether or not a gene is
alternatively spliced and, if so, should predict the exon/intron structure of each

alternatively spliced product.

6) The method should be capable of finding new genes as well as genes which are

homologous to known proteins.

TMost available methods perform less well on A+T rich sequences.
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The reasoning behind the last goal was that, since several homology-based gene find-
ing methods already exist, e.g., BLASTX (Gish & States, 1993), GenelD+ (Guigé
& Knudsen, unpublished), GeneParser3 (Snyder & Stormo, 1995) and Procrustes
(Gelfand et al., 1996), and such methods often work quite well provided that a suffi-
ciently close homolog exists, the really important practical problem is to identify truly
novel genes not substantially similar to existing proteins in the databases. Finally, it
was decided to work primarily with human sequences, since far more sequence data
is available for human than for other higher eukaryotes and because the gene finding
problem is notoriously difficult in human genomic DNA.

Many of the goals listed above have been achieved in whole or in part by the current
implementation of the GENSCAN program, which is based on a semi-Markov source
model of gene structure. The model incorporates several types of features, includ-
ing splice signal models, exon length distributions, promoter and poly-adenylation
signals, etc. of presumed importance for gene function, and accounts for many of
the substantial differences in gene density and structure (e.g., intron length) that
exist between distinct C4+G compositional regions of the human genome. The pre-
dictive accuracy of GENSCAN, in particular, is significantly higher than existing
methods when tested on standard sets of human and vertebrate gene sequences, and
the program is able to exactly reconstruct complex multi-exon gene structures in a
substantial proportion of cases. The program is also able to give useful estimates
of the reliability of its own predictions, enabling the user to choose predicted exons
with any desired degree of certainty. In addition, accuracy is consistently high for
sequences of differing C4+G content. Finally, in some cases at least, suboptimal ex-
ons indicated by the program correspond to alternatively spliced variants of a gene.
However, certain features remain difficult to predict including very small exons and
exact promoter locations: further improvements in this area will have to be left to

the next generation of algorithms.
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1.3 Organization

This thesis develops a probabilistic model of gene structure and sequence: the chapters
were organized so as to describe the model from its most general structure to its most
specific details.? Thus, Chapter 2 covers the overall architecture of the model and (the
closely related subject of) the algorithms needed to make its use practical. Chapter 3
discusses how the general structural and compositional features of human genes are
represented in the model and Chapter 4 describes the particular models of biological
signals which were developed, focusing mostly on the acceptor/branch point and
donor splice signals. Finally, Chapter 5 covers the specific implementation of the
GENSCAN program and how it was tested and gives specific examples of its use.
The last chapter briefly reviews some of the unique or unusual features of GENSCAN
relative to existing programs and outlines some potential applications of the model
architecture to areas beyond gene finding.

A point which should be made at the outset is that, for concreteness, one particular
model architecture is described, as if GENSCAN were conceived and implemented in
exactly its current form, whereas in reality the model evolved over time and many
variations were explored before the final form was decided upon. Thus, in some
cases, particular features of the model are described but not fully justified relative to
reasonable alternatives because to do so in every case would soon become tedious. In
other words, some of the approaches which were tried but failed to improve prediction
are not described. Finally, concreteness was desired in order that this thesis would
provide a record of the performance of a particular precise model specification at a
particular point in time so that further developments in the field of gene identification
could be compared to this benchmark. A paper describing the essential features of
GENSCAN which overlaps with many areas of this thesis was recently accepted for
publication (Burge & Karlin, 1997): further references to this paper are not given

since otherwise they would be too numerous.

?Though there are several advantages to this organization, there is also the unfortunate disad-
vantage that some of the most technically difficult sections occur in the second chapter, specifically
Sections 2.5 — 2.10. Therefore, some readers may find 1t more convenient to read these sections after
Chapters 3 and 4.



Chapter 2

MODEL ARCHITECTURE AND
ALGORITHMS

In this chapter, a probabilistic model of gene structure is introduced and the algo-
rithms necessary for practical use of the model in prediction are developed. The
model relies on several standard types of discrete stochastic models! which are briefly
reviewed in Section 2.1. In Sections 2.2 to 2.5, a basic framework for gene modeling
is described, and some of the strengths and limitations of the model structure are
addressed. Section 2.6 discusses the serious combinatorial problems involved in iden-
tifying complex multi-gene structures in long genomic DNA sequences, and addresses
some of the related algorithmic issues. In Sections 2.7 to 2.9, three fundamental
algorithms are described which allow efficient determination of the most likely gene
structure(s) in a sequence and other quantities of interest. Finally, Section 2.10 gives
an explicit example of some of the calculations involved in the optimization (Viterbi)
algorithm, which helps to provide insight into how each of the model components

contributes to prediction.

LA good general reference is Karlin & Taylor (1975)
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2.1 Discrete stochastic processes

Consider a discrete time stochastic process (sequence of random variables), X7, X5, ...
which takes on values from a finite state space A = {4y, As, ..., Ay}. If the probability
of transition from state A; at time n to state A; at time n + 1 depends only on A;
and not on the previous history of the process, then the process is said to have the
Markov property or to be a Markov Model (MM) or Markov chain. The basic theory
of Markov processes is described in Howard (1971a) and elsewhere (e.g., Freedman,
1983). If the transition probabilities depend only on ¢ and j and not on the time,
n, the process is said to be (temporally) stationary or (time) homogeneous. Such
a stationary Markov process can be described by an N x N transition matrix, T,
with entries T;; = P{X,11 = A;|X, = A;}. In general, for a Markov process the
probability T;; of returning to the same state in the next time interval may be non-
zero. If the transition probabilities depend on n, the process is said to be (temporally)
inhomogeneous. A particular case of interest here is when the transition probabilities
depend only on n modulo m (i.e. the remainder when n is divided by the positive
integer m): such a process is referred to here as an m-periodic Markov chain. If
instead of depending only on the previous state, the process depends on the previous
k states, the process is referred to as a kth-order Markov chain.

A Semi-Markov Model (SMM) is a stochastic process whose successive state occu-
pancies are governed by a Markov transition matrix (with the restriction that 7;;, =0
for all ¢), but where the duration of time spent in each state is a (positive) inte-
ger valued random variable described by a separate probability distribution 7; which
depends on the state type A; (or, in some cases, on A;11 as well). The theory of
semi-Markov processes is described in Howard (1971b). For a Markov process, by
contrast, each state is occupied for only a single time unit. The SMM is strictly more
general than the MM in the sense that any MM can be represented as an SMM with
geometrically distributed state lengths (actually, 1-shifted geometric — see below).
The geometric distribution is the discrete analog of the well-known exponential dis-
tribution and is described by a single parameter, ¢. A random variable X is said to

have geometric distribution with parameter ¢ if P{\ = k} = (1 —q)*q for k = 0,1, ...,
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corresponding to the probability of k& consecutive independent events of probability
1 — ¢ followed by an event of probability ¢. It is convenient to define certain trivial
variants of the geometric distribution as well. We will say that A has a “c-shifted”
geometric distribution with parameter ¢ if P{\ = k+ ¢} = (1 — ¢)*q for k= 0,1, ...,
corresponding to a random variable with a minimum value of ¢, with geometrically
decaying probability beyond e.

We now consider a more complex type of model, in which a second stochas-
tic process, Y1, Y5, ... which takes on values from a distinct finite state space, B =
{B1, B, ..., Bu} is generated from the underlying (hidden) stochastic process, X;, ac-
cording to probabilistic functions corresponding to each of the state types Ay, ..., An.
If the underlying process is Markov, such a model is called a Hidden Markov Model
(HMM) or a Markov Source (MS). The theory of HMMs, originally developed by
Baum and colleagues (e.g., Baum & Petrie, 1966) is reviewed in Rabiner (1989). If
the underlying process is semi-Markov, such a model has been referred to as an explicit
state duration HMM (Rabiner, 1989) or generalized HMM (Kulp et al., 1996): here
we will use the term Hidden Semi-Markov Model (HSMM) or Semi-Markov Source
(SMS) to more clearly distinguish it from the simpler HMM/MS class of models.

2.2 Choice of model structure

2.2.1 Overview

Given a genomic DNA sequence of length L, the goal is to classify each of the L
sequence positions as to its functional state: exon, intron, intergenic, 5 untranslated
region (UTR), etc. Of course, we would also like to know for each state whether it
occurs on the forward or reverse (complementary) DNA strand and, for exons, the
reading frame, so that the encoded amino acid sequence can be derived. To put this in
a probabilistic framework, the approach taken here is to imagine that an underlying
(random) process generates a series of functional states, e.g., 5 UTR, exon, intron,
exon, 3’ UTR, ... which in turn generate the DNA sequence according to probabilistic

models of each of the states. For prediction, then, we must solve the inverse problem:
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given a sequence, infer the series of states which most likely gave rise to it.

2.2.2 A previous model

Before describing the model structure in detail, a previous probabilistic approach to
gene prediction developed by Haussler and colleagues (Krogh et al., 1994) is briefly
reviewed. These authors describe a method for identifying genes in Fscherichia coli
genomic DNA using an HMM with four basic states: Coding (C'), Intergenic (I),
Start (S) and Terminate (T'). In this very simple model, the Start state generates
one of the two initiation codons used by prokaryotes (ATG or GTG); the Terminate
state generates one of the three stop codons (TAA, TAG or TGA); the Coding state
generates one of the 61 non-termination codons; and the Intergenic state generates
one of the four nucleotide bases. The states themselves are generated according to
an underlying Markov chain which enforces the obvious biological constraints on the
series of states generated: Start is always followed by Coding, Coding is followed
by Coding or Terminate, Terminate is always followed by Intergenic, and Intergenic
is followed by Intergenic or Start. Notice that under such a model, the length of
intergenic regions (strings of consecutive Intergenic states) will have a (1-shifted)
geometric distribution with parameter ¢y = 1 — Ty, i.e. P{A =k + 1} = q;(1 — q;)F,
where A is the length in base pairs and Ty is the Markov transition probability for an
I state to be followed by another [ state. Similarly, the number of codons in a coding
region (string of consecutive Coding states) will also be distributed geometrically,
with parameter o = 1 — Toeo. In fact, an important limitation of HMMs is that no
matter what the structure of the model or number states, the lengths of consecutive

runs of any state type are always geometrically distributed.

2.2.3 Length distributions of exons and introns

While the geometric distribution of lengths is in fact fairly general, arising whenever
a discrete stochastic process has the “memoryless” property (e.g., Karlin & Taylor,
1975), there is no obvious reason to expect the length distributions of gene components

to necessarily have this form. Fig. 1 displays the distributions of the lengths of
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introns and initial, internal and terminal exons derived from the nonredundant set of
238 human multi-exon genes described in Section 3.1 and Appendix A. For introns,
the observed distribution does in fact appear approximately geometric, as would be
expected in the absence of significant functional constraints on intron length, and
there is some experimental evidence relating to this issue. For example, for rabbit
B-globin, intron length was observed to be unimportant for splicing provided that a
certain minimum threshold of about 70 to 80 nucleotides was exceeded (Wieringa et
al., 1984). The observed distribution of intron lengths (Fig. 1a) tends to support this
idea: no introns less than 65 bp were observed, but above this size the distribution
appears to be approximately geometric.

For exons, on the other hand, length does appear to be an important property for
biological function, i.e. proper splicing and inclusion in the final processed mRNA. For
example, it has been shown in vivo that internal deletions of constitutively recognized
internal exons to sizes below about 50 bp may lead to exon skipping, i.e. failure to
include the exon in the final processed mRNA (Dominski & Kole, 1991), and there
is some evidence that steric interference between factors recognizing splice sites may
make splicing of small exons more difficult (e.g., Black, 1991). Of course, a number
of small exons exist and are efficiently spliced, so any such limitation cannot be
absolute. At the other end, there is some evidence that spliceosomal assembly is
inhibited if internal exons are internally expanded beyond about 300 nucleotides, e.g.,
Robberson et al. (1990), but conflicting evidence also exists (Chen & Chasin, 1994),
and recent results (Sterner et al., 1996) have suggested that the situation may be more
complicated, involving the lengths of adjacent introns as well. Overall, though, most
results have tended to support the idea that “medium-sized” internal exons (between
about 50 and 300 bp in length) may be more easily spliced than excessively long or
short exons. This idea is given substantial support by the observed distribution of
internal exon lengths (Fig. 1c), which shows a pronounced peak at around 120-150
nucleotides, with few internal exons more than 300 bp or less than 50 bp in length
(see also Hawkins, 1988 for a previous tabulation of exon and intron lengths). Initial
(Fig. 1b) and terminal (Fig. 1d) exons also have substantially peaked distributions
(possibly multi-modal) but don’t exhibit such a steep dropoff in density after 300 bp,



Fig.1. Length distributions of

I ntrons

# of

# of Exons

Legend.

350

300

250

200

150

100

50

250

200

150

100

50

0 ; ‘ ; ‘ ‘ ‘ ‘ ‘ ‘
0 10002000 30004000 50006000 7000 8000 9000

a. Introns: total of 1254

Hi stogram step size 150 bp —
Geonetric distribution--1

Length (bp)

c. Internal exons: total of 1016
H stogram step size 25 bp —
0 200 400 600 800 1000

Length (bp)

Intron,

# of Exons

# of Exons

70

60

50

40

30

20

10

35

30

25

20

15

10

introns and exons i n human genes

b. Initial exons: total of 238

Hi st ogram step si ze 25 bp —

] [ e T Y B

0 200 400 600 800 1000

Length (bp)
exons: total

Hi stogram step size 25 bp —

d. Term nal of 238

L G

0 20 400 600 800 1000

Length (bp)

exon length data from 238 nulti-exon genes of GENSCAN | earning set (Appendix A).

SIWH.LITHOOTV ANV 4N LOHLIHOYY THAOW ¢ H4LdVHD

€l



CHAPTER 2. MODEL ARCHITECTURE AND ALGORITHMS 14

suggesting that somewhat different constraints may exist for splicing of exons at or
near the ends of the pre-mRNA. In order to be able to accurately account for these
potentially important properties of exon length, I chose to use an underlying semi-
Markov architecture rather than the simpler Markov structure used previously. Such
a framework is capable of describing many of the basic structural features of genes,
e.g., the typical number of exons per gene, typical exon/intron length distributions,

etc. and yet still remains simple enough so as to be computationally tractable.

2.3 Model architecture

2.3.1 States of the model

The model structure employed is illustrated in Fig. 2. FEach circle or diamond in
the figure represents a particular functional element type (state) of a gene or ge-
nomic region, namely: N, intergenic region; P, promoter; F', 5 untranslated region
(extending from the start of transcription to just before the translation initiation sig-
nal); Es,q1, single-exon gene (encompassing the translation initiation, coding region
and translation termination signals); Fi.;, initial exon (comprising the translation
initiation, coding region and donor splice signals); Ej (0 < k < 2), phase k internal
exon (acceptor splice signal, coding region, and donor splice signal); i, terminal
exon (acceptor splice signal, coding regions, translation termination signal); T', 3’
untranslated region (extending from just after the translation termination signal to
the poly-adenylation signal); A, poly-adenylation signal; and I (0 < k& < 2), phase
k intron (extending from just after the end of the donor splice signal to just before
the branch point/acceptor splice signal). Note that, in order to keep the number
of states manageable, translation initiation/termination signals and donor/acceptor
splice signals have been included as subcomponents of the associated exon state. The
total number of state types in this model is N = 27.

In higher eukaryotes, where coding sequences are typically disrupted by one or

more introns, it is necessary to have some device to maintain a consistent reading
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frame across the gene, since otherwise predicted exons will not always be assem-
blable into a translatable mRNA. Interestingly, the maintenance of reading frame
along the mRNA is not necessarily a completely artificial consideration arising only
in computer models of gene structure, but may in fact resemble constraints existing
in the cell. Specifically, while the splicing machinery itself presumably does not make
use of reading frame information, there is some experimental evidence, reviewed in
Maquat (1995), that eukaryotic cells may accomplish this task by selectively degrad-
ing improperly spliced mRNAs or mRNAs derived from pseudogenes which contain
premature termination codons. In the model described here, the reading frame is kept
track of by dividing introns and internal exons according to “phase”: thus, an intron
which falls between codons is considered phase 0; after the first base of a codon, phase
1; and after the second base of a codon, phase 2. Internal exons are similarly divided
according to the phase of the previous intron, which determines the codon position
of the first base pair of the exon, hence the reading frame.

All states within the transcription unit are also divided according to DNA strand:
the upper half of the figure corresponds to the states (designated with a superscript
“+7) of a gene on the forward strand, while the lower half (designated with superscript
“~") corresponds to a gene on the opposite (complementary) strand. For example,
proceeding in the 5 to 3’ direction on the (arbitrarily chosen) forward strand, the
components of an F; (forward-strand internal exon) state will be encountered in
the order: acceptor site, coding region, donor site, while the components of an £,
(reverse-strand internal exon) state will be encountered in the order: inverted com-
plement of donor site, inverted complement of coding region, inverted complement
of acceptor site. Only the intergenic state N is not divided according to strand.
The model structure is thus capable of describing the essential gene organization of
most vertebrate genomic sequences likely to be encountered — some limitations are

discussed in Section 2.4.

2.3.2 Transitions between states

Successive states may occur in any biologically consistent order, as represented by

the arrows in Fig. 2: in the model they are generated according to the semi-Markov
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process described below. Specifically a “parse”, ¢, is generated consisting of an or-
dered set of states, ¢ = {q¢1,¢2, ..., ¢»}, with an associated set of lengths (durations),
d = {di,ds,...,d,} which, using probabilistic models of each of the state types, gen-
erates a DNA sequence S of length L. = ", d;. The parse is thus a complete
description of the precise locations of all coding exons and other functional features
in the sequence (e.g., untranslated regions, promoter and poly-adenylation signals).
The generation of a parse corresponding to a (pre-defined) sequence length L is as

follows:

1) An initial state ¢; is chosen according to an initial distribution on the states, 7,

ie. m; = P{qg1 = Q;}, where Qo, Q1..., Q26 is an indexing of the 27 state types.

2) A length (state duration), dy, corresponding to the state ¢ is generated condi-

tional on the value of ¢; from the length distribution f,,.

3) A sequence segment s; of length dy is generated, conditional on d; and ¢,

according to the sequence generating model P, , corresponding to state type

91-2

4) The subsequent state g2 is generated, conditional on the value of ¢, from the

(Markov) state transition matrix 7', i.e. T;; = P{qr+1 = Qjlqx = Q:}-

5) This process is repeated until the sum, 37 ; d;, of the state durations first equals
or exceeds the length L, at which point the last state duration d,, is appropriately
truncated, the final stretch of sequence is generated, and the process stops.
The sequence generated is simply the concatenation of the sequence segments,

S = 51583...5,.

One slight modification to this sequence of steps has to be made to ensure that
exon lengths generated are compatible with the phases of adjacent intron states.
Specifically, exon lengths are generated in two steps: first, the number of complete

codons is generated from the appropriate length distribution; then the appropriate

?The dependence on the length d; is not explicitly indicated in order to simplify the notation.
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number (0, 1 or 2) of bp is added to each end to account for the phases of the
preceding and subsequent states, i.e. step 4) precedes steps 2) and 3) for exon states.
For example, if the number of complete codons generated for an initial exon is ¢ and
the phase of the subsequent intron is k, then the total length of the exon is: A = 3¢+k.

The model thus has four main components: a vector of initial probabilities 7, a
matrix of state transition probabilities T};, a set of length distributions f;, and a set
of sequence generating models P;. These model components are described in detail
in Chapters 3 and 4. The remainder of this chapter is devoted to a discussion of
certain more general issues, specifically how the model is used for prediction and
how the resulting combinatorial problems can be solved, subjects which are largely

independent of the precise choice of the model components.

2.4 Limitations

Of course, real genes are not generated by any sort of Markov or semi-Markov process.
The real mechanisms by which genes are created are undoubtedly far more complex,
involving events such as gene duplication and various types of mutations, e.g., point
mutations, insertions, deletions, inversions, rearrangements, possibly “exon shuffling”,
etc., and the whole process occurs under the guidance of natural selection. The semi-
Markov assumption, in particular, limits the types of dependencies between gene
components which can be described. Specifically, the model can treat interactions
between adjacent state types (introns/exons) in a gene, but cannot deal with “long
range” dependencies between widely separated functional elements of a gene. Though
such dependencies may exist, the model structure arguably provides a reasonable
first approximation to gene structure which might be extended or elaborated as more
complex types of dependencies between gene components come to light.

The model structure is also limited in terms of the types of functional sequences
described. Specifically: (i) only protein-coding genes are treated (and not tRNA or
rRNA genes, for example); (ii) only introns occurring within the translation unit are
considered (and not those occurring in 5" or 3’ untranslated regions); (iii) overlap-

ping transcription units are not considered; (iv) certain types of regulatory elements
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(e.g., enhancers) are not represented; and (v) signals related to alternative splicing
are not included (but see Section 5.5 where an application of the model to prediction
of alternative splicing is described). Nor, of course, does the model attempt to mimic
the processes by which genes are transcribed, spliced and translated, although signals
relating to these processes are incorporated. Nevertheless, as will be seen in Chap-
ter 5, even such an approximate description of gene structure provides a very useful
framework for gene prediction, and the resulting program, GENSCAN, is capable of

reconstructing highly complex multi-exon gene structures in many cases.

2.5 Prediction

Assuming for the moment that the four basic components of the model described
in Section 2.3.2 have been specified, the model can be used for prediction in the
following way. For a fixed sequence length L, consider the space Q) = &y x Sy, where
®y, is the set of (all possible) parses of length L and Sy, is the set of (all possible)
DNA sequences of length L. The model M can then be thought of as a probability
measure on this space, i.e. a function which assigns a probability mass (density) to
each parse/sequence pair. Specifically, the joint probability P{¢;, S}, of generating a
specific parse ¢; € &1 and a specific sequence S € Sy, is given by:

n

[1] P{¢27 S} = 7Tq1fq1 (dl)Pfh (51) H qu—17Qkak(dk)qu (Sk)

k=2

where the states of ¢; are ¢y, g3, ..., ¢, with associated state lengths dy, ds, ..., d,, which
break the sequence into segments sy, s, ..., 5,. The conditional probability of the parse

éi given the sequence S can then be calculated (Bayes’ Rule) as:

P{éi, S} P{¢i, S}
P{S} o0, P19, S}

2] P{i|S} =

The basic assumption is that if the model accurately reflects the biological constraints
on gene sequence/structure, then the parse or parses with highest likelihood (condi-

tional probability) should correspond closely to the correct gene structure(s). One
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way of looking at the prediction problem for such a model is to think of the sequence
S as being the observable manifestation of the underlying (hidden) series of states,

q1, 42, ... which we would like to infer.

2.6 Algorithmic issues

2.6.1 Combinatorial explosion of gene structures

To use such a model for gene prediction, we must have some means of determin-
ing which of the many possible gene structures (involving any valid combination of
states/lengths) have highest likelihood for a given sequence. Just how big is this
search space? To address this question, a simple computer experiment was per-
formed in which the number of potential exons meeting the minimal constraints of
the state models were counted in a set of human genomic sequences. Specifically,
the constraints were that potential exons should begin with ATG or a minimal ac-
ceptor site (AG), end with a stop codon or minimal donor site (GT), and have no
in-frame stop codons (for potential internal exons, the three possible reading frames
are treated separately). The results were that, for sequences of a few kb or longer,
the number of potential exons grows roughly linearly with sequence length, and is
typically comparable to the number of base pairs in the sequence (data not shown).
The implication is that the number of possible multi-exon gene structures, involving
compatible combinations of potential exons, will grow approximately exponentially
with sequence length, leading to a combinatorial explosion for even moderate length
sequences.

A recent paper by Wu (1996) addressed this question by explicitly calculating
how many possible multi-exon gene structures were minimally compatible in terms
of initiation codon, open reading frame / stop codon and the same minimal splice
site constraints used above, with each of a set of vertebrate genomic sequences. The
results were that, as expected, the number of possible gene structures grows approx-
imately exponentially with sequence length, and that even for sequences as short as

10 kilobases, the number of possible structures typically exceeds 10'°° (more than the
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number of atoms in the solar system). Thus, it is utterly impossible to explore all
possible gene structures in a sequence, and if the model structure is to be of practical

use for gene prediction, efficient searching algorithms are required.

2.6.2 Quantities to be computed

It is of primary interest to solve the following three problems:

(i) Partition function. Calculate the quantity P{S} = 3, co, P{¢;,5}. This
quantity, corresponding to the partition function Z in statistical physics, allows
us to interconvert joint and conditional probabilities using eq. [2] and has other

important uses.

(ii) Fxon probabilities. For a potential exon ¢, calculate the quantity P{e|S}, i.e.
the probability that the exon is correct (part of a gene), given the sequence.
For the model used here, this involves summing over all parses (potential gene

structures) which contain the exon in the correct reading frame.

(iii) Optimization. Find the parse (gene structure description) which has highest

conditional probability given the sequence.

It will be seen that these three problems are closely related and that similar types
of algorithms may be used to solve each of them. Some brief calculations described
below for the optimization problem serve to motivate two key approximations which

are made in order to reduce the computational complexity of these problems.

2.6.3 Algorithmic complexity of the optimization problem

For a Markov source (HMM) model, the optimization problem is efficiently solved by
the Viterbi algorithm (Viterbi, 1967, Forney, 1973), requiring on the order of N*L
computations, where N is the number of state types in the model and L is the length
of the sequence. In practice, assuming that a current computer workstation can

perform about 10® computations per second, the amount of time required to process

a 100 kb sequence with a 27-state HMM would be on the order of 27% x 10°/10® = 0.73
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seconds — certainly fast enough for practical use. For a semi-Markov source (HSMM)
model, on the other hand, a more complex algorithm is required (e.g., Rabiner, 1989,
Section IV D), involving a recursion which must at each position search back over
all previous positions, and the number of computations increases to approximately
N2L?/2, i.e. it grows cubically with sequence length rather than linearly. Thus, the
time to process a 100 kb sequence with a general 27-state HSMM model would be
about: 27 x (10°)?/(2 x 10®) = 3.6 x 10? seconds, or about 115 years! Obviously,
the model and/or algorithm must be simplified in some way to make this approach
practical.

In applications of semi-Markov source models to speech recognition (e.g., Levin-
son, 1986), this computational problem has been dealt with by assuming that state
durations (which correspond to spoken words or syllables in these models) are at most
a fixed number, D, units long. With this constraint, the number of computations is
reduced to approximately N2D?L /2, which is practical for small enough values of D.
However, setting limits on state durations is not a reasonable simplification in the
context of gene modeling since some of the states, particularly those corresponding
to intron and intergenic regions, can be almost arbitrarily long in human genomic
sequences. For example, intron 17 in the human retinoblastoma gene is more than 71

kilobases in length, and even longer introns are known.

2.6.4 Two simplifying assumptions

[ have chosen a different approach (which, to my knowledge, has not been used
previously) to reducing the computational complexity of the problem, which is to
assume that the length distributions and sequence generating models for a certain
subset of the state types have a particular form. Specifically, states of the class
D={NFY F~ Tt T~ I I I Iy, I{,1;} (represented as diamonds in Fig. 2),
which can apparently be almost arbitrarily long in human genes, are assumed to
have: 1) geometric length distributions; and 2) sequence generating models which
are “factorable”, i.e. such that P;(S,.) = Pi(S.4)Pi(Se41.c), where a, b, ¢ are sequence
positions with 1 < a < b < ¢ < L, and S, , represents the sequence segment from

position x to y inclusive. Under these assumptions, for any type-D state, the joint
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probability of generating the sequence segment S, ;1 differs from that of generating
S.p by a constant factor®, p; P(Sp41), independent of a. This property allows the
recursions needed to solve the three problems described in Section 2.6.2 to be written
in a particularly simple form, as will be seen below. The remaining types of states,
designated C (represented as circles in Fig. 2), are still treated using general length
distributions and sequence generating models, as described in Chapters 3 and 4. In
the worst case, for a sequence which contains arbitrarily long open reading frames,
the number of computations grows quadratically with sequence length; for virtually
all real sequences, however, these approximations result in run times which grow only

linearly with sequence length.

2.7 The partition function

2.7.1 Preliminaries

Before describing the algorithms, a convention regarding states which extend off the
edges of the sequence must be adopted. The problem is how to treat, for example, a
poten