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Abstract—The gene identification problem is the problem of interpreting nucleotide sequences by computer,
in order to provide tentative annotation on the location, structure, and functional class of protein-coding
genes. This problem is of self-evident importance, and is far from being fully solved, particularly for higher
eukaryotes. Thus it is not surprising that the number of algorithm and software developers working in
the area is rapidly increasing. The present paper is an overview of the field, with an emphasis on

eukaryotes, for such developers.

INTRODUCTION

In a rapidly moving field it is often easy to trace
individual threads of work, but difficult to gain an
overview. The first purpose of this review is to
provide a concise directory to both standard and
newer techniques, and so allow new developers to
more quickly come to the point where they can make
their own original contributions.

The second purpose is to give some perspective on
the structure of the field and current research direc-
tions. This includes summarizing the high points of
progress to date in each of several areas, evaluating
what seem to be the most productive current lines of
inquiry, and attempting to predict where the most
useful developments will come from in the future.
While large parts of this perspective are shared by
many practitioners in the field, the overall analysis
necessarily represents the personal views of the
author,

A number of related reviews exist. A few of the
more recent works on sequence analysis in general are
Adams et al. (1994), Doolittle (1990), Gelfand (1995),
Gindikin (1992), Gribskov & Devereux (1991),
Griffin & Griffin (1994), Konopka (1994a) and Wa-
terman (1989a, 1995). On-line bibliographies of pub-
lications relevant to analysis of nucleotide sequences
are maintained by A. Bairoch (SEQANALREF;
URL http://expasy.hcuge.ch on the World-Wide
Web) and M. Gelfand (FANS-REF; ftp to
imb.imb.ac.ru; in directory BIBLIO). Staden (1990)
and Gelfand (1990b) give overviews of the gene
identification problem. Fickett & Tung (1992)
review recognizable statistical regularities in
protein coding regions. Doolittle (1986) and Gish
& States (1993) discuss the interpretation of simi-
larity schemes in the context of gene identi-
fication.
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The present review is primarily a guide to current
techniques relevant to future development, rather
than being a guide to current tools. The review is
mostly restricted to published work, though unpub-
lished developments may be mentioned briefly. In
most sections, coverage is limited to techniques that
are either widely used, or which seem to us to be
particularly important for future developments.
Although the number of papers cited is already large,
there are doubtless many others that should have
been included. Experimental approaches to gene
identification are assuming an increasing importance.
These will not be covered here, but the computational
developer must stay abreast of the rapid develop-
ments in experimental techniques as well. For a recent
overview see Church et al. (1994).

The paper begins with a definition of the problem.
The main body of the paper consists of an overview
of computational tools and techniques broken into
six (somewhat arbitrary) categories:

e Sequence similarity search

e Statistical regularities in exons

e Signals: introduction

e Signals: basal gene biochemistry

e Signals: regulation of gene expression

o Gene syntax and integration of information.

In each of these categories the state of the field is
summarized. In the last two sections, some higher
level issues are considered.

DEFINITION OF THE PROBLEM
Sequence (old or new) to biochemistry

A framework for much of the work in compu-
tational analysis of nucleotide sequences may be had
by seeing this work as directed towards the eventual
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goal of automatic annotation: automatically produc-
ing a draft feature table that is as complete, accurate,
and interesting as possible. Sequence “features”, in
the common usage of the term, include many kinds
of information; the core problem in automatic anno-
tation is to describe the sequence in functional terms.
Concretely, this means to discover all biochemically
active sites in a region of a DNA/RNA molecule,
and describe the associated reactions and reaction
products.

The ability to predict the biochemistry of a new
sequence—one under design, say, by a pharmaceuti-
cal company—in a specific context, is of just as much
interest as the ability to discover the function of
naturally occurring genomes. One very important
long term goal of nucleotide sequence analysis, then,
is to generalize from the biochemistry of natural
genomes to give rules for designing new genes and
genomes.

The current gene identification problem

Although the identification of protein coding genes
is clearly influenced by the knowledge of other signifi-
cant features of the sequence, the difficulty of consid-
ering the automatic annotation problem as a logically
integrated process has caused the gene identification
problem usually to be considered independently of
most other sequence analysis. Most of the rest of the
paper will follow this tradition.

Eukaryotic gene regulation is complex and is just
beginning to be understood. It still seems a rather
difficult goal even to predict from sequence the course
of the key biochemical reactions of gene expression:
transcription, splicing and translation. At the present
time the success of gene identification algorithms is
measured in terms of the degree to which they correctly
predict the amino acid sequence of protein products
and, perhaps, some hint of product function.

COMPUTATIONAL TECHNIQUES
QOverview

The sections that follow survey the various compu-
tational techniques relevant to gene identification. In
the first five sections, methods for recognizing some
particular aspect, or component, of genes, are cov-
ered. The last section then covers methods of inte-
grating all the evidence and components into higher
level statements about genes.

There are several higher level issues one should
keep in mind. One is that the efficacy of many of the
methods is still being debated, or in some cases, has
not yet been challenged or tested. Each section will
summarize what is known about the practical value
of the techniques covered.

There is an emerging issue, possibly of fundamen-
tal importance, in the development of techniques for
gene identification, which might best be expressed as
the tension between template methods and lookup
methods (termed “intrinsic” and “extrinsic” ap-

proaches in Borodovsky et al. (1994a, b). Template
methods attempt to compose more or less concise and
elegant descriptions of prototype objects, and then
identify genes by matching to such prototypes. A
good example is the use of consensus sequences in
identifying promoter elements or splice sites. Lookup
methods, on the other hand, attempt to identify a
gene or gene component by finding a similar known
object in available databases. An excellent example of
a lookup me‘hod is searching for genes by trying to
find a similarity between the sequence under analysis
and the contents of the sequence databases.

Much of the work that comes out of a mathemati-
cal or computational background (including pattern
recognition in particular) focuses on deriving proto-
type descriptions from the data. This approach often
makes important contributions to our understanding,
but usually leaves out important exceptions and
ambiguities, most likely because genomes are not
clegantly designed from scratch, but are a collection
of contraptions honed by experience. Thus as the field
has developed, and as molecular biological data have
increased, lookup methods, which simply rely on
what is, without attempting to summarize it neatly,
have gained in importance.

Finally, it should be noted that the field as a whole
is making a transition from studying primarily com-
ponents of genes to studying genes and genomes in
their entirety. Thus the issue of choosing an appropri-
ate language in which to express and integrate the
knowledge gained from the component calculations is
one of the most active areas in computational gene
identification.

Sequence similarity search

One of the oldest methods of gene identification,
based on sequence conservation due to functional
constraint, is to search for regions of similarity
between the sequence under study (or its conceptual
translation) and the sequences of known genes (or
their protein products). A recent, large-scale example
of the application of this method, clearly illustrating
both its power and its difficulties, may be found in
Robison et al. (1994).

A clear advantage to searching for genes by simi-
larity is that, if a significant similarity is found, it is
likely to yield clues as to the function, as well as the
existence, of the new gene. In addition, if the search
is carried out at the amino acid, rather than the
nucleotide, level, the additional advantage may be
had of lowered sensitivity to the “noise” of neutral
mutations. The obvious disadvantage of this method
is that when no homologues to the new gene are to
be found in the databases, similarity search will yield
little or no useful information.

The question naturally arises, then, of the likeli-
hood that the databases will contain a homologue of
a gene awaiting discovery. Seely et al. (1990), in an
early attempt to answer this question, took one half
of GenBank release 56 as a test set, introduced
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“mutations”, “introns” and ‘“‘intergenic DNA” to
make the test set resemble new genomic data, and
searched for genes in this test set by comparing it to
the remaining half of GenBank as a reference set. In
this experiment, they found that approximately three-
quarters of the genes could be clearly identified. Thus
one might hope that the majority of new genes could
be found by means of simple similarity searches in the
database.

When the complete sequence of yeast chromosome
III (Oliver et al., 1992) was first reported, 26% of the
putative protein products (conceptual translations of
all open reading frames over 300 bp in length) were
found to have significant similarity with some other
known sequence. Similarly, in reporting analysis of
three cosmid sequences from C. elegans, Sulston et al.
(1992) state that roughly a third of the putative genes
show clear homology to sequences already in the data-
bases. Both of these estimates have rather large error
bounds, as the list of tentative genes depends primar-
ily on computational, not experimental, evidence. Yet
these studies do seem to suggest that the conclusions
of the Seely ez al. study are perhaps too optimistic.
Probably the disparity between the simulation study
and the results of actual genomic sequencing are due
to the biased nature of the databases. For example,
both of the halves of GenBank used in the experiment
of Seely et al. are much richer in highly expressed
genes than is a eukaryotic genome in toto.

One overall lesson from a long line of work
studying amino acid sequence motifs and blocks from
related sets of proteins (cf. Gribskov et al., 1987;
Posfai et al., 1989; Smith & Smith, 1990; Smith et al.,
1990; Henikoff & Henikoff, 1991; Bairoch, 1992;
Ogiwara et al., 1992), is that database searches seem
to be much more sensitive if carried out with mean-
ingful patterns such as motifs or profile matrices.
When Bork et al. (1992a, b) studied the yeast chromo-
some III sequence using more permissive cut-off
scores, multiple alignment methods, and motif
searches, 42% of the putative genes were found to be
similar to a known sequence or motif. Later, Koonin
et al. (1994) revised the list of putative genes and
again used the most recent and sensitive known
algorithms, and found that 61% of the putative
proteins exhibited significant similarities to known
proteins or motifs. This increase is due in part to
revisions in the list of putative proteins, in part to the
databases becoming more complete, and in part to
improvements in computational methods.

In another vein, current efforts to sequence (at least
fragments of) all transcribed sequences from a num-
ber of genomes (e.g. Adams et al., 1991) concentrate
much of the genomic information necessary for gene
identification. Boguski et al. (1994) collected the 32
human disease gene sequences that have been posi-
tionally cloned to date and found that 85% of them
showed homology to an entry in the dbEST collection
(Boguski et al., 1993) of expressed sequence tags. This
is a small sample, but the indication still seems strong
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that cDNA sequence collections will be an important
resource for gene identification. Note, however, that
for most of the sequences in dbEST, the only infor-
mation available is that they are transcribed; map-
ping and functional data will surely come, but are
presently accumulating much more slowly than the
sequences themselves.

How fast will the fraction of genes identifiable by
similarity search go up? Green er al. (1993) [see also
Claverie (1993a) and Green (1994)] compare recently
determined sequences both to each other and to older
sequences in the databases, and conclude that: (1)
most ancient conserved regions (or ACRs, roughly
defined as regions of protein sequences showing
highly significant homologies across phyla) of the
protein universe are already known and may be
found in current databases; (2) roughly 20-50% of
newly found genes contain an ancient conserved
region that is represented in the databases [cf. also
Borodovsky er al. (1994a)]; and (3) rarely expressed
genes are less likely to contain an ancient conserved
region than moderately or highly expressed ones.

Taken together, these results seem to suggest that
on the order of one-half of all new genes may be
discovered, and perhaps some functional information
determined, on the basis of similarity to known
sequences or motifs, and that this fraction will con-
tinue to rise. Due to the larger variety in non-ACR-
containing proteins, however, the rise will likely be
rather slow.

Sequencing errors, particularly frameshift errors,
can be a serious problem for gene identification by
similarity search. Gish & States (1993) discuss the
effects of such errors, and the interpretation of
BLASTX search results. Shavlik (1994) shows how to
turn the difficulty to advantage, piecing together
matches from different frames both to locate genes
and to detect the sequence errors. Claverie (1992) also
discusses practical aspects of similarity searching, in
particular providing a means to eliminate the most
common source of high scoring similarities not due to
gene function, namely repeats.

Statistical regularities in exons

At the core of most gene recognition algorithms are
one or more coding measures—functions which calcu-
late, for any window of sequence, a number or vector
that measures attributes correlated with protein cod-
ing function. Aggregate properties of such function
values on coding regions thus form templates for
exons in general. Common examples of coding
measures include the codon usage vector, the base
composition vector, and some type of Fourier trans-
form of the sequence. These measures, which have a
long and rich history, have been reviewed, syn-
thesized, and uniformly evaluated in Fickett & Tung
(1992) [cf. also Gelfand (1990b)). The measures tested
there are the following (for more details and full
citations see the review; in the definitions that follow,
the “test-codons” of an arbitrary sample window of
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sequence are defined as the successive non-overlap-
ping trinucleotides of the window, beginning with the
first base).

Codon Usage Measure: The 64 element vector
giving the frequencies, among the test-codons, of
each of the 64 possible codons.

Hexamer-n Measure (for n = 0, 1, 2): The counts of
all hexamers offset by n from the starting base of a
test-codon. (The Hexamer-0 measure gives dicodon
counts.)

Hexamer Measure: The frequency count in the
window of all hexamers.

Open Reading Frame Measure: The length of the
longest stretch of sense test-codons in the window.

Amino Acid Usage Measure: The 21-vector ob-
tained by translating the sample window of sequence,
beginning with the first base, according to the appro-
priate genetic code, and counting the frequencies of
the 20 amino acids and “stop”.

Diamino Acid Usage Measure: The 441-vector
given by translating the window and counting all the
(overlapping) dipeptides (including “stop” as an
*amino acid™).

Stability of Hydrophobicity Measure: First
define the information value of a codon as
X 13[Zi o (2 X dp))/ny;, where 7; is the number of
sense mutations of the codon, p; is the probability of
the ith mutation, and dj; is the difference in hydropho-
bicity caused by the mutation. The information value
of a window, which we take as the Stability of
Hydrophobicity Measure, is then the average infor-
mation value of the test-codons in that window.

Composition Measure: [f(b,7)], where for each
base b =A, C, G, T and each test-codon position
i=1,2,3,f(b, 4i) is the frequency of b in position i.

Codon Prototype Measure: Let p(b, 1) be the prob-
ability of finding base b at position i in an actual
codon. Let g(b,i) be the probability of finding
nucleotide b at position i in a trinucleotide that is not
a codon. Consider p and ¢ to be 4 x 3 matrices, with
rows indexed by the bases b = A, C, G, T. Let B be
the matrix with element (b,i)=p(b,i) —g(b,i). B
can be considered a linear function on trinucleotides
in an obvious way: each base b of a trinucleotide may
be considered a column vector of a 3 x 4 matrix, with
a 1 in the bth row. Then B of that trinucleotide is the
dot product of B and the matrix representation of the
trinucleotide. Elementary calculus shows that, up to
a multiplicative constant, B is the matrix which
maximizes the average of the difference B
(codons) — B (non-coding trinucleotides). We define
the codon prototype measure to be the sum, over the
window, of the dot product of B and the test-codons
of the window.

Position Asymmetry Measure: Define u(b) =
Lilf(6,i))3 and assym(b)=Z,[f(b,i) — u(®)F.
Then define the position asymmetry measure to be
[assym(A), asymm(C), asymm(G), asymm(T)].

Entropy Measure: Given f(b,i) as above, define
entropy(i ) = X,{ f(b, : )In[ f(b, i )]}. If the three values
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of entropy (i) are significantly different a coding
region is predicted, and the one with the largest
difference from random is predicted to be third codon
position. We define the Entropy Measure to be
[entropy(1), entropy(2), entropy(3)].

Autocorrelation Measure: Let auto(b,i) be the
number of pairs of base 5 with i intervening bases.
For the measure we correct for the number of such
pairs expected on the basis of base composition
alone, giving the matrix [auto(b, i)/
(window length —i — l)(frequencyﬁof-b)I], where
b=A,C,G, Tandi=0,...9.

Fourier Measure: Let the window be 2 M long. Let
EQ(x, y) be the function which is 1 if x =y and 0
otherwise. Define the nth Fourier coefficient (drop-
ping the constant 1/4M? for simplicity) by:
FC(n)=X,{Z,[EQ(bascm, base m —p)}e“™.
Then define the Fourier Measure to be
[FCQM[2), FC(2M /3), ..., FC(2M/9) (i.e. the
Fourier coefficients of the autocorrelation function
for periods 2-9).

Period 9 Measure: Define () = frequency of R(j-
other-bases)RYR and Period 9 Measure as the vector
of values [ f(5), f(8), f(1)].

Dinucleotide Frame Measure: Make three fre-
quency distributions of dinucleotides in the window:
test-codon positions 1 & 2, positions 2 & 3 and
positions 3 & 1. The indicator will be the three
chi-squared values measuring bias of these distri-
butions from the overall dinucleotide distribution of
the training set (coding and noncoding).

Word Measure: Divide the window into successive,
non-overlapping words of length 2, and also into
words of length 3. The measure is the pair of chi-
squared values comparing the frequency distributions
of these words with the uniform distribution.

Run Measure: Lets S|, S,, . .. S}, be the non-trivial
subsets of the set {A, C, G, T}. For each S, construct
a new sequence by replacing each base in S; with 1
and replacing each base not in S; with 0. Using this
sequence define r; to be the number of runs of 1 of
length j, for j =1, 2, 3, 4, 5, and let r; be the number
of runs of 1 of length greater than 5. The run measure
will be the set of values [r;].

Dinucleotide Bias Measure: Let f(w), for any poss-
ible word w, be the frequency of w in the sample
window. Now for each dinucleotide ab let bi-
as(ab) =[f(ab) — f(a)f(B))f(a)f(b). The Dinucle-
otide Bias Measure will be the bias values for the 16
dinucleotides.

Repeat Measure: Take all hexamers which occur,
on average, more than twice every 4096 bases to be
in the “repetitive” set. Using only the counts of these
hexamers (324 in human, 247 in E. coli), in the
coding and non-coding reference sets, gives the Re-
peat Measure.

In brief, the benchmark used is defined as follows.
Homogeneous (fully coding or fully non-coding) win-
dows of fixed size were taken from the international
nucleotide sequence collection, The data corpus was
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split in half, and the first part was used as a training
set. Discriminant analysis (in two forms: classical
linear discriminant analysis, which requires inversion
of the covariance matrix, and Penrose discriminant
analysis, which does not) was used to define a linear
function of the measure which discriminates coding
from non-coding. A threshold was then set to equal-
ize the error rates on the coding and non-coding
training sets. Then the performance of the algorithm
so defined was evaluated on the other half of the data
as test set. The average accuracy on the coding and
non-coding parts of the test set was taken as the
overall accuracy of the measure. The whole process
was carried out both for a region-specific definition of
coding and for a phase-specific definition.

There is a great deal of redundancy in the suite of
measures proposed to date. In some cases two
measures are sensing very similar things (e.g autocor-
relation and Fourier). In many cases one measure is
derivable from, or a specialization of, another (e.g.
compositions can be derived from codon usage
counts). Figure 1 shows which measures can be
derived from others.

The tree in the right half of the figure contains most
of the measures currently used. It is remarkable that,
without exception, measures higher in this tree have
higher accuracy than those below (and derived from)
them. That is, in every case, if we derive an exon
recognition function directly from a measure by using
the Penrose discriminant, the result is higher accuracy
than if we try to extract information from the
measure in some clever way, and apply the Penrose
discriminant procedure to the result.

Of the measures not in the main tree at the right
of the figure, the period 9 measure and the word
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measure yield rather poor results, and the autocorre-
lation measure is essentially equivalent to the Fourier
measure. The first main result of the review, then, is
that of the measures tested, future algorithms should
probably be based on Fourier, run, ORF and in-
phase hexamer counts.

Combining several measures does improve accu-
racy. The highest score of any measure in the region-
specific prediction of coding function on 108 base
human windows was 76.6%. But Uberbacher kindly
applied the Coding Recognition Module of GRAIL
(Uberbacher & Mural, 1991) to the 108 base human
test set (using only the first 100 bases of each win-
dow), and when a threshold was set to equalize
sensitivity and specificity the resulting accuracy was
79%. For phase-specific discrimination we combined
the six measures just discussed, again using classical
linear discriminant analysis, and obtained 87.8%
accuracy on human 108 base windows (compared to
84.9% for the most accurate individual measure).
This last combination was also applied to human 54
base windows, giving 82.4% accuracy (compared to
80.7% accuracy for the highest individual measure).

The second main result is that a measure which
seems to embody little biological understanding—
counts of in-phase hexanucleotides—is in fact the
most effective one. In-phase word count measures
have a long history. The first use we know of the
codon usage measure in a published algorithm is in
Staden & McLachlan (1982). Separate word counts
of different lengths for each phase were considered by
Borodovsky et al. (1986a—c). These papers considered
words of length 1, 2 and 3 (limited data were available
at that time). More recently the same author
(Borodovsky & Mclninch, 1993) has extended his

Autocorrelation  Run  ORF  Word  Period 9 {/ Dicodon & Hexamer-1,2 \))
\‘ \ -
Fourier /
Hexamer
|
Repeat Dinucleotide bias N
Diamino
Dinucleotide frame
Codon
Amino
Composition
Entropy Stability hydrophobicity
Codon prototype

Position Asymmetry

Fig. 1. Derivability of coding measures. Each measure is derivable from any measure above it and
connected to it by a line. The dotted line shows that-the Fourier measure is essentially equivalent to,
though not formally derivable from, the autocorrelation measure.






