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Abstract The completion of the Drosophila melanogas-
ter genome marks another significant milestone in the
growth of sequence information. But it also contributes
to the ever-widening gap between sequence information
and biological knowledge. One important approach to re-
ducing this gap is theoretical inference through computa-
tional technologies. Many computer programs have been
designed to annotate genomic sequence information with
biologically relevant information. Here, | suggest that all
of these methods have a common structure in which the
sequence fragments are “coordinated” by some method
of description such as Hidden Markov models. The key
to the algorithms lies in constructing the most efficient
set of coordinates that allow extrapolation and interpola-
tion from existing knowledge. Efficient extrapolation
and interpolation are produced if the sequence fragments
acquire anatural geometrical structure in the coordinated
description. Finding such a coordinate frame is an induc-
tive problem with no algorithmic solution. The greater
part of the problem of genomic annotation lies in biolog-
ical modeling of the data rather than in algorithmic im-
provements.

Keywords Gene discovery - Genomic annotation -
Hidden Markov models - Motifs

Introduction

This year the (almost) complete sequence of the Dro-
sophila melanogaster genome was announced. This
marks another significant milestone in our exploding
ability to generate sequence information. Yet, it aso
marks another step in the ever-widening gap between se-
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guence information and biological knowledge associated
with the sequences (Boguski 1999). The two inroads into
increasing biological knowledge are high-throughput
systematic experimentation as represented by functional
genomics, and theoretical inference as represented by
computational biology and bioinformatics. We might
broadly use the term data-mining to refer to the various
activities surrounding computational approaches to relat-
ing biological information to sequence data. Genome
projects are somewhat like putting all the library books
on a CD-ROM - it alleviates all the physical access
problems. However, problems remain because the data
from a genome project is similar to having all the books
on a CD-ROM without any titles, annotations, cross-ref-
erences, etc. Data-mining genomes might be anal ogized
to finding a particular sentence in a book in a very large
library. “Find a particular sentence” is a purposefully
vague statement. This might include searching by pat-
terns like “find a sentence that starts with ‘To be or not
to be'”, by syntax such as “find a sentence that starts
with a preposition, present subjective verb,...”, or by se-
mantics such as “find a sentence that expresses the angst
of ayoung prince”. All of these search clauses happen in
real experimental settings. We may want to identify a
genein silico by its DNA pattern “ACCAGTC....", by its
structure, say seven transmembrane protein, or by phe-
notype, say olfaction. As in library searches, each of
these problems is successively harder. And, some cruel
person wrote our CD-ROM in along-lost language with-
out punctuation or delimiters.

But data-mining is a broad term that means different
things in different contexts. For example, it may refer to
synthesizing data from heterogeneous databases, auto-
matic text retrieval, or gene discovery, as well as anno-
tating the output of a genomic sequencing project. Prob-
lems such as distributed database interoperation or se-
mantic interpretation by a machine are serious and diffi-
cult issues. For this review, | will concentrate mainly on
the somewhat more straightforward problem of annotat-
ing the output of alarge-scale sequencing project like the
Drosophila genome project with biologically useful in-
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formation [e.g. Krogh 2000; Reese et al. 2000 and other
related articles in Genome Research Vol. 10(4)]. Many
different algorithms and methods have been proposed for
identifying biologically relevant features in genomic se-
guences. The purpose of this review is not to examine
each of the methods and | refer the reader to other re-
views on the subject (e.g. Agarwal and States 1998;
Bork 2000; Fickett 1996; Fickett and Wasserman 2000;
Singh 2000). Rather, | concentrate on developing a broad
theoretical overview of genomic annotation. | will first
associate genomic annotation to the more general idea of
measurement and classification. | will then review some
of the existing approaches to annotation from the point
of measurement and classification. Next | will argue that
all of the approaches fall into a basic structure of con-
structing a set of measurements that place sequence frag-
ments in the right “space” of description. Within the
right measurement space, sequence fragments fall into
geometrically distinct regions that allow us to differenti-
ate among biological categories. An annotation set can
be ontologically simple, say exon/intron, or complex,
say “house-keeping genes’. In this sense, genomic anno-
tation mirrors the general problem of biological systema-
tics and classification, where the goal is to obtain a de-
scription that reveals the “most natural structure” among
biological objects. Thus, | connect genomic annotation
to geometry and to theories of classification.

Genomic annotation refers to systematic applications
of feature identification. Rather than just looking for,
say, G protein-coupled receptors in the database, we sys-
tematically identify all categorical information of inter-
est. Once annotation is complete, searching for a particu-
lar gene or molecule type becomes trivial. (Annotation
has been also used in the more narrow sense of predict-
ing the presence of a translated stretch of DNA and its
exon-intron structure. Here, | use it in the wider sense of
attaching any meaningful labels to fragments of DNA or
amino acid.) First, | define the notion of genomic anno-
tation more precisely. Let G be the genomic sequence
data, say the entire assembled D. melanogaster genome.
| will denote S® as the set of all possible subsets of G.
That is, S° isthe collection of all possible sequence frag-
ments. Then the genome annotation problem is that of
constructing an annotation map,

a:SP-L D

where L is some label set. (A “map” is an assignment be-
tween one set of items, say the sequence fragments, to
another set of items, say labels.) An example of the label
set might be { exon, intron, inter-genic sequence} or {G
protein-coupled receptors, non-G protein-coupled recep-
tors}. The label set is the set of possible annotations
where we understand the biological meaning of the cate-
gories such as “exon” and “intron.” (Of course, the label
set need not be strictly categorical but may be more gen-
eral, such as real values representing genetic map posi-
tions or biochemical constants.) Each annotation map is
a particular kind of labeling and a complete annotation
would involve a collection of such maps. Strictly speak-

ing, saying there is a labeling function a, is like saying
we will use an ostensive definition of objects where one
points to objects and says “that is a dog, that is also a
dog, that is not a dog...”. As might be imagined, such a
procedure is neither operational nor useful.

A popular anecdote is that Descartes invented the
Cartesian coordinate system by watching a fly on the
ceiling and wondering about the best way to describe its
exact position. Notions of positions or geometry existed
before Descartes, but his description particularly re-
vedled the natural relationship between algebra and ge-
ometry, and the Cartesian coordinate system became an
extremely convenient “handle” by which to refer to posi-
tions in space. For example, if we wanted to categorize
positions as “east” and “west”, we can conveniently say
all positions with the X-coordinate greater than O are
“east” and those with the X-coordinate less than O are
“west.” Similarly, given the sequence fragments, S5,
there is a need to generate a set of handles to convenient-
ly refer to particular fragments. All genomic annotation
procedures implicitly or explicitly create a set of handles
on SB. A natural set of handles on sequences might be a
set of measurements related to biological function such
as their length, amino acid composition, symmetry, and
so on. But more common handles are constructions like
the presence/absence of a particular sequence motif.

The Cartesian coordinate system for ceiling positions
attaches a set of numbers to each position. Similarly, the
handles for the sequences attach measurement values to
each sequence fragment. In the Cartesian system, a ceil-
ing position is characterized by two numbers, the x and y
coordinates. This can be described in a slightly more ab-
stract way by saying that we have two functions, the x-
coordinate function and the y-coordinate function, over
the ceiling. At any particular position, the value of the
coordinate functions gives us two numbers that charac-
terize the position. Similarly, for sequences, a particular
handle such as GC content or presence of a sequence
motif such as “TATAA” can be seen as a coordinate
function on the set of possible sequence fragments and
any particular sequence can be characterized by the val-
ues of such functions. Therefore, | will use the term co-
ordinate function to refer to a map that assigns to each
sequence fragment a number or a value, and use the no-
tation:

x: R 2

to refer to the ith coordinate function. The word “coordi-
nate” in this sense has natura correspondence to the
common-sense use of the word: that is, it is an ordered
set of numbers or values that position (characterize) se-
guence fragments. In Descartes’ ceiling system, two co-
ordinate functions were needed to characterize all posi-
tions. When the collection of objects has complex ontol-
ogy such as in biological sequence fragments, more than
one coordinate function is needed to characterize the
system in a satisfactory manner. This generates a notion
central to genomic annotation: a notion of a “measure-
ment space”’. A measurement space, M, is comprised of a



collection of coordinate functions x;—x, over the set of
interest. Objects such as ceiling positions or sequence
fragments become imbedded in this space through the
coordinate functions. Conversely, we can aso say that
the coordinate functions and the measurement space M
parameterizes the objects, i.e. the sequence fragments.
By this | mean that we can pick a point in the measure-
ment space, say (GC%=50% and “TATAA is present”)
and there is a corresponding set of sequence fragments
whose coordinate function values are exactly (GC%=
50% and “TATAA is present”).

Combining the notation in (1) and (2) crystalizes the
structure of genomic annotation. We have the set S5 of
all possible sequence fragments, to which we want to as-
sign labels of biological information. Rather than do this
directly, a set of coordinate functions is chosen to con-
struct the measurement space. Next, a labeling function,
@: M-L is constructed over the measurement space.
Therefore, we have the three-way relationship:

ay,

5°© L
—_—
x\ /¢:
M

The measurement space and coordinate functions intro-
duce two key features to genomic annotation. First, the
labeling action is made operational by the coordinate
functions. Using the coordinate functions x; allows us to
use the operationally more convenient nominal definition
of objects where one points to objects and says “this one
is yellow, waks on four legs, produces milk, has
hair,...and such objects are called dogs’. Second, the co-
ordinate functions allow the utilization of the idea of a
space. The idea of a space defines neighborhoods and
distances which gives us the power to interpolate and ex-
trapolate from existing knowledge. If we know that a
particular point in our space has some property of inter-
est, we might reasonably speculate that nearby points
will also have a similar property (extrapolation); if we
know that two different points have the same property,
we might also speculate that points in between the two
will also have the same property (interpolation).

The power of extrapolation and interpolation allows
us to gain knowledge beyond existing knowledge. The
goal of al gene detection, genomic annotation, and data
mining methods, isto find a construction that best allows
such inferential leaps. This goal will be best achieved if
the objects form natural groups in the measurement
space such that nearby objects share related biological
properties. Foreshadowing my conclusions, | claim that
the key to genomic annotation is to construct a set of
measurements that become coordinate functions defining
a measurement space, in which objects that share biolog-
ical properties form natural groups.
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Sequence-based and feature-based genomic annotation

In the next section | provide an overview of what | call
sequence-based approaches and feature-based approach-
es. This distinction is mostly methodological and in
many ways it is a poor distinction in terms of principles.
In most genomic annotation problems, the only informa-
tion we have is the sequence of the molecule and all in-
ferences are sequence-based. In fact, in al of the meth-
ods we strongly rely on the assumption that the sequence
is sufficient to define biology. In making this assumption
we draw on two corollaries: first, that evolutionary de-
scent relationships define the default sequence relation-
ships and second, that the sequence-to-structure-to-biol-
ogy relationship is supported well enough that we can
use the sequence information to infer biological classes.
As mentioned, in all of the methods, the basic ideais to
create a “handle” on the sequences such that we can as-
sign different sequences to different label classes. This
process of creating handles involves constructing the
right coordinate functions that parameterize the sequence
fragments (i.e. the values of the coordinate functions in-
dex sequence fragment classes). Different kinds of pa-
rameterizations vary in the refinement of their values.
For example, parameterizing individuals by their eye
color is a coarse-grained parameterization while parame-
terizing by their retinal pattern is an extremely fine-
grained parameterization. Too coarse-grained a parame-
terization yields an overly blunt tool for classification
while too fine-grained a parameterization yields too inef-
ficient a description (e.g. if every object has a unique
value then nothing has been gained). The crux of the al-
gorithms is to generate a parameterization that is flexible
enough to yield both coarse-grained and fine-grained
classification in the most efficient way possible.
Sequence-based approaches to genomic annotation
are the more commonly used approaches. By a se-
guence-based approach | mean an algorithm or metho-
dology that uses the linear sequence identity of the DNA
or amino acid string as the critical input data. The sim-
plest kind of method is a pattern search for a particular
linear sequence, for example, the presence of an amino
acid pattern [D-R-Y]. In the terminology | introduced
above, a pattern search can be regarded as applying a co-
ordinate function on a collection of sequence fragments
that returns the value 1 when the pattern [D-R-Y] is
present and returns the value O when such a pattern is ab-
sent. In this sense, every kind of sequence pattern such
as those curated in the PROSITE database (Hoffman et
al. 1999) or PRINTS database (Attwood et al. 1999) can
be seen as a particular coordinate function. It is, of
course, unusual for a particular sequence pattern to have
biological implications itself. A particular pattern is usu-
ally seen as asignature of a particular class of molecules
and the biological significance lies with the class label,
say “MAP kinase”, rather than the particular sequence
[R-E-R-D]. The use of a pattern can be regarded as a
very coarse-grained extrapolation where all those se-
guences that share the pattern is considered to be in the
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neighborhood of each other and share a molecular class
(or a label) and all those that do not have the pattern
have no neighboring relationship. The reason that such
sequence patterns become reasonable signatures for a bi-
ologically meaningful class of molecules is that such
classes are usually related to each other by common evo-
lutionary descent — that is, the molecules are homolo-
gous. Homologous molecules often contain particular
signature sequences as well as structural features that are
conserved within the class and are useful indices of the
class (Corpet et al. 1999; Lindahl and Elofsson 2000;
Murzin et al. 1995; Srinivasarao et al. 1999). It is impor-
tant to note that such seguence conservation is not the
rule, but simply the consequence of a particular mode of
evolution-neutral evolution, that has proven to be the
pervasive evolutionary mode at the molecular level.

Since so-caled homology modeling is an extremely
important component of data-mining and annotation, it is
worthwhile to review this notion further. These days it is
common to equate sequence conservation with function-
al importance. However, this reasoning is not immediate-
ly obvious. For example, if the major mode of evolution
is the accumulation of adaptive changes, the functionally
most important parts of the molecule will be the least
conserved. This can be easily seen with an engineering
analogy. Suppose we were given a machine. If we were
to try to engineer a more efficient version of the ma
chine, logicaly the part that we would tinker with the
most would be the functionally most important parts.
Thus, the part that would change the least would be
those parts that are functionally irrelevant or those parts
that are constrained by physics (say, the need to reduce
friction). On the other hand, if we were poor engineers,
we would rarely make a change that made a functional
difference and therefore we would only accumulate ran-
dom irrelevant changes. (Of course, in both adaptive and
neutral mode of change, detrimental changes would be
quickly eliminated and they would not contribute to the
observed changes.) There has been considerable debate
as to whether natural evolution proceeds mostly through
adaptive changes or through neutral changes (see Futuyma
1997). Accumulating molecular evidence since the
1970s has confirmed that, at least at the molecular level,
the major mode of evolutionary change is neutra
(Kimura 1983). Exceptions to this are the rare cases
when in fact there is a burst of adaptive change. Such a
burst of adaptive change often happens when the organ-
ism or the molecule enters a novel niche or acquires a
novel function. [Such changes can become clues to mo-
lecular function (Gu 1999).] The high degree of diver-
gence seen in Drosophila olfactory receptor genes that
impeded their cloning (Clyne et a. 1999) might be due
to such rapid adaptive changes — perhaps accompanying
the radiation of arthropods.

As mentioned, taking a measurement that tests for the
presence or absence of a particular linear sequence pat-
tern is obviously very coarse. It would be desirable to
gain efficiency and allow for contingencies through a
more fine-grained extrapolation from a known sequence

pattern. This involves the extension of a particular pat-
tern to afamily of patterns. The simplest form of such an
extension is to allow combinatorial deviations of the ex-
act sequence. For example, we might consider not only
the sequence [D-R-Y] but also [D-R-V] and [D-S-Y].
More generally, we might consider all possible combina-
tions of afinite length fragment. For example, we might
consider 203=8,000 combinations of all possible frag-
ments with a length of three amino acids. One might
then construct a numeric function from the 8,000 differ-
ent combinations such that high values of this function
indicate some molecular class, say kinases. This numeric
function — more often called the score function or the
weight matrix, expands the family of patterns by giving
the combinatorial variations a kind of continuity. That
is, it alows us to know that [D-R-Y], [D-R-V], and
[D-S-Y] are al similar to each other because they have
al have a similar score, while [Y-L-C] is quite different
because it has a very different score. This kind of con-
struction can be seen as another level of functional con-
struction. The set of possible fragments, S5, is mapped
by a set of combinatorial pattern coordinate functions to
0/1 values. In the three amino acid example, all sequence
fragments are assigned presence/absence for each of the
8,000 possible combinations, resulting in an 8,000-di-
mensional 0/1 vector. The scoring function then maps
the 8,000-dimensional vector to numeric values. This nu-
meric val ue scale becomes our measurement space.

The length of the combinatorial variation modulates
the grain of the generated measurement space. That is, a
short fragment with a small number of possibilities gen-
erates a coarse-grained picture while a long fragment
generates a very fine-grained picture. In practice, the
length of fragments considered is of the order of tens of
positions, such that a very large number of combinations
are possible. For such cases, exact detailed construction
of a score function will be impractical. Standard methods
make an additivity assumption where a numerical value
is given for the assignment of each residue at each posi-
tion. Then the total score is computed as the sum of the
values at each position (the so-called position specific
score matrix; Bailey and Gribskov 1998; Bucher and
Bairoch 1994; Gribskov et al. 1987). It is also common
to give a probabilistic interpretation to such weights us-
ing sampling models of sequence subsets.

In principle, we could generate a sufficient set of co-
ordinate functions with a comprehensive combinatorial
variation including an allowance for insertions and dele-
tions (Bucher and Bairoch 1994). However, such a con-
struction can result in a very large collection of des-
criptors, thereby losing considerable efficiency. A key
point in al of the methodological approachesis to gener-
ate an efficient handle on the S set. In principle, we
could create a set of coordinate functions consisting of
al possible three-dimensional folding structures of the
fragments, but this would not be computable in practice.
One way to gain efficiency is to replace combinatorial
complexity with a smaller set of generators of combina-
torial complexity. One family of such generators in-



volves using grammatical constructions (e.g. Dong and
Searls 1994; Durbin et al. 1998; Grate et al. 1994; Krogh
et al. 1994). Grammatical constructions model molecular
sequences as if they were linguistic strings (for review
see Searls 1997). For example, given a language, say
American Standard English, certain strings of words
(symbols) can be assessed (parsed) as belonging to the
language or not belonging to the language (ungrammati-
cal). Similarly, smple grammatical rules, and thus a lan-
guage, can be designed such that a string of DNA or
amino acids can be parsed as either belonging to the lan-
guage or not belonging to the language. Those that be-
long to the language are considered members of a partic-
ular molecular class.

[In this usage, a language is a collection of concate-
nated symbols (strings) that is a subset of all possible
such strings. Different languages are different subsets.
Thus we might have strings comprised of the alphabet
and punctuation. Of all possible such strings, only a par-
ticular subset comprises the English language and a dif-
ferent subset comprises the French language and so on.]

One of the simplest of grammatical constructions gen-
erating a language is the regular grammar. Regular
grammar is a particular kind of grammar that allows gen-
erative rules of the kind S- aS (by which we mean that
some word S can be replaced by S plus some symbol
concatenated to the left). Different languages (and thus
molecular classes) can be specified by designating vari-
ous rules of this form. Regular grammar with some vari-
ations is commonly used in computer languages (e.g.
PERL; regular expression) and the PROSITE database
maintains a large categorization of molecular classes by
regular expression languages. In the theory of computa-
tion, there are equivalences between grammatical con-
structions and models of computation. Regular grammar
has an equivalent computational construct in finite state
automata (Davis et a. 1994; Durbin et al. 1998).

Recall that the whole ideais to extend or extrapolate a
given sequence pattern into a larger family of patterns.
Regular expressions alow a handle into a very large
family of patterns with quite a bit of flexibility. The re-
striction is that the specification of a particular family
can be only done in alinear fashion because the rules are
of the form S— aS. That is, we can only specify a mole-
cule by saying A should follow B, followed by C or D,
etc. More complicated specifications can be generated
using more complex grammar. For example, context free
grammar which allows rules of the form S—aSb has
been used to model RNA fold families (Brown and
Wilson 1996; Grate et a. 1994). The rule of the game is
how to generate the most efficient set of “handles’ into
the complexity of biologically relevant molecular class-
es. A grammatical specification is efficient since a par-
ticularly small set of symbols, say S- aS, can represent
possibly infinite set of strings (for this example, al
strings of the form a, aa, aaa, and so on).

Returning to the central problem, the goal of genomic
annotation is to assign labels to subsets of genomic se-
guence fragments, S5. A cartoon of this process is shown
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Fig. 1 A cartoon of the genomic annotation process. All possible
sequence fragments of a genome are shown as a region denoted
SE. Different annotation classes such as protein classes form a par-
tition of S5. Since S° is a complex object, often a set of “handles’
such a presence/absence of a particular motif is used to pre-divide
SE. Thisis shown on theright as a grid. The pre-divided pieces are
then used to annotate the sequences. If the divisions are not com-
patible with the real sequence classes, errors are induced in the an-
notation (shown as shaded blocks)

in Fig. 1. Conversely, we can think of the labeling func-
tion as “cutting up” the S5 set into different categories —
that is, categorizing S° into biological classes. Different
annotation functions need to generate different kinds of
cuts according to the particular molecular class that is
being delineated. S5 is an extremely large collection of
sequence fragments and we cannot work on them direct-
ly. Sequence-based methods use a set of handles based
on the sequence pattern to divide up S5 into more man-
ageable pieces — that is, the handles generate a pre-cate-
gorization of the sequences. Annotation is then done on
the pre-divided pieces (Fig. 1). For example, all of S5
might be divided into those strings that start with the
base A, C, G, or T. Then we might say, those that start
with A and C are kinases. Ideally, the pieces generated
by the handles should be compatible with the cuts need-
ed by the annotation function. The previous example
would be a very bad handle. A combinatorial handle uti-
lizing more sequence positions can divide S° very finely,
thus it has a better chance of matching the annotation
needs. However, in the process we generate alarge num-
ber of handles that are again difficult to manage. A gen-
erative grammar based handle allows the generation of a
flexible set of pieces with a small number of handles. By
“flexible”, 1 mean that it can be used to specify “com-
plex cuts’ of S5 (which might be needed for complex
classes of annotation) without generating a lot of com-
plexities of the handles themselves.

Despite their flexibility, generative grammars are still
crude tools for dividing up S°. Similar to position specif-
ic weight matrices, we can extend the flexibility of how
the grammars “cut” S5 by numerically parameterizing
the grammars using a stochastic version. So rather than
having afixed rule S aS, we can have S— aSwith prob-
ability 0.4 and S- 3S with probability 0.6. Given a se-
guence string, instead of strictly assessing whether it be-
longs in the language, we can attach a numerical value
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that is interpreted as the probability of belonging to the
language. As mentioned, grammars have equivalent con-
structs in terms of finite state automata. In the case of
regular grammars, it is often more convenient to use the
automata representation to specify the stochastic parame-
terizations since it also can be made to resemble finite
state Markov models (Durbin et a. 1998). The Markov
models lend themselves to a more natural stochastic pro-
cess intuition. (Although the usual |eft-to-right specifica-
tion is a bit awkward since there is no actual generative
process of sequences in that manner. The Markov struc-
ture is better understood as defining dependence rela-
tionships between sequence positions, rather than as a
temporal process of generating sequences.) In particular,
avery convenient set of handles can be created by incor-
porating a set of states that are hidden from direct obser-
vation (Hidden Markov models, Brown et al. 1993;
Churchill 1989; Krogh et a. 1994). It is common to as-
sume that the hidden states represent a kind of model-
theoretic structure of the observed sequence string, such
as the structural properties of the protein or some sys-
temic property of the genome (e.g. CG islands; Durbin et
al. 1998). One of the more interesting idea with many
applications is the construction of a very general Hidden
Markov model whose parameter sets (i.e. the transition
probabilities) become indices into different proteins fam-
ilies (see Eddy 1998). This general model is like an all-
purpose knife whose cuts change upon different parame-
ter settings.

Feature-based annotation methods are relatively re-
cent. The idea directly follows the basic construction |
outlined at the beginning. First, a set of coordinate func-
tions is constructed from the S5 set to form the measure-
ment space (also caled a feature space). Coordinate
functions in these approaches are usually more straight-
forward. For example, it could be measurements like GC
content, some kind of hydropathy index (e.g. Engelman
et al. 1986; Kyte and Dooalittle 1982), codon usage (e.g.
Powell and Moriyama 1997), amino acid frequencies
(Wootton 1994), physical properties (Baldi et al. 1998),
and so on. In our work on Drosophila olfactory receptor
proteins, we used statistical descriptors of quasi-periodic
changes in hydropathy, as well as a weighted index of
amino acid frequencies (Clyne et a. 1999; Kim et al.
2000). One key advantage in this construction is that be-
cause al sequences are placed in an explicitly construct-
ed continuous space, we have considerable flexibility in
delineating the annotation regions. That is, the cuts can
be specified very flexibly using explicit geometric tech-
niques. For example, a numerical function can be con-
structed over the measurement space whose contours de-
lineate different annotation groups (Fig. 2a). This is one
example of a discriminant function (McLachlan 1992)
the idea of which is to classify points in a space (the
measurement space) by a geometric description of
boundaries (for applications see Chou and Elrod 1998;
Kihara et al. 1998; Kim et al. 2000). Using explicit ge-
ometry can yield considerable advantages in that we
have a natural interpretation of ideas of interpolation and
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Fig. 2a, b A schematic diagram of a discriminant function for an-
notating genes. The x and y axes represent hypothetical measure-
ments that give coordinates to sequence fragments (see main text).
The filled black circles represent an annotation class, say kinases,
and the open circles represent other miscellaneous sequences. The
z axisis afunction whose values discriminate the different annota-
tion classes. a A quadratic discriminant function is shown as a
parabolic curve. The ellipse in the middle is the contour where the
quadratic function has positive values. The ellipse “captures’ as
much of the black circles as possible. b The ideal case in which
the measurement functions induce the annotation class (black cir-
cles) to form a compact geometric object. In this case, a simple
line delineates the annotation class

extrapolation. Ideal conditions for constructing the most
effective annotation would be if all sequence fragments
that belong to some molecular class occupy a compact
region in the measurement space (Fig. 2b). In this case,
we only need to draw a line and annotate everything on
one side as, say, “G protein-coupled receptors’, and the
other side as “not”.

The crux of getting all sequence fragments of a par-
ticular class to be positioned in a compact manner isin
the construction of the measurement space. If we mea-
sure the “right” things, natural groups, such as proteins
of a particular function, should appear contiguous. The
measurement space described up to now has been explic-



it in the sense that we were talking about actual mea-
sured quantities, such as the GC content of a sequence.
As mentioned, these measured properties assign coordi-
nate values for each sequence. A more abstract notion of
a space can be defined without an explicit set of coordi-
nates by defining a notion of distance among objects. A
simple example would be to take every pair of sequenc-
es, align the pair, and compute their percentage mis-
match. An idea called Support Vector Machines (Burges
1998) combines a flexible notion of distances between
pairs of objects with the idea of obtaining compact natu-
ral groups. Jaakkola et al. (1999) have applied this idea
to gene identification by defining a distance between se-
guences using Hidden Markov model parameters.

Summarizing the discussion up to this point, the prob-
lem of genome annotation is to assign biologically infor-
mative labels to a set of sequence fragments. We do not
have a constructive way of assigning biologically infor-
mative labels except in very rare cases. Rather, we have
a few case study examples where the labels are known
from empirical experiments. The goal of the annotation
methods is to use this prior knowledge in the most effi-
cient manner possible. Thus, the ideas of extrapolation
and interpolation become crucialy important. The prior
knowledge consists of particular exemplars, and in order
to extrapolate or interpolate from the exemplars, we need
“handles’ to reach to other sequence fragments. The
most natural handle is an embedding of the exemplarsin
a space and using the way we normally think of extrapo-
lating and interpolating points. This space is the mea-
surement space. Constructing an optimal measurement
space underlies the complexities of all the different ap-
proaches such as motifs, profiles, Hidden Markov mod-
els, Fisher kernels, and so on. The sequences are an ex-
tremely large collection of objects and the handles re-
duce this complexity by mapping a large number of se-
guences to a small number of handles. For example, a
particular sequence motif such as TATAAT is a single
handle that maps a large number of sequences. Or, the
statement “all sequences that fall within a 10% similarity
radius of sequence X” is another simple handle that
maps a large number of sequences. But, as such handles
are constructed a frustrating thing happens. More often
than not, we have the need to delineate (“get a handle
on”) a complex set of sequences. This requires the cre-
ation of an increasingly flexible set of handles by incor-
porating such things as weights, stochastic parameters,
etc. As these extensions are incorporated, the handles
themselves become too complex. Other tools such as
grammatical constructions are brought in to manage the
problem of handle complexity but there is a vague feel-
ing that this frustration is inherent to the problem.

At an abstract level, genomic annotation is the opera-
tion of representing one set of objects, the sequences,
with another set of objects, biological categories. If there
is a particular degree of inherent and meaningful com-
plexity to the first set there doesn’t seem to be any way
to reduce the complexity of the second set without a loss
of meaning. Therefore, the whole concept of genomic
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annotation depends on there being an inherent and mean-
ingful order to the sequence set that maps to the biologi-
cal information. At some levels of description, thisis ob-
vious; for example, a sequence feature like the TATA
box. At other levels of description, especially teleologi-
cal descriptions like “a gene for eyes’, things become
more murky. Ideally, the most efficient annotation meth-
od should reveal the most natural structure of the se-
guence data that is the most informative basis of biologi-
cal inference. Generating a classification (annotation)
that is most informative, predictive, and efficient is the
main goa of biological systematics and classification
(Sneath and Sokal 1973; Stevens 1994). Thus, it is with
no surprise that tools that have been used in systematics
such as evolutionary trees, discriminant functions, and
geometric projections, are directly relevant to the prob-
lems of genomic annotation. Like problems of systema-
tics, the genomic annotation problem is essentialy anin-
ductive problem of revealing the groupings of natural
structures. And, like all inductive problems, there is no
algorithm or theory to define the best methodol ogy.

Conclusions

| have outlined above the broad theoretical structure for
genomic feature annotation. Hundreds if not thousands
of programs have been created for genomic feature anno-
tation and have been applied in genome projects. How-
ever, many instances of applying computational ap-
proaches are not driven by a particular biological prob-
lem. For example, the Drosophila annotation Jamboree
(Anonymous 2000) was a highly interesting application
of the collective knowledge of the Drosophila communi-
ty, but was not driven by an immediate need to search
for, say, olfactory genes to further understand the organ-
ism. This creates a certain sense of “generic knowledge”
that might not be particularly useful to the individual re-
searcher. “Uncommitted” annotation is also far more
likely to propagate annotation errors (Brenner 1999).
(On the other hand, from this point, the Drosophila
Jamboree was far ahead in that it involved researchers
with actual research programs in the particular molecule
class. That is, it involved “committed” individuals to
whom the results really mattered.)

Gene identification driven by a particular biological
research project generates an ideal combination of cir-
cumstances for genomic annotation. But it also generates
several practical problems. One problem that often arises
is that genome projects pay close attention to the analys-
es and presentation of the data, but often the raw data
needed to carry out specific projects is under-curated.
Therefore, the web pages associated with the genome
projects have many interesting features until one gets to
the FTP page to download the raw data, which are often
scattered in cryptically named files. But foremost of the
practical problems is that particular projects have partic-
ular needs that are not solved by a generalized tool. For
example, one might want to search for novel G protein-
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coupled receptors with a particular set of upstream bind-
ing sites. While the specification is simple, the details
become problematic (e.g. how many binding sites within
how many bases) and surprisingly cumbersome for the
generic user who may have to use many different avail-
able tools and examine megabytes of output data. Thus,
while a large set of tools is available, especially through
the web-based application servers, their utility can be
limited for even a well-versed user. A laboratory manual
provides an excellent set of tools for laboratory work,
yet the manual itself would be insufficient for actual pro-
jects. Another “problem” is that many of the practical
problems are not solved so much by computational or al-
gorithmic advances but rather by careful modeling of the
biological problem. Many of the advances in gene
prediction came from continued incorporation of biologi-
cal data modeling (e.g. Krogh 2000; Kulp et al. 1997;
Lukashin and Borodovsky 1998). This may seem obvi-
ous, but | believe the best bioinformatics tool for genom-
ic annotation is not a computational method, but an indi-
vidual with training in biological data modeling and the
ability to implement a set of customized computational
tools.

The gap in our knowledge between sequence data and
biological information may never be filled. Still, compu-
tational biology and bioinformatics remain one of the
critical tools for filling this gap. But much of the nature
of work is inductive inference rather than deductive rea-
soning. No algorithm or theory exists to offer the best in-
ductive tool for any given inferential problem. As in
many things biological, a keen insight into inductive
problems relies more on intuition and imagination than
mathematics or computation. Of course, mathematics
and computation are critically important in determining
what is possible. Determining what is beyond the possi-
ble isthe task of biological informatics.
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