
Introduction
Drosophilais an excellent organism in which to study the cell
biology of olfactory and taste system function and
development (Sengupta and Carlson, 2000). These
chemosensory systems are composed of relatively few cells,
their responses can be conveniently measured either
behaviorally or through physiological measurements of
individual cells and Drosophila offer the advantages of
powerful genetics and a sequenced genome. 

The fly has two pairs of olfactory organs: the antennae and
maxillary palps. Each antenna is covered with ~500 sensilla
(sensory hairs), and the maxillary palps each contain 60 such
hairs. These sensilla are innervated by up to four neurons. The
major taste organ of the fly is a mouthpart called the labellum,
which bears ~70 sensilla. These are sensitive to a variety of
compounds and endow the flies with the ability to detect a
broad range of tastants. Most of the labellar sensilla contain
four chemosensory neurons. 

To understand the remarkable sensitivity of the fly’s
olfactory system, its ability to distinguish among odors and the
developmental mechanisms by which the system generates a
rich diversity of olfactory receptor neurons, enormous efforts
were made to isolate odor receptors. Many laboratories have
tried to isolate odor receptor genes from a variety of insects
over the years, using a host of strategies. The approaches have
included genetic screens, subtractive cDNA screens, enhancer
trap screens and biochemical approaches. After the isolation of
odor receptor genes from vertebrates (Buck and Axel, 1991)
and Caenorhabditis elegans (Troemel et al., 1995), researchers
sought insect orthologs by using a plethora of low-stringency
hybridization and PCR techniques, all of which were
unsuccessful. Following the accumulation of substantial
amounts of genomic sequence by the Drosophila genome
project, however, we successfully used a bioinformatics screen

to identify these receptors. The approach we have employed
may be useful in searches for genes encoding other receptors
and for genes encoding other classes of protein. It may also be
useful in subclassifying proteins of a particular type and in
making predictions about the ligands they bind. 

e-Genetics as a means to identify novel
multitransmembrane-domain protein genes
Our approach, which we term ‘e-genetics’, is based on an
electronic search through DNA databases – the fly genomic
sequence in this case – for genes encoding proteins that have
multiple transmembrane domains (Clyne et al., 1999b). An
underlying assumption in our search was that fly odor receptors
are G-protein-coupled receptors (GPCRs). This assumption
was based on available data concerning insect olfactory
transduction (Boekhoff et al., 1990a; Boekhoff et al., 1990b;
Hildebrand and Shepherd, 1997) and on an analogy to odor
receptors in other organisms. Members of the GPCR
superfamily are extremely divergent in sequence, but they have
a common structure, each containing seven transmembrane
domains. We therefore designed a search for proteins that have
this particular structure rather than a particular sequence. 

To identify proteins by virtue of their structure, we
developed a computer algorithm that examines DNA
databases, identifies open reading frames (ORFs) and maps the
predicted proteins into an n-dimensional protein space (Clyne
et al., 1999b; Kim et al., 2000). The construction of the space
is critical: our aim was to design a space in which GPCRs
would map to one particular region of the space (Fig. 1). A
fundamental principle of the design is that the space should
support interpolation, that is, a newly identified protein that
maps to a region of the space inhabited by previously identified
GPCRs should be likely to encode a GPCR.
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A new algorithm that examines DNA databases for
proteins that have a particular structure, as opposed to
a particular sequence, represents a novel ‘e-genetics’
approach to gene discovery. The algorithm has
successfully identified new G-protein-coupled receptors,
which have a characteristic seven-transmembrane-domain
structure, from the Drosophila genome database. In
particular, it has revealed novel families of odor receptors
and taste receptors, which had long eluded identification

by other means. The two new gene families, the Or and Gr
genes, are expressed in neurons of olfactory and taste
sensilla and are highly divergent from all other known G-
protein-coupled receptor genes. Modification of the
algorithm should allow identification of other classes of
multitransmembrane-domain protein. 
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To develop the algorithm, we used a training set of 750
GPCRs and 1000 non-GPCRs extracted from the SwissProt
protein database. To construct the space we tested various
parameters to determine whether they were useful for
distinguishing GPCRs from non-GPCRs. The space shown in
Fig. 1 contains three dimensions, for ease of illustration, but in
fact we used an n-dimensional space and tested a number of
parameters, including hydropathy, polarity, pI, pKa, molecular
weight and amino acid composition. Moreover, we tested
numerous refinements of these parameters in an effort to
describe the multitransmembrane-domain structure of GPCRs
more precisely and to identify structural characteristics of
GPCRs that distinguish them from non-GPCRs. We paid
particular attention to physical properties of GPCRs that
alternate periodically. For example, with respect to hydropathy,
GPCRs contain alternating stretches of hydrophilic and
hydrophobic residues. We used a sliding-window recognizer to
describe the pattern of alternation (von Heijne, 1992; von
Heijne, 1994). As illustrated in Fig. 2, local hydropathy can be
seen to alternate as a function of residue position within the
protein, ranging from regions of high hydrophobicity to low
hydrophobicity. The sliding-window recognizer allowed us to
quantify the linear organization of such physical and chemical
properties along the length of the protein. Characteristics such
as periodicity were quantified statistically (e.g. the average
derivative of the sliding-window profile). 

After testing 70 variables, we selected a set of five that
together were particularly useful for distinguishing GPCRs
from non-GPCRs: (1) the average periodicity of the
hydrophobicity function, which describes the frequency with
which the hydrophobicity function crosses a neutral value; (2)
the average periodicity of a polarity function, which is related
to the hydrophobicity function; (3) the variance in the
periodicity of the polarity function; (4) the variance in the first
derivative of the polarity function; and (5) an amino acid usage
index. (Note that this parameter set differs slightly from that
described by Kim et al. (Kim et al., 2000), who report a later
version of the algorithm than that used by Clyne et al. (Clyne
et al., 1999b).)

These parameters together define a space in which GPCRs
and non-GPCRs can be resolved (see below). We next sought
a quantitative means of optimally distinguishing the two
classes of proteins. For this purpose we used a non-parametric
variant of a linear discriminant function (Gnandesikan, 1977;
Kim et al., 2000), which is a means of separating two classes
of entities. In three dimensions the function can be represented

as the plane that best separates GPCRs from non-GPCRs (Fig.
3). Thus this function is used to classify an individual protein
as a GPCR or a non-GPCR and can thus predict whether a
given ORF encodes a GPCR.

To determine how well the algorithm works, we tested it on
a set of 100 GPCRs and 100 non-GPCRs extracted from
SwissProt. These proteins were then mapped into the space and
classified with the discriminant function. The algorithm
correctly classified 96% of the GPCRs as GPCRs, and none of
the non-GPCRs was incorrectly classified as a GPCR (i.e. the
percentage of false positives was 0) (Fig. 4). 

Although these results were very encouraging, the proteins
in the test set were all full-length proteins, and we needed to
determine how well the algorithm performs with portions of
protein sequence. Most Drosophilagenes contain introns, and
therefore the majority of the ORFs encode only a portion of a
protein; likewise the ORFs from EST databases generally
encode small regions of proteins. We therefore tested 100-
amino-acid stretches of both GPCRs and non-GPCRs from the
test set and found that the algorithm correctly classified >90%
of GPCRs as GPCRs and incorrectly classified only 4% of non-
GPCRs as GPCRs (Fig. 4). Moreover, when protein fragments
of various lengths (50-400 amino acid residues) were tested,
the algorithm consistently performed better than all sequence-

Journal of Cell Science 115 (6)

H
yd

ro
pa

th
y

H
yd

ro
pa

th
y

PolarityPolarity

GPCRGPCR
Non-GPCRNon-GPCR

?

H
yd

ro
ph

ob
ic

ity
 o

r 
po

la
rit

y

Neutral value

1st derivative

Amino acid position

Variance in
periodicityPeriodicity

Fig. 1.Construction of an n-dimensional protein space that allows
interpolation. Each dimension represents a tested variable. Only three
dimensions are shown. Tested variables included hydropathy,
polarity, pI, pKa, molecular weight, and amino acid composition.
Adapted from Warr et al. (Warr et al., 2001).

Fig. 2.Refined parameters useful in distinguishing GPCRs from non-
GPCRs. A sliding window recognizer is used to characterize the
structure of a protein. A portion of an idealized GPCR is shown.
Parameters selected as being particularly useful were (1) average
periodicity of the hydrophobicity function; (2) average periodicity of
the polarity function; (3) variance in the periodicity of the polarity
function; (4) variance in the first derivative of the polarity function;
and (5) amino acid usage index. Adapted from (Warr et al., 2001);
parameters are described in more detail in Kim et al. (Kim et al.,
2000).

 750  known GPCRs
1000 non-GPCRs

Trai ning set

Fig. 3.Setting a discriminant
function to maximally separate
GPCRs from non-GPCRs in protein
space. In a three-dimensional space,
the function appears as a plane. The
function was established using the
training set of 750 known GPCRs
and 1000 non-GPCRs. The function
is used to classify novel proteins as
either GPCRs or non-GPCRs,
according to which side of the plane
they map. 
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based algorithms with which we compared it (pattern matching
searches using PROSITE and PRINTS databases, a profile
matching search using pfscan and a hidden Markov-Model
search using Pfam; see Kim et al. (Kim et al., 2000) for details. 

Our algorithm, called the quasi-periodic feature classifier
(QFC), may have worked well with short sequences of GPCRs
because the discriminating variables, such as amino acid usage,
tended to yield consistent values even with short sequences.
Since transmembrane domains are short, and in many cases the
intervening loops of GPCRs are also short, even a stretch as
short as 100 residues of a GPCR may contain two or even three
transmembrane domains. By contrast, some other algorithms,
especially those based on hidden Markov models, may require
longer sequences than are available in individual ESTs or
exons. It is possible that the relative success of a structure-
based search such as ours may in some respect simply reflect
a higher degree of conservation for certain structural properties
than for the linear sequence of amino acids. 

The protein space was designed to distinguish GPCRs from
other proteins on the basis of the multitransmembrane-domain
structure of GPCRs. One might ask how other kinds of
multitransmembrane-domain proteins, such as ion channels,
are classified. Early versions of the algorithm did in fact

identify a number of ion channels and transporters, along with
GPCRs, from DNA databases. However, by altering the choice
of variables we trained the algorithm to distinguish between
GPCRs and ion channels. In a test of this retrained algorithm,
96% of full-length GPCRs were correctly identified, and only
3% of ion channels were misidentified as GPCRs (Fig. 4). 

Use of the algorithm to discover odor receptor genes
An early version of the algorithm was used to scan an initial
release of sequence from the Berkeley Drosophila Genome
Project (Clyne et al., 1999b). Although only a small portion of
the genome had been sequenced, we expected that if the entire
genome contained a large number of odor receptor genes, then
even this small portion of the genome would be likely to
contain a few. The algorithm took ~1 minute of computer time
to identify a list of ORFs encoding candidate GPCRs. The list
included some previously identified GPCRs, as well as some
known ion channels and transporters. Most of the ORFs
encoded only a small number of transmembrane domains, in
many cases two or three. To determine which of these ORFs
represented exons that were spliced to neighboring exons so as
to encode seven transmembrane domains, we used the
Drosophilaconsensus splice site sequences to identify flanking
exons that might be spliced to the identified ORF (Mount,
1992). In this manner we identified full-length candidates for
GPCR genes.

To test whether any of these GPCR genes encode odor
receptors, we designed PCR primers that spanned introns of
these genes and used RT-PCR to determine whether any were
expressed in olfactory organs. One of the first genes tested is
in fact found to be expressed in the antenna but in no other
tested tissue. A second gene on a short list of tested
candidates has sequence similarity to the first, is also
expressed in the antenna and lies within 500 bp of the first
on chromosome 2. We subsequently found by BLAST
searching (Altschul et al., 1990) that these two genes define
a large family of genes, the Or genes, that are widely
dispersed through the chromosomes and surprisingly
divergent in sequence. Different members were found to be
expressed in different subsets of olfactory receptor neurons,
as expected of odor receptors. In fact, the number and
distribution of neurons expressing an individual odor receptor
gene were reminiscent of the pattern of neurons exhibiting a
particular odor-response spectrum, as determined in
physiological measurements of individual neurons (de
Bruyne et al., 1999; de Bruyne et al., 2001). The identity of
the Or genes as odor receptor genes was further supported by
analysis of mutants of the acj6 (abnormal chemosensory
jump) gene, which encodes a POU-domain transcription
factor (Clyne et al., 1999a). A subset of olfactory receptor
neurons in these mutants shows alterations in odor specificity,
which suggested that the odor receptor genes are improperly
regulated in these neurons. A subset of Or genes was then
found to be improperly regulated in olfactory receptor
neurons of acj6 mutants, which is consistent with the
hypothesis that they encode odor receptors (Clyne et al.,
1999b). The Or genes were independently identified (Gao and
Chess, 1999; Vosshall et al., 1999) and characterized (Gao et
al., 2000; Vosshall et al., 2000) by others, and recent
functional evidence from overexpression of one Or gene,

 96% of known GPCRs (   )
     correctly  identi fied

0% of non-GPCRs (   )
  misidenti fied as GPCRs

Test set of full -length proteins 

Test set of 100-aa sequences

>90% of GPCRs (   ) correctly
identi fied

4% of non-GPCRs (   )
    misidenti fied

Train to distinguish GPCRs
     from ion channels:

96% of GPCRs (   ) identi fied
    correctly

3% of ion channels  ( )
  misidenti fied

Fig. 4.Testing the algorithm. The top panel shows that the algorithm
correctly identified 96% of a test set of 100 known GPCRs and
produced no false positives. The middle panel shows the
performance of the algorithm on 100 amino-acid stretches of GPCRs
and non-GPCRs. The bottom panel shows the performance of the
algorithm, following retraining, with a set of GPCRs and ion
channels.
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Or43a, in the antenna and in Xenopusoocytes has confirmed
its identity as an odor receptor gene (Stortkuhl and Kettler,
2001; Wetzel et al., 2001). 

Discovery of taste receptor genes
Another sensory system whose receptors had remained elusive
was taste. Despite a great deal of effort, insect taste receptor
genes had not been cloned. We were therefore very interested
to find that another gene identified by the algorithm as a GPCR
is expressed in the labellum, the major taste organ of the fly
(Clyne et al., 2000). This gene proved to be a member of
another large multigene family widely dispersed in the
genome: the Gr genes (for gustatory receptor). The family
members encode proteins that have ~7 predicted
transmembrane domains and are even more divergent in
sequence than the Or genes. Among the first 19 full-length Gr
genes identified, 18 were found to be expressed in the labellum
by RT-PCR. Moreover, their expression is highly specific, in
the sense that virtually none are expressed in heads from which
taste organs have been removed; likewise, only a small fraction
are expressed in the thorax or abdomen. To test whether these
genes are expressed in taste neurons, we used the pox-neuro
mutant, in which taste sensilla are transformed into
mechanosensory sensilla (Awasaki and Kimura, 1997;
Dambly-Chaudiere et al., 1992; Nottebohm et al., 1992;
Nottebohm et al., 1994). In wild-type flies, most taste sensilla
contain four taste neurons and one mechanosensory neuron;
wild-type mechanosensory sensilla contain a single,
mechanosensory, neuron. In the labellum of pox-neuro,
expression of nearly every Gr gene tested was abolished, which
is consistent with their expression in the taste neurons of wild-
type flies (Clyne et al., 2000). 

These results have been extended by others (Scott et al.,
2001), who carried out in situ hybridization with 56 members
of the Gr family and were able to detect expression of six Gr
genes in subpopulations of labellar neurons. Although 47 of
the genes showed no detectable expression in adult head tissue
by in situ hybridization, three genes were shown to be
expressed in the antenna, which suggests that although most
members of the family encode taste receptors, some encode
odor receptors. Additional evidence for the expression of
several Gr genes in taste neurons was obtained by using Gr
promoters to drive reporter gene expression (Scott et al., 2001;
Dunipace et al., 2001). 

The simplest interpretation of all these results is that many,
if not all, Gr genes encode taste receptors. Functional evidence
that a Gr gene, Gr5a, encodes a taste receptor for the sugar
trehalose was recently obtained from physiological and
behavioral studies of mutants and from transgenic rescue
experiments (Dahanukar et al., 2001). The identity of Gr5a as
a trehalose receptor is also supported by a correlation between
trehalose reception and sequence polymorphisms in the Gr5a
gene and by a correlation between trehalose reception and
Gr5a expression (Ueno et al., 2001). 

e-Genetics as a tool for gene discovery
All methods of gene discovery rest on assumptions. Many
genetic approaches assume limited functional redundancy,
which is a risky assumption in the case of large multigene

families. Many molecular approaches make assumptions about
levels and specificity of gene or protein expression and can be
difficult to apply to genes expressed in very small subsets of
cells. A new approach to gene discovery, which we call e-
Genetics, has been generated by the vast expansion of sequence
data from genomics projects. This approach, in which genes
are identified electronically by specially designed algorithms,
also rests on assumptions, however.

A critical assumption made by conventional in silico
searching with the BLAST algorithm (Altschul et al., 1990)
and similar tools is that the target protein resembles a
previously identified protein in its linear sequence of amino
acids. This assumption in turn rests on three postulates: (i) that
proteins are related by evolutionary descent; (ii) that
evolutionarily related proteins contain regions of conserved
function; (iii) that regions of conserved function contain
conserved sequences. The third postulate, linking sequence and
function, is basic to both computational and experimental gene
searches; however, it is subject to limitations. First, the
sequences of some proteins evolve rapidly, especially in the
case of a gene family such as chemosensory receptors whose
members duplicate and diverge rapidly to meet new
environmental challenges or opportunities. A second example
of functionally related proteins whose sequence similarity may
be especially limited is proteins whose function is carried out
largely by general structural features rather than by numerous
specific interactions critically dependent on particular amino-
acid residues. For example, a chemosensory receptor may be
able to tolerate a relatively wide variety of mutations in its
transmembrane domains and still be functional by virtue of its
ability to bind and signal the presence of at least some
hydrophobic ligands. There may be more numerous sequence
constraints on the ability of many enzymes to bind a particular
substrate and cofactors tightly and to catalyze a particular
chemical reaction. 

Conventional sequence searching may still be effective in
identifying proteins whose sequence has diverged markedly.
For example, it may be possible to reduce the evolutionary
distance between the target protein and the known protein by
‘phylogenetic walking’, that is, by traversing the distance in a
series of steps, each from one organism to a related organism.
However, such a strategy is useful only if the size of individual
steps is sufficiently reduced. Note that, although odor receptor
genes had been isolated from C. elegans (Troemel et al., 1995),
the phylogenetic distances between vertebrates, C. elegans,and
Drosophila are comparable, and sequence information from
the worm was not useful in identifying odor receptors in the
fly. Thus there are cases in which an entirely different strategy
may be more effective, for example, one like our protein-
structure-based approach.

The search for proteins on the basis of structural similarity
assumes that proteins that have similar functions have similar
structures. Although there is support for this assumption (e.g.
Wilson et al., 2000), the extent of structural similarity may be
limited. However, there are many cases in which structure is
conserved more prominently than sequence (Murzin et al.,
1995), as illustrated by the superfamily of GPCRs. GPCRs and
other multi-membrane-spanning proteins are particularly well
suited for the analysis described here in that many of their
structural features can be detected and described quantitatively
without a complete ab initio structure prediction.

Journal of Cell Science 115 (6)
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All computational search strategies entail a trade-off
between specificity (which produces a low frequency of false
positives) and sensitivity (which increases the fraction of
targets identified). In the case of sequence-based searches, one
can often estimate the specificity by calculating the probability
that a particular motif of n residues will occur by chance in a
given sequence. In the case of structure-based searches, it is
difficult to predict how best to set the search parameters, and
attempts to increase the sensitivity of detection lead to an
increase in the frequency of false positives. However, it is
possible to tolerate a high false-positive rate if there are
efficient secondary screens available to validate candidates or
if there is auxiliary information, such as genetic map positions
of target genes. A high false-negative rate can be tolerated if
the target belongs to a large multigene family whose members
can be identified by BLAST searches once a single founding
member is identified. 

What other genes might be discovered through this form of
e-genetics? In addition to discovering other novel GPCRs, the
algorithm described here might be modified to identify other
kinds of protein. We have shown that the algorithm can be
trained to distinguish ion channels from GPCRs, suggesting a
use in identifying new ion channel genes from a variety of
organisms. There is a wide diversity of ligand-gated, voltage-
gated and gap junction channels, many of which contain four
or six transmembrane domains, and it seems likely that
additional types of channel genes remain to be discovered. In
fact, connexins, components of gap junction channels that have
four transmembrane domains, provide another example of
genes whose invertebrate homologs remained elusive for many
years: many unsuccessful efforts were made to isolate
invertebrate homologs by sequence similarity. When their
apparent homologs were finally identified by genetic means
(Krishnan et al., 1993; Phelan et al., 1998b), they were found
also to have a four-transmembrane-domain structure like those
of vertebrates, but their primary sequences are unrelated to
those of vertebrates (Phelan et al., 1998a). It also seems likely
that through selection of appropriate variables the algorithm
might be modified to recognize transporters, which have
multiple transmembrane domains, or perhaps receptors related
to Frizzled, which has seven transmembrane domains and
which has been implicated in pattern formation in Drosophila
and other species. 

In addition to discovering genes, our algorithm and others
that analyze features of protein structure (e.g. Jakkola et al.,
1999; Kim, 2001) may be useful in classifying and
characterizing known genes. Toward this end we have been
extending our work by using different kinds of statistical
method to describe the quasi-periodical alternation of GPCR
structure and different kinds of discriminant functions to
classify GPCRs. We have been able to distinguish class A
(rhodopsin-like) and class BC (secretin-like and metabotropic
glutamate) GPCRs (GPCRDB; http://www.gpcr.org/7tm/) in
preliminary experiments using a quadratic, as opposed to
linear, discriminant function (Table 1). Moreover, this
preliminary analysis has allowed subclassification of large
ligand-binding versus small ligand-binding class A GPCRs.
Further development of this approach may provide finer
subtyping of multi-transmembrane-domain proteins and a
novel method of ligand prediction, all without direct reliance
on the linear amino-acid sequence.

Conclusion/perspectives
This e-genetic approach to gene discovery offers great
opportunities for further development. We optimized our
particular algorithm well enough to identify the receptors we
were seeking, but more training might greatly increase its
resolving power. Further development of this and similar
algorithms is attractive in part because of the speed and
efficiency of the e-genetic approach. In contrast to the many
years of micropipetting in our laboratory and others in the
quest for insect odor and taste receptor genes, it took only one
minute to run the algorithm (followed of course by primer
design and RT-PCR analysis). As more and more DNA
sequence data accumulate from model organisms, disease-
bearing organisms and organisms from the distant reaches of
phylogeny, opportunities for gene discovery will only increase.
The ability to search sensitively for new proteins on the basis
of structure as well as sequence may increase the richness of
the bounty. 

Our work is supported by the Merck Genome Research Institute
(J.K.) and by the NIH and a McKnight Investigator Award (J.C.).
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