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Glossary

Chemical genetics: modulation of protein function using small molecules.

Chemical space: entirety of theoretically possible arrangements of atoms that

result in small molecules. Chemical space can be explored with approaches

such as diversity-oriented synthesis (DOS).

Chemogenomics: interactions between the genome (i.e. the sum of the genes

in a cell) and small molecules.

DNA microarray: hybridisation-based technology that enables the semi-

quantitative measurement of the abundance of individual nucleic acid chains

within a cell.

Green biotechnology: branch of biotechnology concerned with the modifica-

tion of crops and other plants.

log P value: the partition value P, often expressed as log P, is a measure of the

ability of a small molecule to dissolve in lipids (lipophilicity).

Reverse genetics: approach to determine the function of a gene with known

nucleotide sequence.

RNA interference (RNAi): inhibition of gene expression by double-stranded

RNA fragments complementary to the target gene sequence using specific

cellular pathways.
A robust knowledge of the interactions between small
molecules and specific proteins aids the development of
new biotechnological tools and the identification of new
drug targets, and can lead to specific biological insights.
Such knowledge can be obtained through chemoge-
nomic screens. In thesescreens, eachsmall molecule from
a chemical library is applied to each cell type from a library
of cells, and the resulting phenotypes are recorded. Che-
mogenomic screens have recently become very common
and will continue to generate large amounts of data. The
interpretation of this data will occupy biologists and
chemists alike for some time to come. This review dis-
cusses methods for the acquisition and interpretation of
chemogenomic data, in addition to possible applications
of chemogenomics in biotechnology.

Introduction
The effects of small molecules on cells were central to the
research of Paul Ehrlich (1854–1915). For much of his
career, he strived to identify ‘magic bullets’, small mol-
ecules (see Glossary) that would enable him to target
specific tissues or microbes while sparing others [1]. To
find a cure for syphilis, he systematically screened a library
of hundreds of potential drugs for their effect against
Treponema pallidum, the causative agent of the disease.
After testing 605 different compounds, he eventually ident-
ified arsphenamine, which he later marketed as Salvarsan
606 [2]. With this strategy, he initiated a whole new
approach to drug discovery that has persisted until today
[3]. The aim of Ehrlich’s chemical screen was simply to find
a small molecule that was active against a single pathogen.
The data structure created by his screen was one-dimen-
sional, with the only dimension being a vector of the 606
compounds tested. Nowadays, chemical screens are more
complex and wider in scope.

Here, we review two-dimensional chemogenomic
screens (seeGlossary). In these screens, the first dimension
is a chemical library, just as it was in Ehrlich’s screen. The
second dimension is a library of different cell types. These
cell types can be well-defined mutants, such as in a library
of yeast (Saccharomyces cerevisiae) deletion strains, where
in each strain a different gene has been deleted; alterna-
tively, the cell types can be defined in otherways, such as in
a library of cancer cell lines or a library of meiotic recom-
binants [4,5]. The resulting data structure is a two-dimen-
sional matrix in which each data point has two coordinates
and one specific associated value (Figure 1a). The chemical
coordinate specifies the small molecule that was applied,
whereas the genetic coordinate specifies the cell type. The
value of each data point is ameasurement of the phenotype
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of interest, such as viability, growth rate, or cell size and
shape. Please refer to Box 1 for studies that measure
different phenotypes.

The results of several chemogenomic screens with differ-
entdesignshaverecentlybeenpublished (Figure2).Theyall
have in common the data structure described above, but the
experimental designs and aims, such as the identification of
cellular targetsof smallmolecules [6] or the characterisation
of cellular pathways [7], vary between them. The method-
ologies described below have mainly been applied to S.
cerevisiae. Nevertheless, the methodologies and their find-
ings can also be applied to other systems [8] such as the
human genome or pathogen and agricultural genomes.

Experimental setup
There are several different methodologies to carry out
chemogenomic screens. The resulting data structure is
similar among them all, but the interpretation of this data
structure depends on the design of the experiment. For
yeast, at least three different types of mutant libraries can
be generated, such as heterozygous deletions, homozygous
deletions, and overexpression libraries (Figure 2). In the
following sections, we discuss how each of these library
types can be used to generate chemogenomic data. For each
mutant library, we assume that the measured phenotype
refers to changes in growth rate or viability. The measured
phenotypes can be caused by a variety of molecular inter-
actions between proteins and small molecules (Figure 3),
the interpretation of which depends on the choice of exper-
imental setup.

Heterozygous deletions

This library type consists of diploid yeast cells. Almost
every single one of the 6500 yeast genes can be deleted
Small molecules: chemical molecules of small molecular weight compared to

macromolecules such as DNA, RNA or proteins.
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Figure 1. The chemogenomic data structure and clustering methods. (a) A hypothetical data structure obtained from a chemogenomic screen. One dimension (columns)

refers to the small molecules added, and the other dimension (rows) refers to cell type, in this case defined deletion (D) mutants. The values, here represented as white, grey

and black boxes, refer to the growth or viability of the specific mutant when treated with a specific small molecule. (b) The columns of the matrix (small molecules) have

been clustered according to the similarity of their effect on different cell types. (c) Rows and columns of the matrix have been biclustered (see text). Two resulting biclusters

are highlighted in blue.
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independently, as long as the deletion is only on one of the
two chromosomes of a chromosome pair (i.e. heterozygous)
[9]. In such a library, even cells with a deletion in an
essential genewill normally survive, because they still have
another copy of the gene on the second chromosome. Data
from a heterozygous deletion library and a homozygous
Figure 2. A selection of recent chemogenomic screens using some of the different

chemogenomic screens carried out in the recent past. The columns of the table correspo

expression: expression of a gene product can be avoided altogether by deleting the gene

expression can be reduced by deleting the gene on only one chromosome (heterozygo

introducing extra copies of the gene into the cell (overexpression; multiple red arrows)

used to observe the phenotype of the mutants when treated with small molecules. Th

separate well. The effect is then observed directly (non-competitive arrays). Alternatively

The effect on the growth of each individual mutant is then observed by measuring

complementary to the bar codes of the mutants. The intensities of specific probes are

coded pools).
deletion library, which is described in the next section, need
to be interpreted in different ways [10–12]. The rationale
behind screening against a heterozygous deletion library is
that a cell that has only one copy of a particular gene
produces less of the gene product encoded by that gene.
Such a cell is rendered more sensitive to a compound that is
methodologies and cell libraries available in yeast. This table shows selected

nd to three different types of mutant libraries (screen design) with differential gene

from both chromosomes (homozygous deletion; empty red arrows); alternatively,

us deletion; filled and empty red arrows); finally, expression can be increased by

. The rows of the table correspond to two different detection methods that can be

e small molecule can be added to a well plate in which each mutant occupies a

, the bar-coded mutants can all be placed into a flask containing a small molecule.

the abundance of the different mutants using microarrays with probes that are

proportional to the abundance of the mutant strains in the pool (competitive bar-
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Box 1. Phenotypes for large-scale screening

Besides viability, several parameters can be assessed with chemo-

genomic screens:

� Fitness: growth rate in laboratory conditions

� Fitness: growth rate in competition with other strains

� Cell morphology (e.g. shape, size, volume) [60]

� Gene expression profiles (e.g. transcript fingerprint) [61]

� Behaviour (e.g. clustering, movement) [62]

� Cell cycle abnormalities [63]

� Cytoblots [64]
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capable ofdisrupting the functionof this geneproduct thana
wild type cell would be. This effect is also referred to as
haploinsufficiency, and the method has also been described
as haploinsufficiency profiling [10]. Data points obtained
from such a screen that show decreased viability might
thereforedirectly point toan interactionbetweena chemical
compound and a gene product.

Homozygous deletions

This type of library consists of yeast cells in which each
non-essential gene is deleted from both chromosomes of a
diploid chromosome pair. For obvious reasons, in such a
homozygous deletion library only non-essential genes can
be deleted, because the deletion of any of the �1000
essential yeast genes will by definition be lethal [9]. The
Figure 3. Possible interactions between small molecules and the components of a

cell. This figure shows ways in which small molecules can affect the molecular

phenotype of a cell by interacting with proteins and other biomolecules. Small

molecules can enter the cell via an import channel or by diffusion through the

membrane, or they can interact with a membrane receptor and trigger a cellular

response. Once inside the cell, they can be degraded, modified, exported out of the

cell again, or they can interact (inhibition or activation) with cytoplasmic proteins

and other cellular components. Deletion or mutation of the proteins involved in the

above-mentioned processes can therefore affect the molecular phenotype in the

presence of the small molecules. For example, if a protein that degrades a specific

small molecule were deleted, the small molecule would be present for a prolonged

period of time and would therefore have a stronger phenotype. The small

molecules can also interact with the informational macromolecules RNA (e.g.

riboswitches) and DNA by interfering with DNA replication, transcription or

translation. Thus, they can have an effect on the central dogma, which essentially

states that information flows from DNA to RNA to protein [21,65]. This therefore

enables studies that probe the function of specific information-carriers in the cell.
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interpretation of such a chemogenomic screen is more
complex for a homozygous deletion library than for a
heterozygous deletion library. Clearly, a small molecule
cannot act on a gene product after the respective gene has
been knocked out. Therefore, if a homozygous deletion
strain is sensitive to a particular small molecule, this
can be interpreted in different ways. One possibility is
that the deleted gene is different from the gene targeted
by the small molecule but that it has a similar function. In
the absence of small molecules, disruption of one of the two
genes is expected to have little effect, because the second
gene provides a back-up function. However, the disruption
of the function of both genes – the one by the smallmolecule
and the other by deletion – might result in decreased
viability. This has been verified in a study that compared
the effect of knocking out one gene and targeting the other
with a small molecule with the effect of knocking out both
genes, a method that is also referred to as a synthetic
genetic array (SGA) [7]. This study considered the ergos-
terol biosynthesis gene ERG11, a target of the small mol-
ecule fluconazole, as an example. There are 27 genes that
cause synthetic lethality when mutated together with
ERG11. Thirteen of these 27 mutants also cause lethality
whenERG11 is notmutated butwhen fluconazole is added.
Comparing the lethality profile of other small molecules to
the synthetic lethal profiles of their targets, it was found
that SGA profiles generally tend to have a significant
overlap with the chemogenomic profiles [7]. This shows
that the effect of deleting ERG11 is similar to the effect of
disrupting its function with fluconazole.

In an approach that is complementary to the homozy-
gous deletion library approach described above, it would be
possible to screen for deletions that confer resistance to a
compound whose addition would be deleterious to the wild
type strain. An example of this would be if a compound that
is not normally toxic to the cell becomes toxic as a result of
the action of a cellular enzyme modifying it. In this case,
deletion of the genes encoding themodifying enzymewould
confer resistance to the cell. For example, azidothymine
becomes active against DNA polymerases and reverse
transcriptases only after it has undergone several cycles
of phosphorylation [13]. Mutating the genes responsible for
this phosphorylation could potentially decrease the sensi-
tivity of the cell towards azidothymine. In this way, genes
that are responsible for causing side effects to certain drugs
could be identified.

Overexpression

A third approach investigates the effect of small molecules
under conditions of increased gene dosage that can be
amended by increasing gene copy number [6,8]. One such
study [14] used an overexpression library to screen for genes
that confer increased resistance to small molecules when
multiple copies of a gene, and therefore presumably higher
levels of the gene product, are present. In this way it was
possible to show, among other things, that the breast cancer
therapeutic tamoxifen disrupts calcium homeostasis [14].

Beyond deletion and overexpression libraries

Alternative approaches for generating libraries of
different cell types include decreased abundance by mRNA



Review Trends in Biotechnology Vol.26 No.5
perturbation (DAmP). DAmP enables fine-tuning of
protein concentration by disrupting the 30 untranslated
region of a gene by insertion of an antibiotic resistance
marker, which greatly destabilizes the corresponding
mRNA [15]. DAmP leads to proteins that are synthesized
at substantially lower levels than in the wild type, but
under their natural transcriptional regulation. DAmP can
therefore be used to gain insights into the deleterious and
alleviating effects caused by small molecules at differential
protein levels [16].

Chemical libraries
In addition to various types of libraries of cell types,
different small molecule libraries can also be used for
chemogenomic screens [17–20]. There are two fundamen-
tally different approaches to the design of small molecule
libraries. One approach uses small molecule libraries that
show as much chemical diversity as possible. The other
approach draws its small molecule library from only a
small fraction of defined chemical space (see Glossary)
[21,22]. The range of small molecules in such a chemical
library can be limited by choosing those compounds that
are likely to have some biological activity. By analysing the
chemical descriptors of approved drugs, Lipinski’s ‘rule of
five’ was developed [23]. This states that most small mol-
ecules that are also approved drugs have less than five
hydrogen-bond donors, less than ten hydrogen-bond accep-
tors, and a log P value (see Glossary), a measure of lipo-
philicity, of less than five. Moreover, small molecules with
potential biological activity need to be able to enter the cell,
and this limits their size to �1500 Da, because larger
molecules are unlikely to cross the cell membrane unaided
[24]. In addition, there is evidence that naturally occurring
small molecules are more likely to be able to modulate
protein function [25,26]. The development of carefully
designed chemical libraries remains a major focus of
research [18].

Detection methods
Chemogenomic screens can be carried out in two funda-
mentally different designs: non-competitive arrays and
competitive mutant pools (Figure 2).

Non-competitive arrays

This design consists of a set of arrays that contain each of
the deletion or overexpression strains separate from the
others so that they can be observed individually. After each
compound from the chemical library is added to a different
set of arrays, changes in growth can be measured inde-
pendently for each strain and each small molecule. Given
that each mutant strain is physically isolated, strains do
not interact or compete for resources in this design.

Competitive mutant pools

In this design, each mutant has a unique DNA sequence
also referred to as a bar code. All bar-coded mutant strains
are initially grown together in the same flask. This mutant
pool is then divided into multiple flasks and each com-
pound from the chemical library is added to a different
flask. In each flask, the different strains compete for
resources, and fitter strains increase in concentration in
the presence of the small molecule. For analysis, the
genetic material of the contents of the flasks is hybridised
to microarrays (see Glossary), which contain probes that
are complementary to the bar codes of the individual
deletion strains. The observed differential intensities of
the probes correspond to the differential concentration and
therefore the differential viability of the respective strains
in the presence of the small molecule. However, in the
design of this screen, the intrinsically different growth
rates of mutants compared with wild type cells need to
be taken into account when interpreting the obtained data.
It is therefore important that the data are normalised by
the growth rate of eachmutant without any small molecule
treatment.

It has been observed that the results of the array-based
design and the pool-based design overlap but differ [27]. A
possible explanation for this is interactions between
strains in mutant pools. For example, certain deletion
strains could accumulate intermediates in a metabolic
pathway from which an enzyme has been deleted, and
these intermediates, when secreted, might interfere with
the viability of other strains in the same flask. Alterna-
tively, yeast strains grown in flasks might behave differ-
ently from yeast strains grown in arrays, owing to the
pressures of inter-strain competition for resources, which
is not a limitation in the array-based detection method.

Data interpretation and analysis
To Understand and interpret chemogenomic data is not a
trivial task, and the observed phenotypic effects can have
many causes and can also be indirect (Figure 3). Here, we
discuss the most common methods for interpreting chemo-
genomic data.

Clustering

The application of clustering algorithms is a standard way
of analysing multidimensional data. In chemogenomic
screens, data clustering can be applied to both the chemical
and the genetic dimension. A cluster in the chemical
dimension will result in groups of small molecules that
have similar effects on the different cell types (Figure 1b).
It has been shown that clusters in the chemical dimension
often contain small molecules that are chemically similar
[10]. Therefore, the action of untested small molecules
could be predicted based on similarity to tested small
molecules from previous screens. Accordingly, we could
expect that a cell type cluster would be enriched for
mutated genes (deletion or overexpression) that have a
certain function in common.

To identify such clusters, several supervised or unsu-
pervised algorithms that are also applied to microarray
data have been described. They include hierarchical clus-
tering, k-means, and self-organising maps [28,29]. Alter-
natively, biclustering, an approach that analyses both
dimensions at the same time, can be employed [30,31].
The biclusters obtained in this way contain a subset of
mutated genes that interact similarly with a subset of
small molecules, and vice versa. The aim of biclustering
is to sort both dimensions simultaneously in such a way
that functionally significant blocks can be identified among
the overall pattern (Figure 1c). Another important
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advantage of biclustering is that it can identify mutated
genes or small molecules that are associated with more
than one cluster. This is a significant improvement over
simpler clustering procedures because many genes might
have more than one function. Biclustering approaches
have successfully been applied to chemogenomic data
[12,32]. Probabilistic sparse matrix factorisation (PSMF)
is an alternative algorithm to biclustering, and in some
cases it is more sensitive than hierarchical clustering. For
example, the small molecules verrucarin and neomycin
sulphate are clustered together by PSMF but not by hier-
archical clustering [12]. For a detailed review or the var-
ious clustering methods and how they are implemented,
please see references [33,34].

Matrix operations

Although clustering is a helpful tool for the interpretation
of chemogenomic data, it is not the only method available.
Weinstein and coworkers [35] have taken an interesting
approach by integrating two different two-dimensional
matrices obtained from a chemogenomic screen, and this
strategy could also prove valuable for the interpretation of
other datasets. Their first matrix had small molecules as
its first dimension and cell lines as its second dimension,
and the associated values referred to differential growth.
In a second matrix, genes were represented in the first
dimension and cell lines in the second dimension, and the
associated values referred to transcript levels as measured
by microarrays. The common dimension in both matrices
was the cell line. The authors then correlated the expres-
sion of each gene in each cell line with its response to each
small molecule, and thereby obtained a third two-dimen-
sional matrix, which had small molecules as one dimension
and genes as the other dimension. From this matrix, the
authors identified the genes that are expressed at a differ-
ential level in cell lines that have differential sensitivity
to a specific small molecule. In this way, they were able to
show how the transcript levels of particular genes relate to
sensitivity to specific small molecules.

Matrix data can in many cases also be visualized and
interpreted in networks. Small molecule–gene networks
have also been used to visualize and analyse chemoge-
nomic-like datasets [36–39]. One conclusion that has been
possible from the analysis of such drug-target networks is
that there has been a trend for more rational drug design
over the past decade [37,40].

Applications
The immediate purpose of a chemogenomic screen is to
characterize the effect that a set of small molecules has at
the gene or protein level. From a biotechnological point of
view, such chemogenomic data can allow for the identifi-
cation of proteins as novel drug targets [41]. In a screen of
small molecules against a library of heterozygous yeast
deletions, the gene products that interact with each of the
small molecules can be identified. In a chemogenomic
screen of mammalian cell lines, the transcription factor
STAT3 was identified as a potential target for apratoxin A,
a small molecule that is cytotoxic against tumour cells [42].
Many yeast genes have orthologues in humans [43].
This raises the possibility that interactions with small
256
molecules are conserved and that orthologues could be
potential drug targets or might help us gain an under-
standing of the side effects of drugs at the molecular level
[8]. Rapamycin is an example of a small molecule with a
molecular mechanism of action that is conserved between
yeast and humans [6]. This is of particular interest because
the majority of medicines are small molecules [3], and
many of them, including rapamycin, are used as drugs.
Furthermore, any compound that decreases the viability of
S. cerevisiae might also be active against related patho-
genic fungi and is therefore a candidate for the develop-
ment of anti-fungal agents.

Small molecules that are found to be active against
specific proteins could also serve as alternatives to genetic
methods. In reverse genetics (see Glossary), to disrupt the
function of a protein, the DNA sequence that encodes the
protein is mutated. Although this approach has generated
a large variety of useful data, it has some drawbacks. First
of all, mutagenesis can be difficult to implement in higher
animals such as mammals. Furthermore, mutagenesis
strategies do not exhibit a large degree of spatial and
temporal flexibility, because it is difficult to mutate a gene
for only a transient period of time or in a limited and clearly
defined set of cells. An additional problem is that in multi-
functional proteins it can be difficult to disrupt only one
protein function while leaving others intact. Chemical
genetics (see Glossary) has the potential to overcome these
problems [25,44–46]. The ultimate goal of chemical
genetics is to identify small molecules that are able to
modulate the function of as many proteins in a cell as
possible, either by simulating a gain-of-function or a loss-
of-function mutation [47]. It has been estimated that be-
tween 8 and 14 percent of proteins in eukaryotic genomes
are ‘druggable’ in this way [48]. Chemical genetics can be
more easily employed in mammalian cells than mutagen-
esis strategies and in a manner that is specific to a set of
clearly defined cells, or during a clearly defined time
window by adding and removing the compounds used in
the screen. Furthermore, in a multifunctional protein,
potentially only one specific function can be modulated
without affecting the others.

The potential of chemical genetics in drug development
is well recognized. Recent applications include the target-
ing of cancer cell lines that carry mutations in proteins
involved in cancer pathways with specific small molecules
[49,50]. However, other areas of biotechnology, including
‘green biotechnology’ (see Glossary), might also benefit
from the application of chemical genetics. Crop plants
could be improved with the use of small molecules that
target specific proteins; for example, those involved in
drought resistance pathways [51]. Given that such small
molecules can be applied in a manner similar to pesticides,
we could avoid the introduction of genetically modified
crops, which is often associated with environmental, legal
or technical difficulties.

Besides these practical applications, chemogenomic
data can also offer fundamental biological insights. Group-
ing genes according to their chemogenomic profiles can
lead to the identification of clusters that are enriched for
functional categories as defined by the Gene Ontology (GO)
database [28]. If a gene of previously unknown function is
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found in such a cluster, it is likely that it has a function
similar to the other genes in the same cluster. Chemoge-
nomics might therefore enable us to determine the pre-
viously unknown function of certain genes [32]. Moreover,
it might even be possible to define novel functional classes
of genes. More specifically, if a small molecule causes
decreased viability when a set of genes is deleted, this
set of genes can be interpreted as being necessary for
conferring resistance to the small molecule. Therefore,
these genes might have a previously unknown function
in common. For example, deletion of members of the
protein complexes SAGA, Swi–Snf and Ino80 caused sen-
sitivity to cadmium, cycloheximide, hydroxyurea and gly-
cerol [32]. Therefore, it has been assumed that these
complexes share a function, which is to regulate genes
that are required in the presence of these small molecules.

Discussion
It should be noted that small molecules interact not only
with proteins but also with DNA, RNA and other cellular
biomolecules such asmembrane lipids and polysaccharides
(Figure 3). These interactions are not necessarily detected
in the types of genetic screens discussed above. Different
methods can be used to detect such interactions; however,
these methods are often less specific. Microarrays which
measure the effect of small molecules of a chemical library
on RNA levels, can be used to generate two-dimensional
chemogenomic data. For this purpose, the small molecules
in the chemical library are added to a cell, and the differ-
ential RNA levels are compared against those in the same
cell without the small molecule. While mutant libraries
often result in rather sparse matrices with only a few
mutants showing differential growth under the influence
of a small molecule, the number of transcripts which show
differential concentrations as measured by microarrays
tends to be much higher. This can be explained by the fact
that in most cases the small molecule only indirectly
causes changes in transcript levels by interacting with
transcription factors, and that the differentially expressed
genes will not be specific. For example, cellular responses
induced by different stresses have been shown to share a
common set of differentially expressed genes [52].

Conclusions
A major challenge for the future of chemogenomics will be
to extract meaningful information from the data various
screens produce. Although the amount of chemogenomic
data continues to rise, the application of novel methods to
specific biotechnological and biomedical applications
(translational research) have not been fully exploited. In
the future, new analysis tools will need be required to deal
with the large amount of data generated. Efforts have
already been made to organize data that is relevant for
chemogenomics in public databases, such as the Broad
Institute’s ChemBank database (http://chembank.broad.
harvard.edu/), the National Center for Biotechnology
Information’s PubChem database (http://pubchem.ncbi.
nlm.nih.gov/), or the European Bioinformatics Institute’s
ChEBI database (http://www.ebi.ac.uk/chebi/). Further-
more, the development of standardized representations
for small molecules like InChi (http://www.
iupac.org/inchi/) and SMILES (http://www.daylight.com/
dayhtml/doc/theory/theory.smiles.html) facilitates data
integration and comparison in conjunction with publicly
available chemical structure lookup services such as CSLS
(http://cactus.nci.nih.gov/cgi-bin/lookup/search).

A large number of chemogenomic studies to date have
been carried out on the yeast S. cerevisiae. The primary
reason for this is the availability of genetic libraries of
strains in which almost every yeast gene is deleted.
Although yeast has been the focus of most studies, there
is no reason to limit the chemogenomic approaches
described here to this organism. For example, a knockout
library of the Gram-negative bacterium Escherichia coli
has recently become available [53]. Furthermore, a library
of RNA interference (RNAi, see Glossary) knockouts is now
available for a variety of cells [54–56] and has been used for
chemogenomic screens [57]. Moreover, cell types do not
always have to be as clearly defined as they are in mutant
libraries. For example, in a screen measuring the viability
of 60 cancer cell lines in response to various drugs, the
precise mutation that defined each cancer cell line was not
known [35]. Taken together, this demonstrates that
another major focus of chemogenomics will be to translate
the methodologies and findings from yeast to other model
systems.

Although the approaches discussed here do not measure
the interactions between small molecules and proteins
directly, they are able to determine small molecule targets
indirectly. By contrast, affinity-based methods most often
immobilise the small molecules and aim to identify the
proteins that directly bind them [58,59]. Affinity-based
methods directly determine the interactions between small
molecules and proteins and have the advantage that they
provide more easily interpretable data. Unlike chemoge-
nomic approaches, they do not provide any information
about changes in cellular phenotype associated with the
small molecule–protein interaction. Affinity-basedmethods
and chemogenomic methods can therefore be considered to
have complementary aims.
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