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Chemical-genomic (CG) profiling of bioactive compounds is a powerful approach for drug target identi-
fication and mode of action studies. Within the last decade, research focused largely on the development
and application of CG approaches in the model yeast Saccharomyces cerevisiae. The success of these meth-
ods has sparked interest in transitioning CG profiling to other biological systems to extend clinical and
evolutionary relevance. Additionally, CG profiling has proven to enhance drug-synergy screens for devel-
oping combinatorial therapies. Herein, we briefly review CG profiling, focusing on emerging cross-species
technologies and novel drug-synergy applications, as well as outlining needs within the field.

� 2012 Published by Elsevier Ltd.
1. Introduction

Drug discovery endeavors are continually challenged to keep
pace with market demands for novel, effective therapeutics. There
is also a general need for compound tools that allow us to modu-
late cellular function to probe diverse biological processes. The
path between discovering small molecules to obtaining a detailed
description of their target(s) and mode of action (MOA) is critical
but remains a significant bottleneck in the drug/tool compound
development pipeline. Given the current scope of small molecule
chemical space (>1060 compounds)1 and the increasing rate of
compound synthesis via combinational chemistry, identifying spe-
cific drug leads is a massive undertaking requiring a multifaceted
approach. High throughput screening (HTS) strategies have been
successful in identifying lead compounds from large libraries2;
however these approaches are disadvantaged by their design
around a relatively small subset of specific targets. There is a clear
need for methodologies that rapidly characterize compounds in an
unbiased fashion and provide rich, functional information to eluci-
date their MOAs and targets. Combining chemical biology and
functional genomics methodologies and reagents provides a pow-
erful new way of achieving this goal.

In particular, CG profiling takes advantage of genome-wide
reagent sets that modulate gene function to probe the cellular roles
of bioactive compounds. While the chemical-genomics platform
centered on the Saccharomyces cerevisiae deletion mutant collec-
tion3 has been used for nearly a decade, the past few years have
seen a rapid increase in novel applications and successes extending
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across different biological systems. In this review, we will summa-
rize existing CG methods, focusing on newly evolved cross-taxa ap-
proaches and novel applications for drug synergy screening, which
may set a course for chemical-genomics analysis in the coming
years.

2. Yeast chemical-genomic profiling

Chemical-genomics seeks to identify functional relationships
between specific genes and chemical compounds through system-
atic analysis of all genes in a genome. To accomplish this, the most
common approach is to genetically alter each gene and assess
resulting mutants for a phenotypic response (such as a change in
growth rate) in the presence of a bioactive molecule (Fig. 1a). As
the first eukaryotic organism fully sequenced, S. cerevisiae has been
the basis of many functional genomics resources, including a gen-
ome-wide deletion mutant collection3 and gene-overexpression
libraries. Also, budding yeast has long been favored as a model
organism given its homology to other eukaryotes and its genetic
and experimental tractability. Therefore, not surprisingly, some
of the first CG methods developed were pioneered in S. cerevisiae.

The general CG approaches based in S. cerevisiae have been
recently reviewed4–7 and representative studies are presented in
Table 1. Apart from the identification of spontaneous drug-
resistant mutants, the majority of these methods take advantage
of analyzing the chemical sensitivity of mutants with altered gene
dosages. Different gene dosages range from 0% gene dose with
homozygous/haploid deletion profiling (HOP), to increased gene
dosage (�5- to 10-fold) with multi-copy suppression analysis
using gene-overexpression libraries. In the middle, haploid insuffi-
ciency profiling (HIP) screens diploid mutants with �50% gene
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Figure 1. Comparison of genetic, chemical–genetic, and chemical–chemical profiling. Two interacting genes are inactivated via targeted deletion and the resultant double mutant
assessed for viability (a). In chemical–genetic interactions, one gene product is inactivated via gene deletion and the other is inactivated by chemical inhibition. In a chemical–
chemical interaction, the activities of two independent compounds are synergistic. Three methods of compound profiling are presented in (b).The X and Y axes may be either
an array of single gene deletion mutants (genetic profiling), a combination of gene deletion mutants and compounds (chemical–genetic profiling) or chemical compounds
only (chemical–chemical profiling). Red indicates a significant gene–gene, drug–gene, or drug–drug interaction, and can to predict the target process of unknown agents.
Here, known compounds or genes on the X-axis are clustered based on known mode of action or function, and the Y-axis shows clustering of other unknown compounds or
genes with similar profiles.
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dose while a more extreme reduction in gene dose, in the range of
�5–50%, can be achieved through the DaMP (decreased abundance
by mRNA perturbation) mutant collection (Table 1).

Because most of these yeast mutant collections were created
with a set of molecular barcodes tagging each gene perturbation,
the relative-abundance and thus the chemical-sensitivity of indi-
vidual mutant strains can be assayed in parallel and tracked via a
barcode microarray or barcode sequencing. This generates a CG
profile that details the performance of each strain in the presence
of a specific compound (Fig. 1). This individual CG profile can be
compared to the CG profiles produced by other drugs, and those
that are highly similar likely function through similar MOAs. As a
first pass for compound characterization, the CG approach is tech-
nically accessible because in addition to compounds, only a library
of yeast strains and a method to measure individual strain perfor-
mance is required.

Chemical-genomic profiles can be further analyzed by compar-
ing to the growing S. cerevisiae genetic interaction knowledgebase,
comprised of profiles produced by testing all possible gene pairs
for digenic interactions.8 These digenic interactions are scored
when the fitness of a double mutant deviates from the expected
multiplicative effect of the two single mutants.9 If the genetic
interaction profile produced by a given query gene resembles the
CG profile of a bioactive compound, then the query gene likely



Table 1
Variant chemical-genomic profiling methodologies and their use in S. cerevisiae and other organism

Profiling method S. cerevisiae studies Alternative systems presented
in this review

(HIP) Haploid insufficiency profiling
� One gene copy deleted in a diploid strain; gene dose reduced to 50%.
� Abundance of barcoded heterozygous deletion mutants can be

monitored in pooled growth.
� Sensitive strains are heterozygous for the gene encoding the drug target.

Giaever et al. (1999)16

Lum et al. (2004)18

Giaever et al. (2004)17

Baetz et al. (2004)73

Parsons et al. (2006)11

Ericson et al. (2008)69

Hoon et al. (2008)62

Hillenmeyer et al. (2008)19

C. albicans: Xu et al. (2007)20

Rodriguez-Suarez et al. (2007)22

Jiang et al. (2008)44

Xu et al. (2009)23

A. fumigatus: Hu et al. (2007)26

DAmP (decreased abundance by mRNA perturbation)
� Disruption of the 3’UTR of each gene reduces mRNA resulting in a gene dose of 5�50%.
� Strains screened similar to HIP.

Yan et al. (2008)74

HOP (homozygous deletion profiling)
� Both gene copies deleted in a diploid, or single gene in a haploid; gene dose 0%.
� Abundance of barcoded deletion mutants can be monitored in pooled growth.
� Sensitive strains are deleted for genes required to buffer the cell against drug toxicity.

Giaever et al. (2004)17

Parsons et al. (2004)10

Parsons et al. (2006)11

Hillenmeyer et al. (2008)19

Ericson et al. (2008)69

Hoon et al. (2008)62

Costanzo et al. (2010)8

Kapinzky et al. (2011)31

S. pombe: Kapinzky et al. (2011)31

Han et al. (2010)33

Overexpression profiling (dosage suppression)
� Strain abundance monitored when gene dosage is >100%. Two strategies:

1) Monitor genes that confer resistance to a drug when overexpressed.
2) Monitor drugs that recover the inhibitory effects of toxic gene overdose.

� Variation: expression and overexpression of non-yeast genes in a yeast model & look for
drugs that recover gene-dosage growth inhibition.

Luesch et al. (2005)75

Butcher et al. (2006)76

Hoon et al. (2008)62

Kemmer et al. (2009)77

S. pombe: Nishimura et al. (2010)38

Arita et al. (2011)39

H. sapiens via S. pombe:Yashiroda et al. (2010)41
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functions in the targeted pathway, providing important insight
into the compounds biological function (Fig. 1).8,10,11

3. Emergent chemical-genomic profiling systems

While the CG methods described above continue to prove valu-
able for compound characterization, they were originally limited in
their application to the model yeast S. cerevisiae. In recent years,
new technologies have emerged that may increase clinical rele-
vance by characterizing compounds in pathogenic fungi and mam-
malian cells. CG profiling in these alternative systems will not only
aid in finding novel antibiotics and anti-cancer therapeutics, it will
also allow for studying conserved genetic networks. Moreover, by
increasing the number of diverse organisms amenable to CG profil-
ing, a larger portion of the druggable metagenome can be explored
to define both conserved and unique targets. This will aid in prior-
itizing newly synthesized or discovered compounds based on their
therapeutic potential. Finally, CG approaches may allow us to more
efficiently identify and characterize synergistic drug interactions as
a potential means for developing combinatorial therapeutics and
extending the clinical life of approved drugs.

3.1. Candida albicans

The pathogenic yeast C. albicans is responsible for approxi-
mately 50% of all human life-threatening nosocomial fungal infec-
tions.12 With the C. albicans genome sequence completed,13

research has focused on understanding the biology and pathoge-
nicity of this fungus to develop novel antifungal therapeutics. S.
cerevisiae has often been used as a proxy for studying C. albicans,
despite their obvious biological differences (e.g., pathogenicity
and lifecycle). Genomic studies have also revealed significant fun-
damental differences between C. albicans and S. cerevisiae with re-
gards to genomic organization13,14 and gene essentiality.15 As such,
biological insights gained and potential antifungal compounds
identified in budding yeast may not be directly transferable, under-
scoring the need for direct study of C. albicans.

Haploinsufficiency profiling in S. cerevisiae has been a valuable
tool for directly identifying drug targets and the components of rel-
evant signaling or metabolic pathways.16–19 Transferring the HIP
assay to C. albicans has been facilitated by the availability of
large-scale collections of barcoded heterozygous deletion mutants.
One of these widely used collections covers 45% of the genome; the
genes selected for deletion were chosen for their potential to yield
informative biological insights based on their essentially and con-
servation across yeast species, as well as their conservation in
higher eukaryotes.20 More recently, a second C. albicans deletion
collection was created with greater genome coverage (�78%) to
alleviate any potential biases resulting from analyzing only
eukaryotic conserved genes.21 As with S. cerevisiae HIP analysis,
barcoded C. albicans heterozygous mutants can be pooled and as-
sayed in parallel to enable high-throughput drug profiling. This
particular CG assay has been coined the C. albicans fitness test, or
CaFT (Table 1).20

Xu et al. (2007) benchmarked CaFT by analyzing 35 known and
novel compounds, demonstrating drug induced haploinsufficiency
was specific and restricted to a small subset of deletion strains cor-
responding to drug targets, other factors directly associated with
the targets, or aspects of drug resistance.20 For instance, the
ERG11, NCP1 and CDR1 heterozygotes were identified as sensitive
to fluconazole; ERG11 encodes the target of fluconazole, NCP1 en-
codes the Erg11p co-factor and CDR1 encodes a drug efflux pump.
Importantly, the authors were also able to characterize two novel
bioactive compounds as microtubule inhibitors through identifying
the TUB1 heterozygote as hypersensitive and performing requisite
biochemical follow-up experiments. This assay therefore provides
a valuable tool for rapidly characterizing compounds using C. albi-
cans. The results obtained from CaFT screens can also be used to gain
insight into the function of unannotated C. albicans genes. The re-
sults obtained by Xu et al. (2007) enabled the addition of first-level
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annotations to �100 C. albicans genes, many of which had only pre-
viously been characterized based on homology to S. cerevisiae.20

There are variations of CG profiling in which the CaFT approach
can be applied, including focused screens seeking to characterize
specific bioactive compounds of interest. For example, Rodriguez-
Suarez et al. (2007) used CaFT to identify the GUA1 heterozygote
as uniquely sensitive to the synthetic compound ECC138, which
possesses potent activity against several pathogenic fungi species
(Table 1).22 The GUA1 gene encodes a GMP synthase, which is
essential and required for virulence, suggesting ECC1385 consti-
tutes a novel class of antifungal compounds. In contrast to this
compound-motivated analysis, CaFT can also be used to character-
ize large collections of chemicals, identifying agents eliciting a de-
sired response or targeting important cellular processes. Xu et al.
(2009) screened a collection of compounds to identify a subset of
molecules that affect unsaturated fatty acid biosynthesis through
inhibiting Ole1p, the 9D fatty acid desaturase.23 A follow-up anal-
ysis of all strains sensitive to these compounds also revealed novel
genetic interactions between fatty acids and other cellular pro-
cesses, providing insight into the fine-tuned regulation of the
unsaturated fatty acid composition of cell membranes.

CaFT can also be used to characterize natural products through
directly screening crude natural extracts. Natural products provide
an ideal source of specific small molecule inhibitors and have
served as the basis of many therapeutic agents.24 However, analy-
sis of these compounds is confounded by the time-consuming and
often difficult task of purifying active constituents. Jiang et al.
(2008) demonstrated CaFT analysis of fermentation extracts could
produce unique and mechanistically informative CG profiles,25

reaffirming the previous observation that the CG analysis of crude
natural product extracts in S. cerevisiae can provide valuable in-
sight into the compounds targets (Table 1).11 Purification of the
compound corresponding to the unique profile revealed a mixture
of diasteromers that intriguingly, contained an isoxazolidinone
ring not previously reported in natural products. Identification
and characterization of this unique class of molecules, coined par-
nafungin, demonstrates the power of analyzing crude fermentation
extracts using CaFT for natural-product-based drug discovery in
the clinically relevant yeast C. albicans.

3.2. Aspergillus fumigatus

A. fumigatus is the most prevalent airborne, filamentous fungal
pathogen that causes severe and often fatal infections in immuno-
compromised patients. Despite the current therapeutic options
available, the mortality rate associated with invasive aspergillosis
remains high and as such, there is a need to develop more efficient
therapeutics with novel targets, a goal that may very well be best
achieved by developing drug screening techniques specific to A.
fumigatus.

Chemical-genomic analysis in A. fumigatus is presently limited
by the absence of a genome-wide deletion collection. However, a
series of A. fumigatus conditional alleles were created recently
using a promoter replacement strategy, whereby native gene pro-
moters were replaced with the ammonium sensitive A. fumigatus
pNiiA promoter. Growing the pNiiA mutants in the appropriate
concentration of ammonium can reduce activity of the regulated
gene products to �50%, making them amenable to target-based
drug analysis using chemical-induced haploinsufficiency (Table
1). Hu et al. (2007) demonstrated the potential of this method in
showing the mutant strains pNiiA-ALG7 and pNiiA-ERG11A were
uniquely sensitive to the drugs tunicamycin and fluconazole,
respectively.26 This approach is currently limited by the small sub-
set of pNiiA mutants available and would ultimately benefit from
expanding the collection for genome-wide analysis. Nevertheless,
the preliminary analysis by Hu et al. (2007) shows the feasibility
of this approach to directly confirm the targets of bioactive
compounds.26

3.3. Schizosaccharomyces pombe

The fission yeast S. pombe is a widely used eukaryotic model
that differs from S. cerevisiae in a number of aspects, including cell
cycle organization, centromere complexity, heterochromatin and
the prevalence of introns.27 Therefore, studies in S. pombe can ex-
pand upon information learnt in S. cerevisiae to define genes and
process required more generally across yeast species, potentially
identifying conserved antifungal targets. Additionally, S. pombe
possess a number of genes with homology to those in higher
eukaryotes, including more than 100 genes related to human dis-
eases,27 highlighting the value of this yeast for drug target charac-
terization. The strength of S. pombe as a tool for CG analysis will
continue increase with the growing genetic interaction data gener-
ated in S. pombe using synthetic genetic array technology.28,29

Genome-wide S. pombe deletion collections are available, in
which each protein coding open reading frame has been replaced
with a dual-barcoded kanMX deletion cassette (covering 98.4% of
ORFs in heterozygous diploid strains & 73.9% in haploid strains).30

These collections can be used to gain insights into the mode of ac-
tion and molecular targets of bioactive compounds using protocols
that are analogous to those pioneered in S. cerevisiae (Table 1). Kap-
itzky et al. (2010) used the S. pombe and S. cerevisiae homozygous
haploid deletion collections to identify a novel DNA damaging
agent through characterizing a subset of bioactive compounds
from a library of National Cancer Institute chemicals.31 Of note,
the authors demonstrated that drug target prediction could be im-
proved significantly through comparing S. cerevisiae and S. pombe
CG data. Alternatively, the S. pombe homozygous deletion collec-
tion can be used to profile bioactive compounds using the S. cere-
visiae barcode sequencing, or Bar-seq approach.32 In lieu of the
traditional DNA microarray, Bar-seq is a cost-effective alternative
to quantify the relative fitness of each drug-sensitive or resistant
strain in pooled growth experiments. Han et al. (2010) revealed
the Bar-seq approach is also relevant in S. pombe, through repro-
ducibly identifying mutants deleted for genes involved in nuclear
division and the DNA damage response as sensitive to a microtu-
bule-depolymerizing drug and genotoxic agents, respectively.33

Another valuable resource for fission yeast chemical-genomics
is the S. pombe ORFeome.34 This collection covers 99.2% of pre-
dicted protein coding ORFs, with each of the �5000 strains con-
taining an ORF inserted at the chromosomal leu1 locus under the
control of nmt1 inducible promoter. While comprehensive drug-
profiling approaches have focused largely on the analysis of dele-
tion mutants, multicopy suppression screens for genes that confer
resistance to a drug of interest when overexpressed have allowed
for characterizing many bioactive compounds.35–37 As such,
screening the S. pombe ORFeome for changes in drug sensitivity
can identify strains required for drug resistance, thus providing in-
sights into the drug MOA. The chemical sensitivity of each ORFe-
ome mutant can be evaluated with one of many approaches
(Table 1). Each strain can be grown individually in liquid culture
and monitored for changes in cell viability due to drug treatment
using a colorimetric assay. This methodology was employed to
help identify 3b-hydroxysterols as the target of theonellamides
based on a GO enrichment of the genes conferring drug sensitivity
or resistance when overexpressed.38 The chemical sensitivity of
each strain present in the ORFeome collection can also be evalu-
ated in a high-throughput pooled growth assay, despite the ab-
sence of a molecular barcoded tagging each ORFeome strain.
After growing the ORFeome pool in the presence of a compound
of interest, the relative fitness of each strain can be measured by
harvesting the genomic DNA, PCR amplifying each ORF and
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hybridizing the amplified ORFs to a custom DNA microarray con-
taining ORF-specific probes. In the study that benchmarked this
approach, the ORFeome strains screened were first regenerated
in a drug hypersensitive background lacking genes encoding drug
efflux pumps.39 This feature reduced the amount of compound re-
quired for analysis and made the assay applicable to a broader
spectrum of drugs, including cancer therapies. Arita et al. (2011)
used this system to characterize the drug etoposide, a widely used
anti-cancer drug whose mode of action was not fully understood.39

An alternative application of gene overexpression analysis in S.
pombe is the analysis of yeast strains overexpressing human ORFs
to characterize compounds specific to human disease-causing
genes (Table 1). For instance, the telomere-associated protein tank-
yrase 1 is considered to be an ideal target for cancer therapy, as it is
synthetically lethal when combined with a breast cancer associ-
ated (BRCA) deficiency.40 To identify tankyrase 1 inhibitors, a S.
pombe strain overexpressing the human tankyrase 1 gene (TNKS1)
was created and screened against a large library of natural prod-
ucts.41 Because TNKS1 expression caused growth retardation in S.
pombe, the authors were able to identify flavone as a tankyrase 1
inhibitor based on its ability to restore wild-type growth. This
‘humanized’ drug-screening technique has great potential for rap-
idly identifying inhibitors of human proteins, like the PARP family
of enzymes important in cancer physiology.

3.4. CG profiling of mammalian cell lines

Moving from simple eukaryotes to mammalian systems is a ma-
jor goal for CG profiling. Mammalian cells are less genetically trac-
table than yeast, but with the advent of RNAi technologies it is now
possible to create loss of gene function (or reduced function) mu-
tants in mammalian cells to permit CG analysis. The diversity of
mammalian RNAi-based chemical-genomics has been recently re-
viewed.42 Furthermore, with the mouse conditional KO collection
a predicted 3 years from completion,43 mammalian CG profiling
will likely become a more straightforward assay.

A streamlined HTS CGs approach should be possible in mamma-
lian cells. Jiang et al. (2011) used mouse cancer cells lines to profile
anti-cancer drugs involved in apoptosis.44 Rather than screening
the whole genome, the researchers focused on a set of 29 genes in-
volved in cell death and created cell lines expressing corresponding
GFP tagged shRNAs. Using a cell competition assay, changes in
chemical sensitivity corresponding to a shRNA-induced reduction
in gene function were measured by assessing GFP signal intensity
relative to a control. For instance, the GFP signal measured for
the shRNA cell pool would increase relative to control cells if the
reduced gene function conferred resistance to a drug, while an in-
crease in drug-sensitivity would result in a decrease in GFP signal.
This analysis generated a GFP index of strain sensitivity, and the
resultant profiles resemble those produced by yeast CG assays. De-
spite using only 29 genes and 15 compounds, compounds with
similar modes of action clustered together.44 Although this meth-
odology would be difficult to employ on a genome-wide scale,
the authors demonstrate the potential for analyzing proxy genes
specific to different cellular process. A possible pipeline for charac-
terizing novel compounds could therefore be to first estimate a
drug’s target pathway in yeast at the genome scale, then transfer
the results into a mammalian system by analyzing a subset of
genes representative of the predicted pathway. Small proxy gene
sets covering different functional groups could also be arrayed
and analyzed for broader screening capacity.

3.5. System independent chemical–chemical profiling

Chemical–chemical profiling is an application of drug synergy
that can be used to characterize novel compounds (Fig. 1b). Drug
synergy occurs when the combined effect of two drugs exceeds
the expected sum of the individual agents. Identifying synergistic
interactions between well-characterized drugs and unknown com-
pounds of interest can provide insight their targets, as compounds
exhibiting synergy likely function through related MOAs and the
synergy profile may represent a diagnostic pattern reflective of
the MOA. The logic behind this concept is borrowed from large-
scale genetic interaction analyses, in which genes that show syn-
thetic lethal genetic interactions are often functionally related
and genes with similar genetic interaction patterns often encode
proteins in the same pathway.8 In a systematic application of
chemical–chemical profiling, Farha and Brown (2010) tested 186
uncharacterized bioactive compounds in combination with 14
well-characterized antibacterial drugs to identify 255 synergistic
drug-drug interactions in Escherichia coli.45 By clustering the chem-
ical–chemical interaction profiles generated, the authors were able
to predict the MOA of two unknown bioactive compounds—puta-
tive inhibitors of folate biosynthesis and the enzyme DNA gyrase.
Similar to other methods aimed at characterizing bioactive com-
pounds, traditional biochemical and biophysical follow-up experi-
ments were required to validate predicted targets. In addition, this
approach is restricted by the availability of well-characterized
compounds targeting diverse molecules and cellular pathways.
However, one resounding advantage of chemical–chemical profil-
ing is this method it is not reliant on the availability of a gen-
ome-wide deletion collection and is therefore not specific to any
model organism. As such, this approach can be used to develop
high throughput drug screens for other relevant systems, including
genetically uncharacterized organisms and emerging disease-caus-
ing microbes.

3.6. Enhanced drug synergy screening using CG profiling

The phenomenon of drug synergy has been extensively ex-
plored in the fields of pharmacology and toxicology and has long
been recognized for its potential in developing combinatorial drug
therapies.46–48 Medical treatments reliant on drugs functioning
through individual targets are often insufficient to combat drug-
resistant pathogens and treat multigenic diseases such as
cancer.48–50 By simultaneously targeting redundant pathways or
intervening at various points in a common pathway, combinatorial
drugs therapies are often more efficient and less prone to the
development of drug resistance.46,51 Additionally, this treatment
approach requires a lower dosing of the individual drug compo-
nents and therefore affords reduced drug toxicity. The character-
ization of drug synergy is also a valuable tool for querying
biological systems. Combined perturbations have been used exten-
sively in S. cerevisiae to study the connectivity of cellular compo-
nents and gain insight into the complex networks of signaling
pathways.8 Recent work has demonstrated that identifying and
understanding synergistic drug combinations can also be used to
predict connectivity in biological systems, complementing the
information gained from genetic studies.52–54 Importantly, chemi-
cal combinations can be used to probe different cellular compo-
nents that are inaccessible by genetic studies and unaffected by
treatment with an individual drug. This approach can also be used
to study relevant disease models that are not amenable to muta-
genesis and traditional genetic analysis.

Synergistic drug combinations have been traditionally identi-
fied using the sensitive, yet low-throughput dose-matrix response
assay. By testing serial dilutions of two compounds at all possible
permutations, the dose-matrix samples maximal chemical space
and can uncover rare synergistic interactions that can be missed
by more conservative approaches. To identify synergistic interac-
tions from dose-matrix response assay data, one of the prevailing
models of drug synergy can be used for comparison. While the
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models of Bliss independence and Gaddum’s non-interaction have
well-used counterparts in the genetic interaction models of multi-
plicativity and masking, respectively, Loewe additivity is the most
relevant and frequently used model for medical applications.54

Each synergy model defines a baseline efficacy level for any two
compounds screened; Loewe additively states the baseline is the
efficacy level that would be expected if a compound were tested
against itself.55 Drug synergy is defined when the efficacy exceeds
the baseline measurement, while a decrease in efficacy defines
drug antagonism. The utility of any model used to predict drug
synergy depends on the comprehensiveness of the data obtained
with the dose-matrix assay. Covering all possible chemical combi-
nations is difficult to achieve in a cost-effective and timely manner.
For instance, a collection of only 1000 compounds would yield
�500,000 pairwise experiments and many more higher-order
combinations. To alleviate this issue, there has been extensive fo-
cus on the development of high-throughput experimental ap-
proaches for identifying drug synergy.

One of the first automated, high-throughput methods for
screening drug synergy was developed to identify effective combi-
nations of therapeutic compounds in fungal and mammalian
cells.56 To minimize the number of pairwise combinations
screened, Borisy et al. (2003) demonstrated compounds classified
as non-bioactive could be screened in pools of four and later
deconvoluted to identify the pairwise combination producing a
synergistic interaction.56 Using a custom robotic screening and
informatics platform, the authors were able to assess over
120,000 different two-drug combinations at six separate concen-
trations. This resulted in the identification of 22 C. albicans fungi-
cidal pairwise combinations, 13 novel inhibitors of tumor
proliferation and a series of glucorticoid and antiplatelet agents
capable of suppressing the production of TNF-a, with potential
for use as combinatorial anti-inflammatory therapies. Many of
these combinations included drugs whose intrinsic activity was
distinct from their synergistic function, highlighting the potential
of chemical combinations to repurpose existing drugs.

A modified high-throughput approach for identifying drug syn-
ergy within a broad spectrum of compounds has been the founda-
tion of many published studies.52,57 However, this methodology
can also be used to identify synergistic enhancers of currently used
antifungal drugs to expand the spectrum of available antifungal
therapies. For example, Spitzer et al. (2011) undertook a systematic
screen of 1120 off-patent drugs and other bioactive agents to iden-
tify synergistic enhancers of fluconazole in three clinically relevant
yeast species, C. albicans, Cryptococcus neoformans and Cryptococcus
gattii, as well as the model organism S. cerevisiae.58 Fluconazole has
favorable pharmokinetic and toxicological properties and is there-
fore an ideal constituent compound for developing combinatorial
antifungal therapies. In total, the authors identified 148 structur-
ally diverse compounds capable of potentiating fluconazole, often
improving activity from fungistatic to fungicidal. These drugs had
a range of intrinsic therapeutic activities, including antiparasitic
drugs, cardiovascular protectants and hormone modulators. Inter-
estingly, only six of the 148 compounds were found to elicit syn-
ergy in all four yeast species; the remainder exhibited either
species or genus specific drug synergy. To gain insight into mech-
anisms through which drug synergy disseminates, CG profiles for
the constitutive compounds can be analyzed for genetic interac-
tions. Spitzer et al. (2011) identified there was a significant number
of genetic interactions between the top fluconazole sensitive
strains and the strains sensitive to the enhancer drugs, and these
strains were enriched for mutants involved in sphingolipid biosyn-
thesis and membrane integrity.58 Identifying genetic interactions
between drug sensitive strains can ultimately be used predict addi-
tional synergistic drug combinations to further expand the anti-
fungal chemical space.
Despite the development of high-throughput drug synergy
screening methods, the ability to sample the vast number of chem-
ical combinations possible remains a primary challenge for identi-
fying this phenomenon. Through integrating chemical–genetic
profiles11,19 with a comprehensive genetic interaction network,8

synergistic drug pairs can be predicted computationally.53,59,60 This
approach is an extension of using similarities in CG profiles to pre-
dict drug responses10 and can be used effectively to reduce testing
space to a manageable number of chemical combinations enriched
for synergistic interactions. By comparing the CG profiles of �1300
compounds to the profile produced by fluconazole, Jansen et al.
(2009) identified 8 unique drugs with significant profile similar-
ity.61 An additional 10 potential synergistic interactions were iden-
tified when comparing these 8 profiles against each other. Using a
standard dose-matrix response assay, 56% of these total interac-
tions were validated in S. cerevisiae and 69% were validated in C.
albicans. Given that the observed rate of drug synergy is around
3.6% when testing random drug combinations,56 the computational
predictions resulted in at best, a 20-fold increase in identifying true
drug synergies. Importantly, identifying these drug synergies re-
quired analysis of only 18 pairwise combinations, instead of the
potential �844,000 combinations that would require testing if a
dose-matrix assay were used to analyze pairwise combinations
for each of the 1300 compounds. Unfortunately, drug synergy com-
putational predictions are limited by the availability of CG pro-
files—drugs cannot be analyzed for synergy if a CG profile for the
drug does not exist. As the compendium of chemical–genetic pro-
files continues to expand, the scope of the computational-based
drug synergy prediction methods will therefore also increase.
4. Assay selection

The diversity of drug-profiling strategies available can compli-
cate selecting the appropriate assay. When seeking to characterize
a small set of chemicals or a single compound of interest, an inte-
grated approach using several profiling strategies is ideal.62 For in-
stance, using a combined HIP/HOP assay in S. cerevisiae provides a
rich source of data for predicting the specific targets, as well more
broadly, the affected cellular pathways. As described above, the pre-
dictive power of these assays can be further enhanced using a cross-
species CG approach.31 By extending the CGs analysis to additional
yeast species, drugs can be evaluated for their potential as broad-
spectrum antifungals by analyzing the conservation of drug targets
across divergent yeast species. If a researcher instead seeks to
extend the life of existing pharmaceuticals by identifying new com-
binational therapies, drug-synergy predictions would be the opti-
mal strategy.61 Finally, to characterize one of the many large-scale
synthetic or natural product collection libraries available, a high-
throughput chemical-genomics strategy is desirable. This would
likely require selecting a single profiling method (e.g., HIP or HOP)
to greatly reduce the time required to screen a complete library.
Once compounds eliciting a desired cellular response are high-
lighted from the results of a high-throughput profiling strategy, an
integrated set of assays can be employed for validation.

Many of the CG profiling methods rely on the growth-inhibitory
properties of a compound and as such, one should first test
whether the compounds of interest inhibit yeast growth. However,
bioactivity in yeast is a flexible condition and drug-hypersensitive
yeast strains can often be used in instances where compounds do
not exhibit activity in wild-type yeast.39,63 These strains have been
rendered up to 250 times more sensitive to a variety of compounds
by systematically deleting genes involved in facilitating multi-drug
resistance (e.g., PDR1 & SNQ2). Chemical-genomic profiling with
these sensitized yeast strains can dramatically increase the bioac-
tivity of various compounds and thus reduce compound usage, an
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important characteristic for analyzing valuable natural products
often available in very limited quantities. One concern surrounding
the use of drug-sensitized strains for CG analysis is the
applicability of results to broader contexts, as most systems
possess intact drug-response machinery. While this concern is
valid for directly translating putative drugs to relevant systems,
the use of drug-sensitized strains permits the analysis of com-
pounds normally inaccessible for screening and yields CG profiles
predictive of their targets and MOAs. Compounds found to target
desired cellular processes could then be used as templates for
further chemical modifications to improve bioactivity in wild-type
cells for use as potential therapeutics or probes for biological
research.

There are instances where bioactivity in yeast is not an absolute
prerequisite for yielding informative biological information with
CG profiling, as some deletion mutants may show increased drug
sensitivity or resistance while wild-type yeast is unaffected. For
example, despite Padanamide A exhibiting very slight growth inhi-
bition in rich media, a deletion strain (MET32) lacking an enzyme
involved in sulfur amino acid biosynthesis was identified as sensi-
tive.64 Follow up analysis on this observation demonstrated the
drug’s bioactivity was much greater in minimal media lacking sul-
fur amino acids and that inhibition was partially recovered when
media was supplemented with methionine.

5. Perspective

Chemical-genomic approaches for drug-target identification
will continue to grow and diversify as new functional genomic
tools are available in a variety of taxa. Hundreds of organisms have
already been fully sequenced and this will increase exponentially
with the application of next-generation and next–next generation
sequencing technologies. Novel high-throughput strain creation
techniques will allow for the rapid development of new deletion
collections and other biological tools that future chemical-genom-
ics approaches will take full advantage of. However, as illustrated
by the relative advantages and weaknesses of extant CG assays,
researchers must choose the most appropriate method to maxi-
mize resource-to-result ratio. In addition to requiring both genetic
and organism specific knowledge, selection of the best screening
approach requires an understanding of chemical space. To facilitate
this, two of the most immediate needs of the field are a centralized
CG profile database and greater details into the chemical space
accessible by assay organisms.

As the number of profiled bioactive compounds increases, data
access and management will become a significant limitation. The
creation of a centralized, open source data depository could benefit
CG researchers across all biological systems. Given the structural
redundancy of compounds available in different chemical libraries,
a database could allow researchers to prioritize resources to screen
compounds that either yielded desired responses in other systems
or are completely new to CG analysis. In addition to compound
information, this database could provide detailed assay conditions
to enable standardization of results across experiments. Finally,
wide-spread access to CG data could enhance in silico drug-syn-
ergy screening efforts and aid in computationally identifying con-
served chemical–genetic networks across various organisms.65

Creating an open sourced CG database may be very difficult
without significant statistical forethought. Even now as research-
ers try to merge developing CG data with that obtained by previous
studies, much statistical power is lost due to differences in exper-
imental conditions across profiling experiments collectively
known as ‘batch effects’. For instance, the large available datasets
of Hillenmeyer et al. (2008) and Parsons et al. (2006) would pro-
vide an ideal external comparison for analyzing new CG profiles
to give insight into compound MOAs through cluster analysis.11,19
While these comparisons are possible to an extent, methodological
differences between studies limit correlation-based analysis and
decrease signal to noise ratio. Standardization for yeast-based
studies should be relatively easy to achieve given the organism’s
growth requirements. However, the profiles developed in other
emergent model systems will have their own unique ‘assay signa-
tures’ that will have to be accounted for cross-systems analysis. To
ensure the ease of comparisons across taxa and datasets, experi-
mental procedures must be completely transparent and a level of
standardization is required. For instance, most CG profile data in
yeast is normalized to a DMSO solvent control and cultures are
generally grown in rich media. Changing the solvent control or
media conditions can dramatically alter resulting CG profiles,19

and identifying true drug-gene interactions across experiments be-
comes a complicated endeavor. Additionally, as CG profiling is ex-
tended into less common systems and clinical isolates, detailed
descriptions of the genotypes and fitness of strain collections will
be necessary to disentangle true drug-gene interactions from fit-
ness defects. Despite these obstacles and the massive undertaking
required to create a CG database at the level of Genbank or Pub-
chem, this resource will ultimately help unify bourgeoning CG re-
search groups and make CG accessible to broader disciplines.

Finally, as advances in combinatorial and diversity-oriented
chemistry continue to yield torrents of diverse compounds with
varied structural and chemical properties, an understanding of the
chemical space accessible by various organisms is essential. While
a compound can be fully characterized in one organism, there is
no guarantee the same compound will even cross the cell mem-
brane of another organism. Therefore, understanding the chemical
space accessible by organisms used in CG profiling is germane to
the translation of approaches to diverse taxa.66 The physiochemical
properties of compounds as they relate to bioavailability have long
been considered during drug discovery efforts,67 most notably with
the advent of the Lipinski ‘Rule of 5’.67 Recently, Burns et al. (2010)
used high-throughput HPLC to define the optimal structural and
chemical properties of a compound for Caenorhabditis elegans
permeability, suggesting ranking compound libraries based on pre-
dicted bioavailability could maximize the efficiency of drug-lead
discovery in contrast to shotgun library screening.68 Before embark-
ing on high-throughput CG profiling of a large compound library, it
is therefore worth understanding the chemical space of the organ-
ism in which the drug will be screened and the ultimate cell type
in which the desired drug would be functioning.

6. Conclusion

As highlighted in this review, the integration of functional
genomics with chemical biology provides a powerful tool for
characterizing bioactive molecules. The successes afforded by
S. cerevisiae-based CG approaches have heightened interest in
adapting this technology for broader application across different
biological systems to identify novel therapeutics and provide valu-
able insights into the cellular processes constituting less-studied
organisms. As discussed, the search for drug synergy can also be
enhanced by CG approaches and the results from CG studies to ex-
pand available antifungal and cancer treatments using combinato-
rial drug therapies. While this review has focused primarily on CG
profiling efforts in eukaryotic systems, substantial advances in pro-
karyotic systems have been made using similar approaches.69–72

The merging of eukaryotic and prokaryotic CG data will be invalu-
able for defining conserved drug targets and identifying unique
bacterial and fungal targets as present day antibiotics reach obso-
lescence. Novel applications of CGs will likely remain a heavy focus
of drug-discovery research in the near future in the hopes of
addressing outstanding limitations, and transitioning approaches
to additional organisms of biological interest.
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