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Next-generation phenotypic screening

Phenotypic drug discovery (PDD) strategies are defined by screening and selection
of hit or lead compounds based on quantifiable phenotypic endpoints without prior
knowledge of the drug target. We outline the challenges associated with traditional
phenotypic screening strategies and propose solutions and new opportunities
to be gained by adopting modern PDD technologies. We highlight both historical
and recent examples of approved drugs and new drug candidates discovered by
modern phenotypic screening. Finally, we offer a prospective view of a new era of
PDD underpinned by a wealth of technology advances in the areas of in vitro model
development, high-content imaging and image informatics, mechanism-of-action
profiling and target deconvolution.
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Background
During the past 5 years, the drug discovery
field has witnessed a re-emerging interest in
phenotypic drug discovery (PDD) strategies
and increased research activity in phenotypic assay development and screening. PDD
describes the screening and selection of hit or
lead compounds based on quantifiable phenotypic endpoints from cell-based assays or
model organisms without prior knowledge
of the drug target. The renewed interest in
phenotypic screening may be attributed
to several factors including: the demand
to identify high-value novel drug targets
to feed contemporary target-directed drug
discovery (TDD) capabilities and commercial drug discovery pipelines; high attrition
rates in late stage clinical development and
an overall decrease in pharmaceutical R&D
productivity, while not directly attributed to
limitations of TDD, nevertheless, correlate
with the widespread adoption of the TDD
operating model in favor of PDD strate-
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gies [1–5] ; significant duplication of effort
and focus upon a relatively small number
of well-characterized targets across industrial and academic drug discovery groups;
urgent unmet medical need in complex
human conditions such as heterogeneous
solid cancers and neurodegeneration, where
target biology is poorly understood; recent
retrospective analysis of all drugs approved
by the US FDA since 1999 indicating significant success rates in development of novel,
first-in-class, small-molecule drugs by PDD
approaches [6–8] .
While the three recent retrospective studies of drug approval rates present discrepancies
in the number of drug approvals attributed to
PDD and TDD strategies, primarily because
of differences in terminology, disease area
focus and period of analysis, all three studies demonstrate that PDD approaches are
providing a significant contribution to clinical approval rates of first-in-class drugs [6–8] .
This recent clinical success of PDD is con-

Future Med. Chem. (Epub ahead of print)

part of

ISSN 1756-8919

Review

Warchal, Unciti-Broceta & Carragher

sidered by many as remarkable given the relatively low
investments in PDD in comparison to TDD by translational funding bodies in academia and industry over
the past three decades. PDD, however, does not represent a new drug discovery strategy and was indeed the
preferred drug discovery approach prior to increased
understanding of human disease at the genetic level and
the emergence of molecular biology techniques, which
advanced elegant molecular pharmacology studies and
high-throughput screening of specific targets [2] . Traditional PDD approaches have utilized a variety of biological model systems such as in vivo physiological and
behavioral models, ex vivo tissue-based assays and basic
in vitro cellular assays to guide drug development. While
many drugs successfully used in the clinic today were
discovered using such early PDD approaches, traditional
PDD methods were laborious and did not provide ample
mechanistic information and thus tend to favor the discovery of less selective agents including cytotoxics rather
than novel classes of targeted therapies. Given the duration of time between early-stage drug discovery and clinical approval, many of the example first-in-class medicines attributed to PDD described in the three recent
retrospective articles [6–8] are somewhat historical. They
utilize, by modern standards, rudimentary phenotypic
assays, and thus such retrospective analysis may indeed
underestimate the true value of modern phenotypic
screening strategies, with regard to identifying novel targets and translation into clinical success.
A significant driving force behind the resurgence of
PDD may be attributed to substantial technology developments across several inter-related areas, which advance
the PDD paradigm. Such advances include more sophisticated cell-based and small model organism-based
automated screening platforms [9–11] . Advances in the

development of more complex and more disease-relevant phenotypic assays incorporating: multicellular
co-cultures, 3D models, patient-derived primary and
Induced Pluripotent Stem Cell (IPSc) models, including gene-edited and isogenic controls, which recapitulate key disease driver mutations, are all well-placed to
advance the molecular and pathophysiological relevance
of phenotypic screening assays. Improvements in cellbased assay technologies are further complemented
by advances in target deconvolution strategies including affinity mass spectrometry, cellular thermal shift
assays and cDNA expression microarray technologies
among others (Box 1) [12–14] . Also the development of
new methodologies, which enable profiling drug mechanism-of-action (MOA) in complex biological samples at
genomic, proteomic and phenotypic levels at scale [15–17] ,
supports informed mechanistic classification and triaging of phenotypic hits to assist further target deconvolution or progress preclinical development of phenotypic
hits in the absence of target knowledge.
In this article, we attempt to address some common
misconceptions and challenges associated with phenotypic screening. We highlight both historical and recent
success stories of approved drugs and new drug candidates discovered by PDD. We describe some of the
challenges and pitfalls of poorly designed phenotypic
screening and target deconvolution strategies and how
these may be resolved by the application of new technologies. We place specific emphasis upon the evolution of new gene transcription, pathway profiling and
multiparametric high-content screening technologies,
which support more advanced phenotypic screening
and MOA studies. We provide specific examples and
discuss the advantages and limitations of each new
approach. Finally, we conclude by discussing how the

Box 1. Target deconvolution methods.
Chemical proteomics
• Affinity chromatography and mass spectrometry [12,18–20]
• Quantitative proteomic and silac labeling [21]
• Thermostability shift assays: in vitro and in cells [13,22]

Expression cloning
• Phage display [23]
• Yeast three-hybrid assays [24,25]
• cDNA cell microarray [26]

Genetic-based screens
•
•
•
•

Yeast deletion collections [27]
Haploinsufficiency profiling [28]
Resistance screens combined with Next-Generation Sequencing (NGS) profiling of resistant clones [29]
Small model organism knock-out (KO) and genetic mutant collections (under development in Zebrafish,
Caenorhabditis elegans and Drosophila)
• Modifier screens: si/shRNA or CRISPR-Cas9 library screens to identify modulators of small-molecule
activity [30,31]
• Activity-based protein profiling [32]
This is a nonexhaustive list of target deconvolution methods and reflects some of the most common approaches selected by the authors.
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combination of new technology developments such
as more advanced primary and induced pluripotent
stem cell (IPSc) culture techniques, gene editing, highthroughput gene transcription, pathway profiling and
multiparametric high-content screening technologies
are well-placed to advance phenotypic screening toward
increased success across multiple disease areas.
Historical examples of drugs discovered by
phenotypic screening
Comprehensive discussion of approved drugs originating from PDD strategies have been reviewed previously [6–8,33] . In this article, we highlight specific examples of PDD drugs currently used in the clinics, which
challenge conservative views on the necessity for target
deconvolution to progress candidate drugs through
clinical development. We further describe new lead
compounds and candidate drugs discovered by more
modern phenotypic screening strategies, which guide
chemical design toward specific MOA and which can
integrate with ligand-based drug design and TDD
strategies to develop highly potent and selective lead
compounds and drug candidates.
Metformin (Figure 1, structure 1) belongs to the biguanide class of compounds and represents the first-line
standard-of-care therapy for Type 2 diabetes by virtue
of its confirmed physiological effects upon decreased
glucose production by the liver. Approved in Europe
in 1957, metformin has been used for decades as a safe
and efficacious medicine to manage the morbidity and
mortality associated with Type 2 diabetes and represents
a core component of new drug combination therapies
for diabetes [34,35] . It is, however, only recently that the
MOA by which metformin regulates glucose levels has
been revealed. In mouse hepatocytes, metformin leads to
the accumulation of AMP and related nucleotides, which
inhibit adenylate cyclase, reduces levels of cyclic AMP
and PKA activity, abrogates phosphorylation of downstream protein targets of PKA and blocks glucagondependent glucose output from hepatocytes [36] . These
new insights into metformin MOA will most likely pave
the way to development of novel antidiabetic drugs.
Further examples of approved drugs derived from
compound library screening in phenotypic models
were the molecular target of the drug is not known
include, daptomycin ( Figure 1, structure 2), a naturally
occurring antibiotic targeting cell membrane function
of Gram-positive bacteria to treat systemic and lifethreatening infections [37] . Pemirolast ( Figure 1, structure 3) is an antiallergic drug therapy that is proposed
to work through suppression of mast cell degranulation, histamine release and eosinophil activation,
although precise target mechanism remains to be confirmed [38] . Rufinamide (Figure 1, structure 4) is a tri-
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azole derivative used as an anticonvulsant/antiepileptic
medication to treat several seizure disorders including
Lennox–Gastaut syndrome [39] . The specific molecular
target or targets of rufinamide remain to be established.
These examples, described in Figure 1, serve to highlight that if target deconvolution was always a prerequisite for drug development, valuable treatments
for such serious human disorders would not have
been developed and would not progress the next generation of therapies for many of the most serious and
life-threatening conditions.
Sirolimus also known as rapamycin, (Figure 1, structure 5) is a macrolide derived from the bacterium,
Streptomyces hygroscopicus and discovered through PDD
to possess immunosuppressive, antifungal and anticancer
properties [40–42] . The National Cancer Institute (NCI)
Developmental Therapeutics Program demonstrated
that rapamycin inhibited cell growth in panels of tumor
cell lines [43] . Subsequent mechanistic studies indicated
that the MOA was mediated through inhibition of a serine/threonine protein kinase critical to cell growth, proliferation and survival, the subsequently named mammalian target of rapamycin (mTOR) [44] . Inhibition is
mediated through forming a complex between rapamycin bound FKBP12 with mTORC1 [45] . It is worth noting that while rapamycin has been clinically approved, it
violates the Lipinski rule of 5 defining optimal lead and
drug like properties and thus may never have been developed through a conventional small molecule drug discovery program. The development of rapamycin through
PDD and subsequent understanding of mTOR signaling
and the target of rapamycin within preclinical and clinical settings provided important target validation data to
support the development of several rapamycin analogs
known as rapalogs and second generation ATP-competitive mTOR kinase inhibitors targeting mTOR catalytic
activity associated with both mTORC1 and mTORC2
complexes [46,47] .
Recent examples of phenotypic screening
outcomes
We recently reported application of an iterative process consisting of ligand-based design and phenotypic
screening of focused chemical libraries to develop
novel antiproliferative inhibitors. The strategy employs
promiscuous kinase inhibitors as templates to design
high-quality small-molecule collections to facilitate the
concurrent search for enhanced physicochemical properties and novel pharmacological features. Using this
method, target deconvolution of identified hits and
leads is largely simplified (for example, focused kinome
screening), thereby assisting subsequent lead optimization campaigns [47] . The application of this strategy
resulted in the discovery of the first subnanomolar SRC
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inhibitor with 1000-fold selectivity over ABL [48] and
highly potent dual mTORC1 and mTORC2 inhibitors
(eCF309 – Figure 2, structure 6) with high selectivity over other family kinases [47] . A further example
of a highly selective kinase inhibitor derived from a
phenotypic screen is the allosteric inhibitor of MEK,
Trametinib ( Figure 2, structure 7), which was initially
identified by screening for increased mRNA expression
of the cyclin-dependent kinase inhibitor p15 and cell
proliferation [49] .
Modern high-content phenotypic screening assays,
which quantify specific functional endpoints, can also
be used to identify compounds with precise target
MOA such as the identification of novel Eg5 kinesin
inhibitors which induce the monopolar and monaster
phenotype [50] . Similar approaches were used to discover and confirm the MOA of second generation Eg5
kinesin inhibitors (AZD4877), which have progressed
into clinical development ( Figure 2, structure 8) [51,52] .
Olesoxime ( Figure 2, structure 9) was originally discovered by performing a screen of 40,000 small mol-

ecules in an in vitro cell-based assay to identify compounds capable of preventing motor neuron cell death
in the absence of trophic support [53] .
The historical exemplars of approved drugs discovered by PDD chosen (metformin, daptomycin,
pemirolast and rufinamide, Figure 1, structures 1–4)
highlight that clinically useful and safe medicines can
be developed without precise knowledge of the target
mechanism. Examples of approved drugs discovered by
PDD also serve to highlight that compound structures,
which lie out with conventional characteristics of drug
likeness can be proved effective in patients (rapamycin, Figure 1, structure 5). Further recent examples of
approved drugs discovered by phenotypic screening
demonstrate that highly selective targeted therapies can
be discovered by phenotypic screening. These examples include drugs targeting ubiquitously expressed
regulators of critical cellular functions such as protein
synthesis (mTOR inhibitors, eCF309, Figure 2, structure 6), MAPK/ERK signaling (trametinib, Figure 2,
structure 7), Eg5 kinesin and mitotic spindle assembly
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Figure 1. Compound structures of historical examples of drugs discovered by phenotypic drug discovery.
1: Metformin; 2: Daptomycin; 3: Pemirolast; 4: Rufinamide; 5: Rapamycin/sirolimus.
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(AZD4877, Figure 2, structure 8) and mitochondrial
function (olesoxime, Figure 2, structure 9). Such target
classes are unlikely to be prioritized by current drug
target review or translational funding committees
using conventional target selection criteria to support
investment in novel therapeutic targets. Thus, PDD
approaches have resulted in the development of many
clinically valuable drugs, which would not be developed by TDD programs. The recent examples, which
we highlight in Figures 1 and 2 represent a small number of drugs and drug candidates discovered by PDD.
For more comprehensive listings of drugs approved by
PDD, we direct readers to three recent review articles
providing in depth description on the origins of drugs
discovered by PDD [6,8,33] .
While the overwhelming development of modern targeted therapies has been derived from TDD
approaches, these recent examples highlight how
advanced phenotypic screening can efficiently direct
structure–activity relationships (SAR) and identify
novel chemotypes with high potency and selectivity.
The above examples further highlight how PDD and
TDD approaches complement one another and how
new opportunities for combining PDD and TDD
strategies are supported by more advanced phenotypic
screening, MOA profiling and target deconvolution
technologies.
Pitfalls of poorly designed phenotypic
screens & black box assays
The phrase ‘phenotypic screening’ is a broadly used
term to describe the extraction of quantifiable readouts of biological relevance from any cell-, tissue- or
organism-based system suitable for medium- to highthroughput chemical or functional genomic screening
in a target agnostic fashion. Phenotypic screens can
range from simplistic 2D cell line viability or reporter
assays/pathway screens to more complex multicellular,
3D and multiparametric assays. Phenotypic screening
is applied in both the industrial and academic research
settings to support functional genomic studies, discover novel candidate drugs and/or useful chemical
probes and pharmacological tools for further exploring
biology. Thus, analysis and debate on success and challenges of phenotypic screening and target deconvolution strategies must be placed into appropriate context
of the value and information provided by the primary
phenotypic screen. Traditional single endpoint cell viability and reporter-based cellular assays provide limited
information of drug MOA and thus limited opportunity to triage and precisely direct further development
of phenotypic hits prior to target deconvolution. Such
traditional phenotypic assays, which provide limited
mechanistic data, so called ‘black box’ assays may
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amplify phenotypic screening challenges and common
pitfalls such as, preferential selection of cytotoxic compounds, pan-assay interference compounds or PAINS
and sharp activity cliffs, which confound SAR studies. Such pitfalls can largely be avoided by development of information-rich phenotypic screening assays
such as multicellular co-culture assays to discriminate
phenotypic effect between distinct cell types or multiparametric high-content phenotypic profiling assays,
which provide more informative insights into cellular
pharmacology. Such high-content assays can classify
MOA based upon specific cell targeting or by phenotypic fingerprint similarity with compounds of known
MOA and target binding [54] . High-content screening
in co-culture assays incorporating target and nontarget
cell types may help guide hit selection and chemical
design away from toxicity toward enhanced efficacy
and novel target space within a single primary highthroughput phenotypic screen [55] . While many ‘black
box’ phenotypic assays represented the state-of-the-art
at the time of their development and have had many
notable successes in supporting the development of
novel drugs, including many of the examples described
in Figures 1 and 2. In contrast to modern high-content
phenotypic assays, ‘black box’ assays provide limited
opportunity to design screens, which guide selection of
hits and leads toward increased therapeutic index and
novel phenotypic and target space.
Several review articles, editorials and commentators
also suggest that phenotypic screening may help reduce
high attrition rates observed during late-stage clinical
development specifically the high failure rate observed
during Phase II clinical trials resulting from lack of
efficacy [4,56,57] . However, the ability of a phenotypic
screen to reduce attrition from poor efficacy is directly
related to the ability of the primary phenotypic screening assays and any secondary phenotypic assays used
for hit selection to predict clinical outcomes. For many
complex diseases it is unlikely that the primary screen
will recapitulate the full complexity of human disease.
Thus, phenotypic screening assays must be developed
that ask specific clinical questions or recapitulate key
segments of disease pathophysiology to inform subsequent decision-making and effectively guide the next
stages of preclinical development and validation. This
approach is supported by recent advances in cell-based
assay methodology and technologies. Examples in the
oncology area include techniques for culturing glioma progenitor cells representing the cancer stem cell
niche [58] , 3D tumor and fibroblast co-culture organotypic assays, which recapitulate the dense fibrosis and
poor drug penetration of poorly vascularized tumors [59]
and 3D tumor spheroid cultures, which recapitulate
the hypoxic and host cell stromal microenvironment
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of many tumors [60] . Screening phenotypic hits across
suites of such assays raises the bar with regard to early
assessment of the clinical relevance of hit and lead compounds, and also informs subsequent preclinical and
clinical development strategies. Ongoing advances in
IPSc, gene editing and microfluidic technologies support the development of more physiologically relevant
assays across disease areas further advancing more
robust approaches to prioritizing phenotypic hits.
Challenges in target deconvolution
An emerging simplistic view of phenotypic screening is
that it is an effective strategy for identification of new
therapeutic targets from physiological-based models to
feed TDD. However, as discussed above, it is unlikely
that a primary phenotypic screening assay by itself will
predict clinical efficacy and it is also unlikely that initial
chemical hits from a large chemical library phenotypic
screen will have sufficient potency or selectivity to support rapid and robust target deconvolution. Caution
should, therefore, be taken to ensure that poorly designed
phenotypic screening and target deconvolution strategies
do not create expensive new drug discovery bottlenecks
in target deconvolution and further investment of significant chemistry resources on poorly validated targets.
As discussed below, target deconvolution is a challeng-

ing and expensive endeavor with limited success rates,
we therefore propose that the pathway from phenotypic
screening to target deconvolution should not directly follow one another. Rather phenotypic hits should be carefully triaged through increasingly more complex and
disease relevant secondary phenotypic assays to build
further confidence in the translational potential of the
phenotypic hit. Further panel screening across in vitro
toxicity assays, physiologically relevant assay formats
and phenotypic profiling against reference compound
libraries will help select the most novel and desirable
compounds for target deconvolution. Further experimental medicine studies, including transcriptomic and
proteomic analysis, across genetically defined cell assays
to prioritize biomarker and drug combination strategies
support subsequent chemical optimization using specific pathway reporter assays, target deconvolution and
preclinical development. This more in-depth biological
investigation will then shift the PDD bottleneck from
target deconvolution toward increased disease relevance,
novelty, safety and hopefully improved efficacy and drug
discovery productivity.
Target deconvolution
Following careful triaging and selection of high-value
lead compounds identified by PDD, a number of dis-
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Figure 2. Compound structures from recent examples of phenotypic drug discovery and modern phenotypic
screening. 6: eCF309; 7: Trametinib; 8: AZD4877; 9: Olesoxime.

10.4155/fmc-2016-0025 Future Med. Chem. (Epub ahead of print)

future science group

Next-generation phenotypic screening

tinct and complementary target deconvolution strategies can be employed (Box 1) . Many early target deconvolution studies relied heavily upon affinity-based
chemical proteomics approaches which have demonstrated success in identifying targets for a variety of
novel inhibitors including hedgehog pathway, bromodomain and N-acetyltransferase inhibitors derived
from phenotypic screens [18–20] . However, despite such
examples of clear target deconvolution success stories,
affinity-based chemical proteomics are often hampered
by nonspecific binding of proteins [61–63] . The recent
development of publicly available databases characterizing nonspecific protein binding contaminants associated with affinity-based proteomics methods attempts
to address the background noise associated with affinity-based proteomics [62] . Competition assays were parent compound is preincubated with cell lysates prior
to adding the conjugated affinity capture compound
have been developed to determine nonspecific binding
to affinity capture reagents and can be combined with
databases describing common background contaminant profiles to increase confidence in identifying specific drug-target interactions [61,62] . Such approaches,
however, do not completely resolve the issue of nonspecific binding, and affinity-based chemical proteomics
is limited to providing lists of potential target binders rather than conclusive evidence of which target is
responsible for the phenotypic response, thus further
target confirmation studies are required. Several new
and complementary target deconvolution strategies are
rapidly emerging (Box 1), although no target identification method provides conclusive evidence of which
target is responsible for the complete pharmacological profile of a compound. The application of distinct
target deconvolution methods (Box 1) combined with
other MOA profiling tools may provide strong corroborative evidence to prioritize target hypothesis,
which may be responsible for phenotypic response.
However, validation of target hypothesis will only be
confirmed through further biochemical and cell pharmacology studies. Established and emerging target
deconvolution strategies have been reviewed in depth
elsewhere [64,65] and so will not be covered in further
detail here; however, we do highlight the latest trends
in target deconvolution strategies in Box 1.
Mechanism-of-action profiling
A critical success factor in any drug discovery project
is the understanding of candidate drug MOA within
complex and physiologically relevant biological settings. Several new technologies enable rapid MOA
profiling in complex cell models at genetic, proteomic
and phenotypic levels at scale. Such higher throughput
MOA profiling can facilitate the selection of appropri-
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ate phenotypic hits to take forward the further preclinical development, identify new assay endpoints
and biomarkers to support early hit-to-lead chemical
optimization, provide corroborative evidence for target deconvolution studies and support further preclinical development and translation toward clinical
studies with or without conclusive target identification. Recent advances in MOA profiling technologies
include: high-throughput gene transcription profiling, pathway profiling at the post-translational level
and high-throughput phenotypic imaging and image
informatics [15–17,66] . The latest developments and
application of these approaches in PDD are described
in further detail in the following sections.
High-throughput gene transcription
profiling
Gene transcription-based profiling approaches using
whole genome expression arrays provide a comprehensive overview of gene activity in biological samples.
Common applications of gene expression arrays include
genome-wide differential expression studies, disease
classification and drug MOA analysis. The concept
of using gene transcription profiling to elucidate drug
MOA and deconvolve therapeutic targets was first
applied by Hughes et al. who created a compendium
of 300 yeast deletion strains and associated transcription profiles [27] . By correlating similarity of transcription profiles from drug-treated cells with those derived
from each individual yeast deletion they identified the
C-8 sterol isomerase, ERG2 as the target for the anesthetic Dyclonine [27] . To progress a more systematic
comparative bioinformatics analysis of gene expression
profiles, the Connectivity Map concept and public
repository of transcription profiles was developed [14] .
Connectivity Map combines a catalog of gene expression profiles from large panels of compound perturbed
samples with computational and statistical methods to
support similarity profiling of gene expression patterns
to infer compound MOA [14,67] . As a proof-of-concept
study, connectivity map gene expression profiling
was applied to identify the MOA of the compound,
Gedunin, identified as a hit from a screen for androgen receptor inhibitors. Gene transcription profiles
of LNCaP prostate cancer cells treated for 6 h with
Gedunin were used to query the Connectivity Map
database, which identified high similarity with multiple HSP90 inhibitors; subsequent studies further support Gedunin as an inhibitor of HSP90 function [14] .
The Connectivity Map approach has proven particularly useful for discovering the MOA of natural products from traditional remedies. A recent example used
Connectivity Map to identify the MOA of Berberine,
an isoquinoline alkaloid used in traditional Chinese
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herbal medicine and which has demonstrated anticancer properties in phenotypic assays [68] . Transcription
profiles of HepG2 cells treated with Berberine for 4 h
demonstrated similarity with gene expression profiles
of the protein synthesis inhibitor cycloheximide as well
as several mTOR and HSP90 inhibitors. Subsequent
cellular pharmacology studies demonstrated that Berberine inhibits protein synthesis, Akt activity but not
mTOR activity and induces AMPK-mediated endoplasmic reticulum stress and autophagy [68] . Therefore,
in this case, the initial application of Connectivity
Map and gene transcription similarity profiling identified mechanistically similar compounds with known
target activities to guide subsequent studies to further
elucidate the MOA of Berberine.
Recent technical advances in gene expression profiling include the development of higher throughput
and low-cost gene-expression methods such as the
L1000™ platform. L1000™ Expression Profiling is
based upon the rapid quantification of a reduced number of landmark transcripts in 384-well plate format
and a computational model to infer expression across
the genome [15] . The L1000TM technology underpins
the Library of Integrated Cellular Signatures (LINCS)
NIH program, which funds the generation of perturbed gene expression profiles across multiple cell
and perturbation types supporting drug MOA profiling at scale [15,69,70] . While gene transcription profiling has proven effective in elucidation of compound
MOA, success is dependent upon the use of appropriate biological assays where the relevant target pathway
for any given compound is activated. A further dependency is the cross referencing to a comprehensive and
well-annotated reference set of compound signatures
also generated under appropriate biological context.
An alternative approach to inferring MOA from gene
expression signatures is the comparison of drug sensitivity/phenotypic response across large panel of cells
with their basal gene expression profiles. A recent study
used correlation-based analyses to associate the sensitivity of 481 compounds tested across 860 human cancer
cell lines with the basal gene expression profile of each
cell line [69] . The study included 115 small molecules
of unknown mechanism with the aim of identifying
novel targets for these compounds; correlation analysis
was focused on single-transcript correlation outliers to
prioritize potential target hypothesis [69] . Cancer cell
sensitivity to the compounds BRD5468 and ML239
correlated with high expression of the monoglyceride
lipase MGLL and the fatty acid desaturase FADS2,
respectively [69] . Treatment with the MGLL inhibitor,
JZL184 or shRNA knockdown of MGLL attenuated
the cytotoxicity of BRD5468 and FADS2 knockdown
and cotreatment with the selective FADS2 inhibitor
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SC-26196 reduced ML239 cytotoxicity [69] . These
studies demonstrate that correlation of drug sensitivity profiles with basal gene expression patterns across
large cell panels can reveal specific target hypothesis. An advantage of correlating transcription profiles
across large panels of cells is the ability to distinguish
between distinct transcript correlations with drug sensitivity from coregulated transcripts thereby prioritizing the most likely targets. However, limitations of this
approach include the prerequisite for compounds that
display distinct sensitivity across cell panels, which also
display differential gene expression patterns and confounding correlation with mechanisms of metabolism
or indirect regulators of compound sensitivity. Indeed
the analysis by Rees et al. demonstrated that for 57% of
the compounds tested, no significant correlation with
any target could be detected [69] . Despite the recent
advances in transcription-based profiling technologies, the costs associated with such analysis limit highthroughput application to larger compound sets and
dose–response and temporal studies. Transcriptionbased profiling may also only reveal the downstream
effects of compound exposure rather than the direct
therapeutic targets.
Pathway profiling across panels of primary
cell-based assays
Profiling compound response at the post-translational
pathway level across panels of primary cells and pathway targets has also demonstrated success in determining drug MOA, confirming selectivity, identifying
toxicity liabilities and guiding SAR [71] . For example
the BioMAP® – Human Primary Cell Phenotypic
Profiling Services provided by DiscoverRX consists
of panels of primary human cell-based assay systems,
a database of reference compound profiles, and computational data mining and analysis tools to support
drug MOA analysis [72] . The comparison of BioMAP
profiles from testing of two p38MAPK inhibitors,
PD169316 and SB203580 revealed activity features
unique to SB203580 including inhibition of VCAM-1,
E-selectin, IL-8 and P-selectin expression [71] . To further explore the structural determinants of the unique
activities of SB203580, the BioMAP profiles of several well-studied p38MAPK inhibitors and SB203580
analogs were generated for comparison. These studies
reveal that many of the unique activities of SB203580
represent secondary off-target activities independent of
catalytic activity [71] . The BioMAP approach is applicable to large numbers of compounds tested across
dose–response and time–series studies supporting
precise SAR studies upon pathway responses. While
the assays and core pathways tested represent highly
sensitive readouts for multiple biological mechanisms,
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the biological space covered will not be appropriate for
elucidating the MOA of all molecules.
Reverse phase protein microarray
Reverse phase protein microarray (RPPA) represents
a highly sensitive and quantitative high-throughput
antibody-based proteomics methodology for measuring
abundance of multiple proteins and phospho-proteins
across large sample sets [73] . Key applications of RPPA
include, dynamic pathway profiling at the post-translational network level following chemical or genetic perturbation, screening modulators of key pathway markers
and protein biomarker discovery in clinical and preclinical studies [73–75] . Recent advances in RPPA technology
include more sophisticated sample handling, quality control, better quality affinity reagents and optical
detection, including planar waveguide detection systems
providing femtomole to zeptomole sensitivity in protein analyte detection in formats suitable for mediumthroughput applications [76] . The development of ultrasensitive RPPA facilitates large-scale multiplex analysis
of multiple post-translational markers across small samples from in vitro, preclinical or clinical biopsies. Thus,
RPPA technology is particularly suited to proteomic
analysis of miniaturized assay formats of a few thousand
cells from an individual well of a microtiter plate and
microfluidic devices. Similar to the BioMAP and geneexpression approaches, multiple pathways can be monitored across large sets of assay panels and RPPA profiles
compared with reference compound can help predict
MOA and triage common/nonnovel pathway inhibitors
or highly promiscuous pathway inhibitors with toxic liabilities. Retrospective analysis of esophageal adenocarcinoma patients who were also under treatment with metformin (Figure 1, structure 1) for diabetes demonstrated
a better response to chemoradiation therapy compared
with patients who were not receiving metformin [77] .
However, the MOA of metformin in esophageal cancer was unknown. RPPA analysis applied to esophageal
cancer cells treated with metformin revealed inhibition
of PI3K/mTOR signaling pathway, which correlated
with reduced cell growth and increased apoptosis [78] .
In a similar approach, a Danish study comparing recurrence rates for breast cancer between Simvastatin users
and nonusers demonstrated a significant reduction in
recurrence rates in the statin users [79] . RPPA analysis of
triple-negative breast cancer cell lines following Simvastatin treatment demonstrated decreased phosphorylation of FOXO3a. Subsequent knockdown of FOXO3a
attenuated the effect of Simvastatin on mammosphere
formation and migration [80] . Corilagin has recently
been identified as a major active component in a wellknown herbal medicine (Phyllanthus niruri L.) with
antitumor activity although the antitumor mechanism
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has not been clearly defined. RPPA analysis of a panel of
ovarian cancer cell lines treated with Corilagin demonstrated inhibited activation of canonical Smad and noncanonical ERK/AKT pathways, which correlated with
inhibition of TGF-β secretion and TFG-β pathway
activation [81] . Similar to correlation of drug sensitivity across cell panels with basal gene expression profiles,
drug sensitivity across cell panels have also been correlated with basal protein levels and pathway activation
states by RPPA to identify both MOA and mechanismof-resistance [82,83] . Correlation of sensitivity of a panel
of small-cell lung cancer lines treated with the PARP
inhibitor BMN 673 with RPPA analysis indicated the
compound sensitivity is associated with elevated baseline expression levels of several DNA repair proteins [83] .
This study identified a novel ‘DNA repair score’ consisting of a group of 17 DNA repair proteins, which predict sensitivity to BMN 673 [83] . Small-cell lung cancer
insensitivity or resistance to BMN 673 correlated with
baseline activation of the PI3K/mTOR pathway identifying a potential drug combination hypothesis [83] .
While the majority of exemplar studies describing RPPA
applications in drug MOA analysis have been applied to
late-stage drug candidates or approved drugs, many of
which have come from target-directed drug discovery,
the success of this approach indicates that it will also be
a useful method for uncovering the MOA of hits and
lead compounds derived from phenotypic screens. A significant advantage of antibody-based proteomic profiling approaches is that they can help identify translatable
pharmacodynamic or predictive biomarker reagents to
guide appropriate preclinical proof-of-concept studies
and clinical development strategies of drug candidates
with or without conclusive target deconvolution.
High-content image-based multiparametric
phenotypic profiling
Advances in automated microscopic image acquisition and image analysis tools enable the extraction of
functional phenotypic endpoints from complex assay
formats including 3D and co-culture models. Integration of high-throughput imaging assays with new
image informatics resources enable high-throughput
phenotypic profiling and classification of MOA across
multiple assays, dose–response and time–series studies. We outline below the development in high-content
imaging and image informatics methods and the new
opportunities they present to phenotypic screening.
Evolution of high-content imaging
& image informatics methods applicable to
phenotypic screening
The rapid development of automated microscope platforms has enabled the ability to generate tens of thou-
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sands of images a day on a single platform supporting
medium- and high-throughput image-based phenotypic screening. With image analysis software capable
of extracting several hundred measurements per cell
from these images, researchers can detect and quantify subtle phenotypic changes that would otherwise
be missed with the naked eye or from a single endpoint assay. These developments have stimulated a new
field of biological profiling in cell-based assay systems
called high-content analysis [9,84] . However, due to the
high-dimensional nature of the high-content datasets,
tried-and-tested methods to determine hits and guide
SAR developed in TDD are no longer applicable.
This means new methods for hit selection and triaging are required, and with the parallel developments
in machine learning and other quantitative fields there
are many options open to researchers.
Image-based phenotypic measurements can be
recorded on two levels: an average of whole-well/-cell
population measurements or individual cell measurements. Whole-well measurements are less computationally intensive and easier to obtain and can prove
useful when individual cell segmentation is not feasible. Measurements taken from individual cells can be
much more detailed, such as individual cell areas or
number of organelles per cell. However, individual cell
measurements generate large datasets that can become
unwieldy and difficult to analyze without significant
computing power and data handling pipelines. Therefore, many image-based phenotypic assays use well or
population averages of data obtained from individual
cell measurements, describing the mean or median cell
within each image. While this reduces the amount of
data, and allows for more simple analyses, calculating
a population average removes any information about
heterogeneity or possible phenotypic subpopulations.
In instances of two equal sized subpopulations, a well
average phenotypic measurement may be a representative of few cells within that image and thus does not
accurately record phenotypic response across the cell
population. A method to quantify cellular heterogeneity within cell populations has recently been suggested
based on three simple statistic procedures: percentage
of outliers; the Kolmogorov–Smirnov (KS) test of normality; and quadratic entropy. This method can then
be used to classify a cellular population according to
the type of heterogeneity observed [85] .
The development of such cellular subpopulation
analysis methods is important as the origins behind
heterogeneity within clonal populations are not wellunderstood and the diverse response to therapeutics can
be a driver underlying clonal selection, a well-known
contributor to the evasion of anticancer therapeutics
observed in many tumors. New methods calculating

10.4155/fmc-2016-0025 Future Med. Chem. (Epub ahead of print)

heterogeneity and the impact of pharmacological intervention upon heterogeneous cell populations are thus
especially relevant to anticipating therapeutic response
and monitoring evolution of the disease in response to
treatment within complex tumor microenvironments.
Several studies have also reported that the expression of
specific transcription factors associated with stem cell
pluripotency are expressed in a heterogeneous fashion
in embryonic stem cell cultures. For example, approximately 80% of embryonic stem cells express Nanog,
while 10–20% do not [86] . Stem cell heterogeneity and
conversion between distinct pluripotent or differentiated stem cell fates also impact upon therapeutic areas
dependent upon endogenous stem cell differentiation
and reprogramming such as tissue regeneration and
repair. The evolution of image-based methods monitoring cell heterogeneity and classification of subpopulation responses at the single-cell level support the
development of more complex and clinically relevant
heterogeneous and multicellular models for automated
cell-based screening. However, the challenge remains
in how to distill such complex multiparametric data
to enable key decision-making. Advances in the fields
of multivariate statistics and machine learning offer
potential solutions.
Development of multivariate high-content
methods to predict compound MOA
In 2004, Perlman et al. published a landmark paper
describing the use of compound ‘fingerprints’ derived
from phenotypic measurements. It was shown that
compounds with known similar MOA exhibited similar phenotypic fingerprints [17] and this could be used
to predict the MOA of unknown compounds by their
similarity to that of known compounds. In order to
create the compound fingerprints a modified KS test
was developed to compare the distribution of every
measurement against the same measurement for the
negative control, producing a list of numbers for each
compound [87] . These vectors were aligned to other
compound vectors in order to maximize correlation
to account for differences in potency across ranges of
concentrations. The pairwise Euclidean distance was
calculated to create a similarity matrix between all
the tested compounds; following hierarchical clustering, compounds with similar MOA were found closely
aligned to one another. This was the first published
demonstration that image-based phenotypic information proved descriptive enough to discern compounds
from one another [17] . Further development on multiparametric phenotypic assays combined with different
compound profiling methods utilizing multivariate statistics, machine learning and artificial neural networks
have steadily evolved [88–92] . In a recent study, 2725
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compounds were profiled in a multiparametric highcontent assay measuring phenotypic effects upon the
nucleus, cytoplasm, endoplasmic reticulum, golgi and
cytoskeleton of the U2OS osteosarcoma cell line [54] .
The high-content phenotypic fingerprints subsequently
generated were used to cluster mechanistically similar
compounds using the Markov Clustering Algorithm
and then each compound cluster was analyzed for
enrichment of individual targets and gene sets to facilitate MOA analysis [54] . Individual target annotations
for compounds were obtained from public and commercial drug target databases such as, ChEMBL, Drugbank, GVK (GOSTAR), Integrity and Metabase. Gene
set enrichments were obtained from the following databases: Biosystems, Metabase, Integrity, Metabase pathway-derived gene sets (Metabase noodles) and Gene Go
Ontologies [54] . Two compounds, 6-[6-(diethylaminopyridin-3-yl]-N-[4-(4-morpholinyl)phenyl]-9H-purin2-amine and Silmitasertib clustered with each other
and a collection of other compounds inducing similar
phenotypic response. In contrast to the majority of
compounds in this cluster, which were associated with
gene sets enriched in PI3K/Akt/mTOR, the previously
described Jak3 inhibitor, 6-[6-(diethylaminopyridin3-yl]-N-[4-(4-morpholinyl)phenyl]-9H-purin-2-amine
and the Casein kinase II inhibitor, Silmitasertib had
not previously been associated with direct inhibition of
PI3K/AKT/mTOR pathway targets. Subsequent biochemical analysis revealed 6-[6-(diethylaminopyridin3-yl]-N-[4-(4-morpholinyl)phenyl]-9H-purin-2-amine
inhibited 3-phophoinositide-dependent protein kinase
1 (PDPK1), a component of PI3K/AKT/mTOR signaling and Silmitasertib inhibited mTOR and PI3K-α
with IC50 of 390 nM and 461 nM, respectively [54] .
These studies demonstrate that novel compound–target associations can be identified from image-based
multiparametric high-content profiling. In contrast to
transcription or post-translational pathway profiling
methods (BioMAP and RPPA) previously discussed,
multiparametric high-content profiling assays can
run in high-throughput across arrayed whole genome
screens, large chemical libraries and compound profiling studies incorporating dose response and time series
if necessary.
Integrating phenotypes & SAR to predict
MOA
The study of SAR by the generation and screening of
compounds with similar chemical structures, is one of
the fundamental methods used by medicinal chemists
to determine which structural motifs are required for
inducing a biological effect on a particular protein, cell
or organism. In principle, compounds with analogous
chemical structures often bind to the same or similar
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protein targets, a principle that is used to develop derivatives with improved drug metabolism and pharmacokinetic (DMPK) properties, and as Perlman et al. demonstrated, compounds with similar MOA produce similar
phenotypes. Young et al. then filled the gap in this reasoning by investigating if compounds with comparable
chemical structures produce similar phenotypes [87] .
They screened HeLa cells with a small molecule compound library and performed factor analysis on 36
features to produce a fingerprint for each compound,
with which a pair-wise similarity matrix was created by
the cosine distance between phenotypic fingerprints.
In order to determine the similarity between chemical
structures, they defined the molecular structure through
radial atom neighbors and a structure similarity matrix
was constructed through Tanimoto distances between
the compounds. The two similarity matrices, one for
phenotype and one for chemical structure, were clustered by phenotypic similarity, which revealed distinct
phenotypic clusters that matched up to distinct groups
of structurally similar compounds [87] . Performing SAR
studies in cell-based phenotypic assays is significantly
challenged by the fact that effects of compound modulation upon phenotypic activity are multifactorial, influenced not only by target engagement, but also cellular
permeability (cLogP/D-mediated), subcellular distribution, cell transport mechanisms, membrane interactions
and off-target activities. These issues increase the likelihood of obtaining sharp activity cliffs, which hinder
directional SAR studies contributing to more complex
and lengthy medicinal chemistry programs. In the
study by Young et al., it was found that small changes
in chemical structure were associated with large phenotypic differences indicating that sharp chemical activity cliffs are retained in information-rich high-content
screening data [87] . Further biological investigation into
the distinct multiparametric profiles obtained between
chemically similar analogs may reveal the underlying
causes of activity cliffs. For example, multiparametric
high-content analysis can help diagnose if loss of activity is a consequence of reduced potency on a specific
target mechanism, impaired distribution and influence
within specific subcellular compartments or completely
distinct MOA indicative of new off-target activities.
Thus, high-content analysis supports a more in-depth
cellular pharmacology approach to guiding subsequent
chemical library design from initial phenotypic hits.
High-content imaging quality control/assay
standards
To gain meaningful results from any screen, including
phenotypic-guided SAR, assay quality control is critical. For many, the lack of reliable metrics to determine
assay robustness, such as the z-factor in high-throughput
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biochemical screens [93] is a deterrent for widespread
adoption of multiparametric high-content methods in
industrial drug discovery. Despite criticism of the inappropriate use of the z-factor in high-content studies by
many groups, there is still not a universally accepted
replacement. Any metric suggested has to address three
primary concerns: ability to work with multivariate data;
assay independence; and ease of implementation and
interpretation. Many attempts to develop such a method
have used the z-factor as their basis [94,95] , although none
have addressed all the issues or gained widespread adoption. The same principles apply for identifying phenotypic endpoints to guide SAR. Feature extraction and
selection methods can reduce the data to a single value
analogous to an IC50 to guide chemical design toward
specific areas of phenotypic space. Successful implement
of such phenotypic-guided SAR is, however, critically
dependent upon reproducible assay formats, appropriate feature extraction and selection methods and deep
biological insight to ensure phenotypic features guide
chemical design toward desired outcomes. The use of
open datasets, such as the Broad Bioimage Benchmark
Collection [96,97] enables researchers to compare image
analysis and informatics methods on a common collection of annotated images, allowing iterative improvement
of methods through collaboration and the replication of
results. Further collaborative initiatives to develop common standards for HCS and image analysis methods

will promote further adoption and stimulate cross-collaboration between both academic and industrial groups
to advance the field of high-content image-based phenotypic screening and profiling.
Conclusion
To date, the majority of phenotypic screening assays that
have been implemented in chemical or si/shRNA library
screening campaigns and examples of compounds and
drugs developed through PDD strategies have used
simple biological models and assay readouts. Historical
success of PDD combined with acceptance of a significant contribution to recent drug approvals has stimulated renewed interest in PDD strategies. In this article,
we describe limitations of traditional PDD approaches
and highlight solutions and new opportunities for PDD
presented by recent advances in assay development and
image-based screening technology. With new advances
in precise gene editing technologies such as CRISPRcas9, primary patient-derived cell culture, IPSc differentiation combined with multiparametric high-content
phenotypic profiling, all advance the applications of
phenotypic screening under more relevant and welldefined biological contexts. We propose that further
development and adoption of new phenotypic assay
technologies are well-placed to advance a new era of
next-generation phenotypic screening contributing to
both PDD and TDD success rates.

Multiparametric HCA:
Genetically distinct or edited cell panels

Analysis: CellProfiler (340 features)

High-throughput proteomics (RPPA)

Genetic:
– Gene expression arrays
– Next-generation sequencing
Figure 3. Integration of high-content multiparametric phenotypic profiles with proteomic and genetic datasets.
Representative displays of multiparametric cell morphometry analysis using optimized cell staining and CellProfiler
image-analysis protocols followed by correlation of distinct drug-induced phenotypes between cells with
molecular data at post-translational and genetic levels. Application of these methods support understanding of
drug mechanism of action; identification of resistance mechanisms/pathways to guide biomarker discovery; novel
drug combination hypotheses and high-throughput pharmacogenomics incorporating more complex phenotypes
across disease areas and across advanced multicellular or 3D models.
RPPA: Reverse phase protein microarray.
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Future perspective
Despite over 10 years of research carried out with highcontent phenotypic screening, the majority of studies
have focused their efforts on a small selection of established cell lines, picked primarily due to amenable cell
culture propagation and imaging properties rather than
relevance to human disease. The reasons behind this
are understandable, as cost and speed represent important criteria in medium- to high-throughput screening
projects. Thus, selection of cell lines, which can be rapidly bulked up and accurately and reliably segmented
into 2D cell culture assays using readily available image
analysis methods, are attractive. An important advantage of image-based high-content screening over other
screening platforms is the ability to extract functional
endpoints from more complex in vitro assays, which
extend beyond simple 2D cultures and may include
3D multicellular tissue models and small model organism screens, which exploit more complex biology. The
development and adoption of more complex in vitro
assays may benefit PDD in several ways:
•

Application of assays which more accurately represent disease pathophysiology thus contributing to
improved translation and clinical success rates;

•

Identify novel target space including unbiased
identification of novel target classes, which are not
currently being pursued by drug discovery groups;

•

Identify targets with more relevant functional validation, increasing confidence in target hypothesis
to justify subsequent TDD investments;

•

Review

Recapitulate intact autocrine, paracrine and juxtacrine pathway signaling networks supporting
discovery and development of novel multitargeted
therapies and combination approaches.

The primary goal of PDD is to identify small molecules that beneficially modify a disease-associated
phenotype, selecting a single cell line to model the
disease can, however, prove risky. As demonstrated
in cystic fibrosis disease models, there is little overlap
between compounds that show efficacy in correcting
the CFTR trafficking defect when the mutant CFTR
protein is expressed across multiple cell lines [98] . This
should lead us to question how well we place our trust
in conclusions drawn from an experiment modeled in
a single cell line. Application of high-content screening across genetically distinct primary cells or precise
CRISPR-cas9 gene-edited cell panels can help elucidation of drug MOA by linking phenotype to genotype
and also stimulate biomarker and drug combinations
studies (Figure 3) [69,99] .
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Executive summary
Background
Historical examples of drugs discovered by phenotypic screening
• Approved drugs with unknown target mechanism.
• Recent examples of modern phenotypic screening outcomes, including development of highly potent and
selective targeted agents.
• Pitfalls of poorly designed phenotypic screens/black-box assays.
• Challenges in target deconvolution.
• New approaches in target deconvolution.
• New approaches in mechanism-of-action determination (genomic profiling, proteomics and high-content
analysis).

Evolution of high-content imaging & image informatics methods applicable to phenotypic screening
• Early multiparametric high-content methods for compound classification.
• More advanced image analysis and image informatics, including integration of multiparametric phenotypic
fingerprints with chemical similarity.
• Current limitations in high-content analysis and high-throughput image informatics.

Future perspective
• New disease models, incorporating 3D assays, induced pluripotent stem cell and gene editing technologies.
• New opportunities for application of phenotypic screening across genetically distinct/gene-edited cell panels
linking phenotype to genotype to support high-throughput genomics and personalized healthcare strategies
in new disease areas.
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