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Abstract: 
 
 
Conventional thinking in modern drug discovery postulates that the design of highly selective 

molecules which act on a single disease-associated target will yield safer and more effective 

drugs. However, high clinical attrition rates and lack of progress in developing new effective 

treatments for many important diseases of unmet therapeutic need challenge this universal 

hypothesis.  This assumption also impinges upon the efficiency of target agnostic phenotypic 

drug discovery strategies, where early target-deconvolution is seen as a critical step to 

progression of phenotypic hits. In this review we provide an overview of how emerging 

phenotypic and pathway profiling technologies integrate to deconvolute the mechanism-of-

action of phenotypic hits. We propose that such in-depth mechanistic profiling may support 

more efficient phenotypic drug discovery strategies which are designed to more appropriately 

address complex heterogenous diseases of unmet need. 
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Significance: 
 
This article describes recent developments in high content imaging, high throughput 

transcriptomic and antibody-based proteomic technologies which enable a less reductionist 

approach to understanding drug mechanism-of-action in complex biological systems. We 

describe how these technologies can integrate with each other and emerging computational 

tools including Artificial Intelligence and Machine Learning (AI/ML) approaches to annotate 

small molecule compounds with rich mechanistic information at phenotypic and pathway 

network levels at scale. We propose that such approaches may relieve the bottleneck in target 

deconvolution of hits identified from phenotypic screening assays and triage the most proming 

compounds for subsequent preclinical development and/or further target deconvolution 

studies. We further suggest that such phenotypic and pathway profiling of compound 

mechanism-of-action embraces the complexity of heterogenous diseases of unment need and 

represents a more appropriate approach to triaging phenotypic screening hits rather than 

reductionist target centric profiling. The methods and approaches described are largely agnostic 

to target class and disease area and have widespreasd applicability to innovating drug discovery 

beyond common therapeutic target classes. These approaches also support the discovery and 

development of multi-targeted therapeutics and drug combination approaches to target multiple 

pathway redundancies and rapid disease evolution which limits efficacy of targeted therapies 

in many complex disease areas of unmet need. We describe how these multidisciplinary 

approaches convergence into an effective operating model for discovery, validation and 

prioritization of novel therapeutic candidates based on robust experimental evidence obtained 

from appropriate biological systems.   
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Introduction: 

Despite the many remarkable successes of modern target-based drug discovery (TDD) 

technologies, recent analysis of drug approval rates between 2003-2011 indicates that attrition 

rates during clinical development continues to increase (Hay et al., 2014). Across all human 

therapeutic areas approximately 10% of drug candidates which undergo initial clinical 

evaluation are successful in obtaining regulatory approval (Hay et al., 2014), highlighting the 

inefficiency of preclinical drug discovery to predict clinical success. These limitations of 

contemporary drug discovery strategies are brought into sharper focus when specifically 

considering diseases of unmet therapeutic need. The list of unmet therapeutic areas includes 

many of the most common human neurological disorders and several cancer indications 

(Scavone et al., 2019). The failure to develop any effective new treatment options for these 

diseases over the past 30 years further highlights current limitations of TDD and the urgent 

need to consider alternative strategies and a less conventional drug discovery philosophy to 

tackle diseases of unmet therapeutic need.  

 

Advances in next generation sequencing (NGS) have revealed remarkable molecular 

heterogeneity in underlying disease mechanisms within and between patients for many disease 

types. Thus, the conventional “one disease - one target - one drug” approach grossly 

oversimplifies disease mechanisms, which are in fact driven by complex signalling networks 

within the biological interactome (Aguirre-Plans et al., 2018; Hopkins, 2008). Understanding 

target biology and drug mechanism-of-action (MOA) within a disease relevant context is 

becoming realized with new advances in human cell-based phenotypic assay technologies 

integrated with advances in molecular biology, genomics, proteomics, and computational 

biology to advance the fields of network pharmacology and emerging phenomics drug 

discovery (Hopkins, 2008; Wang et al., 2013; Warchal et al., 2016; Zhao and Iyengar, 2012). 
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These advances are revealing phenotypic and pathway network robustness and plasticity 

indicating that highly selective compounds may exhibit weak clinical efficacy for complex 

diseases relative to multitarget drugs or drug combinations. Indeed, many effective drugs act 

via modulation of multiple proteins resulting from polypharmacology rather than via their 

primary indicated targets (Ericson et al., 2008; Lim et al., 2016; Lin et al., 2019). 

 

TDD is complemented by phenotypic drug discovery (PDD) strategies which have recently re-

emerged as a valuable drug discovery approach (Moffat et al., 2014; Swinney and Anthony, 

2011). 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. PDD offers some advantages over target-based methods, mainly 

because it allows the discovery of hits and leads in complex biological systems, with intact 

pathway signaling mechanisms, designed to more closely model distinct disease states. The 

renewed interest in phenotypic screening may be attributed to several factors including: 

Increased demand to expand novel drug target space to feed TDD platforms; Ongoing unmet 

therapeutic need in many complex human conditions where target biology is poorly 

understood; Demonstrative success of PDD in the development of novel, first-in-class, small-

molecule drugs (Eder et al., 2014; Moffat et al., 2014; Ratni et al., 2018; Swinney and Anthony, 

2011) and the convergence of new advances in cell-based screening, target deconvolution and 

computational analysis. 

 

However, a potential disadvantage of PDD is the challenge of target deconvolution. Target 

deconvolution describes the conclusive association of a pharmacologically perturbed 

phenotype to modulation of a specific cellular or extracellular molecular target. While target 

deconvolution is not a pre-requisite for progressing candidate drugs from phenotypic screens 
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into late-stage preclinical or even clinical development (Han et al., 2018; Moffat et al., 2017; 

Vincent et al., 2020), the preference of many drug discovery groups, funders and investors is 

to identify the target. Advances in the field of chemical proteomics and development of new 

experimental tools has significantly advanced our ability to determine protein targets 

underlying hits from phenotypic screens (Warchal et al., 2016) (Comess et al., 2018). However, 

many target deconvolution methods assume that a phenotypic hit exerts its phenotypic outcome 

through modulation of a single target, yet it is most probable that small molecules interact with 

multiple cellular and/or extracellular targets or indeed non-protein targets (Lin et al., 2012; 

Schneidewind et al., 2020). Furthermore, the identification of a single target responsible for 

drug MOA or indeed a disease phenotype is in many cases based on flawed logic given 

previous observations of contributing off-target drug activity and the requirement for multi-

targeted therapies to address complex multifactorial disease mechanisms (Lu et al., 2012; Rena 

et al., 2017). Perhaps a more holistic understanding of drug MOA at phenotypic and pathway 

levels may support more effective progression of phenotypic hits via in-depth mechanistic 

deconvolution at the integrated pathway network level rather than at the individual target level. 

 

Network pharmacology embraces the older traditional drug discovery ideal that understanding 

the biological MOA of a drug across multiple layers of biological complexity is more 

important, and in some instances may substitute for, identification of individual targets. This 

advancement, in turn, is well placed to shift the paradigm of target deconvolution and drug 

MOA profiling from a “one-target, one-drug” mode to a “network, multi-target therapeutic” 

mode.  This approach therefore embraces the complexity of disease and supports the 

development of rational drug combinations and polypharmacology strategies at earlier phases 

in the drug discovery process.  
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This manuscript intends to provide an extensive review of how recent advances in phenotypic, 

transcriptomic and proteomic technologies can integrate with evolving chemical and biological 

databases and new computational methods to efficiently and comprehensively elucidate the 

MOA of phenotypic screening hits. Herein, we provide several case studies describing the 

application and deployment of these methods across panels of genetically distinct human cell 

models, including glioblastoma and oesophageal cancer, which represent the heterogeneity of 

complex diseases of unmet need. We illustrate how empirical phenotypic and pathway 

profiling studies integrate with cheminformatics, in silico target prediction and pathway 

network analysis tools to support the deconvolution and triage of phenotypic hits at the pathway 

network level. We propose that such pathway network MOA analysis can effectively link 

complex disease association with drug MOA and uncover pharmacodynamic pathway 

biomarkers to support more productive phenotypic drug discovery and clinical translation. 

 

 

Multiparametric high content profiling  

Phenotypic drug discovery encompasses a large variety of assays and endpoints, from 

univariate cell-line assays, to multivariate whole-organism assays. High content multivariate  

profiling assays have been exploited for many research applications including target 

identification and functional genomic studies but one major benefit is the ability to elucidate 

MOA from the primary assay, owing to the depth of information in the data. High content 

screening involves capturing biological information relating to the cellular state that is 

contained in multiple cellular markers including those associated with morphology. Upon 

perturbation, cells undergo detectable changes in a subset of profiled features, allowing 

quantitative data to be extracted from microscopy images and a phenotypic fingerprint to be 

assigned to a perturbation (Perlman et al., 2004; Young et al., 2008; Caie et al., 2010; Ljosa et 
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al., 2013). These morphological changes are a result of the pathways and/or networks affected.  

Consequently, high content profiling is capable of detecting changes that arise from modulation 

at the pathway/network level making it suitable for studying complex diseases, multi-target 

drugs and drug combinations. 

 

Since the cell morphological changes associated with a compound treatment are a consequence 

of its effects on specific cellular pathways, compounds acting on a given pathway elicit more 

similar morphological responses than those acting on different pathways. This means that the 

morphological information in images can be used to identify phenotype altering compounds 

and elucidate MOA simultaneously. This was first demonstrated in 2004 when Perlman et al. 

showed that compound induced morphologies could be grouped by MOA using similarity 

measures and hierarchical clustering (Perlman et al. 2004). Since then, numerous research 

groups have implemented unsupervised clustering methods to group treatments based on 

phenotypic response (Carpenter et al. 2006; Young et al. 2008; Ljosa et al. 2013; Gustafsdottir 

et al. 2013). More recently, MOA has been inferred by similarity comparison to reference 

compound sets using multivariate statistics and a variety of supervised machine learning 

techniques. One of the earliest studies using reference libraries, set out to compare phenotypic 

profiles and draw mechanistic inferences from several reference compounds using k-nearest 

neighbour proximity labelling to predict the mechanism of hits (Caie et al. 2010). More recently 

this has been achieved through use of trained classifiers and we and others have shown that 

these are transferable to new cell lines (Dawson et al., 2020; Hughes et al., 2020; Warchal et 

al., 2019). Lastly, Artificial Intelligence (AI) inspired deep learning is an area of growing 

interest in the field of biological image analysis and is being applied to a number of problems 

including classification of small-molecule MOA. Several AI methods have been developed to 

predict compound MOA including supervised networks trained on segmented or whole images 
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(Godinez et al., 2017; Kraus et al., 2016), self-supervised methods using pseudo-labels (Ando 

et al., 2017; Godinez et al., 2017) and even unsupervised methods using just image intensity 

values, making segmentation and feature extraction unnecessary steps (Janssens et al., 2020). 

 

In theory high content screening can utilise any image-based assay end point. However, in 

order to predict mechanism, broad morphological information is required. Cell Painting was 

developed in 2013 as an unbiased, cell based, morphological profiling assay capable of 

capturing subtle changes in morphology (Gustafsdottir et al., 2013). It combines six fluorescent 

dyes, imaged in five channels, to visualise seven cellular components and organelles; nuclei, 

F-actin, endoplasmic reticulum, mitochondria, golgi, plasma membrane and nucleoli (Bray et 

al., 2016; Gustafsdottir et al., 2013). Due to the broad morphological information contained in 

the images, Cell Painting data can be exploited for compound MOA prediction. A dataset of 

images and morphological profiles of 30,000 small-molecule treatments using the Cell Painting 

assay has been published and made publicly available (Bray et al., 2017). While this current 

dataset is limited to a small-molecule compound library and a single cell line (U2OS cells), 

integration of this dataset with data from other types of perturbations (e.g., genetic) and 

inclusion of additional patient-derived cells lines will increase the utility of such high content 

datasets in identifying gene-related phenotypes and defining small-molecule MOA, including 

target identification. 

 

To specifically address the challenges in elucidating novel therapeutic targets and chemical 

starting points in complex heterogenous cancers, we describe the application of the high 

content Cell Painting assay across well characterized panels of both patient-derived 

glioblastoma and oesophageal cancer cell lines. Oesophageal cancer and glioblastoma 

multiforme (GBM) represent two cancers of unmet therapeutic need and exemplify how 
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complex disease heterogeneity confounds modern target-based drug discovery approaches with 

molecularly targeted therapies having little impact in clinical studies to date (Bang et al., 2010; 

Davis, 2016). To address this complexity a panel of eight oesophageal adenocarcinoma (OAC) 

and tissue matched non-transformed control cells was used to profile a total of 19,555 small 

molecules consisting of both, target-annotated or off-patent drugs (2947 compounds) and 

diverse chemical and lead-like compounds (16,608 compounds) (Figure 1). Here we 

demonstrated the utility of combining the Cell Painting assay with machine learning to classify 

drug MOA across heterogeneous cell lines (Hughes et al., 2020) (Figure 1B). We provide an 

example of a compound hit (CRTXX01) from the diverse chemical library which displayed 

potent and selective activity upon OAC cell morphology and cytotoxicity relative to non-

transformed control cells (Figure 1C). The Cell Painting profile for this compound was imputed 

into a machine learning model created using a random forest classifier to predict MOA based 

on similarity to a reference library of MOA annotated compounds. As shown the compound is 

most highly predicted to be a DNA damaging agent (Figure 1C). Prediction accuracy varies 

across the heterogenous OAC cell panel indicating this compound may be a specific type of 

DNA damaging agent that exhibits cell line selectivity.  In addition to exhibiting a high degree 

of heterogeneity within and between patients tumours (Lee et al., 2018), GBM hijacks 

mechanisms of neural development to produce sub-compartments of glioblastoma stem cells 

(GSCs) that are thought to exhibit resistance to radiotherapy and chemotherapies (Bao et al., 

2006; Chen et al., 2012; Lathia et al., 2015; Parada et al., 2017). To address such heterogeneity 

in GBM we have also initiated the development of a multiparametric high content phenotypic 

profiling assay to classify different glioma cell phenotypes across a panel of patient derived 

glioma stem cell lines which represent distinct GBM clinical subtypes. Initial studies using the 

Prestwick Chemical library of FDA/EMA approved drugs prior to further assay optimization 

and screening against larger chemical libraries has revealed several drug classes which perturb 
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glioma stem cell phenotypes (Figure 1D). It is anticipated that these high content phenotypic 

profiling studies will reinvigorate drug discovery in these complex heterogenous cancers by 

identifying multiple chemical starting points, drug repurposing and drug combination 

opportunities.  

 

High content profiling is evolving, and as computational power increases, so does throughput. 

Expansion of high content studies across heterogeneous panels of cell lines (Hughes et al., 

2020; Warchal et al., 2019; Willis et al., 2020) has allowed associations to be made linking 

phenotypes with genotypes utilising basal genomic, transcriptomic and proteomic data. This in 

turn, further supports compound MOA studies, biomarker discovery, and target identification, 

as part of a larger personalized medicine strategy. Very recently a new initiative was announced 

to create an academic-industry cell imaging consortium; The Joint Undertaking in 

Morphological Profiling with Cell Painting (JUMP-CP), which aims to create the largest Cell 

Painting dataset of cells imaged under more than 140,000 different conditions including both 

small molecule and genetic perturbations, acting as a morphological atlas to match diseases, 

drugs and genes. This resource will provide a huge reference dataset to advance the field of 

cell-based phenotypic screening and enhance applications in predicting MOA, cellular 

toxicities, and drug repurposing opportunities. However, the problem remains that compounds 

and genes are often distilled down to single compound – target interactions to link phenotypes 

with genotypes and such perturbations are not viewed within the context of integrated pathway 

signalling networks leading to lack of insight for complex diseases and compounds with 

multiple targets. 

 

 
Despite the wide applications of high content profiling and recent advances in high content 

instruments and parallel computer processing that have overcome many of the throughput and 
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capacity issues, there remain several limitations, predominantly with assay complexity (Table 

1). High content profiling as yet is not suitable for complex 3D or non-adherent cell cultures at 

sufficient scale and robustness, limiting its use in assays that may better recapitulate the 

complexity of many diseases. High content profiling has previously been used to infer target 

prediction based on the phenotypic similarity of a compound with phenotypic clusters of target-

annotated compounds enriched in a specific target class (Reisen et al., 2015). However, recent 

studies have shown that compounds with different annotated cellular targets can induce a 

shared phenotypic response (e.g. modulation of cell-cycle S to G2 phase transition) 

(Schneidewind et al., 2020). Thus, such phenotypic clusters are based on a shared mode of 

action and not on a shared target. There are also barriers to adoption across many laboratories 

owing to the complexity of implementing image analysis pipelines, but these are being lowered 

as standard practices are introduced and generic software for multiparametric high-content 

profiling are launched. While broad MOA prediction at scale is now possible and enabled by 

high-content profiling, specifically linking phenotype to genotype for personalised medicine 

approaches still presents a bottleneck in the discovery process and requires integration with 

other profiling platforms and technologies.  

 

Recent large-scale initiatives in cancer cell line panel screening have produced several 

resources to help connect phenotype to genotype through the identification of genetic 

dependencies and small molecule sensitivities. The Cancer Dependency Map Consortium is an 

extension of the Broad Institutes DepMap project, an initiative to systematically catalogue and 

identify biomarkers of genetic vulnerabilities and drug sensitivities in hundreds of cancer cell 

lines. DepMap combines the Cancer Cell Line Encyclopaedia (CCLE) with Project Achilles; a 

catalogue of genetic vulnerabilities using genome-wide RNAi and CRISPR loss-of-function to 

identify genes essential for cancers, and a comprehensive cell line drug sensitivity resource 
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(Tsherniak et al., 2017). Another project has led to the Genomics of Drug Sensitivity in Cancer 

(GDSC), a resource for therapeutic biomarker discovery in cancer cells, combining large scale 

drug screening and genomic analyses (Yang et al., 2013). These databases have been used to 

aid phenotypic drug discovery and elucidate MOA, via correlation of basal gene expression 

with chemical sensitivity. For example, the sensitivity of a small molecule compound ML239, 

originally identified from a phenotypic screen to exhibit selectivity for breast cancer stem cells, 

was profiled across a large cell panel and correlation with basal gene expression and follow up 

studies indicate that fatty acid desaturase 2 (FADS2) activity is required for ML239 sensitivity 

(Rees et al., 2016). Additional examples and resources for correlating gene-expression 

signature to predict drug MOA have been described in further detail by Keenan et al., (Keenan 

et al., 2019). However, resources linking gene expression signatures to cell sensitivity are 

typically limited to simple cell viability and survival phenotypic endpoints and thus are 

unsuited to disease areas and high content datasets studying more complex phenotypic cellular 

readouts. The evolution of multiparametric high content profiling and Cell Painting assays 

across larger panels of genetically distinct cell lines promise to advance significantly this field 

of functional genomics. 

 
 
Transcriptomic and pathway screening technologies 
 
Recent technical advances in transcriptomic and post-translational pathway profiling 

approaches have substantially improved sensitivity and throughput and thus have become 

applicable to drug MOA studies across complex human cell-based assays, in vivo models and 

clinical samples. The increase in high throughput technologies available for generating large-

scale genomic, transcriptomic, epigenetic and proteomic measurements has also accelerated 

biomarker discovery and development of more sophisticated multiparameter biomarker 

signatures (Ghosh and Poisson, 2009). The emergence of new technologies supporting the 
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identification of clinical biomarkers encompassing multiparametric gene and pathway 

signatures provide new opportunities to translate phenotypic hits that have been deconvoluted 

at the pathway network level. We briefly outline 4 emerging and complementary technologies 

which provide sufficient throughput, sensitivity and robustness to deconvolute phenotypic hits 

at the transcriptomic and post-translational pathway level; L1000, DRUG-Seq, NanoString and 

Reverse Phase Protein Array (RPPA).  

 

The Connectivity Map project and public repository of transcription profiles was developed to 

enable a systematic comparative bioinformatics analysis of gene expression profiles (Lamb et 

al., 2006). Connectivity Map combines a catalog of gene expression profiles from large panels 

of pharmacologically perturbed samples with computational and statistical methods to support 

similarity profiling of gene expression patterns to infer compound MOA (Lamb et al., 2006; 

Subramanian et al., 2017). Published examples of this application include, identifying the 

activity of two novel androgen receptor signaling inhibitors, celastrol and gedunin, is mediated 

through upstream HSP90 inhibition based on the similarity of these compound-induced gene 

signatures to those of known HSP90 inhibitors (Hieronymus et al., 2006). The previously 

uncharacterized novel agent, epoxy anthraquinone derivative (EAD), identified in a phenotypic 

screen against neuroblastoma cells, was found to exhibit strong similarity in gene expression 

signature to those induced by a class of DNA targeted drugs, such as topoisomerase inhibitors, 

DNA intercalators and DNA alkylation agents (Gheeya et al., 2010). The previous unclassified 

small molecule b-AP15, induced a gene expression profile similar to several well characterized 

proteasome inhibitors culminating in the hypothesis of inhibition of proteasome 

deubiquitinating activity as a potential new anticancer therapy (D'Arcy et al., 2011). These and 

other applications of connectivity map are reviewed in further depth by Qu and Rajpal (Qu and 

Rajpal, 2012). The connectivity map concept was originally based on data provided from gene 
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expression microarrays. However, new advances in high-throughput (e.g. L1000 and DRUG-

Seq), high-precision and spatial transcriptomics (e.g. NanoString) promise to extend the 

application of the connectivity map concept across larger compound libraries and more 

complex biological samples. 

 

L1000TM: 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 quantification of several landmark transcripts in 384-

well plate format and a computational model to predict expression across the wider genome 

(Liu et al., 2015). The L1000TM technology underpins the National Institute of Health (NIH) 

Library of Integrated Cellular Signatures (LINCS) program to generate a comprehensive 

library of perturbed gene expression profiles across multiple cells including small molecule 

pharmacological perturbations supporting drug MOA profiling at scale (Liu et al., 2015). From 

978 landmark gene expression profiles, modulation of the entire transcriptome is modelled 

from computational processing of thousands of gene expression datasets from Gene Expression 

Omnibus (GEO) (Barrett et al., 2007). An analysis of L1000™  compound profiling data by 

De Wolf et al., revealed that compound characterization based on three cell lines at two time 

points resulted in the identification of more pharmacologically perturbed gene expression 

changes, then using six cell lines at a single time point (De Wolf et al., 2018). This result 

highlights how temporal gene expression profiling may be important to fully elucidate the 

MOA of small molecule perturbations at the transcriptomic level. In a study profiling 31,000 

compounds in the MCF7 breast cancer cell line using the L1000TM platform, the authors 

identified 22 new compounds with predicted activity against NR3C1 (nuclear receptor 

subfamily 3, group C, member 1) and HSP90 (heat shock protein) by machine learning which 

were subsequently confirmed in cell based target confirmation assays (De Wolf et al., 2018). 
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DRUG-Seq: DRUG-seq represents a massively parallelized, low-cost NGS-based method to 

profile whole transcriptome changes in cells exposed to chemical and genetic perturbations in 

high-throughput 384- and 1536-well assay formats (Ye et al., 2018). Ye et al., used the DRUG-

seq workflow to profile a collection of 433 compounds with predominantly known targets. t-

distributed stochastic neighbor embedding (t-SNE) was used to cluster compounds with similar 

transcription profiles and the MOA of compounds with unknown targets were then inferred 

from their neighbors in the cluster. For example, brusatol, a natural product derived small 

molecule with potent tumour suppressing effects closely clusters with several compounds 

including, homoharringtonine and cycloheximide, which target components of the translation 

machinery (EIF4E, EIF2AK1 and RPL6) suggesting that brusatol may also share a similar 

target mechanism (Ye et al., 2018). In addition to significant cost reduction, another advantage 

of the DRUG-seq platform compared to L1000TM is the ability to directly measure > 10,000 

genes without computational inference. Further recent advances in single cell genomics and 

phenotypic screening in pooled cell cultures provides new opportunities to resolve drug MOA 

at the single cell transcriptomic level (Klein et al., 2015). In a recent development, MIX-Seq 

(Multiplexed Interrogation of gene eXpression through single cell RNA Sequencing) combines 

the ability to pool hundreds of cancer cell lines with single cell RNA-seq to simultaneously 

monitor the cells response to pharmacological perturbation and resolve the identity of each cell 

based on single-nucleotide polymorphisms (SNP) (McFarland et al., 2020). Such advances in 

NGS technologies promise to revolutionize the stude of drug MOA across large panels of 

distinct cell lines at the single cell level. 

 

NanoString: The NanoString nCounter gene expression system, utilizes innovative 

technology to capture and quantify individual mRNA transcripts (Geiss et al., 2008). 
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Advantages over existing platforms include direct measurement of mRNA expression levels in 

solubilized or intact (GeoMxTM Digital Spatial Profiling) biological samples without enzymatic 

reactions, high sensitivity coupled with high multiplex capability and precise digital readouts. 

The NanoString technology utilizes a multiplexed probe library comprised of two sequence-

specific probes, a capture probe and a reporter probe with a colour-coded tag for each gene of 

interest. The reporter probes are mixed together with total RNA in a single hybridization 

reaction. Comparative studies have demonstrated that the NanoString nCounter gene 

expression platform is more sensitive than microarrays and similar in sensitivity and accuracy 

to real-time PCR (Geiss et al., 2008). However, the NanoString system is more scalable and 

amenable to small sample or miniaturised assay formats than real-time PCR or microarrays. 

Requiring just ng of RNA, NanosString is ideally suited to drug MOA studies in complex 

preclinical or clinical tissue samples with limited amounts of RNA such as tissue biopsies, 

micro-dissected or laser-captured samples, and cells sorted by flow cytometry.  

 

Thus, NanoString technology can fill an immediate niche in high precision expression analysis 

of hundreds of genes across complex biological samples, including those from dose-response 

and time-series studies of phenotypic hits to elucidate downstream MOA at the transcriptomic 

level. We demonstrate the application of NanoString and integrated pathway network analysis 

to profile the MOA of phenotypic hits previously identified by phenotypic screening in 

squamous carinoma cells (Figure 2). However, a limitation of the NanoString platform for 

deconvoluting phenotypic hits at the pathway level is sample throughput as the current 

NanoString ncounter system is designed to run hybridization reactions across only 12 samples 

in each batch. Increased throughput at reasonable cost would be beneficial for deconvoluting 

and triaging increased numbers of phenotypic hits. 
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Reverse Phase Protein Array (RPPA): While transcriptomic profiling has proven valuable 

in the identification of new therapeutic targets and understanding of drug MOA at the 

transcriptomic level, the majority of small molecule and biologic drugs target proteins. Mass 

Spectrometry represents the standard technology for global analysis of the proteome but is 

limited by throughput, cost and sensitivity with regards to detection of low abundance proteins 

and post-translational modifications. In contrast, antibody-based proteomic technologies 

provide the combined advantages of high sensitivity, high-throughput and precise-

quantification at a relatively low cost, albeit with limited coverage across the proteome. 

Reverse Phase Protein Array (RPPA) is an antibody-based microarray methodology allowing 

the sensitive and precise quantitation of the abundance of total protein and post-translational 

modifications in medium-throughput, making it well placed to support MOA profiling of 

phenotypic hits across dose-response and time-series studies (Akbani et al., 2014; Charboneau 

et al., 2002; Lee et al., 2012; van Oostrum et al., 2009). RPPA has been successfully 

implemented in a variety of formats by multiple laboratories and a wide range of microarray 

slides are commercially available for the immobilization of protein sample prior to addition of 

labelled antibodies for protein detection. The number of samples and protein analytes which 

can be detected on a single microarray slide is therefore flexible and dictated by the number 

and size of each sub-array coupled onto each RPPA slide which physically separates the 

antibody detection reagents. RPPA formats range from 1-64 subarrays/analytes which can be 

accommodated on a single slide, additional analytes and sample numbers can be studied by 

printing protein samples across additional slides (Akbani et al., 2014). A typical RPPA study 

would incorporate several hundred protein analytes evaluated across hundreds of protein 

samples. Dependent on the specific RPPA technical set up the analytical sensitivity of RPPA 

and lower limits of detection have been reported in the fg/ml range, with linearity in the sub-

pg/ml range (Pawlak et al., 2002; Rapkiewicz et al., 2007). 
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RPPA has been utilized to help elucidate the MOA of several natural product compounds which 

first displayed activity in phenotypic assays. In a phenotypic screen of Mauritian endemic 

medicinal plant extracts, a number of extracts demonstrated cytotoxic and G2/M cell cycle 

arrest phenotypes across a panel of oesophageal cancer cell lines (Rummun et al., 2019). RPPA 

analysis indicated the extracts partially exerted their tumour growth-inhibitory activity by 

upregulation of intracellular 5'AMP-activated kinase (AMPK) (Rummun et al., 2019). In 

another study, RPPA analysis of a panel of ovarian cancer cell lines displaying sensitivity to 

Corilagin, a member of the ellagitannin class of hydrolyzable tannins demonstrated suppression 

of canonical Smad and noncanonical ERK/AKT pathways, which correlated with inhibition of 

TGF-β secretion and TGF-β pathway activation (Jia et al., 2013). In unpublished studies we 

have used RPPA to triage phenotypic hit compounds which displayed undesired perturbation 

of multiple pathways including those which may represent safety liabilities. In a novel 

chemical-genetic phenotypic screen to identify compounds which synergize with the catalytic 

activity of focal adhesion kinase (FAK) we identified a number of novel FAK inhibitor drug 

combinations (Dawson et al., 2020). In follow up studies several HDAC inhibitors including 

vorinostat where subsequently validated to demonstrate synergy with the FAK inhibitor 

VS4178 across several cancer cell lines including OAC lines (Dawson et al., 2020).  To 

elucidate the MOA of the synergy between vorinostat and VS4718, protein extracts were 

prepared from two OAC cell lines (FLO1 and SKGT4) following treatment with each 

compound alone and in combination (Figure 3). This study revealed several pathways 

modulated by each compound individually and cooperative down regulation of pathway 

markers such as EphA2 and autophosphorylation of FAK397 upon combination treatments 

relative to monotherapy (Figure 3). While many published examples describing the application 

of RPPA in drug MOA studies have been performed on compounds derived from target-
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directed drug discovery programs, the success of this approach in revealing unanticipated drug 

MOA’s indicates this will also be a useful method for novel compounds derived from 

phenotypic screens too. Furthermore, these studies demonstrate the utility of RPPA to 

complement transcriptomic profiling by identifying downstream mechanisms at the post-

translational pathway level and potential pharmacodynamic biomarkers for phenotypic hits. 

 

 
In silico target deconvolution of phenotypic hits 
 
A major limitation in small molecule phenotypic screening is the lack of suitably selective 

compounds annotated for activity against specific protein targets. For example, given the 

approximately 1.3 billion compounds available for virtual screening (Gorgulla et al., 2020), 

from which approximately 16 million are physically available from commercial vendors 

(Volochnyuk et al., 2019), less than a million compounds have been reported active in a target-

specific assay according to public databases such as ChEMBL or other annotated collections 

indexed by ZINC (Irwin et al., 2018).  Several initiatives aim to provide high quality chemical 

probes for target validation such as the Structural Genomics Consortium 

(https://www.thesgc.org), the Chemical Probes Portal (http://www.chemicalprobes.org/); 

Target 2035 (Carter et al., 2019) and a program led by Novartis representing the largest 

disclosed collection to date of 4,185 compounds with their primary annotated gene targets 

(https://github.com/Novartis/MoaBox)(Canham et al., 2020). However, the development of 

highly selective probe compounds and experimental validation of protein targets is a slow and 

expensive process.  

In contrast to experimental target deconvolution methods, recently developed computational 

methods, including ligand and structure based prediction approaches allow rapid prediction of 

targets for large numbers of compounds enabling the triage of phenotypic hits with only desired 

biological target hypotheses (Schenone et al., 2013). Such ligand-based prediction methods 

http://www.chemicalprobes.org/
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and database resources include: Similarity Ensemble Approach (SEA) (Keiser et al., 2007), 

SwissTargetPrediction (Gfeller et al., 2014), PASS (Poroikov et al., 2007), SOM-based 

prediction of drug equivalence relationships (SPiDER) (Reker et al., 2014), multiple-category 

Bayesian models (Nidhi et al., 2006), support vector machines (Wale and Karypis, 2009) and 

DePick (Liu et al., 2016). Several of these target prediction methods have been applied to hits 

from phenotypic screens for anti-bacterial (Martinez-Jimenez et al., 2013), antimalarial 

(Plouffe et al., 2008; Spitzmuller and Mestres, 2013) and anti-cancer activity (Flachner et al., 

2012; Liggi et al., 2014; Lo et al., 2015) to propose links between pharmacological targets and 

phenotypes. For example, Liu et al., have developed a computational target deconvolution tool 

tailored towards phenotypic screening hits called; DePick (Liu et al., 2016). This tool identifies 

targets specifically linked to chemical phenotypic screens of mammalian organisms. DePick 

first identifies the compounds with specific activity in a screening assay relative to 

control/counter screens and predicts their targets with the HitPick in silico target prediction 

method (Liu et al., 2013). The authors applied DePick to eight mammalian chemical 

phenotypic screens stored in the ChemBank repository where control/counter screening data 

was available to determine the specificity of the active compounds for each phenotype. They 

identified 59 target-phenotype relationships (Liu et al., 2016).  In order to evaluate the 

reliability of these drug target-phenotype predictions, the authors performed a manual curation 

of the scientific literature to source experimentally validated evidence on the relationship of 

drug targets and phenotypes. They found experimental evidence that directly related a chemical 

or genetic modulation with the phenotype for 27% of the DePick predictions, and indirect links 

mediated via an intermediate protein or metabolite common to both the drug target and the 

phenotype for 34% of the predictions. For the remaining predictions, no clear links between 

drug target and phenotype could be evidenced (Liu et al., 2016). However, literature searches 

suggesting novel connections between drug targets and phenotypes warrant further 
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experimental investigation. In another study, Kremer et al., used two separate chemoinformatic 

software tools SPiDER (Reker et al., 2014) and TIGER (Schneider and Schneider, 2017) to 

apply structural similarity-based target prediction methods in parallel with cell-based 

bioactivity assays to accelerate target identification of a novel hedgehog (Hh) pathway 

inhibitors (Kremer et al., 2017). In this study the investigators used purmorphamine, a SMO 

agonist, to activate Hh signaling in a high throughput osteoblast differentiation assay. 

Following screening of a 336,639 compound library the most active compounds were validated 

in an orthogonal glioma-associated oncogene homologue (GLI) dependent Hh pathway 

reporter assay. The SPiDER analysis of the top hit suggested the transmembrane protein 

smoothened (SMO) as a potential target with the highest confidence followed by members of 

the ligase and tyrosine kinase target families. To provide a second opinion they applied TIGER 

software which relies on pharmacophore patterns for target inference. Of the three targets 

suggested by SPiDER, only SMO was reported by the TIGER tool (Kremer et al., 2017). SMO 

is known to activate the Hh pathway via GLI dependent transcription, thus in this case the in 

silico target prediction is corroborated by two separate structural similarity target prediction 

tools and both the Hh phenotypic and cell reporter assays. 

 

As an example of how the Similarity Ensemble Approach (SEA) (http://sea.bkslab.org) and 

other chemoresources can also be used to inform target prediction of phenotypic hits, we 

demonstrate how a compound which indicated antiproliferative properties against glioma stem 

cells was assessed (compound 1, Figure 4). A SMILES string was generated using Chemdraw 

Prime (Perkin Elmer) and pasted into the SEA query box. The SEA output includes an 

interactive similarity matrix which is useful for comparing chemical structures directly. Lighter 

shaded squares indicate the query molecule has a closer similarity (white  = max 1.0 for exact 

match) to a known molecule and its proposed/published target, listed on the right (Figure 4B). 

http://sea.bkslab.org/
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The most significant putative target IDs are listed by SEA p values and by maximum Tanimoto 

coefficient (Max Tc), with the most highly significant thresholds giving p values ≤10-40 (or 

negative Log SEA ≥40) and Max Tc ≥0.40 (Figure 4C) (Irwin et al., 2018). The SEA output in 

our example suggests compound 1 is potentially targeting several signal transduction pathways 

that are particularly relevant to cancer, specifically PI3K/AKT/mTOR (Figure 4C, compounds 

2 & 4), Wnt (compound 3) and MAPK signalling (compound 5). In fact, compound 1 had the 

highest Max Tc (0.67) to compound 2, a mTOR/PI3K inhibitor which was cross referenced via 

ZINC and ChEMBL databases to compound 4 (gedatolisib) (Table 2). From the literature, 

gedatolisib is a more potent inhibitor of PI3Kα and is clearly an analogue derived from 

compound 2. The ZINC database indicates compound 2 is not commercially available, whereas 

it provides a list of commercial sources for gedatolisib, affording a convenient route to 

validation of mTOR/PI3K inhibitors (of a similar structural class to compound 1) on our glioma 

stem cell lines, alongside other well known (and more selective) mTOR/PI3K inhibitors. This 

chemical-led approach would complement parallel target validation of mTOR or PIK3CA via 

the use of short interfering RNA or CRISPR approaches. Of further interest, the SEA output 

attributes the highest p value to compound 1, targeting β-catenin/TCF transcriptional signalling 

i.e. Wnt pathway (Figure 4C, compound 3). Unfortunately, compound 3 is not commercially 

available and cross referencing with ChEMBL and SciFinder indicates the compound was part 

of a patent submitted in 2008 (WO2008086462). The lead compound from this series 

(compound 6) is also not commercially available but use of online resources such as MolPort 

found a compound chemically similar (compound 7, similarity index 0.82 to compound 6). The 

accumulated Taninmoto coefficient from compound 1 to compound 7 is 0.44 and a retroactive 

SEA search of compound 7 also indicated highly probable targeting of Wnt signalling, 

justifying the potential purchase of this compound for further validation (Figure 4). In 

summary, the increase of commercially available chemical structures and compound/drug 
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target information in the public domain in recent years is accelerating the creation of efficient 

computational methods for the prediction of targets for a large fraction of compounds(Irwin et 

al., 2018; Keiser et al., 2007; Liu et al., 2016; Liu et al., 2013; Nidhi et al., 2006). These 

resources facilitate the development of in silico drug target deconvolution approaches to triage 

hits from small molecule phenotypic screens, identify common targets and pathways associated 

with discrete phenotypes and provide target hypotheses for subsequent network pharmacology 

studies.  

 

While these approaches provide a rapid and inexpensive means to identify target predictions, 

they come with a number of caveats and limitations (Table 1). One such limitation of 

cheminformatic based target prediction is the restriction to structure and sequence similarity 

among protein targets. Such methods will not detect new emerging target classes such as lipids, 

DNA, RNA or essential metals involved in a broad range of cellular processes (Schneidewind 

et al., 2020). Another key limitation of in silico-based target prediction is that these are simply 

target predictions requiring validation and thus when applied in isolation they simply shift the 

bottleneck of target confirmation further downstream. As no one single target deconvolution 

method is conclusive it is key to apply multiple methods and software tools to corroborate 

target hypotheses, such as described by Kremer et al (Kremer et al., 2017), to aid prioritization 

of the most compelling target hypotheses for further validation. 

 

 
 
Convergence of phenotypic profiling and network pharmacology 

 
Network pharmacology remains an evolving drug discovery discipline characterized by the 

integration of computational tools with genomic and proteomic profiling technologies, drug 

target databases and graph theory mathematics to model pairwise relationships between 
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proteins and compounds within intact signalling networks (Hopkins, 2008) (Pavlopoulos et al., 

2011). In the last 20 years, a variety of related databases and software tools have been 

developed and evolved to support network pharmacology research. Commonly used databases 

for network pharmacology studies include Drugbank (Wishart et al., 2006), STITCH (Kuhn et 

al., 2014), ChEMBL (Gaulton et al., 2012), PubChem (Wang et al., 2009), target interaction 

databases STRING (Szklarczyk et al., 2015), HPRD (Peri et al., 2003), MINT (Zanzoni et al., 

2002), IntAct (Kerrien et al., 2012), Reactome (Matthews et al., 2009), and HAPPI (Chen et 

al., 2009), and gene-disease association databases OMIM (Hamosh et al., 2002) and GAD 

(Becker et al., 2004). Such databases integrate closely with open-source and commercial 

software such as Cytoscape (Shannon et al., 2003) which is suitable for visualizing molecular 

interaction networks and biological pathways and integrating these networks with annotations 

and gene expression profiles (Figure 2).   

 

To enable a system-wide understanding of cellular function and small molecule MOA at the 

pathway level requires knowledge of all functional interactions between expressed proteins and 

small-molecule compounds or drugs. The STRING database aims to collect and integrate 

pathway networks, by consolidating known and predicted protein-protein association data for 

a large number of organisms. The associations in STRING include direct (physical) 

interactions, as well as indirect (functional) interactions. In addition to collecting and imputing 

experimental data on protein-protein interactions, and importing known pathways and protein 

complexes from curated databases, interaction predictions are derived from the following 

sources: (i) systematic co-expression analysis, (ii) publicly accessible high throughput lab 

experiments (iii) detection of shared selective signals across genomes, (iv) automated text-

mining of the scientific literature and (v) computational transfer of interaction knowledge 

between organisms based on gene orthology (Szklarczyk et al., 2017). The latest version of 
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STRING (11.0) connects over 24.6 million protein annotations across 5090 organisms 

incorporating >2000 protein-protein interactions (Szklarczyk et al., 2019) (https://string-

db.org/). Knowledge of interactions between proteins and small molecules within the context 

of integrated pathway signaling networks operational within live cells, is also essential for 

understanding the impact of small molecule therapeutic interventions upon cellular phenotypes 

and tissue functions. However, information on such interactions is widely dispersed across 

multiple data repositories and the published literature. To facilitate access to and interpretations 

of such data, STITCH (‘search tool for interactions of chemicals’) integrates information about 

interactions from metabolic pathways, crystal structures, binding experiments and drug–target 

relationships ( http://stitch.embl.de/). 

 

By employing SEA and STITCH-STRING databases in tandem we better inform the MOA of 

phenotypic hits from their known and hypothesised protein targets and expand to their “first 

neighbours” represented by direct protein-protein interactions, and ultimately predict upstream 

and downstream regulators or “influencers”. This strategy allows both the expansion of the 

drug target search space within the context of protein networks and identifies existing 

compounds or drugs to validate target hypothesis. Elucidated targets, including influencers, 

can subsequently be queried against the Human Protein Atlas (Uhlen et al., 2015) and the Open 

Targets databases (Carvalho-Silva et al., 2019; Koscielny et al., 2017) to determine tissue 

distribution and disease association. Applications of pathway network tools for phenotypic 

screening include: Elucidate target hypothesis and place MOA of phenotypic hits at the protein 

network level including identification of novel orthogonal targets (e.g. upstream/downstream 

regulators, protein-protein interactions representing target co-activator or repressors); Identify 

common interactors (targets and pathways common to different phenotypic hits representing 

cross-validation); Map elucidated targets to chemical library and drug databases to support 

https://string-db.org/
https://string-db.org/
http://stitch.embl.de/
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further validation of target hypotheses; Identify pharmacodynamic biomarkers for prioritized 

phenotypic hits and targets;  Elucidate rational drug combination and polypharmacology 

hypotheses targeting redundant and co-operative signalling pathways; map compound 

modulated pathway networks to disease associated pathway networks to aid disease 

positioning. Such network-based drug target prioritization and identification complements 

reductionist target-centric drug discovery that aims to find the single most important cause of 

a given disease (Csermely et al., 2013). Network-based drug target prediction may highlight 

non-obvious hits, and “edge-targeting” of protein-protein interactions which are likely to 

provide additional target novelty and potentially additional target specificity compared to 

conventional druggable target preferences. Drug target networks allow scientists to visualize 

the system-wide target landscape and provide a more holistic view of drug or compound MOA 

which can assist with more opportunistic disease positioning and/or drug repositioning. In an 

example utilizing computational network analysis of public gene expression data, Dudley et 

al., predicted that topiramate, an anticonvulsant drug, had the potential to treat inflammatory 

bowel disease (IBD) (Dudley et al., 2011). This discovery was partially validated by 

demonstrating improvement in an IBD in vivo rodent model further highlighting the potential 

of network pharmacology approaches for discovering drug repositioning opportunities. Finally, 

network-based in silico prediction of human toxicity has been used to support 

pharamcovigilence studies and bridge the gap between animal toxicity studies and clinical 

trials. Databases of association networks between chemicals and toxicity related proteins or 

processes such as DITOP (drug-induced toxicity related protein database), 

http://bioinf.xmu.edu.cn:8080/databases/DITOP/index.html; (Zhang et al., 2007) provide an 

opportunity for early triage of phenotypic hits which present network profiles with high 

prediction of human toxicity. 

 
 

http://bioinf.xmu.edu.cn:8080/databases/DITOP/index.html
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Outlook: 
 
An overly simplistic view of phenotypic screening is that it is an effective strategy for 

identification of new therapeutic targets from physiological-based assays to feed target-

directed drug discovery operating models. Rather, phenotypic screens have two main 

deliverables: novel targets but also chemical matter that can be progressed towards the clinic, 

regardless of its target/MOA. As discussed in this review target deconvolution represents a 

major bottleneck in phenotypic drug discovery strategies. While drug-target identification is 

certainly desirable whenever possible this is not a pre-requisite for candidate drug nomination 

or initiation of clinical trials. What is required to secure large, multi-million dollar investment 

in optimizing a specific hit or series towards a clinical candidate is an accumulation of evidence 

that the clinical candidate will be safe and efficacious in the chosen indication. MOA 

information plays a critical role in building this confidence in hits and leads derived from 

phenotypic screens as described in a recent article by Vincent et al., (Vincent et al., 2020). 

Caution should be taken to ensure that poorly designed phenotypic screening and target 

deconvolution strategies do not create expensive new drug discovery bottlenecks and further 

investment of significant chemistry resources on poorly validated targets. We therefore propose 

that the pathway from phenotypic screening to target deconvolution should not immediately 

follow one another. Rather phenotypic and pathway profiling to understand MOA within the 

context of complex biological systems represents a more logical and informative approach to 

progressing phenotypic hits (Figure 5). Initially, phenotypic hits should be carefully triaged 

through information rich high content profiling and increasingly more complex and disease 

relevant secondary phenotypic assays to build further biological understanding and confidence 

in their translational potential. 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 MOA’s for subsequent target 
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deconvolution or pathway profiling. In silico target prediction, transcriptomic and proteomic 

analysis of phenotypic hits will further aid mechanistic triage and prioritization of the most 

appropriate phenotypic hits and/or the most appropriate target deconvolution startegies when 

required. Pathway profiling may also help support the design of specific pathway reporter 

assays to support medicinal-chemistry optimization of potency and selectivity, identify 

biomarkers to progress preclinical or clinical development and corroborate subsequent target 

deconvolution studies (Figure 5). This more in-depth biological investigation is well placed to 

shift the phenotypic drug discovery bottleneck away from target deconvolution toward 

increased disease relevance, novelty, safety and hopefully more informed and productive 

phenotypic led drug discovery programs which can translate into improved efficacy and 

successful clinical translation. 

 

Recent advances in AI technology coupled with significant improvements in computational 

power and the evolving plethora of information-rich data resources are promising to 

revolutionize how drug discovery organizations extract knowledge and interpret complex data 

sets. As described in this article AI and machine learning have successfully been applied to 

high content screening data to classify cell phenotypes and predict compound MOA at scale. 

Emerging AI applications include modelling drug MOA with large scale gene expression 

profiles (Gao et al., 2021) and structure-based approaches to target deconvolution and 

polypharmacology profiling (Somody et al., 2017). Future applications of AI promise to 

surpass manual extraction and hypothesis generation from complex datasets providing 

significant efficiency gains in areas such as target identification, compound design and patient 

stratification (Mak and Pichika, 2019). It is therefore reasonable to also assume that AI will 

enable more advanced MOA and target deconvolution predictions by exploiting new types of 

integrated phenotypic, pathway network and cheminformatic data resources such as those 
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described in this article. Key to the future success of AI in effectively exploiting such integrated 

data sets will be in the quality control and representation of the data to adequately inform AI 

methods to accurately predict the most promising drug-target mechanisms across disease 

indications. Significant investment and rapid progress in the collection, integration and 

curation of complex biological and chemical datasets from new academic and industrial AI 

groups will determine the true value of these approaches in the next few years. 

 

Phenotypic screening across well annotated patient-derived cell or tissue-organoid panels are 

well placed to help elucidate the next generation of therapies and associated biomarkers which 

target heterogenous disease conditions. Such phenotypic screening will be greatly aided by the 

collection and curation of large biobanks of patient-derived material through initiatives such 

as the The Human Cancer Models Initiative (HCMI) (Ledford, 2016). Such models combined 

with the latest emerging phenotypic and pathway profiling technology will serve as a valuable 

resource for the translational cancer research community. The ambition and hope are that 

emerging phenotypic and pathway profiling technologies combined with appropriate biological 

model systems will enable further development of more effective phenotypic screening 

strategies and innovative medicine discovery across multiple disease areas of unmet need. 
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Figure Legends: 
 
Figure 1. High content profiling assays in heterogeneous cell panels. A) Colour combined 

representative images for panel of eight oesophageal cell lines using the Cell Painting assay: 

DAPI (blue), TxRED (red), FITC (green). Scale bar is 50 µm. B) The first two components of 

principal component analysis (PCA) for a reference library of compound treatments with and 

without overlay of phenotypic dose response to a known DNA damaging agent (points 

highlighted in bold on right hand plot). Reference library points are coloured by mechanistic 

class and DNA damaging agent treatments are coloured by concentration. This example is 

obtained from the FLO-1 OAC cell line. C) Application of  a random forest classifier to a novel 

uncharacterized hit compound (CRTXX01) from the Cell Painting indicating high prediction 

accuracy as a DNA damaging MOA. D) Representative images of patient-derived glioma cells 

treated with compounds, colour combined image of cytoskeletal (green) and nuclear markers 

(blue and red). Negative control, DMSO (dimethyl sulfoxide). 

 

Figure 2. Nanostring analysis of combination compound treatments in squamous cell 

carcinoma cells. A) Heatmap of mRNA expression (y-axis) using the NanoString PanCancer 

Pathways Panel in squamous cell carcinoma cells treated with (x-axis) compound X, Y or a 

combination of the two compounds (X+Y) previously identified by phenotypic screening. 

Hierarchical clustering is average linkage using one minus Pearson correlation. Values are 

Log2 transformed and displayed as a Z-score. B) Volcano plot showing differential expression 
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analysis. Top 10 most significant genes are labelled. Colours denote p-value cut-offs. C) 

STRING analysis of significantly altered genes. D) STRING analysis focusing on the top two 

most significantly altered genes (Etv4 and Cebpa). 

 

Figure 3. Application of RPPA to elucidate the mechanism of action of phenotypic 

activity. Lysates from Flo1 and SKGT4 cell lines were subjected to RPPA analysis using 120 

antibodies targeting canonical cancer pathways and posttranslational modifications. Selected 

relative fluorescence intensity (RFI) for each antibody were hierarchically clustered and 

displayed as a heatmap.  

 

Figure 4. Application of Similarity Ensemble Approach (SEA) and other chemoresources 

to elucidate target activity. A) A compound with antiproliferative properties against patient-

derived glioma stem cells for query in SEA. Common structural features to compounds in C) 

indicated in red and blue. B) a similarity matrix comparing chemical structures versus protein 

targets from the SEA analysis. C) Putative target IDs listed by SEA p values and by maximum 

Tanimoto coefficient (Max Tc), with the most highly significant thresholds giving p values 

≤10-40 (or negative Log SEA ≥40) and Max Tc ≥0.40. D) Cross referencing with ChEMBL and 

SciFinder indicates the similar compound 3 identified by SEA was part of a patent submitted 

in 2008 (WO2008086462), which included lead compound 6. E) MolPort was used to find a 

commercially available compound chemically similar to compound 6 (compound 7, similarity 

index 0.82). 

 

 

Figure 5. Pathway to rapid mechanistic deconvolution of phenotypic hits. A) 

Multiparametric high content profiling enables initial MOA predictions and triage of 
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Phenotypic hits. B) Chemical Similarity profiling of phenotypic hit structures with target-

annotated chemical databases enables “target prediction” and “target selectivity” scoring. C) 

Profiling MOA at the transcriptomic and post-translational pathway by high precision 

transcriptomics and antibody-based proteomics following dose-response and time-series 

studies of hits tested across sensitive and insensitive phenotypic assays. D) Pathway network 

analysis incorporating in silico target prediction and empirical transcriptomic and post-

translational profiling to further elucidate target and biomarker hypotheses.  Black arrows point 

to outputs of each approach, shaded blue arrows and text boxes indicate a sequential process. 

Cross correlation between distinct methods corroborates target and pathway hypotheses to 

prioritize and progress phenotypic hits, independent of, or prior to, subsequent target-

deconvolution and target validation studies.  
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Tables: 
 
 
Table 1: Advantages and disadvantages of different biological and chemoinformatic 
profiling methods for elucidating MOA and target prediction of phenotypic screening 
hits. 
 

Method Advantages Disadvantages 
High content profiling High-throughput and suitable for 

incorporating multiple time-
points 

Very cost effective at scale 

Broad mechanistic coverage 
including non-protein targets 

Compounds within the same 
MOA cluster may have 
distinct targets. 

Requires sophisticated 
image analysis and 
computational resources 

Not yet optimized for more 
complex 3D assays 

L1000TM Medium-high throughput 

Reasonably cost-effective at 
scale. 

Broad mechanistic coverage  

 

Limited coverage of the 
transcriptome, dependence 
on computational inference 
of whole transcriptome 
maybe prone to false 
negatives. 

Cost may prevent profiling 
across multiple time points 

No direct information on 
post-translational MOA 

DRUG-Seq High-throughput 

Reasonably cost-effective at 
scale. 

Broad mechanistic coverage of 
the majority of the transcriptome 

Cost may prevent profiling 
across multiple time points 
 
No direct information on 
post-translational MOA 

NanoString High precision quantification of 
transcriptomic data from small 
samples. 

Suitable for complex and 
heterogenous in vitro and in vivo 
samples (GeoMX spatial 
profiling) 

Can multiplex transcriptomic and 
candidate protein markers 

Low throughput 

Coverage limited to known 
canonical and non-canonical 
signalling pathways 

RPPA High precision quantification of 
post-translational pathway 
markers from small samples. 

Mechanistic coverage 
limited by the availability of 
high quality and validated 
monospecific antibodies. 
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Medium throughput and costs 
suitable for multiple dose-
response and time-series studies 

Cheminformatics 
(structural similarity 
ligand-based target 
prediction) 

High throughput 

Highly cost-effective 

Rapid 

Multiple target predictions 
require validating 
contributing to potential 
bottlenecks 

Not optimal for truly novel 
chemical structures 
exploring novel biological 
target space 

Not suitable for non-protein 
targets 

 
 
 
Table 2: Similarty Ensemble Approach (SEA) target predictions for phenotypic hits – 

ZINC database cross reference 
ZINC ID Ortholog_name 

pKi 
(affinity) Pubmed_id Chembl_id Journal Year 

ZINC000045367337 MTOR_HUMAN 8.41 20166697 CHEMBL1157610 J. Med. Chem. 2010 
(Compound 2) PK3CA_HUMAN 8.19 20166697 CHEMBL1157610 J. Med. Chem. 2010 

  PK3CG_HUMAN 7.28 20166697 CHEMBL1157610 J. Med. Chem. 2010 

           

ZINC000049757175 PK3CG_HUMAN 8.27 20166697 CHEMBL1157610 J. Med. Chem. 2010 
Gedatolisib PK3CD_HUMAN 8.22 20166697 CHEMBL1157610 J. Med. Chem. 2010 

(Compound 4) PK3CB_HUMAN 8.22 20166697 CHEMBL1157610 J. Med. Chem. 2010 
  PK3CA_HUMAN 9.4 21763134 CHEMBL1806467 Bioorg. Med. Chem. Lett. 2011 
  PK3CA_HUMAN 9.4  CHEMBL3217752 MedChemComm 2012 
  MTOR_HUMAN 9.4 21763134 CHEMBL1806467 Bioorg. Med. Chem. Lett. 2011 
  PK3CA_HUMAN 9.4 20166697 CHEMBL1157610 J. Med. Chem. 2010 
  MTOR_HUMAN 8.8 20166697 CHEMBL1157610 J. Med. Chem. 2010 
  MTOR_HUMAN 8.8  CHEMBL3217752 MedChemComm 2012 
  PK3CG_HUMAN 8.27  CHEMBL3217752 MedChemComm 2012 
  PK3CG_HUMAN 7.96 21763134 CHEMBL1806467 Bioorg. Med. Chem. Lett. 2011 
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SEA output links to ZINC/ChEMBL databases for further compound information including 
potency, commercial availability and literature sources. The SEA predictions for compound 1, 
leading to compound 2 and 4, likely arise from the same data source (J. Med. Chem., 2010) 
and the ZINC datasbase for compound 4 (gedatolisib) provides further literature evidence of 
this molecule as a PI3KD/mTOR inhibitor. 
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