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Abstract

Drug candidates exhibiting well-defined pharmacokinetic and pharmacodynamic profiles that are otherwise safe often fail
to demonstrate proof-of-concept in phase Il and lll trials. Innovation in drug discovery and development has been identified
as a critical need for improving the efficiency of drug discovery, especially through collaborations between academia,
government agencies, and industry. To address the innovation challenge, we describe a comprehensive, unbiased, integrated,
and iterative quantitative systems pharmacology (QSP)—driven drug discovery and development strategy and platform that
we have implemented at the University of Pittsburgh Drug Discovery Institute. Intrinsic to QSP is its integrated use of
multiscale experimental and computational methods to identify mechanisms of disease progression and to test predicted
therapeutic strategies likely to achieve clinical validation for appropriate subpopulations of patients. The QSP platform can
address biological heterogeneity and anticipate the evolution of resistance mechanisms, which are major challenges for
drug development. The implementation of this platform is dedicated to gaining an understanding of mechanism(s) of disease
progression to enable the identification of novel therapeutic strategies as well as repurposing drugs. The QSP platform will
help promote the paradigm shift from reactive population-based medicine to proactive personalized medicine by focusing
on the patient as the starting and the end point.
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Phenotypic Discovery: A Need for pharmacology (QSP)."""* o ,
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Figure 1. Target-centric drug discovery and development. The basic target-centric approach involves steps that begin with the
investigation of the basic science. Although a holistic approach to the disease has not usually been applied, over the past few years
additional information has been gleaned from patient data and network analyses as part of basic scientific information. The next

step includes the identification (ID) of a druggable molecular target (i.e., a protein or gene associated with the disease), followed by
the validation of this target by showing that modulation of the target has the ability to regulate disease-specific biological processes
in in vitro and in vivo disease models. The next step involves the development of an assay measuring target activity, screening of
selected libraries, and then the generation of leads from the validated hits. The optimization of leads to increase potency and to build
in target specificity follows, and increasingly, the application of early safety and absorption, distribution, metabolism, and excretion
testing in vitro. The application of target ID techniques such as chemical proteomics is increasingly being employed to identify
additional on-target and off-target interactions. The next step involves preclinical testing with animal models for efficacy, toxicity, and

pharmacokinetics. The next step involves phase | to Il clinical trials.

not identified in the investigation of individual biological
components.'® A major goal of QSP is to reinvent traditional
pharmacology and replace the “one-gene, one-target, one-
mechanism” hypothesis'* with an in-depth understanding of
the complex networks that are responsible for normal
human and disease physiology using iterative quantitative
experimental and computational methods.

Biological pathways have been studied for many years in
biology and can be described as a series of reactions among
molecules that result in changes in a cell such as the events
in signaling, metabolism, cell cycle, and other biological
processes. Pathways have been hand curated from the pub-
lished literature in searchable databases, such as the KEGG
PATHWAY Database,' that have been used to map molecu-
lar data sets (e.g., genomics and transcriptomics) to assist in
understanding higher-level systems functions. In addition,
pathways can be inferred from “omics” analyses of biologi-
cal samples.'®'” In particular, samples that are blood based
(i.e., liquid biopsies) can easily be collected longitudinally
and correlated with disease progression.'®

Biological networks involve the interaction(s) among mul-
tiple pathways."” In systems biology and QSP, biological net-
works are mathematically modeled for the quantitative analysis
of the interactions (i.e., edges) among the components (i.e.,
nodes) of the network. In network analysis, it is possible to
identify the upstream and downstream interactions for a spe-
cific node that can lead to an understanding of normal biologi-
cal regulation and pathophysiology. The creation of formal
mathematical models at multiple temporal and spatial scales
(molecules, cells, tissues, organs, organisms, and patients) of

the networks involved in disease progression (pathology of the
disease as it progresses) will be used to explain and to ulti-
mately predict the effects of drug action on network functions
and disease physiology."”

A Definition of Quantitative Systems
Pharmacology

QSP is still a relatively new field, and its definition continues
to evolve based on the emphasis of the applications within aca-
demia and industry (e.g., network analyses v. pharmacokinet-
ics).**' An extensive definition is presented in the white paper
that was prepared after the second NIH workshop.'> We have
based our initial efforts in building a complete platform to
practice QSP on a more focused definition: “Determining the
mechanism(s) of disease progression and mechanism(s) of
action of drugs on multi-scale systems through iterative and
integrated computational and experimental methods to opti-
mize the development of therapeutic strategies.” Our goal in
applying QSP is to improve the efficiency in the development
of therapeutics through innovation and collaboration that will
support the paradigm shift from reactive population-based
medicine to prospective personalized medicine (Table 1).**

The Rationale for Implementing a QSP
Platform

Multidisciplinary technological advancements in the post-
genomic era have fueled the generation of significant data.
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Figure 2. Basic steps in phenotypic drug discovery and development. The basic phenotypic approach involves steps that begin

with the biology of the disease. Although a holistic approach to the disease has not usually been applied at this point, additional
information has been gleaned from patient data and network analyses as part of basic scientific information. The next steps include
the identification (ID), recapitulation, and validation of a disease-relevant phenotype in cell-based and/or organism-based models. The
next step involves the development of a phenotypic assay that can be one of two major types: (I) unbiased modulation of a specific
pathway identified in the validation step® or (2) an unbiased modulation of a disease phenotype that may involve any or multiple
pathways in which the goal is to modulate the disease phenotype to a more normal phenotype* followed by screening of selected
libraries and then the generation of leads from the validated hits.>® The next step involves the optimization of leads and, increasingly,
the application of early safety and absorption, distribution, metabolism, and excretion testing in vitro followed by the use of methods
such as chemical proteomics and RNAi knockdowns to identify on-target and off-target interactions of the leads. If molecular targets
are identified during target ID studies, it is possible to shift to the target-centric approach for structure-activity relationship. The next
step involves preclinical testing with animal models followed by phase | to Il clinical trials.

Table I. Quantitative systems pharmacology platform overview..

Intrinsic Characteristics Impact

Quantitative, network-centric, mechanistic understanding of biology
underlying disease progression

Biomarkers and drug-target interactions mechanistically linked to
disease-specific mechanisms of progression

Modular integration of fundamental principles from
pharmacology and systems biology
Iterative use of experimental and computational models

Anticipation of resistance mechanisms, drug-drug interactions, and
off-target activity

Integration of data from unbiased, biased, and published Increased opportunity for repurposing drugs, minimizing toxicity, and

studies pursuing optimal targets
Integration of data across multiple spatial and temporal Preclinical models account for heterogeneity, complex cellular
scales context, and multicellular interactions

Improved patient stratification and efficiency for demonstrating proof
of concept in appropriately defined patient cohorts in phase Il and
Il trials

Continued progress toward personalized v. population medicine

Based on patient data

Integration and analyses of these data are essential to gain
new knowledge, allowing us to associate readily observable
human traits and disease phenotypes with variations at the
molecular level. Our understanding of disease pathophysi-
ology is now increasing as we discover the underlying path-
ways and their coupling into cellular networks.**™
Understanding the molecular basis of disease progression
will enable the development of therapies optimally designed
for genetically defined cohorts of patients, a key driver for
the present practice of personalized medicine. Success has

been demonstrated by a number of drugs (e.g., Kalydeco,
crizotinib, vemurafinib, dabrafenib, tremetinib) approved in
conjunction with genetic-based companion diagnostics.*
Nevertheless, it became clear that both for disorders that
are primarily monogenic but especially for complex dis-
eases, merely identifying the defective genes involved is
not sufficient. It is also necessary to determine the func-
tional interrelationships among these genes and their prod-
ucts, including epigenetic modifications, and to understand
the biological underpinnings that result in the
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disease phenotype.* Traditional drug discovery approaches
predicated on the “one-gene, one-target, one-mechanism”
hypothesis have been inefficient in developing therapeu-
tics.” Therefore, it would be valuable to explore the appli-
cation of comprehensive, unbiased strategies such as QSP
that are intrinsically network centric and that can integrate,
analyze, and validate large, complex data sets with state-of-
the-art computational and experimental technologies to
more fully understand the disease biology. It is feasible to
apply QSP thanks to advances in molecular-to-cellular anal-
yses, algorithmic developments, and increased computa-
tional power.”’***" The technical approaches and the
application to drug discovery and development are rapidly
developing.

Here, we present the rationale for a drug discovery strat-
egy and platform based on our definition of QSP. Components
of the proposed platform (Fig. 3) have been and are being
applied in the standard drug discovery approaches, including
in target-centric and phenotypic approaches (Figs. 1 and 2).
Our innovation is the design and implementation of a QSP
platform focused on the integrated and iterative feedback
from quantitative experiments with computational tools that
are part of a continuum with the practice of personalized
medicine (Fig. 3; Table 2).!""122141:42

As summarized in Table 2 (which supports Fig. 3), the
QSP platform is capable of addressing the inherent hetero-
geneity of genotypes and phenotypes in populations of
patients with the same disease and identifying distinct treat-
ments for each subpopulation.** Implementing the QSP
platform requires teamwork among investigators spanning
the fields of clinical medicine, genetics, molecular biology,
medicinal chemistry, pharmacology, ADME-TOX, compu-
tational biology and chemistry, systems biology, engineer-
ing, mathematics, and bioinformatics.

QSP and personalized medicine share a focus on the
patient at both the start and end point (step A in Fig. 3 and
Table 2). Personalized medicine currently uses patient data,
including standard clinical tests as well as a growing list of
“omics” analyses obtained from tissue samples, to select the
optimum treatment from existing options. Advances in lon-
gitudinal patient sampling (e.g., liquid biopsies for circulat-
ing tumor-derived DNA'"® and circulating tumor cells” have
enabled the monitoring of disease progression. QSP works
to expand the existing options for therapies through a com-
bination of an iterative cycle of experimental and computa-
tional analyses aimed at identifying disease-specific
emergent properties, such as new therapeutic strategies,
pharmacodynamic biomarkers, and prognostic and predic-
tive biomarkers (Fig. 3, steps A—K; Table 2).

The process can be initiated at any step, depending on
the availability of validated data for prior steps, with the
goal of extracting and integrating information from each
step to inform subsequent experimental and computational
design and analyses steps in the iterative cycle. The ultimate

step is the return to the patients with innovative clinical trial
designs and verification of their effectiveness (step L).

Systems-Level Approach Needed for a
Mechanistic Understanding of Disease
Phenotypes

For several genetically well-defined (i.e., Mendelian) dis-
eases in which the criteria for causality are akin to Koch’s
postulates having been satisfied,” the successful develop-
ment of therapies has often depended on a detailed mecha-
nistic knowledge of how particular genotypes give rise to
disease phenotypes. In Marfan syndrome, for example, the
identification of fibrillin-1 mutations’* per se was insuffi-
cient to identify therapies without the concomitant under-
standing of the pathophysiology.”’® In a series of elegant
studies employing Marfan syndrome mouse models that
recapitulate many of the clinical manifestations of the dis-
ease,”® including a predisposition for aortic aneurysm,
angiotensin II-dependent canonical and noncanonical
transforming growth factor (TGF)—f signaling was shown
to be the responsible pathway for this disorder.”” " Selective
blockade of the angiotensin II type 1 receptor, although
sparing angiotensin II type 2 signaling, led to the successful
repurposing of the antihypertensive losartan for this indica-
tion.”® Such a network-centric approach implemented in
conjunction with clinically relevant models is intrinsic to
QSP (Fig. 3; Table 2). Because diseases often share path-
ways linked to their progression, as suggested by the preva-
lence of comorbidities,” we posit that a network-centric
QSP approach for understanding pathophysiology will
likely identify more opportunities for drug repurposing, in
addition to guiding the development of novel therapeutics.
Akin to Marfan syndrome, the genetic defect leading to
Huntington’s disease (HD) has been known for more than
20 y (i.e., expanded CAG repeats in the HTT gene, which
leads to aggregate-prone extended polyglutamine stretches
in the protein product huntingtin). But the function of HTT
and the biology of disease progression remain poorly under-
stood. Mutant huntingtin expression is difficult to modulate
directly with small molecules, displays pleiotropic gains of
function,?’ and induces neuronal subtype-selective cell
death, with striatal medium spiny neurons being the most
vulnerable. As part of a QSP approach to identifying the
pathogenic pathways,*® knock-in models that recapitulate
several clinical features of HD have identified several dys-
regulated pathways (e.g., cadherin, TGF-p, and caspase sig-
naling) that are also evident in patient postmortem tissue.
Transcriptome analysis shows that these same pathways are
also dysregulated in medium spiny neurons differentiated
from induced pluripotent stem cells (iPSCs) derived from
HD patients but not from normal individuals. However,
when the HTT mutation is corrected by homologous
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Table 2. Quantitative systems pharmacology platform for drug discovery and the advancement of personalized medicine being
implemented at the University of Pittsburgh Drug Discovery Institute.”

Step A The inputs are a wide range of patient-specific clinical and “omics” data, the outputs are a distribution of patient genotypes
and phenotypes, and the intuition is that more detailed patient data will better stratify patients. The current status of
personalized medicine involves using clinical and biospecimen data to select the optimal treatment strategy for each
patient from existing options. Our implementation of QSP as a joint platform for drug discovery and the extension of
personalized medicine begins with a focus on the patient from whom we obtain biospecimens and data (longitudinal
samples where possible) that are analyzed by a range of analytics, including DNA sequencing, transcriptomics, epigenetics,
proteomics, metabolomics, and/or computational pathology.'®'7***83* |4 addition, the availability of validated target
knowledge should be combined with the unbiased analyses of the patient data.

Step B The inputs are a comprehensive set of “omics” from patients that represent the range of disease genotypes and phenotypes, the
outputs are inferred pathways of disease progression that contain a collection of potential molecular targets, and the intuition
is the focus on the inferred pathways that will define the initial starting point for understanding the mechanism(s) of disease
progression and what pathway(s) to modulate to correct the disease phenotype. Computational biology tools are used to infer
pathway(s) of disease progression in an unbiased approach using either individual or population patient data.'®"” The inferred
pathways yield lists of potential molecular targets for therapeutic intervention.

Step C  The input is a prioritized list of potential drug targets identified from the inferred pathways in step B, the output is a
prioritized list of predicted drug-target interactions, and the intuition is that the predicted drugs can then be tested as
probes in the phenotypic models of the disease created in step D that could yield valuable mechanistic clues. Machine-
learning software tools predict molecular drug-target interactions from the potential molecular targets in the inferred
pathways by analyzing databases such as DrugBank and STITCH.3¢*#

Step D The input is a set of requirements for phenotypic models of disease progression (and reversal, with treatment) that closely
reflect the patient-derived information, including heterogeneity, using engineered organisms (e.g., Caenorhabditis elegans,
zebrafish), human isogenic cell lines, and induced pluripotent stem cell-derived cells in plate-based*® and microfluidic
three-dimensional models.**' Focused compound libraries, RNAi knockdowns, and mutant cDNA libraries are tools
both for uncovering mechanism(s) and as a starting point for identifying novel leads. The output is a robust, in vitro
phenotypic model of the disease at a specific stage of the disease progression, and the intuition is that the use of more
sophisticated experimental models of disease that reflects patient heterogeneity will be more valuable than simple assays.

Step E The input is the disease-specific phenotypic model, and the outputs are HCS image data that are analyzed on a cell-by-
cell basis to characterize subpopulations, including the presence and extent of heterogeneity of response to small
molecules,”” RNA;,**** and mutant cDNA* (see also refs. 56-60), that include hits from screening with predicted drugs
from step C and novel compounds. Multiplexed HCS assays measure multiple functional parameters®' against selected
probes. The intuition is that modulating pathways in phenotypic models of disease progression will yield a systems
response potentially involving multiple pathways.

Step F Hits from HCS profiling demonstrate an ability to reverse the disease model phenotype® "’ and can serve as the starting
point for drug repurposing when the predicted drugs show positive results and/or development of novel therapeutics
from the focused compound libraries.

Step G Medicinal chemistry can then be used to optimize any predicted drug hits for the new indication and hits from the focused
compound libraries (see step ).

Step H  Lead compounds are tested in mammalian disease models to validate the potential efficacy and safety in a multiscale system
relative to the molecular, cellular, and tissue experimental models.

Step | Lead compounds also undergo target identification using a combination of approaches, includin§ chemical proteomics
analyses to identify proteins that bind the “hits” and represent potential molecular targets.***® The highest probability
proteins identified by chemical proteomics are then mapped into the inferred pathways of disease progression (step
B) or new pathways that are subsequently validated using RNAIi, knockdown models, and/or highly selective small-
molecule probes. Successful target(s) ID in this step enables a shift to target-centric development with the use of the
molecular targets in structure-activity relationship studies. However, optimized molecules also need to be positive in
the phenotypic disease model profiling (step E). The heterogeneity analysis needs to be continued during optimization to
identify any variation in potency and heterogeneity that would identify subpopulations of responders.

Step | Computational (mathematical) models of disease physiology and progression are created by integrating phenotypic disease
model data with validated, published knowledge.®>”* The initial computational models are incomplete, but the iterative
steps in the QSP platform process allow experimental disease models (step D) to be tested and further manipulated with
small-molecule, RNAI, and mutant cDNA libraries. The new data from steps E through | can then be incorporated into
the next version of the computational model in a gradual process of improvement of the model.

Step K An iterative process of experimentation and computational modeling converges on comprehensive characterization of disease
progression with increasing accuracy. The iterative process identifies disease-specific emergent properties including the
identification of a novel therapeutic strategy, pharmacodynamic biomarkers, and prognostic and predictive biomarkers.

StepL  The preclinical and in silico knowledge gained through these iterative steps guides clinical trial design, in which the trial
itself now becomes an integral module of the iterative QSP cycle, generating additional patient data to further refine
our understanding of the underlying pathophysiology and our design of next-generation therapies. Repurposing of drugs
predicted in step C and tested in step E is naturally simpler for entering into clinical trials v. novel compounds.

62,63

*This table is in support of Figure 3. QSP = quantitative systems pharmacology; HCS = high-content screening; ID = identification.
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Figure 3. Quantitative systems pharmacology platform for drug discovery and the advancement of personalized medicine being
implemented at the University of Pittsburgh Drug Discovery Institute. Details are outlined in Table 2.

recombination, the signaling of these dysregulated path-
ways is normalized, and the disease phenotype (i.e., suscep-
tibility to stress-induced cell death) is rescued.®

Once dysfunctional pathways have been inferred from the
systems-level analysis, as in the examples above (step B in
Fig. 3 and Table 2), the next step in the QSP platform is to
distinguish those that are mechanistically linked to disease pro-
gression (i.e., pathogenic) from other dysregulated pathways
that may represent an epiphenomenon or a disease-ameliorat-
ing compensatory effect.® To accomplish this task, iterative
use of experimental and computational approaches is essential
(steps B-J). The goal is to modulate and quantitatively assess
how individual pathways affect disease phenotype. High-
content profiling that includes analysis of heterogeneity of cel-
lular responses can then help us determine the role of a
particular pathway in the pathophysiology (step E).*® However,
drug-induced normalization of a single pathway may not be
sufficient to rescue disease phenotype. Specific proteomic,
transcriptomic, and metabolomic data*** can then be analyzed

and integrated using computational and pharmacodynamic
systems analysis tools*® to construct mathematical (computa-
tional) models of pathogenic pathways and their interrelation-
ships (networks; Step J).” "' This information is in turn used
for predicting optimal drug combinations and companion bio-
markers™ (step K) that can then be experimentally validated
(or invalidated) and further refined through additional itera-
tions of the QSP cycle prior to clinical trial design.

QSP-Driven Phenotypic Approaches
to Drug Discovery in Complex Disease

The great challenge for drug discovery in complex diseases
relates to their variations at often hundreds of gene loci, phe-
notypic heterogeneity, and multifactorial patterns of inheri-
tance. Variants at any component locus may not be necessary
or sufficient to result in the disease phenotype, and they may
be relatively common in healthy individuals and occur in
noncoding regions. The pathogenic consequences of variants
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depend on cellular and organ context, functional interactions
with other gene variants and their products, and associated
environmental factors. For example, mutations within the
cystic fibrosis transmembrane conductance regulator (CFTR)
that disrupt anion channel activity affect epithelial cell func-
tion in the lungs, pancreas, and other tissues as part of the
cystic fibrosis (CF) phenotype. Indeed, Ivacaftor, identified
through phenotypic discovery, was recently approved by the
Food and Drug Administration (FDA) as the first drug to
directly target any of 10 rare mutations that disrupt the chlo-
ride ion channel function of CFTR.** However, CFTR
mutations that disrupt bicarbonate anion channel activity but
spare chloride anion channel activity predispose individuals
to chronic pancreatitis but not pulmonary dysfunction.”®'
The risk of chronic pancreatitis increases further with the
coinheritance of pancreatic secretory trypsin inhibitor vari-
ants, which multiplicatively increases the risk of chronic pan-
creatitis (without CF), suggesting gene (product)-gene
(product) interactions and a corresponding high-risk path-
way.”' These particular observations with chronic pancreati-
tis appear to be generalizable to other complex diseases.
Probabilistic genetic modeling indicates that gene-gene inter-
actions, especially among common variants underlying
Mendelian disorders, appear to make major contributions to
complex disease risk and as such are significant determinants
of disease phenotype.*

Thus, focusing on disease phenotype may represent a
complementary strategy to individual gene (or protein) tar-
geting. Several reviews reinforce the value of phenotypic
screens and their success relative to target-focused
approaches, particularly for complex disease.' >392 In
particular, high-content screening (HCS) is a powerful phe-
notypic screening tool for analyzing the temporal-spatial
dynamics of multiple cellular function parameters in both
cell-based**** and experimental organism” models. As an
example, HCS conducted on a genome-wide scale using
RNAIi or ¢cDNA overexpression combined with in silico
drug-target discovery strategies has been used to repurpose
preclinical drugs for both common and rare diseases, such
as alphal-antitrypsin deficiency and acute megakaryocytic
leukemia (AMKL).%%%

In the case of AMKL,* the disease phenotype is well
known (immature megakaryocytes cannot exit from a highly
proliferative cycle to achieve polyploidization and platelet
differentiation), but the genomic data per se were not suffi-
cient to focus on a small set of candidate pathways or targets.
Thus, the QSP cycle was initiated at step D with HCS profil-
ing (Fig. 3; Table 2) using small-molecule chemical probes
and comprehensive RNALI libraries in a cell line derived from
a patient AMKL blast to identify mechanisms of AMKL pro-
gression. Dimethyl fasudil was identified as a rare hit that
selectively induced both polyploidization and other markers
indicative of platelet differentiation in megakaryocytes but
not in cells from other lineages (step F). This kinase inhibitor

demonstrated efficacy in a murine AMKL model that directly
correlated with its in vivo induction of polyploidization in
tumor cells (step H).

Next, chemical proteomics and kinase and kinome-
shRNA screening (step I in Fig. 3 and Table 2) identified
the mechanistic target of dimethyl fasudil as Aurora kinase
A (AURKA), both a negative regulator of endomitosis and
platelet differentiation and a targetable AMKL dependency
(step K). This finding was corroborated in vivo (step H)
both genetically (AURKA knock-out animals) and pharma-
cologically using Alisertib, an Aurora kinase A inhibitor
under clinical development for other oncology indications.

Thus, a QSP-driven, mechanism-focused, phenotypic
approach led to the repurposing of Alisertib for the novel
differentiation-inducing treatment of AMKL (ongoing clin-
ical trial). Computational modeling in the same study (step
Jin Fig. 3 and Table 2) led to insights regarding five kinase
pathways that regulate endomitosis and could suggest addi-
tional experiments designed to inform the rational design
and testing of combination therapies, at which point a sub-
sequent QSP cycle would commence at steps B and C.
Indeed, the mechanistic studies that have led to an AMKL
indication for Alisertib have now been extended to patients
with another megakaryocyte-based neoplasm, primary
myelofibrosis, with the prospect of implementing combina-
tion therapeutic strategies involving the Janus kinase inhibi-
tor, ruxolitinib.”’

QSP as a Means to Address Resistance
to Targeted Cancer Therapy

A promising application of QSP is in the development of
precision cancer therapy designed to achieve sustainable
remission.”®”’ Functional genomic analyses of tumor muta-
tions can identify targetable tumor dependencies (e.g.,
BCR-ABL, EGFR, BRAF) that guide the selection of inhib-
itors capable of improving progression-free survival with-
out the side effects of traditional chemotherapy. However,
resistance emerges through the clonal evolution of tumor
cells with mutations that escape the initial selective inhibi-
tor. Maximizing treatment response requires the a priori
rational combination of synergistic therapies’®”® in antici-
pation of the mechanisms of resistance likely to emerge.”’
This can be accomplished through iterative use of the QSP
cycle, starting at step A to identify the patient genotypes and
phenotypes that can be engineered into phenotypic models
(step D), to identify those pathways with the potential to
confer resistance. For example, mutant cDNAs representing
core nodes in 17 pathways that are frequently implicated in
cancer cell proliferation, survival, differentiation, and cell
death can be expressed to activate or inhibit their respective
pathway.”® Pathways conferring resistance to particular
drugs were identified using these cDNAs, and when these
resistance-conferring pathways were themselves inhibited
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with a second drug, sensitivity to the original targeted drug
was restored, thereby suggesting a potential polypharmaco-
logic strategy for addressing resistance. Mechanisms of
resistance involved either the activation of a compensatory
pathway to bypass the one inhibited by the drug or the acti-
vation of pathways that alter the cell state to be less depen-
dent on the drug-targeted pathway for viability.>
Secondary mutation of the target itself represents another
important strategy for the tumor to reactivate the oncogenic
signaling pathway in the presence of a drug. These mutations
confer resistance by several possible mechanisms, such as
direct or allosteric prevention of drug-target interaction,
enhanced binding of a competitive substrate, or the conversion
of a receptor antagonist to an agonist.”” Examples include
BCR-ABL mutations that confer imatinib resistance in chronic
myeloid leukemia” and the F876L mutation in the androgen
receptor that confers resistance to enzalutamide for the treat-
ment of castration-resistant prostate cancer.'®'"" A holistic
QSP approach can take into account the emergence of resis-
tance, including its molecular mechanisms,'* at the outset of a
drug development program and thus inform the design of poly-
pharmacologic strategies that effectively trap emerging resis-
tance to enable more sustainable remission and cure rates.

Using QSP to Address Heterogeneity
in Drug Discovery and Development

Because heterogeneity can be the product of genetic and/or
nongenetic processes,” ' disease genotypes and phenotypes
can vary within (intratumor) and between (intertumor) experi-
mental models and individual patients, confounding our ability
todevelop optimal therapeutics and diagnostics, *>>7%>%8:104-107
The QSP cycle addresses heterogeneity from the analysis of
patient samples (step A in Fig. 3 and Table 2) through the
development of mathematical models (step J). For example,
the application of HCS to a phenotypic model of HD using
patient-derived iPSCs demonstrated the ability of correcting
the mutant HTT gene with homologous recombination to
reverse cell death in response to stress.*” In the future, iPSCs
could be modulated with molecular and/or small-molecule
perturbations to identify and quantify any heterogeneity in
patient-specific disease models.>

In cancer, spatial relationships between tumor and stromal
cells add another layer of heterogeneity. Spatial heterogene-
ities underscore the importance of capturing data within the
context of cellular and tissue architecture that is otherwise lost
through population-averaged methods.”” The QSP platform
takes advantage of new computational pathology methods that
use panels of multiplexed fluorescent biomarkers to quantify
single-cell intratumor heterogeneity while preserving spatial
relationships within the tumor.>"'%*1% In addition, single-cell
proteomics from mass spectrometry imaging can likewise be
incorporated into pathway models,'" as can data from cell-
based assays in microplates,” kinetic HCS measurements in

single living cells,' and single-cell genetic analyses.'"' HCS of
disease-specific samples (e.g., patient biopsies, patient-derived
iPSCs, patient-derived xenograft [PDX] tissue, tissue-
engineered models) can define and quantify the heterogeneity
for use in the development of both therapeutics®>*'® and
more biologically relevant experimental, phenotypic models
of disease.”**’

The QSP process also takes into account nongenetic
sources of heterogeneity. Although many diseases have
some genetic component, most have environmental or sto-
chastic components, as long demonstrated by twin stud-
ies."”>""® Through its integrated computational modeling,
QSP can help address environmental and epigenetic influ-
ences on health and disease. If particular environmental
exposures are suspected as contributing to a disease pheno-
type, the QSP framework has the potential to test these
associations and to probe interactions between particular
genetic variations and environmental factors.

Computational Approaches within the
QSP-Driven Drug Discovery Process

Computational analyses of complex data sets and computa-
tional modeling are central to the effectiveness of the QSP plat-
form.**>!"* Computations serve three major functions: (1)
data integration with a variety of inference analytics, (2) pre-
dictions of drug-target and drug-drug interactions, and (3) pre-
dictive, computational modeling of the networks involved in
the disease progression (see Fig. 3 and Table 2, steps B, C, I,
and J). The first set of computational tasks requires the integra-
tion of distinct data types (e.g., “omics,” image, clinical, and
pharmacologic data) into a unified model. The inherent hetero-
geneity of the samples and the distinct data types, which may
include genomics, transcriptomics, proteomics, epigenetics,
computational pathology, metabolomics, and/or lipidomics, is
still a challenge, but advanced machine-learning algorithms
with mixed graphical models are being developed to address
this Challenge.17,20,35,37—39,115,116

The inference of pathways involved in disease progres-
sion based on the patient “omics” data from step A is the
next task using algorithms'®'” that are continually being
improved (step B in Fig. 3 and Table 2). Network-based
approaches to human medicine are particularly useful for
assessing the significance of disease-associated mutations
identified by genome-wide association studies mentioned
above, building on the wealth of theory and methods that
have been developed for network models in general.’” We
note in particular the development of a new disease-mod-
ule—detection algorithm by Barabasi and coworkers,'’
inspired by the observations that disease-associated pro-
teins interact with each other. For example, the application
of network models to asthma proved to be particularly use-
ful in explaining disease heterogeneity and capturing novel
pathways.'"®
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The prediction of approved drugs as probes of the poten-
tial molecular targets within the inferred pathways is the
next computational task (step C). Computational methods
for predicting unknown drug-target associations have been
explored for a number of years, particularly for repurposing
drugs for additional indications and identifying potential
off-target effects.’*** 119120 For example, the probabilistic
matrix factorization approach is scalable to large databases
such as STITCH and available as a web-based tool applied
to DrugBank. "’

In addition, valuable transcriptional drug treatment data-
bases including CMap'?' and LINCS'* have searchable
measurement data for a variety of experimental manipula-
tions using multiple cell types, approved drugs, drug doses,
and time points that are publically available. These and other
databases have been used to connect genes, drugs, and dis-
eases through changes in gene expression.'* Approved drugs
demonstrated to be effective in one disease can serve as can-
didates for other diseases exhibiting the same changes in
gene expression.'”*'> The mining of these types of publi-
cally available data sets complements the design and imple-
mentation of steps B through D in Figure 3 and Table 2.

Computational modeling of disease progression networks
(step J) starts with creating mathematical models that are
consistent with published biological knowledge of the molec-
ular and cellular mechanisms®®® "' (steps A and B) as well
as experimental data generated through steps C though I. The
computational models make predictions that can be tested
experimentally, and the model can be improved in an itera-
tive process. New inferences may then be formulated as
experimentally testable hypotheses. A key feature of the QSP
platform is the experimental validation (or invalidation) of
these hypotheses, which then provide feedback and new data
to be incorporated into computational models to further
improve their predictive ability. Rule-based languages for
modeling,” "' such as BioNetGen,”? approach model design
with mathematical definitions. Computational models that
incorporate HCS data are being developed to address net-
work complexity, cellular heterogeneity, spatial complexity,
and multicellular systems®**’ in parallel with advances in
causal model discovery.'?® The iterative process used in the
platform is essential to learning about underlying mecha-
nisms and designing specific therapies.

QSP and Personalized Medicine Form
a Continuum

Because of its comprehensive capabilities and flexibility,
the QSP platform will play a critical role as we move medi-
cine from a reactive to a proactive process,”>* particularly
with the increasing penetration of DNA sequencing in the
clinic."” The future routine collection of “omics” data in
the clinic, including transcriptomics, epigenomics, metabo-
lomics, proteomics, and computational pathology (step A in

Fig. 3 and Table 2), will further enable an unbiased
approach to inferring pathways of disease progression as a
starting point for developing personalized therapeutics and
their personalized companion diagnostics (step B). In par-
ticular, the QSP platform will facilitate the identification of
pharmacodynamic, diagnostic, prognostic, and predictive
biomarkers (step K). All of this information along with
pharmacogenomic analysis will then contribute to the effi-
cient design, simulation, and implementation of clinical tri-
als (step L) that permit a focus on personalized rather than
population-based medicine. The NCI-MATCH (Molecular
Analysis for Therapy Choice) trial'*® is an initiative in that
direction, which includes patients with any solid tumor or
lymphoma who have one of many genomic abnormalities
known to drive cancer. The goal for the QSP-personalized
medicine continuum is to expand the options available at
step A and to be there to develop new options as diagnostic
and therapeutic needs are identified.

Challenges Exist in the
Implementation of QSP for
Developing Therapeutics and
Advancing Personalized Medicine

The implementation of the QSP strategy and platform has
been initiated to optimize the understanding of the mecha-
nisms of disease progression at the level of preclinical test-
ing before investing in expensive clinical trials where
failures have been a major problem. However, there are
ongoing challenges to fully develop and implement the
computational and experimental methods, although the ref-
erences listed in Table 2 and the body of this perspective
demonstrate a good starting point. It is clear that the optimal
implementation of QSP will be an evolutionary process.
Furthermore, the training of scientists, engineers, and com-
putational and systems biologists must evolve to support
the new approach to developing therapeutics.

Some of the computational challenges include the need to
improve the methods used to integrate diverse patient data
types, to optimally harness “big data” generated from a grow-
ing number of high-throughput “omics” that require sophisti-
cated data storage, analysis, archiving, visualization, and
causal discovery. In addition, the development of useful com-
putational models of networks involved in disease progression
requires formalizing complex disease processes order to gen-
erate hypotheses that can be experimentally tested. Advances
in the mathematical methods and systems biology tools,
including the capture of heterogeneity in the network struc-
tures, need to be developed to fully capture the complexity of
the biology.

Challenges also exist for the experimental approaches
outlined in our strategy and platform. There is a need for a
new focus on developing sophisticated phenotypic models
that are more disease relevant. This will involve accepting a
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slightly lower throughput for phenotypic screening, as well
as investing in the use of multicell, three-dimensional,
human cell-based models, including the use of patient-
derived, iPSCs and/or primary patient samples. This is a
departure from the traditional approach of optimizing
throughput relative to disease relevance. The best experi-
mental models will also involve temporal analyses of live
samples to gain dynamic information. The present genera-
tion of disease-relevant models is useful, but further
advancements are needed, including developing standard
plates and/or chips that provide physiological flow for the
models with the maximal possible throughput. Finally, the
application of chemical proteomics as part of the approach
to identify the molecular targets from phenotypic profiles is
powerful, yet still evolving. Validation studies are still
ongoing to demonstrate the strengths and weaknesses of the
approach.

Moving Forward with QSP and
Personalized Medicine

We believe the time has arrived for QSP to become the key
approach to determine the biology underlying disease pro-
gression and to support the advancement of personalized
medicine. Various specific platforms such as the one outlined
here are possible, and further innovation is important.'” Yet
the comprehensive unbiased approach, however practiced,
has the potential to do more than identify a relatively small
set of candidate drug targets that are merely associated with a
particular disease: it allows for the informed selection of drug
targets and biomarkers mechanistically linked to the patho-
physiology. The QSP process also supports improved patient
stratification and more quantitative predictions regarding the
pharmacologic effects of particular drug-target interactions
and thus increases the efficiency of demonstrating proof of
concept in clinical trials. Each component of the QSP cycle
has its own role in the drug discovery process, and their
seamless integration is required for the identification of
emergent, disease-specific properties. For example, compu-
tationally inferring pathways of disease progression (step B
in Fig. 3 and Table 2) is facilitated by the analysis of multiple
spatially and temporally distinct samples from an individual
patient both to account for heterogeneity and to associate
these pathway data with clinical observations and treatment
outcomes over time (step A).

The priority now is to aggregate and disseminate available
toolkits of experimental and computational methods that can
comprehensively analyze data and specifically model and
modulate the pathways of disease progression for any disease.
Such libraries of toolkits would be used to determine the path-
way and network dependencies for specific disease pheno-
types (steps D, E, H, J), validating computationally derived
pathway analyses and distinguishing these from epiphenom-
ena (e.g., driver mutations from passenger mutations). The

development and implementation of standardized experimen-
tal and computational tools will require strong organizational
leadership among academia, industry, and government spon-
sors and regulatory agencies to establish a culture of multidis-
ciplinary team building across institutions. We believe that
recognition of the value of QSP for drug discovery and the
development for personalized medicine will motivate the
adoption and implementation of this paradigm.

Acknowledgments

The authors would like to thank the members of their laboratories
for significant contributions to our thinking. We are implementing
full programs in QSP applied to neurodegenerative diseases (start-
ing with HD), metastatic breast cancer, and liver diseases (includ-
ing hepatocarcinoma and nonalcoholic fatty liver disease). We
cannot acknowledge all members of each program team that are
drawn from the University of Pittsburgh, Carnegie Mellon
University, the University of Pittsburgh Medical Center, as well as
external collaborators, but special thanks to Robert Friedlander,
Adrian Lee, Steffi Oesterreich, Paul Monga, Ed Prochownik,
David Perlmutter, Jaideep Behari, David Whitcomb, Nathan
Yates, Bert Gough, Andreas Vogt, Larry Vernetti, Chakra
Chennubhotla, Jim Faeder, Tim Lezon, Greg Cooper, Xinghua Lu,
Russell Schwartz, Robert Murphy, and Zoltan Oltvai for ongoing
discussions. We also acknowledge a valuable collaboration with
the National Center for Advancing Translational Sciences screen-
ing center at the National Institutes of Health. Special thanks to
Michelle Kienholz for critically reviewing and editing the
manuscript.

Declaration of Conflicting Interests

The authors declared no potential conflicts of interest with respect
to the research, authorship, and/or publication of this article.

Funding

The authors disclosed receipt of the following financial support
for the research, authorship, and/or publication of this article: Our
development of the QSP platform has been supported by PA
Department of Health, SAP #4100068731 to A. M. Stern, National
Institutes of Health (NIH) awards P01 DK096990 and U19
Al068021 to 1. Bahar, and an NIH award P30 CA047904 (a sub-
award for a chemical biology facility), a NExT-CBC RFP S11-
030-NCI award, and an NIH S5UH2TR000503 award from
National Center for Advancing Translational Sciences (NIH) to D.
L. Taylor.

References

1. Swinney, D. C. The Contribution of Mechanistic
Understanding to Phenotypic Screening for First-in-Class
Medicines. J. Biomol. Screen. 2013, 18, 1186-1192.

2. Zheng, W.; Thorne, N.; McKew, J. C. Phenotypic Screens
as a Renewed Approach for Drug Discovery. Drug Discov.
Today. 2013, 18, 1067-1073.

3. Ding, G.J,; Fischer, P. A.; Boltz, R. C.; et al. Characterization
and Quantitation of NF-kappaB Nuclear Translocation
Induced by Interleukin-1 and Tumor Necrosis Factor-Alpha.

Downloaded from jbx.sagepub.com at UNIV OF PITTSBURGH on July 14, 2016


http://jbx.sagepub.com/

Stern et al.

531

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Development and Use of a High Capacity Fluorescence
Cytometric System. J. Biol. Chem. 1998, 273, 28897-28905.

. Xu, M.; Liu, K.; Swaroop, M.; et al. delta-Tocopherol

Reduces Lipid Accumulation in Niemann-Pick Type C1 and
Wolman Cholesterol Storage Disorders. J. Biol. Chem. 2012,
287,39349-39360.

. Moftat, J. G.; Rudolph, J.; Bailey, D. Phenotypic Screening in

Cancer Drug Discovery: Past, Present and Future. Nat. Rev.
Drug Discov. 2014, 13, 588—602.

. Lee, J. A.; Uhlik, M. T.; Moxham, C. M.; et al. Modern

Phenotypic Drug Discovery Is a Viable, Neoclassic Pharma
Strategy. J. Med. Chem. 2012, 55, 4527-4538.

. Pammolli, F.; Magazzini, L.; Riccaboni, M. The Productivity

Crisis in Pharmaceutical R&D. Nat. Rev. Drug Discov. 2011,
10, 428-438.

. Paul, S. M.; Mytelka, D. S.; Dunwiddie, C. T.; et al. How to

Improve R&D Productivity: The Pharmaceutical Industry’s
Grand Challenge. Nat. Rev. Drug Discov. 2010, 9, 203-214.

. Mullard, A. 2014 FDA Drug Approvals. Nat. Rev. Drug

Discov. 2015, 14, 77-81.

Report to the President on Propelling Innovation in Drug
Discovery, Development, and Evaluation. https://www
.whitehouse.gov/sites/default/files/microsites/ostp/pcast
-fda-final.pdf (accessed December 16, 2015).

Berg, J. M.; Rogers, M. E.; Lyster, P. M. Systems Biology
and Pharmacology. Clin. Pharmacol. Ther. 2010, 88, 17-19.
Sorger, P. K.; Allerheiligen, S. R. B.; Abernethy, D. R.;
et al. Quantitative and Systems Pharmacology in the Post-
genomic Era: New Approaches to Discovering Drugs
and Understanding Therapeutic Mechanisms (an NIH
White Paper by the QSP Workshop Group). October 2011.
https://www.nigms.nih.gov/News/reports/Documents/
SystemsPharmaWPSorger2011.pdf.

Ideker, T.; Galitski, T.; Hood, L. A New Approach to
Decoding Life: Systems Biology. Ann. Rev. Genom. Hum.
Genet. 2001, 2, 343-372.

Beadle, G. W.; Tatum, E. L. Genetic Control of Biochemical
Reactions in Neurospora. Proc. Natl. Acad. Sci. U.S.A. 1941,
27, 499-506.

KEGG Pathway Database. http://www.genome.jp/kegg/path
way.html (accessed December 16, 2015).

AlQuraishi, M.; Koytiger, G.; Jenney, A.; et al. A Multiscale
Statistical Mechanical Framework Integrates Biophysical and
Genomic Data to Assemble Cancer Networks. Nat. Genet.
2014, 46, 1363-1371.

Hansen, J.; Iyengar, R. Computation as the Mechanistic Bridge
between Precision Medicine and Systems Therapeutics. Clin.
Pharmacol. Ther. 2013, 93, 117-128.

Wang, P.; Bahreini, A.; Gyanchandani, R.; et al. Sensitive
Detection of Mono- and Polyclonal ESR1 Mutations in Primary
Tumors, Metastatic Lesions and Cell Free DNA of Breast
Cancer Patients. Clin. Cancer Res [Online early access]. DOI:
10.1158/1078-0432.CCR-15-1534. October 23, 2015.

National Human Genome Research Institute. Biological
Pathways Fact Sheet. http://www.genome.gov/27530687
(accessed December 16, 2015).

Zhao, S.; lyengar, R. Systems Pharmacology: Network
Analysis to Identify Multiscale Mechanisms of Drug Action.
Annu. Rev. Pharmacol. Toxicol. 2012, 52, 505-521.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Visser, S. A.; de Alwis, D. P.; Kerbusch, T.; et al. Implementation
of Quantitative and Systems Pharmacology in Large Pharma.
CPT Pharmacometrics Syst. Pharmacol. 2014, 3, e142.

Hood, L.; Friend, S. H. Predictive, Personalized, Preventive,
Participatory (P4) Cancer Medicine. Nat. Rev. Clin. Oncol.
2011, 8, 184-187.

Jenkins, S. L.; Ma’ayan, A. Systems Pharmacology Meets
Predictive, Preventive, Personalized and Participatory
Medicine. Pharmacogenomics 2013, 14, 119-122.

Azeloglu, E. U.; Iyengar, R. Signaling Networks: Information
Flow, Computation, and Decision Making. Cold Spring Harb.
Perspect. Biol. 2015, 7, a005934.

Carter, H.; Hofree, M.; Ideker, T. Genotype to Phenotype
via Network Analysis. Curr. Opin. in Genet. Dev. 2013, 23,
611-621.

Gomes, A. P.; Blenis, J. A Nexus for Cellular Homeostasis:
The Interplay between Metabolic and Signal Transduction
Pathways. Curr. Opin. Biotechnol. 2015, 34C, 110-117.
Krogan, N. J.; Lippman, S.; Agard, D. A.; et al. The Cancer
Cell Map Initiative: Defining the Hallmark Networks of
Cancer. Mol. Cell. 2015, 58, 690-698.

Jostins, L.; Ripke, S.; Weersma, R. K.; et al. Host-Microbe
Interactions Have Shaped the Genetic Architecture of
Inflammatory Bowel Disease. Nature 2012, 491, 119-124.
Lawrence, M. S.; Stojanov, P.; Mermel, C. H.; et al. Discovery
and Saturation Analysis of Cancer Genes across 21 Tumour
Types. Nature 2014, 505, 495-501.

Morris, A. P.; Voight, B. F.; Teslovich, T. M.; et al. Large-
Scale Association Analysis Provides Insights into the Genetic
Architecture and Pathophysiology of Type 2 Diabetes. Nat.
Genet. 2012, 44, 981-990.

Ripke, S.; Neale, B. M.; Corvin, A.; et al. Biological Insights
from 108 Schizophrenia-Associated Genetic Loci. Nature
2014, 511, 421-427.

Tamborero, D.; Gonzalez-Perez, A.; Perez-Llamas, C.; et al.
Comprehensive Identification of Mutational Cancer Driver
Genes across 12 Tumor Types. Sci. Rep. 2013, 3, 2650.

Van Limbergen, J.; Radford-Smith, G.; Satsangi, J. Advances
in IBD Genetics. Nat. Rev. Gastroenterol. Hepatol. 2014, 11,
372-385.

Hamburg, M. A. Paving the Way for Personalized Medicine.
http://www.fda.gov/downloads/ScienceResearch/Special
Topics/PersonalizedMedicine/UCM372421.pdf (accessed
December 16, 2015).

Chakravarti, A.; Clark, A. G.; Mootha, V. K. Distilling
Pathophysiology from Complex Disease Genetics. Cell 2013,
155,21-26.

Ma’ayan, A.; Jenkins, S. L.; Goldfarb, J.; et al. Network
Analysis of FDA Approved Drugs and Their Targets. Mt.
Sinai J. Med. 2007, 74, 27-32.

Barabasi, A. L.; Gulbahce, N.; Loscalzo, J. Network
Medicine: A Network-Based Approach to Human Disease.
Nat. Rev. Genet. 2011, 12, 56-68.

Hopkins, A. L. Network Pharmacology: The Next Paradigm
in Drug Discovery. Nat. Chem. Biol. 2008, 4, 682—690.
Csermely, P.; Korcsmaros, T.; Kiss, H. J.; et al. Structure
and Dynamics of Molecular Networks: A Novel Paradigm
of Drug Discovery: A Comprehensive Review. Pharmacol.
Ther. 2013, 138, 333-408.

Downloaded from jbx.sagepub.com at UNIV OF PITTSBURGH on July 14, 2016


https://www
.whitehouse.gov/sites/default/files/microsites/ostp/pcast
-fda-final.pdf
https://www.nigms.nih.gov/News/reports/Documents/SystemsPharmaWPSorger2011.pdf
https://www.nigms.nih.gov/News/reports/Documents/SystemsPharmaWPSorger2011.pdf
http://www.genome.jp/kegg/path way.html
http://www.genome.jp/kegg/path way.html
http://www.genome.gov/27530687
http://www.fda.gov/downloads/ScienceResearch/Special Topics/PersonalizedMedicine/UCM372421.pdf
http://www.fda.gov/downloads/ScienceResearch/Special Topics/PersonalizedMedicine/UCM372421.pdf
http://jbx.sagepub.com/

532

Journal of Biomolecular Screening 21(6)

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Alexopoulos, L. G.; Saez-Rodriguez, J.; Cosgrove, B. D.;
et al. Networks Inferred from Biochemical Data Reveal
Profound Differences in Toll-Like Receptor and Inflammatory
Signaling between Normal and Transformed Hepatocytes.
Mol. Cell Proteomics. 2010, 9, 1849-1865.

Taylor, D. L. A New Vision of Drug Discovery and
Development. Eur. Pharmaceut. Rev. 2012, 17.

Yang, R.; Niepel, M.; Mitchison, T. K.; et al. Dissecting
Variability in Responses to Cancer Chemotherapy through
Systems Pharmacology. Clin. Pharmacol. Ther. 2010, 88,
34-38.

Potts, S. J.; Krueger, J. S.; Landis, N. D.; et al. Evaluating
Tumor Heterogeneity in Immunohistochemistry-Stained
Breast Cancer Tissue. Lab Invest. 2012, 92, 1342—-1357.
Keiser, M. J.; Setola, V.; Irwin, J. J.; et al. Predicting New
Molecular Targets for Known Drugs. Nature 2009, 462, 175—
181.

Wishart, D. S. Discovering Drug Targets through the Web.
Comp. Biochem. Physiol. Part D Genom. Proteom. 2007, 2,
9-17.

Cobanoglu, M. C.; Liu, C.; Hu, F.; et al. Predicting Drug-
Target Interactions Using Probabilistic Matrix Factorization.
J. Chem. Inf. Model 2013, 53, 3399-3409.

Cobanoglu, M. C.; Oltvai, Z. N.; Taylor, D. L.; et al.
BalestraWeb: Efficient Online Evaluation of Drug-Target
Interactions. Bioinformatics 2015, 31, 131-133.

Shamir, E. R.; Ewald, A. J. Three-Dimensional Organotypic
Culture: Experimental Models of Mammalian Biology and
Disease. Nat. Rev. Mol. Cell Biol. 2014, 15, 647-664.

Esch, E. W.; Bahinski, A.; Huh, D. Organs-on-Chips at the
Frontiers of Drug Discovery. Nat. Rev. Drug Discov. 2015,
14, 248-260.

Bhatia, S. N.; Ingber, D. E. Microfluidic Organs-on-Chips.
Nat. Biotechnol. 2014, 32, 760-772.

Wikswo, J. Annual Thematic Issue: The Biology and
Medicine of Microphysiological Systems [Special Issue].
Exp. Biol. Med. 2014, 239.

Orth, J. D.; Tang, Y.; Shi, J.; et al. Quantitative Live Imaging
of Cancer and Normal Cells Treated with Kinesin-5 Inhibitors
Indicates Significant Differences in Phenotypic Responses
and Cell Fate. Mol. Cancer Ther. 2008, 7, 3480-3489.

Mohr, S. E.; Smith, J. A.; Shamu, C. E.; et al. RNAi Screening
Comes of Age: Improved Techniques and Complementary
Approaches. Nat. Rev. Mol. Cell Biol. 2014, 15, 591-600.
Shalem, O.; Sanjana, N. E.; Zhang, F. High-Throughput
Functional Genomics Using CRISPR-Cas9. Nat. Rev. Genet.
2015, 76,299-311.

Martz, C. A.; Ottina, K. A.; Singleton, K. R.; et al. Systematic
Identification of Signaling Pathways with Potential to Confer
Anticancer Drug Resistance. Sci. Signal. 2014, 7, ral21.
Gough, A. H.; Chen, N.; Shun, T. Y.; et al. Identifying
and Quantifying Heterogeneity in High Content Analysis:
Application of Heterogeneity Indices to Drug Discovery.
PLoS One. 2014, 9, €102678.

Gough, A.; Lezon, T.; Faeder, J. R.; et al. High-Content
Analysis with Cellular and Tissue Systems Biology: A Bridge
between Cancer Cell Biology and Tissue-Based Diagnostics.
In The Molecular Basis of Cancer; 4th ed.; Mendelsohn, J.,

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

Howley, P. M., Israel, M. A_; et al., Eds.; Saunders/Elsevier:
Philadelphia, PA, 2015; Chapter 25, pp 369-392.

Almendro, V.; Marusyk, A.; Polyak, K. Cellular Heterogeneity
and Molecular Evolution in Cancer. Annu. Rev. Pathol. 2013,
8,277-302.

Singh, D. K.; Ku, C. J.; Wichaidit, C.; et al. Patterns of Basal
Signaling Heterogeneity can Distinguish Cellular Populations
with Different Drug Sensitivities. Mol. Syst. Biol. 2010, 6, 369.
Albeck, J. G.; Burke, J. M.; Aldridge, B. B.; et al. Quantitative
Analysis of Pathways Controlling Extrinsic Apoptosis in
Single Cells. Mol. Cell 2008, 30, 11-25.

Abraham, V. C.; Taylor, D. L.; Haskins, J. R. High Content
Screening Applied to Large-Scale Cell Biology. Trends
Biotechnol. 2004, 22, 15-22.

Wen, Q.; Goldenson, B.; Silver, S. J.; et al. Identification of
Regulators of Polyploidization Presents Therapeutic Targets
for Treatment of AMKL. Cell 2012, 150, 575-589.

O’Reilly, L. P.; Long, O. S.; Cobanoglu, M. C.; et al. A
Genome-Wide RNAi Screen Identifies Potential Drug Targets
in a C. elegans Model of Alphal-Antitrypsin Deficiency.
Hum. Mol. Genet. 2014, 23, 5123-5132.

Cong, F.; Cheung, A. K.; Huang, S. M. Chemical Genetics-
Based Target Identification in Drug Discovery. Annu. Rev.
Pharmacol. Toxicol. 2012, 52, 57-78.

Mackinnon, A. L.; Taunton, J. Target Identification by
Diazirine Photo-Cross-Linking and Click Chemistry. Curr.
Protoc. Chem. Biol. 2009, 1, 55-73.

Ong, S. E.; Schenone, M.; Margolin, A. A.; et al. Identifying
the Proteins to Which Small-Molecule Probes and Drugs Bind
in Cells. Proc. Natl. Acad. Sci. U.S.A. 2009, 106, 4617-4622.
Savitski, M. M.; Reinhard, F. B.; Franken, H.; et al. Tracking
Cancer Drugs in Living Cells by Thermal Profiling of the
Proteome. Science 2014, 346, 1255784.

Sutton, C. W. The Role of Targeted Chemical Proteomics in
Pharmacology. Br. J. Pharmacol. 2012, 166, 457-475.
Iyengar, R.; Zhao, S.; Chung, S. W.; et al. Merging Systems
Biology with Pharmacodynamics. Sci. Transl. Med. 2012, 4,
126ps127.

Janes, K. A.; Lauffenburger, D. A. Models of Signalling
Networks: What Cell Biologists Can Gain from Them and
Give to Them. J. Cell. Sci. 2013, 126, 1913-1921.

Ma’ayan, A. Introduction to Network Analysis in Systems
Biology. Sci. Signal. 2011, 4, tr5.

Faeder, J. R.; Blinov, M. L.; Hlavacek, W. S. Rule-Based
Modeling of Biochemical Systems with BioNetGen. Methods
Mol. Biol. 2009, 500, 113-167.

Sarioglu, A. F.; Aceto, N.; Kojic, N.; et al. A Microfluidic
Device for Label-Free, Physical Capture of Circulating
Tumor Cell Clusters. Nat. Methods 2015, 12, 685-691.
Dietz, H. C.; Cutting, G. R.; Pyeritz, R. E.; et al. Marfan
Syndrome Caused by a Recurrent De Novo Missense
Mutation in the Fibrillin Gene. Nature 1991, 352, 337-339.
Brooke, B. S.; Habashi, J. P.; Judge, D. P.; et al. Angiotensin
1I Blockade and Aortic-Root Dilation in Marfan’s Syndrome.
N. Engl. J. Med. 2008, 358, 2787-2795.

Loeys, B. L. Angiotensin Receptor Blockers: A Panacea
for Marfan Syndrome and Related Disorders? Drug Discov.
Today. 2015, 20, 262-266.

Downloaded from jbx.sagepub.com at UNIV OF PITTSBURGH on July 14, 2016


http://jbx.sagepub.com/

Stern et al.

533

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

Habashi, J. P.; Doyle, J. J.; Holm, T. M.; et al. Angiotensin
II Type 2 Receptor Signaling Attenuates Aortic Aneurysm in
Mice through ERK Antagonism. Science 2011, 332, 361-365.
Holm, T. M.; Habashi, J. P.; Doyle, J. J.; et al. Noncanonical
TGFbeta Signaling Contributes to Aortic Aneurysm
Progression in Marfan Syndrome Mice. Science 2011, 332,
358-361.

Neptune, E. R.; Frischmeyer, P. A.; Arking, D. E.; et al.
Dysregulation of TGF-Beta Activation Contributes to
Pathogenesis in Marfan Syndrome. Nat. Genet. 2003, 33,
407-411.

Blair, D. R.; Lyttle, C. S.; Mortensen, J. M.; et al. A
Nondegenerate Code of Deleterious Variants in Mendelian
Loci Contributes to Complex Disease Risk. Cell 2013, 155,
70-80.

Biagioli, M.; Ferrari, F.; Mendenhall, E. M.; et al. Htt CAG
Repeat Expansion Confers Pleiotropic Gains of Mutant
Huntingtin Function in Chromatin Regulation. Hum. Mol.
Genet. 2015, 24, 2442-2457.

An, M. C.; Zhang, N.; Scott, G.; et al. Genetic Correction
of Huntington’s Disease Phenotypes in Induced Pluripotent
Stem Cells. Cell Stem Cell 2012, 11, 253-263.

Tsvetkov, A. S.; Arrasate, M.; Barmada, S.; et al. Proteostasis
of Polyglutamine Varies among Neurons and Predicts
Neurodegeneration. Nat. Chem. Biol. 2013, 9, 586-592.
Sertbas, M.; Ulgen, K.; Cakir, T. Systematic Analysis of
Transcription-Level Effects of Neurodegenerative Diseases
on Human Brain Metabolism by a Newly Reconstructed
Brain-Specific Metabolic Network. FEBS Open Bio. 2014, 4,
542-553.

Tourette, C.; Li, B.; Bell, R.; et al. A Large Scale Huntingtin
Protein Interaction Network Implicates Rho GTPase Signaling
Pathways in Huntington Disease. J. Biol. Chem. 2014, 289,
6709-6726.

Harrold, J. M.; Ramanathan, M.; Mager, D. E. Network-Based
Approaches in Drug Discovery and Early Development. Clin.
Pharmacol. Ther. 2013, 94, 651-658.

McKone, E. F.; Borowitz, D.; Drevinek, P.; et al. Long-Term
Safety and Efficacy of Ivacaftor in Patients With Cystic
Fibrosis Who Have the Gly551Asp-CFTR Mutation: A Phase
3, Open-Label Extension Study (PERSIST). Lancet Respir.
Med. 2014, 2, 902-910.

Ramsey, B. W.; Davies, J.; McElvaney, N. G.; et al. A CFTR
Potentiator in Patients with Cystic Fibrosis and the G551D
Mutation. N. Engl. J. Med. 2011, 365, 1663—1672.

Van Goor, F.; Hadida, S.; Grootenhuis, P. D.; et al. Rescue
of CF Airway Epithelial Cell Function In Vitro by a CFTR
Potentiator, VX-770. Proc. Natl. Acad. Sci. U.S.4. 2009, 106,
18825-18830.

LaRusch, J.; Jung, J.; General, 1. J.; et al. Mechanisms of
CFTR Functional Variants That Impair Regulated Bicarbonate
Permeation and Increase Risk for Pancreatitis but Not for
Cystic Fibrosis. PLoS Genet. 2014, 10, €1004376.

Schneider, A.; Larusch, J.; Sun, X.; et al. Combined
Bicarbonate Conductance-Impairing Variants in CFTR and
SPINK1 Variants Are Associated with Chronic Pancreatitis
in Patients without Cystic Fibrosis. Gastroenterology 2011,
140, 162—-171.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

Eder, J.; Sedrani, R.; Wiesmann, C. The Discovery of First-
in-Class Drugs: Origins and Evolution. Nat. Rev. Drug
Discov. 2014, 13, 577-587.

Giuliano, K. A.; Haskins, J. R.; Taylor, D. L. Advances in
High Content Screening for Drug Discovery. Assay Drug
Dev. Technol. 2003, 1, 565-577.

Romero, L. V.; J. M. Alternative Models in Drug Discovery
and Development Part II: /n Vivo Nonmammalian and
Exploratory/Experimental Human Models In /n Vivo Models

for Drug Discovery; Vela, J. M., Maldonado, R., Hamon, M.,

Eds.; Wiley: Weinheim, Germany, 2014; Chapter 3, pp 59-90.
Jeremy Wen, Q.; Yang, Q.; Goldenson, B.; et al. Targeting
Megakaryocytic-Induced Fibrosis in Myeloproliferative
Neoplasms by AURKA Inhibition. Nat. Med. 2015, 21,
1473-1480.

Glickman, M. S.; Sawyers, C. L. Converting Cancer
Therapies into Cures: Lessons from Infectious Diseases.
Cell 2012, 148, 1089-1098.

Garraway, L. A.; Janne, P. A. Circumventing Cancer Drug
Resistance in the Era of Personalized Medicine. Cancer
Discov. 2012, 2, 214-226.

Zhao, B.; Pritchard, J. R.; Lauffenburger, D. A.; etal. Addressing
Genetic Tumor Heterogeneity through Computationally
Predictive Combination Therapy. Cancer Discov. 2014, 4,
166-174.

Azam, M.; Latek, R. R.; Daley, G. Q. Mechanisms of
Autoinhibition and STI-571/Imatinib Resistance Revealed
by Mutagenesis of BCR-ABL. Cel/ 2003, 712, 831-843.
Balbas, M. D.; Evans, M. J.; Hosfield, D. J.; etal. Overcoming
Mutation-Based Resistance to Antiandrogens with Rational
Drug Design. Elife 2013, 2, ¢00499.

Korpal, M.; Korn, J. M.; Gao, X.; et al. An F876L Mutation
in Androgen Receptor Confers Genetic and Phenotypic
Resistance to MDV3100 (Enzalutamide). Cancer Discov.
2013, 3, 1030-1043.

Bhang, H. E.; Ruddy, D. A.; Krishnamurthy Radhakrishna,
V.; et al. Studying Clonal Dynamics in Response to Cancer
Therapy Using High-Complexity Barcoding. Nat. Med.
2015, 21, 440-448.

Huang, S. Non-Genetic Heterogeneity of Cells in
Development: More Than Just Noise. Development 2009,
136, 3853-3862.

Altschuler, S. J.; Wu, L. F. Cellular Heterogeneity: Do
Differences Make a Difference? Cell 2010, 141, 559-563.
Fedele, C.; Tothill, R. W.; McArthur, G. A. Navigating
the Challenge of Tumor Heterogeneity in Cancer Therapy.
Cancer Discov. 2014, 4, 146—148.

Gerlinger, M.; Rowan, A. J.; Horswell, S.; et al. Intratumor
Heterogeneity and Branched Evolution Revealed by
Multiregion Sequencing. N. Engl. J. Med. 2012, 366, 883—
892.

Spencer, S. L.; Gaudet, S.; Albeck, J. G.; et al. Non-Genetic
Origins of Cell-to-Cell Variability in TRAIL-Induced
Apoptosis. Nature 2009, 459, 428-432.

Gerdes, M. J.; Sevinsky, C. J.; Sood, A.; et al. Highly
Multiplexed Single-Cell Analysis of Formalin-Fixed,
Paraffin-Embedded Cancer Tissue. Proc. Natl. Acad. Sci.
U.S.A4.2013, 110, 11982-11987.

Downloaded from jbx.sagepub.com at UNIV OF PITTSBURGH on July 14, 2016


http://jbx.sagepub.com/

534

Journal of Biomolecular Screening 21(6)

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

Janiszewska, M.; Liu, L.; Almendro, V.; et al. In Situ
Single-Cell Analysis Identifies Heterogeneity for PIK3CA
Mutation and HER2 Amplification in HER2-Positive Breast
Cancer. Nat. Genet. 2015, 47, 1212—1219.

Aichler, M.; Walch, A. MALDI Imaging Mass Spectrometry:
Current Frontiers and Perspectives in Pathology Research
and Practice. Lab Invest. 2015, 95, 422-431.
Heselmeyer-Haddad, K. M.; Berroa Garcia, L. Y.; Bradley,
A.; et al. Single-Cell Genetic Analysis Reveals Insights into
Clonal Development of Prostate Cancers and Indicates Loss
of PTEN as a Marker of Poor Prognosis. Am. J. Pathol.
2014, 184,2671-2686.

Bell, J. T.; Spector, T. D. A Twin Approach to Unraveling
Epigenetics. Trends Genet. 2011, 27, 116-125.

Langevin, S. M.; Kelsey, K. T. The Fate Is Not Always
Written in the Genes: Epigenomics in Epidemiologic
Studies. Environ. Mol. Mutagen. 2013, 54, 533-541.
Cucurull-Sanchez, L.; Spink, K. G.; Moschos, S. A.
Relevance of Systems Pharmacology in Drug Discovery.
Drug Discov. Today. 2012, 17, 665—-670.

ladevaia, S.; Lu, Y.; Morales, F. C.; et al. Identification of
Optimal Drug Combinations Targeting Cellular Networks:
Integrating  Phospho-Proteomics and Computational
Network Analysis. Cancer Res. 2010, 70, 6704—-6714.
Zinman, G.; Brower-Sinning, R.; Emeche, C. H.; et al.
Large Scale Comparison of Innate Responses to Viral and
Bacterial Pathogens in Mouse and Macaque. PLoS One.
2011, 6, €22401.

Ghiassian, S. D.; Menche, J.; Barabasi, A. L. A DIseAse
MOdule Detection (DIAMOnD) Algorithm Derived from
a Systematic Analysis of Connectivity Patterns of Discase
Proteins in the Human Interactome. PLoS Comput. Biol.
2015, 11, ¢1004120.

Sharma, A.; Menche, J.; Huang, C. C.; et al. A Disease
Module in the Interactome Explains Disease Heterogeneity,
Drug Response and Captures Novel Pathways and Genes in
Asthma. Hum. Mol. Genet. 2015, 24, 3005-3020.

Lin, H.; Sassano, M. F.; Roth, B. L.; et al. A Pharmacological
Organization of G Protein-Coupled Receptors. Nat. Methods
2013, 10, 140-14e.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

Liu, H.; Wang, L.; Lv, M.; et al. AlzPlatform: An Alzheimer’s
Disease Domain-Specific Chemogenomics Knowledgebase
for Polypharmacology and Target Identification Research. J.
Chem. Inf. Model 2014, 54, 1050-1060.

Lamb, J.; Crawford, E. D.; Peck, D.; et al. The Connectivity
Map: Using Gene-Expression Signatures to Connect Small
Molecules, Genes, and Disease. Science 2006, 313, 1929—
1935.

Duan, Q.; Flynn, C.; Niepel, M.; et al. LINCS Canvas
Browser: Interactive Web App to Query, Browse and
Interrogate LINCS L1000 Gene Expression Signatures.
Nucleic Acids Res. 2014, 42, W449-W460.

Kim, J.; Vasu, V. T.; Mishra, R.; et al. Bioinformatics-
Driven Discovery of Rational Combination for Overcoming
EGFR-Mutant Lung Cancer Resistance to EGFR Therapy.
Bioinformatics 2014, 30, 2393-2398.

Jahchan, N. S.; Dudley, J. T.; Mazur, P. K.; et al. A
Drug Repositioning Approach Identifies Tricyclic
Antidepressants as Inhibitors of Small Cell Lung Cancer
and Other Neuroendocrine Tumors. Cancer Discov. 2013, 3,
1364-1377.

Dudley, J. T.; Sirota, M.; Shenoy, M.; et al. Computational
Repositioning of the Anticonvulsant Topiramate for
Inflammatory Bowel Disease. Sci. Transl. Med. 2011, 3,
96ra76.

Cooper, G. F.; Bahar, 1.; Becich, M. J.; et al. The Center for
Causal Discovery of Biomedical Knowledge from Big Data.
J. Am. Med. Inform. Assoc. 2015, 22, 1132—1136.

Toward Precision Medicine: Building a Knowledge
Network for Biomedical Research and a New Taxonomy of
Disease. http://www.nap.edu/catalog/13284/toward-preci-
sion-medicine-building-a-knowledge-network-for-biomedi
cal-research (accessed December 16, 2015).

NCI-Molecular Analysis for Therapy Choice (NCI-MATCH)
Trial. http://www.cancer.gov/about-cancer/treatment/clinical-
trials/nci-supported/nci-match  (accessed December 16,
2015).

Gibson, C. C.; Zhu, W.; Davis, C. T.; et al. Strategy for
Identifying Repurposed Drugs for the Treatment of Cerebral
Cavernous Malformation. Circulation 2015, 131, 289-299.

Downloaded from jbx.sagepub.com at UNIV OF PITTSBURGH on July 14, 2016


http://www.nap.edu/catalog/13284/toward-precision-medicine-building-a-knowledge-network-for-biomedi cal-research
http://www.nap.edu/catalog/13284/toward-precision-medicine-building-a-knowledge-network-for-biomedi cal-research
http://www.nap.edu/catalog/13284/toward-precision-medicine-building-a-knowledge-network-for-biomedi cal-research
http://www.cancer.gov/about-cancer/treatment/clinical-trials/nci-supported/nci-match
http://www.cancer.gov/about-cancer/treatment/clinical-trials/nci-supported/nci-match
http://jbx.sagepub.com/

