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Achieving confidence in mechanism for
drug discovery and development
Zach Pitluk and Iya Khalil

Gene Network Sciences, Inc., 10 Canal Park, Cambridge, MA 02141, United States
Decisions in drug development are made on the basis of determinations of cause and effect from

experimental observations that span drug development phases. Despite advances in our powers of

observation, the ability to determine compound mechanisms from large-scale multi-omic technologies

continues to be a major bottleneck. This can only be overcome by utilizing computational learning

methods that identify from compound data the circuits and connections between drug-affected

molecular constituents and physiological observables. The marriage of multi-omics technologies with

network inference approaches will provide missing insights needed to improve drug development

success rates.
Introduction
The current business environment represents the ‘best of times

and worst of times’ for drug discovery [1]. On the one hand, there

is an exploding market demand from an aging population that has

unparalleled unmet medical needs. On the other hand, there are

strong demands for cost controls from payers, while the industry

struggles to produce novel drugs and remain profitable.

Part of the research timeline dilemma is driven by pharmaceu-

tical companies’ dramatic improvements in reducing mortality

and morbidity resulting from common diseases. Anti-hypertensive

medicines, cholesterol reducing medicines, and strict glycemic

control have saved millions of lives and billions of dollars, and

provide a road map to future successes. Both hypercholesteremia

and hypertension have excellent biomarkers and multiple points

of therapeutic intervention. However, this information was built

up painstakingly over decades, not within months or years. Doc-

umenting the complexity of the cholesterol pathway earned

Brown and Goldstein a Nobel Prize nearly 25 years ago [2].

Furthermore, historic long-term prospective studies, such as the

Framingham Heart Study [3], were pivotal in linking cholesterol to

the pathology of myocardial infarction. The results of such studies

often have limitations; the problem still remains that cholesterol

will predict only one in two myocardial infarctions [4].
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In the current economic and scientific research environment,

the timeline for companies to translate basic research into pro-

ducts is on the order of years, not decades. The economic

challenge for drug discovery is to repeat the current success

stories with two significant business drivers: a unique mechan-

ism of action and first in class status [5]. Both of these objectives

require the ability to understand the molecular mechanism by

which a therapy causes the disease pathophysiology to be

changed (mechanism of efficacy and toxicity, hereafter ‘MoE-

T’, as defined below). Therefore, one of the fundamental issues in

drug discovery and development is the question of how to move

from the painstaking process of assembling and analyzing a mass

of correlating evidence and data accumulated through the drug

development process to a more nimble process of deriving causal

relationships for discovery of compound MoE-T. MoE-T is the

molecular mechanism by which a therapy causes (or fails to

cause) the disease pathophysiology to change and the unin-

tended side effects produced as a result of targeting the diseased

state.

The difficulty in determining MoE-T is caused in part by a

lack of understanding of on-target and off-target effects within

the context of the complex cellular machinery. These effects

can cause activation of unanticipated mechanisms or even

interference with normal cellular function. Even low affinity

events become likely, or even probable, given that total cellular

protein levels are more than a thousand fold greater than most
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targeted proteins [6]. Thus, understanding drug MoE-T at the

molecular and physiological level necessitates being able

to quantitatively predict the cause and effect relationship of

cellular drug action. Determination of MoE-T is further

confounded by the translation of results from one in vitro system

to another, into the animal models that are used to select drug

candidates and finally to human clinical trials. Understanding

causal relationships between drug-affected biomolecules and

pathophysiology in the cell, animal, and human systems used

to advance a drug will go a long way in addressing these transla-

tional issues.

From correlations to causality
There are two crucial areas where causality is important in drug

discovery process: target identification and validation, and trans-

lation into humans. Traditionally, targets were identified by

studying biochemical changes in the diseased states. These

biochemical changes were taken as direct causal evidence that

the biochemical changes were driving the disease process. This

approach yielded many successes with single-gene based diseases,

for example, factor VIII for hemophilia [7], GBA for Gaucher’s

disease [8], BCR-ABL for chronic myeloid leukemia [9] and many

others [10].

However, many diseases are multifactorial and not amenable

to straightforward biochemical dissection. This highlights the

first fundamental challenge for drug development: the discovery

of biological target(s) for complex diseases with multiple

causal mechanisms. Target identification and validation has

proven particularly challenging for diseases such as cancer,

where translational models are inadequate, and has prompted

major initiatives for discovering genetic causes of cancer directly

from genomic analysis of human tumors [11]. An elegant

approach to determining targets that drive the disease state is

to take advantage of genetics to gain insights into complex

diseases on the basis of studying the inheritance of the complex

trait [12–15]. In the past, the use of linkage maps and even SNPs

has produced results at a frustratingly slow pace. Experiments

conducted by Schadt et al. have leveraged genotypic, molecular

profiling, and phenotypic data in order to identify key causal

drivers of disease [16]. The advantage to this type of approach is

that it can identify the genetic drivers of disease, and thus the

value of the discovered targets is inherently higher.

Ultimately the criteria for success are not just in the targets

selected, but in the performance of the drug candidate as it enters

the clinic. In selecting a chemical entity, additional challenges

arise because of the difficulty of accurately predicting pathophy-

siology in humans. One of the great success stories in modeling is

the application of PK/PD models to improve the success rate of

Phase I clinical trials [17]. The missing layer in current PK/PD is the

ability to directly add in molecular information that enables

insights into how the MoE-T is attained and differentiation

of pharmaceutical therapies for development and marketing

purposes.

We currently have the ability to measure and observe a large

number of cellular or metabolic entities that change in response

to therapy using ‘omics’ technologies [18–20]. While ‘omics’

technologies do not provide complete coverage of the various

bioactive molecules in a cell/tissue, they do provide enough
coverage such that it should be possible to identify salient causal

outcomes, particularly when these approaches are combined with

model systems that capture disease relevant complexity [21].

From the perspective of developing medicines, the entire process

of hypothesis generation needs to highlight the essential compo-

nents that connect molecular impact of medicine to phenotypic

response on a timescale of days to weeks. When interpreted with

standard statistical methods and combined with pathway infor-

matics approaches, ‘omics’ scale experiments still suggest

too many possibilities to test efficiently and are restricted to

interpretation within the context of pathways and models of

pathways derived from known biology. Unfortunately, known

pathways are constructed by aggregating data from many diverse

biological contexts (organisms, cell types, and experimental con-

ditions) and are limited to what has been reported in the litera-

ture; the causal relationships derived from them are not

necessarily relevant to how the compound is working in the

particular disease context of interest. Taken together, pathway

databases provide few insights when a compound is affecting

previously uncharacterized targets and/or causing new biological

phenomena.

Ultimately, addressing the challenges of discovery of MoE-T

necessitates methods for learning models directly from com-

pound-generated data (a combination of molecular profiling

and phenotypic/physiological response measurements). This

enables the determination of mechanism directly from the model

systems used within the decision points along the drug develop-

ment pipeline from the initial in vitro cell lines screens to in vivo

animal and human systems [22] (Figure 1).

Learning models from data
Models learned from data can encompass quantitative causal

relationships between independent variables such as a compound

of interest to internal mechanisms connecting dependent vari-

ables (e.g. measured DNA alterations, changes in mRNA, protein

and metabolites) to phenotypic readouts of efficacy and toxicity.

These relationships can be represented graphically with the inde-

pendent, dependent, and/or phenotypic readouts that are nodes in

the model and the interactions between them as directed edges in

a network. In addition, models enable the prediction of quanti-

tative effects via in silico simulations of the model. This is achieved

by asking ‘what if’ questions of the model such as ‘what happens if

I administer the drug at a certain dose while knocking down a

given gene’, enabling identification of the key causal targets in the

efficacy path of the compound, as opposed to cellular entities that

are responding to the compound but do not affect the phenotype

of interest.

Approaches for learning models from data fall into two classes:

those that rely on deterministic reverse-engineering techniques

and those that use a range of probabilistic learning methods

[23–25]. Among these, inference algorithms based on Bayesian

reverse-engineering approaches have shown promise in elucidat-

ing biological mechanisms in a variety of contexts [26–29]. The

advantages of such methods include the ability to integrate het-

erogeneous datasets including omic and non-omic experiments

across multiple levels of biological organization. In addition, they

can be optimized to handle noisy biological data and can represent

a variety of signaling events, including protein cascades, gene
www.drugdiscoverytoday.com 925
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FIGURE 1

Inference process for analyzing profiling data. Models can be directly inferred frommolecular profiling and phenotypic data via the inference process described in

this review. Such models are able to predict new biological mechanisms and can encompass quantitative causal relationships between a compound of interest to

measured DNA alterations, changes in mRNA, protein, and metabolites to phenotypic readouts of efficacy and toxicity.
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expression networks, metabolic response, and combinations

thereof.

Learning models from data starts by representing each of the

measured attributes (e.g., the expression level of genes) in a given

dataset as a random variable or probability distribution, whereby

the actual measurement of the variable represents observed

values under particular experimental conditions [30]. A model

of the system within a probabilistic framework can be completely

represented by a joint probability distribution over all random

variables; this predicts the probability that the random variables

can assume specified values (e.g. the probability that the expres-

sion of gene A and B is high while gene C is low). Fully solving such

a joint probability distribution is intractable and requires a large

number of parameters. Factoring this joint probability distribution

into a product of local conditional probability distribution reduces

the model to a product of terms, wherein each term has only a few

parameters. In Bayesian network modeling, the model is also

depicted graphically, whereby each node represents a measured

random variable and directed edges (depicted as lines between

the nodes) provide the conditional dependencies between these

variables.

The task of learning models from data is then left to determin-

ing parameters for each of the local conditional probabilities or

subgraphs and then determining the model (or models, as the

data might be sparse or too noisy to converge on a single model)

that best represents the data. The former is achieved by assigning a

mathematical function to the subgraph and fitting its parameters

to data. These functions can be, for example, discrete, linear, or

non-linear, depending on the type of interaction and data being

modeled (e.g., dose response drug experiments drive non-linear

response in mRNA constituents measured via a microarray). The

search over possible network topologies that could account for
926 www.drugdiscoverytoday.com
the data can be constructed by combining subgraphs until opti-

mal combinations of subgraphs (networks) that best explain the

process that gave rise to the data are determined. Exhaustively

searching the space of all possible models is time-prohibitive and

requires global optimization algorithms that minimize the cost of

how well each candidate structure agrees with the observed data

[31,32].

Several applications have taken advantage of the Bayesian

framework for learning models from omic data. Sachs et al.

sought to reconstruct the PKC protein signaling network using

Bayesian network inference modeling from multi-phosphory-

lated protein flow cytometry data in primary human immune

cells [33]. In this example, data from many thousands of cells

under various stimulatory cues and inhibitory interventions

were needed for learning the causal signaling events underlying

the PKC pathway. Others have carried the approach to not only

elucidate network topology structures, but also to understand

the drug mechanism of action within the context of the inferred

network topology [34]. Typically in drug development one is less

interested in uncovering the detailed topology of the system and

more interested in predicting key constituents involved in driv-

ing compound phenotypic response. It is not enough to deter-

mine that a set of molecular constituents changes because of the

application of a compound; rather, the goal is to determine

whether those markers cause a phenotypic outcome. This can

be achieved via quantitative Monte Carlo simulations on the

models that are reverse engineered from data. Woolf et al. were

able to demonstrate, at least qualitatively, the effect of in silico

inhibition of two nodes in a model reverse engineered from

protein phosphorylation data was able to qualitatively demon-

strate the impact of the perturbation on stem cell differentiation

in mice [42].
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Network inference framework for drug discovery and
development
We have found that utilizing a combined reverse engineering and

forward simulation framework approach provides the most power-

ful means for tackling questions relevant to the drug development

process (Figure 2). Using this combined approach, we are able to

assign quantitative metrics to hypothesis generated from the

models. In this framework, models can be reverse engineered from

drug–dose response molecular profiling and phenotypic data.

Rather than inferring a single best fit model, we infer a distribution

of models that are most likely given the data. This allows us to

assess the accuracy of our predictions and assign a quantitative,

probabilistic metric for the likelihood of the prediction being true,

given the observed data. The metric is computed by determining

the degree of consistency between the predicted models that vary

because of noise and incompleteness of the data. In a given run,

millions of models are propagated in order to arrive at the best fit

solutions, necessitating the use of supercomputers to parallelize

the process and reduce the timescale of model generation from

weeks to less than a day. The resulting inferred models, in addition

to including interactions between genes and phenotypic end

points, explicitly represent (one or more) compounds through

non-linear interactions that capture compound-to-gene dose

response relationships. The explicit representation in the model

of compound, gene, and phenotypic nodes allows for interroga-

tion of the model through high-throughput forward simulations.

Collecting the appropriate drug–dose response from an in vitro

cell line or an animal system to apply this approach merely

requires that enough drug–dose treatments in the efficacy or
FIGURE 2

Reverse engineering and forward simulation process for discovering drug mechan

ensemble of models (rather than a best fit single model) that provides the framewo

initio or can be informed via prior knowledge from known biological interactions
explains the data. Once themodels are generated, forward simulation technologies

and test millions of possible hypotheses until a robust set of causal quantitative pre

refine model predictions. In addition, predictions from the model can be analyze

mechanism of action.
toxicity range of the compound are represented in the training

dataset. In addition, it is important that profiling and phenotypic

measurements are collected under similar conditions, so as to be

able to infer causal connections between them. For example, in

order to determine the mechanism of action underlying a panel of

kinase inhibitors using the above described approach, we applied

three different doses of each compound roughly corresponding to

IC10, IC50, and IC90 to various cell lines. Then, we measured global

changes in transcript levels via Affymetrix arrays and in parallel

observed subsequent changes in cell phenotype (the measure-

ments are off set by different time points under the exact same

treatments). We were then able to infer models that predicted

causal gene markers impacting cell phenotype for each com-

pound. Robust predictions can be gleaned from a dataset with

as little as 40 treatments per cell line, making this approach

economically feasible given the gain in insights it provides.

The framework described above can also be applied to molecular

profiling and physiological data collected in clinical trials to

determine compound mechanism of action and biomarkers in

humans [35]. Here, the challenge is in procuring clinical samples

of compound response from patients and establishing protocols

for molecular profiling assays that limit the noise inherent in

clinical samples. For diseases such as cancer, where molecular

profiling tends to be done in the cancer tissue, additional chal-

lenges will stem from the inability to harvest enough sample mass,

lack of biological replicates, and lack of an adequate normal

control to the cancer phenotype. Nonetheless, researchers are

applying Bayesian inference methods to increase the accuracy

of classifying cancer patients by inferring the network structures
ism of action. In this process the first step consists of reverse engineering an

rk for generating quantitative causal predictions. Models can be generated ab

to help guide or improve the search for the optimal set of models that best
are used to interrogate the models in an automated high-throughput manner

dictions are derived. These can be experimentally verified and used to further

d in the context of known pathways to elucidate their relevance to drug

www.drugdiscoverytoday.com 927
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FIGURE 3

Network inference analysis of compound effects. Conceptual example of how network inference will be able to provide an objective view of how compoundswork

relative to each other within the context of disease. This insight will be highly useful for marketing decisions with regards to prioritizing compounds and which
markets to enter.
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that link molecular constituents to clinical covariate measure-

ments such as response to therapy or prognosis [36]. The applica-

tion of inference technology within the clinic setting may be more

tractable in diseases for which it is possible to gain insights from

analysis of serum or urine such as diabetes and where multiple

samples can be collected from the same patient [37].

A new era for portfolio planning for the pharmaceutical
industry
At the process level, network inference (NI) can provide an objec-

tive view of a drug candidate’s ‘off-target’ and ‘on-target’ effects on

a process as they progress through the entire pre-clinical and

clinical drug discovery process, by identifying the genetic and

protein entities that are essential for a drug’s effect (Figure 3). NI

can be specifically targeted at the translational issues of efficacy

and toxicity by enabling the identification and comparison across

species of the key mediators of signaling in causing endpoints.

In transitioning from Phase 0 through a Phase IIa study, the

collection of clinical endpoints and biomics data can be used to

model and provide quantitative predictions of the relationships

between target coverage and efficacy outcomes in Phase I. The

economic benefit would be potentially to reduce the number of

steps in Phase I and to provide a starting set of metrics for patient

selection in Phase IIa. Building on a network inference model from

Phase I, the data collected from the first time in patient studies

would enable the testing and refinement of molecular markers of

efficacy, safety, and how they relate to the clinical endpoints. The

NI model would allow significantly more accurate patient selec-

tion in Phase IIb and a refinement of the dosing protocol to avoid

adverse events, both of which are significant factors in a successful

Phase IIb study. Sheiner discussed the need for this approach a
928 www.drugdiscoverytoday.com
decade ago, describing the difference between a confirming and a

learning trial [38]. The size of the learning trial would probably be

25–35 patients [based on our own unpublished modeling results];

this is within the current size of many Phase I trials. Additional

thought will have to be given to appropriately design the study

such that the appropriate variables are measured and sufficient

replicate samples per patient are taken.

The second area of greatest economic impact is the application

of the technology to studies after a drug is approved. Since only 3

in 10 drugs recover their initial investment [39], the pharmaceu-

tical industry is under enormous pressure to find the best patient

profiles to document the efficacy and benefits to patients. Using NI

modeling, patient selection and understanding and the identifica-

tion of issues arising from polypharmacy can be improved.

Improved clinical outcome studies will help ensure that the right

patients receive the rightmedicines with the best outcome for them.

In a cost benefit analysis, many treatments already return a fourfold

savings in terms of cost of treatment relative to avoided care costs

[40]. The customer value proposition could be strengthened even

further with the application of appropriate NI modeling studies,

whereby data would include days of hospitalization, productivity

measures for employers, and patient survey information. Using the

best learning algorithms would allow pharmaceutical companies to

deliver higher value to a burgeoning patient population.

Conclusions
There are four main pain points that network inference can address

in drug discovery and development: (1) handing translational issues

with inherent physiological differences between species, (2) provid-

ing an integrated framework for understanding diverse data

types with respect to a process bounded by multiple physiological
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endpoints in all phases of development, (3) deriving quantitative

metrics that capture process accuracy in identifying off-target and

on-target effects, and (4) adding value to the business management

level by providing quantitative metrics to balance across and

between therapeutic areas relative to competitor compounds.

The coming years will see a continued shifting of resources in

the pharmaceutical industry toward collecting greater amounts of

human data, since it is the main gap in resolving the translational

medicine questions of efficacy and safety. This should result in

fewer, but more accurate, experiments being conducted on faster

timelines. A successful implementation of any type of modeling

capability will require a different approach to experimental

designs. Issues such as improving the powering of experiments

will enable researchers to dig deeper into their data and identify

causal relationships.

Currently, omics scale experiments are limited to an under-

standing at the correlation level, but would provide much more

valuable insights if causal relationships could be extracted from

the raw data. This will require that the platform be able to provide

results on the timescale of days and weeks. A key innovation will

be the use of forward simulations to extract working hypotheses in

an automated fashion. The approach described above will allow an

engineering approach to be applied to processes that are currently
developed with little thought as to how to fully exploit the data for

guidance in future experimental design beyond the inclusion of

positive and negative controls.

In the realm of understanding the impact of combination

therapies, the identification of key mediators is critical to ensure

broad coverage across diseases, and to reveal the convergences in

mechanism shared by different target classes. Taken together, the

ability to make causal assessments of molecular information can

transform every level of the development of medicines. The old, ad

hoc methods currently in use cannot scale in volume with the

flexibility and consistency that the new pharmaceutical business

environment requires.

If network inference methods can deliver on the vision of

selectivity, there will be a paradigm shift from the search for a

master gene [41] to understand malfunctioning circuits. At its

boldest, reverse engineering of models from GeneChips, metabo-

nomic, and proteomic data may enable health sciences to explore

the crucial intersection of nutrition and medicines. Personalized

medicines may be made on demand at the pharmacist from a

collection of already approved drugs and supplements. In the

future, the practice of medicine will probably emphasize the

individual, taking advantage of a deeper understanding of cause

and effect.
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