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DRUG DISCOVERY

BIOSILICO

Reengineering the pharmaceutical
industry by crash-testing molecules

Peter W.Swaan and Sean Ekins
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The recent decline in drug approvals and the increase in late-stage failures indicate
that the ability to generate and screen large numbers of molecules has not improved
the drug pipeline. Perhaps the pharmaceutical industry should follow the example
of the automotive industry and agree upon a shared modeling language with vendors
and academics to enable integration of predictive computational tools across the
industry. This will then enable the virtual ‘crash-testing’ of drugs before synthesis,
biological testing and, most importantly, clinical trials. This represents an ambitiously
progressive approach using the models for simulating every stage of the drug discovery
and development process. Combining the relevant computational algorithms into a
grand unified model would enable prioritization of the best ideas before pursuing a
discovery program, selecting a target or synthesizing a molecule. The successful
application of these virtual crash-testing principles by any of its current proponents
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could revitalize the pharmaceutical industry so that failure is avoided.

‘The best way to have a good idea is to have lots of ideas’

— Linus Pauling (1901-1994)

) The impact of automation and high-throughput
approaches on drug discovery has enabled the phar-
maceutical industry to probe many ideas at the
bench but surprisingly few of these eventually make
it to the bedside. The resounding message over the
past few years is that the discovery and subsequent
development of a new therapeutic molecule involves
over a decade of research and close to one billion in
research dollars [1,2]. Unfortunately, even at the
marketing stage there is no guarantee that the orig-
inator company will recoup its research investment.
Recall scenarios owing to adverse events become
evident only after the drug has been exposed to a
heterogeneous patient population. Thus, the indus-
try not only needs to increase productivity and
development efficiency urgently but also implement
strategies to avoid predictable failure [3].
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Computer science has changed processes in every
industry from product manufacturing to sales and
marketing, by implementing predictions based on
statistics, mathematics and risk assessment algo-
rithms. In this context, it is of particular interest that
the pharmaceutical industry has lagged far behind
engineering-based businesses, such as the automo-
bile, weapons and aircraft industries, who were the
early adopters of computer-aided design (CAD). The
arrival of supercomputers at pharmaceutical com-
panies in the late 1980s heralded the era of rational
drug design [3]. Over the past few decades, compu-
tational approaches have trickled down into other
areas but have remained focused around medicinal
chemistry, drug design and molecular biology. However,
to date, computational methods have apparently
had surprisingly limited impact on the design of
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BOX 1

Crash testing the automotive design principle

The automobile industry has many parallels with the pharmaceutical industry in that the end products of both have to pass government-
regulated safety criteria (Table 1).Vehicle safety engineering includes two areas: high-performance computing in early development of new
prototypes and real-life testing at a later stage. Analogies can be drawn to in silico predictions for a molecule on its performance upon
administration. Both crash and molecular simulations are now feasible through increased computing performance available over the past
decade.The overall result for the automotive industry will be improved safety performance, fewer physical tests, reduced costs and shorter
lead times when new cars are developed.The use of simulations has increased as government regulations on the industry have increased and
the computational tools enable the evaluation of design ideas before analysis. Between 10 and 12 full-scale crashes can be accomplished per
day, considerably shorter than a single real-life test, which can take several days.

Crash simulations use finite element analysis by dividing up the vehicle into a fine mesh of polygons, resembling a molecular van der Waals
surface. Higher precision in calculating the deformation of a structure can be accomplished by a more closely-knit network. A real crash,
whether with a stationary object or another vehicle, takes one-tenth of a second and is simulated in slow-motion (>100 000 stages), while
calculating the deformation of each of the individual elements (e.g. chassis, engine components). Real crash tests cannot be dispensed with
entirely because certification tests are required by legislation and companies need documentation in case of lawsuits. Simulation invariably
describes the behavior of an idealized vehicle, whereas it is much more difficult to simulate reliably the passenger movements following a
crash. Crash-test dummy movements and the injury values they record are best ascertained in actual crash tests, although simulations of crash
dummies are now in use.The objective of computer-aided car crash test engineers is to find the ideal combination of the opportunities
presented by simulations and real tests, to arrive at a high level of design maturity within a short development time involving a minimum of
prototype tests. The pharmaceutical industry could learn much from the types of simulations that occur routinely in this industrial design
process and align its processes similarly after first enabling the integration of models in different areas of the research and development pipeline.

Testing initial
ideas — fast
prototyping

@

Complex Physical Final
simulations testing product

(k)
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FIGURE |

Simulations and crash testing to refine product design. Analogous roles of computer models to predict crash testing of cars or the effect of molecules
on target proteins, organs and the complex human system. Ultimately, the goal of both research and development processes is a reliable, safe and
commercially successful product. (a) Computer-aided component design - rapid prototyping. (b) Computer-aided design (CAD) of whole vehicle. (c)
Computational crash testing of vehicle. (d) Simulating crash-test‘human’ responses. () Physical simulation of vehicle. (f) Final launched vehicle. (g)
Computed-aided molecule design. (h) Structure-aided design. (i) An interaction network for genes of interest as target validation. (j) Whole organ (heart)
simulation. (k) More complex simulations, multi-organ response, disease response, PK-PD modeling, and so on. (l) Preclinical in vitro, in vivo and human
clinical testing of the drug. (m) Successful launch of the drug.
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TABLE 1

Analogous phases in the pharmaceutical and automotive development processes; these similarities can be exploited to improve drug

discovery

Pharmaceutical industry

Automotive testing

Therapeutic area (CNS/cardiovascular/cancer)

Target market (midsize/sport/SUV/truck)

Computer-aided drug design — enzyme/target de novo design in silico

Computer-aided design (CAD) - components, engine, vehicle design and
testing in silico

Medicinal chemistry, synthesis of molecule

Clay model, first physical model

SARs, lead optimization incorporating biological data to improve the initial

design

Fast prototyping using sequential rounds of CAD

Testing for physical properties of molecules, such as permeability

Testing for physical behavior of the car, such as fluid dynamics/wind tunnel,
aerodynamics

Testing the physical stability of the molecule

Testing the physical stability of the car under various conditions; steering,
rollover

Undesirable interactions with other proteins, pathways evaluated during
toxicity testing

Physical crash testing and continuous use of vehicle and parts to simulate
product lifetime to evaluate durability

Phase | clinical trials

Test track evaluation

Phase lll trial and FDA

Vehicle registration and approval

A successful molecule is a blockbuster

A well-received car is a commercial success

Post marketing problems, blackbox warning, recall, drug-drug interactions;

could result in litigation

Post sales problems (e.g. rollover) might result in recall for repairs, vehicle
replacement or money back; could result in litigation

marketed compounds. In stark contrast, the automobile
industry has used simulations for a similar period to
prospectively design and crash-test vehicles from the
ground up to decrease cycle time and improve prof-
itability (Box 1, Table 1) [4]. We could extend this anal-
ogy further to the discovery and development of a drug
entirely by computer, currently a Utopian vision. Here,
the complexity of the human body and inter-individual
variations in physiology, diet and environment could
ultimately hamper the development of a comprehensive
virtual human test-bed. Thus, pharmacogenomics and
pharmacogenetics add a wrinkle to the engineering-based
analogies in which our genes, as well as other factors, can
complicate prediction accuracy significantly. On a more
positive note, the currently available and growing num-
bers of computational models could improve the quality
of molecules developed, or at least help in reducing late
stage failure owing to poor ADME-Tox properties [5-7].
Though these parameters represent merely a part of the
drug discovery and development pipeline, it can be
envisioned that unified algorithms combining these and
other computational strategies might improve efficiency.
Generally, the pharmaceutical industry has used com-
puters and algorithms for many different facets of drug
discovery and development, thereby creating a vast
database of knowledge throughout the integrated steps
of the research and development cycle [8]. To date, how-
ever, there has not been a concerted effort to agree upon
a common modeling language for predictive computa-
tional tools or a unified output model format. These steps
would facilitate a modular approach to constructing a
complete computational test-bed for developing phar-

maceuticals.

Selecting targets

www.drugdiscoverytoday.com

It has been suggested that there might be 600-1500
tractable targets for small molecules in the entire human
genome [9]. Identifying the targets with a justifiable like-
lihood for pharmaceutical success would be an obvious
place to start. Prior to initiating drug discovery, a potential
target should be fully evaluated computationally in terms
of therapeutic area and one or a range of disease modalities.
Intrinsically, target selection is not only disease driven
but impacted by many other factors, such as the cost of
goods, prior art, and the number and size of clinical
trials required. Additionally, target selection analysis
would integrate prospective financial returns (value) from
present market conditions and forecast influences of chang-
ing demographics (e.g. the aging population, potential
spread of resistance to antibiotics). The importance of accu-
rate financial projections — incorporating sales potential, cost,
time, risk and options [10] — before embarking on empiri-
cal pharmaceutical research cannot be stressed too highly.
Once a target has been selected, further information
can be obtained using common bioinformatics tools (e.g.
http://www.expasy.org). These techniques serve as a virtual
HTS approach to mine and select pharmacological targets
[11] with regard to gene regulation, function, structure
and folding. In turn, detailed topological knowledge
about the target, such as binding-site location and
volume, can be translated into desirable ligand properties
that demarcate molecular dimensions [12]. Furthermore,
identification of closely related proteins enables specifi-
cation of ligand selectivity to decrease potential toxicity
owing to overlapping affinities with closely related pro-
teins. In general, knowledge of the molecular structure of
the target protein provides an ideal starting point for
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structure-based drug design. In the absence of high-resolu-
tion structural data, however, indirect molecular modeling
approaches, such as pharmacophore development or 3D
quantitative SAR (QSAR) techniques, are invaluable for
initial hit discovery and screening for affinity overlap
[13-15]. A recent study has applied a virtual set of mole-
cules and uses their docking scores to gauge similarity of
binding sites across multiple proteins [16]. However, the
example method does not appear as effective with open
solvent-accessible binding-sites, thereby potentially lim-
iting the number of proteins to which it can be applied.
There is currently no consensus on approaches for target
validation, therefore, the application of such computational
methods will remain an integral component alongside
molecular biology, in vitro, in vivo and other methods [17,18].

In a rational approach, the ability to prioritize targets
based on suitability for computer-based drug design will
determine whether a project can be taken forward. Once
virtual lead molecules have been identified, a selection
process for synthesis based on desirable chemical, bio-
logical or other properties is necessary. This is ultimately
validated by the synthesis of active molecules that can be
fed back into the design process. Up until this point, it has
been of most value to select only those molecules with both
desirable biological activity and satisfactory ADME-Tox
properties [5,19-21]. Available computational approaches
to predicting these and other binding-related properties
include ligand docking [22], 3D QSAR, similarity searching
[23], pharmacophores or a holistic integration of all avail-
able tools [24,25]. The iterative refinement of multiple
computational models with experimental data introduces
smarter screening approaches that have the potential to
accelerate drug discovery [26,27]. As a long-term strategy,
exhaustive computational simulations for all aspects of a
project would help generate a viable backup strategy that
can balance the risk of using virtual insight alone or in
combination with experimental data [28].

Moving targets

As mentioned earlier, structural information is not readily
available for many target proteins, especially when these
are membrane-embedded. Although algorithms are avail-
able to predict various protein features, detection of func-
tional binding sites is not a straightforward process,
particularly when protein-protein interactions occur
(interestingly, Thornton and colleagues [29] developed a
neural network algorithm to enable just these types of
predictions). In addition, dynamic variations in the binding-
site dimensions might allow for flexibility, thereby allow-
ing different sized ligands and their conformational vari-
ations to bind [30]. This, in turn, severely hampers the design
of rigid molecules. Newer, protein-based computational
methods incorporate protein flexibility that allow for
overlap between ligand and protein, conformational
sampling of the side chains, or ligand docking to multiple
conformations of the protein [31].
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The complexities of protein-based ligand design have
not discouraged the development of ligand-specificity
prediction algorithms. For example, Brinkworth and
co-workers [32] developed a set of rules to predict the
binding of highly flexible heptapeptide substrates to
kinases, enabling the prediction of an optimal substrate
from merely a protein sequence. Another approach, aptly
named ‘inverse docking’, screens specific ligands for bind-
ing to multiple proteins that are not considered primary
targets but that could potentially lead to toxic side-effects
[33,34]. This approach successfully identified molecules
demonstrating known toxicity but also provided a high
false-positive rate [34].

In summary, once a target has been selected, it alone
will not guarantee that in silico design will succeed.
However, numerous computational approaches so far
show considerable promise in aiding in target validation
and handling the intrinsic complexities of protein-ligand
interactions.

Discovery: finding computational synergy
Traditionally, and perhaps surprisingly, protein-based
molecular modeling has remained independent from
QSAR type modeling. For example, computational tools
for scoring of molecular docking in a protein structure
[35,36] have been developed separately to those for
predicting physicochemical properties of small molecules
[37]. The integration of computational technologies
requires concurrent optimization [21,38] of virtual prop-
erties for both ADME-Tox, target affinity and possibly
other properties, to improve the quality of molecules
selected for synthesis [39]. To this end, we have witnessed
a trend over the past 5 years in the synergistic merger of
technologies that simultaneously incorporate ligand and
target flexibility [40-42].

A comparison of structure-based virtual screening
methods suggests that pre-filtering (based on calculated
molecular properties) before docking is desirable [22].
Lyne and colleagues have used a tiered approach for
virtual screening, including property filters, a simple phar-
macophore, followed by docking and scoring to discover
Chk-1 kinase inhibitors [43]. Having filtered a database
from ~560 000 molecules to 103 for testing, 36 were
found to have activities from 110 nM to 68 pM. Others
have had some success combining pharmacophore and
de novo design to find hits from ~3000 compounds [35].
By reducing the number of virtual hits to a few hundred
or less, this process is more appealing for lead discovery,
especially if the majority of hits can be identified with
minimal experimental effort [24]. Not only is it important
to identify potential leads, it is also desirable to select only
those molecules that can be synthesized readily. The
chemical search space can be narrowed initially by ret-
rosynthesis of available molecules [44] that are known to
be ligands for the target. In turn, focusing on available
molecules or fragments from commercial vendors via
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either similarity searches, scaffold-based classification [45]
or bioisosteric replacement searches [46,47] creates a more
diverse pool of fragments for de novo design that are likely
to be synthesizable. The use of algorithms to predict
ligand-protein binding energies reliably, based on data-
bases of ligands with known binding energies [48], could
also be useful. The real utility of these methods, such as
those using geometrical descriptors and machine learning
approaches like Kernel-partial least squares, will come
once these have been validated suitably with experimental
data and additional crystal structures. To facilitate this,
the pharmaceutical industry has moved towards high-
throughput X-ray crystallography of protein-ligand com-
plexes [49]. In turn, this requires automated approaches
for the determination of protein structures, including
molecular replacement searching, automated ligand fitting,
water placement and structure refinement of the solvated
proteins [50,51]; all these approaches require the devel-
opment of novel algorithms. Additionally, progress made
in developing fold recognition tools enables the reliable
prediction of protein structure, such that the structure
determination and structure—function insights can be
made earlier in the drug discovery process. In some cases,
this might lead to structural information of a protein
before its physiological function can be ascribed, thereby
bringing this emerging field to the forefront of target
discovery. This exemplifies the current breakdown of the
traditional strictly linear drug discovery process and
moves towards the use of concurrent multiple discovery
processes. This paradigm shift, however, does require com-
plex informatics tracking and optimal scheduling of all
the processes involved to be effective.

As well as the work with scoring algorithms for docking,
substructure searching studies have shown that employing
multiple methods is essential because each selects differ-
ent lists of molecules. This suggests that various search
algorithms are required for a single project, which, ulti-
mately, can be combined and filtered [23]. Comparing the
physicochemical properties of the designed molecule to
known drugs either on the market or in development
might also influence the decision to ultimately synthe-
size a molecule or structural series [52,53]. In this context,
many studies have defined the appropriate physico-
chemical properties of successfully marketed drugs and
potential lead compounds or have derived rules to pre-
dict physicochemical properties [52,54-59]. Whether rules
derived from predicted physicochemical parameters for
known molecules alone can modify the drug discovery
process remains to be seen but they are more likely to be
a valuable addition to virtual library screening cascades.

Preclinical in silico toxicology

As the FDA recently recognized, toxicity testing has
changed little over the decades [60] and animal studies
still represent the final hurdle before human clinical
studies. In addition, the breadth of the toxicology

modeling problem has been underestimated. Evidently,
throughput of toxicity models is limited and pharmaco-
dynamic inter-species differences can provide an additional
challenge in developing predictive models. The FDA has
already indicated the emerging role of computational
models in toxicology. Although many ADME models are
available [5,20], as well as commercially available software
to design such models [61], there are relatively few
options for in silico toxicology. The current status of tox-
icology modeling includes rule-based modeling [62] and
simple descriptor analysis [42,63-67]. Several ecotoxicology,
acute toxicity and reproductive toxicology models have
been derived generally from small datasets based around
a congeneric, mostly non-drug-like series of molecules
[68,69]. Drugs have been used to generate a QSAR for
maximum recommended therapeutic dose, which can be
used as a mechanism to predict the toxic dose threshold
in humans [70]. Furthermore, toxicology data are rarely
integrated with other physicochemical properties, let
alone stored in a central repository. One exception is a
recent study by Duart and co-workers who used molecular
topology descriptors with lipophilicity (logP), pharma-
cokinetic (T,,,,) and toxicity data (LDs,) to develop a
model for a series of antihistamines [71]. Key initiatives
such as DSSTox (http://www.epa.gov/nheerl/dsstox/) [72]
and the Chemical Effects in Biological Systems (CEBS)
knowledgebase [73] represent significant government
funded efforts to centralize in silico toxicity models and
high content data, respectively, which might enhance
future computational modeling efforts.

Immunotoxicology is another relatively underdeveloped
area of high significance. The complexity of effectively
modeling therapeutic proteins and antisense molecules
is extremely challenging. Therefore, it might be considered
advantageous to look to the area of vaccine development
for insights, where bioinformatics and computational
chemistry have been applied to epitope and protein struc-
ture prediction, respectively [74]. Protein surface features
are important determinants for protein—protein interactions.
For example, the scorpion toxins BeKm-1, BmTx3 and
CnErgl are inhibitors of the hERG potassium channel
[75-77]. The protein exterior of these hERG inhibitors
possess key pharmacophoric features dominated by
hydrophobic areas, previously identified in small mole-
cule drugs [76,78,79]. In contrast to small-molecule
inhibitors these toxins are likely to bind in a different
location outside of the channel pore. Therefore, we can
envision that basic research aiming to record protein
surface features computationally, in correlation with
protein-protein interactions, will lead to a database that
can be used to predict various toxicities of new protein-
based drugs.

Beyond computational drug discovery
At present we are faced with simultaneously growing
computational fields, such as computational molecular
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biology [80], the modeling of genetic and biochemical
networks [81], which covers aspects from alignment of
sequences, modeling activity of genes, gene expression,
cell-cycle regulation and proteomics, amongst others. One
important result achieved in this area is the realization that
biological networks of different origins (e.g. metabolic,
regulatory, protein interactions, networks for different or-
ganisms) share the same global architecture [82,83]. An
early attempt to illustrate the many levels of relationships
between genetics and physiology was made by Palsson
[84], who captured and linked process databases from
genes to proteins, to whole cells. Although biological sys-
tems contain many non-linear processes that are contin-
ually interacting (Box 1), a reductionist viewpoint is to
treat parallel systems as an engineering process [85].
Several companies, such as Gene Network Sciences [86],
Entelos [87] and BioSeek [88], have emerged in recent
years and focus on simulating cellular pathways, organs
or whole cells. Large, curated interaction databases, com-
bined with powerful analytical and network building tools,
are available from companies like GeneGo (MetaCore™),
Ariadne (Pathway Assist™), Ingenuity (Pathways Analysis™)
and Jubilant (PathArt™), which cover human metabolism,
regulation and signaling. These tools can enable visuali-
zation of global cellular mechanisms driving differences
in gene expression to discover relationships in such com-
plex data. To date, these approaches have been applied
to: modeling nuclear hormone interactions [89], the gen-
eration of compound related gene network signatures
[90], understanding the pathways affected by the tumor
suppressor DBC2 [91] and combining networks with
metabolite prediction tools [92]. These systems biology
methods would have clear value in drug discovery when
combined with the other computational and empirical
approaches described previously to identify biomarkers
and to understand inter-individual variability in response
to drugs [21,93].

Form(ulation) and function

The development of a drug is strongly influenced by its
formulation. Capturing the complexities of this process
for individual molecules could enable the introduction of
algorithms that predict ‘overall developability’ from struc-
ture alone. The field of quantitative structure—property
relationships (QSPR) has successfully modeled physical
properties using multiple different algorithms and descrip-
tors [94]. Although QSPR studies can be applied conceiv-
ably to predict many molecular properties, there are
ominous gaps in such applications. For example, there
have been relatively few attempts to model the melting
point of a molecule even though large databases have
been collated with this information [95-97].

An example of formulation-based prediction is the
optimization of controlled-release dosage forms using a
neural network, which also simulated in vivo plasma
concentrations [98]. Amongst the input variables for 22
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different formulations were tableting factors such as mois-
ture, particle size and hardness. Correlations of input to
output parameters, such as in vitro dissolution time
profiles, were used to simulate in vivo plasma concentration
profiles. Assuming a direct relationship between in vitro
dissolution and bioavailability, this method can therefore
be used to predict the in vivo characteristics of a particu-
lar formulation based on its physicochemical parameters.
This assumption might prove valid for molecules absorbed
via passive diffusion but it is likely to be problematic for
molecules that cross the intestinal tract via protein-
mediated interactions.

Other parameters that are of particular importance to
pharmaceutical technology and preformulation that have
been simulated successfully are: water uptake profile, glass
transition temperature [99,100], viscosity [101,102], crys-
talline polymorphic forms [103,104] and plasticization
efficiency of pharmaceutical coating formulations [105].
Additional predictive computational models are essential
for an accurate forecast of the physical aging of tablet
coatings, as well as emulsion stability or charge.

A leap forward: virtual forecasting of clinical studies
The ultimate cost-saving in drug development lies in the
accurate forecasting of human pharmacokinetic data.
Early computational models for human clinical data used
simple molecular descriptors to predict oral bioavailabil-
ity and volume of distribution [106,107]. Neural networks
have been applied to predict pharmacokinetic properties
from simple physicochemical properties, such as lipophilic-
ity, pK, and the fraction of free drug in plasma [108]. As
a result of the small sample size inherent to clinical studies,
a general issue with models generated from human data
is the lack of, or small size of, control groups (test sets).
Comparisons of algorithms for pharmacokinetic predictions
have shown the equivalence of the limited sampling model
and the Bayesian approach to modeling AUC and C_,, [109].
The recent ability to simulate populations of patients
with a disease, and their controls, using integrated differ-
ential equations enables the prediction of response to a
particular type of therapy based on relatively few input
parameters [110-112]. One specific example created a
mathematical model called Archimedes, which incorpo-
rated >50 independent variables, such as patient anatomy,
pathophysiology, tests, treatments and outcomes related
to diabetes [113,114]. Such an approach could be useful
for designing and simulating actual clinical studies and
has yet to be embraced broadly by the pharmaceutical
industry. However, as part of a total computational strategy
for drug discovery and development it would represent
a key component before investing in costly clinical trials
[2,115]. During the planning phase of clinical trials, the
statistical power of a study is often estimated beforehand
and computational algorithms are under development
that can provide accurate predictions [116]. An area that
is currently also in need of automated decision-making
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routines is post-marketing clinical trials. Here, data are
generated on safety, cost effectiveness and efficacy, which
are ultimately used to improve labeling and suggest new
indications. Although post-marketing results are analyzed
by standard protocols, prospective forecasting analysis
could aid in the eventual decision-making process [117].
One example of such an advanced approach has optimized
patient gains, cost and future cost for Phase II oncology
trials. This enabled inferior treatments to be dropped early
in the clinical trial process [118].

The potential for avoiding drug-drug interactions with
patients on multi-drug therapy is also possible using
computer-based management systems to check orders in
the pharmacy. Studies have shown that the reliability
reaches 100%, which is of high importance for drugs with
a narrow therapeutic range [119]. Currently, the FDA
stores and maintains a large drug-drug interaction data-
base; mining this database with correlations to chemical
structure could be used to derive new robust algorithms
that could relate structure to adverse reactions more readily.
To date this has not been widely attempted.

Crash testing molecules and potential roadblocks

Ultimately, algorithms can be used to adaptively design
lead molecules faster by testing them in silico. Numerous
companies use computational technologies as a small part
of either the drug discovery or drug development process.
Few have integrated a complete portfolio of these tech-
nologies. The reasons for this can be explained, in part,
by the resistance to adopt computational strategies at each
individual level of the process. Therefore, at present true
innovation in applying virtual screens for drugs might be
expected in smaller, more specialized biotechnology com-
panies that are less risk averse and already have higher
success rates [2,115]. Surprisingly, at present no pharma-
ceutical company appears to be crash-testing molecules
from discovery through development entirely using com-
putational approaches in the same way that engineering-
based companies are developing products. This would
include using not only technologies for optimizing small
molecule but also those algorithms that model complete
biological systems and other processes described earlier.
Although drug discovery tools are generally limited to the
optimization of a single property, the development of
more holistic systems-based models using multiple inte-
grated software tools has also not occurred to date.
Perhaps a reason for this is that all modeling technolo-
gies used in the pharmaceutical industry have a unique
‘language’ and model or result output format, depending
on the vendor and software type. This ultimately prevents
sharing of models between groups after publication or
even their integration into meta-models within compa-
nies. However, a trend can be detected in the recent com-
bination of computational approaches from distantly
related areas, for example, small molecule QSAR and
protein-ligand docking. In the current competitive

environment, smaller drug companies will need to rely
more heavily on computational approaches, which will
minimize HTS and combinatorial chemistry, enabling
researchers to crash-test their ideas and focus on exercis-
ing the best ones. The pharmaceutical industry can learn
further from other defense and automotive engineering-
based industries, which worked on open standards for
software and models to enable integration. This was facili-
tated by ESCHER (http://www.escherinstitute.org/), a con-
sortium of software vendors and industries funded by the
US government, resulting in an open source software
repository. A recent Defense Advanced Research Projects
Agency (DARPA) sponsored workshop (Tool and Software
Infrastructure in Systems Biology Workshop, Arlington VA
USA, 17-18 February 2005) proposed the development of
a similar independent organization to set up open stan-
dards for systems biology. Taking this a few steps further,
perhaps all predictive computational methods used by the
pharmaceutical industry could be incorporated simulta-
neously into this future initiative to foster the overall
integration of the methods and models. At the same time,
a more modular approach to model development would
ensure that each drug company would not repeat the
same software failures as its peers but instead truly
advance the industry. The involvement of DARPA could
indicate that computational models for the prediction of
human health have strategic importance.

Conclusion

It is crucial that the pharmaceutical industry reengineers
its process of discovering and evaluating molecules from
target discovery through clinical trials and beyond as has
been suggested here. In the post-genomic age, providing
integrated computational biology models of whole cells,
organs and disease states has aroused a great deal of
interest, bringing us closer to simulating diverse and com-
plex stages of drug discovery and development simulta-
neously. The combination of computational models for
desired chemical, biological, physiological and economical
properties earlier can all be used to filter virtual molecules.
This could represent a limited view but in this case will
enable the simulation of many steps in the drug discovery
pipeline to ultimately improve research and development
success. By integrating many of the computational
approaches described over the past decade, we foresee the
beginning of the total in silico design and testing of mol-
ecules within the next decade. This will be greatly facili-
tated by a common software language and the sharing of
models, which will need to be sponsored by government
agencies. It might be indicative of the direction the
industry is taking today that numerous patents on com-
putational models and technologies have already been
filed [120]. However, this could be counter to what is
required for rapid development and deployment of these
technologies. To direct the drug discovery process away
from a trial-and-error, brute force synthesis and HTS
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paradigm towards a more rationally driven design approach,
today’s chemists will need to take more direction from
computational scientists. However, there appears to be a
natural resistance and skepticism to in silico technologies.
This is despite the mounting evidence that, for example,
the computational chemistry approaches have a through-
put greater than in vitro methods and, therefore, already
have considerable value. Drug discovery requires the
active collaboration of those skilled in computational
sciences if we are to focus not only our in vitro and in vivo
resources but also those at later discovery and development
stages. The tools for reengineering the pharmaceutical
industry are likely to be complex but they are also within
our reach; however, are we ready to embrace them?

Ultimately, computational approaches will enable us to
ensure the best ideas result in bringing safer and better
designed drugs to the waiting patient more rapidly.
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