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Problems with a compound'’s absorption,
distribution, metabolism, excretion, or tox-
icity (ADME-Tox) have been identified as a
principal cause of failure in late-stage
pharmaceutical R&D. The numerous inter-
national conferences and market research
reports in 2003 and 2004 focused on
ADME-Tox underscore the continuing imp-
ortance of this issue. Sinead Igoe, Frost &
Sullivan’s Industry Analyst for Drug
Discovery Technologies and author of the
recent World ADME/Tox in Drug
Development Markets report, estimates
that the worldwide spending on in silico
ADME-Tox technologies in 2004 will be
$46 million, with high double-digit growth
over the next several years. This nascent
market has attracted a number of
companies providing in silico ADME-Tox
prediction tools, and while the focus and
attention these tools is both timely and
warranted, much remains to be done in
terms of integrating the existingtools into a
single, consistent workflow environment.

Multiple endpoints
Ekins et al outlined a set of computational
ADME-Tox endpoints required in drug dis-
covery (Figure 1) as well as a set of
requirements for the integration of these
endpoints with in vitro data (Figure 2).
Together, they form an overall statement of
requirements for an in silico ADME-Tox
prediction system.

The use of models to cover multiple
ADME-Tox endpoints will increase the
overall breadth of coverage. An informatics
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Primary models

* Solubility

e Absorption

* Mutagenicity

* Bioavailability

* Metabolic stability

* Blood-brain barrier permeability

* Cardiac toxicity (hERG)

* Plasma protein binding

Secondary models

» Transport (uptake and efflux)

* General toxicity

* Hepatotoxicity

* Nephrotoxicity

* Immunogenicity

* Neurotoxicity

* Drug-drug interactions
(cytochrome P450)

Figure 1. Computational ADME-Tox models
required for drug discovery.

system mapped to the in silico ADME-Tox
workflow process to cover multiple
endpoints simultaneously would need to
include tools for validation, prediction,
analysis, design, and reporting (Figure 3).

¢ First and foremost, the models must be
validated. Without statistically rigorous val-
idation, the models will always be suspect
and therefore useless. Toward that end, an
integrated application is required to validate
any of the in silico ADME-Tox models with
a set of structures and experimental results.
Validation is typically performed by an
expert user such as a computational
chemist or molecular modeler - someone
familiar with good statistical practices.

In silico, or virtual, ADME-Tox prediction is a method that can be used to evaluate the
ADME-Tox profile of a compound, even before it is synthesized, and thus to
concentrate finite resources and energy on those few compounds most likely to
succeed. The result can dramatically lower costs and reduce cycle time for
pharmaceutical R&D.

¢ Once the models have been validated, a
compound library (real or virtual) without
measured ADME-Tox endpoints can be
processed in batch fashion to create a
library with predicted endpoints. The good
news with in silico ADME-Tox prediction is
that it is possible to generate large
numbers of data points for large numbers
of compounds. The bad news, of course, is
that it is possible to generate large
numbers of data points for large numbers
of compounds.

1. A consistent source of in vitro data
for each system modeled

2. A large, diverse data set of
molecular structures tested with a
range of activities

3. Multiple integrated molecular
descriptor generation tools

4. Methods for removing correlating
descriptors and missing values

5. Multiple algorithms

6. Statistical methods for testing,
validating and selecting models
for use

7. Providing the model/s in an
accessible intuitive output

8. Integration of models with other
available tools

9. Ensure the models are used at the
appropriate point in drug discovery

10. Continual update and refinement of
models with new in vitro data.

Figure 2. Computational ADME-Tox integration
requirements.
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Figure 3. In silico ADME-Tox workflow.

To turn this flood of unintelligible data into
actionable information, one must resort to
analysis and datamining.

» Datamining is defined as ‘an information
extraction activity whose goal is to
discover hidden facts contained in
databases.” ADME-Tox tools require project
teams to assign the relative importance,
not only of each endpoint, but also of the
ranges of values for each endpoint.
Results can be visualized for analysis in a
color-coded representation often referred
to as a ‘heatmap’, allowing an entire
library of compounds to be rank-ordered
using any combination of experimental or
predicted values. This ordering process
allows those compounds with the highest
probability of success to be tested in
slower and more expensive in vitro or in
vivo tests first and those with the lowest
probability of success to be tested last.

* The in silico ADME-Tox workflow is a
cyclical rather than a linear process, and
continues in an iterative fashion until a
desirable outcome is achieved. The
iterations come through re-design of the
structures in the library in an attempt to
maximize the potency of the molecule
while minimizing any deleterious effects.
In such a process, medicinal chemists
desire a tool that displays the complete in
silico ADME-Tox profile of a molecular
structure and yet allows the structure to
be modified quickly to display the
complete in silico ADME-Tox profile of the
modified structure. This type of ‘what if’
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simulation allows for real-time assessment
by the medicinal chemist of any proposed
changes to their lead compounds.

e Throughout the workflow, the ability to
generate quick yet informative reports is
important. Reporting allows information to
be recorded, exchanged, and commun-
icated with peers and managers,
increasing the efficiency of the workflow
process and thereby reducing the overall
cycle time.

Multiple models
With in silico ADME-Tox prediction, it is
possible that a single model will provide
acceptable results. Sometimes, however, a
single model will not work. By definition,
all models, including ADME-Tox models,
are simulations of reality, and as such will
never be completely accurate. When mul-
tiple models are combined as a single con-
sensus model, however, more accurate
predictions can be achieved. Recent
research has demonstrated the benefits of
employing  multiple  complementary
models for the same ADME-Tox endpoint
in a consensus modeling approach to
provide significantly greater accuracy over
that of a single model.

In general, three types of consensus
models exist:
* Real variable: A real or continuous
variable consensus model involves the
combination of multiple models whose
output is a real or continuous variable.
Examples of real variable models include

log P, log D, plasma protein binding, or
any other model whose output is a real
number.

*Boolean variable: A Boolean or class-
ification  variable  consensus  model
involves the combination of multiple
models whose output is a Boolean or
classification variable. An example of a
Boolean variable model would be a
mutagenicity model whose output is either
‘true’ (the molecule is predicted to be
mutagenic) or ‘false’ (the molecule is
predicted to be non-mutagenic).

e Mixed variable: If one model for an
endpoint outputs a real variable while a
different model for the same endpoint
outputs a Boolean variable, the results
cannot be combined without normalization
to the same scale. This typically involves
mapping one range of the real number
model to ‘true’ while mapping a non-
overlapping range for the same model to
‘false’. Once on the same Boolean scale,
the models can be combined in a
consensus fashion as with Boolean
variables.

A recognized method for creating a
real-variable consensus model starts with
a set of k models and a set of z structures,
each of which has an experimentally mea-
sured value related to the model of inter-
est. A different in silico ADME-Tox
prediction is performed by each model on
each structure, resulting in a k by z matrix
of predicted values, that is, k different pre-
dicted values for each structure. The k by
z matrix of predicted values is compared to
the experimental values, and an integrated
N-fold cross-validation process is used to
derive the consensus model.

In N-fold cross-validation, the set of
predicted and actual values is split into N
different groups. The first group is used as
a test set, and the remaining N minus one
sets are used as a training set. Using this
test and training set, a set of weights is
determined for each model to give the best
correlation between the sum of the
weighted predictions and the experimental
values. This process is repeated using the
second group as the test set and the
remainder as the training set, and the
process is repeated to give N sets of
weights for each of the models. As a result
of this process, each compound is in a test
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set once and in a training set N 100%
minus one times. The N weights for Il HazardExpert m CSGenoTox ® Consensus Model
each model are averaged, and it is 90%
these weights that are used in the 81%
. . 79%
weighted average of the resulting 80% -
consensus model, resulting in a more
predictive and cross-validated model. 70%
Once created and cross-validated,
the weights can be saved as 60%
consensus model and used in a high-
throughput fashion to predict ADME- 50%
Tox values for structures without
experimentally-measured ADME-Tox 40%
values, thus facilitating the in silico
lead optimization process in 30%
pharmaceutical R&D.
For Boolean, or classification 20%
models, there are several types of
consensus models that are available: 10%
¢ |n the worst-case scenario model,
the consensus output will be ‘false’ if 0%

and only if all models in the
consensus have a value of ‘false’.

e The best-case scenario model is

the converse of the worst-case
scenario model, outputting a value of
‘true’ ‘if and only if all models in the
consensus have a value of ‘true’.

* The majority rules model returns a ‘true’
value if most of the models return a ‘true’
value and a ‘false’ value if most of the
models return a ‘false’ value.

* The percent agreement model is similar
to the majority rules model except that a
threshold for a required percent agreement
can be specified.

An example of a mixed mode consen-
sus model mapped to a Boolean scale is
that of mutagenicity predicted by
CompuDrug’'s HazardExpert mutagenicity
model and ChemSilico’s CSGenotox muta-
genicity model. The former model outputs
a real variable probability of the molecule’s
mutagenicity while the latter outputs a ‘0’
if the compound is predicted to be non-
mutagenic and a ‘1’ if the compound is
predicted to be mutagenic. Mapping the
output of the HazardExpert model greater
than or equal to zero, but less than 50 to
‘false’ and mapping the output greater
than or equal to 50, but less than or equal
to 100 to ‘true’ allows the output of this
model to be combined with that of the
CSGenotox model. The results of a valida-
tion study for these two models using a
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Accuracy

Figure 4. Classification consensus model results.

worst-case scenario consensus approach
shows that the consensus model improves
the overall accuracy of the model, the
number of false negatives, and the sensi-
tivity of the model, which is a measure of
a model’s ability to correctly identify high-
risk compounds (Figure 4).

Finally, it is possible to create sub-
structure-localized consensus models, that
is, consensus models that have been fine-
tuned according to the specific require-
ments of substructural classes of
compounds. ADME-Tox models may
predict some classes of compounds better
than others. By taking the strengths of
each model into account for each sub-
structural class, a more accurate consen-
sus model can be achieved for each class
of interest.

Global models versus local models

While having access to global, commer-
cially available models provides an ‘out-of-
the-box’ solution for customers, there may
be instances where either a global model
or a localized consensus of global models
will not perform as well as a true local
model. This would certainly be the case for
a model of biological activity that is trained
on a company’s own proprietary chemical

False Negative

Sensitivity

structures and biological activity data.
Toward this end, the ability to add a
company’s own models to a complete
ADME-Tox environment is key.

Partnering: The more, the merrier
Bio-Rad entered the in silico ADME-Tox
arena in 2003 with the launch of the
KnowltAll ADME-Tox Edition. Rather than
attempt to develop the large number of
predictive ADME-Tox models required,
Bio-Rad chose to adopt a strategy of part-
nership and integration. Toward that end,
our existing  collaborations  with
ChemSilico, CompuDrug/ComGenex,
Strand Genomics, and Syracuse Research
have allowed us to offer the world’s largest
collection of ADME-Tox predictors in a
single, unified software application.

The integration of our partners’
technology into KnowltAll allows each
predictor to take advantage of its unique
informatics environment, including fully
integrated tools for model validation,
library profiling, data analysis, iterative
compound redesign, and report generation.
Depending on the relationship with the
partner, the resulting product may be
distributed exclusively by Bio-Rad, distrib-
uted exclusively by the partner, or by both.
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Of particular importance to all our partners
is the fact that there also exists a version of
the KnowltAll software that is fully
localized into Japanese.

The KnowltAll Software Developer’s Kit
allows pharmaceutical companies to
incorporate their own internally-developed
technologies into the same environment,
bridging the global versus local model gap.
In addition, combining all the informatics
tools and ADME-Tox models in a single,
intuitive interface dramatically diminishes a
company'’s learning curve issues associated
with utilizing multiple software packages
and greatly reduces ‘application prolifera-
tion’. In addition to the obvious benefit of
access to multiple, complementary models,
further gains can be realized by refocusing
IT efforts away from homegrown ADME-Tox
prediction systems, which are difficult to
create and burdensome to maintain.
Overall, there are significant benefits to be
had by scientific and IT staff members in
pharmaceutical companies who are being
asked to do more with less.

Common sense dictates that relying on
a panel of experts will provide more reli-
able results than relying upon a single
voice. An initiative such as Bio-Rad’s

ADME-Tox partnership program enables
the combination and consolidation of
proven technology in an informatics envi-
ronment that can improve workflow and
enhance productivity.

Summary

Recently, ADME-Tox has gained promi-
nence as a significant bottleneck in phar-
maceutical R&D. To address this issue, in
silico ADME-Tox prediction offers a means
to significantly reduce attrition in the R&D
process and thereby increase the return on
investment in R&D. New computational
methods, including consensus modeling,
show promise for increasing the accuracy
of in silico ADME-Tox prediction used for
virtual screening in pharmaceutical lead
optimization. New business alliances, such
as those being initiated by Bio-Rad, show
promise for creating a consistent, unified
approach for in silico ADME-Tox prediction
that will deliver on the promise of ‘the
more, the merrier’.
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