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Description

FIELD OF THE INVENTION

[0001] The invention relates to systems for the design and evolution of molecules, such as drugs. In particular, the
invention relates to an in silico system for the design and optimisation of drugs that interact with selected target molecules.
Drugs so designed are also described.

BACKGROUND OF THE INVENTION

[0002] Medicinal chemistry is an iterative design process in which the biological properties of an analogous set of
compounds are modified and assessed until a compound is discovered that meets required criteria for subsequent
development. On average over one thousand compounds (at a cost of up to £2,000 each), may be synthesised and
tested during the course of a drug discovery project, as it proceeds from an initial screening ’hit’ to drug candidates for
pre-clinical assessment. Therefore, the cost of developing new drug candidates can be extremely high even before
clinical trials can be undertaken.
[0003] High-speed analogue chemistry library methods can be useful for producing a large number of low-cost com-
pounds with relatively simple chemistries, to quickly explore the chemical space around an initial starting compound.
However manual synthesis of individual compounds is usually unavoidable when a chemical series is to be optimised
from a ’lead’ to a clinical drug candidate, because specific, perhaps complicated, chemical design changes might be
required.
[0004] Another problem in drug design is that during lead optimisation a number of independent, non-correlated (often
divergent) properties may need to be optimised, such as: potency against a desired target; selectivity against non-desired
targets; low probability of toxicity; and good drug metabolism and pharmacokinetic properties (ADME). To add to the
complications, often the chemical changes that might most benefit one of these properties, such as target specificity,
may be detrimental to another property, such as bioavailability. Therefore, the lead optimisation process can be consid-
ered as a complex multi-objective process.
[0005] Typically, the process of lead optimisation is based on a cycle of hypothesis generation and experimentation.
Each compound design can be considered a ’hypothesis’, which may be falsified by experimentation. The experimental
results may be represented as structure-activity relationships, which generate a landscape of hypotheses as to which
chemical structure is likely to contain the desired characteristics. The process of drug design is also an optimisation
problem, as each project starts out with a product profile of desired attributes, e.g. a target function. The medicinal
chemistry solution (i.e. a desired drug candidate profile), can be accurately described by its desired properties, for
example: as a drug for administration by a preferred route (e.g. oral), having particular drug properties (e.g. solubility
and bioavailability profiles), and a minimum degree of selectivity for the target molecule (e.g. at least 100-fold). However,
even though the problem can be described, it is a difficult challenge to find an optimal solution from the vast space of
hypothetical feasible solutions. In an attempt to overcome some of these commercial and technical problems, increasingly
researchers are turning to artificial intelligence, e.g. software-based solutions and databases, which have been developed
to automate parts of the iterative scientific discovery process.
[0006] Existing artificial intelligence-based approaches for drug design / evolution and lead optimisation can be gen-
erally categorised into three areas: (1) databases of chemical transformations for use in drug lead optimisation; (2) user-
guided evolutionary drug design; and (3) automated evolutionary drug design. However, to date, none of the known
systems offer the power, versatility and strategic intelligence that are required to achieve the desired levels of process
simplification and cost savings.

(1) Chemical Transformations. In the process of drug design, the creative process of the chemist often utilises
knowledge of ’tactics’ or ’transformations’, which can be applied in many situations to help design novel compounds.
A creative transformation is often not just a simple chemical reaction leading to a new product, since many trans-
formations may be required to duplicate several steps in a proposed synthetic route. Common tactics employed by
the experienced medicinal chemist include, amongst others, methylene shuffle’, adding lipophilicity, adding chirality,
searching for hydrogen-bond interactions, and introducing or breaking conformational constraints. Previous attempts
to catalogue lists of chemical transformations for use by medicinal chemists in the drug design process have been
reported by Stewart K.D. et al. (2006) "Drug Guru: a computer software program for drug design using medicinal
chemistry rules", Bioorg. Med. Chem., 14(20), 7011-22; and Raymond J.W. et al., (2009) "Rationalizing lead opti-
mization by associating quantitative relevance with molecular structure modification", J. Chem. Inf. Model, 49,
1952-62. Stewart K.D. et al. (2006) describes a database of chemical transformations that were derived from inter-
views with a number of medicinal chemists. The program takes an input compound, applies one generation of
chemical transformations, and displays the resulting output structures for consideration by the medicinal chemist.
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Thus, the system acts as an ’ideas prompt’, simply automating the thought process that would normally be undertaken
by a medicinal chemist. Raymond J.W. et al., (2009) describes an alternative method of cataloguing chemical
transformations. In this case, rather than rely on knowledge inputted from the real-life experiences of medicinal
chemists, the authors attempted to systematically mine their own databases of medicinal chemistry structures. They
identified ’similar’ structures where the ratio of the number of bonds in the maximal common substructure in com-
parison to the maximum number of bonds in the compound is at least 0.7, thereby to automatically identify chemical
transformations by comparison of those similar structures / compounds. However, no biological information was
used in the selection of the transformations. Notably, neither of these systems of chemical transformations goes
beyond the stage of simply presenting a host of potential transformed structures to the chemist for further consid-
eration. Neither system scores compounds against a particular design goal, nor do they provide an automated,
iterative closed loop system of hypothesis generation, assessment and redesign, which might alleviate the burden
on the chemist to mentally and chemically assess the many possibilities.

(2) User-Guided Evolution. An alternative approach for generating compounds based on chemical knowledge of
drug designs is a ’genetic algorithm’. Unlike the knowledge-based methods above, chemical transformations in a
genetic algorithm are not defined by the creative or historical knowledge of medicinal chemistry, but are instead
based on a simple set of genetic algorithm (or programmed) transformations to generate new compounds from a
starting structure. These transformations can be categorised as ’crossover’ (where substructures from two different
molecules are selected and swapped) and ’mutation’ (where a single atom or bond is changed using a small number
of defined steps, e.g. add, insert, delete, replace etc.). Lameijer et a/., (2006), "The Molecule Evaluator: An Interactive
Evolutionary Algorithm for the Design of Drug-Like Molecules", J. Chem. Inf. Model, 46, 545-552, describes such
an approach for proposing new chemical structures. As in the above knowledge-based systems, Lameijer et a/.,
(2006) does not iteratively and automatically optimise compounds or score them in such a way as to identify best
solutions; instead, it is down to the user to visually, mentally and chemically select and assess the possible molecules.

(3) Automated Evolution. This approach attempts to develop multi-objective methods using evolutionary approaches
for drug design. Examples are reported in Brown et al., (2004), "A Graph-Based Genetic Algorithm and Its Application
to the Multiobjective Evolution of Median Molecules", J. Chem. Inf. Comput. Sci., 44, 1079-1087; and Nicolaou et
a/., (2009), "De Novo Drug Design Using Multiobjective Evolutionary Graphs", J. Chem. Inf. Model, 49, 295-307.
Brown et a/., (2004; see also Brown et a/., 2004, "The de novo design of median molecules within a property range
of interest", J. Computer-Aided Mol. Design, 18, 761-771; and Brown et al., 2006, "A novel workflow for the inverse
QSPR problem using multiobjective optimization", J. Computer-aided Mol. Design, 20, 333-341) describes a genetic
algorithm that generates novel compounds from compound ’fragments’. This system uses as its input a library of
molecular fragments from which it builds new molecules via a genetic algorithm. The genetic algorithm builds
compounds by randomly flipping segments in a population of graph-based ’chromosomes’. The mutations are atom
/ node based, such as append, prune, insert, or delete; or bond / edge based, such as add, delete, or substitute. A
key feature of the method appears to be in defining of objectives as a chemical structure (or structures) that the
system seeks to evolve compounds towards and, hence, maximise the structural similarity to an objective molecule
(i.e. a defined ’median molecule’). The multi-objective genetic algorithm is defined by applying Pareto ranking to the
designed compounds, and compounds that sit on the Pareto frontier (in terms of similarity with objective chemical
structures) are prioritised. In the reported examples, none of the evolved compounds were validated as having any
biological activity or particular utility. Furthermore, the system was not demonstrated in a method for drug discovery.
Nicolaou et al. (2009) describes a de novo drug design algorithm using multi-objective evolutionary graphs. In this
system, chemical structures are generated from a library of molecular building blocks, based on graph-based ’chro-
mosomes’, using mutation and crossover operations are previously described. An objective encoded scoring method
is applied, which includes binding affinity predictions (mainly 3D protein structure docking), molecular similarity and
chemical structure scores; and selection of molecules is based on Pareto ranking. Although an example of the
method is applied to the in silico design of estrogen receptor alpha ligands, no experimental activity is reported for
the designed compounds. Again, the authors indicate that this system is an ’ideas generator’, rather than a validated,
complete design system.

[0007] Hence, to date, none of the prior art has demonstrated utility in the design and prediction of active molecules
that are valid drug candidates having desired biological activity. Therefore, there remains a need in the art for a truly
automated drug design system, which goes beyond the level of simply automating the normal thought processes of a
skilled person in the field, thereby aiding the medicinal chemist’s decision making in compound design. There is a further
need in the art for an in silico (or computer-based / software) drug design system that is capable of true lead optimisation,
by assessing large numbers of hypothetical molecules and converging on a more limited number of potentially active
molecules, thereby reducing the number of compounds that must be synthesised and tested during the course of a
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project. Moreover, there is an important unmet need in the art for an in silico system with demonstrable power and utility
in the actual design and prediction of drug candidates having desired biological properties and activities. By satisfying
one or more of these needs, the de novo drug design process may be simplified, and the costs of lead optimisation
reduced, thereby having a direct impact on productivity in the field.
[0008] Another challenge in the art of drug design and evolution is in the area of ’polypharmacology’. While the dominant
paradigm in drug discovery has traditionally been to design drugs (or ligands) with maximum selectivity against a specific
target molecule; more recently in fields such as oncology, psychiatry and antimicrobials, it has been shown that effective
drugs may act via modulation of multiple rather than single targets. In fact, advances in systems biology and network
structures are now revealing that, in some cases, multi-target drugs may have greater clinical efficacy than exquisitely
selective compounds. However, this recognition reveals further problems in the current systems and methods for rational
drug design, because of the potential need for optimising multiple structure-activity relationships at the same time. None
of the prior art systems provide a robust method for the design and evolution of drug candidates having desired polyp-
harmacological profiles. Accordingly, there is a further need in the art for a computational (or in silico) system for the
design and automatic optimisation of compounds having multiple activities.
[0009] The present invention addresses one or more of the above-mentioned problems in the prior art, by providing
a computational system for ’intelligent’ drug design and evolution.

SUMMARY OF THE INVENTION

[0010] In broad terms, the present invention provides methods for the design of molecules having desired properties,
such as drugs capable of interacting with a chosen target molecule. The invention further provides molecules that have
been selected to have particular properties for desired uses. The methods may involve computational means and, thus,
the invention further provides computing devices programmed to perform the methods of the invention, and carrier
mediums carrying the appropriate codes for controlling a device to perform the methods of the invention. The invention
also generally involves evolutionary algorithms that generate successive populations of molecules and perform evalu-
ations to identify molecules having or predicted to have the desired characteristics. The evolutionary algorithms may
involve proprietary databases of chemical transformations that are used to generate new populations of molecules for
assessment. The methods of the invention may be useful in a number of areas of molecular / drug design, including
lead drug discover, multiple target polypharmacology, lead optimisation and optimisation of side / non-target activities
of known molecules (e.g. drugs). Advantageously, therefore, the methods of the invention may be capable to evolving
molecules to have desired pharmacological profiles against more than one target molecule, and having verifiable in vitro
and in vivo activities. Accordingly, the methods of the invention enhance, simplify and/or reduce the costs and time that
is invested in lead discovery and drug optimisation. In addition, the optimised molecules are generally based on actual
molecular transformations, meaning that selected molecules can be readily synthesised, tested and further evolved if
desired.
[0011] The invention is defined by the appended claims. Thus, in a first aspect, the invention provides a method as
defined in claim 1 for computational drug design using an evolutionary algorithm. The method involves defining a set of
n achievement objectives (OA

1-n), where n is at least one, and defining a population (PG=0) of at least one molecule. An
initial population (Pparent) of at least one molecule (I1-In) is selected from the population (PG=0). Members (I1-In) of the
initial population (Pparent) are evaluated against at least one of the n achievement objectives (OA

1-x), where x is from 1
to n. The evaluating of the members or molecule (I1-In) comprises the calculation of vector distance (VD) to the at least
one achievement objective (OA

1-x). Generally, each of the members (I1-In) is evaluated, so that the entire population
(Pparent) can be assessed. Suitably, the value of x in the at least one achievement objective (OA

1-x) is equal to n, such
that the molecules are evaluated against all of the achievement objectives (OA

1-n). However, it can be convenient to
have x less than n so that processing speed can be improved; and alternatively, to guide or bias the selection of molecules
towards particular objectives. It should be appreciated that the "n" of (I1-In) merely represents the number of molecules
in a population and is not connected with the number n of achievement objectives (OA

1-n).
[0012] For some applications, the method further comprises generating further populations (PG; PG+1) of molecules
and evaluating each one by an iterative process until a predefined stop condition is satisfied. The stop condition determines
whether or not to generate and evaluate a further population of molecules. Therefore, the predetermined stop condition
is conveniently satisfied only when one or more optimised molecules have been identified. Whether or not an optimised
molecule or population of molecules has been achieved is defined by an internal definition.
[0013] In some embodiments the evaluating comprises assigning a vector distance (VD) and a Pareto frontier to each
member (I1-In) of the initial population (Pparent). A significant advantage of assigning a vector distance (VD) to each
molecule is that it provides a linear and, therefore, unequivocal measure of the proximity of each molecule to the one
or more achievement objectives. By contrast, the Pareto frontier ranking of any particular molecule, while providing a
useful indication of certain properties of a molecule, may not be representative of the proximity of other parameters of
the molecule to additional desirable activities. This may be a particularly important consideration where there is a plurality
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of achievement objectives against which a molecule is to be optimised, and against which a specific balance of properties
may be required. For example, a molecule on a second, third or higher Pareto frontier may be linearly closer to a set of
achievement objectives than molecules identified solely as being present in the first Pareto frontier. Hence, by relying
solely on Pareto ranking, beneficial molecules (e.g. on a second or third Pareto frontier), or those that have great promise
as drug leads for further evolution, may be lost or disregarded during the molecular evolution. By including Pareto frontier
rank in the evaluation alongside vector distance (VD) an informed view of the relevance of the different calculations can
be taken. Furthermore, promising molecules can be selected from different Pareto frontiers, thus expanding the pool of
available, useful molecules for consideration. The most optimised molecule in any one evaluation is the molecule with
the shortest vector distance (VD) to the achievement objectives, which is inevitably on the first Pareto frontier.
[0014] The process of evaluating the molecules comprises: calculating the parameters of each member (I1-In) of the
initial population (Pparent) for each of the at least one achievement objective (OA

1-x); and calculating the vector distance
(VD) and optionally the Pareto frontier of each member (I1-In) of the initial population (Pparent) to the set of achievement
objectives (OA

1-x). As already indicated, in some cases, the calculation of vector distance (VD) and optional Pareto
frontier is based on all of the n achievement objectives (OA

1-n). However, in other cases the calculation is based on one
or more of the achievement objectives (OA

1-x), which may not include all of the objectives.
[0015] Generally, the method further comprises determining whether a stop condition is satisfied. Typically, the stop
condition is predetermined to either indicate that one or more optimised molecule has been achieved, or simply to halt
the process once a suitable number of iterations of the method have been conducted.
[0016] When the stop condition is satisfied, the method may comprise the further steps of ranking each member (I1-In)
of the evaluated initial population (Pparent) according to vector distance (VD) and optionally Pareto frontier to the set of
n achievement objectives (OA

1-n). Thus, in this stage of the method, the molecules are evaluated against all of the n
achievement objectives to ensure that all desired parameters of the molecules are predicted and assessed. Conveniently,
at least the first ranked member (I1-In) of the evaluated initial population (Pparent) is identified. This molecule is the
molecule predicted to be the closest to the achievement objectives (OA

1-n). Suitably, the ranking comprises: calculating
the parameters of each member (I1-In) of the initial population (Pparent) for each of the n achievement objectives (OA

1-n);
and calculating the vector distance (VD) and optionally the Pareto rank of each member (I1-In) of the initial population
(Pparent) to each of the n achievement objectives (OA

1-n). The first ranked member, and hence, the most optimised
molecule has the shortest vector distance (VD) to the set of n achievement objectives (OA

1-n).
[0017] However, if the stop condition is not satisfied, the method may further involve performing a first iteration (G=1)
of the evolutionary algorithm to generate and evaluate a new population (PG) of at least one molecule. In such embod-
iments, the method may comprise: transforming at least one member of the parent population (Pparent) to generate a
transformed population (Ptransformed) of at least one molecule; and defining a new population (PG) of at least one molecule,
the new population (PG) comprising at least one member of the transformed population (Ptransformed). Subsequently, a
new population (PG+1) of at least one molecule (I1-In) is defined, and members (I1-In) of the new population (PG+1) are
evaluated against the at least one achievement objective (OA

1-x). As before, the molecules are evaluated by the calculation
of vector distance (VD) to the at least one achievement objective (OA

1-x). Typically, each member of the new population
(PG+1) is evaluated against the at least one achievement objective (OA

1-x).
[0018] In this first iteration, as well as in any subsequent iterations, suitably, all of the members of the parent population
(Pparent) are subjected to all of the available transformations, so as to maximise the pool of molecules in the transformed
population (Ptransformed). In some embodiments, the new population (PG) is defined to include all of the members of the
transformed population (Ptransformed). In one embodiment, the new population (PG) comprises the parent population
(Pparent) and the transformed population (Ptransformed). However, in alternative embodiments it may be convenient or
desirable to include only a proportion of the transformed population (Ptransformed) within the new population (PG). Thus,
the method may optionally include one or more filters (F) of predefined criteria, for removing unwanted or undesirable
molecules from the transformed population (Ptransformed) before defining the new population (PG).
[0019] Having defined the new population (PG), a strategy function (S) may then be employed to provide a further
means of filtering out unwanted molecules. Beneficially, the Strategy function may be used to guide the selection and
evolution of particular properties or an advantageous balance of properties. Thus, the method optionally includes eval-
uating the population (PG) against at least one achievement objective (OA

1-x), and selecting molecules from the evaluated
population (PG) by applying a strategy function (S).
[0020] As before, in these iterations, the evaluating step may comprise assigning a vector distance (VD) and a Pareto
frontier to each member (I1-In) of the new population (PG+1). Furthermore, the evaluating may comprise the steps of
calculating the parameters of each member (I1-In) of the new population (PG+1) for each of the at least one achievement
objective (OA

1-x); and calculating the vector distance (VD) and optionally the Pareto frontier of each member (I1-In) of
the new population (PG+1) relative to the at least one achievement objective (OA

1-x).
[0021] To determine whether or not to carry out further iterations of the method, the method may advantageously
comprise determining whether a stop condition is satisfied. Thus, when the stop condition is not satisfied, the method
suitably further comprises defining the evaluated new population (PG+1) as a new parent population (Pparent) of at least
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one molecule (I1-In); and performing a second iteration (G=2) of the evolutionary algorithm by repeating the steps of the
invention as described herein.
[0022] On the contrary, if the stop condition is satisfied (for the reasons given above) it can be beneficial to determine
the ranking of each member in the final population to identify those that best satisfy the set of achievement objectives
(OA

1-n). Hence, in this embodiment, the method may further comprise ranking members (I1-In) of the new population
(PG+1) according to vector distance (VD) and optionally Pareto frontier to the set of n achievement objectives (OA

1-n);
and identifying at least the first ranked member (I1-In) of the evaluated new population (PG+1). To rank the molecules,
the method may involve calculating the parameters of each member (I1-In) of the new population (PG+1) for each of the
n achievement objectives (OA

1-n); and calculating the vector distance (VD) and optionally the Pareto frontier of each
member (I1-In) of the new population (PG+1) to the n achievement objectives (OA

1-n). The first ranked member is that
molecule that has the predicted shortest vector distance (VD) to the achievement objectives (OA

1-n). Conveniently, the
stop condition may be selected from: the number of iterations (G=n) of the evolutionary algorithm; a predefined vector
distance (VD) of a predefined number or proportion of molecules in a population (Pparent; PG; PG+1) to one or more of
the set of n achievement objectives (OA

1-n); mean vector distance ([VD]Mean) of a population (Pparent; PG; PG+1) of
molecules to one or more of the set of n achievement objectives (OA

1-n); the rate of change in the mean vector distance
([VD]Mean) of successive evaluated populations (Pparent; PG; PG+1) of molecules; the rate of change in any other evaluated
predefined criteria between successive populations (Pparent; PG; PG+1) of molecules; the predicted activity of one or
more molecules for one or more of the achievement objectives; and/or the average complexity of virtual molecules.
Another stop condition may be time dependent, such that the method is ended after a predefined period of time, for
example, after approx. 48 hours or 72 hours.
[0023] As indicated, the method may further comprise applying at least one filter (F) to remove molecules that fail at
least one predefined criteria of the filter (F). In this way, the populations for evaluation can be thinned out, thus increasing
processing speed and manageability by removing molecules that are clearly inappropriate or that, for one reason or
another, do not conform to predetermined requirements. Purely as an example, the transformations may result in a
broken molecule, or one that would be undesirably reactive. Conveniently, the at least one filter (F) is applied to molecules
of the population (PG) before optionally evaluating the population (PG) against at least one achievement objective (OA

1-x),
thus providing the benefit of reducing the amount of processing power required to perform the method. Advantageously,
one of the at least one filters (F) removes any duplicate molecules from the population (PG). In this regard, the transfor-
mations may include a "null-transformation" in which the starting molecule remains unaltered. In this case, the population
(Ptransformed) will necessary include all of the molecules in the starting population (Pparent). Therefore, the new population
(PG) need not comprise the starting population (Pparent). In any case, it can still be convenient to include a filter (F) to
remove duplicate molecules, since duplicate molecules may also be generated through the transformation of similar
molecules. Advantageously, the at least one filter (F) may also or alternatively be applied to molecules of the population
(PG+1) before ranking each member (I1-In) of the new population (PG+1).
[0024] The filter (F) may be based on any convenient criteria, such that undesirable molecules are removed from the
population before further evaluation. Criteria such as reactivity, stability, solubility may be employed. For example, the
at least one predefined criteria of the at least one filter (F) may be selected from at least one of: non-broken molecule
requirement; solubility; drug-like properties, such as absorption, distribution, metabolism, and excretion (ADME); mo-
lecular weight; hydrogen bonding capacity; octanol-water partition coefficient; toxicity; unwanted group definition; total
polar surface area; number of rotatable bonds, molecule size, e.g. number of atoms, number of rings, size of ring systems,
number of functional groups (H-bond donors, H-bond acceptors), number of heteroatoms and so on.
[0025] The strategy function (S) is a particularly beneficial feature of the invention, in that it may enable the evolution
and identification of molecules to be adjusted, guided or tailored to arrive at the molecule(s) having the most appropriate
or desirable parameters, or when more than one parameter is of importance (as is generally the case), the most desirable
blend of characteristics. Accordingly, in one particularly suitable embodiment, the method of the invention comprises:
identifying at least one desired activity (A) of an optimised molecule and defining a strategy function (S) to score each
member (I1-In) of the population (PG) against one or more of the at least one desired activity (A1-n); calculating the
parameters of each member (I1-In) of the population (PG) for at least one of the achievement objectives (OA

1-x) relevant
to the one or more desired activity (A1-n); determining the predicted activity (Prediction 1 to Prediction n - where n depends
on the number of activities selected) of each member (I1-In) of the population (PG) for the one or more desired activity
(A1-n);selecting the sub-population (Pelite) of molecules of the population (PG) that satisfy the strategy function (S); and
optionally selecting a sub-population (Prandom) of at least one molecule from the sub-population (Pnon-elite) of molecules
that do not satisfy the strategy function (S). Preferably, the new population (PG+1) of at least one molecule (I1-In) comprises
Pelite. In some embodiments, the new population (PG+1) of at least one molecule (I1-In) comprises the sub-populations
Pelite and Prandom. Thus, the strategy function can be used to beneficially include molecules that might otherwise be
removed and lost from the design process, but that might potentially lead to improved molecules in subsequent gener-
ations. By way of explanation, and without be bound by any particular theory, it may be that a molecule that ranks
relatively lower in one iteration (e.g. lying on a second, third, fourth or nth Pareto frontier) when evaluated against a
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particular set of parameters, may ultimately provide molecules having a better blend of parameters after one or more
further iterations of transformation. By selecting one or more molecules from the sub-population (Pnon-elite) of molecules
that do not satisfy the strategy function (S), the new population (PG+1) comprises an enlarged genetic pool, which may
contain a better mix of activities and properties. Conveniently, the at least one molecule (Prandom) is selected at random
from the sub-population (Pnon-elite). However, in some embodiments, the sub-population (Prandom) may be selected
according to predetermined selection criteria, for example, to include molecules on the second, third, fourth or nth Pareto
frontiers, or to select molecules having a particularly structure type (e.g. related derivatives).
[0026] One of skill in the art will appreciate that the strategy function (F) can be defined in a number of alternative
ways in order to set a threshold above which the molecules are considered to satisfy the requirement. In one suitable
embodiment, the strategy function (S) is satisfied for molecules of the population (PG) where the predicted activity
(Prediction 1) is greater than the sum of the mean predicted activity ([Prediction 1]Mean) and the standard deviation of
the predicted activity ([Prediction 1]StdDev) for all members (I1-In) of the population (PG); i.e. where Prediction 1 >
[Prediction 1]Mean + [Prediction 1]StdDev.
[0027] In particularly beneficial embodiments of the invention, the strategy function (S) is based on two or more desired
activities (A1-n) of an optimised molecule. In this way, relative parameters of the optimised molecule can be prioritised,
such as relative activity, specificity or selectivity for particular targets. Accordingly, the method is particularly suitable for
selecting molecules having desirable polypharmacology profiles. For example, the at least one desired activity (A) of an
optimised molecule may be selected from one or more of: predicted activity against one or more target molecule (e.g.
specificity, binding affinity, inhibition constant); predicted relative activity against one target molecule compared to another
molecule; predicted selectivity for one or more target molecule over another molecule; predicted relative selectivity for
more than one target molecule; predicted drug-like properties / scores (e.g. ADME); prioritisation of one or more ADME
property; prioritisation of drug-like properties over one or more activity or specificity; and prioritisation of vector optimisation
over Pareto frontier. Preferred strategy functions include the prioritisation of one or more ADME property and/or the
prioritisation of drug-like properties over one or more target activity or specificity.
[0028] The database of transformations is another advantageous feature of the invention. Although transformations
based on genetic algorithms may be used in accordance with the invention, the transformation database is beneficially
based on known (i.e. real-life) chemical transformations that the medicinal or organic chemist might choose to apply to
particular molecules. Conveniently, the database is a proprietary database of known chemical transformations. Therefore,
the generated transformations can be considered to be ’intelligent’, in the sense that they may not generate a large
proportion of impossible (e.g. broken, unstable or transient) or inappropriate (e.g. cannot be readily synthesised) mole-
cules. In some embodiments it may be convenient to generate the database of transformations from a combination of
known chemical transformations and genetic algorithms. Advantageously, all of the appropriate transformations are
applied to all members of the population (Pparent).
[0029] In one variation, the method of the invention comprises transforming at least one of the molecules of the
population (PG=0), such as all of the molecules of PG=0, to create a transformed population of molecules before selecting
the initial population (Pparent). The initial population (Pparent) may comprise all of the molecules in the population (PG=0).
Suitably, however, the initial population (Pparent) of at least one molecule is selected from a larger population (PG=0) of
molecules based on at least one predetermined selection criteria. In this way, the starting point for the design process
may include a degree of targeting. This can be particularly beneficial, for example, where additional properties / uses
are being sought for known, existing molecules or drugs, such as in the case of optimising a side activity of a drug.
Where the initial population (Pparent) is selected, the selection criteria could be any appropriate means of selection known
to the person of skill in the art. For instance, suitable selection criteria include one or more of: 3D virtual docking, chemical
similarity, database searching, Bayesian activity modelling, and an algorithm. In some advantageous embodiments the
initial population (Pparent) of molecules consists of one molecule. In such cases, for example, where the starting molecule
is a convenient or desirable known molecule or drug, it may not be necessary to previously and strictly define the
population of molecules (PG=0).
[0030] An important element of the invention is the appropriate definition of the achievement objectives, because these
define the parameters of an ideal molecule, against which all other molecules will be assessed / judged. Typically, there
will be a plurality of (i.e. n) different, perhaps related, achievement objectives (OA

1-n) that define properties of a desired
ideal molecule. The more achievement objectives the more specifically defined may be the ideal molecule, but the more
difficult it may be to generate, design or evolve an optimised molecule to satisfy the requirements of the system. Thus,
n may be 1 or more, such as between 1 and 20, or between 2 and 15. Typically, the number of achievement objections
defined may be 5 or less, such as 1, 2, 3, 4 or 5. For example, the set of achievement objectives may include: two activity
predictions (e.g. binding affinity or inhibition constant against a target); an ADME prediction; and a target specificity
prediction. Any desired activity, property or parameter of an ideal molecule may be used to set an achievement objective.
Suitably, the set of n achievement objectives (OA

1-n) includes at least one of: inhibition activity against a target molecule;
binding affinity to a target molecule; specificity for a target molecule; selectivity for the target molecule over a non-target
molecule; pharmacokinetic (ADME) properties; desirability scores; and ligand efficiency. The number of achievement



EP 2 502 173 B1

8

5

10

15

20

25

30

35

40

45

50

55

objectives may also depend on the strategy chosen. For example, optimising a polypharmacology profile of a molecule
while including objectives to avoid non-target molecules or "antitargets" may lead to a large number of measured prop-
erties (e.g. up to 20). However, a single target optimisation may be implemented with as few as two achievement
objectives (e.g. an activity prediction and an ADME prediction). In one advantageous embodiment, the definition of the
set of n achievement objectives (OA

1-n) includes parameters relating to interactions of an ideal molecule with two or
more different target molecules or target sites to optimise polypharmacology.
[0031] Once the stop condition has been satisfied, the method may advantageously include an assessment and ranking
of the final population (PG+1) of molecules. In one such embodiment, the method of the invention further comprises:
evaluating each of the members (I1-In) of the new population (PG+1) of molecules against the complete set of n achieve-
ment objectives (OA

1-n); applying at least one filter (F); assigning to each molecule of the population (PG+1) a vector
distance (VD) and a Pareto frontier for the set of n achievement objectives (OA

1-n); ranking (each) member(s) of the
population (PG+1) of molecules by vector distance to the set of n achievement objectives (OA

1-n); ranking the members
of the population (PG+1) of molecules in at least the first Pareto frontier according to vector distance (VD) to the set of
n achievement objectives (OA

1-n), such that at least the first ranked member of the population (PG+1) in at least the first
Pareto frontier can be readily identified. More suitably, at least two filters (F) are applied, for example, filters (F) that may
be applied in combination or sequentially include: an ’HTS’ (high-throughput screening) filter, a ’rule of five’ filter, a ’GSK’
filter, and an unwanted groups filter. An HTS filter excludes molecules that are likely to be poor candidates for high-
throughput screening, including those containing non-organic atom types, reactive substructures, and those with a
molecular weight of greater than 150. A GSK filter is based on a bioavailability rule defined by Veber (2002, Molecular
Properties That Influence the Oral Bioavailability of Drug Candidates, J. Med. Chem., 45(12), 2615-2623), which filters
molecules according to flexibility and polar surface area of the molecule. Thus, the HTS filter serves the purpose of
providing a clean set of molecules for HTS screening purposes; the Rule of Five and GSK filters each help to provide
bioavailable compounds; and the unwanted group definition filter helps to avoid the undesirable reactivity of compounds
in the assays, or simply molecules having groups that can not be included in a pharmaceutical drug (e.g. for reason of
toxicity). In this way, the molecules of the population (PG+1) may be considerably reduced prior to final prioritisation and
ranking. One or more of the above filters may also be used in intermediate generations of the method (rather than solely
once the stop condition has been met), but time and processing power considerations may be taken into account in the
selection of earlier filters. Other filters that may be used at this and other stages, alone or in combination / sequentially
include: non-broken molecule requirement; solubility; drug-like properties, such as absorption, distribution, metabolism,
and excretion (ADME); molecular weight; hydrogen bonding capacity; octanol-water partition coefficient; toxicity; un-
wanted group definition; total polar surface area; number of rotatable bonds.
[0032] The person of skill in the art will readily appreciate that the method of the invention further relates to the molecules
identified as optimised molecules with respect to the predefined achievement objectives. Of course, it can be of benefit
to synthesise any such identified, optimised molecules and determine their actual physical properties and characteristics.
Accordingly, in a further embodiment, the invention comprises the steps of: selecting at least one molecule of the
population (Pparent) or (PG+1) based on its ranking; identifying the at least one selected molecule as an optimised molecule;
and optionally synthesising the at least one selected molecule.
[0033] As already indicated, the invention may have utility in a method of lead (drug) optimisation, lead (drug) discovery,
optimisation of side activities and/or multiple target polypharmacology.
[0034] In one suitable embodiment, the method is used for designing, predicting and/or selecting a molecule as an
antagonist of phosphodiesterase 5 (PDE-5). In such an embodiment, the initial population (Pparent) may comprise tadalafil.
In another embodiment the invention has utility in designing, predicting and/or selecting a molecule as an antagonist of
dopamine D4 and/or as an antagonist of dopamine D2. In this embodiment, the initial population (Pparent) may beneficially
comprise donepezil. In yet another suitable embodiment, the method is used for designing, predicting and/or selecting
a molecule as an antagonist of aromatase. In this embodiment, the initial population (Pparent) may beneficially comprise
fadrozole.
[0035] It should be appreciated that in this aspect of the invention, unless otherwise stated, any of the method steps
of different embodiments can be combined to create a method in accordance with the invention.
[0036] In another aspect, the invention relates to molecules, compounds and/or drugs. In one embodiment, the invention
thus provides a novel molecule identified by any of the methods of the first aspect of the invention. Particularly useful
molecules of the invention may have binding activities or inhibition constants (Ki) for one or more target molecule in the
range up to about 200 nM, up to about 100 nM, up to about 20 nM. Furthermore, they may exhibit selectivity for a target
molecule of at least 10-fold over a defined non-target molecule, at least 50-fold, or at least 100-fold.
[0037] In a further, more specific embodiment, the disclosure provides a molecule selected from a molecule having a
formula shown in Figure 15, for example, a compound selected from GFR-VII-273, GFR-VII-274, GFR-VII-280-HCI,
GFR-VII-280, GFR-VII-281, GFR-VII-285, GFR-VII-287, GFR-VII-290, STT-00185638, and STT-00185641. The disclo-
sure also provides a compound selection from GFR-VII-273, GFR-VII-274, GFR-VII-280-HCI, GFR-VII-280, GFR-VII-
281, GFR-VII-285, GFR-VII-287, GFR-VII-290, STT-00185638, and STT-00185641 for use in medicine.
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[0038] The molecules of the invention may be formulated into pharmaceutical compositions. Therefore, the disclosure
also relates to pharmaceutical compositions comprising molecules of the invention (and a pharmaceutically acceptable
carrier). In addition, it is envisaged that the molecules and pharmaceutical compositions may have pharmaceutical
activity (in vitro, ex vivo or preferably in vivo) against one or more medical condition. Hence, the disclosure envisages
the use of molecules of the invention in medicine; and a use in treating specified medical indications or diseases associated
with specified target molecules, such as a disease or condition associated with phosphodiesterase 5 (PDE-5) and/or
dopamine D4 receptor, and/or dopamine D2 receptor.
[0039] In another aspect, there is provided a carrier medium according to claim 14 carrying a computer readable code
for controlling a computing device to carry out any method of the first aspect of the invention.
[0040] In still a further aspect, the invention provides a computing device according to claim 15 for computational drug
design using an evolutionary algorithm, comprising: input means arranged to receive a set of n achievement objectives
(OA

1-n); processing means arranged to generate a population (PG=0; Pparent) of at least one molecule and to evaluate
the population (Pc=0; Pparent) against the n achievement objectives (OA

1-n); and output means arranged to output results
of the evaluation. As in the methods of the invention, the processing means is arranged to evaluate members of the
population according to vector distance (VD) to the set of n achievement objectives (OA

1-n) and optionally including
Pareto frontier ranking. The computing device of the invention further comprises input, processing and/or output means
for performing any of the method steps of the invention described herein.
[0041] It will be understood that the method steps and features of the first aspect of the invention may be reproduced
in software or hardware of the invention. Thus, these methods may be converted into computer readable form in any
aspect relating to carrier mediums or computing devices of the invention.
[0042] These and other uses, features and advantages of the invention should be apparent to those skilled in the art
from the teachings provided herein.

BRIEF DESCRIPTION OF THE DRAWINGS

[0043] The invention is further illustrated with reference to the following drawings in which:

Figure 1 illustrates the combinatorial expansion of virtual molecules by successive rounds of molecular transfor-
mation;

Figure 2 illustrates how virtual molecules may be arranged according to Pareto frontier ranking relative to a set of
two achievement objectives, score x, score y (A); and how virtual molecules may be assessed and ranked according
to vector distance and Pareto ranking from the achievement objectives showing how molecules on a lower Pareto
frontier may be closer to the achievement objectives than molecules on a higher Pareto frontier (B);

Figure 3 illustrates how in accordance with the invention, vector distance from virtual compounds to an ideal molecule
defined by the parameters of the achievement objectives (xideal, yideal) may be calculated (A); and the analysis and
ranking of different molecules on a Pareto frontier (B);

Figure 4 is a flow diagram illustrating the steps in a general method of the invention;

Figure 5 is a graph showing the repartition of the compounds depending of their score for the Bayesian model of
activity against PDE5;

Figure 6 is a schematic representation of the reduction in the number of members in the final population of molecules
optimised against PDE5, by applying successive filters. After applying the filters the final population size for evaluation
is reduced from 388974 to 29923 molecules, representing a reduction to 7.7% of the original population size;

Figure 7 illustrates the Lipinski score distribution (A) and the ADME score distribution (B) for virtual molecules
optimised against PDE5;

Figure 8 illustrates the analysis of the intravenous non-CNS scoring profile (highest ADME score) for the lead
compound and tadalafil in the evolution of molecules to target PDE5;

Figure 9 is an evolution tree to illustrate how tadalafil was transformed from the lead compound in the optimisation
of molecules against the PDE5 target;

Figure 10 illustrates the relative positions of the virtual molecules generated for binding to PDE5, assessed according
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to the achievement objectives of ADME score and Bayesian activity model against PDE5. The position of tadalafil
in the population of virtual molecules is indicated by an arrow;

Figure 11 illustrates the Bayesian biological activity models for predicting the activity of virtual compounds against
the dopamine D2 receptor (A), the dopamine D4 receptor (B) and acetylcholinesterase (C). In (A), the number of
actives to create the model was 5759; the mean of the actives was 53.7 and the standard deviation was 52.3; the
mean of the inactives was -39.5 and the standard deviation of the inactives was 48.6; the estimated best cut-off
score was 14.9; with a score higher than estimated, TP/FN: 4435/1324; FP/TN: 6320/203028. In (B), the number
of actives to create the model was 2017; the mean of the actives was 50.1 and the standard deviation was 49.5;
the mean of the inactives was -29.6 and the standard deviation of the inactives was 38.3; the estimated best cut-
off score was 13.9; with a score higher than estimated, TP/FN: 1498/519; FP/TN: 8025/205065. In (C), the number
of actives to create the model was 1724; the mean of the actives was 69.0 and the standard deviation was 50.2;
the mean of the inactives was -35.0 and the standard deviation of the inactives was 46.5; the estimated best cut-
off score was 6.4; with a score higher than estimated, TP/FN: 1672/52; FP/TN: 40220/173161;

Figure 12 shows the optimisation of compounds for binding to dopamine D4 (A). Bayesian score for predicted
dopamine D4 activity (x-axis) and maximum predicted ADME score, normalised (y-axis). The compounds STT-
00185641 (a) and STT-00186538 (b) are identified with an "X". (B) The same dataset as in Figure 12(A) with
molecules of each Pareto front identified by colour. The first Pareto front (Pareto Front = 1) is coloured black; the
second Pareto front (Pareto Front = 2) is coloured dark grey; and third Pareto front (Pareto Front = 3) is coloured
light grey. The compounds STT-00185641 and STT-00186538 are positioned on the first Pareto front.

Figure 13 shows the top 15 compounds of the optimisation depicted in Figure 12, as determined by vector distance
to the achievement objectives, Bayesian Dopamine D4 Score = 140 and ADME ScoreMax = 50 (A). Compounds
STT-00185641 (a) and STT-00186538 (b) are each identified by an "X". (B) The same dataset as in Figure 13(A)
where each Pareto Front is coloured separately. All 15 prioritised compounds lay on the first Pareto front (black) or
the second Pareto front (grey).

Figure 14 shows the optimisation of compounds for binding to dopamine D2 (A). Bayesian score for predicted
dopamine D2 activity (x-axis) and maximum predicted ADME score, normalised (y-axis). The 7 compounds selected
for experimental evaluation are identified: GFR-VII-274, GFR-VII-281, GFR-VII-285, GFR-VII-273, GFR-VII-287,
GFR-VII-280 and GFR-VII-290. (B) The same dataset as in Figure 14(A) with molecules of each Pareto front identified
by colour. The first Pareto front (Pareto Front = 1) is coloured black; the second Pareto front (Pareto Front = 2) is
coloured dark grey; and third Pareto front (Pareto Front = 3) is coloured light grey;

Figure 15 illustrates the structures of compounds of the invention selected as having predicted activity for binding
to and antagonising the dopamine D2 and dopamine D4 receptors, including: donepezil (starting molecule), the
isoindolinones series evolved as dopamine D2 ligands: GFR-VII-273, GFR-VII-274, GFR-VII-280, GFR-VII-281,
GFR-VII-285, GFR-VII-287, GFR-VII-290; and the 2,3-dihydro-indol-1-yl series evolved as dopamine D4 ligands:
STT-00185638 and STT-00185641;

Figure 16 is a heat map to illustrate the relative binding affinity of compounds selected in accordance with the
invention for 20 different receptor molecules;

Figure 17 shows the optimisation of compounds for binding to aromatase after the sixth iteration of the method of
the invention. Bayesian score for predicted aromatase activity (x-axis) and maximum predicted ADME score (y-
axis). The known aromatase drug, fadrozole is identified with an "X"; the two highest scoring compounds by vector
distance are represented by solid triangles. The first Pareto front (Pareto Front = 1) is coloured black; the second
and lower Pareto fronts are coloured light grey;

Figure 18 shows the optimisation of compounds for binding to aromatase after the fifth iteration of the method of
the invention. Bayesian score for predicted aromatase activity (x-axis) and maximum predicted ADME score (y-
axis). Fadrozole (coordinates 53,04) is the highest ranking compound at this stage of the method.

DETAILED DESCRIPTION OF THE INVENTION

[0044] Prior to setting forth the detailed description of the invention, a number of definitions are provided that will assist
in the understanding of the invention.



EP 2 502 173 B1

11

5

10

15

20

25

30

35

40

45

50

55

[0045] By ’ideal’, as used herein, e.g. in the context of an ’ideal molecule’, it is meant a molecule having specifically
defined, desired properties or parameters. An ideal molecule in the context of the invention has parameters (or properties)
that correspond exactly to the set of n achievement objectives that have been defined. In other words, the ideal molecule
is the target molecule to which the method of the invention is directed. An ideal molecule does not necessarily correspond
to a definable chemical structure: in fact, it may not be physically possible to actually design and synthesise a molecule
having all of the exact properties of the ideal molecule. Hence, in contrast, an ’optimised’ molecule is used herein to
mean a designed or evolved molecule that satisfies (internally) predefined parameters that identify it as having achieved
an acceptable predicted performance level (or a desired predicted set of activities or properties), but not necessarily the
parameters of the n achievement objectives. In the context of the invention, therefore, an optimised molecule is one
which has met the predefined requirements of the system / method of the invention: which for some applications may
relate to the discovery of a lead molecule for further investigation or optimisation. For the avoidance of doubt, therefore,
by ’optimised’ (c.f. ’ideal’), it is not intended to suggest that the molecule has evolved to a point from which it would be
physically impossible to arrive at an even more optimal molecule (e.g. by in vitro synthesis) having still more desirable
properties.
[0046] By ’iterations’ in the context of the invention, it is meant the number of cycles of population generation (Gn) and
evaluation that are performed after the assessment of the initial parent population (Pparent). Thus, each iteration involves
one round of chemical transformations to generate a new pool of molecules for assessment, and hence a new generation
of molecules.
[0047] By ’transformation’ it is meant the substitution, deletion or addition (and so on) of at least one and possibly
more than one entity, such as a chemical bond, atom, moiety or group of bonds, atoms or moieties. Suitably, the
transformations are real transformations in the sense that they are transformations that are achievable and preferably
have already been achieved by (organic) chemical synthesis. Thus, a ’transformant’ or transformed molecule is a new
chemical structure that has been created or derived by transforming another molecule or chemical structure. A database
of transformations is a plurality of such transformations, and may include a null-transformation (i.e. where the starting
molecule is not transformed).
[0048] In accordance with the invention, the term ’molecule’ or ’molecules’ is used interchangeably with the terms
’compound(s)’ and ’drug(s)’, and sometimes a ’chemical structure’. The term ’drug’ is typically used in the context of a
pharmaceutical, pharmaceutical composition, medicament or the like, which has a known or predicted physiological or
in vitro activity of medical significance; but such characteristics and qualities are not excluded in a molecule of the
invention. The term ’therapeutic’ is used interchangeably with ’pharmaceutical’. Therapeutics may include compositions
as well as compounds and molecules.
[0049] In the context of the present invention, the terms ’individual’, ’subject’, or ’patient’ are used interchangeably to
indicate a human or other animal that may be suffering from a medical condition and may be responsive to a molecule,
pharmaceutical drug, medical treatment or therapeutic treatment regime of the invention. An individual may be a human
subject or an animal.

Molecular Design by Evolutionary Optimisation

[0050] Molecular or drug design can be considered a multi-dimensional optimisation problem that uses the hypothesis
generation and experimentation cycle to advance knowledge. Each compound design can be considered a hypothesis
which is falsified in experimentation. The experimental results are represented as structure-activity relationships, which
construct a landscape of hypotheses as to which chemical structure is likely to contain the desired characteristics. The
process of drug design is also an optimisation problem as each project starts out with a product profile - i.e. target function
- of desired, specified attributes. The medicinal chemistry solution - a desired drug candidate profile - can also be
accurately described, for example, "an oral, rule-of-five compliant, inhibitor of phosphodiesterase 5 with 100-fold selec-
tivity over phosphodiesterases and with no structural alerts present". However, even though the objective can be accu-
rately described, it has previously been an expensive and difficult challenge to find an optimal solution. One particular
difficulty with this type of problem is to effectively navigate the vast space of feasible solutions, assessing those molecules
found along the way.
[0051] Some significant benefits of the invention in generating and ranking drug-like compounds resides in the details
of the methodology, for example: in the method of assessment / evaluation of proposed molecules; the selection strategy
for the targeting of useful molecules; and in the manner of transforming molecules to generate new, useful and, importantly,
practical molecules. The results presented herein, such as in the design and identification of phosphodiesterase 5 (PDE5)
inhibitors and dopamine D2 and/or dopamine D4 antagonists, represent a major advance over the prior art and validate
the method of the invention.
[0052] The methods described herein have a number of advantages over the previously disclosed methods for auto-
mated drug design. For instance, the invention has utility in the design and identification of lead compounds for a desired
pharmaceutical target. Alternatively, the invention has utility in the optimisation and prioritisation of drugs from a lead
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compound. In another useful embodiment, the method of the invention has been shown to generate novel compounds
having useful polypharmacology. Furthermore, the method of the invention can be used to propose one or more new,
optimised molecules or chemical structures having desired activities from a starting point of either a single molecule or
a group of molecules. One important application of the invention is in selectively optimising a side activity (or a weak or
off-target activity) of a known drug into a new primary activity (e.g. selective optimisation of side activities, see Wermuth’
s SOSA).
[0053] Another significant advantage of the method of the invention is that it can encompass the entire drug / molecular
design cycle, including: virtual compound generation; assessment of drug-like (ADMET) properties (from one of more
methods of prediction); and assessment of predicted biological activities (single or multiple predictions), using one or
more methods of predicting biological activity (e.g. Bayesian activity models, virtual screening, 3D-docking, pharma-
cophore modelling). Accordingly, the method can be completely automated such that, once a set of n achievement
objectives (OA

1-n) and an initial parent population (Pparent) of at least one molecule has been defined, the method may
not require further input from a user in order to obtain predicted optimal molecules that have achieved the minimum
predefined set of parameter / properties required.
[0054] In accordance with the present invention, the first step in the design of optimised molecules having a particular
utility is to define a set of one or more (i.e. ’n’) achievement objectives. As indicated above, the set of n achievement
objectives define an ideal molecule which has exactly the set of parameters desired. The number and type of achievement
objectives is chosen on a case by case basis, according to the type of molecule required. By way of non-limiting example,
the achievement objectives may include: activity, specificity and/or selectivity; solubility, toxicity and/or bioavailability;
route of administration; polypharmacology; pharmacokinetics; synthetic accessibility; 3D or electronic shape; chemical
similarity; and structural novelty. In some embodiments the method of the invention may be extended to include one or
more of docking score and 3D shape similarity to a drug / lead molecule.
[0055] Once the achievement objectives have been defined, the next step is typically the generation (or selection) of
an initial parent population (Pparent) of molecules from which the evolutionary design process is based. Depending on
the design strategy that the user wishes to undertake, the method can operate with a variety of different libraries of
chemical structure starting points. By way of non-limiting example, possible initial populations of molecules include:

(a) a single chemical structure, such as a drug or a lead compound;
(b) a single compound which is a drug or a drug lead with a known or predicted biological activity against one or
more of the desired objectives;
(c) a series of chemical analogues;
(d) a series of chemical analogues which are drugs or drug leads with known or predicted biological activity against
one or more of the desired objectives;
(e) a library of diverse or random compounds;
(f) a chemical structure database;
(g) a library of compounds with known activities against one or more of the desired objectives; and/or
(h) a library of compounds (diverse or analogues) where each distinct population has a known or predicted biological
property against one or more of the desired objectives, but lacking known or predicted activity against the full set
of desired objectives.

[0056] The method of the invention beneficially employs a database of chemical transformations, which are applied
to parent populations (Pparent) of molecules in order to produce a new generation (PG) of transformed molecules. There
are typically a plurality of possible transformations that might be used. Suitably, all molecules of the parent population
are transformed so as to generate a large library size of new molecules in the new or next generation. More suitably,
all transformation are applied to each molecule of the parent population. By way of example, Figure 1 depicts the
combinatorial explosion of molecules that is achieved by generation of virtual compounds by successive rounds of
chemical transformations. However, it will be appreciated that some transformations will not be possible on some mol-
ecules (e.g. required functional groups, moieties, or bonds may not be present), so that the number of molecules in the
new generation generally does not equal the number of molecules in the parent population multiplied by the number of
transformations. The database of transformations may also beneficially include a null-transformation so that all molecules
of the parent population are also present in the new generation of molecules.
[0057] Any suitable database of chemical transformations may be used in accordance with the invention. For example,
the chemical transformation database may comprise a manually curated database of chemical transformations, a da-
tabase of chemical reactions or a library of genetic algorithm operators such as chemical structure mutations and
crossovers. The Database can be represented in standard chemical Reaction Formats such as MDL RXN or Daylight
SMIRKS.
[0058] For example, a genetic algorithm may be used to transform the molecules. A genetic algorithm may replace
one atom type with another, one functional group with another, or one type of bond with another. Equally, the genetic
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algorithm may add or remove atoms, groups or bonds, so as to generate an enormous number of alternative molecules,
rapidly, for screening. However, the genetic algorithm is generally not based on real-life experience in the art and,
therefore, it may be that a significant proportion of the molecules in the mew generation are not practical molecules, for
instance, it may be impossible to synthesis the molecules (or at least it may be extremely difficult to do so). A disadvantage
of such a database is that unless the populations of molecules are additionally screened from a synthetic point of view
in each generation, it may be that a large proportion of the processing power of the system is wasted on those impossible
or impractical molecules. It may also be that the eventually selected optimised molecules cannot be synthesised.
[0059] An improvement is to use (optionally in combination with a genetic algorithm), a database of real chemical
transformations, i.e. transformations that can be achieved in the laboratory. Such a database may be generated from
the knowledge and real-life experiences of medicinal and organic chemists; thus providing a resource of known chemical
transformations. Another and complementary method of producing a useful database is to systematically mine the
literature in the field of chemical / organic synthesis. By compiling information on chemical transformations that have
been reported in publications (throughout the world), the database can be more extensive than it might be were it solely
based on the recollection of scientists. Transformations based on real-life experiences are also beneficial because they
can involve global changes that encompass groups of atoms rather than simply individual atoms and bonds. Hence,
these transformations often require two, three or more reaction steps - as opposed to the simple atom, group or bond
changes or deletions of a genetic algorithm. Although the real-life transformations may be more complex than those
from a genetic algorithm, ultimately they might be more achievable and, importantly, more chemically intuitive and
relevant.
[0060] Advantageously, the database of transformations is a proprietary database comprising transformations reported
in the literature (e.g. written publications in fields including chemical, medicinal and organic synthesis) optionally including
transformations known or identifiable by the person of skill in the art. The database may additionally include a null-
transformation and/or other useful simple transformations well known to the person skilled in the art.
[0061] In one embodiment, the database of chemical transformations is created by combining input from human
knowledge and an iterative systematic mining of the medical literature. Beginning with a seed set of common chemical
transformation derived from human medicinal chemistry knowledge, transformations are then encoded in RXN format.
Consistent sets of structure-activity-relationships (SAR) for a compound analogue series against a common target are
identified. Such common sets may be best represented by a set of compounds from an individual publication (e.g. journal
article or patent) as they might be the results of a coherent SAR project. To identify transformations missing from the
database, it is attempted to generate computational examples of each represented analogue series in the publication
by systematically applying the transformations of the existing database to each of the structures in the publication. If the
existing database fails to generate any particular compound, from the selected staring compound(s), then the transfor-
mation required to generate that compound is highlighted a potentially missing from the database. The systematic
application of this iterative method enables the identification of the majority of chemical transformations that have been
undertaken by medicinal chemists (and reported in the literature).
[0062] Any number of transformations can be included in the database, and the more unique transformations the
greater the possibilities for generating novel structures for assessment. The database should be large enough to allow
a sufficient number of transformed molecules to be generated (and then assessed), in order that one or more predicted
optimised molecule may be identified. For example, the database may include at least 100 real-life transformations, at
least 200, at least 300, at least 400 or at least 500 transformations. Advantageously, the database may contain up to
1000 transformations or more. In one embodiment, the chemical database generated as described above includes at
least approximately 432 unique transformations, in another embodiment the database includes approximately 665 trans-
formations.
[0063] Generally, the next step in the method is to generate a population of transformed molecules (PTransformed) by
applying the transformations to the parent population of molecules. In some embodiments, all of the molecules from the
preceding generation (or iteration) are included in the starting population from which a new population (or generation)
of transformed molecules is generated. However, in some embodiments the preceding transformed population is filtered
or otherwise screened so that the parent population to be transformed comprises only a subset of the preceding trans-
formed population. Typically all of the available transformations in the database are applied to the parent molecules,
such that a plurality of (new) transformed molecules may be derived from each molecule in the parent population. Where
the database includes a null-transformation, the transformed population of molecules further includes each member of
the parent population.
[0064] The population of transformed molecules (PTransformed) is then evaluated to identify useful molecules. In some
embodiments, all of the molecules of the transformed population are evaluated against one or more of the defined
achievement objectives (O1-x). It can be advantageous to evaluate the transformed population of molecules against less
than the full set of achievement objectives (OA

1-n) in order to reduce the computational power required to perform the
method, and also to increase the speed of the evaluation process. This can be particularly beneficial during early rounds
/ iterations of the process, for example, because: it is unlikely that an optimised molecule will be achieved at an early
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stage in the method (enabling a more rapid sampling); or to focus / direct the method towards selecting for particular
properties in particular generations (e.g. to generate a population of molecules having one desired property, such as
high binding affinity, before optimising those molecules for the complete set of properties); or when the population of
molecules to be evaluated is particularly large. In all cases, however, in the final generation or iteration of the process,
the final population of molecules to be assessed should be evaluated against all of the n achievement objectives (OA

1-n),
to ensure that the final optimised molecules can be accurately evaluated and ranked, as required. The evaluation process
includes the calculation of predicted physical parameters relevant to each of the objectives, as discussed elsewhere
herein.
[0065] When it is desired to reduce a population size, the method of the invention may beneficially include one or more
filters (F). The filters are generally adapted to remove unwanted / undesirable molecules so as to reduce the number of
molecules in one or more generations / populations. Suitably, the filters are not random filters, but are designed to identify
and remove structures that are predicted to fail specified criteria for molecules of the invention.
[0066] Advantageously, the filters are applied so as to remove the undesirable molecules (and hence, decrease the
population size) prior to evaluation, thereby to reduce the burden on the computer processor, the time taken to perform
the evaluation, and to improve efficiency.
[0067] The filters (F) can be defined according to any appropriate criteria for selecting (or filtering) desirable (wanted)
from undesirable (unwanted) molecules. For example, one useful filter is adapted to remove duplicate molecules. Another
filter may be based on the molecular properties defined by Lipinski (Lipinski, C.A. et al. (1997), Advanced Drug Delivery
Reviews, 23, 3-25) and/or Veber (Veber, D.F. et al. (2002), J. Med. Chem., 45, 2615-2623). Yet another useful filter
may be based on the unwanted group definition (Brenk, R. etal. (2008), ChemMedChem, 3, 435-444) and/or the reactive
group definition (as encoded by the HTS component collection from Accelrys Pipeline Pilot Version 7.5). Other filters
that may be used are ’drug like’ molecular properties filters that are known in medicinal chemistry and drug design.
Absorption, distribution, metabolism and excretion (ADME) properties can be predicted by a number of commercially
available algorithms and these properties are useful for defining appropriate filters for use in the invention. In practice,
an unwanted group filter can be slower to process than filters based on, for example, HTS, Lipinski and/or GSK, and so
this filter may only be applied at the end of the method, e.g. under the ’end-if’ condition, rather than in every iteration.
In some embodiments a set of filters is applied during each iteration (or to each generation of molecules) to reduce the
population size of each generation. A suitable set of filters comprises: Lipinski’s Rule of Five, a total polar surface area
filter, and a number of rotatable bonds filter. Typically, the duplicate molecule filter is applied in each generation / iteration
of the process. Optionally the unwanted groups filter may also be applied.
[0068] Typically, the next step is to carry out an evaluation or assessment of each of the molecules or individuals (I)
remaining in the population to be evaluated. The evaluation or assessment of molecules may be based on one or more
selected objective (O1-x), which in some embodiments may be the full set of n achievement objectives (OA

1-n). As already
noted, however, in some embodiments x may be less than n, such that only a select number of the achievement objectives
are used for the evaluation in any particular iteration or cycle of the method.
[0069] A powerful feature of the invention is the employment of a strategy function (S) to guide the selection and
evolution of molecules. By simply changing the strategy function, the invention can be applied to a diverse range of drug
discovery / design applications in order to optimise molecules against diverse sets of objectives to have varied properties
and applications. Apart from guiding the evolution of molecules, like the filters (F), the strategy function (S) can also be
implemented to reduce the number of molecules in a population.
[0070] Initially, at least one target activity (e.g. 1, 2, 3 or more) for the strategy function is selected. The target activity
is used as an intermediate means of evaluating molecules of the invention and as a means for weighting or guiding the
selection of optimised molecules. Therefore, the selected target activity may usefully be based on or related to one or
more of the achievement objectives. For example, the target activity may be an activity that indicates compliance with
an achievement objection, such as binding affinity for a target molecule; or it may be an activity that indicates non-
compliance with an achievement objective, such as binding affinity or selectivity for a non-target molecule. The predicted
’target activity’ (Prediction 1) of each molecule in the evaluated population for the first target activity is calculated, along
with the mean predicted target activity ([Prediction 1]Mean) over the population of evaluated molecules and the standard
deviation of the predicted target activity ([Prediction 1]StdDev.
[0071] In order to find optimised molecules having good activity for a first target activity, the compounds generated in
one or more iterations can be filtered using the strategy function (S) based on predicted first target activity (Prediction
1). The strategy function may be used to partition the molecules in the evaluated population between a first population
(Pelite) of those that have an suitably high predicted first target activity and therefore satisfy the strategy function, and a
second population (Pnon-elite) of those that have a relatively low predicted first activity and therefore fail the strategy
function. In one embodiment, the strategy function is: 
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[0072] Thus, a molecule satisfies the strategy function if its predicted first target activity of higher than the mean
predicted first target activity plus the standard deviation of the predicted first target activity; otherwise a molecule fails
the strategy function.
[0073] One or more predicted target activities (Prediction 1 to n) may be used in one or more strategy functions in
order to direct the evolution and selection of useful molecules. Where two predicted target activities are defined, the
strategy function may take the form: 

and 

[0074] By way of example, to optimise a molecule into a useful pharmaceutical drug against a defined target molecule,
the first target activity may be predicted binding activity against the target molecule (Prediction 1); and the second target
activity may be predicted ADME score (Prediction 2). The above strategy function can then be used to optimise each
generation of molecules towards an increase in both first and second target activities.
[0075] In another embodiment, to identify an optimised molecule where the objective is to increase the activity against
a first target molecule (i.e. Prediction 1) but to improve selectivity over a second target molecule (i.e. Prediction 2), the
following strategy function may be employed: 

[0076] The evaluated molecules are then ranked in descending order according to selectivity and the first N molecules
identified as satisfying the strategy function.
[0077] In another embodiment it may be desirable to evolve a molecule having optimised polypharmacology against
two or more (N) defined target molecules. The predicted target activities are then Prediction 1 to Prediction N, and a
suitable strategy function may be: 

...and... 

[0078] Molecules can be further selected and ranked according to their polypharmacology using the function: 

[0079] Molecules may then be ranked in descending order of polypharmacology score and the first N molecules
selected as satisfying the strategy function.
[0080] The above are non-limiting examples of possible strategy functions (S) for use in accordance with the methods
of the invention. The person of skill in the art can readily devise alternative strategy functions (S) according to system
requirements. In an alternative aspect of the invention, an achievement objective need not be predefined by the user,
but may instead be defined by the system, for example, at the end of a predefined number of iterations, or after a
predefined period of time (as previously described). In this aspect, the system may itself determine an achievement
objective having regard to the predicted properties of randomly evolved molecules. For instance, the objective may be
determined following an analysis of the predicted activities of the final population of molecules across a wide profile of
activity models, thereby selecting an objective for which predicted useful molecules have randomly evolved. In practice,
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the method may involve analysing an initial population of one or more molecule against the available models of parameter
prediction (e.g. all available Bayesian models), and then generating one or more subsequent populations of transformants
with no predefined strategy or achievement objective(s) to guide those iterations. After a predetermined number of
iterations, the resultant population of molecules may then be assessed against one or more, and conveniently all available
models for parameter prediction (e.g. Bayesian model) at the disposal of the system. In this regard, the methods of the
invention can assess Bayesian models for at least 1000 targets. Furthermore, the method of the invention may then
select the Achievement Objective’ for which there is demonstrated the greatest improvement between the initial population
and nth generation. Alternatively, the objective may be defined according to the most interesting parameter profile
determined, e.g. as judged by reference to a predefined list of medically / therapeutically important molecular target
profiles. Thereafter, the method of this aspect of the invention may finish, or alternatively that profile may be selected
as the Achievement Objective and the Strategy function for the calculation and selection of one or more further iterations.
[0081] As indicated above, the strategy function may be used to select a particular advantageous sub-group of the
existing molecules to take through to the next iteration. For example, it may be used to identify the molecules in a
population that meet one or more specified and predefined predicted target activities. As a consequence, the strategy
function may also be used to reduce the number of molecules taken through to the next iteration, by removing the
molecules having the least potential for satisfying the achievement objectives. Having evaluated the molecules of the
invention and applied a strategy function, the sub-population (Pelite) of molecules that satisfies the function and the sub-
population (Pnon-elite) that fails the strategy function are identified. The molecules taken through to the next round or
iteration of the method (Pselect) can then be selected in any suitable manner. In one embodiment, only the members of
Pelite are selected for the next round of the evolution process. In another embodiment, a sample of molecules (i.e. a
further sub-population) of the population Pnon-elite are also selected for the next iteration and combined with the population
Pelite. Advantageously, the sub-population of molecules from the population Pnon-elite is selected at random (Prandom).
Accordingly, in a preferred embodiment the population of molecules taken into the next iteration of transformation and
evaluation (Pselect) is Pelite + Prandom. By applying a strategy function, the approach has the advantage of identifying and
focussing the evolutionary strategy on those molecules having the greatest potential for reaching the achievement
objectives. Furthermore, including a sub-population of molecules that fail the strategy function (particularly a random
population), serves to increase the variability in the genetic pool of molecules retained in the evolution process, and has
thus been found to enhance the potential for generating new molecules having optimised parameters for the relevant
achievement objectives. In this regard, simply because a particular molecule does not satisfy a strategy function does
not mean that a corresponding transformed molecule will not satisfy the strategy function and ultimately lead to an
optimised combination of physical parameters.
[0082] Having selected the population of molecules for further assessment (Pselect), the relevant parameters for each
member (or individual, I1-In) in the population (Pselect = PG+1) are calculated or predicted for each of the selected Objectives
(O1-x). Each member of the population can then be evaluated against the objectives (O1-x) - or more suitably against all
n of the Achievement Objectives (OA

1-n) - to determine whether or not the current population of molecules (PG+1) fulfils
the predetermined requirements of the selected objectives or the Acheivement Objectives. Once a population (PG+1) of
molecules is found to include either: an optimised molecule; a predetermined number of optimised molecules; or a
predetermined proportion of optimised molecules, the ’Stop condition’ is met and a final evaluation and ranking phase
is initiated. Thus, the Stop condition can be defined to suit the requirements of the system for identifying a single optimised
molecule or a group of molecules. However, if the Stop condition is not met, then the population of molecules (PG+1) is
taken through a further iteration of transformation and evaluation.
[0083] To evaluate molecules, the invention uses one or more methods for predicting biological activity of a chemical
structure / molecule, for example: one-dimensional (1D) Bayesian SEA, two-dimensional (2D) similarity, and/or three-
dimensional (3D) docking. The method may in addition or alternatively evaluate molecules according to one or more
methods for predicting drug-like and ADMET properties. Any suitable predictive activity and/or ADME models may be
used in accordance with the invention.
[0084] By way of example, the method may use any algorithm known in the art to calculate, score or predict a defined
biological, chemical or pharmacological activity for a specified target, assay or protein structure. Methods such as
Bayesian activity modelling (e.g. Nidhi et al., (2006), Prediction of biological targets for compounds using multiple-
category Bayesian models trained on chemogenomics databases, J. Chem. Info. Modeling, 46, 1124-1133; and Paolini
et al., (2006), Global mapping of Pharmacological Space, Nature Biotech. 24(7), 805-815); or other chemical ligand
similarity methods, such as the Similarity Ensemble Approach (SEA) (Kaiser et al., (2007), Relating protein pharmacology
by ligand chemistry, 25(2), 197-206); or 3D docking methods (e.g. FlexX, GOLD, DOCK, AutoDOCK, and GLIDE) may
be used. In a beneficial embodiment of the invention, Bayesian activity modelling (implemented in Pipeline Pilot version
7.5, as described by Nidhi et al., and Paolini et al.) is employed to predict the molecular target activity or specificity and/or
biological assay activities of molecules.
[0085] Similarly, the system can use any available algorithm to calculate, score and/or predict a potential ADME score
and/or ’drug-like’ properties. Particularly suitable examples that may be used to calculate relevant properties of the
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molecules include: Optibrium’s Stardrop; Accelrys Pipeline Pilot ADME Component collections; desirability functions;
ADMET Rules of Thumb (Gleeson (2008), J. Med. Chem., 51(4), 817-834); and/or toxicity rules (Pfizer, (2008) Bioorg.
Med. Chem. Letters, 18, 4872-4875). However, the invention is not limited to these specific programs; other programs
that calculate properties such as an ADME score or a predicted biological activity (SEA) can also be used in accordance
with the invention. In a particularly suitable embodiment of the present invention the ADME scoring function used is
Optibrium’s Stardrop.
[0086] Optionally, additional information may also be included to help in analysing structures and obtaining useful
predictions of relevant chemical properties. For example, structure-activity relationship information relating chemical
structures to actual biological activity derived from published literature, experimental screening data or virtual screening
information may be employed. Chemical Knowledge obtained in this way may then be encoded as rules or probablistic
filers, such as Lipinski’s Rule of Five, Gleeson’s ADMET Rules of Thumb, Pfizer’s toxicity probabilities, Leeson’s li-
pophilicity, Hopkins’s ligand efficiency, Shoichet’s aggregation, and Pipeline Pilot ADMET guidelines. Alternatively,
specific rules derived for a particular project, such as the need for CNS penetration, the specific requirement for a ’pro-
drug’ structure moiety etc. can be encoded.
[0087] Having evaluated the molecules of the invention using predictive algorithms (as above) against the predefined
target objectives or the full set of achievement objectives, it is beneficial to measure the predicted performance of each
molecule against the objectives and/or to be able to rank each molecule relative to the others in the evaluated population.
[0088] One way of evaluating a population of molecules against a target objective is to use Pareto frontier ranking. A
Pareto algorithm may be used to identify non-dominated points in a population. Following identification of the first Pareto
frontier, the subsequent frontiers (e.g. second, third and fourth) may be identified and the individuals in the population
can be scored accordingly (Figure 2A). A convenient system for assigning Pareto ranking is implemented in Accelrys
Pipeline Pilot.
[0089] While Pareto ranking may be used to identify non-dominated members in a population, it cannot prioritise
solutions on the same frontier, or prioritise the entire population relative to a defined set of objectives. Accordingly, Pareto
ranking prioritises molecules (by frontier) according to a selected individual parameter, thereby identifying possible
groups of molecules; but it does not take into consideration other parameters and factors that can influence the overall
performance of a molecule. Since, Pareto ranking does not provide any comparison of molecules within and between
frontiers or take account of other parameters of the molecules, the frontier ranking itself does not generally reflect the
actual proximity of each molecule to the defined achievement point. Hence, systems such as those based solely on
Pareto frontier ranking, are biased towards selecting molecules that have one advantageous property at the expense
of other important properties (e.g. ADMET score), and this means that far greater post-design evaluation (e.g. expensive,
labour and time consuming laboratory assessment work) is required to identify useful molecules that have the desired
characteristics. For these reasons, such methods and systems cannot truly identify optimised molecules.
[0090] In contrast, a goal-type criterion can readily be employed when a linear distance from a given target value
(which can be changed between the interactions) is to be minimised. Thus, a particular advantage of the invention is
that it employs a vector distance (VD) evaluation of molecules to a defined achievement point, in order to prioritise
compounds against a desired objective or set of objectives. The use of vector distance evaluation of molecules to a
achievement or target point is beneficial because, amongst other things, it provides a simple linear measure of the
distance between each molecule and the achievement point, and it can equally take into consideration other relevant
parameters of the evaluated molecules. In this way, the vector distance measurement provides a clear, unambiguous
measurement that reflects the actual proximity of a molecule to the achievement objectives. Vector distance optimisation
can be used by defining an achievement scalarising function (ASF), for example, as demonstrated below.
[0091] In addition to vector distance measurement, the invention my further comprise Pareto frontier ranking (Figure
2B). In this regard, by further evaluating molecules according to Pareto frontier, the method of the invention is able to
use vector distance to prioritise and compare compounds within the same and different Pareto frontier against the one
or more achievement objectives, thereby prioritising molecules from the entire population, if desired. Accordingly, in a
preferred embodiment of the invention, molecules from each generation are evaluated by Pareto ranking and vector
distance (VD) to the various predicted and calculated parameters (such as predicted biological activity and ADMET
properties), in order to identify optimised molecules.
[0092] Furthermore, the combined use of Pareto ranking and vector distance during the evolutionary process enables
the prioritisation and selection of molecules having different Pareto rankings, which may allow for the blending of un-
predictable but ultimately beneficial properties and activities, and/or may also allow molecules from a lower Pareto
frontier to be selected ahead of less useful molecules (overall) from a higher Pareto frontier. As shown in Figure 2B, the
highest ranking molecule A (xA,yA) in the population can be readily identified by its linear proximity to the achievement
point OA. Compound C on the second Pareto frontier is closer by vector distance to the achievement point than compound
D on the first Pareto frontier, and may be prioritised ahead of compound D, to provide useful molecular properties that
might otherwise be missed. Accordingly, in some embodiments the invention prioritises molecules within the same Pareto
frontier according to vector distance from the target objective; and in other embodiments, the invention prioritises mol-
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ecules from different Pareto frontiers (e.g. from first, second and third frontiers) according to vector distance from the
target objective. In the final iteration of the method, i.e. when the stop condition has been satisfied, it may be particularly
advantageous to prioritise the highest ranking molecules (by vector distance) from more than one Pareto frontier (e.g.
from first and second, first to third, or first to fourth frontiers) to ensure that the best overall molecules are selected. By
way of example, the molecules closest to the achievement point by vector distance may be selected irrespective of their
Pareto ranking. In other cases, the selection may be deliberately biased towards the first Pareto frontier: for instance,
of the molecules selected at least the first 50% may be taken from the first Pareto frontier and the remainder selected
irrespective of frontier ranking.
[0093] Vector distance to the achievement objective (or point) may be calculated using any suitable system or algorithm,
for example, using trigonometry or vector notations. With reference to Figure 3A, in trigonometry notation, an ideal point
I (with coordinates xideal, yideal - i.e. where there are two objective coordinates), can be defined as the achievement
scalarising function. VA is the vector distance (V) from the ideal point to molecule A (with coordinates xA, yA). Then: 

[0094] Where:αA = βA - θ

ZA = √(xA
2+yA

2)
cosβA =√(xA

2+zA
2-yA

2) / 2xAzA
zideal = √(xideal

2+yideal
2)

cosθ = √(xideal
2+zideal

2-yideal
2) /2xidealzideal

[0095] In vector notation, VA is the vector distance (V) from the ideal point I (with coordinates xideal, yideal, zideal - i.e.
where there are 3 objective coordinates), to molecule A (with coordinates xA, yA, zA,), is equal to the modulus of the
vector Al.
[0096] Then: 

[0097] Where there are more than 3 objective coordinates in the achievement point the vector distance calculation
can be generalised as: 

where the ideal point has the coordinates (xI
1,...,xI

n), and molecule A the coordinates (x A1,...,xA
n). This is also how the

vector distance according to the invention is defined.
[0098] The vector distance can be calculated for any molecules of interest to the achievement point defined by the
ideal molecule (see Figure 3B). Table 1 below illustrates how the above calculations may be used to determine the
proximity of molecules (e.g. molecules A to E) to the ideal molecule (I), and thus identify one or more optimised molecules.
In this example, the ranked molecules lie on the same Pareto frontier, and molecule A is found to be the closest (most
optimal) molecule to the ideal molecule and, hence, most closely satisfies the achievement objectives.

[0099] In some embodiments of the invention, the Stop condition is satisfied after a predefined number of iterations /

Table 1: trigonometric measurements of molecules on the same Pareto frontier.
V x y α β θ ideal z zideal

A 91.42 35.36 35.36 0 45 45 50 141.421
B 111.8 0 50 45 90 45 50 141.421
C 111.8 50 0 -45 0 45 50 141.421
D 95.97 45.32 21.13 -20 25 45 50 141.421
E 95.97 21.13 45.32 20 65 45 50 141.421
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generations of population generation, transformation and evaluation (e.g. 3, 4, 5 or more iterations). In other embodiments,
however, the evaluation can be used to determine when the Stop condition is met. For example, the Stop condition can
be defined as a maximum distance of one or more molecules to the one or more achievement objectives (01-x), or to
the full set of achievement objectives (OA

1-n). In other words, the Stop condition may be satisfied once a molecule is
identified as having a vector distance of less than a predetermined number to the target. The maximum vector distance
before the Stop condition is met may be chosen according to the number and/or type of the achievement objectives or
accordingly to the strategy or application concerned. For example, the maximum vector distance may be approximately
110, 100, 95, 90, 80, 70, 60 or 50 from the ideal molecule. In still other embodiments, the Stop condition may be activated
once a predetermined number of molecules (e.g. at least approximately 3, 5, 10, 20, 50, or 100), have reached or
surpassed the predetermined maximum vector distance from the achievement objectives.
[0100] Once the Stop condition has been met, it is important to rank the molecules of the population according to each
molecule’s vector distance to the full set n of achievement objectives (OA

1-n). To rank the final population of molecules,
the predicted parameters of each individual member (I1-In) in the population is calculated for each (1-n) of the predefined
achievement objectives (OA

1-n). This then allows the vector distance and optionally the Pareto rank for each individual
in the final population to be calculated to the complete set of n achievement objectives (OA

1-n), as described above.
[0101] Optionally, before and/or after the evaluation of vector distance and/or Pareto ranking, one or more filters (F)
may be applied. The filters are conveniently used, as already explained, to remove undesirable molecules from the
population, thereby helping to focus the method on those molecules perceived to be most useful, reducing the number
of molecules to be further considered and, hence, reducing the computer processing demand of the system.
[0102] Finally, the molecules remaining in the final population may be prioritised, according to predefined criteria, to
identify or select optimised molecules. Typically, each Individual in the population is prioritised according to vector
distance to the combined set of achievement objectives (OA

1-n). Once the molecules have been prioritised or ranked
(e.g. 1st to 100th), the first n molecules may be defined as optimised molecules and selected - possibly for further analysis
(e.g. for synthesis and biological / chemical and/or pharmaceutical evaluation. 1 2, 5, 10, 20, 50, 100 or more molecules
may be defined as optimised molecules and selected for such further analysis.
[0103] In some embodiments, the method of the invention encompasses all of the above features so as to enable the
design of optimised drugs in an automated process.
[0104] The evolutionary algorithm of the invention may comprise the following steps:

1.0 Start

1.1 Define Achievement Objective (OA
1-n)

1.2 Generation G=0
1.3 Selection of Initial Population of molecules PG=0 = (I1-In)
1.4 PG=0 = PParent
1.5 Calculate parameters for each Individual (I1-In) for each of the selected Objectives (O1-x)
1.6 Calculate Vector Distance and Pareto Rank to Achievement Objectives (OA

1-n) for each Individual in the
Population

2.0 If Stop condition is not satisfied

2.1 Generate new Population (PTransformed) by applying all Transformations (T) to all members of the Population
(Pparent)
2.2 Remove all members that fail defined Filters (F)
2.3 PG = PParent + PTransformed
2.4 Remove all duplicates to produce a Population (PG) of unique members
2.5 Calculate parameters for each Individual (I) of PG for each of the selected Objectives (O1-x)
2.6 Select Individuals with calculated Objective parameters that satisfy the Strategy rule (S) into Elitist Population
(PElite)
2.7 Select members with predicted parameters that fail the Strategy rule (S) into Non-Elitist Population (PNon-Elite)
2.8 Selective N random members of PNon-Elite to form a Random Population (Prandom)
2.9 Merge PElite + Prandom to create a new population Pselect
2.10 PG+1 = Pselect
2.11 Calculate parameters for each Individual (I1-In) in PG+1 for each of the selected Objectives (O1-x)
2.12 Evaluate Vector Distance and Pareto Rank to the Objectives (O1-x) for each individual in PG+1
2.13 PParent = PG+1
2.14 Generation G = G+1
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3.0 End If

3.1 Calculate parameters for each Individual (I1-In) for each of the Achievement Objectives (OA
1-n)

3.2 Calculate Vector Distance and Pareto Rank to the Achievement Objective (OA
1-n) for each Individual in the

final population
3.3 Apply Filters (F)
3.4 Prioritise each Individual by Vector Distance to Achievement Objectives (OA

1-n)

[0105] In an alternative embodiment, in one or more iterations, the calculations and evaluations in steps 2.11 and 2.12
above are based on the full set of n Achievement Objectives (OA

1-n).
[0106] Having identified optimised molecules for potential use in the desired applications, the method may optionally
further include assessing the prioritised compounds for novelty against databases of known molecules (e.g. using a
chemical structure similarity), and/or assessing the synthetic accessibility of prioritised molecules (e.g. by passing the
resultant molecular structures through a retrosynthetic scoring system such as CEASAR). In this way, the method can
be still further directed towards the selection of useful and desirable molecules.
[0107] Thus, a general way of carrying out the invention can be illustrated with reference to Figure 4. First, the achieve-
ment objectives and optional strategy rule are defined. The initial population of molecules for evolution and evaluation
is selected. Background knowledge is used to generate a database of chemical transformations for producing virtual
transformed molecules. Background knowledge may also be used for the assessment and prediction of molecular and
activity properties. A first generation of transformed molecules is produced by applying a set of molecular transformations
to the initial population of molecules. In the next step one or more properties of each virtual molecule are predicted and
the population of molecules is then evaluated against the predefined achievement objectives. Optionally, the strategy
rule is applied to the evaluated molecules and the molecules that satisfy the strategy rule are selected for later prioritisation
along with one or more randomly selected members of the population that failed the strategy rule. A novelty and ret-
rosynthetic analysis of the selected population may be performed to analyse the structures that have been selected.
Finally in this iteration of the method, the remaining molecules are prioritised against the achievement objectives. If the
stop condition is not satisfied, the method takes the nonstop condition route and a further population of transformants
is produced.
[0108] In summary, the method of the invention beneficially comprises one or more of the following aspects:

(a) a library or database of chemical transformations (e.g. stored as chemical reactions, such as in RXN or SMIRKS
format);
(b) a method for applying chemical transformations to a chemical structure to produce a new chemical structure
(e.g. methods such as RXN and SMIRKS);
(c) one or more methods for predicting biological activity of chemical structures (e.g. 1D Bayesian SEA, 2D similarity,
3D docking);
(d) one or more method for predicting drug-like and ADMET properties (e.g. Optibrium’s Stardrop or Accelrys Pipeline
Pilot ADME Collection of algorithms);
(e) a method for closed loop iteration for the successive generation of novel compounds by applying a library of
chemical transformations to each member of the parent population of chemical structures;
(f) a strategy function definition for the selection of members of each iterative generation;
(g) a method for ranking and prioritising chemical structures against a desired set of objectives, (e.g. using a com-
bination of Pareto ranking and vector distance measurement).

[0109] These and other beneficial features provide increased flexibility and utility to the method of the invention, for
example: it can be applied to successfully operate with a single input compound (such a known drug or lead compound),
or an entire database of compounds; the input structures are not limited by molecular mass (i.e. not only small molecules
or fragments); and the strategy function enables the algorithm to be easily directed towards a wide range of drug discovery
approaches. Non-limiting examples of applications for the potential drug discovery strategies and approaches, of the
invention include:

(1) Cost reduction in getting a dug to clinical trials and/or to market: by identifying and optimising (by iterative rounds
of in silico molecular evolution and selection), small molecule drug-like compounds and thereby reducing the number
of compounds that must be synthesised in order to optimise a project from a lead to a candidate drug.
(2) Expediting the process of alternative drug identification: novel compounds with superior pharmacological profiles
to existing on-the-market pharmaceutical agents can be identified and optimised.
(3) Multi-target drug design / design of compounds with polypharmacology: by identifying and optimising (by iterative
rounds of in silico evolution and selection), small molecule drug-like compounds that may be active against more
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than one drug target.
(4) Lead identification: for a series of chemical analogues the drug-likeness and the potential of molecules for
optimisation can be explored in silico before experimental testing to improve efficiency and eliminate compounds
having a low probability of success.
(5) Selective optimisation of a side, weak or off-target activity of a known drug into a new primary activity (e.g. SOSA).

Dosage Forms, Medicaments and Pharmaceuticals (not part of the invention)

[0110] The compounds and molecules may be manufactured into medicaments or may be formulated into pharma-
ceutical compositions. When administered to a subject, an agent, including inhibitors, of the invention is suitably admin-
istered as a component of a composition that comprises a pharmaceutically acceptable vehicle. The molecules, com-
pounds and compositions of the invention may be administered by any convenient route, for example, methods of
administration include intradermal, intramuscular, intraperitoneal, intravenous, subcutaneous, intranasal, epidural, oral,
sublingual, intranasal, intravaginal, transdermal, rectally, by inhalation, or topically, to the skin. Administration can be
systemic or local. Delivery systems that are known also include, for example, encapsulation in liposomes, microparticles,
microcapsules, capsules, etc., and can be used to administer the compounds. Any other suitable delivery systems known
in the art is also envisioned. The mode of administration may be left to the discretion of the practitioner.
[0111] Acceptable pharmaceutical vehicles can be liquids, such as water and oils, including those of petroleum, animal,
vegetable or synthetic origin, such as peanut oil, soybean oil, mineral oil, sesame oil and the like. The pharmaceutical
vehicles can be saline, gum acacia, gelatin, starch paste, talc, keratin, colloidal silica, urea, and the like. In addition,
auxiliary, stabilizing, thickening, lubricating and colouring agents may be used. When administered to a subject, the
pharmaceutically acceptable vehicles are preferably sterile. Water is a suitable vehicle when the compound of the
invention is administered intravenously. Saline solutions and aqueous dextrose and glycerol solutions can also be
employed as liquid vehicles, particularly for injectable solutions. Suitable pharmaceutical vehicles also include excipients
such as starch, glucose, lactose, sucrose, gelatin, malt, rice, flour, chalk, silica gel, sodium stearate, glycerol monos-
tearate, talc, sodium chloride, dried skim milk, glycerol, propylene, glycol, water, ethanol and the like. The present
compositions, if desired, can also contain minor amounts of wetting or emulsifying agents, or buffering agents.
[0112] The medicaments and pharmaceutical compositions can take the form of solutions, suspensions, emulsion,
tablets, pills, pellets, capsules, capsules containing liquids, powders, sustained-release formulations, suppositories,
emulsions, aerosols, sprays, suspensions, or any other form suitable for use. Other examples of suitable pharmaceutical
vehicles are described in Remington’s Pharmaceutical Sciences, Alfonso R. Gennaro ed., Mack Publishing Co. Easton,
Pa., 19th ed., 1995, see for example pages 1447-1676.
[0113] Suitably, the compounds are formulated in accordance with routine procedures as a pharmaceutical composition
adapted for oral administration (more suitably for human beings). Compositions for oral delivery may be in the form of
tablets, lozenges, aqueous or oily suspensions, granules, powders, emulsions, capsules, syrups, or elixirs, for example.
Thus, the pharmaceutically acceptable vehicle may be a capsule, tablet or pill. Orally administered compositions may
contain one or more agents, for example, sweetening agents such as fructose, aspartame or saccharin; flavoring agents
such as peppermint, oil of wintergreen, or cherry; coloring agents; and preserving agents, to provide a pharmaceutically
palatable preparation. When the composition is in the form of a tablet or pill, the compositions may be coated to delay
disintegration and absorption in the gastrointestinal tract, so as to provide a sustained release of active agent over an
extended period of time. Selectively permeable membranes surrounding an osmotically active driving compound are
also suitable for orally administered compositions. In these dosage forms, fluid from the environment surrounding the
capsule is imbibed by the driving compound, which swells to displace the agent or agent composition through an aperture.
These dosage forms can provide an essentially zero order delivery profile as opposed to the spiked profiles of immediate
release formulations. A time delay material such as glycerol monostearate or glycerol stearate may also be used. Oral
compositions can include standard vehicles such as mannitol, lactose, starch, magnesium stearate, sodium saccharine,
cellulose, magnesium carbonate, etc. Such vehicles are preferably of pharmaceutical grade. Typically, compositions for
intravenous administration comprise sterile isotonic aqueous buffer. Where necessary, the compositions may also include
a solubilising agent.
[0114] Where more than one active agent for use is provided in combination, generally, the agents may be formulated
separately or in a single dosage form, depending on the prescribed most suitable administration regime for each of the
agents concerned.
[0115] The molecules of the invention, and pharmaceutical compositions, may be formulated and suitable for admin-
istration to the central nervous system (CNS) and/or for crossing the blood-brain barrier (BBB).
[0116] Selected molecules not forming part of the invention are shown in Figure 15.
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Diseases and Conditions

[0117] The molecules of the invention, and compounds, therapeutic agents and pharmaceutical compositions may be
evolved, selected and optimised to have activity against any desired target molecule. Typically, the target molecule is
a protein or peptide. The target molecule may be a wild-type or a mutated protein or peptide, such as may be associated
with a disease or condition. Beneficially, the disease or condition is in a mammal, and more suitably in a human subject.
[0118] The molecule or pharmaceutical may be suitable for single target therapy or for polypharmacology. Antagonists
of dopamine D2 and/or dopamine D4 identified in accordance with the invention may be useful in the treatment of
diseases and conditions such as schizophrenia, Parkinson disease and/or myoclonus dystonia.
[0119] The method of the invention is particularly beneficial in evolving and optimising molecules having beneficial
polypharmacology. By way of example, suitable polypharmacology (multi-target) protein combinations against which
molecules of the invention can be optimised include: (1) phosphodiesterase 5 and endothelin A receptor; phosphodi-
esterase 5 and endothelin B receptor; and phosphodiesterase 5, endothelin A receptor and endothelin B receptor. A
molecule that inhibits phosphodiesterase 5 and antagonises one or both of endothelin A receptor and endothelin B
receptor may be suitable for the treatment of pulmonary hypertension; (2) an inhibitor of IKK2 and COX2 may be useful
in treating cancer; (3) and inhibitor of p38 alpha MAP kinase and COX2 may be useful in the reduction and treatment
of pain; (4) a combination of a 5HT1A receptor agonist and a dopamine D2 receptor antagonist may be useful as an
antipsychotic drug; (5) 5HT1A receptor and NERT; 5HT1A receptor and SERT; 5HT1A receptor and NERT and SERT;
5HT1A receptor and Dopamine D3 receptor; 5HT1A receptor and Dopamine D4 receptor; and 5HT1A receptor and
alpha 2A receptor. An antagonist of the 5HT1A receptor and/or the Dopamine D3 receptor and/or the Dopamine D4
receptor and/ the alpha 2A receptor optionally in combination with an inhibitor of NERT and/or SERT may be useful as
an antidepressive medicament; (6) Dopamine D3 receptor and Dopamine D4 receptor; acetylcholinesterase and
Dopamine D3 receptor; and acetylcholinesterase and Dopamine D4 receptor. An antagonist of the Dopamine D3 receptor
and/or the dopamine D4 receptor optionally in combination with an inhibitor of acetylcholinesterase may be useful in
cognition enhancement.
[0120] Alternatively, the method of the invention may be used to optimise molecules to have the required activity
against one or more of the above target molecules. In this case, the disclosure envisages suitable combinations of the
molecules of the invention to treat any of the above diseases or conditions. Further, the use of a molecule of the invention
or pharmaceutical of the disclosure in the simultaneous, separate or sequential treatment of one of the above diseases
or conditions is also envisaged.
[0121] The invention will now be described by way of the following non-limiting examples.

EXAMPLES

[0122] Unless otherwise defined, all technical and scientific terms used herein have the same meaning as commonly
understood by one of ordinary skill in the art to which this invention belongs. Where common molecular biology techniques
are described it is expected that a person of skill in the art would have knowledge of such techniques, for example from
standard texts such as Sambrook J. et al., (2001) Molecular Cloning: a Laboratory Manual, Cold Spring Harbor Press,
Cold Spring Harbor, NY.
[0123] Unless otherwise specified, the practice of the present invention will employs conventional techniques in med-
icine, pharmacology and biochemistry, which are within the capabilities of a person of ordinary skill in the art.

Example 1

Optimisation of Tadalafil from Lead Compound

[0124] This example demonstrates the optimisation and selection of a new drug from a lead compound: specifically,
the design, selection and optimisation of the approved drug tadalafil from its lead compound.
[0125] Tadalafil, chemical name (6R,12aR)-6-(1,3-Benzodioxol-5-yl)-2-methyl-2,3,6,7,12,12a-hexa hydropyrazi-
no[1’,2’:1,6]pyrido[3,4-b]indole-1,4-dione, is a phosphodiesterase 5 (PDE-5) inhibitor, which is approved for the treatment
of erectile dysfunction. The optimisation of tadalafil from its hydantoin lead compound, 2-Butyl-5-(4-methoxyphenyl)-
5,6,11,11a-tetrahydro-1H-imidazo [1’,5’:1,6]pyrido[3,4-b]indole-1,3(2H)-dione, is described Daugan A. et al. (2003), J.
Med. Chem., 46(21), pp 4533-4542 (Compound 2a). Daugan A. et al. report that a medicinal chemistry strategy identified
the optimum compound, tadalafil through the synthesis of at least 48 compounds in a series of structure activity exercises
from the lead compound.
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[0126] To demonstrate the utility of the invention in lead optimisation, the method of the invention was applied to the
optimisation of the hydantoin lead compound, compound 2a.

Chemical Transformation Library

[0127] The chemical transformation database was encoded in a library 432 unique reactions. The lead optimisation
strategy was carried out over 3 iterations (generations), starting from a single molecule, compound 2a. Over the 3
generations, beginning with a single molecule, 388,974 unique compounds were designed. The uniqueness of the
compounds was assessed by comparison of the canonical tautomer SMILES (calculated using Accelrys Pipeline Pilot
version 7.5).

Objective Scoring Method for PDE-5

[0128] In order to prevent biasing the system with knowledge that was not available to the authors of Daugan et al. in
2003, only published phosphodiesterase-5 structure-activity data up to 1999 (e.g. information available from J. Med.
Chem. and Bioorg. Med. Chem. Letts articles - as available in the Starlite and WoMBAT databases) was used to construct
the Bayesian models that were employed as objective scoring functions in analysis. Furthermore, the information used
for the Bayesian models explicitly excluding the lead optimisation data reported in Daugan et al. itself. In this way, the
information and power of the system was limited to same background knowledge on PDE-5 inhibitors as Daugan etal.,
when the original lead optimisation project was conducted.
[0129] Biological activity for the designed compounds was predicted using a Laplacian Naive Bayesian model, built
following the methods described by Nidhi etal. (2006, Prediction of biological targets for compounds using multiple-
category Bayesian models trained on chemogenomics databases, J. Chem. Info. Modeling, 46, 1124-1133). Two models
were built using Starlite and Wombat data: Starlite data contains 1010 PDE5A inhibitors (293,465 inactive) with an
activity (inhibition constant) of less than 10 mM (Ki or IC50); and Wombat contains 832 PDE5 inhibitors compounds
(372,045 inactive). The models were built using ECFP 6 as descriptors and using the Learn Molecular Categories
component from Accelrys Pipeline Pilot. The AUC value for the Bayesian Model was 0.90190. The statistics for the
quality of the model at different cut offs are shown in Table 2. The repartition of the known actives and inactives used
to build the model, showing the distribution of score, is displayed in Figure 5.
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Objective Scoring Method for ADME properties

[0130] Predicted ADME properties for the generated virtual compounds were scored using the StarDrop ADMET
properties calculation and scoremax was defined as the maximum score (out of the four prediction profiles). The full
description of the properties can be found in the supplementary information.
[0131] In addition to predicting ADME properties, StarDrop was also used to generate scoring functions to define a
profile for the compounds (e.g. intravenous / oral CNS / non-CNS compound). Details of the model methods and results
can be found in Obrezanova et al., (2008, Automatic QSAR modelling of ADME properties: Blood-brain barrier penetration
and aqueous solubility, J. Computer-Aided Mol. Design 22, pp 431-440); and Obrezanova, et al., (2007, Gaussian
processes: A method for automatic QSAR modelling of ADME properties, J. Chem. Info. Modelling 47, pp 1847-1857).
[0132] To compare the score of the virtual compounds the scoring functions were applied to a set of drugs extracted
from Drugstore. A full report with scoring properties and repartition can be found in the supplementary information.

Iterative Evolution of Compound Generations

[0133] The 432 transformations were applied systematic to the single lead compound to produce a first generation of
120 unique compounds which fulfilled the normal valency criteria and produced only one product from each transfor-
mation. The library of transformations (transformation database) was then systematically applied to each member of the
subsequent populations until the Stop Condition was satisfied. In total, the system was run for 3 iterations and the results
analysed. The number of unique compounds produced in each iteration is shown in Table 3. Thus, in total 388974
compounds were generated.

[0134] The final population of compounds was filtered following their molecular properties as defined by: (i) the HTS
filter (for active groups), as encoded by the HTS component collection (Accelrys Pipeline Pilot Version 7.5); (ii) Rule of
Five filter described by Lipinski et al. (1997, Experimental and computational approaches to estimate solubility and
permeability in drug discovery and development settings, Advanced Drug Delivery Reviews, 23, 3-25); (iii) GSK rules
described by Veber et al. (2002, Molecular Properties that Influence the Oral Bioavailability of Drug Candidates, J. Med.
Chem., 45, pp 2615-2623); and (iv) the unwanted group definition of Brenk et al. (2008, Lessons learnt from assembling
screening libraries for drug discovery for neglected diseases, ChemMedChem 3, pp 435-444). The filters used are ’drug
like’ molecular properties filters that are used commonly in medicinal chemistry and drug design and do not rely on
predictive models. Alternatively, ADME (absorption, distribution, metabolism and excretion) properties can be predicted
by any number of commercially available algorithms and can be used as an alterative filtering method.
[0135] By applying the set of filters sequentially, as shown in Figure 6, the final generation of molecules was reduced
from an initial population of 388974 members to a filtered population of 29923 members (representing 7.7% of the total
data set). The HTS, Rule of Five and GSK rule filters are fast to process compared to the unwanted group definition
and, therefore, the unwanted group filter was applied as the last filter to the already reduced final population size.
[0136] For comparison, in an alternative Example the same achievement objectives were used in a parallel algorithm
which employed a transformation database comprising approximately 700 unique transformations. In view of the signif-
icant increase in population size between successive iterations and in comparison to the above-described algorithm,
filters were applied during each iteration so as to reduce the population size of each generation of molecules. In this
alternative example, the filters of Lipinski’s Rule of Five, Unwanted Groups, Total Polar Surface Area and Number of
Rotatable Bonds were applied to each of the first, second and third generations of molecules, so that the number of
molecules for evaluation in each generation was reduced to a desired readily manageable amount as shown in Table 4.

Table 3: Number of Unique Compounds Generated in each iteration

Generation / Iteration Number of Compounds per generation

0 1

1 120

2 7914

3 380940
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Objective Scoring of Results

[0137] After all filters had been applied to the final population, the ADMET score distribution for the remaining population
of 29,923 virtual compounds was calculated. Figure 7A displays the results of the test for compliance to Lipinkis’s Rules
(where full compliance = 1), and Figure 7B demonstrates the results for the four scoring functions: (i) oral non-CNS
profile; (ii) oral CNS profile; (iii) intravenous non-CNS profile; and (iv) intravenous CNS profile.
[0138] A ’consensus score’ selected as the highest individual score against any ADME profile was used to represent
the drug-like nature of the compounds.
[0139] As a comparison, the predicted ADME scores for tadalafil and its hydantoin lead molecule (Daugan A. et al.)
are shown in Table 5, in which the standard deviation is indicated in brackets.

[0140] The full ADME analysis of the intravenous non-CNS scoring profile (highest ADME score) for the lead compound
and tadalafil is shown in Figure 8.
[0141] Interestingly, a comparison of the ADME scoring functions and Bayesian activity models for the population of
molecules did not show a linear correlation between the two objectives.

Automatic Design of Tadalafil

[0142] The results of the automated molecular evolution strategy reveal tadalafil as one of the 388974 compounds
generated by the method described. Moreover, tadalafil was also present in the final filtered population of 29923 virtual
compounds. The reaction scheme below (Scheme I) illustrates one way in which a series of three reaction / transformation
steps present in the transformation database of the invention, are able to transform the original hydantoin lead compound
to the known drug tadalafil.
[0143] Tadalafil may also be generated in this Example by performing the same reactions / molecular transformations
as those shown in reaction Scheme I, but in a different order, as illustrated by the tadalafil evolution tree in Figure 9.
The evolution tree illustrates the lead compound (top centre) and the sequential transformations that result in the gen-
eration of tadalafil (bottom left). Duplicate molecules were removed by the duplicate molecule filter at each iteration, as
indicated by "X" in the evolution tree, such that only one path actually generates tadalafil.

Lead Compound

[0144]

Table 4: Number of unique compounds generated in each iteration with filters applied to intermediate (i.e. first and 
second) generations

Generation / Iteration Number of Compounds per generation

0 1

1 11

2 1284

3 100408

Table 5: Predicted ADME scores for tadalafil and its reported lead compound

Molecule Oral non CNS Oral CNS Intravenous non CNS Intravenous CNS Lipinski Score

Lead 0.052 (0.057) 0.018 (0.025) 0.094 (0.075) 0.032 (0.034) 0.944 (0.158)

Tadalafil 0.311 (0.177) 0.088 (0.070) 0.425 (0.183) 0.120 (0.082) 1.000 (0.001)
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Prioritisation of Optimisation Results

[0145] For each compound two scores were assigned: (1) a score for predicted biological activity (using the Bayesian
Model with published PDE5 data up to 1999 as described above); and (2) a prediction of ADME properties - the maximum
score against any one of four ADME models as calculated by the commercial ADME prediction package (StarDrop,
Optibrium Ltd, Cambridge UK).
[0146] For each compound two ranking scores were calculated: a Pareto rank and a Vector Distance to a defined
Achievement Objective. In this Example, the Achievement Objective was defined as a Bayesian PDE5 Score of 100
and a normalised (ADME ScoreMax x 100) ADME score of 50.
[0147] Interestingly, with respect to overall predicted biological activity in the population of virtual molecules, tadalafil
was not the predicted highest ranking active compound in the Bayesian model, and neither was it the highest ranking
most drug-like compound according to the ADME scoring function.
[0148] Pareto ranking of the final filtered population of 29923 compounds identified 44 non-dominated compounds in
the first Pareto frontier. Tadalafil was on the first Pareto front, and therefore, in the top 44 compounds of the population
according to Pareto ranking.
[0149] The vector distance of each virtual compound in the population to the defined Achievement Objective (i.e.
Bayesian PDE5 Score =100, Normalised Maximum ADME Score = 50) was also determined. These data demonstrated
that tadalafil (with predicted scores: Bayesian PDE5 score = 80, Normalised Maximum ADME Score = 42.47), had a
vector distance to the Achievement Object of 51, which was the shortest distance in the entire final population of virtual
compounds. Accordingly, measurement of vector distance alone identified the approved PDE-5 drug, tadalafil as the
predicted first ranked molecule in the final population generated and selected by the molecular evolution process. The
position of tadalafil in the population of virtual molecules, as assessed by Bayesian PDE5 score and ADME score is
indicated by an arrow in Figure 10. Therefore, according to the prioritisation scheme of the invention, tadalafil was ranked
first in the entire virtual library of 38894 structures.

Model Building Methods:

Databases

[0150] StARlite database (version 31) was used for this study. StARlite is a database of bioactive molecules containing
around 440,000 compounds with around 2,000,000 endpoints published in medicinal literature over the last 30 years.
The data was processed for this Example by keeping only compounds with an activity which standard unit is nM and is
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inside the group of (IC50/Ki/Kd/EC50) with a protein target. Some custom filter were then applied (like activity > 0).
[0151] Compounds were also standardized, and a unique tautomer form was kept, using the Pipeline Pilot components.
[0152] The drug targets: phosphodiesterase 5 (PDE5), and Phosphodiesterase 5a (PDE5a), were considered as a
single unique target, PDE5. Only compounds where a recorded activity more potent that 10 mM affinity or inhibitory value
(as defined by either IC50 or Ki or EC50 or Kb or Kd) against a PDE5 protein were included. If a compound had no
PDE5 activity the target is assigned to ’none’.
[0153] The StARlite database also contains information on the publications in which the compounds are described,
so it is possible to separate compounds according to the year of publication. In our study, tadalafil was released as a
drug in 1999, however the article was published in two parts in 2003, hit to lead (Daugan et al., 2003, J. Med. Chem.,
46(21), pp 4533-4542), and lead to drug (Daugan et al., 2003, J. Med. Chem., 46(21), pp 4525-4532).
[0154] Therefore, the data was split into two for generation of models: "training set" - compounds made before 1999
and including the hit to lead paper; and "test set" - containing every compound including those published after 1999, but
excluding the information in the lead to drug paper. The first data set contained 75,961 molecules, and the second data
set contained 138,091 molecules.

Descriptors

[0155] The descriptors used are structural information with the Extended Connectivity Fingerprint (ECFP; Rogers &
Hahn (2010), J. Chemical Information and Modeling, 50, pp 742-54). These types of descriptors have been used in other
studies with good results (Glick et al., 2006, Enrichment of high-throughput screening data with increasing levels of noise
using support vector machines, recursive partitioning, and laplacian-modified naive bayesian classifiers, J. Chemical
Information and Modelling, 46, pp 193-200; Hert et al., 2004, Comparison of topological descriptors for similarity-based
virtual screening using multiple bioactive reference structures, Org. Biomol. Chem., 2, pp 3256-3266; Klon et al., 2004,
Finding More Needles in the Haystack: A Simple and Efficient Method for Improving High-Throughput Docking Results.
J. Med. Chem., 47, pp 2743). A neighbourhood of size 6 was selected to match the parameters used in the study of
Nidhi et al. (2006, Prediction of biological targets for compounds using multiple-category Bayesian models trained on
chemogenomics databases, J. Chemical Information and Modeling, 46, pp 1124-1133).

Bayesian Model

[0156] The Bayesian models were built according to the methods describe by Nidhi et al. (2006). A review of the
application of Bayesian activity predictions in drug discovery can be found in Bender (2011) - to be published (Bender,
2011, Bayesian methods in virtual screening and chemical biology, Methods in Molecular Biology, Clifton, N.J., 672, pp
175-196.
[0157] The models were built using standard methods in the Accelrys’s Pipeline Pilot software (Xia et al., 2004,
Classification of Kinase Inhibitors Using a Bayesian Model, J. Med. Chem., 47, pp 4463-4470), which automatically
creates a Laplacian-modified Bayesian model for PDE5. It is a two-category model; good molecules are considered to
be the active PDE5 compounds, the other compounds are considered the bad molecules. A compound is considered
"active" if the activity (e.g. binding affinity / inhibition constant) is below 10 mM.
[0158] Once the model has been built it can be used to calculate a score for PDE5, and a high score provides more
confidence of binding.

Validation

[0159] For validation, the data was split into two: compounds were clustered and split using the cluster ID to which
they belong, with even numbers in the validation training set and odd numbers in the test set. The distribution of unique
compounds, active and inactive for each set is in Table 6.

[0160] Test and training set statistics were assessed using a score cut-off maximising the Sum Score parameter as

Table 6: Distribution of unique compounds for each data set

Set Active Inactive

Validation Training 477 75,484

Validation Test 885 137,206

Whole Set 1362 212,690
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described in Prathipati et al., (2008), Global Bayesian Models for the Prioritization of Antitubercular Agents. J Chemical
Information and Modeling, 48, pp 2362-2370; and a score cut-off maximising the MCC parameter as described in Cannon
et al., (2008), A Novel Hybrid Ultrafast Shape Descriptor Method for use in Virtual Screening, Chem. Central J. 2, pp 3.
[0161] The following parameters were measured:

TN = true negative, TP = true positive, FP = false positive, FN = false negative
N = total number of compounds 

[0162] ROC score = area under ROC curve independent of score cut-off (Triballeau, et al., (2005), Virtual screening
workflow development guided by the "receiver operating characteristic" curve approach. Application to high-throughput
docking on metabotropic glutamate receptor subtype 4. J. Med. Chem., 48, pp 2534-2547.

Calculation

[0163] Virtual molecules can be processed by assigning each compound a score for PDE5, and then ranking the
population of compounds from best (highest score) to worst (lowest score).

Example 2

Selective Optimisation of a Side Activity of a Known Drug into the Primary activity of a New Compound

[0164] The most successful strategy to date for drug discovery has been the modification of one drug to create a new
drug. The molecular exploration of existing compounds by structural modification to create new compounds with new
activities has been proposed as a strategy, for example, by Wermurth (2004, J. Med. Chem., 47(6), 1303-1314; and
Wermuth, (2006), Drug Discovery Today, 11 (3/4), 160-164). This strategy, i.e. where the secondary weak activity of a
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drug for a target is optimised to create a new compound with improved activity against that side target, has been termed
"Selective Optimisation of Side Activities" (SOSA). Typically the original primary activity is reduced as a result of the
optimisation process.
[0165] In this Example compounds with new biological activity profiles are designed from an existing known drug,
donepezil, an acetylcholinesterase inhibitor approved for the treatment of Alzheimer’s disease. This Example describes
how, in two parallel methods of the invention, donepezil was evolved into optimised ligands for dopamine D2 and
dopamine D4, respectively. Two evolutionary strategies were run independently against the desired target profiles (i.e.
either dopamine D2 or dopamine D4 molecular targets) using donepezil as the initial starting point for both campaigns.
At the time this Example was carried out no public information was available on the binding affinity of donepezil for either
dopamine D2 or dopamine D4 receptors.

Objective Activity Scoring Method

[0166] Structure-activity data used to create the Bayesian activity models (see Figure 11) was extracted from the EBI
Starlite database (2008) and from reports in the journals: J. Med. Chem. (1980-2008) and Bioorg. Med. Chem. Letts
(1990-2008). As shown in Figure 11, three activity models were created, for dopamine D2 (A), dopamine D4 (B) - the
two new target molecules, and acetylcholinesterase (C), the initial target molecule. The activity score against Model 1
(either dopamine D2 or D4 receptor) is used in the Strategy to select compounds from each generation with an improved
score. Model 2 is used only to monitor the activity and not used in the selection process. The starting structure, donepezil
scored 9.0 for the dopamine D2 receptor model and 26.0 against the dopamine D4 receptor model. The experimental
receptor profiling of donepezil subsequently revealed the percentage inhibition of the dopamine D2 and D4 receptors
to be 18.6% and 89.2%, respectively. The Ki binding affinities of donepezil to the dopamine D4 receptor was determined
to be 614 nM, whilst the binding affinity of donepezil to the dopamine D2 receptor was too weak to measure in the assay
used. All compound receptor binding profiles and Ki determinations were generously provided by the National Institute
of Mental Health’s Psychoactive Drug Screening Program, Contract # HHSN-271-2008-00025-C (NIMH PDSP).

Chemical Evolution Strategy

[0167] The chemical transformation set was encoded in a library of approximately 700 unique reactions. The System
was run over 6 iterations (generations) using the drug donepezil, an acetylcholinestrase inhibitor approved for the
treatment of Alzheimer’s disease as the initial seed compound against each strategy. The Strategies was set to optimise,
independently, the activity against the Dopamine D4 Objective only (as defined by the Dopamine D4 Bayesian Model)
and the Dopamine D2 Objective only (as defined by the Dopamine D2 Bayesian Model) only. The predictive acetylcho-
linestrase activity (as calculated by the acetylcholinestrase Bayesian Model) was monitored throughout the process but
played no part in the generational selection of compounds.
[0168] For each generated compound Prediction 1 is defined as the value calculated in the Dopamine_Receptor_ECFP
Bayesian Model. The Strategy employed was: 

[0169] Where the compounds selected has a calculated Prediction 1 value greater than the mean plus standard
deviation of the entire set of compounds generated for the entire population at that iteration.
[0170] For each iteration the top 10000 compounds with the highest predicted values that passed the defined filters
plus 500 random chosen compounds (selected as defined in the above algorithm) were selected as the parent compounds
for the subsequent generation of transformations.

Objective Scoring of ADME Properties

[0171] The ADME scoring objective was not employed as part of the evolution strategy but calculated on the final
population with a Prediction 1 (i.e. dopamine D4 or dopamine D2) score greater than 90. ADME scores were generated
using the Stardrop program (as described previously) with the maximum score from any one of the four predicted
functions (as described above) as the ADME score for the compound.

Prioritisation of Optimisation Results: Dopamine D4 Optimisation

[0172] For each compound two method ranking scores were calculated: a Pareto front and a Vector Distance to a
defined Achievement Objective. The Achievement Objective was defined as a Bayesian D4 Score of 140 and a normalised
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(ADME ScoreMax x 100) ADME score of 50.
[0173] The results are shown in the Tables 6 and 7 and Figures 12 and 13. Since the acetylcholinesterase activity
was not selected for, the predicted activity against the original target decreased through each subsequent generation
of compounds while predicted dopamine D4 activity tended to increase for individuals in the populations.
[0174] Figure 12(A) shows the entire final population of 50,000 compounds generated by the optimisation of donepezil
against the dopamine D4 objective and the ADME objective. The x-axis represents the Bayesian score for predicted
dopamine D4 activity and the y-axis represents the maximum predicted ADME score, normalised. The higher the score
in each prediction, the higher the predicted likelihood of compounds having good dopamine D4 receptor binding activity
and/or good pharmacokinetic properties, respectively. Based on the results, two compounds were selected for experi-
mental testing, STT-00185641 and STT-00186538 (marked (a) and (b) respectively on the graph). The same dataset
is shown in Figure 12(B), except the compounds on each of the first three Pareto fronts are identified: first Pareto front
(black); second Pareto front (dark grey); and third Pareto front (light grey). It can be seen that the compounds STT-
00185641 and STT-00186538 are both positioned on the first Pareto front. With reference to Figure 13(A) and 13(B),
the top 15 compounds with the shortest vector distances to the Achievement Objective scores (Bayesian Dopamine D4
Score = 140 and ADME ScoreMax = 50) were prioritised and are indicated on the graph. These 15 molecules are located
either on the first (black) or second (dark grey) Pareto fronts (see Table 7).
[0175] Table 7 shows the data for the ten compounds prioritised in the first Pareto front of molecules optimised from
donepezil against the dopamine D4 / ADME achievement objectives. The vector distance of each molecule to the first
achievement objective (D4=140, ADME = 50) is listed. In addition to vector distance, the dopamine D4 activity is indicated
in the corresponding column and the predicted activity for other targets for each compound are listed in the ’Side Effects’
column with their corresponding Bayesian Model score. The Bayesian models marked as High Confidence are those
for which there is an unambiguous assignment of the compounds to molecular target in the original literature from which
the data was derived. The All Compound models are constructed from all the activity data points assigned to that target,
including data where the exact molecular target assignment may be ambiguous, in the original literature. Data for the
15 prioritised dopamine D4 antagonists optimised from donepezil are reported in Table 8. The compounds are ordered
according to predicted dopamine D4 Bayesian activity scores, with the highest scoring compound listed first. The vector
distance to the first Achievement Objective (D4=140, ADME = 50) is also listed. Compounds were prioritised on the
basis of vector distance. In addition to the objective dopamine D4 activity, the predicted activity for other targets for each
compound are listed in the ’Side Effects’ column with their corresponding Bayesian Model score.
[0176] By ranking the compounds generated in the method according to Bayesian activity models scoring, compound
STT-00185638 had the highest predicted score. However, by prioritising the compounds by the shortest vector distance
to the first Achievement Objective (D4=150, ADME = 50) the compounds are ordered by STT-00185641 (vector distance
= 30.525), compound 6_3 (distance = 32.107) and compound STT-00185638 (distance = 32.132). Notably, twelve of
the top fifteen compounds belong to a 2,3-dihydro-indol-1-yl chemotype. To confirm the efficacy of the model and the
actual activity of the prioritised compounds, compounds STT-00185641 and STT-00185638, which both belong to the
2,3-dihydro-indol-1-yl class, were selected for testing (see Table 9).
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Prioritisation of Optimisation Results: Dopamine D2 Optimisation

[0177] For each compound two method ranking scores were calculated: a Pareto front and a Vector Distance to a
defined Achievement Objective. The Achievement Objective was defined as a Bayesian D2 Score of 100 and a normalised
(ADME ScoreMax x 100) ADME score of 50.
[0178] The results are shown in the Tables 10 and 11 and Figure 14. Since the acetylcholinesterase activity was not
selected for, the predicted activity against the original target decreased through each subsequent generation of com-
pounds while predicted dopamine D2 activity tended to increase for individuals in the populations.
[0179] Figure 14(A) shows the entire final population of 10,000 compounds generated by the optimisation of donepezil
against the Dopamine D2 objective and the ADME objective. The x-axis represents the Bayesian score for predicted
Dopamine D2 activity and the y-axis represents the maximum predicted ADME, normalised. The higher the score in
each prediction, the higher the predicted likelihood of compounds having good dopamine D2 receptor binding activity
and/or good pharmacokinetic properties, respectively. Based on the predicted activities 7 compounds (coloured black)
and indicated by an "X" were selected for experimental testing. All 7 compounds belonged to the isoindolinone class.
The same dataset is shown in Figure 14(B) except the compounds on each of the first three Pareto fronts are identified:
first Pareto front (black); second Pareto front (dark grey); and third Pareto front (light grey). In Figure 14(B) the 7
compounds selected for experimental testing are labelled accordingly by their corresponding Pareto Front colour.
[0180] Table 10 shows the data for the twelve compounds prioritised in the first Pareto front of molecules optimised
from donepezil against the dopamine D2 / ADME achievement objectives. The vector distance of each molecule to the
first achievement objective (D2=100, ADME = 50) is listed. In addition to vector distance, the dopamine D2 activity is
indicated in the corresponding column and the predicted activity for other targets for each compound are listed in the
’Side Effects’ column with their corresponding Bayesian Model score. The Bayesian models marked as High Confidence
are those for which there is an unambiguous assignment of the compounds to molecular target in the original literature
from which the data was derived. The All Compound models are constructed from all the activity data points assigned
to that target, including data where the exact molecular target assignment may be ambiguous, in the original literature.
[0181] Data for the 12 prioritised dopamine D2 antagonists optimised from donepezil are reported in Table 11. The
compounds are ordered according to predicted dopamine D2 Bayesian activity scores, with the highest scoring compound
listed first. The vector distance to the first Achievement Objective (D2=100, ADME = 50) is also listed. As indicated, the
12 compounds with the shortest vector distances to the achievement objectives were located on the first and second
Pareto fronts. In addition to the objective dopamine D2 activity, the predicted activity for other targets for each compound
are listed in the ’Side Effects’ column with their corresponding Bayesian Model score.
[0182] The seven prioritised compounds selected for experimental determination of receptor binding are displayed in
Table 12. These compounds include three compounds on the first Pareto front (GFR-VII-274, GFR-VII-281, and GFR-
VII-285) and the top two compounds with the shortest vector distances (GFR-VII-273 and GFR-VII-285) to the achieve-
ment objective. The remaining compounds GFR-VII-287, GFR-VII-280 and GFR-VII-290 were synthesised as they are
close analogues of the two prioritised compounds on the basis of vector distance.
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Experimental Confirmation of Predicted Results

[0183] This Example was designed to generate optimised new compounds with significant dopamine D2 binding affinity
from the weak predicted dopamine receptor activity of the drug donepezil.
[0184] In agreement with the low predicted activity score (Dopamine D2 Bayesian Activity Score = 9) donepezil displays
a very weak affinity for the dopamine D2 receptor of only 18.6% inhibition, which was deemed too low to determine a
Ki binding affinity. In contrast the evolved optimised compound 6_38 (GFR-VII-285) exhibits 96.2% inhibition of the
dopamine D2 receptor and a binding affinity (or inhibition constant) of Ki = 156 nM.
[0185] Furthermore, the system predicts that the biological profile of GFR-VII-285 will exhibit receptor binding to 5-
HT-1A, Alpha1A, Alpha1B, Alpha1D and dopamine D1 receptors and, indeed, potent affinity for these receptors is also
observed. Thus, the method of the invention is successful in evolving molecules having optimized dopamine D2 activity
(i.e. with significantly higher affinity for the dopamine D2 receptor than the starting molecule. In addition, the method
was also successful at correctly predicting the broader biological activity profile of the evolved virtual compounds.
[0186] In addition to optimising the activity of molecules against the dopamine D2 receptor, this Example further
demonstrates the utility of the invention in generating and selecting molecules having optimised dopamine D4 receptor
binding affinity, from a starting point of donepezil, which has weak predicted dopamine receptor activity. The measured
binding affinities / inhibition constant of donepezil is 614 nM (Ki) for this target. To contrast with donepezil, two of the
optimised dopamine D4 inhibiting compounds were selected for experimental profiling. Compound 6_1 (STT-00185638)
- which exhibited the highest predicted dopamine D4 score - was ranked on the first Pareto front and had the third
shortest distance to the achievement objective. This compound was found to be a potent and selective D4 antagonist,
with a Ki = 9.5 nM, which is a 65-fold increase in affinity over donepezil. The compound STT-00185641 appeared to be
inactive as a dopamine D4 ligand. A summary of the actual binding profiles of selected optimised molecules in comparison
to donepezil is displayed in Table 13.

[0187] The primary and secondary radioligand assay results for donepezil and the isoindolinone series of compounds
evolved as dopamine D2 antagonists (GFR-VII-266, GFR-VII-269, GFR-VII-273, GFR-VII-274, GFR-VII-280, GFR-VII-
281, GFR-VII-285, GFR-VII-287, GFR-VII-290), and the 2,3-dihydro-indol-1-yl series evolved as dopamine D4 antagonist
(STT-00185638 and STT-00185641) are shown in Table 14; and the predicted profiles for the screened compounds are
shown in Tables 15 (biological activity) and 15 (ADME properties).

Table 13: Summary of optimisation results of selected molecules

Structure Dopamine D2 & D4 
Bayesian Score

Ki (nM) 
D2 D4

Off Target 
Predictions

Off Target Ki 
(nM)

 

D2: 9.0 D2: 
inactive

Alpha1A: -5.7
Alpha1A: 
1463D4: 26.3

D4: 614 Alpha1D: -8.5
Alpha1D: 
1918

D4: 26.3 D4: 614

 

D2: 67.7 D2: 
2457 5HT1A: - 9.8 5HT1A: 7082

D4: 112.1 D4: 9.5
Alpha1A: 
-18.8

Alpha1A: 
2057

D1: 6.3 D1: 6364

 

D2: 79.4 D2: 156
5HT1A: 81.7

5HT1A: 23
D4: 52.3 D4: 436 Alpha1A: 0.9

Alpha1A: 78.6 Alpha1B: 19.3

Alpha1B: 66.4
Alpha1D: 4.4 
D1: 531

Alpha1D: 74.6
D1: 47.4
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[0188] Table 14 shows the calculated primary and secondary radioligand binding assay results for the selected com-
pounds. The compounds were tested for their activity profiles against the receptors: 5HT1a, Alpha1a, Alpha1b, Alpha1d,
and dopamine D1, D2, D3, D4 and D5. In the primary radiobinding assay, percent inhibition of radioligand binding is
calculated as a % inhibition = 100% - % radioactivity bound. The radioligands used in the assays were: for 5HT-1a,
[3H]8-OH-DPAT; for dopamine D1, [3H]SCH233930; for dopamine D2, [3H]N-methylspiperone; for dopamine D3, [H]N-
methylspiperone; for dopamine D4, [H]N-methylspiperone; for dopamine D5, [3H]SCH233930; for Alpha 1A, [3H]Pra-
zosin; for Alpha 1B, [3H]Prazosin; and for Alpha 1D, [3H]Prazosin. The secondary binding assays to determine the
inhibition constant (Ki) was calculated by applying the Cheng-Prusoff approximation: Ki = IC50 / (1 + [ligand] / KD) where
[ligand] equals the assay radioligand concentration and D equals the affinity constant of the radioligand for the target
receptor. All compound receptor binding profiles and Ki determinations were generously provided by the National Institute
of Mental Health’s Psychoactive Drug Screening Program, Contract # HHSN-271-2008-00025-C (NIMH PDSP). Full
details of the assay protocols are described in the NIMH PDSP Protocol Book, see for example, (http://pd-
sp.med.unc.edu/UNC-CH%20Protocol%20Book.pdf). The method used is briefly set out at the end of this Example.
[0189] In contrast with Table 14, Table 15 displays the predicted Bayesian activities of donepezil and the selected
compounds for the receptors with the highest predicted activity, as above (5HT1a, Alpha1a, Alpha1b, Alpha1d, dopamine
D1, D2, D3, D4 and D5). Similarly, Table 16 indicates the ADME predictions for donepezil and the selected compounds
against a range of pharmcokinetic profiles. ADME scores were calculated using Stardrop by Optibrium Ltd, as previously
described.
[0190] All of the selected evolved dopamine D2 compounds exhibited significantly improved binding affinity for
dopamine D2 receptor compared to donepezil, the starting structure. In general the predicted ’off-target’ profiles of 5-
HT1A, Alpha1A, Alpha1B, Alpha1D and dopamine D4 were also confirmed by experiment. Significantly, the predicted
dopamine D4 antagonist STT-00185638 exhibited potent affinity for dopamine D4 receptor with low affinities for other
receptors, assayed.
[0191] Examples of the structural evolution of donepezil from an acetylcholinesterase inhibitor into a dopamine D2
(GFR-VII-285) or a dopamine D4 (STT-00185638) inhibitor, respectively, by successive generation of chemical trans-
formations according to the invention are shown in Tables 17 and 18, respectively. Notably, each successive compound
generated demonstrated an increase in the respective predicted dopamine D2 or dopamine D4 Bayesian score, which
was set as the primary objective of the optimisation criteria.
[0192] In more detail, the transformation from Donepezil to the selected dopamine D2 ligand (GFR-VII-285, 6_38) is
illustrated stepwise in Table 17. The sequential chemical transformations that together evolved and optimised GFR-VII-
285 are indicated under the heading ’reaction name’. The increase in predicted dopamine D2 activity (calculated using
a high confidence dopamine D2 Bayesian model) for each successive generation of compounds is evidenced by the
decline in the predicted Bayesian Activity score for acetylcholinesterase activity (AChE). The predicted pharmacokinetics
scores for various drug profiles (i.e. Oral non-CNS, Oral CNS, intravenous non-CNS, and intravenous CNS) for each
generation of compound is also displayed. In agreement with the low predicted activity score, it can be seen that donepezil
has a very weak affinity for dopamine D2 receptor with only 18.6% inhibition. In contrast the evolved optimised compound
6_38 (GFR-VII-285) exhibits 96.2% inhibition of the dopamine D2 receptor and has a binding affinity (Ki) of 156 nM.
[0193] Likewise, the molecular transformations from donepezil to a dopamine D4 ligand / antagonist (STT-00185638,
6_1) are illustrated in Table 18. As before, the sequential chemical transformations that together evolved and optimised
STT-00185638 are indicated under the heading ’reaction name’. The increase in predicted dopamine D4 activity (cal-
culated using a high confidence dopamine D4 Bayesian model) for each successive generation of compounds is tracked
by a decline in the predicted Bayesian Activity score for acetylcholinesterase activity (AChE). The predicted pharma-
cokinetics scores for various drug profiles (i.e. Oral non-CNS, Oral CNS, intravenous non-CNS, and intravenous CNS)
for each generation of compounds is also displayed. The measured binding affinities (Ki) of donepezil and the optimised
compound 6_1 (STT-00185638) for dopamine D4 receptor were measured to be 614 nM and 9.5 nM, respectively,
representing a 65-fold increase in affinity by the optimisation method.
[0194] Accordingly, the method used in the Example successfully evolved compounds towards an achievement ob-
jective and the selected prioritised compounds were subsequently confirmed to be dopamine D2 or dopamine D4 an-
tagonists. The structures of the prioritised, optimised compounds could not have been predicted based on the structure
of donepezil. Furthermore, the compounds tested had not been previously synthesised and tested.
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[0195] In summary, starting from the chemical structure of the known acetylcholinesterase drug, donepezil, the selective
optimisation of new compounds having dopamine D4 and dopamine D2 receptor antagonist activity was achieved in 6
generations (or iterations) of the invention. On further analysis of the literature it is interesting to note that the optimised
dopamine D4 receptor antagonists are close analogues of known dopamine D4 antagonist compounds. Furthermore,
chemical structure similarity searches of the prioritised compounds against the literature databases reveal the prioritised
2,3-dihydro-indol-1-yl chemotype does indeed exhibit potent dopamine 4 activity. Several of the prioritised structures
are novel and, hence, have not previously been proposed or tested as dopamine antagonists. However, in a further
verification of the method of the invention, it has been discovered using a structural similarity search, that a close analogue
of compound STT-00185638 (2-[-4-(benzyl)-piperazin-1-yl]-1-(2-methy-2,3-dihydro-indol-1-yl)-ethanone), i.e. (2-[-4-(4-
fluro-benzyl)-piperazin-1-yl]-1-(2-methy-2,3-dihydro-indol-1-yl)-ethanone) is indeed a potent dopamine D4 antagonist
(Ki = 7 nM) and exhibits a selectivity over D2 of 671-fold. Several close analogues of the prioritised compounds have
also been reported to be dopamine D4 antagonists, for example: Zhao et al. (2002, Bioorganic & Med. Chem. Letters,
12, 3105-3109); and Zhao et al. (2002, Bioorganic & Med. Chem. Letters, 12, 3111-3115). Interestingly, 4-(4-hydro-
benzyl) analogues have not been previous tested.
[0196] STT-00185638 selected by the method of the invention is a previously unknown potent, selective antagonist
of dopamine D4. It further displays good pharmacokinetic properties, which may be superior to any of the previously
published analogues.
[0197] Finally, literature searching also revealed that the chemical structure of (2-(4-(4-Phenyl-1-piperazinyl)butyl)-1-
isoindolinone), an analogue of prioritised compound GFR-VII-269 had been previously assayed against dopamine D2
(Ki = 319 nM) and dopamine D4 (Ki = 134 nM).

Assay Methods: Secondary Radioligand Binding Assays

[0198]

A. Serotonin receptors: 5-HT1A, 5-HT1B, 5-HT1D, 5-HT1E, 5-HT2A, 5-HT2B, 5-HT2C, 5-HT3, 5-HT5A, 5-HT6 and
5-HT7
Assay Buffer: Standard Binding Buffer (50 mM Tris-HCl, 10 mM MgCl2, 1 mM EDTA, pH 7.4)
Membrane Fraction Source: Transiently or stably transfected cell lines (e.g., HEK293, COS, CHO, NIH3T3)
Protocol adapted from Roth et al. (1986), J. Pharmacol. Exp. Ther., 238(2): 480-485; and Roth et al. (1994), J.
Pharmacol. Exp. Ther., 268(3): 1403-1410.

Experimental Procedure and Data Analysis

[0199] A solution of the compound to be tested is prepared as a 1 mg/ml stock in Standard Binding Buffer or DMSO
according to its solubility. A similar stock of a reference compound (positive control) is also prepared. Eleven dilutions
(5 x assay concentration) of the test and reference (see Table 19) compounds are prepared in Standard Binding Buffer
by serial dilution: 0.05 nM, 0.5 nM, 1.5 nM, 5 nM, 15 nM, 50 nM, 150 nM, 500 nM, 1.5 mM, 5 mM, 50 mM (thus, the
corresponding assay concentrations span from 10 pM to 10 mM and includes semilog points in the range where high-
to-moderate affinity ligands compete with radioligand for binding sites).
[0200] Radioligand is diluted to five times the assay concentration (see Table 18) in Standard Binding Buffer. Typically,
the assay concentration of radioligand is a value between one half the KD and the KD of a particular radioligand at its
target. 50 ml aliquots of radioligand are dispensed into the wells of a 96-well plate containing 100 ml of Standard Binding
Buffer. Then, duplicate 50 ml aliquots of the test and reference compound dilutions are added.
[0201] Finally, crude membrane fractions of cells expressing recombinant target (prepared from 10 cm plates by
harvesting PBS-rinsed monolayers, resuspending and lysing in chilled, hypotonic 50 mM Tris-HCl, pH 7.4, centrifuging
at 20,000 x g, decanting the supernatant and storing at -80°C; typically, one 10 cm plate provides sufficient material for
24 wells), are resuspended in 3 ml of chilled Standard Binding Buffer and homogenized by several passages through
a 26 gauge needle, then 50 ml are dispensed into each well.
[0202] The 250 ml reactions are incubated at room temperature and shielded from light (to prevent photolysis of light-
sensitive ligands) for 1.5 hours, then harvested by rapid filtration onto Whatman GF/B glass fiber filters pre-soaked with
0.3% polyethyleneimine using a 96-well Brandel harverster. Four rapid 500 ml washes are performed with chilled Standard
Binding Buffer to reduce non-specific binding. Filters are placed in 6 ml scintillation tubes and allowed to dry overnight.
The next day, 4 ml of EcoScint scintillation cocktail (National Diagnostics) are added to each tube. The tubes are capped,
labeled, and counted by liquid scintillation counting. For higher throughput assays, bound radioactivity is harvested onto
0.3% polyethyleneimine-treated, 96-well filter mats using a 96-well Filtermate harvester. The filter mats are dried, then
scintillant is melted onto the filters and the radioactivity retained on the filters is counted in a Microbeta scintillation counter.
[0203] Raw data (dpm) representing total radioligand binding (i.e. specific + non-specific binding) are plotted as a
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function of the logarithm of the molar concentration of the competitor (i.e. test or reference compound). Non-linear
regression of the normalised (i.e. percent radioligand binding compared to that observed in the absence of test or
reference compound) raw data is performed in Prism 4.0 (GraphPad Software) using the built-in three parameter logistic
model describing ligand competition binding to radioligand-labeled sites: 

where bottom equals the residual radioligand binding measured in the presence of 10 mM reference compound (i.e.
non-specific binding) and top equals the total radioligand binding observed in the absence of competitor. The log IC50
(i.e. the log of the ligand concentration that reduces radioligand binding by 50%) is thus estimated from the data and
used to obtain the Ki by applying the Cheng-Prusoff approximation: 

where [ligand] equals the assay radioligand concentration and KD equals the affinity constant of the radioligand for the
target receptor.

B. Dopamine Receptors: D1, D2, D3, D4, D5

[0204]

Assay Buffers: Dopamine Binding Buffer (50 mM NaCl, 50 mM HEPES-HCI, 5 mM MgCl2, 0.5 mM EDTA, pH 7.4)
Membrane Fraction Source: Transiently or stably transfected cell lines (e.g. HEK293, COS, CHO, NIH3T3)

[0205] Protocol adapted from Roth et al. (1995), Psychopharmacology 120(3): 365-368.

Experimental Procedure and Data Analysis

[0206] The method is carried out in the manner described for the serotonin receptor assay above. Eleven dilutions (5
x assay concentration) of the test and reference (see Table 19) compounds are prepared in Dopamine Binding Buffer
by serial dilution, as previously described. Radioligand is diluted to five times the assay concentration (see Table 20) in
Dopamine Binding Buffer.

Table 19: Serotonin (5-HT) receptor radioligands, radioligand assay concentrations, and reference compounds
Receptor Radioligand (Assay Cone.) Reference Compound
5-HT1A [3H]8-OH-DPAT (0.5 nM) Methysergide
5-HT1B [3H]GR125743 (0.3 nM) Ergotamine
5-HT1D [3H]GR125743 (0.3 nM) Ergotamine
5-HT1E [3H]5-HT (3 nM) 5-HT
5-HT2A [3H]Ketanserin (0.5 nM) Chlorpromazine
5-HT2B [3H]LSD (1 nM) 5-HT
5-HT2C [3H]Mesulergine (0.5 nM) Chlorpromazine
5-HT3 [3H]LY278584 (0.3 nM) LY278584
5-HT5A [3H]LSD (1 nM) Ergotamine
5-HT6 [3H]LSD (1 nM) Chlorpromazine
5-HT7 [3H]LSD (1 nM) Chlorpromazine

Table 20: Dopamine receptor radioligands, radioligand assay concentrations, and reference compounds
Receptor Radioligand (Assay Cone.) Reference Compound
D1 [3H]SCH23390 (0.2 nM) SKF38393
D2 [3H]N-methylspiperone (0.2 nM) Haloperidol
D3 [3H] N-methylspiperone (0.2 nM) Chlorpromazine
D4 [3H] N-methylspiperone (0.3 nM) Chlorpromazine
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C. Adrenergic Receptors: α1A, α1B, α2A, α2B, α2C, β1, β2, β3

[0207]

Assay Buffers: For α1 receptors, α1 Binding Buffer (20 mM Tris-HCl, 145 mM NaCl, pH 7.4); for α2 receptors, α2
Binding Buffer (50 mM Tris-HCl, 5 mM MgCl2, pH 7.7); for β receptors, β Binding Buffer (50 mM Tris-HCl, 3 mM
MnCl2, pH 7.7)
Membrane Fraction Source: Transiently or stably transfected cell lines (e.g. HEK293, COS, CHO, NIH3T3)
Protocol adapted from Arango et al. (1993), Brain Res., 630(1-2): 271-282; and Arango et al. (1990), Gen. Psychiatry,
47: 1038-1047.

Experimental Procedure and Data Analysis

[0208] The method is carried out in the manner described for the serotonin receptor assay above, except where
described below. Eleven dilutions (5 x assay concentration) of the test and reference (see Table 20) compounds are
prepared in the appropriate buffer by serial dilution, as previously described. Radioligand is diluted to five times the
assay concentration (see Table 21) in the appropriate buffer.
[0209] The 250 ml reactions are incubated at room temperature and shielded from light (to prevent photolysis of light-
sensitive ligands) for 1 hour (for α1 receptors, 40 min for α2 receptors, and 1.5 hours for β receptors), then harvested
by rapid filtration onto Whatman GF/B glass fiber filters pre-soaked with 0.3% polyethyleneimine using a 96-well Brandel
harverster. Four rapid 500-ml washes are performed with chilled distilled water (for α1 and β receptors) or 0.1% poly-
ethyleneimine (for α2 receptors) to reduce non-specific binding. Filters are placed in 6 ml scintillation tubes and allowed
to dry overnight and the samples are treated to obtain data as described above.

Example 3

Demonstration of the Algorithm to Design Against Anti-Targets to Improve Selectivity

[0210] In many drug discovery programmes it is often necessary to improve the ratio of the affinity of a lead compound
for a desired target molecule over an undesired target molecule. This ratio of the affinity for an undesired target over a
desired target is referred to as the selectivity of a compound. Since achieving selectivity can be such an important
problem to be solved, in this Example we applied the algorithm of the invention to the design of compounds that have
increased selectivity for desired targets over undesired targets.
[0211] The seven isoindole analogues that were selected in Example 2 (i.e. GFR-VII-274, GFR-VII-281, GFR-VII-285,
GFR-VII-287, GFR-VII-280 GFR-VII-290, and GFR-VII-273) to have improved binding activity for dopamine D2 demon-
strated a significantly increased affinity for the dopamine D2 receptor over the starting compound donepezil. However,
activity against other receptors where not taken into account in that example. The overall predictions of receptor pro-
miscuity, which have been confirmed by experimental receptor profiling in vitro, demonstrated that the isoindole series
of compounds were promiscuous, with potent affinities for 5HT1a, 5HT1b 5HT1d, 5HT7, Alpha1a, Alpha 1b, 5HT2b,
Alpha1d, dopamine D3 and dopamine D4 receptors. In this example, therefore, a new Achievement Objective was

(continued)

Receptor Radioligand (Assay Cone.) Reference Compound
D5 [3H]SCH23390 (0.2 nM) SKF38393

Table 21: Adrenergic receptor radioligands, radioligand assay concentrations, and reference compounds
Receptor Radioligand (Assay Cone.) Reference Compound
α1A [125I]HEAT (0.1 nM) Urapidil
α1B [125I]HEAT (0.1 nM) Corynanthine
α2A [125I]Iodoclonidine (0.1 nM) Oxymetazoline
α2B [125I]Iodoclonidine (1 nM) Prazosin
α2C [125I]Iodoclonidine (1 nM) Prazosin
β1 [125I]Iodopindolol (0.1 nM) Alprenolol
β2 [125I]Iodopindolol (0.1 nM) Alprenolol
B3 [125I]Iodopindolol (0.1 nM) Alprenolol
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defined, i.e. to further evolve the seven isoindoles compounds of Example 2 against the defined objectives of improving
activity against the 5HT1a, dopamine D3 and dopamine D4 receptors, but with increased selectivity over the "anti-target"
Alpha-1 receptors, i.e. Alpha1a, Alpha1b and Alpha1d.
[0212] Molecular evolution was carried out essentially as described in Example 2.
[0213] In one model, an additional Achievement Objective was set to select for compounds in the final generation that
were not previously known, i.e. they do not appear at the level of the Murcko framework within the ChEMBL database
(version 1). The novelty of a compound can be defined by several methods. The first method is to define novelty by
comparing the exact chemical structure (or exact structure defined in a structural representation, such as SMILES or
InChl) with a database of known chemical structures by database querying methods. If no match is found the compound
can be defined as novel for that database. Within the algorithm, the novelty of a compound was assessed according to
its Murcko framework (carbon backbone), which was compared to the Murko frameworks of all other compounds in the
database (Bemis & Murcko (1996), The properties of known drugs. 1. Molecular Frameworks, J. Med. Chem., 39(15),
pp 2887-2893). In this example, the Murcko frameworks of the evolved compounds were compared to chemical structures
in the ChEMBL version 1.0 database as of 2008 (https://www.ebi.ac.uk/chembl/).
[0214] The evolutionary optimisation resulted in the design of a series of benzolactam derivatives. Six compounds,
termed GFR-VII-327, GFR-VII-328, GFR-VII-329, GFR-VII-330, GFR-VII-331 and GFR-VII-332 where chosen for in vitro
synthesis based on the prioritisation method. The benzolactam series was not present in the ChEMBL 1.0 database,
and thus are considered a novel chemical series in the algorithm. A subsequent literature search revealed that the
proposed compounds were recently synthesised and shown to be potent dopamine D2 / dopamine D3 binding ligands
(Ortega et al., (2009), Synthesis, binding affinity and SAR of new benzolactam derivatives as dopamine D3 receptor
ligands, Bioorg. Med. Chem. Letts., 19, 1773-8).

In Vitro Assays

[0215] The selected benzolactam compounds were synthesised and compared in vitro to the series of isoindole an-
alogues from Example 2 by measuring binding affinity for the compounds for their defined target and non-target receptors.
The results demonstrated that the benzolactam analogues achieved the objective of an increased selectivity profile for
dopamine D2, dopamine D3 and 5HT1a receptors over the Alpha-1 receptors, as shown in Tables 22 to 24.

Table 22: Selectivity of Dopamine D2 over α1 Receptors

Compound No. Kiα1A
(nM)

Kiα1B
(nM)

Kiα1D
(nM)

KiD2
(nM)

α1A/D2 α1B/D2 α1D/D
2

α1/D2

GFR-VII-266 59.8 101.8 85.8 746 0.080 0.136 0.115 0.1

GFR-VII-269 6.2 54.9 3.8 93 0.067 0.590 0.041 0.2

GFR-VII-273 64.9 322.8 81.1 812 0.080 0.398 0.100 0.12

GFR-VII-274 257.5 3577 212.8 584 0.441 6.125 0.364 2.3

GFR-VII-280-HCI 8.5 29.1 5.1 1739 0.005 0.017 0.003 0.008

GFR-VII-280 15.9 38.7 12.4 1651 0.010 0.023 0.008 0.014

GFR-VII-281 35.8 152.5 72.2 1112 0.032 0.137 0.065 0.078

GFR-VII-285 0.9 19.3 4.4 156 0.006 0.124 0.028 0.053

GFR-VII-287 75.5 91 49.6 585 0.129 0.156 0.085 0.123

GFR-VII-290 59.9 608.1 56 1367 0.044 0.445 0.041 0.177

Average isoindoles 
Series 58.5 499.5 58.3 884.5 0.089 0.815 0.085 0.330

GFR-VII-327 117.2 649 78.4 14 8.371 46.4 5.6 20.11

GFR-VII-328 11.1 76.6 14.2 25 0.444 3.01 0.57 1.34

GFR-VII-329 555.4 1375 467.3 886.1 0.627 1.55 0.53 0.9

GFR-VII-330 216.8 656.7 209.6 5.8 37.379 113.22 36.14 62.2

GFR-VII-331 7.2 125.3 37.6 5.7 1.263 21.98 6.6 9.95

GFR-VII-332 866.6 2542 979.6 131.8 6.575 19.29 7.4 11.1
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(continued)

Compound No. Kiα1A
(nM)

Kiα1B
(nM)

Kiα1D
(nM)

KiD2
(nM)

α1A/D2 α1B/D2 α1D/D
2

α1/D2

Average Benzolactam 
series 295.7 904.1 297.8 178.1 9.110 34.24 9.5 17.61

Table 23: Selectivity of Dopamine D3 over α1 Receptors

Compound No. Kiα1A 
(nM)

Kiα1B 
(nM)

Kiα1D 
(nM)

KiD3 
(nM)

α1A/D
2

α1B/D
2

α1D/D
2

α1/D2

GFR-VII-266 59.8 101.8 85.8 299 0.2 0.34 0.3 0.3

GFR-VII-269 6.2 54.9 3.8 2.1 3.0 26.1 1.8 10.3

GFR-VII-273 64.9 322.8 81.1 163 0.4 1.98 0.5 1.0

GFR-VII-274 257.5 3577 212.8 79 3.259 45.3 2.7 17.1

GFR-VII-280-HCI 8.5 29.1 5.1 180 0.05 0.16 0.03 0.1

GFR-VII-280 15.9 38.7 12.4 208 0.08 0.19 0.06 0.1

GFR-VII-281 35.8 152.5 72.2 56 0.6 2.7 1.3 1.6

GFR-VII-285 0.9 19.3 4.4 11 0.08 1.8 0.4 0.75

GFR-VII-287 75.5 91 49.6 32 2.4 2.8 1.6 2.3

GFR-VII-290 59.9 608.1 56 152 0.4 4.0 0.37 1.6

Average isoindoles 
Series 58.5 499.5 58.3 118.2 1.0 8.5 0.9 3.5

GFR-VII-327 117.2 649 78.4 1 117.2 649.0 78.4 281.5

GFR-VII-328 11.1 76.6 14.2 4 2.8 19.2 3.6 8.5

GFR-VII-329 555.4 1375 467.3 20 27.8 68.8 23.4 40.0

GFR-VII-330 216.8 656.7 209.6 1 216.8 656.7 209.6 361.0

GFR-VII-331 7.2 125.3 37.6 0.7 10.3 179.0 53.7 81.0

GFR-VII-332 866.6 2542 979.6 3 288.9 847.3 326.5 487.6

Average Benzolactam 
series 295.7 904.1 297.8 5.0 110.6 403.3 115.9 209.9

Table 24: Selectivity of 5HT1A over α1 Receptors

Compound No. Kiα1A 
(nM)

Kiα1B 
(nM)

Kiα1D 
(nM)

Ki 5HT1A 
(nM)

α1A/D
2

α1B/D2 α1D/D
2

α1/D2

GFR-VII-266 59.8 101.8 85.8 40 1.5 2.5 2.1 2.1

GFR-VII-269 6.2 54.9 3.8 2.6 2.4 21.1 1.5 8.3

GFR-VI99-273 64.9 322.8 81.1 6.5 10.0 49.7 12.5 24.0

GFR-VII-274 257.5 3577 212.8 20 12.8 178.9 10.6 67.5

GFR-VII-280-HCl 8.5 29.1 5.1 2.4 3.5 12.1 2.1 5.9

GFR-VII-280 15.9 38.7 12.4 3.5 4.5 11.1 3.5 6.4

GFR-VII-281 35.8 152.5 72.2 2.3 15.6 66.3 31.4 37.8

GFR-VII-285 0.9 19.3 4.4 23 0.04 0.8 0.2 0.4
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[0216] On average the synthesised benzolactam compounds were 17.6-fold more selective for the dopamine D2
receptor over the Alpha-1 receptors, which compared favourably to the 0.33-fold selectivity ratio for the dopamine D2
receptor over the Alpha-1 receptors for the isoindole analogues. Thus, as a series the benzolactams demonstrated 53-
fold more selectivity for the dopamine D2 receptor over the three Alpha-1 receptors (Alpha-1a, Alpha-1b and Alpha-1d)
in comparison to the isoindoles analogues. The selectivity profiles for individual benzolactams ranged up to 62-fold (see
GFV-VII-330) for the dopamine D2 receptor over the average Alpha-1 receptor activity.
[0217] The average selectivity of the benzolactam series of molecules for the dopamine D3 receptor over the Alpha-
1 receptors was 210-fold compared to only 3.5-fold for the isoindoles series.
[0218] The selectivity / binding ratio of binding affinity for the 5Ht1a receptor over the average affinity for the Alpha-
1a receptors was 333.8-fold for the benzolactams, compared with only 16.6-fold for the isoindole analogues.
[0219] The algorithm of the invention thus achieved its defined Achievement Objectives in the design of compounds
which were both structurally novel in the database, and had improved selectivity over the Alpha-1 receptors.
[0220] In addition, the benzolactam compounds and isoindole analogues from Example 2 were compared in radioligand
binding assays against a panel of 20 GPCRs. The results illustrate the increased selectivity profile for the benzolactam
compounds for dopamine D2, dopamine D3 and 5HT1a receptors over non-target receptors in comparison to other.
Measured binding affinities for the compounds against the various receptors are given in Table 25, and a heat map
representation of the same data is shown in Figure 16.

(continued)

Compound No. Kiα1A 
(nM)

Kiα1B 
(nM)

Kiα1D 
(nM)

Ki 5HT1A 
(nM)

α1A/D
2

α1B/D2 α1D/D
2

α1/D2

GFR-VII-287 75.5 91 49.6 62 1.2 1.5 0.8 1.2

GFR-VII-290 59.9 608.1 56 19 3.2 32.0 2.9 12.7

Average isoindoles 
Series 58.5 499.5 58.3 18.1 5.5 37.6 7.2 16.8

GFR-VII-327 117.2 649 78.4 1.5 78.1 432.7 52.2 187.7

GFR-VII-328 11.1 76.6 14.2 0.9 12.3 85.1 15.8 37.7

GFR-VII-329 555.4 1375 467.3 4 138.9 343.8 116.8 199.8

GFR-VII-330 216.8 656.7 209.6 1.3 166.8 505.2 161.2 277.7

GFR-VII-331 7.2 125.3 37.6 0.7 10.3 179.0 53.7 81.0

GFR-VII-332 866.6 2542 979.6 1.2 722.2 2118.3 816.3 1218.
9

Average Benzolacta m 
series 295.7 904.1 297.8 1.6 188.1 610.7 202.7 333.8

Table 25: Experimental Receptor Binding Data - Ki (nM)

DDE_NAME 5HT1 A 5HT1 B 5HT1 D 5HT1 E 5HT2 A 5HT2 B 5HT2 C 5HT3 5HT5 A

donepezil 10000 6761

GFR-VII-266 40 1156 983 580 77 10000 2666

GFR-VII-269 2.6 299 504 496 40 5919 1613

GFR-VII-273 6.5 362 1002 956 19 10000 2903

GFR-VII-274 20 27 130 3683 76 1 217 2406 1056

GFR-VII-280-HCl 2.4 378 176 242 10000 2490

GFR-VII-280 3.5 306 139 160 10000 2154

GFR-VII-281 2.3 33 59 387 12 1450 767 1982

GFR-VII-285 23 130 298 270 41 3428 2437

GFR-VII-287 62 41 80 3339 65 10 543 1794 2367
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[0221] In conclusion, the method of the invention is successful in evolving molecules having optimised dopamine D2,
dopamine D3 and 5HT1a receptor binding activity, with significantly weaker binding affinity for non-target receptors,
such as Alpha-1 receptors. Such molecules may have use in cardiovascular applications.

(continued)

DDE_NAME 5HT1 A 5HT1 B 5HT1 D 5HT1 E 5HT2 A 5HT2 B 5HT2 C 5HT3 5HT5 A

GFR-VII-290 19 829 1004 117 10000 2471

STT-00185638 7082 879 2114 6773

STT-00185641 8430 1454

GFR-VII-327 1.5 73 3448 39 1.8 354 99 773

GFR-VII-328 0.9 217 583 40 9253 1053

GFR-VII-329 4 834 384 192 10000

GFR-VII-330 1.3 73 4367 24 0.6 317 677 809

GFR-VII-331 0.7 232 755 12 10000 1131

GFR-VII-332 1.2 645 121 3082

Table 25 continued: Experimental Receptor Binding Data - Ki (nM)

DDE_NAME 5HT6 5HT7 ALPHA _1A ALPHA _1B ALPHA _1D D1 D2 D3 D4 D5

donepezil 1463 1918 10000 614

GFR-VII-266 419 59.8 101.8 85.8 5029 746 299 6.4

GFR-VII-269 162 6.2 54.9 3.8 3371 93 2.1 72

GFR-VII-273 545 64.9 322.8 81.1 812 163 13

GFR-VII-274 430 75 257.5 3577 212.8 1628 584 79 28

GFR-VII-280-
HCl

529 8.5 29.1 5.1 1739 180 187

GFR-VII-280 15.9 38.7 12.4 1651 208 191

GFR-VII-281 2192 181 35.8 152.5 72.2 1112 56 264

GFR-VII-285 228 0.9 19.3 4.4 531 156 11 436 1886

GFR-VII-287 417 164 75.5 91 49.6 1406 585 32 925

GFR-VII-290 732 59.9 608.1 56 2734 1367 152 115

STT-00185638 4363 2057 6364 2457 3216 9.5

STT-00185641 2824 2010 10000

GFR-VII-327 544 21 117.2 649 78.4 511 14 1 13 2385

GFR-VII-328 77 11.1 76.6 14.2 1618 25 4 6 6865

GFR-VII-329 150 555.4 1375 467.3 1421 886.1 20 17

GFR-VII-330 669 20 216.8 656.7 209.6 500 5.8 1 9 3577

GFR-VII-331 31 7.2 125.3 37.6 5.7 0.7 4

GFR-VII-332 26 866.6 2542 979.6 1257 131.8 3 8
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Example 4

Optimisation of Fadrozole from Lead Compound

[0222] Similar to Example 1, this example also demonstrates the optimisation and selection of a new drug from a lead
compound: specifically, the design, selection and optimisation of the approved drug fadrozole from its lead compound.
[0223] Fadrozole, chemical name 4-(5,6,7,8-tetrahydroimidazo[1,5-a]pyridin-5-yl)benzonitrile, is an aromatase inhib-
itor, which is approved for the treatment of breast cancer. The structure-activity relationship data for the optimisation of
fadrozole from its lead is described in "Fadrozole hydrochloride: a potent, selective, nonsteroidal inhibitor of aromatase
for the treatment of estrogen-dependent disease" (Browne et al., (1991), J. Med. Chem., 34(2), pp 725-736). Fadrozole
is also described in an earlier publication by Cole et al., (1990), J. Med. Chem., 1990, 33(11), pp 2933-2942, in which
the inhibition of cytochrome P-450 aromatase is shown.

[0224] To further demonstrate the utility of the invention in lead optimisation, the method of the invention was applied
to the optimisation of the lead compound.

Chemical Transformation Library

[0225] The chemical transformation database was encoded in a library of approximately 700 unique transformations.
The lead optimisation strategy was carried out over 6 iterations (generations), starting from the single lead molecule.
Results were reviewed after 5 and 6 generations. At the end of the third to sixth generations, the number of unique
compounds selected as the starting population for the next iteration was limited to the top 10,000 high-scoring molecules
and 500 randomly selected lower scoring molecules to help increase the genetic variability of the molecular population.

Objective Scoring Method for Aromatase

[0226] Structure-activity data from the ChEMBL database was used to build a model of aromatase inhibitors. The lead
structure and fadrozole were both present in the ChEMBL database: lead (Cytochrome P450 19A1; 50699; Binding IC50
15 nM; J. Med. Chem., (1991), 34:2, pp725); fadrozole (1. Cytochrome P450 19A1; 50885; Binding Ki 1.5 nM; J. Med.
Chem., (1990), 33:11, pp2933: 2. Cytochrome P450 19A1; 50699; Binding IC50 39 nM; J. Med. Chem., (1991), 34:2,
pp725). However to prevent biasing the model only compounds that had been synthesised before the publication of
Browne et al., (1991) were used to train the Bayesian model. Fadrozole itself was removed from the dataset, so although
it was disclosed in 1990 it is not in the training set.
[0227] Biological activity for the designed compounds was predicted using a Laplacian Naive Bayesian model, built
following the methods described by Nidhi et al. (2006), as described for Example 1.
[0228] Two models were built (see Table 26). One model only contained compounds where there is a high confidence
of them being correctly assigned to the target "aromatase" (assigned a confidence score greater than 6 in the ChEMBL
database). A second model with ALL compounds assigned to aromatase inhibition was also trained. In the high confidence
model, the number of active compounds was 108, and number of inactive was 9406; while in the model with all data,
the number of active compounds was 109, and the number of inactive was 14104.
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Objective Scoring Method for ADME properties

[0229] Predicted ADME properties for the generated virtual compounds were scored using the StarDrop ADMET
properties calculation and scoremax was defined as the maximum score (out of the four prediction profiles).
[0230] In addition to predicting ADME properties, StarDrop was also used to generate scoring functions to define a
profile for the compounds (e.g. intravenous / oral CNS / oral non-CNS compound).

Iterative Evolution of Compound Generations

[0231] The Achievement Objective was defined as a Bayesian activity score of 100 and an ADME score of 50. Alter-
natively, other profiles can be used to set the Achievement Objective, such as an oral non-CNS score of 0.5.
[0232] The 700 (approx.) transformations were applied systematically to the single lead compound to produce a first
generation of compounds which fulfilled the normal valency criteria and produced only one product from each transfor-
mation. Undesirable molecules were removed from each generation by applying the filters: Rule of Five; Unwanted
Groups; maximum number of rotatable bonds = 12; maximum number of rings of 9 atoms or higher = 9 compounds. In
each new population duplicate molecules were also removed. The library of transformations was then systematically
applied to each member of the subsequent populations until the Stop Condition was satisfied.
[0233] To manage the number of molecules produced and limit the amount of processing time from the third generation
the number of filtered molecules taken through to the next round was limited to the top 10,000 scoring molecules plus
500 randomly selected lower scoring molecules (with duplicates removed).
[0234] The stop condition was reached by an increase in synthetic complexity for prioritised compounds in the sixth
generation. The final (sixth) generation of molecules was filtered using the same filters as in the preceding rounds.
[0235] The number of unique compounds in the filtered populations at the end of each generation is shown in Table 27.

Objective Scoring of Results

[0236] After all filters had been applied to the final population, the ADMET score distribution for the remaining population
of 10,431 virtual compounds was calculated. Compounds with a Bayesian score higher than 42 were selected to be
scored by Stardrop.

Prioritisation of Optimisation Results

[0237] Prioritisation of virtual compounds was carried out as described in Example 1.

Table 26: Statistics from the leave-one-out validation

Model XV ROC AUC Best Split TP/FN FP/TN # in Category

All data 0.998 3.241 108/1 347/13757 109

High Confidence 0.997 3.849 107/1 224/9182 108

ROC = Receiver Operator Characteristics (to measure quality of predictive models (Triballeau et al., (2005), J. Med.
Chem., 7(48), pp 2534-2547); TP = True Positive; FN = False Negative; FP = False Positive; TN = True Negative

Table 27: Number of Unique Compounds in filtered populations from each iteration

Generation / Iteration Number of Compounds per generation

0 1

1 27

2 650

3 10411

4 10482

5 10457

6 10431
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[0238] Briefly, the generated compounds were ranked by Pareto front and by the vector distances calculated to the
Achievement Objective. Figure 17 shows the Pareto plot of the compounds of the sixth generation based on Bayesian
and ADME scores. The first Pareto front is shown in black and the position of the known drug fadrozole, which is on the
first Pareto front, is indicated by an "x". For comparison, Figure 18 illustrates the Pareto plot for the compounds of the
fifth generation based on Bayesian and ADME scores. Again, the first Pareto front is shown in black. In this round of
evolution fadrozole was the top ranked compound at an approximate position of 53 (Bayesian score), 0.4 (oral non-CNS
score).
[0239] Table 28 shows the scores and structures of the top 5 ranked compounds according to vector distance to the
achievement objectives. Fadrozole (labelled 5_1, because it first appeared in the fifth iteration) with a vector distance
of 48.108 is ranked third out of all of the prioritised compounds. The two compounds with slightly shorter vector distances
to the achievement objectives, i.e. compounds 6_4 and 6_14, score lower on the synthetic accessibility score as defined
by Ertl & Schuffenhauer (2009), J. Cheminformatics, 1(8), doi:10.1186/1758-2946-1-8.

Table 28: Predicted scores for the top five compounds evolved to bind aromatase

Molecule ADME 
Score

Name (Iteration_
ID)

Aromatase Bayesian 
Score

Vector 
Distance

 

36.67 6_4 54.29 47.614

 

44.97 6_14 52.55 47.716

 

39.69 5_1 53.01 48.108

 

44.59 6_18 51.7 48.602

 

40.26 6_24 51.45 49.517
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Automatic Design of Fadrozole

[0240] The known drug fadrozole was generated in the high confidence data model as the result of two different
evolutionary paths involving five reaction / transformation steps. The reaction scheme below (Scheme II) illustrates the
series of five reaction / transformation steps present in the transformation database of the invention that transformed
the original lead compound to the known drug. In this scheme the reaction sequence is: (1) aromatic nitrogen to aromatic
carbon, (2) methylation with chirality, (3) make spirocycle, (4) pyrrole to imidazole, and (5) methylene insertion. A second
virtual synthesis route (not shown) is: (1) methylation, (2) methylation, (3) make spirocycle, (4) demethylation, and (5)
methylene insertion.

Scheme II

[0241] The above sequences of transformation steps do not necessary correspond to how the drug would be chemically
synthesised in a laboratory. Thus, other synthesis routes may also be possible.

Model Building Methods:

Databases

[0242] ChEMBL_02 (http://ebi.ac.uk/chembl) was used for this study; ChEMBL is a database of bioactive molecules
containing around 500,000 compounds with more than 2,400,000 endpoints published in medicinal literature over the
last 30 years. The data was processed for this work by keeping only compounds with an activity measured in nM and
which is inside the group of (IC50/Ki/Kd/EC50) with a protein target. Some custom filters were then applied (as activity > 0).
[0243] Compounds were also standardised, and a unique tautomer form was kept, using the Pipeline Pilot components.
Molecules with a molecular weight greater than 750 Da or with less than 4 atoms were discarded. Compounds with an
primary activity other than against Cytochrome P450 19A1 (aromatase) were assigned to target ’none’.
[0244] The ChEMBL database also includes information on the publications in which the various compounds are
described, which means that it is possible to separate compounds by the year of publication. The synthetic route from
lead to fadrozole was first published in 1991 (i.e. Browne et al.) as previously mentioned. However the first entry for
fadrozole in the ChEMBL database dates from 1990, relating to an article reviewing molecules for the inhibition of
Cytochrome P450 (i.e. Cole et al.). Hence, the model was built by taking compounds published before the lead to drug
paper in 1991, and by removing the drug from the list of molecules.
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[0245] Finally, ChEMBL provides a confidence score on the target assignment from the curation process. In this study,
activities with a confidence score of at least 7 (Direct protein complex subunits assigned) were kept. In total 9514 unique
compounds were in the final set, of which 108 had a reported activity for aromatase of less than 10 mM.

Descriptors

[0246] Structural information using the Extended Connectivity Fingerprint (ECFP) were selected for use as descriptors
(Rogers & Hahn (2010), J. Chemical Information and Modeling, 50, pp 742-54). These types of descriptors have been
used in other studies with good results (Glick et al., 2006, Enrichment of high-throughput screening data with increasing
levels of noise using support vector machines, recursive partitioning, and laplacian-modified naive bayesian classifiers,
J. Chemical Information and Modelling, 46, pp 193-200; Hert et al., 2004, Comparison of topological descriptors for
similarity-based virtual screening using multiple bioactive reference structures, Org. Biomol. Chem., 2, pp 3256-3266;
Klon et al., 2004, Finding More Needles in the Haystack: A Simple and Efficient Method for Improving High-Throughput
Docking Results. J. Med. Chem., 47, pp 2743). A neighbourhood of size 6 was selected to match the parameters used
in the study of Nidhi et al. (2006, Prediction of biological targets for compounds using multiple-category Bayesian models
trained on chemogenomics databases, J. Chemical Information and Modeling, 46, pp 1124-1133).

Bayesian Model

[0247] The Bayesian models were built according to the methods describe by Nidhi et al. (2006). A review of the
application of Bayesian activity predictions in drug discovery can be found in Bender (2011) - to be published (Bender,
2011, Bayesian methods in virtual screening and chemical biology, Methods in Molecular Biology, Clifton, N.J., 672, pp
175-196.
[0248] The models were built using standard methods in the Accelrys’s Pipeline Pilot software (Xia et al., 2004,
Classification of Kinase Inhibitors Using a Bayesian Model, J. Med. Chem., 47, pp 4463-4470), which automatically
creates a Laplacian-modified Bayesian model for aromatase. It is a two-category model; good molecules are considered
to be the active aromatase compounds, the other compounds are considered the bad molecules. A compound is con-
sidered "active" if the activity (e.g. binding affinity / inhibition constant) is below 10 mM. This information is used to build
a high confidence model comprising molecules known to bind to relevant targets.
[0249] Once the model has been built it can be used to calculate a score for aromatase, and a high score provides
more confidence of binding.
[0250] A second model was also built using all the available data (i.e not just active compounds), and was also used
for prediction.

Validation

[0251] For validation, the data was split into two: compounds were clustered and split using the cluster ID to which
they belong, with even numbers in the validation training set and odd numbers in the test set. The distribution of unique
compounds, active and inactive for each set is in Table 29.

[0252] The test set was scored using the model built with the validation training set (Table 30). The area under the
ROC curve (AUC) was calculated to judge the quality of the model. For All data, the whole set is scored using the whole
set model.

Table 29: Distribution of compounds in high confidence data set

Set Active Inactive

Validation Training 58 4467

Validation Test 50 4939

Whole Set 108 9406

Table 30: Scoring of data sets by measuring area under curve for ROC data

Set AUC

Validation Training 0.998 (Excellent)

Validation Test 0.973 (Excellent)
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Calculation

[0253] Virtual molecules can be processed by assigning each compound a score for aromatase, and then ranking the
population of compounds from best (highest score) to worst (lowest score).

Claims

1. A computer-implemented method for computational drug design using an evolutionary algorithm, comprising:

defining a set of n achievement objectives (OA
1-n), where n is at least one;

defining a population (PG=0) of at least one molecule; and
selecting an initial population (Pparent) of at least one molecule (I1-In) from the population (PG=0);
characterised in that the method further comprises evaluating members (I1-In) of the initial population (Pparent)
against at least one of the n achievement objectives (OA

1-x), where x is from 1 to n;
wherein the evaluating comprises:

calculating the parameters of each member (I1-In) of the initial population (Pparent) for the at least one
achievement objective (OA

1-x); and
calculating the vector distance (VD) from each member (I1-In) to the at least one achievement objective
(OA

1-x),wherein the vector distance (VD) between each member (I1-In) and the at least one achievement
objective (OA

1-x) is defined as: 

where a desired value of each parameter p for each of the achievement objectives (OA
1-n) has coordinates

(xI
1,...,xI

n), and a calculated value of the corresponding parameter p for each member (I1-In) of the initial
population has coordinates (xA

1,...,xA
n).

2. The method of Claim 1, further comprising:

generating further populations (PG; PG+1) of molecules and evaluating each one by an iterative process until a
predefined stop condition is satisfied;
preferably wherein the stop condition is selected from: the number of iterations (G=n) of the evolutionary algo-
rithm; a predefined vector distance (VD) of a predefined number or proportion of molecules in a population
(Pparent; PG; PG+1) to one or more of the set of n achievement objectives (OA

1-n); mean vector distance ([VD]Mean)
of a population (Pparent; PG; PG+1) of molecules to one or more of the set of n achievement objectives (OA

1-n);
the rate of change in the mean vector distance ([VD]Mean) of successive evaluated populations (Pparent; PG;
PG+1) of molecules; the rate of change in any other evaluated predefined criteria between successive populations
(Pparent; PG; PG+1) of molecules; molecular complexity; and a time limitation.

3. The method of Claim 2, which further comprises:

(i) if the stop condition is not satisfied, performing a first iteration (G=1) of the evolutionary algorithm to generate
and evaluate a new population (PG) of at least one molecule, the method comprising:

transforming at least one member of the parent population (Pparent) to generate a transformed population
(Ptransformed) of at least one molecule;
defining a new population (PG) of at least one molecule, the new population (PG) comprising at least one

(continued)

Set AUC

Whole Set 0.998 (Excellent)
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member of the transformed population (Ptransformed);

optionally evaluating the population (PG) against at least one achievement objective (OA
1-x),and se-

lecting molecules from the evaluated population (PG) by applying a strategy function (S);
defining a new population (PG+1) of at least one molecule (I1-In) comprising the selected molecules; and
evaluating members (I1-In) of the new population (PG+1) against the at least one achievement objective
(OA

1-x);
wherein the evaluating comprises the calculation of vector distance (VD) to the at least one achievement
objective (OA

1-x); and

(ii) if the stop condition is satisfied:
ranking members (I1-In) of the evaluated initial population (Pparent) according to vector distance (VD) and op-
tionally Pareto frontier to the set of n achievement objectives (OA

1-n); and
identifying at least the first ranked member (I1-In) of the evaluated initial population (Pparent); preferably wherein
the ranking comprises:

calculating the parameters of each member (I1-In) of the initial population (Pparent) for each of the n achieve-
ment objectives (OA

1-n); and
calculating the vector distance (VD) and optionally the Pareto rank of each member (I1-In) of the initial
population (Pparent) to each of the n achievement objectives (OA

1-n); and
wherein the first ranked member has the shortest vector distance (VD) to the achievement objectives (OA

1-n).

4. The method of Claim 3, part (i), further comprising:
determining whether a stop condition is satisfied, and wherein the method further comprises:

(i) if the stop condition is not satisfied:

defining the evaluated new population (PG+1) as a new parent population (Pparent) of at least one molecule
(I1-In); and
performing a second iteration (G=2) of the evolutionary algorithm by repeating the steps of any of Claim 3,
parts (i) and (ii); and

(ii) if the stop condition is satisfied:

ranking members (I1-In) of the new population (PG+1) according to vector distance (VD) and optionally
Pareto frontier to the set of n achievement objectives (OA

1-n); and
identifying at least the first ranked member (I1-In) of the evaluated new population (PG+1);
preferably, wherein the ranking comprises:

calculating the parameters of each member (I1-In) of the new population (PG+1) for the n achievement
objectives (OA

1-n); and
calculating the vector distance (VD) and optionally the Pareto frontier of each member (I1-In) of the
new population (PG+1) to the n achievement objectives (OA

1-n); and
wherein the first ranked member has the shortest vector distance (VD) to the achievement objectives
(OA

1-n).

5. The method of any preceding claim, wherein the evaluating comprises:

calculating and assigning a Pareto frontier ranking to members (I1-In) of the initial population (Pparent); and/or
calculating the parameters of each member (I1-In) of the new population (PG+1) for each of the at least one
achievement objective (OA

1-x);and
calculating the vector distance (VD) of each member (I1-In) of the new population (PG+1) to the at least one
achievement objective (OA

1-x); and
optionally calculating and assigning a Pareto frontier ranking to members (I1-In) of the new population (PG+1).

6. The method of any of Claims 3 to 5, further comprising:

applying at least one filter (F) to remove molecules that fail at least one predefined criteria of the filter (F);
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preferably
wherein the filter (F) removes any duplicate molecules from the population (PG); and/or wherein the at least
one predefined criteria of the at least one filter (F) is selected from at least one of: non-broken molecule require-
ment; solubility; drug-like properties, such as absorption, distribution, metabolism, and excretion (ADME); mo-
lecular weight; hydrogen bonding capacity; octanol-water partition coefficient; toxicity; unwanted group definition;
total polar surface area; number of rotatable bonds; molecule size, such as number of atoms, number of rings,
size of ring systems; number of functional groups, such as H-bond donors, H-bond acceptors; and number of
heteroatoms;
preferably wherein the at least one filter (F) is applied to molecules of the population (PG) before optionally
evaluating the population (PG) against at least one achievement objective (OA

1-x).

7. The method of any of Claims 3 to 6, wherein evaluating the population (PG) against at least one achievement
objective (OA

1-x), and selecting molecules from the evaluated population (PG) by applying a strategy function (S),
comprises:

identifying at least one desired activity (A) of an optimised molecule and defining a strategy function (S) to score
each member (I1-In) of the population (PG) against one or more of the at least one desired activity (A1-n);
calculating the parameters of each member (I1-In) of the population (PG) for at least one of the achievement
objectives (OA

1-x) relevant to the one or more desired activity (A1-n);

determining the predicted activity (Prediction 1 to Prediction n) of each member (I1-In) of the population
(PG) for the one or more desired activity (A1-n);
selecting the sub-population (Pelite) of molecules of the population (PG) that satisfy the strategy function
(S); and

optionally selecting a sub-population (Prandom) of at least one molecule from the sub-population (Pnon-elite) of
molecules that do not satisfy the strategy function (S);
preferably wherein the at least one desired activity (A) of an optimised molecule is selected from one or more
of: predicted activity against one or more target molecule (e.g. specificity, binding affinity, inhibition constant);
predicted relative activity against one target molecule compared to another molecule; predicted selectivity for
one or more target molecule over another molecule; predicted relative selectivity for more than one target
molecule; predicted drug-like properties / scores (e.g. ADME); prioritisation of one or more ADME property;
prioritisation of drug-like properties over one or more activity or specificity; and prioritisation of vector optimisation
over Pareto frontier.

8. The method of Claim 7, wherein the new population (PG+1) of at least one molecule (I1-In) comprises Pelite; or wherein
the new population (PG+1) of at least one molecule (I1-In) comprises Pelite + Prandom.

9. The method of Claim 7 or Claim 8, wherein the strategy function (S) is satisfied for molecules of the population (PG)
where the predicted activity (Prediction 1) is greater than the sum of the mean predicted activity ([Prediction 1]Mean)
and the standard deviation of the predicted activity ([Prediction 1]StdDev) for all members (I1-In) of the population
(PG); i.e. where: 

10. The method of any of Claims 3 to 9, wherein:

(i) the transformations are derived from a database of known chemical transformations;
(ii) the transformations include a null-transformation; and/or
(iii) the transformations are derived from a combination of known chemical transformations and genetic algo-
rithms;
and/or wherein the method comprises applying all transformations in the database to all members of the pop-
ulation (Pparent).

11. The method of any preceding claim, wherein:

(i) the method further comprises transforming at least one of the molecules of the population (PG=0) to create
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a transformed population of molecules before selecting the initial population (Pparent);
(ii) the initial population (Pparent) of at least one molecule is selected from a larger population (PG=0) of molecules
based on at least one predetermined selection criteria;
(iii) the initial population (Pparent) is selected using one or more selection criteria selected from at least one of:
3D virtual docking, chemical similarity, database searching, Bayesian activity modelling, and an algorithm; and/or
(iv) the initial population (Pparent) of molecules consists of one molecule.

12. The method of any preceding claim, wherein:

(i) the set of n achievement objectives (OA
1-n) includes at least one of: inhibition activity against a target molecule;

binding affinity to a target molecule; specificity for a target molecule; selectivity for the target molecule over a
non-target molecule; pharmacokinetic properties; ADME scores; desirability scores; and ligand efficiency;
(ii) the set of n achievement objectives (OA

1-n) comprises a plurality of parameter values that define properties
of a desired optimised molecule; and/or
(iii) the definition of the set of n achievement objectives (OA

1-n) includes parameters relating to interactions of
an optimised molecule with two or more different target molecules or target sites.

13. The method of any of Claims 3 to 12, further comprising:

selecting at least one molecule of the population (Pparent) or (PG+1) based on its ranking;
identifying the at least one selected molecule as an optimised molecule; and optionally
synthesising the at least one selected molecule.

14. A carrier medium carrying a computer readable code for controlling a computing device to carry out the method of
any of Claims 1 to 13.

15. A computing device for computational drug design using an evolutionary algorithm, comprising:

input means arranged to receive a set of n achievement objectives (OA
1-n);

processing means arranged to generate a population (PG=0; Pparent) of at least one molecule and to evaluate
the population (PG=0; Pparent) against the n achievement objectives (OA

1-n); and
output means arranged to output results of the evaluation;
wherein the processing means is arranged to evaluate members of the population according to vector distance
(VD) to the set of n achievement objectives (OA

1-n) and optionally Pareto frontier;
wherein the computing device, further comprises input, processing and/or output means for performing any of
the steps of Claims 1 to 13.

Patentansprüche

1. Computerimplementiertes Verfahren für ein computergestütztes Arzneimitteldesign unter Verwendung eines evo-
lutionären Algorithmus, das Folgendes umfasst:

Definieren eines Satzes von n Leistungszielen (OA
1-n), wobei n wenigstens eins ist;

Definieren einer Population (PG=0) von wenigstens einem Molekül; und
Auswählen einer Ausgangspopulation (Pstamm) von wenigstens einem Molekül (I1-In) aus der Population
(PG=0);
dadurch gekennzeichnet, dass das Verfahren ferner ein Bewerten von Mitgliedern (I1-In) der Ausgangspo-
pulation (PStamm) gegen wenigstens eines der n Leistungsziele (OA

1-x) umfasst, wobei x von 1 bis n ist;
wobei das Bewerten Folgendes umfasst:

Berechnen der Parameter jedes Mitglieds (I1-In) der Ausgangspopulation (Pstamm) für das wenigstens
eine Leistungsziel (OA

1-x); und
Berechnen des Vektorabstands (vector distance - VD) von jedem Mitglied (I1-In) zu dem wenigstens einen
Leistungsziel (OA

1-x), wobei der Vektorabstand (VD) zwischen jedem Mitglied (I1-In) und das wenigstens
eine Leistungsziel (OA

1-x) wie folgt definiert ist: 
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wobei ein gewünschter Wert jedes Parameters p für jedes der Leistungsziele (OA
1-n) Koordinaten (xI

1,...,xI
n)

aufweist, und ein berechneter Wert des entsprechenden Parameters p für jedes Mitglied (I1-In) der Aus-
gangspopulation Koordinaten (xA

1,...,xA
n) aufweist.

2. Verfahren nach Anspruch 1, das ferner Folgendes umfasst:

Erzeugen weiterer Populationen (PG; PG+1) von Molekülen und Bewerten jedes durch einen iterativen Vorgang,
bis eine vordefinierte Stoppbedingung erfüllt ist;
vorzugsweise wobei die Stoppbedingung aus Folgendem ausgewählt ist: der Anzahl von Iterationen (G=n) des
evolutionären Algorithmus; einem vordefinierten Vektorabstand (VD) einer vordefinierten Anzahl oder einem
Anteil von Molekülen in einer Population (Pstamm; PG; PG+1) zu einem oder mehreren des Satzes von n
Leistungszielen (OA

1-n); durchschnittlichem Vektorabstand ([VD]Durchschnitt) einer Population (PStamm; PG;
PG+1) von Molekülen zu einem oder mehreren des Satzes von n Leistungszielen (OA

1-n); der Änderungsrate
des durchschnittlichen Vektorabstands ([VD]Durchschnitt) aufeinanderfolgender bewerteter Populationen
(PStamm; PG; PG+1) von Molekülen; der Änderungsrate bei beliebigen anderen bewerteten vordefinierten Kriterien
zwischen aufeinanderfolgenden Populationen (PStamm; PG; PG+1) von Molekülen; molekularer Komplexität; und
einer zeitlichen Begrenzung.

3. Verfahren nach Anspruch 2, das ferner Folgendes umfasst:

i) falls die Stoppbedingung nicht erfüllt ist, Durchführen einer ersten Iteration (G=1) des evolutionären Algorith-
mus, um eine neue Population (PG) von wenigstens einem Molekül zu erzeugen und zu bewerten, wobei das
Verfahren Folgendes umfasst:

Transformieren wenigstens eines Mitglieds der Stammpopulation (PStamm), um eine transformierte Popu-
lation (Ptransformiert) von wenigstens einem Molekül zu erzeugen;
Definieren einer neuen Population (PG) von wenigstens einem Molekül, wobei die neue Population (PG)
wenigstens ein Mitglied der transformierten Population (Ptransformiert) umfasst;

optional Bewerten der Population (PG) gegen wenigstens ein Leistungsziel (OA
1-x) und Auswählen von

Molekülen aus der bewerteten Population (PG) durch Anwenden einer Strategiefunktion (S);
Definieren einer neuen Population (PG+1) von wenigstens einem Molekül (I1-In), das die ausgewählten
Moleküle umfasst; und
Bewerten von Mitgliedern (I1-In) der neuen Population (PG+1) gegen des wenigstens einen Leistungs-
ziels (OA

1-x);
wobei das Bewerten die Berechnung des Vektorabstands (VD) zu dem wenigstens einen Leistungsziel
(OA

1-x) umfasst; und

ii) falls die Stoppbedingung erfüllt ist:

Rangieren von Mitgliedern (I1-In) der bewerteten Ausgangspopulation (Pstamm) gemäß dem Vektorabstand
(VD) und optional der Pareto-Front zu dem Satz von n Leistungszielen (OA

1-n); und
Identifizieren wenigstens des erstrangigen Mitglieds (I1-In) der bewerteten Ausgangspopulation (PStamm);
vorzugsweise wobei das Rangieren Folgendes umfasst:

Berechnen der Parameter jedes Mitglieds (I1-In) der Ausgangspopulation (Pstamm) für jedes der n
Leistungsziele (OA

1-n); und
Berechnen des Vektorabstands (VD) und optional des Pareto-Rangs jedes Mitglieds (I1-I n) der Aus-
gangspopulation (Pstamm) zu jedem der n Leistungsziele (OA

1-n); und
wobei das erstrangige Mitglied den kürzesten Vektorabstand (VD) zu den Leistungszielen (OA

1-n) auf-
weist.

4. Verfahren nach Anspruch 3, das ferner Folgendes umfasst:
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Bestimmen, ob eine Stoppbedingung erfüllt ist, und wobei das Verfahren ferner Folgendes umfasst:

i) falls die Stoppbedingung nicht erfüllt ist:

Definieren der bewerteten neuen Population (PG+1) als eine neue Stammpopulation (Pstamm) von wenigs-
tens einem Molekül (I1-In); und
Durchführen einer zweiten Iteration (G=2) des evolutionären Algorithmus durch Wiederholen der Schritte
nach Anspruch 3, Teile (i) und (ii); und

ii) falls die Stoppbedingung erfüllt ist:

Rangieren von Mitgliedern (I1-In) der neuen Population (PG+1) gemäß dem Vektorabstand (VD) und optional
der Pareto-Front zu dem Satz von n Leistungszielen (OA

1-n); und
Identifizieren wenigstens des erstrangigen Mitglieds (I1-In) der bewerteten neuen Population (PG+1);
vorzugsweise wobei das Rangieren Folgendes umfasst:

Berechnen der Parameter jedes Mitglieds (I1-In) der neuen Population (PG+1) für die n Leistungsziele
(OA

1-n); und
Berechnen des Vektorabstands (VD) und optional der Pareto-Front jedes Mitglieds (I1-In) der neuen
Population (PG+1) zu den n Leistungszielen (OA

1-n); und
wobei das erstrangige Mitglied den kürzesten Vektorabstand (VD) zu den Leistungszielen (OA

1-n) auf-
weist.

5. Verfahren nach einem der vorhergehenden Ansprüche, wobei das Evaluieren Folgendes umfasst:

Berechnen und Zuweisen einer Pareto-Front-Rangfolge zu Mitgliedern (I1-In) der Ausgangspopulation (PStamm);
und/oder
Berechnen der Parameter jedes Mitglieds (I1-In) der neuen Population (PG+1) für jedes der wenigstens einen
Leistungsziele (OA

1-x); und
Berechnen des Vektorabstands (VD) jedes Mitglieds (I1-In) der neuen Population (PG+1) zu dem wenigstens
einen Leistungsziel (OA

1-x); und
optional Berechnen und Zuweisen einer Pareto-Front-Rangfolge zu Mitgliedern (I1-In) der neuen Population
(PG+1).

6. Verfahren nach einem der Ansprüche 3 bis 5, wobei das ferner Folgendes umfasst:

Anwenden wenigstens eines Filters (F), um Moleküle zu entfernen, die wenigstens ein vordefiniertes Kriterium
des Filters (F) nicht bestehen; vorzugsweise
wobei der Filter (F) beliebige doppelte Moleküle aus der Population (PG) entfernt; und/oder wobei das wenigstens
eine vordefinierte Kriterium des wenigstens einen Filters (F) aus Folgendem ausgewählt ist: Voraussetzung
eines nicht gebrochenen Moleküls; Löslichkeit; drogenähnliche Eigenschaften, wie etwa Absorption, Verteilung,
Metabolismus und Ausscheidung (absorption, distribution, metabolism, excretion - ADME); Molekularmasse;
Wasserstoffbindungskapazität; Octanol-Wasser-Verteilungskoeffizient; Toxizität; unerwünschter Gruppemde-
finition; gesamter polarer Oberfläche; Anzahl drehbarer Bindungen; Molekülgröße, wie etwa Anzahl der Atome,
Anzahl der Ringe, Größe der Ringsysteme; Anzahl funktioneller Gruppen, wie etwa H-Bindungs-Donoren, H-
Bindungs-Akzeptoren; und/oder Anzahl von Heteroatomen;
vorzugsweise wobei der wenigstens eine Filter (F) auf Moleküle der Population (PG) angewendet wird, bevor
optional die Population (PG) gegen wenigstens ein Leistungsziel (OA

1-x) bewertet wird.

7. Verfahren nach einem der Ansprüche 3 bis 6, wobei das Bewerten der Population (PG) gegen wenigstens ein
Leistungsziel (OA

1-x) und das Auswählen von Molekülen aus der bewerteten Population (PG) durch Anwenden einer
Strategiefunktion (S) Folgendes umfasst:

Identifizieren wenigstens einer gewünschten Aktivität (A) eines optimierten Moleküls und Definieren einer Stra-
tegiefunktion (S), um jedes Mitglied (I1-In) der Population (PG) gegen eine oder mehrere der wenigstens einen
gewünschten Aktivität (A1-n) auszuwerten;
Berechnen der Parameter jedes Mitglieds (I1-In) der Population (PG) für wenigstens eines der Leistungsziele
(OA

1-x), die für die eine oder die mehreren gewünschten Aktivitäten (A1-n) relevant sind;
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Bestimmen der vorhergesagten Aktivität (Vorhersage 1 bis Vorhersage n) jedes Mitglieds (I1-In) der Popu-
lation (PG) für die eine oder die mehreren gewünschten Aktivitäten (A1-n);
Auswählen der Unterpopulation (PElite) von Molekülen der Population (PG), die die Strategiefunktion (S)
erfüllen; und

optional Auswählen einer Unterpopulation (Pzufällig) von wenigstens einem Molekül aus der Unterpopulation
(Pnicht-Elite) von Molekülen, die die Strategiefunktion (S) nicht erfüllen;
vorzugsweise wobei die wenigstens eine gewünschte Aktivität (A) eines optimierten Moleküls aus Folgendem
ausgewählt ist: vorhergesagte Aktivität gegen ein oder mehrere Zielmoleküle (z. B. Spezifität, Bindungsaffinität,
Inhibitionskonstante); vorhergesagte relative Aktivität gegen ein Zielmolekül im Vergleich zu einem anderen
Molekül; vorhergesagte Selektivität für ein oder mehrere Zielmoleküle gegenüber einem anderen Molekül;
vorhergesagte relative Selektivität für mehr als ein Zielmolekül; vorhergesagte drogenartige Eigenschaften/Aus-
wertungen (z. B. ADME); Priorisierung einer oder mehrerer ADME-Eigenschaften; Priorisierung drogenartiger
Eigenschaften gegenüber einer oder mehreren Aktivitäten oder Spezifitäten; und/oder Priorisierung der Vek-
toroptimierung gegenüber der Pareto-Front.

8. Verfahren nach Anspruch 7, wobei die neue Population (PG+1) von wenigstens einem Molekül (I1-In) PElite umfasst;
oder wobei die neue Population (PG+1) von wenigstens einem Molekül (I1-In) PElite + Pzufällig umfasst.

9. Verfahren nach Anspruch 7 oder 8, wobei die Strategiefunktion (S) für Moleküle der Population (PG) erfüllt ist, wobei
die vorhergesagte Aktivität (Vorhersage 1) über der Summe der durchschnittlichen vorhergesagten Aktivität ([Vor-
hersage 1])Durchschnitt) und der Standardabweichung der vorhergesagten Aktivität ([Vorhersage 1]StdDev) für
alle Mitglieder (I1-In) der Population (PG) ist; d. h. wobei: 

10. Verfahren nach einem der Ansprüche 3 bis 9, wobei:

i) die Transformationen aus einer Datenbank bekannter chemischer Transformationen abgeleitet sind;
ii) die Transformationen eine Null-Transformation beinhalten; und/oder
iii) die Transformationen aus einer Kombination bekannter chemischer Transformationen und genetischer Al-
gorithmen abgeleitet sind;
und/oder wobei das Verfahren das Anwenden aller Transformationen in der Datenbank auf alle Mitglieder der
Population (Pstamm) umfasst.

11. Verfahren nach einem der vorhergehenden Ansprüche, wobei:

i) das Verfahren ferner das Transformieren wenigstens eines der Moleküle der Population (PG=0) umfasst, um
eine transformierte Population von Molekülen vor dem Auswählen der Ausgangspopulation (Pstamm) zu er-
stellen;
ii) die Ausgangspopulation (PStamm) von wenigstens einem Molekül aus einer größeren Population (PG=0) von
Molekülen basierend auf wenigstens einem zuvor bestimmten Auswahlkriterium ausgewählt wird;
iii) die Ausgangspopulation (PStamm) unter Verwendung eines oder mehrerer Auswahlkriterien ausgewählt wird,
die aus Folgendem ausgewählt sind: virtuellem 3D-Andocken, chemischer Ähnlichkeit, Datenbanksuchen, Bay-
esscher Aktivitätsmodellierung und/oder einem Algorithmus; und/oder
iv) die Ausgangspopulation (Pstamm) von Molekülen aus einem Molekül besteht.

12. Verfahren nach einem der vorhergehenden Ansprüche, wobei:

i) der Satz von n Leistungszielen (OA
1-n) Folgendes beinhaltet: Inhibierungsaktivität gegen ein Zielmolekül;

Bindungsaffinität an ein Zielmolekül; Spezifität für ein Zielmolekül; Selektivität für das Zielmolekül gegenüber
einem Nicht-Zielmolekül; pharmakokinetische Eigenschaften; ADME-Auswertungen; Wünschbarkeitsauswer-
tungen; und/oder Ligandenwirksamkeit;
ii) der Satz von n Leistungszielen (OA

1-n) mehrere Parameterwerte umfasst, die Eigenschaften eines gewünsch-
ten optimierten Moleküls definieren; und/oder
iii) die Definition des Satzes von n Leistungszielen (OA

1-n) Parameter beinhaltet, die sich auf die Interaktionen
eines optimierten Moleküls mit zwei oder mehr unterschiedlichen Zielmolekülen oder Zielstellen beziehen.
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13. Verfahren nach einem der Ansprüche 3 bis 12, das ferner Folgendes umfasst:

Auswählen wenigstens eines Moleküls der Population (PStamm) oder (PG+1) basierend auf seiner Rangfolge;
Identifizieren des wenigstens einen ausgewählten Moleküls als ein optimiertes Molekül; und optional
Synthetisieren des wenigstens einen ausgewählten Moleküls.

14. Trägermedium, das einen computerlesbaren Code zum Steuern einer Rechenvorrichtung trägt, um das Verfahren
nach einem der Ansprüche 1 bis 13 auszuführen.

15. Rechenvorrichtung für ein computergestütztes Arzneimitteldesign unter Verwendung eines evolutionären Algorith-
mus, die Folgendes umfasst:

Eingabemittel, das angeordnet ist, um einen Satz von n Leistungszielen (OA
1-n) zu empfangen;

Verarbeitungsmittel, das angeordnet ist, um eine Population (PG=0; Pstamm) von wenigstens einem Molekül
zu erzeugen und die Population (PG=0; Pstamm) gegen die n Leistungsziele (OA

1-n) zu bewerten; und
Ausgabemittel, das angeordnet ist, um Ergebnisse der Bewertung auszugeben;
wobei das Verarbeitungsmittel angeordnet ist, um Mitglieder der Population gemäß dem Vektorabstand (VD)
zu dem Satz von n Leistungszielen (OA

1-n) und optional der Pareto-Front zu bewerten;
wobei die Rechenvorrichtung ferner das Eingabe-, das Verarbeitungs- und/oder das Ausgabemittel zum Durch-
führen eines der Schritte der Ansprüche 1 bis 13 umfasst.

Revendications

1. Procédé mis en œuvre par ordinateur pour la conception informatique de médicaments à l’aide d’un algorithme
évolutif, comprenant :

la définition d’un ensemble d’objectifs n de réalisation (OA
1-n), où n est au moins un ;

la définition d’une population (PG=0) d’au moins une molécule ; et
la sélection d’une population initiale (Pparente) d’au moins une molécule (I1 - In) de la population (PG=0) ;
caractérisé en ce que le procédé comprend en outre l’évaluation des éléments (I1 - In) de la population initiale
(Pparente) par rapport à au moins un des objectifs n de réalisation (OA

1-x), où x va de 1 à n ;
l’évaluation comprenant :

le calcul des paramètres de chaque élément (I1- In) de la population initiale (Pparente) pour l’au moins un
objectif de réalisation (OA

1-x) ; et
le calcul de la distance vectorielle (VD) de chaque élément (I1 - In) par rapport à l’au moins un objectif de
réalisation (OA

1-x), la distance vectorielle (VD) entre chaque élément (I1 - In) et l’au moins un objectif de
réalisation (OA

1-x) étant définie comme : 

où une valeur souhaitée de chaque paramètre p pour chacun des objectifs de réalisation (OA
1-n) a des

coordonnées (xI
1,...,xI

n), et une valeur calculée du paramètre p correspondant pour chaque élément (I1 -
In) de la population initiale a des coordonnées (xA

1,...,xA
n).

2. Procédé selon la revendication 1, comprenant en outre :

la génération d’autres populations (PG; PG+1) de molécules et l’évaluation de chacune d’elles par un processus
itératif jusqu’à ce qu’une condition d’arrêt prédéfinie soit satisfaite ;
de préférence, la condition d’arrêt étant sélectionnée parmi : le nombre d’itérations (G = n) de l’algorithme
évolutif ; une distance vectorielle prédéfinie (VD) d’un nombre ou d’une proportion prédéfinie de molécules dans
une population (Pparente ; PG ; PG+1) à un ou plusieurs de l’ensemble d’objectifs n de réalisation (OA

1-n) ; la
distance vectorielle moyenne ([VD]Moyenne) d’une population (Pparente ; PG ; PG+1) de molécules à un ou
plusieurs de l’ensemble d’objectifs n de réalisation (OA

1-n) ; le taux de changement de la distance vectorielle
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moyenne ([VD]Moyenne) des populations évaluées successives (Pparente ; PG ; PG+1) de molécules ; le taux
de changement de tout autre critère prédéfini évalué entre les populations successives (Pparente ; PG ; PG+1)
de molécules ; la complexité moléculaire ; et une limitation de temps.

3. Procédé selon la revendication 2, lequel comprend en outre :

(i) si la condition d’arrêt n’est pas satisfaite, le fait d’effectuer une première itération (G = 1) de l’algorithme
évolutif pour générer et évaluer une nouvelle population (PG) d’au moins une molécule, le procédé comprenant :

la transformation d’au moins un élément de la population parente (Pparente) pour générer une population
transformée (Ptransformée) d’au moins une molécule ;
la définition d’une nouvelle population (PG) d’au moins une molécule, la nouvelle population (PG) comprenant
au moins un élément de la population transformée (Ptransformée) ;

l’évaluation éventuellement de la population (PG) par rapport à au moins un objectif de réalisation
(OA

1-x) et la sélection de molécules à partir de la population évaluée (PG) en appliquant une fonction
de stratégie (S) ;
la définition d’une nouvelle population (PG+1) d’au moins une molécule (I1 - In) comprenant les molécules
sélectionnées ; et
l’évaluation d’éléments (I1 - In) de la nouvelle population (PG+1) par rapport à l’au moins un objectif de
réalisation (OA

1-x) ;
l’évaluation comprenant le calcul de la distance vectorielle (VD) par rapport à l’au moins un objectif de
réalisation (OA

1-x) ; et

(ii) si la condition d’arrêt est satisfaite :

le classement des éléments (I1 - In) de la population initiale évaluée (Pparente) en fonction de la distance
vectorielle (VD) et éventuellement de la frontière de Pareto par rapport à l’ensemble des objectifs n de
réalisation (OA

1-n) ; et
l’identification d’au moins le premier élément classé (I1 - In) de la population initiale évaluée (Pparente) ; de
préférence le classement comprenant :
le calcul des paramètres de chaque élément (I1- In) de la population initiale (Pparente) pour chacun des
objectifs n de réalisation (OA

1-n) ; et
le calcul de la distance vectorielle (VD) et éventuellement le classement de Pareto de chaque élément (I1-
In) de la population initiale (Pparente) par rapport à chacun des objectifs n de réalisation (OA

1-n) ; et
le premier élément classé ayant la distance vectorielle (VD) la plus courte par rapport aux objectifs de
réalisation (OA

1-n).

4. Procédé selon la revendication 3, partie (i), comprenant en outre :
la détermination du fait de savoir si une condition d’arrêt est satisfaite, et le procédé comprenant en outre :

(i) si la condition d’arrêt n’est pas satisfaite :

la définition de la nouvelle population (PG+1) évaluée comme une nouvelle population parente (Pparente)
d’au moins une molécule (I1 - In) ; et
le fait d’effectuer une seconde itération (G = 2) de l’algorithme évolutif en répétant les étapes de l’une
quelconque des parties (i) et (ii) de la revendication 3 ; et

(ii) si la condition d’arrêt est satisfaite :

le classement des éléments (I1 - In) de la nouvelle population (PG+1) en fonction de la distance vectorielle
(VD) et éventuellement de la frontière de Pareto par rapport à l’ensemble des objectifs n de réalisation
(OA

1-n) ; et
l’identification au moins du premier élément classé (I1 - In) de la nouvelle population (PG+1) évaluée ;
de préférence, le classement comprenant :

le calcul des paramètres de chaque élément (I1- In) de la nouvelle population (PG+1) pour les objectifs
n de réalisation (OA

1-n) ; et
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le calcul de la distance vectorielle (VD) et éventuellement de la frontière de Pareto de chaque élément
(I1 - In) de la nouvelle population (PG+1)par rapport aux objectifs n de réalisation (OA

1-n) ; et
le premier élément classé ayant la distance vectorielle (VD) la plus courte par rapport aux objectifs de
réalisation (OA

1-n).

5. Procédé selon l’une quelconque des revendications précédentes, dans lequel l’évaluation comprend :

le calcul et l’attribution d’un classement de la frontière de Pareto aux éléments (I1 - In) de la population initiale
(Pparente) ; et/ou
le calcul des paramètres de chaque élément (I1- In) de la nouvelle population (PG+1) pour chacun de l’au moins
un objectif de réalisation (OA

1x) ; et
le calcul de la distance vectorielle (VD) de chaque élément (I1 - In) de la nouvelle population (PG+1) par rapport
à l’au moins un objectif de réalisation (OA

1-x) ; et
le calcul et l’attribution éventuellement d’un classement de la frontière de Pareto aux éléments (I1- In) de la
nouvelle population (PG+1).

6. Procédé selon l’une quelconque des revendications 3 à 5, comprenant en outre :

l’application d’au moins un filtre (F) pour éliminer les molécules qui échouent au niveau d’au moins un critère
prédéfini du filtre (F) ; de préférence le filtre (F) éliminant toutes les molécules en double de la population (PG) ;
et/ou l’au moins un critère prédéfini de l’au moins un filtre (F) étant sélectionné parmi : l’exigence de molécule
non brisée ; et/ou la solubilité ; et/ou les propriétés de type médicamenteuses, telles que l’absorption, la distri-
bution, le métabolisme et l’excrétion (ADME) ; et/ou le poids moléculaire ; et/ou la capacité de liaison hydrogène ;
et/ou le coefficient de partage octanol-eau ; et/ou la toxicité ; et/ou la définition de groupe indésirable ; et/ou la
surface polaire totale ; et/ou le nombre de liaisons rotatives ; et/ou la taille de la molécule, telle que le nombre
d’atomes, le nombre de cycles, la taille des systèmes cycliques ; et/ou le nombre de groupes fonctionnels, tels
que les donneurs de liaisons H, les accepteurs de liaisons H ; et/ou le nombre d’hétéroatomes ;
de préférence, l’au moins un filtre (F) étant appliqué à des molécules de la population (PG) avant l’évaluation
éventuelle de la population (PG) par rapport à au moins un objectif de réalisation (OA

1-x).

7. Procédé selon l’une quelconque des revendications 3 à 6, dans lequel l’évaluation de la population (PG) par rapport
à au moins un objectif de réalisation (OA

1-x), et la sélection de molécules à partir de la population évaluée (PG) en
appliquant une fonction de stratégie (S), comprend :

l’identification d’au moins une activité souhaitée (A) d’une molécule optimisée et la définition d’une fonction de
stratégie (S) pour établir un score de chaque élément (I1 - In) de la population (PG) par rapport à une ou plusieurs
de l’au moins une activité souhaitée (A1-n) ;
le calcul des paramètres de chaque élément (I1 - In) de la population (PG) pour au moins un des objectifs de
réalisation (OA

1-x) pertinent pour la ou les activités souhaitées (A1-n) ;

la détermination de l’activité prédite (prédiction 1 à prédiction n) de chaque élément (I1 - In) de la population
(PG) pour la ou les activités souhaitées (A1-n) ;
la sélection de la sous-population (Pélite) de molécules de la population (PG) qui satisfont la fonction de
stratégie (S) ; et

la sélection éventuellement d’une sous-population (Paléatoire) d’au moins une molécule parmi la sous-population
(Pnon-élite) de molécules qui ne satisfont pas la fonction de stratégie (S) ;
de préférence, l’au moins une activité souhaitée (A) d’une molécule optimisée étant sélectionnée parmi : l’activité
prédite contre une ou plusieurs molécules cibles (par exemple spécificité, affinité de liaison, constante
d’inhibition) ; et/ou l’activité relative prédite contre une molécule cible comparé à une autre molécule ; et/ou la
sélectivité prédite pour une ou plusieurs molécules cibles sur une autre molécule ; et/ou la sélectivité relative
prédite pour plus d’une molécule cible ; et/ou les propriétés/scores de type médicamenteux prédits (par exemple
ADME) ; et/ou la priorisation d’une ou de plusieurs propriétés ADME ; et/ou la priorisation des propriétés de
type médicamenteuses sur une ou plusieurs activités ou spécificités ; et/ou la priorisation de l’optimisation
vectorielle sur la frontière de Pareto.

8. Procédé selon la revendication 7, dans lequel la nouvelle population (PG+1) d’au moins une molécule (I1- In) comprend
Pélite ; ou la nouvelle population (PG+1) d’au moins une molécule (I1 - In) comprenant Pélite + Paléatoire.
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9. Procédé selon la revendication 7 ou la revendication 8, dans lequel la fonction de stratégie (S) est satisfaite pour
les molécules de la population (PG) où l’activité prédite (Prédiction 1) est supérieure à la somme de l’activité moyenne
prédite ([Prédiction 1]Moyenne) et l’écart type de l’activité prédite ([Prédiction 1]ÉcartType) pour tous les éléments
(I1- In) de la population (PG) ; c’est-à-dire où : 

10. Procédé selon l’une quelconque des revendications 3 à 9, dans lequel :

(i) les transformations sont dérivées d’une base de données de transformations chimiques connues ;
(ii) les transformations comportent une transformation nulle ; et/ou
(iii) les transformations sont dérivées d’une combinaison de transformations chimiques connues et d’algorithmes
génétiques ;
et/ou le procédé comprenant l’application de toutes les transformations dans la base de données à tous les
éléments de la population (Pparente).

11. Procédé selon l’une quelconque des revendications précédentes, dans lequel :

(i) le procédé comprend en outre la transformation d’au moins une des molécules de la population (PG=0) pour
créer une population transformée de molécules avant la sélection de la population initiale (Pparente) ;
(ii) la population initiale (Pparente) d’au moins une molécule est sélectionnée parmi une population plus large
(PG=0) de molécules sur la base d’au moins un critère de sélection prédéterminé ;
(iii) la population initiale (Pparente) est sélectionnée à l’aide d’un ou de plusieurs critères de sélection sélectionnés
parmi au moins un critère parmi : l’amarrage virtuel 3D, la similitude chimique, la recherche dans une base de
données, la modélisation d’activité bayésienne et un algorithme ; et/ou
(iv) la population initiale (Pparente) de molécules est constituée d’une molécule.

12. Procédé selon l’une quelconque des revendications précédentes, dans lequel :

(i) l’ensemble d’objectifs n de réalisation (OA
1-n) comporte : une activité d’inhibition contre une molécule cible ;

et/ou une affinité de liaison avec une molécule cible ; et/ou une spécificité pour une molécule cible ; et/ou la
sélectivité pour la molécule cible sur une molécule non-cible ; et/ou les propriétés pharmacocinétiques ; et/ou
les scores ADME ; et/ou les scores de désirabilité ; et/ou l’efficacité du ligand ;
(ii) l’ensemble d’objectifs n de réalisation (OA

1-n) comprend une pluralité de valeurs de paramètres qui définissent
les propriétés d’une molécule optimisée souhaitée ; et/ou
(iii) la définition de l’ensemble d’objectifs n de réalisation (OA

1-n) comporte des paramètres relatifs aux interac-
tions d’une molécule optimisée avec au moins deux molécules cibles ou sites cibles différents.

13. Procédé selon l’une quelconque des revendications 3 à 12, comprenant en outre :

la sélection d’au moins une molécule de la population (Pparente) ou (PG+1) sur la base de son classement ;
l’identification de l’au moins une molécule sélectionnée comme une molécule optimisée ; et éventuellement
la synthèse de l’au moins une molécule sélectionnée.

14. Support de transport transportant un code lisible par ordinateur pour commander un dispositif informatique afin de
mettre en œuvre le procédé selon l’une quelconque des revendications 1 à 13.

15. Dispositif informatique pour la conception informatique de médicaments à l’aide d’un algorithme évolutif,
comprenant :

un moyen d’entrée agencé pour recevoir un ensemble d’objectifs n de réalisation (OA
1-n) ;

un moyen de traitement agencé pour générer une population (PG=0 ; Pparente) d’au moins une molécule et pour
évaluer la population (PG=0 ; Pparente) par rapport aux objectifs n de réalisation (OA

1-n) ; et
un moyen de sortie agencé pour délivrer les résultats de l’évaluation ;
le moyen de traitement étant agencé pour évaluer les éléments de la population en fonction de la distance
vectorielle (VD) par rapport à l’ensemble d’objectifs n de réalisation (OA

1-n) et éventuellement à la frontière de
Pareto ;
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le dispositif informatique comprenant en outre un moyen d’entrée, de traitement et/ou de sortie pour effectuer
l’une quelconque des étapes des revendications 1 à 13.



EP 2 502 173 B1

78



EP 2 502 173 B1

79



EP 2 502 173 B1

80



EP 2 502 173 B1

81



EP 2 502 173 B1

82



EP 2 502 173 B1

83



EP 2 502 173 B1

84



EP 2 502 173 B1

85



EP 2 502 173 B1

86



EP 2 502 173 B1

87



EP 2 502 173 B1

88



EP 2 502 173 B1

89



EP 2 502 173 B1

90



EP 2 502 173 B1

91



EP 2 502 173 B1

92



EP 2 502 173 B1

93



EP 2 502 173 B1

94



EP 2 502 173 B1

95

REFERENCES CITED IN THE DESCRIPTION

This list of references cited by the applicant is for the reader’s convenience only. It does not form part of the European
patent document. Even though great care has been taken in compiling the references, errors or omissions cannot be
excluded and the EPO disclaims all liability in this regard.

Non-patent literature cited in the description

• STEWART K.D. et al. Drug Guru: a computer soft-
ware program for drug design using medicinal chem-
istry rules. Bioorg. Med. Chem., 2006, vol. 14 (20),
7011-22 [0006]

• RAYMOND J.W. et al. Rationalizing lead optimiza-
tion by associating quantitative relevance with mo-
lecular structure modification. J. Chem. Inf. Model,
2009, vol. 49, 1952-62 [0006]

• LAMEIJER. The Molecule Evaluator: An Interactive
Evolutionary Algorithm for the Design of Drug-Like
Molecules. J. Chem. Inf. Model, 2006, vol. 46,
545-552 [0006]

• BROWN et al. A Graph-Based Genetic Algorithm and
Its Application to the Multiobjective Evolution of Me-
dian Molecules. J. Chem. Inf. Comput. Sci., 2004,
vol. 44, 1079-1087 [0006]

• NICOLAOU. De Novo Drug Design Using Multiob-
jective Evolutionary Graphs. J. Chem. Inf. Model,
2009, vol. 49, 295-307 [0006]

• BROWN. The de novo design of median molecules
within a property range of interest. J. Computer-Aided
Mol. Design, 2004, vol. 18, 761-771 [0006]

• BROWN et al. A novel workflow for the inverse QSPR
problem using multiobjective optimization. J. Compu-
ter-aided Mol. Design, 2006, vol. 20, 333-341 [0006]

• VEBER. Molecular Properties That Influence the Oral
Bioavailability of Drug Candidates. J. Med. Chem.,
2002, vol. 45 (12), 2615-2623 [0031]

• LIPINSKI, C.A. et al. Advanced Drug Delivery Re-
views, 1997, vol. 23, 3-25 [0067]

• VEBER, D.F. et al. J. Med. Chem., 2002, vol. 45,
2615-2623 [0067]

• BRENK, R et al. ChemMedChem, 2008, vol. 3,
435-444 [0067]

• NIDHI et al. Prediction of biological targets for com-
pounds using multiple-category Bayesian models
trained on chemogenomics databases. J. Chem. Info.
Modeling, 2006, vol. 46, 1124-1133 [0084] [0129]

• PAOLINI et al. Global mapping of Pharmacological
Space. Nature Biotech., 2006, vol. 24 (7), 805-815
[0084]

• KAISER et al. Relating protein pharmacology by lig-
and chemistry, 2007, vol. 25 (2), 197-206 [0084]

• GLEESON. J. Med. Chem., 2008, vol. 51 (4), 817-834
[0085]

• PFIZER. Bioorg. Med. Chem. Letters, 2008, vol. 18,
4872-4875 [0085]

• Remington’s Pharmaceutical Sciences. Mack Pub-
lishing Co, 1995, 1447-1676 [0112]

• SAMBROOK J et al. Molecular Cloning: a Laboratory
Manual. Cold Spring Harbor Press, 2001 [0122]

• DAUGAN A. et al. J. Med. Chem., 2003, vol. 46 (21),
4533-4542 [0125]

• OBREZANOVA et al. Automatic QSAR modelling of
ADME properties: Blood-brain barrier penetration
and aqueous solubility. J. Computer-Aided Mol. De-
sign, 2008, vol. 22, 431-440 [0131]

• OBREZANOVA et al. Gaussian processes: A meth-
od for automatic QSAR modelling of ADME proper-
ties. J. Chem. Info. Modelling, 2007, vol. 47,
1847-1857 [0131]

• LIPINSKI et al. Experimental and computational ap-
proaches to estimate solubility and permeability in
drug discovery and development settings. Advanced
Drug Delivery Reviews, 1997, vol. 23, 3-25 [0134]

• VEBER et al. Molecular Properties that Influence the
Oral Bioavailability of Drug Candidates. J. Med.
Chem., 2002, vol. 45, 2615-2623 [0134]

• BRENK et al. Lessons learnt from assembling
screening libraries for drug discovery for neglected
diseases. ChemMedChem, 2008, vol. 3, 435-444
[0134]

• DAUGAN et al. J. Med. Chem., 2003, vol. 46 (21),
4533-4542 [0153]

• DAUGAN et al. J. Med. Chem., 2003, vol. 46 (21),
4525-4532 [0153]

• ROGERS ; HAHN. J. Chemical Information and Mod-
eling, 2010, vol. 50, 742-54 [0155] [0246]

• GLICK et al. Enrichment of high-throughput screen-
ing data with increasing levels of noise using support
vector machines, recursive partitioning, and lapla-
cian-modified naive bayesian classifiers. J. Chemical
Information and Modelling, 2006, vol. 46, 193-200
[0155] [0246]

• HERT et al. Comparison of topological descriptors
for similarity-based virtual screening using multiple
bioactive reference structures. Org. Biomol. Chem.,
2004, vol. 2, 3256-3266 [0155] [0246]

• KLON et al. Finding More Needles in the Haystack:
A Simple and Efficient Method for Improving
High-Throughput Docking Results. J. Med. Chem.,
2004, vol. 47, 2743 [0155] [0246]

• NIDHI et al. Prediction of biological targets for com-
pounds using multiple-category Bayesian models
trained on chemogenomics databases. J. Chemical
Information and Modeling, 2006, vol. 46, 1124-1133
[0155] [0246]



EP 2 502 173 B1

96

• NIDHI et al. A review of the application of Bayesian
activity predictions in drug discovery can be found in
Bender, 2006 [0156] [0247]

• BENDER. Bayesian methods in virtual screening and
chemical biology. Methods in Molecular Biology, Clift-
on, N.J., 2011, vol. 672, 175-196 [0156] [0247]

• XIA et al. Classification of Kinase Inhibitors Using a
Bayesian Model. J. Med. Chem., 2004, vol. 47,
4463-4470 [0157] [0248]

• PRATHIPATI et al. Global Bayesian Models for the
Prioritization of Antitubercular Agents. J Chemical In-
formation and Modeling, 2008, vol. 48, 2362-2370
[0160]

• CANNON et al. A Novel Hybrid Ultrafast Shape De-
scriptor Method for use in Virtual Screening. Chem.
Central J, 2008, vol. 2, 3 [0160]

• TRIBALLEAU et al. Virtual screening workflow de-
velopment guided by the ’’receiver operating charac-
teristic’’ curve approach. Application to high-through-
put docking on metabotropic glutamate receptor sub-
type 4. J. Med. Chem., 2005, vol. 48, 2534-2547
[0162]

• WERMURTH. J. Med. Chem., 2004, vol. 47 (6),
1303-1314 [0164]

• WERMUTH. Drug Discovery Today, 2006, vol. 11
(3/4), 160-164 [0164]

• J. Med. Chem., 1980 [0166]
• Bioorg. Med. Chem. Letts, 1990 [0166]
• ZHAO et al. Bioorganic & Med. Chem. Letters, 2002,

vol. 12, 3105-3109 [0195]

• ZHAO et al. Bioorganic & Med. Chem. Letters, 2002,
vol. 12, 3111-3115 [0195]

• ROTH et al. J. Pharmacol. Exp. Ther., 1986, vol. 238
(2), 480-485 [0198]

• ROTH et al. J. Pharmacol. Exp. Ther., 1994, vol. 268
(3), 1403-1410 [0198]

• ROTH et al. Psychopharmacology, 1995, vol. 120
(3), 365-368 [0205]

• ARANGO et al. Brain Res., 1993, vol. 630 (1-2),
271-282 [0207]

• ARANGO et al. Gen. Psychiatry, 1990, vol. 47,
1038-1047 [0207]

• BEMIS ; MURCKO. The properties of known drugs.
1. Molecular Frameworks. J. Med. Chem., 1996, vol.
39 (15), 2887-2893 [0213]

• ORTEGA et al. Synthesis, binding affinity and SAR
of new benzolactam derivatives as dopamine D3 re-
ceptor ligands. Bioorg. Med. Chem. Letts., 2009, vol.
19, 1773-8 [0214]

• BROWNE et al. J. Med. Chem., 1991, vol. 34 (2),
725-736 [0223]

• COLE et al. J. Med. Chem., 1990, vol. 33 (11),
2933-2942 [0223]

• J. Med. Chem., 1991, vol. 34 (2), 725 [0226]
• J. Med. Chem., 1990, vol. 33 (11), 2933 [0226]
• TRIBALLEAU et al. J. Med. Chem., 2005, vol. 7 (48),

2534-2547 [0228]
• ERTL ; SCHUFFENHAUER. J. Cheminformatics,

2009, vol. 1 (8 [0239]


	bibliography
	description
	claims
	drawings
	cited references

