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The small molecule discovery process has
been greatly influenced by recent advances in
HTS and combinatorial chemistry, which has
led to an unprecedented wealth of experi-
mental data. Unfortunately, the widespread
adoption of these techniques has also been
accompanied by several disappointments, such
as an insignificant rise in the number of com-
pounds entering clinical development despite
increased R&D expenditures worldwide [1].

Many reasons have been forwarded to ex-
plain the limitations of current discovery
strategies, such as prohibitive costs, logistical
requirements, the quality of the data that are
being produced, the sheer size of chemical
space and the appropriateness of molecules
that are being progressed through develop-
ment pipelines [2–4]. Unforeseen toxicity ac-
counts for a 50% attrition rate of compounds
in the clinical candidate stage [4], suggesting
that many inadequate molecules are being
pursued in hits-to-leads and lead optimiz-
ation. In conjunction with the number of
new targets that are expected from genomics
and bioinformatics initiatives [5,6], the cur-
rent cost and relative inefficacy of discovery
research makes for a clear need to use more
productive methods for the identification of
clinical candidates.

As a result, recently there has been much
interest in rationalizing the discovery process

by using in silico techniques, which aim to
identify the molecular properties that are at
the basis of a compound’s biological effect(s).
These techniques are used to select structures
that are most likely to succeed in preclinical
development. Although computational tech-
niques for studying structure–activity rela-
tionships (SAR) have been available for many
years now, newer substructure-based analytical
methods are being used to conduct systematic
analyses of hundreds of thousands of data
points at a time and are able to supply re-
searchers with predictive models for evaluat-
ing the most probable outcomes of screening,
profiling and even toxicological experiments
before they are even run [7–13]. This article
looks briefly at these methods, together with
examples of their use in HTS data analysis,
compound set design, virtual screening, ADMET
property prediction and selectivity profiling.

Chemical substructures
Traditional SAR methods focus on the study
of descriptors that are related to the chemical
structures of compounds undergoing analysis.
A veritable plethora of chemical descriptors
have been devised over the years [14], and, in-
tuitively, one would think that those reflect-
ing the three-dimensional (3D) properties of a
molecule would be the most effective because
the binding of a small molecule to a drug tar-
get is a 3D-dependent event. Unfortunately,
this is rarely the case because most 3D-based
methods rely on computational simplifications
that reduce the efficacy of the analytical
process [3,15,16], thereby making them less
effective than 2D-based techniques, such as
those that employ chemical substructures
[17,18]. Indeed, most 2D-based descriptors
present the advantages of being self-explana-
tory, easy to calculate and simple to interpret
[19], thus making them among the most
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widely used descriptors in pharmaceu-
tical research today [3].

But what exactly is a chemical sub-
structure? Mathematically speaking, a
substructure is a subgraph of the graph
that is associated with a chemical struc-
ture, and is correspondingly labeled (or
colored) in a manner that reflects the
nature of the atoms and bonds com-
prised in the original (parental) mol-
ecule. Such descriptors were first used
in chemical retrieval systems and were
later used for data analysis and com-
pound classification [20,21]. Molecular
access system (MACCS) keys are the
most commonly encountered example
[22], but remain of limited analytical
use because it is difficult to describe
the infinity of chemical space with any
finite list of small chemical fragments
[21,23].

Accordingly, several groups have turned towards using
larger lists of larger fragments for data analysis. These have
the advantage of being more readily interpretable by medi-
cinal chemists because one does not need to decipher end-
less lists of smaller substructures and they are easier to un-
derstand than many other 2D descriptors, which are often
abstract, theoretical constructs [3,24–26]. Typically, the
fragments used in this approach represent exact, generic,
linear and/or branched substructures of 6−40 atoms (Fig. 1).
An exact fragment is defined as a set of atoms and their
connections, whereas a generic fragment is defined as a
‘fuzzy’ substructure in which atoms and/or bonds are 
denoted by symbols representing lists of possible atoms,
bonds or even structural properties such as ‘H-bond accep-
tor’ or the like. Atom pairs [27] represent a special case of
the use of generic linear fragments, in which the atoms
flanked by the extremities are denoted with pseudo-atoms
representing any type of atom. As a molecular graph con-
tains fewer atom pairs than exact or generic fragments,
these descriptors are easy to generate and can be supple-
mented with other substructures to retain information on
the local environment (i.e. topological torsions) [28].

Analytical methods
Numerous analytical techniques, such as multiple linear
regression, partial least squares, clustering and neural net-
works, can, at least in theory, be used to process discovery
data. However, the wealth of information produced by
most discovery units is such that many methods are too
cumbersome to be applied to the analysis of corporate

databases. As a result, several substructure-based techniques
have been devised to process large amounts of information
[2,3].

One of the simplest ways to perform a substructure
analysis is to use a predefined list or ‘dictionary’ of 
fragments to check for the presence or absence of each 
substructure in a set of active molecules, and to then use a
statistical test to identify fragments that are associated with
the outcome of interest. This approach has been imple-
mented in the commercially available software package
LeadScope (http://www.leadscope.com) [29], which uses a
27,000 fragment dictionary and has been successfully ap-
plied to problems ranging from compound selection in
HTS to toxicity prediction [30]. However, it is clear that
even a dictionary of 100,000 carefully selected substructures
cannot be used to identify all the possible pharmacologi-
cally active fragments, so several potentially interesting
substructures are missed [3,31,32].

This problem might be circumvented by an approach
made available by Bioreason (http://www.bioreason.com)
[12], which groups compounds into clusters using MACCS
keys and then scores each cluster on the basis of the average
activity of the compounds contained in it. Substructures
associated with activity are identified as the maximal com-
mon substructures (MCS) found in high-scoring clusters,
which are then used as starting points for constructing
larger, pharmacologically active fragments using a mul-
tidomain classification algorithm that comprises an an-
nealing process. The end result is a method that allows one
to detect fragments that are not explicitly enumerated in
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Figure. 1. Structure (a) represents a molecule contained in a corporate compound
collection. Substructure (b) is one of many exact substructures contained in structure (a).
Substructure (c), in which ‘A’ represents any nonhydrogen atom, is one of many generic
substructures contained in structure (a). Substructure (c) is also contained in structure
(d), whilst substructure (b) is not. Substructure (e) represents an exact, linear
substructure contained in structure (d). Substructure (f) is an atom pair (C–C) separated
by eight other atoms.
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the fragment dictionary, thus providing the analyst with a
distinct advantage for dealing with large sets of structurally
diverse molecules.

It is also possible to replace predefined fragment dictio-
naries with alternative statistical techniques, such as recur-
sive partitioning (RP) [7]. As suggested by its name, RP is a
reiterative process whereby a set of structures is partitioned
according to the presence or absence of a discriminating
fragment contained in an exhaustive list of atom pairs and
topological torsions, the fragment of choice is the one that
provides the largest possible spread of mean activity be-
tween the subset of molecules that contain it and those
that do not. Partitioned subsets are then repartitioned 
according to the next best descriptor (and so on and so
forth), producing a hierarchically organized tree in which
the nodes represent fragments that are most likely to be at
the basis of a given outcome. Although RP can be a power-
ful technique for identifying combinations of fragments
associated with biological activity [7,8], the method does
have a few drawbacks. For example, molecules can only fall
within a single given branch of each tree, so if a structure
contains more than one pharmacologically active frag-
ment (as many do) RP may not be successful in identifying
all of them [32]. Moreover, RP can be sensitive to the 

false-negative and false-positive data contained in unbal-
anced HTS datasets [12,32], whereas atom pairs contain 
little structural information per se. As a result, it is often
necessary to reassemble atom pairs and topological torsion
descriptors into easier-to-interpret structural moieties [33].

The MultiCASE (http://www.multicase.com) method
provides an alternative to conducting substructure analy-
ses and then having to reassemble the fragments into more
accessible results [13]. It works by enumerating all linear
fragments of up to ten atoms contained in a list of test
molecules, and then assigning a statistical score value to
each fragment according to its association with the out-
come of interest. Although MultiCASE has been validated
extensively for therapeutic and/or toxicological outcomes,
it can encounter difficulties when dealing with datasets of
more than a few thousand molecules.

Finally, discrete substructural analysis (DSA) is another
method for identifying substructures associated with phar-
macological outcomes that does not rely on the use of a
predefined fragment dictionary [10]. It is based on a process
whereby the structures undergoing analysis are exhaustively
fragmented, and each substructure is then scored accord-
ing to its probability of chance occurrence in the dataset at
hand. The end result is an easy-to-interpret graphical out-
put in which the fragments associated with a given out-
come display high score values and can be further ranked
on the basis of their size or incidence in the subset of 
active structures (Fig. 2). Furthermore, the fragments used
can be exact, generic, linear and/or branched, and are typ-
ically very large, often more than 25 atoms [10,11,34],
thereby providing chemists with clear examples of what
substructure(s) a molecule needs to contain to exhibit a
given pharmacological property, and this without having
to reconstruct fragments or interpret descriptors after
analysis. In this context, DSA is capable of rapidly identify-
ing local and/or global maxima in datasets in excess of
100,000 chemical structures, which is impractical with
many other methods described to date.

Applications
HTS
The most obvious application of substructure analysis is
processing screening results. Although substructure-based
information can be used in hits-to-leads chemistry to in-
crease compound potency, bypass patents and/or to pre-
dict ADMET properties [3,10], the same information can
also be used to direct sequential screening campaigns in an
attempt to accelerate the lead discovery process. Sequential
screening is an iterative technique that employs in silico
methods to process screening results and then uses the
information to select compounds for subsequent rounds of
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Figure. 2. A list of 1450 phosphodiesterase IV (PDE IV) inhibitors
were exported from MDL’s Drug Data Report [22], fragmented
and the substructures were scored using a chi-square related
test statistic. Each point on the graph represents a unique
substructure (see example in inset). The x-axis shows the
number of inhibitors containing a given fragment, whilst the y-
axis is inversely related to the probability of chance occurrence
of each fragment in the set of active structures. Color coding is
used to indicate the fragment size. The substructures exhibiting
the highest scores are the ones that are most unlikely to be
present on the basis of chance alone, so it is assumed that they
represent important determinants for PDE IV inhibition.
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testing. As a result, new compounds are selected from areas
of chemical space occupied by chemotypes that have a
high chance of displaying a desired activity, whereas mol-
ecules that do not contain the required determinants are
removed from the screening process [2,35]. Substructure
analysis is a very efficient way to identify those preferred
chemical subspaces and routinely leads to 20-fold increases
in screening hit rates [10,35,36].

Another use of substructure analysis in HTS is to detect
false-positive results and ‘frequent hitters’ [10,12,31].
Many HTS datasets contain molecules that appear to be ac-
tive, yet are structurally dissimilar from all other hits. This
may be because the compounds are truly active and that
no other molecules of the same chemotype were detected.
Alternatively, the compounds may represent false-positive
data points. This can be caused by many factors, such as
pipetting errors, intrinsic fluorescence and the propensity
of some compounds to form aggregates and the like [37].
Although it is difficult to determine the actual cause of a
false-positive result, such compounds can be identified by
checking whether their substructures are associated with
activity by using several substructure-based analytical tech-
niques [7,9,10,12,13].

Nevertheless, several issues remain pertaining to the use
of substructure analysis in screening operations, such as
the failure of some methods to account for the notion of
bioisosterism [3]. Many compounds that differ from a
structural point of view are in fact equivalent in the sense
that they bind to targets in a similar manner. However,
methods that rely solely on the use of exact substructures
have difficulty in detecting these equivalencies, a hurdle
that can be removed by using generic substructures instead
[10,11,36,38].

Finally, substructure analysis is an efficient tool for as-
sembling initial, first generation compound collections for
HTS, and represents an interesting complement to diversity-
related approaches [39,40]. For example, the investigation
of kinases has produced more than 300 pharmacologically
active scaffolds that cover 80% of the kinase space, which
can be used to build compound collections [41]. Again, the
use of generic fragments is an important step in this process
because it allows novel compounds to be identified [10].

Compendium of chemical determinants
Another interesting use of substructure analysis is in the con-
struction of a database or ‘compendium’ of pharmacologically
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Table 1. Database of pharmacologically active chemical determinantsa

Outcomes

Adenosine A1 Angiotensin AT2 Cathepsin L Adrenergic B2 Dopamine D1Substructure
  agonism   antagonism   inhibition   antagonism   agonism

93 0 3.2 2.3 0

0.1 0 0.1 71 2.1

0.7 109 0 0 0

0 0.1 45 0 0

6.1 0 0 11 112

aThe table above shows a small portion of the Serono Pharmacological Compendium, which contains exact and generic fragments (’substructures’, left hand column)
annotated for their associations with various pharmacological effects (’outcomes’, top row). In this case, the associations were determined using a modification of
Fischer’s Exact Test as per the DSA method [10]. The complete database contains thousands of substructures annotated for over 500 endpoints, including
pharmacological, cell-based, animal model-based, toxicity, ADME and therapeutic outcomes. Such tables are simple to use. Molecules containing any of the
substructures shown in the left hand column are most likely to exhibit effects that correspond to the outcome(s) for which they exhibit the highest score value(s)
(see highlighted scores). For example, the substructure in the third row is strongly associated with angiotensin AT2 receptor antagonism (score of 109 versus < 1 for
other outcomes).
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active chemical determinants (Table 1) [10]. Such a com-
pendium can be viewed as representing a spreadsheet com-
prised of many thousands of rows and columns, in which
each row corresponds to an exact or generic fragment that
is annotated for its association with various biological end
points. Such end points can be molecular, cell-based, ani-
mal model-based, toxicological, metabolic and/or thera-
peutic and can be created from corporate, literature and/or
patent data.

Needless to say, such databases are extremely useful for
designing compound collections because the researcher
only needs to enter a set of outcomes to obtain a subset 
of substructures that code for the desired properties.
Alternatively, a compendium can be used in the reverse to
predict the most probable biological effects of novel com-
pounds, a property that is useful in hits-to-leads and lead
optimization chemistry. A database containing thousands
of fragments associated with over 500 biological outcomes
has been constructed for this purpose at Serono
[10,11,34,36] and it is probable that similar repositories
will be commercially available from other sources in the
future.

Virtual screening
Virtual screening is currently the most widely used method
for compound selection [17,42] and can take many forms,
such as filtering molecules for computed physicochemical
properties, 2D-based substructure searching and/or 3D
pharmacophore searching. 2D-based virtual screening con-
sists of searching for structures that contain one or more
given fragment(s) in a chemical database, a process that
takes only seconds in repositories containing millions of
molecules. In practice, searches often start by using generic
fragments and/or lists of exact fragments in a manner that
identifies as many candidate molecules as possible (typi-
cally thousands of structures), after which the subset is 
reduced by additional substructure searching, diversity
analysis, similarity analysis and/or property-based filtering
[3]. Interestingly, one would think that it would be diffi-
cult to retrieve novel chemical series on the basis of 2D
searching, but this is not the case. Indeed, the use of generic
fragments allows the chemist to identify active compounds
with unexpected chemical structures, which allows one 
to bypass prior art [10,11]. Table 2 shows the results 
obtained for target-focused compound sets that were de-

signed using DSA at Serono. In each
case, the compound sets were assem-
bled using literature data; however,
they delivered novel pharmacologi-
cally active chemotypes that, in the
majority of cases, were of higher chem-
ical tractability, potency and drug-
likeness than those derived from a 
random set that was tested for control
purposes.

Nevertheless, one drawback of sub-
structure-based virtual screening is its
propensity to deliver only a handful 
of candidates for testing, particularly
when multiple nested searches are 
conducted in commercial compound 
collections, which does not allow 
the chemical space around a family of
chemical determinants to be explored
sufficiently [43]. Moreover, many com-
mercially available structures exhibit
poor ADMET properties, so the useful-
ness of virtual screening without using
additional property filters remains
questionable. One way to address this
problem is to use substructure analysis
to design and screen virtual libraries of
billions of novel targeted, drug-like
compounds.
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Table 2. Example of hit rate improvement using substructure analysisa

Corresponding DSA-inducedTarget Class Random set
  DSA Set   enhancement

1 7TM Receptor 0.10% 8.77% 87.7

2 7TM Receptor 0.10% 9.49% 94.9

3 7TM Receptor 0.50% 6.25% 12.5

4 7TM Receptor 0.78% 0.58% 0.7

5 Steroid Receptor 0.34% 5.58% 16.4

6 Kinase 0.15% 4.04% 26.9

7 Kinase 0.23% 4.21% 18.3

8 Kinase 0.24% 0.54% 2.3

9 Kinase 0.64% 3.10% 4.8

10 Ion Channel 0.58% 4.77% 8.2

11 Ion Channel 0.22% 0.87% 4.0

12 Protease 0.12% 10.02% 83.5

13 Phosphatase 0.47% 3.71% 7.9

14 Polymerase 0.52% 3.12% 6.0

Average enhancement: 26.7 Fold
aFocused compound sets of ~2000 molecules were generated using literature and patent data for 14
different targets representing seven target classes as previously described [10]. A set of 1280 randomly
selected molecules was assembled for control purposes. The hit rates obtained with the target-focused sets
(see ’DSA set’) were almost always higher than those obtained by random screening, providing on average
a 26.7-fold enhancement. Interestingly, many of the compounds identified in the focused sets represented
novel pharmacologically active structures (in the sense of application and/or composition of matter, see
ref. 10), whereas a significant proportion of those identified in the random set represented variants of
known ligands, kinase inhibitors and the like. However, it should be noted that substructure analysis is not
infallible, as operator errors and/or incorrect starting hypotheses can lead to failure in improving hit rates
(see fourth and eighth entries).



Virtual combinatorial libraries
Virtual combinatorial libraries (VCLs) are databases con-
sisting of many hundreds of combinatorial reaction
schemes that, at least in theory, can lead to the generation
of billions of novel compounds. In this way, VCLs capture
the chemist’s knowledge in the form of combinatorial li-
braries [44], only a few of which will be selected during the
virtual screening process for synthesis and testing [42,45].
Provided that the libraries are designed with protocols that
comprise a few simple steps, the delay between subsequent
rounds of HTS can be reduced so that the overall discovery
process is considerably shortened.

Of course, the main problem in constructing a VCL lies
in populating it with adequate structures. It is attractive to
try to cover the majority of chemical space with non-tar-
geted libraries in an attempt to introduce chemical novelty
[43,46], but in practice this is unrealistic [19,42]. Indeed,
whatever the number of reaction schemes contained in a
VCL, these will never lead to products that represent more
than a small part of chemical space. In agreement with
this, it has been estimated that up to 10100 structures can
be synthesized using current methods [42,47], that there
are potentially 1060 small molecules of less than 30 non-
hydrogen atoms [48] and that up to 1040 pharmacologi-
cally relevant compounds are likely to exist [2,45]. Even if
hardware continues to follow Moore’s law [49], it is obvi-
ous that even a VCL containing trillions of compounds
fails to represent such a large number of structures in any
meaningful way.

Consequently, most VCL design work is focused on re-
ducing the number and size of libraries to fit individual
needs [42]. A current trend is to assemble collections that
are directed towards families of targets as opposed to focus-
ing on a single receptor or enzyme [50]. Scaffold selection
is typically based on the chemist’s insight, but can also in-
volve selecting novel chemotypes whose structures bear
determinants that are strongly associated with activity on
a given family of targets [10,11]. This second approach is
identical to the use of substructure analysis and/or a com-
pendium in the design of first generation compound sets
for sequential screening, a method that has been used to
generate a VCL of 4×109 novel, target-focused compounds
at Serono. 

Alternatively, the size of a VCL can be restricted by using
more stringent inclusion criteria. For example, substruc-
tures can be generated from basic chemical principles and
used to narrow the size of collections by assuring chemical
accessibility. However, some groups insist that their virtual
reaction products be novel before inclusion to increase 
the chance of claiming intellectual property in the event 
of activity. This is easy to do because one only needs to 

conceive of novel central scaffolds and/or of novel reagents
to ensure novelty for every structure that contains them. It
is also important to focus on properties related to drug-
likeness [42,51–53], which can be used as filters during the
design phase [52–55]. This limits the chance of working on
leads with poor ADMET properties [6] and can take on 
several forms, such as limiting the molecular weight or
number of rotatable bonds in virtual reaction products
[54], optimizing compounds for lipophilicity [42] and/or
avoiding non-drug-like functional groups. However, such
filters should be used with caution because non-drug-like
compounds still provide precious structural information
that can be used to optimize chemical series [42,55].
Moreover, undesirable moieties can sometimes be removed
to turn non-drug-like hits into exciting leads [42].

Toxicity prediction
Failures in the R&D process account for a substantial part
of the drug development cost because many compounds
are discarded after substantial investment owing to unfore-
seen toxicological effects. This has led to an accrued inter-
est in applying substructure analysis to the problem of 
toxicological prediction [6], which is a process aimed at
identifying the structural features that confer toxicological
properties to molecules, the said structural features being
termed toxicophores [56,57].

Most often toxicophores are used as filters to avoid po-
tentially toxic compounds early on in the library design
stage [6,42] and/or to flag compounds that are going to be
difficult to progress [10]. Two approaches to toxicophore
identification have been described. The first involves rule-
based systems that require expert input [30], whereas the
second relies on the identification of chemical determinants
that are associated with toxicity as per every standard sub-
structure analysis. Analyses are conducted on parent com-
pounds and/or their metabolites. In the former case, the
resulting toxicophores can be toxic per se or correspond 
to substructures in a parent molecule that confer toxicity
once metabolized. A classic example is the aniline sub-
structure (i.e. an aromatic amine), which is considered by
many to represent a toxicophore even though the fragment
requires metabolic activation to reveal its carcinogenic
and/or mutagenic behavior [57].

In view of the above, many of the methods used for ana-
lyzing HTS data can be applied directly to the problem of
toxicological prediction [9,10,13], as further illustrated 
by the adoption by the FDA of the MultiCASE technique 
for assessing drug toxicity [58–60]. However, it should be 
recognized that selecting compounds for HTS differs from 
trying to eliminate toxic ones. In the former case, one is
interested in identifying active molecules, so it suffices to
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assemble a set of structures that comprise fragments that
are strongly associated with activity. In the latter case,
however, one is interested in assessing the potential toxic-
ity of individual compounds. Although known toxicophoric
fragments can be used to eliminate undesirable molecules
in a preliminary filtering step [57,61], more accurate pre-
dictions require the in-depth analysis of each structure
[57–62].

ADME prediction
ADME prediction is another area that has begun to attract
considerable attention [6,62]. In view of the difficulty in
evaluating both in vitro and in vivo properties, ADME pre-
diction is a particularly challenging area in which most
in silico methods have been directed at increasing com-
pound throughput or diminishing the need for animal 
sacrifices [63]. Accordingly, there are very few reports de-
scribing the use of substructure analysis in the assessment
of ADME properties, although this will probably change in
the future.

The majority of drugs are metabolized by cytochrome
P450 and/or by extrahepatic enzymes [51,56]. 3D pharma-
cophore models have been used to describe this process [6]
and it is foreseen that docking algorithms will also soon be
used to predict metabolism [64]. An alternative approach
involves screening structures for the presence or absence of
fragments known to be associated with cytochrome P450
inhibition (or induction), such as those contained in a
fragment database [10].

Substructure-based analytical methods are also starting
to be used for predicting compound permeability and
plasma protein binding [51]. In the first case, a method
based on the use of partial least squares has been described
and appears to be a useful complement to 3D-based meth-
ods, which have difficulty in dealing with the problem 
of passive diffusion. Along the same lines, the MultiCASE
technique has been used to identify biophores (i.e. chemi-
cal fragments) that are associated with plasma protein
binding, which is a useful way to supplement standard
lipophilicity calculations [17].

Finally, there are no reports describing the use of sub-
structure analysis in the prediction of blood-brain barrier
permeability, but, again, this may change in the future.
Other methods are typically used for this purpose [51], as
well as for the prediction of solubility [65–67]. Interestingly,
when fragment-based approaches are used for assessing
solubility, substructures are regarded more as contributing
groups than as representing a single pharmacophoric moe-
ity that is at the basis of a given outcome [68]. In this 
context, it should be noted that the prediction of ADME
properties remains a challenge using any computational

technique, particularly in view of the paucity of reliable
data [51].

Selectivity
A last application of substructure analysis is in the predic-
tion of compound selectivity. In this regard, databases of
chemical determinants are invaluable tools for predicting
the secondary pharmacological actions of compounds
[10,11]. This can be done either by using a compendium,
such as a dictionary, to check for the presence or absence
of substructures that are associated with various actions as
previously described, or simply by checking for the pres-
ence of a specific fragment in a compound of interest [10,11].

Conclusion
Substructure analysis is rapidly changing the way hit and
lead candidates are being identified for pharmaceutical de-
velopment. Although substructure-based computational
techniques have been available for nearly three decades
[69], the more recently devised methods address many of
the previous limitations relating to the use of small sets of
fragment keys, the need to handle and interpret difficult-
to-understand indices and the impossibility of analyzing
more than a few hundred structures at a time [7–13]. In ad-
dition, several easy-to-use substructure-based analytical
tools are now commercially available, thereby allowing 
discovery groups to circumvent the need to randomly test
hundreds of thousands of molecules to identify novel,
drug-like chemotypes.

Overall, the heuristic potency of substructure-based 
predictive methods is now well established for HTS data
analysis, compound set design, virtual screening, in silico
selectivity profiling and toxicological prediction. One of
the many interesting future applications of substructure
analysis is in high throughput sequential screening (Fig. 3).
Although the need to cherry pick and plate individual
compounds can make this a very time consuming process
[35], implementing workflows in which privileged sub-
structures are extracted from datasets and then used to 
select compound plates that are enriched in closely related
variants of the same said substructures is faster and is a
method that is being used successfully in several laborato-
ries [8,11,39].

Another exciting application of substructure analysis is
in the compilation of databases of privileged substructures,
which can provide a useful framework for decision mak-
ing. Not only can such repositories be used for virtual
screening, as described above, but they can also be used 
to design compound sets for identifying orphan receptor-
ligand pairs to elucidate targets in cell-based chemical 
genomics experiments, to build semiautonomous discovery
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workstations and/or to evaluate the hits and lead series. In
this last regard, knowing that a lead candidate bears one or
more chemical determinants that are strongly associated
with, for example, the inhibition of a cardiac ion channel,
the induction of hepatic enzymes and/or a nephrotoxic ef-
fect is a clear advantage for selecting molecules for further
progression.

Finally, ADME property prediction is another field in
which substructure analysis is likely to represent a useful
addition to currently available techniques. Much remains
to be explored in this area, and, although both solubility
and passive transport modeling appear to be better ad-
dressed using other methods, preliminary reports indicate
that substructure analysis may prove useful in predicting
both central nervous system activity (indicative of blood-
brain barrier permeability) and metabolism [70,71].

To conclude, modern substructure-based analytical
methods are useful additions to the discovery scientist’s 
armory of computational techniques. They are affordable,
readily accessible to the non-specialist and provide dis-
covery units with the capacity to predict the outcome of
screening experiments before they are even run, which 
remains a remarkable advantage in an industry in which

random HTS and step-by-step medicinal chemistry remain
so often the norm.
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Figure. 3. Use of substructure analysis in sequential screening.
Substructure analysis or a database of pharmacological
determinants is used to assemble an initial set of compounds by
virtual screening (1). The compounds are tested (2), which
produces a list of active structures (3). The molecules are
submitted to substructure analysis (4), which identifies the
fragments that are associated with activity and allows focused
sets to be designed that are enriched in these determinants.
Testing the second generation compound set (5) leads to the
identification of new active structures (3). The loop is reiterated
until sufficiently interesting leads are identified (6).
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