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With the rise of HTS in the 1990s, compound collections in big
pharma needed to grow significantly to keep up with the pace of
screening technology. In addition to compound acquisition, com-
binatorial chemistry was the method of choice for producing 
diverse libraries of compounds that might act as starting points for
new leads in coming projects. Although it is nowadays feasible to
maintain collections of a million samples and routinely screen
them if protein production or assay capacity permit, it is arguable
whether this is always necessary. When sufficient knowledge about
the target is available, other approaches, such as focused and 
sequential screening, are often relevant alternatives.

We will describe several computational techniques that are 
applied at different stages of hit identification and the hit-to-lead
process, and outline recent developments and their successful 
application. Figure 1 provides an overview of the different tasks
and computational techniques used during HTS-based lead gen-
eration. For focused screening, most of these methods can also be
used for selection of subsets. Because our focus is on computational
techniques, we would recommend other reviews for a more general
description of the lead generation process [1,2].

Hit identification: finding actives
Different approaches can be applied for finding actives to start a
drug discovery project. When the structure of a target protein is
available, structure-based lead generation is a very reasonable 
option [3]. To follow up on a competitor’s lead, scaffold hopping
can be applied scaffold hopping can be applied, which is the iden-
tification of molecules with analogous structure but significantly
different backbone [4]. Alternatively, when a series of known actives
are available, a pharmacophore model can be built and used for
virtual screening [5]. However, if one is interested in finding a larger
number of novel starting points there are, in principle, three 
approaches to discovering actives in the existing compound 
collection (Figure 2):
• Random screening (or full HTS) tests all, or a large subset of all

available compounds, typically in several steps starting with a
high-throughput primary assay, followed by one or more steps
to derive hits (i.e. identity- and purity-controlled samples that
show low micromolar activity in a concentration-response screen).

• Focused screening is screening of a subset of the compound 
collection that has been chosen based on knowledge about com-
pounds that are active against a specific target. When there are
bottlenecks in assay capacity or protein supply, a focused screen
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is the only way to identify a large number of starting points. It
is also the method of choice for finding backup series for a project
that has been through a full HTS in the past.

• Sequential screening is carried out in several iterations, starting
from a representative (diverse) subset of the complete collection.
In each iteration, clusters of active compounds are expanded
further until a sufficient number of hit series is identified.

Although sequential screening sounds very reasonable from the
perspective of a computational chemist, logistics and time lines are
not in favour of this approach because the infrastructure is built
for large-scale HTS campaigns. Screening the full collection is usu-
ally less effort than replating samples and setting up equipment
for several independent runs of an assay. However, if rapid picking
and reformatting facilities are available, focused or sequential
screenings are reasonable alternatives to a full HTS campaign. In
addition to lower costs due to lower consumption of protein, sub-
strates and, of course, compound samples, the best argument for
focused screening could be that it opens the door for assays that
provide a more reliable readout than high-throughput primary
screens [6]. When starting with a full HTS, hit identification deals
with recognizing false positives, so that hit series need to be
dropped when more data become available*. Nevertheless, HTS is
still the best method for providing novel starting points, and several
success stories of lead compounds that originated from HTS 
campaigns – including marketed drugs – have been described [7–9].

Today, big pharma have revised their view of HTS as an all-purpose
lead-generation instrument. It is now seen as a toolbox, supporting
large-scale HTS and focused medium-throughput screening of 
targeted libraries, and more reports of successful focused screening
campaigns are appearing [10–15]. In order for this flexible use of
HTS to be effective, it is crucial that an information-driven deci-
sion process is in place to use the available technology optimally
and to exploit the generated data [16,17].

Primary HTS data: false positives
When running a full HTS, it is questionable if one should carry out
computational work with primary data. Actives in a primary screen
can be false positives for several reasons, such as interference with
the assay [18] or aggregate formation [19]. However, redundancies
are expected in HTS collections, so that statistical methods should
be robust enough to analyze primary data. For example, the higher
the number of actives that are structurally related to a certain 
inactive, the higher the probability of it being a false negative.
Based on this concept, Engels et al. [20] from Janssen Pharmaceuticals
use a statistical technique – logistic regression – to rescue false 
negatives after a primary screen. For dealing with false positives,
Schreyer et al. [21] have recently proposed an approach that they
name data shaving, where features of primary inactives are used to
deprioritize follow-up compounds from similarity searches of HTS
hits. The noise level in primary data is even higher when mixtures
of samples are screened. For this scenario, Glick et al. [22] of
Novartis suggest another statistical technique – a naïve Bayes 
classifier – to prioritize compounds for follow-up. 

Pharmacopeia prepare their screening libraries using a modified
version of split-and-mix combinatorial chemistry, which results in
inherent redundancy in their screening experiments that can be
statistically utilized to reduce false-positive rates [23]. In their paper,
Diller and Hobbs [23] use this data to derive rules for properties
that increase the likelihood of biological activity, in analogy to
Lipinski’s rules for oral bioavailability. They suggest that their filters
should be used to increase hit rates of targeted libraries.

When starting with a full HTS campaign, it is best to avoid 
prioritizing actives until quality data becomes available, that is 
concentration-response curves for activity, and purity and identity
controls of the screening samples. Actives that pass these criteria
are then referred to as hits, and from here on there is no difference
in hit-to-lead campaigns that originate from focused screening
compared to those started with a full HTS (Figure 2).

Clustering: grouping hits
All hits are usually clustered into series to provide an easy overview
of the different chemical classes that have been identified as being
active against the target. Automated clustering approaches depend
on a particular molecular representation and a measure of simi-
larity for a pair of compounds. The most common representations
are binary fingerprints, which are used together with the Tanimoto
similarity coefficient. Binary fingerprints encode molecular struc-
tures in a string of bits (i.e. 0s and 1s) that describe the absence or
presence of a certain feature (e.g. a particular functional group). Bit
string comparisons are computationally highly efficient, and the
Tanimoto coefficient relates the number of set bits (1s) that two
fingerprints have in common to the total number of bits set in both
fingerprints.

FIGURE 1

An overview of the workflow for an HTS-based lead generation campaign.
The diagram shows the computational techniques that are used at the various
stages to support data organization, series exploration and prioritization, and
guide the overall decision-making process.

Drug Discovery Today 

Primary screen

Concentration response screen

Forming hit series

Exploring hit series

Profiling hit series

Prioritizing hit series

Statistical methods to
recognize false

positives and rescue
false negatives.

Similarity
search using
fingerprints or

shape and
electrostatics or

data mining.

Ranking based on SAR,
potency, synthetic
accessibility and

pharmacological profile.

Clustering by
fingerprint or
substructure.

Prediction of
ADME-Tox
properties.

*One of our co-workers recently renamed hit identification to hit elimination,
which unfortunately seems to be a more suitable description of workflow
when starting from a full HTS.



DDT • Volume 11, Number 1/2 • January 2006

Re
vi

ew
s 

•I
N

FO
R

M
A

TI
C

S

45www.drugdiscoverytoday.com

In addition to structural keys, such as ISIS keys from MDL, which
encode the presence of functional groups, fingerprints can be derived
from paths in the molecular structure, such as Daylight fingerprints,
or represent combinations of the two, as implemented in UNITY fin-
gerprints from Tripos. Other implementations of fingerprints are based
on 2D or 3D pharmacophores. Here, molecules with matching fin-
gerprints are capable of making similar interactions rather than being
similar in structure. All available fingerprints and similarity measures
provide different representations of the chemical space, and it needs
to be stressed that compounds that are close in one representation
will not necessarily be rendered very similar in another one [12].

When a representation of structural features and a similarity 
coefficient have been decided, there are still different ways of clus-
tering active compounds and arranging them into distinct hit 
series [24]. The number of compounds to cluster usually dictates
the technique. Hierarchical clustering can be either bottom-up 
(agglomerative), starting from single compounds and joining them
into clusters, or top-down (divisive), starting from the whole dataset
and splitting it into smaller clusters. Hierarchical clustering meth-
ods do not scale to more than several thousand compounds 
because they require the computation of a similarity measure for
each pair of structures. For larger sets, non-hierarchical clustering
algorithms, like exclusion sphere, k-nearest neighbours or Jarvis–Patrick,
are applicable. A related technique is called partitioning, where the
molecules are grouped by subdividing the chemical space. Because

this does not involve pairwise similarity comparisons between mol-
ecules, there is no limit to the number of compounds that can be
grouped by partitioning.

A common drawback of automated clustering methods is that
medicinal chemists will always find clusters that they disagree with
or identify singletons that should have been added to a certain
cluster based on their subjective perception of similarity. Medicinal
chemists usually appreciate the presence of common structural 
features in clustered molecules, which is not always apparent with
fingerprint-based clustering. This issue is addressed by approaches
that cluster molecules that share a set of substructures, even when
these substructures are connected by different linkers [25,26]. An
interesting approach has recently been introduced by Stahl and
Mauser [27] of Roche, who recommend a two-step process: first,
exclusion-sphere clustering based on Tanimoto coefficient for
Daylight fingerprints and, second, clustering based on maximum
common substructure. In addition to delivering clusters that are
more in-line with chemists’ expectations, they report that this
method is capable of clustering 750,000 compounds.

Exploration: extending hit series
When interesting hits have been identified, there might be a need
to search for close analogues to some of them. Especially in the
case of singletons or smaller clusters, additional compounds should
be screened so that it is possible to derive an initial SAR for the 
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FIGURE 2

A typical view of the overall lead-generation process, which starts with one of three parallel tracks. The numbers are examples, and deviations are expected
for certain targets.When series are explored by screening neighbours to interesting hits, these can be taken either from the in-house compound collection or
commercial sources.
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corresponding hit series. Different similarity-search methods can be
used for this task, and it is recommended that all possible repre-
sentations are used together, even combining 2D fingerprints with
pharmacophore or shape-based searches to exploit the strengths
of the individual representations [12,28]. For this, results from inde-
pendent searches with different representations are done, and the cor-
responding hit lists are combined using different approaches [29,30].

We have found that the Z score of Tanimoto coefficients are an
effective and simple way to combine hit lists from different 
fingerprint-similarity searches of the same template molecule. The
Z score is based on the distribution of the Tanimoto coefficient for
all structures that were compared during the similarity search. It
indicates how far the Tanimoto coefficient of a compound deviates
from the mean Tanimoto coefficient of all compounds, and is 
expressed in units of standard deviation of the distribution.
Tanimoto values depend on the representation being used and can-
not be compared across fingerprints. Many approaches described
in literature use a general cut-off of 0.85. This was originally pro-
posed for Unity fingerprints, and propagated by several groups,
who claimed that compounds above this cut-off are most likely
to have similar activity. In a more recent study, Martin et al. [31]
of Abbott have shown that it is not possible to provide a general
cut-off for the Tanimoto coefficient.

Figure 3 shows an example of the advantage over single methods
of combining hit lists from different fingerprints. It presents results
for the hypothetical case where omeprazol is a member of a cluster

that needs to be explored. Five representative hits from a combined
search in 14 million ChemNavigator compounds are shown.
Although some of them are not picked up within the top 1000 hits
of a single fingerprint, they are all found within the top 59 hits
when ranked by Z score.

When exploring clusters, it can be an advantage to carry out 
simultaneous searches with more than one template molecule.
When combining hit lists from different templates, the size 
dependence of a coefficient can bias the results [32,33]. However,
it has been shown that using more than a single template is ben-
eficial but that the results depend on the diversity within the set
of template molecules [34,35].

Most useful is the combination of different techniques for iden-
tifying analogues. Ideally, these methods should be orthogonal in
their representation, and a perfect complement to fingerprint or
substructure-based similarity search are methods that ignore all
structural features of the molecules during comparison, and just
look at the overall shape or electrostatic similarity.

Shape and electrostatics: another view on similarity
Several forms of 3D descriptors containing shape and electrostatic
information are available today. The underlying idea of shape 
comparison is that molecules that look similar are likely to act in
the same way. The power of shape, as defined by Grant et al. [36],
is that it is a fundamental molecular property and that shape 
difference forms a metric space. There are no arbitrary parameters

FIGURE 3

Different molecular representations provide different hit lists for fingerprint-based similarity searches. A database of 14 million ChemNavigator
compounds was searched for the closest 1000 neighbours to omeprazole using three fingerprint implementations. Merging all 3000 hits and sorting by Z Score
instead of Tanimoto (Tan) positions the shown compounds within rank 1 to 59. Even though we do not know about their activity, all of these would be reasonable
analogues to screen if omeprazole were an interesting hit out of an HTS campaign that needed follow-up.When depending only on a single fingerprint, some of
the hits were not even within the top 1000 neighbours.
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and no conditions on types of molecules or types of chemistry. 3D
methods obviously have their particular problems, most notably the
multiple conformer issue. However, shape-comparison programs
alone work surprisingly well. For example, Rush et al. [37] of Wyeth
recently used the shape comparison program ROCS (OpenEye
Scientific Software, www.eyesopen.com) to identify a set of novel in-
hibitors of the ZipA–FtsZ protein–protein interaction. The obvious
advancement of this approach is to use shape in combination with
electrostatics. The clomplementary program to ROCS for electrostat-
ics is the recently developed program EON (also by OpenEye Scientific
Software). EON calculates the electrostatic field around aligned mol-
ecules using Poisson–Boltzmann theory (Figure 4). Nicholls and
co-workers found that molecular shape and electrostatics, in combi-
nation with 2D structural fingerprints are important variables in dis-
criminating between active and inactive compounds [38]. A related
– although not shape-based – method is implemented in Cresset
FieldScreen™ software (www.cresset-bmd.com), which is based on
molecular field points around a molecule. Low et al. [39] applied this
tool to derive novel selective cholecystokinin-2 (CCK2) antagonists.

Data mining: use knowledge to find actives
The techniques described above are very efficient in identifying
compounds that are similar to a given hit or representative of 
certain hit series. Data-mining approaches [40] can take into 
account global knowledge, such as features present not only in
an interesting hit series but in any of the compounds tested up to
a point. In these tools, available actives and inactives are used as
training sets to build models capable of classifying new compounds
by labelling them as active or inactive, or by providing a score 
related to the probability of these compounds being active.

Data mining has become widely known within drug discovery
by a fairly large number of approaches to the prediction of drug
likeness, for example, by using artificial neural networks (ANNs)
[41–44], recursive partitioning [45] or support vector machines
(SVMs) [46]. Thousands of representatives are accessible for model
building [e.g. the MDL Drug Data Report (MDDR)] for predicting

drug likeness. However, during hit-to-lead only a few hundred 
actives are available. Also, a much higher number of inactives than
potential actives is expected in any set that is to be classified, and
models that reflect this skewed class distribution need to be 
developed. These models should be more accurate in classifying
inactives to reduce the total number of compounds that are 
predicted to be active and minimize the false-positive rate [47].

There have been successful reports of data mining being used
for selecting focused screening sets. Neural networks have been
trained to predict target-class likeness for, for example, G-protein-
coupled receptors (GPCRs) or kinases [14,48]. Similarly, Saeh et al.
[47] of AstraZeneca used SVMs to predict activity against specific
targets. Here, the molecules are represented by 3D pharmacophoric
fingerprints. Because of this, the model was able to identify chem-
ical classes not represented in the training set, which proves that
classification can even be used for lead hopping. Recursive parti-
tioning [49] has been used to select subsets during sequential
screening for GPCRs [13]. Another interesting approach is described
by Warmuth et al. [50], who use SVM and active learning during
sequential screening. During active learning, the model is refined
after each iterative screening step, and the compounds to be
screened are chosen by a particular strategy. Warmuth et al. propose
a way of switching strategies for biasing the outcome to exploration
or exploitation of the chemical space.

Just as in the field of fingerprint similarity searching and clus-
tering, several comparisons between data-mining methods have
been carried out. It is not possible to reach a consensus from these
studies because performance clearly depends on the composition
and size of training sets. When the number of compounds in the
training sets is not much larger than the number of descriptors,
there is the risk of overfitting [51]. In such cases, feature selection
should be used to reduce the number of descriptors [52]. Overfitting
needs to be carefully monitored, especially for ANNs, because these
minimize only the error in the training data during model building.
SVMs are based on the concept of structural risk minimization, in
other words, they take into account the approximation error during

REVIEWS

FIGURE 4

Database search based on shape and electrostatic similarity can identify structures that have similar chemical properties (electrostatics) to a template
molecule but are structurally dissimilar. The two inhibitors of Phosphodiesterase 4B, (a) cilomilast and (b) piclamilast, are structurally different but have high
shape and electrostatic similarity.

HO

O

N

O

O

O

O

O

N
H

N
Cl

Cl

(a) (b)

http://www.eyesopen.com
http://www.cresset-bmd.com


REVIEWS DDT • Volume 11, Number 1/2 • January 2006

Review
s •IN

FO
R

M
A

TIC
S

48 www.drugdiscoverytoday.com

model building, which makes them less prone to overfitting [53].
SVMs have been shown to outperform ANNs in a range of test sets
[46,54,55]. However, the observed differences are often minor.

In the past few years, several data-mining techniques have been
improved by making use of ensembles of classifiers that are then
used to derive a consensus model. This was first introduced for
recursive partitioning [10,56,57] and has more recently been 
applied to SVM classification [58]. There is a significant performance
gain when the ensemble methods are applied to known datasets
and compared to the performance of the original non-ensemble
classification. An interesting example along this line is the 
prediction of isoform selectivity of UDP-glucuronosyltransferase
by Sorich et al. [54]. Following up on earlier work using 2D 
descriptors and SVM, the authors add quantum-chemical descriptors
and show that the results improve significantly when building 
separate SVM models and using a consensus classification rather
than combining both descriptor sets in a single model [59].

Prioritization: ranking hit series
We have described the computational tools used to explore the 
environment of compounds to enrich hit series so that they show
initial SAR. Before lead-identification chemistry starts, the series
need to be profiled further to explore their potential as lead series.

Ligand efficiency [60,61] is currently one of the most frequently
used buzzwords in hit-to-lead. The idea behind it is to look at 
potency in combination with size, so that small, less potent molecules
are ranked equally with large, more potent compounds. This makes
it a very useful tool to compare compounds across different hit 
series or to pinpoint small interesting clusters during hit identifi-
cation, which can be easily overlooked when focusing on potency
alone. However, it is important that ligand efficiency should 
always be seen in the context of a set of compounds, because it is
not a global measure for the overall quality of a hit. High ligand
efficiency for a small weakly active molecule does not necessarily
imply that it has the potential to be turned into a high affinity
compound†. Most desirable are hit series where potency can be 
increased while maintaining molecular weight. Increasing molecular
weight is obviously not the only way to increase potency but Oprea
et al. [62] argue that drugs are on average substantially larger than leads.

The rapid delivery of a compound that can be used as a phar-
macological tool has the highest priority for non-validated targets.
In this case, potency and physicochemical properties are clearly
more important than ligand efficiency. Lead series should provide
orally available drug molecules by the end of most drug discovery
projects. Oral bioavailability depends on several physicochemical
properties, and Lipinski’s rules are widely accepted as a general
filter. It has recently been shown by Martin [63] of Abbott that
these rules need to be further refined, especially for charged com-
pounds. Even when the final goal is an orally available drug, there
is no generic profile for an optimal hit series because the optimal
properties depend on the target class or therapeutic indication. For
example, drug molecules that target a nuclear receptor need to meet
a different profile than those that block a receptor at a cell surface.

Important for ranking hit series are their absorption, distribution,
metabolism and elimination (ADME) properties and toxicity (Tox)

profiles. ADME–Tox properties, such as solubility [64], metabolic
stability [65], permeability [66], plasma-protein binding [67], tox-
icity [68] and cytochrome P450 inhibition [69], can be measured
experimentally, or be based on predictive models [70,71]. Both 
alternatives should complement each other: computational models
always need experimental data for refinement, and if a reliable‡

model is available, there is no need to perform an experiment. In
general, the ADME–Tox profiles should be evaluated together with
potency and SAR information and enable project teams to make
informed decisions, to see the potential of a series, and to be alerted
to potential show stoppers [72].

Hit-to-lead: making the right choices
In a very entertaining article, DeWitte [73] compared the difficulties
of sequential selections during drug discovery with the sports
world, where occasional victories should not outperform consistent
success. As an example, he claims that the best cyclists would never
have been discovered if during the Tour de France only the top 
cyclists from the flat races were allowed to race across mountainous
terrain. Because we will never be able to carry out in vivo experi-
ments with all our hits, the main challenge during hit-to-lead is to
make the right decisions at the various stages and, while doing
so, not to lose sight of the larger context. Instead of being 
impressed by the high potency or high ligand efficiency of single
hits, one should always try to find the right balance between 
potency, SAR and pharmacological profile. All available information
must be considered to identify the potential of a series being 
successful in future experiments.

The overall lead generation process starts with a large number
of primary actives, but many of them can turn out to be false pos-
itives. False negatives can also occur, most likely because of sample
decomposition or precipitation [74]. In the early stages of hit iden-
tification, decisions need to be based on statistics. No data can be
judged alone and it is important that the subsequent hit-to-lead
process starts with quality-controlled hits. These hits are organized
in clusters and it can be worthwhile to screen neighbours to orig-
inal hits in a second round to enrich smaller clusters or to follow
up singletons. Several techniques for this task have been described
above, and we must stress once more that one should combine as
many different computational methods for searching as possible.
In addition, it is important to be more open in the beginning – to
explore more clusters of hits – before focusing on a few series.
Although we described most techniques in the context of HTS 
follow-up, these are all applicable to selecting subsets for focused
screening.

When comparing hit series, it is important to grasp the overall
potential of a series, and therefore useful to also carefully look at
the inactives when analysing the SAR. Regarding the ADME–Tox
profile of a series, it is not expected that the perfect compound
with oral bioavailability will be found at this stage. There might be
shortcomings in potent compounds that are not present in other,
less potent members of the series. The hope is that whatever issue
there is, this is not related to the chemical class of the series (or
even the target) but only observed in a few members. By working
closely with medicinal chemists in several projects, we realize that
there is a significant ‘human factor’ in choosing which series to

†A water molecule would be the optimal starting point according to this:
it always binds and has low MW. ‡ ‘All models are wrong – but some are useful.’ (Statistician George P. E. Box).
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take further. Synthetic accessibility is a very important criterion.
The easier it is to quickly explore a series by making a library of 
desired analogues in a few steps, the higher it is ranked by the chemist.
The chemist’s background (i.e. favourite reactions) is obviously 
important here. This is pragmatic and easy to justify. Another expe-
rience, which is perhaps more difficult to defend, is that medicinal
chemists tend to find the biggest clusters the most interesting to 
follow up, and most programs also rank larger clusters higher than
smaller ones. Although it is certainly reassuring to see that a large
number of compounds in a series show activity, it is more impor-
tant that initial SAR can be derived from the available compounds.

Conclusion
During hit identification and the subsequent hit-to-lead process,
a large number of initial actives are followed up and prioritized.

Cheminformatics and computational chemistry tools are used at
all stages to provide an overview of the hits, organize them into
series and search for analogues to enrich these series. Different 
computational methods are available, and there is no single generic
workflow, but it is the combination of several techniques that 
provides the best results. All methods are well established, especially
large-scale property prediction, which now provides better support
during decision-making than ever before. However, the computer
can just prepare the data, in the end it is up to the project team
to make use of all available information to ensure that the most
promising series are progressed into lead optimization.
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