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The chemoinformatics field continues to evolve at the interface between computer science and chemis-
try. Chemical information and computational approaches in pharmaceutical research are major focal
points of chemoinformatics. However, the boundaries of this discipline are rather fluid and the chemoin-
formatics spectrum is difficult to delineate. The field is in flux, which also provides opportunities for fur-
ther developments. As a lead-in to the Chemoinformatics Symposium-in-Print, we present a brief view of
this discipline (with a little anecdotal touch), highlight current trends in method development, and
discuss a number of representative examples.
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1. Introduction

Providing a detailed description (or definition) of chemoinfor-
matics as a scientific discipline is far from being a trivial task. No
one would question that chemical data processing, mining, and
archiving as well as the design, implementation, and integration
of chemical information systems belong to the spectrum of
chemoinformatics approaches. However, so do development and
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application of computational models for property/bioactivity anal-
ysis and prediction. This is where the boundaries of the chemoin-
formatics field are still rather fluid. There is considerable overlap
with drug design and other areas of computational chemistry. It
is often not evident where chemoinformatics begins or ends. One
would not question either that virtual screening methods are an
integral part of chemoinformatics." However, what about QSAR,
pharmacophore modeling, or other established computational
chemistry or molecular modeling methods that have long been
standing on their own? Views might differ here. Since the original
definition of ‘chemoinformatics’ by Frank Brown in 1998, propos-
ing that this emerging discipline should include ‘all the informa-
tion resources that a scientist needs to optimize the properties of
a ligand to become a drug’,> a number of other (often generic) def-
initions have been put forward. It is also worth noting that the
term ‘chemical informatics’ has already been used much earlier,
essentially referring to all applications of information science to
chemistry,? although an original literature reference for its intro-
duction appears to be lacking.

In 2004, one of us proposed an ‘umbrella’ function for chemoin-
formatics to cover a broad spectrum of scientific efforts ranging
from chemical data collection and analysis to the exploration of
structure-activity relationships and prediction of in vivo com-
pound effects.® Hence, on the basis of this proposal, QSAR would
be a part of the chemoinformatics spectrum (although this might
often be matter of debate) and so would be the application of statis-
tical methods to chemistry (thereby ‘invading’ the ‘chemometrics’
territory). The interested reader is referred to a comprehensive
description of different QSAR methods® and a review of chemomet-
rics.> Since the time of our 2004 proposal, the chemoinformatics
discipline has done little to sharpen its focus or further (re-)define
itself, as nicely illustrated by a very comprehensive recent review.®
If anything, the coverage is becoming even broader.

2. Terminology

This heterogeneity of the field is also reflected by the absence of
a generally accepted name. On an anecdotal note, it has on occa-
sions been vehemently argued by insiders (and probably still is)
whether the term ‘chemoinformatics’ or ‘cheminformatics’ would
be more appropriate. At least, increasing focus can be observed
here because the ‘name game’ is by now essentially reduced to
the ‘0’ issue. There are some apparent regional preferences for
using the ‘0’ or not (e.g., Europe vs the United States). Clear is that
the additional vocal in chem(o)informatics is not a phonetic
requirement; clear is also that phonetic resemblance might make
it smoother to speak about bio- and chemo-informatics in the same
context. Be this as it may, in January 2012, Google searches yielded
~456,000 and ~513,000 entries for ‘chemoinformatics’ and ‘chem-
informatics’, respectively, and hence the ‘o’ issue might not be set-
tled any time soon (and this is also not too important). On a
personal note, we preferentially adhere to the term chemoinfor-
matics to ensure consistency with previous publications (and not
for philosophical, let alone scientific reasons).

3. General trends

However one might understand the chemoinformatics field as a
whole, there are a few aspects that are quite characteristic of its sta-
tus quo. First, a key feature of many chemoinformatics investiga-
tions is their large-scale character, irrespective of the questions
studied and the methods used. This means, for example, that mil-
lions of compounds are analyzed and compared (and not small sets)
and that large bodies of SAR data are gathered and organized (rather
than only data associated with individual series).”® This large-scale

character of its applications sets chemoinformatics increasingly
apart from other areas of computational chemistry. Second,
although chemoinformatics approaches are applicable to many, if
not all areas of chemistry, most activities continue to focus on phar-
maceutical research and drug discovery-related questions. Hence,
analyzing, rationalizing, and predicting biological activity of small
molecules continues to be the central theme of chemoinformatics.

It should also be noted that many of the algorithms and meth-
ods that are being used in chemoinformatics have originated from
computer science. For example, this applies to most machine learn-
ing methods that are currently popular in the chemoinformatics
field. However, it would certainly be an oversimplification to con-
clude that chemoinformatics would be firmly rooted in computer
science. In fact, in a discipline evolving at the interface between
computer/information science and chemistry, we also observe
many methodological developments that differ from standard
algorithms adapted from computer science. For example, this ap-
plies to a number of numerical SAR analysis functions.*” Hence,
a high degree of methodological diversity is a characteristic of
the chemoinformatics arena.

In the following, we highlight a number of current trends in
chemoinformatics method development. Figure 1 illustrates exem-
plary topics that are, among others, discussed below. We especially
(but not exclusively) focus on recent developments reported over
the past two to three years and begin the discussion with main-
stays of chemoinformatics.

4. Design of molecular fingerprints

Molecular fingerprints have for long been popular descriptors
and similarity search tools.! However, while fingerprints are
widely applied, in recent years, only a limited number of new fin-
gerprint designs have been reported. For some period of time, pro-
tein-ligand interaction fingerprints have been intensely
investigated,® but there have only been few new developments
since 2009. Bridging between interaction fingerprints and conven-
tional 2D fingerprints, a fragment-based fingerprint has been intro-
duced that implicitly accounts for ligand-target interactions.!®
This is facilitated by encoding in an atom-centered format those
fragments of ligands in complex X-ray structures that directly
interact with protein atoms.'® A few new 2D fingerprints have also
been designed including a generally applicable bonded atom pair
fingerprint that specifically focuses on short-range atom environ-
ment information'! and thereby conceptually departs from
topological fingerprints that systematically detect atom/bond
pathways in molecules. Furthermore, a new topological fingerprint
design captures all systematically generated subgraphs up to a pre-
defined size and separately encodes connected atoms and bonds.'?
In addition, extended connectivity fingerprints that capture lay-
ered atom environments and are among the currently most widely
applied fingerprints (partly due to their availability in a popular
commercial software package) have now been described in
detail.”

5. Similarity measures

Considerably more efforts than in fingerprint design have re-
cently been spent to better understand and further improve mea-
sures for molecular similarity evaluation in the context of
similarity searching where the Tanimoto coefficient continues to
be the most popular measure. Considering the ever increasing
size of compound databases, there is continuing interest in effi-
cient strategies for database searching. A number of studies have
been published that aim at establishing bounds for the Tanimoto
coefficient, hence making it possible to efficiently prune dat-



M. Vogt, ]. Bajorath/Bioorg. Med. Chem. 20 (2012) 5317-5323 5319

(a) |

[ ]
actives

HE N _ .
inactives @
] o
(] e o
)
)
ranking
margin direCtiqn

»

(e)

(b) o o

d
(d) _ "
P(i) N
r’ \
[ \‘p(.|a)
. |
X p(ll) ‘i \‘l\
L — / \
P(a) i iy
. Ty
prior descriptor probabilities
A
= P(i)xp(.1i)

————_Plamp(.Ja)

activity/inactivity IikelihO’ods

()

Figure 1. Method development areas. A few current topics of method development in chemoinformatics are schematically illustrated. Selected examples include (a)
topological atom environments in small molecules that can be captured in a fingerprint format, compound classification techniques such as (b) advanced clustering methods
taking activity information into account or (c¢) support vector machines, and (d) probabilistic models of biological activity such as Bayesian classifiers that yield likelihoods of
activity as function of molecular descriptor settings. In addition, prototypic network representations are shown including (e) a scaffold-based target network (where nodes
are targets that are connected by an edge if they share at least one active molecular scaffold) and (b) a similarity-based compound network (nodes represent active

compounds and edges similarity relationships) annotated with activity information.

abases such that only a fraction of a database would need to be
screened in order to identify molecules that exceed a given sim-
ilarity threshold.'*'® Usually, this would require pre-processing
of a database. Traditionally, inverted indices have been used for
fast structure and substructure searching using binary

fingerprints. Recently, this approach has been extended to count
or multi-set fingerprints.2®?! These fingerprint representations
were either generated by enumerating atoms, bonds, paths, and
substructures?® or from LINGO?? profiles on the basis of SMILES
subsequences.?!
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The complexity of Tanimoto calculations depends to a large ex-
tent on the underlying molecular representation. For instance, the
Tanimoto coefficient has been applied to LINGO?? profiles and the
ROCS?3 methodology that compares molecules based on the over-
lap of their shapes. Especially for ROCS, the calculation of shape
overlap of two molecules constitutes a significant bottleneck in
similarity searching of large databases. Recently, the SCISSORS?4%>
approach has been introduced to efficiently approximate the Tan-
imoto coefficient. SCISSORS estimates similarities by representing
compounds using a fixed set of basis molecules that are embedded
in an n-dimensional Euclidean space. The Tanimoto coefficient of
test compounds can then be estimated from the pre-calculated
Tanimoto similarity using basis molecules. This reduces Tanimoto
calculations to the determination of inner products in a low-
dimensional space.

Especially in the context of virtual screening, the distribution of
similarity scores across a compound database is of high interest. It
has been shown that Tanimoto coefficients can be well approxi-
mated as the ratio of two correlated normal value distributions.?®
However, these distributions are highly dependent on the nature
of the fingerprint.?%27 Taking this into account, it has been demon-
strated that the distributions of Tanimoto coefficients for a variety
of different fingerprint types can be accurately modeled by estimat-
ing the feature frequencies and their correlations, hence enabling
the accurate prediction of ROC curves for virtual screening.?’

A different problem in chemoinformatics is scaffold similarity.
The analysis and comparison of molecular scaffolds*® and the
assessment of scaffold hopping potential in virtual screening’ have
generally been complicated by the inability to reliably account for
differences between scaffolds in a quantitative manner. For quan-
tifying scaffold relationships, the calculation of Tanimoto similarity
is often not of sufficiently high resolution. Recently, a function has
been introduced to consistently quantify chemical distances be-
tween scaffolds (even if these differences are subtle).2® It has been
shown that this scaffold distance function is chemically more intu-
itive than Tanimoto similarity and suitable to quantitatively assess
the degree of difficulty involved in scaffold hopping exercises.?’

6. Clustering

Cluster analysis is another ‘classical’ approach in chemoinfor-
matics for which many different algorithms have been adopted
or developed over the years. Nevertheless, advanced clustering
methods are being investigated. A characteristic feature of several
new developments is the combination or integration of different
types of approaches with cluster analysis. For example, molecular
similarity-based clustering has been integrated with Bayesian
models of bioactivity to include activity information in the struc-
tural organization of biological screening data.>° Furthermore,
clustering has also been integrated with principal component anal-
ysis to aid in the selection of structurally diverse compounds.>!
Also, molecular network analysis has been combined with network
clustering to classify and predict active compounds.3?

The selection of subsets of diverse compounds from large li-
braries also represents a traditional chemoinformatics task related
to clustering. Recently, a method has been introduced for the selec-
tion of diverse compounds that combines diversity criteria with a
scoring function to select diverse subsets of molecules having a
high probability of activity.>3

7. Support vector machines

One of the current growth areas in chemoinformatics includes
the development of support vector machine (SVM)-based classifi-
cation protocols and design of new kernel functions for SVM appli-

cations. In ligand-based virtual screening, SVMs have increasingly
become a method of choice! over the past few years and this trend
continues. In addition, SVMs are very popular for a variety of com-
pound classification tasks and have, for instance, been applied to
predict synthetic accessibility of compounds* or aqueous solubil-
ity.3> Basically, SVMs derive a linear classifier and are generally
used in conjunction with kernel functions that implicitly map in-
put data into a high-dimensional space. A linear separation in
high-dimensional space is then facilitated corresponding to a
non-linear separation of the original data.

In ligand-based virtual screening, the classification function de-
rived by an SVM has also been successfully utilized to rank data-
base compounds according to their probability of activity.363”
Because SVMs attempt to optimize classification performance,
which not necessarily coincides with optimal ranking, specialized
ranking methods have been introduced for virtual screening that
utilize optimization functions to minimize the ranking error.383°
Thus, these functions are designed to reduce as much as possible
the number of inactive compounds that are erroneously ranked
above an active molecule in a virtual screen.

For high-dimensional sparsely set fingerprints, the linear SVM
approach (which does not utilize non-linear kernel functions) has
yielded good performance in benchmark calculations.*° By exploit-
ing the relatively low computational complexity of linear SVMs,
they have been successfully applied to large-scale learning prob-
lems.*® The kernel approach represents a rather flexible way to as-
sess the similarity of molecules and enables the integration of
different types of similarity measures in machine learning. For in-
stance, non-numerical molecular comparisons such as maximum
common subgraph assessment?'*2 and other graph-based ker-
nels>® have been successfully applied. In a recent study, SVMs have
also been combined with feature vectors derived from pharmaco-
phores of active compounds, thus utilizing an activity class-specific
representation.*?

In virtual screening, the integration of target and ligand informa-
tion through the use of combined target-ligand kernels has re-
ceived considerable attention in recent years.***> Many different
protein kernel functions that account for sequence similarity, struc-
tural similarity, or an ontology were combined with ligand similar-
ity measures to predict novel ligands for orphan targets.*> However,
in benchmark calculation, these combinations did not further im-
prove the predictions of compared to standard ligand kernels.*®
Accordingly, these findings suggested that compound similarity
dominated ligand predictions. Nevertheless, a recent study includ-
ing protein sequence information in a kernel successfully identified
novel ligands of four (non-orphan) targets.*® Another investigation
utilizing a protein kernel specifically encoding structural binding
site similarity (relying on high-quality X-ray structures of pro-
tein-ligand complexes) has produced promising results in recog-
nizing true protein-ligand pairings.*’” These findings suggest new
ways how to potentially exploit combined protein-ligand informa-
tion in SVM-based virtual screening.’ In addition, SVMs have also
been applied in the context of structure-based virtual screening to
evaluate docking results.*® For this purpose, SVMs have been
trained to distinguish docked decoys from true actives. Similarly,
a pharmacophore-based interaction fingerprint has been used as a
descriptor for SVMs to evaluate docking poses.*°

8. Other trends in machine learning

In addition to SVMs, new machine learning methods continue to
enter the chemoinformatics field. Conceptually related to SVMs are
so-called relevance vector machines®C that estimate posterior prob-
abilities of activity based upon a set of relevance vectors. This
methodology has also been successfully applied to ligand-based
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virtual screening.®! Furthermore, the original potential function
method,>? another kernel-based methodology that is conceptually
simpler than SVMs, has been adapted for compound classification
and shown in at least one study to yield results comparable to
SVMs.>3

A further trend in machine learning is the application of meth-
ods that combine results of different algorithms. In general, the re-
sults are combined by training a ‘meta-classifier’ using the output
of the individual methods. This approach has been utilized to com-
bine different machine learning approaches such as SVMs, naive
Bayesian classifiers, neural networks, decision trees, or random
forests.>4>>

9. SAR elucidation and visualization

Another expanding area of research in chemoinformatics is sys-
tematic SAR analysis and visualization. Large-scale SAR exploration
efforts have been much supported by the release of the public do-
main ChEMBL compound repository,>® a well-curated collection of
compound activity data from medicinal chemistry literature
sources. For screening data, PubChem®” continues to be the major
public domain source. Different approaches have been adapted or
developed for SAR mining of screening or compound optimization
data including extensions of established methods such as activity-
sensitive clustering®® or 3D-QSAR complemented with molecular
fragmentation analysis to process SAR tables.”® Furthermore, the
scaffold tree data structure has been extended to include addi-
tional substructure relationships®® or systematic scaffold genera-
tion as well as statistical models for activity prediction.®® The
increasing popularity of SVMs and other kernel methods is also
impacting activity predictions, for example, through the adapta-
tion of the kernel dimensionality reduction approach for feature
selection to predict ligand-target pairings.°’ Moreover, the
matched molecular pair (MMP) concept®? is becoming increasingly
popular in SAR analysis, catalyzed by the development of an ele-
gant and efficient algorithm for systematic MMP generation (vide
infra).® An MMP is defined as a pair of compounds that are distin-
guished by the exchange of a defined substructure (chemical trans-
formation). The MMP formalism has provided the basis for
different types of SAR analysis approaches. For example, bioisoster-
ic replacements have systematically been determined for different
target familes® as well as substitutions that lead to the formation
of activity ciffs®® or alter multi-target compound activities.®® Fur-
thermore, also utilizing the MMP concept, a method has been
introduced to detect SAR transfer events in compound data.®’
SAR transfer occurs if two analog series with different molecular
scaffolds (core structures) display corresponding substitutions
with comparable potency progression.

The activity cliff concept® is also receiving increasing attention
in chemoinformatics and medicinal chemistry. An activity cliff is
defined as a pair of structurally similar or analogous compounds
with a large difference in potency. This concept has recently been
extended by confirming the presence of an ‘activity ridge’ structure
in many different compound data sets.®® A ridge consists of multi-
ple activity cliffs consistently formed between sets of highly and
weakly potent analogs. As such, activity ridges are a data structure
that is particularly rich in SAR information. Activity cliffs represent
the extreme form of SAR discontinuity. In order to systematically
extract compounds forming discontinuous local SARs from large
data sets, the particle swarm optimization method has recently
been successfully adapted,®® thereby introducing another system-
atic SAR data mining approach.

For large-scale SAR analysis, visualization methods are also of
high interest. Different types of SAR visualization tools have been
reported including graphical representations of conventional SAR

tables’®’! and extensions of structure-activity similarity
maps.’>’3 These maps report pair-wise comparisons of compound
similarity and potency relationships in a data set. For a pair of
compounds, calculated molecular similarity and activity similarity
are plotted along two orthogonal axes, yielding a single data point
per comparison. Moreover, first graphical representations of com-
pound activity landscapes that capture multi-target SARs have
been introduced.” For SAR visualization, molecular network repre-
sentations are increasingly being used. In such networks, nodes
represent compounds and edges similarity relationships.”> These
network representations are then annotated with potency and
other SAR-relevant information. A number of different SAR net-
work tools have been made publicly available.”® Also, a first SAR
network representation has been reported in which calculated
similarity values were replaced with well-defined substructure
relationships,”® which further supports the chemical interpretabil-
ity of such networks and the SAR information they capture. This
approach has also utilized the MMP formalism to systematically
identify substructure relationships between active compounds.

10. Statistical approaches

The application of statistical and information-theoretic meth-
ods also continues to be an active area of research in chemoinfor-
matics. In addition to Bayesian classifiers that are widely used in
chemoinformatics, Bayesian networks have recently been success-
fully applied in ligand-based virtual screening.””-”® Furthermore,
information-theoretic measures are particularly well suited for
the analysis and evaluation of fingerprint similarity searching.
The application of feature selection methods has made it possible
to further improve fingerprint-based compound classification and
similarity search performance.”® Moreover, feature selection has
identified fingerprint components that are relevant for detecting
compounds belonging to a given class and also helped to rational-
ize why relatively simple search tools such as 2D fingerprints are
able to recognize structurally diverse active compounds.”®

11. New methodologies

In addition to developments in core areas of chemoinformatics,
as discussed above, a number of new algorithms and approaches
have been reported, in part to provide new solutions for long-
standing problems.

Among the classical problems in chemoinformatics is the enu-
meration of chemical graphs. Recently, algorithms have been
developed for the efficient enumeration of all stereo isomers of
chemical graphs belonging to certain classes such acyclic and out-
erplanar graphs.298! Also of general interest is the problem of enu-
merating all chemical graphs meeting pre-defined feature
constraints, which can essentially be seen as the problem of recon-
structing chemical graphs from a set of descriptors or features. For
this purpose, algorithms have been introduced to enumerate tree-
like chemical graphs based on the frequency of occurrence of paths
up to a given length in the graph.82®3 In addition, the maximum
common substructure (MCS) concept is central to a variety of
chemoinformatics applications. Given the computational complex-
ity of determining an MCS, new algorithms designed for this pur-
pose continue to be of interest to the community. For example, a
fast incremental algorithm has recently been reported that heuris-
tically determines the MCS.2* In addition, for determining the MCS
of more than two molecules, a novel method based on the corre-
spondence graph has been introduced and applied to organize mol-
ecules into groups sharing a ‘substantial MCS’.%°

Recently, algorithms for the identification of MMPs>® (vide su-
pra) have become rather popular. Among these, an algorithm



5322 M. Vogt, ]. Bajorath/Bioorg. Med. Chem. 20 (2012) 5317-5323

developed by Hussain and Rea® has proven to be especially suited
for systematic MMP generation and large-scale analysis of com-
pound databases. This is due to the fact that the algorithm does
not rely on pair-wise comparison of molecules. Instead, it con-
structs a library of systematically fragmented compounds obtained
by systematically cutting acyclic single bonds. In contrast to this
systematic approach, a recently reported alternative method deter-
mines the MCS of two molecules taking the immediate structural
environment of replaced moieties into account.3®

12. Computational efficiency

A number of recent studies have addressed computational effi-
ciency of different methods, especially considering the use of
graphics processing units (GPUs) that have also become popular
in chemoinformatics. Given increasingly large compound source
databases (e.g., the number of molecules available in PubChem>®’
and ZINC®” now exceeds 30 and 19 million, respectively), there is
much interest in efficient implementations of classical chemoinfor-
matics procedures such as similarity searching, clustering, or com-
pound subset selection. These tasks have in common that they
require pair-wise compound comparisons to determine molecular
similarity. Indeed, calculation of similarity represents a major com-
putational bottleneck when databases grow in size. This is espe-
cially the case for algorithms requiring the determination of full
pair-wise similarity matrices such as, for example, standard clus-
tering approaches. In addition to large database size, the develop-
ment of efficient implementations is also motivated by at least two
other factors. These include the popularity of sparsely populated
high-dimensional fingerprints as descriptors such as extended con-
nectivity fingerprints'> or Molprint2D® and, on the more technical
side, the availability of (cheap) graphical processing GPUs and effi-
cient application programming interfaces like CUDA,%® which en-
able the implementation of parallel code for GPUs in high level
languages (CUDA C, OpenCL).89-90

GPUs are well suited for executing so-called single instruction
multiple data (SIMD) algorithms, that is, algorithms that perform
the same operations on different data in parallel. However, the
optimization of implementations for GPUs is not without prob-
lems. For example, smart memory management is of prime impor-
tance; transferring data from the main CPU’s memory to the GPU
can become a bottleneck. Watson and co-workers implemented
parallelized similarity calculations on GPUs for SVMs®!' and two
compound selection algorithms®® (i.e., the leader and spread algo-
rithm) utilizing sparse®! or dense®? fingerprint representations.
Another recent report focused on the GPU-based implementation
of similarity search methods that require the determination of full
similarity matrices like 1-NN searches.”® Efficient implementations
of Tanimoto coefficient calculations for dense and sparse finger-
print representations were provided, thus making 1-NN searches
possible for databases of tens of millions of compounds against ref-
erence sets containing on the order of 10,000 molecules.®®> Due to
memory and bandwidth constraints of GPUs, efficient encoding
of fingerprints is an important factor for GPU-based adaptations
of algorithms. A novel implementation® utilizes the Elia-coding®®
for count fingerprints that exhaustively enumerate subgraphs up
to a given size such that large portions of a database can be kept
in GPU RAM. Overall, for such GPU-based implementations, up to
approximately 100-fold increases in search speed were reported
compared to single-CPU implementations.®! -9

Different from GPU-based approaches, Haque et al.°® have
shown that optimized implementations of similarity calculations
on state-of-the-art multiple-core CPUs utilizing streaming SIMD
extensions yield significant acceleration. Depending on the algo-
rithmic problem at hand and the sizes of data sets under consider-

ation, performance levels can be achieved that are only two to five
times slower than GPU implementations; for some applications
GPU-performance can be reached or even surpassed. Thus, in
addition to GPUs, multi-core CPUs also offer much room for the
improvement of computational efficiency over conventional
implementations of chemoinformatics methods.

13. Concluding remarks

Herein we have provided a brief overview of the current status
of the chemoinformatics field and discussed recent trends in meth-
od development. The chemoinformatics discipline is still in the
process of defining itself and would benefit from community-wide
efforts to further refine its scientific structure. Also, generally ac-
cepted standards for method evaluation are still lacking (which is
of course also the case in other fields)."®” Our methodological dis-
cussion reflects the diversity of chemoinformatics and highlights
the continued introduction of new methodologies for different
types of applications. These also include new solutions to classical
algorithmic problems. In addition, computational efficiency is still
on the agenda, as one should expect. Furthermore, our survey
identifies current growth areas such as support vector machine
methodologies, systematic SAR analysis and visualization, or
large-scale compound data mining, which have different method-
ological focal points. In SAR analysis, the matched molecular pair
concept is increasingly being applied and has provided the basis
for different developments. SAR analysis and compound data min-
ing have been further supported by the introduction of the public
domain ChEMBL compound collection, which represents another
milestone for the chemoinformatics field, similar to the release of
PubChem and also ZINC a few years ago. For chemoinformatics
methods, the Journal of Chemical Information and Modeling contin-
ues to represent the central and by far most popular publication
venue. We also note that another characteristic feature of chemo-
informatics research is its strong theoretical focus, with still rela-
tively little immediate experimental applications. Of course, in
core areas of chemoinformatics such as the development of data-
base and information systems, experimental applicability is natu-
rally limited. An exception is the virtual screening area where
increasing numbers of prospective applications are reported,®®-
101 jn addition to large numbers of (often questionable) bench-
marking studies.!''°2 The impact of prospective virtual screening
applications is often limited because the majority of newly identi-
fied hits are only weakly potent and their structural novelty might
also be a matter of debate on occasions. In addition, the relevance
of complex computational screening protocols for hit identification
often remains obscure. Nevertheless, computational hit identifica-
tion is without doubt an attractive area within the chemoinformat-
ics spectrum with viable interfaces to experimental work.
However, key issues in chemoinformatics that remain to be solved
include, among others, the rationalization and calibration of rela-
tionships between calculated molecular similarity and observed
activity similarity. The absence of methodological concepts to
quantify and accurately predict such relationships has conse-
quences. For example, it correlates with the still limited specificity
of ligand-based virtual screening calculations, despite their popu-
larity. Hence, in this and other areas, there remains much room
for further innovation and scientific developments.
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