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Molecular Chemometrics

E. L. Willighagen, R. Wehrens, and L. M. C. Buydens

Institute for Molecules and Materials, Radboud University Nijmegen , Toernooiveld 1,

Nijmegen, The Netherlands

This paper reviews literature from the past 5 years in the field of molecular chemometrics, which
applies modeling and data analysis to molecular data. It discusses advances and standing chal-
lenges in the fields of molecular representation, similarity and diversity analysis, quantitative
structure-activity and structure-property relationship modeling, and library searching.

Keywords chemometrics, chemoinformatics, molecular representation

INTRODUCTION

Molecular chemometrics is the subsection of chemometrics
which applies modeling and data analysis to molecular data, such
as found in diversity analysis, property or activity relationship
modeling and descriptors calculation. The field includes topics
as molecular representation, similarity measures for molecu-
lar data, database and diversity analysis quantitative structure
activity and property relationship (QSAR/QSPR) modeling, in-
cluding feature selection and model validation, and methods to
automate finding and processing molecular data. We have cho-
sen not to incorporate data of molecular mixtures, e.g., found
in proteomics, image analysis, sensor data and multivariate cal-
ibration in this review, and also to exclude methods, such as
quantum mechanical and force field calculations, because these
do not include statistic analysis. The topic is not restricted to
just data about the molecule itself, but also includes topics in
which the molecule interacts with an environment. Examples
of this are the studies where the binding affinity is modeled by
representation of both the molecule and the binding site.

The field shows a large overlap with chemoinformatics,
though chemometrics tends to prefer to work with numerical
data, and in chemoinformatics other fields of mathematics are
strongly represented in chemoinformatics too, such as graph
theory. There is also overlap with other informatics topics like
data mining in general. Library searching is becoming more
important again, now that more and more information is avail-
able. Increasingly, this information is available in such formats
that machines can process the information, and integrate in-
formation from different sources. Extensible Markup Language
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(XML) applications and ontologies play a major role here, and
use cases are found in the representation of molecular structures,
as well as other representations of molecular information.
Problems intrinsic to this field originate from a few causes.
First, the field has to deal with the huge amount of molecules in
chemical space; an often cited estimation of the size of chemical
space is 1060 unique molecules for structures with a molecu-
lar mass up to 500 atomic units (1). Moreover, many molecular
properties do not solely depend on the molecular structure it-
self, but may critically depend on influences from outside the
molecule. For example, in binding affinity or toxicity model-
ing, the activities depend on the protein structure and metabolic
pathways, respectively. Additionally, the discrete nature of mat-
ter at the molecular level is complicating modeling and analysis
even further; we no longer deal with macroscopic properties, and
simple physical laws, like the Beer-Lambert equation, get much
more complicated when dealing with individual molecules.
This review discusses molecular chemometrics and touches
other fields, like chemoinformatics and data mining, focusing
on multivariate data analysis of molecular data. Developments
reported in literature in the last five years are presented, grouped
in four topics: molecular representation; chemical space, simi-
larly and diversity; activity and property modeling; model val-
idation; and library searching. Publications can be found in a
diverse set of journals, covering many research fields including
machine learning, chemometrics, analytical chemistry, bioinfor-
matics, pharmacy and chemical information. While reviews tend
to be biased towards the authors preferred journals, we believe
it is safe to say that the Journal of Chemical Information and
Modeling (formerly, the Journal of Chemical Information and
Computing Sciences) stands out as a source of related literature.
General reading can be found in, for example, Chemogenomics
in Drug Design edited by Kubinyi and Miiller (2), Handbook of
u Molecular Descriptors by Todeschini and Consonni (3), and
Handbook of Chemoinformatics edited by Gasteiger (4).

189
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MOLECULAR REPRESENTATION

Central to molecular chemometrics is molecular data. The
data describe chemical facts using a scientifically accepted rep-
resentation. While in the eighteenth century scientists believed
matter to be combinations of elements, it is now accepted that
molecules are combinations of atoms held together in specific
bonding patterns, governed by quantum mechanics (5). Hence,
molecular compounds are no longer identified by a pseudo
molecular formula, but more detailed molecular representations
are used. Molecular representations are, however, often not suit-
able to be use directly in data analysis and modeling; instead,
descriptors derived from these representations are used which
match the data analysis and modeling process. Figure 1 shows
the relation between these representations and data analysis and
modeling, and the role of descriptors in that relation.

Several basic approaches now exist to describe (small) molec-
ular structures, each with specific function and characteristics:
the first is a set of three-dimensional atomic coordinates, for
example, used in crystallography. The second is the quantum
mechanical representation, where molecular structure is, in prin-
ciple, a linear combination of atomic orbitals represented with
three-dimensional equations, called basis functions. Deriving
properties based on this representation require a lot of compu-
tation time and scales badly with a growing number of atoms.
It is, therefore, not much used in molecular chemometrics; its
use is outside the scope of this article. Third is the graph based
representation, where atoms are nodes and bonds are edges.

The abundant mathematical literature on graph theory makes
this representation historically successful, and even now used a
lot in new research. This representation is unable to represent
electron systems that cover more than two atoms, e.g., delocal-
ization and multi atom bonds. These features are important in,
for example, organometallic compounds where metals bond to

Molecular Representation

Molecular Descriptors

-

Data Analysis & Modeling

FIG. 1. Common molecular representations, such as the quan-
tum mechanical and the graph representation, are not well suited
for direct use in statistical data analysis and modeling; instead,
descriptors derived from these representations are used that
match the data analysis and modeling process.

electron systems, instead of atoms directly. Modifications have
been proposed that allow electron systems with more than two
atoms (6, 7), but application of this representation is not yet
common in chemoinformatics.

Many chemometrical modeling methods, however, require a
numerical, fixed length, vectorial representation of the molecu-
lar structure (8); the preceding representations do not fulfill this
requirement, and hence derived descriptors have been and still
are being developed to bridge the gap between those representa-
tions and the mathematical modeling methods. These descriptors
allow statistical modeling and analysis with, for example, clas-
sical methods like principle component analysis (PCA), partial
least squares (PLS), neural networks (NN), and classification
methods like linear discriminant analysis (LDA). Only very few
methods, such as classification and regression trees (CART),
do not require a numerical representation. Using distance-based
clustering, is another example, and, for example, the distance
measure based on the maximal common substructure: the more
substructures two molecules have in common, the smaller the
distance.

The currently used representations each have a specific field
of application, and seem sufficiently adequate to solve a diverse
set of chemical problems. However, all of them have limita-
tions that restrict the applicability. With quantum mechanics on
one side and the graph(-like) approaches on the other side, one
might suggest there is room for an intermediate representation,
allowing new types of derived derived descriptors for use in data
analysis and modeling.

Molecular Descriptions

Todeschini published the Handbook of Molecular Descrip-
tors in 2000 (3), giving a broad overview of known molecular
descriptors at that time, but a universal descriptor has not been
found (9), and the search for new descriptors has not stopped.
Depending on the information content, descriptors are usually
classified as 0D, 1D, 2D and 3D descriptors. The first category
encompasses descriptors that do not take into account the molec-
ular structure, e.g., the molecular mass and atom type counts.
Where 2D descriptors are derived from the molecular connec-
tivity, 1D descriptors can be considered a substructure list repre-
sentation. The last category, 3D, additionally takes into account
the three-dimensional geometry of the molecule. Recently, a
fifth category has been proposed, 4D descriptors, but several
different definitions have been given. Todeshini defines the 4th
dimension to describe the interaction field of the molecule (3),
while others reserve this dimension to describe conformations
of the molecule (10).

That insight in the three-dimensional interaction of ligand
with protein cavities is important in the modeling biochemical
endpoints, such as binding affinity, became apparent, and com-
putationally feasible, in the last decade. Comparative Molecular
Field analysis (CoMFA) is the primary example of this con-
cept (11). The CoMFA method studies molecule-environment
interaction by putting the molecules in an equidistant grid of
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points in three-dimensional space. At each point, the interaction
energy is calculated using a hypothetical probe, for example,
using the Lennard—Jones potential function and the Coulomb
potential energy function. It is important to note that, because
the molecules are aligned, the interaction similarities of the lig-
ands can be compared, by comparing the interaction energies
of the same grid point for all molecules. Then, PLS is used
to correlate the matrix expansion of the grid with the activity
or property, though CoMFA is mostly applied to ligand-target
binding properties (12, 13).

CoMFA requires, however, geometrical alignment of the
molecules and only considers one conformation for each
molecule, which is only a simplification of reality. Therefore,
focus moved on to descriptors that are independent of the orien-
tation of the molecules in its reference frame, and possibly even
include information of multiple conformations. This was already
acknowledged in 1997, for example, by Hopfinger who made a
scheme that incorporated some ideas from CoMFA, but which
also was alignment independent, and took into account multiple
conformations (14). Based on this concept Senese developed a
4D-fingerprint (15), which uses single value decomposition to
transform the aforementioned representation. This vector repre-
sentation still contains geometrical information about the possi-
ble conformers of the molecule.

In the last 5 years, several new descriptors have been pub-
lished. Bursi proposed the use of experimental or simulated in-
frared and 1D NMR spectra as molecular descriptor (16). Most
commonly used is the whole spectrum approach (16-20), which
takes the whole spectrum as descriptor. Alternatively, the chem-
ical shift of an atom present in all compounds can be used (21,
22). The advantage of this method is that it explicitly focuses on
information relevant to the problem; for example, when mod-
eling chemical reactivity, one can take the chemical shift of an
atom close to the reactive center. Spectrum-derived descriptors
are also used, such as the accumulative differences in peak shifts
of nuclei in octanol and in water to model the partition coefficient
between those solvents (23). The whole-spectrum approach was
recently shown not to be suitable for all applications (24).

Not only new 3D descriptors have been introduced, but also
new 2D connectivity-derived descriptors have been developed.
For example, Faulon introduced the molecular signature which
describes molecules by a vector of integers (25). The length of
the vector is determined by the number of unique fragments in
the data set. Each integer, then, indicates the number of occur-
rences of the fragment in the molecule. The fragments them-
selves are called atomic signatures, and are line notions of the
connectivity of that atom, very much like the HOSE code (26).
While substructure-based fingerprints only list the occurrence
of a number of fragments, the signature describes fragments for
all atoms, and therefore, the full connectivity of the molecule.
Randic used a specific counts paths of length three descriptor to
include the model the boiling points of alcohols (27). The include
the steric hindrance around the oxygen he counted paths that in-
cluded this oxygen; more path counts indicates more hindrance.

Use of counts paths descriptors is not novel, but this example
shows how descriptors can be customized for a specific problem.

Mansfield proposed a new class of 84 shape descriptors based
on the volume distribution in three-dimensional space (28). In
itself, these descriptors are dependent on the alignment, which
can be used to align molecules such that their volume distribu-
tion shows the best overlap. Tuppurainen introduced the elec-
tronic eigenvalue descriptor, which describes molecules by a
smoothed function of the orbital eigenvalues put on an electron
voltscale (29). This descriptor is alignment independent and rep-
resents electronic substituent effects. The article shows the appli-
cation in three QSAR studies for phenyl containing molecules.
Stiefl developed a descriptor that represents molecules by a one-
dimensional transform of a property mapped on the molecular
surface (30). The one dimensional mapping is to make the de-
scriptor orientation independent, and shows the number of in-
teractions between surface points, split up by distance between
points, and the type of interaction, e.g., an interaction between
a hydrophobic and a hydrophylic surface point.

Descriptors are a projection of the information in the molec-
ular representation onto a lower dimension space, and, there-
fore, they inherently focus on a specific part of that information.
Though many have theorized about this, and ideas and assump-
tions are present, it is generally still difficult to pick the right
descriptor (set) for a given chemical problem. Should global in-
formation be taken in account, or local information, or the right
mix of both? This limited understanding of how things work
at a molecular level even becomes worse if the molecule starts
to interact with an environment. Is only one specific conformer
important, and if so, which one? Or is the system much more
dynamic and should this be taken into account too, for example,
when modeling the binding affinity of a ligand with a protein
when this protein is also receptor at a different location, affect-
ing the binding cavity of this ligand and thus the affinity? Much
of this is unexplored territory.

Beyond the Molecule

The use of descriptors to model molecular properties is not
restricted to QSAR and QSPR. Other fields are picking up these
descriptors too, e.g. in the field of proteomics, where Lapinsh and
Prusis developed an extension of QSAR coined proteochemo-
metrics (31, 32). In this method, binding affinities are modeled
on both the structure of the ligand, small peptides in this case,
and the structure of the receptor. They found that including cross
terms of the ligand and receptor descriptor blocks significantly
improved the models, not surprising for binding affinity model-
ing, and stresses that binding affinity is a close interplay between
both actors.

Crystallography is picking up statistical modeling methods
too. For example, Habershon used a neural network to predict
unit cell parameters from a powder diffraction patterns (33), us-
ing a pattern recognition approach. Willighagen used a novel
representation for molecular crystal structures and hierarchi-
cal clustering methods to classify experimental and simulated
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crystal structures (34). Wehrens used powder diffraction patterns
to classify molecular crystal structures using a self-organizing
map (35).

Molecular reactions are another area where data analysis and
modeling is taking off. While rule based analysis and classifica-
tion of reactions has been around for quite some time (see e.g.
(4)), the use of numerical representation in computational classi-
fication and modeling of reactions took off in the nineties, when
Chen and Gasteiger used neural networks to classify a number
of organic reaction types (36). A year later they published a
method that used a self organizing map to classify organic reac-
tions (37), where reactions were represented by a set of physical
parameters for common atom in the reaction center on the re-
actant as well as the product side. The system was unable to
classify reactions sets which did not have an atom in common.
Zhang and Aires-de-Sousa addressed this problem by using a
second self-organizing map, to map the reactant and product
sides onto a fixed length representation (38). The reaction itself
can then be represented as the difference vector of the reactant
and product sides. Using this approach, they were able to clas-
sify the metabolic reactions on a genome scale (39) and match
this with the empirical EC numbering scheme (40).

As more and more experimental data becomes available, data
analysis and modeling will become more important in a whole
range of new scientific fields. The few mentioned in this section
are just examples of what we can expect in the coming years.

CHEMICAL SPACE, SIMILARITY AND DIVERSITY

Chemical space is the term used to indicate the set of all possi-
ble connection tables, given a molecular formula (41). The more
atoms in this formula, the larger the number of possible connec-
tion tables. It is generally impossible to count the actual number
of possible isomers, though attempts have been made to enu-
merate subsets of chemical space. Applications of the chemical
space concept are found in many parts of molecular chemomet-
rics, such as clustering of molecules, diversity analyses, subset
selection and structure enumeration.

Especially in structure-activity modeling it is a well-
established assumption that structurally similar compounds are
likely to exhibit similar properties (42). However, biochemical
activity does not just depend on the molecular structures, e.g.,
acknowledged in the earlier discussed proteochemometrics, and
structures can bind in different ways to binding sites. The simi-
larity paradox states that small changes in the structure can lead
to large difference in activity (43). The study of structural simi-
larity is an extensive field; this review will not give a full view
on this subject, and readers are recommended to read one of the
comprehensive reviews available in literature, e.g., by Nikolova
(43), Bender (42) or Maldonado (44). Instead, it will highlight
the function of similarity measures and show interesting devel-
opments in this field.

A similarity measure, the quantifier of similarity, is made up
of two components: arepresentation of the relevant molecular in-
formation, discussed earlier, and an index or coefficient suitable

for this representation. Well-known similarity measures include
the Euclidean distance for continuous-valued representations,
and the Tanimoto coefficient for binary representations, such
as fingerprints. An example which shows that a proper coeffi-
cient should be used, is the use of the weighted cross correlation
when comparing crystal structures on the basis of an electronic
radial distribution function (34). The representation resembles
a peak-like spectrum in which small peak shift indicates a small
structural change; a Euclidean distance measure would fail to
properly describe the structural similarity. The same problem
is encountered when crystal structures are represented by their
powder diffraction pattern (45).

An important application of similarity is diversity analysis.
Especially in library design and subset selection, diversity is
regarded an important feature, for similar reasons as those in
experimental design. The goal of library design is to set up a
library of molecular structures with the highest possible diver-
sity, to achieve the largest coverage of chemical space. Another
application is subset selection which can be used to define in-
dependent test sets in activity and property modeling. Again,
coverage of chemical space is the goal. The analogy with exper-
imental design is confirmed by the overlap in methods used; for
example, D-optimal designs have also been used for subset se-
lection (46). Olsson introduced an improvement on this design,
which addresses the occasional redundancy and replication (47).

Though several diversity and similarity measures have been
developed in the past, the applicability all depends on the de-
scriptors used, and the chemical problem for which they are
used. For example, one can use the similarity in chemical space,
but for biochemical activities this might not be the right mea-
sure. The same holds for diversity, and both will continue to
evolve together with the use of new descriptors and the use in
new fields of research.

ACTIVITY AND PROPERTY MODELING

Although the idea of relating physical properties to molec-
ular structures dates from the 19th century (44), the first math-
ematical model was developed by Wiener for boiling points of
paraffins (48) only in 1947. Hansch was the first to model a bio-
logical activity, when he correlated toxicity of benzoic acids to
their structures (49), 17 years later. Modeling physical properties
and biochemical activities is still a topic that receives a lot of at-
tention. As discussed previously, the search for new descriptors
is still ongoing, as is the search for new modeling methods. Com-
mon methods used include multilinear regression (MLR), princi-
ple component regression (PCR), partial least squares (PLS) and
neural networks (NN) for regression, and k-Nearest Neighbors
(kNN), classification and regression trees (CART), linear and
quadratic discriminant analysis (LDA, QDA) and soft indepen-
dent modeling of class analogy (SIMCA). Regression methods
are also used for supervised classification. Often, these methods
are combined with feature selection methods, discussed later.

A method that has received growing attention is Support Vec-
tor Machines (SVM), originally developed by Vapnik (50). Two
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types of SVM’s have been developed: one that finds a hyper
plane that separates two classes; and another one for regression,
often referred to as SVR. While this hyper plane is linear in
itself, the hyper plane can be sought in a space of higher dimen-
sion than the original data. The transformation of the data into
this high-dimensional space is, and that is the elegance of the
SVM method, equivalent to a formulation involving a so-called
kernel function. Using such kernel functions makes SVM able
to fit nonlinear behavior. Note that the use is not restricted to
SVM, and can be used with partial least squares (PLS), too (51).
While most SVM applications use the radial distribution func-
tion (RBF), other kernels are available too, like the polynomial,
ANOVA (52) and Pearson IV (53) kernel. The latter is attractive
as it can mimic both the RBF and the polynomial kernel. Any
function that yields semi-definite kernel matrices can be used as
kernel in SVM, allowing the use of chemoinformatics-specific
kernels. For example, Lind et al. used a kernel based on the
Tanimoto distance measure (54).

The number of articles that use SVM or SVR in QSAR and
QSPR is steadily growing; this review cites a selection of the ear-
lier studies. Serra found that SVM performed better than k-NN
in classifying molecules according to their clastogenic behav-
ior (55). Byvatov compared SVM with neural networks in a
drug/non-drug classification problem and found that SVM was
slightly better (56). Because SVM defines one hyper plane, it
can only classify two classes. A common approach for deal-
ing with more than two classes is to make an one-against-all
model for each class. For example, Ivanciuc used SVM clas-
sification for a three class odor problem (52). Support Vector
Regression (SVR) is an adaption of the SVM algorithm (57),
and allows making regression models, where the hyper plane
regresses through the data points. Burbidge was one of the first
to apply SVR on structure-activity relationship data (58), and
compared the performance of the method with C5.0 decision
trees and neural networks, and found that SVM performed best.
Bennett used SVR to model the retention times of proteins on
an anion-exchange chromatography system (59).

Classification of molecules into two categories can also be
performed by a method called substructure mining. The method
uses subgraph searching to find molecular fragments that are
specific for one of the classes. An important feature of these
methods is that the resulting model is easily interpreted; sub-
structures can directly be related to the modeled end point. Since
the number of possible substructures is enormous, these graph
mining methods start from the data set itself and only consider
substructures found. Kazius used this approach to predict muta-
genicity (60), and Borgelt developed an algorithm that performs
such a search to predict anti-HIV activity (61). To reduce the
number of substructures even further, only linear substructures,
paths, may be considered, considerably speeding up the analysis
(62).

While a lot of modeling methods have been tried in the past, it
generally is still difficult to capture certain features of the data to
model, including non-linearities and different modes of actions

of the molecules itself. While the former can be addressed by
using non-linear methods, or non-linear kernels as, for exam-
ple, used in combination with PLS and SVR, the latter can be
addressed by making local or sub models. Making physically
and (bio-)chemically relevant local models, explaining different
modes of action, is one of the challenges we face in the next
years.

Dimension Reduction

Calculating hundreds, if not thousands, of descriptors has
become feasible with the modern computing power, and the
general lack of understanding which molecular information is
important, makes feature selection a continuing challenge. Fea-
ture selection, or variable selection, is a popular way to reduce
the number of variables to be used in a model and is an alternative
to, for example, PCA where linear combinations of variables are
sought to describe the data efficiently. Feature selection has the
advantage that the selected features are easier to interpret than
linear combinations. Selections can be made such that the vari-
ables are orthogonal, or such that they contain most additional
information content, e.g., calculated using the Shannon entropy.
More importantly, the number of possible selections increases
more than exponential with the number of variables to choose
from.

Feature selection is, in essence, an optimization problem in
which the goal is to find a subset of features, or variables, the give
the best performance, e.g., for building QSAR models. Reasons
to do this include model interpretability and reducing chance cor-
relation. Classical methods include forward selection, in which
is started with zero variables, and the one variable gets added that
improves the model performance most. Likewise, in backwards
elimination one starts with all variables, and the one variable
get deleted that reduces the model performance least. To reduce
ending up in local minima, the stepwise method can be used,
which starts by forward selection, but allows elimination of ear-
lier added variables after each addition. However, these methods
often end up in local optimal.

Because feature selection is, in essence, an optimization prob-
lem, global optimization methods can also be used. For example,
genetic algorithms (GAs) have been used a lot for this purpose
(63). Xu compared GAs with classical variable selection meth-
ods and found that the former performed better than the clas-
sical methods (64). Other optimization methods used for fea-
ture selection include tabu search (65) and simulated annealing
(66).

Recently, other optimization methods have been applied too,
including ant colony optimization (67), and particle swarm opti-
mization (68). Like genetic algorithms, these methods evaluate
variable subsets by making a new regression or classification
model, using a prediction error measure, as discussed later. Al-
ternatively, Byvatov used SVM to calculate the importance of
features based on the support vectors, where features with a low
importance were removed (69).
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Model Validation

With a growing number of descriptors, modeling methods
and feature selection methods, statistically sound performance
estimation of classification or regression models is crucial. This
section discusses new insight and validation approaches from re-
cent literature. Modeling methods are designed to make the best
fit, and are not concerned with underlying physical and chemi-
cal principles, nor do they care about the so-called combinatorial
explosion with a growing number of dependent variables. Con-
sequently, overfitting is a serious risk (70). Leave-one-out (LOO)
and leave-more-out (LMO) cross-validation, also called k-fold
cross-validation, have become increasingly popular. Baumann
noted that while LOO performs well when selecting among a
few alternatives, it yields overfitted models when used for fea-
ture selection (71). In all cases, an independent hold-out test set,
not used in any step of the training process, should be used to
estimate the final performance of the model, though it is noted
that for small data sets one loses predictive power (72): Hawkins
studied the behavior of the cross-validation q? and the R? for the
independent test set, and proposed that with 100 or less com-
pounds in the data set, only cross-validation should be used.
Golbraikh further discusses the use of g7, and argues that this
statistic shows little correlation with predictive power (73).

Cross-validation is not the only available method, and oth-
ers include y-randomization (74), and bootstrapping (75). Mevik
compared several prediction error estimators, among which were
LOO cross-validation, k-fold cross-validation, and three boot-
strap based methods, for situations where the number of vari-
ables exceeds the number of objects (76). Though differences
are small, he recommends LOO cross-validation or the 0.632
bootstrap estimate, unless computational demand is too large, in
which case the LMO is a viable alternative. Several groups have
worked on general guidelines for building QSAR and QSPR
models, often consisting of a combination of a few performance
statistics, like those mentioned here. The reader is pointed to
articles by Todeschini (77), Eriksson (78), and Tropsha (79).

Statistical and machine learning modeling methods do not try
to understand underlying physical and (bio-)chemical concepts;
instead, they try to make the best fit between the sets of data, of-
ten molecular structures and some property. With large numbers
of variables to describe molecular information, the chance to find
a combination of them that correlates with the modeled activity
explodes, even if the are unrelated to the physical and chemical
concepts. This danger is addressed by using cross-validation and
test sets, and generally using data sets with more objects, which
is becoming feasible with high-throughput experiments. Never-
theless, making scientifically sound and interpretable models is
still an exciting challenge.

LIBRARY SEARCHING

Lavine identified Library Searching as one of the key areas
of chemometrics in 1998 (80), though the topic did not return
in his later reviews (81-83). Library searching is finding infor-

mation in one or more libraries of data; with respect to molecu-
lar chemometrics, these libraries contain molecular information,
such geometrical structures, spectra and physical and biochem-
ical properties. Any of these can occur in literature, and sets of
articles and abstracts are explicitly considered an (electronic) li-
brary in this review. To a large extent, these libraries are strictly
formatted, for example, using relational databases from which
extraction is easy. However, with the growing amount of diverse
data produced in experimental work, a growing interest in shar-
ing data on the Internet, and the trend towards a Semantic Web,
data retrieval has become increasingly important.

Berners-Lee envisioned the Semantic Web in 2002, a future
where information on the Internet is machine-readable, that is,
where the information has semantic meaning (84, 85). For exam-
ple, a client program would not just be able to retrieve safety in-
formation on a molecule, but it could also give suggestions where
the compound could be bought, what biological processes it is
involving, how it could be synthesized, etc. While most of this
information is already available on the web, such client software
is currently not generally available. Returning to our molecule
query, the following problems exist: data bases do not use one
unique identifier for a particular molecule; chemical information
is not stored in a well documented format; information does not
have clear semantic meaning; information is not freely available
(86, 87).

The last problem is slowly being addressed by a growing
number of open access databases (see Table 1). The informa-
tion available from these data bases is diverse, and includes
crystal structures, biological activities and binding information,
metabolic relations, NMR spectra and reaction mechanisms of
enzymatic reactions.

It is noteworthy that although these data bases are open ac-
cess, not all of them allow the content to be replicated, modified
and redistributed, like in open source software, but it shows at
least a new trend compared with previous decades where chem-
ical database were mostly proprietary and expensive. Library
searching is, obviously, not restricted to open access data bases,
but is applicable to proprietary data bases too (an overview of
those is found in (4)). A bigger challenge is the lack of a uniform
access to both types of data bases. Access is not always available

TABLE 1
Some examples of open access databases with molecular
information
ChemDB (88) http://cdb.ics.uci.edu/
KEGG (89) http://www.genome.jp/kegg/
Ligand.info (90) http://ligand.info/
MACIE (91) http://www-mitchell.ch.cam.ac.uk/macie/

NMRShiftDB (92) http://nmrshiftdb.org/

PubChem (93) http://pubchem.ncbi.nlm.nih.gov/
RCSB PDB (94) http://www.pdb.org/
ZINC (95) http://blaster.docking.org/zinc/
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other than via a web interface or a custom program, making it
difficult for machines to retrieve information. The use of seman-
tic markup languages, mostly using the XML syntax, should
change this. For molecular information the Chemical Markup
Language (96) is receiving growing interest. For example, it is
used to distribute physical properties of isotopes and elements
(87), storage of reaction mechanisms (97), and enrichment of
blogs and news feeds with chemical content (98).

Instead of making access to the data uniform, using web ser-
vices and XML languages, one could also take another approach:
trying to write a computer parser algorithm that takes unformat-
ted documents, and to extract information from text, tables and
figures. Given the huge amount of electronic journal articles
in PDF format available now, this, though difficult, might proof
very fruitful (99). Townsend used this approach, and developed a
system that uses regular expressions to extract information from
experimental sections of articles (100). Karthikeyan developed
a system for finding chemical information on the Internet (101),
also using regular expressions.

Finding information on an individual molecular structure has
become easier too, with the publication of the InChI (102). This
unique molecular identifier will likely have an important func-
tion in the chemical semantic web (85). Because most of current
literature does not use such a unique index, one has to rely in
IUPAC names, trivial names, and other naming schemes (99),
and finding literature related to a query compound on just such
names is not optimal. Singh uses both textual as well as molecu-
lar descriptors to address this problem, and defined a similarity
measure between the query molecule and articles based on both
pieces of information (103).

CONCLUSION

The research field of molecular chemometrics shows over-
lap with chemoinformatics, pharmaceutical studies, chemomet-
rics and bioinformatics. Literature is scattered over a number of
journals and the number of books in this area is also increasing.
This review gives a view on the current trends in this field, and
only a glimpse of the literature published in the past few years.
The trends include the ongoing search for new ways to describe
molecular structures, and, in a growing amount, molecules in
some environment, for new multivariate modeling methods, and
for new methods to deal with the ever growing amount of data
in databases and on the Internet.

Though many of the problems have been addressed in lit-
erature, several important ones are still standing. For example,
molecular chemometrics has to deal with an increasing amount
of data to be analyzed and modeled. With the size of chemical
space in mind, one cannot anticipate this amount to level off
soon. The increase in computing power will not come close to
whatis needed. Consequently, more powerful searching, mining,
feature selection, modeling and validation methods will become
increasingly important.
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