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1 Introduction

In spite of its central role between physics and biology, chemistry has remained in a backward state
of informatics development compared to its two close relatives. Computers, public databases, and
large collaborative projects have become the pervasive hallmark of research in physics and biology.
The Human Genome Project, for instance, required collaboration among dozens if not hundreds of
scientists across the world. And the resulting human DNA sequence, as well as a wealth of other
biological information, are available for anyone to download from public repositories on the Web such
as GenBank, Swissprot, the PDB, and PubMed. Virtually every biologist today uses publicly available
tools, such as BLAST, to search sequence databases and analyze high-throughput data. Similar
observations can be made in physics with large collaborative efforts in, for instance astronomy or high-
energy physics. The Web itself was born at CERN, a European consortium with over half a century of
history, and the world largest particle physics laboratory. In stark contrast, large collaborative efforts
and public databases and software are comparatively absent from chemical research.

1.1 Small Molecules and Chemical Space

To address the backward state of chemoinformatics together with other fundamental problems in
bioinformatics, systems biology, and drug design, here we shall focus exclusively on small molecules in
organic chemistry. Small molecules with at most a few dozen atoms play a fundamental role in organic
chemistry and biology. They can be used as combinatorial building blocks for chemical synthesis [1,
15, 16], as molecular probes for perturbing and analyzing biological systems in chemical genomics and
systems biology [6, 16, 18], and for the screening, design, and discovery of useful compounds. These
include of course new drugs [9, 11], the majority of which are small molecules. Furthermore, huge
arrays of new small molecules can be produced in a relatively short period of time [7, 15].

It is worth comparing small-molecule chemical space to our own astronomical space. Astronomical
space contains on the order of 1022$ stars, roughly 1011 galaxies, each containing 1011 stars. The
number of known small molecules, encountered so far in nature, or synthesized by man, is on the order
of 107 (the ACS database, the largest chemical database, currently contains 26 million compounds).
However, estimates in the literature of the size of the virtual space of small molecules that could
be created vary between 1018 and 10200, with 1060 being currently one of the more [4]. Thus by
any of these estimates, chemical space remains rather unexplored and uncharted. A second essential
difference between chemical and astronomical space is that chemical space is comparatively easier
to travel, both virtually and in reality. Small molecules can be recursively enumerated in silico and
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synthesized in vitro from known building blocks and known reactions. Of course we do not mean to
imply that chemical synthesis is a trivial matter–it is not. But general guiding principles and tools
are available. And would you rather have to synthesize a new small molecule or travel to a new
galaxy thousands of light years away from Earth? In short, with 1060 enumerable and synthesizable
compounds remaining to be explored, it is hard to see how the computer could avoid becoming the
chemoscope–e.g. the central tool of future chemical astronomers.

Table 1: Small molecule chemical space versus astronomical space.
Stars Compounds

Visited 0-1 107

Existing 1022 107

Virtual 1022 (?) 1060

Travel Difficult Easy

1.2 Chemoinformatics Challenges

The key challenge for computational methods then is not traveling through chemical space per se, but
rather to be able to focus traveling expeditions in a vast chemical space towards interesting regions,
and to be able to recognize interesting stars and galaxies when they are encountered. The notion of
what is interesting may vary of course with the task (e.g. drug discovery, reaction discovery, polymer
discovery). But at the most fundamental level what is needed are tools to predict the physical,
chemical, and biological properties of small molecules and reactions in order to focus searches and
filter search results.

Computational methods in chemistry can be organized along a spectrum ranging from Schrodinger
equation, to molecular dynamics, to statistical machine learning methods. Quantum mechanical
methods, or even molecular dynamics methods, are computationally intensive and do not scale well
to large datasets. These methods are best applied to specific questions on focused small datasets.
Statistical and machine learning methods are more likely to yield successful approaches for rapidly
sifting through large datasets of chemical information.

Because in the absence of large public database and datasets, chemoinformatics is in a state
reminiscent of bioinformatics two or three decades ago, it may be productive to adapt the lessons
learnt from bionformatics to chemoinformatics, while maintaining also a perspective on the funda-
mental differences between these two relatively young interdisciplinary sciences. If this analogy is
correct, two key ingredients were essential for unlocking the large-scale development of bioinformatics
and the application of modern statistical machine learning methods to biological data [2], data and
similarity measures. In bioinformatics, such as Genbank, Swissprot, and the PDB while alignment
algorithms have provided robust similarity measures with their fast BLAST implementation becoming
the workhorse of the field. Mutatis mutandis, the same is likely to be true in chemoinformatics.

2 Method and Results

2.1 Data, Data Sets, and Annotations

Limited catalogs of small molecules are available in digital format from many vendors across the
world, as well as a number of public Web sites. As datasets of small molecules become increasingly
available, it is important to develop computational methods to both organize these data in rapidly
searchable databases and to extract or predict useful information for each molecule, including its
physical, chemical, and biological properties. Conversely, large and well-annotated datasets are es-
sential for developing statistical machine learning methods in chemoinformatics, whether supervised
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or unsupervised, including predictive classification, regression, and clustering of small molecules and
their properties [13, 14]. Aggregation and organization of datasets of chemical information allows for
massive in silico processing that would be impractical or even impossible in a traditional experimental
setting.

Several parallel efforts have emerged recently to start to address the data bottleneck, including
PubChem (http://pubchem.ncbi.nlm.nih.gov), the Harvard Chembank [19], UCSF’s ZINC [8], and
the UCI ChemDB [5]. The UCI ChemDB is a public database containing over 4M compounds as well as
a repository of annotated datasets that can be used to develop statistical machine learning methods.
Together, these datasets already pose important challenges for both supervised and unsupervised
machine learning methods, from clustering to kernel methods [14, 20].

In the longer run, a critical challenge is going to be the annotation of these databases. Can
annotation be carried by chemistry laboratories in a concerted way across the world and deposited
in a central public repository? Can data gathered over the years by large pharmaceutical companies
become public? How much annotation can be derived more or less automatically from the literature
using automated information retrieval methods? Can new annotation models be implemented (e.g.
using organic chemistry classes to produce annotations)? This area is likely also to produce new
challenges for database technology due to the sheer size of chemical space.

Another very important related set of challenges has to do with the creation of a public repository
of chemical reactions, currently in progress at UCI. Such a repository is essential for a variety of tasks
ranging from reaction discovery, to automatics determination and optimization of synthetic pathways
to travel chemical space.

2.2 Similarity Measures, Kernels, and Prediction

Good similarity metrics between compounds, or between reactions, are essential to rapidly search large
databases of compounds or reactions. Consider, for instance, a classical drug discovery problem where
the starting point is a protein of known structure and perhaps a corresponding ligand. With a good
database of small molecules, the discovery process can proceed from both ends. Starting from the
protein, one can dock millions of small molecules to the protein in silico [17]. In fact, with sufficient
computing power, one ought to be able to dock all known small molecules to all proteins with known
structure contained in the PDB [3]. Producing such a matrix ought to be a significant goal for systems
biology and pharmacology in the coming years. On the other hand, starting from the ligand, one can
search the database of small molecules for compounds that are “similar” to the known ligand(s),
where similarity can be defined in different ways. In both approaches, additional filters can be used
to eliminate molecules that are, for instance, poorly soluble, too flexible, or toxic [5]. Furthermore,
in silico chemical reactions applied to the molecules in the database can further expand the space
of interesting molecules being screened or designed. Thus similarity to a single compound, or a set
of compounds, must be defined precisely in ways that can be computed efficiently together with a
statistical theory for assessing the significance of the hits (c.f. “the e-values of BLAST”).

But similarity is also essential to develop predictive machine learning methods to predict the
physical, chemical, and biological properties of compounds. This is not too surprising since, given an
annotated training set of molecules (e.g. toxic/non-toxic), the properties of a new molecule ought to be
inferred from its similarities to the molecules in the training set. This is precisely the basic idea behind
kernels methods, one of the leading methods in machine learning. To our advantage, compounds (and
reactions) can be represented in many ways, including 1D SMILES strings, 2D graphs of bonds, and
3D structures. Good kernels can be derived for each one of these representations. Spectral kernels in
particular, counting the number of occurrences of each possible substructure, lead to efficient molecular
“fingerprints” and similarity measures that are useful both in database searches and statistical machine
learning applications [14, 20].

Additional similarity measures and kernels can be derived based on molecular surfaces (2.5D),
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pharmacophores (3D), and even beyond (4D) using conformers, isomers, or dynamic evolution. Chal-
lenges remain in developing and testing these similarity measures, their complementary values and
usages, as well as their statistical properties and extreme value distributions.

2.3 Docking and Drug Screening

Finally, small molecules can be used for docking and drug screening/discovery. Small molecules, as
well as their synthetic derivatives, can be docked to a protein target and computationally filtered (e.g.
by solubility) to produce a ranked list of candidates that can then be tested in the laboratory. Known
ligands can also be used in similarity searches, or as scaffold for further molecular engineering. We
will present several recent drug discovery efforts that leverage ChemDB and the computational tools
described above. In particular, we will describe the discovery of several compounds that can bind to
the Carboxyltransferase domain of Acyl-CoA Carboxylase, AccD5 from Mycobacterium tuberculosis:,
a new TB therapeutic target [10].
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