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Purpose. Cheminformatics can be broadly defined to encompass any activity related to the application of

information technology to the study of properties, effects and uses of chemical agents. One of the most

important current challenges in cheminformatics is to allow researchers to search databases of

biomedical knowledge, using chemical structures as input.

Materials and Methods. An important step towards this goal was the establishment of PubChem, an

open, centralized database of small molecules accessible through the World Wide Web. While PubChem

is primarily intended to serve as a repository for high throughput screening data from federally-funded

screening centers and academic research laboratories, the major impact of PubChem could also reside in

its ability to serve as a chemical gateway to biomedical databases such as PubMed.

Conclusion. This article will review cheminformatic tools that can be applied to facilitate annotation of

PubChem through links to the scientific literature; to integrate PubChem with transcriptomic, proteomic,

and metabolomic datasets; to incorporate results of numerical simulations of physiological systems into

PubChem annotation; and ultimately, to translate data of chemical genomics screening efforts into

information that will benefit biomedical researchers and physician scientists across all therapeutic areas.

KEY WORDS: bioactivity fingerprints; bioinformatics; chemical genetics; chemical genomics; chemical
space; cheminformatics; data mining; high throughput screening; mathematical modeling; QSAR.

THE CHALLENGE OF APPLYING
CHEMOINFORMATICS TO BIOMEDICAL
KNOWLEDGE

A biomedical research scientist has just discovered a
potential link between a biochemical pathway and a disease-
causing mechanism. Is there a small molecule that may be
used to modulate that biochemical pathway, so as to alter the
course of the disease? With limited budget and resources, he
would like to purchase the largest possible number of
molecules that could potentially be used to interfere with
the activity of protein targets along that biochemical path-
way, while at the same time having the least effects on other
biochemical pathways leading to unwanted side effects.
Because the biochemical pathway of interest is localized in
mitochondria and the goal is to discover molecules of

potential therapeutic relevance, it is important that the
molecules have high solubility and cellular permeability,
while at the same time accumulating specifically in mito-
chondria without disrupting mitochondrial function. What
are those molecules? Are they commercially available? The
investigator logs on to a computer terminal linked to the
latest cheminformatic search engine on the web. Within a
couple of hours, he is able to find a set of 1,000 relevant,
candidate molecules, and orders them from 50 vendors,
throughout the world.

Inspired by this vision, this review aims to highlight
many of the new cheminformatic tools that are being
developed in academic laboratories working in the fields of
chemical genomics and drug discovery. These cheminfor-
matic tools constitute a major contribution of cheminfor-
matics research to the biomedical research community in
general. As applied to drug discovery, traditional cheminfor-
matic research has aimed to facilitate the design, analysis or
interpretation of experiments, and to test specific models or
experimental hypothesis. As a result, traditional cheminfor-
matic tools can only be used by experts with highly
specialized, quantitative skills, which are not shared by bench
scientist lacking advanced cheminformatics training. As
applied to mining biomedical knowledge, an emerging new
direction in cheminformatics research aims to make chemical
information more accessible to biomedical researchers.
Cheminformatic tools are needed to disseminate chemical
information to a wide audience without requiring a deep
understanding of chemistry or statistics. Indeed, major
challenges for integrating information emerge at the interface
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of chemistry, genomics, transcriptomics, proteomics, meta-
bolomics and systems biology. Thus, instead of elaborating
on cheminformatic tools that have been developed for drug
discovery and are applicable to specific, project-oriented
questions, this article will specifically concentrate on review-
ing general purpose cheminformatic tools applicable to the
integration of chemical and biological information.

TOOLS FOR MANAGING LARGE AMOUNTS
OF DISPARATE DATA

Chemical genomics (also referred to as chemical genet-
ics) aims to discover relationships between genes or proteins
and cellular phenotypes by studying the influence of chemical
agents on cell structure and function (1–10). This is unlike
drug discovery, whose aim is to find chemical agents that
achieve a therapeutic benefit in a patient population.
Presently, cheminformatics is gaining momentum as a critical
tool for chemical genomics research. There are various
reasons for this: First, collections of diverse chemical agents
can be readily synthesized and screened in academic research
laboratories (4,11,12), creating a demand for methods to
manage and disseminate screening results in a manner that
can be readily accessed by the research community. Second,
the development of computational tools to study activity data
for small molecules held in large databases encompassing
various assays and to identify relationships between chemical
agents and their functional effects on physiological systems is
technically feasible and timely (13–15). Third, the emerging

field of metabolomics—comprising all endogenous small
molecules occurring in living systems and their associated
metabolic transformations—calls for the creation of compu-
tational tools to integrate, analyze and manage knowledge of
biochemical reactions, pathways and networks, including the
effect of exogenous chemical agents on those networks
(13,16–25).

New cheminformatics tools are being developed so
biomedical investigators are able to use chemical genomics
data in a broad range of research projects, without the need
for highly specialized resources or personnel. Cheminfor-
matic tools will provide the guidance needed to link
phenotypic outcomes to the chemical structures of molecules
tested in biological assays (Fig. 1). Today, the search for
small bioactive molecules is essentially a process of trial and
error, whereby large collections of compounds are either
chemically synthesized or isolated from natural sources, then
experimentally tested for biochemical and cellular effects
(9,10,26–28). In 2005, the Molecular Libraries Screening
Center Network (MLSCN) was created as part of the NIH
Roadmap Initiative (29). The MLSCN is a consortium of
academic laboratories responsible for screening large librar-
ies of compounds using biomedically-relevant cellular and
biochemical assays (30). In parallel, the NIH also created a
network of centers for cheminformatics research (31), to help
develop software that will make chemical screening data
more meaningful and relevant to the biomedical research
community. Cheminformatics therefore will play an impor-
tant role in integrating chemical structure and activity data

Fig. 1. A user can access the PubChem database to find not only compounds that are similar to a query structure, but also related research

articles, protein structures, biochemical pathways, and screening assay data.
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from the different screening centers, together with data
deposited by individual investigators in academic laborato-
ries or derived from published research articles.

Cheminformatics research centers will perform inves-
tigations whose results can be applied towards the (1)
analysis, visualization, and interpretation of screening data
(32,33); (2) efficient planning of new syntheses and assays
(32,34–39); and (3) rapid advancement of screening results
towards therapeutically relevant applications (40–47). Cur-
rently, the National Center of Biotechnology Information
(NCBI) at NIH is developing the PubChem database of
chemical structures and biological activities (48). PubChem
will store all experimental screening results obtained by
screening centers associated with the MLSCN. Data analysis
methods and computational tools that can interface with
PubChem as well as with other biomedically relevant data-
bases such as PubMed will be important for linking screening
results with the rest of scientific knowledge (15,49–51).
Cheminformatic tools will be instrumental in identifying hits
with useful activity patterns, as well as in the development of
compounds with more potent and specific activities. While
the 500,000–5,000,000 compounds to be screened may seem
like a large number, this is a miniscule fraction of biologically
relevant Bchemical space^ (52–54). However, by screening
molecules possessing partially overlapping biological activi-
ties and substructural fragments, statistical analysis can be
used to extract the features of the molecules that are most
closely associated with different phenotypic activities and
other annotated properties, thereby enhancing the informa-
tion that can be gained from screening a limited set of
molecules representing a small fraction of chemical space
(33,53–59).

TOOLS FOR NAVIGATING
BIOMEDICALLY-RELEVANT CHEMICAL SPACE

While cheminformatics has existed as an active field of
study in medicinal chemistry, especially as practiced in the
pharmaceutical industry, there are particular challenges
posed by chemical genomics—such as the relationship

between the chemical and functional diversity of mole-
cules—that have little precedent in medicinal chemistry. In
medicinal chemistry, quantitative structure-activity relation-
ship (QSAR) analysis is applied to assays that have a single,
well-defined endpoint and favored direction: improving the
potency of a compound in an assay with a single phenotypic
readout or increasing the binding affinity of a small molecule
to its target (43,60–73). Building on the foundations of
QSAR laid by C. Hansch and associates, thousands of QSAR
models have been published over the past 40 years, and have
been compiled into a single database (73). The QSAR
approach is well-suited for pharmaceutical drug discovery,
where candidate drug molecules need to be optimized so as
to achieve a therapeutic benefit: for example, by increasing
the intestinal permeability of a molecule that is otherwise not
absorbed by the body. By contrast, when the intent is to study
the effect of molecules on all biochemical pathways in a cell,
the cheminformatic challenges center around the analysis of
patterns of activity, also referred to as activity Bfingerprints^
or Bprofiles^ (41,74–78) (Fig. 2). In this context, a useful
cheminformatic tool should also be able to find links between
genes, proteins or biochemical pathways differentially pres-
ent in multiple cell lines with different genetic backgrounds,
and relate these to the mechanism of action of small
molecules (2,41,45–47,57,74–81).

Intended to be a single database of broad therapeutic
relevance, PubChem will provide a framework for integrating
experimental results obtained from molecules screened
across multiple different assays. These assays will be relevant
to various therapeutic applications, including but not limited
to oncology, cardiovascular disease, infectious diseases, CNS
disorders, immunity, metabolic disorders, and regenerative
medicine. Accordingly, the chemical diversity encoded of
molecules being screened by the MLSCN should be reflected
in diverse activity fingerprints. Compounds should hit targets
on biochemical pathways leading to different biological
responses in different assays. One task of cheminformatic
researchers therefore will be to analyze the diversity of activity
fingerprints of MLSCN compounds and determine if the
chemical diversity represented is well-suited for the intended

Fig. 2. Representation of activity data for many different compounds producing different phenotypic effects on a variety of cellular

genotypes. Each dot represents the relative concentration at which a particular compound is active in a particular dose-response assay. Most

active corresponds to green; least active is shown as red.
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scope of the project. When the goal is to search for related
compounds in a database or to cluster compounds with related
chemical structures, chemical similarity and diversity can be
thought of in terms of the shape of a molecule, the relative
position of its constituent atoms, substructural motifs and
topological descriptors (38,69,82–96). Such similarity metrics
can be used for predicting the binding of small molecules to
proteins based on the shape of the binding pocket
(65,69,83,87,89,97–100). However, when the goal is to analyze
the behavior of a collection of molecules on different cell
based assays, the diversity of chemical agents can also be
analyzed in terms of similarities or differences in the
phenotypic responses of cells to small molecules across
multiple assays (16,27,41,45–47,57–59,76–79,101–107) (Fig. 2).
Thus, cheminformatic analysis of activity fingerprints will be
important to determine if and how the collection of
compounds being screened could be improved.

To relate phenotypic diversity to chemical diversity, che-
minformatic analysis can incorporate genomic, transcriptomic,
proteomic, metabolomic data sets—as well as systems biology
and mathematical modeling components (2,44–46,74–79,108).
The -omics and mathematical modeling components can lead to
hypotheses about the effects of interfering with specific
molecular targets in different biochemical pathways. Systems
biology can provide the conceptual framework for understand-
ing the relationship between the different phenotypic states of
the cell at a molecular level (e.g. through mathematical
modeling of mechanistic physiological phenomena, or through
Bayesian, statistical analysis of causal networks of gene or

protein expression patterns (109–117)). Mathematical modeling
can also be used to predict important cellular variables related
to transport (42,117–125) and distribution of small molecules
(117,126,127) as well as the global effects of metabolic
perturbations (16,20,128).

TOOLS FOR PREDICTING PHENOTYPIC ACTIVITY
AND SPECIFICITY

Computational studies predicting drug activity and
specificity have focused on studying and analyzing how the
structure of a molecule determines the binding to a specific
cellular target, and in turn, how the binding to the specific
target promotes or inhibits its biological activity. Such
cheminformatic tools are useful to Bdock^ a small molecule
to the active site of a molecular target, for example, to
predict the binding affinity. However, cells are structurally
and functionally organized into organelles delimited by
membranes, and all organelles are associated with specific
physiological and biochemical signaling functions. Therefore,
a molecule may exert phenotypic effects simply by accumu-
lating in an organelle so as to perturb the function of that
organelle. In melanocytes, for example, accumulation of
small molecules in mitochondria can interfere with ATP
generation and trigger a protective signal transduction
response whereby cells increment the levels of pigment
production (129–132). In contrast, accumulation of small
molecules in mitochondria of cancer cells generally induces

Fig. 3. The ability to visualize results of a mathematical simulation with image data obtained from screening experiments illustrates an

important cheminformatic challenge of chemical genomics. In this example, image data acquired from cells incubated with four different

fluorescent probes (Molecules 1, 2, 3 and 4) are graphed in a tridimensional, chemical property space where each axis represents a

physicochemical characteristic of a molecule. Within this physicochemical property space, a computational simulation of intestinal absorption

(represented by the cylinder at the bottom of the plot) is used to define combinations of physicochemical properties that should confer high

permeability but low intracellular accumulation (indicated by the blue shaded region in the plot).
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apoptosis (103,133–138). Accordingly, knowledge of bio-
chemical pathways associated with different organelles in
different cell types is relevant to understanding the activity
and specificity of chemical agents (3,7,10,81,129,139).

Statistical and computational approaches to predict how
the structure of small molecules influences their intracellular
distribution have a precedent in the study of dyes and
fluorescent probes for histochemical staining. Quantitative
structure-property relationships and mechanistic models have
been developed for studying the intracellular distribution of
molecules in different organelles inside cells (117,126,127,140–
145), and for predicting the ability of small molecules to
traverse cell monolayers and intracellular membranes
(42,64,118–125,146–149). Many QSAR models for predicting
membrane passage, intracellular accumulation and absorp-
tion have been published over the years, and can be compiled
into a comprehensive database (73). Because of differences
in pH in different intracellular compartments and transmem-
brane electrochemical gradients, membrane permeant hydro-
phobic molecules can reach different equilibrium concentrations
at different intracellular locations, in a cell-type dependent
manner (7,126,127,150,151). In addition, molecules can be
substrates of active transport mechanisms, such as ATP-
dependent xenobiotic transporters, driving the accumulation
of small molecules in specific organelles or promoting their
expulsion from the cell in a manner that affects the differential
response of cells to small molecules (7,104,152–157). New types
of data mining tools developed for chemical genomics can
combine predictions about intracellular distribution and per-
meability of small molecules together with other types of data
such as images or gene expression profiles to reveal associa-

tions between intracellular accumulation and bioactivity (Fig. 3)
(81,158,159).

TOOLS FOR LINKING TO THE SCIENTIFIC
LITERATURE

Recently, interest in automated, computational tools for
organizing and mining the scientific literature has increased
(49,160–168). Automated, natural language processing algo-
rithms may be used for extracting information from PubMed
(160,164–171) (Fig. 4). A similar approach can help link
PubChem molecules to biochemical pathways and small
molecule agonists and antagonists whose activities have been
characterized and published by individual investigators.
There have already been attempts to automate incorporation
of small molecule activity data into biochemical pathway
maps, and tools are being developed to expand, visualize and
mine data from maps of chemical reaction networks through
the internet (21–25,172–177). Cheminformatic efforts can
build upon these first steps at integrating biochemical
knowledge, particularly in the direction of linking PubChem
molecules with metabolites and molecular targets.

Virtually all current knowledge about chemistry and
biology is contained as natural language text in scientific
research articles. In this context, development of machine
vision and natural language processing algorithms will be
relevant to cheminformatic efforts aiming to link PubChem
molecules with biochemical pathway mapping resources
(21,22,51,176,177). It is within the capabilities of current
machine vision technology to convert analog, chemical
structure diagrams into digital representations that can be

Fig. 4. Development of automated methods for linking the scientific literature to the Pubchem database can increase Pubchem_s usefulness in

biomedical research. From published scientific research articles, chemical names and structure diagrams can be extracted and converted into a

digital template representing the structure of a chemical agent (or a partial substructure). In turn, the digital template can be linked to one or

more Pubchem entries using digital pattern matching algorithms. Matched Pubchem entries can be linked to published research articles via

html links to article abstracts in PubMed. A user would be able to query these articles simply by drawing a chemical structure in the PubChem

search engine, without being aware of the sophisticated cheminformatics infrastructure that makes such a query possible.
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used for database annotation (162,178–180). Using mecha-
nistic insights obtained from published research articles, it is
possible to connect cellular responses to small molecules,
gene expression patterns and drug mechanism of action
(181). Natural language processing can be used to link
molecular targets, biochemical pathways, cellular phenotypes
to diseases (170). Graph-similarity analysis (102) can be
explored to make predictions of molecule/phenotype inter-
actions based on the small molecule/protein interactions by
drawing inferences in the context of a catalogue of protein/
protein assertions and biochemical pathways.

Cheminformatics researchers are also developing new,
structured formats for sharing chemical information
(50,95,161,182). Such structured formats would facilitate
automated integration of Pubchem with other structured
repositories of scientific knowlege. At present, PubMed can
be linked to PubChem through manually-curated MeSH
headings of PubMed articles (183,184). Future PubChem
links that can be envisioned include The Protein Data Bank
(PDB) and manually-curated protein-ligand interaction data-
bases (26,79,185–187). Currently, molecular docking and
pharmacophore similarity searching algorithms can be used
to mine potentially-relevant interactions between small
molecule ligands and cellular macromolecules (69,79,83,87–
94,186–192). Thousands of molecular structures including
proteins, nucleic acids and macromolecular complexes are
already publicly available (193). Together with data on the

binding and functional activity of small molecules on those
targets, powerful cheminformatics tools may be developed to
assess structural features of a molecule that determine
differential affinity to different targets, and identify the
topological features of a molecule that preclude or promote
binding to a target or a set of targets (35,186–191,194,195).

TOOLS FOR VISUALIZING MULTIDIMENSIONAL
RELATIONSHIPS

Many of the ongoing chemical genomic MLSCN screens
are being performed with phenotypic cell-based assays run on
Bhigh content screening^ instruments (196–200). These
instruments generate large amounts of microscopic image
data, capturing how the intensity and spatial distribution of a
fluorescent biosensor changes in response to the activity of
small molecules. High content screening therefore creates a
need for computationally-intensive data management and
analysis strategies (201–204). And, just like image data is
multidimensional, the chemical space of the molecules being
screened is also multidimensional: any collection of mole-
cules can be sorted based on molecular weight, logP, pKa,
permeability, toxicity, activity, subcellular distribution, sta-
bility, solubility, or degree of similarity to other molecules
(13,27). Within this multidimensional chemical-image-assay
space, molecules with certain desirable characteristics may
exist in regions with complex shapes (117) (Figs. 3, 5). These

Fig. 5. Cheinformatic-assisted visualization tools can be used to facilitate simultaneous exploration of chemical features and related

phenotypic effects of small molecules. Using mathematical simulations or QSAR models, it is possible to define regions of physicochemical

property space occupied by cell permeant, cell impermeant, toxic and non-toxic molecules. The ability to see the chemical structures of a set of

molecules (1–7) within this property space can facilitate selection of molecules with the most desirable features for specific experiments.
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regions may form a continuous chunk of chemical space, but
they could also be present as discontinuous islands or
pockets. The ability to navigate multidimensional chemical
space and search for high content data associated with
specific molecules, as well as the ability to visualize pheno-
typic data and its relationship to chemical structures of the
molecules being screened, is yet another challenge posed by
chemical genomics for which cheminformatics tools are being
developed (117) (Fig. 5).

CONCLUSION

To conclude, this review highlights some unique chemin-
formatic challenges associated with mining biomedical
knowledge, and various tools that are being developed to
solve them. As cheminformatics evolves in tandem with
chemical genomics research, more scientists will become
fluent with the new cheminformatic tools; this will lead, in
turn, to even more powerful tools. An effective cheminfor-
matics infrastructure must be able to manage the vast amount
of present knowledge, and to disseminate this knowledge in a
manner that is biomedically-relevant and useful to research-
ers in different fields. Thus, there is an important educational
component to cheminformatics research (205,206). Chemin-
formatics research centers can help build an adaptable
infrastructure that can accommodate new generations of
investigators looking at problems from very different angles
(50,173,207). Therefore, the ultimate solution to the chem-
informatic challenges associated with mining biomedical
knowledge will depend on new types of computer hardware,
software, network systems, and immersive and interactive
data management and visualization technology, as much as it
will depend on incremental improvements to the more
familiar cheminformatic methodologies such as QSAR and
molecular modeling
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