
Introduction

Quantitative (and qualitative) structure–activity relationships,
(Q)SARs, have been extensively developed for use in bio-
chemistry and toxicology. Numerous applications exist in
other fields, such as the physical sciences and ecological
health; however they are beyond the scope of this review. In
molecular biology, knowledge about genomes, proteomes,
chemical structure and relationships between these molecules
have been collected and stored in public databases.1) These
two methods are utilized in different ways to understand bio-
logical systems. For example, in the development of drugs, a
biological database is used to identify a drug target using data
acquired via high-throughput approaches (i.e. microarray
data) and then (Q)SAR analysis is used to identify small mol-
ecules that bind the drug target. However binding to a target is
insufficient for full evaluation of a compound’s biological ac-
tivity and eventual utility as a pesticide or pharmaceutical. It

is also vital to understand the compound’s adsorption, distri-
bution, metabolism, excretion and toxicity (ADME-Tox)
properties. This means that (Q)SAR analysis is insufficient to
understand the pharmacokinetics of compounds in a biologi-
cal system. One solution to this problem is to consider drug
metabolites on an individual basis, integrating the enzymes
that are responsible for the degradation/metabolism of a given
compound as well as its metabolites. This analysis can reveal
the dynamics of xenobiotics in biological systems. For exam-
ple, Ekins et al. integrated QSAR coupled to a gene network
dataset to examine drug metabolism and toxicity.2) However
methods to incorporate integrated (Q)SAR analysis with that
of a biological database are not sufficiently advanced for
wide-scale application. In this review, we give a brief
overview of (Q)SAR and a publicly available biological data-
base. We then show an example of a combined chemical and
genomics analysis by using SAR and pathway analysis of the
biological degradation processes of endocrine disrupting
chemicals (EDCs).

Structure–activity relationships

1. Overview of structure–activity relationships
(Q)SARs are mathematical relationships that link chemical
structure to biological (ecological, toxicological or pharmaco-
logical) activity for a series of compounds. There are a multi-
tude of methods available that can be used in (Q)SAR analy-
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ses, including various regression, multivariate and pattern
recognition techniques.3–5) An increase in the need for bioin-
formatics methods to cope with omics-related data sets has
transferred to the QSAR field, with a number of advances in
chemoinformatic techniques.5,6) (Q)SARs are used extensively
in the design of novel biologically active compounds, either
pharmaceutical or agrochemical,7) and can subsequently be
useful in industrial research settings. However, these methods
are also increasingly being used by regulatory agencies to
predict acute toxicity, mutagenicity, carcinogenicity, and other
health effects.8) In addition, numerous QSARs have been de-
veloped to predict the physical properties, fate, and effects of
many chemicals.9) As increasing numbers of standard QSAR
methods are developed and validated to predict health effects,
ecologic effects and environmental fate of chemicals, it is an-
ticipated that more regulatory agencies will employ these
methodologies as alternatives to chemical testing.10,11) It can
be particularly useful to conduct screening risk assessments to
assist in prioritizing or ranking chemicals on the basis of po-
tential hazard and exposure assessment parameters, conse-
quently focusing research and/or cleanup efforts on specific
chemicals of concern.

2. Applications of structure–activity relationships to en-
docrine disrupting activity

QSAR analysis methods have been particularly beneficial in
EDC research and a number of different models and method-
ologies have been developed.12) EDCs are compounds that di-
rectly modulate steroid hormone receptor pathways (estro-
gens, antiestrogens, androgens, antiandrogens) and aryl hy-
drocarbon receptor (AhR) agonists, including 2,3,7,8-tetra-
chlorodibenzo-p-dioxin (TCDD) and related compounds13)

and are thought to pose a number of distinct health risks to
both humans and wildlife.13,14) Some pesticides (i.e. 1,1-
dichloro-2,2-bis(p-chlorophenyl)ethylene) or DDE, the
metabolite of 1,1,1-trichloro-2,2-bis(p-chlorophenyl)ethane or
DDT (Fig. 1) also contain EDC activity.15,16) A few of the nu-
merous QSAR models available to describe EDC activity are
discussed below to illustrate the breadth of available method-
ologies and applications.

Mekenya et al. analyzed a chemically diverse training set
of 151 chemicals with measured human alpha estrogen recep-
tor binding affinities (as well as mouse uterine, rat uterine,
and MCF7 cells). The training set was analyzed using the
COmmon REactivity PAttern (COREPA) approach, which at-
tempts to derive a binding affinity model through a 3D pattern
recognition analysis. This multidimensional approach is not
dependent upon a specific conformer alignment or a specified
pharmacophore. Using the results of this analysis, an ex-
ploratory system was developed for use in ranking relative
mammalian estrogen receptor binding affinity potential for
large chemical data sets.17) The COREPA approach was also
used by Serafimova et al. to examine androgen receptor bind-
ing affinity using the interatomic distances between nucle-

ophilic sites and charges to classify active versus non-active
chemicals. These stereoelectronic characteristics were then
used to predict the biological activity of pesticide formulation
ingredients in an attempt to identify chemicals with potential
androgen receptor binding affinity.18)

Lill and coworkers investigated the influence of induced fit
of the androgen receptor binding pocket on free energies of
ligand binding using a multidimensional QSAR receptor-
modeling tool. On the basis of a novel alignment procedure
using flexible docking, molecular dynamics simulations, and
linear-interaction energy analysis, they examined the binding
of 119 molecules from six different compound classes.19)

They employed multi-dimensional QSAR and compiled a
pilot system that included the 3D models of three receptors
known to mediate endocrine-disrupting effects (the aryl hy-
drocarbon receptor, the estrogen receptor and the androgen re-
ceptor) and validated them against 310 compounds.20) Zhao et
al. tested a data set of 146 EDCs belonging to a broad range
of structural classes for their relative binding affinity to the
androgen receptor. QSARs were determined using three meth-
ods: multiple linear regression, radical basis function neural
network and support vector machine (SVM). Comparison of
the results showed that the SVM method exhibited the best
overall performance. Moreover, six linear QSAR models were
constructed for some specific families based on their chemical
structures.21) The general structural requirements for chemical
binding to androgen receptor was explored by Fang et al. who
measured the binding activity of 202 natural, synthetic, and
environmental chemicals.16)

Jacobs et al. combined QSAR methods with crystal struc-
tures and homology modeling as well as molecular dynamics
simulations to examine receptor-ligand endocrine disruption
dynamics.22) QSAR models were constructed using multivari-
ate partial least squares techniques and specific descriptors.
Multivariate PCA techniques were employed to predict those
cell lines that would be best for performing risk assessment
studies for EDCs. Results showed that in silico methods could
be used effectively in endocrine disruptor risk assessment for
prescreening potential endocrine disruptors, improving exper-
imental in vitro screening assay design and facilitating more
thorough data analyses. A novel computational technology
derived from gene structure for screening, selecting, and de-
signing pharmaceutical candidates was developed by Hendry
et al. Endocrine pharmacophores, composites of the van der
Waals surfaces and hydrogen bonding functional groups, were
created by docking known active structures into specific sites
in partially unwound DNA.23)

A number of different groups have examined the utility of
CoMFA methods for examining EDCs. Tong et al. compared
the ability of three different QSAR methods to screen large
chemical data sets for endocrine disrupting activity: CoMFA,
classical QSAR, and Hologram QSAR (HQSAR). HQSAR
attempts to correlate molecular structure with biological ac-
tivity for a series of compounds using molecular holograms
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constructed from counts of sub-structural molecular frag-
ments. The statistical quality of the QSAR models con-
structed using CoMFA and HQSAR techniques were compa-
rable and were generally better than those produced with the
classical QSAR methods.24) Yu et al. constructed CoMFA
models based on biological data for a structurally diverse set
of compounds spanning eight chemical families. Results indi-
cated that flexible field-fit alignment offered improved models
over atom-fit alignment as the structural diversity of the data
set increases.25) Hong et al. used CoMFA to examine andro-
gen receptor-ligand binding affinities using a training data set
of 146 structurally diverse chemicals with a 106-fold range in
relative binding affinity.26)

3. Future of structure–activity relationships
Research trends are moving towards the integration of larger
data sets in the expectation of increasing our understanding of
biological processes. The implementation of omics technolo-
gies has increased the need for informatics methods capable
of analyzing these data sets and extracting meaningful infor-
mation. The use of high-throughput screening of large com-
pound collections and combinatorial libraries has increased
the amount of data exponentially and subsequently the com-
plexity of the data analysis. For example, the number of po-
tential lead compounds available (either agrochemical or
pharmaceutical) has greatly increased, but so has the cost of
pursuing each of those leads in the development of a commer-
cial product. These points highlight the need to collect effi-
cacy, pharmacokinetic and metabolism data as early as possi-
ble in order to “kill” a compound early in the development
process. These ADME-Tox properties can be estimated by a
range of in vivo and in vitro methods, most of which have
been adapted to a high-throughput format.27,28) The task then
becomes adapting the in silico methods to keep pace with the
experimental data acquisition.

A number of studies are pushing the boundaries of QSAR
through the development of methodologies for integrating
high-throughput data with QSAR techniques in an effort to-
wards achieving in silico system biology. For example,
progress has been made in the development of in silico meth-
ods using various QSAR and molecular modeling techniques
that employ a range of recently introduced descriptors tailored
to estimating ADME-Tox. These in silico approaches are
promising filters for virtual libraries to aid synthesis as well
as the selection of compounds for acquisition and screening in
the early stages of drug discovery.27) Lapinsh et al. have cre-
ated QSAR models that incorporate a recently developed pro-
teo-chemometrics approach, which is based on the combined
analysis of series of receptors and ligands. In this method, de-
scriptions of ligands, proteins, and ligand-protein cross-terms
are correlated with interaction activities. The compounds are
characterized by structural descriptors, including three-di-
mensional grid-independent descriptors, topological descrip-
tors, and geometrical descriptors.29) Ekins and coworkers have

combined QSAR and systems biology methods to develop a
novel computational approach called MetaDrug. This method
predicts metabolites based on the chemical structure of the
parent molecule and predicts the biological activity of the
original compound and its metabolites using various ADME-
Tox models. Results are incorporated into a predictive model
that is coupled with human cell signaling and metabolic path-
ways as well as networks, which in turn integrates networks
and metabolites with relevant toxicogenomic or other high
throughput data.2)

In this post-genomic era of high-throughput analyses and
combinatorial library screening, the future of QSAR studies
and computational approaches in general lies in applications
that combine multiple methods. Methods need to be able to
predict the efficacy, activity, metabolism or toxicity of a pesti-
cide or drug and integrate a range of data from multiple sys-
tems including: in vitro assays, in vivo animal models, high-
throughput genomics, proteomics and metabolomics tech-
niques, as well as computational methods. These approaches
are each limited in the sense that in order to understand the
complexity of biological systems and predict biological activ-
ity, it is necessary to focus on a wide range of methods/appli-
cations as opposed to a single isolated method. Only by com-
bining the information collected by all of these different
methods can an integrative picture of a molecule’s biological
activity and ADME-Tox properties be achieved.

Chemical issues to be solved with KEGG

The Kyoto Encyclopedia of Genes and Genomes (KEGG)
database is a composite database for comprehensive bioinfor-
matics and chemical genomics analyses.1) A user can access
nearly all information stored in KEGG via a web browser.
The genomic data of KEGG come from completely se-
quenced genomes and comprehensively annotated genes. The
chemical contents of KEGG are limited to the known funda-
mentally important chemical events in the living cell, how-
ever, the amount of chemical data are greater than any other
resources in the bioinformatics area. The details on KEGG
web interfaces and data types are reviewed in another article
of this journal,30) therefore this review focuses on applications
to the analysis of metabolic pathways for incorporation into
(Q)SAR model development.

1. Metabolic network information in KEGG PATHWAY
KEGG PATHWAY is a collection of manually drawn pathway
maps representing well-known facts regarding molecular in-
teractions and reaction networks. The contents of this data-
base can be divided into two major classes: the metabolic
pathways and the regulatory pathways. The current list of
pathways maintained by KEGG is discussed by Aoki-Ki-
noshita in this issue.30) Regulatory pathways consist of many
types of biomolecules such as DNA, RNA, proteins, and
chemical compounds and many types of interactions includ-
ing direct binding, phosphorylation, ubiquitination, glycosyla-
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tion, methylation, and the formation of protein complexes. In
a KEGG PATHWAY, each molecule is described as a rectan-
gle or similar object-like cartoon, and each interaction is de-
picted as an arrow in order to render the graphical displays
more intuitive. Regulatory pathways in a living cell are ex-
tremely complicated and the network itself is not-yet-under-
stood, making it difficult to develop an algorithm to describe
the system. Subsequently, the regulatory pathways section in
KEGG PATHWAY may be modified according to new devel-
opments available in the scientific literature. On the other
hand, metabolic pathways that consist of chemical compounds
and enzymatic reactions have been sufficiently established
through exhaustive experimentation. In KEGG PATHWAY,
each chemical compound and reaction is also described as a
small circle and an arrow in each metabolic pathway, respec-
tively. (In addition, red filled circles indicate predicted active
compounds that is described in the next section.) Enzyme
commission (EC) numbers of enzymatic reactions assigned
by the EC committee are also provided near the reaction ar-
rows in boxes (see Fig. 1).

We divide metabolic pathways into two categories on the
basis of their biological meaning: the first is common meta-
bolic processes such as carbohydrate metabolism, energy pro-
duction, lipid synthesis, and those reactions relating to nu-
cleotides, amino acids, glycans, or other essential compounds.
These types of processes can be considered as the core meta-
bolic reactions of biology. The second type of metabolic
process is species-specific metabolic reactions associated with
secondary metabolites or xenobiotics. The metabolites in-
volved in the core metabolic reactions are quite different from
those involved in secondary metabolism, with the former ones
being very common and the latter ones being restricted to en-
vironmental reactions. Therefore, we can assume that these
secondary pathways may be used to adapt to environmental
changes in which each organisms grows, and that the second-
ary metabolic pathways cause the functional diversity of or-
ganisms with a variety of genes. Of course, all environmental
chemicals and their degradation pathways, such as bio-reme-
diation activities in some bacteria, cannot be completely elu-
cidated by current experimental techniques. It is very impor-
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Fig. 1. DDT biodegradation pathway. Circles and boxes indicate compounds and enzymes, respectively. Numbers inside boxes are EC (En-
zyme Commission) numbers. Arrows through boxes indicate reaction direction. Filled circles indicate that a compound is predicted to be active
by a SAR model, and open circles indicate inactivity. An interactive clickable pathway map is available from http://www.genome.jp/kegg/
pathway/map/map00351.html.



tant for us to investigate enzymes, enzymatic reactions and
chemical compounds included in those pathways in order to
understand the chemical aspects of biological systems.

2. Chemical compound information in COMPOUND/
DRUG parts of KEGG LIGAND

KEGG LIGAND is also a composite database and contains
our knowledge on chemical substances and reactions that are
relevant to biological processes. LIGAND consists of COM-
POUND, DRUG, GLYCAN, REACTION, RPAIR, and EN-
ZYME parts for chemical compounds, effective drug com-
pounds, carbohydrates chains, enzymatic reactions, atom-
level reaction mechanisms, and enzyme nomenclature infor-
mation, respectively.31) Here, we used COMPOUND and
DRUG categories of LIGAND to obtain the chemical com-
pound structures. Each chemical compound structure in those
databases is drawn as a 2-dimensional graph, and stored in a
KCF (KEGG Chemical Function) format32) and a MDL/MOL

format. Here, the 2-dimensional graph means the graph theo-
retical object with nodes (vertices) and edges with only two-
axis coordination of atoms, that is, any stereo chemical fea-
tures of chemical compounds are not considered in the struc-
ture files. A KCF format is the original data format developed
by KEGG to represent several types of chemical information
like glycan structures, chemical compounds, drug structures,
and enzymatic reactions. Particularly in the KCF format of
chemical compounds, the information of physicochemical en-
vironment of atoms has been added into the representation of
atoms and used for the further computation.32,33) However, the
other informational content represented in KCF format is es-
sentially the same as that of the MDL/MOL format, thus a
user can use either format if only structural information on
chemical compounds is required (see Fig. 2)

The current number of chemical compounds in KEGG
LIGAND Release 38.0�/05–02, May 02 is 14,092 entries for
chemical compounds and 2894 entries for drugs. These num-

Vol. 31, No. 3, 273–281 (2006) SAR and pathway analysis of biological degradation processes 277

Fig. 2. Example of a chemical entry in KEGG LIGAND. In this entry view, ‘Entry’ is the accession number, which is the unique identifier in
KEGG. ‘Name’ is the recommended name, usually a generic name, and alternative names including systematic nomenclatures of the compound.
‘Formula’ and ‘Mass’ are the molecular formula and mass of the compound. ‘Structure’ is the chemical structure (structural formula) of the
compound, which is stored in an MDL/MOL file and a KCF file. In the lower parts of this view, ‘Reaction’, ‘Pathway’, ‘Enzyme’, ‘Other DBs’,
or ‘LinkDB’ are all link information to the REACTION database entries, to KEGG pathway maps, to the ENZYME database entries, to outside
databases, or to LinkDB that is a part of the DBGET system, respectively. The final ‘KCF data’ section is to display the KCF representation of
the chemical compound structures.



bers are not as extensive as the Cambridge Structural Data-
base, which is a comprehensive database of solved crystal
structures of small molecules.34) However, KEGG LIGAND
focuses only on the biological events with chemical
processes, and their data is very useful to validate the chemi-
cal aspects of biological processes, especially, by correlating
with other biological information obtained from genomic
data. For instance, each chemical compound is linked to the
PATHWAY, REACTION, and ENZYME databases with path-
way map numbers (e.g. mapNNNNN), reaction numbers (e.g.
Rnnnnn), and EC numbers, respectively. Thus, when we want
to know the biological function of a chemical compound, we
can use the information linked to intra-KEGG entries as well
as the following BRITE information.

3. Functional information of each compound in KEGG
BRITE

KEGG BRITE is a collection of hierarchical classifications
that represents our knowledge of various aspects of biological
systems. Specifically, it incorporates many different types of
relationships rather than only molecular interactions and reac-
tions stored in KEGG PATHWAY. For instance, the functional
classification of chemical compounds or drugs is described in
a hierarchical tree graph and its entire view can be displayed
as a text-based representation (for example, see http://
www.genome.jp/dbget-bin/get_htext?Metabolite). The tree in
the BRITE database can be expanded or shrink its branches at
any branch level or any tree node that a user selects. In most
cases, each final node of this tree, namely a leaf, represents
just one entry of molecules. In the functional classification
tree of chemical compounds, each chemical compound is
classified according to those biochemical classifications. With
this tree, we can find relationships between structural compo-
nents or building blocks of chemical compounds and their bi-
ological function or biological meanings within each meta-
bolic reaction network. When we choose the functional hier-
archical classification of drugs, all drug compounds in the
DRUG database are classified on every leaf of the tree in ac-
cordance with their therapeutic effects. From this type of tree,
we can identify a set of drug molecules that have a specific ef-
fect on an organism. In addition, each drug entry contains
structural information as well as data on side-effects and drug
composition that can be examined with several information
techniques.

It is currently difficult to use the hierarchical tree of func-
tion in a computational manner because it has only been pre-
pared in a text-based format on the KEGG web site, as no so-
phisticated format such as XML has been developed. How-
ever, most of the established knowledge in the life science
should be accumulated into some of the categorized trees of
KEGG BRITE. This is why it is still useful for us to consider
how a genetic/chemical molecule works in biological systems,
and from those observations we may have insight into the fur-
ther/higher meanings of small molecules.

(Q)SAR and pathway analysis*

Biological network databases, especially metabolic pathway
network databases, such as KEGG,1) BioCyc35) and
BRENDA36) contain genes (enzymes) and chemicals as dis-
tinct entities as well as the relationships between them (e.g.,
reactant, biological catalyst and product). These relationships
compose a large connected gene-chemical network, which de-
scribes the flow of metabolites in a cell. The combination of
(Q)SAR and gene-chemical network analyses gives a different
profile of chemical biological activity, and thus can reveal the
roles of genes and chemicals in a cell. High-throughput data
(i.e. microarray data) have been used in combination with a
pathway database to develop novel hypotheses.37) Therefore
an analogous approach, (Q)SAR with a pathway database,
should be useful for understanding the molecular biology
processes involved in biologically active chemicals. In the
ADME-Tox field, a similar approach has been proposed (see
the second section).

Our analysis has two distinct steps; the first step is to iden-
tify active chemicals in a database by using SAR method, and
the second step is to analyze pathways, in which active chemi-
cals are mapped. Because of the large diversity of chemicals
in a pathway database, the SAR used in our analysis was re-
quired to reduce the level of false-positives throughout the
large chemical space. Once the active/inactive biological in-
formation is mapped in the pathway database, various meth-
ods of pathway analysis based on statistics and graph-mining
technique can be applied. For instance, deactivate reaction/en-
zyme is useful information for designing a compound.

This approach is a new application of (Q)SAR analysis that
is expected to increase in interest and use in the near future.
This combination of approaches will be especially useful for
large datasets based upon omics-related studies and method-
ologies. In order to explain the utility and application of this
approach, we will show an example of the combination analy-
sis with SAR and KEGG pathway database focused on EDCs.
The analysis provides the enzyme group(s) related to EDC
detoxification as well as the characteristics of the predicted
active chemicals.

1. Datasets
The training dataset was obtained from the Endocrine Disrup-
tor Knowledge Base (EDKB) provided by the National 
Center for Toxicological Research (http://edkb.fda.gov/
databasedoor.html). The dataset contains six types of bioas-
says, estrogen and androgen receptor binding assays,38–40)

reporter gene assay,40) uterotrophic assay,41) 2 cell prolifera-
tion assays.38,42) The E-SCREEN data, based upon a cell pro-
liferation assay, were most suited to the purpose of this study,
as cell-based assays incorporate in vivo transport properties as
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tion.



well as a greater range of metabolic processes then in vitro as-
says. The dataset contains 120 different chemicals, 59 of
which are biologically active and 61 of which are inactive.
The biological activities of the E-SCREEN assays were meas-
ured in units of log translated relative proliferative potency
(log RPP), with values ranging from �4.2 to 3.0. The large-
scale chemical data test set was obtained from the COM-
POUND database, a component of the KEGG database. The
database contains approximately 12,000 chemicals, consisting
of metabolites, as well as drugs and xenobiotic compounds.
The median molecular mass is 378 g/mol and the molecular
mass of �97% of the chemicals is under 1000 g/mol.

2. Model construction
A SAR model was constructed based on a novel graph-min-
ing algorithm proposed by Kudo et al.43) Our model has three
layers from an input as chemical structure to a binary output
as active or inactive. The first and second layers correspond to
the Kudo algorithm. The first layer of the Kudo classifier is a
so-called decision stump, which is trained by finding a sub-
structure/fragment that most discriminates the input graphs
and predicts the class (positive or negative) of an input graph
by checking whether or not it contains the substructure. The
second layer combines the outputs of the decision stumps,
considering the weights computed by the Kudo algorithm. By
integrating the decision stumps, the performance of the Kudo
classifier can be improved even if the classification ability of
the decision stump is weak. The third layer in our model is
designed to integrate many Kudo classifiers. Each Kudo clas-
sifier is trained by a subset of the training dataset. In the third
layer we generated 100 independent Kudo classifiers by using
a randomly generated different dataset for each classifier. We
assigned the label (activity) of an input graph (chemical com-
pound) by a majority vote of the 100 classifiers.

Fragments identified by the Kudo algorithm can include
ring structures in its descriptors by searching through all pos-
sible input graph substructures/fragments as potential molecu-
lar descriptors. Therefore our molecular descriptors are more
informative than other molecular descriptors in models that
consist of only linear or tree fragments. For example, a frag-
ment with 9-membered ring was found, suggesting a com-
bined 6-membered and 5-membered ring fragment. This frag-
ment can be observed in steroid skeletons. Another example
is a phenol-like structure, which is included in well-known ac-
tive chemicals, such as estradiol-17beta, bisphenol A, diethyl-
stilbestrol, etc. Our model finds these fragments in an input
chemical, and then sums up scores assigned to the fragments.
If the score is over a defined threshold, the chemical is pre-
dicted to be biologically active.

3. Mapping chemicals on metabolic pathways
The system predicted that 1291 chemicals out of the 12,109
chemicals in the KEGG COMPOUND database to be poten-
tially biologically active. The predicted biological activities of

chemicals were mapped on to the KEGG PATHWAY data-
base. The KEGG Markup Language (KGML) describes the
relationship between chemicals and enzymes on metabolic
pathways in a computer readable format. By using the
KGML, metabolic pathways and enzymes associated with the
predicted chemicals can be collected. Mapping on to the
KEGG PATHWAY database reveled that 28 of 139 pathways
contained at least one active chemical in its map, and 310 of
4238 chemicals were predicted as active.

Relations between a degradation process and activities of
chemicals involved in the process were obtained. For exam-
ple, a map that explained the degradation process of DDT is
shown in Fig. 1. In the training dataset DDT and DDE were
included in the active chemical group, and the prediction re-
sults were accurate. Some of the compounds in the degrada-
tion pathway were predicted as active, moreover, the figure
showed a detoxification point in the DDT detoxification path-
way. Other examples were in the flavonoid and alkaloid
biosynthesis pathways. In the flavonoid biosynthesis pathway,
genistein, a component of soybeans, is an active chemical in
the training dataset. Some metabolites of genistein were pre-
dicted to be active chemicals (Fig. 3). There were no active
chemicals mapped on to the alkaloid biosynthesis pathway in
the training dataset, but we found tree candidates (data not
shown). Alkaloids are nitrogenous organic chemicals, and
some of them have pharmacological effects on human and
other organisms.

In addition to the results of individual maps, network analy-
sis extracted characteristics of the degradation processes. In
this analysis, enzymes involved in a degradation process were
defined as the enzymes involved in the “inactivatation” reac-
tion as well as upstream reactions. These enzymes should
subsequently be involved in the EDC detoxification process.
The EC numbers were used for finding specific enzymatic
groups involved in this process, and results identified the most
frequent family of enzymes was dioxygenases (EC1.14.-.-)
(data not shown). Oxygenases include members of the well-
known cytochrome P450 family, which is broadly used in
bioremediative microorganisms.44,45)

4. Mapping chemicals on functional hierarchies
Predicted active chemicals were also mapped on to the func-
tional hierarchies of drugs and compounds in the KEGG
BRITE database. Functional hierarchies have tree structures,
in which each node represents a certain chemical function.
The deeper a level goes, the more specific the function it de-
fines. However, statistics in the top level give an overview of
the function of predicted chemicals. Table 1 shows the statis-
tics of predicted lipids. In total, 318 of 1259 chemicals were
active candidates, with sterol lipids, prenol lipids and polyke-
tides being dominant. Many chemicals in these categories are
biologically active substances, and predicted EDCs also share
these categories. This method is therefore useful for quickly
screening large quantities of chemical compounds and identi-
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fying those compounds that should be focused upon for fur-
ther experimental analysis (for example, EDC activity6)).

Conclusion

As the use of omics-technologies continues to increase, there
will be a need for in silico screening methods to process the
large quantities of data generated. It will be particularly im-
portant to identify key areas where laboratories should focus
their experimental resources following bioinformatics screen-
ing. The coupling of (Q)SAR with gene/chemical network

analysis will serve to both identify new potential lead com-
pounds as well as place them within a biological and meta-
bolic context within the target organism. This combination
could be especially useful for determining environmental ef-
fects of developed compounds by predicting at which step of
metabolism the compound lost its biological activity. Whether
in the development of agrochemicals or pharmaceuticals, the
methods of compound development and ADME-Tox proper-
ties as well as environmental fate analyses are extremely im-
portant. In this review, we have demonstrated how to integrate
SAR and network analysis and what results are derived from
the analysis using EDC compounds as a model system. As
shown previously, this analysis lies in both genome and chem-
ical space and is a more accurate way to understand biological
systems than analyses of only one space.

A single approach to understanding ADME-Tox processes
is not sufficient. In the bioinformatics field, there are a num-
ber of databases currently available or under construction and
the development of analysis tools is an ever ongoing process.
Many of these products will be useful to integrate and under-
stand (Q)SAR results and ADME-Tox. By combining
(Q)SAR analyses with pathway networking, we will greatly
increase the information that we can glean from in silico
screening methods and bioinformatic analyses.
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