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We present a SAR method that can predict estrogen-like
endocrine disrupting chemical (EDC) activity as well as key
biodegradation steps for detoxification. This method is based
on a recent graph-mining algorithm developed by Kudo et al.,
which generates a set of descriptors from all potent chemical
fragments (including rings). This method is novel in that it
achieves chemical diversity in the training data set by sampling
another data set of larger diversity. The model achieved an
83% accuracy prediction rate, and identified 1291 EDC candidates
from the KEGG database. From this set of candidate
compounds, bisphenol A was chosen for assay validation and
biodegradation pathway analysis. Results showed that
bisphenol A exhibited estrogen-like activity and was degraded
in three distinct reactions. The prediction model provided
information on the mechanism of the ligand-target binding,
such as key functional groups involved. We focused on the
enzyme commission number, which is useful for analyses of
biodegradation pathways. Results identified oxygenases, ether
hydrolases, and carbon-halide lyases as being important in
the biodegradation pathway. This combined approach provided
new information regarding the biodegradation of EDCs, and
can potentially be extended to applications with transcriptomic,
proteomic, and metabolomic data to provide a quick screen
of biological activity and biodegradation pathway(s).

Introduction
Concern has been raised regarding the effects of exposure

to environmental chemicals that interact with the endocrine
system (1). To date, particular attention has been paid to

compounds that are capable of affecting estrogen functions.
Potential endocrine disrupting chemicals (EDCs) include
organochlorine compounds such as 1,1,1-trichloro-2,2-bis(p-
chlorophenyl)ethane (DDT) and its metabolites, as well as
polychlorinated biphenyls (PCBs) and dioxins. Exposure to
EDCs can perturbate endocrine functions, resulting in
abnormal physiological states that can lead to adverse effects
including reproductive disruption, hormonal imbalance, and
some cancers (2).

A number of taskforces are currently attempting to identify
endocrine disrupters, including the Endocrine Disruptor
Screening Program at the U.S. Environmental Protection
Agency, and similar programs in Japan (Strategic Programs
on Environmental Endocrine Disruptors; SPEED’98) and
Europe (the Cluster of Research into Endocrine Disruption
in Europe; CREDO). For example, Walker and co-workers
have identified approximately 58000 chemicals that have
been selected for assay validation (3).

The computational-aided prioritization of the screened
chemicals by structure–activity relationship (SAR) is a
challenging component of these programs. Although quan-
titative structure–activity relationship (QSAR) models have
been developed for steroid hormone receptors, (e.g., estrogen
(4), progesterone, and androgen (5)), these models cannot
be utilized for large-scale screening because they are too
specific for congeneric chemical structures. A wide range in
chemical diversity in the training data set is required to predict
EDCs from a large-scale virtual chemical library. For this
reason, SAR and QSAR models of EDCs have been developed
with training data sets that consist of a variety of chemical
structures. These models are based on improved (Q)SARs,
such as CoMFA (6, 7), GRID/GOLPE (8), multidimensional
QSAR (9), kNN QSAR (10), MCASE (11), and Decision Forest
(12). A large-scale study to predict estrogen receptor binding
affinity was performed using a virtual library of 58000
potential EDCs, with results estimating that 80–83% of the
chemicals were nonbinders (13, 14).

The environmental fate of potential EDCs is also impor-
tant, with more persistent compounds potentially presenting
greater risk. It is therefore important to develop methods to
estimate biodegradation process for these compounds. For
instance, QSAR/SAR and the prediction of biotransformation
pathways have been previously applied to this problem with
some success (15). A similar integrated approach for ADME/
Tox research has been proposed (16), in which the biological
activities of a drug and its metabolites, interaction between
compounds and genes, and gene expression data are all
combined to provide an overall model of the toxicity/
biological activity of a compound and known or predicted
metabolites. This type of approach provides a more complete
picture of the toxicology and pathological profile of a
compound. It also provides important mechanistic informa-
tion that is useful for furthering our understanding of the
biological processes behind any observed adverse effects.

Recently, an efficient algorithm, hereafter called the Kudo
algorithm/classifier, for classifying given graphs (i.e., chemical
compounds) was proposed in the artificial intelligence area
(17). As opposed to existing SAR models which consist of
only linear or tree fragments, the Kudo algorithm can include
ring structures in its descriptors by searching through all
possible input graph substructures/fragments as potential
molecular descriptors. This feature is expected to be an
advantage over other existing SAR models.

The goal of this study was to obtain new knowledge from
the combination of SAR and pathway data. First, we
developed a new SAR algorithm based on the Kudo algorithm,
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and built a model based on the input chemical structures
from large chemical space. Thus, our method should achieve
chemical diversity in the training data set. Then, we
performed an integrated study of SAR prediction and the
metabolic pathway data set. By using the pathway data,
chemicals and genes (enzymes) were linked, thereby estab-
lishing a relationship between an enzyme and its substrate
or product. A metabolic pathway is a network that is expressed
with connections of these chemical–gene (chemical–enzyme)
relationships. Network analysis focused on the biodegrada-
tion process and provided the dominant Enzyme Commission
(EC) numbers involved in the detoxification of EDCs. This
approach would be generally useful for identifying enzyme
groups involved in a specific type of reaction. Naturally, once
these relationships are assigned, other high-throughput data,
such as transcriptomic and proteomic data, could also be
integrated, which would be useful for understanding the
molecular mechanisms behind endocrine disruption.

Material and Methods
Data Sets. In this study, two different chemical data sets
were used. The first was a small training data set, which
contained chemical structures and their corresponding
biological activities. The second was a test data set, which
contained chemical structures only. The training data set
was obtained from the Endocrine Disruptor Knowledge Base
(EDKB, http://edkb.fda.gov/databasedoor.html). The data
set contains six types of bioassays, of which the E-SCREEN
assay was most suited to the purpose of this study (18). The
data set contains 120 different chemicals, 59 of which are
biologically active and 61 of which are inactive. The estrogen-
like activities of the E-SCREEN assays were measured in units
of log translated relative proliferative potency (log RPP).

The large-scale chemical data test set was obtained from
the COMPOUND database, a component of the KEGG
database (http://www.genome.jp) (19). The COMPOUND
database contains approximately 12000 chemicals (accessed
in August 2005), consisting of metabolites, as well as drugs
and xenobiotic compounds. The database also contains
pathway information, consisting of relationships between
chemicals and enzymes, which enables a combined analysis
of SAR and pathway data.

The EDKB database does not contain sufficient chemical
diversity because of knowledge-based filtering in the selection
of assay chemicals. For instance, a large number of endog-
enous chemicals, such as carbohydrates, fatty acids, etc. are
not assayed for estrogen-like activity even though large-scale
chemical libraries contain these obviously inactive chemicals.
However, these inactive chemicals should be included in
our data set for model generation to maximize chemical
diversity. We therefore added 30 inactive chemicals randomly
sampled from the COMPOUND database to the EDKB
database (the training data set) and integrated 100 classifiers
that were trained from a different data set to retrieve chemical
diversity. A total of 3000 inactive chemicals were used for
our model. The formulation of our model is similar to the
Random Forest algorithm, which achieves more robust
prediction than a model lacking randomness.

Kudo Classifier. Our model is shown in Figure 1 and has
three layers. The first and second layers correspond to the
Kudo algorithm, which is a graph-mining version of the
AdaBoost algorithm. The first layer of the Kudo classifier is
a so-called decision stump, which is trained by finding a
substructure/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. (In this process, atoms and connections are
considered, but the bond strength is not.) The second layer
combines the outputs of the decision stumps, considering
the weights computed by the Kudo algorithm. (See ref 17 for

more details. Briefly, decision stumps with low error rates
gain increased weight, whereas those with high error rates
lose weight.) By integrating the decision stumps, the per-
formance of the Kudo classifier can be improved even if the
classification ability of the decision stump is weak. The third
layer is the integration of classifiers to involve a larger number
of training chemicals. Similarly to AdaBoost, the parameters
of this model were only numbers of decision stumps and
Kudo classifiers, which were optimized by a cross validation
test.

E-SCREEN Assay. Estradiol 17-beta (E2), bisphenol A
(BPA), 4-hydroxybenzoic acid (4-HBAc), 4-hydroxybenzal-
dehyde (4-HBAl), 4-hydroxyacetophenone (4-HAP) and
DMSO were purchased from Sigma-Aldrich (St Louis, MO).
MCF-7 cells, a breast cancer cell line, were obtained from
the American type Culture Collection (Manassas, VA). Cells
were cultured in Dulbecco’s modified Eagle’s medium
(Invitrogen Corp., Carlsbad, CA) with 1.2 g/L sodium
bicarbonate and 10% fetal bovine serum, 100 penicillin unit/
mL; and 100 streptomycin µg/mL at 37 °C in a 5% CO2 atm,
with fluid renewal every 2 days.

Cells (1 × 104 cells/well) were plated on 96-well microtiter
plates and incubated overnight at 37 °C. On the following
day, MCF-7 cells were treated with E2, BPA, 4-HBAc, 4-HBAl,
and 4-HAP (from 10 nM to 10 µM) in DMSO for 48 h. Control
cells were treated only with DMSO. The final concentration
of DMSO never exceeded 0.1%. For assay culture, bovine
serum was treated with charcoal dextran (Sigma-Aldrich).
The proliferation of MCF-7 cells treated with these chemicals
was determined by WST-1 assay, which involved obtaining
absorbance at a test wavelength of 450 nm in a colormetric
assay using (4-[3-(4-iodophenyl)-2-(4-nitrophenyl)-2H-5-
tetrazolio]-1,3-benzene disulfonate) (WST-1, Dojindo, Ku-
mamoto, Japan) (20), with eight replicates for each chemical.
Relative cell proliferation was calculated after proliferation
in DMSO treatment was normalized to 1 (21). Statistical
evaluation was performed using a Student’s t test using the
R environment (http://www.R-project.org). All data are
shown as mean ( standard error.

Results
Model Construction and Validation. As discussed previously,
the training data set does not contain sufficient chemical
diversity. Therefore, the third layer in our model is designed
to compensate for this problem. Each Kudo classifier is
trained with a data set of 59 active chemicals and 60 inactive
chemicals, with 50% of the inactive chemicals sampled from
the EDKB and the rest sampled from the COMPOUND

FIGURE 1. Overview of the prediction system. Each decision
stump determines if a given chemical contains a specific
substructure. A Kudo classifier integrates the weighted T inputs
and provides an output consisting of a binary prediction, (e.g.,
active or inactive). These K outputs are used to generate the
final output. Decision stumps and Kudo classifiers are trained
with the EDKB and COMPOUND database.
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database. It is important to point out that the activities of the
compounds in the COMPOUND database are unknown, but
of the majority are assumed to be inactive, enabling the
sampled chemicals to be used for the inactive data set. In the
third layer we generated 100 independent Kudo classifiers
by using a randomly generated different data set for each
classifier. We assigned an activity of an input chemical by a
majority vote of the 100 classifiers.

The performance of our model was measured using a
5-fold cross validation test. Two model parameters were
optimized by sweeping the number of decision stumps for
each Kudo classifier (T) from 5 to 50 at intervals of 5, and the
number of Kudo classifiers for a majority vote (K) with 1, 10,
100. The result (Supporting InformationFigure S2a) shows
that the accuracy was improved when the number of decision
stumps and Kudo classifiers was increased. The highest

performance obtained was 83% at a majority vote of 100
Kudo classifiers with 40 decision stumps. By using these
conditions, the system predicted 1291 chemicals (Supporting
InformationTable S2) that possess potential estrogen-like
activity out of the 12109 chemicals in the COMPOUND
database. Figure 2 shows the typical chemical substructures
included in our prediction system. These were distinct
fragment structures selected from commonly used decision
stumps for active chemicals around 100 Kudo classifiers by
intelligible structure. According to weights in classifiers, they
are classified into two groups: active and inactive subgraphs.

Predicted Chemicals and Degradation Pathways. Pre-
dicted chemicals were mapped on to the KEGG PATHWAY
database. Metabolic pathways and enzymes associated with
the predicted chemicals can be collected. Twenty-eight
metabolic pathways were mapped with predicted chemicals
(Table 1). If chemicals with predicted estrogen-like activity
are placed together in a chain of reactions, the prediction
can be considered more accurate, and reaction chain
boundaries of such active chemical clusters provide infor-
mation on critical reactions of activation/synthesis and
deactivation/degradation. Once mapping is performed for
the KEGG pathways, active chemical clusters and their
boundaries are simply identified. An example pathway is
shown in Figure 3a, which displays the BPA degradation
pathway. The model predicted that BPA is deactivated in
three steps, in other words, the model reports the number
of metabolic reaction steps required to deactivate BPA and
its metabolites (i.e., remove EDC activity). The model also
identifies which enzymes are required for the predicted
deactivation metabolism, which in the case of BPA involved
only oxidoreductases (EC 1.-.-.-). It is not possible to extract
this information directly from the SAR and pathway database,
and it could only be achieved through a combination of both
approaches.

Statistical tests on the metabolic pathways with predicted
estrogen-like activities reveal characteristics of the chemicals
in pathways. The significant groups of EC numbers involved
in degradation pathways were calculated. Enzymes whose
substrates or products are predicted to be estrogen-like active
compounds were considered. By taking into account the
relationship between activity and reaction direction, the
enzymes were categorized into four groups: activation,
nonchange (to keep active), deactivation, and bidirection.
This study focused on biodegradation processes of EDCs,
because this information will be the most useful in under-
standing detoxificational deactivation pathways. Accordingly,
we analyzed enzymes that catalyze deactivation reactions
and their four previous steps.

FIGURE 2. Decision stumps for active chemicals commonly
used in Kudo classifiers. Matched substructures are drawn
with thick lines. The frequencies of decision stumps in 100
Kudo classifiers are also displayed.

TABLE 1. Predicted Pathways and Chemicals Mapped onto the KEGG Metabolic Pathwaysa

pathway chemical

metabolic pathway category active total active total

1.1 carbohydrate metabolism 0 (17) 0 (602)
1.2 energy metabolism 0 (8) 0 (136)
1.3 lipid metabolism 5 (12) 131 (519)
1.4 nucleotide metabolism 0 (2) 0 (150)
1.5 amino acid metabolism 2 (16) 4 (675)
1.6 metabolism of other amino acids 0 (9) 0 (184)
1.7 glycan biosynthesis and metabolism 0 (18) 0 (151)
1.8 biosynthesis of polyketides and nonribosomal peptides 3 (9) 37 (301)
1.9 metabolism of cofactors and vitamins 2 (11) 11 (326)
1.10 biosynthesis of secondary metabolites 8 (16) 77 (566)
1.11 xenobiotics biodegradation and metabolism 8 (21) 50 (628)
total 28 (139) 310 (4238)

a Displayed metabolic pathways are those currently available in the KEGG database. The total number of pathways and
chemicals in a category is expressed in parentheses.
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A binomial test can determine significant EC numbers
used within a group of degradation processes. An observed
number in the binomial test is defined as the total observation
of certain EC numbers in the degradation processes. The
total number of reactions on the PATHWAY database and
the average observation ratio are parameters of the test.
Enzymes involved in biodegradation processes are sum-
marized in Table 2. EC 1.-.-.- were the most common enzymes
involved in metabolic biodegradation, especially, oxygenases,
EC 1.13.-.- and 1.14.-.-. The statistical significance (p value)
for these enzymes was less than 1%. Ether hydrolases and
carbon-halide lyases were also determined to be significant
(p < 0.01).

Predicted Chemicals and Functional Hierarchies. Pre-
dicted chemicals were also mapped on to the functional
hierarchies of drugs and compounds in the KEGG BRITE
database. The significance of a function defined in a
hierarchical tree can also be derived through a binomial test.
Predicted active chemicals were sorted into categories

according to their functional classification (Supporting
InformationTable S1). For example, the categories of “sterol
lipids”, “terpenoids (including phytosterols)”, and “endocrine
drugs” contained significant large numbers of predicted
active chemicals.

Experimental Verification. The prediction of estrogen-
like activity for chemicals in Figure 3a was confirmed
experimentally (Figure 3b). The tested chemicals were BPA,
4-hydroxybenzaldehyde, 4-hydroxyacetophenone, and 4-hy-
droxybenoic acid, where BPA was predicted to be active and
the others inactive. In addition, estradiol 17-beta and
dimethyl sulfoxide (DMSO) were used for positive and
negative controls, respectively. A proliferation ratio larger
than 1 means that a chemical has activity and 1 means no
activity. A ratio less than 1 means that a chemical possesses
inhibition activity, which was not observed in these samples.
Therefore, estrogen-like activity is discriminated by the ratio
being greater than 1 or not. Based on this criterion, the
positive estradiol 17-beta control and BPA were active,
whereas the other three chemicals were inactive.

To further validate the compounds that were identified
to have EDC activity; we performed a literature search on
resveratrol, which is synthesized from cinnamic acid in three
reactions (see map 00940 in Supporting Informationfigure
S1). Consistent with our prediction, the activities of the two
chemicals were already reported (26, 27), in which resveratrol
is active and cinnamic acid is inactive in the ER binding
assay.

Discussion

In this study, we have developed a new graph mining
method and applied it to make a SAR model of EDCs. Cross
validation analysis showed that our method achieved 83%
prediction accuracy. We believe that this figure is improved
over the results of a similar study (11), in which the prediction
accuracy was 74% for the RPP data set, since most compounds
of their data set (110/122) were used in our analysis. Another
advantage of our method is its ability to search all possible
substructures/fragments including ring structures (bicyclic
as well as polycyclic), as opposed to previous studies that
were unable to include ring structures (11, 22) In addition,
the descriptors we identified can be more general than those
of existing methods. For instance, we identified five- and
six-membered rings, phenol-like structures, and other sub-
structures, by which we can predict the organic functional
group that binds to its receptor (Figure 2). These descriptors
can be useful for understanding the activity of the phar-
macophore and the binding mode between a chemical
compound and its receptor. For example, two oxygen atoms
in estradiol 17-beta were identified by two ring-structure
descriptors as important for estrogen-like activity. Crystal-
structure analyses of the estrogen receptor alpha complex
with estradiol 17-beta showed that these two atoms are
involved in hydrogen bond formation with residues in the
receptor (PDB code 3erd) (23). Another important example
is the phenol-like structure as a chemical descriptor. Di-
ethylstilbestrol, which is the most potent EDC identified to
date (18), has two phenol-like structures and was identified
by our method as possessing estrogen-like activity. Namely,
the chemical has also two oxygen atoms at a defined distance
from each other, and it is most likely bound to the estrogen
receptor alpha. This prediction was confirmed by crystal-
structure analysis (PDB code 1ere) (24). The other two
substructures in Figure 2 show that there is a distance
constraint on the chlorines and oxygen in the polychlorinated
compounds.

In the development of the new method, the chemical
diversity of the training data set was limited. In other words,
the data set was biased. This problem is quite common in

FIGURE 3. (a) BPA biodegradation pathway. Circles and boxes
indicate compounds and enzymes, respectively. Numbers inside
boxes are EC (Enzyme Commission) numbers. Arrows through
boxes indicate reaction direction. Red filled circles are
predicted as positive, and open circles are negative. The
compounds experimentally validated in this study are displayed
at the appropriate place in the metabolic pathway. (b)
E-SCREEN (MCF-7 cell proliferation) assay. Cells are counted
following 48 h treatment with estradiol 17-beta (E2) (0.01, 0.1, 1,
10 µM), bisphenol A (BPA) (0.01, 0.1, 1, 10 µM),
4-hydroxybenzaldehyde (4-HBAl) (0.1, 1, 10 µM), 4-hydroxy-
acetophenone (4-HAP) (0.1, 1, 10 µM), 4-hydroxybenzoic acid
(4-HBAc) (0.1, 1, 10 µM). An asterisk indicates a significant
change relative to DMSO control (p < 0.05).
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many classification studies. Our method used (potentially)
inactive compounds in a general chemical compound
database like COMPOUND combined with the inactive
compounds in a given database such as EDKB. This approach
presented general substructure decision stumps in terms of
the chemical space, and improved the predictive performance
by comparing to the case where only the original EDKB data
set was used (see Supporting InformationFigure S2b). In
addition, a model trained with only the EDKB data set
predicted that approximately one-third of the chemicals in
the COMPOUND data set were active (data not shown),
whereas our model predicted approximately one-tenth (1291/
12109). The number of active chemicals in the test data set
is unknown, but the former figure of ∼33% is extremely large.
The later figure is consistent with other studies using a
different large-scale data set, in which active compounds
were at most 17–20% of the total (13, 14).

In addition, combined analysis with SAR and the pathway
database was performed. The analyses revealed the signifi-
cance of predicted chemicals in specific functions, such as
endocrine drugs steroids, and phytosterols (Table 2). These
functions were strongly related to the endocrine system.
Moreover, pathway analysis provides various information,
for instance, synthesis and biodegradation of active chemicals
are easily recognized from the visualization of active chemi-
cals in the pathways (Figure 3a and Supporting Informa-
tionFigure S1). We focused especially on the biodegradation
process of EDCs, which is important for the detoxification
of EDCs in the environment. The BPA pathway analysis
showed that three biodegradation reaction steps are required
for detoxification. This result was validated experimentally,
supporting the validity of our prediction method. Activities
of two intermediate metabolites from BPA and detoxified
chemicals were also confirmed by Kitamura et al. (25). Their
study complements our prediction of BPA detoxification in
its biodegradation pathway.

Finally, we performed comprehensive analysis in the
PATHWAY database, by identifying dominant EC numbers
in biodegradation pathways. EC 1.-.-.- are observed most
frequently, especially oxygenases (EC 1.13.-.- and EC 1.14.-
.-). Oxygenases include members of the well-known cyto-
chrome P450 family, which is broadly used in bioremediative

microorganizms (28, 29) In addition, aromatic-ring-hydroxyl-
ating dioxygenases have been found in microorganizms
(30, 31). Ether hydrolases and carbon-halide lyases were also
significant in our analysis. These enzymes catalyze ring-
opening and dehalogenation reactions. These results dem-
onstrate that our method provides reasonable predictions of
active chemicals, and that the analysis can elucidate chemi-
cal-gene relationships and/or chemical-enzyme relation-
ships. In a separate study, we surveyed all known enzyme-
catalyzed reactions and extracted characteristic reaction
patterns in biodegradation processes, which were then used
to predict new biodegradtion pathways (32).

The predicted reaction steps of BPA biodegradation and
resveratrol synthesis were validated experimentally or via
literature search, respectively; however, it is not known how
many predicted EDCs in our analysis are actually active. It
is, therefore, necessary to confirm the prediction accuracy
in a large chemical space. Screening projects on the initiative
of EPA and other agencies have been producing biological
assay data for over a decade. These data will be useful for
confirmation and improvement of the prediction model. In
addition, eventually results from these types of models will
be useful for focusing screening efforts of these consortiums.
As funds are limited to perform screening for EDC activity,
it is logical to use computation methods to focus resources
on those compounds that have the greatest potential to
evidence EDC activity.

Our method can be applied to other types of potentially
toxic chemicals, such as carcinogens. Expanding the ap-
plications of this model will be useful for validating the new
method. However, some current limitations in the model
still need to be addressed, specifically the model does not
consider aromaticity, and does not quantify the activity.
Model output is strictly binary, resulting in a designation of
“active” or “inactive”. In other words, it is a SAR model, not
a QSAR model. Developing a QSAR approach for our model
will be useful in identifying the contribution of substructures
to estrogen-like activity. Our model also does not recognize
the subtype-selectivity of estrogen receptors (33), which
requires some extension of our algorithm for nonbinary
(multiclass) prediction. Regarding the pathway database,
current chemical reaction information does not sufficiently

TABLE 2. Prediction of Enzymes Involved in Biodegradation Processesa

EC number n ) 1 n ) 2 n ) 3 n ) 4 all p-value function

1.1 0 8 14 16 (570) 0.31
1.2 0 4 4 5 (192) 0.28
1.3 0 6 6 6 (219) 0.09
1.11 1 1 1 1 (25) 0.30
1.13 6 6 6 6 (121) 7.2E-3 monooxygenase
1.14 9 14 20 23 (439) 5.5E-6 dioxygenase
1.97 0 0 1 2 (20) 0.24
2.1 0 1 1 1 (232) 0.96
2.3 0 2 2 2 (292) 0.91
2.6 1 1 1 1 (109) 0.78
2.8 0 0 0 2 (73) 0.80
3.1 0 1 3 3 (309) 0.86
3.3 3 3 4 4 (17) 7.7E-5 Ether Hydrolases
3.5 1 1 1 1 (234) 0.96
4.1 4 5 6 6 (202) 0.065
4.5 1 1 2 3 (10) 8.1E-3 Carbon-Halide Lyases
5.3 0 0 2 2 (64) 0.22
5.5 1 1 1 1 (24) 0.29
6.2 2 2 2 2 (65) 0.23
others 0 0 0 0 (2557) 1
total 29 57 77 87 (5530)

a Enzymes are taken from deactivating reactions (expressed as n ) 1) and traced back reactions (n ) 2 to 4). The total
number of enzymes for each category is shown in parentheses. Statistical analyses were performed using a binominal test
(n ) 3).
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cover all degradation processes, so that use of reaction
prediction will be important for applications. Further inte-
grated analysis with other “omics” data, such as transcrip-
tomic, proteomic, or metabolomic studies, can be performed
by assigning this information to genes or chemicals in the
pathway, and promises to increase our understanding of
biological mechanisms.
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