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ABSTRACT: Understanding the biotransformation of xenobiotics
in the human body is critical for a comprehensive assessment of
drug effects since pharmacologically active drug metabolites may
exhibit a range of biological effects that often differ from those of
the original pharmaceutical agent. Studies of the biotransformation
mechanisms of xenobiotics have resulted in numerous publications.
Extracting information about the parent compounds (substrates)
and their metabolites from the texts allows retrieval of information
on their biological activities, molecular mechanisms of action, and
toxicity. Manual curation of the names of xenobiotics, their
metabolites, and biotransformation reactions in the text is a
challenging task due to the large number of publications related to studies of pharmaceutical agents metabolism. Our aim is to create
an annotated corpus of texts that can be used for automated extraction of the names of xenobiotics, including pharmaceutical agents
that undergo biotransformation and their metabolites. Prior to manual annotation of the corpus, semiautomatic annotation was
carried out based on the earlier developed rule-based method for parent compounds and their metabolites extraction. To create
XenoMet, we automatically extracted relevant texts from PubMed using a query based on MeSH terms. The names of
biotransformation reactions were recognized by using an in-house-developed dictionary. Then, we manually verified the extracted
data by correcting errors in the named entity annotation and identified the associations between substrates and metabolites. We
tested the applicability of XenoMet for the reconstruction of a metabolic tree and for the automated extraction of the chemical
names of substrates, metabolites, and reactions of biotransformation. Classification of the named entities of metabolites, substrates,
and biotransformation reactions by a conditional random fields approach using XenoMet as the training set provides an F1-score of
0.79.

■ INTRODUCTION
Biotransformation affects the duration and intensity of the
pharmacologic action of the drugs. Thus, the assessment of
biotransformation pathways, the biological activities of xeno-
biotics, and their metabolites is an important step in the
preclinical evaluation of drugs safety and efficacy.1,2 Studies on
the metabolites of pharmaceutical substances are of great
importance due to their potential biological activity, including
the pharmacological activity of prodrugs. Potential metabolites
of xenobiotics can be identified in in vitro and in vivo
experiments, for instance, using high-performance liquid
chromatography and mass spectrometry (matrix-assisted laser
desorption/ionization mass spectrometry).3,4 Since the individ-
ual peculiarities of a particular chemical compound metabolites
formation and excretion can be observed,5 and taking into
account variations in the experimental results, some differences
in identifying metabolites and their quantity may be revealed.
The accumulation of experimental data provides the oppor-
tunity to develop informational resources containing data on the
chemical structures and biological activity spectra of xenobiotics

and their potential metabolites. Scientific publications are the
primary source of chemical information and data on biological
activity; therefore, the development of methods for the
automated extraction and analysis of literary data is of great
importance.

There is a number of methods for text analysis and data
mining that provide the opportunity for the automated, fast, and
accurate named entity recognition.6,7 Application of text and
data mining to massive literature data containing information on
both substrates andmetabolites can be helpful for the automated
recognition of the names of substrates, metabolites, and even
reactions of biotransformation. Text-mining techniques can be
used to obtain relevant and structured information about the
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biotransformation of chemical compounds together with the
experimental conditions used in the experiment for metabolite
identification. These data, in turn, are necessary for building
computational models aimed at predicting sites of metabolisms
(SOMs),8−10 reactions of biotransformation,11,12 generating
and estimating the chemical structure of metabolites,13 as well as
at predicting the biological activity spectra for compounds,14

taking into account their metabolism.15

Automated recognition of substrate and metabolite names
could be performed using dictionary-based, rule-based, and
machine-learning approaches.16 Machine learning has several
advantages, including the most rapid and accurate recognition of
a wide range of chemical-named entities (CNEs), but it requires
the application of an annotated corpus of texts containing
information on both the names of xenobiotics (substrates) and
their metabolites. The existing corpora were compiled to
recognize the endogenous metabolites of specific organisms and
evaluate their effects.17 Therefore, the development of a corpus
dedicated to the biotransformation of xenobiotics is beneficial
for extracting knowledge about bioactive compounds including
the effects of their metabolites. From this perspective, the
developing corpus is unique and has no analogs.
The purpose of our study is to create the annotated corpus

XenoMet for the automated recognition of names of (a)
substrates, (b) metabolites, and (c) reactions of biotransforma-
tion and to test its applicability using the conditional random
field (CRF) approach.

■ MATERIALS AND METHODS
Procedure for Collecting Texts for XenoMet.To retrieve

texts that contain the names of substrates, metabolites, and
biotransformation reactions, we automatically extracted them
from the PubMed database using a Python script and a query
based onMeSH terms (https://www.ncbi.nlm.nih.gov/mesh/),
which are used by NCBI PubMed to classify publications
according to specific categories. Since we are focused on the
biotransformation of drugs, we selected the “Pharmaceutical
Preparations”MeSH term as the most suitable one for the goal of
collecting texts dedicated to the biotransformation of xeno-
biotics. The MeSH subheading “metabolism” was used to collect

relevant texts on the metabolism of this chemical group. We
included the MeSH term “Humans” to focus on metabolism in
the human body. Using the query, we excluded reviews by
adding “Review[PublicationType]” through the connector
“NOT” (Figure 1). This resulted in more than 25 thousand
results.

Further filtering included two stages: (1) exclusion of texts
based on the number of names of chemical compounds and (2)
expert assessment of the content (Figure 1).

To create a corpus, we used abstracts and titles (for further
denotation, we use “text”) of scientific publications since they
are more frequently used in the tasks of information retrieval
because of their availability.7 Obviously, the texts that describe
the biotransformation of a substrate into its product should
include at least two chemical names: (1) the name of the
substrate and (2) the name of the metabolite. For this reason, we
performed the CNE recognition using the HunFlair library18

that allows the CNE recognition with an F1-score of 90%18 in
combination with a previously developed method based on
CRF13 and excluded from further consideration the texts that
contained only one CNE.

During the manual annotation of texts, we developed some
criteria for exclusion based on the suggestion that the corpus
should be suitable for the automated recognition of a wide
variety of substrate and metabolite named entities. The
developed exclusion criteria are as follows:

• A text contains the names of both substrate and metabolite,
but their relationship cannot be unambiguously determined.
This criterion is applied in cases where the metabolites of
certain xenobiotics are well-known and widely used, so
the authors do not provide a particular semantic link
between these two objects that can be recognized without
specific knowledge.19,20 An example is “Motor measure-
ments such as tapping test, walking time, and tremor
score, and blood samples for levodopa and 3-O-
methyldopa (3OMD) plasma analysis were performed
hourly”.19

• The text describes a refutation of previously published
information about the biotransformation of a xenobiotic into
a specif ic metabolite. During the analysis, we noticed only

Figure 1. Scheme for selecting relevant texts for the XenoMet annotation.
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isolated cases of such negative relationships between
substrates and metabolites (for example: “Our data
indicate that JM6 is not a prodrug for Ro-61−8048 and
is not a potent KMO inhibitor”21). Insufficient
representation of negative examples in the annotated
corpus will not improve the recognition performance but
may negatively impair the extraction of positive
relationships.

• Texts that describe the biotransformation of the duplicated
names of substrates and metabolites for collecting the most
diverse corpus as possible. This is true for the compounds
that are actively and comprehensively studied, such as
psychoactive substances and their metabolites in various
biological fluids (amphetamines22−24), and for the
determination of possible toxic products of antitumor
drugs (irinotecan25−27). Following this criterion, the
number of texts dedicated to the study of a particular
substrate is limited to 2−5. The exception is when the
texts mention different metabolites of the same substrate.

• Texts describing metabolites of natural products. This
criterion made it possible to exclude mainly texts that
describe the metabolism of drugs based on plant raw
materials.

• Texts that do not mention the f inal product of substrate
biotransformation. We aimed to provide a diversity of
substrates and their metabolites presented in the
XenoMet corpus, so we strived to include only those
titles and abstracts that indicated explicit names of
metabolites.

• Metabolites of macromolecules (peptides, etc.)

Texts that met the exclusion criteria were not considered for
annotation. In total, 57% of the texts were discarded during the
annotation process on the basis of the exclusion criteria
described above. Texts that did not meet the exclusion criteria
were shuffled in a random order. We believe that this step allows
us to avoid bias in the selection of texts and to cover the research
topics available in the literature as much as possible. Texts were
sequentially annotated according to their random order until the
corpus size reached 1000.
Automated Chemical-Named Entity Recognition and

“Substrate−Metabolite” Relation Extraction. At the stage
of selecting relevant texts, we automatically recognized all CNEs
using the Python HunFlair library18 in combination with a
previously developed method based on CRF.13 In this way, we
were able to identify automatically the potential substrates and
metabolites and filter out texts that contained only one CNE.
As the metabolism of xenobiotics is mediated by bio-

transformation reactions, we carried out the recognition of
their names. To extract the data on reactions, we used a
dictionary-based approach that was compiled through manual
analysis of texts and molecular process ontology (MOP) as a
basis.28 Only the “Process” class of this ontology was used. We
extracted from the MOP the “basic reactions”. By “basic
reaction”, we considered such a term for the biotransformation
that does not specify any position in relation to which
transmormations in the molecule occur, such as “deacylation”,
“deamination”, “esterification”, and so on (for example,
“hydroxylation” instead of “4-methylhydroxylation”). It will
enable the extraction of the maximum number of reactions
because some detailed reactions may be omitted from the
analyzed texts. The total number of “basic reaction” terms

included in the final dictionary is 168. The complete list of basic
reactions is available in the Supporting Information.

Following the recognition of the named entities, we utilized an
in-house approach previously described in our study13 to
perform the relation extraction between substrates and
metabolites. This approach allows for the classification of
chemical named entities as “Substrate”, “Metabolite”, or
“Chemical” based on the use of semantic links like “is
metabolized to”, “are metabolites of”, and “is formed”. If two
named entities of a substrate and a metabolite are linked
semantically, they are considered a pertinent pair.

If neither a substrate nor a metabolite was found in the text
using the identified semantic link, we classified such terms as a
chemical entity (“Chemical”) representing a separate class. A
Python script that performs the extraction of associations
between substrates and metabolites based on a rule-based
approach is available in the Supporting Information.

The corpus was represented in the text file using the
CHEMDNER/DrugProtT format.29,30 To represent the corpus
in text format, we calculated the position of every named entity
in the text. The counting of all text characters began from
position 0, so that if the named entity is the first word in the text,
its starting character will be zero. We numbered all of the
extracted named entities according to their order of appearance
in the texts using the following scheme: T (as for “term”)
followed by the position number of the named entity (for
example, T3 for the third named entity in the text).
Manual Verification of Automatically Performed Text

Annotation. After automatic annotation, we carried out a
manual verification of the results. Any disagreement between
experts was resolved through a consensual discussion, which
resulted in some rules. In particular, optical isomers were taken
into account during the manual verification of metabolites. We
did not exclude those terms that indicated, for example, groups
of chemical compounds since this information may be useful for
understanding the biotransformation reactions of substrates (for
example, “nitroxyl radicals”).

Named entities of commonly used chemicals (e.g., “soluble in
water”) were not annotated. Moreover, if a chemical-named
entity acted as a part of another named entity, for example,
disease or protein (i.e., in phrases such as “cocaine abuse”,
“lactate dehydrogenase”), it was not annotated.

We distinguish three classes of extracted entities: “Substrate”,
“Metabolite”, and “Chemical”. The first two classes were
assigned to the named entities that, according to the context
of the whole abstract, were mentioned in the text as substrate or
metabolite, respectively. Reconstruction of metabolic pathways
when processing the results will make it possible to distinguish
substrates from metabolites and substrates from parent
compounds, i.e., xenobiotics that undergo biotransformation.
Any chemical named entity that was not assigned within the
classes “Substrate” and “Metabolite” was considered “Chem-
ical”. It should be noted that if a chemical named entity was once
clearly stated as a substrate or a metabolite (for example, in the
sentence), then all other names and synonyms of this object
were labeled the same way for the whole abstract.

Reaction named entities were also verified. As previously
mentioned, we annotated only the names of the basic reactions.
Often, in texts, authors specify the position of reactions, the
number of added substituents, etc. In such cases, the named
entity string itself and its positions in the text were manually
adjusted by the authors of the corpus. For example, the basic
reaction “hydroxylation” was recognized automatically with start
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and end positions 298 and 310, respectively. However, the text
mentions the name of the reaction “4-methylhydroxylation”.
Therefore, we added to the reaction-named entity the missing
part “4-methyl” and corrected the start position from 298 to 290,
since “4-methyl” consists of 8 symbols.
The annotation verification process involved checking the

correctness of recognizing CNEs and assigning them to the class.
Examples of the annotation are shown in Figures 2 and 3.
After manual verification of the CNE annotation, it was

written in the text file according to the following format, partially
corresponding to the representation in CHEMDNER/Drug-
Prot29,30 (Figure 4).

In the our corpus, we did not distinguish CNEs that came
from the title and abstract body. The entire text for the
annotation is obtained by concatenating the title and the
abstract with the addition of a space symbol. Thus, the
numbering of individual character positions begins with the title.

Then, we examined the extracted associations. We did not
record associations between all substrates and metabolites if
their names appeared several times in the text but indicated only
those entities that were clearly marked in a specific fragment of
text as a substrate−metabolite pair (Figure 2). Such an
association was labeled with the class “Substrate and its
metabolite”. We assume that this way of substrate−metabolite
pairs annotation can improve the machine-learning process,

Figure 2. Example of annotation of a text fragment that does not contain the names of biotransformation reactions. The relationships between
substrates and metabolites are assigned as “S−M″.

Figure 3. Example of annotation of a text fragment containing the names of biotransformation reactions. The relationships between substrates and
metabolites are assigned as “S−M″.
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since it includes only those relationships that are semantically
described in a specific piece of text (Figure 2). However, after
additional automatic processing by searching for all possible
combinations between the names of substrates and metabolites
of annotated pairs and their synonyms, it is possible to obtain all
kinds of associations for the entire text of the abstract and the
title.
If it was clearly stated in the text that the metabolite was

obtained from the substrate through a specific biotransforma-
tion reaction, we also indicated this and specified the position
number of the reaction named the entity (Figure 3).
Since synonyms of the same compound are often found in

texts, we also indicated these relations under the class
“Synonyms”. Nevertheless, if a pair of substrate−metabolite
was mentioned in the text for all of the synonyms, we also wrote
out the relationships for them.
At the end, we created a text file; the format is presented in

Figure 5.
Examples of the Corpus Usage. Constructions of

Metabolic Trees. To demonstrate the application of XenoMet
for extracting information about xenobiotic metabolism, we first
built a network of interactions between entities (i.e., xenobiotics
and their metabolites) that were annotated in the texts of
XenoMet. We performed an automatic search through Python
and provided an API within the ChEMBL database31 for the
chemical named entities from XenoMet to obtain unique
chemical identifiers and reduce the number of repeating nodes.

Biotransformation reactions, if mentioned, were converted to
the CytoScape platform32 in an acceptable XGMML format.
Chemical entities were classified as either substrates (blue
nodes) or metabolites (red nodes). If a chemical-named entity
was labeled as both a substrate and a metabolite in any of the
texts, the node was colored purple. We added labels for the
reactions of biotransformation that were specified in the text of
the corpus.

Application of the Developed Corpus for Classifying
Names of Substrates and Metabolites using a CRF-Based
Approach. We used a previously developed CRF-based
approach13,33,34 to estimate the applicability of the developed
corpus for extracting the names of substrates, metabolites, and
reactions with the relation extraction between them.

Briefly, a CRF-based approach for the extraction of chemical
named entities considers the text as a sequence of its elementary
units, tokens, which could be represented by a word or even one
symbol. These tokens are then described by a set of descriptors
that reflect their various features (for example, part of speech,
number of characters, and presence of capital letters/numbers/
symbols).

In this study, we used the approach described above as a basis,
but in contrast to the earlier developed approach for the CNE
recognition, in this study, our goal is to separate substrate,
metabolite, and reaction tokens from each other as well as from a
chemical that does not belong to any of these three
aforementioned classes. In this case, we used belonging to the

Figure 4. Example of the format for representing the annotated entities in XenoMet.

Figure 5. Example of the format for representing the annotated relations between entities in XenoMet.
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chemical named entities as descriptors: “1”, if the token belongs
to any of them, and “0” if it does not. An illustration of the
algorithm for recognizing chemical-named entities and their
further classification into classes (Substrate, Metabolite, and
Reaction) is presented in Figure 6.
To take the context into account, we created dictionaries of

nonspecific terms that would point at the entities of the listed
classes. To do this, we tokenized texts of XenoMet, removed all
of the stop-words (prepositions, introductory words, etc.),

defined labels belonging to a substrate, metabolite, or reaction
for tokens, and identified the most frequently occurring tokens
at a distance of 1 to 5 tokens from one that belongs to a substrate,
metabolite, or reaction.

We used numerical values of frequency as the descriptors of
the context. Those numerical values were calculated as the ratio
of the number of casesNtwhen a specific token was encountered
at a given position to the number N of all token variants at a

Figure 6. Algorithm for the recognition of substrate, metabolite, and reaction-named entities. Labels “S”, “B”, “I”, “E”, and “O” stand for tokens that
form (S), begin (B), are inside of (I), or end (E) a chemical-named entity, or do not belong to any of them (O).13,33,34 The descriptor “length” is the
number of symbols within the token, “word[-2]” is the last two symbols of the token, “PoS” is part of speech, “chemical” is whether the token belongs to
a chemical-named entity, and “nonspecific” is whether the token belongs to nonspecific terms (1 if it does, 0 if it does not, for the last two descriptors).
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given position. Such frequencies were calculated for the
substrate and metabolite classes.
We also added a specific descriptor to recognize the reaction-

named entities. Since their names have the most deterministic
form (a finite number of stems and specific endings), we used a
dictionary of basic reactions (described above) for automated
recognition. By removing endings such as “-ation”, “-ysis”, and
“-ing”, we fulfilled a list of reaction names stems. The descriptor
took the value 1 if at least one stem from the list was a substring
in the token string and 0 if it was not.
In order to study the impact of these new descriptors on

prediction accuracy, we built 5 models with various combina-
tions of the aforementioned context descriptors and assessed the
predictive ability and execution time of each model with 5-fold
cross-validation. Then, we selected the best of them based on the
correlation between prediction quality and execution time and
optimized the hyperparameters.

■ RESULTS AND DISCUSSION
XenoMet�The Corpus for Extracting Relationship

between Substrates and Metabolites. We created Xen-
oMet for the automated recognition of substrates, metabolites,
and biotransformation reactions based on an automated
approach using patterns developed for the extraction of
substrates and metabolites13 followed by manual verification
of recognized entities.
Unlike the CNEs, which were recognized by the HunFlair

library and with the use of a CRF-based approach, manual
verification of reaction entities required significant efforts. In the
Materials and Methods section, we mentioned that we used a
dictionary of basic reactions for the purpose of recognizing the
reaction-named entities.
After manual verification, we analyzed the composition of the

final corpus. The number and shares of the named entities
belonging to various classes are shown in Figure 7. Figure 7
shows that the largest part of the named entities assigned to the
class “Substrate”. The “Chemical” and “Metabolite” classes both
take 25% of all named entities, and the “Reaction” class takes
only 8%. Since the reaction named entities were not often
present in the text, only 10% of “substrate−metabolite” pairs
were assigned to the biotransformation reaction. The average

number of named entities of all classes, including synonyms, per
title and abstract, was 20.

Figure 7 shows that XenoMet contains much more terms
specific to the xenobiotic metabolism than nonspecific chemical
named entities. This is a consequence of the fact that a thorough
expert selection of relevant texts for the corpus was carried out.
In some cases (about 40−50%), abstract texts lack the correct
(full) chemical names of substances and contain only derivatives
of a particular chemical class or compound. Examples include
“M1, M2, and M3” as codes for metabolites, “methyl
hydroxylated and N-oxidized metabolite” in terms of voricona-
zole biotransformation,35 or “conjugates of XK469 with glycine,
taurine, and glucuronic acid”.36 This may be because the
corresponding studies are aimed at characterizing the particular
biotransformation process of a drug or bioactive compound
rather than at determining the structures of its metabolites.
These metabolite named entities can hardly be considered a
chemical named entity in principle, and only low-informative
tree of metabolism can be built based on such entities.
Therefore, we omitted them and did not annotate them in the
corpus. For these reasons, despite the careful selection of texts
for the corpus, the proportion of examples containing the names
of metabolites is relatively small.

Using the names of basic reactions for the preliminary
annotation of the corpus allowed the time of manual processing
to be reduced significantly: only 5% of the names of reactions
were annotated de novo. Thirty-six percent of all basic reaction
names were found in the text either in the same form or as part of
detailed reaction names. In the vast majority of cases, the names
of the basic reactions were found in the text without changes
(Table 1).

As one may see from the table, there are basic reactions that
often need to be more clearly specified in the texts, such as
hydroxylation, dealkylation, or demethylation. However, some
basic reactions do not require clarification since the reaction
name clearly describes the mechanism of biotransformation,
such as lactonization or decarboxylation.

We also analyzed the content of titles and abstracts of
publications with the names of substrates, metabolites,
biotransformation reactions, and associations between them
(Table 2).

Table 2 shows that despite the small amount of text, titles and
abstracts are of interest for extracting information since they
contain a significant number of named entities. For example,
12% of all names of substrates in the text can be extracted from
the titles. At the same time, “substrate−metabolite” pairs with
indication of biotransformation reaction are found quite rarely
in titles, which is not surprising: the title is intended to introduce
the main concept of the study, and the process that results in the
transformation of a xenobiotic into a metabolite is more detailed
information.
Text-Mining of Xenobiotic Transformation as a Source

of Biomedical Knowledge: Case Study for Metabolic
Tree Generation. The extraction of xenobiotics and their
metabolites from texts could be a useful source of knowledge in
many fields of biomedical science. This approach can find its
main application in pharmacology: for example, information
about the metabolism of pharmaceutical agents may not be
complete within one text, but further path of biotransformation
is disclosed in others. Automated text processing methods will
make it possible to extract this information from large arrays of
texts and present it in a format convenient for further analysis by
an expert.

Figure 7. Ratio of the number of entities belonging to the classes
“substrate”, “metabolite”, “reaction”, and “chemical” in the annotated
corpus.
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As a demonstration of the application of text-mining
approaches to retrieving information about the biotransforma-
tion of xenobiotics, we constructed and visualized an interaction
network between substrates and metabolites annotated in
XenoMet.
To reduce the number of repeating nodes and, as a result, the

number of repeating edges, we performed automated queries to
the ChEMBL database in order to unify the extracted named
entities. The database query consisted of a chemical named
entity. We carried out a comparison of the extracted chemical
names with synonyms of the query results in lower case;
nonidentical terms were not assigned to each other. For those
entities that were not identified in ChEMBL, we performed a
search across relations with the class synonyms. Most of the
named entities in the corpus linked to the ChEMBL identifier
belong to the “Substrate” class. Thus, the probability of
encountering repeating nodes is significantly higher for the
“Metabolite” class.
As a result, for more than 3000 binary “Substrate and its

metabolite” associations and, accordingly, for more than 6000 of
their participants, it was possible to obtain 795 unique nodes
that could be assigned to the ChEMBL identifiers and 2543 that
were not identified in the ChEMBL database and might lead to
duplication. Despite the large number of nodes, nevertheless, the
filtering attempts made it possible to reduce the total number of
associations by half. Lists of CNEs that were or were not

identified in ChEMBL are presented in the Supporting
Information.

To distinguish those nodes in the interaction network, we
used the color intensity. Thus, the nodes reflecting the names of
chemical compounds that were identified in the ChEMBL
database are more intense. As was already mentioned in the
Materials and Methods section, we highlighted the Substrate
nodes in blue, the Metabolite nodes in red, and those
compounds that acted as both metabolized compounds and
reaction products by mixing blue and red, resulting in purple.

The complete network of interactions in the CytoScape
session format is presented in the Supporting Information. Since
the final network of interactions is quite cumbersome, we
present several fragments to illustrate the work done.

The network consists of several types of associations. A
significant part of them does not form a subnet of more than two
nodes (Figure 8A). As a rule, these associations are found in
texts where the concentration of an already known xenobiotic
metabolite in biological fluids was studied or as part of studies of
the drug metabolizing enzymes (DMEs) activity (37 for
scutellarein and38 for harmaline and harmine). Some of them
are very extensive and include many nodes (Figure 8B). Such
chains of biotransformation mechanisms are most often
observed for drugs that are used in the treatment of neoplastic
diseases, since they are cytotoxic and the knowledge of their
changes in the human body is important for determining the
dose and prognosis of drug intake18−20 as well as for
psychoactive compounds, for which the knowledge of
metabolites in various tissues allows the identification of abuse
cases.23,24 In Figure 8B, the pathway of biotransformation of the
cytotoxic compound irinotecan (CPT-11) is presented. As one
can see, there are 4 types of nodes; therefore, unlike in the
previous example, there may be repeated nodes. Indeed, the
intense purple node “7-ethyl-10-hydroxycamptothecin” (node 9
in Figure 8B), which is a known metabolite of irinotecan, is also
called SN-38. The faded red knot “7-ethyl-10-hydroxycampto-
thecine” (node 6 in Figure 8B) is actually another way to spell
this compound, and it should be merged with an intense purple
node due to the same chemical they reflect. Also, two faded
nodes�the red one with the label “7-ethyl-10-hydroxycampto-
thecin glucuronide” (node 11 in Figure 8B) and the purple one
“sn-38 glucuronide” (node 8 in Figure 8B)�reflecting the same

Table 1. Number of Reaction-Named Entities in the XenoMet Corpus that Contain Names of Basic Reactions as a Part or Exactly
Match Them

basic reaction
(BR)

N reaction names that
are BR

N detailed reaction names
extracted using BR

basic reaction
(BR)

N reaction names that
are BR

N detailed reaction names
extracted using BR

hydroxylation 134 222 protein binding 15 0
oxidation 195 100 aromatization 8 2
glucuronidation 191 20 ring opening 8 1
hydrolysis 118 11 alkylation 9 0
demethylation 20 109 esterification 3 6
conjugation 69 1 deamination 7 1
reduction 43 19 decarboxylation 8 0
dealkylation 7 47 elimination 8 0
methylation 38 10 adduct formation 7 0
cleavage 33 10 lactonization 6 0
sulfation 23 2 carboxylation 6 0
covalent binding 24 0 glucosidation 0 6
acetylation 11 10 isomerization 4 1
hydrogenation 0 17 dehydration 4 1
phosphorylation 14 1 oxygenation 2 3

Table 2. Numbers and Proportions of Substrate, Metabolite,
and Reaction Named Entities and Pairs “Substrate−
Metabolite” in the Text of Titles and Abstracts Separately

object type title abstract title + abstract

substrate-named entity 1014
(12%)

7333
(88%)

8347

metabolite-named entity 182
(5%)

3233
(95%)

3415

reaction-named entity 102
(6%)

1655
(94%)

1757

substrate−metabolite pair without
specified reaction of
biotransformation

105
(6%)

1747
(94%)

1852

substrate−metabolite pair with
specified reaction of
biotransformation

2 (1%) 166
(99%)

168
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thing. Moreover, two CNEs identified in ChEMBL�
“irinotecan” and “irinotecan hydrochloride” (nodes 1 and 2 in
Figure 8B)�might be considered synonyms since the second
chemical is used in pharmaceutical formulations. However, their
structures are different, and for this reason, the ChEMBL
identifiers are also different. The node with number 3 in Figure
8B is colored purple, which means that this compound
undergoes further biotransformation but none of the final
metabolites are presented in the network. It is explained by the
fact that the ways of its further changes are mentioned, but the
final metabolites are either not named or not stated explicitly;
that is, they do not allow the structure to be unambiguously
identified by CNE.
In rare cases, for xenobiotics, a list of biotransformation

reactions is indicated without mentioning intermediates but
immediately the final product. In this case, there may be several
connections between two nodes at once (Figure 8C).39 Such
situations were observed for abstracts due to frequent word
limits. We assume that the text may contain the names of
reaction intermediates.
Among the complete interaction networks, branched subnet-

works are presented that describe the metabolism of not just one
compound but several. This is typical of parent compounds (or

substrates) of the same chemical group, as a result of which they
have similar biotransformation pathways and similar metabolites
(Figure 8D). For example, antidepressants trazodone, nefazo-
done, and etoperidone are metabolized to a common
metabolite, 1-(3′-chlorophenyl)piperazine (m-CPP), which, in
turn, also undergoes biotransformation to final metabolites.40

Application of XenoMet for the Recognition of
Substrate-, Metabolite-, and Reaction-Named Entities
by a CRF-Based Approach. Application of a previously
developed CRF-based chemical named entity recognition with a
rule-based approach resulted in quite low values of precision,
recall, and F1-score.

13 The use of patterns and rules based on
them is less effective than machine-learning methods due to the
inability to extract all kinds of patterns from texts manually.

We performed training of multiple CRF-basedmodels that we
used for the extraction of CNEs earlier,13 additionally in the
current study, we used labels of tokens’ belonging to chemical
named entities as descriptors. Furthermore, we expanded the list
of descriptors to apply them for recognizing names of substrates,
metabolites, and reactions. This was achieved by including
descriptors such as belonging to the stems of reaction named
entities and frequencies of nonspecific terms at various distances
from the substrate, metabolite, and reaction named entities. In

Figure 8. Fragments of interaction networks between substrates and metabolites annotated in XenoMet for subnets (A) of only two nodes, (B) of
many nodes and edges, (C) that do not specify biotransformation intermediates, and (D) in which the same chemical compound may be a
biotransformation product of several substrates.
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the following text, we use the term “extended descriptors” to
refer to the list described, and “standard descriptors” to refer to
the list used for CNER.13

As it was expected, the usage of extended list of descriptors
resulted in an elevation of accuracy in comparison with standard
for CNER descriptors:13 for somemetrics, the improvement was
around 0,07. Since the use of an extended list of descriptors
allowed, albeit slightly, an increase in the recognition accuracy,
for the next steps, we used only the extended list of descriptors.
Then, we investigated the role of the context volume included

in the text description in the recognition accuracy. We assume
that using a larger context window (e.g., five before and after
tokens versus one) will lead to an improved prediction accuracy,
because this window is more likely to include tokens that reflect
the semantic meaning of a particular chemical named entity
(substrate, metabolite, or reaction). However, models become
more time-consuming as the volume of context increases.
For further studies, we selected a model with the highest

performance. This model takes the current token and three
tokens before and after it. Full results of the model evaluation
with 5-fold cross-validation are provided in Supporting
Information. The results of the evaluation with 5-fold cross-
validation for the best model after hyperparameter optimization
are presented in Table 3. This model considers a context
window of three tokens and uses the extended list of the
descriptors.

The precision, recall, and F1-score metric values obtained with
5-fold cross-validation are significantly lower than those we
obtained when training a model for recognizing the names of
chemical compounds.13,33,34 It could be explained by a bigger
diversity between the tokens of chemical named entities and all
other words in comparison with the diversity between the tokens
of three different classes (substrate, metabolite, and chemical)
(Table 3).
Such a difference between chemical named entities

recognition and substrate−metabolite−reaction classification
accuracy can apparently also be explained by the diverse context
of one chemical named entity, even though the class for it was
defined based on the whole. For example, in the text:41

“Treatment A consisted of a single dose of avosentan (T4) 50 mg
af ter a high-fat, high-calorie breakfast. Treatment B consisted of a
single dose of 50 mg of avosentan (T5) administered in the fasted
state. Plasma concentrations of avosentan (T6) and its
hydroxymethyl (T7) metabolite Ro-68−5925 (T8) were measured
by liquid chromatography-tandemmass spectrometry”, the first two
sentences do not define “avosentan” as substrate, but the last one
does. Therefore, this entity would be annotated as the Substrate
for all of these three sentences. Obviously, in this case, the
context of use of the “avosentan” drug name will vary
dramatically, which will make it difficult for the model to
identify patterns of use of certain classes representatives.

The experiment showed that the names of reactions were
recognized equally well, in the case of inclusion in the list of
descriptors belonging to the bases of the reactions and without
them (Supporting Information). Apparently, the reaction-
named entities vary greatly from the other text, and the ending
of a token (the last two and three symbols), which is a part of a
standard descriptors set, is enough to distinguish such cases.
Place of XenoMet among the Existing Corpora

Related to the Extraction of Information about the
Xenobiotics Biotransformation from Texts. There are
some previous approaches for extracting data concerning the
biotransformation of chemical compounds, with one particular
method involving the creation of a corpus entitled Metabolic
Entities. This corpus contains annotations of proteins/genes,
metabolites, and metabolic events19 and is designed to automate
the extraction of key players in metabolic pathways, relying on
text-based information. Texts for this corpus were randomly
selected from those used to create the EcoCyc database and then
annotated manually by the authors. A total of 271 titles and
abstracts were annotated for this corpus. It should be noted that,
according to the illustration provided in the cited article,
“Metabolite” refers to any chemical compound related to a
“protein/gene-metabolic event”. This results in a less clear
distinction between substrates and metabolites annotated in the
corpus.

There is a MetaboListem corpus aimed at the annotation of
metabolomics terms in the literature.42 This corpus includes
over 1200 full-text articles that were automatically annotated by
rule-based methods. The automatic rule-based annotation was
validated by using machine-learning models. However, in
comparison to our corpus, MetaboListem was annotated for
the metabolome, and all entities are labeled as metabolites,
comprising mainly the chemical compounds produced from
endogenous substances within the human body. As a result, it is
better suited for examining metabolomic processes than for
investigating the metabolism of xenobiotics.

In addition to corpora aimed at analyzing metabolomics
pathways in the human body and investigating metabolism,
there are approaches designed to automatically extract
metabolites and metabolic pathways from scientific research
articles.

Kongburan et al. developed a hybrid system using machine-
learning, dictionary, and rule-based approaches to reconstruct
metabolic pathways from article texts.43 The recognition of
metabolites and proteins/genes was performed by CRF and
dictionary-based methods using the previously developed
Metabolic Entities corpus, complemented by GENIA44 and
Thyroid Cancer Intervention Event.43 To perform the
recognition of metabolic events, the authors created a dictionary
based on metabolic events present in the Metabolic Entities
corpus. The recognition of metabolite named entities was
performed with an F1-score equal to 92% and an enzyme entity
of 85%. We should note that a higher recognition accuracy
compared to our method is apparently due to the fact that it
allows for the recognition of two different types of objects
(chemicals and proteins) and is not intended for the task of
distinguishing separate groups within one type (chemicals).

A rule-based approach to identify pathways from the literature
was considered by Czarnecki et al.45 For the named entity
recognition, protein/gene, and small compounds, the author
used third-party approaches. The relation extraction was
performed using patterns: to identify substrates and products,
they should follow a certain rule in the text. Unfortunately, the

Table 3. Metabolism-Related Named Entity Recognition
Accuracy Using the Best Model Achieved with Five-Fold
Cross-Validation

class precision recall F1-score

substrate 0,71 (±0,02) 0,69 (±0,03) 0,70 (±0,02)
chemical 0,61 (±0,03) 0,67 (±0,03) 0,64 (±0,02)
metabolite 0,71 (±0,03) 0,71 (±0,02) 0,71 (±0,02)
reaction 0,97 (±0,01) 0,96 (±0,02) 0,96 (±0,01)
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authors do not provide any accuracy metrics that could give an
idea of the quality of the developedmodel in solving the problem
of extracting associations between substrates and reaction
products.
In contrast to the studies described by Kongburan et al. and

Czarnecki et al., our approach aims at the creation of a unique
text corpus, XenoMet, which can be used for the extraction of
substrates and metabolites of xenobiotics. The created corpus
can also be used to enrich the data and knowledge on xenobiotic
transformation as part of the overall metabolism as a complex
process in the human body.

■ CONCLUSIONS
In this paper, we describe XenoMet text corpus, which enables
the identification of substrates, metabolites, and reactions, as
well as the search for associations between them. Unlike
previous corpora, XenoMet provides a distinct categorization of
substrates and metabolites, particularly those of xenobiotics, and
includes information about biotransformation reactions. As our
corpus contains not only substrate, metabolite, and reaction
named entities but also the terms for chemical compounds that
do not belong to any of these categories, it can be used with the
existing annotated corpora for trainingmodels in the recognition
of chemical named entities. XenoMet will complement the
procedures used to extract details about the biotransformation
of xenobiotics from texts, which will enrich scientific knowledge
in this field. Furthermore, it can be used for building models for
predicting the reactions of biotransformation and metabolites
structures.
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