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Abstract. Chemicals as therapeutics and investigational agents receive much attention in
clinical research and applications recently. However, automated approaches to recognize and
categorize the chemical entities in biomedical text are challenging because of the wide varieties
of morphologies and nomenclature. We present here a hybrid text mining system that combines
chemical lexicon and patterns for recognition/categorization. We applied this approach to identify chemical entities from the patent abstracts of BioCreative V.5 Chemical Entity Mention
Recognition (CEMP) corpus. We also FRPSDUHG WKH K\EULG DSSURDFK ZLWK WKH ³WUDGLWLRQDO´
lexion-based method, and illustrated that the hybrid approach can achieve enhanced performance (i.e. precision, recall, and F-score) than the lexion-based method.
Keywords. Chemical entity recognition; Chemical categorization; Text mining; Pattern
matching; Chemical lexicon.

1

Introduction

The advances in data revolution reveal valuable information on the
new roles of chemicals in disease treatment and adverse reaction. The
effect of chemicals on the biological systems as therapeutic agents (i.e.
drugs), investigational agents in drug discovery and unintentional
agents to understand the adverse effects make them an important class
of biomedical entities in clinical research and applications [1]. The scientific findings on chemicals are commonly available in published bi-
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omedical literature, and automated approaches using text mining techniques have proven to be effective for entity extraction. Nevertheless,
the task is challenging due to the different morphologies and nomenclatures used for representing chemical entities [2].
Different text-mining approaches have been developed utilizing
techniques such as rule-based [3], dictionary based [4], machine learning [1], and hybrid approaches [5]. In particular, the Conditional Random Fields [6,1,5] and Support Vector Machines [7] algorithms with
rule-based or dictionary-based approaches are widely used in chemical
entity recognition. In spite of several existing approaches, the challenge
is still open and leaves a space for improvement. BioCreative V.5
Chemical Entity Mention Recognition (CEMP) task invited the text
mining community to develop novel and robust approaches for recognizing and categorizing the chemical entities in a set of patent abstracts.
We presented a hybrid approach that combines a chemical lexicon and
a pattern matching module for recognizing and categorizing chemicals
from the patent abstracts.

Figure 1: Workflow of the proposed system
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2

Systems description and methods

Overview
Our approach for recognizing and categorizing the chemicals consists
of two parts: (1) building a chemical lexicon; (2) extracting and categorizing the chemicals from the patent abstracts using the lexicon and a
pattern matching module. Figure 1 presents the workflow of the proposed system.
Chemicals lexicon
Processing of UMLS Metathesaurus
The chemical lexicon was compiled from three resources: UMLS
Metathesaurus [8], DrugBank [9] and PharmGKB [10]. The 2015AB
version of UMLS Metathesaurus was downloaded from the UMLS
Terminology Services (UTS) and customized to Rich Release Format
using MetamorphoSys, an in-build UMLS installation wizard and Metathesaurus customization tool [11]. The resource contains more than
3.2 million medical concepts (e.g. chemicals, drugs, diseases) and 12.8
million synonyms from over 190 vocabularies including SNOMED,
and ICD 9/10 diagnostic codes. We filtered 4,652,003medical concepts
and synonyms that are in English, and selected only the concepts beORQJLQJ WR ³&KHPLFDOV DQG 'UXJV´ semantic type. However, the concepts from other semantic groups (e.g. disease, living organisms) were
found to overlap with the chemicals synonyms. We removed the common concepts or synonyms between the sematic groups, common English terms (e.g. link, conduct, aim), semantic types (e.g. amino acid,
hormone) and abbreviation overlap (e.g. the abbreviation C maps to
Catechin, Cocaine, Carbon and Blood group antigen C). We used Attempto, a resource for controlled natural language and a rich subset of
Standard English [12] to identify common English terms as chemicals.
The latest version is released in 2013 and contains 97,526 English
terms. The other three error types were identified through simple overlap. The process yielded 461,379 chemical concepts and
929,747synonyms.
Processing of DrugBank and PharmGKB
The latest version of DrugBank database [13] was downloaded and
parsed with UTF-8 encoding to handle chemicals with Greek alphabets
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and special characters (e.g. .-methylthiofentanyl). We extracted 8,203
drugs, 1,201 salts, and synonyms. We downloaded the drugs.zip file
from PharmGKB and extracted 3,175 chemical names, 6,763 generic
names and 18,309 trade names [10]. The generic names and trade
names are synonyms. We compiled the chemical entities and synonyms
from the three resources and assigned a customized ID which is unique
for a chemical.
Recognition of chemical entity mention
We combined the chemical lexicon with MedTagger [14] for application. MedTagger is an Open Health Natural Language Processing
(OHNLP) tagger that uses a lexicon for entity extraction. It uses a pipeline of text mining approaches such as tokenization, lexical normalization, dictionary look-up using the well-known Aho-corasick approach
and concept screening [15]. The CEMP task defines seven chemical
classes namely systematic, identifier, formula, trivial, abbreviation,
family and multiple classes for categorization. The systemic class defines the IUPAC and IUPAC-like chemical nomenclature (e.g. 2acetoxy-benzoic-acid). The identifiers are the database identifiers from
various chemical databases (e.g. 2244, a PubChem ID). The formula
includes molecular formula (e.g. CH3COOC6H4COOH), canonical and
isomeric SMILES (e.g. CC(=O)OC1=CC=CC=C1C(=O)O), InChI (e.g.
InChI=1S/C9H8O4/c1-6(10)13-8-5-3-2-4-7(8)9(11)12/h25H,1H3,(H,11,12)), and InChIKey (e.g. BSYNRYMUTXBXSQUHFFFAOYSA-N). The trivial names are the trade name / brand name
/ common name / generic name of a marketed drug (e.g. acylpyrin, acetaminophen, tylenol, panadol, and resveratrol for aspirin). The abbreviations are the standard acronyms (e.g. GABA for gammaaminobutyric acid). The family class is associated with the chemical
structure (e.g. diphenols, terphenoids). The multiple class includes the
chemical names that are not described in a continuous string of characters (e.g. thieno3,2-d fused oxazin-4-ones). We developed a pattern
matching module using Java regex to categorize the chemicals into seven different classes as shown in Table 1. Among the seven classes,
formula and identifiers are not available in the chemical lexicon and the
pattern matching module alone was applied for their recognition. In
addition, we used a lexicon compiled from PubChem [16], DrugBank
[13] and KEGG DRUG [17] for classifying trivial names. The family
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class consists of sub-classes and we created a family lexicon to distinguish the family sub-classes (e.g. systematic) from the main systematic
class.
Table 1: Patterns to classify chemical Entity classes
Chemical class

Regex pattern

Example

SYSTEMATIC

\\b(^\\d.*$)\\b

beta.-alethine

IDENTIFIER

\w+ [A-Za-z] \w+ [0-9]\w+

KMD-3213

FORMULA

\\b[A-Z][a-z]?\\d*|[A-Z]?\\d*\\b

CH2 COOH

TRIVIAL

[A-Z][a-z]\w+

matrinetannate

ABBREVIATION

[A-Z]{4}

EDDA

FAMILY

[a-z]|[A-Z][a-z]

Alkaloids

MULTIPLE

\\b(and|or)\\b

Ceratamines A and B

Dataset and Evaluation
The BioCreative V.5 CEMP task consists of 21,000 patent abstracts in
the training data and 9,000 patent abstracts in the test data. While the
training data consists of 99,632 annotations (Table 2), the annotations
for test data are yet to be released. The standard evaluation metrics such
as Precision, Recall and F-score were used to evaluate the performance
of the proposed system [18].
Table 2: Chemicals annotation in the training data
Chemical class
SYSTEMATIC
IDENTIFIER
FORMULA
TRIVIAL
ABBREVIATION
FAMILY
MULTIPLE

Annotation
28,580
278
6,818
25,927
1,373
36,238
418
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3

Results and Discussion

The traditional lexicon-based approach achieved 0.532 precision,
0.651 recall and 0.586 F-score on the training data and 0.472 precision,
0.515 recall and 0.492 F-score on the test data (Table 3). The hybrid
approach that combines the chemical lexicon and patterns recognition/categorization achieved an enhanced performance of 0.601 precision, 0.651 recall and 0.625 F-score. We also report the performance of
the system on each component i.e. entity recognition and classification
(Table 4). The chemical dictionary is the main component for identifying five types of classes excluding identifiers and formula. Though the
dictionary contains the systematic and trivial names, we observed that it
does not contain IUPAC like names and all trivial names. By incorporating a pattern matching approach for IUPAC like names and including a lexicon for trivial names from resources that are not in chemical
lexicon, we show an enhanced performance of more than 10% on precision, recall, and F-score when compared to the traditional lexiconbased approach.
Table 3: System performance reported for CEMP task
Dataset

Precision

Recall

F-score

Training data

0.532

0.587

0.558

Test data

0.472

0.515

0.493

Table 4: System performance after CEMP task on training data
Approach

Precision

Recall

F-score

Entity recognition

0.582

0.651

0.614

Classification

0.570

0.773

0.658

Entity recognition+ Classification

0.601

0.651

0.625

Limitations and Future work
Though the patterns perform well on single term entities (e.g.
SMILES), we observed pattern overlap on entities with multiple terms
(e.g. IUPAC like names) that resulted in partial identification of chemical entities. The chemical annotations in the training data mainly be-
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long to systematic, trivial and family class (i.e. ~89%), among which
the recognition of systematic and family classes are more challenging.
As a future work, we will be replacing the patterns with a machine
learning approach using CRF, an established approach for entity recognition.
4

Conclusion

We present a hybrid approach that combines a chemical lexicon
compiled from three resources namely UMLS Metathesaurus, DrugBank and PharmGKB, and a pattern matching approach for chemicals
entity recognition and classification into seven different classes defined
in BioCreative V.5 CEMP task. We report the performance of the proposed system only on entity recognition and classification task, and as a
system with both the modules. In the current study, we take the advantage of many available resources (e.g. PubChem, KEGG Drug) and
a pattern matching approach for entity recognition and classification.
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