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Abstract. The Spanish National Cancer Research Center (CNIO) and Univer-

sity of Navarra organized a challenge on recognizing chemical compounds and 

drugs (chemical entities) in biomedical literature, which includes two individual 

subtasks: 1) chemical entity mention recognition (CEM); and 2) chemical 

document indexing (CDI). The challenge organizers manually annotated chemi-

cal entities in 10000 abstracts from PubMed, of which 3500 abstracts were used 

as a training set, 3500 abstracts as a development set, and 3000 abstracts as a 

test set. We participated in subtask 1 and developed a machine learning-based 

system using two state-of-the-art sequence labeling algorithms: Conditional 

Random Fields (CRF) and Structured Support Vector Machines (SSVM). Our 

best model built on the training set achieved the highest F-measure of 0.81862 

for CEM on the development set. 
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1 Introduction 

Recognizing chemical compounds and drugs (together called chemical 

entities) embedded in scientific articles is crucial for many information 

extraction tasks in the biomedical domain, such as detection of drug-

protein interactions and adverse drug reactions [1]. A number of com-

prehensive chemical databases such as PubChem [2], ChEBI [3], Jo-

chem and ChemSpider [4] have been developed for various purposes, 
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and potentially could be used as lexicons for chemical entity recogni-

tion. However, only a very limited number of chemical entity recogni-

tion systems have been developed and made publically available, 

probably due to the lack of large manually annotated corpus. To accel-

erate the development of chemical entity recognition systems, The 

Spanish National Cancer Research Center (CNIO) and University of 

Navarra organized a challenge on Chemical and Drug Named Entity 

Recognition (CHEMDNER), as a part of BioCreative IV challenge 

(Track 2). The CHEMDNER challenge includes two individual sub-

tasks: 1) chemical entity mention recognition (CEM); and 2) chemical 

document indexing (CDI). The subtask 1 is a typical named entity rec-

ognition (NER) task. The subtask 2 requires participants to rank chemi-

cal entities according to their importance in a chemical document. The 

challenge organizers manually annotated 10000 abstracts from PubMed, 

of which 3500 abstracts were used as a training set, 3500 abstracts were 

used as a development set, and 3000 abstracts were used as a test set. 

In this paper, we describe our system for the CEM task. It is a machine 

learning-based system based on two algorithms: Conditional Random 

Fields (CRF) [5] and Structured Support Vector Machines (SSVM) [6]. 

Evaluation by the organizers showed our system was among the top 

scoring systems that participated in the CHEMDNER task [7]. 

2 Methods 

Fig. 1 shows the architecture of our system for the CEM subtask of 

CHEMDNER. It consists of six components: 1) a rule-based module to 

detect sentence boundary and then tokenize sentences into tokens; 2) a 

label representation process to assign “BIO” tags to annotated text, 

where “B”, “I” and “O” denote the beginning, inside, and outside of an 

entity respectively; 3) a feature extraction program to obtain features 

including orthographic information, morphological information, bag-

of-word, part-of-speech, chemical lexicons, and three types of word 

representation related features including clustering-based word repre-

sentation, distributional word representation, and distributed word rep-

resentation, all of,which generate word-level back-off features over 

large unlabeled corpus by unsupervised algorithms and have been 

proved beneficial to NER tasks including those in the clinical domain 

[9][10]; 4) machine learning classifiers based on either CRF or SSVM; 
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4 Discussion 

The BioCreative IV Track 2 (CHEMDNER challenge) provides a 

benchmark dataset for chemical compound and drug recognition, which 

is a significant contribution to the biomedical NLP research. We devel-

oped a ML-based system and participated in the subtask 1 (CEM). Our 

best model based on SSVM achieved a macro F-measure of 0.81862 on 

the development set. Although the results on the test set were not re-

leased at this time, we were notified by the organizers that our system 

was among top-ranked teams. Compared with NER tasks in the news-

wire domain (F-measure about 90%) [14], our reported performance on 

chemical entities was lower, indicating that CEM is more challenging 

and required further studies. The possible directions for improvement 

include developing system ensemble approaches and utilizing specific 

patterns in the chemical domain for features.  
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