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Abstract. Detecting chemical entity mentions (CEM)   and ranking them (CDI) 

are tasks tackled in the BioCreative 2013 CHEMDNER challenge. For CEM 

detection, we extended an existing system, BioTagger-GM, and applied an en-

semble approach on runs generated from Conditional Random Fields (CRF), 

Support Vector Machine (SVM), and Logistic Regression.  For CDI, we applied 

three approaches to evaluate the relevance related to indexing. The systems 

were trained using the training set and evaluated on the development set. The 

submission runs for CEMs were generated by combining the training data set 

and the development data set. We adopted an ensemble approach to combine 

different machine learning algorithms. The evaluation results on the develop-

ment set demonstrate that SVM alone achieved the best performance while CRF 

is relatively robust with respect to features used.   
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1 Introduction 

Biological knowledge bases attempt to provide easy access to inter-

action information through manual annotation. However, there is a sig-

nificant lag in information between what is annotated in the existing 

knowledge bases and what is available in the scientific literature. Lev-

eraging the knowledge from the existing knowledge bases such as 

UMLS [1], ChEBI [2], DrugBank [3] a number of techniques [4], [5, 6] 

have been explored in detecting the textual mention of chemicals and 

drugs. 

The BioCreative 2013 CHEMDNER challenge is designed to tackle 

the following two subtasks: Chemical Document Indexing (CDI) and 

Chemical Entity Mention (CEM). The CEM task involves the extrac-

tion of chemical entities mentioned in the Medline abstracts and the 

CDI task involves the ranking of extracted chemical entities in a docu-

ment based on the confidence. We considered the tasks are inter-

dependent and the output of the CEM task forms the basis for estimat-

ing the confidence measure for an entity for CDI task.  
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2 Methods 

The detection of entity mentions from biomedical text has been or-

ganized in previous BioCreative competitions and other shared tasks 

while the CDI task is a relatively new task, in the following, we briefly 

describe our systems for the CEM task and provide the systems for 

CDIs in more details.  

For the CEM task, we extended BioTagger-GM, a system for gene 

mention detection, and MedTagger, a system for clinical concept men-

tion detection for detecting chemical entities [7, 8]. The important 

component in BioTagger-GM is to incorporate dictionary lookup re-

sults into machine learning. The dictionary lookup was based on the 

three collections of entity names (Chemical, Gene/Protein, Disease) we 

gathered for BioCreative Task III. We used three machine learning al-

gorithms: Conditional Random Fields (CRFs), Support Vector Machine 

(SVM), and Logistic Regression (LR). We have also incorporated a 

post-processing step to correct parenthetical alignment errors and re-

move false positives appearing in the training data. 

 The three approaches to determine the confidence measure for 

ranking chemical entities occurring in a document are: 

1) Voting based relevancy score

2) Relative frequency relevancy score

3) TF-IDF relevancy score

Voting based relevancy score - We assigned a score to a chemical 

entity identified by ensemble of 10 systems (including 5 approaches we 

used in CEM task and other third party tools) and considered the com-

posite score so that the confidence on the validity of the chemical entity 

is high.  

Relative frequency relevancy score - We also used the relative fre-

quency [9] of an entity as a measure to determine the relevancy of an 

entity to a document.  We considered the relative frequency of a chemi-

cal entity to the total frequency of all other chemical entities in the doc-

ument over the simple term frequency as it enables to judge the rele-

vance of an entity over other chemical entities. We also used additional 

weighting schemes to entities based on the sections in which they ap-

pear in an abstract. For example if an entity occurs in the title of the 

abstract it gets additionally preference, as they may be the theme entity 

of the abstract. 

TF-IDF based relevancy score - Scores based on TFIDF (term fre-

quency and inverse document frequency) have distinct advantages over 
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simple relative frequency score. Based on this intuition, we employed 

Lucene [10] to index the detected entities so as to obtain similarity 

scores between the query term and the retrieved document calculated 

by the Lucene language model, which integrates TFIDF, the vector 

space model and the Boolean model.  

We finally computed the average of all the three scoring schemes 

namely the voting based, relative frequency and TF/IDF based ap-

proaches. This final score was used to rank the relevancy of a chemical 

entity of a document. We did the ranking of entities based on the com-

posite score for all the five machine-learning approaches that we used 

for CEM task, which formed the basis of the five runs that we submit-

ted for the CDI task. 

3 Results 

We evaluated the performance of the 5 runs that we used for the 

tasks on the development data set using the evaluation script provided 

by the shared task organizers.  

Table 1– Evaluation of development set for CDI task 

Methods Macro Pre-

cision 

CEM  CDI 

Macro Re-

call 

CEM  CDI 

Macro F-

score 

CEM   CDI 

Macro FAP 

CEM   CDI 

SVM 0.84 0.84 0.84 0.82 0.83 0.82 0.77 0.76 

CRF 0.84 0.83 0.77 0.76 0.79 0.78 0.72 0.71 

LR/CRF 0.79 0.77 0.89 0.88 0.82 0.81 0.77 0.76 

SVM/LR

/CRF 

0.77 0.75 0.90 0.89 0.82 0.80 0.77 0.75 

All com-

bined 

0.57 0.54 0.92 0.91 0.68 0.65 0.63 0.60 

Table 1 lists the performance of all the different methods on both CEM 

and CDI tasks. Though we experimented with multiple combinations 

we present here the best results of 5 systems below on the development 

data. 

Among all the methods the SVM alone gave the best results for both 

tasks. While combining all the methods gave the best recall it resulted 

in very poor precision and overall low F-score.  Combining SVM, LR 

and CRF models yielded very high recall and lower precision. While 

combining multiple machine learning methods resulted in improvement 

���

BioCreative IV - CHEMDNER track  



Proceedings of the fourth BioCreative challenge evaluation workshop, vol. 2 

in the recall it also compounded the precision errors resulting in lower 

precision. 
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