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Abstract 

Our team participated in the Chemical Compound and Drug Name Recognition 
task of BioCreative IV. We used a mixed conditional random fields with word 
clustering to fulfillment this task. For one hand, we generate the word feature 
by word clustering and train the corpus with word feature to get one model. On 
the other hand, the training corpus is transformed to a new one in the reversed 
order of the letters. We also train the reversed corpus to get another model. At 
the end, we mixed the two kinds of models to achieve a final F-measure of 
86.07%. 

Keywords: Chemical compound recognition, drug name recognition, entity 
recognition, mixed conditional random fields, word clustering 

1 Introduction 

The Chemical compound and drug name recognition task in BioCrea-
tive IV is a new task, and it is also crucial for other subsequent text 
processing strategies, such as detection of drug-protein interactions, 
adverse effects of chemical compounds and their associations to toxico-
logical endpoints or the extraction of pathway and metabolic reaction 
relations��%DVLFDOO\��LW¶V�D�1(5�WDVN��DQG�Vimilar tasks, such as gene and 
protein recognition have occurred in BioCreative II (1). There are many 
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new challenges in this task. Especially, the compound and drug names 
may contain very long phrases and a number of symbols, which causes 
a great deal of difficulty in recognition.  

For this task, we acquired the symbol table from the training corpus. 
By the symbol we designed a dictionary based on rules to segment 
training corpus. Besides we extracted from PubMed about 74,000 arti-
cles on chemical compounds and drugs, and used these articles for 
ZRUG� FOXVWHULQJ� WR� JHW� HDFK�ZRUG¶V� FDWHJRU\� IHDWXUH��Then we trained 
the corpus accompanying text word clustering feature with conditional 
random fields implementation from CRF++, getting a model based 
words. Besides we reversed the corpus from the right to the left, and 
trained the reversed corpus with 5-gram, getting a model based n-gram 
(2). Finally, we mixed the two models with some strategies. This meth-
od achieved a higher F-measure. 

2 Discussion 

The WHU-BioNLP CHEMDNER system includes the data prepro-
cessing, data transformation, training, parsing, and merging phases. The 
sketch of the workflow is shown in Fig. 1. Through tokenization, the 
training corpus is transformed to a token corpus. Using word cluster 
features, the model is trained on the word level with conditional ran-
dom fields (3). On the other hand, the training corpus is transformed to 
a new one in the reversed order of the letters, and another CRF model is 
trained on the letter level. Then, the data is analyzed using the word 
level CRF from the left to the right, and the letter-level CRF from the 
right to the left. Finally the results are merged and filtered.  
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2.2 Word clustering 

The word clustering is not only a good feature to recognize names in 
the ordinary entity recognition (4,5), but also a very import feature to 
improve the F-measure of gene and protein recognition (6). Our system 
uses the Brown Cluster, created from a hierarchical word clustering 
algorithm (7). We downloaded about 74,000 articles including titles 
and abstracts from the PubMed database, and segmented them with the 
tokenizer for word clustering. We used the Brown clustering algorithm 
to acquire 1,000 clusters, and assigned each cluster a binary representa-
tion based on Huffman coding. Table 2 shows some example words 
and their binary representations. Intuitively, the more similar the prefix 
RI�WKH�ZRUG¶V�+Xffman codings, the more similar the words.  

Table 2:  Sample word category and their binary representation 

Words Binary representations 
confirms 10000110 
emphasis 10000110 
neighbourhoods 10101111010 
tracleer 101111111011 
fix 100000 

2.3 Training and prediction 

Conditional Random Fields has been applied in the Name Entity 
Recognition (10), and previous studies show that CRFs has a good per-
formance in gene and protein (2,8,9). In this study, we also used CRFs 
to recognize chemical compound and drug names. In order to increase 
WKH� PRGHO¶V� VFDODELOLW\� DQG� IOH[LELOLW\�� ZH� XWLOL]HG� &5)��� LQ� RSHQ�

source projects, since it has an extensible template. 
When training the corpus, we used the label set {B, M, E, S, B_NER, 

M_NER, E_NER, S_NER}. B stands for the beginning of a normal 
sequence, M for the middle of the normal sequence, E for the end of the 
normal sequence, S for the single-token normal sequence. B_NER 
stands for the beginning of an entity sequence and so on. The reason 
why we didn¶t use the label set {B, I, O} in the system is that the label 
set in the system exhibited a better distinguishability in this task.  
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Table 3: The strategy to refine the result. 

Count(symbol) in entity Symbol next to entity Change offset 
( = ) + 1 
( = ) - 1 
[ = ] + 1 
[ = ] - 1 
{ = }+ 1 
{ = } - 1 

Right is ) 
Left is ( 
Right is ] 
Left is [ 
Right is } 
Left is { 

Right + 1 
Left ± 1 
Right + 1 

Left -  1 
Right + 1 

Left -  1 

We used five methods to train and parse shown in Table 4 to train the 
model with 6,000 training data and 1,000 for prediction, and merged 
the two tagging results based on the following strategy: when the two 
results have the same left offset or right offset, we choose the one with 
the higher confidence if its confidence higher than the other by 0.7; 
otherwise we keep the longer one and delete the shorter one. After 
merging the results, we filtered the entity if its confidence is lower than 
0.00001. Finally, we refined the result with the strategies listed in Table 
�� 7DNH�WKH�URZ���DV�DQ�H[DPSOH��LW�PHDQV�WKDW�ZKHQ�WKH�FRXQW�RI�µ�µ�LV

KLJKHU�WKDQ�WKDW�RI�µ�¶�E\���LQ�WKH�HQWLW\��DQG�LI�WR�WKH�ULJKW�RI�WKH�HQWLW\�

LV� µ�¶�� WKHQ�ZH�PRYH� WKH�RIIVHW��� WRNHQ�IXUWKHU� WR� WKH�ULJKW��RWKHUZLVH��

we delete the entity. 

Table 4:  Five methods to train and parse 

Method Precision Recall F 
Words 
Words + cluster feature 
5-gram 
Reversed 5-gram 
Mixed CRF model 

0.88737 
0.88214 
0.89619 
0.89822 
0.87473 

0.68628 
0.72643 
0.80954 
0.80941 
0.84714 

0.77398 
0.79675 
0.85066 
0.85151 
0.86072 

2.4 Analysis and conclusion 

From the Table 4, we know that the mixed CRF model can improve the 
F-Measure at least 0.921% than the single model, and the word cluster-
ing features help to improve the F-Measure by 2.277%. 
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