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Abstract. Exploiting unlabeled text data to leverage the system performance 

has been an active and challenging research topic in text mining, due to the re-

cent growth of the amount of biomedical literature. Named entity recognition is 

an essential prerequisite task before effective text mining of biomedical litera-

ture can begin.  

The participants of the CHEMDNER task of the BioCreative IV challenge are 

asked to develop a chemical compounds and drugs mention recognition system 

and are given a set of annotated PubMed documents for training and a set of se-

lected PubMed documents for evaluation of their systems by the organizers. 

Our primary goal is to develop a named entity recognition system that can scale 

well over millions of documents and can easily be plugged in a biomedical text 

mining system, while exploiting unlabeled data to leverage the system perfor-

mance. 

We extracted Brown cluster labels and word embeddings, both induced from a 

large unlabeled document corpus as the word representation features in addition 

to the word, the word and character n-gram, and the traditional orthographic 

features. During the training, 2nd ± order CRF model was built with varied fea-

ture spaces and the influence of the different groups of features defining the 

baselines of the experiment was observed in terms of the F-score, recall, preci-

sion as well as processing time. Our system achieves 81.41% and 82.58% of F-

scores on CHEMDNER development set for CEM and CDI sub-tasks, pro-

cessing ~530 documents per minute. 

Keywords. Feature Learning, Semi-Supervsed Learning, Named Entity 
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1 Introduction 

As biomedical literature on servers grows exponentially in the form of semi-

structured documents, biomedical text mining has been intensively investigated to 

find information in a more accurate and efficient manner. One essential task in 

developing such an information extraction system is the Named-Entity Recognition 

(NER) process, which basically defines the boundaries between typical words and 

biomedical terminology in a particular text, and assigns the terminology to specific 

categories based on domain knowledge. 

NER performance in the newswire domain is indistinguishable from human 

performance, as it has an accuracy that is above 90%. However, performance has not 

been the same in the biomedical and chemical domain. It has been hampered by 

problems such as the number of new terms that are being created on a regular basis, 

the lack of standardization of technical terms between authors, and often the fact that 

technical terms such as gene names often occur with other terminology [1]. 

Proposed solutions include rule-based, dictionary based, and machine learning 

approaches. Recently, Semi-Supervised Learning (SSL) techniques have been applied 

to NER. SSL is a Machine Learning (ML) approach that typically uses a large amount 

of unlabeled and a small amount of labeled data to build a more accurate 

classification model than that which would be built using only labeled data. SSL has 

received significant attention for two reasons. First, preparing a large amount of data 

for training requires a lot of time and effort. Second, since SSL exploits unlabeled 

data, the accuracy of classifiers is generally improved. There have been two different 

directions of SSL methods, semi-supervised model induction approaches which are 

the traditional methods and incorporate the domain knowledge from unlabeled data 

into the classification model during the training phase [2, 3], and supervised model 

induction with unsupervised, possibly semi-supervised feature learning. The 

approaches in the second research direction induce a better feature representation by 

learning over a large unlabeled corpus. Recently, the studies that apply the word 

representation features induced on the large text corpus have reported improvement 

over baseline systems in many natural language processing (NLProc) tasks [4, 5, 6]. 

BioCreative IV CHEMDNER Track consists of two sub-tasks, the Chemical 

Document Indexing sub-task (CDI) where the participants are asked to provide a 

ranked list of chemical entities found in each of the PubMed documents, and the 

Chemical Entity Mention recognition sub-task, where they are asked to submit the 

start and end indices corresponding to all the chemical entities mentioned in a 

particular document. A training set of 3,500 annotated documents, a development set 

of 3,500 annotated documents and a testing set of 20,000 unlabeled documents are 

provided by the organizers in order to support the participants. From the 20,000 

unlabeled documents, a subset of 3,000 documents constitutes the real test set and 

17,000 abstracts were added as a background collection to avoid manual correction of 

the results. 

Our primary goal is to develop a named entity recognition system that can scale 

well over millions of documents and can easily be plugged in a biomedical text 

mining system, while exploiting unlabeled data to leverage the system performance. 

We extracted two different types of word representation features in addition to the 

word, the word and character n-gram, and the traditional orthographic features 
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(baseline features). The Brown clustering models [7] with a varied number of clusters 

were trained on more than one million PubMed documents and the cluster label 

prefixes were extracted. We applied word embeddings (WE) induced on the RCV1 

corpus [4]. During the development, we extended BANNER system [8] with the 

proposed method, since the system was used in many biomedical text mining systems 

[9, 10], showing state-of-the-art performance in biomedical named entity recognition. 

We called our branch of the BANNER system as BANNER-CHEMDNER. The 

BANNER-CHEMDNER system uses BioLemmatizer [11] to lemmatize a token in 

bio-text data, significantly improving the overall system performance.  The best run 

of the BANNER-CHEMDNER system achieved 81.41% and 82.58% of F-scores on 

CHEMDNER development set for CEM and CDI sub-tasks, processing ~530 

documents per minute. 

2 Discussion 

1,400,000 PubMed abstracts were collected for unlabeled data and after sentence 

splitting with Genia sentence splitter and cleansing, 10,778,793 sentences were 

preserved for model construction. With this large unlabeled corpus, we induced 

Brown models of 25, 50, and 300 of clusters and used cluster label prefixes with 4, 6, 

10, and 20 lengths. We would like to build a Brown model of 1,000 clusters. However, 

this would take several months, making it impossible to test on the CHEMDNER 

testing set in the given period. For the word embedding features, we applied 50 and 

100 dimensions of word vectors.  

During the development period, we trained the 2
nd

 ± order CRF models with 

different features on the training set and evaluated the models on development set. 

Consequently, after noticing the best settings of the hyperparameters, we trained the 

models on the whole annotated set to submit the test results. The best runs are 

reported in the table 1 and 2.  

Table 1.  The best runs for CEM sub-task.  

Feature sets     Precision(%)  Recall(%)     F-measure(%) 

Baseline + brown 50 PubMed + WE 50 83,79 76,56 80,01 

Baseline + brown 1000 RCV1 84,33 77,82 80,94 

Baseline + brown  50 PubMed 84,85 77,89 81,22 

Baseline + brown  300 PubMed 84,59 78,47 81,41 
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Table 2.  The best runs for CDI sub-task.  

Feature sets      Precision(%)   Recall(%) F-measure(%) 

Baseline + brown 50 PubMed + WE 50 80,91 81,29 81,10 

Baseline + brown 1000 RCV1 81,54 84,01 81,23 

Baseline + brown  50 PubMed 82,33 82,57 82,45 

Baseline + brown  300 PubMed 81,92 84,1 82,58 

We conducted several different runs other than the ones shown in the table 1 and 2. 

We found that the word embeddings features were not always to improve the 

performance, but in some case were to degrade the system performance with CRF 

model. Another finding is that the Brown cluster features always improve the F-

measure, and the improvement is significant when the model was built on the domain 

corpus. We finally note that the BioLemmatizer and the set of Brown cluster features 

used in the BANNER-CHEMDNER system were observed to boost the performance 

around 4% of F-measure (2% of each), and thus suspect that the improvement in the 

same range is also achievable in biomedical NER by BANNER-CHEMDNER.  

We are curious to evaluate the BANNER-CHEMDNER setup for gene/protein 

mention recognition. Even though word embeddings features with 2
nd

 ± order CRF 

model have not achieved the improvement, those real valued features could be useful 

in conjunction with another classifiers, such as perceptron and support vector 

machines. As a future work, we also plan to induce an accurate brown cluster model 

and word embeddings matrix from PubMed documents, so that the community might 

be able to use the resources for the biomedical text mining tasks. 
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