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Abstract

With the enormous volume of biological literature, increasing growth phenomenon due to 
the high rate of new publications is one of the most common motivations for the biomedi -
cal text mining. Aiming at this massive literature to process, it could extract more biological 
information for mining biomedical knowledge. Using the information will help under -
stand the mechanism of disease generation, promote the development of disease diagnosis 
�•�Ž�Œ�‘�—�˜�•�˜�•�¢�ð�1�Š�—�•�1�™�›�˜�–�˜�•�Ž�1�•�‘�Ž�1�•�Ž�Ÿ�Ž�•�˜�™�–�Ž�—�•�1�˜�•�1�—�Ž� �1�•�›�ž�•�œ�1�’�—�1�•�‘�Ž�1���Ž�•�•�1�˜�•�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�›�Ž�œ�Ž�Š�›�Œ�‘�ï�1
Based on the background, this chapter introduces the rise of biomedical text mining. Then, 
it describes the biomedical text-mining technology, namely natural language processing, 
including the several components. This chapter emphasizes the two aspects in biomedical 
text mining involving static biomedical information recognization and dynamic biomedi -
cal information extraction using instance analysis from our previous works. The aim is to 
provide a way to quickly understand biomedical text mining for some researchers.

Keywords:  bioinformatics, text mining, natural language processing, information 
extraction

1. Introduction

With the rapid growth of the high-throughput biological technology, the study of biomedi -
cal science is entering omics era. It brings several omics data including genomics and tran-
scriptomics; the vast amounts of biological data continue to emerge out of the life science 
research. The new phenomenon, new discovery, and new experimental data in biomedical 
research are mostly published in science journals by electronic text form. A large number 
�˜�•�1�‹�’�˜�•�˜�•�’�Œ�Š�•�1�’�—�•�˜�›�–�Š�•�’�˜�—�1�’�œ�1�œ�Œ�Š�4�Ž�›�Ž�•�1�’�—�1�Š�•�•�1�”�’�—�•�œ�1�˜�•�1�œ�•�ž�•�’�Ž�œ�ï�1�
�Š�—�•�•�’�—�•�1�•�‘�Ž�œ�Ž�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�’�•-
eratures could extract more biological information and discover new biomedical knowledge. 
Manual processing is like looking for a needle in a haystack. Biomedical literature can be seen 
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as a large unstructured data repository, which makes text mining come into play. Text mining 
has emerged as a potential solution to achieve knowledge for bridging between the free text 
�Š�—�•�1�œ�•�›�ž�Œ�•�ž�›�Ž�•�1�›�Ž�™�›�Ž�œ�Ž�—�•�Š�•�’�˜�—�1�˜�•�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�’�—�•�˜�›�–�Š�•�’�˜�—�1�ž�œ�’�—�•�1�Š�›�•�’���Œ�’�Š�•�1�’�—�•�Ž�•�•�’�•�Ž�—�Œ�Ž�1�•�Ž�Œ�‘�—�˜�•-
ogy including natural language processing (NLP), machine learning (ML), and data mining to 
process large text collections. Therefore, text-mining technology is a powerful tool for mining 
�Ÿ�Š�•�ž�Š�‹�•�Ž�1�’�—�•�˜�›�–�Š�•�’�˜�—�1�•�›�˜�–�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�’�•�Ž�›�Š�•�ž�›�Ž�ï�1���‘�Ž�›�Ž�1�Š�›�Ž�1�‹�›�˜�Š�•�Ž�›�1�•�Ž���—�’�•�’�˜�—�œ�1�˜�•�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1
text mining. Namely any work that extracts information from text could be considered as 
text mining, which would include a range of static information recognition, from dynamic 
information extraction to application of biomedical text mining. In the following sections, we 
describe the details according to the abovementioned aspects.

2. Natural language processing

���Š�•�ž�›�Š�•�1�•�Š�—�•�ž�Š�•�Ž�1�™�›�˜�Œ�Ž�œ�œ�’�—�•�1�’�œ�1�Š�1���Ž�•�•�1�˜�•�1�Š�›�•�’���Œ�’�Š�•�1�’�—�•�Ž�•�•�’�•�Ž�—�Œ�Ž�1�’�—�1�Œ�˜�–�™�ž�•�Ž�›�1�œ�Œ�’�Ž�—�Œ�Ž�1� �’�•�‘�1�’�—�•�Ž�›�Š�Œ-
tion between computers and natural languages. With the mushroom growth of machine learn -
ing, much natural language processing research has a great relationship with machine learning. 
Many machine-learning algorithms have been applied to natural language-processing tasks. 
Extracting structured data from the complexity of heterogeneous-narrated medical reports is 
�œ�’�•�—�’���Œ�Š�—�•�•�¢�1�Œ�‘�Š�•�•�Ž�—�•�Ž�•�ð�1�Š�—�•�1�•�‘�Ž�1� �˜�›�”�1�ý1] obtained the results with F1 scores greater than 95% 
�ž�œ�’�—�•�1�–�Š�Œ�‘�’�—�Ž�1�•�Ž�Š�›�—�’�—�•�ð�1�•�˜�›�1�Ž�¡�Š�–�™�•�Ž�ð�1�
�����1�–�˜�•�Ž�•�ï�1���Ž�—�•�1�Ž�•�1�Š�•�ï�1�ý2] proposed the machine learn-
�’�—�•�1�•�˜�1�Œ�•�Š�œ�œ�’�•�¢�1�Œ�•�’�—�’�Œ�Š�•�1�—�˜�•�Ž�œ�1�•�˜�1�•�‘�Ž�1�–�Ž�•�’�Œ�Š�•�1�œ�ž�‹�•�˜�–�Š�’�—�ï�1���‘�Ž�¢�1�›�Ž�™�˜�›�•�Ž�•�1�•�‘�Š�•�1�•�‘�Ž�1�Œ�•�Š�œ�œ�’���Ž�›�1�˜�•�1�•�‘�Ž�1
convolutional recurrent neural network with word embeddings yielded the best performance 
�˜�—�1�’�������
�1�Š�—�•�1���	�
�1�•�Š�•�Š�œ�Ž�•�œ�1� �’�•�‘�1���W�1�œ�Œ�˜�›�Ž�œ�1�˜�•�1�V�ï�^�Z�[�1�Š�—�•�1�V�ï�^�]�V�ð�1�›�Ž�œ�™�Ž�Œ�•�’�Ÿ�Ž�•�¢�ï�1���Š�œ�Š�•�•�Ž�•�•�Š�1�Ž�•�1�Š�•�ï�1�ý3] 
�™�›�˜�™�˜�œ�Ž�•�1�Š�1�‘�¢�‹�›�’�•�1�Š�™�™�›�˜�Š�Œ�‘�1�ž�œ�’�—�•�1�Š�1�•� �˜�,�œ�•�Š�•�Ž�1�™�’�™�Ž�•�’�—�Ž�1� �’�•�‘�1�Š�1�–�Š�Œ�‘�’�—�Ž�,�•�Ž�Š�›�—�’�—�•�1�Œ�•�Š�œ�œ�’���Ž�›�1�Œ�˜�–-
�‹�’�—�’�—�•�1�Š�1�•�’�Œ�•�’�˜�—�Š�›�¢�1�Š�™�™�›�˜�Š�Œ�‘�ð�1�Š�—�•�1�•�‘�Ž�¢�1�Š�Œ�‘�’�Ž�Ÿ�Ž�•�1�Š�—�1�˜�Ÿ�Ž�›�Š�•�•�1�™�›�Ž�Œ�’�œ�’�˜�—�1�˜�•�1�^�\�–�1�Š�•�1�Š�1�›�Ž�Œ�Š�•�•�1�˜�•�1�\�V�–�1�˜�—�1
�•�‘�Ž�1�—�Š�–�Ž�•�1�Ž�—�•�’�•�¢�1�›�Ž�Œ�˜�•�—�’�•�’�˜�—�1�•�Š�œ�”�ï�1���˜�›�1�‘�Ž�•�™�’�—�•�1�•�˜�1�˜�‹�•�Š�’�—�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�”�—�˜� �•�Ž�•�•�Ž�ð�1�Š�1���˜�ž�›�’�œ�‘�’�—�•�1�˜�•�1
�˜�—�•�˜�•�˜�•�’�Ž�œ�1�Š�4�Ž�–�™�•�Ž�•�1�•�˜�1�›�Ž�™�›�Ž�œ�Ž�—�•�1�•�‘�Ž�1�Œ�˜�–�™�•�Ž�¡�’�•�¢�1�˜�•�1�•�‘�Ž�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Œ�˜�—�Œ�Ž�™�•�œ�1�’�—�1�•�Ž�¡�•�,�–�’�—�’�—�•�1�Š�›�Ž�Š�ï�1
The ontologies describe a wide variety of biological concepts spanning from biology to medi -
�Œ�’�—�Ž�ï�1���˜�›�Ž�˜�Ÿ�Ž�›�ð�1�•�‘�Ž�¢�1�—�˜�•�1�˜�—�•�¢�1�Š�4�Ž�–�™�•�1�•�˜�1�Œ�Š�™�•�ž�›�Ž�1�•�‘�Ž�1�–�Ž�Š�—�’�—�•�1�˜�•�1�Š�1�™�Š�›�•�’�Œ�ž�•�Š�›�1�•�˜�–�Š�’�—�1�‹�Š�œ�Ž�•�1�˜�—�1
biomedical community but also are key element for knowledge management, and data integra -
�•�’�˜�—�1�ý�Z�þ�ï�1���—�•�˜�•�˜�•�’�Ž�œ�1�Š�—�•�1�Œ�˜�—�•�›�˜�•�•�Ž�•�1�Ÿ�˜�Œ�Š�‹�ž�•�Š�›�’�Ž�œ�1�Œ�˜�ž�•�•�1�’�–�™�›�˜�Ÿ�Ž�1�•�‘�Ž�1�Ž���Œ�’�Ž�—�Œ�¢�1�Š�—�•�1�Œ�˜�—�œ�’�œ�•�Ž�—�Œ�¢�1
of biomedical data curation, which has a great increasing interest in developing ontologies. 
���˜�›�1�Ž�¡�Š�–�™�•�Ž�ð�1�•�Ž�—�Ž�1�˜�—�•�˜�•�˜�•�¢�1�û�	���ü�1�ý5] is a community-based bioinformatics resource related to 
gene function used to represent biological knowledge involving three aspects: molecular func -
tion, cellular component, and biological process. Molecular function describes the molecular 
activities of gene products, such as binding or catalysis. Cellular component indicates the place 
where gene products are active, namely a component of a cell such as an anatomical structure. 
While biological process represents pathways, larger processes are made up of the activities of 
�–�ž�•�•�’�™�•�Ž�1�•�Ž�—�Ž�1�™�›�˜�•�ž�Œ�•�œ�ï�1���—�˜�•�‘�Ž�›�1�’�œ�1�	���������1�ý�\] corpus developed to provide reference materi -
�Š�•�œ�1�•�˜�1�Š�•�•�˜� �1�—�Š�•�ž�›�Š�•�1�•�Š�—�•�ž�Š�•�Ž�,�™�›�˜�Œ�Ž�œ�œ�’�—�•�1�•�Ž�Œ�‘�—�’�š�ž�Ž�œ�1� �˜�›�”�1�•�˜�›�1�Ž�¡�•�›�Š�Œ�•�’�—�•�1�’�—�•�˜�›�–�Š�•�’�˜�—�ï�1�	���������1
corpus is a semantically annotated corpus of biological literature, which is being compiled and 
�Š�—�—�˜�•�Š�•�Ž�•�1�’�—�1�•�‘�Ž�1�œ�Œ�˜�™�Ž�1�˜�•�1�	���������1�™�›�˜�“�Ž�Œ�•�ð�1�Š�’�–�’�—�•�1�Š�•�1�™�›�˜�Ÿ�’�•�’�—�•�1�‘�’�•�‘�,�š�ž�Š�•�’�•�¢�1�›�Ž�•�Ž�›�Ž�—�Œ�Ž�1�–�Š�•�Ž�›�’�Š�•�œ�1
�•�˜�›�1�‹�’�˜�’�—�•�˜�›�–�Š�•�’�Œ�œ�ï�1���Š�•�Š�•�Ž�1�Ž�•�1�Š�•�ï�1�ý�]] proposed protein ontology (PRO) for enhancing and scaling 
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up the representation of protein entities represented in OWL and SPARQL format. Ontologies 
�™�›�˜�Ÿ�’�•�Ž�1�–�Š�Œ�‘�’�—�Ž�,�›�Ž�Š�•�Š�‹�•�Ž�1�•�Ž�œ�Œ�›�’�™�•�’�˜�—�œ�1�•�˜�›�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Œ�˜�—�Œ�Ž�™�•�œ�1�•�’�—�”�’�—�•�1�•�˜�–�Š�’�—�,�œ�™�Ž�Œ�’���Œ�1�Ÿ�˜�Œ�Š�‹-
�ž�•�Š�›�¢�ï�1���—�•�˜�•�˜�•�¢�,�‹�Š�œ�Ž�•�1�–�’�—�’�—�•�1�œ�¢�œ�•�Ž�–�œ�1�Š�4�Ž�–�™�•�1�•�˜�1�–�Š�™�1�Š�1�•�Ž�›�–�’�—�˜�•�˜�•�¢�1�’�—�1�•�Ž�¡�•�1�•�˜�1�Š�1�Œ�˜�—�Œ�Ž�™�•�1�’�—�1�Š�—�1
�˜�—�•�˜�•�˜�•�¢�ï�1�
�’�–�1�Ž�•�1�Š�•�ï�1�ý� �̂þ�1�Š�™�™�•�’�Ž�•�1�œ�¢�—�•�Š�Œ�•�’�Œ�1�™�Š�›�œ�’�—�•�1�˜�—�1�œ�Ž�—�•�Ž�—�Œ�Ž�œ�1� �’�•�‘�1�Š�—�—�˜�•�Š�•�Ž�•�1�	���1�Œ�˜�—�Œ�Ž�™�•�œ�1�•�˜�1
exploit similarities of sentential syntactic dependencies for mapping to concepts.

The natural language processing (NLP) components include general tasks including tokeni -
zation, morphological analysis, POS tagging, and syntactic parsing.

Tokenization describes the processing that the text is broken into sentences and words. When 
the text is put into text-mining system, for example, a paper could be viewed as a continu -
�˜�ž�œ�1� �˜�›�•�1�œ�•�›�Ž�Š�–�ò�1�•�‘�Ž�¢�1�Š�›�Ž�1���›�œ�•�1�‹�›�˜�”�Ž�—�1�ž�™�1�’�—�•�˜�1�Œ�‘�Š�™�•�Ž�›�œ�1�Š�—�•�1�™�Š�›�Š�•�›�Š�™�‘�œ�ð�1�Š�—�•�1�•�‘�Ž�—�1�•�‘�Ž�1�‹�›�˜�”�Ž�—�1
paragraphs continue to be pieced as sentences, words, and phonemes for a more sophisti-
cated processing. For the tokenization task, the tokenizer could extract token features which 
are types of capitalization, digits, punctuation, special characters, and so on.

POS tagging is aiming at the words to annotate tags based on the context in the text. POS tags 
divide words into categories based on the role in the sentence. POS tags provide information 
about the word’s semantic content. Nouns usually denote the entities, whereas prepositions 
express relationships between entities.

Syntactical parsing performs a full syntactical analysis of sentences according to a certain 
grammar theory including constituency and dependency grammars. Constituency grammars 
describe the syntactical structure of sentences in terms of phrases, namely element sequences. 
Most constituency grammars generally contain noun phrases, verb phrases, prepositional 
phrases, adjective phrases, and so on. Each phrase may consist of smaller phrases or words 
�Š�Œ�Œ�˜�›�•�’�—�•�1�•�˜�1�•�‘�Ž�1�›�ž�•�Ž�œ�1�˜�•�1�•�‘�Ž�1�•�›�Š�–�–�Š�›�ï�1���‘�Ž�1�›�˜�•�Ž�1�˜�•�1�•�’���Ž�›�Ž�—�•�1�™�‘�›�Š�œ�Ž�œ�1�’�œ�1�Œ�˜�—�•�Š�’�—�Ž�•�1�’�—�1�•�‘�Ž�1�œ�¢�—-
tactical structure of sentences. For example, a noun phrase may be marked as the subject of 
sentence, object. Dependency grammars focus on the direct relations between words, not con-
�œ�’�•�Ž�›�’�—�•�1�•�‘�Ž�1�Œ�˜�—�œ�•�’�•�ž�Ž�—�•�œ�ï�1���Ž�™�Ž�—�•�Ž�—�Œ�¢�1�Š�—�Š�•�¢�œ�’�œ�1�ž�œ�Ž�œ�1���’�›�Ž�Œ�•�1���Œ�¢�Œ�•�’�Œ�1�	�›�Š�™�‘�1�û�����	�ü�1�•�˜�1�•�Ž�—�˜�•�Ž�1
the relations between words using nodes and dependencies for edges. For example, a subject 
depends on the predicate verb, while an adjective depends on the noun and so on.

3. Biomedical text mining

With the enormous volume of biological literature, increasing growth phenomenon due to the 
high rate of new publications is one of the most common motivations for the biomedical text 
mining. It is reported that the growth in PubMed/Medline literature is exponential at this rate 
�˜�•�1�™�ž�‹�•�’�Œ�Š�•�’�˜�—�ï�1���‘�ž�œ�ð�1�’�•�1�’�œ�1�Ÿ�Ž�›�¢�1�•�’���Œ�ž�•�•�1�•�˜�›�1�›�Ž�œ�Ž�Š�›�Œ�‘�Ž�›�œ�1�•�˜�1�”�Ž�Ž�™�1�ž�™�1� �’�•�‘�1�•�‘�Ž�1�›�Ž�•�Ž�Ÿ�Š�—�•�1�™�ž�‹�•�’�Œ�Š-
tions in their own discipline, let alone related other disciplines.

Such a large scale and the rapid growth of biomedical literature data, carrying a lot of biologi -
cal information, some new phenomena, biomedical discoveries, and new experimental data 
are often published in recent biomedical literature. Aiming at this massive literature to process, 
it could extract more biological information for mining hidden biomedical knowledge. These 
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�Ÿ�Š�œ�•�1�Š�–�˜�ž�—�•�œ�1�˜�•�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�’�•�Ž�›�Š�•�ž�›�Ž�ð�1�Ž�Ÿ�Ž�—�1�’�—�1�•�‘�Ž�1���Ž�•�•�1�˜�•�1�Ž�¡�™�Ž�›�•�ð�1�Œ�˜�ž�•�•�1�—�˜�•�1�›�Ž�•�¢�1�˜�—�1�•�‘�Ž�1�–�Š�—�ž�Š�•�1
way from fully grasp the status quo and development trend of the research to obtain the infor -
mation of interest for extracting biomedical knowledge. It is the urgent needs of application 
�˜�•�1�•�Ž�¡�•�1�–�’�—�’�—�•�1�Š�—�•�1�’�—�•�˜�›�–�Š�•�’�˜�—�1�Ž�¡�•�›�Š�Œ�•�’�˜�—�1�•�›�˜�–�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�’�•�Ž�›�Š�•�ž�›�Ž�1�’�—�1�•�‘�Ž�1���Ž�•�•�1�˜�•�1�–�˜�•�Ž�Œ�ž-
�•�Š�›�1�‹�’�˜�•�˜�•�¢�1�Š�—�•�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�”�—�˜� �•�Ž�•�•�Ž�1�Ž�¡�•�›�Š�Œ�•�’�˜�—�ï�1���’�˜�–�Ž�•�’�Œ�Š�•�1�•�Ž�¡�•�1�–�’�—�’�—�•�1�ý9] is the frontier 
�›�Ž�œ�Ž�Š�›�Œ�‘�1 ���Ž�•�•�1 �Œ�˜�—�•�Š�’�—�’�—�•�1 �•�‘�Ž�1 �Œ�˜�•�•�Ž�Œ�•�’�˜�—�1 �Œ�˜�–�‹�’�—�Ž�•�1 �Œ�˜�–�™�ž�•�Š�•�’�˜�—�Š�•�1 �•�’�—�•�ž�’�œ�•�’�Œ�œ�ð�1 �‹�’�˜�’�—�•�˜�›�–�Š�•�’�Œ�œ�ð�1
�–�Ž�•�’�Œ�Š�•�1�’�—�•�˜�›�–�Š�•�’�˜�—�1�œ�Œ�’�Ž�—�Œ�Ž�ð�1�›�Ž�œ�Ž�Š�›�Œ�‘�1���Ž�•�•�œ�ð�1�Š�—�•�1�œ�˜�1�˜�—�ï�1���‘�Ž�1�•�Ž�Ÿ�Ž�•�˜�™�–�Ž�—�•�1�˜�•�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�Ž�¡�•�1
�–�’�—�’�—�•�1�’�œ�1�•�Ž�œ�œ�1�•�‘�Š�—�1�X�[�1�¢�Ž�Š�›�œ�1�ý�W�V], which belongs to a branch of bioinformatics. Bioinformatics 
�’�œ�1 �•�Ž���—�Ž�•�1 �Š�œ�1 �Š�™�™�•�’�Œ�Š�•�’�˜�—�1 �’�—�•�˜�›�–�Š�•�’�˜�—�1 �œ�Œ�’�Ž�—�Œ�Ž�1 �Š�—�•�1 �•�Ž�Œ�‘�—�˜�•�˜�•�¢�1 �•�˜�1 �ž�—�•�Ž�›�œ�•�Š�—�•�ð�1 �˜�›�•�Š�—�’�£�Ž�ð�1 �Š�—�•�1
manage biomolecular data. It aims to provide some tools and resources for biological research-
ers, facilitate them to get biological data, and analyze data, so as to discover new knowledge 
�ý11�þ�1�˜�•�1�•�‘�Ž�1�‹�’�˜�•�˜�•�’�Œ�Š�•�1� �˜�›�•�•�ï�1���’�˜�–�Ž�•�’�Œ�Š�•�1�•�Ž�¡�•�1�–�’�—�’�—�•�1�’�œ�1�Š�1�œ�ž�‹�,���Ž�•�•�1�˜�•�1�‹�’�˜�’�—�•�˜�›�–�Š�•�’�Œ�œ�ï�1���•�1�›�Ž�•�Ž�›�œ�1
to the use of text-mining technology to process biomedical literature object, acquire biological 
information, organize and manage the acquired bioinformation, and provide it to researchers. 
���‘�Ž�›�Ž�•�˜�›�Ž�ð�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�Ž�¡�•�1�–�’�—�’�—�•�1�Œ�Š�—�1�Ž�¡�•�›�Š�Œ�•�1�Ÿ�Š�›�’�˜�ž�œ�1�‹�’�˜�•�˜�•�’�Œ�Š�•�1�’�—�•�˜�›�–�Š�•�’�˜�—�1�ý12], such as gene 
and protein information, gene expression regulation information, gene polymorphism and 
epigenetic information, gene, and disease relationship. The biological information can help 
people to understand life phenomena and understand the rules of life activities. Using the 
information will help understand the mechanism of disease generation, promote the develop -
�–�Ž�—�•�1�˜�•�1�•�’�œ�Ž�Š�œ�Ž�1�•�’�Š�•�—�˜�œ�’�œ�1�•�Ž�Œ�‘�—�˜�•�˜�•�¢�ð�1�Š�—�•�1�™�›�˜�–�˜�•�Ž�1�•�‘�Ž�1�•�Ž�Ÿ�Ž�•�˜�™�–�Ž�—�•�1�˜�•�1�—�Ž� �1�•�›�ž�•�œ�1�’�—�1�•�‘�Ž�1���Ž�•�•�1
of biomedical research. A large number of text-mining methods have been established to assist 
in the extraction of biological information. These methods could be proposed for extracting 
information that vary in their degree of reliance on dictionaries, statistical and knowledge-
based approaches, automatic rule generation applying part-of-speech (POS) tagger, and some 
�–�Š�Œ�‘�’�—�Ž�,�•�Ž�Š�›�—�’�—�•�1 �Š�•�•�˜�›�’�•�‘�–�œ�ð�1 �•�˜�›�1 �Ž�¡�Š�–�™�•�Ž�ð�1 �
�’�•�•�Ž�—�1 ���Š�›�”�˜�Ÿ�1 ���˜�•�Ž�•�œ�1 �û�
�����œ�ü�1 �Š�—�•�1 �•�Ž�Œ�’�œ�’�˜�—�1
�•�›�Ž�Ž�œ�ï�1���›�˜�—�’�—�1�Ž�•�1�Š�•�ï�1�ý13�þ�1�Œ�•�Š�œ�œ�’���Ž�•�1�™�Š�•�’�Ž�—�•�1�™�˜�›�•�Š�•�1�–�Ž�œ�œ�Š�•�Ž�œ�1�‹�¢�1�Š�1�Œ�˜�–�™�Š�›�’�œ�˜�—�1�˜�•�1�›�ž�•�Ž�,�‹�Š�œ�Ž�•�1�Š�—�•�1
machine-learning approach using a bag of words and natural language-processing (NLP) 
�Š�™�™�›�˜�Š�Œ�‘�Ž�œ�ï�1���‘�Ž�1�‹�Ž�œ�•�1�™�Ž�›�•�˜�›�–�Š�—�Œ�Ž�1�˜�•�1�Œ�•�Š�œ�œ�’���Ž�›�1�•�˜�›�1�’�—�•�’�Ÿ�’�•�ž�Š�•�1�Œ�˜�–�–�ž�—�’�Œ�Š�•�’�˜�—�1�œ�ž�‹�•�¢�™�Ž�œ�1� �Š�œ�1
�›�Š�—�•�˜�–�1�•�˜�›�Ž�œ�•�œ�1�•�˜�›�1�•�˜�•�’�œ�•�’�Œ�Š�•�,�Œ�˜�—�•�Š�Œ�•�1�’�—�•�˜�›�–�Š�•�’�˜�—�1� �’�•�‘�1�V�ï�_�\�Y�1�›�Ž�Œ�Ž�’�Ÿ�Ž�›�,�˜�™�Ž�›�Š�•�˜�›�1�Œ�ž�›�Ÿ�Ž�ï

In addition, there are some social institutes to focus on the development of biomedical text-
mining technology. Based on the rapid development of omics era, the BioCreative called 
���›�’�•�’�Œ�Š�•�1���œ�œ�Ž�œ�œ�–�Ž�—�•�1�˜�•�1���—�•�˜�›�–�Š�•�’�˜�—�1���¡�•�›�Š�Œ�•�’�˜�—�1�œ�¢�œ�•�Ž�–�1�’�—�1���’�˜�•�˜�•�¢�1�’�œ�1�Š�1�Œ�˜�–�–�ž�—�’�•�¢�,� �’�•�Ž�1�Ž���˜�›�•�1
for the evaluation of text mining and information extraction systems applied to the biomed -
�’�Œ�’�—�Ž�1 �•�˜�–�Š�’�—�1 �ž�œ�’�—�•�1 �—�Š�•�ž�›�Š�•�1 �•�Š�—�•�ž�Š�•�Ž�1 �™�›�˜�Œ�Ž�œ�œ�’�—�•�1 �ý�W�Z, 15].The researches of biomedical text 
�–�’�—�’�—�•�1�Š�›�Ž�1�™�›�Ž�œ�Ž�—�•�Ž�•�1�Š�•�1�œ�Ž�Ÿ�Ž�›�Š�•�1�Œ�˜�—�•�Ž�›�Ž�—�Œ�Ž�œ�1�’�—�Œ�•�ž�•�’�—�•�1���Š�Œ�’���Œ�1���¢�–�™�˜�œ�’�ž�–�1�˜�—�1���’�˜�Œ�˜�–�™�ž�•�’�—�•�ð�1
���’�˜�������ð�1�Š�—�•�1���›�Š�Œ�•�’�Œ�Š�•�1���™�™�•�’�Œ�Š�•�’�˜�—�œ�1�˜�•�1���˜�–�™�ž�•�Š�•�’�˜�—�Š�•�1���’�˜�•�˜�•�¢�1�Š�—�•�1���’�˜�’�—�•�˜�›�–�Š�•�’�Œ�œ�1�ý�W�V].

4. Static biomedical information recognition

In the era of system biology, from the system perspective-related information on molecular biol -
ogy research includes both biomedical entities, some genes, proteins, gene products, drugs, dis-
�Ž�Š�œ�Ž�œ�1�œ�ž�Œ�‘�1�Š�œ�1�‹�Š�œ�’�Œ�ð�1�œ�•�Š�•�’�Œ�1�Ž�—�•�’�•�’�Ž�œ�1�•�˜�1�›�Ž���Ž�Œ�•�1�’�•�œ�1�Ž�¡�’�œ�•�Ž�—�Œ�Ž�1�•�˜�›�–�ð�1�Œ�Š�•�•�Ž�•�1�œ�•�Š�•�’�Œ�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�’�—�•�˜�›�–�Š�•�’�˜�—�ï�1
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There are some biological terminologies that describe domain objects in the medical literature, 
which is called entity. Such as gene that is the essence of life information, protein information 
�•�‘�Š�•�1�’�œ�1�•�‘�Ž�1�Ž�¡�Ž�Œ�ž�•�˜�›�1�˜�•�1�•�Ž�—�Ž�1�•�ž�—�Œ�•�’�˜�—�1�’�—�1�‹�’�˜�–�Ž�•�’�Œ�’�—�Ž�ð�1�’�•�Ž�—�•�’���Œ�Š�•�’�˜�—�1�˜�•�1�•�‘�Ž�œ�Ž�1�Ž�—�•�’�•�’�Ž�œ�1�’�—�1�•�‘�Ž�1�•�’�•�Ž�1�œ�Œ�’-
ences plays an important role in revealing the phenomenon of life, which is the only way which 
must be passed to further explore these important biological entities, but also an important task 
in biomedical text mining. Biological entity representation in biomedical literature is extremely 
complex. The complexity of performance in both single entity in the form of a word entity, vari -
able word length, and uppercase and lowercase mixed together, for example, urokinase, Cactus, 
IkapaBalpha, and so on. There are multi-words to form phrases, such as bradykinin B (1) recep-
�•�˜�›�ð�1�™�›�˜�•�Ž�’�—�1�™�‘�˜�œ�™�‘�Š�•�Š�œ�Ž�1�X���ð�1� �‘�’�Œ�‘�1�‹�›�˜�ž�•�‘�•�1�Š�1�•�›�Ž�Š�•�1�•�Ž�Š�•�1�˜�•�1�•�’���Œ�ž�•�•�¢�1�•�˜�1�Ž�œ�•�Š�‹�•�’�œ�‘�1�‹�’�˜�•�˜�•�’�Œ�Š�•�1�Ž�—�•�’�•�¢�1
�‹�˜�ž�—�•�Š�›�’�Ž�œ�ò�1�œ�˜�–�Ž�1�˜�•�1�•�‘�Ž�1�œ�Š�–�Ž�1� �˜�›�•�œ�1�˜�›�1�™�‘�›�Š�œ�Ž�œ�1�•�‘�Š�•�1�Œ�Š�—�1�‹�Ž�1�Ž�¡�™�›�Ž�œ�œ�Ž�•�1�’�—�1�•�’���Ž�›�Ž�—�•�1�Œ�Š�•�Ž�•�˜�›�’�Ž�œ�1�˜�•�1
biomedical entities, such as c-myc, IL-2 protein can be expressed, can be said to detect gene, 
�•�‘�›�˜�ž�•�‘�1�•�‘�Ž�1�Œ�˜�—�•�Ž�¡�•�ð�1�œ�˜�–�Ž�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Ž�—�•�’�•�’�Ž�œ�1�‘�Š�Ÿ�Ž�1�•�’���Ž�›�Ž�—�•�1�•�˜�›�–�œ�1�˜�•�1� �›�’�•�’�—�•�ð�1�œ�ž�Œ�‘�1�Š�œ�1�™�›�˜�•�Ž�’�—�1
phosphatase 2A, protein phosphatase, and 2A protein phosphatase 2A and refers to as the same 
biological entity in biomedical text. The complexity and diversity of the entity recognition of 
biomedical named entities has become a challenging study. Traditional recognition approaches 
have three methods containing dictionary-based, rules-based, and statistical machine learning.

Dictionary-based approach needs a detailed term dictionary for entity recognition from the 
�•�˜�Œ�ž�–�Ž�—�•�ï�1�	�Ž�—�Ž�›�Š�•�•�¢�ð�1�•�‘�Ž�1�™�›�Ž�,�•�’�Ÿ�Ž�—�1�•�Ž�›�–�1�•�’�Œ�•�’�˜�—�Š�›�¢�1�’�œ�1�Ž�•�’�•�Ž�•�1�‹�¢�1�•�‘�Ž�1�œ�™�Ž�Œ�’���Œ�1�‹�’�˜�•�˜�•�’�Œ�Š�•�1�–�˜�•�Ž�Œ-
ular database. Accordingly, the approach is limited by the term dictionary coverage but it has 
the relatively higher accuracy. Thus, the approach is widely applied in the actual develop -
�–�Ž�—�•�1�’�—�1�•�‘�Ž�1�œ�¢�œ�•�Ž�–�ï�1���˜�›�1�Ž�¡�Š�–�™�•�Ž�ð�1���‘�Š�•�’�£�’�•�1�ý�W�\�þ�1�Š�—�•�1�������������1�ý�W�]].

Rule-based approach requires studying the entities’ named features and laws for formulating 
�›�ž�•�Ž�œ�1�•�˜�1�’�•�Ž�—�•�’�•�¢�1�•�‘�Ž�1�Ž�—�•�’�•�¢�ð�1� �‘�’�Œ�‘�1�–�Š�”�Ž�1�•�‘�Ž�1�œ�•�Š���1�•�˜�1�•�Ž�Ÿ�Ž�•�˜�™�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�˜�–�Š�’�—�1�‹�Š�Œ�”�•�›�˜�ž�—�•�1
�”�—�˜� �•�Ž�•�•�Ž�ï�1���˜�›�1�Ž�¡�Š�–�™�•�Ž�ð�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Ž�—�•�’�•�’�Ž�œ�1�Š�›�Ž�1�˜�•�•�Ž�—�1�—�˜�ž�—�1�™�‘�›�Š�œ�Ž�œ�ï�1���‘�Ž�1���›�œ�•�1�Œ�‘�Š�›�Š�Œ�•�Ž�›�1�˜�•�1�Š�1
�‘�ž�–�Š�—�1�•�Ž�—�Ž�1�—�˜�–�Ž�—�Œ�•�Š�•�ž�›�Ž�1�’�œ�1�Š�1�•�Ž�4�Ž�›�ð�1�Š�—�•�1�•�‘�Ž�1�›�Ž�œ�•�1�’�œ�1�Š�1�Œ�˜�–�‹�’�—�Š�•�’�˜�—�1�˜�•�1�•�Ž�4�Ž�›�œ�1�Š�—�•�1�—�ž�–�‹�Ž�›�œ�ï�1
���Š�œ�Ž�•�1�˜�—�1�•�‘�Ž�1�œ�ž�Œ�Œ�Ž�œ�œ�•�ž�•�1�›�ž�•�Ž�1�œ�¢�œ�•�Ž�–�ð�1���‹�	�Ž�—�Ž�1�ý�W�^], Tanabe and Wilbur used it to produce a 
large and high-quality gene protein dictionary from biomedical texts, and it is also used as a 
�Œ�˜�–�™�˜�—�Ž�—�•�1�˜�•�1�›�Ž�•�Š�•�’�˜�—�œ�‘�’�™�1�Ž�¡�•�›�Š�Œ�•�’�˜�—�1�ý19].

Statistical machine-learning approach is the rapid development along with the construction 
of biomedical corpora. The annotated corpus could be used as the training corpus of statistical 
machine-learning method. With the help of the biomedical corpora, entities could be identi -
���Ž�•�1�•�›�˜�–�1�•�‘�Ž�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�Ž�¡�•�ï�1���‘�Ž�›�Ž�1�Š�›�Ž�1�œ�˜�–�Ž�1�›�Ž�œ�Ž�Š�›�Œ�‘�Ž�œ�1�’�—�1�•�‘�Ž�1�Š�œ�™�Ž�Œ�•�œ�ï�1�����������1�•�Ž�Ÿ�Ž�•�˜�™�Ž�•�1
�‹�¢�1 ���Ž�4�•�Ž�œ�1 �ý�X�V] used the Conditional Random Fields (CRF) as the statistical model to iden-
�•�’�•�¢�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Ž�—�•�’�•�’�Ž�œ�1� �’�•�‘�1�•�‘�Ž�1�Š�Ÿ�Ž�›�Š�•�Ž�1�]�X�ï�V�–�1�›�Ž�Œ�Š�•�•�ð�1�•�‘�Ž�1�\�_�ï�W�–�1�™�›�Ž�Œ�’�œ�Ž�ð�1�Š�—�•�1�]�V�ï�[�–�1���,�œ�Œ�˜�›�Ž�1
�’�—�1 �������������1 �ž�œ�’�—�•�1 �–�˜�›�™�‘�˜�•�˜�•�’�Œ�Š�•�1 �Š�—�•�1 �œ�Ž�–�Š�—�•�’�Œ�1 �•�Ž�Š�•�ž�›�Ž�œ�ï�1 ���’�•�œ�ž�–�˜�›�’�1 �Ž�•�1 �Š�•�ï�1 �ý21] proposed an 
approach to process entity using Support Vector Machine (SVM) as a statistical model with 
�’�—�•�Ž�›�—�Š�•�1�Š�—�•�1�Ž�¡�•�Ž�›�—�Š�•�1�›�Ž�œ�˜�ž�›�Œ�Ž�1�•�Ž�Š�•�ž�›�Ž�œ�ð�1� �‘�’�Œ�‘�1�œ�‘�˜� �1�•�‘�Š�•�1�•�‘�Ž�1�™�Ž�›�•�˜�›�–�Š�—�Œ�Ž�1�˜�•�1�’�•�Ž�—�•�’���Œ�Š�•�’�˜�—�1�’�œ�1
�’�–�™�›�˜�Ÿ�Ž�•�1�‹�¢�1�ž�œ�’�—�•�1�•�‘�Ž�1�Ž�¡�•�Ž�›�—�Š�•�1�‹�’�˜�•�˜�•�’�Œ�Š�•�1�•�’�Œ�•�’�˜�—�Š�›�¢�1�•�Ž�Š�•�ž�›�Ž�œ�ï�1���Š�‘�Š�1�Ž�•�1�Š�•�ï�1�ý22] used maximum 
entropy model combined with word-clustering features and feature selection techniques to 
�’�•�Ž�—�•�’�•�¢�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Ž�—�•�’�•�’�Ž�œ�ï�1���‘�Ž�1�Š�™�™�›�˜�Š�Œ�‘�1�Š�Œ�‘�’�Ž�Ÿ�Ž�œ�1�‹�Ž�4�Ž�›�1�™�Ž�›�•�˜�›�–�Š�—�Œ�Ž�1� �’�•�‘�˜�ž�•�1�ž�œ�’�—�•�1�•�˜�–�Š�’�—�1
�”�—�˜� �•�Ž�•�•�Ž�ï�1���’�1�Ž�•�1�Š�•�ï�1�ý23�þ�1�ž�œ�Ž�1�•� �˜�,�œ�•�Ž�™�1�������œ�1�•�˜�1�’�•�Ž�—�•�’�•�¢�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Ž�—�•�’�•�’�Ž�œ�ð�1�•�‘�Ž�1���›�œ�•�1�������1�–�˜�•�Ž�•�1
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is used to identify named entity and the second CRF model is used to the types of named enti-
�•�’�Ž�œ�ð�1� �‘�’�Œ�‘�1�˜�‹�•�Š�’�—�Ž�•�1�]�Z�ï�Y�–�1���,�œ�Œ�˜�›�Ž�1�’�—�1�������������1�Œ�˜�›�™�ž�œ�ï�1���‘�Ž�1�–�Ž�—�•�’�˜�—�Ž�•�1�•�‘�›�Ž�Ž�1�Š�™�™�›�˜�Š�Œ�‘�Ž�œ�1�‘�Š�Ÿ�Ž�1
their own advantages, respectively. There is also a hybrid approach to be used for identifying 
biomedical entities. Our research group does some works related to identify biomedical enti -
ties involving the abovementioned three methods. We give several examples to illustrate the 
related static biomedical information recognition.

4.1. Dictionary-based approach to identify biomedical entities

���—�1�•�‘�’�œ�1�œ�Ž�Œ�•�’�˜�—�ð�1� �Ž�1�’�—�•�›�˜�•�ž�Œ�Ž�1�˜�ž�›�1�™�›�Ž�Ÿ�’�˜�ž�œ�1� �˜�›�”�1�ý�X�Z–�X�\] which is published in the International 
���˜�ž�›�—�Š�•�1�˜�•�1���Š�4�Ž�›�—�1���Ž�Œ�˜�•�—�’�•�’�˜�—�1�Š�—�•�1���›�•�’���Œ�’�Š�•�1���—�•�Ž�•�•�’�•�Ž�—�Œ�Ž�ï�1���Ž�1���›�œ�•�1�Š�Œ�‘�’�Ž�Ÿ�Ž�1�Ž�¡�™�Ž�›�’�–�Ž�—�•�Š�•�1�•�’�•�Ž�›�Š-
ture and build a concept dictionary based on the authoritative corpus. Using part-of-speech 
(POS) tagging, phrase block’s formulation and designed VWIA algorithm to identify entities 
for matching biomedical concepts. Figure 1�1�ý�X�Z] describes the pipeline.

4.1.1. Obtain experimental data

The experimental data of the study are from PubMed/Medline using the e-utilities API tool 
� �‘�’�Œ�‘�1�’�œ�1�Š�•�œ�˜�1�ž�œ�Ž�•�1�’�—�1�•�‘�Ž�1� �˜�›�”�œ�1�ý�X�]–29] for automatically downloading literatures from the 
� �Ž�‹�œ�’�•�Ž�1�û�‘�4�™�ñ�&�&� � � �ï�—�Œ�‹�’�ï�—�•�–�ï�—�’�‘�ï�•�˜�Ÿ�&�ü�ï�1���•�1�•�˜�˜�”�œ�1�•�’�”�Ž�1�•�‘�Ž�1� �Ž�‹�1�œ�™�’�•�Ž�›�1�•�˜�1�Œ�Š�•�Œ�‘�1�Š�1�œ�Ž�›�’�Ž�œ�1�˜�•�1�‘�¢�™�Ž�›-
links with a Uniform Resource Locator (URL). By obtaining URL using e-utilities related to 

Figure 1. Pipeline of our approach to recognize biomedical concepts.
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�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�’�•�Ž�›�Š�•�ž�›�Ž�ð�1�•�‘�Ž�1�Œ�˜�—�•�Ž�—�•�œ�1�Š�›�Ž�1�Š�Œ�‘�’�Ž�Ÿ�Ž�•�1�‹�Š�œ�Ž�•�1�˜�—�1�™�Š�4�Ž�›�—�1�–�Š�™�™�’�—�•�ð�1�Š�—�•�1�•�‘�Ž�1�Œ�›�Š� �•�Ž�•�1
contents are stored in the local database to be further processed.

4.1.2. Preprocess, POS tagging, and phrase block

Aiming at the collected literature, to every biomedical literature, there may be several para -
graphs, and each paragraph may include one or several sentences. The basic textual units iden-
�•�’���Ž�•�1�‹�¢�1�•�‘�Ž�1�•�˜�”�Ž�—�’�£�Š�•�’�˜�—�1�Š�œ�1�Œ�˜�—�œ�•�’�•�ž�Ž�—�•�1�•�˜�”�Ž�—�œ�1�’�—�1�Ž�Š�Œ�‘�1�œ�Ž�—�•�Ž�—�Œ�Ž�1�Š�›�Ž�1�•�Š�•�•�Ž�•�1�‹�¢�1�•�‘�Ž�1���•�Š�—�•�•�˜�›�•�1
�������1�•�Š�•�•�Ž�›�1�ý�Y�V]. It is a tool that appoints parts of speech to every word (for instance, verbs, 
adjectives, nouns, and so on) by reading text in some language with the implementation of 
log-linear-part-of-speech taggers. The results are shown in Figure 2 aiming at an example 
sentence. Aiming at the features of biomedical concept, the POS-word pairs are important for 
the biomedical concepts. For example, nouns, adjectives, participles, and so on, could be com-
�™�˜�—�Ž�—�•�œ�1�˜�•�1�œ�˜�–�Ž�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Œ�˜�—�Œ�Ž�™�•�œ�ð�1� �‘�’�•�Ž�1�œ�˜�–�Ž�1� �˜�›�•�œ�ð�1�œ�ž�Œ�‘�1�Š�œ�1�’�—�•�Ž���—�’�•�Ž�1�Š�›�•�’�Œ�•�Ž�œ�1�Š�—�•�1�Ÿ�Ž�›�‹�œ�ð�1
� �˜�ž�•�•�1�‹�Ž�1�˜�–�’�4�Ž�•�1�•�˜�1�•�‘�Ž�1�’�•�Ž�—�•�’���Œ�Š�•�’�˜�—�1�˜�•�1�•�‘�Ž�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Œ�˜�—�Œ�Ž�™�•�œ�ï�1���‘�ž�œ�ð�1� �Ž�1�Ž�¡�•�›�Š�Œ�•�1�™�‘�›�Š�œ�Ž�1
blocks combined by nouns, adjectives, and participles. These phrase blocks are preprocessed 
�Š�œ�1�Š�1�ž�—�’���Ž�•�1�‹�Š�œ�Ž�1�•�˜�›�–�ï�1���˜�›�1�Ž�¡�Š�–�™�•�Ž�ð�1�•�‘�Ž�1� �˜�›�•�1�˜�•�1�•�Š�•�•�’�—�•�1�������1�•�Š�‹�Ž�•�œ�1���������1�û�œ�’�—�•�•�Ž�1�—�˜�ž�—�ü�1�Š�—�•�1
�����������1 �û�™�•�ž�›�Š�•�1 �—�˜�ž�—�ü�1 �•�›�Š�—�œ�•�˜�›�–�œ�1 �•�‘�Ž�1 � �˜�›�•�1 �˜�•�1 �œ�’�—�•�•�Ž�1 �—�˜�ž�—�1 �•�˜�›�1 �•�‘�Ž�1 �—�˜�›�–�Š�•�’�£�Š�•�’�˜�—�ï�1Figure 2 
�œ�‘�˜� �œ�1�Š�—�1�Ž�¡�Š�–�™�•�Ž�1�Š�‹�˜�ž�•�1�•�‘�Ž�1�������1�•�Š�•�•�’�—�•�1�ý25].

4.1.3. Biomedical dictionaries’ construction

Considering the high precision of dictionary-based approach, the approach used it for the 
�’�•�Ž�—�•�’���Œ�Š�•�’�˜�—�1�˜�•�1�•�‘�Ž�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Œ�˜�—�Œ�Ž�™�•�œ�ï�1���‘�ž�œ�ð�1�Œ�˜�—�Œ�Ž�™�•�1�•�’�Œ�•�’�˜�—�Š�›�¢�1�’�œ�1�‹�ž�’�•�•�1�‹�¢�1�œ�˜�–�Ž�1�Š�ž�•�‘�˜�›�’�£�Ž�•�1
�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�˜�—�•�˜�•�˜�•�’�Ž�œ�ð�1�•�˜�›�1�Ž�¡�Š�–�™�•�Ž�ð�1���’�œ�Ž�Š�œ�Ž�1���—�•�˜�•�˜�•�¢�1�û�����ü�ð�1�	�Ž�—�Ž�1���—�•�˜�•�˜�•�¢�1�û�	���ü�ð�1�Š�—�•�1�	���������1
�˜�—�•�˜�•�˜�•�¢�ï�1�	���������1�Œ�˜�›�™�ž�œ�1�’�œ�1�ž�œ�Ž�•�1�•�˜�1�™�›�˜�Ÿ�’�•�Ž�1�›�Ž�•�Ž�›�Ž�—�Œ�Ž�1�–�Š�•�Ž�›�’�Š�•�1�•�˜�›�1�‹�’�˜�•�Ž�¡�•�1�–�’�—�’�—�•�ï�1�	���������1�Œ�˜�›-
�™�ž�œ�1�’�œ�1�Š�•�œ�˜�1�œ�Ž�–�Š�—�•�’�Œ�Š�•�•�¢�1�Š�—�—�˜�•�Š�•�Ž�•�1�Œ�˜�›�™�ž�œ�1�Œ�˜�—�•�Š�’�—�’�—�•�1�X�V�V�V�1���������������1�•�’�•�Ž�›�Š�•�ž�›�Ž�1� �’�•�‘�1�Š�•�–�˜�œ�•�1
�W�V�V�ð�V�V�V�1�Š�—�—�˜�•�Š�•�’�˜�—�1�’�—�•�˜�›�–�Š�•�’�˜�—�1�Š�—�•�1�–�˜�›�Ž�1�•�‘�Š�—�1�[�V�]�ð�Y�X�[�1� �˜�›�•�œ�1�’�—�Œ�•�ž�•�’�—�•�1�W�^�ð�[�Z�\�1�œ�Ž�—�•�Ž�—�Œ�Ž�œ�1�•�˜�›�1
�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�Ž�›�–�œ�1�’�—�1�Y�ï�V�X�1�Ÿ�Ž�›�œ�’�˜�—�ï�1���Š�Œ�‘�1�Š�›�•�’�Œ�•�Ž�1�’�œ�1�Ž�—�Œ�˜�•�Ž�•�1�’�—�1�Š�—�1�������,�‹�Š�œ�Ž�•�1�–�Š�›�”�,�ž�™�1�œ�Œ�‘�Ž�–�Ž�1
with ID, title, and abstract in the corpus. Moreover, both abstracts and titles have been marked 
up for meaningful annotated terms, biologically and semantically. The corpus provides 
�œ�Ž�–�Š�—�•�’�Œ�Š�•�•�¢�1�Š�—�—�˜�•�Š�•�Ž�•�1�‹�’�˜�•�˜�•�’�Œ�Š�•�1�•�Ž�›�–�œ�1�’�•�Ž�—�•�’���Š�‹�•�Ž�1� �’�•�‘�1�Š�—�¢�1�•�Ž�›�–�’�—�Š�•�1�Œ�˜�—�Œ�Ž�™�•�œ�1�•�˜�›�1�	���������1
�˜�—�•�˜�•�˜�•�¢�ð�1���˜�›�1�’�—�œ�•�Š�—�Œ�Ž�œ�ð�1���À�Œ�˜�—�œ�1�•�Ž�¡�1�½�1�������,�X���•�Ž�—�Ž���1�œ�Ž�–�1�½�1���	�Û���������•�˜�–�Š�’�—���˜�›���›�Ž�•�’�˜�—���1�Á�1�����,�X�1
�•�Ž�—�Ž�À�&�Œ�˜�—�œ�Á���ð�1�•�‘�Ž�1�•�Š�‹�Ž�•�1���•�Ž�¡���1�•�Ž�œ�Œ�›�’�‹�Ž�œ�1�•�‘�Ž�1�Œ�˜�—�Œ�Ž�™�•�œ�ð�1�Š�—�•�1�•�‘�Ž�1�•�Š�‹�Ž�•�1���œ�Ž�–���1�›�Ž�™�›�Ž�œ�Ž�—�•�1�•�‘�Ž�1�•�¢�™�Ž�1�˜�•�1
�Œ�˜�—�Œ�Ž�™�•�ï�1���ž�Ž�1�•�˜�1�•�‘�Ž�1�œ�•�›�ž�Œ�•�ž�›�Š�•�1�œ�Œ�‘�Ž�–�Ž�1�˜�•�1�	���������1�˜�—�•�˜�•�˜�•�¢�ð�1�’�•�1�Œ�˜�ž�•�•�1�‹�Ž�1�Ž�¡�•�›�Š�Œ�•�Ž�•�1�‹�¢�1�•�‘�Ž�1�›�Ž�•�ž�•�Š�›�1
expression. These extracted biologically meaningful terms build concept dictionary for the 

Figure 2. Sentence with part-of-speech tags generated by Stanford maximum entropy part-of-speech tagger. Tags are 
NN: normal noun; IN: preposition or conjunction; VBZ: verb in present/past tense; JJ: adjective; CC: conjunction; NNP: 
proper noun.
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�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�Ž�¡�•�1�–�’�—�’�—�•�ï�1���˜�›�1�Ž�¡�Š�–�™�•�Ž�ð�1�•�‘�Ž�1�Œ�˜�—�Œ�Ž�™�•�1�•�Š�¡�˜�—�˜�–�¢�1�˜�•�1�	���������1�Y�ï�V�X�1�Ÿ�Ž�›�œ�’�˜�—�1�Œ�˜�—�•�Š�’�—�œ�1
some biologically relevant nominal categories as shown in Table 1�1�ý�X�Z].

4.1.4. Results

Biomedical texts are divided into a few sentences in biomedical literature, and for every 
sentence, some phrase blocks are parsed. The algorithm named Variable-step Window 
���•�Ž�—�•�’���Œ�Š�•�’�˜�—�1 ���•�•�˜�›�’�•�‘�–�1 �û���������ü�1 �’�œ�1 �•�Ž�Ÿ�Ž�•�˜�™�Ž�•�1 �•�˜�›�1 �’�•�Ž�—�•�’�•�¢�’�—�•�1 �‹�’�˜�–�Ž�•�’�Œ�Š�•�1 �Œ�˜�—�Œ�Ž�™�•�œ�ï�1 ���‘�Ž�1
�Š�™�™�›�˜�Š�Œ�‘�1�˜�‹�•�Š�’�—�Ž�•�1�•�‘�Ž�1�˜�Ÿ�Ž�›�Š�•�•�1�_�[�ï�V�–�1���,�–�Ž�Š�œ�ž�›�Ž�1�Š�’�–�’�—�•�1�Š�•�1�•�‘�Ž�1�	���������1�Œ�˜�›�™�ž�œ�ï�1���‘�Ž�1�’�–�™�•�Ž�–�Ž�—-
tation of the approach is shown in Figure 3�1�ý�X�Z].

4.2. Machine-learning approach

���—�1 �•�‘�’�œ�1 � �˜�›�”�1 �ý�X�\, �X�]], we introduce machine learning to help recognize biomedical named 
entity. The pipeline architecture of our approach is shown in Figure 4�1�ý�X�\, �X�]].

The pipeline of our system mainly contains four modules: preprocessing module, training 
module, tagging module, and testing module.

Categories Numbers Categories Numbers

�™�›�˜�•�Ž�’�—���–�˜�•�Ž�Œ�ž�•�Ž �X�W�ð�\�Y�Xpeptide �[�X�Z

�™�›�˜�•�Ž�’�—���•�Š�–�’�•�¢���˜�›���•�›�˜�ž�™ �^�Y�]�X �‹�˜�•�¢���™�Š�›�• �Z�Z�_

���������•�˜�–�Š�’�—���˜�›���›�Ž�•�’�˜�— �^�V�[�Z atom �Y�Z�W

�Œ�Ž�•�•���•�¢�™�Ž �]�X�Y�Y ���������•�Š�–�’�•�¢���˜�›���•�›�˜�ž�™ �Y�Y�Z

�˜�•�‘�Ž�›���˜�›�•�Š�—�’�Œ���Œ�˜�–�™�˜�ž�—�• �Z�V�_�\polynucleotide �X�\�V

�Œ�Ž�•�•���•�’�—�Ž �Y�_�]�Z inorganic �X�[�\

�™�›�˜�•�Ž�’�—���Œ�˜�–�™�•�Ž�¡ �X�Z�W�]nucleotide 239

lipid 2359 �–�˜�—�˜���Œ�Ž�•�• 222

virus �X�W�X�\ �˜�•�‘�Ž�›���Š�›�•�’���Œ�’�Š�•���œ�˜�ž�›�Œ�Ž �X�V�_

�–�ž�•�•�’���Œ�Ž�•�• �W�]�\�\ �™�›�˜�•�Ž�’�—���œ�ž�‹�œ�•�›�ž�Œ�•�ž�›�Ž129

���������•�Š�–�’�•�¢���˜�›���•�›�˜�ž�™ �W�[�[�^ ���������œ�ž�‹�œ�•�›�ž�Œ�•�ž�›�Ž �W�V�]

�™�›�˜�•�Ž�’�—���•�˜�–�Š�’�—���˜�›���›�Ž�•�’�˜�— �W�V�W�] �™�›�˜�•�Ž�’�—�����&�� 99

�™�›�˜�•�Ž�’�—���œ�ž�‹�ž�—�’�• �_�X�Vcarbohydrate �_�^

�Š�–�’�—�˜���Š�Œ�’�•���–�˜�—�˜�–�Ž�› �]�^�[ �����������&�� �Z�^

tissue �\�_�X ���������•�˜�–�Š�’�—���˜�›���›�Ž�•�’�˜�— 39

�Œ�Ž�•�•���Œ�˜�–�™�˜�—�Ž�—�• �\�\�_ �����������&�� 15

���������–�˜�•�Ž�Œ�ž�•�Ž �\�V�X ���������œ�ž�‹�œ�•�›�ž�Œ�•�ž�›�Ž 2

���������–�˜�•�Ž�Œ�ž�•�Ž �[�Z�X Total �]�X�ð�W�^�[

Table 1.�1���’�˜�–�Ž�•�’�Œ�Š�•�1�Œ�˜�—�Œ�Ž�™�•�1�Œ�Š�•�Ž�•�˜�›�’�Ž�œ�1�Š�—�•�1�—�ž�–�‹�Ž�›�œ�1�’�—�1�	���������ï

�$�U�W�L�I�L�F�L�D�O���,�Q�W�H�O�O�L�J�H�Q�F�H�������(�P�H�U�J�L�Q�J���7�U�H�Q�G�V���D�Q�G���$�S�S�O�L�F�D�W�L�R�Q�V������



4.2.1. Preprocessing module

Applying machine-learning methods, the original biomedical texts could not directly be pro -
cessed by the CRF model; they would be preprocessed to form the related formats. The origi-
�—�Š�•�1�•�›�Š�’�—�’�—�•�ð�1�•�Ž�œ�•�’�—�•�ð�1�Š�—�•�1�™�›�Ž�•�’�Œ�•�Ž�•�1�•�Ž�¡�•�œ�1� �˜�ž�•�•�1�‹�Ž�1�™�›�˜�Œ�Ž�œ�œ�Ž�•�1�•�˜�1�•�‘�Ž�1�œ�™�Ž�Œ�’���Ž�•�1�•�˜�›�–�Š�•�1���•�Ž�œ�1� �’�•�‘�1
feature dataset.

Figure 3. Visualization of the dictionary-based approach.

Figure 4. The pipeline architecture of machine-learning approach.
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4.2.2. Training module

Trained texts are put into the preprocessing module, aiming at the selected and extracted 
�•�Ž�Š�•�ž�›�Ž�œ�1�•�˜�1�•�˜�›�–�1�•�‘�Ž�1�œ�™�Ž�Œ�’���Ž�•�1�•�›�Š�’�—�Ž�•�1���•�Ž�œ�1�•�‘�Š�•�1�Š�›�Ž�1�•�›�Š�’�—�Ž�•�1� �’�•�‘�1�œ�˜�–�Ž�1�™�Š�›�Š�–�Ž�•�Ž�›�œ���1�œ�Ž�•�ð�1� �‘�’�Œ�‘�1
�Œ�˜�ž�•�•�1 �˜�‹�•�Š�’�—�1 �•�›�Š�’�—�Ž�•�1 �–�˜�•�Ž�•�1 ���•�Ž�œ�ï�1 ���‘�Ž�1 �’�—�™�ž�•�1 �˜�•�1 �•�›�Š�’�—�’�—�•�1 �–�˜�•�ž�•�Ž�1 �’�œ�1 �•�‘�Ž�1 �›�Ž�œ�ž�•�•�1 �˜�•�1 �•�‘�Ž�1 �™�›�Ž�™�›�˜-
�Œ�Ž�œ�œ�Ž�•�1�•�›�Š�’�—�’�—�•�1�•�Ž�¡�•�œ�ð�1� �‘�’�•�Ž�1�•�‘�Ž�1�˜�ž�•�™�ž�•�1�˜�•�1�’�•�1�’�œ�1�•�‘�Ž�1�–�˜�•�Ž�•�1���•�Ž�œ�1�’�—�Œ�•�ž�•�’�—�•�1�•�Ž�Š�•�ž�›�Ž�1�•�ž�—�Œ�•�’�˜�—�1�œ�Ž�•�1
and weight parameter.

4.2.3. Tagging module

���•�•�Ž�›�1�•�‘�Ž�1�™�›�Ž�™�›�˜�Œ�Ž�œ�œ�’�—�•�1�–�˜�•�ž�•�Ž�1�™�›�˜�Œ�Ž�œ�œ�Ž�œ�1�•�‘�Ž�1�•�Ž�œ�•�1�•�Ž�¡�•�œ�ð�1�•�‘�Ž�1�•�˜�›�–�Ž�•�1�œ�™�Ž�Œ�’���Ž�•�1�•�Ž�œ�•�1���•�Ž�œ�1�Š�›�Ž�1�™�ž�•�1
�’�—�•�˜�1�Š�1�•�Š�•�•�’�—�•�1�–�˜�•�ž�•�Ž�1�•�˜�•�Ž�•�‘�Ž�›�1� �’�•�‘�1�•�‘�Ž�1�–�˜�•�Ž�•�1���•�Ž�œ�ð�1� �‘�’�Œ�‘�1�Œ�˜�ž�•�•�1�˜�‹�•�Š�’�—�1�•�‘�Ž�1�•�Š�•�•�Ž�•�1���•�Ž�œ�ï�1���‘�Ž�1
input of a tagging module is the result of preprocessed testing texts, while the output of it is 
�•�‘�Ž�1�•�Š�•�•�Ž�•�1�›�Ž�œ�ž�•�•�1���•�Ž�œ�ï

4.2.4. Testing module

The testing module is to measure the performance of our system. After processing the test 
�•�Ž�¡�•�œ�1�’�—�1�•�‘�Ž�1�™�›�Ž�™�›�˜�Œ�Ž�œ�œ�’�—�•�1�–�˜�•�ž�•�Ž�ð�1�•�‘�Ž�1�•�Ž�œ�•�1�œ�•�Š�—�•�Š�›�•�1���•�Ž�œ�1�Š�›�Ž�1�™�ž�•�1�’�—�•�˜�1�Š�1�•�Ž�œ�•�1�–�˜�•�ž�•�Ž�1�•�˜�•�Ž�•�‘�Ž�›�1
� �’�•�‘�1�•�‘�Ž�1�•�Š�•�•�’�—�•�1�›�Ž�œ�ž�•�•�1���•�Ž�œ�ï�1���‘�Ž�1�’�—�™�ž�•�1�˜�•�1�Š�1�•�Š�•�•�’�—�•�1�–�˜�•�ž�•�Ž�1�’�œ�1�•�‘�Ž�1�›�Ž�œ�ž�•�•�œ�1�˜�•�1�™�›�Ž�™�›�˜�Œ�Ž�œ�œ�Ž�•�1�•�Ž�œ�•�1
���•�Ž�œ�ð�1� �‘�’�•�Ž�1�•�‘�Ž�1�˜�ž�•�™�ž�•�1�˜�•�1�’�•�1�’�œ�1�•�‘�Ž�1�’�•�Ž�—�•�’���Ž�•�1�™�Ž�›�•�˜�›�–�Š�—�Œ�Ž�1�˜�•�1�˜�ž�›�1�œ�¢�œ�•�Ž�–�1�’�—�Œ�•�ž�•�’�—�•�1�™�›�Ž�Œ�’�œ�’�˜�—�ð�1
recall, and F-measure.

4.2.5. Results

The approach considered features including POS features, word surface clue feature (upper-
�Œ�Š�œ�Ž�ð�1�•�˜� �Ž�›�Œ�Š�œ�Ž�ð�1�—�ž�–�‹�Ž�›�œ�ð�1�œ�™�Ž�Œ�’���Œ�1�Œ�‘�Š�›�ð�1�’�—�’�•�’�Š�•�ü�1�ž�œ�’�—�•�1�•�‘�Ž�1�	�Ž�—�’�Š�1�Œ�˜�›�™�ž�œ�1�Y�ï�V�X�1�Ÿ�Ž�›�œ�’�˜�—�1�•�˜�1�•�›�Š�’�—�1
�Š�—�•�1�•�Ž�œ�•�1�•�‘�Ž�1�œ�¢�œ�•�Ž�–���œ�1�™�Ž�›�•�˜�›�–�Š�—�Œ�Ž�1� �’�•�‘�1 �Š�1�W�V�,�Œ�›�˜�œ�œ�1�Ÿ�Š�•�’�•�Š�•�’�˜�—�ï�1 ���‘�Ž�1�œ�¢�œ�•�Ž�–���œ�1�™�Ž�›�•�˜�›�–�Š�—�Œ�Ž�1�’�œ�1
shown in Table 2 related to the six classes. According to the above method, using Java pro-
gramming based on Linux OS to develop Biomedical entity recognition Miner system called 
(BerMiner). Figure 5�1�œ�‘�˜� �œ�1�•�‘�Ž�1�›�Ž�œ�ž�•�•�œ�1�˜�•�1�•�‘�Ž�1�’�•�Ž�—�•�’���Ž�•�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Ž�—�•�’�•�¢�ï

Project Precision (%) Recall (%) F-measure (%)

DNA �\�W�ï�Y�W �Z�[�ï�]�_ �[�X�ï�Z

RNA �[�\�ï�Z�^ �Z�Z�ï�\�Y �Z�_�ï�\�_

Protein �]�\�ï�Z�^ �]�X�ï�\�Z �]�Z�ï�[�V

Cell-type �]�W�ï�W�W �[�^�ï�[�W �\�Z�ï�W�\

Cell-line �]�W�ï�^�V �[�Y�ï�[�^ �\�W�ï�X�_

Virus �]�^�ï�[�\ �\�\�ï�Y�] �]�W�ï�^�Y

Table 2.�1���•�Ž�—�•�’���Ž�•�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Ž�—�•�’�•�¢���œ�1�™�Ž�›�•�˜�›�–�Š�—�Œ�Ž�1�‹�Š�œ�Ž�•�1�˜�—�1�–�Š�Œ�‘�’�—�Ž�1�•�Ž�Š�›�—�’�—�•�1�ý�X�\, �X�]].
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5. Extraction of dynamic biomedical information

Biomedical entities produce a series of information interaction in the process of genetic 
information transfer and expression, such as genes and gene interaction relations, the 
relationship between genes and disease, the relationship between genes and gene prod-
uct, molecular signal conduction pathways, and so on. The information is represented as 
the dynamic form. Dynamic biomedical information represents the process of activities 
of biomedical entities. Dynamic biomedical information is extracted, namely association 
between biomedical entities which is often extracted based on entity co-occurrence analysis 
� �’�•�‘�1�œ�•�Š�•�’�œ�•�’�Œ�œ�1�•�‘�Ž�˜�›�¢�ï�1�	�•�Ž�—�’�œ�œ�˜�—�1�Ž�•�1�Š�•�ï�1�ý�X�^] proposed an approach to extract the relationship 
between genes using vector space method and k-medoids algorithm for gene clustering. 
���›�Ž�—�1 �ý29] explored the method to measure biological entities relationship using mutual 
�’�—�•�˜�›�–�Š�•�’�˜�—�1 �–�˜�•�Ž�•�ï�1 ���ž�1 �Ž�•�1 �Š�•�ï�1 �ý�Y�V] researched the interactions between genes and drugs 
based on text-mining technology, which was divided into three steps. First, the approach 
�’�•�Ž�—�•�’���Ž�•�1�•�Ž�—�Ž�œ�1�Š�—�•�1�•�›�ž�•�œ�1�Ž�—�•�’�•�’�Ž�œ�1�•�›�˜�–�1���Ž�•�•�’�—�Ž�1�Š�‹�œ�•�›�Š�Œ�•�ò�1�•�‘�Ž�1�œ�Ž�Œ�˜�—�•�1�œ�•�Ž�™�1�’�œ�1�•�˜�1�Ž�¡�•�›�Š�Œ�•�1�•�’�•-
ferent levels of gene-2-drug pairs. The third step is to rank the gene-2-drug pairs based on 
�–�Š�•�‘�Ž�–�Š�•�’�Œ�Š�•�1 �œ�•�Š�•�’�œ�•�’�Œ�Š�•�1 �–�˜�•�Ž�•�ï�1 ���ž�›�1 �›�Ž�œ�Ž�Š�›�Œ�‘�1 �•�›�˜�ž�™�1 �‘�Š�œ�1 �•�˜�—�Ž�1 �•�‘�Ž�1 �œ�’�–�’�•�Š�›�1 � �˜�›�”�œ�1 �ý31–33]. 
�
�Ž�›�Ž�ð�1� �Ž�1�Ž�¡�Š�–�™�•�Ž�1�•�‘�Ž�1� �˜�›�”�œ�1�ý31, 33] for describing the process related to the extraction of 
dynamic biomedical information in detail.

Figure 5.�1���Ž�›���’�—�Ž�›�1�Ž�¡�•�›�Š�Œ�•�Ž�•�1�›�Ž�œ�ž�•�•�œ�1� �’�•�‘�1�œ�’�¡�1�Œ�Š�•�Ž�•�˜�›�’�Ž�œ�1�ž�œ�’�—�•�1�–�Š�Œ�‘�’�—�Ž�1�•�Ž�Š�›�—�’�—�•�1�ý�X�\, �X�]].
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5.1. Relationship extraction based on statistic model

Dynamic information represents the process of activities of biomedical entities. In this study, 
we focus on the dynamic process of biomedical entities, and extract dynamic biomedical 
information, namely association between biomedical entities, based on entity co-occurrence 
�Š�—�Š�•�¢�œ�’�œ�1� �‘�’�Œ�‘�1�’�œ�1�Š�4�Š�Œ�‘�Ž�•�1�•�˜�1�•�‘�Ž�1�œ�•�Š�•�’�œ�•�’�Œ�œ�1�•�‘�Ž�˜�›�¢�1� �’�•�‘�1�–�˜�›�Ž�1�™�›�Ž�Œ�’�œ�’�˜�—�ï�1���—�•�’�•�¢�1�Œ�˜�,�˜�Œ�Œ�ž�›�›�Ž�—�Œ�Ž�1
analysis considers that if any two entities occurred in a certain level of paper (e.g., a full text, 
�Š�1�™�Š�›�Š�•�›�Š�™�‘�ð�1�Š�1�œ�Ž�—�•�Ž�—�Œ�Ž�ð�1�Š�—�•�1�Š�1�™�‘�›�Š�œ�Ž�ü�ð�1�•�‘�Ž�—�1�•�‘�Ž�1�•� �˜�1�Ž�—�•�’�•�’�Ž�œ�1�Œ�˜�ž�•�•�1�‘�Š�Ÿ�Ž�1�‹�Ž�1�›�Ž�•�Š�•�Ž�•�ï�1���’���Ž�›�Ž�—�•�1
�•�Ž�Ÿ�Ž�•�œ�1�‘�Š�Ÿ�Ž�1�•�’���Ž�›�Ž�—�•�1�œ�•�›�Ž�—�•�•�‘�œ�1�˜�•�1�Ž�—�•�’�•�¢�1�Š�œ�œ�˜�Œ�’�Š�•�’�˜�—�ï�1���‘�›�˜�ž�•�‘�1�œ�¢�—�•�Š�Œ�•�’�Œ�1�Š�—�Š�•�¢�œ�’�œ�1�˜�•�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1
texts, the weight of association in phrase level is the highest than in other two levels, and the 
sentence level is higher than the full text. Due to the multiclass biomedical entities used in 
this study, extracted associations are also multiple types. We build a data modeling of entity 
association based on entity co-occurrence analysis with statistics. The data modeling could 
formally be represented as a three tuples as shown in Eq. (1)

  D�7�½�7 (E,�9C,�9R)   (1)

Let E be a set of biomedical entities, and C be a set of types of association. Let R be a set of 
correlation of associations between biomedical entities.

Supposing  �   (e)   represents entity category where  e�7� �7E ; W is a set of weights of association lev-
els where   w  

k
  �7� �7W . To the two entities (  e  

i
  ,�9 e  

j
  �7� �7E ) of the kth level, their co-occurrence frequency is 

represented as   f  
k
   ( e  i  ,�9 e  j  )  �ð�1�Š�—�•�1�•�‘�Ž�1�Œ�˜�›�›�Ž�•�Š�•�’�˜�—�1�‹�Ž�•� �Ž�Ž�—�1�•� �˜�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�Ž�—�•�’�•�’�Ž�œ�1�’�œ�1�•�Ž���—�Ž�•�1�Š�œ�1���š�ï�1�û�X�ü

  T�7�½�7 �  e  i  ,�9 e  j  ,�9C � �   ( e  i  ) ,�9�   ( e  j  ) �  ,�9R ( e  i  ,�9 e  j  ) �    (2)

Let  C � �   ( e  i  ) ,�9�   ( e  j  ) �    be association category related to the entity category  �   ( e  i  )   and  �   ( e  j  )  . For instance,  
C � �   ( e  i  ) ,�9�   ( e  j  ) �    could represent association between gene and disease, or association between gene 
and microRNA, and so on. Let  R ( e  i  ,�9 e  j  )   be correlated factor between entity   e  

i
   and   e  

j
    as shown in 

Eq. (3)

  R ( e  i  ,�9 e  j  ) �7�½�7 �  
k
    �9 w  k  �9 f  k   ( e  i  ,�9 e  j  )   (3)

After building data modeling of entity association, we further consider extracting these 
�•�¢�—�Š�–�’�Œ�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�’�—�•�˜�›�–�Š�•�’�˜�—�1�•�›�˜�–�1�‹�’�˜�–�Ž�•�’�Œ�Š�•�1�•�’�•�Ž�›�Š�•�ž�›�Ž�ï�1���’�–�’�—�•�1�Š�•�1�•�‘�Ž�1�Ž�—�•�’�•�’�Ž�œ�1�’�•�Ž�—�•�’���Ž�•�ð�1
we design an algorithm of Mining Multiclass Entity Association, named (MMEA), under the 
data modeling based on co-occurrence statistical analysis as shown in Figure 6.

���‘�Ž�1�’�—�™�ž�•�1�˜�•�1���������1�Š�•�•�˜�›�’�•�‘�–�1�’�œ�1�Ž�—�•�’�•�’�Ž�œ�1�’�•�Ž�—�•�’���Ž�•�1�‹�ž�’�•�•�’�—�•�1�˜�—�1�•�‘�Ž�1�œ�•�Ž�™�1�˜�•�1�Ž�—�•�’�•�¢�1�›�Ž�Œ�˜�•�—�’-
�•�’�˜�—�ï�1���‘�Ž�1���������1�Š�•�•�˜�›�’�•�‘�–�1���›�œ�•�1�•�Ž�•�œ�1�•�‘�Ž�1�Œ�Š�•�Ž�•�˜�›�¢�1�˜�•�1�Ž�Š�Œ�‘�1�Ž�—�•�’�•�¢�1�û�•�’�—�Ž�œ�1�Z�.�\�ü�ï�1���’�–�’�—�•�1�Š�•�1�Š�—�1
entity   e  

i
   �ð�1�•�‘�Ž�1�Š�•�•�˜�›�’�•�‘�–�1�•�Ž�Œ�’�•�Ž�œ�1�•�‘�Ž�1�•�¢�™�Ž�œ�1�˜�•�1�Š�œ�œ�˜�Œ�’�Š�•�’�˜�—�œ�1�‹�Ž�•� �Ž�Ž�—�1�’�•�1�Š�—�•�1�˜�•�‘�Ž�›�1�Ž�—�•�’�•�’�Ž�œ�1�û�•�’�—�Ž�1�]�ü�1

and computes the correlation factor  R ( e  i  ,�9 e  j  )  �‹�¢�1���š�ï�1�û�Y�ü�1�û�•�’�—�Ž�1�^�ü�ï�1���‘�Ž�1�Š�‹�˜�Ÿ�Ž�,�Š�Œ�‘�’�Ž�Ÿ�Ž�•�1�›�Ž�œ�ž�•�•�œ�1�Š�›�Ž�1
stored in the four tuples  T�7�½�7 �  e  

i
  ,�9 e  

j
  ,�9C � �   ( e  i  ) ,�9�   ( e  j  ) �  ,�9R ( e  i  ,�9 e  j  ) �   for further processing (line 9). The process 

proceeds with the increment of i entity until all entity associations are obtained (lines 3–11).
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5.2. Relationship visualization

Biomedical text mining focuses on the centrality of user interactivity, and it needs to provide 
users for interacting with data results. The text-mining visualization facilitates user interactiv -
ity with graphical approaches. For example, we developed a circle network graph to allow 

Figure 6. MMEA algorithm.

Figure 7. Relationship visualization between genes.
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disease researchers to explore the relationship between genes related to breast cancer. To cap-
ture the susceptive genes related to breast cancer, a fan-like network visualization is designed 
by our research group. The node represents the biomedical entities, and the link lines indicate 
the associations between entities (as shown in Figures 7 and 8).

6. Conclusions

���‘�’�œ�1 �Œ�‘�Š�™�•�Ž�›�1 ���›�œ�•�1 �’�—�•�›�˜�•�ž�Œ�Ž�œ�1 �•�‘�Ž�1 �›�’�œ�Ž�1 �˜�•�1 �‹�’�˜�–�Ž�•�’�Œ�Š�•�1 �•�Ž�¡�•�1 �–�’�—�’�—�•�ï�1 ���‘�Ž�—�ð�1 �’�•�1 �•�Ž�œ�Œ�›�’�‹�Ž�œ�1 �•�‘�Ž�1 �‹�’�˜-
medical text-mining technology, namely natural language processing, including the several 
components. In the following sections, it emphasize the two aspects in biomedical text mining 
involving static biomedical information recognization and dynamic biomedical information 
extraction using instance analysis which our previous works.
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Figure 8. Relationship visualization between disease and gene.
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