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Abstract  Recognizing the biomedical named entity has become one of the most fundamental
tasks in the biomedical knowledge discovery. A multi-Agent meta-learning framework is presen-
ted which incorporates multi-agent system and meta-learning method for the application of bio-
medical named entity recognition. In the base level, different learning agent is selected according
to different classes of biomedical named entities. Through the communication between base learn-
ing agents, a base learning agent can get beneficial information from other related base learning
agents and adjust its behavior so as to improve its learning performances. In the meta-level, the
synthetic decision from the results of base learning agents is made by the meta-agent. Meta-agent
and base learning agents are integrated with sensitive features set of corresponding named entity
class according to local feature selection, which improve the system performance especially on mi-
nor classes. This approach effectively overcomes the disadvantages that only one model and global
feature selection are used to identity all types of biomedical named entities. The experiments are
carried on JNLPBA2004 test corpus with an F-sore of 77. 5%. The results show that the brand-
new multi-agent meta-learning framework is an effective approach and get promising results in bi-

omedical named entity recognition.
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Background

With the explosion of information in the biomedical do-
main, there is a strong demand for automated biomedical in-
formation extraction techniques. Recognizing the biomedical
named entity (BNE) such as proteins, DNAs, RNAs, cells
etc. has become one of the most fundamental tasks in the bi-
omedical knowledge discovery. Information extraction is a
way to aid researchers in coping with information overload
with the technologies of statistical learning and automatic

While

many algorithms have been proposed for this task, biomedic-

text information processing are maturing gradually.
al named entity recognition (BNER) remains a challenging
task and an active area of the research.

There have been many attempts to develop techniques to
identify NE in the biomedical literature. They roughly fall in-
to three approaches, that is. heuristic rule-based approach,
dictionary-based approach, and statistical machine learning-
based approach. However, the state-of-the-art techniques for
BNER do not achieve satisfactory results. The current
achievements of BNER have a distance to real application and
the performance of system cannot satisfy the practical re-
quirements. The problem suggests that individual BNER sys-
tem may not cover entity representations with enough rich

features and no single type of algorithm is practical to achieve

cessing and applied artificial intelligence.

the best performance. This paper aims to find effective meth-
ods to improve the performance of BNER.

The research in this paper covers BNER techniques
based on a multi-agent meta-learning framework which incor-
porates multi-agent system and meta-learning method. This
approach effectively overcomes the disadvantages that only
one model and global feature selection are used to identity all
types of biomedical named entities. The experimental results
have proved that the brand-new multi-agent meta-learning
framework is an effective method and get promising results in
BNER. The method copes with the problem of corpus imbal-
ance to improve the recognition performance for mini class
and difficult-to recognize class.
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