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ABSTRACT

The advent of transformer architectures in deep learning has been a major breakthrough in natural language processing
research. Object name recognition is a branch of natural language processing and is an important research area for tasks
such as information retrieval. It is also important in the biomedical field, but the lack of Korean biomedical corpora for
training has limited the development of Korean clinical research using AL

In this study, we built a new biomedical corpus for Korean biomedical entity name recognition and selected language
models pre-trained on a large Korean corpus for transfer learning. We compared the name recognition performance of the
selected language models by Fl-score and the recognition rate by tag, and analyzed the errors. In terms of recognition
performance, KlueRoBERTa showed relatively good performance. The error analysis of the tagging process shows that the
recognition performance of Disease is excellent, but Body and Treatment are relatively low. This is due to
over-segmentation and under-segmentation that fails to properly categorize entity names based on context, and it will be
necessary to build a more precise morphological analyzer and a rich lexicon to compensate for the incorrect tagging.
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Table 1. Example of a BIO-based tagging task

Zretof of

Token Label
Hds Gil-Soo Kim PER-B
= has been 0
=4 acute Disease-B
A7 = upper respiratory Disease-1
=4 infection Disease-1
o= - 0
A last DAT-B
3¢ August DAT-I
5 since 0
& medication Treatment-B
A= treatment Treatment-1
= - 0
LA - 0
ATk - 0
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Table 2. Named Entity Tags for NAVER NER
corpus and KBMC

N Category NAVER e KBMC

1 person PER PER

2 location LOC LOC

3 | organization ORG ORG

4 date DAT DAT

5 time TIM TIM

6 quantity NUM NUM

7 artifact AFW AFW

8 event EVT EVT

9 animal ANM ANM

10 plant PLT PLT

11 material MAT MAT

12 | study field FLD FLD

13 civilization CVL CVL

14 term TRM -

15 disease - Disease

16 body - Body

17 treatment - Treatment
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Table 3. Language Models used in the Experiment

Derived model
Base . .
(Pre-trained Checkpoint
Model
language model)
KlueBERT Klue/bert-base
BERT KlueRoBERTa Kklue/roberta-base
KR-BERT snulp/KR-BERT-MEDIUM
LMkorBERT kykim/bert-kor-base

H 4. A0 REES M™o| =55ty
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Table 4. Hyper-parameters for Transfer-Learning
Language Models

o

Batch size 32(training) 10 4(§taﬂating)
Learning rate 5e-5
Optimizer Adam
Epoch 273
Loss function BinaryCrossentropy
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Table 5. Performance Comparison of Korean
Biomedical Named Entity Recognition

Derived model -
(Pre-trained language model) Fl-score
KlueBERT 82.16
KlueRoBERTa 83.82
LMkorBERT 82.00
KR-BERT 79.30
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Table 6. F1-score for Biomedical tags by
Language Model

Body Disease | Treatment
KlueBERT 0.81 0.86 0.77
KlueRoBERTa 0.81 0.86 0.79
LMkorBERT 0.79 0.86 0.76
KR-BERT 0.73 0.81 0.69
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Table 7. Examples of incorrect tagging

Incorrect Correct
("4 ¢’ 'Disease-B'), ("2 (' i‘é 'Disease-B"),("2',/0’),
",’Disease-I'),('A& | ('9AE" 'Disease-1"),(' &l
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