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Background 

More and more clinical notes generated these days which contain very important clinical concepts like 
Problem, Tests, and Treatments. It is very important to develop efficient and accurate information 
extraction tools and methods to unlock structured information from this growing amount of raw 
unstructured text for use in clinical natural language processing research. Named entity recognition (NER) 
is one of the fundamental clinical NLP tasks and has long attracted much attention from researchers. In 
the medical domain, a lot of studies have been explored on NER in English clinical notes;1 however, very 
limited NER research has been carried out on clinical notes written in Korean. The goal of this study was 
to systematically investigate cross-lingual transformer models for NER in Korean clinical notes.2,3,4 

Methods 

Three state-of-the-art pre-trained transformer-based language models were explored: BERT-KORBASE, 
BERT-MULTILINGUALBASE, and XLM-ROBERTABASE, where BERT-KORBASE was a monolingual language model 
that was pre-trained on a 70GB Korean text dataset, BERT-MULTILINGUALBASE was a multilingual BERT 
model that was pre-trained on 104 languages with the largest Wikipedias dataset, and XLM-ROBERTABASE 
was a multilingual language model that was pre-trained on 100 languages with 2TB CommonCrawl 
dataset. An additional BI-LSTM-CRF model was trained and taken as baseline. 

A total of 500 discharge summaries were randomly selected from a Korean tertiary hospital database, 
Ajou University School of Medicine (AUSOM), for this study. The clinical notes were manually reviewed 
and annotated with Problems, Tests, and Treatments entities using CLAMP (Clinical Language Annotation, 
Modeling, and Processing toolkit) according to a predefined guideline.5 The annotated corpus was 
preprocessed with sentence boundary detection and tokenization and then transformed into the “BIO” 
format for training, where “B” represents the beginning of an entity, “I” represents tokens inside an entity, 
and “O” represents all other nonentity tokens.  

The NER task was formulated as a sequence labeling task and performed by fine tuning the pre-trained 
transformer models using a linear classification layer to predict token tags using the training corpora. A 5-
fold cross-validation (train/dev/test subsets with a ratio of 60%:20%:20%) was used to train and evaluate 
the performance of the NER models. The performance of all the NER models were evaluated using both 
the strict and relaxed micro precision, recall, and F1-score. 



 

 

Results 

Table 1 shows the strict and relaxed micro P/R/F1 scores of 4 NER models. It shows that the multilingual 
XLM-ROBERTABASE model achieved the best performance (strict F1-score 0.821) and both XLM-
ROBERTABASE and BERT-MULTILINGUALBASE models outperform the baseline BI-LSTM-CRF model, while BI-
LSTM-CRF model outperforms BERT-KORBASE model. 

Table 1. The strict and relaxed overall performances (P/R/F1) on the test sets of the corpus. Numbers in 
the parentheses are results based on the relaxed matching criteria. The boldface represents the best 
performance on Precision, Recall and F1-score. 

  P R F1 

BERT-KORBASE 0.741(0.829) 0.779(0.874) 0.760(0.851) 

BERT-MULTILINGUALBASE 0.787(0.861) 0.816(0.894) 0.801(0.877) 

XLM-ROBERTABASE 0.808(0.878) 0.835(0.908) 0.821(0.893) 

BI-LSTM-CRF 0.782(0.837) 0.792(0.870) 0.786(0.853) 

 
Conclusion 

In this study, we systematically explored the pre-trained language models for NER and built Korean NER 
models using clinical notes. Our results showed that the multilingual XLM-ROBERTA achieved the best 
performance on P/R/F1, which demonstrated the potential advantages of multilingual language models 
on cross-lingual task such as NER compared to monolingual language model. In the future analysis, we will 
utilize the cross-lingual corpus to improve the current NER models. 
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