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Abstract

Dictionary-based named entity recognition (NER) with standardized terminology in radiology reports has the
advantage of expressing the association relationships between extracted compounds. An accuracy with NER is
known lower than machine-learning approach such as conditional random fields (CRF). However, it has a benefit
to performing NER based on standard vocabularies like ontology because relationships between technical terms
are available. Therefore, we attempt to expand the RadLex as a terminology, which is a representative technical
terms having agreement with radiologists. While grasping the trend of the words embedding in radiology reports,
technical terms not identified by RadLex were added to the customized dictionaries in NER tool, and we cleared
the accuracies of these terms. 163,201 items of diagnostic findings and impressions in MIMIC-I11 were used to
extract words for expanding dictionaries using Word2Vec. The parameters of Word2Vec for enhancing ability of
extracting the most similar words are discussed. The synonym with 7 epochs is the most optimized in our
approach, which is used the hierarchical softmax based skip-gram algorithm. We proposed insights for improving
dictionary-based NER using Word2Vec approaches such as building models, embedding of modifiers of
compound words, and appending compound words to the dictionary associated with the order of output cosine
values.
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