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state-of-the-art pre-trained language Model #Params | #Data e .
PhoBERT_base [EEIV e
models PhoBERT Jurge | 370M Quantitative Weaknesses:
PhoBERT _base-v2 135M | 140GB
3. We conduct extensive quantitative and B iy 1. Misclassify PREVENTIVEMED due to
qualitative error analysis e M overlap with DRUGCHEMICAL and
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BARTpho 96| _20GB TREATMENT
2. Good performance in straightforward
VietMed-NER Results on Human Transcripts categories, low performance in more
. - NER Model Prec. | Rec. | F1 complex categories.
- Based on the VietMed medical BARTpho 062 o073 Toes o
ASR dataset mBART-50 064 | 0.66 | 0.65 Qualitative Weaknesses:
) ) PhoBERT _base 0.67 | 0.78 | 0.72
- 18 medical entity types - the largest PhoBERT base-v2 | 0.68 | 0.79 | 0.74 1. Ambiguity: similar descriptors and
PhoBERT_large 0.69 | 0.77 | 0.73 .
spoken NER dataset VIDeBERTa base | 0.50 | 041 | 0.45 context leads to confusion between
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1. Create a gazetteer list of NERs . 2. Span Errors: truncated multi-word
from manually annotated chosen Results on ASR Transcripts entities (e.g., “high blood” vs “high
samples from VietMed NER ASR__[ Prec. [ Rec. | FI blood pressure”) and splitting of
. " ViDeBERTa_base | XLSR-53-Viet | 0.45 | 0.34 | 0.39 "
2. Automatically map entities to the wwvavie | 045 | 034 | 039 compound entities leads to errors
. . ViT5_base XLSR-53-Viet | 0.52 | 0.46 | 0.48
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annotate (NE, sen) wvaviee | 055 | 0.30 | 0.52 1. Annotation: We have not quantify
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annotatlons w2v2-Viet 0.56 | 0.56 | 0.56
PhoBERT large | XLSR53-Viet | 0.57 [ 0.5 [ 0.56 2. Evaluation Metrics: Standard
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e mTJﬂmL'm Tm:mrm qu;mluu Tuulmem XLM-R_large XLSR-53-Viet | 0.60 | 0.56 | 0.58 Importance of medical terms.
AGE “Ageofaperson | e[ 18] 5] 61| & 1es| 51| Wav2Viet 060 | 056 | 0.58
GENDER Gender of a person 20| 30 46| 15| 451 33| 69| 7
JOB Job of a person 531 3] 133] 16] 62| 43] 1238] 91|
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DRUGCHEMICAL Bio-chemical substances and drugs 1054 [ 255 | 263 | 104 | 684 136 2001 | 495
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SURGERY Surgcl procedres, ¢ ¢ implants oewosurgey | 197] B 55| D] 20| W] 2| B dilution problem
eSS CANTE i e e s @ W Wi s| | 2. Encoders outperformed seq2segs
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FEntics n ol 11109 | 2001 | 2729 | 8499 | 7897 | 1464 | 21735 | 8314 does not affect cascaded NER performance CODE + DATASET
#Sentences 4620 1150 3500 9210
4. Performance of all models drop moving from
human — ASR transcripts




