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Abstract
We release JMedWiC, a Japanese dataset for Word-in-Context (WiC) tasks specifically tailored to the medical domain.
To address the challenge of word sense disambiguation, where the meaning of a word varies depending on its context,
previous research has developed WiC datasets to evaluate word sense identity by determining whether a target word
shares the same sense across two given contexts. In the medical domain, the misinterpretation of word senses can
hinder the accurate comprehension of medical information; however, there is currently no Japanese WiC dataset
specialized for this domain. Moreover, existing WiC datasets have been constructed using lexical resources with
sense inventories, such as WordNet and UMLS, but such resources are not sufficiently developed for Japanese.
Therefore, we construct a Japanese WiC dataset in the medical domain by manually annotating sense-identity labels
for target words in context pairs automatically extracted from a large-scale corpus, without relying on lexical resources.
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1. Introduction

Word sense ambiguity, where a word takes on dif-
ferent meanings depending on the context, is one
of the causes of performance degradation in down-
stream tasks such as machine translation (Chan
et al., 2007) and information retrieval (Stokoe et al.,
2003). To address this issue, research on word
sense disambiguation (Navigli, 2009), which as-
signs appropriate sense labels to words in a con-
text, has been conducted. In recent years, as a
framework that does not rely on a sense label
inventory, the Word-in-Context (WiC) task (Pile-
hvar and Camacho-Collados, 2019) has been pro-
posed, which determines whether a target word
has the same meaning in two different contexts.
WiC datasets have been developed primarily for
English (Breit et al., 2021; Pilehvar and Camacho-
Collados, 2019; Raganato et al., 2020).

In the medical domain, many words share the
same spelling as common words but have different
meanings in specialized contexts. For example,
the word “pocket” refers to a bag-like part sewn
into clothing in everyday conversation. In surgery,
it denotes a wound cavity larger than a skin de-
fect, and in dentistry, it refers to the groove formed
between a tooth and the surrounding gum. Such
polysemy specific to the medical domain is not fully
covered by existing WiC datasets. Therefore, while
a WiC dataset specific to the medical domain has
been constructed for English (Rouhizadeh et al.,
2024), no such dataset exists for Japanese or other
languages.

Furthermore, many existing WiC datasets are
constructed based on lexical resources that ex-
plicitly define sense inventories, such as Word-

Net (Miller, 1994) and UMLS (Bodenreider, 2004),
by extracting context pairs in which the target word
has the same sense and context pairs in which it
does not. In contrast, Japanese sense inventories
specific to the medical domain are not sufficiently
developed, and it is difficult to construct datasets
using a similar approach.

In this study, we leverage contextualized word
representations generated by BERT (Devlin et al.,
2019) to construct a Japanese WiC dataset for the
medical domain. Contextualized word representa-
tions are capable of capturing semantic differences
of the same word based on its context as continu-
ous representations. Leveraging this property, we
automatically extract synonymous pairs and non-
synonymous pairs and then perform manual an-
notation to construct JMedWiC', a Japanese WiC
dataset for the medical domain. Our JMedWiC
consists of two subsets, medical and general, each
containing 1,000 context pairs.

2. Related Work

WiC (Pilehvar and Camacho-Collados, 2019) is a
task that determines whether a target word has
the same meaning in two different contexts, and
datasets have been developed primarily for En-
glish (Breit et al., 2021; Pilehvar and Camacho-
Collados, 2019; Raganato et al., 2020). The WiC
datasets are centered on the lexical resource Word-
Net (Miller, 1994), which organizes words by sense
units (synsets), and are constructed based on
whether the target words share the same sense ID.
In the medical domain, BioWiC (Rouhizadeh et al.,

"https://github.com/EhimeNLP/JMedWiC
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Target Contexts (A/B)

Label

A: COEI DN EBDORBAITHKE I HRD 5,

I A

(From around this time, he began to suffer from pain in his elbow and right shoulder.)
B: T X VHD S MITIEEAZIEL 5 Z &3,
(Pain is not felt in dental caries of the enamel.)

True

medical

A: FREE D RIS & L TR B HE DO EH VDX E N,
(Which is the most common benign tumor of the chest wall?)
B: $ic. RV 2 RKOMED D 2ED D 53K,

False

(On a silver field, a castle with a tower featuring two red breastworks.)

A:EEZE U TOHREEME 72TV 5,

(It is also a place for appreciating nature throughout the four seasons.)
B: KFEMESRICE T 2 5B HEBER T, BFEDLDH 5,

(Climates classified as continental are relatively temperate and feature four seasons.)

True

general

BID s s, L. RO,

A: PDF OO K D BEUD 3#ER 72 H DTH - 2,
(The early adoption of PDF was gradual.)

False

(His preferred techniques are a right-hand inside grip, pushing, and leg picks.)

Table 1: Examples from JMedWiC

2024) has been constructed based on the Unified
Medical Language System (UMLS) (Bodenreider,
2004), which integrates medical and biomedical
concept systems, and is built according to whether
the target word shares the same concept ID.

All of these existing datasets rely on lexical re-
sources that explicitly maintain sense inventories,
and in domains where such resources are unavail-
able, constructing datasets using the same method-
ology is challenging. In the Japanese medical do-
main, lexical resources such as WordNet or UMLS
have not been sufficiently developed, and conse-
quently, no WiC dataset has been constructed.

3. JMedWiC Datasets

To evaluate the ability to determine word sense
identity in Japanese, we constructed JMedWiC, a
WiC-format dataset. JMedWiC consists of two sub-
sets: medical, which targets medical terms, and
general, which targets general-domain terms. In
this study, we select the target vocabulary for eval-
uation in each subset and collect their contextual
occurrences from two different text corpora. We
then automatically extract context pairs based on
the semantic similarity of the target word and de-
termine the final labels through manual annotation.
Table 1 presents examples from our JMedWiC.

3.1. Target Vocabulary and Contexts

For the medical subset, we use JMED-DICT mini?
as a vocabulary list for the medical domain. JMED-

’https://sip3-d2.naist.jp/Jmed-dict.
html

DICT is a dictionary that systematically collects vo-
cabulary in the Japanese medical domain and con-
sists of three sub-datasets: BODY, MEDICATION,
and DISEASE. From this dictionary, we extracted
9,257 terms based on frequency information, and
selected 6,476 terms consisting of 5 characters or
fewer as target words. For the general subset,
we extracted 7,500 content words from the high-
frequency entries of the BCCWJ vocabulary list®,
and selected 7,395 words consisting of 5 charac-
ters or fewer as target words.

In this study, we use Wikipedia* as a corpus cov-
ering a wide range of general-domain contexts. In
addition, to ensure the inclusion of medical-domain
contexts, we collected medical texts from the on-
line medical encyclopedia, the MSD Manuals®. For
each corpus, we applied a rule-based sentence
segmentation method®. For the medical subset,
sentences containing the target words were ex-
tracted from both Wikipedia and the MSD Manuals,
whereas for the general subset, such sentences
were extracted from Wikipedia. To accurately iden-
tify the occurrence positions of the target words,
we applied word segmentation using MeCab (Kudo
et al., 2004)7, incorporating a medical dictionary®.
In addition, to exclude extremely short or overly long

3Short-unit word list ver.1.0 of the Balanced Corpus
of Contemporary Written Japanese (BCCWJ).

4https://huggingface.co/datasets/
range3/wiki40b-ja

Shttps://www.msdmanuals.com

fhttps://github.com/wwwcoip/ja_
sentence_segmenter

"nttps://taku910.github.io/mecab/

®https://sociocom.naist. jp/
j-meddic-for-mecab/
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sentences, only sentences with lengths between
10 and 50 characters were retained.

3.2. Context Pairing

To efficiently extract candidate pairs for manual
annotation, we propose a context-pairing method
based on the cosine similarity of contextualized
word embeddings. Since contextualized word em-
beddings represent the same word differently de-
pending on its context, the semantic closeness of
a word can be estimated based on the cosine simi-
larity between its vectors in two different contexts.

In this method, each context is fed into a masked
language model, and the hidden-state vector cor-
responding to the target word token is used as the
contextualized word embedding. If the target word
is segmented into multiple subwords, the mean of
their vectors is used. The cosine similarity between
these vectors is computed for context pairs contain-
ing the same target word. We extracted pseudo-
synonymous pairs and pseudo-non-synonymous
pairs using the predetermined thresholds 0pign and
ebw-

3.3. Automatic Construction of Dataset

To select a masked language model suitable for
context pairing, we employed a word alignment
task to measure the models’ ability to identify se-
mantic correspondences between words. Four
Japanese masked language models were evalu-
ated: BERT?® (Devlin et al., 2019), RoBERTa'? (Liu
et al., 2019), ModernBERT"! (Warner et al., 2025),
and JMedRoBERTa'2. For evaluation, we used 300
sentence pairs extracted from the Japanese evalu-
ation set of the medical text simplification parallel
corpus'® (Horiguchi et al., 2025), which consists of
semantically aligned complex and simplified medi-
cal sentences. For each sentence, word segmen-
tation was performed using MeCab (Kudo et al.,
2004) augmented with the medical dictionary”, and
the first author manually annotated the word align-
ments. For the alignment method, we used SimA-
lign (Jalili Sabet et al., 2020), which pairs word to-
kens that maximize the cosine similarity of their con-
textualized embeddings'#, and performance was
evaluated using the F-score.

9https://huggingface.co/tohoku—nlp/
bert-base-japanese-v3

Ohttps://huggingface.co/nlp-waseda/
roberta-base-japanese

"https://huggingface.co/sbintuitions/
modernbert-ja-130m

2https://huggingface.co/alabnii/
jmedroberta-base—sentencepiece

Bhttps://github.com/EhimeNLP/
MultiMSDcorpus

4SimAlign parameters: bpe, argmax, distortions=0.1

Precision Recall F-score
BERT 65.51 76.64 70.64
RoBERTa 65.63 72.08 68.70
ModernBERT 64.31 76.71 69.96
JMedRoBERTa 53.30 77.76 63.24

Table 2: Results of Word Alignment Using SimAlign

True False Total
medical 570 (700) 430 (300) 1,000
general 597 (500) 403 (500) 1,000

Table 3: Label distribution of JMedWiC (parenthe-
ses show automatic extraction counts).

As shown in Table 2, BERT achieved the high-
est F-score. Therefore, in this study, we adopt
BERT and perform the context pairing described
in Section 3.2 on the set of contexts extracted in
Section 3.1. To avoid pairing non-medical con-
texts within the medical subset, we imposed
the condition that at least one context in each
pair must be derived from the MSD Manuals. In
context pairing, pairs with a cosine similarity of
0.75 < 6high < 0.80 were classified as pseudo-
synonymous pairs, while those with a cosine similar-
ity less than 6,y = 0.6 were classified as pseudo-
non-synonymous pairs. From the candidate set
obtained through context pairing, we selected a
total of 1,000 pairs for the medical subset, con-
sisting of 700 pseudo-synonymous pairs and 300
pseudo-non-synonymous pairs, and a total of 1,000
pairs for the general subset, consisting of 500
pseudo-synonymous pairs and 500 pseudo-non-
synonymous pairs. The lower proportion of non-
synonymous pairs in the medical subset is due
to the limited size of the MSD Manuals compared
to Wikipedia, which restricted the number of con-
texts available for extraction. Since the contexts
collected from the MSD Manuals are subject to re-
distribution restrictions, the corresponding contexts
among the selected 1,000 pairs were rephrased
while preserving their meaning using MedQwen-
72b' (Kawakami et al., 2025), a large language
model specialized in the medical domain.

3.4. Synonymy Annotation

For the collected context pairs, one medical pro-
fessional annotated the medical subset, and one
student annotated the general subset, indicating
whether the target word had the same meaning in
each pair. As a result of the annotation, WiC-format
datasets consisting of 1,000 pairs each were con-

®https://huggingface.co/pfnet/
Preferred-MedLLM-Qwen—-72B
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medical general
Precision Recall F-score Precision Recall F-score
BERT 0.693 0.868 0.771 0.839 0.760 0.798
Masked Lanauage Model RoBERTa 0.658 0.854 0.744 0.598 0.980 0.743
guag ModernBERT 0.628 0.875 0732 0598 0993 0.746
JMedRoBERTa 0.567 0.956 0.711 0.598 0.997 0.747
BERT 0.650 0.840 0.733 0.660 0.660  0.660
Masked Language Model RoBERTa 0.572 0.937 0.710 0.574 0.895 0.699
+ Clustering ModernBERT 0.570 0.984 0.722 0.569 0.993 0.723
JMedRoBERTa 0.530 0.751 0.621 0.569 0.970 0.717
Swallow-8b 0.838 0.570 0.678 0.860 0.216 0.345
Large Lanquace Model lImjp-13b 0.853 0.409 0.553 0.886 0.131 0.228
ge Languag Qwen-72b 0.885  0.637 0.741 0.929  0.305 0.459
MedQwen-72b 0.882 0.563  0.687 0.889 0.362 0.514

Table 4: Evaluation results of word sense identity determination in medical and general domains.

structed for both subsets (Table 3). The consistency
between automatically assigned labels, determined
using the cosine similarity thresholds, and the man-
ual annotations was 81.2% for the medical subset
and 82.3% for the general subset.

4. Experiments

We evaluate the performance of three unsuper-
vised methods on JMedWiC.

4.1. Experimental Setup

Masked Language Model Each context is input
to BERT, and the subword embeddings correspond-
ing to the target word are averaged to obtain a
contextualized word embedding. The cosine simi-
larity between the word embeddings obtained from
the two contexts is computed. If the similarity ex-
ceeds the threshold 8, the meanings are considered
identical; if it is below 0, the meanings are con-
sidered different. We used four Japanese BERT
models: BERT?, RoBERTa'?, ModernBERT'!, and
JMedRoBERTa'2. The threshold # was selected
from {0.50,0.55,...,0.95} as the value that maxi-
mized the F-score. It should be noted that BERT
was used during dataset construction (Section 3.3),
which gives it a favorable condition compared with
the other models.

Masked Language Model + Clustering We em-
ploy DBSCAN (Ester et al., 1996), a density-based
clustering method that does not require a predeter-
mined number of clusters, to evaluate word sense
identity. All contexts containing the target words
were collected from Wikipedia* and the MSD Man-
uals® for the medical subset and from Wikipedia
for the general subset, and contextualized word
embeddings were obtained for these contexts. DB-
SCAN is then applied to the set of contextualized

embeddings, including the contexts to be evaluated,
and two contexts are considered to have the same
meaning if they belong to the same cluster, and
different meanings if they belong to different clus-
ters. The same four Japanese masked language
models as in the previous section were used.

Large Language Model In zero-shot in-context
learning with a large language model (LLM), the
model is provided with an instruction, the target
word, and a context pair, and is prompted to out-
put whether the target word has the “same” or “dif-
ferent” meaning in the two contexts. The models
used include the general-purpose LLMs Swallow-
8b'® (Fuiii et al., 2024), lImjp-13b'” (LLM-jp, 2024),
Qwen-72b'® (Qwen Team, 2025), and the medical-
domain LLM MedQwen-72b'® (Kawakami et al.,
2025). The prompt given to the LLMs is as follows:

e Prompt ~

LUFR®D 2 DD BV THREGE D E IR HE
Y50zl T EE WV, RUEKTDH
E TRIC), BR2BRTHIUE TES) &
B ZTL7EEW, (Please determine whether
the target word has the same meaning in the
following two sentences. If the meaning is
the same, answer “same”; if the meaning is
different, answer “different.”)

4.2. Results

The experimental results are presented in Table 4.
BERT exhibited markedly high performance in

16https://huggingface.co/tokyotech—llm/
Llama-3.1-Swallow-8B-Instruct-v0.5

"https://huggingface.co/llm-3p/
1lm-jp-3.1-13b-instruct4

®Bhttps://huggingface.co/Qwen/Qwen?.
5-72B-Instruct

225


https://huggingface.co/tokyotech-llm/Llama-3.1-Swallow-8B-Instruct-v0.5
https://huggingface.co/tokyotech-llm/Llama-3.1-Swallow-8B-Instruct-v0.5
https://huggingface.co/llm-jp/llm-jp-3.1-13b-instruct4
https://huggingface.co/llm-jp/llm-jp-3.1-13b-instruct4
https://huggingface.co/Qwen/Qwen2.5-72B-Instruct
https://huggingface.co/Qwen/Qwen2.5-72B-Instruct

both domains, as the cosine similarity was com-
puted based on the same contextualized embed-
dings used during dataset construction. Excluding
BERT, RoBERTa with a cosine similarity threshold
achieved the highest performance on the medical
evaluation, while those of JMedRoBERTa achieved
the best performance on the general evalua-
tion. Overall, masked language model + clustering
demonstrated comparable performance compared
with masked language models using optimal cosine
similarity thresholds, whereas zero-shot in-context
learning with LLM demonstrated a decrease in per-
formance.

When comparing across domains, performance
inthe medical subsettended to surpass thatin the
general subset. Medical terms are often used in
specialized contexts, and their range of meanings
is relatively limited, which may have made sense
disambiguation easier. In contrast, general terms
often appear in contexts that are polysemous or
figurative, making sense boundaries more ambigu-
ous and thereby increasing the difficulty of sense
disambiguation.

Comparing general purpose and medical special-
ized models on the medical subset, no clear ad-
vantage was observed for the medical-specialized
models; both JMedRoBERTa and MedQwen-72b
performed worse than the general-purpose mod-
els. This result suggests that what is important for
the WiC task may not be domain-specific knowl-
edge about the target words themselves, but rather
general linguistic knowledge for identifying sense
equivalence from context.

5. Conclusion

In this study, we constructed JMedWiC, consist-
ing of 1,000 pairs each for the medical and gen-
eral domains, to evaluate the ability to determine
context-dependent word sense identity in Japanese
medical texts, using contextualized word embed-
dings for context pairing and manual annotation.
Experiments showed that masked language mod-
els based on cosine similarity thresholds performed
best in both the medical and general domains, out-
performing both masked language model + cluster-
ing and large language models. In addition, it was
revealed that medical-specialized models do not
necessarily outperform general-purpose models,
and that the task difficulty differs across domains.
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