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Abstract

In high-stakes domains such as medicine, ensuring transparency of the training corpus is essential, with careful
consideration of local healthcare landscapes; however, the majority of existing medical large language models (LLMs)
have not disclosed the details of their training corpora. Here, we introduce an open recipe for domain adaptation of
LLMs to the Japanese medical domain. We employed fully open-source Japanese general-domain LLMs as base
models, whose pre-training datasets are also disclosed. To establish effective corpora for domain adaptation through
continued pre-training, we started with small-scale medical datasets and ultimately constructed a medical corpus
consisting of 79.6B tokens, incorporating local clinical guidelines, medical textbooks, and other domain-specific
resources. The resulting LLM from continued pre-training, namely SIP-med-llm-8×13B, with an active parameter
count of 22B, demonstrated favorable accuracy on benchmarks including the Japanese National Medical Examination.
This performance was comparable to that of 70B-parameter open-weight models whose construction details remain
non-transparent. This represents the first case in the Japanese medical field where complete corpus details have
been disclosed for fully from-scratch development, providing important insights for future efforts to construct medical
LLMs tailored to the specific characteristics of local contexts. The model is available publicly at this Hugging Face
repository: https://huggingface.co/SIP-med-LLM/SIP-jmed-llm-2-8x13b-OP-instruct.

Keywords: large language models, medicine, Japanese medical domain, domain adaptation, continued
pre-training, medical corpus, Mixture of Experts, transparency

1. Introduction

The integration of large language models (LLMs)
into healthcare offers transformative potential in
areas such as clinical decision support, patient
communication, and medical knowledge discov-
ery. General-domain LLMs, including the GPT se-
ries (OpenAI, 2023) and LLaMA (Touvron et al.,
2023a), exhibit remarkable natural language under-
standing capabilities that can manage certain spe-
cialized knowledge. However, in the high-stakes
medical domain, where accuracy and reliability are
critical, domain-specific adaptations are essential
to meet the unique requirements of clinical exper-
tise, language, ethics, and regulations. For exam-

Equal contributions for all authors, listed in alphabet-
ical order.
† Corresponding authors.

ple, models like Med-PaLM (Singhal et al., 2023)
and Meditron (Chen et al., 2023a) have been fine-
tuned on biomedical corpora, achieving scores
that exceed the human passing threshold on the
MedQA benchmark of United States Medical Li-
censing Examination (USMLE)-style questions (Jin
et al., 2020).

Despite these advancements, existing medical
LLMs still encounter key challenges, notably the
lack of transparency in their construction recipes.
This opacity impairs reproducibility and adapta-
tion to local medical contexts, including racial dis-
parities, regional disease prevalence variations,
healthcare accessibility differences, and specific
treatment protocols. Proprietary models like Med-
PaLM (Singhal et al., 2023), for instance, provide
limited details on training data, hindering bias eval-
uations and localized customizations. Even open-

https://huggingface.co/SIP-med-LLM/SIP-jmed-llm-2-8x13b-OP-instruct
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source initiatives such as Meditron (Chen et al.,
2023a), while documenting curated medical re-
sources, rely on foundational models like LLaMA-
2 with undisclosed data sources and processes.
Consequently, most medical LLMs lack end-to-end
transparency from scratch, underscoring the need
for publicly shared, clear recipes to enable effective,
locality-specific adaptations.

Adaptation of medical LLMs into locality-specific
clinical contexts is essential for delivering the best
patient care that reflects their actual environment
and societal context. For example, in Japan,
such efforts might include deep knowledge of
unique elements, including specialized terminol-
ogy, universal health insurance coverage, hybrid
medicines integrating Western and Eastern prac-
tices (e.g., Kampo herbal medicine), and cultural-
ethical considerations. Recent developments, such
as Preferred-MedLLM-Qwen-72B (Iwasawa, 2025),
exemplify effective localization by continuing pre-
training on the Qwen2.5-72B base model (Hui et al.,
2024) with a Japanese medical corpus, thereby
achieving high accuracy on the IgakuQA bench-
mark (Kasai et al., 2023)–a rigorous Japanese
equivalent to the Medical Licensing Exam. How-
ever, like other adaptations from open-weight mod-
els, Qwen-based efforts still face transparency lim-
itations, stemming from undisclosed pretraining
data sources in the base model, which can im-
pede thorough bias evaluations and complete re-
producibility in diverse localized contexts.

Here, we address these transparency and local-
ization challenges by introducing an open recipe
for domain adaptation through continued pretrain-
ing for the Japanese medical domain. By adopting
fully open-source Japanese general-domain base
models with disclosed pretraining datasets (LLM-jp
et al., 2024), we conducted a two-stage approach
(see Figure 1 for the overview of our study). First,
in the corpus expansion studies, we began by con-
structing a corpus consisting primarily of publicly
available medical texts on the web. Recogniz-
ing the relative scarcity of Japanese medical texts
compared to English ones, which hinders effec-
tive domain adaptation, we overcame this chal-
lenge through machine translation, ultimately build-
ing a balanced English-Japanese medical corpus
consisting of 79.6 billion tokens. These include
local clinical guidelines, medical textbooks, and
domain-specific resources to align with Japan’s
unique healthcare context. Model evaluation was
conducted using JMedBench (Jiang et al., 2025)–a
benchmark suite for comprehensively evaluating
performance in the Japanese medical domain–as
the primary evaluation metric.

Consequently, we built a mixture-of-experts
(MoE) model with 8×13B parameters, namely SIP-
med-llm-8×13B. Due to its computational effi-

ciency owing to the MoE architecture, it delivers
competitive performance on these benchmarks
with only 22 billion active parameters, matching
larger 70B-parameter models (e.g., Qwen-2.5-72B
and its derivatives). This performance comparison
constituted our second step. Our study represents
the first fully disclosed end-to-end development in
the Japanese medical domain, providing key in-
sights for developing locally tailored LLMs globally.

Our contributions are threefold:

• Introducing a reproducible, open recipe for do-
main adaptation that prioritizes transparency in
corpus composition and pretraining processes.

• Exploring domain adaptation strategies based
on comprehensive evaluations using JMed-
Bench, including the necessity of machine
translation for adapting to the Japanese medi-
cal domain.

• Demonstrating that a transparent MoE model
with 22 billion active parameters can match
the accuracy of larger, opaque counterparts
on rigorous medical benchmarks.

2. Related Work

2.1. Transparency in Medical LLM
Construction

Transparency of model architecture, training
datasets, methodologies, and update processes
is essential to ensure the dependable operation
of medical LLMs as components of medical sys-
tems in clinical practice (Riedemann et al., 2024).
However, full disclosure in medical LLM construc-
tion, especially regarding corpus composition and
data handling, continues to pose a critical chal-
lenge. Frontier models, such as GPT (OpenAI
et al., 2024; Arora et al., 2025), Med-PaLM (Singhal
et al., 2023, 2025), Gemini (Team, 2025; Pal and
Sankarasubbu, 2024), and DeepSeek (DeepSeek-
AI et al., 2025; Sandmann et al., 2025; Tordjman
et al., 2025), have demonstrated high performance
across medical tasks, including medical licensing
examinations, differential diagnosis (McDuff et al.,
2025), and patient conversations (Tu et al., 2025).
Despite these achievements, limited disclosure of
data filtering and versioning hinders bias audits and
reproducibility, compromising trust in medical ap-
plications (Riedemann et al., 2024; Comeau et al.,
2025).

In contrast, open-weight models aim to address
disclosure gaps by sharing model weights and
enabling community-driven improvements. The
growing list includes LLaMA-based models, such
as Meditron (Chen et al., 2023b) and LLaMA-3-
Meditron (Sallinen et al., 2025); Mistral-based mod-
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Figure 1: Study overview. This study involves two phases. (1) Corpus expansion began with En-
Dominant (44.2B tokens), primarily English medical texts from Web Crawl Data, Clinical Guidelines,
and English Paper Abstracts/Full Texts. EnJa-Balance (75.6B tokens) was created by adding machine-
translated Japanese data from PubMed/PMC Open Access Subset and J-STAGE papers. EnJa-Hybrid
(79.6B tokens) further incorporated publisher-licensed Japanese Medical Textbooks and parallel corpora
from PubMed Abstracts. (2) General-domain Japanese LLMs were fine-tuned via continued pre-training
on these corpora and evaluated using JMedBench, a comprehensive Japanese medical benchmark
suite. Comparisons with other open-weight models validated the effectiveness of our transparent corpus
construction for domain adaptation in Japanese medicine.

els, such as BioMistral (Labrak et al., 2024); Qwen-
based models, such as Apollo (Wang et al., 2024)
and QwQ-Med-3 (Dedhia et al., 2025); the Aloe
family (Garcia-Gasulla et al., 2025) derived from
either LLaMA or Qwen; and Gemma-based mod-
els, such as MedGemma (Sellergren et al., 2025)
and TxGemma (Wang et al., 2025b). Nevertheless,
these models are generally derived from general-
purpose LLMs, such as LLaMA and Qwen, whose
pre-training datasets and processes remain par-
tially undisclosed. This limitation prevents them
from fully meeting the stringent transparency de-
mands of medical applications. Thus, achieving
true transparency in medical LLMs requires not
only open weights but also complete disclosure
of foundational processes to ensure reliability in
healthcare settings.

2.2. Localization in Non-English Medical
LLMs

While most foundational LLMs are trained on
English-dominant datasets, localization for non-
English medical domains is crucial to address lin-
guistic, cultural, regulatory, and clinical nuances,
thus reinforcing the need to localize medical LLMs
within their own contexts. In particular, the de-
velopment of Chinese medical LLMs has been
vigorous, with significant advancements not only
in model construction but also in the curation of
specialized datasets and benchmarks (Liu et al.,
2024). For example, Zhongjing, a LLaMA-based
model, enhances Chinese medical capabilities
with a particular focus on traditional Chinese
medicine (Yang et al., 2023). The Huatuo series,
including HuatuoGPT (Zhang et al., 2023) and
HuatuoGPT-o1 (Chen et al., 2024), focuses on com-
plex medical reasoning and specialist disciplines,
achieving over 80% accuracy on benchmarks like

MedQA. Baichuan-M1, a scratch-trained medical
LLM trained on 20T tokens with a range of effective
training methods, not only performs strongly across
general domains such as mathematics and coding
but also excels in specialized medical fields (Wang
et al., 2025a). Moreover, general-purpose Chinese
LLMs, such as the DeepSeek and Qwen series,
also excel in clinical decision support and health-
care applications (Sandmann et al., 2025; Tordjman
et al., 2025), surpassing human passing scores on
medical licensing exams (Zhu et al., 2025).

However, specializing LLMs in specific fields is
not always straightforward for many other language
communities with relatively smaller speaker pop-
ulations compared to English and Chinese. One
technical challenge stems from the imbalance of
language resources in expert documents, where
the dominant portion of circulating medical texts is
written in English, surpassing the volume of those
written in local languages, such as Japanese. For
example, PubMed hosts over 38 million biomed-
ical papers globally1, while J-STAGE, a compa-
rable Japanese database, contains only around
5 million2. Possibly reflecting these difficulties,
the number of specialized models for Japanese
medicine has been limited, including Preferred-
MedLLM-Qwen-72B (Iwasawa, 2025) and LLaMA3-
Preferred-MedSwallow-70B3 built upon Qwen and
LLaMA families, respectively. Therefore, a practi-
cal recipe for constructing training corpora remains
crucial, regarding what types of corpora are es-

1Statistics of PubMed: https://pubmed.ncbi.
nlm.nih.gov/about/

2Statistics of J-STAGE: https://www.jstage.
jst.go.jp/browse/-char/en

3Hugging Face repository:
https://huggingface.co/pfnet/
Llama3-Preferred-MedSwallow-70B

https://pubmed.ncbi.nlm.nih.gov/about/
https://pubmed.ncbi.nlm.nih.gov/about/
https://www.jstage.jst.go.jp/browse/-char/en
https://www.jstage.jst.go.jp/browse/-char/en
https://huggingface.co/pfnet/Llama3-Preferred-MedSwallow-70B
https://huggingface.co/pfnet/Llama3-Preferred-MedSwallow-70B
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sential for local medical domain adaptation and
whether machine translation could effectively en-
hance the efficacy of LLMs working in local con-
texts. This study addresses this gap by providing
an open recipe for medical domain adaptation in
Japanese, as an example of a low-resource lan-
guage. We incrementally built an effective corpus,
starting with small-scale medical datasets and pro-
gressively adding subcorpora. Through this corpus
expansion approach, we clarified the contributions
of each subcorpus to model performance, including
the effects of machine translation and the impor-
tance of various corpus types.

3. Base Model Selection

To ensure the end-to-end transparency of training
corpora for Japanese medical LLMs, we adopted
a family of open-source Japanese general-domain
LLMs as base models. These models, namely
the LLM-jp series, were developed by a cross-
organizational research initiative focused on ad-
vancing Japanese language processing capabil-
ities (LLM-jp et al., 2024). The LLM-jp series is
designed to provide robust general-domain lan-
guage understanding for Japanese, leveraging
large-scale, publicly disclosed pre-training datasets
to ensure reproducibility and transparency. These
general-domain LLMs were further refined through
continued pre-training on a corpus comprising 300
billion tokens, which includes a diverse set of
general-domain texts supplemented with a small
proportion of scientific literature to enhance knowl-
edge coverage. The resulting models include a
MoE model with 8×13B parameters, referred to as
8×13B-base.

Of note, the 8×13B-base model incorporates
eight specialized neural network components, each
with 13B parameters, known as “experts” (Shazeer
et al., 2017; Nakamura et al., 2025). The compo-
nent architectures, including the hidden size, num-
ber of attention heads, number of layers, and con-
text length, are identical to those of LLaMA 2 (Tou-
vron et al., 2023b). Additionally, a lightweight gating
network determines, for each token, which subset
of these eight experts is activated to process that
specific input, leaving the remaining experts inac-
tive. This selective activation allows the model to
perform inference using only a fraction of its total
parameters, resulting in improved computational ef-
ficiency. Indeed, a total parameter count of 73B can
be reduced to an active parameter count of 22B dur-
ing inference, providing lower computational cost
compared to dense models with similar parameter
scales. The base model is publicly available on
Hugging Face,4 and the 300B-token corpus is also

4Hugging Face repository: https://

disclosed on GitLab.5 Detailed information regard-
ing their construction is provided in the Appendix.

4. Medical Corpus Construction

4.1. Continued Pre-training Corpus
To enable domain-adaptive continued pre-training
of the base models, we curated a comprehensive
medical corpus. Our corpus construction policy
was as follows: in general, medical texts can be
divided into two groups: (1) widely circulated and
publicly available resources, such as medical text-
books, abstracts and full texts of medical papers
from scientific repositories like PubMed, clinical
practice guidelines, and pharmaceutical package
inserts; and (2) sensitive, confidential data con-
taining personal information, such as electronic
medical records. To ensure reproducibility in con-
structing our medical corpus, we exclusively used
resources from the first group of publicly accessible
materials.

4.1.1. Content Types

These publicly available resources were catego-
rized based on their content types as follows:

• Web Crawl Data: Healthcare content col-
lected from websites of pharmaceutical compa-
nies, medical societies, and government agen-
cies in both English-speaking and Japanese-
speaking regions, with manual curation per-
formed at the domain level for each language
region, requiring minimal filtering for broad cov-
erage.

• Benchmark Training Samples: Training split
of Japanese National Medical Examinations
(excluding IgakuQA overlap), MedQA, and
other benchmark datasets, sourced from pub-
lic resources to ensure fair assessment and
model robustness. Some English benchmarks
were translated into Japanese for use.

• Clinical Guidelines: English-language guide-
lines from the Meditron dataset (open medical
guideline data collection) (Chen et al., 2023a),
plus Japanese clinical guidelines and pharma-
ceutical package inserts, including advanced
content such as ICD manuals and guidelines
for rare diseases, offering high information den-
sity for practical use.

huggingface.co/llm-jp/llm-jp-3-8x13b.
5GitLab repository: https://

gitlab.med-jp.nii.ac.jp/datasets/
sip3-ja-general-web-corpus.

https://huggingface.co/llm-jp/llm-jp-3-8x13b
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Figure 2: Language and data type composition of En-Dominant, EnJa-Balance, and EnJa-Hybrid
corpora. (a) Token distribution by language, showing English, Japanese, and parallel text proportions.
En-Dominant is primarily English, while EnJa-Balance and EnJa-Hybrid achieve near-balanced English-
Japanese ratios through machine-translated PubMed and PMC Open Access Subset data, with EnJa-
Hybrid including parallel corpora. (b) Token breakdown by data type, including Web Crawl Data, Benchmark
Training Samples, Clinical Guidelines, Medical Textbooks, Academic Reports, Paper Abstracts, and Paper
Full Text. The progression from En-Dominant to EnJa-Hybrid reflects increasing linguistic diversity and
content specialization.

# params Hidden size # heads # layers Context window Max/Min LR Warm-up fraction TP PP CP EP GB MB
8 × 13B 5120 40 40 4096 1.5× 10−4/1.5× 10−5 3% 2 4 1 4 1024 1

Table 1: Model architecture and hyperparameters for continued pre-training. TP represents tensor
parallelism, PP pipeline parallelism, CP context parallelism, EP expert parallelism, LR learning rate, GB
global batch size, and MB micro batch size.

• Medical Textbooks: Web-published med-
ical textbook-level content and publisher-
licensed Japanese medical textbooks for med-
ical school students and clinical reference,
some of which require copyright permissions
and PDF extraction for corpus construction.

• Academic Reports: Reports from KAKEN
(a Japanese public database that includes in-
formation on adopted projects, assessment,
and research achievements), providing native-
language academic content, the majority of
which are in Japanese and machine-translated
into English to construct a parallel corpus.

• Paper Abstracts: Abstracts from PubMed,
J-STAGE (an online platform for Japanese
academic journals), and other scientific repos-
itories, some of which include machine-
translated texts via NICT’s (National Institute
of Information and Communications Technol-
ogy) science translation engine to address
Japanese resource scarcity (see the Ap-
pendix for the translation quality of this sci-
ence translation engine).

• Paper Full Text: Full articles from PMC Open
Access Subset, J-STAGE, and S2ORC (En-
glish academic paper repository by Allen Insti-
tute for AI). Similarly, some texts were trans-
lated into Japanese to augment the volume of
Japanese text data.

To ensure reproducibility and transparency in cor-

pus construction, a detailed list of data sources for
each subcorpus, along with specifics on data pro-
cessing and filtering, is provided in the Appendix.

4.1.2. Expansive Corpora Construction

These subcorpora were combined to construct En-
Dominant, EnJa-Balance, and EnJa-Hybrid, with
each corpus incrementally expanding on the previ-
ous one by adding or substituting distinct subcor-
pora, thereby increasing complexity and specializa-
tion. The differential relationships are as follows:

• En-Dominant: A corpus consisting of Web
Crawl Data, original English Paper Abstracts,
Paper Full Texts (mainly from PMC Open Ac-
cess Subset and S2ORC), clinical guidelines,
and academic reports, along with a dataset
from Benchmark Training Samples. This was
constructed as a predominantly English cor-
pus.

• EnJa-Balance: A dataset that adds machine-
translated Japanese data from PubMed Ab-
stracts and PMC Open Access Subset to En-
Dominant, achieving a nearly balanced ratio
between English and Japanese. Paper ab-
stracts and full text from J-STAGE were also
included to enhance the medical knowledge
originally written in Japanese.

• EnJa-Hybrid: A corpus that converts the
machine-translated Japanese data from
PubMed Abstracts (added in EnJa-Balance)
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into a parallel corpus with the original English
abstracts, and further incorporates publisher-
licensed medical texts. This maintains a
balanced English-Japanese ratio while adding
parallel corpora.

See Figure 2 for the language composition and
detailed data types in each corpus. These differ-
ential additions culminate in EnJa-Hybrid, a robust
English-Japanese medical corpus totaling 79.6 bil-
lion tokens.

4.2. Supervised Fine-tuning Corpus

We used the first version of the general-domain
instruction tuning dataset published by LLM-jp6,
along with the original training datasets from
MedQA (Jin et al., 2020), PubMedQA (Jin et al.,
2019), and MedMCQA (Pal et al., 2022), as well
as Japanese translations of the MedQA and Pub-
MedQA training datasets. Additionally, we incorpo-
rated past questions from the Japanese National
Medical Examination spanning 12 years, excluding
any portions overlapping with IgakuQA (Kasai et al.,
2023).

5. Model Training

To adapt the general-domain LLM, 8×13B-base,
for the Japanese medical domain, we implemented
a two-stage training process involving continued
pre-training followed by supervised fine-tuning.
Note that we utilized a tokenizer from the LLM-jp
series throughout the process (LLM-jp et al., 2024).

5.1. Continued Pre-training

The training was conducted on an Amazon Web
Services (AWS) SageMaker cluster equipped with
32 nodes, each containing 8 NVIDIA H100 GPUs,
totaling 256 GPUs. We employed Megatron-LM
v0.3.07 for efficient parallel training. We used the
AdamW optimizer (Loshchilov and Hutter, 2017)
with parameters β1 = 0.9, β2 = 0.95, and ϵ =
1.0 × 10−8, incorporating a weight decay of 0.1,
gradient clipping of 1.0, and a cosine learning rate
schedule, without applying dropout. To enhance
memory efficiency and accelerate attention compu-
tation, FlashAttention (Dao, 2024; Dao et al., 2022)
was integrated into the training process. Detailed
model architecture and training hyperparameters
are provided in Table 1.

6https://huggingface.co/llm-jp/
llm-jp-13b-v1.0

7https://github.com/llm-jp/Megatron-LM/tree/v4

Task Source Dataset

MCQA

Original IgakuQA (Kasai et al., 2023)
JMMLU-Medical∗

Translation

MedMCQA (Pal et al., 2022)
MedQA (Jin et al., 2020)
USMLE-QA
PubMedQA (Jin et al., 2019)
MMLU-medical (Hendrycks et al., 2021b,a)

MT Original EJMMT (Hayakawa and Arase, 2020a)

NER

Original
MRNER-disease†

MRNER-medicine†

NRNER†

Translation

BC2GM (Smith et al., 2008)
BC5Chem (Pavlova and Makhlouf, 2023)
BC5-Disease (Li et al., 2016)
JNLPBA (Collier et al., 2004)
NCBI Disease (Doğan et al., 2014)

DC Original
CRADE†

RRTNM†

SMDIS†

STS Original JCSTS (Mutinda et al., 2021)

Table 2: Detailed information about JMed-
Bench. Among these datasets, MRNER-disease†,
MRNER-medicine†, NRNER†, CRADE†, RRTNM†,
and SMDIS† originate from JMED-LLM (avail-
able at https://github.com/sociocom/
JMED-LLM), while JMMLU-Medical∗ is available at
https://github.com/nlp-waseda/JMMLU.

5.2. Supervised Fine-tuning
The supervised fine-tuning was conducted on an
AWS SageMaker cluster consisting of 8 nodes,
each equipped with 8 NVIDIA H100 GPUs, total-
ing 64 GPUs. We utilized the NeMo framework
(Kuchaiev et al., 2019) for supervised fine-tuning,
leveraging the AdamW optimizer (Loshchilov and
Hutter, 2017) with parameters β1 = 0.9, β2 = 0.98,
and ϵ = 1.0× 10−8. The training configuration in-
cluded a learning rate of 2.0×10−6 with 20 warm-up
steps, a weight decay of 0.1, a global batch size
of 64, and a cosine learning rate schedule. No
dropout was applied during fine-tuning. FlashAt-
tention (Dao, 2024; Dao et al., 2022) was enabled
based on configuration settings.

6. Evaluation Framework

6.1. JMedBench
The model’s performance in the Japanese medi-
cal domain was comprehensively evaluated using
the JMedBench benchmark (Jiang et al., 2025).
JMedBench consists of 20 Japanese and 7 English
tasks, encompassing multiple-choice question an-
swering (MCQA), machine translation (MT), named
entity recognition (NER), document classification
(DC), and semantic textual similarity (STS). No-
tably, JMedBench includes both original Japanese
medical datasets and translated portions of English
medical datasets to enhance its comprehensive-
ness (see Table C.1 for detailed information).

https://huggingface.co/llm-jp/llm-jp-13b-v1.0
https://huggingface.co/llm-jp/llm-jp-13b-v1.0
https://github.com/sociocom/JMED-LLM
https://github.com/sociocom/JMED-LLM
https://github.com/nlp-waseda/JMMLU
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Figure 3: Performance of base and continued pre-trained models on JMedBench. This figure
compares the (a) JMedBench Overall Average, (b) Japanese Task Average, and (c) English Task Average
scores across the base model and models trained on En-Dominant, EnJa-Balance, and EnJa-Hybrid
datasets. The base model serves as the reference, while En-Dominant, EnJa-Balance, and EnJa-
Hybrid represent models enhanced through continued pre-training on their respective corpora, showing
incremental improvements in performance.
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Figure 4: Task category performance across
models. Scores reflect improvements across
multiple-choice question answering (MCQA), ma-
chine translation (MT), named entity recognition
(NER), document classification (DC), and seman-
tic textual similarity (STS), evaluated using JMed-
Bench. EnJa-Hybrid consistently shows the highest
scores across all task categories except DC, with
notably higher MT performance reflecting the en-
hanced parallel corpus composition.

To assess the accuracy of model outputs, JMed-
Bench employs different calculation methods tai-
lored to each task type. For MCQA and DC tasks,
the model is required to select a single correct an-
swer from multiple options that best matches the
given question. The accuracy of these tasks is cal-
culated by computing the likelihood of each option,
with the option exhibiting the highest likelihood des-
ignated as the model’s response. For other task
categories, different metrics are utilized: MT per-
formance is evaluated using the BLEU score, NER
is assessed with the entity F1 score, and STS is
measured by the Pearson correlation coefficient.

6.1.1. IgakuQA

IgakuQA comprises past questions and their cor-
responding answers from the Japanese National
Medical Licensing Examination, covering the years
2018 to 2022 (Kasai et al., 2023). It encompasses
a wide range of topics, including medical knowl-
edge essential for clinical practice in Japan, le-
gal knowledge related to medical laws, and ques-
tions emphasizing ethical considerations. As such,
IgakuQA serves as the most direct and compre-
hensive benchmark for evaluating the knowledge
of LLMs in the Japanese medical domain. Defined
as a task within the MCQA category of JMedBench,
IgakuQA is particularly emphasized in performance
evaluations due to its critical role in assessing these
competencies.

7. Experiments and Results

We aim to provide an open recipe for medical do-
main adaptation in Japanese, validated through
corpus expansion studies (see Figure 1 for an
overview of the study). These studies demon-
strate the effectiveness of machine-translated texts
and reveal varying impacts depending on content
sources. Subsequently, we compare the result-
ing model with representative 70B-parameter open-
weight models to show that our recipe offers an
efficient training strategy for constructing medical
LLMs tailored to local contexts.

7.1. Corpus Expansion Studies

Continued pre-training, conducted after initial pre-
training, utilizes additional corpora with domain-
specific or target-language texts. Its effectiveness
has been shown in various studies (Gupta et al.,
2023; Cui et al., 2024; Pires et al., 2023; Zhu et al.,
2023; Zhao et al., 2024; Fujii et al., 2024), yet de-
tailed examinations of how incrementally adding
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Figure 5: Performance comparison of SIP-med-llm-8×13B with other 70B open-weight mod-
els. Our comparison includes Meta-LLaMA-3-70B, LLaMA-3.1-Swallow-70B-v0.1, LLaMA-Preferred-
MedSwallow-70B, Qwen2.5-72B-Instruct, and Preferred-MedLLM-Qwen-72B. The chart displays (a)
overall average, (b) Japanese task average, (c) English task average, (d) IgakuQA 0-shot, and (e)
IgakuQA 3-shot performance metrics. Our model consistently outperformed LLaMA-based models and
achieved the highest performance in IgakuQA 0-shot, but it lagged behind Qwen-based models in 3-shot
performance.

subcorpora of diverse document types affects spe-
cific task performance remain limited.

Accordingly, we performed continued pre-
training of the 8×13B-base model on En-
Dominant, EnJa-Balance, and EnJa-Hybrid cor-
pora, respectively, followed by supervised fine-
tuning with an instruction-tuning dataset of identical
composition. The results, detailed in Figure 3, com-
pare the JMedBench Overall Average, Japanese
Task Average, and English Task Average scores,
showing incremental performance improvements
as corpora expand from En-Dominant to EnJa-
Hybrid. By observing the differences between En-
Dominant and EnJa-Balance in Figures 3b and
3c, we find that the addition of Japanese paper
texts, including machine-translated content, primar-
ily contributes to Japanese task performance.

Figure 4 further highlights task-specific perfor-
mance across MCQA, MT, NER, DC, and STS, with
EnJa-Hybrid achieving the highest scores except in
DC. Observation of EnJa-Hybrid in Figure 4 shows
that the addition of parallel corpora contributed to
improvements in MT. These results demonstrate
that the performance gains achieved through con-
tinued pre-training effectively reflect the character-
istics of each corpus.

7.2. Performance Comparison

We evaluated the performance of SIP-med-
llm-8×13B against other representative 70B
open-weight models. For LLaMA-based models,

we included Meta-LLaMA-3-70B (base model),
LLaMA-3.1-Swallow-70B-v0.1 (Japanese general-
domain adapted model), and LLaMA-Preferred-
MedSwallow-70B (Japanese medical-domain
adapted model). For Qwen-based models, we
included Qwen2.5-72B-Instruct (base model)
and Preferred-MedLLM-Qwen-72B (Japanese
medical-domain adapted model).

As shown in Figure 5, our model SIP-med-llm-
8×13B outperformed all 70B LLaMA-based mod-
els across all metrics evaluated here, including over-
all JMedBench performance, Japanese average
performance, English average performance, and
IgakuQA. However, compared to Qwen-based mod-
els, it slightly underperformed in overall JMedBench
performance and Japanese average performance.
In terms of IgakuQA zero-shot performance, our
model surpassed all other models, but in three-
shot performance, Qwen-based models performed
better. Notably, our model operates with only 22B
active parameters during inference, demonstrat-
ing competitive performance against 70B models,
which highlights its efficiency from a computational
cost perspective.

8. Conclusions

This study presents a fully transparent, open
recipe for domain adaptation of LLMs tailored
to the Japanese medical domain, culminating
in the development of SIP-med-llm-8×13B, a
mixture-of-experts model with 22B active param-
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eters. Through incremental corpus expansion,
from En-Dominant to EnJa-Hybrid (79.6B tokens),
we demonstrated the efficacy of incorporating
machine-translated texts and local medical re-
sources, achieving competitive performance on
JMedBench and IgakuQA benchmarks compared
to 70B open-weight models.

Future work includes advancing bias evaluation
research through transparent corpus construction,
developing more sophisticated reasoning models,
and evaluating clinical utility beyond benchmark
performance. Additionally, we aim to improve our
model’s ability to leverage in-context examples, par-
ticularly targeting enhanced 3-shot performance on
IgakuQA tasks. Our end-to-end disclosed corpus
and training pipeline provide a reproducible frame-
work for adapting LLMs to localized medical con-
texts, addressing the opacity of existing medical
LLMs.
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billion (300B)-token corpus. It is a Mixture-of-
Experts (MoE) architecture with 8×13B parame-
ters (Shazeer et al., 2017; Nakamura et al., 2025),
incorporating eight specialized neural network com-
ponents (“experts”), each with 13B parameters.
The component architectures, including hidden size
(5120), number of attention heads (40), number of
layers (40), and context length (4096), are identical
to those of LLaMA 2 (Touvron et al., 2023b). A
lightweight gating network determines, for each to-
ken, which subset of the eight experts is activated,
leaving the others inactive. This results in a total
parameter count of approximately 73B, reduced to
an active parameter count of 22B during inference
for improved computational efficiency.

A.2. Pre-training Corpus
The 300B-token corpus comprises a diverse set
of general-domain subcorpora, with a nearly bal-
anced language composition between Japanese
and English, augmented by a small proportion of
scientific literature to enhance knowledge coverage
(see Table A.1).

• Crawled HTML and PDF: We crawled the
web to collect recent Japanese texts from Au-
gust to November 2024, amassing 440 million
HTML documents and 13 million PDF docu-
ments. The HTML documents were filtered
using Uzushio,9 a corpus preprocessing tool
designed for billion-token-scale web corpora.
The PDF documents were processed using
Surya,10 to the extent permitted by compu-
tational resources, with the remaining docu-
ments processed using pdftotext.11

• NDL WARP HTML: We collected HTML docu-
ments from URLs registered in the Web Archiv-
ing Project (WARP)12 of the National Diet Li-
brary (NDL) in Japan. WARP is Japan’s na-
tional web archiving initiative, preserving web-
based information of cultural and historical sig-
nificance for future accessibility.

• NINJAL Web Japanese Corpus (NWJC): Pro-
vided courtesy of the National Institute for
Japanese Language and Linguistics (NINJAL),
this subcorpus consists of HTML documents
crawled from the fourth quarter of 2012 to the
second quarter of 2015. We used documents
from the second quarter of 2013 to the second
quarter of 2015.

9https://github.com/WorksApplications/
uzushio

10https://github.com/datalab-to/surya
11https://www.xpdfreader.com/

pdftotext-man.html
12https://warp.ndl.go.jp/

Subset Language Est. Tokens [B]
Crawled HTML Japanese 34.57
Crawled PDF (processed by Surya) Japanese 0.17
Crawled PDF (processed by pdftotext) Japanese 57.63
NDL WARP HTML Japanese 4.76
NINJAL Web Japanese Corpus (NWJC) Japanese 58.89
J-GLOBAL Japanese 2.60
J-GLOBAL English 0.01
Dolma v1.7 English 150.22
Total 309.15

Table A.1: Composition of the 300B-token
general-domain pre-training corpus. This table
details subcorpora by source and language, with
estimated token counts in billions (B). The corpus
is nearly balanced between Japanese and English,
primarily comprising general-content sources and
supplemented by a small proportion of scientific
literature from J-GLOBAL.

• J-GLOBAL: Japanese and English abstract
texts from J-GLOBAL,13 a comprehensive sci-
entific and technical information database
based in Japan, were provided courtesy of the
Japan Science and Technology Agency (JST).
This resource is widely utilized by Japanese
researchers, engineers, and industry profes-
sionals for literature searches and access to
scientific documents.

• Dolma v1.7: A significant portion of our
English corpus was sourced from Dolma
v1.7 (Soldaini et al., 2024), a large English
dataset curated by the Allen Institute for AI
(AI2). Specifically, we utilized the middle por-
tion of Dolma’s Common Crawl (CC) subset.

A.3. Training Configuration
The training was conducted on an Amazon Web
Services (AWS) SageMaker cluster equipped with
32 nodes, each containing 8 NVIDIA H100 GPUs,
totaling 256 GPUs. We employed Megatron-LM
v0.3.014 for efficient parallel training. We used the
AdamW optimizer (Loshchilov and Hutter, 2017)
with parameters β1 = 0.9, β2 = 0.95, and ϵ =
1.0 × 10−8, incorporating a weight decay of 0.1,
gradient clipping of 1.0, and a cosine learning rate
schedule, without applying dropout. To enhance
memory efficiency and accelerate attention compu-
tation, FlashAttention (Dao, 2024; Dao et al., 2022)
was integrated into the training process. Other hy-
perparameters were set as follows: the maximum
learning rate was 1.5 × 10−4, and the minimum
learning rate was 1.5× 10−5. The warm-up fraction
was 3%. For parallelism, tensor parallelism was set
to 2, pipeline parallelism to 4, context parallelism

13https://jglobal.jst.go.jp/en
14https://github.com/llm-jp/

Megatron-LM/tree/v4

https://github.com/WorksApplications/uzushio
https://github.com/WorksApplications/uzushio
https://github.com/datalab-to/surya
https://www.xpdfreader.com/pdftotext-man.html
https://www.xpdfreader.com/pdftotext-man.html
https://warp.ndl.go.jp/
https://jglobal.jst.go.jp/en
https://github.com/llm-jp/Megatron-LM/tree/v4
https://github.com/llm-jp/Megatron-LM/tree/v4
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to 4, and expert parallelism to 1. The global batch
size was 1024, and the micro batch size was 1.

A.4. Public Access
The 8×13B-base model is publicly available on
Hugging Face,15 and the 300B-token corpus is also
disclosed on GitLab.16

B. Medical Corpus Construction

B.1. Corpus Composition
The SIP-med-llm-8×13B model was developed
through continued pre-training of the 8×13B-base
model using the EnJa-Hybrid medical corpus, tai-
lored for domain adaptation to the Japanese med-
ical field. The EnJa-Hybrid corpus, validated
through corpus expansion studies outlined in the
main text, comprises a nearly balanced bilingual
dataset of approximately 79.6 billion tokens in En-
glish and Japanese. The data sources, catego-
rized by content type, along with their respective
processing details, token counts, and descriptions,
are summarized in Table B.1.

Note that the subcorpora “Other Copyright Ab-
stracts,” “Japanese Medical Textbooks,” J-STAGE-
related subcorpora, and J-GLOBAL-related sub-
corpora, as well as certain subcorpora machine-
translated using the National Institute of Information
and Communications Technology (NICT) Science
Translator, are utilized based on permissions from
the respective copyright holders. Redistribution
of these subcorpora is not permitted, and the us-
age scope of models trained on them is subject to
restrictions as per the individual agreements.

B.2. Translation Performance of the
Machine-Translation Models

The machine translation from English to Japanese,
particularly for the “PMC OA Japanese” subcorpus
and the “PubMed En-Ja Clinical Abstracts,” was
performed using the NICT Science Translator, cour-
tesy of NICT. Given the relatively large token size
of these corpora (see Table B.1), the quality of this
translator is particularly important. We evaluated
its English-to-Japanese translation performance
on the EJMMT dataset, comparing it against the
baseline reported by Hayakawa and Arase (2020b)
and the gpt-4o-2024-08-06 model. The results

15Hugging Face repository: Hugging Face repos-
itory: https://huggingface.co/llm-jp/
llm-jp-3-8x13b.

16GitLab repository: https://
gitlab.med-jp.nii.ac.jp/datasets/
sip3-ja-general-web-corpus.

confirmed that the NICT translator achieves com-
petitive performance compared to gpt-4o-2024-
08-06. The performance metrics are presented
in Table B.2. BLEU measures agreement with
the ground truth using the SacreBLEU library17

with the MeCab tokenizer,18 while COMET-2219

and COMET-2320 serve as neural evaluation frame-
works for machine translation.

B.3. Public Access
Among the models developed in this study, those
that are free from restrictions based on corpus li-
censes and can be utilized without strict constraints
are made publicly available on the following Hug-
ging Face repository: [masked for anonymous sub-
mission].

C. JMedBench Benchmark Details

JMedBench comprises 20 Japanese and 7 English
tasks, encompassing multiple-choice question an-
swering (MCQA), machine translation (MT), named
entity recognition (NER), document classification
(DC), and semantic textual similarity (STS) (Jiang
et al., 2025). Detailed information for each bench-
mark dataset, organized by task category, is pro-
vided below.

C.1. Multi-Choice Question Answering
(MCQA)

MedMCQA/MedMCQA-Jp MedMCQA is a large-
scale, MCQA dataset designed to address real-
world medical entrance exam questions, covering
2.4 thousand health topics and 21 medical subjects
sampled from medical entrance exams across India
(Pal et al., 2022). This contains 4,183 test samples.
MedMCQA-Jp is a Japanese translation of MedM-
CQA.
USMLEQA/USMLEQA-Jp USMLEQA is a large-
scale, MCQA dataset with 1,273 test samples with
4 options, which are sampled from United States
Medical Licensing Examinations (Jin et al., 2020).
USMLEQA-Jp is a Japanese translation of USM-
LEQA, containing the same number of test sam-
ples.
MedQA/MedQA-Jp MedQA is a 5-option version
of USMLEQA, known as a representative bench-
mark for medical large language models in the
assessment of medical knowledge sufficient for

17https://github.com/mjpost/sacrebleu
18https://pypi.org/project/

mecab-python3/
19https://huggingface.co/Unbabel/

wmt22-cometkiwi-da
20https://huggingface.co/Unbabel/

wmt23-cometkiwi-da-xl

https://huggingface.co/llm-jp/llm-jp-3-8x13b
https://huggingface.co/llm-jp/llm-jp-3-8x13b
https://gitlab.med-jp.nii.ac.jp/datasets/sip3-ja-general-web-corpus
https://gitlab.med-jp.nii.ac.jp/datasets/sip3-ja-general-web-corpus
https://gitlab.med-jp.nii.ac.jp/datasets/sip3-ja-general-web-corpus
https://github.com/mjpost/sacrebleu
https://pypi.org/project/mecab-python3/
https://pypi.org/project/mecab-python3/
https://huggingface.co/Unbabel/wmt22-cometkiwi-da
https://huggingface.co/Unbabel/wmt22-cometkiwi-da
https://huggingface.co/Unbabel/wmt23-cometkiwi-da-xl
https://huggingface.co/Unbabel/wmt23-cometkiwi-da-xl
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Content Type Subcorpus Name Tokens (M) Description Language
Paper Full Text PMC OA Subset 28 755 Full-text English articles from the PubMed Central Open Ac-

cess (OA) Subset (https://pmc.ncbi.nlm.nih.gov/
tools/openftlist/), retrieved in August 2024, filtered
for CC0 and CC-BY licenses.

English

Paper Full Text PMC OA Japanese 27 757 Japanese translations of the PubMed Central OA Subset,
generated using the National Institute of Information and
Communications Technology (NICT) Science Translator,
excluding failed translations.

Japanese

Paper Full Text S2ORC bioRxiv 269 Full-text articles from the S2ORC bioRxiv collection
(https://www.biorxiv.org/), filtered for CC0 and
CC-BY licenses.

English

Paper Full Text J-STAGE Full Text 2568 Japanese full-text articles from J-STAGE (https:
//www.jstage.jst.go.jp/browse/-char/en),
collected via web crawling and extracted using Surya,
retrieved in August 2024, with permission from the Japan
Science and Technology Agency (JST) for machine
learning model development.

Japanese

Paper Abstract PubMed En-Ja Clinical Abstracts 6271 Parallel English-Japanese clinical abstracts from
PubMed (https://pubmed.ncbi.nlm.nih.gov/
download/), retrieved in August 2024, translated us-
ing the NICT Science Translator, based on Meditron’s
(https://github.com/epfLLM/meditron) approved
journal list, with randomized language order.

English/Japanese

Paper Abstract PubMed English Non-clinical Abstracts 3230 English abstracts from non-clinical medical journals
in PubMed (https://pubmed.ncbi.nlm.nih.gov/
download/), retrieved in August 2024.

English

Paper Abstract J-STAGE English Abstracts 329 English abstracts from J-STAGE (https://www.jstage.
jst.go.jp/browse/-char/en) in the medical domain,
collected via web crawling, retrieved in August 2024, exclud-
ing duplicates from the “J-STAGE En-Ja Abstracts” parallel
corpus, with permission from the JST.

English

Paper Abstract J-STAGE Japanese Abstracts 116 Japanese abstracts from J-STAGE (https://www.
jstage.jst.go.jp/browse/-char/en) in the medi-
cal domain, collected via web crawling, retrieved in August
2024, excluding duplicates from the parallel corpus, with
permission from the JST.

Japanese

Paper Abstract J-STAGE En-Ja Abstracts 333 Parallel English-Japanese abstracts from J-STAGE
(https://www.jstage.jst.go.jp/browse/
-char/en) in the medical domain, collected via web
crawling, retrieved in August 2024, with permission from
the JST.

English/Japanese

Paper Abstract J-GLOBAL English Abstracts 14 English abstracts from J-GLOBAL (https://jglobal.
jst.go.jp/en), deduplicated against PubMed and J-
STAGE using DOI and other identifiers, provided by the
JST.

English

Paper Abstract J-GLOBAL Japanese Abstracts 2409 Japanese abstracts from J-GLOBAL (https://jglobal.
jst.go.jp/en), deduplicated against PubMed and J-
STAGE using DOI and other identifiers, provided by the
JST.

Japanese

Paper Abstract Other Copyright Abstracts 1026 Japanese medical abstracts, including those from Ichushi
Web, collected via web crawling or with publisher permis-
sions, compliant with Japanese copyright law.

Japanese

Academic Report KAKEN En-Ja Reports 337 Parallel English-Japanese KAKEN reports, deduplicated by
ID, sourced from the Hugging Face dataset hpprc/kaken-
trans-ja-en (https://huggingface.co/
datasets/hpprc/kaken-trans-ja-en).

English/Japanese

Medical Textbook Japanese Medical Textbooks 100 Japanese medical textbook-quality texts from publishers
such as Igaku-Shoin or web-crawled sources, collected via
web crawling or with publisher permissions, compliant with
Japanese copyright law.

Japanese

Clinical Guidelines Meditron English Clinical Guidelines 141 English clinical guidelines from the Meditron (https://
github.com/epfLLM/meditron) dataset, collected us-
ing its scraping tools.

English

Clinical Guidelines Japanese Clinical Guidelines 173 Japanese clinical guidelines (e.g., https://www.
jmsf.or.jp/en), PMDA pharmaceutical inserts
(https://www.info.pmda.go.jp/psearch/html/
menu_tenpu_base.html), rare disease information
from the Ministry of Health, Labour and Welfare (https://
www.mhlw.go.jp/stf/seisakunitsuite/bunya/
0000084783.html), and ICD-related data (https:
//www.who.int/standards/classifications/
classification-of-diseases), collected via web
crawling in compliance with robots.txt.

Japanese

Benchmark Training Dataset English Benchmark Training Data 93 Training data from MedQA (Jin et al., 2020), Pub-
MedQA (Jin et al., 2019), and MedMCQA (Pal et al., 2022),
converted to question-option-answer text format.

English

Benchmark Training Dataset Japanese Benchmark Training Data 14 Japanese training data from Japan’s National Medical Ex-
aminations (2006–2017, excluding IgakuQA overlap), with
English translations of MedQA and MedMCQA samples,
converted to question-option-answer text format.

Japanese

Web Crawl Data English Medical Web Crawl 3589 Web-crawled medical domain data, primarily in English. English
Web Crawl Data Japanese Medical Web Crawl 2096 Web-crawled medical domain data, primarily in Japanese. Japanese

Table B.1: Composition of the EnJa-Hybrid medical corpus. Benchmark Training samples, including
MedQA (Jin et al., 2020), PubMedQA (Jin et al., 2019), MedMCQA (Pal et al., 2022), and Japanese trans-
lations of the MedQA and PubMedQA training datasets, were utilized for Instruction pre-training (Cheng
et al., 2024). All URLs verified as accessible on August 1, 2025.
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Model BLEU COMET-22 COMET-23
NICT Science Translator 37.71 80.78 65.64
EJMMT Baseline 26.77 77.86 64.93
gpt-4o-2024-08-06 27.23 79.86 68.16

Table B.2: Translation performance metrics for
English-to-Japanese translation on the EJMMT
dataset. Our model, the NICT Science Transla-
tor, outperformed both the baseline and gpt-4o-
2024-08-06 in BLEU and COMET-22 metrics,
though it scored slightly lower than gpt-4o-2024-
08-06 in COMET-23.

Task Source Dataset

MCQA

Original IgakuQA (Kasai et al., 2023)
JMMLU-Medical∗

Translation

MedMCQA (Pal et al., 2022)
MedQA (Jin et al., 2020)
USMLE-QA (Jin et al., 2020)
PubMedQA (Jin et al., 2019)
MMLU-medical (Hendrycks et al., 2021b,a)

MT Original EJMMT (Hayakawa and Arase, 2020b)

NER

Original
MRNER-disease†

MRNER-medicine†

NRNER†

Translation

BC2GM (Smith et al., 2008)
BC5Chem (Pavlova and Makhlouf, 2023)
BC5-Disease (Li et al., 2016)
JNLPBA (Collier et al., 2004)
NCBI Disease (Doğan et al., 2014)

DC Original
CRADE†

RRTNM†

SMDIS†

STS Original JCSTS (Mutinda et al., 2021)

Table C.1: Detailed information about JMed-
Bench. Among these datasets, MRNER-disease†,
MRNER-medicine†, NRNER†, CRADE†, RRTNM†,
and SMDIS† originate from JMED-LLM (avail-
able at https://github.com/sociocom/
JMED-LLM), while JMMLU-Medical∗ is available at
https://github.com/nlp-waseda/JMMLU.

medical licensure (Jin et al., 2020). MedQA-Jp is
a Japanese translation of MedQA, containing the
same number of test samples.
MMLU-Medical/MMLU-Medical-Jp MMLU-
Medical contains 1,871 biomedical questions
at the college level as test samples, which is
extracted as a subset of a large-scale, multi-topics
benchmark, MMLU (Hendrycks et al., 2021b,a).
MMLU-Medical-Jp is a Japanese translation of
MMLU-Medical.
JMMLU-Medical While the MMLU-Medical-Jp is
a machine-translated version of MMLU-Medical,
JMMLU-Medical consists of human-translated
Japanese version of MMLU-Medical comprising
1,271 test samples21.
IgakuQA/IgakuQA-En IgakuQA contains 989
Japanese questions based on Japanese medical li-

21https://huggingface.co/datasets/
nlp-waseda/JMMLU

censing examinations from 2018 to 2022 (Kasai
et al., 2023). This uniquely reflects Japanese-
specific medical practices, healthcare systems, and
epidemiological profiles. IgakuQA-En is an English
translation of IgakuQA.
PubMedQA/PubMedQA-Jp PubMedQA
contains 1,000 test samples focusing on the
biomedical field collected from PubMed Abstracts
(Jin et al., 2019). The task of PubMedQA is to
answer research questions with yes/no/maybe.
PubMedQA-JP is a Japanese translation of
PubMedQA.

C.2. Machine Translation (MT)
EJMMT-Ja/EJMMT-En EJMMT is a Japanese–
English medical machine-translation dataset with
fine-grained annotation of error spans and error
types (Hayakawa and Arase, 2020b). EJMMT-Ja
indicates the translation accuracy in the direction
of English to Japanese, while EJMMT-En indicates
the Japanese to English direction. These include
2,400 test samples.

C.3. Named Entity Recognition (NER)
MRNER-Medicine MRNER-Medicine (Med-
ical Report Named Entity Recognition for
medicine) contains 90 test samples for extracting
medication-related information from case reports
in Japanese22.
MRNER-Disease MRNER-Disease (Medical Re-
port Named Entity Recognition for positive disease)
contains 90 test samples for extracting symptoms
actually observed in patients from case reports and
radiology reports in Japanese22.
NRNER NRNER (Nursing Record Named Entity
Recognition) contains 90 test samples, involving
extracting information about symptoms actually ob-
served in patients and medication from simulated
nursing records in Japanese22.
BC2GM-Jp BC2GM-Jp is a Japanese translation
of BC2GM (BioCreative II Gene Mention Recogni-
tion) (Smith et al., 2008), which contains 5,037 test
samples to identify a gene mention in a sentence.
BC5Chem-Jp BC5Chem-Jp is a Japanese trans-
lation of BC5Chem (Pavlova and Makhlouf, 2023),
which contains 4,801 test samples to identify dis-
ease, chemical entities and their relations from
biomedical texts.
BC5Disease-Jp BC5Disease-Jp is a Japanese
translation of BC5Disease (Li et al., 2016), which
contains 4,797 test samples to identify disease,

22This benchmark is originally included in JMED-LLM
(Japanese Medical Evaluation Dataset for Large Lan-
guage Models): https://github.com/sociocom/
jmed-llm

https://github.com/sociocom/JMED-LLM
https://github.com/sociocom/JMED-LLM
https://github.com/nlp-waseda/JMMLU
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https://huggingface.co/datasets/nlp-waseda/JMMLU
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https://github.com/sociocom/jmed-llm
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chemical entities and their relations from biomedi-
cal texts.
JNLPBA-Jp JNLPBA-Jp is a Japanese transla-
tion of JNLPBA (Collier et al., 2004), which features
4,260 test samples for bio-entity recognition, identi-
fying and classifying technical terms in the domain
of molecular biology.
NCBI-Disease-Jp NCBI-Disease-Jp is a
Japanese translation of NCBI-Disease (Doğan
et al., 2014), which contains 940 test samples to
identify the disease name on the NCBI disease
corpus.

C.4. Document Classification (DC)
CRADE CRADE (Case Report Adverse Drug
Event) contains 92 test samples, which involves
classifying the possibility of adverse events from
medications and symptoms in case reports in
Japanese22.
RRTNM RRTNM (Radiology Report Tumor
Nodes Metastasis) contains 89 test samples,
which involves predicting TNM classification of
cancer from radiology reports of lung cancer
patients in Japanese22.
SMDIS SMDIS (Social Media Disease) com-
prises 84 test samples, which involve classifying
the presence or absence of diseases or symptoms
of the poster or people around them from simulated
Tweets in Japanese22.

C.5. Semantic Text Similarity (STS)
JCSTS JCSTS (Japanese Clinical Semantic Tex-
tual Similarity) has 3,500 test samples in Japanese.
This is a medical version of the semantic textual
similarity task that determines the semantic sim-
ilarity between two sentences, dealing with case
reports (Mutinda et al., 2021).
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