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Abstract

Recent advances in large language models (LLMs) have accelerated the NLP applications in the medical and
clinical domains. However, evaluations remain limited for non-English languages, such as Japanese, where clinical
corpora are particularly scarce. To address this gap, we present J-ClinicalBench, a publicly available benchmark
designed to reflect realistic Japanese clinical tasks. We first created 227 expert-authored clinical documents and
newly constructed five datasets for core clinical tasks. Building on these datasets, J-ClinicalBench comprises
nine clinical tasks spanning clinical language reasoning, generation, and understanding. We establish baseline
performance on J-ClinicalBench by evaluating state-of-the-art proprietary and Japanese open-source LLMs,
providing the first assessment of their utility in practical clinical scenarios. By releasing this benchmark, we aim to
foster the development and evaluation of clinically applicable LLMs in Japanese healthcare, bridging the current
gap between clinical NLP research and clinical practice. J-ClinicalBench and our evaluation are available at
https://github.com/seiji-shimizu/J-ClinicalBench-release
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1. Introduction

In recent years, there has been rapid progress in
adapting large language models (LLMs) for appli-
cations in the medical and clinical domain (Labrak
et al., 2024; Han et al., 2023; Chen et al., 2023;
Toma et al., 2023). Alongside this progress, a grow-
ing body of research has focused on benchmarking
and systematically evaluating LLMs across diverse
clinical tasks (Chen et al., 2025; Liu et al., 2024;
Dorfner et al., 2024; Dada et al., 2025). Supported
by the availability of medical and clinical resources
in the English language (Adams et al., 2025; John-
son et al., 2016, 2023; Sun et al., 2013), these
efforts have enabled comprehensive assessments
of LLM performance in practical clinical settings.

However, conducting such evaluations is more
challenging for non-English languages, such as
Japanese, where clinical corpus scarcity is espe-
cially severe. Because of strict privacy regulations,
publicly available clinical documents are extremely
scarce for the Japanese language (Nakamura et al.,
2025b; Yada et al., 2024). Existing Japanese medi-
cal benchmarks are largely based on translations of
English datasets and focus primarily on simplified
tasks, such as board examination question answer-
ing (Jiang et al., 2025; Kasai et al., 2023). Yet,
translation fails to capture the diversity and com-
plexity of clinical documentation, which can vary
significantly across hospitals and individual prac-
titioners (Laparra et al., 2020). Moreover, exam-
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Figure 1: Overview of J-ClinicalBench. Datasets
marked with x are newly created. We first cre-
ated 227 expert-authored clinical documents in
Japanese and constructed five new datasets. Build-
ing on these, J-ClinicalBench comprises nine
tasks spanning clinical reasoning, generation, and
understanding, enabling a comprehensive evalua-
tion of LLMs in realistic clinical settings.

style QA tasks are insufficient for assessing the
practical utility and reliability of LLMs in the clinical
domain (Griot et al., 2025).

To bridge this gap, we introduce J-
ClinicalBench, a publicly available benchmark
designed to reflect realistic Japanese clinical
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tasks, comprising nine tasks spanning clinical
language reasoning, generation, and under-
standing (Fig. 1). To mitigate the scarcity of
Japanese clinical corpora, we first created 227
expert-authored clinical documents, including
discharge summaries and progress notes carefully
designed to simulate in-hospital documentation.
We then constructed five new datasets for
clinical tasks such as diagnostic clinical code
assignment and medication recommendation.
Building upon these datasets, J-ClinicalBench
enables a comprehensive evaluation of LLMs on
tasks closely aligned with clinical practice.

By releasing this benchmark and conducting an
initial evaluation of state-of-the-art proprietary and
open-source Japanese LLMs, we aim to advance
the development of clinically applicable LLMs in
Japanese healthcare, thereby bridging the current
gap between clinical NLP research and practical
clinical utility. Our main contributions are as follows:

* Releasing J-ClinicalBench, a benchmark of
nine clinically relevant NLP tasks to foster eval-
uation in practical clinical scenarios

» Creating a publicly available 227 expert-
authored clinical documents in Japanese and
newly constructing five clinical datasets to ad-
dress the lack of realistic non-English clinical
corpora

« Evaluation of proprietary, Japanese-
pretrained, and Japanese-medical-pretrained
LLMs on these tasks, providing a performance
baseline in clinical tasks

2. J-ClinicalBench

In this work, we introduce J-ClinicalBench, a
publicly available benchmark for clinical NLP in
Japanese. All tasks are grounded in expert-
authored Japanese clinical documents rather than
translations, thereby reflecting the linguistic and
contextual complexity of real-world clinical docu-
mentation. Table 1 provides an overview of the
included tasks. The benchmark covers nine tasks
in clinical language understanding, reasoning, and
generation, following the categorization in Liu et al.
(2024). In addition to existing datasets, we intro-
duce five newly constructed datasets (marked with
* in Table 1), which are described in Sect. 3.2.

2.1,

Reasoning tasks include Clinical Code Assignment
(CCA), Medication Recommendation (MR), and
Exam-style Question Answering (ExamQA). These
tasks evaluate whether LLMs can integrate medi-
cal knowledge with information explicitly stated in

Reasoning Tasks

the document to support clinically informed deci-
sions (Nguyen et al., 2024). Exam-style QA is
adapted from the IGAKU QA benchmark (Kasai
et al., 2023), while CCA and MR are based on
newly constructed datasets.

Clinical Code Assighment: Assigning diagnos-
tic codes is essential for billing, epidemiological
studies, and facilitating secondary use of clinical
data (Falter et al., 2024). Supporting this process
with LLMs has the potential to reduce clinician work-
load and improve coding consistency. This task
requires assigning all diagnostic codes that corre-
spond to the patient’s symptoms, diseases, and
conditions, given descriptions in clinical notes. We
employ MedDRA as the coding system, a widely
adopted international standard that provides a con-
trolled vocabulary for medical terminology (Brown
et al., 1999).

Medication Recommendation: Inspired by Liu
et al. (2024), this task evaluates whether LLMs
can recommend suitable medications based on a
patient’s clinical description. Provided with descrip-
tions in clinical notes, LLMs are required to rec-
ommend all possible medications suitable for the
patient’s condition, taking into account contextual
information. This task simulates a decision-support
scenario, where accurate recommendations can
aid clinicians.

Exam-style Question Answering: This task is
derived from the Japanese national medical board
examination. Specifically, we use “clinical ques-
tions” (those beginning with “The patient is an XX-
year-old...”), drawn from the IGAKU QA bench-
mark (Kasai et al., 2023). The objective is to eval-
uate whether LLMs can combine information from
the text with relevant medical knowledge to select
the correct option in a multiple-choice setting.

2.2. Generation Tasks

Generation tasks include Hospitalization Summa-
rization (HS), Incident Report Summarization (IRS),
and Clinical Text Simplification (CTS). These tasks
focus on the ability of LLMs to rewrite clinical docu-
ments clearly and accurately. All three are based
on newly created datasets.

Hospitalization Summarization: Writing clinical
notes constitutes a major portion of healthcare
professionals’ workload, contributing to stress and
burnout (Gesner et al., 2019). This task aims to
assess LLMs’ ability to generate concise narratives
of a patient’s hospital course. Specifically, the task
requires models to (i) summarize progress notes
into discharge summaries and (ii) further condense
discharge summaries into referral notes. Such auto-
matic support could reduce documentation burden
and enhance the quality of clinical communication
across institutions.
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Task Description Document Type(s) Metrics
Clinical Code Assignment  Assign diagnostic code for diseases, Progress notes, Discharge F1
Reasoning (CCA)* symptoms, and conditions reported in summaries, Nursing
clinical documents Records
Medication Recommend appropriate medications based Progress notes, Discharge F1
Recommendation (MR)*  on the patient’s condition as described in summaries
progress notes and discharge summaries.
Exam-style Question Multiple-choice question answering based Case descriptions (exam Accuracy
Answering (ExamQA) on medical cases derived from IgakuQA questions)
Hospitalization Summarize notes during hospitalization in Progress notes, Discharge ROUGE-L
Generation Summarization (HS)* discharge summaries and further summaries, Referral Notes
summarize them for patient referral
Incident Report Generate short topic summaries based on Incident reports ROUGE-L
Summarization (IRS) * clinical incident reports
Clinical Text Simplification ~ Simplify radiology reports, progress notes Radiology reports, Progress ROUGE-L
(CTS)* and clinical research texts for patients. notes, Case reports
Named Entity Recognition  Extract clinical entities (disease and Radiology reports, Case F1
Understanding (NER) medication entities) from clinical texts reoprts, Nursing records
Relation Extraction (IE) Identify relationships between medical Radiology reports, Case F1
entities (temporal and between-entity reports
relations)
Document Classification Classify clinical texts into predefined Medication history Accuracy,
(DC) categories Comprised of ADE and TNM documents, Radiology F1

classification

reports

Table 1: Overview of J-ClinicalBench Tasks. We curated nine clinical tasks spanning clinical reasoning,
generation, and understanding. Datasets marked with x are newly created.

Incident Report Summarization: Incident reports
are central to patient safety, capturing errors, near-
misses, and adverse events. NLP can potentially
support the extraction of key information from these
reports, facilitating large-scale analysis and timely
detection of safety risks (Denecke and Paula, 2024).
This task evaluates the ability of LLMs to extract es-
sential information from incident reports (e.g., event
type, contributing factors, outcomes) and generate
concise summaries.

Clinical Text Simplification: Clinical documents
often contain technical jargon and complex expres-
sions that hinder comprehension by patients and
non-specialist readers. This task requires LLMs
to rewrite clinical notes in plain Japanese, while
preserving medical accuracy and essential infor-
mation. Successful simplification has the potential
to improve communication between patients and
healthcare providers and support accessibility of
medical information for diverse populations (Xiao
et al., 2025).

2.3. Understanding Tasks

Understanding tasks include Named Entity Recog-
nition (NER), Relation Extraction (RE), and Doc-
ument Classification (DC). These tasks target in-
formation extraction and classification from clinical
documents.

Named Entity Recognition: NER is a founda-
tional step for downstream tasks such as knowl-
edge base construction, cohort identification, and
automated summarization. This task involves iden-
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tifying mentions of clinically relevant concepts such
as diseases and medications in free-text narratives.
We adapt MedTxt corpus (Yada et al., 2024) to
cover multiple document types, including radiology
reports, nursing records, and case reports.
Relation Extraction: Relation Extraction aims to
identify associations between clinical entities, such
as body part—disease links or temporal relations
among events. Accurate extraction of such rela-
tions is critical for constructing structured patient
histories and supporting clinical decision-making.
Based on MedTxt corpus (Yada et al., 2024), we
incorporate relation types for entity—entity relation
and temporal relation.

Document Classification: This task requires as-
signing pre-defined categories to full clinical doc-
uments. We adapt two subtasks: (i) classifying
whether a document reports an adverse drug event
(ADE), and (ii) predicting tumor staging following
the TNM system (e.g., T2a, NO, MO) derived from
Nakamura et al. (2025b). ADE classification is
important for pharmacovigilance and drug safety
monitoring (McMaster et al., 2023), while TNM stag-
ing classification reflects clinically meaningful cate-
gorization used for prognosis and treatment plan-
ning (Nakamura et al., 2025b).

3. Corpus Construction

To establish the foundation of J-ClinicalBench,
we construct a publicly available Japanese clinical
corpus. Motivated by the scarcity of Japanese clin-



Discharge summary (Hospital course)

Progress note

BODEELALOBMTHRE BEXRRAEBLZRKLL £k
ZRESMEOCEEEZRA L. B2FARRETHERIFTH W,
BRLEIEE LN, REEHBLE. ARbTEE A LL
$HARB,MRA,SGLT2% A L7z, BERRT+OTHY, HBIH/BAIC=7
IVEVEBALL, 2BREHNRE L TELLDEHRBIC B ERTE
AL, FSRBICBREEF R A7, ZRESMEICDOWT
RBEAT>ENBRECEBELNIBREZEEIAHONTRBMER IFEEN
DAL, BEROKBIEEETE TRREEEFCTERFTL TV,
BEMIERE LAARE LHETHFRICEBE L, BHERES
THolkl s, REBZERBATVREREZR L7 RRIC
PUEBZFLEREEBACREL TWELS, F10BAICERRE
L7

(A patient was admitted with hypertensive heart failure, and treatment
was initiated with diuretics and antihypertensives, alongside an evaluation
for secondary hypertension. On hospital day 2, urine output improved,
oxygenation stabilized, and oral intake began, allowing the introduction of
ARB, MRA, and SGLT2 inhibitors. Because blood pressure control was
still inadequate on day 3, nifedipine was added; on day 4, a 8 -blocker was
started. By day 5, oxygen was no longer required. Tests for secondary
hypertension showed no significant abnormalities; renal artery stenosis
was not ruled out, and contrast CT was scheduled post-discharge. As

the patient remained stable, the 8 -blocker dose was increased on day 7.

Dietary counseling was given due to high salt intake. The patient remained
stable and was discharged on hospital day 10.)

SIHLEICRYELT

O: BP 140/78mmHg HR 90bpm BW 85kg SpO2 95% (6L~ R V) FR&
1000ml/6h [y T 3 — EF 70%(eyeball), HRAFEERL, IVC 22mm
RV(-)

A/P:

#mllEMEDLTE

#HT

Sy U Z1IATRERERIF. MAKEBEIZERTHY, 2A2XxTIT>T
W<, MEBETHY, ARTZbOEZEALRESMUNTREL TW
%, BAH, ZXRMEELEOREEEAEHELUDEREFE, HNRIGARE
LY TN 20mgh SEIR. BRIZSENR Y BRHBR T NIEMRA,
SGLT2% AT 2 FE. BFEE TICBbicker=E AT %,

(S: I am feeling slightly better.

O: BP 140/78 mmHg, HR 90 bpm, BW 85 kg, SpO2 95% (6 L mask), urine
output 1000 mi/6 h Echocardiography: EF 70% (eyeball), no significant
valvular disease, IVC 22 mm, RV(-)

A/P: #Hypertensive heart failure

#HTN

The patient is on Lasix 1 A with good urine output; due to significant
pleural effusion, the dose will be increased to 2 A twice daily. Blood
pressure is still high, so nitroglycerin infusion (8 mL/h) was added as an
outpatient measure. Tomorrow, labs and diagnostics will be submitted,
including a workup for secondary hypertension. Oral therapy will start
with Azilva 20 mg in the morning. Once oxygen demand lessens and oral
intake becomes possible, MRA and SGLT2 inhibitors will be begun. A
B -blocker will be introduced before discharge.)

MedDRA code: Prefered Term

Medications (drug names)

10020823: &M E M/ OER (Hypertensive heart disease)
10039834: k=M E (Secondary hypertension)
10033317: E5%=AAMEEE (Oxygen saturation abnormal)
10038378: BEENARIEFAE (Renal artery stenosis )

70+ X K (Furosemide)
— ka4 Y+ > (Nitroglycerin)
T IIIYILE > (Azilsartan)

Table 2: Examples of the hospital course section from a discharge summary and a corresponding progress
note for a patient with hypertensive heart failure. English translations are provided in brackets. The
progress note is derived from the discharge summary by incorporating additional clinical details, such
as laboratory values, and by adapting the realistic clinical documentation style, including the use of
abbreviations. At the bottom, we provide example annotations for Clinical Code Assignment (CCA) using
the discharge summary and Medication Recommendation (MR) using the progress notes.

ical corpora, we first create 227 expert-authored
clinical documents including progress notes, dis-
charge summaries, and referral notes (Sect. 3.1).
Building on these documents, we newly cre-
ated datasets that reflect practical clinical tasks
(Sect. 3.2).

3.1.

We recruited licensed physicians to author synthetic
clinical documents, namely, discharge summaries,
progress notes and referral notes, aiming to emu-
late authentic in-hospital documentation while mit-
igating privacy concerns associated with real pa-
tient data. These documents were designed to
capture the linguistic and stylistic characteristics of
Japanese clinical notes.

Discharge Summaries: We first reconstructed
30 discharge summaries based on clinical cases
from the Japanese national board examination. An
example snippet from a discharge summary (hospi-
tal course) for the case of hypertensive heart failure
is provided in the Table 2. Since the original exam
questions do not include full hospitalization details,
physicians supplemented missing information (e.g.,
discharge follow-up) and reformatted the content
into plausible discharge summaries.

Expert-authored Clinical Documents

Progress Notes: For each discharge summary,
four physicians created multiple progress notes (3
to 4 on average and 97 in total) to reflect longi-
tudinal care (example in Table 2). Authors were
instructed to (i) supplement omitted details such
as laboratory values and clinical course, and (ii)
ensure that, when combined, the progress notes
comprehensively covered the content of the corre-
sponding discharge summary. These notes were
expected to resemble realistic clinical documenta-
tion by incorporating abbreviations and omissions,
rather than direct copy-paste from the discharge
summary.

Referral Notes: To simulate inter-specialty com-
munication, ten physicians authored 100 referral
notes based on discharge summaries, each tai-
lored to a specific medical specialty (e.g., surgery,
emergency department). These notes also reflect
realistic clinical documentation, including the use
of abbreviations commonly found in clinical notes.

3.2. Created Datasets

Below, we outline five newly created datasets in-
cluded in J-ClinicalBench. In addition to the
expert-authored clinical documents introduced in
Sect. 3.1, we incorporated other document types
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such as radiology reports, nursing records, case
reports, and incident reports (Yada et al., 2024;
Nakamura et al., 2025b) derived from existing work
to further diversify the datasets.

Clinical Code Assighment: We annotated
progress notes, discharge summaries, and nurs-
ing records with medical codes corresponding to
symptoms, diseases, and clinical conditions men-
tioned in the documents. Specifically, we assigned
Japanese Preferred Terms (PT) from the MedDRA
ontology. An example is shown in Table 2. The re-
sulting dataset is composed of 200 documents in to-
tal with 403 unique MedDRA codes annotated. The
annotation process was conducted in two stages:
an initial round by an experienced medical an-
notator, followed by validation from professors of
medicine. The first-stage annotations achieved an
accuracy of 0.80, as measured during the validation
stage, and the corrected labels were incorporated
into the final dataset.

Medication Recommendation: We annotated
progress notes and discharge summaries with pos-
sible prescription medications (an example in Ta-
ble 2). A licensed pharmacist performed the an-
notation task, assigning generic drug names that
could reasonably be prescribed at the time of dis-
charge or during the corresponding visit. The an-
notation was guided by clinical practice guidelines
and professional experience. In total, 113 anno-
tated documents were obtained with 310 unique
drug names.

Hospitalization Summarization: We constructed
two types of hospitalization summarization
datasets: HS-PN and HS-DS. HS-PN aims to
generate the hospitalization course and discharge
status sections of a discharge summary from four
to five SOAP-format progress notes as input. HS-
DS, on the other hand, targets the generation of a
referral note conditioned on a discharge summary
and physician-specific attributes, including clinical
experience and medical specialty. The HS-PN
dataset consists of 20 discharge summaries, while
HS-DS contains 100 reference referral notes.

Incident Report Summarization: Incident re-
ports document the details of accidents or near-
miss events that may pose potential risks in the
future. Because the narrative descriptions in the
reports are often lengthy, a concise summary is usu-
ally prepared manually. To this end, we constructed
datasets in which the input consists of full incident
descriptions, and the output is a short, phrase-level
summary. Summaries are created for 100 incident
reports by medical experts. Below is an example.

Incident Report: # % > O K »10mg (288)
%9:00&£21:00IC EHIZEFEL LD BE
TY004 A5 L TVLWAWLZ £I210:10ICK D W
oo MAAL VY —IZREERFARE o120 HRIBRE
I ¥IBA,

(Oxycodone 10 mg, 2 tablets, was scheduled for
regular administration at 9:00 and 21:00. During the
day shift, it was noticed at 10:10 that the 9:00 dose
had not been administered.)

Summary: ¥ > I KV DFK5EN
(Missed administration of oxycodone.)

Clinical Text Simplification: We created 100
simplified documents, including progress notes,
radiology reports, and case reports, rewritten in
clearer, layperson-oriented language. Two nurses
with more than 10 years of experience performed
the annotation, following instructions that empha-
sized simplification rather than summarization. In
total, 40 progress notes, 45 case reports, and 15
radiology reports were simplified. An example of a
part of a simplified progress note is provided below.

Progress note: TKAfif#%6POD. FAEIDHK - &
BR72 L. ROMIZREEA L.

(TKA POD6. No warmth or swelling of the joint.
ROM is normal.)

Simplification: A TIREEL BRI (BALEKRD
Mgi= ALREIICE S 2 2 F1i7) fiik6HB.
REIEE <2<, Bhbil. B0 < E@EIC
L.

(Total knee arthroplasty (surgery to replace a dam-
aged knee joint with an artificial joint). Postoperative
day 6. The joint is neither warm nor swollen. The
range of joint motion is normal.)

4. Baseline Performance

4.1. Settings

We establish baseline performance by evaluating
both proprietary models, namely GPT-40 (Achiam
et al., 2023) and GPT-5 (OpenAl, 2025) and a set
of open-source Japanese LLMs. The open-source
models include:

Llama-3': a general-purpose model from Meta,
not specifically specialized for Japanese, used as
a baseline for comparison (Al@Meta, 2024).
Swallow?: based on Llama-3, Swallow is contin-
ually pre-trained using large Japanese corpora to

1https ://huggingface.co/meta-1llama/
Meta-Llama-3-70B-Instruct

?https://huggingface.co/tokyotech-11m/
Llama-3-Swallow-70B-Instruct-v0.1
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Example Prompt (original Japanese)

Example Prompt (Translated in English)

#H# R

HIRI=DI AV, RESKAEBEFANTIEOABRICEIWVWT 4
HEINZARMOHZ2EFETRTYR N Y TTBHIETE, ..
#H# AN

SEAPWTEALAZWVWTRAITLL AW E L1

O BP 144/82mmHg SpO 99%(RA)

AP #EBRMESH

IR

[THYSL,LAIER,ZASY I
i A

[ELaAFT T, FOT7 Ty LAIERL]

### Instruction:

Your task is, based on the contents of the provided electronic medical
record document, to list all medications that might be prescribed...

### Input:

S It seems the medicine has begun working; the pain has lessened.

O BP 144/82 mmHg SpO 99% (RA)

A/P #Right tension pneumothorax

Choices:

Midazolam’, 'Rebamipide’, 'Nicorandil'... |
#i## Output:

['Celecoxib’, 'Ketoprofen’, 'Rebamipide’... |

Table 3: Example prompt for Clinical Code Assignment task.

Model | Reasoning | Generation | Understanding
‘ ExamQA CCA MR ‘ HS-PN HS-DS IRS CTS ‘ NER-D NER-Med RE-Ent RE-Time DC-TMN DC-ADE

GPT-40 92.4 441 28.6 33.7 35.3 38.7 50.8 41.2 51.2 76.8 69.7 80.0 86.4
GPT-5 94.5 59.1 33.7 29.1 25.6 34.1 454 33.2 64.9 78.4 78.0 62.1 86.2
Llama-3 54.5 17.7 8.2 27.6 34.7 29.4 543 27.9 17.3 75.2 32.7 68.1 91.3
Swallow 64.2 1.8 7.7 31.6 34.9 36.5 57.9 32.4 27.4 69.4 52.7 67.7 91.8
MedSwallow 80.3 156 11.2 31.1 35.9 37.6 55.0 38.5 33.6 69.2 59.5 71.8 92.0
lIm-jp 61.3 4.4 8.8 32.4 34.6 38.0 51.8 15.5 15.8 45.7 36.6 61.1 87.2
SIP-jmed-lim 76.3 8.4 8.9 25.1 34.0 415 513 17.6 16.7 60.8 46.4 49.6 79.2

Table 4: Performance comparison across tasks in J-ClinicalBench.

enhance Japanese-language understanding and
generation (Fuijii et al., 2024).

MedSwallow®: extends Swallow by further pre-
training on medical domain corpora, in order to
better cover clinical and biomedical terminology.
LLM-jp*: trained from scratch in Japanese (rather
than adapted from a multilingual or English-
centric base), giving strong native language ca-
pacity (Nakamura et al., 2025a).

SIP-jmed-lim®: developed under the SIP-jmed-Iim
initiative, this model builds upon LLM-jp by incorpo-
rating medical corpora in its continual pre-training
and instruction tuning.

The Llama-3, Swallow, and MedSwallow mod-
els are 70B-parameter models, while LLM-jp and
SIP-jmed-Iim are 8 x 13B (MoE) models. All of them
were evaluated with 4-bit quantization for inference.
For every task, prompts were designed as a combi-
nation of a task-specific instruction and a one-shot
example. In CCA and MR, the model was addition-
ally provided with a set of candidate codes or drugs
and instructed to select all appropriate options (see
Table 3 for an illustration).

4.2. Results

Table 4 summarizes model performance across all
tasks in J-ClinicalBench. Overall, LLMs demon-
strate strong performance in ExamQA, RE, and

Shttps://huggingface.co/pfnet/
Llama3-Preferred-MedSwallow-70B

“https://huggingface.co/llm-p/
1lm-jp—-3-8x13b-instruct3

Shttps://huggingface.co/SIP-med-LLM/
SIP-Jmed-11m-2-8x13b-OP-instruct

DC. In contrast, tasks requiring complex reasoning,
such as CCA, MR, and NER remain challenging
for all models, consistent with findings from prior
work (Chen et al., 2025; Liu et al., 2024; Boyle
et al., 2023). Proprietary models (GPT-40, GPT-
5) achieve the strongest overall results, reflecting
their high capability across diverse clinical tasks.
Performance in the generation tasks shows less
variation, with proprietary and open-source models
achieving comparable results. Notably, GPT-5 ex-
hibits lower performance on tasks such as HS-DS
and HS-PN. We provide a detailed analysis of the
potential reasons for this observation in Sect. 5.2.

Among the open-source models, Swallow, which
incorporates continual pre-training on Japanese
corpora, occasionally surpasses its base model,
Llama-3. The improvements are more consistent
for MedSwallow, which outperforms Llama-3 in 9
out of 13 settings. A similar trend is observed
for SIP-jmed-LLM, which outperforms LLM-jp in
8 out of 13 settings. These results indicate that
pre-training on medical corpora yields measurable
gains, particularly for tasks that rely heavily on
domain-specific knowledge.

5. Discussion

Based on our evaluation results, we discuss the
challenges of current LLMs for clinical applications
(Sect. 5.1), highlighting challenges such as limited
reasoning and task-specific knowledge gaps. We
also conduct a human evaluation of hospitalization
summarization to assess model-generated sum-
maries (Sect. 5.2).
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Japanese

English Translation

SEBRESITIVES, BEFTHYELR, REDLTOHTWET,

O: #4;837.0°C, ARiA80/4). %, M1E126/60mmHg, MIR#K16/43, SpO2
99% (room air),

B 0%k9,800. CRP 7.2mg/dL,

AP:FEB S WRERAREREZMIA L, BRAINTHY, RERBOEYUEME
AERDHD, BHEFERERALTLL,
REORERER2EHARELTEY, EREAEERD 2.
FiE b T & T B,

Annotations

Gold: [‘FRET", “BIEBRFUEMN”, “C - RIGHEE BB, “RIE"

GPT-5: [“FRER", “BIMIKEUEMN", “C -RISHER BB, “FE", “RIE"]
MedSwallow: [F#”, “KiE”")

INLDE

S: Good morning. My fever has gone down. Urine output is gradually improving.

O: Temp 37.0°C, pulse 80/min regular, BP 126/60 mmHg, RR 16/min, SpO2 99%
(room air).

WBC 9,800, CRP 7.2 mg/dL.

A/P: Antibiotic therapy was initiated yesterday. The fever has subsided, and inflamma-
tory markers show improvement. Will continue to monitor culture results.

The medication suspected of causing urinary retention was discontinued, and symp-
toms have improved. These medications will remain discontinued.

Annotations

Gold: [“Urinary retention”, “Increased white blood cell count”, “Increased C-reactive
protein”, “Inflammation”]

GPT-5: [“Urinary retention”, “Increased white blood cell count”, “Increased C-reactive
protein”, “Fever”, “Inflammation”]

MedSwallow: [“Fever”, “Inflammation”]

Table 5: Examples of human annotation (Gold), GPT-5 answer and MedSwallow answer in Clinical Code

Assignment tasks

5.1. Challenges in Clinical Applications

Consistent with prior work, LLMs achieve strong
performance on exam-style QA and classification
tasks with predefined answer options, while show-
ing limited ability in open-ended tasks, including
CCA, MR, and NER.

Table 5 presents an illustrative CCA example.
GPT-5 produced an almost complete set of Med-
DRA PTs but incorrectly included “fever,” despite
explicit instructions to exclude negated symptoms.
In comparison, MedSwallow extracted only a sub-
set of entities (“fever” and “inflammation”) and
missed clinically important mentions such as labo-
ratory findings. Overall, proprietary models tend to
over-predict moderately, while open-source models
show more pronounced degradation in tasks that
require careful reasoning and integration of clinical
knowledge.

A second example demonstrates challenges in
NER of medication values:

fg  #B<m-val>20Gy</m-val>®& #<m-val>15Gy</m-
val> D RadiationfE 1714 % B I Eabx L 7=,

After receiving radiation therapy of 20 Gy to the abdomen
and 15 Gy to the pelvis, the patient was transferred to our
hospital.

Here, “Gy” represents the absorbed dose of ioniz-
ing radiation. Whether to treat radiation dosage as
a distinct entity depends on the annotation scheme.
All evaluated models failed to recognize this men-
tion as medication volume, highlighting need for
task-specific knowledge in NER tasks.

Taken together, these results indicate that instruc-
tion tuning on non-clinical-domain data alone is
insufficient for tasks requiring fine-grained clinical
reasoning and task-specific knowledge. To improve
performance, particularly for open-ended tasks and
NER, LLMs require dedicated instruction tuning on
clinical corpora (Corbeil et al., 2025) or task-specific
fine-tuning (Shimizu et al., 2025).

Model Consistency Salience Fluency
GPT-40 3.21 3.79 3.84
GPT-5 3.84 3.79 3.63
lim-jp 2.63 2.89 3.84
SIP-jmed-lim 2.21 2.21 3.37

Table 6: Human evaluation of the HS-PN summa-
rization task. Scores are on a 1-5 Likert scale aver-
aged over summarizations.

5.2. Qualitative Evaluation of
Hospitalization Summarization

While automated metrics like ROUGE-L provide a
quantitative overview of performance, they may not
fully capture the clinical utility of generated text. To
this end, we manually compare the expert-authored
reference summaries and LLM outputs, conducting
a detailed qualitative analysis of the HS-PN summa-
rization task for four models (GPT-40, GPT-5, lim-jp,
and SIP-jmed-LLM). Specifically we evaluated med-
ical consistency (Tang et al., 2023; Croxford et al.,
2025), salience (Liu et al., 2023; Tang et al., 2023)
and fluency (Ive et al., 2020; Hiebel et al., 2023)
of the generated discharge summaries compared
to the expert-authored ones. The assessment was
conducted by a clinical expert (nurse) on a set of
20 discharge summaries.

Table 6 summarizes the Likert scores for each
evaluation category. In the manual evaluation, GPT-
5 achieved the highest mean scores for medical
consistency and salience, despite its relatively low
ROUGE-L score shown in Sect.4.2. The human ex-
pert favored outputs that were clinically faithful and
correctly normalized abbreviations, even when their
surface form deviated from the reference. Table 7
illustrates such an example. The GPT-5’s sum-
mary, while stylistically different, was clinically com-
prehensive and thus received a high consistency
score. In contrast, other models omitted critical
information (e.g., the post-discharge plan), leading
to lower expert scores, yet sometimes achieved
higher ROUGE-L scores due to superficial n-gram
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Japanese

English Translation

GPT-5 Output

# AFEiR8 AR, HEMREEE7 Y E-7ME (NH3 180) % fL\
FEENRDONZERTOFMERME &Il FRE L TERERD, T
SYA—ABKREEBICI VR IBRTICZ I/ LNAVEEET 1
ABREH. HENEONEHIBILAC, NHI12EBEWE, RBRF
T, REENTRE R >7LDT I/ LAVIFKRT L, DBHE7I /B
WEE ) —NT NRRADE, LES1B1EOHEE#REL. BHBEHE
B, NH3 62 CTHE, 2HRERELMEL, Z/vY0—R - J—nY
rRBRMESEE L. FEZEOREEZE (NAFLDEEL) Akt oHstT
Bt L7

##RIREFIRR BEEE - 25 REBRE

Human Evaluation
Consistency: 5 (FFEICR W)
Salience: 4 (R\)

Fluency: 4 (RWL)

ROUGE-L:0.24  (GPT-40: 0.29, llm-jp: 0.26)

GPT-5 Output

## Hospital Course The patient was admitted with jaundice and hyperammonemia
(NH3 180) and diagnosed with hepatic encephalopathy secondary to suspected liver
cirrhosis. Constipation was the likely trigger, so lactulose and Aminoleban were started
with protein restriction. The following day, the patient had a bowel movement, mental
status remained stable, and NH3 improved to 152. As the patient’s condition improved
and oral intake was possible, Aminoleban was discontinued and switched to oral Livact.
Consciousness remained clear with daily bowel movements, and NH3 normalized to 62.
The patient was discharged in stable condition on lactulose and Livact, with plans for
outpatient investigation into the cause of cirrhosis (suspected NAFLD).

## Status at Discharge Alert; general condition stable.

Human Evaluation
Consistency: 5 ( “Excellent” )
Salience: 4 ( “Good” )
Fluency: 4 ( “Good” )
ROUGE-L for this case: 0.24

(GPT-40: 0.29, lim-jp: 0.26)

Table 7: Case example where GPT-5 receives a high human score but a relatively low ROUGE-L.

overlap.

These results highlight the limitations of n-gram-
based metrics such as ROUGE-L, which primarily
capture surface-level overlap and can underesti-
mate medically faithful but stylistically divergent
summaries, while failing to penalize omissions of
critical clinical information. Future work could ex-
plore using LLMs themselves as evaluators to bet-
ter assess summary quality (Shakil et al., 2024)
by enabling more reliable assessment of clinical
content.

6. Related Work

The rapid progress of LLMs has spurred their adap-
tation to medical and clinical applications (Woo
et al., 2025; Van Veen et al., 2024). Recent studies
have demonstrated that domain-adaptive pretrain-
ing and instruction tuning on biomedical corpora
enhance model performance on medical multiple-
choice question (Labrak et al., 2024; Han et al.,
2023; Chen et al., 2023; Toma et al., 2023). Also,
a growing body of work has focused on systemat-
ically benchmarking LLMs across diverse clinical
tasks. Recent efforts include large-scale bench-
marks (Chen et al., 2025; Liu et al., 2024; Dorfner
et al., 2024; Dada et al., 2025), which assess rea-
soning, generation, and understanding on medi-
cal and clinical documents. These benchmarks
are supported by rich English-language clinical re-
sources (Johnson et al., 2016, 2023), and evalua-
tion datasets (Adams et al., 2025; Sun et al., 2013).

By contrast, benchmarks in non-English lan-
guages remain scarce due to the limited availability
of clinical corpora. Although Japanese corpora
such as radiology and case reports exist (Naka-
mura et al., 2025b; Yada et al., 2024), there remains
a lack of publicly accessible, authentic clinical
notes, such as discharge summaries and progress
notes, which are essential for evaluating LLMs in
practical senarios. Due to the lack of corpora, ex-
isting efforts for evaluation in Japanese largely rely
on translations of English datasets, such as JMed-

Bench (Jiang et al., 2025) and board examination
QA tasks (Kasai et al., 2023). However, these trans-
lated benchmarks do not adequately reflect the het-
erogeneity of clinical documentation, which varies
across hospitals, specialties, and practitioners (La-
parra et al., 2020). Moreover, evaluation focused
on exam-style QA tasks overlooks practical aspects
of clinical language reasoning (Griot et al., 2025).
This gap highlights the need for Japanese clini-
cal corpora and benchmarks derived from expert-
authored realistic documents to enable the evalu-
ation of large language models beyond narrowly
defined exam-like scenarios and English transla-
tions.

7. Conclusion

In this work, we introduced J-ClinicalBench, a
publicly available benchmark designed to evaluate
LLMs on realistic Japanese clinical tasks. By con-
structing a high-quality corpus of expert-authored
clinical documents and datasets spanning five di-
verse tasks, we address the scarcity of non-English
clinical corpora. Covering clinical language rea-
soning, generation, and understanding tasks, J-
ClinicalBench provide a resource for assessing
LLM utility in Japanese healthcare. Our evalua-
tion demonstrates that proprietary models such as
GPT-40 and GPT-5 achieve the strongest overall
performance, while open-source models benefit
from continual pre-training on Japanese medical
corpora. Nevertheless, reasoning-intensive tasks
such as clinical code assignment and medication
recommendation remain challenging, highlighting
persistent gaps in current LLM capabilities and clin-
ical practice. We hope that J-ClinicalBench will
serve as a foundation for future research, enabling
systematic evaluation of both proprietary and open-
source models, and fostering the development of
domain-specialized LLMs that can better support
clinical practice.
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8. Limitations

While J-ClinicalBench provides a comprehensive
benchmark for evaluating LLMs on Japanese clini-
cal tasks, several limitations remain.

First, the performance of models can be sensi-
tive to prompt design, and our study employed rel-
atively simple instruction formats. Although prompt
engineering was explored to ensure fairness and re-
producibility across models, further work is needed
to systematically investigate the impact of prompt
formulation, few-shot examples, and task-specific
instructions on model behavior. Second, for most
summarization tasks, evaluation relied primarily on
ROUGE-L as an automated metric. As discussed
in Sect. 5.2, ROUGE-based metrics may not ade-
quately capture clinical faithfulness or the preser-
vation of medically salient content. Future work
could incorporate LLM-based or human-in-the-loop
evaluation frameworks to better assess factual ac-
curacy and clinical utility. Third, the dataset size
for certain tasks, e.g., HS-PN, remains limited due
to the cost of corpus creation. We plan to expand
these datasets in subsequent releases by collab-
orating with clinical institutions under appropriate
privacy safeguards. Finally, our evaluation primar-
ily focused on text-based clinical reasoning and
understanding tasks. Extending the benchmark
to multimodal clinical data (e.g., imaging reports,
laboratory results, or structured EHR data) would
provide a more comprehensive assessment of LLM
capabilities in real-world clinical scenarios.
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