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Abstract
In the ongoing wave of impact driven by large language models (LLMs) like ChatGPT, 
the adaptation of LLMs to the medical domain has emerged as a crucial research 
frontier. Since mainstream LLMs tend to be designed for general-purpose applications, 
constructing a medical LLM through domain adaptation is a huge challenge. While 
instruction-tuning, particularly based on low-rank adaptation (LoRA), has become a 
frequently employed strategy to fine-tune LLMs recently, its precise roles in domain 
adaptation remain unknown. Here, we investigated how LoRA-based instruction-
tuning improves the performance of Japanese medical question-answering tasks 
by employing a multifaceted evaluation of multiple-choice questions, including 
scoring based on “Exact match” and “Gestalt distance” in addition to the conventional 
accuracy. Our findings suggest that LoRA-based instruction-tuning can partially 
incorporate domain-specific knowledge into LLMs, with larger models demonstrating 
more pronounced effects. Furthermore, our results underscore the potential of 
adapting English-centric models for Japanese applications in domain adaptation, 
while also highlighting the persisting limitations of Japanese-centric models. This 
initiative represents a pioneering effort in enabling medical institutions to fine-tune 
and operate models without relying on external services.

Keywords: Medical large language models; Llama2; Instruction-tuning; Domain 
adaptation; Low-rank adaptation; QLoRA

1. Introduction
The study and development of medical large language models (LLMs) like ChatGPT 
have the potential to revolutionize the field of medicine and healthcare in profound 
ways. These models, when fine-tuned and adapted to the medical domain, can assist 
healthcare professionals in numerous critical tasks, such as disease diagnosis, treatment 
planning, and patient care. Due to their vast language comprehension capabilities, LLMs 
may provide up-to-date information, suggest evidence-based treatment options, and 
even predict disease outcomes with a high degree of accuracy.
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Domain adaptation remains a crucial approach 
for tailoring mainstream LLMs to the practical use in 
clinical environments, even after the surge of ChatGPT 
(https://chat.openai.com/), a powerful LLM service, that 
has revolutionized the way we interact with text and 
language by its astonishing ability to generate sentences. 
While these general-purpose models are powerful in zero-
shot inference in unseen tasks, fine-tuned models may 
have the potential to outperform them in domain-specific 
tasks. Several works on domain adaptation within the 
medical field in the context of powerful English-centric 
LLMs1-4 exist as well, but research in this direction is largely 
lacking in Japanese, highlighting the need to pioneer 
studies in non-English contexts. The drive to develop 
large-scale medical LLMs in one’s native language is not 
only prevalent in Japan but also starting to mainstream in 
other non-English-speaking countries. In Japan, the sole 
precedent in the area of Japanese medical language model 
is the work of Sugimoto et al.,5 who developed a Japanese 
medical language model named JMedRoBERTa based on 
RoBERTa, a BERT6  -based model. This study is the first 
exploration along this line using large-scale GPT-models 
with a focus on text generation.

Moreover, ChatGPT utilization is impeded in clinical 
practices due to the concerns related to data privacy 
and security. The potential risks associated with data 
breaches or misuse of confidential patient information 
underscore the need for robust security measures and 
ethical considerations, further complicating its seamless 
integration into clinical settings. Hence, we need to 
consider domain adaptation using other LLMs for 
incorporating medical knowledge.

Recently, several parameter-  efficient fine-tuning 
methods have been proposed, including low-rank 
adaptation (LoRA) and its quantized version (QLoRA),7,8 
where only the limited parameters are chosen as the target 
of the fine-tuning. Performed along with instruction-
tuning, LoRA has demonstrated some success in acquiring 
conversational abilities and improving domain-specific 
performances such as financial question-answering 
tasks.9,10 That being said, the ability and limitation of LoRA-
based instruction-tuning have not been clarified in domain 
adaptation. “Superficial Alignment Hypotheses,” which 
was proposed recently, provide a conjecture that fine-
tuning does not contribute significantly to the acquisition 
of knowledge, but this topic remains controversial.11 
Therefore, we aim to investigate whether LoRA-based 
instruction tuning can be effective in acquiring domain-
specific knowledge, especially medical knowledge.

The primary research questions guiding our study are 
as follows:

i.	 How and how much can domain knowledge be 
incorporated into LLMs by LoRA-based fine-tuning?

ii.	 Do larger English-centric LLMs outperform smaller 
Japanese-centric LLMs?

iii.	 Does the amount of fine-tuning hold significance?

To answer these questions, we conducted a 
comprehensive comparison between different LLMs fine-
tuned with our own Japanese medical dataset by evaluating 
e ach model through medical question-answering approach. 
This enables us to clarify the strengths and limitations of 
incorporating domain-specific knowledge by LoRA, setting 
the stage for constructing enhanced versions of various 
domain-specific Japanese LLMs.

2. Related works
In recent years, there has been active research in 
constructing pretrained language models specialized for 
the medical domain. Before the emergence of GPT-312 
in 2020 and ChatGPT in 2022, the prevailing trend in 
research involved building BERT6 -based language models 
and evaluating them in classification tasks. In English-
speaking regions, models such as BioBERT,13 Med-BERT,14 
ClinicalBERT,15 and PubMedBERT16 have been proposed, 
leveraging medical literature databases such as PubMed 
and clinical records databases such as MIMIC-III.17 Also 
in Japan, UTH-BERT18 and JMedRoBERTa5 have become 
available online. UTH-BERT18 is the first medical pretrained 
language model in Japanese, pretrained by approximately 
120 million lines of clinical texts. On the other hand, 
JMedRoBERTa5 utilizes 11 million lines of journal articles 
in medicine, with the goal of accumulating information 
across a diverse range of content, encompassing basic 
research to case studies.

In the wake of GPT-312 and ChatGPT emergence, 
the focus of research shifted toward LLMs leveraging 
Transformer19 accompanied with a steady increase in the 
parameter size of models. The primary tasks of interest 
in research also transitioned from classification tasks to 
medical text generation or medical question-answering. 
For the English-centric model, BioMedLM (formerly 
known as PubMedGPT),20 BioGPT,21 and BioMedGPT22 
have been proposed, harnessing the strength of the latest 
general-purpose LLMs. However, the currently available 
models have limited sizes: BioMedLM20 has 2.7 billion 
parameters, BioGPT21 is based on the GPT-223 architecture 
with 1.3 billion parameters, and BioMedGPT22 comprises 
10 billion parameters. On the other hand, Google has 
pursued its own path in developing medical models, 
including Med-PaLM1 and Med-PaLM22 with 540 billion 
and 340 billion parameters, respectively; nonetheless, these 
models are not accessible to the public. To the best of our 
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knowledge, there has been n research conducted to deepen 
the medical specialization of Japanese-centric model.

3. Data and methods
We conducted a comprehensive comparison between 
different LLMs fine-tuned with Japanese medical dataset, 
including those we have created ourselves. To determine 
whether one should start from a smaller Japanese model 
or a larger English model, we prepared OpenCALM-7B 
and Llama2-70B as base models. In addition, to observe 
the effectiveness of pretraining, we introduced a model 
additionally trained on medical documents. Subsequently, 
we applied medical instruction-tuning (LoRA, QLoRA) 
to each of them and evaluated performance based on the 
accuracy of medical question-answering tasks. The entire 
procedure is outlined in Figure 1. The models trained and 
used in our experiments are available at https://huggingface.
co/AIgroup-CVM-utokyohospital.

3.1. Base model preparation

To create a Japanese-centric model, we utilized 
OpenCALM-7B (https://huggingface.co/cyberagent/open-
calm-7b), an open-source Japanese foundation LLM with 
6.5 billion parameters developed by CyberAgent, Inc. In 
addition, we trained a new base model MedCALM, which 
is based on OpenCALM-7B and continually pretrained on 
our own medical text dataset. Here, the training dataset 
consists of 2420 examples, and the evaluation dataset has 
50 examples. The maximum token count is set to 768, 
and the batch size is set to 63. The model was trained for 
2000 steps. On the other hand, we further used Llama2-
70B-chat-hf (https://huggingface.co/meta-Llama/Llama-
2-70b-chat-hf), a powerful English-centric LLM released 
by Meta Inc.24 Hereinafter, it is referred to as Llama2-70B. 
The use of this model is governed by the Meta license 
(https://ai.meta.com/resources/models-and-libraries/
llama-downloads/).

3.2. Medical instruction-tuning

Instruction-tuning refers to the process of fine-tuning 
or optimizing the behavior and output of the model by 
providing explicit instructions or guidance as a prompt 

during the generation of text.25 We employed LoRA, one 
of the popular parameter-efficient fine-tuning methods 
provided in PEFT library,7,26 since full fine-tuning, 
which retrains all model parameters, is unfeasible in our 
environment. LoRA freezes the pretrained model weights 
and inserts trainable rank decomposition matrices into 
each layer of the target model to reduce the number of 
trainable parameters for downstream tasks. Specifically, 
instead of directly updating the d × k parameter matrix of 
a linear layer in LLM from W0 to W0+ΔW, LoRA updates 
a d × r matrix B and a r × k matrix A where BA is low-rank 
decomposition of ΔW, that is, r ≪min (d,k).

Given our computational constraints, particularly 
the limited GPU memory, LoRA for OpenCALM-7B is 
feasible, but not for Llama2-70B. Instead, we opted for 
the quantized version, named QLoRA,8 which is intended 
to trade off a slight performance drop for a significant 
reduction in model size, making the experiment using 
Llama2-70B feasible. Consequently, we applied LoRA to 
OpenCALM-7B and QLoRA to Llama2-70B, respectively. 
The hyperparameters of LoRA/QLoRA are listed in Table 1, 
which follow the default setting specified in PEFT library 
and QLoRA library, respectively.8,26

To perform medical instruction-tuning, we constructed 
a medical question-answer dataset containing 77422 
records in instruction format. Initially, we reviewed two 
medical articles, one from the official journal of The 
Japanese Circulation Society (containing 3569 lines) and 
another from the Journal of the Japanese Society of Internal 
Medicine (JJSIM, containing 6120 lines), for input retrieval. 
Then, these texts were used as inputs for ChatGPT (gpt-3.5-
turbo) to generate various question-answer pairs, resulting 
in 21365 records and 56057 records, respectively. Since 
ChatGPT is known to possess strong instruction-following 
ability, we utilized the following prompt template to 
construct instruction dataset with an overall good quality:
	 ### Instructions: You are a machine designed 

to generate various question and answer pairs. 
Please create data with question (instruction) and 
answer (output) pairs based on the following input, 
considering it as prior knowledge. Format the data 

Figure 1. Overview of procedure of our medical instruction-tuning. Image created with Adobe Illustrator.
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as “instruction”: Question content, “output”: Answer 
content, and do not include line breaks. Repeat this 
process 15 times and list one data pair per line.

	 ### Input: {input_text}

The number of epochs and steps was set to align with 
the overall computational time in each experiment. Using 
a larger model such as Llama2-70B increases the GPU 
memory usage per sample. To avoid this, memory usage can 
be reduced by decreasing the floating-point precision or 
by using gradient accumulation. In this study, we adopted 
4-bit QLoRA on Llama2-70B. Since 4 bits is optimal in 
terms of the relationship between floating-point precision 
and model performance,27 it is not desirable to reduce the 
floating-point precision any further. To experiment with 
less GPU memory, gradient accumulation was attempted 
by multiplying batch size calculation, for example, a batch 
size of 8 is calculated twice with four smaller mini-batch 
sizes. This approach allows for building larger models and 
reducing requirements for computing resources.

3.3. Evaluation by medical question-answering tasks

The state-of-the-art performance of English medical LLMs 
is typically evaluated using benchmark datasets such as 
MedQA (United States Medical Licensing Examination, 
USMLE),28 MedMCQA,29 and PubMedQA.30 However, 
the availability of Japanese-curated medical task datasets 
is significantly limited, with IgakuQA (Japanese medical 
licensing exams)31 being the only one available at present. 
Hence, in addition to IgakuQA, we prepared a new Q&A 
dataset JJSIMQA to assess the performance of each model in 
the medical domain. JJSIMQA is our own dataset comprising 
5-choice questions included in JJSIM as appendices. Here 
are some samples from IgakuQA and JJSIMQA datasets:

	 An example from IgakuQA (originally in Japanese)
	 “problem_id”: “116A1”,

	 “problem_text”: “Which of the following is incorrect 
regarding hypertension caused by obstructive sleep 
apnea?,”

	 “choices”: {“a”: “It often leads to nocturnal hypertension.”, 
“b”: “Weight reduction is recommended for obese 
patients.”, “c”: “Alpha-blockers are the first-line choice of 
medication.”, “d”: “Morning hypertension is frequently 
observed in home blood pressure measurements.”, “e”: 
“Continuous positive airway pressure (CPAP) therapy 
is expected to lower blood pressure.”},

	 “text_only”: True,
	 “answer”: [“c”]
	 An example from JJSIMQA, 5-choice questions in 

JJSIM (originally in Japanese)
	 “problem_text”: “Which of the following is incorrect 

about recent cases of hepatitis B in Japan? Choose one.”,
	 “choices”: {“a”: “The HBs antigen positivity rate has 

significantly decreased due to the initiation of mother-
to-child infection prevention programs.”, “b”: “HBV 
(hepatitis B virus) genotype Ae can become a carrier 
through horizontal transmission in adults.”, “c”: “In 
Japan, routine HBV vaccination began in October 
2016.”, “d”: “HBV genotype  C is more prevalent in 
the Tohoku and Miyako-Yaeyama regions.”, “e”: 
“Horizontal transmission of HBV during childhood 
is thought to be partly attributed to father-to-child 
transmission and communal living.”},

	 “text_only”: True,
	 “answer”: [“d”]

The prompt template used for the evaluation follows 
the Alpaca-format,32 where “problem_text” is incorporated 
in {instruction} and “choices” is incorporated in {input}:

	 Below is an instruction that describes a task, paired 
with an input that provides further context. Write a 
response that appropriately completes the request.

	 ### Instruction:
	 {Instruction}
	 ### Input:
	 {Input}
	 ### Response:

For evaluation in our experiments, these prompts were 
given in Japanese for OpenCALM-7B and in English for 
Llama2-70B. When generating the responses, we can 
specify parameters. In our experiments, temperature 
was set to 0.1, max_new_tokens to 256, top_p to 0.9, and 
repetition_penalty to 1.05. Question-answering samples 
that yielded null responses were excluded from the dataset.

Finally, we evaluated the output responses of each 
model by three different metrics: Exact match, Gestalt 
score, and Accuracy. While all these metrics aim to assess 
how effectively models can select the correct choice from 

Table 1. LoRA/QLoRA parameters

OpenCALM‑7B Llama2‑70B

Fine‑tuning method LoRA QLoRA

Learning rate 5e ‑5 2e‑4

Input length 512 512

Target max length 512 512

Batch size 8 8

Fine‑tuning steps 1k, 3k, 10k 0.9k, 3k

r of (Q) LoRA 8 64

α of (Q) LoRA 32 16

Dropout rate of (Q) 
LoRA

0.05 0.1

Target parameter Query, Key, value All linear layers
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five alternatives, they are defined with slight variations. Let 
R denote the response string and C* denote the correct 
answer string among the five choices. Exact match takes 
the value of 1 if R and C* exactly match at the string level, 
and 0 otherwise. Gestalt score is defined as the Gestalt 
distance between the response and the correct answer, 
which is calculated by a string matching algorithm that is 
based on the longest common subsequence: let K denote 
the longest matched string, then Gestalt score is calculated 
as GestaltScore(R) = 2|K|/(|R|+|C*|). Finally, Accuracy 
reflects the correctness by evaluating the choice closest to 
the model’s response when measured using Gestalt score. 
Definitions are summarized as follows:

S = {C1, C2, C3, C4, C5}: Choices,

C* (∈ S): The correct choice,

R: the response of the model,

ExactMatch(R) = 1 if R = C* else 0,

GestaltDistance(R,C) = 2|K|/(|R|+|C|), K: the longest 
matched string between R and C,

GestaltScore(R) = GestaltDistance(R,C*),

Accuracy(R) = 1 if argmax_{C ∈ S} GestaltDistance(R,C) 
= C* else 0.

All the evaluation metrics mentioned above take the 
value between 0 and 1, and the larger value indicates the 
better performance of the model.

3.4. Experimental settings

The whole dataset used in this work is summarized in 
Table  2. The experiments were run on 4 NVIDIA A100 
with 80GB RAM each. All codes were implemented in 
Python, and the software and libraries we used include 
Transformers33 and PEFT26 from Hugging Face.

4. Results
4.1. The effect of medical instruction-tuning

The average score of experiments conducted for both 
0-shot inference and 1-shot inference, measured by Exact 
match, Gestalt score, and Accuracy is summarized in 
Table 3 and Figure 2. The 0-shot inference refers to making 
responses without any specific examples, while the 1-shot 

inference refers to when one question-answer example is 
included in the input prompt. In Table 3, the top 2 scores 
in each row are highlighted in bold.

4.2. Comparison of our string-based evaluation 
metrics

Evaluation of LLMs is mainly conducted via manual 
evaluation1 and automated evaluation based on rules. 
In automated evaluation methods, likelihood-based 
evaluation34 is predominant. However, this evaluation 
method assesses the vectors outputted by the model rather 
than the actual generated strings, making it unsuitable 
for comparison with ChatGPT. To address this issue, 
our evaluation metrics are based on the strings actually 
outputted by the model. Exact match is a strict criterion 
where a response is considered correct only if it matches 
the correct answer precisely. Consequently, the number 
of correct answers is lower because even slight deviations 
are not considered correct. On the other hand, Accuracy is 
a relatively lenient metric where an output is considered 
correct as long as it is similar to the correct answer, even 
if it is not an exact match. This leads to a relatively higher 
number of correct answers as compared to Exact match, as 
deviations are tolerated to some extent.

Table 4 is a contingency table showing the number of 
question-and-answer (Q&A) samples where the model 
produced the correct answer. As a result, 112 question-
answer samples are considered correct in terms of Accuracy 
but wrong in Exact match, whereas the reverse is not true. 
Among these 112 samples, many cases that were thought to 
be correct were not considered correct in the \textit{Exact 
match} evaluation. This was due to issues such as the 
model’ s output being corrupted by token omissions in 
the tokenizer, or experiencing partial misrepresentation of 
Japanese characters, as observed in the examples listed in 
Table 5. This result implies that Accuracy is more suitable 
for evaluating performance in question-answering than 
Exact match, as it is more robust against the issues that 
models may potentially encounter. Further discussion in 
this regard is given in section 5.3.

4.3. Example responses from each model

We randomly created questions that ask each model the 
treatment of a symptom. This type of medical question is 

Table 2. Datasets used in this work

Name Source type Format type Purpose Number of records

The Japanese circulation society Academic journal Alpaca format32 Instruction‑tuning 21365

The Journal of the Japanese Society of Internal Medicine Academic journal Alpaca format32 Instruction‑tuning 56057

IgakuQA31 Medical license exam 5‑choice question Evaluation 2002

JJSIMQA  Review questions 5‑choice question  Evaluation 460
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not included in the instruction dataset nor the evaluation 
dataset. Table 6 shows the responses of each model to the 
following prompt, which was originally Japanese.

	 ### Instruction:
	 Please provide detailed instructions for the treatment 

to be administered to patients with the following 
diseases.

	 ### Input:
	 deep vein thrombosis
	 ### Response:

Here, we observed that the original Llama2-70B generated 
English responses to some questions — 81% in 0-shot 
prompting and 15% in 1-shot prompting — while the other 
models responded completely in Japanese when prompt 
texts were given in Japanese.

5. Discussion
5.1. Numerical evaluation of the effects of fine-tuning

We observed notable score improvements with LoRA 
after an appropriate number of steps, particularly with 
Llama2-70B showing the most significant enhancement. 
This suggests that utilizing a more powerful English-
centric model as the base model holds promise for domain 
adaptation even in Japanese contexts.

Regarding instruction-tuning, it has been controversial 
on whether, we should repeat epochs or just once. Our 
results showed that a single epoch (1k steps) of instruction-
tuning improves the performance but increasing the 
number of epochs exacerbates the model. Furthermore, 

additional pretraining did not contribute to performance 
improvement. Therefore, we conclude that conducting 
LoRA-based instruction-tuning for a single epoch without 
considering additional pretraining is a more practical and 
promising approach, especially when dealing with limited 
training data.

Note that in this study, we exclusively utilized medical 
documents closely related to the task for continual 
pretraining. However, we believe that the efficacy of 
additional pretraining could be further explored by 
incorporating a broader range of medical domain 
documents or by extracting and expanding from a general-
purpose corpus. Determining the necessary amount of 
data for additional pretraining to improve performance in 
downstream tasks is a challenge, we will face in the future.

5.2. Deterioration of 1-shot performance

From Table  1, it is evident that every OpenCALM-based 
model except the original one experiences a decline in 1-shot 
inference scores rather than in 0-shot inference scores. This 
outcome highlights the fact that the original OpenCALM 
model clearly loses its capability to leverage example 

Table 3. Performance of Japanese medical question‑answering tasks

OpenCALM‑7B MedCALM Llama2‑70B

Steps of QLoRA 0 1k 3k 10k 0 1k 3k 10k 0 0.9k 3k

Exact match (1s) 0 0.042 0.059 0 0.001 0 0 0 0.097 0.200 0.173

Gestalt score (1s) 0.053 0.186 0.087 0.078 0.028 0 0.002 0.035 0.247 0.331 0.314

Accuracy (1s) 0.177 0.190 0.148 0.174 0.164 0.150 0.150 0.165 0.200 0.258 0.225

Exact match (0s) 0 0.029 0.014 0.013 0 0.018 0.019 0.014 0.001 0.180 0.169

Gestalt score (0s) 0.033 0.114 0.141 0.120 0.032 0.096 0.116 0.085 0.071 0.276 0.287

Accuracy (0s) 0.170 0.182 0.166 0.193 0.185 0.172 0.240 0.183 0.170 0.251 0.244

Training hours ‑ 4.6 24 37 ‑ 8.9 23.7 58.4 ‑ 12.7 42.4

Notes: 0s and 1s denote 0‑shot inference and 1‑shot inference, respectively. The top 2 scores of each row are highlighted in bold. 0 steps denote the 
original base model.

Table 4. Number of Q&A samples where Llama2 (0.9k steps 
of QLoRA) produced the correct answer

Correct in Exact match Wrong in Exact match

Correct in accuracy 384 112

Wrong in accuracy 0 1425

Figure  2. Comparison in accuracy of Japanese medical question-
answering tasks. Image created with Google Spreadsheet.
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responses provided within the context, whereas Llama2-70B 
retains this ability even after instruction-tuning.

5.3. Evaluation metrics

There have been some intensive arguments surrounding 
the evaluation of LLMs recently. Regarding the evaluation 
method of LLMs, there is still no unified “rule-of-thumb” 
method yet. While the existing metrics (e.g., JGLUE35) 
or leaderboards (e.g., Nejumi LLM leaderboard, http://

wandb.me/nejumi) can assess the fluency of generated 
texts, they do not adequately evaluate the accuracy 
of domain-specific knowledge. It is noteworthy that 
three metrics used in our experiments also exhibit 
certain shortcomings. For example, Exact match cannot 
accurately score responses that, while conveying the 
correct meaning, do not match the text verbatim. Gestalt 
score is asymmetric and prone to multiple choices. 
Overall, our string-based metrics fall short in identifying 
phrases with different expressions but conveying the 
same meaning, and reflecting aspects such as fluency 
and medical accuracy. We argue that these features are 
not problematic in question-answering tasks where the 
model is required to output one or a few choices in short 
texts, but they become problematic when evaluating LLM 
for practical tasks, including medical report generation, 
where these aspects are crucial.

Furthermore, even the use of multiple-choice questions 
for evaluating LLMs has been controversial.36,37 The 
development of even more superior evaluation metrics is 
eagerly anticipated.

5.4. Difficulty and limitations

While numerous LLM training techniques are still in the 
developmental stage, several shortcomings of training 
medical LLMs, like what we have done in this work, 
should be highlighted. First and foremost, the quantity 
and quality of data could be insufficient in our work. 
Preparing a medical dataset in instructional format can 
be expensive. In this study, we employed ChatGPT for 
automated generation, but this approach may become 
financially burdensome when preparing larger datasets. 
Data cleansing has also consistently posed challenges, and 
achieving perfect results in this work may not have been 
feasible.

Moreover, during the writing phase of this paper, 
Japanese LLMs that are considered to perform better than 
OpenCALM-7B, which was used in this study, have been 
released (see, e.g., Rakuda benchmark, https://yuzuai.jp/
benchmark). There is a possibility of obtaining different 
results when using them as the base model. Since one general 

Table 5. Some example outputs from Llama2‑70B (0.9k steps of QLoRA)

Correct choice Model’s output Exact match Gestalt score Accuracy

Workers’ accident compensation insurance 
(労働者災害補償保険 )

Similar but having tokenizing issue (労働者補
償保険)

0 0.538 1

 Functional menstrual disorders (機能性月経困難症 ) Correct except third letter (機能的月経困難症) 0 0.736 1

 Intra‑articular hemorrhage (関節内出血 ) Correct except the second letter (関篾内出血) 0 0.800 1

Monthly standard compensation for patient households 
(患者世帯の標準報酬月額 )

Similar but having tokenizing issue (患者世帯
患者世帯標準報酬月額)

0 0.666 1

Table 6. Example responses from each model

Model name LoRA/
QLoRA

Response (exact output from LLM)

OpenCALM‑7B None At the bedside, the nurse encouraged 
the patient to move their legs to assist in 
getting out of bed. The patient attempted 
to flex and extend their legs; however, 
they were unable to move the leg joints 
and needed assistance to stand up 
independently. The nurse approached the 
patient sitting on a bedside chair, provided 
shoulder support, lifted their arms, 
extended their elbows, and helped them 
rise slowly. The nurse then gently released 
their grip and returned to the chair. The 
nurse proceeded to call the next patient.*

1k steps of 
LoRA

The procedure to be carried out for 
patients with the following disease 
involves the implementation of 
appropriate treatment and preventive 
measures.*

3k steps of 
LoRA

Detailed treatment methods have not 
been provided.*

Llama2‑70B None In some cases, a procedure called 
thrombol.

0.9k steps 
of QLoRA

The treatment of deep vein thrombosis 
involves the use of thrombolytic agents 
and anticoagulants.*

3k steps of 
QLoRA

The treatment for deep vein thrombosis 
includes pharmacological therapy to 
dissolve the blood clot as well as surgical 
interventions to remove the thrombus.*

Note: *Originally in Japanese. 
Abbreviation: LLMs: Large language models.
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implication suggested by the results of this experiment 
is that “a more powerful base model is preferable to start 
with,” an overall performance improvement by upgrading 
the base model is highly expected.

6. Conclusion
In this paper, we explore the capabilities and limitations 
of LoRA through various comparative analyses in the 
medical domain. LoRA-based instruction-tuning, while 
avoiding an excessive number of steps, can partially 
integrate domain-specific knowledge into LLMs, with 
larger models demonstrating more pronounced effects. 
We also observe a decrease in performance after additional 
pretraining on scarce training dataset. Furthermore, 
our results underscore the potential of adapting larger 
English-centric models for Japanese applications in 
domain adaptation, while also highlighting the persisting 
limitations of Japanese-centric models including the 
deterioration of 1-shot performance after instruction-
tuning. Our findings here suggest that, at present, the 
most promising approach in constructing a domain-
specific LLM is applying QLoRA to larger English-centric 
base models.

Given the current situation, the clinical translation 
of medical LLMs into real-life applications still falls 
short of our expectations. To fully harness the potential 
of medical LLMs in healthcare settings, addressing both 
the performance limitations and the associated security 
and privacy concerns is imperative. Further research 
and development efforts are needed to enhance the 
accuracy and reliability of these models, ensuring 
they meet the rigorous standards required for clinical 
decision.

Furthermore, the integration of medical LLMs 
with other AI technologies, such as those utilized in 
electrocardiograms and electronic medical records, has 
the potential to amplify their impact significantly. By 
collaborating and cohesively using these AI systems 
along with medical LLMs, physicians can achieve a more 
comprehensive understanding of patient data, with which 
they could formulate more personalized treatment plans to 
improve patient outcomes.
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