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Abstract

Large Language Models (LLMs) show potential in medicine, yet clinical adop-
tion is hindered by concerns over factual accuracy, language-specific limitations
(e.g., Japanese), and critically, their reliability when required to generate reasoning
explanations—a prerequisite for trust. This paper introduces Preferred-MedLLLM-
Qwen-72B, a 72B-parameter model optimized for the Japanese medical domain
to achieve both high accuracy and stable reasoning. We employ a two-stage fine-
tuning process on the Qwen2.5-72B base model: first, Continued Pretraining (CPT)
on a comprehensive Japanese medical corpus instills deep domain knowledge.
Second, Reasoning Preference Optimization (RPO), a preference-based method,
enhances the generation of reliable reasoning pathways while preserving high
answer accuracy. Evaluations on the Japanese Medical Licensing Exam benchmark
(IgakuQA) show Preferred-MedLLM-Qwen-72B achieves state-of-the-art perfor-
mance (0.868 accuracy), surpassing strong proprietary models like GPT-40 (0.866).
Crucially, unlike baseline or CPT-only models which exhibit significant accuracy
degradation (up to 11.5% and 3.8% respectively on IgakuQA) when prompted for
explanations, our model maintains its high accuracy (0.868) under such conditions.
This highlights RPO’s effectiveness in stabilizing reasoning generation. This work
underscores the importance of optimizing for reliable explanations alongside ac-
curacy. We release the Preferred-MedLLM-Qwen-72B model weights to foster
research into trustworthy LLMs for specialized, high-stakes applications.

1 Introduction

The rapid advancement of Large Language Models (LLMs) marks a significant milestone in artificial
intelligence, showcasing impressive abilities in understanding, synthesizing, and reasoning with
complex information across various domains [OpenAl et al.| 2024, Grattafiori et al.| 2024} |Qwen
Team et al.| 2024, Preferred Elements et al.|[2024]. In medicine, these models hold immense potential,
capable of achieving expert-level performance on benchmarks [Nori et al.| [2024] Singhal et al., 2025]
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and offering utility in applications such as clinical text summarization [[Veen et al.| 2024], patient
interaction [[Cosentino et al., [2024], diagnostic decision support [Tu et al., |2025]] and information
extraction [Mou et al., |2024]]. Foundation models, especially those developed for English, have
pushed performance boundaries in medical domains [Saab et al., 2024} Brodeur et al., 2024].

However, the deployment of LLMs in high-stakes clinical settings faces substantial obstacles. Factual
inaccuracies (hallucinations) persist [Kim et al. 2025], critically undermining the trust required
for medical applications. Performance also varies significantly across languages [Xie et al., 2024,
necessitating specialized models for contexts like Japan’s healthcare system. A crucial, yet often
overlooked, challenge is the observed performance degradation when complex reasoning is required
to solve the task [Chen et al.| 2024], especially in multilingual contexts [Xie et al., 2024]. Since
clinicians often need to understand the model’s rationale for verification and trust, this instability
presents a major barrier to adoption.

Domain-specific adaptation is a common strategy for building LLMs for the medical domain. Contin-
ued Pretraining (CPT) on specialized corpora effectively infuses domain knowledge |[Gururangan
et al.} 2020, |Chen et al.| 2023| |Christophe et al.,|2024]], while instruction fine-tuning aligns models
to specific tasks or styles [Singhal et al.,[2025| |Zhang et al.| 2023]]. While efforts exist for Japanese
medical LLMs [Sukeda et al., |2024] Sukedal 2024], they often use smaller models or focus on
instruction following, potentially lacking deep knowledge integration on large models [Gekhman
et al.,[2024]] or explicit optimization for reasoning stability.

To address the dual need for high accuracy and reliable reasoning explanations in the Japanese
medical domain, we introduce Preferred-MedLLM-Qwen-72B. We propose a two-stage fine-tuning
process applied to the Qwen2.5-72B foundation model [Qwen Team et al., 2024]. The first stage
involves CPT using a comprehensive Japanese medical corpus, including the Japanese national
licensing exam materials to embed deep domain knowledge. The second stage employs Reasoning
Preference Optimization (RPO) [Pang et al.,|2024]], a preference optimization technique extending
Direct Preference Optimization (DPO) [Ratfailov et al., 2023|], using a curated dataset comparing
ground-truth and model-generated explanations. This RPO stage specifically aims to enhance the
model’s ability to generate stable, high-quality reasoning pathways while maintaining accuracy.

Our core contributions are:

* We propose and evaluate a two-stage CPT+RPO fine-tuning approach designed to instill
deep domain knowledge while specifically addressing the critical issue of performance
instability when LLMs generate reasoning explanations in specialized domains.

* We demonstrate through evaluation on the Japanese Medical Licensing Exam benchmark
(IgakuQA) [Kasai et al., [2023]] that our resulting model, Preferred-MedLLM-Qwen-72B,
achieves state-of-the-art accuracy (surpassing GPT-40) and, crucially, maintains this high
accuracy when required to provide explanations, validating the effectiveness of RPO for
reasoning stabilization where CPT-only models falter.

* We release the Preferred-MedLLM-Qwen-72B model weights, providing a more reliable
LLM for the Japanese medical domain and facilitating further research into trustworthy
specialized LLMs.

This work underscores the importance of optimizing not just for accuracy but also for the reliability
and transparency of the reasoning process, presenting a methodology to build more dependable LLMs
for high-stakes, specialized domains and non-English languages.

2 Related Works

The application of Large Language Models (LLMs) in medicine is rapidly evolving. Foundation
models, such as OpenAI’s GPT series [Nori et al.,|2023al], o1 series [Xie et al.| 2024, |Brodeur et al.,
2024]] and Google’s Gemini family [Saab et al.l [2024]], have demonstrated remarkable reasoning
capabilities on various English medical benchmarks, often achieving high performance with minimal
prompting [Nori et al.|[2024]. However, significant challenges remain, including factual inaccuracies
or hallucinations, and inconsistent performance across different languages and cultural contexts [Xie
et al.}[2024]. These limitations hinder reliable deployment in high-stakes clinical settings and motivate
the need for domain- and language-specific adaptations.



A primary strategy for adapting LLMs is further training on specialized data. Two common approaches
are Continued Pretraining (CPT) and instruction fine-tuning. CPT involves extending the pretraining
phase on large, domain-specific corpora. This approach, discussed conceptually by |(Gururangan et al.
[2020] and implemented in models like Meditron-70B [Chen et al., 2023|] and others [Christophe
et al.| [2024]], is effective for infusing deep domain knowledge into the model, which is considered
a more effective method for knowledge addition compared to instruction tuning [Gekhman et al.
2024]). Instruction fine-tuning, conversely, aligns models to follow specific instructions or interaction
styles, as seen in models like MedPalLM for English medical QA [Singhal et al., 2025], HuatuoGPT
for Chinese consultations [Zhang et al., [2023]].

Work has also emerged specifically within the Japanese medical domain. For instance, [Sukeda
[2024] developed LLMs by applying instruction tuning to Japanese medical data. While valuable,
such efforts have often utilized smaller base models (e.g., 7B parameters) or primarily focused on
instruction following. This leaves a potential gap regarding the deep knowledge integration achievable
via CPT on larger foundation models and the explicit optimization of reasoning processes, a critical
step for ensuring reliability in real-world clinical and research applications.

Beyond fine-tuning model weights, prompt engineering techniques like Medprompt [Nori et al.,
2023b] aim to elicit better medical performance from generalist models at inference time. However,
the effectiveness and complexity of such strategies can vary [Nori et al.,[2024]], potentially favoring
methods that embed specialized knowledge and reasoning capabilities directly into the model pa-
rameters through training. Enhancing the inherent reasoning capabilities of LLMs is also an active
research area, exploring techniques such as reinforcement learning [Xie et al., 2024, [DeepSeek-Al
et al., |2025]], reasoning with Reinforced Fine-Tuning (ReFT) [Luong et al.l 2024], and preference
optimization methods like Direct Preference Optimization (DPO) [Rafailov et al.| [2023]] and its
variants [Pang et al.,2024].

A critical gap, particularly relevant for clinical trust and adoption, is the performance degradation
when models are required to generate step-by-step reasoning explanations. Our work addresses this
specific challenge. We combine deep domain adaptation via CPT on a comprehensive Japanese medi-
cal corpus with Reasoning Preference Optimization (RPO) [Pang et al., 2024, a DPO variant. RPO
is specifically chosen here for its focus on not only learning preferences, but also on stabilizing the
likelihood of the preferred reasoning path, aligning with our goal of generating reliable explanations
alongside accurate answers. Unlike generalist models evaluated on medicine, or domain-specific
models fine-tuned via CPT or instruction following, our approach explicitly targets the Japanese
medical context and optimizes for both high accuracy and stable, high-quality reasoning explanations.
We demonstrate that this combination achieves state-of-the-art performance on the complex Japanese
Medical Licensing Exam (IgakuQA), surpassing strong proprietary models, and crucially, maintains
this performance even when explicitly prompted for explanations, overcoming the instability observed
in models without RPO.

3 Methods

Our approach involves a two-stage fine-tuning process applied to a powerful base LLM to create
Preferred-MedLLM-Qwen-72B, specifically tailored for the Japanese medical domain with enhanced
reasoning capabilities.

3.1 Stage 1: Continued Pretraining (CPT) for Domain Adaptation

We selected Qwen2.5-72B [Qwen Team et al., [2024]] as the base model. This choice was based on
its state-of-the-art performance on general benchmarks at the time of experimentation, its strong
multilingual capabilities, which provide a solid base for Japanese language understanding.

The primary objective of the first stage was to infuse the base Qwen2.5-72B with comprehensive, up-
to-date Japanese medical knowledge, addressing potential gaps not covered by its general pretraining
corpus. In contrast to instruction tuning, which mainly adjusts response style based on existing
knowledge [Ouyang et al., 2022]], CPT enables the model to acquire and integrate new domain-
specific information [[Gekhman et al., 2024]).

To achieve this, we utilized an original medical corpus, a collection of Japanese medical texts. This
dataset includes explanations for past problems from the Japanese Medical Licensing Exam (JMLE)



up to the year 2017. mr Crucially, to prevent data leakage into our evaluation set, this corpus only
includes JMLE materials published up to the year 2017, ensuring no overlap with the IgakuQA
benchmark which covers 2018-2022 [Kasai et al., [2023]].

Training a 72B parameter model presents significant computational challenges. We addressed this by
employing QLoRA (Quantized Low-Rank Adaptation) [Dettmers et al.,|2023]]. Here, we combined
4-bit NormalFloat (NF4) quantization [Dettmers and Zettlemoyer, 2022] with Low-Rank Adaptation
(LoRA) [Hu et al., 2021]]. The CPT phase itself was conducted for two epochs. We employed the
AdamW optimizer with cosine scheduling with warmup. This stage of training was carried out on an
internal compute cluster, utilizing four NVIDIA A100 80GB GPUs.

3.2 Stage 2: Reasoning Preference Optimization (RPQO)

Following CPT, the second stage focused on Reasoning Preference Optimization (RPO). The main
goal here was to enhance the model’s ability to generate not only accurate answers but also coherent
and reliable reasoning explanations. This specifically aimed to address the performance instability
observed in the CPT-only model when it was prompted to provide explanations alongside its answers.

To facilitate RPO, we curated a specialized preference dataset. This dataset was built using JMLE
problems sourced up to 2017, ensuring distinction from the data used in IgakuQA. The curation pro-
cess involved several steps. First, we prompted the CPT model (from Section[3.1)) using a three-shot
template (“Question: {JMLE Question }\n{Options }\n Explanation: { Explanation for the question}\n
Answer:{ Answer}”’]) to generate a response containing both a step-by-step explanation and a final
conclusion answering the question. Second, these generated responses were automatically categorized
based on whether their final answer matched the ground truth correct answer for the respective JMLE
problem. Responses with the correct final answer were labeled as “Chosen Responses” while those
with incorrect final answers were labeled as “Rejected Responses”. Third, we prepared “Ground
Truth Responses”, which consisted of the correct final answer paired with a verified explanation. It
should be noted that these ground truth responses with verified explanations were also included in the
data for continued pretraining.

With the preference data prepared, we employed Reasoning Preference Optimization (RPO) [Pang
et al.,|[2024], a variant of DPO [Rafailov et al., 2023|], implemented using the Hugging Face TRL
library. RPO learns directly from preference pairs. We established a preference hierarchy for each
JMLE problem: Ground Truth Response > Chosen Response > Rejected Response. This hierarchy
guides the RPO loss computation, which consists of a weighted negative log-likelihood (NLL) loss on
the chosen preferences together with the DPO loss, by creating preference pairs like (Ground Truth,
Chosen), (Ground Truth, Rejected), and (Chosen, Rejected). This structure explicitly trains the model
to favor responses demonstrating correctness and high-quality reasoning (represented by the ground
truth preference) over those with correct answers but potentially weaker generated reasoning, while
strongly penalizing incorrect answers. The underlying assumption is that the curated ground truth
explanations embody a higher standard of reasoning compared to the model’s intermediate generated
explanations, even if the latter lead to a correct answer.

The RPO training phase was applied to the CPT model weights. For computational efficiency, we
again utilized QLoRA. The model underwent training for one epoch over the entire preference dataset.
We set the RPO alpha parameter, which weights the NLL loss relative to the DPO loss, to 10. This
RPO stage was performed using two A100 GPUs.

4 Results

This section details the performance evaluation of Preferred-MedLLM-Qwen-72B. We first present
its results on the primary benchmark, the Japanese National Medical Licensing Exam (IgakuQA),
comparing it against baseline and proprietary models under different prompting conditions. We
then provide an ablation study to dissect the contributions of the Continued Pretraining (CPT) and
Reasoning Preference Optimization (RPO) stages. Finally, we assess the model’s generalization
capabilities on other relevant Japanese medical question-answering datasets.



Table 1: Performance comparison on the IgakuQA benchmark. Scores represent the average scores
over the 2018-2022 exams, normalized by the total score. Evaluations were conducted under standard
3-shot prompting and 3-shot prompting explicitly requiring explanations ("w/ explanation’).
*Scores for GPT-4 and GPT-3.5 were taken from Kasai et al.| [2023].

Model IgakuQA IgakuQA
(3-shot)  (3-shot w/ explanation)

Preferred-Med LLM-Qwen-72B 0.868 0.868
GPT-40 0.866 0.881
GPT-4 Turbo 0.812 0.814
Qwen2.5-72B-Instruct 0.802 0.822
Qwen2.5-72B 0.802 0.710
Llama3-Preferred-MedSwallow-70B 0.795 0.744
Llama-3.3-Swallow-70B-v0.4 0.787 0.755
GPT-4* 0.782 -
GPT-40 mini 0.751 0.759
Llama-3-Swallow-70B-v0.1 0.701 0.637
sarashina2-70b 0.561 0.549
GPT-3.5* 0.550 -

4.1 Performance on the IgakuQA Benchmark

We evaluated our model using the IgakuQA benchmark [Kasai et al. [2023]], which comprises
questions from the Japanese National Medical Licensing Exam spanning the years 2018 to 2022.
Performance is reported as the average score achieved across these five years, calculated as the total
points earned divided by the total possible points to account for varying question weights.

Evaluations were conducted under two distinct prompting scenarios. The first employed a standard
3-shot setting, where the prompt included three examples consisting of a question, options, and the
correct answer, preceding the target question. The specific examples used were identical to those in
the original IgakuQA implementation. As shown in Table[T] Preferred-MedLLM-Qwen-72B achieved
a score of 0.868 in this standard setting. This performance surpasses that of the base Qwen2.5-72B
(0.802) and the instruction-tuned Qwen2.5-72B-Instruct (0.802). It also slightly exceeds the score
obtained by GPT-40 (0.866) and is considerably higher than GPT-4-Turbo (0.812) and the previously
reported GPT-4 score (0.782) [Kasai et al.| [2023].

The second evaluation scenario, termed “3-shot w/ explanation”, was designed specifically to assess
performance stability when the model is explicitly required to generate its reasoning process. In
this setting, the prompt instructed the model to provide a step-by-step explanation before delivering
the final answer (similar in structure to the examples shown in Table ??). Under this condition,
Preferred-MedLLM-Qwen-72B maintained its high accuracy, achieving an identical score of 0.868.
This stability contrasts with the behavior of the baseline Qwen2.5-72B model, whose performance
decreased substantially from 0.802 in the standard setting to 0.710 when prompted for explanations.
While GPT-40 demonstrated strong performance in this setting (0.881), our model outperformed the
instruction-tuned Qwen2.5-72B-Instruct (0.822). These results underscore the effectiveness of our
combined CPT and RPO methodology in yielding a model that not only achieves high accuracy but
also preserves this accuracy when generating explanatory reasoning, a key desideratum for clinical
utility.

4.2 Ablation Study: Impact of CPT and RPO

To delineate the individual and combined contributions of CPT and RPO, we conducted an ablation
study using the IgakuQA benchmark. The results are presented in Table 2] We also included a
comparison using standard DPO instead of RPO.

The baseline Qwen2.5-72B model achieved scores of 0.802 (3-shot) and 0.710 (3-shot w/ explanation).
Applying only CPT (Stage 1) significantly improved performance in the standard setting to 0.867,
confirming the effectiveness of CPT for domain knowledge infusion. However, this CPT-only model
exhibited a performance drop to 0.834 when explanations were required, highlighting the reasoning



Table 2: Ablation study on IgakuQA showing the impact of CPT, RPO, and DPO applied to Qwen2.5-
72B. Scores represent average accuracy under standard 3-shot and 3-shot with explanation ("w/
explanation’) settings.

Model IgakuQA IgakuQA
(3-shot)  (3-shot w/ explanation)
Preferred-MedLLM-Qwen-72B (CPT+RPO) 0.868 0.868
Qwen2.5-72B + CPT + DPO 0.868 0.848
Qwen2.5-72B + CPT 0.867 0.834
Qwen2.5-72B + RPO 0.838 0.807
Qwen2.5-72B 0.802 0.710

instability issue motivating our work. Conversely, applying RPO directly to the base Qwen2.5-72B
model resulted in scores of 0.838 (3-shot) and 0.807 (3-shot w/ explanation). This indicates that RPO
alone can enhance both accuracy and reasoning stability compared to the baseline, likely by better
aligning the model’s inherent reasoning pathways, although it lacks the deep domain knowledge
provided by CPT.

Combining CPT with standard DPO yielded scores of 0.868 (3-shot) and 0.848 (3-shot w/ explanation).
While achieving high accuracy comparable to our final model in the standard setting, this configuration
still showed a noticeable decrease in performance when generating explanations.

Finally, our proposed two-stage approach, combining CPT with RPO (Preferred-MedLLM-Qwen-
72B), achieved a score of 0.868 in the standard 3-shot setting and, crucially, maintained this exact
score of 0.868 in the 3-shot setting requiring explanations. This demonstrates perfect stability under
explanation generation for this benchmark. These ablation results provide strong evidence for the
synergy between CPT and RPO. CPT is essential for incorporating domain-specific knowledge,
while RPO effectively refines the model’s reasoning generation, ensuring consistent accuracy even
when explanations are explicitly prompted. Furthermore, the comparison between CPT+DPO and
CPT+RPO suggests that RPO, potentially due to its inclusion of an NLL loss component alongside
the DPO loss, offers superior stabilization for the reasoning process in this context.

4.3 Performance on Other Japanese Medical Benchmarks

To evaluate the generalizability of the improvements imparted by our fine-tuning methodology, we
assessed Preferred-MedLLM-Qwen-72B on a selection of other Japanese medical question-answering
benchmarks. These evaluations were performed in a zero-shot setting to probe the model’s inher-
ent capabilities without task-specific examples. The benchmarks included Japanese translations of
MedQA [Jin et al., 2020], MedMCQA [Pal et al.| 2022]], PubMedQA [Jin et al.,[2019] (using transla-
tions fromJiang et al.| [2024]), and the medicine related subset (“anatomy”, “clinical_knowledge”,
“college_medicine”, “medical_genetics”, “professional_medicine”) of MMMLU [OpenAll 2024}
Hendrycks et al.l 2020]].

The results, summarized in Table 3] indicate that Preferred-MedLLM-Qwen-72B generally outper-
forms both the base Qwen2.5-72B and the Qwen2.5-72B-Instruct models across these diverse tasks.
Our model achieved the highest scores on the Japanese medical related tasks of MMMLU, and the
Japanese translated versions of MedQA, and MedMCQA, resulting in the highest average score
(0.716) among the compared models. Furthermore, comparing our final Preferred-MedLLM-Qwen-
72B model (CPT+RPO) to the model after only the CPT stage (Qwen2.5-72B + CPT in Table[3), we
observe that the addition of RPO yields further small but consistent improvements across most of
these diverse benchmarks, increasing the average score slightly from 0.710 to 0.716. This consistent
performance advantage suggests that the benefits of the combined CPT and RPO stages, including the
potential positive impact of RPO on generalizability, extend effectively beyond the specific format of
the Japanese Medical Licensing Exam to broader medical question-answering scenarios in Japanese.

5 Conclusion and Discussions

In this work, we introduced Preferred-MedLLM-Qwen-72B, a large language model specifically
fine-tuned for the Japanese medical domain. Our primary goal was to develop an LLM exhibiting not



Table 3: Zero-shot performance on various Japanese medical QA benchmarks. Scores rep-
resent accuracy on Japanese translations of MedQA, MedMCQA, PubMedQA, and relevant
subsets (“anatomy”, “clinical_knowledge”, “college_medicine”, “medical_genetics”, “profes-
sional_medicine””) of MMMLU. Benchmark translations were sourced from Jiang et al.|[2024].

MMMLU MedQA MedMCQA PubMedQA

Model (0-shot) (ip, med) Gp) Gp) (ip) Average
Preferred-MedLLM-Qwen-72B 0.800 0.684 0.602 0.779 0.716
Qwen2.5-72B + CPT 0.799 0.669 0.598 0.775 0.710
Qwen2.5-72B 0.797 0.652 0.591 0.779 0.705
Qwen2.5-72B-Instruct 0.795 0.626 0.601 0.714 0.684

only high accuracy but also reliable performance when generating reasoning explanations crucial
for clinical trust. We proposed a two-stage fine-tuning process combining Continued Pretraining
(CPT) for deep domain knowledge infusion and Reasoning Preference Optimization (RPO) for
enhancing reasoning alignment and stability. Our core contribution lies in demonstrating that
applying RPO subsequent to CPT effectively mitigates the reasoning instability—a performance
degradation observed when explicit explanations are required—that can manifest in models trained
with CPT alone or even CPT combined with standard DPO.

Our empirical results validate this approach. Preferred-MedLLM-Qwen-72B achieves state-of-
the-art performance on the challenging Japanese Medical Licensing Exam benchmark (IgakuQA),
surpassing its base model and competitive proprietary models like GPT-40 in standard evaluations.
More significantly, ablation studies confirmed that while CPT is vital for knowledge and accuracy
gains, the RPO stage is crucial for maintaining this high performance when the model is prompted
to generate step-by-step explanations. This stability under explanation is a key differentiator from
baseline and CPT-only models. Furthermore, the model demonstrated strong performance across
other Japanese medical QA benchmarks, suggesting the benefits of our CPT+RPO methodology
generalize beyond the specific JMLE task format. This work presents a promising methodology for
building more reliable and transparent Al systems by strategically optimizing for both accuracy and
stable reasoning generation.

While these findings are encouraging, we acknowledge several limitations and identify avenues for
future investigation. First, our evaluation primarily focused on multiple-choice question-answering
benchmarks. Assessing performance on a broader spectrum of clinical tasks, such as medical report
generation [Kanithi et al.,|2024], summarization [Veen et al., 2024], and dialogue systems [Johri
et al., [2025], is essential to fully understand the model’s capabilities. Second, the preference data
used for RPO was generated semi-automatically based on ground truth answers and model outputs.
Future work could explore incorporating expert human feedback into the preference framework,
which might further enhance reasoning quality, although scalability must be considered. Third,
we did not investigate combining RPO with instruction tuning; exploring this combination could
reveal complementary benefits for reasoning stabilization and overall performance. Fourth, the
significant computational resources required to train and deploy 72B parameter models pose a
practical challenge; future research should explore applying our CPT+RPO methodology to smaller,
more efficient architectures or investigate model distillation techniques. Finally, rigorous real-
world clinical validation remains a critical next step to evaluate the practical utility, safety, and
trustworthiness of the model and its explanations within actual healthcare settings.

In conclusion, Preferred-MedLLM-Qwen-72B represents a significant step towards developing spe-
cialized LLMs suitable for demanding domains like Japanese medicine. By strategically combining
CPT for knowledge and RPO for reasoning alignment, we have created a model that achieves high
accuracy while crucially maintaining performance stability during explanation generation. This
highlights an effective pathway for building more reliable and transparent Al systems, paving the
way for their responsible integration into clinical practice and other high-stakes applications.



Software and Data

The  trained model can be accessed at |https://huggingface.co/pfnet/
Preferred-MedLLM-Qwen-72B.
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