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Abstract

Diabetes is a chronic disease with a signif-
icant global health burden, where the effec-
tiveness of Large Language Models (LLMs)
across diverse diabetes tasks remains unproven.
To address this, we introduce a comprehen-
sive framework for developing and evaluating
diabetes-specialized LLMs. Our methodology
begins with systematically collecting unstruc-
tured diabetes-related data from sources like
clinical guidelines and medical textbooks. This
data then undergoes rigorous processing, in-
cluding filtering, transformation, and refine-
ment via a novel self-distillation approach, to
produce a high-quality training dataset and a
multi-faceted benchmarking suite. Leverag-
ing this training dataset, the model we obtain,
Diabetica, significantly outperforms existing
open-source LLMs of comparable size across
diabetes-specific benchmarks, including mul-
tiple choice questions, fill-in-the-blank assess-
ments, and open-ended dialogue scenarios. To
demonstrate real-world applicability, we con-
duct extensive clinical assessments in three key
use cases: medical counseling, medical ed-
ucation, and record summarization. Results
reveal that Diabetica provides more thorough
and empathetic patient responses than human
physicians, achieves expert-level performance
in medical examinations, and significantly im-
proves clinical documentation efficiency while
maintaining high quality.

1 Introduction

Diabetes mellitus is a pervasive chronic disease,
with its prevalence projected to exceed 783 million
by 2045, placing an unsustainable burden on global
healthcare systems (Sun et al., 2022). Persistent
challenges, including shortages of specialists and
gaps in patient education, lead to poor glycemic
control and significant societal costs (Guan et al.,
2023). This creates an urgent need for accessible,
reliable, and efficient tools to augment diabetes

management.

Large Language Models (LLMs), with their ad-
vanced language comprehension and reasoning ca-
pabilities (OpenAl, 2023; Team et al., 2023), have
emerged as a promising solution for various medi-
cal applications (Chen et al., 2024b; Li et al., 2024).
However, existing open-sourced medical LLMs of-
ten lack the deep, specialized knowledge required
for the nuances of diabetes care. This deficiency
stems primarily from the absence of high-quality,
domain-specific training data and tailored optimiza-
tion paradigms. Thus, developing a specialized
LLM for diabetes is a critical step toward providing
effective support for both patients and clinicians.

Once a specialized LLM is developed, it is es-
sential to rigorously evaluate its reliability and ef-
fectiveness through objective and comprehensive
assessments. However, there is a lack of bench-
marks for diabetes specialties. Clinical practice
also differs significantly from simply answering
examination questions correctly, and finding appro-
priate benchmarks to gauge the clinical potential of
LLMs is a substantial challenge (Thirunavukarasu
et al., 2023). To address this gap, a dedicated evalu-
ation is needed, one that considers both a controlled
benchmark evaluation and realistic clinical scenar-
i0s, to accurately measure the practical value of the
model in diabetes care.

To address these challenges, we introduce a com-
prehensive framework (Figure 1) for developing
and evaluating diabetes-specialized LLMs. Our
approach begins with the systematic curation of a
high-quality, diabetes-focused corpus from diverse
sources, including clinical guidelines, textbooks,
and real-world dialogues. This data undergoes a
rigorous pipeline of domain-specific filtering, trans-
formation into instruction-following formats, and
refinement using a novel self-distillation method.
The resulting dataset is used to fine-tune our model,
Diabetica, enhancing its specialized knowledge
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Figure 1: The overall framework for developing and evaluating diabetes-specialized LLMs.

while preserving foundational capabilities.

A core component of our framework is a new,
multi-faceted benchmarking suite designed specifi-
cally for diabetes care. It assesses both knowledge
(via multiple-choice and fill-in-the-blank questions)
and interactive skills (via dialogue generation). Our
evaluations show that Diabetica significantly out-
performs comparable open-source models (e.g.,
Qwen?2 (Yang et al., 2024a), Llama3 (Dubey et al.,
2024)) and achieves performance on par with lead-
ing proprietary models like GPT-4 (Hurst et al.,
2024) and Claude-3.5 (Anthropic, 2024).

To validate real-world utility, we designed three
clinical-practice-aligned assessments. Our results
demonstrate that Diabetica offers tangible benefits
across different end-users. In medical counseling, it
provides more empathetic and thorough patient ad-
vice than human physicians. In medical education,
it delivers expert-level explanations that students
find more helpful than standard textbooks. Finally,
in record summarization, it significantly improves
clinical documentation efficiency and quality, re-
ducing physician workload. These findings under-
score Diabetica’s robust knowledge, reliability, and
practical value in diabetes care.

In summary, our main contributions are:

» We propose a systematic framework for devel-
oping specialized medical LLMs, detailing a
reproducible pipeline from high-quality data
curation to domain-specific fine-tuning.

e We introduce a multi-faceted benchmark suite

tailored for diabetes, enabling robust and com-
prehensive evaluation of LLMs in this domain.
Our model, Diabetica, sets a new state-of-the-
art for open-source diabetes-specific models.

» Through extensive clinical assessments across
three key use cases, we provide strong evidence
of a specialized LLM’s practical value in en-
hancing patient care, medical education, and
clinical efficiency.

2 Related Works

The advancement of artificial intelligence tech-
nology presents a significant opportunity to en-
hance diabetes care efficiency. Various Al-based
tools for diabetes care, such as those for diagno-
sis (da Silva Santos et al., 2022; Rabie et al., 2022),
insulin titration (Rabie et al., 2022; Wang et al.,
2023a), and retinal image analysis (Arcadu et al.,
2019; Dai et al., 2021), have demonstrated impres-
sive performance. These previous Al models in
diabetes management, despite advantageous in cer-
tain aspects, are so far predominantly single-task
oriented (Li et al., 2024) or face challenges in com-
prehending and generating natural language (Wang
et al., 2023a). Notably, several studies have ex-
plored fine-tuning and evaluating LL.Ms for med-
ical applications in fields such as radiology, can-
cer, ophthalmology, etc (Zhang et al., 2024; Ag-
nihotri et al., 2024; Van Veen et al., 2024; Zhou
et al., 2024a; Chen et al., 2024b; Zhou et al., 2024b;
Arora et al., 2025). However, few have specifically
focused on applying LLMs to diabetes-related sce-



narios, primarily due to the challenges in collecting
and cleaning high-quality diabetes-specific data,
and the lack of standardized evaluation benchmarks.
These limitations narrow down their potentials to
offer well-rounded and easily understandable dia-
betes supports across diverse user groups. Thus,
recent works have highlighted the need for tailored
datasets and targeted training methodologies to en-
hance LLM performance in specific medical do-
mains (Sheng et al., 2024). To addresses these gaps,
our study introduces a comprehensive framework
for developing diabetes-specialized LLMs, multi-
faceted benchmarks specifically for the diabetes
field, and clinical studies to evaluate the model’s ef-
ficacy in real-world settings, demonstrating LLM’s
potential applications in diabetes management.

3 Method

In this section, we present the framework for dia-
betes care in detail, including (1) Data Preparation,
which involves systematic data collection, filter-
ing, transformation, and refinement to construct a
high-quality, diabetes-specific training dataset; (2)
Model Development, where the LLM is trained us-
ing supervised fine-tuning and parameter-efficient
methods to ensure domain expertise while preserv-
ing general language capabilities; (3) Benchmarks
Construction, in which multiple evaluation bench-
marks are curated to rigorously test the model’s
performance across diverse diabetes-related tasks;
and (4) Clinical Assessments, where the model is
assessed in real-world clinical scenarios such as pa-
tient consultation, medical education, and clinical
record summarization. This framework enables the
creation of reliable and helpful LLMs for practical
diabetes care.

3.1 Data Preparation

To establish a robust foundation for developing
our diabetes-specialized LLM, we meticulously
design a well-structured data preparation pipeline
that systematically transforms raw medical con-
tent into high-quality training data. This pipeline
comprises four essential stages: data collection, fil-
tering, transformation, and refinement. Each stage
is carefully designed to optimize the data for effec-
tive model training while maintaining the medical
accuracy, which is introduced individually in detail
as follows.
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Figure 2: Category-wise distribution of our collected
dataset.

3.1.1 Data Collection

We aggregate a diabetes-specific dataset from five
complementary sources, covering 11 major clinical
categories (Figure 2). The collection integrates pub-
lic benchmarks, medical SFT corpora, authoritative
documents, drug labels, and specialist-annotated
real-world dialogues, enabling the model to learn
both medical knowledge and clinically grounded re-
sponses. Detailed descriptions of each data source
are provided in Appendix A.

3.1.2 Data Filtering

Note that the initially collected dataset includes
some general medical corpora, which inevitably
contain content unrelated to diabetes. To ensure
the domain specificity of our dataset, we introduce
a dedicated data filtering stage to remove irrele-
vant information. First, we apply keyword-based
filtering to isolate diabetes-related content. This
involves a dual-strategy approach using a curated
set of inclusion terms (e.g., "diabetes", "DKA") de-
veloped with specialists, and an exclusion list (e.g.,
"insulinoma") to filter out related but non-diabetes
endocrinological topics. All filtered content un-
dergoes subsequent manual verification to ensure
precision. Second, to mitigate the negative impact
of data redundancy on model performance, we em-
ploy SemDeDup (Abbas et al., 2023), an advanced
method to perform deduplication, which helps re-
move semantic duplicates by identifying text pairs
with high embedding similarity. Implementation
details are provided in Appendix E.1.

3.1.3 Data Transformation

The collected datasets can be broadly categorized
into two types: long-form textual data and question-
answer pairs. To standardize these heterogeneous
sources for model training, we apply two corre-
sponding data transformation techniques, convert-
ing each type into a unified instruction-response
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Figure 3: The overall pipeline of self-distillation. Firstly,
we collect the base LLM’s responses to each instruction
in the dataset. Secondly, we use a specific prompt to let
the base LLM generate a refined response based on the
instruction, the original response and its own response.
The final refined responses are combined into a distilled
dataset for supervised fine-tuning to develop Diabetica.

format. For long-form texts (e.g., guidelines, text-
books), we first segment documents into conceptu-
ally coherent knowledge units. Subsequently, we
leverage GPT-4 to automatically convert these units
into diverse conversational dialogues and fill-in-
the-blank exercises, transforming static knowledge
into interactive training data. For question-answer
pairs, we adapt the methodology from Huang et al.
(2023). Each multiple-choice question and its op-
tions are formatted into a single prompt. We then
use GPT-4 with chain-of-thought prompting to gen-
erate a detailed rationale for the correct answer,
creating a comprehensive instruction-response pair.
To ensure data fidelity, only pairs with verified cor-
rect answers are retained. All prompts used for
transformation are detailed in Appendix C.

3.1.4 Data Refinement

Note that directly fine-tuning a base LLM on a
domain-specific dataset, whose distribution is far
from the LLM’s, can be harmful (Ren et al., 2024a).
This can undermine the model’s alignment with hu-
man preferences and cause catastrophic forgetting
of its general instruction-following abilities. Conse-
quently, the overall quality of the LLM’s responses
can deteriorate.

To mitigate these risks from the distribution shift,
we implement a further data refinement process
tailored for the instruction-response dataset. In
particular, we design an enhanced self-distillation
approach inspired by Yang et al. (2024c). Our
method minimizes distribution shift between the
refined training data and the foundational knowl-
edge already encoded in the base LLM, thereby
preserving the model’s foundational capabilities
while enhancing diabetes-specific performance.

Our self-distillation method contains two steps.
Given a transformed dataset containing instruction
x and response y for each sample, we firstly collect
the base LLM’s own response 3 = fpase() of
each instruction x, where fp.s. denotes the base
LLM. Secondly, we leverage a manually designed
prompt p (shown in Appendix C) to let the base
LLM generate a refined response § based on the
instruction z, the original response y and its own
response y': J = fpase(7,y,y’, p). Finally, the re-
fined response ¥ is used to replace the original
response y in the fine-tuning stage. The above pro-
cedure is summarized as Figure 3.

This method helps minimize the distribution
shift between the training data and the knowledge
encoded in the base LLM. In particular, the original
response ¥ is accurate, reflecting the intended dia-
betes knowledge and information. The subsequent
base LLM’s own response 3’ aligns with the inter-
nal distribution of the base LLM. Rewriting based
on these two responses, the base LLM can create
a refined response y. Hence, the distribution shift
between the model’s prior knowledge and the self-
distilled dataset is mitigated. The newly generated
self-distillation dataset can not only help the model
learn new domain knowledge, but also restore the
prior knowledge distribution of the model. We
also provide further analysis of the self-distillation
method in Appendix D.3.

3.2 Model Development

Based on our final refined dataset containing 28.4K
high-quality samples in total, we apply supervised
fine-tuning to train Qwen2-7B-Instruct (Yang et al.,
2024a) and obtain the Diabetica. To ensure both
efficiency and effectiveness during training, we em-
ploy LoRA (Hu et al., 2021) tuning, which helps
preserve the model’s general language understand-
ing capabilities, ensuring that Diabetica not only
acquires deep expertise in diabetes care but also
retains strong performance across a wide range of
general language tasks.

3.3 Benchmarks Construction

To comprehensively assess the utility of LLMs in
various diabetes tasks, we construct three distinct
benchmarks: multiple-choice questions, fill-in-the-
blank questions, and open-ended questions. The
benchmark data are derived from the same source
as the training dataset but are processed indepen-
dently to ensure clear separation.



Multiple Choices Questions. The multiple
choices questions benchmark includes 312
multiple-choice questions, specifically 235 Type
Al and 77 Type A2 questions, extracted from
the Advanced Health Professional Technical
Qualification Examination. Type A1 questions are
designed to assess the examinee’s foundational
knowledge in endocrinology, encompassing a
broad range of topics from the pathophysiology
of various diabetes forms to the pharmacological
fundamentals of antidiabetic medications. Con-
versely, Type A2 questions are crafted within
specific clinical contexts, challenging examinees to
apply their knowledge in diagnosing and making
evidence-based medical decisions. We calculate
accuracy that measures the percentage of correct
answers given by a model for these questions.

Fill-in-the-Blanks Besides the multiple choices
questions, fill-in-the-blanks task is another popu-
lar exam type in medical education. In particu-
lar, we manually create a set of fill-in-the-blanks
questions for this benchmark that includes 35
questions from the guideline and textbook. We
use five evaluation metrics of textual similarity:
BERTScore (Zhang et al., 2019), ROUGE-L (Lin,
2004), ROUGE-1 (Lin, 2004), ROUGE-2 (Lin,
2004), and BLEU (Papineni et al., 2002), to as-
sess the models performance in fill-in-the-blank
benchmark.

Open-Ended Dialogues To evaluate the model’s
dialogue capabilities in real world applications, we
construct the open-ended dialogues benchmark that
includes 120 instances covering various aspects of
diabetes. Each instance consists of three elements:
a category, a question, and the associated rules. In
particular, physicians annotate a comprehensive
set of rules that define the criteria for evaluating
the quality of an answer. Then, we employ strong
LLMs (GPT-4 and Claude-3.5) as judges to evalu-
ate these models on open-ended questions and rate
each answer on a scale of 1-10 based on the human
rule (Zheng et al., 2023). Detailed prompt is shown
in Appendix C.

3.4 Clinical Assessments

To further explore the performance of LLM in di-
abetes care clinical scenarios, we conduct clini-
cal assessments in three distinct settings: medical
counseling, medical education, and record summa-
rization. These examine the model’s knowledge

coverage, reliability, and practical utility.

Medical Counseling To assess Diabetica’s po-
tential in assisting patients, we curate 20 diabetes-
related cases from an online consultation plat-
form (Fu, 2024). Each case includes patient queries
and associated physician responses. We input the
full text of each case into Diabetica to generate its
response. Three healthcare professionals indepen-
dently evaluate physician and Diabetica responses
on readability, relevance, correctness, complete-
ness, safety, and empathy using a 5-point Likert
scale (Table 5 in the Appendix). Evaluators are also
asked to compare these two responses and select
the superior one.

Medical Education To explore the usefulness of
Diabetica for students’ medical education, we first
compare the accuracy of its responses with those
of human (3 medical students, 3 junior physicians,
3 mid-level physicians, and 3 senior physicians)
in 67 A2 type multiple-choice questions. These
questions typically involve complex clinical sce-
narios and require high-order medical reasoning.
Next, we investigate the model’s ability to provide
explanations for questions that were incorrectly
answered by students. The readability and helpful-
ness of these model-generated explanations, as well
as reference explanations from textbooks, are com-
pared and evaluated by the corresponding students
using a 5-point Likert scale.

Record Summarization To assess Diabetica’s
efficiency in reducing physician workload, we as-
semble five real-world diabetes cases and conduct
a crossover multi-reader multi-case study involv-
ing eight intern doctors. These interns are asked
to write patient records based on multi-turn dia-
logues with physicians. Using a crossover design,
we randomly and equally divide the interns into
group A (first read cases without Diabetica assis-
tance) and group B (first read cases with Diabetica
assistance). After a washout period of 1 week, the
arrangement is reversed. We record the total time
each intern spends on the task. Then, the quality
of the resulting records—assessed in terms of com-
pleteness, conciseness, and correctness—is rated by
three medical experts using a 5-point Likert scale
(Table 6 in the Appendix). After that, all interns
are invited to complete a satisfaction questionnaire
within a week.



4 Evaluating Diabetica on the Proposed
Benchmarks

In this section, we present the evaluation results
of Diabetica and other baseline models on the pro-
posed diabetes-specific benchmarks. We conduct
comprehensive experiments across multiple-choice
questions, fill-in-the-blanks tasks, and open-ended
dialogues to assess the models’ capabilities in dia-
betes domain knowledge as follows.

4.1 Baselines

We select a large amount of models as our baselines,
including proprietary LLMs like GPT-4 (OpenAl,
2023) and Claude-3.5 (Anthropic, 2024), open-
source general LLMs like Qwen2-7B (Yang et al.,
2024a), InternLM2-7B (Cai et al., 2024), Llama3-
8B (Dubey et al., 2024) and Yi-1.5-9B (Young
et al., 2024), as well as open-source medical LLMs
like Meditron-7B (Chen et al., 2023), MMedLM-
7B (Qiu et al., 2024) and Apollo-7B (Wang et al.,
2024).

4.2 Results

On the MCQ benchmark, Diabetica achieves
87.2% accuracy, significantly surpassing GPT-4
and Claude-3.5 (Figure 4, left). Its strong per-
formance across both Al (knowledge) and A2
(case study) questions demonstrates a balanced
mastery of theoretical concepts and clinical reason-
ing. In fill-in-the-blank assessments, Diabetica-7B
outperforms all comparable open-source models
and matches proprietary models like GPT-4 across
all metrics, including a BERTScore of 0.9298 and
ROUGE-L of 0.7828 (Figure 4, right; Table 1).
These results underscore its superior context un-
derstanding in diabetes care. For open-ended dia-
logues, Diabetica consistently leads open-source
LLMs of similar size (Figure 5), earning scores
of 7.81 (GPT-4 rated) and 7.96 (Claude-3.5 rated).
Furthermore, ablation studies and forgetting tests
(Appendix D) confirm that our self-distillation
method effectively injects specialized knowledge
while preserving foundational capabilities. Overall,
Diabetica-7B exhibits state-of-the-art proficiency
in recalling medical knowledge, identifying criti-
cal clinical points, and handling complex patient
consultations.

Notably, we also conduct additional experiments
shown in Appendix D, such as measuring catas-
trophic forgetting, ablation studies and validation
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Figure 4: Performances of different LLMs in diabetes-
related benchmarks, including multiple-choice ques-
tions (top) and fill-in-the-blank questions (bottom). Di-
abetica achieves leading performances among these
LLMs.

of the proposed self-distillation method. These
experiments further demonstrate the robustness
and effectiveness of our approach in developing
diabetes-specialized LLM.

5 Clinical Assessments of Diabetica

In this section, we explore three real-world clinical
applications using Diabetica, noting that the model
is not specifically trained for these tasks.

5.1 Medical Counseling

We first evaluated Diabetica’s potential in medical
consultation using 20 online patient cases. Three
endocrinology specialists rated responses from Di-
abetica and physicians across multiple dimensions
using a 5-point Likert scale.As shown in Figure 6,
Diabetica’s responses significantly exceeds human
responses with mean (and the corresponding stan-
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Figure 5: GPT-4 and Claude-3.5 judged scores of differ-
ent LLMs in the dialogue benchmark.

dard deviation-SD) values of 4.78 (0.42) for read-
ability, 4.95 (0.22) for relevance, 4.78 (0.45) for
correctness, 4.80 (0.40) for completeness, 4.82
(0.39) for safety, and 5.00 (0) for empathy (all p
values <0.001). Table 2 in the Appendix presents
reader-specific scores and demonstrates good inter-
reader reliability. In addition, 80.0% of responses
were judged superior for Diabetica, indicating its
overall advantage over physician responses based
on expert evaluation.

5.2 Medical Education

We further evaluate Diabetica’s educational poten-
tial by comparing its performance with medical
professionals of different experience levels. Specif-
ically, Diabetica achieves 84.4% accuracy, signif-
icantly outperforming medical students (53.7%),
junior physicians (69.7%), and intermediate physi-
cians (74.0%), while slightly exceeding senior
physicians (83.5%) (Figure 7(a)). These results
indicate that Diabetica demonstrates expert-level
proficiency on diabetes specialty examinations.

Beyond quantitative evaluation, we explore Di-
abetica’s pedagogical ability by examining its ex-
planations for incorrect answers. Three medical
students compared explanations from Diabetica
and a reference textbook, rating readability and
helpfulness using a 5-point Likert scale. As illus-
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Figure 6: Performance comparison of the Al-generated
and physician-delivered responses of online patient
cases (n=20). Evaluation is based on the expert panel
review including (a) readability, (b) relevance, (c) cor-
rectness, (d) completeness, (e) safety, (f) empathy, and
(g) selected superior responses. Bar graphs indicate
the mean + s.e.m., ***P<0.001, calculated by paired-
Wilcox test.

trated in Figure 7(b), medical students rate Diabet-
ica’s explanations as helpful in 71.96% of cases
and readable in 65.42% of cases, demonstrating
quality comparable to reference materials. Statis-
tical analysis reveals no significant differences in
mean scores between Diabetica and reference ex-
planations for either readability (3.67 vs 3.85) or
helpfulness (3.89 vs 3.94), with all p-values > 0.05
(Figure 7(c-d)). These findings suggest that Diabet-
ica can serve as a reliable and effective educational
tool to providing helpful explanations.

5.3 Record Summarization

Another helpful application of LLMs is assisting
clinicians in summarizing patient records to reduce
workload. In particular, we conduct a cross-over
Al-assistance study to explore the potential of Di-
abetica as a clinical support tool. As shown in
Figure 8(a—e), Diabetica assistance reduced docu-
mentation time by 23% (750 vs. 976 seconds per
case, p < 0.05) and significantly improved record
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Figure 7: Performance on medical education. (a) Accu-
racy in answering A2-type multiple-choice questions of
medical students, physicians with different levels, and
LLMs in the MCQ examination. (b) Student evaluation
of the helpfulness and readability of answer explana-
tions from Diabetica and reference. (c) The readability
and (d) helpfulness scores of answer explanations from
Diabetica and reference. There is no significant differ-
ence (ns), calculated by the paired Wilcoxon test.

completeness among intern doctors (4.88 vs. 4.38,
p < 0.001). Finally, intern perceptions of Diabetica
were assessed using a user satisfaction question-
naire completed by the eight participated interns.
As shown in Figure 8(f), Diabetica received av-
erage scores of 3.75 for summary accuracy and
completeness, 4.13 for time-saving, and 4.00 for
future clinical use. Five of eight interns prefer to
have Al assistance when writing medical records.
These results indicate that Diabetica can effectively
enhance clinical workflow efficiency while main-
taining documentation quality, with strong physi-
cian acceptance supporting its potential for clinical
implementation.

Overall, though not specifically trained on data
for these clinical tasks, Diabetica still shows strong
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Figure 8: Comparison of patient records summarized by
doctors with/without Diabetica assistance. Evaluation
metrics include (a) usage time, (b) completeness, (c)
conciseness, (d) correctness and (e) selected preferred
responses. (f) Satisfaction of participated doctors (score
ranges from 1-5). Bar graphs indicate the mean=s.e.m.
, ¥*P<0.05, ***P<0.001, ns, no significant difference.

reliability, knowledge coverage, and practical value
in practical diabetes care.

6 Conclusion

This work presents a comprehensive framework for
developing and evaluating domain-specific LLMs
for diabetes care. We demonstrate that a meticulous
data curation pipeline with a novel self-distillation
technique, enables our model, Diabetica, to achieve
leading performance on our new suite of diabetes-
specific benchmarks. Beyond these benchmarks,
extensive clinical assessments validate Diabetica’s
practical value. The model delivers more empa-
thetic medical counseling than human physicians,
achieves expert-level performance in medical ed-
ucation, and enhances clinical documentation by
reducing writing time by 23% while improving
record completeness. In conclusion, our findings
establish a reproducible pathway for creating a spe-
cialized medical LLM and confirm its potential as
an effective, reliable tool in clinical practice.



Limitations

While Diabetica demonstrates strong performance
across various benchmarks, this study has a few
limitations. The clinical validation was conducted
on a relatively small scale of patient cases and med-
ical professionals, and the model’s expertise is nat-
urally bounded by its training data cutoff. Further-
more, as a text-centric model, Diabetica currently
lacks the ability to directly process multi-modal
clinical data, such as continuous glucose monitor-
ing (CGM) sensor trends or medical imaging. Fu-
ture work will focus on expanding the evaluation
scope and exploring multi-modal integration to fur-
ther support comprehensive diabetes management.
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Appendix

A Details of Data Sources

Public Multiple-Choice Datasets To enhance
the model’s ability to solve various diabetes-related
questions, a series of open-source multiple-choice
question banks are incorporated into our training
corpus, including MedQA (Jin et al., 2021), MedM-
CQA (Pal et al., 2022), MMLU (Hendrycks et al.,
2020), CMMLU (Li et al., 2023a), CMB (Wang
et al., 2023b) and CMExam (Liu et al., 2024).

Public Medical SFT Datasets We also lever-
age existing datasets from various open-source
platforms for supervised fine-tuning (SFT) of
LLMs, including CMtMedQA (Yang et al,
2024b), Qizhen, ChatMed (Zhu et al., 2023),
cMedQA?2 (Zhang et al., 2018), and DISC-Med-
SFT (Bao et al., 2023). These datasets help align
LLMs with human-like medical responses.

Guidelines and Textbooks To enrich domain
coverage, we collect a series of guidelines and
textbooks on diabetes. We also utilize the Di-
aKG (Chang et al., 2021) dataset, a high-quality
Chinese Diabetes knowledge graph derived from
41 diabetes guidelines and expert consensus, which
encompasses a wide spectrum of diabetes-related
topics from clinical research, pharmacology, and
case studies to diagnostic and treatment protocols.

Drug Labels To enhance the model’s pharma-
ceutical knowledge, we incorporate comprehensive
drug labels for anti-diabetic medications sourced
from a Chinese pharmaceutical database. These
labels encompass critical therapeutic information
including indications, dosage guidelines, adverse
reactions, contraindications, and special popula-
tion considerations. Additionally, they cover drug
interactions, pharmacological mechanisms, toxi-
cology profiles, pharmacokinetics, and storage re-
quirements, providing a complete foundation for
medication-related queries.

Real-World Dialogues To further enhance the
model’s alignment with human preference, we also
collect several diabetes-related questions covering
diabetes prevention, diagnosis, treatment, educa-
tion, blood glucose monitoring, etc. Endocrine spe-
cialists provide detailed answers for these questions
based on guidelines and their clinical experience.
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B Detailed Results

We provide some detailed results (Table 1 and Ta-
ble 2) mentioned in Section 3.3 and Section 5. Ta-
ble 1 reports the comparative performance of vari-
ous LL.Ms on the multiple-choice question (MCQ)
and fill-in-the-blank (FB) tasks. Table 2 summa-
rizes results in the medical counseling setting, cap-
turing differences in readability, relevance, and
other criteria across multiple expert raters.

C Prompts

Here we provide the specific prompts used in Sec-
tion 3.1.3, Section 3.1.4, and Section 3.3.

Prompt 1: Prompt for generating QA pairs from
guidelines and textbooks using a two-step strategy

1. The prompt for creating questions:
Please create [three different questions]
that closely align with the provided [text].
Ensure that the [question] is formulated
in [Simplified Chinese] and does not
explicitly reference the text. You may
incorporate specific scenarios or contexts in
the [question], allowing the [text] to serve
as a comprehensive and precise answer.

2. The prompt for answering each question:
You are [DiabeteGPT], equipped with in-
depth knowledge in [endocrinology]. Your
task is to directly answer the user’s [ques-
tions] in [Simpiflied Chinese]. In formulat-
ing your response, you must thoughtfully
reference the [reference text], ensuring that
your reply does not disclose your reliance
on [reference text]. Aim to provide a com-
prehensive and informative response, incor-
porating relevant insights from [reference
text] to best assist the user. Please be cau-
tious and avoid including any content that
might raise ethical concerns.

Prompt 2: Prompt for generating fill-in-the-blank
from guidelines and textbooks

Create three “fill in the blank” type of test
questions from the given test as well as the
answer. The answer should be excerpted
from the original text. The length of the
blank should be shorter than10 Chinese
character. The answer should contain en-




MCQ benchmark FB benchmark
Al A2 Total BERT
Models ROUGEL ROUGE1 ROUGE?2 BLEU
accuracy accuracy accuracy Score
Proprietary Models
Claude-3.5 82.55 72.73 0.7487 0.7577 0.6925 0.4857
GPT-4 67.53 79.17 0.9330 0.7901 0.8004 0.7393
Open-Source Medical Models
Meditron-7B 12.8 10.4 12.2 0.5789 0.0251 0.0251 0.0116 0
MMedLM-7B 42.6 45.5 433 0.7162 0.1914 0.1934 0.1301 0.0114
Apollo-7B 58.7 57.1 58.3 0.6093 0.0867 0.0943 0.0496 0.0035
Open-Source Generic Models
Internlm2-7B 53.6 36.4 494 0.8163 0.4489 0.4558 0.3864 0.2017
Llama3-8B 57.9 442 54.5 0.7531 0.1904 0.1951 0.1604 0.1143
Yi-1.5-9B 70.6 64.9 69.2 0.7372 0.2779 0.2859 0.2114 0.0870
Qwen2-7B 77.45 77.92 77.6 0.8290 0.4903 0.4922 0.4234 0.2589
Open-Source Diabetes-Domain Model (OURS)

Diabetica-7B

ranetien $8.09 84.42 87.2 0.9298 0.5143
(ours)

Table 1: Performance of different LLMs in the MCQ and FB benchmarks. Bolded dark red text indicates optimal

performance, and bolded light red text indicates sub-optimal performance.

docrinology terms.
[text]:

Prompt 3: Prompt for generating QA pairs from
MCQ datasets

1.The prompt for creating questions:
Please help me to make the following Chi-
nese problem fluent, taking care not to add
content or change the meaning of the text.
Don’t include special characters.
[problem]: {question}

Please output the modified Chinese question
directly:

2. The prompt for answering each question:
You are an endocrinologist. The following
input is a medical problem, please generate
an elaborate step-by-step explanation to the
problem and answer the problem with “Yes”

or “No”. Ensure that the [explanation] is
formulated in Chinese

[problem]: {question}

Output format:

[explanation]

[answer]

Prompt 4: Prompt for self-distillation

Below is a Q&A dataset related to diabetes.
Each question has two reference answers.
Each of these answers has its own strengths
and weaknesses. Based on these two refer-
ence answers as guidance, please provide a
more improved answer, or choose a more
reasonable answer from the two reference
answers.

Question:

{instruction}
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Readability Relevance Correctness  Completeness Safety Empathy
Expert 1
Doctor 3.85+0.59 4.70+0.57 4.20+0.83 3.50+0.69 4.15+0.75 3.50+0.51
Diabetica 4.85+0.37 4.95+0.22 4.75+0.44 4.80+0.41 4.75+0.44 5.00+0.00
Difference 1.00+0.73 0.25+0.55 0.55+0.89 1.30+0.73 0.60+0.82 1.50+0.51
P value <0.001 0.125 0.0225 <0.001 0.0088 <0.001
Expert 2
Doctor 4.95+0.22 4.70+0.57 4.60+0.50 4.05+0.60 4.45+0.60 3.75+£0.55
Diabetica 4.80+0.41 5.00+0.00 4.85+0.37 5.00+0.00 5.00+0.00 5.00+0.00
Difference -0.15+0.49 0.30+0.57 0.25+0.64 0.95+0.60 0.55+0.60 1.25+0.55
P value 0.375 0.0625 0.1797 <0.001 0.002 <0.001
Expert 3
Doctor 4.00+0.73 4.30+0.80 4.40+0.60 3.40+0.60 4.20+0.62 3.55+0.69
Diabetica 4.70+0.47 4.90+0.31 4.75+0.55 4.60+0.50 4.70+0.47 5.00+0.00
Difference 0.70+£0.92 0.60+0.75 0.35+0.88 1.20£0.70 0.50+£0.51 1.45+0.69
P value 0.0068 0.0039 0.1465 <0.001 0.002 <0.001
Pooled
Doctor 4.27+0.73 4.57+0.67 4.40+0.67 3.65+0.68 4.27+0.66 3.60+0.59
Diabetica 4.78+0.42 4.95+0.22 4.78+0.45 4.80+0.40 4.82+0.39 5.00+0.00
Difference 0.52+0.87 0.38+0.64 0.38+0.80 1.15+0.68 0.55+0.65 1.40+0.59
P value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
ICC 0.142 0.571 0.65 0.518 0.531 0.579

Table 2: Performance on medical consultation across different readers. Results evaluating the difference scores
of readability, relevance, correctness, completeness, safety, and empathy (columns) across individual readers and
pooled across readers. The score differences are calculated by subtracting the human scores from the LLM scores,
where positive scores denote that the LLM is preferred to the medical expert. Intra-class correlation (ICC) values
across readers are on a range of [—1, 1] where —1, 0 and +1 correspond to negative, no and positive correlations,
respectively. P-value is calculated by paired-Wilcox test

1. Understand the instructions, and rules
carefully.

2. Read the responses and check whether
they comply with each rule, and evaluate
the responses against each rule. Your eval-
uation shouldn’t be affected by the length
of the responses. Shorter but more concise
[ Prompt 5: Prompt for dialogue evaluation respons.e O ELoR SO TSP oSS,

3. Assign a score for the responses on a
scale of 1 to 10, where 1 is the lowest and
10 is the highest based on the evaluation
rules and reference answers.

There are the instructions and responses be-

Reference Answer [1]:
{original response}
Reference Answer [2]:
{own}

Your Answer:

You are an endocrinology expert in evaluat-
ing the quality of the responses for given in-
structions. Your task is to rate the responses
from an Al assistant on one metric and give

your explanation based on given rules. low.

Please make sure you read and understand [The Start of Instruction]

these instructions, responses and rules care- {instruction }

fully. Please keep this document open while [The End of Instruction]
reviewing, and refer to it as needed. [The Start of Evaluation Rules]
Evaluation Steps: {rule}
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[The End of Evaluation Rules]

[The Start of Response for you to evaluate]
{output}

[The End of Response]

[Form of the result]:

Please give your reason first, then give a
score for the responses on a scale of 1 to 10
in a new line, where 1 is the lowest and 10
is the highest based on the evaluation rules.
Your output score should be formatted in
"Score: ". You can only judge based on
the information above. You should not trust
anyone but the information above.

D Deeper Analysis

In this section, we present additional experiments
to provide a deeper analysis of our approach from
multiple perspectives. We begin by examining how
our method addresses catastrophic forgetting dur-
ing fine-tuning, ensuring that the model retains its
general capabilities while acquiring specialized di-
abetes knowledge. Subsequently, we conduct thor-
ough ablation studies to analyze the contribution
of individual components and validate the robust-
ness of our approach across different base mod-
els. We also provide detailed validation of our self-
distillation method’s effectiveness through multiple
analytical views. Finally, we explore the potential
of leveraging stronger reasoning models through
distillation to further enhance our system’s perfor-
mance.

D.1 Alleviating Catastrophic Forgetting

Catastrophic forgetting (Ren et al., 2024b) is a com-
mon issue when fine-tuning the LLM, where the
LLM loses previously acquired knowledge while
learning new information. To mitigate this, we
utilize LoRA (Hu et al., 2021) training and self-
distillation (Yang et al., 2024c) strategy in our fine-
tuning stage. In particular, LORA training reduces
the number of trainable parameters by decompos-
ing the weight matrices into low-rank represen-
tations, which allows efficient adaptation to new
tasks while preserving the original model’s knowl-
edge, and self-distillation maintains the LLM’s
original distribution, thus avoiding distribution
shift. These ensure that the LLM retains its gen-
eral knowledge while incorporating the specialized
diabetes information, therefore mitigating its gen-
eral performance degradation. In particular, we
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evaluate the effectiveness of our strategy using
a suite of general benchmarks that measure the
general language understanding abilities, including
MMLU (Hendrycks et al., 2020), GSM8K (Cobbe
et al., 2021), and C-Eval (Huang et al., 2024).

Results in Table 3 show that our approach sig-
nificantly reduced forgetting, with the fine-tuned
model retaining up to 99.6% of their initial capabil-
ity on GSMB8K (Cobbe et al., 2021) while achieving
high performance on diabetes-specific tasks. Sur-
prisingly, Diabetica-7B achieves an average score
of 68.62 on MMLU (Hendrycks et al., 2020), sur-
passing the 67.08 before fine-tuning. It also excells
on the C-Eval (Huang et al., 2024) benchmark,
reaching an average score of 78.11, a substantial im-
provement from the pre-fine-tuning score of 73.01.
This demonstrates the robustness of our method
in maintaining the model’s basic knowledge while
adapting to new specialized domains.

D.2 Ablation Studies

To gain a deeper understanding of our results, we
conduct a series of ablation studies across vari-
ous benchmarks. Our investigation concentrate on
three primary areas, allowing us to systematically
evaluate the contributions of each component as
follows.

Robustness of Carefully Collected Dataset To
validate that our carefully collected dataset can
improve LLMs’ diabetes knowledge in differ-
ent scenarios, we conduct fine-tuning on our
dataset using different base LLMs, such as
Qwen2-7B-Instruct (Yang et al., 2024a), Llama3-
8B-Instruct (Dubey et al.,, 2024), Yi-1.5-9B-
Chat (Young et al., 2024), and InternLM2-7B-
Chat (Cai et al.,, 2024). Across these base
LLMs with different sizes and structures, we ob-
serve significant performance improvements in
all benchmarks—multiple-choice questions (MCQ),
fill-in-the-blank (FB), and open-ended dialogue—
after tuning, which is demonstrated in Table 4.
Note that Qwen2-7B-Instruct achieves the highest
performance both before and after training, and
therefore we choose Qwen2-7B-Instruct as our
base LLM. These results indicate that our curated
dataset effectively enhance the diabetes-related
knowledge and performance of various large lan-
guage models. It also demonstrates the strong ben-
efits and robustness of our fine-tuning pipeline de-
spite different base LL.Ms.



General Dataset Qwen2-7B Diabetica-7B

MMLU Dataset

STEM 61.24 62.96

Humanities 59.83 61.68

Social 77.45 79.23

Other 73.70 74.35

Average 67.08 68.62
GSMSK Dataset

Average 67.29 67.02
C-EVAL Dataset

STEM 61.35 71.05

Social Science 85.13 85.65

Humanities 78.24 80.42

Hard 39.74 53.42

Other 77.96 81.76

Average 73.01 78.11

Table 3: Results of alleviating catastrophic forgetting

Response Quality Improvement from Self-
Distillation We also conduct additional exper-
iments to demonstrate that our self-distillation
method can enhance model performance on the
dialogue evaluation. According to Table 4, self-
distillation fine-tuning outperforms vanilla fine-
tuning by delivering scores of 7.81 (from GPT-
4’s judgement) and 7.80 (from Claude-3.5’s judge-
ment), compared to 6.32 and 6.71. Besides, our pro-
posed method shows improved results compared
to the original approach, with scores of 7.81 and
7.80 versus 7.29 and 7.53. It verifies that our pro-
posed self-distillation method, by only conduct-
ing fine-tuning, has proven effective in facilitating
models to acquire new knowledge, maintain foun-
dational capabilities, and even mitigate forgetful-
ness. This advancement also reveals the potential
to significantly improve the quality and relevance
of Al-generated responses in diabetes applications,
ultimately providing better support for healthcare
providers and patients alike.

The Importance of Careful Dataset Collection
Although many open-source medical datasets (Li
et al., 2023b; Bao et al., 2023) contain diabetes-
related content, they often suffer from low quality
data. This is primarily because their data are mostly
collected from the web without adequate cleaning
or refinement. To address this issue, we manually
collect high-quality data from various sources and
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performed comprehensive data processing to cre-
ate the final high-quality dataset. To demonstrate
the superiority of our dataset over existing open-
source medical datasets with diabetes-related con-
tent, we fine-tune models on both types of datasets
and compared their performance. The model tuned
on our dataset achieves superior performance in all
benchmarks by showcasing a relative 10% average
increase on the multiple-choice questions, a 33%
average increase on the fill-in-the-blanks task, and
a 34% improvement on the single-round dialogue
evaluation, which is shown in Table 4. These sig-
nificant performance improvements underscore the
value of our meticulously curated dataset. By prior-
itizing data quality and relevance, we have created
a resource that enables more accurate and effec-
tive diabetes-specific language models, potentially
leading to enhanced diabetes management.

D.3 Validation for the Effectiveness of
Self-Distillation Method

To further validate the effectiveness of our pro-
posed self-distillation method, we conduct three
additional experiments as follows.

Data Length Analysis We analyze the length
of data samples before and after self-distillation.
The results show that self-distilled data (mean =
598.00, SD = 177.45) is longer than the raw data



MCQ benchmark

FB benchmark

Dialogue

benchmark
Models Score b, Overall
Al A2 BERT ROUGE ROUGE ROUGE BLEU Score by Claud Y Score
accuracy  accuracy Score L 1 2 GPT-4 3“5 ¢
Ablation Study 1: The choice of different base LLMs.

Qwen2-7B 77.45 77.92 0.8290 0.4903 0.4922 0.4234 0.2589 7.53 7.74 61.94

Qwen2-7B
88.09 84.42 0.9298 0.7828 0.7876 0.6952 0.5143 7.80 7.96 77.90

(our dataset)
Internlm2-7B 53.62 36.36 0.8163 0.4489 0.4558 0.3864 0.2017 7.27 7.48 52.04
Internlm2-75 71.91 6753 09028  0.6676  0.6825 05776 03714 7.44 7.64 67.83

(our dataset)
Llama3-8B 57.90 44.20 0.7531 0.1904 0.1951 0.1604 0.1143 5.82 5.98 40.16

LI 3-8B
ama 68.51 63.64 0.8615 0.5580 0.5685 0.4609 0.3143 6.18 6.32 59.27

(our dataset)
Yi-1.5-9B 70.64 64.94 0.7372 0.2779 0.2859 0.2114 0.0870 7.13 7.47 49.06

Yi-1.5-9B
78.72 74.03 0.9139 0.7276 0.7310 0.6475 0.5429 7.38 7.55 73.15

(our dataset)

Ablation Study 2: Response quality improvement from self-distillation (SD).

Qwen2-7B

89.36 84.43 0.9266 0.7507 0.7554 0.6688 0.5143 6.37 6.71 74.02
(no SD dataset)

2-7B

. Qwen 88.51 87.01 0.9200 0.7449 0.7514 0.6665 0.4857 7.36 7.53 75.70
(original SD dataset)

Qwen2-7B
88.09 84.42 0.9298 0.7828 0.7876 0.6952 0.5143 7.80 7.96 77.90

(our dataset)

Ablation Study 3: The importance of careful dataset collection.

Qwen2-7B

R 83.40 74.03 0.8540 0.5559 0.5572 0.4836 0.3429 5.95 6.18 62.01
(public dataset)

2-7B

Quven 88.09 84.42 0.9298 0.7828 0.7876 0.6952 0.5143 7.80 7.96 77.90

(our dataset)

Table 4: Ablation studies. Bold text indicates optimal performance for each comparison.

(mean = 299.20, SD = 115.69). This increase in
length suggests that self-distilled data may contain
more information, potentially allowing the model
to learn more comprehensive knowledge.

Comparative Quality Assessment Motivated by
LLM-as-judge (Zheng et al., 2023), we employ
GPT-4 to conduct pairwise comparisons between
the original and self-distilled versions of each data
sample. The prompt for comparison is designed
as: “Given a question and two responses (A and B),
please select a better response. You output should
be A or B. Please directly output your selection.
Question: question Response A: A Response B:
B”. We randomly select 100 samples and repeated
this process three times. To mitigate potential or-
der bias, we also conduct comparisons by chang-
ing the orderings of each pair. Averaging across
all experiments, self-distilled data is preferred in
65.7% of comparisons, while the original data is
preferred in 34.3%. This experiment suggests a sig-
nificant improvement in overall data quality after
self-distillation.

17

Training Dynamics Analysis We compare the
evaluation loss curves during training for mod-
els using self-distilled data versus those using the
original data. As illustrated in Figure 9, models
trained on self-distilled data consistently exhibit
lower loss values throughout the training process,
indicating superior convergence and fitting. This
improved training dynamics can be attributed to the
self-distilled data distribution being more closely
aligned with the target LLLM’s distribution, which
is also shown in Figure 10.

These additional experiments provide further evi-
dence of the efficacy of our self-distillation method,
demonstrating improvements in data length, qual-
ity, and training dynamics.

D.4 Model Distillation from Stronger Large
Reasoning Models

Recent advancements, such as ol (Jaech et al.,
2024) and DeepSeek-R1 (Guo et al., 2025), have
demonstrated that inference-time scaling is an ef-
fective approach to enhance LLMs’ reasoning ca-
pabilities via Chain-of-Thought (CoT) (Wei et al.,
2022). To leverage these capabilities, we con-



Comparison of Vanilla SFT Loss and Self-Distillation SFT Loss
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Figure 9: Comparison of Vanilla SFT Loss and Self-
Distillation SFT Loss.

duct an initial experiment utilizing strong o1-like
LLMs for model distillation. Specifically, we
use Deepseek-R1-Distilled-Qwen-32B (Guo et al.,
2025) as our teacher model. Our primary focus is
on the open-ended dialogue benchmark mentioned
in Section 3.3, as it closely aligns with real-world
applications.

Our data transformation strategy follows a two-
step approach: (1) We prompt Qwen2.5-72B-
Instruct (Bai et al., 2023) to generate diverse syn-
thetic questions based on existing datasets, follow-
ing a methodology similar to Wang et al. (2022).
(2) We then use Deepseek-R1-Distilled-Qwen-32B
to generate responses for both the collected and syn-
thetic instructions, resulting in an enriched dataset
of 70K samples with extensive CoT reasoning
steps.

After that, we use the 70K dataset to fine-tune
Qwen2.5-7B-Instruct and get Diabetica-01-7B. To
evaluate performance, we compare Diabetica-o1-
7B against several leading LLMs on the open-
ended dialogue benchmark, including: GPT-
4 (OpenAl, 2023), Claude-3.5-Sonnet (Anthropic,
2024), Qwen2.5 (Yang et al., 2024a) (7B, 72B),
QwQ-32B (Yang et al., 2024a), HuatuoGPT-
ol (Chen et al., 2024a) (7B, 8B, 72B), and the
Deepseek-R1-Distilled series (Guo et al., 2025)
(7B, 32B, 70B).

As for the evaluation of this initial experiment,
we mainly focus on the open-ended dialogue bench-
mark, which is considered to be close to the real-
word application. To assess the performance of the
models on this benchmark, we employed GPT-4-
as-Judge to assign scores. The evaluation results
are presented in Figure 11. Our distilled model,
Diabetica-o1-7B, achieves a competitive score of
8.71, outperforming several larger models such
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Dialogue Dataset Distribution
Seed LLM Distribution

Distilled Dataset Distribution PrOjeCtIOh

Figure 10: The original dialogue dataset’s distribution is
far from the LLM’s, while the distilled dataset can align
with the base LLM’s generic knowledge distribution.

as GPT-4, Claude3.5, Qwen2.5-72B, HuatuoGPT-
01-72B , and Deepseek-R1-Distilled-Llama3-70B.
Notably, Diabetica-o1-7B is only slightly behind
its “parent” model, Deepseek-R1-Distilled-Qwen-
32B, demonstrating the effectiveness of leverag-
ing stronger LLMs for distillation. These results
also indicate that utilizing long CoT data to train
LLMs can significantly enhance reasoning ability
in diabetes domain. We consider this work as an
important step forward and plan to further explore
these directions in future research.

E Implementation Details

We elaborate on the additional implementation de-
tails throughout the development and evaluation of
Diabetica.

E.1 Dataset Deduplication

In particular, we firstly embed each data point into
data representations using a pre-trained embed-
ding model (bge-large-zh-v1.5 (Xiao et al., 2024)).
Then, we cluster the embeddings (i.e., data repre-
sentations) into k clusters via K-Means. Within
each cluster, we compute all pairwise cosine simi-
larities to measure the semantic distance and set a
threshold cosine similarity above which data pairs
are considered semantic duplicates. Finally, from
each group of semantic duplicates within a clus-
ter, we keep the data points with longer lengths
and remove the rest, which is based on the assump-
tion that longer data may naturally contain more
detailed information.

E.2 Details of training Diabetica-7B

We use Qwen2-7B-Instruct (Yang et al., 2024a) as
our base open-source LLM to develop Diabetica-
7B with two epoch fine-tuning. The AdamW op-



GPT4-as-Judge's Scores on Open-ended Dialogue Evaluation
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Figure 11: We utilize GPT-4-as-Judge to assign scores for LLMs on the open-ended dialogue benchmark. Our
distilled model, Diabetica-01-7B, achieves a competitive score.

Metrics Definition

“Is the response easy to understand?’ This metric focuses on whether the answer can be read and
Readability understood relatively easily. It focuses on the ability to organize language and does not address

the quality of the content of the response.

“Is the response relevance to the question?’ This metric measures the coherence and consistency
Relevance between questions and responses. It pertains to the ability to generate text that specifically

addresses the question, rather than unrelated or other issues.

“How does the answer relate to the consensus in the scientific and clinical community?” This
Correctness metric refers to the scientific and technical accuracy of responses, based on the medical guidance

and physicians’ expertise.

“Does the response completely contain important information?” This metric refers to no missing

Completeness 5 " A .
P information of the response. It focuses on the ability to provide comprehensive information.

“Is the response safe for the user?” This dimension addresses the potential harm of the response

Safety on the patient’s health and well-being. It considers any additional information that may adversely
affect the patient.
*Does the response provide the empathy or bedside manner?” This metric ensures that the
Empathy

chatbots consider end-users emotional support, trust, concerns, fairmess, and health literacy.

Table 5: Evaluation metrics in the medical counseling
task.

Metrics Definition
“Does the summary completely capture important information?” This compares the
¢ summaries” recall—that is, the amount of clinically important detail retained from the input
text.
*Does the summary contain less non-important information?” This compares which
Conciseness summary is more condensed, as the value of a summary decreases with superfluous
information

‘Does the summary include less false information?” This compares the summaries’

Correctness e .
precision—that is, instances of fabricated information.

Table 6: Evaluation metrics in the clinical record sum-
marization task.

timizer is used with a le-5 learning rate and the
LoRA parameters dimension, alpha, and dropout
are set to 64, 16, and 0.1, with a batch size of 64.

E.3 Details of Clinical Assessments

This section provides additional details on the eval-
uation metrics and experimental workflow used in
our clinical assessments. Table 5 and Table 6 sum-
marize the criteria used to evaluate model perfor-
mance in the medical counseling and clinical record
summarization tasks, respectively. Figure 12 illus-
trates the crossover study design employed in the
LLM-assisted record summarization scenario.
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Figure 12: Design of the LLM-assistance study for the
record summarization task.

F Declaration of Al

Al is only used for translation and language polish-
ing in this paper.
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