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Abstract001

Recent advances in large language models002
(LLMs) and medical LLMs (Med-LLMs) have003
demonstrated strong performance on general004
medical benchmarks. However, their capa-005
bilities in specialized medical fields, such as006
dentistry which require deeper domain-specific007
knowledge, remain underexplored due to the008
lack of targeted evaluation resources. In this009
paper, we introduce DentalBench, the first010
comprehensive bilingual benchmark designed011
to evaluate and advance LLMs in the den-012
tal domain. DentalBench consists of two013
main components: DentalQA, an English-014
Chinese question-answering (QA) benchmark015
with 36,597 questions spanning 4 tasks and 16016
dental subfields; and DentalCorpus, a large-017
scale, high-quality corpus with 337.35 million018
tokens curated for dental domain adaptation,019
supporting both supervised fine-tuning (SFT)020
and retrieval-augmented generation (RAG). We021
evaluate 14 LLMs, covering proprietary, open-022
source, and medical-specific models, and re-023
veal significant performance gaps across task024
types and languages. Further experiments025
with Qwen-2.5-3B demonstrate that domain026
adaptation substantially improves model per-027
formance, particularly on knowledge-intensive028
and terminology-focused tasks, and highlight029
the importance of domain-specific benchmarks030
for developing trustworthy and effective LLMs031
tailored to healthcare applications.032

1 Introduction033

Large Language Models (LLMs) have demon-034

strated impressive capabilities in a wide range of035

domains (OpenAI et al., 2024; Yang et al., 2025;036

Liu et al., 2024; Team et al., 2025; DeepSeek-AI037

et al., 2025; Jaech et al., 2024). Especially in the038

medical field, recent studies have shown that LLMs039

can achieve expert-level performance on various040

clinical benchmarks (Wu et al., 2025; Li et al.,041

2023; Wu et al., 2024; Zhou et al., 2023). However,042

reliable and fine-grained evaluation of LLM per- 043

formance in specialized medical subfields-such as 044

dentistry-remain limited, because of the shortage 045

of domain-specific knowledge in general medical 046

corpora or benchmarks. 047

As an important and highly specialized branch 048

of medicine that spans multiple subfields and in- 049

volves complex procedures, oral healthcare is in 050

great need of artificial intelligence integration. Al- 051

though there have been some studies exploring the 052

integration of deep learning techniques into den- 053

tistry (Shi et al., 2024; Wei et al., 2020; Xiong 054

et al., 2023; Liu et al., 2023), LLMs remain under- 055

evaluated due to the lack of targeted evaluation 056

resources. It hinders not only the understanding of 057

current LLM limitations but also the development 058

of robust systems for clinical applications. 059

Therefore, in this paper, we introduce Dental- 060

Bench, a comprehensive benchmark and corpus 061

designed for evaluating and advancing LLM perfor- 062

mance in the dental domain. We first construct Den- 063

talQA, an English-Chinese question-answering 064

(QA) benchmark covering 4 task formats and 16 065

specialized subfields. Then, we develop Dental- 066

Corpus, a professionally curated bilingual corpus 067

with large-scale and high-quality, aimed at dental- 068

domain adaptation. Using DentalQA, we system- 069

atically evaluate various proprietary, open-source 070

and medical-specific LLMs and reveal significant 071

limitations for current models to finish knowledge- 072

intensive tasks in dentistry. Further experiments 073

based on supervised fine-tuning (SFT) and retrieval- 074

augmented generation (RAG) by the DentalCor- 075

pus demonstrate that access to in-domain data can 076

substantially improve model performance in spe- 077

cialized oral healthcare tasks, highlighting the im- 078

portance of benchmarks for domain adaptation in 079

real-world applications. Our main contributions 080

are summarized as follows: 081

• We introduce DentalQA, the first bilingual 082

1



Textbooks

Exams

Datasets

UMLS

Collect

OCR

Filter

Retrieve

Data Source

Original Dataset

Deduplicate

Filter

Human Check

Construction DentalBench Examples
[MCQ] 问题：下列颧骨颧弓骨折中哪种不需要固定？\nA. 颧体骨折向后下内移
位，不伴有旋转\nB. 单纯颧弓骨折\nC. 内旋移位的颧体骨折\nD. 复杂性骨折
\nE. 额、上颌复合骨折
答案：B
[MAQ] 问题：植骨术的适应证有哪些?\nA. 浅的一壁骨袋\nB. Ⅰ度根分叉病变
\nC. 反波浪形牙槽边缘\nD. 牙龈退缩\nE. 二壁或三壁骨下袋
答案：B，E
[OEQ] Question: Does a root canal filling per se have a significant negative effect
on the marginal periodontium?
Answer: Presence of a root canal filling per se does not have a significant negative
influence on the marginal periodontium, when correcting for the quality of the
interproximal restoration.
[DEF] Question: Please give a definition of \"Palate\" as it applies to dental health.
Answer: The structure that forms the roof of the mouth. It consists of the anterior
hard palate (PALATE, HARD) and the posterior soft palate (PALATE, SOFT).

Data Distribution

Figure 1: Overview of the DentalBench. It encompasses the following 16 dental specialties and disciplines: dental
materials (DM), endodontics (ENDO), occlusion (OCL), oral anatomy (OA), oral biology (OB), oral implantology
(OI), oral mucosal diseases (OMD), oral pathology (OP), oral pharmacology (OPH), oral and maxillofacial radiology
(OMFR), oral and maxillofacial surgery (OMFS), orthodontics (ORTHO), pediatric dentistry (PED), periodontics
(PER), preventive dentistry (PREV), and prosthodontics (PRO).

benchmark for dentistry-specific language un-083

derstanding, consisting of 36,597 questions084

across 4 task types and 16 subfields.085

• We create DentalCorpus, a large-scale, high-086

quality corpus containing 337.35 million to-087

kens curated for dental domain adaptation088

with SFT and RAG methods.089

• We evaluate 14 LLMs—including propri-090

etary, open-source, and medical-specific mod-091

els—on DentalQA, revealing clear perfor-092

mance gaps across task types and languages.093

Through extensive experiments, we further094

demonstrate that domain adaptation with Den-095

talCorpus significantly improves general LLM096

performance in the dental domain.097

2 DentalBench Dataset098

We introduce DentalBench, the first comprehen-099

sive dataset for evaluating and adapting LLMs in100

the dental domain, as shown in Figure 1. It consists101

of: DentalQA, a bilingual benchmark for evaluat-102

ing knowledge-based reasoning in oral heathcare,103

and DentalCorpus, a large-scale and high-quality104

text corpus curated for dental domain adaptation.105

2.1 DentalQA106

We construct DentalQA, a high-quality English-107

Chinese benchmark comprising 36,597 questions,108

covering 4 task formats and 16 dental subfields.109

Task Formats. DentalQA includes the following110

four question types: (a) MCQ: Single-answer mul-111

tiple choice questions (4 in English, 5 options in112

Chinese), testing factual recall. (b) MAQ: Multi-113

answer multiple choice questions (Chinese only),114

assessing comprehensive diagnostic knowledge. (c)115

OEQ: Open-ended questions simulating clinical116

and theoretical scenarios, used to evaluate reason- 117

ing and generation. (d) DEF: Terminology defini- 118

tion questions, requiring understanding of domain- 119

specific dental terms. 120

Domain Coverage. Each question is categorized 121

into one of 16 dental subfields (e.g., oral anatomy, 122

periodontics, orthodontics) based on standard text- 123

book classifications of the 8th round of the National 124

Higher Education Curriculum for Five-Year Under- 125

graduate Dental Medicine Programs (e.g., Zhao 126

et al. (2020)). Figure 1 shows examples across 127

task formats and domain data distributions, with 128

additional details provided in Appendix C.1. 129

Data Sources. The English dataset is curated 130

from seven public medical QA datasets: MMLU 131

(Hendrycks et al., 2021), MedQA (Jin et al., 2020), 132

MedMCQA (Pal et al., 2022), MedQuAD (Ben 133

Abacha and Demner-Fushman, 2019), PubMedQA 134

(Jin et al., 2019), and iCliniq (Regin, 2017), Medi- 135

cal Meadow Flashcards and Medical Meadow Wiki- 136

doc (Yu et al., 2024). Then, we use a keyword list 137

derived from the DentalCorpus filtering process 138

to filter the datasets. Furthermore, we use dental 139

terms from a bilingual glossary compiled from text- 140

books in the DentalCorpus pipeline and retrieve 141

their definitions from UMLS (U.S. National Li- 142

brary of Medicine, 2025b) to construct English 143

DEF questions. The Chinese dataset includes ques- 144

tions from the China National Dental Licensing 145

Examination (1999–2021), 34 dental textbooks and 146

auxiliary materials, and 181 OEQs derived from 147

real orthodontist-patient interactions. 148

Construction. We apply a unified pipeline across 149

both languages. MCQs and MAQs are normalized 150

to fixed option counts. DEF questions are gener- 151

ated by filling 50 predefined templates per language 152

(Appendix A.1) with extracted dental terms and 153
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their definitions. OEQs are preserved in their origi-154

nal form without modification. To ensure quality155

and domain relevance, we use GPT-4o to classify156

all questions into three categories: oral-related,157

non-oral, and insufficient (Appendix A.2). The158

insufficient category is used for questions with in-159

complete or corrupted content. We filter and retain160

only the oral-related questions.161

Human Validation. To assess classification ac-162

curacy, we manually reviewed 300 representative163

samples—50 for each combination of language and164

category. The results indicate strong agreement:165

100%, 96%, and 94% for English, and 96%, 92%,166

and 92% for Chinese.167

2.2 DentalCorpus168

We construct DentalCorpus, a bilingual re-169

source designed to support domain adaptation and170

retrieval-augmented generation in dentistry.171

Data Sources. DentalCorpus is built from three172

major sources: (a) Textbooks. We collect 40 Chi-173

nese dental textbooks and auxiliary materials, re-174

move non-content sections and apply OCR to ob-175

tain 4.1M characters of clean text. We also ex-176

tract a bilingual glossary of 1,971 dental terms177

from glossaries. (b) PubMed Articles. Using178

28 MeSH terms (listed in Appendix B.1), we re-179

trieve 54,651 freely accessible full-text articles180

from PubMed (U.S. National Library of Medicine,181

2025a), published between 2000 and 2024, yield-182

ing 983.3M English and 5.4M Chinese characters.183

(c) Open Medical Datasets. We filter MMedC184

(Qiu et al., 2024) (EN: 10.56B, ZH: 4.35B tokens)185

and MedRAG (Zhao et al., 2025) (23.9M PubMed186

snippets) to retain dental-relevant content.187

Construction. We implement a rule-based filter-188

ing pipeline using keyword lists derived from TF-189

IDF analysis on dental and general medical cor-190

pora. Starting from vocabularies built on PubMed,191

MedRAG, and textbook texts, we intersect them192

with the glossary to obtain candidate dental terms.193

Terms that appear disproportionately in general194

medical texts are removed. The final filtering lists195

contain 440 English and 235 Chinese keywords.196

Texts from all sources are filtered using these197

keywords. We apply a keyword density threshold198

of >1% and require at least two distinct matches per199

sentence. English is tokenized by spaces; Chinese200

uses direct string matching.201

After filtering, we deduplicate the corpus us-202

ing MD5 hashes, embed texts with the bge-m3203

model, and segment into chunks of up to 512204

tokens. The final corpus consists of 1.06M En- 205

glish chunks (319.08M tokens) and 66.3K Chinese 206

chunks (18.27M tokens). 207

Human Validation. We manually reviewed 100 208

random samples per language to assess filter qual- 209

ity, confirming domain relevance rates of 99% for 210

English and 96% for Chinese. 211

3 Experiments 212

3.1 Experimental Setup 213

We split DentalQA into training and test sets in a 214

4:1 ratio while preserving each subfield’s propor- 215

tions, and report all results on the held-out test set. 216

MCQ performance is measured by Accuracy; MAQ 217

by Accuracy, Precision, Recall and F1; and OEQ 218

and DEF by BERTScore F1 (Zhang et al., 2019). 219

We conduct our experiments on multiple popular 220

LLMs. For general LLMs, we select DeepSeek-V3, 221

DeepSeek-R1, GPT-4o, GPT-4o-mini, LLaMA-3.2- 222

3B-Instruct, LLaMA-3.1-8B-Instruct (Grattafiori 223

et al., 2024) and Qwen-2.5-1.5/3B/7B/14B/32B- 224

Instruct (Qwen et al., 2025). For medical LLMs, 225

we select BioMistral-7B (Labrak et al., 2024), 226

HuatuoGPT2-7B (Chen et al., 2024) and LLaMA- 227

3-8B-UltraMedical (Zhang et al., 2024). We evalu- 228

ate in a zero-shot setting using task-specific prompt 229

templates (Appendix A.3). Experiments are con- 230

ducted on eight NVIDIA RTX 3090 GPUs. 231

3.2 Domain Adaptation on Qwen2.5-3B 232

To enhance dentistry-specific knowledge and capa- 233

bilities, we adopt three adaptation strategies based 234

on Qwen-2.5-3B-Instruct. (a) Supervised Fine- 235

Tuning (SFT): Full-model fine-tuning on the Den- 236

talQA training split for four epochs with a learn- 237

ing rate of 1e-6 and batch size 16 using bfloat16 238

precision. (b) Retrieval-Augmented Genera- 239

tion (RAG): At inference, retrieve the top-5 most 240

relevant passages from DentalCorpus via FAISS 241

with bge-m3 embeddings and prepend them to the 242

prompt (Appendix A.3). (c) SFT + RAG: Com- 243

bine the above supervised fine-tuning with retrieval 244

augmentation during inference. 245

3.3 Results 246

The main results are presented in Table 1, where 247

we report the performance of 14 LLMs and our 248

domain adaptation results. 249

Overall Trends. Performance varies markedly 250

by language. On DentalBench-ZH, DeepSeek-R1 251

achieves state-of-the-art accuracy on both MCQ 252
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Table 1: Overall Performance on DentalQA. We use Accuracy (ACC), Precistion (P), Recall (R), F1, and BERTScore
F1 (BERTScore) as our metrics. Bold indicates the best result, and underline indicates the second best.

DentalQA-ZH DentalQA-EN
MCQ MAQ OEQ DEF MCQ OEQ DEF

Model ACC ACC P R F1 BERTScore BERTScore ACC BERTScore BERTScore

General LLMs

GPT-4o 64.86 37.30 87.75 81.74 84.63 27.23 21.60 73.98 31.28 29.21
GPT-4o-mini 51.65 29.73 81.36 87.37 84.26 26.48 19.50 60.59 34.55 29.42
Deepseek-V3 69.28 41.35 87.22 86.23 86.72 27.79 17.78 68.28 27.65 25.73
Deepseek-R1 76.06 43.51 88.64 86.68 87.65 26.77 15.81 60.04 20.91 18.58
Llama-3.2-3B 38.22 7.30 72.24 65.01 68.44 19.88 15.13 48.96 28.13 26.13
Llama-3.1-8B 40.80 10.27 77.45 67.49 72.13 16.69 4.96 55.60 25.31 21.75
Qwen2.5-1.5B 45.58 13.24 76.67 77.55 77.11 21.74 8.57 38.09 26.10 21.59
Qwen2.5-3B 48.63 19.19 77.70 80.37 79.01 20.89 11.16 41.77 34.48 29.62
Qwen2.5-7B 60.29 26.22 83.08 79.22 81.11 26.37 11.59 49.23 26.28 22.12
Qwen2.5-14B 66.48 33.51 84.05 85.01 84.53 25.47 12.69 50.49 26.68 21.93
Qwen2.5-32B 70.86 39.46 85.50 86.15 85.82 26.02 11.65 58.34 26.59 22.78

Medical LLMs

BioMistral-7B 25.44 5.68 76.33 47.43 58.51 14.48 14.06 34.96 34.50 29.55
HuatuoGPT2-7B 22.51 6.22 74.50 67.54 70.85 25.38 21.04 25.47 15.50 16.55
Llama-3-8B-UltraMedical 30.32 11.08 72.86 81.52 76.95 18.74 9.18 46.10 26.76 24.80

Domain Adaptation on Qwen2.5-3B

Qwen2.5-3B 48.63 19.19 77.70 80.37 79.01 20.89 11.16 41.77 34.48 29.62
w. SFT 54.58 25.60 75.57 93.24 83.48 22.42 15.29 47.90 37.74 30.79
w. RAG 54.45 21.35 74.88 91.17 82.22 30.18 22.13 48.74 36.47 30.04
w. SFT+RAG 60.06 29.07 77.30 93.46 84.62 30.06 20.85 52.15 37.68 29.65

and MAQ, with DeepSeek-V3 and Qwen2.5-32B253

close behind. Conversely, on DentalBench-EN,254

GPT-4o leads across these tasks. In both languages,255

however, open-ended tasks (OEQ and DEF) trail256

far behind MCQ and MAQ, underscoring enduring257

challenges in domain-specific generative reasoning258

and terminology.259

General Models vs. Medical Models. Although260

medical LLMs perform relatively well on OEQ and261

DEF, they fall markedly short of general-purpose262

models on MCQ and MAQ. For example, Llama-263

3.1-8B consistently outperforms its medical coun-264

terpart across all multiple-choice tasks, suggest-265

ing that medical tuning may insufficiently capture266

dentistry-specific factual knowledge.267

Impact of Model Scale. In the Qwen-2.5 fam-268

ily, scaling improves MCQ and MAQ notably but269

yields limited gains on OEQ and DEF, suggesting270

factual recall benefits more from model size than271

generative reasoning does.272

Domain Adaptation. Both SFT and RAG improve273

MCQ and MAQ, but RAG shows a larger impact274

on open-ended tasks (e.g., OEQ-ZH BERTScore:275

+9.29 vs. +1.53). Combining both yields additive276

gains—especially on MCQ and MAQ (+11.43 and277

+9.88). For OEQ/DEF, SFT+RAG offers clear ben- 278

efit over SFT alone in Chinese, while in English 279

the effect is less consistent, indicating language 280

sensitivity in retrieval effectiveness. 281

4 Conclusion 282

We introduce DentalBench, a comprehensive bilin- 283

gual benchmark designed for evaluating and en- 284

hancing LLMs in the dental domain. It includes 285

2 main components: DentalQA, the first bilingual 286

high-quality QA dataset for dentistry, and Den- 287

talCorpus, a large-scale domain-specific English- 288

Chinese corpus for domain adaptation, such as SFT 289

and RAG. Our experiments across 14 LLMs, cover- 290

ing proprietary, open-source and medical-specific 291

models, reveal significant performance gaps based 292

on task types, language, and model categories. 293

Additionally, through extensive experiments, we 294

demonstrate that domain adaptation using Dental- 295

Corpus can significantly improve performance. In 296

general, DentalBench can be served as a valuable 297

resource for evaluating knowledge-grounded lan- 298

guage models in dentistry, improving language un- 299

derstanding in oral healthcare, and encouraging 300

more related research. 301
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Limitations302

Our work has several limitations. First, the dataset303

exhibits asymmetry between Chinese and English304

sources. While both languages are supported305

throughout DentalQA and DentalCorpus, the distri-306

bution, source diversity, and depth of coverage are307

not fully aligned—potentially contributing to ob-308

served cross-lingual performance gaps. Second, the309

MAQ format is currently only available in Chinese,310

limiting comprehensive evaluation of multi-answer311

reasoning capabilities in English. In future work,312

we aim to construct balanced bilingual resources313

and expand task coverage across languages.314
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A.1 Definition Templates 483

Fig. 2 and Fig. 3 list the 50 instruction templates 484

used to construct DEF questions from domain 485
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A.2 Filtering Classification Prompt 487

Fig. 4 shows the prompt for classifying questions 488

into oral-related, non-oral, or insufficient cate- 489

gories. 490

A.3 Evaluation and RAG Prompts 491

Fig. 5 shows the prompt formats used to evaluate 492

different question types in zero-shot settings and 493

the prompt format with RAG. 494

B Corpus Construction Details 495

B.1 MeSH Terms for PubMed Query 496

Fig. 6 is the list of 28 MeSH terms used to retrieve 497

relevant dental articles from PubMed. 498

C Dataset Statistics and Visualizations 499

C.1 Distribution by Task and Subfield 500

Fig. 7 shows the distribution of DentalQA by task 501

and subfield. 502

C.2 Answer Properties and Input Lengths 503

Fig. 5 shows the prompt formats used to evaluate 504

different question types in zero-shot settings and 505

the prompt format with RAG. 506

C.3 Supplementary Performance Figures 507

Extended plots (8, 9, 10, 11, 12, 13, 14, 16, 17) 508

complementing Section 1, including per-model and 509

per-task visual comparisons. 510
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Prompt Template for DEF-EN 

In the context of dental medicine, what does {noun} mean?

Please explain the meaning of {noun} in oral health sciences.

What is the definition of {noun} in the field of dental medicine?

Could you explain what {noun} refers to in dentistry?

In dentistry, how is the term {noun} understood?

How is {noun} defined within the dental field?

What does {noun} stand for in dental terminology?

From a dental medicine perspective, what does {noun} mean?

Can you describe what {noun} refers to in dental science?

Please clarify the concept of {noun} as used in oral medicine.

What is the basic idea behind {noun} in dental health?

In the context of dental science, what does {noun} refer to?

How would a dental professional define {noun}?

What is meant by the term {noun} in the context of oral health?

In dental practice, what does {noun} represent?

Could you provide a simple explanation of {noun} in dentistry?

Explain the meaning of {noun} from a dental perspective.

What is the significance of {noun} in oral medicine?

In dental terms, how is {noun} described?

How is the term {noun} used in the dental profession?

Can you explain the use of {noun} in oral health care?

What role does {noun} play in dentistry?

How should we interpret {noun} in dental research?

Describe what {noun} means in a dental setting.

In dental studies, what is meant by {noun}?

What does {noun} mean in terms of oral anatomy or pathology?

How do we understand {noun} in the context of dental education?

What is the dental meaning or implication of {noun}?

From a dental point of view, what does {noun} signify?

Can you define {noun} in simple dental terms?

How would you explain {noun} to a dental student?

What concept does {noun} convey in dentistry?

Could you elaborate on the meaning of {noun} in oral sciences?

How does dentistry define the concept of {noun}?

In oral medicine, how is {noun} typically understood?

What is the interpretation of {noun} in dental terminology?

Can you summarize the definition of {noun} in dentistry?

What does the term {noun} refer to in the context of oral biology?

Please give a definition of {noun} as it applies to dental health.

What is {noun} from the perspective of oral medicine?

How is the term {noun} applied in the field of dentistry?

What does {noun} mean when used in dental contexts?

What is considered the meaning of {noun} in oral healthcare?

Can you define {noun} as it is used in oral anatomy or treatment?

What understanding of {noun} is common in dental literature?

How is {noun} interpreted in the context of clinical dentistry?

Explain the medical significance of {noun} in dental care.

From an oral medicine viewpoint, what is {noun}?

Could you define the term {noun} as it applies to dentistry?

In oral health practice, what does {noun} stand for?

Figure 2: Templates for DEF-EN
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Prompt Template for DEF-ZH 

基于口腔医学相关领域，请解释一下{noun}的含义。

{noun}在口腔医学相关领域中是什么意思？

在口腔医学相关领域中，{noun}的基本含义是什么？

你能用简单的语言描述一下在口腔医学相关领域中的{noun}这个概念吗？

如何理解在口腔医学相关领域中{noun}这个概念？

在口腔医学中，如何定义{noun}？

什么是{noun}可以在口腔医学的背景下解释一下吗？

请描述一下在口腔医学中{noun}的定义。

口腔医学中使用的{noun}指的是什么？

{noun}的医学含义是什么，尤其是在口腔医学中？

从口腔医学的角度，如何解释{noun}？

口腔医学中{noun}指的是什么？

在口腔医学领域，{noun}具体是指什么？

{noun}在口腔医学中的具体含义是什么？

口腔医学领域中的{noun}是什么意思？

你能详细说明一下在口腔医学中，{noun}代表什么吗？

请解释一下口腔医学领域中的{noun}的基本概念。

在口腔医学领域中，如何理解{noun}？

{noun}在口腔医学领域有何特定含义？

口腔医学上{noun}的意义是什么？

在口腔医学的语境下，{noun}是指什么？

解释一下口腔医学中{noun}的基本意义。

{noun}在口腔医学中如何定义？

请给出{noun}在口腔医学方面的解释。

口腔医学中，如何理解{noun}这一概念？

从口腔医学的视角解释{noun}的意思。

在口腔医学背景下，{noun}是指什么？

什么是{noun}在口腔医学中的含义是什么？

在口腔医学中，如何解释{noun}？

口腔医学领域中，怎么理解{noun}？

你能解释下在口腔医学中{noun}的具体含义吗？

口腔医学相关领域中{noun}的含义是什么？

{noun}在口腔医学方面指什么？

口腔医学上，如何描述{noun}的定义？

请在口腔医学的背景下描述{noun}的意思。

在口腔医学相关学科中，如何定义{noun}？

{noun}的定义是什么，从口腔医学的角度来说？

能在口腔医学语境下解释一下{noun}的意思吗？

口腔医学中提到的{noun}是指什么？

在口腔医学领域中，{noun}一般指什么？

你能解释在口腔医学相关学科中{noun}的定义吗？

在口腔医学语境中，如何理解{noun}？

口腔医学中，{noun}代表的是什么概念？

{noun}在口腔医学里有何特别的含义？

你可以解释在口腔医学中提到的{noun}吗？

在口腔医学领域中，如何具体解释{noun}？

口腔医学学科中{noun}的意义是什么？

请描述一下{noun}在口腔医学中的作用。

在口腔医学的理解中，如何定义{noun}？

{noun}一词在口腔医学中是什么意思？

Figure 3: Templates for DEF-ZH
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Prompt for Filtering Classification 
You are an expert in dental education.
Classify the following item into ONE of the following three categories:
1. Insufficient: The input is clearly incomplete, malformed, or not a valid question/statement.
2. Oral: The question is related to dentistry or oral health (including clinical, basic, or 
preventive dental science like orthodontics, periodontics, oral surgery, even dental materials).
3. Non-oral: The question is clearly unrelated to dentistry or oral health.
Evaluation steps:
- FIRST check if the input is insufficient
- THEN determine if it's oral or non-oral
Return ONLY the label: 'insufficient', 'oral', or 'non oral'
Question:
{question}
Choices:
{choices}
Correct answer:
{answer}

Figure 4: Filtering Classification Prompt
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Evaluation Prompts

EN:
MCQ: You are an experienced dentist. Based on your professional knowledge, read 
the following question and select the most appropriate answer. Only output the 
option letter.
Question: {question}
Options:
{options}
Answer:

DEF: You are a dentist. Please answer the following short medical question clearly 
and accurately.
Term: {question}
Answer:

OEQ: You are a dentist. Please answer the following short medical question clearly 
and accurately.
Question: {question}
Answer:

RAG Prompts: You are a dental medical expert. Please answer the following question 
based on the provided documents:
Context: {context}
Question: {query} 

ZH:
MCQ: 你是一名经验丰富的口腔科医生。请根据专业知识，阅
读以下问题并选择最合适的一个选项作答。仅输出选项字母。
问题：{question}
选项：
{options} 
答案：

MAQ: 你是一名经验丰富的口腔科医生。请根据专业知识，阅
读以下问题并选择所有正确的选项。仅输出选项字母。
问题：{question}
选项：\n{options}
答案：

DEF: 你是一名口腔科医生。请清晰准确地回答以下医学问题。
问题：{question}
答案：

OEQ: 你是一名口腔科医生。请清晰准确地回答以下医学问题。
问题：{question}
答案：

RAG Prompts: 你是一位口腔医疗专家，请结合以下资料回答问题：
资料：{context}
问题：{query}

Figure 5: Evaluation and RAG Prompts
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MeSH Terms

The following Medical Subject Headings (MeSH) were employed in the literature retrieval process:
1. dental implantation[mesh]
2. dental materials[mesh]
3. dental occlusion[mesh]
4. dentistry[mesh]
5. drugs, dental[mesh]
6. endodontics[mesh]
7. geriatric dentistry[mesh]
8. mouth anatomy[mesh]
9. mouth diseases[mesh]
10. oral[mesh]
11. oral biology[mesh]
12. oral cancer[mesh]
13. oral diseases[mesh]
14. oral medicine[mesh]
15. oral pathology[mesh]
16. oral surgery[mesh]
17. orthodontics[mesh]
18. pediatric dentistry[mesh]
19. periodontics[mesh]
20. preventive dentistry[mesh]
21. prosthodontics[mesh]
22. radiology, oral[mesh]
23. stomatitis[mesh]
24. surgery, oral[mesh]

Figure 6: MeSH terms
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Figure 9: OEQ-EN-BERTScore
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M
od

el

32.1 25.2 29.4 24.5 27.5 26.3 29.8 31.6 31.5 27.6 30.2 27.0 20.7 30.7 37.1 29.8

32.5 26.1 30.9 25.1 26.7 28.1 29.5 31.8 31.6 30.6 30.4 26.5 23.1 30.6 36.1 30.2

27.5 21.9 25.6 20.2 24.1 22.3 28.4 28.3 29.2 26.8 25.9 24.0 20.1 24.6 34.1 26.2

22.6 16.5 18.3 14.8 16.5 17.5 19.3 20.2 18.4 21.2 20.8 14.7 15.4 19.2 24.2 21.1

28.2 25.7 23.8 22.0 24.5 25.1 26.1 27.5 28.1 27.3 28.4 23.1 20.0 26.4 33.8 28.5

24.1 18.6 23.0 16.5 18.9 20.9 23.4 24.4 23.2 20.8 22.6 18.7 14.8 24.7 28.6 23.7

25.6 17.5 19.7 15.9 20.4 20.1 22.5 24.4 23.8 20.1 22.5 18.0 13.8 25.4 28.5 20.9

30.0 25.9 31.7 25.6 27.5 32.9 30.5 31.2 30.2 32.0 31.2 26.9 23.2 31.7 35.5 33.9

20.8 18.8 23.7 17.4 19.4 19.7 24.7 24.3 24.2 24.2 23.9 20.0 16.8 24.8 29.8 23.3

26.4 18.8 20.9 17.0 19.3 19.2 23.3 24.3 24.1 23.9 21.0 19.1 14.8 25.1 28.0 24.2

27.1 20.3 23.4 17.2 20.2 18.9 24.2 25.1 24.3 23.5 24.2 20.7 14.9 25.3 29.3 24.3

28.9 26.8 29.7 25.9 26.6 34.1 29.3 31.3 30.5 30.2 29.5 31.4 26.6 33.5 33.5 30.8

19.8 20.3 33.5 15.6 16.3 10.1 1.9 16.4 14.8 3.2 21.5 29.4 22.2 5.2 20.3 15.2

27.4 21.5 26.2 20.0 23.4 25.3 26.7 27.0 25.8 26.1 25.0 21.8 17.3 26.4 29.6 27.4
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Figure 10: DEF-EN-BERTScore
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M
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62.8 61.1 58.3 61.7 66.2 53.6 76.0 70.8 81.8 61.6 65.6 60.8 65.1 70.7 80.2 57.6

51.9 48.2 44.8 44.0 59.5 51.8 65.1 53.1 69.7 53.6 52.1 47.3 38.7 61.2 69.4 44.4

61.2 66.1 66.3 63.5 77.0 58.9 80.0 75.4 84.9 65.6 69.1 62.4 60.4 78.0 82.0 66.7

69.8 75.1 71.2 72.7 78.4 55.4 84.6 81.9 93.9 76.2 77.7 67.7 75.5 79.5 82.9 73.2

35.7 36.8 30.7 33.7 37.8 32.1 43.4 41.5 45.5 45.7 38.6 31.2 29.2 45.2 49.5 36.3

37.2 37.4 32.5 37.2 47.3 32.1 48.0 43.1 45.5 49.0 37.8 34.9 35.9 56.6 56.8 34.8

41.1 46.5 40.5 40.1 44.6 39.3 58.3 46.2 54.5 44.4 47.2 36.0 38.7 58.9 55.9 39.1

44.2 49.7 42.9 41.5 48.6 39.3 57.1 56.1 60.6 51.7 51.4 39.2 30.2 52.5 62.2 45.9

58.1 62.9 48.5 54.3 62.2 46.4 72.6 71.2 75.8 62.3 61.2 47.3 39.6 66.9 67.6 57.9

63.6 65.5 58.3 57.1 68.9 57.1 79.4 76.1 80.3 62.9 67.8 58.1 50.0 71.5 74.8 67.4

72.1 69.3 65.0 67.0 74.3 55.4 82.3 74.6 86.4 63.6 71.3 64.5 65.1 75.3 73.9 71.4

26.4 27.8 22.1 21.6 23.0 32.1 21.7 26.5 21.2 27.8 24.3 24.7 34.9 28.5 22.5 25.3

25.6 19.3 18.4 22.3 20.3 21.4 25.7 28.1 33.3 21.9 23.4 15.6 15.1 29.7 34.2 16.3

31.8 27.8 28.8 25.2 35.1 35.7 32.0 31.5 36.4 33.8 29.6 30.1 28.3 35.7 38.7 26.3
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Figure 11: MCQ-ZH-Accuracy
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21.4 56.7 36.4 23.5 50.0 57.1 25.9 40.0 100.0 35.7 32.2 36.4 57.1 53.8 11.1 32.6

35.7 40.0 22.7 32.4 41.7 42.9 22.2 20.0 100.0 50.0 22.0 18.2 42.9 38.5 22.2 27.9

57.1 56.7 36.4 26.5 50.0 42.9 40.7 40.0 50.0 50.0 44.1 22.7 85.7 30.8 33.3 41.9

42.9 53.3 50.0 29.4 33.3 71.4 29.6 40.0 75.0 64.3 42.4 40.9 85.7 57.7 22.2 37.2

7.1 13.3 0.0 2.9 8.3 14.3 0.0 12.5 25.0 7.1 6.8 9.1 0.0 11.5 0.0 7.0

7.1 3.3 13.6 5.9 0.0 28.6 7.4 5.0 50.0 7.1 13.6 13.6 0.0 11.5 22.2 14.0

21.4 16.7 9.1 2.9 16.7 42.9 7.4 15.0 25.0 7.1 8.5 4.5 28.6 15.4 22.2 20.9

14.3 23.3 13.6 14.7 8.3 42.9 14.8 15.0 25.0 14.3 18.6 9.1 42.9 30.8 33.3 23.3

42.9 23.3 31.8 26.5 16.7 42.9 18.5 25.0 50.0 28.6 23.7 27.3 28.6 26.9 22.2 25.6

50.0 46.7 22.7 26.5 33.3 57.1 25.9 32.5 75.0 28.6 27.1 36.4 71.4 30.8 11.1 37.2

35.7 50.0 36.4 35.3 41.7 57.1 33.3 40.0 75.0 35.7 32.2 31.8 71.4 42.3 44.4 41.9

7.1 6.7 4.5 0.0 0.0 14.3 3.7 2.5 0.0 7.1 5.1 4.5 0.0 0.0 22.2 16.3

14.3 6.7 4.5 8.8 0.0 28.6 3.7 0.0 0.0 14.3 5.1 4.5 0.0 7.7 0.0 9.3

7.1 16.7 13.6 2.9 0.0 14.3 11.1 10.0 0.0 14.3 13.6 9.1 14.3 15.4 22.2 9.3
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Figure 12: MAQ-ZH-Accuracy

Den
tal

 M
ate

ria
ls

En
do

do
nti

cs

Occ
lus

ion

Oral
 A

na
tom

y

Oral
 Bi

olo
gy

Oral
 Im

pla
nto

log
y

Oral
 M

uc
os

al 
Dise

ase
s

Oral
 Pa

th
olo

gy

Oral
 Ph

arm
ac

olo
gy

Oral
 an

d M
ax

illo
fa

cia
l

Ra
dio

log
y

Oral
 an

d M
ax

illo
fa

cia
l

Surg
er

y

Orth
od

on
tic

s

Pe
dia

tri
c D

en
tis

try

Pe
rio

do
nti

cs

Pre
ve

nti
ve

 D
en

tis
try

Pro
sth

od
on

tic
s

Domain

gpt-4o

gpt-4o-mini

deepseek-v3

deepseek-r1

Llama-3.2-3B

Llama-3.1-8B

Qwen2.5-1.5B

Qwen2.5-3B

Qwen2.5-7B

Qwen2.5-14B

Qwen2.5-32B

BioMistral-7B

HuatuoGPT2-7B

Llama-3-8B-
UltraMedical

M
od

el

89.1 94.4 82.0 85.7 86.5 92.3 90.7 87.1 100.0 86.4 87.3 81.7 96.0 91.6 80.7 85.2

83.6 85.0 77.3 76.8 78.6 86.2 86.1 78.5 100.0 79.2 83.6 73.4 85.7 83.5 81.2 81.0

92.3 92.0 85.5 83.2 85.0 92.6 91.6 82.7 93.3 88.9 90.6 78.7 89.7 88.5 81.1 86.1

90.0 92.8 85.2 82.8 87.2 100.0 89.7 85.7 100.0 97.6 89.2 83.6 100.0 95.3 82.9 86.0

73.7 83.7 61.2 67.0 67.7 79.2 71.2 68.4 90.9 63.0 76.5 67.2 70.0 81.2 63.2 73.0

85.7 82.3 75.8 67.7 72.0 89.5 82.2 72.3 93.3 71.0 77.0 75.4 73.1 81.5 82.8 80.3

82.6 82.9 75.6 69.8 72.1 82.1 80.4 74.7 85.7 67.9 78.6 66.7 78.6 80.2 78.1 78.6

83.7 82.5 73.8 70.4 64.7 86.7 81.4 75.3 85.7 70.9 79.3 69.6 82.8 81.6 80.0 81.5

93.3 86.1 80.8 78.0 77.8 90.0 85.7 80.6 93.3 82.2 85.7 75.0 83.3 88.1 84.9 80.1

91.7 87.3 80.5 77.0 76.1 96.3 87.6 80.4 100.0 78.7 85.4 84.5 96.2 86.9 84.4 81.8

86.8 89.7 84.2 83.5 81.4 96.2 87.1 82.1 100.0 81.2 87.6 78.2 89.3 88.7 85.7 83.9

80.8 78.8 77.5 72.0 60.0 88.2 84.4 76.2 83.3 68.8 76.1 72.7 73.3 76.0 75.0 78.4

77.8 76.6 64.9 72.7 66.7 79.0 80.7 75.3 80.0 69.6 78.1 72.7 72.7 74.6 61.1 75.2

76.4 79.3 71.1 65.1 64.4 80.8 76.6 71.1 81.8 66.7 74.7 67.0 75.9 77.1 78.8 72.2

ZH - MAQ (Precision)
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Figure 13: MAQ-ZH-Precision
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80.4 89.4 84.2 69.6 84.2 85.7 76.5 86.5 100.0 82.6 77.5 82.9 92.3 88.8 75.8 80.1

90.2 90.3 89.5 85.7 86.8 89.3 85.3 87.9 100.0 91.3 85.9 82.9 92.3 87.8 78.8 87.4

94.1 92.0 85.5 79.5 89.5 89.3 85.3 87.9 87.5 87.0 81.2 84.3 100.0 86.7 90.9 86.1

88.2 91.1 90.8 85.7 89.5 92.9 76.5 89.4 93.8 87.0 85.0 87.1 96.2 83.7 87.9 85.4

54.9 68.1 53.9 63.4 60.5 67.9 51.0 55.3 62.5 63.0 64.3 61.4 53.8 53.1 36.4 66.2

58.8 69.9 65.8 56.2 47.4 60.7 58.8 70.2 87.5 58.7 62.9 61.4 73.1 67.3 72.7 67.5

74.5 81.4 77.6 74.1 81.6 82.1 76.5 79.4 75.0 82.6 72.3 77.1 84.6 78.6 75.8 80.1

80.4 83.2 77.6 84.8 57.9 92.9 81.4 78.0 75.0 84.8 77.5 78.6 92.3 81.6 84.9 81.5

82.3 82.3 82.9 75.9 73.7 96.4 76.5 79.4 87.5 80.4 76.1 81.4 76.9 75.5 84.9 80.1

86.3 91.1 86.8 77.7 92.1 92.9 83.3 81.6 93.8 80.4 82.6 85.7 96.2 87.8 81.8 86.1

90.2 92.9 90.8 81.2 92.1 89.3 86.3 84.4 87.5 84.8 79.3 87.1 96.2 87.8 90.9 86.1

41.2 46.0 40.8 48.2 39.5 53.6 52.9 43.3 31.2 47.8 46.5 57.1 42.3 38.8 63.6 53.0

68.6 43.4 31.6 42.9 57.9 53.6 49.0 47.5 25.0 69.6 35.2 34.3 30.8 51.0 33.3 52.3

82.3 85.0 84.2 73.2 76.3 75.0 80.4 83.7 56.2 82.6 76.1 87.1 84.6 82.7 78.8 86.1

ZH - MAQ (Recall)
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Figure 14: MAQ-ZH-Recall
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84.5 91.8 83.1 76.8 85.3 88.9 83.0 86.8 100.0 84.4 82.1 82.3 94.1 90.2 78.1 82.6

86.8 87.5 82.9 81.0 82.5 87.7 85.7 82.9 100.0 84.9 84.7 77.8 88.9 85.6 80.0 84.1

93.2 92.0 85.5 81.3 87.2 90.9 88.3 85.2 90.3 87.9 85.6 81.4 94.5 87.6 85.7 86.1

89.1 92.0 87.9 84.2 88.3 96.3 82.5 87.5 96.8 92.0 87.0 85.3 98.0 89.1 85.3 85.7

62.9 75.1 57.3 65.1 63.9 73.1 59.4 61.2 74.1 63.0 69.9 64.2 60.9 64.2 46.2 69.4

69.8 75.6 70.4 61.5 57.1 72.3 68.6 71.2 90.3 64.3 69.2 67.7 73.1 73.7 77.4 73.4

78.3 82.1 76.6 71.9 76.5 82.1 78.4 77.0 80.0 74.5 75.3 71.5 81.5 79.4 76.9 79.3

82.0 82.8 75.6 76.9 61.1 89.7 81.4 76.7 80.0 77.2 78.4 73.8 87.3 81.6 82.3 81.5

87.5 84.2 81.8 76.9 75.7 93.1 80.8 80.0 90.3 81.3 80.6 78.1 80.0 81.3 84.9 80.1

88.9 89.2 83.5 77.3 83.3 94.5 85.4 81.0 96.8 79.6 84.0 85.1 96.2 87.3 83.1 83.9

88.5 91.3 87.3 82.3 86.4 92.6 86.7 83.2 93.3 83.0 83.2 82.4 92.6 88.2 88.2 85.0

54.5 58.1 53.4 57.8 47.6 66.7 65.1 55.2 45.5 56.4 57.7 64.0 53.7 51.3 68.8 63.2

72.9 55.4 42.5 53.9 62.0 63.8 61.0 58.3 38.1 69.6 48.5 46.6 43.2 60.6 43.1 61.7

79.2 82.0 77.1 68.9 69.9 77.8 78.5 76.9 66.7 73.8 75.3 75.8 80.0 79.8 78.8 78.5

ZH - MAQ (F1 score)
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Figure 15: MAQ-ZH-F1
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26.2 29.1 27.1 29.2 26.8 27.9 30.2 30.3 34.1 28.6 29.7 23.1 22.5 28.6 28.3 25.9

28.3 29.1 26.7 27.8 26.2 27.4 29.2 28.5 32.6 26.7 29.1 21.9 25.1 28.7 28.1 25.1

28.9 30.6 31.2 30.7 26.5 27.2 30.4 31.5 39.9 29.3 30.3 21.7 23.5 28.2 27.8 27.0

27.0 28.9 31.4 30.6 24.1 25.9 28.7 30.0 33.9 29.3 28.8 21.2 21.0 27.2 23.4 27.0

20.0 23.6 18.4 22.3 23.7 19.5 20.6 21.5 22.4 18.1 22.7 15.1 16.5 23.5 22.9 18.0

16.1 19.4 21.4 18.4 14.2 16.5 20.2 17.8 14.0 14.3 19.2 12.6 9.8 19.4 19.9 15.3
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Figure 16: OEQ-ZH-BERTScore
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Figure 17: DEF-ZH-BERTScore
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Table 2: The average length of questions and answers in OEQ and DEF

Question Format Content Mean Median Min Max
OEQ-EN answer 331.44 263 58 1941
OEQ-EN question 147.90 108 20 1498
OEQ-ZH answer 182.88 149 7 1321
OEQ-ZH question 25.21 16 6 326
DEF-EN answer 312.10 193 46 5249
DEF-EN question 77.84 75 24 234
DEF-ZH answer 59.79 52 2 254
DEF-ZH question 22.63 22 6 64
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