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Abstract

Large language models (LLMs) are increasingly used to answer clinical questions, but general
medical benchmarks do not directly test whether models can answer guideline-grounded dental
questions that occur in periodontology, implant dentistry, oral-systemic medicine, pharmacol-
ogy, and patient communication. We present a clinician-reviewed dental question-answering
benchmark containing 30 open-ended questions across six clinical domains, each paired with
explicit must include and must avoid rubric criteria. We evaluated eight contemporary LLMs
available through OpenRouter on June 10-11, 2026, using single-trial, temperature-0 prompt-
ing and a rubric-based LLM judge. The leading deployment accuracies were GPT-5.2 at 96.7%,
Claude Opus 4.8 and GPT-5.5 at 93.3%, and Gemini 3.1 Pro at 90.0%, but bootstrap confidence
intervals over questions were wide and overlapped substantially. Claude Fable 5 answered only
25 of 30 questions because of refusals concentrated in oral-systemic topics; on answered ques-
tions it reached 96.0% accuracy. Two additional OpenAl-family judges showed only moderate
agreement with the primary Claude Opus 4.8 judge (81.7-83.8% verdict agreement; Cohen’s
k = 0.506-0.524), emphasizing that absolute accuracy levels are judge-dependent. The bench-
mark, transcripts, rubrics, and analysis code are released to support reproducible, specialty-
specific evaluation of LLMs in dentistry.

1 Introduction

Medical question answering has become a central test case for large language models. Multi-
MedQA and Med-PaLLM showed that LLMs can encode substantial clinical knowledge while also
exposing gaps in factuality, reasoning, potential harm, and bias that matter for clinical deployment
[1]. HealthBench extended open-ended health evaluation through physician-written rubric crite-
ria, underscoring the value of explicit scoring rubrics over answer-only multiple-choice accuracy
[2]. Biomedical QA benchmarks such as PubMedQA provide useful tests of biomedical reasoning
over abstracts [3], but dentistry-specific clinical questions remain underrepresented in widely used
benchmarks.

Dentistry is not a narrow variant of general medicine for evaluation purposes. Clinically useful
dental answers often depend on specialty-specific consensus frameworks and guidelines, including
the 2017 World Workshop classification of periodontal and peri-implant diseases [4, 5], the EFP



S3 treatment guideline for stages I-1II periodontitis [6], AAOMS guidance on medication-related
osteonecrosis of the jaw [7], and current infective-endocarditis prophylaxis statements [8]. Small
omissions can change clinical meaning: for example, failing to distinguish periodontal stability
endpoints from treatment thresholds, or giving jurisdiction-insensitive antibiotic prophylaxis advice,
may produce a fluent but unsafe answer.

Recent dental LLM studies have evaluated models on dental multiple-choice questions [9], im-
plantology scenarios [10], and open-ended periodontology examination answers [11]. Broader dental
benchmark efforts include DentalBench [12] and the concurrent GlobalDentBench [13]. GlobalDent-
Bench is substantially larger and multinational, whereas the present work contributes a smaller but
fully public, auditable benchmark focused on clinically realistic, guideline-grounded dental questions
with explicit scoring rubrics, answer transcripts, judge verdicts, and cross-judge agreement analysis.

2 Methods

2.1 Benchmark Dataset

The benchmark contains 30 open-ended questions across six domains: periodontal diagnosis, peri-
odontal treatment, implants and peri-implantitis, oral-systemic medicine, pharmacology, and pa-
tient communication. Each domain contributes five questions. Question difficulty labels were
assigned as basic (7 questions), intermediate (14 questions), or advanced (9 questions). Each ques-
tion includes a rubric specifying required concepts and prohibited errors. An answer is scored
correct only if it satisfies all required criteria and commits no prohibited error.

The rubrics were authored and reviewed by a periodontist and checked against guideline sources
before the reported run. The validation log records verification against primary or authoritative
sources for the highest-risk factual claims, including periodontal staging and grading, EFP treat-
ment endpoints, diabetes-periodontitis effect sizes, MRONJ drug classes, infective endocarditis
prophylaxis, and anticoagulant management. No patient records, radiographs, or protected health
information were used.

2.2 Models and Execution

We evaluated eight models through the OpenRouter chat-completions API on June 10-11, 2026.
The model roster is shown in Table 1. All candidate-answer calls used temperature 0 and a max-
imum completion budget of 12,000 tokens. Each model answered each question once. The run
therefore produced 240 model-question rows. Latency was measured as wall-clock time for each
candidate-answer request.

2.3 Rubric-Based Judging

The primary judge was Claude Opus 4.8, queried through the same OpenRouter client. The judge
received the clinical question, the question-specific rubric, and the candidate answer, and returned
a structured JSON verdict containing the number of required criteria satisfied, the total number of
required criteria, any prohibited violations, a Boolean correctness verdict, and a brief explanation.
This LLM-as-judge design follows the general direction of scalable model-assisted evaluation [14]
and health-domain rubric evaluation [2], but we treated judge dependence as an empirical quantity
rather than an assumption.

To measure judge dependence, all non-empty stored answers were independently re-scored with
GPT-5.2 and GPT-5.5 as secondary judges. This check was motivated by reported self-recognition



Table 1: Model roster evaluated in the reported run. Model identifiers are the OpenRouter identi-
fiers recorded by the benchmark harness.

Label OpenRouter model identifier Tier

Claude Fable 5 anthropic/claude-fable-5 Flagship
Claude Opus 4.8  anthropic/claude-opus-4.8 Flagship
GPT-5.5 openai/gpt-5.5 Flagship
GPT-5.2 openai/gpt-5.2 Flagship
Gemini 3.1 Pro google/gemini-3.1-pro-preview Flagship
Qwen3.7 Plus gwen/qwen3.7-plus Efficient
Llama 4 Maverick meta-1llama/llama-4-maverick Open-weight
DeepSeek V3.2 deepseek/deepseek-v3.2 Open-weight

and self-preference biases in LLM-based evaluation [15, 16]. Because Claude Fable 5 refused five
questions and produced no answer text for those rows, the paired judge-agreement analyses included
235 answered rows. We report raw verdict agreement and Cohen’s kappa for each secondary judge
pass.

2.4 QOutcomes

The primary outcome was deployment accuracy: the proportion of all 30 questions scored cor-
rect for a model, counting refusals and empty answers as incorrect. We also report answer rate,
accuracy among answered rows, and mean latency. For per-model uncertainty, we computed boot-
strap 95% intervals over questions using 10,000 resamples in src/analysis.py, resetting Python’s
random.Random(42) per model. These intervals reflect the small question set and should not be
interpreted as formal population-level confidence intervals over all possible dental questions.

3 Results

3.1 Overall Accuracy

Across all 240 model-question rows, primary-judge accuracy was 81.7%. Table 2 summarizes per-
model accuracy, answer rate, accuracy on answered rows, and mean latency. GPT-5.2 achieved
the highest deployment accuracy at 96.7% (29/30), followed by Claude Opus 4.8 and GPT-5.5 at
93.3% (28/30), Gemini 3.1 Pro at 90.0% (27/30), Qwen3.7 Plus at 83.3% (25/30), Claude Fable 5
at 80.0% (24/30), DeepSeek V3.2 at 70.0% (21/30), and Llama 4 Maverick at 46.7% (14/30).

Figure 1 shows the same ranking with bootstrap intervals. The top four models have heavily
overlapping intervals, and this study should not be cited as evidence of a statistically resolved
ordering among those frontier systems. The larger separation between the leading cluster and the
open-weight models was more pronounced.

3.2 Domain Patterns

Figure 2 shows accuracy by clinical domain. Pharmacology was the clearest differentiator: Llama
4 Maverick scored 0% in this domain, while GPT-5.2, GPT-5.5, Claude Opus 4.8, Claude Fable
5, and DeepSeek V3.2 performed better. DeepSeek V3.2 was weakest in periodontal diagnosis
and treatment. Qwen3.7 Plus showed strong performance for an efficient-tier model, with 83.3%
deployment accuracy overall.



Table 2: Primary benchmark results. Accuracy counts refusals as incorrect. Confidence intervals
are bootstrap intervals over 30 questions.

Model Accuracy (95% CI) Answer rate Accuracy on answered Mean latency
GPT-5.2 96.7% [90.0, 100] 100% 96.7% 14.8 s
Claude Opus 4.8 93.3% [83.3, 100] 100% 93.3% 12.1 s
GPT-5.5 93.3% [83.3, 100] 100% 93.3% 20.1s
Gemini 3.1 Pro 90.0% [76.7, 100] 100% 90.0% 20.5 s
Qwen3.7 Plus 83.3% [70.0, 96.7] 100% 83.3% 40.8 s
Claude Fable 5 80.0% [66.7, 93.3] 83.3% 96.0% 16.5 s
DeepSeek V3.2 70.0% [53.3, 86.7] 100% 70.0% 34.1s
[ ]

Llama 4 Maverick 46.7% [30.0, 63.3 100% 46.7% 25.7 s

3.3 Clinical Error Analysis

To interpret errors beyond aggregate scores, we performed a post-hoc clinical review of the 44 model-
question rows marked incorrect by the primary judge. This audit did not alter the headline metrics
in Table 2, which remain the stored primary-judge verdicts. Excluding five refusals and five primary-
judge internal-consistency candidates, 34 rows represented clear clinical answer errors. The clear
clinical errors clustered into periodontal treatment endpoints and protocols (10 rows), pharmacology
safety and guideline nuance (8 rows), peri-implant evidence overstatement or planning omissions (7
rows), periodontal diagnostic thresholds (6 rows), and patient-communication omissions (3 rows).
A full row-level audit is included in the repository.

The clearest clinical pattern was not absence of dental terminology. Many failed answers were
fluent and detailed, but missed operational thresholds or overstated evidence beyond supported
endpoints. For example, several models correctly linked keratinized mucosa around implants to
plaque control, inflammation, recession, and brushing comfort, but then overstated the evidence by
implying proven marginal-bone or survival benefit. Similarly, pharmacology failures often concerned
safety-critical details: clindamycin persisted as a prophylaxis alternative despite the 2021 AHA
change, and some answers advised dentists to alter DOAC dosing without consultation for routine
extraction.

The five primary-judge internal-consistency candidates were treated as adjudication flags rather
than post-hoc corrections. Retaining them preserves reproducibility of the stored primary-judge
endpoint, while showing why future versions should include prespecified manual adjudication for
judge-disagreement and logically inconsistent verdicts.

3.4 Refusals and Empty Answers

Claude Fable 5 refused five of 30 questions. The refused topics clustered in oral-systemic evidence
and peri-implant soft-tissue topics: diabetes and periodontitis, pregnancy and periodontal treat-
ment, smoking and periodontitis, periodontitis and Alzheimer’s disease, and supracrestal tissue
attachment around implants. This produced an 83.3% answer rate and an 80.0% deployment accu-
racy, despite 96.0% accuracy among answered questions. Stored per-row provenance shows that the
same refusal behavior reproduced across both Amazon Bedrock and Anthropic first-party serving.
For clinical deployment, this distinction matters: a model that refuses clinically relevant questions
may be safer than one that hallucinates, but it is not equivalent to a system that gives a correct,
calibrated answer.
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Figure 1: Deployment accuracy by model. Error bars show bootstrap 95% intervals over questions.
Refusals are counted as incorrect.

3.5 Judge Agreement

The GPT-5.2 secondary judge agreed with the Claude Opus 4.8 primary judge on 81.7% of paired
answered rows, with Cohen’s k = 0.506. The GPT-5.5 secondary judge agreed on 83.8% of paired
answered rows, with k = 0.524. Both OpenAl judges were stricter than the primary judge overall.
For example, GPT-5.5 scored its own GPT-5.5 answers at 76.7%, whereas the Claude Opus 4.8
primary judge scored the same GPT-5.5 answers at 93.3%. This pattern argues against a simple
same-family favoritism explanation and reinforces that absolute accuracy should be interpreted as
judge-dependent.

4 Discussion

This benchmark suggests that contemporary frontier LLMs can answer many guideline-grounded
dental questions, but it also shows why specialty-specific evaluation remains necessary. The highest-
scoring systems performed well on the small question set, yet their confidence intervals overlap, their
errors occur in clinically meaningful places, and the judge-agreement analysis shows only moderate
inter-judge reliability. Ranking frontier models from a 30-question benchmark would therefore be
overconfident. The more defensible conclusion is that a leading cluster performed substantially
better than weaker open-weight systems on this particular dental task set, while refusal behavior
and domain-specific failure modes changed the deployment interpretation.

Open-ended dental QA differs from multiple-choice dental examinations. Multiple-choice bench-
marks are easier to scale and compare, but they can hide clinically important omissions. In this
benchmark, a candidate answer can be fluent and plausible yet still fail if it omits a required ac-
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Figure 2: Accuracy by model and clinical domain. Each cell contains five questions.

tion threshold, fails to mention irreversibility of established bone loss in patient communication,
or presents a jurisdiction-specific prophylaxis guideline as universal. The rubric-based design is
intended to expose those omissions.

At the same time, the method remains preliminary. The question set is small, the rubrics were
reviewed by one periodontist, only one candidate-answer trial was used, and LLM-as-judge scoring
is not a substitute for independent human adjudication. The secondary-judge passes and internal-
consistency audit quantify this problem rather than solve it. Future versions should expand the
dataset, include multiple calibrated dental experts, use repeated trials, prespecify manual adjudica-
tion for judge-disagreement and internally inconsistent rows, and separate knowledge recall, clinical
reasoning, patient communication, and potential-harm scoring.

5 Limitations

First, the benchmark contains only 30 questions, with five per domain. The bootstrap intervals
are consequently wide, and small accuracy differences should be treated as noise. Second, the final
eight-model run used a single trial at temperature 0. Earlier five-model end-to-end runs showed at
most a one-question per-model shift, but full eight-model run-to-run stability was not measured.
Third, the primary ground truth is a single-clinician, guideline-checked rubric set rather than a
multi-expert consensus panel. Fourth, all primary verdicts rely on an LLM judge, secondary judges
showed only moderate agreement with the primary judge, and the post-hoc audit identified five
internally inconsistent primary-judge verdicts. Fifth, the results reflect model availability, model



versions, and OpenRouter routing on June 10-11, 2026. Model identifiers and behavior may drift.
Finally, the benchmark evaluates text answers to simulated questions; it does not validate clinical
deployment, patient outcomes, chairside decision support, or regulatory safety.

6 Data and Code Availability

The benchmark code, dataset, raw JSONL results, transcripts, judge verdicts, plotting scripts, and
reproducible analysis script are available at:

https://github.com/Tuminha/llm-evaluation-for-dentistry

The repository commit containing the reported 240-row primary results file, both 235-row secondary
judge files, and src/analysis.py is:

416104585625b211732bd7355636£da8d625075%

A post-hoc row-level clinical error audit is provided in results/clinical_error_analysis.md.

7 Ethics Statement

This study used clinician-authored benchmark questions and guideline-derived rubrics. It did not
use patient records, radiographs, clinical images, or protected health information. The results
should not be interpreted as validating any model for autonomous diagnosis, prescribing, treatment
planning, or patient-specific clinical decision-making.
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