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Abstract
Background

Large language models (LLMs) are increasingly evaluated for oncology decision support, but open-
ended treatment planning poses a measurement problem: a clinically defensible recommendation may
differ from a historical plan, and different automated metrics may reward different properties of the
same output. Retrieval-augmented generation (RAG) may improve evidence grounding, but its
contribution cannot be inferred without controlled ablation. We evaluated how four archived RAG-
enabled LLM configurations agreed with clinician treatment plans for oral squamous cell carcinoma
(OSCC) and whether apparent model ranking depended on the evaluation method.

Methods

This single-center retrospective evaluation used the same 100-case OSCC study set for four archived
configurations (Claude, DeepSeek-R1, Doubao, and Qwen). Generated treatment plans were compared
with archived clinician plans using a DeepSeek-based LLM-judge score, m3e-base embedding cosine
similarity, ROUGE-1 recall, and an archived blinded five-physician rating protocol. Cohort descriptors were
audited from the de-identified case register. Because complete case-level metric arrays and the case-by-
rater matrix were not retained, model comparisons were summarized descriptively and no unsupported
paired inference was reconstructed.

Results

The cohort had a mean age of 59.5 years (SD 13.6); 65% of cases were male and 69% were source-
coded NO. Model ordering differed by automated metric: Qwen had the highest mean LLM-judge score
(0.809; DeepSeek-R1, 0.807), Doubao had the highest mean embedding similarity (0.8489), and Claude
had the highest mean ROUGE-1 recall (0.2729). No configuration was uniformly best. The archived
clinician-rating summary showed a different descriptive pattern, but formal inter-rater reliability and
paired model comparisons could not be recomputed from the available archive.

Conclusions

In this retrospective OSCC treatment-planning evaluation, apparent model performance was inseparable
from the reference standard and evaluation method. The findings support feasibility of the combined
RAG-enabled workflow and demonstrate the limitations of selecting a clinical LLM from a single
aggregate metric; they do not establish clinical equivalence, autonomous safety, patient benefit, or a
causal advantage of RAG. Future validation should use time-aligned evidence, locked system

Page 2/21



configurations, independent clinical adjudication, paired case-level analyses, severity-weighted safety
assessment, controlled RAG ablation, and clinician-in-the-loop prospective evaluation.

Background

Treatment planning for oral squamous cell carcinoma (OSCC) is a multidisciplinary decision problem
rather than a single-label classification task. Management depends on primary-site anatomy, T and N
category, resectability, surgical margins, extranodal extension, perineural and lymphovascular invasion,
prior treatment, comorbidity, functional consequences, and patient preferences [1-5]. Even within
guideline-concordant care, more than one defensible pathway may exist, particularly for management of
the clinically negative neck and for postoperative radiotherapy or chemoradiotherapy. Consequently, an
archived treatment plan is clinically meaningful as a record of care delivered at a particular time, but it is
not necessarily a unique or error-free gold standard for evaluating an open-ended decision-support
system.

Clinical LLM research is rapidly moving beyond examination-style benchmarks toward real patient cases,
multidisciplinary decisions, and clinician-facing workflows. Recent oncology studies have shown that
agreement with expert care varies by treatment domain, disease context, and the completeness of
clinical information rather than remaining stable across tasks [16-20, 25-27]. In a 2026 breast-cancer
study using 286 real multidisciplinary tumor-board cases, agreement was substantially lower for
individualized surgical decisions than for several systemic-therapy decisions [26]. A subsequent real-
world lung-cancer MDT evaluation showed that information completeness and input representation
materially altered performance [27]. These observations are directly relevant to OSCC, where small
differences in staging details, pathological risk factors, or treatment history can change the
recommended sequence or intensity of therapy.

RAG provides one mechanism for constraining generation with external evidence [7]. Across biomedical
studies, RAG has often improved average performance relative to unaugmented LLMs, but the
magnitude and direction of benefit depend on the corpus, retrieval strategy, and evaluation design [8, 12,
14,20-22]. A 2026 clinical RAG study further showed that structured corpora and hybrid retrieval can
improve performance, whereas poorly organized retrieval may introduce context noise [29]. Evaluation
creates a second source of uncertainty. Lexical-overlap, embedding-based, and LLM-as-a-judge
approaches measure different properties of free-text outputs, and recent healthcare studies show that
they can disagree with domain experts or with one another [10, 23, 24, 31, 32]. Thus, high semantic
similarity does not guarantee that a safety-critical treatment decision is correct, while low lexical overlap
may simply reflect an acceptable paraphrase or alternative formulation.

The wider field is therefore shifting from asking whether an LLM can generate a plausible answer to
asking whether its output is reproducible, clinically acceptable, safe, useful to clinicians, and robust in
real workflows. This progression is visible in safety-threshold studies [28], clinician-augmentation
experiments [6, 33], and prospective shadow evaluations [34]. Against that background, the present
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study evaluates four archived RAG-enabled LLM configurations on the same 100-case OSCC dataset.
The primary objective is to characterize agreement with archived clinician treatment plans across
complementary automated and physician-rating measures and to determine whether the apparent
ordering of models changes with the evaluation lens. The study is deliberately framed as an evaluation
of a combined, archived decision-support workflow; it does not attempt to prove a causal RAG effect,
clinical equivalence, autonomous deployment readiness, or superiority of a single model family.

Methods
Study design, setting, and evaluation scope

This was a single-center retrospective clinical-technical evaluation of an existing 100-case OSCC study
archive assembled at the Department of Stomatology, The First Affiliated Hospital, Zhejiang University
School of Medicine, between 2020 and 2025. The unit of analysis was the clinical case. Four archived
RAG-enabled LLM configurations were evaluated on the same case set, and case membership was not
altered according to model performance. The present analysis audited the source cohort descriptors and
interpreted the retained model-evaluation outputs without reconstructing unavailable case-level
inference data.

The original study protocol required a recorded pathological diagnosis of OSCC, sufficient clinical and
pathological information for treatment planning, and an archived clinician treatment plan. Study files
used de-identified case identifiers rather than direct personal identifiers. The study was approved by the
Ethics Committee of Zhejiang University School of Medicine (Approval No. 1396), which waived informed
consent because of the retrospective design and use of de-identified data.

Study cohort and source-data audit

Age, sex, T category, N category, overall stage, recorded primary site, and histological differentiation were
audited from the de-identified case register for descriptive characterization. Categories were reported as
recorded in the source data; no retrospective restaging or forced anatomical reclassification was
performed. Four records carried source-coded Tis/TO or stage 0 entries and six carried a source-site
label of tongue base. Because complete source pathology and staging-adjudication materials were not
available for the present reanalysis, these records were retained as originally coded rather than
reclassified after inspection of model results. Completeness of the descriptor fields used in Table 1 was
assessed directly from the register.

Knowledge base construction and retrieval workflow

A curated knowledge base supported retrieval during treatment-plan generation. The source inventory in
Additional file 1 contains 35 items: six guideline or guidance documents, one monograph, and 28
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representative peer-reviewed papers relevant to head-and-neck or oral oncology. Retrieved material was
used as contextual evidence for generation and was not treated as an autonomous clinical authority.

The documented retrieval pipeline included document normalization, segmentation, semantic retrieval,
keyword-oriented retrieval, and result fusion before generation. Several replication-critical settings were
not retained in the available archive, including immutable model or API build identifiers for every
endpoint, exact chunk size and overlap, retrieval top-k, reranking configuration, complete prompt
templates, random seeds, and the full set of generation parameters. These values were not
reconstructed retrospectively. The clinical records span 2020-2025, whereas the knowledge-base
inventory includes sources published through 2025; therefore, evidence available to the agent was not
demonstrably time-matched to each historical clinician decision.

The source case register was Chinese-language, whereas the manuscript and displayed outputs are
English. A complete case-level audit trail documenting translation, prompt language, retrieval language,
and output language was not retained for every run. A translation-sensitivity analysis could therefore not
be reproduced from the archive, and this limitation was considered when interpreting automated and
physician-based evaluation.

LLM configurations and generation workflow

Model configurations

Four archived model labels were evaluated: Qwen-10B, Doubao-XL, DeepSeek-R1, and Claude-3.
DeepSeek-R1 is a general-purpose reasoning model rather than an oncology-specific model [9]. Because
immutable endpoint/build identifiers and complete model cards were not retained for all configurations,
the comparison applies to the archived study configurations and should not be generalized to current or
future versions of the corresponding model families.

Retrieval-augmented and structured generation

RAG and structured rationale prompting were used together. For each case, the retrieval stage surfaced
context from the curated knowledge base and supplied it to the selected LLM, which generated a
clinically organized rationale and treatment plan. No matched no-RAG or no-structured-rationale outputs
were retained. The study therefore evaluates the combined workflow and cannot estimate the
incremental contribution of retrieval or structured prompting as separate components.

The system accepted structured and narrative case information, retrieved related passages, and
generated a treatment-planning response conditioned on that context. Explanatory text was treated as
observable output rather than as a faithful representation of latent internal reasoning. Evidence
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presentation was intended to improve traceability; clinical validity was determined by the evaluation
procedures rather than by the presence of an explanation alone.

System architecture

The documented architecture used FastGPT, a web front end, a Python/FastAPI backend, MongoDB
storage, Milvus vector search, PostgreSQL support, and an embedding component recorded as "text-
embedding-3" (Fig. 1). Exact software versions and the complete deployment configuration were not
retained. Figure 1 therefore documents the functional architecture of the archived system rather than a
fully reproducible software specification.

The offline evaluation sequence comprised case input, evidence retrieval, response generation, and
evidence presentation. Prototype web interfaces were used during development, but this retrospective
study did not evaluate real-time deployment, workflow efficiency, regulatory compliance, treatment
changes, or patient outcomes.

Reference standard and retrospective evaluation design

All four archived configurations were evaluated on the same 100 cases. For each case, the generated
treatment plan was compared with the archived clinician plan. The clinician plan was prespecified as a
pragmatic retrospective comparator rather than an error-free gold standard because OSCC management
can permit more than one guideline-consistent pathway depending on pathological risk factors, neck-
management strategy, prior therapy, comorbidity, functional trade-offs, and patient preference [3-
5,13,18]. Accordingly, concordance is interpreted as agreement with documented care, not proof of
absolute clinical correctness.

Expert clinical evaluation

The archived protocol specified blinded review by five attending physicians with more than 10 years of
head-and-neck oncology experience. Reviewers were blinded to model identity and rated each
recommendation on five 5-point Likert dimensions: diagnosis accuracy, guideline adherence, safety
awareness, logical organization, and clinical utility. The five items were summed to a 5-25 composite
score. Because all source records were already labeled as OSCC, the historical "diagnosis accuracy" item
is reported as part of the archived rubric and is not interpreted as an independent diagnostic-validation
endpoint. The most favorable Likert category is likewise treated as an ordinal rating rather than a
validated deployment threshold. The complete case-by-rater matrix was not retained; therefore, clinician
ratings are descriptive and formal intraclass correlation coefficient (ICC), kappa, rater-level confidence
intervals, and test-retest reliability were not reconstructed.
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Statistical analysis

Analyses were descriptive. Cohort characteristics were summarized as counts and percentages, with
age additionally reported as mean, standard deviation (SD), median, and range. Agreement between
generated and archived clinician plans was summarized using three retained automated measures: a
DeepSeek-based LLM-judge score (0—1), m3e-base embedding cosine similarity, and ROUGE-1 recall
[11]. These metrics capture different properties of generated text and were not treated as
interchangeable clinical endpoints. The DeepSeek-based judge was not considered independent
adjudication because a DeepSeek-R1 configuration was also among the candidate models, and
contemporary evidence indicates that LLM-judge behavior can vary by model, criterion, language, and
evaluator population [10,32]. Complete case-level metric arrays were not retained, precluding
reproducible paired inferential analysis. Because all models had originally been evaluated on the same
cases, any confirmatory reanalysis would need to preserve within-case pairing and report effect sizes
and confidence intervals with prespecified control of multiple comparisons.

Results

Cohort characteristics

The evaluation set comprised 100 cases. Mean age was 59.5 years (SD 13.6), median age was 61 years
(range 29-89), and 65 cases were male. Source-coded NO disease was recorded in 69 cases. Overall
stage was recorded as stage 0 in 4 cases, stage | in 23, stage Il in 36, stage lll in 21, stage IVA in 14, and
stage IVB in 2. The most frequent recorded primary-site categories were oral tongue (43%),
gingiva/alveolus (20%), and buccal mucosa (13%). No values were missing for the audited descriptor
fields shown in Table 1. T category, N category, stage, and primary-site labels are reproduced as recorded
in the source register without post-hoc restaging or anatomical reclassification.

Table 1. Characteristics of the 100-case evaluation set.
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Characteristic

Number of cases

Age, mean (SD), years
Age, median (range), years
Sex, male / female

T category: Tis/T0O/T1/T2/7T3
/ T4a

N category: NO / N1/ N2b / N2c
/ N3b

Stage:0/1/11/11/IVA/IVB

Recorded primary site: oral
tongue

Recorded primary site:
gingiva/alveolus

Recorded primary site: buccal
mucosa

Recorded primary site: tongue
base

Recorded primary site: lip

Recorded primary site: floor of
mouth

Recorded primary site: palate

Recorded primary site: mixed
labels

Histological differentiation

Missingness in audited
descriptor fields

Value

100

59.5 (13.6)

61 (29-89)

65/35
3/1/24/47/15/10

69/25/3/1/2

4/23/36/21/14/2
43 (43%)

20 (20%)
13 (13%)
6 (6%)

6 (6%)
4 (4%)

2 (2%)

6 (6%)

Well-moderate 33; moderate 25; well 20; NOS SCC 9; moderate-
poor 8; poor 3; other 2

0%

Note: Categories are reproduced from the audited source register without post-hoc restaging or forced

anatomical reclassification.

Automated agreement metrics

The apparent ordering of models depended on the automated metric. Qwen had the highest mean
DeepSeek-based judge score (0.809), narrowly above DeepSeek-R1 (0.807). Doubao had the highest
mean m3e-base cosine similarity (0.8489), whereas Claude had the highest mean ROUGE-1 recall
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(0.2729). Table 2 summarizes the retained aggregate results. Because the complete case-level score
arrays were unavailable, no paired inferential comparison was reconstructed; the numerical differences
are therefore descriptive and do not establish statistical or clinical superiority.

Table 2. Descriptive performance metrics across four archived model configurations.

Model LLM-judge score, mean = ma3e-base cosine similarity, ROUGE-1 recall, mean
(SD) mean (SD) (SD)

Claude 0.745 (0.147) 0.8459 (0.0239) 0.2729 (0.4067)

g1eep8eek- 0.807 (0.151) 0.8482 (0.0263) 0.1445 (0.2430)

Doubao-XL 0.795 (0.163) 0.8489 (0.0255) 0.1404 (0.2215)

Qwen-10B 0.809 (0.126) 0.8487 (0.0264) 0.1444 (0.2543)

Note: The LLM-judge score was generated by the DeepSeek-based evaluator. Values are reproduced
from archived result summaries; no new inferential testing was reconstructed from aggregate statistics.

Model-specific distributions

The model-specific distributions (Figs. 2—5) reinforce the aggregate finding that different evaluation
lenses favor different configurations. Claude showed the highest lexical overlap with archived clinician
plans but also wide dispersion in ROUGE-1 recall. DeepSeek-R1 had a high DeepSeek-based LLM-judge
score, but that score is not independent because a DeepSeek-family model also served as the evaluator.
Doubao-XL had the numerically highest mean m3e-base cosine similarity, whereas Qwen-10B had the
numerically highest mean DeepSeek-based LLM-judge score. The separations were descriptive and
cannot be interpreted as statistical or clinical superiority because the paired case-level arrays required
for confirmatory comparison were not retained.

Multidimensional clinician evaluation

The archived clinician-review summary showed higher descriptive multidimensional ratings for
DeepSeek-R1 and Claude than for Qwen and Doubao (Fig. 6), producing a different ordering from the
three automated metrics. These ratings are exploratory because the complete case-by-rater matrix
required for formal reliability analysis, paired model comparisons, and prespecified safety-threshold
testing was not retained. No claim of statistical superiority or readiness for clinical use is therefore
based on the clinician-rating summary.

The reviewer-level panel showed a visually similar ordering across the five physicians; however, visual
parallelism is not evidence of inter-rater reliability. A formal assessment would require the original rating
matrix and a prespecified ICC or kappa model with confidence intervals [15].
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Discussion

The central finding is not that one archived LLM was best, but that the conclusion about which model
appeared best changed with the evaluation method. Qwen ranked highest on the DeepSeek-based judge,
Doubao on embedding similarity, and Claude on lexical overlap, while the physician-rating summary
showed another descriptive pattern. In an open-ended treatment-planning task, this is a substantive
clinical-informatics result rather than a minor measurement artifact. Recent real-world oncology studies
likewise show that LLM performance varies across treatment domains, information states, and clinical
contexts [25-27]. Our findings add a complementary point: even when the cases and generated outputs
are fixed, model ordering can change because the evaluator and metric emphasize different properties
of the response.

The reference standard is the first determinant of that interpretation. A historical clinician plan
documents a decision made for a particular patient under the evidence, institutional practice, and
preferences available at that time; it is not necessarily the only guideline-consistent option. Prior
oncology work has therefore distinguished exact concordance from independently adjudicated
acceptable alternatives [18, 25]. This distinction is especially important in OSCC, where neck
management, postoperative radiotherapy or chemoradiotherapy, treatment sequencing, comorbidity,
functional trade-offs, and patient preferences may support more than one defensible pathway [3-5, 13].
The temporal asymmetry in our archive adds another layer: the knowledge base includes sources
through 2025, whereas the cases span 2020-2025. A recommendation for an earlier case may therefore
be informed by evidence that post-dated the original clinician plan. Discordance should consequently
trigger clinical adjudication and error characterization rather than being labeled automatically as model
failure or clinician error.

The second determinant is the evaluation instrument itself. ROUGE-1 rewards lexical overlap and can
penalize meaning-preserving paraphrases, whereas embedding similarity is more tolerant of wording
differences but can remain high despite a clinically decisive change in management. Recent clinical-text
studies and the S.C.0.R.E. framework have shown that lexical and semantic metrics do not consistently
represent safety, context, reproducibility, or expert-perceived clinical quality [23, 24]. Large multicenter
physician evaluations further demonstrate that human ratings vary with specialty, experience, and
practice environment, and that Al evaluators cannot fully substitute for physician-centered assessment
[32]. The DeepSeek-based judge in our study is additionally non-independent because a DeepSeek-family
model was one of the candidates. Together, these findings argue against treating any single automated
score as a deployment endpoint. For OSCC, evaluation should explicitly weight decision-critical content
such as resectability, neck management, margin and extranodal-extension implications, indications for
postoperative radiotherapy or chemoradiotherapy, contraindications, treatment sequencing, and
potentially harmful recommendations.

RAG should be interpreted with the same discipline. Controlled biomedical and oncology studies support
the potential of retrieval or context augmentation to improve evidence grounding [8, 20—22], but current
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informatics research shows that benefit depends on corpus quality, retrieval strategy, and pipeline design
[29]. Because the available archive contains only the combined RAG-plus-structured-generation workflow,
the present results cannot identify whether retrieval, prompting, or the underlying model caused the
observed agreement. The defensible conclusion is therefore feasibility of the archived workflow under its
recorded configuration. A confirmatory experiment would need a versioned and time-aligned knowledge
base, locked model builds and prompts, preserved retrieval traces, matched no-RAG and alternative-
retrieval conditions, and case-level paired analysis before assigning a causal effect to RAG.

These methodological constraints also define the appropriate translational position of the system. The
field is progressing from standalone model benchmarking toward evaluations of human-Al collaboration
and real clinical workflow. A randomized trial showed that LLM assistance can improve physician
performance on open-ended management tasks, although the effect was assessed in a simulated
setting [6]. More recent work has evaluated clinician augmentation across experience levels [33] and
used prospective shadow testing in emergency neurology [34]. In parallel, a 2026 BMC safety study
evaluated predefined operating thresholds and found that performance sufficient for clinician-reviewed
screening did not imply readiness for autonomous operation [28]. Our study sits earlier on this validation
pathway: it evaluates archived model outputs against historical clinical decisions and expert ratings but
does not test whether clinicians make better, safer, faster, or more guideline-complete decisions when
using the system. The next clinically meaningful endpoint is therefore not higher text similarity; it is
measurable improvement in clinician decision-making under supervised use.

Several limitations constrain the conclusions. The study was retrospective, single-center, and limited to
100 records without an external clinical cohort. The clinician plan was a pragmatic comparator rather
than an adjudicated multi-expert gold standard, and retrospective summaries may not contain every
pathological or preference-sensitive factor that influenced care. Four records carried source-coded
Tis/TO or stage 0 entries and six were labeled tongue base; they were retained because complete source
adjudication materials were unavailable. The knowledge base was not demonstrably time-matched to
each case. Several replication-critical model, retrieval, prompting, generation, and language-handling
parameters were not retained. Complete case-level automated scores and the physician rating matrix
were unavailable, preventing paired inference, independent-judge sensitivity analysis, and formal inter-
rater reliability assessment. No controlled no-RAG or no-structured-generation ablation was available,
and the evaluation was text-based rather than multimodal. Finally, the study did not assess prospective
safety, severity-weighted clinical errors, workflow integration, treatment consequences, patient
outcomes, or net clinical benefit.

Taken together, the study supports a staged validation framework that separates four questions:
whether retrieval returns the right and time-appropriate evidence; whether generation produces a
guideline-acceptable and safe plan; whether automated and human evaluators agree on clinically
important errors; and whether use of the system improves clinician decisions or patient care. The
present analysis addresses the second and third questions only indirectly through concordance and
descriptive expert ratings. Its contribution is therefore methodological as much as technological: within
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an archived RAG-enabled OSCC workflow, the reference standard, evaluator, and metric materially shape
the apparent model conclusion. This finding aligns with the current direction of medical informatics
toward multidimensional, clinically grounded, reproducible, and safety-aware evaluation before
prospective deployment [23, 28, 30, 32-34].

Conclusions

In this single-center retrospective evaluation of 100 OSCC cases, four archived RAG-enabled LLM
configurations showed metric-dependent agreement with clinician treatment plans, and no configuration
was uniformly favored across automated and physician-rating measures. The divergence among LLM-
judge, embedding-similarity, lexical-overlap, and exploratory clinician-rating signals demonstrates that
model assessment in open-ended clinical decision support depends on both the reference standard and
the evaluation method. The current evidence supports feasibility of the combined workflow but does not
establish clinical equivalence, autonomous safety, patient benefit, or a causal advantage of RAG.
Prospective multicenter validation should use time-aligned evidence retrieval, locked and reproducible
system configurations, independent specialist adjudication, paired case-level statistics, formal rater-
reliability assessment, severity-weighted safety analysis, controlled RAG ablation, and clinician-in-the-
loop utility endpoints before clinical translation.
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Functional architecture of the archived RAG-enabled OSCC treatment-planning system.
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Archived automated evaluation results for the Claude configuration. (A) DeepSeek-based LLM-judge
score. (B) m3e-base embedding cosine similarity. (C) ROUGE-1 recall. The automated judge is not an
independent clinical adjudicator.
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Archived automated evaluation results for the DeepSeek-R1 configuration. (A) DeepSeek-based LLM-
judge score. (B) m3e-base embedding cosine similarity. (C) ROUGE-1 recall. The judge is potentially
model-dependent because a DeepSeek-family model was also evaluated as a candidate.
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Archived automated evaluation results for the Doubao-XL configuration. (A) DeepSeek-based LLM-judge
score. (B) m3e-base embedding cosine similarity. (C) ROUGE-1 recall.
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Archived automated evaluation results for the Qwen-10B configuration. (A) DeepSeek-based LLM-judge
score. (B) m3e-base embedding cosine similarity. (C) ROUGE-1 recall.
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Figure 6

Exploratory clinician-rating summary for the four archived configurations. (A) Mean multidimensional
rating profile. (B) Distribution of the historical diagnosis-accuracy Likert item. (C) Distribution of summed
five-dimension scores. (D) Mean ratings by reviewer with error bars as displayed in the archived figure.
Because the case-by-rater matrix was not retained, the figure is interpreted descriptively and does not
establish inter-rater reliability or statistically significant model differences.
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