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Abstract

Large language models (LLMs) hold promises for supporting rare-tumor multidisciplinary care but remain prone to hallucination and lack interpretable
evidence anchors in specialty domains. We constructed a soft tissue sarcoma (STS) knowledge graph (KG) from 9,594 curated PubMed abstracts,
comprising 14,333 nodes across 16 entity types and 23,022 edges across 21 relation types, and integrated it as a retrieval-anchoring layer within a guideline-
grounded retrieval-augmented generation (RAG) pipeline. Across 20 blinded clinical scenarios spanning five task categories, three sarcoma surgeons
independently rated three architectures: Zero-shot LLM (no retrieval), Guideline-only RAG (guideline retrieval), and Hybrid KG-RAG (Guideline-only RAG
augmented with a KG-anchoring layer), all using Llama 3 70B Instruct as the generator on accuracy, safety, Miller's Pyramid clinical competence, intent
capture, and helpfulness (Likert 1-5). Hybrid KG-RAG achieved the highest median composite score (23.83 vs. 21.50 vs. 12.50 out of 25; Friedman x2(2) =
22.13, p<0.001; Kendall's W = 0.55) and was top-ranked on 15 of 20 questions. It significantly outperformed Zero-shot LLM on all five dimensions after
Bonferroni correction (paired effect size r = 0.57-0.81). KG anchoring improved literature retrieval precision (mean reciprocal rank 0.774 — 0.929) and
answer faithfulness (SummaCConv A =+0.216, p< 0.001, d_z = 1.18). Three distinct failure modes are identified, delineating the current scope and
limitations of KG-anchored retrieval. Specialty-specific KGs offer a viable, interpretable anchoring layer for rare-disease clinical decision support.

Introduction

Soft tissue sarcomas (STS) comprise more than 70 histological subtypes with markedly distinct biological behavior, prognostic implications, and treatment
requirements. Despite their rarity, STS remain a substantial disease burden. The Global Burden of Disease 2021 estimated 96,201 incident cases and 50,203
deaths worldwide for soft tissue and extraosseous sarcomas, while SEER (Surveillance, Epidemiology, and End Results; https://seer.cancer.gov/statistics-
network/explorer/application.html) population-based five-year relative survival was 83% for localized disease, 60% for regional disease, and only 17% once
disease had metastasized[1-6]. Optimal management of STS requires integrating evidence-based guidelines, including those from European Society for
Medical Oncology (ESMO)[7], National Comprehensive Cancer Network (NCCN)[8], and the German Guideline Program in Oncology (GGPO)[9], with up-to-date
primary literature, subtype-specific molecular and pathological information, and individualized clinical contexts. This information landscape is too
heterogeneous for any single specialist to track exhaustively. The multidisciplinary approach has become the standard of care for STS[7, 10-12], and the
multidisciplinary team (MDT) meetings depend on the rapid synthesis of disparate evidence sources, often within the limited timeframe of a tumor board
meeting. Thus, tools that can reliably and transparently integrate guidelines, literature, and structured biomedical knowledge into a clinically actionable form
would therefore address an unmet need in rare-tumor care.

Large language models (LLMs) have demonstrated substantial potential for synthesizing medical knowledge and supporting clinical reasoning. Recent
benchmarks such as MultiMedQA show near-expert performance on standardized medical question-answering (QA) tasks[13]. However, several limitations
constrain their direct deployments in supporting the decision-making for rare tumors. General-purpose LLMs sometimes are prone to confident but factually
incorrect outputs, particularly on specialty topics with sparse representation in general training corpora[14, 15]. Retrieval-augmented generation (RAG)
conditions LLM outputs on retrieved evidence and has been proposed as partial mitigation, showing measurable benefits on common medical conditions
and in the STS settings [16—18]. Yet in rare-tumor contexts, generic RAG pipelines may surface tangentially relevant literature, fail to enforce subtype-specific
distinctions, or struggle to integrate the heterogeneous source types that drive real MDT decisions. Equally important, the evidence trail underlying a
generated answer is rarely fully interpretable, limiting clinical trust and downstream auditability in safety-sensitive oncology contexts[19, 20].

Domain-specific knowledge graphs (KGs) offer a complementary representation in which clinical entities and their relationships are structured for explicit
traversal, filtering, and querying[21, 22]. Recent work has explored integrating KGs with LLMs either as retrieval substrates or symbolic-reasoning layers[23—
25]. Most published medical KG—LLM systems, however, have been built on broad biomedical ontologies, including Unified Medical Language System
(UMLS)[26] or pan-oncologic databases, with evaluation focused on technical retrieval metrics or generic medical-QA benchmarks. Whether a disease-
specific KG, integrated as a precision-oriented retrieval-anchoring layer and evaluated under blinded expert review using clinically meaningful criteria, adds
value beyond these generic approaches remains an open question in rare-tumor settings such as STS.

In this study, we constructed an STS-specific KG from 9,594 curated PubMed abstracts (2003-2024), comprising 14,333 nodes and 23,022 relations. The KG
was integrated as a retrieval-anchoring and evidence-routing layer within a guideline-grounded hybrid RAG pipeline using the GGPO S3 guidelines for STS. We
compared three architectures sharing a Llama 3 70B Instruct generator: a Zero-shot LLM baseline without retrieval, a Guideline-only RAG condition with
retrieval restricted to guideline text, and the Hybrid KG-RAG in which Guideline-only RAG is augmented by a KG-anchored retrieval layer. To test whether KG
anchoring contributes meaningful clinical value beyond Guideline-only retrieval, we applied a three-tier evaluation strategy across 20 expert-designed clinical
scenarios: (i) KG-ablation of literature-ranking precision; (ii) automated answer-context consistency scoring; and (iii) blinded assessment by three
independent sarcoma surgeons across five dimensions (accuracy, safety, clinical competence, intent capture, and helpfulness). The Hybrid KG-RAG
outperformed both Zero-shot LLM and Guideline-only RAG under expert review, with complementary gains in literature retrieval ranking and answer
faithfulness. Our findings highlight that specialty-specific KG anchoring translates interpretability and grounding benefits into expert-judged clinical utility,
while also revealing distinct failure modes that delineate the current scope of KG-anchored retrieval for rare-tumor decision support.

Results

KG overview

The constructed STS KG comprised 16 node types containing 14,333 nodes in total (Fig. S1a) and 21 relation types encompassing 23,022 edges (Fig. S1b),
with provenance to 9,485 source PMIDs at the node level and 5,611 at the edge level. Among the 20 most frequently mentioned nodes (Fig. S1c), histological
subtypes accounted for 14 entries and covered the principal recognized STS entities, with the remainder comprising treatment and biomarkers.
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The 20 highest-degree nodes (Fig. S1d) clustered along the four dimensions that structure most clinical sarcoma decisions: treatment modalities,
histological subtypes, biomarkers, and the principal primary and metastatic anatomical locations of STS. The concentration of cross-concept connectivity
along precisely these axes indicates that the graph's most densely linked information layer is aligned with the dimensions that drive multidisciplinary
sarcoma care. Relation-layer composition (typed and untyped relations) is summarized in Supplementary Note S1.

KG retrieval evaluation

To evaluate whether the KG component was able to surface question-relevant literature more effectively than retrieval without KG support, we compared the
full Hybrid KG-RAG pipeline against an ablation in which KG retrieval was disabled. Of the 20 evaluated questions, 14 (70%) were eligible for KG anchoring
analysis because they contained at least one KG-supported PMID target. Within this evaluable subset, KG anchoring increased the proportion of questions
for which the top-ranked retrieved abstract was a relevant reference from 64.3% to 92.9%, and mean reciprocal rank improved from 0.774 to 0.929.
Improvements were observed across all early-rank retrieval metrics but did not reach conventional statistical significance under the small evaluable sample
(paired permutation p = 0.125; exact McNemar p = 0.125 for hit@1). No corresponding differences were observed at deeper ranks (k = 3, 5, 10), indicating that
KG anchoring specifically promoted question-relevant references to the top of the ranked list rather than altering deeper-list recall. Full retrieval metrics,
bootstrap intervals, and secondary diagnostics are reported in Supplementary Note S2.

Answer grounding evaluation

We next examined whether the retrieval changes were accompanied by stronger context-grounded generation under the fixed downstream model. Across the
20 questions, Hybrid KG-RAG achieved a higher SummaCConv (sentence-level grounding to the retrieved context, significantly improved) [27] than Guideline-
only RAG (0.474 vs. 0.259; paired mean difference = 0.216; effect size d_z =1.18; p < 0.001). A similar trend was observed on the secondary metric
(AlignScore[28]: 0.431 vs. 0.340), though this difference was smaller and did not reach significance (p = 0.201). These findings indicate that KG-enhanced
retrieval changes were accompanied by stronger context-grounded answer support under the fixed downstream generation model.

Expert evaluation: reliability and consensus

The three sarcoma surgeons independently scored 300 scoring units blindly (20 clinical queries x 3 response variants x 5 evaluation dimensions). Pre-
adjudication reliability was uniformly high across all five evaluation dimensions, with point estimates of 0.980 for Accuracy, 0.984 for Safety, 0.937 for Miller's
Pyramid clinical competence, 0.941 for Intent capture, and 0.951 for Helpfulness (Fig. S2). After consensus adjudication, ICC estimates increased to 0.994,
0.993, 0.959, 0.951, and 0.968, respectively (Supplementary Table S1). All subsequent analyses used the post-adjudication consensus score (mean across
the three raters) as the unit of analysis.

Clinical performance across evaluation dimensions

Under blinded expert evaluation, the three architectures produced markedly different multidimensional performance profiles (Fig. 1). Hybrid KG-RAG achieved
the highest median consensus score on every evaluated dimension, with Zero-shot LLM consistently lowest and Guideline-only RAG intermediate. Per-
dimension medians, interquartile ranges, and pairwise comparisons are reported in Supplementary Table S2.

To synthesize multidimensional performance into a single utility measure, we summed the five Likert-scale scores within each scoring unit to yield a
composite expert score with a theoretical range 5 to 25. Composite scores demonstrated substantial differences across conditions: Zero-shot LLM, 12.50
(IQR, 5.33-20.33); Guideline-only RAG, 21.50 (IQR, 19.92-22.58); and Hybrid KG-RAG, 23.83 (IQR, 21.83-24.42).

Examination of the score distribution provided a complementary view of clinical utility. Across the five dimensions, the proportion of responses receiving the
highest score on the Likert scale of 5 rose progressively from the Zero-shot LLM (0-33%) to Guideline-only RAG (15-77%) and to Hybrid KG-RAG (47-87%),
with the largest gains in the more demanding dimensions of clinical competence, intent capture and helpfulness (Fig. 1¢). Pooling all five dimensions
confirmed this monotonic trend (Fig. 1d), with top scores increasing from 14% to 43% to 67% across the three systems. Conversely, the proportion of
clinically unacceptable responses (score 1) declined from 37-45% for Zero-shot LLM to 12-18% for Guideline-only RAG and to 0—10% under Hybrid KG-RAG.

Figure 1 Multidimensional expert evaluation of the three architectures across five clinical dimensions. (a) Median expert consensus score on accuracy,
safety, clinical competence, intent capture, and helpfulness for Zero-shot LLM (gray), Guideline-only RAG (blue), and Hybrid KG-RAG (orange). Bars show the
median and error bars the interquartile range. Brackets denote Bonferroni-corrected Wilcoxon signed-rank P values within each dimension (*P < 0.05; **P <
0.01; ***P < 0.001). (b) Radar plot of the same per-dimension medians, illustrating the multidimensional performance profile of each architecture. (c)
Distribution of individual Likert-scale ratings stratified by evaluation dimension for each architecture (each bar combines 20 questions x 3 raters; n = 60 per
architecture per dimension). (d) Same data pooled across the five dimensions (n = 300 ratings per architecture). Full per-dimension and composite statistics
are reported in Supplementary Table S2.

Question-level dominance, task and difficulty category

While dimension-wise pairwise comparisons captured average effects, they could not directly address whether the observed dimensional advantages
translated into consistent question-level preferences. We therefore examined per-question rankings based on composite expert scores (Fig. 2a). Hybrid KG-
RAG achieved the highest composite score on 15 of 20 questions (75%) and tied for first on one further question, compared with 3 of 20 (15%) for Guideline-
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only RAG and 1 of 20 (5%) for Zero-shot LLM (Fig. 2b). The magnitude of the KG benefit was further modulated by task category (Fig. 2c; Supplementary Note
S4; Supplementary Table S3). The benefit was largest where retrieval-free generation failed outright. On diagnostic-biopsy, systemic/advanced-disease and
GIST-specific questions, Hybrid KG-RAG reached median composites of 23.7 (IQR 20.7-23.8), 23.3 (21.8-24.4) and 24.0 (23.1-24.8), respectively, against
5.3, 5.5 and 10.5 for the Zero-shot LLM. Across these same categories it also delivered a further median paired increment of roughly 2-5 points over
Guideline-only RAG. For surgical-management questions, Guideline-only RAG already performed close to the ceiling (22.3, IQR 20.8-23.1), leaving only a
small incremental gain for Hybrid KG-RAG (24.3, IQR 23.8-24.6). Radiotherapy was the sole exception: Hybrid KG-RAG conferred no benefit over Guideline-
only RAG and a marginally lower median (19.7, IQR 13.0-22.0 vs. 21.3, IQR 21.2-23.2), a decrement attributable entirely to a single failure case (Q17;
Supplementary Note S5).

Figure 2 Per-question dominance and clinical task-category profile of the composite expert score. (a) Composite score (sum of the five consensus Likert-
scale ratings; range 5-25) for each of the 20 evaluation scenarios, ordered by Hybrid KG-RAG composite. Within each row, the horizontal connector links the
three architectures (Zero-shot LLM, gray; Guideline-only RAG, blue; Hybrid KG-RAG, orange). (b) Number of questions on which each architecture obtained the
highest outright composite score (n = 20). The Tie category corresponds to the one question on which Guideline-only RAG and Hybrid KG-RAG were tied at
the top. (c) Median composite score by clinical task category: diagnostic biopsy (n = 3), surgical management (n = 6), systemic and advanced-disease
therapy (n = 4), radiotherapy (n = 3), and GIST-specific decisions (n = 4). Bars show the median and error bars the interquartile range. Colors as in (a). Per-
category descriptive statistics and pairwise increments are reported in Supplementary Table S3.

Hybrid KG-RAG's advantage over the Zero-shot LLM scaled inversely with question difficulty. It was largest where the baseline performed near-floor and
narrowed toward the easiest questions, on which a modest median gain nonetheless persisted (Fig. 3a). Across questions, this gap correlated strongly and
negatively with the Zero-shot LLM composite (Spearman p = -0.82, p < 0.001; Fig. 3b), a relationship partly reflecting a ceiling effect at high baseline scores.
The Hybrid-over-Guideline-only RAG gap, by contrast, showed no such difficulty dependence (p = +0.13, p = 0.57). The knowledge-graph layer thus added a
consistent, modest improvement across all difficulty levels, whereas its large advantage over the Zero-shot LLM concentrated where general-purpose LLM
knowledge was weakest. The sole question on which Hybrid KG-RAG underperformed the Zero-shot LLM was a radiotherapy-timing case (Q17; Fig. 3b).

Figure 3 Hybrid KG-RAG advantage over Zero-shot LLM scales inversely with question difficulty. (a) Median composite expert score within each Zero-shot
LLM composite tertile (hard, n = 7; medium, n = 6; easy, n = 7), grouped by architecture. Bars show the median and error bars the interquartile range. The
median paired increment A median (Hybrid KG-RAG - Zero-shot LLM) is reported for each stratum. (b) Per-question performance gap between Hybrid KG-
RAG and Zero-shot LLM (orange) and between Hybrid KG-RAG and Guideline-only RAG (blue), plotted against the Zero-shot LLM composite score (difficulty
proxy); each point represents one of the 20 evaluation questions. Dashed lines indicate linear fits. Spearman rank correlations are p = -0.82 (P <0.001) for
the Hybrid vs Zero-shot LLM gap and p = +0.13 (P = 0.57) for the Hybrid vs Guideline-only RAG gap. Q17 is labeled as a knowledge-graph anchoring failure on
a radiotherapy-timing question.

Discussion

This study constructed and evaluated an STS-specific KG integrated as a retrieval-anchoring layer within a guideline-grounded RAG pipeline. We evaluated the
system in three independent ways: literature-retrieval precision, automated answer-context consistency, and a blinded multidimensional expert review. The
Hybrid KG-RAG outperformed both the Zero-shot LLM and Guideline-only RAG on all three. It achieved the highest composite score in 15 of 20 clinical
questions (75%) and demonstrated large effect sizes compared with the Zero-shot LLM on all five clinical dimensions. These findings support specialty-
specific KG anchoring as a practical and interpretable approach for enhancing clinical decision support in rare-tumor care.

Our work contributes to a growing literature on integrating structured biomedical knowledge with LLMs for clinical question answering, while extending this
paradigm to the underexplored domain of rare tumors. Several aspects of our approach distinguish it from previous studies. Most medical-LLM evaluations
to date have focused on common-condition benchmarks such as MultiMedQA [13], with technical retrieval metrics serving as the primary endpoint. Existing
biomedical KG—LLM systems have largely been built on broad ontologies and general-purpose graph resources: UMLS[26] and Systematized Nomenclature
of Medicine Clinical Terms (SNOMED CT)[29] for terminological grounding, Hetionet[24] and PrimeKG[25] for disease—drug—phenotype reasoning, and
BIOS[30] or similar large-scale automatically constructed graphs for general biomedical question answering. More recent Graph-RAG paradigms have
emphasized autonomous graph-traversal reasoning over LLM-mediated subgraph synthesis. In contrast, our design departs from these approaches in three
respects. First, the specialty-specific KG is constructed from the disease-specific PubMed literature corpus of a rare tumor entity. Rather than functioning as
an autonomous reasoner, it serves as a precision retrieval-anchoring layer. Second, the framework is evaluated through a three-tier strategy links retrieval
ranking, automatic-context consistency, and blinded clinical scoring on the same question set. This combination addresses a recognized gap in rare-disease
decision support, where broad biomedical graphs typically lack subtype-specific resolution and where general-purpose benchmarks fail to capture the
multidisciplinary-team context in which decisions are actually made. The convergent improvement across all three evaluation levels also addresses a
common methodological criticism of medical-Al work that relies on a single proxy metric. Finally, by linking each KG retrieval to citation provenance in the
generated answer, the system provides an interpretability property that clinical use demands.

The mechanistic role of the KG in this pipeline merits explicit comment because it differs from the framings most adopted in the literature. The KG did not
function as an autonomous reasoner or as a substitute for retrieval over guideline text but as a retrieval-anchoring and evidence-routing layer that
constrained which primary literature was admitted into the generation context. The score distributions under each condition illustrate the effect clearly. Under
Zero-shot LLM, a well-separated cluster of questions sat near the floor of the scale, clearly set apart by a gap, while the remainder spread across the middle-
to-upper range. This reflects a population of clinical scenarios for which generalist LLM knowledge was either adequate or essentially absent. The principal
effect of retrieval grounding, and of KG anchoring in particular, was to rescue the lower-scoring cluster rather than to lift those the model already handled
competently. Three observations are consistent with this interpretation. First, SummaCConv[27] showed gains while AlignScore[28], an NLI-style holistic
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semantic alignment metric, did not. This dissociation suggests that KG integration primarily operated through improved retrieval and grounding rather than
through changes in the generator’'s semantic reasoning. Second, the incremental gain of Hybrid KG-RAG over Guideline-only RAG was largely flat across
question difficulty, in contrast to the strongly difficulty-dependent improvement over the Zero-shot LLM. The KG thus added a constant lift across the full
range of question difficulty. Third, the clinical-category subgroup analysis showed the largest KG benefit on knowledge intensive questions concerning
diagnostic biopsy and systemic/advanced disease therapy, where Guideline-only RAG provided partial but insufficient grounding, and the smallest benefit
appeared on questions in which Zero-shot LLM already approached ceiling. These patterns point to a role for the specialty KG. It functions as a high precision
retrieval layer that complements guideline text rather than replacing it, and it helps most on knowledge-intensive questions whose answers depend on
subtype-specific literature that a generalist LLM may not reliably retrieve or prioritize.

Beyond aggregating accuracy, the expert scoring carries concrete implications for clinical utility. Across all five dimensions, Hybrid KG-RAG improved most
over Zero-shot LLM on clinical competence (Miller's Pyramid), intent capture, and helpfulness, which is particularly relevant when an MDT needs a
recommendation that is both anchored in specialty evidence and actionable in practice. The shape of the score distribution shifted in two directions. The
proportion of responses rated clinically unacceptable fell from 37-45% with the Zero-shot LLM to 0-10% with Hybrid KG-RAG, while the proportion of top-
rated answers rose from 0-33% to 47-87%. This combination matters for rare-tumor decision support, where individual specialists may not have all current
literature at hand and an erroneous recommendation may carry potential clinical consequences. In practice, Hybrid KG-RAG made the typical answer better
while substantially reducing the frequencies of responses that were potentially unsafe or clinically unusable. A further advantage is traceability. Each
retrieved abstract remains linked through the KG to its original source, enabling clinicians to verify the evidentiary basis of recommendations rather than
relying solely on model outputs.

Three failure cases mark where the current pipeline breaks down. On Q17, Hybrid KG-RAG anchored its answer on a paper that was topically close but did not
address the question. Gating answers on retrieval confidence and matching each question more strictly to candidate publications before an anchor is fixed
would prevent this anchoring miscalibration. On Q2, retrieval returned technique-level evidence for what was a question of indication. Explicit prerequisite-
checking or constraint-aware re-ranking would close this gap. On Q9 the error ran the other way: Zero-shot LLM produced a clinically unsafe affirmative
answer that retrieval grounding correctly intercepted. This was the clearest case for guideline-grounded generation in safety critical setting.

Our study has several clinical and technical limitations. Clinically, three sarcoma surgeons with prior practice at different centers contributed cross-
institutional perspective, yet they remain a small expert panel. The 20-question benchmark spans representative decision points but is a modest sample for
fully characterizing LLM behavior across sarcoma practice. The rubric was anchored on a single national guideline, the German GGPO S3, which has known
coverage differences from NCCN and ESMO. Technically, the KG carries extraction noise. The relation-validation agent retained 62% of candidate triples and
the entity stage retained 72% of candidate mentions, reflecting a precision-over-recall design that has not been benchmarked against alternative pipelines.
The system itself was instantiated with a single open-weights generator (Llama 3 70B Instruct). The KG anchoring retrieval probe was further confined to 14
questions with at least one silver-target PMID; bootstrap 95% confidence intervals lay entirely above zero, but permutation tests did not reach significance (P
=0.125), and a larger benchmark is needed to settle the effect at the population level. Finally, we measured expert-rated answer quality, not patient
outcomes; impact on diagnostic concordance, decision time, and downstream care requires a prospective integration study.

Taken together, a specialty-specific KG used as a retrieval-anchoring layer rather than an autonomous reasoner can meaningfully improve guideline-grounded
RAG for soft-tissue sarcoma clinical questions. Convergent gains across literature retrieval, answer-context grounding, and blinded expert review on the
same question set indicate that the benefit of Hybrid KG-RAG is not an artifact of any single proxy metric. Each generated answer carries citation provenance
to its source literature, providing the traceability that clinical use demands. Hybrid KG-RAG thus offers a credible, interpretable foundation for Al-assisted
decision support in rare-tumor settings.

Methods
Ethical considerations

All clinically relevant information used in this study does not contain any real patient data. Consequently, approval from an institutional ethics committee is
not required.

Data sources, KG construction and retrieval pipeline

This study used two primary textual data sources, the English version of the GGPO Soft Tissue Sarcoma Guideline, version 1.1[9] and a corpus of PubMed
(https://pubmed.ncbi.nim.nih.gov/) abstracts related to STS, and one derived structured resource, a KG constructed from the abstract corpus as a structured
anchoring and retrieval-guidance resource for abstract evidence selection.

Data sources

The guideline was converted into a structured, machine-readable corpus preserving its internal structure, including recommendations, background sections,
tables, quality indicators, section labels, and citation links. This structure allowed the system to retrieve evidence at the level of specific guideline sections
rather than treating the guideline as an undifferentiated document.

STS-related PubMed abstracts were collected using subtype-specific keyword queries restricted to English-language publications from 2003 to 2024; the full
search strategy and the complete list of subtype synonyms are reported in Supplementary Note S6 and Supplementary Table S5. Abstracts cited in the
guideline reference list were added regardless of keyword filtering. After reserving 400 abstracts for model development, the final corpus comprised 9,594
abstracts.
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KG construction

The KG was derived from the abstract corpus to capture structured relationships between clinically relevant entities, including diseases, interventions,
biomarkers, and anatomical sites. Candidate entities were extracted using a biomedical Named Entity Recognition (NER) model fine-tuned on 400 manually
annotated STS abstracts; 72% of model-predicted entities were confirmed by human reviews and retained for graph construction. Candidate relations
between entity pairs were generated by pairing validated entity mentions co-occurring within a two-sentence sliding window. Each pair was then evaluated by
an LLM-based relation validation agent. The full procedure is given in Supplementary Note S7. 62% of candidate relations were retained as graph edges. The
final KG has two layers: a semantically specified relation layer that anchors retrieval guidance in order to prioritize precision and interpretability, and an
exploratory association layer retained for future refinement.

Retrieval pipeline

For each clinical query, evidence was retrieved through a four-stage pipeline (guideline retrieval, citation extraction, KG retrieval, and abstract retrieval)
coordinated by a Python orchestrator that ran the stages in sequence and assembled the final context (Fig. 4). Rather than querying all resources
independently, later retrieval stages were conditioned on evidence surfaced earlier in the pipeline. The guideline served as the primary evidence source, with
retrieval guided by the document’s content and section structure to surface the most relevant recommendations and supporting content. Citation markers
and section-linked references from top-ranked guideline passages were extracted and semantically ranked against the query. The existing corresponding
PMIDs were then used to guide both KG retrieval and abstract retrieval. KG evidence was not used for open-ended graph reasoning; instead, it provided
anchored nodes and KG-associated PMIDs. Candidate nodes were identified through direct question-to-node matching and PMID-guided retrieval using
literature references from the citation stage, then organized into clinical anchor categories such as disease or intervention. PubMed abstract retrieval
prioritized direct citation-stage PMIDs. KG-associated PMIDs were used as optional additions only when their best abstract chunks exceeded the best direct-
citation abstract, or as fallback when no citation-linked abstracts were available. Corpus-wide retrieval was used only as the final fallback. All retrieved
evidence units were normalized, deduplicated, ranked, and assembled into a structured prompt context with guideline recommendations weighted most
heavily. KG-associated PMIDs were carried forward as literature anchors: abstracts whose PMIDs overlapped with KG anchor-supported nodes or KG
evidence edges received additional ranking weight. Guideline and abstract evidence formed the textual context, while KG anchors were retained as an
auxiliary structured layer. For the Hybrid KG-RAG condition, a second-pass enrichment step was applied after initial answer generation to append only
retrieved abstract and KG-derived evidence. Full technical details of each pipeline component are provided in the Supplementary Notes S6 and S7.

Figure 4 Guideline-grounded Hybrid KG-RAG pipeline. The dashed boundary indicates modules coordinated by a Python orchestrator. Full details in Methods
and Supplementary Notes S6 and S7.

Prompting and answer generation

We used a set of 20 clinical queries of STS management developed in a previous study[18]; the full list of queries and their category assignments is provided
in Supplementary Table S4. To ensure models’ capacity for semantic understanding, the scenarios were intentionally phrased in language distinct from that
used in the GGPO S3 guideline.

Answer generation was performed using a locally deployed Llama 3 70B Instruct model served through Ollama 0.24 (https://ollama.com/). To keep
generation variability low while allowing limited flexibility for synthesizing guideline, abstract, and KG-derived evidence, decoding parameters were fixed
across experimental conditions, with temperature set to 0.2 and top-p set to 0.9. Three prompting conditions were defined: a Zero-shot LLM baseline without
retrieved evidence, a Guideline-only RAG condition using only retrieved guideline context, and a Hybrid KG-RAG using the final context assembled from
guideline excerpts, abstract evidence, and auxiliary KG-derived cues.

Prompt templates were designed to enforce concise, evidence-grounded answers in continuous prose. In the retrieval-based settings, the model was
instructed to avoid unsupported claims, not to introduce external medical knowledge, and to preserve explicit restrictions, contraindications, and subtype-
specific distinctions when present in the evidence. Output instructions further suppressed explicit source-referencing language, citations, and intermediate
reasoning traces.

In the Guideline-only RAG condition, the model received only guideline-derived evidence and was instructed to base every conclusion exclusively on the
retrieved guideline excerpts. In the Hybrid KG-RAG condition, a second-pass evidence enrichment step was applied after initial answer generation. This step
considered retrieved abstract evidence together with auxiliary KG-derived cues, explicitly excluding guideline evidence, and was used solely to append
previously omitted factual details supported by the retrieved literature context. The enrichment pass was restricted to supportive additions, such as
numerical study findings, intervention—outcome relations, and subtype-specific distinctions, and was instructed not to restate or alter the main conclusion
generated in the first pass.

Evaluation methodology

System performance and reliability were evaluated through a two-phase framework, encompassing both automated phase and expert clinical assessment.
The automated phase addressed two distinct questions: whether generated answers were grounded in the retrieved evidence context, and whether KG
anchoring improved the promotion of question-relevant literature within the retrieval pipeline. The clinical phase involved blinded, multidimensional scoring of
model responses by sarcoma surgeons across 20 STS clinical scenarios.

Automated system evaluation
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The first automated evaluation assessed whether generated answers were supported by the evidence context assembled by the retrieval pipeline (Fig. 5b).
For each question-answer pair, the generated answer was compared against the corresponding cleaned evaluation context using two automatic metrics,
AlignScore and SummaCConv. AlignScore[28] estimates factual consistency through a unified information-alignment function between a context and a
claim, whereas SummaCConv[27] was originally developed for summary inconsistency detection by evaluating whether generated text is supported by a
source document through sentence-level NLI aggregation. These metrics were selected because they do not require manual reference annotations and are
suited to evaluating whether model outputs remain grounded in the retrieved evidence rather than merely matching a predefined gold answer. SummaCConv
was treated as the primary automatic answer-context consistency metric, while AlignScore was included as a complementary alignment-based measure. Full
implementation details and paired statistical procedures are reported in Supplementary Note S3.

The second automated evaluation examined whether the KG component fulfilled its intended retrieval function: promoting question-relevant literature into the
evidence pool surfaced to the model. To isolate this mechanism, the full Hybrid KG-RAG pipeline was compared against an ablation run in which KG retrieval
was disabled while the remaining pipeline components, guideline retrieval, citation linking, abstract retrieval, and context construction, were kept unchanged.
For each question, we assessed whether abstracts linked to KG-identified entities ranked more prominently in the retrieved evidence under the Hybrid KG-
RAG condition than under the ablation, using standard information retrieval metrics including recall, hit rate, and reciprocal rank at multiple cutoffs. Full
retrieval-metric definitions and statistical procedures are reported in Supplementary Note S2.

Figure 5 Two automated probes of the Hybrid KG-RAG system. (a) KG anchoring mechanism evaluation. (b) Answer-context consistency evaluation. Metric
definitions and statistical procedures are reported in Supplementary Notes S2 and S3.

Clinical scenario and human expert evaluation
The same 20-scenario dataset was previously used to evaluate GPT-40 with a guideline-grounded retrieval-augmented generation pipeline by our group[18].

Evaluation was conducted by three sarcoma surgeons, who are familiar with the GGPO S3 guideline. Each rater independently evaluated every model
response (Zero-shot LLM, Guideline-only RAG, Hybrid KG-RAG), blinded to architecture identity. All clinical evaluations were benchmarked against the GGPO
S3 guideline.

We incorporated five evaluation criteria: accuracy, safety, the Miller Pyramid of Clinical Competence, intent capture, and helpfulness. Each response was
scored on a 5-point Likert scale across five dimensions, with 1 indicating clinically unacceptable performance and 5 indicating optimal performance:
Because all questions were derived from complex clinical scenarios, we adopted the Miller Pyramid evaluation framework, which is widely used to assess
clinical competence in medical education and trainee proficiency[31], and added a “Failure” category to the original four levels of “Knows,” “Knows how,"
“Shows how,” and “Does” (Table 1). This framework evaluates not only the accuracy and safety of knowledge retrieval but also the clinical reasoning and
competence demonstrated in model responses. To more thoroughly assess model performance in clinical Q&A scenarios after knowledge graph (KG)
integration, we further adopted the MultiMedQA framework [13] to evaluate two additional dimensions. The first, Capture of User Intent, measures the extent
to which a response addresses the specific underlying clinical purpose of the query. The second, Helpfulness, measures the operational utility of the answer

in enabling the clinician to draw a clear conclusion or identify the necessary next steps in an MDT discussion (Table 1).

Where the range across the three raters exceeded one point, a consensus-session was convened, in which the three raters jointly reviewed the response and
agreed on a harmonized score. The post-adjudication consensus mean score served as the unit of analysis for all subsequent statistical comparisons.
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Table 1
Scoring rubric for expert evaluation of model responses across five clinical dimensions.

Miller's Pyramid of Clinical Competence

Score Level Clinical assessment criterion

1 Failure Provides incorrect medical facts or uses flawed logic that would compromise patient safety in a clinical setting.
2 Knows (Knowledge) Provides basic facts or quotes guidelines but fails to apply them to the specific patient.

3 Knows how (Competence)  Provides a rational treatment strategy for the case but lacks technical details for execution.

4 Shows how (Performance) Provides the correct strategy and explicitly demonstrates the evidence-based logic used to reach it.

5 Does (Action) Provides a definitive, granular action plan ready for immediate independent implementation.

Capture of User Intent

How accurately the model understood the clinical constraints and the specific query.

1 Irrelevant Entirely fails to understand the question or provides off-topic information.

2 Poorly captured Misinterprets the primary clinical focus despite mentioning related terms.

3 Partially captured Understands the general intent but misses key constraints such as tumor size or mutation status.
4 Mostly captured Addresses the main intent and all primary questions with only negligible omissions.

5 Perfectly captured Addresses all parts of the user’s intent perfectly, integrating every provided clinical variable.
Helpfulness

How helpful is the answer to the user (for example, does it enable them to draw a conclusion or help clarify next steps)?

1 Not helpful Useless, misleading, or contains content that does not contribute to solving the clinical problem.

2 Slightly helpful Provides generic information that is too vague to offer practical value to a medical professional.

3 Moderately helpful Provides correct facts but is insufficient for the user to draw a final conclusion without further research.

4 Very helpful Significantly clarifies the clinical situation and provides high-quality support for decision-making.

5 Extremely helpful Provides total clarity, enabling the user to draw a definitive conclusion and establish clear next steps immediately.

Statistical analysis

Expert-rating comparative statistics and their figures were generated in R 4.4.2 (base-R friedman.test, wilcox.test and cor.test; ggplot2 3.5.1 with patchwork,
https://www.r-project.org/). Inter-rater reliability, retrieval and answer-faithfulness analyses were performed in Python 3.9 (scipy 1.11; pingouin 0.5; matplotlib
3.8; seaborn 0.13, https://www.python.org/downloads/release/python-390/); full procedures are given in Supplementary Notes S2 and S3. All tests were two-
sided and P < 0.05 was considered significant after correction for multiple comparisons where applicable. Inter-rater reliability was quantified for each
dimension using the intraclass correlation coefficient ICC(3 k) [32, 33], with bootstrap 95% confidence intervals (Fig. S2).

Non-parametric Friedman tests compared Zero-shot LLM, Guideline-only RAG, and Hybrid KG-RAG on each dimension and on the composite score (per-
question sum of the five ratings; range 5 to 25). The proportion of questions won outright by each architecture was summarized as a win count, and the
dependence of the Hybrid KG-RAG advantage over Zero-shot LLM on question difficulty (Zero-shot composite tertiles) was assessed by Spearman'’s rank
correlation.

Retrieval-side and answer-context-consistency analyses, comparing the pipeline against KG-ablated pipeline against Guideline-only RAG conditions at the
matched-question level, are described in full in Supplementary Notes S2 and S3.
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Figure 1

Multidimensional expert evaluation of the three architectures across five clinical dimensions. (a) Median expert consensus score on accuracy, safety, clinical
competence, intent capture, and helpfulness for Zero-shot LLM (gray), Guideline-only RAG (blue), and Hybrid KG-RAG (orange). Bars show the median and
error bars the interquartile range. Brackets denote Bonferroni-corrected Wilcoxon signed-rank P values within each dimension (*P < 0.05; **P < 0.07; ***P <
0.001). (b) Radar plot of the same per-dimension medians, illustrating the multidimensional performance profile of each architecture. (c) Distribution of
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individual Likert-scale ratings stratified by evaluation dimension for each architecture (each bar combines 20 questions x 3 raters; n = 60 per architecture per
dimension). (d) Same data pooled across the five dimensions (n = 300 ratings per architecture). Full per-dimension and composite statistics are reported in
Supplementary Table S2.
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Figure 2

Per-question dominance and clinical task-category profile of the composite expert score. (a) Composite score (sum of the five consensus Likert-scale
ratings; range 5-25) for each of the 20 evaluation scenarios, ordered by Hybrid KG-RAG composite. Within each row, the horizontal connector links the three
architectures (Zero-shot LLM, gray; Guideline-only RAG, blue; Hybrid KG-RAG, orange). (b) Number of questions on which each architecture obtained the
highest outright composite score (n = 20). The Tie category corresponds to the one question on which Guideline-only RAG and Hybrid KG-RAG were tied at
the top. (c) Median composite score by clinical task category: diagnostic biopsy (n = 3), surgical management (n = 6), systemic and advanced-disease
therapy (n = 4), radiotherapy (n = 3), and GIST-specific decisions (n = 4). Bars show the median and error bars the interquartile range. Colors as in (a). Per-
category descriptive statistics and pairwise increments are reported in Supplementary Table S3.
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Figure 3

Hybrid KG-RAG advantage over Zero-shot LLM scales inversely with question difficulty. (a) Median composite expert score within each Zero-shot LLM
composite tertile (hard, n = 7; medium, n = 6; easy, n = 7), grouped by architecture. Bars show the median and error bars the interquartile range. The median
paired increment A median (Hybrid KG-RAG - Zero-shot LLM) is reported for each stratum. (b) Per-question performance gap between Hybrid KG-RAG and
Zero-shot LLM (orange) and between Hybrid KG-RAG and Guideline-only RAG (blue), plotted against the Zero-shot LLM composite score (difficulty proxy);
each point represents one of the 20 evaluation questions. Dashed lines indicate linear fits. Spearman rank correlations are p = -0.82 (P < 0.001) for the
Hybrid vs Zero-shot LLM gap and p = +0.13 (P = 0.57) for the Hybrid vs Guideline-only RAG gap. Q17 is labeled as a knowledge-graph anchoring failure on a
radiotherapy-timing question.
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Guideline-grounded Hybrid KG-RAG pipeline
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Figure 4

Guideline-grounded Hybrid KG-RAG pipeline. The dashed boundary indicates modules coordinated by a Python orchestrator. Full details in Methods and
Supplementary Notes S6 and S7.
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Figure 5

Two automated probes of the Hybrid KG-RAG system. (a) KG anchoring mechanism evaluation. (b) Answer-context consistency evaluation. Metric definitions
and statistical procedures are reported in Supplementary Notes S2 and S3.
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