A Clinical SKOS Ontology and Evaluation
Benchmark
for LLM Query Generation over ICU
Knowledge Graphs

Khurrum Ali

Master of Science in Computer Science
Luddy School of Informatics, Computing and Engineering

01. Introduction 02. Objective

Clinicians often query ICU data using everyday clinical e e Evaluate whether LLMs can use a SKOS ontology to translate colloquial ICU
language such as “code blue”, “sugar disease” or “pump T P — language into formal query terms, and identify whether local LLMs truly use the
- . . (Colloquial) (Formal) R
failure”, while databases store formal terms such as cardiac % ‘b = ontology or bypass it.
IV =

arrest, diabetes mellitus, and cardiogenic shock.

“code blue” —> cardiac arrest ° o

Main research question:

LLMs can help bridge this lexical gap, but clinical privacy ‘sugar disease” | ——» | diabetes mellitus

constraints often require local air-gapped LLMs rather than Can privacy-preserving local LLMs perform ontology-grounded clinical query
. “pump failure” —— | cardiogenic shock . . . .

cloud models. This creates a challenge: can small local LLMs st _ generation without hardcoding formal medical terms?

generate ontology-grounded clinical queries reliably?

data to cloud APIs.

1. ClinSKOS-ICU ot Sl i

2. A421-concept SKOS ontology

3. ClinNLU - A benchmark for clinical query generation over an
ICU knowledge graph.

Privacy Censtraint
Th iS WO rk eval u ates th at q u esti on u Si N g - 6 PHI regulations prohibit sending patient-level

03. Methodology 04. Analysis

Resources SKOS improves lexical grounding, but dictionary preprocessing scores highest on
simple synonym tasks.

Dataset: elCU ICU cohort

Knowledge graph: Hospital, Patient, Diagnosis, OrganSystem, Drug Interpretation:
Ontology: ClinSKOS-ICU
e 421ICU concepts SKOS substantially improves grounding over ungrounded SQL and SPARQL without
e 60+ curated colloquial mappings SKOS. However, the SQL+dictionary condition performs best on simple one-to-one
e SKOS links using altLabel, prefLabel, broader, and exactMatch synonym substitution because the dictionary directly rewrites the query before
generation.
Benchmark: ClinNLU The paper argues that this does not make dictionaries a replacement for ontologies,
e 102 lexical grounding questions because dictionaries lack formal governance, hierarchy, interoperability, and
e 150 semantic reasoning questions cross-standard mapping.
LLM Behavior: Ontology Deferral vs. Semantic Bypass
ehavi . : . m : t S , Instead of asking the local LLM to generate SPARQL, the model only extracts keywords as JSON.
g SQL baseline @0 tm?f:ow ;fg‘;w" | - ‘ LLMkeeps:hejl:qu.an'gm Ietj(:S esol;lt. OC} e g = @ " Q N g EEEE 5%52%{%; ‘ g R i m_ ology Deferral Seman ic Bypass
! 4 Q= XL opdi e Dl i = & Gemn20feh  90.2% 4.9%
N e it I 4 R [ || dmbetes metius e o . The LLM keeps the | SPARQL without SKOS 23.5% |
| [ BT —" Doy ST e | Eilas o evasies 0% 100%
QI.EH RDF + SKOS ‘—h ';:');Z‘;iraversal | o | éco i ga = ypassme perform the translation. Q.EB AREPERa 72.5% 77777’ i3 = | & - utcomewithLLaMA3.1 88 o
g B voshyll B O |amm|- iy I [ weomemees | o41% M viswi7s 20 951% © s
J L B o e I I - L) Extraction failure 14.7%

05. Conclusion

This work shows that ontology-grounded clinical query generation requires more than simply giving an LLM access to a knowledge graph.
The paper makes three main contributions:
e ClinSKOS-ICU and CIlinNLU
e A 421-concept ICU SKOS ontology.
e A clinical NLU benchmark for evaluating lexical grounding and semantic reasoning.
e Semantic Bypass as a new failure mode
e Local LLMs frequently hardcode formal medical terms instead of using the ontology.
e This creates an illusion of success while bypassing the intended safety mechanism.
e Architectural Decomposition as a practical solution
e Local LLMs are restricted to grammar-constrained JSON extraction.
e SKOS traversal and SPARQL generation are handled by deterministic code.
e This reduces Semantic Bypass from 100% to 0% for LLaMA 3.1 8B and achieves 80.4% ontology deferral.
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