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Ontology-Aware Pipeline Overview

To develop and evaluate an ontology-aware clinical NLP pipeline that automatically extracts phenotype mentions
from free-text notes, assigns assertion status, and normalizes mentions to HPO identifiers. We further aim to
benchmark this pipeline against LLM-based and dictionary-based baselines in terms of coding accuracy and
processng speed, and to assess ts sutablty for secure, hgh-throughput, real-world rare dsease workflows.We
approach rare dsease dagnostcs through an HPO lens, transformng unstructured clncal narratves nto
ontology-grounded phenotype profles.

This diagram summarizes our ontology-aware NLP pipeline for extracting and normalizing phenotypes from
clinical narratives. The workflow has three stages: (1) text normalization and segmentation, (2) phenotype mention
detecton wth asserton status classfcaton, and (3) ontology-based concept normalzaton and enrchment.
Detected mentons are mapped to HPO dentfers, lnked to UMLS CUIs, and enrched wth related genes,
dseases, EOM assocatons, parent terms, and synonyms. The matchng framework combnes tre-based phrase
matchng wth lngustc normalzaton and fuzzy ontology mappng to mprove robustness aganst lexcal varaton
whle preservng clncal nterpretablty.

Qualitative Error Analysis

This figure presents an example synonym network for the HPO term “dyspnea.” The central node represents the main clinical
concept, whle surroundng nodes show alternatve expressons grouped by semantc relaton: exact synonyms (blue), related
synonyms (green). The network demonstrates how dfferent patent- and clncan-used terms can be normalzed to a sngle phenotype
concept whle preservng semantc granularty.

This figure shows a representative qualitative comparison of phenotype extraction and HPO normalization across systems. In the
example, the clncal text contans a true dsease phenotype menton (basal cell carcnoma) together wth mechanstc bologcal
descrptons. The ontology-grounded ppelne correctly dentfes the dsease menton and maps t to the approprate HPO concept. In
contrast, LLM-based systems exhbt common falure modes, ncludng prortzng bologcally plausble surface phrases, assgnng
unrelated or overly broad HPO codes, and nconsstent groundng. The dctonary-based baselne fals to return a phenotype n ths
case. Overall, the comparson hghlghts that ontology-aware ppelnes provde more relable, clncally algned phenotype groundng
than general-purpose language models.

This figure defines the three binary coverage metrics used in our evaluation: HPO code coverage, chunk coverage, and synonym
coverage. For each nstance, a score of 1 s assgned when the gold-standard target s recovered by the system predcton (otherwse
0). Synonym coverage s computed usng case-nsenstve substrng matchng between any gold-standard synonym and the predcted
text. System-level performance s reported as the mean coverage across all nstances, expressed as percentages.

Aggregate results show that the ontology-aware JSL pipeline clearly outperforms LLM-based systems and ClinPhen across
coverage metrics, with the largest gap at ontology-level HPO code grounding.

Runtime comparison per 100 documents shows substantially higher throughput for the CPU-based ontology pipeline (JSL)
than API-dependent LLM systems, with ClinPhen performance affected by non-batched single-document execution.

Rare diseases affect an estimated 300 million individuals globally, yet diagnosis often takes 5–10 years, largely
due to fragmented and unstructured phenotypc nformaton n clncal notes. Human Phenotype Ontology
(HPO) provdes a standardzed vocabulary of over 18,000 phenotypc terms and s foundatonal to modern
genomc dagnostcs, phenomatchng, and cohort dscovery. However, manual extracton and normalzaton of
phenotypes from narratve text s slow (10–20 mnutes per report), nconsstent, and dffcult to scale, lmtng ts
practcal use n real-world evdence (RWE) ppelnes. In rare dsease workflows, the key bottleneck s not the
absence of phenotype nformaton, but the lack of standardzed phenotype representaton; HPO provdes ths
standardzaton.

Results


