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Abstract

Rare disease patients worldwide often experi-
ence years-long diagnostic delays, in part due
to fragmented and unstructured phenotypic in-
formation. Patient-reported surveys provide
valuable insights but are typically unstruc-
tured and hard to integrate with structured
data. We present GenOMA (Geneial Ontol-
ogy Mapping Agent), a Large Language Model
(LLM) agent built on the LangGraph frame-
work and integrated with a Unified Medical
Language System (UMLS) API for precise ex-
traction and ontology mapping of phenotypic
terms. Using a modular, node-based archi-
tecture for context-aware extraction, iterative
refinement, candidate ranking, and semantic
validation, GenOMA maps data to standard-
ized Human Phenotype Ontology (HPO) codes
without local ontology deployment. We evalu-
ate GenOMA on the question fields of three rare
disease surveys, mapping them to HPO terms,
and compare its performance with other leading
methods. On the Xia-Gibbs Syndrome (XGS)
Registry, GenOMA achieved 0.92 accuracy, 0.94
precision, 0.97 recall, and 0.96 F1. On the
Down Syndrome Phenotyping Acute Leukemia
Study (DS-PALS) dataset, it obtained 0.92 ac-
curacy, 0.93 precision, 0.98 recall, and 0.96 F1.
Finally, on the GenomeConnect (GC) dataset,
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it obtained 0.91 accuracy, 0.91 precision, 1.0 re-
call, and 0.96 F1. In all tasks, GenOMA outper-
formed MetaMap, PhenoTagger, PhenoBERT,
c¢TAKES, and GPT-5. These results show that
GenOMA effectively converts unstructured sur-
vey data to structured phenotype information.
To our knowledge, this is the first ontology map-
ping system specifically designed for patient-
reported rare disease surveys, a critical but un-
derexplored data modality.

Keywords: Rare disease; Agent; Phenotype
extraction; Ontology mapping; Large language
model; Unified Medical Language System; Hu-
man Phenotype Ontology

Data and Code Availability The GenomeCon-
nect (GC) dataset comprises 187 simplified survey
questions derived from the ClinGen GenomeCon-
nect registry, provided as a small public example
set for testing ontology mapping models. The Xia-
Gibbs Syndrome (XGS) Registry and DS-PALS sur-
vey question datasets were obtained through agree-
ments with their respective organizations and are not
publicly available due to privacy restrictions. Access
requests should be directed to the data owners.

The GenOMA agent code, including the Lang-
Graph workflow, UMLS API integration, and
Supplementary Materials is available on Github
https://github.com/geneialco/ GenOMA-Geneial-
Ontology-Mapping-Agent, along with the evaluation
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scripts and documentation for reproducing the
experiments.

Institutional Review Board (IRB) An IRB is
not necessary because there is no use of human data.
We only make use of generic survey questions rather
than specific patient responses.

1. Introduction

Rare diseases in the United States are collectively de-
fined as conditions affecting fewer than 200,000 indi-
viduals; more than 7,000 have been identified, and ap-
proximately 350 million people are affected worldwide
(Chaudhary et al., 2025). Owing to the heterogeneity
of these conditions and their largely nonspecific clini-
cal presentations, rare diseases are easily mistaken for
common disorders, leading to diagnostic delays that
preclude timely access to effective treatment—one of
the field’s major global challenges (Garcelon et al.,
2018). For each rare disease, comprehensive deploy-
ment of patient surveys and disease registries can ef-
ficiently capture high-quality patient information, of-
fering a critical avenue for alleviating diagnostic diffi-
culty (Cammel et al., 2020). However, to apply these
data in downstream diagnostic and therapeutic work-
flows, the unstructured questionnaire text must first
be mapped to standardized codes by biomedical in-
formatics experts (Austin et al., 2018b; Liu et al.,
2022). Among the available ontologies, the Human
Phenotype Ontology (HPO) provides a comprehen-
sive, hierarchical vocabulary that links observable pa-
tient traits to known disease-gene associations, en-
abling computational phenotype—genotype analysis
and variant prioritization (Kéhler et al., 2021). Map-
ping survey fields to HPO codes is therefore a critical
step toward making patient-reported data interoper-
able with clinical and genomic databases, allowing in-
tegration with tools such as Exomiser and Phen2Gene
that rely on standardized phenotype input (Javed
et al., 2023). Given more than 7,000 rare diseases,
and the rapid expansion of disease-specific question-
naires, a purely manual mapping pipeline is not scal-
able (Peng et al., 2021; Zhao et al., 2020). Moreover,
because questionnaires are written in plain, patient-
friendly language, existing batch term-extraction and
mapping tools (e.g., MetaMap, PhenoTagger) were
optimized for professional clinical narratives with ex-
plicitly stated single entities, so they perform sub-
optimally and cannot infer latent terms from whole-
sentence context (Aronson and Lang, 2010; Luo et al.,

2021). This gap underscores the need for more intel-
ligent systems that can reason over context to recover
implicit concepts (Schwab et al., 2023). Recent ad-
vances in large language models (LLMs) demonstrate
impressive capabilities in contextual understanding
and terminology recognition (Wu et al., 2024). Lever-
aging these strengths, we design prompt strategies
that enable LLMs to extract latent phenotypic terms
from complex survey text and, via our Unified Med-
ical Language System (UMLS) database (Bodenrei-
der, 2004) API wrapper, map the extracted terms to
standardized codes for downstream diagnostic use.
This approach substantially improves mapping effi-
ciency, accelerates the operationalization of survey
systems for rare-disease data capture and integra-
tion, and ultimately expedites diagnostic pathways
for rare-disease patients.
Our main contributions are:

1. We built an LLM agent with LangGraph and the
UMLS API, enabling strong understanding of
survey text context, extraction of implicit terms,
and conversion into standardized codes.

2. We evaluated the agent on three rare disease sur-
vey datasets: the GenomeConnect (GC) survey
(Riggs et al., 2015), the Xia-Gibbs Syndrome
(XGS) Registry (Jiang et al., 2018) and the DS-
PALS Survey (Brown et al., 2019; Li et al., 2023),
focusing on accurate and reliable term extraction
and ontology mapping.

3. We compare our approach with MetaMap, Phe-
noBERT, PhenoTagger, cTAKES and GPT-5
prompted directly, without agent workflow or
UMLS integration, demonstrating substantial
improvements in context-aware mapping perfor-
mance.

4. We introduce the first ontology mapping ap-
proach tailored specifically for rare disease sur-
vey data, showing that agentic LLM workflows
enable reliable phenotype extraction from a ne-
glected but critical data modality.

2. Background

2.1. Named Entity Recognition in Healthcare

Named entity recognition (NER) identifies and classi-
fies biomedical entities from unstructured text (Wang
et al., 2018). In biomedicine, it enables clinical
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decision support, literature mining, and ontology-
based reasoning (Luo et al., 2019). Early rule- and
dictionary-based systems performed well in narrow
contexts but lacked scalability and robustness (Funk
et al., 2014). Machine learning models better cap-
ture context and semantics (Habibi et al., 2017), yet
many still struggle with complex syntax and ambi-
guity—especially in patient-generated texts such as
questionnaires, where both prompts and responses
must be interpreted in context (Zhao et al., 2022).
For rare diseases, questionnaires and registries are
key sources of phenotypic information (Cao et al.,
2024), extracting and mapping entities from them
and integrating results with genomic data are es-
sential for precise diagnosis and treatment (Austin
et al., 2018a). However, no models are tailored to
questionnaire-based entity extraction and ontology
mapping. Developing efficient and accurate NER and
ontology mapping approaches tailored to such data is
therefore of substantial practical importance.

2.2. Prior Work

NER and ontology mapping tools have been applied
in the biomedical domain, spanning dictionary-based
systems, machine learning models, and, more re-
cently, LLMs. Most of these systems follow a two-
stage pipeline: entities are identified or extracted
from unstructured text, then entities are mapped
to standardized vocabularies, including those in the
UMLS Metathesaurus (Le et al., 2025), as shown in
Figure 1.

Among these two stages, highly accurate entity
recognition or extraction from unstructured text re-
mains the most challenging component (Luo et al.,
2020). There are several types of entity recogni-
tion or extraction and mapping methods that have
been put into practical application. Dictionary-
based approaches such as MetaMap and ¢TAKES
use lexical resources and rules to map terms to the
UMLS Metathesaurus; they require no labeled data
and perform well on structured clinical narratives
(Demner-Fushman et al., 2017; Lee et al., 2020).
Machine learning—based systems—e.g., PhenoTagger,
PhenoBERT—leverage contextual embeddings and
supervised NLP to identify entities and map them
to standardized vocabularies (e.g., HPO) via UMLS
(Savova et al., 2010). For instance, PhenoBERT
builds on BioBERT for biomedical NER with a sub-
sequent UMLS mapping step (Feng et al., 2022). Yet
these models often operate at the token/phrase level
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Figure 1: The main workflow of named entity recog-
nition (NER) and ontology mapping.

and still struggle with complex syntax and ambigu-
ity in clinical narratives, especially patient-generated
text. LLMs (e.g., GPT-5, Claude-3.5) offer stronger
contextual reasoning and can extract terms from
noisy or informal text; coupled with tools like the
UMLS API, they combine flexible language under-
standing with standardized outputs (Chen et al.,
2025). Remaining issues include computational cost,
limited controllability, and prompt-sensitive variabil-
ity (Andrew et al., 2024).

Overall, the field is shifting from static rules to
more generalizable models, but current systems rely
heavily on identifying and extracting individual en-
tities within sentences. They are unable to fully un-
derstand the entire sentence and infer the underlying
terms. Our agentic framework addresses this gap via
context-aware extraction, iterative refinement, and
semantic validation.

2.3. Our Approach

We built an intelligent agent with LangGraph, which
represents LLM workflows as graphs of functional
nodes, enabling fine-grained control over multi-step
reasoning and tool use (LangChain, 2024). Key ad-
vantages:
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e Task specialization: dedicated nodes for sub-
tasks reduce prompt interference and improve
accuracy /interpretability.

e Workflow flexibility: nodes can be added or
rewired to meet task needs.

e Prompt-level adaptability: node-specific
prompts tailor behavior to datasets/domains.

e No training/deployment: direct LLM API
calls remove local hosting/fine-tuning, lowering
operational and compute costs.

3. Methodology

3.1. Agent Architecture Overview

GenOMA is a modular LLM agent built with Lang-
Graph, orchestrating GPT-5/40/4—powered, task-
specific nodes in a graph pipeline. It comprises three
stages: (1) term extraction—medical NER on pa-
tient survey text; (2) ontology mapping—querying
the UMLS API for standardized concept identifiers;
and (3) structural validation—refining outputs to en-
sure consistency and correctness.

Based on LangGraph’s modular scalability, we op-
timize agent performance by refining node-level func-
tions. The resulting workflow is shown in Figure 2.
Several components are particularly critical to per-
formance, including:

1. Retry_with_llm rewritenode, which can
rewrite the input and retry failed mappings to
improve coverage on difficult cases.

2. Rank mappings_node, which can score and rank
candidate ontology mappings, prioritizing those
with higher semantic similarity and clinical rele-
vance.

3. Validate mapping node, which validates the se-
lected mapping and assigns a confidence score to
ensure reliability.

The text data of the survey questions are used as
the input of this agent. After passing through these
nodes, the extracted terms and corresponding stan-
dardized mapping codes (such as HPO codes) can be
output. Further information about the agent archi-
tecture can be found in Appendix A, while an abla-
tion study of the nodes can be found in Appendix
H.
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Figure 2: GenOMA agent workflow for phenotypic
term extraction and ontology mapping
from rare disease surveys. It includes three
stages: term extraction (pink), ontology
mapping with iterative retries (green), and
structure validation with ranking and an-
cestor retrieval (blue).

3.2. Dataset Description

To evaluate the model’s ability to understand text,
we use three datasets of rare disease survey questions
with increasing difficulty: the GenomeConnect (GC)
dataset, the Xia-Gibbs Syndrome (XGS) Registry
Survey Dataset, and the DS-PALS Survey Dataset.
All datasets have been manually annotated by bioin-
formatics experts and serve as gold standards. GC
contains 187 simplified mappable medical phrases,
XGS contains 119 fully mappable phenotype question
sentences, while DS-PALS contains 166 sentences, 50
of which are non-mappable questions, enabling eval-
uation of extraction and filtering in ontology map-
ping. Because our agent is designed primarily for
survey question mapping, each mappable question in
all datasets corresponds to exactly one standardized
HPO term, reflecting the one-to-one design used in
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most registry instruments. Further dataset informa-
tion can be found in Appendix E.

3.3. Performance Evaluation

Using UMLS CUTI to provide a unique semantic iden-
tifier for each concept, which enables accurate and
standardized cross-model comparison, we unify the
model output into CUI codes and evaluate perfor-
mance against human-labeled data. We compute pre-
cision, recall, and F1 using the standard confusion-
matrix formulation, and analyze the composition of
mispredictions. Further details of the evaluation
methods are included in Appendix F. We compare
GenOMA to the strongest baseline per dataset using
McNemar’s test on item-level correctness. For ac-
curacy, precision, and recall, we report 95% Wilson
confidence intervals.

4. Results

4.1. Overall Mapping Accuracy

To evaluate model performance, we measured the
overall mapping accuracy of six ontology map-
ping systems (GenOMA, PhenoTagger, PhenoBERT,
MetaMap, ¢cTAKES, and GPT-5) on the GC, XGS
and DS-PALS survey datasets. Across all sur-
veys, GenOMA achieved consistent accuracy above
0.91, outperforming dictionary-based (MetaMap,
¢TAKES) and machine learning baselines (PhenoTag-
ger, PhenoBERT) (Figure 3). While other models
exhibited significant performance fluctuations when
faced with datasets with varying levels of input text
complexity, GenOMA remained stable, demonstrat-
ing its robustness to dataset variations.

4.2. Precision, Recall and F1 Score

To provide a comprehensive assessment of model
performance, we evaluated precision, recall, and F1
score on these three datasets. As shown in Fig-
ure 4, across the three datasets (GC, XGS, and DS-
PALS), GenOMA consistently achieved the best per-
formance, with precision, recall, and F1 scores all
above 0.93 and reaching up to 1.00 on GC, demon-
strating strong robustness and stability across eval-
uation settings. In comparison, PhenoTagger and
PhenoBERT showed relatively high precision but
lower recall, indicating that they tend to miss valid
terms. By contrast, MetaMap and GPT-5 favored
recall over precision—both achieving high recall (up

to 0.91-0.90) but suffering from much lower preci-
sion (0.33-0.62), leading to frequent false positives.
c¢TAKES consistently underperformed, with moder-
ate recall but low precision, resulting in the weak-
est overall F1 scores. Taken together, these results
demonstrate that GenOMA provides a superior bal-
ance between sensitivity and specificity across di-
verse datasets, while other models exhibit dataset-
dependent weaknesses—either conservative behavior
that sacrifices recall (PhenoTagger, PhenoBERT) or
overly permissive outputs that compromise precision
(MetaMap, GPT-5).

4.3. Term vs. No Term Mapping Accuracy

To better interpret the practical differences behind
similar precision and recall scores, we analyzed the
error patterns of each model’s outputs. Specifically,
we categorized the errors into three types:

e Type IA: Wrong mapping (FP, gold-standard
term present)—The item has a gold-standard on-
tology term, but the model outputs a different
term/code.

e Type IB: Spurious mapping (FP, gold-standard
term absent)—The item has no gold-standard
ontology term, but the model outputs a
term/code.

e Type II: Omission (FN, gold-standard term
present)—The item has a gold-standard ontol-
ogy term, but the model produces no output.

Across all three datasets (GC, XGS, and DS-
PALS), as shown in Figure 5, GenOMA consistently
demonstrated the highest proportion of correct map-
pings with minimal errors. On the GC dataset,
GenOMA correctly mapped 91% of items, with only
9% errors. On the XGS dataset, it reached 92%
correct predictions, with just 2% omissions and 6%
mispredictions, while on the DS-PALS dataset it
achieved 93% accuracy on items requiring mapping
and 96% on those requiring no mapping. This indi-
cates that GenOMA not only excels in recognizing
valid terms but also effectively avoids unnecessary
mappings when no terms are present, while baseline
models show systematic weaknesses—either omitting
too many valid terms (PhenoTagger, PhenoBERT) or
over-generating false mappings (MetaMap, GPT-5),
with ¢cTAKES falling in between, further error anal-
ysis can be found in Appendix G.
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ontology mapping systems on
the GC (top), XGS (middle),
and DS-PALS (bottom) survey

of six models on the GC (top),

XGS (middle), and DS-PALS
(bottom) survey datasets.

datasets.
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Outcome Decomposition of Model Predictions (GC)

was 14.7% (p = 0.0009). These results demonstrate
that GenOMA provides statistically significant im-
provements across all all datasets, as shown in Ta-
ble 1.

Table 1: Pairwise McNemar’s test comparing
GenOMA with PhenoTagger on item-level
correctness for GC, XGS and DS-PALS.
The table reports N, discordant counts (b,

¢), net accuracy change ((b—c)/N), and
p-values.
Dataset N b ¢ A acc. McNemar p
GC 187 38 7 +40.166 < 0.0001
XGS 119 34 3 +40.261 < 0.0001
DS-PALS 116 21 4 +40.147 0.0009

We also report 95% Wilson confidence intervals for
proportions (accuracy, precision, recall) computed on
item counts, shown in Table 2. Across all datasets,
GenOMA consistently outperforms PhenoTagger on
accuracy, precision, and recall. The confidence in-
tervals for accuracy and recall show clear separation,
indicating robust improvements rather than chance
variation, while precision also favors GenOMA with
only minor overlap.

Table 2: 95% Wilson confidence intervals (CI) for ac-
curacy, precision, and recall by dataset and

200
5%
9% o
175 18% 13%
150
o
K
2125
©
v
2100
v
£
S 75
=2
50
25
0
GenOMA  PhenoTagger PhenoBERT MetaMap CTAKES GPT-5
Model
Outcome Decomposition of Model Predictions (XGS)
120{ 2% -
13% °
24%
100 ’ 28% 32%
0
@
g 80
©
"
bS]
5 60
Q
£
E
40
20
0
GenOMA  PhenoTagger PhenoBERT  MetaMap CTAKES GPT-5
Model
Outcome Decomposition of Model Predictions (DS-PALS)
120 2%
1% i 9% G20
100 29%
@
@
Q
g 80
©
"
“
o
5 60
Qo
g 4% 6% o
EN 30% 26% g2z
96% 94% 100%
20 70% 74% 78%
0
GenOMA PhenoTagger PhenoBERT MetaMap CcTAKES PT-5

Model

mmm Correct (with term) Type Il error

Type IB error

model.
Dataset Model Acc. (95% CI) Prec. (95% CI) Rec. (95% CI)
GC GenOMA 0.91 (0.87-0.95)  0.91 (0.87-0.95)  1.00 (0.98-1.00)
PhenoTagger  0.75 (0.68-0.81) 0.82 (0.76-0.87) 0.89 (0.83-0.93)
XGS GenOMA 0.92 (0.85-0.95)  0.93 (0.87-0.97)  0.98 (0.94-1.00)
PhenoTagger  0.66 (0.57-0.74)  0.86 (0.78-0.91)  0.88 (0.80-0.93)
DS-PALS GenOMA 0.92 (0.85-0.95)  0.93 (0.87-0.97)  0.98 (0.94-1.00)
PhenoTagger 077 (0.68-0.83)  0.86 (0.78-0.91)  0.88 (0.80-0.93)

- Type A error Correct (no term)

Figure 5: Prediction breakdown by model on the GC
(top), XGS (middle), and DS-PALS (bot-
tom) datasets, showing the proportions
of correct predictions, wrong predictions
(Type I), and omissions (Type II).

Taken together, GenOMA recovers more true pos-
itives with fewer misses without a corresponding rise
in false positives, and paired comparisons (McNe-
mar’s test) further support the significance of these
gains across cohorts.

4.5. Semantic Similarity Analysis

Even when model predictions do not exactly match
the gold-standard terms, it is important to assess
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how semantically close these “errors” are, as this re-
flects the model’s conceptual understanding of phe-
notype meaning. To this end, we incorporated a
GPT-based semantic evaluation function that assigns
similarity scores to each prediction, providing a com-
plementary measure of semantic appropriateness for
ambiguous or partially correct cases. A score of 10
represents a perfect match. As shown in Figure 6,
GenOMA’s incorrect predictions were, on average,
semantically closer to the gold-standard terms than
those produced by other baseline models, demon-
strating stronger ontology-level reasoning and con-
textual alignment.

5. Discussion
5.1. Performance Comparison

On all datasets, our GenOMA agent consistently out-
performed all baseline systems (MetaMap, Pheno-
Tagger, PhenoBERT, ¢cTAKES, and GPT-5) across
all evaluation metrics, including overall mapping ac-
curacy, precision, recall, and F1 score. Further er-
ror analysis revealed that GenOMA had the lowest
proportions of both omissions (“no predictions”) and
wrong mapping, even rare spurious mapping, un-
derscoring its strong ability to understand context
and accurately extract terminology. Other models
(MetaMap, PhenoTagger, PhenoBERT, cTAKES) fo-
cus narrowly on surface entities, often missing implied
or context-dependent terms. They are not suitable
for questionnaire-type texts that require a full under-
standing of the context. Although GPT-5 and other
state-of-the-art LLMs have powerful semantic under-
standing capabilities, they need to be combined with
a standardized ontology tool (e.g., the UMLS API),
otherwise they will generate erroneous information
due to hallucinations.

5.2. Advantages of the Agentic Approach

The superior performance of the GenOMA agent
across all datasets can be attributed to several key
design advantages inherent in its node-based archi-
tecture:

1. Context-Aware Term Extraction: The
agent processes both question stems and asso-
ciated labels/options, enabling inference of in-
tended concepts even when implicit. This is
particularly valuable for patient-facing surveys,

FROM RARE DISEASE SURVEYS

Mean LLM Score with Standard Deviation (GC)
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Figure 6: LLM similarity scores for incorrectly

mapped terms across six models on the
GC, XGS and DS-PALS dataset, with er-
ror bars representing standard deviation.
Higher scores indicate that errors were se-
mantically closer to the ground truth.

where complex medical terms are often replaced
with simpler language.
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2. Iterative Refinement via Retry Mecha-
nism: The retry with 1lm rewrite node re-
formulates unmapped terms iteratively, avoiding
missing term information.

3. Integrated Ranking and Valida-
tion: The  rank mappings node and
validate mapping node jointly score, fil-

ter, and confirm candidate mappings, enhancing
the precision.

4. Flexible Task Adaptation via LLM Node:
The LLM-based node design allows the agent to
adapt to different terminology extraction tasks
simply by adjusting prompts, providing high
flexibility without retraining.

Collectively, these design advantages allow the agent
to achieve both high recall and high precision in ontol-
ogy mapping for rare disease studies, outperforming
existing baseline systems while maintaining flexibil-
ity, scalability, and ease of deployment.

5.3. Limitations and Challenges

Despite achieving high accuracy, our approach has
several limitations:

e Output Variability — The quality of term ex-
traction is dependent on the LLM’s performance
and prompt design (Andrew et al., 2024; Hu
et al., 2024). The same input may not always
yield identical results, leading to potential in-
consistencies.

e Computational Cost — Although local model
deployment is not required, LLM API calls
are slower and more costly than lightweight
dictionary-based methods, which may impact
scalability for large-scale datasets.

e Data Security Considerations — While lo-
cal deployment of LLMs can mitigate privacy
concerns, the highest-quality outputs typically
require calls to the latest cloud-based models,
which introduces potential risks of data leakage.

e Dataset Accessibility and Scale — Two of
the three evaluation datasets cannot yet be made
public due to privacy and institutional collabo-
ration constraints. We are actively working with
data partners to make these datasets available
and will update our public GitHub repository ac-
cordingly. In addition, the relatively small size

of the test datasets may lead to slightly inflated
recall scores and should be interpreted with cau-
tion.

e Future Extension — The current architecture
focuses on single-term mapping from rare disease
survey questions. Extending this framework to
handle long-form medical narratives with multi-
ple phenotypic mentions represents a key direc-
tion for future work.

6. Conclusion

Our study presents an LLM-based ontology-mapping
agent built on LangGraph that uses node-based
contextual reasoning, iterative refinement, and se-
mantic ranking to extract and standardize pheno-
type terms from rare-disease survey data. Across
three representative datasets—the GC, XGS and DS-
PALS Survey—our agent consistently outperformed
established systems (MetaMap, PhenoTagger, Phe-
noBERT, ¢TAKES, GPT-5), achieving over 91% ac-
curacy and balanced precision—recall profiles with F'1
scores around 0.95 across all tasks. Gains in map-
ping accuracy commonly exceeded 1540 percentage
points. Error analyses showed fewer omissions and
mis-mappings, minimizing redundant outputs with-
out sacrificing coverage.

The modular LangGraph architecture affords flex-
ibility for rapid adaptation to new datasets, ontolo-
gies, and clinical domains; nevertheless, challenges
remain, including variability in LLM outputs, com-
putational cost, ontology disambiguation under am-
biguity, and privacy considerations for cloud-based
inference. Future work will target improved prompt-
ing and controllability, hybrid symbolic—neural in-
ference, efficient local deployment, and privacy-
preserving mechanisms. Our system is specifically ap-
plied to patient-facing rare disease surveys and lever-
ages contextual understanding to extract and map
terms, showing consistently stronger performance
than dictionary- or conventional NLP-based tools in
our evaluations. By enabling accurate, scalable, and
context-aware phenotype extraction, GenOMA can
accelerate rare disease diagnostics and strengthen
the integration of patient-reported outcomes into re-
search and care.
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Appendix A. GenOMA Ontology
Mapping Pipeline
Details

Here we describe the implementation details of the
GenOMA agent, focusing on the workflow diagram
and the role of each LangGraph node and its con-
tribution to the ontology mapping workflow. Each
node performs a distinct subtask, and together they
form a modular pipeline for robust phenotype term
extraction and mapping.

e is_question mappable node: Filters out ques-
tions that do not require ontology mapping, en-
suring that irrelevant items are excluded early in

the workflow.

extract medical_terms_node: Extracts candi-
date medical terms directly from the input text
using the LLM.

fetch umls_terms node: Maps extracted terms
to standardized ontology codes (e.g., HPO) via
the UMLS API.

retry_with_ 1lm rewrite_node: Rewrites the
input and retries failed mappings to improve cov-
erage on difficult cases.

rank mappings_node: Scores and ranks candi-
date ontology mappings, prioritizing those with
higher semantic similarity and clinical relevance.

validate mapping node: Validates the selected
mapping and assigns a confidence score to ensure
reliability.

gather_ancestor_candidates node: Retrieves
ancestor terms of a candidate mapping from the
ontology hierarchy, enabling more generalized or
fallback mappings when exact matches are not
available.

Appendix B. Output Consistency and
Validation

To ensure consistent and reproducible outputs across
all nodes involving LLM calls, we set the temperature
parameter to 0 for relatively deterministic decoding
and enforce strict output schemas. In addition, the
fetch umls_terms node leverages the standardized
UMLS ontology service for term normalization, re-
ducing potential semantic drift and improving cross-
dataset stability. These design choices collectively
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enhance output reliability while maintaining trans-
parency regarding any residual model variability.

The validate mapping node performs the fi-
nal semantic verification of each candidate map-
ping. It evaluates whether the ontology term
is clinically appropriate and semantically con-
sistent with the question context, then assigns
a confidence score ranging from 50% to 100%
(90-100%: accurate match; 70-85%: acceptable
match; 50-65%: partial match). If the score
falls below 0.9, the workflow automatically trig-
gers the gather_ancestor_candidates_node to re-
fine the output using broader ancestor terms. This
confidence-driven feedback mechanism, derived from
explicit LLM reasoning rules, ensures that final map-
pings are both semantically valid and clinically mean-
ingful.

Appendix C. From Questions to
Clinical Text: Toward
Multi-Term and
Long-Text Mapping

While this study focuses on instrument harmoniza-
tion—mapping survey question fields to Human Phe-
notype Ontology (HPO) codes to improve data shar-
ing across rare disease registries—the proposed agen-
tic pipeline is input-agnostic. It can also be applied
to other forms of text, not just structured survey
questions. In future work, we plan to extend this
framework to handle free-text patient responses and
other unstructured narratives such as clinical sum-
maries and online community posts, which often in-
clude diverse and variable phenotype descriptions.

For multi-term extraction tasks, the architecture
can be expanded by adding a multi-term extrac-
tion head to the existing agent. The extracted
terms can then be processed one by one to obtain
their standardized ontology terms and correspond-
ing HPO codes. This minimal-change pathway—pre-
processing — existing agent — aggregation—shows
how the current single-term workflow can be adapted
for long-text and multi-phenotype inputs, supporting
broader applications such as registry integration and
patient-generated data analysis.
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Appendix D. Prompt Design and
Optimization

Prompt design played a central role in achieving con-
sistent and high-quality outputs across heterogeneous
survey datasets. Our design process followed two
guiding principles: robustness and constraint. Ques-
tionnaire structures can vary widely across registries,
so prompts needed to generalize across diverse syn-
tactic and semantic patterns. At the same time,
healthcare text requires strict compliance with de-
fined output formats to ensure interpretability and
reproducibility, even when the LLM operates deter-
ministically (temperature = 0).

Each prompt was constructed using a modular
template that includes: (i) a clear role specification
to define the model’s function (e.g., “You are an
ontology-mapping assistant”), (ii) an explicit input
format outlining which parts of the question text are
provided, (iii) focus guidance describing which lin-
guistic features to attend to (e.g., disease symptoms
vs. demographic context), (iv) a catalog of common
edge cases with short examples and handling rules,
and (v) a strict output schema ensuring structured
and machine-readable results.

Prompt optimization was performed iteratively
through error-driven refinement. We analyzed logi-
cal inconsistencies or hallucinated outputs, identified
failure patterns (e.g., multi-term conjunctions joined
by “and” or “/”), and refined instructions to encour-
age concept-level reasoning rather than surface ex-
traction. Workflow-level adjustments—such as seg-
menting input text into labeled spans (title, ques-
tion stem, options, notes)—further improved preci-
sion and stability.

All finalized prompt templates used in the
GenOMA pipeline, including node-specific examples,
are publicly available in our GitHub repository.

Appendix E. Dataset Descriptions

We evaluate and compare ontology mapping systems
using three representative rare disease surveys: the
GenomeConnect (GC) dataset, the Xia-Gibbs Syn-
drome (XGS) Registry Survey Dataset and the DS-
PALS Survey Dataset. The latter two datasets are
not publicly available, so we present their description
details in Table 3.

A key difference between the datasets is that the
DS-PALS dataset includes 50 items that require no
ontology mapping. These non-mappable items serve

Table 3: Comparison of the GenomeConnect (GC),
Xia-Gibbs Syndrome (XGS), and DS-PALS
survey datasets.

Aspect Description
Source (GC) ClinGen GenomeConnect registry
Source (XGS) Xia-Gibbs Syndrome advocacy group

Source (DS-PALS)

Annotation (GC)
Annotation (XGS)
Annotation (DS-PALS)

# Questions (GC)
# Questions (XGS)
# Questions (DS-PALS)

Ground Truth (GC)
Ground Truth (XGS)
Ground Truth (DS-PALS)

Evaluation Role (GC)
Evaluation Role (XGS)
Evaluation Role (DS-PALS)

Down Syndrome organization

Published annotated with HPO codes
Manually annotated with HPO codes
Manually annotated with HPO codes (after filtering)

187 simplified survey questions

119 survey questions

166 items (50 non-mappable)

Each phrase linked to an HPO term

Each question linked to an HPO term
116 with HPO mappings; 50 require no mapping

Provides simple testbed for ontology mapping
Tests capturing of critical phenotypes
Tests extraction and filtering of non-mappable items

to evaluate the models’ capacity to accurately iden-
tify irrelevant content, thereby preventing redundant
or spurious mappings.

These datasets were selected for their diverse symp-
tom descriptions and relevance to real-world patient-
reported outcomes. They provide a realistic and effi-
cient testbed for evaluating the robustness and adapt-
ability of biomedical concept extraction and ontology
mapping tools.

Appendix F. Definition Details of
Evaluation and
Comparison Methods

To evaluate the performance of our ontology mapping
agent, we compared it with five other widely recog-
nized medical terminology ontology mapping mod-
els (PhenoTagger, PhenoBERT, MetaMap, cTAKES,
and GPT-5) on the XGS Registry Survey and the DS-
PALS Survey.

We employed standard named entity recognition
(NER) evaluation metrics:

e True Positive (TP): The model predicts the
correct HPO code when a gold-standard code ex-
ists.

e False Positive (FP): (1) The model predicts an
incorrect code when a gold-standard code exists,
or (2) the model predicts any code when the gold
standard is empty.
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e False Negative (FN): The model predicts
nothing when a gold-standard code exists.

e True Negative (TN): The model predicts
nothing when the gold standard is empty. TNs
are excluded from precision, recall, F1, and map-
ping accuracy, as they are not informative in on-
tology extraction tasks.

o s . s o TP

e Precision: Precision = TPIFP-
. — _TP _
e Recall: Recall = TPIFN-

e F1 score: Harmonic mean of precision and re-
__ 2-Precision-Recall
CaH’ Fl= Precision+Recall *

e Mapping accuracy: Accuracy = %,

i.e., the proportion of correct predictions among
all cases where either a gold-standard code exists
or the model makes a prediction.

Together, these strategies enabled both quanti-
tative and qualitative comparisons across systems,
capturing accuracy as well as semantic fidelity and
adaptability.

Appendix G. Error Analysis

Missed detections often occur when identifying the
target concept requires broader contextual under-
standing rather than relying solely on explicit key-
words. In patient surveys, many phenotypes are
implied rather than directly stated. Models that
rely primarily on surface-level matching, such as
MetaMap and cTAKES, frequently overlook these
cases. For example, the question “Difficulty mak-
ing friends outside of the immediate family” implies
the phenotype “Lack of peer relationships”, which
was successfully extracted by GenOMA but missed
by most baselines. GPT-5 sometimes generated re-
lated but imprecise alternatives (e.g., “Impaired so-
cial interactions”), reflecting partial contextual un-
derstanding but insufficient clinical alignment. See
Table 4 for more examples.

Incorrect extractions arise when descriptive
biomedical terms are misinterpreted as target con-
cepts. In many survey items, explanatory context
introduces simplified terms (e.g., “duodenal atresia”
or “stenosis”) to help respondents understand the
question, while the intended clinical target is broader
(e.g., “Abnormal duodenum morphology”).  As
shown in Table 5, GenOMA correctly captured the
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intended diagnostic targets, while other models often
returned descriptive surrogates. PhenoTagger and
PhenoBERT occasionally conflated descriptions with
targets, MetaMap and cTAKES tended to default to
surface terms, and ChatGPT5 frequently produced
literal but incomplete matches (e.g., “Anal atresia”
instead of “Abnormal anus morphology”).

Appendix H. Key Nodes Ablation

Study
To assess the contribution of key compo-
nents, we performed node ablations of four
key nodes: the Retry_with 1llm rewrite node,

Rank mappings_node, Validate mapping node and
Gather_ancestor_candidates node modules on
the XGS dataset. As shown in Figure 7, removing
any module degraded performance, with the most
pronounced drop when the rank node was omitted
(accuracy decreased to 0.56), reflecting failure to
disambiguate among multiple UMLS candidates and
a resulting loss in precision. Eliminating the retry
node chiefly reduced recall: after an initial mapping
failure the agent produced more null predictions;
with retry enabled, the agent tends to emit a single
candidate even when uncertain, improving recall
at the expense of precision. When the ancestor-
gathering node was removed, accuracy dropped
to 0.65, indicating its importance in supplying
semantically related hierarchical candidates that aid
disambiguation and validation. Overall, the results
highlight complementary roles—rank for precise
disambiguation, retry for coverage, and validate for
filtering—that together sustain accuracy.

Appendix I. Computation and Cost
Estimation

To assess the practical efficiency of the GenOMA
agent, we estimated token consumption and corre-
sponding API costs across datasets of different sizes.
The computation cost depends primarily on the num-
ber of survey questions processed and the model tier-
ing strategy used within the LangGraph architecture.
Only the node requiring deep semantic understanding
and ontology refinement uses the most recent model
(GPT-5), while non-critical nodes (e.g., mapping-
necessity checks) use a lighter model (GPT-4). This
approach maintains consistent accuracy while signif-
icantly reducing total token usage.
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Table 4: Examples of implied phenotypes in survey questions. GenOMA can capture both explicit and
implicit terms, while other models often miss implicit cases or return partial matches.

Question True GenOMA PhenoTagger PhenoBERT MetaMap cTAKES GPT-5

Problems with heartbeat Arrhythmia Arrhythmia None None Rhythm heartbeat  Cardiac arrhythmia

rhythm  requiring pace-

maker

Bone marrow transplant? ~ History of bone marrow transplant  History of bone marrow transplant None None None None Bone marrow transplantation
Difficulty making friends Lack of peer relationships Lack of peer relationships None None None None Impaired social interactions
ou family

Gl or contacts? Abnormality of vision Abnormality of vision None None None None Refractive error

Table 5: Examples where explanatory context in questions led some models to misidentify the target term.
GenOMA correctly maps to the intended clinical entity, while others often match the descriptive

context instead.

Question True GenOMA PhenoTagger PhenoBERT MetaMap cTAKES GPT-5
Normal EEG? Abnormal EEG Abnormal EEG None None EEG normal Normal EEG Abnormal EEG
Gross motor skill issues  Gross motor impairment Gross motor impairment Gross motor skills  Difficulties with gross motor skills  Has difficulty doing None Delayed gross motor development
Duodenal atre- Abnormal duodenum morphology ~ Abnormal duodenum morphology ~ Duodenal atresia Duodenal atresia Stenosis Duodenal atresia Duodenal atresia

sia/stenosis /web
Anal atresia/stenosis

Abnormal anus morphology Abnormal anus morphology

Anal atresia

Anal atresia/stenosis Stenosis/atresia Anal atresia Anal atresia

Table 6: Estimated token usage and processing costs for different dataset sizes under the GPT-5/GPT-4

tiered setup.

Dataset Size Estimated Tokens

Approximate Cost (USD)

Notes

1 question 26 K-3.0K
100 question 260 K — 300
250 question 650 K — 750 K
500 question 1.3M-15M

0.07 - 0.09 Single inference run
7-9 Small-scale evaluation
17 -22 Medium-sized benchmark

35 — 45 Large-scale deployment test

Node ablation study: Model Evaluation Metric Comparison (XGS)

0.97

0.960.97

0.96 0.96

Precision Recall F1 Score Accuracy

Model
EEN GenOMA BB without_retry_node
without_validate_node

B without_rank_node
without_ancestor_node

Figure 7: Node ablation on XGS, the precision, re-
call, and F1 score of the model after abla-
tion of different nodes

15

For each input question, the agent typically con-
sumes 2.6K — 3.0K tokens, corresponding to an aver-
age cost of $0.07 — $0.09 USD per question. Table 6
summarizes the expected computation cost as a func-
tion of dataset size.

Looking ahead, we plan to support on-premise and
local deployments for environments with strict data-
privacy requirements. The current trade-off is clear:
the strongest local models generally require high-end
hardware, whereas lighter open-weight models do not
yet match commercial-grade performance. As open
biomedical LLMs continue to improve, we will explore
hybrid or fully local inference modes to complement
the current API-based path.

Appendix J. MCP Server Integration

To support seamless interaction between the language
model and external services, our system optionally
supports integration with the Model Context Pro-
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tocol (MCP)—a structured tool interface layer de-
veloped to standardize how LLMs invoke server-side
APIs. The MCP layer enables organic interaction
by exposing tools such as the UMLS mapping API
through formalized input/output schemas and func-
tional descriptions. We choose not to integrate the
MCP layer into our workflow due to inconsistent tool
calling and the need for a more structured, modular
system. However, other teams have integrated it suc-
cessfully to enhance agent reasoning and modularity.
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