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ABSTRACT

Rare diseases affect over 300 million people worldwide, yet patients often endure years-long diagnostic delays
that limit timely intervention and trial opportunities. Computational rare disease recognition (RDR) remains
constrained by knowledge resources that are often incomplete, heterogeneous, and dependent on extensive
multi-disciplinary expert curation that cannot scale. Large language models (LLMs) applied directly for end-to-
end diagnosis or disease discrimination face similar knowledge bottlenecks while also raising concerns around
cost, reproducibility, and data governance. Here, we introduce GEN-KnowRD, a knowledge-layer-first framework
that leverages LLMs to generate schema-guided rare disease profiles, systematically assesses their quality, and
constructs a computable knowledge base (PheMAP-RD) for local deployment. GEN-KnowRD integrates this
knowledge into lightweight inference pipelines for both general-purpose disease screening and specialized early
discrimination from longitudinal electronic health records. In tests using six public benchmarks for general-
purpose screening (9,290 patients spanning 798 rare diseases), GEN-KnowRD substantially improved disease
ranking versus 1) a state-of-the-art, HPO-centered diagnostic framework (up to 345.8% improvement in top-1
success), 2) advanced end-to-end LLM reasoning (up to 129.1% improvement), and 3) a variant of GEN-
KnowRD instantiated with expert-curated knowledge rather than LLM-generated profiles. In two real-world
cohorts for early diagnosis of idiopathic pulmonary fibrosis (511 patients) as a use case, GEN-KnowRD also
demonstrated robust discrimination performance gains, supporting effective RDR during the pre-diagnostic
window. These findings demonstrate that repositioning LLMs from diagnostic reasoning to the knowledge layer—
decoupling knowledge construction from patient-level inference—yields stronger RDR, while providing scalable,
continuously updatable, and reusable infrastructure for diagnosis, screening, and clinical research across the

rare disease landscape.
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INTRODUCTION

Rare diseases collectively affect an estimated 300 million people worldwide," yet their clinical complexity and
rarity leave most clinicians with limited experience in recognizing them.>* As a result, patients often endure
years-long diagnostic odysseys, missing critical windows for treatment, clinical trial participation, and therapeutic
development.® Computational approaches to rare disease recognition (RDR) have sought to close this gap by
extracting phenotypic (and, where available, genotypic) features from patient records, mapping them to
standardized representations such as Human Phenotype Ontology (HPO) terms, and matching them against
human-curated knowledge resources®'’ to prioritize candidate diseases for investigation. However, the
knowledge resources this paradigm depends on are typically heterogeneous, incomplete, biased toward well-
studied conditions, and reliant on extensive manual curation that is expensive to maintain and cannot keep pace
with rapidly evolving medical evidence.'®?* These limitations increasingly constrain the reliability, scalability, and
equity of RDR.

Recent advances in large language models (LLMs) have sparked enthusiasm for end-to-end diagnostic
reasoning.>>*® However, directly applying LLMs as diagnosticians or discriminators does not fundamentally
resolve the knowledge infrastructure problem. The knowledge encoded in LLMs’ parameters is implicit and
difficult to govern or trace, while retrieval-augmented approaches remain only as reliable as the underlying

corpora and the retrieval pipelines,®*-33

offering no assurance that the evidence most relevant to a given patient
in terms of semantics and granularity will be reliably retrieved,* correctly grounded,*® or consistently applied.®
These limitations are compounded by practical constraints. Deploying frontier LLMs for routine clinical inquires
is computationally and financially prohibitive at health-systems scale, and transmitting sensitive patient
information to proprietary models or external services they invoke raises concerns around data privacy and
governance.?” Together, these factors motivate an alternative strategy, one that harnesses LLM capabilities

upstream, while keeping patient-level inference lightweight, local, and more reliable.

We hypothesize that the core limitation of computational RDR lies not in the sophistication of downstream
inference but upstream, in how disease knowledge is synthesized, structured, and made computable. Rather
than using LLMs as per-patient reasoners, we reposition them to the knowledge layer where they generate
reusable disease representations. Under this paradigm, inference can be executed through lightweight,
deterministic pipelines grounded in a shared knowledge layer, thereby decoupling knowledge synthesis from

patient-level reasoning.

Here, we present GEN-KnowRD (GENerative Knowledge-driven Rare Disease recognition framework; Fig. 1a).
This framework transforms LLM applications for RDR by moving LLMs from the point of diagnosis or
discrimination to the rare disease knowledge (RDK) layer. Using the rare disease report catalog of the National
Organization for Rare Disorders (NORD) database,*® GEN-KnowRD 1) prompts multiple advanced LLMs
(Claude Sonnet 4,*° DeepSeek R1,*° Gemini 2.5 Pro,*' and OpenAl 03*) to produce schema-guided disease
profiles; 2) conducts multi-faceted quality assessment of the resulting disease profiles; and 3) converts them into

a computable knowledge base, PheMAP-RD.
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Building on this resource, GEN-KnowRD then implements two inferential pipelines that enable rich clinical
evidence distillation: one designed for general-purpose disease screening that produces a ranked list of
candidate diseases, and another tailored to specialized disease discrimination that classifies whether a patient
has a target disease. In our design, these pipelines operate on patient-level clinical evidence derived from
existing health records, while PheMAP-RD is applied as a reusable, local knowledge resource to the patient data
without requiring patient information to be sent to any LLM. Extensive evaluations across both public (9,290
patients spanning 798 distinct rare diseases) and private (longitudinal cohorts for idiopathic pulmonary fibrosis
diagnosis that involve 511 patients from Vanderbilt University Medical Center) benchmarks demonstrate that
GEN-KnowRD consistently 1) outperforms a state-of-the-art, two-stage HPO-centered diagnostic framework
(PhenoBrain*?), 2) surpasses pipelines based on human-curated knowledge bases (i.e., NORD rare disease
reports®), and 3) achieves performance that is better than OpenAl GPT-5, a state-of-the-art LLM baseline
performing end-to-end inference. Most notably, GEN-KnowRD based on the knowledge source generated by
Claude Sonnet 4 delivers the strongest overall performance and robust gains, surpassing alternative LLM-
generated disease profiles across evaluation settings. We have released PheMAP-RD through our public service
platform* (Supplementary Figs. 1,2) as a reusable resource that can be readily integrated into future diagnostic
systems, including retrieval-augmented and agentic LLM pipelines. Rather than attempting to directly refine end-
to-end LLM- or agent-based diagnostic methods, GEN-KnowRD offers an enhancing complementary approach;
this approach provides better-structured knowledge and principled processing modules that can strengthen
evidence retrieval, grounding, and downstream decision support efficiently; moreover, it can adapt to

improvements in underlying information or tools.
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in the NORD rare disease report catalog, multiple large language models (LLM) are independently prompted to generate a
schema-guided disease profile comprising ten clinically meaningful sections; the quality of LLM-generated rare disease
profiles is assessed using a multi-faceted framework that combines objective quantitative metrics with clinical expert review;
a general-purpose rare disease screening pipeline then compares both sparse and dense representations of patient clinical
presentation description against the corresponding representations of rare diseases to derive an initial disease ranking
(Stage 1), followed by a knowledge-boosted reranker that refines the top candidate list (Stage 2); a specialized rare disease
discrimination pipeline, illustrated using IPF as a use case, extracts disease-relevant clinical evidence and quantifies
symptom presence and severity from longitudinal clinical notes prior to diagnosis, followed by lightweight classification
models that distinguish IPF from non-IPF patients and from suspected IPF patients. b, A summary of the public benchmarks
used to evaluate the performance of the general-purpose rare disease screening pipeline, as well as the utility of disease
profiles for rare disease recognition. ¢, Composition of the public benchmarks used for evaluation. d, Disease distribution
across the public benchmarks after excluding patients whose diseases fall outside of the scope of the NORD report catalog.
e, Distribution of disease complexity across the public benchmarks, based on the Orphanet disease classification and
defined by the number of affected body systems. f, A summary of the private benchmark and tasks from Vanderbilt
University Medical Center used to evaluate the performance of the specialized rare disease discrimination pipeline, as well
as the utility of disease profiles for rare disease recognition. NORD: National Organization for Rare Disorders; LLM: large
language model; UMLS: unified medical language system; AUROC: area under the receiver operating characteristic curve;
MRR: mean reciprocal rank; IPF: idiopathic pulmonary fibrosis.
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RESULTS
An overview of GEN-KnowRD and datasets

GEN-KnowRD is comprised of four components (Fig. 1a): 1) LLM-based rare disease profile creation, 2) multi-
faceted RDK quality evaluation, 3) general-purpose rare disease screening, and 4) specialized rare disease
discrimination. Rather than relying on the knowledge encoded in LLMs or on existing external knowledge for
RDR, GEN-KnowRD harnesses LLMs to construct systematic, well-structured, and reusable RDK layer in a
machine-actionable form. We limited the scope of the rare disease profile creation to the 1,320 diseases in the
NORD Rare Disease Database® (which incorporates knowledge from OMIM and Orphanet) for which NORD
provides expert-curated, in-depth disease reports covering disease characteristics, diagnosis evaluation,
management, and prognosis. This subset serves as a rigorously defined evaluation backbone for three reasons.
First, the included diseases are supported by structured, clinically vetted descriptions that enable systematic
comparison between LLM-generated and expert-curated knowledge under controlled conditions. Second, they
correspond to rare diseases with sufficiently annotated patient cohorts across public benchmarks, permitting
reliable, label-verified performance evaluation. Third, constraining the candidate space during initial validation
allows us to isolate the impact of knowledge-layer quality and inference architecture without confounding effects
from diseases lacking standardized descriptions or benchmark cases. Importantly, GEN-KnowRD is modular
and not restricted to this subset. The framework can be extended to additional rare or common diseases as
structured knowledge sources and labeled cohorts become available. The present scope therefore provides a
high-quality, controlled testbed to evaluate knowledge-layer construction and its downstream impact, rather than

a structural limitation of the approach.

For component 1 (LLM-based rare disease profile creation), we selected four representative LLMs—namely,
Claude Sonnet 4,* DeepSeek R1,*® Gemini 2.5 Pro,*' and OpenAl 03**—because they demonstrate state-of-
the-art performance across diverse model families and offer strong reasoning and synthesis capabilities well-
suited for knowledge layer construction. Each model was then instructed to generate a schema-guided multi-
section profile for each disease. The profiles cover ten prespecified axes: 1) disease overview, 2) synonyms and
abbreviations, 3) subtypes or variants, 4) epidemiology, 5) etiology and pathogenesis, 6) clinical presentation, 7)
diagnostic evaluation, 8) management and standard therapy, 9) investigational or emerging therapies, and 10)

prognosis. The prompt template is detailed in Supplementary Table 1.

Based on the disease profiles generated from each model, we then completed the development of the
corresponding RDK layer by extracting the disease-relevant clinical concepts. These concepts are used for
matching information from medical records for diagnostic purposes. Unlike prior models that have relied primarily
on HPO terms for RDR tasks,** GEN-KnowRD extracts the unified medical language system (UMLS) concepts
of selected semantic categories from the collected rare disease profiles, enabling a more informative
representation of rare diseases. The rationale for extracting UMLS concepts is twofold. First, HPO is designed
to represent phenotypic abnormalities, whereas the UMLS integrates broader and richer information spanning

drugs, disorders, procedures, laboratory tests, devices, anatomy, genes, proteins and more that can be used to
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capture non-phenotype signals for more robust RDR. Second, UMLS concepts aggregate extensive synonyms,
abbreviations, and lexical variations that commonly appear in clinical texts, and thus improve the ability to match
diverse textual expressions of the same concept across heterogeneous real-world clinical documentation. The
extracted UMLS concepts, together with the LLM-produced disease profiles from which the concepts were
derived, constitute the RDK layer and are organized into a unified knowledge base, PheMAP-RD, allowing a
direct mapping between clinical narratives and machine-actionable concepts. While PheMAP-RD focuses on
disease-level, concept-centric knowledge, more contextual signals are considered in our downstream pipelines.
To preserve provenance and support source-specific assessment, knowledge from different sources (a specific

LLM or NORD reports) is maintained and evaluated separately.

For component 2 (multi-faceted RDK quality evaluation), we combined automated quality checks with targeted
expert review. Automated metrics captured key properties of the generation process and the resulting RDK,
including execution time, token usage, readability, reference composition, and clinical concept coverage. These
analyses were complemented by clinical expert review (V.E.K. and M.G.) of the produced RDK layer for multiple
randomly selected rare diseases (n=4). This evaluation framework is intended to be applied at each release of
disease profiles, with automated checks run for every update, complemented by expert review used for quality
assurance on sampled diseases and high-impact changes. These expert reviews are part of GEN-KnowRD’s

evaluation process and thus are distinct from the expert curation of NORD reports. See Methods for details.

For component 3 (general-purpose rare disease screening), we developed a novel two-stage pipeline in GEN-
KnowRD that ranks the most likely candidate diseases based on a patient’s clinical presentation description (e.g.,
a summarized document or raw clinical notes). In the first stage, the clinical presentation of a patient first
undergoes the same UMLS concept extraction process as described, such that a sparse representation is
constructed in the form of a discrete UMLS concept list. GEN-KnowRD then applies the BM25 algorithm* to
calculate the similarity between this sparse representation and that of each rare disease profile, resulting in a
concept-based ranked list of rare diseases. Rather than solely relying on sparse representations that focuses on
lexical overlap, GEN-KnowRD also calculates semantic similarity using embedding-based dense representations
to generate an independent ranked list of diseases. We selected and finetuned Qwen3-Embedding-8B*° for
embedding generation due to its superior performance (Supplementary Table 2). We then used reciprocal rank
fusion*’ to aggregate sparse and dense disease rankings to derive a fused ranking score at the end of the first
stage. The second stage starts with the top 20 diseases according to the fused scores, where each candidate
disease (in the form of the combination of disease name and selected sections in the corresponding disease
profile) is re-evaluated against the patient’s clinical presentation description using a reranker (Qwen3-reranker-

8B*°) to derive an updated disease ranking.

For component 4 (specialized rare disease discrimination), we incorporated the capacity to evaluate a single
candidate diagnosis in GEN-KnowRD. Given the clinical presentation description of a patient and a hypothesized
diagnosis, a task-specific model determines whether the presentation is consistent with that diagnosis. Using
established disease-specific RDK, GEN-KnowRD extracts key temporal features from patients’ longitudinal

clinical notes and fits classifiers to adjudicate the diagnosis.



194
195

196
197
198

199
200
201
202
203
204
205
206
207
208
209
210
211

212
213
214
215
216
217
218
219
220

221
222
223
224
225
226
227
228

229

Assessments of GEN-KnowRD

After developing GEN-KnowRD, we first completed the automatic metrics assessment and expert review for the
LLM-generated rare disease profiles (PheMAP-RD) as described in component 2 above. This step of

assessment would be completed for each version of PheMAP-RD.

We then assessed the performance of the supported general-purpose disease screening pipeline (component
3). For these purposes, we first assembled six public rare disease benchmarks (Fig. 1b), including 1) HMS,* 2)
LIRICAL,®*" 3) MME,* 4) RAMEDIS,*® 5) MyGene2,** and 6) PMC-Patients.®®* We combined the first five
benchmarks into a single dataset (Non-PMC) and converted the HPO terms used to describe patient clinical
presentation into free-text descriptions. The PMC benchmark (i.e., PMC-Patients; free-text patient summaries)
accounted for 92.6% (8,601/9,290) of patients and included 651 unique rare diseases, whereas the Non-PMC
group contained 7.4% (689/9,290) of patients and 40 unique rare diseases (Fig. 1b,c). The two benchmarks
shared 107 overlapping diseases (Fig. 1d). Disease complexity, defined as the number of Orphanet classification
assignments (31 categories in total) according to affected body systems®, exhibited a long-tailed distribution,
with most diseases assigned to relatively small complexity (Fig. 1e). We also constructed two real-world private
diagnostic benchmarks (511 patients in total; Supplementary Table 3) based on longitudinal electronic health
records (EHR) data from Vanderbilt University Medical Center for specialized rare disease discrimination (Fig.

1f). Detailed dataset preprocessing information is provided in the Methods.

We evaluated three baseline approaches for comparison. The first was the NORD rare disease reports®, which
serves as a gold-standard knowledge source. We compared their utility against LLM-generated rare disease
profiles for supporting RDR while keeping the GEN-KnowRD’s RDR pipelines fixed. The second baseline was
PhenoBrain®®, a state-of-the-art, HPO-first RDR framework that reflects the prevailing two-stage RDR paradigm.
This approach first maps a patient’s clinical presentation description into HPO terms and then ranks diseases
using an ensemble model grounded in human-curated knowledge. Third, we evaluated GPT-5 as a
representative advanced LLM baseline for RDR to assess whether GEN-KnowRD, a lightweight framework, can
achieve performance comparable to end-to-end LLM reasoning approaches, which are substantially more
computationally intensive.

Finally, we assessed the utility of component 4 (specialized rare disease discrimination) with idiopathic
pulmonary fibrosis (IPF) as a use case. IPF is a condition known for prolonged symptom-to-diagnosis delays;**>*
as such, patients could greatly benefit from earlier identification. To test this capacity, we designed two diagnostic
classification studies: 1) distinguishing IPF from non-IPF pulmonary diseases that may present with similar
nonspecific symptoms and are often documented earlier in the diagnostic journey, and 2) distinguishing IPF from
suspected IPF cases, targeting a clinically important pre-clinical suspicion window of high diagnostic uncertainty,
when accurately discriminating true IPF among suspected cases can accelerate referral and enable timely entry

into IPF-focused care pathways.
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Quality of generative-Al based RDK

Rare disease profile generation demonstrated distinct patterns across LLMs (Table 1). First, OpenAl 03 and
Gemini 2.5 Pro had the shortest prompt-to-response times, generating each disease profile in approximately 88
seconds, whereas Claude Sonnet 4 and DeepSeek R1 required significantly longer amounts of time (more than
140 seconds per disease). Second, Claude Sonnet 4 consumed the largest prompt contexts (323,766 tokens
per disease), due to external web search and the integration of extensive retrieved information; it also generated
the most verbose rare disease profiles (5,230 tokens per disease). OpenAl 03 ranked second for both input and
output token usage. By contrast, Gemini 2.5 Pro and DeepSeek R1 consumed input contexts that were roughly
two orders of magnitude smaller and output shorter disease profiles. Third, other than Claude Sonnet 4, whose
reasoning information is not available, OpenAl 03 triggered the reasoning function the most (37.5%), leading to

more reasoning tokens per disease (1,288), followed by Gemini 2.5 Pro and DeepSeek R1.

Table 1: Summary of LLM-produced rare disease profiles and their generation process.

Source Rt("::(:zg(:'sTe Input Tokens Output Tokens Reasoning Tokens ReaRsa(:ir:)lng Queries per Disease*
Mean Median Mean Median Mean Median Mean Median Mean Median
(STD) (IQR) (STD) (IQR) (STD) (IQR) (STD) (IQR) (STD) (IQR)
140.31 314,579 5131
Claude 144.71 323,766 ’ 5,230 6.10 6
Sonnet4 | (35.48) <11626"_'2947)’ (106.225) fgffgf)’ (964) (E‘)‘gff)’ NA NA NA (1.14) (5.7)
Gemini 2.5 87.93 81.62 1,403 1,405 2,645 2,607 790 430 o 13.36 11
(69.98, (1,346, (2,250, (275, 29.9%
Pro (23.9) 102.14) (121) 1,472) (554) 2,959) (808) 988) (7.33) 9,17)
81.58 144,767 3,385 1,216
OpenAl 03 88.68 (66.20, 157,212 (101,700, 3,439 (3,032, 1,288 (960, 37.5% 9.34 9
(41.51) 104.46) (79,574) 195,678) (597) 3,801) (444) 1.536) (2.93) (7,11)
DeepSeek 141.69 (132?23 749 (3) 748 2,886 (:238:23? 769 (22? 27.0% 0 0
R1 (47.04) 171.12) (747, 750) (880) 3,486) (590) 716) (0) (0,0)

NA: not available; STD: standard deviation; IQR: interquartile range; *: queries are performed by LLMs to seek for additional
information.

We observed multiple notable semantic characteristics in the rare disease profiles that were produced.
Readability scores for all LLM-generated disease profiles, as well as the NORD reports, fell within the college-
to-graduate range based on the Simple Measure of Gobbledygook metric (SMOG) (Fig. 2a), consistent with our
prompt’s intent that the summaries “serve as a reliable Wikipedia entry for use by medical researchers and
healthcare professionals”. Among the models, Gemini 2.5 Pro produced the most readable texts (corresponding
to the lowest readability score), whereas OpenAl 03 showed the highest linguistic complexity and thus required
greater reading capability. Claude Sonnet 4 and DeepSeek R1 yielded readability levels that were the most
similar to the expert-curated reports. Since LLMs employ different evidence retrieval strategies, they exhibited
distinct citation patterns. Gemini 2.5 Pro and Claude Sonnet 4 produced roughly 20 references per disease,
whereas OpenAl 03 generated about 14 (Fig. 2b). Given that DeepSeek R1 did not support web search through
an application programming interface (API) at the time of our experiments, it did not produce any references.
Across models, references were most frequently drawn from government or official biomedical databases, such

as PubMed, PMC, and NCBI, which index much of the authoritative peer-reviewed literature (Fig. 2¢). The LLMs
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also relied heavily on specialized rare disease databases like Orphanet, which offer curated, high-specificity
information about rare disorders. In addition, clinical or medical reference (e.g., Medscape, Cleveland Clinic
Health Library, and Mayo Clinic Diseases and Conditions) and encyclopedia (e.g., Wikipedia) platforms were
commonly cited for practical details on disease symptoms, diagnosis, and treatment guidelines. Academic
journals or research portals, such as ScienceDirect, Wiley Online Library, MDPI, and ResearchGate, also
contributed a nontrivial portion of citation coverage. Nonetheless, the usage of these three information categories
was more variable across LLMs compared to government or official biomedical databases. Overall, Claude

Sonnet 4 had wider citation coverage than other models.
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Fig. 2: Evaluation of LLM-generated RDK using semantic-based analysis and expert review. a, Readability of rare
disease profiles measured by the Simple Measure of Gobbledygook (SMOG). b, Average number of references generated
per disease. ¢, Distribution of reference source types. d, Number of unique matched UMLS concepts per disease across
semantic groups (each concept is counted once per profile, even if matched multiple times). e, Jaccard similarity of UMLS
concept sets among models within each semantic group. f, Expert evaluation of rare disease profiles for four randomly
sampled rare diseases, with scores averaged across two clinical experts blinded to the source of disease profiles. NORD:
National Organization for Rare Disorders; UMLS: unified medical language system.

At the concept level, we observed that the number of extracted unique UMLS concepts varied across clinically
relevant semantic groups and across LLMs (Fig. 2d). The “symptoms & conditions” group contributed the largest
share of matches, followed by “genetics & molecular biology”, which was consistent with the goal of orienting
disease profiles to support RDR. By contrast, the “drugs & procedures” and “diagnostics & laboratory findings”
groups contained far fewer concepts across models, reflecting the lack of effective treatments and diagnostic
approaches for rare diseases. Across model outputs, the disease profiles produced by Claude Sonnet 4 match
the largest number of distinct UMLS concepts in all semantic groups, suggesting greater capability for evidence
retrieval in RDR; OpenAl 03 and DeepSeek R1 consistently ranked second and third. In comparison, the expert-
curated NORD reports and Gemini 2.5 Pro matched the fewest UMLS concepts across groups. Group-level
similarity analysis indicated that UMLS concepts in “symptoms & conditions” were the most consistent among
all groups, whereas “genetics & molecular biology” showed the greatest divergence (Fig. 2e). On average, the

NORD reports exhibited lower similarity to LLM-produced profiles across all groups than the similarity observed



288
289
290

291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307

308

309

among LLM-produced profiles themselves. Taken together with their smaller counts in unique UMLS concepts,
this pattern suggests a narrower scope than the broader generative coverage produced by LLMs, which may

enrich or extend the conceptual space beyond expert-curated content.

Two clinical experts independently assessed profiles for four randomly selected diseases (i.e., Behcet's
syndrome, granulomatosis with polyangiitis, IPF, and myasthenia gravis) across four dimensions: factual
accuracy, clinical completeness, utility, and specificity. Inter-rater agreement measured with Cohen’s Kappa was
substantial (0.644), according to Landis and Koch criteria.*” Across these diseases, LLM-generated profiles
consistently exceeded the expert-curated NORD reports in most dimensions (Fig. 2f). NORD reports ranked
lowest in clinical completeness, utility and disease specificity, and lower than DeepSeek R1- and Gemini 2.5
Pro-generated profiles in factual accuracy. Expert reviewers attributed specific shortcomings in the NORD IPF
report to reliance on outdated clinical guidelines and conflation of drug-induced and radiation-induced pulmonary
fibrosis with IPF. Among LLM-generated profiles, DeepSeek R1 and OpenAl O3 received the highest ratings for
clinical completeness, utility and disease specificity, while DeepSeek R1 and Gemini 2.5 Pro ranked highest in
factual accuracy. Claude Sonnet 4 ranked in the middle tier across most dimensions. Despite these
improvements, the expert reviewers also noted that the Claude Sonnet 4-generated IPF profile referenced
clinically unavailable diagnostic tests (e.g., BAL SP-A levels, genetic testing) as though they play a routine role
in diagnosis. These findings suggest that, at least for the diseases evaluated, LLM-generated profiles can
achieve clinician-assessed quality that surpasses or equals established expert-curated resources, while also
revealing dimension-specific variation across models. Interestingly, these expert ratings did not directly predict

downstream computational performance, as shown in the following sections.
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Fig. 3: Stage-wise evaluation of GEN-KnowRD’s general-purpose rare disease screening. a, Recall for Stage 1 and
Stage 2 across knowledge sources, along with a Stage 2 variant that reranks diseases using only disease names. b,
Distributions of the mean reciprocal rank (MRR) of the ground-truth disease across knowledge sources. MRR differences
between each LLM-based knowledge source and the NORD reports were evaluated using two-sided Wilcoxon signed-rank
tests. ¢, Recall@1 of disease rankings out of Stage 1 across disease complexity categories based on Orphanet classification.
The number of patents within each group is indicated. d, Recall@1 of disease rankings out of Stage 2 across disease
complexity categories based on Orphanet classification. e, UpSet plot showing the number of rank gains of the ground-truth
rare diseases attributable to knowledge-boosted reranking in Stage 2. The leftmost bar indicates the number of patients for
whom the ground-truth disease moves up from Stage 1 position. f, Relationship categories identified in cases where Claude
Sonnet 4 ranks the ground-truth rare disease second. *** indicates p<0.001 with Holm-Bonferroni correction. NORD:
National Organization for Rare Disorders; LLM: large language model.

There were several notable findings in our assessment of general-purpose rare disease screening using GEN-
KnowRD (component 3). First, across all knowledge sources, Stage 2 reranking uniformly refined Stage 1
disease rankings, improving Recall@1, @3, and @5 (Fig. 3a). For example, with expert-curated NORD rare
disease reports, Stage 2 yielded a Recall@1 of 0.837, which surpassed Stage 1’s rankings (0.613) by 36.5%.
Second, LLM-produced rare disease profiles achieved consistently better RDR performance across both stages
compared to expert-curated reports. Notably, Claude Sonnet 4 achieved a Stage 1 Recall@1 of 0.690,
corresponding to a 12.6% increase over NORD reports (0.613). This advantage persisted in Stage 2, although
the improvement reduced to 2.7%. Third, Claude Sonnet 4 outperformed other LLMs on Recall@1, and, together

with OpenAl 03, achieved the highest Recall@3 and Recall@5. This suggests that the rare disease profiles
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generated by Claude Sonnet 4 provide stronger support for RDR. Fourth, an alternative Stage 2 approach that
reranks diseases using only the disease names (without incorporating knowledge) performed uniformly worse
than standard Stage 2 across all LLMs, highlighting the value of Stage 2’s knowledge-boosted design. Fifth,
mean reciprocal rank (MRR), calculated as the average of the reciprocal ranks of the ground-truth diseases (with
a range from 0 to 1), was leveraged to summarize the overall ranking quality for each knowledge source (Fig.
3b). The LLM-produced knowledge layer (i.e., disease profiles) consistently outperformed NORD reports,
yielding statistically significantly higher MRR across Stages 1 and 2. Among these sources, Claude Sonnet 4

performed best in Stage 1, whereas Claude Sonnet 4 and OpenAl 03 both led in Stage 2.

We further evaluated GEN-KnowRD by disease complexity and observed heterogeneity in RDR performance
(Fig. 3c,d). The variability within and across complexity levels was more pronounced in Stage 1 than in Stage 2,
consistent with the observed recall patterns above. At Stage 1, GEN-KnowRD, on average, exhibited a lower
performance for diseases affecting four (Recall@1=0.624 across knowledge sources), five (0.600), or six (0.568)
body systems (overall mean Recall@1=0.597), relative to those with fewer affected systems (overall mean
Recall@1=0.672) or more systems (overall mean Recall@1=0.691). A similar phenomenon persisted in Stage
2, although the variability was largely attenuated by the knowledge-boosted reranking. Across knowledge
sources, Claude Sonnet 4-generated disease profiles achieved the strongest results, ranking best in six of nine
complexity levels at Stage 1 and five out of nine at Stage 2 (Supplementary Fig. 3). By contrast, NORD reports

often performed worst (seven of nine levels at Stage 1 and five of nine at Stage 2).

The benefit of knowledge-boosted reranking (Stage 2) was further reflected in rank gains for ground-truth (i.e.,
verified) diagnoses (Fig. 3e). Across knowledge sources, approximately 1,000 patients had their Stage 1 ranks
of the true diagnoses improved, highlighting the reranker’s ability to leverage nuanced clinical evidence when
aligning patient presentation with disease knowledge. Of these improvements, about 60% (612 patients) were
shared across all knowledge sources, representing the largest subset. The second largest subset of rank gains
was shared by all knowledge sources from LLMs (99 patients), whereas improvements involving the NORD

reports occurred in substantially smaller subsets, each comprising no more than half of that size.

Beyond aggregate RDR performance, we performed a ranking discrepancy analysis using GEN-KnowRD with
the Claude Sonnet 4-produced disease profiles as an example (Fig. 3f). We used three LLMs as judges
(Gemma-3-27B, OpenAl GPT-5, and OpenEvidence) and took their consensus to characterize the relationship
between the top-rank disease and the true diagnosis. Among the 502 patients for whom the true disease was
ranked second (accounting for approximately 80% of top-3 ranking discrepancies), the most common pattern
was a broader-narrower relationship, where one disease was a parent entity or subtype of the other, accounting
for 26.7% of the discrepancies. The remaining discrepancies were attributable to differential diagnosis pairs that
are commonly confused clinically (25.1%), etiologic relationships where one can cause or lead to the other
(18.9%), diseases within the same family (17.7%), and unrelated pairs with no meaningful links (11.6%). See

detailed process in Methods.
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Fig. 4: Evaluation of GEN-KnowRD-Ensemble against representative RDR approaches. a, Recall@1. b, Recall@2.
¢, Recall@3. d, Distribution of knowledge sources that GEN-KnowRD-Ensemble adopts in determining the final rare disease
rankings. ***, **, and * indicate p<0.001, p<0.01, and p<0.05, respectively, from a two-sided Wilcoxon signed-rank test with
Holm-Bonferroni correction. The prompt used for OpenAl GPT-5 is provided in Supplementary Table 4. NS: not significant;
NORD: National Organization for Rare Disorders.

Beyond evaluating a single knowledge source for RDR, we further examined the feasibility of leveraging all LLM-
produced knowledge sources jointly. Specifically, we explored a gated ensemble strategy (GEN-KnowRD-
Ensemble) that considers rankings from GEN-KnowRD instantiated with different LLM-produced knowledge
sources. We compared this strategy with two state-of-the-art RDR approaches (i.e., PhenoBrain and OpenAl
GPT-5), as well as with GEN-KnowRD using the NORD reports. Among 7,038 patient cases with valid outputs
from all approaches, GEN-KnowRD-Ensemble outperformed OpenAl GPT-5 with statistical significance across
Recall@1, Recall@2, and Recall@3 (Fig. 4a-c). One exception was Recall@1 on PMC (6,364 patients), where
OpenAl GPT-5 showed slightly better performance. This result might be attributable to the free-text nature of
PMC and potential data leakage during model pretraining. In contrast, OpenAl GPT-5 performed significantly
worse on Non-PMC (674 patients) across Recall@1, Recall@2, and Recall@3. For example, GEN-KnowRD-
Ensemble achieved a Recall@1 improvement of 129.1% than OpenAl GPT-5. This result might be attributable
to Non-PMC benchmarks encoding a patient’s clinical presentation as individual HPO identifiers, for which LLM
pretraining is less likely to capture the meaningful associations between these terms and true diagnoses at the
free-text level. Moreover, GEN-KnowRD-Ensemble also yielded significantly higher recall than PhenoBrain
across benchmarks, underscoring the limitations of pipelines that depend primarily on HPO extraction and
mapping. For example, GEN-KnowRD-Ensemble achieved a Recall@1 gain of 345.8% relative to PhenoBrain
on PMC. Nevertheless, PhenoBrain still outperformed OpenAl GPT-5 on Non-PMC, highlighting the value of
compact, task-specialized models for RDR. Furthermore, GEN-KnowRD-Ensemble surpassed GEN-KnowRD
with NORD reports, especially on Non-PMC (corresponding to a Recall@1 gain of 8.3%), demonstrating the
added benefit of combining multiple LLM-derived knowledge sources through the gated ensemble mechanism.
Detailed comparison results between GEN-KnowRD-Ensemble and GEN-KnowRD with individual knowledge
sources are provided in Supplementary Table 5. Analysis of the knowledge source selected by the gating

mechanism in GEN-KnowRD-Ensemble indicated that Claude Sonnet 4-derived knowledge source was used
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most frequently (56.1%), followed by Gemini 2.5 Pro (23.5%), DeepSeek R1 (12.9%), and OpenAl 03 (7.5%)
(Fig. 4d).

Specialized rare disease discrimination evaluation
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Fig. 5: Evaluation of GEN-KnowRD in early diagnosis of idiopathic pulmonary fibrosis (IPF). a, UpSet plot showing
overlap among UMLS concepts extracted from the clinical presentation sections of rare disease profiles. b, Differences in
the total number of matched UMLS concepts extracted from longitudinal clinical notes of IPF group versus non-IPF group
(169 patients per group; Study 1). Multiple mentions of the same concept within a single note are counted only once. c,
Differences in the total number of matched UMLS concepts extracted from longitudinal clinical notes of IPF group versus
suspected IPF group (171 patients per group; Study 2). d, AUROC and F1 scores of GEN-KnowRD with TF-IDF-weighted
concept importance for early diagnosis of IPF in Study 1. e, AUROC and F1 scores of GEN-KnowRD with SIS-weighted
concept importance for early diagnosis of IPF in Study 1. f, AUROC and F1 scores of GEN-KnowRD with TF-IDF-weighted
concept importance for early diagnosis of IPF in Study 2. g, AUROC and F1 scores of GEN-KnowRD with SIS-weighted
concept importance for early diagnosis of IPF in Study 2. Youden index is applied to determine cut-off thresholds and 95%
confidence intervals for AUROC and F1 are presented for knowledge sources. UMLS: unified medical language system;
NORD: National Organization for Rare Disorders; AUROC: area under the receiver operating characteristic curve; TF-IDF:
term frequency-inverse document frequency; SIS: symptom importance score.

We used IPF as a case study to evaluate GEN-KnowRD for specialized rare disease discrimination (component
4). In this setting, the number of extracted UMLS concepts from the IPF disease profiles varied across knowledge
sources (Fig. 5a). The NORD IPF report contained 278 distinct UMLS concepts (the largest set), whereas
OpenAl o3-generated IPF disease profile contained 154 concepts, representing the smallest set. Only 33
concepts overlapped across all five sources, while 10 concepts were shared across the LLM-generated disease
profiles, suggesting the strong uniqueness and diversity of knowledge representations across sources. Using
the UMLS concepts extracted from each knowledge source, we identified their meaningful mentions in
longitudinal clinical notes from the constructed cohorts in both early diagnosis studies (Supplementary Fig. 4)
and then calculated, for each source, the difference in the total number of matched concepts between cases and
controls. In Study 1 (IPF vs non-IPF), the disease profile generated by Claude Sonnet 4 yielded the largest case-
control differences (Fig. 5b), indicating richer and more discriminative coverage of IPF-related characteristics,
even though these sources did not have the highest number of distinct IPF concepts overall. By contrast, in

Study 2 (IPF vs suspected IPF), the NORD IPF report corresponded to the largest case-control concept
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difference (Fig. 5¢). Across both studies, the OpenAl o3-generated IPF profile produced the smallest case-

control concept differences.

There were multiple notable findings in the performance of component 4 for IPF early diagnosis. First, Studies 1
and 2 differed markedly in difficulty, as evidenced by substantially higher area under the receiver operating
characteristic curve (AUROC) and F1 scores achieved in Study 1 versus Study 2 across all concept-weighting
strategies (Fig. 5d-g). This difference was expected, as IPF and other distinct pulmonary diseases tend to share
fewer common clinical and physiological signatures in clinical notes than IPF and suspected IPF cases, whereas
suspected IPF cases are enriched for fibrotic descriptors and diagnostic uncertainty, making the negative class
highly confusable and the task inherently more difficult. Consequently, Study 2 required resolving fine-grained,
trajectory-dependent evidence beyond keywords, motivating more sophisticated approaches. Second, in Study
1, the OpenAl 03-produced IPF profile yielded significantly lower performance than the NORD IPF report and
other LLM-based sources, with an AUROC of 0.731 (TF-IDF-weighted concept importance) and 0.710 (SIS-
weighted) and F1 of 0.652 (TF-IDF) and 0.619 (SIS) (Fig. 5d,e). This result may be partially explained by the
OpenAl 03-produced IPF clinical presentation lacking key terminology related to pulmonary fibrosis. In contrast,
the corresponding AUROC and F1 scores for the NORD IPF report and other LLM-based sources were all above
0.800. Third, compared to TF-IDF-weighting, SIS-based weighting not only sharpened performance separation
across knowledge sources, but also improved overall performance. Notably, the Claude Sonnet 4-based IPF
profile achieved the highest AUROC (0.992) and F1 (0.956), corresponding to gains of 10.8% and 16.0% over
the TF-IDF weighting setting, where most knowledge sources, except OpenAl 03, offered largely similar support
for early diagnosis. Fourth, the differences of early diagnosis performance in Study 2 were more modest overall
(Fig. 5f,g). Nevertheless, the NORD IPF profile had relatively weaker performance than the LLM-produced
disease profiles in terms of AUROC and F1. Notably, the average AUROC and F1 of OpenAl 03 ranked highest
in Study 2, suggesting that its symptom representations captured clinically meaningful distinctions within this
challenging borderline population. The Claude Sonnet 4-generated IPF profile ranked second, achieving AUROC
of 0.660 (TF-IDF) and 0.666 (SIS) and F1 of 0.557 for both weighting strategies.
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DISCUSSION

The current limitations of RDR pose a major challenge that hinders timely intervention, cohort identification of
patients for enroliment in clinical trials, and advances in therapeutic development. Yet current computational
approaches for RDR depend on knowledge resources that are expensive to curate, structurally heterogeneous,
incomplete, and slow to incorporate emerging evidence. To address these constraints at their source, we
developed GEN-KnowRD, a knowledge-first framework that generates schema-guided rare disease profiles,
converts them into an Al-ready knowledge base (PheMAP-RD), and then links this resource with lightweight
inference pipelines. Across six public benchmarks for general-purpose rare disease screening and two private
longitudinal EHR cohorts for IPF early diagnosis, GEN-KnowRD consistently improved RDR relative to a state-
of-the-art, HPO-centered baseline and to pipelines grounded in expert-curated NORD reports, while achieving
stronger results than end-to-end LLM-based reasoning. These findings support our hypothesis that RDR is often
constrained by how domain knowledge is presented and leveraged, and how clinical evidence is distilled into
actionable signals; as such, that strengthening the upstream knowledge layer and evidence processing can

enable strong performance even with lightweight downstream strategies that can be deployed locally.

Our results indicate the broad translational value of GEN-KnowRD. Since the produced knowledge base
PheMAP-RD provides structured, computable rare disease profiles that are decoupled from any single inference
method, it can naturally function as shared infrastructure across clinical applications. For screening and triage,
the general-purpose pipeline can flag patients whose records suggest unrecognized rare conditions, which
potentially supports earlier specialist referral and prompting targeted genetic testing. For clinical research, the
same knowledge base can be repurposed to match patient phenotypic profiles against trial eligibility criteria,
accelerating cohort identification for rare disease studies. Critically, the modular and reusable design of the
knowledge layer means that PheMAP-RD is not limited to the pipelines presented in this paper. As end-to-end
and agentic Al diagnostic systems continue to advance, exemplified by recent work such as DeepRare,? the
quality of knowledge they retrieve and reason over will remain a key determinant of their reliability. GEN-KnowRD
is designed to complement such systems by providing quality-assessed knowledge base that can strengthen
evidence retrieval, grounding, and decision support. In this sense, GEN-KnowRD’s contribution is not a
competing diagnostic tool, but a foundational layer that can raise the performance ceiling of the rare disease Al

ecosystem.

Underneath the performance gains, the central contribution of GEN-KnowRD is a shift in how LLMs (and Al more
broadly) are used in RDR. GEN-KnowRD employs LLMs to construct a disease knowledge layer that can be
systematically evaluated, versioned, processed, and reused. This approach addresses multiple bottlenecks of
the current knowledge-driven paradigm. First, by scaling the creation of disease profiles, it substantially reduces
multi-disciplinary human curation effort required to construct and maintain rare disease knowledge resources.
Traditional curation typically relies upon repeated manual synthesis by clinicians, geneticists, and clinical
informaticians to perform literature review, reconcile fragmented evidence across publications and guidelines,
normalize inconsistent terminology, and harmonize variable documentation practices across sources. In contrast,

GEN-KnowRD shifts the workflow from labor-intensive end-to-end drafting to targeted review and governance,
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allowing scarce expert time to be focused on validation and auditing. This design also streamlines downstream
processing, since LLM-produced disease profiles become easier to evaluate, update, and integrate into an Al-
ready knowledge base that retrieval and reranking pipelines can consume directly, with fewer failures attributable
to formatting issues or missing sections. Over time, this approach also facilitates faster refresh cycles, enabling
a living resource in which updates can be applied systematically and consistently with minimal additional human
effort.

Second, GEN-KnowRD strengthens the reliability and stability of knowledge-driven RDR by enforcing a shared
schema and editorial constraints that make disease evidence easier to compare across conditions and less
sensitive to source-specific idiosyncrasies. Compared to ad hoc, heterogeneous disease knowledge sources
typically used for retrieval in end-to-end LLM workflows, this approach reduces representational bias and noise
arising from uneven coverage, variable emphasis, and inconsistent terminology, leading to cleaner retrieval
signals and more consistent disease prioritization. For example, in the heterogeneous knowledge setting, one
disease may be described with detailed guideline-style sections, whereas another is captured in a short narrative
that uses different synonyms and omits important information (e.g., testing cues). This difference can cause
signal retrieval to disproportionately favor the better-structured disease simply because it contains more

searchable anchors, rather than because it aligns more closely with the patient’s presentation.

Third, GEN-KnowRD enables controllable evidence pathways by separating knowledge processing from
inference, which potentially supports the ability to diagnose and localize failures, as inaccurate prioritization or
discrimination can be explicitly traced to specific stages (e.g., knowledge quality, concept extraction, retrieval,
reranking, or feature selection), rather than being entangled within one large end-to-end, opaque reasoning
process, as typically used by LLMs. Importantly, because inference is executed through fixed, lightweight
components instead of interactive, per-query LLM generation, the behavior of GEN-KnowRD is more
reproducible across runs and less vulnerable to prompt- or context-dependent variability that can otherwise

complicate validation.

Fourth, compared to RDR workflows that directly invoke advanced proprietary LLMs and require transmitting
sensitive patient health information to external services, GEN-KnowRD offers a more privacy-preserving and
security-aligned deployment model. By shifting LLM use to an offline knowledge layer construction step and
performing online inference via lightweight local computation, institutions can run the entire RDR workflow on-
premise or within a secured private cloud, keeping protected health information inside their own network
boundary. This minimizes reliance on third-party data handling and limits potential retention or secondary-use

risks, while achieving tighter control than is typically feasible with external LLM calls.

Fifth, our design substantially cuts the computational and financial costs of RDR while achieving comparable or
even greater performance than state-of-the-art approaches. GEN-KnowRD, along with PheMAP-RD, amortizes
the expense of knowledge layer construction using LLMs across future patients and institutions, paving the way
for scalable deployment without requiring per-query invocation of expensive LLM models or repeated long-
context reasoning at inference time. These savings are especially pronounced in RDR based on EHR data,

where longitudinal histories and clinical notes can be prohibitively lengthy to process directly with LLMs in routine
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workflows. Notably, PheMAP-RD is a durable community asset that can be freely reused by researchers and
hospitals so that the primary cost is paid once during creation, while the benefits accumulate broadly through

repeated downstream use.

In addition to these efficiency and scalability advantages, GEN-KnowRD also suggests a flexible pathway for
maintaining a living rare disease knowledge layer, rather than a static resource that risks falling behind advances
in clinical evidence. Because PheMAP-RD is built through a modular pipeline, it can refresh iteratively as stronger
LLMs and new evidence become available. In an updated cycle, disease profiles can be regenerated or revised,
clinical concept representation re-extracted, and the resulting knowledge base re-benchmarked before release.
This design enables PheMAP-RD to evolve with medical knowledge and language modeling technology while
lowering the maintenance burden relative to full manual re-curation. It also creates a practical path toward a

community-facing rare disease knowledge resource that improves through transparent, versioned updates.

Beyond this forward-looking implication, the present study also reveals that LLM-constructed rare disease
knowledge layer exhibits distinct characteristics that translate into measurable differences in RDR. Notably, they
vary in reference patterns, linguistic complexity, and the breadth of clinical concepts captured across semantic
groups. These differences reflect variations in LLMs’ retrieval strategies and synthesis style. Importantly, expert
review indicates that human-curated NORD reports are not superior to LLM-produced disease profiles in key
quality axes, including factual accuracy, clinical completeness, clinical utility, and clinical specificity. Indeed,
several LLM-generated disease profiles matched or exceeded NORD report on these criteria. However, we note
that expert ratings are not expected to be fully consistent with downstream RDR performance. This is because
RDR hinges not only on human perceived value, but also on how well knowledge can be operationalized for
computational matching, especially the coverage and discriminative value of extracted clinical concepts, as well
as the extent to which retrieved evidence can be reliably aligned with heterogeneous clinical presentation of
patients. The consistently strong performance of Claude Sonnet 4-produced disease profile across evaluation
settings likely stemmed from their more comprehensive and clinically grounded representations, which in turn
enable better evidence retrieval and disease ranking. Meanwhile, the diversity across LLMs motivates a source-
level perspective that heterogeneous knowledge sources can be complementary, and the aggregation through

gated ensemble can offer robustness beyond any single model's knowledge synthesis capability.

Our results further suggest that RDR performance is influenced by how patient evidence is represented and
linked to disease knowledge. Prior approaches that have relied solely on HPO term extraction followed by
phenotype matching based on the extracted terms (PhenoBrain as an example) inherit several structural
disadvantages that become salient in real-world clinical narratives. First, HPO terms capture primarily phenotypic
abnormalities and only partially reflect the breadth of diagnostically decisive evidence in rare diseases.
Discarding non-phenotypic evidence and contextual information leads to a representation bottleneck that is
difficult to overcome by supplicated matching strategies alone. Second, an HPO-first pipeline relies on accurate
phenotype normalization from noisy text, yet clinical documentation is often ambiguous, contains negation and
uncertainty, varies widely in granularity, and encodes important temporal information. These factors can induce

systematic omissions or mis-mappings that propagate through the pipeline and irreversibly constrain the
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candidate disease set. Third, phenotype-centered knowledge-matching can overemphasize the canonical
presentations while underweighting atypical or evolving manifestations. When coupled with knowledge
publication and curation biases in underlying resources, this can penalize ultra-rare diseases or evolving
manifestations. Together, these factors explain why current HPO-first approaches may reach a performance
ceiling in real-world RDR settings. In contrast, expanding the representation to UMLS concepts broadens the
clinical signal space and improves robustness to lexical and documentation variation, while GEN-KnowRD’s

lightweight downstream pipelines incorporate temporal and contextual cues during inference.

Consistent with this design rationale, our two-stage pipeline for general-purpose rare disease screening
illustrated that knowledge-boosted reranking in Stage 2 consistently improves Recall@1, @2, and @5,
compared to Stage 1 and brought performance to a more comparable range across knowledge sources. This
convergence underscores the value of reranking as a knowledge-boosted refinement step. In particular, by re-
evaluating the top-20 candidates with richer patient-disease interactions, reranking can recover signals that are
only weakly captured by first-stage lexical or embedding similarity and mitigate source-specific noise in the initial
retrieval rankings. Interestingly, reranking even without additional knowledge (e.g., using only disease names)
can boost RDR performance to roughly the same level for all knowledge sources (Fig. 3a). This reflects the
reranker's (Qwen3-reranker-8B) ability to perform stronger cross-text alignment and better calibration within a
small candidate set. Our observations are consistent with recent findings that highlight the value of reranking
across various health applications.’®*° We also note that the pretraining of the base model underlying the
reranker might have been exposed to knowledge about diseases or medicine more broadly. Nonetheless, the
consistently best results are achieved when reranking is guided by the core disease knowledge, underscoring

the added value of reusable RDK beyond the name-only setting.

The ranking discrepancy analysis highlights common weaknesses of current RDR approaches and assessment
strategies and, at the same time, reveals future directions for improvement. The high prevalence of broader-
narrower confusions suggests that GEN-KnowRD frequently identifies the correct diseases but cannot fully
resolve fine-grained disease identity. These confusions may reflect issues in label granularity mismatches across
catalogs and disease profiles that may emphasize shared manifestations more than discriminative subtype
features. Addressing this limitation will require ontology-aware normalization, subtype-specific knowledge
enrichment (e.g., adding more details that highlight what distinguishes a subtype from its parent), and refined
evidence-aware reranking that prioritizes high-specificity cues. The large share of differential diagnosis and
same-family discrepancies further reflects the RDR difficulty in settings where diseases share common
symptoms and workups, arguably one of the biggest challenges for clinicians as well. Resolving these cases will
require not only more comprehensive patient information collection, but also higher-resolution modeling that
captures temporality, severity trajectories, and discriminative evidence across similar diseases. Meanwhile,
etiologically-related discrepancies suggest that the pipeline can prioritize diseases that are causally adjacent
rather than the intended primary diagnosis, which might be addressed by exploiting causal directionality
knowledge and explicitly representing the relationships between primary diseases and their comorbidities and

complications.
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Despite the merits of this work, our study has several limitations that should be acknowledged. First, we focused
on approximately 1,300 diseases that have corresponding high-quality human-curated rare disease reports.
Scaling GEN-KnowRD to the broader rare disease spectrum will require further validation of knowledge quality,
consistency, and coverage, especially for ultra-rare and newly characterized conditions, and, critically,
sufficiently rigorous labeled cohorts for benchmarking and evaluation. Second, although our baseline
comparisons are conducted fairly, we ranked diseases within a rare disease candidate pool and did not explicitly
include common conditions. This setting may simplify real-world practice, where common diseases often
compete strongly in the differential and can be confused with rare diseases due to shared manifestations. In
future work, we intend to extend and rigorously evaluate GEN-KnowRD against the entire human disease catalog
and enable it to function as an autonomous assistant for real-time early diagnosis across diverse clinical data
environments, including EHRs. Third, LLM-generated disease profiles can vary with the choice of model,
prompting strategy, retrieval behavior, and (when applicable) tool use, and the resulting knowledge may contain
omissions or subtle inaccuracies. Although we conducted multi-faceted quality evaluation, fully characterizing
provenance, timeliness, and factual reliability at scale remains challenging. At the same time, how best to
optimize the RDK construction process and to maximize its downstream benefit for RDR are still open questions.
Fourth, while GEN-KnowRD can acknowledge genotype and multimodal cues that can be expressed in text and
mapped to UMLS concepts, the current pipelines, including ours, primarily operate on text-derived clinical
evidence and concept-level representations. The incorporation of genetic variants, imaging findings, and
laboratory patterns as first-class signals is likely to further improve both screening and discrimination, particularly
for those signals defined by genotype-phenotype specificity or characteristic biomarker signatures. This
challenge may be addressed by integrating multi-modal foundation models to encode multi-modal information
into latent representations and by coupling these embeddings with structured genotype features, which
collectively enable joint retrieval and reranking over multi-modal evidence. Fifth, the two specialized IPF
discrimination studies are derived from a single healthcare organization. As performance may vary across sites
with different note writing practice, population characteristics, and care pathways, multi-center validation is

needed to assess the transportability of our observations.
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ONLINE METHODS
Dataset
NORD Rare Disease Database and Reports

The NORD Rare Disease Database compiles a comprehensive list of more than 10,000 rare diseases by
aggregating information from established rare disease ontologies and reference sources like Orphanet and
Online Mendelian Inheritance in Man (OMIM).3® From this extensive index, NORD content experts curate the full
rare disease reports for a core subset of 1,320 diseases, each presenting summaries of clinical features,
diagnosis, management, prognosis and additional resources. These reports are produced, reviewed, and
maintained by medical experts who synthesize clinically vetted information from the medical literature, and they
are freely available to support understanding, diagnosis, and care for rare diseases. We generated disease
profiles for the 1,320 diseases that NORD has prioritized and used their reports as the primary knowledge
baseline for comparison (Fig. 1a) given that they provide publicly accessible, clinically oriented, and well-
organized information that is closely aligned with RDR using patients’ clinical notes or clinical presentation
summaries. Other resources either are not uniformly designed as a clinically oriented description of diseases
(e.g., OMIM) or vary substantially by content categories about a disease (e.g., Orphanet), making them less

suitable to serve as a strong knowledge baseline.
Public Benchmarks

We used six public RDR benchmarks that have been widely referenced in prior research?®2%4361: 1) HMS,* 2)
LIRICAL," 3) MME,*? 4) RAMEDIS,*® 5) MyGene2,** and 6) PMC-Patients.>® PMC-Patients provides free-text
patient summaries extracted from published case reports in PubMed Central, whereas the other five benchmarks
are provided in a structured format consisting of HPO terms paired with ground-truth rare disease labels. We
first mapped the disease labels of these benchmarks to the NORD rare disease report catalog through
ORPHAcode and then converted HPO terms to their corresponding free-text descriptions, so that all input patient
information in our experiments was represented as free text. For evaluation purposes, we combined the five
benchmarks other than PMC-Patients into a single dataset (Non-PMC), and, for convenience, we refer to PMC-
Patients as PMC (Fig. 1a). In total, 9,290 patients with 689 rare diseases were used in general-purpose disease
screening. Note that PMC may not be suitable for evaluating early diagnosis, since some patients in the set have
already been diagnosed. Instead, it serves as an appropriate benchmark for rare disease identification. Previous
research has used LLMs to rewrite patient descriptions to remove diagnosis-related information to better align
the input with the diagnostic task.?® However, this practice risks altering clinical meaning, potentially biasing the
assessment of knowledge sources and leading to false conclusions. We therefore used the raw PMC data in our

evaluation.
Private Benchmarks

In addition to the public benchmarks, we constructed a real-world early-diagnosis benchmark using raw,

longitudinal clinical notes from patients at Vanderbilt University Medical Center. We designed two diagnostic
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tasks using IPF as an example to demonstrate 1) GEN-KnowRD’s capacity to discriminate rare diseases, and 2)
the value of LLM-generated disease profiles. For the task of distinguishing IPF from non-IPF patients using data
prior to their diagnosis, we defined cases as individuals with not only preliminary ICD diagnosis codes, but also
billed ICD diagnosis codes (J84.112 or 516.31) documented in the EHR. We defined controls as individuals with
respiratory disease who received care from the same pulmonary specialists responsible for diagnosing IPF cases
with no recorded IPF diagnosis codes. For each of the cases, we selected a control matched on sex, race, and
age at disease onset within a £5-year window. In addition, included patients were required to meet the following
criteria: 1) disease onset age 245 years; 2) at least 90 days between the first documented visit and initial
diagnosis; 3) at least 90 days between initial diagnosis and the last documented visit; 4) at least 30 clinical notes
recorded between 18 and 3 months prior to diagnosis; and 5) at least 180-day spanning time of these notes
within the pre-diagnosis window. For the task of distinguishing IPF from suspected IPF patients, we used the
same definition of cases, while defining controls as individuals flagged in Vanderbilt University Medical Center’s
clinical EHR database as only having preliminary IPF diagnosis codes but no corresponding billed IPF codes,
using the database’s native indicators for preliminary versus billed diagnoses. Using these criteria, we identified
169 cases (and 169 matched controls) for IPF vs non-IPF comparison and 171 cases (and 171 matched controls)

for IPF vs suspected IPF comparison. Detailed cohort construction is provided in Supplementary Fig. 4.

Generation of RDK
RDK creation from generative Al models

We used Claude Sonnet 4, Gemini 2.5 Pro, OpenAl 03, and DeepSeek R1 to generate rare disease profiles with
a prompt template approved by a clinical phenotyping experts (W.Q.W.). We leveraged the corresponding
application programming interfaces (API) for efficient data collection. To improve factual grounding and reduce
hallucinated content and outdated information, we enabled the web search function in Claude Sonnet 4, Gemini
2.5 Pro, and OpenAl 03. DeepSeek R1 did not provide a comparable capability through APl during our
experiments and thus was used without web search. To facilitate subsequent analyses, we employed Databricks
MLflow Tracing to capture all details of the rare disease profile generation, including inputs, outputs, intermediate
reasoning traces (if any), and metadata for each LLM invocation. For each rase disease and each LLM, a

markdown file was created to store the corresponding disease profile.
Concept extraction

We applied SciSpacy,®® a widely used open-source biomedical NLP toolkit, to extract relevant clinical concepts,
as it provides a practical, scalable pipeline with strong usability. We used its UMLS EntityLinker for concept
extraction, with the similarity threshold set to 0.8. To identify concepts that are most relevant to the RDR tasks,
we limited the concept extraction to four UMLS semantic groups: 1) symptoms & conditions, 2) diagnostics &
laboratory findings, 3) drugs & procedures, and 4) genetics & molecular biology. The included semantic types

under each group are summarized in Supplementary Table 6. We paired LLM-generated rare disease profiles
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with the corresponding extracted UMLS concepts to construct a rare disease knowledge base termed PheMAP-
RD.

Quality evaluation of generative-Al produced RDK
Objective metrics

Objective quality evaluation of rare disease profiles encompassed both the profile generation process and the
properties of the produced profiles themselves. For the disease profile generation process for each LLM, we
reported running time, the number of input and output tokens, reasoning ratios, and external queries. Based on
the generated disease profiles, we compared the following quantities across knowledge sources: 1) the
categories and distributions of supporting references, 2) UMLS concepts matched across clinical semantic

groups, and 3) text readability.

Readability was measured using the Simple Measure of Gobbledygook (SMOG)®*%* score, an established
approach that estimates the education level required to understand a text. Specifically, SMOG calculates the
number of polysyllabic words per 30 sentences, and a higher value indicates more complex, less accessible
writing, whereas lower scores reflect clearer and more readable content. In general, SMOG scores of 13-16
correspond to college-level readability, 17-18 to graduate-level, and 19+ to post-graduate or doctoral-level

readability.®*
Expert review

Two experts (V.E.K. and M.G.) with extensive experience in clinical phenotyping conducted quality evaluations
of the collected rare disease profiles for four randomly selected diseases: Behcet's syndrome, granulomatosis
with polyangiitis, idiopathic pulmonary fibrosis, and myasthenia gravis. In addition to disease profiles produced
by LLMs, the corresponding NORD rare disease reports were also evaluated using the same criteria. The source
of each disease profile remained blind to review experts to minimize potential bias. The evaluation covered four
major dimensions using a scale from 1 (worst) to 5 (best): 1) factual accuracy, which measured the degree to
which statements, data, and claims in the disease profile were verifiable, correct, and consistent with current
peer-reviewed evidence and established clinical guidelines, 2) clinical completeness, which measured the
degree to which the disease profile covered essential clinical domains necessary for comprehensive
understanding and management of the disease, without critical omissions, 3) clinical utility, which measured the
degree to which the disease profile provided actionable, practically applicable information that supports clinical
reasoning, decision-making, and patient care workflows, and 4) clinical specificity, which measured the degree
to which the disease profile captured unique characteristics, distinguishing features, and context-specific
considerations particular to the rare disease being described, avoiding generic or non-specific content. See

Supplementary Table 7 for detailed evaluation criteria.

Cohen’s Kappa with quadratic weights was leveraged to quantify inter-rater agreement, and the mean score

across the two experts for each evaluation dimension was used to compare the quality across knowledge
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sources. We conducted dimension-wise error analysis based on the review documents collected from the review

process.

General-purpose rare disease screening
Stage 1: Sparse-dense similarity measurement

The overall goal of Stage 1 was to produce a short list of rare disease candidates that includes the ground-truth
diagnosis. To generate an initial ranked list, we calculated the similarity between a patient’s clinical presentation
descriptions and rare disease profiles using both sparse and dense representations. We used the BM25%
algorithm for sparse matching and embedding-based similarity for dense semantic matching. BM25 emphasizes
exact term overlap and thus favors scenarios where disease specific terminology and explicit descriptors are
present. In contrast, embedding-based similarity captures broader semantic relationships and can identify
relevant diseases even when key terms are expressed differently or not stated verbatim. Because these methods
excel under different linguistic conditions, combining them can leverage complementary signals and potentially

yield more robust candidate prioritization than either method alone.

We focused on four core sections of the generated rare disease profiles that capture the most clinically relevant
information: 1) clinical presentation, 2) diagnostic evaluation, 3) subtypes or variants, and 4) management and
standard therapy. Given that NORD rare disease reports do not consistently follow these section designs, we
used an LLM to restructure the original reports into the same four categories without rewriting or adding new
information. Specifically, we prompt Qwen3-235B-A22B to assign each sentence to one of the four sections (See

the prompt in Supplementary Table 8).

Among the top three embedding models on the Massive Text Embedding Benchmark (MTEB) leaderboard® as
of September 2025, Qwen3-Embedding-8B*® and Llama-Embed-Nemotron-8B® are open-source and suitable
for further development. To determine their capability in real-world clinical retrieval settings, we constructed a
disease prioritization dataset using 11 rare diseases (see the list in Supplementary Fig. 5) and clinical notes of
patients from Vanderbilt University Medical Center spanning six months before to six months after first diagnosis.
This dataset comprised 984 patient-disease pairs and 23,384 clinical notes, with note titles falling within: 1)
progress notes, 2) assessment and plan, 3) subjective and objective, 4) admission history and physical exam,
5) discharge summary, 6) emergency provider notes, and 7) general clinic notes. We evaluated embedding
models using semantic match rate (SMR), which was calculated in three steps: 1) for each rare disease
candidate and each patient, we identified the patient’s clinical note with the highest embedding similarity to that
disease, 2) we ranked diseases based on the values of maximum similarity for the patient, and 3) we calculate
the top-1 hit rate across patients. To simplify the embedding model selection, we first embedded only the name
of the rare disease, where Qwen3-Embedding-8B achieved a significantly higher top-1 SMR than Llama-Embed-
Nemotron-8B (Supplementary Table 2). The embedding visualizations of clinical notes and disease names
using t-SNE®" confirmed the superiority of Qwen3-Embedding-8B (Supplementary Fig. 5). We then enriched

disease representation by incorporating the four core sections described above, and further finetuned a Qwen3-
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Embedding-8B model for each LLM-generated disease profile using the same dataset through contrastive
learning, where we constructed positive pairs using patients’ clinical notes and their corresponding diagnosed
rare diseases and negative pairs through random selection. Because the finetuned Qwen3-Embedding-8B
achieved the highest top-1 SMR (Supplementary Table 2), it was thus chosen as GEN-KnowRD’s embedding
model. In this study, Qwen3-Embedding-8B was used to embed the full patient and disease descriptions without

truncation.

To fuse the sparse and dense signals, we used reciprocal rank fusion (RRF) method,*” a simple and robust

strategy for aggregating ranked lists. The RRF-fused score of candidate disease d is defined as:

1 1
+
s+ rankgense (@ s+ ranksparse (d)

rank_scorepprp(d) =

where s denotes a smoothing constant, set to 60 by following the original study*’, and rankgens.(d) and
rankgyqrse(d) denote disease d’s positions in the dense and sparse rankings, respectively. Overall, RRF
upweights diseases that appear near the top of either list and downweighs those that rank poorly in both, yielding
a fused ranking score that is robust to noise and complementary failure modes across retrieval methods. We
evaluated recall@5 to justify this fusion design of GEN-KnowRD, which outperformed either sparse-only or

dense-only retrieval (Supplementary Fig. 6).
Stage 2: Rare disease reranking

To refine the disease rankings from Stage 1, which was built on the whole disease space, we applied a reranker
to the top K diseases. Specifically, we used Qwen3-reranker-8B* to re-evaluate pairwise relevance between a
patient’s clinical presentation description and each of the K diseases. The inputs of the reranker were 1) a
patient’s clinical presentation description, and 2) a disease document formed by combining the disease name
with the core RDK sections. The reranker ingests the concatenated pair to align fine-grained clinical cues with
disease-specific knowledge and then outputs a scalar relevance score reflecting how well the disease explains
the patient’s clinical presentation. The relevance score is calculated independently for each of the K candidates,
which are then sorted according to the calculated scores to form the final ranked list. Compared to the first stage
that relied on lexical overlap and embedding similarity, the reranker in the second stage can exploit richer
interaction features to upweight candidates supported by multiple concordant findings and downweigh those
contradicted by explicitly negated evidence. Because we applied reranking only to a small candidate set (K=20),

it remained computationally feasible while substantially improving precision at the top of the list.
Ensemble

As Stages 1 and 2 leveraged the rare disease profiles produced by a single LLM, we further explored whether
combining disease prioritizations from different LLMs could boost RDR performance. We implemented a
Spearman rank correlation-based ensemble gating method that selected, for each patient, the most consensus-
aligned disease ranking. Specifically, we computed the sum of pairwise rank correlations between each ranking
and all others, and chose the ranking with the highest total agreement, aiming to reduce the chance of introducing

spurious disease candidates from noisy lower-ranked predictions. We chose the top three diseases for
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correlation calculation, since disease rankings beyond this threshold are more error-prone and less confident.
We viewed this ensemble variant, GEN-KnowRD-Ensemble, as an aggregated pipeline for comparison with

baseline models.
Discrepancy analysis

Since the Claude Sonnet 4-produced rare disease profiles demonstrated the highest Recall@x for RDR
compared to other LLMs and its performance was saturated quickly from Recall@2, we examined all cases
(n=502), where ground-truth diseases were ranked second by GEN-KnowRD, to summarize the relationship
between those ranked first and the ground-truth diseases. We used Gemma-3-27B and GPT-5 to independently
classify the relationships. When they output the same category, the relationship was accepted. When they
identified different relationships, OpenEvidence was invoked to derive the final relationship. We defined five
relationship categories: 1) broader-narrower, where the disease ranked first (rank-1 disease) is a broader class
or a specific subtype of the disease ranked second (rank-2 disease), 2) same-category, where both diseases
belong to the same disease family or superclass, 3) etiologically related, where one disease may cause or lead
to the other, 4) differential diagnosis, where the two diseases are commonly confused clinically, and 5) unrelated,

where they involve different systems or etiologies with no meaningful links.

Specialized rare disease discrimination

Clinical notes within the pre-diagnosis window (between 18 months and 3 months prior to diagnosis) from
included patients first underwent the same UMLS concept extraction procedure, as described above. Using the
IPF disease profile generated by an LLM, the UMLS concepts appearing in its “clinical presentation” section
were selected as the target set for clinical evidence extraction, as they captured clinically actionable, symptom-
level descriptors most relevant to IPF diagnosis. To mitigate inaccurate evidence matching, we first applied
MedGemma-27B°®® to process all clinical notes and classify each concept as one of the following categories:
family history, historical condition, hypothetical condition, negated condition, possible condition, or others. Only
those classified as possible and others were used for following analysis. For each patient-week and each
symptom concept, we assigned a three-level code, where 0, 1, and 2 indicated no mention of the symptom in
that week’s notes, symptom mentioned that week, and symptom not mentioned despite other symptoms being
mentioned in the same week, respectively. This resulted in a complete symptom-week matrix per patient, in
which we identified all symptom concept pairs that co-occurred within a week (i.e., both symptoms coded as 1).
For each symptom pair, we computed two clinically motivated quantities: 1) the number of distinct co-occurrence
weeks (pair_week_single) and 2) the number of co-occurrence weeks in which either symptom was labeled as
worsening (worsen_count_single) by MedGemma-27B. These pair-level quantities were then aggregated to the
patient level by summing across all symptom pairs to represent overall co-occurrence activity (pair_week_agg)
and worsening burden (worsen_count_agg). To weigh symptoms by discriminative relevance, each symptom

concept ¢ received a symptom importance score (SIS) based on prevalence difference between IPF cases and

freqipr(c)+5

Fred (C)+5), and a patient-specific symptom weight, calculated as SIS(c) -
ctrl

controls, calculated as SIS(c) = log, (
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(1 + freqya(c)), where freqy,(c) was the number of weeks in which c was present for that patient. We also
calculated the term frequency-inverse document frequency (TF-IDF) value of concept ¢ as an alternative
importance score for comparison. To avoid double counting symptoms that appeared in multiple co-occurring
pairs, we pooled all symptoms participating in any pair, deduplicated at the (patient, symptom) level, and summed
the unique symptom weights to obtain total symptom weight (total_symptom_weight). Finally, we normalized
overall symptom burden by co-occurrence activity using normalized_weight = total_symptom_weight/
(pair_week_agg + 1) . The downstream classifiers used normalized weight , pair_week_agg , and

worsen_count_agg as patient-level features to distinguish IPF cases from two different types of controls.

For each task, we fitted a logistic regression model and evaluated model performance using stratified out-of-bag
bootstrap validation,®® with a 2:1 training-test ratio and 100 repetitions. Each trained classifier was evaluated on
the held-out test set using standard measures that quantified both classification performance and the utility of

the LLM-generated rare disease profiles for supporting early IPF diagnosis.
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CODE AVAILABILITY

All code is available via Anonymous GitHub at https://anonymous.4open.science/r/GEN-KnowRD-105D.

DATA AVAILABILITY

LLM-generated rare disease profiles and the corresponding extracted UMLS concepts for each rare disease (i.e.,
PheMAP-RD) are available at https://wei-phenolib-api.app.vumc.org/. This service also hosts the patient clinical
presentation descriptions (9,290) used in our public benchmark evaluations and GEN-KnowRD-Ensemble
results. For review purposes, please use “reviewer1” and “ldemo152” as the Username and Password,
respectively, to log into the service platform. The private benchmarks for IPF early diagnosis are available upon
request and IRB approval by Vanderbilt University Medical Center.
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