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Abstract

Background: Rare-disease diagnosis requires the integration of clinical phe-

notypes, genomic variants, inheritance patterns, and heterogeneous biological

evidence. Existing gene-prioritization tools commonly assume that a disorder is

caused by a single gene and that a curated Human Phenotype Ontology profile

is already available. We developed GeneResolver as a traceable, privacy-oriented

hybrid multi-agent pipeline that determines the likely etiology before applying

multi-evidence gene prioritization. Cases are classified as single-gene, chromo-

somal, multifactorial, or non-genetic so that presentations unlikely to have a

single-gene cause can enter mechanism-specific evidence branches instead of gene

ranking. Language models support contextual interpretation, whereas ontology

resolution, evidence retrieval, variant annotation, and numerical ranking remain

deterministic and traceable.

Results: On 196 published case narratives, classification of raw narratives with-

out few-shot examples achieved four-class accuracy of 77.0%, a macro-averaged

F1 score of 0.767, and single-gene-versus-rest branch-separation accuracy of

86.2%. On 4,677 phenotype-only cases from the PhEval benchmark, GeneRe-

solver achieved precision at rank one of 0.4368 and a mean reciprocal rank of

0.5154, compared with published Exomiser values of 0.391 and 0.458, respec-

tively. On the LIRICAL spiked-exome benchmark, the percentage of cases ranked

first increased from 45.80% with phenotype data alone to 54.57% when pheno-

type and variant call format data were combined; mean reciprocal rank increased

from 0.5465 to 0.6421.
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Conclusions: GeneResolver provides a reference architecture for integrating

etiological routing, clinical-text interpretation, phenotype grounding, optional

genomic-variant analysis, and traceable gene prioritization. The results support

further evaluation of etiology-aware hybrid systems as clinical decision-support

tools. GeneResolver remains a proof-of-concept intended to assist, rather than

replace, expert clinical interpretation.

Keywords: rare disease, gene prioritization, Human Phenotype Ontology, clinical
genomics, privacy-preserving machine learning, large language models

1 Background

Patients with rare genetic diseases frequently endure prolonged diagnostic journeys,
even in the era of exome and genome sequencing. Although sequencing has accelerated
variant discovery, clinical diagnosis still depends on prioritizing a small number of
plausible causal variants from a large candidate set by integrating patient phenotype,
population frequency, predicted molecular consequence, gene–disease knowledge and
inheritance model. Consequently, the major bottleneck in many rare-disease workflows
has shifted from generating variants to interpreting and prioritizing them. [1]

Phenotype-driven gene prioritization tools address part of this burden by ranking
genes or diseases according to the similarity between a patient’s phenotype profile,
commonly encoded using the Human Phenotype Ontology (HPO) [2], and known dis-
ease or gene annotations. Established systems include Exomiser [3], which combines
phenotype similarity with variant filtering and remains a widely used reference tool for
exome-based prioritization, LIRICAL [4], which applies a likelihood-ratio pipeline to
phenotype-driven diagnosis, and phenotype-only prioritizers such as Phen2Gene [5],
together with embedding- and network-based methods. More recently, large language
model based systems have begun to explore agentic reasoning for rare-disease inter-
pretation. Knowledge-driven systems such as AI-MARRVEL [6] combine genotype,
phenotype and curated disease knowledge to support Mendelian diagnosis, rare-disease
reasoning agents such as DeepRare [7] orchestrate retrieval and multi-step reasoning
over phenotype descriptions, and general biomedical agents such as Biomni [8] demon-
strate how agentic systems can plan and execute bioinformatics analyses across large
tool libraries. These approaches illustrate the promise of agentic reasoning, but most
still assume that the patient has already been represented as a structured phenotype
profile, or they rely on deployment settings in which sensitive clinical data may be
processed outside the institution.

Two gaps motivate the present work. First, many prioritization pipelines begin
from a curated HPO profile. The clinically important and time-consuming step
of transforming an unstructured referral letter or clinical narrative into a struc-
tured, negation-aware phenotype profile is often treated as a preprocessing task
outside the prioritization system itself. Second, privacy-preserving deployment remains
insufficiently addressed in many LLM-assisted clinical genomics workflows. Clinical
narratives and genomic data contain highly sensitive information, including health and
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genetic data, and their processing is subject to strict data-protection and medical-AI
governance requirements. For this reason, rare-disease decision-support systems need
architectures that can operate locally or minimize the information exposed to external
models.

The aim of this study was to develop and evaluate GeneResolver, a gene-
prioritization decision-support system designed to address these gaps. GeneResolver
integrates clinical-text processing, phenotype extraction, ontology grounding, optional
variant call format based interpretation, etiological routing, and gene prioritization
within a single traceable pipeline. We evaluated whether this architecture could dis-
tinguish single-gene cases from other etiological classes, prioritize causal genes from
phenotype data, and improve prioritization when genomic-variant data were available.

The remainder of the paper is structured as follows. We first describe the GeneRe-
solver pipeline and experimental setup (Section 2), then report the results (Section 4).
We discuss the implications of these findings in Section 5, before turning to ethical
and regulatory considerations (Section 6) and outlining limitations and directions for
future work (Section 7). Finally, we conclude in Section 8.

2 Materials and methods

2.1 System overview

GeneResolver adapts its analysis to the clinical and genomic data available as input.
Inputs may include any combination of a free-text clinical narrative, coded HPO terms,
a genome supplied as a VCF or DRAGEN output directory, a single candidate variant,
a named candidate gene, and a variant identifier (dbSNP rsID). The system selects
one of five processing modes according to the available input fields:

(i) Combined clinical-genomic analysis is performed when both clinical findings and a
genome are available.

(ii) Clinical-only analysis is performed when clinical findings are available without a
genome.

(iii) Variant interpretation is performed when a genome or an individual candidate
variant is provided without clinical findings.

(iv) A gene-disease query is performed when a named candidate gene is provided.
(v) A single-locus lookup is performed when a dbSNP rsID is provided without a clinical

narrative or VCF path.

Mode selection is determined by explicit rules applied to the populated input
fields. In the combined clinical-genomic, clinical-only, variant-interpretation, and gene-
disease-query modes, candidate diagnoses or gene-disease relationships are additionally
weighed against retrieved literature, pathway, and gene-disease database evidence
(Table 1). The single-locus lookup mode performs a more limited locus-centred
retrieval, including GWAS Catalog evidence, rather than the full multi-source evidence
workflow. An etiology classifier is run in the combined clinical-genomic, clinical-only,
and variant-interpretation modes to determine the likely disorder class: single-gene,
chromosomal, multifactorial, or non-genetic. This allows the case to be routed either
to gene prioritization or to a mechanism-specific evidence branch, as described in
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Section 2.4. Each mode invokes only the analyses relevant to its inputs: clinical pro-
cessing runs only when clinical findings are present, and variant processing runs only
when a genome is provided.

Within a mode, the case is analyzed by a sequence of specialist agents, each
responsible for one well-defined sub-task and each contributing to a shared, structured
representation of the case. Concretely, the orchestrator is a LangGraph over the case
state, with each specialist agent as one node and a conditional edge deciding the next
step from the case state alone. This modular organization keeps the pipeline traceable:
every intermediate result is recorded and attributable to the agent that produced it,
together with the evidence in which it was grounded.

Table 1 Specialist agents and components of the GeneResolver pipeline, grouped by stage

Stage Agent / component Type Function

Ingest De-identifier Det. (NLP) Masks PHI (Protected Health Information) spans in
the clinical note

Ingest Disease extractor LLM+Det. Disease-mention NER; each mention is grounded
and normalized to Orphanet/OMIM/ICD-
10/MONDO, and unresolved mentions are discarded

Ingest Negation detector LLM Assigns present, absent, or uncertain status to
disease and phenotype mentions from the
surrounding context

Ingest Phenotype mapper
(FastHPOCR)

Det.+LLM Extracts offset-tagged HPO terms; a supplementary
LLM pass proposes missed phenotypes, each of
which is grounded to an existing HPO term through
ontology search

Ingest Clinical synthesizer LLM Additive, validated enrichment of missed
phenotypes and syndrome hypotheses

Variant Variant annotator
(VEP)

Det. Retrieves consequence, HGVS, population-
frequency, and clinical-significance annotations

Variant ACMG classifier Det. ACMG/AMP 2015 pathogenicity classification
Variant Inheritance agent LLM +

Det.
The locally deployed LLM infers the suspected
Mendelian inheritance pattern from the unmasked
family-history and pedigree context. Deterministic
rules then evaluate candidate variants for
compatibility with the inferred pattern using
zygosity and sex-linkage information.

Etiology Etiology classifier LLM Single call over the case’s raw clinical narrative that
states the specific causal mechanism, then assigns
one of four etiology labels: single-gene,
chromosomal, multifactorial, or non-genetic

Etiology Evidence branch (×4) LLM Four mechanism-specific retrieve-reason branches
that emit candidate conditions, the proposed
mechanism, supporting evidence, and limitations

Candidate
gen.

Gene aggregator Det. Assembles candidates from phenotype, variant and
disease-mention streams

Grounding Evidence grounder Det. Retrieves Open Targets [9], UniProt, Reactome,
gnomAD, GWAS Catalog [10], PubMed and HPO-A
LRs

Ranking Multi-evidence gene
ranker

Det. Seven-component weighted fusion to a ranked,
confidence-banded gene list

Differential Biochemical-marker
agent

Det. Specificity-gated metabolic recall: seeds candidate
diseases into the differential pool via the HPO-A
inverted index

Differential Disease reasoner
(propose / ground /
score)

LLM+Det. Proposes disease names, resolves them against
Orphanet/MONDO, discards unresolved candidates,
and scores the remaining candidates using retrieved
evidence

Interpretation Interpretation agent LLM Mechanism summaries and suggested investigations
Output Report exporter Det. Serializes results to JSON, CSV, FHIR R4 and

Phenopacket v2
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GeneResolver follows a multi-agent architecture in which each diagnostic function
is assigned to a specialized agent with a clearly defined role. All LLM-assisted compo-
nents use the locally deployed MedGemma-27B-IT model. Individual agents either
execute deterministic procedures, including de-identification, phenotype extraction,
VEP-based variant annotation, ACMG/AMP evidence assignment, evidence retrieval,
and gene ranking, or perform LLM-assisted tasks requiring contextual interpretation,
including clinical synthesis, etiological classification, mechanism-specific reasoning,
and report generation. The architecture is summarized in Figure 1. Inputs are ingested
through two parallel intake streams: clinical text is de-identified locally and mapped
to standardized phenotypes, while variants are annotated and classified. Both feed an
etiology classifier, which decides what kind of diagnostic problem the case is. That ver-
dict selects between two downstream arms: monogenic cases proceed to multi-evidence
gene ranking and a disease differential, while every other etiology takes an evidence
branch that does not rank genes. Whichever arm runs, its result is integrated into a
single report.

2.2 Intake, privacy filtering and phenotyping

The first phase converts raw clinical text into a structured, standardized profile. A
de-identifier applies a local clinical de-identification model (selected empirically in
Section 4.1.1) to the clinical note and replaces each detected personally identifying
span with a typed placeholder. Nearly every subsequent component operates on the
masked text. Two controlled exceptions require access to the original note: demo-
graphic extraction reads age, sex, and family-history context, while the inheritance
agent interprets unmasked family-history and pedigree descriptions that may lose
essential relationships during masking. Both operations are therefore restricted to the
locally deployed MedGemma-27B-IT model, and the unmasked text is never trans-
mitted to an external service. If de-identification fails, a safety flag is raised and the
case is marked as requiring human review.

A disease extractor then identifies syndrome- and disease-level statements and
normalizes them to Orphanet identifiers [11] (with OMIM, ICD-10 and MONDO cross-
references), assigning each a present/absent/uncertain status via a negation detector.
A phenotype mapper extracts HPO terms using FastHPOCR [12], a deterministic,
dictionary-based concept recognizer that returns offset-tagged HPO identifiers with
sub-second latency, each annotation is assigned a status by the same negation detector.
Finally, a grounded clinical synthesizer performs an LLM-assisted enrichment pass
that proposes phenotype findings and syndrome hypotheses the dictionary extractors
missed.

2.3 Variant processing and ACMG classification

When a VCF is supplied, the pipeline performs quality-control checks and determines
the genome assembly from the file header. Single-nucleotide variants and small inser-
tions or deletions marked PASS by the upstream variant caller are then annotated
locally with the Ensembl Variant Effect Predictor (VEP) [13]. The resulting annota-
tions include the affected gene, predicted molecular consequence, HGVS nomenclature,
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and population allele frequency. Variants are retained if they are rare or have a pre-
dicted consequence of high or moderate impact. This preliminary filter reduces the
candidate set but does not determine pathogenicity, which is assessed subsequently by
the ACMG/AMP classification engine.

An inheritance agent, run with the local MedGemma backend in the evaluated
configuration (the same local-model restriction applied to demographics extraction,
Section 2.2), uses the reported family history and pedigree context from the family-
history field to infer a plausible Mendelian inheritance pattern. It then assesses whether
the number and zygosity of variants in each candidate gene are compatible with that
pattern, while also accounting for patient sex where relevant. If the available family
history is insufficient to support an inheritance model, the pattern is recorded as
unknown rather than inferred.

Following initial gene ranking, variants belonging to ranked candidate genes are
evaluated in their gene-disease context by a deterministic rule engine implementing
the ACMG/AMP 2015 evidence framework [14]. The engine combines the criteria that
can be assessed from the available evidence to assign one of five categories: pathogenic,
likely pathogenic, uncertain significance, likely benign, or benign. Criteria for which
the required evidence is unavailable are explicitly recorded as unevaluable and are not
treated as satisfied. The resulting ACMG evidence is then folded back into the variant
component of the final gene score, after which the candidate genes are re-ranked.

The engine reports 21 criterion codes. Pathogenic evidence includes: PVS1 for
MANE-gated, NMD-relevant loss of function, PS1 for an identical known pathogenic
amino-acid change, PS2/PM6 for confirmed/unconfirmed de novo occurrence, PM1
for pathogenic clustering in a functional region, PM2 for rarity, PM3 for recessive
phase-unknown evidence, PM4 for in-frame indels or stop-loss outside repeats, PM5
for another pathogenic change at the same residue, PP1 for segregation, PP2 for
missense constraint, PP3 for calibrated REVEL or SpliceAI predictions, and PP4 for
phenotype match [15–18].

Benign evidence includes BA1 for coverage-confirmed gnomAD popmax frequency
above 5% after exception checking, BS1 unevaluable without disease-specific preva-
lence data to set its expected-frequency threshold, BS2 for an unaffected adult relative
reported to carry the same genotype, BS4 for non-segregation, BP1 for missense vari-
ants in genes whose known pathogenic variants are established as primarily truncating,
BP3 for in-frame indels within repeats, BP4 for benign REVEL or SpliceAI predictions
and BP7 for non-splice-relevant, poorly conserved synonymous variants.

Together, variant annotation, inheritance assessment, and ACMG re-ranking pro-
vide the genomic evidence layer for cases directed to the single-gene branch by the
etiological routing stage described next.

2.4 Etiology classification and branching

Phenotype-driven gene prioritization assumes that the patient’s disorder has a
monogenic basis. This assumption is inappropriate for chromosomal abnormalities,
multifactorial disorders, and non-genetic conditions. Applying gene ranking to such
cases may still produce a plausible list of candidates, but the result addresses
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Table 2 Evidence components and default weights used for gene prioritization when variant
evidence is available

Evidence component Weight Source

Phenotype evidence 30% HPO likelihood ratio
Variant pathogenicity 26% ACMG/AMP, impact and rarity
Gene-disease association 17% Open Targets association score
Pathway evidence 9% Reactome Jaccard overlap
Loss-of-function constraint 8% gnomAD pLI/LOEUF
Literature support 7% PubMed support level
GWAS evidence 3% GWAS Catalog best p-value

Note: In phenotype-only analysis, phenotype, constraint, gene-disease, and pathway evidence receive weights
of 0.80, 0.10, 0.05, and 0.05, respectively. The remaining channels receive zero weight.

an inappropriate biological mechanism. GeneResolver therefore performs etiological
classification before initiating gene prioritization.

When a clinical narrative is available, the de-identified narrative itself is retained
as the primary classifier input. Classification is performed in a single LLM call. The
model first identifies and explicitly states the single mechanism that best explains the
case. The supported mechanisms include a causal single-gene variant, a chromosomal
abnormality, a polygenic or gene-environment multifactorial pattern, and a non-genetic
cause. The model then provides its reasoning and commits to the corresponding etio-
logical label as the final step. The classifier returns a structured record containing one
of the four labels: single-gene, chromosomal, multifactorial, or non-genetic or an unre-
solved outcome. An unresolved case is retained as uncertain rather than being forced
into an etiological category.

The orchestrator uses the committed decision for downstream routing. A single-
gene classification proceeds to gene prioritization, whereas chromosomal, multifacto-
rial, and non-genetic classifications are directed to their corresponding mechanism-
specific evidence branches (Section 2.6).

2.5 Gene prioritization by multi-evidence fusion

The evidence channels and their default weights are summarized in Table 2.
Gene prioritization is performed for cases assigned to the single-gene pathway. Can-

didate genes are assembled from multiple sources: phenotype evidence derived from
HPO terms, variant evidence when a VCF is available, genes associated in Orphanet
with disease mentions extracted from the case, Open Targets disease-associated genes.

The principal ranking signal is a disease-aware likelihood-ratio score. For each can-
didate disease D, the contributions of the patient’s observed HPO terms are calculated
as:

Sphen(D) =
∑

t∈Hobs

log
P (t | D)

P (t | ¬D)
, (1)

where P (t | D) represents the frequency of phenotype term t in disease D, and
P (t | ¬D) represents its background frequency across other diseases. Common and
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nonspecific findings therefore contribute little, whereas rare and disease-specific find-
ings provide stronger evidence. Explicitly absent findings introduce a frequency-scaled
penalty, bounded so that one missing feature cannot dominate the complete pheno-
type. Disease-level scores are subsequently transferred to their associated genes to
obtain a gene-level phenotype score.

This likelihood-ratio formulation reduces the tendency of overlap-based semantic
similarity to favour extensively annotated genes that share many nonspecific terms
with the patient.

When a VCF is available, candidate variants are first annotated using VEP. Before
ACMG/AMP classification is performed, every candidate variant receives a generic
triage score based on its predicted molecular consequence and population frequency:

Striage(v) = wimpact(v)× wrarity(v), (2)

where the impact weight ranges from 0.85 for high-impact consequences to 0.30
for modifier consequences. The rarity weight ranges from 1.00 for variants with a
gnomAD allele frequency below 10−4 to 0.55 for variants with an allele frequency of
at least 10−2. This score provides an initial, classification-independent prioritization
of all candidate variants rather than a refinement applied specifically to variants of
uncertain significance.

The ACMG/AMP engine is applied after the initial gene ranking to variants of
ranked candidate genes for which a gene-disease context can be constructed. When
it returns a classification, the corresponding fixed classification score supersedes the
variant’s triage score. In particular, all variants classified as being of uncertain signif-
icance receive a score of 0.5, irrespective of their predicted consequence or population
frequency. The triage score is retained when no downstream ACMG/AMP classifica-
tion score is available. The updated variant score is folded back into the gene’s final
score and the candidate list is re-ranked.

Functional annotations are retrieved from UniProt [19] and the corresponding
identifiers are also used to retrieve Reactome pathways. The evidence channels sup-
plementing phenotype and variant evidence comprise gene-disease associations from
Open Targets [9], pathway evidence from Reactome [20], loss-of-function constraint
from gnomAD [21], literature support from PubMed, and association evidence from
the GWAS Catalog [10]. PubMed evidence is represented as a categorical support
level, mapped to 1.0 for strong, 0.6 for moderate, 0.3 for weak, and 0 for no support.

After min-max normalization of the phenotype scores across the candidate pool,
the seven scored evidence channels are combined into a weighted score. The default
weights used when variant evidence is available are presented in Table 2:

Sfusion(g) = 0.30Sphen(g) + 0.26Svariant(g) + 0.17Sgene-disease(g)

+ 0.09Spathway(g) + 0.08Sconstraint(g)

+ 0.07Sliterature(g) + 0.03SGWAS(g). (3)

The weighting scheme is adapted to the available evidence. When both phenotype
and VCF data are present, phenotype and variant scores jointly influence the ranking,
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Fig. 1 GeneResolver architecture. A rule-based orchestrator coordinates agents through a
shared case state. Clinical intake performs local de-identification, disease normalization, FastHPOCR
phenotype extraction, and optional LLM enrichment; genomic intake performs VCF quality control,
VEP annotation, rarity filtering, inheritance assessment, and ACMG/AMP classification. Etiologi-
cal routing sends single-gene cases to candidate aggregation, evidence fusion, re-ranking, and disease
interpretation, while other cases enter mechanism-specific branches. Dashed outlines denote on-
premise MedGemma-27B-IT components; identifier resolution, evidence retrieval, variant processing,
and numerical ranking remain deterministic.
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allowing a compatible pathogenic variant to strengthen the position of the corre-
sponding gene. In phenotype-only analysis, the inactive variant channel receives zero
weight, and the score is calculated as

Sphenotype-only(g) = 0.80Sphen(g) + 0.10Sconstraint(g)

+ 0.05Sgene-disease(g) + 0.05Spathway(g).
(4)

Following evidence fusion, bounded adjustments account for contradictions with
explicitly absent HPO findings, incompatibility between the patient’s sex and the
expected inheritance pattern, and agreement with a disease already supported by the
case. The maximum adjustments are −0.05 for negated-phenotype evidence, −0.20 for
Y-linked genes and −0.05 for X-linked-recessive genes in female patients, and +0.10 for
an Orphanet disease match. These adjustments act as tie-breakers and cannot override
substantially stronger phenotype or variant evidence. The resulting score is clamped
to [0, 1], and genes are assigned high (≥ 0.70), moderate (≥ 0.50), low (≥ 0.30) or
insufficient confidence.

The final ranking is presented as an evidence-supported set of candidate genes for
expert review. For the leading candidates, the report summarizes phenotypic com-
patibility, relevant variants, biological mechanisms, pathway relationships, supporting
evidence and identified limitations. The ranked list is intended to guide confirmatory
genetic, biochemical and inheritance-based investigations rather than to represent a
definitive diagnosis.

2.6 Mechanism-specific evidence branches

Gene ranking answers ”which gene?”, a question that is ill-posed when the case is not
monogenic. Cases the classifier (Section 2.4) assigns to a chromosomal, multifactorial,
or non-genetic etiology, together with cases that remain unresolved after retry, are
therefore routed away from the gene-ranking engine and into a mechanism-specific
evidence branch. The four branches share a single implementation and differ only
through a descriptor that specifies which databases to consult, how to steer the queries,
what the reasoning step should establish, and which databases are unavailable for that
etiology.

Each branch retrieves class-appropriate evidence: literature from Europe PMC [22],
gene-disease associations from Open Targets, and, for the multifactorial and uncertain
branches, trait associations from the GWAS Catalog. Queries are seeded with disease
and gene hypotheses when available, together with phenotype terms. To minimize the
information transmitted online, no more than two phenotype terms are included, and
only terms sufficiently common to avoid acting as quasi-identifiers are permitted. An
HPO term associated with very few diseases in HPO-A is therefore excluded from
external queries. Genomic findings, where a VCF is available, are provided to every
branch, so a non-monogenic case can still reference variant evidence. A reasoning
step then operates strictly over the retrieved evidence to produce a set of candidate
conditions with supporting and opposing evidence, an explanation of the mechanism
by which the assigned etiology produces the observed findings, and the reasoning
connecting the two.
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2.7 Clinical interpretation and structured output

For the top-ranked candidate genes in the single-gene arm, an interpretation agent

produces a human-readable rationale: plain-language and expert-level mechanism
summaries covering each gene’s known molecular function, pathways, and disease asso-
ciations. Like every other LLM-assisted step, it is constrained to the retrieved-evidence
bundle. For the non-monogenic branches, the equivalent mechanism explanation is not
a separate step: it is produced within the branch’s own evidence-gathering call.

A unified reporting component consolidates the outputs of the selected etiologi-
cal pathway into a clinically interpretable and machine-readable format. It performs
one LLM-assisted synthesis step using only evidence generated upstream. For the
single-gene branch, this includes ranked genes, prioritized variants, and variant clas-
sifications. For the chromosomal, multifactorial, and non-genetic branches, it includes
the mechanism-specific interpretation, candidate conditions, supporting evidence, and
stated limitations. The component structures these findings without introducing new
candidates or modifying branch conclusions. Results are exported as JSON, FHIR R4,
and GA4GH Phenopacket v2, with an additional CSV gene-ranking file for single-gene
cases. Representative summaries from the phenotype-only, mechanism-specific, and
phenotype-plus-VCF pathways are shown in Figure 2. Example output reports are
available in the GitHub repository (https://github.com/ChatMED/GeneResolver).

3 Datasets and evaluation protocol

We evaluate the pipeline stage by stage on task-specific datasets so that the contri-
bution of each component can be assessed independently. The de-identification and
phenotype-extraction components are compared with alternative methods to justify
their selection, while the etiology classifier is evaluated both as a four-class predic-
tion task and as the routing decision that separates single-gene cases from all other
etiologies.

De-identification is evaluated on a held-out set of 100 synthetic clinical notes gener-
ated specifically for this study and annotated with PHI spans. Performance is reported
as token-level PHI-removal recall with a 95% bootstrap confidence interval and the
number of leaked PHI tokens. The silver dataset-generation procedure and prompt are
provided in Supplementary Material 1.

Phenotype extraction is evaluated on the GSC+ gold-standard concept-recognition
corpus [23], which contains 228 documents. Performance is reported using precision,
recall, and F1 score.

Etiology classification is evaluated using a silver-standard dataset derived from
published adult case reports. To our knowledge, no public case-level benchmark
supports etiological classification from clinical narratives across single-gene, chromo-
somal, multifactorial, and non-genetic disorders. We therefore constructed a 220-case
silver-standard corpus from published case reports, as described in Supplementary
Material 2. A fixed eight-case pool used to construct the few-shot condition was
excluded from scoring to preserve a paired comparison. The evaluated conditions
are raw narrative without few-shot examples, raw narrative with few-shot examples,
RAG-enriched narrative without few-shot examples, and RAG-enriched narrative with

11



few-shot examples. Although the dataset retains somatic as a provenance label, the
deployed classifier uses a four-class output space: single-gene, chromosomal, multifac-
torial, and non-genetic. Before scoring, each somatic case is mapped to its recorded
single-gene or multifactorial subgroup, ensuring that all cases are evaluated within
the four-class space without discarding somatic presentations. Performance is assessed
using four-class accuracy, macro-F1, and branch separation, defined as the accuracy of
the binary single-gene-versus-rest routing decision. Accuracy and branch-separation
estimates are reported with 95% bootstrap confidence intervals.

Phenotype-only gene ranking, the primary task, is measured on the PhEval corpus
[24] derived from the Phenopacket Store [25] (4,677 cases). The reported metrics are
precision@k, mean average precision (MAP@k), Fβ@k, normalized discounted cumula-
tive gain (NDCG@k) and mean reciprocal rank (MRR). GeneResolver is scored locally
with the PhEval framework, whereas the Exomiser, PhenoGenius [26], Phen2Gene,
and GADO [27] values are reproduced from the published PhEval statistics.

Genome-level evaluation uses the real causal variant from each case in the LIRI-
CAL benchmark corpus, spiked into a shared public GRCh37 template exome using
the PhEval spiked-VCF procedure to produce reproducible whole-exome VCFs. PhE-
val percentage@k, precision@k, MAP@k, Fβ@k, NDCG@k, and MRR are reported
for the phenotype-only and phenotype+VCF arms.

4 Results

We first report three component evaluations (de-identification, phenotype extraction,
and etiology classification) then the end-to-end phenotype-only gene-ranking bench-
mark against the published baselines under the PhEval framework, and finally the
genome-level (HPO+VCF) ablation. Gene ranking is the primary task; the compo-
nents are evaluated separately so that each production choice is justified on its own
task-specific dataset rather than only end-to-end.

4.1 Component evaluation

We report the three component evaluations in turn, de-identification, phenotype
extraction, and etiology classification, each on its task-specific dataset (Section 3).

4.1.1 De-identification

We compared three locally deployable de-identification models on a held-out set of
100 synthetic clinical notes, with the dataset construction protocol and generation
prompt provided in Supplementary Material 1. The evaluated models were the Stan-
ford clinical de-identifier (StanfordAIMI/stanford-deidentifier-base) [28], a RoBERTa
de-identifier trained on the i2b2/UTHealth 2014 corpus (obi/deid-roberta-i2b2) [29],
and the OpenMed privacy filter (OpenMed/privacy-filter-multilingual) [30–33]. Open-
Med achieved the highest recall (0.772), followed by the Stanford de-identifier (0.661)
and the i2b2-trained RoBERTa model (0.635) (Table 3). Based on its superior PHI-
removal performance while maintaining fully local deployment, OpenMed was selected
as the GeneResolver production component.
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Fig. 2 Representative GeneResolver output summaries for three demonstration cases. The left panel
shows a phenotype-only case routed to the single-gene pathway, including the extracted HPO profile,
etiological verdict, ranked candidate genes, mechanism summary, and suggested next investigation.
The centre panel shows a multifactorial verdict for which gene ranking is bypassed and the report
instead presents a mechanism-specific interpretation and suggested investigations. The right panel
shows a combined phenotype-plus-VCF analysis, including variant-processing context, gene ranking,
provisional variant evidence, and explicit human-review flags. These panels show only excerpts from
the complete reports, which are available in the GitHub repository (see the Availability of data and
materials section).

Table 3 De-identification model comparison on a held-out set of 100 synthetic clinical notes
(3,632 PHI tokens). Recall is the fraction of PHI tokens removed (the safety-critical metric), leaks
are tokens that survived masking

Model Recall (95% CI) Leaks

OpenMed privacy filter 0.772 (0.7642-0.7800) 828/3,632
Stanford de-identifier 0.661 (0.6458-0.6752) 1,233/3,632
deid roberta (i2b2-2014) 0.635 (0.6189-0.6525) 1,324/3,632
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Table 4 Phenotype-extraction methods on the GSC+ corpus (228 documents), document-level
micro-averaged.

Method Precision Recall F1 (95% CI)

FastHPOCR (selected) 0.777 0.686 0.729 (0.7069-0.7506)
ClinPhen 0.753 0.422 0.541 (0.5048-0.5764)

Table 5 Etiology classification ablation across 196 dataset case narratives: few-shot guidance and
RAG-enriched context, independently varied.

Few-shot Context 4-way acc. (95% CI) Macro F1 Branch sep. (95% CI)

No Raw 77.0% (70.9-82.7%) 0.767 86.2% (81.6-91.3%)
Yes Raw 72.4% (66.3-78.6%) 0.715 83.2% (78.1-88.3%)
Yes RAG 72.4% (65.8-78.6%) 0.713 84.2% (79.1-89.3%)
No RAG 72.4% (65.8-78.6%) 0.710 82.1% (76.5-87.2%)

4.1.2 Phenotype (HPO) extraction

Phenotype extraction was evaluated on the GSC+ corpus (228 documents). The
selected deterministic concept recognizer (FastHPOCR [12]) achieves F1 = 0.729 (pre-
cision 0.777, recall 0.686), substantially exceeding ClinPhen [34] (F1 = 0.541), whose
lower F1 is driven by markedly lower recall (0.422 versus 0.686) (Table 4).

4.1.3 Etiology classification

The etiology classifier (Section 2.4) was evaluated on 196 cases from a 220-case corpus
under all four combinations of two design choices: with and without few-shot guidance
and, independently, with and without RAG-enriched context (Table 5). Because the
classifier’s operational role is to gate entry to the gene ranker, we report both overall
four-way accuracy and branch separation: the accuracy of the single-gene-versus-rest
routing decision.

Raw-narrative classification with no few-shot examples numerically outperformed
every other condition on accuracy, macro F1, and branch separation. We therefore
selected raw-narrative classification with no few-shot guidance and no RAG-enriched
context as the production configuration: the classifier operates directly on the case
representation generated by the upstream components, with neither curated examples
nor an additional extraction-and-retrieval pass providing a measurable benefit at this
sample size.

4.2 Phenotype-only gene ranking on the PhEval benchmark

On the PhEval 4,677-case corpus [24] (Section 3), GeneResolver achieved precision@1
of 0.4368, MRR of 0.5154, MAP@10 of 0.5113, and NDCG@10 of 0.5281. Table 6 com-
pares these results with the published PhEval statistics for Exomiser, PhenoGenius,
Phen2Gene, and GADO. The baseline systems were not independently rerun in this
study, so the table provides benchmark context rather than a paired local evaluation.

14



Table 6 Phenotype-only ranking and binary-classification metrics on the PhEval corpus (4677
cases)

Metric GeneResolver Exomiser PhenoGenius Phen2Gene GADO

MRR 0.5154 0.458 0.263 0.180 0.023

Precision@1 0.4368 0.391 0.162 0.096 0.006
Precision@3 0.1883 0.164 0.097 0.071 0.005
Precision@5 0.1226 0.104 0.075 0.052 0.004
Precision@10 0.0669 0.057 0.049 0.033 0.004

MAP@1 0.4368 0.391 0.162 0.096 0.006
MAP@3 0.4932 0.436 0.217 0.150 0.010
MAP@5 0.5040 0.442 0.237 0.160 0.012
MAP@10 0.5113 0.448 0.252 0.169 0.014

Fβ@1 0.4365 0.391 0.162 0.096 0.006
Fβ@3 0.2823 0.231 0.121 0.082 0.006
Fβ@5 0.2043 0.164 0.102 0.067 0.005
Fβ@10 0.1215 0.099 0.075 0.049 0.005

NDCG@3 0.5092 0.260 0.136 0.151 0.015
NDCG@5 0.5226 0.249 0.165 0.163 0.016
NDCG@10 0.5281 0.221 0.184 0.172 0.022

4.3 Gene ranking with genomes: VCF ablation

The phenotype+VCF arm achieved higher arm-level ranking metrics than the
phenotype-only arm across all reported metrics (Table 7). Percentage@1 increased
from 45.80% to 54.57%, percentage@5 from 65.39% to 76.65%, percentage@10 from
72.01% to 80.96%, and MRR from 0.5465 to 0.6421. Thus, the VCF-augmented arm
showed an 8.77-percentage-point increase at rank 1 and an 11.26-point increase at
rank 5.

5 Discussion

This study tested whether a privacy-oriented gene-prioritization pipeline using a local
language model could achieve accuracy comparable to established systems. GeneRe-
solver combines etiological routing and gene prioritization while keeping sensitive
clinical and genomic processing local in the evaluated configuration. Optional online
retrieval used only limited, non-identifying query terms.

The selected raw-narrative classifier achieved accuracy of 0.770, macro-F1 of
0.767, and single-gene-versus-rest accuracy of 0.862 on 196 paired cases. Neither few-
shot guidance nor RAG improved performance. Routing chromosomal, multifactorial,
and non-genetic presentations to dedicated branches reduces the risk of producing
biologically inappropriate gene lists.

On the 4,677-case PhEval benchmark, GeneResolver achieved precision@1 of 0.4368
and MRR of 0.5154, numerically exceeding the published Exomiser values of 0.391
and 0.458.

The deterministic ranker extends phenotype likelihood ratios [4] with constraint,
gene-disease, pathway, literature, association, and variant evidence. On the LIRICAL
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Table 7 Gene ranking on the LIRICAL spiked-exome benchmark

Metric Phenotype-only Phenotype + VCF

Percentage@1 (%) 45.80 54.57
Percentage@3 (%) 60.05 69.04
Percentage@5 (%) 65.39 76.65
Percentage@10 (%) 72.01 80.96

Precision@1 0.4675 0.5584
Precision@3 0.2043 0.2355
Precision@5 0.1335 0.1569
Precision@10 0.0735 0.0829

MAP@1 0.4675 0.5584
MAP@3 0.5316 0.6234
MAP@5 0.5442 0.6414
MAP@10 0.5530 0.6475

Fβ@1 0.4627 0.5520
Fβ@3 0.3049 0.3512
Fβ@5 0.2217 0.2605
Fβ@10 0.1334 0.1503

NDCG@3 0.5498 0.6422
NDCG@5 0.5650 0.6685
NDCG@10 0.5729 0.6648

MRR 0.5465 0.6421

benchmark, phenotype+VCF analysis increased percentage@1 from 45.80% to 54.57%,
percentage@5 from 65.39% to 76.65%, and MRR from 0.5465 to 0.6421.

LLMs perform contextual interpretation, whereas de-identification, ontology reso-
lution, candidate generation, annotation, retrieval, and scoring remain deterministic.
This separation supports reproducibility, provenance, privacy, and expert review while
retaining the coordination benefits demonstrated by recent biomedical agents [6–8].

The findings support the feasibility of privacy-oriented, etiologically aware genomic
decision support, but do not establish clinical readiness or regulatory compliance.
Prospective validation, governance, and meaningful human oversight remain essential.

6 Ethical and regulatory considerations

GeneResolver is a research prototype, not an approved clinical system. Its classifica-
tions, ranked genes, and proposed investigations require review by a qualified clinician
who can reject or override every output.

This patient-level focus differs from our earlier Prompt-to-Pill research platform
[35] and motivates explicit human oversight and regulatory-aware design [36].

Clinical narratives and variants constitute health and genetic data under the
GDPR. In the evaluated configuration, local de-identification, inference, and variant
processing support privacy by design, standardized exports and evidence provenance
partly address broader interoperability and provenance gaps [37]. These features
neither establish compliance nor authorize clinical use.
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This study used only publicly available published case reports, publicly accessible
benchmark datasets, and fully synthetic clinical notes. No new human participants
were recruited, and the authors did not access private or directly identifiable patient
data. Accordingly, institutional ethics approval and additional informed consent were
not required for the analyses reported here.

7 Limitations and future work

At this proof-of-concept stage, GeneResolver is presented as a modular pipeline with
initial evaluations of selected components rather than comprehensive end-to-end vali-
dation. Several experiments relied on synthetic or silver-standard data, which cannot
fully represent the complexity and variability of clinical practice.

De-identification was evaluated on synthetic notes using publicly available models
that showed limited performance and are not ready for clinical deployment. Future
work should evaluate stronger, clinically adapted models on governed clinical notes.
Etiological routing used a 220-case, LLM-assisted silver-standard corpus because no
established reference benchmark exists. Its taxonomy was author-defined, it lacked
independent adjudication by multiple clinical geneticists, and paired analysis was lim-
ited to 196 complete cases. Larger, balanced, and independently reviewed datasets are
therefore needed.

The primary task evaluated was gene ranking. Although the pipeline also supports
diagnostic reasoning, mechanism interpretation, inheritance assessment, and explana-
tions, these outputs were not independently evaluated. Future studies should validate
them using confirmed cases, branch-specific reference standards, and expert review.

GeneResolver has not undergone prospective clinical validation, usability test-
ing, formal risk management, cybersecurity evaluation, or regulatory assessment.
Future work should prioritize governed clinical notes and VCFs, stronger local models,
comprehensive evaluation, and clinician-supervised prospective studies.

8 Conclusion

GeneResolver introduces a modular pipeline that uses etiological routing to determine
when gene prioritization is biologically appropriate and integrates phenotype, variant,
and biological evidence when applicable. Initial evaluations demonstrated competitive
phenotype-only ranking, with improved aggregate metrics when valid VCF analyses
were available. By restricting language models to contextual tasks while retaining
deterministic annotation, retrieval, and scoring, GeneResolver provides a proof of
concept for privacy-oriented, traceable, and etiology-aware genomic decision support.
Independent end-to-end and prospective clinical validation remain necessary before
clinical deployment.
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