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Abstract

Rare diseases cumulatively affect 300 million individuals worldwide but are difficult to diagnose, creating burden for patients, families,
and communities. Al agents show promise in automating and scaling one bottleneck to diagnosis: the analysis of complex biomedical
data. We present LatchBio’s first RareDiseaseBench, a benchmark of 35 rubric-graded evaluations in which agents must integrate clinical,
multiomics, and functional assay data from patients to draft diagnosis and management plans over one or more visits. For better clinical
and scientific realism, RareDiseaseBench tasks run in a system where agents are not provided with all of the relevant data upfront; they
must request the right data to analyze. Across 31 model-harness configurations (20 models, three offline runs per evaluation), the highest
preliminary overall pass rate was 43.8% (Gemini 4 Argon / PI), followed by Claude Opus 5.5 / Claude Code (33.3%) and GPT-6 Astra /
PI (33.3%). Performance varies across genetic architectures, variant types, and affected organ systems. RareDiseaseBench provides a
standard for measuring agentic performance in a domain where rapid Al adoption could provide huge benefit for researchers, clinicians,

and patients.

Introduction

Benchmark Design

300 million individuals worldwide are affected by 7,000 identified rare
diseases. Despite their cumulative prevalence, rare diseases are noto-
riously difficult to diagnose [1]. By definition, they are locally rare
(affecting fewer than 1 in 2,000 people in each WHO region). They
are also clinically heterogeneous and understood in depth by fewer
physicians [2]. As a result, even well-resourced rare disease patients
often experience a long diagnostic odyssey of referrals, misdiagnoses,
and unnecessary treatments [3,4].

Rapid improvements to sequencing costs, accuracy, and scalability
have made multiomics and functional assays increasingly available to
patients and clinicians. These data, especially various forms of whole-
genome sequencing, have been found in large-scale cohort studies
to dramatically improve rare disease diagnostic yield [5]. However,
the volume and complexity of data generated poses new challenges
in conducting accurate and interpretable bioinformatics analysis at
scale [6].

Our previous work has examined strengths and weaknesses of agents
powered by large language models (LLMs) in analyzing and rea-
soning about data across bioinformatics, therapeutics development,
and oncology [7-11]. Others have examined whether agents can con-
duct clinical practice [12], improve diagnostic yield for unsolved rare
disease cases [13], analyze multimodal rare disease cases [14] and
find causal variants in patient genomes [15]. However, these bench-
marks have a shared design choice: they all provide a task prompt
and collection of data objects upfront to an agent. This design choice
has two consequences. First, the composition of the data collection
leaks information about the task. Second, it is impossible to examine
whether agents could have sourced the information required to solve
the task. In real-world settings, identifying the data required to make
a diagnosis while under feasibility constraints is a critical capability.

Here, we introduce the first edition of RareDiseaseBench, a collection
of 35 single- and multistep rare disease diagnosis tasks that require
an agent to request, analyze, and integrate clinical, multiomics, and
functional data to write diagnoses and management plans. Each task
is based on one or more previously published patient studies and
graded with a task-specific rubric. Across the benchmark, tasks span
cases with different genetic architectures and data modalities. We
assess performance across segments of the benchmark and provide
case studies useful for understanding LLM utility in rare disease
diagnosis.

Each RareDiseaseBench task asks agents to develop a diagnosis and
management plan given a task prompt and upfront data objects (Fig-
ure 1A). Prompts are organized into one or more steps akin to Harbor
multi-step [16]. Tasks also specify contents of an isolated Records
system, which includes BAM files, images, markdown reports, and
other artifacts necessary to solve the case, along with natural lan-
guage descriptions of conditions for their release. To access these
files, agents are provided with a get_info tool that takes in informa-
tion and justification arguments. get_info calls are routed to a service
with visibility into the Records system. Upon receiving a request, the
service first uses an LLM judge (Sonnet 5.5) to determine eligible files
based on the justification. Next, it checks whether the requested files
are eligible based on previous requests: for example, the agent cannot
ask for immunohistochemistry stains on a biopsy sample before it
has asked for a biopsy. If both checks pass, the files are copied from
the Records system into the agent’s workspace. After submitting an
answer, agents” diagnosis and management plans are graded by vote
among an ensemble of 3 frontier LLM judges (Gemini 3.8, Sonnet 5.5,
and GPT-6.1-Terra, medium reasoning) against an expert-developed
rubric. Figure 1A shows the RareDiseaseBench harness.

The 35 RareDiseaseBench tasks are drawn from previously published
cases [17-51] and constructed using synthetic genomes except in one
case where locus-targeted reads were publicly available. Tasks vary
across genetic architectures, variant types, affected organ systems,
and data modalities. Of the 35 tasks, 30 include exome sequencing,
29 short-read genome sequencing, 6 long-read sequencing, 3 RNA
sequencing, 20 functional readouts reported as text, 5 methylation
data, and 7 clinical images. Figure 1B-E summarizes the benchmark
by genetic architecture, variant type, affected organ system, and in-
heritance mode.

Before inclusion in the benchmark, tasks underwent checks for rubric
and service judge consistency: rubrics were required to be 100% con-
sistent between all three LLM judges across 10 judgements on valida-
tion outputs, while the Records system had to pass at least three test
requests for every data object: a successful release, a denied release,
and an adversarial release where the requesting agent attempted to
game the Records system judge. All tasks in the benchmark under-
went review by experts holding a PhD or MD with expertise in the
field. Here, we present results from running RareDiseaseBench on 31
model-harness configurations spanning 20 models, with three offline
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Figure 1: RareDiseaseBench harness, task design and anatomy. (A) Agents received a series of prompts and upfront reference data objects. In
addition to the standard filesystem and coding tools provided by existing harnesses, we provided get_info and submit_answer tools. Agents could
use get_info to request genomic and functional assay outputs from an isolated records system. A sidecar judge and deterministic filters would either
accept or deny the request, placing the appropriate files in the agent'’s filesystem. Diagnosis and management plans were graded based on a per-task
rubric. (B-E) Number of tasks per genetic architecture type, variant type, affected organ system and inheritance mode. Each task has one genetic
architecture and one organ system; a task may carry several variant types and, for a dual diagnosis, several inheritance modes.

runs per evaluation. All Claude runs were executed through the
LSVP program. Runs were limited to 6 hours; a run that did not finish
within its limit counts as a failure. We report pass rates—where a
pass indicates passing every rubric item and timeouts are considered
failures—examine failure modes, and detail several case studies.

Results

Leaderboard and efficiency

The highest pass rate was 43.8% (Gemini 4 Argon / PI) (Figure 2A).

Opus 5.5 / Claude Code and GPT-6 Astra / PI followed at 33.3%. 9
of 31 configurations passed no attempt at all, including all but one
configuration based on an open-source model. 29 of the 35 tasks were

solved by at least one configuration, 26 by models from two or more
labs, and 16 were passed in all three attempts by some configuration.

Model-specific harnesses produced performance gains in Claude
models, but not GPT-series models. Claude models achieved higher
or equivalent scores with Claude Code compared to PI; for example,
Opus 5.5 achieved a 4.8-point gain with Claude Code over PI. In con-
trast, using PI instead of Codex led to gains of 7.6, 1.9, 1.9 and 8.6
points for GPT-6 Astra, GPT-6.1 Sol, GPT-6.1 Terra and GPT-5.6 Sol
respectively.

Increased resource usage did not translate to improved performance
(Figure 2B-E). Gemini 3.8 Flash, DeepSeek V4.1 Flash and GLM-5.3
scored 2.9%, 0% and 0% despite averaging 37M, 60M and 38M tokens
and 164, 269 and 244 tool calls per run, against 21M tokens and 92
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Figure 2: Pass rate by configuration. (A) Mean pass rate over the 35 tasks, three attempts each, with 95% Student’s t intervals taken over per-task pass
rates. Pass rates are computed over all three attempts per task, counting timeouts, memory crashes, and refusals as failures. All Claude runs were
executed through the LSVP program. (B-E) Pass rate against mean cost, total tokens, wall-clock time and tool calls per run, on log scales. Cost, tokens
and tool calls are means over the runs with available usage; wall-clock is the mean over all runs. Points are numbered by their rank in (A). The dashed

line marks the Pareto frontier.

tool calls for Gemini 4 Argon.

In fact, the top-performing configurations also tended to be the most
efficient. GPT-6 Astra / PI reached the same pass rate as Opus 5.5 /
Claude Code at 2.2 times lower cost, 6.2 times fewer tokens, 5.4 times
less wall-clock time and 2.1 times fewer tool calls per run. GPT-6 Astra
/ PI used $6.95, 4.3M tokens, 29 minutes and 64 tool calls per run
against $5.73, 8.8M tokens, 92 minutes and 99 tool calls for GPT-5.6
Sol / PI (13.3%), and Opus 5.5 / Claude Code used 26.5M tokens,
159 minutes and 132 tool calls per run at $15.14 against 40.8M tokens,
162 minutes and 157 tool calls for Sonnet 5.5 / Claude Code (22.9%).
Harness choice also changed efficiency independently of accuracy:
GPT-6 Astra used 2.6 times fewer tokens on PI than on Codex while
scoring higher.

Performance by Category

Mean pass rates across the fourteen non-zero scoring models were
highest for tasks involving variants in snRNA genes, cases with single
homozygous variants, and de novo autosomal dominant inheritance.
They were lowest for somatic or non-genetic cases (cases without a
germline cause) and autosomal dominant inherited causes (Figure 3).
Pass rates in these categories sometimes grouped by model series:
Opus 5.5, Sonnet 5.5, and Fable 5.1 all scored best on single homozy-
gous variants and the three GPT-6 series models all scored best on
compound heterozygous variants.

Gemini 4 Argon had the highest overall pass rate and led 16 of the 21
task categories (Figure 3). Claude models led the other five: single
homozygous variants, dual diagnoses, synonymous or splice-region

variants, cases affecting the cardiovascular system or exhibiting con-
genital anomalies, and inherited autosomal dominant cases, where
Fable 5.1 tied with Grok 4.6. Only 7 models exhibited a non-zero pass
rate for non-genetic cases.

Global Failure Modes

We assigned every failed run one primary failure mode and any num-
ber of contributing failure modes from six classes, and report shares
over the 2097 failed runs of the 14 models that passed at least one
attempt unless stated otherwise (Figure 4). Execution and tool use
covers runs that timed out, mismanaged their compute, or failed to
use tools correctly. Data acquisition and work-up covers runs that failed
to obtain needed data, including sequencing data, stains, imaging
studies, functional assays, or lab tests. We also include runs that
closed the case prematurely or failed to recover from denials. Search
design covers runs that held the right data but could not find the right
variant in it. Interpretation covers runs that reached the variant but
reasoned wrongly about it. Answer completeness covers runs that iden-
tified a variant but missed required evidence, a second component of
a dual diagnosis, or were penalised for over-inclusion.

Data acquisition and work-up was the largest failure class among the
models that passed at least one attempt (Figure 4A). It was the pri-
mary cause in 36% of failed runs, ahead of search design (29%) and
interpretation (17%). Execution faults, mostly wall-clock timeouts,
were the primary cause in 13% of failures. 70% of Mistral Large 4.0
runs, 29% of Gemini 4 Argon runs and 21% of Claude Opus 5 runs
timed out, against none of the 210 runs each of GPT-6 Astra, GPT-6.1
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Sol and GPT-6.1 Terra. Compute or resource mismanagement con-
tributed to 15% of failures. Execution faults were the primary cause of
25% of failures among models with no passing runs, and contributed
to 46%. DeepSeek V4.1 Flash timed out in 84% of its runs, largely
due to inefficient data processing. Interpretation errors contributed
to 57% of failures, most often as anchoring on a wrong diagnosis or
gene (38%).

Within data acquisition, the most common primary failure was not
escalating to the data type the case needed (15% of failed runs), fol-
lowed by not ordering a needed non-sequencing investigation such
as a stain, imaging study or laboratory test (12%); only 6% never

obtained the patient’s sequencing data at all (Figure 4B). Failed runs
most often went without family sequencing (40%), RNA or splicing
studies (36%) and the proband’s short-read data (24%) (Figure 4C).

Case Study Failure Modes

To further illustrate agent behavior on RareDiseaseBench, we provide
five case studies and analysis of frontier model behavior on each.
We describe Gemini Argon 4 behavior in detail in the last case only
because it timed out in all others.

Case study 1: a 13-year-old boy with variants in SAMHD1 and MN1.
In this case, a boy presents with destructive chilblain-like lesions



with autoamputation of toes, polyarthritis, growth restriction, micro-
cephaly and sensorineural hearing loss [19]. There are two genetic
causes: a de novo MN1 nonsense variant that explains the syndromic
features and is visible in exome sequencing data, and a homozy-
gous balanced translocation through SAMHD]1 intron 4 that causes
the interferonopathy and which is not detectable using alignment to
GRCh38. To pass, an agent must see that MN1 leaves the chilblains
and interferon signature unexplained, request long reads, and per-
form a T2T-CHM13 alignment. Opus 5.5 submitted MN1 as the only
cause while noting that it “is not an established interferonopathy
gene.” GPT-6 Astra runs ordered karyotyping and long reads and
reported the SAMHDI translocation, but sometimes missed MN1
entirely.

Case study 2: a 21-year-old man with a deep intronic ZIC3 vari-
ant. In this case, a man presents with heterotaxy with right atrial
isomerism, which typically points to maternally-inherited variants
in ZIC3 [49]. The cause here is a variant 249bp past the 3’ end of
the MANE transcript, annotated as downstream with no SpliceAl
score, that an alternative transcript places in an intron where it cre-
ates a 57-bp pseudoexon capturing the exon 2 donor both transcripts
share. To pass, an agent should examine rare non-coding variants
instead of filtering on the MANE annotation, score splicing on the
other transcript, and order functional splicing studies to investigate
the mechanism. GPT-6 Astra consistently reported the variant in five
of six runs but never requested the splicing studies. In contrast, Opus
5.5 passed twice by requesting functional studies on its splicing hy-
pothesis, once with the full pseudoexon mechanism and once with
minigene assay evidence.

Case study 3: a boy with a de novo duplication of TAB3. A boy
presents with progressive thinning of scalp hair with preserved eye-
brows and body hair, and a biopsy shows follicular miniaturiza-
tion [24]. The cause is a de novo 357-kb tandem duplication at Xp21.2
containing TAB3. TAB3 has no prior disease associations, but data is
available for request involving scalp staining, a mouse model, and
keratinocytes. To pass, an agent must find the duplication, argue for
TAB3 over its neighbours from its role in NF-xB signaling, and order
the functional studies that test the link. Opus 5.5 could precisely
describe the duplication but tended to dismiss it as a VUS “with no
hair link.” GPT-6 Astra and Argon runs instead claimed to a de novo
missense in MAB21L4 that is native to the synthetic genome. Both
models were capable of passing, however, if they deeply pursued
TAB3, showing themselves capable in one out of 96 runs to order scalp
staining.

Case study 4: a 16-year-old boy with compound heterozygous
RNU2-2 variants. In this case, a 16-year-old boy of average growth
presents with a language disorder, learning disability and autism [31].
The cause is a compound heterozygous pair in RNU2-2, a small nu-
clear RNA gene the exome does not cover and that is known for a
dominant de novo disorder. As RNU2-2 variants are easy to identify
for models, we incorporated a de novo DNMT3A missense variant
in the genome to act as a decoy (in the donor from whom the syn-
thetic genome was made, this did not cause disease). To pass, an
agent must discover the two inherited RNU2-2 variants and reject
DNMT3A on the absence of an overgrowth phenotype. Every com-
pleted Opus 5.5 and GPT-6 Astra run submitted DNMT3A: Opus
diagnosed Tatton-Brown-Rahman syndrome “without overgrowth”,
while Astra called the diagnosis inconclusive. Two Opus runs found
both RNU2-2 variants and discarded them.

Case study 5: aboy with a complex DMD rearrangement. In our final
case, a boy has delayed motor milestones, calf hypertrophy, Gowers’
sign and a creatine kinase of 10,100 U/L. This case features two visits:
an initial diagnosis followed by a judgment on an outside laboratory’s
report of a DMD inversion [50]. The patient’s long-read sequencing
data shows a complex rearrangement in which segments containing
exons 1 and 2 are duplicated and joined head to head, contradicting,

in fact, the inversion claim made in the case report this task was drawn
from. To pass, an agent must order targeted long-read sequencing at
the first visit, then show how the conclusion from the outside labora-
tory is wrong. Opus 5.5 resolved the full structure, while Astra and
Argon runs ordered the long reads but refused to comprehensively
refute the outside laboratory’s claim based on read evidence. Argon
further failed to elaborate that one reason the inversion might not be
real is the presence of a large number of reference-spanning reads
inconsistent with the inversion structure.

Discussion

When constructing RareDiseaseBench, we often found that agents are
already capable of analyzing many rare disease cases, especially docu-
mented coding variants in whole exome or whole genome sequencing
data. However, they were significantly less capable of analyzing cases
involving multiple or complex variants and performed poorly when
we asked them to reason about what assay might be useful next.
RareDiseaseBench shows that agents powered by frontier models
do not yet have the ability to reliably request, analyze, and interpret
data to diagnose challenging rare disease cases. The highest over-
all pass rate was 43.8%, with other frontier models trailing at 33%.
Agents display inefficient use of time, tool calls, tokens, and compute
resources. The design of RareDiseaseBench allows us to observe that
agents often fail to retrieve the right data, and even when they do,
fail to integrate findings correctly with previous findings.

RareDiseaseBench has several limitations. First, RareDiseaseBench is
based off of publicly available cases using synthetic genomes. This
introduces risks of contamination and potentially reduces how well
RareDiseaseBench generalizes to real patients. Second, RareDis-
easeBench makes use of LLM-as-a-judge systems for rubric grading
and Records release. While we observed 98.1% unanimous agree-
ment across judges in 15,879 judgements across all tasks, observed
little to no reward-hacking behavior, and enforced sidecar tests for
all data objects, we cannot exclude the possibility that grading and
data release decisions were susceptible to misaligned agent behavior
or were disconcordant with human expertise. Finally, the design of
RareDiseaseBench imposes restrictions on agent behavior: agents
must request data one assay at a time, sometimes with fuzzy seman-
tic justification; agents can accidentally submit answers; and agents
are restricted in their compute and time resources. Especially for
models at the frontier, we observe failure modes that we believe if
addressed would be consequential for rare disease patients; even
so, we acknowledge that in some capacity RareDiseaseBench tests
agents’ ability to learn and make use of our Records system. Future
work could address these limitations by using unpublished patient
data and improving the RareDiseaseBench harness to better proxy
real-world settings, such that measuring model ability in the system
is a feature, not a bug.

Thus, we hope that RareDiseaseBench will inspire future work on
ever-more-realistic scientific and clinical benchmarks. In the present,
however, we believe that RareDiseaseBench provides a useful barom-
eter for model makers, patients, clinicians, and researchers. We fer-
vently hope that advancements in Al as measured or motivated by this
benchmark will hasten time to diagnosis for all rare disease patients.
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