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Abstract

Knowledge of monogenic disorders is long-tailed: a small number of canonical disease genes are
extensively represented in the literature, whereas many rare, recently characterized genes remain
sparsely reported. What remains less clearly characterized is how this uneven knowledge structure
affects the diagnostic behavior of large language models (LLMs). Here we present MendelianBench-5K,
a benchmark stratified by the literature reporting frequency of disease genes, comprising 5,000
molecularly diagnosed cases, and use it to evaluate nine LLMs on a phenotype-to-gene diagnostic task.
The best-performing model achieved a Top-5 accuracy of 33.78%. Accuracy increased markedly with the
literature frequency of the genes, whereas performance declined for recently published cases. False-
positive predictions clustered on classical, well-studied genes. These findings reveal a systematic
knowledge-frequency bias in LLM-based diagnosis of monogenic disorders and highlight the need for
frequency-stratified benchmarks.

INTRODUCTION

Monogenic diseases, also known as Mendelian disorders, collectively account for approximately 80% of
rare diseases'. Although each individual disorder is typically uncommon, monogenic diseases as a
group affect a substantial population and contribute to pediatric hospitalization, long-term disability, and
early mortality>*. For affected individuals, accurate identification of the causative gene can not only end
the prolonged “diagnostic odyssey”, but also directly inform clinical management, genetic counseling,

and, in some cases, potential targeted therapies®. Molecular diagnosis is therefore a pivotal step in the
clinical care of monogenic diseases.

The knowledge of monogenic diseases is not evenly distributed across the biomedical literature. Instead,
it follows a characteristic long-tailed structure®. A small number of disease genes have been repeatedly
reported and are supported by abundant patient cases, review articles, and database records, making
them familiar to clinicians and researchers. In contrast, many causative genes are represented by only a
few case reports, and some have only been described in recent years®. This long tail of knowledge
implies that the most challenging diagnostic tasks are often concentrated in gene—phenotype
correlations that are sparsely documented, insufficiently characterized, and less familiar in clinical
practice.

This long-tailed distribution shapes not only human clinical knowledge but also the diagnostic behavior
of artificial intelligence models’~'°. Clinicians and researchers learn gene—phenotype correlations
largely from published cases and established knowledge resources. Similarly, the biomedical knowledge
of large language models (LLMs) is derived to a substantial extent from large-scale text corpora and
subsequent alignment processes’ 2. Accordingly, causative genes that are frequently reported in the
literature are more likely to recur in model training data and to form stable statistical associations. By
contrast, low-frequency or recently reported genes may be difficult for models to learn adequately
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because of sparse supporting evidence'®'4. These considerations suggest that LLM performance in
molecular diagnosis of monogenic diseases may not be uniformly distributed but may instead be
shaped by the frequency structure of biomedical knowledge production itself.

This issue also poses an important challenge for the reliability assessment of medical LLMs. In a highly
long-tailed field such as monogenic disease diagnosis, overall accuracy may obscure systematic failures
on low-frequency and evidence-sparse genes. If a model performs well primarily on frequent, canonical,
and long-established gene—phenotype correlations but degrades substantially on low-frequency or
recently reported genes, its clinical utility and fairness in real-world monogenic disease diagnosis may
be overestimated. It is therefore necessary to develop evaluation frameworks that explicitly capture
gradients of literature frequency and test whether LLMs exhibit frequency-dependent diagnostic bias.

In this study, we constructed MendelianBench-5K, a frequency-stratified benchmark for evaluating LLM
performance in molecular diagnosis of monogenic diseases. The benchmark was derived from the
PhenoGemini Atlas, a literature-based patient-level phenotype—gene resource and includes 5,000

molecularly diagnosed cases'®. We divided cases into five tiers based on the frequency of their
causative genes reported in the literature and performed balanced sampling within each tier, enabling a
direct assessment of whether model performance varies with gene-level literature frequency. Our
analysis shows that, in the absence of external retrieval or structured genetic evidence, current LLMs
cannot yet serve as reliable standalone diagnostic systems for this task, as they remain limited in their
ability to perform molecular diagnosis of monogenic diseases, and their performance depends strongly
on the literature reporting frequency of the causative gene. For rarely reported or recently characterized
genes, model accuracy was substantially lower than for well-studied or long-established genes. Further
error analysis revealed that LLM errors were not randomly distributed but were systematically structured
by the frequency landscape of the biomedical literature: underrepresented causative genes were often
missed, whereas familiar, high-frequency disease genes were repeatedly overpredicted. Taken together,
these findings indicate that LLM-assisted molecular diagnosis of monogenic diseases is affected by
knowledge-frequency bias, and that frequency-stratified benchmarks are essential for assessing the
reliability of such systems in patients with long-tail rare diseases.

RESULTS
Construction and Characterization of MendelianBench-5K

PhenoGemini Atlas is a patient-level phenotype—gene database curated from published literature on
monogenic diseases. To characterize the representation of genes in the literature, we defined “gene
literature frequency” as the proportion of patients associated with each causative gene among all
records. Analysis of 330,166 published patient records covering 4,735 distinct causative genes in the
PhenoGemini Atlas revealed a highly imbalanced, long-tailed distribution of gene literature frequency
(Fig. 1, Fig. S1).
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To construct MendelianBench-5K, we stratified patients in PhenoGemini Atlas into five tiers according to
literature frequency of their causative genes and randomly sampled 1,000 patients from each tier.
MendelianBench-5K comprises 2,995 unique causative genes, among which 1,785 appear only once
(Table S1). On average, each patient was annotated with 7.06 free-text phenotypic descriptions and 7.24
HPO terms mapped using Doc2Hpo. The 20 most frequent phenotypes are presented in Table S2, and
their distribution across HPO organ systems is shown in Table S3. The median publication year of the
source articles was 2016, with the temporal distribution summarized in Table S4. In addition, we report
the coarse-grained Orphanet classification of MendelianBench-5K (Supplementary Materials).

Human Evaluation of MendelianBench-5K Quality

To evaluate the validity of cases included in MendelianBench-5K, two clinical physician reviewers with 1
year of experience in phenotype assessment independently performed a manual review of 500 randomly
selected cases. Conflicting cases were subsequently adjudicated by a third physician with 5 years of
experience in phenotype assessment. The manual assessment showed that 485 cases were classified
as supported, accounting for 97.00% of the reviewed cases, whereas 15 cases were classified as not
supported, accounting for 3.00% (Table 1). Among the 15 unsupported cases, the most common error
type was misattribution (9 cases), including cases in which a phenotype was assigned to an incorrect
gene, the phenotype was derived from an unaffected individual carrying a pathogenic variant, or
demographic information was incorrectly treated as a phenotype. The next most frequent error type was
model hallucination, defined as cases in which the reported gene—phenotype correlation was not
mentioned in the source literature, accounting for 3 cases. Negative conclusions, including cases in
which the source literature reported a negative finding for the association, accounted for 2 cases. One
additional case was classified as other (Table 1). These results indicate that most cases recorded in
MendelianBench-5K were consistent with the source literature. The small proportion of unsupported
cases was mainly attributable to misattribution errors.
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Table 1
Human evaluation of case quality in MendelianBench-

5K.
Category Count
Human evaluation  Supported 485
Not supported 15
Total 500
Error type Misattribution errors 9
Hallucination 3
Negative conclusion 2
Other 1
Total 15

Performance Comparison of Nine Mainstream Large Language
Models in Molecular Diagnosis of Monogenic Diseases

We first evaluated the overall diagnostic performance of nine mainstream large language models on
MendelianBench-5K using Top-1 accuracy, Top-5 accuracy, and mean reciprocal rank (MRR). Overall, the
diagnostic performance of all models remained limited, indicating that molecular diagnosis of
monogenic diseases using large language models alone still poses challenges (Fig. 2A, S2, and S3).

Among the evaluated models, GPT-5.5 achieved the best performance across all three metrics, with a
Top-1 accuracy of 18.56%, a Top-5 accuracy of 33.78%, and an MRR of 0.24. Gemini-3.1-pro-preview
ranked second, achieving a Top-1 accuracy of 17.22%, a Top-5 accuracy of 30.94%, and an MRR of 0.22,
followed by gemini-3-flash-preview, claude-opus-4.7, and deepseek-v4-pro. In contrast, qwen3-235b-
a22b-2507 showed the lowest performance, with a Top-1 accuracy of 8.18%, a Top-5 accuracy of 17.40%,
and an MRR of 0.11 (Fig. 2A).

Pairwise McNemar's tests revealed statistically significant differences between most models, with GPT-
5.5 significantly outperforming all other models across comparisons (all P < 0.001). However, differences
were not statistically significant between some models with comparable performance, such as claude-
sonnet-4.6 and deepseek-v4-flash, claude-opus-4.7 and gemini-3-flash-preview, and deepseek-v4-pro and
gemini-3-flash-preview (Fig. 2B).

Together, these findings suggest a clear performance gradient among current LLMs, while also
highlighting that even the strongest model correctly identified the causative gene as the top-ranked
diagnosis in fewer than one-fifth of cases.
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LLM Diagnostic Performance Exhibits a Pronounced Long-Tail Bias: Accurate on Genes Frequently
Reported in the Literature but Systematically Failing on Rarely Reported Ones

Because MendelianBench-5K was explicitly stratified by literature frequency of genes, with 1,000
patients sampled from each of five frequency tiers, it enabled a direct assessment of whether LLM
diagnostic accuracy was preserved across the long tail of rarely reported genes. Across all nine models,
diagnostic performance showed a strong and monotonic dependence on literature frequency of genes.
For Top-1 accuracy, the average accuracy increased from only 2.24% in the quintile of genes least
frequently reported in the literature (Q1) to 42.48% in the quintile of genes most frequently reported in
the literature (Q5), representing an approximately 19-fold difference. Even the strongest model, GPT-5.5,
correctly ranked the causative gene first in only 5.20% of Q1 cases, compared with 46.70% of Q5 cases
(Fig. 3A). A similar pattern was observed for Top-5 accuracy: the mean accuracy increased from 6.92% in
Q110 66.10% in Q5, and GPT-5.5 improved from 10.80% to 71.30% across the same frequency range
(Fig. 3B). This frequency-dependent gradient was highly consistent across models, with Spearman
correlations between gene literature frequency quintile and Top-1 accuracy ranging from p =0.375 to
0.418, and correlations for Top-5 accuracy ranging from p = 0.442 to 0.485; all associations were highly
significant (all P<0.001, Table S5). These results indicate that current LLMs are not uniformly effective
across the diagnostic space of monogenic diseases. Rather, their apparent diagnostic ability is
disproportionately concentrated in relatively literature-enriched genes, while rarely reported long-tail
genes remain systematically underrecognized.

Effects of Publication Year and Input Phenotypic Information
Content on LLM Diagnostic Accuracy

We next examined whether diagnostic accuracy was associated with the publication year of the source
report and the amount of phenotypic information provided for each case. Among cases with available
publication-year information (n = 4,991), LLM performance declined markedly for more recently
published cases. Across models, the mean Top-1 accuracy decreased from 28.47% for cases published
in or before 2004 to 7.83% for cases published during 2020-2024, representing a 3.6-fold reduction

(Fig. 4A). A similar trend was observed for mean Top-5 accuracy, peaking at 44.00% in 2005-2009 and
declining to 17.20% in 2020-2024 (Fig. 4B). This temporal gradient was consistent across all nine
models; Spearman correlations between publication year and Top-5 accuracy were uniformly negative,
ranging from p = -0.195 to - 0.221, with all associations highly significant (all P < 0.001, Table S6). Even
GPT-5.5, the strongest model, showed a substantial decline from 33.19% Top-1 accuracy in cases
published before 2005 to 11.40% in cases published during 2020-2024. In contrast, the relationship
between diagnostic performance and the amount of phenotypic information was non-linear (Fig. 4C, 4D).
Cases with only one phenotype showed the lowest mean accuracy across models, with a Top-1 accuracy
of 10.26% and a Top-5 accuracy of 22.14%. Performance improved most notably when 2—-3 phenotypes
were provided, reaching the highest mean Top-1 and Top-5 accuracy of 16.46% and 31.92%, respectively.
However, additional phenotypic terms did not lead to further improvement; performance plateaued or
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declined in cases with 4-6, 7-10, or 2 11 phenotypes. Together, these results suggest that LLMs
perform best on long-established gene—phenotype correlations, while phenotypic input improves model
performance only up to a certain point, beyond which additional information may not lead to better
diagnostic ranking.

Universal Failure Cases and False-Positive Genes Reveal Knowledge
Bias and Diagnostic Behavioral Patterns in LLMs

To characterize cases that were universally difficult for current LLMs, we classified each case by the
number of models that ranked the causative gene within their Top-5 predictions: Hard (0/9 models
correct), Medium (1-4/9), and Easy (5-9/9). Among the 5,000 cases, 2,912 (58.24%) were classified as
Hard, 697 (13.94%) as Medium, and 1,391 (27.82%) as Easy, indicating that universal Top-5 failure was
common across current LLMs. Hard cases were strongly enriched for disorders caused by low literature
frequency gene: 54.98% of Hard cases came from the two lowest literature frequency quintiles (Q1-Q2),
whereas only 6.90% came from the highest quintile (Q5). In contrast, Easy cases showed the opposite
pattern, with 50.04% originating from Q5 and only 11.79% from Q1-Q2 (Fig. 5A). This gradient was not
explained simply by the amount of phenotypic information, as Hard and Easy cases had the same
median phenotype count of 4 terms per case, with broadly overlapping distributions (Fig. S4). However,
Hard cases tended to be more recently reported, with a median publication year of 2017 compared with
2013 for Easy cases, consistent with the temporal decline in LLM diagnostic accuracy described above
(Fig. 5B).

Gene-level analysis of universal failures showed that recurrent Hard-case genes were predominantly low
literature frequency genes in PhenoGemini Atlas, including PACS2, NUP93, TNRC6B, HSD3B7, RINTT,
ST1PR2, and RAX2, whereas only a small number of recurrently missed genes, such as AR and LPL, were
relatively common (Fig. 5C). In parallel, false-positive predictions were disproportionately concentrated
in well-known, high-frequency disease genes. MECP2 was the most frequent false-positive gene across
models, appearing 2,002 times when the true causative gene was absent from the Top-5, followed by
FMR1, ARID1B, POLG, CDKL5, KMT2D, CHD7, SCN1A, STXBP1, and GJB2 (Fig. 5D). Among the top 20
false-positive genes, the median PhenoGemini Atlas literature frequency rank was 106.5, and 14 of 20
ranked within the top 200 genes, indicating that models repeatedly defaulted to familiar, literature-rich
genes when diagnostic uncertainty was high (Table S7). Together, these findings suggest that LLM
diagnostic errors are not random: universal failures preferentially occur in rare, recently characterized, or
underrepresented gene—phenotype correlations, whereas false-positive predictions are biased toward
canonical and highly represented genes, revealing a systematic knowledge-frequency bias in LLM-based
molecular diagnosis.

DISCUSSION
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In this study, we constructed MendelianBench-5K, a literature-frequency-stratified benchmark designed
to evaluate the ability of LLMs to perform phenotype-to-gene diagnostic task in monogenic diseases. By
sampling 5,000 cases across five tiers of causative-gene literature reporting frequency, we were able to
assess not only overall diagnostic accuracy but also whether model performance remained stable
across the long tail of rarely reported genes. Our results show that the diagnostic capability of current
large language models in monogenic disease molecular diagnosis remains substantially limited. Even
the best-performing model ranked the correct causative gene first in fewer than one-fifth of cases,
indicating that, in the absence of external retrieval or structured genetic evidence, current LLMs cannot
yet serve as reliable standalone diagnostic systems for this task.

The central finding of this study is that the diagnostic performance of current mainstream LLMs is
strongly shaped by the literature reporting frequency of the causative gene. Across all evaluated models,
diagnostic accuracy increased progressively from the lowest to the highest gene-frequency tier. This
trend was observed for both Top-1 and Top-5 accuracy and was highly consistent across models. These
findings indicate that LLMs perform better for genes that are well represented in the biomedical
literature, whereas rarely reported long-tail genes are systematically underrecognized and missed.

The publication-year analysis supports this interpretation. The LLMs achieved the highest accuracy in
cases reported in earlier publications, whereas performance declined substantially for more recently
published cases. This pattern may reflect the fact that earlier cases and genes are more likely to have
been repeatedly reported, extensively studied, and incorporated into established biomedical knowledge.
In contrast, recently reported cases may have had insufficient dissemination and may more often involve
ultra-rare or atypical gene—phenotype correlations.

Our analysis of phenotype counts further revealed how LLMs respond to clinical input. Cases containing
only a single phenotype had the lowest accuracy, suggesting that minimal phenotypic input is insufficient
for reliable gene prioritization. Model performance improved when a small number of phenotypic
features were provided, indicating that concise but diagnostically informative clinical descriptions can
help narrow the diagnostic space. However, accuracy did not continue to improve as the number of
phenotypes increased further. In cases with more extensive phenotypic descriptions, model performance
plateaued or even declined, with a more pronounced effect among weaker models. A similar pattern was
also observed by Deisseroth et al., who found that limiting the number of phenotypes could improve the
performance of pathogenic gene-ranking algorithms'®. This may be because cases with many
phenotypes often represent more complex syndromic presentations, broader differential diagnoses, or
noisier clinical descriptions. These results suggest that LLMs are most likely to benefit from curated,
diagnostically meaningful phenotypes rather than unfiltered accumulation of phenotype terms.

Analyses of universally failed cases and false-positive predictions showed that LLM errors were not
random, clarifying both their underlying mechanisms and clinical risks. Failure cases were enriched for
low literature frequency and recently reported genes, whereas false-positive predictions were
disproportionately concentrated in canonical and literature-rich “star” genes, such as MECP2, FMR1, and
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POLG. This asymmetric error pattern indicates a knowledge-frequency bias: under diagnostic uncertainty,
LLMs tend to default to familiar, high-attention genes instead of prioritizing rare or poorly documented
ones. In clinical settings, this behavior could be risky, as it may lead models toward well-known
diagnoses while overlooking patients affected by less well-studied genes.

These findings have several implications for the evaluation and deployment of medical LLMs. First, in
biomedical domains with pronounced long-tailed knowledge structures, such as rare diseases and
monogenic disorders, overall accuracy is insufficient for assessing diagnostic reliability. If an evaluation
set is dominated by common, canonical, or long-established diseases, a model may appear clinically
promising while still performing poorly on the rare and underrepresented cases for which diagnostic
assistance is most needed. Frequency-stratified evaluation should therefore become a standard
component of benchmark design in long-tailed biomedical settings. Second, clinical use of LLMs should
emphasize decision support rather than autonomous diagnosis. LLM outputs must be integrated with
expert assessment, genomic variant interpretation, pedigree analysis, and evidence from prior literature.

Our results also point to potential directions for improving LLM-assisted diagnosis of monogenic
diseases. Agentic systems can equip LLMs with capabilities such as retrieval, memory, and reflection.
Recent agentic diagnostic systems, such as DeepRare, have been reported to outperform humans in
rare-disease diagnosis, suggesting that, compared with standalone LLMs, agentic systems may reduce
reliance on static parametric knowledge by retrieving external data, maintaining memory, and performing
iterative reflection, thereby substantially improving diagnostic performance’”. In addition, future
benchmarks should include long-tail, recently reported, and low literature frequency genes, so that model
development does not optimize performance only on common diagnostic knowledge but also addresses
the underrepresented cases that most urgently need diagnostic support.

This study has several limitations. First, although we evaluated multiple mainstream LLMs under zero-
shot prompting, model performance may differ under alternative prompting strategies, chain-of-thought
prompting, retrieval augmentation, or agentic workflows. Therefore, our results primarily characterize the
independent parametric knowledge of current LLMs and likely represent a lower-bound estimate of what
LLM-based diagnostic systems may achieve. Second, MendelianBench-5K evaluates phenotype-to-gene
prioritization among individuals with established molecular diagnoses and therefore does not assess
screening or case-finding tasks, such as determining whether a patient has a monogenic disorder.
Finally, because commercial LLMs are updated rapidly, our findings should be interpreted as a time-
specific assessment of current models, rather than as a permanent ranking of model capability.

In conclusion, current LLMs exhibit pronounced long-tail limitations in the molecular diagnosis of
monogenic diseases: they are better at recognizing well-studied, canonical disease genes, but their
performance declines substantially for rare or recently characterized genes. Their diagnostic outputs are
influenced by knowledge frequency, making them prone to missing low-attention genes while
overpredicting highly represented genes. Therefore, LLMs should be evaluated using frequency-stratified
benchmarks and applied with caution in monogenic disease diagnosis. Future systems should move
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beyond memorized associations and instead rely on continuously updated, evidence-driven, and
clinically accountable diagnostic reasoning.

MATERIALS AND METHODS
PhenoGemini Atlas Data Source

We used the PhenoGemini Atlas as the source database for constructing MendelianBench-5K. The
PhenoGemini Atlas is a literature-derived, patient-level phenotype—gene resource for monogenic
diseases. Briefly, the atlas was generated by systematically mining the biomedical literature using OMIM-
based disease and gene queries, followed by retrieval of candidate publications, identification of high-
confidence case reports, and extraction of individual patient records from published clinical
descriptions. Each record links a patient to the reported causative gene and the corresponding
phenotypic descriptions. The PhenoGemini Atlas contains 347,046 molecularly diagnosed individuals,
604,259 phenotype—genotype associations, and 4,739 causative genes. In the present study, the
PhenoGemini Atlas served as the source database for MendelianBench-5K and as the basis for
estimating literature frequency of causative genes. Each patient record provided the benchmark input
phenotypes and the corresponding causative gene label.

Construction of MendelianBench-5K

To construct MendelianBench-5K, we first excluded cases from the PhenoGemini Atlas that lacked a
valid causative gene or phenotype annotation. The literature frequency of each causative gene was
defined as the number of patient records in the full PhenoGemini Atlas associated with each causative
gene, with Entrez Gene identifiers used to ensure consistent gene-level counting. Genes were then
ranked by their literature frequency and divided into five frequency tiers, with Q1 containing the genes
with the lowest frequency and Q5 those with the highest. Each patient record was assigned to a tier
according to the frequency tier of its causative gene, and 1,000 patients were randomly sampled from
each tier to generate a balanced 5,000-case benchmark. This design enabled frequency-stratified
evaluation of large language model performance across both common and long-tail genes in the
literature-frequency distribution.

In addition, we used Doc2Hpo to convert the free-text phenotype descriptions of each case into HPO
terms. Specifically, phenotype annotation was performed using the Doc2HPO v2.0, which maps free-text
phenotype descriptions to HPO terms via the Aho-Corasick string-matching algorithm.

Manual Evaluation

We randomly selected 500 cases from MendelianBench-5K using a fixed random seed to ensure
reproducibility. Because the MendelianBench-5K was constructed by uniformly sampling cases across
five gene literature frequency tiers, this random subset retained approximately balanced representation
across the frequency tiers.
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Two clinician reviewers, each with 1 year of experience in phenotype assessment, independently
evaluated each case. The review focused on whether the patient phenotypes and causative gene
reported in the original literature were consistent with the corresponding records in the dataset. Each
case was assigned a binary judgment of either supported or not supported. For cases judged as not
supported, reviewers additionally recorded the error type. The two reviewers worked independently and
were blinded to each other’'s assessments. Cases with discordant judgments between the two reviewers
were adjudicated by a third clinician with 5 years of experience in phenotype assessment, who
determined the final review outcome and error type.

Error types were classified into four categories. The first category was misattribution error, including
cases in which the phenotype was real but assigned to an incorrect gene, the phenotype came from an
unaffected individual or a group-level description, or the extracted content represented a demographic
characteristic rather than a patient phenotype. The second category was negative conclusion, referring
to cases in which the original literature did not support the phenotype—gene association or reported a
conclusion in the opposite direction from the dataset record. The third category was model hallucination,
defined as cases in which the corresponding content was not mentioned in the source literature. The
fourth category was other error, which was used for cases that did not fall into the above three
categories.

Benchmark Characterization

We characterized MendelianBench-5K at multiple levels, including cases, genes, phenotypes, and
publication years. Gene coverage was assessed by counting the number of unique Entrez Gene identifier
in the benchmark. For phenotype characterization, we summarized both the free-text phenotype
descriptions and the HPO terms mapped by Doc2Hpo, including the number of phenotypes per case and
the most frequent phenotype terms. To describe the organ-system distribution of the phenotypes, HPO
terms were mapped to major organ-system categories using the direct child terms of Phenotypic
abnormality (HP:0000718). For each patient, all mapped HPO terms were assigned to their corresponding
system-level ancestors, and the predominant organ-system category was determined by majority vote.
Publication year was extracted from the source literature metadata in the PhenoGemini Atlas and
summarized both overall and across predefined time intervals.

Benchmarking Large Language Models Performance

We evaluated large language models on MendelianBench-5K using a phenotype-to-gene diagnostic task.
For each patient case, the model was given the free-text phenotype terms and asked to return the five
most likely causal genes, ordered from most to least likely. To reduce variability across runs, all models
were evaluated under a deterministic setting with temperature set to zero. The same zero-shot prompt
format was used for all models (Supplementary Materials). Model outputs were constrained to gene
symbols approved by the HUGO Gene Nomenclature Committee (HGNC), with one predicted gene per
line. After generation, predictions were parsed into ranked gene lists of up to five candidates. To account
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for aliases and symbol normalization, each predicted gene symbol was mapped to its corresponding
Entrez Gene identifier before comparison with the ground-truth causal gene.

Performance was assessed using three ranking-based metrics. Top-1 accuracy measured the fraction of
cases in which the highest-ranked prediction matched the causative gene. Top-5 accuracy measured the
fraction of cases in which the causative gene appeared anywhere among the five predictions. Mean
reciprocal rank measured how highly the correct gene was ranked, assigning a reciprocal score
according to the first correct position and zero when the causative gene was absent from the prediction
list.

Case-Difficulty Classification

Case difficulty was defined according to the number of models that included the causative gene within
their Top-5 predictions. Cases were classified as Hard if 0 of 9 models were correct, Medium if 1-4
models were correct, and Easy if 5-9 models were correct. False-positive genes were summarized by
counting predicted genes in cases where the true causative gene was absent from the Top-5 prediction
list.

Statistical Analysis

Pairwise comparisons of Top-1 accuracy between models were conducted using McNemar's test for
paired binary outcomes, as all models were evaluated on the same benchmark cases. To evaluate
monotonic associations between benchmark characteristics and model performance, Spearman rank
correlation analyses were performed at the case level. Specifically, the literature frequency of each
ground-truth causative gene in the PhenoGemini Atlas was correlated with Top-1 and Top-5 correctness.
Publication year was also correlated with diagnostic correctness among cases with available year
information. Phenotype-count analyses were conducted descriptively after grouping cases into
predefined categories: 1,2-3,4-6, 7-10, and = 11 phenotype terms. All statistical analyses were
performed in Python using pandas and SciPy. All statistical tests were two-sided, and P < 0.05 was
considered statistically significant.
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Figure 1

Overview of the construction and evaluation framework of MendelianBench-5K.

PhenoGemini Atlas was used as the source dataset, in which causative genes showed a long-tailed
distribution by literature frequency: a small number of highly represented genes, led by HBB with 4,040
patients, dominated the head of the distribution, whereas thousands of rare genes were compressed
near the x-axis. Patients were stratified into five tiers according to literature frequency, and 1,000 patients
were randomly sampled from each tier to construct MendelianBench-5K. Nine mainstream LLMs were
then evaluated on a zero-shot phenotype-to-gene diagnostic task, enabling frequency-stratified
assessment across both common and rare disease genes.
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Figure 2

Overall diagnostic performance of large language models on MendelianBench-5K.
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(A) Overall Top-1 accuracy, Top-5 accuracy, and mean reciprocal rank (MRR) of nine large language
models evaluated on MendelianBench-5K. Models were prompted to return up to five candidate
causative genes for each case under zero-shot setting. (B) Pairwise McNemar tests comparing Top-1
correctness between models on the same benchmark cases; color intensity indicates statistical
significance. GPT-5.5 achieved the highest overall performance; however, even the best-performing
model ranked the causative gene first in fewer than one-fifth of cases.
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Figure 3

Literature-frequency stratification reveals a pronounced long-tail bias in LLM-based molecular
diagnosis.

(A) Top-1 accuracy stratified by causative-gene literature-frequency quintile. (B) Top-5 accuracy stratified
by the same quintiles. Q1 denotes the least frequently reported genes and Q5 the most frequently
reported genes in the PhenoGemini Atlas; each quintile contained 1,000 benchmark cases. Across all
models, diagnostic accuracy increased monotonically from Q1 to Q5. Mean Top-1 accuracy increased
from 2.24% in Q1 to 42.48% in Q5, and mean Top-5 accuracy increased from 6.92% to 66.10%. These
results indicate that model performance was concentrated among literature-rich genes and degraded
substantially for long-tail genes.
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Figure 4

Effects of publication year and phenotypic information content on diagnostic accuracy.

(A, B) Model performance stratified by the publication year for cases with available year information (n =
4,991), shown for Top-1 and Top-5 accuracy, respectively. Diagnostic accuracy declined for more recently
published cases, with mean Top-1 accuracy decreasing from 28.47% for cases published in or before
2004 to 7.83% for cases published during 2020-2024. (C, D) Model performance stratified by the
number of phenotypes per case, shown for Top-1 and Top-5 accuracy, respectively. Accuracy was lowest
for cases with a single phenotype, improved most clearly for cases with 2—3 phenotypes, and then
plateaued or declined as additional phenotypic terms were provided.

Page 18/20



A o B

Quintile — _ _
(Q1=rarest)
Py 2020
Q2 -1 ——
0.8 1 Q3
o 2010 -
Q5
®
< 0.6 1 o
o = 2000 -
£ 9]
9 =
Q. o
Q 2
o 3
0.4 1 2 1990 -
0.2 - 1980 - o
1970 — ——
0.0 T T T T T T
Hard (0/9) Medium (1-4/9) Easy (5-9/9) Hard (0/9) Medium (1-4/9) Easy (5-9/9)
C D
AR A MECP2 -
PACS2 - FMR1 A
NUP93 - ARID1B A
TNRC6B - POLG 4
HSD3B7 A CDKLS5 A
RINT1 KMT2D A
S1PR2 A CHD?7 A
RAX2 A SCN1A A
LRP8 A STXBP1 A
SPI1 GJB2 -
DBR1 SLC26A4 -
OTUDS A CFTR A
CEP41 A FOXG1 A
NDUFA1 A SYNGAP1 A
GLCCI1 4 PARSE_FAILED -
LPL - LMNA A
POLG2 - RPGR A
TELO2 - PTPN11 +
KRT18 A USH2A 4
DLST A TP53 +
0 1 2 3 4 5 6 0 500 1000 1500 2000
Number of Cases (All 9 Models Failed) Prediction Count (when ground truth not in Top-5)
Figure 5

Universal failure cases and recurrent false-positive genes reveal structured diagnostic errors.

(A) Distribution of literature frequency quintiles across difficulty groups. Hard cases were enriched for
rarely reported genes, whereas Easy cases were enriched for well-studied genes. (B) Publication-year
distributions across difficulty groups, showing that Hard cases tended to originate from more recent
reports. (C) Top-20 genes in Hard cases missed by all nine models. (D) Most frequent false-positive
genes predicted when the true causative gene was absent from the Top-5 list. Recurrent false-positive
predictions were concentrated in canonical, literature-rich genes, suggesting that models tend to default
to familiar genes under diagnostic uncertainty. Benchmark cases were classified as Hard, Medium, or
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Easy according to the number of models that included the causative gene within their Top-5 predictions:
Hard, 0 of 9 models correct; Medium, 1-4 models correct; Easy, 5-9 models correct.
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