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Phenotypic prediction of missense variants 
via deep contrastive learning
 

Jun Wen    1,2,3, Sihang Zeng    4, Clara-Lea Bonzel1,2, Shilpa Nadimpalli Kobren1, 
Jiangchuan Du5, Yi Chai6, Hao Wang7, Meng Zhu8, Siwei Chen9,10, Fangwei Leng11, 
Harrison G. Zhang    12, Katherine P. Liao1,2,13, Kelly Cho2,13, Isaac S. Kohane1, 
Marinka Zitnik    1,9,13,14, Alexandre C. Pereira15, Jun S. Liu    16,17 & Tianxi Cai    1,2,18 

Missense variants (MVs) influence clinical phenotypes, but our understanding 
of their phenotypic consequences remains constrained. Existing computational 
approaches to interpret MVs predominantly assess their pathogenicity, without 
considering phenotypic heterogeneity. We present a machine-learning-based 
method, PheMART, to predict the clinical phenotypic consequences of MVs. 
PheMART integrates comprehensive variant and phenotype characterizations 
by leveraging a robust combination of multiple resources involving protein 
language models, protein–protein interactions, protein domains, medical 
knowledge graphs and electronic health records. Exploiting contrastive 
learning, PheMART establishes connections between MVs and 4,179 
phenotypes by jointly projecting them into a cohesive low-dimensional metric 
space where proximity signifies relevance. Besides substantially outperforming 
existing models, PheMART aids in diagnosing individuals with rare diseases by 
effectively pinpointing clinical diagnoses and causative MVs. As a resource to 
the community, we provide a database of phenotypic predictions for 5.1 million 
putative pathogenic amino acid alterations.

Missense variants (MVs) are critical contributors to monogenic 
disorders1,2, imposing notable burdens of morbidity, mortality and eco-
nomic costs on both paediatric and adult populations3,4. Understanding 
the precise clinical phenotypic implications of distinct genetic variants 
within the human genome is a fundamental aspect of human genetics 
research. This comprehension provides a foundation for understand-
ing the genetic underpinnings of diseases and lays the groundwork 
for therapeutic development5. Recent advancements in sequencing 

technologies, in conjunction with the availability of extensive biobank 
databases, have facilitated the identification of hundreds of millions of 
MVs6. However, the phenotypic impacts of most of these MVs remain 
unclear, as evidenced by the prevalence of MVs classified as variants of 
uncertain significance (VUS) in the ClinVar database7.

There are currently two major approaches to the interpreta-
tion of MVs: genome-wide association studies (GWAS)8 and variant 
functional-effects assessment9,10. While GWAS have been useful in 
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Results
Overview of PheMART
PheMART is a computational framework that combines LLMs, EHR- 
derived phenotype representations, PLMs and established biological 
knowledge to predict the phenotypic effects of pathogenic missense 
variants. This is achieved by jointly embedding phenotypes and vari-
ants into a low-dimensional metric space where the proximity between 
entities signifies their clinical relevance (Fig. 1b). PheMART leverages 
recent advances in self-supervised protein sequence embedding to 
capture proteins’ biological effects and structural nuances without 
relying on annotations. In addition, it uses contrastive learning to 
establish meaningful connections between variants and phenotypes 
in the metric space.

PheMART addresses three major challenges in extrapolating to 
large-scale VUS sets when trained from a relatively limited set of genetic 
variants with currently available phenotypic annotations. The first chal-
lenge is modelling the nuanced biological effects of single-amino-acid 
substitutions to differentiate their varied phenotypic effects, especially 
those sharing the same wild type. The second involves deciphering 
the intricate clinical semantic relationship between phenotypes. This 
includes understanding synonyms, the semantic hierarchy and other 
nuanced clinical semantics, thus facilitating their integrated inter-
pretations. The third is to effectively learn from the non-exclusive and 
sparsely reported associations between variants and phenotypes amid 
the immense potential combinations across millions of variants and 
thousands of phenotypes.

To address the first challenge, PheMART incorporates a VEM. 
This module takes both variant and corresponding wild-type pro-
tein sequences as input and distinguishes the phenotypic impacts of 
variants sharing the same wild type by contrasting them against the 
wild type in a phenotype-aware context. For variants of different wild 
types, they are bridged by leveraging established knowledge including 
PPIs21–23, protein domains24 and gene pathways30. To address the second 
challenge, PheMART integrates the phenotype semantic information 
from the UMLS-guided LLM25 and the EHR-derived embedding vectors26 
(Fig. 1b). Leveraging the semantic relationships between phenotypes 
facilitates inference involving phenotypes with few variant annota-
tions. To address the final challenge, PheMART employs a contrastive 
learning strategy, which jointly projects variants and phenotypes into 
a unified metric space. In this space, the proximity between elements 
signifies their clinical relevance, effectively linking genetic variants to 
specific clinical phenotypes. PheMART is trained using the annotated 
phenotype–variant associations extracted from the ClinVar database7 
(Fig. 1a). During inference, PheMART predicts the relevance of each var-
iant to the 4,179 clinical phenotypes consolidated from ClinVar reports.

PheMART accurately predicts variants’ phenotypic effects
To comprehensively assess PheMART’s generalizability to VUS, we con-
ducted four distinct experimental evaluations: (1) 10-fold per-variant 
cross-validation on ClinVar variants, (2) temporal validation using 
variants with the most recent ClinVar annotations, (3) external vali-
dation with extra unseen variants from the Human Gene Mutation 
Database (HGMD)31 and (4) cross-protein-domain validation, where 
we evaluated PheMART’s generalizability to variants residing in unseen 
protein domains.

State-of-the-art performance across variants. We performed 10-fold 
per-variant cross-validations based on the curated variant–pheno-
type pairs from ClinVar. Specifically, we randomly selected 90% of the 
variants for training and reserved the remaining 10% for performance 
evaluation. For each variant, phenotypes documented in ClinVar were 
considered positive, while 30 phenotypes not associated with the 
variant were randomly chosen as negative controls. Performance was 
evaluated using three metrics: the area under the receiver operating 
characteristic curve (auROC); the mean reciprocal rank (MRR), which 

unravelling the associations involving common phenotypes, their 
applicability to MVs is hindered by several challenges. Due to selec-
tive pressures, MVs are generally rare in the population, with ~99% of 
them having a global minor allele frequency below 0.5% (ref. 11), and 
are predominantly implicated in rare monogenic phenotypes1. These 
low frequencies present difficulties for GWAS in achieving statistically 
significant results. In addition, linkage disequilibrium or the correla-
tion between neighbouring genetic variants further complicates the 
identification of causal variants in GWAS analyses12.

The second approach involves assessing the functional impacts of 
MVs through wet-lab experiments or in silico predictions. Laboratory- 
assay-based tools, such as deep mutational scanning, offer reliable 
results by measuring molecular and cellular phenotypes across thou-
sands of variants simultaneously9. While these results are robust, 
they are imperfect proxies for relevant clinical phenotypes and are 
challenging to scale genome-wide13. In silico computational methods 
could theoretically encompass all MVs by designing various features 
or machine learning models to analyse biophysical properties or evo-
lutionary constraints of protein sequences10,14–18. Yet, existing tools 
primarily aim to differentiate ‘deleterious’ from ‘neutral’ effects at the 
protein level, without providing detailed characterization of impacts 
on clinical phenotypes. Given the ubiquity of pleiotropy19, where delete-
rious variants in a single gene affect distinct phenotypes, the absence 
of specific phenotypic information in these predictions restricts their 
use to inform clinical decisions.

In this paper, we present an in silico Phenotypic predictor for Mis-
sense vARianTs, named PheMART, to elucidate the clinical phenotypic 
consequences of MVs. PheMART integrates variant and phenotype 
characterizations by leveraging a combination of multiple resources 
including a pretrained protein language model (PLM)20, established 
biological knowledge such as protein–protein interactions (PPIs)21–23 
and protein domains24, medical knowledge graphs20,25 and large-scale 
electronic health records (EHR) data26. Specifically, for variants, a 
‘variant encoding module’ (VEM) built on PLM is developed to assess 
their biological effects by contrasting them with the corresponding 
wild-type proteins in a phenotype-aware context, thereby differentiat-
ing the nuanced phenotypic impacts of single substitutions of amino 
acids on the same wild type. On the phenotype side, to enable their 
integrated interpretations, a ‘phenotype encoding module’ (PEM) 
that models their clinical interconnectedness is designed by synthe-
sizing large-language-model (LLM) embeddings, condensed from 
the expert-curated medical knowledge graph in the Unified Medical 
Language System (UMLS)20,25, with pretrained phenotype represen-
tations summarized from large-scale EHR data26–28. On the basis of 
the variant–phenotype annotations derived from ClinVar (Fig. 1a), 
PheMART employs semisupervised contrastive learning to jointly 
map MVs and phenotypes into a cohesive low-dimensional embed-
ding space, positioning each MV near the phenotypes it is implicated 
in. As a result, PheMART elucidates the clinical impact of each variant 
across 4,179 phenotypes consolidated from ClinVar reports (Fig. 1a), 
thus generating a predictive phenotypic map for comprehensive inter-
pretations of MVs.

PheMART is a computational model designed to comprehensively 
assess the phenotypic impacts of MVs, demonstrating substantially 
improved performance over existing methods. Its phenotypic pre-
dictions align closely with the most recent ClinVar reports on MVs. 
Leveraging the patient-level data from the Undiagnosed Disease Net-
work (UDN)29, PheMART highlights its clinical promise by effectively 
pinpointing clinical diagnoses and causal variants for individuals with 
rare disorders that pose diagnostic challenges. Serving as a resource 
to the community, we provide phenotypic predictions for all Clin-
Var VUS and 5.1 million single-amino-acid substitutions, identified 
as ‘likely pathogenic’ by AlphaMissense10. This effort not only aids in 
clinical diagnostics but also contributes insights into understanding 
the molecular mechanisms underpinning these phenotypes.
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summarizes the ranks of the variants’ annotated phenotypes among 
the 4,179 distinct ones; and the average sensitivities of variants’ top-k 
phenotypic predictions (sensitivity@k). We compared PheMART to 
five established methods designed for pairwise relation learning or 
semisupervised training, including Deep Drug–Drug Interactions 
(DeepDDI)32, Semisupervised Deep Generative Models (SemiDGM)33, 
Multimodal Drug–Disease Relation Learning (M2REMAP)28, Contrastive 
Drug–Target Interactions (CCL-DTI)34 and Contrastive Language-Image 
Pre-Training (CLIP)35 (their implementation details are provided in 
Section 1.8).

As shown in Fig. 2a, contrastive representation learning plays a cru-
cial role in improving performance, with CLIP and CCL-DTI substantially 
outperforming DeepDDI, SemiDGM and M2REMAP, particularly in the 
rank-based metrics, MRR and sensitivity@k. For example, compared 
with M2REMAP, which surpasses DeepDDI and SemiDGM, CLIP achieves 
a relative improvement of 337.5% in MRR. Although PheMART shares 

a contrastive learning framework similar to CLIP, it demonstrates 
substantial advantages over CLIP across all three evaluation metrics by 
integrating multisource previous knowledge to enhance variant and 
phenotype representations. Specifically, PheMART achieves an auROC 
of 0.972, an MRR of 0.538 and a sensitivity@k of 0.696, representing rel-
ative gains of 5.9%, 40.4% and 67.2%, respectively, over CLIP, which is the 
second best-performing model. These gains in MRR and sensitivity@k 
have important clinical implications as they accelerate variant inter-
pretation and improve the efficiency of genetic diagnostics.

Phenotypic predictions align with the latest ClinVar reports. 
To assess PheMART’s generalization capabilities, we evaluated its 
phenotypic predictions using the most recent variant–phenotype 
annotations in ClinVar. Specifically, PheMART was trained on variants 
updated up to year 2022 and then evaluated on variants with updates 
in year 2023. The evaluation dataset includes 1,912 variant–phenotype 
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Fig. 1 | Overview of PheMART. a, Annotated data from ClinVar. We obtained 
variant–phenotype annotations based on the phenotypic reports of variants 
from the ClinVar database7. The phenotypes were standardized into CUIs of the 
UMLS, in which their semantic relationships were documented20. By removing 
reports of low confidence or those with unspecified phenotypes, we obtained 
45,356 variant–phenotype pairs, covering 29,589 variants and 4,179 phenotypes. 
b, Computational flow of PheMART. It features phenotypes using knowledge from 
two sources: the UMLS knowledge graph, condensed using LLM embeddings25, 
and large-scale EHR data summarized into clinical phenotype representations 
based on co-occurrences among clinical concepts26. The two sources were 
integrated by a two-stream encoder–decoder-based PEM designed to encapsulate 
the comprehensive interconnectedness of phenotypes. Variants were featurized 

using a PLM, which captures biologically informative features of proteins, such 
as structure and function, by learning from millions of protein sequences83,94. 
These features were further processed through a VEM with a two-stream 
encoder–decoder architecture. This module contrasted the variants against their 
corresponding wild-type proteins, enabling the differentiation of phenotypic 
effects arising from single-amino-acid substitutions that shared the same wild 
type. The generalization of variant encodings was enhanced by leveraging 
established biological knowledge, including PPIs, protein domains and gene 
pathways. Variants and phenotypes were jointly projected into a low-dimensional 
metric space where distances signify their clinical relevance. Consequently, 
PheMART elucidates the clinical significance of each variant across 4,179 clinical 
phenotypes, offering comprehensive phenotypic interpretations.
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pairs, covering 952 unique phenotypes and 897 distinct variants. The 
reported variant–phenotype pairs receive substantially higher predic-
tion scores than the unreported pairs, in which a randomly sampled 
phenotype was assigned to the involved variant, thus achieving an 
auROC of 0.948 (Fig. 2b). Notably, PheMART predicts the annotated 
phenotypes as the top candidate for the associated variants for 28.5% 
of these pairs. Expanding the evaluation to the top-3 and top-7 phe-
notypic predictions for each variant leads to increased sensitivities of 
55.3% and 72.9%, respectively. These results demonstrate PheMART’s 
potential for generalizing phenotypic predictions to large-scale VUS.

Phenotypic predictions validated by external variant annotations. 
We further assessed PheMART’s generalizability to MVs beyond those 
catalogued in ClinVar by incorporating additional MVs with phenotypic 
annotations from HGMD31. Our analysis focused on MVs within the 84 
genes recommended as clinically actionable by the American College 
of Medical Genetics and Genomics10,36 due to their well-established dis-
ease associations and highly penetrant mutations. To integrate HGMD 
annotations into our validation framework, we mapped the reported 

phenotypes to UMLS Concept Unique Identifiers (CUIs), retaining only 
those within the 4,179 phenotypes considered in our study. This resulted 
in 22,124 variant–phenotype pairs, involving 229 phenotypes and 22,124 
variants not included in ClinVar. PheMART then predicted the relevance of 
each of these 22,124 variants to the 4,179 phenotypes under investigation.

PheMART consistently demonstrates superior performance over 
existing methods, achieving an auROC of 0.947 and an MRR of 0.359, thus 
outperforming the second-best models by 3.77% and 89.87%, respectively 
(Fig. 2c). PheMART accurately predicts the phenotypic effects of those 
variants in HGMD, with 42.8% of the reported phenotypes ranked within 
the top-3 predictions and an additional 17.1% ranked in the top 4–7 pre-
dictions. Notably, for one of the top-performing genes, CASR, PheMART 
predicts that His1834Arg and Ser913Phe are implicated in ‘myofibrillar 
myopathy’ and ‘hypertrophic cardiomyopathy’, respectively, which aligns 
with the recent findings in ref. 37 and ref. 38 curated in the HGMD.

Ablating PheMART components to reveal key drivers of performance.  
We systematically investigated the contributions of PheMART’s key 
components that underpin its performance, including PEM, VEM and 
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Fig. 2 | Comprehensive evaluation of PheMART’s phenotypic predictions. 
The performances were evaluated using auROC, MRR and sensitivity@k. 
Error bars show the 95% confidence interval of 1,000 bootstrap resamples. 
a, Results from 10-fold per-variant cross-validation on ClinVar7. PheMART 
substantially outperforms the established methods across the three metrics. The 
contributions of the proposed PEM and VEM were underscored by the notable 
performance declines when they are removed (indicated as ‘w/o PEM’ and ‘w/o 
VEM’). PheMART effectively prioritizes the associated phenotypes among the 
4,179 investigated phenotypes. It achieves sensitivities of 68.6% and 80.8% for the 
top-3 and top-7 phenotypic predictions per variant, respectively. b, Phenotypic 

predictions for variants most recently updated in ClinVar (independent testing 
set). The models were trained on data until year 2022, and the predictions were 
evaluated on variants with phenotypic reports updated since year 2023. For 
28.5% of the variants, the reported phenotypes are ranked the top predictions by 
PheMART, and for an additional 44.3%, they fall within the top 2–7 predictions. 
c, External validations against unseen variants annotated in HGMD31. PheMART 
accurately predicts the phenotypic effects of those HGMD variants, with 42.8% of 
reported phenotypes ranking within the top-3 predictions and an additional 17.1% 
ranking within the top 4–7 predictions.
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contrastive variant–phenotype embedding (CVPE), which bridges 
variants and phenotypes. First, the integration of knowledge from LLM 
and EHR data enhances PheMART’s ability to comprehensively grasp 
the semantic interconnectedness of phenotypes (example visualiza-
tions are provided in Supplementary Fig. 9a,b), which is evidenced by 
performance drops after removing PEM (Fig. 2). Neither LLM nor EHR 
data alone can fully encapsulate the intricacies of phenotype relation-
ships (as evidenced in Supplementary Fig. 2).

Second, VEM enables nuanced discerning of variants’ biological 
impacts (evidenced by the performance drop of PheMART (w/o VEP) 
in Fig. 2). By contrasting variant features against those of the wild-type 
protein in a semisupervised manner, VEM accentuates the specific 
phenotypic effects attributable to variants and allows for greater gen-
otype–phenotype specificity (example visualization is provided in 
Supplementary Fig. 9c,d). Within the VEM, we have also shown that both 
the PPIs and protein domain annotations are important for enhancing 
model generalizations (Supplementary Fig. 2). Furthermore, the choice 
of PLM is critical for representing missense variants. RGN2 embeddings, 
which explicitly capture residue-level structural perturbations and are 
sensitive to subtle conformational changes, offer substantial advan-
tages over alternative embeddings, including ESM-1v39, ESM2_t30 and 
ESM2_t33 (ref. 40), which primarily excel at capturing global protein 
structure and evolutionary constraints (Supplementary Fig. 2).

Lastly, effective contrastive learning is essential to align variants 
and phenotypes in the metric embedding space in a generalizable man-
ner. In comparison to a cross-entropy loss and the standard contrastive 
training loss41, the advantages of the adopted CLIP-derived contrastive 
loss are substantial (Supplementary Fig. 2). Both cross-entropy loss and 
the standard contrastive loss are susceptible to label noise. However, 
since existing reported variant–phenotype pairs are non-exclusive, 
either random sampling or knowledge-guided negative sampling28 
may inadvertently introduce false-negative pairs, compromising model 
learning. Overall, these results underscore the importance of nuanced 
characterizations of both variants and phenotypes and the effective 
strategy to establish their clinical relevance.

Calibrated PheMART predictions across phenotype groups. 
To ensure balanced performance across the varied phenotypes,  
PheMART employs phenotype-aware calibrations. This involves using 
a univariate logistic regression model that incorporates both the vari-
ant–phenotype similarity prediction and the phenotype embeddings 
(as detailed in Methods). This calibration process finetunes PheMART’s 
predictive capability to accommodate the diversity of phenotypes. 
The calibrated PheMART scores, which range from 0 to 1, represent 
approximate probabilities of variants being implicated in specific 
phenotypes. This probabilistic interpretation provides users with a 
nuanced understanding of a given variant’s likelihood of involvement 
in particular phenotypes, thereby enhancing the applicability and 
reliability of PheMART predictions.

Performances of the 12 phenotype groups are mostly balanced 
in both auROC and MRR, except for the ‘Others’ group, which exhibits 
comparatively poorer performance (Supplementary Fig. 1a). This out-
come is reasonable given the smaller annotation size and the diverse 
range of phenotypes in this group. The ‘musculoskeletal’, ‘metabolic’ 
and ‘circulatory’ groups perform the best, while the ‘immune’, ‘genitou-
rinary’ and ‘neurological’ groups perform relatively poorer. The overall 
performance across the 12 phenotype groups is effectively calibrated 
(Supplementary Fig. 1b), resulting in an average estimated calibration 
error of 0.07 (ref. 42). This indicates the reliability of PheMART’s predic-
tions across diverse phenotype categories.

PheMART’s phenotypic predictions resonate with established 
biological knowledge
To understand the properties of amino-acid substitutions identified 
by PheMART when linking variants to phenotypes, we analysed the 

phenotypic predictions of a large set of missense variants across diverse 
functional domains.

Overall associations between protein functional domains and 
phenotypes. We analysed PheMART’s phenotypic predictions on 
the 583,722 missense variants catalogued in ClinVar7. Focusing on 
high-confidence predictions (positive predictive value = 0.9 after cali-
bration), we identified 159,960 variant–phenotype pairs. The protein 
domain information of the variants was obtained from UniProt24, if 
available. To explore the distribution of these high-confidence vari-
ants across functional domains, we considered the top 50 domains 
containing the greatest number of these variant–phenotype paris and 
then visualized their normalized contributions across the 12 phenotype 
groups (see Supplemenary Section 1.9 for details).

PheMART’s predictions resonate well with the established biologi-
cal understandings (Fig. 3a). For example, variants in the ion transport 
domain contribute predominantly to neurological and circulatory 
disorders, aligning with the canonical roles of ion channels in gener-
ating action potentials for nervous system conduction and cardiac 
contractions43–45. In the study of respiratory phenotypes, we found an 
enrichment of pathogenic variants within the AAA+ ATPases domain, 
which is essential for protein quality control, particularly within the 
mitochondria46, and contributes to the maintenance of cellular health 
in respiratory tissues. This aligns with emerging evidence that mito-
chondrial dysfunction is increasingly recognized as a crucial factor in 
the pathogenesis of several lung diseases, including chronic obstruc-
tive pulmonary disease, asthma and lung cancer47.

Our analysis also revealed a notable connection between muta-
tions in the myosin motor domain and circulatory diseases. Given 
the fundamental role of myosin in cardiac muscle contraction and its 
involvement in cardiac remodelling over time, this discovery is sup-
ported by its known associations with several heart conditions, such 
as familial cardiomyopathies, left ventricular non-compaction48 and 
electrophysiological anomalies49. In addition, for immune-related 
phenotypes, an enrichment of pathogenic variants was found in the 
SPRY/B30.2 domain, which plays a vital role in managing both innate 
and adaptive immune responses50.

PheMART provides phenotype-specific pathogenicity predictions. 
We conducted a detailed analysis of phenotype-specific pathogenicity 
predictions at the gene level, revealing strong mechanistic correla-
tions between mutated domains and their associated phenotypes 
(Supplementary Fig. 4). For example, on cyclin-dependent kinase-like 
5, a protein kinase essential for neurological development, we identi-
fied a predominance of mutations within its kinase domain, which 
were predicted to contribute to neurological disorders and epilepsy. 
This finding underscores the sensitivity of neurological pathways to 
disruptions in kinase activity51. Similarly, the Sodium Voltage-Gated 
Channel Alpha Subunit 5 (SCN5A) exhibited high pathogenicity densi-
ties in its voltage-gated ion channel domain, a key regulator of cardiac 
electrical activity. Mutations in this domain are strongly associated with 
arrhythmias and sudden cardiac arrest, hallmark features of Brugada 
syndrome52. Comparable patterns were also observed in its homolo-
gous family members, SCN9A and SCN8A. Developmental disorders 
exhibited a high concentration of pathogenic mutations in critical 
developmental domains. For Twist Family BHLH Transcription Fac-
tor 1 (TWIST1), mutations within the bHLH domain were associated 
with Saethre–Chotzen syndrome, a craniofacial disorder53. Similarly, 
mutations in the homeobox domain of Meis homeobox 2 (MEIS2) were 
linked to congenital anomalies, including cleft lip, microcephaly and 
cardiac malformations54,55. Pathogenic mutations in the homeobox 
domain of Short Stature Homeobox (SHOX) were also associated with 
Leri–Weill dyschondrosteosis and hereditary neuropathy. Metabolic 
disorders were predominantly linked to mutations in key metabolic 
genes. For instance, mutations in the peripheral subunit-binding 
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domain of Peroxisomal Biogenesis Factor 1 (PDX1), a critical regula-
tor of carbohydrate metabolism, were associated with maturity-onset 
diabetes. Likewise, pathogenic variants in the forkhead domain of 
protein Forkhead Box P3 (FOXP3), a key regulator of insulin signalling, 
were implicated in insulin-dependent diabetes56.

The mapping of pathogenic missense variants to specific clinical 
phenotypes could also deepen our understanding of the molecular 
mechanisms underlying disease development. For example, it iden-
tifies enrichments of pathogenic variants associated with Noonan 
syndrome in the N-terminal Ras-GEF domain (Fig. 3b). This domain is 
crucial because it interacts with GTPase, an enzyme that plays a piv-
otal role in the RAS signalling pathway essential for cell division and 
growth. Variations in this domain can disrupt the normal function of the 
pathway, leading to the developmental and growth anomalies seen in 
Noonan syndrome. By pinpointing these variants, PheMART confirms 
the involvement of the RAS pathway in Noonan syndrome and offers 
insights into how the signalling disruptions caused by these variants 
contribute to the disease’s development. Meanwhile, the predictions 
could also facilitate identifying functional protein regions that may 
not be well characterized in existing databases such as UniProt24. For 
example, PheMART has identified a region within the FKTN (Fukutin) 

(amino acids 285–310) that harbours a high density of potential patho-
genic variants linked to Walker–Warburg syndrome and Ullrich con-
genital muscular dystrophy (Fig. 3c), although these regions do not 
have documented functions in the current literature. This discovery 
suggests new functional domains within FKTN and adds new insights 
into the pathological mechanisms of the disorder.

The ubiquity of pleiotropy, where a single gene influences multiple 
disorders, complicates the clinical assessment of variant pathogenicity. 
PheMART addresses this challenge by providing disease-specific iden-
tification of pathogenic variants, enabling more precise and actionable 
clinical interpretations of patient conditions. For example, PheMART 
reveals distinct patterns of pathogenic distribution across phenotypes 
associated with the gene Tubulin Beta 3 Class III (TUBB3) (Fig. 3d). 
Variants linked to torsion dystonia are dispersed across the first 400 
amino acid positions, whereas pathogenic variants associated with 
complex cortical dysplasia are predominantly enriched within the 
FtsZ2-layer sandwich domain. This domain is located in the C-terminal 
region of tubulin proteins which are vital for the polymerization and 
formation of microtubules and essential for neuronal development. 
This finding aligns with existing research indicating that mutations in 
tubulin genes such as Tubulin α 1a (TUBA1A), Tubulin β Class I (TUBB) 
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Fig. 3 | PheMART’s phenotypic predictions resonate with established 
biological knowledge. a, PheMART uncovers associations between phenotype 
categories and protein functional domains. Through the comprehensive 
prediction of missense variants catalogued in ClinVar, we obtained 159,960 
high-confidence variant–phenotype pairs. For each of the 12 phenotype groups, 
we then visualized the normalized contributions of variants across the top 50 
associated protein domains (details are provided in Supplementary Section 1.9),  
which affirms the biological underpinnings and validity of PheMART’s 
predictions. b, PheMART identifies enriched pathogenic variants in the 

N-terminal Ras-GEF domain of SOS1 (Son of Sevenless Homolog 1), aligning with 
the existing knowledge on the involvement of the RAS signalling pathway in 
Noonan syndrome. c, On FKTN, PheMART identifies regions harbouring a high 
density of potential pathogenic variants for both Walker–Warburg syndrome 
and Ullrich congenital muscular dystrophy, suggesting putative novel functional 
domains. d, On TUBB3, PheMART reveals distinct patterns of pathogenic density 
distribution across the two different phenotypes, especially in the Tubulin/FtsZ 
2-layer sandwich domain.
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and Tubulin γ (TUBG) are implicated in a spectrum of cortical malfor-
mations and neurodevelopmental disorders, collectively referred to 
as tubulinopathies57–59.

Gene-level enrichment analysis on PheMART’s predictions. We 
aggregated phenotypic predictions at the gene level for enrichment 
analysis30. Specifically, for each target phenotype, we performed 
pathway enrichment analysis (false discovery rate (FDR) < 0.05,  
Benjamini–Hochberg) on genes harbouring missense variants pre-
dicted to be implicated in that phenotype. The results demonstrate 
that PheMART’s predictions align with the biological mechanisms 
underlying phenotype development (Supplementary Fig. 5). For 
example, in developmental and epileptic encephalopathy, a neurolog-
ical disorder, the implicated variants originate from 19 genes, which 
are enriched in synaptic function and neurodevelopmental pathways 
(q = 5.5 × 10−5, which represents the FDR-adjusted p value after mul-
tiple hypothesis testing correction; fold enrichment (FE) = 5.4). The 
involved genes include the Chromodomain Helicase DNA Binding 
Protein 1 (CHD1) and Chromodomain Helicase DNA Binding Protein 2 
(CHD2), which act as chromatin remodellers and play roles in brain 
development. Also, voltage-gated potassium channels are involved, 
including Potassium Voltage-Gated Channel Subfamily A Member 2 
(KCNA2), Potassium Voltage-Gated Channel Subfamily B Member 1 
(KCNB1) and Potassium Voltage-Gated Channel Subfamily Q Member 2  
(KCNQ2), which regulate neuronal excitability and action potential 
generation. Similarly, in the metabolic disorder mitochondrial DNA 
depletion syndrome, the 11 associated genes, including DNA Polymer-
ase γ, Catalytic Subunit (POLG) and Ribonucleotide Reductase Regula-
tory TP53 Inducible Subunit M2B (RRM2B), show strong enrichment in 
energy metabolism and mitochondrial maintenance pathways, which 
is consistent with their roles in mitochondrial DNA synthesis and 
maintenance. For hereditary breast–ovarian cancer, associated vari-
ants span 10 genes, including BRCA1 DNA Repair Associated (BRCA1), 
Partner and Localizer of BRCA2 (PALB2) and RAD51 Paralog C/D 
(RAD51C/D), showing expected enrichment in telomere maintenance 
(q = 4.0 × 10−6, FE = 508.5) and homologous recombination-based DNA 
repair (q = 1.50 × 10−6, FE = 72.2), the defects of which lead to genomic 
instability and increased susceptibility to cancer. Furthermore, in 
the eye disorder retinitis pigmentosa, 29 associated genes show a 
high enrichment in visual phototransduction, including Rhodopsin 
(RHO), Phosphodiesterase 6A/B/C (PDE6A/B/C) (q = 2.5 × 10−5, FE = 59.5), 
and retinal development pathways (q = 8.4 × 10−11, FE = 43.0), that is, 
Crumbs Cell Polarity Complex Component 1 (CRB1) and Nuclear Recep-
tor Subfamily 2 Group E Member 3 (NR2E3), which is consistent with 
the disruption of photoreceptor function and retinal degeneration 
observed in the disease. These functionally coherent enrichments 
further support the biological validity of PheMART’s phenotypic 
predictions.

PheMART aids in genetic diagnosis of rare clinical disorders
By linking pathogenic missense variants to large-scale clinical phe-
notypes, PheMART provides greater clinical actionability than exist-
ing methods that solely classify variants as benign or pathogenic. For 
patients with genetic disorders, it not only aids in establishing clinical 
diagnoses but also pinpoints the causal variants (following the work-
flow in Fig. 4a).

PheMART pinpoints causal missense variants in patients with 
genetic disorders. A common scenario for an individual with a sus-
pected genetic disorder is when a specific clinical diagnosis can be 
established through clinical review, enzymatic or metabolomics test-
ing, imaging studies or tissue biopsy, but the causal genetic variant(s) 
underlying the disorder remain(s) unknown60. Pinpointing the 
disease-causal variant(s) can be critical for determining a patient’s 
eligibility for clinical trials, potential therapeutic management and 

predicted disease prognosis, and can also enhance our understanding 
of the molecular mechanisms driving the disorders.

To evaluate PheMART’s effectiveness in identifying disease-causing 
variants, we curated a set of 31 diagnosed patients with validated 
disease-causing missense variants from UDN29. These patients have 
extensive clinical profiles and complete sequencing data. Typically, 
disease-causing variants in such cases are validated through extensive 
experimental assays, model organism studies or by identifying addi-
tional genotype- and phenotype-matched individuals using services 
such as Matchmaker Exchange61.

When ranking all missense variants by the proximities of their 
PheMART-predicted phenotypes to an individual’s clinical diagnosis 
for each case, we found that the causal variant was the top-ranked 
variant in 58% of cases and within the top-3-ranked variants in 77% 
of cases (Fig. 4b). In comparison, AlphaMissense10, which identifies 
phenotype-agnostic pathogenic variants based solely on sequencing 
data (comparison results are provided in Supplementary Section 1.12), 
and ClinPrior62, which combines patients’ sequencing data with pheno-
type information for variant prioritization, both fall short of PheMART’s 
performance (Fig. 4b). For example, in a patient clinically diagnosed 
with early infantile epileptic encephalopathy-64, PheMART correctly 
prioritized the true causal variant Rho-related BTB Domain-Containing 
Protein 2 (RHOBTB2) (p.Arg483His) as the top candidate. Similarly, in 
a patient with cystic fibrosis, the true causal variant, Cystic Fibrosis 
Transmembrane Conductance Regulator (CFTR) (p.Arg117His), was 
ranked first by PheMART among 51 prioritized variants (Fig. 4e). By 
considering pairs consisting of a diagnosis and a causal variant as 
positives, and those involving a diagnosis and a non-causal variant as 
negatives, PheMART achieves an auROC of 0.956, further highlighting 
PheMART’s promise for clinical diagnosis.

PheMART facilitates diagnosing challenging clinical disorders. 
Missense variants are predominantly implicated in rare monogenic 
diseases that collectively impact millions of patients3,4. Identifying 
these conditions is particularly difficult because they often lack unique 
distinguishing features or standard laboratory tests that can provide 
definitive confirmation of suspected genetic abnormalities61,63. A stag-
gering 70% of affected individuals actively seek a diagnosis, yet up to 
50% of suspected conditions remain elusive2,64. An accurate and early 
diagnosis can result in better disease management, counselling options 
and identification of potential therapeutics, and avoid unnecessary 
treatments that may have severe side effects. In such cases, genetic 
information has been shown to provide valuable insights that can aid 
in pinpointing the underlying diseases63,65.

Leveraging PheMART’s phenotypic predictions, we proposed a 
workflow to nominate diagnoses for patients with rare diseases whose 
diagnosis was clinically challenging (Fig. 4a). It consists of three steps: 
variant prioritization, diagnosis nomination by PheMART and nomina-
tion refinement based on patients’ reported symptoms. We validated 
its clinical promise by assembling a cohort comprising 83 patients from 
UDN29 (demographic information is provided in Supplementary Fig. 3). 
Each patient underwent comprehensive sequencing and was provided 
with a set of variants prioritized by the UDN team through a combi-
nation of techniques encompassing allele frequency prevalence in 
control populations, pathogenicity prediction and consideration of 
the most probable inheritance pattern61. Diagnoses were generated 
on the basis of established knowledge of genotype–disease associa-
tions or recognized diagnostic guidelines60. Among the 83 patients, 
the UDN team assigned 82 unique diagnoses. For each patient, we 
derived potential diagnoses by integrating PheMART predictions with 
their reported symptoms. Prioritized variants were fed into PheMART 
to generate 4,179-dimensional phenotype scores, which were aggre-
gated by taking the maximum across all variants to produce the initial 
diagnostic predictions. We further refined the diagnostic predictions 
through a two-step sequential process, enhancing alignment between 
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PheMART predictions and the patients’ reported symptoms (Fig. 4a). 
First, we required the diagnoses to have at least one main trait matched 
to patients’ reported symptoms. To this end, we curated their main 
traits by integrating knowledge from Orphanet66 and OMIM67. These 
symptoms are standardized as Human Phenotype Ontology (HPO) 
terms68. Then, we reweighed the prediction score of each candidate 
diagnosis based on the similarity between its set of main traits and 
the set of patients’ reported symptoms. The similarity was obtained 

by calculating their best-match average69 of the similarities in the 
CODER25 embedding vectors.

PheMART identifies the correct clinical diagnoses for 44.6% of the 
patients with its top nomination out of the 4,179 disease candidates, 
substantially outperforming Phrank70 and Phenomizer71. For example, 
PheMART nominates the given diagnosis, mitochondrial complex 
I deficiency, nuclear type 21, as the top candidate for a patient with 
7 prioritized variants (Fig. 4f). For 18.1% of the patients, their diagnoses 
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Fig. 4 | PheMART aids in diagnosing patients with rare genetic diseases.  
a, Workflow of PheMART to nominate diagnoses for patients with rare disorders. 
Following the guidelines61, we obtained prioritized variants for each patient by 
combining sequence alignment, prevalence control, pathogenicity prediction, 
patient traits and considerations of inheritance patterns61. By projecting the 
prioritized variants and diseases into the metric embedding space, PheMART 
generates diagnosis candidates, which were filtered and re-weighted on the 
basis of patients’ observed symptoms. b, PheMART nominates causal variants 
for patients with rare diseases. We curated a dataset of 31 patients from the UDN 
who have been diagnosed and have their causal missense variants validated. 
PheMART effectively pinpoints the causal variants, achieving a top-1 accuracy 
of 0.58 and a top-3 accuracy of 0.77. c, Performance of PheMART generating 

diagnosis nominations on a dataset consisting of 83 UDN patients29. PheMART 
demonstrates substantial improvements from existing methods. For 44.6% of the 
individuals, their clinical diagnoses are the top nominations by PheMART, 18.1% 
among the top 2–5, and 15.7% among the top 6–10. d, The auROC of PheMART 
across different disease categories in the diagnosis nomination.  
e, PheMART nominates the causal variant, CFTR(p.Arg117His), as the top 
candidate for a patient diagnosed with cystic fibrosis (observed variants are 
marked as triradiates in the embedding visualizations via UMAP95). f, For a patient 
with 7 variants prioritized by the UDN team61, the given diagnosis, Mitochondrial 
complex I deficiency, nuclear type 21, is the top diagnosis nomination by 
PheMART. g, For an individual clinically undiagnosed, PheMART nominates a 
putative diagnosis that is supported by the observed symptoms.
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rank among the 2nd to 5th nominations, while 15. 7% of the diagnoses 
position within the 6th to 10th nominations (Fig. 4c). The predictive 
scores effectively distinguish true diagnoses from unrelated disorders 
across diverse phenotype groups, with particularly strong performance 
in ‘musculoskeletal’ and ‘immune’ groups, achieving auROC values of 
0.961 and 0.953, respectively (Fig. 4d). However, it is important to high-
light a discernible decline in the accuracy of the diagnosis nominations 
relative to phenotypic predictions based on ClinVar annotations, which 
can be attributed primarily to two factors. First, there are potential 
omissions of certain disease-relevant traits in patient reports or the 
disease–trait curations, which may compromise the thoroughness 
of the diagnosis refinement process. Second, some diagnoses nomi-
nated by PheMART may not yet be clinically manifested in patients, in 
which case PheMART’s nominations could be instrumental in guiding 
future diagnostic endeavours or disease risk management. Given the 
promising results, PheMART could be used to generate diagnosis 
nominations for patients still undiagnosed and facilitate the diagnos-
ing process. For example, on the basis of the 7 prioritized variants of a 
patient, PheMART nominates Glanzmann thrombasthenia as the top 
candidate diagnosis, which is supported by the patient’s observed 
symptoms including prolonged prothrombin time, reduced factor X 
activity and epistaxis (Fig. 4g).

PheMART predictions as a community resource
We provided phenotypic predictions for 5.1 million amino acid altera-
tions across 2,367 genes that were identified as ‘likely pathogenic’ 
by AlphaMissense10. Each mutation was associated with calibrated 
scores for 4,179 distinct phenotypes. Employing cut-off values that 
achieve 90% precision in 10-fold cross-validation, we identified a total 
of 1.44 million variant–phenotype pairs covering 1.1 million variants 
(all data downloadable as shown in Supplementary Fig. 8). Our analysis 
revealed that 28.9% of these pairs were involved in neurological dis-
orders, 16.5% in metabolic conditions and 12.6% in musculoskeletal 
disorders (Fig. 5a). It is important to note that users can tailor the 
precision cut-offs to meet their specific requirements. In addition, 
we provided gene-level phenotypic predictions by aggregating the 
predictions across all missense variants within each gene (see the 
high-confidence predictions on the top 50 ClinVar genes in Fig. 5b). 
Also, 61.2% of the genes were found to be disproportionally involved 
in at least two phenotype categories, further underscoring the neces-
sity of considering specific phenotypic impacts beyond merely cat-
egorizing predictions as pathogenic or benign. Of these 1.44 million 
variant–phenotype pairs, there are 5,125 unique gene–phenotype 
combinations involved, which are visualized by phenotype groups in 
Fig. 5c (4 phenotype groups) and Supplementary Fig. 7 (8 phenotype 
groups). Notably, 33.8% of these combinations have not been previ-
ously documented in ClinVar7, indicating that these genes have not 
been associated with any closely related phenotypes (with a CODER 
cosine similarity above 0.7). These newly uncovered gene–phenotype 
combinations shed light on the gene’s functional implications at a 
broader level. For example, while ATPase Na⁺/K⁺ Transporting Subunit 
α 1 (ATP1A1) and ATP1A2, which encode the alpha subunits of the Na+/
K+ ATPase transporter, are known to be highly related to neurologi-
cal disorders such as familial hemiplegic migraine72, PheMART also 
reveals their potential involvements in dystonia (Fig. 5c), which is 
consistent with recent case reports73. On gene Carbamoyl-Phosphate 
Synthetase 2, Aspartate Transcarbamylase and Dihydroorotase (CAD), 
which encodes a trifunctional enzyme catalysing the initial steps of 
de novo pyrimidine biosynthesis, variants were predicted to cause 
congenital hyperammonemia type I (Fig. 5c), which aligns with the 
essential role of CAD in nucleotide metabolism and urea cycle74. The 
predictions also highlight functional correlations within gene families. 
For example, variants on GATA Binding Protein 2 (GATA2) are widely 
reported to cause primary lymphedema with myelodysplasia for 
which PheMART identifies enriched variants on gene GATA3 (Fig. 5c), 

consistent with GATA3’s crucial function in T lymphoid cell develop-
ment and immune regulation75,76.

Discussion
In an individual’s genome, there are typically over 9,000 missense 
variants that result in amino acid changes compared to a reference 
genome77. Accurately linking these variants to specific phenotypes 
is essential for making informed clinical decisions. Current tools for 
prioritizing genetic variants have successfully reduced a vast pool of 
potentially deleterious variants to a more manageable few hundred 
candidates. However, this number remains overwhelmingly large for 
practical clinical actions or experimental analyses. To address this 
problem, we introduced PheMART, an in silico tool designed to link 
missense variants to specific phenotypes. By mapping mutant protein 
sequences and 4,179 phenotypes into a unified metric space, PheMART 
provides comprehensive phenotypic characterizations for each variant, 
thereby enhancing the precision and practicality of variant prioritiza-
tion in clinical and research settings.

PheMART stands out as an in silico approach in elucidating the 
phenotypic implications of missense variants, thus providing sub-
stantial advantages over existing methodologies. It eliminates reliance 
on population-wide data from GWAS for interpreting the phenotypic 
effects of missense variants, particularly in the context of rare pheno-
types. PheMART surpasses traditional binary assessments of variant 
pathogenicity by offering nuanced and clinically relevant insights, 
aiding in patient diagnosis and the identification of causative vari-
ants. Although there have been computational efforts to predict the 
phenotypic consequences of genetic variants15, these efforts have 
primarily focused on molecular-level impacts, which often do not 
directly translate to actionable clinical outcomes.

As an initial effort to computationally link missense variants to 
clinical phenotypes, PheMART revealed three critical insights. First, 
while pretrained large-scale PLMs are acknowledged for their use in 
predicting the pathogenicity of missense variants, PheMART highlights 
that relying solely on pretrained variant features is insufficient for 
effectively discerning subtle phenotypic distinctions among variants 
sharing the same wild-type sequence. Enhancing this approach by con-
trasting variant features with their wild-type counterparts substantially 
improves phenotypic differentiation. Second, incorporating existing 
knowledge to model phenotypic interrelations is pivotal. Given the 
limitation of variant data availablity for the majority of phenotypes, 
leveraging the semantic relationships among phenotypes during 
model training markedly boosts predictive accuracy. Lastly, devising 
effective learning strategies to connect variants and phenotypes is 
critical. Since only positive variant–phenotype pairs are reported, 
both negative sampling and knowledge-guided negative sampling 
(as in ref. 28) may inadvertently introduce false negatives, compro-
mising model learning when using either a cross-entropy or standard 
contrastive learning objective41. By using a dynamic negative sampling 
strategy, CLIP-based contrastive training enhances the representation 
of variants and phenotypes by simultaneously contrasting them against 
multiple negatives. This approach ensures that the learned embeddings 
exhibit stronger generalization capabilities to unannotated variants.

Existing clinical workflows to derive patient diagnoses from 
sequencing data typically involve extensive collaboration among 
clinicians, geneticists and bioinformatics experts. While these mul-
tidisciplinary interactions are invaluable, they may not be readily 
accessible in resource-constrained settings, especially in developing or 
underdeveloped regions. PheMART’s capability to leverage sequencing 
data for diagnostic purposes has the potential to greatly simplify the 
diagnostic process. It narrows down the potential disease spectrum 
and reduces the need for extensive genetic expertise among frontline 
clinicians. Furthermore, PheMART’s ability to identify causal variants 
in patients with established or candidate diagnoses offers important 
clinical benefits. Pinpointing these variants enables more personalized 
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and effective treatment strategies and interventions. In addition, this 
capability provides essential information for genetic counselling, aid-
ing in informed decisions.

As a valuable resource for the scientific community, PheMART 
provides extensive phenotypic predictions, offering a unique per-
spective to delve into the molecular underpinnings of diseases and 
the functional roles of genes. By pinpointing gene regions with a high 
density of pathogenic variants, PheMART facilitates a deeper investiga-
tion into the molecular functions of these critical areas, such as their 
roles in protein interactions or catalytic activities, thereby illuminating 
the molecular basis of associated diseases. Furthermore, by project-
ing the phenotypes into the metric space, PheMART also reveals new 

relationships between phenotypes that are connected at the molecular 
level (Supplementary Fig. 6), potentially opening up opportunities for 
repurposing existing drugs for a variety of rare diseases that currently 
lack specific treatments.

Despite its strong performance, PheMART has several limita-
tions. It does not provide mechanistic insights into how variants per-
turb protein stability, folding, molecular interactions or enzymatic 
activity78,79, or how such molecular changes propagate through cellular 
and physiological pathways to produce phenotypic outcomes. Because 
the phenotypic impact of a variant is intrinsically linked to the native 
function of its corresponding wild-type protein, incorporating experi-
mentally derived functional annotations (such as structural stability 
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Fig. 5 | PheMART’s phenotypic predictions as a community resource. 
a, Phenotype distributions of variants predicted with high confidence (HC), 
that is, employing a cut-off value that achieves a positive predictive value of 
0.9 in 10-fold cross-validation. We provided phenotype distributions for the 
5.1 million single-amino-acid alterations identified as ‘likely pathogenic’ by the 
AlphaMissense tool10. Among the 1.44 million HC variant–phenotype pairs, there 
are 5,125 gene–phenotype pairs involved, 45.8% of which have not been reported 
in ClinVar7 (detailed distributions are provided in Supplementary Fig. 7). 
 b, Examination of missense variants’ HC phenotypic predictions in prominent 
ClinVar genes. We visualized the distributions of the associated phenotypes on 

the top 50 genes based on the number of HC variant–phenotype predictions. 
We observed that a notable portion, 61.2%, of these genes are implicated in 
more than two phenotype categories, and the variants are disproportionately 
pathogenic across phenotype categories. c, PheMART’s HC phenotypic 
predictions aggregated at the gene level across four disease categories (blue for 
known gene–phenotype associations and red for discovered pairs unreported in 
ClinVar). Supplementary Fig. 7 provides the phenotypic predictions for the other 
phenotype categories. These newly uncovered gene–phenotype associations 
shed light on the gene’s novel functional implications, for example, ATP1A1 in 
dystonia73 and GATA3 in primary lymphedema with myelodysplasia75,76.
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metrics, interaction perturbation profiles and domain-specific activity 
changes) could enhance both interpretability and predictive accu-
racy. Model performance is also sensitive to the choice of pretrained 
PLM (Supplementary Fig. 2) and declines markedly when training and 
evaluation are conducted on variants from non-overlapping domains 
(Supplementary Section 1.10 and Fig. 10), underscoring the importance 
of domain context and the need for models that are explicitly opti-
mized to capture the fine-grained structural perturbations induced by 
single-amino-acid substitutions. In addition, PheMART’s generalizabil-
ity is limited to the 4,179 phenotypes with reported genetic associations 
and to genes with existing annotations. The current approach for link-
ing variants across genes, which is based primarily on contrastive learn-
ing over protein–protein interactions and shared domain annotations, 
provides only a coarse approximation of cross-gene relationships and 
does not fully capture convergent pathogenic mechanisms that span 
multiple, functionally related genes (Supplementary Fig. 11). Finally, the 
framework is currently limited to missense variants, excluding other 
clinically important variant types such as insertions, deletions and 
frameshifts, which are also major contributors to genetic disorders.

Recent advancements in LLMs have demonstrated their remark-
able capability in learning complex representations across various 
domains, particularly in understanding both natural languages and 
protein sequences. The findings of this study underscore the promise 
of leveraging LLMs to systematically characterize genetic variants and 
their phenotypic consequences. Building on PheMART’s foundation, 
future work could integrate additional biomedical modalities, espe-
cially transcriptomic and functional data, to achieve a more mechanisti-
cally grounded framework for variant interpretation. Transcriptomic 
profiles, including gene expression outliers and allele-specific expres-
sion patterns80–82, could provide critical context on regulatory conse-
quences. In addition, high-throughput mutational scanning9 provides 
direct evidence of altered protein activity, stability and interactions, 
which could further improve the accuracy of phenotypic effect predic-
tions. Incorporating these data sources could enable a more mecha-
nistically informed framework for variant interpretation. Moreover, 
PheMART currently predicts the phenotypic effects of each variant 
independently, without explicitly modelling their combinatorial influ-
ences on phenotypes. While aggregating predictions across multiple 
variants within an individual at the phenotype level provides a practi-
cal approximation, this approach does not fully capture fine-grained 
variant interactions. Developing models that explicitly integrate 
interactions at both the molecular and phenotypic levels would not 
only enhance predictive accuracy but also improve the clinical use of 
these predictions, enabling more precise diagnoses and personalized 
therapeutic strategies.

Methods
PheMART projects both variants and phenotypes into a low- 
dimensional metric embedding space, where the distance between 
them reflects clinical relevance. For each variant–phenotype pair, 
PheMART produces a score within the range [0,1], where a score of 1 
indicates a strong likelihood that the variant contributes to the pheno-
type’s development, and a score of 0 indicates no relevance. Variants 
are represented as inputs using two amino acid sequences: the altered 
amino acid sequence corresponding to the variant and the wild-type 
protein sequence. Phenotypes are represented by their associated text 
descriptions, which are transformed into LLM and EHR embeddings 
through medical embedding techniques25,26. We provide further details 
on data sources, preprocessing steps and the operational workflow of 
PheMART below.

Data sources and preprocessing
To train and validate PheMART, we used five primary data sources, 
along with pretrained PLMs83. We integrated summary-level EHR data 
from the Veteran Affairs (VA) and Mass General Brigham Biobank 

(MGBB), and UMLS database20 to represent phenotypes. We used the 
ClinVar database7 for model training and cross-validation. In addition, 
the UDN patient-level data29 was used to showcase the clinical signifi-
cance of PheMART in aiding the diagnosis of patients with rare diseases.

EHR data and UMLS database. The clinical characteristics of pheno-
types were captured by combining the summary-level EHR data from 
the VA cohort containing 60,106 clinical concepts and 12.5 million 
patients, and the MGBB consisting of 84,995 clinical concepts and 
60,000 patients26. A matrix factorization variant of the skip-gram 
algorithm was performed on MGBB and VA summary-level data sepa-
rately to derive two sets of EHR-based embedding vectors, which were 
fused into one set of embeddings for a total of 61,009 EHR concepts 
via a block-wise overlapping noisy matrix integration (BONMI) algo-
rithm26. These embeddings, denoted as BONMI-EHR, delineate the 
clinical relationships between phenotypes and other medical con-
cepts including disease symptoms, medications, laboratory tests and 
medical procedures28.

The UMLS database contains 4.27 million concepts, 15.48 million 
terms with several synonymous terms representing the same con-
cept, and 87.89 million relations with 127 semantic types, 14 relation 
types and 923 relationship attributes20. These expert-curated rela-
tions were condensed via a deep language model, CODER25,84, which 
is a BERT-based model further trained through contrastive learning 
based on the known synonymous terms and relationships in the UMLS.

ClinVar database. PheMART’s labelled training data were sourced 
from the ClinVar database, with the phenotypic reports of missense 
variants up to 10 April 20237. To ensure label reliability, reports with 
a review status of ‘no assertion criteria provided’ were excluded. In 
addition, we focused on genetic variants in this database that result 
in amino acid changes with a maximum length of 1,024 because the 
pretrained language models used have a maximum protein sequence 
length constraint83. Phenotypic reports on ClinVar were submitted 
by various organizations, hence the same phenotype can have differ-
ent reported names. To efficiently harmonize the different wordings 
of synonyms, abbreviations and other non-standardized terms, we 
mapped these descriptions to UMLS CUIs20. The harmonization process 
comprises two main steps. First, we performed text matching to map 
2,214 phenotypes out of the 11,023 unique phenotypes in ClinVar to 
their corresponding CUIs. Subsequently, we employed the LLM-based 
CODER embedding vectors25,84 to enhance the matching process. This 
involves inputting each ClinVar phenotype text string into CODER to 
obtain an embedding vector and prioritizing the CUIs candidates on 
the basis of the embedding similarities. Finally, we manually inspected 
the matching between the ClinVar strings and the UMLS-provided 
CUI strings to ensure quality. The resulting dataset comprises 30,657 
variant–phenotype pairs, encompassing 18,986 unique variants from 
2,573 genes and 4,179 distinct phenotypes. This harmonization pro-
cess ensures that the phenotypic data used in PheMART are compre-
hensive and standardized, allowing for reliable variant–phenotype 
association studies.

UDN. At the time of our validation study, the UDN dataset was com-
posed of 12 clinical research centres across the USA where patients 
underwent an in-depth clinical evaluation, and clinical researchers 
leverage whole genome sequencing with other omics technologies 
and a wide array of diagnostic tools to investigate complex and elusive 
medical cases that have remained unresolved. Before applying to the 
UDN, most patients have experienced extensive testing by various 
clinicians. The UDN prioritizes accepting patients whose diagnoses are 
most likely to be established and whose disease is most likely to gener-
ate new knowledge about the underlying pathogenic mechanism60. 
Established diagnostic guidelines are used to create patient diagno-
ses. For diseases that do not have clear diagnostic criteria, diagnosis 
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involves synthesizing the available objective data and the judgement 
of the treating clinician.

Once admitted to the UDN, each patient underwent a thorough 
standardized phenotyping using HPO terms68 alongside the necessary 
diagnostic tests. Samples from both affected and unaffected family 
members were collected for genomic sequencing. These data were 
then analysed in a collaborative, iterative process involving bioin-
formaticians, clinicians and genetic counsellors to identify the vari-
ants most likely responsible for the patient’s conditions. This analysis 
involved four key steps: (1) alignment of the sequencing reads to a 
reference human genome, (2) identification of genetic variants from 
these aligned reads, (3) annotation of these variants, and (4) selection 
and filtering to pinpoint the variants most likely responsible for the 
patient’s symptoms10,61.

VEM
PheMART engineers features for variants and their corresponding 
wild-type sequences via a pretrained PLM 83,85. Phenotypes were fea-
turized by synthesizing knowledge from the LLM embedding vectors 
based on the feature textual descriptions and the BONMI-EHR embed-
dings. PheMART consists of three computational components, Variant 
Encoding Module (VEM), Phenotype Encoding Module (PEM) and 
Contrastive Variant-Phenotype Embedding (CVPE). The VEM learns 
low-dimensional variant encoding vectors that characterize a variant’s 
phenotypic effects by contrasting it against the corresponding wild 
type. The PEM derives phenotype encoding vectors that integrate the 
phenotype knowledge from both the UMLS database and EHR data. 
Then, CVPE projects variant encoding vectors and phenotype encod-
ing vectors onto a metric embedding space such that a variant is close 
to the phenotypes it is implicated in, allowing PheMART to elucidate 
the role of missense variants across all phenotypes

Input features. The variants and wild types were featurized as the input 
of VEM using a PLM, RGN2 (ref. 83), which was trained using ~250 million 
unlabelled natural amino acid sequences. PLM-derived features have 
been shown to facilitate various tasks, including protein structure 
prediction83 and mutation effect inference18,39. The protein sequences 
of variants and wildtypes were transformed into the PLM dv = 768  
dimensional embeddings as features. We note that the PLM was not 
further fine-tuned for variant–phenotype association learning.

The VEM follows a two-stream encoder–decoder architecture. 
The encoder, denoted as Encv(⋅), first transforms the variant and 
wild-type input features, that is, Iv and Iwt, respectively, separately using 
feedforward layers and then fuses them via a fusion module to obtain 
the variant encoding vector hv. The decoder consists of two streams, 
a variant part Decvv(⋅) and a residual part Decvr (⋅). On the basis of the 
variant encoding vector hv, the Decvv(⋅) learns to reconstruct the variant 
input feature Iv, while Decvr (⋅) reconstructs the residual feature between 
the variant and wild-type inputs, namely Iv − Iwt. By constructing the 
residuals, the variant encoding hv is encouraged to capture the residu-
als between the variants and the wild types. Specifically, the semisu-
pervised training objective is

ℒv
con = 𝔼𝔼i∈𝕍𝕍l∪𝕍𝕍u (||Decvv (Enc

v (Ivi , I
wt
i )) − Ivi ||2

+||Decvr (Enc
v (Ivi , I

wt
i )) − (Ivi − I

wt
i ) ||

2
) ,

(1)

where the sets 𝕍𝕍l and 𝕍𝕍u denote the indices of variants with specific 
phenotype annotations and the indices of large-scale VUS, respectively. 
We incorporated all the VUS in ClinVar7 for the training to enhance the 
generalization of the variant encoding vectors.

Semisupervised residual learning. To elucidate the phenotypic con-
sequences of missense variants from the wild-type protein sequence, 
the VEM learns to contrast the variants against the wild type in a 

phenotype-aware manner. Specifically, higher similarities are encour-
aged between the encoding vectors of variants implicated in the same 
phenotypes than those implicated in distinct phenotypes by optimizing 
the variant encoder with a contrastive learning objective:

ℒvc = 𝔼𝔼i∈𝕍𝕍l [wi ( ∑
k∈ℙv

i

max (m − sim (hv
i ,h

v
k) ,0)

+ ∑
j∈ℕv

i

max (sim (hv
i ,h

v
j ) − n,0))] ,

(2)

where hv
i ,h

v
j and hv

k  denote the variant encoding vectors of variant i, j 
and k, respectively. The sim(⋅, ⋅) term is the similarity function between 
two variant embedding vectors, and we used cosine similarity. ℙv

i  
denotes the positive set of i consisting of variants implicated in the 
same phenotypes as i. They are encouraged to have similarities higher 
than m. ℕv

i  denotes the negative sets of i, which include both the wild 
type and the variants from the same wild type but are reported either 
as ‘benign’ or with other distinct phenotypes having a CODER similarity 
below 0.7 to any of the reported phenotypes of variant i. By minimizing 
ℒvc, PheMART encourages their embedding vectors to have similarities 
smaller than threshold value n to variant i. wi denotes the weight of 
variant i, defined as wi =

1
log(1+30Pwt

i )
, where Pwt

i  denotes the prevalence 

of the variant–phenotype annotations from the wild type of variant i. 
Through re-weighting, variants from wild types with smaller numbers 
of phenotypic annotations are highlighted during model training. 
Incorporating the encoder–decoder-based semisupervised training 
and the variant–wild-type contrastive learning to co-train the VEM 
would simultaneously enhance the phenotypic discriminability and 
generalization of the learned variant encodings.

Bridging variants from different wild types by leveraging previous 
knowledge. We exploited previous knowledge (PK) on PPIs, protein 
functional domains and gene pathways to connect variants across 
different wild types, further enhancing PheMART’s generalization. 
PPI information has been shown to facilitate phenotypic inference 
clinically62. Disease-linked amino acid alterations were frequently 
observed to modify specific PPIs86–88,on the basis of which we assumed 
variants involved in the same PPIs to have similar biological effects. In 
addition, variants from the same protein domains were also assumed 
to share similar biological effects. To this end, we compiled physical 
PPI data from several sources, including Interactome INSIDER21 which 
specifies the amino acids as the PPI interfaces, HINT22 which features 
high-quality manually curated PPIs, and HuRI23 (details are provided in 
Supplementary Section 1.7). We collected the annotations of protein 
domains from UniProt24. Variants lying in the same protein domain or 
on wild types involved in the same PPIs were encouraged with higher 
similarities than those without these connections by optimizing the 
variant encoder with a variant PK loss:

ℒPK = 𝔼𝔼i∈𝕍𝕍PK [qi ∗max (sim (hv
i ,h

v
n) + c − sim (hv

i ,h
v
p) ,0)] , (3)

where hv
i  is the encoding vector of variant i, 𝕍𝕍PK denotes the set of variants 

connected by PPIs or functional domains; hv
p and hv

n respectively denote 
the encoding vector of a positive or negative variant, with or without such 
PK connections to variant i. To prevent false negatives, we further required 
that the wild types of negative variants do not have shared pathways, 
curated in PrimKG30,89, with the wild type of variant i The qi term denotes 
the quality score of the collected previous knowledge and controls their 
contributions. We assigned the highest importance to the variants located 
at the interfaces of PPIs involving the same partner, as identified in Inter-
actome INSIDER. This is because mutations in a single wild type that 
disrupt interactions with various partners could lead to distinct pheno-
types, and those lying in the interfaces with the same partner are more 
likely to yield similar phenotypic effects86,90. Subsequently, the 
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annotations of protein function domains and the high-quality PPIs in 
HINT, where at least two different publications reported the PPIs, were 
emphasized. Lastly, the PPIs reported in HuRI were leveraged (the detailed 
qi values are provided in Supplementary Section 1.7). The similarity mar-
gin c ensures that the similarity between variants with PR connections is 
at least c greater than those without PR connections. For effective train-
ing, we performed hard negative sample mining by leveraging the features 
of wild type protein. Specifically, instead of random negative sampling 
for each variant, we prioritized the variants on wild types with higher 
RGN2 (ref. 83) similarities to its corresponding wild type as the negatives.

PEM
Phenotypes were featurized to incorporate existing knowledge from 
two sources: (1) LLM-derived CODER embedding vectors, which con-
dense the curated medical knowledge graph in UMLS20,25, and (2) 
EHR-derived BONMI-EHR embeddings, which capture the clinical 
relationships among phenotypes and other medical concepts, includ-
ing disease symptoms, medications and so on, based on their observed 
concurrence26. For phenotypes that were not observed in the 
BONMI-EHR embedding, we trained a mapping network for imputation 
based on their corresponding LLM embeddings (details are provided 
in Supplementary Section 1.3). For each phenotype, CODER produces 
a 768-dimensional vector Ip ∈ ℝdI , and BONMI produces a 
300-dimensional vector Fp ∈ ℝdF . PEM fuses them into one using a 
two-stream encoder–decoder architecture. The encoder Encp(⋅) first 
transforms the LLM-derived features and EHR-derived features sepa-
rately using feedforward layers, and then fuses them via a fusion mod-
ule to obtain the low-dimensional phenotype encoding vector hp. The 
decoder consists of two streams, denoted as DecpI (⋅) and DecpF (⋅). On the 
basis of hp, the DecpI (⋅)  was trained to reconstruct the LLM-derived 
feature Ip, while DecpF (⋅)  was trained to reconstruct the EHR-derived 
feature Fp (the details of model architecture are provided in Supple-
mentary Section 1.3). Formally, we obtained the training objective as:

ℒp
con = 𝔼𝔼p∈ℙl∪ℙu (||DecpI (Enc

p (Ip,Fp)) − Ip||
2

+‖DecpF ((Enc
p (Ip,Fp)) − Fp‖2) ,

(4)

where ℙl and ℙu denote the sets of annotated phenotypes and unan-
notated phenotypes, respectively. This dual decoding from hp encour-
ages it to harness the strengths of both CODER and BONMI, combining 
semantic nuances captured by CODER with clinical relationships elu-
cidated in EHR data.

CVPE
The variant–phenotype embedding involves jointly projecting variants 
and phenotypes onto a metric embedding space. In this space, variants 
were positioned close to the phenotypes they are implicated in. Vari-
ants and phenotypes were embedded by leveraging a contrastive 
learning strategy, CLIP35. CLIP training does not require explicit nega-
tive sampling of either phenotypes or variants, making it a good fit for 
variant–phenotype pairwise relationship learning. This is because the 
variant–phenotype pairs currently reported are non-exclusive, and 
random negative sampling of variant–phenotype pairs would inevita-
bly include false negatives and lead to deteriorated performances. 
Specifically, we further transformed the encoding vectors, hv and hp, 
with one-layer linear mapping to obtain the final embedding vectors 
ev and ep, respectively. During that process, the reported variant– 
phenotype pairs were encouraged to have higher similarities than those 
unreported by minimizing the variant-phenotype co-map loss:

ℒcmap = −𝔼𝔼(i,j)∈𝔸𝔸

[wi (log
exp (sim (evi , e

p
j ) /τ)

∑k∈ℙl exp (sim (evi , e
p
k ) /τ)

+ log
exp (sim (evi , e

p
j ) /τ)

∑k∈𝕍𝕍l exp (sim (evk, e
p
j ) /τ)

)] ,

(5)

where the pair of variant i and phenotype j is sampled from the anno-
tated variant–phenotype set 𝔸𝔸, and τ  is the temperate that controls 
the similarity matching. For variant i, we maximized its relative similar-
ity to phenotype j over the other phenotypes. For each phenotype j, we 
maximized its relative similarity to variant i over all the labeled variants, 
namely 𝕍𝕍l. wi denotes the weight of variant i, as in equation 1, highlight-
ing the contributions of variants from wild types with fewer 
phenotypic reports.

Training procedures
PheMART was trained in three steps to enhance its generalization to 
interpret the large-scale VUS. First, we pretrained the variant–pheno-
type encoders and decoders in an unsupervised manner by leveraging 
the large-scale ClinVar variants, irrespective of their annotations, and 
optimized the model using the objective ℒv

con in equation 1 and ℒp
con in 

equation 4. In this step, we guided the encoder–decoder to contrast 
variant sequences and their corresponding wild-type sequences, and 
to learn variant representations that capture the residual information 
between variants and wild types. Meanwhile, for phenotype, we guided 
the phenotype encoder to synthesize the phenotype knowledge from 
the two sources. Then, we refined the variant representation to dif-
ferentiate the varied phenotypic effects of variants on the same wild 
type. Variants with the same phenotypic effects were encouraged to 
have similar representations and to be dissimilar to the variants that 
are benign or implicated in different phenotypes. To this end, we addi-
tionally incorporated the variant contrastive learning objective ℒvc in 
equation 2 and PPI-derived ℒPK in equation 3 to train the model. Finally, 
we linked variants to phenotypes in the metric space by integrating the 
objectives described above to fine-tune PheMART:

ℒjoint = ℒcmap + α (ℒv
con + ℒp

con) + βℒvc + γℒPK, (6)

where α  controls the involvement of the construction losses ℒv
con and 

ℒp
con, and β and γ determine the involvements of the variant–wild-type 

contrastive learning and the previous knowledge of PPIs, respectively. 
We selected the values of α  β  and γ  via grid search and set α = 0.6, 
β = 10.0 and γ = 5.0 in the joint training stage.

Phenotype-aware prediction calibrations
To improve the reliability of the predicted scores across phenotypes, 
we performed phenotype-aware calibrations of the prediction scores. 
Specifically, we obtained calibrated predictions by training a linear 
logistic rescaling function that transforms the output logits and phe-
notype embeddings to a probability score:

̂p = σ (a0 × s + [w1,w2,… ,wd] [e1, e2,… , ed]
T + b0) , (7)

where s denotes PheMART’s raw output score for a variant–phenotype 
pair, σ  is the sigmoid(⋅) function, a0 and b0 are scalar learnable param-
eters, and [w1,w2,… ,wd] is a d-dimensional learnable vector. All afore-
mentioned learnable parameters are shared across all variant– 
phenotype pairs. The [e1, e2,… , ed]  term denotes the d-dimensional 
embedding vectors of the phenotype. To prevent overfitting in the 
calibration, we set d = 2 and transformed the 80-dimensional pheno-
type embedding into 2 dimensions via t-distributed stochastic neigh-
bor embedding (t-SNE). The phenotype-aware calibrations were 
performed during both model validation and final training using a 
balanced set of annotations consisting of 24,000 variant–phenotype 
pairs, with 2,000 pairs in each phenotype category. We applied resa-
mpling to annotated pairs within disease categories that had fewer 
than 2,000 annotations. Since the variant–phenotype relationships 
documented in ClinVar are incomplete, we performed semantic-guided 
negative sampling to prevent the inclusion of false-negative variant–
phenotype pairs during calibration. Specifically, for each phenotype 
in the annotated variant–phenotype pairs, we selected negative 
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variants by ensuring that they were not associated with any phenotype 
exhibiting a cosine similarity above 0.7 in the CODER embedding25 to 
the given phenotype.

Evaluation metrics
We assessed the performance of phenotypic predictions using three 
key metrics: auROC, MRR and sensitivity@k.

MRR. MRR evaluates the ranking quality of predicted phenotypes for 
variant annotation. In each annotation, we obtained the rank of its 
associated phenotypes within all the 4,179 phenotypes based on the 
models’ prediction scores. The reciprocal rank is the inverse of this 
position, and the MRR is the average of these reciprocal ranks across all 
variant annotations. A higher MRR suggests that the reported pheno-
types are ranked more highly in the prediction scores. Mathematically, 
MRR is defined as:

MRR = 1
|𝔸𝔸e|

|𝔸𝔸e |
∑
i=1

1
ranki

(8)

where ranki is the rank of the associated phenotype in the ith variant–
phenotype annotation and |𝔸𝔸e| denotes the total number of annotated 
variant–phenotype pairs in the evaluation set 𝔸𝔸e.

Ethics
The study protocol was approved by the MGB Human Research Com-
mittee (IRB00010756). No patient contact occurred during this study 
which relied on secondary use of data, thus allowing for a waiver of 
informed consent as detailed by 45 CFR 46.116. The methods were 
performed in accordance with relevant guidelines and regulations, and 
approved by the VA Central Institutional Review Board (IRB). They were 
supported by the Million Veteran Program, VA Central IRB 10-02, and 
approved under VA Central IRB protocol 18–38. This publication does 
not represent the views of the Department of Veteran Affairs or the US 
Government. The UDN study is approved by the US NIH IRB (protocol 
15HG0130). All patients accepted to UDN provide written informed 
consent to share their data across the UDN as part of a network-wide 
informed consent process.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Processed datasets are provided in Zenodo at https://zenodo.org/
records/17402388 (ref. 91). The high-confidence phenotypic predic-
tions by PheMART are available in Zenodo at https://zenodo.org/
records/17402574 (ref. 92) and are also visualized by genes, phenotypes 
and protein domains on https://shiny.parse-health.org/PheMART/. 
In accordance with VA policy, the VA-derived EHR embedding vectors 
used in this study are available upon request. For access to UDN data, 
please refer to the UDN official data availability guidelines at https://
undiagnosed.hms.harvard.edu/research/data-availability/. The Human 
Gene Mutation Database used for external validation cannot be publicly 
shared due to licensing restrictions, as it was obtained under a paid 
institutional license from QIAGEN, which prohibits redistribution. 
Source data are provided with this paper.

Code availability
The source codes are available in GitHub at https://github.com/celehs/
PheMART (ref. 93).
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Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection The data collection pipeline is described in the manuscript, including variant-phenotype annotations from ClinVar, protein-protein interactions 
from INSIDER, HINT and HuRI, protein domains from UniProt, pathway information from Gene Ontology, clinical embedding vectors derived 
from the MGB and VA EHR cohort, and patient-level data from the undiagnosed disease network.

Data analysis We built the model using Python 3.8 and Tensorflow 2.9.2. Codes for pre-processing the raw data and for computing the phenotypic 
predictions for missense variants is available on our GitHub repository (https://github.com/celehs/PheMART)

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 
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protein domain annotations (https://www.uniprot.org/) and gene pathway information (https://github.com/mims-harvard/PrimeKG) are publicly available. The 
patient-level data from Undiagnosed Disease Network can be accessed by following the UDN official guidelines at https://undiagnosed.hms.harvard.edu/research/
data-availability/. The EHR-derived clinical embedding vectors are available upon request.  The high-confidence phenotypic predictions of the proposed method are 
available at  
https://doi.org/ 10.5281/zenodo.17402573. The other related data are provided at https://doi.org/10.5281/zenodo.17402387. 
 
The source codes are available at https://github.com/celehs/PheMART.

Research involving human participants, their data, or biological material
Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Not applicable. Sex and gender information were not included in the analyzed data.

Reporting on race, ethnicity, or 
other socially relevant 
groupings

For the 83 individuals in UDN, 67 are White, 9 are Asian,  and 7 are black.

Population characteristics The study utilized de-identified data from two sources: (1) summary-level co-occurrence matrices derived from 12.5 million 
U.S. veterans’ EHRs data from the Veterans Affairs healthcare system and 60,000 patients from Mass General Brigham 
Biobank, and (2) genomic and clinical data from 83 participants enrolled in the Undiagnosed Diseases Network who 
consented to data sharing under UDN protocols.

Recruitment Not applicable. No new participants were recruited for this study. All data were obtained from existing, approved repositories 
(VA EHR and UDN) under appropriate data-use agreements and de-identification protocols.

Ethics oversight The study was conducted in accordance with ethical standards and data-use regulations. The VA EHR data were de-identified 
and accessed under institutional review and data-use approval. The UDN data were collected under informed consent and 
ethical approval by the UDN consortium.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size No formal statistical method was used to predetermine sample size.  89 patients from UDN were used for validations.

Data exclusions 1. Clinvar phenotype filtering: the non-specific phenotypes, e.g., TP53-related disorders, were removed during the annotation curation.

Replication We used 10-fold cross-validations to assess the stability of model predictions. For external validations, we replicated the model training and 
evaluation 10 times.  

Randomization We split the ClinVar data into training and test sets to measure model performance. Additionally, the external HGMD and UDN data were 
used for further validations.

Blinding Blinding was not applicable because the study exclusively used pre-existing datasets where no new data collection or subjective labeling was 
performed.  All data for model training or evaluation were defined prior to analysis and were not influenced by the investigators, eliminating 
potential observer or experimenter bias.
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