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Insertions and deletions (indels) are associated with diverse functional consequences. However, 
non-frameshifting indels remain understudied, largely due to limited data availability in clinical 
databases. This data scarcity has hindered the development and assessment of indel-specific 
variant effect predictors. Saturation genome editing (SGE) addresses this challenge by 
measuring the functional impact of all possible variants within target genes. In this work, we 
leverage SGE data from six clinically relevant genes (BARD1, CTCF, PALB2, RAD51D, SFPQ, 
and XRCC2), to evaluate the performance of in-frame indel variant effect predictors. We assess 
a diverse set of computational tools, including traditional machine learning models and newer 
protein language models, on every possible three base pair (single amino acid) deletion for 
each gene. Our findings demonstrate how integrating computational models with large-scale 
functional data can improve our understanding of indel variant effects. 
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Recent work has suggested that computational tools that infer the functional impact of genetic 
variants (e.g., AlphaMissense, MutPred2, REVEL) can provide stronger evidence towards the 
assertion of variant pathogenicity/benignity than previously stipulated by the American College 
of Genetics and Genomics (ACMG) and the Association for Molecular Pathology (AMP) 
guidelines for clinical variant classification. For scalability and convenience, it is common 
practice for missense variant impact predictor developers to precompute scores for all 
theoretically possible variants in the human exome and make them available to end-users, often 
through annotation resources (e.g., VEP). However, these resources are continually updated 
with the most current genetic and molecular information, involving changes to the mappings 
between nucleotide coordinates and amino acid positions, the protein sequence, the 
designation of “canonical” status to an isoform, among others. Thus, precomputed scores may 
not necessarily be in synchrony with updates to bioinformatics databases and may be 
discordant if not generated using the latest data. Here, we quantify the extent to which this 
influences clinical variant classification by systematically predicting impact on the same variants 
across multiple releases of the Ensembl database. 
 
We found that of 269,143 ClinVar missense variants from clinically actionable genes in ClinGen, 
36,378 (~13%) were affected by changes in Ensembl between releases 90 and 115. Changes 
included a shift in canonical designation, protein sequence changes, and changes to 
coding/non-coding designation. Furthermore, when MutPred2 predictions on those variants 
were grouped into evidential strength categories as per the ACMG/AMP guidelines, database 
changes often shifted the strength of evidence of the affected variants from the evidence 
strength Indeterminate to Supporting pathogenicity/benignity and vice versa with 16,734 (~6%) 
variants of the 269,143 missense variants changing in evidential strength. As future ACMG/AMP 
guidelines envision a more prominent role for variant impact predictors in clinical variant 
classification, our results have direct implications for their proper incorporation into clinical 
workflows. 



Functional Prediction of Somatic Missense Variants using Large Protein 
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The functional consequences of most somatic missense mutations in cancer remain unknown. 
To address this, we developed GoLFNet, a neural network trained on protein representations 
from large protein language model and cancer-specific features (panel A, B), to predict the 
functional impact of missense mutations in a large cohort of cancer patients using OncoKB 
labels. Compared to baseline methods, GoLFNet had superior performance in predicting the 
functional consequence of known missense variants both in proteins with somatic mutations 
included in the training set as well as in proteins out of the training set (panel C, D). In addition, 
we applied GoLFNet to 9460 recurrent somatic mutations with no existing annotations and 
identified several candidate gain-of-function mutations in BTK for further functional 
characterization. The model and the predicted scores for the missense mutations are available 
in the GitHub link: https://github.com/hoyinchu/GoLFNet 
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Accurate interpretation of missense variants requires models capable of integrating residue-
level structural constraints with long-range evolutionary dependencies. We present 
EvoStructCLIP, a multimodal deep learning framework that jointly encodes structural and 
multiple sequence alignment (MSA) features through CLIP-style contrastive pretraining. The 
framework aligns a voxel-based 3D encoder built on MBConv3D blocks with 3D SE attention 
and an MSA encoder employing cross-axial Mamba blocks for long-range evolutionary 
modeling, generating transferable embeddings for variant effect prediction. 

EvoStructCLIP was systematically applied to seven CAGI7 challenges—Annotate All Missense, 
ARSA, ATP7B, BARD1, FGFR, LPL, and TSC2—using a shared pretrained backbone and task-
specific output heads. For the large-scale Annotate All Missense task, the MSA branch alone 
achieved strong generalization (PR-AUC 0.935, ROC-AUC 0.958 on ClinVar) while predicting 
over 70 million missense variants from dbNSFP. In quantitative assays assessing protein 
stability, RNA abundance, or cellular function, pretrained embeddings were concatenated with 
19 stability-oriented structural and evolutionary features to form 275-dimensional 
representations, modeled through cross-validated ensembles of XGBoost, Random Forest, 
Gradient Boosting, and MLP regressors. Scaling strategies—including temperature, logistic, 
Min–Max, and quantile normalization—were adapted to each assay to align predicted outputs 
with experimental distributions. 

Across all tasks, EvoStructCLIP demonstrated consistent performance without task-specific 
retraining, underscoring the transferability of contrastively learned embeddings across 
pathogenicity, stability, and activity predictions. These results highlight the potential of 
multimodal contrastive pretraining as a scalable foundation for the unified interpretation of 
variant effects across structural and evolutionary dimensions. 
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Molecular diagnosis remains an obstacle to optimal care in rare disease, with a confirmed 
diagnosis only reached for 50% of patients. Genome sequencing has the potential to provide 
answers for an increasing number of patients, but cutting-edge annotation and prioritization 
tools are required to supply useful and expedient information to clinical labs and care providers. 
To test the efficacy of such tools in a real-world setting, we have launched the Clinical Genomes 
challenge as part of the 7th iteration of the Critical Assessment of Genome Interpretation 
(CAGI7). 
  
Here, we present the structure and goals of the CAGI7 Clinical Genomes challenge. Teams are 
challenged to use their model to rank and score variants from rare disease patient genomes and 
phenotypes collected as part of the Rare Genomes Project (RGP). The Clinical Genomes 
challenge involves 50 RGP families split into a Test Set (30 solved and unsolved families), and 
a Discovery Set (20 unsolved families). Up to 100 top-ranked variants per case will be submitted 
by challenge participants. Results for solved cases will be used to evaluate the efficacy and 
reliability of each model’s predictions. For unsolved cases in the Test and Discovery sets, an 
analyst will evaluate the results of the top-performing models to identify any promising 
candidates for downstream analyses. Furthermore, we aim to collect data on general platform 
usability and services such as filtering, reporting, and reanalysis. These results have the 
potential to inform future model development, and platform selection by diagnostic clinical labs. 
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Variant effect prediction for protein-coding genes – predicting how genetic variants affect protein 
function – has drawn recently much attention of the biological machine learning community. 
Multiplexed assays of variant effects (MAVE) experiments serve as a rich data source, but 
cannot deliver enough data for training truly large neural-net models. Hence, zero-shot 
methods, for example protein language models, have increasingly gained popularity. For these 
methods, MAVE results serve primarily for evaluation purposes, as exemplified by the 
ProteinGym benchmark. In this study, we argue that the rapidly increasing amounts of MAVE 
data can be used to train efficient supervised methods, presenting our new tool StructGuy, 
based on gradient boosting trees methodology. In contrast to other supervised methods in the 
field, StructGuy, thanks to its dedicated training dataset  and data leakage-free training process, 
can predict variant effects for proteins not seen during training. To evaluate this generalization 
ability, we constructed a dedicated benchmark and compared StructGuy with zero-shot methods 
from the ProteinGym leaderboard achieving a competitive performance. Further, we 
demonstrate that thanks to its architecture and careful feature engineering, we are able to 
provide fully interpretable predictions and direct explanations of the influence of mutations on 
protein three-dimensional structure, which favourably differs StructGuy from zero-shot tools. 
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Abstract 

Accurate prediction of protein fitness is essential for understanding disease mechanisms and 
guiding protein engineering. However, this remains challenging as variant effects reside in 
distinct embedding spaces shaped by gene-specific and experimental contexts, hindering model 
generalization to unseen genes. To address this limitation, we present ClearVariantPro (CVP), a 
deep learning framework that optimizes target-specific embedding spaces. 

CVP introduces three complementary advances spanning data curation, model architecture, 
and training strategy. First, a context-aware data curation selects training samples based on 
sequence and experimental similarity for biologically grounded representation learning. Second, 
a dual-stream Graph Attention Network (GAT) jointly encodes 3D structures of wild-type and 
mutated proteins, enabling effective modeling of functional consequences through comparative 
representation. Third, a Multi-Task Learning (MTL) strategy employs dual prediction heads on 
unified ESM3–GAT features to simultaneously address two tasks: the Activation Screen 
Enrichment regression, which estimates the magnitude of functional impact, and the Activation 
Probability Classification, which predicts 3-class categorical activation states. 

CVP achieves a Spearman's ρ of 0.4187 on the FGFR1 test set from MaveDB, representing a 
42% improvement over the zero-shot performance of the ESM3-open model (ρ = 0.2950). 
Overall, CVP demonstrates that integrating biologically informed data curation, structure-aware 
modeling, and multi-task training enables robust variant effect prediction in zero-shot settings. 
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Abstract 

Accurate prediction of protein fitness is essential for understanding disease mechanisms and 
guiding protein engineering. However, this remains challenging as variant effects reside in 
distinct embedding spaces shaped by gene-specific and experimental contexts, hindering model 
generalization to unseen genes. To address this limitation, we present ClearVariantPro (CVP), a 
deep learning framework that optimizes target-specific embedding spaces. 

CVP introduces three complementary advances spanning data curation, model architecture, 
and training strategy. First, a context-aware data curation selects training samples based on 
sequence and experimental similarity for biologically grounded representation learning. Second, 
a dual-stream Graph Attention Network (GAT) jointly encodes 3D structures of wild-type and 
mutated proteins, enabling effective modeling of functional consequences through comparative 
representation. Third, transfer learning from our previous pathogenicity classifier, 
ClearVariantNet, is combined with knowledge distillation using pseudo-labels from our prior 
variant predictor, 3Cnet, facilitating efficient adaptation to infer variant effects on unseen genes. 

CVP achieves a mean Spearman's ρ of 0.5495 across four test genes, a 23% improvement 
over 3Cnet from CAGI6 (ρ = 0.4463). Specifically, CVP was evaluated on three ProteinGym 
proteins similar to CAGI7 challenges (TSC2, ATP7B, LPL) and directly tested on the CAGI7 
ARSA dataset, showing consistent performance across diverse proteins. Overall, CVP 
demonstrates that integrating biologically informed data curation, structure-aware modeling, and 
knowledge-guided training enables robust variant effect prediction in zero-shot settings. 
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Variant interpretation is essential for identifying patients’ disease-causing genetic variants 

amongst the millions detected in their genomes. Hundreds of Variant Impact Predictors (VIPs), 

also known as Variant Effect Predictors (VEPs), have been developed, spanning diverse variant 

types, modeling strategies, and use cases. To facilitate the exploration of VIP options, we 

previously released VIPdb version 2, in which we manually curated 407 VIPs with standardized 

metadata on variant classes, methodological features, availability, and CAGI assessments. In 

VIPdb version 3, we expand the metadata to include further features such as training data, 

capacity to predict gain of function, ability to evaluate nonsense variants, and prediction 

objective (e.g., clinical pathogenicity, stability, enzyme activity, splicing regulation). 

 

VIPdb version 3 is being constructed with an automated curation-assistance framework that 

enables systematic updates. First, a paper selection module proposes articles to be included in 

VIPdb. The module retrieves PubMed abstracts of candidate papers, converts each abstract 

into a feature vector, and uses a linear SVM classifier to identify candidate VIP publications. 

Second, a curation module proposes values for each VIPdb categorical field (e.g., training data, 

gain-of-function, nonsense, authors, licenses). The curation module retrieves full text articles, 

segments and embeds documents in a vector store, and performs question-conditioned 

semantic search to identify passages relevant to each categorical field. These passages are 

then passed to a Llama-based large language model in a retrieval-augmented generation 

setting, which returns proposed field assignments, confidence scores, and concise rationales, 

for review by curators. 

 

We will use this framework to curate newly published VIPs and new fields into VIPdb version 3, 

which will be made available via the VIPdb website at https://genomeinterpretation.org/vipdb 
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Evaluating the impact of sequence variants on pre-mRNA splicing is an important problem in 
human molecular genetics. For many years, various mini-gene constructs have been used for 
assessment of the impact of sequence variants on splicing. However, different mini-gene 
vectors give different results (Rhine et al. 2019), presumably due to the effect of flanking exons. 
Furthermore, recent computational predictors may have fewer errors than minigene assays. 

The splicing mini-gene challenge in CAGI7 seeks predictions of the impact of splicing variants 
on splicing in the context of a minigene. Because SpliceAI (Jaganathan 2019) achieves greater 
performance when the sequence of flanking exons are included, we approach this problem by 
providing SpliceAI with information about the sequence context in the mini-gene vector rather 
than using the predicted impact of variants in their native genomic context.  

Because the influence of flanking exon and intron sequences on the impact of variants on  
splicing is likely to depend on characteristics of the specific exon, additional features (branch 
site, core splice site features, exonic splicing regulatory elements, exon length, GC content, 
etc.) were combined with raw SpliceAI scores in a random forest model using the training data. 

Our results in the challenge will be presented, as will an analysis of the context-dependence of 
SpliceAI predictions.   
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Introduction 
Proteins are the fundamental machinery of life, and even a single amino-acid mutation can 
profoundly alter their structure and function. Accurate prediction of mutation effects is critical for 
understanding disease mechanisms and guiding therapeutic design. Here, we address this 
challenge by integrating protein sequence and structure information. Using the Deep Mutational 
Scanning (DMS) data from the ProteinGym dataset, we benchmark state-of-the-art protein 
encoders—the sequence-based language model ESM-2, the structure-based graph neural 
networks ESM-IF, and multimodal models such as SaProt and GearNet— to systematically 
compare sequence-only, structure-only, and integrated representations for supervised mutation-
effect prediction. We also evaluate our structure-informed protein language model (SI-PLM) 
and, for the ARSA Challenge, develop ensemble machine-learning models incorporating 
dbNSFP-derived annotations. 
 
Approach 
We trained four multi-layer perceptron (MLP) models (3 layers each) on ProteinGym using 
frozen encoders as feature extractors: (1) ESM-2, (2) SaProt, (3) ESM-2 + ESM-IF + GearNet, 
and (4) SaProt + ESM-IF + GearNet. A 5-fold cross-validation scheme with random splits was 
applied, leading to five checkpoints for each model.  For CAGI7 DMS tasks, we used an 
ensemble of all four models as the default predictor and sometimes selected checkpoints based 
on their pathogenicity-classification performances over target-specific mutations from ClinVar.  
We further assessed SI-PLM, which introduces a novel cross-modality denoising pretraining 
task—corrupting both sequence and structure and reconstructing them—to learn sequence–
structure relationships for zero-shot mutation effect prediction. For the arylsulfatase A DMS 
Challenge, we further leveraged the provided labeled data and trained ensemble models using 
dbNSFP-derived annotations under 5-fold cross-validation, handling multiple nucleotide variants 
(MNVs) by aggregating the maximum scores of their component SNVs. 
 
Results 
On the ProteinGym test split, incorporating structural information consistently improved 
performance. While sequence-only models like ESM-2 achieved strong results (average 
Spearman 0.712), multimodal approaches combining sequence and structure (e.g., SaProt + 
ESM-IF + GearNet) delivered the highest performance (0.737). The improvement margin varied 
across mutation-effect types, underscoring the value of integrating structural and other 
biological contexts into protein language models for context-specific mutation-effect prediction. 
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Predicting the effects of missense variants on protein function and stability is essential for 
understanding the molecular mechanisms underlying complex diseases and improving 
diagnostic accuracy. In the context of the Critical Assessment of Genome Interpretation (CAGI), 
we addressed the challenges using different variants of ESCOTT, a computational model that 
combines evolutionary conservation and structural features, derived here from ColabFold 
alignments and AlphaFold2 predicted structures, to compute mutational scores for single-point 
mutations. Building on the framework of its parent model GEMME, ESCOTT scores result from 
a linear combination of two terms: an independent term, that captures residue conservation, and 
an epistatic term that quantifies the importance of mutated positions relative to the query 
sequence in homologous sequences carrying the same single-point mutation. In ESCOTT, the 
epistatic term is influenced by evolutionary conservation and structural features, specifically the 
physico-chemical propensities of interface residues and the circular variance that measures a 
residue’s position within the structure. This leads to a substantially improved characterisation of 
mutational impact, in particular for mutations impacting protein stability, as demonstrated by the 
results on the ProteinGym benchmark. PRESCOTT, an extension of ESCOTT, refines these 
scores by applying a rank-based transformation and shift informed by allele frequencies from 
gnomAD. The ESCOTT model was also adapted to score nonsense mutations by modelling 
them as the sum of single-point deletions normalised over the entire sequence. Single deletions 
are scored by including the gap character in the ESCOTT alphabet and including the residue-
level pLDDT from AlphaFold2 predictions. A limitation of our framework for the challenges 
considered is the inability to evaluate synonymous mutations, which were all assigned a default 
score of 1. To further improve our predictions for single-point mutations, we considered 
combinations of ESCOTT scores with rescaled zero-shot predictions from state-of-the-art 
Protein Language Models, specifically ESM2-650M, ESM-IF1, ProSST-2048 and AIDO Protein-
RAG 16B, relying on classification metrics from ClinVar variants for model selection. 
Finally, depending on the data available for the specific challenge, additional post-processing 
steps were applied to better align the ESCOTT and combined scores with the expected 
experimental outcomes. These adjustments  modified the score ranges and distributions without 
altering their rank order: 
- For the LPL challenge, we used ESCOTT and PRESCOTT models, with rank sorted scores, 

without rescaling. 
- For the ARSA challenge, we combined ESCOTT and AIDO Protein-RAG 16B scores, and 

applied an affine transformation, inferred from the provided experimental measurements, to 
translate the scores in the [0, 1] interval, reflecting the remaining functional fraction of 
proteins at 48 hours post-expression. The same transformation was then applied to 
predictions for unlabelled variants. 

- For the TSC2 challenge, we again considered the combination of ESCOTT and AIDO Protein-
RAG 16B  scores and applied CDF normalisation to project the original distribution onto a 
Gaussian mixture. The mixture weights were inferred by fitting a Gaussian mixture model on 
the original score distributions. 
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Understanding how noncoding genetic variants influence gene regulation remains a central 
challenge in genomics. The vast majority of genetic variation occurs in noncoding regulatory 
regions, where functional impact is difficult to interpret. Accurately predicting the regulatory 
effects of such variants is essential for linking genetic variation to molecular phenotypes and 
disease risk. To address the CAGI7 Non-Coding Variant Interpretation Challenge (lentiMPRA), 
we extended the MPRALegnet framework by implementing three distinct modeling approaches. 
First, we developed dLegNet method for fine-tuning for variant effect prediction. We performed 
transfer learning on 90 cross-validation models using the training dataset of variant effects. The 
provided training data were partitioned into four balanced subsets using a cross-validation 
strategy, in which two subsets were used for model training, one for hyperparameter tuning, and 
one for testing. This 4-fold cross-validation design produced 12 distinct model configurations for 
each base model and fine-tuning combination, resulting in a total of 1,080 trained models. we 
employed a hybrid loss function combining mean squared error (MSE) and a Pearson 
correlation (R), defined as MSE + 0.3 x (1 – R). Final predictions were generated through model 
ensembling. We achieved R=0.51 with cross validation. Second, we optimized MPRALegNet 
with a new genomic data augmentation technique. From the initial 90 models, we selected the 
top 10 based on prediction of effect size in the training dataset. In a second training phase, we 
augmented the data by (1) incorporating ~30,000 previously excluded MPRA constructs with 
low barcode counts and (2) training Support Vector Regression (SVR) models with gapped k-
mer features on the original MPRA dataset to identify additional genomic regions. Genome-wide 
SVR scoring using a 200 bp sliding window (20 bp step) yielded 1.9 million non-overlapping 
regions with SVR < –1 and ~3,000 regions with SVR > 1, which were used exclusively for 
training. This model significantly improved the prediction of MPRA activity (R=0.81 vs. original 
model’s R=0.86). Final predictions were generated by ensembling, averaging outputs across all 
trained models. Third, we finetuned the optimized MPRALegNet as described in Second, using 
dLegNet method described in first.  We made only one finetuned model for each test/validation 
fold pairs, resulting in 10 fine-tuned models. Final predictions were made by averaging scores 
across all fine-tuned models.  
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Noncoding variants are increasingly recognized as contributors to rare disease, yet their clinical 
interpretation remains challenging due to limited annotation of regulatory elements. I previously 
showed that 3′UTR variants overlapping microRNA sites, RNA binding protein motifs, and 
polyadenylation signals are enriched for pathogenicity in ClinVar. To extend these findings 
across other noncoding regions and translate them into improved diagnosis, we annotated 
noncoding variants from multiple sources: the GREGoR rare disease cohort, pathogenic and 
benign variants from ClinVar, de novo variants from autism cases and controls in denovo-db, 
and common functional variants from eQTL and GWAS studies. Variants from GREGoR and 
denovo-db that overlapped regulatory elements showed higher conservation, constraint, and 
pathogenicity scores than those outside these regions, indicating enrichment for disease 
relevance. Both pathogenic and functional variants were more likely than benign or 
nonfunctional variants to fall within regulatory elements. We next sought to distinguish common 
functional variants from rare pathogenic 5′UTR variants. Known pathogenic ClinVar variants 
were about 10 times more likely than benign variants to occur in uORF start or stop codons, 
whereas common functional variants had up to 14-fold higher odds of being located in 
promoters, CpG islands, or open chromatin. Pathogenic and functional variants were largely in 
distinct genes: pathogenic variants were more frequent in OMIM genes, whereas GWAS 
variants were most likely to occur in constrained genes. De novo variants in children with autism 
were up to 2.8 times more likely than those in controls to fall within promoters, enhancers, or 
transcription factor motifs, particularly in conserved and constrained regions. Together, these 
results indicate that although both pathogenic and functional variants cluster within regulatory 
elements, variants that alter uORFs in OMIM genes are most likely to be associated with rare 
disease. We applied these insights to prioritize noncoding variants from the GREGoR cohort, 
identifying two novel pathogenic variants to date. A CAPN3 3′UTR variant found in trans with a 
coding pathogenic allele segregated with limb-girdle muscular dystrophy in three siblings and 
was predicted to strengthen RBFOX binding, a protein linked to neuromuscular disease. 
Functional studies validated the variant’s pathogenicity. We also identified a MEF2C 5′UTR 
variant in a proband with a neurodevelopmental disorder that creates a uORF with a premature 
stop codon and strong Kozak sequence, consistent with disrupted translation. These findings 
demonstrate the value of systematic regulatory annotation for identifying pathogenic noncoding 
variants missed by conventional analyses and underscore the need for improved computational 
tools to interpret regulatory variation in rare disease. 
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Abstract 
Predictions of the effects of genetic variants on pre-mRNA splicing are essential for clinical 
diagnostics, personalized medicine, and deepening our understanding of the underlying splicing 
mechanisms. Although computational models such as SpliceAI, Pangolin, and 
SpliceTransformer have achieved high accuracy in identifying splice sites, their predictive 
performance decreases when tasked with quantifying splice site usage (SSU) against RNA 
sequencing data. 

In this study, we used an in-house dataset comprising 182 human airway epithelial cell (HAEC) 
samples, each with paired RNA sequencing and genotyping data, to evaluate the extent to 
which splicing models generalize to an unseen tissue and across individuals. Using personal 
transcriptomic sequences, we assessed model predictions against experimentally observed 
SSU values. We then trained our own Dilated Convolutional Neural Networks (DCNNs) on this 
HAEC dataset, specifically comparing a model trained on personal transcriptomic sequences to 
a model trained with the same SSU targets but using only sequences extracted from the 
reference genome. 

On 79 held-out individuals and chromosomes, HAEC-trained models achieved a coefficient of 
determination (R²) of 84.2% compared 75.7% and 71.4% for SpliceAI and Pangolin respectively, 
demonstrating poor cross-tissue generalization for SSU prediction. We further evaluated 
SpliceAI and Pangolin against our own models using splicing quantitative trait loci (sQTL) 
analysis in the HAEC dataset and validated variant effect predictions with data from massively 
parallel splicing assays (MPSA). Using data from the Vex-Seq MPSA we evaluated the ability of 
SpliceAI, Pangolin, and our HAEC-trained models to predict the percent spliced in (PSI) of 
cassette exons, both in the presence and absence of specific variants. From these predictions 
we computed the change in predicted PSI due to each variant and correlated this predicted 
∆PSI to the experimentally observed ∆PSI. The HAEC-trained model using personal 
transcriptomic sequences achieved the highest Pearson correlation coefficient of 0.58, while the 
same model trained on reference transcriptome sequences reached 0.57. In comparison, both 
SpliceAI and Pangolin achieved a correlation of 0.56. 

In summary, training with personal transcriptomes led to only modest gains over reference-
based training. These findings support the need for tissue-specific training and model 
architectures designed to learn variant effects from personal transcriptomes. 
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Abstract
Disruption of protein–protein interactions (PPIs) is a major mechanism of a variant’s deleteri-
ous effect. While most variant effect predictors assess overall pathogenicity or protein properties
such as stability, they rarely consider loss of specific interactions, particularly when the variant
perturbs binding interfaces without significantly affecting protein stability. To address this prob-
lem, we present MutPred-PPI, a graph attention network that predicts interaction-specific (ed-
getic) effects of missense variants by operating on AlphaFold 3-based protein complex contact
graphs with protein language model embeddings imposed upon nodes. We systematically eval-
uated our model with stringent group cross-validation as well as benchmark data recently col-
lected within the IGVF Consortium. MutPred-PPI outperformed all baseline methods across all
evaluation criteria, achieving an AUC of 0.85 on seen proteins and 0.72 on previously unseen
proteins in cross-validation, demonstrating strong generalizability despite scarce training data.
To demonstrate biomedical relevance, we applied MutPred-PPI to variants from ClinVar, HGMD,
COSMIC, gnomAD, and two de novo neurodevelopmental disorder-linked datasets. Disease-
associated variants from ClinVar and HGMD showed strong enrichment for both quasi-null and
edgetic effects, whereas population variants from gnomAD increasingly preserved interactions
with higher allele frequencies. Notably, we observed a strong edgetic disruption signature in
highly recurrent cancer variants from both the full COSMIC dataset and a subset of variants
from oncogenes. Recurrent tumor suppressor gene variants and autism spectrum disorder-
associated variants exhibited moderate quasi-null enrichment, whilst neurodevelopmental disorder-
linked variants showed a weak edgetic disruption signature. These results indicate distinct PPI
perturbation mechanisms across disease types and show that MutPred-PPI captures function-
ally relevant molecular effects of pathogenic variants.
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In our participation in CAGI7, we developed several strategies for the different challenges in 
which we took part. Our key approach consists of integrating various computational methods, 
which are combined depending on the challenge being. We employed three main types of 
features for prediction: physics-based statistical potentials, (co)evolutionary methods, and 
protein language models.  
Statistical potentials [1], developed in our laboratory over more than a decade, are mean-force 
potentials derived from datasets of well-resolved protein 3D structures using the inverse 
Boltzmann law. These potentials allow us to compute the folding free energy of proteins. The 
(co)evolutionary approaches used are: RSALOR [2] that is a method we develop to estimate 
mutation fitness from multiple sequence alignments and is based on the difference in frequency 
between wild-type and mutant residues, weighted by the solvent accessibility of the residue; 
Structured-DCA [3] a new structure-informed pseudolikelihood maximization direct coupling 
analysis that we are developing that reduces the number of residue couplings in the DCA model 
by incorporating 3D structural information. Finally, we employed SaProt [4], a protein language 
model that also considers the 3D structure of the input protein.  
All these different features were integrated using two main strategies: a simple linear 
combination and a shallow neural network. Models were trained on datasets specifically curated 
for each challenge. We first searched the literature for deep mutational scanning (DMS) data 
derived from assays like those used in the challenges. In parallel, we employed a curated 
subset of DMS data from ProteinGym [5], selected according to the properties that needed to be 
predicted in each challenge. 
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