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variants of unknown significance thus far, potentially contributing to 
discovery of new disease-relevant biomarkers and therapeutic strate-
gies (Supplementary Note 8).

Similar to other state-of-the-art methods, eSIG-Net also has poten-
tial limitations. First, methods that use multiple sequence alignment 
(MSA) to extract information typically yield embeddings that capture 
valuable mutation and evolutionary information11. In the eSIG-Net frame-
work, we use sequence-based biostatistical embeddings and protein 

language model embeddings for both the input to the PPI prediction 
module and the mutation-site encoding module to expedite embedding 
extraction. Nevertheless, this approach sacrifices some coevolutionary 
information under specific biological contexts. While the current version 
of eSIG-Net primarily predicts mutational effects on the energetic or 
biophysical favorability of interactions between a pair of proteins, there 
is room for future development considering that many disease-causing 
mutations lead to disease in a tissue-specific manner. Nor does a change 
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of PPI directly reveal causation of disease, let alone the druggable target 
identification. Nevertheless, we believe that eSIG-Net has the potential 
to revolutionize our comprehension of the mechanistic effects caused 
by mutations in molecular networks and to catalyze substantial advance-
ments in therapeutic interventions for genetic disorders.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41592-026-03086-x.
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Methods
eSIG-Net model
We first assembled multiple effective feature generation methods for 
PPI prediction to enhance the representation of proteins. Then, we 
optimized the PPI prediction framework by introducing a constrained 
discrepancy learning module. This module was specifically designed 
to differentiate the merged encoding of ‘mutant–interactor PPI’ and 
‘WT–interactor PPI’ pairs, as their differences were subtle yet crucial 
for capturing the effects of missense mutations on PPI states. In addi-
tion, we harnessed the capabilities of protein language models by 
incorporating mutation-site encoding into the embeddings obtained 
from these models. We also employed a discriminator to predict the 
impact of missense mutations on PPI states.

It is essential to note that eSIG-Net primarily focused on learning 
the differences between WT and mutant protein embeddings, in con-
junction with interactors, to predict the occurrence of PPI perturba-
tions. Rather than directly predicting PPI states, our approach took a 
distinct strategy. In comparison to traditional PPI prediction methods, 
eSIG-Net incorporated several innovative designs to effectively distin-
guish between similar samples (that is, protein sequences that differ 
by a single mutation) and predict perturbations in their PPI states.

Datasets
Two mutation-mediated PPI datasets were used in this study: the dis-
ease mutation PPI dataset from ref. 2, and the population variant PPI 
dataset from ref. 12. The ref. 2 dataset consisted of 1,633 samples, with 
each sample composed of three proteins (‘triplet’: the WT protein, the 
mutant protein, the interactor) and the binding states of the WT–inter-
actor PPI (WT–interactor) and mutant–interactor PPI (MT–interactor) 
pairs (0 or 1). This dataset contained 527 disease mutations in 220 
genes, associated with 606 perturbed PPIs and 1,027 nonperturbed 
PPIs. On the other hand, the ref. 12 dataset carried one of the largest 
compilations of variants observed in the general population (from 
gnomAD database), serving as a baseline for neutral or nonpathogenic 
variation. The ref. 12 dataset contained 1,650 population variants in 
772 genes, with a total of 663 perturbed PPIs and 3,357 nonperturbed 
PPIs. We excluded synonymous mutations from this analysis. We fur-
ther defined a positive sample as one where a PPI state change (that is, 
perturbation) occurred, while a negative sample represented cases 
where no PPI perturbation took place. Note that the population vari-
ants dataset was used to validate the robustness of our model and other 
methods. This dataset contained only approximately 16% positive 
samples, making it an imbalanced dataset.

To obtain the gene sequences corresponding to the genotypes, 
we retrieved them from the hORFeome29 V9.1 Library (http://horfdb.
dfci.harvard.edu/) and converted the nucleotide sequence into amino 
acid sequences.

Model input features
In the experiments, the protein sequences were transformed into 
fixed-length feature vectors before being input into the neural network 
due to variations in sequence length. The feature fusion strategy was 
employed to convert protein sequences into feature vectors using three 
methods: amino acid composition, conjoint triad and auto covariance.

	 (1)	 The amino acid composition method30 normalized the frequen-
cy of occurrence of each amino acid in the protein sequence. 
It counted the frequency of the 20 amino acids, resulting in a 
20-dimensional feature vector for each protein sequence.

	 (2)	 The conjoint triad method31 divided the 20 amino acids into 
7 different clusters based on the volume of amino acid side 
chains and dipoles. Each cluster grouped together amino acids 
with similar characteristics. This resulted in a 343-dimensional 
feature vector that represented the normalized triples (7 × 7 × 7) 
of amino acids.

	 (3)	 The auto covariance method was used to capture interactions 
between amino acids that were separated by a specific number 
of residues within a protein sequence. The process started 
by converting the amino acid residues into numerical values 
that represented their physicochemical properties, such as 
hydrophobicity, polarity or molecular weight. After encoding 
the sequence numerically, the auto covariance calculation was 
carried out, which involved computing the covariance between 
the properties of amino acids separated by a fixed distance. The 
resulting 210-dimensional auto covariance feature vector was 
normalized to zero mean and unit standard deviation (s.d.). The 
experimental setup followed refs. 13,32 for obtaining the auto 
covariance feature vector.

In summary, these three feature vectors were concatenated 
to form a 573-dimensional feature vector, which was used for 
discrepancy learning and prediction. In addition, as shown in 
Extended Data Fig. 1, our model used ESM-27 to obtain additional 
embeddings for the mutation-site encoding module. Specifically, 
the ‘esm2_t33_650M_UR50D’ version of the model7 was used to obtain 
residue-level embeddings. We extracted the embedding at the muta-
tion site to obtain a 1,280-dimensional ESM feature vector.

Constrained discrepancy learning
In traditional machine learning, a model is trained by minimizing a 
loss function that measures the discrepancy between the model’s 
predictions and the true labels. A constrained discrepancy loss aug-
ments this standard loss function with additional conditions that 
represent known knowledge (that is, single mutations can perturb 
PPIs). Constrained discrepancy loss is especially useful here when 
edgetic training data is limited. The goal of our training is to find the 
set of model parameters (weights and biases) that results in the low-
est possible loss. For example, the loss is expected to be lower when 
there is a PPI perturbation. This is because learning PPI perturbation 
makes the model more accurate. Therefore, by leveraging previous 
knowledge, constrained discrepancy learning helps to improve the 
model’s performance and interpretability.

To achieve the objective of learning a precise amount of discrep-
ancy across mutated proteins with different binding state changes, 
we defined the distance between the merged encodings of missense 
mutations before and after as di and indicated whether the binding 
state changed as ci (ci = 1 if there is a perturbation, otherwise ci = 0). We 
formalized our constrained discrepancy loss in equation (1):

ℒcd =
1

n(n − 1)

n
∑
i=1

n
∑

j=1,j≠i
( di
1 + λ × ci

−
d j

1 + λ × c j
)
2

(1)

where n is the number of the samples in one training batch, and di is the 
embedding-level differences before (Wi, WT) and after (Mi, mutant) the 
mutation, which were measured by L2 norm: di = |Wi − Mi|2. λ is a hyper-
parameter that balances the penalty on perturbed versus nonperturbed 
samples. In the current study, we fixed λ = 1 across experiments, given 
the limited availability of large-scale experimental edgetic datasets 
and the observation that performance was stable under this setting. It 
is important to note that using equation (1) alone is insufficient, as the 
trivial solution would be to set all the embedding-level distances to zero 
(that is, di = 0 for all i). However, learning the accurate amount of discrep-
ancy while avoiding the trivial solution is achievable by jointly training 
with the objective of the original PPI prediction change. In this joint 
training approach, the model was devised to embed mutant–interactor 
PPI and WT–interactor PPI differently to discriminate between them.

Mutation-site encoding
As illustrated in Extended Data Fig. 1, we harnessed the capabili-
ties of the protein language model (specifically ESM-27) to acquire 
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residue-level embeddings for both the WT and mutant (MT) proteins. 
These embeddings captured contextual information from the pro-
tein sequence. Subsequently, to reduce redundancy, we isolated the 
embedding specific to the mutation site and directed it through the 
mutation-site channel-wise self-attention module.

The pipeline of our mutation-site encoding module was as follows:

f(MT,WT) = MLP(|esm(MT)s − esm(WT)s|)

esm(⋅)s ∈ Rd  represents the vector corresponding to the mutation site 
extracted from the residue-level embedding (esm(⋅) ∈ RL×d), where (L) 
is the length of the protein and (d) is the feature dimension of ESM. A 
multi-layer perceptron (MLP) was implemented to obtain the final 
mutation-site encoding.

Subsequently, we concatenated the mutant–interactor PPI 
merged, WT–interactor PPI merged and mutation-site encoding, and 
fed them into the discriminator to predict whether the missense muta-
tion led to a perturbation in the interaction state. Our overall learning 
objective is given as follows:

ℒ = ℒdiscrim + α1ℒpred + α2ℒcd

where both the discriminator loss Ldiscrim and predictor loss Lpred use 
the cross-entropy loss function. The discriminator’s labels are based 
on whether the interaction is perturbed, with 1 indicating a perturba-
tion and 0 indicating no change. The predictor’s labels represent the 
interaction itself, where 1 denotes a binding (interaction) and 0 denotes 
no binding.

The hyperparameters α1 and α2 (and other loss weights) were 
selected exclusively based on the validation set within each fold, never 
on the test set. Our pipeline was a strict fivefold cross-validation: in each 
run, one fold was held out as the test set, while the remaining four folds 
were split into training and validation. Hyperparameters were tuned 
only on the validation set, and the final performance was reported on 
the held-out test set.

Training strategy
The mutant or WT-encoding module and the interaction-encoding 
module shared the same network structure, which consisted of seven 
linear layers forming an MLP. The merge layer was a linear layer with a 
size of 32. The mutation-site encoding module comprised two linear 
layers. Both the predictor and discriminator consisted of two MLP 
layers serving as classifiers. Batch normalization and a dropout rate 
of 0.3 were applied after each linear layer in the model. Each of our 
linear layers (except the output layer) was followed by a rectified linear 
unit nonlinearity, to allow complexity of functions that our eSIG-Net 
model could learn.

For optimization, we employed multi-step learning rate descent 
with epoch_index = [30] for epoch indices. The learning rate decay 
factor was set to 0.1. Adam was used as the optimizer for our method, 
with an initial learning rate of 0.005. The weights α1 and α2 for the loss 
function were set to 0.9 and 0.1, respectively. After training 50 epochs, 
we selected the optimal checkpoint based on the validation accuracy.

All loss weights and other hyperparameters were tuned on valida-
tion sets only. Specifically, in each fold of the fivefold cross-validation, 
one fold was held out as the test set and the remaining four folds were 
split into training and validation subsets. Hyperparameters were 
selected based on validation performance, and the final reported 
results were obtained on the unseen test fold. No test set information 
was ever used for model selection.

Fivefold cross-validation
We applied a fivefold cross-validation strategy to avoid the influence 
of random samples on the performance. The eSIG-Net model trained 
on PPI datasets was employed to predict the impact of new (previously 

‘unseen’) mutations on PPI perturbation. The data were partitioned 
into five distinct subsets, each serving as a fold in cross-validation. 
Hyperparameters were tuned only on the validation subset, and the 
test fold remained unseen until final evaluation. Reported performance 
metrics were obtained by averaging across the five test folds, with 
no fold used simultaneously for model selection and for evaluation, 
avoiding data leakage. To ensure a stringent assessment, test set pro-
teins were completely different from those in the training sets. This 
model demonstrates consistently robust performance in prediction 
across different sequence groups. A use of similarity filter to define the 
training set and test set was found to make no significant difference, 
further demonstrating that our model performance was not driven by 
sequence similarity alone.

Benchmarking with other sequence-based methods
Due to the absence of existing methods specifically tailored to predict 
changes in the original PPI states caused by missense mutations, we 
sought to compare our framework against five state-of-the-art PPI 
prediction methods. While both our framework and the benchmark-
ing methods addressed PPI-related tasks, they differed in their inputs. 
Our model for predicting changes in PPI states by missense mutations 
involved triplets composed of the WT protein, the mutant protein and 
the interactor, with the output indicating whether the binding states 
of WT–interactor and mutant–interactor changed. In contrast, con-
ventional PPI methods typically take protein–interactor pairs as input, 
predicting the binding state of the protein–interactor pair. To align 
inputs for a fair comparison, we split the triplets into WT–interactor 
and mutant–interactor pairs, treating them as two separate samples 
for conventional PPI tasks.

The logit output of these sequence-based methods is a continuous 
value between 0 and 1 (with ‘1’ representing the probability of PPI or 
binding). The binding state of the mutant–interactor was determined 
by binarizing the logit value. For mutation-perturbed PPIs, the pre-
dicted interaction probabilities of the WT PPI were above 0.5, whereas 
the probabilities of the mutant PPI fell below 0.5. For nonperturbed 
PPIs, the predicted interaction probabilities of the WT and mutant PPIs 
were either ‘both above 0.5’ (that is, both having PPIs) or ‘both below 
0.5’ (that is, both exhibiting no PPIs). For all benchmark models that 
required retraining, we used the same model selection strategy as for 
eSIG-Net. Specifically, a held-out validation set was used to fine-tune 
training, and the model parameters corresponding to the best epoch 
on the validation set were selected for testing. This ensured a fair com-
parison across all methods. For performance evaluation, we compared 
the predicted binding state of mutant–interactor and WT–interactor 
pairs, to infer whether the mutation led to a change in interactions.

SDNN. SDNN13 evaluates diverse protein feature extraction combina-
tions and identifies the most effective feature sets. It further enhances 
performance by using attention-based networks, achieving results in 
PPI prediction tasks. In this study, we adopted the optimized feature 
combinations as reported in ref. 13 and employed their PyTorch codes 
to train the PPI prediction model.

D-SCRIPT. D-SCRIPT10 introduces a method for embedding proteins 
based on their amino acid sequences, aiming to bring proteins with 
similar structures closer in the embedded space. It uses a stacked 
three-layer bidirectional LSTM (long short-term memory) for protein 
embedding, yielding results in PPI tasks. We followed the same pipe-
line10 and used D-SCRIPT package to train the prediction model.

DeepFE. DeepFE14 integrates handcrafted features with Word2vec 
technology, enabling the creation of protein sequence embeddings 
that capture intricate semantic relationships among amino acids. 
These embeddings are then harnessed within deep neural networks, 
proficiently extracting features, reducing dimensionality and making 
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predictions of PPIs. In this study, we adopted the original codes14 to 
generate the input embeddings and train the prediction model.

PIPR. PIPR15 incorporates a Siamese neural network featuring a deep 
residual recurrent convolutional architecture. This design effectively 
combines local features and contextual information, enabling the 
capture of mutual influences within protein sequences. Moreover, PIPR 
simplifies data preprocessing and demonstrates adaptability across 
various applications. We used the PIPR codes15 to train the PPI model.

PLM-interact. PLM-interact16 leverages joint encoding of protein 
pairs, enabling the model to directly learn relational patterns between 
sequences. By fine-tuning pretrained transformer-based protein lan-
guage models with contrastive learning objectives, PLM-interact effec-
tively captures both individual sequence features and inter-protein 
dependencies. In this study, we used the PLM-interact16 implementation 
to fine-tune the model and predict PPI outcomes.

Computation of ROC and AUPR curves
For each mutation–interactor pair, the model output two raw logits 
corresponding to the ‘no-change’ and ‘change’ classes (denoted as 
pred_logic_0 and pred_logic_1, respectively). To obtain continuous 
prediction scores suitable for curve-based evaluation, we computed 
a confidence score as confidence = σ(pred_logic_1 − pred_logic_0), 
where σ(x) is the sigmoid function. These continuous confidence values 
(ranging from 0 to 1) represent the model’s probability of predicting a 
change, and were directly used to compute the ROC-AUC and average 
precision (AUPR) metrics using the sklearn.metrics implementation. 
Binary predictions (pred_change) were only used for discrete compari-
son, whereas all AUPR and ROC analyses were based on the continuous 
confidence values.

Sequence-based baseline methods output only an interaction 
probability p(PPI) ∈ [0, 1] for a given protein pair and do not provide 
explicit change or no-change logits. To enable a fair comparison on our 
mutation-induced PPI perturbation task, we converted each baseline’s 
outputs into a continuous ‘confidence-of-change’ score using paired 
predictions for the WT and mutant pairs. Specifically, for each muta-
tion–interactor sample, we computed pWT = p(PPI|WT, interactor) and 
pMut = p(PPI|Mut, interactor), where values >0.5 indicated the presence 
of an interaction according to the baseline method’s definition. We 
defined PPI state change to include both loss of interaction (pWT ≥ 0.5 
and pMut < 0.5) and gain of interaction (pWT < 0.5 and pMut ≥ 0.5). For 
curve-based evaluation, we used a continuous change score

s = |pWT − pMut|,

which quantified the magnitude of the mutation-induced change in 
predicted interaction likelihood. ROC-AUC and AUPR curves for base-
line methods were computed using these continuous scores s against 
the ground-truth change labels (rather than hard-thresholded binary 
predictions). For our model, a continuous confidence score was directly 
derived from the change and/or no-change logits (described above), 
and all curve-based metrics were computed from continuous scores 
for consistency across methods.

Visualization and quantification of model interpretability
A normalized confusion matrix was used for displaying the prediction, 
and a t-distributed stochastic neighbor embedding plot was used for 
the visualization of model interpretability. We used two metrics to 
compute distances in the original embedding space and to quantify 
the degree to which different classes of data points (perturbed versus 
unperturbed PPIs) were separated in the visualization: (1) the separa-
tion ratio, which was computed as the between-centroids distance 
divided by the root-mean-square within-cluster distance. A higher sepa-
ration ratio generally indicates that the clusters are more distinct and 

well-separated in the t-stochastic neighbor embedding visualization, 
suggesting that the data points within each cluster are more similar 
to each other than to points in other clusters. (2) The silhouette score 
of each point was computed using the formula: s = (b − a)/max (a, b), 
where a represents the average distance to all other points within its 
cluster, and b represents the average distance to all points in the near-
est cluster. The overall silhouette score is the average of all individual 
silhouette scores. A high silhouette score indicates well-defined and 
separated clusters.

AlphaFold-based PPI prediction
DeepMind’s AlphaFold17 offers regular atomic accuracy in protein 
structure prediction through a MSA encoder and builds pairwise rep-
resentations, a three-dimensional rotation-equivariant network to 
build structure and an iterative recycling mechanism to optimize 
structure prediction. This end-to-end structure prediction framework 
can benefit the analysis of various protein structures, properties and 
functions16. FoldDock18 leverages the AlphaFold17 pipeline for protein 
interaction prediction. To predict mutation-mediated PPI changes, we 
fed all WT or mutant and interactor sequence samples into the Fold-
Dock predictor. As MSA was executed, the quantification of interface 
contacts was obtained. A count of fewer than one interface contact was 
interpreted as a noninteraction or a negative PPI prediction. Given the 
intensive time requirements for MSA extraction and the substantial 
graphical processing unit resources demanded by the sophisticated 
AlphaFold2 model, our study’s performance metrics were confined to 
the disease mutation PPI dataset.

Benchmarking with mutation-centric, structure-based 
methods
To compare eSIG-Net with other mutation-centric, structure-based 
methods, we first subjected the WT and interactor sequences to the 
AlphaFold-Multimer model19. This model includes a search for MSAs 
and predicts the structure of the WT–interactor PPI complex. With the 
structures predicted, we then incorporated the mutation information 
into the prediction model to estimate the changes in binding affinity 
(ΔΔG) caused by the mutation. Due to these methods classifying a 
mutation as deleterious if ΔΔG ≥ 1.5 or ≤−1.5 kcal mol−1, we defined such 
deleterious mutations as perturbing PPI profiles. To illustrate the AUC 
curves, we converted (ΔΔG) into a logit score by performing the fol-
lowing operation: score = sigma (|ΔΔG|−1.5), where (sigma) represents 
the sigmoid function. The disease mutation PPI dataset was used for 
benchmarking with all structure-based methods.

Population-based PPI function validation in the context of 
cancer immunotherapy
To validate the potential impact of mutations on eSIG-net predicted 
PPI pairs, we obtained transcriptomic and somatic mutation data from 
The Cancer Genome Atlas and MMRF-COMPASS cohorts via the UCSC 
Xena platform33, encompassing 34 cancer types and more than 11,000 
patients. For analysis on the response to immunotherapy, patients 
were stratified into a ‘both-high’ group (expression of both PPI genes 
≥median) versus all others. Statistical significance was assessed using 
Fisher’s exact test.

Statistical analysis
To compare the mean accuracies of eSIG-Net against the other mod-
els, pairwise independent t-tests were conducted. Given the multiple 
comparisons being made (each algorithm against eSIG-Net), it was 
necessary to adjust for the increased probability of type I errors. To 
this end, we used the Holm–Bonferroni method for adjusting P values.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.
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Data availability
Two mutation-mediated PPI datasets used in this study were: the dis-
ease mutation PPI dataset2 and the population variant PPI dataset12. 
Protein sequences were obtained from the UniProt database at https://
www.uniprot.org/. Source data are provided with this paper.

Code availability
All codes and documentation are available at https://github.com/
Stephen-Yi-Laboratory/eSIG-Net.
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Extended Data Fig. 1 | See next page for caption.
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Extended Data Fig. 1 | Architecture and interpretability of the eSIG-Net 
model. (a) Two protein encoders are used to encode Mutant (MT)/Wild-
type (WT) and Interactor (Inter), with MT and WT encoders sharing weights. 
The resulting encodings are concatenated and input into the Merged layer, 
producing MT-Inter merged encoding and WT-Inter merged encoding. Similar 
to traditional PPI prediction methods, the MT-Inter merged encoding is fed into 
the predictor for interaction/binding state prediction. Additionally, we calculate 
the discrepancy loss between MT-Inter merged encoding and WT-Inter merged 
encoding to constrain the distance between positive and negative samples at the 
encoding level. We then extract MT and WT embeddings from ESM-2 and subtract 
the mutation site embeddings to input into the mutation site encoding module 
to learn differences at the mutation site. Finally, we concatenate MT-Inter merged 
encoding, WT-Inter merged encoding, and MT-WT site merged encoding and 
input them into the discriminator for the ultimate PPI perturbation prediction. 
For details, refer to the Methods section. (b-g) t-SNE dimensional reduction 

visualization comparing eSIG-Net (b) with other state-of-the-art sequence-
based methods, including DeepFE (c), D-SCRIPT (d), PIPR (e), PLM-interact 
(f) and SDNN (g). Predicted perturbed and unperturbed PPIs are shown in blue 
and red color, respectively. Normalized confusion matrix is used for displaying 
the prediction, and t-distributed Stochastic Neighbor Embedding (t-SNE) plot 
is used for the visualization of model interpretability. The embedding of the 
output layer’s previous hidden layer output from all methods is extracted to 
perform the visualization. For quantification, two metrics (separation ratio and 
silhouette score) are computed to quantify the degree to which distinct classes 
of data points are separated in the visualization. (h) Barcharts showing the 
separation ratio metric to compare methods for their prediction performance on 
separating perturbed vs non-perturbed PPIs, using the disease mutation dataset. 
(i) Barcharts showing the silhouette score metric to compare methods for their 
prediction performance, using the disease mutation dataset.
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Extended Data Fig. 2 | Benchmarking with the state-of-the-art structure-
based prediction method PIONEER, and independent validation across 
different biological contexts. (a) Bar chart shows the mean accuracy of the 
structure-based prediction method PIONEER across different confidence levels 
(MC: Medium confidence; HC: High confidence; VHC: Very high confidence), 
using the disease mutation dataset. The length of each bar represents the mean 
accuracy and the error bars denote the standard deviations (n = 1,633 PPIs for 
each prediction model plotted). P values are calculated by two-sided paired 
t-tests, with Holm-Bonferroni correction. ***, P < 1.0 ×10−3. The error bars indicate 

±s.d. and the centers of the error bars indicate mean accuracy (n = 3 independent 
experiments). (b) PPI-paired genes as predicted by eSIG-Net may jointly influence 
cancer patient survival in TCGA-MMRF cohorts. Patients are stratified into a 
“both-high” group (expression of both PPI genes ≥ median) versus all other 
patients. P values are calculated by Cox proportional hazards regression Wald 
test (two-sided). (c) Expression of PPI gene pairs as predicted by eSIG-Net is 
associated with immunotherapy response in melanoma patients. Gide PD-1/
CTLA-4 cohort (n = 74); Van Allen CTLA-4 cohort (n = 43).
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Extended Data Table 1 | AlphaFold-Multimer predictions for WT and mutant proteins are almost indistinguishable at the 
global structural level

The predicted structures are nearly identical, with an average TM-score of 0.84 and a global RMSD of 0.92 Å.
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