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Most proteins act through interactions with other molecules, yet predicting
how single mutations perturb these interactions—defined as ‘protein
codes’—remains a central challenge in computational biology. Here we
introduce eSIG-Net, the edgetic mutation sequence-based interaction
grammar network, alanguage model that integrates protein sequence
embeddings with syntax-aware and evolution-aware mutation encoding and
contrastive learning to predict mutation-driven interaction changes. eSIG-Net
outperforms state-of-the-art sequence-based and structure-based methods,
nominates causal variants and provides mechanistic insights. Together,
eSIG-Net is amutation-centric interaction language model that accurately
predicts interaction-specific network rewiring from sequence information
alone and generalizes across biological contexts.

Substantialimprovements in genome and exome sequencing technol-
ogyinthe past15 years haveidentified a surfeit of human genetic vari-
ation orders of magnitude more extensive than what was previously
appreciated. However, how most variants influence the molecular prop-
erties and functions of molecules they encode, as well as theirimpacts
ondisease initiation and progression remain largely unknown'. Among
these genetic variants, missense variants are the most common type of
protein-coding mutations. Evensingle missense variants can drastically
change protein-protein interactions or PPIs>* (referred to as ‘protein
code’ forinteractions), and therefore rewire protein signaling*. Similar
to the “activity cliff* problem in chemistry machine learning, where
smallstructural changes often lead to large or unpredictable changes
inactivity, single mutations pose an ‘interaction cliff’ grand challenge,
causing computational models to mispredict mutation-mediated PPIs
(Supplementary Note 1).

Applying proteinlanguage modelsis a potential solution to these
limitations and has been implemented in methods such as ESM1b®,
ESM-27, ProtT5%, ESM3°, D-SCRIPT' and AlphaMissense'’. However,
these methods also face at least two substantial challenges. First, they

donotexplicitly learnthe sequence distinctions between mutant pro-
teins and their corresponding wild-type (WT) counterparts. Second,
they fail to capture the inherent complexity of PPIs, which are critical
for PPl-related tasks.

Here we introduce a mutation-centric interaction language
model named eSIG-Net (edgetic mutation sequence-based interac-
tion grammar network). In contrast to conventional PPI prediction
methods (Extended Data Fig. 1a), eSIG-Net focuses on the discrepancy
between WT and mutant proteins, as well as their PPI profiles with
a specific interaction partner. As shown in Fig. 1a, the framework of
eSIG-Net consists of two encoder modules: (1) the first is a PPl ‘pro-
tein encoder’ module, which is commonly employed in classical PPI
prediction tasks. It typically involves separately obtaining the encod-
ings of a protein and its interactor and then merging them to predict
PPIs. By constrast, in our PPI perturbation prediction pipeline, we
obtained the merged encodings of both the WT withits interactor and
the mutant with its interactor. These merged encodings were then fed
into a constrained discrepancy module to attempt to discern the dif-
ferences between them. (2) The second module is a mutant ‘protein
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Fig.1| Overview of the eSIG-Net model, and benchmarking with state-of-
the-art sequence-based prediction methods. a, The prediction framework of
eSIG-Net: WT and mutant sequences are processed by a protein language model
to obtainresidue-level embeddings. These embeddings are then merged through
mutation encoding and passed through a channel-wise mutation-site learning
module. Concurrently, WT-interactor PPland mutant-interactor PPl pairs are
encoded by protein encoder, and their merged encodings are used for both
constrained discrepancy assessment and traditional PPl prediction. Finally, the
combined encodings—mutation-site, WT-interactor PPland mutant-interactor
PPI—are inputinto adiscriminator to predict potential PPl perturbations

caused by the mutation. b, Prediction accuracy comparison for the disease
mutation PPl dataset, showcasing the performance of eSIG-Net against other

PPI prediction models, with statistical significance denoted by asterisks. Error
bars denote the standard deviations (n = 1,633 PPIs for each prediction model
plotted). When compared to eSIG-Net, P=1.3 x 107 for DeepFE, P=7.9 x 107 for
D-SCRIPT, PIPR, PLM-interact and SDNN. ¢, ROC curves for the disease mutation
dataset, comparing the AUC metrics for eSIG-Net and other models, highlighting
eSIG-Net’s superior performance. d, Precision-recall curves for the disease

mutation PPl dataset, with eSIG-Net outperforming other models in terms

of both precision and recall. Line color scheme is the same as c. e, Prediction
accuracy comparison for the gnomAD-EXAC population variant PPl dataset,
with eSIG-Net achieving the highest accuracy. Error bars denote the standard
deviations (n =4,020 PPIs for eSIG-Net, DeepFE, PIPR, PLM-interact, SDNN;
n=4,002PPIs for D-SCRIPT). When compared to eSIG-Net, the P=3.8 x 10™* for
DeepFE, P=3.6 x10™*for D-SCRIPT, P=3.6 x 10~ for PIPR, P=2.6 x 10" for PLM-
interactand P=8.7 x10~*for SDNN. f, ROC curves for the population variant PPI
dataset, with AUC values for each model, indicating that eSIG-Net maintains a
high performance on this dataset as well. g, Precision-recall curves for the EXAC
population variant PPl dataset, detailing the precision and recall performance
of each model, with eSIG-Net providing a competitive precision-recall balance.
Line color schemeis the same as f. Pvalues are calculated by two-sided paired
t-tests, with Holm-Bonferroni correction. ***P < 0.001. The error bars indicate
+s.d. and the centers of the error bars indicate mean accuracy (n =3 independent
experiments). For ¢,d,f,g, shading indicates s.d. The centers for the error bands
indicate mean true or false positive rate (in c,f), and mean precision or recall
(ind,g), respectively.

language model’ encoder. Extensive empirical evidence has demon-
strated that leveraging protein language models could capture the
evolutionary information of proteins, thereby facilitating various
downstream protein-related tasks. To accentuate the differences
between mutantand WT proteins, we exclusively used the residue-level
embeddings of the mutation sites. This was processed through
channel-wise learning to obtain a merged mutation-site encoding
(Fig.1a). Finally, the two merged encodings were integrated and fedintoa
discriminator for the prediction of PPl perturbations. Compared withthe
conventional PPl prediction methods, eSIG-Net thus uses aninnovative

discrepancy strategy to effectively discern the effects of single amino
acid changes on proteins and predict ensuing perturbations in their
interaction profiles.

We first benchmarked the performance of eSIG-Net against other
methods using two independent datasets: the disease mutation PPI
dataset® and the population variant PPl dataset'” (see Methods for
details). For each of the datasets, we applied a fivefold cross-validation
strategy to avoid theinfluence of random samples on the performance.

Most existing methods are not specifically tailored to predict PPI
perturbations caused by missense mutations, therefore we compared
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our eSIG-Net model against five state-of-the-art sequence-based
PPI prediction methods: SDNN", D-SCRIPT', DeepFE™, PIPR" and
PLM-interact'® (see Methods for details). Using disease mutation PPI
dataset?, eSIG-Net significantly outperformed all the benchmarking
methods, and achieved an accuracy improvement of more than 20%
compared with the other methods on the disease mutation PPl dataset
(eSIG-Net accuracy of 0.85 + 0.02; best accuracy by other methods of
0.63 + 0.02) (Fig.1b, Extended Data Fig. 1b-iand Supplementary Note
2).In addition, eSIG-Net outperformed the other existing methods
in receiver operating characteristic (ROC) curve analysis. eSIG-Net
achieved anarea under curve (AUC) of 0.91 + 0.02, while SDNN had an
AUC0f 0.73 + 0.15,D-SCRIPT had an AUC of 0.51 + 0.05, DeepFE had an
AUC of 0.50 + 0.04, PIPR had an AUC of 0.58 + 0.07 and PLM-interact
had an AUC of 0.48 + 0.02 (Fig. 1c). Similarly, eSIG-Net also exhibited
a better performance in precision-recall curve analysis. eSIG-Net
achieved an average precision of 0.86 + 0.01, whereas SDNN had an
average precision of 0.61 + 0.10, D-SCRIPT had an average precision of
0.37 £ 0.05, DeepFE had an average precision of 0.39 + 0.04, PIPR had
an average precision of 0.46 + 0.09 and PLM-interact had an average
precision of 0.37 + 0.02 (Fig. 1d). Similar prediction performance was
achieved using population variant PPl dataset (Fig. le-g and Supple-
mentary Note 3). These results demonstrate eSIG-Net’s superiority
in learning the distinctions between WT and mutant proteins, com-
pared with traditional PPl prediction methods that heavily rely on
sequence learning.

Tovalidate the effectiveness of two main modulesin the eSIG-Net
framework, we designed and executed an ablation study. As abaseline
control, we performed traditional ESM (Evolutionary Scale Modeling)’
pooling (esm2_t33_650M_UR50D) embeddings (‘standard models’,
Fig.2a), whichyielded alimited improvementinaccuracy (0.69 + 0.03;
Fig.2a) compared with other benchmarking methods (Fig. 1b) on the
disease mutation PPl dataset. Moreover, the accuracy on the imbal-
anced population variant PPl dataset (0.72 + 0.02; Fig. 2b) was even
lower than the worst-performing benchmarking method (Fig. 1e).
However, incorporating our mutation-site encoding module led to
accuracy improvement on both datasets, reaching 0.75 + 0.03 and
0.78 £ 0.02, respectively (Fig. 2a,b). Finally, with the introduction of our
constrained discrepancy learning module, the model’s performance
observed further enhancement (accuracy on disease mutation dataset
of 0.85+ 0.02, accuracy on population variant dataset of 0.90 + 0.01)
(Fig.2a,b and Supplementary Note 4).

It is important to note that, current state-of-the-art structure-
based method AlphaFold"-derived FoldDock™ is limited, and fails to
predictinteraction alterations by select disease mutations (Fig.2c-e,i,
Extended Data Table 1 and Supplementary Note 5). Other structure-
based predictiontoolsrequirethe input of protein complex structures,
we first subjected the protein sequences to the AlphaFold-Multimer

model® to predict their structures, which then served as input for five
structure-based prediction methods (MutaBind2?°, BeAtMuSiC?,
GeoPPI?, TopNetTree* and PIONEER*) (Supplementary Note 6). For
comparative purposes, mutations classified by these methods as del-
eterious were considered to be interaction-perturbing (see Methods
for details). All five benchmarking prediction tools only had an around
or below 60% accuracy rate (Fig. 2f and Extended Data Fig. 2a), much
lower than eSIG-Net. In ROC curve analysis, eSIG-Net achieved an
AUC 0of 0.91+ 0.02, while MutaBind2 had an AUC of 0.60 + 0.06, BeAt-
MusSiC had an AUC of 0.63 + 0.02, GeoPPI had an AUC of 0.52 + 0.03,
TopNetTree had an AUC of 0.49 + 0.06 and PIONEER had an AUC of
0.49 + 0.01 (Fig. 2g). Similarly, eSIG-Net also exhibited a better perfor-
mancein precision-recall curve analysis. eSIG-Net achieved an average
precision of 0.86 + 0.01, whereas MutaBind2 had an average precision
of 0.44 + 0.03, BeAtMuSiC had an average precision of 0.48 + 0.05,
GeoPPI had an average precision of 0.41 + 0.06, TopNetTree had an
average precision of 0.39 + 0.06 and PIONEER had an average precision
0f 0.37 £ 0.03 (Fig. 2h). Together, we found that eSIG-Net significantly
outperformed all the mutation-centric structure-based PPl prediction
benchmarking tools.

Although millions of coding variants have been identified in the
human genome, most of them remain classified as variants of unknown
significance (VUS). To address this challenge, eSIG-Net offers a general-
izable framework that can be applied across diverse biological contexts
and adapted to predict interaction-specific variant effects directly
from a protein sequence (Fig. 2j-k, Extended Data Fig. 2b,c and Sup-
plementary Note 7). Agood example is pleiotropism, where different
mutationsin the same gene cause different diseases. In the pleiotropic
gene TPM3, two mutations, LIOOM and M9R, cause fiber-type dispro-
portion myopathy® and nemaline myopathy?®, respectively (Fig. 2j).
eSIG-Net predicted the mutation LIOOM to selectively perturb (that s,
edgetic) theinteraction with HSF2, which was known tobe expressedin
muscle and involved in myotube regeneration?. In contrast, eSIG-Net
predicted the mutation M9R toretain the interaction with HSF2 (Fig. 2j).
Together, eSIG-Net provided possible mechanistic insightsinto pleio-
tropic phenotypic outcomes through accurate prediction of distinct
interaction profiles.

At present, large-scale studies of mutational impact on protein
activities are extremely challenging, which are primarily measured
by high-throughput wet-laboratory experimental platforms, such as
functional variomics®and deep mutational scanning®. Although these
methods have made enormous stridesin characterizing large numbers
of protein variants, they remain time-consuming and labor-intensive.
The eSIG-Net method is designed to exactly tackle this problem, and
canserveas anaccurate and alternative functional characterization of
variants at large scale through deep in silico mutagenesis. This effort
will greatly facilitate the annotation and analysis of many protein

Fig. 2| Benchmarking eSIG-Net with mutation-centric, structure-based
prediction tools and application across diverse biological contexts.

a,b, Our ablation study showcasing mean accuracy on the disease mutation

PPl dataset (a) and the population variant PPl dataset (b). Error bars denote the
standard deviations (n =1,633 PPIs for each module configuration plotted).

¢, Bar chart summarizing the mean accuracy of FoldDock for predicting WT
versus mutant protein interactions using all data (left) or high-confidence
predictions (pDockQ > 0.5; right). d, Density distribution plot of pDockQ
scores with correct (green) and incorrect (red) cases, for WT protein-mediated
interactions. e, Density distribution plot of pDockQ scores with correct
(green) and incorrect (red) cases, for mutant protein-mediated interactions.
f-h, Prediction evaluation using mutation-centric, structure-based methods.
The disease mutation PPl dataset is used here. f, Bar chart summarizing the
mean accuracy of different structural algorithms, with the length of each bar
representing the mean accuracy and the error bars denoting the standard
deviations (n=1,633 PPIs for eSIG-Net, BeAtMuSiC, GeoPPI, PIONEER; n=1,612
PPIs for MutaBind2; n =1,157 PPIs for TopNetTree). When compared to eSIG-Net,

the P=1.3 x10 for BeAtMuSiC, P=2.3 x 10”7 for GeoPPI, P=2.7 x107 for
PIONEER, P=9.5 x 1078 for MutaBind2 and P=2.3 x 10”7 for TopNetTree. g, ROC
curves displaying the comparative AUC values for various structural algorithms.
Shadingindicates standard deviations. h, Precision-recall curves for structural
algorithms. Shadingindicates standard deviations. The centers for the error
bands indicate mean true or false positive rate (in g), and mean precision or
recall (in h), respectively. i, Bar chart showing the mean accuracy of ESM variants
(cyan; amutation-centric disease-causing prediction tool), compared with
eSIG-Net (blue). Bar length represents the mean accuracy and error bars denote
the standard deviations. Dashed line indicates a random classifier (n =1,027
‘Perturbed PPIs’; n = 606 ‘Nonperturbed PPIs’). j, eSIG-Net-predicted interaction
profiles of two disease mutations in the pleiotropic gene TPM3.Kk, eSIG-Net-
predicted interaction profiles of a disease mutation and a population variant
inthe gene COQ8A (also known as ADCK3). Pvalues are calculated by two-sided
paired t-tests, with Holm-Bonferroni correction. **P < 0.001. The error
barsindicate +s.d. and the centers of the error bars indicate mean accuracy
(n=3independent experiments).
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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 mutationand evolutionary information". Inthe 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
isroom for future development considering that many disease-causing
mutationslead to diseasein atissue-specific manner.Nor does achange
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of PPldirectly 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 mutationsinmolecular networks and to catalyze substantial advance-
ments in therapeuticinterventions 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 competinginterests; and statements of dataand code avail-
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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 PPl 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 PPl states. In addi-
tion, we harnessed the capabilities of protein language models by
incorporating mutation-site encodinginto the embeddings obtained
from these models. We also employed a discriminator to predict the
impact of missense mutations on PPl states.

Itis 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 PPl states, our approach took a
distinct strategy. In comparison to traditional PPl prediction methods,
eSIG-Netincorporated several innovative designs to effectively distin-
guish between similar samples (that is, protein sequences that differ
by asingle mutation) and predict perturbations in their PPl states.

Datasets

Two mutation-mediated PPl datasets were used in this study: the dis-
ease mutation PPl dataset from ref. 2, and the population variant PPl
dataset fromref.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 PPl (WT-interactor) and mutant-interactor PPl (MT-interactor)
pairs (O 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 abaseline 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 PPl state change (that s,
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 animbalanced dataset.

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

Modelinput 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 proteinsequencesinto feature vectors using three
methods: amino acid composition, conjoint triad and auto covariance.

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

(2) The conjoint triad method® 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 x 7 x 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-2’ to obtain additional
embeddings for the mutation-site encoding module. Specifically,
the‘esm2_t33_650M_URS50D’ version of the model” was used to obtain
residue-level embeddings. We extracted the embedding at the muta-
tion site to obtain a1,280-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 PPl perturbation. This is because learning PPl 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 d; and indicated whether the binding
state changed asc;(c;=1ifthereisaperturbation, otherwise c;= 0). We
formalized our constrained discrepancy loss in equation (1):

2
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where nisthe number of the samplesinone trainingbatch, and d;isthe
embedding-level differences before (W, WT) and after (M,, mutant) the
mutation, which were measured by L2 norm: d,=|W,— Mil,.Ais ahyper-
parameter that balances the penalty on perturbed versus nonperturbed
samples. In the current study, we fixed A =1 across experiments, given
the limited availability of large-scale experimental edgetic datasets
and the observation that performance was stable under this setting. It
isimportant to note that using equation (1) alone is insufficient, as the
trivial solutionwould be to set allthe embedding-level distances to zero
(thatis, d;,= Oforalli). However, learning the accurate amount of discrep-
ancy whileavoiding the trivial solutionis achievable by jointly training
with the objective of the original PPI prediction change. In this joint
training approach, the model was devised toembed mutant-interactor
PPland WT-interactor PPl 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-2’) 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:

SfIMT,WT) = MLP(Jlesm(MT); — esm(WT),|)

esm(-), € R?represents the vector corresponding to the mutation site
extracted from the residue-level embedding (esm(-) € Rtx4), 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 PP merged and mutation-site encoding, and
fed theminto the discriminator to predict whether the missense muta-
tionledtoaperturbationintheinteractionstate. Our overall learning
objectiveis given as follows:

£ = Ldiscrim + alﬁpred + Ly

where both the discriminator 10ss L gi.im and predictor loss L4 use
the cross-entropy loss function. The discriminator’s labels are based
on whether the interactionis perturbed, with 1lindicating a perturba-
tion and O indicating no change. The predictor’s labels represent the
interactionitself, where1denotes abinding (interaction) and O denotes
no binding.

The hyperparameters a; and a, (and other loss weights) were
selected exclusively based on the validation set within each fold, never
onthetestset. Our pipeline was a strict fivefold cross-validation:in each
run, one fold was held out asthe test set, while the remaining four folds
were split into training and validation. Hyperparameters were tuned
only onthe 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 arectified 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 aninitial learning rate of 0.005. The weights a; and a, for the loss
functionwere setto 0.9 and 0.1, respectively. After training 50 epochs,
we selected the optimal checkpoint based on the validation accuracy.

Allloss weights and other hyperparameters were tuned on valida-
tionsets only. Specifically, in each fold of the fivefold cross-validation,
one fold was held out asthe 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 PPl datasets was employed to predict the impact of new (previously

‘unseen’) mutations on PPl 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 theirinputs.
Our modelfor predicting changes in PPl states by missense mutations
involved triplets composed of the WT protein, the mutant proteinand
the interactor, with the output indicating whether the binding states
of WT-interactor and mutant-interactor changed. In contrast, con-
ventional PPImethods typically take protein-interactor pairsasinput,
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.

Thelogit output of these sequence-based methodsis a continuous
value between 0 and 1 (with ‘1’ representing the probability of PPl or
binding). The binding state of the mutant-interactor was determined
by binarizing the logit value. For mutation-perturbed PPIs, the pre-
dictedinteraction probabilities of the WT PPl 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
onthevalidation 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, toinfer whether the mutation led to a change in interactions.

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

D-SCRIPT. D-SCRIPT" 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-
line'®and used D-SCRIPT package to train the prediction model.

DeepFE. DeepFE" 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 codes" to
generate theinput embeddings and train the prediction model.

PIPR. PIPR” 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 codes” to train the PPl model.

PLM-interact. PLM-interact'® leverages joint encoding of protein
pairs, enabling the model to directly learnrelational 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. Inthis study, we used the PLM-interact™ implementation
to fine-tune the model and predict PPl 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 = o(pred_logic_1 - pred_logic_0),
where o(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-changelogits. To enable a fair comparison on our
mutation-induced PPl 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 pyr = p(PPI|WT, interactor) and
Pmue = P(PPI|Mut, interactor), where values >0.5indicated the presence
of an interaction according to the baseline method’s definition. We
defined PPl state change to include both loss of interaction (py,; > 0.5
and py, < 0.5) and gain of interaction (p\y; < 0.5 and py,, = 0.5). For
curve-based evaluation, we used a continuous change score

S = |Pwt — PMutl>

which quantified the magnitude of the mutation-induced change in
predictedinteraction 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, acontinuous 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

Anormalized 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-
rationratio generally indicates that the clusters are more distinct and

well-separated in the ¢-stochastic neighbor embedding visualization,
suggesting that the data points within each cluster are more similar
to each other thanto pointsin 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 brepresents the average distance to all pointsin 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 AlphaFold" 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
functions'. FoldDock' leverages the AlphaFold" pipeline for protein
interaction prediction. To predict mutation-mediated PPl 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 anoninteraction or anegative PPl prediction. Giventhe
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 PPl 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 model®. This model includes a search for MSAs
and predicts the structure of the WT-interactor PPlcomplex. With the
structures predicted, we thenincorporated the mutationinformation
into the prediction model to estimate the changes in binding affinity
(AAG) caused by the mutation. Due to these methods classifying a
mutationas deleteriousif AAG > 1.5 or <-1.5 kcal mol™, we defined such
deleterious mutations as perturbing PPl profiles. Toillustrate the AUC
curves, we converted (AAG) into a logit score by performing the fol-
lowing operation: score = sigma (|AAG|-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
cancerimmunotherapy

To validate the potential impact of mutations on eSIG-net predicted
PPl pairs, we obtained transcriptomic and somatic mutation datafrom
The Cancer Genome Atlasand MMRF-COMPASS cohorts viathe UCSC
Xena platform®, encompassing 34 cancer types and more than11,000
patients. For analysis on the response to immunotherapy, patients
were stratified into a ‘both-high’ group (expression of both PPl genes
>median) versusall 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 ¢-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
thisend, we used the Holm-Bonferroni method for adjusting Pvalues.

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 PPl datasets used in this study were: the dis-
ease mutation PPl dataset” and the population variant PPl dataset'.
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.
Theresulting encodings are concatenated and input into the Merged layer,
producing MT-Inter merged encoding and WT-Inter merged encoding. Similar

to traditional PPl 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
encodingto 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
tolearn 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). Pvalues are calculated by two-sided paired
t-tests, with Holm-Bonferroni correction. ***, P< 1.0 x107%. The error bars indicate
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+s.d. and the centers of the error bars indicate mean accuracy (n = 3 independent
experiments). (b) PPl-paired genes as predicted by eSIG-Net may jointly influence
cancer patient survivalin TCGA-MMRF cohorts. Patients are stratified into a
“both-high” group (expression of both PPl genes > median) versus all other
patients. P values are calculated by Cox proportional hazards regression Wald
test (two-sided). (c) Expression of PPl gene pairs as predicted by eSIG-Net is
associated withimmunotherapy 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

Fold 1
Fold 2
Fold 3
Fold 4
Fold 5

0.8481333
0.8317494
0.8469792

0.815529
0.8647881

0.8481333
0.8317494
0.8469792

0.815529
0.8647881

0.8481333 NaN
0.8317494 NaN
0.8469792 NaN

0.815529 NaN
0.8647881 NaN

TMscore_ref1 TMscore_ref2 TMscore_avg GDT_TS RMSD

0.9271938
0.9198365
0.9229367
0.9194286
0.9323377

283.025

281.8553459
289.1075949
274.8571429

282.192053

Aligned_length CA_RMSD_BioPDB

6.8795437
7.1898467
7.0784096
8.7055335
5.5984687

The predicted structures are nearly identical, with an average TM-score of 0.84 and a global RMSD of 0.92A.
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All datasets, code and documentation are available at https://github.com/Stephen-Yi-Laboratory/eSIG-Net.
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Ethics oversight Not applicable.
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Sample size No statistical method was used to predetermine sample size. Sample size was determined by data availability. All available
samples and data were used in our experiments and analyses.

Data exclusions  No data were excluded for data analysis and modeling.
Replication All attempts at replication were performed independently and were successful.
Randomization  Training, validation and benchmark tests were split randomly following the standard machine learning practice.

Blinding Blinding was used during benchmark tests following the standard machine learning practice.
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Cell line source(s) Cells were purchased from ATCC.
Authentication Cell lines have been thoroughly authenticated by ATCC.
Mycoplasma contamination Cells were free of mycoplasma contamination.

Commonly misidentified lines  no commonly misidentified cell lines were used.
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