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Abstract

Most proteins exert their functions in complex with other interactors. Single mutations
can exhibit a profound impact on perturbing protein interactions, leading to human
disease. However, predicting the effect of single mutations on protein interactions
remains a major computational challenge. Deep learning, particularly protein language
models or transformers, has become an effective tool in bioinformatics for protein
structure prediction. However, the functional divergence of mutations makes it difficult to
predict their interaction perturbation profiles. To address this fundamental challenge, we
present eSIG-Net (edgetic mutation Sequence-based Interaction Grammar Network), a
novel sequence-based “Interaction Language Model” for predicting protein interaction
alterations caused by single mutations. eSIG-Net combines various protein sequence
embeddings, introduces a mutation-encoding module with syntax and evolutionary
insights, and employs contrastive learning to evaluate mutation-induced interaction
changes. eSIG-Net significantly outperforms current state-of-the-art sequence-based
and structure-based prediction methods at predicting mutational impact on protein
interactions. We highlight examples where eSIG-Net nominates causal variants with
high confidence and elucidates their functional role under relevant biological contexts.
Together, eSIG-Net is a first-in-kind “interaction language model” that can accurately
predict interaction-specific rewiring by single mutations with only sequence information,

and exhibits generalizability across biological contexts.

Introduction

Substantial improvements in genome and exome sequencing technology in the past 15
years have identified a surfeit of human genetic variation orders of magnitude more
extensive than what was previously appreciated. However, how most variants influence
the molecular properties and functions of molecules they encode, as well as their
impacts on disease initiation and progression remain largely unknown'. Among these
genetic variants, missense variants are the most common type of protein-coding
mutations. Even single missense variants can drastically change protein-protein

interactions (PPI) 3, and therefore rewire protein signaling*. Similar to the “activity cliff"®
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problem in chemistry machine learning, where small structural changes often lead to
large or unpredictable changes in activity, single mutations pose an “interaction cliff’
grand challenge, causing computational models to mispredict mutation-mediated PPlIs.

Machine learning methods have been extensively utilized to characterize protein
properties, such as in the prediction of biological functions, protein-protein interactions,
and mutational impact on protein stability. Some models utilize amino acid sequences to
predict PPIs, such as SDNN®, D-SCRIPT’, DeepFE% PIPR® and PLM-interact'®.
However, these sequence-based methods do not explicitly model perturbations caused
by single amino acid substitutions. Such approaches take the entire protein sequence
into account, with the assumption that wild-type and mutant proteins would generate
similar embedding vectors in the “protein space”. Therefore, for both wild-type and
mutant, these methods may predict similar patterns of protein properties, thus leading to
inaccuracy in differential function predictions.

Other methods have shown the potential of using protein structures in predicting
impact of missense variants on PPlIs, such as MutaBind2'', BeAtMuSiC'?, GeoPPI'3,
TopNetTree' and PIONEER'®, but all of them require structures of protein complexes
as input. This, in turn, limits the application scope of these tools due to scarcity of
protein complex structures. Another drawback of structure-based methods is that the
structure data often contains ambiguity due to the complexity and variability of
experimental conditions.

Applying protein language models is a potential solution to these limitations and
has been implemented in methods such as ESM1b'6, ESM-2'", ProtT5'8, ESM3'9, D-
SCRIPT?, and AlphaMissense®®. However, these methods also face at least two
significant challenges. First, they do not explicitly learn the sequence distinctions
between mutant proteins and their corresponding wild-type counterparts. Second, they
fail to capture the inherent complexity of protein-protein interactions, which are critical
for PPI-related tasks.

Contrastive learning is a type of machine learning approach that aims to learn
useful representations of data by bringing similar examples closer in the learned
representation space while pushing dissimilar examples apart?’- 22. Compared to

canonical representation learning methods, contrastive learning enhances feature
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representations and leads to more robust models, as it focuses on capturing the
nuanced differences between data points. This approach has demonstrated significant
success in improving generalization, particularly in tasks such as image recognition and
natural language processing, where contextual understanding and subtle distinctions
are crucial®® 24, More recently, contrastive learning has been effectively applied in
proteomics, facilitating tasks like protein structure prediction, protein-protein interaction
analysis, and functional annotation by leveraging the discriminative power of contrastive
representations?>?’. This growing body of work highlights the versatility and
effectiveness of contrastive learning across diverse biological data types.

Here we introduce a novel interaction language model named eSIG-Net (edgetic
mutation Sequence-based Interaction Grammar Network). This framework uses the
multiple protein embeddings to represent various protein properties'”> 22-30 leverages a
mutation-encoding module to learn the differences in the embeddings of mutation sites,
and incorporates a constrained discrepancy module to accurately profile the
perturbation of specific PPIs by a given mutation. We benchmark by comparing to
current state-of-the-art sequence-based and structure-based PPI prediction methods.
Remarkably, eSIG-Net significantly outperforms all these methods at predicting held-out
variants for their impact on PPIs. We highlight examples where eSIG-Net nominates
causal variants with high confidence and elucidates their functional role under relevant
biological contexts. Together, eSIG-Net is a first-in-kind generalizable “interaction
language model” that can accurately predict interaction-specific rewiring by genetic

mutations or natural variants with only sequence information.

Results
The overall framework of eSIG-Net

Conventional protein-protein interaction network prediction involves encoding protein
sequences and potential interactors separately, merging these representations, and
using a predictor to determine binding states. In this conventional PPl prediction
framework, there are typically two modules, namely Encoder 1 and Encoder 2
(Supplementary Fig. 1), that process protein sequences individually. Their resulting
embeddings are then concatenated and passed through a merged layer. A predictor
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subsequently uses these merged embeddings to predict interactions. However,
determining mutational impact on protein interactions becomes a major challenge due
to the minimal differences between mutant and wild-type proteins.

In contrast to conventional PPI prediction methods, eSIG-Net focuses on the
discrepancy between wild-type 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 PPI “protein encoder” module, which is
commonly employed in classical PPI prediction tasks. It typically involves separately
obtaining the encodings of a protein and its interactor and then merging them to predict
PPlIs. In the PPI perturbation prediction pipeline, we obtained the merged encodings of
both the wild-type with its interactor and the mutant with its interactor. These merged
encodings were then fed into a constrained discrepancy module to attempt to discern
the differences between them. (2) The second module is a mutant “protein language
model” encoder. Extensive empirical evidence has demonstrated that leveraging protein
language models could capture the evolutionary information of proteins, thereby
facilitating various downstream protein-related tasks. To accentuate the differences
between mutant and wild-type proteins, we exclusively utilized 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 fed into a discriminator for the prediction of PPI perturbations.
Compared with the conventional PPI prediction methods, eSIG-Net thus employs an
innovative discrepancy strategy to effectively discern the effects of single amino acid
changes on proteins and predict ensuing perturbations in their interaction profiles.

Benchmarking PPI perturbation prediction performance

We first benchmarked the performance of eSIG-Net against other methods using two
independent datasets: disease mutation PPI dataset (Sahni et al.)?> and population
variant PPI dataset (Fragoza et al.)*' (see Methods for details). Sahni et al. dataset is
the most comprehensive study (to date) of disease mutations and their effects on PPI
profiles. This dataset contains 527 disease mutations in 220 genes, associated with 606
perturbed PPls and 1,027 non-perturbed PPIs. On the other hand, Fragoza et al.
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dataset carries one of the largest compilations of variants observed in the general
population (from gnomAD database), serving as a baseline for neutral or non-
pathogenic variation. Fragoza et al. dataset contains 1,650 population variants in 772
genes, with a total of 663 perturbed PPls, and 3,357 non-perturbed PPIs. For each of
the datasets, we applied a five-fold cross-validation strategy to avoid the influence of
random samples on the performance.

Most existing methods are not specifically tailored to predict PPI perturbations
caused by missense mutations, therefore we compared our eSIG-Net model against
four state-of-the-art sequence-based PPI prediction methods: SDNN®, D-SCRIPT?,
DeepFE?8, PIPR?, and PLM-interact' (see Methods for details). As described above, the
eSIG-Net model predicts PPI alterations by mutations, involving triplets composed of
the wild-type (WT) protein, the mutant (MT) protein, and the interactor, with the output
indicating whether the mutation results in a specific interaction change. In contrast,
conventional PPl methods (such as SDNN®, D-SCRIPT’, DeepFE?, PIPR®, and PLM-
interact9) 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 MT-interactor pairs, treating them as two separate samples for
conventional PPI tasks. For performance evaluation, we compared the predicted
binding state of MT-interactor and WT-interactor pairs, to infer whether the mutation led
to a change in interactions.

We first computed the “accuracy” metric, which assesses how correct when
predicting perturbed vs unperturbed interactions by a model or method. As shown in Fig.
1b, eSIG-Net significantly outperformed all the benchmarking methods, and achieved
an accuracy improvement of more than 20% compared to the other methods on the
disease mutation PPI data (eSIG-Net accuracy = 0.85; best accuracy by other methods
= 0.63). Due to the limited sample size and extremely high similarities between wild-type
and mutant proteins, even state-of-the-art PP prediction methods could not achieve an
accuracy above 70%. The results indicate that focusing on the distinct learning of
mutation sites enables the recognition of potential missense mutation patterns and their
dependencies on interactors. In addition, eSIG-Net outperformed the other existing
methods in ROC curve analysis. eSIG-Net achieved an AUC of 0.91, while SDNN had
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an AUC of 0.73, D-SCRIPT had an AUC of 0.50, DeepFE had an AUC of 0.50, PIPR
had an AUC of 0.58, and PLM-interact had an AUC of 0.48 (Fig. 1c). Similarly, eSIG-
Net also exhibited a better performance in precision-recall curve analysis. eSIG-Net
achieved an average precision of 0.86, whereas SDNN had an average precision of
0.60, D-SCRIPT had an average precision of 0.36, DeepFE had an average precision of
0.38, PIPR had an average precision of 0.45, and PLM-interact had an average
precision of 0.36 (Fig. 1d). These results demonstrate eSIG-Net’s superiority in learning
the distinctions between wild-type and mutant proteins, compared to traditional PPI
prediction methods that heavily rely on sequence learning (Supplementary Table 1).
Next, we assessed the robustness of eSIG-Net in scenarios with severely
imbalanced distributions of positive and negative samples (i.e., perturbing PPI or not).
This is particularly relevant because in real-world situations, only a very small fraction of
missense mutations lead to PPI perturbations or even disease®2. Over 50% of disease-
causing mutations perturb PPls, while common population variants rarely cause PPI
perturbations. We therefore ran our eSIG-Net model on the gnomAD/EXAC population
variants PPl dataset. As depicted in Fig. 1e, the performance of eSIG-Net remained
superior to state-of-the-art PPI prediction methods, achieving an accuracy of 0.90. In
contrast, the best accuracy achieved by other methods was 0.86. These results
demonstrate that even in scenarios with highly imbalanced positive and negative
samples, our method continues to perform exceptionally well. In addition, we performed
ROC curve analysis and found that eSIG-Net achieved an AUC of 0.96, while SDNN
had an AUC of 0.83, D-SCRIPT had an AUC of 0.56, DeepFE had an AUC of 0.51,
PIPR had an AUC of 0.61, and PLM-interact had an AUC of 0.48 (Fig. 1f). Similarly, in
precision-recall curve analysis, eSIG-Net achieved an average precision of 0.92,
whereas SDNN had an average precision of 0.60, D-SCRIPT had an average precision
of 0.21, DeepFE had an average precision of 0.17, PIPR had an average precision of
0.26 and PLMe-interact had an average precision of 0.16 (Fig. 1g). Together, these
results indicate that eSIG-Net outperforms other approaches as judged by multiple
benchmarks. It's worth noting that most datasets with variants of uncertain significance
(VUS) may be imbalanced. The advantages of eSIG-Net are especially strong for
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imbalanced datasets, where the limitations of existing methods are even more
pronounced (Supplementary Table 2).

Improved interpretability of eSIG-Net model

Existing PPl prediction frameworks can only predict protein-protein interactions
individually, and due to the inherent nature of machine learning, they often group similar
samples into the same category, making it challenging to distinguish similar samples
with different labels. In contrast, eSIG-Net directly learns the differences between
samples in a latent subspace.

For a more intuitive comparison, we employed t-distributed Stochastic Neighbor
Embedding (t-SNE) to visualize the protein representations generated by the last layer
of eSIG-Net and other benchmarking methods. By contrast to the eSIG-Net framework
for PPIl-perturbation prediction, the other methods required separate inputs of
"Mutant/interactor PPI" and "Wild-type/interactor PPI" to obtain their final layer outputs
encoding for each triplet. Then we subtracted the "Mutant/interactor PPI" and "Wild-
typelinteractor PPI" interaction encodings and compared them with the encoding output
by eSIG-Net. In the latent space, the encodings generated by eSIG-Net method
exhibited much better separation between interaction-perturbing and non-perturbing
samples compared to the PPI prediction benchmarking methods (Supplementary Fig.
1b-g), using both separation ratio (Supplementary Fig. 1h) and silhouette score
metrics (Supplementary Fig. 1i).

Evaluating the contributions of individual modules on eSIG-Net prediction

To validate the effectiveness of two main modules in the eSIG-Net framework, we
designed and executed an ablation study. In downstream tasks involving protein
sequences, performing 1D-pooling on embeddings extracted from pre-trained protein
language models is common to maintain input dimensions and reduce computational
complexity. This approach captures contextual information from the entire protein
sequence, leading to improved predictions. However, for our task of predicting PPI
perturbation caused by missense mutations, the protein sequences before and after the
mutations are highly similar. Extracting raw embeddings from the protein language
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model for both sequences could introduce significant redundancy. In the eSIG-Net
framework, we exclusively utilized feature vectors from the mutation sites.

As a Dbaseline control, we performed traditional ESM'  pooling
(esm2_t33_650M_URS0D) embeddings (“Standard Models”, Fig. 2a), which yielded a
limited improvement in accuracy (0.69; Fig. 2a) compared to other benchmarking
methods (Fig. 1b) on the disease mutation PPI dataset. Moreover, the accuracy on the
imbalanced population variant PPI dataset (0.72; 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 and
0.78, 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 = 0.85, accuracy on population variant dataset =
0.90) (Fig. 2a-b).

AlphaFold based PPI prediction tool evaluation

FoldDock®? applies the AlphaFold3* pipeline to simultaneously fold and dock protein-
protein pairs, achieving state-of-the-art performance on PPl prediction tasks.
Additionally, the model distinguishes high-confidence PPI predictions using a predicted
DockQ score (pDockQ). Although FoldDock is a PPI prediction method based on MSA
information, different from our sequence-only based method, we explored the potential
and constraints of applying the FoldDock prediction tool to simulate interactions
between mutant (or wild-type) protein and their interactors.

Using the germline disease mutation dataset (Supplementary Table 3),
FoldDock's predictions for wild-type/interactor PPI PPIls were highly accurate, with an
accuracy of 0.922, and an even higher accuracy of 0.971 for data with high-confidence
scores (pDockQ>0.5), aligning with the conclusions of the original paper3®. However,
the prediction accuracy for mutant/interactor PPI pairs dropped to 0.625, and only 0.632
even with high-confidence predictions (Fig. 2c). Moreover, we observed that FoldDock's
predictions for PPIs involving a mutant and its interactor, as well as the corresponding
wild-type and its interactor, are largely consistent. Specifically, in 94.4% of the samples,
the prediction for a specific PPI involving a mutant protein or its wild-type counterpart
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remained the same (Fig. 2d and 2e). Furthermore, within the subset of samples where
predictions were inconsistent (5.6%), only 17.6% were accurately predicted as
disruptive of protein interactions (Fig. 2d and 2e). Therefore, the FoldDock method
appears incapable of discerning the subtle differences in proteins with versus without
missense mutations, nor can it accurately predict the perturbations in PPl states
induced by such mutations.

Benchmarking with mutation-centric, structure-based PPI prediction methods

Mutation-centric, structure-based PPI prediction methods can be categorized into two
main groups: 1) Methods based on physical quantities as input features, such as
MutaBind2"" and BeAtMuSiC'?, which introduced several features including interactions
of proteins with the solvent, evolutionary conservation, and the thermodynamic stability
of complexes for predicting binding changes upon mutations. The reliance on features
derived from known rules in protein structures often limits their prediction’s
generalization across various samples due to the specificity of these features. 2)
Methods based on geometric representation or topological information, such as
GeoPPI"3, TopNetTree' and PIONEER'S, which circumvent the limitations of manually
engineered input features. These approaches significantly accelerate the inference
process by utilizing direct representations of protein structures. However, it still
necessitates the complete structure of protein complexes as input and requires accurate,
experimentally determined binding affinities as labels for training the machine learning
models. Despite these different requirements, we further compared the performance of
our eSIG-Net model with these two categories of structure-based methods.

Since structure-based prediction tools require the 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, GeoPPIl, TopNetTree and PIONEER). For
comparative purposes, mutations classified by these methods as deleterious were
considered to be interaction-perturbing (see Methods for details) (Supplementary
Table 4). All of the five benchmarking prediction tools only had an around or below 60%

accuracy rate (Fig. 2f and Supplementary Fig. 2a), much lower than eSIG-Net. In
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ROC curve analysis, eSIG-Net achieved an AUC of 0.91, while MutaBind2 had an AUC
of 0.61, BeAtMuSiC had an AUC of 0.63, GeoPPIl had an AUC of 0.52, TopNetTree had
an AUC of 0.49, and PIONEER had an AUC of 0.49 (Fig. 2g). Similarly, eSIG-Net also
exhibited a better performance in precision-recall curve analysis. eSIG-Net achieved an
average precision of 0.86, whereas MutaBind2 had an average precision of 0.43,
BeAtMuSiC had an average precision of 0.48, GeoPPI had an average precision of 0.40,
TopNetTree had an average precision of 0.39, and PIONEER had an average precision
of 0.37 (Fig. 2h). Together, we found that eSIG-Net significantly outperformed all the
mutation-centric structure-based PPI prediction benchmarking tools. A potential reason
for this could be that these methods require highly accurate experimental protein
complex structures as input, while predicted structures may introduce some level of
noise. This can be detrimental when predicting the effects of mutations. Furthermore,
despite leveraging advanced machine learning technologies, these tools do not
sufficiently differentiate between highly similar samples. In particular, they do not
address the intricate challenge posed by missense mutations, which can introduce

subtle but critical differences.

Comparison with ESM scoring methods

The ESM1b method'® calculates LLR (Log-Likelihood Ratio) scores for all potential
missense mutations within a protein, achieved in a single neural network pass. Using
the wild-type (WT) amino acid sequence as input, ESM1b produces the log-likelihood
values for each of the 20 standard amino acids, including the WT amino acid, at every
position along the protein sequence. The LLR score for each mutation is then
determined as the difference between the log-likelihood of the missense amino acid and
that of the WT amino acid at the corresponding position. However, this direct calculation
of LLR scores from ESM embeddings only provides a reference probability for missense
mutations at each position of the WT sequence. It cannot incorporate information from
interactors, making it unsuitable for binary classification of PPI perturbations. As a proxy,
we normalized the ESM1b scores and used them as confidence scores for PPI
perturbations, which were then compared with the logits scores output by the eSIG-Net
model (Supplementary Table 5). As shown in Fig. 2i, eSIG-Net model's confidence
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scores exhibited a stronger correlation with the ground truth labels (i.e., PPI perturbation
or not) compared to the ESM1b method. Although our mutation site encoding module
also relies on embeddings generated by the protein large language model, our
framework is trainable and specifically focuses on learning amino acid embeddings for
mutation sites. Moreover, with the help of the constrained discrepancy learning and the
discriminator, our model can distinguish between the same missense mutations when

confronted with different interactors.

eSIG-Net accurately predicts interaction perturbations, revealing novel
mechanistic insights in relevant biological contexts

Although millions of coding variants have been identified in the human genome, the vast
majority of them remain classified as variants of unknown significance (VUS). To
address this challenge, eSIG-Net offers a generalizable framework that can be applied
across diverse biological contexts and adapted to predict interaction-specific variant
effects directly from protein sequence. The eSIG-Net model trained on PPl datasets
derived from both disease-associated and population-based variants was employed to
predict the impact of new (previously ‘unseen’) mutations on PPI perturbation. The
training data were partitioned into five distinct sequence-based subsets, each serving as
a fold in cross-validation. To ensure a stringent assessment, test set proteins were
completely different from those in the training sets. This model demonstrates
consistently robust performance in prediction across different sequence groups.

It is important to note that, current state-of-the-art sequence-based and structure-
based methods including AlphaFold34-derived FoldDock®® are limited, and failed to
predict interaction alterations by select disease mutations. Remarkably, the eSIG-Net
model was able to accurately predict specific PPI perturbations by these mutations. A
good example is pleiotropism, where different mutations in the same gene cause
different diseases. In the pleiotropic gene TPM3, two mutations L100M and M9R cause
fiber-type disproportion myopathy3® and nemaline myopathy®’, respectively (Fig. 2j).
Intriguingly, eSIG-Net predicted the mutation L100M to selectively perturb (i.e., edgetic)
the interaction with HSF2, which was known to expressed in muscle and involved in

myotube regeneration®. In contrast, eSIG-Net predicted the mutation M9R to retain the
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interaction with HSF2 (Fig. 2j). Taken together, eSIG-Net provided possible mechanistic
insights into pleiotropic phenotypic outcomes through accurate prediction of distinct
interaction profiles.

As another example, COQ8A (ADCK3) encodes a mitochondrial protein that
functions in an electron-transferring membrane protein complex, and the mutation
G272V in COQB8A leads to cerebellar ataxia®®. eSIG-Net correctly predicted that the
COQ8A-G272V mutation impaired the interactions with RABAC1 (intracellular trafficking
protein involved in neuropathy), REEP6 (transport of receptors from ER to cell
membrane in neural development), and TMEM159 (LDAF1) (formation of lipid droplets
in the ER) (Fig. 2k). On the other hand, eSIG-Net predicted the population variant
COQB8A-H85Q to preserve all these interactions (Fig. 2k). In summary, this likely
represents a false-negative case by current state-of-the-art methods, but instead is
accurately predicted as disruptive of PPIs by the eSIG-Net method.

Further analysis of public genomics data revealed that the majority of eSIG-Net-
predicted PPI pairs mediated by mutations (Supplementary Table 6) were associated
with clinical outcomes. Specifically, 46.8% of these pairs were linked to prognosis in
more than five cancer types across The Cancer Genome Atlas (TCGA) and the Moffitt
Cancer Center (MMRF) cohorts (Supplementary Fig. 2b). We also observed that
several predicted PPIs also significantly correlated with responses to cancer
immunotherapy (Supplementary Fig. 2c).

Together, these results underscore the specific biological contexts captured by
eSIG-Net regarding the functional significance of genetic variants in perturbing specific
protein interactions, facilitating our understanding of the large numbers of variants of
unknown significance. The insights that a given variant impacts specific interactions
within signaling pathways provide a critical new perspective to understand pathological
mechanisms that would otherwise be missed. This further highlights eSIG-Net's
potentially substantial impact as a vehicle for mechanistic discovery.

Discussion
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Although protein language models are commonly used to extract protein-level
embeddings for predictive tasks'’, they do not sufficiently capture the functional
changes (such as interaction perturbations) induced by single mutations in a protein
sequence. Similar to the “activity cliff” problem in the chemistry field, this “interaction cliff”
concept by single protein mutations poses a major computational challenge. In the
pursuit to discern the intricate perturbations of PPI states due to missense mutations,
we present eSIG-Net, a state-of-the-art interaction language model and deep learning
framework tailored to understand and predict such perturbations. In this method, we
introduce a novel discrepancy module to amplify the differences between the PPI-pair
encoded representations before and after the mutation. Compared to conventional PPI
predictors, we design a discriminator to assess the perturbations in PPI states resulting
from the mutation, thereby enhancing the model's robustness. Finally, we leverage the
powerful protein language model ESM-2'7 to obtain embeddings of the protein
sequences before and after the mutation, which serve as additional inputs. The
additional inputs are then fed into a uniquely designed mutation site channel-wise
encoding module.

One of the key elements of eSIG-Net is to encode wild-type/interactor PPl and
mutant/interactor PPI protein pairs separately. Simply differentiating the mutant and
wild-type encodings alone is not sufficient, as many missense mutations are edgetic?,
resulting in a perturbation depending on specific interactors. Besides the separate
paired encodings, a mutation site encoding module is introduced to embed mutation-
specific information.

To the best of our knowledge, there is currently no method that applies sequence
based deep learning technologies to the analysis of PPI perturbation caused by single
mutations. Our “Interaction Language Model” eSIG-Net surpasses the existing
advanced PPl methods on diverse datasets, indicating its high accuracy and robustness.
Notably, our framework offers exceptional versatility, accommodating diverse input
features and integrates seamlessly with advanced neural networks, enabling flexible
incorporation into emerging technological advancements in deep learning. More
importantly, our proposed method fundamentally aims to address the challenging
machine learning problem posed by the biological question of PPI perturbation caused
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by single amino acid changes. This problem involves distinguishing between samples
with potentially vastly different labels but subtle differences in protein sequence. This
innovative framework brings to the fore a novel mechanism to handle the challenges
posed by the inherent properties of missense mutations, which can drastically modify
protein-protein interactions even with a single amino acid in the primary sequence.

Traditional approaches to computationally model the changes in
binding/interaction states due to mutations typically involve structural modeling
techniques*® or empirical energy-based methods*'. But these methods demand
substantial computational resources*? and/or often struggle with inadequate
conformational sampling, particularly for mutations in flexible regions'™. The
advancement of machine learning has presented an opportunity to model the intrinsic
relationship between a mutation and its functional effect on protein interaction or binding
affinity directly. However, these models often require experimentally determined protein
structures, which restricts their broad applicability due to the challenges to obtain
precise structural data of protein complexes*:. This problem is especially acute for
intrinsically disordered sequences that adopt distinct conformations when interacting
with different protein partners, and are enriched in regulatory factors often mutated in
human disease.

Currently, large-scale studies of mutational impact on protein activities are
extremely challenging, which are primarily measured by high-throughput wet-lab
experimental platforms, such as functional variomics® and deep mutational scanning**.
Although these methods have made enormous strides in 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 can serve as an accurate 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 variants of unknown significance thus far, potentially contributing to discovery of
novel disease-relevant biomarkers and therapeutic strategies.

Similar to other state-of-the-art methods, eSIG-Net also possess potential
limitations. First, methods that utilizing Multiple Sequence Alignment (MSA) to extract
information typically yield embeddings that capture valuable mutation and evolutionary
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information?°. For example, certain general protein structure prediction tasks heavily rely
on MSA information34 45. However, the process of extracting MSA data is slow, and
demands substantial computational resources. In the eSIG-Net framework, 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 co-
evolutionary 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’'s room for future
development considering that many disease-causing mutations lead to disease in a
tissue-specific manner. Optimization of the eSIG-Net model by incorporating gene
expression information as an input would facilitate the prediction of actual interactions
within a given ‘disease-relevant’ tissue.

Nor does a change of PPI forcedly reveal causation of disease, let alone the
druggable target identification. These goals will require further model development.
Nevertheless, we believe that eSIG-Net has the potential to revolutionize our
comprehension of the critical effects caused by missense mutations in molecular
networks and to catalyze substantial advancements in therapeutic interventions for

genetic disorders.

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
"wild-type/interactor PPI" pairs, as their differences are subtle yet crucial for capturing
the effects of missense mutations on PPI states. Additionally, we harnessed the

capabilities of protein language models by incorporating mutation site encoding into the



bioRxiv preprint doi: https://doi.org/10.64898/2026.03.27.714913; this version posted March 31, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

embeddings obtained from these models. We also employed a discriminator to predict
the impact of missense mutations on PPI states.

It's essential to note that eSIG-Net primarily focused on learning the differences
between wild-type and mutant protein embeddings, in conjunction with interactors, to
predict the occurrence of PPI perturbations. Rather than directly predicting PPI states,
our approach took a distinct strategy. In comparison to traditional PPl prediction
methods, eSIG-Net incorporated several innovative designs to effectively distinguish
between similar samples (i.e., protein sequences that differ by a single mutation), and
predict perturbations in their PPI states.

Datasets

Two mutation-mediated PPl datasets were used in this study: Sahni et al. disease
mutation PPI dataset?, and Fragoza et al. population variant PP| dataset®'. Sahni et al.
dataset consists of 1,633 samples, with each sample composed of three proteins
(“triplet”: the wild-type protein, the mutant protein, the interactor) and the binding states
of the wild-type/interactor PPl (WT-interactor) and mutant/interactor PPI (MT-interactor)
pairs (0/1). This dataset contains 527 disease mutations in 220 genes, associated with
606 perturbed PPIls and 1,027 non-perturbed PPIs. On the other hand, Fragoza et al.
dataset carries one of the largest compilations of variants observed in the general
population (from gnomAD database), serving as a baseline for neutral or non-
pathogenic variation. Fragoza et al. dataset contains 1,650 population variants in 772
genes, with a total of 663 perturbed PPIs, and 3,357 non-perturbed PPls. We excluded
synonymous mutations from this analysis. We further defined a positive sample as one
where a PPl state change (i.e., perturbation) occurred, while a negative sample
represents cases where no PPl perturbation took place. Note that the population
variants dataset was used to validate the robustness of our model and other methods.
This dataset contains only approximately 16% positive samples, making it an
imbalanced 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.
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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 (AAC), Conjoint Triad (CT), and
Auto Covariance (AC).

e The AAC method?® normalizes the frequency of occurrence of each amino
acid in the protein sequence. It counts the frequency of the twenty amino acids,
resulting in a 20-dimensional feature vector for each protein sequence.

e The CT method?® divides the twenty amino acids into seven different
clusters based on the volume of amino acid side chains and dipoles. Each cluster
groups together amino acids with similar characteristics. This results in a 343-
dimensional feature vector that represents the normalized triples (7*7*7) of amino
acids.

e The AC method was used to capture interactions between amino acids
that are separated by a specific number of residues within a protein sequence.
The process starts by converting the amino acid residues into numerical values
that represent their physicochemical properties, such as hydrophobicity, polarity,
or molecular weight. After encoding the sequence numerically, the AC calculation
is carried out, which involves computing the covariance between the properties of
amino acids separated by a fixed distance. The resulting 210-dimensional AC
feature vector is normalized to zero mean and unit standard deviation (SD). The
experimental setup follows & 3° for obtaining the AC 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. Additionally, as
shown in Supplementary Fig. 1, our model utilized ESM-2'" to obtain additional
embeddings for the mutation site encoding module. Specifically, the
“esm2_t33_650M_UR50D” version of the model'” was used to obtain residue-level
embeddings. We extracted the embedding at the mutation site to obtain a 1,280-

dimensional ESM feature vector.
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Constrained discrepancy learning

To achieve the objective of learning a precise amount of discrepancy 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 indicate whether
the binding state changes as c; (c; = 1 if there is a perturbation, otherwise c¢; = 0). We
formalized our constrained discrepancy loss in the follow equation (Equation 1):

1 SN d d )
[:“ . : : ¢ _ ] 2
! u(n—l)z Z (1+/\$(',' l—/\-:v-(‘_,-)

i=1 j=1,j#1

where n is the number of the samples in one training batch, and d; is the embedding-
level differences before (W, wild-type) and after (M; mutant) the mutation, which
measured by L2 norm: d; = |W; — Mi |, . A is a hyper-parameter. 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 as zero (i.e., di = 0 for all /). However, learning the
accurate amount of discrepancy 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 "Wild-
typelinteractor PPI" differently to discriminate between them.

Mutation site encoding

As illustrated in Supplementary Fig. 1, we harnessed the capabilities of the protein
language model (specifically ESM-2'7) to acquire residue-level embeddings for both the
wild-type (WT) and mutant (MT) proteins. These embeddings capture contextual
information from the protein 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 is as follows:

f(MT,WT) = MLP(|lesm(MT), — esm(WT),

)

esm(:), € R? represents the vector corresponding to the mutation site extracted from the

residue-level embedding (esm(-) € R¥*4), where (L) is the length of the protein and (d)
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is the feature dimension of ESM. Multi-Layer Perceptron (MLP) was implemented to
obtain the final Mutation site encoding.

Subsequently, we concatenated the Mutant/interactor PPl merged, Wild-
typel/interactor PPl merged, and Mutation site encoding, and fed them into the
discriminator to predict whether the missense mutation leads to a perturbation in the

interaction state. Our overall learning objective is given as follows:
L= [:dz.s'('rim + (ll*Cpr( d T+ (12[:('11

where both the discriminator loss Laiscrim and predictor loss Lpreq utilize the cross-entropy
loss function. The discriminator's labels are based on whether the interaction is
perturbed, with “1” indicating a perturbation 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 a1 and a2 are used to
control the weights of the respective losses. Our model training finally set a1 and a2 to

0.9 and 0.1, respectively.

Training strategy

The Mutant/Wild-type-encoding module and the Interaction-encoding module shared the
same network structure, which consists 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 2 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 ReLU non-linearity, to allow complexity of functions 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 o
and o 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.
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Five-fold cross-validation

We applied a five-fold 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 PPI
perturbation. The training data were partitioned into five distinct subsets, each serving
as a fold in cross-validation. Model selection was performed on the 5th held-out fold. To
ensure a stringent assessment, test set proteins 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 protein-protein interaction (PPI) states caused by missense mutations, we
sought to compare our framework against four state-of-the-art PPI prediction methods.
While both our framework and the benchmarking methods address PPI-related tasks,
they differ in their inputs. Our model for predicting changes in PPI states by missense
mutations involves triplets composed of the wild-type (WT) protein, the mutant (MT)
protein, and the interactor, with the output indicating whether the binding states of WT-
interactor and MT-interactor change. In contrast, conventional PPl 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 MT-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/binding). The binding state
of the mutant-interactor was determined by binarizing the logit value. For mutation-
perturbed PPIs, the predicted interaction probabilities of the wild-type (WT) PPI are
above 0.5, whereas the probabilities of the mutant (MT) PPI fall below 0.5. For non-
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perturbed PPIs, the predicted interaction probabilities of the WT and MT PPls are either
“both above 0.5” (i.e., both having PPIs), or “both below 0.5” (i.e., both exhibiting no
PPIs). For performance evaluation, we compared the predicted binding state of MT-
interactor and WT-interactor pairs, to infer whether the mutation led to a change in
interactions.

SDNN. SDNNE® evaluates diverse protein feature extraction combinations and
identifies the most effective feature sets. It further enhances performance by employing
attention-based networks, achieving results in PPI prediction tasks. In this study, we
adopted the optimized feature combinations as reported® and employed their PyTorch
codes to train the PPI 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 employs a stacked 3-layer Bidirectional LSTM for protein
embedding, yielding results in PPI tasks. We followed the same pipeline’ 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
predictions of protein-protein interactions. In this study, we adopted the original codes?®
to generate the input 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 pre-processing and demonstrates
adaptability across various applications. We utilized the PIPR codes® to train the PPI
model.

PLM-interact. PLM-interact'® leverages joint encoding of protein pairs, enabling
the model to directly learn relational patterns between sequences. By fine-tuning pre-
trained transformer-based PLMs with contrastive learning objectives, PLM-interact
effectively captures both individual sequence features and inter-protein dependencies.
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In this study, we employed the PLM-interact'® implementation to fine-tune the model
and predict PPI outcomes.

Visualization and quantification of model interpretability

Normalized confusion matrix was used for displaying the prediction, and t-distributed
Stochastic Neighbor Embedding (t-SNE) plot was used for the visualization of model
interpretability. We used two metrics to quantify the degree to which different classes of
data points (perturbed vs. unperturbed PPIls) are separated in the visualization: (1)
Separation ratio: Separation ratio was computed as the between-centroids distance
divided by the root-mean-square within-cluster distance. A higher separation ratio
generally indicates that the clusters are more distinct and well-separated in the t-SNE
visualization, suggesting that the data points within each cluster are more similar to
each other than to points in other clusters. (2) Silhouette score: 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 nearest 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 multi-sequence alignment (MSA) encoder and build pairwise representations,
a 3D 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*’. FoldDock3® leverages the AlphaFold3* pipeline for protein interaction
prediction. To predict mutation-mediated PPI changes, we fed all wild-type/mutant and
interactor sequence samples into the FoldDock predictor. As MSA was executed, the
quantification of interface contacts was obtained. A count of fewer than one interface
contact was interpreted as a non-interaction, or a negative PPI prediction. Given the
intensive time requirements for MSA extraction and the substantial GPU resources
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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 wild-type and interactor sequences to the AlphaFold-Multimer model®®.
This model includes a search for multiple sequence alignments (MSAs) and predicts the
structure of the wild-type/interactor PPl complex. With the structures predicted, we then
incorporated the mutation information into the prediction model to estimate the changes
in binding affinity (AAG) caused by the mutation. Due to these methods classifying a
mutation as deleterious if AAG >=1.5 or <= -1.5 kcal/mol, we defined such deleterious
mutations as perturbing PPI profiles. To illustrate the AUC curves, we converted (AAG)
into a logit score by performing the following operation: score = sigma (| AAG | - 1.5),
where ( sigma ) represents the sigmoid function. Disease mutation PP| 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 PPl pairs, we
obtained transcriptomic and somatic mutation data from the TCGA and MMRF-
COMPASS cohorts via the UCSC Xena platform*®, encompassing 34 cancer types and
over 11,000 patients. For analysis on the response to immunotherapy, patients were
stratified into a “both-high” group (expression of both PPl 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 models, 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 | errors. To this end, we employed the Holm-Bonferroni method for adjusting p-

values.
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Data and code availability

All datasets, code and documentation are available at https://github.com/Yilab-
texas/eSIG-Net.
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Figure legend

Figure 1. Overview of the eSIG-Net model, and benchmarking with state-of-the-art
sequence-based prediction methods

(@) The prediction framework of eSIG-Net: wild-type and mutant sequences are
processed by a protein language model to obtain residue-level embeddings. These
embeddings are then merged through mutation encoding and passed through a
channel-wise mutation-site learning module. Concurrently, wild-type/interactor PPl and
mutant/interactor PPl pairs are encoded by protein encoder, and their merged
encodings are utilized for both constrained discrepancy assessment and traditional PPI
prediction. Finally, the combined encodings—mutation-site, wild-type/interactor PPI, and
mutant/interactor PPl—are input into a discriminator to predict potential PPI
perturbations caused by the mutation.

(b) Prediction accuracy comparison for the disease mutation PPl dataset, showcasing
the performance of eSIG-Net against other PPl prediction models, with statistical
significance denoted by asterisks.

(c) Receiver Operating Characteristic (ROC) curves for the disease mutation dataset,
comparing the Area Under Curve (AUC) metrics for eSIG-Net and other models,
highlighting eSIG-Net’s superior performance.

(d) Precision-Recall (PR) curves for the disease mutation PPI 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 PPI
dataset, with eSIG-Net achieving the highest accuracy.

(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.

(g9) PR curves for the EXAC population variant PPI dataset, detailing the precision and
recall performance of each model, with eSIG-Net providing a competitive precision-
recall balance. Line color scheme is the same as (f).

P values are calculated by pairwise t-tests, with Holm-Bonferroni correction. ***, P <
0.001.

Figure 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 PPI
dataset (a) and the population variant PPI dataset (b). Error bars denote the standard
errors of the mean.

(c) Bar chart summarizing the mean accuracy of FoldDock for predicting wild-type vs.
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 wild-type 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: Wild-type
and interactor sequences are fed into the AlphaFold-Multimer model, which includes
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MSA searching and prediction of the complex structure. Then, the mutation information
and predicted structure are inputted into the mutation-centric structure-based prediction
model to determine the change in binding affinity caused by a mutation. Disease
mutation PPI 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 errors of the mean. (g) ROC curves
displaying the comparative AUC values for various structural algorithms. (h) Precision-
Recall curves for structural algorithms.

(i) Bar chart showing the mean accuracy of ESM-variants (cyan; a mutation-centric
disease-causing prediction tool), as compared to eSIG-Net (blue). Bar length represents
the mean accuracy and error bars denote the standard errors of the mean. Dashed line
indicates a random classifier.

(j) eSIG-Net-predicted interaction profiles of two disease mutations in the pleiotropic
gene TPMS3.

(k) eSIG-Net-predicted interaction profiles of a disease mutation and a population
variant in the gene COQ8A (ADCK3).

P values are calculated by pairwise t-tests, with Holm-Bonferroni correction. ***, P <
0.001.

Supplementary Figure 1. Architecture and interpretability of the eSIG-Net model.
(@) 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 PPls 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.
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(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.

Supplementary Figure 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 errors of the mean.

(b) PPIl-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 PPl genes = median) versus all other patients. Cox proportional
hazards regression is used to evaluate statistical significance.

(c) Expression of PPl 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).

Supplementary Table 1. Five-fold validation scores predicted by eSIG-Net, SDNN, D-
SCRIPT, DeepFE, PIPR, and PLM-interact using disease mutation PPI| dataset.

Supplementary Table 2. Five-fold validation scores predicted by eSIG-Net, SDNN, D-
SCRIPT, DeepFE, PIPR, and PLM-interact using population variant PPI dataset.

Supplementary Table 3. Wild-type and mutant PPI prediction results by FoldDock.

Supplementary Table 4. Confidence scores for prediction of mutant-induced PPI
perturbations by five structure-based benchmarking methods.

Supplementary Table 5. Prediction scores for mutational impact by ESM.

Supplementary Table 6. eSIG-net mutation occurrence in TCGA-MMREF cohorts in 34
cancer types
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