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Protein–protein interactions (PPIs) are fundamental to cellular
processes, and essential for understanding biological function
and disease mechanisms. In this review, we emphasize
recent deep learning-based methods for protein interaction
study. Focusing on three closely related tasks of proteome-
wide PPI prediction, PPI interface prediction, and PPI co-
complex structure prediction, we discuss how emerging con-
cepts and computation approaches have evolved to shape
these fields We categorize recent approaches according to
their methodological paradigms, summarize their strengths
and limitations, and further explore diverse biological and
biomedical applications, highlighting how computational
methods in PPI prediction, PPI interface prediction, and PPI
structure prediction jointly contribute to understanding of
complex biological systems.
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Introduction
Protein—protein interactions (PPIs) are fundamental to

almost all cellular processes, governing signal trans-

duction, metabolic regulation, immune responses, and

pathogen-host interactions [1]. Rather than acting in

isolation, proteins typically exert their functions through

coordinated interactions within complex molecular

networks. As a result, systematic characterization of

protein interactions is essential for understanding bio-

logical mechanisms, disease etiology, and therapeutic

intervention [2].

Over the last forty years, diverse experimental assays for

detecting protein interactions and solving complex

structures have produced a large amount of PPI data [3].

These resources have driven rapid progress in compu-

tational methods that filter and curate PPI databases

[4—7], predict new interactions [8—13], identify bind-

ing interfaces [14—18], and model protein complex

structures [16,19,20]. Our review focuses on three

closely related and highly active problems in studying

PPIs at the whole proteome scale. The first is proteome-

wide PPI prediction, which aims to distinguish inter-

acting protein pairs from non-interacting ones at scale

and to construct global interaction networks [21,22].

The second is PPI interface prediction, which seeks to

identify the specific residues mediating binding,

providing mechanistic insight into molecular recognition

and enabling downstream applications such as muta-

genesis analysis and drug design [16,18,23,24]. The

third is protein co-complex structure prediction, which

focuses on generating three-dimensional complex

structures directly from sequence information, revealing

detailed binding modes and enabling de novo protein

design. Together, these three tasks help form a large part

of the methodological backbone of many modern

PPI studies.

Progress in PPI research has been driven fundamentally

by advances in deep learning and representation

learning. Conceptually, the field has moved from global

protein-level embeddings to residue- and atom-level

encodings: protein-level features underpin binary PPI

prediction, residue-level representations enable inter-

face and binding-site localization, and atom-level, ge-

ometry-aware representations coupling with generative

models make co-complex structure generation and

design feasible. These representations integrate multi-

ple modalities, including sequence, predicted or

experimental structure, co-evolutionary signals, and

physico-chemical context; even within a single modality,

information can be instantiated as different data struc-

tures, such as graphs, surfaces, and point clouds, giving

rise to both unimodal and multimodal methods. At the

same time, progress is bounded by foundational data

Available online at www.sciencedirect.com

ScienceDirect

www.sciencedirect.com Current Opinion in Chemical Biology 2026, 93:102703

mailto:haiyuan.yu@cornell.edu
http://www.sciencedirect.com/science/journal/18796257/vol/issue
https://doi.org/10.1016/j.cbpa.2026.102703
https://doi.org/10.1016/j.cbpa.2026.102703
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cbpa.2026.102703&domain=pdf


limitations: existing protein and interaction databases

are imbalanced and heterogeneous, with biases, miss-

ingness, and uncertain negatives, which complicate

training, benchmarking, and practical application.

In this review, we survey recent computational methods

for these three tasks, with a particular focus on deep

learning based approaches (see Table 1). We organize

the discussion by methodological paradigms and sum-

marize their respective strengths and limitations. We

also discuss representative applications of these

methods in diverse settings, illustrating how PPI pre-

diction, PPI interface prediction, and PPI co-complex

structure prediction jointly contribute to mechanistic

understanding across different biological problems.

Proteome-wide protein–protein interaction
prediction
Proteome-wide protein interaction prediction aims to

identify physically interacting protein pairs from non-

interacting ones across the entire proteome of an or-

ganism, thereby enabling the construction of a

comprehensive “interactome”. A wide range of compu-

tational approaches have been developed to predict

protein interactions, which can be grouped into the

following categories based on their data sources: (1)

sequenced-based methods that exploit amino acid

compositions and underlying patterns, (2) co-evolution

based methods that investigate evolutionary signals by

constructing multiple sequence alignments (MSAs), (3)

structure-based methods that utilize experimentally

resolved or predicted complex structures, and (4) hybrid

approaches which leverage complementary information

from diverse data types (Figure 1). Recent advances in

machine learning including graph neural networks

(GNNs), protein language models (PLMs) have accel-

erated the progress across these categories, enabling

prediction tools with improved accuracy and proteome-

wide coverage.

Sequence-based approaches have emerged as the

dominant paradigm for protein—protein interaction

prediction, primarily due to the transformative impact of

protein language models (PLMs) [25,26] and the prac-

tical advantages of sequence data availability, as

evidenced by their integration into most state-of-the-art

PPI prediction models. For example, models like D-

SCRIPT [8] demonstrate the power of transforming

PLM-encoded protein sequence embeddings [27] into

the inter-protein contact maps before aggregating

interaction probabilities. TUnA [28] applies transformer

layers to process ESM-2 [25] sequence embeddings for

individual proteins and employs a Gaussian process

prediction module that outputs an uncertainty-adjusted

interaction probability. PLM-interact [11] challenges

the conventional paradigm of independent protein

encoding by fine-tuning ESM-2 [25] on concatenated

protein pairs, effectively adapting natural language

processing concepts like “next sequence” prediction to

protein interaction prediction contexts.

Given the vast availability of protein sequences relative

to experimentally determined protein structures,

sequence-based approaches are inherently broadly

applicable and are particularly valuable for proteins that

are intrinsically disordered or lack resolved structure.

However, sequence data alone captures limited spatial

information, and its predictive performance often de-

clines when sequence information is insufficient to infer

structure compatibility. Moreover, large pretrained

models may exhibit implicit memorization and homol-

ogy bias, potentially leading to overestimated perfor-

mance on proteins with close training set relatives. As a

consequence, these approaches often show reduced

effectiveness when applied to orphan proteins that lack

close evolutionary homologs, highlighting the need for

more rigorous benchmark train-test splits to avoid data

leakage and achieve accurate assessment of model

generalization capabilities.

Beyond inference relying solely on primary sequences,

many methods instead exploit co-evolutionary signals,

inspired by the observation that residues in interacting

proteins tend to coevolve. Co-evolutionary based ma-

chine learning frameworks typically begin with

constructing multiple sequence alignments (MSAs) for

each pair of proteins, and then apply neural network

layers to compute interaction probability. However,

paired MSAs are often limited by shallow depth espe-

cially for rare gene families, leading to unreliable pre-

dictions. To tackle this challenge, Zhang et al. [13]

introduced omicMSAs, which assemble protein se-

quences from unannotated draft eukaryotic genomes

and unassembled genomic reads. Using omicMSAs

together with a domain—domain interaction augmented

training set, they developed the deep learning frame-

work RoseTTAFold2-PPI (RF2-PPI), and performed

systematic interaction screening across 200 million

human protein pairs. Co-evolution signals capture

evolutionary coupling and constraints between residues,

reflecting the evolutionary pressure to maintain physical

contacts between proteins. Nonetheless, these methods

often require substantial computational resources in

generating MSAs.

When individual protein structures are available,

structure-based approaches offer substantial advantages

by incorporating rich spatial and physicochemical in-

formation beyond sequence data. In particular, two

methodological paradigms have proven particularly

effective in leveraging structural information for PPI

prediction, i.e. geometric deep learning (GDL) and to-

pological deep learning (TDL). GDL approaches

[29—31] demonstrate exceptional capability in

modeling proteins as graph structures, where nodes

2 Proximity & interactome mapping (Omics) (2026)
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Table 1

Summary of representative methods for PPI prediction, interface prediction, and PPI structure generation, categorized by their primary data sources, modeling strategies, and
prediction tasks.

Name Task Input
Features

Sequence
Representation

Structure
Representation

Core Model
Components

Evaluation
Data

Open
Source

MINT
Ullanat et al., 2026

Binary PPI
prediction, binding
affinity prediction

Sequences Learned embeddings – ESM-2, cross-chain
attention

Bernett dataset,
HumanPPI, YeastPPI
from PEER benchmark,
PDB-Bind, SKEMPI,
MutationalPPI, FLAB
benchmark

Yes

PLM-interact
Liu et al., 2025

Binary PPI
prediction

Sequences Learned embeddings – ESM-2 STRING cross-species
dataset (Sledzieski
et al.); Bernett dataset,
virus-human PPI
dataset

Yes

AlphaPulldown2
Molodenskiy et al.,
2025

Binary PPI
prediction

Sequences – – An automated
Snakemake pipeline,
structure modeling
backends (AlphaFold2,
etc.)

– Yes

SWING
Siwek et al., 2025

Binary PPI
prediction

Sequences Interaction
embeddings via
Doc2Vec

– XGBoost NetMHCpan v.4.1,
NetMHCpan v.4.2,
MixMHCpredv2.2,
MixMHC2predv2.0

Yes

RoseTTAFold2-PPI
(RF2-PPI)

Zhang et al., 2025

Binary PPI
prediction, complex
structure prediction

Sequences, MSAs Learned MSA
embeddings

– RoseTTAFold2,
Evoformer-like blocks

STRING, PDB, UniProt,
BioGRID

Yes

LLaPA
Zhou et al., 2025

Multi-type interface
prediction, multi-
sequence affinity
prediction

Sequences, known
PPI network

ESM-2 pretrained
embeddings

– Graph-based retrieval
augmented prompt
preparation, multimodal
fusion framework

SHS27K, SHS148K Yes

TUnA
Ko et al. , 2024

Binary PPI
prediction

Sequences ESM-2 pretrained
embeddings

– Transformer encoders,
Spectral-normalized
neural Gaussian
process (SNGP)

STRING cross-species
dataset (Sledzieski
et al.); Bernett dataset

Yes

TT3D
Sledzieski et al.,
2023

Binary PPI
prediction

Sequences,
structures, known
PPI network

Bepler & Berger
pretrained embeddings

CNNs, GLIDE, Foldseek STRING cross-species
dataset (Sledzieski
et al.)

Yes

PASNVGA
Luo et al., 2023

Binary PPI
prediction

Sequences, known
PPI network

Learned embeddings – Variational graph
autoencoder

STRING No

SGPPI
Huang et al., 2023

Binary PPI
prediction

Sequences,
structures, MSAs

Preprocessed
sequence/co-evolution
features

Residue-level
graphs

Graph convolutional
networks, siamese
network

Profppikernel, HuRI
dataset and Pan’s
dataset

Yes

HIGH-PPI
Gao et al., 2023

Multi-type PPI
prediction

Sequences,
structures, known
PPI network

Residue
physicochemical
properties

Residue-level
graphs

Hierarchical graph
neural networks

SHS27k, PDB Yes

– Yes

(continued on next page)
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Table 1. (continued )

Name Task Input
Features

Sequence
Representation

Structure
Representation

Core Model
Components

Evaluation
Data

Open
Source

AFTGAN
Kang et al., 2023

Multi-type PPI
prediction

Sequences, known
PPI network

ESM-1b pretrained
embeddings

Attention free
transformer, graph
attention networks

SHS27K, SHS148K,
human PPIs in STRING
(tSTRING)

SidechainDiff
Liu et al., 2023

Sidechain
conformation
prediction, PPI
binding affinity
prediction

Sequences,
structures

Learned embeddings Residue-level
graphs

Riemannian diffusion
models

SKEMPI, PDB-REDO,
SARS-CoV-2

Yes

Topsy-Turvy
Singh et al., 2022

Binary PPI prediction Sequences, known
PPI network

Bepler & Berger
pretrained embeddings

– CNNs, GLIDE STRING cross-species
dataset (Sledzieski
et al.)

Yes

D-SCRIPT
Sledzieski et al., 2021

Binary PPI
prediction, residue
contact map
prediction

Sequences Bepler & Berger
pretrained embeddings

– CNNs STRING cross-species
dataset (Sledzieski
et al.)

Yes

TopNetTree
Wang et al., 2020

PPI binding affinity
prediction

Sequences, complex
structures

Atom and residue-level
physiochemical
properties

Point clouds Convolutional neural
networks, gradient
boosting tree

SKEMPI, AB-Bind Yes

PIONEER2.0
Xiong et al., 2025*

Protein–protein
interface prediction

Sequences,
structures, MSAs

Residue
physicochemical
properties

Atom-level and
residue-level graphs

Graph transformers,
convolutional neural
networks, transformer
encoders, structural
homology

PDB, BioGRID, DIP,
IntAct, MINT, iRefWeb,
HPRD, MIPS

Yes

PIONEER
Xiong et al., 2024

Protein–protein
interface prediction

Sequences,
structures, MSAs

Residue
physicochemical
properties

Residue-level
graphs

Ensemble learning,
GCNs, GRUs

PDB, CAPRI, BioGRID,
DIP, IntAct, MINT,
iRefWeb, HPRD, MIPS

Yes

ElliDock
Yu et al., 2024

Rigid-body protein
docking

Sequences,
structures

Learned embeddings Residue-level
graphs

Pairwise-independent
SE(3)-equivariant
GNNs, graph
transformers, elliptical
paraboloid modeling

DB5.5, SAbDab Yes

PeSTo
Krapp et al., 2023

Multi-type interface
prediction

Structures – Atom-level graphs Translation-invariant
and rotation-equivariant
geometric transformer

PDB, PPDB5 Yes

DiffDock-PP
Ketata et al., 2023

Rigid-body protein
docking

Sequences,
structures

ESM-2 pretrained
embeddings

Heterogeneous
residue-level graphs

Diffusion generative
models, SE(3)-
equivariant
convolutional networks

DIPS Yes

ScanNet
Tubiana et al., 2022

Protein–protein
interface prediction,
antibody binding site
prediction

Sequences,
structures, MSAs
(optional)

One-hot encoding Point clouds Geometric deep
learning, Gaussian
mixture model,
neighborhood attention

Dockground, SAbDab Yes

Boltz-2
Passaro et al., 2025

Complex structure
generation

Sequences, MSAs Learned embeddings – Atom attention encoder,
PairFormer modules

PDB, Polaris-ASAP
challenge benchmark,
mdCATH, ATLAS,
OpenFE, CASP16

Yes

4
P

ro
xim

ity
&

in
teracto

m
e

m
ap

p
in

g
(O

m
ics)

(2026)

C
u
rren

t
O

p
in

io
n

in
C

h
em

ical
B

io
lo

g
y
2026,

93:102703
w
w
w
.sciencedirect.com



represent atoms or residues and edges encode covalent

bonds, non-covalent interactions, or spatial distances.

Methods such as graph convolutional networks (GCNs)

[29], graph autoencoders [30], and graph transformers

[31] utilize message passing mechanisms to integrate

diverse properties, generating comprehensive graph

representations that effectively inform interaction pre-

dictions through downstream classification layers. By

integrating persistent homology with deep learning ar-

chitectures, TDL methods [32] encode complex

structural relationships into topological invariants that

remain stable under continuous deformations. Notably,

approaches like TopNetTree [33], which combines to-

pological representations with hybrid neural networks,

have shown particular promise in predicting mutation-

induced binding free energy changes (ΔΔG), contrib-

uting to discoveries in viral evolution mechanisms

including SARS-CoV-2 mutation analysis.

The advent of AlphaFold [18,34] provides proteome-

wide, highly accurate 3D structure predictions for in-

dividual proteins, facilitating development of structure-

informed interaction prediction methods. Computa-

tional tools such as AlphaFold-multimer [35] are further

developed to predict structures for multimeric protein.

AlphaPulldown [36] and its later implementation

AlphaPulldown2 [37] provide streamline solutions for

interaction screening which take sequences of proteins

of interest as inputs and output summary of each pair

including the model confidence scores. Many new sta-

tistical metrics (e.g. pDockQ [34], pDockQ2 [38],

interface similarity (IS) score [39]) are designed to

improve the evaluation of predicted interfaces, thereby

better distinguishing interacting from non-interacting

protein pairs.

This evolution highlights the emerging tension between

sequence-only scalability and structure-dependent ac-

curacy. While sequence-only models enable general

application to large protein datasets, structure-

dependent models provide enhanced accuracy at the

cost of requiring additional computational costs and

introducing coverage limitations as novel proteins may

lack high-quality structures in structural databases. The

field increasingly recognizes the need for hybrid ap-

proaches that can achieve a trade-off between structure

availability and sequence characteristics.

Hybrid approaches are proposed to leverage comple-

mentary information from different feature types, for

example, to integrate geometric information from pro-

tein structures with sequence-derived biological infor-

mation. Multimodal PPI prediction frameworks, such as

AFTGAN [31], leverage the integration of PLMs with

geometric deep learning to jointly encode sequence and

structural features. Su et al. [40] introduced structure-

aware vocabulary that enables PLM to explicitly incor-

porate protein structural information. They proposed
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SaProt [40], a protein language model trained using

structural tokens derived from Foldseek [41] encoded

3D structures, which outperforms sequence-only PLMs

in protein—protein interaction prediction. Beyond

SaProt and Foldseek, various works in the protein

structure tokenization field [42,43], which encodes local

3D structural contexts into discrete or continuous rep-

resentations, have explored the effect of different pro-

tein structure tokenization (PST) strategies on

downstream interaction prediction task. For instance,

the scaling study of AminoAseed [44] highlights that the

performance of downstream supervised tasks exhibits a

U-shaped dependency on token vocabulary size,

underscoring the importance of defining an optimal al-

phabet size to maximize PPI prediction performance.

Beyond the sequence-structure integration challenge,

protein interaction data exhibits complex, heteroge-

neous characteristics. This inherent heterogeneous

nature of protein interaction data necessitates advanced

approaches to effectively leverage diverse representa-

tions and complementary information. To tackle this,

some studies take into account topological properties of

the global network of known interactions. Topsy-Turvy

[9] and its later implementation TT3D [10] extend

the previous D-SCRIPT [8] model by employing

network-based prediction with GLIDE [45], therefore

predict protein interactions through the combined in-

formation of protein-level characteristics and the global

interaction network. The HIGH-PPI [46] constructs

hierarchical graphs for interaction prediction by first

Figure 1

Current Opinion in Chemical Biology

Overview of protein–protein interaction prediction. We categorize PPI prediction methods by their primary data sources. Machine learning-based ap-
proaches utilize input features derived from (1) protein sequences (upper left), (2) evolutionary signals from MSAs (middle left), (3) protein structures
with geometric or topological representations (upper right), or (4) hybrid representations that integrate complementary information from sequences,
evolution, structures, and interaction networks (bottom). In a parallel line of work, some methods instead estimate interaction likelihood directly from
confidence metrics produced by interaction structure generation tools.

6 Proximity & interactome mapping (Omics) (2026)
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encoding residue-level protein graphs with graph

convolutional networks to generate protein-level em-

beddings, which are then propagated through a

top—level interaction graph connecting known inter-

acting protein pairs. For each pair of query proteins, the

resulting embeddings are combined to predict the

interaction likelihood.

Recent foundation models have revolutionized protein

interaction prediction through innovative architectural

designs. SidechainDiff [47] employs Riemannian

diffusion models to generate side-chain conformations

from unlabeled experimental structures, eliminating

binding free energy dependencies. SWING [48] en-

codes biochemical differences between residue pairs for

accurate protein-peptide interaction prediction. MINT

[49] introduces cross-chain attention mechanisms to

capture interdependencies between interacting se-

quences, outperforming ESM-2 and ProtT5 by 14—29%

in PPI tasks. LLaPA [50] incorporates external memory

mechanisms using the full interactome as a knowledge

base for multi-chain complex analysis. These specialized

foundation models have significantly advanced the field

of protein interaction prediction.

One major problem of proteome-wide PPI prediction is

raised by combinatorial explosion of possible protein

pairs. For example, the human genome contains

approximately 20,000 protein coding genes [51] that

lead to approximately 200 million possible protein pairs,

creating high demands for computational and storage

resources. Another critical limitation of current PPI

prediction models is their lack of proper calibration and

poor uncertainty quantification, meaning that predicted

confidence scores often do not reflect true prediction

reliability. In addition, proteome-wide interaction pre-

diction tasks inherently face extreme class imbalance

issues, as the number of experimentally verified in-

teractions is on the order of 106 as curated in the Bio-

GRID database [5] in 2025, which is considerably less

frequent than non-interactions [52]. Although many

studies [8—11,13] partially mitigate this problem by

training models on datasets with positive-to-negative

ratios of 1:10, the application to real proteomes may

still yield a large number of false positives despite re-

ported high accuracy and precision on test sets. More-

over, issues of data integration and reliability require

careful consideration. Interactions collected in data-

bases such as BioBRID [5], IntAct [4], STRING [6] are

reported by different experimental systems. While some

entries are supported by evidence for direct physical

interactions, a vast majority may only correspond to co-

occurrence within the same protein complex. Not to

mention, the quality of the PPIs reported in the litera-

ture can vary drastically [53]. Ignoring these distinctions

can lead to inflated performance estimates and

misleading biological interpretations. More robust

integration benefits from systematic assessments of

evidence provenance and confidence, protein-space

coverage and cross-modality overlap, consistency

checks across sources, and statistical diagnostics to flag

outliers and batch effects.

Protein–protein interaction interface
prediction
Accurate prediction of protein interaction interfaces is

fundamental for understanding molecular recognition,

guiding mutagenesis experiments, and aiding rational

drug design. Over the past decade, computational stra-

tegies for interface prediction have diversified, reflect-

ing distinct perspectives on the determinants of binding

specificity. These strategies can be broadly classified

into three categories: (1) geometric deep learning ap-

proaches that learn interface residues from structural

and sequence-based representations, (2) partner-

specific frameworks that incorporate interaction

context, and (3) rigid docking methods that search and

score possible binding orientations (Figure 2). Each

class introduces different assumptions about the bind-

ing process, offering unique advantages and limitations

for interface prediction.

Geometric deep learning methods identify interface

residues by capturing spatial and chemical patterns

surrounding each residue and correlating them with

binding likelihood. By combining local atomic geometry

and global fold information, these models detect com-

plex interface signatures. Representative work includes

ScanNet [54], an end-to-end model that constructs

atom- and residue-level representations from the spatial

and chemical context of neighboring elements. By

integrating structural features across multiple scales

with sequence-derived information, ScanNet achieves

accurate binding site prediction and enables meaningful

interpretation of the structural motifs it learns. Simi-

larly, the Protein Structure Transformer (PeSTo) [14]

method predicts binding interfaces by modeling

residue-level geometry using a translation-invariant and

rotation-equivariant geometric transformer. However,

these methods predict the binding sites of a single

protein without taking its interacting partners into ac-

count. In reality, it is common for different interactors to

bind to the same protein using completely distinct, non-

overlapping interfaces.

To address this limitation, PIONEER [17] advances to

predict a protein’s binding surface in the context of its

interaction partner. Its input features incorporate in-

formation such as sequence co-evolution, docking-

derived signals, and pairwise potentials, enabling the

model to discern interface residues of a given protein

when bound to different partners. PIONEER includes

four deep learning models (sequence-to-sequence,

sequence-to-structure, structure-to-sequence, and

structure-to-structure) covering diverse scenarios of

Deep Learning for PPI and Interface Prediction Zhang et al. 7
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structural data availability. As a continuation of this

study, PIONEER2.0 [55] strengthens partner-context

modeling by incorporating structural homologs of

protein—protein interactions. The structural homologs

and their related features are derived using PrePPI [12],

a structural template-based PPI prediction algorithm.

Notably, the PIONEER series is lightweight and

computationally efficient, making it deployable in en-

vironments with limited GPU resources. The evolution

to PIONEER2.0 demonstrates the increasing impor-

tance of partner-specific prediction and contextualized

structural modeling in the field. By explicitly modeling

how the same protein adopts different binding confor-

mations with distinct partners, these methods move

beyond generic interaction predictions toward more

biologically relevant, context—aware interac-

tion prediction.

Rigid docking methods link interface prediction to the

physical process of complex formation by exploring

possible relative orientations of proteins and identifying

residues at feasible binding interfaces. Traditional rigid

docking exhaustively searches binding poses and

empirically scores them [56—58]. More recent methods

such as DiffDock-PP [15] and ElliDock [59] introduce

deep learning to reduce the numerous computational

costs. Here, the docking problem is formulated as a

regression task: given two protein structures obtained

from sources such as the Protein Data Bank (PDB) [7]

or via homology modeling [60], the neural network

predicts the final binding pose by estimating the

rotation and translation parameters of the rigid-body

transformation. Although interpretable, rigid protein—

protein docking assumes that the conformations of the

interacting proteins remain fixed during binding, which

neglects the intrinsic flexibility often present at the

interface. As a result, it may fail to capture side-chain

rearrangements, induced-fit effects, and complex sur-

face geometry.

PPI interface prediction faces several fundamental

methodological challenges that limit current ap-

proaches. First, current interface prediction methods

generally do not consider the possibility that two pro-

teins may be non-interacting. When given such protein

pairs, these methods often still produce binding site

predictions, which can lead to misleading in-

terpretations. Developing strategies that integrate

binding site prediction with reliable PPI screening re-

mains a significant challenge. Architectures that jointly

score pair-level interaction likelihood and residue-level

contacts, such as siamese or graph-based multi-task

models, may help separate non-interacting pairs from

interface predictions.

The second major obstacle in PPI interface prediction is

the limited and imbalanced nature of available training

datasets. High-quality, experimentally determined

complex structures remain scarce compared to the vast

diversity of PPIs that occur in vivo. Existing datasets are

frequently biased toward certain protein families or

interaction types. This structural bias in training data,

Figure 2

Current Opinion in Chemical Biology

Overview of protein–protein interaction interface prediction. Existing approaches can be broadly categorized into three groups: (1) geometric deep
learning approaches that capture residue neighborhood information (upper left), (2) partner-specific frameworks that incorporate signals from interacting
partners to provide interaction-aware predictions (upper center) and (3) rigid docking methods that model the physical process of complex formation
(upper right).
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together with potential overfitting and data leakage,

contributes to poor generalizability of PDB-trained

models to diverse interaction types, including tran-

sient interactions, interspecies PPIs, and IDR-mediated

binding events that are underrepresented in crystallo-

graphic datasets. What’s more, current AI models do not

merely inherit these biases: they appear to actively learn

and amplify them, becoming highly confident on inter-

action types that resemble their training distribution

while systematically underperforming on these under-

represented interfaces. For instance, PIONEER2.0 [55]

showed that AlphaFold 3 assigns ranking scores above

0.5 preferentially to PPIs that are already represented in

the PDB and achieves substantially better interface

accuracy on this high-confidence subset than on PPIs

receiving lower scores, indicating that the model has

internalized, rather than corrected for, the experimental

bias of its training corpus. This pattern suggests that

benchmark improvements driven solely by PDB-trained

models may overstate real-world performance on the

underrepresented interaction regimes that matter most

for biological discovery. For example, public repositories

such as the PDB [7] contain far fewer interspecies PPIs

than intraspecies PPIs, resulting in limited capacity to

predict interspecies binding sites, an ability that is

essential for advancing host-pathogen studies. The

challenge is also particularly acute for intrinsically

disordered regions (IDRs). More than 70% of human

proteins contain IDRs, and many cellular interactions

involve a folded domain engaging an IDR or contacts

between two IDRs [61]. IDR-mediated binding spans

two regimes: sequence-specific interactions that yield

structured interfaces, and chemically specific in-

teractions that produce ensembles of bound configura-

tions rather than a single, well-defined interface. This

heterogeneity and dynamism, together with the lack of a

stable three-dimensional structure, make such in-

terfaces difficult to delineate, leaving accurate predic-

tion of IDR-mediated binding sites a persistent hurdle

for PPI interface prediction. As a possible solution,

repurposed parameters from coarse-grained molecular

mechanics force fields can serve as sequence-level de-

scriptors of inter-residue interactions, offering approxi-

mate estimates of attractive and repulsive contributions

in disordered regions.

Protein–protein interaction structure
generation
The field of protein—protein interaction study has un-

dergone a paradigmatic transformation, marking a deci-

sive shift from classification models that determine

whether two proteins interact to end-to-end structural

generative models that directly generate three-

dimensional atomic coordinates of protein complexes,

providing detailed structural insights into how proteins

interact at the molecular level. This evolution repre-

sents a fundamental leap from binary prediction tasks,

where computational methods primarily focused on

answering whether proteins interact, to comprehensive

structural modeling that addresses the mechanistic

question of how these proteins physically associate and

what their interaction interfaces entail.

Among the most prominent examples are AlphaFold3

[18] and Boltz-2 [16]. Both AlphaFold3 and Boltz-2

employ an encoder-generator architecture. Given the

sequences of two proteins, the models first embed the

sequence pair into high-dimensional representations.

These embeddings are then fed into a diffusion module,

which generates 3D protein structures from the learned

features. The diffusion process gradually refines random

noise into well-organized atomic coordinates, ultimately

yielding a physically plausible structure.

RoseTTAFold2 [62] represents another significant

contribution to end-to-end protein structure modeling,

utilizing a three-track neural network architecture that

iteratively refines protein structure predictions. The

model simultaneously processes 1D sequence features,

2D distance maps, and 3D coordinate representations,

enabling it to capture both local and global structural

constraints for accurate complex structure generation.

Building upon this foundation, the RFdiffusion series

methods [63,64] have extended the paradigm from

structure prediction to de novo protein design,

leveraging diffusion models to generate novel protein

structures that satisfy specific functional constraints or

design objectives. Complementing these diffusion-

based approaches, DeepAssembly [19] employs a hier-

archical strategy that predicts individual domain struc-

tures and optimizes their spatial arrangement through

learned inter-domain interactions. The method in-

tegrates MSA, templates, and domain boundaries into a

self-attention network, utilizing iterative optimization

to assemble complete multi-domain structures.

While AlphaFold series and related diffusion-based

models present unprecedented opportunities for

advancing PPI understanding, several limitations

constrain their practical application. These models

exhibit a notable dependence on accurate MSA pairing

and high-quality evolutionary information, with perfor-

mance being considerably affected when evolutionary

signals are inaccurate, sparse, or misaligned across pro-

tein families. While AlphaFold3 has made significant

progress in reducing the amount of MSA processing

compared to AlphaFold2 to mitigate this dependence,

this limitation can still become evident in challenging

scenarios such as interspecies interactions, where

evolutionary coupling between proteins from different

organisms may be weak or entirely absent [65]. Addi-

tionally, while these models demonstrate impressive

capabilities on moderately-sized protein complexes,

they may experience computational breakdowns once

sequence length surpasses certain thresholds, as GPU
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memory requirements increase exponentially rather

than linearly with longer sequences, creating practical

barriers for large multi-domain proteins or extensive

protein assemblies. Furthermore, an analysis of 317 AF3

complexes [66] reveals that the model consistently

struggles with intrinsically flexible regions and disor-

dered domains, demonstrating systematically higher

prediction errors in regions characterized by high B-

factors, which correspond to areas of high conforma-

tional mobility that are inherently difficult to capture in

static structural predictions.

Applications
Protein—protein interface prediction has broad appli-

cations in understanding molecular function and dis-

ease. Xu et al. [67] integrate protein—protein

interaction networks with GWAS and brain x-QTL

data to identify disease risk genes for Alzheimer’s dis-

ease. Zhang et al. [68] apply AlphaFold to obtain

structure predictions for 1798 interactions involving

cancer driver proteins and show that somatic cancer

mutations frequently exert their effects by perturbing

protein—protein interactions and their interfaces.

PIONEER [17] demonstrates enrichment patterns of

disease-associated mutations in their predicted inter-

action interfaces and explores their impact on disease

prognosis and drug responses.

Identification of binding interfaces facilitates drug dis-

covery by enabling the targeting of specific disease-

related PPIs rather than inhibiting global function of

individual proteins. Advances in interaction and inter-

face prediction tools have improved identification of PPI

hotspots [61,69], druggable pockets [16—18], thereby

accelerating discovery and design of PPI-targeted drugs.

For example, Trepte et al. [70] integrates binary PPI

assays with AlphaFold—Multimer complex predictions

to guide large scale drug screening. The pipeline suc-

cessfully identifies a compound that inhibits NSP10-

NSP16 interaction, thereby disrupting the methyl-

transferase activity of the complex and suppressing

SARS-CoV-2 replication. These advances illustrate how

interface-resolved structural prediction is transforming

PPI-targeted drug discovery from heuristic screening

toward mechanism-driven, interaction-specific thera-

peutic design.

Improved understanding of protein—protein in-

teractions and binding interfaces has increasingly

enabled de novo design of protein binders [71]. By

combining AlphaFold-multimer and sequence redesign

by ProteinMPNN [72], BindCraft [71] demonstrates its

capability in designing binders against 12 challenging

targets, including cell-surface receptors, common aller-

gens and multi-domain nucleases, such as CRISPR-

Cas9. More importantly, AI-designed de novo protein

binders have shown promising translational potential in

practical applications, including toxin neutralization

[73], and modulation of immune responses [74]. In

structure-guided antibody design, for example, Bennett

et al. [63] show that a fine-tuned RFdiffusion model can

generate de novo antibodies from scratch with atomic-

level precision entirely in silico, targeting user-

specified epitopes. They performed cryo-EM experi-

mental validation on computational designed antibody

variable heavy chains (VHHs) to influenza haemag-

glutinin, TcdB and SARS-CoV-2. Collectively, these

studies highlight the growing impact of interface-aware

design frameworks in advancing therapeutic protein

engineering and rational binder development.

Identifying residues on the interaction interface pro-

vides critical insights into predicting effects of variants to

protein—protein binding affinity. Many machine learning

models focus on predicting changes in binding affinity

(ΔΔG) between wild-types and mutants, typically using

the SKEMPI v2.0 [75] database. To obtain informative

protein representations, many methods adopt the pre-

training strategy on large collections of unlabeled pro-

tein complex structures, and subsequently apply the

learned knowledge to ΔΔG prediction. For example,

RDE-Network [76] and DiffAffinity [47] both pre-train

deep probabilistic models to learn protein side-chain

conformations that provide structural context of muta-

tions on the protein interfaces, and then utilize these

learned representations to predict ΔΔG. However, most

existing methods do not adequately account for potential

data leakage arising from sequence and structural ho-

mology at both protein and interaction levels, which may

lead to overestimation of predictive performance.

Viral immune evasion is largely mediated through

protein—protein interactions that rewire host signaling

pathways essential for innate immunity. By engaging or

disrupting key host proteins, viral factors can suppress

interferon production, alter transcriptional programs,

and promote viral replication [77,78]. Structural char-

acterization of viral—host interfaces has revealed how

viruses hijack signaling hubs, exemplified by the inter-

action between SARS-CoV-2 spike protein and human

ACE2 receptor, which enabled rapid therapeutic

development [79]. Integrating protein interaction

screening with interface-level analysis thus provides

critical mechanistic insight into viral modulation of host

immune responses [80].

Conclusions
Deep learning approaches for proteome-scale PPI pre-

diction, PPI interface prediction, and PPI structure

generation have enabled a wide range of biological ap-

plications, from dissecting virus—host interactions to

interpreting disease-associated variants and guiding

therapeutic design. The integration of sequential,

evolutionary, and structural information has
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substantially expanded the applicability of PPI

modeling across diverse contexts. At the same time, key

challenges remain, including extreme class imbalance in

large-scale screening, limited availability of high-quality

interface annotations, and the reliable interpretation of

predictions in complex biological systems. Addressing

these challenges will be critical for translating the

methodological advances in PPI prediction into robust

insights in future biological and biomedical research.

Declaration of competing interest
The authors declare that they have no known competing

financial interests or personal relationships that could

have appeared to influence the work reported in

this paper.

Acknowledgements
This work was supported by grants to H.Y. from the

National Institute of Aging (NIA): R01 AG092462, RF1

AG082211, and R01 AG077899; and from National

Institute of General Medical Sciences

(NIGMS): RM1 GM139738.

Data availability
No data was used for the research described in

the article.

References
Papers of particular interest, published within the period of review,
have been highlighted as:

* of special interest
* * of outstanding interest

1. Greenblatt JF, Alberts BM, Krogan NJ: Discovery and signifi-
cance of protein-protein interactions in health and disease.
Cell 2024, 187:6501–6517.

2. KimM,ParkJ,BouhaddouM,KimK,RojcA,ModakM,SoucherayM,
McGregor MJ, O’Leary P, Wolf D, et al.: A protein interaction
landscape of breast cancer. Science 2021, 374:eabf3066.

3. Qin W, Cho KF, Cavanagh PE, Ting AY: Deciphering molecular
interactions by proximity labeling. Nat Methods 2021, 18:
133–143.

4. Del Toro N, Shrivastava A, Ragueneau E, Meldal B, Combe C,
Barrera E, Perfetto L, How K, Ratan P, Shirodkar G, et al.: The
IntAct database: efficient access to fine-grained molecular
interaction data. Nucleic Acids Res 2022, 50:D648–D653.

5. Oughtred R, Rust J, Chang C, Breitkreutz B-J, Stark C,
Willems A, Boucher L, Leung G, Kolas N, Zhang F, et al.: The
BioGRID database: a comprehensive biomedical resource of
curated protein, genetic, and chemical interactions. Protein
Sci 2021, 30:187–200.

6. Szklarczyk D, Kirsch R, Koutrouli M, Nastou K, Mehryary F,
Hachilif R, Gable AL, Fang T, Doncheva NT, Pyysalo S, et al.:
The STRING database in 2023: protein–protein association
networks and functional enrichment analyses for any
sequenced genome of interest. Nucleic Acids Res 2023, 51:
D638–D646.

7. Burley SK, Bhikadiya C, Bi C, Bittrich S, Chao H, Chen L,
Craig PA, Crichlow GV, Dalenberg K, Duarte JM, et al.: RCSB
Protein Data Bank (RCSB. org): delivery of experimentally-
determined PDB structures alongside one million computed
structure models of proteins from artificial intelligence/ma-
chine learning. Nucleic Acids Res 2023, 51:D488–D508.

8. Sledzieski S, Singh R, Cowen L, Berger B: D-SCRIPT translates
genome to phenome with sequence-based, structure-aware,
genome-scale predictions of protein-protein interactions.
Cell Syst 2021, 12:969–982.e6.

9. Singh R, Devkota K, Sledzieski S, Berger B, Cowen L: Topsy-
Turvy: integrating a global view into sequence-based PPI
prediction. Bioinformatics 2022, 38:i264–i272.

10. Sledzieski S, Devkota K, Singh R, Cowen L, Berger B: TT3D:
leveraging precomputed protein 3D sequence models to
predict protein-protein interactions. Bioinformatics 2023, 39:
btad663.

11
*
. Liu D, Young F, Lamb KD, Claudio Quiros A, Pancheva A,
Miller CJ, Macdonald C, Robertson DL, Yuan K: PLM-interact:
extending protein language models to predict protein-
protein interactions. Nat Commun 2025, 16:9012.

This work introduces a novel extension of protein language models
that jointly encodes pairs of protein sequences, rather than treating
proteins independently, to explicitly learn inter-protein relationships.

12. Petrey D, Zhao H, Trudeau SJ, Murray D, Honig B: PrePPI: a
structure informed proteome-wide database of protein-
protein interactions. J Mol Biol 2023, 435, 168052.

13
*
. Zhang J, Humphreys IR, Pei J, Kim J, Choi C, Yuan R, Durham J,
Liu S, Choi H-J, Baek M, et al.: Predicting protein-protein in-
teractions in the human proteome. Science 2025, 390:
eadt1630.

This study presents a deep-learning framework that combines deeper
evolutionary MSAs mined from genomic data, OmicMSAs, with a
newly developed network, RoseTTAFold2-PPI, to predict
protein–protein interactions across the human proteome.

14. Krapp LF, Abriata LA, Cortés Rodriguez F, Dal Peraro M: PeSTo:
parameter-free geometric deep learning for accurate pre-
diction of protein binding interfaces. Nat Commun 2023, 14:
2175.

15. Ketata MA, Laue C, Mammadov R, Stärk H, Wu M, Corso G,
Marquet C, Barzilay R, Jaakkola TS: DiffDock-PP: rigid protein-
protein docking with diffusion models. arXiv [q-bioBM] 2023.

16. Passaro S, Corso G, Wohlwend J, Reveiz M, Thaler S,
Somnath VR, Getz N, Portnoi T, Roy J, Stark H, et al.: Boltz-2:
towards accurate and efficient binding affinity prediction.
bioRxivorg 2025, https://doi.org/10.1101/2025.06.14.659707.

17
*
. Xiong D, Qiu Y, Zhao J, Zhou Y, Lee D, Gupta S, Torres M, Lu W,
Liang S, Kang JJ, et al.: A structurally informed human
protein-protein interactome reveals proteome-wide pertur-
bations caused by disease mutations. Nat Biotechnol 2025,
43:1510–1524.

This paper introduces PIONEER that predicts partner-specific
protein–protein interaction interfaces at proteome scale and pro-
vides related web resources.

18
* *
. Abramson J, Adler J, Dunger J, Evans R, Green T, Pritzel A,
Ronneberger O, Willmore L, Ballard AJ, Bambrick J, et al.: Ac-
curate structure prediction of biomolecular interactions with
AlphaFold 3. Nature 2024, 630:493–500.

AlphaFold 3 extends protein structure prediction to biomolecular
complexes, accurately modeling interactions among proteins, DNA,
RNA, ligands, and ions within a unified diffusion-based framework. It
substantially improves accuracy for protein–protein and
protein–ligand interactions, enabling more realistic structural insight
into cellular mechanisms and drug discovery.

19. Xia Y, Zhao K, Liu D, Zhou X, Zhang G: Multi-domain and
complex protein structure prediction using inter-domain
interactions from deep learning. Commun Biol 2023, 6:
1221.

20. Baek M, DiMaio F, Anishchenko I, Dauparas J, Ovchinnikov S,
Lee GR, Wang J, Cong Q, Kinch LN, Schaeffer RD, et al.: Ac-
curate prediction of protein structures and interactions
using a three-track neural network. Science 2021, 373:
871–876.

21. Wang X-W, Madeddu L, Spirohn K, Martini L, Fazzone A,
Becchetti L, Wytock TP, Kovács IA, Balogh OM, Benczik B, et al.:
Assessment of community efforts to advance network-based
prediction of protein-protein interactions. Nat Commun 2023,
14:1582.

Deep Learning for PPI and Interface Prediction Zhang et al. 11

www.sciencedirect.com Current Opinion in Chemical Biology 2026, 93:102703

http://refhub.elsevier.com/S1367-5931(26)00052-9/sref1
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref1
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref1
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref2
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref2
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref2
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref3
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref3
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref3
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref4
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref4
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref4
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref4
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref5
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref5
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref5
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref5
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref5
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref6
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref6
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref6
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref6
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref6
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref6
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref7
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref7
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref7
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref7
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref7
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref7
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref8
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref8
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref8
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref8
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref9
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref9
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref9
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref10
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref10
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref10
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref10
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref11
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref11
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref11
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref11
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref12
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref12
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref12
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref13
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref13
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref13
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref13
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref14
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref14
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref14
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref14
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref15
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref15
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref15
https://doi.org/10.1101/2025.06.14.659707
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref17
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref17
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref17
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref17
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref17
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref18
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref18
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref18
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref18
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref19
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref19
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref19
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref19
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref20
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref20
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref20
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref20
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref20
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref21
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref21
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref21
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref21
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref21


22. Kovács IA, Luck K, Spirohn K, Wang Y, Pollis C, Schlabach S,
Bian W, Kim D-K, Kishore N, Hao T, et al.: Network-based
prediction of protein interactions. Nat Commun 2019, 10:
1240.

23. Senior AW, Evans R, Jumper J, Kirkpatrick J, Sifre L, Green T,
Qin C, �Zídek A, Nelson AWR, Bridgland A, et al.: Improved
protein structure prediction using potentials from deep
learning. Nature 2020, 577:706–710.

24. Jumper J, Evans R, Pritzel A, Green T, Figurnov M,
Ronneberger O, Tunyasuvunakool K, Bates R, �Zídek A,
Potapenko A, et al.: Highly accurate protein structure pre-
diction with AlphaFold. Nature 2021, 596:583–589.

25. Lin Z, Akin H, Rao R, Hie B, Zhu Z, Lu W, Smetanin N, Verkuil R,
Kabeli O, Shmueli Y, et al.: Evolutionary-scale prediction of
atomic-level protein structure with a language model. Sci-
ence 2023, 379:1123–1130.

26. Elnaggar A, Heinzinger M, Dallago C, Rihawi G, Wang Y,
Jones L, Gibbs T, Feher T, Angerer C, Steinegger M, et al.:
ProtTrans: towards cracking the language of life’s code
through self-supervised deep learning and high performance
computing. arXiv [csLG] 2020.

27. Bepler T, Berger B: Learning protein sequence embeddings
using information from structure. arXiv [csLG] 2019.

28. Ko YS, Parkinson J, Liu C, Wang W: TUnA: an uncertainty-
aware transformer model for sequence-based protein-pro-
tein interaction prediction. Briefings Bioinf 2024, 25:bbae359.

29. Huang Y, Wuchty S, Zhou Y, Zhang Z: SGPPI: structure-aware
prediction of protein-protein interactions in rigorous condi-
tions with graph convolutional network. Briefings Bioinf 2023,
24.

30. Luo X, Wang L, Hu P, Hu L: Predicting protein-protein in-
teractions using sequence and network information via
variational graph autoencoder. IEEE ACM Trans Comput Biol
Bioinf 2023, 20:3182–3194.

31. Kang Y, Elofsson A, Jiang Y, Huang W, Yu M, Li Z: AFTGAN:
prediction of multi-type PPI based on attention free trans-
former and graph attention network. Bioinformatics 2023, 39:
btad052.

32. Chen J, Wang R, Wang M, Wei G-W: Mutations strengthened
SARS-CoV-2 infectivity. J Mol Biol 2020, 432:5212–5226.

33. Wang M, Cang Z, Wei G-W: A topology-based network tree for
the prediction of protein-protein binding affinity changes
following mutation. Nat Mach Intell 2020, 2:116–123.

34. Bryant P, Pozzati G, Elofsson A: Improved prediction of
protein-protein interactions using AlphaFold2. Nat Commun
2022, 13:1265.

35. Kim A-R, Hu Y, Comjean A, Rodiger J, Mohr SE, Perrimon N:
Enhanced protein-protein interaction discovery via Alpha-
Fold-Multimer. bioRxiv 2024.

36. Yu D, Chojnowski G, Rosenthal M, Kosinski J: AlphaPulldown-a
python package for protein-protein interaction screens
using AlphaFold-Multimer. Bioinformatics 2023, 39:btac749.

37. Molodenskiy D, Maurer VJ, Yu D, Chojnowski G, Bienert S,
Tauriello G, Gilep K, Schwede T, Kosinski J: AlphaPulldown2-a
general pipeline for high-throughput structural modeling.
Bioinformatics 2025, 41:btaf115.

38. Zhu W, Shenoy A, Kundrotas P, Elofsson A: Evaluation of
AlphaFold-Multimer prediction on multi-chain protein com-
plexes. Bioinformatics 2023, 39:btad424.

39. Gao M, Nakajima An D, Parks JM, Skolnick J: AF2Complex
predicts direct physical interactions in multimeric proteins
with deep learning. Nat Commun 2022, 13:1744.

40. Su J, Han C, Zhou Y, Shan J, Zhou X, Yuan F: SaProt: protein
language modeling with structure-aware vocabulary. bioRxiv
2023.

41
*
. van Kempen M, Kim SS, Tumescheit C, Mirdita M, Lee J,
Gilchrist CLM, Söding J, Steinegger M: Fast and accurate

protein structure search with Foldseek. Nat Biotechnol 2024,
42:243–246.

Foldseek is a fast structure-search tool that enables protein structure
comparison at speeds comparable to sequence alignment by repre-
senting 3D protein structures as sequences over a learned structural
alphabet. It allows large-scale structural searches across entire
structure databases, making it practical to detect remote homology
and structural similarity beyond what sequence-based methods can
capture.

42. Zerefa S, Cool J, Singh P, Petti S: An interpretable alphabet for
local protein structure search based on amino acid neigh-
borhoods. Bioinformatics 2025, 41.

43
* *
. Hayes T, Rao R, Akin H, Sofroniew NJ, Oktay D, Lin Z, Verkuil R,
Tran VQ, Deaton J, Wiggert M, et al.: Simulating 500 million
years of evolution with a language model. Science 2025, 387:
850–858.

ESM3 introduces a multimodal protein language model that jointly
reasons over sequence, structure, and function, representing a major
advance in generative protein modeling with direct implications for
understanding and designing protein–protein interactions at evolu-
tionary scale.

44. Yuan X,Wang Z, Collins M, Rangwala H: Protein structure toke-
nization: benchmarking and new recipe. arXiv [q-bioQM] 2025.

45. Devkota K, Murphy JM, Cowen LJ: GLIDE: combining local
methods and diffusion state embeddings to predict missing
interactions in biological networks. Bioinformatics 2020, 36:
i464–i473.

46. Gao Z, Jiang C, Zhang J, Jiang X, Li L, Zhao P, Yang H, Huang Y,
Li J: Hierarchical graph learning for protein–protein interac-
tion. Nat Commun 2023, 14:1093.

47. Liu S, Zhu T, Ren M, Yu C, Bu D, Zhang H: Predicting muta-
tional effects on protein-protein binding via a side-chain
diffusion probabilistic model. arXiv [q-bioBM] 2023.

48
*
. Siwek JC, Omelchenko AA, Chhibbar P, Arshad S, Rosengart A,
Nazarali I, Patel A, Nazarali K, Rahimikollu J, Tilstra JS, et al.:
Sliding Window Interaction Grammar (SWING): a generalized
interaction language model for peptide and protein in-
teractions. Nat Methods 2025, 22:1707–1719.

SWING presents a generalized interaction language model that cap-
tures local sequence grammar governing peptide and protein in-
teractions, enabling interpretable and transferable predictions across
diverse interaction contexts including disordered regions and short
linear motifs.

49. Ullanat V, Jing B, Sledzieski S, Berger B: Learning the language
of protein-protein interactions. Nat Commun 2026, 17:1199.

50. Zhou P, Ma P, Wang J, Cai X, Huang H, Liu W, Wang L, Tim LH,
Zeng X: Large language and protein assistant for protein-
protein interactions prediction. In Proceedings of the 63rd
annual meeting of the Association for computational linguistics
(volume 1: long papers). Association for Computational Linguis-
tics; 2025:11312–11327.

51. Ponomarenko EA, Poverennaya EV, Ilgisonis EV,
Pyatnitskiy MA, Kopylov AT, Zgoda VG, Lisitsa AV, Archakov AI:
The size of the human proteome: the width and depth. Int J
Anal Chem 2016, 2016, 7436849.

52. Jiang J, Zhang C, Ke L, Hayes N, Zhu Y, Qiu H, Zhang B, Zhou T,
Wei G-W: A review of machine learning methods for imbal-
anced data challenges in chemistry. Chem Sci 2025, 16:
7637–7658.

53. Das J, Yu H: HINT: high-quality protein interactomes and
their applications in understanding human disease. BMC
Syst Biol 2012, 6:1–12.

54. Tubiana J, Schneidman-Duhovny D, Wolfson HJ: ScanNet: an
interpretable geometric deep learning model for structure-
based protein binding site prediction. Nat Methods 2022, 19:
730–739.

55. Xiong D, Torres M, Murray D, Li L, Naravane AC, Fragoza R,
Honig B, Yu H: Integrating structural homology with deep
learning to achieve highly accurate protein-protein interface
prediction for the human interactome. bioRxivorg 2025,
https://doi.org/10.1101/2025.06.09.658393.

12 Proximity & interactome mapping (Omics) (2026)

Current Opinion in Chemical Biology 2026, 93:102703 www.sciencedirect.com

http://refhub.elsevier.com/S1367-5931(26)00052-9/sref22
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref22
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref22
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref22
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref23
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref23
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref23
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref23
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref24
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref24
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref24
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref24
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref25
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref25
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref25
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref25
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref26
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref26
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref26
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref26
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref26
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref27
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref27
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref28
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref28
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref28
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref29
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref29
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref29
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref29
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref30
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref30
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref30
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref30
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref31
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref31
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref31
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref31
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref32
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref32
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref33
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref33
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref33
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref34
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref34
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref34
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref35
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref35
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref35
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref36
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref36
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref36
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref37
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref37
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref37
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref37
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref38
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref38
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref38
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref39
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref39
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref39
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref40
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref40
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref40
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref41
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref41
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref41
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref41
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref42
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref42
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref42
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref43
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref43
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref43
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref43
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref44
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref44
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref45
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref45
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref45
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref45
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref46
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref46
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref46
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref47
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref47
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref47
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref48
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref48
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref48
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref48
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref48
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref49
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref49
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref50
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref50
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref50
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref50
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref50
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref50
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref51
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref51
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref51
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref51
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref52
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref52
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref52
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref52
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref53
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref53
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref53
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref54
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref54
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref54
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref54
https://doi.org/10.1101/2025.06.09.658393


56. Chen R, Li L, Weng Z: ZDOCK: an initial-stage protein-dock-
ing algorithm. Proteins 2003, 52:80–87.

57. de Vries SJ, van Dijk M, Bonvin AMJJ: The HADDOCK web
server for data-driven biomolecular docking. Nat Protoc
2010, 5:883–897.

58. Yan Y, Tao H, He J, Huang S-Y: The HDOCK server for inte-
grated protein-protein docking. Nat Protoc 2020, 15:
1829–1852.

59. Yu Z, Huang W, Liu Y: Rigid protein-protein docking via
equivariant elliptic-paraboloid interface prediction. arXiv
[csLG] 2024.

60. Waterhouse A, Bertoni M, Bienert S, Studer G, Tauriello G,
Gumienny R, Heer FT, de Beer TAP, Rempfer C, Bordoli L, et al.:
SWISS-MODEL: homology modelling of protein structures
and complexes. Nucleic Acids Res 2018, 46:W296–W303.

61. Ginell GM, Emenecker RJ, Lotthammer JM, Keeley AT,
Plassmeyer SP, Razo N, Usher ET, Pelham JF, Holehouse AS:
Sequence-based prediction of intermolecular interactions
driven by disordered regions. Science 2025, 388:eadq8381.

62. Baek M, Anishchenko I, Humphreys IR, Cong Q, Baker D,
DiMaio F: Efficient and accurate prediction of protein struc-
ture using RoseTTAFold2. bioRxiv 2023, https://doi.org/
10.1101/2023.05.24.542179.

63
* *
. Bennett NR, Watson JL, Ragotte RJ, Borst AJ, See DL, Weidle C,
Biswas R, Yu Y, Shrock EL, Ault R, et al.: Atomically accurate
de novo design of antibodies with RFdiffusion. Nature 2026,
649:183–193.

RFdiffusion-based antibody design achieves atomically accurate de
novo generation of antibody structures with validated binding activity,
marking a transformative step toward fully computational antibody
discovery and expanding the toolkit for targeting specific
protein–protein interfaces.

64. Ahern W, Yim J, Tischer D, Salike S, Woodbury SM, Kim D,
Kalvet I, Kipnis Y, Coventry B, Altae-Tran HR, et al.: Atom-level
enzyme active site scaffolding using RFdiffusion2. Nat
Methods 2026, 23:96–105.

65. Li L, Roy PG, Liu Y, Zhang Z, Xiong D, Savan R, Gokhale NS,
Schang LM, Das J, Yu H: Comprehensive atomic-scale 3D
viral-host protein interactomes enable dissection of key
mechanisms and evolutionary processes underlying viral
pathogenesis. bioRxiv 2025, https://doi.org/10.1101/
2025.03.28.645946.

66. Wee J, Wei G-W: Evaluation of AlphaFold 3’s protein-protein
complexes for predicting binding free energy changes upon
mutation. J Chem Inf Model 2024, 64:6676–6683.

67. Xu J, Zhou Y, Hou Y, Pieper AA, Cheng F, Leverenz JB: Cross-
species protein interactome network-based analysis of
GWAS and human brain quantitative trait loci (x-QTL) data
identifies risk genes and drug targets for Alzheimer’s dis-
ease. Alzheimer’s Dement 2024, 20(Suppl 1), e092617.

68. Zhang J, Pei J, Durham J, Bos T, Cong Q: Computed cancer
interactome explains the effects of somatic mutations in
cancers. Protein Sci 2022, 31, e4479.

69. Cankara F, Senyuz S, Sayin AZ, Gursoy A, Keskin O: DiPPI: a
curated data set for drug-like molecules in protein-protein
interfaces. J Chem Inf Model 2024, 64:5041–5051.

70
*
. Trepte P, Secker C, Olivet J, Blavier J, Kostova S, Maseko SB,
Minia I, Silva Ramos E, Cassonnet P, Golusik S, et al.: AI-guided
pipeline for protein-protein interaction drug discovery iden-
tifies a SARS-CoV-2 inhibitor.Mol Syst Biol 2024, 20:428–457.

This work demonstrates a complete AI-guided experimental pipeline
from PPI prediction to drug discovery, identifying a validated SARS-
CoV-2 inhibitor targeting a specific protein–protein interface and
illustrating the translational potential of computational PPI methods.

71
*
. Pacesa M, Nickel L, Schellhaas C, Schmidt J, Pyatova E,
Kissling L, Barendse P, Choudhury J, Kapoor S, Alcaraz-
Serna A, et al.: One-shot design of functional protein binders
with BindCraft. Nature 2025, 646:483–492.

BindCraft demonstrates a streamlined one-shot computational pipeline
for designing high-affinity protein binders against arbitrary targets,
showcasing how advances in structure prediction and sequence
design can be integrated to accelerate therapeutic and research ap-
plications of PPI engineering.

72. Dauparas J, Anishchenko I, Bennett N, Bai H, Ragotte RJ,
Milles LF, Wicky BIM, Courbet A, de Haas RJ, Bethel N, et al.:
Robust deep learning-based protein sequence design using
ProteinMPNN. Science 2022, 378:49–56.

73
*
. Vázquez Torres S, Benard Valle M, Mackessy SP, Menzies SK,
Casewell NR, Ahmadi S, Burlet NJ, Muratspahi�c E, Sappington I,
Overath MD, et al.: De novo designed proteins neutralize
lethal snake venom toxins. Nature 2025, 639:225–231.

This study showcases the real-world therapeutic potential of compu-
tational PPI-based protein design by generating de novo binders that
effectively neutralize snake venom toxins, demonstrating that AI-
driven interface design can address previously intractable biomedical
challenges.

74. Johansen KH, Wolff DS, Scapolo B, Fernández-Quintero ML,
Risager Christensen C, Loeffler JR, Rivera-de-Torre E,
Overath MD, Kjærgaard Munk K, Morell O, et al.: De novo-
designed pMHC binders facilitate T cell-mediated cytotox-
icity toward cancer cells. Science 2025, 389:380–385.

75. Jankauskaite J, Jiménez-García B, Dapkunas J, Fernández-
Recio J, Moal IH: SKEMPI 2.0: an updated benchmark of
changes in protein-protein binding energy, kinetics and
thermodynamics upon mutation. Bioinformatics 2019, 35:
462–469.

76. Luo S, Su Y, Wu Z, Su C, Peng J, Ma J: Rotamer density
estimator is an unsupervised learner of the effect of muta-
tions on protein-protein interaction. bioRxiv 2023, https://
doi.org/10.1101/2023.02.28.530137.

77. de Chassey B, Meyniel-Schicklin L, Vonderscher J, André P,
Lotteau V: Virus-host interactomics: new insights and oppor-
tunities for antiviral drug discovery.Genome Med 2014, 6:115.

78. Cakir M, Obernier K, Forget A, Krogan NJ: Target discovery for
host-directed antiviral therapies: application of proteomics
approaches. mSystems 2021, 6, e0038821.

79. Lan J, Ge J, Yu J, Shan S, Zhou H, Fan S, Zhang Q, Shi X,
Wang Q, Zhang L, et al.: Structure of the SARS-CoV-2 spike
receptor-binding domain bound to the ACE2 receptor. Nature
2020, 581:215–220.

80. Liu D, Young F, Lamb KD, Robertson DL, Yuan K: Prediction of
virus-host associations using protein language models and
multiple instance learning. PLoS Comput Biol 2024, 20,
e1012597.

Deep Learning for PPI and Interface Prediction Zhang et al. 13

www.sciencedirect.com Current Opinion in Chemical Biology 2026, 93:102703

http://refhub.elsevier.com/S1367-5931(26)00052-9/sref56
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref56
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref57
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref57
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref57
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref58
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref58
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref58
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref59
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref59
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref59
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref60
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref60
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref60
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref60
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref61
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref61
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref61
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref61
https://doi.org/10.1101/2023.05.24.542179
https://doi.org/10.1101/2023.05.24.542179
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref63
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref63
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref63
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref63
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref64
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref64
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref64
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref64
https://doi.org/10.1101/2025.03.28.645946
https://doi.org/10.1101/2025.03.28.645946
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref66
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref66
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref66
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref67
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref67
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref67
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref67
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref67
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref68
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref68
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref68
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref69
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref69
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref69
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref70
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref70
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref70
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref70
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref71
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref71
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref71
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref71
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref72
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref72
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref72
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref72
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref73
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref73
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref73
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref73
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref74
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref74
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref74
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref74
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref74
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref75
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref75
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref75
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref75
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref75
https://doi.org/10.1101/2023.02.28.530137
https://doi.org/10.1101/2023.02.28.530137
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref77
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref77
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref77
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref78
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref78
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref78
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref79
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref79
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref79
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref79
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref80
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref80
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref80
http://refhub.elsevier.com/S1367-5931(26)00052-9/sref80

	Predictions of protein–protein interactions and co-complex models with deep learning
	Introduction
	Proteome-wide protein–protein interaction prediction
	Protein–protein interaction interface prediction
	Protein–protein interaction structure generation
	Applications
	Conclusions
	Declaration of competing interest
	Acknowledgements
	Data availability
	References


