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Capturing protein-protein
Interactions in plants: recent
advances, challenges, and
opportunities

Berry Dickey, Yatendra Singh, Sibesh Maharjan, Yongjian Qiu*
and Sixue Chen*

Department of Biology, University of Mississippi, Oxford, MS, United States

Plants rely on dynamic protein-protein interaction (PPl) networks to carry
out routine functions (such as photosynthesis and respiration) and responses
to environmental cues. Therefore, capturing dynamic PPls is critical for
understanding molecular processes underlying the plant life cycle. Recent
technological advances have significantly expanded the experimental and
computational toolkit available for studying PPls in plants. In this review,
emerging and advanced technologies are presented, including proximity
labeling, yeast-3-hybrid, AlphaFold 3, and data-independent acquisition mass
spectrometry (MS). How these technologies address critical limitations posed
by classical techniques, and their strengths, challenges, and opportunities, are
discussed. The goal is to provide an updated practical guide that informs
researchers on selecting, optimizing, and combining these tools to maximize
protein interactome coverage. Together, these complementary tools and
approaches promise to advance mechanistic understanding of plant biological
processes and enable more informed manipulation of complex biological
networks toward improving crop quality and yield.
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1 Introduction

Plants are sessile organisms that must sense and respond to biotic and abiotic factors
to survive, adapt, and reproduce. Proteins orchestrate diverse pathways within or between
individual cells to coordinate how tissues and the whole plant function. Compared with
other kingdoms, plants as a whole have the largest range of genome sizes and, consequently,
the most diverse proteome. The reference plant Arabidopsis thaliana contains approximately
27,500 protein-coding genes, whereas a plant with a larger genome, like Oryza sativa (rice),
contains approximately 35,500 protein-coding genes (Cheng et al., 2017; Jain et al., 2019).
A large-scale proteomic survey covering 13 plant species, including model plants and
crops, identified over 141,000 unique proteins utilizing mass spectrometry (MS)-based
methodologies (McWhite et al., 2020). Another study reported that an Arabidopsis root
cell contains, on average, 170 pg of protein (Clark et al., 2022; Montes et al., 2024), which
corresponds to approximately 2.2 billion protein molecules. An Arabidopsis mesophyll cell
was estimated to contain about 25 billion protein molecules (Heinemann et al., 2021). These
protein molecules do not act alone; they often interact with each other and with other types
of molecules.
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Plants rely on dynamic protein-protein interactions (PPIs) to
translate environmental cues into physiological and developmental
responses. For instance, proteins can assemble into transcriptional
regulatory complexes that activate genes involved in a specific
response. When these target genes encode enzymes for
phytohormone biosynthesis (e.g., auxin), the resulting PPI-
driven response, can promote adaptive growth, such as hypocotyl
elongation in seedlings at moderately elevated temperatures (Gray
etal.,, 1998; Qiu et al., 2020). Such cause-and-effect events occur
rapidly across different cell types, collectively forming a highly
coordinated system that enables plants to sense and respond
to changing conditions. Drawing PPI models and connecting
PPI networks on a large scale, especially in the context of stress
responses, is vital to this age of plant biology research and
agricultural applications.

In this review, we summarize widely used and newly emerging
methods for the prediction, identification, and validation of
PPIs. Traditional experimental approaches that have been heavily
utilized within previous decades are briefly described, followed by
discussions about advancements of new technologies in mapping
plant PPIs (Figure 1; Table 1). The main objective is not
to review the field in its entirety, but rather to focus on
technologies and their improvements, limitations, and future

opportunities.

2 Classic technologies
2.1 Yeast two-hybrid and three-hybrid

Yeast two-hybrid (Y2H) system was established in 1989 (Fields
and Song, 1989) as a pioneering method for studying PPIs in the
yeast nucleus. Y2H relies on fusing two proteins of interest (bait
and prey) to the DNA-binding domain (BD) and the activation
domain (AD) of a yeast transcriptional activator, respectively. Upon
interaction of the proteins, the transcription factor is reconstituted,
driving expression of a reporter gene that enables detection of
the interaction (Zhang et al, 2010). The assay is simple, fast,
and low-cost, contributing to its long-standing utility. However,
it exhibits several limitations, including a relatively high false-
positive rate, restriction of detectable interactions to the nucleus,
potential toxicity of certain proteins in yeast (resulting in false
negatives), and its inherently binary nature. Thus, interactions
detected in yeast typically require independent validation in planta
(Struk et al., 2019). Several improved Y2H derivatives have been
developed. For example, a split-ubiquitin-based membrane Y2H
(MYTH) system adapts the classical concept to the membrane
environment by splitting ubiquitin into two fragments fused to
separate proteins (Miller et al., 2005; Struk et al., 2019). The MYTH
system is particularly advantageous for studying interactions of
hydrophobic or membrane-associated proteins. To substantially
increase screening capacity, a multiplexed Cre reporter-mediated
Y2H system combined with next-generation sequencing (CrY2H-
seq) was developed to enable deep coverage and high-throughput
mapping of large interactomes (Wanamaker et al, 2017).
Application of CrY2H-seq screening to transcription factors
and regulators in Arabidopsis revealed approximately 8,500
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binary interactions. It has become a powerful tool for large-
scale interactome discovery, and it remains cost-effective and
time-efficient (Table 1).

Because of the binary nature of the classical Y2H, a yeast three-
hybrid (Y3H) system was developed. In Y3H, a third molecule, such
as a protein, RNA, or metabolite, acts as a bridge to stabilize or
mediate interactions between the bait and prey (Maruta et al., 2016).
This system enables the analysis of protein-RNA and protein-
small molecule interactions, identification of post-translational
modification (PTM)-dependent interactions, and screening for
inhibitors that disrupt PPIs (Table 1).

2.2 Co-immunoprecipitation and affinity
purification-mass spectrometry

Co-immunoprecipitation (Co-IP) and affinity purification-
mass spectrometry (AP-MS) are two traditional approaches used
to capture in vivo PPIs (Zhang et al., 2010; Zhang et al., 2022). Both
methods are considered more reliable than Y2H for detecting native
PPIs because they can be directly implemented in plant systems,
such as through leaf infiltration with Nicotiana benthamiana
or stable transformation in Arabidopsis (Zhang et al, 2019;
Gnanasekaran and Pappu, 2023). Co-IP and AP-MS generally
require a detectable bait protein (with or without an affinity tag)
in plant tissues or protoplasts, through which endogenous protein
interactors (prey) can be captured and analyzed. While AP-MS is a
discovery-based system that can detect novel protein interactors
through liquid chromatography-tandem MS (LC-MS/MS) of
separated protein complexes, Co-IP is a targeted method that
detects the interaction between known protein pairs through the
use of specific antibodies (Zhang et al., 2022). This means that Co-
IP results are traditionally detected via Western blot analysis. Major
drawbacks for both methods include that cell lysis can generate false
positives due to disrupting the native cellular compartmentalization
and nonspecific interactions. False negatives can result from its
inability to efficiently capture weak or transient interactions or
from the disruption of these interactions during sample preparation
and purification (Zhang et al., 2010). In vivo cross-linking is a way
to stabilize PPIs and capture transient and unstable interactions
(Chen et al., 2025; Trinh et al., 2025). Even though Co-IP and
AP-MS capture PPIs in vivo, the actual detection of interactions is
conducted through in vitro experiments, so both are considered ex
vivo methods (Xing et al., 2016).

2.3 Advanced fluorescence techniques

While Co-IP

immunofluorescence (IF), are limited in capturing dynamic

and fixed-sample imaging, such as

interactions, live-cell fluorescence methods enable real-time
and high-resolution visualization of PPIs (Ren et al, 2024).
Bimolecular fluorescence complementation (BiFC) and split-
luciferase complementation assay (SLCA) are popular in vivo assays
used to determine PPIs by combining two halves of a reporter
(e.g., yellow fluorescent protein (YFP) or luciferase (Luc)) upon
their interaction (Xing et al., 2016). BiFC detects PPIs through
fluorescence imaging in living cells, whereas SLCA can provide
quantitative measurements of PPI strength based on luminescent
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FIGURE 1

Schematic overview of experimental and computational approaches used to study protein-protein interactions (PPIs) in plants. Abbreviations: Y2H,
yeast two-hybrid; Y3H, yeast three-hybrid; MYTH, membrane yeast two-hybrid; CrY2H-seq, Cre reporter-mediated yeast two-hybrid with sequencing;
Co-IP, co-immunoprecipitation; AP-MS, affinity purification-mass spectrometry; SLCA, split-luciferase complementation assay; BiFC, bimolecular
fluorescence complementation; FRET, Forster resonance energy transfer; BRET, bioluminescence resonance energy transfer; TR-FRET, time-resolved
FRET; FLIM-FRET, fluorescence lifetime imaging microscopy-FRET; PUP-IT, pupylation-based interaction tagging; DDA, data-dependent acquisition;
DIA, data-independent acquisition; MRM, multiple reaction monitoring; MRMMR, multiple reaction monitoring at high resolution; SRM, selected reaction
monitoring; PRM, parallel reaction monitoring; DWPPI, deep learning approach for predicting PPIs in plants based on multi-source information.

signal intensity. The major advantage of both methods is that the
PPIs can be monitored visually in real-time in near-native cellular
contexts. However, both approaches face limitations, including
that BiFC induces irreversible complex formation and that SLCA
requires exogenous supplementation of luciferin. Additionally,
fusions of large proteins or reporter fragments may alter protein
folding or hinder interactions, which could potentially lead to both
false positives and negatives in these experiments.

For truly quantitative and kinetic analysis, Fluorescence
Resonance Energy Transfer (FRET) has become the preferred
technique (Zhang et al., 2025). It is a distance-dependent energy
transfer process (nonradiatively) from an excited molecular
fluorophore (the donor) to another fluorophore (the acceptor)
through intermolecular dipole-dipole coupling. The FRET assay can
reliably detect protein proximity when proteins are at distances of
10-100 A and is highly efficient if they are within the Férster radius
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for the specific fluorophore pair (Sekar and Periasamy, 2003). FRET
and its modern variants offer distinct advantages in quantifying
interaction stoichiometry and kinetics. Further advancements,
e.g., Time-Resolved FRET (TR-FRET) and Fluorescence Lifetime
Imaging Microscopy-FRET (FLIM-FRET), superior
quantitative data essential for detailed mechanistic studies of
dynamic PPIs (Matthes et al., 2025; Zhang et al., 2025).

Although FLIM-FRET has been used to study plant PPIs,
its application under native conditions is limited by strong
autofluorescence and insufficient donor brightness, particularly
for low-abundant proteins expressed from endogenous promoters
and localized to challenging subcellular compartments such as the
plasma membrane (Donaldson, 2020). Plant autofluorescence can
overlap with the emission spectra of commonly used fluorophores,
thereby reducing signal-to-noise ratios and complicating the
extraction of accurate fluorescence lifetime information. In addition,

provide
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TABLE 1 Comparative overview of classical and emerging PPI technologies in plants.

10.3389/fmolb.2026.1777595

Methodology Method Interaction Key strengths Major limitations Applications in
category context plants
Y2H Interaction in the yeast Simple, fast, low cost High false positives; Binary interaction
nucleus interaction restricted to screening
the nucleus
MYTH Interaction on the Enables membrane PPI Limited protein classes Membrane interactomics
membrane detection
Genetic interaction
Y3H system Ternary or Complex setup; indirect PTM- or
ligand-mediated PPIs interactions metabolite-dependent
Interaction in the yeast PPIs
CrY2H-seq nucleus Multiplexed and high Still binary, yeast-specific Large-scale transcription
throughput interactome context factor and regulator
mapping interactomes
Co-IP Affinity-based More reliable than Y2H Validation of known
at detecting native PPIs Loses transient PPIs
. interactions
AP-MS Affinity-based + MS exvivo Detect novel protein Lysis-derived false Large-scale interactome
interactors through positives discovery
LC-MS/MS
BiFC Fluorescence in living Visual localization in Inducing irreversible Subcellular PPI
cells real time complex formation validation
SLCA Luminescence signal Quantitative, dynamic Requires an endogenous
intensity In vivo supply of luciferin
Real-time PPI
FRET Energy-transfer Kinetic and Spectral crosstalk and visualization
BRET stoichiometric data excitation can introduce
false positives
BioID Captures proximal and Slow labeling; Stable interactome
transient PPIs background profiling
biotinylation
TurboID Rapid labeling (~10 min) High background Stress- and
signal-induced PPIs
miniTurbo PL+MS Invivo > ex vivo Lower background than Reduced sensitivity Cell-type-specific PPIs
TurboID
PUP-IT High specificity, little Large size may restrict High confidence PPIs
background, no some interaction sites Captures dynamic
exogenous substrate interactions
addition
AlphaFold3 Computational in silico (multi-molecular Integrated prediction of Limited accuracy for Modeling regulatory and
complexes) PPIs, highly dynamic systems multi-component
protein-DNA/RNA, and complexes
protein-ligand
interactions

Abbreviation: Y2H, yeast two-hybrid; MYTH, membrane Y2H; Y3H, yeast three-hybrid; CrY2H-seq, cre reporter-mediated Y2H system combined with next-generation sequencing; Co-IP,
co-immunoprecipitation; AP-MS, affinity purification-mass spectrometry; SLCA, split-luciferase complementation assay; BiFC, bimolecular fluorescence complementation; FRET, forster

resonance energy transfer; BRET, bioluminescence resonance energy transfer; PUP-IT, pupylation-based interaction tagging; PL, proximity labeling.

fluorescence lifetimes can be affected by local environmental factors
(e.g., pH, temperature, and refractive index variations within
the vacuole or apoplast), which may result in false-positives or
false-negatives (Eljebbawi et al., 2025). A recent study overcame
some of these constraints by introducing an optimized fluorescent
protein pair, mCitrine/mScarlet-I, which provides superior
brightness and fluorescence lifetimes compatible with FLIM-
FRET in stably transformed Arabidopsis (Petutschnig et al., 2024).
This improved FLIM-FRET system enabled direct detection

of constitutive and ligand-induced interactions between the

Frontiers in Molecular Biosciences

immune receptors CERK1 and LYKS5 in Arabidopsis at endogenous

expression levels.

Bioluminescence Resonance Energy Transfer (BRET) is an

alternative proximity-based assay where the donor fluorophore is
replaced by a bioluminescent protein, typically a luciferase. Upon
the addition of a substrate (e.g., coelenterazine), the luciferase-
produced light excites a nearby acceptor fluorophore. A key
limitation of BRET is the requirement for continuous or repeated
substrate addition, which may restrict long-term imaging and
cause toxicity in sensitive plant cells (El Khamlichi et al., 2019).
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Additionally, uneven substrate penetration and distribution across
the cell wall and plasma membrane can introduce variability. BRET
is generally less suited for capturing rapid dynamic interactions.
Moreover, the signal intensity is often lower than that achieved with
fluorescence-based methods due to the kinetics of bioluminescent
reactions, reducing sensitivity for detecting low abundant or
transient PPIs. Despite these limitations, BRET offers distinct
advantages over FLIM-FRET for plant PPI studies. Because it does
not rely on external excitation, BRET is unaffected by chlorophyll
autofluorescence, resulting in a substantially higher signal-to-noise
ratio in green tissues (Sun et al., 2016). Also, the absence of
high-intensity laser illumination makes BRET less phototoxic,
enabling gentle and close-to-native monitoring of PPIs during plant
development or stress responses.

3 Emerging and improving
technologies

3.1 Proximity labeling

Proximity labeling (PL) has emerged as a transformative
research approach for capturing PPIs in plants, addressing
many of the inherent limitations offered by classical methods
(Struk et al., 2019; Ozmen et al., 2025). Unlike traditional affinity
purification techniques, where PPIs are captured for analysis after
cell lysis, PL utilizes engineered enzymes (e.g., biotin ligase)
to covalently tag neighboring proteins (e.g., biotin) in living
cells, enabling subsequent analysis using harsh methods without
disrupting the tag and minimizing false positive results. For
complex, dynamic, and/or temporal protein networks, such as those
involved in regulatory mechanisms or high-flux pathways in plant
stress responses, PL methods enable the unprecedented large-scale
discovery of novel stable and transient protein interactions in vivo
when followed by tandem MS analysis (Table 1).

3.1.1 Biotin ligase systems

Biotin ligase-based PL was first introduced in mammalian cells
in 2012 with the development of BioID, a promiscuous mutant
(R118G) of the Escherichia coli biotin ligase BirA (35 kDa) fused
to a bait protein (Choi-Rhee et al, 2004; Roux et al, 2012).
BioID2, a smaller biotin ligase (27 kDa) derived from Aquifex
aeolicus, was later developed to reduce the steric burden associated
with the larger BirA (Kim et al, 2016). Following exogenous
biotin incubation, protein biotinylated within proximity of the
bait can be enriched with streptavidin beads and analyzed by
LC-MS/MS (Mair et al., 2019; Ozmen et al., 2025). BioID
has been applied to different organisms (e.g., yeast, Drosophila,
zebrafish, mice, and plants), but the biotinylation activity is low
and can take up to 24h for labeling (Larochelle et al., 2019;
Mair et al., 2019; Takano et al.,, 2020; Rosenthal et al., 2021;
Zhang et al., 2021; Ozmen et al., 2025).

To overcome this limitation, TurboID (TbID) and miniTurbo
(mTb) were developed to provide dramatically faster labeling
kinetics, achieving robust biotinylation within minutes rather than
hours (Branon et al.,, 2018). They were rapidly adopted in Arabidopsis
and N. benthamiana (Branon et al, 2018; Khan et al., 2018;
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Mair et al., 2019). TbID exhibits higher activity than mTb in stably
transformed plant tissues. The applications of TbID and mTb are
widespread for PL of interactomes in plants (Zhang et al., 2022;
Ozmen et al, 2025), and they outperform the original BiolD
(Feng et al., 2024; Park and Kim, 2025). However, a major limitation
of the TurboID-based systems is elevated background biotinylation,
which reduces specificity and complicates data interpretation.
This background arises from TurboID’s high catalytic activity,
leading to non-specific labeling, as well as diffusion of the reactive
biotinyl-AMP intermediate that creates a local “cloud” of off-target
biotinylation. In addition, endogenously biotinylated proteins and
high levels of endogenous biotin contribute to the background
signal. Compared with BioID, TbID provides much faster labeling
but at the cost of increased background, whereas mTb partially
alleviates this issue by lowering the catalytic activity while retaining
acceptable labeling efficiency. To mitigate background biotinylation,
several strategies are employed, e.g., shortening labeling times,
optimizing biotin concentrations to the lowest effective levels, and
using genetic approaches to decrease endogenous biotin synthesis.
Split TurboID systems and optogenetically controlled variants, such
as OptolD, allow for the conditional activation of biotinylation,
thereby improving spatial and temporal precision (Chen et al., 2022).
Despite these limitations, optimized TurboID systems remain
powerful and versatile tools for PL proteomics across various
biological systems.

3.1.2 Pupylation-based interaction tagging

A different method of PL utilizing pupylation-based interaction
tagging (PUP-IT) was first demonstrated in mammalian T cells
(Liu et al., 2018). Pupylation is facilitated by the bacterial PafA
enzyme, which tags lysine residues on target proteins with a small
protein called Pup(E), marking those proteins for degradation,
similar to ubiquitination. Pup(E) is tightly bound with PafA,
and its release for tagging requires proteins to interact within
close proximity (Liu et al., 2018). This lends PUP-IT systems
inherent specificity in labeling and decreased sensitivity to distal
protein interactions. In plants, PL with PUP-IT offers further
advantages over biotin ligase-based systems, as pupylation is not
endogenous to eukaryotes and does not require exogenous substrate
addition, resulting in low background and simplified workflows
(Ye et al., 2023; Ozmen et al., 2025).

Recent applications have demonstrated the utility of the PUP-IT
system. For example, it was used with tandem MS to identify kinase
substrates in Arabidopsis protoplasts, demonstrating its versatility in
cell suspensions and in capturing dynamic interactions in signaling
pathways, like phosphorylation of target substrates (Ye et al., 2023).
Recently, PUP-IT was implemented both transiently in N.
benthamiana and in Arabidopsis stable transgenic lines to identify
interactors of the cellulose synthase complex (CSC), showing
compatibility with diverse bait proteins, single-transformation
applications, and customizable affinity purification strategies (e.g.,
Flag-tagged PupE) (Zheng et al., 2025). Using COMPANION OF
CESA 1 (CC1), one of the central CSC components, as bait, Persson’s
group successfully enriched other core CSC components and
trafficking regulators. Beyond validating known interactions, PUP-
IT enabled the identification of BFA-VISUALIZED ENDOCYTIC
TRAFFICKING DEFECTIVEL1 (BEN1), an ADP-ribosylation factor
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guanine nucleotide exchange factor (ARF-GEF) involved in trans-
Golgi network trafficking, as a previously unrecognized CCl-
associated protein. Subsequent biochemical and cell biological
analyses confirmed CCI-BENI interaction and revealed BEN1
poly-ubiquitination, illustrating how PUP-IT can uncover novel,
functionally relevant interactors of membrane-embedded protein
complexes in plants. Moreover, bait-interactor substrates were more
enriched with pupylation through PUP-IT than with biotinylation
through TbID, suggesting PUP-IT may have higher specificity in
its labeling (Zheng et al., 2025).

Despite its strengths, PUP-IT has several limitations. First,
the relatively large size of the pupylation components (~50 kDa)
may restrict access to certain interaction sites (Yue et al., 2022).
Second, Pup(E) has limited diffusion across membranes, reducing
its suitability for certain organelles. Third, overexpression-based
assays may increase non-specific labeling. Fourth, Pup(E) expression
or accessibility may vary across tissues. Finally, when inducible
promoters are used, leaky background expression or delayed
activation may occur. These considerations highlight the need for
careful optimization and appropriate controls when applying PUP-
IT in plant systems.

3.2 Structural prediction and network
modeling

The vast scale of the proteome and the challenges inherent
in experimental validation have driven computational methods,
artificial intelligence (AI), and its subset, deep learning (DL),
to predict and map PPIs (Ding and Kihara, 2018; Lee, 2023).
In 2020, AlphaFold was released for protein structure prediction
(Senior et al., 2020) and subsequently, AlphaFold2 further advanced
its ability to address the long-standing protein-folding problem
(Jumper et al., 2021). AlphaFold-Multimer was later introduced,
specifically trained to predict protein complexes (Evans et al., 2022).
It enables computational exploration of PPIs, oligomeric states, and
assembly structures that are critical for understanding signaling
pathways, molecular machines, and multi-protein complexes in
cells. AlphaFold3 (AF3) further expanded the modeling framework
beyond proteins to include DNA, RNA, PPIs, and a wide range
of molecular interactions. However, it is noteworthy that AF3
is still facing challenges in predicting interactions involving
intrinsically disordered regions (IDRs) in proteins and proteins
remain folded within a large, multi-subunit complex (Wee and
Wei, 2024). AF3 also struggles with large or plant-specific
multimeric complexes (e.g., immune signaling or photosynthetic
assemblies), environmental dependencies, limited evolutionary data
for unknown proteins, often leading to false positives that require
experimental validation (e.g., via biophysical interaction assays) to
confirm relevance for plant PPIs. Additionally, specific PTMs (e.g.,
unique glycosylation patterns) are yet to be integrated into AF3’s
interaction modeling.

Recent frameworks (e.g., ABCFold) combine AF3 prediction
with comparable structure-oriented models (e.g., Boltz-1 and Chai-
1) to enhance robustness and confidence in predicted protein
complexes (Elliott et al., 2025). In addition to structure-based
approaches, sequence-based predictors have also been widely
developed to infer PPIs at scale. Representative DL models,
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including D-SCRIPT and PIPR, predict interaction likelihood
directly from amino acid sequences without requiring explicit
structural information (Sledzieski et al., 2021; Chen et al., 2019).
Notably, DWPPI was specifically designed for plant PPI prediction
and integrates sequence-derived features with network-derived
embeddings obtained from plant PPI graphs, thereby incorporating
both protein attributes and topological context (Pan et al., 2022).
This hybrid strategy improves predictive performance in plant
systems, where experimentally validated PPI data are relatively
sparse. The effectiveness of DWPPI has been demonstrated
using multiple plant datasets, including A. thaliana, maize
(Zea mays), and rice (Oryza sativa), achieving high prediction
performance of PPIs (Pan et al., 2022).

In further development, protein language model-based
approaches have advanced sequence-based prediction by leveraging
embeddings pre-trained on massive protein sequence corpora,
enabling improved generalization across species. Recent studies
in plant systems have applied such pre-trained embeddings to
predict Arabidopsis PPIs and plant-pathogen interaction networks,
demonstrating improved performance and robustness despite the
limited availability of experimentally validated plant PPI data (Lei
etal.,, 2023; Zhou etal,, 2023). In parallel, graph neural network
(GNN) frameworks provide a complementary layer of network
modeling by explicitly learning from PPI graph topology and
integrating multi-source evidence, offering a systems-level approach
to refine and contextualize predicted interaction networks (Yuan
etal.,, 2022). We anticipate that AF3 and other DL models will
continue to evolve at a fast pace and revolutionize different fields of
research and application.

4 Mass spectrometry-based strategies

Data-dependent acquisition (DDA) and data-independent
acquisition (DIA) are widely used MS approaches for studying
PPIs. DDA selects and fragments the top 10-30 most intense
precursor ions per cycle, providing confident identifications of
interacting proteins. In contrast, DIA fragments all precursor
ions within predefined m/z windows, offering comprehensive
coverage and improved reproducibility (Frohlich et al., 2024).
In recent years, DIA proteomics has gained immense popularity
owing to advances in fast MS duty cycles and Al-based
prediction of MS? spectra. In PPI analysis, size exclusion
chromatography (SEC) combined with DDA-based quantitative
proteomics has been used to characterize protein complexes in
Arabidopsis, enabling the profiling of approximately 615 proteins
as likely subunits of stable complexes including 338 cytosolic
proteins (Aryal et al, 2017). While this study demonstrated
the feasibility of SEC-based interactome profiling in plants,
the proteome depth achievable with DDA remains limited
compared with more recent SEC-DIA approaches. Indeed, SEC-
DIA MS has shown power in resolving native protein complexes
of 2,127 proteins in human cells (Heusel et al., 2019). To
date, SEC-DIA MS for plant interactome studies has not been
reported. Nevertheless, DIA-MS has been successfully applied
in comprehensive plant protein identification and quantification
(Sang et al., 2024; Rajczewski et al., 2025).
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Although SEC-DIA MS is promising, its application to
investigating large-scale plant PPIs involves trade-offs. SEC
provides relatively low resolution; different complexes of similar
hydrodynamic radii may co-elute, making it difficult to distinguish
between distinct functional assemblies. Extracting intact, “native”
protein complexes from plant cells often requires harsh physical
disruption of cells (e.g., grinding in liquid nitrogen). This process
may release phenolic compounds, redox molecules, and proteases
that can alter complexes or interfere with SEC reproducibility
and validity. The high abundance of RuBisCO in photosynthetic
tissues can mask the signal of low-abundant signaling proteins,
requiring depletion strategies that may inadvertently disrupt PPIs
being studied. Additionally, DIA data analysis still faces challenges
with multiplexed fragmentation data, quality of spectral libraries,
and vast proteoforms with PTMs (Wen et al., 2025).

MS-based targeted quantification of peptides offers another
approach for studying PPIs. Selected Reaction Monitoring (SRM), or
Multiple Reaction Monitoring (MRM), utilizes a triple quadrupole
(Q) mass spectrometer to monitor and isolate preselected precursor
ions in Q1. The precursors are then fragmented in the Q2 collision
cell, and specific product ions are measured in Q3. This dual-
stage filtering provides high sensitivity quantification of low-
abundant peptides (MacLean et al., 2010). Unlike SRM/MRM,
parallel reaction monitoring (PRM) includes all fragment
ions generated from the targeted precursor, providing greater
specificity and quantitative accuracy. Recently, MRM!R, a high-
resolution variant of MRM (similar to PRM), has also been
very useful for protein quantification and validation in plants
(Elmore et al., 2021; Tan et al., 2025). Together with DIA-MS, these
targeted approaches allow highly selective, sensitive, and accurate
quantification of specific protein partners, including low-abundance
proteins, in complex samples.

5 Discussion

The landscape of PPI studies has undergone profound
transformations driven by technological advances that have
addressed the fundamental limitations of classical approaches
(Figure 1; Table 1). The intrinsic limitations of early methods, such
as the Y2H system, have necessitated methodological refinements
and the development of new technologies. For example, extensive
optimization and screening strategies have substantially improved
Y2H reliability. False positives can be minimized by using multiple
reporter genes driven by distinct promoters, which increases
selection stringency and interaction specificity. Screening with
diverse bait and prey vector configurations, including both N- and
C-terminal fusions, further enhances robustness.

The progression from AP-MS to PL does not necessarily
replace the older techniques. Rather, the toolkit for studying
PPIs is ever-expanding, especially with improved deep-learning
AI models like AF3 for protein complex predictions. While
AF3 cannot replace experimental validation, it is exciting to see
how it can be incorporated into PPI studies to enable more
computationally informed preliminary experimental choices and
downstream interaction validation.

Implementing AF3 will certainly influence the upstream
decisions to prioritize targets in studying novel PPIs. On the other
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hand, PL techniques such as TurbolID can first identify interactors,
enabling AF3 to predict their interaction mechanisms. Moreover,
SEC-DIA MS is expected to be expanded for use in plants to
capture and quantify protein complexes. Collectively, the synergistic
integration of optimized traditional assays, next-generation
platforms, and Al-driven structural predictions represents a
powerful framework for advancing PPI research in plants.

6 Concluding remark

Recent technological advances have broadened the PPI toolkit
and enhanced knowledge acquisition. The future of PPI research lies
in the thoughtful combination of optimized classical assays, next-
generation PL technologies, and DL. Such integrated frameworks
will not only enhance confidence in PPI discovery but also provide
mechanistic insight into how protein networks coordinate plant
growth, development, and response to stresses.
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