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Abstract

Plant-virus protein-protein interactions (PPIs) play crucial roles in viral infection and host immune responses. However, large-scale
experimental characterization of plant-virus PPIs is costly and labor-intensive, suggesting the need to develop computational
methods. Recent advances in biological sequence language models are offering unprecedented opportunities to develop machine
learning-based plant virus PPI predictors. In this study, we collected publicly available PPI data between Arabidopsis thaliana
(A. thaliana) and viruses, establishing a robust dataset for method development. Based on this dataset, we developed AraVirusPPI, a
machine learning framework for predicting A. thaliana virus PPIs. AraVirusPPI employs the protein language model ESM Cambrian
(ESMC) to encode sequence features and combines these representations with Extreme Gradient Boosting (XGBoost) to build the
prediction model. Furthermore, we systematically evaluated multiple protein and genomic language models combined with various
classification algorithms, thereby justifying the optimal model architecture adopted in AraVirusPPI. We applied AraVirusPPI to
predict PPIs in the A. thaliana-Cabbage leaf curl virus (CabLCV) system. Predicted viral target proteins were compared with
experimental datasets from A. thaliana-Turnip mosaic virus (TuMV) and A. thaliana-Pseudomonas syringae (Psy) systems. Network
topology and functional enrichment analyses showed that the predicted CabLCV targets in A. thaliana were more similar to TuMV
than Psy targets. These results suggest potential shared and distinct host-targeting patterns among pathogens and provide
computational evidence supporting the biological significance of the proposed AraVirusPPI predictor.

assembly, as well as local and systemic movement within the host.
Each of these processes requires precise coordination within the host
cellular environment (Rodriguez-Pefia et al. 2021; Jiang and Zhou
2023). Owing to their small genomes and limited coding capacity, plant
viruses often rely on their multifunctional proteins to manipulate key
host biological processes (BPs) and complete their life cycles (Wu et al.
2022, 2024; Atabekova et al. 2023; Xavier and Whitfield 2023). In re-
sponse, plants have evolved multilayered antiviral immune systems

Introduction

Plant diseases caused by pathogens have long been recognized as ma-
jor threats to agricultural productivity and global food security
(Savary et al. 2019; Stukenbrock and Gurr 2023). Among these, plant
viral diseases are particularly notable for their high transmission effi-
ciency, wide epidemic ranges, and substantial challenges in control,
leading to severe losses in crop yield and quality (Savary et al. 2019;
He and Creasey Krainer 2020). Under natural conditions, plant viruses

are typically transmitted by sap-feeding insects and other vectors, and
their spread is further facilitated by crop trade and agricultural
activities, resulting in expanding host ranges and geographic distribu-
tions (Ray and Casteel 2022; Wu et al. 2024; Liang et al. 2025). The viral
life cycle involves genome replication, protein expression, virion

that restrict viral infection, replication, and spread (Dangl et al. 2013;
Ceulemans et al. 2021; Jones et al. 2024; Yu et al. 2024). This dynamic in-
terplay between viral manipulation and host defense highlights the
central role of plant-virus protein-protein interactions (PPIs) in shap-
ing infection outcomes (Xavier and Whitfield 2023; Wu et al. 2024).
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The development of various experimental strategies has greatly ad-
vanced the study of plant-virus PPIs. Techniques such as fluorescence-
based approaches, coimmunoprecipitation, yeast two-hybrid assays
(Y2H), etc., have enabled the identification of interactions between viral
and plant proteins (Thiébeauld et al. 2009; Ibrahim et al. 2020; Tilsner
and Kriechbaumer 2022; Rosas-Diaz et al. 2023). High-throughput ap-
proaches, including affinity purification coupled with mass spectrometry
and proximity labeling (PL), have further facilitated the systematic char-
acterization of plant-virus interaction networks (Martinez et al. 2016;
Huang et al. 2023). With growing experimental efforts, an increasing
number of plant—virus PPIs have been identified, providing valuable re-
sources for understanding how viruses manipulate host processes.
Among these, potyviruses are probably the most extensively studied plant
virus groups, with Turnip mosaic virus (TuMV) yielding the most abundant
plant-virus PPI data (Martinez et al. 2023). As a representative DNA virus,
Cabbage leaf curl virus (CabLCV) is also an important system for studying
plant-virus interactions (Xavier and Whitfield 2023; Wu et al. 2024).
Nevertheless, experimental screening remains labor-intensive and time-
consuming, limiting its large-scale applications. Therefore, integrating ex-
perimental data with computational prediction approaches has become
increasingly essential. Experimentally validated interactions offer reli-
able datasets for model development, while computational methods ena-
ble rapid, proteome-wide prediction of potential interactions, thereby
facilitating systematic analysis of plant—virus PPI networks.

Inrecent years, machine learning-powered PPI prediction methods
based on sequence and structural features have been widely devel-
oped across various biological systems (Hu and Ohue 2024; Jiang
et al. 2025). Machine learning models targeting plant-pathogen PPIs
in bacteria, fungi, and oomycetes have been used to complement ex-
perimental screening (Yang et al. 2019; Lei et al. 2024). In contrast,
PPI prediction methods specifically designed for plant-virus systems
remain relatively underdeveloped, which precludes proteome-wide
large-scale plant-virus PPI predictions. A major reason is that experi-
mental plant-virus PPI data are scarce and scattered across multiple
databases and literature sources, which limits the development of
predictive models. Despite these challenges, machine learning ap-
proaches offer unique advantages in plant-virus PPI prediction. By
systematically integrating protein sequence features, evolutionary in-
formation, and known interaction data, computational models can
identify potential interaction candidates at the proteome scale, there-
by greatly reducing the search space for experimental validation.
Therefore, there is an urgent need to develop new machine learning
predictors specifically tailored to plant-virus PPIs.

Inspired by advances in deep learning-powered natural language
processing, biological sequence language models, such as protein lan-
guage models (PLMs) and genomic language models (GLMs), have
been rapidly developed in the past several years. These models are
typically built on deep neural networks and pretrained in a self-
supervised manner on large-scale sequence datasets. They can cap-
ture contextual dependencies, evolutionary constraints, and latent
structural and functional signals from biological sequences, thereby
generating informative representations. Pretrained PLMs, such as
the ESM series (Rives et al. 2021; Lin et al. 2023; Candido et al. 2026)
and the ProtTrans series (Elnaggar et al. 2022), have demonstrated ad-
vantages in diverse bioinformatics tasks, including PPI predictions
(Jiang et al. 2025; Liu et al. 2025). In parallel, pretrained models for
genome-scale sequence modeling have also undergone rapid develop-
ment, including DNABERT (Ji et al. 2021; Zhou et al. 2023), GPN
(Benegas et al. 2023), GROVER (Sanabria et al. 2024), megaDNA

(Shao and Yan 2024), and PlantCAD (Zhai et al. 2026, 2025). For
plant-virus PPI prediction, these models offer distinct advantages.
Plant viral genomes are compact and encode multifunctional proteins,
yet experimental annotations remain limited. Pretrained models can
transfer generalizable patterns learned from large-scale datasets
and capture subtle sequence features underlying plant-virus interac-
tions. Therefore, using PLMs/GLMs as sequence representations holds
great promise for advancing the development of machine learning-
based plant-virus PPI predictors.

Here, we focus on PPI prediction between A. thaliana and its asso-
ciated plant viruses. We integrate experimentally validated plant-vi-
rus PPIs to construct a standardized dataset and develop an optimal
machine learning-based computational framework that employs pre-
trained PLMs/GLMs as feature representations (Fig. 1a). The resulting
computational framework, termed AraVirusPPI, has achieved reason-
able performance in rigorous benchmarking experiments. Thus, it can
accelerate the identification of plant—virus interaction candidates, of-
fering new insights into plant-virus biology.

Results

Performance comparison of computational
frameworks with PLMs

In this work, we aim to develop an A. thaliana virus PPI prediction
method by screening the optimal combination among 4 pretrained
PLM encodings (ESM-1b, ESM-2, ESMC, and ProtT5) and 4 machine
learning classifiers, including Extreme Gradient Boosting (XGBoost),
Random Forest (RF), support vector machine (SVM), and convolution-
al neural network (CNN) (Fig. 1; Table S2). To this end, each method
was implemented as an ensemble model, in which 5 predictive mod-
els were trained, and their predictions on the independent test set
were averaged to obtain the final prediction. The area under the
precision-recall curve (AUPRC) was used as the primary performance
metric, with other metrics serving as supplementary evaluation meas-
ures. More details on dataset preparation, feature engineering, model
training, and performance assessment are provided in the Materials
and Methods section.

In general, substantial performance differences were observed
among the combinations of PLMs and classifiers (Fig. 1). Among all com-
binations, XGBoost- and CNN-based models consistently outperformed
RF and SVM. Under the XGBoost framework, ESMC achieved the best
performance, with an AUPRC of 0.662 on the independent test set, fol-
lowed by ProtT5 (0.651), whereas ESM-1b and ESM-2 showed relatively
lower performance (0.613 and 0.612) (Fig. 1b). In contrast, RF and SVM
models yielded consistently lower AUPRC values when using the same
encoding methods (Fig. 1c, 1d). Although CNN models achieved compa-
rable AUPRC values in some cases (0.594 to 0.608), they did not surpass
the best XGBoost-based combinations (Fig. 1e). Based on the above com-
parisons, the combination of XGBoost and ESMC was identified as the
best-performing framework. Therefore, we selected this computational
framework (ESMC_XGBoost) as the final prediction model and desig-
nated it as AraVirusPPL

Performance comparison of computational
frameworks with GLMs

Since protein sequence information is also encoded in the correspond-
ing DNA sequence, DNA-derived sequence features of protein pairs
have been used to predict PPIs (Zhou et al. 2012). Here, we also
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Figure 1 Workflow for model construction and performance comparison of PLM-based representations across 4 classifiers. a, Workflow of data col-
lection, model construction, and performance comparison in this study. b-e, PR curves of models trained with different PLM embeddings (ESM-1b,
ESM-2, ESMC, and ProtT5) using XGBoost (b), RF (c), SVM (d), and CNN (e), respectively.

investigated the performance of computational frameworks with best overall performance (Fig. 2). Within this framework, GPN
GLMs (GPN, DNABERT, DNABERT-2, GROVER, megaDNA, and achieved the highest AUPRC (0.597), comparable to PlantCAD2
PlantCAD2) in predicting A. thaliana-virus PPIs (Fig. 2; Table S2). (0.595) and exceeding the other 4 encodings by more than 5%
Among all combinations, XGBoost-based models again achieved the (Fig. 2a; Table S2). Consistent trends were observed for RF, SVM, and
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Figure 2 Performance comparison of GLM-based representations across 4 classifiers. a-d, PR curves of models trained with different GLM embed-
dings (GPN, DNABERT, DNABERT2, GROVER, megaDNA and PlantCAD2) using XGBoost (a), RF (b), SVM (c), and CNN (d), respectively.

CNN classifiers, where GPN and PlantCAD2 also showed superior per-
formance (Fig. 2b-d). The favorable performance of plant-specific ge-
nomic models is likely attributable to their pretraining on the
A. thaliana genome, which may enhance their ability to capture
species-specific genomic features relevant to A. thaliana-virus interac-
tions. Despite this competitive performance, GLM-based models
generally underperformed PLM-based models under the same evalua-
tion framework. In addition, GLM-based models exhibited greater per-
formance variability across classifiers, with AUPRC values ranging
from 0.332 to 0.597, and some combinations (eg, DNABERT CNN)
showed limited ability to identify positive interaction pairs (Table S2).
Overall, these results suggest that while GLMs capture informative se-
quence features, protein sequence representations remain more effec-
tive for A. thaliana—virus protein interaction prediction.

Performance comparison of integrative models of
PLMs and GLMs

Given the potential complementarity between PLMs and GLMs, we fur-
ther investigated whether integrating these 2 representations via 2 dif-
ferent strategies could improve prediction performance. In the first
strategy, the optimal protein features derived from ESMC and the opti-
mal genomic features derived from GPN were concatenated to form a

3,328-dimensional representation, which was subsequently used for
classification with XGBoost. This model (ESMC+GPN_XGBoost) achieved
an AUPRC of 0.658 on the test set (Fig. 3a, 3b; Table S2). Compared with
the optimal PLM-based model (ie, AraVirusPPI), AUPRC showed no sub-
stantial increase. In the second strategy, a model-level ensemble ap-
proach was adopted. Prediction scores generated by the protein-based
model (ESMC_XGBoost) and the genomic model (GPN_XGBoost) were
used as input features for a logistic regression (LR) classifier. This ensem-
ble model achieved an AUPRC of 0.647 on the test set (Fig. 3a, 3b;
Table S2). Overall, although integrative models improved certain per-
formance metrics (eg, recall), they did not substantially outperform
AraVirusPPI. In addition, these approaches introduced increased com-
putational cost and model complexity.

Performance comparison of traditional protein
sequence encoding methods

To further benchmark model performance, we compared
AraVirusPPI with multiple baseline models based on traditional pro-
tein sequence encoding schemes [ie, dipeptide composition (DPC),
conjoint triad (CT), composition of k-spaced amino acid pairs
(CKSAAP), and auto-correlation (AC)] combined with XGBoost, RF,
SVM, and CNN classifiers. Among these, the CKSAAP_XGBoost model
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Figure 3 Performance of integrative models and traditional sequence encodings. a, PR curves of two integrative models, including ESMC
+GPN_XGBoost (ie, the XGBoost model trained with the concatenated ESMC and GPN features) and the LR model trained using ESMC_XGBoost and
GPN_XGBoost predictions. For comparison, PR curves of ESMC_XGBoost and GPN_XGBoost were also plotted. b, ROC curves for the corresponding
models shown in (a). ¢, AUPRC comparison of AraVirusPPI against 4 machine learning methods using traditional protein sequence encoding schemes

(ie, DPC, CT, CKSAAP, and AQC).

achieved the best performance, with an AUPRC of 0.493 and an area
under the receiver operating characteristic curve (AUROC) of 0.901
(Table S2). However, this performance remained substantially lower-
than that of AraVirusPPI, which achieved an AUPRC of 0.662 (Fig. 3c).
Across different classifiers, traditional encoding methods generally
performed better under the XGBoost framework, but their overall per-
formance remained limited (Table S2). These results demonstrate that
pretrained PLM-based representations provide a clear advantage
over traditional sequence encoding schemes for A. thaliana—virus
PPI prediction. Taken together, these benchmarking experiments sup-
port the selection of the AraVirusPPI framework as the optimal com-
putational framework for the current dataset.

Performance comparison of residue-level
representations and fusion strategies

We additionally evaluated whether residue-level representations
and interaction-aware feature fusion strategies could provide per-
formance improvements over the AraVirusPPI framework. A multi-

head cross-attention model was developed based on residue-level
ESMC representations, and 3 protein pair feature fusion strategies,
including concatenation, Hadamard product, and element-wise dif-
ference, were compared. Compared with pooled representations,
residue-level embeddings retain local sequence information and
may better capture important interaction-related residues
(Elnaggar et al. 2022; Candido et al. 2026). Within the residue-level
models, element-wise difference and Hadamard product achieved
better performance than concatenation but did not outperform the
original AraVirusPPI model (Figure Sla). This may be related to
the limited size of the current training dataset, where the advantages
of more complex model architectures may not be fully exploited.
We further replaced the concatenation strategy in the ESMC_
XGBoost framework with Hadamard product and element-wise
difference, but neither strategy outperformed AraVirusPPI
(Figure S1b). These results suggest that, although more complex
residue-level representations and interaction-aware fusion strat-
egies were explored, the simpler ESMC_XGBoost framework re-
mained suitable for the current dataset.
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Table 1 Overview of the compiled A. thaliana-virus PPI data.

Category Virus name Abbreviation Genome No. of positive PPIs  No. of negative PPIs
RNA Turnip mosaic virus (strain Japanese) TumMv SSRNA(+) 319 3,190
Tobacco etch virus TEV SSRNA(+) 214 2,140
Cucumber mosaic virus (strain Q/FNY) cmv sSRNA(+) 14 140
Potato virus X PVX ssRNA(+) 6 60
Tobacco mosaic virus (strain vulgare/U1) ™V ssRNA(+) 4 40
Beet western yellows virus BWYV sSRNA(+) 2 20
Alfalfa mosaic virus (strain 425/isolate Leiden) AMV sSRNA(+) 1 10
Alternanthera mosaic virus (Potexvirus alternantherae)  AltMV ssRNA(+) 1 10
Barley yellow dwarf virus (isolate PAV) BYDV sSRNA(+) 1 10
Groundnut rosette virus (strain MC1) GRV ssRNA(+) 1 10
Potato mop-top virus (isolate Potato/Sweden/Sw) PMTV sSRNA(+) 1 10
Rice stripe virus (isolate T) RSV ssRNA(-) 1 10
Turnip crinkle virus v sSRNA(+) 1 10
DNA Cabbage leaf curl virus (isolate Jamaica) CabLCV ssDNA(+/-) 79 790
Cauliflower mosaic virus (strain Strasbourg/S-japan) CaMv dsDNA-RT 8 80
Tomato golden mosaic virus (strain Yellow vein) TGMV sSDNA(+/-) 6 60
Beet curly top virus (strain California/Logan) BCTV sSDNA(+/-) 3 30
Mungbean yellow mosaic India virus MYMIV sSDNA(+/-) 2 20
Tomato yellow leaf curl Sardinia virus TYLCSaV ssDNA(+/-) 1 10
Tomato yellow leaf curl virus TYLcv SSDNA(+/-) 1 10
Total 666 6,660

Evaluation of model generalization across unseen
virus species

To evaluate generalization across unseen viruses, we conducted 2
more rigorous computational experiments to further test the perform-
ance of the AraVirusPPI framework. Due to the limited number of vi-
rus species and PPIs, virus species with fewer than 5 experimentally
validated PPIs were used as a test set (Table 1), while the remaining
viruses were used for training. The model achieved an AUPRC
of 0.378 in this evaluation (Figure S2a). We further evaluated
AraVirusPPI on an additional independent dataset collected from pub-
lished literature and not included in the original training or test sets
(Table S4), achieving an AUPRC of 0.444 (Figure S2b). Overall, per-
formance in both computational experiments was lower than the
original test performance (AUPRC = 0.662), which is likely due to the
challenges of cross-virus prediction, including evolutionary differen-
ces among viruses and insufficient interaction data used in training.
Nevertheless, both evaluations remained substantially higher than
random expectation (AUPRC =0.091), suggesting that AraVirusPPI re-
tains predictive ability on the evaluated unseen-virus datasets.

Comparative analysis of A. thaliana-virus and
A. thaliana-bacterium PPI networks

To further explore the biological significance of the predicted interac-
tions, we performed a comparative analysis of 3 A. thaliana—pathogen
PPI datasets: 2 viruses (ie, CabLCV and TuMV), and 1 bacterium (ie,
Pseudomonas syringae, Psy), which is one of the best-studied plant bac-
terial pathogens and serves as a model for understanding plant-patho-
gen interactions (Chen et al. 2022). CabLCV interactions were derived
from high-confidence predictions generated by the AraVirusPPI model
in this study (500 interaction pairs), whereas TuMV interactions were
obtained from experimentally validated A. thaliana—virus datasets.
Experimentally validated A. thaliana-Psy interactions were also in-
cluded for cross-pathogen comparison. More details about these data-
sets are available in the Materials and Methods section. We first
compared the host target protein sets of the 3 pathogens. Notably, no
A. thaliana protein was targeted by all 3 pathogens, indicating

substantial differences in host target protein selection among distinct
pathogen types. Comparatively, the 2 viruses (CabLCV and TuMV)
shared considerably more host target proteins than either virus shared
with Psy. This difference was further supported by Jaccard similarity,
which measures the relative overlap between 2 target protein sets.
The higher Jaccard similarity between the 2 viral target sets suggests po-
tential similarities in their inferred host targeting patterns (Fig. 4a).
We next examined the network properties of pathogen target pro-
teins by constructing an A. thaliana host PPI network comprising
55,517 interactions among 11,411 proteins. The pathogen target proteins
were then mapped onto this network to examine their potential organ-
izational patterns and convergent targeting behaviors. Using random
sampling simulations, we systematically evaluated convergent targeting
among pathogen effectors (Fig. 4b). For both viruses and the bacterium,
the observed numbers of unique host-targeted proteins were signifi-
cantly lower than random expectations, indicating that multiple pro-
teins from the same pathogen tend to target overlapping host proteins,
exhibiting pronounced intraspecies convergence (Fig. 4c). This phenom-
enon has been previously reported for bacterial effectors (Wefling et al.
2014), and our results demonstrate that plant viruses display similar
convergent targeting patterns. The number of shared host target pro-
teins between different pathogens was consistently higher than ex-
pected by chance, suggesting that distinct pathogens tend to target
common key nodes in the host interaction network. Notably, the pre-
dicted CabLCV and TuMV target proteins overlapped significantly
more with each other than either did with Psy, further suggesting dis-
tinct targeting patterns between viral and bacterial pathogens (Fig. 4d).
Based on the host PPI network, we further analyzed the topological
positions and distance distributions of pathogen target proteins. The
average shortest-path distances among target proteins were signifi-
cantly shorter than those between targeted and nontargeted proteins
for all 3 pathogens (Fig. 5a, d), indicating that pathogen-targeted pro-
teins are not randomly distributed but tend to form locally clustered
modules. This clustering suggests coordinated perturbation of specific
functional modules involved in host immunity and regulation.
Moreover, targeted proteins showed higher betweenness centrality
than nontargeted proteins for CabLCV, TuMV, and Psy, whereas de-
gree differences varied among pathogens (Fig. 5b, c; Table S6).
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Psy in pairwise comparisons.

Repeated random sampling analyses showed that betweenness cen-
trality differences remained significant in >99% of iterations for all
3 pathogens, while degree differences were significant in 52.1%,
51.8%, and 100% of iterations for CabLCV, TuMV, and Psy, respectively
(Table S6). However, clear differences were observed among patho-
gens. Psy-targeted proteins exhibited significantly higher degree and
betweenness centrality than viral targets (Fig. Se, ), suggesting that
bacterial pathogens tend to directly interfere with core regulatory
hubs, whereas computationally inferred viral targets may be more
likely located in secondary functional modules. Overall, these results
provide computational evidence for distinct targeting patterns be-
tween viral and bacterial pathogens within the A. thaliana protein in-
teraction network. These support the potential applicability of
AraVirusPPI for large-scale plant-virus PPI analysis, although the pre-
dicted CabLCV interactions require further experimental validation to
confirm their biological relevance.

Functional enrichment of host proteins targeted
by viruses and bacteria

We further investigated the functional roles of host proteins tar-
geted by CabLCV, TuMV, and Psy using Gene Ontology (GO) enrich-
ment analysis (Fig. 6). A set of significantly overlapping functional
terms was identified across the 3 pathogens. At the BP level, all 3
target protein sets were enriched in terms related to “processes in-
volved in symbiotic interactions” and “protein folding”. At the mo-
lecular function (MF) level, common enrichment was detected for
“heat shock protein binding” and “copper ion binding.” These re-
sults indicate that both viral and bacterial pathogens preferentially
target host proteins involved in proteostasis maintenance and
stress responses. Notably, the consistent enrichment of protein
folding and molecular chaperone-related terms suggests that host
chaperone systems may be associated with pathogen infection
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Figure 5 Topological characteristics of A. thaliana proteins targeted by plant pathogens in PPI networks. a, Average shortest path distances among
target A. thaliana proteins and between target and nontarget A. thaliana proteins for CabLCV, TuMV, and Psy. b, Cumulative proportion distribution
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and cellular stress responses (Zhang and Wang 2012; Herath et al. processes play important roles during both viral and bacterial in-
2020). Moreover, the shared enrichment for copper ion binding fections. This observation is consistent with previous reports high-
across the 3 target protein sets suggests that metal ion-associated lighting the involvement of metal ions in animal immunity
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Figure 6 Heatmap of GO functional enrichment analysis for A. thaliana proteins targeted by CabLCV, TuMV, and Psy. The left panel shows GO terms for
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values indicating stronger enrichment.

(Lu et al. 2024), suggesting that copper-regulatory pathways may
represent a common functional module in host responses to di-
verse pathogens.

In addition to these shared features, viral and bacterial target pro-
teins exhibited distinct functional patterns. At the BP level, viral target
proteins were significantly enriched in terms related to “viral proc-
esses”, “photosynthesis”, “electron transport chain”, “photosystem II
repair”, and “pigment metabolism”, indicating a close association be-
tween viral infection and host chloroplast function and photosyn-
thetic activity (Li et al. 2021). By contrast, bacterial target proteins
were more strongly enriched in processes related to immune re-
sponses and stress responses, including “regulation of immune re-
sponse”, “regulation of response to external stimulus”, and “positive
regulation of defense response”. These enrichment differences sug-
gest distinct host response pathways targeted by viruses and bacteria.
Consistent with this, although both viral and bacterial infections can
induce reactive oxygen species (ROSs) production, the enrichment
patterns may indicate differences in their sources and regulatory
mechanisms. Bacterial target proteins are primarily associated with
immune regulatory processes, suggesting that ROS production may
be linked to pattern-triggered immunity (PTI)-related signaling
(Dangl et al. 2013; Jones et al. 2024), whereas viral targets are predom-
inantly enriched in chloroplast-related and photosynthetic electron

transport processes, indicating that chloroplast-derived ROS may
play a more prominent role during viral infection.

Notably, the DNA virus CabLCV and the RNA virus TuMV also exhib-
ited distinct functional enrichment patterns, reflecting fundamental dif-
ferences in their replication and gene expression strategies. The
predicted CabLCV-targeted proteins were mainly enriched in cell wall
organization and metabolic processes, including carbohydrate metabo-
lism and photosynthesis, suggesting a potential role in remodeling the
host cellular environment and altering resource allocation. This inter-
pretation is consistent with previous studies showing that begomovirus
proteins interact with host factors involved in intracellular trafficking,
nuclear transport, transcriptional regulation, and antiviral signaling
(Carvalho and Lazarowitz 2004; Gouveia-Mageste et al. 2021). In con-
trast, TuMV-targeted proteins were primarily enriched in functions asso-
ciated with RNA metabolism, translation-related processes, protein
homeostasis, and related cellular processes. These functions are in-
volved in multiple stages of TuMV infection, including viral replication,
intracellular trafficking, and host cellular regulation (Li et al. 2016;
Martinez et al. 2023). Collectively, these differences suggest that DNA
and RNA viruses may adopt distinct strategies to manipulate host cellu-
lar functions. Based on the predicted host targets, the DNA virus exam-
ined here appears to target broader cellular processes associated with
metabolism and cellular remodeling, whereas the experimentally
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validated TuMYV targets are more prominently associated with host fac-
tors involved in RNA metabolism and translation-related processes.

Discussion

Plant viruses possess small genomes, and they typically employ a lim-
ited number of multifunctional viral proteins to precisely manipulate
key host molecular networks, thereby facilitating infection and prolif-
eration (Wu et al. 2022; Atabekova et al. 2023). Compared with other
host-pathogen interaction systems, studies on plant-virus protein in-
teractions lag far behind. Most existing studies have focused on indi-
vidual viruses or single host factors, while a comprehensive,
system-level understanding of plant-virus PPI networks remains lack-
ing. In this context, we systematically compiled publicly available
A. thaliana—virus protein interaction data reported before 2024. This
effort partially alleviated the limitations caused by data fragmenta-
tion. We further employed experimentally validated interactions as
a reliable reference set and introduced a computational framework
to develop and evaluate plant host-virus PPI prediction models. The
established framework not only enables the identification of potential
host-virus interactions that have not yet been experimentally vali-
dated, but also provides a feasible complementary approach for ex-
panding the coverage of plant-virus interactomes under limited
experimental conditions.

Regarding dataset preparation, selecting negative samples is a crit-
ical issue in developing machine learning-based PPI predictors. Since
experimentally validated noninteracting protein pairs are difficult to
define, random sampling from large protein pair spaces remains a
commonly used strategy in PPI prediction (Lian et al. 2021).
However, this strategy does not explicitly incorporate subcellular lo-
calization information. On the one hand, negative pairs without anno-
tated subcellular colocalization are expected to have a lower
probability of physical interaction. On the other hand, such negative
pairs may represent “easy negatives”, which artificially boosts the
model’s performance. To examine this issue, we analyzed the localiza-
tion annotations of randomly generated negative pairs. Among pairs
with available localization information, 48.9% shared at least one sub-
cellular localization annotation (ie, colocalization), whereas 51.1% did
not share any localization annotation (ie, noncolocalization)
(Figure S3). We acknowledged that the subcellular localization con-
straint of negative samples was not taken into account in the current
work. Although how to incorporate subcellular localization informa-
tion into negative sample selection remains an open question, it pro-
vides a potential direction for future method improvement.

In terms of methodology, PLM-derived representations demon-
strated clear advantages for predicting A. thaliana—virus PPIs.
Compared with GLMs and traditional protein sequence encoding
schemes, these representations exhibited superior performance. This
finding suggests that representations learned directly from protein se-
quences are more effective in capturing biologically relevant features
associated with protein interactions. During large-scale pretraining,
PLMs learn contextual relationships among amino acids and implicitly
encode structural constraints and functional characteristics (Rives
et al. 2021; Elnaggar et al. 2022; Lin et al. 2023; Candido et al. 2026).
By comparison, traditional protein sequence encodings mainly capture
manually defined sequence patterns (Shen et al. 2007; Chen et al. 2011;
Kao et al. 2020), but may have limited ability to represent complex and
long-range dependencies within protein sequences. GLM-derived repre-
sentations capture genomic-level sequence information, including

nucleotide composition and evolutionary patterns (Ji et al. 2021;
Benegas et al. 2023; Zhou et al. 2023; Sanabria et al. 2024; Shao and
Yan 2024; Zhai et al. 2026, 2025). Comparatively, plant-specific genomic
models showed relatively better performance in plant-virus interaction
prediction. However, GLMs may also capture genomic features that are
less relevant to protein interactions. This limitation may be particularly
relevant for plant viruses with compact and complex genomes, where
overlapping open reading frames, ribosomal frameshifting, and poly-
protein processing complicate the relationship between genomic se-
quences and mature viral protein functions (Wu et al. 2022, 2024;
Atabekova et al. 2023; Xavier and Whitfield 2023). Consequently, these
learned representations are inferior to PLM-derived representations
in predicting plant-virus PPIs. Notably, the performance differences
among different sequence representations were consistent across classi-
fication algorithms, and XGBoost performed best for the current plant—
virus PPI prediction task.

Integrative analyses based on the host PPI network revealed that
different pathogen types adopt distinct interference strategies when
targeting host proteins. Both viruses and bacteria tend to converge
on functionally related host proteins, indicating that pathogens do
not disrupt host systems in a broad, random manner but instead pref-
erentially target specific regulatory modules (Wefsling et al. 2014; Li
et al. 2017; Osborne et al. 2023). This modular targeting strategy
may enable pathogens to efficiently manipulate key host processes de-
spite having a limited number of proteins, particularly in viruses.
Further comparisons revealed clear differences between viruses
and bacteria in the hierarchical levels at which they interfere with
host networks. Bacteria tend to target central regulatory nodes within
host interaction networks, consistent with their relatively larger and
more functionally diverse repertoires of effector proteins. In contrast,
viruses, which encode fewer proteins, are more likely to influence
host cellular processes by coordinately targeting relatively peripheral
yet functionally connected modules. Consistent with these shared
network-level patterns, functional enrichment analysis also revealed
common host-targeting features across pathogen groups, particularly
related to proteostasis and stress responses (Zhang and Wang 2012;
Herath et al. 2020). In contrast, virus- and bacterium-targeted proteins
exhibited distinct functional preferences: viruses were primarily asso-
ciated with chloroplast and energy-related processes (Li et al. 2021),
whereas bacteria were more closely linked to immune regulation
(Jones et al. 2024). In addition, virus-specific functional signatures in-
dicate that different viral pathogens may adopt distinct strategies to
modulate host cellular processes. Collectively, the concordance be-
tween network topology and functional profiles provides computa-
tional evidence supporting the potential biological significance of
the predicted interactions and highlights the value of integrating net-
work and functional analyses to understand the global landscape of
plant-pathogen PPI networks.

In summary, the AraVirusPPI predictor developed in this study rep-
resents the first machine learning-based plant-virus PPI prediction
method for the community. The highlight of AraVirusPPI should be as-
cribed to the introduction of a pretrained PLM (ie, ESMC), which cap-
tures rich semantic information to reflect the interaction potential
between plant-virus protein pairs. To explore the real-world applica-
tion of AraVirusPPI, we conducted proteome-wide PPI predictions be-
tween A. thaliana and CabLCV, providing a global understanding of
the A. thaliana—CabLCV PPI network. Nevertheless, the current
AraVirusPPI still suffers from several limitations. First, the training
and evaluation of the prediction model rely on currently available
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plant-virus interaction data, which remain relatively limited.
This limitation may restrict the model’s ability to learn rare or
species-specific interaction patterns. Second, the interactions pre-
dicted by AraVirusPPI are purely computational inferences and re-
quire further experimental validation to establish their biological
validity. For instance, the A. thaliana-CabLCV PPI network analysis
was based on predicted PPIs, and the resulting network patterns
should be interpreted with caution. Moreover, extending this
framework to additional plant species and diverse pathogen types
will facilitate broader comparative analyses of pathogen interference
strategies within host systems. Taken together, we hope that
AraVirusPPI can serve as an important tool to accelerate the identifi-
cation of plant-virus PPIs, further guiding hypothesis-driven experi-
mental efforts to decipher the plant-virus relationship.

Materials and methods
Data collection and preparation

To construct a high-quality PPI dataset between A. thaliana and plant
viruses, 25 experimentally validated PPIs were first collected from
multiple public databases, including BioGRID (https:/thebiogrid.org),
HPIDB (Ammari et al. 2016), IntAct (https:/www.ebi.ac.uk/intact),
and VirusMentha (Calderone et al. 2015). Moreover, 940 experimen-
tally validated PPIs were collected from the literature before 2024.
CD-HIT v4.8.1 (Li and Godzik 2006) at a 40% identity threshold was
used to reduce sequence redundancy in the collected PPIs. As a result,
666 nonredundant PPIs were obtained, which cover 13 RNA viruses
and 7 DNA viruses (Table S1).

The complete proteome of A. thaliana based on the Araport11 anno-
tation release was downloaded from the TAIR database (http:/
arabidopsis.org), and viral proteomes were obtained from UniProt
(https:/www.uniprot.org/). Detailed pathogen strain/isolate informa-
tion is provided in Table 1. These datasets were further clustered using
CD-HIT with the same threshold, reducing A. thaliana proteins from
27,562 to 14,930 and viral proteins from 134 to 80. For negative sam-
ple construction, a random pairing strategy was adopted to generate
6,660 plant—virus protein pairs with the exclusion of positive samples,
resulting in a 1:10 ratio of positives to negatives. The distribution of
positive and negative samples across different virus species is sum-
marized in Table 1. For model training and evaluation, the compiled
dataset was randomly split into a training and a testing set at an 8:2
ratio. The training set contained 5,860 pairs (533 positives and 5,327
negatives), and the testing set contained 1,466 pairs (133 positives
and 1,333 negatives). An additional test dataset was also compiled us-
ing 19 experimentally validated PPIs from 12 virus species not in-
cluded in the original training or test sets (Table S4). Negative
samples were generated using the same random pairing strategy de-
scribed above.

Protein embedding extraction

Protein language models

In this study, 4 transformer-based PLMs were employed to extract
feature representations from protein sequences, including
ESM-1b  (esm1b_t33_650M_UR50S) (Rives et al. 2021), ESM-2
(esm2_t33_650M_URS50D) (Lin et al. 2023), ESMC (esmc-600m-2024-12)
(Candido et al. 2026), and ProtT5 (prot_t5_xI_half uniref50-enc; from

the ProtTrans framework) (Elnaggar et al. 2022). ESM-1b contains ap-
proximately 650 million parameters and consists of 33 transformer
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layers, enabling the generation of context-aware embeddings for amino
acid residues. ESM-2 also contains approximately 650 million parame-
ters and incorporates improvements over ESM-1. ESMC represents a
new generation of the ESM models, with optimized architecture and
training strategies for efficient and accurate sequence representation.
Likewise, ProtT5 is pretrained on large-scale protein sequence datasets
to capture contextual information. For all the above models, a unified
feature extraction pipeline was applied. Residue-level embeddings
were first obtained for each input sequence, followed by mean pooling
along the sequence dimension to generate fixed-length protein-level
vectors. As a result, each protein sequence was represented by a vector
of fixed dimensionality (ESM-1b/ESM-2: 1280; ESMC: 1152; ProtT5:
1024). These vectors were subsequently used as input for PPI prediction.
For each protein pair, the corresponding feature vector was constructed
by horizontally concatenating the embeddings of the 2 proteins.

Traditional protein sequence encoding schemes

In this study, 4 classical protein sequence encoding schemes were also
employed to characterize sequence features, including DPC, CT,
CKSAAP, and AC. DPC (Bhasin and Raghava 2004; Kao et al. 2020) de-
notes the frequency distribution of adjacent amino acid pairs in a pro-
tein sequence, which is a 400-dimensional feature vector. CT (Shen
et al. 2007) calculates the frequencies of consecutive triad category
combinations. Since the 20 standard amino acids were classified
into 7 residue types, CT is a 343-dimensional feature vector. CKSAAP
encoding (Wang et al. 2009; Chen et al. 2011) captures the composition
features of amino acid pairs with different spacing distances. The
maximum spacing parameter was set to k=2, and features from dif-
ferent spacing distances were concatenated to form a
1200-dimensional vector, followed by normalization to eliminate
the influence of sequence length. AC encoding (Guo et al. 2008) char-
acterizes protein sequences based on the autocorrelation of physico-
chemical properties. Each amino acid is represented by a vector of 7
predefined physicochemical attributes, converting a sequence of
length L into an L x 7 numerical matrix. The lag parameter is set
from 1 to 30, where each lag defines a positional interval between res-
idues (iand i+ lag). For each lag and each property, the autocorrelation
is calculated by subtracting the mean value and averaging the prod-
ucts of values at positions i and i + lag across the sequence. This yields
7 values per lag, and concatenating across all lags results in a
210-dimensional feature vector.

Gene embedding extraction

In this study, 6 pretrained GLMs, including GPN, DNABERT,
DNABERT-2, GROVER, megaDNA, and PlantCAD2, were employed to
extract feature representations from gene sequences. GPN
(gpn-brassicales) is a CNN-based GLM pretrained on A. thaliana and
other Brassicales genomes (Benegas et al. 2023). To obtain fixed-length
sequence representations and eliminate the influence of gene length
variation, mean pooling was applied along the sequence dimension
to all base embeddings, yielding a 512-dimensional vector per gene.
Both DNABERT (6-new-12w-0) and DNABERT-2 (DNABERT-2-117M)
are based on transformer architectures (Ji et al. 2021; Zhou et al.
2023). Token-level embeddings were averaged across the sequence di-
mension, resulting in 768-dimensional gene representations. GROVER
is also a pretrained transformer-based model (Sanabria et al. 2024).
Hidden states from the final encoder layer were extracted as sequence
representations. Mean pooling was then performed along the
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sequence length dimension to generate a 609-dimensional embed-
ding vector for each gene. megaDNA (megaDNA_phage_145M) is a
transformer-based GLM designed for long-sequence modeling (Shao
and Yan 2024). The model-generated block-level embeddings were
aggregated using mean pooling, yielding a 512-dimensional
representation for each gene. PlantCAD2 (PlantCAD2-Medium-
148-d1024) is a plant-specific GLM pretrained on angiosperm genomes
using a long-context Mamba2 architecture (Zhai et al. 2026). Mean
pooling was applied to generate 1024-dimensional gene representa-
tions. For the integrated protein-genomic representation, ESMC em-
beddings of the plant and virus proteins were concatenated with
the corresponding GPN embeddings of their genes, generating a
3328-dimensional representation (1,152 x2 +512x 2) for each inter-
action pair.

Model architecture and parameter optimization

This study employed multiple machine learning and deep learning
classifiers, including XGBoost, RF, SVM, and CNN. The XGBoost model
was implemented using the Python xgboost package v2.0.3 (https:/
xghoost.readthedocs.io/), while the RF and SVM models were imple-
mented using scikit-learn v1.4.2 (https:/scikit-learn.org/). For these 3
traditional machine learning models, class weight balancing was ap-
plied during training. Key parameters were systematically optimized
via grid search (GridSearchCV), focusing on the number of trees, max-
imum tree depth, learning rate, and feature subsampling ratio for
tree-based models, as well as the regularization coefficient and kernel-
related parameters for SVM. Parameter tuning was evaluated using
5-fold cross-validation, and the hyperparameter search ranges and
optimized parameters are provided in Table S3. The 2 hyperpara-
meter optimization strategies “roc_auc” and “average_precision”
were evaluated for XGBoost, and “roc_auc” was selected for the final
optimization (Figure S4). Using the optimized parameters, the training
set was stratified into 5 folds. Five models were then trained, each on 4
folds with a different fold held out. These 5 models were combined
into an ensemble and evaluated on the independent test set, with their
prediction scores averaged to obtain the final prediction. The CNN
model was constructed using the TensorFlow v2.17.0 framework
(https:/www.tensorflow.org/), adopting a one-dimensional convolu-
tional architecture for feature learning. The CNN model consisted of
2 Conv1D layers with 32 and 64 filters (kernel size = 3), respectively,
each followed by a ReLU activation function and a max-pooling layer.
The extracted features were flattened and passed through a fully
connected layer with 128 neurons, followed by dropout (0.3) and a sig-
moid output layer. The model was trained using the Adam optimizer
(learning rate =0.001) with binary cross-entropy loss for a maximum
0f 100 epochs with a batch size of 32. Early stopping was applied with
a patience of 10 epochs, and the best-performing model weights were
restored for evaluation. All models were trained and evaluated on the
same dataset splits and assessment criteria to ensure comparability
across different methods.

Performance evaluation

Model performance was systematically evaluated using multiple com-
monly adopted classification metrics (ie, accuracy, precision, recall,
and F1-score), which are defined as follows:

Accurac —w
Y= TP+ TN+ P+ FN

Precision = TP
T TP+ FP
TP

ReCaH = TP-‘,-—FI\I

2xPrecisionxRecall

F1-score=———F———"7"—"——
Precision + Racall

Here, TP, FP, TN, and FN represent the numbers of true positives, false
positives, true negatives, and false negatives, respectively, with a clas-
sification threshold of 0.5. To further evaluate overall discriminative
ability across different decision thresholds, receiver operating charac-
teristic (ROC) and precision recall (PR) curves were plotted, and the
corresponding areas under the curves (AUROC and AUPRC) were com-
puted. Given the pronounced imbalance between positive and nega-
tive samples in this study, the PR curve and its associated AUPRC
were used as key indicators to better reflect the model’s predictive
performance.

Construction of A. thaliana PPI and A. thaliana-
pathogen PPI networks

To construct the A. thaliana PPI network, interaction data published
before 2025 were collected from BioGRID, IntAct, and TAIR. Note
that only experimentally validated physical interactions among A.
thaliana proteins were retained, resulting in a high-confidence host
PPI network (55,517 PPIs among 11,411 proteins). In parallel, A. thali-
ana-pathogen PPI networks were further constructed for 2 viruses,
CabLCV and TuMYV, and 1 bacterium, Psy. A. thaliana-CabLCV interac-
tions were predicted using the developed AraVirusPPI model.
Predicted interactions with scores above 0.5 were further ranked,
and the top 500 high-confidence interactions covering 245 A. thaliana
proteins and 5 CabLCV proteins were further retained (Table S5). Four
hundred and twenty-one A. thaliana-TuMYV interactions between 461
A. thaliana proteins and 11 TuMYV proteins were derived from the ex-
perimentally validated plant-virus PPI dataset compiled in this study,
whereas A. thaliana—Psy interactions (248 PPIs between 145 A. thaliana
proteins and 65 Psy proteins) were obtained from the experimentally
validated data compiled in AraPathogen 2.0 (Lel et al. 2024).

Network analysis

All network analyses focused on host proteins targeted by pathogens
within the A. thaliana PPI network. Convergence analysis was con-
ducted to evaluate the overlap of host target proteins within and be-
tween pathogens. The number of shared target proteins was
calculated for intra- and inter-species comparisons. An empirical
null distribution was generated by randomly sampling proteins
with replacement from the A. thaliana protein set, matching the num-
ber of observed targets in each simulation. This procedure was re-
peated 10,000 times. Statistical significance was assessed by
comparing observed values to the null distribution. For intraspecies
comparisons, the P-value was calculated as the proportion of simula-
tions in which the number of shared targets was less than or equal to
the observed value. For interspecies comparisons, the P-value was de-
fined as the proportion of simulations in which the value was greater
than or equal to the observed. In both cases, P=n/10,000, where n is
the number of simulations satisfying the corresponding criterion.
P <0.001 was reported when n <10 (Osborne et al. 2023).
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Shortest path distances were calculated using the shortest_paths
function in igraph v2.1.4 (https://igraph.org), and the average distance
for each protein was obtained after excluding unreachable pairs. In
intraspecies distance analysis, to control for differences in sample
size, nontarget proteins were randomly sampled without replacement
100 times to match the number of target proteins, and the average was
used. Network topological features, including degree and between-
ness centrality, were calculated using the corresponding functions
in igraph. For comparison with target proteins, nontarget proteins
were randomly sampled 1,000 times, with each sampling matched
to the number of target proteins. The cumulative distribution curves
of nontarget proteins were generated by averaging the curves from
the 1,000 random samplings. Statistical significance was assessed us-
ing the Wilcoxon test (two-sided), and visualization was performed us-
ing ggplot2 v3.5.1 (Wickham 2016).

Functional enrichment analysis

We conducted GO enrichment analyses of the host proteins targeted
by the 3 pathogens. All enrichment analyses were performed using
the R package clusterProfiler v4.10.1 (Wu et al. 2021), with enrichGO
used for GO enrichment analysis. GO annotations were derived
from org.At.tair.db (https:/bioconductor.org/) using TAIR gene identi-
fiers. Significance thresholds were set to pvalueCutoff=0.05 and
qvalueCutoff = 0.05. Multiple testing correction was performed using
the Benjamini-Hochberg (BH) method, and adjusted P-values (p.ad-
just) were used to control the false discovery rate. GO terms with
P.adjust<0.05 were considered significantly enriched. To facilitate
functional comparisons among pathogen target proteins, significantly
enriched GO terms from different pathogens were visualized using
the pheatmap package v1.0.12 (https:/CRAN.R-project.org/package=
pheatmap).
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