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Abstract

The systematic identification of human-virus protein-protein interactions (PPIs) is a critical step toward elucidating the underlying
mechanisms of viral infection, directly informing the development of targeted interventions against existing and emerging viral threats.
In this work, we presented DeepGNHYV, an end-to-end framework that integrated a pretrained protein language model with structural
features derived from AlphaFold2 and leveraged graph attention networks to predict human-virus PPIs. In comparison to other
state-of-the-art approaches, DeepGNHV exhibited superior predictive performance, especially when applied to viral proteins absent
from the training process, indicating its strong generalization capability for detecting newly emerging virus-related PPIs. We further
demonstrated DeepGNHV’s robustness across diverse perturbations and its practical application under high-confidence thresholds.
Additionally, we conducted extensive predictions of human-HPV PPIs, which were supported by multiple lines of evidence and identified
several host factors that specifically interact with high-risk HPV. To further explore the biological significance of DeepGNHV, we provided
a case study to pinpoint specific residues that play critical roles in facilitating the corresponding PPIs. The source code of DeepGNHV

and related data is publicly available on GitHub (https://github.com/bioboy0415/DeepGNHV).
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Introduction

Humans are exposed to numerous viruses over their lifetimes,
most of which are effectively managed by the host immune
system [1]. Nevertheless, millions of deaths are still caused by
viral infections each year due to the vast diversity of viruses [2].
Protein-protein interactions (PPIs) between humans and viruses
are crucial for understanding viral infections and host immune
response [3]. In-depth investigations of them contribute to a
better understanding of the complex human-virus relationships,
offering clues for developing novel strategies for the prevention
and treatment of viral infections [4]. In recent years, widely
used techniques such as yeast two-hybrid, affinity purification
mass spectrometry (AP-MS), and protein microarrays have
resulted in a growing number of human-virus PPIs, considerably
advancing efforts to develop vaccines and antiviral therapies
[5-7]. However, the distribution of these interactions remains
markedly imbalanced, with a disproportionate number discov-
ered for well-studied viruses such as SARS-CoV-2, influenza,
and HIV. In contrast, many other viruses remain underexplored,

pointing to numerous uncovered potential human-virus PPIs.
Given the time-intensive and costly nature of the experimental
PPI identification, the ability to preselect more likely interacting
protein pairs through computational methods can enhance the
overall efficiency of the human-virus interactomic studies.

A series of traditional methods have been developed for PPI pre-
diction, including interolog mapping [8, 9], domain-domain-based
interaction inference [10] and protein docking-based interaction
inference [11-13]. However, these approaches frequently demon-
strate inadequate predictive accuracy and limited applications.
Many machine learning (ML) and deep learning (DL) methods
are widely applied to predict PPIs within species and achieve
higher predictive performance than traditional approaches. In
recent years, several ML-based methods have been developed
to tackle the challenge of predicting interspecies interactions
between human and viral proteins. For instance, our team
developed the HVPPI [14] by integrating Doc2vec with random
forest (RF) models and TransPPI [15] by leveraging position-
specific scoring matrices with a Siamese convolutional neural
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network (CNN) and transfer learning strategies. Other notable
contributions include DeepViral [16], which combines information
from protein sequences, functional phenotypes, and taxo-
nomic families alongside CNN for human-virus PPI prediction.
Tsukiyama et al. further advanced the field by combining cross-
attention mechanisms with 1D-CNN to develop the Cross-
attention PHV model (CAPHV) [17]. More recently, Zhang et al.
(2024) proposed HBFormer [18], which integrates ProtT5 embed-
dings with a hybrid attention mechanism for improved human-
virus PPI prediction. Nevertheless, as a consequence of the limited
availability of structural data for viral proteins, interspecies
predictions of human-virus PPIs largely depend on sequence-
based approaches. However, the spatial arrangement of amino
acid residues within protein structures is also crucial for these
interactions. Additionally, the information in the previously used
encoding schemes is relatively limited, restricting the models’
ability to capture the intricate details of these interactions.

Over the past few years, pretrained protein language models,
such as ESM2 [19], ESM-MSA-1b [20], ProtTrans [21], ProteinBERT
[22], SaProt [23], and TAPE [24], were shown to capture complex
relationships between amino acids through unsupervised train-
ing on large-scale protein sequence or structure datasets and
enhance the performance of downstream prediction tasks signif-
icantly, such as PPI prediction [18], variant effect prediction [25],
protein engineering [26]. Furthermore, AlphaFold2 [27] achieved
a considerable breakthrough in predicting protein tertiary struc-
tures, with a released comprehensive database encompassing
over 200 million predicted protein monomer structures for the
human proteome and 47 other key organisms [28].

Historically, the predominant models developed for predicting
human-virus PPIs have mainly encompassed RF, CNN, LSTMs, and
attention-based networks, all exhibiting commendable efficacy.
Nevertheless, these approaches are more suitable for dealing with
protein sequence data. In recent years, graph neural networks
(GNNs) have demonstrated exceptional adaptability to leverage
protein structural data. There are a growing number of studies
applying GNNs to structural bioinformatics tasks, including PPI
prediction [29], binding site identification [30], and protein func-
tion annotation [31]. In this study, we aim to develop a generaliz-
able model for human-virus PPI prediction, focusing on interac-
tions involving previously uncharacterized viruses. We also sys-
tematically explore PPIs associated with human papillomavirus
(HPV) across multiple subtypes to identify shared and unique
interaction patterns as well as key factors that contribute to a
deeper understanding of the underlying mechanisms. Further-
more, we pinpoint some key residue sites that play a crucial role
in the interaction predictions independently of any residue-level
annotations.

Materials and methods
Dataset construction

We compiled experimentally validated human-virus PPIs (i.e. pos-
itive samples) from six public databases, including BIOGRID [32],
IntAct [33], HPIDB [34, 35], MINT [36], PHISTO [37], and VirHostNet
[38]. To ensure data quality, we removed duplicates, nonphysical
PPIs, proteins shorter than 30 amino acids, and PPIs identified
only once through large-scale MS experiments. As a result, we
obtained 31 142 nonredundant human-viral PPIs between 6729
human proteins and 1154 viral proteins.

For dataset splitting, we employed a virus protein-based five-
fold cross-validation strategy. The viral proteins in the positive
samples were randomly divided into five parts. In each iteration,
four parts were used to construct the training set (70%), validation

set (15%), and C1Virus test set (15%), while the remaining part
served as the C2Virus test set. The C2Virus test set was specifically
constructed to simulate scenarios where the models predict PPIs
involving novel viral proteins. This process was repeated five
times to mitigate the bias introduced by the selection of viral
proteins, ensuring that each viral protein appeared in the C2Virus
test set only once across all iterations (Supplementary Fig. 1 and
Supplementary Table 1). Regarding negative sample selection,
we first randomly paired human and viral proteins from the
positive samples. After excluding the known PPIs, we applied
“Dissimilarity-based negative sampling” method [39] (sequence
identity < 60%) to minimize potential false negative samples
while randomly selecting negative samples at a quantity 10 times
that of the positive samples for each dataset.

We obtained the predicted structural models of human
proteins from the AlphaFold Protein Structure Database [28].
Considering that the structural models for most viral proteins
are not available in the database, we predicted the structures
of these viral proteins using the locally deployed AlphaFold2
[27]. The predicted local distance difference test distributions
of human/viral proteins and the corresponding AlphaFold2
parameter settings in predicting viral protein structures are
provided in Supplementary Fig. 2.

Protein representation strategies

To capture the intricate dependencies and inherent patterns
among amino acid residues, we employed the ProtT5-XL-Uniref50
model (ProtTS) [21] with 3 billion parameters, pretrained on
the Big Fasta Database dataset and fine-tuned on the UniRef50
dataset for protein embedding. Specifically, we downloaded the
source code and parameters of ProtT5 from https://github.com/
agemagician/ProtTrans and executed it locally. For a human or
viral protein sequence of length N, we input it into the frozen
ProtT5 model and obtained an Nx1024 matrix from the final
neural network layer after removing the end tokens, where each
row of the matrix corresponds to the embedding of a specific
amino acid.

We then used the graph structure G = (V,E) to represent
the 3D structure of a human or virus protein, where V denoted
amino acid residues in the protein, and E indicated the contact
relationships between these residues. The contact relationships
were determined by assessing whether the Euclidean distance
between the C,atoms of any two residues in the protein monomer
model was less than a specified threshold of 8 A. This criterion
was used to construct the adjacency matrix, while the embedding
matrix from ProtTS was used to encode the feature matrix of
V for residue-level annotations. We also explored the impact of
different structural representations on the model’s generalization
performance, including focusing solely on surface residues
or transforming the undirected graph into a directed one by
modifying the adjacency matrix. The Undirected graph uses
all amino acid residues in human or viral proteins to construct
the adjacency matrix and embedding vectors, with bidirectional
edges between neighboring residues. The Surface graph only
includes surface residues, excluding those with a relative solvent
accessibility lower than 0.3. The Semidirected graph extends the
Undirected graph by modifying the adjacency matrix in the final
layer, removing edges to buried residues while retaining self-
connections for all nodes.

Model architecture

In this study, we constructed a two-layer Graph Attention Net-
work (GATConv) [40] to extract key structural information of
PPI prediction while progressively reducing the dimensionality of
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Figure 1. Workflow of human-virus PPI prediction based on structural models and pretrained protein language model. Firstly, we obtain the structural
models of human and viral proteins predicted by AlphaFold2. Each protein is represented as a graph, where a embedding matrix generated by ProtT5
encodes information about the amino acid residues, and an adjacency matrix represents the contact relationship between all residues. Then, we employ
a two-layer weight-sharing Siamese GATConv to progressively update the protein embeddings with the help of the adjacency matrix. After applying
global max pooling operations, we compute the Hadamard product of both protein representations and submit them to the Multilayer Perceptron (MLP)

layers for PPI predictions.

embedding matrices (from 1024 to 720, and then to 360) to ease
the computational load. Given that human-virus PPI prediction
is a pairwise heterogeneous input problem, we utilized a weight-
sharing Siamese network updating strategy for the GATConv.
The updated embedding matrices of human and viral proteins
were normalized through max pooling operations followed by
Hadamard product to capture local information and submitted
to the fully connected layers for classification (Fig. 1).
Specifically, for a human or viral protein of length N, the amino
acid embedding matrices H = 71)1,71)2, . .,_h)N ,ﬂ: € RF are
updated using the GATConv [40] provided by PyTorch Geometric

[41]. The updated embedding matrices are represented as H' =
[_)/ — —

hy, Nog,oon, iy _h); € RY, where F and F denote the feature
dimensions before and after transformation, respectively. A fully
connected layer W e RFXT projects the embedding matrices
to the specified dimensionality for attention score calculation.
The attention score represents the strength of the association
between amino acids i and j, and is calculated as aT [WTl)I HW_h))]

where a € R? is a fully connected layer. The attention scores
are then normalized using a softmax function, which is applied
exclusively to neighboring amino acids. To introduce non-linearity
and improve generalization, a LeakyReLU activation is applied to
the attention scores. This process is encapsulated in the following
formula:

exp (LeakyReLU (aT [W_h)l)

wi))

- Zke/\/> exp (LeakyReLU (aT [Wﬂ)luw_h:])) W

The obtained attention scores «j are utilized for the linear inte-
gration of the embedding matrices of all amino acids adjacent to
amino acid i. This integration is repeated k times, and the resulting
embedding matrices are concatenated to capture information

from multiple perspectives, followed by a nonlinearity o:
Fr]

=

K —
Ow® T
‘kzl" (ZJ'EM ay W h)) (2)

Batch normalization is applied after each GATConv layer to
improve the model’s generalization performance. After updating
the human and viral protein embedding matrices using the
weight-sharing two-layer GATConv, global max pooling is
performed on the resulting features, followed by the Hadamard
product @, and then passing them into a prediction module
consisting of two fully connected layers f to obtain final
interaction predictions:

§ = Softmax (f (_h)g(human)” o _h)g(viru5>”)) G

In the training step, we used a batch size of 64 and a dropout rate
of 0.3 to mitigate overfitting. The GATConv employed 12 attention
heads. Optimization was performed using the AdamW optimizer
with an initial learning rate of 3e-4. Additionally, we adopted a
ReduceLROnPlateau scheduler with a reduction factor of 0.5, a
patience of two epochs, and a minimum learning rate of 5e-5. All
experiments were conducted on a single NVIDIA RTX 3090 GPU
(24GB memory).

Performance evaluation

To assess the performance of different predictive models on the
benchmark datasets, we plotted the Precision-Recall (PR) curves
to visualize the precision and recall values at various thresholds.
Moreover, we calculated the area under the PR curve (AUPRC) for
each model, which is particularly suitable for assessing imbal-
anced classification tasks. We also drew the Receiver Operating
Characteristic (ROC) curve to visualize the trade-off between false
positive rate (FPR) and the true positive rate. Likewise, the area
under the ROC curve (AUROC) for each model was also calculated.
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The computations were conducted using the scikit-learn [42]
package in Python. Additionally, we employed several other com-
mon evaluation metrics to supplement the model performance
assessment, as described below:

Precision = i
~ TP+FP
TP
Recall = TPR = ——
eca TP+ EN
accuracy = TP + N
Y= TPFINTFP+EN

Fl— 2 x Precision x Recall
" Precision + Recall

where TP, FP, TN and FN indicate the numbers of correct and incor-
rect predictions for positive and negative samples, respectively.

Results and discussion
The overall performance of DeepGNHV

To assess the performance of our proposed DeepGNHV model,
we compared it with five state-of-the-art methods (HBFormer,
TransPPI, HVPPI, CAPHV, and DeepViral) for predicting human-
virus PPIs, focusing on the performance of both the C1Virus
dataset and the more challenging C2Virus dataset. To ensure fair
comparison, we obtained and locally implemented all competing
methods using their publicly available source codes from GitHub.
The results showed that DeepGNHV achieved the highest AUPRC
on the C1Virus dataset, slightly outperforming TransPPI and con-
siderably surpassing the other models (Fig. 2A and B). While all
models exhibited reduced prediction performance on the C2Virus
dataset compared to the C1Virus dataset, this reflected the chal-
lenge of accurately predicting interactions for novel viral proteins.
DeepGNHV achieved the highest AUPRC of 0.573, followed by
HBFormer, TransPPI, HVPPI, CAPHYV, and DeepViral (Fig. 2C and D).
The above result indicated DeepGNHV'’s superior predictive per-
formance, particularly on the more challenging dataset, thereby
contributing significantly to the real application.

Recently, the latest version of AlphaFold (i.e. AlphaFold3) [43]
achieved a massive success in predicting the 3D complex struc-
ture of two interacting proteins, where the parameter of interface
PTM score (ipTM) was reported to judge if two proteins can inter-
act or not from the predicted 3D complex structure. Generally, a
higher ipTM points to a higher interaction likelihood. Therefore,
it is also interesting to compare the proposed DeepGNHV and
other existing human-virus PPI predictors against AlphaFold3 in
distinguishing protein interactions from non-interactions. Con-
sidering the current AlphaFold3 web server only allows the daily
processing of 30 predictions, we benchmarked its performance
on a subset of the C2Virus dataset, comprising 100 positive and
200 negative samples randomly selected. The results indicate
that AlphaFold3 performs inferior to DeepGNHV and other exist-
ing human-virus PPI predictors (Supplementary Table 2). Such a
result implies that the simple metric inferred from AlphaFold3
cannot detect human-virus PPIs accurately, although AlphaFold3
was explicitly designed for 3D structure prediction of interacting
proteins.

Analysis of different graph representations indicated that the
Undirected graph (incorporating all amino acid residues) slightly
outperformed both the Surface graph and the Semidirected graph
(Supplementary Table 3). It is widely acknowledged that surface
residues play a crucial role in protein physical interactions; how-
ever, buried residues within a protein structure contribute to

the integrity of the protein’s structure and can provide useful
information in PPI prediction. Considering that the information of
buried residue is neglected in the Surface graph and the Semidi-
rected graph, the Undirected graph yielded more favorable perfor-
mance.

We examined the performance of various methods across dif-
ferent virus categories in the C2Virus dataset (Fig. 3A). Over-
all, DeepGNHV demonstrated superior predictive performance
in most virus categories compared to other methods, except for
Hepatitis. On the other hand, the performance on different viruses
is different. Notably, all methods achieved exceptionally high per-
formance on human-HIV PPI prediction, which is likely attributed
to the substantially larger training set size (n=9347 verified inter-
actions) compared to other virus categories. However, this pattern
does not extend to influenza A virus , which showed poorer
performance despite having the second-highest number of PPIs,
indicating that prediction difficulty depends on factors beyond
mere interaction counts. Thus, we further examined the relation-
ship between intra-virus protein sequences and their interaction
profiles in HIV and other viruses (Supplementary Fig. 3). We found
that HIV is characterized by a substantial number of highly sim-
ilar HIV protein pairs sharing the same human host interacting
partners, which is less frequently observed in other viruses, par-
ticularly in Hepatitis and SARS-CoV. Due to this potential dataset
bias, predicting the PPIs between Hepatitis/SARS-CoV and their
human host yielded a relatively weak performance.

The practicality and robustness assessment

While ROC and PRC curves demonstrated the comprehensive
predictive performance of the models across various thresholds,
we specifically evaluated model utility in high-confidence predic-
tion scenarios relevant to real-world applications. We calculated
the number of true positives predicted by each model on the
C2Virus dataset at a FPR control of 0.01 and visualized the results
using UpSetR [44] (Fig. 3B). The results showed that DeepGNHV
not only predicted the highest number of positive PPIs in high-
confidence scenarios but also yielded the most correctly predicted
PPIs shared with other methods.

To assess the robustness of the DeepGNHV model, we intro-
duced various levels of perturbations into the training dataset
to simulate potential false positives in public databases, as well
as possible false negatives in the constructed negative samples.
Specifically, we randomly swapped the labels between positive
and negative samples in the training set to increase noise. For
instance, a 20% perturbation involved swapping the labels of 20%
of the positive samples with an equal number of negative samples.
The models were then retrained and evaluated on the joint test
dataset derived from the C1Virus and C2Virus datasets. While
the predictive performance of all models gradually declined as
the perturbation proportion increased. DeepGNHV exhibited a
superior noise tolerance compared to other models (Fig. 3C). This
systematic evaluation confirms DeepGNHV’s enhanced robust-
ness to data quality issues commonly encountered in PPI studies.

Human-HPV protein—-protein interaction
prediction and analysis

To exemplify the real application of DeepGNHV, we selected
HPV for large-scale interaction predictions to enhance our
understanding of its infection mechanisms. HPV is a non-
enveloped double-stranded DNA virus that primarily enters basal
layer cells through wounds in the skin and mucous membranes
where itinitiates replication. By hijacking host cellular machinery,
HPV establishes a low-copy persistent infection in basal cells and
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Figure 2. Performance of DeepGNHV compared to other existing methods in predicting human-virus PPIs. Panels A and B plot ROC and PRC curves on
the C1Virus dataset, while panels C and D plot ROC and PRC curves on the C2Virus dataset.

produces viral particles within terminally differentiated epithelial
cells, which are eventually shed to release the virus. Based on their
pathogenicity and phylogeny, HPV can be mainly classified into
high-risk HPV (HR-HPV) and low-risk HPV (LR-HPV). HR-HPV is
closely associated with cancer, particularly cervical cancer, while
LR-HPV primarily causes benign warts [45].

We conducted large-scale human-HPV PPI predictions across
the human proteome, with six common HR-HPV and six LR-HPV
subtypes. Due to the considerable differences in the number of
recorded PPIs across HPV subtypes, we selected the top 500 high-
confidence predictions per subtype for further analysis, covering
2521 human proteins and 87 HPV proteins. Initially, we analyzed
the degree distribution of human proteins related to the predicted
PPIs (Fig. 4A). The results indicated that most human proteins
were targeted by an individual viral protein, while a small num-
ber of human proteins were targeted by multiple viral proteins.
Indeed, it follows a typical power law distribution, which is in
line with previous host-pathogen PPI network topologies, thereby
indirectly supporting the reliability of our predictions [46]. Subse-
quently, we integrated the predicted and experimentally validated
PPIs from various HPV subtypes to perform a comprehensive
Gene Ontology (GO) enrichment analysis on the targeted human
proteins, followed by the calculation of the Jaccard similarity

matrix and the generation of a heatmap along with clustering
analysis (Fig. 4B). The result suggests that HR-HPV subtypes tend
to cluster more tightly than LR-HPV subtypes, which may reflect
underlying biological differences. HR-HPV subtypes, associated
with more severe diseases, tend to interact with more specific
and functionally coherent host factors. In contrast, LR-HPV sub-
types, generally linked to milder pathogenicity, appear to rely
on more diverse and inconsistent interaction partners, leading
to a more scattered clustering pattern. Focusing on HR-HPV, we
identified 23 human proteins that specifically interacted with at
least five HR-HPV subtypes, 22 of which have been experimentally
validated to interact with HR-HPV, with the exception of LRRC7
(Supplementary Table 4). Interestingly, LRRC7 plays a key role in
postsynaptic density complex localization and NMDA receptor-
dependent long-term depression [47], which could be indirectly
exploited by HR-HPV to modulate the host cell’'s metabolic and
proliferative states, thereby facilitating its replication and per-
sistence. Subsequently, we conducted GO enrichment analysis
on the 23 human genes that specifically interact with HR-HPV
(Fig. 4C). This analysis revealed several pathways that have been
previously reported to be closely associated with the viral entry,
persistence, and oncogenic transformation of HR-HPV infection,
including the establishment or maintenance of epithelial cell
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apical/basal polarity [48], receptor localization to synapse [49],
and PDZ domain binding [50]. These findings provide functional
support for the validity of our predictions and illustrate the utility
of DeepGNHYV for identifying biologically meaningful interactions.

As E6 is one of the most functionally divergent proteins
between HR-HPV and LR-HPV, we performed multiple sequence
alignment (MSA) on the E6 proteins of 12 selected HPV subtypes
(Supplementary Fig. 4). Based on this alignment, we defined
representative residues as those at positions where a specific
amino acid appears with over 50% in either HR-HPV or LR-HPV.
Positions with the same representative residues in both groups are
labeled as Conserved Regions; those with differing representative
residues or present in only one group were labeled as Distinct
Regions; other positions are labeled as Noise Regions. We then
selected 104 PPIs targeted by the E6 protein of HR-HPV with the
23 human proteins previously identified and introduced single-
amino acid perturbations (using zero embedding) to assess the
absolute changes in interaction scores (Fig. 4D). To assess the
mutation effects, positions with a score change exceeding 0.02
were defined as notable alterations (Supplementary Table 5). The
results showed that Conserved Regions exhibited a significantly
higher proportion of notable alterations compared to Noise
Regions (Fisher’s exact test, P=0.0004). Similarly, Distinct Regions

also showed an elevated proportion relative to Noise Regions
(Fisher’s exact test, P=0.0326).

Analysis of the key residues for DeepGNHV
interaction prediction

Protein interaction prediction is typically regarded as a binary
classification problem. Existing methods for predicting human-
virus PPIs primarily focus on the predictive accuracy of the models
while neglecting the investigation of key amino acid residues
responsible for PPI prediction. In this study, we applied the
GNNExplainer [51] method to the DeepGNHV model to identify
key residues for predicting human-virus PPIs and introduced
a Smooth Module to mitigate excessive sparsity (Fig. 5A).
Specifically, we customized the loss function and retrained the
amino acid weight parameters while keeping all other parameters
within DeepGNHYV fixed, ensuring accurate identification of the
key residues. We took an interaction between the human T-cell
surface glycoprotein CD4 and the HIV-1 Envelope glycoprotein
gp120 as a case study to demonstrate the identified key residues.
Structural visualization of this interaction was based on the
protein complex structure (PDB ID: 3J70) [52]. Based on the
GNNExplainer method, we identified 22 and 43 key residues for
human and viral proteins within the solved structure (residues
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with an important score >0.5 are defined as key residues),
respectively (Fig. 5B). We further visualized the distribution of
the important scores and their corresponding positions in protein
sequences (Fig. 5C). Analysis of the 3J70 crystal structure revealed
that human CD4 protein (181 resolved residues) and viral gp120
protein (470 resolved residues) include 18 and 22 experimentally
verified interface residues, respectively. Briefly, the residues from
two interacting proteins were assigned as interface residues if
their Ca distance was less than or equal to 8.0A. In particular,
10 of 22 human key residues identified by DeepGNHYV belong to
the interface residues. Although only one of the 43 key residues
identified in the HIV gp120 protein directly overlaps with the
22 interface residues, nine additional key residues were found
near the interaction interface (see region @ in Fig.5B and C,
the corresponding minimum Ce distance to human CD4 protein

residues was < 16A), suggesting their potential role in mediating
protein interactions.

Evaluation of informative model attributes

This section systematically explores and compares several
key hyperparameter choices that play a crucial role in the
model architecture. These include the distance threshold for
constructing the adjacency matrix, amino acid embedding from
different pretrained protein language models, the selection of
GNN types, the application of a Siamese GAT strategy, pooling
methods, and degree-preserving perturbation analysis of the
adjacency matrix. First, we compared the performance of differ-
ent distance thresholds for adjacency matrix construction. The
results indicated that the model’s predictive performance was
slightly better when using an 8A distance threshold compared
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to other options (Supplementary Table 6). We also compared
the results of various pretrained models (SaProt [23], ESM2 [19],
and TAPE [24]) as alternatives to ProtT5 [21] for encoding protein
amino acid residues. Our findings revealed that their predictive
effectiveness was slightly lower than that of the DeepGNHV
model using ProtT5 [21] (Supplementary Table 7). In addition, we
compared the predictive performance of five GNN architectures
(GATConv, GCNConv, TransformerConv, GraphSAGE, and GIN)
(Supplementary Table 8), and the results indicated that GATConv
performed relatively better in the current prediction task. Further-
more, we compared Siamese and non-Siamese designs within the
GAT framework and the results showed that Siamese architecture
achieved slightly higher AUPRC (Supplementary Table 9). We also
compared max and mean pooling and found that max pooling
performed significantly better, likely because it captures localized
sequence or structural features important for human-virus
interactions (Supplementary Table 10). Finally, by conducting
degree-preserving perturbation analysis on the adjacency matrix
(keeping the degree constant while adjusting the amino acid
position indices) to assess its impact on predictions, we found
that the model’'s AUPRC value decreased by approximately
16 percentiles after perturbation (Supplementary Table 11).
This underscores the importance of correctly constructing the
adjacency matrix for interaction prediction.

Conclusion

In this work, we proposed DeepGNHYV, a GNN framework that
integrates a pretrained protein language model with structural
information for predicting human virus PPIs. Our approach
demonstrates superior performance compared to existing meth-
ods, particularly in predicting interactions involving novel viral

proteins—a critical capability for emerging pathogen research. To
explore the real application of the proposed DeepGNHV model, we
carried out extensive PPI prediction and analysis for the human-
HPV system, offering new insights into the human-HPV biology.
Furthermore, the biological significance of DeepGNHV was
exemplified by the identification of key residues in a human-HIV
PPI prediction. Taken together, we hope the proposed end-to-end
DeepGNHV model can effectively predict human-virus PPIs and
thus provide new hints to decipher the host-virus relationships.

Nonetheless, the proposed DeepGNHYV still suffers from sev-
eral limitations. First, its performance still leaves room for fur-
ther improvement. In particular, the model demonstrates lim-
ited generalization ability on certain viruses, probably due to
the inherent data imbalance across different virus types. Sec-
ond, our current framework relies on static structures predicted
by AlphaFold2, which are inherently limited in capturing the
dynamic nature of proteins. Moreover, post-translational mod-
ifications (PTMs) can profoundly influence PPIs in ways that
static structural models cannot capture. However, public inter-
action databases such as BioGRID and IntAct rarely annotate
the presence of specific PTM types in human virus PPIs, limiting
the integration of PTM information into predictive frameworks.
Finally, many viral proteins function as multimers, resulting in
interaction stoichiometries that extend beyond simple one-to-
one relationships. This highlights an important avenue for future
methodological development: predictive models should simulta-
neously infer whether interactions occur or not and their multi-
meric states. Through the joint efforts of experimental scientists
and computational biologists, we believe the above issues can
be solved step by step, and the practical applicability of Al-
driven human-virus PPI prediction methods will be continuously
enhanced.
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Key Points

e DeepGNHV is a deep learning framework based on
structural information and pre-trained protein language
models for human-virus PPI prediction.

e DeepGNHV can effectively predict human-virus PPIs,
especially for novel viral proteins, enhancing the under-
standing of viral infection mechanisms.

e DeepGNHV provides new insights into key factors
involved in the infection processes of HPV viruses with
different risk levels.
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Supplementary data are available at Briefings in Bioinformatics
online.
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