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Abstract

Historically, there have been many outbreaks of viral diseases that have continued to claim millions of lives. Research on human-virus protein—
protein interactions (PPIs) is vital to understanding the principles of human-virus relationships, providing an essential foundation for developing
virus control strategies to combat diseases. The rapidly accumulating data on human-virus PPIs offer unprecedented opportunities for bioinfor-
matics research around human-virus PPls. However, available detailed analyses and summaries to help use these resources systematically and
efficiently are lacking. Here, we comprehensively review the bioinformatic resources used in human-virus PPl research, and discuss and com-
pare their functions, performance, and limitations. This review aims to provide researchers with a bioinformatic toolbox that will hopefully better
facilitate the exploration of human-virus PPIs based on binding modes.
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Introduction

In the course of human history, various viral diseases
have swept through different parts of the world many times,
constantly threatening human health and life. From 1800
to 2024, there were multiple pandemic outbreaks triggered by
viruses (Figure 1A), including influenza A viruses (IAVs), hu-
man immunodeficiency virus (HIV), Dengue virus (DENV),
hepatitis C virus (HCV), and severe acute respiratory syn-
drome coronavirus 2 (SARS-CoV-2) [1-3]. Despite substantial
advances in our health infrastructure and knowledge to control
infectious diseases, new viral disease-causing threats are con-
stantly emerging [4,5]. Infectious diseases account for 20% of
global mortality, with approximately one-third of deaths at-
tributed to viral infections [6,7]. Therefore, it is crucial to ex-
plore the human-virus relationships.

The critical entry site for the complex human-virus relation-
ships is deciphering human—virus protein—protein interactions
(PPIs) [8,9]. Viral infection of host cells, completion of its rep-
lication, and escape from host immunity greatly rely on host
factors, and this process is dependent on human-virus PPIs
(Figure 1B) [10,11]. Haas et al. [12] used affinity purification-
mass spectrometry (AP-MS) to identify 332 human-IAV PPIs,
and further global proteomic analysis identified 13 kinases reg-
ulated in TAV infection. Zhou et al. [13] revealed 361 novel
high-confidence human-SARS-CoV-2 PPIs, based on which
23 drugs with remarkable network proximity to SARS-CoV-2
host proteins were identified. Research of human-virus PPIs
contributes to a more profound knowledge of the nature of life
activities and the mechanism of viral infections and provides
targets for antiviral drug development.

In recent years, the dramatic expansion of data on human-
virus PPIs resulting from the emergence of proteomics-based

novel methods has created favorable conditions for develop-
ing bioinformatic resources for human-virus PPIs. For exam-
ple, BioGRID [14] is dedicated to the collection of
experimentally supported PPIs, which contain 33,520
human-virus PPIs. BioGRID provides datasets of human-
virus PPIs for different viral species. During the Coronavirus
disease 2019 (COVID-19) outbreak, P-HIPSTer [15] pre-
dicted 15 coronaviruses with different pathogenic potentials,
reporting 4587 PPIs covering 397 human proteins.
VirHostNet [16] provides scientists with a collection of
human—-SARS-CoV-2 PPIs in near real-time. The emergence
of these bioinformatic resources enable accelerated effective
tracking of the underlying biological problems. However, a
comprehensive summary of the web tools used to explore the
human-virus PPIs is unavailable.

In this work, we survey the mainstream web tools available
to explore human—virus PPIs. First, human-virus PPI databases
are emphasized and elaborated regarding functionality, data
volume, and data redundancy. Second, we briefly describe the
use of web servers and how they advance research specifically
on human-virus PPIs. Finally, we summarize and compare the
performance of protein—protein docking tools on human-virus
PPI data. Our review may help guide biomedical, chemical, and
pharmaceutical researchers to take advantage of appropriate
bioinformatic resources for studying human-virus PPIs to pro-
mote the development of more advanced bioinformatic tools to
improve drug discovery efficiency.

PPl data for exploring mechanisms of virus
pathogenicity

Exploring human-virus PPIs is critical for knowing the pre-
cise sequence of events governing the cellular response to
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Figure 1 Representative outbreaks of highly pathogenic viruses and the brief life cycle of viruses

A. The deadliest viral epidemics from 1800 to 2023. Flavivirus epidemics, coronavirus epidemics and influenza A virus epidemics are marked in purple,
yellow, and blue, respectively. B. Brief life cycle of most enveloped viruses: (1) attachment and entry; (2) uncoating; (3) translation of enzymes; (4) RNA
replication; (5) translation of components; and (6) assembly and release. This figure draws on a previous publication [11]. H1N1 virus, influenza A virus
subtype H1N1; H2N2 virus, influenza A virus subtype H2N2; H3N2 virus, influenza A virus subtype H3N2; AIDS, acquired immunodeficiency syndrome;
HIV, human immunodeficiency virus; SARS, severe acute respiratory syndrome; SARS-CoV, severe acute respiratory syndrome coronavirus; MERS,
Middle East respiratory syndrome; MERS-CoV, Middle East respiratory syndrome coronavirus; SARS-CoV-2, severe acute respiratory syndrome

coronavirus 2.

infection and mediating the viral replication cycle. However,
our knowledge of the mechanisms that mediate and control
host-virus interactions remains sparse. Considerable effort
has been invested in delineating human—virus PPIs using vari-
ous methods, including yeast two-hybrid [13,17] and AP-MS
[18,19]. These approaches provide a significant amount of
data on human-virus PPIs that promote the establishment of
databases of human-virus PPIs and yield critical insights into
human-virus relationships, identifying immune-critical medi-
ators, and discovering cellular factors that control viral repli-
cation [20].

Human-virus PPI databases are categorized according to
viral species into specific viral species and pan-viral species
databases. The HIV-1 Human Interaction Database (HHPID)
[21] is one of the most representative specific viral species
databases, storing all known information on human-HIV-1
interactions, including human-HIV-1 PPIs, proteins from
HIV/AIDS-related disease organisms, and human genes that
affect viral replication and infectivity. HCVpro [22] is a com-
prehensive HCV-specific knowledge database providing com-
plete information on PPIs, molecular data, and functional
genomics. In addition, HCVpro provides information on
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hepatocellular carcinoma-associated genes. DenHunt [23] is
an integrated database designed for human-DENV PPls.
However, databases designed for specific viral strains do not
fulfill the needs of a broader range of researchers. Several
pan-species databases have been developed for this purpose.
DIP [24] is the earliest database to incorporate experimen-
tally validated PPIs, including human-virus PPIs. DIP also
provides quality evaluation approaches to assess the reliability
of PPIs. BioGRID [25] and IntAct [26] are comprehensive pub-
lic databases of PPIs. BioGRID specializes in model organism
PPIs and provides post-translational modifications (PTMs)
and bioactive small molecule interactions. In addition, IntAct
provides molecular interaction (MI) scores for interaction
relationships and interaction analysis for nucleic acids such
as miRNA and IncRNA. VirHostNet, VirusMentha [27], and
Viruses.STRING [28] are comprehensive PPI resources focus-
ing on host-virus PPI data. Owing to the wide range of data
sources for PPIs, Viruses.STRING provides a confidence score
that measures the true probability of PPIs based on several dif-
ferent sources of PPIs. In contrast, HPIDB [29] and PHISTO
[30] focus on containing more host—pathogen PPIs, but only
provide basic information about the PPIs, such as UniProt IDs
and detection methods, in their entries. HVIDB [31] and
HVPPI [32] focus on human-virus PPI databases, providing
fully annotated information on human-virus PPIs.

To further understand the human-virus PPI databases, a
comparison was performed among the functions of the previ-
ously mentioned databases (Table 1). All databases except
HHPID and HCVpro have PPI network visualization to ren-
der sophisticated inter-relationships seem intuitive. Notably,
HVPPI provides information and visualization of PPI and
drug—target interaction data. HPIDB and VirHostNet built
BLAST-DB based on their own PPI data, providing a homolo-
gous fast search of human-virus PPIs. Different Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analyses were provided by
PHISTO, HVIDB, and Viruses.STRING. HVIDB and HVPPI
provide human—virus PPIs and viral protein function predic-
tion tools, respectively.

We further compared the data volume and the data sources
of the databases. VirHostNet has 48,664 host—virus PPIs,
which is the largest dataset of experimentally validated PPIs
about viruses. Meanwhile, HVIDB is the largest dataset of
human-virus PPIs with 48,643 experimentally validated
human-virus PPIs. We analyzed the data comparatively and
found that data on host-virus PPIs mainly focus on human—
virus PPIs, and that only BioGRID, VirusMentha, and
HPIDB contain data on a minimal number of plant-virus
PPIs (Table 1). Subsequently, by comparing the data on
human-virus PPIs in different databases, we found that
BioGRID, VirHostNet, and IntAct have more human-virus
PPI data that are non-redundant, which are 18,866, 7438,
and 7225, respectively (Figure 2). In contrast, HVIDB has
the largest dataset of human-virus PPIs, but only 1156 PPIs
are non-redundant. Further combining the data sources
revealed that most human-virus PPI data in VirusMentha,
Viruses.STRING, PHISTO, HVPPI, and HVIDB are derived
from human-virus PPIs in other databases, leading to signifi-
cant redundancy and interdependence. HVIDB depends on
HPIDB, PHISTO, and VirusMentha. PHISTO depends on
VirusMentha and Viruses.STRING. HPIDB depends on
VirusMentha. HVPPI depends on HPIDB, HVIDB, and
VirusMentha. BioGRID, VirHostNet, and IntAct focus more

on integrating PPIs from the literature, so other databases
largely depend on these databases for their data.

Based on the abovementioned analysis, the currently avail-
able human-virus PPI databases remain to be enhanced.
First, databases use various formats, making it difficult for
users to download, analyze, and visualize data from multiple
sources in a standard format [20]. Second, the data on
human-virus PPIs in the databases still need to be completed,
and PPIs for some virus families are even blank. Third, most
of these databases fail to offer any drug-related information
that would help advance antiviral therapy further. Finally,
designing and managing a benchmark dataset of human—
virus PPIs is necessary for better selection of different predic-
tion tools for various situations. The human—virus PPI data-
bases need to be adapted to the new era of big data as soon
as possible.

Computational resources accelerate the
discovery of new PPls

Human-virus PPI data help drive the discovery of novel PPIs
and are essential for comprehending human-virus relation-
ships [33]. However, the scalability constraints of high-
throughput approaches hinder the large-scale identification
of human-virus PPIs [34]. Indeed, of the approximately 1000
unique viruses that infect humans, only a handful of human-
virus PPIs are well studied. Despite their indisputable public
health importance, very little is known about most viruses be-
yond their genome sequences [35,36]. Hence, computational
prediction approaches are becoming progressively crucial for
complementing experimental work. Existing prediction meth-
ods include inference based on domain-domain interactions
(DDIs), interolog mapping, and others. More information on
these computational approaches can be found in the reviews
[37,38]. Here, we focus more on machine learning (ML)-
based techniques for predicting human—virus PPIs. Notably,
most of these sequence-based ML prediction tools for
human-virus PPIs have model features learning from the in-
teraction networks of the training and test sets, rather than
from protein sequences [39].

Several predictive tools have been developed using tradi-
tional ML methods (Table 2). hivPPI [40] is the first effective
prediction ML model for human-HIV-1 PPIs that integrates
multiple biological information source features (e.g., GO
annotations). In contrast to the underfitting of various fea-
tures, Cui et al. [41] proposed a new feature representation
method that employs frequency vectors at a fixed length to
represent variable-length protein sequences. However, these
prediction methods are mainly designed for specific viruses,
which significantly limits their adaptability. Barman et al.
[42] introduced the first support vector machine (SVM)-based
prediction model for human—virus PPIs to conquer the limita-
tions of the adaptability of prediction methods. Subsequently,
considering the noise of random negative sampling, DeNovo
[43] proposes noise reduction by a negative sampling ap-
proach based on dissimilarity, which utilizes shared host pro-
teins and learns from different virus PPIs to predict novel
viruses. VirusHostPPI [44] uses a multi-feature fusion ap-
proach to merge six features representing protein sequences,
including the frequency difference of amino acid triplets
(FDAT), the relative frequency of amino acid triplets (RFAT),
amino acid composition (AC), and the composition, transi-
tion, and distribution of amino acid groups. Although these
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The bar graph above indicates the number of redundancies of human-virus PPIs in different databases; the horizontal bar graph on the lower left side
indicates the number of human-virus PPIs contained in each database; the bitmap on the lower right side indicates the way different databases overlap
and combine. The number of redundancies is defined as the number of repeated appearances of the same data in different databases. PPI, protein—

protein interaction.

feature codes consider the specific physicochemical properties
or interaction effects of the residues to a certain extent, they
cannot adequately consider the semantic information in the
whole sequence. Therefore, using doc2vec for the first time to
predict human—virus PPIs, HVPPI [45] dramatically enhances
the accuracy rate. In contrast, HVIDB integrates three differ-
ent models, including internal mapping, DDIs, and random
forest (RF), to construct prediction models via logistic
regression. PrePPI [46] uses a Bayesian framework to predict
PPIs, and it shows that 3D structures are better than non-
structural methods for predicting PPIs. The P-HIPSTer fur-
ther exploits the structure information of human-virus com-
plexes based on the PrePPI algorithm to predict human-virus
PPIs by considering both peptide~domain interactions and
DDIs. The accuracy of P-HIPSTer is nearly 80%, but it is not
available for online prediction.

Deep learning (DL), an essential branch of ML, can effec-
tively complement traditional ML methods by permitting
flexibility in allowing known labels and feature inputs com-
pared to traditional ML methods (Table 2). PIPR [47] is an
end-to-end prediction framework based on recurrent regres-
sion convolutional neural network (RCNN), which offers an
automatic multi-granularity feature selection mechanism to
learn sequential and locally significant features of primary
protein sequences. deepHPI [48] provides predictions for
four host—pathogen models based on a convolutional neural
network (CNN) model architecture: animal-pathogen, hu-
man-virus, plant-pathogen, and human-bacteria. Although
CNN can better capture local features of protein sequences,
there is a problem of gradient explosion and disappearance.
LSTM-PHYV [49] utilizes long short-term memory to overcome
this problem, thus effectively learning of long-sequence pro-
teins. DeepViral [50] and TransformerGO [51] use the node2-
vec for learning continuous representations of PPI network
nodes, which are then used as input for training neural net-
works. However, its dependence on node information features
(e.g., GO information) may constrain its applicability. To ad-
dress the relative scarcity of data on virus species and improve
the prediction model’s generalization ability, MTT [52],
DeepVHPPI [53], and TransPPI [54] have further introduced
transfer learning to the prediction of human—virus PPIs.
TAGPPI [55] enhances the performance of sequence-based
prediction methods by sequence features with structural
information predicted by AlphaFold into PPI prediction
models. Struct2Graph [56] is a graph convolutional network
(GCN)-based interaction classifier that predicts PPIs based on
3D structural information. Nevertheless, the lack of 3D protein

structures and associated information can also constrain the
applicability of the approach.

To further understand the differences in the performance
of these prediction tools, we compared their accuracy. A
“gold standard” human-virus PPI dataset is currently lack-
ing, and fair performance comparisons between different pre-
diction methods remain a provocative task [57]. Hence, we
collected a positive independent test set (100 non-redundant
human-virus PPIs containing four virus families) from
VirHostNet to compare the performance of four tools,
VirusHostPPI, HVPPI, HVIDB, and LSTM-PHV (Figure 3,
Figure S1; Table S1). It is worth noting that we use accuracy
to refer to the true positive rate since the benchmark set con-
tains only positive PPIs. The four tools were selected for eval-
uation with the following selection criteria: (1) sequence-
based prediction; (2) different model architectures; and (3)
convenience of tool testing. The accuracy of HVPPI and
LSTM-PHV was over 80%, with HVPPI achieving the high-
est accuracy at 82%. In contrast, HVIDB showed poor per-
formance. Further analysis of the specificity of different virus
families showed that the prediction performance of LSTM-
PHV and VirusHostPPI was relatively balanced for different
virus families. LSTM-PHV achieved more than 75% predic-
tion accuracy for different virus families, with the best predic-
tion performance for Flaviviridae, with 90% accuracy. The
overall prediction performance of VirusHostPPI was lower
than that of LSTM-PHYV, with better prediction performance
in Papillomaviridae and Flaviviridae, with 80% accuracy. In
contrast, the models for HVPPI and HVIDB were not well
adapted and had an uneven prediction performance for dif-
ferent virus families. Predictions for Herpesviridae and
Flaviviridae were better, with accuracy above 90%. The pre-
diction accuracy for Coronaviridae was less than 50%. In ad-
dition, the accuracy of Coronaviridae prediction was
concentrated in the range of 20% to 75%, with a relatively
poor overall performance, which may be related to the lack
of relevant samples in the training set. It is worth noting that
the test samples are limited and thus do not represent broad
conclusions. The performance on different virus families
needs to be further expanded.

There is still significant potential for improvement, despite
the emergence of various human-virus PPI prediction tools.
First, constructing a prediction model for human—virus PPIs
should introduce more features of the protein sequences.
Most of the model features of current sequence-based predic-
tion models are learning from PPI networks or using simple
sequence features (e.g., k-mers), which do not accurately de-
scribe the physical interactions between proteins. Second, the
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Figure 3 Performance comparison of human-virus PPI prediction tools

training data of human-virus PPI models are mainly concen-
trated in specific richly studied virus families (e.g., HIV).
Data for most virus families are lacking, and although trans-
fer learning effectively solves the sample size problem, the dif-
ferences between the data can compromise the model’s
specificity. Third, it is difficult to create standard datasets of
non-PPIs owing to the difficulty of obtaining experimentally
validated negative samples. At present, negative samples are
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mainly constructed by random sampling or dissimilarity-
based negative sampling. However, these methods all misal-
locate positive samples to negative samples to a certain ex-
tent, which can mislead the model learning process and
reduce the prediction sensitivity [58]. In addition, several
methods were developed to learn features of PPIs from posi-
tive samples only, thus avoiding the negative sample con-
struction. Yet, prediction methods that lack learning from
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negative samples inevitably generate a high risk of false posi-
tives. Fourth, a highly unbalanced ratio of data samples (posi-
tive samples vs. negative samples = 1:10) will cause the
model to be biased toward negative sample features when
learning. Therefore, adjusting the balance of positive and
negative samples remains challenging. Finally, it is crucial to
carefully construct benchmark datasets to ensure impartiality
when comparing different prediction tools.

Docking tools for elucidating binding modes
of PPIs

Elucidating human-virus PPI binding modes is vital for un-
derstanding the molecular mechanisms of the protein—
protein recognition [59,60]. Currently, there are many ex-
perimental methods for the determination of PPIs, such as
AP-MS, and there are also some methods for the prediction
of PPIs, such as PrePPI, but it is difficult to rely on the exper-
imental techniques of biophysics or biochemistry alone to
reveal the human—virus PPI information at the atomic level.
Moreover, the number of crystal structures of human—virus
protein complexes in the Protein Data Bank (PDB) remains
extremely limited owing to high experimental costs and
technical difficulties [61,62]. Thus, it is essential in deriving
structural information about human-virus protein dimers
and larger complexes through protein—protein docking
methods [63,64]. As computational biology continues to de-
velop, various in silico tools have been developed to help
elucidate the binding modes of human-virus PPIs. Here, we
first summarize the available protein—protein docking tools,
which according to their algorithms can be classified into
two major categories: template-free docking and template-
based docking (Table 3). Further, to guide the readers in
selecting an appropriate docking tool, we evaluated the per-
formance of nine docking tools on human-virus pro-
tein complexes.

Protein—protein docking tools

Template-free docking is a docking method that does not re-
quire protein structure as a template. It can be categorized
into two categories based on the availability of binding site in-
formation: global docking and local docking [65]. Global
docking exhaustively searches the receptor protein surface to
capture the binding modes, most of which are correlated using
Fast Fourier Transform (FFT) correlation search algorithms.
Despite the similarity of the initial FFT-based global search
algorithms, each tool has different filtering steps and scoring
functions. DOT [66], FTDOCK [67], and GRAMM-X [68]
were the earliest to introduce FFT-based rigid protein—protein
docking tools. FTDOCK and DOT use shape complementar-
ity and electrostatic complementarity to evaluate binding
modes quickly. In contrast, GRAMM-X focuses more on low-
resolution docking. pyDockWEB [69] uses the FTDOCK
results as initial sampling and evaluates them with desolva-
tion, electrostatics, and limited Van der Waals contributions.
ClusPro [70] successfully applies paired knowledge-based en-
ergy to the FFT-based docking method. ZDOCK [71],
MEGADOCK [72], and FRODOCK (73] are grid-based pro-
tein docking algorithms that use FFT to generate docking con-
formations in a grid-based 3D space. However, the scoring
function of MEGADOCK is much simpler and is thus 7.5
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times faster than ZDOCK. FRODOCK further incorporates a
spherical harmonic function to speed up the conformational
search. GalaxyTongDock [74] is a ZDOCK-based docking ap-
proach but with its energy parameters re-optimized. HDOCK
[75] uses an improved shape complementary scoring function.
In sampling, the scoring of ligand grids considers the contribu-
tion of its nearest neighboring receptor grid at the same time
as the contribution of other receptor grids. HDOCK also sup-
ports amino acid sequences as input. CoDockPP [76] proposes
a scoring function based on distance-dependent knowledge
based on the observed distribution functions of atomic pairs.
The function has native and near-natural structures to en-
hance its robustness to conformational changes. There are
also some docking tools based on other types of search strate-
gies, including PatchDock [77], LzerD [78,79], SwarmDock
[80], LightDock [81], HawkDock [82], and MDockPP [83].
PatchDock and LzerD use the geometric hashing function to
search for initial conformation, with the resulting conforma-
tions sorted by the geometric shape complementary scores.
LightDock and SwarmDock use the Particle Swarm
Optimization and Glowworm Swarm Optimization algorithms
for conformation search, respectively, which are population
Swarm Intelligence (SI) algorithms. SI can execute a more effi-
cient search in complex spaces, quite independently of the scor-
ing function to optimize. To balance between computational
efficiency and accuracy, HawkDock introduces molecular me-
chanics/generalized Born Surface Area (MM/GBSA) to calcu-
late desolvation potentials. HawkDock also provides an
analysis of key residues at the interface of PPIs. However,
local docking searches for protein-binding modes based on
user-defined binding sites. RosettaDock [84] and HADDOCK
[85] are both representative local docking methods that
typically perform local protein docking where binding site in-
formation is known. They can handle structural flexibility,
but RosettaDock can only be used at the side chain level,
while HADDOCK allows for full structure. In contrast,
template-based docking needs a template, using the structure
of similar complexes to predict the binding structure of
protein complexes, such as PRISM [86]. Although there have
been some successes, template-based docking methods are
restricted by known templates.

Evaluation of docking tools on a human-virus
complex dataset

Independent test set and docking protocol

To systematically evaluate the performance of docking tools
on human-virus complexes, an independent dataset consist-
ing of 50 human-virus protein complexes was constructed,
ranging from 5-300 residues in length for viral proteins.
This independent test set was extracted from the PDB and
HVIDB. The extraction criteria were as follows: (1) virus
protein length ranges from 5 to 300 residues; (2) the resolu-
tion < 2.0 A; and (3) the protein does not contain any non-
standard amino acids. Based on these criteria, an indepen-
dent testing set of 50 human—virus protein complexes was
integrated (Table S2). This docking test set was not used to
develop the docking tools for the evaluation. The top level is
designated as being the top N docking results. The accuracy,
defined as the percentage of close to natural protein com-
plex conformations among the top N conformations [root
mean square deviation (RMSD) < 10 A], was used to assess
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Table 3 Prediction tools for binding modes between human and virus proteins (data up to Feb 2024)

1

Server/URL Type Sampling Scoring function Accuracy provided by No. of citations
algorithm relevant references
DOT Rigid FFT Electrostatics, Top 30: 50% 482
https://www.sdsc.edu/CCMS/DOT/ desolvation
GRAMM-X Rigid FFT Electrostatics, Top 10: 16% (CAPRI 984
https://gramm.compbio.ku.edu/ desolvation round 18)
pyDockWEB Rigid FFT Electrostatics, Top 20: 37%; 624
https:/life.bsc.es/pid/pydockweb desolvation Top 100: 56%
ClusPro Rigid FFT Energy Top 10: 64.28% 4324
https://cluspro.org/login.php
ZDOCK Rigid-flexible FFT Shape complementarity, Top 1: 12%; Top 50: 51% 3681
http://zdock.umassmed.edu/ electrostatics,
knowledge-based pair
MEGADOCK Rigid FFT High-throughput Top 1: ~ 3%; 215
http://www.bi.cs.titech.ac.jp/mega Top 10: ~ 10%;
dock/index.html Top 100: ~ 20%;
Top 1000: ~ 28%
FRODOCK Rigid FFT, SH Electrostatics, desolva- Top 1: 10%; Top 10: 29%; 384
http://frodock.chaconlab.org tion, knowledge- Top 100: 61%;
based pair Top 1000: 82%
GalaxyTongDock Rigid FFT Energy Top 1: 17.1%; 37
https://galaxy.seoklab.org/cgi-bin/ Top 10: 32.9%;
submit.cgi?type= Top 50: 48.7%
TONGDOCK_INTRO
HDOCK Rigid-flexible FFT Shape complementarity, Top 1: 11.1%; 1499
http://hdock.phys.hust.edu.cn/ electrostatics, Top 10: 29.6%;
desolvation Top 100: 59.3%;
Top 1000: 72.2%
CoDockPP Rigid FFT Precise knowledge-based Top 1: 13.9%; 37
http://codockpp.schanglab.org.cn/ Top 10: 32.2%;
Top 100: 57.8%;
Top 1000: 80.0%
PatchDock Rigid GH Shape complementarity - 3206
https://bioinfo3d.cs.tau.ac.il/
PatchDock/bin/
htmlInvokePatchDock.pl
LzerD Rigid GH Shape complementarity ~ Top 1: 40.0%; 118
https://lzerd.kiharalab.org/upload/ Top 5:45.0%;
Top 10: 48.7% (CAPRI
round 46)
SwarmDock Rigid PSO Electrostatics, Top 1: 10.8%; Top 5:29%; 300
https://bmm.crick.ac.uk/~sve- desolvation Top 10: 36.4%;
bmm-swarmdock/ Top 50: 57.4%;
Top 100: 65.3%
LightDock Rigid-flexible GSO Multi-scale Top 10: 10%; 110
https://server.lightdock.org/ Top 100: 20%
HawkDock Rigid ATTRACT: Van der Waals, Top 10: 25%; 363
http://cadd.zju.edu.cn/hawkdock/ randomized electrostatics, Top 50: 42.31%;
search algorithm  desolvation Top 100: 50.00%;
Top 200: 69.23%;
Top 400: 80.77%;
Top 1000: 88.46%
MDockPP Rigid-flexible Reduced Shape complementarity ~ Top 1: 28.5%; 74
https://zougrouptoolkit.missouri. model FFT Top 5: 50.0% (CAPRI
edu/MDockPP/ round 50)
RosettaDock Rigid-flexible MC Electrostatics, Top 10: 80% (CAPRI 629
http://rosettadock.graylab.jhu.edu/ desolvation round 5)
HADDOCK Rigid-flexible AIRs Electrostatics, Top 10: 28.5% 6900
https://haddock.science.uu.nl/serv desolvation
icessHADDOCK?2.2/
PRISM Rigid MultiProt: Energy - 203
http://cosbi.ku.edu.tr/prism structural

comparison engine

Note: FFT, Fast Fourier Transform; SH, spherical harmonic; GH, genetic algorithm; PSO, Particle Swarm Optimization; GSO, Glowworm Swarm
Optimization; MC, Monte Carlo; AIR, ambiguous interaction restraint; CAPRI, Critical Assessment of PRedicted Interactions.

the performance of docking tools. Other accuracies (RMSD
< 2 A and RMSD < 5 A) are shown in Figure S2 and

Table S2.

Nine docking tools used for protein—protein docking evalu-
ation in the evaluation research contain three categories:
seven docking tools based on FFT search algorithms
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Figure 4 The accuracy (RMSD < 10 A) predicted at the top 1, 3, 5, and
10 levels by the docking tools

The redder indicates higher accuracy and the bluer indicates lower
accuracy. ACC, accuracy; RMSD, root mean square deviation.
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(GRAMM-X, ClusPro, ZDOCK, MEGADOCK, FRODOCK,
HDOCK, and CoDockPP), one docking tool based on other
search algorithms (HawkDock), and one local docking tool
(RosettaDock).

Performance of docking tools in the independent test set

For the overall performance of the protein—protein docking
tools, as shown in Figure 4, FRODOCK performed the high-
est success rate of 67% at the top 1 level, followed
by RosettaDock, MEGADOCK, CoDockPP, HDOCK,
ZDOCK, ClusPro, GRAMM-X, and HawkDock. At the top
3, 5, and 10 levels, RosettaDock performed the best with suc-
cess rates of 78%, 82%, and 82%, respectively, followed by
FRODOCK. HawkDock did not perform well because it in-
herently more focuses on predicting binding free energy using
MM/GBSA as well as decomposing the contribution of free
energy in each residue to the binding free energy of protein
complexes to help analyze the binding structure.

To further explore the effect of protein length on predicting
the binding modes of human-virus protein complexes, the in-
dependent test set was divided into two subsets, i.e., < 50 and
> 50 residues. As shown in Figure 5, we found that the dock-
ing tools as a whole performed better in the < 50 subset than
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in the > 50 subset. FRODOCK, CoDockPP, MEGADOCK,
and ZDOCK achieved outstanding predictions in the < 50
subset, with FRODOCK achieving a 93% success rate at the
top 1, 3, 5, and 10 levels. However, as the viral protein
becomes longer, the performance of the tested tools dropped
significantly. It was worth noting that RosettaDock, HDOCK,
and HawkDock had more robust performance. In particular,
RosettaDock had the best prediction performance in the > 50
subset, with success rates at the top 1, 3, 5, and 10 levels of
62%, 81%, 83%, and 83%, respectively.

Opinions for improving the performance of protein—
protein docking tools

Although significant progress has been made in protein—
protein docking tools, there is still considerable potential for
improvement as more experimentally complex structures be-
come available. First, using FFT sampling is often followed
by the need to use external scoring functions, but there is a
decoupling problem between sampling and scoring, leading
to a loss of accuracy. To improve performance, there is a
need to optimize further or combine the available sampling
and scoring strategies. Second, protein flexibility usually
requires to be considered to account for interaction-induced
structural rearrangements. However, flexibility can affect the
accuracy of protein docking. Balancing flexibility and accu-
racy remains a challenging task. Third, despite significant
advances in current shape complementarity functions, it sim-
ply considers the influence of neighboring atoms on grid
points. Several shape-based interactions involve nearest-
neighbor atoms along with numerous other non-nearest-
neighbor interactions. Furthermore, with the development of
algorithmic techniques and the expanding size of human—
virus protein complex data, DL models are expected to be
established soon for human-virus protein—protein docking.

Conclusion and outlook

Research on human-virus PPIs contributes to a more pro-
found knowledge of the essence of life activities and the
mechanisms underlying viral infections. In addition, it pro-
vides targets for designing and developing antiviral drugs. In
this review, we surveyed the available mainstream bioinfor-
matic resources to explore human-virus PPIs, including the
human-virus PPI databases, human-virus PPI computational
tools, and human-virus protein docking tools, which have
notable advantages in deciphering human-virus relation-
ships. Considering the threats to human health driven by
emerging viruses and the numerous unknown and suspected
roles of viruses in human diseases, future studies need to re-
veal more virus-driven disease mechanisms by further devel-
oping bioinformatic tools to explore human—virus PPIs.

The future development of bioinformatic tools to explore
human-virus PPIs is as follows. (1) More experimentally vali-
dated human-virus PPI data of distinct virus families and
human-virus PPI data predicted by predictive models need to
be integrated and more tightly linked to target and drug in-
formation to accelerate the translation of human-virus PPIs
into novel scientific insights or applications in practice. (2) A
systematic benchmarking of existing human-virus computa-
tional tools is needed. (3) AlphaFold2 [87,88], developed by
the DeepMind research team, predicts most protein struc-
tures in the protein structure prediction competition CASP14
with a difference of only one atomic width from the actual
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structure. The tremendous progress in protein structure pre-
diction by AlphaFold2 offers an unprecedented opportunity
to develop protein bioinformatics. In addition, the emergence
of AlphaFold can bring more abundant 3D structures of
human-virus PPIs, which will better promote computational
research on human-virus protein interactions, particularly
for human-virus PPIs that are hard to predict correctly by
current methods. (4) More efficient predictive tools for ex-
ploring binding patterns between human and viral proteins
are needed, especially to improve performance by optimizing
or combining the available sampling and scoring strategies.
(5) An efficient one-stop computational pipeline is needed for
data collection, prediction, and further “panoramic” analysis
of the human-virus protein interactome. We hope this review
will facilitate exploring human-virus PPIs based on binding
modes to help decipher the human-virus relationship.
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