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Abstract

Host-directed antivirals offer a promising strategy for addressing the challenge of viral resistance. Virus–host interactions often trigger
stage-specific metabolic reprogramming in the host, and the causal links between these interactions and virus-induced metabolic
changes provide valuable insights for identifying host targets. In this study, we present a workflow for repurposing host-directed
antivirals using virus-induced protein networks. These networks capture the dynamic progression of viral infection by integrating
host proteins directly interacting with the virus and enzymes associated with significantly altered metabolic fluxes, identified through
dual-species genome-scale metabolic models. This approach reveals numerous hub nodes as potential host targets. As a case study,
50 approved drugs with potential anti-influenza virus A (IVA) activity were identified through eight stage-specific IVA-induced protein
networks, each comprising 699–899 hub nodes. Lisinopril, saxagliptin, and gliclazide were further validated for anti-IVA efficacy in vitro
through assays measuring the inhibition of cytopathic effects and viral titers in A549 cells infected with IVA PR8. This workflow paves
the way for the rapid repurposing of host-directed antivirals.
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Introduction
Viral infections continue to pose a serious threat to global pub-
lic health due to their high transmissibility, high lethality, and
severe sequelae. The rapid development of viral resistance to
antiviral drugs [1–3], coupled with the environmental toxicity of
broad-spectrum antivirals [4], poses significant challenges to the
use of small molecules targeting viral antigens. Host-directed
strategies are applicable not only to noninfectious diseases [5–7]
but also to antiviral therapies [8]. The high conservation of host
molecules in evolution suggests that host-directed antivirals can
maintain long-term effectiveness. Most host-directed antiviral
small molecules can exert immunomodulation and inflamma-
tion regulation by targeting host proteins [9], or affect conserved
virus–host interaction patterns at the cell surface [10] or intra-
cellularly [11], thereby providing effective protection against viral
infection. The latter essentially disrupts the transmission of infec-
tion signals from the viral particles to the host cells. Developing
drugs based on interspecies molecular interactions and signaling
can directly link drug actions to the virus lifecycle [12], which may
aid in elucidating the antiviral mechanisms of drugs. However,
the implementation of this strategy heavily relies on exploring

the relevance of virus–host interaction patterns and downstream
responses that include metabolism.

Driving metabolic reprogramming stands as a primary survival
strategy employed by most viruses, beneficial for their adaptation
to the host environment [13–15]. The molecular interactions
between viruses and hosts contribute to the aforementioned
metabolic alterations. Among them, many instances of virus-
induced metabolic reprogramming can be achieved solely
through direct interactions either between viral proteins and host
proteins or between host proteins themselves. For example, the
K1 protein of Kaposi’s sarcoma–associated herpesvirus (KSHV),
which binds to and activates 5′ adenosine monophosphate-
activated protein kinase (AMPK) [16], regulates the catalytic
activities of HMG-CoA reductase [17] and glycogen synthases
(GYS1) [18, 19] by binding to and phosphorylating these enzymes.
The oncogenic protein E6 of human papillomavirus (HPV), which
binds to the human protein E6AP, recruits and induces the
ubiquitin-dependent degradation of the human tumor suppressor
protein p53 [20, 21], a protein that binds to and inhibits the activity
of glucose-6-phosphate dehydrogenase (G6PD) [22]. In addition,
multiple viral proteins regulate specific metabolic reactions
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through direct binding to host metabolic enzymes [23–26].
These human proteins, which first interact with viral molecules,
transmit reprogramming signals to metabolic enzymes through
direct protein–protein interactions or directly alter the metabolic
profile. So, systematically exploring infection-induced metabolic
disturbances will aid in identifying virus-dependent host targets.

Protein–protein interaction networks (PPINs) serve as reposi-
tories of molecular knowledge within cells, crucial for unravel-
ing intricate biological causality and identifying disease targets.
Current strategies for target identification and drug development
based on PPINs have achieved notable success. Mosharaf et al.
identify potential targets by constructing a delirium-associated
PPIN [27]. The ProGENI algorithm leverages large-scale biologi-
cal networks with protein–protein interactions (PPIs), along with
basal gene expression and drug response data, to predict targets
related to cancer drug responses [28]. NETTAG, a network-based
deep learning framework, integrates multi-omics data and PPINs
to identify potential risk genes and relative drugs for Alzheimer’s
disease [29]. Han et al. constructs coronavirus-induced PPINs using
infection-related differentially expressed genes for target identi-
fication and anti-infective drug repurposing [30]. However, these
strategies struggle to elucidate the relationship between targets
and viral infection–associated metabolic reprogramming. Given
that metabolic disturbances are a common outcome of viral infec-
tions [31], utilizing PPINs to infer causal relationships between
host proteins that interacted with virus and metabolic enzymes
responsible for differential reaction rates (flux) contributes to
exploring viral pathogenic mechanisms. To this end, host pro-
teins directly interacting with the virus and key enzymes respon-
sible for differential reaction rates (flux) can be hypothesized
as ‘causal’ nodes and ‘consequential’ nodes, respectively, dur-
ing the aforementioned metabolic reprogramming. These causal
and consequential nodes were associated by PPINs to generate a
layered network with potential signaling transduction patterns,
which contributes to exploring host targets.

Exploring host metabolic changes provides insights into the
pathogenic process [32]. The genome-scale metabolic model
(GSMM), as a platform that showcases the relationships between
metabolic reactions and metabolites within a species [33], is
employed to identify virus-modulated metabolic reactions and
associated enzymes (consequential nodes). This approach has
been extensively used to study the pathogenic mechanisms of
various viruses, including coronaviruses [34, 35]. Furthermore,
integrating the viral proliferation process as an additional
biomass equation within host metabolic models allows for a
detailed understanding of how viruses impose metabolic burdens
on infected cells, accurately predicting metabolic changes [34,
35]. Ultimately, key enzymes responsible for differential fluxes,
regarded as consequential nodes, were linked with causal nodes
of interactions to allow for inferring rich regulatory relationships,
which help uncover the dynamic changes and mechanisms of
virus-induced host metabolism. Therefore, the induced networks
derived from key metabolic enzymes provide a convenient
approach for the development of host-directed antivirus effecting
potential signaling or metabolic states in patients, such as those
infected with the influenza virus. Influenza remains a formidable
global public health challenge due to its high infectivity and
pathogenicity [36]. Dysregulated immune responses and asso-
ciated complications contribute significantly to the elevated mor-
tality rates observed in severe cases of influenza [37]. To alleviate
the pressure from rapid drug-resistant strain emergence, there is
a necessity to explore the antiviral capabilities of existing drugs.

The study utilized infection stage–specific dual-species
GSMMs, integrated with IVA biomass equations (IVBOEs) and

constrained by in vivo and in vitro infection transcriptomes, to
characterize metabolic changes during infection and identify
Enzymes responsible for Reactions with significantly different
Fluxes (ERFs, consequential nodes). ERFs were associated with
Host proteins Directly Interacting with influenza virus Proteins
(HDIPs, causal nodes) to generate IVA-induced protein networks
(IVIPNs). This strategy for generating IVIPNs that associate
metabolism with viral interactions differs from previous virus–
host protein interaction networks [38–40]. The network analysis to
condition-specific IVIPNs implied disease-related hub nodes that
facilitated repurposing of anti-IVA drugs via network proximity.
This study highlights drug development based on disease-induced
protein networks will offer new insights into treating viral
diseases and elucidating their pathogenic mechanisms.

Results
To explore host-directed antiviral drugs guided by interspecies
interactions and metabolic reprogramming correlations, this
study introduced a workflow that constructed a protein inter-
action subnetwork connecting HDIPs with ERFs derived from
dual-species GSMMs to identify infection-related host proteins.
Key members of these host proteins were employed for drug
repurposing and efficacy assessment in host-directed antiviral
therapies against influenza (Fig. 1).

The genome-scale metabolic models integrated
with influenza virus A biomass equation possess
more metabolic details
To characterize IVA-induced metabolic disturbances, dual-species
GSMMs containing the IVA biomass equation (IVBOE) were first
constructed. The proliferation of IVA in host cells was represented
by an additional biomass equation in the host GSMMs. The IVBOE
simulated the molecular composition of proteins, nucleic acids,
and lipids of IVA particles by using stoichiometric coefficients.
The contribution of nucleotides to IVBOE was determined by the
influenza virus genome sequence and replicative intermediates,
with the calculation of the latter’s nucleotide composition requir-
ing influenza virus translation efficiencies (TEs) (Fig. 2A and B,
Source Data S1 and S2). Amino acid contributions depended
on their compositions in each protein and related protein copy
numbers (Fig. 2C, Source Data S2). Lipid contributions refer to the
lipid content of the Golgi membrane in host cells [34, 41] (Fig. 2D,
Source Data S2). The consumption of amino acids, nucleotides,
lipids, and energy molecule adenosine triphosphate (ATP), along
with the release of pyrophosphate, constituted the biomass equa-
tion IVBOE (Source Data S2).

To demonstrate the enhanced predictive capability of IVBOE
integration, the numbers of essential metabolic reactions and
reactions with differential fluxes were compared between
integrated and non-integrated IVBOE GSMMs. Essential reactions
were extracted from GSMMs using the task-driven ftINIT
algorithm for tissue-specific model reconstruction [42]. This algo-
rithm, along with a time-series transcriptomic dataset from IVA-
infected and uninfected HTBE cells (five time points) [43](Data
ref: Heinz, Texari et al., 2018), constrained both integrated IVBOE
GSMMs and their non-integrated counterparts, resulting in a
total of 20 GSMMs. Comparison revealed that integrated GSMMs
(IVBOEmodels) captured more essential reactions 18–24 hpi
compared to untreated infection GSMMs (UImodels) (Fig. 2E,
Source Data S6). Differential flux analysis further demonstrated
that IVBOEmodels exhibited significantly more reactions with
differential flux than UImodels (Fig. 2F-J, Source Data S6).
Additionally, except for the hpi 24-h IVBOEmodel, a higher

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data


Metabolism-associated protein network constructing | 3

Figure 1. The construction and application of IVA-induced protein networks (IVIPNs). Human genome-scale metabolic models (GSMMs) incorporating
influenza virus biomass equation (IVBOE) were constrained by transcriptomes from temporally infected cells or from patients at different infection
stages to predict enzymes responsible for reactions with significantly differential fluxes (ERFs, as “consequences”). These enzymes were concatenated
with known host proteins directly interacting with influenza virus proteins (HDIPs, as “causes”) to obtain multiple condition-specific IVIPNs. IVIPNs
associated with late-stage or severe infections were subsequently used to guide the repurposing and efficacy identification of host-directed anti-IVA
drugs.

Table 1. The ratio of key genes related to influenza virus
infection in the genes responsible for differential flux
reactions (%).

Time (h) IVBOFmodels UImodels

3 81.4 (136/167) 81.0 (94/116)
6 82.3 (144/175) 81.8 (121/148)
12 83.2 (139/167) 81.6 (125/153)
18 80.6 (133/165) 78.3 (65/83)
24 80.1 (117/146) 80.8 (118/146)

proportion of genes responsible for differential flux reactions
were associated with crucial genes related to influenza virus
infection (see Materials and Methods) (Table 1, Source Data S7).
Thus, the integration of IVBOE enhances the sensitivity of GSMMs
to capture key host factors involved in virus-induced metabolic
changes, facilitating the precise identification of key enzymes
responsible for metabolic reprogramming.

Specific metabolic differences post-influenza
virus A infection are captured by IVBOEmodels
IVBOEmodels were employed for differential flux analysis to dis-
covery host metabolic reprogramming induced by IVA infection.
Transcriptomic data from IVA-infected and uninfected HTBE cells
(five time points) were used to constrain 10 IVBOEmodels. The
reactions with differential fluxes (Source Data S3) identified by
pairwise analysis were enriched in various metabolic subsystems.
Metabolic fluctuations were notable in subsystems related to
the “carnitine shuttle (mitochondrial),” “transport reactions,”

and “nucleotide metabolism” throughout all infection stages
(Fig. 3A, Source Data S3). “Pyrimidine metabolism,” “tricarboxylic
acid cycle and glyoxylate,” and “glycolysis/gluconeogenesis” were
disrupted early in the infection, while “biopterin metabolism”
showed more severe flux changes in later stages. Reduced flux in
the carnitine shuttle was linked to the influenza virus utilizing
host long-chain fatty acids for lipid membrane synthesis [44].
Decreased flux in the biopterin pathway has been observed in
patients with hepatitis E and rabies virus infections [45, 46].

IVBOEmodels, constrained by transcriptomic data from whole
blood samples of influenza patients at different infection stages
(three stages) [47] (Data ref: Dunning et al., 2018), were employed
for comparative analysis. Metabolic state differences between
patients with varying infection levels and healthy individuals
were observed (Fig. 3B, Source Data S3), reflecting similar
metabolic changes seen in HTBE cells pre- and postinfection.
Additionally, infection impacted metabolic fluxes in “folate
metabolism,” “C5-branched dibasic acid metabolism,” “arginine
and proline metabolism,” and “pentose and glucuronate inter-
conversions.”

In summary, specific flux analyses in vitro and in vivo identi-
fied metabolic disturbances effected by influenza virus biomass,
providing critical consequential nodes for IVIPN construction.

Construction of influenza virus A–induced
protein networks
The key enzyme composition in stage-specific metabolic net-
works can derive stage-specific induced protein networks IVIPNs
that are associated with virus–host interactions and metabolic
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Figure 2. The formation of IVBOE and differences in model structure and predictive performance between IVBOEmodels and UImodels. (A) Translation
efficiencies (TEs) of IVA genes. TEs were calculated from influenza virus–host interaction transcriptomes and ribosome footprints. The mole composition
of nucleotides (B), amino acids (C), and lipids (D) in IVBOE. Composition of total essential reactions (E) and reactions responsible for differential fluxes
(F–J) in temporal IVBOEmodels and UImodels. Temporal GSMMs were constructed by integrating RNA-seq data from HTBE cell samples infected with
the influenza virus via the ftINIT algorithm. Prediction of reaction fluxes and extraction of reactions with differential fluxes were achieved through
flux sampling and Kolmogorov–Smirnov (KS) test.

Figure 3. Condition-specific differential metabolic subsystems. Temporal metabolic differences in HTBE cells infected with influenza virus (five time
points) (A) and stage-specific differences in influenza patients (three stages) (B), inferred through differential flux analysis of constrained IVBOEmodels.
Prediction of reaction flux values and extraction of reactions with differential fluxes were achieved with flux sampling and KS test. Subsystems with
−lg(p) > 1.301 were considered significantly enriched by hypergeometric test.

reprogramming. The involvement of metabolic enzymes, rather
than differentially expressed genes [30], can provide more
unequivocal causal relationships in regulating metabolism. Each
IVIPN (Source Data S4) consists of three components (Fig. 4A): (i)

Host proteins Directly interacting with Influenza virus Proteins
(HDIPs, causal nodes); (ii) Enzymes responsible for Reactions
with significantly differential Fluxes (ERFs, consequential nodes);
and (iii) protein pathways connecting HDIPs and ERFs via the

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data


Metabolism-associated protein network constructing | 5

Figure 4. The construction of IVIPN. (A) Structural hierarchy of IVIPN, where hidden layer was obtained via Dijkstra algorithm. (B) Statistical analysis of
step lengths of hidden paths in five temporal and three stage-specific IVIPNs. HDIPs, host proteins directly interacting with influenza virus proteins;
ERFs, enzymes responsible for reactions with significantly different fluxes.

shortest steps (hidden layer). A total of five time-series and
three stage-specific IVIPNs were derived from condition-specific
consequential nodes. Each of the eight IVIPNs contained 14 298–
14 734 nodes with 510 562–547 570 edges. The hidden layer of each
IVIPN consisted of 5349–8300 unique proteins. Approximately 78%
of the pathways in these hidden layers comprised more than three
proteins (Fig. 4B, Source Data S4). The IVIPNs established via this
strategy aimed to encompass potential signaling patterns that
were strongly associated causal nodes with consequential nodes.

influenza virus A–induced protein networks are
enriched with specific hub nodes relevant to
influenza virus A infection
The hub nodes in IVIPNs, as intersections of multiple pathways
within the cell, constitute essential biological modules and poten-
tial host targets [48]. To validate virological significance of hidden
layers, four network topology algorithms were applied to identify
hub nodes related to viral infection within each hidden layer. Each
of the eight IVIPNs contained 699–899 unique hub nodes, with
at least 67% in each hidden layer. Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analysis revealed that
hub nodes in each hidden layer were significantly associated
with terms such as “viral carcinogenesis,” “human immunodefi-
ciency virus 1 infection,” “human cytomegalovirus infection,” and
“hepatitis B” (q < 0.05) (Table S2). These results demonstrate the
validity of the hidden layer for inferring influenza pathogenic
mechanisms.

Reasonable hidden layers constitute the main part of IVIPNs
and provide an abundance of hub nodes and edges. The charac-
teristics of hub node variations in IVIPNs determine the stage-
specific impact of viral infection on host pathways. To investi-
gate the specific host molecular mechanisms relied upon by IVA
infection at different stages, unique hub nodes from the temporal
IVIPNs were extracted via four network analysis methods for Gene
Ontology (GO) enrichment (Fig. 5A, Source Data S5). The signifi-
cant enrichments of pathway “viral genome replication” at 3 hpi,
as well as “extrinsic apoptotic signaling pathway” and “regulation
of leukocyte mediated immunity” at 6 hpi, were supported by
previous studies [49, 50]. Additionally, enrichment in “negative
regulation of sodium ion transmembrane” confirmed the initial
downregulation of ion channel expression and activity in host
epithelial cells during influenza infection [51].

The specific significant enrichment with evidence was
observed primarily in “organelle membrane fusion” at 18 hpi,
“ribonucleoprotein complex subunit organization” at 24 hpi, and
“protein autoubiquitination” during 18–24 h. The functionality
associated with “organelle membrane fusion” ensured that the
influenza virus, which relies on endocytosis for cellular entry,
can fuse with endosomal membranes, thereby trafficking RNP
into the cytoplasm [52]. “Ribonucleoprotein complex subunit
organization” and “protein autoubiquitination” supported the
translation and post-translational modification of viral proteins
[53, 54]. Ubiquitination of the influenza virus polymerase
contributes to the enhancement of its activity [54].

Furthermore, enrichment of unique hub nodes associated with
three different infection stages revealed that pathways in stages
2 and 3 resemble those observed in later stages of in vitro infec-
tion (Fig. 5B, Source Data S5). Inflammatory pathways, including
“intrinsic apoptotic signaling pathway” and “cell death in response
to oxidative stress,” were also significantly enriched with evidence
[55, 56].

Overall, these findings underscore the ability of IVIPNs to
accurately capture the developmental dynamics of IVA infection.
These centrally important nodes, essential for virus dependence,
could potentially guide host-directed therapeutic strategies.

Effective anti-influenza virus A drugs identified
via repurposing based on severe influenza virus
A–induced protein networks
The interactions between drugs and host targets suggested the
potential to interfere with the IVA infection process by target-
ing hub nodes. Considering that the differences of cell sample
sources or cell lines determine the variation in the composi-
tion of hub nodes, hub nodes extracted from IVIPNs generated
from in vitro late-infection (24 hpi) and in vivo severe infection
(s3) samples were both utilized for drug repurposing. A total of
4428 small molecules with drug–target relationships from the
DrugBank database (updated as of 4 January 2023) [57] were
applied to repurpose via a network-based proximity analysis [58].
Thus, a total of 34 and 16 FDA-approved drugs were identified
based on networks generated from in vitro and in vivo samples,
respectively, each supported by established antiviral evidence
(Table S3). Notably, three candidates (salmeterol, ruxolitinib, and
vemurafenib) of the 34 drugs and two candidates (minocycline
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Figure 5. The GO enrichment of unique hub nodes in IVIPNs. Hub nodes of five temporal (A) and three stage-specific IVIPNs (B) were identified through
eigenvector centrality, degree centrality, betweenness centrality, and restart random walk. Pathways with −lg(p) > 1.301 as significantly enriched.

and dipyridamole) of the 16 drugs possessed known host-directed
anti-IVA effects.

Based on assessment of drug availability and structural
uniqueness, an additional five candidates lacking antiviral evi-
dence (saxagliptin, lisinopril, gliclazide, sorafenib, and ezetimibe)
screened from in vitro and in vivo samples were evaluated
for their anti-IVA capacities by in vitro assay of cytotoxicity,
with inhibition of cytopathic effects and virus titers (Fig. 6,
Source Data S8). A549 cells infected with PR8 H1N1 virus were
used as the model system. Vemurafenib and oseltamivir served
as positive controls targeting host and IVA, respectively. The
results indicated that these five drugs possessed varying degrees
of ability to inhibit cytopathic effects (Fig. 6), as saxagliptin
showed dose-dependent inhibition of cytopathic effect within
the range of 150–400 μM (middle of Fig. 6C). Sorafenib and
ezetimibe inhibited cytopathic effects within the lower range
of 0.75–6.25 μM without cytotoxicity (middle of Fig. 6F and G).
Additionally, 100 μM lisinopril demonstrated anti-IVA potency
similar to that of 50 μM vemurafenib (bottom of Fig. 6A and D).
In addition, 300 μM gliclazide inhibited half of the virus titers
compared with untreated group (bottom of Fig. 6E). These results
indicate the hub node-based screening can identify effective anti-
IVA drugs. Moreover, the interaction patterns between effective
drugs and host proteins may provide insights into identifying host
targets and exploring the pathogenic mechanisms of IVA.

Discussion
The efficacy of antiviral drugs is challenged by the rapid mutation
of viruses [1–3]. Given the strict dependence of viral replication
on host activities, targeting host factors provides an alternative
antiviral strategy [12]. Initially, viruses invade by interacting with

host molecules and subsequently induce metabolic reprogram-
ming in host cells, diverting energy and resources to synthe-
size viral components. However, the complexity of viral hijacking
mechanisms impedes the understanding of viral disease progres-
sion. This study investigated the IVA infection–induced charac-
teristics by constructing an infection-induced protein network
(IVIPN), linking virus-host interactions (causal layer) to changes in
the host metabolic profile (consequential layer). To simulate the
post-hijacking metabolic landscape, IVBOE, based on influenza
virus biomolecular data, was integrated into human GSMMs to
generate IVBOEmodels. Transcriptomic data incorporation aimed
to accurately reflect metabolic alterations post-hijacking. Differ-
ential flux analysis of the IVBOEmodels identified the conse-
quential layer in IVIPNs. Condition-specific IVIPNs were used to
precisely identify hub nodes contributing to influenza infection
and for drug repurposing.

Considering only direct interactions between drugs and hub
nodes can lead to the omission of indirect interaction information.
Additionally, the multitarget nature of drugs complicates the
analysis of interaction outcomes. Therefore, network proximity
was employed to predict drugs topologically closest to multi-
ple hub nodes. The five drugs identified and screened for anti-
IVA activity also possess antiviral effects against other viruses
(Table S3). The efficiency of this screening suggests that the anti-
infection effects may be associated with host factors directly or
indirectly interfered with by the drugs. For instance, serine/threo-
nine kinase BRAF (NCBI Gene ID: 673), a target of sorafenib, is part
of the Raf/MEK/ERK signaling cascade crucial for IVA replication
[59, 60], suggesting the inhibition to BRAF might contribute to the
anti-IVA effect of sorafenib. Vascular endothelial growth factor A
(VEGFA, NCBI Gene ID: 7422), targeted by gliclazide, is associated
with kidney injury in H1N1 influenza patients [61, 62]. However,
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Figure 6. The verification of anti-IVA effect of candidates. The cytotoxicity (top), cytopathic effect inhibition (middle), and viral titer inhibition (bottom)
capacities of two positive controls (A, B) and five candidates (C–G) were evaluated. The uninfected A549 cells treated with drugs were used to measure
cytotoxicity. Cells exposed to PR8 H1N1 were employed to assess cytopathic effect inhibition. The corresponding culture supernatants were utilized
to determine viral titer inhibition, and the dashed line represents the hemagglutination titer of the control sample without drug treatment. The data
presented represent means ± SD from three independent replicates.

the anti-IVA effects of some drugs are unrelated to directly inter-
acting host factors [63]. The underlying mechanisms may involve
multiple signaling pathways processing and transmitting drug-
target interaction signals. Therefore, integrating directional pro-
tein–protein interaction information with IVIPN will facilitate the
exploration of how drug–target interaction signals are transduced
to hub nodes and downstream metabolic activities.

This study introduces a dual-function workflow that combines
exploration of influenza pathogenic mechanisms with the devel-
opment of host-directed drugs. Further optimization includes the
following steps. Firstly, Assigning PPI confidence scores to edges
in IVIPNs will enhance the precision of causal relationship predic-
tions. The edge weight is defined as W = 1 − C, where C represents
the PPI confidence score from Human Integrated Protein-Protein
Interaction rEference (HIPPIE) database [64] (ranging from 0 to 1).
The strength of the causal relationship is determined by the total
weight (W) of all PPIs involved, with a smaller sum indicating
a stronger relationship. Secondly, the IVBOE reflects only the
partial static synthesis process of influenza IVA viral particles,
without considering the material and energy reserves required
for viral lipid and protein modifications, as well as carbohydrate
demands. Therefore, additional secondary equations responsible
for details of viral replication are needed. The IVA’s reliance on
different objective equations during various replication stages
can be represented by assigning varying weights. Thirdly, each
IVIPN utilizes all HDIPs as causal nodes. This unbiased upper-
level structure causes IVIPN to overlook dynamic changes in IVA–
host protein interactions. It is crucial to note that IVA–host protein
interactions in this study encompass not only the IVA’s recogni-
tion of cell membrane surface receptors during infection but also
various interactions within the cytoplasm. A single host cell may
harbor IVAs at different life stages, suggesting the simultaneous
occurrence of multiple IVA–host protein interactions within a
cell. Therefore, additional prior knowledge is necessary to ascer-
tain the predominant HDIPs at different stages. Fourthly, VIPNs
reflected the regulation of metabolic flux through direct protein–
protein interactions. Integrating VIPNs with transcriptional regu-
latory networks and metabolite–protein interaction networks will

facilitate a systematic analysis of the effects of transcriptional
regulation and metabolite feedback on metabolic flux. Lastly,
due to the genetic and metabolic differences between A549 cells
and normal epithelial cells, primary cells, and animal models are
required for further evaluation of the antiviral efficacy of the
candidate drugs. Antiviral strategies targeting host factors are
often associated with substantial side effects [65], including dis-
ruptions to the metabolism of uninfected cells and potential off-
target impacts on various tissues and organs [66]. Consequently,
comprehensive assessments of the in vivo safety and tolerability
of these candidates are imperative.

Conclusions
The study characterizes IVA-induced metabolic reprogramming
via the IVBOEmodels, which integrate virus biomass equations
and condition-specific transcriptomes. IVIPNs, protein networks
derived from key metabolic enzymes and associated with
host–virus interactions and metabolic reprogramming, feature
infection-specific hub nodes. These hub nodes provide a rich
array of potential host targets for drug repurposing. The efficacy
of certain candidate drugs against IVA infection highlights the
promising application of this research strategy in related studies
of other infectious pathogens.

Materials and methods
Transcriptome data from infected cells and
patients
The RNA-Seq data for human tracheobronchial epithelial (HTBE)
cells infected with Influenza virus A/California/04/09 (H1N1) were
selected from dataset GSE89008 [43] (Data ref: Heinz et al., 2018).
Gene expression was normalized to TPM (Transcripts Per Mil-
lion) (Table S1). Microarray data for human whole blood cells
infected with Influenza virus H1N1 were obtained from dataset
GSE111368 [47] (Data ref: Dunning et al., 2018) (Table S1). The
details of sample selection and data processing are presented in
File S1.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
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Interaction transcriptome and ribosome footprint
data
Influenza–host interaction RNA-seq data (GSM2186929 [67] (Data
ref: Bercovich-Kinori, Tai et al., 2016), 8 hpi) and Influenza-host
ribosome footprint Ribo-seq data (GSM2186925 [67] (Data ref:
Bercovich-Kinori et al., 2016), 8 hpi) were used to determine the
TE of influenza virus proteins. The human reference genome
(GRCh38), and the genome of influenza virus A/Puerto Rico/
8/1934 (PR8, H1N1) (GCF_000865725.1) were used for data process-
ing. The quantification of genes was presented as RPKM (Reads Per
Kilobase of transcript per Million mapped reads) (SourceData S1).
The details of data processing are presented in File S1.

Key human genes and interaction proteins
related to influenza virus infection
A total of 14 202 unique key human genes related to influenza
were collected from the database including DisGeNET [68],
GeneCards [69], Comparative Toxicogenomics Database (CTD)
[70], and relevant reference [71]. A total of 1292 unique human
proteins directly interacting with influenza were collected from
the study of Heaton et al. [72] and partial results reviewed by
Watanabe et al. [73]. The details of data sources are presented in
File S1.

Human protein–protein interaction network and
drug–target interaction network
The complete human PPIN was extracted from the HIPPIE
database [64]. A network containing 15 051 drug–target interac-
tions was collected from the DrugBank database [57]. The details
of network processing are shown in File S1.

Construction of the influenza virus A biomass
equation
The genome of influenza virus A/Puerto Rico/8/1934 (PR8,
H1N1) (GCF_000865725.1) was utilized for IVBOE construction
by reported methods [34, 35].

The nucleotide composition in the IVBOE was determined by
the total amount of four ribonucleotides from one copy of the
genome −ssRNA and multiple copies of replication intermediates
+ssRNA. Calculating the TE for each IVA protein provided the
nucleotide requirements for all types of replication intermediates
+ssRNA. A viral protein’s TE is defined as the ratio of the RPKM
from Ribo-seq to the RPKM from mRNA-seq [74] (Source Data S1).

The amino acid composition was determined by the copy num-
ber, amino acid composition, and molar mass of IVA proteins. The
lipid composition was referred to as the Golgi membrane of host
cells [34, 41]. The amount of ATP required and pyrophosphate
released for synthesizing each viral particle is related to protein
and RNA synthesis [34, 41]. The polymerization of an amino acid
requires approximately four ATP molecules on average, while the
polymerization of a nucleotide releases about one pyrophosphate
on average [34, 41].

The methods for calculating biomass precursors, as well as the
details of biomass equation assembly and integration, are shown
in File S1. Parameters for calculating biomass precursors and the
completed biomass equation are shown in Source Data S2.

Generation and differential flux analysis of
condition-specific IVBOEmodels
Condition-specific IVBOEmodels were generated post-
transcriptome constraint. The ftINIT algorithm was utilized to
automatically generate personalized IVBOEmodels tailored for

specific cell types [42]. Within the same group, the gene expression
values of multiple samples were averaged and employed to
constrain the original human GSMM (UImodels) consisting
of 13 082 metabolic reactions and 8378 metabolites [75] or
IVBOEmodels. The methodological details of flux sampling and
differential flux analysis of the model are shown in File S1.
Reactions with differential fluxes are presented in Source Data S3.
The gene IDs of metabolic enzymes responsible for reactions with
differential fluxes were selected based on the “Gene-Protein-
Reaction” rules in UImodels and designated as the ERFs layer
in IVIPNs.

Hypergeometric testing was used for enrichment analysis of
metabolic subsystems that contained reactions with significantly
different fluxes. The adjusted P-value was used to determine
significantly enriched metabolic subsystems.

Construction of influenza virus A–induced
protein networks
The IVA–induced protein networks (IVIPNs) consisted of three
components. The first part comprised Host proteins Directly inter-
acting with Influenza virus Proteins (HDIPs). The second part
involved Enzymes responsible for Reactions with significantly dif-
ferent Fluxes (ERFs), identified via the aforementioned differential
flux analysis. With the background of completed human PPIN, the
function all_shortest_paths with a parameter “method = dijkstra”
of the Python package NetworkX [76] was employed to extract the
shortest protein paths between HDIPs and ERFs. These shortest
paths established the causal relationships between HDIPs and
ERFs and constituted the hidden layers of IVIPNs. Node informa-
tion of temporal IVIPNs (n = 5) and stage-specific IVIPNs (n = 3) is
presented in Source Data S4.

Identification of hub nodes related to influenza
virus A infection
Eigenvector centrality, degree centrality, betweenness centrality,
and Random Walk with Restart (RWR) were used to identify
hub nodes in the IVIPNs (Source Data S5). The details of these
algorithms are introduced in File S1.

The Python package NetworkX [76] was applied to implement
the aforementioned algorithms. Nodes meeting the criteria for
Eigenvector centrality, degree centrality, betweenness centrality,
and Random Walk with Restart (RWR) with P < .05 are considered
hub nodes.

Functional enrichment
The online tool Enrichr [77] was applied to the enrichment anal-
ysis of hidden layer proteins and hub nodes based on KEGG
pathways and GO biological processes. Pathways with q < 0.05
were considered significantly enriched (Table S2).

Drug repurposing
A network-based proximity analysis [58] was conducted on the
IVIPNs, and the details of it are introduced in File S1. Drugs
with Z < −1.5 were considered to be highly relevant to influenza
disease (Table S3).

Cell, virus, and reagents
A549 human lung carcinoma cells were purchased from the Amer-
ican Type Culture Collection (ATCC, VA, USA). Influenza virus
A/Puerto Rico/8/1934 (PR8, H1N1) was kindly provided by Profes-
sor Hongbo Zhou from Huazhong Agricultural University, China.
Five candidate drugs—saxagliptin hydrochloride, lisinopril dihy-
drate, sorafenib tosylate, ezetimibe, and gliclazide—along with

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf163#supplementary-data
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two positive controls, vemurafenib and oseltamivir phosphate,
were purchased from Sigma-Aldrich (Sigma-Aldrich, MO, US). The
details for cell culture, virus proliferation, and reagent usage are
presented in File S1.

Detection of anti-influenza virus A infection
capability
A549 cells were cultured overnight and digested with 0.25%
trypsin (Gibco, CA, USA), then seeded into 96-well plates for 12 h
in Dulbecco’s Modified Eagle Medium (DMEM). For cytotoxicity
testing, cells were washed and incubated in DMEM for 3 h. To
evaluate the cytopathic effect inhibition, cells were infected
with PR8 H1N1 (Multiplicity of Infection (MOI) = 0.001) for 3 h,
followed by washing. Cells were cultured for 24 h in DMEM
with 0.25 μg/ml L-(tosylamido-2-phenyl) ethyl chloromethyl
ketone (TPCK)-treated trypsin (Sigma-Aldrich, MO, US), with
or without candidate drugs (0.75–450 μM). Cytotoxicity and
inhibition of the cytopathic effect were assessed using a CCK-
8 assay. Hemagglutination assays with chicken red blood cells
(CRBCs) determined PR8 titers, using serial dilutions of culture
supernatants. Hemagglutination inhibition was indicated by the
highest dilution preventing CRBC hemagglutination. The details
of detections are presented in File S1.

Key Points

• Stage-specific metabolic reprogramming of host induced
by influenza virus A (IVA) was depicted.

• genome-scale metabolic models capturing postinfec-
tion metabolic details were reconstructed with the IVA
biomass equation.

• Hub nodes related to IVA infection were screened and
applied to drug repurposing.

• Lisinopril, saxagliptin, and gliclazide were discovered
with anti-IVA effects in vitro.
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