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Abstract
Background  Host dependency factors (HDF) are essential for viral replication and are promising targets for broad-
spectrum antivirals. However, most work has focused on individual viruses or individual data types, limiting our 
understanding of shared host mechanisms across viruses.

Methods  We developed a pan–viral framework that integrates multi–omics data–including genome-wide 
perturbation screens, single–cell transcriptomes and viral interactomes–and combines graph–based learning with 
classical machine–learning models to prioritize HDF for four RNA viruses (SARS-CoV–2, influenza A virus, dengue virus 
and Zika virus).

Results  Across viruses, the framework achieved high discrimination, with area under the receiver operating 
characteristic curve (ROC–AUC) greater than 0.90 on benchmark datasets, and identified a conserved signature of 
118 genes shared by all four viruses and 427 genes shared by at least three. These genes converge on recurrent host 
programmes such as clathrin–mediated entry and endomembrane trafficking, nuclear transport, RNA processing and 
stress granules, and proteostasis and ubiquitin–proteasome signalling. The pan–viral signature generalizes beyond 
the training set, as genes shared by three or more viruses are strongly enriched among top–ranked Ebola virus 
candidates. We further provide a prioritized shortlist and an experimental validation roadmap to guide follow–up 
perturbation studies.

Conclusions  Our integrative multi-omics and machine-learning approach outlines a prediction-based, data-driven 
map of pan-viral host liabilities and highlights tractable opportunities for host-directed therapy against diverse RNA 
viruses.
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​Introduction
In recent years, outbreaks of viral diseases—primarily 
caused by RNA viruses such as SARS-CoV-2, Zika virus 
(ZIKV), dengue virus (DENV), influenza A virus (IAV), 
and Ebola virus (EBOV)—have posed serious threats to 
the global public health [1]. For instance, the COVID-19 
pandemic has resulted in over six million fatalities and 
disrupted societies worldwide [2]. Seasonal IAV epidem-
ics contribute substantially to mortality, with the 2009 
H1N1 pandemic infecting approximately 60 million 
Americans and causing over 120,000 deaths, while novel 
avian strains continue to pose a risk of human pandemics 
[3]. DENV infects an estimated 100–400 million individ-
uals annually [4], leading to hemorrhagic fever and shock, 
whereas ZIKV is associated with congenital malforma-
tions and the Guillain–Barré syndrome [5]. Although 
EBOV outbreaks are less frequent, they are catastrophic, 
with case fatality rates around 50% [6]. These examples 
highlight the significant impact of RNA viruses on pub-
lic health, often rendering conventional countermeasures 
insufficient to combat them. No approved antivirals exist 
for DENV, ZIKV and EBOV, no vaccines against ZIKV, 
and EBOV vaccines are limited to a single species [6], 
underscoring the necessity for broad-spectrum therapies 
against these RNA viruses. Additionally, the deployment 
of vaccines is often characterized by delays [7].

Considering preparedness for the next pandemic out-
break, a central medical gap is that antiviral development 
is still largely virus-specific and reactive. However, pre-
paredness requires targetable host mechanisms that can 
be leveraged early before pathogen-tailored drugs and 
vaccines become available at scale. The majority of antivi-
ral agents are designed to target viral proteins. However, 
viruses can readily evade these treatments through muta-
tions, emphasizing the need for alternative strategies 
[7]. One promising approach is a host-directed therapy, 
which emphasizes the identification of host dependency 
factors (HDF) [8]. These comprise host genes and pro-
teins that viruses exploit to enter, replicate, assemble, and 
exit the host cells. Host-directed therapy aims to inter-
fere with HDF required for pathogen replication or per-
sistence, and has been proposed as a strategy to broaden 
antiviral activity while potentially increasing the barrier 
to resistance compared with direct-acting antivirals [9–
11]. Accordingly, the key challenge is not whether host 
dependencies exist, but how to robustly prioritize those 
that generalize across experimental contexts and—criti-
cally—across viruses.

In this study, we focus on the four major RNA viruses 
SARS-CoV-2, IAV, DENV, and ZIKV as a practical 
“pan-viral” model. They represent distinct transmis-
sion routes and disease contexts (respiratory and arbo-
viral infections), while also offering a rich data source 
comprising publicly available multi-omics experimental 

observational data. Here, we refer to “pan-viral” as shared 
host liabilities among these four viruses, rather than an 
exhaustive list of HDF for all viruses. Most studies have 
focused on single viruses or individual data modali-
ties, which fail to reveal shared host mechanisms across 
different viral infections. The limited overlap between 
CRISPR/Cas9 and RNAi knockout/down screens, even 
when focusing on a single virus, underscores the issue of 
data diversity in this field [3, 12]. Indeed, there are “con-
sistency” issues in the experimental setups. Differences 
in perturbation technology, cell systems, viral isolates, 
multiplicity of infection (MOI), knockout library design, 
and analysis pipelines have led to rather incompatible 
hit lists. As a result, it becomes difficult to decide which 
candidates are reliable enough to prioritize for follow-up 
validation and, ultimately, therapeutic development. For 
IAV, Li et al. noted largely divergent host-factor results 
with few overlapping hits and introduced the linear 
regression based analysis model Meta-Analysis by Infor-
mation Content (MAIC) to integrate data from heteroge-
neous methods [3]. For SARS-CoV-2, Rebendenne et al. 
showed strong cell-type specificity of hits across CRISPR 
based knockout screens, motivating to perform second-
ary screens with additional cell models to refine the hits 
from genome scale screens [13]. Even when evidence 
is systematically integrated across studies, the result-
ing rankings can remain context-dependent and are not 
designed to exploit gene characteristics, also on the cellu-
lar network level that may enable transferring evidences 
of HDF across virus entities [12, 14–16]. In summary, the 
field has accumulated substantial experimental data from 
gene perturbation screens, interactomes, and single-cell 
transcriptomes. However, the documented divergence 
across studies and cell types shows that simple overlap or 
rank aggregation is insufficient to identify robust, shared 
host dependencies. Comprehensive, but heterogenous 
datasets across the four viruses are available. Hence, 
computational efforts to concert their information, and 
a data-driven, integrative computationally derived map 
is needed to guide experimental directions. A key trans-
lational gap is the absence of an actionable cross-virus 
host-target map that is robust across heterogeneous 
experimental settings and directly paves the way to effi-
cient experimental validation.

In response, we developed an integrative pipeline that 
leverages the strengths of multiple high throughput data-
sets. For each virus, we aggregated CRISPR/Cas9 screens, 
RNAi screens, viral protein/RNA–host protein interac-
tomes and single-cell transcriptomics into a unified set of 
evidence-derived, virus-specific benchmark labels using 
the MAIC algorithm [3]. MAIC has been successfully 
used to identify HDF of single virus entities, such as IAV 
[3] and betacoronaviruses including SARS-CoV-2 [14], 
and has also been applied in meta-analyses of multiple 
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pooled CRISPR screens for identifying HDF of IAV [15]. 
We build on MAIC as an evidence-harmonization layer, 
but go beyond aggregation by training machine learn-
ing models to learn transferable patterns of HDF from 
multi-scale gene and network features—thereby aiming 
to improve prioritization across viruses and experimen-
tal contexts. We computed a comprehensive set of fea-
tures for each host gene, including sequence descriptors, 
Gene Ontology based gene set and pathway enrichment 
scores, protein domains, evolutionary conservation met-
rics, protein interaction topology, node embeddings, and 
subcellular localization probabilities. These features were 
utilized to train heterogeneous graph attention networks 
alongside classical machine learning models. To bridge 
computational prioritization with translational utility, we 
report (i) a conserved set of 118 HDF shared across all 
four viruses and (ii) a broader core of 427 genes shared 
by at least three viruses, and we map prioritized genes to 
host processes and viral life-cycle stages to support test-
able hypotheses for follow-up perturbation experiments. 

Finally, we demonstrate that the pan-viral signature gen-
eralizes beyond the four viruses to EBOV as a representa-
tive filovirus.

Methods
Overall description of the workflow
Figure 1 provides a schematic overview of the study 
workflow, emphasizing the “data journey” from public 
resources to prioritized cellular targets. Briefly, we per-
formed a comprehensive systematic review to assemble 
virus-specific host-factor evidence from complementary 
modalities, including CRISPR/Cas9 and RNAi knock-
out/down screens, single-cell transcriptomic datasets, 
and viral protein/RNA–host protein interaction studies. 
To reconcile limited concordance across individual stud-
ies and to leverage orthogonal sources, we combined all 
gene lists using MAIC, for each virus separately. MAIC 
computed an overall ranking for all genes. We used the 
extremes of this ranking to define putative benchmark 
labels for model training and evaluation (top 1000 genes 

Fig. 1  Simplified overview of the pan-viral evidence-to-prioritization workflow. The figure highlights the “journey” of the data from public multi-omics 
evidence to prioritized biological targets. First, heterogeneous host-factor evidence was assembled for each virus from perturbation screens, virus–host 
interaction datasets, single-cell transcriptomes, and RNA-centric studies. Second, for each virus, these datasets were integrated using MAIC to obtain an 
evidence-weighted ranking and to define benchmarks. Third, informative gene- and network-level features (variables) were computed and used to train 
machine-learning models. Fourth, the trained models were applied to all human genes to generate HDF probabilities and ranked candidate lists. Finally, 
cross-virus comparison identified shared pan-viral candidates, which were interpreted through enriched pathways of the host cells, viral life-cycle stages, 
and therapeutic opportunities. The biological signals informing prioritization include, for example, network centrality and trafficking- or organelle-related 
features for SARS-CoV-2, and closeness, endosomal acidification, spliceosome-associated RNA processing, and COPI-linked trafficking for IAV. For flavivi-
ruses, we observed endocytosis, ER protein processing/glycosylation, stress-granule biology, and nuclear transport/RNA-processing programs as key host 
processes consistent with the model outputs (see results)
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b​i​.​n​l​m​.​n​i​h​.​g​o​v​/​g​e​o​/​​​​​) and processed separately for each 
study using a common Seurat workflow [22]. After sam-
ple-level quality control, cells with extremely low library 
size or gene complexity and cells with high mitochondrial 
read fractions were removed (typically, cells with <200 
detected genes, >6000 detected genes, or >20% mito-
chondrial UMIs were filtered out). Gene-level counts 
were then normalised, log-transformed, and scaled. 
Depending on sequencing depth and heterogeneity, we 
used either Seurat’s standard “LogNormalize” pipeline 
or SCTransform. For datasets with moderate depth and 
limited batch structure we applied LogNormalize; for 
larger or more heterogeneous datasets we used SCTrans-
form to better stabilise the mean–variance relationship. 
After normalisation, we performed principal component 
analysis (PCA) [23] on the host-gene expression matrix, 
and used these PC both for clustering and for visualisa-
tion by Uniform Manifold Approximation and Projection 
(UMAP) [24]. Seurat’s FindNeighbors/FindClusters func-
tions with the Louvain algorithm (resolution ~0.4–0.8) 
were used to define major cell clusters. UMAP embed-
dings were inspected to confirm cluster structure and to 
detect potential batch effects. When a batch structure 
within a dataset was present, we applied integration using 
Seurat/Harmony before downstream analysis. Datasets 
from different studies were not merged, each study was 
processed and analysed independently, contributing its 
own ranked gene list to MAIC.

Viral transcripts were quantified per cell by summing 
raw counts across all viral genes for that dataset. We then 
defined a per-cell viral-load score 

	 vloadc = log2 (viralcountsc + 1) ,� (1)

where viral countsc denotes the total number of reads 
mapped to the viral genome in cell c. The value vloadc 
was used only as a trait in correlation analyses. Viral 
genes were excluded from PCA, clustering, and network 
construction. Genes expressed in fewer than 5% of cells 
in a dataset were removed prior to network analysis.

To relate host-gene expression to viral load we applied 
high-dimensional weighted gene co-expression network 
analysis (hdWGCNA) [25] on each scRNA-seq data-
set separately. Within each major Seurat cluster, we first 
constructed metacells by aggregating groups of k = 25 
nearest-neighbour cells (max_shared = 10 cells shared 
between any two metacells), which reduces sparsity while 
preserving local structure. A signed co-expression net-
work was then built using Pearson correlations between 
metacell-averaged expression profiles, transformed into 
an adjacency matrix with a soft-threshold power β cho-
sen by the scale-free topology criterion, as implemented 
in hdWGCNA. Topological overlap was used as a dis-
tance measure, and genes were hierarchically clustered. 

as HDF and bottom 1000 genes as non-HDF per virus). 
Genes outside these extremes were not used for model 
fitting or benchmarking, but were retained for genome-
wide scoring in downstream analyses. Subsequently, we 
trained two complementary machine learning model 
families in parallel: (i) classical tree-based models, 
including Random Forest (RF) [17] and Extreme Gradi-
ent Boosting (XGBoost) [18], and (ii) a Heterogeneous 
Graph Attention Network (HAN). Where indicated 
(HAN + RF), we combined predictions from RF and HAN 
in an ensemble to improve robustness. XGBoost was 
not pursued in the ensemble because it was not supe-
rior to RF. For a more detailed, method-centric workflow 
(including modeling components), see Figure S2 in the 
Supplementary Material.

Construction of the benchmark labels
We performed a PRISMA-guided literature review and 
curated virus-specific datasets, which we organized into 
four evidence categories: Genetic (CRISPR-Cas9 knock-
out and/or RNAi knock-down), PPI (experimentally 
determined virus–host protein–protein interactions), 
transcriptome (single-cell), and RNA-centric (vRNA–
host protein or vRNA–host RNA interactomes) (Fig. S1). 
The full search strings (databases, exact keywords, opera-
tors) are provided in Supplementary Text S3. We selected 
the following numbers of datasets, for SARS-CoV-2: 27 
genetic, 11 PPI, two transcriptome, two RNA-centric (in 
total 42); for IAV: 18 genetic, 16 PPI, one transcriptome, 
zero RNA-centric (in total 35); for DENV: 14 genetic, 16 
PPI, one transcriptome, four RNA-centric (in total 35); 
for ZIKV: eight genetic, nine PPI, one transcriptome, 
three RNA-centric (in total 21); for EBOV: seven genetic, 
four PPI, zero transcriptome, two RNA-centric (in total 
13). The numbers are listed in Table S1, more details 
about the original publications are given in Tables S2–S6, 
in which each study is listed as ranked (the original pub-
lication supplied an explicit rank/score for each gene) or 
unranked (unranked lists of genes). The full breakdown 
appears alongside each entry in Tables S2–S6.

Preprocessing of the data
CRISPR/Cas9 and RNAi screens: Gene lists from both 
methodologies were extracted from the according publi-
cation. Screens were considered as ranked (based on sta-
tistical metrics such as p-value or adjusted p-value when 
available) if it was documented that the gene lists had 
been analyzed using statistical tools such as MAGeCK 
(Model-based Analysis of Genome-wide CRISPR/Cas9 
Knockout) [19], RIGER (RNAi Gene Enrichment Rank-
ing) [20], RSA (Redundant siRNA Activity) [21]; other-
wise, they were classified as unranked.

scRNA-seq data: All single-cell datasets were down-
loaded from Gene Expression Omnibus ​(​​​h​t​​t​p​:​​/​/​w​w​​w​.​​n​c​

http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
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Modules of tightly co-expressed genes were identi-
fied by dynamic tree cutting and merged using default 
hdWGCNA parameters (merge height ≈0.25). For each 
module, hdWGCNA computed the first principal com-
ponent of the module’s expression matrix denoted as the 
module’s eigengene (ME), serving as a low-dimensional 
summary of the module. Module–trait associations 
were assessed by first correlating the eigengene values 
with the viral load of each metacell leading to a correla-
tion coefficient rm for each module. Only modules with 
significant correlation were used, i.e., having a false dis-
covery rate ≤ 0.05, rm was set to zero otherwise. Similarly, 
the correlation of gene g in module m with the module 
eigengene EMm denoted as kMEm(g) was computed as 
the Pearson correlation between the expression vector of 
gene g across metacells, and the EMm across those same 
metacells. To obtain gene-level scores usable for ranking, 
each gene g in module m received score 

	 sm
g = rm × z (kMEm (g)) ,� (2)

where z(.) denotes within-module z-score normalization 
of kMEm. If a gene belonged to multiple significant mod-
ules, the value with the largest absolute magnitude was 
used. Scores were min–max rescaled to [0,1] per dataset 
and used as the scRNA-seq evidence for MAIC. Genes 
from non-significant modules received the value zero. 
For viruses represented by multiple scRNA-seq datasets, 
each dataset contributed an independent ranked list to 
MAIC. Viruses without single-cell data (e.g., EBOV) sim-
ply lacked this evidence channel.

PPI and RNA-protein interaction data: We collected 
and extracted data from studies that experimentally 
screened human protein-viral protein/RNA interactions. 
For the PPI category, the reported proteins were catego-
rized as ranked if they were accompanied by metrics such 
as spectral count reproducibility, signal-to-noise ratio, 
or similar quantitative measures, as generated by meth-
ods like MiST (Mass Spectrometry Interaction Statistics) 
[26] or SAINT (Significance Analysis of INTeractome) 
[27]. For RNA-protein interactions, the gene lists were 
classified as ranked if experimental techniques such as 
CLIP-Seq, iCLIP, and PAR-CLIP reported their interac-
tions with statistical measures like binding scores or false 
discovery rates (FDR). Otherwise, the data, such as those 
derived from RIP-Seq, were categorized as unranked.

All data sets from five particular experimental data 
types were integrated using the MAIC framework, a 
method developed for combining ranked and unranked 
gene lists from heterogeneous sources with unknown 
quality, which are expected to contain common gene 
lists or similar rankings of genes. The MAIC algorithm 
assigns a score to each gene based on its overlap with 
other lists and, when applicable, its rank within those 

lists. Common genes reported across different categories 
are assigned higher scores compared to those appear-
ing repeatedly in gene lists within the same category. In 
addition, a weighting score is calculated for each gene 
list by summing the scores of all the genes it contains. 
This approach ensures that gene lists with a higher pro-
portion of genes supported by evidence from multiple 
studies receive higher weighting scores. Gene scores are 
then iteratively recalculated using the updated weight-
ing scores, while the weighting scores are simultaneously 
recalculated by summing the revised gene scores. This 
iterative process continues until convergence is achieved. 
Finally, the algorithm produces a consolidated and 
ranked list of genes, highlighting those with the strongest 
evidence across multiple datasets. To obtain sufficiently 
powered and class-balanced training labels while mini-
mizing class-imbalance bias, we designated the top 1000 
ranked genes as putative HDF and the bottom 1000 as 
non-HDF per virus. The rest of the genes in the list were 
not used during training and testing the machine learn-
ing models, but were used to apply the machines predict-
ing HDF.

Feature extraction
For each host gene, we compiled a comprehensive feature 
set informed by prior work on essential-gene prediction 
[28, 29] and recent studies of host-factor discovery [16, 
30]. In total, 60,516 features were computed per gene/
protein, spanning (i) intrinsic sequence-derived descrip-
tors (obtained directly from DNA and protein sequences) 
and (ii) extrinsic biological context (capturing network 
topology, homology, subcellular localization, and func-
tional domains). We organized these features into six 
categories and then applied a stringent, multi-stage 
dimensionality-reduction pipeline to mitigate redun-
dancy and overfitting.

1.	 Gene and protein sequence descriptors: For each 
gene, we used seqinR [31] to calculate amino acid 
composition, physicochemical class frequencies 
and theoretical isoelectric points. Autocorrelation, 
Conjoint Triad descriptors, quasi sequence order and 
pseudo amino acid compositions were derived using 
protr [32]. CodonW ​(​​​h​t​​t​p​s​​:​/​/​c​​o​d​​o​n​w​.​s​o​u​r​c​e​f​o​r​g​e​.​n​e​t​/​​​​​
) and rDNAse ​(​​​h​t​​t​p​s​​:​/​/​g​​i​t​​h​u​b​.​c​o​m​/​w​i​n​d​2​2​z​h​u​/​r​D​N​A​
s​e​​​​​) provided gene length, GC content, optimal codon 
frequencies, auto covariance, pseudo nucleotide 
composition and k-mer frequencies (2–7 mers) 
and also calculated sequence attribute distribution 
features. The sequence attribute distribution encodes 
seven physico‑chemical attributes—hydrophobicity, 
normalized van der Waals volume, polarity, 
polarizability, charge, secondary structure and 
solvent accessibility—and groups amino acids into 

https://codonw.sourceforge.net/
https://github.com/wind22zhu/rDNAse
https://github.com/wind22zhu/rDNAse
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polar, neutral or hydrophobic classes. Each feature 
name encodes the attribute (first digit), class (second 
digit) and sequence location (last three digits), e.g., 
seq.attribute.distribution 42100 denotes polarizable, 
neutral residues located at the end of the sequence.

2.	 Gene Ontology and pathway enrichment: Gene 
set features were derived by performing gene set 
enrichment based on the gene set definitions from 
Gene Ontology (GO), for each gene’s neighborhood 
in the human protein–protein interaction (PPI) 
network. The PPI was assembled from STRING v12 
[33]. For every GO term, we calculated the negative 
log₁₀ of p-value obtained from a Fisher’s exact test to 
quantify enrichment. To reduce redundancy among 
GO terms, overlapping gene sets were removed by 
solving a stable set problem (details, see reference 
[34]). Gene sets from KEGG and Reactome were also 
included.

3.	 Protein domains and structural motifs. Using 
BioMart [35], we enumerated Pfam domains as well 
as the number of coiled coils, predicted membrane 
helices, post translational modifications, β turns, 
cofactor binding sites, acetylation and glycosylation 
sites, signal peptides, and transmembrane helices. 
We also included features describing the number and 
lengths of untranslated regions (UTRs).

4.	 Evolutionary conservation and homology: 
Conservation features were generated by aligning 
each protein against the RefSeq database [36] 
using PSI BLAST [37] and counting the number of 
homologs at E-value thresholds ranging from 1e-5 to 
1e-100. We also recorded the number of orthologs 
per gene and calculated Ka/Ks ratios from variome 
data to capture evolutionary constraints.

5.	 Topology in protein–protein interaction networks: 
We employed the Python library NetworkX to 
compute various network metrics for each gene 
within the human protein-protein interaction (PPI) 
network derived from STRING v12. Specifically, we 
calculated the degree, degree distribution, centrality 
measures (including closeness and betweenness), 
clustering coefficient, and PageRank.

6.	 Node embeddings and subcellular localization: 
Previous research has demonstrated that the 
inclusion of virus–host and virus–virus interaction 
data, such as through interactome maps, network 
proximity, or diffusion, enhances the prioritization of 
pertinent host factors and targets [38, 39]. To capture 
higher-order connectivity patterns, we computed 
node2vec embeddings [40] separately for the host 
and viral protein interaction networks. Specifically, 
we applied node2vec to the human PPI network 
(STRING v12) to learn a 64-dimensional embedding 
for each host protein, and similarly applied node2vec 

to each virus’s own protein–protein interaction 
(V–V) network to embed its viral proteins. This 
biased random-walk approach (skip-gram training) 
produces embeddings that preserve neighborhood 
relations in each network. We integrated viral 
protein node embeddings into the HAN model to 
incorporate virus-specific interaction context.

The inclusion of compartment probabilities aids the 
model in distinguishing proteins that operate in specific 
cellular localizations. Hence, subcellular localization fea-
tures were included, which were derived from DeepLoc 
[41], which assigns probability scores for 11 compart-
ments (cytoplasm, nucleus, mitochondria, endoplasmic 
reticulum, Golgi apparatus, lysosome, vacuole and per-
oxisome, plasma membrane, extracellular and chloro-
plast). In total 60,516 features were calculated for each 
gene.

The cross-validation procedure
For each virus, we trained and evaluated the models 
using a nested cross-validation (CV) scheme (10-fold 
outer CV and 5-fold inner CV), as schematized in Fig. 
S6. In the outer loop, the data were split into 10 folds, in 
each outer split, one fold (10% of the samples) was held 
out as an independent test set and the remaining 90% 
were used exclusively for model training, feature selec-
tion, and hyperparameter tuning. Within this 90% train-
ing portion, we ran a 5-fold inner CV. All preprocessing 
steps, including feature selection and correlation-based 
pruning, were performed within each inner training fold 
and applied to the corresponding inner validation fold to 
avoid information leakage.

Feature selection and modeling strategy
All features were standardized via z-score normaliza-
tion prior to feature selection. To address the high 
dimensionality relative to the number of samples, we 
applied a multi-step feature selection pipeline for each 
virus-specific dataset. First, we performed recursive 
feature elimination (RFE) using a Random Forest classi-
fier (scikit-learn implementation), iteratively removing 
the least important features in each training fold until a 
smaller subset remained; the target number of features 
(on the order of a few hundred) was empirically cho-
sen based on inner-fold performance. Next, within each 
training fold we removed any remaining highly collinear 
features (Pearson |r| >0.70) to eliminate redundancy, 
leaving roughly 300–500 features per virus for the clas-
sical models (Random Forest and XGBoost). For the 
graph-based model (heterogeneous graph attention net-
work, HAN), we took a more conservative approach: 
all sequence-derived descriptors (~37,660 nucleotide/
protein sequence features) were excluded upfront, since 
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preliminary RF/XGBoost experiments showed no con-
siderable performance benefit from including them. 
The same Pearson correlation filter was applied to the 
remaining features, yielding approximately 1,450 input 
features per human protein node. All feature selection 
steps were confined to the inner cross-validation folds to 
avoid overfitting, substantially reducing the feature-to-
sample ratio before modeling.

We evaluated two complementary machine learn-
ing approaches on the selected feature sets: (i) classi-
cal ensemble classifiers and (ii) a graph-based neural 
network. The classical models included Random For-
est and XGBoost, which served as baseline classifiers 
using the reduced feature subsets. The graph-based 
approach utilized HAN to integrate host gene features 
with virus–host interaction network context. In the HAN 
architecture, each host protein’s feature vector (~1,450 
dimensions after selection) was first projected into a 
256-dimensional embedding via a trainable linear layer. 
Our method then applied graph attention mechanisms 
over predefined meta-paths connecting human and viral 
nodes to aggregate neighborhood information. We incor-
porated regularization in HAN through dropout and 
employed early stopping based on validation loss to miti-
gate overfitting. To exploit the complementary strengths 
of RF and HAN, we implemented an ensemble through 
stacked generalization. In each outer 10-fold cross-vali-
dation split (with 10% of samples held out as test), RF and 
HAN were trained on the training partition and gener-
ated out-of-fold probability predictions for each sample 
in that partition; we concatenated the two predicted 
class probabilities (one from each model) as features 
for a meta-learner (a logistic regression classifier). This 
meta-classifier was trained on the combined out-of-fold 
predictions of the training data and then applied to the 
held-out test fold to produce the final ensemble predic-
tion. Given XGBoost’s consistently lower performance 
than RF and its lack of incremental benefit in stacking, 
our final ensemble comprised RF and HAN only.

Heterogeneous graph construction
For each virus, we built an independent heterogeneous 
graph with two node types—human proteins (H) and 
viral proteins (V)—and three edge types: H–H (human–
human PPI), H–V (virus–host interactions for the virus 
under study), and V–V (virus–virus interactions). As 
our prediction target is defined on human proteins, all 
meta-paths started and ended at H. In the network, the 
following meta-paths were established: Φ₁: H→H, Φ₂: 
H→V→H, Φ₃: H→H→V→H, Φ₄: H→V→V→H.

To control computational cost and prevent dense H–H 
edges from dominating message passing, we used bud-
geted fan-out sampling along meta-paths. Fan-out bud-
gets were selected via inner-loop hyperparameter tuning 

within predefined ranges K_VH ∈ {10,15,25,40}, K_VV 
∈ {5,10,20}, and H→H hop budgets for Φ₂/Φ₃ ∈ {(10/5), 
(20/10), (5/3)}. The final values are listed in Table S14. 
Budgets were kept comparable across meta-paths so that 
the semantic-attention module is not biased by raw path 
frequencies.

Message passing
Node-level attention
Since nodes were heterogeneous, different types of nodes 
belonged to different feature spaces. Hence, we projected 
the features of different nodes into a common feature 
space using a feature transformation matrix MΦ specific 
to each meta-path type Φ. For a node i, this projection is 
given by 

	 h′
i = MΦ · hi,� (3)

in which hi and h’i′ are the original and projected features 
of node i, respectively. Next, node-level attention weights 
were learned for different types of nodes on the same 
meta-path. For node pairs (i,j) that were connected via 
a meta-path, the asymmetric importance eΦ

ij  of node j to 
node i under meta-path type Φ was calculated as 

	 eΦ
ij = attnode

(
h′

i, h′
j ; Φ

)
� (4)

Here, attnode (⋅) denotes a single-layer neural network that 
produces unnormalized node attention coefficients eΦ

ij  
for a fixed target node i, given the projected embeddings 
h’i′ and h’j on meta-path type Φ. As implied by the for-
mulation, the weight for a node pair (i,j) depended on the 
projected embedding vectors h′i and h′j, and the weight 
coefficients for all neighbors of node i were then obtained 
by a SoftMax normalization: 

	

αΦ
ij = softmax

(
eΦ

ij

)
=

exp
(
eΦ

ij

)
∑

l∈NΦ
i

exp
(
eΦ

il

)

=
exp

(
σ

(
aT

Φ · [h′
i||h′

j ]
))

∑
l∈NΦ

i
exp

(
σ

(
aT

Φ · [h′
i||h′

l]
))

� (5)

For a given meta-path Φ, let NΦ
i  be the set of Φ-neigh-

bors of node i. In this formula, σ is the activation func-
tion, aΦ represents the node-level attention vector for 
meta-path Φ, || represents the concatenation operation. 
The node-level embedding ZΦ

i  that aggregated informa-
tion from the projected features of i and all its Φ-neigh-
bors was calculated by 

	

ZΦ
i = σ


 ∑

j∈NΦ
i

αΦ
ij · h′

j


 .� (6)
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Given a set of meta-path types {Φ1, Φ2, …., Φp} (with p = 4 
in our setting, corresponding to the four meta-path types 
Φ1–Φ4 defined above), applying the above procedure to 
each meta-path type produced P groups of semantic-spe-
cific embeddings {ZΦ

0 , ZΦ
1 , …, ZΦ

p }, which could later be 
fused by the semantic-level attention module.

Semantic-level attention
After computing embedding feature ZΦ

i  for node i, we let 
the model learn how much each meta-path should influ-
ence the final embedding of i. Concretely, each ZΦ

i  was 
scored by a small feed-forward function and mapped to 
a non-negative importance weight with a softmax across 
meta-path types, 

	
ωΦi

= 1
|V |

(∑
i∈V

qT · tanh
(
W · zΦ

i + b
)
)

,� (7)

	
βΦi

= exp (ωΦi
)∑p

i=1 exp (ωΦi
)
,� (8)

where V is the node set, W is the learnable weight matrix, 
b represents the bias vector, and q was a trainable context 
vector that lets the model express which semantics are 
globally informative.

The fused node feature was computed by aggregating 
semantic features from different types of meta-paths, as 
follows: 

	
Zi =

P∑
j=1

βΦj
· Z

Φj

i ,� (9)

where P is the number of meta-path types and βΦj  were 
semantic-level attention weights normalized by softmax.

Feature fusion and prediction
The multihead attention mechanism combined the out-
puts of multiple attentions in different subspaces, allow-
ing the model to emphasize informative components and 
capture cross-feature interactions. Let L ∈ n×d denote 
the stacked input features for multihead attention. With 
attention head a ∈ {1, . . . , h}, we formed queries, keys, 
and values via learned linear projections: 

	 Qa = LW Q
a ,� (10)

	 Ka = LW K
a ,� (11)

	 Va = LW V
a ,� (12)

where the weight matrices for head a were represented 
byW Q

a , W K
a ∈ Rd×dk  and W V

a ∈ Rd×dv , with dk = dv= d
h

. The output of the attention mechanism for head a was 
then: 

	
Ha = Attention (Qa, Ka, Va) = softmax

(
QaKT

a√
dk

)
Va.�(13)

Outputs from all heads were concatenated to obtain the 
final output of the multihead attention: 

	 R = Concat (H1, . . . , Hh) .� (14)

Here, R denotes the final node representation matrix with 
one row per node. LayerNorm is applied along the fea-
ture dimension, and the Linear layer maps each d-dimen-
sional node representation to C logits. In our case, c = 2, 
corresponding to the two classes HDF and non-HDF. The 
Softmax is applied row-wise over the class dimension, 
yielding a normalized probability distribution over the 
two classes for each node. 

	 y′ = Softmax (Linear (LayerNorm (R))) .� (15)

Here y′ contained the predicted class probabilities and 
the predicted label was: 

	 y = argmax (y′) .� (16)

y was used to minimize the cross-entropy (BCE) loss.

Hyperparameter tuning
Hyperparameter tuning was conducted using an inner-
loop cross-validation on training and validation folds 
within a 10-fold cross-validation. Performance was evalu-
ated by the area under the ROC curve (AUROC) and the 
area under the precision–recall curve (AUPRC) (Table 
S14). The tuning process systematically explored model 
capacity parameters (hidden dimensions of 128, 256, or 
512; attention heads of 2, 4, or 8; dropout rates of 0.2, 0.3, 
or 0.5) and optimization settings (Adam optimizer with 
learning rates of 5e-4, 1e-3, or 2e-3 and weight decay of 
1e-5, 1e-4, or 5e-4). Meta-path neighbor budgets were 
varied by adjusting K_VH (virus–host neighbors: 10, 15, 
25, or 40), K_VV (virus–virus neighbors: 5, 10, or 20), 
and the host–host hop limits for meta-paths φ₂ and φ₃ (5 
and 3, 10 and 5, or 20 and 10 hops, respectively). Addi-
tionally, multi-head attention (MHA) fusion was toggled 
on or off, and a fixed DropEdge probability of 0.20 was 
applied to φ edges. Within each virus and outer cross-
validation fold, we used an inner-loop random search 
over predefined discrete hyperparameter grids rather 
than an exhaustive grid search.

To establish strong non-neural network baselines, we 
optimized Random Forest and XGBoost parameters. 
For the RF tuning process, the parameters n_estimators, 
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max_depth, min_samples_leaf, and min_samples_split 
were optimized. In the case of XGBoost tuning, the 
parameters n_estimators, max_depth, colsample_bytree, 
learning_rate were optimized within a tuning grid, while 
the gamma and subsample parameters were held con-
stant at 0 and 1, respectively.

Statistical analysis and implementation
All statistical analyses were performed in R (version 
4.4.0) and Python (version 3.10.13) on Linux and Win-
dows workstations. Gene set enrichment analyses were 
carried out using the gprofiler2 R package [42], Reactome 
and KEGG as annotation sources, applying a hypergeo-
metric test with Benjamini–Hochberg false discovery 
rate correction. GO term redundancy was removed as 
described above (Feature Extraction), and related GO 
terms were grouped into 18 curated meta-categories 
using Slimformer [43].

Results
Systematic review of the literature
We conducted a systematic literature review in accor-
dance with the Preferred Reporting Items for System-
atic Reviews and Meta-Analyses (PRISMA) guidelines to 
aggregate published screening-based and other experi-
mental evidence on HDF for the viruses under investi-
gation (Fig. S1). The search yielded 884 unique database 
records (deduplicated citations screened at the title/
abstract level), of which 115 full-text reports met the 
eligibility criteria. From these reports we extracted 146 
distinct HDF gene lists, 42 for SARS-CoV-2, 35 for IAV, 
35 for DENV, 21 for ZIKV, and 13 for EBOV. For each 
study, we documented whether the list was ranked or 
unranked, and annotated its experimental modality: 
CRISPR-based knockout, RNAi knockdown, virus–host 
protein–protein/RNA–protein interactomes, or single-
cell RNA sequencing. The number of datasets ultimately 
used per virus and modality is given in Table S1, Tables 
S2–S6 list for each used data source their modalities 
and references. Next, we analyzed the overlaps of listed 
HDF among the different datasets. Across studies, the 
overlap was sparse and uneven. Intersections among 
screens were typically small even within the same virus. 
The largest pairwise overlap (103 genes) arose from two 
HDF lists reported by the same study (two IAV strains), 
indicating non-independence between those lists (Fig. 
2A). Aside from this, we observed striking heterogene-
ity in the data. A modality-level view (Fig. 2B) reveals 
additional imbalance: SARS-CoV-2 and ZIKV were 
dominated by CRISPR-based knockout and PPI datasets, 
whereas IAV, DENV, and EBOV comprised proportion-
ally more knockdown datasets. To leverage consistency 
in the data in an automated way, we sought applying 
machine learning. For the machines, a benchmarking 

dataset needed to be assembled based on these differ-
ent data entities. However, the heterogeneity in the data 
sources cautions against naïve vote-counting methods 
for data integration, and rather motivate considering the 
sources in the statistical model when combing the data. 
For this, Li and coworkers developed Meta-Analysis by 
Information Content (MAIC), a data-driven rank-aggre-
gation framework that integrates heterogeneous gene 
lists by assigning a higher weight to datasets whose hits 
are corroborated by other studies, and that accommo-
dates both ranked and unranked lists [3]. Accordingly, we 
employed MAIC to integrate datasets based on diverse 
experimental sources, encompassing both ranked and 
unranked lists. Despite the limited gene-level concor-
dance observed, the application of MAIC facilitated the 
identification of a conserved host signal. When applied 
separately to the various viruses under analysis, an over-
lap of 26 genes was identified within the top 150 ranked 
genes for at least three viruses. Notably, Heterogeneous 
Nuclear Ribonucleoprotein C (hnRNPC) was the sole 
gene consistently ranked among the top 150 genes across 
all five viruses (Fig. 2C). To assess whether this overlap 
arose by chance, we performed an empirical permutation 
test based on the MAIC gene universe, repeatedly sam-
pling random top-150 gene sets per virus. Across 10,000 
permutations, the probability of observing a 5-virus over-
lap ≥ 1 and a ≥ 3-virus overlap ≥ 26 was p ≤ 1.0 × 10− 4 for 
both, indicating that the observed cross-virus consistency 
is highly unlikely to occur by chance. HnRNPC encodes 
an RNA-binding protein that plays a role in pre-mRNA 
processing and RNA metabolism. Recent studies suggest 
that hnRNPC may enhance viral replication by suppress-
ing type I interferon production through the degrada-
tion of the adaptor MITA/STING, thereby potentially 
attenuating antiviral responses [44]. Beyond hnRNPC, 
several high-ranking shared candidates have substan-
tial prior support. DDX3X, a DEAD-box RNA helicase, 
is a well-known host factor. It coordinates innate anti-
viral defenses and is targeted by viral antagonists across 
multiple RNA viruses, including IAV. Functional studies 
and reviews consistently implicate DDX3X in IFN signal-
ing and viral replication control [45, 46]. SFPQ (PSF), a 
member of the DBHS-family RNA-binding proteins and 
a component of paraspeckles, plays a crucial role in IAV 
transcription by facilitating the polyadenylation of viral 
mRNA. Additionally, during SARS-CoV-2 infection, it 
binds to the viral RNA genome to enhance viral RNA 
amplification, aligning with its consistent prioritization 
across various viruses in this study [47, 48].

The integration of the data led to better consistency, 
but still asks for improvement. Hence, we now applied 
two different machine learning strategies trained and 
validated with these benchmarking datasets, i.e., classical 
Random Forests (RF) and heterogeneous graph attention 
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Fig. 2  Overview of the overlaps of the different datasets explored in this study. A. The UpSet plot shows the overlaps of top ranked hits from genetic 
perturbation screens (CRISPR knock-out; RNAi knock-down) across the five investigated viruses. Vertical bars show intersection sizes; horizontal bars show 
per-virus sizes of the hit lists for different data sources. For reading the specific data sources, we refer to additional file 1. Rows are denoted according to 
the first author of the publication. Row colors correspond to the used cell line, listed in the upper left box. The single large pairwise peak (marked by a 
blue box) arises from one IAV study profiling two strains showing an unusual high overlap suggesting dependency of those lists. B. Modality chords for 
each virus summarize overlaps among evidence categories (CRISPR based gene knockout, RNAi based gene knockdown, PPI: virus - host protein-protein 
interaction, vRNA: viral RNA - host protein interactions, ScRNA-seq: single cell transcriptomics, RNAi_confirmed: subset of RNAi-derived hits that were 
validated in follow-up assays in the original studies). The link width is proportional to the number of shared genes. The modality chords visualize the pro-
nounced heterogeneity in data availability across viruses. C. Heat map for 26 genes which highly ranked for at least 3 out of 5 viruses of the virus specific 
benchmarking datasets; color code: red (blue) if high (low) ranking in the top 150 ranking genes, white: not among the top 150 ranking genes for the 
according virus. The overlap across the benchmarks remains low after integration: hnRNPC appears in the top 150 genes of all five viruses, RPS16, SFPQ, 
and DDX3X occur in four. Genes are ordered by the overlaps followed by the sum of MAIC scores across viruses
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networks (HAN). The latter of which was used due to 
their capability to embed molecular network structures 
in the search space which may support identifying path-
way structures employed by the virus.

Machine learning models show high prediction 
performance
First, we evaluated the model performances on the held-
out test sets. We used a leakage-safe nested cross-vali-
dation, an outer 10-fold split (10% test per fold) and an 
inner five-fold cross-validation on the remaining 90% for 
feature selection, and hyperparameter tuning. Four differ-
ent machine learning strategies were compared: Random 
Forests (RF), Heterogenous Graph Attention Networks 
(HAN), an ensemble of RF and HAN (RF+HAN), and 
Extreme Gradient Boosting (XGBoost). Figure 3 shows 
the results. Across the viruses SARS-CoV-2, IAV, ZIKV, 
and DENV, RF+HAN achieved consistently high discrim-
ination performance (area under the receiver operating 
characteristic curve, AUROC > 0.90). For SARS-CoV-2 
and IAV, RF+HAN showed the best results, RF yielded 
the best performances for ZIKV and DENV, marginally 
exceeding HAN and RF+HAN. In contrast, the perfor-
mances for EBOV were distinctively lower. The best per-
formance for EBOV was achieved by RF+HAN with an 
AUROC of 0.76. This lower performance may reflect (i) 

the absence of single-cell transcriptomic data, (ii) fewer 
datasets in key categories (e.g., protein–protein interac-
tion and CRISPR screens), and (iii) limited gene overlap 
across datasets, which reduced the cross-study power. 
Table S7 lists further performance measures. To dissect 
which evidence sources and feature groups drove these 
performance gains, we performed systematic ablation 
studies of the MAIC benchmarks and model features, 
confirming that the different information channels pro-
vide largely non-redundant signals (Supplementary Text 
S1, Fig. S3 and Table S8).

To obtain these excellent performances, we employed 
parameter optimization within inner cross-validation 
loops between training and validation data. The details 
are given in Methods, here we summarize the most rel-
evant observations from this optimization. For SARS-
CoV-2 and IAV, larger hidden dimensions of the HAN 
embedding space (d = 256) and higher virus–host neigh-
bor budgets (K_VH = 25, defined as the maximum num-
ber of virus–host neighbors sampled per viral node in 
V→H steps) yielded the best performance, consistent 
with the larger number of available virus–host interac-
tions for these viruses. In contrast, for ZIKV and DENV, 
smaller hidden dimensions (d = 128) and lower virus–
host neighbor budgets (K_VH = 15) were sufficient, sug-
gesting that very large neighbor budgets introduce noise 

Fig. 3  Model performances across viruses. Receiver operating characteristic (ROC) curves for four classifiers—HAN, RF, RF+ HAN (ensemble), and XGBoost
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when the virus–host interaction network is sparser. 
EBOV models favored shallower architectures (d = 128) 
and had multi-head attention fusion disabled, in line with 
the limited amount of interaction and label data. These 
virus-specific selections highlight that model capacity 
and meta-path neighbor budgets need to be matched to 
data density and heterogeneity.

Comparing HDF across viruses shows leveraged 
consistency in the machine learning based predictions
Given that the EBOV model demonstrated inferior 
performance compared to the others, we focused the 

pan-viral analyses on SARS-CoV-2, IAV, ZIKV, and 
DENV. For each virus, we applied the corresponding best 
classifier (HAN+RF for IAV, and SARS-CoV-2; RF for 
DENV, and ZIKV) to all human protein-coding genes, 
ranked them by predicted HDF probability, and retained 
the top 1000 genes for further analysis. The intersec-
tions among these four top-1000 prediction sets yielded 
118 genes shared by all four viruses (hereafter referred 
to as the 118-consensus-genes) and 427 genes present 
in at least three of the four viruses (the 427-core-genes) 
(Fig. 4C). To quantify how our integration pipeline 
improves cross-virus consistency, we compared overlaps 

Fig. 4  Cross-virus overlap of the top 1000 predicted HDF and their enriched gene sets. A, B. Functional enrichment of the 118-consensus genes and the 
427-core genes. To provide an overview, each gene set was assigned to one of 18 major gene-set categories (color code shown at the bottom left). For 
each category, the top three significantly enriched gene sets are shown, bar length indicates − log10 adjusted p-value. C, D. UpSet plots at the gene (C) 
and gene-set (D) level. In total, 118 genes (“118-consensus genes”, pink box) and 42 gene sets were common among all four viruses, and 427 genes were 
identified in at least three out of four viruses (pink + purple boxes). E. bubble plot of the top 20 gene sets among the 42 pathways that were significantly 
enriched for all four viruses; colors encode significance (−log10 adjusted p-value), while bubble size reflects the term size
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at three levels: (i) raw experimental hit lists, (ii) MAIC 
top-1000 genes per virus, and (iii) top-1000 predictions 
from machine learning, using a common background 
of 19,610 protein-coding genes. On average, the experi-
mental hit lists shared only about 13.5% of their top-1000 
genes between any two viruses. After MAIC integra-
tion, the mean pairwise overlap nearly doubled to 25.6% 
(significance of the difference: mean −log₁₀P = 148.54 
across pairs), and the machine learning models further 
increased the concordance to 40% of hits in common 
between viruses (mean −log₁₀P = 278.06) (Table S9). To 
go beyond pairwise comparisons, we next quantified 
multi-virus overlaps by counting, for each level, how 
many genes were selected in the top-1000 lists of all four 
viruses and how many occurred in at least three of the 
four lists. The MAIC top-1000 sets contained 74 genes 
shared by all four viruses and 337 genes present in at 
least three viruses, both highly unlikely under a permu-
tation null model (p < 10− 4). The machine learning based 
sets expanded this pan-viral core to 118 four-virus genes 
and 427 ≥ 3-virus genes (the 118-consensus-genes and 
427-core-genes) (p < 10− 4). Together, these results indi-
cate that MAIC already concentrates shared host signals 
across viruses, and that machine learning further sharp-
ened and enlarged this pan-viral consensus pattern. To 
facilitate exploration of these pan-viral HDF, we provide 
an interactive Shiny web application that allows users 
to browse gene-wise ML scores, MAIC evidence, virus-
specific predictions, and functional enrichment results 
across all four viruses. An interactive Shiny web applica-
tion for exploring the pan-viral HDF is provided at ​h​t​t​​p​s​
:​/​​/​1​u​​z​j​​5​3​-​​m​o​h​a​​d​e​s​​e​-​​n​a​s​e​r​i​.​s​h​i​n​y​a​p​p​s​.​i​o​/​p​a​n​v​i​r​a​l​_​h​d​f​_​s​h​
i​n​y​_​a​p​p​/​​​​​. Among the 118 consensus genes predicted as 
HDF in all four viruses, we compiled a manually curated 
shortlist of the twenty most useful candidates for initial 
laboratory follow-up (Table 1). The selection was guided 
by biological interpretability, representation of major 
viral life-cycle processes, and tractability for perturba-
tion-based validation. The full list of all 118 consensus 
genes is provided in Table S11.

Gene set enrichment analysis reflects a broad spectrum of 
hijacked cellular processes
Next, we performed gene set enrichment analysis of the 
118-consensus-genes. Most significantly enriched gene 
sets were related to gene regulation, followed by cellu-
lar component organization, metabolism, cell cycle and 
intracellular transport (Fig. 4A). For gene regulation 
and cell cycle, helicase activity and DNA/chromosome-
organization gene sets were enriched, concordant with 
the known widespread reliance of viruses on host RNA 
helicases (e.g., DDX family [79]) and on host cell-cycle 
and DNA-damage control pathways during replica-
tion [80, 81]. For cellular component organization, we 

observed prominent enrichment of adhesion and adhe-
rens junction processes, including focal adhesion and 
cadherin-related modules that help maintaining endo-
thelial and epithelial barrier integrity. This finding aligns 
with existing reports that flaviviral and coronaviral infec-
tions disrupt tight and adherens junctions, as well as 
cadherin-anchored complexes, to facilitate vascular leak-
age and viral dissemination [82, 83]. For metabolism, we 
mainly found enriched gene sets related to RNA metab-
olism, specifically processes involved in spliceosome/
mRNA-binding and cytoplasmic RNP/stress-granule 
components, in line with evidence that RNA viruses can 
modulate host alternative splicing and actively remodel 
or antagonize stress granules during infection [84–86]. 
For transport, we observed enriched trafficking modules, 
including ER/Golgi and endosomal transport, nucleo-
cytoplasmic transport, and the ubiquitin–proteasome–
linked protein modifications required for these processes. 
This is consistent with extensive literature showing that 
viruses hijack the ubiquitin–proteasome system, exploit 
endomembrane routes for entry and egress, and make 
use of CRM1/Exportin-1–dependent nuclear export and 
nuclear pore complex pathways to support replication 
and immune evasion [87, 88].

To obtain a short list of consensus gene sets, we 
selected those that were significant for all four viruses. 
We observed 42 enriched pathways shared by all four 
viruses. Figure 4D shows the most significant gene sets, 
a complete list is provided in Table S10. The top, repeat-
edly enriched gene sets include nuclear transport, stress 
responses, protein quality control, gene-expression regu-
lation, cellular-component organization, and cell-cycle/
DNA activities, reflecting the central host processes uti-
lized by these viruses.

Accumulated view on the HDF and suggestions for host-
directed inhibitors
Figure 5 provides an overview of the 118-consensus-
genes mapped to a schematic representing the viral life 
cycle across ZIKV, DENV, and SARS-CoV-2 (without 
nucleus), and IAV (including the nucleus). Colored dots 
adjacent to each gene denote prior experimental valida-
tion in the literature for each virus, with green represent-
ing DENV, black ZIKV, purple IAV, and red SARS-CoV-2. 
Comprehensive gene-level evidence for all viruses is 
compiled in Table S11. The corresponding findings from 
the literature are summarized in Discussion.

To gain more granular insight into the cellular pro-
cesses represented in this pan-viral backbone, we 
regarded the larger list of 427-core-genes and applied a 
gene prioritization process selecting genes which are, 
well-expressed in infected cells, centrally positioned 
in the host interaction network, and at least partially 
documented in the literature. This led to a list of 210 

https://1uzj53-mohadese-naseri.shinyapps.io/panviral_hdf_shiny_app/
https://1uzj53-mohadese-naseri.shinyapps.io/panviral_hdf_shiny_app/
https://1uzj53-mohadese-naseri.shinyapps.io/panviral_hdf_shiny_app/
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Gene Primary cellular 
function

Rationale for prioritization Suggested first-pass validation Ref.

AP2B1 AP‑2 adaptor complex β 
subunit; initiates clathrin-
mediated endocytosis 
(CME)

Virus-specific evidence: AP2B1/AP2 recruitment is 
implicated in IAV internalization/entry processes.
Cross-virus relevance: CME is a common uptake 
route for multiple enveloped RNA viruses, mak-
ing AP2B1 a mechanistically interpretable entry 
candidate.

Models: A549 (IAV), Calu‑3 or A549‑ACE2 
(SARS‑CoV‑2), Huh7 (DENV/ZIKV). Perturbation: 
CRISPRi or siRNA (partial KD). Readouts: early 
entry (2–6 h antigen/RT‑qPCR), 24–48 h FFU/
plaque; viability

[49],
[50]

CLTC Clathrin heavy chain; 
scaffold for clathrin-
coated pits/vesicles

DENV: CLTC knockdown inhibits infectious entry 
across DENV serotypes in human cells. Cross-virus 
relevance: IAV entry commonly employs the endo-
cytic machinery and was reported to recruit clathrin 
components, supporting a shared entry/uptake 
dependency

Models: Huh7 or HepG2 (DENV), A549/MDCK 
(IAV), Calu‑3 (SARS‑CoV‑2). Perturb: siRNA/CRIS-
PRi. Readouts: entry/internalization assays (early 
antigen), RT‑qPCR, FFU/plaque; optional CME 
inhibitor control

[51],
[49]

RAB5 Small GTPase controlling 
early endosome bio-
genesis and endocytic 
trafficking

DENV: Rab5 is required for DENV infectious entry/
trafficking. SARS‑CoV‑2: RAB5+ membranes support 
SARS‑CoV‑2 replication organelle generation (with 
COPB1), linking entry/early endosomes to replication 
membrane supply

Models: Huh7 (DENV), Calu‑3 (SARS‑CoV‑2), A549 
(IAV). Perturb: CRISPRi/siRNA; optional domi-
nant‑negative Rab5A. Readouts: early endosome 
markers (EEA1), dsRNA/RO markers, RT‑qPCR, 
FFU/plaque.

[52, 
53]

ATP6AP1 V‑ATPase accessory/
assembly factor (Ac45); 
supports endosomal/
lysosomal acidification

V‑ATPase activity is required for influenza virus entry, 
and V‑ATPase inhibition impairs ZIKV infection; 
ATP6AP1 is an essential V‑ATPase accessory factor, 
supporting inference that this module is a reusable 
pan-viral dependency at the entry/uncoating step

Models: A549/MDCK (IAV), Huh7 (ZIKV/DENV), 
Calu‑3 (SARS‑CoV‑2; endosomal entry contexts). 
Perturb: CRISPRi/siRNA (partial KD). Readouts: 
endosomal pH (pHrodo), early infection (2–6 h), 
RT‑qPCR/FFU; include bafilomycin A1 as pathway 
control

[54],
[55]

ARF1 Small GTPase regulating 
ERGIC/Golgi trafficking 
and COPI recruitment

SARS‑CoV‑2: ARF1 interacts with viral M, promotes 
accumulation of M at ERGIC, pharmacologic ARF1 
inhibition blocks virion production in cells and in 
vivo, providing a strong assembly/egress rationale 
and tractability

Models: Calu‑3 or A549‑ACE2 (SARS‑CoV‑2); 
optional A549 (IAV). Perturb: siRNA/CRISPRi and/
or reported ARF1 inhibitors (as used in study). 
Readouts: M/ERGIC colocalization, extracellular 
vs intracellular viral RNA, PFU/FFU, EM/assembly 
markers if available

[56]

COPB1 COPI coatomer β 
subunit; retrograde 
Golgi↔ER and endo-
membrane trafficking

SARS‑CoV‑2: COPB1 supports SARS‑CoV‑2 replica-
tion organelle generation together with RAB5+ 
membranes. Cross-virus relevance: COPI-dependent 
trafficking contributes broadly to viral membrane 
logistics (entry/replication/assembly), making COPB1 
a high-value trafficking node

Models: Calu‑3 (SARS‑CoV‑2), A549 (IAV), Huh7 
(DENV/ZIKV). Perturb: CRISPRi/siRNA. Readouts: 
dsRNA/RO formation, viral protein localization 
(ERGIC/Golgi markers), RT‑qPCR, PFU/FFU

[53],
[57]

XPO1 Exportin‑1/CRM1; 
nuclear export recep-
tor for NES-bearing 
proteins/RNPs

IAV: CRM1 inhibition (leptomycin B) blocks nuclear 
export of influenza vRNPs. SARS‑CoV‑2: XPO1 inhibi-
tor selinexor reduced SARS‑CoV‑2 infection in vitro 
and in vivo (ferret model), providing a tractable 
translational angle

Models: A549/MDCK (IAV), Calu‑3 (SARS‑CoV‑2). 
Perturb: selinexor or leptomycin B and/or 
siRNA/CRISPRi. Readouts: IAV NP/vRNP nuclear 
export (IF/fractionation), minigenome reporter; 
SARS‑CoV‑2 RT‑qPCR/FFU; viability

[58],
[59]

IPO7 Importin‑7; importin‑β 
family nuclear import 
receptor

flaviviruses: Importin‑7 is required for nuclear trans-
location of flaviviral core protein and for infectious 
virus production, supporting a conserved nuclear-
transport dependency relevant to DENV/ZIKV biol-
ogy (and potentially host factor relocalization)

Models: Huh7 (DENV/ZIKV), relevant neural 
models for ZIKV. Perturb: CRISPRi/KO or siRNA. 
Readouts: core nuclear localization (IF), (FFU/
PFU), RT‑qPCR; optionally nuclear import reporter 
control

[60]

EIF4A1 eIF4A helicase; RNA 
unwinding during trans-
lation initiation (eIF4F)

IAV: eIF4A inhibition (silvestrol/pateamine A) blocks 
IAV protein synthesis and replication. SARS‑CoV‑2: 
rocaglate CR‑31‑B inhibits SARS‑CoV‑2 replication at 
low nanomolar concentrations, supporting a cross-
virus translation bottleneck

Models: A549 (IAV), Calu‑3 (SARS‑CoV‑2), Huh7 
(flaviviruses). Perturb: eIF4A inhibitors (PatA/silves-
trol/rocaglates) and/or CRISPRi. Readouts: nascent 
viral protein (puromycin labeling), RT‑qPCR, PFU/
FFU; host translation controls

[61],
[62]

PABPC1 Cytoplasmic poly(A)-
binding protein; 
promotes translation 
initiation and mRNA 
stability

DENV: PABP binds at DENV 3′UTR and modulates 
translation efficiency, providing direct mechanistic 
support. SARS‑CoV‑2: direct SARS‑CoV‑2 RNA–pro-
tein interactome studies identify host RBPs involved 
in RNA utilization/translation, supporting cross-virus 
relevance of translation hubs

Models: Huh7 (DENV), Huh7 or Calu‑3 
(SARS‑CoV‑2), A549 (IAV). Perturb: siRNA/CRISPRi. 
Readouts: luciferase replicon/translation report-
ers, polysome profiling (optional), RT‑qPCR/FFU; 
rescue with siRNA‑resistant PABPC1 if feasible

[63],
[64]

Table 1  Manually curated shortlist from the 118 pan-viral consensus HDFs for initial laboratory validation
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Gene Primary cellular 
function

Rationale for prioritization Suggested first-pass validation Ref.

DDX3X DEAD-box RNA helicase; 
RNA metabolism/stress 
granules/innate-signal-
ing interface

Selective DDX3X inhibitors suppress DENV replica-
tion; DDX3 targeting with RK‑33 reduces SARS‑CoV‑2 
viral load in Calu‑3 cells

Models: Calu‑3 (SARS‑CoV‑2), Huh7 (DENV/ZIKV). 
Perturb: RK‑33 or related compounds ± siRNA/
CRISPRi. Readouts: RT‑qPCR/FFU, IFNB1/ISGs 
(qPCR), stress granule markers (G3BP1) to inter-
pret mechanisms; viability

[65],
[66]

DDX46 Nuclear spliceosome 
helicase (U2 snRNP); sup-
presses innate immunity 
by nuclear retention of 
antiviral transcripts

DDX46 inhibits type I IFN induction after viral infec-
tion by entrapping antiviral transcripts in the nucleus, 
supporting it as a plausible proviral immune-evasion 
node across IFN-sensitive RNA viruses. (Direct linkage 
to the four specific viruses is primarily inferential from 
this mechanism.)

Models: Calu‑3 (SARS‑CoV‑2), A549 (IAV), Huh7 
(DENV/ZIKV). Perturb: siRNA/CRISPRi. Readouts: 
IFNB1/ISGs (qPCR), RT‑qPCR/FFU; optional RNA 
localization assays for antiviral transcripts

[67]

HNRNPC hnRNP C1/C2; RNA 
binding and pre‑mRNA 
processing; can modu-
late antiviral signaling

DENV: hnRNP C1/C2 supports DENV replication at 
the viral RNA synthesis stage. Virus-context evidence 
(coronaviruses/host response): hnRNP C can modu-
late coronavirus replication/host RNA programs, sup-
porting cross-virus relevance at the RNA-processing 
interface

Models: Huh7 (DENV), Calu‑3 (SARS‑CoV‑2), A549 
(IAV). Perturb: siRNA/CRISPRi. Readouts: viral RNA 
synthesis time course, intracellular vs released 
virus, IFN pathway markers; rescue for specificity

[68],
[69]

SFPQ DBHS-family nuclear 
RNP/splicing factor; 
regulates transcription/
RNA processing

IAV: SFPQ/PSF is essential for influenza virus transcrip-
tion and increases viral mRNA polyadenylation ef-
ficiency. SARS‑CoV‑2: SFPQ binds at the SARS‑CoV‑2 
genome and promotes viral RNA amplification, sup-
porting cross-virus RNA-processing dependence

Models: A549 (IAV), A549‑ACE2/Calu‑3 
(SARS‑CoV‑2). Perturb: siRNA/CRISPRi. Readouts: 
IAV polymerase/minigenome + viral mRNA 
poly(A) assays (optional), SARS‑CoV‑2 RNA ampli-
fication (RT‑qPCR), FFU/PFU; viability

[47],
[48]

SEC23B COPII coat subunit; 
ER-to-Golgi vesicle 
budding/secretory 
trafficking

IAV screen/validation context: SEC23B identified/vali-
dated as a hit affecting IAV replication in a functional 
genomic screening. Cross-virus relevance: secretory 
trafficking is central for assembly/egress of envel-
oped RNA viruses including flaviviruses

Models: A549 (IAV), Huh7 (DENV/ZIKV). Perturb: 
CRISPRi/siRNA (partial KD). Readouts: intracellular 
vs extracellular virus, secretory reporter control 
(VSV‑G), RT‑qPCR/FFU, viral protein localization 
(ERGIC/Golgi markers)

[70],
[71]

REEP5 ER membrane-shaping 
protein; supports 
ER architecture and 
remodeling

SARS‑CoV‑2: REEP5/TRAM1 binds SARS‑CoV‑2 NSP3 
and promotes virus replication; REEP5 KO reduces ER 
rearrangements, providing direct mechanistic sup-
port related to replication-organelle biogenesis

Models: Calu‑3 or A549‑ACE2 (SARS‑CoV‑2); op-
tional Huh7 (flaviviruses, ER replication). Perturb: 
CRISPR KO or CRISPRi. Readouts: dsRNA/replica-
tion organelle markers, ER morphology markers, 
RT‑qPCR/FFU; include viability controls

[72]

CTPS1 CTP synthetase; de novo 
CTP biosynthesis and 
immune-linked enzy-
matic functions

SARS‑CoV‑2 exploits CTPS1 to promote CTP synthesis 
and suppress IFN induction; CTPS inhibition impedes 
replication and supports the host-directed antiviral 
rationale

Models: Calu‑3 (SARS‑CoV‑2) ± A549 (IAV) for 
cross-virus check. Perturb: CTPS inhibitors ± CRIS-
PRi. Readouts: viral RNA/protein, PFU/FFU, CTP 
levels (optional LC‑MS), IFN markers; cytidine 
rescue for specificity

[73]

SAE1 SUMO E1 activating 
enzyme subunit; initiates 
SUMOylation cascade

IAV: influenza NS1 is SUMOylated and influenza pro-
teins interact with the host SUMOylation machinery; 
SAE1 is essential for SUMO activation, supporting a 
plausible proviral PTM dependency to test.

Models: A549 (IAV), Calu‑3 (SARS‑CoV‑2) explor-
atory. Perturb: CRISPRi/siRNA. Readouts: global 
SUMOylation (SUMO1/2/3 blots), viral replica-
tion (RT‑qPCR/FFU), and (if feasible) viral protein 
SUMOylation assays; viability

[74],
[75]

HMGB1 Chromatin-associated 
DNA-binding protein; 
regulates transcription 
and inflammation; can 
bind viral proteins

IAV: HMGB1 associates with influenza NP in nuclei, 
promotes viral growth, and enhances polymerase 
activity; glycyrrhizin inhibits HMGB1-dependent 
influenza polymerase activity—supporting a mecha-
nistically testable host factor in IAV

Models: A549 (IAV) ± Calu‑3 (SARS‑CoV‑2) 
exploratory. Perturb: siRNA/CRISPRi; optional 
glycyrrhizin as tool compound. Readouts: IAV 
minigenome/polymerase assay, NP localization, 
PFU/FFU; cytokine readouts to separate replica-
tion vs inflammation effects

[76]

RABGEF1 Rabex‑5; VPS9-domain 
GEF that activates RAB5 
during early endocytosis

ZIKV/DENV: functional genomics identified endocy-
tosis-related dependency factors including RABGEF-
associated signals; given RABGEF1’s role as a Rab5 
activator, it is a coherent upstream entry/trafficking 
candidate for flaviviruses and other endosome-using 
viruses

Models: Huh7 (DENV/ZIKV), A549 (IAV), Calu‑3 
(SARS‑CoV‑2 endosomal entry contexts). Perturb: 
siRNA/CRISPRi. Readouts: Rab5 activation (op-
tional GTP‑Rab5 pulldown), early antigen/entry, 
RT‑qPCR/FFU; compare phenotype to RAB5A 
perturbation

[77],
[78]

Table 1  (continued) 
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Fig. 5  Simplified pan-viral life-cycle map of representative host-dependency genes. Selected HDF are positioned according to their predominant host-
cell localization and/or functional role during infection. For IAV, nucleus-associated modules reflect bona fide nuclear steps of the viral life cycle, whereas 
for SARS-CoV-2, DENV, and ZIKV they denote nucleus-associated or nucleo-cytoplasmic host factors rather than proteins for nuclear viral replication. Pale 
blue guide lines connect each infection stage to the corresponding host-factor module, and red module titles indicate the viral process predicted to be 
impaired upon perturbation of the genes listed in that box. Colored dots next to individual genes denote prior experimental literature support identifying 
that gene as an HDF for the indicated virus (green, DENV; black, ZIKV; purple, IAV; red, SARS-CoV-2). Orange drug labels indicate approved drugs predicted 
to target proteins in the adjacent module, whereas red drug labels highlight compounds with reported antiviral activity against related RNA viruses. For 
clarity, only representative genes of a family are shown
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prioritized genes, whose network organization and gene-
family composition we examined. Our analysis revealed 
again dense modules of translation factors, DEAD-box 
RNA helicases, nuclear transport proteins, endocytic 
regulators, and components of the ubiquitin–proteasome 
system. These findings indicate that conserved pan-viral 
host dependencies cluster around protein synthesis, RNA 
metabolism, intracellular trafficking, and proteostasis 
(see Supplementary Text S2) (Fig. S4–S5).

To identify and prioritize the most promising drug can-
didates, we employed the Drug–Target Interaction and 
Affinity Mechanism (DTIAM) framework, a recently 
developed model that predicts drug–target interaction 
(DTI), binding affinity (DTA), and mechanism of action 
(MoA; activation vs. inhibition) and shows strong perfor-
mance even in cold-start settings [89]. We retained only 
those predicted drug – target pairs that met stringent cri-
teria: a predicted DTI score greater than 0.70, a predicted 
potency of at least 5 on the pIC50 scale, and a MoA clas-
sified as inhibition of the target. The complete list of 
candidates is provided in Table S12. Several of the top-
scoring drugs already have experimental support, lending 
external validation to our prioritization. The MEK inhibi-
tor trametinib, which targets the MAPK kinases MEK1 
and MEK2 (MAP2K1 and MAP2K2), consistently sup-
pressed IAV, ZIKV, DENV and SARS-CoV-2 replication 
in vitro and improved lung pathology in mouse models of 
severe influenza and SARS-CoV-2 infection [90, 91]. Src/
Abl TKIs (dasatinib [92, 93], bosutinib [91, 94], imatinib 
[95, 96]) inhibit coronavirus and influenza virus entry 
and/or egress in several cell-based systems in vitro. How-
ever, so far, their antiviral activity in vivo appears limited 
and model-dependent. For example, in a golden Syrian 
hamster model of SARS-CoV-2 lung infection, orally 
administered imatinib did not reduce lung viral RNA 
loads [97]. EGFR/ErbB-pathway inhibitors (afatinib, gefi-
tinib, neratinib) also emerged from our screen, mainly via 
predicted interactions with MAP2K1/2, and have been 
reported to curtail DENV and ZIKV replication [98] and 
to reduce SARS-CoV-2 entry in selected cell lines, con-
sistent with a role of EGFR–MEK signaling in viral infec-
tion [99, 100]. Epigenetic drugs were likewise prioritized. 
The DNA-methyltransferase inhibitor azacitidine, which 
depletes DNMT1, reduced SARS-CoV-2 replication and 
improved survival in infected mice but carries a risk of 
myelosuppression [101]. Raloxifene, a selective oestro-
gen-receptor modulator that primarily targets ESR1—
identified by our framework as an HDF for SARS-CoV-2 
and DENV—exhibited broad-spectrum antiviral activity 
in vitro against flaviviruses and SARS-CoV-2 and accel-
erated viral clearance in a phase II trial in patients with 
mild COVID-19 [102–104] whereas vorinostat targeting 
class I HDACs including HDAC1 from our HDF set pro-
duced mixed, occasionally pro-viral effects, depending on 

the context [105]. Finally, bisacodyl, predicted to inhibit 
several lower-ranked HDF, inhibited Chikungunya virus 
(an alphavirus) in vitro [106], but we did not find data for 
IAV, SARS-CoV-2, DENV or ZIKV and therefore treated 
it as a lower-priority candidate in the current study.

Comparison of the identified HDF signatures with the 
prioritized HDF of EBOV
To assess out-of-family generalization, we asked whether 
the identified HDF compared to the HDF screening 
data from EBOV. For EBOV, we used the list of priori-
tized genes generated by MAIC. We overlapped this list 
with the consensus and core genes. Table S13 shows the 
results. Indeed, the 427-core-genes were strongly over-
represented among MAIC-prioritized EBOV candidates. 
We found 44 in the top 200 EBOV genes, which was 9.3 
times more compared to a random selection (p = 5E-30). 
We observed similar enrichments using other cutoffs for 
the top genes of EBOV (23/100, 84/500, 128/1000 with 
p-values 1.1e-16, 1.9e-47, and 1.6e-59, respectively). The 
stricter gene set of 118-consensus-genes was also highly 
enriched (41/1000; ~6.3 times more represented com-
pared to a random selection, p = 2E-22). In summary, we 
found considerably good overlaps between the identified 
core and consensus genes when compared to top rank-
ing genes derived from experimental screening data of 
EBOV.

Discussion
The key aim of this study was to obtain a pan-viral over-
view of HDF from molecular screening data. We inte-
grated a large range of experimentally complementary 
data sources, using linear regression followed by AI-
based models to overcome the limitations of individual 
approaches. Previous studies have noted limited concor-
dance between genome-wide knockout and knockdown 
screens, even when studying the same virus [3, 13]. MAIC 
iteratively up-weights genes and gene lists that show con-
sistent evidence of being HDF across diverse multi-omics 
datasets, including CRISPR/Cas9 and RNAi screens, 
viral protein–protein and RNA–protein interactomes, 
and single-cell RNA-seq of infected cells [3]. MAIC 
was employed to the screening data for benchmarking. 
Machine learning was employed on this benchmark-
ing dataset using gene descriptors based on a molecular 
network of the host cell and a wide range of intrinsic and 
extrinsic gene characteristics. We observed an excel-
lent performance across four viruses (AUROC > 0.90 
for SARS-CoV-2, IAV, ZIKV, and DENV) demonstrat-
ing the power of this integrative approach. Particularly 
for SARS-CoV-2 and IAV the attention network models 
led to superior prediction performance likely due to the 
rich data source which is available for these two virus 
species. For EBOV the performance was considerably 
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weaker, which we attribute to the limited availability and 
quality of benchmarking data. Consistently, using single 
data sources or unweighted labels markedly reduced per-
formance for the other four viruses as well. Exemplarily, 
using only the CRISPR knockout data led to a balanced 
accuracy between 0.61 and 0.64 across the studied other 
four viruses. In the following, we discuss the results from 
the other four viruses (IAV, SARS-CoV-2, DENV, ZIKV) 
based on the full benchmarking data. In particular, the 
heterogeneous graph attention network (HAN) approach 
was effective in capturing the complex relationships 
between host and viral proteins. By walking over meta-
paths in the host-virus interaction network, the model 
could leverage higher-order connectivity patterns.

We identified a consensus set of 118 pan-viral HDF 
shared among all four viruses and 427 genes common to 
at least three of them. To quantify how integration sharp-
ens cross-virus agreement, we compared pairwise over-
laps between virus-specific top-ranked genes at three 
levels: raw experimental lists, MAIC-prioritized rankings 
and final machine-learning scores. The mean cross-virus 
overlap, increased from 13.45% for the original experi-
mental lists to 25.63% after MAIC integration up to 40% 
for the machine-learning predictions, indicating that 
integration and model-based prioritisation substantially 
increased the consistency of inferred HDF across viruses.

An important limitation of the present work is that it 
remains a prediction-based study and therefore repre-
sents a starting point rather than an endpoint for trans-
lational validation. Although the AI models achieved 
strong discrimination and improved cross-virus consis-
tency, the resulting rankings should be interpreted as pri-
oritized hypotheses requiring direct experimental testing. 
To increase the practical value of the study, we provide a 
manually curated shortlist from the 118 genes predicted 
across all four viruses (Table 1), selected as the, in our 
eyes, most useful candidates for initial laboratory follow-
up based on mechanistic interpretability, literature sup-
port, life-cycle coverage, and tractability for perturbation 
assays. The full 118-gene consensus set is provided in 
Table S11 as a broader resource for subsequent validation 
and expansion. In the following, without claiming to be 
exhaustive, we discuss key consensus genes and their lit-
erature-derived context as a pan-viral model of HDF and 
their functional roles. In the following text, genes belong-
ing to the 118-gene consensus set are highlighted in bold. 
The identified HDF align closely with critical stages of the 
viral life cycle. Entry and early organelle remodeling are 
gated by clathrin-mediated endocytosis (AP2B1, CLTC), 
RAB5/RABGEF1 early endosomes and ATP6AP1 
V-ATPase, followed by AP3D1 endosome sorting [107]. 
For viral entry, clathrin-mediated endocytosis serves 
as a prevalent mechanism. IAV recruits the AP2B1–
CLTC clathrin adaptor complex to facilitate uptake [49], 

while flaviviruses similarly utilize clathrin/RAB5-driven 
endosomes [108]. Furthermore, AP2B1/CLTC-driven 
endocytosis, with RAB5 connects to junctional barrier 
disruption that flaviviruses and coronaviruses induce 
to enter tissues [109]. Subsequently, vesicular traffick-
ing between the ER and the Golgi apparatus is another 
essential component of the viral life cycle. ARF1/COPB1 
(COPI) and SEC23B (COPII) facilitate the bidirectional 
transport of viral proteins, while SRP72 directs nascent 
membrane proteins into the ER. Besides this, RAB5, 
along with its guanine nucleotide exchange factor (GEF) 
RABGEF1, and the V-ATPase subunit ATP6AP1, are 
essential for acidified endosomal fusion of DENV and 
ZIKV [110]. Notably, nuclear-cytoplasmic transport fac-
tors were identified as HDF: XPO1/CRM1 is responsible 
for exporting influenza vRNPs and flavivirus NS5 [111], 
and IPO7 transports flavivirus core proteins into the 
nucleus, which is essential for the release of infectious 
particles [60]. These mechanistic roles are consistent with 
our pathway analysis, in which we identified predicted 
HDF enrichment in viral entry exploiting endocytic and 
adherens junction pathways, and viral egress involving 
the ER/Golgi and endosomal systems. Following viral 
entry, the expression of viral genes commandeers the 
host’s RNA machinery. We identified critical translation 
factors EIF4A1 and PABPC1, known to be responsible 
for unwinding 5′-UTRs and bridging mRNA ends. We 
listed nine heterogeneous nuclear ribonucleoproteins 
(hnRNPs), such as hnRNPK/C. HnRNPs emerged as reg-
ulators of splicing for IAV M/NS transcripts and are likely 
to bind flaviviral UTR to enhance translation [112]. These 
findings reflect established viral strategies, wherein RNA 
viruses globally manipulate the spliceosome and stress-
granule proteins needed for viral mRNA processing [112, 
113]. Additionally, we identified multiple DEAD-box 
RNA helicases, including DDX3X, which facilitates viral 
RNA synthesis and innate signaling, and DDX46, which 
suppresses antiviral transcripts by sequestering them in 
the nucleus [67]. By attenuating type-I interferon pro-
duction, DDX46 exemplifies how viruses exploit host 
helicases to evade immune responses. Collectively, the 
predicted HDF underscore that influenza, SARS-CoV-2, 
and flaviviruses exploit host translation initiation, RNA 
chaperones, and splicing factors to drive the expression 
and maturation of their genes, consistent with the strong 
enrichment of “RNA metabolism” and “helicase” gene 
sets in our consensus set.

Further identified HDF reflect hijacking of metabolism, 
proteostasis, and immune regulation. Metabolic enzymes 
CTP synthase 1 (CTPS1) and phosphoglycerate mutase 
1 (PGAM1) suggest that the viruses employ nucleotide 
and glycolysis to fuel replication. Indeed, SARS-CoV-2 
has been shown to exploit CTPS1 to increase CTP syn-
thesis and to simultaneously suppress interferon [73]. 
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Phosphoglycerate mutases are essential in glycolysis 
converting 3-phosphoglycerate to 2-phosphoglycerate. 
The ubiquitin–proteasome system is also part of our pan 
viral model. E3 ligases WWP1 and UBE2N likely regu-
late degradation of host restriction factors or viral pro-
tein processing, and SUMOylation (via SAE1) modifies 
viral proteins (IAV NP, flavivirus NS5, SARS-CoV-2 N) 
to enhance their function [114–116]. We identified fac-
tors typically associated with gene regulation via host 
chromatin binding, such as SSRP1 (of the FACT com-
plex) and HMGB1. FACT regulates chromatin acces-
sibility and can suppress antiviral gene programs [117]. 
The HMGB1 gene encodes the high-mobility group box 
1 protein, which, in the nucleus, binds DNA and sup-
ports chromatin organization, facilitating gene transcrip-
tion, DNA repair, and genome stability. When released 
from the nucleus, it acts as a potent proinflammatory 
alarmin that can amplify viral replication and inflam-
mation [118]. These genes connect cell-cycle regulation 
with nucleotide sequence remodeling as the viruses rely 
on host DNA-remodeling and the helicase machinery. To 
note, certain nuclear splicing proteins we found in our 
lists (like SFPQ and hnRNPs) need to be relocalized into 
the cytoplasm during infection to assist viral RNA pro-
cesses, in line with the known interesting observation for 
several viruses that nuclear host factors become pro-viral 
in the cytosol after infection. As many viruses, SARS-
CoV-2 forms replication organelles by rearranging host 
cellular membranes. SARS-CoV-2 forms double-mem-
brane vesicles via NSP3/4 [119], and REEP5, located in 
endoplasmic reticulum tubular network, was observed 
to be involved in this process [72]. Interestingly, it was 
observed that SARS-CoV-2 needs membranes contain-
ing RAB5 to build replication organelles, supported by 
COPB1 [53].

To assess out-of-family generalization, we asked 
whether the pan-viral signature transfers to filoviruses. 
Although EBOV data are sparser and were not used to 
define our consensus and core gene sets, both pan-viral 
sets derived from IAV, SARS-CoV-2, DENV, and ZIKV, 
i.e., the 427-core-genes and the 118-consensus-genes, 
were highly over-represented among MAIC-prioritized 
EBOV candidates. Indeed, when interrogating the litera-
ture, we recognized that several of the overlapping genes 
have prior experimental support in filovirus biology 
including ILF2, RPS6, RPL3, HSP90AB1, GSPT1, AHCY, 
and RAB7A [120–126], underscoring our approach 
to develop a pan-viral consensus list of HDF of RNA 
viruses.

As a preliminary exploratory test of framework trans-
ferability to oncogenic viruses, we examined Epstein–
Barr virus (EBV), which provided the richest usable 
high-throughput data among the oncogenic viruses 
for which we evaluated data availability. Despite this 

comparatively favorable starting point, the final EBV 
benchmark remained sparse and biologically heteroge-
neous, with limited overlap across retained evidence lay-
ers and no transcriptome or RNA-centric component. 
Predictive performance was therefore modest (AUC–
ROC ~0.63), indicating that extension to oncogenic 
viruses will likely require phase-specific benchmarking 
and better-balanced evidence layers. Further details are 
provided in Supplementary Text S3.

Collectively, our predicted HDF span the major host 
pathways, such as clathrin/endosome-mediated entry 
and adhesion/junction remodeling, ER–Golgi traffick-
ing, translation initiation, RNA metabolism, chromatin/
helicase functions, while simultaneously dampening 
host immune programs. To translate these insights into 
therapies, we used DTIAM, a foundation model based 
compound – target prediction tool, applied to the iden-
tified HDF. Noteworthy candidates included trametinib, 
Src/Abl TKIs (dasatinib, bosutinib, imatinib), EGFR/
ErbB inhibitors (afatinib, gefitinib, neratinib), azaciti-
dine, raloxifene, vorinostat, topotecan, and bisacodyl. 
Encouragingly, many of our predictions matched experi-
mental observations. Trametinib emerged among our top 
host-directed candidates. It was shown that trametinib 
blocked multiple viruses. Trametinib is a clinically 
approved MEK1/2 inhibitor. Numerous RNA viruses 
co-opt the host Raf–MEK–ERK signaling cascade for 
essential steps of their life cycle. Pharmacologic MEK 
blockade can suppress viral replication while attenuating 
excessive pro-inflammatory cytokine production [127]. 
In vitro, trametinib effectively inhibited IAV replication 
and reduced virus-induced cytokine expression [128]. It 
also exhibited pan-antiviral efficacy against flaviviruses 
activity, achieving an about 1,000-fold reduction in ZIKV 
and Yellow Fever Virus titers and nearly 100-fold reduc-
tion in DENV (DENV-2/3) titers [91]. For coronaviruses, 
MEK inhibition has also shown efficacy. Trametinib 
strongly inhibited MERS-CoV infection in human cells, 
outperformed selumetinib (another MEK inhibitor) in 
head-to-head assays, and showed efficacy against SARS-
CoV-2 in vitro, reducing viral infection and associated 
cytokine responses in cell cultures [129]. Beyond MEK 
inhibition, several of the other predicted compounds 
also have experimental support. Src/Abl tyrosine kinase 
inhibitors (dasatinib, bosutinib, imatinib) and EGFR/
ErbB inhibitors (afatinib, gefitinib, neratinib) have been 
reported to impair coronavirus, influenza or flavivirus 
infection in cell-based and, in some cases, in vivo mod-
els, and agents such as azacitidine, raloxifene, vorinostat 
and topotecan likewise reduce viral replication or infec-
tion-induced pathology in preclinical studies. This con-
vergence between literature data and our model-based 
rankings further supports the biological plausibility of 
the proposed drug–HDF pairs. It will be important and 
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intriguing to test the newly predicted drugs experimen-
tally against the studied viruses.

In conclusion, our integrative machine learning 
approach showed excellent performance and increased 
commonalities in predicted HDF among the studied 
viruses demonstrating the power of combining diverse 
data modalities powered by AI methods to overcome the 
limitations of individual experimental techniques. The 
study provides a comprehensive map of pan-viral HDF 
across four major RNA viruses, revealing conserved host 
mechanisms. The HDF signature we derived exhibits 
considerable overlap with potential HDF of EBOV, sug-
gesting that these conserved mechanisms extend to other 
RNA viruses. The identified HDF and potential drug can-
didates offer promising avenues for future experimental 
validation and therapeutic development. As new viral 
threats continue to emerge, such pan-viral approaches 
will be crucial for rapidly identifying potential interven-
tion strategies.
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