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Explainable Al multiomics analysis reveals
shared and divergent host responses Iin

COVID-19 and influenza

M| Check for updates

Yan Zhang'*, Lining Zhang?*, Zehong Zhang?®, Yuxi Lin®, Zexu Jiang® & Fulong Yu®

Coronavirus disease 2019 (COVID-19) and other respiratory viral infections, such as influenza and
respiratory syncytial virus (RSV), elicit both common and virus-specific host responses. Here, we
present an integrative analysis leveraging the COVID-19 Host Genetics Initiative (HGI) GWAS data
(freeze 7) and publicly available multi-omics datasets (including influenza/RSV human challenge
transcriptomes and plasma proteomics) to construct an explainable Al model for comparing host
infection mechanisms between COVID-19 and other viral ilinesses. We identified shared antiviral
pathways (type |l interferon (IFN) signaling) active in host responses to all three viruses, as well as virus-
specific mechanisms: for instance, SARS-CoV-2 infection induced uniquely strong coagulation and
renin-angiotensin system dysregulation, along with sustained AP-1/MAPK activation, whereas
influenza provoked more robust T-cell activation, and RSV triggered an excessive neutrophil-driven
inflammatory response. Genetic risk pathway fingerprints from GWAS highlight that COVID-19
severity is associated with variants in IFN and inflammatory pathways, while host genetic effects in
influenza point to distinct receptor usage (sialic acid biosynthesis) with minimal overlap. Mendelian
randomization (MR) pinpointed key causal proteins for COVID-19 severity, including ABO (blood group
glycosyltransferase) and inflammatory mediators, suggesting that host glycomic and immune factors
modulate disease outcomes. Our explainable machine learning model integrated these multi-omic
features to accurately distinguish COVID-19 from other viral infections, with SHAP interpretation
confirming the predominance of the above mechanisms in model predictions. In summary, this cross-
omics study provides a comprehensive comparative map of host responses in COVID-19 versus
influenza and RSV, yielding biologically interpretable insights into both common antiviral defenses and
unique pathogenic pathways. These findings inform the development of targeted therapies (IL-6 or
MAPK inhibitors for COVID-19) and broad-spectrum antivirals (enhancing IFN responses) to mitigate
severe respiratory viral diseases.

Coronavirus disease 2019 (COVID-19) severity varies widely across indi-
viduals, reflecting not only viral factors but also inter-individual differences
in host genetics and immune regulation. Large-scale genome-wide asso-
ciation studies (GWAS) by the COVID-19 Host Genetics Initiative (HGI)
have established robust host loci for SARS-CoV-2 susceptibility and severe
clinical outcomes, across diverse ancestries and increasing sample sizes over
successive releases'”. These findings consistently implicate genes involved
in innate antiviral defense and interferon (IFN) signaling (OAS1/2/3 and

IFNAR?) as well as inflammatory transduction (TYK2) and blood-group/
coagulation biology at ABO*™®. Mechanistic follow-up has linked protective
OASI splicing isoforms—partly of Neanderthal ancestry—to reduced risk of
infection or critical illness™, while drug-target and proteome-wide Men-
delian randomization (MR) highlight cytokine and endothelial-coagulation
mediators as putative causal drivers of severe disease’ .

Clinically and immunologically, COVID-19 shares key pathophysio-

logical themes with other acute respiratory viral infections (seasonal/
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pandemic influenza and respiratory syncytial virus, RSV), such as dysre-
gulated inflammation and acute respiratory distress syndrome (ARDS)"".
However, several features appear to be represented disproportionately in
COVID-19: pulmonary microthrombosis, endotheliopathy, and intussus-
ceptive angiogenesis accompany diffuse alveolar damage more frequently
than in influenza autopsies, consistent with a thrombo-inflammatory
phenotype'*'. At the antiviral sensing layer, many respiratory viruses
trigger IFN-stimulated gene (ISG) programs; however, in COVID-19, the
timing, magnitude and compartmentalization of type I IFN responses are
perturbed-in severe disease, blunted systemic IFN activity coexists with
proinflammatory cytokinemia (IL-6, TNF) and a maladaptive myeloid
response' ", These observations are consistent with the genetic architecture
centered on IFN and inflammatory pathways and provide a framework for
host-directed interventions™ """,

Comparative immune profiling has started to delineate which axes are
shared across viruses and which are pathogen-specific. Single-cell tran-
scriptomics of peripheral blood revealed overlapping signatures (expansion
of plasma cells) but divergent pathway usage between COVID-19 and
influenza COVID-19 showing stronger STAT1/IRF-driven antiviral pro-
grams and apoptosis features, whereas influenza displayed higher STAT3/
NF«B activity in some cohorts™. Tissue-level atlases likewise underscore
COVID-19-specific endotheliopathy and myeloid reprogramming”'. In
RSV, especially in infants, an innately biased neutrophil-dominated
response with relative T-cell hyporesponsiveness is frequently observed,
alongside pronounced IL-6-JAK-STAT and IL-1 signaling in airway
monocytes” >, Despite these advances, most cross-viral comparisons
remain constrained by isolated data types (single omics) or modest sample
sizes, limiting power to distinguish universal antiviral modules from virus-
tailored pathomechanisms in a genetically anchored fashion.

At the molecular phenotype level, the COVID-19 Multi-Omic Blood
ATlas (COMBAT) profiled transcriptomes, proteomes and immune
repertoires in COVID-19 severities with comparison to influenza and sepsis
cohorts, revealing, among other features, persistent activation of AP-1/
MAPK and thrombo-inflammatory networks in severe COVID-19**"*". For
cross-virus kinetics in otherwise healthy adults, controlled human viral
challenge datasets (GEO GSE73072) captured longitudinal whole blood
transcriptomes after influenza A/HIN1, A/H3N2, RSV, and human rhi-
novirus inoculation, allowing time-resolved dissection of early IFN and
inflammatory trajectories and baseline predictors of symptomatic
infection”". In particular, while COVID-19 host genetics is well-devel-
oped, GWAS of human influenza host GWAS have historically been
underpowered; recent large-scale analyses suggest that influenza and
COVID-19 share surprisingly few common risk loci beyond generic path-
ways, with influenza pointing to epithelial glycan determinants
(ST6GALI)™",

Motivation and contribution: Against this backdrop, we posit that an
integrated, genetically anchored multi-omics comparison can rigorously
partition shared antiviral defenses from virus-specific disease modules.
Here, leveraging only public resources, we (i) map HGI r7 signals to genes
and pathways using complementary statistical genomics (stratified LD score
regression, MAGMA, fine mapping) and expression-informed integration
(TWAS/colocalization); (i) align these risk pathways with multi-omic
readouts from COMBAT (COVID-19 vs. influenza) and from human
challenge kinetics (influenza/RSV), thereby tracing how inherited risk
propagates to measurable blood programs; and (iii) train an explicitly
interpretable, pathway level classifier (a gradient boosted decision-tree
model with monotonic constraints and Shapley value attributions) to dis-
tinguish COVID-19 from influenza. We further (iv) benchmark these
findings against longitudinal RSV challenge data to qualitatively delineate
universal antiviral modules from virus-specific mechanisms. This approach
leverages model coefficients as evidence of a mechanism for the COVID-19/
influenza axis, while providing a broader comparative context for RSV.
Finally, we deploy proteome-wide cis-pQTL-based MR to nominate blood
proteins and endothelial/coagulation mediators under partial genetic
causality for severe COVID-19 and benchmark their cross-viral relevance.

Conceptually, this study delivers a compact, glass-box risk-fingerprint that
unifies GWAS with multi-omics and clarifies where COVID-19 converges
with, and diverges from, influenza/RSV: conserved early IFN backbones
versus COVID-19-biased AP-1/MAPK persistence, thrombo inflammation
and endotheliopathy. Practically, it yields testable, host-directed hypotheses
(timing of IFN augmentation; IL-6 axis modulation; endothelial protective
and antithrombotic strategies) prioritized by genetic and multi-omic
concordance'"'***,

Results

Cross-virus comparative mechanism analysis

Figure 1 shows the radar chart of key host immune response pathways
activated in COVID-19 vs. influenza vs. RSV. The plotted values (arbitrary
units) represent the relative magnitude of each pathway’s activation based
on integrated multi-omics data and literature evidence. This reveals a dis-
tinct immune fingerprint for each virus. COVID-19 (red) shows a broad
inflammatory cytokine response (high IL-6, IL-1 pathways) and coagulation
involvement, but comparatively moderate IFN signaling and lymphocyte
(T-cell) activation, reflecting its dysregulated hyperinflammatory yet lym-
phopenic profile. Influenza (green) is characterized by a robust type I IFN
response and strong T-cell activation (adaptive immunity), with relatively
lower involvement of coagulation or endothelial injury. RSV (blue) shows
an intermediate IFN response but an exaggerated myeloid (neutrophil)
activation and comparatively low T-cell and antibody (B cell) responses,
consistent with RSV’s propensity to induce neutrophil-dominated inflam-
mation, especially in young hosts. These differences align with known
clinical phenotypes: for example, severe COVID-19 often involves coagu-
lopathy and a cytokine storm with high IL-6, whereas influenza’s immu-
nopathology is driven more by effective antiviral T-cell responses and RSV
by neutrophilic lung inflammation.

Certain innate immune pathways are commonly induced by all three
viruses, whereas others show virus-specific predominance. All infections
triggered upregulation of ISGs and innate sensing pathways (RIG-I-like
receptor signaling), reflecting a shared host antiviral program. Type I IFN
signaling was activated in COVID-19, influenza, and RSV, but with different
dynamics: influenza infection tended to induce a rapid and early IFN burst,
while in COVID-19 patients, type I IFEN responses were often delayed or
blunted in the initial phase and then overexpressed later in severe cases. RSV
infection showed a sustained IFN response that could persist even after the
acute phase. IFI27 rose rapidly after influenza challenge and peaked by
~24h, whereas RSV exhibited a delayed, more sustained increase peaking
around 72 h; COVID-19 showed an intermediate, broader trajectory, as
shown in Fig. 2. These distinct profiles indicate a shared IFN backbone but
virus-specific temporal signatures that may influence downstream patho-
physiology. Consistent with this, a longitudinal study™ in hospitalized
infants found that RSV triggers prolonged IFN signaling that remains high
one month after infection, while other immune gene networks subside.

Inflammatory and immune effector profiles differed markedly between
COVID-19 and the other viruses. COVID-19 patients exhibited a unique
combination of hyperinflammatory cytokine release alongside lymphocyte
dysfunction. Prior studies reported that pro-inflammatory cytokines and
receptors like TNF, IL-6R, and IL-2Ra were expressed at higher levels across
immune cell types in COVID-19 patients compared to influenza patients.
We observed the same trend in our data: pathways related to IL-6 signaling
and GM-CSF signaling were significantly enriched in COVID-19 tran-
scriptomic profiles. Influenza patients, by contrast, showed relatively lower
IL-6 levels but higher expression of certain transcription factors (STAT3,
REL, RUNX3) involved in orchestrating antiviral and inflammatory
responses. This suggests that influenza elicits a more balanced inflammatory
response with engagement of canonical antiviral regulators, whereas
COVID-19 skews toward a cytokine-driven inflammation that can become
excessive (cytokine storm). Furthermore, influenza and RSV both induced
strong acute-phase responses, yet only COVID-19 led to widespread coa-
gulation cascade activation and fibrin clot formation in the lungs (per
clinical reports). In our pathway analysis, coagulation and platelet activation
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Fig. 1 | Immune fingerprints across respiratory
viruses. Radar plot summarizing pathway-level
activation for COVID-19, influenza, and RSV across
six modules: type I/III interferon (IFN), IL-6/
inflammation, T-cell activation, B-cell/antibody
responses, neutrophil/NETosis, and coagulation/
endothelium. Scores are normalized to 0-1, with
larger radii indicating stronger activation. Profiles
reveal a shared interferon signature with virus-
specific bias-COVID-19 skewed toward neutrophil/
NETosis and endothelial/coagulation axes, influ-
enza toward adaptive (T/B-cell) responses, and RSV
intermediate.
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pathways were significantly upregulated in COVID-19 blood proteomics, in
contrast to influenza, where they were not. This corresponds to the fact that
aberrant coagulation (elevated D-dimer, microthrombi) is a hallmark of
severe COVID-19, likely linked to endothelial infection and ACE2-
mediated vascular effects, which is generally not a feature of uncompli-
cated influenza or RSV infection.

Cells mediating the immune response. T-cell activation and pro-
liferation were robustly observed in influenza (as expected for a cytopathic
virus that typically triggers adaptive immunity for viral clearance), whereas
in acute COVID-19, there is often a paradox of hypercytokinemia with
lymphopenia (reduced T-cell counts and exhausted T-cells). Our analysis of
blood immune cell profiles (from COMBAT multi-omic data) found that
influenza patients had higher proportions of activated CD4™ T-cells, while
COVID-19 patients had relatively fewer circulating T-cells and signs of
T-cell exhaustion (elevated markers of exhaustion on CD8 T-cells).
Meanwhile, RSV-especially in severe pediatric cases—is known for an
inadequate adaptive response, and indeed, we noted transcriptional evi-
dence of suppressed T-cell and NK cell gene programs during RSV infec-
tion. Instead, RSV provokes intense neutrophil and monocyte infiltration in
airways; correspondingly, neutrophil activation pathways (azurophilic
granule, myeloperoxidase, etc.) were far more enriched in RSV than in
influenza in our analysis, and moderately enriched in COVID-19 (COVID-
19 also features neutrophil influx in severe pneumonia, though often
accompanied by neutrophil extracellular trap (NET) formation contribut-
ing to thrombosis). A network analysis of gene modules from blood tran-
scriptomes supports this: RSV-specific networks showed upregulation of
neutrophil/myeloid signatures and concurrent downregulation of lym-
phocyte signatures, a pattern much less pronounced in influenza or
COVID-19. These data align with clinical observations that severe RSV
disease (bronchiolitis in infants) is associated with neutrophil-predominant
inflammation and relatively poor T-cell involvement.

Comparative analysis. While core antiviral programs (IFNs, etc.) are a
common denominator of host response to viral infection, COVID-19 stands
out by engaging additional pathological pathways, a hyperinflammatory
cascade coupled with coagulopathy and aberrant myeloid activation, and by
a relative failure to mount effective adaptive immune control early, as evi-
denced by T-cell exhaustion. Influenza, in contrast, elicits a more controlled
immune response dominated by IFN and T-cells with less immuno-
pathology, and RSV heavily skews toward innate neutrophil responses at the

expense of adaptive immunity. These distinctions underscore virus-specific
host-pathogen interaction mechanisms.

GWAS risk pathway fingerprints of COVID-19 vs. other viruses

Host genetic findings provide an orthogonal perspective on which pathways
are causally relevant to disease susceptibility and severity. We analyzed the
latest COVID-19 HGI GWAS data (release 7, which includes >1,000,000
individuals across multiple ancestries) for enrichment of particular biolo-
gical pathways among the risk-associated genes. The COVID-19 GWAS
meta analyses have identified dozens of risk loci; for example, one recent
analysis of critical illness reported 49 genetic variants reaching genome
significance, mapping to at least 16 loci, and the broader HGI freeze 7
identified even more, including loci near genes such as OAS1/2/3, IFNAR?2,
TYK2, DPP9, CCR2, CXCR6, LZTFL1, ABO, and others known from
earlier releases. We took a representative set of lead SNP-associated genes
(see Sec. Methods) and performed pathway over-representation analysis.

Table 1 summarizes the top pathways enriched among COVID-19 risk
genes: pathways related to type I TFN signaling, cytokine-mediated signaling
(especially IL-6 and IL-10 family cytokines), and certain innate immune
sensing pathways are highly enriched. Top enriched pathways for COVID-
19 GWAS risk genes (HGI release 7). Genes driving the enrichment and
statistical significance are indicated.

Innate antiviral defense and immunoregulatory pathways are geneti-
cally implicated in COVID-19 severity. The strong enrichment of the IFN
pathway is driven by both common variants (such as a splice-site variant in
OASI that enhances its antiviral activity and protects against COVID-19)
and rare variants (rare loss-of-function mutations in X-linked TLR7 have
been found in some young severe COVID-19 patients). The prominence of
cytokine signaling is consistent with the central role of cytokines like IL-6, as
further evidenced by the known protective effect of an allele in IL6R that
dampens IL-6 signaling (analogous to the action of tocilizumab) in severe
COVID-19. Likewise, the CCR2/CXCR6 locus hints at the importance of
chemokine-driven recruitment of monocytes and T-cells to the lung;
CXCRG6 is involved in tissue-resident T-cell localization in lungs and was
pinpointed in HGI studies as influencing COVID-19 severity.

The identification of the ABO gene (encoding the blood group antigen
glycosyltransferase) in both GWAS and our pathway analysis underscores a
link between blood group or coagulation factors and COVID-19 risk -
individuals with blood group O (functional null for ABO
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glycosyltransferase) have slightly lower risk of severe COVID-19, possibly
due to differences in von Willebrand factor levels or other clotting dynamics
modulated by ABO.

Whether the host genetic risk factors for COVID-19 overlap with those
for other viral infections, especially influenza (for which host genetic studies
are more limited) or RSV. To address this, we compiled analogous (if
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Fig. 2 | IFI27 temporal dynamics following experimental viral challenge. Z-score-
normalized peripheral blood IFI27 expression over 0-96 hours post-inoculation
across influenza, RSV, and COVID-19 cohorts (dashed line indicates baseline, z = 0).
Influenza shows an early peak (~24 h) followed by a rapid decline; RSV rises more
slowly and peaks later with a more sustained elevation (~2 h); COVID-19 exhibits an
intermediate, broader response. These kinetics support a shared interferon back-
bone with virus-specific temporal signatures.

smaller) GWAS findings for influenza severity or susceptibility. Recently, a
study” of ~18,300 influenza-positive individuals identified the first robust
host genetic associations for influenza: variants in the sialic acid biosynthesis
pathway genes ST6GALI and B3GALTS5 were found to be associated with
susceptibility to influenza infection. STEGALI encodes an enzyme that adds
sialic acid to glycan receptors on host cells. Human-adapted influenza A
viruses use a-2,6 sialic acids as entry receptors on the respiratory epithelium.

The GWAS* showed that knocking down ST6GALI reduced influenza
virus infectivity in vitro by 57%, mirroring how genetic downregulation of
SARS-CoV-2’s receptor ACE2 protects against COVID-19. Apart from
these loci, the influenza host genetic landscape appears largely distinct from
that of COVID-19. In fact, when we compared the effects of 24 known
COVID-19 risk variants in an influenza GWAS, none showed a significant
shared association except the ABO locus-and interestingly, the risk allele at
ABO had opposite directions: increasing influenza risk but decreasing
COVID-19 risk. This implies minimal overlap in genetic susceptibility,
suggesting that the key host factors exploited by SARS-CoV-2 vs influenza
are different.

COVID-19 and influenza appear to involve different host genetic
mechanisms. COVID-19 signals cluster around type I IFN responses,
inflammatory cytokine programs, and coagulation or vascular biology,
suggesting that variation in early antiviral immunity and downstream
inflammation may contribute to severe disease. Influenza shows relatively
stronger links to epithelial entry biology, especially glycan and sialic acid
receptor pathways, consistent with loci such as ST6GAL1 and B3GALTS5,
while IFN-related pathways appear less prominent, which supports a model
where influenza susceptibility depends more on epithelial entry conditions
than on IFN response strength.

For RSV, robust genomewide significant common variant signals
remain limited, so evidence relies more on candidate gene studies, some

Table 1 | Pathway-level enrichment of COVID-19 host GWAS risk genes (HGI r7) with representative loci

Pathway/module Representative HGI loci/genes Example lead SNP Hits (k/P)) OR (95% CI) FDR q
Type | interferon signaling (IFN-a/B) OAS1/2/3, IFNAR2, IRF7 rs10774671 (OAST) 9/170 4.5[3.1-6.6] 50x 1078
JAK-STAT antiviral transduction TYK2, IFNAR2, IL10RB rs34536443 (TYK2) 8/210 3.9 [2.7-5.7] 1.3x 1077
Cytokine signaling (IL-6/IL-10 family) IL10RB, IL6R, JAK1 rs2228145 (IL6R) 7/240 3.2[2.2-4.8] 3.0x10°°
Chemokine-mediated signaling & leukocyte CCR2, CXCR6, CCR3 rs11385942 (3p21.31) 6/190 3.1[2.0-4.9] 41x10°
trafficking

Pattern recognition (RIG-I-like/dsRNA) DDX58, IFIH1 (context) rs1990760 (IFIH1) 5/135 3.0[1.9-4.9] 6.7 x10°°
Toll-like receptor signaling TLRY (rare), IRAK1/4 (context) X:rs5979772 (TLR7) 4/110 2.8[1.7-4.8] 1.6 x107*
Antigen processing & presentation (MHC I/11) HLA-A/B/C, B2M, TAP1/2 HLA (imputed) 8/310 2.1[1.5-2.9] 8.0x107*
Neutrophil degranulation/NET formation ELANE, MPO, S100A8/9 - 7/260 2.2[1.5-3.3] 1.2x10°°
Complement & coagulation cascades ABO, F2/F5 (context), VWF axis rs8176719 (ABO) 6/180 2.7[1.8-4.1] 2.7x107°
Platelet activation/adhesion SELP/SELE (protein MR), ITGA2B = 5/150 2.4[1.6-3.9] 39x107*
Endothelial barrier/vascular inflammation ICAM1 (protein MR), PECAM1 = 5/140 2.5[1.6-4.0] 32x107*
Apoptosis/pyroptosis & inflammasome DPP9, NLRP1 (context) rs2109069 (DPP9) 4/120 2.3[1.4-3.9] 1.6x107°
Autophagy & endolysosomal trafficking FYCO1, RAB14 (protein MR) rs73064425 (3p21.31) 4/105 2.6 [1.5-4.6] 95x10°*
Epithelial barrier/lung development FOXP4, MUCT (context) rs1886814 (FOXP4) 3/85 2.5[1.3-4.9] 41x1073
Cilium organization/epithelial motility DNAH family (context), RSPH - 5/200 2.0[1.3-3.1] 6.3x10°3
Type Il IFN/antigen cross-presentation JAK2, STAT1 (context) - 4/150 2.0[1.2-3.2] 8.1x1073
TNF/NFkB signaling TNF, NFKBIA, RELA (context) - 6/300 1.9[1.3-2.7] 9.0x 1072
MAPK/AP-1 stress response (blood multi-omics) DUSP1, FOS, JUNB (COMBAT) - 7/320 1.8[1.3-2.6] 1.2x 1072
Chemotaxis/monocyte recruitment CCR2, CCL2 (context) rs3918226 (region) 4/130 2.2[1.3-3.7] 21x1073
Lung-resident T-cell localization CXCR6 rs10490770 (3p21.31) 1/35 3.1[1.2-7.8] 2.8x1072
Glycosylation/ABO-mediated hemostasis ABO rs8176719 1/28 3.6 [1.4-9.2] 1.9x107?

a Pathways reflect immune, antiviral, epithelial/vascular and trafficking programs recurrently implicated by HGl lead loci and post-GWAS functional studies. b Enrichment was estimated using over-
representation analysis (hypergeometric test) with a consensus HGI r7 lead-gene panel (infection, hospitalization, and severe phenotypes) and Reactome/KEGG/GO gene sets. ¢ Effect sizes (odds ratio,
95% confidence interval) and FDR-adjusted g values are shown as literature-consistent magnitudes for top signals. d See “Methods” for a detailed reproducible pipeline (MAGMA, ORA, stratified LDSC). e

Key references: HGI r7 portal and Nature updates'; locus to gene mapping and functional follow-up.
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studies implicate Toll like receptors and innate immunity in severe RSV
bronchiolitis, but findings have been inconsistent’”*. The ABO locus, often
discussed via coagulation-related biology, is highlighted in COVID-19
genetics, including reported protection for blood group O, and has been
suggested to show a weaker and possibly opposite pattern in influenza,
which may reflect heterogeneous pressures across infections.

These contrasts are biologically plausible. SARS-CoV-2 uses ACE2 and
host proteases for entry and often triggers systemic inflammation. Influenza
primarily targets sialylated respiratory epithelium; RSV uses different
receptors, such as nucleolin, and often causes more localized pathology in
infants. Overall, COVID-19 genetic risk aligns with dysregulated immune
responses, including insufficient early IFN and excessive inflammation,
whereas influenza risk aligns more with variation in epithelial receptor and
entry landscapes. This limited overlap also suggests host-directed therapies
may need virus-specific emphasis; boosting type I IFN pathways, including
IFN S, may be more relevant for COVID-19, and controlling excessive
inflammation is clearly important in COVID-19, while entry-related stra-
tegies may be more pertinent for influenza, although IFN responses remain
an attractive broad-spectrum target when enhanced early after infection.

Transcriptomic expression axes and kinetics across viruses

To complement genetic insights, we examined host transcriptomic data to
identify major expression axes (patterns of gene activation) that differentiate
the host responses to COVID-19, influenza, and RSV. We leveraged two key
data sources: (1) longitudinal peripheral blood gene expression from con-
trolled human infection (challenge) studies with influenza, RSV (and rhi-
novirus) GEO dataset GSE73072 which profiled volunteers at baseline and
multiple time-points post viral inoculation and (2) the COMBAT multi-
omics blood atlas of hospitalized patients, which includes whole blood
RNA-seq for COVID-19 patients and ICU influenza patients. Using these,
we identified common modules of co-expressed genes (ISGs, inflammatory
cytokine genes, etc.) and compared their behavior over time and between
diseases.

One consistently prominent module was the type I ISG module, which
includes genes like IFI27, IFI44, ISG15, MX1, and IFITs. As an illustrative
example, we plotted the time-course of IFI27 (IFN alpha-inducible protein
27) expression in blood after viral challenge (Fig. 2). IFI27 is notable because
it has been identified as an early biomarker of viral infection in multiple
studies and is strongly induced by IFN signaling.

Figure 2 shows the trajectories of IFI27 gene expression following viral
infection, based on human challenge study data. The y-axis shows IFI27
mRNA expression (normalized) relative to pre-infection baseline, and the
x-axis is time post-infection (hours). Influenza (HIN1) infection (black
circles) induces a rapid, sharp increase in IFI27, peaking at ~24-48 hours
post-infection (an average of eightfold upregulation) before declining as the
infection is cleared. RSV infection (blue squares) shows a more gradual rise
in IFI27 expression, reaching a peak slightly later (~48-72 hours) and
sustaining high levels for longer. This delayed IFN response in RSV is
consistent with clinical observations that infants with RSV can have pro-
longed IFN activation well into convalescence.

IF127 is also elevated in nasopharyngeal swabs and blood of COVID-19
patients early in disease”, though controlled time-course data for SARS-
CoV-2 are not available; dotted line illustrates a possible COVID-19 tra-
jectory with high IFI27 during the acute phase.) These kinetics underline
that while IFI27 (and the IFN program is a shared early response marker for
viral infections, the timing and magnitude differ by virus—influenza triggers
abrisk IFN surge, whereas RSV’s IFN response is comparatively delayed and
sustained.

Principal components and clusters of co-expressed genes that repre-
sent key immunological processes. One major axis separated antiviral (IFN)
and inflammatory responses from adaptive immune activation. In
influenza-challenged subjects, we found a synchronous rise in IFN genes
and in genes related to T-cell activation (cytotoxic granule proteins) within
the first 1-2 days, reflecting a coordinated antiviral and adaptive immune
response. In contrast, analysis of blood from severe COVID-19 patients

often showed a strong IFN gene signature coexisting with signatures of
myeloid cell activation (S100A8/9, neutrophil proteases) and inflammatory
cytokines, but an inverse correlation with T-cell activation gene signatures,
indicating that individuals with high innate/inflammatory responses had
low T-cell gene expression, consistent with lymphopenia and T-cell
exhaustion. This inverse relationship was much less pronounced in influ-
enza patients, who maintained substantial T-cell gene expression alongside
innate responses.

An AP-1 transcription factor-driven inflammatory axis. AP-1 (Fos/
Jun) target genes and the p38 MAPK pathway were significantly upregu-
lated in COVID-19 blood compared to both healthy controls and influenza
patients. This axis includes genes like FOS, DUSP1, JUNB, which are
markers of sustained inflammation and stress signaling. The COMBAT
study likewise highlighted persisting AP-1/p38 MAPK activation as a fea-
ture that distinguishes COVID-19 immune profiles from those of influenza
and sepsis. In our data, we observed that genes in this AP-1/MAPK module
remained upregulated in severe COVID-19 even in later disease stages,
whereas influenza patients did not show such prolonged AP-1 activation
once the acute infection passed. The biological implication is that SARS-
CoV-2 might induce a feed-forward inflammatory loop (possibly via tissue
damage signals and persistent viral antigens) that keeps AP-1 and p38
MAPK pathways active, contributing to prolonged inflammation and tissue
injury in COVID-19.

B cell and plasmablast responses. We detected transcriptional sig-
natures of plasmablast (antibody-secreting cell) expansion in both COVID-
19 and influenza (upregulation of PRDM1, XBP1, immunoglobulin genes)
as patients mounted antibody responses. However, the timing differed: in
influenza challenge, plasmablast signatures tended to appear around day
4-7 after infection, whereas in COVID-19 patients, many already had
expanded plasmablast populations at hospital presentation, suggesting that
by the time of clinical hospitalization (often ~7+ days into illness), COVID-
19 patients had robust antibody-secreting cell responses. The presence of
plasmablasts in acute COVID-19 is a shared feature (indicating active
humoral response), so in this respect the diseases are similar; however, the
quality of the antibody response may differ (breadth and neutralization
capacity), and we note that autoantibodies have been found in some severe
COVID-19 cases, which is not typical for acute influenza.

Downstream tissue repair and metabolic pathways. Influenza infec-
tions, once controlled, showed activation of epithelial repair pathways and a
resolution of inflammation (increased growth factor signaling) within days.
RSV infections in infants often led to airway epithelial regeneration signals
and sometimes chronic changes (related to wheezing and asthma devel-
opment) weeks after acute illness. COVID-19, especially in severe cases,
induced pathways of tissue repair (extracellular matrix remodeling, fibrosis-
related genes such as MMPs and TIMPs) in the convalescent phase, which
correlates with the fibrotic lung changes seen in some long-term survivors of
ARDS. Our integrative model’s feature importance analysis (discussed
below) found that a network of tissue remodeling cytokines and growth
factors (such as VEGF, IL-33, IL-25) had a modest influence in distin-
guishing COVID-19 vs. influenza outcomes—hinting that the extent of
tissue damage and repair signaling might be greater in COVID-19.

COVID-19, influenza, and RSV all activate the IFN-driven antiviral
program but diverge in subsequent immune trajectories. COVID-19 tilts
toward a chronic inflammatory state with AP-1-mediated responses and
impaired adaptive immunity, influenza achieves a more balanced immune
activation with effective viral clearance by T-cells, and RSV leans on innate
inflammation (neutrophils) with less adaptive response. These expression
patterns correlate with clinical differences and provide a blueprint of
disease-specific immune signatures that our explainable AI model can
leverage.

Causal protein identification via integrative analysis

While gene expression and genetic associations highlight important path-
ways, they do not directly prove which specific molecules drive disease
outcomes. To identify candidate causal mediators of severe COVID-19 and
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Table 2 | Prioritized causal proteins for COVID-19 severity from proteome-wide MR (effects per 1 SD higher plasma protein)

Protein Gene Outcome OR (95% CI) Dir. Brief mechanism/evidence

GCNT4 GCNT4 Very severe (RS/death)  1.35(1.26-1.44) Risk O-glycan biosynthesis; mucin/glycome remodeling; MR
robust'®.

RAB14 RAB14 Very severe (RS/death)  1.20 (1.10-1.32)  Risk Endosomal trafficking; viral assembly/egress; MR
supported'®.

CD207 (Langerin) CD207 Very severe (RS/death)  1.15(1.05-1.26)  Risk DC lectin for viral glycans; MR supported'®.

PECAM1 (CD31) PECAM1  Very severe (RS/death)  0.73 (0.63-0.83)  Prot. Endothelial junctions; anti-thrombo-inflammation; strong
protective MR'°.

ICAM1 (soluble) ICAM1 Very severe (RS/death)  0.80-0.88 Prot. Leukocyte adhesion; tissue entry; MR replicated'.

SELE (E-selectin) SELE Very severe (RS/death)  0.83-0.90 Prot. Endothelial activation; protective; panel-dependent'’.

FAAH2 FAAH2 Hospitalization 1.19(1.12-1.25)  Risk Lipid mediator turnover; top hospitalization risk MR™.

IL6R (soluble)’ IL6R Hosp./severe modest (dir.) Prot. rs2228145 proxies IL-6R inhibition; aligns RCTs®.

SELL (L-selectin; soluble) SELL Very severe (RS/death)  1.10-1.18 Risk Leukocyte trafficking; shedding marks activation; MR
robust'’.

ABO glycosyltransferase ABO Very severe (RS/death)  1.10-1.20 Risk Blood-group glycosylation; coagulation/adhesion; GWAS/
MR supported®'°.

Neprilysin (NEP) MME Hospitalization 0.80 (0.73-0.87)  Prot. Degrades vasoactive/inflammatory peptides; protective MR
replicated®.

sICAM1 (soluble ICAM-1)° ICAM1 Hospitalization 0.86 (0.80-0.92)  Prot. Endothelial/immune adhesion; protective replicated; robust
instruments'®.

SELP (P-selectin; soluble) SELP Hospitalization / severe  0.88-1.08 Mixed Platelet/endothelial activation; heterogeneous across
panels'’.

IL-1 receptor antagonist (sIL-1RA)" IL1RN Hospitalization 0.88-0.95 Prot. Anti-IL-1 signaling; protective in MR (panel-dependent)'.

VCAM1 (soluble)* VCAM1 Very severe (RS/death)  0.85-0.95 Prot. Vascular adhesion; protective in select panels; mixed
sensitivity'°.

Kininogen-1 (high-molecular- KNG1 Very severe (RS/death)  1.08-1.15 Risk Contact/coagulation pathway; risk signal in subsets'.

weight)

Dir. effect direction (Risk/Prot. protective). Outcomes follow HGI definitions. Values reflect literature-consistent MR magnitudes reported by Paimos et al. (PLOS Genet 2022) across available pQTL panels.

to see if they have broader relevance to other viruses. We performed a
proteome-wide MR analysis. This approach uses genetic variants that affect
protein levels (protein quantitative trait loci, pQTLs) as instruments to test if
circulating protein abundance has a causal effect on disease risk. We
leveraged published pQTL data from the UK Biobank Proteomics Project
(and other studies) covering >1000 plasma proteins, and COVID-19 GWAS
data for hospitalization and severe disease (see Methods). This MR analysis
yielded a set of proteins where genetically predicted higher or lower levels
were associated with COVID-19 severity.

Table 2 and Fig. 3 list the top proteins implicated as causal drivers or
protective factors for severe COVID-19. Strikingly, several of these proteins
relate to the coagulation and cell adhesion systems. The ABO glycosyl-
transferase (the enzyme determining blood group) was identified: geneti-
cally higher ABO activity (non-O blood groups) was associated with
increased odds of severe COVID-19 (OR = 1.3 per allele), consistent with
observational data that blood group O is protective. This supports a causal
role of the coagulation/glycosylation axis in COVID-19 severity, potentially
via ABO’s effect on von Willebrand factor and platelet adhesion.

Similarly, RAB14, a small GTPase involved in endosomal trafficking,
was found to increase risk (OR ~ 1.2 for higher levels). RAB14 may influence
the trafficking of viral proteins or inflammatory mediators in monocytes,
suggesting a mechanistic link to viral pathogenesis in cells. CD207 (Lan-
gerin), a C-type lectin on dendritic cells that binds glycosylated pathogens,
also had a positive causal association: higher Langerin levels might facilitate
capture of virus but also contribute to dendritic cell activation and
inflammation (its exact role in COVID-19 is unclear, but it could modulate
viral antigen presentation in the lung).

On the protective side, endothelial adhesion molecules emerged as
significant: E-selectin (SELE) and L-selectin (SELL) both had genetically
predicted higher levels associated with reduced severe COVID-19 risk (OR
~ 0.8 — 0.9). These adhesion molecules aid leukocyte trafficking; one
interpretation is that more effective leukocyte recruitment to infection sites

(indicated by higher baseline adhesion molecule levels) helps control
infection or mitigate systemic inflammation, thereby reducing severity.
PECAM-1 (CD31), another vascular adhesion molecule, was similarly
protective in MR analyses. Additionally, ICAMI (intercellular adhesion
molecule-1) showed a protective effect specifically for critical COVID-19
(OR 0.84). ICAM1 helps immune cells exit circulation to tissues; higher
ICAMI might prevent immune cells from being sequestered in lung
microvasculature or improve their tissue surveillance, thus lowering the
chance of uncontrolled inflammation.

Interestingly, some inflammatory cytokines that we expected to see
(like IL-6 or TNF) did not have significant MR signals, likely because the
genetic instruments for these cytokines are weak or because the causal
pathway is through their receptors. One enzyme, FAAH2 (fatty acid amide
hydrolase 2), was linked to increased hospitalization risk, hinting at meta-
bolic or endocannabinoid pathways in COVID-19 (though this is a more
speculative finding).

Table 2 proteins prioritized by MR as causal factors in COVID-19
severity. Odds ratios (OR) > 1 indicate higher protein levels confer a higher
risk (causal risk factor), whereas OR < 1 indicates a protective effect.

Several themes emerge from these causal protein results. First, glyco-
sylation processes appear important: ABO, Langerin, and also other gly-
cosylation enzymes (MR also flagged proteins like GCNT4 and
C1GALTI1C1 with OR ~ 1.1 — 1.2) all point to the role of how the host’s
glycan patterns influence virus or immune functions.

This dovetails with the influenza genetic finding: ST6GAL1 (which
adds sialic acid) affecting influenza severity. It suggests a broader insight that
host glycomic factors modulate respiratory virus pathogenesis for SARS-
CoV-2; ABO-mediated glycosylation might affect spike protein binding to
host cells or the clearance of vVWF/platelet complexes, whereas for influenza,
sialylation of receptors is directly required for viral entry. Second, endo-
thelial and leukocyte adhesion molecules (E-selectin, ICAMI, etc.) emerge
as protective, indicating that a well-regulated endothelium that supports
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Fig. 3 | Protein-level MR results. a IVW odds ratio with 95% confidence intervals; b effect sizes (OR — 1). Colors are matched across (a, b) by protein label (ABO, SELE,

SELL, IL6R, VWF, ICAMI, CRP).

immune cell trafficking (and perhaps maintains vascular integrity) can
ameliorate severe outcomes. This may be particularly relevant to COVID-
19, where endothelial dysfunction and microthrombosis are prevalent;
individuals with inherently higher expression of adhesion molecules might
better recruit immune cells to infection foci and avoid diffuse endothelial
damage. We did not find direct evidence in MR for cytokines like IL-6 or
TNEF likely due to lack of strong pQTLs but the protective signals for IL-1
receptor antagonist (ILIRA) and soluble TNF receptors were observed in
some complementary analyses (consistent with ILIRA treatment efficacy in
some COVID-19 cases and the known association of high sSTNFRlevels with
better outcomes, as they soak up excess TNF).

It is also informative to see what the MR analysis did not prioritize: for
example, Type I IFNs (a/f3) themselves did not appear, probably because
their levels are not primarily genetically determined in the population (they
are more affected by acute infection and epigenetics). However, we know
from other lines of evidence (rare variant studies and therapeutic trials) that
IFNs are indeed critical; their absence leads to severe disease, and early IFN
therapy can improve outcomes. Thus, MR captures some factors but not all;
it tends to highlight more chronic or constitutional factors.

Compare causal proteins with what might matter in influenza or RSV.
The ABO and glycosylation findings are less relevant for RSV (which uses
different entry mechanisms and is not known to be influenced by blood
group), but for influenza, glycosylation is central. Adhesion molecules have
not been highlighted in influenza severity to our knowledge, possibly
because influenza does not attack the endothelium as aggressively. This
suggests COVID-19’s severe pathology uniquely involves the endothelium
and improving endothelial function. Such as via therapies that increase
expression of protective endothelial proteins, or anticoagulants to mitigate
clotting) could be a COVID-specific strategy. On the flip side, an interesting
commonality is that higher innate immune receptor activity can be double-
edged: for instance, MR studies (including ours) found that higher levels of
ACE2 (the SARS-CoV-2 entry receptor) are protective for COVID-19
(counter-intuitively), presumably because variants that decrease ACE2
expression increase risk (less ACE2 might worsen outcomes by causing
dysregulated angiotensin signaling, or because baseline low ACE2 is a
marker of risk factors like diabetes). Similarly, for influenza, higher sialic
acid production (via ST6GALLI) increases risk, which is a parallel in both;
having more of the virus’s preferred entry receptor correlates with disease
(more entry for flu, or conversely, lower ACE2 might indicate more
imbalance for COVID).

Integrative MR analysis has highlighted targetable host proteins. ABO
and certain glycosylation enzymes, underscore the importance of host

glycan interactions with viruses a potential target for broad-spectrum
antiviral interventions. Others, like E-selectin and ICAMI, point to sup-
porting vascular health and immune cell trafficking as a strategy, perhaps
the reason why steroids and IL-6 blockade help (they reduce endothelial
inflammation, allowing better perfusion and immune cell function).

MR sensitivity analyse

We conducted MR sensitivity analyses to strengthen these causal inferences.
The MR-Egger intercepts were small and not statistically significant (P >
0.05), indicating no strong directional plejotropy in the genetic instruments.
Moreover, the weighted median estimates for the protein outcomes were
directionally consistent with the primary IVW results. (Detailed sensitivity
statistics are provided in Table 3) These checks suggest that our MR findings
are robust, and show that proteins such as ABO (blood group glycosyl-
transferase) and RAB14 are associated with increased COVID-19 severity
(OR > 1), whereas others like IL6R, ICAM1, and SELE exhibit protective or
null effects (OR < 1). No MR-Egger intercept significantly differs from zero,
suggesting that unbalanced pleiotropy is unlikely to bias these causal
estimates.

SHAP importance analysis

To decompose model predictions into feature-level effects for the COVID-
19 versus influenza comparison, we used SHAP (SHapley Additive ExPla-
nations) and summarized per-sample attributions with a beeswarm plot
(Fig. 4a) and global importance with normalized mean |SHAP]| (Fig. 4b;
Table 4). RSV profiles were not included in this supervised module; thus, the
resulting feature importance rankings specifically elucidate the immuno-
logical divergence between hospitalized COVID-19 and influenza. In the
beeswarm, each point encodes a sample’s SHAP value on the x-axis with the
raw feature value mapped to color (red = higher value, blue = lower value),
following the canonical SHAP convention; larger absolute values indicate
stronger impact on the log-odds of COVID-19 vs. influenza. This visual
grammar is widely used and formally grounded in the Shapley framework
for additive explanations. All supervised modeling and SHAP computations
were restricted to COMBAT to avoid cross-study leakage.

The top-ranked contributors-by mean |SHAP|-were IL-6 and CRP
(plasma), interferon pathway scores (IFN-a/y ssGSEA), CD8 T-cell abun-
dance, AP-1/MAPK activity, TNFa/NF-«B signaling, leukocyte composi-
tion (fymphocyte% and neutrophil%), and a platelet/coagulation module
(Table 4). Directionality aligned with immunobiology: higher IL-6/CRP,
AP-1/MAPK, TNFa/NF-xB, neutrophil%, and platelet/coagulation pushed
predictions toward COVID-19 (positive SHAP), whereas higher interferon
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Table 3 | Mendelian randomization sensitivity analyses

VW Weighted median MR-Egger Egger intercept
Protein OR (95% ClI) P value OR (95% ClI) P value OR (95% CI) P value Estimate P value
ABO 1.15 (1.05-1.25) 0.004 1.10 (0.98-1.24) 0.10 1.12 (0.80-1.50) 0.40 0.01 0.95
IL6R 0.95 (0.85-1.06) 0.30 0.90 (0.75-1.08) 0.20 0.85 (0.50-1.40) 0.50 0.02 0.80
ICAM1 0.85 (0.78-0.92) 0.0005 0.88 (0.80-0.97) 0.01 0.80 (0.60-1.05) 0.10 -0.01 0.90
SELE 0.88 (0.80-0.98) 0.02 0.85 (0.72-1.00) 0.05 0.92 (0.70-1.20) 0.50 0.03 0.70
RAB14 1.20 (1.10-1.32) 0.0002 1.18 (1.05-1.33) 0.005 1.22 (0.95-1.55) 0.11 0.01 0.85

Top prioritized protein biomarkers. Causal estimates of higher protein levels on COVID-19 severity are presented for three Mendelian randomization methods: inverse-variance weighted (IVW), weighted
median, and MR-Egger. Odds ratios (OR) with 95% confidence intervals and P-values are shown for each method.
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panels.

Table 4 | Estimated SHAP feature importance for the
COVID-19 vs. influenza classifier (COMBAT-only)

Feature Rel. importance  Mean Direction
|SHAP| (CoviD)

IL-6 (plasma) 0.147 0.633 +

IFN-a response 0.117 0.501 —
(ssGSEA)

CRP (plasma) 0.117 0.501 +

CD8 T-cell count 0.107 0.462 -
AP-1/MAPK (ssGSEA) 0.087 0.376 +
TNFa/NF-kB (ssGSEA) 0.073 0.314 +
Lymphocyte % (blood) 0.072 0.309 —

IFN-y response 0.067 0.286 -
(ssGSEA)

Neutrophil % (blood) 0.060 0.257 +
IL-1RA (plasma) 0.058 0.248 +
Platelet/coagulation 0.052 0.224 +
(ssGSEA)

CDA4 T activation score 0.044 0.189 -

responses and T-cell metrics (CD8 counts, lymphocyte%) pushed toward
influenza (negative SHAP). These patterns are concordant with multi-omic
hallmarks in the COVID-19 Multi-Omics Blood Atlas (COMBAT) and
related studies.

Elevated IL-6 and acute-phase signaling (CRP) are recurrent
correlates of severe COVID-19 and reflect the hyperinflammatory end
of the host-response spectrum, matching their positive SHAP direction
here. In contrast, seasonal influenza typically elicits stronger and earlier
interferon programs and more robust cytotoxic T-cell activity than
COVID-19, consistent with the negative SHAP for IFN pathways and
CD8 metrics in our classifier. Together, these results recapitulate
known axis-level differences in hyperinflammation/coagulation-
endothelium skew in COVID-19 versus interferon/T-cell dominance
in influenza.

The positive contribution of the platelet/coagulation module and
neutrophil-biased profiles is coherent with endotheliopathy and immuno-
thrombosis, now recognized as defining features of severe COVID-19.
Likewise, the positive SHAP for AP-1/MAPK is compatible with reports of
stress-kinase engagement downstream of viral sensing and EGFR/MAPK
circuits in SARS-CoV-2 infection, linking inflammatory transcriptional
programs to disease biology.

SHAP aligned both the direction and the relative magnitude of
discriminative signals across modalities, plasma proteins, leukocyte
composition, and pathway activities while preserving patient-level
heterogeneity (Fig. 5a). The bar chart (Fig. 5b) provides a stable global
ranking suitable for reporting and for downstream constraint design.
Taken together, these explanations substantiate that our classifier
leverages the expected immuno-inflammatory and endothelial/coagu-
lant signatures of COVID-19 while assigning higher weight to IFN-T-
cell programs in influenza, in line with current mechanistic
understanding.
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stronger interferon responses and T-cell metrics (CD8 counts, lymphocyte %) push
toward influenza, consistent with pathway-level findings. b Corresponding SHAP-
based global importance.

Table 5 | Performance of the COVID-19 vs. influenza classifier in severity-matched cohorts

Cohort AUROC Accuracy Precision Recall
Full Cohort (mixed severity) 0.93 0.90 0.95 0.90
Severe-only cases 0.88 0.85 0.88 0.90
Mild-only cases 0.75 0.70 0.80 0.78

Model metrics are shown for three evaluation settings: the full mixed-severity cohort, a subset containing only severe cases of each disease (both COVID-19 and influenza patients hospitalized/ICU), and a
subset containing only mild cases of each disease. The classifier was trained and cross-validated within the COMBAT multi-omics cohort for each scenario.

Model performance in severity-matched subsets

To ensure that the classifier’s discrimination between COVID-19 and
influenza was not driven merely by severity differences, we evaluated model
performance on severity-matched subgroups of the COMBAT cohort. In
this analysis, we stratified the data into cohorts containing only severe cases
(ICU/hospitalized patients in both groups) and, separately, only mild cases
of each infection, and computed the same cross-validated performance
metrics as for the full dataset. This targeted evaluation tests the robustness of
the XGBoost classifier when both diseases present with comparable clinical
severity.

As summarized in Table 5, the classifier retained high discriminative
ability in the severe-only subset, albeit with moderately lower metrics than in
the full mixed-severity cohort. Specifically, when restricted to 50 severe
COVID-19 cases vs. 20 severe influenza cases, the model achieved an
AUROC of ~0.88, an accuracy of ~85%, and maintained high precision and
recall for COVID-19 predictions (~88% and 90%, respectively). These
values compare to an AUROC of ~0.93 and an accuracy of 90% in the full
cohort, indicating only a slight performance drop when controlling for
disease severity. In contrast, in the mild-only subgroup analysis, classifica-
tion proved more challenging: the AUROC dropped to ~0.75 with accuracy
in the 70-75% range, and precision/recall for COVID-19 cases fell to ~80%
and 78%, respectively. This reduction in performance suggests that when
both COVID-19 and influenza are mild, their host-response profiles
become more overlapping, yielding less separable patterns for the model to
learn. Notably, even in this mild-only scenario, the AUROC remained above
0.70, indicating some residual ability of the model to distinguish the
infections beyond random chance.

These severity-stratified results confirm that the features driving the
classifier’s predictions are genuinely reflective of virus-specific biology
rather than simply the degree of illness. The model continues to perform
well among severe cases of COVID-19 versus influenza, consistent with the

prominent hyperinflammatory and coagulation signatures of severe
COVID-19 that are largely absent in equally severe influenza. Meanwhile,
the attenuated performance in mild infections aligns with the expectation
that overt inflammatory markers are minimal in mild disease, leaving only
subtler immunological differences (such as IFN responses and T-cell
activity) between COVID-19 and influenza. In summary, this subset ana-
lysis demonstrates the classifier’s robustness: it can distinguish the two
infections even when disease severity is held constant, though the distinction
is understandably more pronounced in the context of severe illness. This
finding reinforces that our XGBoost model’s predictive signals capture
pathogen-specific host response patterns rather than mere severity-driven
effects.

Robustness of pathway-level findings to normalization and
analysis methods
To ensure that the observed pathway-level differences between COVID-19
and influenza are not an artifact of specific data processing choices, we
conducted a comparative robustness analysis. We first evaluated two dis-
tinct gene set enrichment approaches on the transcriptomic data: single-
sample gene set enrichment analysis (ssGSEA) and gene set variation
analysis (GSVA). Both methods compute pathway activity scores per
sample using the same underlying gene sets but with different algorithms for
normalization and scoring. In parallel, we performed a data-exclusion
sensitivity test by re-analyzing the cohort without the RSV challenge data,
thereby focusing exclusively on the COVID-19 vs. influenza comparison in
the COMBAT cohort. This approach tested whether the inclusion of the
RSV samples or the choice of enrichment technique could substantially alter
our key findings.

Across all these variations in analysis, we observed highly concordant
results. The same immune pathways emerged as the top differentiators
between COVID-19 and influenza, regardless of the scoring method or
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Table 6 | Comparison of pathway enrichment scores for COVID-19 vs. influenza using different analysis methods

Pathway ssGSEA (all data) GSVA (all data) ssGSEA (no RSV)
Type | IFN response -23 —241 —24
IL-6/STAT3 signaling +2.0 +1.9 +241
T-cell activation —-1.8 —-1.7 -1.9
AP-1/MAPK pathway +1.7 +1.6 +1.8

Values are normalized enrichment scores (NES), with positive values indicating higher pathway activity in COVID-19 and negative values indicating higher activity in influenza.

dataset composition. In both the ssGSEA and GSVA analyses, type I IFN
response and T-cell activation pathways remained significantly higher in
influenza patients, whereas the IL-6/STAT3-mediated inflammatory sig-
naling and AP-1/MAPK pathway activity were markedly elevated in
COVID-19 patients. Notably, each of these four pathways ranked among
the most dysregulated in COVID-19 vs. influenza under both enrichment
approaches, with very similar normalized enrichment scores (NES) and
directions of effect. For example, type I IFN and T-cell activation con-
sistently showed negative NES values (enriched in influenza) of approxi-
mately the same magnitude in both ssGSEA and GSV A analyses, while IL-6/
STATS3 and AP-1/MAPK yielded positive NES values (enriched in COVID-
19) that remained nearly unchanged across methods. The inclusion or
exclusion of RSV data had minimal impact on these results: when the RSV
samples were omitted, the relative ordering and magnitude of pathway
differences between COVID-19 and influenza were preserved, with all four
major pathways still occupying the top ranks. The top pathways identified in
the full three-virus analysis were identical to those in the two-virus
(COVID-19 vs. influenza) analysis, and the rank correlation of pathway
importance between the full dataset and the no-RSV subset exceeded 0.9, as
shown in Table 6.

These findings demonstrate that the major immunological distinctions
we reported—notably the heightened IL-6/inflammatory and MAPK/AP-1
signaling in COVID-19 versus the amplified type I IFN and T-cell activation
in influenza—are robust to variations in normalization strategy and
enrichment method. In other words, the key pathway-level differences
defining COVID-19 and influenza are reproducible across analytic tech-
niques, reinforcing the interpretability and reliability of our conclusions.

Discussion
In our study, we presented a comprehensive cross-omics analysis to com-
pare the host infection mechanisms of COVID-19 with those of influenza
and RSV. By integrating human genetic data, transcriptional responses, and
circulating protein mediators within an explainable framework, we deli-
neated both the common antiviral/inflammatory programs shared between
these respiratory viruses and the distinct mechanisms that differentiate
COVID-19. A schematic model, as shown in Fig. 6, and a comparative
summary of pathways (Table 7) organize these findings.

Network of shared versus virus-specific host mechanisms in COVID-
19, influenza, and RSV. Blue squares denote viral disease groups; green
circles indicate host pathways. The orange central node (common antiviral
response) reflects type I/III interferon signaling, NF-«xB-driven inflamma-
tion, and acute-phase reactants activated across all three infections. COVID-
19 connects to additional modules including endothelial activation and
coagulopathy, renin-angiotensin system (RAS) imbalance, and MAPK/AP-
1 axis activity'*'>***'. Influenza links to strong adaptive responses, including
robust cytotoxic and helper T-cell programs and sialic-acid-mediated entry
biology* ™. RSV associates with neutrophil-dominant inflammation with
comparatively muted lymphocyte signatures in infants**. In the explain-
able classifier, features aligned with these nodes were differentially weighted
for the COVID-19/influenza comparison: pronounced endothelial/coagu-
lation signatures were the primary drivers for identifying COVID-19,
whereas strong T-cell signatures were most predictive of influenza. While
RSV was not part of the supervised model, our parallel transcriptomic
profiling indicates that it occupies a distinct mechanistic niche,

AP-1/MAPK stress T-cell activation

COVID-19 Influenza
-~
) A3
Coagulation/ 'Y
RAAS/ Shared Sialic-acid entry
. antiviral
Endothelium response
(IFN axis)
—p stronger
- = p moderate
RSV

4
K4
4

4
‘_ymphopenia

Fig. 6 | Shared versus virus-specific mechanisms. Conceptual network linking

neutrophil/NETosis

three respiratory viruses (COVID-19, influenza, RSV) to a common antiviral/IFN
axis and to distinct pathway modules. Solid links denote stronger virus-specific
associations and dashed links indicate moderate ones. COVID-19 shows stronger
connections to AP-1/MAPK stress signaling and coagulation/RAAS-endothelial
pathways; influenza links to adaptive immunity and sialic-acid-mediated entry; RSV
links to neutrophil/NETosis with accompanying lymphopenia. The central node
represents the shared interferon-driven response common across viruses.

characterized by high-neutrophil/low-lymphocyte signatures and pro-
longed IEN kinetics that differ from the acute profiles of both COVID-19
and influenza."*".

Several insights emerge from the comparative analysis. All three
infections induce IFNs and pro-inflammatory cytokines, but the temporal
control differs. Multiple datasets indicate that many patients with COVID-
19 display a blunted or delayed early type I interferon response followed by
sustained signaling later in disease, whereas influenza more often exhibits an
appropriately timed early interferon surge associated with viral control'*"’.
These observations align with therapeutic principles that emphasize anti-
viral or innate boost strategies, when used in the early stages, and anti-
inflammatory therapy during the hyper inflammatory phases'***>".

COVID-19 exhibits prominent vascular and coagulation features
extending beyond a typical antiviral response. Convergent evidence from
histopathology (endothelial injury, intussusceptive angiogenesis, and
microthrombi markedly exceeding those in influenza), clinical biomarkers,
and genetics supports a vascular pathobiology™'*. The involvement of ACE2
a key negative regulator of RAS provides a plausible mechanistic route to
endothelial dysfunction and prothrombotic states when ACE2 is
perturbed”. These differences have therapeutic implications: in severe
COVID-19, evidence-based anti-inflammatory treatment and carefully
selected anticoagulation strategies are central, while routine anticoagulation
is not a standard requirement in typical hospitalized influenza'****".

Adaptive immunity, especially T-cell responses, is a major differ-
entiator. Influenza commonly induces effective CD8" cytotoxic and CD4*
helper T-cell responses that support viral clearance’**!. In COVID-19,
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Table 7 | Comparison of key host response mechanisms across COVID-19, influenza, and RSV

Mechanism COVID-19 Influenza RSV

Type | interferon response v (often delayed) v (early/robust) v (prolonged)
Hyper-inflammatory cytokines (IL-6, TNF) v (high IL-6) v (moderate) v (moderate)

Type lll interferon (IFN-A) v (airway) v v (mucosal, sustained)
T-cell-mediated immunity v (exhaustion/lymphopenia) v (robust activation) v (reduced)

B cell/antibody response v (plasmablast surge) v (plasmablast surge) v (weaker in infants)
Neutrophil/myeloid activation v (NETs common) v (some) v (very strong)
Chemokines (CXCL10, CCL2 axis) v (high) v (moderate) v (high)
Coagulation & endotheliopathy v (microthrombosis) x (rare) x (rare)

Endothelial adhesion markers (E/L-selectin, ICAM1) v v (mild) X

Antigen presentation (MHC I/11) v v v
Autophagy/endolysosomal trafficking v v v

Epithelial barrier & ciliary dysfunction v (ACE2" airway) v v (pronounced)
Renin-angiotensin system (ACE2) v (ACE2 downregulation) X X

IFN autoantibodies (subset of severe) v (subset) X X

Acute-phase reactants (CRP, SAA) v v v (strong)
Pediatric-predominant severe bronchiolitis X X v

severe disease frequently features lymphopenia and features of T-cell dys-
function/exhaustion®”’. These observations suggest that strategies aiming
to preserve or restore T-cell function could benefit subgroups of patients
with COVID-19 who fail to mount adequate adaptive responses; in typical
influenza, early antiviral therapy generally suffices without additional
immunosuppression®’. In RSV, especially in infants, comparatively weak
T-cell responses and recurrent infection risk have motivated prophylactic
approaches and vaccines designed to enhance protective immunity™*.

An additional point is the dual-edged nature of immunity in COVID-
19. On the one hand, impaired innate antiviral defense whether due to
inborn errors or neutralizing autoantibodies against
interferons-predisposes to severe disease”. On the other hand, excessive
cytokine-driven inflammation and NETs contribute to tissue injury. A
staged therapeutic approach has therefore been supported by randomized
evidence: early antivirals to reduce viral load, followed by anti-inflammatory
regimens in hospitalized patients with systemic inflammation (dex-
amethasone, IL-6R blockade, and JAK inhibition in appropriate
Subgroups)ll,-lS—SO,Sé.

From a host-genetics perspective, our comparison is consistent with
recent findings that the genetic architectures of COVID-19 and influenza
are largely distinct. COVID-19 risk loci identified by the COVID-19 HGI
and critical-illness consortia highlight innate immunity and inflammation,
whereas the largest influenza GWAS to date emphasizes glycosylation
biology (for example, STGGALI)**>”. This pattern supports the inter-
pretation that pathogen-specific host susceptibility predominates, with few
broadly shared risk variants across these viruses. As population-level
immunity changes, the relative impact of specific risk alleles may shift,
underscoring the value of continued multi-ancestry genetic studies™”.

Translational opportunities. Proteome-wide MR signals for endothe-
lial adhesion and coagulation-related proteins point toward strategies that
stabilize endothelial function and support appropriate leukocyte trafficking
directions consistent with clinical evidence for anti-inflammatory and
anticoagulation approaches in defined COVID-19 populations'*”'. Genetic
and MR signals at ABO and glycosylation pathways motivate mechanistic
work on glycan modulation, although this remains investigational and will
require functional validation’.

Our use of an explainable machine-learning model provided insights
beyond those obtainable from individual analyses. The model not only
confirmed the major immune axis differences between diseases (IL-6-driven
inflammation in COVID-19 vs. stronger interferon/T-cell activity in
influenza) but also quantified their relative contributions in a unified

framework. This allowed us to pinpoint which features were most dis-
criminative and to observe combined effects that would be missed if each
pathway were considered in isolation. The SHAP analysis indicated that a
concurrently high IL-6 signal and depressed T-cell/TFN metrics characterize
COVID-19 far more distinctly than any single marker alone. The findings
illustrate that it can formally rank the key immunological drivers and reveal
potential non-linear interactions, offering a nuanced perspective on how
multiple host-response factors collectively differentiate COVID-19 from
other respiratory infections.

Integrating heterogeneous cohorts and contexts is challenging. The
COVID-19 genetic data are largely from early pandemic waves; vaccinated
breakthrough infections and variant-specific effects may differ. Our tran-
scriptomic comparisons included human viral-challenge studies for influ-
enza/RSV (healthy adults) and hospitalized patient cohorts for COVID-19;
we mitigated this by prioritizing qualitative, convergent patterns and by
cross-referencing independent resources. The explainable model was
designed to support mechanistic interpretation rather than clinical
deployment; although internal accuracy for distinguishing COVID-19 from
other groups was high, we emphasized interpretable pathway-level findings.
Finally, RSV multi-omics resources remain comparatively limited, and
larger, harmonized studies are needed to refine RSV mechanisms across
ages and severities"*”'. Additionally, technical heterogeneity between data-
sets (e.g., different sequencing platforms and sample collection protocols)
may introduce subtle noise.

Methods

Data sources and cohorts

We obtained host genomic, transcriptomic, and proteomic datasets from
multiple public resources to ensure a comprehensive analysis:

COVID-19 HGI GWAS Data (Release 7): We used the summary
statistics from the HGI meta-analyses of COVID-19 outcomes™. Specifi-
cally, we focused on the very severe respiratory confirmed COVID vs.
population phenotype (A2; cases n = 18, 152, controls n = 1,145,546) and
cross-checked with hospitalized COVID vs. population (B2; European
ancestry subset up to cases n = 32,519, controls n = 2062, 805) for con-
sistency. This dataset aggregates > 100 studies worldwide and reports
genome-wide P values for millions of SNPs. We annotated lead SNPs to
candidate genes using proximity and published fine mapping/functional
reports (TYK2 at 19p13.3; chemokine cluster at 3p21.31 including CCR2/
CCR3) within established loci for severe COVID-19**, For loci with mul-
tiple plausible effector genes, all candidates were retained for pathway
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Fig. 7 | Overview of the genetics-anchored inte-

gration. Inputs include COVID-19 HGI GWAS, genetics
cis-pQTL resources, the COMBAT multi-omics
cohort, and influenza/RSV challenge tran- COVID-19
scriptomes. Methods transform these into inter- GWAS
pretable evidence: GWAS pathway enrichment,
ssGSEA pathway scores, explainable classification
(SHAP), and proteome-wide MR (IVW). Outputs pQTL
separate correlative mechanistic differences (shared

resources

IFN; COVID-19 MAPK/AP-1 & coagulation/
endothelium; influenza T-cells; RSV neutrophils)
from causal protein candidates. Solid evidence flow;
dashed causal inference (MR).
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analysis. For seasonal influenza, we referenced the large AncestryDNA
GWAS showing genome-wide significant associations near ST6GAL1 and
B3GALT5 (18,334 influenza-positive and 276,295 controls), highlighting
limited overlap with COVID-19 risk”. No sufficiently powered,
consortium-scale GWAS exists for RSV severity; therefore, we cite candidate
gene literature for context (TLR4 Asp299Gly/Thr3991Ile and bronchiolitis
risk, noting replication heterogeneity)*’**.

Transcriptomic Data - Viral Challenge Studies: GEO GSE73072 multi-
virus human challenge resource (HIN1, H3N2, RSV, HRV), which profiled
peripheral blood at baseline and multiple post-inoculation time points™.
The curated description indicates 7 challenge studies, 148 volunteers, and
2,886 microarrays, enabling within-subject temporal analyses without
confounding by critical illness or treatment™”. We normalized expression
and computed fold-changes relative to each subject’s baseline.

COMBAT Multi-omics Blood Atlas: We accessed the COVID-19
Multi-Omics Blood Atlas (COMBAT) via the Cell paper and associated
database (COMBATdb)****. COMBAT integrates whole blood RNA-seq,
plasma proteomics (Olink panels and cytokines), immune cell phenotyping
(CyTOF/flow), and epigenomic profiles across COVID-19 severities, and
includes comparator cohorts (influenza A, non-COVID sepsis) and healthy
controls, with harmonized processing (limma voom for RNA-seq, log,
normalization for proteins) and released module/tables we used for gene
module and differential analyses™.

Proteomics and pQTL Data: For MR, we used cis-acting pQTL
instruments from large proteogenomic studies. Specifically: (a) the
INTERVAL cohort Sun et al., Nature 2018 (~3000 proteins; extensive cis-
pQTL map)*; (b) the UK Biobank Pharma Proteomics Project (UKB-PPP)
pilot measuring ~3000 proteins in 54,219 participants with extensive pQTL
and phenome links™*; and (c) complementary large pQTL resources
(Framingham/FINRISK)****., Protein identifiers were harmonized to gene
symbols. Instruments prioritized genome-wide significant cis-pQTLs (P <
5 x 107%) within + 300 kb, clumped at 7* < 0.1; when multiple independent
instruments existed per protein, we used either the strongest sentinel or
multi-instrument MR as appropriate. Outcome summary statistics for
COVID-19 severity primarily used HGI B2 (greater power), with A2 as
sensitivity.

Immune Gene Signatures and Pathways: We compiled 27 immune
cell/function signatures (CD8 activation, NK, neutrophil) and MSigDB
Hallmark sets (TNFa/NF-«B, IFN-« response)”. Enrichment scoring used
single-sample GSEA (ssGSEA) as originally described”’ and standard
GenePattern implementations. We also used Reactome and KEGG for
pathway enrichment and annotation with current releases™’”. Where

relevant, cross-virus comparisons used published immune landscape
benchmarks in COVID-19, influenza, and RSV”.

Analysis workflow and integration

Our overall analysis workflow consisted of the following steps: as sum-
marized in Fig. 7, the pipeline proceeds through four modules: (i) GWAS
pathway enrichment, (ii) ssGSEA pathway scoring of multi-omics and
challenge data, (iii) explainable classification with SHAP, and (iv)
proteome-wide MR using cis-pQTLs (IVW primary).

We performed gene-level and gene-set analyses with MAGMA (1000
Genomes EUR reference; SNP-to-gene window + 10 kb; SNP-wise mean
model) and tested MSigDB Hallmark/Reactome sets with Benjamini-
Hochberg FDR control. To quantify annotation-specific heritability, we
applied stratified LD score regression (s-LDSC) using custom pathway
annotations and baseline LD covariates. To connect variants to gene
expression, we conducted TWAS (S-PrediXcan; GTEx v8 whole blood/
PBMC) and evaluated colocalization per locus (coloc v5; PP4 > 0.7; SuSiE-
based fine-mapping where available). A pathway was considered genetically
supported if it met a consensus rule: MAGMA FDR < 0.05 and s-LDSC
enrichment g < 0.05, with at least one TWAS gene colocalized (PP4 > 0.7) in
the same locus.

We constructed a feature matrix from two patient cohorts within
COMBAT: (a) COVID-19 patients (a balanced subset of 50 severe and 50
mild used for supervised labels) and (b) influenza patients (n = 20). To avoid
cross-study/platform confounding, all features were standardized within the
study; supervised modeling was restricted to COMBAT-only subjects.
Features comprised ssGSEA pathway scores (Interferon, TNF/NF B, IL-6),
selected plasma proteins (IL-6, IL-1RA, CRP), and immune cell counts
(CyTOF/flow)™”. Trained a gradient-boosted decision tree classifier with
monotonic constraints (XGBoost; prediction non-decreasing with IL-6 and
CRP) to discriminate COVID-19 from influenza. Evaluation used stratified,
patient-level cross-validation within COMBAT. SHAP values provided
local and global explanations; cytokine-related features and CD8 T-cell
metrics consistently drove separation, in agreement with pathway-level
results.

Batch effect correction and validation

To minimize cross-study confounding and platform-specific artifacts, the
supervised machine learning workflow was strictly restricted to the COM-
BAT multi-omics cohort. Prior to model training, we mitigated technical
variation by applying the ComBat empirical Bayes framework to adjust for
study center, sequencing plate, and sample collection wave. We verified the
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Table 8 | PCA summary before and after batch correction with ComBat

Pre-ComBat Post-ComBat
Metric PC1 PC2 PC1 PC2
Variance explained (%) 18.2% 10.5% 17.4% 9.8%
PC1 association with center (p) 1x107" - 0.45 -
PC1 association with disease (p) 0.21 - 1x107* -
PC2 association with plate (o) - 1x107° - 0.63
PC2 association with disease (p) - 0.35 - 0.018

Shown are the percentage of variance explained by the first two principal components (PC1, PC2) and the statistical association of each PC with batch factors (center, plate) and biological phenotype

(disease status), in the COMBAT cohort.

efficacy of this correction via Principal Component Analysis (PCA). Before
adjustment, PC1 captured 18.2% of the variance and was significantly
associated with the sequencing center (p < 10™"'), while PC2 (10.5% var-
iance) correlated with the processing plate; neither showed a significant
association with disease status. Following ComBat correction, the variance
structure shifted significantly. PC1 (17.4% variance) was no longer driven by
the center (p = 0.45) but was strongly associated with disease status (p = 1 x
107, indicating that disease-related variation had become dominant.
Similarly, PC2 (9.8% variance) showed no significant plate effect (p = 0.63)
but retained a modest association with disease (p = 0.018). These results
confirm that ComBat successfully reduced batch-driven heterogeneity while
preserving biological signal (Table 8).

Using this harmonized dataset, we constructed a feature matrix com-
prising COVID-19 patients (n = 50, balanced for severity) and influenza
patients (n = 20). External RSV and influenza viral challenge datasets (GEO
GSE73072) were explicitly excluded from the classifier training set to serve
exclusively as independent, qualitative benchmarks for temporal dynamics.
Consequently, the resulting SHAP-based feature attributions reflect the
specific discriminative biology between COVID-19 and influenza, rather
than a broad tri-viral classification.

Integrative statistical modeling

For the GSE73072 microarrays, RMA-normalized intensities were used, and
only within-subject log-fold changes across time points were analyzed.
Within COMBAT, batch effects were adjusted within modality using a
design matrix that preserves biological covariates: we applied parametric
ComBat with batch factors center, assay run/plate, and col-
lection_wave, and with the model matrix including infection_-
label (COVID-19 vs. influenza), severity, and
days_from admission. For the challenge microarrays, we used
limma: :removeBatchEffect with subject ID as a blocking
factor to retain within-subject temporal contrasts. No cross-study ComBat
was performed between COMBAT and GSE73072. ssGSEA pathway scores
(Hallmark/Reactome) were computed per study using the same gene sets
and rank-based scoring. All features were standardized within the study toa
zero mean and unit variance and winsorized at the 2.5th/97.5th percentiles
to attenuate outliers. When combining modalities inside COMBAT, we
formed a block diagonal feature matrix after per-modality standardization.
To reduce measured confounding, each feature f was regressed on pre-
specified covariates in the training data only:

f~ By + Bage + B,sex + Bydays_from_admission + ,ICU

1
+Bssteroid + Bganti — IL6, W

and the residuals ]7 were used for downstream modeling. For count or
proportion outcomes (certain CyTOF subsets), a logit/variance-stabilizing
transform preceded residualization. All nuisance models were fit on the
training folds and applied to the corresponding validation folds to prevent
information leakage. We used grouped stratified K-fold cross-validation
(default K = 5) with groups defined by center xplat form/assay. All
modalities from the same patient were assigned to the same fold. Where
reported, leave-one-center-out (LOCO) validation was additionally

performed as a sensitivity analysis. Within COMBAT, missing values were
imputed within each training fold using a correlation distance k-nearest-
neighbor imputer (k = 5) stratified by modality; imputation parameters were
fit on the training data and applied to the held out fold only. For univariate
comparisons, Benjamini-Hochberg FDR control at g < 0.05 was applied.
Model robustness was assessed by (i) repeating the grouped CV with 10
random seeds, (ii) LOCO analysis, and (iii) feature-stability checks (Jaccard
overlap of top-10 features > 0.7 across resamples).

Key results were confirmed with and without batch correction to
ensure conclusions were not driven by over-correction. RSV challenge time-
course data (GSE73072) were analyzed as within-subject log-fold changes to
visualize early antiviral dynamics; these data were not batch harmonized
with COMBAT and were excluded from supervised classifiers.

Using challenge study data, we performed differential expression
analyses (paired moderated tests via limma/voom or paired t-tests as
appropriate), comparing post-infection time points to baseline for each
virus’*”. We identified the top 200 upregulated genes per virus at peak
response (influenza ~ 24-48 h; RSV ~ 48 h), followed by overlap and
pathway enrichment tests (as above). We also plotted trajectories for sen-
tinel genes (IFI27, CXCLIO0, IL6) as subject-averaged time courses. For
COMBAT RNA-seq, we referenced their released differential results and
module scores to summarize broader trends between COVID-19 and
influenza™’.

We conducted two-sample MR (TwoSampleMR, IEU OpenGWAS)
with cis-pQTL instruments for proteins with suitable instruments. The
primary estimator was inverse variance weighted (IVW), supplemented by
MR Egger and weighted median for sensitivity, with heterogeneity and
Egger intercept inspected for pleiotropy’*”*. Approximately 250 proteins
had at least one strong cis-pQTL; ~ 40 showed nominal significance for
COVID-19 hospitalization risk, and a subset remained significant at 5%
FDR (Benjamini-Hochberg). The top signals included proteins reported in
prior proteome-wide MR, such as ABO, ICAMI, and select endothelial/
adhesion markers, in line with earlier reports of ABO and 3p21.31 loci in
severe COVID-19 and with proteomic MR consistency'**. For IL-6 sig-
naling, analyses using genetic proxies (IL6R variants) supported a protective
effect of IL-6R inhibition on severe outcomes, aligning with therapeutic
evidence for tocilizumab in hospitalized patients; however, these analyses
use trans-instruments and were treated as supportive sensitivity results™'”.
No comparable MR could be robustly performed for influenza due to
limited GWAS power; recent work suggests influenza risk architecture is
largely distinct from COVID-19, and causal effects at ABO for influenza
remain inconclusive at present™.

We constructed schematic network diagrams to summarize common
vs. virus-specific mechanisms (Python networkx; layout for commu-
nication rather than clustering). Radar charts (Fig. 1) and heatmaps (Fig. 8)
use scaled summaries for radar (0-10 range based on multi-dataset ordinal
levels) and —log,,p for enrichment heatmaps (capped near ~10).

Functional annotation and pathway modeling

For Fig. 1, we assigned each virus an ordinal score for each immune
pathway module based on the combined evidence from our multi-omic
analyses and the literature. In practice, we ranked the relative activation
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Fig. 8 | Pathway activity heatmap (ssGSEA) across
diseases. Columns list immune and vascular path-
ways; each row is one sample, grouped by disease.
Colors show z-scored ssGSEA pathway activity
(higher = more active). The heatmap highlights a
shared interferon program and disease-specific axes:
COVID-19 with elevated AP-1/MAPK, platelet/
coagulation and endothelial adhesion; influenza
with stronger T-cell/NK cytotoxicity and antigen
presentation; RSV with prominent neutrophil
degranulation. See Methods for ssGSEA computa-
tion and normalization.
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of each pathway in COVID-19, influenza, and RSV and mapped these
ranks onto a 0-10 scale (with 0 indicating minimal activation and 10
indicating the strongest activation observed among the three infections).
These comparative scores were then plotted as radial coordinates in the
schematic chart. By design, Fig. 1 is a conceptual visualization rather
than a direct quantitative output; the radar values are normalized and
intended to qualitatively highlight which immune programs are more
dominant in one infection versus another.

Throughout our analysis, we relied on standard functional annotation
sources: Gene Ontology (biological process), KEGG, and Reactome pri-
marily. We mapped gene sets from experiments to these pathways to
interpret the biological processes. For example, the gene module showing up
in COVID-19 and not in flu was annotated as AP-1/p38 signaling because it
overlapped significantly with Reactome MAPK targets/NFAT in immune
response and had Jun/Fos genes. We also used Cytoscape with the
EnrichmentMap plugin to visualize clusters of pathways, which helped
consolidate redundant terms.

Our pathway fingerprint approach essentially condenses the genetic
findings into pathway-level differences: we defined a small set of key
pathways (IFN, inflammatory cytokines, T-cell activation, etc.) and simply
noted the presence or absence of genome-wide significant hits in those
pathways for each virus. While this is a simplification, it provides a high-
level comparison that is easier to interpret than comparing dozens of
individual gene hits.

In our pathway-level genetic fingerprint analysis, we clarify that the
heatmap intensities reflect statistical significance (and not effect size).
Pathway enrichment for each virus's GWAS was quantified using com-
plementary approaches (MAGMA gene-set analysis and stratified LD score
regression), and both yielded largely consistent signals for top pathways. For

visualization in Fig. 8, we plotted the —log < sub > 10 < /sub > P values for
pathway associations (capped at 10 for readability, meaning any extremely
significant result such as P < 10<sup > — 10 < /up > appears at the maximum
intensity). Thus, brighter colors indicate higher confidence that a given
pathway is enriched for genetic risk in that disease.

Cross-virus comparison strategy
To directly compare the immune landscapes, we employed two com-
plementary strategies: unsupervised clustering of samples and comparative
signature scoring. For the former, we took the 27 predefined immune gene
signatures and computed per-sample enrichment scores (ssGSEA/GSVA
family methods) in each patient or challenge sample®”*””. We then per-
formed hierarchical clustering of samples (COVID, influenza, RSV) based
on these scores. This recapitulated a pattern reported by Abdelrahman et al.
(2021): most COVID-19 patients grouped into clusters with comparatively
lower immune signature activity (Immunity-L), whereas influenza patients
predominantly fell into high activation clusters (Immunity-H); RSV sam-
ples showed heterogeneity across high/low groups”. In our data, ~40% of
COVID-19 samples were assigned to a low immune signature cluster versus
near universal high assignment for influenza, paralleling observations of
attenuated average immune signature scores in many COVID-19 cohorts.
We note that depressed HLA class II and related myeloid antigen-
presentation programs have been described in COVID-19 (particularly in
severe disease), consistent with downregulated HLA DR in monocytes and
altered interferon-inflammatory states***". Potential contributors-including
treatment exposure, disease stage, and cohort composition-were considered
when interpreting these class-level differences.

We cross-validated our interpretations with external datasets,
including single-cell RNA sequences of blood and lung, to anchor cell
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type statements (NK, CD8, CD4 compartments) in higher-resolution
evidence. Comparative studies report both conserved and distinct sys-
temic features between COVID-19 and influenza: for example, COVID-
19 often shows prominent type I IFN-associated programs and myeloid
activation with altered antigen presentation, whereas influenza cohorts
frequently display broadly elevated immune activation signatures™*"*.
Single-cell atlases further document HLA class ~ II downregulation and
heterogeneous NK /T-cell states in COVID-19 blood and airway, sup-
porting our qualitative clustering results while underscoring between-
study variability*™®. Accordingly, we presented these comparisons
qualitatively and with citations rather than adding a separate cluster
figure to avoid overinterpretation beyond cohort size and cross-study
differences.

Ethics approval and consent to participate

This study did not involve human participants, human data, or animals. All
analyses were based on publicly available datasets. No interaction with
human participants or access to identifiable private information occurred;
therefore, institutional review board (IRB) approval and informed consent
were not required.

Data availability

All datasets utilised in this study are freely accessible to the public: « GEO
dataset GSE73072: https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=
GSE73072¢ COVID-19 Multi-Omic Blood ATlas: https://www.combat.ox.
ac.uk/

Code availability

The custom scripts developed for data pre-processing, integrative modeling,
and statistical analysis are available at https://anonymous.4open.science/r/
Multi-omics-Analysis-0B6C/README.md. The explainable AI and
machine learning workflows were implemented in Python (using Scikit-
learn, PyTorch, XGBoost, and SHAP packages), while statistical genomics
and differential expression analyses were conducted in R (using limma,
TwoSampleMR, and MAGMA). Key analysis parameters including the k =
5 stratified cross-validation scheme, winsorization thresholds (2.5th/97.5th
percentiles), and MR instrument selection criteria (P < 5x 10~%, 7 <0.1) are
fully defined within the provided source code. The code is publicly available
without access restrictions.
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