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Introduction: Influenza susceptibility difference is a widely existing trait that
has great practical significance for the accurate prevention and control of
influenza.

Methods: Here, we focused on the human susceptibility to the seasonal
influenza A/H3N2 of healthy adults at baseline level. Whole blood expression
data for influenza A/H3N2 susceptibility from GEO were collected firstly (30
symptomatic and 19 asymptomatic). Then to explore the differences at
baseline, a suite of systems biology approaches - the differential expression
analysis, co-expression network analysis, and immune cell frequencies analysis
were utilized.

Results: We found the baseline condition, especially immune condition
between symptomatic and asymptomatic, was different. Co-expression
module that is positively related to asymptomatic is also related to immune
cell type of naive B cell. Function enrichment analysis showed significantly
correlation with “B cell receptor signaling pathway”’, “immune response
—activating cell surface receptor signaling pathway” and so on. Also, modules
that are positively related to symptomatic are also correlated to immune cell
type of neutrophils, with function enrichment analysis showing significantly
correlations with “response to bacterium”, “inflammatory response”, “cAMP
—dependent protein kinase complex” and so on. Responses of symptomatic
and asymptomatic hosts after virus exposure show differences on resisting the
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virus, with more effective frontline defense for asymptomatic hosts. A
prediction model was also built based on only baseline transcription
information to differentiate symptomatic and asymptomatic population with

accuracy of 0.79.

Discussion: The results not only improve our understanding of the immune
system and influenza susceptibility, but also provide a new direction for precise
and targeted prevention and therapy of influenza.

KEYWORDS

influenza A/H3N2, susceptibility, immune response, gene co-expression network,
high-risk population prediction model

Introduction

Influenza virus causes regular seasonal epidemics and
occasional severe pandemics in humans and animals (1-3).
There are about 3 to 5 million cases of severe illness, and
about 290 000 to 650 000 respiratory deaths each year caused
by human seasonal influenza, resulting in a heavy public health
concern worldwide (4). There are different manifestations for
people exposed to the same environment with influenza virus,
indicating individual susceptibility differences to influenza exists
(5, 6). Identifying susceptible population with higher risk of
infection and thus implementing targeted surveillance would be
helpful for reducing the disease burden of human influenza.

The causes of host susceptibility to influenza is a complex
issue, including factors from both virus (e.g. virulence, exposure
dose, etc.) (6) and host (e.g. exposure history (7), genetic factors
(8), age (9-11), nutrition (12), and other factors) (5-7). Most of
the current studies focus on underlying mechanisms for obvious
susceptible population like the elderly, children, pregnant
women. However, for healthy adults, there also seems existing
baseline differences which invoke clearly distinct antiviral and
inflammatory responses (13). Studies have shown that
preexisting influenza-specific CD4" (14) and CD8" T cells (15)
in the blood play a protective role by limiting the severity of
influenza illness. What’s more, natural killer (NK) cells were
significantly lower in symptomatic shedders before influenza
exposure at baseline level and KLRD1 as a key predictor used to
predict influenza susceptibility (16). Susceptibility studies for
other respiratory viruses have also been carried out. For
example, the baseline activity of interferon-stimulated genes
(ISG)-mediated defenses impedes infection progression, and
thus it can protect against Severe Acute Respiratory Syndrome
Coronavirus 2 (SARS-CoV-2) through activating beforehand by
heterologous antiviral response against another virus (17). At the
same time, a study on susceptibility to Respiratory Syncytial
Virus (RSV) also revealed that the volunteers with neutrophilic

Frontiers in Immunology

02

inflammation in the airway before RSV exposure are easier to
develop symptomatic infection (18). Taken together, the baseline
conditions, especially the immune conditions, are very
important for preventing the invasion of virus, but the whole
blueprint is not yet very clear.

The key point to direct the problem above is to capture the
characteristics of host at baseline before virus infection. The
human influenza challenge experiment (13, 19-22) makes an
ideal design, in which healthy adults are recruited with strict
inclusion and exclusion criteria, and then inoculated with the
same influenza virus, and finally documented with infection
symptoms and virus titers to be recognized as symptomatic or
asymptomatic hosts. This type of design eliminates various
confounding factors especially the virus exposure. However,
conducting this kind of study is difficult due to ethical
concerns. We discovered several trial data from Gene
Expression Omnibus (GEO) which were originally conducted
to explore biological processes after infection. It is of great value
to integrate these small-scale studies to investigate the question
underlying influenza susceptibility, especially from the aspects of
individual immune levels. Another key point lies in the types of
characteristics to outline host susceptibility. Many methods have
been applied in related studies to detect the characteristics of
host: the differentially expressed genes (DEGs) between different
conditions were identified along with their enriched functions
(17, 23). differences in the proportion of immune cells were also
identified based on blood transcriptome (24-26). Also, the
machine learning methods were applied to identify gene
markers for susceptibility of acute respiratory viral infection,
which could distinguish symptomatic response based on gene
expression profiles prior to viral exposure (27). Influenza
susceptibility is a complex trait and methods of systems
biology should be employed. In recent years, complex diseases
or traits are studied more and more from the network level (28—
30), for example, gene co-expression network (31-35), protein-
protein interaction (PPI) network (36-39) and transcription
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regulation network (40-42). These methods provide a systematic
view of the core pathways or key interacting genes related to the
concerned traits. Currently, there is hardly any influenza studies
on susceptibility investigation conducted from the perspective of
systems biology and specifically based on baseline information.

In this study, human susceptibility to the seasonal influenza
A/H3N2 is systematically explored based on baseline whole
blood transcriptome of healthy adults from influenza challenge
trials. DEGs, co-expression modules and significant immune
cells were identified and functional annotation were carried out.
Systematic immune functions were identified and prediction
model was built. Findings in this study could shed light on the
detailed mechanisms of influenza susceptibility and provide
clues for precise prevention and treatment of influenza.

Materials and methods
Data collection

Two microarray data sets, GSE73072 (22) and GSE61754
(21), from the Gene Expression Omnibus (GEO) were collected.
Datasets GSE30550 (13) and GSE17156 (19) for influenza A/
H3N2 were not used due to potential overlap with GSE73072.
For the data set GSE61754 (21), only the non-vaccinated subjects
were used here. All of these data sets are from human influenza
challenge experiments. All volunteers provided informed
consent and underwent extensive pre-enrollment health
screening. The volunteers without evidence of influenza H3N2
antibodies were included. Blood samples were collected at
baseline and several other time points after inoculating
volunteers with influenza A/H3N2 viruses and performed
microarray-based transcriptome profiling. The detailed
information for the datasets used in this study is shown in
Table S1. The individuals were defined as symptomatic
(representing susceptible hosts) and asymptomatic
(representing un-susceptible hosts) hosts based on influenza
laboratory tests and symptom status of self-reported modified
Jackson scores (19). Same phenotypic labels in the original
studies were used here. The final dataset includes 49 subjects
(30 symptomatic and 19 asymptomatic).

Data preprocessing

To eliminate the impact of the experimental platforms and
processing methods on the data, pretreatments were carried out
for the integrated dataset from three microarray experiments.
Firstly, after the array probes were annotated, all the data were
combined into a single matrix, where the rows represent the
genes and the columns represent the samples, and the matrix are
logarithmic transformed. Only genes presented in all two data
sets were retained and the final matrix includes 8478 genes from
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49 samples. Secondly, the raw matrix was normalized by the
method of “normalizeBetweenArrays” in R package limma with
default parameters (version 3.48.3) (43-46). Finally, batch effects
were removed using the method of ComBat in R package sva
with the default parameters (version 3.40.0) (47).

Identification of differentially
expressed genes

DEGs between asymptomatic and symptomatic hosts at
baseline level were identified using the method of RankProd
(Version 3.18.0) (48-50) using raw data. Specifically, genes with
percentage of false predictions (pfp) < 0.05 were defined
as DEGs.

In addition, R Package limma (version=3.50.3) (45, 46, 51)
was used to screen for differentially expressed genes between
baseline and the following time points. The data set of
GSE73072-DEE2 was used here, which included samples’
expression at multiple time points (5h, 12h, 22h, 36h, 46h,
53h, 60h,70h, 77h, 84h, 94h, 101h, 108h, 118h, 125h, 132h,
142h, 166h). The ImFit function fits a linear model with time as a
factor and the subject as a blocking variable. The genes with an
adjusted P (adjust.method = “BH”) < 0.05 and |log2FC| > 0 were
identified as differentially expressed genes (DEGs).

Gene ontology (GO) enrichment analysis
and KEGG pathway enrichment analysis

R package ClusterProfiler (version= 4.0.5) (52) was used to
conduct gene ontology (GO) analysis and KEGG pathway
enrichment analysis for DEGs and modules. All the genes in
the gene expression profile (totally 8478 genes) were used as the
background. The overrepresentation terms were determined
with adjust p value less than 0.05 (Benjamini-Hochberg
method). And minimum of 5 genes per ontology was chosen.

Co-expression network analysis

After integrating and preprocessing the data, an 8478x49
(genexsubjects) expression profile was obtained. The variance of
the expression value of each gene were calculated by function var
of R, and sorted in descending order. And the top 20% variance
genes (1696 genes) were selected for constructing co-expression
network by using the R package WGCNA (31, 53). Firstly, to
check whether there are outliers, samples were clustered using
the method of hierarchical clustering by Hclust function in R.
Secondly, to build a scale-free network, the soft thresholding
power 3 was calculated by the function pickSoftThreshold in the
R package of WGCNA. The threshold B was set at 6 with the
scale independence reaching 0.90 and the average connectivity
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relatively high, which according to the standard of scale-free
network. Thirdly, Pearson correlation was calculated and used to
construct a weighted adjacency matrix with the soft thresholding
power B. Then the weighted adjacency matrix was transformed
into a topological overlap measure (TOM) by the function of
blockwiseModules. TOM can be used to estimate the network
connectivity of a gene. Lastly, average linkage hierarchical
clustering was performed based on the TOM-based
dissimilarity measure and the genes with the similar
expression pattern were divided into modules. The other
related parameters were set as following: TOMType =
“unsigned”, minModuleSize = 15, reassignThreshold = 0,
mergeCutHeight = 0.2, deepSplit = 4.

Module-trait relationships analysis

To find the modules significantly correlated with the traits
interested, module-trait relationships analysis was performed.
To identify the modules related to influenza susceptibility,
asymptomatic and symptomatic were regarded as two clinical
phenotypes to calculate the correlation with module eigengenes
(54). The p-value was calculated by the function
“corPvalueStudent” in the R package of WGCNA. And the
significance of modules was determined with p < 0.1. In
addition, to study the relationship between the co-expression
models and basic immune condition, immune cells frequencies
were also seen as clinical phenotypes to calculate the correlation
with module eigengenes (35). Similarly, the p-value was
calculated by the function “corPvalueStudent” in the R
package of WGCNA and the significance of modules were
determined with p < 0.1.

Immune cells frequencies estimation

To estimate the fraction of immune cells for the samples
collected, R package CIBERSORT was used (24, 26). Frequencies
for 18 types of immune cells were higher than 0 and p < 0.05 in
this study, although 22 types of immune cell were included in
CIBERSORT. To test whether there are immune cell differences
between asymptomatic and symptomatic hosts, the fraction of
each immune cell type was compared using the method of
Wilcoxon rank-sum test in R with p < 0.1.

Module-based classifier

The algorithm of random forest based on the Python
package sklearn was used to build a classification model to
differentiate host status for susceptibility of influenza A/H3N2
based on baseline characteristics. To prevent potential over
fitting due to limited data, feature selection should be done
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first. Therefore, a module-based feature selection was proposed
considering the biological significance represented by the co-
expression modules. The philosophy behind is that genes in the
module are functional related ones and be representative for the
specific function. Representing genes from the significant co-
expression modules were selected as follows:

1. In order to further narrow list, the intersection genes
between co-expression modules and differentially
expressed ones were selected.

2. For each targeted co-expression module with significant
correlation to the susceptibility status, every 2
representative genes from this module were feed into
the model that includes additional all the genes from
other co-expression modules. Based on the model
performance, the two genes with the highest accuracy
were chosen as the representative genes of targeted co-
expression module.

3. Repeated step 2 for 1000 times, and gene pair with
mostly frequency was chosen as the representative genes
of the target module to fed into the final model.

4. The representative genes for each co-expression module
with significant correlation to the susceptibility status
are merged as the final set of features. Parameter
optimization was done using the method-
GridSearchCV. And the parameter of class_weight was
set as “balanced”. 5-fold cross-validation were used to
evaluate the model and accuracy, precision, recall, F1
score, area under the receiver operating characteristics
(ROC) curve (AUC) were calculated.

For strict validation, GSE73032 (with 22 symptomatic and
16 asymptomatic cases) was first chosen as the training set and
the remaining one, GSE61754 with 8 symptomatic and 3
asymptomatic cases, as the external independent test set. At
the same time, a final model was also trained on the bigger
dataset that include all the two data sets used in this study.

Results
Data description

Microarray data from influenza challenge experiments
(GSE73072 (22), GSE61754 (21)) were collected from Gene
Expression Omnibus (GEO) (Table S1). Healthy adults from
18 to 45 years old were recruited and screened according to strict
inclusion and exclusion principles (Detailed information has
been reported previously (13, 19, 20, 22)). All the volunteers
included were without evidence of influenza H3N2 antibodies.
Blood samples were collected at baseline and several time points
after infection and sequenced for quantifying whole blood gene
expression. Subjects were defined as symptomatic (represent
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susceptible individuals) and asymptomatic (represent un-
susceptible individuals) hosts based on influenza laboratory
tests and symptom status by self-reported modified Jackson
scores (19). Considering the heterogeneity among different
influenza subtypes and as well as data volume in GEO, H3N2
subtype was chosen as the target in this study, which included 30
symptomatic and 19 asymptomatic subjects (see methods).
Unified pretreatment was carried out, including filtering,
standardization, batch effect removal (Supplementary Figure 1,
see methods). Finally, a dataset with 8478 human genes and
from 49 subjects (30 symptomatic and 19 asymptomatic
subjects) for human influenza A/H3N2 virus was constructed
for further analysis in this study.

DEGs between asymptomatic and
symptomatic hosts at baseline level with
distinct biological processes

To check whether there are baseline genes associated with
susceptibility of human influenza A/H3N2 infection, DEGs
between asymptomatic and symptomatic hosts were identified
using RankProd. A total of 223 DEGs were identified, of which,
87 were up-regulated and 136 were down-regulated
(asymptomatic versus symptomatic, percentage of false
predictions (pfp) < 0.05, see methods) (Figure 1A).

Gene ontology (GO) enrichment analysis was further
performed for up-regulated and down-regulated genes as regard
with biological process (BP). The up-regulated genes tend to be
enriched in immune related functions, such as, “defense response
to virus”, “defense response to symbiont”, “response to virus”, efc.
In contrast, the down-regulated genes did not significantly enrich

10.3389/fimmu.2022.1048774

in any functions (Figure 1B, Table S2). These results indicate that
there are different bases, especially the immune basis between
symptomatic and asymptomatic hosts.

Identification of influenza susceptibility-
related gene modules based on
weighted co-expression networks

In the above analysis, traditional method of DEG analysis was
used from the perspective of single gene. However, influenza
susceptibility is a complex trait, which may not be well explained
from the perspective of a single host gene or several genes. Thus,
in order to explore influenza susceptibility from a systematic
perspective, a co-expression network was constructed by using
weighted gene co-expression network analysis (WGCNA). Genes
with certain expression variation (top 20%, 1696 genes) were
selected to construct the weighted co-expression network (check
Methods for more details). The sample clustering tree was drawn
based on the Pearson’s correlation coefficients (Supplementary
Figure 2A). Based on the soft threshold of 6 (R* = 0.9)
(Supplementary Figures 2B, C), a co-expression network was
constructed with 21 modules identified (Supplementary
Figure 3A, Table S3). The number of genes included in these
modules ranged from 19 to 406 (Supplementary Figure 3B).

To detect the relationship between the susceptibility and
modules, module-trait relationships were explored. Module
Puple (r = 0.24, p = 9.7x10°%) was significantly positively related
to asymptomatic phenotype. Modules Lightgreen (r = 0.25, p =
7.7x107) and Lightcyan (r = 0.25, p = 0.1) were significantly
positively related to symptomatic phenotype (Figure 2A). These
co-expression modules were significantly enriched in several
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FIGURE 1

Differentially expressed genes at baseline level between asymptomatic and symptomatic hosts. (A) Volcano plot showing logarithmically
converted fold change of gene expression between asymptomatic and symptomatic hosts on the x-axis against logarithmically converted values
of pfp on the y-axis. The red points are up-regulated genes, and the blue points are down-regulated genes and the grey points are stable genes
(asymptomatic vs symptomatic hosts). (B) Bar plot showing the GO biological process terms enriched for the up- (red) and down- (blue)
regulated genes. The x-axis represents the logarithmically transformed Padjust value.
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enriched for the three significant modules (Lightgreen, Lightcyan, Purple). Dot sizes are scaled to the enrichment significance. Different colors
represent different modules. (C) Bubble chart displaying the KEGG pathways enriched for the two significant modules (Lightcyan, Purple). Dot
sizes are scaled to the enrichment significance. Different colors represent different modules.

functions, especially immune related functions, based on further
functional enrichment analysis. Specifically, module Purple shows
significant GO functions enrichment in immune response and B
cell related functions, such as, “B cell receptor signaling pathway”,
“immune response—activating cell surface receptor signaling
pathway”, “immune response—activating signal transduction”
and so on (Figure 2B, Table S4). Also, module Purple shows
significant KEGG pathways enrichment in “B cell receptor
signaling pathway” (Figure 2C, Table S5). Although the module
Lightgreen is not enriched in any KEGG pathways, it is enriched
in GO terms of “response to bacterium”, “inflammatory
response”, (Figures 2B, C, Table S4-5). At the same time, the
module Lightcyan is enriched in functions of “cAMP-dependent
protein kinase complex”, “nucleosome” and “DNA packaging
complex”, et al. (Figure 2B, Table S4) and pathways of
“Neutrophil extracellular trap formation” (Figure 2C, Table S5).
These results are not only consistent with the results of baseline
differential expression analysis above, but also further relate the
basic differences at the baseline level, especially the immune
differences, to the susceptible traits.

Different baseline immune
microenvironment presents in
asymptomatic and symptomatic hosts

Both of the differential expression analysis and co-
expression network analysis showed that susceptibility to

Frontiers in Immunology

influenza A/H3N2 may be related to host immune status,
with different immune basic environment between
asymptomatic and symptomatic hosts. To test this,
preexisting immune cell frequencies were estimated by
CIBERSORT (24, 26). 18 of 22 types of immune cells were
identified in these 49 samples (Figure 3A, detailed proportions
in Supplementary Figure 4). Then the immune cell proportions
were compared between the symptomatic and asymptomatic
hosts. B cell naive, neutrophils were significantly different
between these two groups (Figure 3A, Wilcoxon rank-sum
test, with p-value of 5.20x1072, 6.30x1072, respectively).
What’s more, the proportion of B cell naive (mean
proportion of 3.00x107 and 5.66x107 in symptomatic and
asymptomatic hosts) were higher in asymptomatic hosts
(Figure 3A, Supplementary Figure 4). While the proportion
of neutrophils (mean proportion of 2.77x10" and 2.25x10™" in
symptomatic and asymptomatic hosts) seem have a higher
proportion in symptomatic hosts (Figure 3A, Supplementary
Figure 4). There results were consistent with the above DEGs
and co-expression network analysis (Figures 1B, 2B, C).
Additionally, the relationship between these significant three
types of immune cells (naive B cells, neutrophils) and three co-
expression modules identified above were explored.
Specifically, both module Lightgreen and Lightcyan were
significantly positively correlated with neutrophils; module
Purple were significantly positively correlated with B cell
naive (Figure 3B), which were consistent with the enriched
functions of those modules (Figure 2B, Table S4).
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FIGURE 3

Immune cell proportions’ differences between asymptomatic and symptomatic hosts and their relationships with co-expression modules.

(A) Boxplot showing the immune cell proportions in asymptomatic (blue) and symptomatic (red) hosts. Wilcoxon rank-sum test was used to
determine significant differences between asymptomatic and symptomatic hosts. The significant level was indicated by number of asterisks (ns
for p >0.1, * for p <0.1, ** for p < 0.01, and *** for p < 0.001) and highlighted by red rectangle. (B) Heatmap of Module-trait's correlation, in
which immune cell types on the x-axis against the co-expression modules on the y-axis. The corresponding correlation was shown in the cells
and color coded. The significantly related modules were indicated by number of asterisks (* for p < 0.1 and **** for p < 0.0001) and highlighted

by red rectangles.

Differential response after influenza
infection presents in asymptomatic and
symptomatic hosts

In the above analysis, differences were observed in basic
defense environment between symptomatic and
asymptomatic individuals. Next, we explored how hosts
with different defense basis respond to influenza invasion
differently. Dataset of GSE73072-DEE2 (9 symptomatic and 8
asymptomatic hosts) that includes gene expression data at
baseline and multiple time points (5h, 12h, 22h, 36h, 46h,
53h, 60h, 70h, 77h, 84h, 94h, 101h, 108h, 118h, 125h, 132h,
142h, 166h) after infection was selected for this analysis. To
track the host response after infection, changes of the number
of DEGs compared to baseline were extracted for each time
point. Number of up-regulated and down-regulated genes
firstly increased and then decreased with time in a fluctuation
way, which’s highest peak at 60h in symptomatic hosts
(Figure 4A). In the asymptomatic hosts, not only DEGs
were identified at part of the time points (time points
70h,108h,118h for up-regulated genes and 60h,108h,118h,
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132h for down-regulated genes), but also the number of
DEGs at these time points was much less than that in the
symptomatic hosts (Figure 4A). Overall, the symptomatic
hosts had a stronger response to virus invasion than the
asymptomatic hosts.

Next, function enrichment analysis for the DEGs at each
time point were carried out (Figure 4B). Asymptomatic and
symptomatic hosts induced clearly different ways of antiviral
responses. For the symptomatic hosts, at the 36h, the down-
regulated genes begin to significantly enrich functions, such as
“asymmetric cell division”, “NK T cell differentiation”,
“regulation of NK T cell differentiation” and so on.
Subsequently, the up-regulated genes also began to enrich
functions significantly, for example, “response to virus”,
“defense response to virus”, “defense response to symbiont”,
“negative regulation of viral process” and so on (Figure 4B, Table
S6). But for the asymptomatic hosts, both up-regulated genes
and down-regulated genes activated individual functions
sporadically due to their limited number of genes. In general,
symptomatic and asymptomatic individuals elicited completely
different responses.
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Classification model for identifying high-
risk susceptible individuals

Based on the above analyses, it seems that there are different
host immune signatures for susceptibility of human seasonal
influenza A/H3N2 at the baseline level. The following question is
whether these baseline characteristics can help to differentiate host
status of influenza susceptibility. Before building the final model,
sensitivity analysis was carried out to make sure analyses here are
robust. Accordingly, GSE73072 (with 22 symptomatic and 16
asymptomatic cases) were first chosen as the training set and the
remaining one as the external independent test set (GSE61754, with
8 symptomatic and 3 asymptomatic cases). Based on the training
dataset, the differential expression analysis (Supplementary
Figure 5), co-expression network analysis (Supplementary
Figures 6-8) and immune cell proportion analysis
(Supplementary Figures 9, 10) were carried out again, revealing
consistent overall pattern. Then, random forest classification model
was constructed based on identified significant modules (check
Methods for more details), with AUC of 0.78 from the cross
validation (check Table S7 for more details). The model was also
validated on the independent testing dataset with AUC of 0.875
(Supplementary Figure 11A, with selected genes from the modules
shown in Supplementary Figure 11B). The final model was trained
on all two data sets, with AUC of 0.78 and accuracy of 0.79 (Table 1,
with selected genes shown in Supplementary Figure 12).

Discussion

In this study, attempts were carried out to reveal baseline host
molecular features for susceptibility of influenza A/H3N2.
Accordingly, baseline differences, especially immune conditions,
between symptomatic and asymptomatic were identified based on
blood transcriptomes (Figure 1B). The co-expression module
Purple is not only positively related to asymptomatic status, but
also immune cell type of naive B cell. And further function
enrichment analysis showed significantly related to “B cell
receptor signaling pathway”, “immune response—activating cell
surface receptor signaling pathway” and so on (Figures 2, 3).
Modules Lightgreen and Lightcyan are not only positively related
to symptomatic status, but also immune cell type of Neutrophils,
with further function enrichment analysis significantly related to
“response to bacterium”, “inflammatory response”, “cAMP
—dependent protein kinase complex” and so on (Figures 2, 3).
Further time-series investigation shows differences in response
after exposure to influenza A/H3N2 between symptomatic and

10.3389/fimmu.2022.1048774

asymptomatic hosts, with the defense of asymptomatic hosts more
effective at baseline and no need to mobilize large immune
response from the view of whole blood. A classification model
was also constructed with limited number of reprehensive key
genes and was helpful for efficiently identifying high-risk
susceptible people towards influenza A/H3N?2.

Interestingly, higher co-expression modules or a higher
proportion of cells associated with innate immunity were
found in symptomatic hosts, but this seemingly stronger
immune status did not successfully prevent the invasion of the
virus (Figures 2, 3). At the same time, for asymptomatic hosts,
there seems a higher level for the proportion of NK cells resting
(mean proportion of 1.42x10"" and 1.72x10™" in symptomatic
and asymptomatic hosts, not statistically significant), which is
consistent with previous study (16). This may be related to the
double-sided role of innate immunity. For example, neutrophils
as a first-line member to defend against pathogen invasion,
neutrophils are undoubtedly very important (55). However, it is
more and more clear recently that neutrophils contribute to the
pathology of disease (56). Besides, the double-sided role of
neutrophils seems to be applicable to a variety of virus-related
respiratory diseases. Growing evidences have linked overactivity
of neutrophils to severe disease of influenza (57), COVID-19
(58-62) and increased susceptibility of RSV (18). What’s more,
neutrophils are closely related to inflammation (63-65).
Inflammatory response not only prevent viral infection by
preventing the replication and spread of the virus but may also
cause intense lung injury and death because of overreaction (66,
67). There has been a lot of report suggested that the severity of
influenza infection has a tight association with high levels of
inflammation (67-70). And many anti-inflammatory drugs have
been developed to treat influenza (66). This provides insights for
innate immune related genes or cells or functions to be a medical
target in prevention and treatment of influenza.

At the other side, the asymptomatic hosts with higher co-
expression modules or a higher proportion of cells related to B
cell (naive B cell from the immune cell type analysis) may be
more dominant in resisting virus invasion. Traditionally, B cells
have been well known as mainly participants in adaptive
immunity by differentiating into antibody-secreting cells (71),
but here it is not necessarily suitable. Actually, B cells also play a
key role as a regulator of innate immunity, such as B cells can
regulate immune response by producing interleukin-10 (IL-10)
and IL-35 (72-74). And also, except B cell related functions, the
other functions, such as “defense response to virus”, “immune
response—activating cell surface receptor signaling pathway”,
“activation of immune response”, etc. were identified in

TABLE 1 The performance of Random Forest model to predict susceptible groups of influenza A/H3N2.

Classification Model

Accuracy

Random Forest 0.79 0.81
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Precision

Recall F1-score

0.87 0.83 0.78
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Figures 1B, 2B, C. Therefore, we speculate that here the whole
immune state is active and ready. However, the detailed
dynamics and specific mechanism needs to be further explored.
This study provides helpful insights in susceptibility of
influenza A/H3N2. However, there are still several limitations
and more intensive work needs to be done. Firstly, the sample
size is a limitation of this work. Actually, due to ethical and
security considerations, relevant data are very scarce, not to
mention the detailed clinical controls (e.g., age, gender, BMI,
location, time, etc.). This greatly limits the study of susceptibility,
and the power of analysis in this work. Even more, in the future,
for better mechanistic exploration for the susceptibility of
influenza and other pathogens, not only transcriptomes, but
also genomes, epigenomes, proteomes, metabolomes and other
omics data and high-quality clinical data need to be
accumulated. Secondly, this work focuses on the transcriptome
characteristics in peripheral blood at the baseline level, which is
more general for clinical use. However, local mucosa such as
nasal mucosa is usually the first encountering location for
influenza virus invasion (75, 76), whose transcriptome
characteristics at baseline and sequential times after virus
invasion, roles in the susceptibility of influenza and differences
from peripheral blood, need in-depth investigation. In this
study, we only showed hints for susceptibility of influenza A/
H3N2 from the view of whole blood and hopefully pave the way
for further future investigations. Thirdly, this study focuses on
one subtype of influenza (A/H3N2) and reveals characteristics of
susceptibility seemingly alike to other respiratory virus-related
diseases. However, there are still possible heterogeneities in
virus-host interactions for hosts with different genetic/
environment background and different pathogens (various
subtypes of influenza and as well as various types of viruses).
So the findings in our study should be careful to extrapolate to
other population and other influenza subtypes or types of
respiratory viruses. In the future, comprehensive comparison
studies should be carried out for a variety of respiratory virus to
obtain the common and specific features for the susceptibility of
respiratory related viruses. Finally, further analytical and
functional studies are warranted to explain the causes for the
immune differences observed here (e.g., different genetic
backgrounds or epigenetic changes, etc.) and reveal the
intrinsic mechanism for the susceptibility of influenza virus.

Conclusion

In summary, potential susceptibility mechanisms were explored
by comparing baseline status of blood transcriptomes between
symptomatic and asymptomatic hosts in influenza challenge trials.
We firstly found that there were baseline differences between
symptomatic and asymptomatic hosts, especially immune related
differences. Then co-expression network analysis, function
enrichment analysis and immune cell proportion analysis were
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used to further correlate such differences with susceptible traits. In
addition, based on the expression of genes from key co-expression
modules, a classification model with good performance was built to
identify high-risk susceptible groups for human influenza A/H3N2.
These results promote the understanding of influenza susceptibility
and the precise prevention and control of influenza.

Data availability statement

The original contributions presented in the study are
included in the article/Supplementary Material. Further
inquiries can be directed to the corresponding authors.

Author contributions

XD and WS designed the study. JT, QX, JH, YW, LY, and YL
collected the data, JT, QX, KT, XY, and JZ performed the analysis. JT,
7C, MZ, and KJ built the classification model. XD, JT, WS, XG, XC,
YZ, DT, and CL interpreted the data. JT prepared the manuscript.
XD, WS, JT, KT, XY, XG, XC, YZ, DT, and CL edited the paper. All
authors reviewed and approved the submitted manuscript.

Funding

This research was funded by Shenzhen Science and
Technology Program under grant KQTD20180411143323605,
JSGG20200225152008136 and GXWD20201231165807008,
Guangdong Frontier and Key Tech Innovation Program under
grants 2021A111112007, 2019B020228001, 2019B111103001
and 2022B1111020006.

Acknowledgments
We gratefully acknowledge all the authors from the origin

laboratories who submitting and shared data, on which this
study is based on.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of
the authors and do not necessarily represent those of their

frontiersin.org


https://doi.org/10.3389/fimmu.2022.1048774
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Tang et al.

affiliated organizations, or those of the publisher, the
editors and the reviewers. Any product that may be
evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by
the publisher.

References

1. Krammer F, Smith GJD, Fouchier RAM, Peiris M, Kedzierska K, Doherty PC,
et al. Influenza. Nat Rev Dis Primers (2018) 4:3. doi: 10.1038/s41572-018-0002-y

2. Peterander]l C, Herold S, Schmoldt C. Human influenza virus infections.
Semin Respir Crit Care Med (2016) 37:487-500. doi: 10.1055/5-0036-1584801

3. Ghebrehewet S, MacPherson P, Ho A. Influenza. BMJ (2016) 355:i6258.
doi: 10.1136/bmj.i6258

4. Iuliano AD, Roguski KM, Chang HH, Muscatello DJ, Palekar R, Tempia S,
et al. Estimates of global seasonal influenza-associated respiratory mortality: a
modelling study. Lancet (2018) 391:1285-300. doi: 10.1016/S0140-6736(17)33293-
2

5. Casadevall A, Pirofski L. What is a host? attributes of individual
susceptibility. Infect Immun (2018) 86:€00636-17. doi: 10.1128/IAL.00636-17

6. Clohisey S, Baillie JK. Host susceptibility to severe influenza a virus infection.
Crit Care (2019) 23:303. doi: 10.1186/s13054-019-2566-7

7. Cobey S, Hensley SE. Immune history and influenza virus susceptibility. Curr
Opin Virol (2017) 22:105-11. doi: 10.1016/j.coviro.2016.12.004

8. Cheng Z, Zhou ], To KK-W, Chu H, Li C, Wang D, et al. Identification of
TMPRSS2 as a susceptibility gene for severe 2009 pandemic A(HIN1) influenza
and A(H7N9) influenza. J Infect Dis (2015) 212:1214-21. doi: 10.1093/infdis/jiv246

9. Shang M, Blanton L, Brammer L, Olsen SJ, Fry AM. Influenza-associated
pediatric deaths in the united states, 2010-2016. Pediatrics (2018) 141:¢20172918.
doi: 10.1542/peds.2017-2918

10. Ruf BR, Knuf M. The burden of seasonal and pandemic influenza in infants
and children. Eur J Pediatr (2014) 173:265-76. doi: 10.1007/s00431-013-2023-6

11. Cromer D, van Hoek AJ, Jit M, Edmunds W], Fleming D, Miller E. The
burden of influenza in England by age and clinical risk group: A statistical analysis
to inform vaccine policy. J Infect (2014) 68:363-71. doi: 10.1016/j.jinf.2013.11.013

12. Louie JK, Acosta M, Samuel MC, Schechter R, Vugia DJ, Harriman K, et al.
The California pandemic (HIN1) working group. a novel risk factor for a novel
virus: Obesity and 2009 pandemic influenza a (HIN1). Clin Infect Dis (2011)
52:301-12. doi: 10.1093/cid/ciq152

13. Huang Y, Zaas AK, Rao A, Dobigeon N, Woolf PJ, Veldman T, et al.
Temporal dynamics of host molecular responses differentiate symptomatic and
asymptomatic influenza a infection. PloS Genet (2011) 7:¢1002234. doi: 10.1371/
journal.pgen.1002234

14. Wilkinson TM, Li CKF, Chui CSC, Huang AKY, Perkins M, Liebner JC,
et al. Preexisting influenza-specific CD4+ T cells correlate with disease protection
against influenza challenge in humans. Nat Med (2012) 18:274-80. doi: 10.1038/
nm.2612

15. Sridhar S, Begom S, Bermingham A, Hoschler K, Adamson W, Carman W,
et al. Cellular immune correlates of protection against symptomatic pandemic
influenza. Nat Med (2013) 19:1305-12. doi: 10.1038/nm.3350

16. Bongen E, Vallania F, Utz PJ, Khatri P. KLRDI-expressing natural killer
cells predict influenza susceptibility. Genome Med (2018) 10:45. doi: 10.1186/
s13073-018-0554-1

17. Cheemarla NR, Watkins TA, Mihaylova VT, Wang B, Zhao D, Wang G,
et al. Dynamic innate immune response determines susceptibility to SARS-CoV-2
infection and early replication kinetics. J Exp Med (2021) 218:e20210583.
doi: 10.1084/jem.20210583

18. Habibi MS, Thwaites RS, Chang M, Jozwik A, Paras A, Kirsebom F, et al.
Neutrophilic inflammation in the respiratory mucosa predisposes to RSV infection.
Science (2020) 370:eaba9301. doi: 10.1126/science.aba9301

19. Zaas AK, Chen M, Varkey ], Veldman T, Hero AO, Lucas J, et al. Gene
expression signatures diagnose influenza and other symptomatic respiratory viral
infections in humans. Cell Host Microbe (2009) 6:207-17. doi: 10.1016/
j.chom.2009.07.006

20. Woods CW, McClain MT, Chen M, Zaas AK, Nicholson BP, Varkey J, et al.
A host transcriptional signature for presymptomatic detection of infection in

Frontiers in Immunology

11

10.3389/fimmu.2022.1048774

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/
fimmu.2022.1048774/full#supplementary-material

humans exposed to influenza HIN1 or H3N2. PloS One (2013) 8:¢52198.
doi: 10.1371/journal.pone.0052198

21. Davenport EE, Antrobus RD, Lillie PJ, Gilbert S, Knight JC. Transcriptomic
profiling facilitates classification of response to influenza challenge. J Mol Med
(2015) 93:105-14. doi: 10.1007/s00109-014-1212-8

22. Liu T-Y, Burke T, Park LP, Woods CW, Zaas AK, Ginsburg GS, et al. An
individualized predictor of health and disease using paired reference and target
samples. BMC Bioinf (2016) 17:47. doi: 10.1186/s12859-016-0889-9

23. Ng DL, Granados AC, Santos YA, Servellita V, Goldgof GM, Meydan C,
et al. A diagnostic host response biosignature for COVID-19 from RNA profiling of
nasal swabs and blood. Sci Adv (2021) 7:eabe5984. doi: 10.1126/sciadv.abe5984

24. Chen B, Khodadoust MS, Liu CL, Newman AM, Alizadeh AA. “Profiling
tumor infiltrating immune cells with CIBERSORT.,”. In: von Stechow L, editor.
Cancer systems biology. methods in molecular biology. New York, NY: Springer New
York (2018). p. 243-59. doi: 10.1007/978-1-4939-7493-1_12

25. Bao X, Shi R, Zhao T, Wang Y, Anastasov N, Rosemann M, et al. Integrated
analysis of single-cell RNA-seq and bulk RNA-seq unravels tumour heterogeneity
plus M2-like tumour-associated macrophage infiltration and aggressiveness in
TNBC. Cancer Immunol Immunother (2021) 70:189-202. doi: 10.1007/s00262-
020-02669-7

26. Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust
enumeration of cell subsets from tissue expression profiles. Nat Methods (2015)
12:453-7. doi: 10.1038/nmeth.3337

27. The Respiratory Viral DREAM Challenge Consortium, Fourati S, Talla A,
Mahmoudian M, Burkhart JG, Klén R, et al. A crowdsourced analysis to identify ab
initio molecular signatures predictive of susceptibility to viral infection. Nat
Commun (2018) 9:4418. doi: 10.1038/s41467-018-06735-8

28. Yan J, Risacher SL, Shen L, Saykin AJ. Network approaches to systems
biology analysis of complex disease: integrative methods for multi-omics data.
Briefings Bioinf (2017) 19:1370-81. doi: 10.1093/bib/bbx066

29. Wu S, Chen D, Snyder MP. Network biology bridges the gaps between
quantitative genetics and multi-omics to map complex diseases. Curr Opin Chem
Biol (2022) 66:102101. doi: 10.1016/j.cbpa.2021.102101

30. Sun YV, Hu Y-J. Integrative analysis of multi-omics data for discovery and
functional studies of complex human diseases. Adv Genet Elsevier (2016), 93:147—
90. doi: 10.1016/bs.adgen.2015.11.004

31. Langfelder P, Horvath S. WGCNA: an r package for weighted correlation
network analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

32. Horvath S, Zhang B, Carlson M, Lu KV, Zhu S, Felciano RM, et al. Analysis
of oncogenic signaling networks in glioblastoma identifies ASPM as a molecular
target. Proc Natl Acad Sci (2006) 103:17402-7. doi: 10.1073/pnas.0608396103

33. Chen S, Yang D, Lei C, Li Y, Sun X, Chen M, et al. Identification of crucial
genes in abdominal aortic aneurysm by WGCNA. Peer]/ (2019) 7:7873.
doi: 10.7717/peerj.7873

34. Ciobanu LG, Sachdev PS, Trollor JN, Reppermund S, Thalamuthu A,
Mather KA, et al. Co-Expression network analysis of peripheral blood
transcriptome identifies dysregulated protein processing in endoplasmic
reticulum and immune response in recurrent MDD in older adults. J Psychiatr
Res (2018) 107:19-27. doi: 10.1016/j.jpsychires.2018.09.017

35. LinJ, Yu M, Xu X, Wang Y, Xing H, An J, et al. Identification of biomarkers
related to CD8+ T cell infiltration with gene co-expression network in clear cell
renal cell carcinoma. Aging (2020) 12:3694-712. doi: 10.18632/aging.102841

36. Vidal M, Cusick ME, Barabasi A-L. Interactome networks and human
disease. Cell (2011) 144:986-98. doi: 10.1016/j.cell.2011.02.016

37. Barabasi A-L, Gulbahce N, Loscalzo J. Network medicine: a network-based
approach to human disease. Nat Rev Genet (2011) 12:56-68. doi: 10.1038/nrg2918

38. Hubel P, Urban C, Bergant V, Schneider WM, Knauer B, Stukalov A, et al. A
protein-interaction network of interferon-stimulated genes extends the innate

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2022.1048774/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2022.1048774/full#supplementary-material
https://doi.org/10.1038/s41572-018-0002-y
https://doi.org/10.1055/s-0036-1584801
https://doi.org/10.1136/bmj.i6258
https://doi.org/10.1016/S0140-6736(17)33293-2
https://doi.org/10.1016/S0140-6736(17)33293-2
https://doi.org/10.1128/IAI.00636-17
https://doi.org/10.1186/s13054-019-2566-7
https://doi.org/10.1016/j.coviro.2016.12.004
https://doi.org/10.1093/infdis/jiv246
https://doi.org/10.1542/peds.2017-2918
https://doi.org/10.1007/s00431-013-2023-6
https://doi.org/10.1016/j.jinf.2013.11.013
https://doi.org/10.1093/cid/ciq152
https://doi.org/10.1371/journal.pgen.1002234
https://doi.org/10.1371/journal.pgen.1002234
https://doi.org/10.1038/nm.2612
https://doi.org/10.1038/nm.2612
https://doi.org/10.1038/nm.3350
https://doi.org/10.1186/s13073-018-0554-1
https://doi.org/10.1186/s13073-018-0554-1
https://doi.org/10.1084/jem.20210583
https://doi.org/10.1126/science.aba9301
https://doi.org/10.1016/j.chom.2009.07.006
https://doi.org/10.1016/j.chom.2009.07.006
https://doi.org/10.1371/journal.pone.0052198
https://doi.org/10.1007/s00109-014-1212-8
https://doi.org/10.1186/s12859-016-0889-9
https://doi.org/10.1126/sciadv.abe5984
https://doi.org/10.1007/978-1-4939-7493-1_12
https://doi.org/10.1007/s00262-020-02669-7
https://doi.org/10.1007/s00262-020-02669-7
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1038/s41467-018-06735-8
https://doi.org/10.1093/bib/bbx066
https://doi.org/10.1016/j.cbpa.2021.102101
https://doi.org/10.1016/bs.adgen.2015.11.004
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1073/pnas.0608396103
https://doi.org/10.7717/peerj.7873
https://doi.org/10.1016/j.jpsychires.2018.09.017
https://doi.org/10.18632/aging.102841
https://doi.org/10.1016/j.cell.2011.02.016
https://doi.org/10.1038/nrg2918
https://doi.org/10.3389/fimmu.2022.1048774
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Tang et al.

immune system landscape. Nat Immunol (2019) 20:493-502. doi: 10.1038/s41590-
019-0323-3

39. Farooq Q ul A, Shaukat Z, Aiman S, Zhou T, Li C. A systems biology-driven
approach to construct a comprehensive protein interaction network of influenza a
virus with its host. BMC Infect Dis (2020) 20:480. doi: 10.1186/s12879-020-05214-0

40. Chasman D, Roy S. Inference of cell type specific regulatory networks on
mammalian lineages. Curr Opin Syst Biol (2017) 2:130-9. doi: 10.1016/
j.coisb.2017.04.001

41. Moller AF, Natarajan KN. Predicting gene regulatory networks from cell
atlases. Life Sci Alliance (2020) 3:¢202000658. doi: 10.26508/1sa.202000658

42. Blencowe M, Arneson D, Ding J, Chen Y-W, Saleem Z, Yang X. Network
modeling of single-cell omics data: challenges, opportunities, and progresses.
Emerg Topics Life Sci (2019) 3:379-98. doi: 10.1042/ETLS20180176

43. Smyth GK. Linear models and empirical bayes methods for assessing
differential expression in microarray experiments. Stat Appl Genet Mol Biol
(2004) 3:1-25. doi: 10.2202/1544-6115.1027

44. Law CW, Chen Y, Shi W, Smyth GK. Voom: precision weights unlock linear
model analysis tools for RNA-seq read counts. Genome Biol (2014) 15:R29.
doi: 10.1186/gb-2014-15-2-129

45. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers
differential expression analyses for RNA-sequencing and microarray studies.
Nucleic Acids Res (2015) 43:e47-7. doi: 10.1093/nar/gkv007

46. Phipson B, Lee S, Majewski IJ, Alexander WS, Smyth GK. Robust
hyperparameter estimation protects against hypervariable genes and improves
power to detect differential expression. Ann Appl Stat (2016) 10:946-63.
doi: 10.1214/16-A0AS920

47. Leek JT, Johnson WE, Parker HS, Jaffe AE, Storey JD. The sva package for
removing batch effects and other unwanted variation in high-throughput
experiments. Bioinformatics (2012) 28:882-3. doi: 10.1093/bioinformatics/bts034

48. Hou Q, Bing Z-T, Hu C, Li M-Y, Yang K-H, Mo Z, et al. RankProd
combined with genetic algorithm optimized artificial neural network establishes a
diagnostic and prognostic prediction model that revealed CIQTNF3 as a
biomarker for prostate cancer. EBioMedicine (2018) 32:234-44. doi: 10.1016/
j.ebiom.2018.05.010

49. Del Carratore F, Jankevics A, Eisinga R, Heskes T, Hong F, Breitling R.
RankProd 2.0: a refactored bioconductor package for detecting differentially
expressed features in molecular profiling datasets. Bioinformatics (2017)
33:2774-5. doi: 10.1093/bioinformatics/btx292

50. Hong F, Breitling R, McEntee CW, Wittner BS, Nemhauser JL, Chory J.
RankProd: a bioconductor package for detecting differentially expressed genes in
meta-analysis. Bioinformatics (2006) 22:2825-7. doi: 10.1093/bioinformatics/btl476

51. Smyth GK, Michaud J, Scott HS. Use of within-array replicate spots for
assessing differential expression in microarray experiments. Bioinformatics (2005)
21:2067-75. doi: 10.1093/bioinformatics/bti270

52. Yu G, Wang L-G, Han Y, He Q-Y. clusterProfiler: an r package for
comparing biological themes among gene clusters. OMICS: A ] Integr Biol (2012)
16:284-7. doi: 10.1089/0mi.2011.0118

53. Langfelder P, Horvath S. Fast r functions for robust correlations and
hierarchical clustering. J Stat Soft (2012) 46:i11. doi: 10.18637/jss.v046.i11

54. Hasankhani A, Bahrami A, Sheybani N, Aria B, Hemati B, Fatehi F, et al.
Differential Co-expression network analysis reveals key hub-high traffic genes as
potential therapeutic targets for COVID-19 pandemic. Front Immunol (2021)
12:789317. doi: 10.3389/fimmu.2021.789317

55. Camp JV, Jonsson CB. A role for neutrophils in viral respiratory disease.
Front Immunol (2017) 8:550. doi: 10.3389/fimmu.2017.00550

56. George ST, Lai J, Ma J, Stacey HD, Miller MS, Mullarkey CE. Neutrophils
and influenza: A thin line between helpful and harmful. Vaccines (2021) 9:597.
doi: 10.3390/vaccines9060597

57. Tang BM, Shojaei M, Teoh S, Meyers A, Ho ], Ball TB, et al. Neutrophils-
related host factors associated with severe disease and fatality in patients with

Frontiers in Immunology

12

10.3389/fimmu.2022.1048774

influenza infection. Nat Commun (2019) 10:3422. doi: 10.1038/s41467-019-11249-
Y

58. Barnes BJ, Adrover JM, Baxter-Stoltzfus A, Borczuk A, Cools-Lartigue J,
Crawford JM, et al. Targeting potential drivers of COVID-19: Neutrophil
extracellular traps. ] Exp Med (2020) 217:€20200652. doi: 10.1084/jem.20200652

59. Wilk AJ, Rustagi A, Zhao NQ, Roque ], Martinez-Colon GJ, McKechnie JL,
et al. A single-cell atlas of the peripheral immune response in patients with severe
COVID-19. Nat Med (2020) 26:1070-6. doi: 10.1038/s41591-020-0944-y

60. Silvin A, Chapuis N, Dunsmore G, Goubet A-G, Dubuisson A, Derosa L,
et al. Elevated calprotectin and abnormal myeloid cell subsets discriminate severe
from mild COVID-19. Cell (2020) 182:1401-1418.e18. doi: 10.1016/
j.cell.2020.08.002

61. Zuo Y, Yalavarthi S, Shi H, Gockman K, Zuo M, Madison JA, et al.
Neutrophil extracellular traps in COVID-19. JCI Insight (2020) 5:e138999.
doi: 10.1172/jci.insight.138999

62. Tian Y, Carpp LN, Miller HER, Zager M, Newell EW, Gottardo R. Single-
cell immunology of SARS-CoV-2 infection. Nat Biotechnol (2021) 40:30-41.
doi: 10.1038/s41587-021-01131-y

63. Kolaczkowska E, Kubes P. Neutrophil recruitment and function in health
and inflammation. Nat Rev Immunol (2013) 13:159-75. doi: 10.1038/nri3399

64. Phillipson M, Kubes P. The neutrophil in vascular inflammation. Nat Med
(2011) 17:1381-90. doi: 10.1038/nm.2514

65. Sadik CD, Kim ND, Luster AD. Neutrophils cascading their way to
inflammation. Trends Immunol (2011) 32:452-60. doi: 10.1016/j.it.2011.06.008

66. Ramos I, Fernandez-Sesma A. Modulating the innate immune response to
influenza a virus: Potential therapeutic use of anti-inflammatory drugs. Front
Immunol (2015) 6:361. doi: 10.3389/fimmu.2015.00361

67. Tavares LP, Teixeira MM, Garcia CC. The inflammatory response triggered
by influenza virus: a two edged sword. Inflammation Res (2017) 66:283-302.
doi: 10.1007/s00011-016-0996-0

68. Peiris JSM, Cheung CY, Leung CYH, Nicholls JM. Innate immune responses
to influenza a H5NI1: friend or foe? Trends Immunol (2009) 30:574-84.
doi: 10.1016/.it.2009.09.004

69. Baskin CR, Bielefeldt-Ohmann H, Tumpey TM, Sabourin PJ, Long JP,
Garcia-Sastre A, et al. Early and sustained innate immune response defines
pathology and death in nonhuman primates infected by highly pathogenic
influenza virus. Proc Natl Acad Sci USA (2009) 106:3455-60. doi: 10.1073/
pnas.0813234106

70. Perrone LA, Szretter KJ, Katz JM, Mizgerd JP, Tumpey TM. Mice lacking
both TNF and IL-1 receptors exhibit reduced lung inflammation and delay in onset
of death following infection with a highly virulent H5N1 virus. J Infect Dis (2010)
202:1161-70. doi: 10.1086/656365

71. Guthmiller JJ, Utset HA, Wilson PC. B cell responses against influenza
viruses: Short-lived humoral immunity against a life-long threat. Viruses (2021)
13:965. doi: 10.3390/v13060965

72. Shen P, Fillatreau S. Antibody-independent functions of b cells: a focus on
cytokines. Nat Rev Immunol (2015) 15:441-51. doi: 10.1038/nri3857

73. Tsay GJ, Zouali M. The interplay between innate-like b cells and other cell
types in autoimmunity. Front Immunol (2018) 9:1064. doi: 10.3389/
fimmu.2018.01064

74. DiLillo DJ, Horikawa M, Tedder TF. B-lymphocyte effector functions in health
and disease. Immunol Res (2011) 49:281-92. doi: 10.1007/s12026-010-8189-3

75. Shornick LP, Wells AG, Zhang Y, Patel AC, Huang G, Takami K, et al.
Airway epithelial versus immune cell Statl function for innate defense against
respiratory viral infection. J Immunol (2008) 180:3319-28. doi: 10.4049/
jimmunol.180.5.3319

76. Patel DA, You Y, Huang G, Byers DE, Kim HJ, Agapov E, et al. Interferon
response and respiratory virus control are preserved in bronchial epithelial cells in
asthma. ] Allergy Clin Immunol (2014) 134:1402-1412.e7. doi: 10.1016/
j.jaci.2014.07.013

frontiersin.org


https://doi.org/10.1038/s41590-019-0323-3
https://doi.org/10.1038/s41590-019-0323-3
https://doi.org/10.1186/s12879-020-05214-0
https://doi.org/10.1016/j.coisb.2017.04.001
https://doi.org/10.1016/j.coisb.2017.04.001
https://doi.org/10.26508/lsa.202000658
https://doi.org/10.1042/ETLS20180176
https://doi.org/10.2202/1544-6115.1027
https://doi.org/10.1186/gb-2014-15-2-r29
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1214/16-AOAS920
https://doi.org/10.1093/bioinformatics/bts034
https://doi.org/10.1016/j.ebiom.2018.05.010
https://doi.org/10.1016/j.ebiom.2018.05.010
https://doi.org/10.1093/bioinformatics/btx292
https://doi.org/10.1093/bioinformatics/btl476
https://doi.org/10.1093/bioinformatics/bti270
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.18637/jss.v046.i11
https://doi.org/10.3389/fimmu.2021.789317
https://doi.org/10.3389/fimmu.2017.00550
https://doi.org/10.3390/vaccines9060597
https://doi.org/10.1038/s41467-019-11249-y
https://doi.org/10.1038/s41467-019-11249-y
https://doi.org/10.1084/jem.20200652
https://doi.org/10.1038/s41591-020-0944-y
https://doi.org/10.1016/j.cell.2020.08.002
https://doi.org/10.1016/j.cell.2020.08.002
https://doi.org/10.1172/jci.insight.138999
https://doi.org/10.1038/s41587-021-01131-y
https://doi.org/10.1038/nri3399
https://doi.org/10.1038/nm.2514
https://doi.org/10.1016/j.it.2011.06.008
https://doi.org/10.3389/fimmu.2015.00361
https://doi.org/10.1007/s00011-016-0996-0
https://doi.org/10.1016/j.it.2009.09.004
https://doi.org/10.1073/pnas.0813234106
https://doi.org/10.1073/pnas.0813234106
https://doi.org/10.1086/656365
https://doi.org/10.3390/v13060965
https://doi.org/10.1038/nri3857
https://doi.org/10.3389/fimmu.2018.01064
https://doi.org/10.3389/fimmu.2018.01064
https://doi.org/10.1007/s12026-010-8189-3
https://doi.org/10.4049/jimmunol.180.5.3319
https://doi.org/10.4049/jimmunol.180.5.3319
https://doi.org/10.1016/j.jaci.2014.07.013
https://doi.org/10.1016/j.jaci.2014.07.013
https://doi.org/10.3389/fimmu.2022.1048774
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Susceptibility identification for seasonal influenza A/H3N2 based on baseline blood transcriptome
	Introduction
	Materials and methods
	Data collection
	Data preprocessing
	Identification of differentially expressed genes
	Gene ontology (GO) enrichment analysis and KEGG pathway enrichment analysis
	Co-expression network analysis
	Module-trait relationships analysis
	Immune cells frequencies estimation
	Module-based classifier

	Results
	Data description
	DEGs between asymptomatic and symptomatic hosts at baseline level with distinct biological processes
	Identification of influenza susceptibility-related gene modules based on weighted co-expression networks
	Different baseline immune microenvironment presents in asymptomatic and symptomatic hosts
	Differential response after influenza infection presents in asymptomatic and symptomatic hosts
	Classification model for identifying high-risk susceptible individuals

	Discussion
	Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


