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INTRODUCTION

Abstract

Streptococcus pneumoniae is a major causative agent of pneumonia worldwide
and its complex interaction with the lung epithelium has not been thoroughly
characterized. In this study, we exploited both RNA-sequencing and microRNA
(miRNA)-sequencing approaches to monitor the transcriptional changes in
human lung alveolar epithelial cells infected by S. pneumoniae in a time-
resolved manner. A total of 1330 differentially expressed (DE) genes and 45 DE
miRNAs were identified in all comparisons during the infection process.
Clustering analysis showed that all DE genes were grouped into six clusters,
several of which were primarily involved in inflammatory or immune
responses. In addition, target gene enrichment analyses identified 11
transcription factors that were predicted to link at least one of four clusters,
revealing transcriptional coregulation of multiple processes or pathways by
common transcription factors. Notably, pharmacological treatment suggested
that phosphorylation of p65 is important for optimal transcriptional regulation
of target genes in epithelial cells exposed to pathogens. Furthermore, network-
based clustering analysis separated the DE genes negatively regulated by DE
miRNAs into two functional modules (M1 and M2), with an enrichment in
immune responses and apoptotic signaling pathways for MI1. Integrated
network analyses of potential regulatory interactions in M1 revealed that
multiple DE genes related to immunity and apoptosis were regulated by
multiple miRNAs, indicating the coordinated regulation of multiple genes by
multiple miRNAs. In conclusion, time-series expression profiling of messenger
RNA and miRNA provides a wealth of information for global transcriptional
changes, and offers comprehensive insight into the molecular mechanisms
underlying host—pathogen interactions.

pneumonia, a major cause of infant mortality
worldwide.” S. pneumoniae primarily colonizes the host

The epithelial surfaces of the lung, with direct contact to
the atmospheric environment, provide an easy entry
point for microbes and, therefore, are prone to infectious
attack by a diverse range of microbial pathogens,
including bacteria, fungi, and pathogenic
protozoa.”* Among these microbial pathogens, the Gram-

viruses

positive bacterium Streptococcus pneumoniae is the most
common causative pathogen of community-acquired
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nasopharynx by adhering to mucosal surfaces of the
upper airway.*® An altered external environment or
weakened host immunity allows S. pneumoniae in the
upper respiratory tract to invade easily the lower airways,
causing pneumonia and provoking host inflammatory
and immune responses.” Moreover, lung epithelial cells
have been demonstrated to prevent entry and foster
removal of pathogens by accumulating a physical mucus
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barrier, producing antimicrobial peptides and releasing a
wide range of proinflammatory cytokines in response to
S. pneumoniae.”® Thus, dissecting the host immune
responses to pneumococcal infection in detail will
provide valuable information for the prevention and
treatment of bacterial infections."?
During infection, a number of
transcriptional response genes have been reported to be
involved in host cellular responses to microbial pathogens
in the lungs.”® These mainly include genes that mediate
inflammation (e.g. CCL3, CCL4, CXCLI and CXCL2),
genes that activate immune responses (e.g. BCL3, JUNB
and TRAFI) and genes that limit immune responses (e.g.
NFKBIA, TNFAIP3 and BIRC3).? In addition, epithelial cell
apoptosis could be efficiently activated to remove infected
lung epithelial cells and pathogens as the infection

common host

progresses, indicating the role of cell apoptosis in the
inhibition of inflammation.” Increasing evidence has also
demonstrated that transcription factors (TFs) are key
regulators in modulating the activation of host immune
responses and production of several anti-inflammatory
cytokines during pathogen infection.”'® Although studies
have addressed the changes in expression of genes involved
in cell apoptosis and transcription in the host during
infection, a comprehensive profile for these processes in
host lung epithelial cells during S. pneumoniae infection
remains to be elucidated.

Recently, the application of transcriptome sequencing
technology, including microarray and RNA-sequencing
(RNA-seq), has greatly facilitated genome-wide scanning
of host transcriptional responses to S. pneumoniae using
various in vitro and in vivo infection models.*'"""> Global
transcriptional profiling of Detroit cells during infection
of S. pneumoniae showed that over one-third of induced
genes were mainly involved in transcriptional regulation
and signal transduction, in particular MAPK signaling
pathways.'* Microarray and bioinformatics analyses of
mouse whole lung have indicated the involvement of
interleukin ~ (IL)-17A/IL-17F  signaling and lipid
metabolism in acute S. pneumoniae infection.'? Reactive
oxygen species produced by S. pneumoniae can activate
the glutathione-dependent reactive oxygen detoxification
pathway in human lung epithelial cells, as suggested by
transcriptome changes observed using time-resolved dual
RNA-seq analysis.'"' In addition, recent transcriptome
studies have shown the critical role of microRNAs
(miRNAs) in modulating cell apoptosis, immunity and
external stimulation.''® However, integrated analyses of
miRNA-messenger RNA (mRNA) transcriptome changes
have been scarcely reported in the time-resolved infection
of human lung epithelial cells by S. prneumoniae.

Serotype 3 encapsulated S. pneumoniae was an
important cause of invasive pneumococcal disease with
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severe complications, including parapneumonic empyema
and hemolytic uremic syndrome.'”'® However, only few
studies have investigated the host transcriptomic
responses to this strain, and exploration of the response
of the epithelium during infection by serotype 3 might
provide new molecular insights into host—pathogen
interactions. In this study, we applied RNA-seq
technology to investigate the time-resolved gene
expression profiles of miRNAs and mRNAs in human
lung alveolar epithelial cells in response to S. pneumoniae
up to 8 h postinfection (hpi). We performed quantitative
reverse transcription-PCR (qRT-PCR) to further confirm
the high-quality data sets generated from RNA-seq and
miRNA-seq. Through a range of bioinformatics and
function-related analyses, we found several functional
clusters and key regulators associated with inflammatory
and immune responses. Finally, we built a regulatory
network among differentially expressed (DE) miRNAs
and DE target mRNAs to investigate the potential
biological function or relevance of miRNA-mRNA
interactions during infection.

RESULTS

RNA-seq generates high-quality data sets for
differential expression analysis

To examine how cell viability changes during infection,
we assessed the viability of alveolar epithelial carcinoma
cell line (A549) exposed to S. preumoniae (serotype 3)
with a multiplicity of infection of 20 (ie. 20
pneumococci per epithelial cell) at eight time points (0,
2,4, 6, 8, 12, 18 and 24 hpi) using a Cell Counting Kit-8
assay. We found that there was no significant difference
in cell viability for mock-infected A549 cells at all time
points (P = 0.07, one-way ANOVA test; Figure la).
Although cell viability was different in the A549 cells over
all time points postinfection (P = 3.25 x 10 *!, one-way
ANOVA test), it was not significantly impaired at 2, 4, 6
and 8 hpi compared with that of control cells; however,
cell viability was significantly reduced at 18 and 24 hpi
(P =2.64 x 107" for 18 hpi; P = 4.63 x 10" for 24 hpi,
Figure la). Therefore, to further resolve the dynamic
nature underlying host transcriptional responses to
pathogen infection, we performed RNA-seq on A549 cells
to investigate global mRNA expression profiles in
response to S. pneumoniae at the five time points (0, 2, 4,
6 and 8 hpi) that would eliminate the effect of reduced
cell viability on host transcription levels.

To analyze the mRNA profiles in infected cells, we
obtained an average of 26.76 million raw reads with
lengths of 150 bp for each library from a total of 15
samples (three biological replicates for each time point).
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Figure 1. Genome-wide gene expression analysis from host transcriptomes during pathogen infection. (a) Cell viability analysis used Cell
Counting Kit-8 at different times for alveolar epithelial cells (A549) after pneumococcal infection at a multiplicity of infection of 20 (20
pneumococci per epithelial cell). Solid line and dashed line show the viability of infected and mock-infected epithelial cells, respectively. Data
points represent the means + s.d. obtained from six independent experiments with replicates. Statistical significance was assessed by one-way
ANOVA with P =3.25 x 1072" for infected cells and P = 0.07 for mock-infected cells. ***Significant Tukey post hoc test when the values were
compared with those of the control (P < 0.001). (b) Principal component analysis of all libraries based on detected genes in RNA-sequencing
(RNA-seq). The first component explains 63% of the variability and the second component explains 18%. (c) Number of differentially expressed
(DE) genes between libraries denoted by the histogram. The blue bars indicate the number of upregulated genes and the orange bars show the
number of downregulated genes. (d) Gene expression correlation was validated between RNA-seq and quantitative reverse transcription-PCR
(gRT-PCR). The RNA samples were obtained from three independent experiments with replicates and each point represents the log, fold change
in DE genes in the two technologies. Each color represents a time point comparison from 10 comparisons. Each shape represents one of 10
validated DE genes (HMOX1, REPS2, CCND1, NFKBIA, COL7A1, TERT, CCNG2, ABCAT, CCL2 and SIRTT). The correlation coefficients were
calculated by Pearson’s test (R = 0.89, P = 6.1 x 10732). hpi, hours postinfection.

After removal of adapter sequences and low-quality base 9.9 Gb. In general, at least 95.07% of reads for each
trimming, we retained approximately 25.75 million clean sample were aligned to the human reference genome
reads per sample with clean bases ranging from 6.62 to (Supplementary table 1). Principal component analysis
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showed that all samples were clearly separated into five
groups with the same infection time for each group
(Figure 1b). Using the DESeq2 package in R with
expression cutoff values of > 1.5 fold change (FC) and
false discovery rate (FDR) < 0.05, we identified 1330 DE
genes in all comparisons during infection (Figure lc,
Supplementary table 2). To further validate these DE
genes detected by RNA-seq, we performed qRT-PCR
analyses by selecting 10 DE genes for all comparisons on
independent RNA samples. A high correlation was
observed between the FCs in expression obtained by
qRT-PCR and RNA-seq [Pearson’s correlation (R) = 0.89,
P=6.1 x 107°%], revealing the consistency in gene
expression between the two techniques (Figure 1d).

We also analyzed the contribution of DE genes to each
time point in comparison with mock-infected time (0
hpi). During this time course, a total of 1095 DE genes
were induced in the four comparisons (Supplementary
figure 1la). Of these, there were 139 DE genes in 2 hpi
(45 unique genes), 433 in 4 hpi (103 unique genes), 674
in 6 hpi (133 unique genes) and 730 in 8 hpi (234
unique genes). In comparison with 0 hpi, there were 27
upregulated and 21 downregulated unique genes in 2 hpi,
48 upregulated and 55 downregulated unique genes in 4
hpi, 58 upregulated and 75 downregulated unique genes
in 6 hpi and 162 upregulated and 74 downregulated
unique genes in 8 hpi (Supplementary figure 1b, ¢).

Cluster analysis of DE genes reflects biological
processes and pathways essential to host—pathogen
interactions

To classify the dynamic changes in transcription of the
1330 DE genes, we implemented clustering analysis on
temporal expression by adopting the Mfuzz package in R.
All DE genes were separated into six optimal clusters based
on the similarity of gene expression patterns over time,
which often tended to be functionally related or participate
in the same regulatory networks (Figure 2, Supplementary
table 3). To gain further insights into the potential
functions and biological characteristics of the DE genes in
each cluster, we performed Gene Ontology (GO) term
enrichment analysis and found several biological processes
associated with inflammatory or immune responses
(Figure 2). For instance, cluster 1 (Cl) has a gradually
decreasing trend of gene expression from 0 to 4 hpi, with
significant enrichment in “response to tumor necrosis
factor” and “inflammatory response” GO terms. The genes
in C2 gradually increase in expression from 2 to 8 hpi and
were enriched in “regulation of apoptotic signaling
pathway.” Both “cytokine biosynthetic process” and
“cellular response to external stimulus” were found in C3
and C5, respectively (Figure 2, Supplementary table 4). In

mRNA and miRNA expression profiling

addition, we found several biological processes associated
with transcriptional regulation, such as “regulation of
DNA-binding transcription factor activity” in Cl1 and
“positive regulation of DNA-binding transcription factor
activity” in C2 (Figure 2, Supplementary table 4). We also
performed the GO analysis for DE genes contributing to
each time point compared with 0 hpi and found several
common biological processes associated with cellular
response to external stimulus, regulation of DNA binding,
cell apoptotic and transcriptional regulation in these later
time points (Supplementary figure 2, Supplementary table
5). Moreover, several specific biological processes were also
found for a certain time point, such as “response to
oxidative stress” at 2 hpi and “intracellular receptor
signaling pathway” at 4 and 6 hpi (Supplementary table 5).

Moreover, to curate the important metabolic or
signaling pathways from Kyoto Encyclopedia of Genes and
Genomes (KEGG), we performed the KEGG pathway
enrichment analysis of the DE genes in each cluster, and
there were five clusters with significant enrichment (C1-
C5). Among these five clusters, we also found several
significantly targeted pathways (FDR < 0.05) involved in
inflammatory or  immune responses  (Figure 3,
Supplementary table 4). For instance, genes in Cl were
enriched in the largest number of pathways, among which
several pathways were relevant to inflammation and
immune response, including the “tumor necrosis factor
signaling pathway” and “IL-17 signaling pathway,” which
were also observed in C4 (Figure 3, Supplementary table
4). The majority of induced genes in these pathways
encode several cytokines, chemokines or transcriptional
regulators, such as CCL2, CXCL1, CXCL2, CXCL8, JUN,
TRAF3 and NFKBIA, which have been determined to play
a role in the immune response.e’m’w*21 In addition, the
“NF-kappa B signaling pathway” was also observed in both
C1 and C3, which participate in the coordination of the
inflammatory and immune responses through regulating
the expression of hundreds of immune relevant genes, in
particular those encoding proinflammatory cytokines and
chemokines. Notably, we also found the “AMPXK signaling
pathway” specifically enriched in C2. The activation of
AMPK by activators could inhibit inflammatory responses,
indicating a role of AMPK signaling pathway in the
depression of inflammation.*” In particular, we also found
the “FoxO signaling pathway” in C5. FoxO signaling plays
a vital role in an evolutionarily conserved mechanism of
cross-regulation of metabolism and innate immunity, and
foxo mutants can be resistant to some infections.”’ In
addition, we examined the pathway associated with
infection at each time point. KEGG enrichment analysis
showed that several pathways relevant to inflammation and
immune response were specifically enriched in a certain
time point (Supplementary figure 3 and Supplementary
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Figure 2. Clusters of genes showing representative expression patterns in epithelial cells during infection. The time-series expression trends of
differentially expressed (DE) genes were analyzed by R package Mfuzz, which can group DE genes into different clusters based on similar
temporal expression patterns. The left heatmaps show clear clusters of coexpressed epithelial genes underlying host-pathogen interactions. Each
line represents the normalized expression of one gene at different time points. The middle line charts show the expression trends of coexpressed
epithelial genes along time series in each cluster, where the solid black lines represent the cluster centers. The right panel shows Gene Ontology
(GO) annotation of each cluster performed by clusterProfiler package in R. The P-values for enrichment were corrected for multiple testing using
the false discovery rate (FDR). *FDR < 0.05, **FDR < 0.01 and ***FDR < 0.001. Gene counts represent the number of genes enriched in the GO
functional term. hpi, hours postinfection.
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Figure 3. Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis for each cluster. The size of the nodes represents the value of
the gene ratio, which indicates the number of enriched genes. The color shade of the nodes represents the P-values corrected for multiple testing
using the false discovery rate (FDR). IL, interleukin; NF-kappa B, nuclear factor kappa B; TGF, tumor growth factor; Th1, T-helper type 1; Th2, T-
helper type 2; TNF, tumor necrosis factor; TRP, transient receptor potential.
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table 5). For instance, several inflammation and immune
response pathways including the “tumor necrosis factor
signaling pathway,” “IL-17 signaling pathway” and “B-cell
receptor signaling pathway,” were found to be induced 2
hpi. At 6 hpi, we found several pathways involved in kinase
signaling and transcriptional activation, such as the
“MAPK signaling pathway” and “NF-kappa B signaling
pathway.”

Given the crucial role of cell apoptosis and TFs in the
regulation of inflammatory and immune responses to
pathogen infection, we further investigated in detail the
functional dynamic changes in relevant DE genes. We
curated 155 DE genes potentially associated with
apoptosis from the THANATOS database,”* 162 DE TFs
from a previous study'® and 359 DE genes involved in
innate immune response from the InnateDB database,*
which were provided in Supplementary table 6. By
applying the fuzzy c-means method, each category of
genes was appropriately classified into three clusters,
displaying complex expression patterns in response to S.
pneumoniae infection (Supplementary figure 4).

TF target-enriched clusters are coregulated by potential
key transcriptional regulators

TFs have been extensively demonstrated as important
regulators in mediating host responses to pathogens.**
We next explored the associations between the genes in the
six clusters at the TF level based on target gene enrichment
via the TRRUST database,?” and found 11 TFs that were
predicted to link at least one of the four clusters (Figure 4a,
Supplementary table 7). Among these TFs, there were six
for Cl, three for C2, nine for C3 and three for C4.
Moreover, several TFs, such as NFKBI1, p65, JUN, SP1 and
STATS3, were demonstrated previously to be involved in the
regulation of lung inflammation and immunity during
pathogen infection or external stimulation.”® Meanwhile,
we also found that both NFKBI1 and p65 were significantly
enriched for target genes in four of the clusters (Figure 4a).
Among these target genes, 45/47 genes were coregulated by
NFKBI and p65 (Figure 4b).

Both NFKB1 and p65 are important members of the
nuclear factor-kappa B (NF-xB) family, which are
recognized as essential regulators in inflammatory
processes and innate immunity, as well as in modulation of
the transcriptional activity of NF-kB.”*®* GO analysis
showed that these target genes were significantly enriched
in several biological processes associated with host
responses to pathogen infection or external stimuli, such as
“response to tumor necrosis factor,” “regulation of
apoptotic signaling pathway” and “positive regulation of
response to external stimulus” (Figure 4c). Furthermore,
KEGG analysis of these target genes revealed several critical
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pathways associated with host responses against pathogens,
such as the “tumor necrosis factor signaling pathway,” “IL-
17 signaling pathway” and “NF-kB signaling pathway”
(Figure 4d). These analyses further confirmed the role of
both NFKBI1 and p65 in the regulation of immune system
responses and NF-kB activation pathway. GO and KEGG
enrichment analyses for NFKB1 and p65 target genes in
each cluster also showed similar results to those in all
clusters (Supplementary figure 5).

In addition, we attempted to investigate the
phosphorylation level of p65 at different times during
infection. Although there were no significant changes in p65
expression at the mRNA and protein levels during S.
pneumoniae infection, the phosphorylation of p65 in A549
cells gradually increased in a time-dependent manner in
response to infection (Figure 4e). To further validate the
regulatory role of p65 phosphorylation (p-p65) toward
potential target genes, we utilized the NF-xB inhibitor
[pyrrolidine dithiocarbamate (PDTC)] to treat the A549
cells during S. prneumoniae infection and found that the level
of p-p65 was obviously decreased at any infection time with
PDTC treatment than without treatment (Figure 4e).
Similarly, the reduced levels of p-p65 during S. pneumoniae
infection were also observed in both nuclear and cytosolic
of A549 cells with PDTC
(Supplementary figure 6). We selected the DE genes
(including BCL3, CSFI, CXCLI1, JUNB, NFKBIA and
TRAFI) coregulated by NFKBI and p65 that were enriched
in the tumor necrosis factor signaling pathway belonging to
C4. These DE genes at 8 hpi showed increased expression
compared with 0 hpi, but more significantly increased
expression than 2 hpi (all P-values < 0.05, Figure 4f). Upon

fractions treatment

treatment with PDTC, we found significant reductions in
the FCs of these genes between 8 and 2 hpi compared with
those determined by both RNA-seq and qRT-PCR without
PDTC treatment (all P-values <0.05, Figure 4g).

Dynamic changes in miRNAs at different infection time
points

To investigate the dynamic change in miRNA expression
during infection, small RNA libraries paired with mRNA
libraries were prepared for miRNA-seq. However, because
of the failure of library construction and/or sequencing,
we finally obtained high-quality miRNA-seq data sets
from two biological replicates for each time point. After
filtering out low-quality reads, trimming off adaptors and
removing RNA fragments less than 18 nucleotides, we
retained an average of 6 713 283 clean reads per sample,
with an average mapping rate of 94.27% for small RNAs
(Supplementary table 8). Of these high-quality small
RNAs, the length distribution was similar throughout all
time points with approximately 90% of the small RNAs
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ranging from 21 to 24 bp in length (Figure 5a). In total,
we identified an average of 3 346 306 reads as known
miRNA sequences by aligning the reads to human
miRNA reference sequences in miRbase version 21
(Supplementary table 8). The principal component
analysis shows the distribution of all samples in the form
of a two-dimensional scatter diagram, indicating
significant discrimination for the overall expression
patterns of miRNAs at each time point (Figure 5b).

We next performed differential expression analysis of
miRNAs using the DESeq2 tool with thresholds of a FC > 2
and FDR < 0.05, and obtained 45 robust DE miRNAs in all
comparisons during infection (Figure 5¢). In contrast to the
differential expression of mRNAs, there were more
downregulated miRNAs than upregulated miRNAs in most
comparisons, suggesting the role of miRNAs in the negative
regulation of their target mRNAs by either translational
repression  or ~ mRNA  degradation  (Figure 5c,
Supplementary table 9). For the contribution of DE
miRNAs to each time point in comparison with 0 hpi, we
found that there was a total of 19 DE miRNAs in the four
comparisons. Of these, there were nine DE miRNAs in 2 hpi
(three unique miRNAs), one in 4 hpi, four in 6 hpi (three
unique miRNAs) and 13 in 8 hpi with seven unique
miRNAs (Supplementary figure 7). To further evaluate the
miRNA-seq data, we performed qRT-PCR analyses on eight
miRNAs selected in all comparisons using independent
RNA samples. As a result, a relatively high correlation was
observed between the FCs obtained by qRT-PCR and
miRNA-seq: R = 0.88 and P = 2.47 x 10 *° (Figure 5d).
Among these 45 DE miRNAs, there were seven with peak
expression at 0 hpi, followed by nine at 2 hpi, six at 4 hpi, 21
at 6 hpi and two at 8 hpi (Figure 5e).

Integrative analysis of miRNA and mRNA expression
reveals the miRNA-mRNA networks associated with
host—pathogen interactions

In general, miRNAs negatively regulate the expression of
their target mRNAs by silencing or degradation.'’
Considering the anticorrelated relationship between
miRNA and mRNA, we attempted to identify putative
miRNA-mRNA  regulatory interactions for further
understanding of the host transcriptional response. From
19 567 shared DE miRNA-mRNA pairs by TargetScan and
miRanda predictions, we recognized 3885 DE miRNA-
mRNA pairs with anticorrelation analysis (R < —0.5),
from which 482 DE miRNA-DE mRNA pairs were
retained, consisting of 332 DE mRNAs and 35 DE miRNAs
(Figure 6a, Supplementary table 10). We adopted
enrichment analysis with hypergeometric tests to
quantitatively assess the effects of the DE miRNAs on 332
DE genes during infection, and found that 272 DE genes

mRNA and miRNA expression profiling

targeted by 14 DE miRNAs were highly enriched in
different clusters (Figure 6b, Supplementary table 11). For
example, the target genes of three miRNAs (hsa-miR-941,
hsa-miR-6842-3p and hsa-miR-1299) were mainly
enriched in both C1 and C3. For hsa-miR-143-3p and hsa-
miR-9-5p, their target genes showed significant enrichment
in C2, C5 and C6 (Figure 6b). Moreover, the comparison
of the time-series expression trends of these 14 DE
miRNAs and their target mRNAs showed that these target
mRNAs were obviously negatively modulated by the DE
miRNAs in the enriched clusters (Supplementary figure 8).

To gain insight into the biological function and
interconnectedness of these 332 DE genes targeted by DE
miRNAs, we constructed an interconnected biological
network with 279 nodes and 3700 edges based on the five
types of biological relationships of these genes from
GeneMANIA (Supplementary figure 9). To further find the
functional module (highly interconnected regions) from
the complex biological network, we used the MCODE tool
to analyze the corresponding networks with the cutoff
criteria of an MCODE score > 5 and a degree cutoff > 3,
and identified the two most densely interconnected
modules: module 1 (M1) and module 2 (M2) (Figure 6c,
Supplementary figure 10a). Moreover, to further evaluate
the reality and significance of the observed modules, we
compared the number of nodes/genes and their edges/
connections in physical interactions from two modules
with those of 100 000 random iterations from the STRING
database. The permutation test analyses for M1 showed
significantly more nodes/genes (P = 2 x 107°) and edges/
connections (P =1 x 107°) than random expectations
(Figure 6d), and statistical significance for the number of
genes (P =2 x 107°) and connections (P =2 x 107°)
was also observed in M2 (Supplementary figure 10b). In
addition, most of the DE genes in M1 were assigned to C2
and C5 (24 of 47). GO enrichment analysis revealed that
the DE genes in M1 are mainly associated with the
“negative regulation of NF-kappaB transcription factor
pathway,” “regulation of immunity,” “cell apoptotic
process,” and “glutamate receptor signaling pathway”
(Supplementary figure 11, Supplementary table 12).
However, no significant biological process enrichment for
DE genes was observed in M2.

Given the complex relationships between miRNAs and
their target genes, with one gene potentially regulated by
multiple miRNAs or multiple genes potentially regulated
by one miRNA, we performed network analysis to
investigate the regulatory relationships between DE
miRNAs and target DE genes in M1 and M2. The two
networks consisted of 48 DE genes regulated by 17 DE
miRNAs for M1 and 40 DE genes regulated by 18 DE
miRNAs for M2 (Figure 6e, Supplementary figure 10c).
For M1, we found that BCL6 targeted by hsa-miR-129-5p

733



mRNA and miRNA expression profiling H Li et al.
(@) (b)
GoLa NFKBIZ ()C1
CXCLs OCZ
SERPINE1 C3
Mucss GXek2.
TERT TNFA[PC} @_
conpy GRINE ‘ -, 2
TNRRSF13C o
[ chzm‘@
“.* -HBEGF, JUNB  CXCL1
NoLG;  TNFRSFS & =
EPAS1 BCL3 =
N CYP1A1
MYC €2F1
(c) GO-term enrichment (d) KEGG pathway enrichment
Rresponse to lipopolysaccharide TNF signaling pathway
Response to tumor necrosis factor IL-17 signaling pathway
Positive regulation of cell migration Small cell lung cancer
Regulation of apoptotic signaling pathway NF-kappa B signaling pathway
Gland development Bladder cancer
Response to decreased oxygen levels Kaposi sarcoma-associated herpesvirus infection
T m 0 FDR
Positive regulation of response to external stimulus ~ FDR NOD-like receptor signaling pathway
1%10+
Cellular response to biotic stimulus 3x10° Legionellosis
6x10° 2x10+
Response to nutrient 9x10° Prostate cancer
Negetive regulation of epithelial cell apoptotic process AGE-RAGE signaling pathway in diabetic complications
0 4 8 12 16 0 3 6 9 12
Gene counts Gene counts
(e) Group P=352x10%
0.8] - PDTC
__PDTC . 8 -e- Untreated P=8.09x102
0 2 4 6 8 2 4 6 8 (mp) £a
p-p65 ——— N w——— §¢l§_0_6
(Ser536) 3§ P=372x10%
0 a
£%
P65 S SR S G T = e 504
*5
GAPDH S S s s - — 02
0 2 4 6 8 (hpi)
f
( ) (g)z Validation(qRT-PCR) PDIC
<
s |, s
<
| <
c [ ]
° ° ° $ 4
173 =
3 ° -3 @
= o ©
£ M ©
3o *° o ° o E 3 ° e o °
© ° ° ® ° S ° °
gl @ i & £y v st
[S) ° ° o2 °
° [-3 Eed °
o [ o .
-1 ° w 2 . °
L]
5 ®
% : . . .
N S S S : _—
4 (hpi) AR 5 N N Q@ & AN
A BN AR S AN & £ S K
¢ OF VEE L YEL

Figure 4. Transcription factors (TFs) and their targets in each cluster linked by transcriptional coregulation. (a) The TF target network of the
differentially expressed (DE) genes in the different clusters. The dashed lines indicate enrichment in the clusters for TFs. (b) DE genes in four
clusters coregulated by NFKB1 and p65. (c and d) The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment
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treated with PDTC at 25 um. Cell lysates were collected and immunoblotted with antibodies against p65 and p-p65 (Ser°®). Data are
means + s.d. from three independent experiments. Significant differences between groups with and without PDTC treatment were determined
using a two-tailed unpaired Student’s t-test or one-way analysis of variance. (f) The time-series expression trends of DE genes regulated by p65 in
cluster 4 (C4) enriched in the tumor necrosis factor (TNF) signaling pathway. (g) The fold change in DE genes regulated by p65 between 8 h
postinfection (hpi) and 2 hpi in C4 upon treatment with PDTC. N = 3 independent experiments with replicates. FDR, false discovery rate; GAPDH,
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Figure 5. Dynamic changes in microRNAs (miRNAs) from miRNA-sequencing (miRNA-seq) in host cells during infection. (a) The length
distribution of small RNAs at different infection time points. The x axis represents the small RNA length, ranging from 18 to 35 nucleotides, and
the y axis represents the ratio of small RNAs of different lengths to the total number of small RNAs. (b) Principal component analysis for miRNA
expression of the five periods in all libraries. (c) The histogram graph shows the number of differentially expressed (DE) miRNAs between any pair
of infection stages. The white numbers on the blue bars indicate the number of upregulated genes and the orange bars show the number of
downregulated genes. Both false discover rate < 0.05 and fold change > 2 were set as the threshold for DE miRNAs. (d) Pearson’s test was used
to analyze the correlation between miRNA-seq and quantitative reverse transcription-PCR (gRT-PCR) for DE miRNAs (R = 0.88, P = 2.47 x 1072%).
The RNA samples were obtained from three independent experiments with replicates. Each color represents a time point comparison from 10
comparisons. Each shape represents one of eight validated DE miRNAs (hsa-miR-3158-3P, hsa-miR-1299, hsa-miR-143-3p, hsa-miR-3158-5p, hsa-
miR-3529-3p, hsa-miR-9-5p, hsa-miR-27a-5p and hsa-miR-129-5p). (e) Heatmap of the 45 DE miRNAs at different stages postinfection. In each
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and miR-9-5p, and APLF and PNRCI targeted by hsa-
miR-199a-3p are associated with regulation of immunity.
Remarkably, there were 11 DE genes related to apoptotic
signaling pathways regulated by 10 DE miRNAs, in which
several miRNAs were found to target genes involved in
the negative regulation of NF-kB TF activity, such as hsa-
miR-1299, hsa-miR-3158-5p, hsa-miR-9-5p,
139-5p and hsa-miR-495-3p.

hsa-miR-

DISCUSSION

Lung epithelial cells contribute to the first line of host
defense against pathogen infections, often acting as

important mediators
responses by

inducing

in the initiation of immune

the production of various

cytokines and chemokines for pathogen clearance."?
Pathogen infection in host «cells is a complex
multifactorial interaction, which leads to abundant gene
expression changes involved in disease processes.”” RNA-
seq studies investigating the global gene expression
changes for epithelial infection of S. pneumoniae using
various cell lines have been performed.*'' Compared
with these previous RNA-seq studies—especially, the
time-resolved dual RNA-seq analyses by Aprianto
et al.'—our in vitro transcriptomic analyses first used
serotype 3 S. pneumoniae for A549 infection, given that
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Figure 6. Identification of mMIRNA-mRNA regulatory networks associated with host-pathogen interactions. (a) Flowchart for detecting potential
interactions between differentially expressed (DE) miRNAs and DE mRNAs acting in A549 cells. DE miRNA indicates DE miRNA, and DE mRNA
indicates DE mRNA. (b) The heatmap shows the false discovery rate (FDR; hypergeometric test) for enrichment of DE miRNA target genes in each
cluster after correction for multiple comparisons. The intensity of color in each rectangle explains the enrichment degree of genes targeted by DE
miRNA in each cluster. *FDR < 0.05; **FDR < 0.01; ***FDR < 0.001. (c) Module 1 (M1) with the highest score of 6.791 was obtained from a
huge complex biological network by MCODE plug-in of Cytoscape, comparing 47 nodes and 120 edges. The colors of connections represent
different interaction types. The filled color of each node represents the cluster to which the DE gene was assigned. (d) A permutation test for
interconnection among M1 based on the STRING database. The histograms show the distribution of genes (lower plot) and connections (upper
plot) of 1 000 000 iterations from STRING, and the vertical red lines show the real values of number of genes and connections in the network of
M?1. The observed numbers and empirical P-values are shown in each plot. (e) The regulatory network relationship between miRNAs and target
genes in M1. The triangle nodes represent miRNAs. The filled color of each circle node represents the corresponding biological process in which

the node gene might be involved. miRNA, microRNA; mRNA, messenger RNA.
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the strain tend to cause severe complications of invasive
pneumococcal disease.'”'® In addition, we applied TE-
binding site enrichment analysis and identified several
key TFs, including common TFs observed in previous
studies (NFKBI and p65) as well as several specific TFs
in our studies, such as JUN and SP1. Furthermore, we
used miRNA-seq data to monitor the miRNA expression
changes in a time-resolved manner that was not reported
in previous RNA-seq studies. Finally, our integrated
analyses of mRNA-seq and miRNA-seq identified several
candidate DE miRNAs associated with host inflammatory
and immune responses, such as miR-9, miR-27 and miR-
199. The application of time-resolved miRNA-mRNA
integrated analyses might provide a comprehensive
molecular basis underlying host cell responses to
pathogen infections.”

Interplay between various pneumococcal strains and
the epithelium often triggered the strain-dependent host
transcriptomic response.”'*?® These can be explained
partly by difference in genetic background or
microinvasion between these strains with diverse capsular
serotypes, such as D39 (serotype 2), G54 (serotype 19F),
TIGR4 (serotype 4), BHN 418 (serotype 6B) and P1121
(serotype 23F).*'* In comparison with mock-infected
epithelial cells, infection with serotype 3 strain
upregulated 89 genes at 2 hpi and 406 genes at 6 hpi,
which was comparable to that observed with D39 or 23F
but more than that observed with 6B.* Similarly,
pathway enrichment analysis for the DE genes between 6
and 0 hpi also showed a broader number of biological
pathways than the 6B strain, consistent with TIGR4 and
23F strains (Supplementary table 5).*'* Although our GO
and KEGG analyses also showed several common
inflammatory and immune response pathways induced by
serotype 3 strain as well as other serotype strains, we
found several specific biological processes or signaling
pathways based on cluster analysis, such as “the AMPK
signaling pathway” in C2, “negative regulation of calcium
ion transport” in C4 and “response to endoplasmic
reticulum stress” in C5. The activation of the AMPK
signaling pathway had a prominent effect in the
depression of inflammation.”* Previous studies have
suggested that Ca®" fluxes in epithelial cells are activated
by pathogen contact and induce local cytokine and
mucin secretion.” > Pulmonary pathogens also cause
endoplasmic reticulum stress as a result of the
accumulation of unfolded proteins, which leads to
proinflammatory cytokine production in lung epithelial
cells.™

Consistent with the enrichment analysis of DE genes in
each cluster, several biological processes and KEGG
pathways on each time point also showed the relevance
to cell apoptotic and immune responses. However, several

mRNA and miRNA expression profiling

specific enrichment for biological processes and pathways
was also observed at a certain time point. Many epithelial
glutathione-associated genes could be activated by
reactive oxygen species produced by S. pneumoniae,
indicating that the oxidative stress may be involved in the
host-pathogen  interactions.'" In addition, several
components of the MAPK signaling pathways had been
induced by S. pneumoniae strains with different serotypes
and reported to play pivotal roles in cell growth,
inflammation and apoptosis.'*

The role of extensive TFs identified in the genome of
Eukarya, Bacteria and Archaea has been elucidated.!®3>3¢
Considering the key regulatory role of TFs in determining
the host response to pathogenic stimuli,'® we performed
TF-binding site enrichment analysis and found that both
NFKBI (processed to p50) and p65 (also called RELA) had
target gene enrichment in all clusters. Both TFs belong to
the NF-kB family, which comprises a group of key
regulators involved in diverse cellular processes associated
with inflammatory and immune responses against
pathogen infections.”*® The role of these two TFs in
infection has been demonstrated by the host cells in
response to the adherence of S. pneumoniae strains with
different serotypes in vitro, including 6B, 23F and TIGR4.*
Extracellular stimulations induce the phosphorylation of
IkB family members, which wundergo proteasomal
degradation, and lead to the nuclear translocation of
heterodimeric p50/p65 that finally modulates gene
expression.” Moreover, previous studies have established
the role of p-p65 in the nuclear translocation of p65 and
enhancement of the transcriptional activity of NF-«xB in
human epithelial cells following exposure to environmental
stimuli.’”*® Treatment of human lung epithelial cells with
thrombin was previously shown to increase p-p65 at Ser’®,
which ultimately led to NF-xB activation and IL-8/CXCL8
release.”” Similarly, farnesol-induced phosphorylation of
p65 at Ser”’® was shown to increase the transcriptional
activity of NF-kB and facilitate the expression of a number
of genes mediating immune and inflammatory responses in
human lung epithelial cells.*®

In contrast to the 6B strain, serotype 3 strain induced
considerable enrichment of more diverse TFs with 11 TFs
predicted to link at least one of four clusters, similar to the
TIGR4 and 23F strains.* Besides commonly enriched
binding sites for p50 and p65 among these diverse strains,
the responses to serotype 3 revealed the enriched binding
sites for STAT3 in C1 and C2, which was also observed in
response to the TIGR4 strain.* Recent studies have
demonstrated the role of STAT3 in the control of lung
inflammation and immunity.*?® Moreover, our analysis
revealed particular enrichment of binding sites for TFs
such as JUN and SP1. As a component of activator protein-
1, JUN showed binding site enrichment in C1 and C3, and
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is known to induce gene expression involved in mucus
biosynthesis and secretion, including MUC5AC and
MUCS5B, from respiratory epithelial cells in response to
bacterial stimuli,** ** consistent with the GO term
enrichment for DE genes in C3. In addition, the induction
of mucins such as MUC5AC and MUC5B by stimulants
was shown previously to lead to the activation of the TF
SP1,>*™* which we revealed to have target gene
enrichment in C3 and C4. These analyses of the regulatory
mechanisms of epithelial cells exposed to external stimuli
suggest the involvement of these identified TFs in the
inflammatory and immune responses to infections.

There has been an accumulating body of evidence
supporting the regulatory role of miRNAs in the
modulation of host—pathogen interactions.">*® In our
study, module analyses showed two important modules
from the biological network constructed by 332 DE genes
negatively regulated by 35 DE miRNAs. We also found that
the top one (M1) showed enrichment in several processes
associated with immunity, apoptosis and transcriptional
regulation of NF-kB, consistent with previous studies.'?
For instance, Sirtuin 1, the prototypic class III histone
deacetylase, had been reported to function in the induction
of immune and defense genes in pulmonary epithelial cells
by S. pneumoniae, and pharmacologic activation of Sirtuin
1 might indicate a novel treatment strategy for bacterial
infection.*”*® The knockout of TRAF3 in mice showed that
TRAF3 could regulate immune responses in myeloid cells
and act to inhibit inflammation in mice,*! although its role
in the epithelial cells remains unknown. These findings
also highlight several components of the biological
subnetworks which are targeted as part of the
pneumococcal evasion strategies. Moreover, several
candidate key DE miRNAs regulating DE gene targets in
M1, such as miR-9,%>°° miR-27! and miR-199,° have
been reported to be involved in inflammatory and immune
responses during infections. However, it should be noted
that each mRNA related to immunity and apoptosis in M1
is potentially regulated by multiple miRNAs or a single
miRNA may target multiple genes (Figure 6), indicating
the possibility of coordinated regulation of multiple targets
by multiple miRNAs.'® Considering the complexity of
miRNA-mRNA interactions, it is also necessary to validate
each potential regulatory miRNA employing genetic
modification of miRNAs in cell or animal models, which
will aid in refining our understanding of these complicated
systems.ls’16

Nevertheless, there are some limitations to our study.
One limitation is the limited biological replicates per
time point for RNA-seq and miRNA-seq, although to
ensure consistency and robustness of positive findings, we
performed qRT-PCR replication for selected gene
expression. It might still neglect several DE genes or
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miRNAs that contribute to host response to infection,
thus more replicates are needed to fully characterize the
changes associated with host—pathogen
interactions. Our infection model relied on only one

expression

pneumococcal serotype strain and one type of cell line,
leading to our findings limited by direct comparisons
with multiple pneumococcal serotype strains and types of
epithelial cell lines or primary cells. It is well-known that
different pneumococcal strains often cause distinct host
capsular  serotypes.*'*
Similarly, cell origin and type may cause differences in
the abilities of S. pneumoniae adhesion and invasion.” It

response because of diverse

is therefore necessary to further explore the transcriptome
of multiple types of epithelial cells during infection using
different pneumococcal serotype strains. Furthermore,
many of the DE miRNAs found in this study need to be
further investigated to determine their biological function
and likely regulated role in infection process.

we have described comprehensive
transcriptional changes in human lung alveolar epithelial

In conclusion,

cells in a time-resolved manner using RNA-seq and
miRNA-seq. Of particular note, these data sets have been
successfully used to identify several crucial biological
processes and key regulators associated with inflammatory
and immune responses based on bioinformatics or
function-related analyses, providing more biological
insight into the pathogenesis of infection. Finally, our
integrative analysis of the regulatory interactions between
DE miRNAs and DE mRNAs might help us to
comprehensively —understand the molecular basis

underlying host cell responses to pathogen infections.

METHODS

Culture of the epithelial cell line and S. pneumoniae

The A549 cell was purchased from the Cell Resource Center,
Shanghai Institutes for Biological Sciences of Chinese Academy
of Sciences, and cultivated in Dulbecco’s modified Eagle’s
medium (Gibco, Waltham, MA, USA) containing 10% fetal
bovine serum (Gibco), penicillin (100 U mL™') and
streptomycin (100 mg mL™") at 37°C in a humidified incubator
with 5% CO,. Twenty-four hours before the experiments, the
cells were grown in medium without antibiotic supplements. S.
pneumoniae serotype 3 strain (ATCC 6303) was purchased from
American Type Culture Collection (ATCC, Manassas, VA,
USA). Single-colony isolates of S. pneumoniae were grown
overnight on blood agar plates at 37°C with 5% CO,.

Infection studies and measurement of cell viability

For infection of A549 cells, single colonies were expanded by
resuspension in brain heart infusion broth and incubation at
37°C until the midlog phase (ODggg, 0.3-0.4), and then were
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harvested by centrifugation. A549 cells were inoculated with S.
pneumoniae resuspended in cell culture medium without
antibiotics at 37°C and 5% CO,. For each experiment, a new
aliquot of bacteria was slowly thawed and added to the cell
medium at a multiplicity of infection of 20 (ie. 20
pneumococci per epithelial cell). All experiments were
performed in triplicate.

A549 cells were seeded at a density of 5 x 10* cells per well
(100 pL) in 96-well plates. At 70-80% confluence, the cells
were incubated with S. pneumoniae at 37°C for the indicated
times. Cell viability was measured using Cell Counting Kit-8
(Dojindo  Molecular  Technologies, Kumamoto, Japan),
following the manufacturer’s instructions. The absorbance was
measured in a multifunction microplate reader (BioTek,
Winooski, VT, USA) at 450 nm.

RNA extraction, library construction and sequencing

Total RNA was isolated from A549 cells after pneumococcal
infection according to standard procedures using TRIzol
Reagent (Thermo Fisher Scientific, Waltham, MA, USA). The
purity and quality of the RNA were examined using a Nano
Photometer spectrophotometer (Implen, Munich, German)
and the Agilent Bioanalyzer 2100 system (Agilent
Technologies, Santa Clara, CA, USA); RNA samples having an
RNA integrity number > 7.0 were used for further analysis.
About 5 pg of total RNA per sample (with three biological
replicates) was used as input material for complementary
DNA (cDNA) library construction using an Illumina TruSeq
RNA Sample Preparation Kit (Illumina, San Diego, CA, USA).
Approximately 3 pg of total RNA from each sample (with
three biological replicates) was used to prepare a small RNA
library generated using the NEBNext Multiplex Small RNA
Library Prep Set for Illumina (NEB, Ipswich, MA, USA),
following the manufacturer’s protocol. The quality of each
cDNA library and small RNA library was assessed on the
Agilent Bioanalyzer 2100 system. The cDNA and small RNA
libraries were sequenced on the Illumina HiSeq 4000 platform
with 150-bp paired-end reads generated.

Data preprocessing

RNA-seq raw reads were processed in a similar manner as
previously described.”>** Both 3’ and 5" adapter contaminants
were removed by Cutadapt, and the full-length reads were
processed as FASTA format using an in-house pipeline.”” After
preprocessing, the quality of these reads was evaluated by
FastQC and further visualized by SplicingViewer software.>®
Read alignments to the human genome and count detections
were conducted using Hiast2 and StringTie, respectively.

For the small RNA library sequencing data, high-quality
trimmed reads were obtained after quality control, including
removal of low-quality reads from the raw data and reads with
adapter contaminants. The remaining reads with lengths
ranging from 18 to 35 nucleotides were chosen for further
analysis. The clean data were mapped to the hg38 reference
sequence and aligned against miRbase version 21 by Bowtie.””

mRNA and miRNA expression profiling

Differential expression analysis and validation of DE
genes or miRNAs by qRT-PCR

DE genes and DE miRNAs in cells infected by bacteria
between any two points were identified by the DESeq2
package in R®® based on the raw counts obtained from the
previous steps. The P-values for differential expression analysis
were corrected by the Benjamini and Hochberg FDR
procedure in DESeq2. For the RNA-seq data, both FDR < 0.05
and FC > 1.5 were set as the thresholds for DE genes. For the
miRNA-seq data, both FDR < 0.05 and FC > 2 were set as the
thresholds for DE miRNAs.

The selected DE genes were validated by qRT-PCR to confirm
the robustness of RNA-seq. Each ¢cDNA was synthesized from
1 ng of total RNA using the GoTaq 2-Step qPCR System Kit
(Promega, Madison, Wisconsin, USA). qRT-PCR was
performed on the Applied Biosystems QuantStudio Real-time
PCR Instrument (Thermo Fisher Scientific), according to the
manufacturer’s protocols. All measurements for each sample
were performed in triplicate, and the FC in a gene was
calculated based on the 27°““" method after normalization
against B-actin. All relevant primers are listed in Supplementary
table 13. The correlation between RNA-seq FCs and FCs from
qRT-PCR was calculated using Pearson’s test.

For the validation of expression data generated by miRNA-
seq, each cDNA was synthesized from 1 pg of RNA by the
miScript II RT Kit (Qiagen, Dusseldorf, Germany). qRT-PCR
was performed for each sample in triplicate with U6 as an
internal control. The qRT-PCR instrument and the calculation
of FCs in miRNAs were identical to those described
previously. The Bulge-loop miRNA qRT-PCR primer sets (one
RT primer and a pair of gPCR primers for each set) specific
for eight miRNAs were designed and synthesized by RiboBio
(Guangzhou, China). The correlation between miRNA-seq FCs
and FCs from qRT-PCR was calculated by Pearson’s test.

Time-series clustering of DE gene enrichment

We clustered DE genes along a time series using Mfuzz
(version 2.42.0) in the R package based on the fuzzy c-means
method.” Log transformations of the average expression value
of each gene at each time point were processed to construct
an ExpressionSet object and standardize the expression values.
The standardized expression data were used as input to
generate the clusters with membership values over 0.5 for each
DE gene and at least 90% of the DE genes were assigned to a
unique cluster.

Key regulators for DE genes in each cluster

We determined whether DE genes in all clusters were
regulated by TFs based on predictions using the TRRUST
database.”” A transcriptional regulatory relationship between a
TF and DE genes in each cluster was considered statistically
significant with the following thresholds: a corrected P
value < 0.05 and gene counts > 5. The TF target networks
were constructed by Cytoscape version 3.4.0.%°

739



mRNA and miRNA expression profiling

Protein extraction, western blot assay and drug
treatment

Total protein was extracted from cultured cells at different time
points using a protein extraction kit (KeyGen Biotech, Nanjing,
China). After infection, the cultured cells were simultaneously
treated with the NF-xB inhibitor PDTC (Sigma Chemical
Company, St. Louis, MO, USA) at 25 pu for the different time
intervals to inhibit p-p65. An equal amount of extracted protein
was separated by sodium dodecyl sulfate—polyacrylamide gel
electrophoresis and transferred to a polyvinylidene difluoride
membrane. After blocking with 5% skim milk in Tris-buffered
saline, 0.1% Tween 20 (TBST) for 1 h at room temperature, the
membrane was incubated with antibodies against p65 (Catalog
number: 8242; Cell Signaling Technology, Boston, MA, USA) or
p-p65 at Ser™ (Catalog number: 3033; Cell Signaling
Technology). Antibodies against glyceraldehyde 3-phosphate
dehydrogenase (Catalog number: 10494-1-AP; Proteintech,
Rosemont, USA) and proliferating cell nuclear antigen (Catalog
number: 10205-2-AP; Proteintech, Rosemont, USA) were used
as endogenous control for nucleus and cytosol, respectively.
Image Lab version 5.2 software was used to calculate the relative
expression levels of each protein. Data were presented as the
means £ s.d. from three independent experiments. Significant
differences between groups were determined using a two-tailed
unpaired Student’s f-test or one-way analysis of variance.
Cytoplasmic and nuclear fractionation from A549 cells was
performed according to standard procedures using Nuclear and
Cytoplasmic Extraction Reagents (catalog number: 78833;
Thermo Fisher Scientific).

miRNA target prediction and correlation analysis

To identify potential interactions of miRNAs with their target
mRNAs, we predicted the target DE miRNA-mRNA pairs
using TargetScan®' and the miRanda database.®* DE miRNA—
mRNA pairs detected simultaneously in both data sets were
used for subsequent analysis. We next calculated Pearson’s
correlation coefficient (R) between expression levels of each
DE miRNA and its predicted mRNAs, in which only those DE
miRNA-mRNA pairs with R < —0.5 were chosen. Then, we
extracted the DE miRNA-DE mRNA pairs based on the DE
mRNAs identified in this study.

Network construction using MCODE and permutation
analysis

The interactive network for all DE genes was built using the
GeneMANIA software based on physical interactions, genetic
interactions, predicted functional relationships, colocalization
and coexpression.®> Then, we employed the MCODE plugin in
Cytoscape to detect higher connected modules in the network
with scores > 5.°* By adopting a permutation test with 100 000
iterations based on the ranking of genes and their connections,
we assessed statistical significance for the number of interacting
genes and connections relative to random expectations. All the
networks were visualized using Cytoscape version 3.4.0.
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Enrichment analysis using Gene Ontology terms and
Kyoto Encyclopedia of Genes and Genomes pathways

In this study, GO analysis was used to annotate genes and gene
products, and dissect the biological characteristics of associated
gene set.”> The KEGG analysis was used to analyze functional
and metabolic pathways from the associated gene set.’® GO
enrichment analysis in biological process and KEGG were used
to annotate genes by the “enrichGO” and “enrichKEGG”
function of the clusterProfiler’” package in R, respectively. GO
terms and KEGG pathways with corrected P-values (FDR) <
0.05 were considered to be meaningful enrichments.

ACKNOWLEDGMENTS

This study was supported by the Science and Technology
Project of Wenzhou (No. Y20190437), the Natural Science
Foundation of Zhejiang Province (No. LQ17H010003) and the
National Natural Science Foundation of China (No.
81700011).

CONEFLICT OF INTEREST

The authors declare no conflict of interest.

REFERENCES

1. Weitnauer M, Mijosek V, Dalpke AH. Control of local
immunity by airway epithelial cells. Mucosal Immunol
2016; 9: 287-298.

2. Whitsett JA, Alenghat T. Respiratory epithelial cells
orchestrate pulmonary innate immunity. Nat Immunol
2015; 16: 27-35.

3. Mitchell AM, Mitchell TJ. Streptococcus pneumoniae:
virulence factors and variation. Clin Microbiol Infect 2010;
16: 411-418.

4. Weight CM, Venturini C, Pojar S, et al. Microinvasion by
Streptococcus  pneumoniae  induces  epithelial innate
immunity during colonisation at the human mucosal
surface. Nat Commun 2019; 10: 3060.

5. Novick S, Shagan M, Blau K, et al. Adhesion and invasion
of Streptococcus pneumoniae to primary and secondary
respiratory epithelial cells. Mol Med Rep 2017; 15: 65-74.

6. Nembrini C, Marsland BJ, Kopf M. IL-17-producing T
cells in lung immunity and inflammation. J Allergy Clin
Immunol 2009; 123: 986-994; quiz 995-986.

7. Mitchell JP, Carmody RJ. NF-kB and the Transcriptional
Control of Inflammation. Int Rev Cell Mol Biol 2018; 335:
41-84.

8. Thai P, Loukoianov A, Wachi S, Wu R. Regulation of
airway mucin gene expression. Annu Rev Physiol 2008; 70:
405-429.

9. Jenner RG, Young RA. Insights into host responses against
pathogens from transcriptional profiling. Nat Rev
Microbiol 2005; 3: 281-294.

10. Lambert SA, Jolma A, Campitelli LF, et al. The human
transcription factors. Cell 2018; 172: 650—665.



H Li et al.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Aprianto R, Slager J, Holsappel S, Veening JW. Time-
resolved dual RNA-seq reveals extensive rewiring of lung
epithelial and pneumococcal transcriptomes during early
infection. Genome Biol 2016; 17: 198.

Scicluna BP, van Lieshout MH, Blok DC, Florquin S, van
der Poll T. Modular transcriptional networks of the host
pulmonary response during early and late pneumococcal
pneumonia. Mol Med 2015; 21: 430—441.

van Lieshout MH, Scicluna BP, Florquin S, van der Poll
T. NLRP3 and ASC differentially affect the lung
transcriptome during pneumococcal pneumonia. Am |
Respir Cell Mol Biol 2014; 50: 699-712.

Bootsma HJ, Egmont-Petersen M, Hermans PW. Analysis

of the in wvitro transcriptional response of human
pharyngeal epithelial cells to adherent Streptococcus
pneumoniae:  evidence for a distinct response to

encapsulated strains. Infect Immun 2007; 75: 5489-5499.
Nejad C, Stunden HJ, Gantier MP. A guide to miRNAs in
inflammation and innate immune responses. FEBS ] 2018;
285: 3695-3716.

Kumar Kingsley SM, Vishnu BB. Role of MicroRNAs in
the development and function of innate immune cells. Int
Rev Immunol 2017; 36: 154—175.

Janapatla RP, Hsu MH, Hsieh YC, Lee HY, Lin TY, Chiu
CH. Necrotizing pneumonia caused by nanC-carrying
serotypes is associated with pneumococcal haemolytic
uraemic syndrome in children. Clin Microbiol Infect 2013;
19: 480—486.

Byington CL, Hulten KG, Ampofo K, et al. Molecular
epidemiology of pediatric pneumococcal empyema from
2001 to 2007 in Utah. J Clin Microbiol 2010; 48: 520-525.
Wu C, Qin X, Li P, et al. Transcriptomic analysis on
responses of murine lungs to Pasteurella multocida
Infection. Front Cell Infect Microbiol 2017; 7: 251.

Gomez JC, Dang H, Kanke M, et al. Predicted effects of
observed changes in the mRNA and microRNA
transcriptome of lung neutrophils during S. pneumoniae
pneumonia in mice. Sci Rep 2017; 7: 11258.

Lalani Al, Moore CR, Luo C, et al. Myeloid cell TRAF3
regulates immune responses and inhibits inflammation
and tumor development in mice. J Immunol 2015; 194:
334-348.

O’Neill LA, Hardie DG. Metabolism of inflammation
limited by AMPK and pseudo-starvation. Nature 2013;
493: 346-355.

Becker T, Loch G, Beyer M, et al. FOXO-dependent
regulation of innate immune homeostasis. Nature 2010;
463: 369-373.

Deng W, Ma L, Zhang Y, et al. THANATOS: an
integrative data resource of proteins and post-translational
modifications in the regulation of autophagy. Autophagy
2018; 14: 296-310.

Breuer K, Foroushani AK, Laird MR, et al. InnateDB:
systems biology of innate immunity and beyond-recent
updates and continuing curation. Nucleic Acids Res 2013;
41: D1228-1233.

Singh H, Khan AA, Dinner AR. Gene regulatory networks
in the immune system. Trends Immunol 2014; 35:
211-218.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

mRNA and miRNA expression profiling

Han H, Cho JW, Lee S, et al. TRRUST v2: an expanded
reference database of human and mouse transcriptional
regulatory interactions. Nucleic Acids Res 2018; 46: D380-D386.
Dorrington MG, Fraser IDC. NF-«xB Signaling in
Macrophages: Dynamics, crosstalk, and signal integration.
Front Immunol 2019; 10: 705.

Yang J, Song H, Cao K, Song J, Zhou J. Comprehensive
analysis of Helicobacter pylori infection-associated diseases
based on miRNA-mRNA interaction network. Brief
Bioinform 2019; 20: 1492—-1501.

Kimaro Mlacha SZ, Romero-Steiner S, Hotopp JC, et al.
Phenotypic, genomic, and transcriptional characterization
of Streptococcus pneumoniae interacting with human
pharyngeal cells. BMC Genom 2013; 14: 383.

Gomez MI, Prince A. Airway epithelial cell signaling in
response to bacterial pathogens. Pediatr Pulmonol 2008;
43: 11-19.

Chun J, Prince A. Activation of Ca®*"-dependent signaling
by TLR2. | Immunol 2006; 177: 1330-1337.

Ratner AJ, Bryan R, Weber A, et al. Cystic fibrosis
pathogens activate Ca”'-dependent mitogen-activated
protein kinase signaling pathways in airway epithelial cells.
] Biol Chem 2001; 276: 19267—19275.

Celli J, Tsolis RM. Bacteria, the endoplasmic reticulum
and the unfolded protein response: friends or foes? Nat
Rev Microbiol 2015; 13: 71-82.

Warren AJ. Eukaryotic transcription factors. Curr Opin
Struct Biol 2002; 12: 107-114.

Wu J, Wang S, Bai ], et al. ArchaeaTF: an integrated
database of putative transcription factors in Archaea.
Genomics 2008; 91: 102—-107.

Lin CH, Shih CH, Chen BC. Thrombin-induced IL-8/
CXCLS8 release is mediated by CK2, MSKI1, and NF-«B
pathways in human lung epithelial cells. Eur J Pharmacol
2015; 767: 135-143.

Joo JH, Jetten AM. NF-kB-dependent transcriptional
activation in lung carcinoma cells by farnesol involves
p65/RelA(Ser276) phosphorylation via the MEK-MSK1
signaling pathway. J Biol Chem 2008; 283: 16391-16399.
Hillmer EJ, Zhang H, Li HS, Watowich SS. STAT3
signaling in immunity. Cytokine Growth Factor Rev 2016;
31: 1-15.

Scharf S, Hippenstiel S, Flieger A, Suttorp N, N’Guessan
PD. Induction of human [-defensin-2 in pulmonary
epithelial cells by Legionella pneumophila: involvement of
TLR2 and TLR5, p38 MAPK, JNK, NF-kB, and AP-1. Am
] Physiol Lung Cell Mol Physiol 2010; 298: L687-695.
Becker MN, Diamond G, Verghese MW, Randell SH.
CD14-dependent lipopolysaccharide-induced [-defensin-2
expression in human tracheobronchial epithelium. J Biol
Chem 2000; 275: 29731-29736.

Diamond G, Kaiser V, Rhodes J, Russell JP, Bevins CL.
Transcriptional regulation of B-defensin gene expression
in tracheal epithelial cells. Infect Immun 2000; 68: 113—
119.

Park JW, Shin NR, Shin IS, et al. Silibinin Inhibits
Neutrophilic Inflammation and Mucus Secretion Induced
by Cigarette Smoke via Suppression of ERK-SP1 Pathway.
Phytother Res 2016; 30: 1926—1936.

741



mRNA and miRNA expression profiling

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

742

Yuan-Chen WuD, Wu R, Reddy SP, Lee YC, Chang MM.
Distinctive epidermal growth factor receptor/extracellular
regulated kinase-independent and -dependent signaling
pathways in the induction of airway mucin 5B and mucin
5AC expression by phorbol 12-myristate 13-acetate. Am J
Pathol 2007; 170: 20-32.

Hewson CA, Edbrooke MR, Johnston SL. PMA induces
the MUC5AC respiratory mucin in human bronchial
epithelial cells, via PKC, EGF/TGF-o, Ras/Raf, MEK, ERK
and Spl-dependent mechanisms. ] Mol Biol 2004; 344:
683-695.

Contreras J, Rao DS. MicroRNAs in inflammation and
immune responses. Leukemia 2012; 26: 404—413.

Opal SM, Ellis JL, Suri V, et al. Pharmacological Sirtl
activation improves mortality and markedly alters
transcriptional profiles that accompany experimental
sepsis. Shock 2016; 45: 411-418.

Lin L, Wen SH, Guo SZ, et al. Role of SIRTI in
Streptococcus  pneumoniae-induced human -defensin-2
and interleukin-8 expression in A549 cell. Mol Cell
Biochem 2014; 394: 199-208.

Shin H, Jeon J, Lee JH, Jin S, Ha UH. Pseudomonas
aeruginosa GroEL stimulates production of PTX3 by
activating the NF-xB pathway and simultaneously
downregulating microRNA-9. Infect Immun 2017; 85.
Bazzoni F, Rossato M, Fabbri M, et al. Induction and
regulatory function of miR-9 in human monocytes and
neutrophils exposed to proinflammatory signals. Proc Natl
Acad Sci USA 2009; 106: 5282-5287.

Cheng Y, Du L, Jiao H, et al. Mmu-miR-27a-5p-
dependent upregulation of MCPIP1 inhibits the
inflammatory response in LPS-induced RAW264.7
macrophage cells. Biomed Res Int 2015; 2015:
607692.

Lin HS, Gong JN, Su R, et al. miR-199a-5p inhibits
monocyte/macrophage differentiation by targeting the
activin A type 1B receptor gene and finally reducing C/
EBPa expression. | Leukoc Biol 2014; 96: 1023—1035.
Wang T, Liu Q, Li X, et al. RRBS-analyser: a
comprehensive web server for reduced representation
bisulfite sequencing data analysis. Hum Mutat 2013; 34:
1606-1610.

Liu Z, Li F, Pan A, et al. Elevated CCL19/CCR7
expression during the disease process of primary Sjogren’s
syndrome. Front Immunol 2019; 10: 795.

Li J, Jiang Y, Wang T, et al. mirTrios: an integrated
pipeline for detection of de novo and rare inherited
mutations from trios-based next-generation sequencing. J
Med Genet 2015; 52: 275-28]1.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

H Li et al.

. Liu Q, Chen C, Shen E, Zhao F, Sun Z, Wu J. Detection,

annotation and visualization of alternative splicing from
RNA-Seq data with SplicingViewer. Genomics 2012; 99:
178-182.

Langmead B, Trapnell C, Pop M, Salzberg SL. Ultrafast
and memory-efficient alignment of short DNA sequences
to the human genome. Genome Biol 2009; 10: R25.

Love MI, Huber W, Anders S. Moderated estimation of
fold change and dispersion for RNA-seq data with
DESeq2. Genome Biol 2014; 15: 550.

Kumar L, Futschik ME. Mfuzz: a software package for soft
clustering of microarray data. Bioinformation 2007; 2: 5-7.
Shannon P, Markiel A, Ozier O, et al. Cytoscape: a
software  environment for integrated models of
biomolecular interaction networks. Genome Res 2003; 13:
2498-2504.

Friedman RC, Farh KK, Burge CB, Bartel DP. Most
mammalian mRNAs are conserved targets of microRNAs.
Genome Res 2009; 19: 92—-105.

John B, Enright AJ, Aravin A, Tuschl T, Sander C, Marks
DS. Human microRNA targets. PLoS Biol 2004; 2: e363.
Warde-Farley D, Donaldson SL, Comes O, et al. The
GeneMANIA  prediction biological network
integration for gene prioritization and predicting gene
function. Nucleic Acids Res 2010; 38: W214-W220.

Bader GD, Hogue CW. An automated method for finding
molecular complexes in large protein interaction networks.
BMC Bioinformatics 2003; 4: 2.

Ashburner M, Ball CA, Blake JA, et al. Gene ontology:
tool for the unification of biology. The Gene Ontology
Consortium. Nat Genet 2000; 25: 25-29.

Altermann  E, Klaenhammer TR. PathwayVoyager:
pathway mapping using the kyoto encyclopedia of genes
and genomes (KEGG) database. BMC Genom 2005; 6: 60.
Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R
package for comparing biological themes among gene
clusters. OMICS 2012; 16: 284-287.

SErver:

SUPPORTING INFORMATION

Additional supporting information may be found online in the
Supporting Information section at the end of the article.

© 2020 The Authors. Immunology & Cell Biology published by John Wiley &
Sons Australia, Ltd on behalf of Australian and New Zealand Society for
Immunology, Inc.

This is an open access article under the terms of the Creative Commons Attrib
ution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

