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Background: Humans are subjected to various environmental stressors (bacteria, vi-

L . effect of these exposures with age. The impact of these environmental stressors can
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life (particularly in early development), we propose the use of HRV under controlled
conditions can model the effect of multiple exposures to environmental stressors.
Methods: We generated a prediction model by combining transcriptome and DNAm
datasets from human epithelial cells after repeated HRV infections. We applied a
novel experimental statistical design and method to systematically explore the multi-
faceted experimental space (humber of infections, multiplicity of infections and dura-
tion). Our model included 35 samples, each characterized by the three parameters
defining their infection status.

Results: Trainable genes were defined by a consistent linear directionality in DNAm
and gene expression changes with successive infections. We identified 77 trainable

genes which could be further explored in future studies. The identified methylation
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sites were tracked within a pediatric cohort to determine the relative changes in
candidate-trained sites with disease status and age.

Conclusions: Repeated viral infections induce an immune training response in bron-
chial epithelial cells. Training-sensitive DNAm sites indicate alternate divergent as-
sociations in asthma compared to healthy individuals. Our novel model presents a

robust tool for identifying trainable genes, providing a foundation for future studies.
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GRAPHICAL ABSTRACT

This study aimed to identify trainable genes responsive to repeated HRV infections by examining changes in DNA methylation and gene
expression in human bronchial epithelial cells (BEAS-2B). By using an innovative experimental design (DoE) and integrating transcriptome
and methylation data, the developed method successfully served as a prediction model. Key findings included the identification of 77
trainable genes (TGs). The tracking of TGs methylation sites within an asthmatic pediatric cohort revealed differential associations with
disease status and age. Additionally, distinct methylation sites associated with asthma and age highlight potential biomarkers for early
diagnosis and future therapeutic targets. ALLIANCE, all-age asthma cohort; BEAS-2B, human bronchial epithelium cell line; DAMPS,
damage-associated molecular pattern; DEGs, differentially expressed genes; DMPs, differentially methylated probes; DoE, design of
experiments; ECM, extracellular matrix; HRV, human rhinovirus; TGs, trainable genes.
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1 | INTRODUCTION memory, includes the long-term effect of inflammatory repro-

gramming on immune and structural cells, such as epithelial cells
Trained immunity is a concept underlying the epigenetic and met- and fibroblasts. In adaptive immune cells, immunological memory
abolic reprogramming of the innate immune system in response is determined by a set of genes transcribed in response to a specific
to various exposures. This concept, also known as inflammatory pathogen.2 On the other hand, trained innate immune cells modify
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certain areas of DNA structures to enable varied gene transcrip-
tion in response to the type of exposure and its duration.®™ The
mechanisms underlying trained immunity have been investigated
in-depth in the last decade.®™ The mechanisms are well character-
ized in immune cells such as macrophages, yet the role of trained
immunity in the airway epithelium remains incompletely resolved.
This is despite the crucial role of the epithelium as the first barrier
against foreign particles and pathogens. Many studies show that
innate immune cells can maintain long-term epigenetic memory of
prior inflammation (reviewed in [10-12]), but it remains unclear if
that long-term memory is selective for the exposure and involves
specific gene sets. As such, we hypothesize that innate memory in
epithelial cells is induced by genes that can be trained and that this
training can be specific for particular triggers.

Physiological and molecular changes in response to viral in-
fections have long-term functional effects, enabling a fine-tuned
response to subsequent pathogenic exposures. Human rhino-
viruses (HRV) are among the most frequent viruses causing the
common cold.*® HRV is a single-stranded RNA (ssRNA) consisting
of a single genome encoding 11 proteins.** HRV exists as multi-
ple serotype species (HRV-A, HRV-B, and HRV-C), according to
the International Committee on Taxonomy of Viruses (ICTV).?
HRV often causes upper and lower respiratory infections in
healthy individuals, although HRV instead triggers more severe
and long-lasting lower respiratory infections in asthmatic children
and adults.**2° The complex relationship between HRV infection
and asthma development has been investigated in previous stud-
jes, 132122 highlighting the central role of HRV infection in asthma
exacerbations. Asthma is a chronic inflammatory respiratory dis-
ease characterized by airflow obstruction, wheezing, and airway
hyperresponsiveness, causing episodic shortness of breath (ex-
acerbations).?® Multiple viral infections (particularly HRV) during
childhood are a strong determinant of aberrant lung development
and increased risk of asthma development.24 Children often share
common environmental exposures (exposure to microbes, viruses,
smoking, and household pets) that influence the expression profile
of immune-related genes mediated by epigenetic changes such as
DNA methylation (DNAm).2° The biological processes impacted by
these environmental factors remain a key research focus. In par-
ticular, viral infections have gained significant attention over the
past decade. Our recent studies identified changes to the airway
epithelium that persist after viral clearance, which could aggravate
asthma symptoms.*'*2 However, it remains unclear how DNAm is
altered in response to these exposures and which biological path-
ways are affected.

We hypothesize that repeated infections with HRV cause DNAm
changes that alter subsequent gene expression. As such, using a
unique design of experiment (DoE) to infect bronchial epithelial cells
multiple times with HRV, we aimed to identify trainable genes reg-
ulated by changes in DNA methylation. We sought to follow up on
such candidate-trained DNA methylation sites in a pediatric asthma

cohort.

2 | METHODS
2.1 | Design of experiments (DoE)

To analyse the effect of the duration of viral infection (DOI, hours
of exposure to viral particles), the multiplicity of infection (MOI,
number of viral particles per cell), and the number of repeated
infections (NOI) demands a “One-Factor-at-A-Time” (OFAT) ap-
proach necessitating enormous resources. This would require a
prohibitive number of samples, resources, and time, which would
be hampered by batch effects due to the sheer size.?® Especially
when investigating methylation reprogramming after five repeated
infections, the full model would have to include a huge number of
samples (at least 135 samples). To overcome these limitations, we
applied a statistical method to the experimental layout. Design
of Experiments (DoE) is a mathematically supported approach to
explore unchartered complex experimental spaces systematically.
We devised a full-factorial, three-level DoE to leverage the con-
tinuous experimental space created by DOI, MOI, and NOI. These
features were factorized: DOI: 4h, 24 h, 44h; MOI: 0O, 5, 10; and
NOI: 1, 3, 5 (Figure S1). This statistical model was designed using
the DoE full-factorial design tool of JMP (v12, SAS, USA) to deliver
linear models between factorized variables and measurable bio-
logical outcomes (DNA methylation and gene expression). These
regression models would further allow the imputation of values
within the DoE not included by the factorized variables (Figure 1).
We have applied this DoE previously.12

2.2 | Cellculture

As described previously,*2 human bronchial epithelial cells (BEAS-2B)
were cultured in cell growth medium (BEGM) without gentamycin
(GA)-1000 (Lonza, Switzerland) in pre-coated flasks (fibronectin, col-
lagen type |, and bovine serum albumin). At 80% confluency, cells
were infected with HRV-16 at MOI: 0O, 5, and 10, and for DOI: 4h,
24 h, and 44 h. Infected cells were divided in two: (1) 80% of the cells
were collected in RLT buffer (Qiagen, Hilden, Germany) for down-
stream DNA methylation (DNAm) and transcriptomic (RNAseq)
analyses; (2) 20% of the cells were expanded to 80% confluency
(approximately 72h) for re-infection (Figure S2). This method was
repeated for up to five infections. A breakdown of treatment condi-
tions is located in Table S1.

2.3 | Genome-wide methylation analysis and
sequencing

As described previously,'* DNA and RNA were isolated from each
sample using the AllPrep DNA/RNA/Protein Mini Kit (Qiagen). RNA
quality was evaluated via Agilent 2100 Bioanalyzer using Agilent
RNA6000 Nano Chip (Agilent, USA). The concentrations of DNA
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FIGURE 1 Chart outlining the DoE design for the full (A) and three-level (B) factorial model. The three-level factorial design used in this
study includes 35 different samples with three independent variables (MOI, DOI, and NOI) with three replicates. Each NOI (noi1, noi3, and
noi5) includes five points that create two regression lines for analysis.
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and RNA were measured by the FLUOstar Omega system (BMG
Labtech, Ortenberg, Germany). DNAm analysis was performed via
the HumanMethylation450 BeadChip Kit (lllumina, San Diego, USA),
and RNA sequencing (RNAseq) was performed via the HiSeq2500
System (lllumina, San Diego, USA). DNAm and RNAseq were quanti-
fied by the Institute of Clinical Molecular Biology, Christian Albrechts

University of Kiel, following the manufacturer's protocols.

2.4 | Pre-processing of RNA & DNA

Forthe RNAseq, raw data was quality-controlled using fastqc (v0.11.9).

9?7 to trim

Data preprocessing was completed using Trimmomatic-0.3
the repeated adapter-like sequences, low-quality reads (Q-score <20),
and short reads (<35 bp). The remaining high-quality paired-end reads
were aligned to the reference genome (Homo sapiens, GRCh38.107:
Ensembl) using bowtie2.? The mapped reads were aligned to each
gene with SAMtools to produce multiple binary alignment map (BAM)
files.?? Gene counts were extracted using FeatureCounts.*°

For the lllumina 450K DNAm array, raw IDAT files were pro-
cessed using the minfi pipeline (v1.43.0).3! Processed data were
normalized by quantile normalization for accurate DNA methyla-
tion estimation.®2 A quality control check based on mean detection
p-value was carried out before and after normalization, and poor-

quality samples (p-value >.05) were removed.

2.5 | Cohortdata

Patient samples (n=120) analysed in this investigation were collected
as part of the “All-age-asthma-cohort” (ALLIANCE).>® The ALLIANCE
study protocols were approved by the local medical ethics committee
of the University of Libeck (Vote 12-215; 18.12.2012), and all pa-
tients or their parent/guardian gave written informed consent. Nasal
brushings were collected from patients with DNA isolated using
the AllPrep DNA/RNA/Protein Mini Kit (Qiagen). DNA methylation
(DNAm) was analysed using an lllumina EPIC BeadChip array by the
Institute of Clinical Molecular Biology, Christian Albrechts University
of Kiel. DNAm data quality and normalization were assessed using
the R packages minfi, MethylAid, and wateRmelon. Normalization
was completed using the dasen method in the wateRmelon package.
Only pediatric study participants (age <18years old) were included.
Clinical characteristics were derived from patient medical history
records, standardized questionnaires, structured interviews, and ob-
jective measurements. A summary of the basic demographics of the

study population is included in Table S2.

2.6 | ALLIANCE cohort data sharing statement

The data used in this study are sensitive due to individual patient-level
data, including but not limited to minors. It will not be made publicly
available. Individual participant data that underlie the results (text,

tables, figures, including code/statistics) reported in this article can be
released after de-identification and approved request. Investigators
who seek access may contact the use-and-access committee (for each
study). A breakdown of the cohort demographics is summarized in
Table S2. All-Age-Asthma-Cohort: alliance@imbs-luebeck.de.

2.7 | Analysis & statistical methods

Principal component analysis (PCA) was conducted on both
RNAseq/DNAm data to determine the effects of known variables
and confounders. The limma package (v3.53.7) was used to analyse
RNAseq and DNAm data.®* The downstream analysis of the pro-
cessed count data was carried out with limma/R, the mean-variance
trend was converted into precision weights, then log-transformed
by the voom function. A linear mixed model was used to analyse
the entire experiment after the batch correction using the sva
package.35 For statistical inference, the empirical Bayes method
estimated the likelihood distribution of the data. Using ensembldb
(v2.22.0) differentially expressed genes (DEGs) were annotated to
specific entries (e.g., protein coding, long non-coding RNA, non-
coding genes).>¢ Gene locations were obtained using the hg37
annotation using biomaRT (v2.54.1).%” Functional analysis was per-
formed with ClusterProfiler (v4.6.2).%8 Network graphic generated
using Cytoscape (v3.10.1) with ClueGo and CluPedia.>*~*! DMRcate
(v2.11.0) was used to determine, differentially methylated regions.
This algorithm agglomerates CpG locations with an adjusted p-value
below a false discovery rate (FDR) <.05. Specific parameters were
used (Lambda=1000, C=2, minimum CpGs=5).*> We also per-
formed expression quantitative trait methylation (eQTM) analysis
using MatrixEQTL (v2.3) to predict function associations between
DNAm and gene expression.*> MOl and DOI were entered as covari-
ates in the model, and the correction for multiple testing was com-
pleted using the Benjamini-Hochberg method. Visualization of DNA
co-methylation patterns was created with coMET (v1.30.0).** Data
mining for the trainable genes and CpGs utilized different databases
(e.g., Reactome, DAVID, PathCards, EWAS data Hub, UCSC Genome

Browser Database).*>~>°

2.8 | Definition and methods to predict
trainable genes

Genes demonstrating a persistent and mono-directional change
in gene expression and DNAm were defined as “trainable.” Those
genes show a consistent and mono-directional change in expression
and methylation with each subsequent infection. These changes
must not be transient but rather maintain their altered state across
subsequent infections and continue to change in the same direc-
tion. This method involves several stages, initially focusing on a set
of genes that are differentially expressed in a linear fashion after
each infection. The identification of functionally relevant differen-
tial methylation was inferred by changes in methylation status from
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unmethylated (beta value <.2) to partially methylated (beta value
between .2 and .6) or to fully methylated (beta value 2.6). For this,
differentially methylated sites between baseline (noi0) and after five
consecutive infections (noi5) were compared, selecting the CpG
sites exhibiting a shift between the above statuses. Next, to iden-
tify the CpGs changing with each infection, we extracted significant
differentially methylated probes (DMPs). Only CpGs located near
protein-coding genes were included (i.e., gene body, 5’'UTR, 3'UTR,
200 and 1500 base pairs upstream of the transcriptional start site).
Similarly, the expression results were analysed by selecting only
genes that meet the regression criteria (FDR <0.05).

By merging RNAseq and DNAm results, we compiled a gene list
that demonstrates a linear gene expression change associated with
DMPs in response to multiple HRV infections. These are termed

“trainable genes” (TGs) (Figure 2). A separate analysis was completed

DNA methylation
Matrix

for non-protein-coding gene regions that were included within our
developed method (Table S21), as these CpGs also indicate an ad-
herence to our defined training criteria. Methods for predicting the
untrainable genes are described in Appendix S1 and the untrainable
genes listed in Table S23. The grouping concept for each developed
model (trainable/untrainable) is shown in Figure S3.

3 | RESULTS

3.1 | RNA expression and DNA methylation
profiles differ after each infection

This study was designed to identify trainable genes respond-

ing to repeated viral infections. RNAseq and DNAm data were

Status change of
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FIGURE 2 Flow chart of the method

to obtain trainable genes. (Right) The
method used to obtain the trainable genes
(TGs). (Left) The method used to obtain
the trainable CpGs related to non-coding
regions (T.N.CpGs: Trainable CpGs in non-
coding regions).
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sampled following the first (N1), third (N3), and fifth (N5) infec-
tion (Figure 3A), and non-infected “mock” BEAS-2B cells served
as a control. Out of 35 libraries, 80% of reads were mapped to
the genome, resulting in a total of 61,806 transcripts. After pre-
processing, we retained 17,740 transcripts for differential gene
expression analysis. To minimize false positives, differentially ex-
pressed genes (DEGs) were determined at a false discovery rate
(FDR) <0.05. This analysis was completed across three compari-
sons: N3vs1, N5vs3, and N5vs1 (Tables S4-Sé). For N3vN1, 476
DEGs were identified (196 upregulated and 280 downregulated),
and for N5vN3 173 genes (100 upregulated and 73 downregu-
lated) (Figure 3B). The pathway analysis of these DEGs (N3vN1
and N5vN3) indicated shared biological processes such as the
Wnht signaling pathway, cell-substrate adhesion, and epithelial-to-
mesenchymal transition (Figure 3C) (Table S7).

For verification, we investigated an additional group (N5vN1)
to compare the cumulative effect of all infections to the stepwise
approach from above. We found 2834 upregulated and 2823
downregulated genes. Gene ontology (GO) analysis after five re-
peated infections revealed GO terms associated with cell cycle,
DNA repair, cholesterol biosynthesis, and mitochondrial trans-
lation (Table S8). We also observed the regulation of the apop-
totic signaling pathway, indicating that these DEGs are part of
damage-associated molecular patterns (DAMPs). Subsequently,
we identified 36 genes encoding DAMPs (5 downregulated and 31
upregulated) (Table S9).

Comparing the differences between repeated infections, we
observed 18 DEGs (Figure 3A) that showed significant variations.
Examining these patterns, we found genes that maintained their re-
gression direction (e.g., MRC2, ATRNL1, MAPKAPK3, WIPF1, NID1,
MAPKAPK3, TTLL7, ABCA8, TRPC1, CNTNAP3B, ZNF83, EVC2,
and GPR137C), while others were inconsistent and changed their re-
gression direction, such as GCNT2, PGF, SPECC1, VGLL4, TCF7L2,
and VPS33B (Table S10).

A similar approach was conducted for DNAm analysis.
Differentially methylated probes (DMPs) were determined at
an FDR <0.05. Overall, 54,035 DMPs were identified for N3v1
(28,595 up and 25,440 down) and 5286 DMPs (2351 up and 2935
down) in N5v3. For N5v1, we found 94,566 DMPs (46,382 up and
48,184 down) (Tables S12-S14). To define DNAm associated with
five repeated infections, differentially methylated regions (DMR)
between noi5 and noil were identified (Table S15). The DMPs
identified from these results were then used to filter the train-
able genes. Additional results for the effect of the first infection
(Noil vs. NoiO) on both expression and methylation are listed in
Tables S3 and S11.

3.2 | Trainable genes exhibit diversity
We have identified genes that exhibit linear expression changes

with each subsequent infection paired with a linear change in
proximal DMPs. As such, we have identified 77 potential virally

trained genes (TGs) (Table S16). eQTM analysis was conducted
on this subset of genes to statistically determine whether a cis-
regulatory relationship exists between CpG sites and gene expres-
sion. We identified a total of 787 cis-eQTMs (Table S17). Figure 4A
displays heatmaps representing the expression profile of the four
different expression response patterns across multiple infec-
tions. The expression of the TGs is displayed in the Figures S4-S7.
Pathway enrichment analysis of the TGs is presented in Figure 4B
as a network. We observe that key functional processes of cell-
cell communication, cellular signaling, and immune responses are
enriched within our identified TGs. The functional analysis results
(reactome pathways) for TGs are listed in Table S18. These results
show that the trainable genes are diverse and are involved in many
important processes.

In Table S19, the trainable genes were distinguished based on
their function and expression level. The top 20 trainable genes with
a high difference in their expression level across each infection
were ABCA8, ARHGAP20, ARL4C, BGN, BMPR1B, CA2, EVC2, IRF6,
KIF5C, KLF12, LAMC2, MECOM, MED12L, MEGFé6, PABPC1L, SDK1,
WFDC2, WIPF1, ZNF347, and ZSCAN18 with an FDR<1x107.
Other trainable genes showed enrichment for extracellular matrix
organization (BGN, CDH1, COL4A2, FBN1, LAMC2, and NID1), cy-
tokine signaling (EDARADD, FYN, GAB2, and IRF6), NF-xB pathway
(BMPR1B and MECOM), asthma (SASH1, FYN, and CDH1), DAMPs
(BGN and S100A8), transcription regulation (KLF12, MECOM,
SIM1, IRFé6, MED12L, ZEB2, ZSCAN18, ZNF117, ZNF347, ZNF518B,
and ZNF718), and the innate immune system (CARD11, CDH1,
EDARADD, FYN, GAB2, IRF6, LMO7, S100A8, SH3KBP1, TUBA4A,
WASF3, and WIPF1).

The primary focus of this model is to identify trainable genes
associated with DNA methylation sites (CpGs) (Table S20). These
CpGs are located in protein-coding genes. However, not all the
CpGs are located in such protein-coding regions. Consequently,
our model also found 2068 trainable CpGs in non-protein coding
regions (T.N.CpGs) (Table $21). Using data mining and methylation
studies from the EWAS Data Hub, we report 51 asthma-associated
CpGs located in non-coding regions (Table S22). Further fil-
tering based on the 54 CpGs that are enhancer elements
(FDR<1x107%) highlights the regulation by non-coding RNAs. We
identified 10 hypomethylated CpGs (cg16418183, cg04098829,
cg15812586, cg21915998, cg25054816, cg03002688,
€g22542373, cg10764891, cg12940886) and 14 hypermethyl-
ated CpGs (cg07044938, cg05318186, cg22903457, cg12352210,

cg23375169,  cg09371059,  cg25381253,  cgl0954469,
cg07352127,  cg22542222,  cg08599249,  ¢g18780021,
cg17130544, cg05484949).

3.3 | Comparative analysis of methylation

patterns of the trainable gene S100A8

Throughout development, individuals are exposed to multiple and
varied pathological stimuli, which can lead to worse outcomes in

B5U2D 1 SUOWILIOD SAIIERID) @[qeo 1 dde 8Ly AQ paueA0b a1 BRI VO 88N JO S3INU 10} AR1G 1T BUIIUO /B 1A LD (SUORIPUCD-PUR-SWIRY W™ A8 |1 ARRIq 1 BUIIUO//SUNY) SUORIPUOD PUe SW L 3} 885 *[7202/TT/5Z] U0 ARq1T8uiuo AB|iM ‘WnnuezsBunyosiod SSUISINSQ UeLoURN I WNILBZ Z)oYweH AQ 88EIT IIR/TTTT 0T/I0PALI0Y"AB|ImALIq Ul uo//SARy WOy papeojumoq ‘0 ‘G66686ET



RISHA ET AL.
N5v3 N3v1 N5v3 N3v1
‘ 2401 2885
noi1 noi3 noi5
DEGs ” DMPs

Log,Fold change Log,Fold change

©
N3v1 N5v3
cell-substrate adhesion [ | o
pvalue
. e 0.00
extracellular matrix organization - [ 0.01
0.02
Wnt signaling pathway - ] () 882
0.05
mitotic cell cycle phase transition o o
mitotic nuclear division - o GeneRatio
e 0.02
epithelial to mesenchymal transition A © J : 883
: : . @ o008
morphogenesis of a polarized epithelium - ° (
positive regulation of regulated secretory pathway 4  * o

5 10 15 20 5 10 15 20
Count

FIGURE 3 Results of expression profiles of human bronchial epithelium after repeated infections. (A) Schematic diagram of the
comparison groups and Venn diagram showing the number of significant overlapping DEGs and DMPs between N3v1 and N5v3. (B) Volcano
plot showing expression differences between repeated infection groups (n=235). Red indicates DEGs that differ at FDR <0.05 and have a
positive foldchange; blue indicates DEGs that differ at FDR <0.05 and have a negative foldchange. (C) top gene ontology terms.
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upregulation among repeated infections. Pathways are shown as grey circles.
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diseases such as asthma. These exposures can similarly induce a
training response that may be altered in the context of disease. As
such, the clinical relevance of our identified virus-trainable genes
was analysed across an individual's chronological age. We analysed
the global methylation level and promotor region methylation. Our
candidate in vitro TGs were compared to patient-derived data from
the ALLIANCE pediatric cohort (All-age-asthma-cohort). KLF12 is
an important transcription factor that demonstrates the high dif-
ference in its expression level in response to multiple infections
(Appendix S1: Figure SC2). S100A8 has a robust involvement in the
innate immune system and DAMPs. Figure 5 presents S100A8 with
its trainable CpG site (cg20335425). The CpG methylation level de-
creased with repeated infections, although interestingly the same
CpG showed increased methylation in vivo (ALLIANCE). Further,
both the global and promoter methylations of S100A8 followed a
different pattern in both datasets. Importantly, while healthy con-
trols experienced an age-dependent increase of methylations in the
S100A8 promoter region and globally, asthmatic patients maintained

methylation levels.

4 | DISCUSSION

To our knowledge, this study is the first of its kind to identify virally
trained genes (TGs) and associated CpGs, in respiratory epithelium.
The unique design of this study facilitated a robust approach that
helped identify TGs using a sample-reducing Design of Experiments
(DoE). The study comprised 35 samples consisting of three differ-
ent measurements for each factor (infection duration, multiplicity of
infection, and number of infections). This model combined gene ex-
pression and DNA methylation profiles of each sample, enabling the
identification of the training-associated changes induced by each
round of infection.

Our definition of TGs includes genes that show persistent, mono-
directional changes in their expression and DNA methylation. We
found 77 genes and 122 CpGs trainable by multiple HRV infections.
eQTM analysis estimated the functional impact of these CpGs on
gene expression, where 105 CpGs indicated an association with the
expression of 64 genes. Of these, 11 genes were involved in tran-
scription regulation (KLF12, MECOM, SIM1, IRF6, MED12L, ZEB2,
ZSCAN18, ZNF117, ZNF347, ZNF518B, ZNF718), while the remaining
TGs indicated enrichment for signal transduction, cell-cell communi-
cation, developmental biology, epithelial-to-mesenchymal transition,
and ECM organization pathways. These results suggest that virally-
trained genes play a central role in cell-environment interactions.
As such, a dysregulation of these genes could lead to functional and
structural dysfunction in response to further pathological exposures.

Epithelial barrier dysfunction is a central feature of asthma (and
allergy), which is consistently reported to contribute to disease pro-
gression and chronicity.>* Remarkably, viral infections may cause ab-
errant mucosal barrier function, implicated by a higher susceptibility

to further viral infections and symptom persistence.’? Highlighting

the connection between our identified training responses and dis-
ease, some of the identified trainable CpG sites have been reported
in asthma EWAS studies. These CpGs are not proximal to specific
genes but are instead located within non-coding regions.’®* This
likely indicates a more complex epigenetic regulation of training re-
sponse mechanisms arising from viral infections, which lies beyond
the current investigation's scope.

Our data revealed that the regulation of 36 DAMP-associated
genes significantly changed after five HRV infections (31 upregu-
lated, 5 downregulated). Our method identified only two of these
DAMPs as trainable (BGN and S100A8). Interestingly, SI00A8 was
recently associated with S100A9 in multiple COVID-19 studies,
with their protein complex mediating host proinflammatory re-
sponses during infection.>>™’ Furthermore, the S100A8/S100A9
complex was characterized as a potential biomarker for neutrophilic

asthma®®%?

and hypothesized to play a part in airway remodeling in
asthma.® Despite this, further and more detailed investigations are
needed to fully understand the S100A8 function. Hypomethylation
of ¢g20335425 in the S100A8 intronic region shows an oppos-
ing methylation regression pattern with age compared to repeated
infections.

The exact influence of intronic methylation sites on gene expres-
sion is not fully understood, as introns contain complex regulatory
elements (enhancers and silencers) potentially influencing chroma-
tin accessibility for transcription factors.®"%% The significance of
intronic regulation has been highlighted in cancer research.®* For
instance, we previously reported an intronic epigenetic regulation
enhancer function of ZNF263 being diminished through virus-
induced increased methylation.'> Whilst the methylation level for
cg20335425 was significantly changed in our in vitro experiments,
an alternate response to environmental conditions may exist in the
human respiratory mucosa. Our results suggest that the S100A8
gene is trainable upon viral exposure with promotor and global
gene methylation levels showing age-related increase in healthy
children. However, this is not apparent in asthmatic patients. This
indicates that asthma might cause an altered regulation of S100A8.
The implications of this observation require elucidation within the
context of exacerbation risk and response to pathogenic stimuli.
Our results suggest that ST00A8 might be exposome-sensitive and
potentially influenced by the accumulation of infections over a per-
son's lifetime.

A recent study that focused on single 48-h exposure to HRV
16 in the mucosal epithelium of patients with chronic rhinosinus-
itis identified genes that represent overlapping results with our own
ﬁndings.65 We identified 10 genes in the referenced study that are
identical with genes we found to be trainable in our investigation
(overlap). These 10 genes (FYN, GAB2, IGFBP7, S100A8, DAB2IP,
BMPR1B, CDON, FBN1, FBXL17, SFRP1) are found in specific modules
(black, red, yellow) that may be associated with cellular processes,
structural integrity, immune response, inflammation, signaling path-
ways, and regulatory mechanisms. This overlap suggests that these

genes play a crucial role in the epithelial response to rhinovirus
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infection across different types of epithelial cells and conditions.
These findings underscore the importance of these genes in the
context of chronic infections. The repeated infections in our study
and the chronic condition in the other study both highlight how per-
sistent viral exposure can lead to sustained epigenetic and transcrip-
tional changes, potentially contributing to disease progression and
severity.

Our study has greatly enriched the current understanding of
trained immunity. As we observed, repeated HRV infections cer-
tainly increase or hinder gene expression. However, this influence
differs with each infection (i.e., the set of genes changes with each
infection), complicating the ability to highlight the precise impact
of repeated HRV infections. However, our methodology enables
the identification of CpGs across each subsequent infection to fil-
ter for the associated genes that may not be significantly affected
after fewer infections but become measurable with later infections.
This ability to pair DNA methylation with gene expression is a key
advantage of the current study, revealing a connection between
viral infection, DNA methylation, and subsequent gene expression
changes.

Our DoE has advantages, but it comes with some limitations.
As an advantage, implementing the 3 factorial DoE effectively
reduced the number of samples required for analysis, decreasing
both cost and time. However, using the 3-factorial DoE may result
in the loss of information from the infected cells (noi2 and noi4)
that were not part of the 3-factorial design. And in these cells,
biologically relevant changes may have occurred. Not including
these cells in the design may have increased the number of identi-
fied trainable genes and CpGs. This was shown in the cohort data,
where we found some of the trained CpGs (SASH1; cg06282952,
KLF12; cg09677330, WIPF1; cg10037068, KIF5C; cgl11664251,
RBM24; cgl14466942, SDK1; cg19297245/cg19369262, S100A8;
cg20335425) to demonstrate a linear relationship with chrono-
logical age. Determining why not all identified TGs significantly
correlate with age is a complex matter that could be attributed
to a multitude of factors such as complex regulatory mechanisms
influenced by environmental and lifestyle challenges faced by the
individuals participating in the cohort study (environmental smoke
exposure, diet, physical activity, work environment). Another rea-
son could be related to the type of cells investigated in both the
cell culture (bronchial epithelial cell line (BEAS-2B)) and the co-
hort study (nasal epithelial cells). Furthermore, our method was
designed to assess trainable genes associated with DNAm; other
trainable genes modulated by different regulation mechanisms
(i.e., LNnRNA, miRNA, histone modification) were beyond the scope
of the current analysis. Despite these limitations, we are still able
to demonstrate an ability to project the results from our DoE viral
infection model onto a patient cohort. Through this analysis, we
identify virally-trained genes that present divergent regulatory
patterns (via DNA methylation) between healthy and asthma-
diagnosed individuals. This underscores the potential utility of

our cost-effective and time-efficient DoE in contributing to future

projects exploring complex interactions between environmental
exposures and molecular mechanisms. By choosing this approach
of using repeated viral infections in cell culture and comparing it
with the methylation levels across different age groups (healthy
individuals and asthmatics), we were able to identify specific
sites that may be associated with asthma or cellular aging. This
approach effectively helped overcome the ethical challenges of
experimentally inducing recurrent infections in humans.

Despite all the limitations we faced, our developed method re-
mains a strong foundation for future development. By enhancing the
related factors (lab workflows, design, cell types, techniques, and
analysis), we can significantly improve its accuracy and expand its
applications. The model presented herein demonstrates a robust
method to investigate virally trained genes. However, this model is
limited by the necessity to use a cell line rather than primary human
epithelial cells. The use of primary cells is restricted by their relatively
limited cell culture life.®® Future studies that are able to integrate and
model the effects of multiple viral infections in primary cells would
provide deeper and robust insight into the biologically relevant path-
ways that are trainable. This work would effectively build upon and
provide confirmation of the results from our current work. Another
way to validate the results effectively is by having both cell culture
and cohort data derived from the same cell types. In our case, we
only had access to human nasal epithelial cells for comparison with
our bronchial epithelial cell culture experiments. Another way to im-
prove the work accuracy is by incorporating additional techniques
that will yield better insights into regulatory processes related to
time effects. This includes using single-cell analysis, histone mod-
ifications, and ATAC-seq. And again, this all can be changed based
on the type of statistical method used. In our case, we aimed to in-
vestigate the training aspect of HRV where we assume linearity, so
picking the linear regression method using the Limma package was
optimal in our case. Another valid method is the generalized linear
model (GLM) via edgeR/R®”%® which can give a better understanding
of the training threshold due to its ability to deal with non-normal
distributions of expression or methylation data.

5 | CONCLUSION

The presented investigation introduces a novel study design that
enables the identification of trainable genes and their associated
CpGs in the context of repeated viral infections. Our unique ap-
proach revealed that virally-trained genes such as DAMPs (BGN
and S100A8) may serve as genes that respond to the accumulation
of infections throughout a person's lifetime. Notably, we observe
that some TGs indicate distinct DNAm patterns with age between
healthy and asthmatic individuals. Despite the limitations of our
model, it presents a significant step forward in the field of trained
immunity, providing a strong platform for the application of future
studies to investigate this complex biological mechanism. Such

findings will have valuable clinical applications to determine the
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FIGURE 5 S100A8 and cg20335425. (A) Regional plot and co-methylation patterns at the SI00A8 gene in BEAS-2B. (B) Gene expression
of S100A8 and (C) its correlation with the cg20335425. (D) In vitro results of cg20335425. (E) In vitro results of global methylation level of
all S100A8 CpGs. (F) In vitro results of promoter methylation of S100A8-related CpGs. (G) In vivo results of cg20335425. (H) In vivo results
of global methylation level of all S100A8 CpGs. (1) In vivo results of promoter methylation of S100A8-related CpGs. Asterisks (* or **) denote
significant differences between groups, respectively, at p<5x 1072 and 1x107°.

contribution of early life training responses and the relationship
between environmental exposures, epigenetic regulation, asthma,

and aging.
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