(S International Journal of
Molecular Sciences

Article

Identification of Susceptibility Genes Underlying Bovine
Respiratory Disease in Xinjiang Brown Cattle Based on
DNA Methylation

Hang Cao !, Chao Fang? Ling-Ling Liu !, Frederic Farnir >* and Wu-Jun Liu **

Citation: Cao, H.; Fang, C.;

Liu, L.-L.; Farnir, F.; Liu, W.-].
Identification of Susceptibility Genes
Underlying Bovine Respiratory
Disease in Xinjiang Brown Cattle
Based on DNA Methylation. Int. |.
Mol. Sci. 2024, 25, 4928. https://
doi.org/10.3390/ijms25094928

Academic Editor: Guiping Zhao

Received: 16 March 2024
Revised: 25 April 2024
Accepted: 29 April 2024
Published: 30 April 2024

Copyright: © 2024 by the authors. Li-
censee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and con-
ditions of the Creative Commons At-
tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/).

1 College of Animal Science, Xinjiang Agricultural University, Urumgqi 830052, China;
y77996699@126.com (H.C.); linglingliu1988@xjau.edu.cn (L.-L.L.)

2 Faculte de Medecine Veterinaire, Universite de Liege, Quartier Vallee 2, Avenue de Cureghem 6 (B43),

4000 Liege, Belgium; chao.fang@doct.uliege.be

Correspondence: f.farnir@uliege.be (F.F.); wujunliul026@xjau.edu.cn (W.-].L.)

Abstract: DNA methylation is a form of epigenetic regulation, having pivotal parts in controlling
cellular expansion and expression levels within genes. Although blood DNA methylation has been
studied in humans and other species, its prominence in cattle is largely unknown. This study aimed
to methodically probe the genomic methylation map of Xinjiang brown (X]B) cattle suffering from
bovine respiratory disease (BRD), consequently widening cattle blood methylome ranges. Genome-
wide DNA methylation profiling of the X]JB blood was investigated through whole-genome bisulfite
sequencing (WGBS). Many differentially methylated regions (DMRs) obtained by comparing the
cases and controls groups were found within the CG, CHG, and CHH (where His A, T, or C) se-
quences (16,765, 7502, and 2656, respectively), encompassing 4334 differentially methylated genes
(DMGs). Furthermore, GO/KEGG analyses showed that some DMGs were involved within immune
response pathways. Combining WGBS-Seq data and existing RNA-Seq data, we identified 71 sig-
nificantly differentially methylated (DMGs) and expressed (DEGs) genes (p < 0.05). Next, comple-
mentary analyses identified nine DMGs (LTA, STAT3, IKBKG, IRAK1, NOD2, TLR2, TNFRSF1A, and
IKBKB) that might be involved in the immune response of X]JB cattle infected with respiratory dis-
eases. Although further investigations are needed to confirm their exact implication in the involved
immune processes, these genes could potentially be used for a marker-assisted selection of animals
resistant to BRD. This study also provides new knowledge regarding epigenetic control for the bo-
vine respiratory immune process.
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1. Introduction

Xinjiang brown cattle are local to the Xinjiang region of China, and their production
represents an important part of Xinjiang’s agricultural sector and economy. However, bo-
vine respiratory disease (BRD) is a serious threat to cattle survival in Xinjiang and the
primary driver of antibiotic use. Clinical signs associated with BRD typically include ele-
vated rectal temperature, increased respiratory rate, nasal and ocular discharges, cough,
dyspnea, decreased appetite, and depression [1]. To reduce financial losses, reduce anti-
biotic use, and improve animal well-being, it is urgent to investigate some of the mecha-
nism(s) underlying BRD. BRD not only kills cattle and leads to economic losses but is
associated with higher treatment and fattening costs [2]. In addition, the higher use of
antibiotics to treat the cattle may result in food safety issues.

BRD is considered a polymicrobial disease, which means that it arises from infections
with a combination of bacteria and viruses [2]. Many efforts have been made to elucidate
the mechanisms underlying calf susceptibility to respiratory diseases at different levels.
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For example, Keele et al. (2015) conducted a genome-wide association study of the pres-
ence/absence of lung lesions in cattle using sample pooling to identify important gene
regions. Fourteen SNPs on BTA 2, 3, 4, 9, 11, 14, 15, 22, 24, and 25 were significant at the
experiment-wise error rate of 5% (p < 1.49 x 107) [3]. To date, the mechanisms underlying
calf susceptibility to respiratory disease have been studied at the level of signal pathways,
transcription, and translation, including negative regulation of the cellular protein meta-
bolic process (GO:0031324) and the integral component of the plasma membrane
(GO:0005887) [3-5]. In addition, emerging studies have demonstrated that epigenetics
plays an important role in the modulation of natural immunity and susceptibility to dis-
eases, especially in terms of DNA methylation [6-8]. However, the related epigenetic reg-
ulatory mechanisms are still poorly understood.

DNA methylation is an epigenetic regulation mechanism that orchestrates a variety
of physiological activities, including organism maturation and gene imprinting. Epige-
netic regulations also affect immune processes: variation in the methylation levels may be
directly related to several cytokine expression profiles. For example, hypomethylation of
IL-6 and IL-8 gene promoters is associated with cytokine production and rheumatoid ar-
thritis [9], and DNA methylation causes changes in the expression of TLR2, MD-2, and I-
kBa, resulting in different responses to lipopolysaccharide stimulation [10]. Such investi-
gations support the hypothesis that DNA methylation could play a pivotal role in disease
susceptibility and immunological responses. Seutter et al. (2020), using a fibroblast model,
demonstrated that DNA methylation was associated with IL-8 response after lipopolysac-
charide (LPS) invasion of fibroblasts isolated from the same animal aged 5 and 16 months
[11]. Wang et al. (2010) found that the methylation level of the CD4 gene promoter segment
in whole blood of dairy cows with mastitis was 16% higher than that in healthy dairy cows
[12]. In addition, upregulated promoter methylation was linked to CD4 downregulation,
possibly due to the methyl group inhibiting the binding of transcription factors in affected
animals. In an experimental mastitis model, E. coli infection induced promoter methyla-
tion loss and higher expression of the TLR2 gene [13]. In DNA methylation studies, obvi-
ous sources of sample-wise biological variance are gender and cellular composition. In
females, one of the X chromosome copies is inactivated [14] and there are also imprinted
regions and other DNA gender-associated methylation differences on the autosomes [15].
Methylation changes at these sites were strongly associated with chronological age; how-
ever, for some sites methylation increased with age, while it decreased with age at others
[16]. Therefore, we selected calves of identical age and gender for our research.

However, little is known about the expression profiles and the possible importance
of DNA methylation in the susceptibility of Xinjiang brown cattle to respiratory diseases.
The early immune system of calves, which depends heavily on antibodies in colostrum, is
not fully developed, but significant differences in innate immunity exist in the early stage
of life, with the immune processes being carried out in the whole-body blood [17]. In these
processes, in-depth knowledge is of paramount importance regarding dynamic changes
in the DNA methylation map within bovine blood. In this respect, the use of whole-ge-
nome bisulfite sequencing (WGBS), a highly specific and sensitive technique for single-
base resolution analysis of the methylation pattern, should be of great interest [18]. Our
research hypothesizes that DNA methylation of specific genes in calves affects gene ex-
pression, which subsequently influences the levels of innate immunity. In this study, we
obtained the genomic methylation pattern of Xinjiang brown cattle affected by respiratory
disease. Such results will provide new avenues to investigate the resistance mechanisms
to this disease in that population, a potentially important step towards obtaining disease-
resistant cattle.
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2. Results
2.1. Genome-Wide DNA Methylation Profile Analyses

Global DNA methylation analysis of peripheral blood was conducted using WGBS
with 20x genome coverage and a bisulfite conversion rate > 99%. Overall, we obtained
78.26 Gb and 75.46 Gb of raw data for controls and cases, respectively. After excluding the

low-quality data, we obtained around 280,000,000 clean reads with a Q30 range of 88.91-
92.59% and a mapping rate of 70.42-73.19% for further analysis (Table 1).

Table 1. Sequencing data by whole-genome bisulfite sequencing (WGBS).

Mapping R B i P
Group Samples Clean Bases (Gb) Clean Reads GC (%) Q 30 (%) apping Rate ~ Bs Conversion m( Percent

(%) Rate (%) (%)

Casel 76.94 280,373,522 23.22 91.9 72.05 99.742 3.13

Cases Case2 78.94 287,142,601 22.86 92.59 7212 99.717 3.21
Case3 78.90 287,493,079 22.81 91.37 72.05 99.703 3.19

Controll 75.60 277,034,171 22.77 89.35 70.79 99.702 3.05

Controls Control2 74.03 272,716,162 22.73 88.91 70.42 99.673 3.07
Control3 76.73 279,618,157 23.05 91.34 73.19 99.707 3.39

The methylated genomic C locations ranged from 3.05% to 3.39% among samples
(Table 1). The methylation levels of CG, CHH, and CHG (whereby H=A, C, or T) differed:
the methylated cytosine (mC) levels were 96.73 + 0.28% for CG, 0.89 + 0.08% for CHG, and
2.31+0.2% for CHH in control samples, and 97.3 +0.26% for CG, 0.8 + 0.04% for CHG, and
1.85 + 0.22% for CHH in case samples (Figure 1). Clearly, methylation levels were higher
in CG than in CHG or CHH (Figure 2).

Controls Cases

group

I coe6.73%<0.28%)
[ CcHG(0.89%20.08%)
B cHHE31%202%)

group
I coe7.3%:0.26%)
[T CcHG(0.8%20.04%)
B cHH(1.85%20.22%)

Figure 1. Average ratio of DNA methylation types in case and control genomes of Xinjiang brown
cattle. Blue, orange, and red colors represent methylated (m) CG, mCHG, and mCHH, respectively.

To perform comparative analyses of the averaged methylation levels of the genomic
regions in the two groups, we analyzed the methylation states of eight different segments,
including CGI, CGI shores, promoters, 5’'UTR, exons, introns, 3'UTR, and repeat segments.
We visually observed no major variations in methylation levels between the case and con-
trol groups. DNA methylation levels in the CG environment were the highest for introns
and the 3'UTR segments, followed by repeat segments and exons; the levels near the tran-
scription initiation site (TSS) were the lowest. Methylation levels gradually decreased
from the promoter to the TSS, and then gradually increased from the TSS to the intron
(Figure 3).
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Figure 2. Violin plot of the overall status spread for the different methylation formats CG, CHG, and
CHH. Controls (Controll, Control2, Control3) and cases (Casel, Case2, Case3). H=A, C, or T. Ab-
scissas reflect individual samples; ordinates reflect methylation levels of individual samples. Violin
width reflects datapoint density within a specific methylation level. Boxplot shows individual violin
containing methylation levels. Red, Case group; Blue, Control group.
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Figure 3. Distribution of methylation levels among different genomic elements. Abscissas represent
different genomic elements and ordinates represent methylation levels. Each functional region of
each gene is equally divided into 20 bins, and then the C-site level of the corresponding bin of the
functional region of all genes is averaged. Different colors represent different sequence contexts
(CPG, CHG, CHH).

2.2. DMR Profiling

We identified 16,765 DMRs for CG, 7502 DMRs for CHG, and 2656 for CHH. Hyper-
methylation (in which regions in cases are more methylated than in controls) occurred in
6269 (CG: 79.87%, CHH: 18.33%, CHG: 1.80%) and hypomethylation (in which regions in
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number of DMRs

0=

cases are less methylated than in controls) occurred in 20,654 DMRs (CG: 56.93%, CHH:
30.76%, CHG: 12.31%). DMRs were mostly located in introns, followed by exons, promoter
regions, and the 5'UTR and 3'UTR segments. For CG, only 314, 159, and 857 DMRs were
located in the 5'UTR, 3'UTR, and promoter segments, respectively. Figure 4 shows more
details on the distribution of the DMRs. The length of DMRs ranged between 51 nt and
3332 nt (Figure 5).

Cases_vs_Controls CG DMR gene region distribution b Cases_vs_Controls CHG DMR gene region distribution c Cases_vs_Controls CHH DMR gene region distribution
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Figure 4. Identification of differentially methylated regions (DMRs) between case and control
groups. Histograms show the distributions of DMRs in different genomic elements in the CG (a),
CHG (b), and CHH (c) contexts. Hyper: hypermethylated genes, meaning that cases are more meth-
ylated than controls; Hypo: hypomethylated genes, meaning that cases are less methylated than
controls.
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Figure 5. Distribution of DMR lengths.

2.3. GO/KEGG Enrichment Analysis for DMGs

To probe changes in gene methylation state related to immunity to respiratory dis-
ease in brown cattle, 4334 DMGs—i.e., genes overlapping at least one DMR —were anno-
tated to the GO and KEGG databases. The 13 most significant DMG-enriched pathways
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in GO were mostly related to immunity-linked terms (Figure 6A). Significant GO terms
included upregulated I-kappa B kinase/NF-kappaB signal transduction, adaptive immune
response, regulation of vesicle-mediated transport, and protein serine kinase activity. The
20 most significant DMG-enriched KEGG terms were in pathways related to immunity
and had a corrected p < 0.05 (Figure 6B). These pathways included the T-cell receptor sig-
naling pathway, platelet activation, fructose and mannose metabolism, Fc gamma R-
driven phagocytosis, and the AMPK/NF-kappa B signaling pathways. In summary,
DMGs might be related to immune function in calves. It is important to note that Kanehisa
laboratories own the copyrights on these KEGG pathways [19].
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Figure 6. Enrichment analysis of CG-type differentially methylated genes (DMGs). (A) DMG enrich-
ment scores for 13 peak-ranking immune response GO terms. Abscissas reflect genomic ratios (en-
richment gene count/total gene count), while ordinates reflect GO pathway terms. (B) Scatterplot for
20 immune response KEGG pathways. Counts: enrichment gene count. p-value: corrected p-value,
when testing the null hypothesis of no enrichment.

2.4. Screening of Possibly Valuable DMGs Linked to Immune Function

In an attempt to determine the pivotal genes linked to the immune control of BRD,
we first identified 121 candidate genes linked to immunity based on GO and KEGG anal-
yses. Among these candidate genes, 71 were present in the intersection of the DMGs and
DEGs described above. Using STRING (v11.5) [20], we discovered 48 candidate genes with
internal interactions. Using MCODE plug-in results within Cytoscape [21], we report the
known interactions of these genes in Figure 7A, while the interactions of LTA, STAT3,
IKBKG, IRAK1, NOD2, TLR2, TNFRSF1A, and IKBKB, eight genes classified by MCODE
as hub genes within the interactions network linked to immune response pathways, are
shown in Figure 7B.
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Figure 7. (A) Constructed DMG network linked with immune response. Evaluations of interplays
among DMGs linked with immune response employing STRING?, in line with interplay index (con-
fidence > 0.7). (B) Using the MCODE plug-in, the cluster with the highest score was selected to con-
struct the relevant protein network diagram.

2.5. Differential Gene Methylation Regulating Influence upon the Immunology of Cattle

FPKM values of RNA-seq data were used to compare trends of genomic expression
and methylation profiles between the case and control groups for these eight hub genes.
DMRs for the LTA gene in exons, 5'UTR, TSS, and promoters and for the IRAKI gene in
exons, introns, 5'UTR, TSS, and promoters were hypermethylated in cases with respect to
controls while the corresponding transcribed regions were underexpressed. Conversely,
hypomethylation was observed in cases compared to controls for the STAT3 gene in in-
trons, the IKBKG gene in TSS, exons, 5'UTR, introns, and promoters, the NOD2 and TLR2
genes in exons, and the TNFRSF1A gene in the promoter, introns, exons, and 3'UTR, while
these genes were overexpressed in case groups. IKBKB introns were hypomethylated in
cases with respect to controls, while this gene was underexpressed. RT-qPCR results con-
firmed the RNA-seq analyses. The DNA methylation patterns in the LTA, IRAK1, IKBKG,
and TNFRSF1A promoter regions seem to have influenced the gene expression profiles,
while the influence of the DNA methylation profile of alternative regions on the expres-
sion of the corresponding genes STAT3, NOD2, TLR2, and IKBKB is uncertain (p > 0.01; see
Table 2 and Figure 8).

Table 2. DMGs putatively linked to immune difference.

RNA-Seq WGBS-Seq

Gene Regulation Meth Chr Annotation Stat
LTA Underexpressed 23 exon, utr5, TSS, promoter, hyper
IRAK1 Underexpressed X exon, intron, utr5, TSS promoter hyper
CSK Underexpressed 21 intron, exon, utrb hyper
STAT3 Overexpressed 19 intron hypo
IKBKG Overexpressed X TSS, exon, utr5, intron, promoter hypo
NOD2 Overexpressed 18 exon hypo
TLR2 Overexpressed 17 exon hypo
TNFRSF1A Overexpressed 5 promoter, intron, exon, utr3 hypo
IKBKB Underexpressed 27 intron hypo




Int. ]. Mol. Sci. 2024, 25, 4928

8 of 15

Hl Cases
E3 Controls

Expression of mRNAs

Figure 8. RT-qPCR was conducted to determine relative quantified transcriptomic expression for
blood-borne candidate genes. GAPDH served as a normalization/reference gene. Values reflect
mean + SEM for three replicates. * p < 0.05, ** p < 0.01.

3. Discussion

DNA methylation is an important mechanism in epigenomic control which plays a
pivotal role in genomic expression/tissue development [22]. Although DNA methylation
in the muscle tissue of cattle [23], pigs [24], humans [25], mice [22], and sheep [26] has
already been analyzed, whole-genome DNA methylation analysis of bovine blood is rel-
atively scarce. To the best of our knowledge, this study has pioneered a systematic com-
parative analysis method for genomic DNA methylation patterns in Xinjiang brown cattle
affected or not affected by a respiratory disease. In previous studies, transcriptome anal-
ysis confirmed that many immune-related genes and KEGG pathways were differentially
expressed between affected and non-affected groups [27]. Therefore, we employed WGBS
technology to study DNA methylation in the bovine blood genome to clarify the relation-
ship between respiratory immune differences and DNA methylation.

In the tested genes’ functional regions, genome-wide methylation profiles were ra-
ther similar between the case and control groups (Figure 3). However, variations existed
between the three mC contexts (i.e., CG, CHG, and CHH), with differences between the
various genomic regions [28]. Out of the 280,000,000 clean reads obtained using WGBS-
seq, we could map 70.42-73.19% of the reads to unique positions, which was less than
bovine skeletal muscle satellite cells through MeDIP [23]. About 3.17% of all cytosine sites
showed methylation, with a vast majority in CG groups (Figures 1 and 2), in line with
reports on other organisms [29]. In the gene functional regions, the methylation level of
TSS was lowest, consistent with Zhang et al. (2017) [30]. We identified 26,923 DMRs and
4334 DMR-correlated genes. DMRs were mainly located in the promoter, 3'UTR, and
5'UTR regions of genes, where they only accounted for a small part of these regions.

GO analyses for DMGs pointed to several important pathways related to immunity,
as summarized above, and KEGG analyses further validated the results. The activation of
Toll-like receptors (TLRs) induces the NF-kappaB signaling pathway, thus activating an
inflammatory response [31]. The NF-kappa B signaling pathway is very important for the
immune recognition of LPS and the release of inflammatory factors [32]. When the AMPK
signaling pathway is activated, it can improve cell lipid metabolism that alleviates inflam-
mation by regulating cellular lipid metabolism enzymes and autophagy. AMPK helps
host cells resist pathogen invasion by inducing the expression of autophagy-related genes
and promoting phagosome maturation. In addition, in immune cells, activated AMPK
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plays an anti-inflammatory role by directly promoting inflammatory signals and inhibit-
ing the synthesis of some lipid intermediates related to inflammation [33]. In our study,
DMGs linked to such activities showed major differences between case and control
groups, indicating possibly pivotal roles in immune recognition. Since little is known
about the mechanisms underlying DNA methylation and how this may influence genomic
expression, we performed a transcriptomic analysis of the DMG to evaluate the effect on
the expression of these genes. This allowed us to identify genes with an altered expression
between cases and controls (DEGs).

We established a DMG interactivity network to find out whether DMGs were playing
pivotal parts within bovine immune roles. Networking analyses showed LTA, STAT3,
IKBKG, CSK, IRAK1, NOD2, TLR2, TNFRSF1A, and IKBKB were the key nodes. The LTA
gene encodes tumor necrosis factor beta cytokine, which is vital for regular immune mat-
uration. Within LTA knockout mice, all Peyer’s patches/lymph nodes did not mature, sug-
gesting the importance of LTA for such immune activities [34]. STAT3 is an acute-phase
responsive factor that triggers IL-6 [35]. Its overexpression reduces the severity of inflam-
mation in mice [36] and orchestrates Th17 cellular maturation/cytokine discharge through
Th2/Th17, contributing to asthma [37]. IKBKG binds to the Ripk3 promoter, inhibiting its
transcription. Ripk3 promotes NF-«B signal transduction, an important pathway of the
inflammatory response [38]. CSK downregulates T-cell antigen receptor (TCR)-driven sig-
nal transduction [39], resulting in thwarting of Lck-driven C chain phosphorylation, thus
preventing proximal T-cell triggering [40]. IRAK1 is a downstream effector for TLR sig-
naling pathways, with inflammatory, autoimmune, and cancer-linked activities [41]. Re-
storing IRAK1 expression reverses the effects of miR-146b-5p on EGFR TKI sensitivity and
recuperates NF-kB-controlled IL-6 and IL-8 discharge [42]. NF-«B signal transduction can
be avoided by degrading IRAK1 [43].

NOD?2 is key for immediate innate immune clearing-up for Acinetobacter baumannii
within lungs [44]. It also enhances clearing-up for Chlamydophila pneumonia within
lungs [45] and orchestrates M. tuberculosis immunity [46,47]. TLR2 stimulation inducible
protein (IP)-10 leads to discharging of the IL-12-thwarting p40 homodimer, creating a fa-
vorable environment for Th2 progression. TLR2 triggering additionally leads to skewed
triggering for IL-8 and IL-23 [48]. TLR2-driven innate immune priming enhances pulmo-
nary anti-viral immune resilience [49]. In addition, TLR4 jointly regulates the NF-«B sig-
naling pathway and affects immune factors. TNFRSF1A encodes TNFR1 and suppresses
the expression of inflammatory cytokines [50]. It is an essential orchestrator of TNFa-
driven NF-«B function [51]. Multiple signaling transduction pathways triggering NF-kB
meet up at the IKKB level [52].

Although the role of the detected genes in immunity has been demonstrated,
knowledge is scarce regarding the role of methylation in LTA, STAT3, IKBKG, and IRAK1
and how it may regulate mammalian immunity. Some investigations have demonstrated
versatile shifts in DNA methylation profiles across cellular differentiation procedures
[53,54], suggesting that such genes have pivotal roles in immunity maturation. This could
explain immune variations between cases and control groups.

In summary, DNA methylation can influence immune function in cattle. There is an
intricate interplay between DNA methylation and genomic expression profiles [55]. Even
though DNA methylation in a promoter region can thwart genomic expression [56],
knowledge on the mechanisms by which DNA methylation influences the latter expres-
sion is still lacking [57]. In our study, we found that hypermethylation in the promoter
region thwarted IKBKG and TNFRSF1A expression, while hypomethylation in the pro-
moter region upregulated LTA and IRAKI expression.

In the present study, the cattle were infected by bacteria. The immune system of new-
born calves is imperfect; innate immunity is crucial in combating early infections. Bacterial
infection quickly activates the innate immune response and triggers inflammation in order
to enable host defense. We conducted an analysis to assess the relationship between alter-
ations in DNA methylation patterns and corresponding changes in gene expression levels.
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It was observed that variations in gene expression were linked to modifications in meth-
ylation patterns. Variations in DNA methylation levels of immune-related genes contrib-
ute to differential expression patterns, ultimately influencing the strength and rate of de-
velopment of the calf’s innate immune system. These variations impact the calf’s ability
to recognize bacteria, thereby affecting the speed and intensity of immune response and
subsequently influencing immunity to pneumonia. Networking analyses revealed nine
key genes, suggesting that these nine key genes had close interaction and together deter-
mined the key pathway during the innate immune response. Functional and pathway en-
richment analysis of genes mainly involved the NF-kappa B signaling pathway. Studies
have demonstrated that the NF-kappa B signaling pathway plays an important role in
innate immune response [32]. Thus, our study suggests that this pathway in immunity
might represent a promising candidate for developing innate immunity in calves. IKBKG,
TNFRSF1A, LTA, and IRAK1 are key regulatory genes in the immune process. Their meth-
ylation can partly lead to major variations in immunity, especially innate immunity. How-
ever, the epigenomic mechanisms underlying this process require additional research.
This study had several limitations. First, the study sample size is very small. Future
studies with larger sample sizes are needed to replicate and corroborate our findings. Sec-
ond, the use of blood and not tissues of the upper and lower respiratory tract limits the
scope of the current work. These limitations will be further investigated in future research.

4. Materials and Methods
4.1. Animal Experiments

All experiments were performed in accordance with the guidelines established by
the Animal Care Committee of Xinjiang Agricultural University (No. 2018017). Three dis-
eased calves and three healthy calves were purchased from Altay, Xinjiang (Xinjiang,
China). The calves, three-week-old females of similar weight, were raised in identical en-
vironments with unlimited access to food and water, the same nutritional levels, and com-
munal housing. Blood samples were extracted from the jugular vein, flash-frozen in liquid
nitrogen, and kept at -80 °C.

Diseased animals were confirmed as BRD-positive cases based on clinical examina-
tion and serum haptoglobin concentration, i.e., animals with at least one visual BRD sign,
a rectal temperature > 40 °C, abnormal lung sounds detected at auscultation, and a serum
haptoglobin concentration > 0.25 g/L. Healthy animals, showing no visual signs of BRD,
with a rectal temperature <40 °C, with no abnormal lung sounds detected at auscultation,
and with a serum haptoglobin concentration < 0.25 g/L, were considered as control ani-
mals in the following analyses. Symptoms of clinical diagnosis include bilateral mucopu-
rulent nasal discharge, heavy eye discharge, head tilt or droop, repeated coughing, high
temperature, and watery diarrhea. At the same time, nasal swabs from cases and controls
were collected for isolation and identification of pathogenic bacteria. We found that the
selected positive individuals were infected by Pasteurella multicida type-A using PCR and
sequencing, while we isolated no bacteria from the healthy animals.

4.2. Library Construction

Genomic DNA of the blood from the six calves was extracted using a TTANamp Ge-
nomic DNA Kit (Tiangen, Beijing, China). The DNA quantity and quality were deter-
mined using a NanoDrop2000 spectrophotometer (ThermoFisher, Waltham, MA, USA)
and Agilent 2100 Bioanalyzer (Agilent, Santa Clara, CA, USA), respectively.

First, 5 ug of lambda DNA was added into the genomic DNA of each sample as the
negative control. Then, the genomic DNA was randomly broken into 200-300 bp frag-
ments using an 5220 focused-ultrasonicator (Covaris, Santa Clara, MA, USA); these frag-
ments were end-repaired, added to the sequencing adapter, and treated with bisulfite. The
methylated cytosines were thereby unchanged and the unmethylated cytosines became
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uracils, which were changed to thymines after PCR amplification. A library quality control
was performed using an Agilent 2100 Bioanalyzer [58].

4.3. Whole-Genome Bisulfite Sequencing (WGBS) and Differentially Methylated Region (DMR)
Determination

With the completion of the library, paired-end sequencing was performed on the II-
lumina HiSeqTM2500 sequencing platform (Illumina, San Diego, CA, USA). Preliminary
quality control of raw reads was carried out with FastQC (v0.11.9, https://www .bioinfor-
matics.babraham.ac.uk/projects/fastqc/, accessed on 6 May 2023), and these reads were
then filtered with fastp software (v0.20) to remove adapters and low-quality sequences
(i.e., sequences with phred scores below 30 in the paired-end 150 bp raw sequencing files
[59]).

Clean reads were aligned to a cattle reference genome (ARS-UCD1.2, https://asia.en-
sembl.org/index.html), and bisulfite mapping of methylation sites was conducted using
Bismark (v0.22.1) [60]. Duplicates consisted of reads aligning with identical genomic re-
gions. The average number of duplicates over the whole genome is the sequencing
depth/coverage. The bisulfite conversion rate was the percentage of reads with at least one
methylated cytosine among the clean reads spanning that cytosine, averaged over the
whole genome. We used a binomial test for individual C sites to confirm C-site methyla-
tion by screening positions with a coverage > 4x and using a false discovery rate (FDR) <
0.05.

To identify regions that were statistically differentially methylated between control
and case samples (i.e., DMRs), we first defined genomic regions: promoter regions (2 kb
upstream of the transcription start position of each gene), 5'UTR regions, exons, introns,
3'UTR regions, CGI regions, CGI shore regions, TSS regions, TES regions, repeat regions,
and other (than the previous) regions. The methylation levels in these regions were eval-
uated using the model of Lister et al. (2011) [29]. Roughly, this model computes the meth-
ylation level of a tested region as the ratio mCG/(mCG + nmCG) in that region, where
mCG stands for the number of methylated CpG groups and nmCG for the number of non-
methylated CpG groups. We employed DSS analysis software for DMR (differentially
methylated region) analyses [61].

4.4. Functional Enrichment Analysis

Gene ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes
(KEGG) analyses were conducted wusing the ClusterProfiler (version 4.3.0,
https://github.com/GuangchuangYu/clusterProfiler, accessed on 15 May 2023) package
[62], and enrichments with adjusted p-values < 0.05 were deemed statistically significant.
The STRING online repository was employed to predict protein—protein interactions
(PPIs) (STRING,; http://string-db.org, accessed on 17 May 2023) (version 10.0) [63]. Cyto-
scape (version 3.9) [64] and its plug-in Molecular Complex Detection (MCODE) (version
2.0.0) were employed to explore important differentially methylated genes (DMGs) [31].

4.5. Quantitative Reverse Transcription-PCR

Samples for RT-qPCR analysis were the same as those for WGBS. We tested DMGs
for potential differential expression through RT-qPCR. Total RNA was extracted from
blood with Trizol® reagent (Invitrogen™, Waltham, MA, USA). cDNA was reverse tran-
scribed from total RNA using the PrimeScript RT kit® (Takara™, Beijing, China). RT-PCR
was conducted using the StepOnePlus Real-Time PCR System® (Life Technologies™, Wal-
tham, MA, USA) with SYBR Green Master Mix (Roche Applied Science, Mannheim, Ger-
many). Relative expression of individual genes was normalized to GAPDH using the 2-24Ct
methodology [65]. Although the GAPDH gene has been widely used as a housekeeping
gene in qPCR for a long time as a key gene in glycolysis, many factors can nevertheless
affect its expression in different metabolic processes. In this study, almost all detected
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candidate genes were related to immunity (see below), which retrospectively makes
GAPDH suitable as an internal reference.

4.6. RNA-Seq Data Analysis

We next performed a whole-genome transcriptome analysis. Samples for transcrip-
tome analysis were the same as those for WGBS. Six cDNA libraries were sequenced by
the Illumina NovaSeq 6000 (Novogene™, Beijing, China) sequencing platform. The raw
data obtained by sequencing were subjected to quality evaluation using FastQC (v0.11.9,
https://www .bioinformatics.babraham.ac.uk/projects/fastqc/, accessed on 17 March 2023),
and the original sequence was washed and filtered using Seqtk (v1.2, https://github.
com/lh3/seqtk, accessed on 17 March 2023) software, and the linker sequence, low-quality,
and “N”-containing reads were filtered out. The filtered clean reads were compared to the
Bos taurus reference genome using Hisat 2.0 (v2.0.1, https://daechwankim-
lab.github.io/hisat2/, accessed on 17 March 2023) software (ARS-UCD1.2). The expression
level of each gene was normalized using edgeR (version 3.16.5, https://bioconduc-
tor.org/packages/release/bioc/html/edgeR . html, accessed on 17 March 2023) software to
calculate the FPKM value. In this study, both p <0.05 and |Log2FC| > 2 were taken as the
thresholds for significant differential expression (i.e., DEGs: differentially expressed
genes).

4.7. Correlation Analysis

For correlation analysis, a set of differentially expressed genes with differential meth-
ylation was obtained from the intersection between the set of differentially methylated
genes (DMGs)—i.e., genes for which the promoter or the region from the TSS to the TES
overlaps with a DMR —and the set of differentially expressed genes (DEGs). We next per-
formed correlation analysis between the methylation level of DMRs and the expression
level of the corresponding DEGs [55] and checked using GO or KEGG whether the most
correlated genes were related.

5. Conclusions

We probed, in a pioneering, systematic manner, genome-wide DNA methylation pro-
files from blood samples of calves with anti-respiratory diseases and susceptible respira-
tory diseases, and investigated several novel and valuable DMRs/DMGs together with
pathways related to bovine innate immune response. These dataset outcomes contributed
essential information regarding possible in-depth knowledge gains on genomic/epige-
nomic mechanisms for bovine immune traits, for deployment as a biomarker-facilitated
screening program for promoting bovine immunity.

Author Contributions: Conceptualization, H.C. and W.-J.L.; data curation, C.F.; funding acquisition,
W.-].L.; investigation, H.C. L.-L.L.; methodology, H.C.; resources, W.-].L.; software, H.C.; supervi-
sion, W.-].L.; validation, H.C.; writing—original draft, H.C.; writing—review and editing, W.-J.L.
and F.F. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the Xinjiang Uygur Autonomous Region University Scientific
Research Project, grant number XJEDU2019Y018, the Introduction Program for High-end Foreign
Experts, grant number G2022045017L, the China Scholarship Council, grant number 201907650025,
and the Tianshan Talent Program Project, grant number 2023TSYCLJ0017.

Institutional Review Board Statement: All methods in this study were performed in accordance
with the relevant guidelines and regulations. All protocols in this study were approved by the Ethics
Committee of Xinjiang Agricultural University, Urumgi, Xinjiang, China (Permit No. 2018017), in
compliance with the Guide for the ARRIVE and Directive 2010/63/EU in Europe.

Informed Consent Statement: Not applicable.

Data Availability Statement: The RNA sequencing and WGBS data were deposited at NCBI Short
Reads Archive (SRA), and the project accession numbers are PRINA702464 and PRJNA861721.



Int. ]. Mol. Sci. 2024, 25, 4928 13 of 15

Acknowledgments: The authors would like to thank Qiong Wang at the Animal Diseases Research
Institute for technical assistance, Chen-Feng Shen for expertise and advice, and Shi-Peng Lv Cam-
eron for support with cytoscape software. The authors would also like to thank the Laboratory of
animal genetics and breeding, Xinjiang Agricultural University, specifically Xiao-Hui Su and Guo-
Zhi Sun for culturing BRD pathogens from deep nasopharyngeal swabs.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Arcangioli, M.A; Duet, A.; Meyer, G.; Dernburg, A.; Bézille, P.; Poumarat, F.; Le Grand, D. The role of Mycoplasma bovis in
bovine respiratory disease outbreaks in veal calf feedlots. Vet. ]. 2008, 177, 89-93.

2. Kiser, ].N.; Lawrence, T.E.; Neupane, M.; Seabury, C.M.; Taylor, ].F.; Womack, J.E.; Neibergs, H.L. Rapid Communication: Sub-
clinical bovine respiratory disease: Loci and pathogens associated with lung lesions in feedlot cattle. ]. Anim. Sci. 2017, 95, 2726~
2731.

3.  Keele, J.W,; Kuehn, L.A.; McDaneld, T.G.; Tait, R.G.; Jones, S.A.; Smith, T.P.; Shackelford, S.D.; King, D.A.; Wheeler, T.L.; Lind-
holm-Perry, A K.; et al. Genomewide association study of lung lesions in cattle using sample pooling. ]. Anim. Sci. 2015, 93, 956—
964.

4. Neupane, M,; Kiser, ].N.; Neibergs, H.L. Gene set enrichment analysis of SNP data in dairy and beef cattle with bovine respira-
tory disease. Anim. Genet. 2018, 49, 527-538.

5. Kiser, J.N.; Neupane, M.; White, S.N.; Neibergs, H.L. Identification of genes associated with susceptibility to Mycobacterium
avium ssp. Paratuberculosis (Map) tissue infection in Holstein cattle using gene set enrichment analysis—SNP. Mamm Genome.
2018, 29, 539-549.

6. Jang, H.; Serra, C. Nutrition, epigenetics, and diseases. Clin. Nutr. Res. 2014, 3, 1-8.

7. Ivashkiv, L.B. IFNYy: Signalling, epigenetics and roles in immunity, metabolism, disease and cancer immunotherapy. Nat. Rev.
Immunol. 2018, 18, 545-558.

8. Hannan Parker, A.; Wilkinson, S.W; Ton, ]. Epigenetics: A catalyst of plant immunity against pathogens. New Phytologist. 2022,
233, 66-83.

9. Guo, K;; Eid, S.A; Elzinga, S.E.; Pacut, C.; Feldman, E.L.; Hur, ]. Genome-wide profiling of DNA methylation and gene expres-
sion identifies candidate genes for human diabetic neuropathy. Clin. Epigenetics 2020, 12, 1-16.

10. Takahashi, K.; Sugi, Y.; Nakano, K.; Kobayakawa, T.; Nakanishi, Y.; Hosono, A.; Kaminogawa, S. Regulation of gene expression
through gut microbiota-dependent DNA methylation in colonic epithelial cells. ImmunoHorizons 2020, 4, 178-190.

11. Seutter, S.; Winfield, J.; Esbitt, A.; Snyder, S.; Magner, A.; Kim, K.; Carcuffe, C.; Schmoyer, J.; Kamrani, P.; Mercando, J.; et al.
Interleukin 1 beta and prostaglandin E2 affect expression of DNA methylating and demethylating enzymes in human gingival
fibroblasts. Int. Immunopharmacol. 2020, 78, 105920.

12.  Wang, X,; Yu, Y. Regulation mechanisms of epigenetics on inflammation and its perspective on breeding for mastitis resistance
in dairy cattle. Yi Chuan Hereditas 2010, 32, 663-669.

13. Lee, C.C; Avalos, A.M.; Ploegh, H.L. Accessory molecules for Toll-like receptors and their function. Nat. Rev. Immunol. 2012, 12,
168-179.

14. Patrat, C.; Ouimette, ].F.; Rougeulle, C. X chromosome inactivation in human development. Development 2020, 147,183095.

15. Singmann, P.; Shem-Tov, D.; Wahl, S.; Grallert, H.; Fiorito, G.; Shin, S.Y.; Schramm, K.; Wolf, P.; Kunze, S.; Baran, Y.; et al
Characterization of whole-genome autosomal differences of DNA methylation between men and women. Epigenet Chromatin
2015, 8, 43.

16. Simons, R.L.; Leim, M.K,; Beach, S.R; Philibert, R.A.; Cutrona, C.E.; Gibbons, F.X.; Barr, A. Economic hardship and biological
weathering: The epigenetics of aging in a U.S. sample of black women. Soc. Sci Med. 2016, 150, 192-200.

17. McGill, J.L.; Sacco, R.E. The immunology of bovine respiratory disease. Vet. Clin. North Am.: Food Anim. Practice. 2020, 36, 333—
348.

18.  Kurdyukov, S.; Bullock, M. DNA methylation analysis: Choosing the right method. Biol. -Basel 2016, 5, 3.

19. Kanehisa, M.; Goto, S. KEGG: Kyoto Encyclopedia of Genes and Genomes. Nucleic Acids Res. 2000, 28, 27-30.

20. Szklarczyk, D.; Gable, A.L.; Nastou, K.C.; Lyon, D.; Kirsch, R.; Pyysalo, S.; Doncheva, N.T.; Legeay, M.; Fang, T.; Bork, P.; et al.
The STRING database in 2021: Customizable protein-protein networks, and functional characterization of user-uploaded
gene/measurement sets. Nucleic Acids Res. 2021, 49, D605-D612.

21. Bandettini, W.P.; Kellman, P.; Mancini, C.; Booker, O.].; Vasu, S.; Leung, SSW.; Wilson, J.R.; Shanbhag, S.M.; Chen, M.Y.; Arai,
E.A. MultiContrast Delayed Enhancement (MCODE) improves detection of subendocardial myocardial infarction by late gad-
olinium enhancement cardiovascular magnetic resonance: A clinical validation study. J. Cardiovasc. Magn. Reson. 2012, 14, 1-10.

22. Zhang, W.Y,; Zhang, S.X,; Xu, Y.Y.; Ma, Y.L.; Zhang, D.X,; Li, X.Y.; Zhao, S. The DNA methylation state of wnt and tgf beta
signals is a key factor on functional regulation of skeletal muscle satellite cell development. Front. Genet. 2019, 10, 220.

23. Huang, Y,; Sun, J.; Zhang, L.; Li, C.; Womack, J.E,; Li, Z.; Lan, X,; Lei, C.; Zhang, C.; Zhao, X.; et al. Genome-wide DNA methyl-

ation profiles and their relationships with mRNA and the microRNA transcriptome in bovine muscle tissue (Bos taurine). Sci.
Rep.-UK 2014, 4, 1-17.



Int. ]. Mol. Sci. 2024, 25, 4928 14 of 15

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Ponsuksili, S.; Trakooljul, N.; Basavaraj, S.; Hadlich, F.; Murani, E.; Wimmers, K. Epigenome-wide skeletal muscle DNA meth-
ylation profiles at the background of distinct metabolic types and ryanodine receptor variation in pigs. BMC Genomics. 2019, 20,
1-16.

Gensous, N.; Bacalini, M.G.; Franceschi, C.; Meskers, C.; Maier, A.B.; Garagnani, P. Age-related DNA methylation changes:
Potential impact on skeletal muscle aging in humans. Front. Physiol. 2019, 10, 465621.

Namous, H.; Penagaricano, F.; Del Corvo, M.; Capra, E.; Thomas, D.L.; Stella, A.; Williams, ].L.; Marsan, P.A.; Khatib, H. Inte-
grative analysis of methylomic and tran-scriptomic data in fetal sheep muscle tissues in response to maternal diet during preg-
nancy. BMC Genomics. 2018, 19, 1-14.

Sun, H.; Srithayakumar, V.; Jiminez, J.; Jin, W.; Hosseini, A.; Raszek, M.; Orsel, K.; Guan, L.L.; Plastow, G. Longitudinal blood
transcriptomic analysis to identify molecular regulatory patterns of bovine respiratory disease in beef cattle. Genomics 2020, 112,
3968-3977.

Fan, Y,; Liang, Y.; Deng, K;; Zhang, Z.; Zhang, G.; Zhang, Y.; Wang, F. Analysis of DNA methylation profiles during sheep
skeletal muscle development using whole-genome bisulfite sequencing. BMC Genom. 2020, 21, 1-15.

Lister, R.; Pelizzola, M.; Kida, Y.S.; Hawkins, R.D.; Nery, ].R.; Hon, G.; Antosiewicz-Bourget, J.; O'malley, R.; Castanon, R.;
Klugman, S.; et al. Hotspots of aberrant epigenomic reprogramming in human induced pluripotent stem cells. Nature 2011, 471,
68-73.

Zhang, Y.L.; Li, F.Z.; Feng, X,; Yang, H.; Zhu, A.X; Pang, ].; Han, L.; Zhang, T.; Yao, X.; Wang, F. Genome-wide analysis of DNA
Methylation profiles on sheep ovaries associated with prolificacy using whole-genome Bisulfite sequencing. BMC Genom. 2017,
18, 1-17.

Kurt-Jones, E.A.; Popova, L.; Kwinn, L.; Haynes, L.M.; Jones, L.P.; Tripp, R.A.; Walsh, E.E.; Freeman, M.W.; Golenbock, D.T.;
Anderson, L.J.; et al. Pattern recognition receptors TLR4 and CD14 mediate response to respiratory syncytial virus. Nat. Immu-
nol. 2000, 1, 398-401.

Coto, E.; Diaz-Corte, C.; Tranche, S.; Gémez, ].; Alonso, B.; Iglesias, S.; Reguero, ].R.; Lépez-Larrea, C.; Coto-Segura, P. Gene
variants in the NF-KB pathway (NFKB1, NFKBIA, NFKBIZ) and their association with type 2 diabetes and impaired renal
function. Hum. Immunol. 2018, 79, 494—-498.

Kim, J.; Yang, G.; Kim, Y.; Kim, ]J.; Ha, ]. AMPK activators: Mechanisms of action and physiological activities. Exp. Mol. Med.
2016, 48, e224—224.

Behl, ].D.; Mishra, P.; Verma, N.K.; Niranjan, S.K.; Dangi, P.S.; Sharma, R.; Behl, R. Nucleotide polymorphisms in the bovine
lymphotoxin a gene and their distribution among Bos indicus zebu cattle breeds. Gene 2016, 579, 82-94.

Frey-Jakobs, S.; Hartberger, ].M.; Fliegauf, M.; Bossen, C.; Wehmeyer, M.L.; Neubauer, J.C.; Bulashevska, A.; Proietti, M.; Frobel,
P.; Noltner, C.; et al ZNF341 controls STAT3 expression and thereby immunocompetence. Sci. Immunol. 2018, 3, eaat4941.
Zhao, J.; Yu, H,; Liu, Y.; Gibson, S.A; Yan, Z; Xu, X.; Gaggar, A.; Li, P.-K; Li, C.; Wei, S.; et al Protective effect of suppressing
STATS3 activity in LPS-induced acute lung injury. Am. J. Physiol.-Lung C. 2016, 311, L868-L880.

Gavino, A.C.; Nahmod, K.; Bharadwaj, U.; Makedonas, G.; Tweardy, D.J. STAT3 inhibition prevents lung inflammation, remod-
eling, and accumulation of Th2 and Th17 cells in a murine asthma model. Allergy 2016, 71, 1684-1692.

Gao, S.; Menendez, M.; Kurylowicz, K.; Griffin, C.T. Genomic locus proteomic screening identifies the NF-kappa B signaling
pathway components NF kappa B1 and IKBKG as transcriptional regulators of Ripk3 in endothelial cells. PLoS ONE 2021, 16,
e0253519.

Manjarrez-Orduno, N.; Marasco, E.; Chung, S.A.; Katz, M.S,; Kiridly, J.F.; Simpfendorfer, K.R.; Freudenberg, ].; Ballard, D.H.;
Nashi, E.; Hopkins, T.J. CSK regulatory polymorphism is associated with systemic lupus erythematosus and influences B-cell
signaling and activation. Nat. Genet. 2012, 44, 1227-1230.

Vang, T.; Torgersen, K.M.; Sundvold, V.; Saxena, M.; Levy, F.O.; Skalhegg, B.S.; Hansson, V.; Mustelin, T.; Taskén, K. Activation
of the COOH-terminal Src kinase (Csk) by cAMP-dependent protein kinase inhibits signaling through the T cell receptor. J. Exp.
Med. 2001, 193, 497-508.

Zhang, X.; Dang, Y.; Li, P.; Rong, M.; Chen, G. Expression of IRAK1 in lung cancer tissues and its clinicopathological signifi-
cance: A microarray study. Int. |. Clin. Exp. Patho. 2014, 7, 8096.

Liu, Y.; Tsai, M.; Wu, S.; Chang, T.; Tsai, T.; Gow, C.; Wang, H.; Shih, ]. MiR-146b-5p enhances the sensitivity of NSCLC to EGFR
tyrosine kinase inhibitors by regulating the IRAK1/NF-kappa b pathway. Mol. Ther.-Nucl. Acids 2020, 22, 471-483.

Meng, D.; Sun, R.; Liu, G.; Peng, L.; Zheng, L.; Xie, P.; Lin, S.T.; Mei, Y.; Qiang, Y.Y.; Li, C.Z. SI00A14 suppresses metastasis of
nasopharyngeal carcinoma by inhibition of NF-kB signaling through degradation of IRAK1. Oncogene 2020, 39, 5307-5322.
Kale, S.D.; Dikshit, N.; Kumar, P.; Balamuralidhar, V.; Khameneh, H.].; Malik, N.B.A.; Koh, T.H.; Tan, G.G.Y.; Tan, T.T.; Mortel-
laro, A.; et al. Nod2 is required for the early innate immune clearance of Acinetobacter baumannii from the lungs. Sci. Rep.-UK
2017, 7, 1-9.

Shimada, K.; Chen, S.; Dempsey, P.W.; Sorrentino, R.; Alsabeh, R.; Slepenkin, A.V.; Peterson, E.; Doherty, T.M.; Underhill, D.;
Crother, T.R.; et al. The NOD/RIP2 pathway is essential for host defenses against chlamydophila pneumoniae lung infection.
PLoS Pathog. 2009, 5, e1000379.

Gandotra, S.; Jang, S.; Murray, P.J.; Salgame, P.; Ehrt, S. Nucleotide-binding oligomerization domain protein 2-deficient mice
control infection with Mycobactefium tuberculosis. Infect. Immun. 2007, 75, 5127-5134.



Int. ]. Mol. Sci. 2024, 25, 4928 15 of 15

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.
58.

59.
60.

61.

62.

63.

64.

65.

Divangahi, M.; Mostowy, S.; Coulombe, F.; Kozak, R.; Guillot, L.; Veyrier, F.; Kobayashi, K.S.; Flavell, R.A.; Gros, P.;Behr, M.A.
NOD2-deficient mice have impaired resistance to mycobacterium tuberculosis infection through defective innate and adaptive
immunity. J. Immunol. 2008, 181, 7157-7165.

Re, F; Jack, L.; Strominger, Y. Toll-like receptor 2 (TLR2) and TLR4 differentially activate human dendritic cells. J. Leukoc. Biol.
2001, 276, 37692-37699.

Girkin, J.; Loo, S.; Esneau, C.; Maltby, S.; Mercuri, F.; Chua, B.; Reid, A.T.; Veerati, P.C.; Grainge, C.L.; Wark, P.A.; et al. TLR2-
mediated innate immune priming boosts lung anti-viral immunity. Eur. Respir. . 2021, 58, 2001584.

Wang, M.; Guo, J.; Dong, L.; Wang, J. Cerebellar fastigial nucleus stimulation in a chronic unpredictable mild stress rat model
reduces Post-Stroke depression by suppressing brain inflammation via the microRNA-29¢/TNFRSF1A signaling pathway. Med.
Sci. Monitor 2019, 25, 5594-5605.

Egusquiaguirre, S.P.; Yeh, J.E.; Walker, S.R,; Liu, S.; Frank, D.A. The STAT3 target gene TNFRSF1A modulates the NF-kappa b
pathway in breast cancer cells. Neoplasia 2018, 20, 489-498.

Schmid, J.A.; Birbach, A. I kappa B kinase beta (1KK beta/1KK2/1KBKB): A key molecule in signaling to the transcription factor
NEF-kappa B. Cytokine Growth Factor Rev. 2008, 19, 157-165.

Stelzer, Y.; Wu, H.; Song, Y.L.; Shivalila, C.S.; Markoulaki, S.; Jaenisch, R. Parent-of-origin DNA methylation dynamics during
mouse development. Cell Rep. 2016, 16, 3167-3180.

Li, J.; Wu, X.W.; Zhou, Y.B.; Lee, ML].; Guo, L.; Han, W.; Mo, W.; Cao, W.-M,; Sun, D.; Xie, R.; et al. Decoding the dynamic DNA
methylation and hydroxymethylation landscapes in endodermal lineage intermediates during pancreatic differentiation of
hESC. Nucleic Acids Res. 2018, 46, 2883-2900.

Fang, X.; Zhao, Z.; Yu, H.; Li, G,; Jiang, P.; Yang, Y.; Yang, R.; Yu, X. Comparative genome-wide methylation analysis of longis-
simus dorsi muscles between Japanese black (Wagyu) and Chinese Red Steppes cattle. PLoS ONE 2017, 12, e0182492.

Wagner, ].R.; Busche, S.; Ge, B.; Kwan, T.; Pastinen, T.; Blanchette, M. The relationship between DNA methylation, genetic and
expression inter-individual variation in untransformed human fibroblasts. Genome Biol. 2014, 15, 1-17.

Jones, P.A. Functions of DNA methylation: Islands, start sites, gene bodies and beyond. Nat. Rev. Genet. 2012, 13, 484-492.
Zhang, J.; Han, B.; Zheng, W.; Lin, S.; Li, H.; Gao, Y.; Sun, D. Genome-Wide DNA Methylation Profile in Jejunum Reveals the
Potential Genes Associated With Paratuberculosis in Dairy Cattle. Front. Genet. 2021, 12, 735147.

Chen, S.; Zhou, Y.; Chen, Y.; Gu, J. fastp: An ultra-fast all-in-one FASTQ preprocessor. Bioinformatics 2018, 34, i884-i890.
Langmead, B.; Wilks, C.; Antonescu, V.; Charles, R. Scaling read aligners to hundreds of threads on general-purpose processors.
Bioinformatics 2019, 35, 421-432.

Park, Y.; Hao, W. Differential methylation analysis for BS-seq data under general experimental design. Bioinformatics 2016, 32,
1446-1453.

Wu, T.; Hu, E.; Xu, S.; Chen, M.; Guo, P.; Dai, Z,; Feng, T.; Zhou, L.; Tang, W.; Zhan, L.; et al. clusterProfiler 4.0: A universal
enrichment tool for interpreting omics data. Innovation 2021, 2,100141.

Franceschini, A.; Szklarczyk, D.; Frankild, S.; Kuhn, M.; Simonovic, M.; Roth, A.; Lin, J.; Minguez, P.; Bork, P.; Von Mering, C.;
et al. STRING v9.1: Protein-protein interaction networks, with increased coverage and integration. Nucleic Acids Res. 2013, 41,
D808-D815.

Smoot, M.E.; Ono, K,; Ruscheinski, J.; Wang, P.; Ideker, T. Cytoscape 2.8: New features for data integration and network visu-
alization. Bioinformatics 2011, 27, 431-432.

Wang, L.Z.; You, ].H.; Zhong, B.S.; Ren, C.F.; Zhang, Y.L.; Meng, L.; Zhang, G.; Jia, R.; Ying, S.; Wang, F. Scd1 mammary-specific
vector constructed and overexpressed in goat fibroblast cells resulting in an increase of palmitoleic acid and oleic acid. Biochem.
Bioph. Res. Commun. 2014, 443, 389-394.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.



