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Non-coding RNAs, including long non-coding RNAs (IncRNAs) and microRNAs (miRNAs), together
with transcription factors, are critical pre-, co-, and post-transcriptional regulators. In addition to their
criteria as ideal biomarkers, they have great potential in disease prognosis, diagnosis, and treatment
of complex diseases. Investigation of regulatory mechanisms in the context of bovine mastitis,

as most common and economic disease in the dairy industry, to identify elements influencing the
expression of candidate genes as key regulators of the mammary immune response is not yet fully
understood. Transcriptome profiles (50 RNA-Seq and 50 miRNA-Seq samples) of bovine monocytes
induced by Str. uberis were used for co-expression module detection and preservation analysis

using the weighted gene co-expression network analysis (WGCNA) approach. Assigned mi-, Inc-,

and m-modules used to construct the integrated regulatory networks and miRNA-IncRNA-mRNA
regulatory sub-networks. Remarkably, we have identified 18 miRNAs, five IncRNAs, and seven TFs
as key regulators of str. uberis-induced mastitis. Most of the genes introduced here, mainly involved
in immune response, inflammation, and apoptosis, were new to mastitis. These findings may help to
further elucidate the underlying mechanisms of bovine mastitis, and the discovered genes may serve
as signatures for early diagnosis and treatment of the disease.

Bovine mastitis is defined as inflammation of the mammary gland caused by a variety of infectious agents,
including bacteria, mycoplasma, yeasts, and algae'. Mastitis as an endemic disease, leading to the development
of subclinical/chronic with 25-65% incidence worldwide or clinical (~5% incidence worldwide) infections?,
is implicitly associated with a reduction in the quantity and quality of milk production, loss of reproductive
efficiency, and increased susceptibility of animals to other diseases’.

The immune response to pathogens in the mammary gland is highly complex and involves resident, recruited,
and inducible immune factors®. Despite the extensive interaction of innate (non-specific) and adaptive (specific)
immunity factors to provide adequate protection, the magnitude, duration, and efficacy of mammary gland
immunity against mastitis is significantly influenced by specific aetiological agents®. Streptococcus uberis (Str.
uberis), a gram-positive bacterial pathogen, is an amazingly versatile mastitis pathogen that can affect multiparous
cows as well as heifers in all lactation status (milking and dry periods), with clinical or subclinical symptoms
that can even persistent colonization without elevation in the somatic cell count"®. The epidemiology of the Str.
uberis pathogen is not fully understood. The persistence of Str. uberis in the infected bovine udder, due to its
biochemical capabilities and ability to invade mammary cells, as well as its ability to form biofilm and capsule,
promotes the development of chronic mammary infections and allows the pathogen to change from an envi-
ronmental to a cow-associated form”*.

More recently, analysis of the transcriptome profile of the bovine mammary epithelial cells in response
to infection revealed several genes (e.g., TNF, IL6, IL8, IL10, TP53, TGFB1), gene lists (e.g., IL-10 and IL-6
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signaling), and miRNAs (e.g., mir-155, mir-204)°, which are responsible for a wide range of inflammatory and
immunological responses'®2

Furthermore, the role of key genes in the molecular mechanisms of resistance to bovine mastitis!® and also
in predicting drug candidates for the control and management of mastitis has been previously investigated'*, but
the regulatory elements, such as miRNAs, IncRNAs, and TFs, involved in the expression of these genes are not
yet fully understood. A growing number of reports suggest a significant utility of miRNAs'®, IncRNAs!®!7, and
TFs'¢ as biological markers of pathogenic conditions, modulators of drug resistance, and/or drug development
for medical intervention.

Non-coding RNAs, untranslated RNA molecules that play a regulatory role in gene expression, are involved
in many biological processes. These functional RNA molecules are divided into several groups such as small
interfering RNA (siRNA), small nucleolar RNA (snoRNA), circular RNAs (circRNAs), PIWI-interacting RNA
(piRNA), microRNA (miRNA), and long non-coding RNA (IncRNA)'®. Among these, miRNAs and IncRNAs
have attracted the attention of researchers in the field of immune-related gene expression signatures'®.

MiRNAs are short non-coding RNAs of ~ 22 nucleotides in length that bind to the coding region of an mRNA,
the 3’ and 5’ untranslated region (UTR), repress the translation of mRNA into protein (post-transcription) and
control biological processes in humans, plants and animals?*-*%. Research has shown that when cells receive
exogenous or endogenous signals, the expression of miRNAs inside the cells changes, and during the onset of
disease symptoms, the expression levels of some miRNAs change to control the development of the disease2°.
Therefore, miRNAs can be used as early diagnostic biomarkers at the onset or progression of disease*>?. It has
been shown that miRNAs of Str. uberis infection are key amplifiers of the inflammatory response networks of
monocytes?.

LncRNAs with more than 200 nucleotides (nt)?®%, could not encode proteins and harbored a 5' cap and 3’
poly (A)***". LncRNAs play roles in the level of gene transcription, epigenetic and post-transcriptional modifica-
tion, and regulate the level of the immune and inflammatory response during the disease process?®*. Genomic
imprinting, DNA methylation, splicing, and chromatin modification are some of the other roles of IncRNAs*>%.
The inflammatory response may be promoted by the effect of IncRNAs on the transcription of certain genes™.
Previous research has suggested that IncRNAs have the potential to become important diagnostic markers for
mastitis and can be used to control and prevent this disease®®. Recently, computational analyses showed that
miRNA, IncRNA, and TFs could regulate the host immune response to bovine mastitis'.

This is the first report investigating regulatory elements including miRNA, IncRNA and TFs that influence the
expression of candidate genes in the mammary immune response in the context of Str. uberis bovine mastitis.
We used mRNA and miRNA sequencing datasets to construct an integrated co-expression network. Given the
relatively low activity of some highly expressed microRNAs which in some cases correlated with a high target-
to-microRNA ratio or increased nuclear localization of the microRNA, analysis based on module detection is
more appropriate than making decisions based on differential expression results.

In order to explore the key regulatory elements involved in the onset and development of mastitis, several
processes including module discovery, preservation analysis, module assignment, functional enrichment analysis,
regulatory network construction, and network integration were used to extract miRNA-IncRNA-mRNA sub-
networks and identify hub genes. In addition, target prediction for mi and IncRNAs was used to confirm the
elements in the assigned modules at the sequence level.

Material and methods

Data sources and pre-processing

Raw RNA and miRNA sequencing data were obtained from NCBI’s Gene Expression Omnibus (GEO) data
repository under the accession number GSE51856 and GSE51858 respectively. These data contained transcrip-
tome profiles of milk samples related to five Holstein Friesians cows infected with Str. uberis 0140 colonies, as
well as five control animals, inoculated with saline only, in the middle of first lactation at the time points 0, 12, 24,
36, and 48. In brief, milk-derived CD14" monocytes with more than 95% purity were isolated by fluorescence-
activated cell sorting (FACS). Total RNA was extracted using mirVana RNA Isolation Kit (Ambion, Austin, TX)
and MicroRNA was extracted using mirPremier microRNA Isolation Kits (Sigma-Aldrich, Steinheim, Germany)
from FACS-isolated cell populations. The Illumina HiSequation 2000 was used for sequencing (50-bp single-end)
with three or four samples and seven or eight samples multiplexed per lane for mRNAs and miRNAs respectively.
Finally, 50 RNA-Seq libraries (25 Infected and 25 control samples) containing 50-bp single-end reads and 50
miRNA-Seq libraries (25 Infected and 25 control samples) containing 50-bp single-end reads were generated.
In the original paper, more details on preparing data can be found?!.

FastQC (version 0.11.9) was used for quality check of raw RNA-Seq and miRNASeq reads®. These data did
not have any adaptor sequence. Bases/reads for both RNA and miRNA reads with Low-quality were removed
by Trimmomatic (version 0.32)*. The trimming criteria for RNA-Seq data were MAXINFO: 40:0.9 MINLEN:36
TRAILING:3 and for miRNA-Seq data was MAXINFO:18:0.9 MINLEN:18 TRAILING:3.

MAXINFO trimmer, performs an adaptive quality trim, balancing the benefits of retaining longer reads
against the costs of retaining bases with errors. TRAILING, Remove trailing N bases, if below quality 3. In
RNAseq studies, when the length of the data is less than a normal limit, they should be removed because they
will cause errors in other steps such as multiple alignments, so we used the MINLEN option to remove reads
that fall below the specified minimal length. The quality of reads after trimming was monitored again by FastQC.

Hisat2 (version 2.2.1) was used for the alignment of clean reads of RNA data to index bovine reference genome
using disable spliced alignment option. Indexing of genome constituted by hisat2-build function (Bos_taurus.
ARS-UCDL1.2 version from ENSEMBL database, released Apr2018)3. Then, the mapped RNA reads annotated
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by the Ensembl bovine GTF file (GCA_002263795.2 genome, release 103) were counted using HTSeq-count
(version 2.0.1)%.

For miRNA data, Bowtie software (version 1.2.2)* with “-n 1 -e 80 -best —strata -a” options were used to align
reads to hairpin bovine miRNA sequences obtained from the miRBase database (v22.1)*!. Defined alignment
options report only those miRNA reads in the best alignment “stratum,” with no more than one mismatch. Reads
that did not uniquely align with the miRBase were discarded.

Then, quantify the expression of each miRNA and the expression matrix was generated by SAMtools (ver-
sion 1.7)%.

Raw counts of RNA were processed by the voom function in the limma package (R software version 4.1.0)
to convert them into log2 counts per million (logCPM) and provide mean-variance relationship plot*. The
calcNormPFactors function implemented in edgeR was used for obtaining the TMM normalization factors*.

To gather more reliability of the genes, genes in both expression matrices with expression levels >1 CPM in
at least three samples followed by the standard deviation larger than 0.25 were kept for further analysis**. IncR-
NAs in the mRNA matrix were identified and separated using the Ensembl bovine GTF file (GCA_002263795.2
genome, release 103). To identify bovine transcription factors (TF)s in the mRNA matrix, the Animal TFDB3.0
database was used*. Finally, three matrices including miRNA, IncRNA, and mRNA (including TFs) were used
for module detection separately.

Module construction based on the WGCNA algorithm

A systems biology approach using WGCNA* was applied to explore the complex relationships between genes
and phenotypes by constructing scale-free co-expression networks. In this research, 3 weighted co-expression
networks for healthy samples of mi, Inc, and mRNA expression datasets were constructed separately. Since coex-
pression analysis is very sensitive to outliers, the outlier samples were detected and excluded from the original
matrices. Detection of outliers was performed by calculation of adjacency matrices of expression matrices. The
sample network connectivity according to the distances was standardized and samples with standardized con-
nectivity less than — 2.5 were detected as outliers. Then goodSamplesGenes function in the WGCNA package
was applied to determine whether the sample data were complete as well as exclude the unqualified genes. The
construction processes of gene co-expression networks were the same in the three construction networks except
for a number of parameters that are mentioned following. First, the optimal value of soft threshold power f,
which is a weighted parameter of the adjacent function, was obtained by the pickSoftThreshold. Then, appropriate
soft-thresholding power was calculated to be confident of the scale-free topology of the constructed network®.
Second, the blockwiseModules function in the WGCNA package used for module detection, with the major
parameters: power =20, corType = “bicor”, networkType = “signed”, TOMType = “signed”, maxBlockSize = 17,000,
minModuleSize = 30, reassignThreshold = 0, mergeCutHeight =0.25 for mRNA. The power for miRNA and
IncRNA changed to 12 and 10 respectively. According to the smaller size of the miRNAs and IncRNAs in com-
parison to the mRNA, the minModuleSize was set to 5 for them. Noticeably, to identify the modules in three
datasets, first, weighted adjacency matrices were constructed based on the soft-thresholding power, and were
transformed into the topological matrix (TOM). The TOM, which describes the association strength between
the genes, was used to convert the adjacency value into a TOM matrix. Then, TOM-based matrices clustered the
genes into the hierarchy to get the system clustering tree by using average linkage hierarchical clustering analysis
through a dynamic hybrid tree-cutting algorithm*. Hierarchical clustering is a widely used method for detecting
clusters with a small degree of dissimilarity for co-expressed elements. The dissimilarity measure based on TOM
can be used as input in hierarchical clustering, then modules were defined as branches of a cluster tree, and each
module was labeled by a unique color using the static tree cutting method. Eventually, mi, Inc, and mRNAs with
similar expression profiles were divided into modules named mi-, Inc-, and m-modules, respectively. Third, the
correlations between the module eigengenes were used to detect the highly similar modules to further merge.

Preservation analysis

Preservation status (preserved, semi-preserved, and non-preserved) of connectivity patterns of the genes in the
detected m-modules of healthy samples in comparison with infected samples were detected by modulePreserva-
tion function in the WGCNA package. Two composite module preservation statics, Zsummary, and medianRank,
were applied to evaluate the preservation status detected based on connectivity and density of genes included in
each module®. The Zsummary <5 was considered as the threshold for non-preserved modules, between 5 and
10 was considered as the semi-preserved modules, and greater than 10 evidence was considered as the preserved
modules. To evaluate the statistical significance of both module preservation statics, the permutation method
(N'=200 permutations) was used.

Assign the relationship between modules

Eigengene (MEs) of elements were used to assign the mi- and Inc-modules to non- or semi-conserved m-modules
and also mi-modules with Inc-modules. Pearson correlations and associated p-values were estimated between
the module MEs of given modules using corAndPvalue function in the WGCNA package. The MEs, considered
representative of the expression profiles in a module, refer to the first principal component of a given mod-
ule. Negative or positive correlations greater or less than +0.70 and -0.7 with a significant statistic (adjusted P
value < 0.05) respectively, were defined as regulators of interest modules. Negative correlations suggest that mi-
modules might inversely regulate m-modules. Hence, mi-modules only with a significantly negative correlation
(adjusted P value <0.05) were considered regulatory relations between mi- and m-modules.
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Target prediction for miRNAs and IncRNAs

To make a stronger biological connection between mi- and Inc-modules with assigned modules as upstream
regulatory elements, the target prediction was performed for miRNAs and IncRNAs. Therefore, genes in assigned
modules were confirmed by prediction software considered as targets.

To avoid false positive results, IncRNAs or mRNAs assigned to miRNAs that are confirmed by the predicted
targets of at least two out of the three applied software including miRanda (version 1.9)°!, RNAhybrid (version
2.2.1)*%, and RNA22 (version 2)** considered as targets of given miRNAs. The minimum free energy threshold
was set as —15, and other parameters were set as default settings for all used software. In this respect, bovine
mature miRNA sequences were obtained from the miRBase database (version 22.1), and bovine 3’ and 5’ UTR
sequences and coding sequence (CDS) of mRNAs were retrieved from the BioMart database (https://www.ensem
bl.org/biomart). The sequences of IncRNAs were obtained by using the gget tool (version 0.2.6) which is a UNIX
base tool for downloading sequences by using their Ensemble IDs.

LncTar tool (version 1.0)** was used to predict the targets of IncRNAs assigned to CDS regions of mRNAs.

Hub mRNAs verification

It is known that all presented genes in a module were not important to be linked with the subject of interest.
For more focus on the most important mRNAs in each module, mRNAs with a central role in the co-expression
network with high connectivity within each module, as hub genes used for enrichment analysis. The MEs value
in each module and signedKME functions of the WGCNA package were used to identify the hub elements in
the detection modules.

For each mRNA, eigengene-based connectivity (ky;) and a "fuzzy" measure of module membership were
determined by the correlation between its expression profile with the MEs of a given module. The ky;; measure
is highly related to intramodular connectivity (ky;). Highly connected intramodular hub elements tend to have
high module membership values to the respective module. Hubs in modules were determined as the elements
with ky>0.8 in mastitis samples and ky <0.8 in healthy samples®.

Functional enrichment analysis

To assess the putative functions associated with the genes in each m-modules based on preservation status, and
detected hub genes, GO terms were performed using the EnrichR online analysis tool (https://maayanlab.cloud/
Enrichr/)*. Only significant terms with adjusted p-values <0.05 were considered.

Construction of the regulatory network

In order to identify and visualize the most important regulatory elements and pathways in assigned modules,
the following steps were performed:

1. All the interactions related to mi, and Inc-modules and their verified targets were used as inputted data to
Cytoscape software (version 3.9.1)%.

2. Maximum click centrality (MCC) topological analysis methods of CytoHubba application®” in Cytoscape
were used to screen the five highly connected genes in each module-module interaction network separately.

3. Integrated network constructed to illustrate regulatory pathways, upstream main regulators, and miRNA-
IncRNA-mRNA interaction sub-networks.

Results

RNA-Seq and miRNA-Seq preprocessing

The overall analysis workflow is shown in Fig. 1. After preprocessing, from 1,876,238,611 raw reads belonging
to 50 RNA-seq samples, 1,601,194,408 clean reads remained with an average of 32,023,888 per sample. After
alignment with an average of 84.86% to the bovine reference genome, counting, and integration of samples, two
expression matrices containing 26,127 mRNAs (including 767 TFs), and 1480 IncRNAs obtained.

In miRNA samples (50 miRNA-seq samples), from 702,106,058 raw reads, 650,547,536 clean reads with an
average of 13,010,950 reads per sample obtained. 43.03% of the clean reads are aligned to the bovine hairpin
miRNAs. To ensure no genomic contamination, mapping to the bovine reference genome was performed for
some miRNA samples that have a low mapping rate to bovine hairpin miRNAs (more than 80% of reads mapped
to the bovine reference genome). Mapped reads counts and integrated to achieve a miRNA expression matrix
(with 997 miRNAs). The summary tables of the preprocessing and mapping status of mRNA and miRNA samples
are provided in separate sheets in Supplementary Table S1 online.

Matrices achieved from primary preprocessing lead to further filtration to remove non-expressed genes
based on the expression values across the majority of samples and non-informative genes based on the varia-
tion of expression between samples. Three expression matrices including 699, 1024, and 11,497, mi, Inc, and
mRNAs respectively, passed all the aforementioned filters and were used for coexpression analysis. These three
matrices are prepared in separate sheets available in Supplementary Table S2 online online. The mean-variance
trend shows how the coefficient of variation of the counts depends on the count size in each database provided
in Supplementary Fig. S1 online.
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Figure 1. The workflow of this study.

Construction of weighted co-expression network

In this study, a network-based approach was applied to better understand the molecular mechanisms and regula-
tory elements in mastitis with Str. uberis infection. Three samples were defined as an outlier and were excluded
for further analysis (TC.1.003 in mRNA and TC.2.001 and T'C.2.003 in miRNA samples).

Genes are clustered into modules based on their co-expression by WGCNA. After the determination of the
appropriate soft threshold power beta (Supplementary Fig. S1 online), 31 m-modules, 30 mi-modules, and three
Inc-modules were detected by hierarchical clustering and dynamic branch cutting (Supplementary Fig. S1 online).
The average number of genes per module was 360 in the m-modules (ranged from 44 in pale turquoise to 2127 in
turquoise modules), 23 in mi-modules (ranged from 5 in steel blue to 54 in turquoise), and in Inc-modules size
of modules were including 14 in brown, 15 in blue, and 586 in turquoise. Additionally, 728, 29, and 408 genes
were reported as grey modules in m-, mi-, and Inc-modules, respectively, which contained some genes that were
not assigned to any module (Supplementary Table S3 online).
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Figure 2. Preservation analysis based on the Zsummary criteria. The medianRank (y-axis) and Zsummary
(x-axis) statistics of the module preservation. The red and black vertical lines indicate the thresholds
Zsummary =8 and Zsummary = 10 respectively. The modules with Zsummary <5 were considered as non-
preserved, Zsummary between 5 and 10 as semi-preserved and Zsummary > 10 as preserved. MedianRank of
the modules close to zero indicates a high degree of preservation.

Preservation analysis

The preservation analysis of m-modules was performed to investigate the connectivity patterns between the two
healthy and mastitis conditions. Connectivity patterns or network properties in the non- and semi-preserved
modules altered under mastitis compared to healthy conditions, so they could represent a set of genes affected
or influenced by the disease. Of 31 m-modules, 12, 9, and 10 modules were detected as preserved, semi-, and
non-preserved modules respectively (Fig. 2 and Supplementary Table S4 online).

Assigning the mi- and Inc-modules to non- and semi-preserved modules as well as mi- to
Inc-modules

To explore the potential molecular mechanisms and regulatory elements responsible for mastitis disease, MEs of
mi- and Inc-modules were observed to be correlated together with MEs of non- and semi-preserved m-modules.

(A) Assigned mi- to Inc-modules

Module names | Turquoise Blue Brown
Blue —0.7148

Cyan -0.7157
Steelblue 0.7372 0.7273

(B) Assigned mi- to m- dul

Module names | Saddlebrown | Green Salmon

Lightgreen -0.7191

Royalblue -0.8397

Darkgreen -0.7433

(C) Assigned Inc- to dul

Module names | Tan Cyan Midnightblue
Turquoise 0.76267 -0.706 0.7903

Table 1. Summary of relation assigned between modules based on Pearson correlation with adjusted P
value <0.05.
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Software Mi-module (number of miRNAs) | m-module (number of genes) | Number of the unique predicted targets
Lightgreen (18) Saddlebrown (47) 38 mRNA, 9 TF
MiRanda Royalblue (16) Green (652) 376 mRNA, 15 TF
Darkgreen (15) Salmon (211) 162 mRNA, 36 TF
Lightgreen (18) Saddlebrown (47) 32 mRNA, 9 TF
RNA22 Royalblue (16) Green (652) 364 mRNA, 48 TF
Darkgreen (15) Salmon (211) 148 mRNA, 32 TF
Lightgreen (18) Saddlebrown (47) 16 mRNA, 3 TF
RNAhybrid Royalblue (16) Green (652) 269 mRNA, 19 TF
Darkgreen (15) Salmon (211) 111 mRNA, 8 TF
Lightgreen (18) Saddlebrown (47) 38 mRNA, 9 TF
g:g?;;zl; results (detected by at least two out of the applied Royalblue (16) Green (652) 279 mRNA, 22 TF
Darkgreen (15) Salmon (211) 132 mRNA, 11 TF
Table 2. Summary of target prediction of mi-modules assigned to semi- and non-preserved m-modules by
different prediction tools.
Software Mi-module (number of miRNAs) | Lnc-module (number of IncRNAs) | Number of the unique predicted targets
Blue (46) Turquoise (586) 508 Inc
Cyan (22) Brown (14) 7 Inc
miRanda
Steelblue (5) Brown (14) 41Inc
Steelblue (5) Blue (15) 1Inc
Blue (46) Turquoise (586) 480 Inc
RNA22 Cyan (22) Brown (14) 41Inc
Steelblue (5) Brown (14) 41Inc
Steelblue (5) Blue (15) 31Inc
Blue (46) Turquoise (586) 245 Inc
RNAhybrid Cyan (22) Brown (14) 41nc
Steelblue (5) Brown (14) 41nc
Steelblue (5) Blue (15) 41nc
Blue (46) Turquoise (586) 275 Inc
Common results (detected by at least two out of the applied Cyan (22) Brown (14) 21Inc
software) Steelblue (5) Brown (14) 21Inc
Steelblue (5) Blue (15) 0lnc

Table 3. Summary of target prediction of mi-modules assigned to Inc-modules by different prediction tools.

Pearson correlation (adjusted P value <0.05) was used for the illustration of module relations. The assigned
modules are shown in Table 1 and more details are prepared in Supplementary Tables S6, S7, and S8 online. A
heatmap was drawn that provides a clear picture of the interactions between mi-, Inc-, and m-modules (Sup-
plementary Fig. S1 online file S10).

Confirmation of assigned regulatory elements (mi and IncRNAs)'s targets by target prediction

tools

The summary of the targets of mi-modules assigned to m-modules and Inc-modules confirmed by miRanda,
RNA22, and RNAhybrid software, as well as common confirmation (were detected by at least two out of the three
applied software) were presented in Tables 2 and 3 respectively. More details were provided in Supplementary

Software

Inc-module (number of IncRNAs)

m-module (number of genes)

Number of the unique predicted targets

LncTar

Turquoise (586)

Tan (270) 252
Cyan (209) 199
Midnightblue (192) 190

Table 4. Summary of target prediction of Inc-modules assigned to semi- or non-preserved m-modules using
LncTar tool.
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Tables S9 and S10 online. Summary information about the target prediction of Inc-modules assigned to m-mod-
ules was presented in Table 4 and is available with more details in Supplementary Table S10 online.

Genes detected as hubs in m-modules
Between 10,769 genes clustered in m-modules (without considering grey modules), 532 genes were determined
as intramodular hub elements (107 semi-, 74 non-, and 351 preserved).

The complete list of the hub genes in each m-module was presented in Supplementary Table S11 online.

Functional enrichment analysis

To assess the putative functions associated with the modules, all the identified semi- and non-preserved m-mod-
ules and their hubs were subjected to functional enrichment analysis, separately. Functional analysis of 9 non-pre-
served m-modules and 10 semi-preserved modules presented in Supplementary Tables S12 and S13 respectively.
Hub genes of non-preserved modules enriched biological terms mainly including negative regulation of TORC1
signaling, positive regulation of macroautophagy, positive regulation of leukocyte mediated immunity, regulation
of dendritic cell cytokine production, positive regulation of I-kappaB phosphorylation, interleukins production,
leukocyte differentiation, and dendritic cell cytokine production, p38MAPK cascade, toll-like receptor 2 signaling
pathway, T cell activation, negative regulation of phospholipase activity, myeloid leukocyte mediated immunity,
and fatty acid oxidation, positive regulation of immune cell apoptotic and negative regulation of apoptotic sign-
aling pathways (Supplementary Table S14 online). Hub genes in the semi-preserved module generally enriched
terms related to immune response including B cell, T cell activation, lymphocyte-mediated immunity, adaptive
immune response, negative regulation of intrinsic and extrinsic apoptotic signaling pathways, positive regulation
of cell-cell adhesion, and regulation of macrophage cytokine production (Supplementary Table S15 online).

Regulatory networks constructed by WGCNA results

To better illustrate, key regulatory elements and hub genes in each relation between WGCNA-calculated co-
expressed mi, Inc, and mRNAs expression values, visualized by Cytoscape. The architecture of the networks of
each relation in Table 1 has shown in Figs. 3 and 4. The network constructed for the blue module of miRNA
and turquoise IncRNA has been illustrated in Fig. 3a. Due to having a small number of genes, other relations of
miRNA modules with IncRNA did not form a network. All edges are shown by activatory or inhibitory arrows
based on the sign of the correlation between modules (inhibitory arrow for negative correlation and activatory
arrow for positive correlation).

The five top genes of each module (hub genes) detected by MCC topological analysis of CytoHubba have been
highlighted in each network. Integration of all networks helps us to find miRNA-IncRNA-mRNA sub-networks
to highlight specific molecular functions and mechanisms related to mastitis disease (Fig. 5). The brief statistic
and hubs of each network were prepared in Supplementary Table S16 online. The name, biological kind, and
module name of nodes and details of network statistics related to each network and sub-networks are presented
in Supplementary Table S17 online.

Discussion

Bovine mastitis is an inflammatory disease with clinical and subclinical symptoms, caused by a variety of infec-
tious agents, controlled by a complex network of biological substances, resulting in significant economic losses
due to negative effects on animal welfare, productive and reproductive performance, poor milk quality, increased
workload, early culling and high treatment costs. Although transcriptional analysis of the bovine mammary
gland in response to intramammary infection by Str. uberis reveals many immune-related genes and pathways,
the regulatory elements, such as miRNAs, IncRNAs and TFs, involved in the expression of these genes are not
yet fully understood. A growing number of reports suggest a significant utility of miRNAs, IncRNAs, and TFs
as biomarkers of pathogenic conditions, modulators of drug resistance, and/or drugs for medical intervention.

Here, co-expression analysis and the integrated regulatory network approach were used to better understand
the functional networks/pathways contributing to mastitis with Str. uberis infection. Through this research, we
generated a list of miRNAs, IncRNAs and TFs that play critical roles in the response of mammary epithelial cells
to Str. uberis infection. Functional analysis of intramodular hub genes detected by the WGCNA algorithm for
semi- and non-preserved modules mostly enriched terms related to immune response, inflammation, cytokine
and chemokine signalling, acute phase proteins, proteolysis and apoptosis. All networks constructed between
the module relationships shown in Figs. 3 and 4. A total of, 18 miRNAs including mir-149, mir-6525, mir-669,
mir-2376, mir-24-1, mir-10162, mir-12027, mir-2300a, mir-6521, mir-1248-1, mir-1248-2, mir-615, mir-133a-1,
mir-2328-3p, mir-2328-5p, mir-2400, mir-29b-1, and mir-378-1, five IncRNAs including ENSBTAG00000048401,
ENSBTAG00000049095, ENSBTAG00000050346, ENSBTAG00000051337, and ENSBTAG00000051777, and also
seven TFs including SOX10, GTF3C1, ETV4, MYCL, MESP1, UBTE and MAFB were identified as key regulators
in mastitis caused by Str. uberis (Supplementary file S16).

Between them, mir-6525 and mir-669 were reported in a review on the role of non-coding RNAs in bovine
mastitis diseases as dysregulated miRNAs during mastitis infection by Staphylococcus aureus and Streptococcus
agalactiae, respectively'®. Mir-149, as shown in our integrated network (Fig. 5a) and as a key regulator in the
miRNA-IncRNA-mRNA sub-network (Fig. 5b), needs more attention.

It has been reported that suppression of bta-mir-149 promotes cell proliferation, migration and invasion, while
inhibiting cell apoptosis®® at both transcriptional and post-transcriptional levels® and may act as an oncogene
(oncomiR) and tumour suppressor®. Bta-mir-149 has also been shown to inhibit pro-inflammatory cytokine
production and its down-regulation correlates with increased expression of pro-inflammatory cytokines such
as TNFa, IL1f and IL6°'.
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Figure 3. Regulatory networks of (A) negative relationship between blue mi-module and turquoise Inc-module,
B) negative relationship between lightgreen mi-module and saddlebrown m-module, (C) negative relationship
between royalblue mi-module and green m-module, (D) negative relationship between darkgreen mi-module
and salmon m-module. miRNAs are represented with diamonds, IncRNAs with rectangles, and in m-modules
ellipses show regular proteins and parallelograms show transcription factors. Edges are indicated by activating
or inhibiting arrows based on the sign of correlation between modules. Hub genes are highlighted with red
borders.

Based on the differential expression analysis results achieved from the original paper of our sequencing
datasets®!, bta-mir-149 was significantly down-regulated (-4 fold change) in mastitis samples compaired to
control samples.

In Fig. 5a, mir-149 was shown to negatively regulate 40 IncRNAs and indirectly regulate 7 TFs and 572 protein-
coding genes. We illustrated a new sub-network to focus more on TFs as key regulators seen in these m-modules
(Fig. 5b). As shown in Fiure 5b ENSBTAG00000049801, ENSBTAG00000051777, and ENSBTAG00000055157
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Figure 4. Regulatory network between turquoise Inc-module and (A) tan, (B) cyan and (C) midnight blue
m-modules. IncRNAs are represented with rectangle shapes. In m-modules, ellipses show regular proteins and
parallelograms show transcription factors. Edges are indicated by activating or inhibiting arrows based on the
sign of correlation between modules. Hub genes are highlighted with red borders.

negatively regulate MYCL. Lung-derived MYC (MYCL) is a member of the myelocytomatosis oncogene (MYC)
family of transcription factors, which recent evidence suggests plays an essential role in the regulation of cell
growth, cell cycle, cell metabolism and cell death®2. The role of MYC in immunosuppression and a significant
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Figure 5. (A) Integrated IncRNA-miRNA-mRNA regulatory network of blue mi-modules, turquoise Inc-
modules and tan, cyan and midnight blue m-modules. (B) Regulatory sub-network of the integrated IncRNA-
miRNA-mRNA network. miRNAs are represented by diamonds, IncRNAs by rectangles, in m-modules ellipses
show regular proteins and parallelograms show transcription factors. Edges are indicated by activating or
inhibiting arrows based on the sign of correlation between modules. Nodes with red edges represent hub genes
in the original networks.
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opportunity in combining MYC inhibitors with immunotherapies has recently been reported®®. MYCL has been
found to be amplified or overexpressed in many tumour types®.

Based on our results down-regulated expression of bta-miR-149 indirectly inhibits MYCL transcription
factor functions by suppressing its negative effects on ENSBTAG00000049801, ENSBTAG00000051777, and
ENSBTAG00000055157 IncRNAs.

Furthermore, Fig. 5a has shown that bta-mir-149 indirectly promotes the expression of the transcription
factors ETV4, GTF3C1, MAFB, MESP1, SOX10 and UBTF. These TFs are stimulated by the IncRNAs ENS-
BTAG00000055157, ENSBTAG00000051777, ENSBTAG00000050989, ENSBTAG00000049801 and ENS-
BTAG00000002749. The down-regulated expression of bta-mir-149 by suppressing its negative regulation on
these IncRNAs promotes the action of downstream TFs. To explain the role of these TFs, ETV4 is involved in
proliferation and induction of differentiation-associated genes® and promotes breast cancer cells®®, SOX10 has a
positive regulation on epithelial cell proliferation””, GTF3C1 has been introduced as an immune-related marker
for breast cancer®® by modulating cell proliferation, invasion, adhesion, angiogenesis and survival®’, MAFB
regulates dendritic cell maturation, the master regulator of the immune response’, is an inducer of monocytic
differentiation”’, and macrophage development’. Mesoderm posterior 1 (MESP1), which belongs to the family
of basic helix-loop-helix transcription factors and is a master regulator of mesendoderm development, has also
been shown to play a critical role in proliferation as a cancer oncogene gene”. The last TE, Upstream Binding
Transcription Factor (UBTF), is known for transcriptional and chromatin modulation and has been reported
to act as a transcriptional repressor of viral gene expression’®. Regarding the related roles of these transcription
factors, they can be regulated by the common pathways to manage the expression genes of bovine mastitis.
Mir-615, detected as a hub in the network Fig. 3¢ constructed by the assigned royalblue mi-module and the
green semi-preserved m-module, is another interesting miRNA in our results that needs more focus. A bovine
miR-615 sequence obtained from miRbase (release Mar. 2023) is 92 nucleotides long and represents a highly
conserved sequence’.

Research has shown conflicting results on the key role of Mir-615 as a tumour suppressor with an inhibitory
role in cell proliferation, migration, and invasion’®”” or as a tumour promoter, inhibiting apoptosis and thereby
contributing to tumour growth, proliferation, invasion and migration’®”’. Apoptosis, as a highly regulated pro-
cess of cell death required for the development and homeostasis of multicellular organisms, is a key feature of
mammary gland development and function and is critical for the removal of milk-secreting alveolar epithelial
cells during lactation and post-lactational involution®’. Programmed cell death often accompanies the death of
the infectious agent and may promote efficient clearance of the pathogen. Activation or prevention of cell death
may be a critical factor in the outcome of infection®'. Conclusive and direct evidence for the involvement of
apoptosis in Str. uberis-induced mastitis has not been provided. Based on our results, mir-615 with significantly
16-fold up-regulated in DE analysis of the original paper of our datasets®! may be a mediator of apoptosis for Str.
uberis infection. Searched results in enrichment analysis output of mir-615’s targets showed positive regulation
of the apoptotic process has been significantly enriched by targets. Taken together, these findings illustrated
that up-regulation of mir-615 through negative regulation of downstream targets may have an inhibitory role in
apoptosis and may be a reason to justify the previous finding that illustrated Str. uberis can persistently colonise
the mammary gland without elevating somatic cell count®.

Another hub miRNA presented in Fig. 3d, miR-29Db, affects the lactation activity of dairy cow mammary epi-
thelial cells by DNA hypermethylation of the promoters of important lactation-related genes®. Previous studies
have shown that miR-29b is repressed by the NF-kB pathway, a key modulator of the inflammatory response®.
The association of miR-24-1 (hub in Fig. 3a) with the NF-kB pathway has been previously reported®. Previ-
ous studies have shown that miR-29b is repressed by the NF-«xB pathway, a key modulator of the inflammatory
response®. The association of miR-24-1 (hub in Fig. 3a) with the NF-kB pathway has been reported previously®.

Previous research has shown that miR-133a (hub in Fig. 3¢c) exacerbates inflammatory responses by targeting
and inhibiting the expression of sirtuin-1°¢.

Other hub miRNAs (mir-10162, mir-12027, mir-2300a, mir-2328-3p, mir-2376, mir-6521) are new and not
enough information was found about them.

Our results also identified genes with the highest association with upstream regulators, including ABAT
(Fig. 3b), ENSBTAG00000050205 (Fig. 4a), NRXN2 (Fig. 4b) and ENSBTAG00000052846 (Fig. 4c), which have
not been previously reported in mastitis but may play an important role in this disease based on the following
literature review results. GABA, the major inhibitory neurotransmitter, is reported to be a potent immunomodu-
latory molecule that is metabolised by the action of the enzyme Aminoutyrate aminotransferase (ABTA). Amin-
obutyrate aminotransferase (ABTA) has been detected in macrophages, CD4+ T cells and peripheral human
monocytes?’. The new gene ENSBTAG00000050205, shown in Fig. 4a, showed 99.81% identity to LTBP2 using
blastn in NCBI®. Latent transforming growth factor-beta (TGF-beta)-binding protein (LTBP) has been shown
to play a key role in apoptosis®.

NRXN2 as a potential regulator of inflammatory pain® shown in Fig. 4b. New gene ENSBTAG00000052846
with 99.3% identity to NT5C3A using blastn software®® presented in Fig. 4c. Previous research suggests that
NT5C3A mediates feedback inhibition of proinflammatory cytokine production by acting epigenetically to
block NF-kB signalling output®.

Conclusion

To improve our understanding of systems biology, it is crucial to gain insight into the regulatory components,
such as miRNAs, IncRNAs and TFs, that have the potential to influence the expression of immune genes in the
mammary gland upon exposure to a particular pathogen. These findings may provide a promising avenue for
improving the diagnosis and treatment strategies for mastitis diseases in the dairy industry. Our research using
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the advanced capabilities of WGCNA, such as module detection and preservation analysis, has identified some
potential regulatory genes (miRNA, IncRNA and TFs). Interestingly, most of these genes identified as regula-
tors with significant roles in immune response, inflammation and apoptosis are novel in the field of mastitis.
However, further experimental work is needed to validate our findings and elucidate the importance of these
networks in bovine mastitis.

Data availability

The datasets analyzed during the current study are available in the NCBI's Gene Expression Omnibus (GEO)
under the accession number GSE51856 and GSE51858, https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=
GSE51856 and https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE51858 respectively.

Received: 18 April 2023; Accepted: 5 September 2023
Published online: 12 September 2023

References

1. Sharifi, S. & Pakdel, A. A Chapter of Book Entitled "Mastitis: Symptoms, Triggers and Treatment” (2019).

2. Wang, M. et al. Genome-wide DNA methylation analysis of mammary gland tissues from Chinese Holstein cows with Staphylococ-
cus aureus induced mastitis. Front. Genet. 11, 550515 (2020).

3. Heikkild, A. M., Nousiainen, J. & Pyoril4, S. Costs of clinical mastitis with special reference to premature culling. J. Dairy Sci. 95,
139-150 (2012).

4. McConnel, C. S. et al. A fixed cohort field study of gene expression in circulating leukocytes from dairy cows with and without
mastitis. Front. Vet. Sci. 7, 559279 (2020).

5. Sordillo, L. M. & Streicher, K. L. Mammary gland immunity and mastitis susceptibility. . Mammary Gland Biol. Neoplasia 7,
135-146 (2002).

6. Fuquay, ]. W,, McSweeney, P. L. & Fox, P. E. Encyclopedia of Dairy Sciences (Academic Press, 2011).

7. Gomes, E, Saavedra, M. ]. & Henriques, M. J. Bovine mastitis disease/pathogenicity: Evidence of the potential role of microbial
biofilms. FEMS Pathog. Dis. 74, ftw006 (2016).

8. Miotti, C., Cicotello, J., Suarez Archilla, G., Neder, V., Alvarado Lucero, W., Calvinho, L.E, Signorini, M., Camussone, C.M., Zbrun,
M.V. & Molineri, A.I. Antimicrobial resistance of Streptococcus uberis isolated from bovine mastitis: Systematic review and meta-
analysis. In SSRN 4226490.

9. Tabashiri, R. et al. Genome-wide post-transcriptional regulation of bovine mammary gland response to Streptococcus uberis. J.
Appl. Genet. 63, 771-782 (2022).

10. Sharifi, S. et al. Integration of machine learning and meta-analysis identifies the transcriptomic bio-signature of mastitis disease
in cattle. PLoS ONE 13, 0191227 (2018).

11. Sharifi, S. et al. Prediction of key regulators and downstream targets of E. coli induced mastitis. J. Appl. Genet. 60, 367-373 (2019).

12. Swanson, K. M. et al. Transcriptome profiling of Streptococcus uberis-induced mastitis reveals fundamental differences between
immune gene expression in the mammary gland and in a primary cell culture model. J. Dairy Sci. 92, 117-129 (2009).

13. Sharifi, S. et al. Molecular mechanisms of resistance to bovine mastitis. Livest. Sci. 239, 104068 (2020).

14. Sharifi, S. et al. Systems biology-derived genetic signatures of mastitis in dairy cattle: A new avenue for drug repurposing. Animals
12,29 (2022).

15. Hanna, J., Hossain, G. S. & Kocerha, J. The potential for microRNA therapeutics and clinical research. Front. Genet. 10, 478 (2019).

16. Li, T. et al. Molecular characteristics of Staphylococcus aureus causing bovine mastitis between 2014 and 2015. Front. Cell. Infect.
Microbiol. 7, 127 (2017).

17. Sun, C. et al. Macrophage-enriched IncRNA RAPIA: A novel therapeutic target for atherosclerosis. Arterioscler. Thromb. Vasc. Biol.
40, 1464-1478 (2020).

18. Oyelami, E O., Usman, T, Suravajhala, P, Ali, N. & Do, D. N. Emerging roles of noncoding RNAs in bovine mastitis diseases. J.
Pathog. 11, 1009 (2022).

19. Tucker, A. R. et al. Regulatory network of miRNA, IncRNA, transcription factor and target immune response genes in bovine
mastitis. Sci. Rep. 11, 1-18 (2021).

20. Contreras, J. & Rao, D. S. MicroRNAs in inflammation and immune responses. J. Leukemia. 26, 404-413 (2012).

21. Lawless, N., Vegh, P., O’Farrelly, C. & Lynn, D. J. The role of microRNAs in bovine infection and immunity. Front. Immunol. 5, 611
(2014).

22. Guan, L. et al. bta-miR-23a involves in adipogenesis of progenitor cells derived from fetal bovine skeletal muscle. Sci. Rep. 7, 1-12
(2017).

23. Hecker, M. et al. MicroRNA expression changes during interferon-beta treatment in the peripheral blood of multiple sclerosis
patients. Int. J. Mol. Sci. 14, 16087-16110 (2013).

24. Leidinger, P. et al. What makes a blood cell based miRNA expression pattern disease specific?—A miRNome analysis of blood cell
subsets in lung cancer patients and healthy controls. Oncotarget 5, 9484 (2014).

25. Bertoli, G., Cava, C. & Castiglioni, I. MicroRNAs as biomarkers for diagnosis, prognosis and theranostics in prostate cancer. Int.
J. Mol. Sci. 17, 421 (2016).

26. Luoreng, Z. M., Wang, X. P, Mei, C. G. & Zan, L. S. Expression profiling of peripheral blood miRNA using RNAseq technology
in dairy cows with Escherichia coli-induced mastitis. Sci. Rep. 8, 1-10 (2018).

27. Lawless, N. et al. MicroRNA regulation of bovine monocyte inflammatory and metabolic networks in an in vivo infection model.
G3 Genes Genom. Genet. 4, 957-971 (2014).

28. Mi, S. et al. Transcriptome sequencing analysis for the identification of stable IncRNAs associated with bovine Staphylococcus
aureus mastitis. J. Anim. Sci. Biotechnol. 12, 1-17 (2021).

29. Jia, L. et al. Progress in expression pattern and molecular regulation mechanism of LncRNA in bovine mastitis. Animals 12, 1059
(2022).

30. Wang, H. et al. A novel long non-coding RNA regulates the immune response in MAC-T cells and contributes to bovine mastitis.
FEBS J. 286, 1780-1795 (2019).

31. Li, A. et al. H19, along non-coding RNA, mediates transcription factors and target genes through interference of microRNAs in
pan-cancer. Mol. Ther. Nucleic Acids. 21, 180-191 (2020).

32. Chen, J., Wang, Y., Wang, C., Hu, J.-F. & Li, W. LncRNA functions as a new emerging epigenetic factor in determining the fate of
stem cells. Front. Genet. 11, 277 (2020).

33. Ou-Yang, L. et al. LncRNA-disease association prediction using two-side sparse self-representation. Front. Genet. 10, 476 (2019).

34. Ma, S. et al. Along noncoding RNA, lincRNA-Tnfaip3, acts as a coregulator of NF-kB to modulate inflammatory gene transcription
in mouse macrophages. FASEB J. 31, 1215 (2017).

Scientific Reports |

(2023) 13:15076 | https://doi.org/10.1038/s41598-023-42067-4 nature portfolio


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE51856
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE51856
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE51858

www.nature.com/scientificreports/

35.

36.
37.

38.

39.

40.

Lin, C. et al. Genome-wide analysis of LncRNA in bovine mammary epithelial cell injuries induced by Escherichia coli and Staphy-
lococcus aureus. Int. J. Mol. Sci. 22,9719 (2021).

Andrews, S. Babraham Bioinformatics-FastQC a Quality Control Tool for High Throughput Sequence Data. (2010).

Bolger, A. M., Lohse, M. & Usadel, B. Trimmomatic: A flexible trimmer for Illumina sequence data. Bioinformatics 30, 2114-2120
(2014).

Kim, D., Paggi, J. M., Park, C., Bennett, C. & Salzberg, S. L. Graph-based genome alignment and genotyping with HISAT2 and
HISAT-genotype. Nat. Biotechnol. 37, 907-915 (2019).

Anders, S., Pyl, P. T. & Huber, W. HTSeq—A Python framework to work with high-throughput sequencing data. Bioinformatics
31, 166-169 (2015).

Langmead, B. & Salzberg, S. L. Fast gapped-read alignment with Bowtie 2. Nat. Methods. 9, 357-359 (2012).

41. Kozomara, A. & Griffiths-Jones, S. miRBase: Annotating high confidence microRNAs using deep sequencing data. Nucleic Acids
Res. 42, 68-73 (2014).

42. Li, H. et al. 1000 Genome Project Data Processing Subgroup. The sequence alignment/map format and SAMtools. Bioinformatics
25,2078-2079 (2009).

43. Ritchie, M. E. et al. limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res.
43, 47-53 (2015).

44. Robinson, M. D., McCarthy, D. J. & Smyth, G. K. edgeR: A bioconductor package for differential expression analysis of digital gene
expression data. Bioinform. 26, 139-140 (2010).

45. Sheybani, N., Bakhtiarizadeh, M. R. & Salehi, A. An integrated analysis of mRNAs, IncRNAs, and miRNAs based on weighted
gene co-expression network analysis involved in bovine endometritis. Sci. Rep. 11, 18050 (2021).

46. Hu, H. et al. AnimalTFDB 3.0: A comprehensive resource for annotation and prediction of animal transcription factors. Nucleic
Acids Res. 47, 33-38 (2019).

47. Langfelder, P. & Horvath, S. WGCNA: An R package for weighted correlation network analysis. BMC Bioinform. 9, 1-13 (2008).

48. Yin, K. et al. Using weighted gene co-expression network analysis to identify key modules and hub genes in tongue squamous cell
carcinoma. Medicine 98, 17100 (2019).

49. Zhang, X. et al. Application of weighted gene co-expression network analysis to identify key modules and hub genes in oral squa-
mous cell carcinoma tumorigenesis. Onco Targets Ther. 19, 6001-6021 (2018).

50. Langfelder, P, Luo, R., Oldham, M. C. & Horvath, S. Is my network module preserved and reproducible?. PLoS Comput. Biol. 7,
€1001057 (2011).

51. Enright, A. et al. MicroRNA targets in Drosophila. Genome Biol. 4, 1-27 (2003).

52. Kriiger, J. & Rehmsmeier, M. RNAhybrid: MicroRNA target prediction easy, fast and flexible. Nucleic Acids Res. 34, 451-454 (2006).

53. Rigoutsos, L., Miranda, K. & Huynh, T. rna22: A Unified Computational Framework for Discovering miRNA Precursors, Localizing
Mature miRNAs, Identifying 3’'UTR Target-Islands, and Determining the Targets of Mature-miRNAs. (IBM Corporation, 2007).

54. Li,]. et al. LncTar: A tool for predicting the RNA targets of long noncoding RNAs. Brief. Bioinform. 16, 806-812 (2015).

55. Kuleshov, M. V. et al. Enrichr: A comprehensive gene set enrichment analysis web server 2016 update. Nucleic Acids Res. 44, 90-97
(2016).

56. Smoot, M. E., Ono, K., Ruscheinski, J., Wang, P.-L. & Ideker, T. Cytoscape 2.8: New features for data integration and network
visualization. Bioinformatics 27, 431-432 (2011).

57. Chin, C. H. et al. cytoHubba: Identifying hub objects and sub-networks from complex interactome. BMC Syst. Biol. 8, 1-7 (2014).

58. Wang, A., Fan, W,, Fu, L. & Wang, X. LncRNA PCAT-1 regulated cell proliferation, invasion, migration and apoptosis in colorectal
cancer through targeting miR-149-5p. Eur. Rev. Med. Pharmacol. Sci. 23, 8310-8320 (2019).

59. Khan, R. et al. Bta-miR-149-5p inhibits proliferation and differentiation of bovine adipocytes through targeting CRTCs at both
transcriptional and posttranscriptional levels. J. Cell. Physiol. 235, 5796-5810 (2020).

60. He, Y. et al. miR-149 in human cancer: A systemic review. J. Cancer 9, 375 (2018).

61. Law, Y. Y. et al. miR-let-7c-5p and miR-149-5p inhibit proinflammatory cytokine production in osteoarthritis and rheumatoid
arthritis synovial fibroblasts. Aging 13, 17227 (2021).

62. Gnanaprakasam, J. R. & Wang, R. MYC in regulating immunity: Metabolism and beyond. Genes 8, 88 (2017).

63. Masso-Valles, D., Beaulieu, M. E. & Soucek, L. MYC, MYCL, and MYCN as therapeutic targets in lung cancer. Expert Opin. Ther.
Targets. 24, 101-114 (2020).

64. Yamamoto, A. et al. L-Myc overexpression and detection of auto-antibodies against L-Myc in both the serum and pleural effusion
from a patient with non-small cell lung cancer. Intern. Med. 36, 724-727 (1997).

65. Akagi, T. et al. ETS-related transcription factors ETV4 and ETV5 are involved in proliferation and induction of differentiation-
associated genes in embryonic stem (ES) cells. J. Biol. Chem. 290, 22460-22473 (2015).

66. Zhu, T. et al. ETV4 promotes breast cancer cell stemness by activating glycolysis and CXCR4-mediated sonic Hedgehog signaling.
Cell Death Discov. 7, 126 (2021).

67. Athwal, H. K. et al. Sox10 regulates plasticity of epithelial progenitors toward secretory units of exocrine glands. Stem Cell Rep.
12, 366-380 (2019).

68. Kim, J. Y. et al. Prognostication of a 13-immune-related-gene signature in patients with early triple-negative breast cancer. Breast
Cancer Res. Treat. 184, 325-334 (2020).

69. Anuraga, G. et al. Comprehensive analysis of prognostic and genetic signatures for general transcription factor III (GTF3) in
clinical colorectal cancer patients using bioinformatics approaches. Curr. Issues Mol. Biol. 43, 2-20 (2021).

70. Yang, L., Li, R., Xiang, S. & Xiao, W. MafB, a target of microRNA-155, regulates dendritic cell maturation. Open Life Sci. 11, 46-54
(2016).

71. Kelly, L. M., Englmeier, U., Lafon, 1., Sieweke, M. H. & Graf, T. MafB is an inducer of monocytic differentiation. EMBO J. 19,
1987-1997 (2000).

72. Aziz, A. et al. Development of macrophages with altered actin organization in the absence of MafB. Mol. Cell. Biol. 26, 6808-6818
(2006).

73. Tandon, N. et al. Aberrant expression of embryonic mesendoderm factor MESP1 promotes tumorigenesis. EBioMedicine 50, 55-66
(2019).

74. Lum, K. K., Howard, T. R., Pan, C. & Cristea, I. Charge-mediated pyrin oligomerization nucleates antiviral IFI16 sensing of her-
pesvirus DNA. MBio 10, 1419-01428 (2019).

75. Godinez-Rubi, M. & Ortufio-Sahagun, D. miR-615 fine-tunes growth and development and has a role in cancer and in neural
repair. Cells 9, 1566 (2020).

76. Ji, Y., Sun, Q., Zhang, J. & Hu, H. MiR-615 inhibits cell proliferation, migration and invasion by targeting EGFR in human glio-
blastoma. Biochem. Biophys. Res. Commun. 499, 719-726 (2018).

77. Huang, E, Zhao, H., Du, Z. & Jiang, H. miR-615 inhibits prostate cancer cell proliferation and invasion by directly targeting Cyclin
D2. Oncol. Res. 27,293-299 (2019).

78. Wang, J. et al. miR-615-3p promotes proliferation and migration and inhibits apoptosis through its potential target CELF2 in
gastric cancer. Biomed. Pharmacother. 101, 406-413 (2018).

79. Laursen, E. B. et al. Elevated miR-615-3p expression predicts adverse clinical outcome and promotes proliferation and migration
of prostate cancer cells. Am. J. Pathol. 189, 2377-2388 (2019).

Scientific Reports|  (2023) 13:15076 | https://doi.org/10.1038/541598-023-42067-4 nature portfolio



www.nature.com/scientificreports/

80. Zhao, X. & Lacasse, P. Mammary tissue damage during bovine mastitis: Causes and control. J. Anim. Sci. 86, 57-65 (2008).

81. Labbe, K. & Saleh, M. Cell death in the host response to infection. Cell Death Differ. 15, 1339-1349 (2008).

82. Fuquay, J., Fox, P. & McSweeney, P. Encyclopedia of Dairy Science (Academic Press, 2011).

83. Bian, Y. et al. Epigenetic regulation of miR-29s affects the lactation activity of dairy cow mammary epithelial cells. J. Cell. Physiol.
230, 2152-2163 (2015).

84. Ma, X, Becker Buscaglia, L. E., Barker, J. R. & Li, Y. MicroRNAs in NF-kB signaling. J. Mol. Cell Biol. 3, 159-166 (2011).

85. Chen, L. et al. Expression differences of miRNAs and genes on NF-kB pathway between the healthy and the mastitis Chinese
Holstein cows. Gene 545, 117-125 (2014).

86. Chen, L. et al. MiRNA-133a aggravates inflammatory responses in sepsis by targeting SIRT1. Int. Immunopharmacol. 88, 106848
(2020).

87. Jin, Z., Mendu, S. K. & Birnir, B. GABA is an effective immunomodulatory molecule. Amino Acids 45, 87-94 (2013).

88. Johnson, M. et al. NCBI BLAST: A better web interface. Nucleic Acids Res. 36, 5-9 (2008).

89. Liang, X. et al. miR-421 promotes apoptosis and suppresses metastasis of osteosarcoma cells via targeting LTBP2. J. Cell. Biochem.
120, 10978-10987 (2019).

90. Xu, L. et al. Neurexin-2 is a potential regulator of inflammatory pain in the spinal dorsal horn of rats. J. Cell Mol. Med. 24,
13623-13633 (2020).

91. Al-Haj, L. & Khabar, K. S. The intracellular pyrimidine 5’-nucleotidase NT5C3A is a negative epigenetic factor in interferon and
cytokine signaling. Sci. Signal. 11, 24-34 (2018).

Author contributions
S.S. and M.H.P. wrote the main manuscript text and S.S. and M.H.P. and R.T. prepared figures. All authors
reviewed the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-023-42067-4.

Correspondence and requests for materials should be addressed to S.S. or A.P.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:15076 | https://doi.org/10.1038/s41598-023-42067-4 nature portfolio


https://doi.org/10.1038/s41598-023-42067-4
https://doi.org/10.1038/s41598-023-42067-4
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Integrated co-expression analysis of regulatory elements (miRNA, lncRNA, and TFs) in bovine monocytes induced by Str. uberis
	Material and methods
	Data sources and pre-processing
	Module construction based on the WGCNA algorithm
	Preservation analysis
	Assign the relationship between modules
	Target prediction for miRNAs and lncRNAs
	Hub mRNAs verification
	Functional enrichment analysis
	Construction of the regulatory network

	Results
	RNA-Seq and miRNA-Seq preprocessing
	Construction of weighted co-expression network
	Preservation analysis
	Assigning the mi- and lnc-modules to non- and semi-preserved modules as well as mi- to lnc-modules
	Confirmation of assigned regulatory elements (mi and lncRNAs)’s targets by target prediction tools
	Genes detected as hubs in m-modules
	Functional enrichment analysis
	Regulatory networks constructed by WGCNA results

	Discussion
	Conclusion
	References


