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Transcriptomic meta-analysis
reveals unannotated long
non-coding RNAs related to the
Immune response in sheep

Martin Bilbao-Arribas* and Begona M. Jugo

Department of Genetics, Physical Anthropology and Animal Physiology, Faculty of Science and
Technology, University of the Basque Country UPV/EHU, Leioa, Spain

Long non-coding RNAs (IncRNAs) are involved in several biological processes,
including the immune system response to pathogens and vaccines. The
annotation and functional characterization of IncRNAs is more advanced in
humans than in livestock species. Here, we take advantage of the increasing
number of high-throughput functional experiments deposited in public
databases in order to uniformly analyse, profile unannotated IncRNAs and
integrate 422 ovine RNA-seq samples from the ovine immune system. We
identified 12302 unannotated INncRNA genes with support from independent
CAGE-seq and histone modification ChlP-seq assays. Unannotated IncRNAs
showed low expression levels and sequence conservation across other
mammal species. There were differences in expression levels depending on
the genomic location-based IncRNA classification. Differential expression
analyses between unstimulated and samples stimulated with pathogen
infection or vaccination resulted in hundreds of IncRNAs with changed
expression. Gene co-expression analyses revealed immune gene-enriched
clusters associated with immune system activation and related to interferon
signalling, antiviral response or endoplasmic reticulum stress. Besides,
differential co-expression networks were constructed in order to find
condition-specific relationships between coding genes and IncRNAs. Overall,
using a diverse set of immune system samples and bioinformatic approaches
we identify several ovine INcCRNAs associated with the response to an external
stimulus. These findings help in the improvement of the ovine INncCRNA catalogue
and provide sheep-specific evidence for the implication in the general immune
response for several INcCRNAs.
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Introduction

Long non-coding RNAs (IncRNAs) are a heterogeneous class
of genes that transcribe transcripts longer than 200 nucleotides
lacking protein-coding potential (Ulitsky and Bartel, 2013). They
are consistently transcribed, show lower expression and have less
exons compared to protein-coding genes (PCGs). They are also
more enriched in the nucleus and vary in their epigenetic marks
and splicing efficiency (Derrien et al., 2012; Quinn and Chang,
2016; Melé et al,, 2017). They show spatiotemporal-specific
expression and epigenetic regulation, which highlights the
diverse processes in which they are involved (Amin et al,
2015; Ransohoff et al., 2018). The expression of most
IncRNAs varies greatly between individuals (Derrien et al,
2012; Kornienko et al.,, 2016). In the immune system IncRNAs
are expressed in a very cell-specific and dynamic way, even within
lineages of the same cell types (Hu et al.,, 2013; Ranzani et al,
2015; Agirre et al., 2019) and this cell-type specificity seems to be
conserved among species (Washietl et al., 2014). Thus, IncRNAs
emerge as potential regulators of immune system cell function
and gene expression regulation, which should be finely
coordinated for the generation of a correct immune response
to external stimuli such as pathogens or vaccines.

Next-generation sequencing has expanded the mammal
transcriptome attributing to thousands of poorly understood
non-protein-coding transcripts the largest share of genes.
There are many IncRNAs that may be involved in immune
but of
uncharacterised, especially

processes, most them remain functionally

in non-model species. Some
IncRNAs might simply be transcriptional noise, but several
others appear to be functional (Ma et al, 2019; Ramilowski
et al, 2020). LncRNAs do not have a single molecular
mechanism. They can regulate gene expression through
interactions with proteins, RNA or DNA and their functions
can often be directed by their location, sequence or secondary
structure (Marchese et al., 2017). Sometimes the act of
transcription itself has a local functional output, regardless of
sequence, which could explain their low sequence conservation
(Engreitz et al., 2016; Marchese et al., 2017). For instance, IFNG
gene expression is regulated by the gene locus of an antisense
IncRNA, but not by its non-coding product (Petermann et al.,
2019).

The IncRNA catalogues of livestock species remain under-
annotated compared to the mouse or human annotations
(Kosinska-Selbi et al., 2020; Lagarrigue et al., 2021). Publicly
available gene annotations contain more than ten thousand
mouse and human IncRNA genes, while the sheep annotation
contains 2,229 IncRNA genes in Ensembl v.105 and
4,442 IncRNA genes in NCBI Release 104. There is limited
genomic overlap between both sources, most likely reflecting
the highly of IncRNAs the
incompleteness of the current annotations (Lagarrigue et al.,

specific  expression and

2021). The annotation and functional characterisation of
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livestock IncRNAs is essential, since most trait-associated
variants in livestock lie within non-coding genome regions
(Weikard et al., 2017). In sheep, IncRNAs have been profiled
across a multi-tissue dataset (Bush et al., 2018), but there are few
functional studies investigating their involvement in the immune
response and those are difficult to compare due to differences in
naming and data availability (Jin et al., 2018; Bilbao-Arribas et al.,
2021; Chitneedi et al., 2021).

The exponential increase in RNA sequencing datasets in the
last years offers a valuable opportunity for posing novel scientific
questions or improving the statistical significance of the analyses
in a cost-efficient manner (Sielemann et al., 2020). This is
specially suitable for the profiling of IncRNAs, due to their
highly specific expression (Lagarrigue et al., 2021) and for the
profiling of the gene expression signatures of immune responses
(Sparks et al,, 2016). There is a great interest in gene expression
meta-analysis methods (Sweeney et al., 2017; Toro-Dominguez
et al,, 2021), which have been successfully applied to profile the
transcriptional signatures across respiratory viruses (Andres-
Terre et al., 2015) or vaccines (Li et al, 2014) in human
blood samples. In livestock, few RNA-seq studies have utilized
meta-analysis procedures to date, none of them in sheep (Keel
and Lindholm-Perry, 2022).

In this study, we take advantage of the increasing number of
high-throughput functional experiments deposited in public
databases in order to uniformly analyse, profile unannotated
IncRNAs and integrate 422 publicly available ovine RNA-seq
samples, histone modification chromatin immunoprecipitation
sequencing (ChIP-seq) samples and Cap Analysis of Gene
Expression sequencing (CAGE-seq) samples of blood cells,
lymphoid organs and other immune cells. We expand the
IncRNA catalogue in sheep and identify the common
expression signature of protein coding genes and IncRNAs
during the immune response, evidencing the potential role of
hundreds of IncRNA genes in immune functions.

Materials and methods
Data collection

We selected 929 RNA-seq sequencing runs belonging to
15 BioProjects from NCBI Sequence Read Archive (SRA),
which were merged into 422 samples, by the following
inclusion criteria: Samples from an immune system tissue
(blood, immune cells or lymphoid organs), at least five
samples from a single BioProject, pair-end sequenced using an
Mumina platform and genome mapping rate above 60%. Sample
metadata such as tissue type, age, breed, sex, library type or
experimental treatment was collected from NCBI databases and
published articles. Due to metadata ambiguity, the strandness of
the samples was assessed with Kallisto (Bray et al., 2016) prior to
pipeline execution.
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FIGURE 1

Bioinformatic workflow of the study. The workflow followed in this study can be divided into three sections. (A) First, sequencing data retrieval,
preprocessing and mapping to the sheep genome. (B) Second, identification of unannotated INncRNA transcripts and evidence of expression. (C)
Third, functional analyses between unstimulated samples and samples with an immune stimulation.

Most samples originated from functional experiments that
studied the immune response to vaccines or vaccine components
(PRJEB26387, PRJNA454435, PRJNA559411), helminth
infections (PRJNA291172, PRJNA433706, PRJNA268183,
PRJEB33476, PRJEB45790, PRJEB44063), bacterial infection
(PRJEB15872) and pro-inflammatory gene
(PRJNA631066). Other transcriptomic studies were not related

upregulation
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to the immune response but were used to improve the novel
IncRNA  identification and as unstimulated controls
(PRJNA528905, PRJNA485657, PRJNA362606). Besides, we
added samples from the sheep expression atlas (PRJEB19199),
including samples from bone marrow derived macrophages
stimulated with lipopolysaccharide (LPS). All samples were
dichotomized into from

two treatment-groups: samples
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immune-stimulated animals and unstimulated or control
samples.

Transcriptome assembly and
quantification

We downloaded and analysed the 422 RNA-seq samples with

a uniform workflow using custom Snakemake v.6.15.1 (Koster
et al., 2021) pipelines (Figure 1). 375 reverse stranded samples
were used for transcriptome construction and novel IncRNA
identification, while all samples were used for quantification
based on the new transcriptome. Sequencing runs were
downloaded from NCBI SRA with the SRA Toolkit and were
merged into samples by their experiment ID. Adapter trimming
and quality filtering was performed with cutadapt v.3.5 (Martin,
2011) using Illumina universal adapters and a phred threshold of
30. Reads were aligned to the sheep reference genome
(Oar_rambouillet_v1.0) (Salavati et al, 2020) with STAR
v.2.7.3a (Dobin et al, 2013) guided by the Ensembl (v102)
StringTie2 v.2.0 (Kovaka et 2019)
assembler was used to the
transcriptome of each individual sample guided by the

annotation. al.,

transcriptome reconstruct
Ensembl (v102) annotation and with the--rf option. Then
StringTie2 was applied again with the--merge option using all
the transcriptomes in order to obtain a non-redundant
transcriptome that is comparable between samples.

Quantification of gene expression was performed at
transcript level with Kallisto v.0.48 (Bray et al, 2016)
pseudoaligning the trimmed reads of all samples to the newly
generated transcriptome, generated with GffRead v.0.11.7 (Pertea
and Pertea, 2020). The--rf-stranded option was used with the
375 stranded samples.

LncRNA identification

Potential novel IncRNAs were defined as unannotated
transcripts that were located either in an intergenic region, in
an intron of a known gene or in the antisense strand of a known
gene. GffCompare v.0.11.2 (Pertea and Pertea, 2020) was used to
compare the newly assembled transcriptome with the reference
annotation and extract these transcripts. Single-exon transcripts
longer than 500 nucleotides and shorter than 10kb, and
multiexonic transcripts longer than 200 nucleotides and
shorter than 50 kb were kept. The assessment of the coding
potential of the candidate transcripts was done with three
different tools. The coding potential prediction module of
FEELnc (Wucher et al, 2017), based on a Random Forest
classifier, was trained with sequences of bovine coding genes
and IncRNAs from NONCODE database (Zhao et al., 2021).
Coding-Potential Assessment Tool 3.0.2 (CPAT) (Wang et al,,
2013) is a logistic regression-based tool that we trained and
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the
instructions using the same bovine coding and non-coding
sequences. HMMER 3.3.2 (Eddy, 2011) was used to detect
Pfam protein domains in our potential IncRNAs, which were

selected classification threshold following authors’

translated into the three possible frames. Transcripts classified as
non-coding by FEELnc and CPAT and without protein domains
detected by HMMER were kept. Transcripts classified by
CuffCompare as a novel isoform of a known gene were also
kept, as transcripts that had passed the coding potential tests
could be legit non-coding isoforms. The selected transcripts were
defined as the final set of novel IncRNAs.

Novel IncRNA transcripts were classified with a custom
Python script (see Data Availability section) based on their
position relative to their closest gene. Transcription start sites
(T'SSs) were defined as the start or stop nucleotides, depending on
strandness. Seven classes were defined: 1) antisense, for those
transcripts overlapping a gene in the opposite strand; 2) sense
intronic or antisense intronic, for transcripts fully contained
within an intron; 3) intergenic, for IncRNAs at least 5kb
away from any known gene; 4) divergent, with TSSs within
5kb and in the opposite strand; 5) convergent, with
transcription stops within 5kb and in the opposite strand; 6)
sense upstream, located less than 5 kb upstream of a gene and in
the same strand; and 7) sense downstream, located less than 5 kb
downstream of a gene and in the same strand.

To compare the novel IncRNAs with the recently upgraded
ovine NCBI RefSeq annotation (release 104), which is based on
the ARS-UI_Ramb_v2.0 new reference genome (Davenport et al.,
2022), transcript coordinates were remapped with the NCBI
Genome Remapping Service (https://www.ncbinlm.nih.gov/
genome/tools/remap). They were compared with the NCBI
IncRNAs using GffCompare (Pertea and Pertea, 2020).

« I T R R R 22 R L (SN LR LI 1]

Transcripts models with codes “ = %, 7, “c”, , “0”,'m" or

«

n" were considered as overlapping, transcripts with codes

« »

¢’ or
“k” were considered compatible isoforms and transcripts with
code “ =" were considered exact matches.

CAGE-seq and ChIP-seq data analysis

We downloaded the mapped BAM files of CAGE-seq
experiments of five immune tissues from a multi-tissue
project of sheep TSSs (tonsil, alveolar macrophages, spleen,
mesenteric lymph node and prescapular lymph node) (Salavati
et al,, 2020) and analysed them using the same pipeline as the
authors, with some modifications. In short, downloaded BAM
files were converted to bigwig format with bedtools v.2.30.0
(Quinlan and Hall, 2010) and BedGraphToBigWig from
UCSC tools (Kent et al, 2010). The R package CAGEfightR
v.1.12.0 (Thodberg et al., 2019) was used for normalization and
clustering of CAGE tags. CAGE tags <10 read counts were
removed and all the remaining tags from any of the tissues
were kept, to include tissue-specific TSSs. CAGEfightR was also
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used to identify bidirectional clusters. In order to get the genes
supported by CAGE-predicted TSSs we used the BedTools
python implementation pybedtools v.0.8.1 (Dale et al., 2011)
to search for TSSs from the assembled transcriptome within
0.5 kb from them, accounting for strandness.

Sheep ChIP-seq sequencing files from alveolar macrophages
(Massa et al., 2021) were downloaded from the NCBI Sequence
Read Archive (SRA) and were analysed in an uniform way. Reads
were aligned to the sheep genome (Oar_rambouillet_v1.0) with
Bowtie2 v.2.3.5.1 (Langmead and Salzberg, 2012). SAM files were
converted to BAM format with samtools v.1.7 (Danecek et al.,
2021), and were sorted, filtered for quality and removed duplicate
reads with sambamba v.0.6.6 (Tarasov et al, 2015).
MACS2 v.2.2.6 (Zhang et al., 2008) was used to call narrow
peaks for histone modifications with a FDR cut-off of 0.05 and
consensus peaks from the pairs of animals were obtained with
bedtools v.2.30.0 (Quinlan and Hall, 2010). In order to get the
genes supported by ChIP-seq peaks we used pybedtools v.0.8.1 to
search for TSSs from the assembled transcriptome within 0.5 kb
from them.

Conservation in terms of sequence

Sequence level conservation was performed with standalone
BLASTn (BLAST v.2.9.0) (Camacho et al., 2009) by aligning the
sheep IncRNA transcripts against the IncRNAs annotated in
Ensembl Release 106 from five species: goat, cattle, pig, mouse
and human. Because of the known low sequence conservation
expected in IncRNAs, results were filtered by identity >50, query
coverage >50, E-value > le-05 and it was required that the length
differences between each pair of sequences was less than 50%.
Visualization of the genomic context of conserved IncRNAs was
performed with pyGenomeTracks 3.7 (Lopez-Delisle et al., 2021).
The tracks for CAGE-seq data were constructed by merging all
BAM alignment files with samtools (Danecek et al., 2021) into a
single file and then was converted to bigwig format as previously.
The tracks for histone modification ChIP-seq data were the
consensus peaks obtained from MACS2.

Analysis of gene expression

Kallisto abundance estimates were imported to R and

summarized to gene level with IsoformSwitchAnalyzeR
(Vitting-Seerup et al, 2019) in order to set confident gene
identifiers for ambiguous transcripts. Counts of annotated
genes and novel IncRNA genes were kept for further analysis,
discarding potential novel unannotated coding genes. For gene
expression data exploration, we normalized the estimated gene
counts with the variance stabilizing transformation from DESeq2
(Love et al, 2014) and filtered out genes with less than

0.5 transcripts per million (TPM). The first two components
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of the principal component analysis (PCA) and the two first
dimensions of the t-Distributed Stochastic Neighbor Embedding
(t-SNE) were used for visualization. LncRNAs were tagged as
expressed if they could be detected above 0.1 TPM or one TPM in
at least 20% of the samples in a tissue group. Two-sided Mann-
Whitney U tests were performed to compare expression means
between classes.

Differential gene expression (DGE) was performed with
DESeq2 (Love et al., 2014) using the estimated counts of
annotated genes and IncRNA genes expressed in at least half
of
IsoformSwitchAnalyzeR

from
2019).
Differential expression was tested separately in a blood and

each  sample groups and  exported

(Vitting-Seerup et al,
cell sample dataset on one side, and in a lymph node-only
dataset on the other, because there were not stimulated
samples from other lymphoid organs and that would
unbalance the dataset. The Wald test was applied between
unstimulated samples and stimulated samples using the effect
of the interaction of tissue type and BioProject IDs as covariates
for the lineal regression model, as those were the main drivers of
the groupings seen in the exploratory analysis. Log, fold change
(log,FC) values from lowly expressed and highly variable genes
were shrunken using the apeglm method (Zhu et al., 2019). Genes
with an FDR-adjusted p-value lower than 0.05 and an absolute
log,FC higher than 0.32, which corresponds to a 20% expression
change, were kept. The relatively low log,FC filter was chosen
because the large number of samples and the heterogeneity of the
dataset produced differentially expressed genes with modest
effect sizes and robust p-values.

Gene set enrichment analysis of differentially expressed
genes was done with gProfiler R package (Raudvere et al.,
2019). The statistical domain scope used was the list of all
expressed genes for each tissue, in order to reduce the tissue
type specific expression bias. Benjamini-Hochberg FDR
correction was applied to the p-values and the threshold was
set to 0.05.

Co-expression analyses

Co-expression analyses were performed in the blood and
immune cell dataset and in the lymph node-only dataset
separately. Genes expressed in less than half of the samples
were removed and strong outlier samples were removed in
order to get a better fit to a scale-free topology. We tested two
network construction pipelines: 1) The pipeline proposed by the
authors of Gene Whole co-Expression Network Analysis
(GWENA) (Lemoine et al., 2021), which consists of applying
the variance stabilizing transformation (VST) from DESeq2
(Love et al,, 2014) and using spearman correlations, and 2)
counts adjusted with trimmed mean of M-values (TMM)
factors followed by asinh transformation, Pearson correlations
and network transformation by context likelihood of relatedness
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(CLR) (Johnson and Krishnan, 2022). Before creating the
correlation matrices, normalised gene expression was
corrected for covariates with limma’s removeBatchEffect
function (Ritchie et al., 2015) to account for the effect of the
interaction of tissue type and BioProject ID, as those were the
main drivers of the groupings seen in the exploratory analysis.
The 30% less variable genes were removed for network
construction. Co-expression networks were constructed with
GWENA (Lemoine et al., 2021) R package, which implements
the Weighted Correlation Network Analysis (WGCNA)
(Langfelder and Horvath, 2008) R package.

Modules of co-expressed genes were detected with the
threshold power and clustering threshold calculated by
GWENA and a minimum module size of 30. Modules were
merged if their eigengene, the first principal component of the
module, correlation was higher than 0.9. Modules were
associated with overall immune stimulation or specific
stimulation types by correlating their eigengene to those
variables. To calculate the correlation p-value threshold, we
generated 1,000 random gene modules ranging from 30 to
1,000 genes, correlated their eigengenes with the treatment
variable and calculated the false positive rate (FPR). The
p-value threshold with the FPR lower than 0.05 was le-02,
but 1e-03 was chosen for more robustness. The genes in each
module were tested for Gene Ontology (GO) term enrichment
with gProfiler (Raudvere et al., 2019) R implementation, setting
the statistical domain scope to all the genes in the co-expression
network and a FDR-adjusted p-value threshold of 0.05.

The differential co-expression analysis was carried out by
calculating the spearman correlations between all genes used in
the the

unstimulated and the stimulated samples. The z-score method

co-expression network analysis separately in
implemented in the dcanr v.1.12.0 R package (Bhuva et al., 2019)
was used for testing the statistical differences between
z-transformed correlation coefficients in both conditions. p
values were adjusted for multiple hypothesis testing in order
to select differentially correlated gene pairs. Differential co-
expression networks (DCN) were visualized in Cytoscape
v.3.8.2 (Shannon et al, 2003) by integrating the differential
co-expression results, co-expression modules and differential
expression results. For visualization, genes without gene
names in the Ensembl annotation were named after their
human orthologue according to Ensembl Compara.

Results
Dataset description

We collected and analysed 422 publicly available RNA-seq
samples of tissues related to the immune system (Supplementary

Table S1) using a uniform pipeline (Figure 1). In terms of
immune response induction, 49.1% of the samples had been
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stimulated in some way. Blood samples, as whole blood or
PBMCs, represented the 64.5% of the dataset, organs and
lymph nodes the 30.3% and immune cell subsets the 5.2%.
The mean age of the animals was of 1.32 years and 60.1% of
the samples came from male sheep. There are 12 different breeds
in the dataset, with three of them being crossbreed. Library
selection is an important factor for IncRNA profiling because
there are transcripts that are not polyadenylated. Around half of
the samples were polyA-selected and half of the samples
sequenced total RNA. Besides, samples had an average of
45 million reads, summing around 19 billion reads in total
(Supplementary Figure S1). Unique genome mapping rate
with STAR was of 84.6% on average and pseudoalignment
rate to the new transcriptome with Kallisto was of 84.7% on
average (Supplementary Figure S1). The assembled and merged
transcriptome annotation contained 308750 transcripts, of which
41638 were from annotated transcripts and 36067 were from
novel IncRNA transcripts identified by our pipeline. These
63364
25472 annotated genes and 21223 novel genes with at least

transcripts ~ correspond  to genes,  including
one IncRNA isoform.

All samples were clustered based on gene expression to assess
the coherence of the data. Both clustering methods used clustered
together the samples based on tissue, although intra-tissue
groupings were influenced by the source project (Figures
2A,B). This could be expected as each study was performed in
different conditions, with different breeds, ages, sex and
protocols. Immune stimulation status did not affect much the
clustering probably for the same reasons and because of the

strong influence of tissue type.

Novel IncRNA identification

We identified 21223 unannotated IncRNA genes from the
sheep immune system samples that were assembled, and another
1724 annotated genes had novel non-coding isoforms classified
as IncRNAs by our pipeline. Most of the novel genes with
transcripts fulfilling the requisites to be classified as novel
IncRNAs had all of their isoforms classified as such (17605).
Some of the newly assembled gene models were coding genes
missing from the Ensembl annotation that had non-coding
isoforms, because they had novel transcripts with coding
potential as well as IncRNA transcripts. Those unannotated
genes and the 1724 annotated genes with novel non-coding
isoforms were not considered as IncRNA genes for the gene-
level expression analyses, even if individual transcripts could not
be discarded as bona fide non-coding isoforms. We applied the
same coding potential assessment methods used for novel
transcripts to the annotated IncRNAs and discovered that
there were transcripts potentially coding for a protein. This
bias should be taken into account when comparing between
the features of annotated and unannotated IncRNAs.
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Regarding the characteristics of the novel IncRNAs, novel
transcripts were shorter than the 2,229 IncRNAs annotated in
Ensembl (Figure 2C) and a great proportion of them had two
exons, in contrast to the Ensembl IncRNAs, which are

Frontiers in Genetics

monoexonic or have more than five exons (Figure 2D). We
classified the novel genes based on position relative to known
genes (Figure 2F, Supplementary Table S1). Intergenic IncRNAs
(lincRNAs) were the most prevalent with 37% of the transcripts,
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followed by intronic antisense (22%) and antisense (18%)
transcripts. Among the transcripts adjacent to annotated
genes, the class of divergent IncRNAs was predominant (10%
of all novel genes). The TSS of this kind of IncRNAs are very close
to another gene’s TSS, which indicates that they probably arise
from a single bidirectional promoter and may have implications
in terms of gene expression regulation.

We explored the sequence-level evolutionary conservation of
IncRNAs with other mammal species. Most IncRNAs are known
to be poorly conserved in terms of sequence, but by detecting
mammalian orthologues we provide further strength to the
methods by which all unannotated IncRNAs have been
identified. This analysis found a small number of conserved
IncRNAs (Supplementary Figure S2; Supplementary Table S3).
The biggest fractions of IncRNAs with conserved orthologues
were found when comparing with goat and cattle IncRNA
catalogues, with 11.9% and 7.3% of transcripts with significant
hits, respectively. Comparing with the human and mouse
IncRNAs.
Interestingly, around 3% of novel IncRNAs, corresponding to

catalogues, we found much less conserved
746 unique transcripts, matched with 392 unique human
IncRNAs.  Among these conserved IncRNAs, widely
characterized IncRNAs such as MALATI, NEATI, XIST,
PACERR or FIRRE were successfully detected in sheep
(Supplementary Figure S3). Other conserved IncRNAs were
those located in Hox gene loci, such as HOTAIR, HOXA10-
AS, HOXA-AS2 or HAGLR. Divergent IncRNAs were also among
the conserved ones, like FMNLI-DT, TOBI-AS1, EMSY-DT,
RIPK2-DT, ATP8AI-DT or MAPK6-DT. Despite not showing
enough sequence similarity, we found some sheep transcripts
located in the same divergent promoter as their human
counterparts, for instance of
HEATR6-DT or NIPBL-DT.

Because of the recent improvement of the ovine NCBI

the putative orthologues

reference genome and annotation (Davenport et al., 2022), the
NCBI RefSeq IncRNA annotation was compared with the novel
IncRNAs. After remapping to the new genome, out of the
4442 NCBI IncRNA genes, 1961 (44%) overlapped with an
IncRNA. Exact matches of
occurred in 571 transcripts, 238 transcripts were intron-

unannotated intron chains
compatible but differed in exon number and 3,679 where
multi-exonic transcripts with at least one intron match. The
overlap between Ensembl and NCBI IncRNAs was virtually
inexistent. Thus, we detected around half of the annotated
NCBI IncRNA genes using only immune-related tissues, even
if most of the transcript models diverged in terms of splice-

junctions.

Expression patterns of IncRNAs

Expression levels of the novel IncRNAs detected in this
study were lower than both protein coding genes and other
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annotated IncRNAs in the two main tissue categories
(Figure 2E). In fact, after applying a minimum expression
threshold in each tissue, expressed in at least 20% of the
samples with one TPM, we were left with 2,267 expressed
novel IncRNAs. Besides, we also detected 482 annotated
IncRNAs above the expression threshold. Interestingly, 70%
of the IncRNAs annotated by Ensembl were expressed in all
three main tissue categories, while only 15% of novel IncRNAs
were expressed in the three tissues (Supplementary Figure S4).
Setting a less stringent mean expression threshold of 0.1 TPM
results in 10045 expressed novel IncRNAs, 28% of them in all
three tissues. Most of the novel IncRNAs (87%) and annotated
IncRNAs (93%) could be detected in the set of lymphoid
organs. Overall the overlap was greater between the blood
samples and “immune cell” samples for both IncRNA genes
and protein coding genes, as blood contains most of those cells
(Supplementary Figure S4).

The amount of detected IncRNAs in each sample
significantly correlated with sequencing depth for both
0.75) and annotated
IncRNAs (Pearson r = 0.85). Expression of PCGs was also

unannotated IncRNAs (Pearson r =

correlated (Pearson r = 0.58) with sequencing depth but the
saturation curve showed a flatter slope, meaning that it saturated
earlier than IncRNAs (Supplementary Figure S5). The amount of
IncRNAs expressed above 0.1 or one TPM got saturated above
around 50 million reads, while the overall amount of expressed
IncRNAs at any level did not saturate even at the highest
sequencing depths in the dataset (above 100 million reads)
(Figure 2G).

Divergent IncRNAs showed greater expression levels than
other IncRNAs classes such as intergenic IncRNAs (Mann-
Whitney U test p-value 2.9e-10) or antisense IncRNAs
(Mann-Whitney U test p-value 1.3e-03), and only showed
significantly lower levels than convergent IncRNAs (Mann-
Whitney U test p-value 2.4e-03) (Supplementary Figure S6).
IncRNAs
expression than the rest of novel IncRNAs classes, in contrast

Intronic  antisense showed consistently lower
with convergent IncRNAs, which were significantly more

expressed than all other classes.

Evidence of transcription by CAGE assays
and histone modifications

Independent datasets of CAGE-seq and histone modification
ChIP-seq were used in order to provide evidence of IncRNA
transcription at RNA and DNA level. The CAGE-seq dataset
contained samples from various lymphoid organs and alveolar
macrophages, so it was used to provide support of expression in
two sample subsets, blood and other immune cells, and lymphoid
tissues. We obtained over two million significant CAGE peaks
and around 30 thousand bidirectional CAGE peaks present in
any of the five tissues.

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1067350

Bilbao-Arribas and Jugo

10.3389/fgene.2022.1067350

Fraction of expressed genes Fraction of expressed genes

Fraction of expressed genes

CAGE 0.1 TPM Blood

CAGE 1 TPM Blood

CAGE 0.1 TPM Tissues

CAGE 1 TPM Tissues

=
o

S
©

CAGE-BD 0.1 TPM Blood

[ <500bp
[ >500bp

CAGE-BD 1 TPM Blood

CAGE-BD 0.1 TPM Tissues

e >500bp

CAGE-BD 1 TPM Tissues

H3K4me3 0.1 TPM Blood

H3K4me3 1 TPM Blood

H3K27ac 0.1 TPM Blood

H3K27ac 1 TPM Blood

G C C
?C‘ E(\S ,\“ “0\‘ e\ ,\‘\?\a(\dom
Type
FIGURE 3

Support for transcription of annotated genes and novel IncRNAs. Fractions of expressed genes with detected TSSs or active gene histone
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In both sample subsets PCGs were more strongly associated
with CAGE peaks than IncRNA genes, but reducing the analysis
to the genes expressed above one TPM instead of 0.1 TPM
increased the support in all gene types (Figure 3). This increase in
support specially happened in IncRNAs. 64% and 50% of the
TSSs of novel IncRNAs expressed above one TPM in the blood
subset and the lymphoid subset, respectively, were located
within500 bp of a CAGE peak. LncRNAs annotated by
Ensembl reached a support level comparable to that of PCGs,
with more than 90% of supported TSSs at one TPM. Bidirectional
CAGE tag clusters are usually used to identify active enhancers
because it is known that bidirectional transcription of short
transcripts, known as enhancer RNAs (eRNAs), is a hallmark
of enhancer activation (Andersson et al., 2014). Considering the
genes expressed above one TPM or 0.1 TPM, novel IncRNAs
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were slightly less enriched in bidirectional clusters than PCGs.
Around 11% and 8% of novel IncRNAs in the blood and tissue
datasets, respectively, were transcribed from bidirectional sites
(Figure 3). Some of them could be enhancer associated non-
coding transcripts while others are divergent IncRNAs.

As for the ChIP-seq data, we analysed two histone

(Santos-Rosa et

al.,

modifications that are relevant for IncRNA transcription
from a published dataset: H3K4me3, associated with
promoters
associated with active enhancers and promoters (Creyghton
et al, 2010). The trend of H3K4me3 peaks from alveolar
macrophages and CAGE peaks were similar regarding the

2002), and H3K27ac,

genes expressed in blood and other immune cells, but the
overlap between histone ChIP-seq data with TSSs randomly
located in the genome was much lower (Figure 3). PCGs had
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enrichment analysis (GO biological processes) are shown.

the highest proportion of these promoter-associated marks
followed by annotated IncRNAs and novel IncRNAs.
Nevertheless, regarding the H3K27ac modification, the
difference between IncRNAs and PCGs was smaller, which
reflects the origin of many IncRNAs from enhancer-like
regions. The support from this modification was similar in
novel IncRNAs and annotated IncRNAs. 20% of the TSSs of
novel IncRNAs expressed above 0.1 TPM in the blood subset
were associated with H3K27ac. The apparent higher support
for annotated non-coding models is probably linked with their
misannotation.

Providing additional evidence of the transcription of novel
transcripts assembled from short-read RNA-seq reads ensures
that the detected genes are reproducible. We selected
12302 assembled gene models as bona fide IncRNA genes,
those which were supported by at least one of the following:
CAGE tags, histone modification ChIP-seq peaks or expressed
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above 0.1 TPM in at least 20% of the samples in a tissue group
(Supplementary Figure S7). In this set, 47% of the IncRNAs had
at least support from CAGE peaks or histone modifications.
Around 1,000 IncRNAs were supported by all assays, including
both histone modifications. all
unannotated IncRNA transcripts, the set of high confidence

The annotation files with

transcripts and expression values can be found in a public
repository (Bilbao-Arribas and Jugo, 2022).

Differentially expressed IncRNAs and
PCGs

We performed differential expression analysis between
unstimulated or control samples and samples stimulated with
either vaccines or a pathogen in order to identify common
IncRNAs induced during an immune response. In blood
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samples there were 716 differentially expressed genes, including
75 novel IncRNAs and 22 annotated IncRNAs (Figure 4A;
Supplementary Table S4). The large number of samples used
in the blood sample dataset 222) and the heterogeneity of the data
produced many differentially expressed genes with modest effect
sizes but robust p-values (Supplementary Figure S8). The most
significant enriched terms among the known genes were
biological processes related to the immune response to
external pathogens such as response to external stimulus (GO:
0009605, FDR = 2.86e-09), response to virus (GO:0009615,
FDR = 6.75e-07) or defense response (GO:0006952, FDR =
1.19¢-07). In there
365 differentially expressed genes, including 46 novel IncRNAs
and 13 annotated IncRNAs (Figure 4B; Supplementary Table S4).
In this case, among the most significant enriched terms with the

lymph  node  samples, were

highest quantity of genes were general terms such as response to
stress (GO:0006950, FDR = 2.51e-04) and response to stimulus
(GO:0050896, FDR = 1.21e-03). More specifically, the terms
related to T cell activation, like T cell activation (GO:0042110,
FDR = 3.07¢-03) and regulation of T cell activation (GO:0050863,
FDR = 3.37e-03), reflect the critical roles of lymph nodes in
adaptive immunity. Besides, there also were highly significant but
smaller in size enriched terms related to response to endoplasmic
reticulum (ER) stress.

There were 22 differentially expressed genes common to
both datasets, among them an annotated IncRNA and an
unannotated IncRNA. Some of the common PCGs are
directly related with immunity, like IL21, which encodes a
well known cytokine with immunoregulatory activity that
induces proliferation and differentiation in several immune
cell types. Other genes are related to apoptosis and
inflammation (MT2, IKBIP, AEN, OSGINI) and ER
regulation (WFSI1, SELENOS). Despite relatively similar
number of DE genes in both comparisons, there is a big set
of highly significant genes with effect sizes smaller than the
threshold in the blood samples and many statistically
significant but lowly expressed novel IncRNAs did not pass
the fold change threshold because they were shrunken
(Supplementary Figure S8). These results give support for
potential involvement of a fraction of the detected novel
and annotated IncRNAs in both the innate and adaptive
immune responses, the

following guilt-by-association

principle.

Co-expression network analyses detect
immune-enriched gene signatures

Gene co-expression networks were constructed providing
valuable information about the expression relationships of
IncRNAs with PCGs and allowing the inference of their
putative functions by guilt-by-association. We tested two
different network construction pipelines and selected the one
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proposed by the authors of GWENA (Lemoine et al., 2021), as it
produced networks with better fit to a scale-free topology and
most of the genes could be associated to an expression module.
Covariate correction for tissue type and source project enabled
the construction of unbiased networks (Supplementary Figure
§9.10). Filtering of lowly expressed genes, genes with low
variability and outlier samples that reduced the fit to a scale-
free topology resulted in co-expression networks of 12898 and
13428 genes in blood samples and lymph nodes, respectively. In
the blood dataset, genes with similar expression patterns were
clustered in 33 modules ranging from 54 to 1832 genes
(Figure 5A; Supplementary Table S5), and in the lymph node
dataset genes were clustered in 30 modules ranging from 44 to
1909 genes (Figure 6A; Supplementary Table S5). Most modules
included novel IncRNAs and annotated IncRNAs, and some of
them were even hub genes of their module.

We searched for significant correlations among module
eigengenes, the principal component of the genes in the
module that depicts its dominant trend, and treatment
variables. In the blood sample dataset, 15 modules were
correlated (p-val < le-03) with the general treatment variable,
which accounts for any kind of sample stimulation (Figure 5A).
Considering correlations to specific immune stimulations,
helminth infection shared many correlated modules with the
general treatment variable, which meant that it was one of the
main drivers of variability in the dataset. Stimulation with LPS
and with inactivated foot-and-mouth disease virus (iIFMDV)
were correlated with specific gene modules different to those
correlated to helminth infection. Other stimulations were also
correlated to some modules but because of their small sample size
they were not further taken into account.

Gene expression modules were characterised by GO term
enrichment (Supplementary Table S5). Two of the stimulation-
correlated modules (ME16 and ME19) were highly enriched in
biological processes related to the immune response but they
were not correlated with helminth infection. MEI6 was
associated with the sum of all treatments and was specially
strongly correlated with LPS stimulation. The most significant
enriched biological process GO terms were related to the general
immune response, like immune system process (GO:0002376,
FDR = 2.27e-07) or immune response (GO:0006955, FDR =
1.15e-05) and to cell migration and locomotion, including the
terms positive regulation of locomotion (GO:0040017, FDR =
1.55e-06) and leukocyte migration (GO:0050900, FDR = 1.16e-
05). ME19 was also associated with the sum of all treatments and
was correlated to iIFMDV treatment. It contained a high amount
of immune response genes, for instance, from the 155 genes with
GO annotations, 35 were related to response to virus (GO:
0009615, FDR = 9.59%¢-25) and 56 to immune system process
(GO:0002376, FDR = 1.56e-10). Besides, terms related to type I
interferon response and signalling were also abundant.

In the lymph node network, the eigengenes of 11 modules
were correlated (p-val < le-03) with the combined treatment
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FIGURE 5
Co-expression analysis and differential co-expression network results in blood cell samples. (A) Correlations of gene co-expression modules
with all stimulations and with each individual stimulation. Modules enriched in immune genes are highlighted in red. Number of genes in each
module is depicted as a bar plot. (B) The full differential co-expression network. Node size is proportional to connectivity and differential associations
are coloured by gain or loss of correlation strength. The edges of differentially expressed genes are coloured by fold change. (C) Sub-network
with the differentially associated genes in module ME16. (D) Sub-network with the differentially associated genes in module ME19.

variable (Figure 6A). The two available immune stimulation ME28. Among them, the positively correlated modules
conditions, helminth infection and paratuberculosis, were showed functions involved in the innate immune response
correlated with a few modules, but several other significant and general immune terms. For instance, in module ME15 the
modules emerged from the combined treatment variable terms immune response (GO:0006955, FDR = 2.10e-11) or
correlation. The characterisation of gene expression innate immune response (GO:0045087, FDR = 5.77e-07) are
modules by GO term enrichment revealed up to five highly significant. In contrast, the negatively correlated
immune-enriched modules: ME15, ME19, ME24, ME27 and modules are enriched in adaptive immune response terms.
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FIGURE 6

Co-expression analysis and differential co-expression network results in lymph node tissue samples. (A) Correlations of gene co-expression
modules with all stimulations and with each individual stimulation. Modules enriched in immune genes are highlighted in red. Number of genes in
each module is depicted as a bar plot. (B) The full differential co-expression network. Node size is proportional to connectivity and differential
associations are coloured by gain or loss of correlation strength. The edges of differentially expressed genes are coloured by fold change. (C)

The genes differentially co-expressed with CREB3 transcription factor. (D) Individual examples of statistically significant differential associations
between CREB3 and four genes.

MEI19 is enriched in GO terms related with T cell activation with both helminth infection and paratuberculosis. Most
and lymphocyte proliferation while ME27 is enriched in terms of the enriched GO terms were related to endoplasmic
related to B cell activation and proliferation. The IncRNAs reticulum (ER) stress and protein post-translational
present in the immune-enriched modules from both co- processing, with terms like response to endoplasmic
expression networks were classified as immune response- reticulum  stress  (GO:0034976, FDR =  2.60e-13),
related IncRNAs. Golgi vesicle transport (GO:0048193, FDR = 2.42e-07)

In addition to the immune-enriched gene modules, or response to unfolded protein (GO:0006986, FDR =
another big module stood up (ME3), as it was correlated 1.72e-06).
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Differential co-expression networks to
identify regulatory relationships

Gene level differential co-expression, the gain or loss of

correlation between two genes in different
in regulatory

between those genes, which are often not evident from DGE

biological
situations, indicates changes relationships
results. All gene-pairs used in the co-expression network
construction were tested for significant changes in correlation
between control and stimulated samples and differential co-
expression networks (DCN) were constructed with statistically
significant gene-pairs (Supplementary Table S5). The DCN from
the blood sample dataset contained 1,589 differential associations
(FDR <0.05) among 1,348 genes (Figure 5B) and the DCN from
lymph nodes contained 2,137 differential associations (FDR < le-
03) among 1784 genes (Figure 6B). Both networks included
around 60 IncRNAs each. In terms of network topology,
networks showed a small amount of nodes (genes) with many
edges (differential associations), while the rest of the nodes were
more loosely connected to the network. Just around 5% of the
nodes had 10 or more edges. Some very interconnected nodes
formed clusters according to the gene co-expression modules
from the previous analysis, but most of the topology was driven
by a few high-degree nodes.

differential
individually inspecting each DCN. The blood sample

Specific associations were observed by
network was centred on two high-degree genes that had
more than 100 differential associations each but did not
have obvious biological relationship with the immune
response: DNAJB4 and GUCYIBI. Among the rest of the
42 high-degree genes, defined as those with more than five
differential associations, there were some IncRNAs and several
immune genes such as BATF2, IDOI, IFI6, IL18BP, NFKBIZ
and various CC chemokines. Focusing on the immune-
enriched co-expression modules, many genes from the
module ME16, most of them immune-related, formed a
very interconnected subnetwork (Figure 5C). Even though
the genes from this subnetwork were already correlated,
they predominantly showed positive z-scores, which means
that the correlations were stronger in the control samples than
in stimulated samples, On the contrary, genes from the
module ME19 did not form a separate cluster, but they
that their
expression was correlated in the stimulated samples.
the

subnetwork

showed negative z-scores, which means

Interestingly, were up-regulated in
differential the
composed by selecting the genes from this module and
their there
transcription factor coding genes related to the immune
response: BATF2, IRF9 and NFKB2 (Figure 5D). For
instance, BATF2, upregulated in stimulated samples, is a

many genes

expression analysis. In

differentially  co-expressed pairs, were

transcription factor that controls the differentiation of
lineage-specific cells in the immune system and immune-
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regulatory networks. There were several interferon-
stimulated genes such as IFI6, MX1, MX2, ADAR, EIF2AK2,
IRF9 or IFIHI,
upregulated in the stimulated samples.

all related to antiviral functions and

The DCN obtained from lymph node samples did not
contain many immune-related genes (Figure 6B). There were
187 high-degree genes, including 18 transcription factors coding
genes that were potential drivers of the differential co-
expressions, like HMBOX1, CREB3, NFATC4, NFIB or EBF4.
NFATC4, for
stimulating the transcription of IL2 and IL4 cytokine genes.

instance, is involved in T-cell activation,
CREB3, among many other functions, plays a role in the
response to ER stress by promoting cell survival, a process
that was previously found enriched in a co-expression module
of which CREB3 was not part of. CREB3 was a high-degree node,
differentially associated with 27 other genes (Figure 6C), and it
showed mostly positive z-scores, thus, its expression was
correlated in the unstimulated samples but those correlations
were lost upon stimulation by helminth infection and
paratuberculosis. Examples of differentially associated genes
include IL18BP, CTSL, MAPKI3 and ADM (Figure 6D).
ADM, which codes for a known lymphangiogenic factor, was
upregulated in stimulated samples and its expression decoupled
from that of CREB3 in those samples. This DCN also contained
several IncRNAs and 12 of them were high-degree nodes
(7 known IncRNAs and 5 novel IncRNAs).

Integration of evidence for IncRNA
expression and function

We used differential gene expression analysis, co-expression
analysis and differential co-expression network analysis for the
functional association of IncRNA genes with the activation of the
Those
associated in at

immune response. three approaches resulted in
320 IncRNAs

(Supplementary Figure S11).

least one analysis
The differential expression
between stimulated and unstimulated samples showed the
highest number of immune response-associated IncRNAs.
Interestingly, the histone modification support in differentially
expressed novel IncRNAs was much higher than in the whole set
of novel IncRNA genes, 49% against 19%, and the trend was
similar in the case of CAGE support. A summary of all
transcription evidence and associations in an analysis for each
IncRNA is available as a supplementary file (Supplementary

Table S6).

Discussion

Using 422 RNA-seq samples from ovine immune tissues, we
assembled a project-specific transcriptome and retrieved
17605 unannotated IncRNA loci. Around 70% of those novel
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genes were expressed in a sufficient number of samples and/or
were supported by histone modifications or TSSs from
independent experiments. LncRNAs are usually annotated
with evidence-based methods, because they lack sequence
features like conservation or complete ORFs (Uszczynska-
Ratajczak et al, 2018), and this evidence mostly comes from
mapping sequencing reads to the genome of interest. Model
organisms have been annotated via manual curation of a variety
of assays, but in the absence of this kind of data in livestock
species, IncRNA annotations usually rely on automated short-
read transcriptome assemblies. Second generation sequencing
short-read RNA-seq is widely used because of its high yield and
low cost (Mudge and Harrow, 2016) and has been used in many
IncRNA annotations (Uszczynska-Ratajczak et al., 2018), but
using this kind of data is challenging, because the nature of short
reads makes it difficult to completely characterize the structure of
non-coding transcripts (Conesa et al., 2016).

For higher confidence on the assembled transcripts, only paired-
end samples were used and additional support was included from
expression levels, CAGE-seq tags and histone modification ChIP-
seq assays. Thus, the confidence in the existence and location of the
more than 12 thousand confident IncRNA loci is high, even though
not all gene boundaries and splice sites might be correct. In fact, the
reproducibility of exact IncRNA short-read transcript models
between samples was shown to be low in another sheep study
(Bush et al., 2018). Related to this, the amount of detected IncRNAs
did not reach saturation at any sequencing depth. It has been
proposed that, because of stochastic sampling, much higher
sequencing depth is needed to reconstruct the vast number of
lowly expressed IncRNA transcript models (Bush et al., 2018). It
should be mentioned that it is expected that a higher number of the
assembled transcripts have independent evidence of expression. On
one side, the signal of CAGE-seq scales with expression, similar to
RNA-seq so, lowly expressed transcripts are also more weakly
represented. On the other, the ChIP-seq dataset used only
comprises a single cell type, while the RNA-seq dataset includes
several tissue-types.

As observed in other livestock studies (Bush et al., 2018; Kern
et al,, 2018), the expression levels of IncRNAs were lower than those
of PCGs. The IncRNAs already present in the Ensembl annotation
were more abundant, were expressed in more samples and were
better supported by TSSs and histone modifications, reflecting their
misannotation as IncRNA genes when many of them show coding
potential. The low expression in bulk RNA-seq samples might be
due to their known exceptional cell type, tissue, developmental stage
and disease state specific expression (Cabili et al.,, 2011; Derrien et al.,
2012) and even to lowered transcriptional burst frequencies in
single-cells (Johnsson et al,, 2022). In human and murine T cells
and B cells, IncRNAs are expressed in a very cell-specific and
dynamic way during differentiation within lineages of the same
cell types (Hu et al., 2013; Ranzani et al., 2015; Agirre et al,, 2019). In
this manner, cell or tissue type specific IncRNAs could be involved in
immunological pathways in response to infection and vaccination
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(de Lima et al, 2019; Du et al., 2020), even if the perceived bulk
expression was low.

The biological function of most IncRNAs remains unknown,
particularly in non-model organisms. With notable exceptions,
few genes can be assigned a putative function by homology with
human or mouse IncRNAs. Considering sequence similarity,
around 700 novel sheep IncRNA transcripts had orthologues
in human, including some functionally characterised IncRNAs,
and more than 3,000 in goat or cattle, which are mostly
uncharacterised. Because of this, we linked the sheep IncRNAs
with potential broad biological functions and pathways by using
classical analyses like differential gene expression and co-
expression analysis, and alternative methods like differential
co-expression network analysis. In the case of the co-
expression analyses, following the principle of guilt-by-
association (Wolfe et al., 2005), association with the immune
response was assigned via correlation to a group of co-expressed
genes. This approach has been widely used for the functional
profiling of IncRNAs by several studies (Walters et al., 2019; de
Goede et al.,, 2021). In addition, one of the datasets included in
this study has already been analysed in this way to specifically
search for candidate IncRNAs during an helminth infection
(Chitneedi et al., 2021).

Regarding the results from the blood cell dataset, with samples
from whole blood, PBMCs and other cells like macrophages, all
analyses resulted in the identification of genes linked to the innate
immune response. Many genes were part of the interferon (IFN)-
mediated immune response, which provides a first line of defence
against pathogens, from viruses to parasites (Schneider et al., 2014).
Upon pathogen detection and IFN stimulation, the transcription of
several genes termed as IFN-stimulated genes (ISGs) is activated,
which control pathogen infection by targeting pathways necessary
for pathogen life cycles. Up to 21 of the most important antiviral
ISGs were upregulated in the differential expression analysis,
including ADAR, APOBEC3Z1, BST2, RSAD2, MX1, MX2, IFI6,
IRF9 or orthologues of the OAS gene family. These genes were part
of the iFMDV-associated co-expression module and many were also
part of the DCN. The IFN response was mostly driven by the
inactivated vaccine (Braun et al., 2018; Jouneau et al., 2020) and the
LPS stimulation datasets (Bush et al., 2020), while the helminth
infection (Fu et al., 2016; Niedziela et al., 2021) and other smaller
datasets (Varela-Martinez et al., 2018; Wang et al., 2019; Guo et al.,
2020) produced a different expression profile, as seen in the
stimulation-correlated co-expression modules. In the same
manner as known ISGs, IncRNAs can also be induced by IFN
and have important roles in controlling pathogen infection and
resolution of the immune response, or they can regulate the IFN
mediated host defence (Meng et al., 2017; Qiu et al., 2018). For
instance, in human, NRIR is a negative regulator of IFN antiviral
response (Kambara et al, 2014) and IFNG-ASI, located near the
IFNG locus, regulates its expression (Petermann et al, 2019).
Considering that differentially expressed IncRNAs have been
proposed to function as negative or positive regulators in various
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critical steps of antiviral response (Ouyang et al., 2016), some of the
ovine transcripts detected in this study could also be related to those
processes.

The fact that the lymph node dataset was dominated by
helminth infection experiments (McRae et al, 2016; Chitneedi
et al, 2018; Naranjo-Lucena et al, 2021), except for a single
bacterial infection experiment (Gossner et al, 2017), greatly
marked the type of genes involved in the general analysis. The
different analyses revealed important immune-related genes and
biological pathways, but there were many other processes involved.
Parasite infections produce a different response than viral or
bacterial infections and are usually associated with a non-
inflammatory Th2-biased response in both parasites present in
the datasets: Teladorsagia circumcincta and Fasciola hepatica
(O'Neill et al., 2000; Venturina et al., 2013; Karrow et al., 2014).
In a human gene expression meta-analysis with different helminth
species, they found upregulated immune regulatory genes while
down-regulated genes were mainly involved in metabolic processes,
and showed that the response was similar between species and
tissues (Zhou et al., 2016). To date, there are very few studies linking
IncRNAs to helminth infection in mammals. In sheep, one of the
datasets included in this study (Chitneedi et al, 2018) has been
analysed for this purpose to specifically search for candidate
IncRNAs during T. circumcincta infection (Chitneedi et al,
2021). It remains greatly important to identify novel gene
candidates for this disease, as it is a source of economic loss and
animal welfare deterioration (Karrow et al., 2014).

Integration of several RNA-seq datasets and different
bioinformatic analyses allows us to better characterise patterns
that could have been overlooked in individual experiments. One
of the processes consistently appeared associated with all the
analyses in lymph nodes was the response to ER stress, which is
an endogenous source of cellular stress that arises in the ER of cells
following the accumulation of misfolded proteins during protein
synthesis (Todd et al., 2008; Hetz and Papa, 2018). In the immune
system, this response is particularly important for resolving secretory
stress and survival of highly secretory cells such as immunoglobulin
producing plasma cells (Todd et al, 2008), cytokine producing
Th2 cells (Pramanik et al., 2018) and other immune cells (Hetz and
Papa, 2018). Among the ER stress response-related dysregulated
genes, the two most important members of the IREla-XBP1
pathway (ERNI and XBPI) were upregulated in the lymph node
samples (Hetz and Papa, 2018) and a co-expression module
enriched in ER stress response genes was correlated with both
helminth infection and paratuberculosis. This process was
enriched in the sets of DEGs in the original analyses of the
paratuberculosis dataset (Gossner et al., 2017) and one helminth
infection dataset (Fu et al., 2016), but were not further discussed in
their respective publications. Furthermore, while belonging to a non-
associated co-expression module and not being differentially
expressed, the ER localized transcription factor CREB3 was
differentially co-expressed with several other genes. CREB3 has
been implicated in the ER and Golgi stress response and
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regulation of genes in secretory pathways (Sampieri et al., 2019).
LncRNAs have also been linked to proliferation and apoptosis
during ER stress (Zhao et al., 2020).

The DCN analyses revealed the involvement of other PCGs
and IncRNAs in the ovine immune system activation. Compared
to the widely employed co-expression methods, differential co-
expression have the advantage of detecting condition-dependent
interactions between genes (Savino et al., 2020). For instance, the
gain or loss of co-expression between a transcription factor (TF)
and its targets can be due to expression changes or post-
translational modifications of the TF (Bhuva et al., 2019). Apart
from the mentioned CREB3 transcription factor in lymph nodes,
in blood cell samples IDO1 seemed to be differentially regulated.
IDO1 is a rate-limiting metabolic enzyme that converts tryptophan
into downstream kynurenines, which have immunosuppressive
roles, and is known to be interferon-inducible (Zhai et al., 2018).
Similarly to the general differential expression analysis in this
study, the original analysis of LPS effect on macrophages did not
find an induction of IDOI expression, even if it was expected (Bush
et al,, 2020). Interestingly, we found that IDOI was part of a co-
expression module associated with immune stimulation and
enriched in ISGs, and was differentially correlated with several
genes. In stimulated samples its expression was independent from
other genes, but upon immune stimulation it gained correlations
with genes like the ISG DDX58. All in all, the constructed DCNs
revealed several IncRNAs with stimulation-dependent associations
that could have immune regulatory roles, and this approach could
be useful to find novel gene candidates in each pathogen infection

or vaccine component.

Conclusion

Multiple processes are involved in the immune response to
infection and vaccination and IncRNAs might play different roles
in these processes. The goals of this work were 1) to detect
unannotated ovine IncRNAs from publicly available RNA
sequencing datasets from immune tissues and then 2) define a
IncRNA gene expression signature of the general immune
activation. Poor sequence conservation and low expression,
general features found in other mammal studies, were also
features of ovine IncRNAs. Adding support from CAGE
sequencing and histone modifications, we obtained a shortlist
of more than 12 thousand unannotated high-confidence ovine
IncRNAs. The functional analyses performed with immune-
stimulated samples revealed hundreds of known and novel
IncRNAs with specific expression patterns during an infection
or vaccination. These genes make up a prioritized set of potential
candidates for deeper experimental analyses. Taken together,
these results should help completing the sheep non-coding RNA
gene catalogue, and most importantly, they give evidence of
immune state-specific IncRNA expression patterns in a livestock
species.

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1067350

Bilbao-Arribas and Jugo

Data availability statement

Publicly available datasets were analyzed in this study. This data
can be found here: The RNA-seq datasets analysed in this work were
obtained from the NCBI SRA repository under the following
project accessions: PRJEB26387, PRJNA454435, PRJNA559411,
PRJNA291172, PRJNA433706, PRJNA268183, PRJEB33476,
PRJEB45790,  PRJEB44063,  PRJEB15872, @ PRJNA631066,
PRJNA528905, PRJNA485657, PRINA362606 and PRJEB19199.
FAANG CAGE-seq and ChIP-seq datasets were obtained from
European  Nucleotide — Archive (ENA)
PRJEB34864 and PRJEB40528.
expression quantification of unannotated IncRNAs can be found at
https://doi.org/10.5281/zenodo.6802781 (Bilbao-Arribas and Jugo,
2022). The workflow and custom scripts used in this manuscript

project  accessions

Annotations and

are available at https://github.com/bilbaom/immune-Incrnas-sheep.

Author contributions

MB-A and BMJ conceptualised and designed the study. BMJ
was in charge of project administration and funding acquisition.
MB-A performed the bioinformatic analyses and interpreted the
data. MB-A and BM]J wrote the manuscript. Both authors read
and approved the final manuscript.

Funding

This research was supported by the University of the Basque
Country (UPV/EHU) by means of Research Groups General
grant GIU20/071 to BMJ and a predoctoral fellowship to MB-A
(PIF17/306), and by the Basque Government, Department of

References

Agirre, X, Meydan, C,, Jiang, Y., Garate, L., Doane, A. S., Li, Z,, et al. (2019). Long non-
coding RNAs discriminate the stages and gene regulatory states of human humoral
immune response. Nat. Commun. 10, 821. doi:10.1038/s41467-019-08679-z

Amin, V., Harris, R. A., Onuchic, V., Jackson, A. R., Charnecki, T., Paithankar, S.,
et al. (2015). Epigenomic footprints across 111 reference epigenomes reveal tissue-
specific epigenetic regulation of lincRNAs. Nat. Commun. 6, 6370. doi:10.1038/
ncomms7370

Andersson, R., Gebhard, C., Miguel-Escalada, I, Hoof, I, Bornholdt, J., Boyd, M.,
et al. (2014). An atlas of active enhancers across human cell types and tissues.
Nature 507, 455-461. doi:10.1038/naturel2787

Andres-Terre, M., McGuire, H. M., Pouliot, Y., Bongen, E., Sweeney, T. E., Tato,
C. M, et al. (2015). Integrated, multi-cohort analysis identifies conserved
transcriptional signatures across multiple respiratory viruses. Immunity 43,
1199-1211. doi:10.1016/j.immuni.2015.11.003

Bhuva, D. D., Cursons, J., Smyth, G. K., and Davis, M. J. (2019). Differential co-
expression-based detection of conditional relationships in transcriptional data:
Comparative analysis and application to breast cancer. Genome Biol. 20, 236. doi:10.
1186/s13059-019-1851-8

Bilbao-Arribas, M., and Jugo, B. M. (2022). Data from: Transcriptomic meta-
analysis reveals unannotated long non-coding RNAs related to the immune
response in sheep. Zenodo. doi:10.5281/zenodo.6802781

Frontiers in Genetics

10.3389/fgene.2022.1067350

Education, through Consolidated Research Group funding
IT1693-22.

Acknowledgments

Technical and human support provided by IZO-SGI SGlker
(UPV/EHU, MICINN, GV/E], ESF) is gratefully acknowledged.
We thank E. Varela-Martinez for his help in the statistical analyses.

Conflict of interest

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

Publisher’'s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fgene.
2022.1067350/full#supplementary-material

Bilbao-Arribas, M., Varela-Martinez, E., Abendafio, N., de Andrés, D., Lujan, L.,
and Jugo, B. M. (2021). Identification of sheep IncRNAs related to the immune
response to vaccines and aluminium adjuvants. BMC Genomics 22, 770. doi:10.
1186/512864-021-08086-z

Braun, R. O., Brunner, L., Wyler, K., Auray, G., Garcia-Nicolas, O., Python, S.,
et al. (2018). System immunology-based identification of blood transcriptional
modules correlating to antibody responses in sheep. npj Vaccines 3, 41. doi:10.1038/
541541-018-0078-0

Bray, N. L., Pimentel, H., Melsted, P., and Pachter, L. (2016). Near-optimal
probabilistic RNA-seq quantification. Nat. Biotechnol. 34, 525-527. doi:10.1038/
nbt.3519

Bush, S.J., McCulloch, M. E. B., Lisowski, Z. M., Muriuki, C., Clark, E. L., Young,
R, et al. (2020). Species-specificity of transcriptional regulation and the response to
lipopolysaccharide in mammalian macrophages. Front. Cell Dev. Biol. 8, 661. doi:10.
3389/fcell.2020.00661

Bush, S. J., Muriuki, C., McCulloch, M. E. B., Farquhar, I. L., Clark, E. L., and
Hume, D. A. (2018). Cross-species inference of long non-coding RNAs greatly
expands the ruminant transcriptome. Genet. Sel. Evol. 50, 20. doi:10.1186/s12711-
018-0391-0

Cabili, M., Trapnell, C., Goff, L., Koziol, M., Tazon-Vega, B., Regev, A,, et al.
(2011). Integrative annotation of human large intergenic noncoding RNAs reveals

frontiersin.org


https://doi.org/10.5281/zenodo.6802781
https://github.com/bilbaom/immune-lncrnas-sheep
https://www.frontiersin.org/articles/10.3389/fgene.2022.1067350/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2022.1067350/full#supplementary-material
https://doi.org/10.1038/s41467-019-08679-z
https://doi.org/10.1038/ncomms7370
https://doi.org/10.1038/ncomms7370
https://doi.org/10.1038/nature12787
https://doi.org/10.1016/j.immuni.2015.11.003
https://doi.org/10.1186/s13059-019-1851-8
https://doi.org/10.1186/s13059-019-1851-8
https://doi.org/10.5281/zenodo.6802781
https://doi.org/10.1186/s12864-021-08086-z
https://doi.org/10.1186/s12864-021-08086-z
https://doi.org/10.1038/s41541-018-0078-0
https://doi.org/10.1038/s41541-018-0078-0
https://doi.org/10.1038/nbt.3519
https://doi.org/10.1038/nbt.3519
https://doi.org/10.3389/fcell.2020.00661
https://doi.org/10.3389/fcell.2020.00661
https://doi.org/10.1186/s12711-018-0391-0
https://doi.org/10.1186/s12711-018-0391-0
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1067350

Bilbao-Arribas and Jugo

global properties and specific subclasses. Genes Dev. 25, 1915-1927. doi:10.1101/
gad.17446611

Camacho, C., Coulouris, G., Avagyan, V., Ma, N., Papadopoulos, J., Bealer, K.,
et al. (2009). BLAST+: Architecture and applications. BMC Bioinforma. 10, 421.
doi:10.1186/1471-2105-10-421

Chitneedi, P. K., Sudrez-Vega, A., Martinez-Valladares, M., Arranz, J. J., and
Gutiérrez-Gil, B. (2018). Exploring the mechanisms of resistance to Teladorsagia
circumcincta infection in sheep through transcriptome analysis of abomasal
mucosa and abomasal lymph nodes. Vet. Res. 49, 39. doi:10.1186/s13567-018-
0534-x

Chitneedi, P. K., Weikard, R., Arranz, J. J., Martinez-Valladares, M., Kuehn, C.,
and Gutiérrez-Gil, B. (2021). Identification of regulatory functions of LncRNAs
associated with T. Circumcincta infection in adult sheep. Front. Genet. 12, 685341.
doi:10.3389/fgene.2021.685341

Conesa, A., Madrigal, P., Tarazona, S., Gomez-Cabrero, D., Cervera, A,
McPherson, A., et al. (2016). A survey of best practices for RNA-seq data
analysis. Genome Biol. 17, 13. doi:10.1186/s13059-016-0881-8

Creyghton, M. P., Cheng, A. W., Welstead, G. G., Kooistra, T., Carey, B. W,,
Steine, E. ., et al. (2010). Histone H3K27ac separates active from poised enhancers
and predicts developmental state. Proc. Natl. Acad. Sci. U. S. A. 107, 21931-21936.
doi:10.1073/pnas.1016071107

Dale, R. K., Pedersen, B. S., and Quinlan, A. R. (2011). Pybedtools: A flexible
Python library for manipulating genomic datasets and annotations. Bioinformatics
27, 3423-3424. doi:10.1093/bioinformatics/btr539

Danecek, P., Bonfield, J. K., Liddle, J., Marshall, J., Ohan, V., Pollard, M. O., et al.
(2021). Twelve years of SAMtools and BCFtools. Gigascience 10, giab008. doi:10.
1093/gigascience/giab008

Davenport, K. M., Bickhart, D. M., Worley, K., Murali, S. C., Salavati, M., Clark, E.
L., et al. (2022). An improved ovine reference genome assembly to facilitate in-
depth functional annotation of the sheep genome. Gigascience 11, giab096. doi:10.
1093/gigascience/giab096

de Goede, O. M., Nachun, D. C,, Ferraro, N. M., Gloudemans, M. J., Rao, A. S.,
Smail, C,, et al. (2021). Population-scale tissue transcriptomics maps long non-
coding RNAs to complex disease. Cell 184, 2633-2648.e19. doi:10.1016/j.cell.2021.
03.050

de Lima, D. S., Cardozo, L. E., Maracaja-Coutinho, V., Suhrbier, A., Mane, K.,
Jeffries, D., et al. (2019). Long noncoding RNAs are involved in multiple
immunological pathways in response to vaccination. Proc. Natl. Acad. Sci. U. S.
A. 116, 17121-17126. doi:10.1073/pnas.1822046116

Derrien, T., Johnson, R., Bussotti, G., Tanzer, A., Djebali, S., Tilgner, H., et al.
(2012). The GENCODE v7 catalog of human long noncoding RNAs: Analysis of
their gene structure, evolution, and expression. Genome Res. 22, 1775-1789. doi:10.
1101/gr.132159.111

Dobin, A., Davis, C. A., Schlesinger, F., Drenkow, J., Zaleski, C., Jha, S., et al.
(2013). Star: Ultrafast universal RNA-seq aligner. Bioinformatics 29, 15-21. doi:10.
1093/bioinformatics/bts635

Du, J., Chen, X, Ye, Y., and Sun, H. (2020). A comparative study on the
mechanisms of innate immune responses in mice induced by Alum and
Actinidia eriantha polysaccharide. Int. J. Biol. Macromol. 156, 1202-1216.
doi:10.1016/j.ijbiomac.2019.11.158

Eddy, S. R. (2011). Accelerated profile HMM searches. PLoS Comput. Biol. 7,
€1002195. doi:10.1371/journal.pcbi. 1002195

Engreitz, J. M., Haines, J. E., Perez, E. M., Munson, G., Chen, J., Kane, M., et al.
(2016). Local regulation of gene expression by IncRNA promoters, transcription
and splicing. Nature 539, 452-455. doi:10.1038/nature20149

Fu, Y., Chryssafidis, A. L., Browne, J. A., O’Sullivan, J., McGettigan, P. A., and
Mulcahy, G. (2016). Transcriptomic study on ovine immune responses to Fasciola
hepatica infection. PLoS Negl. Trop. Dis. 10, €0005015. doi:10.1371/journal.pntd.
0005015

Gossner, A., Watkins, C., Chianini, F., and Hopkins, J. (2017). Pathways and
genes associated with immune dysfunction in sheep paratuberculosis. Sci. Rep. 7,
46695. doi:10.1038/srep46695

Guo, X., Zhang, J., Li, Y., Yang, J., Li, Y., Dong, C,, et al. (2020). Evaluating
the effect of TLR4-overexpressing on the transcriptome profile in ovine
peripheral blood mononuclear cells. J. Biol. Res. 27, 13. doi:10.1186/s40709-
020-00124-3

Hetz, C., and Papa, F. R. (2018). The unfolded protein response and cell fate
control. Mol. Cell 69, 169-181. doi:10.1016/j.molcel.2017.06.017

Hu, G, Tang, Q. Sharma, S., Yu, F., Escobar, T. M., Muljo, S. A,, et al. (2013).
Expression and regulation of intergenic long noncoding RNAs during T cell
development and differentiation. Nat. Immunol. 14, 1190-1198. doi:10.1038/ni.2712

Frontiers in Genetics

18

10.3389/fgene.2022.1067350

Jin, C,, Bao, J., Wang, Y., Chen, W., Wu, T., Wang, L, et al. (2018). Changes in long
non-coding RNA expression profiles related to the antagonistic effects of Escherichia coli
F17 on lamb spleens. Sci. Rep. 8, 16514. doi:10.1038/s41598-018-34291-0

Johnson, K. A., and Krishnan, A. (2022). Robust normalization and transformation
techniques for constructing gene coexpression networks from RNA-seq data. Genome
Biol. 23, 1. doi:10.1186/s13059-021-02568-9

Johnsson, P., Ziegenhain, C., Hartmanis, L., Hendriks, G. J., Hagemann-Jensen,
M., Reinius, B,, et al. (2022). Transcriptional kinetics and molecular functions of
long noncoding RNAs. Nat. Genet. 54, 306-317. doi:10.1038/s41588-022-01014-1

Jouneau, L., Lefebvre, D. J., Costa, F., Romey, A, Blaise-Boisseau, S., Relmy, A,
et al. (2020). The antibody response induced FMDV vaccines in sheep correlates
with early transcriptomic responses in blood. npj Vaccines 5, 1. doi:10.1038/s41541-
019-0151-3

Kambara, H., Niazi, F., Kostadinova, L., Moonka, D. K., Siegel, C. T., Post, A. B.,
et al. (2014). Negative regulation of the interferon response by an interferon-
induced long non-coding RNA. Nucleic Acids Res. 42, 10668-10680. doi:10.1093/
nar/gku713

Karrow, N. A., Goliboski, K., Stonos, N., Schenkel, F., and Peregrine, A. (2014).
Review: Genetics of helminth resistance in sheep. Can. J. Anim. Sci. 94, 1-9. doi:10.
4141/CJAS2013-036

Keel, B. N,, and Lindholm-Perry, A. K. (2022). Recent developments and future
directions in meta-analysis of differential gene expression in livestock RNA-Seq.
Front. Genet. 13, 983043. doi:10.3389/FGENE.2022.983043

Kent, W. J., Zweig, A. S., Barber, G., Hinrichs, A. S., and Karolchik, D. (2010).
BigWig and BigBed: Enabling browsing of large distributed datasets. Bioinformatics
26, 2204-2207. doi:10.1093/bioinformatics/btq351

Kern, C.,, Wang, Y., Chitwood, J., Korf, I, Delany, M., Cheng, H., et al. (2018).
Genome-wide identification of tissue-specific long non-coding RNA in three farm
animal species. BMC Genomics 19, 684. doi:10.1186/s12864-018-5037-7

Kornienko, A. E.,, Dotter, C. P., Guenzl, P. M., Gisslinger, H., Gisslinger, B.,
Cleary, C, et al. (2016). Long non—cnding RNAs display higher natural expression
variation than protein-coding genes in healthy humans. Genome Biol. 17, 14. doi:10.
1186/513059-016-0873-8

Kosinska-Selbi, B., Mielczarek, M., and Szyda, J. (2020). Review: Long non-coding
RNA in livestock. Animal 14, 2003-2013. doi:10.1017/S1751731120000841

Koster, J., Molder, F., Jablonski, K. P., Letcher, B., Hall, M. B., Tomkins-Tinch, C.
H., etal. (2021). Sustainable data analysis with Snakemake. F1000Res. 10, 33. doi:10.
12688/f1000research.29032.2

Kovaka, S., Zimin, A. V., Pertea, G. M., Razaghi, R., Salzberg, S. L., and Pertea, M.
(2019). Transcriptome assembly from long-read RNA-seq alignments with
StringTie2. Genome Biol. 20, 278. doi:10.1186/s13059-019-1910-1

Lagarrigue, S., Lorthiois, M., Degalez, F., Gilot, D., and Derrien, T. (2021).
LncRNAs in domesticated animals: From dog to livestock species. Mamm.
Genome 33, 248-270. doi:10.1007/s00335-021-09928-7

Langfelder, P., and Horvath, S. (2008). Wgcna: An R package for weighted correlation
network analysis. BMIC Bioinforma. 9, 559. doi:10.1186/1471-2105-9-559

Langmead, B., and Salzberg, S. L. (2012). Fast gapped-read alignment with Bowtie
2. Nat. Methods 9, 357-359. doi:10.1038/nmeth.1923

Lemoine, G. G., Scott-Boyer, M. P., Ambroise, B., Périn, O., and Droit, A. (2021).
Gwena: Gene co-expression networks analysis and extended modules
characterization in a single bioconductor package. BMC Bioinforma. 22, 267.
doi:10.1186/s12859-021-04179-4

Li, S., Rouphael, N., Duraisingham, S., Romero-Steiner, S., Presnell, S., Davis, C.,
et al. (2014). Molecular signatures of antibody responses derived from a systems
biology study of five human vaccines. Nat. Immunol. 15, 195-204. doi:10.1038/ni.
2789

Lopez-Delisle, L., Rabbani, L., Wolff, J., Bhardwaj, V., Backofen, R., Griining, B.,
et al. (2021). pyGenomeTracks: reproducible plots for multivariate genomic
datasets. Bioinformatics 37, 422-423. doi:10.1093/bioinformatics/btaa692

Love, M. I, Huber, W., Anders, S., Lonnstedt, 1., Speed, T., Robinson, M., et al.
(2014). Moderated estimation of fold change and dispersion for RNA-seq data with
DESeq2. Genome Biol. 15, 550. doi:10.1186/s13059-014-0550-8

Ma, L., Cao, J., Liu, L., Du, Q., Li, Z., Zou, D., et al. (2019). Lncbook: A curated
knowledgebase of human long non-coding rnas. Nucleic Acids Res. 47, D128-D134.
doi:10.1093/nar/gky960

Marchese, F. P., Raimondi, I., and Huarte, M. (2017). The multidimensional
mechanisms of long noncoding RNA function. Genome Biol. 18, 206. doi:10.1186/
s13059-017-1348-2

Martin, M. (2011). Cutadapt removes adapter sequences from high-throughput
sequencing reads. EMBnet. J. 17, 10. doi:10.14806/¢j.17.1.200

frontiersin.org


https://doi.org/10.1101/gad.17446611
https://doi.org/10.1101/gad.17446611
https://doi.org/10.1186/1471-2105-10-421
https://doi.org/10.1186/s13567-018-0534-x
https://doi.org/10.1186/s13567-018-0534-x
https://doi.org/10.3389/fgene.2021.685341
https://doi.org/10.1186/s13059-016-0881-8
https://doi.org/10.1073/pnas.1016071107
https://doi.org/10.1093/bioinformatics/btr539
https://doi.org/10.1093/gigascience/giab008
https://doi.org/10.1093/gigascience/giab008
https://doi.org/10.1093/gigascience/giab096
https://doi.org/10.1093/gigascience/giab096
https://doi.org/10.1016/j.cell.2021.03.050
https://doi.org/10.1016/j.cell.2021.03.050
https://doi.org/10.1073/pnas.1822046116
https://doi.org/10.1101/gr.132159.111
https://doi.org/10.1101/gr.132159.111
https://doi.org/10.1093/bioinformatics/bts635
https://doi.org/10.1093/bioinformatics/bts635
https://doi.org/10.1016/j.ijbiomac.2019.11.158
https://doi.org/10.1371/journal.pcbi.1002195
https://doi.org/10.1038/nature20149
https://doi.org/10.1371/journal.pntd.0005015
https://doi.org/10.1371/journal.pntd.0005015
https://doi.org/10.1038/srep46695
https://doi.org/10.1186/s40709-020-00124-3
https://doi.org/10.1186/s40709-020-00124-3
https://doi.org/10.1016/j.molcel.2017.06.017
https://doi.org/10.1038/ni.2712
https://doi.org/10.1038/s41598-018-34291-0
https://doi.org/10.1186/s13059-021-02568-9
https://doi.org/10.1038/s41588-022-01014-1
https://doi.org/10.1038/s41541-019-0151-3
https://doi.org/10.1038/s41541-019-0151-3
https://doi.org/10.1093/nar/gku713
https://doi.org/10.1093/nar/gku713
https://doi.org/10.4141/CJAS2013-036
https://doi.org/10.4141/CJAS2013-036
https://doi.org/10.3389/FGENE.2022.983043
https://doi.org/10.1093/bioinformatics/btq351
https://doi.org/10.1186/s12864-018-5037-7
https://doi.org/10.1186/s13059-016-0873-8
https://doi.org/10.1186/s13059-016-0873-8
https://doi.org/10.1017/S1751731120000841
https://doi.org/10.12688/f1000research.29032.2
https://doi.org/10.12688/f1000research.29032.2
https://doi.org/10.1186/s13059-019-1910-1
https://doi.org/10.1007/s00335-021-09928-7
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1038/nmeth.1923
https://doi.org/10.1186/s12859-021-04179-4
https://doi.org/10.1038/ni.2789
https://doi.org/10.1038/ni.2789
https://doi.org/10.1093/bioinformatics/btaa692
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1093/nar/gky960
https://doi.org/10.1186/s13059-017-1348-2
https://doi.org/10.1186/s13059-017-1348-2
https://doi.org/10.14806/ej.17.1.200
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1067350

Bilbao-Arribas and Jugo

Massa, A. T., Mousel, M. R., Herndon, M. K,, Herndon, D. R,, Murdoch, B. M.,
and White, S. N. (2021). Genome-Wide histone modifications and CTCF
enrichment predict gene expression in sheep macrophages. Front. Genet. 11,
612031. doi:10.3389/fgene.2020.612031

McRae, K. M., Good, B., Hanrahan, J. P., McCabe, M. S., Cormican, P., Sweeney,
T., etal. (2016). Transcriptional profiling of the ovine abomasal lymph node reveals
a role for timing of the immune response in gastrointestinal nematode resistance.
Vet. Parasitol. 224, 96-108. doi:10.1016/j.vetpar.2016.05.014

Melé, M., Mattioli, K., Mallard, W., Shechner, D. M., Gerhardinger, C., and Rinn,
J. L. (2017). Chromatin environment, transcriptional regulation, and splicing
distinguish lincRNAs and mRNAs. Genome Res. 27, 27-37. doi:10.1101/gr.
214205.116

Meng, X. Y., Luo, Y., Anwar, M. N, Sun, Y., Gao, Y., Zhang, H,, et al. (2017). Long
non-coding RNAs: Emerging and versatile regulators in host-virus interactions.
Front. Immunol. 8, 1663. doi:10.3389/fimmu.2017.01663

Mudge, J. M., and Harrow, J. (2016). The state of play in higher eukaryote gene
annotation. Nat. Rev. Genet. 17, 758-772. d0i:10.1038/nrg.2016.119

Naranjo-Lucena, A., Correia, C. N., Molina-Hernandez, V., Martinez-Moreno,
A., Browne, J. A., Pérez, J., et al. (2021). Transcriptomic analysis of ovine hepatic
lymph node following Fasciola hepatica infection — inhibition of NK cell and IgE-
mediated signaling. Front. Immunol. 12, 687579. doi:10.3389/fimmu.2021.
687579

Niedziela, D. A., Naranjo-Lucena, A., Molina-Hernéndez, V., Browne, J. A,,
Martinez-Moreno, A., Pérez, J., et al. (2021). Timing of transcriptomic peripheral
blood mononuclear cell responses of sheep to Fasciola hepatica infection differs
from those of cattle, reflecting different disease phenotypes. Front. Immunol. 12,
729217. doi:10.3389/fimmu.2021.729217

O’Neill, S. M., Brady, M. T., Callanan, J. J., Mulcahy, G., Joyce, P., Mills, K. H. G,,
et al. (2000). Fasciola hepatica infection downregulates Thl responses in mice.
Parasite Immunol. 22, 147-155. doi:10.1046/j.1365-3024.2000.00290.x

Ouyang, J., Hu, J., and Chen, J. L. (2016). IncRNAs regulate the innate immune
response to viral infection. Wiley Interdiscip. Rev. RNA 7, 129-143. doi:10.1002/
wrna.1321

Pertea, G., and Pertea, M. (2020). GFF Utilities: GffRead and GffCompare.
F1000Research 9, 304. doi:10.12688/f1000research.23297.2I1SCB Comm. ].

Petermann, F., Pekowska, A., Johnson, C. A,, Jankovic, D., Shih, H. Y., Jiang, K.,
etal. (2019). The magnitude of IFN-y responses is fine-tuned by DNA architecture
and the non-coding transcript of ifng-as1. Mol. Cell 75, 1229-1242. doi:10.1016/j.
molcel.2019.06.025

Pramanik, J., Chen, X., Kar, G., Henriksson, J., Gomes, T., Park, J. E., et al. (2018).
Genome-wide analyses reveal the IREla-XBP1 pathway promotes T helper cell
differentiation by resolving secretory stress and accelerating proliferation. Genome
Med. 10, 76. doi:10.1186/s13073-018-0589-3

Qiu, L., Wang, T,, Tang, Q., Li, G., Wu, P., and Chen, K. (2018). Long non-coding
RNAs: Regulators of viral infection and the interferon antiviral response. Front.
Microbiol. 9, 1621. doi:10.3389/fmicb.2018.01621

Quinlan, A. R., and Hall, I. M. (2010). BEDTools: A flexible suite of utilities for
comparing genomic features. Bioinformatics 26, 841-842. doi:10.1093/
bioinformatics/btq033

Quinn, J. J., and Chang, H. Y. (2016). Unique features of long non-coding RNA
biogenesis and function. Nat. Rev. Genet. 17, 47-62. doi:10.1038/nrg.2015.10

Ramilowski, J. A., Yip, C. W., Agrawal, S., Chang, J.-C., Ciani, Y., Kulakovskiy, I.
V., et al. (2020). Functional annotation of human long noncoding RNAs via
molecular phenotyping. Genome Res. 30, 1060-1072. doi:10.1101/gr.254219.119

Ransohoff, J. D., Wei, Y., and Khavari, P. A. (2018). The functions and unique
features of long intergenic non-coding RNA. Nat. Rev. Mol. Cell Biol. 19, 143-157.
doi:10.1038/nrm.2017.104

Ranzani, V., Rossetti, G., Panzeri, L., Arrigoni, A., Bonnal, R. J. P,, Curti, S, et al.
(2015). The long intergenic noncoding RNA landscape of human lymphocytes
highlights the regulation of T cell differentiation by linc-MAF-4. Nat. Immunol. 16,
318-325. doi:10.1038/ni.3093

Raudvere, U., Kolberg, L., Kuzmin, I, Arak, T., Adler, P., Peterson, H., et al.
(2019). G:Profiler: A web server for functional enrichment analysis and conversions
of gene lists (2019 update). Nucleic Acids Res. 47, W191-W198. doi:10.1093/nar/
gkz369

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

Salavati, M., Caulton, A., Clark, R., Gazova, I, Smith, T. P. L., Worley, K. C, et al.
(2020). Global analysis of transcription start sites in the new ovine reference

genome (oar rambouillet v1.0). Front. Genet. 11, 580580. doi:10.3389/fgene.
2020.580580

Frontiers in Genetics

19

10.3389/fgene.2022.1067350

Sampieri, L., Di Giusto, P., and Alvarez, C. (2019). CREB3 transcription factors:
ER-golgi stress transducers as hubs for cellular homeostasis. Front. Cell Dev. Biol. 7,
123. doi:10.3389/fcell.2019.00123

Santos-Rosa, H., Schneider, R., Bannister, A. J., Sherriff, ]., Bernstein, B. E., Emre,
N. C. T, et al. (2002). Active genes are tri-methylated at K4 of histone H3. Nature
419, 407-411. doi:10.1038/nature01080

Savino, A., Provero, P., and Poli, V. (2020). Differential co-expression analyses allow
the identification of critical signalling pathways altered during tumour transformation
and progression. Int. J. Mol. Sci. 21, E9461. doi:10.3390/ijms21249461

Schneider, W. M., Chevillotte, M. D., and Rice, C. M. (2014). Interferon-
stimulated genes: A complex web of host defenses. Annu. Rev. Immunol. 32,
513-545. doi:10.1146/annurev-immunol-032713-120231

Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al.
(2003). Cytoscape: A software environment for integrated models of biomolecular
interaction networks. Genome Res. 13, 2498-2504. doi:lO.llOl/gr.1239303

Sielemann, K., Hafner, A., and Pucker, B. (2020). The reuse of public datasets in the life
sciences: Potential risks and rewards. Peer] 8, €9954. doi:10.7717/peerj.9954

Sparks, R,, Lau, W. W,, and Tsang, J. S. (2016). Expanding the immunology
toolbox: Embracing public-data reuse and crowdsourcing. Immunity 45,
1191-1204. doi:10.1016/j.immuni.2016.12.008

Sweeney, T. E., Haynes, W. A,, Vallania, F., Ioannidis, J. P., and Khatri, P. (2017).
Methods to increase reproducibility in differential gene expression via meta-
analysis. Nucleic Acids Res. 45, el. doi:10.1093/nar/gkw797

Tarasov, A., Vilella, A. J., Cuppen, E., Nijman, I. J,, and Prins, P. (2015).
Sambamba: Fast processing of NGS alignment formats. Bioinformatics 31,
2032-2034. doi:10.1093/bioinformatics/btv098

Thodberg, M., Thieffry, A., Vitting-Seerup, K., Andersson, R., and Sandelin, A.
(2019). CAGEfightR: Analysis of 5'-end data using R/Bioconductor. BMC
Bioinforma. 20, 487. doi:10.1186/s12859-019-3029-5

Todd, D. J., Lee, A. H,, and Glimcher, L. H. (2008). The endoplasmic reticulum
stress response in immunity and autoimmunity. Nat. Rev. Immunol. 8, 663-674.
doi:10.1038/nri2359

Toro-Dominguez, D., Villatoro-Garcid, J. A., Martorell-Marugan, J., Romédn-
Montoya, Y., Alarc6n-Riquelme, M. E., and Carmona-Saéz, P. (2021). A survey of
gene expression meta-analysis: Methods and applications. Brief. Bioinform. 22,
1694-1705. doi:10.1093/bib/bbaa019

Ulitsky, I, and Bartel, D. P. (2013). lincRNAs: genomics, evolution, and
mechanisms. Cell 154, 26-46. d0i:10.1016/j.cell.2013.06.020

Uszczynska-Ratajczak, B., Lagarde, J., Frankish, A., Guigd, R., and Johnson, R.
(2018). Towards a complete map of the human long non-coding RNA
transcriptome. Nat. Rev. Genet. 19, 535-548. doi:10.1038/s41576-018-0017-y

Varela-Martinez, E., Abendano, N., Asin, J., Sistiaga-Poveda, M., Pérez, M. M.,
Reina, R, et al. (2018). Molecular signature of aluminum hydroxide adjuvant in
ovine PBMCs by integrated mRNA and microRNA transcriptome sequencing.
Front. Immunol. 9, 2406. doi:10.3389/fimmu.2018.02406

Venturina, V. M., Gossner, A. G., and Hopkins, J. (2013). The immunology and
genetics of resistance of sheep to Teladorsagia circumcincta. Vet. Res. Commun. 37,
171-181. d0i:10.1007/s11259-013-9559-9

Vitting-Seerup, K., Sandelin, A., and Berger, B. (2019). IsoformSwitchAnalyzeR:
Analysis of changes in genome-wide patterns of alternative splicing and
its functional consequences. Bioinformatics 35, 4469-4471. doi:10.1093/
bioinformatics/btz247

Walters, K., Sarsenov, R, Too, W. S., Hare, R. K,, Paterson, I. C., Lambert, D. W, et al.
(2019). Comprehensive functional profiling of long non-coding RNAs through a novel
pan-cancer integration approach and modular analysis of their protein-coding gene
association networks. BMC Genomics 20, 454. doi:10.1186/s12864-019-5850-7

Wang, L., Park, H. J., Dasari, S., Wang, S., Kocher, J. P, and Li, W. (2013). Cpat:

Coding-potential assessment tool using an alignment-free logistic regression model.
Nucleic Acids Res. 41, €74. doi:10.1093/nar/gkt006

Wang, S., Hu, D, Wang, C, Tang, X, Du, M,, Gu, X, et al. (2019).
Transcriptional profiling of innate immune responses in sheep PBMCs
induced by Haemonchus contortus soluble extracts. Parasit. Vectors 12, 182.
doi:10.1186/s13071-019-3441-8

Washietl, S., Kellis, M., and Garber, M. (2014). Evolutionary dynamics and tissue
specificity of human long noncoding RNAs in six mammals. Genome Res. 24,
616-628. doi:10.1101/gr.165035.113

Weikard, R., Demasius, W., and Kuehn, C. (2017). Mining long noncoding RNA
in livestock. Anim. Genet. 48, 3-18. doi:10.1111/age.12493

Wolfe, C. J., Kohane, L. S., and Butte, A. J. (2005). Systematic survey reveals
general applicability of “guilt-by-association” within gene coexpression networks.
BMC Bioinforma. 6, 227. doi:10.1186/1471-2105-6-227

frontiersin.org


https://doi.org/10.3389/fgene.2020.612031
https://doi.org/10.1016/j.vetpar.2016.05.014
https://doi.org/10.1101/gr.214205.116
https://doi.org/10.1101/gr.214205.116
https://doi.org/10.3389/fimmu.2017.01663
https://doi.org/10.1038/nrg.2016.119
https://doi.org/10.3389/fimmu.2021.687579
https://doi.org/10.3389/fimmu.2021.687579
https://doi.org/10.3389/fimmu.2021.729217
https://doi.org/10.1046/j.1365-3024.2000.00290.x
https://doi.org/10.1002/wrna.1321
https://doi.org/10.1002/wrna.1321
https://doi.org/10.12688/f1000research.23297.2
https://doi.org/10.1016/j.molcel.2019.06.025
https://doi.org/10.1016/j.molcel.2019.06.025
https://doi.org/10.1186/s13073-018-0589-3
https://doi.org/10.3389/fmicb.2018.01621
https://doi.org/10.1093/bioinformatics/btq033
https://doi.org/10.1093/bioinformatics/btq033
https://doi.org/10.1038/nrg.2015.10
https://doi.org/10.1101/gr.254219.119
https://doi.org/10.1038/nrm.2017.104
https://doi.org/10.1038/ni.3093
https://doi.org/10.1093/nar/gkz369
https://doi.org/10.1093/nar/gkz369
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.3389/fgene.2020.580580
https://doi.org/10.3389/fgene.2020.580580
https://doi.org/10.3389/fcell.2019.00123
https://doi.org/10.1038/nature01080
https://doi.org/10.3390/ijms21249461
https://doi.org/10.1146/annurev-immunol-032713-120231
https://doi.org/10.1101/gr.1239303
https://doi.org/10.7717/peerj.9954
https://doi.org/10.1016/j.immuni.2016.12.008
https://doi.org/10.1093/nar/gkw797
https://doi.org/10.1093/bioinformatics/btv098
https://doi.org/10.1186/s12859-019-3029-5
https://doi.org/10.1038/nri2359
https://doi.org/10.1093/bib/bbaa019
https://doi.org/10.1016/j.cell.2013.06.020
https://doi.org/10.1038/s41576-018-0017-y
https://doi.org/10.3389/fimmu.2018.02406
https://doi.org/10.1007/s11259-013-9559-9
https://doi.org/10.1093/bioinformatics/btz247
https://doi.org/10.1093/bioinformatics/btz247
https://doi.org/10.1186/s12864-019-5850-7
https://doi.org/10.1093/nar/gkt006
https://doi.org/10.1186/s13071-019-3441-8
https://doi.org/10.1101/gr.165035.113
https://doi.org/10.1111/age.12493
https://doi.org/10.1186/1471-2105-6-227
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1067350

Bilbao-Arribas and Jugo

Woucher, V., Legeai, F., Hédan, B., Rizk, G., Lagoutte, L., Leeb, T, et al. (2017).
FEELnc: A tool for long non-coding RNA annotation and its application to the dog
transcriptome. Nucleic Acids Res. 45, €57. doi:10.1093/nar/gkw1306

Zhai, L., Ladomersky, E., Lenzen, A., Nguyen, B., Patel, R, Lauing, K. L., et al.
(2018). Idol in cancer: A gemini of immune checkpoints. Cell. Mol. Immunol. 15,
447-457. doi:10.1038/cmi.2017.143

Zhang, Y., Liu, T., Meyer, C. A., Eeckhoute, J., Johnson, D. S., Bernstein, B. E,,
et al. (2008). Model-based analysis of ChIP-seq (MACS). Genome Biol. 9, R137.
doi:10.1186/gb-2008-9-9-r137

Zhao, L., Wang, ], Li, Y., Song, T., Wu, Y, Fang, S, et al. (2021).
NONCODEV6: An updated database dedicated to long non-coding RNA

Frontiers in Genetics

20

10.3389/fgene.2022.1067350

annotation in both animals and plants. Nucleic Acids Res. 49, D165-D171.
doi:10.1093/nar/gkaal046

Zhao, T., Du, J.,, and Zeng, H. (2020). Interplay between endoplasmic reticulum
stress and non-coding RNAs in cancer. J. Hematol. Oncol. 13, 163. doi:10.1186/
s13045-020-01002-0

Zhou, G., Stevenson, M. M., Geary, T. G., and Xia, J. (2016). Comprehensive

transcriptome meta-analysis to characterize host immune responses in helminth
infections. PLoS Negl. Trop. Dis. 10, €0004624. doi:10.1371/journal.pntd.0004624

Zhu, A., Ibrahim, J. G, and Love, M. I (2019). Heavy-Tailed prior
distributions for sequence count data: Removing the noise and preserving large
differences. Bioinformatics 35, 2084-2092. doi:10.1093/bioinformatics/bty895

frontiersin.org


https://doi.org/10.1093/nar/gkw1306
https://doi.org/10.1038/cmi.2017.143
https://doi.org/10.1186/gb-2008-9-9-r137
https://doi.org/10.1093/nar/gkaa1046
https://doi.org/10.1186/s13045-020-01002-0
https://doi.org/10.1186/s13045-020-01002-0
https://doi.org/10.1371/journal.pntd.0004624
https://doi.org/10.1093/bioinformatics/bty895
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.1067350

	Transcriptomic meta-analysis reveals unannotated long non-coding RNAs related to the immune response in sheep
	Introduction
	Materials and methods
	Data collection
	Transcriptome assembly and quantification
	LncRNA identification
	CAGE-seq and ChIP-seq data analysis
	Conservation in terms of sequence
	Analysis of gene expression
	Co-expression analyses

	Results
	Dataset description
	Novel lncRNA identification
	Expression patterns of lncRNAs
	Evidence of transcription by CAGE assays and histone modifications
	Differentially expressed lncRNAs and PCGs
	Co-expression network analyses detect immune-enriched gene signatures
	Differential co-expression networks to identify regulatory relationships
	Integration of evidence for lncRNA expression and function

	Discussion
	Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


