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Abstract 
Polyunsaturated fatty acids (PUFA), such as omega-6 (n-6) and omega-3 (n-3), play a vital role in nutrient metabolism, inflammatory response, 
and gene regulation. microRNAs (miRNA), which can potentially degrade targeted messenger RNAs (mRNA) and/or inhibit their translation, 
might play a relevant role in PUFA-related changes in gene expression. Although differential expression analyses can provide a comprehensive 
picture of gene expression variation, they are unable to disentangle when in the mRNA life cycle the regulation of expression is taking place, 
including any putative functional miRNA-driven repression. To capture this, we used an exon–intron split analysis (EISA) approach to account 
for posttranscriptional changes in response to extreme values of n-6/n-3 PUFA ratio. Longissimus dorsi muscle samples of male and female 
piglets from sows fed with n-6/n-3 PUFA ratio of 13:1 (SOY) or 4:1 (LIN), were analyzed in a bidirectional contrast (LIN vs. SOY, SOY vs. LIN). 
Our results allowed the identification of genes showing strong posttranscriptional downregulation signals putatively targeted by significantly 
upregulated miRNA. Moreover, we identified genes primarily involved in the regulation of lipid-related metabolism and immune response, which 
may be associated with the pro- and anti-inflammatory functions of the n-6 and n-3 PUFA, respectively. EISA allowed us to uncover regulatory 
networks complementing canonical differential expression analyses, thus providing a more comprehensive view of muscle metabolic changes 
in response to PUFA concentration.

Lay Summary 
The relationship between dietary lipids, such as omega-6 and omega-3 polyunsaturated fatty acids (PUFA), and gene expression regulation was 
explored in piglet muscle. While these PUFA can influence nutrient metabolism and inflammatory response, small regulatory molecules called 
microRNAs (miRNA) can also influence the activity of genes. In this experiment, we used a computational approach dubbed exon–intron split 
analysis (EISA) to fully understand the role of miRNA in this context and how the genes and miRNA respond to changes in PUFA levels. Our 
findings demonstrated that some genes involved in lipid metabolism and immune response were affected by different PUFA concentrations and 
that EISA provides a more comprehensive view of how genes are regulated throughout their life cycle.
Keywords: Exon–intron split analysis, microRNA, messenger RNA, piglets, PUFA
Abbreviations: AA, arachidonic acid; ALA, alpha-linolenic acid; bp, base pair; DE, differential expression; DGLA, dihomo-gamma-linoleic acid;EISA, exon–intron 
split analysis; EPA, eicosapentaenoic acid; ETA, eicosatrienoic acid; FC, fold-change; GLA, gamma-linoleic acid; GO, Gene Ontology; LA, linoleic acid; LD, 
longissimus dorsi; LIN, diet with n-6/n-3 PUFA ratio of 4:1; LIN-F, female piglets from sows fed with diet with n-6/n-3 PUFA ratio of 4:1; LIN-M, male piglets from 
sows fed with diet with n-6/n-3 PUFA ratio of 4:1; miRNA, microRNAs; mRNA, messenger RNA; n-6, omega-6; n-3, omega-3; n-6/n-3, omega-6/omega-3 PUFA 
ratio; nts, nucleotides; pre-mRNA, unprocessed messenger RNA; PTc, posttranscriptional change; PUFA, polyunsaturated fatty acid; r, Pearson’s pairwise 
correlation coefficient; rex, Pearson’s pairwise correlation coefficient of exonic counts; rint, Pearson’s pairwise correlation coefficient of intronic counts; RIN, 
RNA integrity number; RNA, ribonucleic acid; RNA-Seq, RNA sequencing; SOY, diet with n-6/n-3 PUFA ratio of13:1; SOY-F, female piglets from sows fed with diet 
with n-6/n-3 PUFA ratio of 13:1; SOY-M, male piglets from sows fed with diet with n-6/n-3 PUFA ratio of 13:1; UTR, untranslated region; ∆Ex, change in exonic 
counts; ∆Int, change in intronic counts; ∆r, difference from exonic and intronic correlation values; 7mer-1A, exact match to positions 2-7 of the mature miRNA 
followed by an “A”; 7mer-m8, exact match to positions 2-8 of the mature miRNA; 8mer, exact match to positions 2-8 of the mature miRNA followed by an “A”
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Introduction
The landscape of posttranscriptional regulation of gene 
expression has been expanded significantly since the discov-
ery of microRNAs (miRNA), a class of regulatory small non-
coding ribonucleic acid (RNA) molecules of ~22 nucleotides 
in length (Bartel, 2018). miRNA have the ability to fine-tune 
the expression of genes linked to a specific metabolic path-
way by base-pairing to the 3ʹ untranslated region (3ʹ UTR) 
of target messenger RNAs (mRNA), eliciting their degrada-
tion and/or inhibiting their translation. This could potentially 
alter the translation of tens or hundreds of different mRNA 
transcripts into functional proteins (Filipowicz et al., 2008; 
Naeli, Winter et al., 2022). High-throughput transcriptome 
sequencing (RNA-Seq) has emerged as one of the primary 
methods in providing significant amount of data regarding 
gene expression profiles among multiple species, including 
pigs, and across diverse biological conditions (Ramayo-Cal-
das et al., 2012; Horodyska et al., 2018; Xing et al., 2021). 
One of the most popular applications of RNA-Seq data is 
differential expression (DE) analysis. This method enables the 
identification of genes that have different average expression 
levels between two or more conditions, which may aid to fur-
ther explain some key phenotypic variations observed (Fra-
zee et al., 2014; Costa-Silva et al., 2017; McDermaid et al., 
2019). Although extremely helpful, utilizing DE analysis to 
infer gene regulation has a significant drawback: it does not 
account for transcriptional or posttranscriptional regulation 
that might alter gene expression estimates (Mármol‐Sánchez 
et al., 2022).

To circumvent this limitation, Gaidatzis et al. (2015) devel-
oped the exon–intron split analysis (EISA) to disentangle the 
transcriptional and posttranscriptional components of gene 
regulation by measuring the changes between the exonic and 
intronic reads from expressed mRNA transcripts. The EISA 
approach considers the presence of reads mapping to intronic 
regions as being mainly derived from unprocessed mRNAs 
(pre-mRNA) before splicing, hence indicative of transient 
transcriptional activation/repression in the nucleus. For 
modeling the posttranscriptional component of gene expres-
sion, EISA takes the difference between exonic and intronic 
changes, thus integrating the intronic fraction as an event 
happening before any posttranscriptional modification that 
occurs in the cytoplasm (Gaidatzis et al., 2015). Using the 
posttranscriptional signals determined by EISA and expres-
sion changes at the miRNA level, we can integrate both layers 
of information to link differentially expressed miRNA and 
their targeted mRNA at the posttranscriptional level.

Polyunsaturated fatty acids (PUFA), particularly the 
omega-6 (n-6) and omega-3 (n-3) series, have the ability to 
influence and control gene expression and transcription factor 
activity, thus potentially affecting nutrient metabolism, regu-
latory networks, signal-transduction pathways, mRNA tran-
scription, splicing, and protein synthesis (Ntambi and Bené, 
2001; Georgiadi and Kersten, 2012; Manaig et al., 2023). 
Metabolites derived from n-6 and n-3 PUFA are common 
precursors of eicosanoids that can regulate inflammation. 
As such, these two are also antagonistic in their inflamma-
tory nature, with n-6 PUFA acting as pro-inflammatory and 
n-3 PUFA as anti-inflammatory modulators, respectively 
(Zivkovic et al., 2011; Sakayori et al., 2020). In livestock, 
maintaining a low ratio between n-6 and n-3 PUFA on feed-
ing diets has shown beneficial effects on reproductive and 

productive performance for both sows and piglets (Nguyen et 
al., 2020; Manaig et al., 2022).

To better understand the combined effects of posttranscrip-
tional regulation and PUFA on mRNA expression, as well as 
the miRNA regulatory contribution on porcine longissimus 
dorsi (LD) muscle, we determined posttranscriptional signals 
using EISA on male and female piglets from sows fed high 
and low n-6/n-3 PUFA ratio diets. Moreover, we correlated 
both mRNA and miRNA expression values to the PUFA pro-
file of skeletal muscle tissue.

Materials and Methods
Ethical statement
All experimental protocols were approved by the ethical com-
mittee of the University of Milan (OPBA 22/2020), in pursu-
ant to Article 1 paragraphs 1 and 2 of Rectoral Decree no. 
0296049 of 20/07/2015 and Regolamento Dell’Organismo 
Preposto Al Benessere Degli Animali.

Experimental design and animal material
Twenty-three suckling piglets were obtained from a pool of 
piglets nourished only with both sow’s colostrum and milk. A 
detailed description of the experimental design adopted was 
as previously reported by Manaig et al. (2022). Briefly, the 
gestating and lactating sows were divided between two treat-
ments and fed ad libitum with diets containing n-6/n-3 PUFA 
ratios of 4:1 (LIN) or 13:1 (SOY). Such ratios were attained 
through the addition of soybean oil (n-6) or linseed oil (n-3) 
to the basal diet and maintained throughout the whole exper-
imental period. At the end of lactation—average 25.75 d of 
lactation—and before weaning, LD skeletal muscle samples 
were collected from selected piglets immediately after slaugh-
ter, snapped-frozen, and stored at −80 °C until use. Fatty acids 
profiling of LD muscles was done using gas chromatography 
with a flame ionization detector. A list of the measured fatty 
acids in the current study is available in Supplementary Table 
S1a. The selection of the 23 piglets included in this study was 
based on the analyzed values of n-6/n-3 PUFA ratio for each 
treatment diet, i.e., 12 (LIN; 6 males, 6 females) and 11 (SOY; 
6 males, 5 females) piglets were kept for further analyses. One 
female piglet from SOY diet was discarded due to unexpected 
values in PUFA profiling. Recorded phenotypic values from 
the selected piglets are summarized in Supplementary Table 
S1b.

RNA extraction, library preparation, and 
sequencing
Approximately 90 mg of LD tissue per sample was disrupted 
and homogenized in 700 μL of QIAzol Lysis Reagent (QIA-
GEN, Germantown, ML, USA) using 2 mL Lysing matrix D 
tubes (MP Biomedicals, Santa Ana, CA) and a Precellys 24 
instrument (Bertin Technologies, Rockville, MD). The miR-
Neasy Kit (QIAGEN, Germantown) was used to extract the 
total RNA fraction while keeping small RNA molecules as 
per manufacturer’s specifications. RNA was then eluted with 
30 μL of ultrapure water. RNA concentration and purity 
were determined with a Nanodrop ND-1000 spectropho-
tometer (Thermo Fisher Scientific, Barcelona, Spain). RNA 
integrity was assessed with a Bioanalyzer-2100 equipment 
(Agilent Technologies Inc., Santa Clara, CA, USA), using the 
Agilent RNA 6000 Nano Kit (Agilent Technologies Inc.) and 
allowing an RNA integrity number (RIN) ≥ 7. Sequencing 
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libraries were prepared with the TruSeq SBS Kit v3-HS (Illu-
mina Inc., CA, USA). A minimum of 30 million hits of 75 
bp-length paired-end reads and a minimum of 10 million hits 
of 50 bp-length single-end reads were acquired per sample 
for mRNA and small RNAs, respectively, using an Illumina 
HiSeq 3000/4000 equipment (CNAG-CRG, Barcelona, Cen-
tro Nacional de Análisis Genómico; https://www.cnag.cat/).

RNA-Seq and small RNA-Seq data processing
The FastQC (Andrews, 2010) tool was used to perform 
quality control on raw fastq files from RNA-Seq and small 
RNA-Seq sequences. Illumina adapters were trimmed using 
the Cutadapt v3.2 (Martin, 2011) software. Only reads with 
18 to 25 nucleotides (nts) in length after adapter trimming 
(compatible with the expected length of mature miRNA 
transcripts) were kept from small RNA-Seq data. Sequences 
from RNA-Seq data were mapped with HISAT2 (Kim et al., 
2019) aligner using default parameters, while small RNA-
Seq data alignment was performed with the Bowtie v1.2.1.1 
(Langmead et al., 2009) tool, allowing no mismatches in the 
local mapping and a maximum of 20 multimapping spots per 
read, while reporting the best hit among the stacked multiple 
mappings (bowtie-n 0-m 20-k 1-best) (Mármol-Sánchez et al., 
2020). Both RNA-Seq and small RNA-Seq alignments were 
done against the reference pig genome Sscrofa11.1 (Warr 
et al., 2020). Dedicated annotations of exonic and intronic 
regions across the pig genome, excluding exonic–intronic site 
overlaps (10 bp at both ends of introns), were generated from 
all the annotated genes in the Sscrofa11.1 porcine reference 
assembly (Ensembl v.106) by using the makeEISAgtfs func-
tion from the EISAcompR pipeline (https://github.com/emar-
molsanchez/EISAcompR) (Mármol‐Sánchez et al., 2022). 
Mature miRNA and mRNA expression levels, including the 
independent expression levels for exons and introns, were 
quantified using the featureCounts v2.0.3 software (Liao et 
al., 2014).

Differential expression analyses
Differential expression analyses were carried out by using the 
exonic counts of mRNA and the mature miRNA expression 
levels. We only considered genes with an average expression 
value above 1 count per million in at least 50% of samples 
within each treatment group and sex classification—LIN 
male (LIN-M), LIN female (LIN-F), SOY male (SOY-M), 
and SOY female (SOY-F). Gene expression differences were 
tested separately for each sex, i.e., we compared male pig-
lets fed with LIN diet (LIN-M) against male piglets fed with 
SOY diet (SOY-M), as well as female piglets fed with LIN diet 
(LIN-F) against female piglets fed with SOY diet (SOY-M). 
Raw counts were normalized for library size homogeniza-
tion with the trimmed mean of M-values method (Robinson 
and Oshlack, 2010) and the statistical significance of average 
expression differences between groups was assessed with a 
quasi-likelihood F-test using edgeR software (Robinson et 
al., 2010), and including a batch covariate in the regression 
model (Supplementary Table S1b). Multiple testing correction 
was performed with the false discovery rate approach (Benja-
mini and Hochberg, 1995). mRNA and mature miRNA from 
DE analyses were considered significant at an absolute fold-
change (FC) > 1.5 and q-value < 0.05. Suckling piglets from 
LIN diet (LIN-M and LIN-F) were defined as reference con-
trols, meaning that any given gene upregulation (i.e., mRNA 
or miRNA) would imply an overexpression in SOY-fed piglets 

(SOY-M and SOY-F) with respect to LIN-fed piglets, leading 
to a positive fold change, and vice versa.

Exon–intron split analysis
Posttranscriptional changes in messenger RNAs between 
diets were inferred using the EISAcompR pipeline (https://
github.com/emarmolsanchez/EISAcompR) (Mármol‐Sánchez 
et al., 2022).

We only evaluated genes with both exonic and intronic 
read counts successfully quantified. The increase of intronic 
and exonic counts in LIN-M vs. SOY-M or LIN-F vs. SOY-F 
and, conversely, in SOY-M vs. LIN-M, represented the 
detected variations for every ith gene. The increase in both 
the exonic and intronic fractions was calculated as follows: 
∆Int = Int2i − Int1i for intronic counts; and ∆Ex = Ex2i − Ex1i 
for exonic counts, where Int2 and Ex2 represent each average 
ith gene expression in the SOY diet for LIN vs. SOY, or the 
average ith gene expression in the LIN diet for SOY vs. LIN, 
respectively. We then estimated the levels of posttranscrip-
tional change (PTc) in mRNA expression. In this way, the 
difference between ΔEx and ∆Int represents the PTc com-
ponent (PTc = ΔEx − ΔInt) (Pillman et al., 2019). The top 
5% of expressed genes with the most negative PTc scores 
were selected as genes displaying strong posttranscriptional 
regulatory signals. We also narrowed down our filtering cri-
teria to those genes that had strongly reduced ΔEx showing 
at least 1.5-fold downregulation (i.e., ΔEx < −0.58 in the log2 
scale).

miRNA target prediction
Canonical target site prediction of the binding of miRNA 
seeds (second to eighth 5ʹ nucleotide position in the mature 
miRNA) to the 3ʹ UTR of target mRNA genes was performed 
by making use of the seedVicious v1.1 tool (Marco, 2018). 
The annotated 3ʹ UTRs from porcine mRNA were retrieved 
from the Biomart database (https://www.ensembl.org/info/
data/biomart/index.html, Sscrofa11.1 v106), while mature 
porcine miRNA sequences were obtained from miRBase 
v22.1 (Kozomara et al., 2019). Only those mRNAs among 
the top 5% of expressed genes with the most negative PTc 
scores and at least 1.5-fold exonic (ΔEx) downregulation, as 
well as significantly upregulated miRNA, were selected as 
input. miRNA-mRNA interactions of type 8mer, 7mer-m8, 
and 7mer-A1 were considered (Bartel, 2018).

Gene ontology and pathway enrichment analysis
Differentially expressed mRNA from exonic counts and those 
expressed genes with the top 5% most negative PTc scores 
and ΔEx repression of at least 1.5-fold among LIN-M vs. 
SOY-M, SOY-M vs. LIN-M, and LIN-F vs. SOY-F contrasts 
were subjected to Gene ontology (GO) and pathway enrich-
ment analyses. This was performed using Cytoscape v3.7.1 
software with the ClueGO v2.5.4 plug-in application to deter-
mine enriched Biological Process terms (Shannon et al., 2003; 
Bindea et al., 2009). Identification of enriched terms was done 
using a two-sided hypergeometric test of significance with a 
false discovery rate approach for multiple testing correction 
(Benjamini and Hochberg, 1995).

Correlation between mRNA, miRNA, and fatty acids 
profile of LD muscle
We estimated the Pearson’s pairwise correlation coefficients 
(r) between genes within the top 5% with the most negative 
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PTc scores and at least 1.5-fold reduction in ΔEx values that 
were putatively targeted by significantly upregulated miRNA 
and the set of significantly upregulated miRNA. Exonic and 
intronic normalized log2 counts for mRNAs, separately, and 
mature miRNA normalized log2 counts were used. Addition-
ally, we correlated the percent concentration of analyzed 
PUFA values of porcine LD muscle, as previously reported by 
Manaig et al. (2022) with exonic normalized log2 counts for 
mRNAs, and with mature miRNA normalized log2 counts, 
respectively. Pearson’s pairwise correlation coefficients (r) 
and their significance were computed with the corr.test R 
function. Multiple testing correction was performed with 
the false discovery rate approach (Benjamini and Hochberg, 
1995).

Results
Evaluation of posttranscriptional signals in LD 
muscle from male piglets
Differential expression and EISA
RNA-Seq data for male piglets resulted in around 105 million 
reads per sample. From these, ~100 million reads (95%) per 
sample were successfully mapped to the Sscrofa11.1 reference 
assembly. Around 9 million reads per sample were kept from 
small RNA-Seq data after length filtering (18 to 25 nts), from 
which ~5.8 million reads (65%) were successfully mapped to 
the Sscrofa11.1 reference assembly, and ~75% of them were 
assigned to the 415 annotated porcine miRNA loci consid-
ered. The porcine reference assembly was then divided into 
its exonic and intronic regions to allow a split quantification 
of mapped reads from RNA-Seq data. Approximately 82% 
of the mapped reads from RNA-Seq were assigned to exonic 
regions, while only 4% of the mapped reads overlapped to 
intronic regions.

Using the edgeR software, we detected a total 11,055 por-
cine mRNA as sufficiently expressed, 222 of which were dif-
ferentially expressed with an absolute FC value greater than 
1.5 and a q-value less than 0.05 (Supplementary Table S2a). 
From these, 174 genes were upregulated and 48 were down-
regulated in SOY-M pigs with respect to LIN-M pigs, as illus-
trated in Figure 1. A full list of differentially expressed genes 
is available in Supplementary Table S2b. DE analyses on small 
RNA-Seq data highlighted a total of 62 significantly differen-
tially expressed miRNA—29 downregulated and 33 upregu-
lated miRNA in SOY-M piglets with respect to LIN-M piglets 
(Supplementary Table S3).

For the LIN-M vs. SOY-M contrast, EISA revealed 11 genes 
within the top 5% negative PTc scores with at least 1.5-
fold ΔEx reduction as shown in Table 1. Three out of these 
11 genes (27.27%) were also reported to be significantly 
downregulated (FC > −1.5; q-value < 0.05) in SOY-M piglets 
according to canonical differential expression analyses (Sup-
plementary Table S2a).

On the other hand, reversing our contrast to SOY-M vs. 
LIN-M (SOY-M piglets are now considered as the reference 
group) allowed us to identify 97 mRNA within the top 5% 
negative PTc scores and at least 1.5-fold ΔEx reduction in 
LIN-M piglets (summarized in Supplementary Table 4). We 
also observed that out of these 97 genes, 22 (22.68%) of them 
were significantly downregulated (FC > −1.5; q-value < 0.05) 
in LIN-M piglets after canonical DE analyses (Supplementary 
Tables S2a and S4).

Target prediction between mRNA with relevant PTc signals 
and upregulated miRNA
We further selected the significantly upregulated miRNA and 
those mRNA genes with the top 5% most negative PTc and 
at least 1.5-fold exonic fraction reduction for the LIN-M vs. 
SOY-M contrast for miRNA-mRNA target prediction (Sup-
plementary Table S5a). Out of the 11 mRNA highlighted by 
EISA (Table 1), 8 of them (72.73%, Table 1) were targeted at 
least once by 24 out of the 33 (72.73%) upregulated miRNA 
in SOY-M piglets with respect to LIN-M piglets (Supplemen-
tary Table S5b), providing a total of 34 8mer, 59 7mer-m8, and 
43 7mer-A1 predicted miRNA binding sites (Supplementary 
Table S5c). The miRNA with the highest number of putative 
miRNA-mRNA interactions among the 3ʹ UTR of the tar-
geted mRNA transcripts was ssc-miR-29b, with six predicted 
interactions (Supplementary Table S5b). This was followed 
by ssc-miR-214-5p with five and ssc-miR-142-5, ssc-miR-
221-5p, ssc-miR-29a-3p, ssc-miR-204, and ssc-miR-195 with 
four interactions, respectively (Supplementary Table S5b). 
Among this set of eight targeted mRNA, ST8 alpha-N-acetyl-
neuraminide alpha-2,8-sialyltransferase 2 (ST8SIA2) showed 
the highest number of putative miRNA binding sites (13 out 
of 33; 39.39%), whereas both albumin (ALB) and serine pro-
tease 12 (PRSS12) showed 12 putative miRNA binding sites 
(36.36%) and homeobox D8 (HOXD8) reported a total of 9 
(27.27%) (Supplementary Table S5c).

With regard to the reversed SOY-M vs. LIN-M contrast 
(where we took SOY-M piglets as the reference group), 60 
out of the 97 (61.86%) mRNA transcripts with the top 5% 
most negative PTc scores and displaying at least 1.5-fold 
ΔEx reduction in LIN-M piglets were targeted by at least one 
of the reported significantly upregulated miRNA in LIN-M 
piglets with respect to SOY-M piglets (Supplementary Table 

Figure 1. Volcano plot showing differentially expressed genes 
(|FC| > 1.5 and q-value < 0.05) in response to extreme n-6/n-3 PUFA 
ratio in longissimus dorsi skeletal muscle. Genes with P-value > 0.05 
are depicted in black. Upregulated genes (blue) correspond to 
genes overexpressed in SOY-M with respect to LIN-M piglets while 
downregulated genes (red) are those repressed in SOY-M compared to 
LIN-M piglets.
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S6a). This set of 60 mRNA was targeted at least once by all 
29 miRNA upregulated in LIN-M piglets (and, conversely, 
downregulated in SOY-M piglets, Supplementary Tables S4 
and S6b). A total of 95 8mer, 303 7mer-m8, and 280 7mer-
A1 predicted putative miRNA binding sites were detected 
between the 3ʹ UTR of the 60 targeted mRNA transcripts 
and the 29 upregulated miRNA (Supplementary Table S6c). 
Ssc-miR-532-3p was the miRNA putatively targeting the 
highest number of mRNA transcripts (18 out of the 60, 
30%), whereas ssc-miR-885-3p targeted 16 out of 60 mRNA 
(26.67%, Supplementary Table S6b). The tripartite motif 
containing 14 (TRIM14) was the transcript concentrating the 
highest number of putative binding sites for different upreg-
ulated miRNA, totaling 18 out of 29 miRNAs predicted as 
binding to its 3ʹ UTR, followed by transmembrane protein 71 
(TMEM71) and the von Willebrand factor A domain contain-
ing 5A (VWA5A) both with a total of 15 miRNA putatively 
targeting them, and interleukin-2 receptor subunit alpha 
(IL2RA) with 14 miRNA, respectively (Supplementary Table 
S6c).

Exonic and intronic correlations of mRNA and miRNA 
genes
To further investigate the observed predicted miRNA posttran-
scriptional regulation, we calculated Pearson’s pairwise cor-
relation coefficients (r) between the normalized log2 expression 
values of upregulated miRNA and the exonic and intronic frac-
tions of their putative targeted mRNA transcripts with high 
posttranscriptional signals. We then took the difference from 
exonic and intronic correlation values (Δr = rex − rint) to assess 
the strength of correlation change in the exonic fraction with 
respect to the intronic fraction. Only those miRNA-mRNA 
pairs with putative predicted interactions were considered.

(1) LIN-M vs. SOY-M contrast: Based on the correlation 
values, the energy homeostasis associated (ENHO) gene dis-
played a complete switch in correlation values (Δr = −0.92) 

from positive intronic correlation (rint = 0.03) to highly neg-
ative exonic correlation (rex = −0.89) compared to ssc-miR-
214-5p expression (Supplementary Table S7a). This mRNA 
also demonstrated a strong negative exonic correlation with 
two more miRNA (ssc-miR-29a-3p and ssc-miR-29b). In 
addition, the ephrin type-B receptor 2 (EPHB2), ST8SIA2, 
and HOXD8 showed a total reversal of correlation values 
to a few upregulated miRNA such as ssc-miR-23a, ssc-miR-
221-5p, ssc-miR-218b. A complete list of exonic, intronic, 
and change in correlation values of targeted genes and upreg-
ulated miRNA for LIN-M vs. SOY-M is shown in Supplemen-
tary Table S7a.

(2) SOY-M vs. LIN-M contrast: The top 2 pairs that showed 
the most negative change in correlation values were the calci-
neurin like EF-hand protein 2 (CHP2) and ssc-miR-532-5p, 
as well as CTTNBP2 n-terminal like gene (CTTNBP2NL) 
and ssc-miR-323, with Δr at -0.99 and -0.97, respectively. 
Further details are included in Supplementary Table S7b.

Functional analysis and pathway enrichment of differentially 
expressed genes
A total of 521 significant unique GO terms (q-value < 0.05) 
were detected from the differentially expressed genes related 
to LIN-M and SOY-M male piglets. Most of the significant 
GO terms were associated with immune response regula-
tion and activation, along with carboxylic acid and poly-
saccharide metabolic and biosynthetic pathways. Some 
of these, to mention a few, are as follows: innate immune 
response (GO:0045087), regulation of cytokine-mediated 
signaling pathway (GO:0001959), regulation of alpha-
beta T cell activation (GO:0046634), B cell differentiation 
(GO:0030183), positive regulation of interleukin-4 pro-
duction (GO:0032753), unsaturated fatty acid biosynthetic 
process (GO:0006636), and glycogen metabolic process 
(GO:0005977). A full list of enriched GO terms is shown in 
Supplementary Table S8.

Association between fatty acids profile of LD muscle, PTc 
genes and upregulated miRNA
We performed correlation analyses among genes with the 
top 5% negative PTc scores and at least 1.5-fold reduction 
in ΔEx values, significantly upregulated miRNA and the 
PUFA profiles of LD skeletal muscle (Supplementary Table 
S1a) for both LIN-M vs. SOY-M and SOY-M vs. LIN-M 
contrasts. Heatmap correlation plots were created to visual-
ize paired correlations for 1) PUFA vs. mRNA genes (Figure 
2a), 2) PUFA vs. miRNA (Figure 2b), and 3) mRNA genes vs. 
miRNA (Figure 2c). Likewise, heatmap plots for LIN-M pig-
lets are shown in Supplementary Figure S1a, 1b, and 1c. Our 
results highlighted for both SOY-M and LIN-M an overall 
negative correlation between the expression of posttranscrip-
tionally downregulated mRNA and significantly upregulated 
miRNA, with the exception of collagen type XXII alpha 1 
chain (COL22A1) and ALB mRNA in SOY-M piglets (Figure 
2c), and lipase G (LIPG) and adiponectin (ADIPOQ) mRNA 
in LIN-M piglets (Supplementary Figure S1c).

In SOY-M piglets, a clear positive correlation and clus-
tering pattern was observed between individual n-3 PUFA 
such as alpha-linolenic acid (C18:3 n-3, ALA) eicosatrienoic 
acid (C20:3 n-3, ETA), and eicosapentaenoic acid (C20:5 
n-3, EPA), including the overall n-3 phenotype, and mRNA 
genes with negative PTc score, with the exception of ALB 
and COL22A1 mRNA, as shown in Figure 2a. Moreover, we 

Table 1. Genes downregulated in SOY-M piglets with respect to 
LIN-M piglets and with the top 5% most negative posttranscriptional 
(PTc) scores and at least 1.5-fold exonic fraction (ΔEx) reduction from 
longissimus dorsi skeletal muscle samples

Gene ID Gene ΔEx1 PTc2 DE3 miRNA 
target

ENSSSCG00000050235 −1.484 −5.827

ENSSSCG00000027428 ENHO −0.738 −4.625 × ×

ENSSSCG00000039271 ST8SIA2 −1.306 −4.558 × ×

ENSSSCG00000009114 PRSS12 −0.797 −3.208 ×

ENSSSCG00000005938 COL22A1 −0.636 −3.053 ×

ENSSSCG00000022868 KCTD4 −0.934 −2.898 × ×

ENSSSCG00000041170 −0.97 −2.413

ENSSSCG00000003527 EPHB2 −0.679 −2.256 ×

ENSSSCG00000008948 ALB −0.738 −2.089 ×

ENSSSCG00000036379 −1.477 −1.790

ENSSSCG00000040349 HOXD8 −0.816 −1.676 ×

1ΔEx, exonic fraction increment (Ex2 − Ex1) in the log2 scale when 
comparing exon abundances in LIN-M (Ex1) vs. SOY-M (Ex2) piglets.
2PTc, posttranscriptional signal (ΔEx − ΔInt) after z-score normalization.
3DE, significantly differentially expressed (|FC| > 1.5; q-value < 0.05).
The “×” symbol indicates significantly downregulated genes according 
to their exonic counts after DE analyses, as well as those mRNA genes 
targeted by at least one of the significantly upregulated miRNA.
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observed a predominantly negative correlation between most 
posttranscriptionally downregulated genes and n-6 PUFA, 
mainly driven by two of them—linoleic acid (C18:2 n-6 cis, 
LA) and gamma-linoleic acid (C18:3 n-6, GLA), as well as 
with the ratio between n-6/n-3 PUFA (Figure 2a). Similar 
negative anticorrelated patterns were also detected among 
PUFA and significantly upregulated miRNA (Figure 2b). In 
this case, while the same n-3 PUFA (ALA, ETA, and EPA) 
were mainly involved in the observed inverse relationship, 
gamma-linolenic acid (C18:3 n-6, GLA), dihomo-gamma-lin-
oleic acid (C20:3 n-6, DGLA) and arachidonic acid (C20:4 
n-6, AA) but not linoleic acid (C18:2 n-6 cis, LA) was the 
PUFA driving the anticorrelation for the n-6 series (Figure 
2b). Besides, contrary to what was observed for n-6/n-3 ratio 
and mRNA genes with high posttranscriptional downregu-
lation signals, an overall positive correlation was observed 
between n-6/n-3 PUFA ratio and significantly upregulated 
miRNAs (Figure 2b).

The significantly upregulated miRNA in LIN-M piglets 
showed a clear negative correlation with posttranscription-
ally downregulated mRNA, except for LIPG and ADIPOQ 
transcripts (Supplementary Figure S1a). Moreover, n-3 ALA, 
ETA and GLA fatty acids drove the observed negative cor-
relation with mRNA genes, except for LIPG. DGLA and AA, 
but not LA and GLA, fatty acids in the n-6 series showed 
a clear anticorrelation with posttranscriptionally downregu-
lated mRNA and significantly upregulated miRNA in LIN-M 
piglets (Supplementary Figure S1b and S1c).

Identifying posttranscriptional regulation in LD 
muscle from female piglets
RNA-Seq data for female piglets obtained around 100 million 
reads per sample. From these, ~97 million reads per sample 
were successfully mapped to the Sscrofa11.1 reference assem-
bly. Besides, around 9.5 million reads per sample were kept 
from small RNA-Seq data after length filtering (18 to 25 
nts), from which ~5.9 million reads (62%) were successfully 
mapped to the Sscrofa11.1 reference assembly. Approximately 
79% of the mapped reads from RNA-Seq were assigned to 
exonic regions, while only around 3.7% of mapped reads 
overlapped intronic regions. With regard to small RNA-Seq 
data, ~75% of the mapped reads between 18 and 25 nts were 
successfully assigned to porcine miRNA.

Using edgeR, we obtained a total of 11,025 expressed 
genes based on their exonic fraction, and 33 of them were 
highlighted as significantly differentially expressed with an 
absolute FC value greater than 1.5 and a q-value less than 
0.05. The identified differentially expressed genes were com-
prised of only upregulated genes in SOY-F piglets with respect 
to LIN-F piglets (Figure 3) and summarized in Supplementary 
Table S9a. A full list of exonic-based differential expression 
analysis in SOY-F piglets is shown in Supplementary Table 
S9b. Only one miRNA (ssc-miR-142-5p) was deemed to be 
significantly upregulated (FC > 1.5 and q-value < 0.05) in 
SOY-F piglets (Supplementary Table S10).

EISA highlighted 30 genes within the top 5% most neg-
ative PTc scores and at least 1.5-fold ΔEx reduction in 

Figure 2. Heatmaps showing correlation among mRNA genes with the top 5% negative PTc scores and at least 1.5-fold reduction in ΔEx values, 
upregulated miRNA and PUFA profiles of longissimus dorsi skeletal muscle in LIN-M vs. SOY-M piglets; (a) PUFA vs. mRNA genes; (b) PUFA vs. miRNA; 
and (c) mRNA genes vs. miRNA.
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SOY-F piglets, as shown in Supplementary Table S11. None 
of these were either upregulated or downregulated after 
canonical DE analyses. Furthermore, 6 out of the 30 (20%) 
mRNA transcripts were predicted as being targeted by the 
only upregulated miRNA found, ssc-miR-142-5p, totaling 
7 7mer-m8 and 4 7mer-a1 putative binding sites in their 3ʹ 
UTR (Supplementary Table S12a and S12b). ST8 alpha-N-
acetyl-neuraminide alpha-2,8-sialyltransferase 2 (ST8SIA2) 
was the mRNA with the highest number of 7mer-m8 and 
7mer-A1 predicted binding sites for the upregulated miRNA 
ssc-miR-142-5p.

The posttranscriptional regulation between the targeted 
mRNA transcripts and the upregulated miRNA was further 
illustrated using the change in correlation values from intronic 
to exonic regions (i.e., Δr = rex − rint). Most of the Δr values 
were negative, suggestive of an overall downregulatory effect 
of ssc-miR-142-5p over the predicted targeted mRNAs (Sup-
plementary Table S13). Moreover, functional analysis and 
pathway enrichment analyses identified 15 significant unique 
GO terms (q-value < 0.05) from the exonic-based differen-
tially expressed genes among female piglets (Supplementary 
Table S14). These biological pathways were mostly associated 
with regulation and activation of immune response such as 
T-cell mediated immunity (GO:0002456), positive regulation 
of interleukin-2 production (GO:0032743), and positive reg-
ulation of alpha-beta T cell activation (GO:0046635).

Correlation heatmaps for the LIN-F vs. SOY-F contrast 
were summarized in Supplementary Figure S2a, S2b, and S2c. 
Two of the analyzed n-3 PUFA (i.e., ALA and ETA) demon-
strated an overall positive correlation to all of the EISA-de-
tected downregulated mRNA genes, except for PDZD9 
(Supplementary Figure S2a), while a clear negative correlation 
with most of the remaining PUFA was observed. Moreover, 
all analyzed PUFA except for ETA and n-6/n-3 PUFA ratio 
displayed a positive correlation with the upregulated ssc-miR-

142-5p (Supplementary Figure S4b). In general, all the genes 
with most negative PTc values according to EISA showed a 
negative correlation with the overexpressed miRNA in SOY-F 
piglets (Supplementary Figure S2c).

Discussion
Different set of genes between DE and exon–intron 
split analyses
Canonical differential expression analyses of exonic-based 
reads generally highlighted different sets of genes compared 
to those with strong posttranscriptional signals detected by 
EISA. Nevertheless, around 3 out of 11 (27.27%) of genes 
in LIN-M vs. SOY-M and 22 out of 97 (22.68%) of genes 
in SOY-M vs. LIN-M were shared between the two meth-
odologies. Furthermore, the intronic and exonic correlation 
analysis between mRNA and miRNA reads in SOY-M vs. 
LIN-M (Supplementary Table S7b) established a more robust 
and clearer miRNA-driven posttranscriptional repression at 
the exon level compared to the more limited, yet strong reg-
ulatory signals elicited in LIN-M vs. SOY-M contrast (Sup-
plementary Table S7a). Such discrepancy could be attributed 
to the overall stronger and varied upregulation of miRNA 
observed in LIN-M piglets.

Although no downregulated genes were detected in LIN-F 
vs. SOY-F after canonical DE analyses, EISA highlighted 30 
genes among the top 5% negative PTc scores with an at least 
1.5-fold ΔEx reduction (Supplementary Table S11). However, 
the posttranscriptional signals from female piglets were not 
as strong and clear as those from the males. The correla-
tion values among miRNA-mRNA pairs remained negative 
both across intronic and exonic regions (Supplementary 
Table S13), indicative of mixed transcriptional and posttran-
scriptional downregulation signals at play that might have 
confounded our analyses. Moreover, we obtained only signifi-
cantly upregulated mRNA and one overexpressed miRNA in 
the SOY-F group after canonical DE analyses. Such difference 
in the observed posttranscriptional regulation and differential 
expression of genes between male and female piglets could 
be associated to sex-specific metabolic responses to n-6/n-3 
PUFA ratio. Multiple reports have demonstrated sex-depen-
dent gene regulation guided by miRNA, transcription fac-
tors and other small noncoding RNAs activity, which might 
underline sex-specific regulatory processes in both health and 
disease states (Gershoni and Pietrokovski, 2017; Rounge et 
al., 2018). In addition, there is evidence showing the relation-
ship between sex, sex hormones, and regulation of biological 
processes, including lipid-related and inflammatory-induced 
immunity and health disorders in humans (Klein and Flana-
gan, 2016; Phelps et al., 2019; Hägg and Jylhävä, 2021). Nev-
ertheless, given the prepuberal age of the piglets analyzed, the 
observed differences between male and female animals might 
be probably due to technical or biological biases inherent to 
the experimental design. Regarding the PUFA considered in 
our experiment, the two omega PUFA series (n-3 and n-6) have 
antagonistic inflammatory effect and may produce metabo-
lites that can regulate and balance one another (Schmitz and 
Ecker, 2008). Additional intrinsic factors such as genomics 
differences, as well as nutritional interventions have the pos-
sibility to change, rewire, and/or influence the overall expres-
sion profile of mRNA and miRNA (Butler, 2014). Regardless, 
EISA was able to provide an additional perspective on the 

Figure 3. Volcano plot showing differentially expressed genes (fold 
change > |1.5| and q-value < 0.05) in response to extreme n-6/n-3 PUFA 
ratio in longissimus dorsi skeletal muscle from LIN-F and SOY-F female 
piglets. Genes with P-value > 0.05 are depicted in black. Upregulated 
genes (blue) correspond to genes overexpressed in SOY-F group.
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miRNA-driven regulation of gene expression that is compli-
mentary to standard differential expression analyses.

Target prediction highlighted regulatory function of 
miRNA in response to PUFA
In SOY-M piglets, most of the genes displaying the top 5% 
most negative PTc scores with at least 1.5-fold exonic fraction 
reduction (8 out of 11, 77.73%) showed at least one binding 
site for the majority of significantly upregulated miRNA (24 
out of 33, 72.73%). The ssc-miR-29b was predicted to bind 
the 3ʹ UTR of six out of the eight targeted mRNA genes and 
could potentially regulate their expression (Supplementary 
Table S5b). The miR-29b, a member of the miR-29 family, 
targets several mRNA modulating a wide range of physio-
logical processes including cell proliferation and apoptosis 
(Chung et al., 2022) or angiogenesis (Hasegawa et al., 2017). 
Overexpression of miR-29b could be related to the excess of 
n-6-derived metabolites in piglets fed with SOY diet, which 
might stimulate angiogenesis by promoting oncogenic growth 
factors expression (Kang and Liu, 2013). Previous reports 
also revealed that miR-29b can regulate the expression of 
pro-inflammatory cytokines and its relationship with inflam-
mation and the immune response (Zhang et al., 2018).

Sixty out of 97 (61.86%) genes highlighted by EISA as 
posttranscriptionally downregulated in LIN-M piglets were 
predicted as targets of at least one among all the upregulated 
miRNA in LIN-M piglets, and 18 of these were linked to 
ssc-miR-532-3p (Supplementary Table S6b). Several studies 
have shown the anti-cancer properties of miR-532-3p, which 
can inhibit and suppress the malignancy, metastasis, and pro-
liferation of different cancer cell types (i.e., ovary, prostate, 
skin, lymph nodes) (Feng et al., 2019; Wa et al., 2020; Tuo 
et al., 2022). These anti-carcinogenic characteristics could 
be attributed and might be triggered by the antioxidant and 
anti-inflammatory functions of n-3 PUFA (Leghi and Muhl-
hausler, 2016). Our results also highlighted 6 genes that 
could be targeted by the upregulated miRNA ssc-miR-142-5p 
in SOY-F piglets. This miRNA has been related to human 
chronic inflammatory and autoimmune diseases and can be 
induced by immune response regulators such as interleukin-4 
and interleukin-13 (Su et al., 2015; Bayomy et al., 2022). 
Although ssc-miR-142-5p was found to be upregulated in 
SOY-F, its expression was generally low (Supplementary Table 
S10). While the detected posttranscriptional signals might be 
weak, this miRNA was still predicted to target a few mRNA 
transcripts that belonged to the strongest observed downreg-
ulation based on ΔEx values and PTc scores in SOY-F pig-
lets (Supplementary Table S11), while such effect was not 
captured by canonical differential expression analyses. This 
demonstrates the importance of performing analyses to gene 
expression data other than DE analyses, to provide a more 
comprehensive landscape of the regulatory effects at play.

It is worth noting that, for some of the predicted miR-
NA-mRNA interactions, there was a clear negative correla-
tion between the given miRNA and the targeted mRNA at 
the exonic level, as expected for any posttranscriptional reg-
ulatory effect happening in the cytoplasm after intron splic-
ing. In this way, when analyzing the correlation between the 
putative regulatory miRNA and the targeted mRNA at the 
intronic level, the observed anticorrelation was lost or even 
of opposite sign compared to that of the exonic fraction. This 
is the case, for instance, of ENHO, HOXD8, EPHB2, and 
ST8SIA2 in SOY-M piglets (Supplementary Table S7a), or 

CHP2 and CTTNBP2NL in LIN-M piglets (Supplementary 
Table S7b). The observed predominance of gene expression 
anticorrelation between these mRNA and some of their pre-
dicted targeting miRNA at the exonic but not at the intronic 
level might be indeed a good indicator of the reliability of 
the predicted interaction, as no intronic expression response 
should be expected, in principle, driven by miRNA acting at 
the posttranscriptional level.

Association between genes with the strongest 
posttranscriptional downregulation and biological 
processes related to lipid metabolism and 
immunomodulation
EISA highlighted multiple genes with relevant posttranscrip-
tional downregulation in LIN-M vs. SOY-M. The ST8SIA2 
gene displayed one of the most negative PTc scores. Addition-
ally, it was detected as significantly downregulated by canoni-
cal DE analyses, and harbored the highest number of putative 
binding sites in its 3ʹ UTR for thirteen out of the 33 upregu-
lated miRNA in SOY-M piglets. The ST8SIA2 gene encodes a 
type II membrane protein that catalyzes the transfer of sialic 
acid to N-linked oligosaccharides and glycoproteins (Yang et 
al., 2022). This function is relevant since studies have shown 
that a deficiency in sialic acid or N-glycans is associated with 
oxidative (Cho et al., 2017) and inflammatory stress (Wood-
ward et al., 2019), which could be expected in soy-based diets 
where the n-6/n-3 PUFA ratio is increased. Reports on mice 
have shown that deficiency of ST8SIA2, combined with the 
decreased expression of insulin growth-like factor 1 receptor, 
is correlated to lethality (Ikegami et al., 2019). ST8SIA2was 
also found to be targeted by the single one overexpressed 
miRNA in SOY-F piglets (ssc-miR-142-5p, Supplementary 
Table S10).

Other relevant genes that were both posttranscriptionally 
repressed and significantly downregulated after EISA and 
canonical DE analyses were the energy homeostasis associ-
ated (ENHO) and potassium channel tetramerization domain 
containing 4 (KCTD4) genes. ENHO encodes a peptide hor-
mone called adropin, which plays a role in regulating lipid 
and glucose homeostasis and prevents hyperinsulinemia, 
dyslipidemia, and impaired glucose tolerance (Kumar et al., 
2008; Es-haghi et al., 2021). Adropin deficiency has been 
linked with increased adiposity, insulin resistance, and meta-
bolic defects (Ganesh-Kumar et al., 2012; Chen et al., 2017). 
Besides, KCTD4 belongs to a gene family that is associated to 
cancer, neurological diseases, obesity, and metabolic disorders 
(Ng et al., 2010; Liu et al., 2013; Teng et al., 2019).

We also detected several other miRNA-targeted transcripts 
with negative PTc scores correlated to specific lipid-re-
lated biological processes, such as ephrin type-B receptor 2 
(EPBH2) which regulates key proteins involved in main-
taining lipid and glycogen homeostasis (Jiang et al., 2015; 
Morales et al., 2021), or HOXD8, involved in carcinogenesis, 
tumor suppression (Zhang et al., 2021) and adipogenesis reg-
ulation (Kumar et al., 2021). Nevertheless, the EISA approach 
also highlighted other lipid-related genes, such as COL22A1 
and ALB, as showing high posttranscriptional signals How-
ever, we did not observe the expected anticorrelation with 
upregulated miRNA putatively targeting them, as shown 
in Figure 2c. Even though these transcripts (COL22A1 and 
ALB) harbored predicted miRNA binding sites, their expres-
sion showed confounding patterns that might have elicited a 
false positive detection by EISA and/or we obtained a false 
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interaction by miRNA binding site prediction to their 3ʹ 
UTRs (Pinzón et al., 2017).

With regard to the opposite SOY-M vs. LIN-M contrast, 
the mRNA with the most negative PTc score and that gath-
ered putative binding sites to fifteen significantly upregulated 
miRNA was TMEM71 (Supplementary Table S6a). This gene 
encodes a transmembrane protein that is involved in immune 
and inflammatory response (Wang et al., 2019). CHP2, which 
is associated with cancer progression and cellular functions 
regulation (Li et al., 2008; Di Sole et al., 2012) and could 
be inhibited by PUFA (Tokheim and Martin, 2006), further 
displayed a clear posttranscriptional downregulation, demon-
strating a strong negative correlation with ssc-miR-532-5p at 
the exonic level (Supplementary Table S7b). Furthermore, our 
results highlighted multiple cluster of differentiation (CD) 
genes, including CD3, CD7, CD22, CD48, CD68, CD86, and 
CD163, which are commonly associated with cytokine gen-
eration, T-cell regulation, cancer immunotherapy, immuno-
logical response, and/or inflammation (McArdel et al., 2016; 
Zeibig et al., 2019). EISA provided a few more genes that 
were associated with immune system function such as inter-
leukin-2 receptor α (IL2RA) (Buhelt et al., 2021); interferon 
regulatory factor 4 (IRF4) (Sundararaj et al., 2022); kinesin 
family member 21B (KIF21B) (Hooikaas et al., 2020), G pro-
tein-coupled receptor 176 (GPR176) (Goto et al., 2017); and 
heme oxygenase 1 (HMOX1) (Gao et al., 2022).

EISA highlighted additional mRNA genes that were asso-
ciated with, but not limited to, lipid metabolism, lipoprotein 
metabolism, atherosclerosis, and obesity, such as porcine-spe-
cific cytochrome P450 family 3 subfamily A member 22 
(CYP3A22) (Konkel and Schunck, 2011), cadherin related 
family member 1 (CDHR1) and phosphatidylinositol-4,5-bis-
phosphate 3-kinase catalytic subunit delta (PIK3CD) (Ballas, 
2018; Virk et al., 2022). We also obtained a few genes with 
negative PTc scores that were not clearly downregulated by 
upregulated miRNA—LIPG and ADIPOQ genes. Likewise, 
EISA provided some mRNA genes that were posttranscrip-
tionally repressed and significantly downregulated after DE 
analysis, but were not targeted by any significantly upregu-
lated miRNA. Although miRNA are important posttranscrip-
tional regulators, other posttranscriptional effectors such as 
long noncoding RNAs, circular RNAs, or RNA binding pro-
teins may also be at play (Van Assche et al., 2015; Bose and 
Ain, 2018). Moreover, additional miRNAs with active bio-
logical functionality might not have been captured as signifi-
cantly upregulated and hence missed in our analyses.

PUFA abundance in skeletal muscle is associated 
with the expression of downregulated mRNA and 
upregulated miRNA
Correlation analyses allowed us to link the expression profile 
of genes showing high posttranscriptional signals, upregu-
lated miRNA, and the analyzed PUFA profiles of porcine skel-
etal muscle. In general, the highlighted mRNA and miRNA 
showed a negative relationship in both SOY-M and LIN-M 
piglets (Figure 2c and Supplementary Figure S1c), as the over-
expression of these miRNA could potentially suppress or 
downregulate the targeted mRNA transcripts (Bartel, 2018). 
We observed a clear cluster of positive correlation (SOY-M 
piglets) among mRNA showing strong posttranscriptional 
downregulation and n-3 PUFA such as ALA, ETA, and EPA. 
Conversely, n-6 PUFA showed the opposite pattern, mostly 
driven by LA and GLA fatty acids. The observed association 

between PUFA concentration and expression of mRNA and 
miRNA agrees well with previous reports on the influence 
of PUFA in altering gene regulatory networks (Zheng et al., 
2015; Xie et al., 2021).

Using the same male and female piglets as in the current 
study, our previous report (Manaig et al., 2022) showed how 
the relative proportions of n-3 PUFA (i.e., ALA, ETA, EPA, 
and DHA) were significantly higher in LD skeletal muscle 
in LIN compared to SOY diets in piglets, and no significant 
differences were observed among the n-6 PUFA. This might 
explain the weaker correlation driven by n-6 PUFA on mRNA 
and miRNA obtained in the present study. Moreover, as pre-
viously reported (Manaig et al., 2022), the dietary oils that 
were incorporated in sow’s gestation and lactation diets were 
soybean oil and linseed oil. Fatty acid composition analyses 
also showed that soybean oil contains high proportion of the 
LA n-6 PUFA, while linseed oil is composed of mostly the n-3 
PUFA ALA (Manaig et al., 2022). Our results highlighted ALA 
(n-3) and LA (n-6) as two of the main drivers of the overall 
phenotypic variance observed in porcine skeletal muscle in 
response to changes in PUFA composition in piglet’s diet. As 
the most abundant n-3 and n-6 PUFA in linseed (ALA) and 
soybean (LA) oils, they can modulate gene expression related 
to their antagonistic inflammatory functions and lipid-related 
metabolic processes (Schmitz and Ecker, 2008; Smink et al., 
2012). Studies on mice demonstrated how varying concentra-
tions of ALA and LA might differentially influence the expres-
sion profiles of genes and proteins in muscle tissue (Rajna et 
al., 2018). Besides, other additional relevant PUFA we found 
were ETA (n-3), which is able trigger the downregulation of 
genes related to inflammation (Jin et al., 2010; Chen et al., 
2015), EPA (n-3), which modulates peroxisome prolifera-
tor-activated receptors and genes related to dyslipidemia and 
inflammation (Gillies et al., 2012), or GLA (n-6), that is able 
to decrease the expression of pro-inflammatory cytokines and 
related mediators (Youn et al., 2018).

Conclusion
The use of EISA highlighted posttranscriptional changes in 
mRNA genes expressed in porcine skeletal muscle. Although 
there was a limited overlap between EISA and canonical DE 
analyses outputs, EISA provided additional and biologically 
meaningful information about changes in mRNA expression 
that were not captured by DE results, coupled with miR-
NA-driven repression evidence by target binding prediction. 
Individual n-3 and n-6 PUFA may play a vital role in gene and 
miRNA expression and regulation. Both EISA and differential 
expression analyses highlighted genes and miRNA that were 
associated to lipid-mediated and inflammatory-induced bio-
logical processes, which could be attributed to the pro- and 
anti-inflammatory functions of n-6 and n-3 PUFA, respectively.
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