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Abstract

Background Fat metabolism in pigs is controlled by tissue-specific molecular mechanisms that ultimately affect
growth performance and meat quality. Understanding how epigenetic modifications interact with gene expression
across key metabolic and fat-depositing tissues is essential for identifying regulatory processes and potential biomark-
ers to improve pork quality traits. Therefore, this study aimed to elucidate tissue specific epigenetic regulation of fat
metabolism by integrating DNA methylation and gene expression profiles from liver, backfat, and loin (longissimus
dorsi) tissues at two physiologically developmental stages (10 and 26 weeks), representing the early post-weaning
growth phase and near-market weight, respectively. By explicitly comparing these ages and tissues, the study

was designed to capture the transition from muscle-dominated growth to increased lipid deposition and to identify
tissue- and stage-specific regulatory signatures that may serve as biomarkers for pork quality.

Results Genome-wide DNA methylation exhibited weak clustering by tissue, whereas gene expression showed clear
tissue separation. The liver harbored fewer genes with differential methylation across stage and tissue but a greater
number of genes with differential expression than backfat and loin, suggesting distinct regulatory modes. Integra-
tive analysis of the overlap genes between methylation and expression signals highlighted epigenetically mediated
regulation of extracellular matrix organization, lipid metabolism, and muscle development pathways. Furthermore,
weighted gene co-expression network analysis revealed distinct tissue-specific correlations between co-methylated
and co-expressed modules, with enrichment in cholesterol biosynthesis, muscle contractility, and extracellular matrix
remodeling. Together, these findings suggest that methylation changes are more subtle than transcriptional shifts,
yet they are aligned with key functional pathways, consistent with a role for methylation as a fine-tuning mechanism
that shapes tissue-specific transcriptional networks during growth.

Conclusions Across liver, backfat, and loin, DNA methylation modulates transcriptional programs in a tissue-depend-
ent manner, prioritizing pathways central to lipid handling, extracellular matrix remodeling, and muscle function. This
integrated multi-omics framework highlights candidate epigenetic markers and regulatory modules with potential
utility for improving pork quality traits through selection or management strategies.
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Background

The pig industry plays a vital role in global livestock pro-
duction, providing a reliable source of animal protein
and making a significant contribution to agricultural
economies. Modern pig production aims to strike a bal-
ance between rapid growth performance and consistent
meat quality, thereby ensuring economic efficiency and
consumer satisfaction [1]. Genetic improvement through
selective breeding and crossbreeding has resulted in sub-
stantial advancements in growth rate, feed efficiency, and
carcass traits in commercial pigs [2, 3]. However, meat
quality is influenced by more than genetics alone; envi-
ronmental factors, such as feeding strategies, nutritional
content, and rearing conditions, also play essential roles
in shaping pork characteristics by affecting intramuscu-
lar fat (IMF) deposition and fat distribution [4, 5]. These
factors play crucial roles in shaping meat quality by influ-
encing body fat distribution and intramuscular fat con-
tent, highlighting the importance of both genetic and
environmental factors in determining meat quality.

In pigs, the liver, backfat, and loin (longissimus dorsi)
tissues are intimately involved in lipid metabolism and
play crucial roles in meat quality development [6-9]. De
novo fatty acid synthesis occurs primarily in adipose tis-
sue, especially in backfat, which serves as a major site for
lipid storage and acts as an endocrine organ through the
secretion of adipokines and other bioactive molecules
[10, 11]. The liver plays a central regulatory role in whole-
body lipid metabolism by coordinating fatty acid uptake,
triglyceride synthesis, and lipoprotein (VLDL) secretion,
thereby influencing fat deposition in peripheral tissues
such as backfat and muscle [12-14]. The loin (longis-
simus muscle) contributes to meat quality traits such as
tenderness, marbling, and flavor, due to its intramuscu-
lar fat content and muscle fiber composition [4, 15, 16].
Understanding how these tissues interact to regulate fat
metabolism at different developmental stages is there-
fore crucial for elucidating the mechanisms underlying
growth and pork quality [17-20].

In addition to transcriptomic analysis, the study of
epigenetic mechanisms, such as DNA methylation, has
become a crucial area of research for understanding the
regulation of various metabolic diseases [21-24]. Epi-
genetic modifications are linked to major lipid and fat
metabolic pathways that control fat accumulation and
influence the expression of genes involved in lipogenesis,
lipolysis, and energy homeostasis [25-29]. Integrating
epigenetic research with multi-omics data, such as the
epigenome and transcriptome, provides a comprehensive

understanding of the mechanisms regulating gene
expression and how these modifications influence meta-
bolic processes [30, 31]. For example, a study investigat-
ing adipocyte fractions from retroperitoneal adipose
tissue in obese pigs identified differentially methylated
regions linked to metabolic signaling pathways, includ-
ing mitogen-activated protein kinase (MAPK) and insu-
lin signaling, shedding light on the epigenetic regulation
of fat metabolism [32]. These studies have demonstrated
the utility of integrating epigenetics with multi-omics
approaches to deepen our understanding of metabolic
regulation in livestock.

Here, we tested the hypothesis that tissue-specific
DNA methylation functions as a fine-tuning mecha-
nism coordinating transcriptional networks underlying
lipid metabolism in the liver, backfat, and loin during
growth. To capture the dynamics of this regulatory layer,
two critical developmental stages were selected based
on physiological relevance: 10 weeks, representing the
early post-weaning growth phase characterized by rapid
skeletal muscle development and establishment of adi-
pose tissue depots [33-35], and 26 weeks correspond-
ing to near market weight when fat deposition patterns
are well established [36-40]. This developmental win-
dow encompasses the transition from muscle-dominated
growth to enhanced lipid accumulation, providing an
opportunity to identify both conserved epigenetic signa-
tures and developmentally dynamic regulatory changes
[4, 29]. To address this hypothesis, we integrated meth-
ylated DNA-binding domain sequencing (MBD-seq)
and RNA sequencing (RNA-seq) data from crossbred
pigs (Korean native pigX Yorkshire) at 10 and 26 weeks.
Specifically, we aimed to (i) compare tissue- and stage-
specific methylation and gene expression patterns; (ii)
identify genes showing both differential methylation
and expression (DM-DE overlap); and (iii) construct co-
methylation and co-expression modules to uncover path-
ways associated with fat metabolism and pork quality.
This integrative approach enhances our understanding
of context-dependent epigenetic regulation and identifies
candidate regulatory networks and markers relevant to
meat quality improvement.

Methods

Animal materials and ethics statement

This study included a total of 16 crossbred pigs (Korean
native pigX Yorkshire, F1 generation), as described in
previous studies [41-43]. All experimental procedures
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were approved by the Institutional Animal Care and Use
Committee of the National Institute of Animal Science,
South Korea (NIAS2016-848). Pigs had unrestricted
access to feed and water, and the diet composition is
detailed in previous studies [41]. The pigs were ran-
domly assigned to two groups: 10 weeks (7 =8; 4 males, 4
females) representing the early post-weaning period, and
26 weeks (n=38; 4 males, 4 females) representing an aver-
age body weight at slaughter of approximately 90 kg. The
animals were sacrificed at the end of the growth stage
(10 and 26 weeks) and samples were collected. All tissues
were collected by an experienced technician to minimize
variation. For each animal, samples of liver, backfat, and
loin (longissimus dorsi) were obtained from anatomically
consistent locations as follows: liver from the left lateral
lobe, backfat from the dorsal midline directly above the
eighth rib, and loin muscle from the central part of the
longissimus dorsi located between the tenth and eleventh
thoracic vertebrae. Tissue samples were consistently col-
lected across all animals, cut into 1 cm® pieces, snap-fro-
zen in liquid nitrogen, and stored at —80 °C.

Sample extraction, library construction, and sequencing
Whole-genome methylation analysis was conducted
using MBD-seq, whereas RNA-seq was used for tran-
scriptomic analysis. For MBD-seq, genomic DNA was
quantified from tissue samples using the DNeasy Blood
and Tissue Kit (Qiagen, Valencia, CA, USA). Then,
genomic DNA (1 pg) was fragmented and enriched for
methylated regions using MBD proteins with a Meth-
ylMiner Methylated DNA Enrichment Kit (Invitrogen,
Carlsbad, CA, USA). The enriched methylated DNA
was processed into libraries using a TruSeq Nano DNA
Library Prep kit (Illumina, San Diego, CA, USA). Total
RNA was extracted from tissue samples using TRIzol rea-
gent (Invitrogen), and libraries were prepared for RNA-
seq. Sequencing was performed on an Illumina HiSeq
4000 platform, with thorough library quantification and
quality control prior to sequencing.

Sequencing data processing and analysis

For both MBD-seq and RNA-seq analyses, the quality of
raw sequencing data was initially assessed using FastQC
(v0.12.1) [44]. Subsequent data cleaning involved remov-
ing low-quality reads and adapter sequences using Trim-
Galore (v0.6.6) [45] for MBD-seq data and Trimmomatic
(v0.38) [46] for RNA-seq data. After quality control,
both datasets were aligned to the Sscrofall.l reference
genome. Bowtie2 (v3.5.1) was used for MBD-seq align-
ment [47], and Hisat2 (v2.1.0) was used for RNA-seq
alignment [48]. Samtools (v1.9) was used for file for-
mat conversions for both datasets, including duplicate
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removal from the MBD-seq data using the markup func-
tion [49]. For RNA-seq analysis, gene quantification was
performed using feature counts (v2.0.0) [50].

For MBD-seq, MEDIPS and edgeR were used to iden-
tify the differentially methylated regions (DMRs) [51, 52].
The genome was divided into 500 bp windows, and dif-
ferential methylation between the two stages was com-
puted using fold change (FC) values and P-values derived
from edgeR. Regions meeting the absolute log,FC>1
and P-value<0.001 criteria were considered significant
DMRs. These DMRs were annotated to gene features
such as exons, introns, and promoters, with promoters
defined as 2,000 bp upstream of the transcription start
site. Differentially methylated genes (DMGs) were iden-
tified based on the proportion of DMR coverage across
features. For RNA-seq, gene expression data were nor-
malized using the trimmed mean of M values (TMM)
method in EdgeR. Differentially expressed genes (DEGs)
were identified using the absolute log,FC>1 and a false
discovery rate<0.05 criteria, based on the Benjamini—
Hochberg multiple testing correction. Samples with
significant discrepancies in library size, despite TMM
normalization, were excluded from the final DMG and
DEG analyses to ensure the robustness of the results.

To compare the DMGs and DEGs among the three tis-
sues, we used Venn diagrams and upset plots in the R
package to visualize the overlap between each omics gene
set. For functional enrichment, we used the database
annotation visualization integrated discovery (DAVID)
web tool to perform Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway
analyses to identify biological processes, molecular func-
tions, cellular components, and enriched pathways [53—
55]. A P-value threshold of 0.01 was used to indicate the
significance of functional annotation selection criteria.

Integrated DNA methylome and transcriptome analysis
We performed integrated analysis of DNA methylation
and gene expression data to investigate epigenetic regu-
lation of gene expression. The shared gene sets between
DMGs and DEGs were clustered based on their regula-
tory status. Four shared clusters (Hypo-Up, Hyper-Up,
Hypo-Down, and Hyper-Down) were identified based on
the methylation and expression patterns.

Next, we conducted a weighted gene co-expression
network analysis (WGCNA) to examine the correla-
tion between the two omics datasets [56]. This approach
enabled us to identify co-methylation and co-expression
modules across tissues, which helped clarify the regula-
tory relationships. WGCNA was chosen because of its
ability to reveal complex module relationships between
large-scale datasets, making it well-suited for integrative
multi-omics analysis. We then profiled the co-expression
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and co-methylation modules from each omics dataset
and analyzed the correlations between these modules
using the Pearson method. Modules with high correla-
tions were further investigated by identifying the func-
tional roles of the gene sets within each correlated
module. Finally, Cytoscape was used to construct gene
interaction networks for highly correlated modules [57].

Results

DNA methylation and expression clustering

RNA-seq and MBD-seq data were generated from back-
fat, liver, and loin tissues at 10 and 26 weeks of age. The
average number of raw reads was 36,983,389 for tran-
scriptomic data and 11,351,613 for DNA methylation
data. After quality trimming, the average reads were
36,706,627 and 11,242,492, respectively. The unique map-
ping rates averaged 75.50% for RNA-seq and 56.90% for
MBD-seq, while the overall mapping rates were 92.88%
and 93.82%, respectively (Table S1).

Clustering of methylation profiles (Fig. S1A) showed
weak tissue and time points separation, whereas expres-
sion profiles (Fig. S1B) showed clear tissue-specific clus-
tering, with liver forming a distinct cluster across stages.
Different development stage related differences were also
evident within liver and loin expression profiles, while
methylation profiles were comparatively conserved.
While DNA methylation profiles remained relatively con-
served, the gene expression data suggested more dynamic
changes.

Identification of differential methylation patterns

during growth

A comparative analysis of DMGs across backfat, liver, and
loin revealed tissue-specific and shared methylation pat-
terns (Fig. 1A). Backfat and loin shared more DMGs than
liver, which shared fewer with backfat and some with
loin. Loin displayed 7,534 DMGs (6,772 unique), backfat
1,425 (695 unique), and liver 98 (58 unique) (Table S2,
Fig. S2A). Hypermethylated genes predominated in back-
fat and loin, whereas liver DMG counts were limited, pre-
cluding inference of a predominant direction. The DMG
counts are reported alongside the number unique to each
tissue, and Venn partitions are provided in Fig. 1B with
exact set sizes.

DMGs function annotations based on GO biological
processes and KEGG pathway databases revealed tissue-
specific and common biological functions (Fig. 1C, Fig.
S3, Table S3). Backfat samples exhibited structural integ-
rity (cell adhesion, DNA repair, and extracellular matrix),
signaling pathways (GTPase, adhesion, integrin, and
phosphorylation), and immune modulation (T-cell polar-
ity and vesicle).
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In the loin, hypermethylated genes were associated
with the cell cycle, protein phosphorylation, and intracel-
lular transport, which support the fundamental biologi-
cal functions required to maintain muscle function and
structure. Conversely, hypomethylated genes were asso-
ciated with protein localization, actin filament dynamics,
mitochondrial functions, and autophagy. Upon exam-
ining the comprehensive gene set, processes related to
cytoskeletal organization, protein processing, and intra-
cellular signaling pathways were found to be significantly
enriched. Furthermore, MAPK signaling and insulin
pathways were identified as playing a role in muscle
development, energy balance, and cellular responses.

In contrast, methylation in liver tissue was more selec-
tive, with minimal widespread trends, and was primarily
related to transcriptional regulation and hemostasis. The
results of these analyses highlighted that backfat, loin,
and liver tissues exhibit distinct methylation-associated
biological functions and physiological roles. Backfat is
mainly involved in immune regulation and cellular trans-
port functions, while loin is more involved in muscle
signaling and structure maintenance. In contrast, the
functional contribution of DNA methylation in the liver
is limited.

Profiling of gene expression dynamics during growth
Gene expression profiling identified DEGs in all three tis-
sues (Fig. 2A). The liver displayed the highest numbers
of unique DEGs at down- and up-regulation (4,131 and
3,535, respectively), with fewer in backfat (1,310 and 732)
and loin (874 and 497) (Table S4, Fig. S2B). UpSet plots
partitioned DEGs into up- and down-regulated sets,
highlighting tissue-specific patterns: liver showed a larger
proportion of up-regulated genes, while backfat and loin
exhibited more down-regulated genes (Fig. 2B).

This analysis highlighted the distinct physiologi-
cal roles of backfat, loin, and liver tissues, as evidenced
by their unique functional enrichment of gene expres-
sion (Fig. 2C, Fig. S4, Table S5). Backfat was significantly
enriched in lipid metabolism and energy regulation path-
ways, particularly fatty acid beta-oxidation and the posi-
tive regulation of cholesterol efflux. The upregulation of
pathways such as retinol metabolism and hormone meta-
bolic processes further emphasized the role of backfat in
metabolic and endocrine functions, aligning with its pri-
mary function in fat storage and signaling.

The loin showed enrichment of pathways such as pro-
teasome-mediated ubiquitin-dependent protein catabolic
processes and intracellular signal transduction, which are
broadly involved in muscle protein turnover and signal-
ing regulation. In addition, pathways related to energy
homeostasis, calcium signaling, and vascular smooth
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muscle contraction were enriched in the loin transcrip-
tome, reflecting general mechanisms of muscle contrac-
tion, calcium handling, and energy balance that support
muscle functionality and growth.

Although the liver showed fewer enriched pathways
than backfat and loin, it displayed notable upregulation in
the regulation of RNA splicing and metabolic pathways,
reinforcing its central role in systemic metabolism. Path-
ways such as calcium ion transmembrane transport and
calcium ion import across the plasma membrane were
also enriched, indicating that the liver contributes to
calcium homeostasis. Taken together, these results illus-
trated both shared and unique physiological roles across
tissues. Shared processes, such as metabolic pathways,
reflect common functions, while specialized enrichment
underscores tissue-specific roles, such as lipid metabo-
lism in backfat, muscle function in the loin, and meta-
bolic regulation in the liver.

Unified functional enrichment through common genes
among DMGs and DEGs
Based on shared genes between DMGs and DEGs in each
tissue, we aimed to analyze the direct regulatory interac-
tion between DNA methylation and gene expression. The
number of shared DMG-DEG genes identified were 71
(backfat), 230 (liver), and 18 (loin) (Fig. 3A-C, Fig. S5).
Shared genes were grouped into four regulatory clus-
ters by methylation—expression pairing: C1/C4 showed
inverse relationships (hyper <> low, hypo < high), whereas
C2/C3 showed positive relationships (hyper < high,
hypo < low) (Fig. 3D-F). Loin was enriched for C2 and
C4 cluster genes, while backfat and liver were more
evenly distributed across clusters. To maintain direc-
tionality clarity, cluster labels are aligned across panels
(C1-C4), and colors are consistent between heatmaps
and summary bar charts. Heatmaps (Fig. 3G) showed
tissue-specific patterns; annotations distinguished pro-
moter versus gene-body locations and regulatory roles
(transcription factors/cofactors).

Functional enrichment analysis of shared genes offered
a significant biological interpretation of the regulatory
interactions (Table S6). Backfat was notably enriched in
genes related to the structural integrity of the extracel-
lular matrix (ECM), with significant terms associated
with cell adhesion and integrin signaling. The liver was
linked to the regulation of cytokinesis and mitotic spindle

(See figure on next page.)
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assembly, indicating its role in cell cycle control. The loin
was enriched in cholesterol metabolism, protein glyco-
sylation, and ECM organization, suggesting important
metabolic functions.

Phenotype-module associations through WGCNA
Methylation modules (Fig. 4A) correlated primarily with
stage, with green (liver r=0.73; loin r= —0.48) and grey
(backfat r=—0.33) showing additional tissue associa-
tions. The turquoise module lacked trait specificity and
was excluded from downstream interpretation. Module—
trait heatmaps display Pearson’s r with P-values. Expres-
sion modules (Fig. 4B) showed distinct tissue/growth
stage associations: blue/yellow positively with backfat
and negatively with liver; magenta/turquoise positively
with backfat and negatively with loin; black/red/green
associated with liver—loin; greenyellow/grey/pink/pur-
ple associated with stage. These module characteristics
indicated how gene methylation and expression patterns
varied with the growth stage and across different tissues,
revealing unique signatures in modules for tissue-specific
roles and growth stage specific expression dynamics.

Integrating DNA methylation and gene expression data
provided insights into the epigenetic interactions that
may underlie tissue-specific and growth-stage-dependent
regulation (Fig. 4C). Integration of module eigengenes
revealed associations between expression (black/green/
red/blue/pink/yellow) and methylation (green/grey)
modules. In particular, the green methylation module
showed a high correlation with liver and loin traits, and
the expression levels of components of the black, red, and
green modules indicated a similar tendency. In addition,
the yellow and blue expression modules showed substan-
tial associations with backfat and liver traits. Common
traits among these modules suggested that epigenetic
interactions in the liver play a complementary role. Fur-
thermore, a negative correlation was identified between
the grey module of backfat-related methylation and the
blue and pink modules of expression. The overall module
for DNA methylation and the green-yellow, grey, and pur-
ple modules for expression showed comprehensive corre-
lations with the growth stage; therefore, the relationships
between these modules were excluded from further analy-
ses to focus on tissue specificity according to growth.

Fig. 1 Comparative analysis of differentially methylated genes (DMGs) and gene ontology enrichment across three tissues. A Venn diagram

of DMGs. B Upset plot of shared DMGs based on hyper- and hypomethylation patterns. The bar graph represents the number of shared
combinations between tissues, and the violin plot represents the log, fold change (FC). C Gene Ontology biological process treemaps for DMGs,
categorized by hypermethylated (Hyper), hypomethylated (Hypo), and total genes. Each box represents a biological process term, with the box size

corresponding to the —log;(P-value) of the terms enrichment
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Module based data integration across multi-omics layers

The functional gene enrichment network and associ-
ated regulatory mechanisms of each WGCNA module,
integrating expression and DNA methylation data, pre-
sent unique functional and core gene profiles (Fig. 5,
Table S7). The yellow—green module played a minor role,
with a limited number of genes associated with primary
metabolic functions and stress responses (Fig. 5A). The
blue—green integration module was significantly enriched
in pathways related to extracellular matrix organization,
collagen biosynthetic processes, and cell signaling. It
included COL1A1, COL5A1, and ENSSSCG00000032761,
which are essential for tissue structure and cell com-
munication (Fig. 5B). The integration module (expres-
sion—methylation) indicated an association with backfat
(positive—non-significant), liver (negative—positive), and
loin (non-significant—negative), suggesting a targeted
effect involved in connective tissue and extracellular
matrix dynamics in pig growth. The black—green module
functions related to oxygen transport and hydrogen per-
oxide catabolic processes were prominent (Fig. 5C). This
module contained three to four genes with specific func-
tions in the stress response and metabolic regulation.
The primary functional process within the blue—grey
integration module involved the ECM and collagen fibril
organization, which are essential for tissue growth and
repair (Fig. 5D). Genes such as COLIA1, COL26A1, and
TNXB are involved in connective tissue function. Nota-
bly, the integration module showed associations with
backfat (positive—negative) and the liver (negative—non-
significant), suggesting a potential inhibitory mechanism
in the liver tissue while promoting backfat development,
with no significant relation to loin tissue. This pattern
implied that adipose tissue development may involve
demethylation processes that activate genes associated
with tissue formation. Gene function analysis of the
green—green integrated module indicated that it regu-
lates various physiological processes, including muscle
development and intercellular signaling (MYH7, ACTN2,
PLEC, MYOZ1, ALPK2, and PDLIM3) and lipid and cho-
lesterol metabolism (ABCA4, ABCAS, ABCAS8, ABCAY,
VPS13B, ENSSSCG00000015069; Fig. 5E). The negative
correlation between gene expression and methylation
levels in the liver (negative—positive) and loin (positive—
negative) mediated tissue-specific functional regulation.

(See figure on next page.)
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The pink-grey module contributed to translation (ribo-
somal protein large/small subunit gene families), cell
division (CDC20, CCNBI, and CCNB3), DNA replication
(minichromosome maintenance gene families), and DNA
repair mechanisms, indicating its high level of involve-
ment in fundamental cellular processes (Fig. 5F). The
red—green module focused on lipid metabolism, cellular
proliferation, and viral responses (Fig. 5G). It included
pathways such as cholesterol biosynthesis, homeostasis,
metabolic processes, and the regulation of cell popula-
tion proliferation, underscoring its role in maintaining
the lipid balance, which is essential for energy storage
and cellular function in the growth stage to the comple-
tion of development.

Discussion

Tissue-specific epigenetic regulation of fat metabolism

In this study, we analyzed DNA methylation and tran-
scriptome data to clarify the regulatory mechanisms
underlying fat metabolism in the liver, backfat, and loin
muscle tissues during pig development. Our results
indicated distinct tissue-specific methylation and gene
expression patterns, highlighting the complex regulatory
interactions essential for lipid metabolism and pork qual-
ity traits. These findings are consistent with those of pre-
vious studies, suggesting that epigenetic modifications
play a significant role in metabolic regulation in pigs [26,
29, 32]. DNA methylation clustering analysis revealed
relatively weak tissue specificity compared with gene
expression clustering. This suggested that, while DNA
methylation serves as a regulatory mechanism, tran-
scriptional regulation may be more dominant in defining
tissue-specific metabolic functions. Furthermore, DNA
methylation was not evenly distributed across tissues.
While backfat and loin muscle exhibited more extensive
methylation changes, the liver demonstrated a limited
range of DMGs, indicating significant epigenetic plastic-
ity in tissues directly associated with fat storage and mus-
cle growth, reinforcing its primary role as a metabolic
hub that coordinates systemic lipid metabolism [12, 14].

Gene expression profiles and functional specialization

Although the liver had fewer DMRs, it had the high-
est number of DEGs. This suggested that hepatic gene
regulation during development is less dependent on

Fig. 2 Comparative analysis of differentially expressed genes (DEGs) and enriched biological processes across three tissues. A Venn diagram
of DEGs. B Upset plot of DEGs based on up- and downregulation patterns. The bar graph represents the number of shared combinations
between tissues, and the violin plot represents the log, fold change (FC). C Gene Ontology biological process treemaps for DEGs, highlighting
upregulated (Up), downregulated (Down), and total gene sets. Each box represents a biological process term, with the box size corresponding

to the —log;y(P-value) of the terms enrichment
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methylation dynamics and more influenced by trans-
acting factors and signaling pathways. This finding is
consistent with the observations of Wang et al. [25]
who demonstrated that stable, yet functionally relevant
methylation plays a role in regulating lipid metabolism
in the liver [25]. Liver DEGs were primarily enriched in

metabolic pathways, RNA splicing, and calcium homeo-
stasis. This finding highlighted the importance of the liver
in regulating overall lipid and energy metabolism [12,
14, 27]. In contrast, DEGs in backfat were significantly
involved in lipid metabolism and endocrine signaling,
which supports their recognized role in fat accumulation
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and metabolic regulation [7, 8, 20]. The loin exhibited
DEGs enriched in muscle functionality, protein turnover,
and energy balance, emphasizing its essential function
in pork tenderness and marbling [6, 58]. These results
are consistent with those of previous studies, indicating
that muscle and adipose tissues display tissue-specific
transcriptomic signatures linked to their physiological
functions [59]. Overall, the broader diversity of enriched
methylation and expression signatures in backfat and loin
suggests more extensive developmental and functional
remodeling in these tissues compared with the liver.

Functional characteristics of genes with common
differential methylation and expression

Integrative analysis of DNA methylation and transcrip-
tomic data revealed genes that were both differentially
methylated and expressed, highlighting metabolically
regulated pathways under direct epigenetic control. In
our dataset, approximately 70% of the annotated DMGs
were located within gene body regions, whereas the
remaining 30% were identified in promoter regions. This
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distribution suggests that, while promoter methylation
typically serves a repressive function, gene methylation
may have broader or alternative roles [60, 61]. Although
promoter methylation is traditionally associated with
transcriptional repression, gene body methylation has
been linked to alternative splicing, transcriptional elon-
gation, and even activation, depending on the genomic
and chromatin contexts [62, 63]. Of note, many hyper-
methylated genes were also DEGs during the integra-
tive analysis. This suggested that methylation and gene
expression are not always inversely related, particularly
in tissues with complex developmental programming,
such as fat and muscle tissues. Previous studies in pigs
and other livestock support this finding, indicating that
gene body methylation can mark actively transcribed
regions and correlate with tissue-specific gene functions
[9, 64—66].

To clarify the functional impact of DNA methylation
on gene regulation, we categorized the shared DMGs/
DEGs based on tissue specificity (backfat, liver, and loin)
and correlation patterns (positive, negative, or whole).
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Functional enrichment analysis revealed distinct bio-
logical themes within each tissue, emphasizing the speci-
ficity of epigenetic regulation. In backfat tissue, genes
such as TNXB (ENSSSCG00000023611), ITGA8 (ENS-
SSCG00000011046), and ITGAS (ENSSSCG00000000293)
are commonly associated with the negative regulation of
ECM organization, cell-matrix adhesion, and cytoskel-
etal remodeling. TNXB encodes tenascin-X, a glycoprotein
involved in matrix stabilization that has been shown to
influence ECM remodeling during adipose tissue expan-
sion [67]. Similarly, ITGA, an integrin subunit, mediates
fibroblast-ECM interactions and has been implicated in
tissue stiffness, thereby affecting preadipocyte differentia-
tion [68]. In contrast, positively regulated genes in backfat,
such as PLEC (ENSSSCG00000039094) and FLNC (ENS-
SSCG00000016578), promote sarcomeric cytoskeleton
integrity and mechanical sensing in differentiating adipo-
cytes, possibly reflecting functional convergence between
muscle-like cytoskeletal pathways and adipocyte morphol-
ogy [69, 70]. In loin muscle, negatively regulated genes,
such as MSMOI (ENSSSCG00000008857) and LMNB2
(ENSSSCG00000026784) are frequently involved in cho-
lesterol biosynthesis, nuclear architecture, and collagen
biosynthesis, respectively. MSMO1 plays a crucial role in
sterol biosynthesis and is closely linked to lipid accumula-
tion and cellular membrane integrity in intramuscular adi-
pocytes [71]. In contrast, positively regulated genes in the
loin were enriched for muscle fiber structure (LMNB2—
ENSSSCG00000026784) and collagen biosynthesis
(COL1A1—ENSSSCG00000036135), facilitating active
muscle development and integrity during later growth
stages. COL1Al, a type I collagen complex, is essential for
ECM stiffness and structural support during muscle devel-
opment, and is often co-expressed with COL1A2 in skele-
tal-muscle-related traits [72—74]. These patterns highlight
that methylation-expression correlations differ by func-
tion and tissue type. In both backfat and loin, several genes
exhibited changes in expression despite hypermethylation,
emphasizing the complexity of regulation, particularly in
the context of gene body methylation. Importantly, key
pathways such as the PI3K-Akt signaling and cholesterol
biosynthesis pathways emerged in both positive and nega-
tive contexts, reflecting stage-dependent epigenetic repro-
gramming rather than static repression.

Integration of epigenetic regulation network and tissue
specificity through module correlation

The module-based integration of DNA methylation
and gene expression provides deeper insights into how
large-scale gene networks are regulated in a tissue- and
growth-specific manner during pig growth. Unlike indi-
vidual gene-level comparisons, the WGCNA-based
approach allowed us to uncover how co-methylated and
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co-expressed gene clusters act as coordinated functional
units, which may better reflect the underlying biologi-
cal architecture of complex traits, such as fat deposition
and muscle development [56]. The green methylation
module, which showed a strong correlation with the liver
(positive), backfat (negative), and loin (negative) pheno-
types, emerged as a key epigenetic driver module. Its sig-
nificant association with expression modules such as the
black, red, and green modules, which were enriched for
cholesterol biosynthesis, cell proliferation, and oxidative
metabolism, suggests that DNA methylation may act as
an upstream regulatory mechanism orchestrating liver-
specific metabolic functions [25, 32, 62]. Of note, the
directionality of the correlation between methylation and
expression was not uniform across tissues, and both neg-
ative and positive relationships were observed. This vari-
ability supports previous findings that DNA methylation,
especially in gene body regions, does not always suppress
gene expression, and may instead reflect transcriptional
activity or chromatin accessibility [60, 64].

Furthermore, the identification of tissue-specific mod-
ule correlations, such as the blue and yellow expression
modules correlating with backfat traits or the green-
green module showing opposing regulation between
the liver and loin, raises important questions about the
mechanisms by which epigenetic states are established
and maintained in a context-dependent manner. From
a functional perspective, the identification of collagen-
related genes (COLIA1, COL26A1, and TNXB) and cho-
lesterol metabolism regulators (MSMOI and HMGCR
) within highly correlated modules underscores the dual
role of epigenetic regulation: one mediates structural
remodeling in fat and muscle and the other coordinates
metabolic homeostasis. Our findings suggest that their
activity may be shaped by the methylation-driven repro-
gramming of module-wide transcription, which may
serve as a fine-tuning mechanism for aligning tissue-
specific functions with systemic metabolic demands.
This perspective aligns with recent models that propose
that epigenetic states modulate transcriptional response
ranges rather than absolute on/off switches. Several of
these genes also appeared in the DEG-DMGs that over-
lapped with the first integration, reinforcing their cen-
tral role. The convergence of these findings from distinct
analytical strategies lends robustness to their biological
relevance and indicates their potential as biomarkers or
targets in breeding programs focused on meat quality
traits. Moreover, the tissue-specific nature of correlated
modules suggests that epigenetic mechanisms are not
uniformly deployed, but are tailored to support each
tissue’s unique functional requirements. For example,
the contrasting patterns observed in the liver and back-
fat modules imply a context-dependent role for DNA
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methylation in modulating metabolic gene networks.
These findings echo prior observations in both livestock
and human studies, where environmental cues, devel-
opmental timing, and tissue physiology jointly shaped
epigenetic landscapes. Finally, it is worth noting that
although WGCNA provides a powerful framework for
identifying correlated gene clusters, it cannot confirm
causal relationships. Although biologically suggestive, the
observed correlations require further validation through
experimental perturbation studies, such as CRISPR-
based epigenetic editing or methylation inhibition. How-
ever, due to the limited amount of biological material and
the comprehensive multi-tissue, multi-omics nature of
this study, additional functional assays (e.g., protein-level
or gene editing experiments) could not be performed.
We acknowledge this as a limitation of the present work.
Nonetheless, our findings represent a critical first step in
establishing modular epigenetic networks as key regula-
tors of tissue development and metabolic specialization
in pigs. These results provide a valuable resource and
experimental foundation for future targeted functional
validation. Furthermore, epigenetic regulation oper-
ates through a multilayered machinery that involves not
only DNA methylation but also histone modifications
and chromatin architecture, and this strategy appears
to be conserved across diverse biological systems. For
example, in bacteria, DNA methylation and nucleoid-
associated proteins cooperatively regulate gene expres-
sion and virulence, while in other livestock species such
as cattle and sheep, the interplay between histone marks
and chromatin accessibility has been shown to fine-tune
developmental gene programs [75, 76]. Together, these
examples, ranging from prokaryotes to mammals, high-
light that DNA methylation is functionally intertwined
with higher-order chromatin states. Therefore, future
studies in pigs should integrate histone profiling and
chromatin conformation analysis (e.g., Hi-C) with DNA
methylation and transcriptomic data to capture a more
comprehensive landscape of epigenetic regulation gov-
erning fat metabolism.

Potential environmental influences and comparative
perspectives

Although all pigs were managed under uniform housing,
feeding, and husbandry conditions, residual environmen-
tal factors (e.g., microenvironment, health status, early
life influences) may still have contributed to the observed
epigenetic and transcriptomic variation. Previous stud-
ies in livestock have shown that nutrition, thermal stress,
pathogens, and other management-related factors can
induce stable changes in DNA methylation and gene
expression, thereby modulating growth, metabolism, and
product quality [77-80]. These potential environmental
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influences should be considered when extrapolating our
findings and motivate future experiments designed to
explicitly manipulate and measure such factors.

Tissue and development stage specific epigenetic pat-
terns similar to those observed here in porcine backfat,
loin, and liver have been reported in other livestock spe-
cies. In cattle and sheep, DNA methylation and transcrip-
tome studies in subcutaneous and intramuscular adipose
depots have linked depot-specific methylation signatures
in lipid metabolic genes to differences in fat deposition,
fatty acid composition, and carcass quality, paralleling the
enrichment of lipid metabolism pathways detected in pig
backfat [26, 29]. Likewise, comparative analyses of skel-
etal muscle methylomes in cattle and poultry have shown
that methylation changes in myogenic, cytoskeletal, and
energy metabolism genes accompany growth, fibre-type
composition, and age-related transitions, which is con-
sistent with the muscle-regulatory and energy homeo-
stasis pathways enriched in the porcine loin across
developmental stages [81-83]. The studies in livestock
have shown that epigenetic regulation of hepatic genes
is associated with systemic energy balance, feed effi-
ciency, and responses to nutritional or environmental
challenges. For example, DNA methylation changes in
bovine have been linked to divergent residual feed intake
and to differences in nutrient metabolism and metabolic
stress across diets or thermal environments [84, 85].
Similar work in humans further indicates that epigenetic
modifications in the liver contribute to the regulation of
hepatic lipid metabolism and broader metabolic homeo-
stasis [86]. Moreover, recent cross-species comparative
analyses of DNA methylation in brain, liver, and skeletal
muscle across multiple mammals, including cattle, sheep,
goats, pigs, and mice, support the idea that modular epi-
genetic regulation of key metabolic tissues is a conserved
feature underlying complex traits such as growth, feed
efficiency, and adaptation in domesticated animals [87].

Conclusion

This study provides a comprehensive multi-omics
overview of tissue-specific epigenetic regulation of fat
metabolism in pigs. Through the integration of DNA
methylation and gene expression data from the liver,
backfat, and loin, we revealed that methylation exerts
a fine-tuning role rather than a dominant regulatory
effect. While the liver exhibited fewer methylation
changes but extensive transcriptional variation, back-
fat and loin showed greater epigenetic plasticity linked
to adipogenesis and muscle structure. Integrative net-
work analysis identified tissue-dependent co-regulated
modules, emphasizing extracellular matrix remodeling,
cholesterol metabolism, and muscle fiber development
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as key pathways influenced by methylation—expression
interactions. While these findings advance our mecha-
nistic understanding, several limitations temper imme-
diate translational applications: (i) causality requires
experimental validation; (ii) protein-level confirmation is
needed; and (iii) generalizability across breeds remains to
be established. The identified epigenetic markers provide
a foundation for future hypothesis-driven studies and
may eventually inform breeding strategies once validated
in larger populations under diverse conditions.
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