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Abstract

Background Intramuscular fat (IMF) not only directly affects the tenderness, juiciness, and overall flavour of meat
but also plays a significant role in influencing consumer preferences for pork. Therefore, exploring key biomarkers
that influence IMF deposition is highly important for breeding high-quality pork. IMF is a typical quantitative trait
that is regulated by the interaction of multiple coding and noncoding RNAs. Traditional differential analysis methods
typically focus on individual genes, making it difficult to identify key genes and their underlying mechanisms
accurately. Weighted gene coexpression network analysis (WGCNA) is an efficient and accurate method for
identifying and characterizing key pathways and genes associated with complex traits. Therefore, the aim of this
study was to construct an mRNA-INcCRNA coexpression network related to IMF using WGCNA to explore and identify
potential candidate genes that influence IMF in pigs.

Results Full-length transcriptome sequencing was performed on 31 220-day-old Jiangquan black pigs raised in

the same environment, and a gene expression matrix comprising 25,609 genes was constructed. Nine coexpression
modules were identified through WGCNA, with the number of genes in these modules ranging from 33 to 3648. The
magenta module (corr=0.7, P<0.01) and the turquoise module (corr =-0.77, P<0.01) were significantly associated
with IMF deposition. Hub genes in each module were identified on the basis of the screening criteria of GS>0.4 and
MM > 0.8. Combined with enrichment analysis and protein—protein interaction (PPI) analysis, 18 key mRNAs potentially
related to IMF were selected: CRKL, CBL, PDGFRB, DOCK1, YWHAH, HSP90ABT, LOC100524873, NDUFAT, NDUFATT,
NDUFA12, NDUFA2, NDUFAB1, NDUFB10, NDUFB3, NDUFB7, NDUFS5, NDUFS6, and UQCR10. To explore the regulatory
role of INcRNAs in the process of IMF deposition, we constructed an INcRNA-mRNA—-pathway network on the basis

of the relationships between IncRNAs and key mRNAs, as well as the results of Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analysis. This network includes four key INcRNAs (TGOLN2, LOC100521518, LOC100524915,
and LOC100622481) and predicts the potential mechanisms by which IncRNAs regulate IMF deposition.

Conclusions Through WGCNA, enrichment analysis, and PPl analysis, 18 mRNAs and four INcRNAs potentially
involved in IMF deposition were identified, and the IncRNA regulatory pathways were preliminarily explored. Our
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findings provide new insights into the regulatory mechanisms of pig IMF deposition and lay the foundation for further
exploration of the molecular mechanisms underlying pig fat deposition.

Keywords RNA-seq, Weighted gene coexpression network analysis (WGCNA), Intramuscular fat (IMF), Pigs, LncRNA,

Protein—protein interaction (PPI)

Background

Pork is a major source of protein in the human diet, and
as living standards improve, increasing attention is given
to the quality of pork [1]. Intramuscular fat (IMF) is com-
posed of fat tissue in the form of white spots or streaks
within muscle fibre bundles. The content of IMF is closely
related to the flavour and tenderness of pork, making it
an important indicator for assessing pork quality [2].
However, in recent decades, the IMF levels in modern
pig breeds have decreased because modern breeding
technologies focus too much on increasing lean meat
yield while neglecting improvements in the IMF content.
This not only affects eating quality but also has a negative
effect on the economic benefits of the pork industry [3].
Therefore, to better meet the demands of consumers and
the market, studying the molecular mechanisms of IMF
deposition in pigs has always been a focus of scientific
research [4—6].

RNA sequencing (RNA-seq) is a next-generation
sequencing (NGS)-based technique that provides low
background noise and a high dynamic range, making it
ideal for the quantitative analysis of gene expression [7].
In recent years, researchers have used RNA-seq technol-
ogy to study the transcriptome of pork fat-related traits,
identifying a large number of genes associated with fat
deposition and metabolism [8, 9]. Li et al. [10], Zhao et
al. [11] and Xing et al. [12] conducted differential gene
expression analysis using transcriptomic data from differ-
ent pig breeds, identifying a large number of genes associ-
ated with the variation in pork quality traits and changes
in their regulation. For example, FABP3 regulates lipid-
responsive transcription factors and is involved in lipid-
mediated transcriptional programs [10], and FASN, a key
enzyme involved in fat deposition and fatty acid synthe-
sis, is highly expressed in pigs with greater fat deposi-
tion ability [11]. As regulatory factors of gene expression,
IncRNAs play an important regulatory roles in fat deposi-
tion in pigs [13]. Wang et al. analysed the gene profiles
of Laiwu pigs with different IMF contents. They identi-
fied 17 candidate IncRNAs, among which seven target
genes, including ERLEC1, RBM47, and MYOF, were con-
firmed to be associated with the IMF content [14]. Zhao
et al. established an IncRNA-miRNA-mRNA regula-
tory network for IMF by analysing the differential gene
expression between Songliao black pigs and Landrace
pigs [15]. They identified several potential target relation-
ships, such as MSTRG.19948.1, which targets LPINI and
HSP90AAI, and MSTRG.13120.1, which targets LPINI,

which may influence IMF deposition. However, IMF
deposition in pigs is regulated by a complex network of
interrelated genes and their products. Therefore, when
studying the regulatory mechanisms of IMF deposition, it
is essential to consider the interactions between multiple
mRNAs as well as the relationships between mRNAs and
IncRNAs. Traditional single-gene differential expression
analyses often overlook valuable information, as they
focus on the effects of individual genes rather than the
broader gene networks [16]. Weighted gene coexpres-
sion network analysis (WGCNA) is an effective method
for studying systems biology and plays a crucial role in
revealing the characteristics of gene networks associated
with complex traits [17]. It can reveal gene interactions
at a systemic level and assist researchers in identifying
regulatory hubs of coexpressed genes by revealing mod-
ules that are strongly correlated with target traits [18, 19].
WGCNA has been successfully applied to identify genes
and biological processes involved in IMF deposition in
pigs. Zappaterra et al. used WGCNA to analyse the gene
expression profiles of Italian Landrace pigs with vary-
ing IMF contents [20]. They identified hub genes (FGF2,
ZNF518A, and U2SURP) associated with IMF deposition,
which are involved primarily in the regulation of DNA
transcription, cell differentiation, primary cilium mor-
phogenesis, and intracellular signalling cascades. How-
ever, research on constructing coexpression networks
using both mRNA and IncRNA data is still relatively
limited. In addition, constructing coexpression networks
within the same breed helps better eliminate interbreed
differences. Therefore, applying the WGCNA method to
construct an mRNA-IncRNA coexpression network in
the Jiangquan black pig population to explore the char-
acteristic genes and molecular regulatory mechanisms of
IMF deposition is of significant research value.

In this study, full-length transcriptome data from 31
Jiangquan black pigs were used to construct IncRNA-—
mRNA coexpression modules and identify key modules
and hub genes related to IMF deposition. Through PPI
analysis and enrichment analysis, an IncRNA-mRNA-
pathway network associated with IMF deposition was
constructed. This research provides a foundation for fur-
ther exploration of the molecular regulatory mechanisms
underlying IMF deposition and may offer theoretical sup-
port for screening feature genes related to IMF deposi-
tion and for the breeding of superior pig breeds.
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Materials and methods

Samples and IMF measurement

In this study, 31 healthy Jiangquan black pigs (approxi-
mately 105+ 5 kg, 15 males and 16 females) at 220 days
of age, all of which were raised on the same pig farm
in Linyi, China, were selected. None of the pigs were
related, and they were allowed free access to food and
raised under the same environmental conditions. The
experimental pigs were slaughtered and sampled imme-
diately after electric shock treatment at 220 days of age.
Approximately 2 g of longissimus dorsi muscle (LDM)
tissue was collected from the third lumbar vertebra of
each pig and immediately preserved in liquid nitrogen for
total RNA extraction. Additionally, approximately 200 g
of LDM was collected for IMF content measurement. The
IMF content was determined using the Soxhlet petro-
leum ether extraction method according to the “Techni-
cal Regulation for Determination of Pork Quality” (NY/T
821-2004, China). First, the meat sample was cut into
small pieces, surface moisture was removed, and the sam-
ple was placed in an oven to dry at 105 °C until it reached
a constant weight. Next, the dried meat sample was
ground into a powder using a grinder, and approximately
5-10 g of the ground sample was weighed and placed in
an extraction flask. Then, a Soxhlet extractor was used
to add an appropriate amount of petroleum ether, and
continuous extraction was performed for approximately
8 h. After extraction, the sample was removed and dried
at 80 °C until a constant weight was reached, after which
the extracted fat was weighed. Finally, the IMF content
was calculated on the basis of the fat weight and the ini-
tial weight of the sample (Supplementary Table 1). All
animals were treated in accordance with the “Guidelines
for the Care and Use of Experimental Animals” of Shan-
dong Agricultural University (No. SDUA-2021-062).

Total RNA isolation, library preparation, and sequencing

Total RNA was extracted using TRIzol reagent (Invit-
rogen, USA) according to the manufacturer’s protocol.
The quality and concentration of the extracted RNA
were assessed using an Agilent 2100 Bioanalyzer (Agi-
lent, USA). Ribosomal RNA (rRNA) was then depleted
using the Epicenter Ribo-Zero rRNA Removal Kit (Epi-
centre, USA) following the manufacturer’s instructions.
CDNA libraries were constructed by degrading the sec-
ond strand of cDNA containing uracil (U) with the USER
enzyme (NEB, USA), followed by polymerase chain reac-
tion (PCR) amplification. Clustering of the index-coded
samples was performed on a cBot Cluster Generation
System using the TruSeq PE Cluster Kit v3-cBot-HS (Illu-
mina, USA) according to the manufacturer’s instructions.
After cluster generation, the library preparations were
sequenced on an Illumina NovaSeq 6000 platform (Illu-
mina, USA), and 150 bp paired-end reads were generated.
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Raw data quality control and transcript assembly

Clean reads were obtained by filtering the raw data using
Fastp software [21]. The filtering process involved three
steps: first, adapter contamination was removed; sec-
ond, reads with more than 10% uncertain bases were dis-
carded; and third, reads with more than 50% low-quality
bases (Phred quality score<20) were excluded. Index-
ing was performed using HISAT2 (v2.2.1) software [22]
with the reference genome (Sscrofall.l, https://www.nc
bi.nlm.nih.gov/assembly/GCF_000003025.6/) obtained
from the NCBI database. HISAT2 was then used to
align the cleaned reads to the reference genome (--dta
--max-intronlen 5000000), generating SAM format files
that contained the read mapping information for each
sample. The transcripts for each sample were assembled
using StringTie (v2.2.1) [23], and the GTF files from 31
samples were merged into a nonredundant GTF file. The
FPKM (reads per kilobase of the exon model per million
mapped reads) values for all the genes across the samples
were subsequently obtained using Cufflinks (v2.1.1) [24].
Finally, on the basis of the annotation information of the
reference genome, gene expression profiles containing
only mRNAs and IncRNAs were extracted for subsequent
analysis.

Establishment of weighted gene coexpression networks
and identification of modules

WGCNA was employed to perform correlation network
analysis on large, high-dimensional datasets [25]. This
method clusters highly correlated genes into the same
modules and identifies complex relationships between
modules and traits. Genes with low expression levels in
living organisms are less likely to have biological func-
tions [26]. Therefore, we excluded genes from the gene
expression profile that had an average FPKM < 0.5 across
the 31 individuals [27]. A one-step function is used to
construct the network and identify consensus modules
in this study. First, the gene expression matrix is con-
verted into an adjacency matrix, and an unsupervised
coexpression relationship is constructed on the basis of
the Pearson correlation coefficient between gene pairs.
The adjacency matrix is then weighted using a power
exponent P (soft threshold), with the choice of B deter-
mined by the scale-free topology criterion. When the
soft threshold is set to 3, the scale-free topology fit index
starts to level off, indicating good network connectivity.
Next, the adjacency matrix is transformed into a topolog-
ical matrix, and the topological overlap matrix (TOM) is
used to measure the similarity between gene pairs. Using
1-TOM, genes with similar expression profiles are clus-
tered into gene modules via average linkage hierarchical
clustering. The minimum number of genes in each mod-
ule is set to 30, with the deepSplit parameter set to 3,
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while the remaining parameters are kept at their default
values.

Identification of modules associated with traits and hub
genes in the key module

Correlation analysis between coexpression modules and
the IMF content was performed on the basis of the rel-
evant literature [28]. Module—trait relationships were
assessed using Pearson’s correlation, with a correlation
coefficient (corr) greater than 0.7 and a pvalue less than
0.05 considered indicative of a significant relationship.
Gene significance (GS) and module membership (MM)
were calculated for each gene within the respective mod-
ules. GS reflects the relationship between gene expres-
sion levels and the IMF content, whereas MM indicates
the correlation between a gene and the module’s feature
genes. When both GS and MM are highly correlated for
a gene, the gene is not only strongly associated with the
trait of interest but also likely a hub gene within the mod-
ule that is related to that trait [29]. Among the modules
significantly associated with IMEF, genes with a GS value
greater than 0.4 and an MM value greater than 0.8 were
considered hub genes [30]. Visualization and analysis of
all the hub IncRNAs and the top 30 hub mRNAs in key
modules were performed using Cytoscape [31].

GO function and KEGG pathway analyses

Kyoto Encyclopedia of Genes and Genomes (KEGG) and
Gene Ontology (GO) analyses are widely utilized tools in
bioinformatics. GO and KEGG enrichment analyses of
all the mRNAs within the key modules were conducted
using the DAVID database. The enrichment results were
visualized using the ggplot2 (v2.2.0) package in R. Hub
mRNAs and hub IncRNAs associated with IMF-related
KEGG pathways were screened for further identification
of key mRNAs.

Protein—protein interaction network construction and
identification of key genes

The interactions between hub mRNAs in key modules
were analysed using the STRING database to construct
protein-protein interaction (PPI) networks. The “Analyze
Network” plugin for Cytoscape was employed to calcu-
late and visualize the gene degrees within the PPI net-
work. The top-degree hub mRNAs were identified as key
regulators of IMF deposition [32].

LncRNA target mRNA analysis and identification of key
LncRNAs

The cis-target genes of IncRNAs are typically located in
proximity to adjacent genes [33]. To identify the cis-tar-
get genes of IncRNAs, FEELnc (v0.1.1) was used to search
for all coding genes located within 100 kb upstream or
downstream of the hub IncRNAs [34]. Previous studies
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have suggested that the trans-target genes of IncRNAs
are often associated with their coexpressed genes [32].
The cor function in R was applied to calculate the Pearson
correlation coefficient (PCC) between the hub IncRNAs
and hub mRNAs within critical modules. LncRNAs play
a significant role in regulating mRNA expression and are
considered key IncRNAs when their target genes are crit-
ical mRNAs.

Construction of the LncRNA-mRNA-pathway networks

To investigate the potential regulatory mechanisms of
IncRNAs, we constructed an IncRNA-mRNA-pathway
network based on IncRNA-mRNA targeting pairs and
key mRNAs involved in regulating the IMF-related path-
way. The IncRNA-mRNA-pathway network was then
visualized and analysed using Cytoscape software.

Results

Summary of sequencing data

We collected 31 LDM muscle tissue samples from
Jiangquan black pigs for full-length transcriptome
sequencing. An average of 132.02 million paired-end
clean reads were obtained for each sample, with a Q30
value exceeding 90.85%, and the average mapping rate
was greater than 94.22% (Supplementary Table 2).
The final gene expression matrix of the 31 individuals
included 20,195 mRNAs and 5,414 IncRNAs.

Construction of the weighted co-expression networks

After low-expression genes (FPKM<0.5) were removed,
8,093 mRNAs and 198 IncRNAs were used in WGCNA
to construct coexpression networks. Cluster analysis
indicated that all samples were grouped into a single clus-
ter, so there was no need to remove any outliers (Supple-
mentary Fig. 1). The soft-thresholding power was set to
3, with a correlation coefficient threshold of 0.9 (Fig. 1).
Modules were merged on the basis of the criterion of dis-
similarity less than 0.25, with a minimum module size
of 30 genes. As a result, 9 modules were identified, each
represented by a distinct colour (Fig. 2). The number of
genes in these modules ranged from 33 to 3,648 (Table 1).

Identification of key modules and hub genes

A Pearson correlation analysis was conducted to examine
the relationships between module eigengenes and IMF
traits (Fig. 3). The magenta module presented a signifi-
cant positive correlation with the IMF content (corr=0.7,
P<0.001), whereas the turquoise module presented a
significant negative correlation (corr = -0.77, P<0.001).
On the basis of these findings, the magenta and tur-
quoise modules were selected as key modules for subse-
quent analysis. For each gene within these modules, we
performed a correlation analysis between MM and GS.
As shown in the scatter plot (Fig. 4), MM was strongly
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Table 1 The number of MRNAs and LncRNAs in each of the nine

modules

module mRNA IncRNA Total
black 2363 56 2419
cyan 409 7 416
greenyellow 299 3 302
grey60 581 8 589
lightcyan 43 0 43
lightgreen 32 1 33
magenta 525 10 535
pink 300 1 301
turquoise 3536 112 3648

correlated with GS in both the magenta (corr=0.81,
P<0.001) and turquoise (corr=0.86, P<0.001) modules.
Hub genes were selected from the key modules for fur-
ther analysis on the basis of the criteria of GS>0.4 and
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MM >0.8 (P<0.01). A total of 50 hub genes, including 49
mRNAs and 1 IncRNA, were identified in the magenta
module, while the turquoise module contained 407 hub
genes, consisting of 396 mRNAs and IncRNAs. From
these, all hub IncRNAs and the top 30 hub genes with
the highest degrees of connectivity were selected from
the two modules. Gene interaction networks were then
constructed using Cytoscape software (Supplementary
Fig. 2).

GO and KEGG pathway analyses of key modules

GO and KEGG enrichment analyses of the mRNAs in
the magenta and turquoise modules were performed
using the DAVID database (https://davidbioinformatics
.nih.gov/). In total, 118 significantly enriched GO terms
were identified in the magenta module, and 104 GO
terms were identified in the turquoise module (P<0.05;

Module-trait relationships
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Fig. 4 Scatterplot of Gene module membership and gene significance within the magenta module (a) and the turquoise module (b)

Supplementary Table 3). The top 30 most significant GO
terms and the top 10 KEGG pathways are presented in
Fig. 5a-d. In both the magenta and turquoise modules,
the majority of significantly enriched GO terms were
found in the biological process (BP) category, accounting
for 90% and 60%, respectively. The genes in the magenta
module were predominantly associated with enzyme
binding, intracellular signal transduction, and protein
localization (Fig. 5a). The genes in the turquoise module
were involved primarily in protein and energy metabo-
lism and were localized mainly to intracellular ribonu-
cleoprotein complexes, ribosomes, and mitochondria
(Fig. 5b). KEGG pathway enrichment analysis revealed
that the magenta module was predominantly associated
with lipid synthesis, whereas the turquoise module was
linked to energy metabolism. Genes in the magenta mod-
ule were enriched in pathways such as focal adhesion,
PI3K-Akt signalling, MAPK signalling, and insulin resis-
tance (Fig. 5c). In contrast, pathways related to energy
metabolism, including oxidative phosphorylation, ther-
mogenesis, and fatty acid degradation, were enriched in
the turquoise module (Fig. 5d). Additionally, eight hub
mRNAs in the magenta module and thirty hub mRNAs
in the turquoise module were identified in KEGG path-
ways potentially related to fat deposition (Supplementary
Table 2).

Construction of the PPl network and identification of key
mRNAs

The hub mRNAs involved in KEGG pathways associated
with IMF were selected to construct PPI networks using

the STRING database and subsequently analysed and
visualized with Cytoscape 3.6.1 software. Only nine hub
mRNAs in the magenta module were involved in IMF-
related pathways, and STRING analysis did not iden-
tify CASP7 proteins in Sus scrofa. As shown in Fig. 6a,
proteins that did not interact with other proteins were
excluded, and six hub mRNAs in the magenta module
were identified as key mRNAs (CBL, CRKL, PDGFRB,
DOCKI1, YWHAH, and HSP90ABI). In the turquoise
module, the PPI network consisted of 26 nodes and 201
edges (Fig. 6b). The top 12 hub mRNAs (LOC100524873,
NDUFB7, NDUFS5, NDUFA11, UQCRI0, NDUFAI2,
NDUFS6, NDUFA2, NDUFA1, NDUFABI1, NDUFBI0
and NDUFB3) with the highest degree of connectivity
(degree > 38) were selected as key mRNAs.

Identification of key LncRNAs and LncRNA-mRNA pathway
construction of the coexpression network

On the basis of the WGCNA results and the targeting
relationships between IncRNAs and key mRNAs, we
identified the key IncRNAs that may regulate IMF deposi-
tion. In the magenta module, TGOLN2 was the only hub
IncRNA that exhibited a strong correlation (corr>0.79)
with CRKL and DOCKI. LOC100524915 demonstrated
a strong correlation (corr>0.9) with all 12 key mRNAs
in the turquoise module, despite the high threshold
set for correlation. Additionally, LOC100622481 and
LOC100521518 were found to be associated with multi-
ple key mRNAs on the basis of coexpression correlations.
IncRNA-mRNA-pathway networks were constructed
to elucidate the roles and functional mechanisms of
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key IncRNAs in the magenta and turquoise modules.
In the magenta module, the IncRNA-mRNA-pathway
network contained two key mRNAs, one key IncRNA,
and one KEGG pathway (Fig. 7a). TGOLN2 may regu-
late the expression of DOCKI and CRKL, potentially
involving focal adhesion. In the turquoise module, the
mRNA-IncRNA-pathway network included 12 key
mRNAs, three key IncRNAs, and three KEGG pathways
(Fig. 7b). LOC100524915 was linked to all key mRNAs
and enriched in pathways related to thermogenesis, oxi-
dative phosphorylation, and nonalcoholic fatty liver dis-
ease. LOC100521518 was associated with eight mRNAs
(NDUFA2, NDUFS6, NDUFB7, NDUFB3, UQCRIO,
LOC100524873, NDUFB10, and NDUFS5) and was
enriched in the oxidative phosphorylation, thermo-
genesis, and nonalcoholic fatty liver disease pathways.
LOCI100622481 was associated with only NDUFB7 and
was enriched primarily in nonalcoholic fatty liver disease.

Discussion

Multiple genes are involved in the regulation of porcine
fat deposition, with complex interactions between them.
Traditional unidimensional approaches have limited the
identification of key genes and regulatory mechanisms
underlying this trait. However, WGCNA provides an
effective solution by modularizing thousands of genes
on the basis of their expression patterns, thereby facili-
tating the identification of key genes that influence a
trait [35]. In our study, we used 8,093 mRNAs and 198
IncRNAs from 31 Jiangquan black pigs to construct a
WGCNA. The average connectivity was 243 when R?
was set to 0.9, indicating both the high biological signifi-
cance of the network and strong gene correlations within
the modules, which facilitated the identification of key
mRNAs and IncRNAs. Following the WGCNA, nine
coexpression modules were identified, with the magenta
module showing a positive correlation with IMF and the

turquoise module exhibiting a negative correlation with
IMF (corr=0.68, P<0.01).

The results of the functional enrichment analysis
revealed significant differences in the biological functions
associated with the magenta and turquoise modules. The
magenta module was associated primarily with IMEF-
related pathways, including focal adhesion, the PI3K-Akt
signalling pathway, the MAPK signalling pathway, and
the JAK-STAT signalling pathway. Focal adhesion plays
a crucial role in cell adhesion and migration, processes
essential for adipocyte differentiation and lipid storage
[36—-38]. The PI3K-Akt pathway is a key regulator of lipid
metabolism in the liver and diabetic kidney disease and
influences the proliferation of intramuscular fat precur-
sor cells in pigs [38]. The MAPK pathway is involved in
cell proliferation, differentiation, and stress responses,
regulating adipogenesis at multiple stages, from stem
cells to mature adipocytes [39]. The JAK-STAT pathway
is involved in inflammation and the regulation of adi-
pokines in adipocytes, which are hormones that influ-
ence fat metabolism [36—37]. According to the WGCNA
results, the magenta module was positively correlated
with the IMF content, and the hub genes within this mod-
ule are involved in pathways related to adipocyte differ-
entiation. These findings suggest that the hub genes may
play pivotal roles in regulating IMF deposition. Through
KEGG and PPI analyses, PDGFRB, CRKL, DOCKI, CBL,
YWHAH, and HSP90AB1, which may be key regulators
of IMF deposition, were identified as key genes in the
magenta module. Platelet-derived growth factor recep-
tor beta (PDGFRB, GS=0.48, MM =0.83) encodes a cell
surface tyrosine kinase receptor that binds members
of the platelet-derived growth factor family. PDGFRB
is involved in several IMF-related pathways, including
focal adhesion, the JAK-STAT signalling pathway, and
the MAPK signalling pathway. In addition to promoting
adipocyte differentiation in the myocardium, PDGFRB
has been shown to contribute to adipocyte formation
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following rotator cuff tears in a mouse model [40]. CRKL
is an adapter protein involved in the MAPK signalling
pathway, focal adhesion, and insulin signalling pathway,
all of which regulate preadipocyte differentiation. Several
studies have demonstrated that CRKL plays a critical role
in cancer signalling and promotes adipogenesis in adi-
pose-derived stem cells [41]. HSP90ABI encodes the con-
stitutive form of the 90 kDa cytosolic heat shock protein
and is involved in the PI3K-Akt signalling pathway, lipid
metabolism and atherosclerosis. HSP90ABI1 has been
shown to promote proliferation, migration, and glycolysis
in cancer cells; however, its association with IMF depo-
sition has not been previously reported [42]. DOCKI
functions primarily as a small GTPase activator, playing
crucial roles in cell migration, morphological changes,
and signal transduction. These processes are essential for
the differentiation of adipocytes from precursor cells to
mature adipocytes. However, the precise mechanisms
underlying its role in adipogenesis and lipid metabolism
require further investigation [43]. LncRNAs play critical
roles in regulating adipogenesis, thermogenesis, and lipid
metabolism. In the magenta module, TGOLN2 was iden-
tified as the sole hub IncRNA. Two key mRNAs, CRKL
and DOCKI, were identified as trans-target genes of
TGOLN?2, suggesting that TGOLN2 may indirectly regu-
late key processes in lipid metabolism through its inter-
action with these genes. In the IncRNA-mRNA-pathway
network, TGOLN2 is involved in the focal adhesion sig-
nalling pathway by regulating the expression of CRKL
and DOCKI. However, the specific role of TGOLN2 in
lipid metabolism requires further investigation, particu-
larly regarding its impact on adipocyte differentiation
and function.

The turquoise module was negatively correlated with
fat deposition. Enrichment analysis revealed that the hub
genes in this module are involved primarily in energy
metabolism, including processes such as oxidative phos-
phorylation, thermogenesis, the citric acid cycle, and fatty
acid degradation [44, 45]. Fat serves as a critical energy
source for cells, and its accumulation in adipocytes is
typically promoted under conditions of energy surplus,
facilitating adipocyte growth and differentiation, which
leads to IMF deposition. Oxidative phosphorylation,
thermogenesis, the citric acid cycle, and fatty acid deg-
radation are classic pathways involved in energy metabo-
lism and play key roles in cellular energy production and
lipid consumption. For example, in brown adipose tissue,
the thermogenesis pathway regulates body temperature
through fat oxidation, while simultaneously consuming
excess fat, thereby reducing fat storage [46]. Hub genes
in the turquoise module may regulate oxidative meta-
bolic processes, thereby promoting lipid catabolism and
ultimately reducing IMF levels. These findings suggest
that the genes within the turquoise module play a key
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role in regulating lipid metabolism, particularly in energy
expenditure and lipid breakdown, which in turn modu-
lates the mechanisms of fat storage [47]. A total of 35
hub genes in the turquoise module are involved in energy
metabolism-related pathways, 16 of which are subunits of
NADH: ubiquinone oxidoreductase, including NDUFA?2,
NDUFB4, and NDUFC2. Ubiquinone oxidoreductase
subunits are essential for the assembly of mitochondrial
respiratory chain complex I and play a critical role in
energy metabolism [48]. PPI network analysis revealed 12
key mRNAs with the highest degree values among the 35
hub genes associated with energy metabolism, suggesting
that these genes may play a central regulatory role within
the PPI network. LOC100524873 encodes a subunit of
the cytochrome bcl complex, which plays a crucial role
in mitochondrial function [49]. UQCRIO0, a subunit of
mitochondrial complex III, is an essential component of
the mitochondrial membrane respiratory chain [50]. The
remaining 10 key mRNAs are part of the NADH dehy-
drogenase family, with these subunits playing a role in
electron transfer and mitochondrial energy metabolism
[51]. For example, NDUFABI contributes to the break-
down of fat by enhancing mitochondrial metabolism,
potentially preventing obesity [52], whereas NDUFA2
is involved in fatty acid p-oxidation and oxidative phos-
phorylation, processes that contribute to fatty acid catab-
olism and may reduce the intramuscular fat content [53].

The IncRNA-mRNA-pathway regulatory network
constructed in the turquoise module includes three
key IncRNAs (LOCI00524915, LOCI100622481, and
LOC100521518). Of these, 12 key mRNAs are target
genes of LOC100524915 and are involved in processes
such as oxidative phosphorylation, thermogenesis, and
nonalcoholic fatty liver disease [54]. Although the specific
function of LOC100524915 has not been reported in the
literature, the pathways associated with its target genes
identified in this study suggest that LOC100524915 may
play a critical role in energy metabolism and lipid metab-
olism. NDUFB?7 is the sole target gene of LOC100622481.
In a previous WGCNA of beef quality, NDUFB7 was
identified as a potential key gene associated with intra-
muscular fat deposition [55]. In humans, NDUFB7 is
expressed at higher levels in adipose tissue than in other
tissues [56]. The interaction between LOC100622481 and
NDUFB?7 suggests that LOC100622481 may play a role in
regulating lipid metabolism and IMF deposition [51].

In this study, we have provided preliminary evidence
from sequencing analysis, suggesting that key IncRNAs
and key mRNAs may be involved in IMF deposition and
energy metabolism. However, these hypotheses have
not been experimentally validated. Owing to the lack of
experimental support, the findings are subject to limi-
tations, and the precise roles of these molecules in IMF
deposition and energy metabolism cannot be definitively
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confirmed. Future research should include functional
experiments to further validate the specific functions
and mechanisms of these IncRNAs and mRNAs in lipid
metabolism. Additionally, the small sample size and the
data derived from a specific population may limit the
generalizability of the results. We recommend further
validation in a broader cohort to enhance the external
validity and reliability of the findings.

Conclusions

In this study, 18 key mRNAs and four key IncRNAs
potentially involved in IMF deposition in pigs were iden-
tified through WGCNA, enrichment analysis, and PPI
analysis. The identified mRNAs, including CRKL, CBL,
PDGEFRB, and various subunits of NADH dehydrogenase,
likely play significant roles in regulating IMF deposition.
Additionally, the constructed IncRNA-mRNA-pathway
network highlighted the potential regulatory mecha-
nisms of IncRNAs, such as TGOLN2, LOC100521518,
LOCI100524915, and LOC100622481, in influencing IMF
deposition. These findings provide valuable insights into
the complex regulatory networks governing IMF deposi-
tion and offer a foundation for further studies to eluci-
date the molecular mechanisms underlying fat deposition
in pigs, with potential implications for breeding strate-
gies aimed at improving pork quality.
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