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Abstract

Background
Fatty acid metabolism in animals has a major impact on production and disease resistance traits. According to the high rate of interactions between lipid
metabolism and its regulating properties, a holistic approach is necessary.

Methods
To study multi-omics layers of adipose tissue and identi�cation of genes involved in fat metabolism, storage and endocrine signaling pathways in two groups
of broiler chickens with high and low abdominal fat, high-throughput screening (HTS) techniques were used. The Gene-miRNA interacting bipartite and
metabolic-signaling networks were reconstructed using their interactions.

Results
In the analysis of microarray and RNA-Seq data, 1835 genes were detected by comparing the identi�ed genes with signi�cant expression differences. Then, by
comparing, 34 genes and 19 miRNAs were detected as common and main nodes. The literature mining approach was used and 7 genes were identi�ed and
added to the common gene set. Module �nding revealed three important and functional modules. The detected modules 1, 2, and 3 were involved in the PPAR
signaling pathway, biosynthesis of unsaturated fatty acids, and Alzheimer's disease metabolic pathway, adipocytokine, insulin, PI3K-Akt, mTOR and AMPK
signaling pathway.

Conclusions
This approach revealed a new insight for a better understanding of the biological processes associated with adipose tissue.

Background
Total carcass fat of broilers varies depending on sex, bird age, nutrition, and genetic factors and it is about 12% [1]. The main fat stored in broiler carcass is
two kinds of subcutaneous fat and ventricular fat, Which a portion of carcass fat (about 18 to 22 percent) is stored in the ventricular area [2]. In the following,
in humans, as the main consumer of poultry meat, over-fat storage in skeletal muscle is associated with metabolic diseases such as type 2 diabetes,
cardiovascular disease and subsequently will lead to the risk of a heart attack. Fat production in poultry is a high-inheritance polygenic trait regulated by
various behavioral, environmental, and hormonal factors [3].

Many studies have been reported identi�ed genes related to storage lipids in broilers [4, 5, 6]. On the other hand, the integration of high-throughput genomic
DNA and RNA sequencing leads to identify genomic regions that control traits at the whole genome scale [7]. Some studies that using high-density
microarrays in two groups of obese (high-fat) and lean (low-fat) birds indicated genes associated with lipogenic pathways [8, 9]. Comparing the expressed
genes, a large number of genes were identi�ed in endocrine, hemostatic, lipolytic and lipid transduction in abdominal fat of chickens with low ventricular fat
[10]. As well as, the visceral fat of broilers with high abdominal fat indicated high expression of numerous transcription factors, enzymes, and transducers
involved in adipogenesis and lipogenesis [10]. 

In addition to identifying genes and pathways associated with lipid metabolism, the mechanism for regulating their expression should also be examined.
MicroRNAs, are regulatory molecules with a length of 19-25 nucleotides [11]. Mature microRNAs leads to decomposition or inhibit translation by complete or
partial coupling to target mRNAs (usually paired with the 3`UTR region) [12]. By increasing �elds in biology research as well as, introducing other �elds such
as biological mathematics and statistics, we have witnessed the emergence of various areas in biology. One of the most important areas is the application of
bioinformatics and systems biology and integrated multi-omics data. In the systems biology, attempted to identify the cellular system and formulate cell
behaviors and then design a cell model by combining genomic, transcriptomic, proteomic, and metabolomic layers [13]. In this regards, interactive bi-partite
networks of Gene-miRNA are used in a number of studies to discover functional modules [14, 15, 16].

However, identi�cation of upstream and downstream genes, reconstruction of networks, bipartite interaction network of Gene-miRNA and metabolic-signaling
network involved in metabolism and adipose storage especially abdominal fat by using high-throughput data in broilers have not been reported. Regarding
that fat storage in broilers is considered as an important economic trait in relation to high growth rate, and based on previous studies of fat metabolism in the
body and signaling pathways related to fat storage and its transmission in laboratory species as well as broilers, it was assumed that the two broiler groups of
high-abdominal fat and low-abdominal fat have expression differences in metabolism and fat-storage genes.

Accordingly, this study aims to use integration of RNA-Seq and microarray data to identify and classify candidate genes that involved in lipolysis and
lipogenesis, reconstruction of the interactive bi-partite network of Gene-miRNA, identi�cation of functionally-relevant modules as well as regeneration of the
metabolic-signaling network associated with the process of metabolism and fat storage in broilers.

Methods
Figure 1 shows the overall work�ow for analyzing and �nding functionally-relevant modules with high and low-fat storage in the broilers’ ventricle.
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Data analysis
In the biological system and the reconstruction of biological networks, namely, gene regulation, interactions, protein-protein interaction, and metabolic
networks, the �rst step is to collect and evaluate the available data. In this regard, the main data of this study were obtained by investigating and reviewing
related articles and collecting microarray and RNA-Seq data from different databases.

By searching the GEO (Gene Expression Omnibus) database (www.ncbi.nlm.nih.gov/geo) and ArrayExpress (www.ebi.ac.uk/arrayexpress) for abdominal fat in
various species especially for Gallus gallus domesticus, a signi�cant amount of data were collected. The accession numbers for the RNA-Seq and microarray
datasets were showed in Table 1.

Table 1
GEO access codes for RNA-Seq and microarray datasets

NO. Data Type GSE Platforms No. Sample(s) Contributor(s)

1 RNA-Seq GSE49121 GPL16133 (Illumina HiSeq 2000) 16 Resnyk et al., 2017

2 RNA-Seq GSE42980 GPL16133 (Illumina HiSeq 2000) 24 Resnyk et al., 2015

3 Microarray GSE37585 GPL1731 (DEL-MAR 14K Integrated Systems) 24 Resnyk et al., 2013

4 Microarray GSE8812 GPL1731 (DEL-MAR 14K Integrated Systems) 24 Cogburn, 2007

5 Microarray GSE45825 GPL1731 (DEL-MAR 14K Integrated Systems) 24 Resnyk et al., 2017

6 Microarray GSE10052 GPL1731 (DEL-MAR 14K Integrated Systems) 8 Byerly et al., 2010

7 Microarray GSE3867 GPL3265 ( Chicken cDNA DDMET 1700 array version 1.0) 28 Bourneuf et al., 2006

8 Microarray GSE118611 GPL25454 (Arraystar Mouse ncRNA microarray V3B) 12 Shen et al., 2019

Analysis Of Microarray Data
Microarray data were pre-processed in software R, using package Lumi [17] and Affy [18]. The processed data were then evaluated using packages Limma
[19], GEOquary [20], and Biobase [21]. Among the number of identi�ed genes, the genes which were common in terms of �ve accession numbers were
identi�ed; and the gene list was considered as a gene set 1.

Analysis Of RNA-Seq Data
Various software were used to analyze the RNA-Seq data related to the accession numbers Initially, FastQC quality control software [22] was used to control
the quality of existing data. After converting the �le format, the data required to trim the adapters using Trimmomatic software [23]. For aligning, TopHat2
software [24] was used to map the reads on the reference genome of the chicken species (Gallus Gallus domesticus). Finally, different gene expression was
performed using CuffDiff software [25]. The genes which were common in terms of accession numbers were identi�ed and considered as a gene set 2.

Functional Gene Set Annotation And Enrichment

Main Gene List
Genes with signi�cant differences related to microarray and RNA-Seq data were examined and listed as gene set 1 and 2, respectively. Finally, genes that were
common in two sets were chosen as the main gene list.

Ideti�cation Of miRNAs And Target Genes
Accession number GSE118611 [29], which related to miRNA in mouse species and associated with lipid metabolism, was analyzed. For this purpose, Blast N
(available tool in miRBase database) was used [30], miRNAs of Gallus gallus domesticus that were involved in lipid metabolism were detected. miRNA target
genes was performed based on the bioinformatics platform miRWalk 3.0 [31]. The platform integrates information from different miRNA-target databases and
TargetScanVert software [32].

Reconstruction Of Omics Multi-layers Networks
STRING [33] and GeneMania databases [34] were used for detecting interactions between different omics layers. Protein–protein interaction (PPI) data were
abstracted from Biomolecular Interaction Network Database (BIND), Database of Interacting Proteins (DIP), Biological General Repository for Interaction
Datasets (BioGRID) and Mammalian Protein–Protein Interactions Database (MIPS). Networks were reconstructed using Cytoscape 3.7.2. [35]. The metabolic-
signaling pathways involved in the lipid metabolism and storage was reconstructed by different databases and Cell Designer version 4.4.2 [36].

http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/geo
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Modules And Hub Nodes Detection
For �nding sub-graphs and hub nodes, MCODE, one of the Cytoscape plugins was used [37].

Results
2914 genes were extracted after analyzing the microarray data to express the gene differences; and 612, 107, 582, 104 and 46 genes were respectively
identi�ed after considering the expression change threshold in each of the available accession numbers, GSE37585, GSE8812, GSE45825, GSE10052, and
GSE3867; and the difference in numbers of genes refers to differences in time and place of broiler chicken farming. In general, 1451 genes were signi�cantly
different. In the data analysis of RNA-Seq, 1867 genes were identi�ed; and then 314 and 70 genes were detected after considering the threshold (P < 0.00001)
of expression change in accession numbers of GSE49121 and GSE42980, respectively. A total of 384 genes were signi�cantly different.

Identi�cation Of miRNA And Target Genes
In the data analysis of microRNA to express differences in miRNAs, 250 miRNAs were detected, and 19 miRNA and 15 genes were identi�ed by taking into
account the threshold (LogFC <-2, LogFC > 2 and P-value < 0.00001) of expression change in the accession number of GSE118611 to identify suppressing
miRNAs as well as target genes in the same gene set (Table 2). Finally, the data analysis of miRNAs indicated 11 miRNAs with higher expression and 8
miRNAs with lower expression in the greater abdominal fat storage compared to the lower abdominal fat storage.
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Table 2
Genes and miRNAs, Annotation, Lipogenesis and Lipolysis genes involved in fat metabolism and deposition. Upregulated and Downregulated abdominal 

Lipogenesis Lipolysis

Gene Annotation Gene Expression miRNA Expression Gene Annotation Gene Express

Downregulation

(logFC)

Upregulation

(logFC)

Downregulation

(logFC)

Upregulation

(logFC)

Downregulati

(logFC)

THBS1 Thrombospondin 1 *   - gga-miR-
6554-5p

gga-miR-
6667-5p

gga-miR-
6562-3p

COLEC12 Collectin
Subfamily
Member 12

*

ANXA7 Annexin A7 *   - gga-miR-466 RGS19 Regulator Of G
Protein Signaling
19

*

TMEM258 Transmembrane
Protein 258

  * - - HTR7L 5-
hydroxytryptamine
receptor 7 like

 

DHCR7 7-
Dehydrocholesterol
Reductase

  * - - G6PC Glucose-6-
Phosphatase
Catalytic Subunit

 

FADS2 Fatty Acid
Desaturase 2

  * - - HMGCR 3-Hydroxy-3-
Methylglutaryl-
CoA Reductase

 

FASN Fatty Acid
Synthase

  * - - ACAT1 Acetyl-CoA
Acetyltransferase
1

*

INSIG2 Insulin Induced
Gene 2

  * gga-miR-7444-
5p

- ADH1C Alcohol
Dehydrogenase
1C (Class I),
Gamma
Polypeptide

*

LCAT Lecithin-
Cholesterol
Acyltransferase

  * - - APP Amyloid Beta
Precursor Protein

*

MVD Mevalonate
Diphosphate
Decarboxylase

  * - - EHHADH Enoyl-CoA
Hydratase And 3-
Hydroxyacyl CoA
Dehydrogenase

*

SCD Stearoyl-CoA
Desaturase

  * - - GAMT Guanidinoacetate
N-
Methyltransferase

*

SREBF1 Sterol Regulatory
Element Binding
Transcription
Factor 1

  * - - HADHB Hydroxyacyl-CoA
Dehydrogenase
Trifunctional
Multienzyme
Complex Subunit
Beta

*

APOA1 Apolipoprotein A1 *   - - HSD17B4 Hydroxysteroid 17-
Beta
Dehydrogenase 4

*

BCO2 Beta-Carotene
Oxygenase 2

*   - - HSD17B6 Hydroxysteroid 17-
Beta
Dehydrogenase 6

*

CYP27A1 Cytochrome P450
Family 27
Subfamily A
Member 1

*   - - IRS1 Insulin Receptor
Substrate 1

*
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Lipogenesis Lipolysis

CYP2E1 Cytochrome P450
Family 2
Subfamily E
Member 1

*   - - PHYH Phytanoyl-CoA 2-
Hydroxylase

*

SLC2A2 Solute Carrier
Family 2
(Facilitated
Glucose
Transporter),
Member 2

GLUT2

*   - - SOD3 Superoxide
Dismutase 3

*

            TP53 Tumor Protein P53 *

            UCP3 Uncoupling
Protein 3
(Mitochondrial,
Proton Carrier)

*

Identi�cation of common genes in gene sets 1 and 2

384 genes in data of RNA-Seq and 1451 genes in the microarray data had differentially expressed genes (DEG). 34 genes were common in two gene sets 1
and 2 relating to microarray data and RNA-Seq data sets, respectively.

In this regard, 16 and 18 genes were related to lipogenesis and lipolysis processes (Table 2). THBS1 and INSIG2 genes in the gene set associated with the
lipogenesis process as well as COLEC12, HMGCR, APP and IRS1 genes in the gene set associated with the lipolysis process had the highest level of
suppression by miRNAs.

Nine out of 16 genes had higher expression in the gene set associated with the lipogenesis; and 15 out of 18 genes in the gene set associated with the
lipolysis had lower expression in higher abdominal fat tissue compared to the lower abdominal fat tissue (Table 2).

Reference Gene List

Articles related to the process were also reviewed to ensure the accuracy and seven genes, which did not exist in the list of previous data, were selected and
added to the gene list. The selected seven genes included BACE1, BACE2, PSEN1, PSEN2, PERP, SIK1 and LOC421682 genes. It should be noted that the list of
genes in Table 2 (34 genes) and seven genes identi�ed by investigating the sources were considered as the list of reference genes (41 genes).

Gene Interaction Network, GO Terms And Pathways
Figure 2 shows the network of the reconstruction of genes interactions, GO terms and pathways. In this network, APP, SREBF1, HMGCR, FADS2, SCD, ACAT1,
FASN, HADHB and EHHADH genes had the highest interaction with other genes in the network.

Reconstruction Of The Interactive Bipartite Network Of Gene-miRNA
The network contains 49 nodes (including 32 genes and 17 miRNAs) and 95 edges. The reconstructed network with .cys format was stored for other analyses
(Fig. 3).

Important And Functional Network Modules
According to interactive bipartite network of Gene-miRNA and �nding the relevant sub-networks or modules, 3 modules contained 31 genes and 7 miRNA as
presented in Table 3. The table also presents important signaling pathways and cellular processes (metabolic pathways) in which the relevant modules are
involved (Fig. 2).
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Table 3
Modules, genes and miRNAs, signaling pathway and phenotypic explanations in the integrated gene-miRNA bipartite network involved in fat metabolism and

deposition. Upregulated and Downregulated abdominal Fat in genetically fat compared with lean chickens.

  Genes miRNAs    

Module Downregulated

(logFC)

Upregulated

(logFC)

Downregulated

(logFC)

Upregulated

(logFC)

Signaling
Pathway

Explanation

Main COLEC12, ANXA7, SOD3, SIK1,
UCP3, ADH1C, SLC2A2, IRS1,
BACE2, PERP, LOC421682, PHYH,
CYP27A1, HADHB, THBS1,
APOA1, BACE1, ACAT1, HSD17B4,
EHHADH, APP, PSEN2, PSEN1

LCAT,
INSIG2,
FADS2, SCD,
DHCR7,
FASN,
SREBF1,
MVD,
HMGCR

gga-miR-454-3p, gga-miR-
7460-5p, gga-miR-133a-5p,
gga-miR-1710, gga-miR-
1589, gga-miR-22-5p, gga-
miR-7444-3p, gga-miR-1657,
gga-miR-7444-5p

gga-miR-6562-3p, gga-
miR-3532-5p, gga-miR-
6667-5p, gga-miR-6554-
3p, gga-miR-6562-5p,
gga-miR-3532-3p, gga-
miR-6554-5p, gga-miR-
466

PPAR/AMPK Fatty acid
metabolism

Fatty acid
degradation

Terpenoid
backbone
biosynthesis

Biosynthesis
of
unsaturated
fatty acids

Metabolic
pathways

Alzheimer
disease

1 UCP3, SLC2A2, APOA1, IRS1,
SOD3, ADH1C, HADHB, EHHADH,
CYP27A1, HSD17B4, ACAT1

SREBF1,
INSIG2,
HMGCR,
LCAT,
FADS2,
FASN, SCD,
MVD,
DHCR7

gga-miR-1710 gga-miR-6554-5p PPAR/AMPK Fatty acid
metabolism

Fatty acid
degradation

Terpenoid
backbone
biosynthesis

Biosynthesis
of
unsaturated
fatty acids

Metabolic
pathways

Valine,
leucine and
isoleucine
degradation

Cholesterol
metabolism

Primary bile
acid
biosynthesis

2 BACE2, PSEN2, PSEN1, APP,
BACE1

- - gga-miR-3532-3p,

gga-miR-3532-5p, gga-
miR-466,

gga-miR-6554-5p, gga-
miR-6562-5p

Notch
signaling
pathway

Alzheimer
disease

3 CYP27A1, ACAT1, HSD17B4 DHCR7,
MVD, LCAT

- - - Primary bile
acid
biosynthesis

Terpenoid
backbone
biosynthesis

Metabolic
pathways

Cholesterol
metabolism

Fatty acid
metabolism

Module 1 contains 22 nodes (20 genes and 2 miRNAs) and 47 edges. Module 2 contains 10 nodes (5 genes and 5 miRNAs) and 16 edges; and Module 3
includes 6 nodes (6 genes) and 6 edges.



Page 8/19

Reconstruction Of The Metabolic-signaling Network
Signaling pathways include the Notch signaling pathways relating to Alzheimer's disease, PPAR, adipocytokine, insulin, PI3K-Akt, mTOR, and AMPK signaling
pathway respectively (Fig. 7).

Discussion
The priority of abdominal fat tissue in broiler chickens to identify genes involved in metabolism and fat storage is due to the fact that it can be as a prior
model in other species and individuals of a species due to its speci�c metabolic characteristics [38]. The present study detected a total of 34 common genes
that played roles in the main process of synthesis route control, metabolism and fat storage, and signaling pathways of endocrine glands activated by
adipokines, AMPK and PPAR.

The lower expression of a large number of genes associated with the lipolysis indicated a reduction in decomposition of fats and then an increase in the
anabolism and fat storage in broiler chickens, especially in abdominal fat tissue. On the contrary, the higher expression of a large number of genes in the gene
set associated with the lipogenesis con�rms the increase in metabolism and abdominal fat storage.

Chickens with greater abdominal fat had hyperplasia and hypertrophy of fat cells at younger ages compared to chickens with lower abdominal fat. SREBF1,
SREBF2, SCD, FASN and THRSPA were among the most important genes that play major roles in fat storage and metabolism [10]. Hub genes in this study were
APP, SREBF1, HMGCR, FADS2, SCD, ACAT1, FASN, HADHB and EHHADH (Fig. 2).

APP gene is a cell surface receptor and an extra-membrane precursor protein that is decomposed by enzymes to form a number of peptides. Some of these
peptides are secreted and can be bound to an acetyl transferase complex APBB1/TIP60 to strengthen the transcription activities, while other proteins create
amyloid plaques in brains of patients with Alzheimer's disease [39]. It enhances the transcription through binding to APBB1/KAT5, and inhibits Notch signals
through interaction with Numb.

Sterol regulatory element-binding transcription factor 1 (SREBF1) is a protein encoding gene. Fatty liver disease is a SREBF1 gene-related disease; and mTOR
signaling pathway is a pathway associated with SREBF1. Annotation of this gene includes the DNA and chromatin binding transcription factor activity and it
regulates the rate of transcription of the LDL receptor gene, Fatty acid and the cholesterol synthesis pathway to a lesser extent.

HMGCR or 3-hydroxy-3-methylglutaryl coenzyme A reductase is a protein encoding. The Terpenoid backbone biosynthesis pathway is a pathway associated
with this gene [40].

Fatty acid desaturase 2 (FADS2) is a protein-encoding gene with pathways such as fatty acid beta-oxidation (peroxisome) and Alpha-linolenic acid
metabolism. This gene is a part of the lipid metabolic pathway that catalyzes the biosynthesis of unsaturated fatty acids from unsaturated fatty acids of
linoleic acid (18: 2n-6) and linolenic acid (18: 3n-3) [41].

Stearoyl-coenzyme a desaturase (SCD) encodes the enzyme that is involved in the biosynthesis of fatty acids, so that it is �rst responsible for the synthesis of
oleic acid. Its produced protein belongs to the desaturase fatty acid family [42].

ACAT1 (Acetyl-Coenzyme A acetyltransferase 1) is a protein-encoding gene that involved in metabolic pathways of ketone body metabolism and the Terpenoid
backbone biosynthesis. The gene plays a key role in the ketone body metabolism [43].

FASN (Fatty acid synthase) is a protein-encoding gene with pathways such as the metabolism of water-soluble vitamins and cofactors as well as the
enzymatic complex pathway of AMPK.

Hydroxyacyl-CoA Dehydrogenase Trifunctional Multienzyme Complex Subunit Beta (HADHB) is a protein-encoding gene with pathways such as beta-oxidation
of mitochondrial fatty acids and biosynthesis of glycerophospholipids [44].

EHHADH (Enoyl-CoA Hydratase And 3-Hydroxyacyl CoA Dehydrogenase) is a protein encoding gene with pathways such as PPAR alpha pathway and
propanoate metabolism. The gene annotation includes the binding of signaling receptors and oxidoreductase activity [45]. Given the ontology expression and
functions of important and main genes in the network of genes interactions, it can be stated that these genes are the main genes in the metabolism and fat
storage as well as the signaling pathways of endocrine glands, especially AMPK and PPAR signaling pathways.

In Fig. 3, green quadrilateral nodes representing the genes with the highest interaction in the network are the main candidates in lipid metabolism and storage
and play roles in the list of desired gene (reference), metabolic and signaling pathways. The genes with the highest repression levels include THBS1, SIK1,
COLEC12, and BACE1 respectively.

A combined biological system approach is used to detect metabolic and signaling pathways associated with the interactive bipartite network of Gene-miRNA
in the process of fat storage and metabolism of broiler chicken. Fat stored in the skeletal muscles plays roles in important metabolic processes such as
immune function, food consumption, hormone sensitivity and relevant signaling pathways [46].

In module 1, gga-miR-1710 suppress HMGCR Gene. gga-miR-1710 has an expression reduction. Its target gene represents the increased expression in higher
abdominal fat tissue compared to lower abdominal fat tissue. The gene is classi�ed into a set of genes associated with the lipolysis process. Therefore,
reducing expression of gga-miR-1710 and increased gene expression of HMGCR lead to the lipolysis process, thereby reducing the abdominal fat. HMG‐CoA
reductase protein-encoding gene is the cholesterol synthesis limiting enzyme that regulates the product of catalyzed reaction by reductase through a negative
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feedback mechanism by sterols and non-sterol metabolites derived from mevalonate. The enzyme in mammalian cells is usually suppressed by cholesterol
derived from the construction and destruction of low-density lipoprotein (LDL) through the LDL receptor [40].

SCD gene indicates the higher expression in larger abdominal fat tissue compared to the lower abdominal fat tissue. SCD gene is put into the set of genes
associated with the lipogenesis process. Therefore, increasing the SCD gene expression raises the amount of fat storage in the body, especially in abdominal
part. SCD gene (Stearoyl-coenzyme A desaturase) is a protein-encoding gene with pathways including adipogenesis and angiopoietin such as the protein 8
regulatory pathway. It also plays an important role in the lipid biosynthesis and regulating the expression of genes in the mitochondrial fatty acid oxidation
and lipogenesis cycle [47].

gga-miR-6554-5p suppress the IRS1 gene. This miRNA has higher expression; and its target gene shows a lower expression in greater abdominal fat tissue
compared to the lower abdominal fat tissue. IRS1 gene is among the set of genes associated with the lipolysis process. Therefore, increasing expression of
gga-miR-6554-5p miRNA decreases the IRS1 gene expression, thereby reducing the amount of fat catabolism and increasing the abdominal fat storage and
anabolism. IRS1 gene encodes a protein that is phosphorylated by insulin receptor tyrosine kinase. Mutations in the gene are associated with type 2 diabetes
and insulin resistance [48].

SREBF1 gene shows the higher expression in greater abdominal fat tissue compared to the lower abdominal fat tissue. The gene is among the set of genes
associated with lipogenesis process. The higher SREBF1 gene expression increases the abdominal fat storage and anabolism. SREBF1 gene encodes the
Helix-Loop-Helix-Leucine Zipper (bHLH-Zip) that binds the sterol-1 regulator. It is also found in the promoter for low density lipoprotein receptor gene and other
genes in the sterol biosynthesis [49].

In this module, HMGCR gene is suppressed by miRNAs. The gene is associated with the lipolysis process. Therefore, its suppression can prevent the fat tissue
catabolism and lead to the higher fat storage and anabolism in abdominal fat tissue of broiler chickens. In this module, there are six genes, namely HMGCR,
SREBF1, SCD, FASN, HADHB and ACAT1 with certain color (green) and have the highest interaction with other genes involved in the module. The enzyme which
is encoded by FASN gene is a multi-functional protein. Its main function is the canalization of the synthesis of Palmitate from Acetyl-CoA and Malonyl-CoA in
the presence of NADPH to long-chain saturated fatty acids. ACAT1 gene encodes a topical mitochondrial enzyme that catalyzes the reversible form of
Acetoacetyl CoA from two acetyl CoA molecules. HADHB Gene is responsible for encoding the beta subunit of mitochondrial function protein and catalyzes
three �nal three stages of the mitochondrial beta-oxidation process of long-chain fatty acids [44].

The gene set of this module, as presented in Table 3, encodes signaling pathways AMPK and PPAR as well as metabolic pathways of fatty acid synthase,
unsaturated fatty acid synthase, and cholesterol metabolism pathways. Therefore, it can be concluded that the module and genes involved in the process can
be functional modules associated with abdominal fat metabolism and storage in broiler chickens.

The receptor increases the insulin-mediated glucose uptake and improves the blood lipid pro�le by regulating the lipid metabolism, glucose, and free fatty acid
oxidation [50]. Target genes of peroxisome proliferator-activated receptors are related to several proteins that are necessary for absorption, intercellular
transfer, and beta-oxidation of fatty acids, while they include Fatty acid transport protein, Fatty Acid Translocase enzyme, and synthase enzyme involved in the
production of acetyl CoA (for long-chain fatty acids) and Carnitine palmitoyltransferase I [51]. Peroxisome proliferator-activated receptors play roles in the
regulation of the gene transcription process (P2) of fat cells, so that the lean and fat-free meat can be produced by manipulation of the differentiation of fat
tissue cells and their fat content through these receptors.

The cellular response to insulin includes the regulation of blood sugar levels by increasing the glucose uptake in muscles and fat tissues in a way that energy
reserves in fat tissue, liver and muscles increase by stimulating the lipogenesis, glycogen synthesis, and protein synthesis. Insulin signaling pathway
decreases the glucose production by the liver and the total inhibition of energy stored through lipolysis, glycogenolysis and breakdown of proteins. This
pathway also acts as a growth factor and stimulates the cell growth, differentiation and survival [52]. The insulin signaling pathway is an important
biochemical pathway that regulates some basic biological functions such as glucose and lipid metabolism, synthesis of proteins, cell proliferation and
differentiation, and apoptosis [53].

Signaling pathway of Phosphatidylinositol (PI3K)/ Protein Kinase B (Act) is involved in the regulation of many physiological cell processes by activating
effective cross-downstream molecules that play important roles in the cellular cycle, growth and proliferation [54].

Mammalian Target of Rapamycin (mTOR) signaling pathway has both internal and external signals and acts as a main regulator of cellular metabolism,
growth, proliferation, and survival. Exploration carried out over the past decade indicates that the mTOR signaling pathway is activated in various cellular
processes such as tumor formation and angiogenesis, insulin resistance, lipid metabolism, and lymphocyte T activation, and is regulated in human diseases
such as cancer and type 2 diabetes [55].

In module 2, APP gene plays the main role. The gene is suppressed by gga-miR-6554-5p. gga-miR-6554-5p represents the up-regulation; and its target gene
represents the down-regulation in greater abdominal fat tissue compared to the lower abdominal fat tissue. APP gene is a set of genes associated with the
lipolysis process. Therefore its repression by miRNAs in humans is necessary. In poultry, its lower expression is equivalent to a decrease in abdominal fat; and
a decrease in body fat is equivalent to an increase in proliferation performance and other functional traits. Increased body weight or obesity caused by
increased body fat storage is characterized by excessive accumulation of fat in the body and increased levels of adipokines and in�ammatory cytokines. This
indicates an increased risk of Alzheimer's disease, type 2 diabetes, and cardiovascular diseases. It has been recently found that the gene expression level of
APP increases as brain tissue fat and the fat storage tissues increase in the body [56].

gga-miR-6554-5p and gga-miR-466 miRNAs suppress BACE1 gene. These two miRNAs represent the up-regulation and their target genes indicate the down-
regulation in greater abdominal fat tissue compared to lower abdominal fat tissue. BACE1 gene encodes an enzyme that cuts the amyloid precursor protein
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(APP) and produces Amyloid beta peptides that cause amyloid plaque in brains of patients with Alzheimer's [57, 58]. BACE2 is an important paralog of this
gene.

gga-miR-6562-5p and gga-miR-3532-5p suppress the PSEN1 gene. These two miRNAs indicate the up-regulation; and their target gene indicates the down-
regulation in the greater abdominal fat tissue compared to the lower abdominal fat tissue. PSEN1 encodes a protein that is called Presenilin 1. Presenilins are
APP regulators according to their effects on gamma secretase as APP-decomposing enzymes [59].

PSEN2 gene, which has about 67% of similarity to PSEN1 gene, was identi�ed after PSEN1 gene. PSEN2 gene indicated a lower expression in greater
abdominal fat tissue compared to the lower abdominal fat tissue. PSEN2 gene is a protein encoding gene with associated diseases such as Alzheimer's
disease and heart muscle diseases. It encodes the intermediate signaling Presenilin and Wnt/ Hedgehog/Notch pathways [60].

gga-miR-3532-3p suppress BACE2 Gene. The miRNAs indicate the up-regulation; and their target gene, BACE2, indicates the low expression in greater
abdominal fat tissue compared to lower abdominal fat tissue. BACE2 gene encodes a full membrane glycoprotein that is known as an Aspartic protease [61].

Five genes are involved in this module that is associated with the pathway of Alzheimer's disease. This module and its involved genes encode the Notch
signaling pathway and metabolic pathway of Alzheimer's disease. Five genes involved in the module indicated the low expression in fat tissue in greater
abdominal fat tissue compared to lower abdominal fat tissue. APP gene plays roles in the lipolysis process; and BACE1, BACE2, PSEN1 and PSEN2 genes play
roles in the lipogenesis process. In this module, the lower APP gene expression and lower expression of other genes in the process of lipolysis reduce the fat
accumulation, and thus reduce the risk of Alzheimer's disease. If amounts of fat stored in the body increases, it leads to the higher expression of BACE1,
BACE2, PSEN1 and PSEN2 genes, especially BACE1 genes, thereby leading to breakage of the protein encoded by APP gene and creation of conditions for
development of Alzheimer's disease.

Nutrition of unsaturated fatty acids can play a signi�cant role in reducing Alzheimer's disease. A study indicated that metabolisms of unsaturated fatty acids
are signi�cantly regulated in brains of patients with different degrees of Alzheimer's pathology [62]. Another study indicated that the high intake of
unsaturated fats could have a protective role against Alzheimer's disease, while the consumption of saturated or trans-unsaturated fats increases the risk of
developing Alzheimer's disease [63].

In module 3, MVD gene indicated the higher expression in the greater abdominal fat tissue compared to the lower abdominal fat tissue. MVD gene is a set of
genes associated with the lipogenesis process. This gene encodes a Mevalonate diphosphate decarboxylase (MVD) enzyme. Its related pathways include the
protein metabolism and synthesis of available substrates in the biosynthesis of N-glycans. DHCR7 gene is another important gene of this module, indicating
the higher expression in the greater abdominal fat tissue compared to the lower abdominal fat tissue. DHCR7 or 7-dehydrocholesterol reductase is a protein-
encoding gene that plays role in eliminating an enzyme that creates a double bond of C (7–8) in loop B of Sterol and catalyzes the conversion of 7-
dehydrocholesterol to cholesterol. Cholesterol I biosynthesis and vitamin D metabolism are its associated pathways. TM7SF2 gene is an important paralog of
this gene [www.genecards.org, 64].

ACAT1 gene is another important gene in this module indicating the low expression in greater abdominal fat tissue compared to the lower abdominal fat
tissue. This gene catalyzes Acetoacetyl CoA using two acetyl coenzyme A molecules [43].

Given the roles of three main genes involved in the structure of this module as well as using the online database, this module encodes metabolic pathways of
cholesterol metabolism and the metabolism of fatty acids.

In the Notch signaling pathway, Notch receptor is phosphorylated and it activates NICD gene in collaboration with PSEN1 gene as a γ-secretase complex.
Inside the cell nucleus, this gene encodes the sequence of FABP7 gene and triggers the construction of FABP7 mRNA by cooperation with RBPJ/CBF1
complex. FABP gene is activated by two phosphorylated receptors, called FATP and FATCDB6, in the cell membrane. Thereafter, three signaling complexes, 

  and , are activated. These signaling pathways encode genes relating to the fat storage and metabolism in
the cell nucleus. These complexes in the nucleus are related to Lipid transport, Lipogenesis, Cholesterol metabolism, and Fatty acid oxidation, leading to the
process of lipid metabolism by transcription and translation of the genes. In the signaling path of PPAR,  complex is associated with the
insulin-related signaling pathway through the phosphorylated mTORC1 gene in the mTOR pathway. The phosphorylation of this gene results in activation of 

 complex. AMPK signaling pathway is also associated with mTORC1 gene and has an inhibitory effect, in a way that the AMPK pathway
prevents the phosphorylation of mTORC1 gene, so that  complex is not activated; and the lipid metabolism process (e.g. lipogenesis,
cholesterol and oxidation metabolisms) is not performed. Two signaling pathways, PPAR (the main pathway of lipid metabolism) and AMPK (the main
pathway of cellular energy exchanges), are important in this metabolic-signaling network. These two signaling pathways control each other by mTORC1 gene
in the mTOR signaling path, so that increasing or decreasing the intracellular energy levels of AMPK signaling pathway with an inhibitory or activating effect
on mTORC1 gene can cause anabolism or catabolism of lipids in cells (Fig. 7).

According to the ontology and functions of genes, which encode two signaling pathways, AMPK and PPAR, these two pathways are the main pathways of
cellular energy exchange and lipid metabolism respectively.

Peroxisome proliferator-activated receptors (PPARs) are transcription factors belonging to the nuclear receptor superfamily, and they are activated by long-
chain unsaturated fatty acids with several double bonds, eicosanoids, and lipid-lowering agents such as �brates. Among the unsaturated fatty acids with and
double bonds, Eicosapentaenoic Acid (EPA) and Docosahexaenoic acid have been widely studied because of their ability to activate peroxisome proliferator-
activated receptors (PPARs). The expression pro�le of  in different organs of poultry is largely similar to mammals, in such a way that it expresses
similar functions of in poultry and mammals. Peroxisome proliferator-activated receptors (PPARs) are nuclear hormone receptors that are activate by
fatty acids and their derivatives. Each of them is encoded in a separate gene and bind fatty acids and eicosanoids. Ligand property of PPAR-RXR heterodimers

PPARα/RXR PPARβ/RXR PPARγ/RXR

PPARγ/RXR

PPARγ/RXR

PPARγ/RXR

PPARα

PPARα

http://www.ncbi.nlm.nih.gov/geo
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for fatty acids causes the binding of these heterodimers to "Speci�c Receptor Elements" in the promoter region of several genes and changes the transcription
of downstream genes involved in immune processes, lipid metabolism, and cholesterol metabolism [65].

AMP-activated protein kinase (AMPK) is a serine/threonine kinase that has a high protective system. The AMPK system acts as a cellular energy sensor. When
AMPK s activated, it simultaneously inhibits the energy consumption in biosynthetic pathways, such as protein, fatty acids, and glycogen synthesis and
activates the catabolic pathways (breakdown) of ATP production, including the fatty acid oxidation and glycolysis [66]. The reduced regulation of liver AMPK
activity plays a pathophysiological role in lipid metabolic disorders. However, the signaling pathway of AMPK for regulation of cellular energy balance is
essential for the lipid metabolism, so that the pathway activates the catabolism of fat in the shortage of energy in the cell to provide the necessary rate of ATP.
Therefore, the AMP-activated protein kinase (AMPK) is a main regulator of cell metabolism and metabolism organ in eukaryotes and it is activated by lowering
the intra-cellular ATP level. AMPK plays an important role in the growth regulation and re-planning of cell metabolism [67].

Conclusion
The combination of Omics data for obtaining and identifying genes with differences in gene expression led to a successful identi�cation of 1835 genes in
abdominal fat tissue in two groups of broiler chickens with greater and lower abdominal fat storage. The same identi�ed genes were involved in the signaling
pathways of endocrine glands, AMPK, and PPAR associated with lipid metabolism and energy catabolism and could be considered as the genes that were
similar in different species. The present study identi�ed important common genes relating to the lipid metabolism and metabolic and signaling pathways, and
detected the mechanisms associated with lipid transfer by different cell membranes and tissues by explanation of relevant genes. Furthermore, the gene-gene
and gene-miRNA interactions were also examined by investigating the biological system and reconstruction of various regulatory and interactive networks.
The overall result of study included the identi�cation of 41 genes in the main process of metabolism (anabolism and catabolism), fat storage, and signaling
pathway of endocrine glands, and the cell membrane. Furthermore, the gene interaction networks, interactive bipartite network of Gene-miRNA, and functional
modules, and the metabolic-signaling network were reconstructed to identify metabolic and signaling pathways associated with the fat storage and
metabolism.
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Figures

Figure 1

Schematic view of the work�ow to reconstruct the metabolic pathways of abdominal fat storage in poultry. The main gene list was prepared from three RNA-
Seq and microarray data sets. The Gene-gene Interaction Network (GGI), Gene Regulatory Network (GRN) and interactive bi-partite network of Gene-miRNA
network were reconstructed using Cytoscape. Functional modules were detected using related plugin in Cytoscape and the metabolic-signaling network using
CellDesigner.
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Figure 2

The Gene, Gene Ontology and pathway, related interaction network involved in the abdominal fat storage of the poultry.
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Figure 3

Interactive bipartite network (Gene-miRNA) affecting the abdominal fat storage and metabolism in the poultry. In this network, the quadrilateral points
represent genes and the octagonal points represent miRNAs. About miRNAs and target genes, the edges indicate the suppressing role of miRNAs. The edges
also represent the gene-gene interactions. The green quadrilateral nodes represent the hub genes. Purple quadrilateral nodes are the genes with the heist
suppression by miRNAs.
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Figure 4

Module 1: 20 genes and 2 miRNAs in the interactive bipartite network of Gene-miRNA. In this network, the quadrilateral points represent the genes and the
octagonal points represent miRNAs. In this interactive bipartite network, the Gene-miRNAs of quadrilateral nodes represent genes and octagonal nodes
represent miRNAs. For miRNAs and target genes, the edges indicate the suppressing roles of miRNAs. The edges of genes also indicate the gene-gene
interactions. The green quadrilateral nodes represent the hub genes. Purple quadrilateral nodes have the highest rates of suppression by miRNAs.
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Figure 5

Module 2: 5 genes and 5 miRNAs in the interactive bipartite network of Gene-miRNA. In this network, the quadrilateral points represent genes; and the
octagonal points represent miRNAs. In this interactive bipartite network of Gene-miRNA, quadrilateral nodes represent genes; and octagonal nodes represent
the miRNAs. For miRNAs and target genes, the edges indicate the suppressing roles of miRNAs. The edges of genes also indicate the gene-gene interactions.
The green quadrilateral nodes represent the genes with the highest gene-gene interactions with other genes in the network (or hub genes). Purple quadrilateral
nodes indicate the genes with the highest suppression by miRNAs.
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Figure 6

Module 3: 6 genes in interactive bipartite network of Gene-miRNA. In this network, the quadrilateral nodes represent genes; and edges indicate the gene-gene
interaction effects. Green quadrilateral nodes represent the hub genes in the network. Blue nodes represent other genes in the network.

Figure 7

Schematic of the regenerated metabolic-signaling network associated with fat metabolism and storage using CellDesigner.


