[image: image1]Integrated analyses of the methylome and transcriptome to unravel sex differences in the perirenal fat from suckling lambs

		ORIGINAL RESEARCH
published: 01 November 2022
doi: 10.3389/fgene.2022.1035063


[image: image2]
Integrated analyses of the methylome and transcriptome to unravel sex differences in the perirenal fat from suckling lambs
Pablo A. S. Fonseca1, María Alonso-García1, Rocio Pelayo1, Hector Marina1, Cristina Esteban-Blanco1, Javier Mateo2, Beatriz Gutiérrez-Gil1, Juan-José Arranz1* and Aroa Suárez-Vega1
1Departamento de Producción Animal, Facultad de Veterinaria, Universidad de León, León, Spain
2Departamento de Higiene y Tecnología de Los Alimentos, Facultad de Veterinaria, Universidad de León, León, Spain
Edited by:
Francisco Peñagaricano, University of Wisconsin-Madison, United States
Reviewed by:
Wellison J. S. Diniz, Auburn University, United States
Marta Gòdia, Wageningen University and Research, Netherlands
* Correspondence: Juan-José Arranz, jjarrs@unileon.es
Specialty section: This article was submitted to Livestock Genomics, a section of the journal Frontiers in Genetics
Received: 02 September 2022
Accepted: 18 October 2022
Published: 01 November 2022
Citation: Fonseca PAS, Alonso-García M, Pelayo R, Marina H, Esteban-Blanco C, Mateo J, Gutiérrez-Gil B, Arranz J-J and Suárez-Vega A (2022) Integrated analyses of the methylome and transcriptome to unravel sex differences in the perirenal fat from suckling lambs. Front. Genet. 13:1035063. doi: 10.3389/fgene.2022.1035063

In sheep, differences were observed regarding fat accumulation and fatty acid (FA) composition between males and females, which may impact the quality and organoleptic characteristics of the meat. The integration of different omics technologies is a relevant approach for investigating biological and genetic mechanisms associated with complex traits. Here, the perirenal tissue of six male and six female Assaf suckling lambs was evaluated using RNA sequencing and whole-genome bisulfite sequencing (WGBS). A multiomic discriminant analysis using multiblock (s)PLS-DA allowed the identification of 314 genes and 627 differentially methylated regions (within these genes), which perfectly discriminate between males and females. These candidate genes overlapped with previously reported QTLs for carcass fat volume and percentage of different FAs in milk and meat from sheep. Additionally, differentially coexpressed (DcoExp) modules of genes between males (nine) and females (three) were identified that harbour 22 of these selected genes. Interestingly, these DcoExp were significantly correlated with fat percentage in different deposits (renal, pelvic, subcutaneous and intramuscular) and were associated with relevant biological processes for adipogenesis, adipocyte differentiation, fat volume and FA composition. Consequently, these genes may potentially impact adiposity and meat quality traits in a sex-specific manner, such as juiciness, tenderness and flavour.
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INTRODUCTION
Sheep meat, like the meat of other ruminants, is a good source of beneficial fatty acids (FAs) for human health, such as polyunsaturated fatty acids (PUFAs), branched-chain FAs, PUFA biohydrogenation intermediates, and conjugated linolenic acids, among others (Dilzer and Park, 2012; Ran-Ressler et al., 2014). The meat from suckling lambs is characterised by its tenderness, low-fat levels, moisture and pale pink colour, which result in a high-quality and valuable product in Mediterranean countries (Sañudo et al., 2007). Therefore, sheep meat meets the increasing demand from the consumer market for products that combine quality and health-promoting properties (de Smet and Vossen, 2016).
Fat deposits are a fundamental part of the organoleptic quality of carcasses. In general, adipose tissues are differentially regulated in males and females partly due to the effect of androgens and oestrogens, especially testosterone (Clegg et al., 2006; McInnes et al., 2006; Clarke et al., 2012). In sheep, differences were observed in the metabolic homeostasis response during changes in the growth, muscle and fat accumulation rates between males and females (Rosales Nieto et al., 2019). Additionally, sex effects on specific FA profiles (i.e., higher levels of PUFA and ꞷ3 in males) and meat tenderness (i.e., tender meat for females) were also described in sheep (Vargas Junior et al., 2019). More specifically, in the Assaf breed, females reach the phase of greater fat deposition at lower body weights, with sex differences evident at very low body weight (Landa et al., 2004).
In lambs, the FA composition of adipose deposits is directly influenced by the composition of the milk and/or supplementary feedstuffs they consume (Doney et al., 1984; Zygoyiannis et al., 1992; Bas and Morand-Fehr, 2000; Frey et al., 2001; Osorio et al., 2007). However, it has been described that in suckling lambs, independent of diet, females are predisposed to develop more fat than males (Velasco et al., 2000; Dervishi et al., 2012). Moreover, other research in elder lambs (11 weeks) showed that body fat content was higher in females than in males, and in perirenal fat, females had larger adipocytes (Landa et al., 2004). Another factor to consider during the first 2 weeks of postnatal life is that the perirenal adipose deposit transits from predominantly brown adipose tissue (BAT) in the first 4 days of life to predominantly white adipose tissue (WAT) at approximately 14 days of life (Basse et al., 2015). However, some studies from our research group confirmed the presence of brown adipocytes in suckling lambs slaughtered between 17 and 23 days of life (Suárez-Vega et al., 2018). This transition from BAT to WAT is guided by the regulation of different genes and transcription factors, which reflects the necessity of the organism to move from thermoregulation in the first days of life to growth and homeostasis in the next stages of life. Interestingly, sex-specific differences in BAT mass, distribution, and activity have been identified in humans and rodents, with females having more BAT than males (Kaikaew et al., 2021).
On the basis of the foregoing information, the investigation of the biological mechanisms associated with the differences between males and females regarding fat metabolism has the potential to improve the knowledge about genes and biological processes that drive such sex differences, consequently helping to discover potential targets to improve the production, quality, and food safety of sheep products. Until now, most studies aiming to characterise gene expression differences in adipose tissue between male and female lambs have focused on studying candidate genes using real-time PCR analysis (Velasco et al., 2000; Muhlhausler et al., 2008; Dervishi et al., 2012). However, high-throughput sequencing technologies have revolutionised the field of molecular biology by enabling large-scale sequencing to explore the intrinsic mechanisms of tissue directly at the DNA or RNA level. In this sense, the integration of different omics technologies through systems biology is postulated as a relevant approach for the investigation of biological and genetic mechanisms associated with complex traits, such as nutritional status and metabolism (Zhang et al., 2008; Karahalil, 2016; Nielsen, 2017). The informative potential of these tools is based mainly on the capacity to analyse and scrutinise different levels of biological information in an integrative way. For example, the genome and transcriptome can be analysed regarding the differences in the regulatory mechanisms using whole-genome bisulfite sequencing (WGBS) and RNA-sequencing (RNA-seq), respectively. In livestock animals, such an integrative approach allowed the identification of candidate genes and biological processes associated with several relevant traits, such as fertility (cattle), sex-specific pubertal development (goats), skeletal muscle development (sheep) and fat deposition (broilers) (Yang et al., 2016; Fan et al., 2020; Gross et al., 2020; Gong et al., 2021).
The combination of both datasets in an experimental design contrasting sexes is hypothesized to help identify candidate genes responsible for controlling meat quality traits of sheep products. This hypothesis is mainly grounded on the importance of adipose deposits and the differences observed between males and females. Therefore, the objectives of this work were 1) to evaluate sex-specific methylation marks (by WGBS) and gene expression patterns (by RNA-Seq) in the perirenal fat of suckling lambs and 2) to integrate both omics approaches to identify candidate genes and biological processes underlying sex differences in carcass fatness and meat quality in sheep.
MATERIALS AND METHODS
Ethics statement
The lambs included in this experiment were not subjected to any experiment, and their management was carried out following the usual management practices on farms raising suckling lambs with artificial lactation. The management, transport and slaughter of the animals at a local slaughterhouse were in accordance with Spanish and EU legislation [Spanish Laws 32/2007, 6/2013 and RD 37/2014; Council Regulation (EC) 199/2009].
Samples
Perirenal fat samples were collected from 12 Assaf suckling lambs (6 males and 6 females). All animals were born at the Instituto de Ganadería de Montaña (IGM) (Grulleros, León, Castilla y León, Spain) in the same lambing season (winter 2019–2020) from primiparous Assaf dairy ewes. The lambs were reared under the same management and diet conditions. Initially, during the first 24 h after lambing, the lambs were kept with their dams to suck the colostrum. Subsequently, the animals were held in lamb pens fed with artificial milk using Ovilac 60 (Calfvet®) milk replacer powder ad libitum up to slaughter to remove the influence of maternal effects. All the animals are progeny from different ewes; however, only two rams are among the parents of the animals composing the current sample. Five females and four males were paternal half-sibs, while one female and two males shared a second ram. The lambs were slaughtered at a local slaughterhouse at the market weight for the PGI label “lechazo de Castilla y Leon” (9–12 kg), which has average ages of 28.16 (±4.87) and 24.16 (±5.19) for males and females, respectively. All the animals had the percentage of perirenal, subcutaneous and intramuscular fat measured as described by (Mateo et al., 2018).
The mean percentages of renal, pelvic, renal and pelvic, leg intramuscular, and leg subcutaneous fat were compared between males and females using a Student’s t test. For these analyses, variance equality was assumed after an F test, and normality was assumed after an Anderson‒Darling test. The abovementioned statistical analyses were performed using R software (R Core Team, 2021), and the significance threshold was defined as a p-value <0.05 for all analyses.
RNA extraction and RNA-sequencing analysis
For RNA preservation, the sampled tissues were preserved in an RNA-stabilization solution (Ambion RNAlater; Life Technologies) and stored at 4°C for 24 h. Subsequently, the RNA-stabilization solution was removed, and the samples were frozen at -80°C until RNA extraction. RNA was extracted using the miRNeasy Mini KIT (Qiagen, Germany) with adaptations for use in adipose tissue (up to 100 mg of tissue and inclusion of Qiagen RNeasy Lipid Tissue Mini Kit). The Agilent 2,100 Bioanalyzer device (Agilent Technologies, CA, USA) was used to estimate the RNA integrity value, which was higher than 7 for all the samples. The UltraTM RNA Library Prep Kit (NEBNext®, MA, USA) was used for cDNA library construction at Novogene in Cambridge (UK). The 12 cDNA libraries were sequenced on an Illumina Novaseq 6,000. A minimum depth of 30 million 150 bp stranded paired-end reads was generated for each sample. The raw datasets derived from the sequencing are available at ArrayExpress repository with reference E-MTAB-12130.
RNA-sequencing quality control, mapping and quantification
The quality control of RNA-Seq reads was performed using FastQC version 0.11.8 (Andrews, 2015) to identify potential sequencing artefacts, duplicated sequences, adapters and base quality (Phred score) distribution. Next, the raw reads were processed and trimmed by Trimmomatic (version 0.38) to remove Illumina adapters, low-quality bases (Phred <30), reads with an average quality score below 30 within a sliding window of four nucleotides and reads with less than 75 bp after trimming. After quality control, the remaining reads were aligned to the ovine reference genome Oar_Ram_v2.0 (annotation release 104) available at the National Center of Biotechnology Information (NCBI) (https://www.ncbi.nlm.nih.gov/assembly/GCF_016772045.1/) using the software STAR version 2.7.10a (Dobin et al., 2013) with default parameters. Transcript quantification was performed using the software RSEM version 1.1.17 (Li and Dewey, 2011).
Differentially expressed gene analysis and weighted gene correlation network analysis
The read counts were normalised using Fragments Per Kilobase per Million Mapped Reads (FPKM). Gene transcripts with FPKM<0.2 in both males and females were removed from the analysis. After filtering low expressed genes, the raw read counts for the remaining genes were normalised and fitted in a model contrasting females and males using a negative binomial distribution in DESeq2 (Love et al., 2014) with females as reference group for the contrasting. The raw reads counts were normalized using the median of radios method implemented in DESeq2 for differential expression analysis. Once the differential expression analysis was performed, the p values were adjusted by multiple testing using the Benjamini and Hochberg False-Discovery Rate (FDR) method (Benjamini and Hochberg, 1995). The differentially expressed genes (DEGs) were identified using a threshold composed of FDR<0.05 and |log2(Fold-Change)| >2.
Independent of the differential gene expression analysis, the FPKM normalised read counts were used to identify correlated gene networks using the R package CoExpNets (https://github.com/juanbot/CoExpNets). The CoExpNets package is based on the WGCNA R package (Langfelder and Horvath, 2008); however, it applies an additional step where the genes are reallocated within modules using a k-means clustering approach, which results in modules with a higher biological meaning (modules composed by genes which play more similar functional roles when compared with the traditional module assignment provided by the WGCNA package) (Botía et al., 2017). Previously, to construct the correlated gene networks, the WGCNA R package was used to identify genes and/or samples with too many missing entries and genes with zero variance between the male and female datasets. For this purpose, the function goodSamplesGenesMS() was used with the default options. The coexpressed gene networks were identified by the getDownstreamNetwork () function from the CoExpNets package using 20 iterations and signed networks. The coexpressed modules detected for each group were compared using the following methodology:
- For each sample (s) in male and female;
- For each module m(s) in s;
- Apply a Fisher’s exact test under the null hypothesis that there is no significant overlapping of m (male) in females and m (female) in males after an FDR 5% adjustment.
The modules of coexpressed genes in males without a counterpart in females and vice versa, here called DcoExp modules, were selected.
DNA extraction and whole-genome bisulfite sequencing analysis
The DNA samples were extracted from the perirenal fat using the QuickGene DNA Tissue Kit (Autogen, MA, USA) based on protein removal by protease K following the manufacturer’s instructions. The DNA samples had an A260/280 ratio >1.8, indicating a high quality for sequencing. The samples were used for paired-end (150 bp) library construction on Novogene in Cambridge (UK). Library construction was performed using the EZ DNA Methylation Gold Kit (Zymo Research). Initially, the genomic DNA was fragmented into 350 bp fragments through sonification. Subsequently, the methylated cytosines were converted to thymine by bisulfite conversion. After this step, the Accel-NGS Methyl-Seq DNA Library Kit (Swift Biosciences) was used to prepare the libraries for WGBS, generating postbisulfite libraries. The libraries were sequenced on an Illumina NovaSeq 6,000, with a minimum coverage depth of 20X for each sample. The raw datasets derived from the sequencing are available at European Nucleotide Archive (ENA) repository with accession number PRJEB55533.
Methylation calling and differentially methylated region identification
The quality control of reads generated by the WGBS was performed using FastQC (Andrews, 2015). Trim Galore software (version 0.6.5) (Krueger, 2015) was used to trim the reads based on quality scores, remove adapters and filter short reads using the default options. The ovine reference genome Oar_Ram_v2.0 was indexed using BowTie2 (Langmead and Salzberg, 2012). Subsequently, the trimmed reads were aligned to the reference genome using Bsseeker2 (Guo et al., 2013) software by the Python script bs_seeker2-align.py using the default options. The alignment output files were sorted by position using Samtools software (version 1.15.1) (Li et al., 2009). After this step, the duplicated reads were removed using Picard software (version 2.25) (https://broadinstitute.github.io/picard/). The Python script bs_seeker2-call_methylation.py from Bsseeker2 was used to perform the methylation calling procedure using the default options.
The R package DSS was used to identify differentially methylated loci (DMLs) and differentially methylated regions (DMRs) (Feng et al., 2014). A DML corresponds to a differential methylation pattern in a single nucleotide, while a DMR represents a differential methylation pattern in a group of nucleotides. Initially, the mean methylation levels for all the methylated sites were estimated using a simple average algorithm for smoothing, as described by (Feng et al., 2014). Subsequently, the dispersion at each methylated site was estimated, and a Wald test was conducted to identify the DMLs with a p value threshold of 0.001. The DMRs were detected based on regions with many statistically significant methylated sites based on the following criteria: p value <0.01 for the methylated site, minimum length (50 bp), minimum number of methylated sites (3), and percentage of methylated sites being significant in the region (0.5). The DMRs mapped in regions less than 50 bp from each other were merged into a single DMR. The identified DMRs were annotated using the R package genomation (Akalin et al., 2015) using the gene annotation from the ovine reference genome Oar_Ram_v2.0 (annotation release 104). First, the DMRs were mapped on promoter, intron and exon regions of the respective genes. Additionally, when the DMR was not mapped within a gene coordinate, the closest gene was assigned to the DMR, and the same was classified as mapped in an intergenic region. In general, the methylation can occur in three different contexts in eukaryotes: CG, CHG, CHH (where H is C, T or A) (Bird, 2002; Cokus et al., 2008; Lister et al., 2009). The CG context is the most observed with a range of 60%–90% of all CG dinucleotides methylated in the genome (Ehrlich et al., 1982; Bird, 1986; Lister et al., 2008). In addition, most of the CG-rich regions, also called CpG islands acting in gene silencing activities due to the overlap with proximal promoters (Suzuki and Bird, 2008). However, the importance of methylated sites outside promoter regions for the regulation of gene silencing and activation is not neglectable due to the activity of regulatory elements such as silencers and enhancers (Wu et al., 2010; Lou et al., 2014; Maegawa et al., 2017; Smith et al., 2017; Brandão et al., 2018; Ordoñez et al., 2019). The sex effect for global methylation in the CG, CHG and CHH contexts was estimated by Cohen’s D using the R package lsr.
Integrating multiomics using multiblock (s)PLS-DA to predict male and female samples
A supervised learning analysis was conducted to identify gene expression profiles and the methylation levels for the DMRs mapped within the three contexts, which better classified the samples as males or females. This approach is called Data Integration Analysis for Biomarker discovery using Latent variable approaches for Omics studies (DIABLO) or multiblock (s)PLS-DA, and it is implemented in the R package mixOmics (Rohart et al., 2017). The method applied by DIABLO is partly based on generalised canonical correlation analysis to perform an N-integration of datasets (omics or not) with sparse discriminant analysis to classify discrete outcomes. For this multiomics integration, all the genes with |log2(Fold-Change)| > 1 in the RNA-Seq data and the detected DMRs for WGBS data were used. The analysis was performed with the gene expression values and the mean methylation level of cytosines within DMRs. The two main components were used for the discriminant analysis in both datasets. The function selectVar() from the mixOmics package was used to identify the selected variables used to discriminate the samples from each dataset. To evaluate the potential of these genes to classify males and females, the area under the curve (AUC) for the discriminant analysis was estimated using the pairs of expression values and methylation levels from the abovementioned genes exclusively.
Identification of candidate differentially coexpressed gene modules correlated with percentage of fat in different fat deposits
The DcoExp modules harbouring at least one of the genes among the selected variables in the discriminant analysis were selected. From these DcoExp modules, the module eigengenes (MES) were extracted. The WGCNA R package was used to estimate the Pearson correlation between the MES for the selected DcoExp modules and the percentages of renal, pelvic, pelvic and perirenal, leg subcutaneous, and leg intramuscular fat. Significant correlations were defined based on a p value threshold of <0.05. It is important to highlight that the correlations were estimated between the pairs of modules and traits within the corresponding group. In other words, only observations from males were used to estimate the correlation with exclusively male DcoExp modules and observations from females for exclusively female DcoExp modules. Finally, DcoExp modules harbouring genes selected on the DIABLO analysis and significantly correlated with at least one of the evaluated fat deposits (percentage of perirenal, subcutaneous and intramuscular fat) were selected as candidate DcoExp modules.
QTL overlapping and gene ontology analysis
The list of candidate genes obtained from DIABLO discriminant analysis was annotated for the overlapping of quantitative trait loci (QTL) based on the SheepQTLdb from Animal QTLdb (Hu et al., 2019), and a QTL enrichment analysis was performed using the GALLO R package (Fonseca et al., 2020). Additionally, the R packages ClusterProfiler (Yu et al., 2012) and enrichplot were used for Gene Ontology (GO) term enrichment analysis, graphic representation and functional grouping of GO terms. QTL and GO terms were considered enriched when the False-Discovery Rate (FDR) was <0.05. GO term enrichment analysis was performed for the list of candidate genes obtained from DIABLO discriminant analysis and for each candidate DcoExp module. For GO terms, the function pairwise_termsim () from enrichplot was used to calculate the Jaccard correlation coefficient among terms, resulting in a similarity matrix. Subsequently, the terms were functionally grouped using the similarity matrix to identify classes of closely related terms and reduce redundancy across terms. For the functional grouping, all annotated GO terms were included to estimate the similarity matrix, disregarding the enrichment status.
Figure 1 shows a flowchart summarizing the methodology applied and described here.
[image: Figure 1]FIGURE 1 | Flowchart summarizing the methods applied and the respective objectives reached in the current study. The grey boxes highlight the main results obtained in the methodological pipeline designed and applied in the present study.
RESULTS
Phenotypic comparison between male and female samples
The mean values of the percentage of perirenal, subcutaneous and intramuscular fat for males and females are presented in Supplementary Table S1. There was no significant difference in age between male and female samples (p value > 0.05). The Anderson‒Darling test indicated that the percentage of renal (p value = 0.403), pelvic (p value = 0.483), renal and pelvic (p value = 0.575), leg intramuscular (p value = 0.403), and leg subcutaneous (p value = 0.560) fat followed a normal distribution. Additionally, the F test for equity of variance indicated an equal variance between males and females for percentage of renal (p value = 0.950), pelvic (p value = 0.399), renal and pelvic (p value = 0.404), leg intramuscular (p value = 0.661), and leg subcutaneous (p value = 0.234 fat. Significant differences (p value <0.05) were observed only for cavitary fat between males and females, and males had a higher percentage of pelvic fatness (Supplementary Table S1).
Differentially expressed genes between males and females
An average of 23.695 (±1.038) million reads were obtained during the RNA-Seq analysis, from which, on average, 93.101% (±0.408%) were uniquely mapped to the ovine reference genome (Supplementary Table S2). A total of four DEGs were identified between males and females in the perirenal fat (Table 1). Among these four genes, two had an assigned gene symbol (GPR143 and CDH20), and two were lncRNAs (LOC101112291 and LOC121817091). Interestingly, LOC101112291 is a lncRNA characterised as the XIST (X inactive specific transcript) orthologue in sheep. The two most DEGs were mapped to the ovine X chromosome (LOC101112291 and GPR143), while the other two genes were mapped to chromosomes 23 (CDH20) and 18 (LOC121817091). Although few genes were differentially expressed based on the defined threshold, 1,292 genes showed an |log2 (fold-change)>1|, indicating potential coexpression differences between males and females (Supplementary Table S3).
TABLE 1 | Differentially expressed genes (|log2(fold-change)|>2 and FDR<0.05) between males and females in the perirenal fat of Assaf suckling lambs.
[image: Table 1]Differentially coexpressed modules of genes between males and females
All the samples and 6.928 genes were retained after the QC was performed for the WGCNA analysis. In males and females, 94 and 111 coexpressed modules were identified (Supplementary Figure S1). The pairwise comparison between males and females identified 35 and 27 coexpressed modules with a specific coexpression pattern (FDR<0.05) in each sex. The genes assigned to each DcoExp module are shown in Supplementary Table S4.
Differential methylated regions between males and females
The average mapping statistics for the WGBS data for all the samples are available in Supplementary Table S5. An average mapping rate of 70.46% (±1.21%) was obtained for the 12 samples analysed. The analysis of differential methylation between males and females identified 49,314 DMLs (CG = 40,158, CHG = 3,787, CHH = 5,369) and 27,635 DMRs (CG = 20,185, CHG = 1,342, CHH = 6,108), as shown in Supplementary Tables S6, S7. In Figure 2, circular Manhattan plots and density plots showing the distribution of significant DMLs across the ovine genome are shown for each methylation context (CG, CHG and CHH). As expected, higher methylation means were obtained for the DMRs mapped within CG contexts (males = 0.587 ± 0.252, females = 0.608 ± 0.234) when compared with CHG (males = 0.198 ± 0.168, females = 0.206 ± 0.175) and CHH (males = 0.155 ± 0.117, females = 0.167 ± 0.113) contexts. The comparison between males and females regarding the distribution of methylation means showed similar kernel densities in the three contexts (Figure 3A). The Cohen’s D obtained for the comparison between males and females in CG (0.085), CHG (0.044), and CHG (0.108) contexts corroborates this result, indicating a small sex effect for the global methylation pattern. Despite this small effect over the global methylation, interesting site-specific differences were observed for the identified DMRs, which will be presented below. Regarding the comparison of DMR lengths across the three different contexts, similar distributions were obtained for CG (251.5 ± 472.4), CHG (137.7 ± 210.01) and CHH (143.6 ± 186.10), as shown in Figure 3B. The Cohen’s D values obtained for the comparisons of DMR lengths between CG vs CHG (0.247), CG vs CHH (0.254), and CHG vs CHH (0.031) suggest small effects of the methylation context on the length of DMRs. However, higher effects were observed for the comparisons, including the DMRs within the CG context compared to CHG vs CHH, indicating longer DRMs. Regarding the comparison of different genomic contexts (intergenic, promoter, intron and exon) between the three methylation contexts, the CG context showed a higher percentage of DMRs mapped in promoters and exons (12.37% and 10.32%) than the other contexts (Figure 3C).
[image: Figure 2]FIGURE 2 | Distribution and genomic density of differentially methylated loci (DMLs) across the genome of Assaf lambs in the three evaluated methylation contexts CG (A), CHG (B), and CHH (C). On the right-hand side, the circular Manhattan plots show the distribution of–DMLs in the comparison between males and females (log10 (p-values) after false discovery rate adjustment for the detected). On the left-hand side, the bar plots show the density of DMLs within 1 Mb windows for each sheep chromosome. A darker red shade indicates a higher number of DMLs within the 1 Mb windows.
[image: Figure 3]FIGURE 3 | Distribution of (A) mean methylation level (B) length, and (C) genomic context (exon, intergenic, intron or promoter region) for the differential methylation regions (DMRs) detected between males and females in Assaf suckling lambs. (A) Violin plots showing the distribution of mean methylation levels within DRMs in the three methylation contexts (CG, CHG and CHH) and between males (in blue) and females (in red). (B) Violin plots showing the distribution of the DMR lengths in the three methylation contexts (CG, CHG and CHH) and between males (in blue) and females (in red). The length of DMRs was truncated at 500 bp for all three contexts to obtain a clear visualization of the distributions. (C) Pie plots showing the percentage of DMRs detected within each genomic context (intergenic, exon, intron and promoter).
Among the identified DMRs, four were mapped within the coordinates of DEGs (Table 2). The first DMR (X:66088104–66090171) was mapped to LOC101112291 (Xist lncRNA), and the DMLs mapped within this DMR had a mean methylation level of 0.934 in males and 0.367 in females. The other two DMRs are mapped within the coordinates of CDH20 and have contrasting methylation levels between each other. The DMR located on 23:60160365–60160625 has higher methylation in females (mean methylation females = 0.846, mean methylation in males = 0.528), while the DMR located on 23:60216480–60216888 has higher methylation in males (mean methylation females = 0.611, mean methylation in males = 0.821). The last DMR maps within the coordinates of GPR143 show higher mean methylation in males (0.253) than in females (0.076).
TABLE 2 | Statistics from the Differentially methylated regions (DMRs) identified within the coordinates of differentially expressed genes between male and female perirenal fat of Assaf suckling lambs. For each DMR, the location in the reference genome (chromosome: coordinates), the annotated gene in that region, the length in bp, the number of methylated cytosines, the proportion of methylation in females and males, and the sequence and genomic context are indicated.
[image: Table 2]Discriminant analysis between males and females by multi-Omics integration
The DIABLO discriminant analysis generated one prediction per dataset: 1,292 mRNAs (|log2 (fold-change)|>1) with the expression levels in FPKM and the mean methylation level of the cytosines within the DMRs. The variable selection procedure included all the genes and 27,635 mean methylation levels within DMRs in the list of selected variables. An AUC = 1 (p value = 0.004) was obtained for this selected dataset (for both DMRs and gene expression in the two principal components), consequently perfectly classifying the samples between males and females. Subsequently, the discriminant analysis was performed again using the expression levels of 314 genes due to overlapping between the selected mRNA expression levels and the methylation levels of cytosines within DMRs. A total of 627 DMRs were mapped within the coordinates of these 314 genes (204, 101, and 302 within CG, CHG and CHH contexts, respectively). The DIABLO discriminant analysis exclusively using the 314 genes again resulted in an AUC = 1 (p value = 0.0039) for both datasets and using the two first principal components for the discriminant analysis. The loading vectors for all tested variables in the two principal components are shown in Supplementary Table S8. The components used to discriminate male and female samples from selected mRNA expression levels and the methylation levels of cytosines within DMRs showed a correlation of 0.98 (Figure 4).
[image: Figure 4]FIGURE 4 | Multi-omics discriminant analysis between males (blue) and females (orange) samples using multiblock (s)PLS-DA. (A) Scatterplot from plotDiablo displaying the first principal component in RNA-Seq and WGBS datasets (upper diagonal plot), thus, constructed with expression values of 314 discriminant genes between males and females (RNA-Seq data) and 627 mean methylation levels within DMRs mapped within the same genes (WGBS data), and Pearson correlation (0.98) between each component (lower diagonal plot) (B) Loading values for the top 20 DMRs (left-hand side) and gene expression values (right-hand side) obtained in the multiblock (s)PLS-DA used to discriminate male and female samples.
The results of the annotation of GO terms for the list of 314 genes selected in the DIABLO discriminant analysis are shown in Supplementary Table S9. The redundancy reduction through the Jaccard correlation coefficient resulted in interesting groups of GO terms associated with the 314 selected genes (Figure 5A). The major GO term group, i.e., the term grouping the highest number of significant GO terms, was “cytokine production involved immune”. Additionally, the groups of GO terms associated with “calcium fatty acid ion”, “face body development vitamin”, “embryonic eye development” and “cytoplasmic translation” were also observed to be associated with the 314 selected genes.
[image: Figure 5]FIGURE 5 | Functional analysis for the 314 discriminant genes obtained in the (s)PLS-DA discriminant analysis between male and female samples. (A) Functional grouping tree diagram for the Gene Ontology (GO) terms annotated for the 314 genes selected after the multiblock (s)PLS-DA discriminant analysis. Each color in the dendrogram represents a functional group obtained after estimating the Jaccard correlation coefficient. The area of the circles represents the number of genes assigned to each GO term, and the color of the circle indicates the p-value estimated for each GO term. (B) Pie plot showing the percentage of each QTL type annotated within the genomic coordinate of the 314 discriminant genes and bubble plot with QTL enrichment analysis results, where the darker the shade of red, the smallest is the enrichment p-value and the area of the circle represents the number of annotated QTLs.
The annotation of QTLs (previously reported in the literature) within the genomic coordinates of the 314 genes selected from the DIABLO discriminant analysis showed that the largest proportion of reported QTLs in those regions were associated with meat and carcass QTLs (46.91%). Figure 5B shows the percentage of all QTL types previously described within the genomic coordinate of the candidate genes. The complete list of annotated QTLs is available in Supplementary Table S10. The QTL enrichment analysis indicated the enrichment of traits associated with several QTL types available on the sheep QTL database (Figure 5B). However, it is interesting to highlight the presence of traits related to the total amount of fat, such as “age at maximum daily gain”, “body weight (slaughter)”, “carcass fat percentage”, “fat weight in carcass”, “internal fat amount”, “lean meat yield percentage”, and “subcutaneous fat area”. Additionally, QTLs associated with the content of different fatty acids in the meat were identified as enriched, such as for the following fatty acids: docosapentaenoic, eicosapentaenoic, gadoleic, linoleic, and arachidonic.
Candidate DcoExp module of genes between males and females potentially associated with production traits
In total, nine male DcoExp and three female DcoExp were significantly associated with the fat percentage in at least one of the fat deposits evaluated (Figure 6). Positive correlations were observed between the percentage of subcutaneous fat in the leg and the male DcoExp modules lightpink (r2 = 0.92), darkorange (r2 = 0.90) and lightblue (r2 = 0.88). In contrast, a negative correlation was observed with the male brown4 module (r2 = -0.89), magenta (r2 = -0.82) and lightslateblue (r2 = -0.84). Similarly, two male DcoExp modules, lightblue4 (r2 = 0.89) and skyblue4 (r2 = 0.82), were positively correlated with the percentage of intramuscular fat in the leg. Additionally, the male DcoExp, skyblue4, was positively correlated with the percentage of pelvic fat (r2 = 0.86). Regarding the female DcoExp modules, the cyan female module was negatively correlated with the percentage of renal fat (r2 = -0.81), while the lightcoral female module was positively correlated with the percentage of renal and pelvic fat (r2 = 0.84). In addition, the palevioletred2 female module was positively correlated with the percentage of intramuscular fat in the leg (r2 = 0.85).
[image: Figure 6]FIGURE 6 | Pearson correlation between module eigengenes and fat percentage in different adipose deposits (Renal, Pelvic, Renal and Pelvic, Leg subcutaneous, and Leg intramuscular). The modules shown in the figure are the differentially coxpressed modules harboring at least one of the 314 discriminant genes between males and females. For each module, after the color identification of the module, it is indicated if the coexpressed gene module was identified in males or females. The Pearson correlation between the fat percentage and the module is shown in the figure for each specific fat deposit, and the p-value assigned for each correlation coefficient is shown between parenthesis (**p-value<0.05). The color scale represents the signal of the correlation coefficient, where green shades represent negative correlations and red shades positive correlations.
Interestingly, all the DcoExp modules showing significant correlations with the fat percentage in the different fat deposits evaluated harboured at least one of the genes selected through the DIABLO discriminant analysis (Table 3). The top 10 enriched GO terms for each DcoExp module selected (when more than 10 terms were enriched) are shown in Table 4. Additionally, all of the associated GO terms are available in Supplementary Table S11. The analysis of redundancy reduction through the similarity matrix calculated using the Jaccard correlation coefficient resulted in identifying interesting biological processes associated with the selected DcoExp modules (Supplementary Figure S2).
TABLE 3 | Sex discriminant genes identified by the multiblock (s)PLS-DA* discriminant analysis. These genes were allocated in differentially coexpressed modules from the weighted correlation network analysis (WGCNA)*, and were significantly correlated with the fat percentage in different adipose deposits (Renal, Pelvic, Renal and Pelvic, Leg subcutaneous, and Leg intramuscular). For each gene is indicated: their symbol, the description, the coexpression module, the fold change (base 2 logarithm), the DMR location in the reference genome (chromosome: coordinates), the proportion of methylation in females and males, and the sequence and genomic context.
[image: Table 3]TABLE 4 | Top ten enriched (FDR< 0.05) gene ontology terms (when available) for genes allocated within the differentially coexpressed modules between males and females Assaf suckling lambs correlated with the fat percentage in different fat deposits (Renal, Pelvic, Renal and Pelvic, Leg subcutaneous, and Leg intramuscular). For each module, the gene ontology process (see table footnote), its specific description, the nominal p-value, the adjusted FDR p-value, and the genes involved in the GO term are indicated.
[image: Table 4]DISCUSSION
Differential gene expression analysis
LOC101112291 was the transcript with the highest differential expression between females and males in the perirenal fat (FDR = 5.86 × 10−60), showing higher expression in female samples (log2(Fold-Change) = 14.754). This locus encodes an orthologous gene in sheep for the human XIST gene, a crucial lncRNA acting in the X-chromosome activation and expression balance of X-linked genes between males and females (Payer and Lee, 2008). In humans, XIST is more highly expressed in female subcutaneous fat than in males and in the subcutaneous fat of cortisol-producing adenoma female patients than in controls (Wu et al., 2019, Wu et al., 2022). Interestingly, a sex-specific expression pattern exclusive to females was observed in the subcutaneous and visceral adipose tissues of ob/ob mice (Shinozaki et al., 2007). Additionally, this gene has been associated with brown adipose tissue. For instance, the knockdown of XIST in human perirenal and subcutaneous tissues resulted in an inhibition of differentiation of brown preadipocytes. On the other hand, its overexpression promoted the full differentiation of brown preadipocytes (Wu et al., 2022). In the same study, the results indicate that XIST acts through direct binding to C/EBPα and BAT activation, consequently combating high-fat diet-induced obesity (Wu et al., 2022). It is interesting to highlight that a DMR was identified within the coordinates of LOC101112291, showing higher methylation mean for the DMLs within this DMR in male samples. The other DEGs were GPR143 (log2(Fold-Change) = -3.280 and FDR = 6.53 × 10−5), CDH20 (log2(Fold-Change) = -4.006 and FDR = 4.35 × 10−2), and LOC121817091 (log2(Fold-Change) = -4.006 and FDR = 4.35 × 10−2). The functions of GPR143 are related with regulation of whole-body metabolism and adipose tissue function (GPR143) (Premont and Gainetdinov, 2007; Amisten et al., 2008). The CDH20 encodes a member of a cadherin superfamily and it was previously associated with backfat thickness at 100 kg in pigs through a genome-wide association study (Zhang et al., 2021). To the best of our knowledge, no link between LOC121817091 and fat tissue and/or sex differences was previously described in the literature.
It is interesting to highlight that in the current study, healthy animals in an early stage of post-natal development were compared. Here, a small number of DEG was observed between males and females. The same expression pattern between males and females was previously described in other species, such as humans and cattle, in adipocytes and other tissues (Seo et al., 2016; Anderson et al., 2020; Rey et al., 2021). Consequently, slighter differences in the expression pattern might be expected. However, despite the small number of DEG, it is impossible to disregard potential differences between sexes caused by other mechanisms such as differential co-expression patterns, post-transcriptional mechanisms and environmental response.
Discriminant analysis between male and female samples using expression profiles and DMRs
The functional grouping of the GO terms associated with the 314 genes selected in the DIABLO analysis indicated the presence of biological processes related to cytokine production and response to interleukin, as well as response to fatty acids (Figure 4).
The BAT secretes several molecules responsible for regulating functions in several organs by autocrine, paracrine and endocrine actions (Villarroya et al., 2017). These molecules are called batokines, and their activities have been associated with protectivity against obesity and metabolic diseases (Lowell et al., 1993). Among the main batokines, interleukin-6 (IL-6) and adiponectin can be highlighted due to their functional relevance. IL-6 is among the 314 genes selected from the discriminant analysis. Recently, the specific action of IL-6-type cytokine signalling in adipocytes has been associated with the development of obesity-associated insulin resistance and steatosis (Allen and Febbraio, 2010). Additionally, evidence suggests that adipocyte-specific IL-6 induces the release of free fatty acids and leptin through an insulin effect, subsequently affecting liver metabolism and pancreatic β-cell function (Wueest and Konrad, 2018). Even though adiponectin was not among the 314 genes selected in the discriminant analysis, the genes C1QTNF3 and IL1B were associated with biological processes related to the regulation of adiponectin secretion.
The genes AKR1C2, CD36, CPS1, PCSK1, PON1, and UCP1 were among the 314 genes selected in the discriminant analysis and were associated with the biological process “response to fatty acids”. Among these genes, it is important to highlight the key function of UCP1 in the thermogenesis of BAT in lambs, showing a fast decrease in the mRNA levels after birth as well as the BAT (Clarke et al., 1997; Saely et al., 2011). Consequently, UCP1 is a classical biomarker for BAT. Recently, our research group demonstrated that the expression of UCP1 mRNA follows the percentage of multilocular adipocytes (another BAT marker) in Assaf suckling lambs (Suárez-Vega et al., 2018). Here, UCP1, despite not being differentially expressed between males and females, showed a log2(FC) of 2.17. This finding indicates a higher expression in female Assaf suckling lambs, which corroborates the literature (Rodríguez et al., 2001; Rodríguez-Cuenca et al., 2002; Oliver et al., 2007).
The QTL enrichment analysis performed using the QTLs previously reported within the genomic coordinates of the 314 selected genes suggested that the regions harbouring these genes were frequently reported to be associated with relevant fat-related traits. For example, the “lean meat yield percentage” and “body weight (slaughter)” were the most enriched QTLs in this analysis, with 11 out of the 13 and nine out of nine QTLs reported in the sheep QTL database mapped within the coordinates of the 314 selected genes, respectively. A total of 64 and 59 genes out the 314 genes selected in the discriminant analysis were mapped within QTLs for “lean meat yield percentage” and “body weight (slaughter)”, respectively. The presence of other QTLs, such as “fat weight carcass” and “subcutaneous fat area”, reinforce the recurrent association of these regions with the total amount of fat in the individual. Additionally, the annotation of QTLs associated with the content of FA in the meat highlights the potential of these genes to be involved with meat quality traits.
Differentially coexpressed gene modules between male and female samples significantly correlated with the percentage of fat in different fat deposits
Interestingly, after the DIABLO discriminant analysis, 12 of the DcoExp modules (nine for males and three for females) harboured 22 genes from the list of selected genes (Table 3). In addition, these DcoExp modules were significantly correlated with the fat percentage in at least one of the evaluated fat deposits. Differentially from a single gene differential expression analysis, a co-expression analysis has the potential to identify alterations in biological processes between groups even when small differences are observed individually for each gene expression profile. Therefore, here the biological processes associated with the differentially co-expressed modules between males and females were used to better understand the potential role of the candidate genes harboring DMRs and selected in the DIABLO analysis over meat quality traits.
It is important to highlight that results from DMRs and expression patterns must be interpreted carefully. The presence of a DMR near or within a gene coordinate not necessarily implicates in a differential expression pattern. A DMR must effectively change the accessibility of the transcriptional machinery to the DNA to change the expression pattern of a gene. In addition, it is interesting to mention that, for example, the same gene might have two or more DMRs with contrasting methylation patterns, which makes the interpretability even more complex. Therefore, this effective potential to module the expression profile should be validated using other techniques, such as ATAC-seq (Luo et al., 2022).
Enriched GO terms were not identified for the male DcoExp modules coral1, magenta, and lightpink4. The 314 selected genes from the discriminant analysis list and allocated within these modules were RASSF5, LOC114112700, and LOC121818524, respectively. RASSF5, also known as NORE1A, acts as an effector of the Ras protein (Donninger et al., 2016). The RAS protein is a strong activator of the ERK pathway, which is suggested to play a positive role in adipogenesis (Bost et al., 2005). LOC114112700 is reported to be an orthologue of the translation initiation factor (IF-2) gene. However, no direct link between IF-2 and adipocytes was found. LOC121818524 encodes an orthologue of the collagen alpha-1(I) chain (COL1A1) gene. COL1A1 is a major component of the extracellular matrix in adipose tissue and is significantly suppressed by adipogenesis induction (Okada et al., 2012). Additionally, the expression of COL1A1 and other collagen family members was low in beef cattle showing high marbling in the longissimus dorsi muscle (Chen et al., 2019).
The male module brown4 harboured the gene phosphatidylcholine 2-acylhydrolase 5 (PLA2G5), a member of the secretory phospholipase A2 family. PLA2G5 protects against diet-induced obesity and insulin resistance with an additional function in the translation of macrophages from adipose tissue from the M1 to M2 state (Sato et al., 2014). In addition, PLA2G5 knockout mice have hyperlipidaemia, increased obesity, hepatic steatosis, lower insulin sensitivity, greater infiltration of M1 macrophages, and a higher expression of proinflammatory cytokines (Sato et al., 2014).
In the lightblue4 male module are the genes Beaded filament structural protein 2 (BFSP2) and LOC101107700 (uncharacterised protein C4orf19-like). To the best of our knowledge, there is not a direct association between these genes and adipocyte-related biological processes.
The darkorange module, DCoExp in males, harboured the genes Apoptosis Facilitator Bcl-2-Like Protein 14 (BCL2L14) and C-Type Lectin Domain Family 2 Member D (CLEC2D). BCL2L14 is a proapoptotic member of the bcl-2 family, which seems to be associated with an important role in the GSK3β-mediated osteoblast apoptosis process (Guo et al., 2001; Nie et al., 2018). However, no direct link between BCL2L14 and biological processes associated with lipid metabolism were identified.
The male modules lightslateblue and skyblue4 harboured the genes BUB1 mitotic checkpoint serine/threonine kinase (BUB1) and Empty spiracles homeobox 2 (EMX2), respectively. Interestingly, the dysregulation of BUB1 signalling drives increased proliferation of lipoedema in adipose-derived stem cells, which suggests a potential role in the regulation of adipogenesis (Ishaq et al., 2022). The EMEX2 gene is a homeobox gene that encodes a transcription factor initially associated with cerebral development (Cecchi, 2002). In humans, EMX2 was previously identified as differentially expressed in subcutaneous fat versus visceral adipose tissue, subcutaneous fat versus omental preadipocytes, and subcutaneous versus perirenal and perivascular adipocytes (Tchkonia et al., 2007; Omar et al., 2014; Keller et al., 2017). Interestingly, EMX2 was identified as upregulated in abdominal subcutaneous tissue after fat loss in humans (Dankel et al., 2010). Additionally, EMX2 was identified as differentially methylated between human subcutaneous tissue and visceral adipose tissue (Keller et al., 2017).
The male DcoExp orangered1 module harboured one gene from the list of selected genes in the discriminant analysis: LOC121818175 (small integral membrane protein 13-like). SMIM13 was previously reported to be mapped within selection signature regions in Chinese Wagyu cattle (Wang et al., 2019). Several enriched GO terms associated with the response to insulin and regulation of fatty acids were obtained for the list of genes allocated within this module.
In total, five genes were allocated within the three female DcoExp modules. Only one gene was assigned to the palevioletred2 module, LOC10560597 (tumour necrosis factor receptor superfamily member 26-like) and no direct association between LOC10560597 and fat metabolism was found. Collagen type VI alpha 6 chain (COL6A6) and BUB1 were present on the cyan module. In the lightcoral module, the genes LOC101113771 (C-C motif chemokine 3-like) and LOC114113921 (KATNB1-like protein 1) were present.
The BUB1 gene was previously discussed, as this gene was also allocated to the lightslateblue male module. In humans, the COL6A6 gene was identified as differentially expressed between insulin-resistant versus insulin-sensitive obese humans, obese individuals with macrophage crown-like structures versus obese individuals without macrophage crown-like structures, and obese versus nonobese individuals (Hardy et al., 2011; Lê et al., 2011; García-Alonso et al., 2016).
For the lightcoral female module, LOC101113771 is predicted to be a chemokine-like gene, specifically, C-C motif chemokine 3 (CCL3). Chemokines are associated with the function of adipocytes as immune regulatory cells, showing an interesting expression pattern in adipose tissue (Bruun et al., 2005; Dahlman et al., 2005; Tilg and Moschen, 2006; Maury et al., 2007; Vielma et al., 2013). In humans, the expression of CCL3 was higher in subcutaneous and visceral fat of obese patients, and its expression in subcutaneous tissue was positively correlated with fasting insulin concentration in serum (Huber et al., 2008).
In summary, 22 genes were simultaneously presented in the DcoExp modules significantly correlated with the fat percentage in different deposits and in the list of 314 genes selected in the DIABLO analysis. Among these 22 genes, eight were identified as potential functional candidate genes for fat metabolism-related processes through literature review (RASSF5, COL1A1, PLA2G5, BUB1, EMEX2, LOC121818175, COL6A6 and LOC10111377). It is important to mention that the results obtained here may be interpreted carefully due to the sample size, which might affect the detection power. However, using different omics technologies with similar results and the criteria applied to the selection of candidate genes has the potential to reduce the sample size impact. Consequently, the methodology employed in the current study provides a link between genes that efficiently discriminate males and females (based on the expression and methylation pattern) with biological functions and production traits associated with meat and carcass quality in sheep.
CONCLUSION
In the current study, the discriminant analysis performed using methylation patterns and expression values of genes harboring DMRs allowed perfect discrimination between male and female samples. The functional investigation of these genes in the context of co-expressed gene modules suggested an association with relevant biological processes involved in regulating production and meat quality traits. Indeed, these modules were associated with percentages of fat in different body deposits, reinforcing the potential functionality of these modules and the relevance of these genes. These results corroborate the initial hypothesis that an experimental design contrasting sexes might help identify candidate genes responsible for controlling meat quality traits of sheep products due to the importance of adipose deposits and the differences observed between males and females. Consequently, the results presented here pinpointed interesting functional candidate genes for fat percentage in different fat deposits in sheep.
DATA AVAILABILITY STATEMENT
The data presented in the study are deposited in the Array Express (RNA-Seq: https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-12130) and European Nucleotide Archive (WGBS: WGBS data: https://www.ebi.ac.uk/ena/browser/view/PRJEB55533) repositories, under the accession numbers E-MATB-12130 and PRJEB55533, respectively.
AUTHOR CONTRIBUTIONS
PF: Formal analysis, Writing—original draft. MA-G: Formal analysis, Investigation. RP: Investigation, HM: Methodology, Investigation. CE-B: Investigation. JM: Methodology, Investigation. BG-G: Conceptualization, Investigation. J-JA: Conceptualization, Validation, Writing—review and editing. AS-V: Conceptualization, Methodology, Writing—review and editing.
FUNDING
This research work was financially supported by the RTI2018-093535-B-I00 project funded by the “Agencia Estatal de Investigación” of the Spanish Ministry of Science and Innovation (Madrid, Spain). MA-G is funded by the Junta de Castilla y Leon fellowship. This research has used the high-performance computing resources of the Castilla y León Supercomputing Center (SCAYLE, www.scayle.es; León, Spain). PF is the beneficiary of a Maria Zambrano Grant of the University of Leon funding by the Ministry of Universities (Madrid, Spain) and financed by the European Union-Next Generation EU.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.1035063/full#supplementary-material
REFERENCES
 Akalin, A., Franke, V., Vlahoviček, K., Mason, C. E., and Schübeler, D. (2015). Genomation: A toolkit to summarize, annotate and visualize genomic intervals. Bioinformatics 31, 1127–1129. doi:10.1093/bioinformatics/btu775
 Allen, T. L., and Febbraio, M. A. (2010). IL6 as a mediator of insulin resistance: Fat or fiction?Diabetologia 53, 399–402. doi:10.1007/s00125-009-1627-x
 Amisten, S., Braun, O. Ö., Bengtsson, A., and Erlinge, D. (2008). Gene expression profiling for the identification of G-protein coupled receptors in human platelets. Thromb. Res. 122, 47–57. doi:10.1016/j.thromres.2007.08.014
 Anderson, W. D., Soh, J. Y., Innis, S. E., Dimanche, A., Ma, L., Langefeld, C. D., et al. (2020). Sex differences in human adipose tissue gene expression and genetic regulation involve adipogenesis. Genome Res. 30, 1379–1392. doi:10.1101/GR.264614.120
 Andrews, S. (2015). FASTQC A quality control tool for high throughput sequence data. United Kingdom: Babraham Institute. 
 Bas, P., and Morand-Fehr, P. (2000). Effect of nutritional factors on fatty acid composition of lamb fat deposits. Livest. Prod. Sci. 64, 61–79. doi:10.1016/S0301-6226(00)00176-7
 Basse, A. L., Dixen, K., Yadav, R., Tygesen, M. P., Qvortrup, K., Kristiansen, K., et al. (2015). Global gene expression profiling of Brown to white adipose tissue transformation in sheep reveals novel transcriptional components linked to adipose remodeling. BMC Genomics 16, 215. doi:10.1186/s12864-015-1405-8
 Benjamini, Y., and Hochberg, Y. (1995). Controlling the false discovery rate: A practical and powerful approach to multiple testing. J. R. Stat. Soc. Ser. B Methodol. 57, 289–300. doi:10.1111/j.2517-6161.1995.tb02031.x
 Bird, A. (2002). DNA methylation patterns and epigenetic memory. Genes Dev. 16, 6–21. doi:10.1101/gad.947102
 Bird, A. P. (1986). CpG-Rich islands and the function of DNA methylation. Nature 321, 209–213. doi:10.1038/321209a0
 Bost, F., Aouadi, M., Caron, L., and Binétruy, B. (2005). The role of MAPKs in adipocyte differentiation and obesity. Biochimie 87, 51–56. doi:10.1016/j.biochi.2004.10.018
 Botía, J. A., Vandrovcova, J., Forabosco, P., Guelfi, S., D’Sa, K., Hardy, J., et al. (2017). An additional k-means clustering step improves the biological features of WGCNA gene co-expression networks. BMC Syst. Biol. 11, 47. doi:10.1186/s12918-017-0420-6
 Brandão, Y. de O., Toledo, M. B., Chequin, A., Cristo, T. G., Sousa, R. S., Ramos, E. A. S., et al. (2018). DNA methylation status of the estrogen receptor α gene in canine mammary tumors. Vet. Pathol. 55, 510–516. doi:10.1177/0300985818763711
 Bruun, J. M., Lihn, A. S., Pedersen, S. B., and Richelsen, B. (2005). Monocyte chemoattractant protein-1 release is higher in visceral than subcutaneous human adipose tissue (AT): Implication of macrophages resident in the AT. J. Clin. Endocrinol. Metab. 90, 2282–2289. doi:10.1210/jc.2004-1696
 Cecchi, C. (2002). Emx2: A gene responsible for cortical development, regionalization and area specification. Gene 291, 1–9. doi:10.1016/S0378-1119(02)00623-6
 Chen, D., Li, W., Du, M., and Cao, B. (2019). Adipogenesis, fibrogenesis and myogenesis related gene expression in longissimus muscle of high and low marbling beef cattle. Livest. Sci. 229, 188–193. doi:10.1016/j.livsci.2019.09.032
 Clarke, L., Buss, D. S., Juniper, D. T., Lomax, M. A., and Symonds, M. E. (1997). Adipose tissue development during early postnatal life in Ewe-reared lambs. Exp. Physiol. 82, 1015–1027. doi:10.1113/expphysiol.1997.sp004077
 Clarke, S. D., Clarke, I. J., Rao, A., Cowley, M. A., and Henry, B. A. (2012). Sex differences in the metabolic effects of testosterone in sheep. Endocrinology 153, 123–131. doi:10.1210/en.2011-1634
 Clegg, D. J., Brown, L. M., Woods, S. C., and Benoit, S. C. (2006). Gonadal hormones determine sensitivity to central leptin and insulin. Diabetes 55, 978–987. doi:10.2337/diabetes.55.04.06.db05-1339
 Cokus, S. J., Feng, S., Zhang, X., Chen, Z., Merriman, B., Haudenschild, C. D., et al. (2008). Shotgun bisulphite sequencing of the Arabidopsis genome reveals DNA methylation patterning. Nature 452, 215–219. doi:10.1038/nature06745
 Dahlman, I., Kaaman, M., Olsson, T., Tan, G. D., Bickerton, A. S. T., Wåhlén, K., et al. (2005). A unique role of monocyte chemoattractant protein 1 among chemokines in adipose tissue of obese subjects. J. Clin. Endocrinol. Metab. 90, 5834–5840. doi:10.1210/jc.2005-0369
 Dankel, S. N., Fadnes, D. J., Stavrum, A. K., Stansberg, C., Holdhus, R., Hoang, T., et al. (2010). Switch from stress response to homeobox transcription factors in adipose tissue after profound fat loss. PLoS One 5, e11033. doi:10.1371/journal.pone.0011033
 de Smet, S., and Vossen, E. (2016). Meat: The balance between nutrition and health. A review. Meat Sci. 120, 145–156. doi:10.1016/j.meatsci.2016.04.008
 Dervishi, E., Joy, M., Alvarez-Rodriguez, J., Serrano, M., and Calvo, J. H. (2012). The forage type (grazing versus hay pasture) fed to ewes and the lamb sex affect fatty acid profile and lipogenic gene expression in the longissimus muscle of suckling lambs. J. Anim. Sci. 90, 54–66. doi:10.2527/jas.2011-4057
 Dilzer, A., and Park, Y. (2012). Implication of conjugated linoleic acid (CLA) in human health. Crit. Rev. Food Sci. Nutr. 52, 488–513. doi:10.1080/10408398.2010.501409
 Dobin, A., Davis, C. A., Schlesinger, F., Drenkow, J., Zaleski, C., Jha, S., et al. (2013). Star: Ultrafast universal RNA-seq aligner. Bioinformatics 29, 15–21. doi:10.1093/bioinformatics/bts635
 Doney, J. M., Smith, A. D. M., Sim, D. A., and Zygoyannis, D. (1984). Milk and herbage intake of suckled and artificially reared lambs at pasture as influenced by lactation pattern. Anim. Sci. 38, 191–199. doi:10.1017/S000335610000218X
 Donninger, H., Schmidt, M. L., Mezzanotte, J., Barnoud, T., and Clark, G. J. (2016). Ras signaling through RASSF proteins. Semin. Cell Dev. Biol. 58, 86–95. doi:10.1016/j.semcdb.2016.06.007
 Ehrlich, M., Gama-Sosa, M. A., Huang, L. H., Midgett, R. M., Kuo, K. C., Mccune, R. A., et al. (1982). Amount and distribution of 5-methylcytosine in human DNA from different types of tissues of cells. Nucleic Acids Res. 10, 2709–2721. doi:10.1093/nar/10.8.2709
 Fan, Y., Liang, Y., Deng, K., Zhang, Z., Zhang, G., Zhang, Y., et al. (2020). Analysis of DNA methylation profiles during sheep skeletal muscle development using whole-genome bisulfite sequencing. BMC Genomics 21, 327. doi:10.1186/s12864-020-6751-5
 Feng, H., Conneely, K. N., and Wu, H. (2014). A Bayesian hierarchical model to detect differentially methylated loci from single nucleotide resolution sequencing data. Nucleic Acids Res. 42, e69. doi:10.1093/nar/gku154
 Fonseca, P. A. S., Suárez-Vega, A., Marras, G., and Cánovas, Á. (2020). Gallo: An R package for genomic annotation and integration of multiple data sources in livestock for positional candidate loci. Gigascience 9, giaa149. doi:10.1093/gigascience/giaa149
 Frey, P. M., Velasco-garcia, M. N., and Mottram, T. (2001). Biocontrol agents in the age of molecular biology biosensors in the livestock industry : An automated ovulation prediction system for dairy cows. Trends Biotechnol. 19, 432–433. doi:10.1016/s0167-7799(01)01770-x
 García-Alonso, V., Titos, E., Alcaraz-Quiles, J., Rius, B., Lopategi, A., López-Vicario, C., et al. (2016). Prostaglandin E2 exerts multiple regulatory actions on human obese adipose tissue remodeling, inflammation, adaptive thermogenesis and lipolysis. PLoS One 11, e0153751. doi:10.1371/journal.pone.0153751
 Gong, P., Jing, Y., Liu, Y., Wang, L., Wu, C., Du, Z., et al. (2021). Whole-genome bisulfite sequencing of abdominal adipose reveals DNA methylation pattern variations in broiler lines divergently selected for fatness. J. Anim. Sci. 99, skaa408. doi:10.1093/jas/skaa408
 Gross, N., Peñagaricano, F., and Khatib, H. (2020). Integration of whole-genome DNA methylation data with RNA sequencing data to identify markers for bull fertility. Anim. Genet. 51, 502–510. doi:10.1111/age.12941
 Guo, B., Godzik, A., and Reed, J. C. (2001). Bcl-G, a novel pro-apoptotic member of the bcl-2 family. J. Biol. Chem. 276, 2780–2785. doi:10.1074/jbc.M005889200
 Guo, W., Fiziev, P., Yan, W., Cokus, S., Sun, X., Zhang, M. Q., et al. (2013). BS-Seeker2: A versatile aligning pipeline for bisulfite sequencing data. BMC Genomics 14, 774. doi:10.1186/1471-2164-14-774
 Hardy, O. T., Perugini, R. A., Nicoloro, S. M., Gallagher-Dorval, K., Puri, V., Straubhaar, J., et al. (2011). Body mass index-independent inflammation in omental adipose tissue associated with insulin resistance in morbid obesity. Surg. Obes. Relat. Dis. 7, 60–67. doi:10.1016/j.soard.2010.05.013
 Hu, Z. L., Park, C. A., and Reecy, J. M. (2019). Building a livestock genetic and genomic information knowledgebase through integrative developments of Animal QTLdb and CorrDB. Nucleic Acids Res. 47, D701. doi:10.1093/nar/gky1084
 Huber, J., Kiefer, F. W., Zeyda, M., Ludvik, B., Silberhumer, G. R., Prager, G., et al. (2008). CC chemokine and CC chemokine receptor profiles in visceral and subcutaneous adipose tissue are altered in human obesity. J. Clin. Endocrinol. Metab. 93, 3215–3221. doi:10.1210/jc.2007-2630
 Ishaq, M., Bandara, N., Morgan, S., Nowell, C., Mehdi, A. M., Lyu, R., et al. (2022). Key signaling networks are dysregulated in patients with the adipose tissue disorder, lipedema. Int. J. Obes. 46, 502–514. doi:10.1038/s41366-021-01002-1
 Kaikaew, K., Grefhorst, A., and Visser, J. A. (2021). Sex differences in Brown adipose tissue function: Sex hormones, glucocorticoids, and their crosstalk. Front. Endocrinol. 12, 652444. doi:10.3389/fendo.2021.652444
 Karahalil, B. (2016). Overview of systems biology and omics technologies. Curr. Med. Chem. 23, 4221–4230. doi:10.2174/0929867323666160926150617
 Keller, M., Hopp, L., Liu, X., Wohland, T., Rohde, K., Cancello, R., et al. (2017). Genome-wide DNA promoter methylation and transcriptome analysis in human adipose tissue unravels novel candidate genes for obesity. Mol. Metab. 6, 86–100. doi:10.1016/j.molmet.2016.11.003
 Krueger, F. (2015). Trim galore!: A wrapper tool around cutadapt and FastQC to consistently apply quality and adapter trimming to FastQ files. United Kingdom: Babraham Institute. 
 Landa, R., Lavín, P., Frutos, P., Mantecón, A. R., and Giráldez, F. J. (2004). “Animal performance and carcass quality of milk-fed Assaf lambs,” in Nutrition and feeding strategies of sheep and goats under harsh climates (Rome, Italy: Food and Agriculture Organization). 
 Langfelder, P., and Horvath, S. (2008). Wgcna: An R package for weighted correlation network analysis. BMC Bioinforma. 9, 559. doi:10.1186/1471-2105-9-559
 Langmead, B., and Salzberg, S. L. (2012). Fast gapped-read alignment with Bowtie 2. Nat. Methods 9, 357–359. doi:10.1038/nmeth.1923
 Lê, K. A., Mahurkar, S., Alderete, T. L., Hasson, R. E., Adam, T. C., Kim, J. S., et al. (2011). Subcutaneous adipose tissue macrophage infiltration is associated with hepatic and visceral fat deposition, hyperinsulinemia, and stimulation of NF-κB stress pathway. Diabetes 60, 2802–2809. doi:10.2337/db10-1263
 Li, B., and Dewey, C. N. (2011). Rsem: Accurate transcript quantification from RNA-Seq data with or without a reference genome. BMC Bioinforma. 12, 323. doi:10.1186/1471-2105-12-323
 Li, H., Handsaker, B., Wysoker, A., Fennell, T., Ruan, J., Homer, N., et al. (2009). The sequence alignment/map format and SAMtools. Bioinformatics 25, 2078–2079. doi:10.1093/bioinformatics/btp352
 Lister, R., O’Malley, R. C., Tonti-Filippini, J., Gregory, B. D., Berry, C. C., Millar, A. H., et al. (2008). Highly integrated single-base resolution maps of the epigenome in arabidopsis. Cell 133, 523–536. doi:10.1016/j.cell.2008.03.029
 Lister, R., Pelizzola, M., Dowen, R. H., Hawkins, R. D., Hon, G., Tonti-Filippini, J., et al. (2009). Human DNA methylomes at base resolution show widespread epigenomic differences. Nature 462, 315–322. doi:10.1038/nature08514
 Lou, S., Lee, H. M., Qin, H., Li, J. W., Gao, Z., Liu, X., et al. (2014). Whole-genome bisulfite sequencing of multiple individuals reveals complementary roles of promoter and gene body methylation in transcriptional regulation. Genome Biol. 15, 408. doi:10.1186/s13059-014-0408-0
 Love, M. I., Huber, W., and Anders, S. (2014). Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol. 15, 550–621. doi:10.1186/s13059-014-0550-8
 Lowell, B. B., S-Susulic, V., Hamann, A., Lawitts, J. A., Himms-Hagen, J., Boyer, B. B., et al. (1993). Development of obesity in transgenic mice after genetic ablation of Brown adipose tissue. Nature 366, 740–742. doi:10.1038/366740a0
 Luo, L., Gribskov, M., and Wang, S. (2022). Bibliometric review of ATAC-Seq and its application in gene expression. Brief. Bioinform. 23, bbac061. doi:10.1093/bib/bbac061
 Maegawa, S., Lu, Y., Tahara, T., Lee, J. T., Madzo, J., Liang, S., et al. (2017). Caloric restriction delays age-related methylation drift. Nat. Commun. 8, 539. doi:10.1038/s41467-017-00607-3
 Mateo, J., Caro, I., Carballo, D. E., Gutiérrez-Méndez, N., Arranz, J. J., and Gutiérrez-Gil, B. (2018). Carcass and meat quality characteristics of Churra and Assaf suckling lambs. Animal 12, 1093–1101. doi:10.1017/S1751731117002270
 Maury, E., Ehala-Aleksejev, K., Guiot, Y., Detry, R., Vandenhooft, A., and Brichard, S. M. (2007). Adipokines oversecreted by omental adipose tissue in human obesity. Am. J. Physiol. Endocrinol. Metab. 293, E656–E665. doi:10.1152/ajpendo.00127.2007
 McInnes, K. J., Corbould, A., Simpson, E. R., and Jones, M. E. (2006). Regulation of adenosine 5′, monophosphate-activated protein kinase and lipogenesis by androgens contributes to visceral obesity in an estrogen-deficient state. Endocrinology 147, 5907–5913. doi:10.1210/en.2006-0879
 Muhlhausler, B. S., Ritorto, V., Schultz, C., Chatterton, B. E., Duffield, J. A., and McMillen, I. C. (2008). Birth weight and gender determine expression of adipogenic, lipogenic and adipokine genes in perirenal adipose tissue in the young adult sheep. Domest. Anim. Endocrinol. 35, 46–57. doi:10.1016/j.domaniend.2008.01.007
 Nie, Z., Chen, S., Deng, S., Long, L., Peng, P., Gao, M., et al. (2018). Gene expression profiling of osteoblasts subjected to dexamethasone-induced apoptosis with/without GSK3β-shRNA. Biochem. Biophys. Res. Commun. 506, 41–47. doi:10.1016/j.bbrc.2018.10.043
 Nielsen, J. (2017). Systems biology of metabolism. Annu. Rev. Biochem. 86, 245–275. doi:10.1146/annurev-biochem-061516-044757
 Okada, A., Yamasaki, S., Koga, T., Kawashiri, S., Tamai, M., Origuchi, T., et al. (2012). Adipogenesis of the mesenchymal stromal cells and bone oedema in rheumatoid arthritis. Clin. Exp. Rheumatol. 30, 332–337.
 Oliver, P., Sánchez, J., Caimari, A., Miralles, O., Picó, C., and Palou, A. (2007). The intake of a high-fat diet triggers higher Brown adipose tissue UCP1 levels in male rats but not in females. Genes Nutr. 2, 125–126. doi:10.1007/s12263-007-0029-2
 Omar, A., Chatterjee, T. K., Tang, Y., Hui, D. Y., and Weintraub, N. L. (2014). Proinflammatory phenotype of perivascular adipocytes. Arterioscler. Thromb. Vasc. Biol. 34, 1631–1636. doi:10.1161/ATVBAHA.114.303030
 Ordoñez, R., Martínez-Calle, N., Agirre, X., and Prosper, F. (2019). DNA methylation of enhancer elements in myeloid neoplasms: Think outside the promoters?Cancers (Basel) 11, E1424. doi:10.3390/cancers11101424
 Osorio, M. T., Zumalacárregui, J. M., Figueira, A., and Mateo, J. (2007). Fatty acid composition in subcutaneous, intermuscular and intramuscular fat deposits of suckling lamb meat: Effect of milk source. Small Ruminant Res. 73, 127–134. doi:10.1016/j.smallrumres.2006.12.005
 Payer, B., and Lee, J. T. (2008). X chromosome dosage compensation: How mammals keep the balance. Annu. Rev. Genet. 42, 733–772. doi:10.1146/annurev.genet.42.110807.091711
 Premont, R. T., and Gainetdinov, R. R. (2007). Physiological roles of G protein-coupled receptor kinases and arrestins. Annu. Rev. Physiol. 69, 511–534. doi:10.1146/annurev.physiol.69.022405.154731
 R Core Team (2021). R: A language and environment for statistical computing. Vienna, Austria: R Foundation for Statistical Computing.
 Ran-Ressler, R. R., Bae, S., Lawrence, P., Wang, D. H., and Thomas Brenna, J. (2014). Branched-chain fatty acid content of foods and estimated intake in the USA. Br. J. Nutr. 112, 565–572. doi:10.1017/S0007114514001081
 Rey, F., Messa, L., Pandini, C., Maghraby, E., Barzaghini, B., Garofalo, M., et al. (2021). Rna-seq characterization of sex-differences in adipose tissue of obesity affected patients: Computational analysis of differentially expressed coding and non-coding rnas. J. Pers. Med. 11, 352. doi:10.3390/jpm11050352
 Rodríguez, A. M., Quevedo-Coli, S., Roca, P., and Palou, A. (2001). Sex-dependent dietary obesity, induction of UCPs, and leptin expression in rat adipose tissues. Obes. Res. 9, 579–588. doi:10.1038/oby.2001.75
 Rodríguez-Cuenca, S., Pujol, E., Justo, R., Frontera, M., Oliver, J., Gianotti, M., et al. (2002). Sex-dependent thermogenesis, differences in mitochondrial morphology and function, and adrenergic response in Brown adipose tissue. J. Biol. Chem. 277, 42958–42963. doi:10.1074/jbc.M207229200
 Rohart, F., Gautier, B., Singh, A., and Lê Cao, K. A. (2017). mixOmics: An R package for ‘omics feature selection and multiple data integration. PLoS Comput. Biol. 13, e1005752. doi:10.1371/journal.pcbi.1005752
 Rosales Nieto, C. A., Ferguson, M. B., Briegel, J. R., Hedger, M. P., Martin, G. B., and Thompson, A. N. (2019). Pre-pubertal growth, muscle and fat accumulation in male and female sheep—relationships with metabolic hormone concentrations, timing of puberty and reproductive outcomes. Reproduction Domest. Animals 54, 1596–1603. doi:10.1111/rda.13568
 Saely, C. H., Geiger, K., and Drexel, H. (2011). Brown versus white adipose tissue: A mini-review. Gerontology 58, 15–23. doi:10.1159/000321319
 Sañudo, C., Alfonso, M., San Julián, R., Thorkelsson, G., Valdimarsdottir, T., and Zygoyiannis, D. (2007). Regional variation in the hedonic evaluation of lamb meat from diverse production systems by consumers in six European countries. Meat Sci 75. doi:10.1016/j.meatsci.2006.09.009
 Sato, H., Taketomi, Y., Ushida, A., Isogai, Y., Kojima, T., Hirabayashi, T., et al. (2014). The adipocyte-inducible secreted phospholipases PLA2G5 and PLA2G2E play distinct roles in obesity. Cell Metab. 20, 119–132. doi:10.1016/j.cmet.2014.05.002
 Seo, M., Caetano-Anolles, K., Rodriguez-Zas, S., Ka, S., Jeong, J. Y., Park, S., et al. (2016). Comprehensive identification of sexually dimorphic genes in diverse cattle tissues using RNA-seq. BMC Genomics 17, 81. doi:10.1186/s12864-016-2400-4
 Shinozaki, S., Chiba, T., Kokame, K., Miyata, T., Ai, M., Kawakami, A., et al. (2007). Site-specific effect of estradiol on gene expression in the adipose tissue of ob/ob mice. Hormone Metabolic Res. 39, 192–196. doi:10.1055/s-2007-970417
 Smith, J. A., Zhao, W., Wang, X., Ratliff, S. M., Mukherjee, B., Kardia, S. L. R., et al. (2017). Neighborhood characteristics influence DNA methylation of genes involved in stress response and inflammation: The Multi-Ethnic Study of Atherosclerosis. Epigenetics 12, 662–673. doi:10.1080/15592294.2017.1341026
 Suárez-Vega, A., Arranz, J. J., Pérez, V., de la Fuente, L. F., Mateo, J., Gutiérrez-Gil, B., et al. (2018). Early adipose deposits in sheep: Comparative analysis of the perirenal fat transcriptome of Assaf and churra suckling lambs. Anim. Genet. 49, 605–617. doi:10.1111/age.12725
 Suzuki, M. M., and Bird, A. (2008). DNA methylation landscapes: Provocative insights from epigenomics. Nat. Rev. Genet. 9, 465–476. doi:10.1038/nrg2341
 Tchkonia, T., Lenburg, M., Thomou, T., Giorgadze, N., Frampton, G., Pirtskhalava, T., et al. (2007). Identification of depot-specific human fat cell progenitors through distinct expression profiles and developmental gene patterns. Am. J. Physiol. Endocrinol. Metab. 292, E298–E307. doi:10.1152/ajpendo.00202.2006
 Tilg, H., and Moschen, A. R. (2006). Adipocytokines: Mediators linking adipose tissue, inflammation and immunity. Nat. Rev. Immunol. 6, 772–783. doi:10.1038/nri1937
 Vargas Junior, F. M., Martins, C. F., Feijó, G. L. D., Teixeira, A., Leonardo, A. P., Ricardo, H. de A., et al. (2019). Evaluation of genotype on fatty acid profile and sensory of meat of indigenous Pantaneiro sheep and Texel or Santa Inês crossbred finished on feedlot. Small Ruminant Res. 173, 17–22. doi:10.1016/j.smallrumres.2019.02.003
 Velasco, S., Lauzurica, S., Caneque, V., Pérez, C., Huidobro, F., Manzanares, C., et al. (2000). Carcass and meat quality of Talaverana breed sucking lambs in relation to gender and slaughter weight. Anim. Sci. 70, 253–263. doi:10.1017/S1357729800054710
 Vielma, S. A., Klein, R. L., Levingston, C. A., and Young, M. R. I. (2013). Adipocytes as immune regulatory cells. Int. Immunopharmacol. 16, 224–231. doi:10.1016/j.intimp.2013.04.002
 Villarroya, F., Cereijo, R., Villarroya, J., and Giralt, M. (2017). Brown adipose tissue as a secretory organ. Nat. Rev. Endocrinol. 13, 26–35. doi:10.1038/nrendo.2016.136
 Wang, Z., Ma, H., Xu, L., Zhu, B., Liu, Y., Bordbar, F., et al. (2019). Genome-wide scan identifies selection signatures in Chinese wagyu cattle using a high-density SNP array. Animals. 9, E296. doi:10.3390/ani9060296
 Wu, C., Fang, S., Zhang, H., Li, X., Du, Y., Zhang, Y., et al. (2022). Long noncoding RNA XIST regulates Brown preadipocytes differentiation and combats high-fat diet induced obesity by targeting C/EBPα. Mol. Med. 28, 6. doi:10.1186/s10020-022-00434-3
 Wu, C., Zhang, H., Zhang, J., Zhang, H., Zeng, Y., Fang, S., et al. (2019). Increased oxidative stress, inflammation and fibrosis in perirenal adipose tissue of patients with cortisol-producing adenoma. Adipocyte 8, 347–356. doi:10.1080/21623945.2019.1690834
 Wu, H., Coskun, V., Tao, J., Xie, W., Ge, W., Yoshikawa, K., et al. (2010). Dnmt3a-dependent nonpromoter DNA methylation facilitates transcription of neurogenic genes. Science(1979) 329, 444–448. doi:10.1126/science.1190485
 Wueest, S., and Konrad, D. (2018). The role of adipocyte-specific IL-6-type cytokine signaling in FFA and leptin release. Adipocyte 7, 226–228. doi:10.1080/21623945.2018.1493901
 Yang, C., Ye, J., Li, X., Gao, X., Zhang, K., Luo, L., et al. (2016). DNA methylation patterns in the hypothalamus of female pubertal goats. PLoS One 11, e0165327. doi:10.1371/journal.pone.0165327
 Yu, G., Wang, L. G., Han, Y., and He, Q. Y. (2012). ClusterProfiler: An R package for comparing biological themes among gene clusters. OMICS 16, 284–287. doi:10.1089/omi.2011.0118
 Zhang, X., Yap, Y., Wei, D., Chen, G., and Chen, F. (2008). Novel omics technologies in nutrition research. Biotechnol. Adv. 26, 169–176. doi:10.1016/j.biotechadv.2007.11.002
 Zhang, Z., Chen, Z., Diao, S., Ye, S. P., Wang, J. y., Gao, N., et al. (2021). Identifying the complex genetic architecture of growth and fatness traits in a Duroc pig population. J. Integr. Agric. 20, 1607–1614. doi:10.1016/S2095-3119(20)63264-6
 Zygoyiannis, D., Kufidis, D., Katsaounis, N., and Phillips, P. (1992). Fatty acid composition of carcass fat of indigenous (Capra prisca) suckled Greek kids and milk of their does. Small Ruminant Res. 8, 83–95. doi:10.1016/0921-4488(92)90010-2
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Fonseca, Alonso-García, Pelayo, Marina, Esteban-Blanco, Mateo, Gutiérrez-Gil, Arranz and Suárez-Vega. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-13-1035063-g005.gif





OPS/images/fgene-13-1035063-g006.gif





OPS/images/fgene-13-1035063-g003.gif
cccccccccccccccccccccccccccccc

*" il esl
IS





OPS/images/fgene-13-1035063-g004.gif
Dl

0.98

8
Top 20 oading values for mean methyaton vatues
ithin DVIRs

seected genes

Top 20 loding values for
P

 expresion alues

S ——
==

m.,.{w —_.E ks g





OPS/images/fgene-13-1035063-t003.jpg
Gene

COLG6AG

BUBI

SKAL

LOCI21819057

LOCI01113771

LOC114113921

LOCI105605978

PLA2G5

BCL2L14

CLEC2D

VSTMS5

BFSP2

LOC101107700

BUBI

LOC114111438

EMX2

ARG2
LOCI101120997

RASSF5

LOC114112700

LOC114112008"

LOCI21818175

LOCI21818524

Description

Collagen type VI
alpha 6 chain

BUBI mitotic
checkpoint serine/
threonine kinase

Spindle and
kinetochore
associated complex
subunit 1

Uncharacterized
LOCI21819057

C-C motif
chemokine 3-like

KATNBI-like
protein 1

Tumor necrosis
factor receptor
superfamily
member 26-like

Phospholipase
A2 group V

BCL2 like 14

Cetype lectin
domain family 2-
member D

V-set and
transmembrane
domain
containing 5

Beaded filament
structural protein 2

Uncharacterized
protein Corf19-
like

BUBI mitotic
checkpoint Serine/
threonine kinase

Uncharacterized
LOC114111438

Empty spiracles
homeobox 2

Arginase 2

Anaphase-
promoting
complex subunit
15-like

Ras association
domain family
member 5

Translation
initiation factor IF-
2-like

Liprin-alpha-1-like

Small integral
membrane protein
13-like

Collagen alpha-
1(1) chain-like

Module
WGCNA*

Cyan-Female

Cyan-Female

Cyan-Female

Cyan-Female
Lightcoral-

Female

Lightcoral-
Female

Palevioletred2-
Female

Brown4-Male

Darkorange-
Male

Darkorange-
Male

Darkorange-
Male

Lightblued-
Male

Lightblued-
Male

Lightslateblue-
Male

Lightslateblue-
Male

Skyblued-Male

Skyblued-Male
Skyblued-Male

Corall-Male

Magenta-Male

Orangered1-
Male

Orangered1-
Male

Lightpinkd-
Male

log,(FC)*

~1134

~1.185

-1.182

1.147

1235

1.004

-1236

~1.064

-1227

1.403

-1.130

-1522

1.549

~1.185

-1.021

-1.021

1428
1167

1.085

1.008

-2.420

-1217

L115

DMR coordinate

1:
272857035-272858265
3
104905951-104906039
3
104906340-104906756

23
50315601-50315664

379227975-79228136
379164130-79164185

1
13965372-13965500

3:53093129-53093208
3:53428831-53431256
3:53749953-53750047
3:53914562-53914855
3:53536355-53536428
3:53263175-53263232
3:53338513-53338574

21
44932535-44932634

2
246336958-246337395
2
246357555-246357847
3
203381087-203381150
3
203398094-203398169
3
203402162-203402245
3
203370171-203370245
3
206065407-206065635
3
206089993-206090043
21:561263-561315

21:472974-473091

L
256647462-256647584
1:
256784172-256784621
1:
256737014-256737067

23
40021734-40021852

23
40128687-40129173

23
40143977-40144111

164905951 ~104906039
3

104906340-104906756
X:99973590-99973672
X:99975373-99975613

22:
37376592-37376681

22
37386811-37386967

22:
37429072-37429186

7:77567672-77567760

3
110380188.110380337
3
110440297.110440384
3
110442593.110442698
12:
44932535-44932634
12:
44932535-44932634

2
250131883-250132043
2
250132404-250132465
2
250139818-250139925
2
250148659-250148782
2
250139850-250140333
%
250139994-250140087
2

250149933-250150397
24:206621-206706
24:163454-163594
24:81541-81684
24:81740-81805
24:154547-155044
X:79759026-79759116
X:79759026-79759116

2
250122227-250122458

Mean
female
methylation
0511

0203

0413

0712

0.086
0.560
0504

0.764
0423
0.908
0.802
0.179
0.227
0270
0.140

0528
0811
0.906
0.152
0225
0254
0351
0.149

0.245
0.396

0.248
0.932
0226
0575
0.609
0.206
0.203
0413

0.720
0.053
0374

0797
0.942

0.172
0.695

0.841
0710
0.141
0.110
0.067
0.082
0.047
0.075
0.046
0.047
0225

0462
0.676
0.100
0.095
0.112
0.101
0.101

0.062

Mean

male
methylation
0934

0068

0.076

0.172

0230
0.340
0.895

0.905
0526
0328
0575
0527
0.081
0.102
0.080

0.909
0.484
0.653
0.631
0715
0.100
0.642
0.086

0.094
0.175

0452
0.490
0.083
0338
0.889
0.081
0.068
0.076

0.830
0.092
0.826

0417
0795

0.077
0.295

0547
0.930
0.321
0.069
0.050
0.061
0.029
0.058
0.031
0.030
0.140

0.701
0.807
0.052
0.050
0.068
0516
0516

0.047

Nucleotide

context

G

CG

G

CHH

CHH
CG
CG

CG
CG

CG

CHH
CHH
CHH
CHG

G

CG

CG

CG

CHH

CG

CHH

CHH
G

CG

G

CHG

G

CG

CHH

CHG
G

CG

G

CHH
CHG

CG

CG

CG

CHH

CHG

CHG

CHG

CHH

CHH

CHG

CHH

CG

CG

CHG
CHG
CHH
CHH
CHH

CHG

Genomic

context

Intron

Promoter

Promoter

Intron

Intergenic
Intergenic

Intron

Intergenic
Intergenic
Intergenic
Intergenic
Intergenic
Intergenic
Intergenic

Intron

Intergenic

Intron

Intergenic

Intron

Intron

Intergenic

Intergenic

Intron

Intron

Intergenic

Intron

Intron

Intron

Intergenic

Intergenic

Intergenic

Promoter

Promoter

Exon
Exon

Intergenic

Intergenic

Intergenic

Intron

Intergenic

Intergenic

Intergenic

Intergenic

Intron

Promoter/
Exon

Promoter/
Exon

Intergenic

Intergenic

Intergenic

Intergenic

Intergenic

Exon/Intron
Intergenic
Intergenic
Intergenic
Intergenic
Intergenic

Intergenic

Intergenic

‘Only the top five DMRs, with the highest absolute methylation mean between males and females are shown for the gene LOCI14112008, as 74 DMRs, were annotated within the
coopdinates of this eae.





OPS/images/fgene-13-1035063-t001.jpg
Gene CHR log,(FC) MlcSE p-value FDR

LOCI01112291 X 14.754 0872 330 x 10 586 x 10
GPR143 X -3.280 0.567 734x10° 653 x 10
CDH20 23 -6914 1495 378 x10° 224 x 107
LOCI21817091 18 ~4.006 0906 979 x 10° 435 x 107

CHR, chromosome; FC, fold change; IfcSE, log2(fold-change) standard error; FDR, false
discoien Tate:





OPS/images/fgene-13-1035063-t002.jpg
DMR
coordinates

X:66088104-66090171
X:483776-483832

23:
60160365-60160625
23:
60216480-60216888

Gene

LOC101112291
GPRI43
CDH20

CDH20

Length
(bp)

2068
57
261

409

Number
of
methylated C

11
10

Mean
methylation in
females

0367
0.076
0.846

0611

Mean
methylation in
males

0.934
0253
0528

0.821

Context

Genomic
context

Exon/Intron
Intron

Intergenic

Intron

DO Mol Tt Tt Tk T el





OPS/xhtml/nav.xhtml
Contents

		Cover

		Integrated analyses of the methylome and transcriptome to unravel sex differences in the perirenal fat from suckling lambs		Introduction

		Materials and methods		Ethics statement

		Samples

		RNA extraction and RNA-sequencing analysis

		RNA-sequencing quality control, mapping and quantification

		Differentially expressed gene analysis and weighted gene correlation network analysis

		DNA extraction and whole-genome bisulfite sequencing analysis

		Methylation calling and differentially methylated region identification

		Integrating multiomics using multiblock (s)PLS-DA to predict male and female samples

		Identification of candidate differentially coexpressed gene modules correlated with percentage of fat in different fat deposits

		QTL overlapping and gene ontology analysis





		Results		Phenotypic comparison between male and female samples

		Differentially expressed genes between males and females

		Differentially coexpressed modules of genes between males and females

		Differential methylated regions between males and females

		Discriminant analysis between males and females by multi-Omics integration

		Candidate DcoExp module of genes between males and females potentially associated with production traits





		Discussion		Differential gene expression analysis

		Discriminant analysis between male and female samples using expression profiles and DMRs

		Differentially coexpressed gene modules between male and female samples significantly correlated with the percentage of fat in different fat deposits





		Conclusion

		Data availability statement

		Author contributions

		Funding

		Publisher’s note

		Supplementary material

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-13-1035063-g001.gif





OPS/images/fgene-13-1035063-g002.gif





OPS/images/fgene-13-1035063-t004.jpg
Module

Brown4-Male

Darkorange-
Male

Lightblued-Male

Lightslateblue-
Male

Skyblued-Male

Orangered1-
Male

Cyan-Female

Lightcoral-
Female

Palevioletred2-
Female

Gene
ontology*

cc
BP
cc
cc

MF

MF
MF
cC
ME
cC
cc
cc
MF

MF
MF
MF
MF
MF

MF
MF

ME
MF
cc

cc

BP
cc
MF

ME

cC
cc
cc
cc
cc
BP

MF

BP

BP

BP

BP
BP
BP
BP
BP
BP

BP

BP

BP

cc
cc
MF
BP
BP
BP
BP
MF
MF
MF
BP
cc
cc
cc
MF

MF
MF
MF
MF
ME
MF

Description

1SGF3 Complex

Response to Virus

HOPS Complex

Spindle Pole

Adenylylsulfate Kinase Activity

Sulfate Adenylyltransferase Activity

Sulfate Adenylyltransferase (ATP) Activity
2-Acylglycerol-3-Phosphate O-Acyltransferase Activity
Neml1-Spo7 Phosphatase Complex

Serine Transmembrane Transporter Activity
Mitochondrial Inner Membrane

Mitochondrial Matrix

TIM22 Mitochondrial Import Inner Membrane Insertion
Complex

Pseudouridine Synthase Activity

Nuclear Steroid Receptor Activity

Intramolecular Transferase Activity

Protein Transporter Activity
N-Acetylglucosamine-6-Phosphate Deacetylase Activity

Cob(lyrinic Acid ac-Diamide Adenosyltransferase
Activity

Né-Isopentenyladenosine Methylthiotransferase Activity

3'-5'-Exoribonuclease Activity

Exoribonuclease Activity, Producing 5'-
Phosphomonoesters

Exoribonuclease Activity

Cytoplasmic Exosome (Rnase Complex)

Exosome (Rnase Complex)

Exoribonuclease Complex
Polyadenylation-Dependent RNA Catabolic Process

Specific Granule

3'-5' Exonuclease Activity

Exonuclease Activity, Active with Either Ribo- Or
Deoxyribonucleic Acids and Producing 5'-
Phosphomonoesters

Cytosolic Ribosome

Cytosolic Large Ribosomal Subunit
Ribosomal Subunit

Ribosome

Large Ribosomal Subunit
Cytoplasmic Translation

Structural Constituent of Ribosome

Response to insulin

Cellular response to insulin stimulus

Response to peptide hormone

Response to peptide

Cellular response to peptide
Cellular response to peptide hormone stimulus
Hexose metabolic process

Base-excision repair, gap-filling
Monosaccharide metabolic process

Regulation of fatty acid metabolic process

Chromosome Segregation

Nuclear Division

Organelle Fission

Condensed Chromosome

Chromosomal Region

NADPH Dehydrogenase (Quinone) Activity
Nuclear Chromosome Segregation

Regulation of Cell Cycle Phase Transition

Meiotic Chromosome Segregation

Chromosome Separation

Type 1 Transforming Growth Factor Beta Receptor
Binding

Transcription Regulator Inhibitor Activity
Transforming Growth Factor Beta Receptor Binding
Cardiac Septum Morphogenesis

Heteromeric SMAD Protein Complex

SMAD Protein Complex

Postsynaptic Cytoskeleton

Adrenergic Receptor Activity

delta24 (24-1) sterol reductase activity
UDP-N-acetylglucosamine 4-epimerase activity
UDP-glucose 4-epimerase activity
Arylformamidase activity

Mevalonate kinase activity

delta24-sterol reductase activity

p-value

681 x
10

147 x
10

470 x
1079

5.65 x
10

174 x
10

174 x
109

174 x
10

1.82 x
10

1.56 x
10

359 x
10

9.84 x
10

6.94 %
107

9.81 x
10

390 x
10

0.001
0.001
0.002
0.002
0.002

0.002

8.19 x
1005

L4 x
10

139 x
10

742 x
10

244 x
100

2.86 x
109

145 x
10%

645 x
10

449 x
107

6.30 x
1004

232
109

436 x
107

971 x
10

4.90 x
10

107 x
107

291 x
105

1.89 x
1095

118 x
107

135 x
107

141 x
107%

1.04 x
10

2.06 x
1005

250 x
100

419 x
100

4.94 x
10

7.13 x
10

125 x
109

446 x
10

537 x

143 x
10

287 x
105

382 x
109

1.26 x
10

8.94 x
107

177 x
10

252 %
107

265 x
1005

859 x
10

921 x
109

138 x
100

120 x
10

453 x
100

581 x
10

581 x
10

625 x
10

0.0021
0.0021
0.0021
0.0021
0.0021
0.0021

FDR

0014

0.026

0.048

0022

0.027

0.027

0.027

0.027

0.031

0.042

0.001

0.003

0.003

0.048

0.048
0.048
0.048
0.048
0.048

0.048
0.021

0.021

0.021

0.021

0.027

0.027

0.038

0.046

0.049

0.049

492 x
10

4.00 x
100

6.86 x
100

0.002

0.004

0.004

0.005

227 x
109

9.023 x
1004

9.023 x
100

497 x
1004

7.8 x
100

0.008

0011

0011

0015

0023

7.00 x
100

421 x
109

750 x
100

298 x
100

298 x
100

327 x
10

350 x
10

552 x
109

552 x
10°0%

552 x
1004

268 x
109
0014
0014
0.022
0.040
0.040
0.040

0.048

0.0490
0.0490
0.0490
0.0490
0.0490
0.0490

Gene symbol

STATI, STAT2

CCDC92, HYALL, IFI44, IFIT2, TRIMS,
RNA! SAMHDI, STATI, STAT2,

VPSIS, VPS33B

BIRC6, CEP128, CUL3, DYNCILII, GPSM2,
CALMI, NDEI, NIN, SPDLI, TOPBP1

PAPSS1, PAPSS2

PAPSS1, PAPSS2

PAPSS1, PAPSS2

LPCAT2, LPCAT4, LPGATI

CNEPIRI, CTDNEPI

SEXNI, SFXN3, SLC38A2

DNAJC30, ATAD3A, CYCI, SLC25A12,
TIMM22, TIMM29, TIMMDCI, TMEM186

ATAD3A, METTLI7, MMAB, PARS2,
SDHAF2, TFB2M, TRUB2

TIMM22, TIMM29

RPUSD2, TRUB2

GPERI, PGR
RPUSD2, TRUB2
TIMM22, TIMM29
AMDHD2

MMAB

CDK5RAPI
EXOSC3, EXOSC7, NOCT, PNPT1

EXOSC3, EXOSC7, NOCT, PNPT1

EXOSC3, EXOSC7, NOCT, PNPT1

EXOSC3, EXOSC7, PNPT1

EXOSC3, EXOSC7, PNPT1

EXOSC3, EXOSC7, PNPT1

EXOSC3, EXOSC7, PNPT1

HPSE, VAMPS, BST1, PTPNG, SLC2A5,
VAMPI

EXOSC3, EXOSC7, NOCT, PNPT1

EXOSC3, EXOSC7, NOCT, PNPT1

RPLI3, RPS3A, RPL36A, RPSI5A, RPL35A,
RPL6, RPL37A

RPLI3, RPL36A, RPL35A, RPLG, RPL37A

RPLI3, RPS3A, RPL36A, RPSI5A, RPL35A,
RPL6, RPL37A

RPLI3, RPS3A, RPL36A, RPSI5A, RPL35A,
RPL6, RPL37A

RPLI3, RPL36A, RPL35A, RPL6, RPL37A

RPL13, RPS3A, RPL36A, RPSI5A, RPL35A,
RPL6, RPL37A

RPLI3, RPS3A, RPL36A, RPSI5A, RPL35A,
RPL6, RPL37A

AKT2, CPEB2, CRY2, GHSR, KLFI15,
SLC2A4, SORBSI, SREBFI, TRIB3, VWA2,
WDTCI

AKT2, CPEB2, GHSR, SLC2A4, SORBSI,
SREBFI, TRIB3, VWA2, WDTCI

AKT2, CPEB2, CRY2, GHSR, KLF15, LTA4H,
SLC2A4, SORBSI, SREBFI, TRIB3, VWA2,
WDITCI

AKT2, CPEB2, CRY2, GHSR, KLF15, LTA4H,
SLC2A4, SORBSI, SREBFI, TRIB3, VWA2,
WDTCI

AKT2, CPEB2, GHSR, KLFI5, SLC2A4,
SORBS1, SREBF1, TRIB3, VWA2, WDTCI

AKT2, CPEB2, GHSR, SLC2A4, SORBSI,
SREBFI, TRIB3, VWA2, WDTCI

AKT2, DCXR, OMAI, PFKFB3, PFKFB4,
PPPIR3B, SORBSI, WDTCI

LIGI, PARG, POLE

AKT2, DCXR, OMAI, PFKFB3, PFKFB4,
PPPIR3B, SORBSI, WDTCI

AKT2, GHSR, SREBF1, TRIB3, WDTCI

BRIP1, BUBI, CCNE1, CENPW, DLGAPS,
UBE2I, MEIOB, PRCI, SKAL, TOP2A,
UBE2C

BRIP1, BUBI, CCNEI, DLGAPS, KIF11,
UBE2I, MEIOB, PRCI, TDRD9, TOP2A,
UBE2C

BRIP1, BUBI, CCNEI, DLGAPS, KIF11,
UBE2, MEIOB, PRCI, TDRD9, TOP2A,
UBE2C

BUBI, CENPW, HMGB2, UBE2I, SETMAR,
SKAI, TOP2A

BUBI, CDK1, CENPW, ORCI, RPAI, SKAI,
TOP2A, ZNF827

CBR4, NQO 1

BRIP1, BUBI, CCNEI, DLGAP5, MEIOB,
PRCI, TOP2A, UBE2C

BRIP1, BUBI, CDKI, CDKN2C, DLGAPS,

MDM2, ORCI, SETMAR, UBE2C

BRIP1, BUBI, CCNEI, MEIOB, TOP2A

BUBI, DLGAP5, MEIOB, TOP2A, UBE2C

ENG, SMAD6, SMAD7

MDFI, SMAD6, SMAD7

ENG, SMAD6, SMAD7

ENG, MSX2, SMAD6, SMAD7, TBX3

SMAD6, SMAD7

SMADG, SMAD7

ACTB, SPTBN2

ADRA2B, ADRB1

DHCR24
GALE
GALE
AFMID
MVK
DHCR24









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





